
ABSTRACT 

MANNING, SARAH CATHERINE. Systematic Evaluation of Dopants to Enhance Lipidome 
Coverage in Infrared Matrix-Assisted Laser Desorption Electrospray Ionization Mass 
Spectrometry (IR-MALDESI). (Under the direction of Dr. David Muddiman). 
 

Lipids are a diverse group of biomolecules that are essential for cellular function 

including roles in energy storage and signaling. The ability of lipids to fulfill multiple functions 

stems from their structural and chemical diversity. Lipids with high bioactivity and importance 

for biological function are often observed at low physiological concentration. Taken together 

diversity and low abundance can cause low ionization efficiencies making it difficult to analyze 

some lipids directly via mass spectrometry. Addition of dopants to electrospray solvent 

influences adduct formation, which can facilitate ionization and improve lipid analysis via mass 

spectrometry. Dopants including silver nitrate, lithium hydroxide, and ammonium chloride were 

added at varying concentration to the electrospray solvent of an IR-MALDESI imaging source 

coupled to an Orbitrap mass analyzer. Rat liver tissue was analyzed to compare doped solvents 

with previously used solvent compositions and to optimize dopant concentration. Inclusion of 

dopants in the electrospray solvent resulted in improved lipidome coverage with abundances 

comparable to conventional solvent compositions, where silver nitrate and lithium hydroxide 

showed the largest improvements with an increase by an additional 18 and 21 identified lipid 

peaks respectively. Lithium hydroxide improvements were more specifically related to lipid 

category relative to silver nitrate. 
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CHAPTER 1: Literature Review 

Introduction to Lipidomics 

Lipids are a chemically diverse group of biomolecules that are essential for cellular 

functions such as energy storage, signaling, and serving as structural components of cell 

membranes [1]. Cellular lipids act as reservoirs for energy storage, which allow for access to 

energy as needed by the cell. Membrane lipids can act as signaling molecules since they are a 

source of lipid second messengers, which are generated by the actions of intracellular enzymes, 

that signal for cell growth, differentiation, death, and response to stimuli. Additionally, cellular 

lipids can form a membrane bilayer that provides physical characteristics and an integrity to a cell 

which is vital to its processes and functions. The bilayer allows for a hydrophobic environment 

that is essential for membrane protein function and interactions [2].  

Lipids are very structurally diverse as they are composed of combinations of a minimal 

number of building blocks and have a classification system based on shared structural similarities. 

One such classification system has been established by the Lipid MAPS consortium, which 

classifies lipids into eight main categories including fatty acyls, glycerolipids, 

glycerophospholipids, sphingolipids, sterol lipids, prenol lipids, saccharolipids, and polyketides.  

Many cellular lipids contain a polar hydrophilic part (typically called a head group) and a non-

polar hydrophobic portion. Some lipids, however, are predominately comprised of non-polar 

components. Lipid classes are defined by the polar head group, while subclasses are defined by 

variations in the non-polar regions of these molecules. Cellular lipidomes are very complex as 

each cell type is comprised of different compositions of specific lipid classes, subclasses, and 

molecular species. Additionally, cellular lipids are different amongst the different cell types, 
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species, cellular organelles, and membranes. Lastly, the cellular lipidome is dynamically changing 

as factors such as nutrition, hormones, exercise, and health conditions change [3].  

Lipidomics studies cellular lipidomes, including pathways and lipid networks, to obtain a 

full characterization of the present lipid molecular species and understand their biological roles. 

Identification of alterations in type and amount of lipids in lipidomes can provide insight into lipid 

pathways and networks to elucidate lipid interactions with other lipids and proteins to study health 

and disease [4]. A disorder of lipids has been shown to be a risk factor for many conditions and 

diseases such as cancer, psychiatric disorders, infection, etc [3]. In order to learn more about a 

lipidome, the required technology must be able to study the structure, functions, interactions, and 

dynamics of lipids. Many such technologies exist including mass spectrometry (MS), fluorescence 

spectroscopy, microfluidic devices, and nuclear magnetic resonance spectroscopy (NMR) to study 

cellular lipidomes. Mass spectrometry has been essential in the development of lipidomics for 

characterization, identification, and quantification of lipids due to several factors including the 

ability to couple to chromatographic methods for separation before analysis and ability to study 

intact lipids [3].  

 

Electrospray Ionization in Lipidomics Background 

While lipids have been previously studied using mass spectrometry, improvements in 

electrospray ionization (ESI) lead to a growth in lipidomics [4]. In the ESI process, a solution 

containing the analytes of interest flows through capillary tubing with a strong electric field 

applied, which results in accumulation on the liquid at the end of the capillary and spray formation 

into a Taylor cone. The narrow opening at the end of the capillary and the mechanical forces 

imparted as the solution goes through the narrow opening facilitates the formation of sprayed small 
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droplets. When an electrical potential is applied between the end of the capillary and the entry into 

the mass analyzer an oxidation/reduction process occurs resulting in the droplets carrying net 

charges that are directed into the mass analyzer by the applied electric field. When a positive 

electrical potential is applied to the capillary a negative electric potential is present at the entrance 

of the mass analyzer in positive-ion mode and droplets carry a net positive charge. Alternatively, 

if a negative potential is applied to the capillary the resulting droplets carry a negative charge and 

are drawn to the positive electrical potential at the mass analyzer. As the droplets continue from 

the capillary opening to the mass analyzer desolvation occurs during which the coulombic force 

between ions increases. When the force exceeds the surface tension of the solvent known as the 

Rayleigh limit, the droplets break up to form smaller droplets [2,4].  

After droplet fission, the solvent continues to evaporate, and the ions exit the liquid phase 

into the gas phase by either the ion evaporation model (IEM) or the charged residue model (CRM) 

[5]. Low molecular weight molecules follow the ion evaporation model where the charged species 

exits the solution phase into the gas phase. In this case the electric field emanating from the 

Rayleigh-charged droplet is high enough to force the ejection of the small, solvated ions from the 

surface of the droplet. Additionally, analyte ions that carry nonpolar moieties tend to position close 

to the droplet surface, which makes IEM ejection more likely. Larger species tend to follow the 

charged residue model for release into the gas phase. This model involves desolvation of the 

droplet until only a single analyte remains and the charge contained in the droplet transferred to 

the analyte. In the CRM model, the droplet remains close to the Rayleigh limit throughout the 

process, meaning the droplet sheds charge as its radius decreases [5].  The process of droplet 

formation, charge transfer, and transition from the liquid to gas phase repeats to form multiple 

molecular ions before entering the mass analyzer [2,4]. 
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As previously mentioned, the two main stages of ion generation in ESI are the production 

of charged droplets from a sprayed solution in the presence of a high electric field and then the 

formation of gas-phase ions from the charged droplets. Many physiochemical properties play a 

role in the ionization process including the physical properties of the analyte and the effects from 

surface tension and surface charge interactions in the sprayed droplets. Additional factors that 

affect ionization include pH, addition of dopants, flow rate, solvent composition, electrolyte 

concentration, and viscosity. Molecules containing ionic bonds undergo charge separation under 

high electrical potentials. When the infused solution contains positively and negatively charged 

moieties the high electrical potential allows select charges to enter the gas phase and the opposite 

charges accumulate at the end of the capillary or dispersed as neutral molecules in the gas phase, 

which are disposed of as waste after the oxidation/reduction reactions. For example, in positive-

ion mode cations are generated in the gas phase and anions are removed as waste after redox 

chemistry occurs. Analytes that do not carry separable charges but possess intrinsic dipoles can be 

induced to interact with cations or anions to create adduct ions in the positive-ion mode or 

negative-ion mode, respectively. Ionization efficiencies of these polar compounds is dependent on 

their inherent dipoles, the concentration of cations/anions in solution, the affinity of the ions for 

the analytes, and the electrochemical properties of the generated adducts [6]. 

 

Role of Dopants in Adduct Formation 

Ion generation by ESI partially depends on the analytes affinity to accumulate on the 

surface of the charged droplet and the analyte’s ability to compete for a charge, which is limited 

as solvent evaporates and droplets undergo fission. Hydrophobic species have an affinity for the 

droplet surface and are preferentially ionized. Analyte ion abundance is dependent on the net 
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charge of the electrospray droplet and the efficiency of transporting the ions into the gas phase. 

Ionization efficiency is associated with analyte basicity or acidity in solution for positively charged 

or negatively charged ions respectively. Neutral analytes require the formation of adducts for gas-

phase ion formation [7]. The abundance of analyte ions depends on the net charge on the 

electrospray droplet and the efficiency of transporting the ions from the droplet into the gas phase. 

Compounds with sufficient acidity or basicity exist in ionic forms in solution [8,9]. Neutral species 

have low ionization efficiencies due to lack of ionizable sites and cannot be efficiently analyzed 

directly by mass spectrometry. In such cases, adduct formation is the commonly used technique in 

ESI MS to improve ionization. The formation of adducts facilitates the analysis of neutral species 

and can improve specificity and/or sensitivity [10,11]. Adduct formation occurs in two steps 

beginning with analyte charging and followed by the ejection of the formed adducts into the gas 

phase. Several factors influence adduct formation including physiochemical parameters such as 

binding constant, hydrophobicity, and surface tension [10]. Of particular importance to observed 

ions is analyte hydrophobicity since hydrophobic ions accumulate on the surface of the charged 

droplet making them more surface active and preferentially ionized [7]. 

Observed ions are controlled by different equilibria occurring in the charged nanodroplets 

formed during the ESI process. The equilibria taking place in the liquid phase results in the 

charging of the analyte followed by other equilibria involving the ejection of the charged particles 

into the gas phase. These two main steps occur simultaneously for different types of ions resulting 

in observation of these ions in the mass spectrum [10].  Since ions are formed in the solution phase, 

adjustment of the solvent composition can affect ion formation in solution and therefore influence 

detection sensitivity [11]. Dopants can either enhance formation of a desired adduct or cause 

suppression of an undesired one [10]. Adducts occur in both positive and negative polarities but 



   

6 
 

are more common in the former. Cationic adducts can be observed as sodium, potassium, or 

ammonium adducts in addition to the commonly observed protonated species. Sensitivity 

enhancement via adduct formation can also occur in negative polarity but is less amenable due to 

the possibility of electrical (corona) discharge interfering before enough voltage is achieved for 

ion evaporation. Additionally, anionic adducts may not be as stable as cationic adducts once they 

are formed. Despite these disadvantages, negative mode can have higher sensitivity due to lower 

background ions compared to positive mode [10, 11]. Common negative adducts are formed with 

dopants including chloride, nitrite, formate, acetate, and nitrate [12]. While these adducts may be 

observed due to solvent impurities or glassware contamination, they can be influenced by the 

intended addition of salt compounds called dopants to the electrospray solvent [10, 11]. The 

addition of dopants to the electrospray solvent can improve sensitivity [11]. 

 

Review of Adducts in Mass Spectrometry Imaging 

The ability of lipids to fulfill multiple roles comes from the diversity in structural and 

physical characteristics. Additionally, some important lipid species that are biological important 

and have high bioactivity are often present at very low concentrations [13]. Taken together 

structural diversity and low abundance make it difficult to analyze some lipids directly via MS due 

to inefficient ionization without prior separation if the lipids. Lipidomics analysis performed 

without prior chromatographic separation is called “shotgun lipidomics” and is used on both crude 

lipid extracts and tissue imaging [14]. Improvements in mass spectrometry techniques has 

eliminated prior issue, such as low sensitivity and resolution, and made “shotgun lipidomics” 

possible. Another technique that involves studying lipids without chromatographic separation is 

the analysis of intact chemical species on a sample surface called mass spectrometry imaging 
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(MSI). MSI is a powerful tool used for spatial mapping of the distribution of molecules on a 

biological surface such as tissue and is often used in lipidomics [15]. The creation of a heatmap 

with the spatial resolved information can assist in gaining a more complete understanding of the 

biology as the location of molecules can indicate the role those molecules play in the system [16, 

17]. Improvements in MS and MSI techniques do not necessarily address issues in decreased 

ionization of some lipids, which impacts the simultaneous analysis several lipid compounds [15]. 

Adduct formation by the addition of dopants is a method used to combat these issues by modifying 

the charge properties of the lipids increasing ionization efficiency [3]. 

Previous work has shown that adduct formation by dopant addition can improve ionization 

of important classes of lipids such as olefins via desorption electrospray ionization (DESI) analysis 

by abundances up to 50 times greater than conventional DESI solvents [18]. Work by Duncan et. 

al. also resulted in a large increase in abundances by showing an approximately 30 times 

improvement in sensitivity of adducted prostaglandins compared to deprotonated prostaglandin 

molecules and their spatial distributions in mouse uterine tissue with the addition of silver nitrate 

to the solvent [19]. Previous work by Meier has shown that adduct formation from the addition of 

the dopant silver nitrate can be successfully achieved in infrared matrix-assisted laser desorption 

electrospray ionization mass spectrometry (IR-MALDESI-MS) [20]. Doping trace amounts of 

AgNO3 into the electrospray solvent of an IR-MALDESI imaging source resulted in enhancement 

of the ion abundance for olefinic lipids in human serum. Calcifediol was used as a model to 

demonstrate the effects of silver dopants on sensitivity whereby the limit of detection was 

decreased by an order of magnitude compared to previously reported solvent composition. Olefinic 

lipids were readily observed in human serum and analyte coverage increased by 43%. This study 

also developed enhanced peak-filtering methods based on distinct silver isotopic distributions 
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developed for application in explorative studies. Meier’s approach demonstrated the applicability 

and robustness of silver adduct formation when used with highly complex matrices to enhance 

sensitivity and selectivity for unsaturated lipids [20].  

 

IR-MALDESI Background 

Ambient ionization techniques are often preferred for MSI since they do not require placing 

the sample under high vacuum making this analysis similar to in vivo conditions. One such ambient 

ionization technique used in the field of MSI is infrared matrix-assisted laser desorption 

electrospray mass spectrometry (IR-MALDESI) [21]. IR-MALDESI is an ambient, hybrid 

ionization technique that combines laser desorption of neutrals followed by ionization in an ESI-

like manner. This hybrid ionization method involves collection of MSI data point-by-point by 

sequential analysis across the sample. A MSI experiment with IR-MALDESI has the same main 

steps as any other MSI experiment, which includes specimen collection, storage, and sectioning as 

well as instrument analysis [22].  

Steps related to tissue collection, storage, and sectioning are dependent on the sample and 

the analyte under investigation, but overall ensure sample integrity throughout the analysis 

process. Tissue preparation with IR-MALDESI involves the immediate immersion of harvested 

tissue in an isopentane/dry ice bath to prevent tissue fracturing during freezing, which can be 

observed in the liquid nitrogen submersion method [23]. Tissue is stored at -80 °C until sectioning, 

which is performed by mounting the specimen on a cryostat disc using a thin layer of embedding 

media. Once the tissue is adhered to the disc, the tissue is placed so the desired plane can be sliced 

to the desired thickness [20, 22].  
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The sectioned tissue is then placed in an enclosure containing the IR-MALDESI source, 

which isolates the sample environment from the laboratory. The slide-mounted tissue is placed on 

a Peltier cooled XY translational stage within the enclosure. The adjustability of the stage allows 

for translation of the stage by less than the desorption area to create an oversampling method 

resulting sampling of voxels smaller than the focal volume of the laser [22]. A voxel is defined as 

the three-dimensional tissue volume desorbed by the laser. This method ensures complete ablation 

of the tissue during analysis, which provides reproducible volumes of sampled tissue [24]. Before 

ablation an ice layer is formed in the humidity-controlled enclosure that allows for the formation 

of an ice layer without condensation of water into droplets, which could cause delocalization of 

analytes on the tissue. The addition of an ice layer changes plume dynamics when material is 

desorbed from the tissue surface allowing for multiple laser pulses resulting in increased ion 

abundance and detection frequency [25].  

The exogenous ice layer acts as an energy absorbing matrix in addition to the endogenous 

water present in the tissue. Ice layer formation is followed by the use of a mid-IR laser with a 2.97 

µm wavelength resulting in resonance of the O-H stretching mode of the endogenous water and 

exogenous ice matrix and ablation of sample material. The plume of desorbed neutral molecules 

partition into droplets produced by the orthogonal electrospray plume where analytes undergo 

desolvation and charge transfer resulting in ionization in an ESI-like manner [22]. Since ionization 

is achieved by electrospray, changes in ESI conditions allow for adjustment of ionization 

characteristics. The solvent system can be optimized for particular classes of compounds and 

ionizing agents adjusted for positive or negative ionization mode. In addition to traditional 

ionization agents such as formic acid, doping the electrospray with a constant concentration of 

metal adduct can be useful in affecting ionization [20]. The charged analytes are then analyzed 
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and separated using a high resolving power (240,000 at 200 m/z) Orbitrap mass analyzer [22]. This 

provides a strategy similar to “shotgun” lipidomics with the added benefit of spatial resolution of 

the analytes [25-27].   

An Orbitrap mass analyzer consists of three electrodes where the two outer electrodes have 

a cup shape facing each other and a central spindle-like electrode for the third. When a voltage is 

applied between the outer and central electrodes, an electric field is created that is linear to the axis 

and harmonic oscillations follow along this direction. The radial component of the electric field 

attracts ions to the central electrode. As the ions enter the Orbitrap, they are injected into the space 

between the outer and central electrodes. The radial electric field, as a result of the applied voltage, 

bends the ion trajectory toward the central electrode while the tangential velocity results in an 

opposing centrifugal force. The ions can be trapped in a circular spiral with the correct choice of 

parameters. The axial field caused by the conical shape of the electrodes pushes the ions to the 

widest part of the trap, which initiates harmonic axial oscillations. The outer electrodes then use 

receiver plates for image current detection of the axial oscillations. The image current is Fourier-

transformed from the time domain to the frequency domain followed by a conversion into a mass 

spectrum [28]. 

IR-MALDESI as a hybrid technique combines attributes from both matrix-assisted laser 

desorption ionization (MALDI) and electrospray ionization (ESI). The benefits acquired from 

MALDI include the ability to obtain spatial information, high throughput, and high salt tolerance. 

The ESI portion contributes the benefits of multiple charging and ability to perform at atmospheric 

pressure. IR-MALDESI MSI requires minimal sample preparation, no matrix interference, and 

simultaneous analysis of hundreds to thousands of analytes. While there are benefits gained by the 

hybridization of the technique, there are some inherent limitations in the process. Multiple time 
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points from a single biological experiment cannot be analyzed due to the requirement of 

cryosectioning tissue. This means that to study several time points samples from several subjects 

must be taken at several different time points, which can increase the time and cost of the 

experiment in addition to introducing biological variability. IR-MALDESI is a destructive ex vivo 

technique and cannot be applied to in vivo imaging. In cases where a non-destructive or in vivo 

technique is required, another MSI technique should be selected [22]. 

 

Machine Learning Background 

When studying biological systems there are two major goals which includes inference and 

prediction. Inference uses the data-generation process to create a mathematical model to 

understand or test a hypothesis about the biological system in question. The goal of prediction is 

to determine the potential outcome previously unobserved or future behavior. Prediction allows 

for a determination of the best course of action without fully understanding related underlying 

mechanisms. Both prediction and inference are useful for research as they allow for prediction of 

what could happen and how a biological process works. Machine learning is a data analysis method 

that allows for both inference and prediction [29].  

In order to analyze the abundance data in this work, a machine learning approach based on 

unsupervised learning was used. Unsupervised learning is based on the notion that the labels or 

classes to which each data point (observation) belongs to is unknown. The implementation of 

unsupervised learning can provide valuable insight to extract knowledge form the data without 

having any prior information [30]. This process is known as segmentation, and it is commonly 

used, for example, to separate credit card users, based on different attributes, such as monthly 

income, debt, etc. Unsupervised learning methods like clustering are useful for data segmentation, 
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where the goal is to group data points based on a similarity pattern or trend instances with similarly 

valued features will be grouped with similarly behaved instances. A cluster can be seen as a group 

of instances that are close in distance or linkage and based on a concept of a cutoff or a function 

have been defined as part of a group. Usually, elements within a cluster tend to share many traits, 

or behave similarly, in terms of the characteristic [31]. Before segmentation the data should be 

normalized, in this case the StandardScaler, which standardizes a feature by subtracting the mean 

and then scaling to unit variance (standard deviation). This approach is also known as Z-score 

normalization and is helpful when buffering the effects of outliers [32].  
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ABSTRACT 

Lipids are a diverse group of biomolecules that are essential for cellular function 

including roles in energy storage and signaling. The ability of lipids to fulfill multiple functions 

stems from their structural and chemical diversity. Lipids with high bioactivity and importance 

for biological function are often observed at low physiological concentration. Taken together 

diversity and low abundance can cause low ionization efficiencies making it difficult to analyze 

some lipids directly via mass spectrometry. Addition of dopants to electrospray solvent 

influences adduct formation, which can facilitate ionization and improve lipid analysis via mass 

spectrometry. Dopants including silver nitrate, lithium hydroxide, and ammonium chloride were 
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added at varying concentration to the electrospray solvent of an IR-MALDESI imaging source 

coupled to an Orbitrap mass analyzer. Rat liver tissue was analyzed to compare doped solvents 

with previously used solvent compositions and to optimize dopant concentration. Inclusion of 

dopants in the electrospray solvent resulted in improved lipidome coverage with abundances 

comparable to conventional solvent compositions, where silver nitrate and lithium hydroxide 

showed the largest improvements with an increase by an additional 18 and 21 uniquely identified 

lipids respectively. Lithium hydroxide improvements were more specifically related to lipid 

category relative to silver nitrate. 

 
INTRODUCTION 

Adduct formation is a commonly used technique in electrospray ionization (ESI) mass 

spectrometry (MS) to improve ionization. Some compounds, such as sugars and explosives, 

cannot be directly analyzed with ESI MS due to a lack of ionizable sites. The formation of 

adducts facilitates the analysis of these compounds via ESI MS and can improve specificity 

and/or sensitivity [1,2]. Adduct formation occurs in two steps beginning with analyte charging 

and followed by the ejection of the formed adducts into the gas phase. Several factors influence 

adduct formation including physiochemical parameters such as binding constant, hydrophobicity, 

and surface tension [1]. Of particular importance to observed ions is analyte hydrophobicity 

since hydrophobic ions accumulate on the surface of the charged droplet making them more 

surface active and preferentially ionized [3]. 

The abundance of analyte ions depends on the net charge on the electrospray droplet and 

the efficiency of transporting the ions from the droplet into the gas phase. Compounds with 

sufficient acidity or basicity exist in ionic forms in solution. Most neutral species, however, 

require the assistance of adduct formation to form gas-phase ions [4,5]. Dopants can either 
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enhance formation of a desired adduct or cause suppression of an undesired one [1]. These 

effects are not limited to one polarity, though adduct formation is more common in positive 

polarity. For example, sodium, potassium, and ammonium adducts are commonly seen in 

positive mode even without dopant addition [6]. Formate and chloride adducts can be seen in 

negative mode when dopants are included [7,8]. 

 Lipids are diverse biomolecules that are essential for biological functions such as storing 

energy, act as signaling molecules, and serving as structural components of cell membranes. The 

structural and chemical diversity found among the lipid categories provides lipids the ability to 

fulfill multiple functions. Lipids observed at low physiological concentrations are often 

important for biological functions and have high bioactivity. Taken together structural diversity 

and low abundance make it difficult to analyze some lipids directly via MS due to preferential 

ionization of more abundant lipid species. Decreased ionization impacts the simultaneous 

analysis several lipid compounds via mass spectrometry imaging (MSI), which provides 

information regarding spatial distribution [8,9]. Ionization efficiency greatly depends on the 

electrical properties, defined by an analyte’s tendency to lose or gain charge in an electric field, 

allowing it to separate from the electrospray droplet and into the gas phase for analysis. The 

charge properties of the molecules also allow for separation of lipids through an intrasource 

separation strategy making it feasible to analyze different lipid classes efficiently without prior 

chromatographic separation, known as “shotgun” lipidomics [10,11]. Adduct formation by the 

addition of dopants is a method used to combat these issues by modifying the charge properties 

of the lipids increasing ionization efficiency [12]. Previous work in MSI by Jackson and 

coworkers has shown that adduct formation can improve ionization of important classes of lipid 

biomolecules such as olefins via desorption electrospray ionization (DESI) analysis by 
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abundances up to 50 times greater than conventional solvents [13]. This work is one of several 

that have shown similarly large improvements, with work by Duncan et. al. showing an 

approximately 30 times improvement in sensitivity of adducted prostaglandins compared to 

deprotonated prostaglandin molecules and their spatial distributions in mouse uterine tissue [14]. 

Previous work by Meier has shown that adduct formation from the addition of dopants 

can be successfully achieved in infrared matrix-assisted laser desorption electrospray ionization 

mass spectrometry (IR-MALDESI-MS) [15]. IR-MALDESI is an ambient, hybrid ionization 

technique that combines laser desorption of neutrals followed by ionization in an ESI-like 

manner. In a typical experiment, an ice layer is formed on a sample using a humidity-controlled 

enclosure followed by the use of a mid-IR laser with a 2.97 µm wavelength resulting in 

resonance of the O-H stretching mode of the endogenous water and exogenous ice matrix and 

ablation of sample material. The plume of desorbed neutral molecules partition into droplets 

produced by the orthogonal electrospray plume resulting in ionization in an ESI-like manner. 

The charged analytes are analyzed and separated using a high resolving power (240,000 at 200 

mass-to-charge ratio (m/z)) Orbitrap mass analyzer. This provides a strategy similar to “shotgun” 

lipidomics with the added benefit of spatial resolution of the analytes [16-18].  The work by 

Meier et. al. enhanced the ion abundances for olefinic lipids in human serum by doping trace 

amounts of AgNO3 into the electrospray solvent of an IR-MALDESI imaging source. Calcifediol 

was used as a model to demonstrate the effects on sensitivity by silver dopants whereby the limit 

of detection was decreased by an order of magnitude compared to previously reported solvent 

composition. Olefinic lipids were readily observed in human serum and analyte coverage 

increased by 43%. Enhanced peak-filtering methods based on distinct silver isotopic distributions 

were developed for application in explorative studies. Meier’s approach demonstrated the 
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applicability and robustness of silver adduct formation when used with highly complex matrices 

to enhance sensitivity and selectivity for unsaturated lipids [15].  

This work implemented electrospray solvent doping in the IR-MALDESI system with 

advanced data-processing tools in comparative MSI studies. The study explored the use of 

different dopants for increased ionization to improve analyte coverage in rat liver tissue. Several 

adducts (Ag+, Li+, NH4+) in positive polarity were observed for improved lipid ionization. 

Optimal ESI solvent dopant conditions were determined for different lipid classes based on 

ionization improvement which resulted in larger lipidome coverage by up to approximately 15% 

more identified lipid related peaks.   

 

EXPERIMENTAL 

 

Materials 

LCMS grade acetonitrile and water were purchased from Fisher Chemical. Silver nitrate 

(99.9+%) and lithium hydroxide (99.995%) were ordered from Fisher Scientific (Nazareth, PA, 

USA). Ammonium chloride (99.99%) was purchased from Sigma-Aldrich (St. Louis, MO, 

USA). All materials were used as purchased without purification. Stock solutions of silver 

nitrate, ammonium chloride, and lithium hydroxide were prepared at a concentration of 1 mg/mL 

in H2O. Working solutions were obtained by diluting stock solutions to the required 

concentration levels. Nitrogen gas used for purging the MALDESI sample stage enclosure was 

obtained from Arc3 Gases (Raleigh, NC, USA).  
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Sample preparation 

Rat liver tissue samples were obtained from NCSU Department of Biological Sciences. 

Animals were managed in accordance with the Institute for Laboratory Animal Research Guide, 

and all husbandry practices were approved by North Carolina State University Institutional 

Animal Care and Use Committee (IACUC). Tissue was frozen in isopentane/dry ice and stored 

at -80 ºC until sectioning. Tissue sections of 10 µm thickness were produced by placing the 

tissue on a sample disk with optimal cutting temperature (OCT) mounting compound and 

solidified at -20 ºC, then sectioned using a Leica CM1950 cryostat (Buffalo Grove, IL, USA) at a 

temperature of -15 ºC. The sections were thaw-mounted onto pre-cleaned standard glass 

microscope slides and kept frozen until the time of analysis [19].  

IR-MALDESI-MS analysis 

The home-built IR-MALDESI source has been previously described in detail elsewhere 

[20]. This source consists of a humidity-controlled enclosure, a Peltier-cooled translation stage, a 

mid-IR laser, and an Orbitrap Exploris 240 mass spectrometer (Thermo Fisher Scientific, San 

Jose, CA, USA). Samples were placed on a cooled stage and the enclosure purged with nitrogen 

gas to a relative humidity of 10% or less. The stage was held at -8 ºC for several minutes before 

exposed to ambient humidity allowing a controlled deposition of a thin ice layer on top of the 

tissue. After ice formation is complete, the enclosure is purged again with nitrogen until a 

relative humidity of 10% or less is reached to maintain a consistent ice layer throughout the 

experiment and to limit the number of ambient ions. The mid-IR (2.94 µm wavelength) laser 

made by JGMA was fired at the sample with a single burst per acquisition. This wavelength 

results in resonant excitation of the ice matrix causing desorption of neutral molecules from the 

sample. The neutral molecules partition into charged solvent droplets in an ESI-like process. 
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Electrospray solvent consisted of 60:40 ACN/water for positive mode and 0.2% formic acid 

when dopants were not in use. A voltage of 3.2 kV and a 1.5 µL/min. flow rate were used. 

Additionally, the ESI solvent consisting of 60:40 ACN/water was doped with either AgNO3, 

LiOH, or NH4Cl at concentrations of 5, 30, 60, and 100 µM. Doped solvents were prepared daily 

from concentrated stock solutions (1 mg/mL in H2O). The injection time was fixed at 15 ms, the 

minimum IT to capture all ions generated by the laser pulse and maximize the abundance of 

target ions [21]. Rat liver data sets were acquired in positive ionization mode in the m/z range of 

300-2000 with a resolving power (RP) of 240,000 FWHM at m/z 200. Laser spot size was 100 

µm and step size 100 µm. Each combination of solvent composition and concentration was 

performed in triplicate where each replicate was a tissue image with an ROI that resulted in 300 

scans per image. 

 

Data analysis 

 Raw data files were converted to mzML format using MSConvert [22,23],  from the 

ProteoWizard toolkit. These files were subsequently transformed to an imzML image file using 

imzMLConverter [24]. The resulting output files were loaded into MSiReader [25,26] v1.01 for 

imaging analysis and data consolidation. The MSiReader built-in ‘peak picking’ tool was used to 

extract peaks unique to a user-defined region of interest (ROI). The normalization tool using TIC 

normalization in combination with a customized color scale was used to visualize the ion 

abundance ratios per pixel. The files related to the use of silver nitrate were also searched for 

peak pairs with specified m/z differences using GlycoHunter [27]. 

Total ions for each m/z were calculated by multiplying the ion flux of the ion by the injection 

time since pulse injections were used with AGC disabled [28]. Total ion abundance data was 
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analyzed using an unsupervised machine learning approach using Python’s sci-kit learn library. 

An agglomerative hierarchical clustering model was constructed using the abundance data, 

which was imported using the Pandas library. The use of Pandas allowed importation of the csv 

file into the DataFrame which could be used in model construction [29]. The abundance data was 

normalized using the StandardScaler function from the machine learning library scikit-learn [30]. 

The agglomerative hierarchical clustering was performed using the minimum variance method, 

or Ward’s linkage method, for segmentation analysis. 

 

RESULTS AND DISCUSSION 

 

Putative Lipid Identification 

A list of observed ions of interest were compiled based on the literature and raw data. 

The values corresponding to the peaks of interest were putatively identified based on accurate 

mass with a mass tolerance of ±2.5 ppm in a METLIN database search. In cases of multiple 

possible molecular formula identifications, the MSiReader spectral accuracy tool was used to 

plot the respective isotope count heatmaps. This function compares the ratio of abundance for 

two values against the known ratio of those two isotopes, in this case carbon. The expected ratio 

and expected atom count are provided to produce a heatmap plot illustrating the deviation from 

the expected number of atoms.  The plots from each molecular formula were compared to 

determine which provided the highest spectral accuracy and thus the more probable putative 

identification.  

All adducts, except for silver, could be identified using a METLIN database search. 

Silver adducts were determined based on the observed isotopic distribution in the mass spectrum 
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as seen in a representative mass spectrum in Figure 1. Previous work by Meier has extensively 

studied the identification of silver adducted peaks based on the isotopic distribution by finding 

peak pairs with a distinct mass difference and ion abundance ratio between [M+107Ag+]+ and 

[M+109Ag+]+ [15]. GlycoHunter was used to search for peak pairs with a mass difference of 

1.99965 and an abundance ratio of 0.93±0.2. After putative identification, LIPID MAPS 

database searches were performed to obtain lipid class information based on the lipid 

classification system for further analysis of the relationship between lipid class and adduct 

formation.  

 

Figure 1: Representative IR-MALDESI mass spectrum using AgNO3 doped ACN illustrating 

isotopic distribution pattern of 107Ag and 109Ag with mass difference of 1.9998 Da and ion 

abundance ratio of 1:0.93. 

 

Dopant Concentration Optimization 

Optimal adduct formation was determined by analysis of thin rat liver tissue sections 

using varying concentrations of the dopants from 5 to 100 μM. Optimization is critical as signal 

loss can occur when the concentration of dopant is high. In this experiment, it was found that 
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dopant concentrations equal to and exceeding 100 μM resulted in signal suppression leading to 

the absence of peaks in the 700-900 m/z range. As a result, further calculations were not 

performed for data collected when using 100 μM. Concentration optimization was determined 

based on average detection frequency and average total ion abundances. Detection frequency (f) 

is the number of non-zero pixels divided by the total number of pixels for the tissue-related area 

and indicates the stability and reproducibility of adduct formation [15]. The detection 

frequencies were calculated for peaks related to the adduct of interest for each replicate. These 

calculated f values were then averaged among the three replicates for each dopant at each 

concentration to obtain one overall average detection frequency for the adduct of interest at each 

concentration. For example, all peaks identified as silver adducted peaks were used to calculate 

the overall detection frequency of silver for a particular concentration of silver nitrate. This 

method resulted in the inclusion of abundances of several different lipids for the calculation of 

detection frequency. The table below (Table 1) displays the calculated detection frequencies for 

the varying concentrations of the dopants. It is important to note that the lipids used for 

calculating detection frequency varies with each dopant. As a result, comparisons were only 

made within each dopant category to determine the best concentration for that dopant and not a 

comparison across the different dopants. 
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Table 1: The average detection frequencies (f) were calculated for each dopant at the varying 

concentrations by averaging the f values for the adduct of interest across the replicates for each 

dopant. The highest detection frequencies were observed when dopant concentration was 

increased to 60 μM. 

 

 

The detection frequencies for AgNO3 showed an upward linear trend as concentration 

increased, where a concentration of 60 μM resulted in the highest detection frequency for silver 

adducted peaks. Ammonium chloride did not exhibit a linear trend but varied only slightly across 

the different concentrations, where the highest f occurred at the highest concentration, and 

overall resulted in lower detection frequencies compared to other adducts. Lithium hydroxide 

showed a clear increase in f when concentration was changed from 5 μM to 30 μM but did not 

show a large increase in f as the concentration was further elevated. In all cases, a higher 

detection frequency is desired to ensure higher stability and reproducibility of adduct formation 

across the tissue sample. A dopant concentration of 60 μM resulted in the highest detection 

frequencies for all adducts of interest. Since rat liver tissue is considered homogenous, the 

variability observed in detection frequencies occurs not as a result in tissue variation but as 

variation in solvent composition and the analytes preference for adduct formation. An increase in 

Dopant Concentration (μM)
Average Detection 

Frequency (%)

5 24.09
30 86.90
60 96.39
5 34.42

30 30.07
60 35.14
5 40.10

30 61.73
60 65.33

Silver nitrate

Ammonium 
chloride

Lithium 
hydroxide
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dopant concentrations results in an increase in dopant specific ion availability for adduct 

formation leading to higher detection frequencies of the adduct of interest.  

In addition to the frequency an adduct was detected, the total ion abundances of the 

adducted peaks were also taken into consideration when determining the optimized dopant 

concentration. Total ion abundances were found for peaks corresponding to the adduct of interest 

for each dopant and the replicates averaged for each concentration as seen in Figure 2. Again, 

AgNO3 showed a linear trend between dopant concentration and abundance so that abundance 

increased as concentration increased, resulting in the most ions at 60 μM AgNO3. The use of 

ammonium chloride showed lower average abundances overall compared to abundances found 

when other dopants were used. Additionally, ammonium adducted peaks did not show large 

increases in ions as dopant concentration increased. There was a slight increase in average 

abundances compared to lower concentrations, however, when 60 μM NH4Cl was used.  Lithium 

hydroxide showed a higher average compared to NH4Cl and a linear trend was observed between 

abundance and concentration. The highest average abundance for lithiated peaks occurred when 

60 μM lithium hydroxide was used. Overall, based on detection frequency and average total ion 

abundance, it was determined that 60 μM was the optimum concentration for each dopant out of 

the tested concentrations. 
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Figure 2: Total ion abundances for peaks corresponding to the adduct of interest for each dopant 

was averaged for each concentration. Ammoniated peaks showed lower average abundances 

overall compared to the adducts produced by the other dopants. A positive linear trend between 

abundance and concentration was observed for lithiated and silver adducted peaks. Overall, a 

dopant concentration of 60 μM resulted in the highest average abundance. 

 

Lipidome Coverage Comparison with Conventional IR-MALDESI 

A comparison of the molecular formulas from the putatively identified lipids for each 

dopant was performed using a Venn diagram as seen in Figure 3. 
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Figure 3: Venn diagram comparing putative lipid identifications among each solvent 

composition indicated complete overlap of lipids found in the control solvent with doped 

solvents. The addition of dopants further improved lipid ionization resulting in improved 

lipidome coverage.   

 

This figure illustrates that all 117 unique lipids identified when using the conventional 

IR-MALDESI solvent of acetonitrile with 0.2% formic acid were also found in the trials with 

acetonitrile containing the various dopants. The inclusion of dopants in the electrospray solvent 

resulted in increased lipidome coverage as a result of adduct formation where AgNO3 and LiOH 

showed the largest increases. The unique lipids found with the traditional IR-MALDESI solvent 

composition occurred as protonated and water loss peaks. The five identified lipids overlapped 

among only the dopants were identified as sodiated peaks and showed no selectivity to a 
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particular lipid category. The presence of these peaks may have resulted as impurities in the 

dopants since they are absent in the control.  

The number of peaks that occurred in each particular lipid category was calculated for 

each solvent composition and plotted to gain a better understanding of the differences in lipids 

observed when dopants were used. This information was plotted in a stacked bar graph where 

each bar, from one end to the other, indicates the total number of peaks for a particular lipid 

category for each dopant. The variation in the distribution for each dopant can be observed in 

Figure 4. The putatively identified lipids covered a range of lipid categories as observed in the 

figure showing the distribution of the lipids among the different categories for each solvent 

composition. The category labeled other contained lipids whose putative identification indicated 

more the one lipid category. 
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Figure 4: Comparison of distribution among lipid categories for each solvent composition where 

each bar, read from one end to the other, indicates the number of peaks identified in a lipid 

category. Therefore, the total bar height for each dopant does not correspond to the total number 

of lipids identified. Changes in the distribution for the different solvent compositions was 

observed to be dopant dependent.  

 

Dopants provided additional lipidome coverage compared to the conventional IR-

MALDESI solvent of acetonitrile containing 0.2% formic acid. Expanded lipidome coverage 

occurred as additional lipids were identified across a range of lipid classes; however, class 

coverage was dependent on the dopant utilized. The LiOH dopant addition resulted in lithium 

adducts and 21 additional unique lipids compared to the control, which increased coverage by 

15% with specific increases in the glycerophospholipid and sphingolipid classes. It is important 
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to note that analysis of lithiated fatty acyls is limited due to the m/z range that was used in the 

experiment since many lithiated fatty acyls would be observed below 300 m/z. The NH4Cl 

dopant increased coverage by 9% with 8 unique lipids in the glycerolipid class occurring as 

ammonium adducts. The addition of the AgNO3 dopant resulted in silver adducts and increased 

lipidome coverage by 13% in several classes including fatty acyls, glycerophospholipids, 

glycerolipids, and prenol lipids. It is important to note that prenol lipids were only observed with 

the addition of AgNO3. The increase in coverage over the various lipid classes with the addition 

of AgNO3 was also observed in previous work by Meier [15]. The selectivity of silver adduct 

formation occurred not as a result of lipid class, but of the unsaturation of the lipids including 

cholesteryl esters. 

 

Machine Learning Analysis of Lipid Total Ion Abundances 

Total ion abundance data was analyzed by an agglomerative hierarchical cluster (AHC) 

model constructed using Python’s machine learning library, sci-kit learn. Clustering methods 

such as AHC belong to unsupervised learning, which is based on the notion that labels or classes 

to which each data point (observation) belongs to is unknown. Unsupervised learning methods 

like clustering are useful for data segmentation, where the goal is to group data points based on a 

similarity pattern or trend (instances with similarly valued features will be grouped with 

similarly behaved instances). Data segmentation was performed using the abundances averaged 

for the three replicates for each dopant. The data was normalized using the StandardScaler, 

which subtracted the mean of the features to the value of the feature, in this case the abundance, 

and divides by standard deviation of the samples. This approach is also known as Z-score 

normalization and is helpful when buffering the effects of outliers.  
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Hierarchical clustering was performed using the minimum variance method, or Ward’s 

linkage method, for segmentation analysis based on the standardized abundance. The cutoff 

distance was manually defined as observed in the dendrogram in Figure 5 and resulted in three 

distinct clusters. A cluster can be interpreted as a group of instances that are close in linkage 

distance, and based on a cutoff threshold, defined as belonging to a segment of the population of 

instances. The data points that clustered together shared traits, or behaved similarly, in this case 

standardized abundance.  

 

 

 

Figure 5: Dendrogram resulting from hierarchical clustering using Ward’s linkage method for 

abundance data where the x-axis corresponds to the identifier for each data point and the y-axis 

indicates the Euclidean distance. The red dashed line represents the defined cutoff distance 

which resulted in three main clusters highlighted in blue (cluster 1), red (cluster 2), and purple 

(cluster 3). 

 

Euclidean distance

Data Identifier 

Cluster 2 40,000 – 61,000
Cluster 3 < 4000

Cluster 1 4,000 – 33,000
Total Ions
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         The information from the hierarchical clustering was used to create a two-dimensional 

scatterplot which showed the distribution of the clustered data for each dopant across the lipid 

categories seen in Figure 6.  

 

Figure 6: Two-dimensional scatterplot representation of hierarchical cluster based on 

standardized abundances indicating similar abundances per lipid category (x-axis) for each 

dopant (y-axis). Cluster one represented by blue x’s contained data with total number of ions 

ranging from 4,000-33,000. Cluster two (green circles) ranged from 40,000 to 61,000. Cluster 

three (yellow crosses) contained data points with total number of ions less than 4,000. 

 

Lipids with a low total number of ions corresponding to cluster three were found primarily in the 

fatty acyl lipid category for every dopant. The clustering of fatty acyl peaks in one cluster for 

every dopant indicates that the dopant did not have a large effect on abundances for lipids of this 

type. The distribution of cluster two indicated that the few peaks with high total ions 

corresponded to either sterol lipids or a putative molecular formula identified as either a 
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sphingolipid or glycerophospholipid. In the case of the control, one sterol peak with a high 

abundance occurred as water loss from cholesterol. While this peak was included in cluster two 

for the control, the addition of the dopants resulted in decreased abundances for this peak which 

placed it in cluster one.  

 Cluster one showed a distribution across several lipid categories for every dopant, which 

was also observed in the bar graph shown earlier. The narrowest distribution was found when 

NH4Cl was used indicating that this dopant not only shows little increase in lipidome coverage, 

but the coverage does not span as many lipid categories as the other dopants. Since there were 

also no improvements in abundances for peaks in the cluster, NH4Cl provides no notable benefits 

when compared to the other dopants. By comparison AgNO3 and LiOH provide a broader 

lipidome coverage with similar abundances. Additionally, abundances for corresponding peaks 

are similar to the control. As a result, both AgNO3 and LiOH provide results comparable to the 

control with additional lipid identification. 

 

CONCLUSIONS 

The addition of dopants to electrospray solvent for analysis of rat liver tissue using IR-

MALDESI-MS resulted in an increased number of identifiable lipids when compared to 

conventional solvents without dopants. The optimal dopant concentration from the tested 

concentrations was found to be 60 μM based on detection frequency and total ion abundance. 

The lipidome coverage improvements varied based on the dopant used and shifted the class of 

lipids observed. The use of lithium hydroxide resulted in the most lipids identified increasing 

coverage by 21 additional lipids, and lithium adducts were category specific for glycerolipids 

and sphingolipids. Silver nitrate also showed more lipids identified compared to the control with 
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an increase of 18 unique identified lipids but was not as category specific as LiOH. The use of 

AgNO3 resulted in more lipids identified in the fatty acyl, glycerophospholipid, glycerolipids, 

and prenol lipid categories. The comparable lipid abundances between conventional solvents and 

doped solvents indicate that lipidome analysis benefited from the inclusion of dopants for 

increased lipid ionization and identification. 
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