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State-of-the-art, high-resolution mass spectrometry techniques for acquisition of
metabolomic and lipidomic data coupled with advanced computational methods
provide new opportunities for interpreting large and complex datasets and
comprehending the underlying biological processes of diseases. Both metabolomics
and lipidomics strive to obtain comprehensive analyses of small molecules, i.e.,
metabolites and lipids, in complex biological samples with the goal to identify
biomolecular signatures of distinct phenotypes, thus provide potential insights into
perturbed pathways and physiological processes and ultimately stages of diseases.
This dissertation comprises research studies that collectively describe the
development and application of novel mass spectrometry-based metabolomics and
lipidomics pipelines for the detection and identification of molecular signatures of
perturbations/disease in biological samples. High-resolution mass spectrometry (MS)
in combination with ultra-performance liquid chromatography (UPLC), traveling
wave ion mobility spectrometry (TWIMS), and computational tools were deployed to

facilitate the development of robust and high-throughput analytical approaches. The
developed techniques were utilized for the untargeted lipidomic/metabolomic
profiling of biological samples derived murine 3T3-L1 cells, mouse hippocampus,
and serum of cows.

First, Chapter three describes comparative untargeted lipidomic profiling study of the
hippocampus of mice 24hr post total body low-dose irradiation exposure (X-ray, 1
gray) with the goal to identify molecular signatures that reflect on possible
perturbation of lipid metabolism. For this purpose, a workflow was developed that
combined UPLC with ion mobility data independent analysis (IMS-MSE). Overall,
this chapter demonstrates that IMS-MSE enables enhanced separation of isomeric and
co-eluting lipids as well as provides cleaner structural information of selected lipid
ions, a prerequisite for the analysis of complex lipidomes. Specifically, this study
highlights the advantages of IMS-MSE for the in-depth characterization of ether
phospholipids known as plasmalogens.

Then, Chapters four and five describe the detection and characterization of biosignatures for two devastating diseases in transition dairy cows, namely clinical
mastitis and retained placenta. A comprehensive workflow using UPLC-MS in
conjunction with bioinformatics strategies was developed to enable high-throughput
analysis of serum samples of transition dairy cows. Our ultimate goal is to detect and
characterize discriminant metabolite and lipid species that have the potential of being

exploited as biomarkers for diagnosing clinical mastitis and retained placenta in
transition dairy cows before the onset of disease during close-up period.

Chapter six describes the initial efforts of developing a workflow that combines stable
isotope tracer mass spectrometry with untargeted lipidomics for studying temporal
lipidome changes that occur during adipocyte differentiation. Deuterium labeling in
conjunction with UPLC-MS was used for determining de novo lipogenesis using 3T3L1 cells, as a well-established cellular model of adipocyte differentiation. These
studies attempt to highlight the utility of stable isotope tracer mass spectrometry to
delineate changes in cellular metabolism that are not solely detectable by timeresolved metabolite/lipid measurements.

To conclude, Chapter seven summarizes and highlights contributions of the studies
described and, more broadly, attempts to provide perspectives on directions for mass
spectrometry-enabled omics technologies for detection and identification of
biomolecular signatures in disease research.
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Chapter 1

Introduction

2

The eventual intent of systems biology is to comprehensively model the physiological
systems, pathological processes and diseases in large-scale, despite complex
molecular compositions and interdependencies in living organisms1,2. In the past
decade, the revolution of “omics” approaches led us towards holistic insight of
biological systems. The “omics” technologies refer to a large family of technics
including: genomics, transcriptomics, proteomics, metabolomics, and lipidomics3.
These methods are used in large datasets ranging from gene sequences and
expressions to proteins, metabolites, and lipid patterns. Genomics (DNAs) and
transcriptomics (mRNAs) are utilized for assessing the “blueprint”, while proteomics
(proteins) is used for measuring accomplishment of the “orders”. Finally,
metabolomics and lipidomics (metabolites/lipids) are employed for evaluating the
“true real-time” processes. Considering environmental stresses, metabolites reflect the
functional level of a biological system (e.g. cell, tissue, body fluid, organism)4.
Metabolites and lipids as downstream products provide an integrated and direct
insight into the state of a system’s biology namely the phenotype. The analysis of
metabolites and lipids are the primary focus of research described in this dissertation.
The impressive progress of “omics” technologies has been supported by rapid
advances in bioinformatics, statistical tools and high throughput analytical platforms
enabling monitoring of thousands of molecules and simultaneous creation of immense
amounts of information. By putting the pieces of the puzzle next to each other, we
can create a coherent map of regulatory processes and pathways to answer
fundamentally tough questions. In particular, we will increase our understanding of
underlying biological mechanisms that are directly relevant to many fields and
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research areas. The variability in chemical identity and abundances of the
metabolome requires the use of multiple analytical platforms allowing parallel
measurement of a broad spectrum of chemically highly diverse compounds.

1.1

Metabolomics

Metabolomics is the comprehensive study and analysis of small molecules, or
metabolites, in a biological system5. The collection of metabolites in a system is
named metabolome, which covers a broad range of small molecules including amino
acids, organic acids, lipids, nucleic acids, carbohydrates, amines, steroids, vitamins,
etc4. Studying and analyzing these metabolites can lead to the discovery of
biomarkers which are measurable biological characteristics that can be used to
diagnose, monitor, or predict the risk of diseases. Metabolomics can also provide new
insights into the biochemical mechanisms of diseases and perturbations of
metabolism6,7. The chemical variability and various ranges of concentrations of the
metabolites and lipids require the use of advanced analytical techniques allowing
simultaneous measurement of chemically diverse metabolites.

1.2

Lipidomics

The entire collection of chemically distinct lipid species in a biological system is
defined as the lipidome. Lipids are a unique class of biomolecules mediating various
structural and functional activities in cellular compartments to maintain homeostasis.
As the structural components of cell membranes, they affect the fluidity, curvature
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and membrane interactions. Moreover, lipids are involved in energy storage and
transport as well as in cell communication and signaling8–10. Hence, perturbations in
lipid metabolism and their synthesis are associated with the pathogenesis of metabolic
disorders, cardiovascular diseases, cancer, and inflammation11–15.
To better understand the mechanisms of pathogenesis of a disease, a comprehensive
study of lipids and its metabolism is needed in the context of lipidomics8,10.
Lipidomics as a branch of metabolomics is the study of the structure and abundances
of the complete set of lipids (the lipidome) produced in a given cell or organism as
well as their interactions with other lipids, proteins and metabolites16. Moreover,
lipidomics provides global analysis of lipid profiles for identification of a subset of
lipid species in biological samples that can be used as risk, exposure, or response
indicators for prevention, early detection, and treatment of diseases10. Advances in
high resolution and sensitive mass spectrometry instrumentation and computational
methods have been greatly enhanced in depth detection of various lipid classes,
subclasses, and individual molecular species of lipids in biological systems16.
The lipid species structurally are composed of a glycerol backbone with different
polar head groups and various aliphatic chains differentially connected to the head
groups. These functional backbone structures are the foundations of the most widely
used lipids classification system including eight categories; fatty acyls, glycerolipids,
glycerophospholipids, sphingolipids, sterol lipids, prenol lipids, saccharolipids, and
polyketides17,18. The eight categories of lipids with their representative chemical
structures are shown in Figure 1.1. The aliphatic chains are varied with different
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lengths (i.e., different numbers of carbon atoms), various degrees of unsaturation,
different locations of double bonds, potential branches, etc.

Fatty acyls

Sphingolipids

Glycerolipids

Saccharolipids

Glycerophospholipids

Prenol lipids

Sterol lipids

Polyketides

Figure 1.1 Lipid categories along with examples of main classes

1.3

Analytical Technologies

Due to the chemical complexity and diversity of metabolites, advanced and highthroughput analytical platforms have been involved as the main step in the analyses
and measurements of the metabolites and lipid classes. There are two common
approaches to analyze metabolites and lipids including targeted analysis and untargeted analysis. The targeted analysis is based on the quantification and validation
of one or a set of well-defined metabolites or lipids in the known pathways19,20. In
contrast, the un-targeted analysis, or discovery-based approach, aims to identify and
quantify all possible metabolites present in given samples concurrently without prior

6

knowledge7. The main advantage of untargeted analysis is that it is an unbiased
approach which may provide new discoveries in the cellular pathways linking to the
biological mechanism7,19. There are several analytical platforms that have been
utilized for untargeted metabolomics and lipidomics analyses, mainly nuclear
magnetic resonance (NMR) spectroscopy and mass spectrometry (MS) in
combination with separation techniques including gas chromatography (GC)-MS,
liquid chromatography (LC)-MS, and capillary electrophoresis, ion mobility
spectrometry (IMS) or using direct flow injection21.
MS has high selectivity and sensitivity for the identification, quantification, and
structural elucidation of several hundreds of metabolites in single measurements, the
performance of MS can be enhanced by coupling with pre-separation techniques such
as GC or LC and/or IMS as a post-separation tool, which can aid in reducing the
complexity of metabolites’ separation.
NMR is a widely used method in both metabolomics and lipidomics profiling and
metabolic flux analysis because of its robustness, repeatability as well as providing
detailed structural information of the compounds19. NMR spectroscopy facilitates the
analysis of a wide range of metabolites and lipids in the micro-molar range.
Moreover, it is a non-destructive method so samples can be recovered for further
analysis19. The main limitation of NMR is its relatively low sensitivity when
compared to MS especially for the detection of low-abundant metabolites in the
complex mixtures22.

7

GC-MS analysis provides better metabolite separation than LC by minimizing ion
suppression events, but the compounds should be thermally stable. GC is only
applicable for volatile organic compounds and also requires chemical derivatization
of the metabolites prior to analysis21. Capillary electrophoresis (CE)-MS has been
applied for the analysis of charged polar metabolites23. LC-MS, particularly UPLC
(ultra-performance liquid chromatography)-MS has become the most widely used
analytical platform for detection and characterization of a broad range of metabolites
in complex biological samples with no need for chemical modification. Moreover, the
coupling of IMS separations with LC-MS provides enhanced peak capacity, and the
opportunities to separate isobaric and co-eluting precursors24,25.
Recent advances in MS imaging (MSI) technologies such as matrix-assisted laser
desorption ionization (MALDI) and desorption electrospray ionization mass
spectrometry imaging (DESI) have opened exciting avenues for real-time
characterization and visualization of metabolites and lipids in tissue samples26,27.
Desorption electrospray ionization mass spectrometry imaging (DESI-MSI) is a noninvasive and label-free molecular imaging technique which can be used in ambient
environment with little sample preparation for biomarker discovery, and tissue
classification28,29. DESI-MSI can simultaneously map the spatial distribution and
abundances of several lipids and metabolites in tissue samples from cancers and other
diseases on a microscopic slides30. DESI-MSI has been applied in for metabolic and
lipidomic diagnosis of human brain tumors and prostate cancer31,32.
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1.4

Aims of Thesis

The objective of the research presented in this dissertation is to develop and showcase
the applications of novel methods based on ultra-performance liquid chromatography
coupled with mass spectrometry and computational tools for lipidomics and
metabolomics profiling and to detect diagnostic and prognostic general and specific
biomarkers of diseases.
In the second Chapter, I explain the state-of-the-art of untargeted UPLC-MS-based
metabolomics and lipidomics workflows, which have been employed in the research
studies presented in this dissertation.
The third Chapter describes the development and employment of comparative
untargeted mass spectrometry-based lipidomics analysis (UPLC-q-ToF-MS) to study
hippocampus of mice 24 hours post low-dose whole body irradiation (X-rays, 1Gy).
The goal of this study is to identify molecular signatures that reflect on possible
perturbation of lipid metabolism. In addition to uncovering radiation-induced changes
in hippocampal lipidomic, we employed the advantage of ion mobility enhanced dataindependent acquisition (IMS-MSE) for structural characterization of plasmalogen
lipids. The findings of this study demonstrate the perturbations to several lipid species
after exposure to low-dose radiation.
The fourth Chapter demonstrates the development of a robust and comprehensive
mass spectrometry-based metabolomics and lipidomics workflows using UPLC-MSE
for biomarker discovery of clinical mastitis in transition dairy cows before calving.
Clinical mastitis (CM), the most prevalent and costly disease in dairy cows, is
diagnosed most commonly shortly after parturition. We used a nested case-control
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study design to discover serum metabolites and lipids that discriminated between
healthy and diseased cows. The discovered serum metabolites and lipids may assist in
prevention strategies and early treatment interventions against CM.
The fifth Chapter employs the pipeline mentioned above to detect and characterize
discriminant metabolites and lipids as biosignatures of retained placenta in transition
dairy cows before the onset of the disease. Untargeted UPLC-q-ToF-MS metabolic
platforms using both reversed-phase and HILIC separation strategies were applied on
the serum of transition dairy cows with a higher risk of developing retained placenta
after calving. The results disclose metabolic pathways involved in retention of fetal
membranes, which can aid in early diagnosis and preventive intervention.
In Chapter six, I established an isotope tracer (by incorporation of 2H labeled water)
mass spectrometry workflow to study de novo lipogenesis. We evaluated and
compared the changes in the lipid content during differentiation process of
preadipocyte to mature adipocyte in 3T3-L1 cell lines treated with rosiglitazone and
T0090701. These measurements imply the deuterium incorporation of fatty acids into
the form of TAG during fatty acid synthesis (de novo lipogenesis). Furthermore, these
studies strive to highlight the utility of stable isotope tracer mass spectrometry to
elucidate alterations in cellular metabolism that are not solely detectable by timeresolved metabolite/lipid measurements.
Finally, in Chapter seven, I summarize and highlight contributions of the studies
described in this thesis and, more broadly, provide perspectives on directions for mass
spectrometry-enabled omics technologies for detection and identification of
biomolecular signatures in disease research.
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Overall, this dissertation highlights the development, application, suitability, and
efficiency of MS-enabled metabolomics and lipidomics for the detection,
identification, and quantification of biomolecular messengers associated with
perturbations in cells, tissues, and whole organisms.
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2

2

Chapter 2

Methodological Pipeline in UPLC-MS-based Metabolomics and
Lipidomics
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This introductory Chapter aims to provide an overview of lipidome and metabolome
analyses that developed and applied in the research studies in this dissertation. I will
explain the importance of sample preparation, mass spectrometry-based analysis, and
high throughput data analysis in conjunction with computational methods to ease the
biological interpretation. Since lipidomics is a branch of metabolomics, all the steps
in the following are the same except when explicitly mentioned.
If a method is ultimately to be useful for high-throughput analysis, then practical
issues such as sample throughput, data quality and ease of data interpretation must be
taken into account. Here I describe the methodological pipeline for the highthroughput untargeted UPLC-MS–based lipidomics and metabolomics analysis, from
sample preparation through to spectral processing and data analysis (Figure 2.1).

Data extraction
and processing

Data acquisition by LC-MS

Metabolite/Lipid identifications
Identification &
Metabolic
Match accurate m/z, RT, MS/MS
Formal
structural
features of
Identification
assignment
interest
Pathway analysis and visualization

Data analyses
Heatmap

Volcano plot
-Log(p-value)

Sample
preparation

Log(Fold change)

Figure 2.1 A typical mass spectrometry-based lipidomics and metabolomics workflow
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2.1

Sample Preparation in Lipidomics and Metabolomics

Several methods of sample preparation have been developed for high throughput LCMS analysis of lipids and metabolites in biological samples33–35. I explain the
methods that have been applied in the research studies in this dissertation.
2.1.1

Extraction of Lipids

Sample preparation method is a critical step in lipidomics studies. An efficient sample
preparation procedure provides broad coverage of diverse class of lipids, and at the
same time, is fast and reproducible25. The most conventional approaches, though
modified and improved, for total lipid extraction are based on biphasic chloroformwater-based protocols introduced by Folch et al.36 and Bligh & Dyer37. Although the
mentioned strategies are still widely applied, other strategies have been developed
and compared to these golden standard methods. In general, the well-established
strategies with the goal of improving lipids coverage in biological systems are liquidliquid extraction (LLE), single organic solvent precipitation, and solid phase
extraction (SPE). The SPE protocol is based on a polymeric stationary phase as a
sorbent, which retain specific lipid classes with similar properties, and usually
followed by either LLE or protein precipitation steps for removing contaminants and
interfering substances and enrichment of the specific target lipid classes from
biological samples38. In the following, I briefly explain the sample preparation
techniques (LLE and single solvent precipitation) that I have deployed in my thesis
dissertation.
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2.1.1.1 Liquid-Liquid Extraction (LLE)
As mentioned earlier, the most widely applied LLE procedures were developed more
than 70 years ago by Folch et al36. using a mixture of chloroform/methanol/water in
ratio 4:2:1.5 (v/v/v) as a solvent for extraction, while the Bligh & Dyer37 using a
mixture of chloroform/methanol/water in ratio 1:2:0.8 (v/v/v). An alternative to
chloroform is less toxic solvent dichloromethane applied in several studies39,40. These
protocols are very efficient extraction strategies for polar and non-polar lipids, but the
problems may occur while collecting the organic phase containing lipids. The reason
is the pipet tip may get contaminated by insoluble pellet matrix between two aqueous
(on top) and organic (on the bottom) phases. This problem has been overcome by
utilizing immiscible organic solvent, methyl tert-butyl ether (MTBE), developed by
Matyash et al. in 200841. This protocol is based on addition of MTBE, methanol and
water in ratio 10:3:2.5 (v/v/v). Due to the low density of the MTBE, the organic layer
is on top of the aqueous layer with protein pellet at the bottom makes lipid collection
faster and cleaner than the two-phase chloroform-water-based solvent systems. This
protocol showed comparable recovery of the main lipid classes (PC, PE, SM, Cer,
TAG, CholE) in human plasma and mouse brain tissue with the classical methods41.
Moreover, MTBE compared to chloroform is safer to work with, decreasing
hazardous chemical use in the labs. Additionally, it is also chemically stable and noncorrosive. Therefore, the risk of degrading labile lipids in case of long-term storage is
low.
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2.1.1.2 Single Organic Solvent Precipitation
Monophasic precipitation approaches with single organic solvents such as acetonitrile
or methanol have also been used for extraction of polar lipids is a well stablished
method due to its relative simplicity42,43. However, their extraction efficiencies for
highly non-polar lipids (e.g., DAG, TAG) were lower than recoveries from two-phase
liquid-extraction protocols. An alternative approach using isopropyl alcohol (IPA)
precipitation provides good recoveries for the different class of lipids 44,45. Sarafian et
al. have applied IPA protein precipitation for extraction of a broad range of lipid
classes in human plasma45. This method showed higher recovery, selectivity, and
good reproducibility of different subclasses of lipids compared to three other protein
precipitations (MeOH, ACN, and IPA-ACN) and four LLE methods including the
modified Folch and Matyash41 extraction methods45. Therefore, IPA is suitable for a
fast, high throughput analysis of lipids in bio-fluids.
It should be emphasized that a suitable extraction strategy depends on the type of
sample and the applied analytical technique for the lipidomics analysis. A lipid
extraction procedure should ideally extract lipids without degradation and
contamination with non-lipid components (e.g., amino acids and sugars). Moreover,
in the lipidomics analysis procedure, the efficacy of this step depends on the chemical
characteristics of the lipid components and the type of networks or relationships in
which they happen in the cell. Therefore, it is not possible to obtain quantitative
recovery of all lipid subclasses with only one extraction method.
2.1.2

Extraction of Metabolites
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In metabolomics profiling, the solvent for extraction should result in the maximum
number of metabolites, be reproducible and involve as few steps as possible (to
reduce potential source of variability, e.g., metabolite losses)33. Generally, different
metabolomics

extraction

methods

using

organic

solvents

(methanol,

acetonitrile/water, or methanol/water mixture) have been developed for different
biological samples33,34,46. The most widely used protocol for untargeted metabolomics
sample preparations is organic solvent-based protein precipitation using cold
methanol or methanol-ethanol in ratio 1:1 (v/v) with a ratio of 1 to 3 or 4 for
plasma/serum-to-solvent47,48. The cold solvent is usually added to minimize the
enzymatic activity of metabolites and enhance protein precipitation.
2.1.3

Internal Standards

In untargeted lipid profiling, usually multiple internal standards containing one or
more per lipid class are spiked into the sample during extraction. Because of the
limited availability of lipid standards for each lipid subclass or the high price of
labeled lipid standards, a set of suitable internal standards such as odd acyl carbon
number lipids as they are not present in biological samples are typically used for
normalization49. Practically, at least one internal standard per lipid classes should be
used for normalization due to different ionization efficiency of different chemical
structure of lipids49,50.
In metabolomics profiling, the selection of suitable internal standard is more difficult
due to large differences in physicochemical properties of metabolites. The reported
internal standards usually cover only selected metabolite classes.
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2.1.4

Handling and Storage of Lipids and Metabolites

The proper procedures and approaches in sample collection and storage are also
critical to obtain high quality and reliable results in lipidomics and metabolomics
analyses. The biochemical composition of many compounds is unstable and can
progressively undergo degradation, aggregation, and oxidation. Hence, improper
sampling and sample pretreatment protocols can lead to biased results due to
alteration or degradation of metabolites51. It is recommended that rapid extraction of
lipids is imperative particularly in the case of biological materials52. In a situation,
when it is not feasible to analyze recently collected biological samples right away, the
biological materials should be snap frozen in liquid nitrogen and stored at -80°C until
further processing steps. Similar points must be considered regarding the storage of
lipids and metabolites after the extraction process to minimize rapid degradation of
metabolite compositions.
Moreover, lipids are very sensitive to oxidation. In a living organism, the naturally
occurring compounds, along with the existing internal mechanisms, protect
unsaturated lipids from peroxidation. There are several strategies commonly used
during sample preparation to prevent lipid degradation and oxidation. For example,
working at temperatures close to freezing point, perform the preparation steps
quickly, and adding inhibitors of hydrolytic enzymes and antioxidants such as
butylated hydroxytoluene, ethylenediamine tetra-acetic acid (EDTA), α-tocopherol,
and reducing agents can minimize oxidation of unsaturated lipids38.
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2.2

Analytical Platforms for Lipidomics and Metabolomics Analyses

Whereas there are several techniques to detect and analyze metabolites and lipids
from a biological system, there are two main detection systems. One is nuclear
magnetic resonance (NMR), and the other is a mass spectrometry (MS). Both
methods allow for a high-throughput analysis and can analyze tens to thousands of
metabolites and lipids in a single run. MS-based techniques due to the higher
sensitivity are a preferred analytical platform compared with NMR in metabolomics
and lipidomics analysis. Whereas NMR can quantify metabolites in the micromolar
range, use of MS allows detection up to pico- and femtomolar concentrations of
metabolites22.
2.3

Liquid Chromatography-Mass Spectrometry

Recently the number of metabolomic/lipidomic studies using MS-based technology
has increased dramatically. In mass spectrometry, there exists a broad range of
ionization methods. The examined biological samples can traverse to the ion source
either by flow through injection (direct infusion or DIMS) or by hyphenation (i.e., by
following a chromatographic) technique, for example, liquid chromatography (LCMS). The DIMS is a less complicated and a faster method, because of the concurrent
ionization of multiple analytes. However, due to the different ionization efficiencies
of various analytes, the ion suppression event overburdens the detection of low
ionization efficiency molecules53. By using a chromatographic in the front end, the
molecule ions of different polarities can elute differentially from the chromatographic
column providing discrimination between isobaric metabolites/lipids ions improving
compound identification33.
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In general, metabolomics and lipidomics strategies can be divided into two main
types of analyses: targeted and un-targeted approaches54. In a targeted
metabolomics/lipidomics approach, a limited number of predefined groups of
metabolites will be measured. In contrast, un-targeted metabolomics/lipidomics
approaches focus on the simultaneous, unbiased measurement of all detectable
metabolites and lipids present in a sample55,56 The untargeted strategy has the
advantage that it provides the opportunity to discover interesting novel molecules.
There are several approaches for comprehensive metabolomics and lipidomics
analysis of complex biological systems. However, the most common techniques are
separation-based techniques before use of mass spectrometry. The coupling of gas
chromatography (GC) with MS is mostly applied to the analysis of volatile
metabolites and for primary metabolites after derivatization57. Liquid chromatography
(LC) in combination with MS, and particularly ultra-high-performance (UPLC) have
become indispensable tool for analysis of wide range of polar and non-polar
molecules in

7,58,59

. Moreover, the addition of ion mobility spectrometry prior to MS

detection (LC-IMS-MS) provides structural and conformational information on the
order of milliseconds 24,60.
In the following, I explain the techniques with untargeted approaches that I used in
the research projects of this dissertation.
2.3.1

Liquid Chromatography
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The fundamental principle of LC separations could be described as employing
differential chemical and physical interactions (e.g., adsorption, partition, hydrogenbonding, etc.) between analytes and both mobile and stationary phases.
High-performance liquid chromatography (HPLC) is a commonly utilized LC
technique, which is applied for separation, as well as identification and quantification
of components in complex mixtures61. To further enhance the resolution, speed, and
sensitivity in liquid chromatography, a modified HPLC method called UPLC, ultraperformance liquid chromatography, was launched in 2004 by Waters61. The UPLC
system comprises columns packed with small particles less than 2 µm while HPLC
columns are typically filled with particles of 3 to 5 µm. As the column packing
particles size decreases, efficiency and resolution increases.
The Van Deemter equation is the principle behind the UPLC system, which describes
the relationship between linear velocity (flow rate) and plate height (column
efficiency).

𝐇=𝐀+

𝑩
+ 𝑪𝒖
𝒖

(1)

In this equation, A, B, and C are constants, u is the flow rate (linear velocity; the
carrier gas flow rate), and H represents height equivalent to the theoretical plate
(HETP). The A term indicates eddy diffusion and is independent of velocity. The
eddy diffusion is the smallest when the packed column particles are small and
uniform. The B term represents the contribution of longitudinal or axial diffusion.
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The band broadening due to longitudinal diffusion in columns can affect the
chromatographic peak shape, whose effect is diminished at high mobile phase flow
(flow rates). Therefore, B is divided by the velocity (u). The C term indicates the
mass transfer between phases. It represents the kinetic resistance to equilibrium
during the process of separation. The effect of C is smaller at a lower linear velocity
of the mobile phase. A typical Van Deemter curve (HETP vs. u), is shown in Figure
2.2. The figure illustrates the point at which the total dispersion from the three terms
minimizes H (Hmin) resulting the optimum linear velocity (uopt) and the flow rate of
the mobile phase. The lower HETP value is, the higher the plate number and the more
efficient the column will be.

Figure 2.2 Typical Van Deemter curve for particle chromatography

The magnitude of two of the terms (A and C) is proportional to the diameter of the
particles size. The smaller particles have a shorter diffusion path length, which
concedes a solute to travel through the particle quicker. Therefore the solute spends
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less time inside the particle where peak diffusion can happen62. As the particles size
decreases, the contribution from the A and C terms are reduced, and the curve
becomes flatter at higher linear velocities. This results in lower H and higher peak
capacity (number of peaks resolved per unit time). The high peak capacity is also
required when UPLC is coupled with mass spectrometry and tandem mass
spectrometry acquisition mode (e.g. all ion fragmentation approaches such as MSE).
Since the fragment ion spectra are highly complex, an accurate LC separation is
required by deconvolution to match elution peak shape for precursor and fragment
ions63. Therefore the enhanced peak capacity provided by UPLC improves the
number of individually resolved and identified precursor and product ions in complex
samples.
The UPLC system takes advantage of the chromatographic principles to perform
separations using columns packed with small particles and/or high flow rates for
enhanced speed, superior resolution, and sensitivity. Since the back pressure is
inversely proportional to the square of the particle diameter, the smaller particle size
results in high back pressure. With the small particles size used in the UPLC, H is
lowered compared to the larger particles, which provides faster separations to be
carried out on shorter columns and/or with higher flow rates. This leads to an
enhanced resolution between particular peak pairs and increased peak capacity.
Moreover, sensitivity rises because less band broadening happens during migration
through a column with smaller particles64. Moreover, the significant decrease (by at
least 8% compared to HPLC) in the mobile phase consumption with a shorter run
time and lower injection volume enhance the efficiency and increase the resolution in
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the UPLC system. The use of higher column temperature can cause lower viscosity in
the mobile phase resulting in the high flow rate without loss in efficiency. All of these
together lead to a significant increase in resolution, sensitivity, and efficiency of the
chromatographic analysis in UPLC system and consume less amount of solvents,
lowering the cost and making the technology environment-friendly61. Table 2.1 shows
the comparison between UPLC and HPLC.

Characteristic

HPLC

UPLC

Particle size

5μm

1.7 μm

Maximum back pressure

< 6,000 Psi

9,000-15,000 Psi

XTerra MS

Acquity UPLC BEH

C18

C18

Column dimension

4.6 x 150 mm

2.1 x 50 mm

Column temperature

30 °C

65 °C

Flow rate

3 ml/min

0.6 ml/min

Injection volume

5 µl

1 µl

Analysis time

more

less

Peak capacity

lower

higher

Sensitivity

less

higher

Analytical column

Table 2.1 Comparison between UPLC and HPLC

The most common types of LC methods in metabolomics and lipidomics are
reversed-phase (RP) and hydrophilic interaction liquid chromatography (HILIC)65. In
RP-LC, the column (stationary phase) usually are packed with silica particles that are
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linked to C8 or C18 aliphatic chains, which are designed to retain analytes based on
their hydrophobic characteristics66,67.
The selection of an appropriate mobile phase for the separation of lipids or metabolite
analysis requires certain considerations. In RPLC-based metabolomics, commonly a
gradient of methanol−water or acetonitrile−water solvent systems, supplemented with
0.1% formic acid is used46,56 In RPLC-based lipidomics, mobile phases consist of
aqueous mixtures of organic solvent (MeOH, ACN), whereas isopropyl alcohol is
commonly mixed with other solvents (ACN, MeOH, H2O)25. The most common
combinations of mobile-phase modifiers include ammonium formate with formic acid
or ammonium acetate with acetic acid68–70. Lipid species with shorter acyl chains
elute earlier from reversed-phase LC columns than longer chain lipids, and
polyunsaturated acyl structures with the double bonds elute prior to the saturated
analogues40,69.
HILIC is orthogonal to RPLC and an alternative separation method for the analysis of
polar compounds (due to poor retention of the polar compound in RPLC)65,66,71. The
column in HILIC consists of polar particle surface with free hydroxyl- or functional
groups such as amino, or amide moieties67. In most of the cases, the gradient starts
with high percentage of organic solvent followed by increasing the percentage of
water67,72. Also, as HILIC employs mobile phases rich in organic solvents, high MS
sensitivity can be achieved as a result of increased ionization efficiency66,72.
2.3.2

Mass Spectrometry
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As a popular and frequently utilized method for lipidomic and metabolomics, mass
spectrometry (MS) is based on the principle that chemicals traversing to the mass
spectrometer can be ionized and vaporized in the ion-source. Once the chemicals are
ionized, they can be introduced into the mass analyzer. Finally, its mass, ion-chargeratio and the relative amount can be measured and detected. The mass spectrometer
records two measurements, the mass-to-charge ratio (m/z) and the number of ions
hitting the detector (ion abundance or counts)59.
The samples introduced into a mass spectrometer are ionized in the ion source prior to
analysis in the mass analyzer. Ion source is the region where gas phase analyte ions
are formed from the sample molecules. Different types of ionization techniques have
been developed for mass spectrometry including electron ionization, chemical
ionization, matrix-assisted laser desorption ionization (MALDI), atmospheric
pressure chemical ionization (APCI), electrospray ionization (ESI)73.

Electron

ionization is the oldest technique of ionization for small molecule investigations74.
This method of ionization is a high energy ionization and so molecules can fragment
when this happens73. The most common soft ionization sources in the analysis of
biomolecules are ESI and MALD ionizations and they offer complementary
capabilities59,74–76. All of these ionization techniques have the similar function, which
is expediting the introduction of a sample into a mass analyzer in a suitable form. The
research presented in this thesis used electrospray ionization, which is discussed in
the following:
ESI is a soft ionization technique and so allows for the analysis of biomolecules
without disrupting the chemical nature of the analyte prior to mass analysis. ESI
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works by charging the injection needle with a very high voltage (2–5 kV). The
analyte liquid is then passed through this needle. Due to the high voltage of the
needle, the liquid is sprayed out of the needle in a cone shape. The needle and orifice
of the MS are inside a chamber. This chamber is heated and is kept dry with
continuously blowing nitrogen gas. This cone, referred to as a Taylor cone, then
beads of droplets which undergo evaporation and Coulomb fission. Coulomb fission
is an explosion of the droplets due to repulsion forces from the same charged ions.
This process happens repetitively until the single charged molecule/chemical (ion) is
left with no solvent. This process was introduced by John Fenn et al. when they
demonstrated that multiply charged ions were obtained from large intact
biomolecules73,77.
All ionization techniques produce more than one charged ion species per molecule.
ESI generated singly charged ions in the form of protonated or deprotonated ([M+H]+
and [M-H]- ). However, ions can also be formed with any other atom that is the same
charge as the charge given in the source, which are called adducts. For example, in
positive mode another common ion is the sodium adduct [M + Na] + or more complex
ions such as loss of water following deprotonation in negative mode [M-H2O-H]-.
These adducts can complicate detection, quantitation, and identification of molecules
in a complex sample.
Another major part of a mass spectrometer beside the ion source is the mass analyzer.
Following ionization of the analyte molecules in the gas phase, the ions will be
separated by a mass analyzer according to their mass-to-charge-ratio. A few of the
most popular mass analyzers are the quadrupole analyzer, the ion trap analyzer, the
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time of flight analyzer, the Fourier-transform ion cyclotron resonance (FTICR)
analyzer and the Orbitrap analyzer73. Two types of mass analyzers in a hybrid from
were used in the instrument, SYNAPT G2 mass spectrometer (Waters Corporation)
that presented in this thesis dissertation, are described in detail in the following
paragraphs.
1)

Quadrupole (Q) mass analyzer is a “mass filter”. The quadruple is a lowresolution separation technique, in which the ions are separated by four
hyperbolic rods with opposite charges. By applying these charges each of the
opposite pairs of the rods will have a different positive or negative charge. The
ions are then attracted towards the rods and repelled from the opposing pair of
rods. The rods then exchange charges, and so the ions have a forward cylindrical
motion. Ions that are not stable in this environment due to the applied electric
field will hit the rods. Yet, stable ions will reach a detector at the end of the
quadrupole. Superimposed radio frequency (RF) and constant direct current (DC)
potentials between four parallel rods act as a mass separator, or filter, where only
ions within a particular mass range, exhibiting oscillations of constant amplitude,
are collected at the analyzer. A schematic of quadrupole mass analyzer is shown
in Figure 2.3.
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Figure 2.3 Schematic of quadrupole mass analyzer created partially from Hoffmann et al.78

2) Time-of-Flight (ToF) is first described in the late 1950s73 and measures the massdependent time. ToF is the most common mass analyzer in metabolite and lipid
profiling. In a ToFinstrument, pulses of ions formed in the ion source are
accelerated from the ion source by the application of a voltage to a field-free
region (the flight tube). In the flight tube, the ions are separated based on the
differences in the time taken to reach the detector. Since all the ions are
accelerated by the same voltage; each ion possesses, at least in principle, the same
kinetic energy. As a result, the velocity of each ion is a direct function of its
mass78.
The kinetic energy of an ion is equal to its potential energy following acceleration
from the source, and can be described as:
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𝐊𝐄 = 𝐳𝐞𝐕𝐚𝐜𝐜 =

𝐦ѵ𝟐
𝟐

(2)

Where z is the charge on the ion, e is the fundamental unit of charge (1.602 x 10-19
C), Vacc is the accelerating voltage, m is the mass of the ion and v is the velocity of
the ion.
Therefore, the velocity of the ion in the flight tube can be represented by:

𝟐𝐳𝐞𝐕𝐚𝐜𝐜
ѵ = √
𝐦

(3)

The velocity of the ion can also be represented based on its flight time (t) and the
length (d) of the flight tube:

ѵ =

𝒅
𝒕

(4)

The m/z can then be calculated by rearrangement of the equations and substituting
for ѵ as follows:
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𝒎⁄ =
𝒛

𝒕𝟐
𝒅𝟐
(𝟐𝒆𝑽 )
𝒂𝒄𝒄

(5)

However, most instruments are equipped with reflectrons to effectively increase the
length of the flight tube without increasing the length of the instrumentation as shown
in Figure 2.4. As a result, the calculation of m/z becomes difficult. Hence, in practice,
the following equation is used to determine m/z ratios from measured flight times:

𝒎⁄ = 𝒂𝒕𝟐 + 𝒃
𝒛

(6)

Where, ‘a’ and ‘b’ are pre-determined constant values obtained from reference
compounds of known molecular weights for given instrumental conditions.
The reflectron acts as an ‘ion mirror’ to reflect and focus ions of the same m/z. Ions
with higher kinetic energies will arrive at the reflectron before those with lower
kinetic energies; however, they will also penetrate further into the electrostatic field
of the reflectron as compared to the ions with lower kinetic energies. This
arrangement allows the ions of the same m/z, but different kinetic energies, to arrive
at the detector at the same time. The introduction of a reflectron in a ToF setup
increases the resolution to the range of >10000 (FWHM) as compared to that of mere
1000 obtained using a linear ToF79. The schematic of a time-of-flight mass analyzer
with a reflectron and the resolution improvement is depicted in Figure 2.4.
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Figure 2.4 Schematic of a time-of-flight mass analyzer with a reflectron and improved
resolution partially created from Marshal et al.80

The hybrid q-ToF instruments are the combination of quadrupole analyzers with ToF
mass analyzers. The combination of a quadrupole, a collision chamber and a ToF
analyzer has become analytical tool of choice for lipid and metabolite analysis. The
hybrid instruments provide accurate mass measurement, the ability to carry out
fragmentation experiments, and high-quality quantitation of metabolites and lipids. In
the studies described in this thesis, a hybrid quadrupole-orthogonal acceleration-time
of flight (q-ToF) instrument, Synapt G2 instrument (Waters Corp., Milford, MA) was
used as shown Figure 2.5.
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Figure 2.5 Schematic of the Synapt G2 mass spectrometer (http://www.waters.com/waters/)

A detector is the final component of the mass spectrometer setup, and it facilitates the
transformation of the ions separated by the mass analyzer into a usable signal, i.e., a
mass spectrum. The signal generated by the detector is proportional to the abundance
of the incident ions.
When LC is combined with MS, an ultimate metabolite profiling platform is made.
However, this high throughput method comes at the price of complexity. In general,
the data has three measurements:
a)

Mass-to-charge ratio (m/z): The measured ratio of the mass and the charge of
the ions.

b)

Retention time (RT): The time that the molecules eluted from the column.

c)

Intensity: The number of ions hitting the detector over a summed set of
transients.

As mentioned previously, isobaric/isomeric metabolite and lipid molecules cannot be
separated by MS alone. However, gas phase separation technique, such as IMS, can
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potentially be used to separate isobaric/isomeric compounds in the gas phase prior to
mass analysis. In the next section ion mobility will be discussed in more details.
2.3.3

Ion Mobility Spectrometry-Mass Spectrometry (IMS-MS)

Ion mobility spectrometry (IMS) has been increasingly utilized as an additional tool
in MS-based metabolomics and lipidomics analysis81–85. In the IMS, ions are
separated in the ion mobility region filled with the buffer gas by size, shape, charge,
and the interaction with the buffer gas under the influence of electric filed60,86.
Specifically, IMS-MS generates cleaner mass spectral data by reducing background
noise, improve selectivity by removing interferences in complex biological samples,
enhance peak capacity, and also intensify confidence in metabolite identification and
confirmation24,87. There are four commercially available IM-MS techniques: (1) drifttime IMS-MS (DTIMS-MS)88, (2) travelling wave IMS-MS (TWIMS-MS)89,90, (3)
field asymmetric IMS-MS (FAIMS-MS) or differential mobility spectrometry
(DMS)91, and (4) trapped IMS-MS (TIMS-MS)92. DTIMS and TWIMS instruments
separate ions on the basis of the time ions needed to pass through the mobility cell.
FAIMS/DMS devices separate ions by altering voltages, and filtering ions in a spacedispersive manner. TIMS-MS separates ions based on differences in mobility, after
trapping and selectively releasing them.
In the research presented in this dissertation, I only used traveling-wave IMS-MS as a
post-separation tool for LC-MS-based lipidomics and metabolomics analysis. Here, I
first describe the fundamental concepts of ion mobility, and then I explain the
mechanism of separation by TWIMS-MS.
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2.3.3.1 Ion Mobility Spectrometry Principles
IMS measures the velocities (νd) of the ionized analyte molecules pass through a
buffer gas in the presence of a weak electric field. The velocity of an ion can be
determined by the equation73:

ѵ 𝒅 = 𝑲𝑬

(7)

Where the νd is the ion’s drift velocity (cm s-1), K is the mobility of the ion (cm2 V-1 s1

), and E is the electrical field strength (V cm-1). Therefore, the velocity of the ion is

directly proportional of its mobility.
The mobility (K) of an ion is related to the ion’s collision cross-section and can be
defined by the Mason-Schamp equation93,94:

𝑲 =

𝟑𝒒
𝟐𝝅
𝟏 + 𝜶
√
𝟏𝟔𝑵 𝒌𝝁𝑻𝒆𝒇𝒇 𝜴(𝑻𝒆𝒇𝒇)

(8)

Where, q represents the charge state of the ion (q = ze), N is the number density of the
buffer gas, k is the Boltzmann gas constant (1.38 x 010-23 m2 kg s-2 K-1), μ is the
reduced mass of the ion-neutral pair (kg); μ =(mM)/(m+M for the ion mass (M) and
buffer gas mass (m), Teff is the effective gas temperature, Ω is the collision crosssection of the ion (cm2) and α is the electric field correction factor. Thus, in overall,
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the mobility of an ion at a given temperature and gas pressure is determined by the
mass, charge and the collisional cross section value of the ion. Therefore, any changes
on the instrument condition and parameters (temperature and electrical files strength),
will affect the mobility measurements. As a result, for comparison of mobility
measurements obtained under different instrumentation conditions, usually the
reduced mobility is reported95. The reduced mobility (K0) is the mobility at 273 K and
760 Torr.

𝟐𝟕𝟑 𝑷
𝑲𝟎 = 𝑲 (
)(
)
𝑻 𝟕𝟔𝟎

(9)

Where K0 is the reduced mobility, K is the mobility, T is temperature (kelvin), and P
is pressure (Torr).
2.3.3.2 Traveling Wave Ion Mobility Spectrometry (TWIMS)
The first commercially available traveling wave ion mobility instrument was released
in 2006 by Waters Corporation (Milford, MA) named Synapt HDMS96. Synapt G2
was originated with improved ion mobility separation and resolving power through
modifications in 2009. This instrument employs the traveling potential waveform,
and it utilizes a 6-fold increase in the drift section operational pressure by integrating
a helium-filled ion entrance region before the TWIMS97,98. The instrument was
modified in 2011 and 2013 (Synapt G2-S and G2-Si), while retaining the same
TWIMS configuration, the company altered the source and ion transfer optics to
enhance ion transmission through the IM-MS98–100. In the research studies presented

36

in this dissertation, all ion mobility experiments were performed in the Synapt G2
HDMS platform (Figure 2.5). In principle, the “tri-wave” section of the instrument
consists of three main traveling-wave (T-wave) ion guide regions including Trap Twave, ion mobility separation (IMS), and transfer T-wave region. In the trap region,
ions are accumulated and released as packets into the ion-mobility separation device.
After ion mobility separation, ions conveys from the transfer region to the orthogonal
acceleration (oa) TOF analyzer101. The “Tri-wave” region consists of a series of
stacked ring ion guides (SRIG) filled with neutral background gas such as nitrogen.
Ions move through the SRIG by a traveling wave potential that is created by voltage
pulses dynamically applied across a stack of ring electrodes. Therefore, TWIMS
separations are performed based on the interaction of different ions to the influence of
the specific wave characteristics and may be described as the ability of ions to "surf"
on these waves102 In the presence of a neutral gas in the TWIMS device, the transport
of ions in the SRIG region is dependent on the traveling wave height (V), the velocity
of the traveling waves (m/s) and gas pressure (mbar). These factors influence the
dwell time of the ion in the SRIG and optimization of these parameters can be
employed for separation of ions of the different collisional cross-sections. Therefore,
the separation of the ions in the “Tri-wave” region is based on the interaction of the
structural characteristics of the ions (i.e., size, shape, charge, and collision cross
section) with the drift gas (normally N2) and the traveling wave. This process of
interaction of the ions with the traveling wave provides mobility-based separation of
the ions in the traveling wave ion mobility spectrometry (TWIMS)89.
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As mentioned earlier, even with the most advanced chromatographic techniques, the
separations of the wide array of lipid and metabolite species in complex biological
samples are yet challenging85. Since the chromatographic separation occurs in
seconds and ion mobility separation in milliseconds, coupling of IMS with UPLC-MS
provides a new dimension of separation with increased peak capacity, and substantial
improvement in analytical results. An example of UPLC-TWIMS-MS chromatogram
and corresponding driftogram and 3D plot containing orthogonal ion mobility
separation of complex lipid mixtures from dietary supplement is shown in Figure 2.6

Figure 2.6 Chromatogram and corresponding 2D (drift time vs. retention time, bottom left
panel), and 3D (m/z vs. drift time vs. counts; right panel) driftograms from UPLC-TWIMSMS (ESI+) separation of different lipid classes extracted from dietary supplements (Presented
at ASMS 2014)

2.4

Data Pre-Processing in Lipidomics and Metabolomics

Global analyses of metabolites and/or lipids in LC-MS are still a challenge. The data
preprocessing is also another important step and needs to be thoughtfully considered.
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The most common steps consisted of peak detection, grouping, retention time
alignment, and normalization. Several data preprocessing tools are available for raw
LC-MS data analysis including 1) vendor software, such as MarkerLynx (Waters),
Progenesis QI (Nonlinear Dynamics) MarkerView (Sciex), MassHunter (Agilent
Technologies) and SIEVE (ThermoFisher Scientific), 2) open source software (e.g.,
XCMS, MZmine, MetAlign), and script-based platforms (e.g., R, Matlab)103. The
final output of these tools is a list of variables with specific retention time (RT), massto-charge ratio (m/z) values, and peak area (the parameter that represents the relative
intensity) corresponding to each metabolite feature of each sample in the dataset. The
vendor software package is integrated with the MS instrument operating system and
typically can process data originating only from the corresponding vendor’s mass
spectrometers. The open source software such as XCMS (where XC refers to the
types of chromatography, GC or LC) provides more freedom in tailoring various data
mining processes104. In this dissertation, we used XCMS open source software
package in R environment for all the data pre-processing steps104–106.
Before data pre-processing, the acquired LC-MS data files were converted to an open
data format readable in XCMS. Thus, all the acquired raw data file in this research
were converted to “.netCDF” format using Databridge in MassLynx software (Waters
Corporation, Manchester, UK) or “.mzXML” using the msconvert tool in the
ProteoWizard project tool107–109.
The first step is peak detection: An algorithm that detects the signal from the noise.
The main algorithms in XCMS are “matched filter” and “continuous wavelet
transform” (centWave)105. The later algorithm (centWave) is developed for high
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resolution peak detection. The algorithm uses a filter function to evaluate if a peak
fits into the defined function. This algorithm automatically detects in which area
filters need to be applied using another algorithm called “region-of-interest” (ROI).
Using the fitted function the peak is integrated to find the area of the peak104,105.
Next, the peaks are grouped together between the samples using a grouping
algorithm, such as “Kernel density estimation” algorithm or “nearest neighbor”
algorithm. The algorithms select the peaks within the same retention time and m/z
window, and finally the association of the peaks with the groups of samples using a
Euclidean distance will be determined. Once the peaks are grouped, they are
introduced as ’features’. Grouping sometimes may cause overlapping of the features
being grouped together. Retention time alignment can help to reduce this problem
along with choosing the correct m/z and RT windows104.
The main problem in LC-MS datasets is that the retention times of a particular peak
can shift slightly from sample to sample in the analytical run. The shifts in the
retention times are due to experimental drifts (such as fluctuations in the room
temperature, time-dependent changes of compounds in the sample, column
degradation, and any other factors that affect the separation) and are non-linear110.
Therefore, a non-linear retention time alignment algorithm will be performed. This
algorithm corrects for deviations in retention times by finding “well behaved peak
groups” using a local regression model or an “ordered bijective interpolated warping”
(OBI-Warp) method110,111. The local regression model allows for a non-linear fitting
and outlier detection which makes the model robust. After the data alignment step,
the back-filling ("fillpeaks") algorithm will be applied. If a peak was not detected in a
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sample for the specific feature, the algorithm goes back to the raw data and integrates
any signal or baseline that is present at that RT and m/z. Finally, the output data
matrix file including samples in the columns and feature list (m/z, RT, and intensity)
in the rows will be saved as a tab delimited table for further analysis104.
2.5

Quality Control and Normalization

In metabolomics and lipidomics profiling, the sources of variations can be
categorized into biological and technical (analytical). Biological variations can be
originated from any changes in the environments (phenotypic variation) or genetic
differences (genotypic variation) of the cells or organisms. But, the technical
variation is caused by changes from sample to sample in the local environment of the
instrument platform. Several problems related to changes in instrument sensitivity can
be due to many reasons such as retention-time shift, contamination of an ion source or
analytical column, degradation of the extract. The systematic variation such as batch
effect and signal drift can be monitored with an appropriate mixture of commercially
available internal standards, regular analysis of pooled quality control (QC) samples,
and blank samples. The quality control samples are usually either small aliquots of
each biological sample or commercially available standards not present in the study.
The QC should be injected at least 10 times for the stabilization of the LC-MS system
before the start of the analytical run, in the middle, and at the end of analytical
run112,113.
There are two common types of QC samples, which are used in LC-MS experiments
including pooled QC and standard samples. In the pooled QC samples, the quality
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control sample is a linear combination of the biological samples, hence the biological
variation has been removed113. The standard samples are certain standards that are
consistent with the profiled matrix114. In untargeted profiling, choosing the correct
internal standards is difficult, especially when dealing with unknowns115. In the
pooled QC samples, the coefficient of variation (CV=standard deviation/mean) value
of the intensity measurement can be calculated for each feature ion using the QC
samples. The calculated CV value can be used as a filter, to remove any feature that
might be too variable in the analytical measurement116. The median CV value can be
used as a measure of the reproducibility of the dataset regarding analytical variation.
Normally, any feature or peak presents a CV larger than 20% will be removed from
the dataset112. Under certain circumstances a 30% CV value can also be acceptable in
untargeted LC-MS profiling116.
Randomization in the order of sample classes across the whole run is another
important step to reduce carryover. To correct batch effect and removing undesired
variations arising from errors in sample preparation and matrix effect usually
different

normalization

methods

are

employed117.

The

most

well-known

normalization methods for metabolomics and lipidomics data are based on datadriven and method-driven approaches118. It should be pointed out that the nature of
the analyzed data and experimental design determine the effectiveness of the chosen
normalization methods. Therefore, it is necessary to compare and carefully evaluate
the performance of different normalization methods119,120.
In the following, we focus on the normalization methods that were applied in the
research studies that are reported in this dissertation.
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2.5.1

Data-driven Normalization

The data-driven normalization methods including the auto scaling, the pareto scaling,
the log transformation, the range scaling, normalization by sum and quantile
method121. These methods adjust the variance in the measured intensity of different
features by assuming the majority of the features (metabolite/lipid) stay constant
across different experimental runs118.
The methods and their formula that were applied in the research projects in this
dissertation are explained briefly here.
Notes: The original data were represented by 𝑋 = 𝑥𝑖𝑗 and the normalized data by
1
𝑋̃ = 𝑥̃𝑖𝑗 . Additionally, the mean is defined as: 𝑥̅𝑖 = 𝐽 ∑𝐽𝑗=1 𝑥𝑖𝑗 and the standard

deviation is defined as:

𝑠𝑖 = √

∑𝐽𝑗=1(𝑥𝑖𝑗 − 𝑥̅ 𝑖 )

2

𝐽−1

1) Normalization by sum: The intensity value of each feature ion in a row (samples)
is divided by the total sum of the row (sample) and multiplied by 100.
2) Logarithm transformation: The non-equal variance uncertainty related to some or
all features will be corrected by logarithm transformation, and can be used to
make highly skewed distribution less skewed. Two types of log transformation
methods were applied for data transformation:
a) Natural logarithm (nlog): The intensity value of each feature ion is transformed in
the corresponding natural logarithm. The equation used in nlog was defined as:
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̃𝒊𝒋 = 𝐥𝐨𝐠 𝟐 𝒙𝒊𝒋
𝒙

(10)

b) Generalized logarithm (glog): It deals with zero and negative values in a data set.
The equation used in glog was defined as:

𝒈𝒍𝒐𝒈 𝒙̃𝒊𝒋 = 𝐥𝐨𝐠 𝟐

𝒙𝒊𝒋 + √𝒙𝒊𝒋 𝟐 + 𝒂𝟐

(11)

𝟐

Where “a” is a constant with the default value of 1 and “x” is the intensity of a feature
ion.
3) Auto scaling: The intensity value of each feature ion is scaled using the standard
deviation as the scaling factor121. The equation used in auto scaling was defined
as:

̃𝒊𝒋 =
𝒙

𝒙𝒊𝒋 − ̅
𝒙𝒊
𝒔𝒊

(12)

Where 𝑠𝑖 represents the standard deviation and 𝑥̅ 𝑖 represents the mean as explained
above.
4) Pareto scaling: The intensity value of each feature ion is scaled using the square
root of the standard deviation as the scaling factor121 The equation used in auto
scaling was defined as:
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̃𝒊𝒋 =
𝒙

̅𝒊
𝒙𝒊𝒋 − 𝒙
√𝒔𝒊

(13)

5) Range scaling: The mean and the range of the features are calculated. All the
features become equally important in this method. The equation used in range
scaling was defined as:

𝑥̃𝑖𝑗 =

𝑥𝑖𝑗 − 𝑥̅𝑖
𝑥𝑖𝑚𝑎𝑥 − 𝑥𝑖𝑚𝑖𝑛

(14)

6) Quantile normalization: The intensity of ion features will be distributed equally
across all samples. The equation used in the quantile normalization was defined
as:

1 𝐽
𝑥̃𝑖𝑗 = ∑ 𝑥𝑘𝑙 ,𝑙
𝐽
𝑙=1

(15)

Where 𝑘𝑙 such that rank (𝑥𝑘𝑙 , 𝑙) = 𝑟𝑎𝑛𝑘 (𝑥𝑖𝑗 ) , ∀ 𝑙 = 1. . . 𝐽.

2.5.2

Method-driven Normalization

The method-driven normalization approaches are based on the use of single or
multiple internal standards, and QC samples. We applied a mathematical
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normalization model: (locally weighted estimated scatter-plot smoothing (LOESS),
based on the use of QC proposed by Dunn et al.122. In the LOESS algorithm, for each
detected ion feature in the QC samples, a specific locally weighted scatterplot
smoothing (LOESS) fitted curve (a trend-line) is computed to evaluate the temporal
drift regarding the injection order of all QC samples. This local polynomial regression
model is then used to correct for the same detected ion feature in each sample (Figure
2.7). Finally, a table containing the corrected intensities will be generated and can be
easily exported to a .csv file format for statistical analysis.

Figure 2.7 Presenting single metabolite feature before and after normalization with LOESS,
QC (quality control; n=12) and samples (n=100) generated in R program from serum of cows
samples (more details provided in Chapter 4)
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Therefore, asserting the robustness and effectiveness of the normalization methods in
lipidomics and metabolomics experimentation should be an indispensable part of the
statistical analyses.
2.6

Statistical Data Analysis

The statistical tools for the lipidomic data analysis should be selected according to the
needs of the experiment and the purpose of the study. There are several methods
ranging from highly complex machine learning algorithms to simple statistical
models. A brief description of the statistical tools applied to this study is given in the
following paragraphs.
2.6.1

Univariate Statistical Methods

Univariate statistical analysis methods are defined as assessing features independent
of any other feature at a time. The most common univariate statistical analysis
approaches, when assessing differences between two or more groups, are t-test and
ANOVA in LC-MS based metabolomics and lipidomics profiling123.
In the Student t-test, a null hypothesis to postulate whether or not the two distribution
means, or medians are equal will be defined. If the probability (p-value) of the null
hypothesis rejection is below the chosen significance level (alpha, α) then the null
hypothesis is rejected. The threshold of probability (α) is usually set-up at 5% and it
can be considered as the probability of a false positive or type I error. The univariate
tests can be categorized as parametric or non-parametric and paired or unpaired tests.
These two main categories of univariate tests are the main assumptions when
choosing a test.
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The first assumption is whether the data are sampled from a normal or a Gaussian
distribution, which is called the parametric test. The normality assumption can be
confirmed using the Shapiro Wilk test123. But, if the normal distribution of the data
cannot be assumed, the non-parametric tests are preferable. The second assumption is
if the independent sampling were used then the unpaired test can be applied, whereas
if data was sampled all from the same individual the paired test should be chosen124.
One of the common univariate test used in LC-MS profiling is the Welch’s t-test as
shown in equation (16). Here, 𝑥̅1 , 𝑥̅ 2, 𝑠1 and 𝑠𝟐 are the means and the standard
deviations of the first and second sampling groups, respectively. This test is an
adaptation of Student’s t-test is used when two samples have unequal variances (The
test considers the standard deviation values of two classes rather than the pooled
standard deviation of student t-test)

125

. The calculated 𝑡 statistic can be found on

tables for finding p-values given the degree of freedom.

𝒕=

̅𝟏 − 𝒙
̅𝟐
𝒙
√𝒔𝟏 + 𝒔𝟐

(16)

In the cases of kurtosis or non-normal distribution, non-parametric tests such as
Mann-Whitney U test or Wilcoxon signed-rank test are appropriate.
The Wilcoxon signed-rank test uses a ranking of the variables to compute the test statistic as
defined in equations (17) and

(18). In the equation 𝑁 is the sample size (number of pairs), 𝑥1,𝑖 , 𝑥2,𝑖 are the
measurements, 𝒔𝒈𝒏 is the sign function, 𝑹𝒊 is the rank. The statistics 𝑾 is calculated
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by taking the sum of the signed ranks by disregarding any pairs of variables where
𝑥1,𝑖 − 𝑥2,𝑖 = 0 . As 𝑾 has been calculated, the test statistic can be transformed to a
𝒛 statistic µ̅𝑤 𝑖𝑠 the mean of 𝑾 and 𝑠𝒘 is the standard deviation of 𝑾. Finally, a pvalue can be calculated from a normal distribution.

𝑵

𝑾 = ∑[𝒔𝒈𝒏(𝒙𝟐,𝒊 − 𝒙𝟏,𝒊 ). 𝑹𝒊 ]

(17)

𝒊=𝟏

𝒛=

𝑾 − µ̅𝒘
𝒔𝒘

(18)

Besides choosing the most suitable statistical analysis test, the multiple testing issues
are another important consideration in untargeted LC-MS data analysis. In
metabolomics and lipidomics profiling, many hundreds

to

thousands

of

variables/features are analyzed simultaneously, which increases the chance for false
positive rates. Therefore, multiple test correction methods need to be applied123. The
most well-known correction is the Bonferroni123,126. Bonferroni correction is the
approach to control one or more false positives by specifying what level of
significance values should be examined in every single test126. As shown in equation
(19), n is the number of hypothesis tests performed, and α is the threshold of
probability in each individual test.
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𝜶′ =

𝜶
𝒏

(19)

Bonferroni correction is conservative by strict control of making Type I errors (false
positive) at the cost of increasing Type II errors (false negative). But, false negative
may affect the results of the study by overlooking features of potential interest.
Another multiple testing correction approaches such as FDR (False Discovery Rate)
can reduce the number of false negatives126,127. FDR is the expected proportion of the
false positives among all significant features128. The Benjamin and Hochberg
approach is one of the most popular FDR approaches in which the step-down
procedure is applied129. To control FDR rate at the level of 𝜹, the p-values are ranked
as 𝑝1 ≤ 𝑝2 ≤ ⋯ ≤ 𝑝𝑖 for a total of m tests, so that the equation (20) can be applied to
compute the significant p-values.

𝒑(𝒊) ≤ 𝜹 ×

𝒊
𝒎

(20)

The other recent method by Storey corrects for positive FDR, which calculates a pcorrected value or q-value for each tested feature127. The method uses the distribution
of the entire sets of p-values and how the distribution of real data is different to that
of null tests128. For each significantly-varied feature, its associated q-value can be
regarded as the expected ratio of false positives. Subsequently when we observe a qvalue of 0.05 for a particular feature, then 5% of metabolic features with p-values less
than 0.05 are likely to be false positives123.
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If the data is coming from more multiple groups (i.e., more than two groups) that
need to be compared at the same time, the favored method is often the Analysis of
Variance (ANOVA). ANOVA is a generalization of the t-test, and it is used to test if
the means of several groups are equal statistically. We usually apply the one-way
ANOVA when a single measured variable and one factor is being tested. However,
we should apply a two-way ANOVA, if there are a single measured variable and
more than one factor. An alternative method to one-way ANOVA is the Kruskal–
Wallis test which is nonparametric and makes no assumptions on the distributions of
the variables. In order to study time course data, we either use two-way ANOVA, or
we should deploy repeated measures models. A two-way ANOVA is defined as:

𝒀𝒊𝒋𝒌 = 𝝁 + 𝜶𝒊 + ß𝒋 + (𝜶ß)𝒊𝒋 + 𝜺𝒊𝒋𝒌

(21)

𝑌𝑖𝑗𝑘 is the value that we get from the kth sample at the jth time point when the ith
condition is present (𝑖 = 1, 2, . . . , 𝑎; 𝑗 = 1, 2, . . . , 𝑏; 𝑘 = 1, 2, . . . , 𝑛), µ is the true
mean of the population, α and ß are constants that correspond to experimental
condition and time, 𝜺𝑖𝑗𝑘 is the noise that is drawn from a Gaussian distribution130. If
some of the samples within the same group somewhat vary, then it is recommended
to use the repeated measures model instead of the two-way ANOVA analysis131. The
main difference between the two-way ANOVA and the repeated measures model is
that later model incorporates an additional subject error term (𝜹𝑖𝑘 ). This term (𝜹𝑖𝑘 )
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assumes variance-covariance structures among measurements of the same individual.
Ultimately, the F statistics which shows the between group to within group variance
ratio will be calculated. Comparison of the F value with the appropriate F distribution
table gives a p-value for the significance of any difference between experimental
groups.
2.6.2

Multivariate Statistical Methods

In contrast to univariate methods, multivariate analysis methods use all the features
simultaneously and, show the relationship patterns between features. These patternrecognition methods can be classified into two main groups as supervised and
unsupervised methods126,132. In unsupervised analysis methods, the similarity patterns
within the data are identified without considering the type or class of the samples. In
supervised methods, the sample labels and categories are used to determine those
features or features combinations that are more associated with a phenotype of
interest126. In the following, I will explain the methods that I have used in the research
studies in this dissertation.
2.6.2.1 Unsupervised Methods
The most prominent unsupervised methods in untargeted LC-MS lipidomics and
metabolomics analyses are principal component analysis (PCA), clustering (i.e.,
heatmap), and self-organizing map (SOM).
Principal Component Analysis (PCA)
When we have a high-dimensional lipidomics or metabolomics datasets (contains
thousands of metabolite features with peak intensities for each subject), it is desirable
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to find a few combinations of them that explain the total variation in the whole
datasets. PCA is one of the most well-grounded methods to perform dimensional
reduction in the large datasets133. PCA provides a set of orthonormal projection
direction vectors that are eigenvectors of the covariance matrix of the dataset133.
Orthonormality means that the inner product of the ith and jth vectors is one if i equal
j, and it zero otherwise133. Algebraically, the PCA method rotates the bases spanning
the data space such that the first new dimension (i.e., the projection direction,
principal component or PC) explains the maximum variance in the data samples. The
second one explains the second highest variance projection direction and so on.
Projecting a sample onto the ith PC means to compute the linear combination of the
values of each feature in the sample by using the corresponding weight from in that
PC133. The value that we obtain from projecting a sample onto the ith PC is called the
ith PCA score. If we project all the samples onto the first PC, the resulting scores will
have the highest possible variance, which means that most of the signal information
lies in that linear combination133. This will give us an importance measure of each
feature. When we apply PCA to metabolomics data, the PCs will provide a ranked
ordering of number of metabolite contributions. The orthonormality of the PCs results
in decorrelated scores associated with each PC. The score matrix constitutes the
positions of the observations on the rotated coordinate system. In the PCA score
plots, we usually use the scores associated with highest explained variance (or highest
eigenvalues of the covariance matrix)134. Therefore, the directions in which data has
the highest variability will be ranked higher, and the directions that data is still, or
they are only small noisy variations will be ranked lower. As a result, if we just
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project data onto the top PCs, we can have a lower dimensional transformation of the
data that captures most of the information that has been present in the original high
dimensional features (e.g., m/z)134. This lower dimensional representation is a good
fit for visualization of the data and usually referred to as PCA score plot. The PCA
score plots show possible groupings in a dataset. PCA has opened its way into many
areas and is one of the methods that are used in exploratory data analyses. An
example of a PCA score plot of the extracted lipid features from fish oil and krill oil
dietary supplements using UPLC-MS in negative ionization mode is shown in Figure
2.8.
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Figure 2.8 PCA clustering of lipid features extracted from fish oil and krill oil dietary
supplements showing different clustering groups according to the different supplements
contents conducted as part of this thesis research; presented at ASMS 2014

Hierarchical Clustering
All clustering algorithms group the samples in a way that similar (or co-occurring)
instances fall into the same group. Hierarchical clustering recursively clusters groups
themselves into new larger groups until there is one big group that contains all
smaller clusters135. To create a hierarchical clustering, we need to have similarity
measures for both instances and clusters. For example a similarity measure is
Euclidean or Manhattan distance, the closer they are the smaller distance is134. An
exemplary similarity measure for clusters can be the instance similarity of their
centroids. As a presentations tool, we can use dendrograms to see the overall structure
of all subgroups. Hierarchical clustering is usually presented along with a heatmap to
visualize the data matrix. Heat maps use contrasting colors to highlight different
entries in the data matrix. These entries can be almost any statistics that is related to
the data, for example, they can be pairwise distances between samples, even just the
values, correlation coefficients or p-values134. An example of unsupervised
hierarchical clustering using Euclidean distance visualized in a heatmap is shown in
Figure 2.9. The heatmap showing differential abundances of top 50 significant lipid
features extracted from fish oil and krill oil dietary supplements from UPLC-MS
negative electrospray ionization mode. Each row represents a relative abundance of
each feature (m/z, RT), and each column represents a sample. The degree of color
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saturation expresses the magnitude of relative intensity of each feature in each
sample.

Figure 2.9 Unsupervised hierarchical clustering heat map of lipid features’ relative
abundances extracted from fish oil and krill oil dietary supplements in negative electrospray
UPLC-MS mode conducted as part of this thesis research; presented at ASMS 2014

Self-Organizing Map (SOM)
The main drawback of PCA is that it is not capable of capturing nonlinearly separable
groupings in the data. Consider a two dimensional of a Swiss roll of chocolate cake
with cream filling (Figure 2.10). To the human eye; there are two interlaced clusters:
the chocolate cluster and the cream cluster. But unfortunately, PCA is not able to
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separate them, and will only detect one cluster (Figure 2.11). This is why we need to
resort to nonlinear clustering methods.

Figure 2.10 Swiss chocolate roll

(http://www.cookingbymoonlight.com/2012/04/chocolate-cream-swiss-roll.html/)

One of the unsupervised clustering methods that capture nonlinearities in the data is
self-organizing map (SOM). SOM is neural network based method that can be used to
visualize high-dimensional data136, even if the correlations in the data are nonlinear.
By writing an R program, I synthetically generated sample points from a Swiss roll
model and applied both PCA and SOM to the generated data points. An example
provided in Figure 2.11 shows that PCA cannot separate the different classes
(chocolate and cream layers), however, SOM can separate classes like a piece of
cake!
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In SOMs, each node is a vector with the same dimensionality as input data samples.
In SOMs nodes (lipid/metabolite) intensifies the importance of their fellow neighbor
metabolites/lipids if they happen to be similar to themselves. Like PCA, we can use
SOM as a dimensionality reduction technique that can be used for visualization.
SOMs have proven to be successful in several applications, including detecting
biomarkers for early-stage renal cell carcinoma137–139. I will explain the advantage of
SOM in untargeted mass spectrometry-based lipidomics and metabolomics in chapter
4 in more detail.

Figure 2.11 A) PCA vs. B) SOM applied to synthetically generated Swiss roll data points
using R program.

2.6.2.2 Supervised Methods
Supervised methods use both features and their associated labels when selecting their
parameters. If the labels are discrete values (e.g., healthy vs. unhealthy groups), then
the problem is called a classification problem, and if they are continuous variables,
then the problem is called a regression problem (e.g., metabolite concentration).
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Supervised learning methods comprise a large family of techniques that range from
decision trees to support vector machine to modern deep neural networks. The
common theme across supervised methods is that the model finds a predictive
association between labels as a function of features. In metabolomics and lipidomics,
one of the broadly utilized supervised learning methods is the Partial Least Squares
method (PLS) that can be practically used both as a regression or as classification
method140,141 PLS-Discriminant Analysis (PLS-DA) is normally applied to
classification problems, either when detecting discriminant variables that maximize
the distance between sample groups is required, or when needing to classify the
samples based on the learned distribution of the known classes. The supervised
methods are likely to over fit the training data; even if the data contains noise or
erroneous labels, they will learn the wrong concept that is presented to them126.
Validation techniques like cross-validation and bootstrapping are introduced to
decrease the effect of overfitting, and to guarantee that the learned method
generalizes well to unseen samples that are not observed in the training data141,142. To
validate PLS or PLS-DA models, Predicted Residual Sum of Squares (PRESS), Q2
and R2 can be computed. The R2 is a measure of fitness of the model to the training
data set while Q2 and PRESS are used to evaluate the predictive power of the
model134,140,141. An example of a PLS-DA score plot of the extracted lipid features
from fish oil and krill oil dietary supplements using UPLC-MS in negative ionization
mode is shown in Figure 2.12. The orthogonal-PLS (OPLS) is an extension of the
PLS method, which splits up the variations if the data into the variance of interest due
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to the label differences and the variance due to noise. OPLS simplifies the
interpretation of the results143.

Figure 2.12 PLS-DA clustering of lipid features extracted from fish oil and krill oil dietary
supplements showing different clustering groups according to the different supplements
contents
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2.7

Identifications and Characterizations of Metabolites and Lipids

The accurate identifications of metabolites and lipids are the essential part of
transferring untargeted LC-MS profiling data into meaningful biological information.
However, this process of confidently annotating features is very challenging and
time-consuming due to the biochemical diversity of metabolites. Fortunately, there
are several parameters (such as accurate mass, retention time, and MS/MS
fragmentation) and online databases, which enhance the confidence levels of
metabolite identifications144. The minimum reporting criteria for metabolite/lipid
identification proposed by the Metabolite Standard Initiative (MSI)145. The MSI
defined four levels of identification; the highest level (level 1) is based on matching
parameters [e.g., m/z, RT, isotopic pattern, MS/MS spectrum) of an authentic
reference standard analyzed under the same condition as the metabolite/lipid of
interest. Utilizing this level of structural information will affirm the correctness of the
identified metabolites or lipids.
If a compound has been just identified by using a reference library without the
presence of a chemical standard compound, then it is the second level of
identification termed as putatively annotated compounds. Putatively characterized
compound classes are referred to as the third level of identification, where a
compound has spectral similarity or matching chemical properties to a class of
compounds. Unknown compounds are the fourth level of identification when we are
certain about the existence of a due to a real signal coming from a chemical entity145.
2.7.1

Using Databases
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High resolution MS provides broad range of resolving power (10,000-450,000 fullwidth half-height maximum, FWHM) with high mass accuracy (a sub-ppm; less than
1-5 ppm), and high sensitivity, which has greatly facilitated the MS data analysis
workflow46. Mass accuracy plays a critical role during spectral alignment, feature
extraction, and annotation process. Different forms (ion species) of one molecular ion
(adducts, clusters, and in-source fragments) can be formed during ionization in LCMS, and these ion species have different m/z values. On the other hand, these adducts,
clusters, and fragments are usually formed in the source of ESI-MS instrument, so
they share the same retention time as the parent molecular compound146. Such
redundancy in spectral ions (different m/z but same RT) results in more complex data
sets. Thus, a clustering algorithm such as Pearson correlation embedded in CAMERA
(Collection of Algorithms for MEtabolite pRofile Annotation) software package in R
environment can be applied to group these related ion features information for
identification of the metabolite ion of interest147.
The most basic level of annotation is based on the comparison of the measured m/z
with the theoretical m/z from the databases, and only metabolites that are within mass
tolerance levels usually less than 5 ppm (ppm = (deviation of measured mass in
atomic mass units/exact molecular weight) x 106) are being selected148. The most
common freely available databases for metabolites and lipids identifications are
Human Metabolome Database (HMDB)149, METLIN150, LipidMaps151, My
Compound ID (MC ID)152, and LipidBlast153.
2.7.2

Spectral Characterization
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Additional information such as MS/MS fragmentations is also of particular
importance for structural elucidation of different metabolites with the same elemental
composition154. The structural elucidation of a metabolite ion depends on the quality
of its MS/MS spectrum. High-quality MS/MS data provide clean fragment ion
information representing different parts of the molecule of interest and hence improve
structural characterization of the metabolite. For MS/MS investigation of a molecule
in untargeted LC-MS analysis, two common acquisition methods are popular
including data dependent acquisition (DDA) and data-independent acquisition
(DIA)155. The DDA method produces MS/MS data from the most abundant ions in a
targeted approach. Thus, there is a low coverage of MS/MS information for lowabundant metabolite ions because the main limitation of the DDA strategy is the low
reproducibility of detecting a precursor ion and submitting it for MS/MS analysis
across multiple samples154. Recent advances in high resolution MS instruments
facilitate data-independent analysis (DIA) strategies to obtain unbiased all product
ions for all precursor ions simultaneously, thus increasing the coverage of metabolites
and reduce the identification of false negatives156,157 There are several data
independent acquisition techniques that have been applied in high resolution mass
spectrometry-based lipidomics and metabolomics such as SWATH (sequential
window acquisition of all theoretical mass spectra)156,158, All ion fragmentation
(AIF)159,160, and MSAll (MSE)40,161,162. I used MSE in the research work that presented
in this dissertation, so I will explain it in more details in the following.
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2.7.2.1 SWATH
SWATH refers to as sequential mass window acquisition of all theoretical fragmentsion mass spectra, and was introduced in the SCIEX Triple ToF instruments158,163. In
SWATH acquisition, the ions within 25-Da windows set across the entire mass range
of interest are transferred from the Q1 (first quadrupole) to the collision cell during
the entire run. The Q1 quadrupole window can be stepped across the mass range,
collecting full scan composite MS/MS spectra at each step, with an LC compatible
cycle time. The transmitted ions are fragmented and resulting product ions are then
sequentially analyzed in high resolution-TOF mass analyzer. The generated high
quality extracted ion chromatograms data will be analyzed by post-acquisition tools
to identify potential metabolites156. The main advantage of SWATH data acquisition
is the sequential mass windows can be set to a narrow range for precursor ion
selections, which decrease the risk of co-eluting metabolite ions during the analysis of
complex samples.
2.7.2.2 AIF
All-Ion Fragmentation (AIF) acquisition was first implemented in Q ExactiveOrbitrap mass spectrometer164. In AIF data acquisition, full scan MS is acquired in
the Orbitrap, following fragmentation of all ions without precursor ion selection in
the higher-energy C-trap dissociation (HCD) cell. In the HCD cell, energy is ramped
in steps at specified percentage around the chosen middle energy. Product ion and
neutral loss filtering tools can be applied in post-acquisition tools for data mining in
the HCD ion chromatograms for metabolite and lipid characterization160,165
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2.7.2.3 MSE
MSE (E stands for elevated energy ) is one of the most common acquisition methods
for untargeted UPLC-MS metabolomics and lipidomics analysis, which was
introduced in Waters QToF instruments in 200681,166. During data acquisition, the
energy of the gas-filled (usually N2) traveling-wave collision cell is dynamically
switched between a low-energy and an elevated-energy status. Briefly, in the first
function (MS1), Q1 is usually scanned from m/z 50–1200, and Q2 (collision cell)
applies a normal low collision energy that provides for transmission of intact ions
through cell collisions. These ions are then pushed into time-of-flight (TOF) analyzer
and detected with high resolution and mass accuracy. The second scan function
(MS2) also scans Q1 over the same mass range; however, Q2 now has a high
collision energy that fragments all of the precursor ions transmitted through Q1
without preselection. The resulting ions are again detected in the ToF analyzer
(Figure 2.13). In this way, two chromatograms are generated, one with information on
the parent ions from the Q1 function (low collision energy), and the other with the
fragmented ion information from the Q2 function (elevated collision energy). The
main advantage of MSE is the ability to provide the information of the precursor and
product ions in parallel alternating scans simultaneously in one analytical run. The
outputs of LC-MSE are lists of time-aligned precursors and product ions annotated
with their respective accurate mass, retention time, intensity, charge state and other
physicochemical properties (e.g., arrival time in case of mobility measurement).
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Figure 2.13 An overview of UPLC-MSE analysis created partially from Plumb et al166.

If the ion mobility separation is combined with UPLC-MSE analysis, it is referred to
as UPLC-HDMSE. As mentioned in previous section (2.3.3), ion mobility
spectrometry is a gas-phase electrophoretic technique that separate analyte ions
according to their charge, shape, and size and their interaction with the drift gas. The
collision cross section (CCS) of a given ion can be calculated by measuring the time
required for an ion traverse ion mobility chamber filled with a neutral gas. Separation
of the ions occurs in the millisecond time scale, making it compatible with time-offlight mass spectrometry detection. Both the trap T-wave and transfer T-wave regions
of Tri-wave regions of the ion mobility chamber are capable of fragmentation process
through collision induced dissociation (CID) as shown in Figure 2.14. If the high
collision energy applies only in the trap region, fragmentation occurs prior entering
IMS T-wave region. Then, both products and precursor ions undergo mobility
separation, and are guided to the ToF detector with no collision at transfer T wave
cell. Therefore, structural information for both precursor and product ions is obtained
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simultaneously. Alternatively, if high collision energy applies only in the transfer Twave region, fragmentation only occurs after ion mobility separation. Therefore,
product ions are aligned in drift time correlation with their respective precursor ions
(Figure 2.14). This is particularly beneficial in case of coeluting and isobaric
metabolites/lipids, which results in cleaner MS/MS (product-ion) spectra and reduce
false-positive assignments in complex matrices85. I applied the advantages of UPLCHDMSE for separation of co-eluting lipid ions in the research projects described in
the Chapters four and five. Additional advantage of HDMSE is enhanced
deconvolution of low abundant metabolite/lipid ions from higher abundant
metabolites/lipids molecules that occupy the same m/z and retention time space167.
Another approach to obtain more structural information on the metabolite/lipid ions is
to apply high collision energy in both the trap T-wave and transfer T-wave regions,
which is called time-aligned parallel (TAP) fragmentation83,86 (Figure 2.14).
Association of secondary fragment ions produced in the transfer collision cell with
specific drift times of first generated fragment ions in the trap collision cell favors the
production of pseudo-MS3 spectra83. All the generated MS/MS and ion mobility data
can be processed by software algorithms designed by the Waters Corporation such as
MSE data viewer and DriftScope. The main function of DriftScope algorithm is to
deconvolute multidimensional IMS data (m/z, RT, peak intensity, and drift time) to a
two-dimensional format (for example m/z and drift time).
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Figure 2.14 The principle of different fragmentations possibilities in Tri-wave IMS region
including elevated collision induced dissociation in a) only trap region, b) only transfer
region, and c) both regions (TAP)

Moreover, calculating CCS values which represents a physiochemical property of an
ion facilitate the confidence of lipid/metabolite structural characterization, leading to
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enhanced specificity of lipid/metabolite identification24,168,169. In traveling wave ion
mobility, the relationship between CCS and measured drift time cannot be calculated
directly, since the motion of the ions in “Tri-wave” region in the presence of
electrodynamic waveform potential is complicated, and up to date, is not fully
addressed170. Therefore, the TWIMS device is usually calibrated using mixture of
molecule ions with known CCS values that have been previously measured in DTIMS instrument24. Finally, the experimentally determined CCS values of the
metabolite ions will be compared with theoretical CCS values to confirm the
assignment of structural information of the given metabolite/lipid. The theoretical
CCS value can be computed using MOBCAL software171.
2.8

Network Mapping

Providing an intuitive biological interpretation regarding the identified metabolites or
lipids can be challenging, however domain knowledge can somewhat help to decipher
metabolite and lipid interactions with known pathways. Metabolomics and lipidomics
datasets can generate overwhelming and seemingly incoherent lists of metabolites and
lipids, which network mapping sights to place into a broad set of possible biological
connections by assigning metabolites and lipids to relevant metabolic pathways.
Therefore, computational tools are needed to putatively integrate the identified
metabolites and lipids with pathway information from various databases. Pathwayenrichment analyses172, which are common in gene expression analysis, have been
used with metabolomics data to identify the impacted metabolomics pathways173,174.
For example, metabolite set enrichment analysis (MSEA) computes a ranked list of
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potentially important metabolic pathways based on the observed number of
metabolites associated with that pathway. One commonly used network mapping tool
is Cytoscape175, a generalized network interaction and visualization tool, and the
metabolism plugin for Cytoscape is called Metscape176,177. MetScape utilizes known
pathways from Kyoto Encyclopedia of Genes and Genomes (KEGG)178 and
Edinburgh Human Metabolic Network (EHMN)179 databases to generate the networks
to visualize the affected metabolic pathways177.
While the pathway databases provide high-quality data that cover the majority of
metabolites, their coverage of lipids, is significantly lower, resulting in nearly low
coverage of tentatively identified lipids180. To overcome this problem, software tools
such as MetamapR have exploited additional information including Tanimoto
chemical structural similarity and mass spectral similarity scores181. Mummichog182
and PIUMet183 are other network mapping software, which expedite unknown
metabolite identification by network integration of mass spectra peaks in untargeted
LC-MS-based metabolomics and lipidomics
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Chapter 3

Development of UPLC-IMS-MSE Lipidomics Analysis for

Assessment of Altered Lipid Homeostasis in Mouse Hippocampus
Exposed to Low-dose Irradiation

Fereshteh Zandkarimi, Yuan Jiang, Jacob Raber, Claudia S. Maier
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3.1

Abstract

The drastic increase of exposures to ionizing radiation (IR) in the modern life has
raised concerns about humans' health. To ascertain the response of biological systems
to the type and the absorbed dose of radiation, reliable and high throughput
techniques are required. The mass spectrometry-based lipidomics has risen as a
compelling tool for comprehensive identification and quantification of an extensive
range of lipid species.
The biomolecular response of hippocampus to low dose IR exposure and potential
subsequent impairment in hippocampus cellular lipids are not well understood. In this
study, we develop and apply untargeted ion mobility-enhanced data independent mass
spectrometry coupled with liquid chromatography (UPLC-HDMSE) to investigate
mice hippocampi lipidome after exposure to low-dose whole body radiation (X-rays,
1Gy). In our study, statistical analyses have revealed remarkable lipidomic
perturbations in the hippocampus of irradiated vs. sham-control groups after 24h postirradiation. Significant accumulations in the levels of diacylglycerols, phosphatidic
acids,

glycosylated

ceramides

(HexCer),

sulfatides

(ST),

and

phosphatidylethanolamine plasmalogens (PlsEtn) were observed. Conversely,
ceramides and phosphatidylethanolamines levels were significantly decreased. Due to
their important roles in the hippocampal cognitive function, increased levels of ST
and PlsEtn might signify the lipid-pathway associated hippocampal response to lowdose radiation exposure.
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3.2

Introduction

In recent years, the surge in inevitable exposure to ionizing radiation (IR) in the
modern society raises health concerns due to possible harmful effects of radiation184.
In particular, the brain can be exposed to ionizing radiation as part of cancer therapy,
nuclear energy accidents, or workplace industrial hazards

185

. To ascertain the

response of biological systems to the type and the absorbed dose of radiation, reliable
and high throughput techniques are required186.
Most of the focus of research works has been on detrimental effects of high-dose
radiation on brain, although many radiation-based medical diagnostic procedures are
at very low-dose exposure187–189. The hippocampus -- neurogenic region in brain,
important for learning, consolidation and retrieval of information and memory -- is
very sensitive to radiation184,190,191. Hippocampus sends information to the other
regions by releasing chemicals called neurotransmitters across junctions known as
synapses192,193. Therefore, any perturbation in hippocampal cells induced by radiation
exposure may lead to cognitive dysfunction and impaired neurogenesis194–197. The
biomolecular response of the hippocampus to low-dose radiation and hippocampusdependent memory is still not fully understood. There are several recent efforts that
have utilized mass spectrometry-based proteomics techniques to investigate the
adverse effects of low-dose radiation on the hippocampus196,198,199. Recent proteomics
study on mice hippocampus have revealed that low-dose radiation exposure impedes
dysregulation of signaling pathways related to synapses199. Lipidomics is an
analytical approach to comprehensive study of pathways and networks of all cellular
lipid species in a complex biological sample16.
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The brain in general and the hippocampus in specific are enriched with different
classes of lipids such as glycerophospholipids (e.g. phosphatidylcholines, PC;
phosphatidylethanolamines, PE; phosphatidylserines, PS) sphingomyelins (SM),
sphingolipids (e.g. ceramides, Cer; sulfatides, ST), fatty acids, and glycerolipids200,201.
Plasmalogens constitute a special class of structural glycerophospholipids
characterized by an ether-linked fatty acyl (plasmenyl and plamanyl lipids) instead of
the ester-linked fatty acyls at the sn-1 position of the glycerol moiety202. The most
abundant plasmalogens in mammalian tissues are plasmalogen ethanolamines
(PlsEtn) and choline plasmalogen in the form of plasmenyl lipids203. PlsEtn
compromise nearly 90% of the total phosphatidylethanolamines (PEs) content of the
brain with the highest percentage in myelin sheets and central nervous system
(CNS)204,205. The presence of vinyl-ether linkage in the structure of the plasmalogens
has an important role in their biological function in cellular membranes206.
Dysregulation or impairment in biosynthesis of plasmalogens can effect membrane
fluidity, myelin structure, and signal transduction, which is reported in various
degenerative diseases203,207,208.
Advances in high-resolution mass spectrometry in conjunction with ultraperformance liquid chromatography separation techniques have greatly enhanced the
development of lipidomic profiling for simultaneous separation ,detection, and
identification of a wide-range of lipid species209–212. The utility of the ion mobility
spectrometry (IMS) provides an additional dimension of separation, which is
orthogonal to LC-MS for co-eluting and/or isobaric lipid species based on crosssectional area, shape, and charge of the ions in the gas phase81,82,86,213.

Data-
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independent acquisition (DIA) modes such as MSE allow us to acquire extensive
fragmentation data from a wider range of lipids in a single analytical run166. In MSE
acquisitions, alternating MS scans are collected simultaneously without preselecting
any specific ions at low and high collision energy, providing information on precursor
and fragment ions regarding to the retention-time correlation, respectively40,85.
Moreover, IMS-MS-enhanced MSE (travelling wave ion mobility spectrometry
combined with MSE also referred to as HDMSE) improves peak capacity while
decreasing background noise to increase selectivity of precursor to product ion
alignment, using information on both retention and drift time24,85,169,214,215. Therefore,
the cleaner MS/MS spectra relieve lipid identification and decrease false-positive
assignments in complex biological samples.
In this study, we employ untargeted mass spectrometry-based lipidomics analysis
(UPLC-HDMSE) to identify biomolecular pathways corresponding to alterations in
lipid metabolism in mice hippocampus in response to low-dose radiation exposure.
We also utilized the advantage of ion mobility enhanced MSE for structural
characterization of plasmalogen lipids. The findings of this study provide insight into
the mechanism of response of the hippocampus lipidome to low-dose radiation
exposure.
3.3
3.3.1

Materials and Methods
Chemicals

HPLC-grade solvents such as acetonitrile (CH3CN), methanol (MeOH), isopropyl
alcohol (IPA), dichloromethane (CH2Cl2), and water were purchased from J.T. Baker,
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Inc. (Philipsburg, NJ, USA). Ammonium acetate, butylated hydroxytoluene (BHT),
leucine enkephalin (Leu-Enk), and polyalanine were purchased from Sigma Aldrich
(St. Louis, MO). All chemicals were analytical grade purity or higher.
Lipids standards, including triacylglycerol (TAG) (17:0/17:0/17:0), ether linkedphosphatidylcholine

(PC)

(O-17:0/2:0),

lysophosphatidylethanolamine

(LPE)

(17:1/0:0), lysophosphatidylglycerol (LPG) (17:1/0:0), lysophosphatidylserine (LPS)
(17:1/0:0), C24:1ceramide (d18:1/24:1), C24:1 glucosylceramide (d18:1/24:1), C24:1
galactosylceramide (d18:1/24:1), C24:1 mono-sulfo galactosylceramide (d18:1/24:1),
sphingomyelin SM (d18:1/16:0), and natural lipid classes purified from porcine brain
(L-α-lyso phosphatidylethanolamine plasmalogen, L-α-phosphatidylethanolamine,
Cerebrosides, and Sulfatides) were purchased from Avanti Polar Lipids Co.
(Alabaster, AL, USA).
Stock solutions of lipid standards and standard extracts were prepared in
dichloromethane/methanol solution (2:1 v/v, containing 1mM BHT) at concentration
of 1 mg/ml, and stored in -80 ˚C. Stock solutions were diluted prior analysis in
IPA/ACN/Water (4:3:1, v/v/v).
3.3.2

Animal Irradiation and Sample Collection

Male C57BL6/J wild-type mice (Five and a halve-month-old, n = 10) were purchased
from the Jackson Laboratory (Bar Harbor, ME), and were housed under a constant 12
h light: 12 h dark cycle. The mice were cognitively trained in a contextual fear
conditioning paradigm as explained in details previously 198. Briefly, two hours after
training, half of the mice (n = 5) was received whole body irradiation at a dose of 1
Gy (dose rate: 1.25 Gy/min). Sham control mice (n = 5) were treated the same way as
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irradiated mice by being placed into the new cage for the same duration of time. The
next day, or 24 h after irradiation, the mice were tested for recall of conditioned fear.
Two hours after the contextual test, the mice were sacrificed by cervical dislocation.
The hippocampus was dissected and stored on dry ice until further processing.
All animal experiments were approved by the Institutional Animal Care and Use
Committee at the Oregon Health & Science University (Portland, Oregon).
3.3.3

Lipid Extraction

Between 10 and 20 mg of the hippocampal tissue of the left-brain hemisphere of each
mouse was transferred to a pre-weight Eppendorf tube. The tissue samples were
homogenized for 5 min in a TissueLyser by adding a pre-chilled methanol
(MeOH)/water mixture (1:1; v/v) containing internal standards. Following this, lipids
were extracted from 100 µL of the homogenate by adding a pre-chilled solution of
DCM/MeOH (2:1, v/v/v). Samples were vortex-mixed vigorously for 2 min and
centrifuged for 20 min at 8000×g at 4˚C. The bottom lipid-containing phase was
transferred with a glass pipette to fresh glass vial. The extracts were evaporated to
dryness under the stream of N2 gas and re-constituted in a solution containing IPA/
ACN /water (4:3:1, v/v/v) for further MS analysis. The protein amounts in the soluble
fractions were determined using the Bradford assay

216

. A quality control (QC)

sample was prepared by combining 20 µL of each sample to assess the reproducibility
of the features through the runs.
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3.3.4

Ultra-Performance Liquid Chromatography Analysis

Lipidomic Analysis was performed on an Acquity UPLC I class system coupled to a
Synapt

G2

time-of-flight

mass

spectrometer

(Waters,

Manchester,

U.K.).

Chromatographic separation was carried out at 55 °C on Acquity UPLC HSS T3
column (2.1× 150 mm, 1.8 μm). Mobile phase A consisted of ACN/water (60:40, v/v)
and mobile phase B was IPA/ACN/water (85:10:5, v/v/v) both containing 10 mM
ammonium acetate. After injection, the gradient was held at 60% mobile phase A for
1 min. For the next 10 min, the gradient was ramped in a linear fashion to 100% B
and held at this composition for 3 min. The eluent composition returned to the initial
condition in 1 min, and the column was re-equilibrated for an additional 1 min before
the next injection was conducted. Injection volumes were 5 µL using the flowthrough needle mode in both positive and negative ionization modes.
The QC sample was injected between the samples and at the end of the run to monitor
the performance and the stability of the MS platform217. This QC sample was also
injected at least 5 times at the beginning of the UPLC/MS run, in order to condition
the column217.
3.3.5

Mass Spectrometry Analysis

Data Independent Analysis (MSE)
The Synapt G2 mass spectrometer (Waters, Manchester, U.K.) was operated in both
positive and negative electrospray ionization modes. For positive mode, a capillary
voltage and sampling cone voltage of 3 kV and 35 V were used. The source and
desolvation temperature were kept at 120 °C and 500 °C, respectively. Nitrogen was
used as desolvation gas with a flow rate of 700 L/hr. For negative mode, a capillary
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voltage of -2.2 kV and a cone voltage of 40 V were used. The source temperature was
100 °C, and desolvation gas flow was set to 600 L/hr. Dependent on the ionization
mode the protonated molecular ion of leucine enkephalin, [M+H]+ (m/z 556.2771) or
the deprotonated molecular ion [M-H]- (m/z 554.2615) was used as a lock mass for
mass accuracy and reproducibility. Leucine enkephalin was introduced to the lock
mass at a concentration of 2 ng/µL (50% ACN containing 0.1% formic acid), and a
flow rate of 5 µL/min. The data were collected in duplicates in the centroid MSE
mode over the mass range m/z 50 to 1500 with an acquisition time of 0.08 seconds
per scan. In MSE acquisition mode, the precursor ion data were collected using a low
collision energy setting of 4 eV, while a collision energy ramp from 20-55 eV was
applied in the transfer region of the T-Wave device for the collection of fragment ion
data. Argon gas was used for collision induce dissociation. The ToF analyzer was
operated in the resolution V-mode.
Travelling-Wave Ion Mobility Spectrometry (IMS-MSE)
All the samples and extracted lipid standards were also acquired in IMS-MSE in both
positive and negative ionization modes for increasing the assignment of lipid species.
ESI source settings were the same as described above. Collision cross-section
calibration was performed using singly charged polyalanine oligomers as previously
described in both positive and negative ESI modes169. After optimization of ion
mobility parameters to achieve optimal mobility separations using a mixture of lipid
standards, a calibration curve was created by using a solution of poly-alanine
(0.1mg/L).
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The traveling wave velocity was set to 550 m/s and wave height was 40 V. Argon
was kept at a pressure of 2.5×10-2 mbar for both trap and transfer regions (T-wave)
as the collision gas. The helium gas flow in the helium cell region of the ion-mobility
spectrometry (IMS) cell was set to 180 mL/min to reduce the internal energy of the
ions and minimize fragmentation. Nitrogen as the drift gas was held at a flow rate of
90 mL/min in the IMS cell. The low collision energy was set to 4 eV, and high
collision energy was ramping from 30 to 65 eV in the transfer region of the T-Wave
device to induce fragmentation of mobility-separated precursor ions.
3.3.6

Data Processing and Analysis

All raw data files were converted to netCDF format using DataBridge tool
implemented in MassLynx software (Waters, version 4.1). Then, they were subjected
to peak-picking, retention time alignment, and grouping using XCMS package104
(version 1.39.4) in R (version 3.1.2) environment.

For the peak picking, the

CentWave algorithm218 was used with the peak width window of 6-30 s. For peak
grouping, bandwidth and m/z-width of 5 s and 0.05 Da were used, respectively. After
retention time alignment and filling missing peaks, an output data frame was
generated containing the list of time-aligned detected features (m/z and retention
time) and the relative signal intensity (area of the chromatographic peak) in each
sample.
Technical variations such as noise were assessed and removed from extracted
features' list based on the ratios of average relative signal intensities of the blanks to
QC samples (blank/QC >1.5). Also, peaks with variations larger than 30% in QCs
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were eliminated. Coefficients of variation (CV) of peak areas were also calculated for
the identified lipid subclasses.
Multivariate and univariate analysis were performed using MetaboAnalyst219 (version
3.0) and in R (version 3.0.1) environment. Unsupervised (Principal component
analysis, PCA) and supervised (partial least-squares discriminant analysis, PLS-DA)
pattern recognition techniques were applied to the processed log-transformed and
auto-scaled data. Group differences were assessed using student t-test (p < 0.05)220
and false discovery rate of 5% to control for multiple comparisons127,128,221. CCS
values for lipids obtained using DriftScope (V2.1) and at the apex of the arrival time
distribution168,169. Pearson correlation coefficient between sphingolipids calculated in
R, and visualized in heatmap.
3.3.7

Structural Assignment of Identified Lipids

Structural elucidation and validation of significant features were initially obtained by
searching monoisotopic masses against the available online databases such as
HMDB222, METLIN150, LipidMaps223, and LipidBlast153, with a mass tolerance of 5
ppm. Fragment ion information obtained by tandem MS (UPLC-IMS-MSE and
UPLC-MS/MS) analysis for further structural elucidation. The conditions described
for each sample was identical to those used for MS/MS analysis. IMS-MSE data were
processed using MSE viewer V1 (Waters Corp., MA, USA).
3.3.8

Lipids Network Visualization

Annotated lipids from both ionization modes were integrated into a single data set. In
the case of lipid detections with different adducts or both ionization modes, the one
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with the higher signal-to-noise-ratio was selected for further analysis. Lipids were
clustered

using

chemical

structural

clustering tool

at

PubChem

website

(https://pubchem.ncbi.nlm.nih.gov/). The generated pair-wise chemical similarity
matrix, which contains Tanimoto similarity coefficients between 0 to 1 (the Tanimoto
score of 1 reflects identical structures) were downloaded180,224. A pair-wise similarity
matrix with a threshold of 0.85 Tanimoto score and the list of associated lipids were
used as an input file into the Gephi (version 0.9.1), a visualization open-source
software for complex networks225. Significantly dysregulated lipids containing logfold change were mapped to node size, and edges represent the Tanimoto similarity
index.
3.4

Results and Discussion

The hippocampus has a key role in cognitive function and learning and is very
sensitive to radiation exposure. We applied high-resolution mass spectrometry in
combination with ultra-performance liquid chromatography and ion mobility to
determine the hippocampal lipidome changes as the result of exposure to 1 Gray
whole-body X-ray post-irradiation. The extracted tissue lipids (five biological
replicates within each group) were randomized and analyzed in triplicates with a set
of QCs using UPLC-IMS-MSE in both ionization modes. Figure 3.1 shows the total
ion chromatograms (TICs) for the separation of different lipid classes in both positive
and negative electrospray ionization modes.
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Figure 3.1 Total ion chromatograms of lipid profiling of mice hippocampus demonstrating
the elution times of the different lipid classes during 15 min run time detected in A) positive
electrospray ionization mode (ESI+) and B) negative electrospray ionization mode (ESI-)
from the UPLC-MS analysis. PC: Phosphatidylcholine, PE: Phosphatidylethanolamine, SM:
Sphingomyelin, DAG: Diacylglycerol, PI: Phosphatidylinositol, PS: Phosphatidylserine, PA:
Phosphatidic acid, Cer: Ceramide, HexCer: mono-hexosyl ceramide, ST: Sulfatide, FA: Fatty
acid

Overall, over 2,650 features in both ionization modes were extracted after retention
time alignment and peak detection using XCMS package in R environment. We
structurally assigned 195 unique lipid molecules from 16 lipid subclasses with CV
<12% for each subclass (Table 3.1).
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Table 3.1 Reproducibility assessment of identified lipids (CV%: Coefficient of Variation
percentage)

We compared signal intensities of extracted features of sham-control and irradiated
mice tissue samples using partial least squares-discriminant analysis (PLS-DA) in
both positive and negative electrospray ionization modes. As shown in Figure 3.2,
PLS-DA score plots depicted clear separation between sham-control and irradiated
hippocampal tissue samples. The quality of the model was assessed with R 2
(goodness of fit) and Q2 (predictive power) criteria. To increase the statistical power
during analysis because of the moderate number of samples (n=5) in each group, we
combined the biological and technical replicates in each ionization mode220.
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Figure 3.2 Partial Least Squares-Discriminant Analysis (PLS-DA) of the mice hippocampal
lipid extracts between sham and irradiated (whole body X-ray irradiation,1 Gy) groups in A)
positive electrospray ionization mode (ESI+) and B) negative electrospray ionization mode
(ESI-). PLS-DA score-plot clustered sham and irradiated groups separately

Increased numbers of biological replicates will be necessary to provide more rigorous
statistical analysis. Statistical analysis using Welch t-test revealed dysregulated
feature ions (q ≤ 0.05) between sham-control and irradiated groups. All lipid ions and
significantly altered lipid species in response to low-dose X-ray radiation were
identified based on retention time, m/z, and fragmentation patterns from tandem MS
data (Table 3.2, Figures AS1-AS3).
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Molecular
formula &
detected adducts

RT
(min)

m/z
(observed)

m/z
(theoretical)

Accuracy
(ppm)

C39H76O5
[M+Na]+

9.6

647.5596

647.5585

1.7

7.10E-06

C39H74O5
[M+Na]+

9.4

645.5437

645.5428

1.4

1.00E-03

1.87E-06

C41H78O5
[M+Na]+

9.73

673.5753

673.5741

1.8

1.7

1.00E-03

2.64E-06

C43H76O5
[M+Na]+

9.27

695.5586

695.5585

0.1

PA(16:0/18:1) b

1.7

5.30E-02

5.97E-03

C37H71O8P
[M-H]-

7.74

673.4805

673.4814

-1.3

PA(18:0/18:1) b

1.73

5.20E-02

9.00E-03

C39H75O8P
[M-H]-

8.34

701.512

701.5127

-1.0

PA(18:1/18:1) b

1.93

4.90E-02

2.55E-03

C39H73O8P
[M-H]-

7.79

699.496

699.497

-1.4

PE(16:0/16:0) b

0.7

4.90E-02

2.90E-03

C37H74NO8P
[M-H]-

8.09

690.5062

690.5079

-2.5

PE(16:0/20:4) b

0.8

3.80E-02

1.98E-03

C41H74NO8P
[M+Na]+

7.22

762.5048

762.5044

0.5

PE(18:0/18:0) b

0.8

5.06E-02

9.82E-03

C41H82NO8P
[M-H]-

8.48

746.5706

746.5705

0.1

PE(18:0/20:1) b

1.54

3.90E-02

3.00E-03

C43H84NO8P
[M+H]+

8.71

774.6009

774.6007

0.3

PE(p18:0/20:1) b

1.6

3.90E-02

3.00E-03

9

758.6062

758.6058

0.5

PE(p18:1/20:1) b

1.6

3.80E-02

2.80E-03

8.58

756.5906

756.5902

0.5

Cer(d18:1/18:0) b

0.75

5.50E-02

9.11E-03

C43H76O5
[M+H-H20]+

8.41

548.5415

548.5407

1.5

Cer(d18:1/24:1)a

0.81

3.80E-02

2.71E-03

C42H81NO3
[M+H]+

9.08

648.6301

648.6289

1.9

HexCer(d18:1/18:0) b

1.62

3.90E-02

1.53E-03

C42H81NO8
[M+H]+

7.72

728.6034

728.6035

-0.1

HexCer(d18:1/20:0) b

1.66

3.85E-02

2.15E-03

C44H85NO8
[M+Na]+

8.27

778.6157

778.6167

-1.3

HexCer(d18:1/22:1) b

2.1

3.80E-02

1.00E-03

C46H87NO8
[M+H]+

8.28

782.6503

782.6504

-0.1

HexCer(d18:1/24:1)a

2.21

3.90E-02

2.71E-03

C48H91NO8
[M+Na]+

8.75

832.6647

832.6637

1.2

ST(d18:1/24:1)a

1.65

4.90E-02

4.51E-03

C48H91NO11S
[M-H]-

8.15

888.6255

888.624

1.7

Lipids

FC

q-value

p-value

DAG(18:0/18:0)

1.5

4.00E-02

1.00E-03

DAG(18:0/18:1) b

1.7

1.00E-03

DAG(18:0/20:1)

2.4

DAG(18:0/22:4)

C43H84NO7P
[M+H]+
C43H82NO7P
[M+H]+
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Table 3.2 List of structurally assigned lipids that were significantly (q-value ≤0.05) changed
in mice hippocampal tissue after exposure to X ray irradiation (total body-1 Gy)
(Irradiated/sham). The table compiles the names of the putatively identified lipid species, fold
changes (FC), calculated p-values and q-values, molecular formula and detected adducts,
retention time (RT), m/z values (theoretical and observed), and mass error (ppm)

Gephi software was used to visualize the chemically structural relationships across
the 195 unique lipid species measured by both positive and negative electrospray
ionization modes, and describe their fold differences observed between the two
groups (Figure 3.3). Of interest, no significant changes were observed in the levels of
PS (18:0/22:6), PE(16:0/22:6), and PE(18:0/22:6), which are reported as the most
abundant lipid species in the mice hippocampus226.
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Figure 3.3 Interactive network mapping of 195 putatively annotated hippocampal extracted
lipid species in response to 1 Gy X ray radiation. Each node represents a lipid, which are
linked based on high chemical similarity using the PubChem substructure fingerprint
Tanimoto scores. Lipids are clustered by chemical relationships. Different colors represent
different class of lipids. Node sizes scale with magnitude of fold differences. Larger nodes
represent lipids with increased relative signal intensities significantly (q ≤ 0.05) after
exposure to radiation. Smaller nodes represent lipids with decreased relative signal intensities
significantly after exposure to radiation.
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3.4.1

Cognitive Performance

The freezing levels during the contextual fear memory test of the sham-control and
irradiated mice were measured as described previously198.
3.4.2

Upregulation of Diacylglycerols (DAGs) and Phosphatidic Acids (PAs) in
Response to 24 hours Post X-ray Radiation Exposure

The most remarkable increase was observed for diacylglycerols (DAG) mainly DAG
(18:0/18:0), DAG (18:0/18:1), DAG (18:0/20:1), and (18:0/22:4) in mice
hippocampal tissue after radiation exposure (Table 3.2). Dysregulation in the levels of
DAG, which are tightly regulated227,228, are of clinical interest because of the
important role of DAG as signaling molecule at neuronal synapses in the brain 228–230.
It has been reported that DAG are also involved in hippocampal long term depression
(LTD) and potentiation (LTP) modulating learning and memory 230–232.
We also observed significant increase in the relative signal intensities of phosphatidic
acids (PA) lipids mainly PA (16:0/18:1), PA (18:0/18:1), and PA (18:1/18:1). DAG
can be converted to phosphatidic acid by DAG kinases at synapses, or can be
generated from PA by removal of the phosphate group. Phosphatidic acids also play
important roles in neurotransmissions and regulation of synaptic vesicle cycling
229,230

. The accumulation of PAs have been reported at active sites of vesicle

exocytosis233. The interaction of DAG and PA lipids affects the activation and/or
localization of proteins involved in the exocytosis and endocytosis

229

. Moreover, the

accumulation of these cone-shaped lipids (PA and DAG) in the outer or inner leaflet
of the synaptic membrane induces negative curvature, which enhances membrane
fusion

227,229

. We can assume that the possible inter-conversion of DAG and PA and
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the significant increases in the levels of these lipids molecules in the mice
hippocampal tissue could accelerate fusion process in pre- and post-synaptic
membranes in response to X- ray radiation exposure. Overall, the levels of all
identified DAG and PA lipids increased in irradiated group compared to sham control
group (Figure AS4).
3.4.3

Alterations in the Levels of Ethanolamine Plasmalogens (PlsEtn) and
Phosphatidylethanolamine (PEs) in Response to 24 hours Post X-ray
Radiation Exposure

We also observed significant changes in the levels of ethanolamine plasmalogen
lipids and phosphatidylethanolamine lipids (Table 3.2). The relative signal intensities
of PE (p18:0/20:1) and PE (p18:1/20:1); were significantly (q<0.05) increased in the
irradiated group. Intriguingly, the level of individual PlsEtn molecular species
containing polyunsaturated fatty acyl chains (mainly docosahexaenoic acid) showed a
trend of decrease in irradiated group. Ethanolamine plasmalogens --characterized by a
vinyl-ether bond at the sn-1 position of the glycerol backbone-- are one of the most
abundant lipids (compromising 30% of the total phospholipids) in neural cell
membranes, synaptic vesicles, and myelin sheath (over 85 mol% of total PE
content)202,203,232. It has been reported that plasmalogens are essential during
neurotransmitter release in synaptic vesicles, and facilitate fusion process in synaptic
vesicle cycling234.
We

also

observed

that,

the

summed

level

of

plasmalogens

containing

monounsaturated fatty acids (C18:1 and C20:1) were increased significantly, whereas
the summed signal intensities of polyunsaturated fatty acids (C20:4, C20:5, and
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C22:6) were decreased (p=0.04) in irradiated group compared with sham-control
group (Figure 3.4A). An elevated saturated PlsEtn in the mice hippocampus after
radiation exposure may lead to tighter neural membrane packing and decrease the
fluidity. This may affect membrane dynamics and induce alterations in synaptic
membrane fluidity and permeability235,236.
Moreover, the summed signal intensities of PE containing polyunsaturated fatty acids
(C20:4, C20:5, and C22:6) were considerably decreased in irradiated groups
compared with sham controls (p=0.01), but the level of PE with mono-saturated fatty
acids didn’t change (Figure 3.4A).
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Figure 3.4 A) Changes in the summed signal intensities of monosaturated (C18:1 and C20:1)
and poly-unsaturated PE and PlsEtn lipids in hippocampus 24 hours after exposure to lowdose radiation (Mean ± SEM; * indicates significantly different from sham-control (p-value <
0.05), and B) 2D separation of lysophosphatidylethanolamines (LPE),
phosphatidylethanolamines (PE), lysoEthanolamineplasmalogens (LplsEtn) and
Ethanolamine plasmalogens (PlsEtn) from hippocampal brain tissue samples on the basis of
their m/z and retention time (RT) and collisional cross section values.

3.4.4

Ion mobility-enhanced Tandem Mass Spectrometry for the Structural
Characterization of Plasmalogens

The plasmalogen molecular species of phosphatidylethanolamine including
plasmanyl/plasmenyl PE are structurally differentiated from diacyl-PE using UPLCTWIMSE. We observed more abundant negative molecular ions [M-H]- than positive
ions [M+H]+ generated by electrospray ionization as the negative ion ESI mode is
more sensitive for structural identification of PE molecular lipids237. However, we
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used the information of neutral loss of 141 to identify mainly diacyl-PEs in positive
mode. The ether linked Plasmanyl PE are very low-abundant in brain tissue compared
to Plasmalogen PEs , there were also lower than the limit of detection in our method
and we couldn’t structurally annotate PE plasmanyl in hippocampal tissue samples236.
Overall, we were able to structurally characterize 42 PE and 28 PlsEtn in negative
ionization mode in hippocampal tissue. Figure 3.4 B depicts scatterplot representing
m/z vs CCS distribution of PE and PlsEtn as distinct trend lines, which can be
employed to identify whether a species is a diacyl or a plasmalogen PEs. These
results are consistent with findings of previous research studies169,226.
The addition of ion mobility was also enhanced the further separation of
chromatographically co-eluting PlsEtn lipids in hippocampal tissue samples, which
were not possible to structurally assign fragments to their precursor molecules
explicitly as shown in Figure 3.5. For example, co-eluted PE (p-36:1) and PE (p-38:2)
at retention time around 9 min- were separated clearly in the ion mobility region with
different drift time bin numbers, 136.39 and 141.14, respectively as shown in Figure
3.5C and D. Additional selectivity provided by IMS drift time following high
collisional energy in transfer region resulted in much cleaner fragment ion spectra
making structural elucidation feasible (Figure 3.5). The time-aligned high energy
spectrum for PE(p-36:1) yielded two signature fragments at m/z 281.2478
representing the 18:1 carboxylate anion and m/z 464.3125 indicating the presence of
LPE(18:0p). A similar observation for PE(p-38:2) is highlighted in Figure 3.5 D with
two major fragments m/z 462.294 and m/z 309.276 corresponding to the LPE(18:1p)
and carboxylate anion of FA (20:0).
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Figure 3.5 A) Extracted ion chromatograms for co-eluting PlsEtns. B) Low and high energy
spectra at 9.05-9.07 minutes shows many co-eluting species. C) Low energy spectrum of
[PE(p18:0/18:1)-H]- at RT=9.05 min; DT=136.39 bins and the corresponding time-aligned
high energy spectrum. D) Low energy spectrum of [PE(p18:1/20:1)-H]- at RT=9.06 min;
DT=141.14 bins and the corresponding time-aligned high energy spectrum
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Moreover, using ion mobility in combination with MSE allows us to separate facial
isobaric isomers such as PE (p-18:0/20:4) and PE (p-16:0/22:4) as shown in Figure
3.6 in a lipid extract from hippocampal brain tissue samples. For instance, the
extracted ion chromatogram of 750.5429 at 1 ppm mass accuracy yielded two peaks
at 8.39 min and 8.56 min. The time aligned low and high collisional energy in
HDMSE of m/z 750.5429 and m/z 750.5442 correspond to the deprotonated PE(p38:4) in negative at respective time points. The fragmentation of the first peak in
HDMSE leads to a prominent ion at m/z 436.2821 and 331.2641 (PE (16:0p) and
carboxylate anion of C22:4 fatty acid), whereas the second peak fragments to m/z
464.3122 and 303.2326 (PE (18:0p) and carboxylate anion of C20:4 fatty acid). The
clarity of the product ion spectra in Figure 3.6 obtained using IMS-MSE to isolate
plasmalogen PEs molecular species make identification of these molecules explicit
and apparent.
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Figure 3.6 IMS-MSE resolved isobar of ether- linked plasmalogenethanolamine, PE(p-38:4).
A) Extracted ion chromatograms at m/z 750.5429. B) Low energy spectrum of [PE(p16:0/22:4)-H]- and the corresponding time-aligned high energy spectrum in IMS-MSE C)
Low energy spectrum of [PE(p18:0/20:4)-H]- and the corresponding time-aligned high energy
spectrum in IMS-MSE

3.4.5

Sphingolipids Dysregulation in Response to 24 hours Post X-ray
Radiation Exposure

Lipidomic analysis of mice hippocampal tissue revealed discrete and significant
changes in the specific sphingolipid molecular species in the irradiated group as
compared to the sham-control group (Table 3.2). We observed significant decrease in
the relative signal intensities of Cer (d18:1/18:0) and Cer (d18:1/24:1) in the mice
hippocampal tissue after radiation exposure. We also found significant alterations in
the levels of mono-hexose-linked ceramides. Due to the limitation of our method, we
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couldn’t distinguish between glucosylceramide and galactosylceramide, thus labeled
them as monohexosyl ceramides (HexCer). Specifically, the relative signal intensities
of

HexCer(d18:1/18:0),

HexCer(d18:1/20:0),

HexCer(d18:1/22:1)

and

HexCer(d18:1/24:1) were increased significantly in irradiated group. We also
observed significant increase in the level of the most abundant sulfatide lipid
containing nervonic acid (d18:1/24:1). The overall levels of individual sphingolipid
species including mono-hexosyl ceramides and sulfatides were increased while the
levels of ceramides decreased in the hippocampi of the irradiated group.
The structural information of ceramide ions, hexosyl ceramide were confirmed by the
presence of identity of the of the protonated d18:1and d18:0 sphenoid bases (m/z
264.3 and 262.3) in positive mode and loss of sugar moiety in the negative mode.
Sulfatide lipid ions were confirmed by the presence of the characteristic m/z 96.9 ion
originating from sulfate fragment in negative mode. The structural information of the
ceramide, mono-hexosyl ceramide and sulfatide containing C24:1 (nervonic acid)
were further confirmed by matching the fragmentation patterns with the reference
standard in the MS/MS experiment (Figures AS6-AS8).
The overall decrease of Cer and accompanying increase of the HexCer and sulfatide
in the irradiated groups, especially, the significant decrease of ceramides [Cer
(d18:1/24:1) and Cer(d18:1/18:0)] concomitants increase of corresponding molecule
ions of HexCer [HexCer (d18:1/24:1) and HexCer(d18:1/18:0)] and sulfatide (ST
d18:1/24:1 and STd18:1/d18:0), may indicate galactosylceramide-related depletion of
ceramide in irradiated groups (Figure AS5). The correlation between theses lipid
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molecules computed with Pearson correlation algorithm and visualized with the heat
map (Figure 3.7).

Figure 3.7 Heat map clustering representing the identified hippocampal sphingolipids. The
correlation of ceramides, hexosylceramides, and sulfatides from hippocampal mice samples
after 24 hours exposure to low-dose radiation were calculated using Pearson correlation. Red
color represents high-positive correlation (+1) and blue color indicates high-negative
correlation (-1). Color bar on the right top shows the grade of variance correlation coefficient

Ceramide, the precursor of the sphingolipids, is located in synaptic vesicle
membranes and has important role as a second messenger in different cell signaling
pathway, in neuronal membrane structure, and vesicle trafficking238,239. Ceramide
glycosylation, the attachment of galactose or glucose to the 1-hydroxyl group of
ceramide, catalyzed by glycosyl-synthases, which convert ceramide to a simple
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glycosphingolipid (GSL) including galactosylceramide and glucosylceramide,
respectively240. Sulfatides are synthesized by oligodendrocytes through sulfation of
galactosylceramide. Glycosylation is one important step to control ceramide level in
response to stresses such as radiation therapy or chemotherapy240. Galactosylceramide
and sulfatides are normally found on the extracellular leaflet of the membranes in the
nervous system, and it is enriched in myelin sheath (compose of 23%
galactosylceramide and 4-6% sulfatide of the lipid content in the myelin)236,241,242.
Sulfatides

are

involved

in

carbohydrate-carbohydrate

interactions

with

galactosylceramide between myelin apposed membrane could participate in
glycosynapses and mediate signal transduction across the membrane to regulate
formation and maintenance of myelin sheath structure
also participated in the regulation of

236,243,244

. Moreover, they have

myelin maintenance, protein trafficking,

neuronal plasticity, and oligodendrocyte survival243. The elevated sulfatides in brain
have been associated with amplification and persistence of inflammatory reactions
and cause tissue damage accompanying myelin destruction245. In addition, abnormal
storage of sulfatides in the nervous systems is also reported in the pathogenesis of
neuronal

diseases

leukodystrophy),

such

which

as
linked

lysosomal
to

storage

progressive

disorder

myelin

loss

(Metachromatic
and

neuronal

degeneration243,246.
Abnormal storage of galactosylceramide may lead to apoptosis of myelin forming
cells and axonal degeneration. Since myelin is largely composed of lipids, metabolic
dysregulation or degeneration of oligodendrocytes could lead to altered hippocampus
lipid composition which may contribute to cognitive decline.
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The overall increase of sulfatides and glycosphingolipids could represent an early
compensatory response to brain metabolic dysfunction as a result of exposure to low
dose radiation. Further studies are needed to assess the neurodegeneration effect of
sulfatide accumulation with different degrees of radiation and more prolonged period
of observation to better understand time course/duration effects.
3.5

Conclusion

In this study, we investigated the global lipidomic responses of mice hippocampal
tissue to 24-hours-post 1Gy X-radiation exposure using a UPLC-MSE-based
lipidomics approach. We applied ion mobility to enhance structural elucidation of
lipids ethanolamine plasmalogens extracted from mice hippocampal tissue. The
additional dimension of IMS-MSE increased the selectivity and sensitivity, which
provided higher degree of structural information of isobaric/co-eluting lipids. We
observed that mice hippocampal brain tissue undergoes diverse changes in lipid
metabolism after exposure to total body irradiation. We observed significant increase
in the levels of HexCer, DAG, sulfatides, ethanolamine plasmalogens, but decrease in
the levels of PEs, and Ceramides. Lipids associated with ceramides recovered to
control levels in tissue samples after 24 hours post X-ray radiation exposure, while
PE-plasmalogens and ST significantly increased after 24 hours post X-ray radiation
exposure. Upon exposure to 1-Gy X-radiation, ceramide may protect the
hippocampus from damage by reducing their amount and by conversion to Sulfatides.
In conclusion, our study demonstrates that comprehensive lipidomic analysis may
provide insights into the novel pathways as damaged by, and recovered from
radiation exposure. Furthermore, the identified molecules will potentially assist in the
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development of new diagnostic strategies for exposure to low-doses of X-ray
radiation.
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Chapter 4

Metabotypes with Elevated Protein and Lipid Catabolism and
Inflammation Precede Clinical Mastitis in Prepartal Transition
Dairy Cows

Fereshteh Zandkarimi, Jorge Vanegas, Xiaoli Fern, Gerd Bobe, Claudia S. Maier

103

4.1

Abstract

Clinical mastitis (CM), the most prevalent and costly disease in dairy cows, is
diagnosed most commonly shortly after calving. Current indicators do not
satisfactorily predict CM. This study aimed to develop a robust and comprehensive
mass spectrometry-based metabolomic and lipidomic workflow using UPLC-MSE for
predictive biomarker detection. Using a nested case-control design, we measured
weekly during the prepartal transition period differences in serum metabolites, lipids,
inflammation markers, and minerals between clinically healthy dairy cows that did
(MastitisPost) or did not (Control) develop CM in early lactation. The largest foldchanges during the prepartal transition period were observed for mammary glandderived 3'-sialyllactose. Complete group separation with higher signal intensities in
MastitisPost

vs.

Control

cows

were

observed

for

7

metabolites

(N-

methylethanolamine phosphate, choline, phosphorylcholine, free carnitine, trimethyl
lysine, tyrosine, and proline) and 3 metabolite groups (carnitines, amino acids and
derived metabolites, and water-soluble phospholipid metabolites) at both 21 and 14
days before calving. Biochemical analysis supported our MS-based omics results and
additionally showed elevated inflammatory markers in MastitisPost cows. In
conclusion, metabotypes with elevated protein and lipid metabolism and
inflammation may precede CM in prepartal transition dairy cows. The discovered
serum metabolites and lipids may assist in prevention strategies and early treatment
interventions against CM, and thereby improve cow health and welfare.
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4.2

Introduction

Bovine mastitis is an inflammatory response of the mammary gland, which is
primarily caused by bacterial infections247–249. Bovine mastitis can be subdivided into
clinical and subclinical mastitis (CM and SCM): CM can be diagnosed by visible
changes in milk consistency and mammary gland appearance (redness, swelling, heat,
or pain) or both, and SCM can be diagnosed by elevated SCC in milk (>200,000
cells/mL milk) in the absence of visible changes in milk and udder appearance

247,250

.

Bovine CM is one of the most prevalent and costly clinical diseases in dairy cows,
which makes it economically important to the dairy industry. In the U.S., about
16.5% of the dairy cows have CM in the first 30 days of lactation, and the incurred
cost is about $440 per case251–253. Therefore, prevention and early treatment of CM
are a priority.
Traditional CM indicator studies focus on indicators in milk at the onset of CM,
including SCC counts, serum proteins, enzymes, electrolytes, degradation products of
milk proteins, and acute phase proteins254–256. In recent years, this research has been
extended to metabolomics approaches to discover indicators in infected bovine milk,
which can aid in the detection, differential diagnosis of CM based on pathogen, and to
examine the pathophysiology of CM257–259. Dairy cows are most susceptible to
naturally occurring CM within the first weeks after calving; however, the infection
may occur during the close-up period or around calving251, when milk sample are not
available260. Multiple studies have become available during recent years that used
blood samples collected during the last two month before and after calving for the
discovery of predictive biomarker of various diseases in early lactation dairy cows261–
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263

; however, to the best of our knowledge, none looked at predictive serum indicators

of CM. Dervishi et al. reported that cows that subsequently developed SCM had 4
weeks before calving elevated serum concentrations of inflammatory markers,
monosaccharides, and AA and their metabolites261,264.
To identify novel indicators that can predict during the close-up period dairy cows
that develop CM in early lactation, we collected serum prospectively during the
close-up period from clinically healthy, multiparous dairy cows. Using a nested casecontrol design, we measured serum metabolites, lipids, inflammatory markers and
minerals at 21, 14, 7, and 0 days before calving from cows that in early lactation did
or did not develop CM. We developed a robust and comprehensive, untargeted mass
spectrometry-based metabolomic and lipidomic workflow for biomarker detection.
The workflow combines metabolite and lipid extraction using ethanol-methanol
solutions and isopropyl alcohol (IPA), respectively, with separation and detection
using ultra-performance liquid chromatography (UPLC) coupled with quadrupole ion
mobility time-of-flight (ToF) mass spectrometry using a data-independent acquisition
mode (MSE). Unsupervised self-organizing maps (SOM) were used to visualize nonlinear global changes of metabolite and lipid levels during the close-up period. All
three techniques (extraction, detection, and visualization techniques) are to the best of
our knowledge novel for biomarker detection of a major disease in production
animals.
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4.3

Materials and Methods

This study was part of a prospective study designed to identify predictive serum
indicators of periparturient diseases in dairy cows. All procedures involving animals
were approved by the Oregon State University Institutional Animal Care and Use
Committee

(ACUP

Number

3991).

All

chemicals,

acetonitrile

(ACN),

dichloromethane (DCM), IPA, methanol (MeOH), methyl tertiary butyl ether
(MTBE), and water (H2O) were of analytical-grade purity or higher and purchased
from J.T. Baker, Inc. (Philipsburg, NJ, USA).
4.3.1

Animals and Diets

The animal part of the study was conducted on a 1,000-head commercial dairy farm
in Oregon’s Central Willamette Valley during Spring and Summer 2010. To be
eligible for the study, cows had to have completed ≥ 1 lactation, were free of clinical
diseases before calving, and had a BCS of ≥ 3.0 four weeks before expected calving
date, and were purebred Holsteins.
Management of the cows has been described in detail previously265. Starting 28 days
before the expected calving date, BCS of cows were scored once weekly by 3 trained
independent evaluators until 4 weeks after calving266. Before calving, cows were
housed in a straw-bedded free stall barn and were fed once in the morning (7:30 am),
a TMR based on corn, corn silage, and alfalfa and triticale hay, which met NRC
guidelines267 as summarized in Table 4.1. After calving, cows were housed in free
stall pens with slatted floors and were fed in head gates around 8:00 and 13:30 a TMR
based on corn, corn silage, and alfalfa hay (Table 4.1), which met NRC guidelines267.

107

Feed Composition
Grass Silage
Alfalfa Hay (20% CP, 36% NDF)
Corn Silage
Triticale Hay (9% CP, 60% NDF)
Beet Pulp
Vitamin & Mineral Premix1
Vitamin & Mineral Premix2
MgOx3
Ground Corn
Corn (High Moisture Ear Corn)
Corn Distillers Grain (incl. solubles)
Canola Meal
Wheat Distillers Grain (incl. solubles)
Bakery By-Product
EnerGII Regular4
Limestone (ground)
Sodium Bicarbonate
Analyzed Nutrient Composition
NEL (Mcal/kg, DM basis)
CP
ADF
NDF
Ether Extract
Magnesium
Potassium
Sodium
Iron (mg/kg)
Zinc (mg/kg)
Copper (mg/kg)
Manganese (mg/kg)
Molybdenum (mg/kg)
1

Percent of Diet Dry Matter
Prepartum
Postpartum
2.13
13.42
19.26
27.77
20.93
13.69
3.41
4.95
2.96
0.18
18.15
20.00
8.06
12.33
6.69
6.40
5.97
6.39
1.82
1.74
1.85
0.94
0.94
1.63
13.0
27.1
36.2
3.47
0.46
1.30
0.072
469
83
23
65
0.6

1.70
18.7
16.9
27.2
6.18
0.32
1.23
0.243
570
115
23
91
0.5

Provides to the diet DM 6.7 g/kg Ca as calcium propionate, -carbonate, and –chloride and monodicalcium phosphate, 1.4 g/kg P as mono-dicalcium phosphate, 8.0 g/kg Cl as ammonium and calcium
chloride, 3.4 g/kg Mg as magnesium sulfate, 30 mg/kg K, 0.99 g/kg S as magnesium, manganese,
copper, cobalt, and zinc sulfate, 0.17 mg/kg Co as cobalt sulfate, 15.2 mg/kg Cu as copper sulfate,
1.012 mg/kg iodine as ethylenediaminedihydroiodide, 7.7 mg/kg Mn as manganese sulfate, 0.31 mg/kg
Se as sodium selenite, 29.9 mg/kg Zn as zinc sulfate, 10.8 KIU/kg Vitamin A, 4.6 KIU/kg Vitamin D3,
167 IU/kg Vitamin E as all rac α-tocopheryl acetate, 1.19 g/kg Choline, 1.00 g/kg Niacin, 26.8 mg/kg
Monensin
2
Provides to the diet DM 0.30 g/kg Ca, 0.23 g/kg P from ammonium polyphosphate, 0.20 g/kg Mg,
1.23 g/kg K, 0.21 g/kg Na, 0.19 g/kg Cl, 0.26 g/kg S, 0.07 mg/kg Co as cobalt sulfate, 0.05 mg/kg Co
as organic cobalt, 12.4 mg/kg Cu as copper sulfate, 4.42 mg/kg Cu as organic copper, 1.76 mg/kg I as
ethylenediaminedihydroiodide, 10.7 mg/kg Mn as manganese sulfate, 0.81 mg/kg Mn as organic
manganese, 0.25 mg/kg Se as sodium selenite, 59.0 mg/kg Zn as zinc sulfate, 8.00 mg/kg Zn as
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organic zinc, 5.01 KIU/kg Vitamin A, 1.23 KIU/kg Vitamin D3, 24.5 IU/kg Vitamin E as all rac αtocopheryl acetate, 0.25 g/kg Methionine
3
Guaranteed to contain no less than 56% Mg (Baymag, Calgary, Canada)
4
Contains (DM Basis) 90.4% total fat and 9.6% Ca as calcium salts of long chain fatty acids from
Inman (Clackamas, OR)

Table 4.1 Feed and nutrient composition of pre- and postpartum diets

4.3.2

Study Design

The study cohort consisted of 161 cows with 1 to 6 completed lactations. Using a
nested case-control design, we identified 8 cows that developed CM (MastitisPost)
and matched them by parity, BCS, and calving season with 9 cows that remained free
of clinical diseases (Control) during the first 49 days after calving. Control cows were
also after calving free of subclinical ketosis, as evidenced by the fact that Control
cows had serum concentrations of β-hydroxybutyrate (BHB) concentrations < 1.3
mmol/L
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, and were free of milk fever, as evidenced by the fact that Control cows

had serum calcium concentrations of > 6.9 mg/dL after calving

269

. CM was

diagnosed based on daily test for abnormal milk consistency (e.g., flakes, clots) and
mammary gland appearance (redness, swelling, heat, or pain). If abnormal milk
consistency, mammary gland appearance, or both were detected, a milk sample was
collected and on-farm culturing with blood agar was performed. MastitisPost cows
(n=8) were diagnosed with CM at the following days after calving: 1 day (one cow
with gram positive cultured growth and two with no cultured growth), 2 days (two
cows with gram positive cultured growth), 4, 25, and 43 days after calving (the latter
three cows had all gram negative cultured growth). To avoid confounding with other
diseases, cows that developed besides CM other concurrent clinical diseases were
excluded from this nested case-control study. Control and MastitisPost cows were
selected to be similar in BCS (mean ± SD, range; Control: 3.68 ± 0.19, 3.3-3.9;
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MastitisPost: 3.75 ± 0.29, 3.3-4.1), parity (mean ± SD, range; Control: 1.44 ± 0.73, 13 completed lactations; MastitisPost: 1.88 ± 0.64, 1-3 completed lactations), and
calving season.

4.3.3

Animal Health Surveillance and Disease Treatment

Health status of cows was monitored based on standard operating procedures
developed by Oregon State University veterinary staff and was consistent with the
standard of veterinary care practices. Between 28 days before predicted calving date
and 29 days after calving, cows were monitored daily for abnormal milk consistency
(e.g., clots, flakes), gait, appetite, general appearance, alertness, vaginal discharge,
and retained placenta. Uterine discharge and milk SCC were checked twice a week
for the first 4 weeks after calving. Urinary ketones and body temperature were
checked if cows were visually not healthy, which included depressed feed intake (all
cows were monitored if they consumed feed), lethargy, cold ears, and rapid BCS
score loss. Diseases were diagnosed and treated based on Standard Operating
Procedures developed by the Oregon State University veterinary staff and consistent
with standard of care veterinary practices. Treatment protocols for retained placenta,
ketosis, laminitis, left displaced abomasum, mastitis, metritis, and milk fever have
been previously described in detail
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. Diagnosis and treatment of diseases was done

by the herd manager, who was trained and supervised by an Oregon State University
veterinarian. The veterinarian visited the herd at least once weekly to supervise
diagnosis and treatment of diseases.
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4.3.4

Sample Collection

Blood samples were taken from the coccygeal vein or artery at 3 weeks (-24 to -18
days), 2 weeks (-17 to -11 days), and 1 week (-10 to -4 days) before calving and the
morning after calving within 10 min after morning feeding. Serum samples were
prepared by centrifugation at 1,600 × g for 20 min and stored at -80 °C until
biochemical, metabolomic, and lipidomic analyses.
4.3.5

Biochemical Analysis

Serum concentrations of total glucose, BHB, non-esterified fatty acids (NEFA), urea
nitrogen, haptoglobin, visfatin, cholesterol, α-tocopherol, calcium, magnesium, and
phosphorus were determined as reported previously

265,270

. Inter- and intra-assay CV

were 0.98 and 12.4% for glucose, 3.59 and 3.38% for BHB, 4.69 and 3.32% for
NEFA, 1.68 and 1.20% for urea nitrogen, 3.79 and 3.92 for haptoglobin, 15.1 and
3.1% for visfatin, 2.26 and 5.18% for cholesterol, 4.97 and 3.34% for α-tocopherol,
4.23 and 4.19% for calcium, 4.87 and 3.86% for magnesium, and 2.59 and 4.29% for
phosphorus. Serum concentrations of serum amyloid A (SAA) were determined using
a multispecies ELISA kit (Catalog No. KAA0021; Life Technologies, Grand Island,
NY), as SAA is highly conserved across species. Manufacturer’s instructions were
followed for chemical analysis. Absorbance was measured at 450 nm with a
FLUOstar Omega microplate auto-reader (BMG Labtech Inc, San Francisco, CA).
Inter-assay and intra-assay CV for SAA was 6.9 and 7.6%, respectively. Serum
concentration of serum TNFα was measured with a bovine ELISA kit (Catalog No.
RAB0522-1KT; Sigma Aldrich, St. Louis, MO, USA) according manufacturer’s
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instruction. The sensitivity of the TNFα assay was 100 pg/mL, and the intra-assay CV
was <12%.
4.3.6

Sample Preparation for Mass Spectrometric Analysis

For metabolomic analysis, metabolites were extracted from serum samples by 1:4
dilution with EtOH/MeOH (1:1, v/v) as described previously 271. Briefly, each sample
was vortexed and centrifuged at 16,000 × g for 20 min at 4 °C to remove precipitated
proteins. Supernatant was transferred to a glass vial for MS analysis.
For lipidomic analysis, three sample preparation methods were initially compared, as
described in detail in Supplemental Information S1. To quantify lipid recovery, the
following lipid standards were used: triacylglycerol (TAG) (17:0/17:0/17:0), ether
linked-phosphatidylcholine (PC) (O-17:0/2:0), lysophosphatidylethanolamine (LPE)
(17:1/0:0), lysophosphatidylglycerol (LPG) (17:1/0:0), and lysophosphatidylserine
(LPS) (17:1/0:0); all purchased from Avanti Polar Lipids (Alabaster, AL, USA).
The IPA method was used for all subsequent lipidomic analyses. Lipids were
extracted from serum samples by 1:3 dilutions with 240 µL chilled isopropyl alcohol
(1:3 v/v) containing non-endogenous lipid standards with final concentrations of 1
mg/L. Each sample was vortex-mixed vigorously for 5 min, and incubated on ice for
10 min. Samples were stored at -20 °C overnight to enhance protein precipitation. On
the following day, each sample was vortex-mixed for 5 min, and centrifuged at
16,000 × g for 15 min. Supernatant was transferred to a fresh tube, and stored at -80
°C until MS analysis.
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4.3.7

Metabolomic Analysis

Metabolomic analysis was performed by injecting 3 µL of each sample using the
flow-through needle mode on Waters Acquity UPLC I class system (Waters, Milford,
MA, USA) coupled to a Synapt G2 HDMS mass spectrometer (Waters, Manchester,
U.K.). Metabolites were separated on an ACQUITY UPLC BEH amide column (2.1
mm × 150 mm, 1.7 μm, Waters Corporation). Mobile phase A consisted of H2O/ACN
(95:5, v/v), and mobile phase B was H2O/ACN (5:95, v/v); both mobile phase
contained 0.1% formic acid. The following elution gradient was used: 0 min, 99% B;
7.5 min, 40% B; 9 min, 99% B; 10 min, 99% B; 12 min, 99% B. The flow rate was
0.4 mL/min. The temperature of the column compartment was set to 45 °C. The autosampler tray was maintained at 6°C. Sample analysis was performed over a 12-min
total run time
The Synapt G2 mass spectrometer was operated in the MSE mode. All analyses were
conducted in both positive and negative electrospray ionization modes. Mass spectral
data were acquired from m/z 50 to 1200. A capillary voltage of (±) 2.5 kV and a
sampling cone voltage of (±) 35 V were used. Source and desolvation temperature
were kept at 100 °C and 400 °C, respectively. Nitrogen was used as desolvation gas
with a flow rate of 650 L/hr in the positive ionization mode, and 750 L/hr in the
negative ionization mode. Dependent on the ionization mode the protonated
molecular ion of leucine enkephalin, [M+H]+ (m/z 556.2771) or the deprotonated
molecular ion [M-H]- (m/z 554.2615) was used as a lock mass for accurate mass
measurement. Leucine enkephalin, dissolved in 50% aqueous acetonitrile containing
0.1% formic acid at a concentration of 2 ng/μL, was introduced with a flow rate of 5
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μL/min. The lock mass was acquired for 0.3 seconds and repeated every 10 seconds
in a separate acquisition channel. In MSE mode, the low energy function was set to 4
eV in the transfer cell (first function), and for collision induced dissociation the
energy in the transfer cell (second function) was ramped from 15 to 35 eV.
4.3.8

Lipidomic Analysis

Lipidomic analysis was performed by injecting 5 µL of each sample using the flowthrough needle mode on Waters Acquity UPLC I class system (Waters, Milford, MA,
USA) coupled to a Synapt G2 HDMS mass spectrometer (Waters, Manchester, U.K.).
Lipids were separated on an Acquity HSS T3 column (2.1 mm × 100 mm, 1.8 μm,
Waters Corporation). Mobile phase A consisted of ACN/H2O (40:60, v/v), and
mobile phase B was IPA/ACN/H2O (85:10:5, v/v/v); both mobile phases contained 10
mM ammonium acetate and 0.1% acetic acid. The following elution gradient was
used: 0 min, 40% B; 1 min, 40% B; 11 min, 100% B; 14 min, 100% B, 15 min, 40%
B, 16 min, 40% B (1-min for re-equilibration time). The flow rate was 0.4 mL/min.
The temperature of the column compartment was set to 55 °C. The auto-sampler tray
was maintained at 6°C. Sample analysis was performed over a 15-min total run time.
The Synapt G2 mass spectrometer was operated in the data-independent (MSE) mode
using the same settings as described above for the metabolomic analysis. The
exception is that for collision-induced dissociation the energy in the transfer cell
(second function) was ramped from 25 to 60 eV.
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4.3.9

Ion-Mobility Spectrometry Mass Spectrometry (IMS-MSE)

We also acquired ion-mobility spectrometry-mass spectrometry (IMS-MSE) data of
pooled biological samples for augmenting the assignment of lipid and metabolite
species. Electrospray ionization (ESI) source settings were the same as described
above. The traveling wave velocity was set to 450 m/s, and wave height ranged from
15-40 V. Argon was kept at a pressure of 2.5×10-2 mbar for both trap and transfer
regions (T-wave) as collision gas. Helium gas flow was 180 mL/min. Nitrogen was
used as drift gas and was held at a flow rate of 90 mL/min in the IMS cell. Low
collision energy was set to 5 eV, and high collision energy was ramped from 25 to 60
eV in the transfer region of the Tri-Wave device to induce fragmentation of mobilityseparated precursor ions.
4.3.10 Quality Control Samples and Platform Stability Monitoring
A quality control pooled sample (QC) was prepared (equal aliquots of each sample)
to assess reproducibility of the features through the runs. To condition the column,
the QC was injected at least 5 times at the beginning of the batch. To monitor the
performance and the stability of the instrument, the QC was injected after every 6
samples as well as at the start and end of the sequence. Coefficients of variation (CV)
of peak areas were calculated for internal standards and putatively identified lipid
species. Blank samples (solvent A composition without additive and sample matrix)
were ran randomly between samples for examining possible carryover or
contaminations within a batch.
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4.3.11 Data Processing and Feature Annotation
We chose simultaneous acquisition of precursor and product ion data using MSE for
feature

detection

and

structural

characterization.

Simultaneous

acquisition

significantly decreased the time required for data acquisition. Data extraction entailed
peak picking, retention time alignment, and grouping, all performed with XCMS
(various forms (X) of chromatography mass spectrometry)
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package (version

1.39.4) in R (version 3.1.2) environment. The specific parameters used for extracting
features (i.e. peak detection, filtering, and alignment) are provided in Table S1.
4.3.12 Statistical Analysis and Self-Organizing Maps
We performed both univariate and multivariate statistical analyses using
MetaboAnalyst (version 2.0)272,273, GraphPad Prism 7, and SAS version 9.4 (SAS
Institute Inc., Cary, NC). For metabolomic data, we normalized area counts for each
metabolite in each sample using the Loess algorithm to correct for variations
originating from inter-day running differences of the instrument platform

274

. For

evaluating platform stability and performance CV were calculated based on twelve
injections of the same pooled quality control sample. To compare data obtained by
biochemical analysis with data obtained by metabolomics or lipidomics, Pearson’s
correlation coefficient was used.
For univariate analysis, group differences of individual features and summed features
of biological classes were evaluated using the parametric t-test with WelchSatterthwaite approximation and the nonparametric Wilcoxon rank-sum test. To
correct for multiple testing, the Benjamin-Hochberg method was used to compute qvalues

123,126

. Individual and summed features were also evaluated for complete
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separation between MastitisPost and Control cows, and receiver operating curves
(ROC) were generated for features that separated groups by all but one or two cows.
To evaluate time and group difference concurrently, a repeated-measures-in-time
analysis of natural log-transformed data was conducted in PROC MIXED of SAS.
Repeated measures within cows were modeled using a first-order heterogeneous
variance-covariance matrix and the Kenward-Rogers approximation was used to
adjust the p-values for repeated measures of the same animal. Fixed effects were time
(21, 14, 7 days before and directly after calving), group (Control and MastitisPost
cows), and their interaction.
For multivariate analysis, unsupervised and supervised linear group differences of
natural log-transformed, auto-scaled lipidomic, biochemical, and metabolomic data
were evaluated using principal component analysis (PCA) and partial least squares
discriminant analysis (PLS-DA), respectively. Model validation was carried out using
a cross-validation test. We did not generate ROC curves for multivariate analysis, as
individual metabolites could completely separate MastitisPost from Control cows.
Non-linear group differences were evaluated using the SOMs algorithm implemented
in Gene Expression Dynamics Inspector (GEDI) software275. For each sampling time
and group, signal intensities of individual lipids or metabolites were averaged and
imported into GEDI; the resulting heat maps show location of clustered lipids and
metabolites as series of coherent mosaic tiles. Because of the small number of
measured biochemical parameters (n=11), changes could not be visualized for
biochemical data.
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4.4
4.4.1

Results
Analytical Workflow

The UPLC-MSE metabolomic and lipidomic workflow for predictive biomarker
discovery of bovine CM is summarized in Figure 4.1. Using a nested case-control
study design, we compared serum lipids, metabolites, mineral, and inflammatory
markers of prepartal transition dairy cows that did (MastitisPost) or did not develop
(Control) CM in early lactation. After metabolite and lipid extraction, a combination
of UPLC separation with MSE and IMS-MSE was used to measure serum metabolite
and lipid ions species across the four sampling times (-21, -14, -7, and 0 days). We
used the XCMS-package in R for data extraction and preprocessing as summarized in
Figure 4B, and we utilized on-line databases for tentative identification of features.
Metabolite and lipid assignments were supported by authentic standards and
comparison to entries of our in-house metabolite standard library. Mass spectrometrybased omics was complemented by biochemical assays for clinical diagnostics and
validation of MS-derived findings. Statistical analysis was performed by comparing
the changes in individual and grouped metabolites and lipids molecules between
MastitisPost and Control cows using Wilcoxon rank-sum test and a repeatedmeasure-in-time ANOVA. Temporal changes during the sampling period were
visualized using two-dimensional PCA and PLS-DA plots and the unsupervised, nonlinear clustering method SOM.
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Figure 4.1 A) Experimental workflow of untargeted metabolomic, lipidomic, and biochemical
analyses for predictive biomarker discovery of bovine clinical mastitis during the close-up
period (21, 14, 7, and 0 days before calving), and B) data pre-processing pipeline using the
XCMS package in R (EIC: extracted ion chromatogram)

4.4.2

Prepartal Serum Metabolite Differences between MastitisPost vs. Control
Cows

A total of 2,200 features were detected in both LC-ESI-MSE positive and negative
modes combined during a 12-min retention time window. We annotated putatively 81
unique molecular metabolites (17 proteinogenic AA, 16 AA metabolites, 4
dipeptides, 15 free and acylated carnitines, 7 bile acids, 6 water-soluble phospholipids
metabolites, 6 carbohydrates, 4 nucleotides and nucleotide metabolites, 3 cholesterol
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and cholesterol esters, 2 vitamins, and 1 sphingosine metabolite). Metabolites were
putatively identified by comparing features in the experimental samples with the
entries of our reference library of chemical standards in regard to retention time,
accurate mass, preferred adducts, isotopic patterns, and fragment ion spectral data
(Table S2). The reproducibility of the metabolomic analysis method was evaluated
with 12 aliquots of a pooled QC sample and had a mean CV of 8.3% for all putatively
identified metabolites.
Linear, supervised multivariate analysis of extracted metabolite features from the
negative mode displayed distinct clustering and clear separation of MastitisPost and
Control cows at each sampling time (Figure BS1A). The goodness of fit (R2) and
predictive power (Q2) of PLS-DA score plots were R2=0.96 and Q2=0.93 at -21 days,
R2=0.82 and Q2=0.76 at -14 days, R2=0.92 and Q2=0.43 at -7 days, R2=0.99 and
Q2=0.56 at 0 days, indicating the highest predictive power at 21 days before calving.
In addition, the largest two principal components also separated MastitisPost and
Control cows at each prepartal sampling time (not shown).
Several individual metabolites perfectly predicted CM and completely separated
groups: 17 at -21 days, 7 at -14 days, 0 at -7 days (0 metabolites), and 1 at calving
(Table 4.2). Each metabolite was higher before calving in MastitisPost vs. Control
cows, and median fold-changes of each metabolite decreased as calving approached.
Each of the 7 metabolites that completely separated at -14 days also completely
separated at -21 days. These included a) 3 water-soluble phospholipids (PL)
metabolites namely N-methylethanolamine phosphate (MEP; -21 days: +526%
MastitisPost vs. Control; -14 days: +145%), choline (-21 days: +439%; -14 days:
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+298%), and phosphorylcholine (PChol; -21 days: +65%; -14 days: +50%), b) free
carnitine (CarC0; -21 days: +226%, -14 days: +117%), and c) 3 AA and AA
metabolites, namely trimethyl lysine (TML; -21 days: +145%, -14 days: +71%),
tyrosine (-21 days: +127%; -14 days: +95%), and proline (-21 days: +79%, -14 days:
+77%). Ten metabolites completely separated groups only at -21 days and included
3'-SL (+1440%), propionyl carnitine (Car C3:0; +561%), decanoyl carnitine (Car
C10:0; +39%), niacinamide (+120%), and 6 AA and AA metabolites, methyl
histidine (+187%), asymmetric dimethyl arginine (ADMA; +129%), creatine
(+124%), phenylalanine (+92%), threonine (+87%), and histidine (+78%). Directly
after calving, only the conjugated bile acid (BA) TLCA completely separated the two
groups (-60%).
Metabolite/Lipid
class

Metabolite/Lipid

Mammary gland- 3'-Sialyllactose
derived
carbohydrates
Lactose
Water-soluble
phospholipid
metabolites

Total
Methyl
ethanolamine
phosphate

Fold-change (M/C in
%)
Days before calving
21
1,44
0
855
255

14
30
6
48
7
18
3

0
12
5

21
0.000
5

77

0.007

0.01

-35

-1

0.000
5

0.000
5

0.000
5

0.000
5

0.000
5
0.000
5
0.007
0.000
5
0.000
5
0.000
5
0.000
5
0.000

0.000
5
0.000
5
0.001
0.000
5
0.000
5

14
5

72

-42

Choline

439

29
8

68

70

Phosphorylcholine

65

50

17

-18

55

45
10
6
11
7
20
8

23

-19

55

6

87

0

11
4

-27

195
226

Days before calving

7
15
6
22
9

526

Betaine
Free and acylated Total
carnitines
Free carnitine

p-value (group differences)

Car C3:0

561

Car C10:0

40

36

12

0

Car C18:1

591

32

17

27

14
0.01

7
0.00
8
0.00
1
0.00
3

0
0.03
0.07
0.92

0.05

0.56

0.08

0.15

0.07

0.5

0.03
0.00
2
0.00
2

0.77

0.001

0.02

0.21

0.001

0.29

0.7

0.005

0.03

0.25

0.77
0.7
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Amino
metabolites

Proteinogenic
amino acids

Conjugated
acids

3

9

43

30

8

-3

Trimethyl-lysine

145

71

27

-17

Methyl-histidine

187

10
8

29

6

Asymetric
dimethylarginin 129
e

87

26

-35

29

12

32

-43

acid Total

8
0.000
5
0.000
5
0.000
5
0.000
5

0.01

0.77

0.05

0.63

0.007

0.1

0.56

0.001

0.08

0.44

0.001

0.05

0.5

0.002

0.34

0.005

0.003

0.21

0.44

0.000
5

0.25

0.7

0.005

0.34

0.03

0.000
8

0.1

0.63

0.03

0.1

0.92

0.000
5

0.00
7

0.63

Creatine

124

Hippuric acid

72

15
4
51

53

35

3

-8

Tyrosine

127

95

19

-27

Histidine

78

47

6

55

Phenylalanine

92

46

10

-16

Threonine

87

29

31

12

Proline

79

77

54

-10

239

83

11
3

-69

0.004

0.009

0.07

0.002

Taurolithocholic
acid

56

-30

36

-60

0.92

0.63

0.12

0.000
5

Taurocholic acid

436

13
3

65

-57

0.009

0.002

0.21

0.009

Glycodeoxycho
lic acid
Glycocholic acid

415

15
0

78

-67

0.004

0.02

0.04

0.001

240

59

58

-67

0.03

0.07

0.005

120

83

1

-44

0.004
0.000
5

0.05

0.5

0.34

83

26

40

1

0.04

0.03

0.02

0.77

39

-16

6

-77

0.02

0.03

0.39

0.04

Total

bile Total

Vitamins
and
Niacinamide
cofactors
Phosphatidylcholi
PC(16:0/16:1)
ne
Triacylglycerol
TAG(16:0/18:0/18:
1)

0.000
5
0.02
0.000
8
0.000
5
0.000
5
0.000
5
0.000
5
0.000
5

0.000
5
0.000
5

Table 4.2 List of putatively identified metabolites and lipids with complete separation
between MastitisPost (n=8) and Control (n=9) cows at ≥1 sampling time (median foldchanges of completely separated sampling times are bolded) or significant (p < 0.05) group
differences at ≥3 sampling times
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At -21 days, mammary gland-derived carbohydrates were already higher in
MastitisPost vs. Control (Figure 4.2A) and displayed before calving the largest group
differences of all metabolites, lipid ions, and biochemical parameters measured
(Table 4.2). The largest group differences were observed for 3'-SL, which was also
one of two individual metabolites that differed (all p < 0.05) at all 4 sampling times (21 days: +1,440% complete group separation, -14 days: +306%, -7 days: +156%; at
calving: +125%). The presence of 3'-SL in serum samples was confirmed by
comparison with commercial standards and fragmentation patterns (Figure BS2). The
second largest group differences were observed for the other mammary glandsynthesized carbohydrate lactose, which was one of 7 metabolites that differed (p <
0.05) at all prepartal sampling times (-21 days: +855%, -14 days: +489%, -7 days:
+229%) and showed similar temporal group differences as 3'-SL (Figure 4.2A).
At -21 and -14 days, serum markers of protein degradation were higher in
MastitisPost vs. Control cows (Table BS3). Of the putatively identified 16 AA
metabolites, 14, 11, and 2 were higher (p < 0.05) at -21, -14, and -7 days. Even more,
4 (ADMA, creatine, methylhistidine, TML) and 1 AA metabolite (TML) completely
separated the groups at -21 and -14 days, respectively (Table 4.2). Summed signal
intensities of AA metabolites completely separated the two groups at both -21 and -14
days and were higher at all prepartal time points (-21 days: +43%; -14 days: +30%, -7
days: +8%) in MastitisPost vs. Control cows (Figure 4.2 B). Of the putatively
identified 17 proteinogenic AA, 11, 10, 2, and 1 were higher at -21, -14, and -7 days
and at calving, respectively. Even more, 5 (histidine, phenylalanine, proline,
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threonine, tyrosine) and 2 AA metabolites (proline, tyrosine) completely separated the
groups at -21 and -14 days, respectively (Table1). Summed signal intensities of
proteinogenic AA were higher at -21 (+53%) and -14 (+35%) days (Figure 4.2 B) and
signal intensities of proline were higher at all three prepartal sampling times (-21
days: +79%, -14 days: +77%, -7 days: +55%; Table 4.2).
Besides markers of protein and AA degradation, water-soluble PL metabolites were
higher in MastitisPost vs. Control cows at -21 and 14 days (Table S3). Of the 6
putatively identified PL metabolites (choline, betaine, PChol, ethanolamine,
glycerylphosphoethanolamine, MEP), 5, 6, and 4 were higher (p < 0.05) in
MastitisPost vs. Control cows at -21, -14, and -7 days, respectively (Figure BS3).
Moreover, the summed signal intensity of PL metabolites (-21 days: +281; -14 days:
+170%, -7 days: +33%; Figure 4.2 C) as well as the 3 choline and ethanolamine
metabolites, MEP (-21 days: +526% MastitisPost vs. Control); -14 days: +145%; -7
days: 72%), choline (-21 days: +439%; -14 days: +298%; -7 days: 68%), and PChol
(-21 days: +65%; -14 days: +50%; 07 days: +17%) individually, were higher in
MastitisPost vs. Control cows at all prepartal time points and completely separated
the groups at -21 and -14 days (Table 4.2).
Before calving, serum markers of AA and FA catabolism, carnitines and carnitine
precursors, were higher in MastitisPost vs. Control cows (Table S3) and showed
complete group separation (Table 1). Of the 15 putatively identified free and acylated
carnitines, 9, 9, and 7 were higher (p < 0.05) in MastitisPost vs. Control cows at -21, 14, and -7 days, respectively (Figure BS4). The summed signal intensity of free and
acylated carnitines completely separated the two groups at both -21 and -14 days and
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was higher at all prepartal time points (-21 days: +195%; -14 days: +106%, -7 days:
+55%) in MastitisPost vs. Control cows (Figure 4.2 D). Besides Car C18:1 (-21 days:
+591%, -14 days: +324%, -7 days: +117%), Car C3:0 (-21 days: +561% complete
separation, -14 days: +208%, -7 days: +114%), and free carnitine (-21 days: +226%
complete separation, -14 days: +117% complete separation, -7 days: +87%). The
carnitine precursor TML was higher at all three prepartal sampling times (-21 days:
+145% complete separation, -14 days: +71% complete separation, -7 days: +37%;
Table 4.2).
At -21 and -14 days, serum markers of pregnancy-associated cholestasis (i.e.,
conjugated BA) were higher in MastitisPost vs. Control cows (Table S3). The percent
difference in summed signal intensity of conjugated BA was in MastitisPost vs.
Control cows at -21 days +240% (p = 0.004) and at -14 days +83% (p = 0.009;
Figure 4.2E). Of the 5 identified conjugated BA, 4, 3, and 1 were higher (p < 0.05) in
MastitisPost vs. Control cows at -21, -14, and -7 days, respectively; the exception was
TLCA (Figure BS5). Similar prepartal group differences were observed for
conjugated BA and their precursor glycine and taurine. The conjugated BA GDCA (21 days: +415%, -14 days: +150%, -7 days: +78%; 0 days: -67%) was beside 3'-SL
the only metabolite that differed (all p < 0.05) at all 4 sampling times (Table 4.1). In
contrast to conjugated BA, no group differences were observed for unconjugated BA
(CA and CDA). Both, conjugated and non-conjugated BA, were identified using
authentic standards.
At calving, serum metabolites were either lower in MastitisPost vs. Control cows or
similar (Table BS3). Of the 14 metabolites that differed (p < 0.05), 11 were lower.
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Those included all 5 identified conjugated BA (Figure BS5) were 57 to 67 % lower in
MastitisPost vs. Control cows and as summed signal intensity of conjugated BA were
69% lower (p = 0.002). The summed signal intensity of pyrimidine metabolites
(cytidine, uridine, uric acids) were 33% lower in MastitisPost vs. Control cows (p =
0.02); individual pyrimidine metabolites were 32 to 33% lower. The remaining
metabolites that differed at calving in MastitisPost vs. Control cows were distributed
over all metabolite families: lower were one conjugated BA precursor (glycine), one
water-soluble PL metabolite (glycerylphosphoethanolamine), one AA metabolite
carrier (Car C5:0), and two AA metabolites (hippuric acid, indoxylsulfate) and higher
were one AA (histidine), one AA metabolite (ketoleucine) and 3'-SL.
Temporal changes during the prepartal transition period were visualized using SOM
in GEDI (Figure 4.2F). The unsupervised, non-linear clustering method grouped
carnitines, AA and their metabolites, and conjugated BA in distinct and separate tiles.
We observed two general trends across metabolites: MastitisPost cows underwent
larger changes in metabolite signal intensities than Control cows. Summed signal
intensities of AA and AA metabolites, except for a few exceptions (glutamate, valine,
ketoleucine, 5-oxoproline, and indoxyl sulfate), decreased stronger in MastitisPost (60% for AA and -46% for AA metabolites) vs. Control cows (-34% for AA and -22%
for AA metabolites); both cows groups primarily decreased in AA and AAT
metabolites between -14 and -7 days (Figure 4.2B). In addition, summed signal
intensities of acylated carnitines (Control cows: +6%, p = 0.56; MastitisPost cows: 52%, p < 0.0001, primary decrease between -14 and -7 days; Figure 4.2D) and
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conjugated BA (Control cows: +37%, p = 0.33; MastitisPost cows: -87%, p < 0.0001,
consistant decrease throughout; Figure 4.2E) only decreased in MastitisPost cows.
Differences in metabolite signal intensities between MastitisPost vs. Control cows
were greatest at -21 days (higher in MastitisPost vs. Control cows) and decreased as
calving approached (Figure 4.2F). Summed signal intensities of acylated carnitines
decreased from higher than the Control cows at -21 (+136%, p = 0.0008), -14 (+87%,
p = 0.0008), and -7 days (+53%, p = 0.02) to similar to Control cows directly after
calving (-0.5%, p = 0.56). Summed signal intensities of conjugated BA decreased
from higher than the Control cows at -21 (+240%, p = 0.004) and -14 days (+83%, p
= 0.009) to lower than the Control cows directly after calving (-69%, p = 0.002;
Table 4.2).
Mammary gland-derived carbohydrates, water-soluble PL metabolites, and
pyrimidine metabolites did not cluster because of the limited number of metabolites
within each family. Similar to AA and their metabolites, summed signal intensities of
free carnitine (Control cows: -69%; MastitisPost cows: -91%: Figure BS4) and watersoluble PL metabolites (Control cows: -69%; MastitisPost cows: -91%; Figure 4.2C)
decreased during the sampling period in both groups (primarily between -14 and -7
days); greater decreases were observed in MastitisPost vs. Control cows. Summed
signal intensities of mammary gland-derived carbohydrates (Control cows: +2,720%;
MastitisPost cows: +351%; exponential increase) increased during the sampling
period in both groups (Figure 4.2A); MastitisPost cows started at -21 days with much
higher signal intensities. Summed signal intensities of pyrimidine metabolites
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increased only during the preapartal transition period in Control cows (Control cows:
+47%, p = 0.002, increase between -7 and 0 days; MastitisPost cows: +2%; p = 0.08).
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Figure 4.2 Summed serum signal intensities (mean ± SEM) of A) 3'-sialyllactose and lactose,
B) amino acid metabolites and proteinogenic amino acids, C) water-soluble phospholipids, D)
free and acylated carnitines, and E) conjugated bile acids in serum of MastitisPost (n=8) and
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Control (n=9) cows at 21, 14, 7, and 0 days before calving. Crosses indicated complete group
separation, and asterisks indicate significant (p < 0.05) group differences between
MastitisPost and Control cows using Wilcoxon rank sum test. F) Self-organizing maps
(SOM) of MastitisPost and Control cows at 21, 14, 7, and 0 days before calving are
visualized in Gene Expression Dynamics Inspector (GEDI)

4.4.3

Lipidomic Analysis

Lipidomic Methodology and Validation
In the lipidomic analysis, our first goal was to extract the maximum number of lipid
classes from bovine serum samples, while at the same time keeping the protocol
robust and reproducible to handle high-throughput studies. To achieve our objective,
we compared three lipid extraction/precipitation protocols, as shown in Supplemental
Information

S1:

two

lipid-liquid

extraction

methods,

MeOH/MTBE

and

DCM/MeOH, and one protein precipitation method with IPA. We were able to extract
the major lipid classes and subclasses with all three methods (Figure BS6); the total
numbers of extracted features for each of the tested protocol were around 2,250 and
1,450 ions in the positive and negative modes, respectively. The three extraction
methods, however, resulted in differences in signal intensities for NEFA (negative
mode), TAG, and cholesteryl esters (ChoE) (both in positive mode) with the IPA
precipitation yielding the highest ion intensities for NEFA, TAG, and ChoE (Figure
BS6).
Consequently, we chose for sample preparation IPA-precipitation for lipidomic
analysis and detected during the 15-min retention time window consistently more
than 2,200 features using MSE in both positive and negative ionization modes
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combined (Figure BS7). As shown in Figure BS7A and B, lysophospholipids (LPL)
and NEFA eluted early, lipids with polar head groups (e.g., PL) had intermediate
retention times, and neutral lipids (e.g., glycerolipids) eluted last. Based on accurate
mass, isotopic patterns, retention time, and comparing the theoretical and the
experimental fragmentation patterns, we assigned, as shown in Table BS4 and Figure
BS7C, 204 individual molecular lipids to be PC (41), PE (24), PI (10), PS (21), SM
(19), LPC (12), LPE (10), LPI (1), diacylglycerols (DG) (2), TAG (23), ChoE (4),
ceramides (Cer) (12), and NEFA (24).
We assessed the reproducibility of our lipidomic workflow with 12 aliquots of a
pooled serum sample (QC samples). The QC samples were tightly clustered in PCA
score-plots (Figure BS8) and provided satisfactory CV for all the major lipid classes
and subclasses as shown in Table S5: PC (10.4%), PE (10.1%), PI (11.2%), PS
(9.0%), SM (7.9%), LPC (7.8%), LPE (9.6%), TAG (9.5%), Cer (8.9%), and NEFA
(8.9%). We assessed the recovery of our lipidomic workflow with 5 internal standard
lipids, which were spiked in before and after lipid extraction. Recovery, calculated as
the ratio of the peak area for a particular lipid in the pooled QC samples prior to
extraction and in the samples spiked after extraction, were less than 12% for all five
standard lipids (Table S6). For validation of our lipidomic workflow, we compared
results of the summed signal intensities of individual NEFA with the total NEFA
results using the biochemical, colorimetric method. As shown in Figure BS9, results
for summed signal intensities of individual NEFA using MS were in close agreement
with the NEFA results using the biochemical, colorimetric method for the 68
examined samples, as exemplified by the Pearson correlation of r=0.91 and R 2=0.84.
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Similarly, comparable results were obtained for cholesterol measured by mass
spectrometry and colorimetric methods (results not shown).
4.4.4

Prepartal Serum Lipid Differences between MastitisPost vs. Control
Cows

Supervised, linear, multivariate analysis on the extracted lipidomic features from the
negative mode depicts distinguishable clustering of Control and MastitisPost cows at
each sampling time point (Figure BS1B). The R2 and Q2 of PLS-DA score plots were
R2=0.84 and Q2=0.37 at -21 days, R2=0.88 and Q2=0.51 at -14 days, R2=0.81 and
Q2=0.56 at -7 days, R2=0.97 and Q2=0.48 at 0 days.
At -21 days, MastitisPost cows had higher signal intensities of lipid ions associated
with lipid synthesis (Table S7). Summed signal intensities of esterified FA (sum of
FA of Cer, TAG, DG, LPC, LPE, LPI, PC, PE, PI, PS, and SM; +23%) were higher
(p = 0.04) in MastitisPost vs. Control cows (Figure 4.3A); this was primarily due to
higher signal intensities of the most abundant esterified FA, PC (+35%; Figure 4.3B)
and UFA containing TAG (+24%;Figure 4.3C). At -21 days, 7 of 23 (51:1, 52:1, 52:2,
52:4, 54:2, 54:3, 54:4; range +14 to 69%) putatively assigned TAG were higher (p <
0.05), all of which contained 18:1, 18:2, or both. Moreover, the ratio of 18:1 to 18:0
FA (C18 desaturase index) in TAG was higher (+57%) in MastitisPost vs. Control
cows. In addition, 6 of 41 putatively assigned PC (30:0, O-32:0, 32:1, 34:0, 34:3,
36:2; range +31 to 83%) were higher in MastitisPost vs. Control cows.
In contrast to esterified FA, summed signal intensities of very long-chain SFA (20:0
to 28:0; -45%) and N3-PUFA (18:3, 20:5, 22:5; -33%) were lower (all p < 0.05) in
MastitisPost vs. Control cows at -21 days before calving (Figure 4.3D); the lower
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individual NEFA ions were 20:0, 24:0 as well as 18:3, 24:0 (range +14 to 55%.). As
calving approached, less lipid ions differed between MastitisPost vs. Control cows
(Table S7).
At calving, the largest number of lipid ions differed between MastitisPost vs. Control
cows; most of them were associated with adipocyte lipolysis (Table S7). Summed
signal intensities of all putatively identified NEFA lipid ions (+121%) were higher (p
= 0.01) in MastitisPost vs. Control cows (Figure 4.3E), which was primarily due to
higher signal intensities of the most abundant NEFA, long-chain SFA (+112%; p =
0.02) and MUFA (+182%; p = 0.005) Figure 4.3E). Each putatively identified longchain SFA (14:0. 16:0, 17:0, 18:0, 19:0; all p < 0.05; range: +71 to 376%; Figure
BS10A) and MUFA (16:1, 17:1, 18:1, and 20:1; all p < 0.05; range: +180 to 362%
Figure BS10B) was higher in MastitisPost vs. Control cows. Moreover, the ratio of
18:1 to 18:0 NEFA (C18 desaturase index) was higher (+24%; p = 0.002) in
MastitisPost vs. Control cows at calving.
In contrast to long-chain NEFA, summed signal intensities of very long-chain SFA,
including 23:0, 24:0, 26:0, 28:0, and 30:0 (all p < 0.05; range: -35 to -57%; the
exceptions were 20:0 and 22:0; Figure BS10C), were lower (-23%; p = 0.007) in
MastitisPost vs. Control cows at calving (Figure 4.3D). In addition, summed signal
intensities of PC (-19%; p = 0.03; Figure 4.3B), PI (-26%; p = 0.02;Figure 4.3F), and
18:0-containing TAG (-53%; p = 0.02; Figure 4.3C) were lower in MastitisPost vs.
Control cows. Similarly, summed signal intensities of UFA-containing LPC (-46%; p
= 0.007;Figure 4.3G), LPE (-42%; p = 0.01;Figure 4.3G), and ChoE (-41%; p = 0.004
Figure 4.3G) as well as nearly all assigned UFA-containing LPC (18:1, 18:2, 18:3,
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20:3, 20:4, 20:5, 22:6; range: -29 to -64%; only exception 15:1; Figure BS11), LPE
(18:1, 20:1, 20:2, 20:3, 20:4, 22:4; range: -35 to -74%; only exception 18:2; Figure
BS12), and ChoE (18:2, 18:3; range: -32 to -74%; only exception 20:4) were lower
(all p < 0.05) in MastitisPost vs. Control cows at calving. Moreover, the ratio of
UFA-containing LPE to PE (-65%; p < 0.0001, complete group separation) and the
ratio of UFA-containing LPC to PC (-17%; p < 0.03) was lower in MastitisPost vs.
Control cows, whereas the ratio of 18:1 to 18:0 FA (C18 desaturase index) in TAG
was higher (+274%; p < 0.007).
Temporal changes during the prepartal transition period were visualized using SOMs
in GEDI Figure 4.3I). The unsupervised, non-linear clustering method grouped NEFA,
TAG, PC, LPC & LPE, and PE in distinct and separate tiles. During the prepartal
transition period, cows transitioned from lipid synthesis to lipid catabolism. Relative
abundance of NEFA increased exponentially starting -7 days, whereas the relative
abundance of esterified FA, including TAG, LPC & LPE, and PC, decreased until
calving.
Compared with Control cows, MastitisPost cows transitioned from more to less lipid
synthesis as well as from similar to more lipid catabolism. Summed signal intensities
of PC were greater (+35%) in MastitisPost vs. Control cows 21 days before calving
and lower (-19%) at calving (Figure 4.3B). Compared with Control cows, MastitisPost
cows experienced greater changes in lipid ions during the prepartal transition period:
changes in summed signal intensities of NEFA (+338% vs. +89%), LPC (-59% vs. 39%), PC (-49% vs. -15%), PE (-24% vs. +5%), and PI (-26% vs. +36%) were greater
in MastitisPost vs. Control cows. Signal intensities of NEFA, PC, PE, and PI changed
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(p < 0.05) only in MastitisPost cows, whereas summed signal intensities of PS, LPE,
SM, monohexosylCer, and ChoE as well as cholesterol decreased (p < 0.05) similarly
in both groups during the prepartal transition period. Moreover, the proportion of
NEFA on total FA (NEFA%) increased stronger in MastitisPost vs. Control cows
(+333% vs. +82%; p = 0.02). At calving, NEFA% was higher (28% vs. 14%; p =
0.007, Figure 4.3H) in MastitisPost vs. Control cows with complete separation of
groups except for one MastitisPost cow that was diagnosed with CM 21 days after
calving.
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Figure 4.3 Summed serum signal intensities (mean ± SEM) of total A) esterified fatty acids,
B) phosphatidylcholines, C) 18:0-containing TAG and unsaturated TAG, D) very long-chain
SFA and N3-PUFA, E) total NEFA, long-chain SFA, and long-chain MUFA, F)
phosphatidylinositols, G) UFA-containing LPC, LPE, and cholesteryl esters, and H) %NEFA
(proportion of esterified FA on total FA in serum of MastitisPost (n=8) and Control (n=9)
cows at 21, 14, 7, and 0 days before calving. Asterisks indicate significant (p ≤ 0.05) group
differences between MastitisPost and Control cows using Wilcoxon rank sum test. I) Selforganizing maps (SOM) of MastitisPost and Control cows at 21, 14, 7, and 0 days before
calving are visualized in Gene Expression Dynamics Inspector (GEDI)
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4.4.5

Prepartal Serum Biochemical Differences between MastitisPost vs.
Control Cows

For biochemical analysis, we quantified serum concentrations of markers of acute and
chronic inflammation (haptoglobin, SAA, TNFα, visfatin; Figure BS13A),
lipoprotein metabolism (α-tocopherol, cholesterol; Figure BS13B), energy status
(NEFA, BHB, glucose, urea N; Figures BS13C), and mineral status (calcium,
magnesium, phosphorus; Figure BS13D). In addition, we measured the body
condition score at each sampling time (Figure BS14).
PLS-DA score plots showed distinct clustering of MastitisPost and Control cows at
each sampling time except at 14 days before calving (Figure BS1C). The R2 and Q2 of
PLS-DA score plots were R2=0.73 and Q2=0.54 at -21 days, R2=0.64 and Q2=0.50 at 14 days, R2=0.67 and Q2=0.53 at -7 days, and R2=0.79 and Q2=0.65 at 0 days.
Separation between MastitisPost and Control cows was driven by markers of
inflammation (SAA and visfatin; higher in MastitisPost vs. Control cows) and αtocopherol (lower in MastitisPost vs. Control cows; Figure 4.4). Serum
concentrations of visfatin were higher (p < 0.05) in MastitisPost vs. Control cows at
all sampling time points (-21 days: +45%, -14 days: +54%, -7 days: +82%; at 0 days:
+63%), separated the two groups for all but one MastitisPost cow at -21 and -14 days,
and completely separated the two group at -7 and 0 days. Serum concentrations of
SAA were higher in MastitisPost vs. Control cows at the last three sampling time
points (-21 days: +452%, -14 days: +465%, -7 days: +307%; 0 days: +3,870%).
Higher serum concentrations of haptoglobin were not observed in MastitisPost vs.
Control cows until after calving (0 days: +251%; results after calving not shown).
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When serum markers of inflammation were summed, total concentrations were higher
at the last three sampling time points (-21 days: +175%, -14 days: +234%, -7 days:
+242%; 0 days: +1,914%; all p < 0.05) in MastitisPost vs. Control cows, separated
the two groups for all but one MastitisPost cow at 14 and 7 days before calving, and
completely separated the two groups at calving. In contrast to markers of
inflammation, serum concentrations of α-tocopherol were lower throughout the
sampling period (-21 days: -35%, -14 days: -35%, -7 days: -24%; 0 days: -19%; all p
≤ 0.05).
Similar to the results obtained with MS, serum concentrations of total NEFA were
higher (p ≤ 0.05) in MastitisPost vs. Control cows at -7 days (+139%) and 0 days
(+178%). Other indicators and indicator families showed no or limited ability to
predict CM and differed (p ≤ 0.05) between MastitisPost and Control cows at only 1
(glucose, phosphorus) or 0 sampling times (BHB, calcium, cholesterol, magnesium,
urea N, TNFα, BCS).
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Figure 4.4 Serum concentrations (mean ± SEM) of serum amyloid A, visfatin, and αtocopherol measured using biochemical analysis at 21, 14, 7, and 0 days before calving.
Crosses indicated complete group separation, and asterisks show significant (p ≤ 0.05)
differences between MastitisPost (n=8) and Control (n=9) cows using Wilcoxon rank sum
test.
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4.4.6

Time Sequence of Serum Differences between MastitisPost vs. Control
Cows

The time sequence of serum differences between MastitisPost vs. Control cows are
summarized in Figure 4.5. At -21 days, serum markers of muscle protein breakdown
(AA and their metabolites, odd short-chain acyl carnitines), muscle and liver FA
oxidation (long-chain acyl carnitines), chronic inflammation (visfatin), liver choline
metabolism (water-soluble PL metabolites), mammary gland development (mammary
gland-derived carbohydrates), and liver lipid synthesis, packaging, secretion, and
recycling (conjugated BA, PL, TAG) were higher in MastitisPost vs. Control cows
(Figure 4.5A). Whereas group differences between serum metabolites decreased until
calving except for markers of early mammary gland development, signal intensities of
serum markers of acute inflammation (SAA) and adipocyte TAG breakdown (longchain saturated and monounsaturated NEFA) increased in MastitisPost starting at -14
days but not in Control cows before calving. At calving, serum markers of acute and
chronic inflammation (SAA, visfatin) and adipocyte TAG breakdown catabolism
(long-chain SFA and MUFA) were higher and markers of liver lipid synthesis,
packaging, secretion and recycling as well as intestinal lipid absorption and synthesis
(esterified FA, PC, PI, C18:0 containing TAG, unsaturated LPC, LPE, and ChoE, and
conjugated BA) were lower in MastitisPost vs. Control cows at calving (Figure 4.5B).
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Figure 4.5 Schematic representation of proposed cross-talk between mammary gland, adipose
tissue, muscle, liver, small intestine, and pathogenic bacteria in MastitisPost vs. Control cows
A) at 21 days before calving and B) at calving. Proposed processes and their differences
between MastitisPost vs. Control cows in tissue are in dark blue. Dashed lines with plus signs
(+) indicate higher and minus signs (-) indicate lower signal intensities in serum in
MastitisPost vs. Control cows. Abbreviation key: ChoE: cholesteryl esters; ConjBA:
conjugated bile acids; FA (Carn): free and acylated carnitines; LCFA-carnitine: long-chain
acylated carnitines; LPL: lysophospholipids (LPE and LPC); NEFA: non esterified fatty
acids; PL: phospholipids [phosphotidylcholines (PC) and phosphotidylethanolamine (PE)];
Odd SCFA-carnitine: short-chain odd acylated carnitines; serum amyloid A (SAA);
(S)lactose: (3'-sialyllactose and lactose); TAG: triacylglycerol; and water-soluble. PL: water
soluble phospholipids.

4.5

Discussion

The last three weeks before calving, also called prepartal transition period, is marked
by homeorhetic metabolomic and lipidomic adaptations for the upcoming parturition
and lactation, which are orchestrated by hormonal changes

276,277

. Reasons for these

adaptations include: exponentially increasing energy, amino acid, and lipid
requirements for the growing fetus and expanding mammary gland; accumulation of
minerals and vitamins, growth factors, antioxidants, immunoglobulins and
bactericidal compounds in the colostrum to strengthen immune-response of the
immune-naïve neonate. In addition, fetus size may limit rumen size and, thus, feed
intake. During the transition period, immunosuppression results in increased
susceptibility to infectious diseases such as CM. Given this physiological
background, the objective of this study was to identify predictive indicators that
precede CM in dairy cows.
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4.5.1

Analytical Workflow

The first step was to develop a robust and comprehensive mass spectrometry-based
metabolomic and lipidomic workflow for predictive biomarker detection. Metabolites
and lipids were extracted separately from serum using ethanol-methanol extraction
and isopropyl alcohol-induced (IPA) protein precipation, respectively. This IPA
extraction method was first described by Yao et al. for green microalgae

44

. Sarafian

et al. have applied protein precipitation with IPA for extraction of human plasma
lipids 45; however, to the best of our knowledge, IPA extraction has not been used for
biomarker detection in production animals. The quality control data for lipid analysis
showed that IPA extraction works well for serum lipidomic studies in dairy cows.
Serum metabolites and lipids were separated using HILIC and Reversed-phase
UPLC, respectively, and detected and quantified by high resolution time-of-flight
mass spectrometry.
To comprehensively evaluate multiple classes of metabolites and lipids, we used an
untargeted data-independent acquisition technique, namely MSE 166. The combination
of UPLC with MSE enabled us to obtain high resolution accurate mass information
for precursor and fragment ions in conjunction with accurate signal intensities for a
broad range of lipids and metabolites

40,81,166

. We also took advantage of combining

UPLC and ion mobility separation prior to high resolution ToF mass spectrometry.
The orthogonality of the ion mobility separation to liquid phase separation techniques
expands the analytical space for resolving highly complex mixtures of metabolite and
lipid which in turn yields “clean” ion signals for metabolites and lipids in crowded
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spectral regions

85,168,169

. Having well resolved ion signals is important for improved

determination of metabolite/lipid levels and metabolite/lipid assignments.
We visualized dynamic global changes of metabolite and lipid levels during the
prepartal transition period by self-organizing maps (SOM). The SOM algorithm was
initially described by Eichler et al. for the identification of deferentially regulated
genes in different biological conditions

275,278

. More recently, SOM approaches have

been also used in metabolomics studies 139,279,280. The current study uses SOM for the
first time for evaluating serum metabolite and lipid dynamics in a nested case-control
study of a major disease in a production animal and showed distinctive difference in
changes during the close-up period between cows that developed clinical mastitis or
remained healthy during early lactation. In summary, our analytical workflow is
suitable for comprehensive global lipidomics and metabolomics profiling of serum in
dairy cows.
4.5.2

Lactose and 3'- Sialyllactose

The most consistent single serum predictive indicator in our data set was 3'-SL, the
signal intensities of which were 14.4-fold (-21 days), 4.1-fold (-14 days), 2.6-fold (-7
days), and 2.3-fold (directly after calving) higher in MastitisPost vs. Control cows.
The larger group differences at -21 days can be explained by the fact that 3'-SL signal
intensities increased earlier in MastitisPost vs. Control cows, indicating earlier
mammary gland development in MastitisPost cows. We excluded delayed calving as
potential explanation for earlier mammary gland development because pregnancy
length did not significantly differ between MastitisPost and Control cows (p = 0.12).
The large group differences and complete group separation at -21 days makes 3'-SL
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well suited as predictive serum indicator for CM. Sialyllactose and the second most
consistent predictive serum indicator lactose are both only synthesized in the
mammary gland, indicating potential specificity for CM, another criterion for a good
serum indicator for CM. Using the criterion of biological plausibility, earlier
accumulation of carbohydrates in the mammary gland could make cows more
susceptible to a bacterial mammary gland infection.
Sialyllactose

is

the

smallest

acidic

oligosaccharide

and

most

abundant

oligosaccharide in bovine milk (>50% of oligosaccharides) and occurs in two
isomeric forms 3'-SL and 6'-SL 281; 3'-SL is more abundant in bovine milk than 6'-SL,
which is the major SL in human milk

282–284

SL is to protect calves against infections
newborns

284

. The proposed function of 3'-SL and 6'283

and to support innate immunity in

. We detected and validated the presence of 3′-SL and 6'-SL by

comparing the serum samples with commercial standards, and we only could detect
3′-SL in our serum samples. To the best of our knowledge, this is the first study to
report CM was preceded by serum accumulation of 3'-SL starting at least 3 weeks
before calving, which suggests that 3'-SL may be a predictive indicator of CM in
transition dairy cows. It is intriguing that a mammary gland-derived oligosaccharide
in serum may be used as predictive indicator of CM, given that several blood-derived
metabolites in milk are used as indicators of CM

249

. Further studies are required to

validate and quantify this proposed metabolite as a robust predictive indicator of CM
and potentially SCM.
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4.5.3

Serum Amino Acids and Amino Acid Metabolites

Elevated serum AA and AA metabolites may precede CM. At both -21 and -14 days,
TML, proline, and tyrosine completely separated the two groups with higher values in
MastitisPost vs. Control cows, and at -21 days only, ADMA, creatine,
methylhistidine, histidine, phenylalanine, and threonine, separated the two groups
with higher values in MastitisPost vs. Control cows. Signal intensities of multiple
serum AA and AA metabolites were higher in MastitisPost vs. Control cows,
suggesting that whole metabolic processes (i.e., muscle proteolysis) rather than
individual AA and AA metabolites are elevated at -21 and -14 days. In support,
summed signal intensities of AA metabolites completely separated the two groups at
both -21 and -14 days. Group differences of AA and AA metabolites decreased
together with their signal intensities as calving approached, indicating a temporal
rather than a consistent change of AA and AA metabolites until CM detection.
During the last months of pregnancy, increasing amounts of AA are needed for the
exponentially growing fetus. Muscle proteolysis is an important physiological
response to the increasing fetal needs for AA. AA and their metabolites, e.g. 3-methyl
histidine and creatine/creatinine are released from muscle tissue into the bloodstream
285–287

. Circulating concentrations of 3-methyl histidine, creatine, and creatinine have

been used previously as markers of muscle proteolysis 288.
Muscle proteolysis is also an important unspecific response to inflammation and
infection

289

; plasma AA and their metabolites have been reported as diagnostic

markers of pathophysiological conditions 290, including SCM. Dervishi et al. reported
increased levels of AA such as tyrosine 8 weeks before calving in cows that after
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calving were diagnosed with SCM

261

, and Hailemariam et al. reported elevated

circulating levels of the AA; arginine, glutamine, histidine, methionine, ornithine,
phenylalanine, proline, serine, threonine, and tyrosine 4 weeks before calving in cows
that after calving were diagnosed with diseases

291

. The tryptophan catabolite

kynurenine was elevated at -21 and -14 days in our study; similar results were
reported by Zheng et al. for cows 8 and 4 weeks before calving that after calving were
diagnosed with ketosis

262

. Trp degradation to Kyn can be stimulated by secretion of

pro-inflammatory cytokines during an immune response

292,293

. Thus, elevated serum

AA and AA metabolites may precede various inflammation-associated diseases.
Inflammation associated with infection may have triggered muscle proteolysis in
MastitisPost cows at -21 and -14 days. The question arises why in MastitisPost cows
serum AA and AA metabolites levels did not remain elevated at -7 and 0 days. The
parallel decline of serum AA and AA metabolite levels in Control cows and the
parallel increase in serum NEFA concentrations suggests that cows may shift from
proteolysis to lipolysis in the last 2 weeks before calving.
4.5.4

Serum Inflammatory Markers

Inflammation is a hallmark of bovine infectious and metabolic diseases

294,295

. In this

study, serum visfatin concentrations were elevated in MastitisPost vs. Control cows
throughout the prepartal transition period and completely separated the two groups at
7 days before calving and at calving. We previously reported that dairy cows that
subsequently developed retained placenta and other diseases had elevated serum
visfatin concentrations

270

, indicating that elevated visfatin concentrations are not

unique to CM and indicate a general pathophysiology. Visfatin is a multifunctional
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protein which is an adipokine, is involved in NAD synthesis, and plays a role in
inflammation and infection by inducing cytokine secretion and angiogenesis

270,296

.

Elevated visfatin concentrations have been reported as an indicator of infectious and
metabolic diseases in humans

270,296,297

and we proposed visfatin as a marker of

chronic inflammation in transition dairy cows

270

. Thus, CM may be preceded by

chronic inflammation before calving, which is supported by increased signal
intensities of serum markers of muscle proteolysis. Besides elevated visfatin
concentration, MastitisPost cows had low serum concentration of α-tocopherol, the
major lipid antioxidant. Inflammation and depleted antioxidant status are closely
linked

249

, and, thus, depleted lipid antioxidant reserves may precede CM as a result

of chronic inflammation. We reported higher serum visfatin concentrations linked
with higher α-tocopherol concentrations in cows that subsequently developed retained
placenta and other diseases

270

. Future studies are needed to clarify the link between

α-tocopherol status and chronic inflammation.
Besides serum visfatin concentrations, we observed elevated serum concentrations of
the major bovine acute phase protein SAA in MastitisPost cows starting 14 days
before calving. Our results are consistent with other studies that observed an increase
in circulating concentrations of haptoglobin and SAA in the first weeks after calving
as well as in cows diagnosed with CM

298

. Elevated circulating concentrations of

haptoglobin and SAA, both are primarily synthesized in the liver and the site of
infection, are considered indicators of acute infection and inflammation in dairy cows
299

. Whereas it is proven that most clinically diseased cows, regardless of infectious

or metabolic disease, have elevated haptoglobin and SAA concentrations, it is less

149

clear when inflammatory markers increase prior to disease diagnosis. Dervishi et al
observed elevated concentrations of serum haptoglobin, TNFα, and IL-1, four weeks
before parturition in dairy cows that were subsequently diagnosed with SCM versus
Control

264

. We did not observe significant differences in serum concentrations of

haptoglobin until after calving. We also observed no group differences for TNFα, a
short-lived cytokine, which plays an important role in the regulation of the immune
system and is released in the blood stream following activation of inflammatory
mediators 300. We might not have observed elevated TNFα concentrations because of
the short time window of its release in the blood stream. In conclusion, inflammation
may be a predictive hallmark of pathophysiology in dairy cows but not well suited as
specific indicator of CM.
4.5.5

Serum Free and Acylated Carnitines

Elevated serum free carnitine levels may precede CM. In mammals, the breakdown of
endogenous proteins containing TML residues is recognized as a starting point for
carnitine synthesis 301–303. Free carnitine and it’s precursor TML completely separated
the two groups at -21 and -14 days, suggesting that elevated muscle proteolysis in
MastitisPost vs. Control cows may precede carnitine synthesis for AA and FA
catabolism.
Acylated carnitines play important roles in both AA and FA catabolism. Elevated
plasma short-chain odd acylcarnitines (Car C3:0 and CarC 5:0) levels, similar to what
we observed in MastitisPost cows (complete group separation at -21 days with Car
C3:0), reflect proteolysis in skeletal muscles

304

. Elevated levels of long-chain even

acylcarnitines, which we also observed in MastitisPost cows, may indicate increased
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FA ß-oxidation, as carnitines transport FA into the mitochondria for FA ß-oxidation
301,304,305

.

Besides their role in muscle, carnitines play a vital role in FA transport and oxidation
in the liver. Expression of genes involved in hepatic carnitine synthesis and cellular
uptake are strongly increased during the transition period and during negative energy
balance 303,306. Elevated circulating concentrations of carnitines containing long-chain
even FA have been linked to pathophysiologic conditions, in which NEFA
availability exceeds the amount that can be oxidized in the mitochondria resulting in
incomplete FA β-oxidation (Car C10:0) and fatty liver, as observed in obesity/insulin
resistance models

304

. Previously, Hailemariam et al. reported elevated serum levels

of free and acylated carnitines as inflammatory disease indicators in transition dairy
cows

291

. Thus, elevated serum levels of free and acylated carnitines may indicate

elevated AA and FA catabolism in muscle and liver and may serve as general
predictive hallmark of pathophysiology, including CM, in prepartal transition dairy
cows. The decrease in free and acylated carnitines between -14 and -7 days in
MastitisPost but not Control cows may indicate that carnitine reserves for FA and AA
oxidation are depleted, which may, in turn, result in increased accumulation of TAG
in the liver.
4.5.6

Serum Conjugated Bile Acids

Changes in serum conjugated BA may precede CM in prepartal transition dairy cows.
Similar to AA and AA metabolites, carnitines, and water-soluble PL metabolites,
conjugated BA levels differed as a group, suggesting changes of whole metabolic
processes (i.e., bile secretion, absorption, or recycling of conjugated BA) rather than
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individual conjugated BA. In contrast to the 3 aforementioned metabolite groups,
conjugated BA did not completely separate MastitisPost vs. Control cows at -21 and 14 days suggesting an indirect rather direct metabolic link between CM and elevated
conjugated BA (i.e., pregnancy-associated cholestasis), as explained in detail next.
Conjugated BA play an important role in the absorption and excretion of lipophilic
molecules (e.g., cholesterol) and waste products (e.g., bilirubin)

307

. In the liver, BA

are synthesized from cholesterol (unconjugated BA), then conjugated to either
glycine or taurine to make them amphipathic (conjugated BA). Together with PL and
cholesterol, BA are stored as bile in the gallbladder and then secreted in the small
intestine, where they can be transformed by intestinal microbiota and aid in the
absorption of lipophilic substances 308,309. Most BA (95%) are reabsorbed in the small
intestine, transported to the liver, and resorbed by the liver from blood in the
enterohepatic circulation

308

. Prior studies demonstrate dramatic decreases in

circulating cholesterol in bovine, when intestinal reabsorption of BA is prevented 310.
In dairy cows, elevated circulating BA concentrations have been used as prognostic
serum markers of liver injury and dysfunction

311–313

. It has been proposed that

elevated circulating BA concentrations are the result of liver tissue damage,
inadequate hepatic reabsorption, or both

312

. However, we did not observe group

differences in unconjugated BA or between types of conjugated BA (primary vs.
secondary; cholic acid vs. chenodeoxycholic acid derived). In women during late
pregnancy, elevated BA concentrations are indicative of pregnancy-associated
cholestasis, in which pregnancy hormones stop or slow down bile flow, resulting in a
build-up of BA in the liver that spills in the blood stream

314–316

. Side effects of
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pregnancy-associated cholestasis include loss of appetite and fatigue316–318. After
birth, serum BA concentrations return to normal values

314–316

. The aforementioned

pathophysiology is similar to what we observed in MastitisPost cows. Thus,
MastitisPost cows may have pregnancy-associated cholestasis, which may be a risk
factor for CM, because decreased bile flow, as indicated by elevated conjugated BA
concentrations, may interfere with hepatic removal of pathogens and their toxic
products. Future studies are warranted to examine whether pregnancy-associated
cholestasis is a health problem in dairy cows.
The lower serum conjugated BA levels in MastitisPost vs. Control cows directly after
calving may indicate decreased intestinal lipid absorption and bile recycling after
calving, as also supported by lower cholesterol concentrations after calving in
MastitisPost vs. Control cows. Serum signal intensities of TLCA completely
separated the two groups at 0 days. Lower serum BA levels may also explain in part
the higher acute phase protein concentrations in MastitisPost vs. Control cows after
calving, because lower BA concentrations may result through less farnesoid X
receptor (FXR) activation in more proinflammatory cytokine synthesis and
inflammation 319,320.
4.5.7

Serum Phospholipids and Phospholipid Metabolites

Elevated serum water-soluble PL metabolites may precede CM. At both -21 and -14
days, complete group separation was observed for the individual water-soluble PL
metabolites MEP, choline, and PChol. Water-soluble PL metabolites do not contain
FA and make up 5% of choline and ethanolamine-containing molecules; the
remaining 95% are incorporated into lipid-soluble primary PL (PC, PE, SM) and LPL
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(LPC, LPE)321. As dietary choline is over 80% degraded by rumen microbiota, watersoluble choline forms are primarily derived by deacylation of their lipid soluble forms
321,322

.

Water-soluble PL metabolites differed as a group rather than individually, suggesting
changes of whole metabolic processes (i.e., metabolism, secretion, or recycling of PL)
rather than specific metabolic changes. Summed signal intensities of water-soluble
PL metabolites completely separated the groups at both -21 and -14 days, which is
similar to what we observed for carnitines and AA and AA metabolites. Carnitine,
AA and AA metabolites, and water-soluble PL metabolites are metabolically linked,
as choline via betaine provides methyl groups for carnitine biosynthesis

323

, which is

essential for AA and FA catabolism. In addition, choline via betaine spares
methionine, as 30% of absorbed methionine is utilized for choline synthesis

324,325

. In

humans, pregnancy (i.e., increased choline transfer into the fetus) as well as various
diseases (e.g., coronary heart disease, cancer) are associated with elevated circulating
choline concentrations

326–328

. The likely reason is that high needs for methyl groups

of fast-growing and metabolizing tissues (i.e., nucleotide synthesis, methylation) and
high choline and betaine excretion results in elevated choline metabolism

327,329

.

There is a negative feedback loop between inflammation and water-soluble PL
metabolites, as inflammation promotes phospholipase action, which converts choline
and ethanolamine-containing PL and LPL into water-soluble choline and
ethanolamine forms, which, in turn, inhibit inflammation

330

. Thus, elevated serum

levels of water-soluble PL metabolites may indicate both inflammation-associated
diseases and elevated AA and FA catabolism in muscle and liver and, hence, may
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serve as predictive, although unspecific, indicator of pathophysiology, including CM,
in prepartal transition dairy cows.
Similar to water-soluble forms of choline and ethanolamine, summed signal
intensities of PC were elevated in MastitisPost cows at -21 days. However, group
differences were smaller than in water-soluble PL and disappeared at -14 days. In
addition, signal intensities of water-soluble PL decreased between -14 and -7 days,
whereas signal intensities of lipid-soluble PL decreased at the onset of lactation
(between -7 and 0 days). Besides acting as membrane component and signaling
component, PL are critical components of lipoproteins and bile

331

. Inadequate PC

availability has been linked to decreased lipoprotein assembly and secretion and fatty
liver in early lactation dairy cows

332,333

. Elevated PC levels at -21 days may indicate

increased VLDL secretion to prevent hepatic lipidosis, or may be related to the
elevated conjugated BA levels indicating pregnancy-associated cholestasis, or both.
Serum signal intensities of most PL decreased at calving, with decreases often only
observed in MastitisPost vs. Control cows. In ruminants, the primary sources of PL
are in the liver recycled PL from bile and lipoproteins and to a smaller degree rumen
microbial PL; abomasal choline infusions do not change plasma concentrations of
lipid-soluble PL, suggesting that the contribution of choline for PC synthesis is minor
322,334

. Most of the choline metabolism takes place in the liver, where PC is

synthesized by three successive methylation of PE

335,336

. Serum PC and PE

concentrations reflect circulating lipoprotein levels, which are decreased around
calving 263. Similar to many PL, we only observed decreases in serum conjugated BA
at calving in MastitisPost cows. Thus, MastitisPost cows may have lower PL
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recycling from bile, lipoprotein, or both, which may adversely affect their PL and
choline status.
Noteworthy is that greater decreases with calving and in MastitisPost vs. Control
cows were observed in fully or partly deacylated PL metabolites than in PL itself. As
a result, LPC to PC ratio and LPE to PE ratio were lower in MastitisPost vs. Control
cows at calving. The results suggest that phospholipase or acyltransferase activity of
the Lands Cycle may be affected by mastitis infections. In support, pathogenic
bacteria and infection have been reported to inhibit phospholipase activity

291

. In

humans, the LPC to PC ratio has been proposed as inflammation marker; for
example, lower LPC to PC ratios were associated with increased risk of mortality in
sepsis patients

337

. Thus, decreases in LPC to PC ratio and LPE to PE ratio may

indicate an acute CM infection in dairy cows, as pathogenic bacteria alter PL
metabolism.
4.5.8

Serum NEFA

Elevated

circulating

concentrations

of

NEFA

are

a

hallmark

of

many

pathophysiologies in transition dairy cows during the last days before calving

338

.

Similar to our observations in MastitisPost and Control cows, we previously reported
that dairy cows that subsequently developed retained placenta and other diseases but
not cows that remained healthy experienced an increase in serum NEFA
concentrations during the prepartal transition period and had elevated serum NEFA
concentrations directly before calving

270

. Elevated circulating NEFA are the

physiological response to inflammation, decreased feed intake, or both resulting in
adipose lipolysis. Unfortunately, we did not measure feed intake. MastitisPost but not
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Control cows decreased in BCS during the prepartal transition period, but no
significant group differences was observed at any sampling time. During adipose
lipolysis, glycerol is released into circulation to be used for hepatic gluconeogenesis,
and NEFA are released into circulation, because NEFA cannot be re-esterified in
adipose tissue in the absence of glycerol. In this study, the changes in total NEFA
were linked to long-chain SFA and MUFA, specifically of the predominant NEFA in
adipose tissue C16:0, C18:0, and C18:1

339,340

. Changes in long-chain SFA and

MUFA occurred as a group, indicating that a physiological process (i.e., adipose
lipolysis) was responsible for the observed changes. Cytokines induce NEFA release
from adipose tissue in response to an acute mammary infection

341,342

. Changes in

long-chain saturated and MUFA followed increases in pro-inflammatory markers
(i.e., SAA) and did not increase significantly in Control cows during the prepartal
transition period. Thus, adipose lipolysis in response to inflammation may be the
primary cause for increased circulating concentrations of NEFA the last days before
calving and at calving in MastitisPost cows.
The relationship between inflammation and adipose lipolysis may be reciprocal.
When circulating NEFA exceed the capacity to oxidize them in muscle and liver,
NEFA can be toxic to cells and have adverse effects on immune function

343,344

.

Increased concentrations of long-chain SFA and MUFA can enhance the release of
pro-inflammatory mediators by activation of nuclear factor kB (NF-kB) signaling
pathway

344,345

. The signal transduction factor NF-kB plays an important role in the

development of a low-grade pro-inflammatory environment and inflammatory
diseases

346,347

, as NF-kB induces pro-inflammatory chemokine and cytokine
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synthesis, which leads to the recruitment of immune cells, further augmenting the
pro-inflammatory responses

348

. Thus, lipolysis and inflammation may act

synergistically to increase serum concentrations of both, NEFA and acute phase
proteins, as shown by the large differences in total NEFA (2.8-fold), haptoglobin
(3.5-fold), and SAA (35.7-fold) between MastitisPost and Control cows at calving.
Group differences in AA and AA metabolites, carnitine, and water soluble PL
metabolites occurred earlier (-21 and -14 days) than in long-chain SFA and MUFA (7 and 0 days) and, thus, allow for CM prevention strategies. Moreover, in contrast to
aforementioned metabolite groups, long-chain saturated and MUFA incompletely
separated MastitisPost from Control cows. Several metabolomics studies reported
elevated, prepartal long-chain SFA and MUFA concentrations in cows that developed
various diseases in early lactation

261,291

. Thus, long-chain SFA and MUFA may be

better suited as early indicator of general pathophysiologies in dairy cows rather than
as predictive indicator of CM.
N3 PUFA and very long-chain SFA did not follow trends of long-chain SFA and
MUFA concentrations. At -21 days, signal intensities of serum N3 PUFA, which are
known to have anti-inflammatory properties

349

, were lower in MastitisPost vs.

Control cows. Signal intensities of very long-chain SFA were lower in MastitisPost
vs. Control cows throughout the sampling period, including at -21 days. Very longchain SFA are synthesized through the elongation of long-chain FA mainly C16:0 by
membrane-bound enzymes in the endoplasmic reticulum of the liver

350,351

. Very

long-chain SFA have important roles in membrane structure and intracellular
signaling. In human cohort studies, lower circulating concentrations of very-long
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chain SFA are associated with increased risk of chronic diseases

352–354

. Thus, lower

serum very long-chain SFA levels may be a potential risk factor for CM. We are not
aware of studies examining the relation between circulating very long-chain SFA,
their synthesis and degradation, and bovine diseases, indicating an area of future
research.
One thing, we want to point out is that the results of the summed signal intensities of
individual NEFA were in positive correlation with the total NEFA results using the
colorimetric method. Our results support our assertion that our developed lipidomic
workflow provides reproducible and robust analysis of blood samples. What elevates
the lipidomic workflow over the colorimetric method for NEFA analysis is that we
can examine subgroups of total NEFA and their predictive power for disease: longchain SFA and MUFA linked to adipose lipolysis, N3 PUFA linked to secretion of
anti-inflammatory NEFA metabolites, and very long-chain SFA linked to intracellular
signaling.
4.5.9

Serum Esterified FA and Triacylglycerol

One of the most intriguing observations from a physiologic perspective involved
summed signal intensities of esterified FA (sum of FA of Cer, DG, LPC, LPE, LPI,
PC, PE, PI, PS, SM, and TAG). At -21 days, summed signal intensities of esterified
FA were higher in MastitisPost vs. Control cows, which was primarily due to higher
signal intensities of the most abundant esterified FA-containing lipid ions, PC and
TAG containing 18:1, 18:2, or both. Circulating TAG are primarily associated with
VLDL, and TAG’s FA composition mainly reflects hepatic lipid metabolism and
secretion

355

. We interpret our observation as indicator of higher hepatic lipid
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biosynthesis in MastitisPost vs. Control cows. In addition, the ratio of 18:1 to 18:0
FA (i.e., C18 desaturase index) in TAG was higher (+57%) in MastitisPost vs.
Control cows at -21 days. In humans, elevated circulating 16:1 to C16:0 or 18:1 to
C18:0 desaturase ratios are associated with increased risk of coronary heart disease
355

. Our findings can be explained by greater hepatic stearoyl CoA desaturase activity

in MastitisPost vs. Control cows, which may promote endogenous TAG synthesis.
Thus, MastitisPost cows may differ from Control cows in endogenous lipid
metabolism (i.e., higher stearoyl CoA desaturase activity).
Consistent with the literature, we observed sharp decreases in serum TAG during the
last week of calving

263,356

, indicating the increased need of glycerol for

gluconeogenesis once lactation started. At calving, summed signal intensities of TAG
containing 18:0 were lower in MastitisPost vs. Control cows as were summed signal
intensities of PC, PI, and monohexosylCer (glucosylceramide or galactosylceramide),
glycosylated forms of ceramides that play role in insulin resistance, stress responses,
and apoptosis

357,358

. Similar to PC, inadequate PI availability has been implicated in

decreased hepatic lipoprotein assembly and lipid secretion in transition dairy cows 359.
In addition, summed signal intensities of unsaturated FA-containing LPC, LPE, and
ChoE, specifically ChoE-18:2 and -18:3 were lower in MastitisPost vs. Control cows.
Serum ChoE are synthesized in serum high-density lipoproteins (HDL) by
transacylation of PC, a reaction that is inhibited by inflammation

360,361

. Our results

are consistent with a cytokine-induced decrease in hepatic lipoprotein secretion in
response to an acute mammary infection 362,363. Thus, we interpreted our observations
as indicator of lower hepatic lipid biosynthesis or secretion in MastitisPost vs.
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Control cows at calving in response to acute inflammation and lower intestinal lipid
absorption.
At calving, the proportion of NEFA on total FA (NEFA%) was 2-fold higher in
MastitisPost vs. Control cows with complete separation of groups except for one
MastitisPost cow that was diagnosed with CM 21days after calving. The area under
the ROC curve for NEFA% at calving was 0.97 (95% CI: 0.87-1; p = 0.002). In
comparison, the area under the ROC curves for total NEFA as measured by chemical
and MS analysis were lower with 0.88 (95% CI: 0.68-1; p = 0.009) and 0.86 (95% CI:
0.65-1; p = 0.01), respectively. These results indicate that NEFA% values may be
superior to biochemically determined total NEFA as early indicator of general
pathophysiologies in dairy cows. This makes biologically sense, as NEFA% accounts
not only for the increased NEFA release from adipose tissue in the blood stream as
calving approached but also for the decrease in esterified FA synthesis and secretion.
Our interpretation of our results is that MastitisPost cows transitioned during the
prepartal period from more to less lipid synthesis and secretion as well as from
similar to more lipolysis compared with Control cows. This shift, as indicated by high
NEFA% values at calving, may adversely affect both lifespan and function of
immune cells

364

and thereby the body’s immune defense against an infection. Thus,

our observed shifts in serum lipid profile may showcase the metabolic crosstalk
between mammary gland, muscle, adipose tissue, liver, intestine, and pathogenic
bacteria to adapt to parturition and an infectious challenge, which will be the
objective of future research.
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4.6

Conclusion

In conclusion, our untargeted UPLC-MSE-ToF MS workflow allowed us to evaluate
285 serum metabolites and lipids as potential predictive indicators of CM in prepartal
transition dairy cows. Among the 285 metabolites and lipids, serum 3'-SL showed the
largest and most consistent group differences during the prepartal transition period
and, thus, may assist in prevention strategies and early treatment interventions against
CM. As visualized by GEDI-generated SOM, first (-21 and -14 days) serum
metabolites and later serum lipids (-7 and 0 days) showed temporal, clustered
changes. Biochemical analysis supported our omics results and additionally showed
prepartum elevated chronic and acute inflammatory markers in MastitisPost cows.
Based on our results, we conclude that serum markers of early mammary gland
development (3'-SL and lactose), cholestasis (indicated by elevated conjugated BA),
chronic inflammation (visfatin), muscle protein and AA degradation (AA and their
metabolites, short-chain odd acylated carnitines), muscle and liver FA oxidation
(long-chain even acylated carnitines), elevated liver choline metabolism (watersoluble PL metabolites), and elevated liver lipid synthesis and secretion (conjugated
BA, PL, TAG) may precede CM and, thus, may assist in prevention strategies against
CM for improved cow health and welfare. Serum markers of acute inflammation
(SAA), decreased PL, lipoprotein, and bile synthesis, recycling, and metabolism (BA,
TAG, and PL), and elevated TAG degradation (long-chain saturated and
monounsaturated NEFA) may indicate early subclinical stages of CM and, thus, may
assist in early treatment interventions against CM.
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Chapter 5

HILIC-UPLC-MS-based Metabolic Profiling of Prepartal
Transition Dairy Cows Developed Retained Placenta

Fereshteh Zandkarimi, Gerd Bobe, Claudia S. Maier

164

5.1

Abstract

Retained placenta (RP), a condition that fetal membranes failed to expel within 24 h
of calving, is one of the most prevalent and costly diseases in dairy cows. Our
objective was to discover molecular biomarkers and pathways, which can aid in
screening, prediction and/or early diagnosis of RP. Using a nested case-control
design, we measured weekly serum signatures during the prepartal transition period
and directly after calving in healthy dairy cows that subsequently did (RP; n=8) or did
not (Control; n=9) develop RP. We applied ultra-performance liquid chromatography
quadrupole-time-of-flight mass spectrometry (UPLC-q-ToF MS) to profile the serum
metabolites. We conclude that UPLC-ToF-MS metabolomics serum signatures
indicate that global challenges in protein, phospholipid, and fatty acid metabolism
precede RP in transition dairy cows.
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5.2

Introduction

In dairy cows during the transition period, one the most common postpartum
complications is the retention of the fetal membrane after calf delivery365,366. Retained
placenta (RP) is defined as a pathological condition that fetal membranes fail to expel
within 24 h of calving. It is associated with decreased milk production, reproductive
health problems, impaired immune function and increased risk of other metabolic and
infectious diseases366,367. The occurrence of RP is about 7.8% of US dairy cows270.
The estimated treatment cost on average is almost $485 per case in the US in dairy
cow industry265,365,368. There are a number of factors, which have been proposed for
RP over the years such as uterine atony, edema of the chorionic villi as a result of
physical damage associated with difficult birth, caesarian section, cellular dysfunction
and necrosis related to uterine infections, and decreased immune responses265,369.
Therefore, early detection of cows with a higher risk of developing RP is
economically critical in advanced treatment strategies, which could result in
improved milk production and fertility.
Several research studies have been conducted in order to detect changes in blood
variables as early predictors of risk of developing RP in transition dairy cows370–373.
Most recently, Dervishi et al. reported the significant increase in the serum
concentrations of lactate, pro-inflammatory cytokines such as interleukins (IL-1 and
IL-6) and tumor necrosis factor (TNF-α) as well as serum amyloid A (SAA; an acute
phase protein) at eight weeks before disease incidence in dairy cows that
subsequently developed RP post-parturition291. Qu et al. showed that elevated serum
concentrations of ß-hydroxybutyrate (BHBA), decrease in the serum level of α-
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tocopherol, and lower body condition score (BCS) in the prepartum period could be
served as risk indicators for retained placenta265.
Metabolomics, the end point of the “-omics”-cascade, promises to provide an
accurate and dynamic image of an integral phenotype of biological systems5,7,374. In
particular,

high

resolution

mass

spectrometry

(MS)

complemented

with

chromatographic separation techniques is a most popular tool for metabolomics
analysis because of its high sensitivity, high specificity, and wide metabolome
coverage374. MS-based metabolomics analyses are applied as a powerful technique
for biomarker identification and metabolic differentiation of healthy and diseased
states in blood of transition dairy cows261,262,291,375,376. However, all of these current
studies on disease diagnosis in transition dairy cows have mainly focused on targeted
metabolomics approaches, where metabolic analyzing is limited to either a specific
set of metabolites or selected chemical class of small molecules261,262,291,375,376.
Untargeted metabolomics is a more comprehensive approach, which aims to screen
the whole sets of metabolites in one run without targeting specific molecules in
biological specimens. This is an unbiased method that can be utilized for
characterizing the molecular phenotype of individual samples or for comparing
profiles of metabolites among different sample groups. Hydrophilic-interaction liquid
chromatography (HILIC) has become an increasingly successful separation tool for
polar metabolites, offering complementary metabolic information to reverse-phase
liquid chromatography (RPLC) and enhances the coverage of metabolites377,378.
The purpose of this study is to develop and apply untargeted UPLC-q-ToF-MS
metabolic platforms using both RP and HILIC separation strategies to detect novel
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metabolites as early predictive indicators of RP in serum of transition dairy cows with
higher risk of developing retained placenta after calving.
We collected blood samples prospectively during close-up period from clinically
healthy, multiparous dairy cows. Using a nested case-control design, we measured
serum metabolites, and inflammatory markers at 21, 14, 7, and 0 days before calving
from cows that subsequently did (RP; n=8) or did not (Control; n=9) fail to expel
their placenta normally. To the best of our knowledge, this is the first untargted
HILIC-UPLC-MS-based metabolomic analysis to detect and identify serum
metabolites of RP in transition dairy cows. The reults indicate metabolites
differentiation in the serum of cows that developed RP starting as early as 21 days
before calving. The identifed serum signiture will provide new insight in metabolic
pathways involved in retention of fetal membranes, which can aid in early diagnosis
and preventive intervention of RP in transtion dairy cows.
5.3

Materials and Methods

This study was part of a prospective study designed to identify predictive serum
indicators of periparturient diseases in dairy cows. All animal experiments were
approved by the Oregon State University Institutional Animal Care and Use
Committee (ACUP Number 3991).
5.3.1

Animals and Study Design

One hundred and sixty one multiparous Holstein dairy cows at the Oregon’s Central
Willamette Valley farms were used in this study. The experimental procedures,
feeding management, diet and feed analysis, and sampling details of each group have
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been described in detail previously270 and also are provided in the supplementary
information.
To be eligible for the study, cows had to have completed ≥ 1 lactation, were free of
clinical diseases before calving, and had a body condition score (BCS) of ≥ 3.0 four
weeks before expected calving date, and were purebred Holsteins. In addition, cows
developed retained placenta if the detachment of the fetal membranes failed to occur
within the first 24 hours after calving. Eight pregnant multiparious Holstein dairy
cows that developed retained placenta (RP) and nine healthy control cows that
remained free of clinical diseases (Control) that were similar in parity and BCS were
selected in this nested case-control study. The details of animal handling,
management, diagnosis and treatment of diseases have been described previously,
265,270

5.3.2

and also are explained in the supplementary information.
Sample Collection and Preparation

Blood samples were obtained from the coccygeal veins or artery within 10 min after
morning feeding at 21 (24 to 18), 14 (17 to 11), and 7 (10 to 4) days before calving
and the morning after calving. The serum after clotting of the samples was separated
by centrifugation at 1600 × g for 20 min at room temperature and stored at -80 °C
until analyses. A total of 60 µl serum sample was thawed on ice at 4 °C and
preticipated by a solvent of ethanol-methanol (1:1, v/v) containing internal standards
for and vortex mixed vigorously for 5 min. The mixture was centrifuged at 16,000 × g
for 20 min at 4 °C, and then supernatant was transferred to a fresh MS vial for
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HILIC-MS analysis. Please refer to the supplementary information for more detailed
information on RPLC-MS sample preparation
5.3.3

Liquid Chromatography-Mass Spectrometry Analysis

All samples were analyzed on an Acquity UPLC I class system coupled to a Synapt
G2 mass spectrometer (Waters Corporation, Milford, MA, USA). In HILIC analysis,
an Aquity UPLC BEH amide column (2.1 mm × 150 mm, 1.7 μm; Waters
Corporation) was maintained at 45 °C. Mobile phase A was 5% acetonitrile and the
mobile phase B was 95% acetonitrile both containing 0.1% formic acid solution. The
following gradient elution was applied: 0 min, 99% B; 7.5 min, 40% B; 9 min, 99%
B; 10 min, 99% B; 12 min, 99% B. The flow rate was 0.4 mL/min, and the injection
volume was 3 μl. The auto-sampler tray was maintained at 6 °C. Sample analysis was
performed over a 12-min total run time. Please refer to the supplementary information
for more detailed information on RPLC conditions.
MS analysis was carried out in both positive and negative data-independent (MSE)
electrospray ionization modes. Mass spectral data were acquired from m/z 50 to 1200.
A capillary voltage and sampling cone voltage of (±) 2.5 kV and (±) 35 V were used
in positive and negative electrospray ionization modes, respectively. Source and
desolvation temperature were kept at 100 °C and 400 °C, respectively. Nitrogen was
used as desolvation gas with a flow rate of 650 L/hr in the positive ionization mode,
and 750 L/hr in the negative ionization mode. Dependent on the ionization mode the
protonated molecular ion of leucine enkephalin, [M+H]

+

(m/z 556.2771) or the

deprotonated molecular ion [M-H]- (m/z 554.2615) was used as a lock mass for
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accurate mass measurement. The lock mass was acquired for 0.3 seconds and
repeated every 10 seconds in a separate acquisition channel. In MSE acquisition
mode, the precursor ion data was collected using a low collision energy setting of 4
eV, while for the collection of fragment ion data high collision energy ramping from
15-35 eV was applied in the transfer region of the Tri-Wave device.
We also acquired ion-mobility mass spectrometry (IMS-MSE) of pooled biological
samples for enhancing the assignment of metabolite features. ESI source settings
were the same as described above. The traveling wave velocity was set to 450 m/s
and wave height was ranged from 15-40 V. Argon was kept at a pressure of 2.5×10-2
mbar for both trap and transfer regions (T-wave) as collision gas. The helium gas
flow was 180 mL/min. Nitrogen as the drift gas was held at a flow rate of 90 mL/min
in the IMS cell. Low collision energy was set to 5 eV, and high collision energy was
ramping from 25 to 60 eV in the transfer region of the Tri-Wave device to induce
fragmentation of mobility-separated precursor ions.
Data quality and instrument performance were controlled and monitored using a
quality control samples (equal aliquots of each sample; QC). The QC sample was
injected 8 times to condition the column before initiating the run. Next, the QC
sample was analyzed every 10 samples to assess the analyte reproducibility and
instrument stability. The blank samples (solvent A composition without additive, and
sample matrix) were injected at the end, between samples, and at the start of analysis
for examining possible carryover or contaminations within a batch.
5.3.4

Data Processing and Statistical Analyses
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MS data preprocessing and feature extraction were performed using an open-source
XCMSpackage (version 1.39.4) in R (version 3.1.2) environment for peak picking,
retention time alignment and filteringt104. The area counts for each feature (m/zretention-time pairs) in each sample were normalized using the Loess algorithm to
correct for variations originating from inter-day running differences of the instrument
platform274. Univariate and multivariate statistical analyses were performed on
MetaboAnalyst (version 2.0)272,273, GraphPad Prism 7, and SAS version 9.4 (SAS
Institute Inc., Cary, NC). At each time point, group differences of individual features
and summed features of known biological pathways and classes were evaluated using
the parametric t-test with Welch-Satterthwaite approximation and the nonparametric
Wilcoxon rank-sum test. Benjamini-Hochberg method was computed to correct for
multiple testing (p ≤ 0.05 and q ≤ 0.05, corrected false discovery rate)123,126. To
evaluate time and group difference concurrently, a repeated measure (ANOVA) in
time analysis of natural log-transformed data was conducted in PROC MIXED of
SAS. Repeated measures within cows were modeled using a first-order heterogeneous
variance-covariance matrix and the Kenward-Rogers approximation was used to
adjust the p-values for repeated measures of the same animal. Fixed effects were time
(21, 14, 7 days before and directly after calving), group (Control and RP cows) and
their interaction.
5.3.5

Metabolite Annotation and Structural Assignment

Metabolites were putatively annotated by searching monoisotopic masses against
publicly available databases including

LIPIDMAPS223, Human Metabolome
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Database (HMDB)222, and METLIN150 database, with a mass tolerance of 5 ppm.
Isotopic patterns, the retention time, and our in-house chemical compound library
(built on the IROA Mass Spectrometry Metabolite Library of Standards) provided
additional confirmation to narrow down putative matches. To elucidate the structure
of putatively annotated metabolites, fragment ion information obtained by tandem
MS (UPLC-IMS-MSE and UPLC-MS/MS) analysis and further confirmed with
authentic standards, if commercially available. Alignment of low and elevated energy
spectra of UPLC-IMS-MSE analysis was performed in MSE data viewer (version 1.0).
5.3.6

Biochemical Analysis

Serum concentrations of total glucose, BHB, non-esterified fatty acids (NEFA), urea
nitrogen, haptoglobin, visfatin, cholesterol, α-tocopherol, calcium, magnesium, and
phosphorus were determined as reported previously270. The concentrations of SAA
and TNF-α in the serum were analyzed using commercially available ELISA kits
according manufactures’ instructions. Please refer to the supplementary information
for more detailed information.
5.4

Results

Serum of healthy dairy cows that subsequently did (RP; n=8) or did not (Control;
n=9) develop RP across the four sampling times (-21, -14, -7 and 0 days) were
analyzed on hydrophilic interaction chromatography (HILIC) and reversed-phase
liquid chromatography (RPLC) coupled to mass spectrometry. We applied these
separation methods in combination with positive (ESI+) and negative (ESI-)
electrospray ionization MSE modes to capture the hydrophilic and hydrophobic
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metabolic information from serum samples. Data from HILIC showed remarkable
changes (FDR-corrected p-value < 0.05) in the serum of polar metabolites during
each sampling time points between two groups, which were also complementry to
RPLC data. Therefore, we focused on the results from HILIC analysis here. Please
refer to supplementary information for more detailed information on RPLC-MS
analysis conditions.
5.4.1

Temporal Changes in the Serum Metabolic Profile of RP-developed and
Control Cows

Mass spectra data processing form HILIC-UPLC-MSE analysis led to the detection of
2,200 features in both positive and negative ESI modes combined during 12-min
retention time window.
For investigative temporal metabolomic alterations, multivariate analysis such as
orthogonal partial least squares discriminant analysis (OPLS-DA) was applied.
Extracted metabolic features were log transformed and auto-scaled in order to reduce
potential disturbances from noise and artifacts in the model. The OPLS-DA plots of
the overall serum metabolic profiles of all time points showed temporal variations
between RP developed cows and Control cows in both ionization modes (Figure 5.1),
indicating that metabolic profiles of the RP-developed cows post-parturition was
differed from Control groups starting as the earliest sampling time point at -21 days.
The quality of the models was evaluated by goodness of fit (R2) and predictive power
(Q2). The classification resulted in R2 = 0.89 and Q2 = 0.71 in ESI+ mode and R2 =
0.97 and Q2 = 0.58 in ESI- mode. To evaluate the robustness of the models, the cross
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validation with 999 random permutation tests was performed. The computed results
of R2, Q2, and permutation test concluded that the OPLS-DA models are robust and
valid.

Figure 5.1 .Differentiation of the serum metabolites from RP and Control groups using
multivariate data analysis. (A) OPLS-DA plot in ESI+ and (B) OPLS-DA plot in ESIshowing the spatial separation between the global metabolomics profiles of serum samples
from RP and Control groups at -21 (T1), -14 (T2), -7 (T3) days, and at calving (T4). The
quality control samples (QC) are clustered in the middle

5.4.2

Prepartal Serum Metabolite Differences between RP-developed and
Control Cows

We compared the RP group with the Control group at each time points separately.
Multivariate analysis using unsupervised principle component analysis (PCA) scores
plots showed (Figure 5.2) distinctive clustering and clear separation of RP and
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Control cows at -21, -14, -7, and 0 days before calving, indicating earlier alterations
in the serum metabolic profile in the cows that subsequently developed RP.
Several individual metabolites perfectly predicted RP and completely separated
groups: 10 metabolites at -21 days, 27 metabolites at -14 days, 21 metabolites at -7
days, and 13 metabolites at calving (Table 5.1). These metabolites were putatively
identified by comparing metabolic features in the experimental samples with the
entries of our reference library of chemical standards regarding to retention time,
accurate mass, preferred adducts, isotopic patterns, and fragment ion spectral data.
These metabolites were free and acylated carnitines, amino acids (AA), biogenic
amines

(AA

metabolites),

bile

acids

(BA),

carbohydrates,

water-soluble

phospholipids (PL) metabolites, glycerophospholipids (phosphatidylcholine; PC,
phosphatidylethanolamines; PE, and phosphatidylinositols; PI), and sphingolipids
(sphingomyelins SM), suggesting these metabolic classes were remarkably altered in
the RP-developed cows before the onset of disease. The level of each individual
metabolite was significantly higher in RP vs. Control cows at all sampling time points
except for taurolithocholic acid (lower relative signal intensity at calving in RP vs
Control cows).
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Figure 5.2 Principle component analyses (PCA) of serum metabolites from control and RP
groups using multivariate data analysis in ESI+ showing the clear separations at A) at -21
(T1), B) at -14 (T2), C) at -7 (T3) days, and D) at calving (T4)

Each of the 12 metabolites that completely separated two groups at -14 days also
completely separated at -7 days. These included a) two AA and AA metabolites,
namely phenylalanine (-14 days: +67% RP vs. Control, -7 days: +65%), and
trimethyl-lysine (TML; -14 days: +95%, -7 days: +109%), b) three free and acylated
carnitines namely free carnitine (Car C0; -14 days: +261%; -7 days: +204),
palmitoylcarnitine (Car C16:0; -14 days: +314%; -7 days: +537%), and
stearoylcarnitine (Car C18:0; -14 days: +392%; -7 days: +359%), c). Two watersoluble PL metabolites namely N-methyl ethanolamine phosphate (MEP; -14 days:
+273%; -7 days: +304), phosphorylcholine (PChol; -14 days: +77%; -7 days: +50%),
d) three glycerophospholipids namely PC 16:0/16:0 (-14 days: +104%; -7 days:
+105%), PC 16:0/16:1 (-14 days: +79%; -7 days: +169%), and PC 16:0/18:1 (-14
days: +52%; -7 days: +85%), and d) two sphingolipids namely SM d18:1/20:0 (-14
days: +82%; -7 days: +121%) and SM d18:1/22:1 (-14 days: +82%; -7 days: +146%).
Car C0 (+111%) is also completely separated groups at -21 days. Moreover, Car
C16:0 (+459%), PC 16:0/16:0 (115%), and SM d18:1/20:0 (134%) are completely
separated groups at calving. Choline (-14 days: +400%; at calving: +531), SM
d18:1/22:0 (-14 days: +80%; at calving: +90%), and SM d18:1/24:0 (-14 days:
+147%; at calving: +138%) completely separated groups at -14 days and at calving.
Interestingly, MEP completely separated groups at all sampling time points (-21 days,
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239%, -14 days: +273%; -7 days: 304% and at calving: +118%, Table 5.1 and Figure
5.6).
Metabolite
class

Free and
acylated
carnitines

Amino
acids

Biogenic
amines

Conjugated
bile acids

Carbohydra

Metabolite

Fold-change (M/C
in %)
Days before
calving
21
14
7

0

p-value (group
differences)
Days before
calving
21
14
7

0

Total

148

248

238

139

5E-04

5E-04

5E-04

0.002

Free carnitine
Car C2:0
Car C4:0
Car C16:0
Car C18:0
Car C18:1
Total

111
347
120
477
494
269
20

261
144
336
314
392
386
29

204
217
280
537
359
509
41

125
108
167
459
712
270
25

5E-04
0.005
0.002
0.007
0.003
0.004
0.01

5E-04
0.004
0.004
5E-04
5E-04
0.002
0.001

5E-04
0.003
5E-04
5E-04
5E-04
8E-04
8E-04

0.004
0.02
0.007
5E-04
0.001
0.002
0.01

Alanine
Glycine
Histidine
Phenylalanine
Tyrosine
Tryptophan
Total

92
82
46
29
71
41
42

89
189
61
67
114
29
63

92
97
96
65
82
81
52

45
97
86
41
48
21
12

0.003
0.002
0.004
0.003
8E-04
5E-04
0.001

8E-04
0.003
0.004
5E-04
0.001
0.08
5E-04

0.009
0.01
5E-04
5E-04
0.002
0.009
5E-04

0.005
0.4
0.01
0.007
0.004
0.2
0.007

Asymetric
dimethylarginine
Creatine
Creatinine
Histamine
Hippuric acid
Kynurenine
Methyl-histidine
Taurine
Trimethyl-lysine
Taurolithocholic acid

79

106

99

25

0.02

8E-04

5E-04

0.007

110
37
24
34
169
62
11
76
59

112
32
39
119
157
76
67
95
-19

115
37
86
132
129
34
96
109
4

166
31
34
29
29
32
0.8
73
-46

0.002
0.004
0.05
0.04
5E-04
0.03
0.34
0.009
0.5

5E-04
0.002
0.03
5E-04
0.001
0.007
0.009
5E-04
0.85

0.002
0.004
5E-04
8E-04
0.007
0.007
5E-04
5E-04
0.85

0.002
0.005
0.2
0.1
0.07
0.002
0.56
8E-04
5E-04

Cholesterol
Urea cycle
arginine/ADMA ratio
Total Sugare

66
18
-43
30

88
22
-44
44

33
35
-30
61

28
15
-36
48

0.05
0.03
0.003
0.03

0.002
0.002
0.003
0.009

0.004
5E-04
8E-04
5E-04

5E-04
0.2
0.03
0.05
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tes
Lipids

Hexose
Total water-soluble PL
metabolites
Betaine
Choline
Ethanolamine
Methyl ethanolamine
phosphate
Phosphorylcholine
Total
phosphatidylcholines
LysoPC 14:0
PC 16:0/16:0
PC 16:0/16:1
PC 16:0/18:0
PC 16:0/18:1
PC 16:0/18:2
PC 16:0/20:3
PC 16:0/20:4
PC 20:0/20:5
PC 18:0/18:1
PC 18:0/18:2
PC e32:1;PC p32:0
PC e32:2;PC p32:1
PC e34:3; PC p34:2
PC e34:5; PC p34:4
PC e36:3; PC p36:2
PC e36:4; PC p36:3
PCe36:5; PC p36:4
PC e38:5;PC p38:4
Total
phosphatidylethanolamin
es
PE e34:1/PE p34:0
PE e36:2;PE p36:1
Total sphingomyelins
SM d18:0/16:0
SM d18:0/18:0
SM d18:1/14:0
SM d18:1/16:0
SM d18:1/18:0
SM d18:1/18:1

24
202

18
264

19
158

40
107

0.004
0.002

0.002
5E-04

0.002
5E-04

0.002
5E-04

35
286
36
239

65
400
75
273

52
422
118
304

19
531
38
118

0.03
0.009
0.05
5E-04

5E-04
5E-04
5E-04
5E-04

8E-04
0.002
0.002
5E-04

0.005
5E-04
0.04
5E-04

42
35

77
43

50
59

25
44

0.002
5E-04

5E-04
5E-04

5E-04
5E-04

0.007
0.001

99
88
73
120
57
60
40
68
51
48
41
119
57
65
67
81
52
83
100
49

145
104
79
130
52
32
38
36
18
51
35
123
82
55
45
81
65
53
40
69

228
105
169
113
85
60
40
80
83
74
36
111
88
46
107
68
58
102
97
45

30
115
52
117
57
49
21
65
32
59
40
81
17
13
75
66
22
49
36
35

0.004
0.003
0.004
5E-04
0.002
0.005
0.007
5E-04
0.007
0.002
0.009
0.01
0.007
0.001
5E-04
0.009
5E-04
5E-04
0.001
0.004

0.004
5E-04
5E-04
0.002
5E-04
0.003
0.002
0.1
0.4
0.001
0.004
0.002
5E-04
5E-04
0.1
5E-04
0.007
0.08
0.07
8E-04

0.007
5E-04
5E-04
0.001
5E-04
8E-04
0.002
5E-04
5E-04
0.002
0.002
5E-04
0.003
0.005
0.001
0.001
0.001
0.001
5E-04
0.005

0.03
5E-04
0.007
0.002
8E-04
0.003
0.004
0.005
0.04
5E-04
5E-04
0.01
0.2
0.1
0.005
0.03
0.3
0.01
0.02
0.02

52
86
34
50
55
64
30
44
57

71
121
61
74
120
67
50
73
75

51
96
55
54
63
115
44
71
66

25
62
43
43
68
58
36
62
56

5E-04
0.007
0.001
0.007
0.007
0.004
0.002
0.003
8E-04

0.002
5E-04
5E-04
0.001
0.003
0.001
5E-04
5E-04
5E-04

0.004
0.001
8E-04
0.002
0.002
8E-04
0.001
0.003
0.002

0.005
0.02
8E-04
5E-04
0.001
0.002
0.002
0.002
0.005
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SM d18:1/20:0
SM d18:1/21:0
SM d18:1/22:0
SM d18:1/22:1
SM d18:1/24:0
SM d18:1/24:1

59
117
66
53
81
33

82
89
80
82
147
82

121
133
115
146
113
55

134
83
90
89
138
49

0.002
0.003
0.005
0.003
0.005
0.02

5E-04
0.001
5E-04
5E-04
5E-04
5E-04

5E-04
0.002
0.002
5E-04
0.002
0.002

Table 5.1 List of putatively identified metabolites and lipids with complete separation
between RP-developed(n=8) and Control (n=9) cows at ≥1 sampling time (median foldchanges of completely separated sampling times are bolded) or significant (p < 0.05) group
differences at ≥3 sampling times

Two AA and AA metabolites and three glycerophospholipids (one diacyl and two
ether-linked) completely separated groups only at -21 days and included tryptophan
(+41%), kynurenine (+169%), PC 16:0/18:0 (+120%), PCe34:5 (+67%), and PEp34:0
(+52%). Three AA metabolites, four glycerophospholipids (three ether-linked PC and
one PE), and four sphingolipids completely separated groups only at -14 days and
included creatine (+112%), betaine (+65%), hippuric acid (+119%), PC e32:2
(+82%), PCe34:3(+55%), PCe36:3(+81%), PEp36:1(+121%), SM d18:1/16:0
(+50%), SM d18:1/18:0 (+73%), SM d18:1/18:1 (+75%), and SM d18:1/24:1
(+82%). One acylated carnitine (Car C4:0; +280%), four AA and AA metabolites,
and three glycerophospholipids (one diacyl and two ether-linked PC) completely
separated groups only at -7 days and included histidine (+96%), Asymmetric
dimethyl arginine (ADMA; +99%), histamine (+86%), taurine (+96%), PC 20:0/20:5
(+83%), PCe32:1 (+111%), and PCe38:5 (+97%). At calving, only cholesterol
(+28%), taurolithocholic acid (-46%), two glycerophospholipids, PC 18:0/18:1

5E-04
5E-04
5E-04
8E-04
5E-04
0.002
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(+59%) and PC 18:0/18:2 (+40%), and two sphingolipids, SM d18:0/16:0 (+43%) and
SM d18:1/21:0 (+83%) completely separated two groups.
At all sampling time point, serum markers of protein degradation were higher in RPdeveloped groups vs. Control groups (Table 5.1). Of the putatively identified 16 AA
metabolites 6, 10, 10, and 5 were significantly higher (FDR corrected p-value < 0.05
and median fold change threshold of 1.5) at -21, -14, -7 days, and at calving,
respectively (Table CS1). Summed signal intensities of AA metabolites completely
separated the two groups at both -14 and -7 days and were higher at all time points (21 days: +42%; -14 days: +63%; -7 days: +52%; at calving: +12%) in RP developed
vs. Control cows (Figure 5.3A). Of the putatively identified 17 proteinogenic AA, 2,
6, 9, and 6 were higher at -21, -14, and -7 days and at calving, respectively. Summed
signal intensities of proteinogenic AA were also higher at all time points (-21 days:
+20%; -14 days: +29%; -7 days: +41%; at calving: +25%) in RP developed vs.
Control cows (Figure 5.3B).
Serum markers of AA and FA catabolism, carnitines and carnitine precursors, were
higher in RP-developed vs. Control cows at all sampling time points (Table CS1) and
showed complete group separation (Table 5.1). Of the putatively identified free and
acylated carnitines, 7, 8, and 8, and 6 were higher (FDR corrected p-value < 0.05 and
median fold change threshold of 1.5) in RP-developed vs. Control cows at -21, -14, -7
days, and at calving respectively (Table CS1). The summed signal intensity of free
and acylated carnitines completely separated the two groups at all prepartal time
points and was higher at all sampling time points (-21 days: +148%; -14 days:
+248%; -7 days: +238%; at calving: +139%) in RP vs. Control cows (Figure 5.3C).
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Moreover, the summed signal intensity of acylated carnitines completely separated
the two groups at all prepartal time points and was higher at all sampling time points
(-21 days: +216%; -14 days: +284%; -7 days: +206%; at calving: +150%) in RP vs.
Control cows (Figure 5.3D). Besides Car C0 (-21 days: +111% complete separation; 14 days: +261% complete separation; -7 days: +204% complete separation; at
calving: 125%), Car C2:0 (-21 days: +347%; -14 days: +144%; -7 days: +217%; at
calving: 108%), Car C4:0 (-21 days: +120%; -14 days: +336%; -7 days: +280%
complete separation; at calving: 167%), Car16:0 (-21 days: +477%; -14 days: +314%
complete separation; -7 days: +537% complete separation; -7 days: +537% complete
separation; at calving: 459% complete separation ), Car C18:1 (-21 days: +269%; -14
days: +386%; -7 days: +509%; at calving: 270%), the carnitine precursor TML was
higher at all sampling times (-21 days: +76%; -14 days: +95% complete separation; 7 days: +109% complete separation; at calving: 73%; Table 5.1)
Water-soluble PL metabolites were higher in RP-developed vs. Control cows at all
sampling time points (Table CS1). Of the 6 putatively identified PL metabolites
(choline, betaine, PChol, ethanolamine, glycerylphosphoethanolamine, MEP), 2, 4, 4,
and 2 were higher (FDR corrected p-value < 0.05 and median fold change threshold
of 1.5) in RP-developed vs. Control cows at -21, -14, and -7 days, respectively.
Moreover, the summed signal intensity of PL metabolites (-21 days: +202; -14 days:
+264%; -7 days: +158%; at calving: 107%; Figure 5.3E) were higher in RPdeveloped vs. Control cows at all sampling time points
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Figure 5.3 Summed serum signal intensities (mean ± SEM) of A) amino acid metabolites, B)
proteinogenic amino acids, C) free and acylated carnitines, and D) Acylated carnitines

Besides water-soluble PL metabolites, glycerophospholipids and sphingolipids (SM)
were also higher in RP-developed vs. Control cows at all sampling time points (Table
CS1) and showed complete group separation (Table 5.1). At -21 days; 27
glycerophospholipids (22PC, 3PE, and 2PI), at -14days; 15 glycerophospholipids
(10PC, 3PE, and 2PI), and 7 SM, at -7 days; 22 glycerophospholipids (17PC, 2PE,
and 3PI), and 6 SM, and at calving: 5 glycerophospholipids (2PC, 2PE, and 1PI), and
6 SM were significantly higher (FDR corrected p-value < 0.05 and median fold
change threshold of 1.5) in RP vs Control groups. Summed signal intensities of total
phosphatidylcholines (PC) was higher at all sampling time points (-21 days: +35%
complete separation; -14 days: +43% complete separation; -7 days: +59% complete
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separation; at calving: 44%, Figure 5.4B). Moreover, summed signal intensities of
total phosphatidylethanolamines (PE, -21 days: +49%; -14 days: +69%; -7 days:
+45%; at calving: 35%, Figure 5.4C), and sphingomyelins (-21 days: +34%; -14 days:
+61% complete separation; -7 days: +55% complete separation; at calving: 43%,
Figure 5.4D) were higher at all sampling time points.

Figure 5.4 Summed serum signal intensities (mean ± SEM) of A) water-soluble
phospholipids B) Total PC, C) Total PE, and D) Total SM

At calving, cholesterol (lipid transport) completely separated two groups at calving,
and was higher at all sampling time points (-21 days: +66%; -14 days: +88%; -7 days:
+33%; at calving: 28% complete separation, Table 5.1).
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Intriguingly, the summed signal intensities of urea cycle metabolites (arginine,
aspartic acid, ornithine, citrulline) was completely separated two groups at -7 days,
and was higher at all sampling time points (-21 days: +18%; -14 days: +22%; -7 days:
+35% complete separation; at calving: 15%, Figure 5.5A). Moreover, the ratio of
arginine/ADMA as an indicator of nitic oxide (NO) bioavailability was significantly
lower at all sampling time points (-21 days: -43%; -14 days: -44%; -7 days: -30%; at
calving: -36%, Figure 5.5B).

Figure 5.5 Summed serum signal intensities (mean ± SEM) of A) urea cycle B)
arginine/ADMA ratio, and C) Total sugar

The summed signal intensities of all putatively identified hexose was completely
separated two groups at calving, and was higher at all sampling time points (-21 days:
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+30%; -14 days: +44%; -7 days: +61% complete separation; at calving: 48%, Figure
5.5C).

Figure 5.6 Heat map showing the metabolite abundance profiles of RP developed cows and
Control cows at each sampling time points (-21 days, -14 days, -7 days, and at calving). The
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putatively identified metabolites with complete separation or consistent changes at all
sampling time points between RP (n=8) and Control (n=9) cows are summarized here.

5.5

Discussion

Prepartal transition period or the last three weeks before calving is characterized by
hormonal changes and homeorhetic metabolomic adaptations for the upcoming
parturition and lactation276,277. If the process of placental expulsion is not completed
within 24 hours after calving, it is considered pathological and defined as retained
placenta252. There are multiple factors that can interfere with the expulsion of
placenta, which include a) weak uterine contractility related to mineral imbalances, b)
uterine tissue inflammation and trauma related to infections, multiple, or calving
complications, c) immature placentome related to preterm or induced calving, d)
incomplete breakdown of extracellular matrix by collagenase and metalloproteases
related to steroid hormone imbalances, e) oxidative damage related to depletion of
antioxidant reserves, and f) immune suppression365,369,379
Given this physiological background, determining changes in the serum metabolic
profile during close-up period (before calving) may identify the metabolic pathways
that would associate or proceed with the occurrence of RP in transition dairy cows.
Identifying cows with a higher risk of developing retained placenta is of particular
concern since earlier diagnosis and intervention strategies might considerably
decrease the retention of fetal membranes. We found perturbations to several
metabolite classes including acyl carnitines, amino acids and their metabolites, and
several lipid species such as PC, PE, and SM lipids.
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We observed significant increase in the relative signal intensities of free and acylated
carnitines in RP-developed cows at all sampling time points compared to Control
cows. Specifically, the serum signal intensities of short-chain and long-chain
acylcarnitines including Car C2:0, Car C4:0, Car C16:0, Car C18:0, and Car C18:1
were higher starting from 21 days before calving in RP-developed cows vs. Control
group.
Free and acylated serum carnitines play an important role in FA oxidation, as
acylcarnitines transport FA into the mitochondria for FA ß-oxidation301,304,305.
Dysregulation in the levels shot-chain acyl acrnitines in the serum are related to
imcomplete ß-oxidation of long chain fatty acids in mitochondria. In mammals, the
breakdown of endogenous proteins containing trimethyl-lysine (TML) residues is
recognized as a starting point for the carnitine biosynthesis301–303. Free carnitine and
it’s precursor TML were higher during transition period in RP-developed vs. Control
cows. The accumulation of short chain acy carnitines has also reported in serum of
transition dairy cows that developed retained placenta380.
Elevated serum levels of long-chain FA have been linked to physiologic conditions,
in which free FA availability exceeds the amount that can be oxidized in the
mitochondria resulting in incomplete β-fatty oxidation. It has reported the expression
of PPAR-α genes involved in the synthesis and cellular uptake of carnitine in the liver
are strongly increased during the transition period and during negative energy
balance303,306. The higher serum and muscle levels of short- and long-chain
acylcarnitines have been also linked to elevated rates of incomplete FA oxidation in
obesity/insulin resistance models304. Based on our findings, we conclude that RP-
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developed cows were already 3 weeks before calving metabolically challenged by
hepatic FA oxidation, as indicated by increased serum levels of free and acylated
carnitines. Increased hepatic FA oxidation may be associated with an infection, as we
already observed at those early sampling times elevated signal intensities of markers
of chronic inflammation such as visfatin. In support of our findings, Dervishi et al.
reported the elevated serum levels of acylcarnitine associated with the bacterial
endotoxines and inflammation in the cows that developed-RP during dry off
period380.
We also observed significant increase in the levels of SM at all sampling time point in
RP-developed cows vs. Control cows.
Another intriguing observation was that the levels of several PC and PE lipids were
higher in RP-developed cows vs. Control cows at all sampling time points.
When examining PC FA, we observed in particular higher PC containing ≤ 34
carbons in MastitisPost vs. Control cows. In humans, higher long-chain saturated FA
in PL has been associated with increased coronary heart disease381. Based on our
results, we suggest inherent differences in lipoprotein metabolism may
In our study, serum AA and their metabolites incraesed during the prepartal transition
period. During the prepartal transition period, increasing amounts of AA are needed
for the exponentially growing fetus. RP-developed cows had higher serum AA and
their metabolites compared with Control cows; at all sampling time points. Muscle
protein catabolism is an important response to inflammation and infection289. AA and
their metabolites, e.g. 3-methyl histidine and creatine/creatinine are released from
muscle tissue into the bloodstream285–287. Circulating concentrations of 3-methyl
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histidine, creatine, and creatinine have been used as markers of muscle proteolysis288.
In our study, RP-developed cows had higher signal intensities of serum methyl
histidine, creatine, and creatinine starting from 21 days before calving compared with
Control cows, suggesting, in combination with the higher AA levels, increased
muscle proteolysis in RP-developed cows. Hippuric acid is an acyl-glycine and a
derivative of protein catabolism, which was also higher in RP vs. Control cows at 14
and 7 days before calving. The increased level of plasma hippuric acid as a result of
increased protein mobilization has also reported in lactating gilts382.
Alternations in plasma AA and their metabolites have been reported as diagnostic
markers and for the assessment of the pathophysiological conditions290. The
tryptophan catabolite kynurenine was elevated during prepartal period in RP
developed cows. Similar results were reported by Dervishi et al in cows developed
RP after calving380.
The relative signal intensity of ADMS was higher in RP-developed cows at all
sampling time points, interestingly, the ratio of arginine to ADMA were also
significantly lower at all sampling time point in RP-developed groups. ADMA is
formed by methylation of L-arginine by protein arginine methyltransferase
(PRMT)383. Asymmetric dimethylarginine is an endogenous inhibitor of nitric oxide
synthase (NOS), and thus decrease NO bioavailability associated with impaired
endothelial function384. The arginine/ADMA ratio is an important indicator of nitric
oxide (NO) bioavailability385. Increase in the level of plasma ADMA and decrease in
NO bioavailability is also reported in human subjects treated with bacterial endotoxin
lipopolysaccharide384. Several studies have reported the effect of bacterial endotoxins
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in the development of prepartal disease including RP in transition dairy cows380,386.
Moreover, the elevated plasma ADMA levels are also reported in pregnant women
with preeclampsia383.
NOS catalyzes the conversion of L-arginine to NO and L-citrulline385,387. We also
observed significant increase in the level of citrulline at 14, and 7 days before calving
in RP-developed cows. Furthermore, L-arginine is metabolized into L-ornithine by
arginase. The level of L-ornithine, a member of urea cycle, was significantly higher in
RP-developed cows at calving.
Cholesterol is an integral part of cell membranes, which is an important composition
of lipid raft388. Cholesterol can affect the content of the lipid membrane, specifically
sphingomyelin. The interaction of SM with cholesterol in the outer leaflet of the
bilayer of cell membrane and lipoprotein particles allows signal transduction389
Sphingomyelin (SM) is the dominant sphingolipids in lipoprotein and plasma
membranes of mammalian cells. We observed significant increase in the levels of SM
lipids at all sampling time points. SM is synthesized from PC by sphingomyelin
synthase in the liver, and transported into the blood stream by lipoprotein particles.
We conclude that UPLC-ToF-MS metabolomics serum signatures indicate that global
challenges in protein, phospholipid, and fatty acid metabolism precede RP in
transition dairy cows.
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Chapter 6

D2O Labeling in Conjunction with Isotope Tracer Mass
Spectrometry to Monitor Lipogenesis in Adipocytes

Fereshteh Zandkarimi, Claudia S. Maier
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6.1

Abstract

The 3T3-L1 murine cell line is an established used model for the study of
adipogenesis and adipocyte differentiation to mature adipocytes. In this study, the
lipidomic phenotype associated with differentiation of the 3T3-L1 cell line has been
studied using

2

H2O labeling in conjunction with ultra-performance liquid

chromatography-mass spectrometry (UPLC-MS). The changes in the lipidome
composition at distinct periods (day-0, 4, 6, and 8) during differentiation were
predominantly defined by the increase of TAG in mature adipocytes. The time course
analysis revealed the TAG accumulation in mature adipocyte starting from day-6.
D2O labeling of 3T3-L1 cells revealed that the accumulation of TAG occurs mainly
due to elevated levels of FA synthesis as evidenced by analyzing the mass isotope
distribution (MID) of distinct TAG species. Determining of M+1/M0 ratio was used
to evaluate to what extent de novo lipogenesis contributed to TAG compared to
complex lipids, i.e. phospholipids.
In this proof-of-concept study rosiglitazone, a known PPARγ agonist was used to
enhance adipocyte differentiation and increase accumulation of TAG lipids in 3T3-L1
adipocytes, while T0070907, an established PPARγ antagonist, reduced the lipid
accumulation. MID analysis suggests that the deuterium incorporation occurs during
fatty acid synthesis and that esterification of glycerol with fatty acids is the active
pathway associated with TAG accumulation in mature adipocytes. Overall, these
studies highlight the utility of stable isotope tracer mass spectrometry to delineate
changes in cellular metabolism that would otherwise not to be detectable solely by
time-resolved metabolite/lipid measurements.

194

6.2

Introduction

Adipogenesis is the process during which preadipocytes undergo morphological
changes and accumulate lipid droplets, as they develop into mature adipocytes390. The
synthesis of fatty acids (de novo lipogenesis) in white adipose tissue (WAT) leads to
formation of fat droplets. Lipid droplets are the main cellular organelles for the
storage of neutral lipids391. Most of the known types of lipid droplets are found in
mammalian white adipose tissue (WAT), which is a complex organ that regulates
energy homeostasis392. One of the main functions of WAT is related to lipid
metabolism, triacylglycerol (TAG) storage, and fatty acid (FA) release393.
Triacylglyceol synthesis comprises the esterification of three free fatty acid (FFA)
molecules to a glycerol-backbone; conversely, triacylglycerol hydrolysis releases
three FFA and glycerol to be used by other tissues during energy requirement
increase394. Expansion of adipose tissue leads to formation of excess fat droplets and
plays a significant role in the development of metabolic disorders, obesity and related
disease such as type 2 diabetes392,395. Therefore, there is a great interest in
understanding the molecular mechanism involved in the regulation of fat storage and
associated alterations in lipogenesis. The 3T3-L1 cell line is an established in vitro
model for studying the process of adipogenesis and the differentiation of
preadipocytes into mature adipocytes396. The process of adipose differentiation in 3T3
L-1 cells is very robust and reflect morphological alterations and metabolic processes
seen during adipocyte development in mammals397,398.
This chapter is a proof-of-concept study, in which we initially focused on time course
analysis of cellular lipids during the differentiation of the 3T3-L1 cells to determine

195

the time point at which accumulation of TAG lipids and formation of fat droplets
starts in our in-vitro 3T3-L1 cell culture system. For this purpose, we analyzed the
lipidomic profiles of pre-adipocytes to mature adipocytes in the 3T3-L1 cells during
8-day differentiation process (days 0, 2, 4, 6, and 8) using untargeted ultraperformance liquid chromatography coupled with electrospray high definition
quadrupole time-of-flight mass spectrometry (UPLC-HDMS).
Next, we developed a data independent isotope tracer mass spectrometry method for
the system-wide quantification of lipid metabolism. We measured deuterium (2H
from 2H2O) incorporation levels into TAGs and phospholipids to determine active
fatty acid synthesis in 3T3-L1 cell lines in the presence of xenobiotic compounds that
target PPARγ (peroxisome proliferator-activated receptor-γ), a nuclear receptor that is
the master regulator of adipogenesis399. Rosiglitazone, as a member of the
thiazolidinedione family, a potent PPARγ agonist was used as positive control, and
T0070907 (PPARγ antagonist) was applied as negative control. We analyzed mass
isotope distributions ([M+1]/[M0]) to investigate the disparate response of lipid
species to these xenobiotic modulators of lipid metabolism during lipogenesis. Our
observations suggest that the deuterium incorporation occurs indeed during fatty acids
synthesis and the formation of TAG is boosted by elevated de novo lipogenesis.
Moreover, the developed stable isotope tracer mass spectrometry method is suitable
for detecting and tracing changes in lipid contents during lipogenesis.
6.3
6.3.1

Materials and Methods
Materials
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Acetonitrile, methanol, isopropyl alcohol, and water were purchased from J.T. Baker,
Inc. (Philipsburg, NJ, USA). All chemicals were analytical grade purity or higher.
The following lipids standards were purchased from Avanti Polar Lipids (Alabaster,
AL,

USA):

TAG

(17:0/17:0/17:0),

PC

(O-17:0/2:0),

LPE

(17:1/0:0),

lysophosphatidylglycerol (LPG) (17:1/0:0), and lysophosphatidylserine (LPS)
(17:1/0:0).

Rosiglitazone,

T0070907,

dimethyl

sulfoxide

(DMSO),

isobutylmethylxanthine (IBMX), dexamethasone (DEX), insulin, hydrogen peroxide,
streptomycin, and penicillin were purchased from Sigma-Adrich (St. Louis, MO,
USA). Phosphate-buffered saline (PBS) was purchased from Thermo Fisher
Scientific. Oil Red O stain was purchased from Lonza.
6.3.2

Cell culture of 3T3-L1 Cells and Treatment

The 3T3-L1 preadipocytes were first seeded in 75 cm2 flasks using a culture medium
consisting of DMEM (Life Technologies, Grand Island, NY, USA), 10% fetal bovine
serum (FBS), 100 µg/ml of streptomycin, and 100 units/ml penicillin. The 3T3-L1
preadipocytes were a kind gift from Dr. Fred Stevens (Linus Pauling Institute, Oregon
State University), and harvested as described by Kirkwood et al400. The 2-day post
confluent (designated day 0) 3T3-L1 cells was differentiated in the presence of a
standard hormone cocktail (DMI). The cocktail consisted of insulin (100 ng/ml),
dexamethasone (500 nM), and 3-isobutyl-1-methylxanthine (0.5 mM). At each day
during differentiation process, one plate was collected; cells were scrapped and
washed three times with 0.5 mL of PBS buffer. After PBS was aspirated, the cell
suspensions transferred to fresh tubes for further analysis.
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For the second part of the study, 3T3-L1 pre-adipocytes were cultured in 5 different
6-well plates in the presence of growth medium (DMEM) as explained in the first
part. Two days after reaching confluence, the preadipocytes were differentiated with
growth medium, dexamethasone (0.5 μM), IBMX (0.5 mM), and insulin (1 μg/ml).
After 48 hours (day 2), the cells were treated with rosiglitazone (2 μM) and T0070907
(2 μM) into the insulin-DMEM media containing D2O (6%).
Control groups (H2O) were exposed to DMSO (0.02%) in insulin-DMEM medium.
After 8, 21, 34 and 48 hours (day 4), the cells were scrapped and transferred to fresh
tubes for MS analysis.
6.3.3

Determination of Cellular Protein Content

The total protein concentrations were determined with the Coomassie Plus Protein
Assay Reagent (Pierce, Rockford, IL) kit using bovine serum albumin (BSA) as a
chemical standard according to the manufacturer’s instructions. The assay performed
in duplicates.
6.3.4

Oil Red O Assay

3T3-L1 cells differentiated for 8 days were washed with DPBS and then applied to
Oil Red O staining assay according to the protocol of a commercial kit (Lonza
Walkersville, Inc.). Briefly, cells were first washed with DPBS and fixed with
formalin (10%) solution for 30 minutes at room temperature. After removing the
formalin solution, cells were washed with 60% isopropyl alcohol and incubated with
Oil Red O solution (Sigma) for 15 minutes at room temperature. Microscopic images
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were taken to visualize red oil droplets staining in differentiated cells. The assay was
performed in duplicates.
6.3.5

Lipid Extraction of Differentiated Adipocytes

The collected cell suspensions at each sampling time points were transferred to fresh
tubes and homogenized for 30 s on ice. After centrifugation at 16,000 x g for 5 min,
50 µL of the cell homogenates were subjected to lipidomics analysis. Lipids were
extracted by a modified Bligh-Dyer method using dichloromethane (DCM): methanol
(1:2 v/v) containing internal lipid standard with final concentration of 1 µg/ml401.
Samples were centrifuged at 1000 × g for 15 minutes. Then, the organic layer was
transferred to clean glass vial and concentrated under the N2 stream. The extract was
dissolved in DCM and diluted 5-times in H2O: ACN: IPA (5:30:65 v/v) prior to
analysis by UPLC-MSE.
6.3.6

Liquid Chromatography-Mass Spectrometry Analysis of Adipocyte Lipid
Classes

Total lipid profiling analysis was performed on an Acquity UPLC I class system
(Waters, Milford, MA, USA) coupled to a Synapt G2 HDMS mass spectrometer
(Waters, Manchester, U.K.). Chromatographic separations were carried out on an
Acquity HSS T3 column, 150◦A, 1.8 μm (particle size), and 2.1 mm × 30 mm
(Waters, Milford, MA). Column temperature was held at 55 °C. The auto-sampler
tray was maintained at 6 °C. The sample analysis was performed over a 17-min total
run time at a flow rate of 400 µL/min. Mobile phase A consisted of acetonitrile-water
(40:60, v/v) and mobile phase B was isopropyl alcohol-acetonitrile (90:10, v/v) both
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containing 10 mM ammonium acetate. After injection, the gradient was held at 60%
mobile phase A for 2 min. For the next 10 min the gradient was ramped in a linear
fashion to 100% B, and held at this composition for 3 min. The eluent composition
returned to the initial condition in 1 min, and the column was re-equilibrated for an
additional 1 min before the next injection was conducted. Injection volumes were 5
µL using the flow-through needle mode.
After separation by UPLC, global lipid profiling was performed using a Synapt G2
mass spectrometer (Waters, Manchester, U.K.). The mass spectral data was acquired
from m/z 50 to 1200 in centroid MSE mode. A capillary voltage and sampling cone
voltage of (±) 3 kV and (±) 35 V were used in positive and negative ionization
modes, respectively. The source and desolvation temperature were kept at 100 °C and
400 °C, respectively. Nitrogen was used as desolvation gas with a flow rate of 700
L/hr in the positive ionization mode, and 650 L/hr in the negative ionization mode.
Dependent on the ionization mode the protonated molecular ion of leucine enkephalin
([M+H]+; m/z 556.2771) or the deprotonated molecular ion ([M-H]-; m/z 554.2615)
was used as a lock mass for accurate mass measurement. Leucine enkephalin,
dissolved in 50% aqueous acetonitrile containing 0.1% formic acid at a concentration
of 2 ng/µL, was introduced with a flow rate of 5 µL/min. The lock mass was acquired
for 0.3 seconds and repeated every 10 seconds in a separate acquisition channel. In
MSE acquisition mode, the precursor ion data was collected using a low collision
energy setting of 5 eV, while for the collection of fragment ion data a collision energy
ramp from 20-40 eV was applied in the trap region of the Tri-Wave device. Argon
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gas was used for collision induce dissociation. The ToF analyzer was operated in the
high-resolution V-mode. All the samples ran in duplicates.
We acquired IMS-MSE data of all samples in continuum mode for structural
assignment of lipid species. ESI source settings were the same as described above.
The traveling wave velocity was set to 350 m/s and wave height was set at 40 V.
Argon was kept at a pressure of 2.5×10-2 mbar for both trap and transfer regions (Twave) as collision gas. The helium gas flow was 180 mL/min. Nitrogen as the drift
gas was held at a flow rate of 90 mL/min in the IMS cell. Low collision energy was
set to 4 eV, and high collision energy was ramping from 20 to 45 eV in the transfer
region of the Tri-Wave device to induce fragmentation of mobility-separated
precursor ions.
6.3.7

Data Processing, Statistical Analysis, and Annotations

All data was extracted using XCMS package in R environment (2.15.1), and
statistical analysis were performed in MetaboAnalyst (version 2.0), XCMS Online,
and in R environment. The statistically significant differences between groups were
calculated using unpaired Welch-t-test, and ANOVA. Putative feature identification
was obtained by searching monoisotopic masses against the LipidMaps223, Human
Metabolome Database (HMDB)222, and METLIN150 databases, with a mass tolerance
of 5 ppm. Isotopic patterns, the retention time, and our in-house database provided
additional confirmation to narrow down putative matches. Further classification of
the different lipid classes was achieved by gas phase separation of the ions using
UPLC-IMS-MSE method. For mass isotopomer distribution analysis (MIDA)
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calculations, we measured the relative abundance of M0 and M+1 from unlabeled
precursor and also labeled precursor.
6.4

Results and Discussion

High fat accumulation in the adipose tissue due to excessive preadipocyte
differentiation is closely linked to the development of obesity and type 2 diabetes402.
Assessing the lipid-associated metabolic pathways during the process of adipocyte
differentiation provides new insight into the metabolic responses to energy demands
and disease states. The process of adipocyte differentiation can be divided into the
two parts of early and later phases402. The later phase in adipogenesis is consisting of
the mature adipocyte, which is determined by the triacylglycerol accumulation in the
form of fat droplets. In the early phase, the process of mitotic clonal expansion
(MEC) happens during the first 48 hours of adipocyte differentiation, which plays a
key role in differentiating pre-adipocyte to mature adipocyte cells402. We developed
and applied untargeted UPLC-IMS-MSE analysis 1) to investigate temporal changes
in lipids profile during the process of the adipocyte differentiation in 3T3-L1 cells
and 2) in conjunction with D2O labeling we attempted to assess and determine the
effect of induced chemicals (rosiglitazone and T0070907) on lipogenesis in 3T3-L1
cell lines Overall, these studies demonstrate the utility of stable isotope tracer mass
spectrometry to delineate changes in cellular metabolism, here lipogenesis, the de
novo synthesis of fatty acid from Acetyl-CoA, that would otherwise not to be
detectable solely by time-resolved lipid measurements.
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6.4.1

Time course Lipidomics Analysis Shows Significant Changes to the 3T3L1 Preadipocyte Lipids Profile during Differentiation

We applied untargeted lipidomic profiling using UPLC-q-ToF-MS to determine the
remarkable changes in lipids’ profile associated with the 3T3-L1 cell differentiation
into the mature adipocyte. To investigate global lipid changes, 3T3-L1 cells lipidome
were extracted at different time points (0, 2, 4, 6, and 8 days) post differentiation.
Hence, we were able to track the temporal changes in the levels of lipids during
adipocyte differentiation. Principal component analysis (PCA) score plot of all
extracted lipids demonstrated clear separations and tight clustering of the groups,
which also reflected the time dependent adipogenic differentiation of preadipocyte to
mature adipocyte (Figure 6.1A). The heat map in Figure 6.1B presents the
unsupervised hierarchical clustering of sampling groups and significantly
differentiated lipid ions by comparing day-0 and day-8 groups. It also shows the
remarkable time-dependent alterations in the levels of lipid species such as
phosphatidylcholines (PC), phosphatidylethanolamines (PE), sphingomyelins (SM),
diacylglycerols (DAG), and triacyclglycerols (TAG) during differentiation process.
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Figure 6.1 A) PCA score plot presenting time course lipidomics analysis (positive mode) of
3T3-L1 cells differentiation, B) Heat map shows unsupervised hierarchical clustering
generated from the most significant altered lipid ions by comparing day-0 vs. day-8 groups
(fold change of ≥ 2-fold and p-value < 0.01); n=6 biological replicates at each time points

We observed significant increase (p-value ≤0.01 and fold change threshold of 2) in
the relative signal intensities of TAG containing unsaturated fatty acids between day0 and day-8 groups. The trend plot of the outstanding triacyclglycerols during
differentiation process over time course at each sampling time point (0, 2, 4, 6 and 8
days) is shown in Figure 6.2.
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Figure 6.2 Trend plot of significantly altered triacyclglycerols during differentiation process
(fold change of ≥ 2-fold and p-value < 0.01 for day-0 vs. day-8). The relative signal
intensities have an increasing trend in day-0 to day-8

For structural characterization of lipid species, we employed ion mobility enhanced
data independent (MSE) acquisition. Multiple lipids often have very similar masses
and retention times, which lead to complicated fragment ion spectra in high collision
energy MSE mode. For instance, a common problem in highly complex lipidomic
data is that the molecular ion of a lipid species may partly overlap with the M+2 peak
of a lipid with one less double bond. For resolving this problem, we also acquired
IMS-MSE data for all samples in the same run. In this mode, co-eluting lipids are
separated according to drift times in the TWIMS device prior to high energy
fragmentation. Thus, the IMS-MSE data enabled us to drift time-align the precursor

205

ions with the corresponding fragment ions, allowing the extraction of clean product
ion spectra for accurate structural assignments of lipid species. Our results are in
agreement with previous studies that suggest IMS-MSE allows better coverage and
deeper structural elucidation of complex lipid species85,169.
Choline-containing PL (i.e., PC, LPC, and SM) were identified in the form of [M+H]+
in the positive mode at low collision energy. The choline-specific fragment m/z
184.0743 was used to search for precursor ions of choline-containing lipids in the
high collision energy. In the negative ionization mode, adduct formation with the
mobile phase additive acetic acid yielded [M+CH3COO]- molecular ions that led to
abundant fragment ions of [M-CH3]- and fatty acyl anions [RCOO-]. PLs that do not
contain choline (i.e., PE, PS, LPE) were identified based on their respective
deprotonated molecular ion, [M-H]-, in the negative mode at low collision energy. At
high collision energy, fragment ions were observed that indicated neutral losses of
one of the acyl chains as carboxylic acids, [M-H-RnCOOH]-, or neutral losses of
ketenes, [M-H-R′nCH=C=O]-, and the respective FA carboxylate anions, [RnCOO]-.
Fatty acids were identified in the form of [M-H]- in the negative mode and
chromatographically separated based on acyl chain lengths and number of double
bonds as additional carbon atoms increased the retention time while additional double
bonds shortened the retention time as shown in Figure DS1. The location of double
bonds and localization of the positions of the fatty acid moieties on the glycerol
backbone were not possible using the current TWIMS-MSE method. ChoE lipids
were identified in the form of [M+NH4]+ in the positive mode at low collision
energy. The cholesteryl-specific fragment m/z 369.3521 at high collision energy was
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used to search for precursor ions of ChoE lipids. TAG lipids were identified in the
form of ammonium adduct [M+NH4]+ in positive mode. The decomposition of the
TAG ([M+NH4]+) precursor ion results diagnostic fragment ions by neutral losses of
NH3 and the acyl-side chains to produce the diacyl product ion.
The results of this part of the study confirmed the remarkable increase in the levels of
TAG lipids in mature adipocytes starting at day-6. Cells were treated with Oil Red O
to confirm triacylglycerol accumulation.
6.4.2

Deuterium Incorporation Reveals Disparate Response of Lipid Species to
Xenobiotic Modulation of Lipid Metabolism in 3T3-L1 Cells

In this step, we assessed whether treatment with the xenobiotic molecules will affect
lipids specifically on the TAG accumulation during adipocyte differentiation. We
treated cells after 48 hours differentiation (day 2) either with rosiglitazone (2 μM) or
T0070907 (2 μM) in the presence of D2O (6%) as well as H2O. The Control groups
(H2O) were exposed to DMSO (0.02%), then all the cells were collected after 48
hours. We determined that day-2 would be an ideal time for treating the cells to
trigger the initiation of cell differentiation, since at this time point the adipocyte
phenotype is still under development due to mitotic clonal expansion (MEC)
process402. After extraction of lipids, all samples are acquired using UPLC-MS in
positive and negative electrospray ionization modes. Mass spectral data sets were
evaluated using multivariate data analysis techniques such as PCA, which indicates
strong differences in lipid profiles between the treated groups (Figure 6.3)
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Figure 6.3 PCA Score plot of all groups in positive ion mode

Statistical analyses revealed significant increase in the intensity levels of various lipid
classes in rosiglitazone treated groups. The induction of rosiglitazone caused
increased accumulation of triacylglycerol and cell proliferation in 3T3-L1 cells during
adipogenesis. Rosiglitazone is a potent insulin sensitizing compound, which enhances
lipid droplet formation by activating the expression genes related increase in lipid
transportation into adipocytes403,404. On the other hand, the induction of T0070907
resulted in decrease in the levels of lipid species. The reduction in lipid content in the
presence of T0070907 could be due to inhibition of adipogenesis through PPAR-γ
dependent mechanism during differentiation process and the diminished ability of the
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cells to synthesize lipids405,406. The bar plot in Figure 6.4 shows the response of all
identified TAG lipids after 48 hours treatment of the cells with rosiglitazone (RG),
T0070907 (T007), and control (DMSO).

Figure 6.4 The bar plot presenting response of all identified TAG species to rosiglitazone
(RG), T0070907 (T007), and DMSO (control) treatments. Data are presented as mean ± SD
(n=4/group)

Interestingly, we observed a decrease in the abundance of TAG (46:2), TAG (48:2),
TAG (48:3), TAG (50:2), TAG (50:3), and TAG (52:3) after treatment with
rosiglitazone. Using IMS-MSE acquisition in positive mode, we structurally
characterized these TAG species as TAG (14:0/16:1/16:1), TAG (14:0/16:1/18:1),
TAG (14:0/16:1/18:2), TAG (16:0/16:1/18:1), TAG (16:1/16:1/18:1), and TAG
(16:1/18:1/18:1). The characterized structures of all of these lipid species reveal that
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they have fatty acid 16:1 (palmitoleic acid) in common. Several studies have shown
that palmitoleic acid as white adipose tissue driven-lipid is an important signaling
molecule and regulates several metabolic processes such as insulin sensitivity and
skeletal muscle glucose disposal407–409 It has also reported that that the treatment of
3T3-L1 adipocyte cell lines with palmitoleic acid increases TAG lipolysis408.
6.5

Mass Isotope Distribution Analysis (MIDA) for Determining Deuterium
Incorporation of Lipid Species Reveals Active De Novo Lipogenesis in
Mature Adipocytes

Mass spectrometry analysis of the exposed groups with (D2O) showed a clear shift in
the isotope intensity patterns of the M1, M2 and M3 isotopomers. We observed an
increase in relative M1 intensity in TAG lipids after D2O treatment by measuring the
(M1/M0) isotopomer ratio of TAG species in control group (DMSO) and treated
groups (RG and T007). Figure 6.5 shows the effects of induced chemical compounds
(RG and T007) compared to control (DMSO) on the abundance of TAG
(16:0/18:0/18:1) in the presence or absence of D2O. We measured the level of
deuterium uptake of significant lipids after 48 hours treatment of the cells with RG
and T007, compared to the control group (DMSO) respectively.
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Figure 6.5 A) Presenting the extracted ion chromatograms of TAG (50:1) in response to
induced rosiglitazone, DMSO, and T0070907 in positive ion mode, B) demonstrates the
isotopic distribution of TAG spectrum by exposure to D2O and H2O after 48 hours
differentiation, and C) shows the low energy spectrum of [TAG(16:0/16:0/18:1)+NH4]+ at RT
10.96 min; and the corresponding time-aligned high energy spectrum in positive ionization
mode
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The results of deuterium uptakes are summarized in the heat map (Figure 6.6). Each
column represents a group, and each row shows a lipid. The degree of color saturation
expresses the deuterium uptake level relative to the mean (M1/M0 2H2O treated M1/M0 H2O treated. Our finding shows that de novo lipogenesis, the synthesis of
fatty acids from acetyl-CoA is active in mature adipocytes and that elevated
lipogenesis boosts TAG synthesis and lipid droplet formation in mature adipocytes.
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Figure 6.6 Unsupervised hierarchical clustering generated from putatively identified lipid
subclasses (p-value < 0.01). Heat map showing the level of deuterium uptake of significant
lipids after 48-hr treatment of the cells with rosiglitazone (RG) and T0070907 (T007)
respectively, compared to the control group (DMSO).
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6.6

Conclusion

Our untargeted lipidomic profiling workflow revealed the lipidomic changes that
occur during adipogenic differentiation. As evidenced by unbiased lipid profiling, this
workflow gives a conceivably valuable source of information regarding the specific
metabolic processes that accompany adipogenesis. We evaluated and compared the
changes in the lipid content during differentiation process of preadipocyte to mature
adipocyte in 3T3-L1 cell lines. We determined the accumulation of TAG lipid in
mature adipocyte as expected. In this proof-of-concept study rosiglitazone was able to
enhance adipocyte differentiation and increase accumulation of TAG lipids in 3T3-L1
adipocytes, while T0070907 was used to retard the lipid accumulation. Using this
model system, we established an isotope tracer lipidomics workflow to monitor de
novo lipogenesis in mature adipocytes. For this purpose we employed MIDA to
determine [M+1]/[M0] ratios to determine the extent of deuterium incorporation into
lipids which, in turn, informs on the degree of active lipogenesis that contributed to
the elevated levels of lipid species observed. This study demonstrates the utility of
stable isotope tracer mass spectrometry to delineate changes in cellular metabolism,
here lipogenesis, which would otherwise not be detectable by time-resolved lipidomic
studies.
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Chapter 7

Conclusions
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This chapter presents a summary of the studies undertaken in this dissertation and a
handful of conclusions.
This thesis described the development of an untargeted LC-MS-based lipidomics and
metabolomics workflow, and it investigated the suitability of UPLC-IMS-MS
platform combined with bioinformatic tools for studying alterations in metabolite,
lipid profiles and networks associated with adipogenesis, low-dose radiation
exposure, and disease discriminant metabolites for mastitis and retained placenta in
transition dairy cows. The individual chapters are summarized in the following
sections:

Chapter 3 of this dissertation investigates the lipidomic response to 24-hr post total
body low-dose X-ray radiation exposure in mice hippocampus. The hippocampus is a
neurogenic region of the brain, which has an essential role in learning and memory
and is sensitive to radiation exposure. The biomolecular response of the hippocampus
to low-dose radiation and hippocampus-dependent memory is still not fully
understood. We employed untargeted mass spectrometry-based lipidomics analysis
(UPLC-HDMSE) to identify biomolecular pathways corresponding to alterations in
lipid metabolism in mice hippocampus in response to low-dose radiation exposure.
We observed a significant increase in the levels of DAG and PA lipids in the
irradiated groups. The interaction of DAG and PA lipids affects the activation and
localization of proteins involved in the exocytosis and endocytosis. Further,
accumulation of these cone-shaped-lipids in the synapsis enhances membrane fusion.
We additionally observed significant alterations in the levels of ceramides, sulfatides,

217

and mono-hexosyl ceramides in the irradiated groups. The overall decrease of Cer
and accompanying increase of the HexCer and sulfatide may indicate
galactosylceramide-related depletion of ceramide in irradiated mice. The overall
increase of sulfatides and glycosphingolipids could have represented an early
compensatory response to brain metabolic dysfunction as a result of exposure to low
dose radiation. We also observed significant increase in the levels of plasmalogen
ethanolamine in response to radiation exposure. Dysregulation or impairment in the
biosynthesis of plasmalogens can affect membrane fluidity, myelin structure, and
signal transduction, which is reported in various degenerative disease. We utilized the
advantage of ion mobility enhanced MSE for structural characterization of coeluted
plasmalogen lipids. The findings of this study provide insight into the mechanism of
response of the hippocampus lipidome to 24-hr post total body low-dose X-ray
radiation exposure.

The aim of Chapter 4 was to develop a robust and comprehensive mass spectrometrybased metabolomic and lipidomic workflow (UPLC-MSE) to identify potential
biomarker ions of clinical mastitis in transition dairy cows before the onset of
diseases. Clinical mastitis (CM) is one the most widespread and costly diseases in
dairy cows, and it is diagnosed most commonly shortly after calving. In a nested casecontrol design, we measured serum metabolites, lipids, inflammatory markers and
minerals between healthy, prepartal dairy cows that after calving did or did not
develop CM. Our analytical workflow entailed two different LC separation methods
(HILIC and RP) in conjunction with high-resolution mass spectrometry. The self-
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organizing maps were applied to visualize temporal changes in the lipidome and
metabolome. The most discriminant metabolite with the largest fold-changes in all
sampling timepoints was mammary gland-derived 3'-sialyllactose. Seven other
metabolites (N-methylethanolamine phosphate, choline, phosphorylcholine, free
carnitine, trimethyl lysine, tyrosine, and proline) with higher signal intensities in
MastitisPost vs. Control cows and three metabolite groups (carnitines, amino acids
and derived metabolites, and water-soluble phospholipid metabolites) were observed
at both -21 and -14 days. This study concludes that metabotypes with elevated protein
and lipid metabolism and inflammation precede CM in transition dairy cows, and that
our analytical workflow is suitable for comprehensive global lipidomics and
metabolomics profiling of biological specimen.
In Chapter 5, the developed workflow in Chapter 4 was applied to investigate
temporal changes of serum metabolites in transition dairy cows that normally released
their placenta and those that retained the fetal membrane. We determined major
changes in the serum metabolic profile using untargeted HILIC-MS analysis starting
as early as 21 days before calving and continuing after parturition. We found
significant increases in the several metabolite classes, including acyl carnitine, amino
acids and their metabolites, and several lipid species such as PC, PE, and SM lipids.
Identifying cows with a higher risk of developing retained placenta is of particular
concern since earlier diagnosis and intervention strategies might considerably
decrease the retention of fetal membranes.
In Chapter 6, the aim was to established an isotope tracer (by incorporation of 2H
labeled water) mass spectrometry workflow to study de novo lipogenesis. We
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evaluated and compared the changes in the lipid content during differentiation
process of preadipocyte to mature adipocyte in 3T3-L1 cell lines treated with
rosiglitazone and T0090701. These measurements imply the deuterium incorporation
of fatty acids into the form of TAG during fatty acid synthesis (de novo lipogenesis).
We employed MIDA to determine [M+1]/[M0] ratios to determine the extent of
deuterium incorporation into lipid species which, in turn, informs on the degree of
active lipogenesis that contributed to the elevated levels of lipid species observed.
This study demonstrates the utility of stable isotope tracer mass spectrometry to
delineate changes in cellular metabolism, here lipogenesis, which would otherwise
not be detectable by time-resolved lipidomic studies.

We covered a broad range of applications of mass spectrometry-based lipidomics and
metabolomics platform in combination with computational tools. However, despite to
unbiased and high throughput analysis, there are still limitations and drawbacks.
The research studies described in Chapter 3 to 5 have had a pilot-study nature with a
relatively small number of samples rather than a large-scale population study. The
research described in these chapters focuses on the development of comprehensive
and fast methods for profiling biological matrices. Although the analytical methods
are validated, the identified potential markers are yet to be validated. Several other
studies in lipidomics/metabolomics similarly suffer from the same problems with a
small number of samples. One accepted strategy for validation is to analyze a large
cohort sample set and to use stable labeled standard for absolute MS quantification
methods. The developed stable isotope trace mass spectrometry-based lipidomics in
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Chapter 6 is merely based on in-vitro model, and needs to be validated through invivo studies.

Although the applied mass spectrometry methods can be considered comprehensive
because of their ability to identify and quantify polar, weakly polar and nonpolar
metabolites and lipids, even at low concentrations or high matrix effects, yet, the bias
towards other measurable metabolites and lipid species exists. Mass spectrometry in
combination with liquid chromatography and ion mobility is the only analytical
platform employed, the addition of other separation techniques such as gas
chromatography may increase the range of coverage of volatile metabolites and short
chain fatty acids. In all of these studies, we employed both reversed-phase and HILIC
methods for a broader coverage of different lipid subclasses and metabolites, yet the
analysis of minor lipid species such as lipid mediators is missing and requires specific
attention. An icing on the cake would be to utilize an MS imaging technique to
provide spatial distribution or dispersion of lipid or metabolites in tissues; e.g.,
hippocampal tissue in Chapter 3.
Last but not least, while every single-omic experiments generate an enormous amount
of data, there is a long way to the thorough identification of unknown biological
pathways. Partly, this is because of barriers in probing the complex heterogeneous
data. On the hand, our datasets are not large enough yet to effectively be used as
training data for modern machine learning algorithm that are suitable for such obscure
and multifaceted problems.
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In conclusion, the presented study highlights the suitability and efficiency of the
developed integrated lipidomics and metabolomics workflow. We detect, identify and
quantify molecular events associated with perturbations in the cellular organisms and
diseases.
The fields of lipidomics and metabolomics, and particularly the untargeted metabolite
profiling will expand in the forthcoming years with numerous applications in areas as
diverse as cancer research, personalized medicine, and discovery. These studies will
provide new insights into integrated systems biology. Lipidomics being a
technologically-driven science, developments in instrumentation such as highresolution mass spectrometry and ion mobility with innovative data analysis strategies
are expected to become worthy ensembles in the future development of lipidomic
profiling.
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Figure AS1: IMS-MSE data for structural characterization of DAG (18:0/18:1). Low energy
mass spectrum of DAG (36:1); m/z 645.5447 at retention time of 9.4 minutes and the
corresponding time-aligned high energy fragment ion spectrum obtained in the positive
ionization mode.
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Figure AS2: IMS-MSE data of PA(18:0/18:1). Low energy mass spectrum of PA

(36:1); m/z 701.5147 at retention time of 8.4 minutes and the corresponding timealigned high energy fragment ion spectrum obtained in the negative ionization mode.
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Figure AS3 :IMS-MSE data for PS(18:0/22:6). Low energy mass spectrum of PS (40:6); m/z
834.5319 at retention time of 7.2 minutes and the corresponding time-aligned high energy
fragment ion spectrum obtained in the negative ionization mode.
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Figure AS4: Changes in the DAG and PA lipids levels in hippocampus after exposure to low
dose radiation (Mean ± SEM; * indicates significantly different from sham-control (p-value <
0.05).
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Figure AS5: Changes in the Cer and HexCer, and ST lipids levels in hippocampus after
exposure to low dose radiation (Mean ± SEM; * indicates significantly different from shamcontrol (p-value < 0.05).
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Figure AS6: Tandem mass spectra for Nervonic Ceramide. The fragments and their relative
intensities for the standard compound are consistent with the identification of Ceramide
(d18:1/24:1) in the mice hippocampal tissue sample. Tandem mass spectra of ceramide
species with a d18:1 chain produce a characteristic fragment related to sphingoid base at m/z
264.2730.
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Figure AS7: Tandem mass spectra for monohexosylceramide (d18:1/24:1). Tandem mass
spectra of monohexosylceramide metabolites produce a characteristic neutral loss of sugar.
The fragments and their relative intensities for the standard compound are consistent with the
identification of monohexosylceramide (d18:1/24:1) in the mice hippocampal tissue sample.
Based on our mass spectrometric methods, it is not possible to distinguish
galactocosylceramide (d18:1/24:1) from glucosylceramide (d18:1/24:1).
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Figure AS8: Tandem mass spectra for sulfatide (d18:1/24:1) (C24:1 ST). The fragments and
their relative intensities for the standard compound are consistent with the identification of
sulfatide (d18:1/24:1) in the mice hippocampal tissue sample.
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Comparison of three sample preparation methods for mass spectrometry
analysis of lipids
In order to evaluate three different solvent systems for lipid sample preparation, 200
µL of 12 different serum samples were mixed together, divided to 3 aliquots and
prepared in five replicates using three different solvent systems as described below.
Precipitation: Lipids were separated from 80 µL of serum samples following protein
precipitation with 240 µL chilled isopropyl alcohol (1:3 v/v) containing nonendogenous lipid standards with final concentrations of 1 mg/L. Each sample was
vortex-mixed vigorously for 1 min, and incubated on ice at room temperature for 10
min. The samples were stored at -20 °C overnight to enhance protein precipitation.
On the following day, samples were vortex-mixed for 1 min, and centrifuged at
16,000 × g for 15 min. The supernatant was transferred to a fresh tube, and stored at 80 °C prior to mass spectrometric analysis.
Extraction: For the extraction with methyl tertiary butyl ether (MTBE), we applied
modified version of Matyash method. Briefly, 600 μL of ice-cold methanol was
added to the 80 μL serum sample aliquots in the glass tubes, and then vortex- mixed
quickly. Subsequently, 1.4 mL of MTBE was added and incubated on ice for 10 min.
Phase separation was induced by adding 425 μL of MS-grade water. After overnight
incubation at –20 °C to improve protein precipitation, the samples were vortex-mixed
for 1 min, and centrifuged for 15 min at 5,000 g. The upper organic phase was
collected, and 200 μL was dried under the stream of N2 gas, and stored at –80 °C
prior LC-MS analysis.
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The other extraction method was the modified Bligh and dyer as explained
previously. The final ratio was MeOH/CH2Cl2/H2O (1:2:1.5, v/v/v), and the samples
were incubated on ice for 10 min. Samples were mixed vigorously for 1 min, and
stored at ˗20 °C overnight. The following day, the samples were centrifuged at 5,000
g for 20 min. The supernatants were transferred to fresh tubes, dried under the stream
of N2 gas, and finally reconstituted in 200 μL of IPA/ H2O/ACN (2.5:1:1.5, v/v/v).
The IPA method had the advantage of dissolving lipids through the protein
precipitation step. Therefore, it simplifies the protocol, reduces the potential
analytical variations, and avoids the partition phenomenon of compounds when two
phases are formed. As shown in Figure S-6, the total ion chromatograms obtained in
MSE of lipid extract using the IPA method showed similar elution profiles compared
to the other two methods but the signal intensities were higher. The choice of the
extraction method was based on the best recovery of lipids observed through the total
ion chromatograms, total signals, and the internal standard recovery.

Parameters applied for XCMS and CAMERA.
The R package (3.1.2) was downloaded from http://www.r-project.org/. After
installing R, the XCMS package was downloaded using the following code in an
active R session:
-Source ("http://bioconductor.org/biocLite.R")
-biocLite("xcms", dep=T)
Additional details can be found on the XCMS Bioconductor website (http://www.bio
conductor.org/packages/release/bioc/html/xcms.html).
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Data obtained in MassLynx software “.raw” files was first converted to “.cdf” format
using Waters DataBridge program for further data processing with the XCMS
package (version 1.39.4) in R package (version 3.1.2).
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Figure BS1: Partial Least Squares - Discriminant Analysis (PLS-DA) plots A) Signal
intensities of serum metabolomic features and B) Signal intensities of serum lipidomic
features of MastitisPost (n=8) and Control (n=9) cows using UPLC-MSE analyses in negative
mode (ESI-) C) Serum concentrations of metabolites from biochemical analysis. Samples
were collected 21 days before calving (21), 14 days before calving (14), 7 days before calving
(7), and at calving (0). At each sampling time, PLS-DA score-plots clustered MastitisPost and
Control cows separately.
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Figure BS2: A) Extracted ion chromatograms of QC sample, 3'-sialyllactose (3'-SL) and 6'sialyllactose (6'-SL) B) Tandem mass spectra for sialyllactose isomers. The fragments and the
relative intensities for the 3'-SL standard compound are consistent with the identification of
3'-SL in the cows serum samples. Based on our MS methods, we were able to distinguish 3'SL from its isomer 6'-SL based on retention time and fragmentation patterns.
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Figure BS3: Serum signal intensities of water-soluble phospholipids (mean ± SEM) in
MastitisPost (n=8) and Control (n=9) cows at 21, 14, 7, and 0 days before calving. Crosses
indicate complete group separation, and asterisks indicate significant (p < 0.05) group
differences between MastitisPost and Control cows using Wilcoxon rank sum test.
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Figure BS4: Serum signal intensities of free and acylated carnitines (mean ± SEM) in
MastitisPost (n=8) and Control (n=9) cows at 21, 14, 7, and 0 days before calving. Crosses
indicate complete group separation, and asterisks indicate significant (p < 0.05) group
differences between MastitisPost and Control cows using Wilcoxon rank sum test.
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Figure BS5: Serum signal intensities of conjugated bile acids (mean ± SEM) in MastitisPost
(n=8) and Control (n=9) cows at 21, 14, 7, and 0 days before calving. Crosses indicate
complete group separation, and asterisks indicate significant (p < 0.05) group differences
between MastitisPost and Control cows using Wilcoxon rank sum test.
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Figure BS6: Total ion chromatograms of serum lipid profiles of the three lipid extraction
methods tested: (A) Isopropyl alcohol (IPA), (B) MeOH/CH2Cl2 (dichloromethane; DCM),
and (C) methyl-tert butyl ether (MTBE). PC: Phosphatidylcholines, LysoPC: LPC, PE:
Phosphatidylethanolamines, LysoPE: LPE, PI: Phosphatidylinositols, LPI:LysoPI, SM:
Sphingomyelins, Cer: Ceramides, TAG: Triacylglycerols, DG: Diacylglycerols, ChoE:
Cholesteryl esters, PS: Phosphatidylserines, NEFA: Nonesterified fatty acids.
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Figure BS7: Total ion chromatograms of bovine serum lipid profiles obtained by UPLC-MSE
in A) positive electrospray ionization mode (ESI+) and B) negative electrospray ionization
mode (ESI-) from IPA precipitation method. PC: Phosphatidylcholines, LysoPC: LPC, PE:
Phosphatidylethanolamines, LysoPE: LPE, SM: Sphingomyelins, TAG: Triacylglycerols,
ChoE: Cholesteryl esters, PI: Phosphatidylinositols, PS: Phosphatidylserines, NEFA:
Nonesterified fatty acids. C) 13 lipid species and 204 individual lipids (the list of the
identified lipids is provided in supporting information table S4) were structurally identified in
extracts of bovine serum samples with average coefficients of variation (CV) of less than
12%; tableBS5).
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Figure BS8: Principal components analysis (PCA score-plots) generated from the UPLC-MSE
analysis of bovine serum lipid extracts of all the samples (68 biological samples) and quality
control samples (12 pooled QCs). The tight grouping of QCs as compared to the distribution
of the biological samples highlights the reproducibility and instrument stability through the
experimental runs A) Positive electrospray ionization mode (ESI+) and B) Negative
electrospray ionization mode (ESI-).
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Figure BS9: Total serum NEFA concentrations (mean ± SEM) of MastitisPost (n=8) and
Control (n=9) cows as determined by A) biochemical analysis and B) mass spectrometry
(MS) analysis. Serum samples were collected 21 days before calving (21), 14 days before
calving (14), 7 days before calving (7), and at calving (0). C) Results from both methods are
in close agreement (r = +0.91; calculated from the Pearson correlation coefficient).
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Figure BS10: Serum signal intensities (mean ± SEM) A) long-chain saturated NEFA, B)
monounsaturated NEFA, and C) very long-chain saturated NEFA in MastitisPost (n=8) and
Control (n=9) cows at 21, 14, 7, and 0 days before calving. Asterisks indicate significant (p <
0.05) group differences between MastitisPost and Control cows using Wilcoxon rank sum
test.
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Figure BS11: Serum signal intensities of unsaturated fatty acids containing LPC (mean ±
SEM) in MastitisPost (n=8) and Control (n=9) cows at 21, 14, 7, and 0 days before calving.
Asterisks indicate significant (p < 0.05) group differences between MastitisPost and Control
cows using Wilcoxon rank sum test.
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Figure BS12: Serum signal intensities of unsaturated fatty acids containing LPE (mean ±
SEM) in MastitisPost (n=8) and Control (n=9) cows at 21, 14, 7, and 0 days before calving.
Asterisks indicate significant (p < 0.05) group differences between MastitisPost and Control
cows using Wilcoxon rank sum test.
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Figure BS13: Serum concentrations (mean ± SEM) of A) inflammatory markers, B)
lipoprotein markers, C) metabolites, and D) minerals measured using biochemical analysis at
21, 14, 7 days before calving and at calving. Crosses indicate complete group separation, and
asterisks indicate significant (p < 0.05) group differences between MastitisPost and Control
cows using Wilcoxon rank sum test.
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Figure BS14: Body condition score (BCS) at 21, 14, 7, and 0 days before calving of
MastitisPost (n=8) and Control cows (n=9). No significant group differences were observed.
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Table BS1: XCMS and CAMERA parameters that were used for peak peaking, alignment,
and annotation of metabolomics and lipidomics features:

Category

Feature Detection

Retention Time
Correction

Alignment

groupFWHM

findIsoptops

groupCorr
findAdducts

Sub-category
XCMS Parameters
Method
Ppm
Minimum peak width
Signal/Noise threshold
Maximum peak width
Mzdiff
Method
Polytype
bw
mzwid
minfrac
minsamp
CAMERA Annotations
Sigma
Perfwhm
Maxiso
Maxcharge
Ppm
Minfrac
Mzabs
graphMethod
Pval
Ppm
Multiplier
Mzabs

Parameters
centWave
5
5
3
20
0.001
Obiwarp
Deviation
5
0.015
0.5
1
6
0.06
4
1
5
0.5
0.015
hcs
0.05
5
2
0.015
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Table BS2: List of putatively identified serum metabolites, including metabolite class,
metabolite name, ionization mode (positive/negative), m/z value (observed), retention time
(RT), and mass error (∆ppm).
Metabolite
class

Metabolites
Creatinine
Taurine

∆ppm
4.2

4.50

2.4

129.0551

1.29

4.0

[M+H]

+

130.0509

2.57

3.8

[M+H]

+

132.0663

4.73

5.0

Ornithine

[M+H]

+

133.0980

5.95

2.3

Creatine

[M+Na]+

Hydroxy proline

[M-H]

154.0595

4.38

1.9

[M+H]

+

170.0932

5.55

1.2

Citrulline

[M+H]

+

176.1039

5.11

5.1

Hippuric acid

[M-H]-

Methyl-Histidine

178.0504

1.98

0.1

[M+H]

+

189.1604

5.43

0.5

[M+H]

+

203.1509

5.28

0.5

[M+H]

+

209.0927

3.88

0.5

Indoxyl sulfate

[M-H]

-

212.0017

2.46

2.0

Nitrotyrosine

[M-H]-

Trimethyl-lysine
Asymmetric dimethylarginine
Kynurenine

225.0505

4.95

3.0

[M+H]

+

162.1133

3.37

1.9

Car C2:0

[M+H]

+

204.1238

2.64

1.0

Car C3:0

[M+H]+

218.1394

2.55

0.9

Car C4:0

[M+H]

+

232.1551

2.47

0.9

[M+H]

+

246.1706

2.43

0.4

[M+H]

+

288.2168

2.20

0.1

Car C10:1

[M+H]

+

314.2330

2.10

1.3

Car C10:0

[M+H]+

316.2479

2.09

1.0

Car C12:0

[M+H]

+

344.2809

1.89

3.0

Car C14:1

[M+H]

+

370.2950

1.74

0.3

Car C14:0

[M+H]+

372.3109

1.71

0.1

Car C16:1

[M+H]

+

398.3259

1.96

1.4

[M+H]

+

400.3419

1.93

2.0

[M+H]

+

426.3578

1.92

1.2

Car C18:0

[M+H]

+

428.3732

1.91

1.9

Chenodeoxycholic acid

[M-H]-

391.2846

2.63

0.1

Free carnitine

Car C5:0
Car C8:0

Car C16:0
Car C18:1

Bile acids

RT
(min)
3.52

126.0228

5-oxoproline

Free and
acylated
carnitines

[M+H]+

m/z
(observed)
114.0672

-

Ketoleucine

Amino acid
metabolites

Ionization
mode
[M+H]+
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[M-H]-

407.2794

2.46

0.1

[M-H]

-

448.3060

2.42

0.7

[M-H]

-

464.3011

2.85

0.2

Taurolithocholic acid

[M-H]

-

482.2941

3.03

0.2

Taurodeoxycholic acid

[M-H]-

498.2892

3.33

0.6

516.2988

3.71

1.4

89.0237

1.96

2.0

195.0504

4.48

3.0

203.0534

4.29

0.9

341.1082

5.49

2.0

Cholic acid
Glycodeoxycholic acid
Glycocholic acid

Taurocholic acid

Carbohydrate
s

[M-H]

Hexose

[M-H]-

Hexose

[M+Na]

Hexose

-

5.47

1.6

3'-Sialyllactose

[M-H]

632.2035

6.29

0.5

Allantoin

[M-H]-

157.0363

3.52

2.0

Uric acid

[M-H]

-

167.0205

4.37

3.0

Cytidine

[M-H]

-

242.0792

5.31

3.0

Uridine

[M-H]-

243.0614

3.23

3.3

Glycine

[M-H]

-

74.0251

2.32

4.0

[M-H]

-

88.0397

4.47

2.3

[M-H]

-

104.0347

5.01

5.0

Valine

[M-H]

-

116.0711

4.24

5.0

Proline

[M+H]+

116.0715

4.40

2.6

+

120.0665

4.73

3.3

-

130.0868

3.70

4.0

Threonine

[M+Na]

+

365.1059

Serine

[M+H]

Leucine/Isoleucine

[M-H]

Aspartic acid

[M+H]+

134.0456

4.90

2.2

[M+H]

+

147.0772

4.98

1.4

[M+H]

+

147.1136

5.86

1.4

[M+H]

+

148.0613

4.73

5.0

Methionine

[M+H]

+

150.0589

2.84

3.0

Histidine

[M+H]+

156.0776

5.84

1.9

[M+H]

+

166.0872

3.79

2.4

Arginine

[M+H]

+

175.1199

5.77

5.0

Tyrosine

[M+H]+

182.0820

4.34

3.8

+

205.0980

3.81

1.5

[M-H]

-

202.0826

5.20

3.0

[M-H]

-

225.0986

5.65

3.0

Glutamine
Lysine
Glutamic acid

Phenylalanine

Tryptophan
Dipeptides

[M-H]

+

-

Alanine

Proteinogenic
amino acids

-

Lactic acid

Lactose

Nucleotides
and its
metabolites

[M+H]

+

Glutamyl-glycine
Carnosine

[M+H]
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Glutamyl-taurine
Glutamylglutamine
Ethanolamine

Water-soluble
phospholipids

5.61

3.0

276.1196

5.33

2.0

2.57

4.7

Choline

[M+H]

104.1079

2.24

3.8

Betaine

[M+H]+

118.0863

3.90

0.1

[M+H]

+

156.0429

3.94

1.9

Phosphorylcholine

[M+H]

+

184.0742

3.09

1.6

Glycerylphosphorylethanolamin
e

[M+Na]+

238.0458

1.95

0.8

[M-H]-

378.2405

3.61

2.0

468.3097

3.33

0.7

369.3520

0.96

0.1

429.3729

1.00

0.9

Methylethanolamine phosphate

Cholesterol

[M+Na]

+

253.0492

84.0424

LysoPC (14:0)

Vitamins

[M+H]

+

+

Sphingosine-1-phosphate

Cholesterol
and its
metabolites

[M-H]-

[M+H]

+

[M+H-H2O]+
+

Cholesteryl acetate

[M+H]

Cholesterol sulfate

[M-H]-

465.3030

2.37

2.9

Niacineamide

[M+H]

+

123.0561

2.25

2.4

Ascorbic acid

-

175.0243

2.82

2.0

[M-H]
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Table BS3: List of putatively identified metabolites that significantly (q ≤ 0.05 and ≥ 1.5
median fold change) differed between MastitisPost and Control cows (M/C), including
ionization mode (positive/negative), molecular formula as detected adducts, q-value,
retention time (RT), m/z values (theoretical and observed), and mass error (∆ppm).
Metabolites

Ionization
mode

Molecular
formula

FC
(M/C)

qvalue

RT
(min)

m/z
(observed)

m/z
(theoretical)

∆ppm

21 days before calving
[M+H]

+

C5H14NO+

5.39

0.0002

2.20

104.1079

104.1075

3.8

Proline

[M+H]

+

C5H10NO2+

1.79

0.002

4.40

116.0715

116.0712

2.6

Threonine

[M+H]+

C4H10NO3+

1.87

0.0002

4.73

120.0665

120.0661

3.3

Niacineamide

[M+H]+

Choline

C6H7N2O+

2.20

0.0002

2.25

123.0561

123.0558

2.4

[M+H]

+

C2H8NO3S+

2.72

0.008

4.50

126.0228

126.0225

2.4

[M+H]

+

C5H8NO3+

1.62

0.003

2.57

130.0509

130.0504

3.8

[M+H]

+

C5H13N2O2+

1.73

0.004

5.95

133.0980

133.0977

2.3

Glutamine

[M+H]

+

C5H11N2O3+

3.00

0.02

4.98

147.0772

147.0770

1.4

Lysine

[M+H]+

C6H15N2O2+

1.94

0.004

5.86

147.1136

147.1134

1.4

Taurine
5-oxoproline
Ornithine

Creatine

C4H9N3O2Na+

2.24

0.002

4.38

154.0595

154.0592

1.9

[M+H]

+

C3H11NO4P+

6.26

0.006

3.94

156.0429

156.0426

1.9

[M+H]

+

C6H10N3O2+

1.78

0.0002

5.84

156.0776

156.0773

1.9

Free carnitine

[M+H]

+

C7H16NO3+

3.26

0.0002

3.37

162.1133

162.1130

1.9

Phenylalanine

[M+H]+

C9H12NO2+

1.92

0.0002

3.79

166.0872

166.0868

2.4

Glutamine

[M+Na]+

Methylethanolamine phosphate
Histidine

[M+Na]

+

C5H10N2O3Na+

3.78

0.003

4.98

169.0591

169.0589

1.2

[M+H]

+

C7H12N3O2+

2.87

0.0002

5.55

170.0932

170.0930

1.2

[M+H]

+

C9H10NO3+

1.72

0.02

2.02

180.0665

180.0661

2.2

Tyrosine

[M+H]

+

C9H12NO3+

2.27

0.0002

4.34

182.0820

182.0817

3.8

Phosphorylcholine

[M+H]+

C5H15NO4P+

1.65

0.0002

3.09

184.0742

184.0739

1.6

Trimethyl-lysine (TML)

[M+H]+

C9H21N2O2+

2.45

0.0002

5.43

189.1604

189.1603

0.5

Methyl-histidine
Hippuric acid

Hexose

C6H12O6Na+

1.57

0.002

4.29

203.0534

203.0532

0.9

[M+H]

+

C8H19N4O2+

2.29

0.0002

5.28

203.1509

203.1508

0.5

[M+H]

+

C9H18NO4+

3.72

0.01

2.64

204.1238

204.1236

1.0

Tryptophan

[M+H]

+

C11H13N2O2+

2.00

0.035

3.81

205.0980

205.0977

1.5

Kynurenine

[M+H]+

C10H13N2O3+

3.41

0.0003

3.88

209.0927

209.0926

0.5

C10H20NO4+

6.61

0.0002

2.55

218.1394

218.1392

0.9

C8H18N4O2Na+

2.21

0.0002

5.29

225.1324

225.1327

1.3

C11H22NO4+

2.46

0.001

2.47

232.1551

232.1549

0.9

C5H14NO6PNa+

1.67

0.02

1.95

238.0458

238.0456

0.8

C12H24NO4+

2.59

0.015

2.43

246.1706

246.1705

0.4

Asymetric dimethylarginine
Car C2:0

Car C3:0
Asymetric dimethylarginine
Car C4:0

[M+Na]

+

[M+H]

+

[M+Na]
[M+H]

+

+
+

Glycerylphosphorylethanolamine

[M+Na]

Car C5:0

[M+H]+
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Lactose

[M+Na]+

C12H22O11Na+

9.55

0.008

5.47

365.1059

365.1060

1.6

[M+H]

+

C23H46NO4+

9.30

0.001

1.93

400.3419

400.3427

2.0

Car C18:1

[M+H]

+

C25H48NO4+

6.91

0.0003

1.92

426.3578

426.3583

1.2

Car C18:0

[M+H]+

C25H50NO4+

7.28

0.0003

1.91

428.3732

428.3740

1.9

Glycodeoxycholic acid (GDCA)

[M+H]+

C26H44NO5+

5.15

0.004

2.45

450.3217

450.3219

0.4

+

Car C16:0

Glycocholic acid (GCA)

C26H44NO6+

3.40

0.004

2.87

466.3168

466.3169

0.2

+

C26H43NO5Na+

3.99

0.004

2.44

472.3036

472.3039

0.6

Taurodeoxycholic acid (TDCA)

[M+H]

+

C26H46NO6S+

2.96

0.02

3.33

500.3032

500.3046

2.8

Taurocholic acid (TCA)

[M+H]+

C26H46NO7S+

5.36

0.011

3.71

516.2988

516.2995

1.4

3'-Sialyllactose (3’-SL)

[M-H]-

C23H38NO19-

15.44

0.009

6.29

632.2035

632.2038

0.5

Glycodeoxycholic acid (GDCA)

[M+H]

[M+Na]

14 days before calving
[M+H]

+

C5H14NO+

3.98

0.0002

2.24

104.1079

104.1080

3.8

Proline

[M+H]

+

C5H10NO2+

1.77

0.0003

4.40

116.0715

116.0712

2.6

Aspartic acid

[M+H]+

C4H8NO4+

1.69

0.04

4.90

134.0456

134.0453

2.2

Creatine

[M+Na]+

Choline

C4H9N3O2Na+

2.54

0.0009

4.38

154.0595

154.0592

1.9

[M+H]

+

C3H11NO4P+

2.45

0.0003

3.94

156.0429

156.0426

1.9

[M+H]

+

C7H16NO3+

2.17

0.0003

3.37

162.1133

162.1130

1.9

[M+H]

+

C7H12N3O2+

2.08

0.01

5.55

170.0932

170.0930

1.2

Hippuric acid

[M+H]

+

C9H10NO3+

1.51

0.002

2.02

180.0665

180.0661

2.2

Tyrosine

[M+H]+

C9H12NO3+

1.95

0.0003

4.34

182.0820

182.0817

3.8

Phosphorylcholine

[M+H]+

C5H15NO4P+

1.50

0.0003

3.09

184.0742

184.0739

1.6

[M+H]

+

C9H21N2O2+

1.71

0.0003

5.43

189.1604

189.1603

0.5

[M+H]

+

C8H19N4O2+

1.87

0.0009

5.28

203.1509

203.1508

0.5

Car C2:0

[M+H]

+

C9H18NO4+

2.76

0.03

2.64

204.1238

204.1236

1.0

Kynurenine

[M+H]+

C10H13N2O3+

2.53

0.002

3.88

209.0927

209.0926

0.5

Car C3:0

[M+H]+

C10H20NO4+

3.08

0.001

2.55

218.1394

218.1394

0.9

Car C4:0

+

C11H22NO4+

2.54

0.005

2.47

232.1551

232.1549

0.9

Methylethanolamine phosphate
Free carnitine
Methyl-histidine

Trimethyl-lysine (TML)
Asymetric dimethylarginine

Lactose

[M+H]

C12H22O11Na+

5.87

0.02

5.47

365.1059

365.1060

1.6

[M+H]

+

C23H46NO4+

3.38

0.01

1.93

400.3419

400.3427

2.0

Car C18:1

[M+H]

+

C25H48NO4+

4.24

0.007

1.92

426.3578

426.3583

1.2

Car C18:0

[M+H]+

Car C16:0

[M+Na]

+

C25H50NO4+

3.75

0.003

1.91

428.3732

428.3740

1.9

[M+H]

+

C29H49O2+

2.57

0.02

1.00

429.3729

429.3733

0.9

[M+H]

+

C26H44NO5+

2.50

0.03

2.45

450.3217

450.3219

0.4

[M+H]

+

C26H44NO6+

1.59

0.05

2.87

466.3168

466.3169

0.2

LysoPC (14:0)

[M+H]

+

C22H47NO7P+

2.33

0.02

3.33

468.3097

468.3085

0.7

Glycodeoxycholic acid (GDCA)

[M+Na]+

C26H43NO5Na+

2.36

0.02

2.44

472.3036

472.3039

0.6

C26H46NO7S+

2.33

0.002

3.71

516.2988

516.2995

1.4

Cholesteryl acetate
Glycodeoxycholic acid (GDCA)
Glycocholic acid (GCA)

Taurocholic acid (TCA)

[M+H]

+
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3'-Sialyllactose (3’-SL)

[M-H]-

C23H38NO19-

4.44

0.015

6.29

632.2035

632.2038

0.5

7 days before calving
Proline

[M+H]

+

C5H10NO2+

1.55

0.05

4.40

116.0715

116.0712

2.6

Free carnitine

[M+H]+

C7H16NO3+

1.90

0.05

1.92

162.1133

162.1130

1.9

Lactose

[M+Na]+

Lactose
Glycodeoxycholic acid (GDCA)
3'-Sialyllactose (3’-SL)

C12H22O11Na+

3.29

0.01

5.47

365.1059

365.1060

1.6

-

C12H22O11Cl-

3.67

0.025

5.45

377.0848

377.0851

0.8

+

C26H44NO5+

1.78

0.05

2.45

450.3217

450.3219

0.4

-

C23H38NO19-

2.56

0.005

6.29

632.2035

632.2038

0.5

[M+Cl]
[M+H]
[M-H]

At calving
Hippuric acid
Hippuric acid
Car C5:0

[M-H]-

C9H8NO3-

0.44

0.01

1.98

178.0504

178.0504

0.0

[M+H]

+

C9H10NO3+

0.57

0.02

2.02

180.0665

180.0661

2.2

[M+H]

+

C12H24NO4+

0.60

0.015

2.43

246.1706

246.1705

0.4

-

C26H42NO5-

0.41

0.01

2.42

448.3060

448.3063

0.7

Glycodeoxycholic acid (GDCA)

[M-H]

Glycodeoxycholic acid (GDCA)

[M+H]+

C26H44NO5+

0.33

0.008

2.45

450.3217

450.3219

0.4

Glycocholic acid (GCA)

[M-H]-

C26H42NO6-

0.33

0.01

2.85

464.3011

464.3012

0.2

C26H44NO6+

0.33

0.02

2.87

466.3168

466.3169

0.2

Glycocholic acid (GCA)
Glycodeoxycholic acid (GDCA)

[M+H]

+

C26H43NO6Na+

0.34

0.008

2.44

472.3036

472.3039

0.6

[M-H]

-

C26H44NO5S-

0.40

0.01

3.03

482.2941

482.2940

0.2

Taurodeoxycholic acid (TDCA)

[M-H]

-

C26H44NO6S-

0.41

0.01

3.33

498.2892

498.2889

0.6

Taurodeoxycholic acid (TDCA)

[M+H]+

C26H46NO6S+

0.43

0.02

3.33

500.3032

500.3046

2.8

Taurocholic acid (TCA)

[M-H]-

Taurolithocholic acid (TLCA)

Taurocholic acid (TCA)
3'-Sialyllactose (3’-SL)

[M+Na]

+

C26H44NO7S-

0.44

0.01

3.73

514.2841

514.2839

0.4

+

C26H46NO7S+

0.43

0.03

3.71

516.2988

516.2995

1.4

-

C23H38NO19-

2.31

0.04

6.29

632.2035

632.2038

0.5

[M+H]
[M-H]
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Table BS4: List of putatively identified lipids in the bovine serum samples including lipid
class, putative lipid name, ionization mode (positive/negative), m/z value of the abundant ion,
retention time (RT), and mass error (∆ppm).

Lipid
class
NEFA

LPC

Putative lipid name
NEFA (14:0)
NEFA (16:0)
NEFA (16:1)
NEFA (17:0)
NEFA (17:1)
NEFA (18:0)
NEFA (18:1)
NEFA (18:2)
NEFA (18:3)
NEFA (19:0)
NEFA (20:0)
NEFA (20:1)
NEFA (20:2)
NEFA (20:3)
NEFA (20:4)
NEFA (20:5)
NEFA (22:0)
NEFA (22:4)
NEFA (22:5)
NEFA (23:0)
NEFA (24:0)
NEFA (26:0)
NEFA (28:0)
NEFA (30:0)
LPC (16:0)
LPC (17:0)
LPC (18:0)
LPC (18:1)
LPC (18:2)

Molecular ion
observed
(Ionization
mode)
[M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+

m/z
observed

Retention
Time(min)

∆ppm

227.2010
255.2328
253.2166
269.2481
267.2322
283.2645
281.2484
279.2326
277.2166
297.2794
311.2953
309.2793
307.2636
305.2481
303.2324
301.2168
339.3262
331.2637
329.2480
353.3421
367.3577
395.3890
423.4204
451.4516
496.3410
510.3550
524.3713
522.3553
520.3399

2.88
3.85
3.06
3.93
3.52
4.90
4.03
3.30
2.72
5.42
5.28
5.02
4.23
3.59
3.14
2.60
6.89
3.90
3.29
7.33
7.74
8.50
9.16
9.72
2.19
2.55
2.98
2.33
1.88

3.1
0.8
2.8
1.9
3.0
0.7
0.7
1.4
2.5
1.7
1.0
1.9
2.3
1.6
2.0
1.7
2.0
1.8
1.8
1.1
1.4
1.3
0.9
1.1
0.4
0.8
0.4
0.2
0.2
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LPE

LPI
ChoE

PC

LPC (18:3)
LPC (19:0)
LPC (20:0)
LPC (20:3)
LPC (20:4)
LPC (20:5)
LPC (22:6)
LPE (16:0)
LPE (18:0)
LPE (18:1)
LPE (18:2)
LPE (20:0)
LPE (20:1)
LPE (20:2)
LPE (20:3)
LPE (20:4)
LPE (22:4)
LPI (18:0)
ChoE(16:0)
ChoE(18:2)
ChoE(18:3)
ChoE(20:4)
PC (14:0/16:0)
PC (16:0/16:0)
PC (16:0/16:1)
PC (16:0/18:0)
PC (16:0/18:1)
PC (16:0/18:2)
PC (16:1/18:2)
PC (16:0/18:3)
PC (16:1/18:3)
PC (17:0/18:1)
PC (17:0/18:2)
PC (18:0/18:1)
PC (18:0/18:2)

[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M+Na]+
[M+NH4]+
[M+NH4]+
[M+NH4]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+

518.3216
538.3866
552.4018
546.3553
544.3392
542.3218
568.3370
454.2925
480.3096
478.2935
476.2778
508.3408
506.3252
504.3096
502.2938
500.2779
528.3093
599.3198
647.5748
666.6178
664.6021
690.6183
706.5361
734.5696
732.5532
762.6007
760.5854
758.5694
756.5534
756.5530
754.5365
774.6003
772.5847
788.6161
786.6007

2.19
3.21
3.19
2.07
1.82
1.88
2.07
1.90
2.16
2.38
1.92
2.95
2.30
1.80
1.57
1.86
1.79
2.21
10.19
11.89
11.63
11.72
6.71
7.32
6.76
7.96
7.41
6.91
6.42
6.56
6.76
7.74
7.25
8.02
7.58

4.8
0.2
1.1
0.2
1.1
4.2
5.0
0.6
0.2
0.8
1.0
0.2
0.9
0.9
0.2
0.8
0.6
0.7
1.7
0.9
0.9
0.1
2.8
0.3
0.8
0.9
0.4
0.9
0.5
0.5
2.1
0.5
0.5
0.4
0.9
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PE

PC (16:0/20:3)
PC (16:0/20:4)
PC (16:1/20:4)
PC (38:1)
PC (18:0/20:2)
PC (18:0/20:3)
PC (18:1/20:3)
PC (18:0/20:4)
PC (18:1/20:4)
PC (18:2/20:4)
PC (19:0/20:4)
PC (20:0/20:4)
PC (20:0/20:5)
PC (18:0/22:6)
PC (20:1/22:6)
PC (22:2/26:0)
PC (O-16:0/16:0)
PC (O-38:4)
PC (P-32:0)
PC (P-32:2)
PC (P-16:0/18:0)
PC (P-16:0/18:1)
PC (P-16:0/18:2)
PC (P-34:3)
PC (P-18:0/18:2)
PC (P-18:1/18:3)
PC (P-18:2/18:3)
PC (P-20:0/18:3)
PE (14:0/18:1)
PE (16:0/18:0)
PE (16:0/18:2)
PE (P-34:2)
PE (18:0/18:1)
PE (16:0/20:1)
PE (16:0/20:2)

[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M-H][M-H][M-H][M-H][M-H][M-H][M-H]-

784.5849
782.5685
780.5525
816.6457
814.6279
812.6161
810.6001
810.5981
808.5826
806.5666
824.6161
838.6322
836.6156
834.5976
860.6128
858.5965
720.5891
796.6210
718.5742
714.5429
746.6048
744.5890
742.5740
740.5580
770.6040
766.5728
764.5547
796.6185
688.4929
718.5397
714.5071
698.5126
744.5546
744.5548
742.5391

7.09
6.83
6.35
8.10
7.71
7.75
7.31
7.49
7.58
7.13
7.98
8.02
7.50
7.75
7.93
7.50
7.76
8.10
7.67
6.48
7.83
7.34
7.26
6.72
7.89
7.15
7.25
7.92
6.58
6.90
7.10
7.47
8.21
7.48
6.94

0.3
1.2
1.7
2.4
5.0
0.4
0.7
3.2
3.1
3.5
0.4
0.2
0.9
3.7
4.2
4.9
1.5
0.6
0.4
0.4
1.3
1.6
0.7
1.2
2.3
2.2
5.4
3.8
0.9
0.7
1.1
0.6
0.3
0.9
0.1
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PI

PS

PE (18:1/18:1)
PE (16:0/20:4)
PE (37:1)
PE (18:1/20:0)
PE (18:2/20:0)
PE (18:0/20:3)
PE (18:2/20:2)
PE (20:0/20:2)
PE (20:0/20:3)
PE (20:0/20:4)
PE-Cer (d34:1)
PE-Cer (d36:1)
PE-Cer (d36:2)
PE-Cer (d38:1)
PE-Cer (d38:2)
PE (P-36:2)
PE-NME2(36:2)
PI (18:0/18:1)
PI (18:0/18:2)
PI (18:1/20:1)
PI (18:0/20:3)
PI (18:3/20:0)
PI (18:2/20:2)
PI (18:0/20:4)
PI (20:0/20:4)
PI (40:5)
PS (16:0/20:0)
PS (37:0)
PS (37:1)
PS (18:2/20:0)
PS (18:1/20:3)
PS (39:2)
PS (39:3)
PS (39:4)
PS (20:0/20:3)

[M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M+CH3COO][M-H][M-H][M-H][M-H][M-H][M+NH4]+
[M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H]-

742.5391
738.5074
758.5705
772.5861
770.5708
768.5545
766.5380
766.5391
796.5859
794.5691
659.5128
687.5445
685.5285
715.5753
713.5597
726.5436
830.5923
863.5648
861.5497
889.5805
887.5659
887.5652
904.5913
885.5497
913.5804
911.5649
772.5486
804.5765
802.5602
814.5598
810.5270
828.5759
826.5594
824.5416
840.5753

7.75
6.98
6.86
8.14
7.63
7.14
6.85
7.66
7.83
7.54
5.79
6.58
5.93
7.33
6.74
7.33
7.63
7.01
6.54
7.11
6.47
6.72
6.47
6.74
6.91
6.49
6.86
7.48
6.94
6.46
7.75
7.14
6.85
7.75
6.85

0.1
0.7
0.9
0.1
0.4
0.5
1.6
0.1
0.4
1.8
0.8
0.2
0.7
0.8
0.8
1.1
0.8
0.8
0.2
0.8
0.6
0.3
0.3
0.2
0.9
0.7
1.6
0.6
0.3
0.7
2.6
0.1
1.2
3.8
0.8
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DG
TAG

PS (20:0/20:4)
PS (18:1/23:1)
PS (18:2/23:1)
PS (20:4/23:0)
PS (P-16:1/20:0)
PS (O-36:2)
PS (P-38:1)
PS (O-38:2)
PS (P-38:4)
PS (O-38:5)
PS (P-40:4)
PS (P-40:5)
DG (18:1/18:2)
DG (18:1/20:2)

[M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M-H][M+H]+
[M+H]+

TAG (14:0/16:0/18:1)

838.5597
856.6072
854.5915
880.6066
774.5639
774.5637
802.5951
802.5950
796.5457
796.5456
824.5766
822.5606
619.5270
647.5583

6.37
7.83
7.54
7.57
4.82
4.93
5.61
5.74
4.82
4.94
5.61
5.02
9.27
9.72

0.8
0.1
0.2
0.8
1.9
2.2
2.0
2.1
5.1
5.3
5.5
5.3
4.2
4.1

[M+NH4]+

822.7533

11.28

1.5

TAG (14:0/16:0/18:2)

+

[M+NH4]

820.7384

11.05

0.6

TAG (15:0/16:0/18:0)

[M+NH4]+

838.7844

11.63

1.7

TAG (15:0/16:0/18:1)

+

[M+NH4]

836.7692

11.41

1.6

TAG (15:0/16:0/18:2)

+

TAG (16:0/16:0/18:1)
TAG (16:0/16:1/18:1)
TAG (16:0/16:1/18:2)

[M+Na]

839.7086

11.17

1.5

+

850.7847

11.55

1.3

+

848.7691

11.32

1.3

+

[M+NH4]

846.7540

11.1

0.6

+

871.7685

11.73

4.6

[M+NH4]
[M+NH4]

TAG (51:0)

[M+Na]

TAG (51:1)

[M+NH4]+

864.8006

11.66

0.9

TAG (51:2)

+

[M+NH4]

862.7853

11.44

0.6

TAG (51:3)

+

TAG (16:0/18:0/18:1)
TAG (16:0/18:1/18:1)

[M+Na]

865.7242

11.22

1.6

+

878.8162

11.83

1.1

+

876.8006

11.59

1.0

+

[M+NH4]
[M+NH4]

TAG (16:0/18:1/18:2)

[M+NH4]

874.7848

11.35

1.1

TAG (16:0/18:2/18:2)
TAG (53:0)
TAG (15:0/18:0/20:2)
TAG (18:0/18:0/18:0)

+

[M+Na]
[M+Na]+
[M+Na]+
[M+Na]+

877.7244
899.8017
895.7701
913.8165

11.13
12.03
11.7
12.18

1.4
2.3
2.8
3.3

TAG (18:0/18:0/18:1)

[M+NH4]+

906.8473

12.14

1.2
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TAG (18:0/18:1/18:1)

[M+NH4]+

904.8317

11.85

1.3

TAG (18:1/18:1/18:1)

+

902.8161

11.62

1.1

+

[M+NH4]

900.8008

11.41

0.8

SM (d32:1)
SM (d33:1)
SM (d34:0)
SM (d34:1)
SM (d34:2)
SM (d35:1 isomer)
SM (d35:1 isomer)
SM (d36:1)
SM (d36:2)
SM (d39:1)
SM (d40:1)
SM (d40:2 isomer)
SM (d40:2 isomer)
SM (d41:1 isomer)
SM (d41:1 isomer)
SM (d41:2)
SM (d42:1)
SM (d42:2 isomer)
SM (d42:2 isomer)
SM (d42:3)
Cer (d16:0/18:1)
Cer (d18:0/23:0)
Cer (d18:1/23:0)
Cer (d18:0/24:0)
Cer (d18:1/24:0)
HexCer (d40:1)

+

[M+H]
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M+H]+
[M-H][M-H][M-H][M-H][M-H][M+NH4]+

675.5432
689.5589
705.5901
703.5749
701.5589
717.5898
717.5890
731.6028
729.5892
773.6510
787.6678
785.6529
785.6570
801.6837
801.6837
799.6680
815.6992
813.6833
813.6833
811.6653
536.5047
636.6292
634.6137
650.6448
648.6295
801.6927

5.81
6.21
6.86
6.58
5.95
6.84
6.95
7.30
6.73
8.29
8.54
8.06
8.20
8.79
8.8
8.36
9.05
8.51
8.66
8.30
7.64
9.78
9.63
10.00
9.85
11.26

0.6
0.4
0.7
0.9
0.4
1.1
1.1
4.6
1.8
2.6
1.3
0.1
5.2
0.9
0.9
1.1
1.1
1.4
1.4
4.3
0.2
1.3
1.1
1.4
0.8
0.1

HexCer (d40:2)

[M+NH4]+

799.6775

10.99

0.6

HexCer (d41:1)

+

815.7084

11.36

0.1

HexCer (d41:2)

+

[M+NH4]

813.6932

11.12

0.7

HexCer (d42:2)

[M+NH4]+

827.7087

11.28

0.6

HexCer (d43:1)

+

843.7396

11.63

0.1

+

855.7401

11.54

0.6

TAG (18:1/18:1/18:2)
SM

Cer

HexCer (d44:2)

[M+NH4]

[M+NH4]

[M+NH4]
[M+NH4]
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Table BS5: Reproducibility of putatively identified lipid classes in bovine serum (CV%:
Coefficient of Variation percentage).

Lipid class
Phosphatidylcholines
Phosphatidylethanolamines
Phosphatidylinositols
Phosphatidylserines
Lysophosphatidylcholines
Lysophosphatidylethanolamines
Nonesterified fatty acids
Cholesterol esters
Sphingomyelins
Ceramides
Triacylglycerols

CV%
10.4
10.1
11.2
9.0
7.8
9.6
8.9
9.4
7.9
8.9
9.5
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Table BS6: Recovery of lipid standards.

Lipid Name

Formula Positive mode

PC(O-17:0/2:0)

C27H56NO7P

PE(17:1/0:0)

C22H44NO7P

PG(17:1/0:0)
PS(17:1/0:0)

[M+H]

+

Mass error Retention
Recovery% CV%
(ppm)
time
538.3866
0.2
3.2
99.3
8.7
m/z

+

[M+H]
466.2937
+
C23H45O9P [M+H-H2O] 479.2765
+
C23H44NO9P
[M+H]
510.2824

TAG(17:0/17:0/17:0) C54H104O6

[M+Na]

+

871.7685

1.5

2.1

94.8

8.8

1.8

1.7

79.7

11.2

0.4

1.6

93.2

6.4

4.6

11.7

100.4

10.5

The 5 internal standard lipids were spiked in before and after lipid extraction, and the
recovery was calculated as the ratio of the peak area for a particular lipid in the
pooled QC samples prior to extraction and in the samples spiked after extraction.
Recoveries were considered to be acceptable for routine lipid profiling experiments
(less than 12%).
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Table BS7: List of putatively identified lipids that significantly (q ≤ 0.05 and ≥ 1.5

median fold change) differed between MastitisPost and Control cows (M/C),
including ionization mode (positive/negative), molecular formula as detected adducts,
q-value, retention time (RT), m/z values (theoretical and observed), and mass error
(∆ppm).
Lipids

Ionization
mode

Molecular
formula

FC(M/C)

qvalue

RT(min)

m/z
(observed)

m/z
(theoretical)

∆ppm

6.7

706.539

706.5381

1.3

a

14 days before calving

[M+H]

+

PC (16:0/16:1)

[M+H]

+

PC (16:0/16:1)
PC (16:0/18:1)

PC (14:0/16:0)

C38H77NO8P+

1.66

0.02

7 days before calving

PC (18:3/P-18:1)

C40H79NO8P+

1.65

0.04

6.8

732.5532

732.5538

0.8

[M+Na]+

C40H78NO8PNa+

1.60

0.04

6.8

754.5365

754.5357

1.1

[M+H]+

C42H83NO8P+

1.80

0.03

7.4

760.5854

760.5851

0.4

C44H80NO7PNa+

1.66

0.04

7.2

788.5552

788.5565

1.7

[M+Na]

+

At calving
[M-H]

-

C14H27O2-

3.12

0.02

2.9

227.2010

227.2017

3.1

NEFA (16:0)

[M-H]

-

C16H31O2-

2.50

0.03

3.9

255.2328

255.2330

0.8

NEFA (16:1)

[M-H]-

C16H29O2-

2.83

0.03

3.1

253.2166

253.2173

2.8

NEFA (18:1)

[M-H]

-

C18H33O2-

2.81

0.02

4.0

281.2484

281.2486

0.7

[M-H]

-

C20H37O2-

2.30

0.04

5.0

309.2793

309.2799

1.9

NEFA (14:0)

NEFA (20:1)
b

[M-H]

-

C23H45O2-

0.55

0.04

7.3

353.3421

353.3425

1.1

b

[M-H]

-

C24H47O2-

0.46

0.02

7.7

367.3577

367.3582

1.4

b

[M-H]-

C26H51O2-

0.42

0.05

8.5

395.3890

395.3895

1.3

b

[M-H]-

C28H55O2-

0.43

0.02

9.2

423.4204

423.4208

0.9

b

-

C30H59O2-

0.48

0.04

9.7

451.4516

451.4521

1.1

C26H53NO7P+

0.67

0.03

2.3

522.3554

522.3554

0.0

C26H52NO7PNa+

0.61

0.02

2.3

544.3372

544.3374

0.4

NEFA (23:0)
NEFA (24:0)
NEFA (26:0)
NEFA (28:0)
NEFA (30:0)

LPC (18:1)

[M-H]

[M+H]

+
+

LPC (18:1)

[M+Na]

LPC (18:1)

[M+CH3COO]-

C28H51NO9P-

0.64

0.03

2.3

580.3616

580.3620

0.7

LPC (18:2)

[M+H]+

C26H51NO7P+

0.50

0.02

1.9

520.3399

520.3398

0.2

C28H53NO9P-

0.48

0.03

1.9

578.3461

578.3463

0.4

C28H53NO7P+

0.42

0.02

2.1

546.3553

546.3554

0.2

C30H51NO9P-

0.37

0.02

2.0

604.3615

604.3620

0.8

C28H51NO7P+

0.63

0.04

1.8

544.3392

544.3398

1.1

C30H53NO9P-

0.37

0.03

1.8

602.3460

602.3463

0.5

C30H51NO7P+

0.36

0.03

2.1

568.3370

568.3398

4.9

C42H81NO10P-

0.44

0.04

6.5

814.5598

814.5604

0.7

C44H79NO8P+

0.56

0.02

6.4

780.5525

780.5514

1.4

LPC (18:2)
LPC (20:3)
LPC (20:3)

[M+CH3COO]
[M+H]

-

+

[M+CH3COO]

-

+

LPC (20:4)

[M+H]

LPC (20:4)

[M+CH3COO]-

LPC (22:6)
PC (16:1/18:2)
PC (16:1/20:4)

[M+H]

+

[M+CH3COO]
[M+H]

+

-
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[M+H]+

C46H85NO8P+

0.76

0.05

7.3

810.6001

810.6007

0.7

+

C48H91NO8P+

0.70

0.04

7.9

840.6452

840.6477

3.0

LPE (18:1)

[M-H]

-

C23H45NO7P-

0.57

0.05

2.4

478.2935

478.2939

0.8

LPE (20:1)

[M-H]-

C25H49NO7P-

0.65

0.02

2.3

506.3251

506.3252

0.2

LPE (20:2)

[M-H]-

C25H47NO7P-

0.51

0.04

1.9

504.3096

504.3096

0.0

LPE (20:3)

[M-H]

-

C25H45NO7P-

0.26

0.03

1.6

502.2938

502.2939

0.2

[M-H]

-

C27H47NO7P-

0.59

0.02

1.8

528.3093

528.3096

0.6

PE (16:0/18:0)

[M+H]

+

C39H79NO8P+

0.56

0.05

6.9

720.5536

720.5538

0.3

PE (40:2)

[M+H]+

C45H87NO8P+

0.68

0.05

7.9

800.6159

800.6164

0.6

PI (18:0/20:3)

[M-H]-

C47H84O13P-

0.58

0.05

6.7

887.5652

887.5655

0.3

PC (18:1/20:3)
PC (40:3)

LPE (22:4)

PI (40:5)

[M+H]

[M-H]

-

C48H85O13P-

0.58

0.04

6.5

911.5649

911.5655

0.7

[M+NH4]

+

C45H80O2N+

0.68

0.04

11.9

666.6178

666.6183

0.8

ChoE (18:3)

[M+NH4]

+

C45H78O2N+

0.26

0.02

11.6

664.6021

664.6027

0.9

HexCer (d-40:1)

[M+NH4]+

C46H93NO8N+

0.63

0.05

11.3

801.6927

801.6926

0.1

HexCer (d-41:0)

[M+NH4]+

C47H95NO8N+

0.52

0.02

11.4

815.7084

815.7083

0.1

+

C55H108O6N+

0.19

0.03

11.8

878.8162

878.8171

1.0

C57H110O6Na+

0.16

0.04

12.2

913.8165

913.8195

3.3

C57H108O6Na+

0.21

0.03

12.3

911.8024

911.8038

1.5

C57H112O6N+

0.42

0.02

12.3

906.8473

906.8484

1.2

ChoE (18:2)

TAG (16:0/18:0/18:1)

[M+NH4]

TAG (18:0/18:0/18:0)

[M+Na]

+

[M+Na]

+

TAG (18:0/18:1/18:0)
TAG (18:0/18:1/18:0)

[M+NH4]

+

a

At 21 days before calving, none of the identified lipid molecules passed the q ≤ 0.05 threshold.

b

Tentative assignment based on m/z (< 5 ppm), retention time, and isotopic pattern.
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11 Appendix C

Supplemental Material for Chapter 5
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Materials and Methods
This study was part of a prospective study designed to identify predictive serum
indicators of periparturient diseases in dairy cows. All procedures involving animals
were approved by the Oregon State University Institutional Animal Care and Use
Committee

(ACUP

Number

3991).

All

chemicals,

acetonitrile

(ACN),

dichloromethane (DCM), IPA, methanol (MeOH), methyl tertiary butyl ether
(MTBE), and water (H2O) were of analytical-grade purity or higher and purchased
from J.T. Baker, Inc. (Philipsburg, NJ, USA).
Animals and diets
One hundred and sixty one multiparous Holstein dairy cows at the Oregon’s Central
Willamette Valley farms were used in this study. We excluded all cows with other
preparturitient diseases during the experimental period. To be eligible for the study,
cows had to have completed ≥ 1 lactation, were free of clinical diseases before
calving, and had a body condition score (BCS) of ≥ 3.0 four weeks before expected
calving date, and were purebred Holsteins. The management of the cows has been
described in detail previously265. Starting 28 days before the expected calving date,
BCS of cows were scored once weekly by 3 trained independent evaluators until 4
weeks after calving266. Before calving, cows were housed in a straw-bedded free stall
barn and were fed once in the morning (7:30 am), a total mixed ration (TMR) based
on corn, corn silage, and alfalfa and triticale hay, which met National Research
Council (NRC) guidelines410. After calving, cows were housed in free stall pens with
slatted floors and were fed in around 8:00 and 13:30 a TMR based on corn, corn
silage, and alfalfa hay, which met NRC guidelines410.
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Animal health surveillance and disease treatment
Health status of cows was monitored based on standard operating procedures
developed by the Oregon State University veterinary staff and was consistent with the
standard of veterinary care practices. Between 28 days before predicted calving date
and 29 days after calving, cows were monitored daily for abnormal milk consistency
(e.g., clots, flakes), gait, appetite, general appearance, alertness, vaginal discharge,
and retained placenta. Uterine discharge and milk SCC were checked twice a week
for the first 4 weeks after calving. Urinary ketones and body temperature were
checked if cows were visually not healthy, which included depressed feed intake (all
cows were monitored if they consumed feed), lethargy, cold ears, and rapid BCS
score loss. Diseases were diagnosed and treated based on Standard Operating
Procedures developed by the Oregon State University veterinary staff and consistent
with the standard of care veterinary practices.
Using a nested case-control design, we diagnosed 8 cows that developed Retained
Placenta (RP) and 9 cows that remained free of clinical diseases (Control). Control
cows were also after calving free of subclinical ketosis and milk fever, as cows had
serum concentrations of β-hydroxybutyrate (BHBA) concentrations < 1.3 mmol/L268 ,
and 1 cow had serum calcium concentrations of > 6.9 mg/dL after calving269,
respectively.
In this study, cows were diagnosed with RP if the expulsion of fetal membranes failed
within 24 hours of calving. To avoid confounding of other diseases, cows that
developed besides RP other concurrent diseases were excluded from the study.
Control and RP cows were selected to be similar in BCS (mean ± SD, range; control:
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3.68 ± 0.19, 3.3-3.9; RP: 3.75 ± 0.29, 3.3-4.1), parity (mean ± SD, range; control:
1.44 ± 0.73, 1-3 completed lactations; RP: 1.88 ± 0.64, 1-3 completed lactations), and
calving season.
The treatment protocols for retained placenta has been described in detailes
previously265. Briefly, cows with RP remained in the hospital pen and were infused
with 57 g of tetracycline HCl powder (714 g of tetracycline/kg; IVX Animal Health
Inc., St. Joseph, MO) in 1 L of water every 4 to 8 d until the placenta was expelled.
Diagnosis and treatment of diseases was done by the herd manager, who was trained
and supervised by the Oregon State University veterinarian. The veterinarian visited
at least once weekly to supervise diagnosis and treatment of diseases.
Sample preparation and LC-MS analysis
In RPLC analysis, serum samples were diluted with 240 µL chilled isopropyl alcohol
(1:3 v/v) containing non-endogenous lipid standards with final concentrations of 1
mg/L. Each sample was vortex-mixed vigorously for 5 min, and incubated on ice for
10 min. Samples were stored at -20 °C overnight to enhance protein precipitation. On
the following day, each sample was vortex-mixed for 5 min, and centrifuged at
16,000 × g for 15 min. Supernatant was transferred to a fresh tube, and stored at -80
°C until RPLC-MS analysis.
In RPLC analysis, 5 µL of each sample was injected using the flow-through needle
mode on Waters Acquity UPLC I class system (Waters, Milford, MA, USA) coupled
to a Synapt G2 HDMS mass spectrometer (Waters, Manchester, U.K.). An Acquity
HSS T3 column (2.1 mm × 100 mm, 1.8 μm, Waters Corporation) was maintained at
55 °C. Mobile phase A consisted of ACN/H2O (40:60, v/v), and mobile phase B was
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IPA/ACN/H2O (85:10:5, v/v/v); both mobile phases contained 10 mM ammonium
acetate and 0.1% acetic acid. The following elution gradient was used: 0 min, 40% B;
1 min, 40% B; 11 min, 100% B; 14 min, 100% B, 15 min, 40% B, 16 min, 40% B (1min for re-equilibration time). The flow rate was 0.4 mL/min. The auto-sampler tray
was maintained at 6°C. Sample analysis was performed over a 15-min total run time.
The Synapt G2 mass spectrometer was operated in the data-independent (MSE) mode
using the same settings as described above for the hydrophilic metabolic analysis.
The exception is that for collision-induced dissociation the energy in the transfer cell
(second function) was ramped from 25 to 60 eV.
Biochemical analysis
Serum concentrations of total glucose, BHB, non-esterified fatty acids (NEFA), urea
nitrogen, haptoglobin, visfatin, cholesterol, α-tocopherol, calcium, magnesium, and
phosphorus were determined as reported previously265. Inter- and intra-assay CV
were 0.98 and 12.4% for glucose, 3.59 and 3.38% for BHB, 4.69 and 3.32% for
NEFA, 1.68 and 1.20% for urea nitrogen, 3.79 and 3.92 for haptoglobin, 15.1 and
3.1% for visfatin, 2.26 and 5.18% for cholesterol, 4.97 and 3.34% for α-tocopherol,
4.23 and 4.19% for calcium, 4.87 and 3.86% for magnesium, and 2.59 and 4.29% for
phosphorus. Serum concentrations of serum amyloid A (SAA) were determined using
a multispecies ELISA kit (Catalog No. KAA0021; Life Technologies, Grand Island,
NY), as SAA is highly conserved across species. Manufacturer’s instructions were
followed for chemical analysis. Absorbance was measured at 450 nm with a
FLUOstar Omega microplate auto-reader (BMG Labtech Inc, San Francisco, CA).
Inter-assay and intra-assay CV for SAA was 6.9 and 7.6%, respectively. Serum
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concentration of serum TNFα was measured with a bovine ELISA kit (Catalog No.
RAB0522-1KT; Sigma Aldrich, St. Louis, MO, USA) according manufacturer’s
instruction. The sensitivity of the TNFα assay was 100 pg/mL, and the intra-assay CV
was <12%.
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Table CS1: List of putatively identified metabolites that significantly (q ≤ 0.05 and ≥ 1.5
median fold change) differed between Retained Placenta developed cows and Control cows
(RP/C), including ionization mode (positive/negative), molecular formula as detected
adducts, q-value, retention time (RT), m/z values (theoretical and observed), and mass error
(∆ppm).
Metabolites

RT
(min)

m/z
(observed)

m/z
(theoreti
cal)

∆p
pm

0.0004

3.37

162.1133

162.1130

1.9

2.30

0.009

2.64

204.1238

204.1236

1.0

C10H20NO4+

4.33

0.001

2.55

218.1394

218.1392

0.9

C11H22NO4+

2.66

0.003

2.47

232.1551

232.1549

0.9

C23H46NO4+

2.72

0.01

1.93

400.3419

400.3427

2.0

C25H50NO4+

3.54

0.005

1.91

428.3732

428.3740

1.9

C25H48NO4+

2.80

0.007

1.92

426.3578

426.3583

1.2

C6H9N3O2Na+

1.52

0.001

5.84

178.0595

178.0592

1.7

C9H12NO3+

1.80

0.0007

4.34

182.0820

182.0817

1.6

[M+H]+

C8H19N4O2+

1.72

0.03

5.28

203.1509

203.1508

0.5

[M+Na]+

C8H18N4O2Na
+
C4H10N3O2+

1.57

0.02

5.29

225.1324

225.1327

1.3

1.60

0.0023

4.38

132.0777

132.0773

3.0

Ionization
mode

Molecular
formula

FC
(RP/C)

[M+H]+

C7H16NO3+

2.20

[M+H]

+

C9H18NO4+

[M+H]

+

[M+H]

+

[M+H]

+

[M+H]

+

[M+H]

+

FDRadjusted
p-vallue

21 days before calving
Free carnitine
Car C2:0
Car C3:0
Car C4:0
Car C16:0
Car C18:0
Car C18:1
Histidine
Tyrosine
Asymetric
dimethylarginine
Asymetric
dimethylarginine
Creatine
Creatine
Creatinine
Kynurenine
Methyl-histidine
Trimethyl-lysine
(TML)
Niacineamide
Taurocholic acid
(TCA)
Choline
Methylethanolami
ne phosphate
LysoPC 14:0
PC 16:0/16:0
PC 16:0/16:1
PC 16:0/18:1
PC 16:0/18:2
PC 16:0/20:4
PC 18:0/20:4

[M+Na]
[M+H]

+

+

[M+H]+
[M+Na]

+

C4H9N3O2Na+

1.98

0.002

4.38

154.0595

154.0592

1.9

[M+Na]

+

C4H7N3ONa+

1.96

0.001

4.30

136.0490

136.0487

2.2

[M+H]

+

C10H13N2O3+

2.78

0.0004

3.88

209.0927

209.0926

0.5

[M+H]

+

C7H12N3O2+

2.10

0.0013

5.55

170.0932

170.0930

1.2

[M+H]+

C9H21N2O2+

1.68

0.02

5.43

189.1604

189.1603

0.5

[M+H]+

C6H7N2O+

1.69

0.02

2.25

123.0561

123.0558

2.4

[M+H]+

C26H46NO7S+

3.13

0.007

3.71

516.2988

516.2995

1.4

[M+H]+

C5H14NO+

3.85

0.02

2.24

104.1079

104.1075

3.8

[M+H]+

C3H11NO4P+

3.12

0.0004

3.94

156.0429

156.0426

1.9

[M+H]+

C22H47NO7P+

1.99

0.007

3.33

468.3097

468.3090

1.5

[M+H]

+

C40H81NO8P+

1.76

0.0050

2.82

734.5687

734.5700

1.8

[M+H]

+

C40H79NO8P+

1.82

0.0070

2.8

732.5556

732.5543

1.8

[M+H]

+

C42H83NO8P+

1.52

0.0030

2.79

760.5832

760.5856

3.2

[M+H]

+

C42H81NO8P+

1.57

0.0090

2.78

758.5694

758.5700

0.8

[M+H]

+

C44H81NO8P+

1.80

0.0004

2.73

782.5684

782.5700

2.0

[M+H]

+

C46H85NO8P+

1.71

0.0030

2.72

810.5991

810.6013

2.7
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PC 18:0/22:6

[M+H]+

C48H85NO8P+

1.63

0.0070

2.72

834.5967

834.6013

5.0

PC 18:1/20:4

[M+H]

+

C46H83NO8P+

1.68

0.0050

2.73

808.5832

808.5856

3.0

PC 20:0/20:5
PC e30:1; PC
p30:0
PC e32:1;PC
p32:0
PC e32:2;PC
p32:1
PC e32:3;PC
p32:2
PC e34:3; PC
p34:2
PC e34:4; PC
p34:3
PC e34:5; PC
p34:4
PC e36:3; PC
p36:2
PC e36:4; PC
p36:3
PC e36:5; PC
p36:4
PC e38:5;PC
p38:4
PC e38:6;PC
p38:5
PE e36:2;PE
p36:1
PE e36:3;PE
p36:2
PE e38:5;PE
p38:4

[M+H]

+

C48H87NO8P+

1.62

0.0100

2.72

836.6144

836.6169

3.0

[M+H]+

C38H77NO7P+

1.70

0.003

2.79

690.542

690.5438

2.6

[M+H]+

C40H81NO7P+

2.08

0.02

2.79

718.5715

718.5751

5.0

[M+H]+

C40H79NO7P+

1.58

0.01

2.76

716.5561

716.5594

4.6

[M+H]+

C40H77NO7P+

1.64

0.009

2.76

714.542

714.5438

2.5

[M+H]+

C42H81NO7P+

1.69

0.001

2.74

742.5732

742.5751

2.6

[M+H]+

C42H79NO7P+

1.69

0.005

2.73

740.5562

740.5594

4.3

[M+H]+

C42H77NO7P+

1.77

0.0004

2.72

738.5409

738.5438

3.9

[M+H]+

C44H85NO7P+

1.71

0.02

2.73

770.602

770.6064

5.0

[M+H]+

C44H83NO7P+

1.89

0.0004

2.72

768.5867

768.5907

5.2

[M+H]+

C44H81NO7P+

2.05

0.0004

2.71

766.5728

766.5751

3.0

[M+H]+

C46H85NO7P+

2.16

0.001

2.71

794.6032

794.6064

4.0

[M+H]+

C46H83NO7P+

1.90

0.02

2.71

792.5879

792.5907

3.5

[M+H]+

C41H81NO7P+

2

0.01

2.75

730.5713

730.5751

5.0

[M+H]+

C41H79NO7P+

1.55

0.005

2.75

728.558

728.5594

1.9

[M+H]+

C43H79NO7P+

1.83

0.005

2.72

752.5569

752.5594

3.3

PI 18:0/18:1

[M+Na]+

1.92

0.02

3.4

889.5759

889.5782

2.6

PI 18:0/18:1

[M+Na]+

1.73

0.007

3.39

887.5611

887.5626

1.7

SM d18:1/18:1

[M+H]+

C45H87O13PNa
+
C45H85O13PNa
+
C41H82N2O6P+

1.59

0.0007

3.06

729.5897

729.5911

1.9

SM d18:1/20:0

[M+H]

+

C43H88N2O6P+

1.64

0.003

3.05

759.6353

759.6380

3.6

[M+H]

+

C44H90N2O6P+

1.92

0.005

3.04

773.6512

773.6537

3.2

[M+H]

+

C45H92N2O6P+

1.56

0.009

3.05

787.6658

787.6693

4.4

[M+H]

+

C45H90N2O6P+

1.64

0.005

3.04

785.6516

785.6537

2.7

[M+H]

+

C47H96N2O6P+

1.65

0.009

3.04

815.6967

815.7006

4.8

[M+H]

+

C7H16NO3+

3.65

0.0003

3.37

162.1133

162.1130

1.9

[M+H]

+

C9H18NO4+

2.73

0.005

2.64

204.1238

204.1236

1.0

[M+H]

+

C10H20NO4+

4.80

0.01

2.55

218.1394

218.1394

0.9

[M+H]

+

C11H22NO4+

3.59

0.005

2.47

232.1551

232.1549

0.9

SM d18:1/21:0
SM d18:1/22:0
SM d18:1/22:1
SM d18:1/24:0

14 days before calving
Free carnitine
Car C2:0
Car C3:0
Car C4:0

335

[M+H]+

C12H24NO4+

2.78

0.02

2.43

246.1706

246.1705

0.4

[M+H]

+

C23H46NO4+

4.11

0.0003

1.93

400.3419

400.3427

2.0

[M+H]

+

C25H50NO4+

5.00

0.0003

1.91

428.3732

428.3740

1.9

Car C18:1

[M+H]

+

5.63

0.001

1.92

426.3578

426.3583

1.2

Citrulline

[M+Na]+

1.55

0.0009

5.11

198.0856

198.0855

0.5

Glutamate

[M+H]+

C25H48NO4+
C6H13N3O3Na
+
C5H10NO4+

1.51

0.0005

4.73

148.0613

148.0610

2.0

[M+H]

+

C6H10N3O2+

1.58

0.005

5.84

156.0776

156.0773

1.9

[M+H]

+

C9H12NO2+

1.55

0.0003

3.79

166.0872

166.0868

2.4

[M+H]

+

C5H10NO2+

1.78

0.0009

4.40

116.0715

116.0712

2.6

[M+H]

+

C9H12NO3+

1.84

0.0009

4.34

182.0820

182.0817

3.8

[M+H]+

C8H19N4O2+

2.01

0.0005

5.28

203.1509

203.1508

0.5

[M+Na]+

C8H18N4O2Na
+
C4H10N3O2+

1.82

0.0003

5.29

225.1324

225.1327

1.3

1.83

0.001

4.38

132.0777

132.0773

3.0

Car C5:0
Car C16:0
Car C18:0

Histidine
Phenylalanine
Proline
Tyrosine
Asymetric
dimethylarginine
Asymetric
dimethylarginine
Creatine
Creatine
Creatinine
Hippuric acid
Kynurenine
Methionine
Sulfoxide
Methionine
Sulfoxide
Methyl-histidine
5-oxoproline
Taurine
Trimethyl-lysine
(TML)
Chenodeoxy
cholic acid
Glycodeoxycholic
acid (GDCA)
Taurocholic acid
(TCA)
Betaine
Choline
Methylethanolami
ne phosphate
Phosphorylcholine
Cholesterol
LysoPC 14:0
lysoPC 16:0

[M+H]+
[M+Na]

+

C4H9N3O2Na+

2.07

0.0003

4.38

154.0595

154.0592

1.9

[M+Na]

+

C4H7N3ONa+

1.96

0.0003

4.30

136.0490

136.0487

2.2

[M+H]

+

C9H10NO3+

2.10

0.0003

2.02

180.0665

180.0661

2.2

[M+H]

+

C10H13N2O3+

2.20

0.0009

3.88

209.0927

209.0926

0.5

[M+H]

+

C5H12NO3S+

1.7

0.01

5.05

166.054

166.0538

1.2

2.13

0.007

5.05

188.036

188.0357

1.6

2.40

0.0005

5.55

170.0932

170.0930

1.2

[M+Na]+
[M+H]+

C5H11NO3SNa
+
C7H12N3O2+

[M+H]

+

C5H8NO3+

1.84

0.001

2.57

130.0509

130.0504

3.8

[M+H]

+

C2H8NO3S+

1.54

0.01

4.51

126.0228

126.0225

2.4

[M+H]+

C9H21N2O2+

1.87

0.0003

5.43

189.1604

189.1603

0.5

[M+H]+

C24H41O4+

1.97

0.04

2.84

393.2992

393.3005

3.3

[M+H]+

C26H44NO5+

2.07

0.042

2.45

450.3217

450.3219

0.4

[M+H]+

C26H46NO7S+

4.35

0.0009

3.71

516.2988

516.2995

1.4

[M+H]+

C5H12NO2+

1.74

0.0003

4.02

118.0871

118.0868

2.5

C5H14NO+

5.30

0.0003

2.24

104.1079

104.1075

3.8

[M+H]+

C3H11NO4P+

4.06

0.0003

3.94

156.0429

156.0426

1.9

[M+H]+
[M+HH2O]+
[M+H]+

C5H15NO4P+

1.78

0.0003

3.09

184.0742

184.0739

1.6

C28H44+

2.13

0.002

0.96

369.3520

369.3521

0.3

C22H47NO7P+

2.51

0.005

3.33

468.3097

468.3090

1.5

C24H51NO7P+

1.61

0.003

3.28

496.3407

496.3403

0.8

[M+H]

[M+H]

+

+
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lysoPC 16:1
lysoPC p16:0
PC 16:1/18:2
PC 18:0/18:1
PC e30:1; PC
p30:0
PC e32:1;PC
p32:0
PCe32:2;PCp32:1
PC e32:3;PC
p32:2
lysoPE p18:0

[M+H]+

C24H49NO7P+

1.72

0.005

3.3

494.3246

494.3247

0.2

[M+H]

+

C24H51NO6P+

2.03

0.03

3.19

480.3451

480.3454

0.6

[M+H]

+

C42H79NO8P+

1.66

0.005

2.78

756.5547

756.5543

0.5

[M+H]

+

C44H87NO8P+

1.57

0.0009

2.8

788.6135

788.6169

4.3

[M+H]+

C38H77NO7P+

1.70

0.003

2.79

690.542

690.5438

2.6

[M+H]+

C40H81NO7P+

2.10

0.002

2.79

718.5715

718.5751

5.0

[M+H]+

C40H79NO7P+

1.87

0.0003

2.76

716.5561

716.5594

4.6

[M+H]+

C40H77NO7P+

1.58

0.03

2.76

714.542

714.5438

2.5

[M+H]+

C23H49NO6P+

1.69

0.01

3.22

466.3295

466.3298

0.6

+

C43H83NO8P+

1.78

0.02

2.77

772.5866

772.5856

1.7

1.53

0.01

2.75

728.558

728.5594

1.9

1.80

0.03

3.4

889.5759

889.5782

2.6

1.62

0.005

3.39

887.5611

887.5626

1.7

1.67

0.0009

3.1

675.5435

675.5441

0.9

PE 18:2/20:0
PE e36:3;PE
p36:2

[M+H]

[M+H]+

C41H79NO7P+

PI 18:0/18:0

[M+Na]+

PI 18:0/18:1

[M+Na]+

SM d18:1/14:0

[M+H]+

C45H87O13PNa
+
C45H85O13PNa
+
C37H76N2O6P+

SM d18:1/18:0

[M+H]

+

C41H84N2O6P+

1.67

0.0003

3.07

731.6051

731.6067

2.2

[M+H]

+

C41H82N2O6P+

1.73

0.0003

3.06

729.5897

729.5911

1.9

[M+H]

+

C45H92N2O6P+

1.91

0.0003

3.05

787.6658

787.6693

4.4

[M+H]

+

C45H90N2O6P+

1.88

0.0003

3.04

785.6516

785.6537

2.7

[M+H]

+

C47H96N2O6P+

2.38

0.0003

3.04

815.6967

815.7006

4.8

[M+H]

+

C47H94N2O6P+

1.69

0.0003

3.03

813.6824

813.6850

3.2

C12H22O11Na+

3.22

0.03

5.47

365.1059

365.1060

1.6

SM d18:1/18:1
SM d18:1/22:0
SM d18:1/22:1
SM d18:1/24:0
SM d18:1/24:1
Lactose

[M+Na]

+

7 days before calving
Free carnitine
Car C2:0
Car C3:0
Car C4:0
Car C5:0
Car C16:0
Car C18:0
Car C18:1

[M+H]

+

C7H16NO3+

3.37

0.0004

3.37

162.1133

162.1130

1.9

[M+H]

+

C9H18NO4+

2.84

0.003

2.64

204.1238

204.1236

1.0

[M+H]

+

C10H20NO4+

3.93

0.01

2.55

218.1394

218.1394

0.9

[M+H]

+

C11H22NO4+

3.49

0.0004

2.47

232.1551

232.1549

0.9

[M+H]

+

C12H24NO4+

2.68

0.002

2.43

246.1706

246.1705

0.4

[M+H]

+

C23H46NO4+

5.08

0.0004

1.93

400.3419

400.3427

2.0

[M+H]

+

C25H50NO4+

4.86

0.0004

1.91

428.3732

428.3740

1.9

[M+H]

+

C25H48NO4+
C6H13N3O3Na
+
C5H10N2O3Na
+
C5H10NO4+

6.53

0.0006

1.92

426.3578

426.3583

1.2

1.63

0.0004

5.11

198.0856

198.0855

0.5

1.79

0.02

4.98

169.0591

169.0589

1.2

1.54

0.01

4.73

148.0613

148.0610

2.0

C6H10N3O2+

2.00

0.0004

5.84

156.0776

156.0773

1.9

C6H9N3O2Na+

1.60

0.002

5.84

178.0595

178.0592

1.7

+

Citrulline

[M+Na]

Glutamine

[M+Na]+

Glutamate

[M+H]+

Histidine
Histidine

[M+H]

+

[M+Na]

+
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Phenylalanine
Proline
Threonine
Tryptophan
Tyrosine
Asymetric
dimethylarginine
Asymetric
dimethylarginine
Creatine
Creatine
Creatinine
Hippuric acid
Kynurenine
Methionine
Sulfoxide
Methyl-histidine
5-oxoproline
Taurine
Taurine
Trimethyl-lysine
(TML)
Niacineamide
Betaine
Choline
Methylethanolami
ne phosphate
Phosphorylcholine
Cholesteryl
acetate
LysoPC 14:0
lysoPC 16:0
lysoPC 16:1
LysoPC 22:5
PC 16:0/18:2
PC 16:0/18:3
PC 16:0/20:4
PC 18:0/18:1
PC 18:0/20:4
PC 18:1/20:4
PC 18:0/22:6
PC 20:0/20:5

[M+H]+

C9H12NO2+

1.82

0.0004

3.79

166.0872

166.0868

2.4

[M+H]

+

C5H10NO2+

2.17

0.0004

4.40

116.0715

116.0712

2.6

[M+H]

+

C4H10NO3+

1.60

0.002

4.73

120.0665

120.0661

3.3

[M+H]

+

C11H13N2O2+

1.68

0.01

3.81

205.0980

205.0977

1.5

[M+H]

+

C9H12NO3+

1.77

0.002

4.34

182.0820

182.0817

3.8

[M+H]+

C8H19N4O2+

2.05

0.0004

5.28

203.1509

203.1508

0.5

[M+Na]+

C8H18N4O2Na
+
C4H10N3O2+

1.61

0.01

5.29

225.1324

225.1327

1.3

1.67

0.007

4.38

132.0777

132.0773

3.0

[M+H]+
[M+Na]

+

C4H9N3O2Na+

1.90

0.002

4.38

154.0595

154.0592

1.9

[M+Na]

+

C4H7N3ONa+

1.80

0.002

4.30

136.0490

136.0487

2.2

[M+H]

+

C9H10NO3+

2.00

0.0006

2.02

180.0665

180.0661

2.2

[M+H]

+

C10H13N2O3+
C5H11NO3SNa
+
C7H12N3O2+

2.13

0.01

3.88

209.0927

209.0926

0.5

1.85

0.01

5.05

188.036

188.0357

1.6

2.59

0.0004

5.55

170.0932

170.0930

1.2

[M+H]

+

C5H8NO3+

2.16

0.0006

2.57

130.0509

130.0504

3.8

[M+H]

+

C2H8NO3S+

1.8

0.0004

4.51
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Figure DS1: Low energy extracted ion precursor ion chromatograms of different fatty acids
with different degree of saturation in negative ion mode.

