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Lipidomics, the comprehensive measurement of lipids within a biological system 

or substrate, is an emerging field with significant potential for improving clinical 

diagnosis and our understanding of health and disease. The clinical utility of lipidomics 

is derived from the diverse biological roles of lipids. This diversity in lipid function is 

enabled by the diversity of lipid structures and the wide dynamic range of lipid 

concentrations, thus making the execution of lipidomic experiments analytically 

challenging. Advances in ultra-high performance liquid chromatography and high 

resolution tandem mass spectrometry (UHPLC-HRMS/MS) enable the acquisition of 

data covering a large portion of the lipidome in a single experiment.  

Data processing tools for mining this information have only recently emerged, 

and strategies are still needed to more accurately and comprehensively annotate and 

quantify lipid ions from UHPLC-HRMS/MS data. Therefore, we developed a suite of 

open source lipidomics software tools and novel strategies which cover the majority of 

the lipidomics workflow, including: increasing lipid fragmentation coverage, improving 

peak picking, removing background ions, combining redundant ion information, 
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annotating lipid species, and quantifying lipid species using class specific lipid 

standards.  

For improved lipid coverage, we introduce LipidMatch, a lipid identification 

software leveraging the largest open source in-silico fragmentation library. LipidMatch 

covers over 250,000 lipid species, spanning over 56 lipid types. To further increase lipid 

coverage, we employ an R script tool (termed iterative exclusion) for generating 

exclusion lists from ions selected for fragmentation in previous injections, resulting in 69 

% more lipid identifications in positive mode analysis of human plasma. For improved 

data-quality, we developed a tool based on an algorithm for removing peaks present in 

extraction blanks, and a unique peak picking strategy using MZmine which reduced the 

residual standard deviation between samples. For automated relative quantification of 

the lipidome, we developed another tool LipidMatch Quant, which matches standards to 

analytes based on lipid class, adduct, and retention time; hence accounting for both lipid 

structural and regional chromatographic effects on ionization efficiency.  

Through increased lipid coverage and more accurate measurements, these tools 

can increase the probability of lipid biomarker discovery and understanding disease 

etiology. Parameters for each tool allow the user to optimize and tailor tools depending 

on the vendor, instrument, and experimental design employed. Since each of these is 

built as a separate modular tool, users can integrate them into other lipidomics software 

packages to design a workflow based on their expertise, application, finances, and 

instrumentation. Finally, we have integrated the tools into a single software application, 

LipidMatch Flow, which has been designed to cover all steps of the data-processing 

workflow up to lipid annotation for more robust and rapid analysis.
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CHAPTER 1 
INTRODUCTION 

Lipidomics, an Overview 

A comprehensive study of biomolecules and biopolymers, such as metabolites 

and proteins, can be useful in answering key biological questions, including questions 

regarding the mechanism of a disease. While genomics and transcriptomics generally 

describe the cellular machinery in terms of “what could happen”, metabolites, which are 

the small molecules generated through metabolism, are the most direct measure of 

“what is happening” as they relate directly to the phenotype.[1] Metabolomic studies are 

based on the concept that global analyses of metabolites represent the physiological 

state of an organism at a given point in time and that the metabolite fluxes are sensitive 

to cellular change.[2] Metabolites that are up or down-regulated can be used directly as 

biomarkers for disease or exposure; additionally, they can be used to understand the 

influence of disease on biological pathways.[3] One key subset of metabolites are lipids, 

which are either hydrophobic or amphiphilic molecules. Lipidomics is a sub-division of 

metabolomics. Lipids are ubiquitous and play essential and diverse biological roles in 

nearly all organisms, which makes them likely candidates for biomarkers and 

understanding disease etiology. 

The roles of lipids in biological systems include membrane structure and 

function[4], modulators of immune system function[5], energy storage[6], signaling[7–9], 

as targets of oxidation[10], alveoli functioning[11], and water retention in the skin[12] 

and eyes[13]. Therefore, lipids are likely biomarkers in omics analyses due to their 

integration in multiple biological pathways and ubiquity across virtually all organisms 

and biological substrates. For example, possible lipid biomarkers have been discovered 
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in cardiovascular disease[14], chronic kidney disease[15], eating patterns, specific 

cancers[16], and as general markers for oxidative damage[10, 17].  

In order to serve numerous biological roles, lipid structures are highly diverse 

[18]. Recently, biomedical-related international initiatives have begun to establish 

databases to organize and document the diversity of lipids, including Japan’s LipidBank 

founded in 1989 [19], Lipid Metabolites and Pathways Strategy (LIPID MAPS) in the 

USA founded in 2003 [20, 21], and the European Lipidomics Initiative: shaping the life 

sciences (ELIFE) founded in 2004 [22]. One of the major lipid databases, LipidMaps, 

contains over 45,000 lipids (both computer simulated and experimentally confirmed) 

[23, 24]. However, these databases only begin to scratch the surface of the lipidome 

diversity. The lipidome – the entire collection of individual lipid species in cells,  tissues, 

or biofluids – has been estimated to be composed of 1,000 to more than 180,000 

molecular lipid species [25, 26], but many of these species are likely very low in 

abundance or have not been observed [27]. Furthermore, these calculations and 

experimental measurements do not take into account all possible double bond 

positions, backbone substitutions, and stereochemistry [25]. As a result, when all subtle 

structural differences are accounted for, several million potential lipids are possible. It is 

therefore not surprising that a significant portion of the human genome is devoted to 

synthesize, metabolize and regulate this lipid diversity [28]. 

The diversity of common fatty acids (FAs) and their potential arrangement on the 

backbone gives rise to an enormous array of lipid structures (see Figure 1-1 for 

phospholipids). For example, triglycerides (TGs) contain 3 fatty acyl constituents 

attached to a glycerol backbone and with 38 experimentally verified fatty acyl 
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constituents, 9,880 TG structures can be proposed without accounting for positional 

isomers or differences in double bond location. This calculation is a combination (order 

does not matter, because sn position is unknown) with repetition, shown in Equation 1-

1, where n is the number of possible fatty acids and r is the number fatty acyl chains on 

a specific lipid (3 in the case of triglycerides).  

 
𝐿𝑖𝑝𝑖𝑑 𝑆𝑝𝑒𝑐𝑖𝑒𝑠 =

(𝑛 + 𝑟 − 1)!

𝑟! (𝑛 − 1)!
 

(1-1) 

 

Each lipid is characterized by the specific backbone and corresponding fatty acyl 

constituents, for example PC(16:0/18:1(9Z)), can be read as a phosphatidylcholine (PC) 

head group (PO4-CH2CH2N(CH3)3), and two fatty acyl constituents attached, one with 

16 carbons and no double bonds (16:0) in the sn1 position and the other with 18 

carbons and one cis-double bond on the 9th carbon from the backbone (18:1(9Z)) in the 

sn2 position. A generalized structure for phospholipids is shown in Figure 1-1.  

The structural diversity of lipids poses a challenging analytical problem for 

lipidomics analyses.  For example, both identification and quantification in metabolomics 

is routinely done with labeled external or internal standards for each metabolite of 

interest. However, in lipidomics, internal standards have not yet been synthesized to 

cover even a small portion of the lipidome and purchasing the diverse species that are 

available can be prohibitively expensive. Another challenge is the separation of 

numerous lipids with only subtle differences in chemical and physical properties. The 

separation and unique characterization of these molecules is also important for 

identification and quantification. Therefore, lipid diversity and lack of standards poses a 

unique challenge to comprehensively and accurately measuring lipids.  
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Lipidomics Workflow 

Each step in the lipidomics workflow influences the coverage and accuracy of 

lipid measurements. The lipidomics workflow consists of four major steps, which are 

sample preparation, data acquisition, data processing, and statistics/interpretation 

(Figure 1-2).  

Sample Preparation 

Sample preparation consists of the following stages: sample collection, storage, 

homogenization, and extraction. During these steps, a major factor influencing the 

accuracy of measurements is sample degradation due to physical factors such as 

oxidation during exposure to light and air [29] and biological factors such as enzymatic 

biotransformation [30]. Therefore, enzyme inhibitors,[30] oxidation inhibitors, [31] heat 

treatment,[32]  sample preparation and storage under cryogenic temperatures, and/or 

other techniques for stabilizing the lipidome are necessary; however, these techniques 

are not often used.  

Sample extraction can also influence the physical and enzymatic transformations 

of lipids. For example, extractions which are highly acidic or alkaline can induce the 

hydrolysis of lipids,[33] and primary alcohols such as methanol and ethanol can form 

methylated and ethylated glycerophospholipids in the presence of phospholipase D [34]. 

Additionally, because lipids can range from acidic to neutral, zwitterionic to uncharged, 

and polar to relatively non-polar, the extraction conditions and solvents may 

preferentially extract certain lipid classes or species over others.[33, 35–37]  

The Bligh-Dyer [38] and Folch extraction procedures [39] are among the most 

common extraction procedures used in lipidomics, and while multiple comparisons of 

lipid extraction methods have been made, the benefits of each extraction procedure is 
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often sample dependent.[33, 35–37] Both Bligh-Dyer and Folch extractions capture a 

majority of the lipidome, with Folch extractions having higher extraction efficiencies, but 

using more solvent and being slightly more time-intensive. For Bligh-Dyer and Folch 

extractions, highly acidic or highly polar lipids such as phosphatidic acid (PA) and fatty 

acids, respectively, are often not extracted in high enough concentrations for detection. 

For PA and other lipids, which are not easily driven into the organic phase, salts such as 

NaCl can be used to drive the lipids into the organic layer.[40] However, the use of 

these salts can reduce ion signals through competitive adduct formation. For fatty acids 

either derivatization and analysis by GC-MS or analysis of polar fractions in LC-MS are 

often used.[41] Therefore, the Bligh–Dyer extraction protocol (1:2, v:v, 

chloroform:methanol) and Folch extraction protocol (8:4:3, v:v, 

chloroform:methanol:water) were used in this work. 

Data Acquisition: Reverse-Phase Liquid Chromatography 

The second step of the lipidomics workflow is data acquisition (Figure 1-2). As 

with extraction, the choice of column, elution gradient, mobile phase solvents, and 

mobile phase additives can drastically alter the coverage of the lipidome and the 

amount of information obtained for each lipid species. For example, reverse phase 

chromatography is the most commonly employed technique for lipidomics. Reverse 

phase chromatography's popularity in lipidomics stems from its ability to retain analytes 

according to non-polar interactions with the stationary phase, enabling the separation of 

analytes by polarity. Therefore, lipid species can be separated by lipid class, fatty acyl 

constituents, and even regioisomers.[42] On the contrary, more polar lipids such as fatty 

acids are not retained as well in reverse phase chromatography, and hence methods 

such as normal phase chromatography [43] or hydrophilic interaction chromatography 
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(HILIC) [44] are often used. While reverse phase and normal phase chromatography 

can separate out lipids with different fatty acyl constituents, techniques such as HILIC 

separate lipids out by lipid class. Therefore, quantification by lipid class is simplified in 

HILIC, at the expense of identification and quantification of lipids at the molecular level. 

When molecular species information is desired, HILIC can be placed in tandem with ion 

mobility (IM), which separates ions by their collision cross section, a property that is 

characteristic of ions size, shape, and charge for given experimental conditions.[45] In 

this work reverse phase chromatography using a C18 column was employed, because it 

is able to separate most lipid species (as compared to other chromatographic 

techniques) under short chromatographic runs.  

Another important factor for determining the lipid coverage in a lipidomics 

workflow is the choice of additives and mobile phase conditions, which in turn affect 

which lipids will ionize in electrospray ionization (ESI). For example, most polar lipids 

readily form positively charged protonated ions, and negatively charged deprotonated 

ions, depending on the ESI polarity. Neutral lipids often do not form protonated ions at 

high efficiencies, and will best be observed with the addition of cations (lithium) or as 

ammoniated ions with the addition of ammonium salts to the mobile phase. In addition, 

lipids such as phosphatidylcholine and many sphingolipids do not form deprotonated 

ions easily, but form acetate, formate, and chlorinated adducts readily.[46] In this work, 

ammonium formate was added as a buffer to control pH and to form ammonium or 

formate adducts for species which are not readily protonated or deprotonated.  

Data Acquisition: Volatizing and Ionizing Lipids with Electrospray 

One of the most important aspects of mass spectrometry is the ionization source, 

which determines which ions will and will not be observed. The parameters and choice 
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of the ionization source impact linear range of detection, sensitivity, and other important 

factors. Ionization sources which can ionize and volatilize neutral relatively high 

molecular mass compounds are necessary in LC-MS analysis of lipids. In the 1970s 

and 1980s UV-detection with reverse phase chromatography was used for lipid 

analysis, because an ionization source conducive to lipid analysis lipid analysis was not 

widely available [42]. It was not until the late 1980s, with the advent of electrospray 

ionization (ESI) and atmospheric pressure chemical ionization (APCI), that lipids could 

be analyzed by mass spectrometry. Mass spectrometry has become the predominant 

technique for lipidomics because of its ability to detect low abundant species (high 

sensitivity), to quantify lipids (proportional signal, with minimal variance across classes 

compared to UV), and to assign specific structures to co-eluting isobaric species (high 

specificity due to using exact mass and collision-induced fragmentation) [47].  

Three major techniques are currently used as ion sources for lipidomics: 

atmospheric pressure photoionization (APPI), atmospheric pressure chemical ionization 

(APCI), and electrospray ionization (ESI). ESI is the ionization source employed in this 

work, and has a higher sensitivity for many lipid compounds in comparison to APCI and 

APPI when using chemical modifiers such as ammonium formate [48, 49]; however, 

significantly lower linear dynamic range and correlation coefficients for calibration 

curves have been found in ESI LC-MS of fatty acid and glycerol species [48].  

Chech and Enke [50] provide an in-depth review of the mechanics and 

consequences of ESI fundamentals. Briefly, a negative or positive high voltage (2-5 kV) 

is applied to a capillary containing a dilute solution moving at a slow flow rate (0.1-10 

µL/min for high performance systems). The charge partitioning produced by this electric-
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field generates a Taylor cone where liquid protrudes from the capillary tip. Once the 

Rayleigh limit is reached where the surface tension of the liquid is overcome by the 

columbic repulsion of the high density of charges, the droplet disintegrates into smaller 

droplets, which are directed to the capillary sampling orifice of the mass spectrometer 

by ion lenses after the capillary and electrical gradients. As the smaller droplets 

evaporate rapidly at atmospheric pressure within the source, ions are formed.  

The exact mechanism of ion formation is unknown, although several theories 

exist including charge residue [51], ion evaporation [52], or chain ejection [52]. Evidence 

exists showing that for large molecules, such as proteins, ions are predominantly 

formed by the charge residue mechanism.[53] In the charge residue mechanism, 

droplets continue to undergo fission as an effect of the Rayleigh limit being reached, 

until a single charged molecule or no molecules exist in each droplet. Continued 

evaporation leads to single ions in the gas phase. For proteins chain ejection is another 

mechanism shown for extended or unfolded conformations. In this mechanism, the 

protein migrates towards the droplet surface due to hydrophobic groups on the protein, 

and a terminus gets expelled into the vapor phase, followed step-wise by the remainder 

of the protein.[54]  

For small molecules, evidence supports that ion formation is predominantly by 

ion evaporation.[53] Therefore for lipids, which are relatively small molecules, the 

ionization mechanism is most likely via ion evaporation. In ion evaporation, the field 

strength at the surface of the droplet becomes strong enough to eject ions after 

evaporation increases charge density at the surface of the droplet. Lipids have a higher 

propensity for ejection via ion evaporation than other metabolites, because they are 
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relatively non-polar, and hence accumulate at the surface of droplets between the air-

droplet interface.[55] The ionization efficiency, which is the number of ions produced in 

proportion to the number of molecules introduced to the ESI source, can drastically 

differ for different lipid species and the concentration of lipids. One can imagine that at 

high concentrations certain lipids may out-compete other lipids for migration to the air-

droplet interface, depending on the lipid structure. Additionally, lipids readily form 

aggregates and micelles in solution phase, especially for non-polar lipid species.[56] 

These aggregates will less readily be ejected from the droplets via ion evaporation, 

hence decreasing ionization efficiency of the ions involved in aggregate formation.  

Aggregate formation can have a significant impact on accurate quantification and 

sensitivity of various methods (see the section titled: Processing of LC-HRMS/MS data). 

For example, increasing concentration of lipid samples will increase overall signal 

intensity, but will lead to aggregate formation dependent on fatty acyl constituents and 

lipid class.[56] Therefore, the degree of ionization for each lipid species can differ, and 

despite this variation, internal standards do not exist to correlate ion signal to 

concentration for most species observed. In addition, the concentration of lipids within 

ESI droplets depends on the chromatographic region of elution, and hence aggregate 

formation will depend on the concentrations of coeluting lipids. Therefore ionization 

efficiency based on aggregate formation is difficult to predict in LC-MS, as aggregate 

formation may be controlled by coeluting lipids and additional factors other than a 

specific lipid species structure and concentration.  

A heated electrospray ionization (HESI II) probe was used as the ion source in 

this work. HESI II provides higher auxiliary gas flows and temperatures than traditional 
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ESI due to the absence of a heat exchanger. The heated capillary aids in solvent 

declustering and removal of neutrals through a higher energy and more frequent 

collisions. Hence, less solvent clusters with analytes of interest are observed, which 

simplifies spectra, and ionization efficiencies may be increased.[55] 

Data Acquisition: Orbitrap Mass Spectrometers for Lipidomics 

While the lipidomics community is moving towards the use of high resolution 

mass spectrometers for lipidomics, as employed in this work, traditionally ESI has been 

used in tandem with triple quadrupole mass spectrometers for untargeted and targeted 

studies of the lipidome. This technique is still used due to its high sensitivity and 

relatively high specificity for targeted studies. Scanning modes and considerations for 

lipidomics employing triple quadrupoles are reviewed in Han et al. [57].  

The complexity of the lipidome and multiple arrangements of the same 

constituent building blocks to form different lipids leads to a high degree of overlap both 

in fragmentation and precursor ion mass-to-charge (m/z) values for differing lipid 

species. This difficulty imposed by the overlap of fragment and precursor ions is 

exacerbated by the low resolution obtained by triple quadrupole instruments. The 

advent of high-resolution hybrid mass spectrometers (e.g., time of flight and orbitrap 

mass spectrometers [58, 59]), has allowed for enhanced lipid identification and 

structural annotation, when compared to unit resolution mass spectrometers because of 

improved specificity, sensitivity, and reproducibility [60, 61]. High mass accuracy (often 

sub-ppm) can reduce the list of possible molecular formulas by providing the isotopic 

structure detail of precursor lipid ions. The addition of resolved isobaric fragment ions 

reduces false positive and negative molecular identities [62]. The advantages of high-
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resolution mass spectrometry for accurately annotating lipids have led to its increased 

use in lipidomics. 

Fourier-transform ion cyclotron resonance (FT-ICR) mass spectrometers provide 

the highest resolution of mass spectrometers used for lipidomics. Introduced in 1974, 

FT-ICR mass spectrometers are expensive and have a large footprint, due to the use of 

a large magnet. For example, systems with 7 Tesla and 12 Tesla magnets cost about 

$800,000 and $2,000,000 dollars respectively, and weigh on the order of tens of 

tons.[63] Orbitrap mass spectrometers provide the second highest level of resolution, 

and under the same scan speeds can provide the same resolutions as 7 Tesla FT-ICR 

instruments at a lower cost and significantly smaller footprint. Orbitrap mass 

spectrometers have the unique characteristic that the mass resolution scales inversely 

to the size of the detector (for reasons described in the section titled: Measuring high-

resolution with orbitrap mass spectrometers), which is contrary to time-of-flight 

instruments where resolution is proportional to ion flight path (often achieved though 

increasing the length of the flight tube) and FT ICR instruments where resolution is 

proportional to the strength of the magnet (often increased by increasing the size of the 

magnet). Therefore, to achieve resolution of 240,000 at a 786 ms transient for m/z 400, 

an orbitrap with inner dimensions of  20 mm is used, as apposed to the multi-ton 12 

tesla FT ICR acquiring data at the same transient with magnitude-mode spectra 

obtaining a resolution of 170,000 [64].  

Due to the small size of the orbitrap, the actual resource cost to manufacture 

orbitrap mass spectrometers is low compared to that of time of flight and FT ICR 

instruments. As demand increases and technologies improve, it can be predicted that 
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instruments containing orbitrap detectors will decrease in price at the same time as 

there is an increase in performance.  

Overcoming the difficulty of using ESI with orbitrap mass spectrometers 

The components of a Q Exactive used in this work are shown in Figure 1-3, 

which can be referenced for all lenses, ion transmission elements, and detectors 

mentioned hereafter. From atmospheric pressure in the ion max housing, a rotary vane 

pump establishes mbar pressure, followed by two turbo pumps, with a final pressure 

less than 8x10-8 mbar in the orbitrap. Low pressures allow for higher ion transmission 

efficiencies and longer mean free paths. Therefore, ion dynamics measurements, based 

on fundamentals such as mass-to-charge ratios (m/z), are not perturbed by collisions. 

The bent 90º flatapole decreases the number of neutral molecules entering the 

instrument further reducing noise and improving sensitivity.  

Initially, orbitraps were considered unsuitable for continual sources such as ESI 

due to the necessity of injecting short (less than one µs) ion packets for high resolution 

analysis. In 2003, Hardman and Makarov proved that ion traps could be used for the 

collection and injection of these tight ion packets, developing an interface between 

orbitrap analyzers and ESI sources.[65] A curved RF only linear trap quadrupole (C-

Trap) is applied in the Q Exactive [59], which uses N2 or other cooling gases to reduce 

ion kinetic energies and collect ions in a thin thread, confined axially by applying 200 V 

to both the split lens (lens 7) and C-Trap entrance lens (lens 8). The C-Trap can also be 

used for automated gain control (AGC), where ions are accumulated in the C-Trap until 

a certain user defined intensity is obtained (or until a user defined time is reached), after 

which, ions are ejected into the orbitrap.  For AGC, the image current in the orbitrap is 

used to predict the number of ions in the C-Trap. Since the ion flux can drastically 



 

35 

change across a chromatographic run, this prediction of ion flux to the C-Trap is 

enabled by implementing rapid microscans to the orbitrap. The occurrence of these 

microscans is not visible to the user and is automatically triggered in the Q-Exactive 

when there is a dramatic change in ion flux across time.  

By controlling the number of ions sent to the detector using AGC, the signal for 

trace ions can be increased by increasing trapping times. Likewise, the signal for highly 

abundant ions can be reduced, by decreasing trapping times. Reducing the number of 

ions entering the orbitrap limits signal saturation and drift in resolution due to ion 

coalescence, where ions close in mass lock phases (axial frequency) [66]. A high 

deflection voltage on the split lens (lens 6) is used as a “binary switch” controlling ion 

transmission into the C-Trap. Therefore, a precise start and end injection time (IT) into 

the C-Trap is obtained. Ions are either ejected from the C-Trap to the orbitrap once the 

AGC is reached, or once the maximum IT is reached.  

Measuring high-resolution with orbitrap mass spectrometers 

Using an offset Z lens (lens 9) to remove carrier gas, the ions are ejected into the 

orbitrap with a time of flight (tinj) between the C-Trap and the orbitrap governed by 

Equation 1-2 [67], where Leff is the effective length of the flight path. Hence the arrival of 

ion packets is proportional to the square root of the m/z, and ions with lower m/z arrive 

before ions with higher m/z.  

 
𝑡𝑖𝑛𝑗 =

𝐿𝑒𝑓𝑓

√
2𝑒𝑉
𝑚/𝑧

 
(1-2) 

 

As ion packets are injected into the orbitrap, the electrical field of the inner 

electrode is ramped up, ions are pulled closer to the inner electrode, and the ions begin 
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to oscillate around the inner electrode. Once the ramping voltage is stabilized, the ions 

reach equilibrium between their centrifugal force of rotation around the inner electrode 

(inertia) and the DC potential of the inner electrode (centripetal force). These 

oscillations are similar to how planets circulate the sun, where the centripetal force in 

the case of planets is gravity. By balancing centripetal and centrifugal force, a simplified 

characterization of the radius of the ion motion around the inner electrode (rm) can be 

described as in Equation 1-3, where eV is the ions’ kinetic energy and eE is the inward 

force of the electric field on the ion. [68]  

 
𝑟𝑚 =

2𝑒𝑉

𝑒𝐸
 

(1-3) 

 

Based on Equation 1-3, the radius of the ion path is independent of m/z and 

cannot be used to measure m/z directly. Radial ion motion is therefore not important for 

measuring m/z, but it is important for trapping ions in thin circular bands surrounding the 

inner electrode. With a sector instrument, which is technically a kinetic energy analyzer, 

the kinetic energy and radial component of the electric field must be matched to control 

the trajectory of the ion packet through the sector. Similarly, if the kinetic energy and the 

radial component of the electrical field are not matched in an orbitrap, then ions will not 

follow narrow circular trajectories around the inner electrode and will either collide with 

the electrode or form broad discs after ion motions are averaged.  

In addition to the radial distance, the radial oscillations cannot be used to 

measure m/z to a high degree of accuracy because the oscillations depend on the 

velocity and initial radius of the ion trajectories. Because ion packets entering the 

orbitrap from the C-Trap consists of ions with varying velocities, their frequencies differ, 
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and the ion packets quickly form a circular distribution of ions around the electrode. 

Therefore, one of the hallmarks of the orbitrap, is to measure resolution using axial 

oscillations in the horizontal direction (Figure 1-3).  

The orbitrap consists of two outer electrodes, shaped like "cups" facing each 

other, and an inner spindle-shaped electrode. These electrodes form a 

quadrologarithmic electric field described in Equation 1-4, where r and z are the 

cylindrical coordinates, k is the field curvature, Rm is the characteristic radius, and C is a 

constant. While axial oscillations could theoretically be induced by applying excitation 

from either of the outer electrodes, ions are injected off axis (Figure 1-3), and due to the 

shape of the shape of the quadrologarithmic electric field described in Equation 1-4 [68], 

ion packets automatically begin oscillating axially without any additional force. One of 

the advantages of off axis injection versus injecting ions to the equator of the orbitrap 

(center of the orbitrap) and applying excitation, is that in the absence of excitation, 

detection can start almost immediately, without waiting for the electronics to stabilize. 
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 (1-4) 

 

When injected off axis, the initial force is from ions moving from areas with 

smaller distance between the inner and outer electrodes to the equator of the orbitrap, 

where the greatest distance between the inner and outer electrodes occurs. Thereafter, 

ions experience a restorative force at the opposite end of the orbitrap as the ions 

continue their axial trajectory. Hence, without any dampening of oscillations due to the 

low pressures of the orbitrap (less than 8 x 10-8 mbar), oscillations take the form of a 

harmonic oscillator, with the frequency of oscillations, 𝜔𝑧, described in Equation 1-5, 
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where k is the field curvature.[69] The axial frequency, 𝜔𝑧, is experimentally determined 

by measuring an image current in the time domain, which is rapidly converted to the 

frequency domain using the Fast Fourier Transform (FFT) algorithm.[67] 

 

𝜔𝑧 = √
𝑘

𝑚/𝑧
 

 (1-5 

 

Because the orbitrap mass spectrometer directly measures m/z using FFT of 

axial oscillations, which are independent of ion energies and spatial distribution, and the 

electrical field can be tightly controlled in the orbitrap geometry, masses can be 

measured with very high accuracy and resolution. The resolving power is a function of 

the smallest m/z difference between two ions in which the peaks can be deconvoluted. 

Since resolving power is directly correlated to the number of axial oscillations, we can 

derive Equation 1-6 from Equation 1-5, where t is scanning time. Therefore, resolution is 

inversely proportional to the square root of m/z, meaning that higher mass ions are 

measured at lower resolution and resolution is directly proportional to the scanning time 

within the orbitrap. Following the same logic, resolution is inversely proportional to the 

period of oscillations, and hence shortening the period of oscillations can increase the 

resolution even at the same acquisition rates (scan time).  Therefore, resolutions of a 

million have been achieved by reducing the size of the orbitrap.[70] However, with a 

fixed sized orbitrap, methodologies are limited to an optimization between the number of 

scanning events which can happen over a chromatographic peak and the level of mass 

resolution desired. 
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 (1-6) 

 

Scanning functions for obtaining fragmentation data 

Fragmentation gives both fatty acid moiety information and lipid class 

information, as neutral losses or fragment ions are often produced at the linkages 

between the backbone and constituents, for example at the sn1, sn2, and sn3 ester 

linkages in Figure 1-1. Systematic querying of this fragmentation data can be used for 

untargeted studies, increasing identifications of unknown or unexpected species. The 

scanning functions used for obtaining fragmentation data control both the accuracy and 

number of lipid identifications. For example, due to resolution being proportional to 

scanning time, only a limited number of ions can be isolated and fragmented across a 

chromatographic peak. Hence, a number of ions will not have fragmentation data, and 

cannot be identified. Therefore, novel strategies are needed for acquisition of 

fragmentation data.  

To obtain fragmentation data, ions can first be isolated to a minimum of a 0.4 

amu width using the Q-Exactive quadrupole.[71] Targeted lists or data-dependent 

acquisition (DDA) modes can be used to program ion isolation. Alternatively, all ions 

can be simultaneously sent through the quadrupole for fragmentation, which is termed 

All Ion Fragmentation (AIF). Fragmentation occurs in an octapole trap via higher energy 

induced collisional dissociation (HCD), which produces fragmentation similar to that in a 

triple quadrupole instrument, giving low mass ions and full-fragment-mass-range 

acquisition.[72] Contrary to the name, HCD fragmentation energies are similar to those 

in collision-induced dissociation (CID). The "higher energy" in HCD refers to the higher 
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RF field used to trap fragment ions as compared to CID experiments. Users define the 

normalized collision energy (NCE), which is normalized to the isolation center as the 

energy required for fragmentation generally scales proportionally with m/z.[73] The NCE 

can be stepped between 3 incrementing values for a single orbitrap scan. Fragmenting 

ions with stepped collision energies has the advantage of providing a larger number of 

fragments, which in turn can lead to more confident lipid identification.   

In data-dependent top-n (ddMS2-topn), the top-n most intense peaks in full 

spectrum acquisition are selected and fragmented. Scanning events of ddMS2-top10 

are shown in Figure 1-4, as well as scanning events for AIF. For ddMS2-topn, additional 

parameters include loop count (top-n), underfill ratio, apex trigger, exclude isotopes, and 

dynamic exclusion. The underfill ratio sets an intensity threshold based on the AGC 

target. Any ions falling below this threshold will not be selected for fragmentation by 

tandem mass spectrometry (MS/MS), and therefore in a top-n experiment, often not all 

top-n ions will be selected and fragmented. The apex trigger sets a lag time between 

the observation of a peak and isolation for fragmentation in order to isolate ions at the 

apex of the chromatographic peak and obtain maximum ion intensity. Dynamic 

exclusion places ions selected for fragmentation on an exclusion list for a given amount 

of time before they can be selected again for fragmentation, hence increasing the 

number of ions for which MS/MS scans are obtained.  

For AIF, the entire ion population is subjected to fragmentation simultaneously, 

and therefore the number of precursors with fragmentation information is not limited as 

in ddMS2-topn. Identification using AIF is problematic because precursor-fragment 

relationships are lost due to precursors not being isolated in a single Da window. 
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Therefore, fragments could come from any precursor, which increases the chance of 

false positives if only exact mass of fragments are used for identification, and false 

negatives if dot-product identification is used. Deconvolution using chromatographic 

peak shape of precursors and fragments can be used to reconstruct the precursor-

fragment relationship, reducing the number of false positives. Deconvolution can be 

difficult in the case of lipidomics where there is a high degree of exact mass overlap in 

narrow retention time regions both in the precursor and fragmentation space. Therefore, 

because of the overlap in fragmentation from various precursors when acquiring AIF 

data, both dot product, reverse dot product, and deconvolution based identification will 

lead to an increase in false negatives.  

Processing of LC-HRMS/MS Lipidomics Data 

Data-acquisition often contains the most standardized and reproducible steps of 

the lipidomics workflow. However, data-processing of large volumes of mass spectra 

acquired using LC-HRMS/MS is a major bottleneck in the lipidomics workflow for many 

labs. Currently, there is no consensus on which software tools and algorithms are 

optimal for data-processing in lipidomics. This work introduces software tools and 

strategies aimed to cover the entire data-processing workflow. The data-processing 

workflow consists of 3 major steps, which are: feature finding, lipid annotation, and lipid 

quantification (Figure 1-2).  

The first step of the workflow is to detect features, which are molecules or groups 

of molecules with similar polarity and adduct masses. To understand feature finding, it is 

important to understand the LC-HRMS data format. There are 3-dimensions to a full-

scan dataset: mass-to-charge (m/z), retention time, and intensity. An example 3-

dimensional dataset is shown for adipose tissue acquired in positive ion polarity in 
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Figure 1-5. Feature finding in this work only employed full-scan data using MZmine 2.0, 

and hence no MS/MS data is used to align features. The first major step of feature 

finding employed in MZmine 2.0 is chromatogram building. In this step the 3-

dimensional data-set is cut into 2-dimensional slices consisting of retention time and 

intensity (or relative abundance, Figure 1-5). In these slices mass is held constant, and 

hence these slices are termed reconstructed mass chromatograms. The m/z data is 

binned or otherwise m/z values are chosen across the mass range, and a reconstructed 

mass chromatogram exists for each m/z interval.  

After chromatogram building, the reconstructed mass chromatograms are 

deconvoluted (Figure 1-6). This feature identifies and integrates multiple peaks sharing 

the same or similar m/z value within a slice. In this work, a local minimum is used for 

deconvolution, where a peak is found between two local minima in intensity. Variables 

such as minimum ratio of the top of a peak to an edge (the local minimum) can be 

controlled to limit the deconvolution of noise into individual peaks. A list of peaks is then 

obtained with m/z values, retention time values, and intensities (peak areas and peak 

heights). These peak lists can be further filtered by reducing peaks from blanks, 

removing isotope peaks, and combining peaks from multiple adducts of the same 

molecular species. In lipidomics, often the interest is in comparing multiple samples. 

Therefore, peak lists across multiple samples are aligned using a m/z and retention time 

tolerance. Additional factors such as peak shape can also be accounted for during 

alignment. After alignment, often there will be missing peaks for some samples, while 

signal was detected for other samples. Therefore, gap-filling is the final step employed. 

Gap filling lowers the threshold needed to determine a peak and searches for missing 
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peaks across respective samples. Gap-filling is an important step, because assigning 

zeroes to missing peaks can have significant effects on downstream statistical analysis.  

After features are detected and aligned, the MS/MS spectra must also be aligned 

to each feature. As previously described, MS/MS is necessary for lipid identification, 

because lipids have numerous fatty acyl isomers and these isomers can co-elute 

(Figure 1-6). The second and third step of data-processing are lipid annotation using the 

MS/MS data and quantification; these steps are described in detail in Chapter 3 and 

Chapter 4, respectively. The major difficulty with annotation and quantification is the 

lack of internal standards. Only a negligible portion of known lipids are covered by the 

currently available lipid standards due to the diversity of lipid structures. In addition, 

even with currently available lipid standards, routine analysis is limited by the cost 

prohibitive nature of purchasing all available and relevant lipid standards.  

In annotation, the best practice is implementation of retention time and MS/MS 

libraries for each lipid analyte based on data acquired for lipid standards on the same 

instrument and column used for analysis. Because of the lack of internal standards, in-

silico fragmentation libraries, with limited to no retention time criteria, are often used for 

annotation of lipids in untargeted studies. For absolute quantification, matrix matched 

standards which cover the dynamic range of lipid concentrations, would be necessary to 

account for extraction efficiencies, ionization efficiencies, and any effect of data-

processing on quantitative values of each lipid species. While this is commonly 

employed in metabolomics,[74] in lipidomics, because of the lack and cost of lipid 

standards, only relative quantification can be performed. In addition, even using long 

chromatographic separations and high-resolution mass spectrometers, there is still 
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often overlap between lipid isomers (Figure 1-6). Hence, quantified values are often an 

average across multiple lipid species. In untargeted lipidomics, class specific lipid 

internal standards, or multiple lipid internal standards per lipid class, are used to obtain 

relative quantified values for each lipid species. These standards must be exogenous 

(often odd carbon numbers) or isotopically labeled to not overlap with endogenous lipid 

species. For initial clinical applications to determine biomarker candidates or disease 

etiology, where relative changes are of concern, relative quantification is often sufficient 

[75]. Further clinical trials or studies for validation, which require higher confidence in 

lipid identifications and absolute quantification, are likely to be performed as targeted 

analyses with internal standards.  

Biological Interpretation of Lipid Perturbations 

After data-processing, the final, and currently one of the most problematic steps, 

is data interpretation. Currently, the bulk of knowledge on lipid biochemistry has not 

been compiled into easily searchable pathway databases. Furthermore, pathways 

containing lipids often only include lipid class, not fatty acid constituents. However, lipids 

within the same class, containing different fatty acid constituents, can have drastically 

different biological roles.[76–79] Therefore, the interpretation of shifts in lipid 

concentrations often relies on experts. Even this interpretation by experts is limited 

because the specific biological functions for the majority of lipid species detected are 

unknown. Therefore, in most cases, lipidomics provides a wealth of information at the 

level of lipid class and fatty acyl constituents, but only the shifts in lipid class and total 

free fatty acids are used for interpretation. Because the technology allowing lipid 

researchers to obtain and process data with extensive coverage of the lipidome is still 

continuing to emerge, it can be expected that our understanding of lipid biology will 
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continue to grow, and this information will be used to expand lipid pathway databases. 

This rapid expansion of pathway databases, due to introduction of robust low-cost 

measurement techniques, is exemplified in the field of genomics and proteomics.[80] A 

more detailed description of the technical difficulties that must be overcome to achieve 

this increased coverage and accessibility of lipid pathway databases is described in 

Chapter 6: Conclusions and Future Perspectives.  

Dissertation Overview 

Lipidomics requires novel data-acquisition strategies and data-processing 

algorithms to accurately and comprehensively measure the lipidome. While current 

lipidomics papers employing LC-HRMS/MS frequently report hundreds of lipids, there 

are possibly thousands, to even tens of thousands, of lipids within their samples. 

Increasing coverage of the lipidome increases the probability of finding clinical 

biomarkers and determining the etiology of disease. In this dissertation, I introduce a 

number of strategies and software which can improve lipid coverage and the accuracy 

of measurements. The strategies and software introduced here cover the first three 

major steps of the workflow (sample preparation, data acquisition, and data processing) 

as shown in Figure 1-7. Chapter 2 describes a technique termed iterative exclusion, 

which we have automated and applied to lipidomics applications. Using this data-

acquisition technique, we increase the coverage of lipid features which have MS/MS 

fragmentation data, and hence increase annotation of lipid ions up to 2-fold.  

In Chapter 3 I introduce LipidMatch, an open source software which contains in-

silico fragmentation of over 250,000 lipid species, including oxidized lipids. This 

software also enabled identification using AIF, a technique where fragmentation is 

obtained for all ions without selection in a quadrupole. This software both increases the 
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coverage of the lipidome, through increased coverage of lipid MS/MS spectra in the in-

silico libraries, and more accurately annotates lipids based on experimental MS/MS 

data. Often MS/MS data do not provide information regarding fatty acyl constituents, 

fatty acyl position on the backbone, double bond position, or double bond configuration 

(cis versus trans). Therefore, unlike other open source software, LipidMatch uses an 

annotation style which only denotes structural information known based on the MS/MS 

information, and indicates if multiple lipids are identified under a single feature. 

LipidMatch was compared with other open-source software across the same dataset for 

validation.  

After annotation, the next data processing step is quantification. Because 

standards do not exist to cover even a small portion of the lipidome, class 

representative internal standards are used. In Chapter 4, a software is introduced for 

automatically selecting which internal standards to use to quantify each lipid feature. 

The selection of internal standards is based on limiting ion suppression effects and 

differences in ionization efficiencies between lipid structures. The software, LipidMatch 

Quant, was applied to show how different data processing methods can significantly 

affect the resulting concentration calculated.  

The first step in the lipidomics workflow, and often the most overlooked is 

sample-handling and preparation, where enzymatic activity can drastically change the 

lipid profile from the native profile. Therefore, we applied the lipidomics workflow 

discussed in Chapters 2, Chapter 3, and Chapter 4 to determine the differences in lipid 

profiles of invertebrate environmental sentinel species with and without heat treatment. 

The invertebrates were small enough to place into cartridges and apply heat treatment 
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as the mode of euthanization. Evidence is presented that shows that heat treatment 

drastically or completely reduces enzymatic activity.  

This dissertation ends with an outlook of what must be accomplished for 

lipidomics to continue to grow as an important technique in clinical and other scientific 

fields. Future directions for my work including additional software tools and integration 

of all software tools into a single platform are discussed.    
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Figure 1-1. General glycerophospholipid structure showing possible head groups (R) 

attached to the sn3 position, and possible fatty acyl constituents attached to 
the sn1 and sn2 positions. Replacement of the sn3 group with a fatty acid 
moiety gives the structure of a triglyceride (TG), a type of glycerolipid. 
Removal of a fatty acid moiety in the sn1 or sn2 position gives lyso-
phospholipids and lyso-glycerolipids. Note that the R groups, chain lengths, 
and saturations, presented in the figure, are only the most common in 
mammalian systems. A much larger set of head groups, chain lengths, and 
saturations exist. [23, 24, 81] 

 
 
 

 

Figure 1-2. Lipidomics workflow for liquid chromatography high resolution tandem mass 
spectrometry (LC-HRMS/MS)  



 

49 

 
Figure 1-3. Q Exactive schematic adapted from [71]. Lens 1 (S-Lens), lens 2 (S-Lens 

exit lens), lens 3 (inter-flatapole lens or lens L0), lens 4 (lens L1), lens 5 (quad 
exit lens), lens 6 (split lens), lens 7 (C-Trap entrance lens), lens 8 (C-Trap exit 
lens), and lens 9 (Z lens). 
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Figure 1-4. Schematic of scanning events for data-dependent acquisition (DDA) and all 

ion fragmentation acquisition (AIF) mode. A) Scanning sequence for DDA: 
each full scan is followed by 10 subsequent MS/MS scans, B) for MS/MS in 
DDA each ion is isolated in the quadrupole (quad) and fragmented in the 
HCD, before measurement of m/z using the orbitrap. C) In all ion 
fragmentation mode (AIF), scanning events are user defined. In this case, a 
sequence alternating between full scans and AIF scans is shown, and D) in 
AIF, all ions are fragmented without mass selection in the quadrupole. 

 

 
Figure 1-5. Positive ion mode full scan dataset for adipose tissue from Mozambique 

tilapia species. Data acquired in-house using the workflow described in this 
dissertation.  
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Figure 1-6. Deconvolution of chromatographic data for African sharptooth catfish 

species plasma using MZmine for the m/z corresponding to PC(38:6). 
Different colors indicate different peaks which are deconvoluted. Blue 
annotations indicate lipid names based on MS/MS identification for each 
peak. Data acquired in-house.  

 
 
 

 
Figure 1-7. Dissertation chapters arranged within the first three major steps of the 

lipidomics workflow 
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CHAPTER 2 
EXPANDING LIPIDOME COVERAGE USING LC-MS/MS DATA-DEPENDENT 

ACQUISITION WITH AUTOMATED EXCLUSION LIST GENERATION1 

The Case for Iterative Exclusion in Lipidomics Experiments 

Electrospray ionization mass spectrometry (ESI-MS) is the most widely-

employed ionization strategy for lipidomics [82], due to its ability to ionize the diverse 

range of structures and concentrations. However, isomeric species, for example, lipid 

species containing different fatty acid constituents with the same total number of 

carbons and degrees of unsaturation (e.g. PC(16:0_20:1) and PC(18:0_18:1)), cannot 

be separated using ESI-MS alone. If this structural detail is desired, one solution is to 

employ liquid chromatography to separate the isomers for quantification based on 

polarity using reverse phase chromatography, in combination with tandem mass 

spectrometry (MS/MS) to identify the fatty acid constituents based on fragmentation 

patterns. However, this strategy is problematic because in order to deconvolute more 

lipid features for quantification narrower chromatographic peaks are required, thus 

limiting the number of MS/MS scans which can be obtained across the chromatographic 

peaks [83]. Therefore, within lipid-rich retention time and m/z regimes, numerous ions of 

different mass-to-charge ratios will be ionized at the same elution time, but only a few 

can be selected for fragmentation in a single injection. For lipidomic experiments where 

the lipids of interest are unknown, heuristic rules have been developed to fragment ions. 

One approach is to select ions with the highest intensity for fragmentation, commonly 

referred to as data-dependent topN (ddMS2-topN). Due to concentration bias, this 

strategy could miss important less abundant lipid species, such as diglycerides and 
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phosphatidylinositols in plasma, which are both important signal molecule classes [84, 

85].  

A strategy which overcomes the drawback of traditional ddMS2-topN, in terms of 

the limited number of MS/MS spectra acquired at any given retention time, is to 

continuously repeat ddMS2-topN analysis on the same sample, excluding previously 

selected precursors ions in each sequential analysis. Theoretically, iterative repeat 

injections can be used to acquire MS/MS of all precursor ions above background signal, 

providing a substantial wealth of information for identification. A schematic of this 

technique, iterative exclusion (IE), is shown in Figure 2-1. While still uncommon, this 

technique has been applied in the proteomics community. In 2009, Bendall et al. 

designed a proteomics software approach for their strategy termed iterative exclusion – 

mass spectrometry (IE-MS) [86], which excluded all ions in previous runs regardless of 

assignment. Using this technique, Bendall et al. identified 30% more proteins after 5 IE-

MS acquisitions, compared to 5 repetitive traditional data-dependent scans. Rudomin et 

al. [87] were also able to identify 49% more proteins using this strategy. IE has been 

applied to LC/MS approaches with both LTQ-Orbitrap [88] and qTOF platforms [86] and 

has been shown to be advantageous for proteomic applications. Examples employing 

this approach include using IE to study post-translational modifications of proteins [89], 

discover previously unknown human embryonic growth promoters [86], identify genital 

track markers [88], characterize Matrigel marketed as a basement membrane matrix for 

stem cell growth [90], and track pH induced protein changes [91]. In all these 

applications, IE enabled the ability to characterize a greater variety of proteins, including 

trace proteins.  
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While numerous applications have shown the benefit of using IE across platforms 

for proteomics, most omics analyses do not take full advantage of IE. In part, this may 

be due to a lack of a simple software program capable of generating exclusion lists 

automatically as traditionally this is achieved manually. Furthermore, using available 

software, iterative acquisitions cost time and money, thus putting heavy emphasis on 

determining whether additional sample injections for IE are worth added instrument 

time. To this end, we have developed an R script named “IE-omics” for generating 

exclusion lists from open-source formatted data easily converted from various vendor 

formats; as a demonstration, we have applied it to lipidomics. IE-Omics is advantageous 

over the IE-MS script in providing multiple user parameters in a relatively simple 

interface and providing the ability to directly import multiple vendor formats. 

Recently, IE has been adapted to other omics fields, such as in lipidomics and 

metabolomics, as noted in Sandra et al. [92] and Edmands et al. [93], respectively. For 

lipidomics, IE type analyses have been used in direct infusion approaches by increasing 

the duration of dynamic exclusion to the length of the analysis. For example, Nazari and 

Muddiman [94] used gas phase fractionation and dynamic exclusion to increase 

coverage of the lipidome, especially of low abundance species. Schwudke et al. [95] 

emulated precursor and neutral loss scanning using data-dependent analysis with a 

dynamic exclusion and inclusion list based workflow for increasing the lipidome 

coverage. The success of IE type approaches for direct infusion supports the utility of IE 

for LC-MS/MS. While direct infusion allows rapid biomarker discovery, LC-MS/MS has 

been found to be more comprehensive [96].  
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To our knowledge, no research has shown the benefit of applying IE approaches 

to lipidomics versus traditional LC-MS/MS. In addition, no omics studies have compared 

results across different matrices with varying amounts of features. Herein we report the 

use of our user customizable R script for IE to lipid extracts of both Red Cross plasma 

and substantia nigra brain tissue in both positive and negative polarity. The results show 

that due to the spectral density of lipid species in a chromatographic run, especially in 

positive ion mode, a substantial benefit is obtained using IE for LC-MS/MS based 

lipidomics.  

Methods: Lipidomics Workflow Implementing Iterative Exclusion Software 

Chemicals and Materials 

Ammonium acetate and all analytical grade solvents (formic acid, chloroform, 

and methanol) were purchased from Fisher Scientific (Waltham, MA). All mobile phase 

solvents were Fisher Optima LC/MS grade (acetonitrile, isopropanol, and water). For 

Red Cross plasma the following lipid standards were used: triglyceride 

(TG(15:0/15:0/15:0) and TG(17:0/17:0/17:0)) purchased from Sigma-Aldrich (St. Louis, 

MO) and lysophosphatidylcholine (LPC(17:0) and LPC(19:0)), phosphatidylcholine 

(PC(17:0/17:0) and PC(19:0/19:0)), phosphatidylethanolamine (PE(15:0/15:0) and 

PE(17:0/17:0)), phosphatidylserine (PS(14:0/14:0) and PS(17:0/17:0)), and 

phosphatidylglycerol (PG(14:0/14:0) and PG(17:0/17:0)) purchased from Avanti Polar 

Lipids (Alabaster, Alabama). For substantia nigra samples the following standards were 

used:  TG(15:0/15:0/15:0) from Sigma-Aldrich, and PC(19:0/19:0), DG(14:0/14:0), 

SM(d18:1/17:0), Cer(d18:1/17:0), 13C2-cholesterol, PE(15:0/15:0), LPC(19:0), 

PG(14:0/14:0), and PS(14:0/14:0) purchased from Avanti Polar Lipids. All lipid 

standards were diluted prior to analysis in 1:2 (v:v) chloroform:methanol and a working 
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100 mg/L standard mix was then prepared by diluting the stock solution with the same 

solvent mixture. 

Sample Preparation 

Pooled Red Cross human EDTA plasma was purchased from the American Red 

Cross National Testing Laboratories (Detroit, MI) samples were stored at -80˚C. All 

plasma aliquots (40 µL) were thawed on ice prior to extraction.  

Substantia nigra samples were obtained from C57BL/6 mice. The Institutional 

Animal Care and Use Committee (IACUC # 20148382) at the University of Florida 

approved the use of all mice and procedures. The mice were housed with a 12 h light-

12 h dark schedule and were provided food and water ad libitum. Five month old mice 

were anesthetized using isoflurane vapors. The mice were sacrificed and whole brains 

were harvested immediately from the skull and placed on a glass petri dish. A scalpel 

was used to carefully remove the substantia nigra region of the brain. Upon receipt, the 

tissue was placed in a freezer maintained at -80°C for storage. A Bel-Art Mortar (Bel-Art 

Scienceware, Wayne, NJ) was used to pulverize the frozen tissue samples under liquid 

nitrogen. The frozen tissue powder (10-20 mg, in triplicate) was weighed in 

homogenization tubes containing zirconium beads (0.7 mm diameter, BioSpec 

Products, Bartlesville, OK).  

Both Red Cross plasma and frozen substantia nigra tissue powder were 

extracted using the Folch method (2:1, v:v, chloroform:methanol) [39]. Briefly, 5 µL of 

internal standard (IS) mix (100 mg/L) was spiked into the Red Cross blood plasma (40 

µL) on ice (IS info in chemicals and materials). For Red Cross plasma, 160 µL of 

methanol and 320 µL of chloroform was added to all samples. Samples were incubated 

on ice for 30 minutes and centrifuged at 4 ˚C for 5 min at 15000 rpm. To induce phase 
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separation, 150 µL of water was added and samples were incubated on ice for an 

additional 10 min. The organic layer was removed and the aqueous layer was re-

extracted with 250 µL of chloroform:methanol (2:1, v:v).  The organic layers were 

combined, evaporated under nitrogen, and reconstituted in 100 µL of isopropanol (for 

lipidomics). For substantia nigra tissue, the ground tissue was homogenized for 120 

seconds, with 100 µL of methanol and 200 µL of chloroform for every 15 mg of tissue. 5 

µL of internal standard (IS) mix (100 mg/L) was spiked into the chloroform:methanol 

(2:1, v:v) mixture before homogenization. Samples were incubated as for plasma, and 

water was added at a volume of one fourth of the Folch solvent. Substantia nigra was 

re-extracted with 50 µL of methanol and 100 µL of chloroform for every 15 mg of tissue 

and dried down. Substantia nigra samples were reconstituted in 200 µL of isopropanol.  

Data Acquisition 

For both lipidomics analyses, a Dionex Ultimate 3000 RS UHLPC system 

(Thermo Scientific, San Jose, CA) was employed. Ionization was performed with heated 

electrospray ionization probe (HESI II) and mass spectra acquired using a Q-Exactive 

Orbitrap (Thermo Scientific). Source parameters for lipidomics, in positive and negative 

polarity are provide in Table S-3. Samples were maintained at 4ºC in the autosampler. 2 

µL of sample was injected onto a Waters Acquity BEH C18 column (50 mm x 2.1 mm, 

1.7 µm, Waters, Milford, MA) maintained at 30ºC. For negative ion mode, 5 µL of 

sample was injected onto the column and analyzed with the same mass spectral 

parameters (Table S-2). A gradient ramp (Table S-1) was employed consisting of 

mobile phase C (60:40 acetonitrile:water, volume fraction) and mobile phase D (90:8:2 

isopropanol:acetonitrile:water, volume fraction), both with 10 mmol/L ammonium 

formate and 0.1% formic acid.  
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Mass spectra were acquired in full scan mode using data-dependent top 5 

analysis (ddMS2-top5) in both positive and negative polarity with a mass resolution of 

70,000. Full scan and ddMS2-top5 scan parameters are shown in Table S-2. Before 

each analysis, the instrument was externally calibrated and at least 3 blanks were 

analyzed. Internal mass calibrants (lock masses) were used in positive ion mode and 

consisted of diisooctyl phthalate (m/z 391.2842) and polysiloxanes (m/z 371.1012 and 

445.1200). No stable lock mass was observed to be used in negative ion mode. To 

compare iterative exclusion (IE) with traditional ddMS2-top5 for lipidomics, a minimum of 

4 sequential injections were analyzed by ddMS2-top5 with IE and 4 without IE, for both 

negative and positive polarity analysis of Red Cross and substantia nigra lipid extracts. 

For excluding ions previously selected for fragmentation and placed on an exclusion list, 

a 10 ppm exclusion tolerance was used.  

Software Platform for IE 

A software program “IE-Omics” was written using R [97] to directly process a 

.ms2 file (converted using MSConvert [98]) and output an exclusion list in a format 

(.csv) which can be directly imported by Q-Exactive instruments. User-defined 

parameters include the retention time and m/z window for combining selected 

precursors to reduce the size of the exclusion list. A 0.02 m/z window and 0.3 min 

retention time window was used in this experiment. In this case, ions selected at m/z 

values of 400.02, 400.01, and 400.01, and respective retention times of 5.10, 5.15, and 

5.30 min, would be combined in one row as m/z 400.02 excluded between 4.95 and 

5.45 min. In addition, users can denote the number of times ions with the same m/z are 

selected before being considered background ions and excluded for the entire duration 

of the chromatographic run. In this experiment, a minimum of 15 instances of ions 
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selected for fragmentation with the same m/z was used, excluding these ions from 0 to 

18 minutes. The IE-Omics script can be found in the supplementary information and the 

most up to date version on the Southeast Center for Integrated Metabolomics (SECIM) 

webpage (http://secim.ufl.edu/secim-tools/).  

Feature Detection and Identification 

Lipids were identified using both an in-house workflow, LipidMatch, and 

LipidSearch (Thermo Scientific, San Jose, CA) [99]. LipidMatch consists of R-scripts 

which identify lipids by matching MS/MS fragments indicative of class and fatty-acid 

constituents from experimental fragmentation to in-silico fragmentation libraries 

(covering over 250,000 lipid species across 56 lipid types). Only exact mass of the 

MS/MS fragments (not intensity) is used for matching. Before LipidMatch was applied, 

features were determined using MZmine 2.0 [100], with the batch mode file containing 

all the parameters. Both the MZmine batch file and LipidMatch software can be found at 

<http://secim.ufl.edu/secim-tools/> in the LipidMatch zip file. LipidMatch used the 

features exact mass determined by MZmine with a 10 ppm m/z window for precursor 

ion matching. Both for LipidMatch and LipidSearch, a 10 ppm m/z window was used for 

fragment matching. In LipidMatch, fragments were only considered confirmed if they 

were above 1000 intensity units and found in at least one scan within a 0.3 min window 

of the feature being identified; in LipidSearch, only lipids classified with grade A were 

kept. The 0.3 min retention time used for finding MS/MS scans and excluding 

precursors in sequential injections employing the IE-Omics script was close to the 

median of the full width at half maximum (FWHM) for all features (Figure S2-1). After 

lipid ions were annotated, redundant annotations, for example, different lipid ion adducts 

http://secim.ufl.edu/secim-tools/
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of the same molecular species, were combined separately for positive and negative 

analysis.  

Results and Discussion: Iterative Exclusion and Lipidome Coverage 

By only fragmenting ions not selected in the previous injections, applying IE 

increased the coverage of both analyte and background ions for lipids (Figure S2-2 and 

Figure 2-3). As can be seen, for example for the background ion m/z 300.2253 in Figure 

2-2, some ions selected in the first injection and placed on an exclusion list, were 

unexpectedly selected in the second injection. The reason for these ions not being 

excluded is that the mass trigger used to select ions for fragmentation are stored with a 

m/z value with two decimal digits in the Thermo .raw file. Therefore, the m/z 300.23 was 

placed on an exclusion list, and using a 10 ppm exclusion tolerance ions from 300.2270 

to 300.2330 were excluded. In the second injection the ion was measured at 300.2253 

and therefore was not excluded, and again was placed on an exclusion list at 300.23. 

This problem can be overcome by either changes in Thermo .raw data storage, in order 

to store the mass trigger for obtaining MS/MS past the 3rd decimal point (which has 

been implemented in the Q-Exactive Plus and HF), or by the user increasing the 

exclusion tolerance, such as to 100 ppm. Since different ions with m/z values within 100 

ppm will all be isolated and fragmented using a 1 Da isolation window, this solution 

would be sufficient. Either modification would ensure that ions isolated and fragmented 

once are never isolated and fragmented again, thereby decreasing the number of 

injections needed to fragment all ions of interest. 

It is a well-known that background ions compete with analytes of interest for 

selection and fragmentation. Therefore, by discerning the background ion patterns and 

automatically placing those ions on an exclusion list, analyte coverage can be 
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increased. A background ion from the mobile phase, ESI source, or from column bleed 

(to name a few sources), can be discerned by a single m/z covering a large portion of 

the retention time region, as in 300.2253 discussed above. An exclusion list for 

background ions can often be generated by running several blank injections, but this 

can be an inefficient process; when the column or mobile phase changes, a new list 

would need to be created.  From this IE type of run, it can be seen that a large portion of 

ions selected and fragmented are background ions as depicted by a horizontal pattern 

across the chromatographic run (Figure 2-2). Therefore, this pattern can be readily used 

to exclude background ions in the IE-Omics software.  

Using the default IE-Omics parameters, if the same m/z is selected more than 15 

times, with each instance being at least 0.15 minutes apart, that m/z is annotated as 

background and placed on an exclusion list across the entire analysis time. For 

example, m/z 391.28 was excluded across the entire retention time in the second 

injection, after being selected in the first injection of Red Cross plasma 134 times 

(Figure 2-2). Annotated background ions can also be excluded in future experiments. 

After the first injection, 17 ions were automatically annotated as background ions by IE-

Omics software in positive ion mode of Red Cross plasma. After 6 injections, 54 m/z 

values were annotated as background ions according to this algorithm.  

In addition to generation of exclusion lists of background ions, IE also enhanced 

coverage of the lipidome. When comparing the second to first injection after applying IE, 

it can be seen that many additional unique precursors are selected in both the 

glycerophospholipid (GPL) (about m/z 700-900 at 5-10 min) and triglyceride (TG) 

regions (about m/z 700-1100 at 11-16 min) (Figure 2-2). Figure 2-3 compares unique 
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ions selected for fragmentation in positive mode analysis of Red Cross plasma lipid 

extracts in 6 sequential injections without IE applied (Figure 2-3a) and with IE applied 

(Figure 2-3B). The IE-omics approach shows that after 6 sequential injections, the 

number of unique ions fragments is substantially higher (Figure 2-3B). As discussed 

previously, both new background ion signatures and lipid ions (as can be seen in the 

GPL and TG region) are selected using IE (Figure 2-3). An analogous figure for 

substantia nigra is shown in the supplementary information (Figure S2-2), with a zoom 

in of the glycerophospholipid (GPL) region overlaid with unique molecular species 

annotated by LipidMatch (Figure S2-3). 

Figure 2-4 displays the cumulative number of features with lipid identifications 

across injection number using LipidMatch from both positive and negative mode 

analysis of plasma and substantia nigra lipid extracts. In all cases, a greater number of 

features were identified as lipids using the IE approach compared to a traditional 

ddMS2-top5 approach. The application of IE was most advantageous in positive ion 

mode analysis of plasma and substantia nigra lipid extracts. For plasma extracts in 

positive mode, applying IE and using 6 sequential injections increased the coverage of 

features annotated with unique molecular species by 69 % compared to the traditional 

ddMS2-topN approach across 6 sequential injections. A total of 728 unique lipid 

molecular species were identified with IE, compared to 431 without IE (Figure 2-4A). In 

negative mode analysis of Red Cross plasma, only 10 % more identifications were 

obtained using IE. In positive mode analysis of substantia nigra, after the 5 sequential 

injections, 40 % more features were identified using IE compared to without IE, while in 

negative mode analysis, 18 % more identifications were obtained when applying IE. 
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Applying a different identification software, LipidSearch, provided the same general 

trend, with IE providing the most advantage in positive mode analysis of Red Cross 

plasma and substantia nigra (69 % and 34 % more identifications, respectively) and 

least advantage in negative mode analysis of Red Cross plasma and substantia nigra 

(18 % and 4 %, respectively) (Figure S2-4). Unique annotations of lipid molecular 

species with retention time information, exact m/z from full scan data, and average peak 

intensity compiled across all sequential injections for positive and negative polarity 

analysis of Red Cross plasma and substantia nigra can be found in Table S-5 and S-4, 

for LipidSearch and LipidMatch, respectively. Fragments observed for identification by 

LipidSearch are also included in Table S-5, and fragmentation criteria for LipidMatch is 

included in Table S-6.  

Based on these results, it is clear that the number of additional identifications 

obtained when applying IE depends on sample type and the polarity measured by the 

mass spectrometer. It is expected that if mass spectrum is sparse, a traditional ddMS2 

approach will likely select the majority of ions above an MS2 threshold limit. In the 

lipidomic analyses, where applying IE was less advantageous in negative ion mode, 

negative ion spectra showed fewer ions than positive ion spectra. For example, the 

number of features (which is related to spectral sparseness), was drastically lower in 

negative mode than positive mode, with only 4258 features in Red Cross negative mode 

data versus 19,231 features in Red Cross positive mode data. Therefore, after applying 

exclusion lists generated by IE, fewer precursors remain above the threshold to be 

selected for fragmentation in negative ion mode. For example, in negative polarity 

analysis of plasma, MS/MS scans drastically declined from the first to the fifth 
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sequential injection (from 2491 to 414 scans), showing depletion of precursors for 

selection, while in positive polarity there was less of a decline in MS/MS scans (from 

2746 to 2581 scans) (Figure S2-5). Therefore, the number of sequential injections 

required may vary depending on spectral density, and spectral density will be a major 

factor in determining the additional benefit of IE. For example, increasing the 

chromatographic gradient time would increase separation of lipids while decreasing 

spectral density at a given time point, and hence potentially decreasing the advantage 

of applying IE versus traditional ddMS2-topN approaches. 

It should be noted that additional identifications using IE are only useful if they 

provide unique information. After excluding previously selected high abundance lipids 

for fragmentation, sequential injections should provide fragmentation of lower 

abundance species when applying IE. Often less abundant or trace species serve as 

critical biomarkers, such as phosphatidylinositol (PI), which is an important signaling 

molecule class. Phosphatidylcholine (PC) concentrations in plasma, for example, are 

about 20-fold higher than concentrations of phosphatidylinositol (PI), phosphatidylserine 

(PS), and phosphatidic acid (PA) combined [101]. After applying IE in the second 

injection, peak heights of identified lipids were significantly lower than the initial injection 

for positive and negative polarity analysis of both plasma and substantia nigra lipid 

extracts (p-value < 0.05) (Figure 2-5). For plasma in positive ion mode, the average 

intensity of selected precursors seemed to continue to decrease using IE up to the 

fourth injection, although not significantly (Figure S2-6; p-value > 0.05). Exclusion of 

trace ions close to the threshold intensity for fragmentation in certain chromatographic 

regions, while high intensity species, such as in the TG region where spectra are dense, 
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continue to be selected, would explain why the average intensity of ions does not 

continue to decrease after a certain number of sequential injections. This is supported 

by the fact that the number of precursors selected declines across sequential injections 

when applying IE, and therefore in certain regions ions are no longer being selected for 

fragmentation (Figure S2-5). For example, the TG region contained 4819 features 

above 5 x 104 in 4 minutes (11 to 15 minutes) in Red Cross plasma, while the 

lysophospholipid region contained 3859 features in 4 minutes (0.5 to 4.5 minutes).  

The reduced intensity of precursor ions selected after applying IE suggests lower 

MS/MS spectral quality. This is especially true for positive ion mode fragmentation of 

most glycerophospholipids, where fatty acyl indicative fragments are of low abundance. 

To determine the quality of MS/MS spectra across sequential injections, the percentage 

of lipids identified with grade A, calculated by (A / (A + B + C)), was determined using 

LipidSearch. These grades are based on the number of fragments identified which 

contain species specific structural information, with lipid identifications graded A having 

the most structural information in MS/MS spectra (for example fragments indication both 

fatty acyls and the head group of glycerophospholipid species). Following a similar trend 

to the selected ion signal, the sequential injections after applying IE had a general drop 

in percent A, and hence decrease in MS/MS spectral quality (Figure S2-7). Injections in 

which IE was applied had significantly lower average percentages of A compared to 

sequential injections without IE, for negative and positive polarity analysis of substantia 

nigra tissue lipid extracts (p-value < 0.05) and for positive polarity analysis of Red Cross 

plasma (p-value < 0.005). No significant difference was observed for negative polarity 
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analysis of Red Cross plasma. Therefore, unique identifications provided by IE of low 

abundance species often provide less structural information and are more tentative. 

Diglycerides (DG) are often present at low abundance and have been noted as 

important signaling molecules. In plasma lipid extracts, lower abundance DG species 

were identified after sequential injections applying IE (Figure S2-8). In the initial 

injection, all DG species identified except one had extracted mass chromatographic 

peak heights of 106 or 107, while after the sixth injection applying IE, all species 

identified had peak heights of 105 (Table 2-1). All DGs at the level of carbons and 

double bonds in Table 2-1 have been confirmed previously in human plasma [102], 

except for DG(30:3), identified as DG(12:0_18:3). In addition, all fatty acids constituents 

contained in DGs have been confirmed in plasma using fatty acyl profiling [102] or have 

been found in DGs using derivatization [103]. The lower abundance DG species 

identified after applying IE contained both odd-chain (15:0, 17:1, and 17:2), and shorter 

chain (12:0, 14:0, and 14:1) species, which were not identified without IE (Table 2-1).  

These fatty acids are in lower abundance in human plasma [102] and odd-chain species 

could represent exogenous fatty acid species or those produced by gut microbiota 

[104]. In this case, these species represent additional biological information otherwise 

not obtained.   

Coverage was improved for certain lipid classes using the IE approach. The 

majority of unique lipid molecules identified by IE in positive analysis of Red Cross 

plasma, but not by the traditional data-dependent approach, were mainly glycerolipids, 

specifically, TGs, oxidized TGs, ether-linked TGs and DGs (Figure 2-6A and Figure 2-

6C). These molecular species were of low intensity and were present in 
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chromatographic regions where mass spectra were dense. Hence, using traditional 

approaches, these lower intensity ions generally never make it on the list of the top-5 

most intense ions to be included for fragmentation. In addition, there was minimal 

identification of ether-linked TGs, oxidized lyso-phosphatidylcholines (OxLPC), and 

acyl-carnitines using the traditional ddMS2-top5 approach. Applying IE significantly 

increased the coverage of these lipid classes. Ether-linked TGs are a trace fraction of 

the total TGs in blood, for example, only comprising of 0.1 % of chylomicrons in human 

blood plasma, where they have been noted to concentrate [105]. By applying IE, these 

low abundant ions (making up less than 0.1% of TG peak area signal) were selected for 

fragmentation and tentatively identified by exact mass of the precursor and exact 

masses of the neutral losses of the two non-ether fatty acyl constituents.  

In substantia nigra positive mode analysis (Figure 2-6B and Figure 2-6D), IE 

improved the coverage of phosphatidylserine (PS), oxidized phosphatidylcholine 

(OxPC), phosphatidylglycerol (PG) and sulfatide species, which were minimally covered 

by the traditional approach. In negative ion mode analysis of substantia nigra tissue, 

using the traditional ddMS2-top5 approach, there was no coverage of sulfatides and 

minimal coverage of phosphatidic acid (PA). Applying IE significantly increased 

coverage of both of these species (Figure S2-9). These findings highlight that IE not 

only increases the total number of lipid identifications, but increases identifications of 

trace lipid species of potential interest, which are minimally covered by traditional 

approaches.  

Future developments will continue to increase the advantages of applying IE-

Omics. Currently, the script is not integrated in Xcalibur software, and therefore 
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exclusion lists are not generated in real time and must be uploaded into new method 

files before each iterative injection. In our lipidomics workflow, we suggest using 3 to 4 

iterative injections on pooled samples, which can be used to identify features of a given 

sample group. Therefore, this method is sufficient for lipid identification in large 

quantitative studies to determine biomarkers where thousands of samples are required, 

as only a few additional injections are used for IE, and hence there is minimal addition 

of acquisition time. Fewer injections may be required if the exclusion window is 

increased from 10 ppm, for example, to 100 ppm. By increasing the exclusion window, 

isobaric ions will only be selected in one injection, reducing the number of injections 

needed to select all ions above a certain threshold. In the future fully automated 

exclusion list generation may be developed.  

Conclusion: Iterative Exclusion Increases Lipidome Coverage 

We have semi-automated the IE approach using a simple open source R script. 

The script uses open source formatted files which can be converted from various 

vendor formats and produces an exclusion list in a vendor neutral format required for 

importing into Thermo-Scientific instruments (csv). Features include smart exclusion list 

generation, which combines ions selected in similar m/z and retention time windows to 

generate a shorter exclusion list, and automatic annotation of background ions. After 

applying the software, IE-Omics, to lipidomic datasets in Red Cross plasma and 

substantia nigra brain tissue lipid extracts, IE was shown to be most advantageous in 

complex matrices with a high number of analyte species. Applying IE to lipidomics 

analyses in certain cases increased identifications by over 50 %. The greatest 

advantage using IE was shown in positive ion mode and in Red Cross plasma versus 

substantia nigra lipid extracts, where spectra were most dense. In lipidomics, trace 
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species, such as odd-chained and short-chained DGs, were identified only after 

applying the IE technique.  

Future data acquisition strategies, for example only including precursor ions for 

fragmentation which match lipid masses and identifying polymer patterns for exclusion, 

could prove advantageous. In most cases, however, such as in negative mode, after 

only using a few sequential injections, all ions above the threshold limit for 

fragmentation were selected, and therefore new data-acquisition methods would not 

provide additional advantage in terms of MS/MS spectral coverage. New data-

acquisition methods might be able to reduce the number of injections needed for 

coverage of the majority of lipid ions and notify the user when additional injections are 

no longer required. In conclusion, applying IE expands the scope of the lipidome 

covered, both increasing the total number and diversity of lipids identified. 
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Table 2-1. Comparison of diglyceride (DG) peak heights and fatty acid compositions. 
Data are from Red Cross plasma acquired in positive polarity. A) The first 
ddMS2-top5 acquisition using LipidMatch (IE 1) and B) the 6th injection after 
applying an exclusion list using the algorithm described in this paper (IE 6).  

a) DG(C:DB) Peak Height DG fatty acid chains 

  DG(32:1) 1.7 x 107 DG(16:0_18:1) 

      DG(16:1_18:0) 

  DG(32:2) 2.0 x 107 DG(16:0_18:2) 

      DG(16:1_18:1) 

  DG(36:1) 2.4 x 106 DG(16:0_20:1) 

      DG(18:0_18:1) 

  DG(36:2) 1.9 x 107 DG(16:0_20:2) 

      DG(16:1_20:1) 

      DG(18:0_18:2) 

      DG(18:1_18:1) 

  DG(38:5) 5.1 x 106 DG(16:0_22:5) 

      DG(18:1_20:4) 

      DG(18:2_20:3) 

  DG(36:3) 3.5 x 107 DG(16:1_20:2) 

      DG(18:0_18:3) 

      DG(18:1_18:2) 

  DG(36:4) 1.0 x 107 DG(16:1_20:3) 

      DG(18:1_18:3) 

      DG(18:2_18:2) 

  DG(36:3) 4.7 x 104 DG(18:1_18:2) 

        

b) DG(C:DB) Peak Height DG fatty acid chains 

  DG(30:0) 4.2 x 105 DG(12:0_18:0) 

      DG(14:0_16:0) 

      DG(15:0_15:0) 

  DG(30:1) 3.5 x 105 DG(12:0_18:1) 

      DG(14:0_16:1) 

      DG(14:1_16:0) 

  DG(30:3) 2.6 x 105 DG(12:0_18:3) 

  DG(32:3) 2.2 x 105 DG(14:0_18:3) 

      DG(14:1_18:2) 

  DG(34:4) 3.6 x 105 DG(14:0_20:4) 

      DG(16:0_18:4) 

  DG(36:5) 3.3 x 105 DG(16:0_20:5) 
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Table 2-1. Continued 

b) DG(C:DB) Peak Height DG fatty acid chains 

  DG(38:4) 3.9 x 105 DG(16:0_22:4) 

      DG(18:1_20:3) 

  DG(35:3) 3.0 x 105 DG(17:1_18:2) 

      DG(17:2_18:1) 

  DG(38:2) 3.4 x 105 DG(18:1_20:1) 

  DG(38:4) 5.8 x 105 DG(18:1_20:3) 

  DG(38:5) 6.9 x 105 DG(18:1_20:4) 

      DG(18:2_20:3) 

  DG(40:7) 9.1 x 105 DG(18:1_22:6) 

  DG(40:7) 4.1 x 105 DG(18:2_22:5) 
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Figure 2-1. Strategy for iterative exclusion based data-dependent topN analysis (IE-
ddMS2-topN). Multiple injections of a sample are analyzed. A) The first 
injection is used to create an exclusion list and B) this exclusion list is applied 
to the second injection. Hence, the next top-n most abundant ions are 
selected and this process can be continued for n injections.   
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Figure 2-2. Selected precursor ions retention time and m/z for Red Cross plasma 
compared between the first injection (black dots) and second injection (red 
dots) with iterative exclusion-based (IE) ddMS2 applied. The Y region is an 
unknown region with molecules separated by 14 Da corresponding to CH2 
repeating units, likely representing polymer species. Three background ions 
are indicated with arrows, which were selected at m/z 391.28, 354.29, and 
303.23 from highest to lowest mass, respectively.  
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Figure 2-3. The use of iterative exclusion increased fragmentation coverage. Selected 
precursor ions m/z and retention times for: A) 6 repetitive injections using the 
traditional ddMS2 approach and B) iterative based-exclusion ddMS2 (IE-
ddMS2) for Red Cross plasma lipid extracts analyzed in positive mode.  
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Figure 2-4. Cumulative unique lipid molecular identifications using LipidMatch software 
across multiple data acquisitions are shown. Iterative exclusion-based data-
dependent top5 (IE-ddMS2-top5) described in this paper is compared with 
traditional ddMS2 top5 for extracts of: A) Red Cross plasma in positive mode 
and B) negative mode, and C) extracts of substantia nigra in positive mode 
and D) negative mode.  
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Figure 2-5. Boxplots of log transformed peak heights (base 10) from MZmine for unique 
lipid molecules identified in the first ddMS2-top5 acquisition using LipidMatch 
(IE1) and after applying an exclusion list using the algorithm described in this 
paper (IE2). All differences where highly significant with a p-value for a 
Student t-test less than 0.001. Comparisons are made for: A) extracts of Red 
Cross plasma in positive mode and B) negative mode, and C) extracts of 
substantia nigra in positive mode D) and negative mode.  
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Figure 2-6. Distribution of lipids identified using LipidMatch by lipid class using iterative 
exclusion-based data-dependent top5 (IE-ddMS2-top5) acquisitions in positive 
ion mode. A) The lipid class distribution of all identifications across sequential 
injections using the traditional ddMS2-top5 approach is shown for Red Cross 
plasma and B) substantia nigra tissue lipid extracts; C) The distribution of 
additional unique lipid molecular identifications after applying iterative 
exclusion (IE) across lipid classes are shown for Red Cross plasma and D) 
substantia nigra lipid extracts.  
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CHAPTER 3 
LIPIDMATCH: AN AUTOMATED WORKFLOW FOR RULE-BASED LIPID 

IDENTIFICATION USING UNTARGETED HIGH-RESOLUTION TANDEM MASS 
SPECTROMETRY DATA2 

The Challenges of Lipid Identification 

In comparison to proteomics, lipidomics is an emerging technique which currently 

lacks community-wide agreement concerning the best software choice for the 

comprehensive and accurate identification of lipids based on chromatographic and 

tandem mass spectrometric data. A major challenge is the limited number of 

synthesized standards available, making it difficult to cover the much larger variety of 

lipid structures for MS/MS spectral matching. In the absence of authentic standards, this 

challenge has been partially ameliorated by developing in-silico libraries for acyl-

containing lipids. For example, in 2013, Kind et al. released LipidBlast [106], developing 

a computer generated MS/MS library of 119,200 lipids across 26 lipid classes, which 

includes predicted mass/intensity pairs.  

A second major challenge is the accurate annotation of lipid identifications based 

on the fragmentation observed [107]. The annotation depends on the structural 

resolution, which is the structural detail inferred by experimental data, specifically the 

MS/MS spectra. Structural resolution for lipids is dependent on specific structural 

characteristics known, such as double bond location, geometric isomerism (cis versus 

trans), and the position, lengths and degrees of unsaturation of fatty acyl constituents. 

For example, if only the exact mass of the precursor and choline head group of a 

phosphatidylcholine species is observed, the species can only be annotated by total 
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carbons and degrees of unsaturation (e.g. annotated as PC(32:1)) (assuming no 

overlap from fragmentation of other choline containing species, such as the 13C isotopic 

peaks of SM). If the precursor mass and fatty acyl fragments are observed, then the 

lipid can be identified by acyl-constituents (eg. PC(16:0_18:1)), with an underscore 

denoting that the position of the fatty acyl constituent on the backbone is unknown. For 

most lipid types, this is the limit of structural resolution that can be accurately annotated 

using UHPLC-HRMS/MS without specialized or additional approaches. Currently, most 

lipidomics software over-report structural resolution, which can lead to incorrect 

biological interpretation of the data.[108]  

A third challenge for lipid identification is the fact that features (peaks defined by 

a mass-to-charge ratio (m/z) and retention time) often contain multiple co-eluting 

molecules with similar m/z values. One common case is lipids sharing the same class, 

total carbons and degrees of unsaturation, but different acyl constituents, for example 

PC(18:0_18:1) and PC(16:0_20:1). This overlap reduces spectral similarity scores, 

which are used for identification by most software.  

To overcome these challenges, we have developed LipidMatch. LipidMatch 

currently contains the most comprehensive lipid fragmentation libraries of freely 

available software, when ranked by the number of lipid types. LipidMatch includes in-

silico libraries with over 250,000 lipid species across 56 lipid types, including oxidized 

lipids. LipidMatch incorporates user-modifiable, rule-based lipid identification, which 

allows for accurate lipid annotation in regards to structural resolution. In addition, if 

multiple identifications exist for one feature, LipidMatch outputs include all possible 

identifications ranked by summed fragment intensities.  
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Lipid Annotation Guidelines for Correctly Reporting Structural Resolution 

While the lipidome - the entire collection of individual lipid species in cells,  

tissues or biofluids - has been estimated to be composed of 1,000 to more than 180,000 

molecular lipid species [25, 26], these estimations do not consider isomeric lipid species 

with different fatty acyl double-bond positions and configurations (cis or trans), 

positional isomers (e.g., sn1, sn2), and stereoisomers (R or S). Ekroos et al. determined 

that the number of phosphatidylcholine (PC) positional isomers in Madin-Darby canine 

kidney II cells nearly doubled the total number of individual lipid species [109], which 

highlights the substantial presence of lipid isomers in nature. Furthermore, these lipid 

isomers can also exhibit a variety of specific biological roles. For example, the acyl 

position of membrane lipids can impact the enzymatic activity that occurs within cellular 

membranes [110]. Shinzawa-Itoh et al. [79] found biological specificity of acyl chain 

double bond configurations; though the mitochondrial inner membrane where bovine 

cytochrome c oxidase (CcO) acquires its phospholipids contains trans-vaccenate, only 

cis-vaccenate is incorporated into subunit III of CcO [79]. Researchers have shown 

differing roles of individual conjugated linoleic acid (CLA) isomers; while the cis-9,trans-

11 isomer has been shown to more broadly inhibit tumorigenesis in vitro, the trans-

10,cis-12 isomer has been shown to increase concentrations of human blood lipids, 

such as triglycerides (TG) and the ratio of LDL to HDL cholesterol, when compared to 

the cis-9,trans-11 isomer [76–78].  

Structural elucidation is vital in ensuring that biological properties are properly 

associated with the correct lipid species. Therefore in this section we provide guidelines 

for annotating lipids and discuss the limitations in biological interpretation of lipid 
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species. Software, such as LipidMatch, which applies these guidelines is essential to 

implementation and harmonization by the wider lipidomics community. 

Community - accepted guidelines for lipid annotations [111–113] 

generated/accepted by the International Lipids Classification and Nomenclature 

Committee have been implemented and promoted by the LIPID Metabolites And 

Pathways Strategy (LIPID MAPS) consortium [23, 81, 114], and are meant to 

completely characterize the lipid molecule as shown in Figure 3-1. However, 

conventional tandem mass spectrometric experiments cannot be used to generate all 

structural information of a given lipid molecule. Therefore, shorthand notation has been 

proposed to only confer the level of structural detail known based on experimental data 

[107]. We will define this structural detail for a given lipid species, as the structural 

resolution. Moreover, we summarize existing guidelines supplemented by new 

recommendations to prevent over-reporting of lipid structural resolution and to further 

encourage the use of a common nomenclature system for lipidomics.  

Do not annotate lipids using only exact mass. Often researchers entering the 

lipidomics field will annotate peaks and features based on exact mass only, for example 

as in Gerspach et al. [115]. A feature is a peak, or group of peaks across numerous 

samples, represented by a specific m/z and any other measurements, such as a 

specific retention time if chromatography is used, or drift time if ion mobility is used 

[116]. Since the lipidome is diverse, with enormous overlap in exact mass, we strongly 

warn against annotating features using only exact mass, especially for previously 

uncharacterized sample types. It is important to note that exact mass search engines, 
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such as Metlin and LIPID MAPS, provide lipid matches annotated as fully characterized 

molecular species, which cannot be elucidated from exact mass alone. 

Annotate by sum composition when class specific fragmentation is 

observed. The most basic annotation of lipids is by lipid class and the sum composition 

of carbons and double bonds in the lipid fatty acyl constituents (Table 3-1). The sum 

composition annotation is useful in cases where the majority of fragmentation intensity 

is in class specific fragments. Examples include phosphatidylethanolamine (PE) [M+H]+ 

(neutral loss (NL) of m/z 141.0191) [117], phosphatidylinositol (PI) [M + NH4]+ (NL of 

m/z 277.0562) [95], and sulfatide [M-H]- (m/z 96.9601) [118], with these base peaks in 

the fragmentation specific to the lipid head group. Annotation by lipid class can often 

lead to false positives if fragments are not specific to only that lipid class. A common 

case is the incorrect annotation of protonated adducts of sphingomyelin (SM) and 

phosphatidylcholine (PC) and their lysolipid, oxidized lipid, and ether-linked lipid 

corollaries using m/z 184.0733, for example as in Jin et al. [119]. Isobaric isotopic peaks 

of co-eluting SM and PC species will be co-isolated for fragmentation and hence the 

lipid class represented by m/z 184.0733 is ambiguous. In this case, identifications 

should be noted as tentative unless reconstructed ion chromatograms of the PC and 

SM species within 3 daltons do not overlap or fatty acyl constituents are observed. 

Denote fatty acyl constituents only when fatty acyl fragment(s) are 

observed. Lipids can often be annotated based on fatty acyl constituents (Table 3-1). 

Technically, in lipids with two fatty acyl constituents, only one fatty acyl constituent is 

needed for identification, as the other can be deduced using the exact mass of the 

precursor. This can be a helpful strategy when sn1- and sn2-linked fatty acyl 
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constituents have different fragment efficiencies, as in PC [M+H]+ adducts [120]. Without 

assumptions based on biology or specific approaches, identification by fatty acyl 

constituent constituents is often the limit of structural resolution that can be obtained.  

Use the underscore to annotate lipid species with unknown positional 

isomers. Traditional UHPLC-HRMS platforms with tandem MS do not provide 

information about the double bond position or orientation, stereochemistry, and in many 

instances, the position of the fatty acyl constituent on the glycerol backbone (sn1 or 

sn2). Lipid identifications where the positional isomeric level of the fatty acyl 

constituents is known is indicated by a slash "/". The underscore "_" was proposed by 

Liebisch et al. (2013) [121] for instances where there is certainty in the composition of 

the fatty acyl constituents, but not their placement on the glycerol backbone. Despite the 

proposed shorthand notation, there has been a mix of annotation styles present in 

literature. For example, of the lipidomics research articles published in 2017 determined 

on Science Direct (accessed 02/09/2017), 3 articles [119, 122, 123] incorrectly used "/", 

3 articles [124–126] used "-", and 1 article [127] used "_" between fatty acyl 

constituents, when positional isomers were not identified. One potential source of 

confusion in annotating lipids is that current lipid identification software, for example 

LipidSearch, MS-DIAL[128], LipidBlast[106], and Greazy[129] all employ "/" when fatty 

acyl positions are not known. However, to further advance the lipidomics community, all 

lipid identification software should improve lipid annotation by incorporating the slash "/" 

or "_" correctly based on the MS/MS data. Otherwise, an incorrect level of structural 

detail is assigned to the lipid annotation, providing the user with a level of certainty, 
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which is misleading for biomarker discovery, disease etiology studies, and translational 

science with other omics areas.  

Report plasmanyl species using O- and plasmenyl species using P-. Some 

of the most problematic cases for lipid annotation include plasmenyl and plasmanyl 

ether-linked species, which are depicted in Figure 3-2. One problem is the use of 

varying annotation style. For plasmanyl lipid species, lipids are often annotated using an 

"e" or an "O-", while plasmenyl lipids are often annotated using a lowercase "p" or a 

capital "P-". We suggest using "O-" and "P-", the annotation style used by LIPID MAPS 

[23, 81, 121]. Another problem arises because the vinyl ether linkage in plasmenyl 

species and the ether linkage in plasmanyl species only differ by a degree of 

unsaturation, leading to differing structures with the same molecular formula. For 

example, plasmanyl PE(O-16:0/22:6) will have the exact same mass as plasmenyl 

PE(P-16:0/22:5) and cannot be distinguished based on class specific fragments. In this 

case we suggest including both annotation by sum composition, for example PE(P-38:5) 

and PE(O-38:6). In the case of ether-linked PC, the formate adduct will yield an 

abundant sn2 fatty acyl fragment when fragmented in negative ion mode; the ether-

linked PE species can also be distinguished using fragmentation [130]. Hence, the vinyl 

ether- and ether-linked lipids can be distinguished using fragmentation, although co-

elution of plasmenyl and plasmanyl species often occurs, in which case both species 

should be reported.  

Report all possible lipid candidates for a feature separated by a pipe "|", 

not just the top few lipid candidates. TGs are the most common case where co-

elution of isomeric species occurs. For example, our laboratory tentatively identified 
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2,607 TG ions ([M+Na]+ and [M+NH4]+) in human plasma across 370 features, meaning 

that, on average, each feature had 7 co-eluting TGs identified (unpublished data). For 

one feature at m/z 920.8635 in human plasma, 49 TGs were tentatively identified. TGs 

are just one example of co-eluting molecules, for the same human plasma analysis in 

positive ion mode we found that 40% of features with lipid annotations have at least two 

co-eluting lipids identified. It is important to note that most software only include one 

lipid identification for a given feature in the final report, which is based on the false 

assumption that there are few instances of co-eluting lipids. Examples of annotated 

lipids using pipes can be found in Supplementary Table S-4 of  Koelmel et al. [131], for 

example for m/z 766.5391 at retention time 7.06, the feature was annotated as 

PE(18:0_20:5)+H | PE(18:1_20:4)+H | PE(16:0_22:5)+H, with annotations ranked by a 

score based on the MS/MS spectra.   

Use comprehensive MS/MS libraries whenever possible. Even when 

annotations include all lipids identified for a respective feature, co-eluting lipids not 

contained in that software's libraries may still exist. In this case, biological interpretation 

will be confounded by multiple uncharacterized lipids or other molecules contributing to 

a feature’s intensity. One potential example is oxidized species, which can overlap with 

non-oxidized species, but are not contained in most lipidomics software.  

Use pre-analytical steps to prevent degradation and interconversion. Pre-

analytical steps can also influence the correct annotation of features by affecting the 

stability and intensity of lipids or leading to interconversion of the lipid species observed. 

Sample handling and preparation techniques, involving homogenization, freeze-

thawing, and/or exposure to air or light, can result in lipid oxidation or (non)enzymatic 
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degradation or interconversion [132, 133]. For example, our studies have shown that by 

not quenching enzymatic activity during sample preparation leads to increased 

lysophosphatidylcholines (LPCs) (+19.3±1.8%) and decreased phosphatidylcholine 

precursors (−13.4±2.6%) (unpublished data), likely caused by phospholipase A activity. 

In this case, stabilization techniques (e.g., heat treatment, additives such as 

antioxidants, and freeze drying) can be employed, and common byproducts of 

degradation and interconversion can be measured. For certain lyso-lipids, such as 

LPCs, acyl migration during sample preparation exists between the sn1 and sn2 isomer, 

complicating annotation and quantification [134]. Therefore, sn1 and sn2 isomers of 

lyso-species should be combined and reported as sum composition. 

For MS/MS based identification, LipidMatch is the only lipid identification 

software to date which employs all the annotation guidelines presented here, including 

using pipes "|" for multiple identifications, "_" when fatty acyl position on the glycerol 

backbone is unknown, and annotates lipids by total carbons and degrees of 

unsaturation when only class specific fragments are observed. As annotation of lipid 

species becomes more accurate, we will continue to advance our understanding of the 

precise roles of individual lipids species in biological systems, advancing the utility of 

lipidomics. 

Implementation of LipidMatch Software 

LipidMatch was written in R [135]. The user interface for LipidMatch consists of a 

series of dialogue boxes developed using gWidgets API and the tcltk R package. Users 

can access LipidMatch as a file in the supplementary material, with the latest version 

available at <http://secim.ufl.edu/secim-tools/>. A manual and video tutorials are 

provided to walk users through the entire lipidomics workflow, including vendor file 
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conversion to open source format, feature processing, LipidMatch identification, in-silico 

lipid library development, and the ability to append identifications from other software 

(e.g. MS-DIAL or Greazy).  

Generation and Validation of LipidMatch in-silico Libraries 

In-silico libraries were developed in Excel as described in video tutorial 6 in the 

supplemental information. Briefly, an R script was used to generate a list of possible 

fatty acid combinations for acyl containing lipids with 2 or 3 fatty acids. A list of 39 

possible endogenous fatty acids and 214 potential oxidized fatty acids were 

incorporated (contained in the LipidMatch zip file). Combinations excluded redundant 

possibilities such as 18:0_20:0 and 20:0_18:0. For oxidized lipids, a list of 126 potential 

long chain oxidized fatty acids was generated by the addition of one or more (depending 

on the degrees of unsaturation) O (as a ketone or epoxy), OH (as a hydroxyl radical), 

and OOH (as a perhydroxyl radical) to unsaturated fatty acids within the list of 39 

endogenous fatty acids. A list of 88 potential short chain oxidized fatty acids were 

generated by cleavage of unsaturated fatty acids contained in LIPID MAPS and addition 

of a terminal CHO (aldehyde) or COOH (carboxylic acid). Oxidized fatty acyl 

constituents were combined with the original list of fatty acyl constituents to generate 

possible fatty acyl combinations for oxidized lipids. 

For each lipid class, structurally indicative fragments were compiled using other 

MS/MS databases (LIPID MAPS [136], LipidBlast [137], and MS-DIAL [128]), literature, 

and/or experimentally derived fragmentation. A summary of all lipid libraries contained 

as of 10/01/2016 is presented in Table S3-1. Note that this list is constantly growing, 

and a complete list can be found in the LIPID_ID_CRITERIA.csv file found in the most 

up to date LipidMatch zip file at <http://secim.ufl.edu/secim-tools/>. Using multiple 
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sources to obtain fragmentation allowed for cross-validation of fragments and 

generation of lipid class-specific fragmentation rules (see video tutorial 6 of the 

supplementary information for details). Fragment masses calculated were validated with 

MS/MS of internal standards obtained using HCD fragmentation [131] on a high-

resolution orbitrap mass spectrometer, or literature searches. The following internal 

standards were used for verification (acronyms are defined in Table S3-2): CE(17:0), 

CE(19:0), CE(2:0), Cer(d18:1/17:0), Cer(d18:1/25:0), MAG(17:0), DG(14:0/14:0), 

DG(19:2/19:2), DG(20:0/20:0), GlcCer(d18:1/12:0), LPA(17:0), LPC(17:0), LPC(19:0), 

LPE(14:0), MG(17:0), OxPC(16:0/9:0(CHO)), PA(14:0/14:0), PC(14:1/14:1), 

PC(17:0/17:0), PC(19:0/19:0), PE(15:0/15:0), PE(17:0/17:0), PG(14:0/14:0), 

PG(15:0/15:0), PG(17:0/17:0), PI(8:0/8:0), PS(14:0/14:0), PS(17:0/17:0), 

SM(d18:1/17:0), SM(d18:1/6:0), TG(13:0/13:0/13:0), TG(15:0/15:0/15:0), 

TG(17:0/17:0/17:0), TG(17:1/17:1/17:1) and TG(19:0/19:0/19:0). All internal standards 

were obtained from Avanti Polar Lipids (Alabaster, Alabama), except TG species, which 

were purchased from Sigma-Aldrich (St. Louis, MO), and cholesterol esters, which were 

obtained from Nu-Chek Prep (Elysian, MN).  

Lipidomics Workflow with LipidMatch 

LipidMatch is designed to be integrated with other open-source software to 

streamline the lipidomics workflow as described in Figure 3-3. LipidMatch was 

developed and tested using data acquired from a Q-Exactive orbitrap mass 

spectrometer (Thermo Scientific, San Jose, CA). LipidMatch has also been tested using 

data acquired on an Agilent 6540 Q-TOF (Agilent Technologies, Santa Clara, CA).  

LipidMatch can be used with a variety of other vendors and data formats. Ion selection 

techniques used to acquire fragmentation, including all-ion-fragmentation (AIF), 
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inclusion list-based targeted approaches, and data-dependent topN (ddMS2-topN) 

approaches can be used with LipidMatch to annotate lipids acquired using liquid 

chromatography, direct injection, or imaging approaches. LipidMatch is not 

recommended for most applications using low resolution mass spectrometers. For 

brevity, we will focus on UHPLC MS/MS methods using the data-dependent topN 

approach, although video tutorials for imaging approaches and AIF approaches are 

included in the supplemental materials. 

In the workflow recommended for LipidMatch, users acquire full scan data for all 

the samples in negative and/or positive polarity. In addition, users acquire ddMS2-topN 

spectra from pooled samples or from other representative samples. Using iterative 

exclusion (IE) [131] on pooled or representative samples can increase the number of 

ions with respective fragmentation spectra. This is highly recommended if spectra are 

dense (many overlapping lipid signals).  

Following data-acquisition, full scan data (either centroid or profile) can be 

processed to determine features, defined as an ion or ions sharing the same m/z and 

retention time. Features can be determined from various peak picking software such as 

MZmine [100], XCMS [138], or MS-DIAL [128]. The feature table can have nearly any 

format, allowing flexibility in choosing feature processing workflows. Video tutorial 2 

explains how users can process data using MSConvert [98] and MZmine 2.20 using a 

batch file for MZmine. The batch file was optimized for lipids using the chromatographic 

methods in Table S2-1 and is included with the tutorial videos in the LipidMatch file. 

Once feature tables are created for each biological substrate and each polarity, 

features can be directly annotated using LipidMatch and the previously generated 
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MS/MS data. Peak picking of MS/MS data and conversion to .ms2 file format should be 

done using MSConvert [98]. Feature table(s) and MS/MS data are placed into a 

directory as shown in Figure 3-4. Often researchers may have multiple feature tables, 

one for each polarity type and feature tables for each substrate analyzed. Users can 

include a subfolder for each sample type, and feature tables should end in “n.csv” or 

“neg.csv” (not case sensitive) for negative mode, and “p.csv” or “pos.csv” for positive 

mode. Each folder should contain respective MS/MS data for that substrate in .ms2 

format also ending in “neg.csv” or “pos.csv”, depending on polarity. The file should have 

“dd” in the name if it is data-dependent (DDA) data or targeted data, and “AIF” if it is all-

ion-fragmentation data. For example, the user could create a folder for a lipidomics 

experiment on cancer, with two sub-folders, one for plasma from cancer and non-cancer 

patients and one for healthy tissue and tumor tissue. Each sub-folder could contain, for 

example, 2 DDA .ms2 files in positive mode and 2 DDA files in negative mode, one 

pooled for participants with cancer and one pooled for non-cancer participants, as well 

as the corresponding feature table in negative and positive polarity. Once the user runs 

LipidMatch and enters user parameters, LipidMatch will automatically append 

identifications to each feature table using MS/MS files contained in that feature table’s 

subfolder.  

Once lipid identifications are obtained using LipidMatch, identifications from any 

other software such as Greazy [129], LipidSearch (Thermo Scientific, San Jose, CA), 

and MS-DIAL can be appended in additional columns to the feature table (Figure 3-3). 

The annotations are appended from one file to another if the retention time and m/z of a 

feature in one table matches the retention time and m/z of a feature from a second table 
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within a user defined mass tolerance and retention time tolerance. For example, if a 

retention time tolerance of 0.1 minutes and mass tolerance of 10 ppm is used, a feature 

annotated PE(36:2)+H with a retention time of 6.72 and m/z of 744.5536 will be 

appended to a feature generated by a different software with a retention time of 6.68 

and m/z of 744.5540. Lipidome coverage and confidence in identifications can be 

increased by appending identifications from multiple software onto one feature table. In 

addition, metabolite, xenobiotic, or other identifications from software such as 

Compound Discoverer (Thermo Scientific, San Jose, CA) or MS-DIAL can be appended 

for a more global approach. Furthermore, lipidome coverage can be increased by the 

user community by adding new in-silico fragmentation libraries. Libraries for LipidMatch 

can be developed using LipidBlast Templates [137] or as explained in video tutorial 6 

found in the supplementary information. Each library should be developed with the 

correct annotation based on the structural resolution that can be inferred by fragments 

chosen for the identification criteria.  

LipidMatch Inputs and Operations 

LipidMatch user inputs and respective operations are exemplified in Figure 3-5 

using experimental data for PC(38:6) [M+HCO2]-. A similar schematic to Figure 3-5, 

which includes user inputs and modifiable parameters, is provided in the supplementary 

information (Figure S3-1). The user first chooses directories containing feature table(s), 

for example those generated by MZmine (Figure 3-4). Then, LipidMatch performs exact 

mass matching at the MS1 level between in-silico precursor ions and each features m/z 

using a user defined m/z tolerance (Da) (Step 1; Figure 3-5). Precursor ions include all 

adducts contained in the in-silico libraries for the respective polarity, but do not include 

dimers, multimers or in-source fragments. Each feature and lipid match will be termed a 
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“feature-lipid pair”. MS/MS scans from .ms2 files within a user defined retention time 

and m/z tolerance of each feature is determined (Step 2; Figure 3-5). The m/z tolerance 

is the same as the isolation window used for selecting ions. 

For each MS/MS scan of each feature, experimental fragments are matched 

against in-silico lipid fragments m/z using a tolerance window (ppm). The total number 

of scans across a feature containing that fragment is calculated. In addition, the 

fragments average m/z, maximum intensity, and retention time at maximum intensity 

across all scans are calculated for a feature (Step 3; Figure 3-5). This information on 

fragments for each feature-lipid pair is saved as a table in .csv format for each lipid 

class. Each fragment is assigned 1 if it is above the user defined minimum intensity and 

scans threshold and 0 if the fragment does not meet these criteria or was not found 

within the m/z tolerance (Step 4; Figure 3-5). The default number of scans required is 1 

based on orbitrap mass spectrometers, but can be increased for other applications. The 

user modifiable intensity threshold for fragment ions to be considered real is dependent 

on the mass analyzer, the type of detector and the noise level. 

In Step 4, fragments assigned a 1 are considered observed based on the 

threshold criteria discussed above. Lipids are identified if they contain the necessary 

observed fragments. For example, for PCs measured as formate adducts, both negative 

ions of the fatty acyl constituents must be observed (Step 5 of Figure 3-5), while for 

protonated PCs the PC head group ion 184.0733 must be observed, along with at least 

one fatty acyl indicative fragment if the lipid is to be characterized at the level of fatty 

acyl constituents. Default fragments which must be observed for each lipid class were 

determined using high collisional induced dissociation (HCD) on a Q-Exactive orbitrap 
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mass spectrometer of internal standards, or endogenous lipids verified in literature. 

Users can modify which fragment ions for each lipid class must be observed for 

identification using a simple Excel sheet as outlined in the 6th video tutorial. In certain 

cases it may be important to optimize fragment criteria for applications not employing 

HCD fragmentation with an orbitrap analyzer. Experimental protocols including mobile 

phase (adducts observed), low and high mass cutoff, resolution, and type of 

fragmentation (e.g. HCD, CID, or UV) will determine what fragment ions are necessary 

for each lipid type to be identified. Therefore, for applications other than those using 

HCD fragmentation and orbitrap detection, we strongly recommend checking the 

existing fragmentation rules against MS/MS obtained in-house. Fragments chosen for 

confirmation should be of relative high intensity and distinguish the lipid structure from 

other lipids with similar fragmentation. It is important to note that while fragmentation 

measured on other high resolution instruments, such as qTOF platforms, can result in 

significant changes in the relative fragment intensities, in most cases the fragment 

masses observed are the same. Therefore, since LipidMatch does not include intensity 

in in-silico fragmentation libraries and does not include relative intensities in 

identification, criteria for identification will often be similar between instruments.  

After lipids are identified, they are assigned a number based on whether they are 

identified by class and fatty acyl constituents (1), by data-independent analysis (2), only 

by class (3), or only by precursor m/z without fragment matching (4) (Step 6, Figure 3-

5). If multiple lipids are identified for a single feature, the lipids are ranked by the 

summed intensity of all their fragments with in-silico fragment exact mass matches, 

including those not used for confirmation (Step 7, Figure 3-5). The final ranked lipid 
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identifications are appended onto the feature table, along with the lipid class and adduct 

of the top ranked lipid and summed fragment intensities for each identification.  

Benchmarking LipidMatch against other Open-Source Software  

Comparison of Lipid Software Features 

Table 3-2 compares features in LipidMatch, MS-DIAL, Greazy, and LipidSearch 

which can all be used to analyze UHPLC-HRMS/MS data. LipidMatch, MS-DIAL, and 

Greazy are open source, while a license must be purchased for LipidSearch. 

Currently, MS-DIAL and LipidSearch provide the most user-friendly interfaces 

and ease of use. In contrast to other UHPLC-HRMS/MS identification software, 

LipidMatch is completely written in R. Compared to the other lipid identification software 

written in middle level languages, such as C++, LipidMatch can take longer to run, 

especially for high resolution data. This is due to the slow speed of imbedded for-loops 

in R and the extensive LipidMatch libraries and hence large search space. While run 

time can be longer, LipidMatch can readily be integrated with diverse R tools and 

statistical packages available for mass spectrometry and omics-based studies 

Databases for lipid identification differ both in coverage and information type. For 

example, LipidMatch and Greazy databases contain only the exact m/z of precursor 

ions and fragment ions, while MS-DIAL and LipidSearch include simulated intensities. In 

addition, software such as MS-DIAL and LipidMatch contain static in-silico libraries, 

while libraries in Greazy are generated as the program is executed, based on the types 

of lipids and fatty acyl constituents the user specifies. While LipidMatch libraries are 

static excel files, as with all four software previously mentioned, the user can select 

which lipid types to query using LipidMatch, hence limiting searches only to biologically 

relevant or expected lipid types and reducing run time. LipidMatch libraries contain only 
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exact m/z values of precursors and fragment ions, making it relatively trivial for users to 

generate in-silico libraries and/or convert other databases to the LipidMatch library 

format. LipidMatch contains all lipid types in MS-DIAL 2.24, as well as LipidBlast release 

3 development libraries. With 56 lipid types, the LipidMatch in-silico libraries cover the 

greatest number of lipid types of any open source software to date, with MS-DIAL 

containing 34 lipid types, and Greazy containing 24 lipid types (Table 3-2).  

All four programs use different identification strategies. MS-DIAL and LipidSearch 

include intensity to rank lipid identification by a similarity score. Greazy includes a 

similarity score as well as a false discovery probability based on the total number of 

fragments observed, thus solely relying on m/z. Both LipidMatch and LipidSearch 

include rule-based identification, which allows correct annotation of lipid structure based 

on fragments observed (correct structural resolution). While all other open-source 

software sort identifications by similarity score, LipidMatch sorts lipid identifications by 

summed fragment intensity. For each lipid species identified, all expected fragment ions 

are summed (using the scan with the highest intensity for each fragment). Fragment 

ions to sum are determined from the in-silico fragment m/z values for that species and 

include fragments not necessary for lipid identification (for example the loss of the PC 

head group for PCs when the 184.0733 m/z PC fragment is observed). For each 

feature, the lipid ions are ranked from maximum to minimum summed intensity.  

LipidMatch ranking is based on the assumption that a feature often represents 

multiple lipid ions and that ranking is meant to determine the relative signal contribution 

of each lipid to the feature. In other software, by using similarity score, ranking is based 

on which lipid identification is most confident. While both ranking algorithms produce 
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similar results in many cases (see results and discussion), LipidMatch algorithm is 

designed based on a more accurate assumption of multiple co-eluting lipids sharing m/z 

values within the same accurate mass. In simple dot product matching, the algorithm is 

based on the assumption that the fragmentation spectra are solely based on the ion of 

interest. Any deviation from the predicted fragmentation spectra, such as additional high 

intensity fragment peaks from co-eluting isobaric species, will reduce the dot product 

score. Many lipids will not be identified due to co-eluting isobaric species adding more 

fragments to the spectra and hence reducing the dot product score. MS-DIAL has 

approached this issue by reducing the impact of peaks not contained in the in-silico 

fragmentation library on the modified dot-product score. Fragments from different 

species which overlap in exact mass, for example fatty acyl fragments from 18:0 in 

TG(18:0/18:0/18:0) and TG(16:0/18:0/20:0), will still decrease the modified dot-product 

score in MS-DIAL, and hence lead to false negatives.    

Ranking lipid identifications for a given feature is complicated by overlapping 

mass spectral fragments in LipidMatch as well. A number of problematic cases can 

arise. For example, for a given lipid type with high intensity fragments below the m/z 

cutoff, the ions-summed fragment intensity will be reduced compared to lipid species 

with the bulk intensity of fragments within the m/z range. Similarly, if high intensity 

fragments are missing from the in-silico library for a lipid type, these lipids will be 

artificially lowered in their ranking in terms of contribution to feature signal. In addition, 

shared fragment ions for some lipids will artificially inflate summed fragment intensity 

(Figure 3-6B) and fragment intensity will depend on the MS/MS scans proximity to a 
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given ions apex (Figure 3-6C). Similarity score matching, such as that used by MS-

DIAL, suffers similar problems.  

To determine the accuracy of lipid rankings and identifications using LipidMatch, 

identification of lipids in Red Cross plasma using LipidMatch was compared toMS-DIAL, 

and Greazy. Lipid software excluded for comparison included LipidSearch (Thermo 

Scientific), Lipidyzer (SCIEX), and SimLipid (PREMIER Biosoft), which are not open 

source software, and Alex [139], LipidXplorer [140], MS-LAMP [141], LIMSA [142], 

LOBSTAHS [143], Lipid Data Analyzer [144], LipidQA [145], and Lipid-Pro [146], which 

were not designed for UHPLC-HRMS/MS untargeted experiments. As stated previously, 

LipidMatch, MS-DIAL, and Greazy differ in lipid identification strategy; hence, the 

amount of features with the same identifications between LipidMatch and the other 

software platforms was used to assess the accuracy of the LipidMatch ranking 

algorithm. Further work, with spiked co-eluting standards sharing the same exact mass 

at varying concentrations would be helpful to further assess the ranking algorithm 

accuracy.  

A Case Study: Identification of Lipids in Red Cross Plasma 

LipidMatch, Greazy, and MS-DIAL were applied to five replicate injections of Red 

Cross blood plasma. Data was acquired in positive and negative polarity, using iterative 

exclusion [131] and data-dependent top 5 (ddMS2-top5) to acquire MS/MS 

fragmentation. Liquid chromatography and mass spectrometer parameters are shown in 

supplementary Table S2-1, Table S2-2, and Table S2-3. Identifications from all software 

were appended to the MZmine feature tables using the CombineSoftwareIDs.R script. 

Both the script, MZmine parameters (batch file), and an excel sheet with the resulting 

annotations of features across all 3 software (Table S3-3) are included in the 
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supplementary information. The script aligns features with similar m/z (10 ppm window 

used) and retention times (0.2 min window used) from two different peak picking or 

identification software. 

Compared to the other major open-source software platforms, such as MS-DIAL 

and Greazy, LipidMatch annotated more lipid ions. LipidMatch was used to identify 210 

lipid ions across 159 features and 15 lipid types in negative polarity. In positive ion 

mode, LipidMatch was used to annotate 5159 unique lipid ions across 1401 features 

and 26 lipid types. The large number of unique lipid ions in comparison to a smaller 

amount of identified features is due to overlap of co-eluting lipids sharing the same 

exact mass, allowing for multiple lipids identified for a given feature. It is important to 

note that annotations of class-specific fragments (as indicated by "3_" in Table S3-3), 

are significantly more tentative than identifications using fatty acyl fragments. This is 

especially true for choline containing lipid classes such as SM and PC, which share 

common fragments. For positive ion mode, 987 features were annotated with fatty acyl 

information. It is also important to note that in this study, we look at the number of lipid 

ions annotated, including multiple adducts for a given lipid species. When only unique 

lipid molecules were taken into account by manually removing redundant adducts and 

features, and identifications using only choline specific fragmentation were removed, a 

total of 728 features with unique lipid molecular annotations were identified by 

LipidMatch for this dataset, as has been published previously [131]. The curated 728 

lipid molecular identifications using LipidMatch is still significantly greater than the total 

lipid ions identified by MS-DIAL and Greazy combined. Table S3-3 includes all features 

identified in Red Cross plasma, with LipidMatch, MS-DIAL, and Greazy annotations. 
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MS-DIAL and Greazy identified 143 and 94 features in negative mode, 

respectively, and 411 and 180 features in positive mode, respectively. Lipid types 

identified, which were unique to LipidMatch, included oxidized species (151 across TG, 

PC, and LPC in positive polarity), plasmenyl and plasmanyl TGs (19 species in positive 

mode), sphingosines (2), sulfatides (1), and PI species in positive mode as ammonium 

adducts (18). It is important to note that many additional unique in-silico libraries exist in 

LipidMatch, for example cardiolipin as ammonium adducts, but these species are not 

observed in plasma samples. Bar graphs displaying the number of lipid species in each 

lipid type identified by LipidMatch, MS-DIAL, and Greazy, and overlapping 

identifications between software are shown in supplementary Figure S3-2 (negative 

polarity) and Figure S3-3 (positive polarity). In addition, pie charts showing the lipid 

types covered by LipidMatch are shown in Figure S3-4 (negative polarity) and Figure 

S3-5 (positive polarity).  

Since Greazy is limited to glycerophospholipid species, only 65 features in 

negative polarity and 68 features in positive polarity had identifications across all 

software. In negative polarity, 97% of these features had the same identification at the 

structural resolution of fatty acyl constituents across all 3 software platforms. In positive 

polarity, 71% of features with identifications across all software tested were the same. 

Note that plasmenyl and plasmanyl species with differences in one degree of 

unsaturation were considered the same identification due to minimal difference in 

MS/MS spectra. The greater discrepancy in identifications in positive mode is most 

likely to do to the low abundance of acyl chain fragments for glycerophospholipids in 

positive mode, thus making identification by fatty acyl constituents difficult. At the 
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structural resolution of lipid class and total carbons and double bonds, 94% of features 

contained the same identifications across all 3 software platforms in positive polarity, 

and 100% of features were identified the same in negative polarity.  

Of all lipid types identified by both MS-DIAL and LipidMatch, TGs had the most 

discrepancy. Of the 136 features identified as TGs by both LipidMatch and MS-DIAL 

(both sodiated and ammoniated forms), 100% of the top hits were the same at the 

structural resolution of total carbons and degrees of unsaturation, but only 61% of the 

top hits were the same at the structural resolution of fatty acyl constituents. TG 

identification is complicated by the number of co-eluting isomers, for example, 

LipidMatch identified over 20 co-eluting TG isomers for a number of features. These co-

eluting isomers can share one or more fatty acyl constituents, and therefore share 

common fragments, further complicating identification.  

LipidMatch had a significant number of lipid identifications by fatty acyl 

constituents corroborated by at least one other software, suggesting that LipidMatch 

identification and the ranking strategy results in similar identifications for 

glycerophospholipid species compared to other identification algorithms. For the 68 

features identified by all software in positive polarity, 92% of identifications by 

LipidMatch were corroborated by at least one other software. MS-DIAL and Greazy had 

86% and 84% of identifications corroborated for these features by at least one other 

software, respectively. In negative polarity, 98% of LipidMatch identifications (all except 

one) were corroborated by at least one other software, with MS-DIAL having 98% 

identifications corroborated and Greazy having 100% of identifications corroborated. 
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Conclusion: LipidMatch is a Flexible, Comprehensive, and Accurate Annotation 
Software 

LipidMatch is a freely available tool with the potential to be incorporated into a 

diverse range of lipidomics workflows, including imaging, direct-infusion, and LC-MS/MS 

experiments with both low and high mass resolution. For LC-MS/MS workflows, 

LipidMatch can be used with any feature processing software, such as MZMine, XCMS, 

or MS-DIAL. LipidMatch contains the greatest diversity in lipid types of any current 

open-source software platform and a unique rule-based strategy for identification and 

summed fragment intensity based strategy for ranking top hits. Compared to other 

software, LipidMatch is highly customizable. For example, users can select which 

fragments are necessary for confirmation and develop their own fragmentation libraries 

in Excel. Additional tools allow the user to pool results from multiple identification 

software platforms into one feature table. Compared to MS-DIAL and Greazy, 

LipidMatch was found to provide the most lipid identifications for Red Cross plasma. For 

features with identifications using all 3 software platforms, identifications were 

comparable at the level of fatty acid constituents. 92% and 98% of LipidMatch 

identifications were corroborated by at least one of the other software platforms in 

positive and negative mode, respectively. 
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Table 3-1: Structural resolution and annotation of lipids using mass spectrometry 

Structural Resolution Annotation 

Carbons and Double Bonds PC(34:2) 

Fatty Acyl Constituents PC(16:0_18:2) 

Positional Isomers PC(16:0/18:2) 

Double Bond Position PC(16:0/18:2(10,12)) 

Double Bond Cis/Trans PC(16:0/18:2(10E,12Z)) 

Stereochemistry PC(16:0/18:2(10E,12Z)[R]) 
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Table 3-2. Comparison of lipid identification software.  

  LipidMatch MS-DIAL GREAZY LipidSearch 4.1 

Identification (ID) Strategy* Rules Similarity Similarity 
Rules and 
Similarity 

Fragment Intensity for ID* Yes (ranking) Yes No Yes 

in-silico Library (Types) 56 34 24 59 

User Developed  Libraries Yes Difficult Difficult Difficult 

Programming Language R C# C++ Java 

Restrictions None None None License 

Multiple Vendor Formats Yes (.ms2) Yes (.abf) Yes (.mzML) Yes  

Data Independent Analysis** Yes Yes No No 

MS3 analysis No No No Yes 

Multiple Hits in Final Report Yes (ranked) No No Yes (ranked) 

Structural Resolution Correct Over Reports Over Reports Correct 

Identifiers (eg. LipidMaps) No Yes No No 

Computational time (HR data) Slow Medium Fast Fast 

Employs False Discovery No No Yes No 

Note that in determining total types of lipids contained in each software’s in-silico library all ether 
linked lipids contained were considered two types (plasmenyl and plasmanyl) and all oxidized 
lipids contained across numerous classes were considered one lipid type 
*Please read text for further information 
**Not discussed in-depth in this manuscript. LipidMatch can be applied to AIF data independent 
analysis (currently only supports Thermo files), while MS-DIAL can be applied to AIF and 
SWATH approaches 
***Correct reporting of structural resolution means that lipids are annotated only at the level of 
structure known based on fragmentation 

  



 

104 

 

Figure 3-1. Annotation of a phosphatidylcholine (PC) species outlining how to annotate 
each structural detail of glycerophospholipids. The lipid is annotated using 
Lipid Maps nomenclature based off of International Union of Pure and Applied 
Chemists and the International Union of Biochemistry and Molecular Biology 
(IUPAC-IUBMB) Commission on Biochemical Nomenclature. The [R] 
conformation is often not indicated in annotation, while [S], being the less 
common form, is specifically referred to.  

 

 

Figure 3-2. General structure for plasmanyl and plasmenyl phospholipid species 
containing a glycerol backbone
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Figure 3-3. Options for open source software integration with LipidMatch in a lipidomics 

data processing workflow. Acquisition modes for fragmentation which can be 
used to annotate lipids with LipidMatch include data-dependent analysis 
(DDA) and data-independent analysis (DIA) for both direct infusion and liquid 
chromatography (LC) tandem mass spectrometry (MS/MS) approaches. 

 
Figure 3-4. Workflow for using LipidMatch, with input and output folder structure and 

files. Green boxes represent .csv files, dark blue boxes represent open 
source MS2 files (.ms2), and filled light blue boxes represent folders. Three 
stacked boxes represent that multiple files are allowed or generated.  The 
subfolders (brain, heart, and plasma) are examples, these folders can be for 
any biological substrate. In addition if only one biological substrate is 
analyzed, only the main directory folder is needed. In the outputs generated 
by LipidMatch each subfolder contains an output folder as depicted above.  
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Figure 3-5. Simplified flow diagram of LipidMatch operations. The steps for identification 

of the feature at m/z 850.5604 and retention time (RT) 5.92 as formate 
adducts of PC(16:0_22:6) and PC(18:2_20:4) are shown as an example in 
grey boxes for each step. Note that the number of lipid identifications and 
fragments queried in the example are reduced significantly for illustration 
purposes. For Step 5, R1COO- and R2COO- were required for identification 
above an intensity threshold of 1000 in at least one scan across the peak.  



 

107 

 
Figure 3-6. Problematic cases which can arise when ranking lipids by the sum of 

fragment intensities. The first panel a) represents a case were lipids are 
accurately ranked (far right) based on the areas under the peak (far left).  It 
also show that even in this case, the precursor intensity doesn’t reflect a 
single intensity, but a sum of the intensity of all precursor isomers (middle). In 
panel b) two lipids (blue and light green) share a high intensity fragment with 
the same m/z (middle), inflating their intensity values leading to false ranking 
(far right). In panel c) the MS/MS scan misses the apex of the lipid with a blue 
trace, and hence the summed intensity for the blue trace is reduced. 
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CHAPTER 4 
ANNOTATION AND QUANTIFICATION OF LIPIDS USING AN OPEN SOURCE LC-

HRMS/MS WORKFLOW AND LIPIDMATCH QUANT3 

Relative Quantification in Lipidomics 

Lipids diverse biological roles are achieved through the vast heterogeneity and 

complexity in lipid structure, distribution, and concentration. For example, individual 

lipids can differ by over six orders of magnitude in concentration [147], while chemical 

and physical properties can vary in polarity, structural orientation, and charge state 

(e.g., charged, zwitterionic, and neutral lipid species). Advances in mass spectrometry 

and the advent of electrospray ionization (ESI) has enabled researchers to begin to 

detect this wide diversity of lipids; however, quantification of these detected lipids is 

challenging due to their dynamic range and breadth of chemical properties.  

For quantification in lipidomics, either relative or absolute quantification can be 

performed. Absolute quantification typically employs matrix-matched external calibration 

curves and/or isotopically labeled internal standards for each lipid quantified. This 

quantitative approach has limited application to untargeted lipidomics analyses due to 

the enormous diversity of the lipidome, limited availability of appropriate standards to 

cover this diversity, and the cost associated with purchasing hundreds of standards. 

Relative quantification is often sufficient where relative changes are of concern, for 

example between diseased and control populations [75]. Relative quantification, which 

does not employ a calibration curve, and involves the addition of a smaller set of 

internal standards representative of the classes of lipids analyzed, is the most 

commonly used approach for quantification in untargeted lipidomics experiments. 

                                            
Submitted to Journal of the American Society for Mass Spectrometry 



 

109 

The selection of the most appropriate internal standard to best represent a lipid 

feature can be challenging. The dynamic range, ionization efficiency, and specificity, 

which are all important for quantification, can differ depending on the lipid molecule’s 

structure, more specifically lipid class, degrees of unsaturation, and number of carbons 

in fatty acyl constituents. Lipid class generally has the greatest effect on ionization 

efficiency. Previous reports have shown that lipid internal standards spiked into samples 

at the same concentration have orders of magnitude differences in intensities across 

different classes [148]. Therefore, lipids should generally be quantified using standards 

from the same lipid class. To account for the number of carbons and degrees of 

unsaturation in fatty acyl constituents, which both lead to an increase in ionization 

efficiency [148], two or more lipid standards per class, each with different carbons and 

degrees of unsaturation is suggested for polar lipids [149]. For neutral lipids, where fatty 

acids play a greater role in ionization efficiencies, response curves based on a wide 

range of internal standards is often employed. The differences in carbons are often a 

more significant contributor to ionization efficiency than that of unsaturation at low 

concentrations, while at high lipid concentrations the effect of unsaturation on ionization 

efficiency becomes more pronounced [148].  

In addition to lipid structure, overlapping chromatograms, ion suppression, large 

dynamic ranges in lipid concentration, extraction procedure [149], and other 

methodological and instrumental factors can affect the amount of lipid signal observed. 

Ultra-high performance liquid chromatography (UHPLC) and high-resolution mass 

spectrometry (HRMS) can be employed to increase specificity. HRMS reduces the 

overlap of mass spectral peaks from isobars, resulting in a decrease in residual 
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standard deviations of measurements and more accurate peak integrations, which are 

used for more accurate quantification [150].  Chromatography also reduces the 

possibility of peak overlap by adding an orthogonal dimension of separation, and can 

reduce ion suppression by separating lipid classes and species, reducing the probability 

of high abundant lipid classes suppressing low abundant lipid classes [149].  

In summary, the best choice of lipid internal standards are those that are lipid 

class representative and elute at similar retention times to the analytes of interest. 

Manually selecting representative spiked internal standards and the associated lipid 

analytes to quantify and applying the algorithm for quantification can be a tedious 

process prone to human error, especially with lists containing hundreds of lipid species. 

Automation of the quantification process can lead to increased throughput, a reduction 

in errors, and harmonization of quantification methods within the lipidomics community. 

Therefore, we developed LipidMatch Quant (LMQ), which can be integrated in an open 

source workflow to select the most appropriate internal standards for quantification 

within acquired LC-HRMS data. While numerous open source quantification software for 

direct infusion based lipidomics currently exists [139, 140, 145, 151], to our knowledge, 

Lipid Data Analyzer (LDA) [144, 152] is the only open source quantification software for 

LC-based lipidomics using class representative lipid standards to return units of 

concentration. LMQ differs from LDA and commercial lipid quantification software such 

as LipidSearch (Thermo Scientific), SimLipid (PREMIER Biosoft), and Lipidyzer 

(SCIEX), in that it was built to be integrated into workflows using any combination of 

peak picking and peak annotation software. For example lipids can be quantified using 

LMQ and outputs from MS-DIAL [128], LipidSearch, or LipidMatch [153], with little to no 
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modification. In addition, the LMQ algorithm for selecting internal standards for feature 

quantification is unique; accounting for both ion suppression effects by matching 

individual lipid species to lipid internal standards with the closest retention time and 

ionization efficiencies by matching lipids to internal standards by lipid class and adduct.  

The effect of lipid structure on quantification has been investigated previously 

[56, 149, 150, 154], while to our knowledge the effect of different data processing 

strategies and adducts utilized on final concentrations has not been examined 

thoroughly in UHPLC-HRMS experiments. Therefore, we investigated different data 

processing methods (peak area versus peak height, smoothing versus not smoothing) 

and utilization of different ions and polarities for lipid quantification using LMQ. 

Investigating the effect of various aspects of the lipidomics workflows on quantification 

using open source tools available to the wider community is an important step in 

validating the utility and establishing community wide protocols for relative quantification 

in lipidomics.   

Methods: Lipidomics Workflow and LipidMatch Quant Implementation 

Lipid Extraction and Data Acquisition 

Lipids were isolated from 40 µL of National Institute for Standards and 

Technology (NIST) standard reference material (SRM 1950) Metabolites in Frozen 

Human Plasma [155]. Lipid internal standards were  purchased from Avanti Lipids 

(Alabaster, AL), which included lysophosphatidylcholine (LPC (19:0)), 

phosphatidylcholine (PC (17:0/17:0)), phosphatidylglycerol (PG (17:0/17:0)), 

phosphatidylethanolamine (PE (17:0/17:0)), phosphatidylserine (PS (17:0/17:0)), 

triglyceride (TG (15:0/15:0/15:0)), ceramide (Cer (d18:1/17:0)), and sphingomyelin (SM 

(d18:1/17:0)), were spiked into the plasma at 1.4 nmol, 0.92 nmol, 0.93 nmol, 0.97 
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nmol, 0.92 nmol, 0.26 nmol, 1.3 nmol, and 0.98 nmol, respectively. The extraction was 

performed using the Matyash method [156] and samples were reconstituted in 40 µL of 

isopropanol.  

Samples were injected onto a Waters (Milford, MA) BEH C18 UHPLC column (50 

x 2.1 mm, 1.7 µm) held at 50 °C with mobile phase A consisting of acetonitrile:water 

(60:40, v:v) with 10 mM ammonium formate and 0.1% formic acid and mobile phase B 

consisting of isopropanol:acetonitrile:water (90:8:2) with 10 mM ammonium formate and 

0.1% formic acid at a flow rate of 0.5 mL/min. A Dionex Ultimate 3000 RS UHLPC 

system (Thermo Scientific, San Jose, CA) coupled to a Thermo Q-Exactive mass 

spectrometer (San Jose, CA) was employed for data acquisition. Three replicate 

injections were run in both positive and negative polarity employing alternating full and 

all-ion fragmentation (AIF) scans at a resolution of 70,000. In addition, 15 injections 

employing targeted MS/MS data acquisition were performed, with the inclusion list for 

fragmentation containing lipids identified by the LIPID MAPS consortium [102]. The ion 

optic settings for the mass spectrometer included: analyzer temperature of 30 °C and S-

Lens radio frequency level of 35 V. The ionization conditions included a sheath gas flow 

of 30, auxiliary gas flow of 5, and sweep gas flow of 1 arbitrary units, and a spray 

voltage of 3.5 kV, and capillary temperature of 250 °C.  For positive ion mode, lock 

masses of diisooctyl phthalate (m/z 391.2842) and polysiloxanes (m/z 371.1012 and 

445.1200) were used, while no lock masses were used in negative ion mode. Both AIF 

and targeted MS/MS injections were used for lipid identification, while full scan data 

were used for feature finding and quantification. The UHPLC gradient use in this 
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experiment is shown in Table S4-1, while the mass spectrometric parameters are 

shown in Table S4-2.  

Data Processing 

The open source data processing workflow for lipidomics is shown in Figure 4-1. 

The first step in the workflow is feature finding using MZmine 2 [100], followed by 

annotation with LipidMatch [153], blank feature filtering (BFF), and quantification by 

LipidMatch Quant (LMQ). Note that LMQ can be employed with any feature finding and 

lipid identification software.  

A two-step process was used for feature detection. First features and their 

respective m/z, retention time, and peak heights across samples were detected using 

an MZmine workflow consisting of mass detection, chromatogram building, 

chromatogram deconvolution using local minimum, isotopic peak grouping, and 

alignment and gap filling of features (the batch mode is in the supplemental 

2017_9_11_LMQ_Software.zip file; 2017_8_01_MZMine_Batch_Step1.xml). This step 

is untargeted, in that no information on expected peaks is utilized. In this work, the 

untargeted step for feature detection included a blank sample and three replicate 

injections of SRM 1950 in both positive and negative polarity. The resulting feature table 

from the untargeted step was filtered using a modified blank feature filtering (BFF) 

approach, where the minimum intensity of the replicate injections had to be at least five 

fold greater than the blank intensity. The BFF method dramatically reduces the number 

of peaks which are not from biological origin. 

After filtering, the median peak height and peak retention time from the SRM 

1950 replicate injections were used to develop a targeted peak list.  In the second step, 

a targeted list of peak m/z and retention time values was generated from the previous 
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step, and the internal standard m/z values and retention time values were appended to 

this list. An MZmine workflow consisting of mass detection, targeted peak detection, 

chromatogram deconvolution, alignment, and gap filling was used (the batch mode is in 

the supplemental 2017_9_11_LMQ_Software.zip 

file;2017_8_01_MZMine_Batch_Step1.xml). 

Reprocessing the data using a targeted peak list determined from a smaller 

sample set has two advantages, especially for application to larger datasets. One 

advantage is that this workflow significantly reduces data processing time for large 

datasets, while the other advantage is that peak picking and integration using a targeted 

peak list is more consistent across samples than aligning features from an untargeted 

workflow. For example, if there are six pooled samples which should be representative 

of the features present in 100 samples, these pooled samples are the only samples that 

need to be run through the initial MZmine workflow. Then a target list can be generated 

after blank filtration and subsequently used to target features across all 100 samples. 

Note that in this study only three samples were analyzed, and hence all samples were 

used to determine the targeted peak list. The median of retention time and m/z values 

across all samples was used rather than the average, as often overlapping peaks lead 

to average m/z and retention time values which are actually between the two peaks and 

neither represents the first or second peak. For cases in which there are odd sample 

numbers, the median will always represent the location of a true peak. For cases in 

which there are  even sample numbers, the median will represent the average of two 

peaks and therefore the value at the ith position of the ranked values can be used, 

where i = n/2, and n is the total number of samples. 
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Once the final peak list with retention time, m/z, peak area, and peak heights 

were obtained, the data were annotated using LipidMatch (Figure 4-1). LipidMatch [153] 

identification was performed using all ion fragmentation data (AIF) and targeted MS/MS 

data acquisition using precursor ions from lipids determined by the LIPID MAPS 

consortium [102].  If multiple lipids are annotated for a single feature, the lipid 

annotations are then ranked by the sum of fragment intensity. The annotated feature 

table was further reduced to molecular species in positive and negative ion mode by 

selecting the top most abundant ions for features with the same molecular lipid (this was 

performed using the Excel "highlight duplicate" and sort functions). 

The finalized feature tables with unique lipid molecular species was uploaded 

into LipidMatch Quant (LMQ) for quantification. A table containing the internal standard 

name and corresponding concentrations (nmol lipid per mL plasma) was created and 

uploaded. 

LMQ User Workflow 

The LMQ software requires two comma separated values (.csv) files as input for 

proper operation. The first required file is a feature table with the following content for 

each feature: (1) peak height or peak area, (2) lipid annotation, (3) lipid class, (4) lipid 

adduct, (5) retention time, and (6) m/z. The second required file is an internal standard 

sheet, which lists the names of all internal standards added, their concentrations, 

retention time, and m/z for each adduct. The names of the internal standards can be in 

any format familiar to the user. Examples and templates of the two input tables can be 

found in the LipidMatch Quant zip file available at <http://secim.ufl.edu/secim-tools/> 

and in the supplemental information (2017_9_11_LMQ_Software.zip). 
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The user can easily generate the m/z of the adducts expected for each lipid 

internal standard using only the internal standard name, with a separate tool, 

LipidPioneer [157].  The user then specifies which internal standard will be used for 

each lipid class in the internal standard sheet. Note that multiple lipid classes can be 

represented by a single internal standard in the internal standard sheet. For example in 

this work, we included the following lipid classes to be quantified by PC(17:0/17:0): PC, 

Plasmanyl-PC, Plasmenyl-PC, and OxPC (oxidized phosphatidylcholine). We chose to 

represent ether-linked species using a non-ether-linked internal standard, as it has been 

shown that ether linked glycerophospholipids have the same response factor to their 

non-ether linked counterparts [154]. This internal standards sheet can be used for later 

experiments if the same internal standards and chromatographic conditions are 

employed (and there is no retention time drift). 

After opening and running the R script in the LipidMatch zip file, popup boxes 

prompt the user to select the working directory folder for all files (feature table and 

internal standards sheet). The user is then instructed to select the feature table and the 

internal standard sheet. The user completes a series of input boxes, inputting the 

location of the columns for m/z, retention time, lipid class, lipid adduct in the feature 

table, and the row in which data starts. By not predefining the format of the feature 

table, users can utilize various peak picking and lipid annotation software and directly, 

or with minor modification, apply LMQ. Other user inputs include retention time and m/z 

tolerances, which are used for locating features representing the internal standards in 

the feature table using the retention time and m/z values supplied in the internal 

standard sheet. 
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The software outputs a ‘standardsfound.csv’ (all identified internal standards) and 

‘[input_sheet_name]_Quant.csv’ (feature table with concentrations) file in .csv format. 

LMQ outputs a list of all internal standards that were identified in the feature table using 

the internal standards sheet. In addition, the feature table, with quantified values and 

appended columns containing internal standard information, is created. Each feature 

includes columns containing information regarding which internal standard ion 

(molecular species and adduct) was used and a scoring column which allows the user 

to see how well the internal standard represents the analyte. Lipids quantified using a 

score of 2 or 3, should be used only with great caution, as internal standards which 

match the lipid class of the feature were not found. Since lipid class significantly affects 

ionization efficiencies, these standards only take into account ion suppression, but not 

ionization efficiencies. An output table for LMQ can be found in the LMQ supplementary 

zip file. 

LMQ Algorithm  

A schematic of the LMQ algorithm is shown in Figure 4-2. The LMQ algorithm 

incorporates a scoring based approach to classify internal standards selected for each 

feature. A lower score indicates better representation of the feature by the internal 

standard while a higher score indicates poorer representation (with scores of 1, 2, and 

3). For each feature, the LMQ algorithm associates the appropriate internal standard 

detected. If the feature and internal standard adduct and class match, the feature is 

scored as a 1. If the current feature class does not match any of the internal standard 

lipid classes, but the same adduct is found for an internal standard representing a 

different lipid class, a score of 2 is given. If no internal standard is found for a feature 

with a matching adduct or class, a score of 3 is given (Figure 4-2). 
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It is important to note that multiple internal standards can be provided for a single 

lipid class. In this case, the internal standard with the closest retention time is used for 

each feature of the respective lipid class. Since retention time correlates with saturation 

and carbons in the lipid fatty acyl constituents, this will in part account for different 

ionization efficiencies due to these structural differences. More importantly, ion 

suppression can vary across retention time, and therefore using multiple internal 

standards can better account for these differences in ion suppression. If multiple 

standards are found using score 2 or 3,  the one with the closest retention time to the 

average retention time for the entire lipid class and specific adduct is used to quantify all 

lipids with the class and adduct. 

Comparison of Quantification Using Different Data Processing Methods and 
Different Ions 

Different data processing methods and ions were used for quantification to 

determine which methods had the greatest effect on the final quantitative values. The 

comparisons were: smoothing versus no smoothing (smoothing set to 15 in MZmine), 

peak height versus peak area, quantification with negative versus positive ions, and 

quantification on [M+Na]+ adducts versus the major precursor ion. The [M+Na]+ adducts 

were chosen because for the majority of lipids in positive ion mode an [M+Na]+ peak is 

present, and hence may affect quantification through competitive ionization. For 

comparison of similarity, the slope and r2 of linear correlations on the log10 value 

obtained between the two comparative methods were used. In addition, Bland-Altman 

type plots [158] were used to determine the relative percent difference in concentrations 

using two different methods or ions for quantification. A distinction was that instead of 

normalizing to the average, as is traditionally done for calculating percent difference to 
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be visualized in Bland-Altman plots [159], the differences were normalized to the 

minimum values (hence giving a percent increase from the minimum value). When 

differences are normalized to the average, the absolute relative percent difference 

plotted against the fold change (fold changes greater than 1) is non-linear and 

asymptotic to 200 %, while the relative percent difference, calculated by normalization 

to the minimum, is linear as compared to fold change and hence is easier to interpret 

(Supplemental Figure S4-1). The equation used to calculate relative percent difference 

is shown below: 

 
𝑅𝑒𝑙𝑎𝑡𝑖𝑣e 𝑝𝑒𝑟𝑐𝑒𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =

𝑥 − 𝑦

min (𝑥, 𝑦)
×  100 

Where x and y represent concentrations calculated using 
different methods or ions 

(4-1) 

 

For comparison of overall deviation between measurements, the absolute value 

of x-y was taken in the formula above. In this case, if relative percent differences were 

at or below 50 % using modified Equation 4-1, the results were considered similar (for 

example, 0.5 nmol/mL and 0.75 nmol/mL), while a relative percent difference above 50 

% was not considered similar. A sign test was used to determine whether the 

quantitative values using different methods or ions provided significantly similar results 

(less than or equal to 50 % difference) across the majority of features or significantly 

different results (greater than 50 % difference). For example, if 90 out of 100 

concentrations calculated using two different methods had equal to or less than 50 % 

difference, they would be considered to generally provide similar results as corroborated 

by the sign test p-value of 0.01; while if 90 out of 100 calculated concentrations were 
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different by over 50 % they would be considered to generally provide different results as 

corroborated by the sign test p-value of 0.01.  

Precision of quantification using different methods or ions for replicate injections 

was determined using relative standard deviation (RSD). A sign test was used to 

determine whether features tended to have higher RSDs in one methodology compared 

to another.  

Results and Discussion: Coverage by AIF and Comparison of Data-Processing 
Methods on Lipid Concentration Calculated 

A table showing a comparison of available lipid quantification software used to 

process data from UHPLC-HRMS/MS workflows is shown in Table 4-1. To our 

knowledge, LMQ and LDA are the only software programs which are both open-source 

and can employ class representative quantification using internal standards. While LDA 

is a full solution, from feature detection to quantification, LMQ can more easily be 

integrated into workflows, leveraging other open source tools, for example MZmine and 

LipidMatch, as employed in this manuscript. Peak picking and lipid annotation can be 

performed with various software, and parameter optimization can be application, 

instrument, and workflow specific. Therefore, by integrating LMQ into a larger open 

source or proprietary lipidomics workflow, users do not need to validate and optimize 

new peak picking and annotation strategies. The only requirements are a separate 

column in the feature table for lipid retention time, m/z, class, and adduct. This can be 

obtained using the text to columns function in Excel if the information is not separated in 

the native output format.  

A total of 129 unique lipid molecular species across 16 lipid types were identified 

in negative ion mode, of which 122 had appropriate internal standards for quantification 
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(with phosphatidylinositol not having a class specific internal standard). In positive ion 

mode 225 unique lipid molecular species across 20 lipid types were identified, with 185 

quantified using appropriate class representative internal standards. The output tables 

with concentrations calculated for SRM 1950 data acquired in positive and negative 

mode using LMQ and peak areas can be found in the supplementary 

2017_9_11_LMQ_Software.zip file under Example_Files. These outputs are the .csv 

files generated via LMQ, and include the LMQ quantification score, and the internal 

standard species and adduct used for quantification for each feature. Annotations in 

column 9 of the tables were obtained from LipidMatch, with an annotation beginning 

with "1_" representing identifications by targeted MS/MS, and "2_" by AIF. The majority 

of annotations were obtained using all ion fragmentation (AIF), with the remainder 

identified using targeted MS/MS. 

In AIF, the precursor-fragment relationship is lost due to the wide isolation 

window, which allows all ions within the m/z range of interest to be fragmented. This can 

lead to a drastic increase in false positives. LipidMatch filters fragments using a 

correlation cutoff obtained from a linear regression of the elution profile of the precursor 

against the fragment ions. This AIF algorithm is advantageous in correctly annotating 

closely eluting peaks, as compared to using data-dependent scans (Supplemental 

Figure S4-2). Due to the high number of fragmentation scans in AIF for any precursor, 

the elution profile of the reconstructed mass chromatogram of the fragment specific to 

one overlapping isomer, but not the other, can be used to annotate the closely eluting 

peaks (Figure S4-2). Example elution profiles of precursors and respective fragments 

are shown in Figure 4-3 for PC(16:0_20:4) and PC(18:2_20:4) identified in positive and 
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negative ion mode. For PC(16:0_20:4) all precursor and fragment peaks elute with a 

similar profile at 7.6 minutes, while for PC(18:2_20:4) all precursors and fragments elute 

with a similar profile at 7.1 minutes. Overlapping elution profiles in the AIF reconstructed 

mass chromatograms are due to numerous lipids of different precursor mass containing 

the same fatty acyl constituents. For example, note that the shared arachidonic acid 

(20:4) leads to the same fragmentation elution profile for NL R1COOH, LPC(R2)+H, and 

R2COO- in Figure 4-3. This indicates why it is important to employ correlation of elution 

profiles of precursors and fragments in AIF to reconstruct the precursor-fragment 

relationship, rather than only identifying lipids based on the occurrence of their 

respective fragments in the retention time region they elute. 

Of all lipids identified in negative ion mode, 98 features were uniquely identified 

by AIF, 20 uniquely identified using target MS/MS, and 11 identified by both AIF and the 

targeted MS/MS. In positive ion mode, 85 features were uniquely identified by AIF, 88 

by targeted MS/MS, and 52 by both. Of the features annotated both by AIF and targeted 

MS/MS, 100 % had the same annotation (top ranked, considering plasmenyl and 

plasmanyl species differing by one saturation the same) in negative ion mode, and 87 % 

had the same annotation in positive ion mode. Of those in positive ion mode with 

differing annotations between AIF and targeted MS/MS, the annotations only differed by 

fatty acid composition, not by lipid class and total carbons and degrees of unsaturations. 

The majority (6 of 7) of the features with differing annotations using AIF versus targeted 

MS/MS were annotated as TGs, which are known to be difficult to annotate due to 

significant overlap of isomers in the retention time regime.  These results suggest that 

annotation of AIF data using LipidMatch provides similar results to traditional MS/MS 
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approaches, and has low false positives, especially at the level of sum composition and 

lipid class. 

A table of features annotated with unique molecular lipids, their quantitative 

values, and the internal standards used for each feature, can be found in the 

supplementary zip file containing the LMQ software. Comparisons of the concentrations 

calculated using different ions and data processing strategies were made for each of the 

quantified lipids. For the comparison of different ions and polarities, only those lipid 

molecules which were represented by both ions, or both polarities, were used. 

Different data processing methodologies and ions for quantification were 

compared in terms of final concentrations, as well as each method’s precision in 

measuring three replicate injections. The quantification comparisons were as follows: 

(1) smoothed versus non-smoothed peak heights, (2) smoothed versus non-smoothed 

peak areas, (3) peak area versus peak height, (4) negative versus positive polarity 

(peak areas), and (5) major adducts versus sodium adducts (peak areas). The number 

of features used for each comparison, percent difference, and log two of the fold 

change, are summarized in Supplementary Table S4-3. Comparisons of smoothed 

versus non-smoothed peak heights, peak area versus peak height, and quantification 

on positive versus negative ions, all had an r2 above 0.9 and slopes about equal to 1 in 

log-log plots shown in Figure 4-4. In addition, a significant proportion of relative percent 

differences were at or lower than 50 % for comparisons (Figure 4-5), with p-values of a 

two-sided sign test less than p < 0.05. Smoothing had the least impact on final 

concentration, with none of the 185 lipids above 50 % difference, and only two above 25 

% difference.  Peak height versus peak area also provided relatively similar 
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concentrations with only about 13 % of the 185 lipids above 50 % difference. Of these 

three comparisons, polarity had the greatest effect on concentration, with 25 % of lipids 

having percent differences above 50 % (in this case only lipids common between 

polarities were utilized). This has major implications for which polarity is chosen as 

"correct" for a given set of lipids, with the greater concentration not always correct for a 

host of reasons. For example the greater intensity or concentration for one adduct over 

another could be due to overlap of similar peaks, not because of better ionization 

efficiency.  

For comparisons of peak area versus height, the greatest percent difference was 

for triglycerides, with concentrations calculated in peak area much greater than those 

calculated by peak height. For ten of the triglycerides, the concentrations calculated 

using peak area were more than 2-fold higher than those calculated by peak height 

(over 100 % percent difference; Figure 4-5B). A closer look at extracted ion 

chromatograms (EICs) and integration using MZmine 2 of these peaks showed a 

common trend (Figure 4-6). For the triglycerides with minimal difference between peak 

height and peak area (less than 5 % in Figure 4-6B and supplementary Figure S4-3B), 

the peaks were well defined (Gaussian shaped and baseline resolved) without any 

visual overlap. For the triglycerides with major differences between peak height and 

peak area (over 100 % in Figure 4-6A and Supplemental Figure S4-3A), there were 

overlapping isomers without complete deconvolution. Therefore, the integration of 

multiple overlapping isomers as one peak (improper deconvolution and/or poor 

chromatographic separation) was the major cause explaining why concentrations 

calculated using peak areas were much greater than those using peak height. In 
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addition, the number of isomers integrated as one peak varied across samples (Figure 

4-6A and Supplemental Figure S4-3A). This led to a large variation in concentrations 

calculated using peak areas in the case of overlapping peaks, and hence using peak 

height in lipidomics may be advantageous when a large portion of isomeric peaks 

overlap in retention time. 

The majority of lipid concentrations calculated in positive and negative polarity 

differed by less than 50 %. For those which differed by more than 50 %, there was no 

clear trend in EICs. For example, the EICs of PC(16:0_20:5) and PC(18:0_20:4) had 

similar elution profiles between species and as protonated and formate ions 

(Supplemental Figure S4-4). While EICs looked similar, concentrations calculated in 

negative and positive polarity for PC(16:0_20:5) differed by over 2-fold (over 100 %), 

while for PC(18:0_20:4) concentrations differed by less than 10 %. This data suggest 

that certain species may have very different ionization efficiencies compared to the 

internal standard and response curves for negative and positive polarity, while others do 

not. Indeed, Zacarias et al. [154] showed non-linearity in intensity versus concentration 

in negative ion mode irrespective of instrumental parameters, while lipid intensity versus 

concentration in positive ion mode was relatively linear in comparison. 

While adducts determined in negative ion polarity correlated well and gave 

similar quantitative values as adducts in positive polarity, sodiated adducts gave very 

different concentrations (Figure 4-5D) and did not correlate with their corresponding 

adducts in positive polarity (Figure 4-4D). For comparison of quantification using major 

ions versus sodium ions, a targeted list for sodium was developed by copying retention 

times and changing the masses of the [M+H]+ and [M+NH4]+ ions detected. This 
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conversion of protonated and ammoniated species to a sodiated m/z was automated by 

pasting the molecular species into LipidPioneer [157]. The targeted peak list was then 

uploaded and the data were reprocessed using MZmine as described in the methods 

section. No trends were observed in EICs between sodiated species and their 

corresponding adducts ([M+H]+ or [M+NH4]+). This is potentially due to sodium not being 

added to solution, and hence concentrations of sodiated species could be impacted by 

the number of sodium ions dissolved in the mobile phase at the point of elution, the 

number of competing ions forming sodiated species, co-eluting isomers, and the 

concentration of the analyte. As shown by lack of correlation to major adducts, the 

concentration of analyte seems to be a minimal factor in the intensity of sodium adducts 

of the analyte. It is possible that adding signal intensities of all adducts for the same 

molecular species and the associated standard could improve quantification. When 

adding [M+Na]+ to [M+H]+, there was a slight increase in the relative percent difference 

between the concentrations calculated in positive ion mode compared to negative ion 

mode for LPCs and PCs and a significant decrease in the percent difference for 

ceramides. But due to the instability of the sodium adducts intensities across injections, 

it is not recommended to include them in calculations of concentration, and hence we 

recommend removal of sodiated features from the dataset for quantitative analysis. 

In addition to the overall difference between concentrations calculated using 

different data-processing methods and ions, the residual standard deviation (RSD) 

between three replicate injections of SRM 1950 was calculated for each method. For all 

methods, the average RSD was less than 20 % (Table 4-2). Concentrations calculated 

using positive polarity, peak area, and non-smoothed data were more reproducible 
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across multiple injections when compared to concentrations calculated using  negative 

polarity, peak height, and smoothed data, respectively, as indicated by a two-tailed sign 

test and lower RSDs (Table 4-2). These results may not be generalizable to all datasets 

and workflows, and further experiments should be done comparing the effect of these 

parameters on RSD. 

Conclusions: LMQ is a Flexible Tool for Applying Current Relative Quantification 
Methods to Various Worfkflows 

LipidMatch Quant (LMQ) employs internal standards to quantify lipids in UHPLC-

HRMS/MS open source workflows. The flexibility in the input feature table format allows 

LMQ to be used as a backend to any lipid annotation software. LMQ utilizes a unique 

algorithm to select a standard which best represents the lipid being quantified by 

matching lipid class, adduct, and retention between the feature and the internal 

standard in order of priority, respectively. LMQ allows for multiple internal standards per 

lipid class and provides a scoring system allowing for transparency, noting how each 

internal standard was chosen for each lipid class and adduct. 

Applying LMQ to compare quantitative values obtained using various data 

processing workflows and ions, we found that the ion chosen for quantification had the 

greatest effect on the resulting concentrations. Negative and positive ions showed 

slightly different concentrations, while sodium ions provided drastically different 

concentrations compared to all other ions. We suggest not to utilize sodium adducts in 

calculating lipid concentration, at least in cases where sodium is not intentionally added 

to the mobile phase and samples.  Data processing had less of a significant effect, with 

the greatest difference in calculated concentrations being attributed to peak area versus 

peak height, when the feature consisted of multiple unresolved chromatographic peaks. 
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Additional features which could be employed for relative quantification, include 

response factors based on instrument response to lipid structure (carbons and degrees 

of unsaturation), and dialogue boxes to aid users in selecting internal standards when 

class representative standards do not exist. Currently, only the relative quantification 

portion of LMQ is validated, but future work may provide interactive graphing packages 

to support in-depth visualization and statistical analysis. The incorporation of such 

packages would allow users the ability to export custom graphs from the LMQ software. 

Finally, a single interface is under development to incorporate MZmine, LipidMatch, 

LipidMatch Quant, and MetaboAnalyst [160] into a user-friendly lipidomics workflow. 



 

129 

Table 4-1. Comparison of different lipid quantification software which can be applied to 
UHPLC-HRMS/MS data 

  Output  
IS: 

Class 
Specific* 

Multiple 
IS per 

Class** 

Response 
Factors*** 

Vendor 
Specific 

License 

Lipid Data 
Analyzer 

Concentration Yes Yes No No 
Open 

Source 

MZmine 2 
Normalized 
Peak 
Intensities 

No _ No No 
Open 

Source 

LipidMatch 
Quant 

Concentration Yes Yes  No No 
Open 

Source 

SimLipid Concentration Yes  Yes  No No Purchase 

LipidSearch Concentration Yes No No No Purchase 

* Can internal standard be matched to features for quantification based on lipid class? 
** Can multiple internal standards for a single lipid class be used? 
*** Are response factors based on lipid structures and resulting ionization efficiencies 
employed? 
 
Table 4-2. Comparison of the relative standard deviation (RSD) of concentrations 

calculated using different methods or ions 

Test 
RSD 
(Avg) RSD (# >)* Sign Test 

[M+H/NH4]+ 5 ± 3 % 31 
           p = 0.057 

[M+Na]+ 10 ± 10 % 49 
 
Pos 4 ± 5 % 10 p < 0.0001 

Neg 12 ± 15 % 42 
 
Height 7 ± 5 % 126 p < 0.0001 

Area 6 ± 7 % 59 
 
Smoothed 7 ± 6 % 103 

p < 0.0001 
Not 
Smoothed 6 ± 5 % 82 

*The number of species with RSDs greater in the respective method or ion. 
Note that comparison for ions were made using peak areas, while those for smooth versus 
not smoothed utilized peak heights. 
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Figure 4-1. Open source lipidomics workflow employed in this study 

 

Figure 4-2. Simplified schematic of LipidMatch Quant (LMQ) algorithm.  
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Figure 4-3. Examples of extracted mass chromatograms for the precursors and 
fragments of PC(16:0_20:4) and PC(18:2_20:4) as protonated and formate 
adducts in positive and negative mode, respectively. Fragmentation was 
obtained by AIF and shows correlation of the elution profile of precursor and 
fragments for both species. The bold retention time values represent the 
precursor or precursor fragments, while non-bold represent fragments from 
the precursor in the adjacent panel. A) protonated PC(16:0_20:4), B) 
protonated PC(18:2_20:4), C) PC(16:0_20:4) as a formate adduct, and D) 
PC(18:2_20:4) as a formate adduct. 
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Figure 4-4. Linear regression comparing the log10 of concentrations calculated using 
different workflows and ions. A slope of 1 and R2 close to 1 are expected if 
the methods or ions both result in similar concentrations. The panels show: A) 
concentrations calculated using smoothed versus non-smoothed peak heights 
(smoothing was done as the final step in MZmine), B) peak area versus peak 
heigh, C) positive versus negative polarity using peak area, and D) sodium 
adducts versus the major adduct observed in positive polarity using peak 
area. Sodium adducts were compared to protonated adducts except in the 
case of neutral lipids which formed ammoniated adducts.  



 

133 

 

Figure 4-5. Bland-Altman type plots showing differences in concentrations calculated 
using different methods and ions. See Formula 1 for relative percent 
difference calculation. Blue arrows delineate the direction of difference.The 
panels show: A) the percent differences in concentrations calculated using 
smoothed versus non-smoothed peak heights (smoothing was done as the 
final step in MZmine), B) peak area versus peak height, C) positive versus 
negative polarity using peak area, and D) sodium adducts versus the major 
adduct observed in positive polarity using peak area. 

*Note that the differences between major adducts and [M+Na]+ were drastic and ranged 
over several orders of magnitude. Therefore, the log of the absolute percent 
difference was used and then multiplied by -1 when the [M+Na]+ 
concentration was calculated higher than the major ion. 
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Figure 4-6. Extracted ion chromatograms (EICs) and peak integration by MZmine of the 
triglycerides (TGs): A) with the most, B) and least percent difference when 
comparing quantification using peak height versus peak area 
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CHAPTER 5 
EXAMINING HEAT TREATMENT FOR STABILIZATION OF THE LIPIDOME 

The Case for Heat Treatment to Improve Lipid Stability in Tissues 

Over the last decade, lipidomics has steadily gained status as an established 

strategy for human health and disease research. Inherently linked to this emergence 

have been the substantial advances in the lipidomics workflow, specifically advances in 

lipid extraction,[161] separation, mass spectrometric detection,[27] data processing, and 

biochemical interpretation/analysis.[162] Success of lipidomics research lies in the 

understanding of the fundamentals and sources of bias/variability at each step of the 

lipidomics workflow. Perhaps the most overlooked aspects of the lipidomics workflow 

are the pre-analytical steps, those steps or decisions made regarding samples prior to 

analysis. Despite community-wide awareness of these issues[163–165], the current gap 

between the perceived gravity of pre-analytical influence and the efforts to address 

these concerns remains large.[166] 

The preservation of the native omic profile from the time of collection (t0) is an 

ongoing pre-analytical challenge. Flash freezing samples in liquid nitrogen immediately 

after collection is considered the gold standard for halting metabolic activity. Sample 

collection in the natural environment (field studies) poses a difficulty in this regard, as 

the availability of liquid nitrogen and other methods for maintenance of ultra-cold 

environments may be limited, and thus analyzed samples may not exhibit a true t0 

profile. Laboratory studies are not exempt from issues using flash freezing. The integrity 

of samples is maintained by remaining in a frozen state until chemical extraction; 

however, it is often necessary to weigh samples prior to extraction where thawing is 

undoubtedly occurring. At this point, certain lipids can be susceptible to changes via 
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enzymatic activity,[30] chemical degradation due to pH, and oxidation,[29] thus 

complicating the interpretation of the observed lipid profile. A study by Wang et al. 

analyzed the lipidome in mouse and rat plasma and noted that several lipids 

significantly increased or decreased after 4 hours on a benchtop.[30] To better preserve 

the lipidome, an enzyme inhibitor (phenylmethylsulfonyl fluoride) was added to the 

plasma in the study, thus creating a more native profile. For oxidized lipids, chemical 

stabilizers, such as butylated hydroxytoluene, are commonly used to prevent 

oxidation.[31] While chemical stabilizers can be applied to matrices such as plasma, 

stabilizing solid matrices, such as tissues, at the time of collection requires alternative 

approaches. 

Heat treatment is an alternative approach which has been used as early as the 

1940s, for example, to reduce lipid byproducts produced by phospholipase C and D in 

the presence of alcohols used for extraction.[32] Jerneren et al. examined the 

application of heat treatment on lipid stability using recent technology that precisely 

controls temperature and creates a vacuum to reduce oxidation in an effort to study 

post-mortem effects on free fatty acid composition in brain and liver tissues. It was 

found that heat was effective in reducing phospholipase activity and ex vivo lipolysis in 

comparison to tissues that were not treated with heat.[167] This idea of heat treatment, 

as a means to preserve the lipidome in tissues, was expanded upon by Saigusa et al. 

where it was shown that heat treatment was able to retard metabolic changes in certain 

sphingolipids.[168] While advantages have been shown for specific lipids, a 

comprehensive study of the heat treatment effect on the lipidome using state-of-the-art 

heat treatment equipment, ultra-high pressure liquid chromatography (UHPLC), and 
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high-resolution mass spectrometry (HRMS), is missing. In addition, to our knowledge, 

true t0 studies, where heat treatment is used as the method of metabolic arrest, have 

not been shown. 

In this regard, we aimed to evaluate heat treatment as an approach to improve 

lipid stability using high-resolution tandem mass spectrometric approaches coupled to a 

UHPLC system. We examined the specific effects of heat treatment on over 40 lipid 

types including oxidized lipids using LipidMatch lipid identification software[131] 

<http://secim.ufl.edu/secim-tools/> in three invertebrate species: the earthworm (Eisenia 

fetida), the house cricket (Acheta domestica), and the ghost shrimp (Palaemonetes 

paludosus). The selection of the three invertebrate species was based on the fact that 

each species has been used previously as bioindicators for environmental 

monitoring[169–171] and their small size allows them to be directly placed in the heat 

treatment cartridge for a true t0 study. Additionally, it has been previously noted that 

some invertebrate species, like the earthworm, have high enzymatic content.[172] In 

metabolomics-based studies of earthworms, it was shown that heating whole-body 

metabolite extracts was beneficial for improving metabolite and total lipid stability,[172, 

173] thus making them ideal candidates for this examination. The current study was 

performed both to highlight the potential lipid changes that occur immediately following 

animal sacrifice, and to propose heat treatment as a means to reduce this change. We 

examined whether heat completely stabilizes the lipid profile by allowing heat-treated 

samples to sit for one hour prior to lipid extraction. Based on trends in lipid profiles, with 

and without heat treatment, we discuss the underlying enzymatic pathways leading to 



 

138 

the largest lipid transformations, and the benefit of heat treatment to prevent these 

actions. 

Materials and Methods 

Materials 

The three invertebrate species investigated in this work included earthworms 

(Eisenia fetida) (n = 18) (Haddrell's Point Tackle, Mount Pleasant, SC), house crickets 

(Acheta domestica) (n = 18) (Haddrell's Point Tackle, Mount Pleasant, SC), and ghost 

shrimp (Palaemonetes paludosus) (n = 10) (PetSmart, North Charleston, SC). Female 

crickets were excluded from analysis based on identification of the ovipositor, and 

shrimp containing eggs were excluded. Worms, crickets, and shrimp were selected at 

similar sizes and weights. Optima methanol and HPLC grade chloroform were 

purchased from Thermo Fisher Scientific (Waltham, MA, USA). HPLC grade 2-propanol 

was acquired from Alfa Aesar (Haverhill, MA, USA). Ultrapure water with 18 MΩ cm 

resistivity (Millipore Milli-Q Gradient A10; EMD Millipore, Billerica, MA, USA) was used 

for sample preparation. Ammonium acetate and analytical grade formic acid were 

purchased from Fisher-Scientific. All mobile phase solvents were Fisher Optima LC/MS 

grade (acetonitrile, isopropanol, and water). 

All internal standards used in the mixtures were purchased from either Avanti 

Polar Lipids (Alabaster, Alabama) or Nu-Chek Prep (Elysian, MN). The mixture 

consisted of the following gravimetrically weighed exogenous internal standards in µg 

lipid per g solvent: CE(17:0) (45.1 µg/g), Cer(d18:1/17:0) (5.8 µg/g), DG(20:0/20:0) 

(43.1 µg/g), FA(18:0-d35) (34.1 µg/g), GalCer(d18:1/12:0) (7.8 µg/g), LPC(17:0) (11.4 

µg/g), LPE(14:0) (15.5 µg/g), PA(14:0/14:0) (45.0 µg/g), PC(14:1/14:1) (46.0 µg/g), 

PE(15:0/15:0) (17.1 µg/g), PG(15:0/15:0) (20.4 µg/g), PS(14:0/14:0) (6.6 µg/g), 



 

139 

SM(d18:1/17:0) (15.2 µg/g), ST(16:0) (3.4 µg/g), and TG(17:1/17:1/17:1) (257.5 µg/g). 

About 250 µL of the internal standard mixture was gravimetrically weighed and added to 

each cricket and worm sample prior to extraction, while 150 µL of the internal standard 

cocktail was added to each shrimp sample.  

Heat Treatment 

A schematic of the experimental design is shown in Figure 5-1. Samples were 

immediately euthanized for heat treatment by placing the whole invertebrate into a 

Denator Maintainor® cartridge (Supplemental Figure S5-1) which was placed in the 

Stabilizor™ T1 (Denator, Uppsala Science Park, Sweden). Of the samples analyzed, 

nine worms, nine crickets, and five shrimp were euthanized by heat treatment followed 

by immediate freezing until extraction. Based on internal measurements employed by 

the Stabilizor™ T1, the actual heating parameters were as follows: treatment time, 23.9 

± 2.9 seconds; maximum temperature, 95.1 ± 0.2 °C; minimum temperature, 94.0 ± 0.2 

°C; and pressure, 4.5 ± 0.9 mbar. Treatment parameters were significantly less variable 

for shrimp, likely owing to smaller body mass than worms and crickets. 

Alternatively, samples were euthanized by rapidly freezing in aluminum foil in a 

cryocart cooled by liquid nitrogen to below −140 °C. Of the samples analyzed, nine 

worms, nine crickets, and five shrimp were euthanized by rapid flash freezing.  

All common house crickets and earthworms (heat-treated and flash-frozen) were 

then cryo-pulverized using a Retsch cryomill (Retsch, Haan, Germany), and the 

resulting powder was then transferred to a 2-mL cryovial and subsequently placed in a 

−80 °C freezer overnight. Whole shrimp were placed in 2-mL cryovials without cryo-

pulverization because of their small size. All samples were stored for less than 12 h in a 

−80 °C freezer before extraction. 
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Lipid Extraction 

Shrimp. Each whole ghost shrimp was removed from the −80 °C freezer and 

immediately weighed (average mass of 0.11 g, n = 10) and homogenized in a Bullet 

Blender® (Next Advance, Averill Park, NY, USA) with 1 mL cold methanol using 0.5 mm 

zirconium beads (Next Advance, Averill Park, NY) for 4 min cycles at speed 10. The 

shrimp homogenate was then transferred to a new vial for lipid extraction.  

Cricket and earthworm. The cricket and earthworm powdered samples were 

removed from the −80 °C freezer and a portion of the powder was weighed for 

extraction. The tissue powder (cricket: average mass, 0.089 g (n = 18); earthworm: 

average mass, 0.10 g (n = 18)) were then transferred into new vials. To evaluate lipid 

stabilization as a result of the euthanization method (heat-treated or flash-frozen), 10 

cricket and 10 earthworm samples (5 heat-treated and 5 flash-frozen per organism) 

were incubated on ice for 1 h prior to lipid extraction. 

Lipid extraction followed the Bligh–Dyer extraction protocol;[38] three mL of a 

methanol/chloroform mixture (2:1, v:v) were added to all of the samples. Then, 250 µL 

of the internal standard mixture was added to the cricket and earthworm homogenates, 

while 150 µL was added to the shrimp homogenates. Following the addition of the 

internal standard, 1.8 mL of water was added to the cricket and worm homogenates, 

while 1.7 mL was added to the ghost shrimp homogenates. One milliliter of chloroform 

was then added to all of the homogenates and vortexed. The samples were 

subsequently centrifuged (IEC Centra CL3, Thermo Fisher Scientific, Waltham, MA, 

USA) at 2000 rpm for 10 min, and the chloroform layers were transferred to new vials. 

An additional 2 mL of chloroform were added to the homogenate samples for re-

extraction and samples were vortexed and centrifuged again. The chloroform layers 
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were combined with the previous chloroform layers. Samples were dried (Biotage 

TurboVap® LV, Charlotte, NC, USA) and reconstituted in 1 mL of 2-propanol. Then, 

samples were transferred to autosampler vials, dried, and reconstituted in 200 µL of 2-

propanol to concentrate them for mass spectrometric analysis. 

Lipidomic Analysis via Mass Spectrometry 

Cricket, earthworm, and ghost shrimp reconstituted extracts were kept at 4 °C in 

the autosampler. Five µL was analyzed using reversed-phase liquid chromatography 

with a Waters Acquity BEH C18 column (50 mm × 2.1 mm, 1.7 um, Waters, Milford, MA) 

maintained at 30 °C on a Dionex Ultimate 3000 RS UHPLC+ system (Thermo Scientific, 

San Jose, CA). The gradient ramp was performed using mobile phase A (60:40 

acetonitrile:water, v:v) and mobile phase B (90:8:2 isopropanol:acetonitrile:water, v:v:v), 

both with 10 mmol/L ammonium formate and 0.1 % formic acid (Supplemental Table 

S5-1). 

Mass spectra were acquired using a Q-Exactive Orbitrap (Thermo Scientific, San 

Jose, CA) equipped with a heated electrospray ionization (HESI II) probe, in polarity 

switching and data-dependent top 10 (ddMS2-top10) modes. In positive-ion mode, 

diisooctyl phthalate (m/z 391.2842) and polysiloxanes (m/z 371.1012 and m/z 

445.1200) were used as lock masses. No lock masses were used in negative-ion mode. 

The Q-Exactive was externally calibrated before data-acquisition. The S-lens voltage, 

skimmer voltage, inject flatapole offset voltage, and bent flatapole DC voltage were 35 

V, 25 V, 15 V, 8 V, and 6 V, respectively. All samples were analyzed in batches (each 

invertebrate constituted a batch) with at least three solvent blanks analyzed per batch. 

Samples were randomized within batches. Four ddMS2-top10 analyses were conducted 
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for each invertebrate for lipid identification (two in positive polarity and two in negative 

polarity). Scanning parameters are provided in Supplemental Table S5-2. 

Data Processing 

A list of features (m/z and retention time) and peak areas were obtained using 

MZmine 2.2.[100] Chromatograms were smoothed and deconvoluted using a local 

minimum search; isotopic peaks were grouped, features were aligned, and missing 

features were gap-filled. Peaks with peak heights below 1 x 105 intensity were removed. 

An MZmine batch file containing exact parameters can be found in the Supplementary 

Information. Features were then identified using a proprietary software LipidSearch 

(Thermo Scientific, San Jose, CA)[99] and an open source software LipidMatch[131], 

which can be accessed at <http://secim.ufl.edu/secim-tools/>. These software have 

different confirmation criteria and fragmentation libraries, thereby adding additional 

confidence if features were identified as the same lipid by both software and expanding 

the total number of identified lipids. Resulting identifications from both LipidSearch and 

LipidMatch were aligned with code available in LipidMatch to the MZmine outputted 

feature list. A script was also used to combine duplicate features using a retention time 

window of 0.1 and an m/z window of 0.006, retaining the maximum value of all the 

replicates. 

Identified lipids were semi-quantified using class representative standards, and if 

no standards were analyzed for the lipid class in question, the standard with the 

greatest similarity in structure and retention time was used (Supplemental Table S5-3). 

Quantified lipids were normalized to tissue weight (µg lipid per g of wet tissue). A list of 

defined acronyms and the observed adducts in LipidMatch are provided in 

Supplemental Table S5-4. 
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After quantification, features in negative and positive polarity were combined, 

using negative mode data if molecular species were represented in both polarities. 

Lipids quantified in negative mode were prioritized due to lower background noise and 

more accurate annotation due to high intensity fatty acyl fragments.[174] Molecular 

species represented by multiple adducts were quantified using the adduct with the 

highest calculated concentration. Tentative identifications, such as identifications by 

exact mass only or identification of sphingomyelin (SM) or phosphatidylcholine (PC) 

solely by the m/z 184 fragment ion, were removed. Sodium adducts were also removed 

from the final dataset, as quantification on the sodium ion without excess sodium is 

problematic. For oxidized lipids, which are both present in LipidMatch and LipidSearch 

databases, only lipids identified by MS/MS in both negative and positive polarity were 

kept to reduce the probability of false positives. Therefore, oxidized lipids that only occur 

in positive polarity, for example TGs, were excluded from analysis; oxidized lipidomics is 

an emerging field without proper guidelines for proper annotation, and therefore only the 

most confident identifications were retained.  

Statistical Analysis 

After quantification and annotation of features, both univariate and multivariate 

statistical methods were applied. Mean centering and a generalized log transformation 

(Glog) was used prior to principal component analysis (PCA) using Metaboanalyst 

3.0.[160]  

For univariate methods, analysis of variance (ANOVA) was used to investigate 

the following questions: (1) euthanization method: heat-treated versus flash-frozen (D 

vs N), (2) heat stabilization: direct extraction versus 1 h ice incubation then extraction (D 

vs D1hr), (3) flash-frozen stabilization: direct extraction versus 1 h ice incubation then 
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extraction (N vs N1hr), and (4) compare stabilizations: heat-treated versus flash-frozen 

samples (D1hr vs N1hr). For shrimp, only the comparison between the euthanization 

method (D vs. N) was made. The p-values from ANOVA across all comparisons were 

adjusted using Benjamini and Hochberg's false discovery rate (FDR) method.[175] 

Analyses across different organisms, were treated as separate experiments, and hence 

FDR was calculated separately for each of these instances. To determine individual 

lipids that were significant, an FDR adjusted p-value of 0.05 was used as the cutoff. To 

determine if there were trends by lipid class, a Fisher's exact test was used with a p-

value cutoff of 0.05 using the Fisher.test R function. A one-sided Fisher's exact test was 

used to determine if a significant number of lipids within a class were upregulated or 

down regulated compared to lipids across all classes. A list of potentially upregulated or 

downregulated lipids for Fisher's exact test was determined using an FDR adjusted p-

value of 0.25. Note that an FDR adjusted p-value of 0.25, means that about one of four 

significant compounds will be a false positive. Because the Fisher's exact test was used 

to determine general trends across lipid classes, we are not interested in whether a 

particular lipid is significant at this FDR rate, but whether lipids increase or decrease 

within a class compared to across all classes using this FDR rate. 

Results and Discussion: Evidence for Deactivation of Lipases 

Lipid identifications from extracted common house crickets, earthworms, and 

ghost shrimp, using LipidSearch and LipidMatch generally agreed (Supplemental Table 

S5-5), especially at the level of lipid class, total carbons, and degrees of unsaturation. 

There was better agreement between software in negative ion mode than positive ion 

mode, and therefore when combining polarities, if a molecular species was represented 

by both polarities, negative ion mode data was retained. Using these software, a total of 
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426 (common house cricket), 593 (earthworm), and 429 (ghost shrimp) unique lipids 

were annotated by MS/MS (Supplemental Table S5-5). A total of 40 unique lipid types 

were identified when combining lipids from all sampled organisms. For an overview of 

the lipidome coverage for each organism, distributions of lipid concentrations and the 

number of species annotated per class are presented in pie charts in Supplemental 

Figure S5-2.  

Multivariate statistics were used to determine general changes in the lipid profile 

across samples and treatments. PCA scores plots showed different patterns of 

enzymatic degradation or enzymatic transformation of lipids depending on organism 

(Figure 5-2). All heat-treated (D) and flash-frozen samples (N) were separated along the 

first principal component (PC1) with t-test p-values of the scores less than 0.05, and 

PC1 explained variances of 25 % (earthworm), 66 % (cricket), and 62 % (shrimp) 

(Figure 5-2). In crickets, PC2 better separated heat-treated and flash-frozen samples, 

with a p-value of 0.01 compared to 0.03 for PC1 scores of all heat-treated versus frozen 

samples.  

To determine whether lipid degradation continued following euthanization, select 

samples were incubated on ice for 1 h (D1hr and N1hr) (Figure 5-1). For crickets and 

worms, the PCA scores plot suggests the heat-treated samples (D) and flash-frozen 

samples (N) had the least amount of variance, while samples after 1 h incubation on ice 

(D1hr and N1hr) showed higher variance (Figure 5-2A and Figure 5-2B). This suggests 

lipid changes occurred after an hour on ice, and that heat treatment did not completely 

stabilize the lipids. The earthworms had distinct separation between flash-frozen (N and 

N1hr) and heat-treatment (D and D1hr) (Figure 5-2B), unlike the crickets (Figure 5-2A) 
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where the variability of the ice incubated samples (D1hr and N1hr) resulted in less 

distinct groupings.   

The top 30 features indicative of the lipids differentiating between flash-frozen (N) 

and heat-treated samples (D) in PCA and their loadings are shown in Supplemental 

Table S5-6.  Of the top 15 features influencing heat-treated samples, for crickets, 

worms, and shrimp, 100 % consisted of intact glycerophospholipids and oxidized 

glycerophospholipids, suggesting minimal enzymatic degradation compared to flash-

frozen samples. Of the top 15 features indicative of flash-frozen samples, over 60 % 

consisted of lysoglycerophospholipids for crickets and 100 % consisted of 

lysoglycerophospholipids for worms (Supplemental Table S5-6a and Supplemental 

Table S5-6b), indicating enzymatic degradation of intact glycerophospholipids to 

lysoglycerophospholipids. For shrimp, 87 % of the top 15 loadings indicative of flash-

frozen samples consisted of phosphatidylmethanol (PMe), an enzymatic product 

produced when using methanol for extraction (Supplemental Table S5-6c).  

These enzymatic products are likely generated in the pre-analytical steps of lipid 

analysis, such as homogenization or freeze/thawing, which can cause lipid membranes 

to rupture, resulting in stored calcium in the mitochondria and endoplasmic reticulum 

lumen to be released. Calcium activates proteases, lipases, and kinases, which in turn 

can lead to degradation of lipid species.[176] For example, glycerophospholipids (GPL) 

in the presence of phospholipase A, phospholipase C in concert with various kinases, 

and phospholipase D in concert with PA phospho-hydrolase are cleaved, producing 

products including diglycerides (DGs), lysophosphatidylcholines (LPCs), 
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lysophosphatidylethanolamines (LPEs), and LPC and LPE plasmanyl and plasmenyl 

corollaries, as shown in Figure 5-3. 

In a univariate analysis of the euthanization effect on lipids, a Fisher's exact test 

was used to determine trends across lipid classes. The Fisher's exact test p-values 

(Table 5-1 and Supplementary Table S5-7) show which lipid classes were the most 

significantly upregulated or downregulated in comparison of euthanization techniques. 

One-sided Fisher's exact test on heat-treated (D) and flash-frozen (N) shrimp and worm 

samples showed an overall increase in LPC and LPE species in flash-frozen samples 

(Table 5-1b and Table 5-1c), with p-values less than 0.005. The general lower 

concentration of lyso-glycerophospholipids (lyso-GPL) in heat-treated samples (Table 5-

1), provides evidence that phospholipase A2 activity[177] (Figure 5-3) was reduced. For 

crickets, LPC and LPE species did not differ in heat-treated (D) and flash-frozen 

samples (N) that were not incubated on ice.  

While no significant difference in LPC and LPE was observed between heat 

treated (D) versus flash-frozen (N) cricket samples, which were immediately extracted, 

after samples were incubated on ice for one hour, there was a significant difference 

between heat-treated (D1hr) and flash-frozen (N1hr) cricket samples (p-value < 0.005; 

Table 5-1a). This is due to an increase in LPC and LPE concentration only in samples 

without heat-treatment after one hour incubation (N1hr versus N). On the contrary, one 

hour incubation on ice (N versus N1hr and D versus D1hr) did not increase enzymatic 

production of LPC and LPE species in worm samples, except ether-LPC and ether-LPE 

species for flash-frozen samples (N versus N1hr) (Table 5-1b). Ether-linked lipids are 

more resistant to enzymatic degradation by phospholipase A1,[178] and therefore 
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slower degradation may explain the continued increase of ether-LPC and ether-LPE 

after one hour in samples without heat-treatment. This data indicates that the amount, 

and rate of enzymatic activity are both dependent on lipid class and the sample 

organism.  

LPCs incorporating very long chain fatty acids with over 22 carbons were 

detected in shrimp and worm by LipidSearch using MS/MS (Table S5-5). For LPC 

species with 22 or less carbons, 14 out of 16 LPC species in worms, and 8 of the 10 

LPC species in shrimp, had FDR p-values less than 0.05 for heat-treated (D) versus 

flash-frozen (N) samples. For species with over 22 carbons, of the 8 LPC species in 

worms, and 6 LPC species in shrimp, none had FDR corrected p-values less than 0.05 

(Table S5-5). These results suggest that due to the unique enzymatic synthesis and 

degradation of very long chain fatty acids,[179] either heat treatment is ineffective at 

preventing enzymatic activity, which generates LPC species with over 22 carbons, or 

significant enzymatic activity generating LPCs for species with over 22 carbons does 

not occur during sample preparation. Hence, not only is enzymatic activity dependent 

on the organism and lipid class, but may also be dependent on fatty acyl constituents.  

While low concentrations of lyso-GPL in heat-treated organisms (Supplemental 

Table S5-5) support that heating reduced phospholipase A activity for species with 22 or 

less carbons, intact glycerophospholipids would be expected to be higher in heat-

treated organisms, as these lipids would not be cleaved by phospholipase A (Figure 5-

3). However, glycerophospholipids were not significant according to the Fisher's exact 

test (Supplemental Table S5-7), potentially owing to the small sample size used in this 

study. In this case, trends in GPL may be less likely to be discerned against biological 
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variation and other sources of noise because of the relatively small percent change in 

concentration compared to their enzymatic products, lyso-GPLs. For example, the total 

LPE concentration in shrimp was 417 % higher (p-value = 0.0000009) in flash-frozen 

shrimp (11.8 ± 0.8 g/g) compared to heat-treated shrimp (2.3 ± 1.1 g/g), while the 

average total PE concentration was 27 % lower (p-value = 0.032) in flash-frozen shrimp 

(647.4 ± 44.3 g/g) compared to heat-treated shrimp (820.8 ± 123.6 g/g) 

(Supplemental Figure S5-3). Using the total sum of PC, PE, and respective plasmanyl 

and plasmenyl species of earthworms (including samples with and without the additional 

1h incubation) suggested that heat treatment reduced degradation of PE to LPE, PC to 

LPC, and ether linked species to their respective lyso-species (Supplemental Figure S5-

3 and Supplemental Figure S5-4). Our results agree with the findings of Wang et al. 

where lyso-GPL were lower and GPL higher in heat-treated rat and mouse plasma 

samples compared to control samples stored on a benchtop.[30]  

Glycerophospholipids can also be cleaved by phospholipase D to form 

phosphatidic acids (PA), which can further be converted into DGs by PA 

phosphohydrolase (Figure 5-3). While no PAs were detected in samples, DGs were 

detected in crickets and shrimp (Supplemental Table S5-5; Supplemental Table S5-7). 

In shrimp, all DGs detected were an order of magnitude lower in heat-treated samples, 

with FDR corrected p-values < 0.005, and Fisher's exact test p-values < 0.005 

(Supplemental Table S5-5, Table 5-1c). This trend was not observed for crickets, but, 

when summing total DG concentration including the samples incubated for 1 h, DGs 

were 122 % greater (p-value = 0.041) in flash-frozen compared to heat-treated crickets. 

Further evidence that heat treatment denatures, and hence deactivates, phospholipase 
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D is shown by the presence of phosphatidylmethanol (PMe) in frozen shrimp (Figure 5-

4A). It has been shown previously that water can be replaced with alcohols as 

acceptors in transphosphatidylation via phospholipase D[34] (Figure 5-3), and as shrimp 

were homogenized in methanol, PMe are expected. In the flash-frozen samples, 14 

PMe species were detected as deprotonated ions, while no PMe ions were found in 

heat-treated samples. It is important to note that PMe was not detected in crickets or 

earthworms, as these organisms were large enough for cryopulverization, eliminating 

the need for an additional homogenization step using methanol. Therefore, it is 

important to note, that in addition to lipid structure and sample organism affecting 

enzymatic activity, the sample homogenization and extraction procedure employed also 

affects enzymatic activity.  

Phospholipase D has multiple isoforms that hydrolyze PC, PE, 

phosphatidylglycerol (PG), phosphatidylserine (PS), phosphatidylinositol (PI), LPC, 

cardiolipin, and plasmalogen head groups. Certain lipid classes and fatty acyl 

constituent constituents will preferentially be hydrolyzed depending on the organism. 

[180] In shrimp, PE(20:5_22:6), PS(20:5_22:6), PC(20:5_22:6), and potential enzymatic 

products PMe(20:5_22:6), DG(20:5_22:6), LPE(20:5), LPC(20:5), LPE(22:6), and 

LPC(22:6), suggest PE, PS and PC conversion by phospholipase D into PMe and DG at 

least for GPLs containing 20:5 and 22:6 (Figure 5-4A-I). Potential fatty acid preferences 

for enzymatic reaction of phospholipase D existed. For example, in all 13 DGs 

generated by enzymatic reaction in shrimp (Supplemental Table S5-5), each DG 

contained either a 20:4, 20:5, 22:5, or 22:6 fatty acyl constituent, despite high intensity 

species such as PC(16:0_18:1) and PE(16:0_18:1).  
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Phosphatidylserine (PS) lipid species can be substrates for a specific lipase: PS-

specific PLA1. For shrimp, a closer investigation of PS(20:5_22:6) (Figure 5-4B) 

suggests that the lower concentration in frozen samples is mainly because of 

phospholipase D and not PS-specific PLA1 or phospholipase A . The difference in the 

amount of degradation products in frozen shrimp compared to heat treated shrimp was 

found to be similar to the difference in the product source assuming phospholipase D 

activity. While PC(20:5_22:6) and PE(20:5_22:6) are only 11.7 g/g lower in frozen 

shrimp compared to heat-treated shrimp, their likely degradation products in the 

presence of phospholipase D, PMe(20:5_22:6) and DG(20:5_22:6), are 74.8 µg/g 

higher in frozen shrimp. This suggests another source of these degradation products. 

When PS(20:5_22:6) is included as a source of DG(20:5_22:6) and PMe(20:5_22:6) via 

phospholipase D activity, the concentration becomes 66.9 µg/g (Figure 5-4A-C) for 

sources of the 74.8 g/g enzymatic products (Figure 5-4D-K).  This suggests that in 

shrimp, phospholipase D degradation of PS species predominate, versus PS-specific 

PLA1, which would lead to lysophosphatidylserines (LPS), which were not detected. 

Other sources of PMe(20:5_22:6) could be PI(20:5_22:6), PG(20:5_22:6), or 

PA(20:5_22:6), but none of these species were detected. In addition, DG(20:5_22:6) 

could be a product of triglyceride lipase activity for TG(16:0_20:5_22:6), 

TG(18:0_20:5_22:6), and TG(18:1_20:5_22:6) lipids, but together these only accounted 

for less than 5 µg/g in concentration, and hence could not be a major factor in the 45.1 

µg/g increase of DG(20:5_22:6) observed in flash-frozen shrimp. 

This study supports previous evidence that lipase activity depends on fatty acyl 

constituents, which have been shown for numerous lipases including neutral 
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lipases[181, 182] and phospholipase D.[180] Oxidized lipids have potential to also show 

various trends depending on acyl chain composition, as they can be produced both via 

enzymatic and chemical routes owing to exposure to catalysts, electromagnetic 

radiation, and/or oxygen.[183] On average, all 9 oxidized PEs (OxPE) and oxidized PCs 

(OxPC) were higher in concentration when incubated on ice for 1 h compared to those 

immediately extracted after weighing for both heat-treated (except 1) and frozen 

crickets, but were not significantly different based on FDR corrected p-values and 

Fisher's exact test (Supplemental Table S5-5a and Supplemental Table S5-7a). The 

only significant change in oxidized lipids was a general increase in OxPE after one hour 

in the heat treatment samples (Fisher's exact test p-value = 0.016; Supplemental Table 

S5-7a). Measurement of oxidative markers such as malondialdehyde could be used in 

the future to determine if heat treatment increases oxidation.  

This manuscript investigated heat treatment as a mechanism to prevent enzyme 

degradation of lipids. Untargeted studies often are not concerned with absolute 

quantification, but instead investigate profile changes in response to the experimental 

design. If all samples degrade similarly, and compounds are detectable, the occurrence 

of degradation (within acceptable experimental design) may not be a hindrance for a 

biomarker type assessment. Based on this data, it is not conclusive whether heat 

treatment reduces variance introduced from enzymatic activity. RSDs across all 

features (Supplemental Table S5-5) did not follow any trend between heat treatment 

and flash-frozen samples (t-test). Surveying RSDs of total LPC and LPE concentrations 

across earthworms and crickets showed higher variability in flash-frozen samples 

compared to heat-treated samples when incubated and non-incubated samples were 
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combined (Table 5-2). When RSD's for incubated and non-incubated samples were 

compared without combining euthanization methods (D vs N and D1hr vs N1hr 

compared separately) there was no clear trend in RSD between heat-treated and flash-

frozen samples. This suggests heat treatment reduces variation, when samples are left 

on a benchtop for varying amounts of time, but may not reduce variance if all samples 

are left on the benchtop for the same amount of time prior to extraction. If the amount of 

degradation is consistent across all samples, then for comparative studies where only 

relative amounts of lipids are of concern, heat treatment may not be necessary. A future 

study with a larger sample size that minimizes biological variability, such as aliquots of 

monoclonal cells grown under the same conditions, could provide more conclusive 

evidence for using heat treatment for stabilization of the lipidome.  

Conclusion: Heat Treatment Warrants Further Investigation 

Our study provides evidence that heat treatment deactivates enzymes in the 

early pre-analytical phase, which may provide better qualitative and quantitative results 

for lipids. Based on higher concentrations of PE and PCs, and lower concentrations of 

LPE, LPC, DG, and PMe species in heat-treated organisms, heat treatment reduced or 

prevented enzymatic degradation of important lipid types in common house cricket, 

earthworm, and ghost shrimp extracts. This evidence supports reduction in the activity 

of phospholipase A and phospholipase D, specifically. However, non-enzymatic 

processes such as oxidation may continue to occur in both heated and frozen samples.  

We believe that heat treatment could help minimize variance within treatment 

groups that can occur as a result of freeze-thaw cycles, variable time between sample 

collection and freezing, or other factors that affect the rate or duration of enzyme 

activity. To compare and integrate lipidomes characterized across the international 
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community, sample stabilization is extremely important, and heat treatment may be a 

simple solution. This is especially noteworthy for solid matrices, where the inclusion of 

additives to slow lipid degradation is impractical. Additional studies with larger samples 

sizes and a homogenous replicated sample would be beneficial in determining whether 

heat treatment stabilizes the lipid profile during sample preparation.
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Table 5-1. Lipid enzymatic products observed for worm, cricket, and shrimp, 
respectively, and the p-values of the Fisher's exact test. Bold p-values are 
less than 0.05. The Fisher's exact test was used to determine if the lipid 
species within a particular lipid class significantly increased or decreased as 
compared to other lipid species. Comparisons are for flash frozen (non-
Denator) versus heat-treated (using the Denator device) samples (N vs D), 
flash frozen samples which sat on ice for one hour prior to extraction versus 
heat-treated samples which sat on ice for one hour prior to extraction (N1hr 
vs D1hr), flash frozen versus flash frozen samples which sat on ice for one 
hour (N vs N1hr), and heat-treated versus heat-treated samples which sat on 
ice for one hour. Tables are for A) earthworms, B) common house cricket, 
and C) ghost shrimp.  

 
Table 5-1 a)  

Earthworm LPC LPE ether-LPC ether-LPE 

N vs D 0.000* 0.000* 1.000 1.000 

N1hr vs D1hr 0.000* 0.000* 0.000* 0.000* 

N vs N1hr 0.315 1.000 0.003* 0.000* 

D vs D1hr 0.694 1.000 1.000 1.000 

 

Table 5-1 b)  

 Common 
House Cricket LPC LPE ether-LPE DG 

N vs D 1.000 0.142 1.000 1.000 

N1hr vs D1hr 0.000* 0.000* 0.028* 1.000 

N vs N1hr 0.000* 0.000* 0.012* 1.000 

D vs D1hr 1.000 1.000 1.000 1.000 

 

Table 5-1 c)  

Ghost Shrimp LPC LPE PMe DG 

N vs D 0.006* 0.001* 0.000* 0.000* 
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Table 5-2. Residual standard deviations (RSD) of lysophosphatidylcholine (LPC) and 
lysophosphatidylethanolamine (LPE) measured in heat-treated (D All) and 
flash frozen samples (N All) across all samples, including those which were 
immediately extracted and those which sat on ice for one hour. 

           Cricket           Worm 

  N All D All N All D All 

LPC RSD (%) 72 29 23 20 

LPE RSD (%) 72 41 44 32 

 
 
 
 

 

Figure 5-1. Experimental design. Earthworms and crickets were utilized to study the 
comparison of euthanization by heat treatment or flash freezing, followed by 
extraction of the homogenized tissue. Additionally, these organisms were 
used to assess the stabilization of the lipidome by the euthanization method 
with a 1 h ice incubation. Ghost shrimp were used to test the same 
euthanization methods but instead incorporated a methanol homogenization 
step during extraction. 
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Figure 5-2. Principal components analysis (PCA) of based on (N) flash-frozen, (N1hr) 
flash-frozen and 1 h ice incubation, (D) heat treatment, and (D1hr) heat treatment 
followed by 1 h ice incubation (next page). PCA plots are for: A) Crickets, B) Worms, 
and C) Shrimp 
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Figure 5-3. Schematic of enzymatic degradation of glycerophospholipids (GPL) and 
triglycerides (TG). Products and intermediates include fatty acids (FA), 
lysoglycerophospholipids, phosphatidic acid (PA), and diglycerides (DG). 
Enzymes involved include phospholipase A1 and A2 (PLA1 and PLA2, 
respectively), phospholipase C (PLC), phospholipase D (PLD), and 
triglyceride lipase (TGL). The FA and LPL products from cleavage via PLA1 
are not shown.  
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Figure 5-4. Box plots of lipid species concentrations in flash-frozen (N) and heat-treated 
(D) shrimp. Lyso-lipid (LPC and LPE) concentrations are from protonated 
ions, glycerophospholipids PE and PMe are deprotonated ions, PC are 
formate adducts, and DG are ammonium adducts. P-values are Hochberg 
FDR corrected with three significance levels: p < 0.05 (*), p < 0.005 (**), and 
p < 0.0005 (***). Panels show: glycerophospholipids containing 20:5 and 22:6 
(A - C) and potential enzymatic products (D - I).  
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CHAPTER 6 
CONCLUSION AND FUTURE PROSPECTIVES 

While lipidomics has significant potential in aiding biomarker discovery and our 

understanding of health and disease, the lipidomics workflow is tedious, and there is no 

community wide consensus on the proper data processing protocols. Without 

consensus on protocols, untargeted lipidomics is unable to provide reproducible 

annotations and measurements of lipids that are needed for adaptation to the clinical 

field. Therefore, we introduce modular lipid data processing tools, which are available to 

the wider lipidomics community. These tools cover all the major steps of the lipidomics 

workflow (Figure 1-7) including data conversion to open source format, peak picking 

and processing (feature finding), blank filtration, annotation, quantification, and removal 

of redundant adducts. Increasing the throughput and reproducibility of lipidomics data 

processing, these tools increase the coverage of the lipidome and introduce new 

protocols for lipid feature finding and quantification.  

Specifically, we introduce data-acquisition methods (iterative exclusion) and lipid 

annotation strategies (LipidMatch), which drastically increase the coverage of the 

lipidome. The expanded coverage allows for characterization of species that are often 

un-identified, such as oxidized lipids and ammoniated adducts of cardiolipin. We 

achieve this by expanding the current high-resolution in-silico MS/MS libraries for lipids 

and developing software to match in-silico fragmentation to experimental spectra 

acquired using data-dependent and data-independent acquisition. In contrast to data-

dependent acquisition, data-independent acquisition provides MS/MS of less abundant 

lipids, which are important in signaling and other important lipid functions. In data-

independent analysis, specifically all ion fragmentation, precursor-fragment 
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relationships are lost due to isolating ions in a window that spans the entire mass range 

of interest; therefore, fragments could originate from any precursor. The algorithm 

employed in LipidMatch reconstructs precursor-fragment relationships by correlating 

precursor chromatographic elution profiles to fragment elution profiles. This correlation 

dramatically reduces false positives by only using fragments from the precursor in 

question for identification and excluding fragments from other coeluting ions. However, 

the correlation of elution profiles drastically increases false negatives, lipids which truly 

exist but are left unidentified. False negatives occur because overlapping elution profiles 

for fragments or precursors reduce correlations below the minimum threshold, and as a 

result, these fragments are excluded from use in identification even though they came 

from the precursor of interest.  

Therefore, to better annotate low abundance lipids, we designed a script to apply 

iterative-exclusion data-dependent tandem mass spectrometry. The script, which we 

have called IE-Omics, generates exclusion lists from ions selected in previous 

acquisitions. After applying the exclusion list to a sequential injection only unique ions 

unselected in the previous acquisition are fragmented. When applying this method 

iteratively, over 60 % more lipids can be annotated. This technique provides a drastic 

increase in coverage as compared to traditional data-dependent analysis and AIF. 

When all three techniques are used together, the greatest coverage of lipid 

fragmentation and hence annotations are obtained.  

 In addition to increasing lipid coverage, it is important to report only the structural 

details known (referred to as structural resolution) based on experimental data. 

LipidMatch addresses this issue by using an annotation style which provides users with 
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only the structural resolution that is known based on their experimental data. While 

LipidMatch's accurate reporting of structural resolution is an advantage over other open 

source software, traditional lipidomics experiments employing UHPLC-HRMS/MS do not 

provide exact lipid molecular structure. However, mass spectrometry techniques have 

been developed to report more detailed structural resolution of lipids, including fatty acyl 

positional isomers, double bond position, and double bond cis/trans isomerism.  

Positional isomers such as sn1 and sn2 isomers can be distinguished in tandem 

mass spectrometric approaches using the relative ratios of the fatty acyl fragments. 

However, because these relative ratios can vary between instruments, fragmentation 

method, and lipid classes, internal standards with varying ratios of sn1 and sn2 isomers 

must be used for quantitative approaches. Standards are often impure, and therefore 

must first be characterized by measuring the ratio of the fatty acid concentrations after 

treatment with phospholipase A2, which removes fatty acids only from the sn2 position 

[109]. Additionally, the lack of synthetic lipid standards to represent the diversity of lipid 

structures prohibits absolute certainty in the intensity of lipid fragments derived from the 

glycerol backbone.[121] However, one promising technique for identification of double 

bond positions is ozone-induced dissociation (OzID) [184], although specialized 

equipment for onsite generation of ozone and flow control is needed. In OzID, a 

traditional tandem mass spectrometric approach to characterize lipids by fatty acyl 

constituents is followed by the introduction of ozone, which induces fragmentation 

indicative of double bond positions. Another method for determining double bond 

location as well as cis and trans isoforms is the use of silver-ion liquid chromatography, 

where separation occurs due to weak complexes formed between the π electrons in 
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double bonds of unsaturated lipids with the silver particles in the stationary phase. This 

technique often requires chromatographic analyses on the order of hours to separate 

out all isomers, and hence is impractical for high-throughput studies with large sample 

sizes [185].  

Another promising method for identification of both sn1 and sn2 fatty acyl 

positions, double bond positions, and cis and trans isoforms is to apply ion mobility 

spectrometry (IMS), a rapid and predictable separation device, in tandem with UHPLC-

HRMS/MS studies [110]. Currently, these lipid isomers are rarely baseline-resolved 

using IMS, but the resolving power of IMS is expected to increase with technological 

advances such as structures for lossless ion manipulation (SLIM) [186]. Because IMS is 

easily combined with various liquid chromatographic and mass spectrometric 

techniques, it could revolutionize molecular characterization of lipids in the near future. 

In addition to achieving improved structural resolution of lipid annotations, 

databases must be designed to incorporate the various levels of structural resolution 

obtained by mass spectrometry. Otherwise, determination of the biological relevance of 

down-regulated and up-regulated lipids cannot be accomplished using pathway 

mapping. This is due to the fact that subtle differences in lipid structure can have 

dramatic influences on the lipid species biology. Currently, biochemical databases (e.g., 

Kyoto Encyclopedia of Genes and Genomes (KEGG)), are unable to capture the 

varying lipid structural resolution conferred by mass spectrometry.  

Furthermore, it is important to establish identifiers that query only biological 

information pertaining to known structural motifs. For example, the ideal case for 

PC(16:0_18:1) would be an identifier specific to the lipid class and to the fatty acyl 
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constituents, but not to the sn1 and sn2 positions or the double bond position. While 

there is a general KEGG entry for the phosphatidylcholine class, C00157, there is no 

KEGG entry for specific PCs. In this case, searching KEGG reduces the scope of 

biological inference to mechanisms general to all PCs. For the Human Metabolome 

Database (HMDB), identifiers exist for the specific lipid molecule, for example 

PC(16:0/18:1(9Z)). However, these biological inferences can be too specific (i.e., based 

on sn1 and sn2 position) and thus lead to false interpretation of the data. It is important 

to note that currently, while specific lipid molecules exist in databases such as LIPID 

MAPS and HMDB, the curated pathways predominantly contain general lipid class 

biology. Therefore, current biological inference in lipidomics relies either on expert 

opinion or on lipid class and fatty acid profile-based trends. 

Universal chemical identifiers, which can convert a chemical structure into a 

machine readable string, and vice versa, such as the widely used International 

Chemical Identifier (InChI) [187], would be extremely useful for electronic record finding 

of mass spectrometric based lipid annotations. InChI consists of layers, each containing 

additional information about the molecular structure. Many of these layers can be 

omitted, hence allowing for some flexibility in structural resolution. For example, layers 

signifying cis versus trans double bonds, or chirality of the lipid molecule, can be 

omitted, in which case any lipid isomers will be found. However, currently InChI requires 

a minimum of 3 layers, one of which is absolute bond connectivity; therefore the position 

of a double bond and fatty acid on the backbone cannot be left undetermined limiting 

application to lipidomics. Chemical query languages, such as SYBYL [188], could be 

used, with the possibilities of storing Boolean logic,  wild cards (unknown atoms and R-
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groups), and other functionalities allowing lipid annotations to be stored in a machine 

readable string which can cover all the different levels of structural resolution provided 

by mass spectrometry. These identifiers are not widely implemented; in order for them 

to be useful, they should be implemented in annotation software, databases (such as 

LIPID MAPS), and by chemical manufacturers. 

In addition to accurate lipid annotations, it is important to measure lipid 

concentrations reproducibly, in order that measurements can be compared across 

laboratories. Therefore, LipidMatch Quant is introduced to automate the relative 

quantification process. Lipid quantification is problematic, due to the cost prohibitive 

nature and unavailability of lipid standards to cover the diverse species within a given 

lipidome. Therefore, strategies to select the best internal standards for each lipid class 

are employed, in what is termed relative quantification. LipidMatch Quant can be 

employed to help take into account ionization efficiencies and ion suppression effects; 

LipidMatch Quant accomplishes this by selecting internal standards based on lipid 

class, lipid adduct, and lipid retention time. Following selection of internal standards, a 

table is generated which includes the concentration of each lipid across each sample 

and the respective internal standard ion used for each lipid.  

While these algorithms are currently of great utility to the lipidomics community, 

these algorithms are not intended as a final solution to a robust and comprehensive 

lipidomics workflow. Furthermore, because of the complexity of the lipidome, advances 

in instrumental and data processing strategies in lipidomics will continue to increase the 

coverage and accuracy of lipid measurements. Additionally, community-wide efforts to 

advance portions of lipidomics, metabolomics, and proteomics workflows will continue 



 

167 

to provide valuable tools, which can be integrated with or replace certain tools 

presented here. By utilizing multiple user input parameters, the tools presented here 

can readily be integrated with other software outputs. Therefore, the workflows 

presented in this dissertation can utilize community accepted lipidomics software such 

as MZmine 2, XCMS, LipidSearch, MS-DIAL, and Metaboanalyst. The flexibility of the 

workflow also allows for integration with various data acquisition approaches and 

vendor formats. For example, LipidMatch has been successfully employed with Agilent, 

Thermo, and ScieX data files for imaging, liquid chromatography, and direct infusion 

based high-resolution mass spectrometry.   

As with data-processing strategies, there are numerous sample preparation 

protocols employed in the lipidomics community. Many factors in sample preparation 

reduce the accuracy and precision of lipid measurements, and yet are not fully 

understood. For example, in this work it is shown that enzyme activity can drastically 

alter the final lipid concentrations measured. Furthermore, it was determined that 

enzymatic transformations are highly dependent on lipid class, fatty acyl composition, 

the organism or substrate studied, and sample storage and preparation protocols. 

Therefore, for lipidomics to be implemented in a clinical setting, one must account for 

these factors perturbing lipid measurements. However, most researchers do not 

sufficiently account for enzymatic degradation in their sample preparation. Adaptation of 

technologies which employ heat treatment, sample processing entirely at cryogenic 

temperatures, or other strategies for preserving sample integrity, are needed for robust 

and accurate lipid measurements.  
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Much work is needed to further improve accuracy of lipid measurements. Lipid 

concentrations measured across labs are often drastically different, and annotations 

using even the most widely accepted software often contain false positives. Therefore, 

in order to benchmark the progress of lipid measurements, we need quality controls, 

certified reference materials, and inter-laboratory exercises. As lipidomics continues to 

show promise in the clinical field, advancement in standardization and development of 

robust workflows will continue to meet the growing demand.  
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APPENDIX 
SUPPLEMENTAL INFORMATION 

Chapter 2 

Object 2-1. Additional supplemental information for Chapter 2 (Table S2-4, Table S2-5, 
and Table S2-6 and all supplemental Figures and Tables in power point) ( 
.xlsx and .pptx files 9 KB) 

 
Table S2-1. Gradient for reverse phase liquid chromatography of lipids. Mobile phase C 

consisted of 60:40 acetonitrile:water and mobile phase D consisted of 90:8:2 
isopropanol:acetonitrile:water, with both containing 0.1% formic acid 10 mM 
ammonium formate. The flow rate was 500µL/min.   

Time (min) 0 1 3 4 6 8 10 13 15 16 16.5 17 21 

C (%) 80 80 70 55 40 35 35 20 20 10 10 80 80 

D (%) 20 20 30 45 60 65 65 80 80 90 90 20 20 

 
 
 

Table S2-2. Mass spectrometric parameters. Abbreviations are: Res – resolution, AGC 
– automatic gain control, IT – injection time, NCE – normalized collision 
energy (stepped), ddMS2 – data-dependent tandem-mass spectrometry, Iso – 
isolation width, Apex – apex trigger, and Dyn Excl – dynamic exclusion. 

  Res AGC IT (ms) 
Range 
(m/z) NCE 

Full Scan 70k 5x106 256 200-1200 NA 

ddMS2 70k 5x106 256 80-900 20 ± 5* 

  Iso (m/z) 
Intensity 

Threshold Appex (s) 
Dyn Excl 

(s) top N 

ddMS2  1 5x104 5 to 20 6 5 

*For Red Cross plasma the stepped NCE was 20 ± 4 
 
  

http://ufdc.ufl.edu/l/IR00010063/00001
http://ufdc.ufl.edu/l/IR00010063/00001
http://ufdc.ufl.edu/l/IR00010063/00001
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Table S2-3. Source parameters (electrospray ionization (ESI)) 

Omics analysis Lipidomics Metabolomics 

Polarity Neg Pos Neg Pos 

Sheath gas flow rate 25 30 45 45 

Auxilary gas flow rate 15 5 10 10 

Sweep gas flow rate 0 1 1 1 

Spray voltage (kV) 3.5 3.5 3 3.5 

Capillary temperature (°C) 250 300 325 325 

S-lens RF level 35 35 30 30 

Aux gas heater temp (°C) 350 300 350 350 

 
 

 

Figure S2-1. The retention time window for both determining the MS/MS scan under a 
chromatographic feature and for exclusion of ions previously selected, was 
0.3 min, which was close to the median of FWHM values. Distribution of 
chromatographic peaks determined by MZmine full widths at half maximum 
(FWHM) for: A) Red Cross plasma in positive and negative polarity and B) 
Substantia nigra in positive and negative polarity.  
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Figure S2-2. A higher density of selected precursor ions in substantia nigra extracts 
analyzed with IE was observed compared to the traditional ddMS2 approach. 
Selected precursor ions m/z and retention times for 6 repetitive injections 
using: A) the traditional ddMS2 approach and B) iterative based-exclusion 
ddMS2 (IE-ddMS2) for substantia nigra lipid extracts analyzed in positive 
mode.  
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Figure S2-3. Selected precursor ions m/z and retention times for: A) 6 repetitive 
injections using the traditional ddMS2 approach and B) iterative based-
exclusion ddMS2 (IE-ddMS2) for substantia nigra lipid extracts analyzed in 
positive mode, zoomed into the glycerophospholipid (GPL) region. Identified 
lipid molecules by LipidMatch are also shown in red.   



 

173 

 
Figure S2-4. Cumulative unique lipid molecular identifications using LipidSearch 

software across multiple data acquisitions. Iterative exclusion-based data-
dependent top5 (IE-ddMS2-top5) described in this paper is compared with 
with traditional ddMS2 top5 for: A) lipid extracts of Red Cross plasma in 
positive mode and B) negative mode, and C) lipid extracts of substantia nigra 
in positive mode and D) negative mode.  



 

174 

 
 
Figure S2-5. Number of precursors selected for fragmentation across sequential 

injections after applying IE to negative and positive mode analysis of Red 
Cross plasma lipid extracts.  

 
Figure S2-6. Boxplots of log transformed peak heights from MZmine for lipids identified 

in the first ddMS2-top5 acquisition using LipidMatch (IE1) and after applying 
an exclusion list using the algorithm described in this paper (IE2, IE3, IE4, 
IE5, and IE6). Comparisons are made for lipid extracts of Red Cross plasma 
in positive mode. Differences between IE1 and IE2, were highly significant 
with a p-value for a student t-test less than 0.0000005. Differences in the 
following injections did not have significantly lower intensities (p-value > 0.05).  



 

175 

 
Figure S2-7. Graphs are shown representing MS/MS spectral quality over sequential 

injections with and without applying IE. The dependent variable is the percent 
of lipids identified by LipidSearch which were graded A (high confidence and 
characterization of structural detail) over all grades (A + B + C). B and C 
grades indicate that there were less fragments identified for those lipids. 
Iterative exclusion-based data-dependent top5 (IE-ddMS2-top5) described in 
this paper is compared with traditional ddMS2 top5 for lipid extracts of: A) Red 
Cross plasma lipid extracts in positive mode and B) negative mode, and C) 
lipid extracts of substantia nigra in positive mode and D) negative mode.  
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Figure S2-8. Boxplots of log transformed peak heights from MZmine for diglycerides 

(DGs) identified in the first ddMS2-top5 acquisition using LipidMatch (IE1) and 
after applying an exclusion list using the algorithm described in this paper 
(IE2, IE3, IE4, IE5, and IE6). Comparisons are made for Red Cross plasma 
lipid extracts in positive mode. 
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Figure S-9. Distribution of lipids identified using LipidMatch by lipid class using iterative 

exclusion-based data-dependent top5 (IE-ddMS2-top5) acquisitions in 
negative ion mode. The lipid class distribution of all identifications across 
sequential injections using the traditional ddMS2-top5 approach is shown for: 
A) Red Cross plasma and B) substantia nigra tissue lipid extracts. In addition, 
the distribution of additional unique lipid molecular identifications after 
applying iterative exclusion (IE) across lipid classes are shown for: C) Red 
Cross plasma and D) substantia nigra lipid extracts.   
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Figure S2-10. Multilinear regression for predicting retention times of diglycerides (DGs) 

based on DG total carbons and degrees of unsaturation in the fatty acid 
constituents. DGs fatty acid constituents were determined using tandem mass 
spectrometry and an in-house identification software LipidMatch. Models 
explain the majority of the variance (97%) as expected. Therefore, the 
majority of LipidMatch identifications are verified by orthogonal separation, 
retention time, at least at the level of total carbons and double bonds.  

 
Figure S2-11. Multilinear regression for predicting retention times of triglycerides (TGs) 

based on TG total carbons and degrees of unsaturation in the fatty acid 
constituents. TGs fatty acid constituents were determined using tandem mass 
spectrometry and an in-house identification software LipidMatch. Models 
explain the majority of the variance (97%) as expected. Therefore, the 
majority of LipidMatch identifications are verified by orthogonal separation, 
retention time, at least at the level of total carbons and double bonds. 
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Chapter 3 

Object 3-1. Additional supplemental information for Chapter 3 (Table S3-4 as .xlsx, all 
supplemental Figures and Tables in power point, and LipidMatch software, 
video tutorials, manual, and example files) ( .zip, .xlsx and .pptx files 369 MB) 

 

  

http://ufdc.ufl.edu/l/IR00010099/00001
http://ufdc.ufl.edu/l/IR00010099/00001
http://ufdc.ufl.edu/l/IR00010099/00001
http://ufdc.ufl.edu/l/IR00010099/00001
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Table S3-1. LipidMatch lipids as of 10/1/2016  

Class Species Adducts 

Ac2PIM1 78 [M-H]- 

Ac2PIM2 78 [M-H]- 

Ac3PIM2 1728 [M-H]- 

Ac4PIM2 20736 [M-H]- 

AcCa 53 [M+H]+ 

BA_Glycine 16 [M-H]- 

BA 34 [M-H]- 

BA_Taurine 13 [M-H]- 

CE 38 [M+NH4]+ 

Cer_ADS 784 [M+HCO2]-;[M-H]- 

Cer_AP 2352 [M+HCO2]-;[M-H]- 

Cer_AS 1568 [M+HCO2]-;[M-H]- 

Cer_BDS 784 [M+HCO2]-;[M-H]- 

Cer_BS 2352 [M+HCO2]-;[M-H]- 

Cer_EODS 4368 [M+HCO2]-;[M-H]- 

Cer_EOS 8736 [M+HCO2]-;[M-H]- 

Cer 1444 [M+H]+;[M+HCO2]- 

Cer_NDS 784 [M+H]+;[M+HCO2]-;[M-H]- 

Cer_NP 2352 [M+HCO2]-;[M-H]- 

CerP 168 [M+H]+;[M-H]- 

CL 1596 [M-2H+3Na]+;[M-2H]2-;[M-H]-;[M+NH4]+ 

CoQ 5 [M+NH4]+ 

DG 741 [M+NH4]+ 

DGDG 1176 [M+HCO2]-;[M+NH4]+ 

DGTS 741 [M+H]+ 

DMPE 741 [M-H]- 

Ganglioside 1352 [M-H]- 

GlcADG 1176 [M-H]-;[M+NH4]+ 

GlcCer_AP 2352 [M+FA-H]-;[M-H]- 

GlcCer_AS 1568 [M+FA-H]-;[M-H]- 

GlcCer_NDS 784 [M+H]+;[M+FA-H]-;[M-H]- 

GlcCer_NP 2352 [M+FA-H]-;[M-H]- 

GlcCer 1568 [M+H]+;[M+HCO2]- 

lanosteryl 2 [M+NH4]+ 

LDGTS 231 [M+H]+ 

LipidA-PP 425 [M-H]-;[M-H]- 

LPC 38 [M+H]+;[M+Na]+;[M+HCO2]- 

LPE 38 [M+H]+;[M+Na]+;[M-H]- 

LPI 38 [M-H]- 

MG 49 [M+NH4]+ 

MGDG 2304 [M+H]+;[M+Na]+;[M+HCO2]-;[M+NH4]+;[M+NH4-CO]+ 
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Table S3-1. Continued 

Class Species Adducts 

MMPE 741 [M-H]- 

OxLPC 214 [M+H]+;[M+Na]+;[M+HCO2]- 

OxLPE 214 [M+H]+;[M+Na]+;[M-H]- 

OxPC 31112 [M+H]+;[M+Na]+;[M+HCO2]- 

OxPE 31112 [M+H]+;[M+Na]+;[M-H]- 

OxTG 115520 [M+NH4]+;[M+NH4]+ 

PA 741 [M+H]+;[M-H]- 

PC 741 [M+H]+;[M+H]+;M+Na;[M+HCO2]- 

PE 741 [M+H]+;[M+Na]+;[M-H]- 

PG 741 [M+H]+;[M-H]-;[M+NH4]+ 

PI 741 [M-H]- 

Plasmanyl-LPC 11 [M+H]+;[M+HCO2]- 

Plasmanyl-LPE 3 [M+H]+;[M-H]- 

Plasmanyl-PC 418 [M+H]+;[M+HCO2]- 

Plasmanyl-PE 114 [M+H]+;[M-H]- 

Plasmanyl-PS 114 [M+H]+;[M-H]- 

Plasmanyl-TG 4446 [M+NH4];[M+NH4] 

Plasmenyl-LPC 11 [M+H]+;[M+HCO2]- 

Plasmenyl-LPE 11 [M+H]+;[M-H]- 

Plasmenyl-PC 418 M+H;[M+HCO2]- 

Plasmenyl-PE 228 [M+H]+;[M-H]- 

Plasmenyl-PS 228 [M+H]+;[M-H]- 

Plasmenyl-TG 4446 [M+NH4];[M+NH4] 

PS 741 [M+H]+;[M+Na]+;[M-H]- 

SM 1444 [M+H]+;[M+HCO2]- 

So 13 [M+H]+ 

SQDG 1473 [M-H]- 

Sulfatide 196 [M+H]+;[M-H]- 

TG 9880 [M+Na]+;[M+NH4]+;[M+NH4]+ 

zymosteryl 2 [M+NH4]+ 

71 274558 136 
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Table S3-2. LipidMatch lipid acronyms as of 10/1/2016  

Acronym Definition 

Ac2PIM1 Diacylated phosphatidylinositol monomannoside 

Ac2PIM2 Diacylated phosphatidylinositol dimannoside 

Ac3PIM2 Triacylated phosphatidylinositol dimannoside 

Ac4PIM2 Tetraacylated phosphatidylinositol dimannoside 

AcCa Acylcarnitine 

BA Bial Acid: Beta 

BA_Glycine Bial Acid Glycine Conjugate 

BA_Taurine Bial Acid Taurine Conjugate 

CE Cholesterol Ester 

Cer_NDS Backbone: Dihydrosphingosine Fatty acid: non-hydroxy fatty acid 

Cer_NP Backbone: Phytosphingosine Fatty acid: Fatty acid: non-hydroxy fatty acid 

Cer Ceramide (Nonhydroxyacyl sphingosine) 

Cer_ADS Backbone: Dihydrosphingosine Fatty acid: a-hydroxy fatty acid 

Cer_AP Backbone: Phytosphingosine Fatty acid: a-hydroxy fatty acid 

Cer_AS Backbone: Sphingosine Fatty acid: a-hydroxy fatty acid 

Cer_BDS Ceramide Backbone: Dihydrosphingosine 

Cer_BS Ceramide Backbone: Sphingosine 

Cer_BS Ceramide Backbone: Sphingosine 

Cer_EODS Backbone: Dihydrosphingosine Fatty acid: esterified w-hydroxy fatty acid 

Cer_EOS Backbone: Sphingosine Fatty acid: esterified w-hydroxy fatty acid 

CerP Ceramide-1-phosphate 

CL Cardiolipin 

CoQ Coenzyme Q 

DG Diglyceride or Diglyceride 

DGDG Digalactosyldiglyceride 

DGTS Diacylglyceryltrimethylhomo-Ser 

DMPE Dimethyl Phosphatidylethanolamine 

Ganglioside Ganglioside or glycan ceramides 

GlcADG Glucuronosyldiglyceride  

GlcCer_NDS 
Glucosyl-ceramide Backbone: Dihydrosphingosine Fatty acid: non-hydroxy 
fatty acid 

GlcCer Glucosyl-Nonhydroxyacyl sphingosine 

GlcCer_AP 
Glucosyl-ceramide Backbone: Phytosphingosine Fatty acid: a-hydroxy fatty 
acid 

GlcCer_AS Glucosyl-ceramide Backbone: Sphingosine Fatty acid: a-hydroxy fatty acid 

lanosteryl Lanosteryl 

LDGTS Lysodiacylglyceryltrimethylhomo-Ser 

LipidA_PP Diphosphorylated hexaacyl Lipid A 

LPC Lysophosphatidylcholine 

LPE Lysophosphatidylethanolamine 

LPI Lysophosphatidylinositol 
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Table S3-2. Continued 

Acronym Definition 

MG Monoacylglycerol 

MGDG Monogalactosyldiglyceride 

MMPE Monomethyl-Phosphatidylethanolamine 

OxLPC Oxidized lysophosphatidylcholine 

OxLPE Oxidized lysophosphatidylethanolamine 

OxPC Oxidized phosphatidylcholine 

OxPE Oxidized phosphatidylethanolamine 

OxTG Oxidized triglyceride 

PA Phosphatidic acid 

PC Phosphatidylcholine 

PE Phosphatidylethanolamine 

PG Phosphatidylglycerol 

PI Phosphatidylinositol 

Plasmanyl-LPC Plasmanyl lysophosphatidylcholine 

Plasmanyl-LPE Plasmanyl lysophosphatidylethanolamine 

Plasmanyl-PC Plasmanyl phosphatidylcholine 

Plasmanyl-PE Plasmanyl phosphatidylethanolamine 

Plasmanyl-PS Plasmanyl phosphatidylserine 

Plasmanyl-TG Plasmanyl triglyceride 

Plasmenyl-LPC Plasmenyl lysophosphatidylcholine 

Plasmenyl-LPE Plasmenyl lysophosphatidylethanolamine 

Plasmenyl-PC Plasmenyl phosphatidylcholine 

Plasmenyl-PE Plasmenyl phosphatidylethanolamine 

Plasmenyl-PS Plasmenyl phosphatidylserine 

Plasmenyl-TG Plasmenyl triglyceride 

PS Phosphatidylserine 

SM Sphingomyelin 

So Sphingosine 

SQDG Sulfoquinovosyldiglyceride 

Sulfatide Sulfatide 

TG Triglyceride 

zymosteryl zymosteryl 
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Figure S3-1. Simplified flow diagram of LipidMatch operations. The first panel is input 
files, the second represents operations performed by LipidMatch, and the 
third panel illustrates procedures using data from red cross plasma. For the 
first panel, green boxes with folded top right corners are input csv files. Purple 
boxes with diagonal tops are input parameters. The third panel uses 
identification of PC(38:6) [M+HCO2]- in negative polarity as an example.  
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Figure S3-2. Set overlap for LipidMatch, MS-DIAL, and GREAZY in negative polarity 
analysis of Red Cross plasma. Visualization of sets based on UpSet 
<http://www.caleydo.org/tools/upset/>. Dots and lines represent which 
software (sets) overlap, and bars represent the total lipid species contained 
within each overlap. For example the first vertical bar represents the number 
of features with the same identification for all 3 software. Color codes show 
the lipid types making up a specific overlap or set. Sets or sorted by number 
of lipid species contained within. Species included in other were PIP, PIP2, 
and GlcCer. Horizontal bars represent the total number of feature identified by 
each respective software.  
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Figure S3-3. Set overlap for LipidMatch, MS-DIAL, and GREAZY in positive polarity 
analysis of Red Cross plasma. Dots and lines represent which software (sets) 
overlap, and bars represent the total lipid species contained within each 
overlap. Color codes show the lipid types making up a specific overlap or set. 
Species included in other were ether-linked-LPC, Co, So, Sulfatide, PIP3, PE-
Cer, PG, PA, PS, ether-linked-PS, PE, CE, and LPE, which all had less than 
15 lipids in any given overlap between sets. 
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Figure S3-4. Pie chart of lipid classes and the number of each identified by LipidMatch 
in negative polarity 

 

Figure S3-5. Pie chart of lipid classes and the number of each identified by LipidMatch 
in positive polarity 

Chapter 4 

Table S4-1. Liquid chromatography gradient  

Time 
(min) 0 1 3 4 6 8 10 15 17 18 19 23 

C (%) 80 80 70 55 40 35 35 10 2 2 80 80 

D (%) 20 20 30 45 60 65 65 90 98 98 20 20 
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Table S4-2. Mass spectrometry scan parameters 

Parameter Full Scan AIF scan Targeted MS2 

Resolution 70,000 70,000 17,500 

AGC 3 x 106 3 x 106 3 x 106 

Injection time (ms) 256 256 256 

Range (m/z) 120 - 1,200 80 - 1,200 automatic 

NCE NA 25 25 

Isolation window (m/z) NA 1120 1 
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Table S4-3. Comparisons of LMQ derived concentrations using various data processing 
techniques and ions for quantification 

Concentrations calculated after smoothing versus not smoothing peak heights 

a) Species Both* Avg % Diff** Med % Diff*** log2 fold change **** 

Cer 11 5 ± 6 2.6 0 ± 0.1 

LPC 15 6 ± 5 5.4 -0.1 ± 0.1 

OxTG 4 2 ± 1 2.6 0 ± 0 

PC 37 8 ± 6 7.3 -0.1 ± 0.1 

PE 14 9 ± 7 8.1 -0.1 ± 0.1 

SM 3 9 ± 3 7.7 0 ± 0.2 

TG 59 4 ± 3 3.5 0 ± 0.1 
ether-
LPC 5 11 ± 9 14 -0.2 ± 0.1 
ether-
PC 15 4 ± 3 3.9 -0.1 ± 0 
ether-
TG 15 4 ± 3 4.4 -0.1 ± 0.1 
ether-
PE 6 6 ± 2 6.9 -0.1 ± 0 

          

Concentrations calculated after smoothing versus not smoothing peak areas 

b)         

Cer 11 2 ± 2 1.2 0 ± 0.1 

LPC 15 1 ± 1 0.3 -0.1 ± 0.1 

OxTG 4 3 ± 2 2.6 0 ± 0 

PC 37 1 ± 1 0.2 -0.1 ± 0.1 

PE 14 2 ± 2 1 -0.1 ± 0.1 

SM 3 1 ± 1 0.3 0 ± 0.2 

TG 59 2 ± 2 1 0 ± 0.1 
ether-
LPC 5 0 ± 0 0.6 -0.2 ± 0.1 
ether-
PC 15 1 ± 1 0.3 -0.1 ± 0 
ether-
TG 15 3 ± 2 2.8 -0.1 ± 0.1 
ether-
PE 6 1 ± 1 0.4 -0.1 ± 0 
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Table S4-3. Continued 

Concentrations calculated using peak height versus peak area 

c)         

Cer 11 25 ± 32 26 -0.2 ± 0.3 

LPC 15 24 ± 18 13 0.1 ± 0.3 

OxTG 4 78 ± 25 29 0.3 ± 0.2 

PC 37 28 ± 19 18 0.1 ± 0.3 

PE 14 28 ± 24 32 -0.1 ± 0.5 

SM 3 45 ± 31 54 -0.5 ± 0.3 

TG 59 53 ± 44 42 -0.5 ± 0.4 
ether-
LPC 5 31 ± 18 40 0.3 ± 0.4 
ether-
PC 15 17 ± 13 28 0.3 ± 0.4 
ether-
TG 15 16 ± 9 18 0.3 ± 0.3 
ether-
PE 6 16 ± 15 15 0.2 ± 0.2 

          

Concentrations calculated using positive versus negative polarity data 

d)         

Cer 7 53 ± 23 31 -0.6 ± 0.3 
ether-
PC 4 41 ± 7.4 40 0.5 ± 0.1 
ether-
PE 4 33 ± 30 22 0.3 ± 0.4 

LPC 14 43 ± 18 41 -0.5 ± 0.2 

PC 22 27 ± 24 20 0.2 ± 0.4 

Concentrations calculated using major versus [M+Na]+ adducts 

e)         

Cer 7 570 ± 210 180 -3 ± 0 

LPC 5 220 ± 140 220 1.6 ± 0.6 

PC 26 180 ± 320 120 -1 ± 1 

TG 38 4300 ± 11300 260 -1 ± 4 
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A 

 

B 

  

Figure S4-1. A comparison of fold change (greater than 1) versus percent difference for 
the traditional equation for percent difference and the one used here.            
A) Fold change (greater than 1) versus percent difference calculated using 

the average in the formula: 𝑅𝑒𝑙𝑎𝑡𝑖𝑣e 𝑝𝑒𝑟𝑐𝑒𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =
𝑥−𝑦

Avg(𝑥,𝑦)
× 100             

B) Fold change (greater than 1) versus percent difference calculated using 

the minimum in the formula: 𝑅𝑒𝑙𝑎𝑡𝑖𝑣e 𝑝𝑒𝑟𝑐𝑒𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =
𝑥−𝑦

min(𝑥,𝑦)
× 100 
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Figure S4-2. Depiction of MS/MS scans using AIF (red and yellow) and using DDA 

(white) for two lipid isomers (A and B). An advantage of AIF over data-
dependent MS/MS for annotation is that via deconvolution, the correct peak 
can be assigned to the correct lipid (Figure S4-1A). In DDA in in Figure S4-
1A, if only one MS/MS scan is obtained, there is not enough information to 
correctly assign which lipid isomer belongs to which peak. If both isomers 
completely overlap, AIF cannot be used to distinguish the isomers.  
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Figure S4-3. Extracted ion chromatograms (EICs) and peak integration by MZmine of 

the triglycerides (TGs) with: A) the most and B) least percent difference when 
comparing quantification using peak height versus peak area.  



 

194 

 
Figure S4-4. Extracted ion chromatograms (EICs) of PC(16:0_20:5) and PC(18:0_20:4) 

(the predominant peak at 7.16 and 8.34, respectively). Peaks had similar 
looking EICs in negative and positive mode, but very different percent 
differences in concentration between the two polarities, although the same 
molecular lipid was used for quantification. 

Chapter 5 

Object 5-1. Additional supplemental information for Chapter 5 (Table S5-3 through 
Table S5-7 as .xlsx, and all supplemental Figures and Tables in power point, 
and LipidMatch software, 11.2 MB) 

 

Table S5-1. Ultra-high-performance liquid chromatography (UHPLC) gradient 

Retention Time (min)   0 1 3 4 6 8 10 15 17 18 19 23 

% A (60:40 ACN:H2O)   80 80 70 55 40 35 35 10 2 2 80 80 

% B (90:8:2 IPA:ACN:H2O) 20 20 30 45 60 65 65 90 98 98 20 20 

 
  

http://ufdc.ufl.edu/l/IR00010098/00001/
http://ufdc.ufl.edu/l/IR00010098/00001/
http://ufdc.ufl.edu/l/IR00010098/00001/
http://ufdc.ufl.edu/l/IR00010098/00001/
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Table S5-2. Q-Exactive scanning parameters 

  Res AGC IT (ms) Range (m/z) NCE 

Full Scan 70k 5x106 256 200-1200 NA 

ddMS2 35k 5x106 175 80-1200 25 ± 5 

 Iso (m/z) Underfill (%) Appex (s) Dyn Excl (s) top N 

ddMS2  1 1 10-20 4 10 

 



 

196 

 
Figure S5-1. Denator Maintainor cartridges containing: A) common house crickets 

before and B) after heat treatment, C) earthworm after heat treatment and D) 
ghost shrimp after heat treatment.  
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Figure S5-2. Relative concentrations and numbers of species of each lipid type in 

earthworm, ghost shrimp, and common house cricket. Lipid class/type 
acronyms and definitions are provided in Supplementary Table S-6. Ether 
stands for either plasmanyl or plasmenyl species, or both. The panels are: A) 
Concentration of each lipid class for earthworm, B) ghost shrimp, and C) 
common house cricket, and D) number of lipid species per class for 
earthworm, E) ghost shrimp, and F) common house cricket.  
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Figure S5-3. Total PE and LPE [M-H]- and PC and LPC [M+HCO2]- concentrations in 

cricket, earthworm, and shrimp samples that are flash-frozen (N) and with 
heat treatment (D), including samples that were incubated for one hour on 
ice. Three significance levels are: p < 0.05 (*), p < 0.005 (**), and p < 0.0005 
(***). 
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Figure S5-4. Total ether-linked (plasmanyl and plasmenyl species) PE and LPE [M-H]- 

and PC and LPC [M+HCO2]- concentrations in frozen (N) and heat-treated 
(D). The three significance levels are: p < 0.05 (*), p < 0.005 (**), and p < 
0.0005 (***). 
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American Museum of Natural History (2007).  

Jeremy focused on environmental chemistry during his years at Hampshire 

College (2007-2011). In the summer of 2010, Jeremy was awarded an NSF REU grant 

culminating in a paper (unpublished) on diurnal isoprene nitrate chemistry in polluted 

and unpolluted air parcels as part of his work at the University of Michigan Biological 

Station. The following year he completed a 122 page senior thesis modeling metal 

uptake and imaging metal distributions in ferns growing on shooting range soils in 

Chesterfield, MA, under chemistry professor Dulasiri Amarasiriwardena and botany 

professor Lawrence Winship. Results were published in the journal Environment and 

Pollution. In the summer of 2011, he continued research with Dulasiri, researching gold 

nanoparticle uptake by rice plants (manuscript also published in Environment and 

Pollution) and synthesizing iron nanoparticles for adsorption of trace metals.  

During Jeremy's time at Hampshire College, he began to practice Vipassana 

meditation as taught by S. N. Goenka and became very interested in Buddhist 
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philosophy from various traditions. Therefore, he took part in the 5 college exchange 

program to the Central University of Tibetan Studies, in Sarnath, India, where he was 

shocked by the level of environmental pollution in India.  After he graduated from 

Hampshire College, he applied and was accepted as a Fulbright-Nehru scholar to study 

phytoremediation (low-cost remediation of contamination using plants and bacteria) with 

an expert in the field, Dr. M. N. V. Prasad. Jeremy had reached out to Dr. Prasad after 

being inspired after reading one of Dr. Prasad's many books on the subject. As a 

Fulbright-Nehru scholar (2012), Jeremy authored two book chapters and one journal 

article on the topic of phytoremediation, with emphasis on prospects for 

phytoremediation in India. As part of Jeremy's Fulbright scholarship, Jeremy used 

Google maps to map out possible pollution sources to the local water systems of 

Ranipet, Tamil Nadu, India. Jeremy hired a translator and retired Indian military 

personnel as a driver, interviewing numerous villagers, taking industrial sludge and 

water samples for trace metal analysis, and investigating the flora and microbial 

organism growing in the most polluted locations. Ranipet is designated as one of the top 

most polluted locations on earth by Blacksmith Institute in 2006.   

Jeremy's experience in Ranipet and India made him realize that trace metal 

analysis was limited in scope, and if he was to better characterize and investigate 

polluted areas he would benefit from learning organic mass spectrometry. After meeting 

Dr. Richard Yost at the University of Florida, he was attracted by the freedom to follow 

his interests under Dr. Yost's mentorship. Dr. Yost's similar interests in environmental 

chemistry also attracted Jeremy. In addition, Dr. Yost's expertise in mass spectrometry, 

and financial and networking connections, were a valuable asset for Jeremy to realize 
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his career goals. Soon after he joined the Yost group in 2013, Jeremy began working on 

investigating wildlife disease via lipidomics with a collaboration with Dr. John Bowden, 

which culminated in a trip to South Africa to investigate the devastating spread of a 

disease called pansteatitis. After taking interest in lipids, Jeremy quickly realized there 

were limited software tools to do the required data processing and analysis, which 

would be very tedious. Jeremy began to rekindle an interest in coding in R, and began 

writing scripts for collaborators and lab-mates to help them with their lipidomics 

workflows.  

Inspired by the utility of the research to the broader lipidomics community, 

Jeremy developed an entire lipidomics open source workflow, from data-acquisition to 

relative quantification, working with a team of undergraduate computer programmers 

(most importantly Jason Cochran and Nicholas Kroeger), UF faculty Richard Yost and 

Timothy Garret, and researchers at the National Institute for Standards and Technology 

(NIST) at Hollings Marine Lab (John Bowden, Candice Ulmer, and Jared Ragland). 

Lipidomics tools developed during his PhD, in which he is first author or coauthor on 

respective manuscripts, include LipidMatch, LipidMatch Quant, LipidPioneer, LipidQC, 

and IE-Omics. Jeremy received his PhD from the University of Florida in the fall of 2017. 

Beyond scientific research, Jeremy is very active in the Gainesville community. 

He is trained in life coaching by the Satvatove Institute, and has facilitated numerous 3-

4 hour communication courses, and one-on-one coaching sessions, mainly for 

undergraduates of University of Florida. He loves to join and teach dance (especially in 

the tradition of Barbara Mettler), meditation, transformative communication, and loves 

cooking vegan dishes. He is dating Harmony Miller, midwife, founder, and business 
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owner of Rosemary Birthing Home, and enjoys spending time with her two boys, Rio 

and Cairo Ortiz. 

As of 2018, Jeremy serves as a consultant for designing both proprietary and 

open source lipidomics software. After completing the lipidomics software tools, Jeremy 

plans on returning to his passion of environmental analytical chemistry, applying his 

knowledge acquired during his PhD on state of the art organic mass spectrometric 

techniques and data-handling tools to develop techniques in the field of exposomics. 

Specifically, Jeremy is interested in designing software and developing data-acquisition 

strategies for untargeted detection of anthropogenic chemicals released into the 

environment. These strategies would be important to detect releases in real time, and 

quickly assess environmental risk before the levels of persistent chemicals in the 

environment are raised to dangerous levels. This is important, as once persistent 

chemicals are released into the environment, the successful remediation of the 

environment to pre-release conditions is often cost-prohibitive.  


