
 
 

ABSTRACT 

TU, ANQI. Spatially Resolved Metabolomic and Lipidomic Characterization of Biological 
Samples by Infrared Matrix-Assisted Laser Desorption Electrospray Ionization Mass 
Spectrometry Imaging (IR-MALDESI MSI). (Under the direction of David C. Muddiman). 
 

This research thesis presents work on fundamentally characterizing infrared 

matrix-assisted laser desorption electrospray ionization (IR-MALDESI) and expanding its 

application scope to critical biological samples including single cells and human tumors. 

IR-MALDESI is a hybrid ionization technique of which the ionization process involves the 

desorption of neutral analyte molecules through the deposition of the mid-IR laser energy 

into water (endogenous water and/or exogenously formed ice), and post-electrospray 

ionization of analytes captured by the orthogonally oriented charged droplets. IR-

MALDESI operates at atmospheric pressure with little to no sample preparation, providing 

unique advantages when analyzing biological samples. 

One important application of IR-MALDESI is mass spectrometry imaging (MSI). 

MSI measures mass spectral information at each pixel to visualize the spatial distributions 

of analytes of interest via two-dimensional or three-dimensional representations. MSI 

shows some advantages over other imaging modalities traditionally used in the biological 

field (e.g., magnetic resonance imaging) such as label-free, high analytical sensitivity and 

specificity, and diverse molecular coverage. Over the past decade, exponential growth 

and evolvements have occurred in IR-MALDESI MSI, demonstrating its applicability to 

investigate a wide variety of species including lipids, metabolites, and pharmaceutical 

drugs from diverse biological sample types such as hair strands, hen ovaries and mouse 

bones. 

However, there are still fundamental questions remaining to be elucidated to obtain 

a deeper understanding of this new technique. One of such is the internal energy 

deposition in IR-MALDESI because it largely governs the extent of ion fragmentation and 

thus the appearance of the resulting mass spectrum. To answer this question, the internal 

energy deposition in IR-MALDESI under different experimental parameters was 

investigated using the survival yield method with a series of para-substituted benzyl 

pyridiniums, of which results were compared with a conventional ESI source. The results 

show that the softness of IR-MALDESI is equivalent to ESI. 



 
 

Ion abundance variation between replicates in MSI is a widely recognized issue, 

limiting its application for quantitative and large-scale studies. Systematic evaluation of 

IR-MALDESI repeatability for short- and long-term experiments was performed on rat liver 

sections as a quasi-homogeneous model. Results of median %RSDs ranging from 14 to 

45 and Pearson correlation coefficients ranging from 0.83 to 1.00 demonstrated an 

acceptable repeatability. Appropriate normalization strategies (e.g., local median 

normalization) resulted in efficiently reduced data variability and improved image quality. 

Analyzing single cells within a population is of critical importance to better 

understand cell-to-cell heterogeneity which may translate to knowledge in cellular 

metabolic pathways and pathological processes. However, single cell analysis remains 

challenging owing to the low amounts of constituents in individual cells. IR-MALDESI was 

exploited to rapidly analyze single Hela cells dispersed on a glass slide. 45 distinct lipid 

species, predominantly phospholipids, were detected in situ and putatively annotated 

based on mass measurement and spectral accuracy, without the needs for extraction 

and/or enrichment of analytes prior to MS analysis. 

MSI is also promising in cancer research to provide thorough molecular information 

which may facilitate the understanding of the biochemical mechanisms involved in the 

cancer development and progression. Muscle invasive bladder cancer (MIBC) is an 

advanced stage of bladder cancer which poses a severe threat to life. IR-MALDESI MSI 

analysis of MIBC specimens provided an overview on the spatially resolved metabolomic 

profiles, which not only enabled the discrimination between cancerous and normal 

tissues, but also the subregions within a tissue section associated with different disease 

states. 

The follow-up study aimed at in situ pinpointing carbon-carbon double bond 

positions of unsaturated fatty acids in MIBC due to the vital biological roles. An on-tissue 

chemical derivatization, meta-chloroperoxybenzoic acid (mCPBA) epoxidation reaction, 

was adopted to convert the carbon-carbon double bonds into epoxides under ambient 

conditions, yielding the conversion rates in the range of 44-60% in 10 minutes with high 

specificity. The epoxidation product was subsequently cleaved via collision-induced 

dissociation (CID), generating a diagnostic ion pair differing in 16 Da associated with each 

double bond position. Relative quantification of positional isomers in binary mixtures was 



 
 

also performed across a wide molar range from 0 to 1, showing 18:1 (æ9) was 0.88 and 

0.92 in cancer and normal bladder sample, respectively. 

The large size and high dimensionality of MSI data make analysis and 

interpretation challenging. Our specific focus here is to differentiate subregions under 

different pathological conditions on cancerous tissue due to its great significance for 

understanding cancer progression and metastasis. The preliminary study was carried out 

using two unsupervised chemometric methods including principal component analysis 

(PCA) and multivariate curve resolutionȤalternating least squares (MCR-ALS) for 

resolving and visualizing hen ovary-based data in order to ease the interpretation of MSI 

results. Possible normal regions were differentiated from cancerous tissue sections. No 

prior knowledge is required using either chemometric method. Further in the bladder 

cancer study, t-Distributed Stochastic Neighbor Embedding (t-SNE) mapped the 

hyperdimensional MSI data into a two-dimensional space to visualize the spectral 

similarity, providing evidence that metabolomic alterations might have occurred outside 

the histopathological tumor border. Least absolute shrinkage and selection operator 

(LASSO) was further employed to classify sample pathology in a pixel-wise manner, 

yielding excellent prediction sensitivity and specificity up to 96% based on the statistically 

characteristic spectral features. 
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Chapter 1: An Introduction to Mass Spectrometry Imaging 

1.1 Predominant Ionization Techniques in the Biological Field 

Mass spectrometry (MS) has demonstrated its value in biological science over the 

years owing to its molecular specificity, sensitivity and quantification capability. MS 

analysis relies on ionizing analytes and then measuring their mass-to-charge ratio (m/z). 

Two most widely used ionization sources in the biological field are electrospray ionization 

(ESI) and Matrix Assisted Laser Desorption Ionization (MALDI). Other than these, 

representative ambient ionization techniques with imaging capability are also presented 

in this chapter. 

1.1.1 Electrospray Ionization (ESI) 

Since its first introduction in the 1980s by Fenn [1], ESI revolutionized biological 

mass spectrometry due to its capability of directly generating intact ions from large, non-

volatile and fragile species in the liquid phase, which allows for the straightforward 

coupling with liquid separation techniques. Large biomolecules can be multiply charged 

in ESI so that their m/z values fall into the mass ranges of common mass analyzers. In 

electrospray process, a high voltage (2-5 kV) is applied to the sample solution flow 

passing through an emitter tip relative to the heated capillary, where the potential 

difference can be positive or negative depending on whether the analytes prefer to be 

protonated/cationized (positive) or deprotonated (negative). Redox reactions occur under 

this high-voltage conditions and charges accumulate at the emitter tip, leading to the 

elongation of the solvent droplets and the formation of Taylor cone [2]. The droplets 

containing excess charges are expelled from the emitter tip, then undergo continuous 

solvent evaporation during flight, leading to increased surface charge density [3]. Once 

the charge exceeds the Rayleigh limit (ή  φτ“‐‎ὶ. ‐, permittivity of free space; ‎, 

surface tension; ὶ, radius of droplet), the droplets become unstable and Coulombic fission 

occurs, producing smaller offspring droplets; these droplets are the ones that produce 

ions. 

There are two major theories used to explain the production of gas-phase ions 

from the small charged droplets in ESI (Figure 1.1); charged residue model (CRM) and 

ion evaporation model (IEM). Proposed by Dole and coworkers in 1968 [4], CRM 
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assumes that each droplet bears excess charges but ultimately only contains a single 

molecule. The charges are transferred to and left on the molecule upon complete solvent 

evaporation. CRM applies predominantly for large molecules such as natively folded 

proteins [5ï7] since each charged droplet is likely able to only hold one molecule due to 

its molecular volume. IEM is proposed by Iribarne and Thomson in 1976 [8], which 

assumes that the droplets shrink due to solvent evaporation until the charge density 

reaches the limit where the energy for increasing the surface is rapidly compensated by 

the gain from coulombic repulsion [9]. In this context, the offspring charged droplets do 

not continue to undergo fission; instead, they eject the gas-phase ions directly from the 

surface. IEM accounts for the selectivity of ion formation and is thought to be the dominant 

pathway for low molar weight molecules [10] (e.g., drug molecules and metabolites [11]). 

 
Figure 1.1 Schematic of mechanisms for forming gas-phase ions in positive mode-ESI. 

1.1.2 Matrix Assisted Laser Desorption Ionization (MALDI) 

Modified from laser desorption/ionization (LDI) method which forms ions by directly 

irradiating and ionizing analytes with a laser beam, MALDI embeds analytes with an 

excess amount of laser energy absorbing matrix to allow co-crystallization prior to laser 

irradiation. Upon laser irradiation, the matrix absorbs the majority of the photon energy 

via electronic or vibrational excitation, facilitating the desorption of clusters of neutrals 

and ions from the condensed phase [12]. MALDI was found to be a soft technique which 
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does not impart significant internal energy into analytes, and well-suited to analyze 

diverse molecules. A pulsed ultraviolet (UV) laser is by far the most commonly used in 

MALDI analysis, such as nitrogen lasers (337 nm) [13, 14], and frequency-tripled and 

quadrupled Nd:YAG lasers (355 and 266 nm, respectively) [15, 16]. The choice of matrix 

for UV-MALDI is crucial and analyte-dependent. For instance, sinapinic acid (SA) works 

well for high molecular weight analytes like large proteins [17], while 2,5-dihydroxybenzoic 

acid (DHB) is commonly used for smaller molecules like metabolites [18]. It has also been 

reported that the softness of MALDI depends on the matrix. For example, DHB is 

traditionally considered a ñcoldò matrix due to a lower absorption coefficient at 337/355 

nm than ñhotò matrix Ŭ-cyano-4-hydroxycinnamic acid (CHCA) [19ï21], and the threshold 

fluences for the ion formation are usually lower with CHCA, although it is stated in some 

studies that the UV absorptivity is not definitely associated with analyte energy [22, 23]; 

instead, the hardness of matrices correlates with their sublimation temperature or proton 

affinity (i.e., the negative of the enthalpy change for protonation). Infrared (IR) laser has 

also been employed in some studies lately where O-H, N-H and C-H stretching modes 

are used to absorb the laser energy [24]. IR-MALDI working with water exhibits a softer 

nature and provides spectra of low matrix-derived chemical background compared with 

UV-MALDI [25]. 

 The processes of ion formation in MALDI-MS have been under constant debate 

for years, and there is no unified mechanism that explains all ions detected. Figure 1.2 

shows two major mechanisms in MALDI. The ñlucky survivorò model [12] postulates that 

analytes preserve their solution charge states when they are incorporated in the matrix 

crystals and desorbed as neutral clusters containing matrix, analyte ions and counter 

ions, then evaporation of the matrix molecules causes clusters to shrink. The charge 

states of the analytes are reduced either by counter-ion separation or by counter-ion 

neutralization. It satisfactorily accounts for the experimental observation that UV-MALDI 

commonly generates singly-charged species. The gas-phase protonation model [26] is 

another experimentally-verified theory, which predicts neutral analytes in the gas phase 

collide with protonated or deprotonated matrix ions, inducing proton transfer to analytes. 

Studies have shown that both mechanisms are feasible, and which pathway proceeds 

preferably depends on experimental conditions, matrix proton affinities and nature of 
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analytes. For instance, lower matrix proton affinity leads to more gas phase protonation 

process [26], while the lucky survivor model dominates when the sample solution is acidic. 

 

Figure 1.2 Proposed ionization mechanisms in MALDI. 

1.2 Ambient Ionization Techniques for Mass Spectrometry Imaging of Biological 

Samples 

Mass spectrometry imaging (MSI) is a rapidly evolving label-free technique which 

provides spatial and molecular information simultaneously by acquiring a series of mass 

spectra and recording the exact location from which the mass spectrum was obtained. 

The acquired data is then reconstructed into an ion heatmap for each of the thousands of 

detected analytes to display their spatial distributions and abundances across the sample. 

The first MALDI imaging experiment was done in 1994 [27]. Since then, MALDI has 

emerged as a predominant method offering high spatial resolution in biomolecular 

imaging, especially MSI-based proteomics [28, 29]. Interested readers are referred to 

recent review articles for more detailed descriptions [30ï32]. However, MALDI MSI 

requires matrix deposition and often operates under vacuum, which brings some 

disadvantages such as laborious sample preparation, chemical displacement [33] and 

loss of volatile molecules [34]. To overcome these limitations, alternative ionization 

techniques operating in ambient conditions has been gaining considerable popularity in 

the MSI community, allowing for direct tissue characterization in near-physiological 

conditions while requiring no or minimal sample pretreatment prior to MS analysis. In this 

section, we provide an overview of a diverse range of ambient ionization techniques with 

imaging capability. 
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1.2.1 Infrared Matrix Assisted Laser Desorption Electrospray Ionization (IR-MALDESI) 

and Other Laser Desorption/ESI Post-ionization Methods 

Since the introduction of ESI and MALDI, numerous hybrid ionization sources have 

emerged. One of these is IR-MALDESI which combines the features of both MALDI and 

ESI. MALDESI was first introduced in 2006 by Muddiman and co-workers [35], and has 

evolved into a powerful and complementary MSI tool over time. In the first step of IR-

MALDESI analysis, the sample is irradiated by a pulsed mid-IR laser around 2.94 µm on 

a spot-by-spot basis to resonantly excite the O-H symmetric and asymmetric stretching 

bands of water, allowing for direct analysis of water-containing targets (e.g., biological 

tissues) where endogenous water serves as an energy-absorbing medium. A thin ice 

layer is often formed on the sample surface as a mid-IR absorbing matrix by a Peltier-

cooled stage in order to provide uniform and sufficient water content and to prevent 

sublimation of water during the sampling process. It was found that tissue sections 

analyzed with an ice matrix resulted in greater ion abundance [36]. In the second step, a 

plume of sample particles, primarily neutral species, is desorbed from the irradiated area, 

which reaches an orthogonally oriented electrospray plume and are subsequently ionized 

and transmitted into the mass spectrometer. A typical electrospray solvent in IR-

MALDESI composes of 50:50 ACN:H2O with the addition of chemical modifiers to 

promote ionization (e.g., 0.2% formic acid in positive mode and 1 mM acetic acid in 

negative mode).  Our previous studies have demonstrated that the ionization in IR-

MALDESI is an ESI-like mechanism due to the observations that the spectral 

compositions and charge-state distributions generated from protein solutions by IR-

MALDESI were nearly identical to ESI [37], and [M + D+]+ peak was predominant in the 

spectra when using a deuterated electrospray solvent system [38]. Therefore, IR-

MALDESI is considered a soft ionization source like ESI, although the internal energy 

deposition had not been unambiguously determined at that time. The spatial resolution of 

IR-MALDESI MSI reaches 50 µm by implementing a beam expander and an adjustable 

iris [39], and cellular level resolution can be achieved with the oversampling method. Note 

that a high spatial resolution is at the expenses of throughput and sensitivity, and thus a 

compromise when conducting an imaging experiment must be made to maintain a 

practical analysis time and ideal molecular coverage. 
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IR-MALDESI offer unique advantages on some challenging subjects. As a 

chemical matrix-free technique, IR-MALDESI is highly suitable for small metabolites (m/z 

<400) because there is no matrix interference in the low mass range. Pace et al applied 

IR-MALDESI to map 49 neurotransmitters and related metabolites in rat placenta tissues 

without the requirement for chemical derivatization [40], while derivatization is typically a 

prerequisite for MALDI-MS to move the neurotransmitter ions out of the m/z region 

predominated by the matrix peaks. Additionally, owing to the depth of penetration of an 

IR laser is typically on the micrometer scale [41], µm-thick material is ablated completely 

from the probed area after one laser shot. This characteristic allows for ablation-based 

three-dimensional (3D) imaging, where the same region of interest is repeatedly sampled 

to reveal the molecular alterations along the z-axis. The advantages of the ablation-based 

approach over the serial-section-based approach (i.e., 2D MSI is performed on 

consecutive sections and then the 2D images are stacked together to form a 3D image) 

include less sample preparation, no information loss between the analyzed slices and 

simplified downstream data analysis (i.e., no need for co-registration of multiple layers 

using advanced algorithms). The IR-laser of a high energy influence employed in IR-

MALDESI also allows for direct analysis of very hard tissues, e.g., fresh bones [42], 

without any requirement for decalcification, and thus prevents possible chemical and 

physical changes occurring during the decalcification process. Furthermore, IR-MALDESI 

has a high salt tolerance (up to 1 M) which can be presumably attributed to that the 

ablated non-volatile salts, mainly cations and anions by charge splitting, are repelled by 

the charged ESI droplets. IR-MALDESI meets the increasing demand of directly analyzing 

salty samples such as pickles [43] and biological buffers [44]. 

Three other representative laser desorption/ESI post-ionization methods are laser 

ablation electrospray ionization (LAESI), electrospray-assisted laser desorption ionization 

(ELDI) and laser electrospray mass spectrometry (LEMS). LAESI was introduced by 

Nemes and Vertes in 2007 [45]. It is a variant of IR-MALDESI in principle, employing a 

mid-IR laser for resonant excitation of free water in the sample and release analytes from 

the sample substrate into the gas-phase, which are captured by charged ESI droplets 

and ionized via an ESI-like manner. ELDI was first described by Shiea and coworkers in 

2005 [46] and LEMS was first described by Levis and coworkers in 2009 [47]. ELDI and 
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LEMS share a similar ionization process with IR-MALDESI and LAESI (i.e., ESI post-

ionization), but they offer very different laser wavelength options. ELDI mainly utilizes a 

UV nitrogen laser with a wavelength of 337 nm to desorb analytes from the sample 

surface with or without the use of a traditional MALDI matrix, although IR-ELDI has also 

demonstrated its capabilities and signals increased markedly with the presence of water 

molecules [48]. LEMS applies an 800 nm femtosecond laser with an intensity of 103 W 

cm-2 to induce nonresonant vaporization of the sample, followed by ionization by a nano-

ESI [49]. Multiphoton absorption was observed in LEMS, which might cause a higher 

extent of fragmentation. 

 

 
Figure 1.3 Schematic of IR-MALDESI source. A mid-IR-Laser at 2940 nm irradiates the 
sample causing the desorption of neutral materials, which are allowed to partition into an 
orthogonally oriented electrospray plume, where they are ionized via an ESI-like manner. 

1.2.2 Desorption Electrospray Ionization (DESI) and Nano-DESI 

Introduced by the Cooks group in 2004 [50], DESI has achieved notable 

advancements over the decades. DESI is a liquid extraction-based approach, where the 

condensed sample surface is impacted by charged droplets from an electrospray source 

at atmospheric pressure. The droplets pick up analytes on the sample surface, generating 
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secondary droplets containing charged analytes which are propelled into mass 

spectrometer. DESI yields spectra almost identical to traditional ESI spectra, e.g., multiply 

charged proteins [51]. DESI has been extensively used for profiling metabolomes and 

lipidomes of biological tissues, while in limited cases it was applied for analyses of 

peptides and proteins with extra sample preparation steps such as washing tissue 

sections with ethanol to remove lipids as much as possible. 

In DESI, the splashing effect compromises its spatial resolution (100-200 µm). 

Nano-DESI described by Laskin [52] can partially overcome this issue and thus shrink the 

beam size. Two pulled glass capillaries that comprise the ion transfer bridge are placed 

in front of the mass spectrometer inlet [53], where the primary capillary is used to supply 

solvent to desorb molecules from the sample surface and the second one is used to 

transport the extracted analytes which are subsequently ionized via nanospray ionization 

[54, 55]. The spatial resolution is largely governed by the size of the liquid bridge formed 

between two glass capillaries [54], which is essentially influenced by the capillary size 

and position, and the flow rate [52, 56, 57]. Biomolecular imaging at a cellular level (12 

µm [52] and even <10 µm [54]) can be accomplished using nano-DESI. One limitation of 

nano-DESI is the clogging in the transfer capillary tube, which causes challenges for 

untrained users to replace the capillary and realign the system [58]. 

The spray solvent composition in DESI and nano-DESI can be easily tailored to 

enhance the extraction of target analytes from the surface. A solvent of methanol: water 

(9:1, v/v) is the most frequently reported one due to its wide lipid coverage [53, 59]. 

Unsihuay et al [60] described the use of less polar solvents such as methanol: acetonitrile: 

toluene mixture to better extract nonpolar triglycerides from mouse muscle tissue 

sections. The solvent containing dimethylformamide makes DESI a nearly nondestructive 

technique, causing no visible damage to the tissue section being imaged [61], so that the 

same tissue section can be stained and subject to histopathological analysis. This 

advantage greatly favors biomedical research because it avoids the use of serial tissue 

sections containing inherent histological differences for histopathological evaluation. 

Recently, a variant of DESI termed reactive DESI was applied to improve the detection 

of analytes with low ionization efficiency. This is conducted by doping the electrospray 

solvent with a reactant, which reacts with the analytes when being sprayed on the sample 
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surface, yielding reaction products that can be more easily detected. For example, 

dications such as [C6(C1Pyrr)2]2+ are able to form stable ion-pairs with negatively charged 

lipids (e.g., fatty acids and phosphatidic acids), resulting in singly charged species which 

can be detected in positive ionization mode [62, 63]. It not only helps improve the 

detection sensitivity, but also increases the molecular coverage in a single ionization 

mode. 

1.2.3 Liquid Microjunction Surface-sampling Probe (LMJ-SSP) and Liquid Extraction 

Surface Analysis (LESA) 

LMJ-SSP was developed by Van Berkel and co-workers, which operates by 

forming a liquid microjunction between a robotic probe and sample surface for in situ 

microextraction of analytes, which are then introduced into a MS for ionization and 

measurement [64]. The probe is composed of two coaxial tubes, an outer one and an 

inner one. The outer tube continuously delivers an extraction solvent flow to the surface, 

and then the solution containing the extracts is withdrawn through the inner tube to an 

ionization source [65]. LMJ-SSP can operate in either a discrete spot mode, i.e., the probe 

is pointed at selected spots separately, or a scanning mode, i.e., the probe performs 

continuous sampling while the sample is moved along the x- or/and y-axis [66, 67]. LMJ-

SSP can also be coupled with a liquid chromatography (LC) for online chromatographic 

separation [68]. LMJ-SSP has been commercialized as the flowprobeTM by Prosolia Inc 

(IN, USA) recently. 

As a variant of LMJ-SSP, LESA was first described in 2010 by Kertesz and Van 

Berkel [69] and was commercialized by Advion (Ithaca, NY). LESA uses a single-use 

pipette tip to dispense a small droplet of extraction solvent that is in contact with the 

sample surface, allowing the formation of a liquid microjunction and liquid-surface 

extraction. The solution is then drawn back into the pipette tip [70], and the pipette tip is 

mechanically relocated to the MS inlet for nanoESI. The entire process is controlled by 

an automated robotic arm to yield reproducible results [71]. LESA is a well-established 

method for in situ profiling of proteins [72], and its analytical performance, e.g., signal-to-

noise ratio, can be significantly improved by the implementation of an ion mobility MS. 

Griffit et al demonstrated that an increased number of protein species was detected from 
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mouse tissue sections when coupling LESA with a high field asymmetric waveform ion 

mobility spectrometry (FAIMS) [73]. 

One drawback of LMJ-SSP and LESA is that they suffer from relatively low spatial 

resolution with typically falls into the range of 500 µm to 1 mm [73] as a result of the size 

of the contact point [74]. But the large sample area generally offers high sensitivity, and 

hence LMJ-SSP and LESA can serve as complementary approaches to high spatial 

resolution MSI such as MALDI and secondary ion mass spectrometry (SIMS). 

1.2.4 Probe electrospray ionization (PESI), touch spray (TS) and rapid evaporative 

ionization mass spectrometry (REIMS) 

Probe-based ionization sources such as PESI, TS and REIMS are referred to 

techniques that sample the spot of interest using a solid probe. The probe-based 

ionization techniques have been used in clinical and surgical modality for their very low 

degree of invasiveness. Another advantage is that the clogging issues frequently found 

in capillary-based approaches can be mostly circumvented. In PESI, a sharp metallic 

needle as a sampling probe is moved down to penetrate the sample and enrich analytes, 

and then the needle tip is raised to the MS inlet to function as an ESI emitter. A high 

voltage is applied to the needle to generate an electrospray plume [75, 76]. In some 

cases, an auxiliary heated capillary sprayer was also incorporated and aligned to the 

needle tip in order to re-wet the needle probe [77]. The spatial resolution is mainly 

determined by the dimension of the needle, which is usually around 100 µm [78], but 

improvements were made recently. For example, Gong et al reported a cellular/ 

subcellular PESI MS by applying a tungsten probe with a tip diameter of ~1 µm [79]. PESI 

has primarily been used to analyze lipids and metabolites. For instance, using PESI with 

alcohol solvent systems, Mandal et al [80] characterized triglyceride compositions in 

human renal cell carcinoma tissues. Interestingly, studies found that different species 

could be released from the needle sequentially likely depending on their surface activities 

(e.g., proteins were observed prior to lipids) [76, 81], which might circumvent the signal 

suppression issue frequently observed in ESI-based direct analysis of complex sample 

matrices. 

TS performs analysis by physically sampling a small amount of materials with a 

probe from tissue, and the analytes are ionized upon application of solution and a high 
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voltage at the tip. The ionization process is similar to paper spray mass spectrometry 

where the analytes are desorbed from porous surface and ionized via an ESI manner 

[82]. The most widely used probe in TS-MS is medical swab, with applications ranging 

from rapid screening and quantification of drugs of abuse from oral fluid [83, 84] to 

identification of disease states [85]. TS shows comparable classification accuracies to 

DESI in differentiation of cancerous and normal tissues [86]. 

REIMS was developed by Schäfer et al in 2009 [87], of which ionization 

mechanism is using diathermy (a electrosurgical tool to dissect tissue) for rapid thermal 

evaporation of neutral species from tissues followed by chemical ionization in the gas 

phase, demonstrating great potential for intra-surgical use. Recent research shows the 

capability of REIMS for in vivo and in situ chemical analysis, and accurate identification 

of a diverse range of malignant tumors, such as gastrointestinal cancer [88], ovarian 

cancer [89] and colorectal cancer [90], enabling surgeons to make objective and reliable 

intra-operative diagnosis guided by MS [89]. 

1.3 Fourier Transform Mass Spectrometry (FTMS) 

The mass to charge ratio (m/z) of the gas-phase ions formed in the ionization 

source are subsequently measured by a mass analyzer. MSI relies heavily on MS1 data. 

Therefore, a high-performance mass analyzer of high resolving power (RP) and mass 

measurement accuracy (MMA) is key for untargeted analysis from complex matrices to 

provide reliable elemental compositions, and even identify unknowns through database 

search. RP characterizes the ability of a mass spectrometer to distinguish between ions 

of slightly different m/z, which is defined as m/ȹm, where m is the mass of the ion of 

interest and ȹm is the peak width, usually the full width at half maximum (FWHM). MMA 

measures the ratio of the m/z measurement deviation to the theoretical m/z. Fourier 

transform-based mass analyzers including Fourier transform ion cyclotron resonance 

(FT-ICR) and orbitrap outperform others with regard to the maximum RP and mass 

accuracy. 

Experiments within this dissertation were performed on one of the following three 

Thermo Fisher Scientific mass spectrometers: Q Exactive Plus, Q-Exactive HF-X and 

Orbitrap Exploris 240. All of them can be categorized as hybrid quadrupole-orbitrap 

device, and the schematic of Q Exactive Plus is shown as an example in Figure 1.4. The 
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quadrupole is a square array of metal rods, where the rods opposite each other compose 

a pair and are electrically connected. Voltages of equal amplitude and sign are applied to 

each rod pair, while voltages of the equal amplitude but different signs are applied to 

different rod pairs. The quadrupole functions as an ion filter by applying superimposed 

radio frequency (RF) and direct current (DC) voltages. The ratios of RF to DC and their 

magnitudes determine the ions within a range of m/z to undergo stable trajectories and 

therefore are transmitted through the quadrupole mass filter, while others have unstable 

trajectories and collide with the rods. Ions of interest that pass through the quadrupole 

are collisionally cooled and stored in the RF-only C-trap until the target amount of ions or 

the maximum inject time is reached. Then the ion packet is squeezed into an orbitrap 

mass analyzer, where they are electrostatically trapped and start coherent axial 

oscillations along the z-axis with rotation around a spindle-shape central electrode in the 

radial direction, inducing image current to be detected by the outer electrode [91, 92]. The 

image current in the time domain transient is Fourier transformed into the frequency 

domain [93, 94]. The frequencies of axial oscillation (of individual ion packets can then (‫ 

be converted to m/z by eq 1.1: 

‫
Ὧ

άȾᾀ
 

              

(1.1) 

where Ὧ is an instrumental constant. 

Up to 140,000 and 240,000 RP at m/z 200 (FWHM) can be achieved on Q-Exactive 

Plus and Q-Exactive HF-X/ Orbitrap Exploris 240, respectively. Note that Q-Exactive HF-

X and Orbitrap Exploris 240 mass spectrometer feature the high-field Orbitrap mass 

analyzer technology, which is able to deliver doubled RP at the same scan speed as Q-

Exactive Plus. A mass accuracy better than 2.5 parts per million (ppm) with the use of 

lock masses (either internal or external) is typically provided, supporting putative 

identification of unknown molecules solely using MS1 data.  
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Figure 1.4 Schematic of Q Exactive PlusTM coupled to IR-MALDESI source. Image 
courtesy of Thermo Fisher Scientific. 
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Chapter 2: Internal Energy Deposition in IR-MALDESI with and without the Use of 

Ice as a Matrix 

This work was reprinted with permission from: 

Tu, A, Muddiman, DC. J. Am. Soc. Mass Spectrom., 2019, 30(11), 2380-2391. 

Copyright © 2019, American Society for Mass Spectrometry 

2.1 Introduction 

Mass spectrometry imaging (MSI) has rapidly evolved as an invaluable analytical 

approach in biological science over the years for its capability of simultaneously 

monitoring numerous biomolecules and their spatial locations. Fragmentation is not 

desired because it confounds the extremely complex mass spectra and places challenges 

to molecular weight determination and data interpretation. To address these issues, 

continuous efforts have focused on the development of soft ionization techniques for MSI 

which do not impart excessive internal energy (IE) to analytes. Infrared matrix-assisted 

laser desorption electrospray ionization (IR-MALDESI) is a hybrid ionization technique 

operating at atmospheric pressure with minimum or no sample preparation, which has 

established its utility for visualizing the distributions of a wide variety of analytes including 

lipids [1, 2], metabolites [3, 4], proteins [5] and pharmaceutical drugs [6, 7] from biological 

tissue sections. Our previous studies have shown that spectral compositions and charge 

state distributions generated by IR-MALDESI are nearly identical to ESI [5], and the 

[M+D+]+ peak is predominant in the spectra when using a deuterated electrospray solvent 

system [8]. These findings indicate that the primary ionization mechanism of IR-MALDESI 

is the desorbed neutral species from condensed phase reach an orthogonally oriented 

electrospray plume which are consecutively ionized via an electrospray ionization (ESI)-

like process [5, 9]. Therefore, IR-MALDESI is considered a soft ionization source as ESI, 

yielding and transferring molecular ions with minimum fragmentation. However, the laser 

irradiation process may modify the ion IE via vibrational energy-transfer from water 

molecules [10] and thermal activation [11], ultimately leading to mass spectra which 

contain fragments of labile molecules. A quantitative study of IE deposition in IR-

MALDESI followed by a parallel comparison with traditional ESI is therefore necessary to 

accurately evaluate the softness of IR-MALDESI. 
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IR-MALDESI typically employs a 2940 nm laser to resonantly excite the O-H 

symmetric and asymmetric stretching bands of water, allowing for direct analysis of water-

rich targets (e.g., biological tissues) where endogenous water serves as an energy-

absorbing medium. An ice layer can also be uniformly deposited on the sample surface 

as a mid-IR absorbing matrix. Multifold improvements in sensitivity are commonly 

observed with the application of an ice layer in IR-MALDESI-MS. To better understand 

the role of the ice matrix in ablation dynamics, which in turn translates into greater ion 

signals, a series of IR-MALDESI experiments combined with shadowgraphy were 

conducted [12], clearly revealing remarkable distinctions in plume dynamics for fresh 

tissue analysis with or without an ice layer. It was observed that much finer tissue 

fragments and liquid droplets were ejected in the case of ablation with ice, potentially 

indicating a more efficient energy-transfer process. However, to what extent the ice layer 

affects IE deposition in IR-MALDESI remains unstudied to date. 

The survival yield method based on the work of De Pauw and coworkers [13] has 

been extensively utilized to probe IE of ions generated by a wide range of well-recognized 

soft ionization techniques, e.g., ESI [14, 15], matrix-assisted laser desorption ionization 

(MALDI) [16, 17] and desorption electrospray ionization (DESI) [18, 19]. The basic 

assumption of this approach is that the ions with an IE above the critical energy (E0) 

undergo dissociation, while those with an IE below E0 do not. The survival yield therefore 

describes the fraction of precursor ions with an IE less than their E0, and can be calculated 

using eq 2.1,  

Ὓὣ
Ὅὓ

Ὅὓ ВὍὊ
ὖὉὨὉ (2.1) 

where I(M+) and I(F+) are the abundances of the molecular ions and the 

corresponding fragment ions, respectively. The function SY(E) is shown to be the integral 

of the IE distribution function P(E) from E = 0 to E0 [13], hence the IE distribution can be 

determined by taking the first derivative of SY(E). The survival yield method is applicable 

to a series of ions with varying E0, but identical IE distribution, e.g., thermometer ions. A 

set of substituted benzyl pyridinium (BP) cations are commonly used as thermometer ions 

because of their simple fragmentation pattern and well-characterized thermodynamics 

[20]. Most often, the cleavage of the C-N bond occurs between the benzyl and pyridyl 
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groups, producing a neutral pyridine and a substituted benzyl cation for MS detection. 

The substitute group on the benzyl ring determines the magnitude of the E0 for the 

unimolecular dissociation. 

In this work, we first characterized and compared the IE distribution of para-

substituted BP cations generated with IR-MALDESI and ESI using the survival yield 

method. Different types of samples which are common targets for IR-MALDESI were 

investigated to reveal the differences in IE distribution related to sample physical 

properties. Measurements with and without the ice matrix were then performed to 

elucidate the effect of the ice matrix on IE deposition as a function of laser wavelengths. 

Myoglobin (Mb) as a noncovalent protein complex was further selected to probe the 

energy deposition of large and labile biomolecules. This work improves knowledge of the 

complex ionization mechanisms and energy transfer events underlying IR-MALDESI-MS, 

hence potentially enabling further enhancements in the sensitivity and specificity.  

2.2 Methods 

2.2.1 Materials 

Five thermometer molecules para-methoxy-benzyl pyridinium (MeO) chloride, 

para-methyl-benzyl pyridinium (Me) chloride, para-chloro-benzyl pyridinium (Cl) chloride, 

para-cyano-benzyl pyridinium (CN) chloride, and para-nitro-benzyl pyridinium (NO2) 

bromide were purchased from GL Synthesis (Worcester, MA, USA) with a purity of 98% 

and used without further purification. Holo-myoglobin from equine skeletal muscle with a 

purity of 95-100% was purchased from Sigma-Aldrich (St. Louis, MO, USA). Methanol, 

water, formic acid and ammonium acetate in Optima grade were purchased from Fisher 

Scientific (Fair Lawn, NJ, USA). Nitrogen gas used for mass spectrometry and enclosure 

purging was obtained from Arc3 Gases (Raleigh, NC, USA). 

The BP salts were first individually dissolved in 50% (v/v) aqueous methanol to 

prepare stock solutions at ~6 mM. Then they were mixed and further diluted with 50% 

(v/v) aqueous methanol to make standard mixtures at optimal concentrations for different 

experiments to provide molecular ion abundances between 104-105 counts, ensuring a 

good spectral accuracy [21] and a linear MS detector response. 
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2.2.2 Tissue 

Rat liver tissue was obtained from the North Carolina State University Department 

of Biological Sciences, frozen in isopentane/dry ice and stored at -80 °C until sectioning. 

The animal was 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 sections of 10 µm thickness were cut using a Leica CM1950 cryostat 

(Buffalo Grove, IL, USA) at a temperature of -15 °C. The sections were then thaw 

mounted onto standard glass microscope slides with and without BP salts applied and 

analyzed immediately thereafter. 

2.2.3 IR-MALDESI-MS Analysis 

The in-house built IR-MALDESI source which has been detailed in previous 

publications [12, 22] was used for all experiments. A tunable-wavelength (2700 - 3100 

nm) IR laser operating at 20 Hz with a pulse width of 5 - 7 ns (IR-Opolette 2731, Opotek, 

Carlsbad, CA, USA) is employed and focused to a spot diameter of approximately 150 

µm on the sample surface to resonantly excite water, facilitating the desorption of 

materials from the sample. The sample stage is mounted on a water-cooled Peltier stage 

to achieve -10 °C sample temperature when the ice matrix was used. The incident 

wavelength was set to 2940 nm to match the O-H stretching band of water unless 

otherwise noted. The laser energy was measured to be 1.3 mJ/pulse at the exit of the 

optical path. For all IR-MALDESI experiments except one noted as 1 pulse, each voxel 

was subjected to two laser pulses to completely ablate probed sample materials. For the 

measurements of thermometer ions, electrospray solvent of 50% (v/v) aqueous methanol 

modified by 0.2% formic acid was delivered by a Fusion 101 syringe pump (Thermo Fisher 

Scientific, Bremen, Germany) at 2 µL·min -1 flow rate. A Q-Exactive-Plus Orbitrap mass 

spectrometer (Thermo Fisher Scientific, Bremen, Germany) was coupled to the IR-

MALDESI source. The mass spectrometer was operated in positive ionization mode with 

a spray voltage of 3.8 kV and a capillary temperature of 315 °C. The automatic gain 

control function (AGC) was disabled and the injection time (IT) was fixed to 75 or 25 ms 

for IR-MALDESI experiments with 2 laser pulses or 1 laser pulse, respectively, to 

coordinate the laser desorption and ion acquisition events. All BP data sets were collected 
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at m/z 75-250 with a resolving power of 140,000 (FWHM, m/z = 200), while Mb data sets 

were acquired at m/z 500-2000 or 700-2800 depending on the charge states. 

To measure the IE deposition in liquid IR-MALDESI, 10 µL fresh BP solution at 4 

µM was dropped on a standard glass slide and analyzed by IR-MALDESI-MS at each 

collision energy. Solid samples for IR-MALDESI were prepared by spraying solutions of 

BP salts evenly on glass slides at 0.1 and 1 µg·cm -2 using a HTX TM Sprayer (HTX 

Technologies, Chapel Hill, NC, USA) for sprayed slide samples and tissue section 

samples, respectively. The TM Sprayer parameters were optimized earlier [7] and are 

detailed in Table A.1. For experiments evaluating the ice matrix, 100 µL of BP solution at 

~1.5 mM was deposited on top of a tissue section and air-dried. 1 mM Mb was prepared 

in water, then diluted to 20 µM with different solvents to produce working solutions, of 

which 10 µL was deposited on a glass slide for liquid IR-MALDESI-MS. For all 

measurements, a region-of-interest of 6-by-6 was sampled at each collision energy to 

provide 36 replicates for statistical analysis. 

2.2.4 ESI-MS Analysis 

Mixed BP salts or Mb doped in electrospray solution at 0.25 µM were directly 

infused into the mass spectrometer by an ESI source at 2 µL·min -1 flow rate. AGC was 

performed in prescan mode with AGC target of σ ρπ for BP samples and ρ ρπ for 

Mb samples. Other experimental settings were kept constant for IR-MALDESI and ESI 

experiments to offer meaningful comparisons. For MS/MS acquisition, BP molecular ions 

were selected with a 4m/z isolation window then fragmented in the HCD cell at a 

normalized collision energy (NCE) of 10% for MeO, Me and Cl or 30% for CN and NO2. 

2.2.5 Data Processing 

Raw data files (.raw) were converted into the mzML format using MSConvert from 

the ProteoWizard toolkit [23], followed by conversion into an imzML image file by 

imzMLConverter [24]. These files were subsequently loaded in MatLab (R2018a; 

MathWorks, Natick, MA, USA) environment using MSiReader [25, 26]. Then a list of M+ 

and F+ m/z was created and the abundances were determined by peak intensity then 

exported using the built-in MSiExport tool. The sigmoidal curve fitting was carried out in 

Origin 2019 (OriginLab, Northampton, MA, USA). 
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2.3 Results and Discussion 

2.3.1 Calculation of Survival Yield 

To determine the m/z of M+ and F+ used for the calculation of survival yields, BP 

salt solutions were directly sprayed into the mass spectrometer with ESI to perform 

MS/MS analysis. MS/MS spectra (Figure A.1) show that as reported in literature [13], the 

predominant fragmentation pathway is the loss of pyridine ([M+ - Py]+), yielding para-

substituted benzyl ions (Scheme 2.1). The M+ and F+ m/z values along with the E0 using 

AM1 calculations for each BP are shown in Table 2.1, while readers are referred to prior 

literature for E0 values using ab initio computations [13, 17, 27]. Potential differences 

between the S-lens and the injection flatapole ranging from 0 to 35 eV were implemented 

to accelerate ions moving towards the mass analyzer. Subsequent inelastic collisions of 

ions with inert gas molecules cause a portion of their kinetic energy to be converted to IE, 

leading to in source-collision induced dissociation (IS-CID) when the reaction time is 

sufficient. The mass spectra acquired using ESI and IR-MALDESI at IS-CID of 0, 10 and 

20 eV are shown in Figure 2.1, showing that the relative abundances of [M+-Py]+ increase 

with collision energy, which is in accordance with the increases in IE of BP cations. The 

sum of the absolute abundances of M+ and F+ with ESI direct infusion were fairly constant 

at IS-CID energies of 0 to 20 eV, showing %RSDs less than 15. The amounts of M+ + F+ 

increased observably with the IS-CID > 20 eV, which might be a result of more efficient 

desolvation and/or ion transmission. However, the Method presented here should still be 

robust because the comparisons were done at the same collision energy.  

Table 2.1 Molecular (M+), fragmental (M+ - Py) m/z and critical energy (E0) of BP cations. 
E0 values using AM1 calculations were taken from literature [14]. 

Substituted BP Abbreviation m/z (M+) m/z (M+ - Py) E0 (eV) 

para-methoxy- MeO 200.1069 121.0647 1.51 

para-methyl- Me 184.1120 105.0698 1.77 

para-chloro- Cl 204.0574 125.0152 1.90 

para-cyano- CN 195.0916 116.0494 2.10 

para-nitro- NO2 215.0815 136.0393 2.35 
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Scheme 2.1 The fragmentation pattern of p-substituted benzyl pyridinium cation into a 

substituted benzyl cation and a neutral pyridine. 

 

 
Figure 2.1 Representative mass spectra acquired with direct infusion ESI, and IR-
MALDESI of solution droplets and sprayed glass slides at IS-CID of 0 (top), 10 (middle) 
and 20 eV (bottom). The precursor ions of MeO, Me, Cl, CN and NO2 are numbered 
consecutively from 1 to 5 in red and the corresponding benzyl fragment ions are 
numbered in blue with asterisks. 

Survival yields were calculated for the five BP cations using Equation (1) with the 

abundances of intact benzyl pyridinium cations as M+ and the corresponding benzyl 

cations as F+. Then the calculated survival yields were plotted as a function of E0. Two 

limit points (E0 = 0, survival yield = 0 and E0 = 3.5, survival yield = 100%) were added to 

the plots to indicate the boundaries of the IE distribution, corresponding to complete and 
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no dissociation, respectively. A Boltzmann-type sigmoidal curve eq 2.2 was then fitted to 

the data points,  

Ὓὣὼ ὃ
ὃ ὃ

ρ Ὡ
 (2.2) 

where E is the center of IE, x is E0, and A1 and A2 are initial and final survival yield 

values, respectively. Good fitting results with correlation coefficients R2 > 0.9 were 

achieved with this curve function.  

2.3.2 Comparison of IE Deposition in ESI and IR-MALDESI of Liquid Samples 

The survival yields of five BP molecular ions from solutions were determined with 

ESI-MS or IR-MALDESI-MS and plotted as a function of IS-CID energy to reveal the 

survival yield breakdown curves (Figure 2.2a and 2.2b). The survival yields rank 

accordingly with E0 as expected, meaning high E0 BP cations dissociate less than the low 

E0 ones. Noticeably, breakdown curves from both techniques show remarkably similar 

descending trends. Survival yields at IS-CID energies of 10-25 eV were chosen to fit the 

sigmoidal curves because at this range the survival yield values spread widely between 

0 and 100%, corresponding to no and complete dissociation, respectively. As mentioned 

before, the IE distributions were then obtained by taking the first derivative of the survival 

yield sigmoidal curves, and the mean values with full-width at half-maximum (FWHM) 

reported directly from IE distributions. The summary of fitted values is available in Table 

2.2. It should be stressed that the determined IEs are not absolute values since the kinetic 

shifts were not accounted for in our work. Actually, energies higher than the E0 are needed 

for an appreciable number of fragment ions to be detected, therefore the mean IE values 

determined by the survival yield method are underestimated [28]. But the IE estimations 

we present here are sufficient for the comparison of IR-MALDESI and ESI because all 

relevant MS parameters were kept constant throughout the entire experiment. 

As shown in Table 2.2, the increase in potential differences shift the mean IE 

toward higher values with broadening distribution widths, which is in agreement with other 

studies [29, 30]. IR-MALDESI of BP solutions resulted in IE distributions basically 

equivalent to ESI. For instance, at IS-CID of 15 eV the mean IE values were 1.91 eV for 

ESI and 1.85 eV for IR-MALDESI with similar peak widths (Figure 2.2c and 2.2d), 

corroborating the view that the ions produced by IR-MALDESI did not gain considerably 
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excess energy. The result can be attributed to either the energy dissipation from excited 

molecules to surrounding solvent molecules, or the complete collisional cooling of 

analytes during capture by charged electrospray droplets, or a combination of these 

effects. 

 

Figure 2.2 Survival yields of five BP cations versus IS-CID energies for (a) ESI and (b) 
IR-MALDESI of sample solutions. The comparison of (c) Boltzmannôs sigmoidal curves 
and (d) IE distributions between ESI and IR-MALDESI were made at IS-CID of 10, 15 and 
20 eV. The mean IE and FWHM values for ESI and IR-MALDESI are solid- and dashed-
outlined, respectively. Error bars represent one standard deviation of 36 replicate 
measurements. 
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Table 2.2 Mean IE values (eV) with 95% confidence intervals (CI) and full-width at half maximum (FWHM, eV) of BP cations 
for ESI and IR-MALDESI determined at IS-CID of 10-25 eV. 

Source ESI IR-MALDESI 

Sample 

Type 
Solution Droplet Sprayed Slide 

IS-CID 

(eV) 
R2 Mean IE [CI] FWHM R2  Mean IE [CI] FWHM R2 Mean IE [CI] FWHM 

10 0.998 1.73 [1.73, 1.73] 0.38 0.995 1.68 [1.68, 1.69] 0.33 0.988 1.74 [1.73, 1.75] 0.39 

15 0.998 1.91 [1.91, 1.91] 0.48 0.984 1.85 [1.85, 1.87] 0.50 0.983 1.86 [1.85, 1.87] 0.44 

20 0.996 2.13 [2.13, 2.13] 0.59 0.987 2.05 [2.04, 2.06] 0.61 0.971 1.97 [1.96, 1.99] 0.59 

25 0.999 2.33 [2.33, 2.33] 0.56 0.990 2.29 [2.28, 2.30] 0.64 0.962 2.11 [2.09, 2.13] 0.74 

Source IR-MALDESI 

Sample 

Type 
Sprayed Slide (1 Laser Pulse) Sprayed Slide underneath A Tissue Section 

IS-CID 

(eV) 
R2 Mean IE [CI] FWHM R2  Mean IE [CI] FWHM 

10 0.998 1.74 [1.74, 1.75] 0.39 0.994 1.70 [1.69, 1.70] 0.27 

15 0.996 1.88 [1.87, 1.88] 0.47 0.986 1.76 [1.75, 1.77] 0.33 

20 0.991 2.05 [2.04, 2.06] 0.59 0.981 1.85 [1.84, 1.86] 0.39 

25 0.983 2.22 [2.20, 2.23] 0.73 0.953 1.93 [1.91, 1.95] 0.68 

*R2 stands for the regression coefficient of the sigmoidal fit.
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2.3.3 Comparison of IE Deposition in ESI and IR-MALDESI of Solid Samples 

Our earlier investigation of plume ablation dynamics has manifested substantial 

variations for liquid droplets and solid samples [12], implying potential differences in IE 

deposition associated with sample physical properties. In order to explore such effects, 

the IR-MALDESI measurements were repeated for solid samples including glass 

microscope slides sprayed with BP salts and sprayed slides underneath tissue sections. 

Unlike solution samples, the sprayed slides are dry and thus transparent to the incident 

laser at 2940 nm, so a thin ice layer was formed on top of each sample to absorb IR so 

to assist analyte desorption.  

The mass spectra of solid samples show a prevalent peak at m/z 80.0502 when 

applying relatively high collision energies (Figure 2.1). Its absence from solvent-coated 

glass slides and its occurrence depending on the critical energies of BP substituents 

(Figure A.2) demonstrated that this peak originated from BP salts, which was then 

identified as protonated pyridine (PyH+). The observation is consistent with our hypothesis 

of different ablation mechanisms for liquid- and solid-phase samples. Few studies on IE 

deposition have reported the pyridine feature. One example by Flanigan et al. [31] 

observed PyH+ in dried BP salts with a 800 nm laser electrospray mass spectrometry 

(LEMS). Two-photon resonant-excitation of BP salts was proposed to cause their 

dissociation before entering the mass spectrometer, enabling the neutral pyridine to be 

ionized by nanospray. Gabelica et al. [17] found PyH+ with a vacuum-MALDI time-of-flight 

MS, and attributed this to a hydrogen radical reaction in the dense plume happening on 

a nanosecond timescale after laser impact. Although these hypotheses worked well in 

those studies, they appear less likely to explain PyH+ in IR-MALDESI-MS. In the case of 

IR-MALDESI, PyH+ is produced mainly inside the mass spectrometer since it can be 

barely found at no or a low collision energy (Figure 2.1 and Figure A.2). The radical 

theory is also less suitable in our case considering the instrumental configuration of IR-

MALDESI, where the ablated sample plume and the MS inlet capillary are perpendicular, 

making hydrogen radicals, if they exist, unlikely to travel into the mass spectrometer.  

To determine how PyH+ is produced in IR-MALDESI, a series of control IR-

MALDESI experiments with the electrospray flow rate off were carried out on sprayed 

slides, showing dramatically enhanced abundances of PyH+ than typical experiments with 
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electrospray on (Figure A.3). In this regard, we postulate that the desorbed BP salts 

experience an ionization mechanism of both electrospray post-ionization and direct 

ionization. Under the typical IR-MALDESI conditions, a fraction of the BP salts go through 

electrospray post-ionization which are cooled down by the electrospray droplets through 

vibrational relaxation within 10-14 - 10-12 seconds [32], only decomposing into substituted 

benzyl ions. Nonetheless, the other BP salts which form ions through direct ionization by 

charge splitting do not partition into ESI droplets and thereby enter the mass spectrometer 

retaining the excess IE. In this case, the excited BP cations have two competitive 

fragmentation channels producing either benzyl ions or protonated pyridines. Given the 

experimental observations that when the electrospray is off, PyH+ was always more 

abundant than the total benzyl fragment ions (Figure A.4), and the survival yields 

calculated only with benzyl ions displayed significantly slower declines as collision energy 

increases (Figure A.5), we conclude that the PyH+ fragmentation pathway proceeds at 

faster reaction rates than the loss of neutral pyridine, and becomes dominantly favorable 

at sufficiently high collision energies. 

Although the pyridine feature is observed, it was excluded from the calculation of 

survival yields for two reasons. Foremost, our previous work demonstrated that the 

majority of the laser-ablated materials from biological samples are neutral and mainly 

ionized by electrospray [8], so the direct ionization pathway which is specific to preformed 

ions falls outside the range of our current focus. Moreover, including PyH+ requires 

injecting each BP salt separately because it is a common fragment for all benzyl-

pyridinium structured ions, which not only is time-consuming, but also introduces 

repeatability issues [33]. Table A.2 shows the similar IE distributions of BP cations with 

and without electrospray at IS-CID Ò 20 eV, suggesting that the direct ionization pathway 

has negligible effects on the measurements of IE distributions of ESI-formed ions at this 

energy range. Therefore, comparing survival yields and IE distributions without including 

PyH+ as a fragment ion at a moderate IS-CID energy (e.g., 10-20 eV) is appropriate for 

our current study.  

Figure 2.3a displays the survival yields of five BP cations versus IS-CID energies 

for sprayed slides. The results clearly show that only a minor fraction of para-MeO 

substituents dissociate at 0 eV collision energy, and the survival yields are not statistically 
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different between IR-MALDESI and ESI at a significance level of 0.05. It is therefore 

reasonable to believe that IR-MALDESI mainly gives precursor ions under routine 

experimental conditions (i.e., collision energy = 0). A representative comparison of 

sigmoidal curves and IE depositions at 15 eV between ESI and IR-MALDESI is displayed 

in Figure 2.3c and 2.3d, and more results can be found in Table 2.2. The strongly similar 

mean IE values (e.g., 1.86 eV for IR-MALDESI and 1.91 eV for ESI at IS-CID of 15 eV) 

and distribution peak widths indicate IR-MALDESI of sprayed slides deposits IE into 

analytes comparable to ESI. No significant difference in IE distribution was found between 

experiments of sprayed glass slides with 1 and 2 laser pulses on each location (Table 

2.2), suggesting the influence of cumulated laser exposure on the ion IE is negligible. 

Relatively smaller mean IE values and narrower distributions were observed for more 

complex matrices such as animal tissues, e.g. 1.76 and 0.33 eV for mean IE and FWHM 

at IS-CID of 15 eV, respectively, and the differences became more apparent at high IS-

CID energies (Figure 2.3b, 2.3d and Table 2.2). The lower degree of fragmentation may 

be due to the significantly higher sample density of animal tissues so that less energy is 

imparted into each molecule, preserving more M+. 
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Figure 2.3 Survival yields of five BP cations versus IS-CID energies for IR-MALDESI 
analysis of (a) sprayed slides and (b) tissue sections on sprayed slides. The comparison 
of (c) Boltzmannôs sigmoidal curves and (d) IE distributions between ESI and IR-
MALDESI was made at 15 eV IS-CID. 

2.3.4 The Effect of an Ice Matrix on IE Deposition in IR-MALDESI 

To assess the influence of an ice matrix on ion IE input, BP salts air-dried on the 

surface of rat liver sections were analyzed by IR-MALDESI-MS both with and without an 

ice matrix. The wavelength dependence was also evaluated by repeating the 

measurements with two other mid IR-wavelengths (2700 and 3100 nm). The comparison 

of M+ survival yields with and without an ice matrix is displayed in Figure 2.4. The 

representative survival yield sigmoidal curves and IE distributions at IS-CID of 20 eV are 

shown in Figure 2.5, and results at other collision energies are summarized in Table 2.3. 

As shown in these results, ions produced with an ice matrix consistently exhibit lower 

survival yields and as a consequence higher mean IE values than their counterparts 

without an ice matrix. The differences in mean IE values approximately range from 

approximately 0.1 to 0.3 eV and become more pronounced at higher collision energies. 
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Different laser wavelengths show inconsequential differences in IE distribution (Table 

A.3), which is in accordance with our previous findings [34]. 

 

Figure 2.4 Survival yields of BP cations from tissue sections are plotted as a function of 
IS-CID energies for IR-MALDESI analysis either with (top) and without an ice matrix 
(bottom) at laser wavelengths of 2700, 2940 and 3100 nm. 

 

Figure 2.5 (a) Sigmoidal curves and (b) IE distributions for IR-MALDESI analysis either 
with (solid lines) or without the ice matrix (dashed lines) at IS-CID of 20 eV. The mean IE 
and FWHM values for IR-MALDESI with and without the ice matrix are solid- and dashed-
outlined, respectively. 
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Table 2.3 Internal energy distribution of BP Cations for IR-MALDESI with and without the 
ice matrix at an incident wavelength of 2940 nm. 

 With Ice Without Ice 

IS-CID 

(eV) 
R2 Mean IE [CI] FWHM R2  Mean IE [CI] FWHM 

10 0.994 1.66 [1.66, 1.67] 0.27 0.996 1.56 [1.56, 1.57] 0.28 

15 0.988 1.74 [1.73, 1.74] 0.37 0.993 1.57 [1.56, 1.57] 0.30 

20 0.977 1.79 [1.78, 1.80] 0.51 0.975 1.62 [1.61, 1.63] 0.36 

25 0.964 1.93 [1.91, 1.95] 0.67 0.972 1.61 [1.59, 1.62] 0.35 

*R2 stands for the regression coefficient of the sigmoidal fit. CI represents 95% confidence 
interval on the mean. 

Overall, the results suggest that performing tissue imaging with an externally 

deposited layer of ice induces more laser energy into the system. This observation can 

be plausibly explained by a considerably larger number of IR absorbers when the ice layer 

is formed absorbing more laser energy, which is consistent with previous IR-LDI work 

showing the significant effect of water content on ion yields [35]. Albeit it is ideal to have 

IE input as low as possible for biological samples to reduce the complexity of the mass 

spectra, the use of an ice matrix will still be suggested in most cases to: (1) avoid signal 

variation originating from varying contents of endogenous water in heterogeneous 

samples [36]; (2) prevent sublimation of water [37, 38]; (3) preserve sample structures 

and eliminate molecular degradation throughout the imaging process [34, 39]; and (4) 

enhance detection sensitivity [6]. Besides, the effect of increased fragmentation can be 

less detectable for relatively large biomolecules that undergo collisional cooling during 

integration into the electrospray droplets. However, performing measurements in a 

relatively small region without applying an ice matrix may benefit the detection of labile 

analytes by reducing the dissociation rate without introducing consequential biases. 

2.3.5 Analysis of noncovalent protein complex 

The softness of IR-MALDESI was further probed by performing measurements on 

heme-myoglobin complex (holo-Mb, MW ~17.6 kDa). In its native state, a heme prosthetic 
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group is noncovalently bound to the polypeptide chain(s) [40] with a binding energy 

reported to be 0.7 to 1.0 eV [41]. The Mb which loses the heme moiety is referred to as 

apo-myoglobin (apo-Mb, MW ~16.9 kDa). Previous measurements have shown both 

intact holo-Mb and apo-Mb features using laser desorption-based mass spectrometry 

including IR-MALDI [37, 42], LEMS [43, 44] and electrospray-assisted laser 

desorption/ionization (ELDI) [45]. In this work, Mb working solutions were prepared with 

either a buffer solution of 70:30 (v/v) 5 mM ammonium acetate/methanol at pH 5.5, or an 

unbuffered solution of 1 mM formic acid in 50:50 (v/v) water/methanol which is typically 

used in IR-MALDESI-MS. The electrospray solvent employed in IR-MALDESI 

experiments was matched with the sample dissolving solvent to achieve more valid 

comparisons. 

With the use of the buffer solution, the dominant species present in ESI and IR-

MALDESI spectra correspond to holo-Mb with highly similar charge state distributions, 

displaying the average charge state (ACS) of 8.2 for ESI and 8.1 for IR-MALDESI (Figure 

2.6a and 2.6b). This reveals the similarity in ionization mechanisms of those two 

ionization techniques. Apo-Mb peaks with low abundances in higher charge states +7 to 

+18 were observed in the IR-MALDESI spectrum as well, which might be a result of 

energy-induced partial cleavage of the noncovalent bond during the desorption process. 

The survival yield of noncovalent protein complex which is defined as ВὍ ȾВὍ

ВὍ  achieves ~70%, where Ὅ  and Ὅ  represent the abundances of central isotopic 

holo- and apo-Mb ions, respectively, implying the laser-induced desorption is gentle and 

does not deposit considerable energy into analytes. Sodiated Mb ions were present in 

both mass spectra (inserts in Figure 2.6a and 2.6b), yielding a tailing of the signals on 

the higher m/z side. 

Under the unbuffered condition, direct infusion ESI only generated ions 

corresponding to apo-Mb in high charge states +14 to +26, and a strong signal at m/z 

616.1766 corresponding to Fe (III)-heme [40] was readily observed (Figure 6c). The 

result is in agreement with the known instability of Mb in denaturing ESI-MS [46ï48]. 

Interestingly, the IR-MALDESI spectrum contains abundant holo-Mb peaks in charge 

states +9 to +20 with +11 the most abundant, together with some apo-Mb species in 

charge states +9 to +26, obtaining a survival yield of noncovalent protein complex of 



39 
 

~45% (Figure 2.6d). The significant differences in detected species between these two 

techniques could be attributed to electrochemical oxidation reactions such as 2H2O Ÿ O2 

+ 4H+ + 4e- [49] occurring in the electrospray emitter which decreases the pH of 

unbuffered solution dramatically, in some cases down to pH 1.4 [50]. Myoglobin for direct 

infusion ESI stayed in the acidic condition for a longer time, inducing denaturation of the 

protein thus the expulsion of the heme group along with more complete protonation [51]. 

The denaturing solvent likewise shifted holo-Mb ions in IR-MALDESI toward higher 

charge states with ACS of 12.0. Comparative IR-MALDESI experiments were further 

carried out on Mb dissolved in 50:50 water/ methanol or pure water while the electrospray 

solvent was kept as 1 mM formic acid in 50:50 water/methanol. It can be seen in Figure 

S2.6 that IR-MALDESI from liquid samples with reduced severity of denaturing conditions 

retained up to 90% intact protein complexes, suggesting that the dissociation of holo-Mb 

into apo-Mb and heme group in IR-MALDESI primarily originated from the denaturing 

solvent instead of the desorption process. 

 

Figure 2.6 ESI and IR-MALDESI mass spectra of myoglobin in 70:30 (v/v) 5 mM 
ammonium acetate/ methanol (a and b), and 1 mM formic acid in 50:50 (v/v) water/ 
methanol (c and d), respectively.  Inserts: expanded spectra of m/z 2180-2230 show 
sodiated holo-Mb ions in charge state 8+. 
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As a summary of our discussion, the key energy-transfer events occurring during 

the laser-induced desorption and following ionization processes in IR-MALDESI are 

illustrated in Figure 2.7. IR-MALDESI is overall a multistep technique with 

overwhelmingly complex physical and chemical events happening during the formation 

of ions and contributing to ion IE content in different ways. Analyte activation can occur 

due to laser irradiation, whereas processes such as plume expansions [20, 52], collisional 

cooling at atmospheric pressure condition [53, 54] and integration into electrospray 

droplets [34] can lead to deactivation. 

 

Figure 2.7 The diagram graphically exhibits the key energy transfer and ionization 
processes underlying positive mode-IR-MALDESI proposed at the current stage. The 
process starts with the IR-laser absorption solely by inherent water molecules in biological 
samples, or combinedly by inherent water and exogenous ice with higher energy intake. 
Then the surface evaporation and phase explosions result in a primary material expulsion, 
followed by a recoil-induced secondary material ejection [55, 56]. The ejected 
biomolecules in droplets or particulates are subsequently captured by an orthogonally 
oriented electrospray plume and lose their internal energy on the picosecond timescale 
via vibrational relaxation, producing analyte-containing charged droplets. Gas-phase 
protonated ions are eventually formed following an ESI-like mechanism (denoted by 1 in 
the diagram) with internal energy indistinguishable from ions generated by conventional 
ESI. Pre-charged species in the form of salts proceed through either electrospray post-
ionization or direct ionization by disintegrating their counter ions (denoted by 2 in the 
diagram). These directly-formed ions preserve the internal energy input during laser-
induced desorption process and thus may dissociate more drastically and in uncommon 
ways. 
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2.4 Conclusions 

The survival yield measurements show that IR-MALDESI produces para-

substituted BP cations with IE distributions comparable to those obtained with a 

conventional ESI. The results with Mb demonstrate that IR-MALDESI not only generates 

ESI-like intact multiply charged protein ions under native-like conditions, but also 

maintains the native structure of the weakly-bound noncovalent complexes under harsh 

solvent conditions, offering superior performance over ESI-MS which only reflects 

dissociated species in this case. These findings provide reasonable evidence that an 

ionization mechanism in analogy to ESI occurs at least in the later stages, and analytes 

do not experience significant energy gain in IR-MALDESI source so that little or no 

dissociation can be expected. The uniformly deposited ice layer is a harder energy-

absorbing matrix than the endogenous water in animal tissues, leading to higher IE build-

up and consequently inducing more fragmentation. A larger amount of IR absorbers with 

the use of ice matrix giving rise to a stronger energy absorption may explain this 

observation. A trade-off for labile species between a ñsofterò analysis and sample 

preservation thus should be fully considered when choosing the matrix. 
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Chapter 3: Systematic Evaluation of Repeatability of IR-MALDESI-MS and 

Normalization Strategies for Correcting the Analytical Variation 

and Improving Image Quality 

This work was reprinted with permission from: 
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3.1 Introduction 

Mass spectrometry imaging (MSI) has been gaining considerable popularity in 

tissue analysis due to its capability of simultaneous detection of hundreds of biomolecules 

while retaining their spatial distributions. The development and application of ambient MSI 

allows for direct tissue characterization with minimal sample pretreatment [1]. One such 

ambient ionization source is infrared matrix-assisted laser desorption electrospray 

ionization (IR-MALDESI), which combines features of both matrix-assisted laser 

desorption/ionization (MALDI) and electrospray ionization (ESI). IR-MALDESI employs a 

pulsed mid-infrared (mid-IR) laser at 2940 nm to resonantly excite O-H stretching modes 

of molecules present in the sample. An exogenous ice layer can be deposited to facilitate 

the desorption of neutral materials from sample [2]. The high laser fluence enables 

complete ablation of a 10 µm thick tissue section at each spatial location with two laser 

pulses, therefore each pixel in the ion images are usually referred to as voxel to represent 

a volume element [3]. The desorbed neutrals are allowed to partition into an orthogonally 

oriented electrospray plume, where they are ionized via an ESI-like mechanism [4, 5]. IR-

MALDESI, due to its matrix- and label-free nature, has been widely used to study 

biological samples ranging from single hair strands [6] to complex biological matrices 

such as whole neonatal mice [7]. 

High repeatability of analytical techniques is of prime importance for meaningful 

intra- and inter-sample comparison, which is particularly essential for large-scale studies 

where measurements are made over long time periods or where accurate quantification 

is required (e.g., clinical applications). However, variability in ion abundances between 

replicates is a widely recognized problem with MSI [8, 9]. These uncertainties present in 

mass spectra may compromise the precision of MSI, pose challenges for quantification, 
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and consequently limit its usefulness as a tool for routine analysis. Attempts have been 

made to characterize the repeatability of various MSI techniques. The intraexperiment 

relative standard deviations (RSD) of protein peak abundances were reported to be 2-

40% varying among studies using MALDI-MS [8]. The origins of the analytical variation in 

MALDI-MS are currently poorly understood, but studies have suggested that this issue 

could be attributed to non-uniform matrix coating, heterogeneous crystallization, 

variations in laser energy, and detector sensitivity [10ï12]. Gurdak et al. reported average 

absolute abundance repeatability of 30% over 8 separate days using  a desorption 

electrospray ionization mass spectrometry (DESI-MS) platform [13]. Impurities in 

electrospray solvent was proposed to possibly play an important factor in the day-to-day 

variation. Our previous studies demonstrated that the raw voxel-to-voxel %RSD of 

antiretroviral drugs in IR-MALDESI is 41-56% depending on the adducted cations [3], but 

the variability in ion abundances over longer time periods remains to be characterized. 

Additionally, the limited number of m/z features selected in some studies may bias the 

precise estimation of the instrument repeatability. A thorough evaluation with a significant 

number of features should be undertaken to allow more quantitative statistics to be 

derived. 

Normalization is a crucial data processing step to identify and address 

experimental variance, hence improving the comparability of spectra generated from 

different measurements. The process is normally performed by subtracting an offset from 

a mass spectrum (optional) and then dividing by a normalization factor. The offset and 

normalization factor can be calculated over the full spectrum, which is known as global 

normalization, or over segmented m/z windows, which is known as local normalization 

[14]. The most frequently applied normalization techniques in MSI include total ion current 

(TIC) normalization, which forces all voxels in a data set to have an identical TIC value 

[15], and reference normalization, which scales analyte responses by a well-matched 

reference ion, usually an analogue of the analyte deposited uniformly over the sample 

(internal standard) [16, 17] or a matrix ion [18, 19]. Although they frequently correct for 

signal variability [3, 15, 20ï22], TIC normalization and reference normalization may be 

prone to bias due to their inherent limitations. For example, the assumption of TIC 

normalization may not be fulfiled for heterogeneous samples where high-abundance but 
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localized peaks exist [23] or when multiple classes of samples are compared. Internal 

standard normalization is impractical for untargeted analysis since analytes with different 

chemical structures have different ablation and ionization efficiencies. The fact that the 

optimal normalization method for a certain platform or a data set is not readily clear 

requires careful exploration of the selection so to ensure a reliable downstream analysis, 

otherwise severe data skewness can result, causing inaccurate conclusions or 

interpretation. 

This work aims at comprehensively and quantitatively evaluating IR-MALDESI 

performance on yielding repeatable data from animal tissues across voxels, lines, time 

points and days. Then detailed comparisons were performed to illustrate the effect of a 

wide range of commonly used normalization strategies on minimizing data variation 

between technical measurements and improving ion image quality. 

3.2 Methods 

3.2.1 Materials 

HPLC-grade methanol and water were purchased from Fisher Scientific (Fair 

Lawn, NJ, USA). Formic acid and acetic acid were purchased from Sigma-Aldrich (St. 

Louis, MO, USA). Hematoxylin and Eosin (H&E) reagents were purchased from Electron 

Microscopy Sciences (Hatfield, PA, USA). All chemicals were used without any 

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

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

3.2.2 Samples 

Rat liver tissue samples were obtained from NCSU Department of Biological 

Sciences. Liver was selected for this study as a relatively homogeneous model to provide 

quasi-technical replicate sections with minimal biological variability. An ovary tissue 

coming from a healthy white leghorn commercial egg laying hen was obtained from an in-

house biorepository. The ovary was an example for a heterogeneous model, of which 

mass spectrometry images could serve for evaluating the effect of normalization on image 

quality. 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). Both tissues were 

frozen in isopentane/dry ice and stored at -80 °C until sectioning. 
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Tissue sections of 10 µm thickness were produced using a Leica CM1950 cryostat 

(Buffalo Grove, IL, USA) at a temperature of -15 or -20 °C for rat liver and hen ovary, 

respectively. The sections were thaw mounted onto standard glass microscope slides and 

kept frozen until the time of analysis. A serial section of ovary tissue was Hematoxylin 

and Eosin (H&E) stained then imaged by Leica LMD7000 microscope (Leica 

Microsystems, Buffalo Grove, IL, USA). The microscopic image was used to provide an 

independent evaluation of the effects of normalization by comparing the agreement 

between raw/ normalized ion images and the histology shown on the optical image.  

3.2.3 IR-MALDESI-MS Analysis 

Details about the in-house built IR-MALDESI source and the implementation of 

tissue imaging has been reported elsewhere [2, 24]. Briefly, an ice layer is formed on the 

surface of the tissue section. Then, a mid-IR laser at 20 Hz pulse rates of 2940 nm 

incident wavelength (IR-Opolette 2731, Opotek, Carlsbad, CA, USA) is focused on the 

sample surface to resonantly excite water, desorbing neutrals from sample. Each voxel 

is subjected to two laser pulses to completely ablate probed sample materials. The laser 

spot size on tissue was measured to be 150 µm. The desorbed neutrals partition into 

charged droplets of the electrospray and are converted into gas-phase ions. 50% (v/v) 

aqueous methanol modified by 0.2% formic acid and 1 mM acetic acid were used for 

electrospray solvent in positive and negative ionization mode respectively. A Q Exactive 

Plus mass spectrometer (Thermo Fisher Scientific, Bremen, Germany) was coupled to 

the IR-MALDESI source for accurate mass detection. The automatic gain control function 

(AGC) was disabled and the injection time (IT) was fixed in imaging experiments to 

coordinate the laser desorption and ion acquisition events.  

The rat liver data sets were acquired at a spatial resolution of 200 µm in both 

positive and negative ionization mode in the m/z range of 250-1000 with the resolving 

power of 140,000 (FWHM, m/z = 200). A 10-by-10 voxel region was sampled on each 

tissue section for each ionization mode, producing 100 mass spectra per section. Regions 

containing visible vessels and bile channels were avoided to minimize the contribution 

from possible biological variability. The IT was held constantly throughout the experiments 

as 75 ms. Lock mass re-calibration was used to achieve parts per million mass accuracy 

[25]. The peaks of polysiloxane at m/z 371.1012 [M + H]+ and diisooctyl phthalate at m/z 
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391.2843 [M + H]+ were used as lock masses in positive ionization mode. Two peaks of 

palmitic acid at 255.2329 [M ī H]ī and stearic acid at 283.2643 [M ī H]ī were used as 

lock masses in negative ionization mode. 

The hen ovary-based data was acquired in positive ionization mode in the m/z 

range of 250-1000 with the resolving power of 140,000 (FWHM, m/z = 200). The spatial 

resolution of 200 µm-by-100 µm was achieved by applying the over-sampling method. 

More details about the experimental parameters for ovarian tissue have been described 

previously [26]. 

3.2.4 Data Processing 

The raw data files were converted into a mzML file using MSConvert from the 

ProteoWizard toolkit [27], followed by conversion into an imzML image file by 

imzMLConverter [28]. These files were subsequently loaded, processed and visualized 

in MatLab (R2018a; MathWorks, Natick, MA, USA) environment using MSiReader [29, 

30]. Ion images were generated with ± 2.5 ppm m/z tolerance. Peak picking in MSiReader 

was performed using the MSiPeakfinder tool to generate a list of biological ions which 

mainly originated from animal tissue sections but barely from the background. Each 

image was queried for peaks present over a threshold abundance in at least 80% of a 

user-defined interrogated region (on-tissue) while either exist in less than 20% of a 

reference region (off-tissue), or present at an average abundance ratio of 2 or higher. The 

abundance thresholds for peak picking in positive and negative mode were set to be 3000 

and 1000 counts·s-1, respectively, for the purpose of producing sufficient ion statistics and 

incorporating consistently existing features. 

3.2.5 Repeatability Measurements 

Four different levels of variability of rat liver-based data were evaluated in this 

work, including voxel-to-voxel, line-to-line, intra-day and inter-day. Signal variability 

across all voxels on one tissue section was assessed at voxel-to-voxel level. Line-to-line 

variability was measured by comparing mean spectra that were acquired from replicate 

scan lines on the same tissue section. 10 scan lines were acquired per sample. each line 

consisting of 10 non-overlapping measurements. For Intra-day and inter-day variability 

measurements, the mean spectrum across 100 measurements on each tissue section 

was calculated to create a single data vector. Mean spectra that were acquired at 8am, 
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12pm and 4pm during the same day were compared for intra-day variability study, while 

spectra acquired within 11 consecutive days were compared for inter-day variability study.  

Considering the linear relationship between the mean and standard deviation with 

ion abundances, relative standard deviation (RSD) 
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were chosen to estimate scale-independent estimations of variance, where „ is 

the standard deviation, ‘  is the mean and ὃ is the abundance of an ion in the ith 

spectrum. %RSD quantifies the amount of variation or dispersion of data, while %RMAD 

serves as a supplementary estimator since it is more resilient to outliers [31]. %RSDs and 

%RMADs over all selected tissue-relevant peaks, including 196 cations and 101 anions, 

were computed, then the median %RSD value with interquartile range and pooled 

%RMAD at each level were presented. Pearson correlation coefficients were further 

calculated by 

ὶȟ
ρ

ὔ ρ

ὢ ‘

„

ὣ ‘

„

ὧέὺὢȟὣ

„„
 

to measure the degree of linear relationship between spectrum X and Y, so to 

quantify their similarity [32], where ὢ and ὣ are the ith ion abundance in X and Y, 

respectively. ‘ and ‘ , „ and „ are mean and standard deviation of ion abundances 

in spectrum X and Y, respectively. ὧέὺὃȟὄ  represent the covariance of spectrum X and 

Y. 

3.2.6 Normalization Techniques 

Nine commonly used normalization approaches based on different assumptions 

were specifically selected for adjusting ion abundances between measurements. For 

those normalization methods with the notable exception of quantile normalization, the 

mass spectrum is divided by a normalization factor (ä). All calculations were completed 

in MatLab with in-house scripts which are provided in Table B.1. 

Total ion current normalization (TIC normalization): 
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ώ 

 where ώ is the abundance of the tth peak in the spectrum. This classic and simple 

method based on the assumption that all measurements have equal TIC value may be 

limited for ambient MSI, in which numerous ions generated from environment or solvent 

are also detected and contribute a lot to TIC. These background ions vary over time 

unpredictably, causing problems performing TIC normalization. 

In order to overcome the limitation of involving all detected ions, we tend to only 

use selected biological ions for estimating normalization factor. For this reason, all 

normalization methods used in this work except TIC normalization are based on biological 

ions that are mainly present on animal tissues. The peak picking process was detailed in 

ñData Processingò. 

p-normalization-sum normalization, vector normalization, max normalization:  

Ù  

where ώ is the abundance of the ith biological ion in the spectrum. Sum, vector and 

max normalization are special cases of p-normalization.  

For p = 1, the spectrum is normalized to the sum of biological ion abundances. 

Sum normalization is a variant of traditional TIC normalization. The rationale that the 

biological constituents are expected to be constant across pixels or samples makes it 

more robust to the fluctuation in background ions. Sum normalization seems to be more 

reliable especially for IR laser-based MSI, in which probed tissue areas are completely 

ablated. For p = 2, the formula leads to vector normalization. It forces all spectra to have 

the equal length. For p ᴼЊ, it is known as maximum normalization and normalizes 

spectrum based on the most abundant biological ion. 

Median normalization:  

άὩὨὭὥὲώ  

 Median normalization is the division of the ion abundance by the median value of 

ion abundances in a spectrum. Using this approach, the normalization factor is less 

affected by outlying ions from a statistical point of view, so median normalization is 
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thought to be more robust than p-normalization. Although there is no theoretical basis for 

it, median normalization has been successfully applied on MALDI-MS data [18, 23]. 

Median fold change normalization (MFC normalization):  

άὩὨὭὥὲ
ώ
ὙὩὪ 

MFC normalization scales the spectrum to the median fold change of ion 

abundances with respect to a reference spectrum. The choice of the reference spectrum 

is not critical but typically the median spectrum [33]. The rationale behind this method is 

that non-differentially expressed molecules should have fold changes in abundances 

approximately to be one across different spectra [34]. However, applying MFC 

normalization to MSI data may be less appropriate when the distribution of fold-change 

regarding to the reference spectrum deviates far from symmetrical Gaussian distribution 

[18]. 

Standard deviation normalization (Std Normalization) and Median absolute deviation 

normalization (MAD Normalization): 

 Std and MAD normalization factor can be computed respectively as  

ίὸὨώ  

and  

άὩὨὭὥὲȿώ άὩὨὭὥὲώȿ 

The dispersion-based techniques are frequently used to scale microarray data with 

the assumption of equal spread for all arrays [35, 36]. MAD was also estimated as the 

noise level in MSI [23], and normalizing to MAD is performed when a consistent noise 

level is assumed for all spectra. 

Quantile Normalization: 

 This non-parametric technique is motivated by the idea that the distribution of ion 

abundances is expected to be identical across measurements [37]. Median quantile 

normalization is performed by first sorting m/z variables in each spectrum by their 

abundances, then the median value of the highest abundances was substituted for the 

highest abundance in every spectrum, the median value of the next highest abundances 

was assigned to the next highest abundance in every spectrum, and so forth. Therefore, 

quantile normalization as a rank order-based method is thought to be more robust than 

intensity-based in some respects, but its limitations including discarding potentially 
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informative abundance values and impracticability on tissue with different compositions 

may decrease its effectiveness [18]. 

3.3 Results and Discussion 

3.3.1 Assessments of Voxel-to-voxel, Line-to-line, Intra- and Inter-day Repeatability 

Rat liver was used as a chemically homogeneous model to study the repeatability 

of IR-MALDESI-MS. Molecular profiles of tissue sections were collected at different 

voxels (voxel-to-voxel), scan lines (line-to-line), three time points during one day (intra-

day) or on 11 continuous days (inter-day). The variations in absolute abundances of 

selected biological ions were characterized for 196 and 101 peaks in positive and 

negative mode, respectively. The mean centroid mass spectra of rat liver with selected 

biological ions and their abundance distributions are presented in Figure 3.1. 

Abundances of representative ions which are common lipids or metabolites present in 

animal tissues were plotted over time to visually display the signal fluctuation (Figure 

3.2). %RSDs and %RMADs in ion abundances of all selected biological ions were 

computed at different levels to represent scale-independent estimations of variance, and 

the median %RSDs with interquartile ranges and pooled %RMADs were shown in Table 

3.1. Pearson correlation coefficients were further calculated to quantify the similarity of 

replicate spectra (Figure B.1). A low variation value and a high correlation score mean a 

stronger similarity between replicates, thus indicating a better repeatability of the analysis. 
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Figure 3.1 Left: mean centroid mass spectra of rat liver acquired in positive and negative 
ionization mode with selected biological peaks marked in red and blue, respectively. 
Right: abundance (counts·s -1) distributions of selected biological peaks in positive and 
negative mode. 
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Figure 3.2 The sum ion abundances (counts·s -1) of representative ions and TIC values 
from rat liver sections were monitored over time. Data points within two vertical gridlines 
are from the same section. Top: m/z 369.3517, 435.3329, 744.5547, 792.5551, 810.6016 
in positive mode; Bottom: m/z 279.2330, 303.2330, 306.0766, 329.2487, 379.0829 in 
negative mode. Solid brown and blue lines are Lowess smoothed lines fitted to the data 
points. 

Table 3.1 Analysis of intra-section, intra- and inter-day %RSDs and %RMAD in ion 
abundances. 

  
Intra-section 

Intra-day Inter-day 
Voxel-to-voxel Line-to-line 

196 Ions in 
positive mode 

Median %RSD 
(IQR) 

38 
(12) 

17 
(8) 

14 
(28) 

40 
(13) 

Pooled %RMAD 26 11 21 30 

101 Ions in 
negative mode 

Median %RSD 
(IQR) 

45 
(28) 

14 
(11) 

17 
(11) 

29 
(7) 

Pooled %RMAD 33 11 14 16 

 

As an important indicator of instrument stability, the TIC values have been 

monitored during the acquisition period. It can be observed from Figure 3.2 that the TIC 

values from the same section remained fairly constant, while they varied from day to day, 
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and the change is not necessarily positively associated with the abundance change of 

biological ions. Data points of biological ions spread within a single section with median 

%RSD of approximately 40%, which is in accordance with our previous study [3]. This 

variation may originate from a range of sources, including laser energy, stability of 

electrospray and ionization efficiency. Most ions have line-to-line and intra-day %RSD 

lower than 20%, revealing decent repeatability at these two levels. No significant change 

in acquisition direction indicates that stage movement does not adversely influence data 

quality. 

For inter-day data, the relatively significant variability in positive mode with median 

%RSD of 40% and mean correlation coefficient of 0.83 can be possibly attributed to the 

fluctuation in atmosphere or accumulation of contamination across days. For example, 

strong signals m/z 637.3060 and m/z 666.3327 were only observed in spectra shown on 

day 7 (data not shown). These ions might suppress ionization and/or detection of 

biological signals. This hypothesis is supported by the opposite trend between TIC and 

biological ions from inter-day data sets in positive mode.  Interestingly, data in negative 

mode revealed fairly constant ion abundances, which could be explained by more stable 

background ions. Median %RSD of 29% and mean Pearsonôs coefficient of 0.99 were 

achieved in this ionization mode. 

3.3.2 Effect of Normalization on Voxel-to-voxel, Line-to-line, Intra-and Inter-day 

Repeatability 

The observed variations in ion abundances emphasize the need for normalization 

to remove experimental bias while revealing the authentic biological features. A 

comparison of nine commonly used normalization techniques including TIC, sum, vector, 

max, std, MAD, median, quantile and MFC normalization were performed on rat liver data. 

The performances of these normalization methods were judged in terms of the reduction 

of %RSDs and %RMADs (Figure 3.3 and Table 3.2). Additionally, multiple comparison 

tests with Bonferroni correction were carried out at the 5% significance level to determine 

whether the mean %RSDs of normalized data are significantly lower than unnormalized 

data. 

Although normalizing to TIC is one of the most common methods in mass 

spectrometry field, it did not help decrease signal variability in this work, especially in 
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positive mode. This may be a result of abnormally intense background ions accounting 

for approximately 65-80% TIC while suppressing the biological ion abundances. 

Therefore, this normalization approach is not recommended for ambient MSI-based data, 

especially for processing data sets acquired over a long period. 

 

Figure 3.3 Box-plots show %RSD distributions of raw or normalized ion abundances 
acquired in (a) positive and (b) negative mode. From top to bottom, the variability was 
measured at voxel level, line level, intra-day level and inter-day level. The red asterisk 
indicates the mean %RSD of the normalized data is significantly lower than the 
corresponding unnormalized one, while the blue asterisk indicates the opposite.
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Table 3.2 Variation analysis before and after normalization. 

 Measurements Un-norm 
Normalization Methods 

TIC Sum Vector Max Std MAD Median Quantile MFC 

Positive 
mode 

Voxel 
Median %RSD 38 39 33 33 34 33 34 33 31 34 

(IQR) (12) (14) (17) (15) (12) (13) (21) (17) (16) (24) 
Pooled %RMAD 26 26 22 22 24 23 25 22 21 22 

Line 
Median %RSD 17 18 13 13 14 14 12 13 12 13 

(IQR) (8) (9) (9) (8) (8) (8) (15) (9) (8) (9) 
Pooled %RMAD 11 12 10 10 10 10 14 10 9 10 

Intra-
day 

Median %RSD 14 14 15 28 44 32 17 12 13 13 
(IQR) (28) (18) (17) (12) (11) (10) (28) (21) (16) (22) 

Pooled %RMAD 21 19 18 19 29 20 24 19 11 20 

Inter-
day 

Median %RSD 40 46 26 31 44 34 24 27 26 24 
(IQR) (13) (9) (32) (25) (16) (22) (40) (33) (29) (42) 

Pooled %RMAD 30 33 27 31 40 33 31 26 23 26 

Negative 
mode 

Voxel 
Median %RSD 45 43 45 53 55 55 42 42 38 42 

(IQR) (28) (34) (40) (43) (46) (46) (33) (30) (33) (34) 
Pooled %RMAD 33 30 28 28 28 28 30 28 27 28 

Line 
Median %RSD 14 14 12 12 12 12 12 11 11 11 

(IQR) (11) (12) (11) (11) (11) (11) (9) (10) (10) (10) 
Pooled %RMAD 11 11 10 10 10 10 11 10 7 10 

Intra-
day 

Median %RSD 17 15 13 13 9 13 11 9 9 8 
(IQR) (11) (11) (11) (11) (9) (11) (11) (8) (10) (9) 

Pooled %RMAD 14 13 13 13 13 13 14 13 6 13 

Inter-
day 

Median %RSD 29 23 17 17 16 17 17 14 12 13 
(IQR) (8) (9) (9) (8) (9) (8) (8) (9) (12) (10) 

Pooled %RMAD 16 16 14 15 14 15 14 14 10 13 

Un-norm, unnormalized data; IQR, interquartile range; TIC, total ion current normalization; Std, standard deviation 

normalization; MAD, median absolute deviation normalization; MFC, median fold change normalization.
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Normalizing to a sum or vector of biological ions achieved significant %RSD 

reduction up to 14. Nevertheless, these p-normalization methods may cause dangerous 

artifacts when applied on chemically heterogeneous samples with highly abundant 

localized peaks. The artifacts will be amplified with increasing p because abundant peaks 

have greater impact on normalization factor with larger p. For instance, Deininger et al 

[23] found that the insulin signal was unusually intense in the islets of Langerhans in 

mouse pancreas. After normalizing to TIC or vector, the signal at m/z 14,014 which was 

expected to be ubiquitous in the entire mouse pancreas was decreased in the islets of 

Langerhans. The artifacts should be taken seriously since the reconstructed image would 

be in agreement with the histology. The authors suggested a possible solution by 

excluding these high abundance peaks before normalization, but this step requires 

manual interaction which is comparatively time-consuming and introduces potential 

operator error.  

Our results show that the median, MFC and quantile normalization approaches led 

to considerable improvements of inter-day repeatability by reducing the median %RSD 

by 12-16, whereas the voxel-to-voxel, line-to-line and intra-day %RSDs were less 

affected. The robustness of normalizing to median signal has been reported previously 

[18, 23, 38]. It is robust not only to significantly changing background (unlike TIC 

normalization), but also to abnormally high but localized peaks (unlike p-normalization), 

hence is able to avoid detrimental normalization artifacts. Quantile normalization works 

constantly well on all data sets. It is a well-established method in microarray analysis to 

remove systematic bias between arrays of non-biological origin [39]. However as stated 

previously, quantile normalization may cause loss of informative abundance values and 

the assumption may not hold true for chemically heterogeneous tissues where distinct 

distributions are existent. 

3.3.3 Global vs. Local Normalization 

One interesting observation was made for inter-day data sets in positive mode, 

that the boxes of %RSDs in Figure 3.3a show extended ranges following most of the 

normalization methods, implying that some ion abundances varied even more after 

normalization. To characterize the ions of which variation can be reduced by 

normalization, the relationship between variation reduction ratio and m/z or ion 
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abundance was assessed. Here, the variation reduction ratio of each ion was calculated 

as:  

ὙὛὈ  

ὙὛὈ  
 

 where a ratio less than 1 indicates normalization improved agreement. It turns out 

that positive ions with m/z > 600 show an overall %RSD reduction by normalization, while 

those with m/z < 600 generally obtain larger variability after normalization (Figure 3.4). 

The contrary behavior could be tentatively explained in terms of competitive ablation, 

ionization, and/or detection between these two ion groups, which is suggested by the 

roughly negative association for the sum of ion abundances with m/z < 600 and > 600 

(Figure B.2). No similar pattern was observed in negative mode. 

 

Figure 3.4 Scatter plots of RSD ratios of normalized data to raw data versus m/z in 
positive mode (top) and negative mode (bottom). A data point below x=1 line indicates 
the ion achieves reduced inter-day variation after normalization. 

It is proposed that local normalization may be more suitable for addressing spectra 

with non-uniformly distributed noise levels [40]. Based on what we found above, the same 

normalization methods with locally estimated scaling factors were investigated using m/z 

segments of 250 < m/z < 600 and 600 < m/z < 1000 for positive mode. Although no similar 

scenario was observed in negative mode, we still evaluated how local normalization 

performed on negative mode data, and the m/z window was selected with the criteria of 

similar number of features and totally different background signal present in the two 

windows. Therefore, 250 < m/z < 300 and 300 < m/z < 1000 for negative mode were 

chosen. The comparison between global and local normalization is graphically depicted 



63 
 

in Figure 3.5. Local normalization methods perform generally better on positive mode 

data than their global counterparts, displaying lower median %RSDs and more 

normalized data achieving statistically significant %RSD reduction (Figure 3.5 and Table 

3.3). For example, normalizing to TIC globally deteriorated the signal repeatability, while 

normalizing to TIC locally reduced the median %RSD from 38 to 28 (voxel-to-voxel), 17 

to 10 (line-to-line), 14 to 11 (intra-day), 40 to 26 (inter-day). A similar observation can also 

be made when using the pooled %RMAD as the variation estimator. More details can be 

found in Table 3.3. Local quantile, median and MFC normalization were overall the 

optimal methods in reducing data variability, bringing the median %RSDs from 38 to 25 

(across voxels) and from 40 to 18 (across days), showing comparable performance to 

normalization on internal standards [3]. No obvious improvements was observed for 

negative mode data. 

 

Figure 3.5 Comparison of the performance of global and local normalization on reducing 
signal variability. From top to bottom, the variability was measured at voxel level, line 
level, intra-day level and inter-day level. (a) Lower median %RSDs of positive mode data 
were achieved by applying local normalization. No improvement was found on negative 
mode data. (b) More locally normalized data in positive mode obtained significantly 
reduced variation (marked by red asterisk) than globally normalized ones (Figure 3a).



64 
 

Table 3.3 Normalizing positive data locally leads to improved repeatability. 

 Measurements Un-norm 
Normalization Methods 

TIC Sum Vector Max Std MAD Median Quantile MFC 

Voxel 
Median %RSD 38 28 27 27 31 29 28 26 25 26 

(IQR) (12) (12) (13) (14) (14) (14) (12) (13) (10) (13) 
Pooled %RMAD 26 19 18 19 21 20 20 18 17 18 

Line 
Median %RSD 17  10  9  10  11  10  11  10  9  9  

(IQR) (8) (6) (6) (7) (7) (7) (10) (4) (5) (5) 
Pooled %RMAD 11 8 7 8 9 8 9 8 7 7 

Intra-day 
Median %RSD 14  11  11  12  14  14  12  10  9  10  

(IQR) (28) (25) (17) (27) (35) (29) (19) (16) (12) (17) 
Pooled %RMAD 21 19 14 14 18 15 18 12 9 12 

Inter-day 
Median %RSD 40  26  19  19  22  21  21  19  18  19  

(IQR) (13) (28) (30) (37) (40) (38) (30) (28) (24) (30) 
Pooled %RMAD 30 26 22 26 30 28 23 22 20 22 
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3.3.4 Visual Inspection of Bias between Measurements 

Another way of evaluating normalization procedures is by looking at their effect on 

minimizing differences in pairwise comparisons between spectra. MA plot is a practical 

tool for discerning the differences between two runs by presenting a scatter plot of the 

logged abundance ratios (M) versus the logged abundance products (A). M and A are 

calculated by 

ὓ ÌÏÇὢȾὣ  

ὃ
ρ

ς
ÌÏÇὢ ὣ  

where Xi and Yi are the abundance of the ith ion in mass spectrum X and Y, 

respectively. [41, 42]. It can be seen that the more closely the data points are centered 

around M = 0, the more the two spectra are similar. In this work, MA plots of pairwise 

inter-day data were drawn with each normalization method. Since local normalization was 

found to be more successful in positive mode, we only compared positive mode data 

normalized locally, while negative mode data was processed with global normalization. 

As shown in Figure 3.6, the clear curvature in MA plot of unnormalized data suggests the 

abundance-dependent bias, while representative MA plots of normalized data show the 

point clouds were concentrated more tightly around x axis, the locally weighted scatter 

plot smooth (Lowess) lines approached M = 0 and less data points had larger than 2-fold 

change. MA plots of other pairs of data can be found in supplemental material Figure 

B.3-B.4. These results clearly indicate improved similarities in ion abundances between 

experiment pairs after most normalization techniques. 
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Figure 3.6 Representative MA plots in (a) positive and (b) negative mode under different 
normalization strategies. Spectra from different days were compared with day 1. Two 
horizontal fold-change lines marked in orange correspond to a ratio of 1 and ï1 on a log2 
(Ratio) scale, showing a fold-change level of 2. Each data point represents an ion, and 
those with 2-fold increased or decreased abundances are located outside of the fold-
change lines and appear in orange. The black solid line is the Lowess smoothed line fitted 
to the data points with window size of 0.5 to visually exhibit the abundance-dependent 
bias. 
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3.3.5 Effect of Normalization on Ion Images 

Normalization was further applied on a hen ovary tissue-based data acquired in 

positive mode, which contains more morphological features and represents a typical 

imaging data set, to assess the impact of normalization on reconstructed images. Local 

normalization with the same m/z windows used previously was mainly evaluated here 

considering its excellent performance on variation reduction. The ion images for four m/z 

values prior to or following different normalization strategies (global or local TIC, local 

median) are displayed in Figure 3.7. See Figure B.5 for the ion images using other 

normalization methods. Note that quantile normalization was excluded here since the 

sampling area included regions outside the tissue section. Applying this method will 

largely change the image if pixel selection is not performed first. 

It can be clearly observed that unnormalized images show significant variability in 

ion abundances, and experimental artifacts coming from changes in background ions, 

manifested as a dramatic signal change in TIC image (Figure 3.7b). Normalizing to TIC 

globally does not compensate for these anomalies, while local normalization approaches 

such as local TIC and median normalization substantially reduce voxel-to-voxel variation 

across the entire tissue section, so to allow tissue anatomy to be more readily 

distinguished (Figure 3.7c, d), improve the agreement of ion images with the stained 

optical image (Figure 3.7a), and minimize experimental artifacts (Figure 3.7e, f). Indeed, 

some normalization methods which achieved satisfactory results in rat liver-based data 

show unfavorable results for ovary-based data. A good example is that local MFC 

normalization efficiently reduces the spectral variation but leads to less accurate 

reconstructed images by highlighting certain voxels on the sample edge (Figure S3.5), 

which is clearly undesirable. Local TIC or median normalization are therefore 

recommended for processing images of heterogeneous tissues in the light of our 

evaluation. 
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Figure 3.7 Comparison of ion images in positive mode from a hen ovary section 
before/after different normalization strategies. (a) H&E staining image of ovary tissue in 
parallel section; (b) TIC graph for all scans showing a dramatic signal change in the 
middle of experiment. Example ion images show normalizing m/z (c) 732.5563, (d) 
768.5900; (e) 632.6362 and (f) 630.6197 to global/local TIC and median abundance of 
biological ions. Color bar shows signal from low (bottom) to high abundance (top). 

a b 

c 

e 

f 

d 
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3.4 Conclusions 

In this study, serial rat liver tissue sections as quasi-technical replicates were 

analyzed by IR-MALDESI-MS to evaluate the short-term and long-term repeatability in 

absolute ion abundances. Minor median %RSD (<18) at line-to-line/ intra-day level and 

acceptable median %RSD (~40) at voxel-to-voxel/ inter-day level, along with high 

Pearsonôs coefficient (values ranging from 0.83 to 1.00) demonstrated that IR-MALDESI 

is essentially a well-behaved technique with decent repeatability for profiling metabolites 

and lipids in animal tissues. The nonbiological variability can be efficiently reduced with 

appropriate normalization strategies. Normalization was found to work differently on ions 

with m/z < 600 and m/z > 600 in positive mode, which could be refined by using locally 

calculated normalization factors. Quantile, median and MFC normalization outperformed 

other methods in variation reduction, bringing the median %RSDs from 38 to 25 (across 

voxels) and from 40 to 18 (across days), showing comparable performance to 

normalization on internal standards. The same normalization approaches were further 

compared on hen ovary tissue to investigate their impact on image quality improvement. 

Local normalization of imaging data led to minimized experimental artifacts and voxel-to-

voxel variability, hence constructed more smoothed images showing higher agreement 

with the optical image. This study can serve to increase confidence in applying IR-

MALDESI on clinical research which typically requires high comparability and long 

acquisition periods. 
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4.1 Introduction 

Heterogeneity is an intrinsic attribute, existing everywhere in biological systems. It 

is reported that even cells originating from the same genome have diverse chemical and 

physiological features because of their different microenvironments and stochastic 

processes [1ï3]. These unicellular properties carry critical biological information 

regarding cell activities and molecular functions [4], for disease diagnoses [5, 6] and drug 

treatments [7]. However, currently biological research focuses on bulk analyses of 

complex tissues or large cell populations, which yields an averaged overview but lacks 

the unique insight into individual cells. Owing to the limited sample volume and thus low 

amounts of constituents in individual cells, probing chemical compositions within a single 

cell remains challenging, which largely hinders the advancement of this field. 

Mass spectrometry (MS) has been regarded as a promising technique to explore 

chemical contents in cell analyses [1, 8], greatly benefitting from its typically high 

sensitivity, label-free nature, and relatively high throughput. Over the past few decades, 

breakthroughs in MS instrumentation and methodology have revolutionized the field of 

single-cell characterization. A great deal of single-cell work has been carried out with 

liquid-based methods such as capillary electrophoresis electrospray ionization MS (CE-

ESI-MS) which is preceded by using an offline organic extraction [9ï12]. However, these 

approaches usually demand strict sample cleanup and efficient extraction of target 

analytes for the following MS measurements, which not only are time consuming [1, 12] 

but also result in the loss of metabolites from cells [9, 11]. Some in-situ methods, such as 

secondary ion mass spectrometry (SIMS) and matrix-assisted laser desorption/ionization 

mass spectrometry (MALDI-MS), allow for direct sampling of the cellular contents and, 

thus, have been emerging as powerful and high-throughput alternatives for single-cell 

studies. Although SIMS and MALDI have achieved remarkable results [13, 14], the 

regular requirements of operation under vacuum conditions lead to tedious sample 
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preparation and loss of volatile molecules. Moreover, the need for an organic matrix in 

MALDI increases background signals in the low m/z region, which interfere with the 

detection of low-molecular-weight analytes [15]. To overcome these obstacles, ambient 

ionization methods have attracted considerable interest, of which one widely performed 

strategy is desorption electrospray ionization (DESI), which has revealed its ability of 

molecular profiling of single cells like human cheek cells [16], bovine oocytes [17], and 

porcine oocytes [18]. Along with DESI, other commonly used ambient methods promoting 

in-situ single-cell studies include probe electrospray ionization (PESI) [19ï21], laser 

ablation electrospray ionization (LAESI) [22], and laser desorption/ionization droplet 

delivery (LDIDD) [23]. 

Infrared matrix-assisted laser desorption electrospray ionization (IR-MALDESI) is 

another innovative in-situ ionization method operated under ambient conditions. In IR-

MALDESI analyses, a mid-IR laser is utilized to resonantly excite the OïH symmetric and 

asymmetric stretching bands of endogenous water and/or exogenously deposited ice 

matrix, inducing ablation of biological samples with few or no sample treatments [24, 25]. 

The desorbed neutrals are subsequently ionized when they encounter an orthogonal 

beam of electrospray droplets [26ï28]. Due to its matrix- and label-free feature, high salt 

tolerance [29], and simple preparation procedure, IR-MALDESI-MS has been extensively 

used to measure lipids and metabolites in a variety of native biological samples, ranging 

from soft tissues (e.g., hen ovaries [30]), to hard tissues (e.g., mouse bones [31]), to 

whole- body animals (e.g., zebrafish [32]). Moreover, the capability of IR-MALDESI-MS 

to detect tissue-specific species, especially cholesterol, at the cellular level was illustrated 

in our previous work by incorporating the oversampling method [33]. 

Herein, we report a rapid mass spectrometric method of profiling the lipidome of 

single HeLa cells dispersed on a glass slide by using IR-MALDESI-MS without extra 

sample preparative steps. IR-MALDESI was coupled to a Q-Exactive HF-X mass 

spectrometer. The high-capacity transfer tube (HCTT) and electrodynamic ion funnel in 

HF-X reduce ion losses and boost sensitivity through effective ion transfer [34], enhancing 

molecular coverage in isolated single cells. 
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4.2 Methods 

4.2.1 Materials 

Phosphate-buffered saline (PBS) buffer was purchased from Gibco (Grand Island, 

NY, USA). Acetonitrile, formic acid, and water in Optima grade were purchased from 

Fisher Chemical (Fair Lawn, NJ, USA). Nitrogen gas used to purge the sample stage 

enclosure was purchased from Arc3 Gases (Raleigh, NC, USA). 

4.2.2 Cell Culture 

HeLa cells (human cervix adenocarcinoma cell line, CCL- 2TM) were bought from 

ATCC (Manassas, VA, USA) and cultured in the Pierce lab (NCSU, Raleigh, NC, USA). 

Briefly, cells were grown in DMEM with 10% FBS (Thermo Fisher Scientific) and 1× 

Pen/Strep and incubated at 37 °C in an atmosphere with 95% air and 5% CO2 for 3 days. 

The mediumwas renewed once after 12-h incubation. Cells were collected when the flask 

was ~ 80% confluent. Cell stocks were kept in growth medium supplemented with 5% 

(v/v) DMSO at ī 80 ÁC for ~ 12 months until used for the time of analysis. 

4.2.3 Single-cell Sample Preparation 

The workflow of sample preparation for the single-cell IR- MALDESI-MS analysis 

is summarized and depicted in Figure 4.1. Briefly, the frozen cell stock was thawed in a 

37 °C water bath within 1 min and then centrifuged for 5 min at 1000 rpm (Sorvall ST16R 

centrifuge, Thermo Fisher Scientific, Waltham, MA, USA) to produce a cell pellet. The 

original cell medium was discarded using a pipette tip. Then, the cell pellet was rinsed 

twice in 1 mL 1Ĭ PBS buffer, centrifuged, and resuspended in 330 ɛL 1Ĭ PBS buffer to 

keep the cells intact, yielding the original cell suspension. In order to establish the optimal 

cell density, a 10-fold serial dilution in PBS was performed and a set of working cell 

suspensions (i.e., 10-fold dilution, 100-fold dilution, etc.) was obtained until we observed 

that the HeLa cells were sufficiently isolated (i.e., the cell-to-cell distance should be larger 

than the laser spot diameter which is 100 ɛm on target). Five microliters of each 

suspension was deposited onto a glass slide for microscope inspection under the view of 

a LMD7000 microscope (Leica Microsystems, Buffalo Grove, IL, USA). The glass slide 

deposited with the optimal cell suspension was chosen for subsequent IR-MALDESI-MS 

single-cell analysis. 
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Figure 4.1 Schematic workflow of single-cell IR-MALDESI-MS analysis. Ion maps in the 
bottom-right corner were manually drawn to illustrate the SSIM analysis and the peak 
picking process. 

4.2.4 IR-MALDESI-MS Analysis 

The experiment was performed on a home-built IR-MALDESI system described 

thoroughly in previous studies [25, 35]. A ñburst-modeò 2970-nm laser (JGM Associates 

Inc., MA, USA) system [36] was used in this experiment. The laser was set to generate 5 

pulses per burst with a total energy of~ 0.5 mJ/ burst at a maximum pulse rate of 10 kHz 

on the target. An ice matrix was formed on the sample surface after the stage was cooled 

to ī 10 ÁC and was maintained by purging the enclosure with dry nitrogen to a relative 

humidity of approximately 10% during the entire experiment. The ablated materials were 

further ionized with an orthogonal electrospray plume. The electrospray solvent was 

composed of 60% (v/v) aqueous acetonitrile modified with 0.2% formic acid, delivered by 

a syringe pump (Fusion 101, Thermo Fisher Scientific, Bremen, Germany) at a flow rate 

of 1.0 ɛL/min and applied with a voltage of 3.20 kV. A Q-Exactive HF-X mass 

spectrometer (Thermo Fisher Scientific, Bremen, Germany) was coupled to the IR-
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MALDESI source for mass detection. The automatic gain control function (AGC) was 

turned off, and the injection time (IT) was fixed to 25 ms to keep the laser desorption and 

ion acquisition events coordinated and to capture a maximum number of endogenous 

ions. All the MS data was acquired in the positive mode at m/z 250ï1000 with a mass 

resolving power of 120,000 (FHWM at 200 m/z). Parts per million (ppm) mass 

measurement accuracy can be achieved by using lock mass calibrants [37], which were 

polysiloxane at m/z 371.1012 [M+H+]+ and diisooctyl phthalate at m/z 391.2843 [M+H+]+. 

A region-of-interest (ROI) of 9.0 mm-by-8.5 mm on the glass slide was sampled with a 

Rastir step size of 90 ɛm-by-100 ɛm, resulting in a total of 8500 pixels. 

4.2.5 Data Analysis 

The raw mass spectra files were converted into mzML format by the msconvert 

from the ProteoWizard software package [38], and then converted to imzML [39] format 

by the imzML converter [40]. The imzML files were then loaded into MSiReader [41, 42] 

(version 1.02, available at https:// msireader.ncsu.edu/) built in the MatLab (R2019b; 

MathWorks, Natick, MA, USA) environment for data analysis. All ion heatmaps were 

generated in ñhotò colormap with Ñ 2.5 ppm m/z tolerance. To locate the pixels 

corresponding to cells instead of the background, the ion image of [phosphatidylcholine 

PC (38:4)+H+]+ at m/z 810. 6011 was mapped since it was highly abundant in our previous 

rat liver data acquired by IR-MALDESI-MS. By comparing one scan containing m/z 

810.6011 (single-cell pixel) with the blank scans using the MSiPeakfinder tool in 

MSiReader, a list of 747 centroid m/z values was pre-generated and considered as cell-

specific ion candidates, showing 2× or higher abundance ratios in the single-cell pixel. 

The MSiCorrelation [43] tool in MSiReader was then utilized to assign a structural 

similarity (SSIM) index score to each ion image from the list based on the spatial similarity 

to the reference ion image at m/z 810.6011. Ions with similar spatial distributions to the 

reference one were highly ranked and manually picked out, and their accurate 

monoisotopic masses (< ± 2.5 ppm mass error) were putatively annotated via database 

searches in METLIN [44]. The duplicate ions with the same chemical formula but different 

adducts, e.g., Na+, were manually filtered out, resulting in the final list of 45 distinct lipid 

ions. 
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4.3 Results and Discussion 

4.3.1 Cell Dispersion at Different Cell Densities 

As one of the most widely investigated human cell lines in the biomedical field [45], 

HeLa cells were chosen as a well-established model to analyze in this work. Additionally, 

HeLa cells have a relatively large cell diameter ~40 ɛm [46], making them easy to 

visualize under the microscope. After simple pretreatment of the cell stock, a serial 10-

fold cell dilution was conducted to fully isolate cells for the following single-cell MS 

measurement. Five microliters of each cell suspension was directly deposited onto a 

microscope slide, covering an area of ~1 cm2. The extent of cell dispersion from each 

suspension was confirmed via a LMD7000 microscope with × 20 magnification before the 

droplet was totally dried out and formed salt crystals, which could mask the presence of 

the cells. One important observation was that multiple cells clustered together in the 

droplet from the original cell suspension, revealing that this cell density was too high 

(Figure 4.2a and 4.2b). It can be seen that the cells from the 10-fold dilution were well 

spread and separated with the distances between the cells more than 100 ɛm (Figure 

4.2c and 4.2d). Given the laser spot was measured to be 90 Ĭ 100 ɛm2 on a 10-ɛm-thick 

rat liver section, this cell density was desirable for single-cell IR-MALDESI-MS 

experiments, enabling each laser shot to target no more than one HeLa cell, hence 

avoiding obscuring chemical information from other neighboring cells. 
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Figure 4.2 Optical images of HeLa cells dispersed on the glass slides from (a, b) the 
original cell suspension and (c, d) the 10-fold dilution. The cell clusters in (a, b) are 
indicated by white circles, and the isolated single cells in (c, d) are pointed by white 
arrows. Scale bar = 100 ɛm. 

4.3.2 Single-cell Analysis 

To determine the locations of the single cells and to generate the cell-specific peak 

list, the lipid ion [PC (38:4) + H]+ at m/z 810.6011 was selected as the reference due to 

its significant abundance in the rat liver while absent in the background using IR-

MALDESI-MS (data not shown) and existence in HeLa cells reported in the literature [47]. 

The mass spectra acquired from a single-cell pixel containing [PC (38:4)+H]+ at m/z 

810.6011 and a background pixel are compared and shown in Figure 4.3,where 747mass 

peaks with > 2× higher abundances in the single-cell pixels were picked out preliminarily, 

most of which fell into the mass region of 650ï1000 (Figure 4.3b). Ion images of each 

m/z value from the list were generated with a mass tolerance of ± 2.5 ppm, then evaluated 

against the reference image and sorted by their distribution similarity. Among the ions in 
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the pre-generated list, 98 of them exhibited the same spatial distribution as that of m/z 

810.6011 and hence were considered as cell-specific ions, and were putatively annotated 

by matching their experimental m/z values to known metabolites in the METLIN database 

with a mass tolerance of ± 2.5 ppm. The majority of the ions were tentatively identified as 

PEs or PCs, which is not surprising because PEs and PCs are ones of the primary 

components of cellular membranes for key cellular functions, e.g., energy storage and 

cellular signaling [48], and hence have been proposed as valuable biomarkers with great 

specificity for various diseases such as cancer [49, 50]. Since odd-numbered fatty acids 

are rare in mammalian cells, the PE and PC species were matched with even-numbered 

carbon chains. Additionally, several PC ions show a characteristic neutral loss of 59.0735 

corresponding to the head group of PCs, i.e., (CH3)3N. Although on the basis of mass 

measurement accuracy both [LysoPC (15:0)+H+-H2O]+ and [LysoPE (18:0)+H+-H2O]+ are 

possible identifications for m/z 464.3137, this ion is labeled as [LysoPC (15:0)+H+- H2O]+ 

in that in the positive mode LysoPCs are much more likely to lose water than LysoPEs 

according to the literature [51]. Some compounds of different monoisotopic masses were 

assigned with the same elemental compositions but with different cation adducts (e.g., 

Na+), which suggests that adding different kinds of dopants such as silver dopants [52] 

into electrospray solvents might increase the lipidomic coverage in future studies. The 

duplicate species were manually removed from the list in the following step, reducing the 

number of lipid ions from 98 detected ions to 45 unique lipid species. The detailed 

information of all the distinct ions is provided in Table 4.1, all of which are shown with 

mass measurement accuracy within ± 2.5 ppm. This number of tentative identifications 

outperforms some vacuum methods [14, 53, 54] as well as some ambient approaches 

[16, 19, 55ï57]. However, it should be aware that in regard to the diverse ionization 

mechanisms, mass spectrometer techniques, and sample subjects, it is hard to directly 

compare our results with previous reports solely based on the number of identifications; 

other indicators such as molecular complementarity are also in the primary consideration. 
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Figure 4.3 (a) Positive ion mode mass spectrum (m/z 250ï1000) from a single cell 
(pointed by the red arrow) and a background pixel (pointed by the white arrow). (b) 
Expanded spectrum in the range of m/z 650ï900 where most cell-specific ions were 
detected. Representative peaks are labeled and putatively annotated based on the 
accurate mass measurements. See Table 4.1 for a complete list of the detected distinct 
lipid ions. 
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Table 4.1 List of detected ions with putative identifications. Elemental compositions were 
determined based on mass measurement accuracy (MMA) and spectral accuracy using 
MS1 data. PC phosphatidylcholine, DG diacylglycerol, SM sphingomyelin, PE 
phosphatidylethanolamine. 

Experimenta
l m/z 

Theoretic
al m/z 

Adduct Formula Potential ID 
MMA 
[ppm] 

369.3515 369.3516 H+-H2O C27H46O Cholesterol -0.27 

464.3137 464.3136 H+-H2O C23H48NO7P LysoPC (15:0) 0.22 

478.3289 478.3292 H+-H2O C24H50NO7P LysoPC (16:0) -0.63 

617.5148 617.5140 H+ C39H68O5 DG (36:4) 1.30 

667.5299 667.5296 H+ C43H70O5 DG (40:7) 0.45 

683.4650 683.4646 Na+ C43H64O5 DG (40:10) 0.59 

697.4797 697.4803 
H+- 

N(CH3)3 
C42H78NO8P PC (34:3) -0.86 

703.5735 703.5749 H+ 
C39H79N2O6

P 
SM (d34:1) -1.99 

706.5391 706.5381 H+ C38H76NO8P PC (30:0) 1.42 

718.5375 718.5381 H+ C39H76NO8P PE (34:1) -0.84 

720.5542 720.5538 H+ C39H78NO8P PE (34:0) 0.56 

724.5261 724.5252 Na+ C39H76NO7P 
PE (P-34:1); 
PE (O-34:2) 

1.24 

730.5397 730.5381 H+ C40H76NO8P PC (32:2) 2.19 

732.5547 732.5538 H+ C40H78NO8P PC (32:1) 1.23 

734.5716 734.5723 NH4
+ C47H72O5 DG (44:10) -0.95 

740.5230 740.5225 H+ C41H74NO8P PE (36:4) 0.68 

744.5547 744.5538 H+ C41H78NO8P PE (36:2) 1.21 

746.5703 746.5694 H+ C41H80NO8P PE (36:1) 1.21 

746.6053 746.6053 H+ C42H84NO7P 
PC (P-34:0); 
PC (O-34:1) 

0.00 

750.5413 750.5408 Na+ C41H78NO7P 
PE (P-36:2); 
PE (O-36:3) 

0.67 

752.5579 752.5589 H+ C43H78NO7P 
PE (P-38:4); 
PE (O-38:5) 

-1.33 

756.5527 
  

756.5514 
756.5538 

Na+ 

H+ 
C40H80NO8P 
C42H78NO8P 

PC (32:0) 
PC (34:3) 

 1.72 
-1.45 

758.5689 758.5694 H+ C42H80NO8P PC (34:2) -0.66 

760.5858 760.5851 H+ C42H82NO8P PC (34:1) 0.92 

762.5080 762.5068 H+ C43H72NO8P PE (38:7) 1.57 
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Table 4.1 Continued 

764.5224 764.5225 H+ C43H74NO8P PE (38:6) -0.13 

772.5856 772.5851 H+ C43H82NO8P PE (38:2) 0.65 

774.6011 774.6007 H+ C43H84NO8P PE (38:1) 0.52 

780.5526 780.5538 H+ C44H78NO8P PC (36:5) -1.54 

782.5693 782.5694 H+ C44H80NO8P PC (36:4) -0.13 

786.5994 786.6007 H+ C44H84NO8P PC (36:2) -1.65 

788.5191 788.5201 Na+ C43H76NO8P PE (38:5) -1.27 

788.6175 788.6164 H+ C44H86NO8P PC (36:1) 1.39 

790.5350 790.5357 Na+ C43H78NO8P PE (38:4) 0.89 

794.5695 794.5694 H+ C45H80NO8P PE (40:5) 0.13 

794.6073 794.6058 H+ C46H84NO7P 
PC (P-38:4); 
PC (O-38:5) 

-1.89 

796.5869 796.5851 H+ C45H82NO8P PE (40:4) 2.26 

804.5550 804.5538 H+ C46H78NO8P PC (38:7) 1.49 

806.5711 806.5694 H+ C46H80NO8P PC (38:6) 2.11 

808.5871 808.5851 H+ C46H82NO8P PC (38:5) 2.47 

810.6011 810.6007 H+ C46H84NO8P PC (38:4) 0.49 

830.5681 830.5694 H+ C48H80NO8P PC (40:8) -1.57 

832.5869 832.5851 H+ C48H82NO9P PC (40:7) 2.16 

834.6024 834.6007 H+ C48H84NO8P PC (40:6) 2.04 

858.6001 858.6007 H+ C50H84NO8P PC (42:8) -0.70 
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The co-localization of the cellular components aided in verifying the presence of 

the single cells but did not offer sufficient information to make a definitive identification of 

each detected compound. To further validate the accuracy of the identifications, the 

theoretical carbon isotopic distribution of each lipid ion was determined and compared 

against the experimental value. Examples shown in Figure 4.4 indicate good agreement 

between the experimental and theoretical relative abundances for four representative 

lipids at m/z 760.5854, 782.5693, 808.5871, and 369.3516. 

The data collection of 8500 (100 × 85) scans was completed in 42 min. It can be 

seen from the extracted ion chronograms (Figure 4.5) that 34 scans out of 8500 showing 

two major cell-specific MS features at m/z 760.5858 and 782.5693 were indicative of the 

presence of 34 single cells. In this context, the automatic scanning process was 

performed at a rate of ~ 1.2 min/cell, calculated by dividing 42 min by 34 cells. It is 

noteworthy that the latest IR-MALDESI control software, RastirX, allows arbitrarily shaped 

ROIs on a sample rather than a rectangular ROI around the entire sample [58]. This will 

help substantially shorten the duration of single-cell data acquisition by accurately 

recording the spatial coordinates of single cells when implementing a microscope-linked 

camera and then automatically scanning the small subregions where cells are located [8] 

meanwhile minimizing the unwanted nearby areas. Under the same parameters, the 

RastirX will theoretically accelerate the acquisition rate up to 0.33 s/cell and 0.55 s/cell at 

a resolving power of 120,000 and 240,000, respectively. 
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Figure 4.4 Ion heatmaps (left) and mass spectra (right) of four representative lipids from 
a single HeLa cell. (a) m/z 760.5854 ([M+H+]+), (b) m/z 782.5693 ([M+H+]+), (c) m/z 
808.5871 ([M+ H+]+), (d) m/z 369.3516 ([M+H+-H2O]+). Experimental data are overlaid 
with the theoretical isotopic distribution in red dots. 
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Figure 4.5 Extracted ion chronograms of lipids at m/z 760.5858 (top), 782.5693 (middle) 
and 810.6011 (bottom). Each time point recorded in the chronograms correlates to a 
specific sampling position (pixel) due to stage movement. The sharp signal rise and drop 
reflect the cell locations. 34 pixels exhibiting both ions at m/z 760.5858 and 782.5693 
were considered as cell-located which are marked by red arrows. 

4.3.3 Lipidomic Variability among Cells 

Investigation of the cell-to-cell heterogeneity among HeLa cells is another focus of 

this work. An overview in Figure 4.6a of the shows the number of lipid ions detected 
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varies from cell to cell. Eleven cells show more than 30 out of the 45 lipid species whereas 

12 cells contain fewer than 10. There seems to be a positive correlation between the 

abundances of lipid ions and the frequency of them being detected in these 34 cells 

(Figure 4.6b), i.e., lipids detected with higher abundances were observed in more cells. 

This could be associated with the limit of detection of our method. To give a deeper insight 

into the cellular heterogeneity, the distributions of the abundances of representative ions 

are visualized in box plots (Figure 4.7), showing great divergences among individual cells 

where ion abundances of lipids can differ over 2 orders of magnitude. The percentage 

relative standard deviations (%RSDs) in ion abundances of all 45 lipids calculated from 

the 34 cells range from 61 to 294 (summarized in the Table C.1). All these results 

presented above may suggest the intrinsic lipidome differences within a cell population. 

Nevertheless, it should be pointed out that the evidence here can only be used to present 

a preliminary picture of lipidomic variability among cells; the validity needs to be confirmed 

in the future work by applying an internal standard for relative quantification to account 

for the analytical variability. 

 

Figure 4.6 (a) Bar plot summarizes the frequencies of detecting different numbers of lipid 
species in the 34 cells. (b) Scatter plot exhibits a positive correlation between the ion 
abundance and the detection frequency. 
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Figure 4.7 Box plots display distributions of abundances of representative lipid ions 
(corresponding chronograms shown in Figure 4.5) acquired from 34 single cells. Sum 
(far right) represents the summed abundances of all putatively identified lipid ions 
provided in Table 4.1 except cholesterol due to the high ion abundance at m/z 369.3517 
in the background. The %RSD of the ion abundance (n=34) is 164, 181, 158 and 163 
from left to right. Individual data points used to build the box plots are plotted with black 
filled circles for better visualization. Outliers located outside the whiskers of the box plots 
(1.5× interquartile range above the third quartile) are represented by blue open circles. 

4.4 Conclusions 

In this work, we demonstrate the viability of the high-performance IR-MALDESI-Q-

Exactive HF-X-MS to profile endogenous lipid species from single mammalian cells 

without additional sample pretreatment. A total of 45 unique cellular lipids from single 

Hela cells were measured and putatively identified based on their exact m/zôs and carbon 

isotopic distributions. The number and coverage of identified compounds can be further 

increased by optimizing the MS parameters by means of exploring different polarity, 

broadening m/z ranges and adding dopants into the ESI solvent. With the profiling 

technique presented here, each sample slide with a deposited area around 1 cm2 can be 

processed within ~ 42 min of acquisition time (~ 1.2 min/cell), allowing for MS analysis in 

a rapid manner. A considerable reduction in the duration of single-cell data acquisition (< 

1 s per cell) can be expected with the implementations of RastirX and a microscope-linked 

camera in the future work. Cell-to-cell heterogeneity was eventually examined in terms of 
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the detected lipids and their abundances, showing noticeable differences across cells 

with the %RSDs ranging from 61 to 294. Follow-on studies will focus on the development 

of a relative quantification strategy to reveal genuine biological variability among 

individual cells. Furthermore, we envision the single-cell sample serves to quantitatively 

benchmark the attributes of different MS approaches in terms of the number and diversity 

of detected biomolecules and their ion abundances; this approach might form the basis 

for conducting an inter-laboratory study. 
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Chapter 5: Spatially Resolved Metabolomic Characterization of Muscle Invasive 

Bladder Cancer by Mass Spectrometry Imaging 

5.1 Introduction 

Bladder cancer ranks the 4th most common cancer among men in the United 

States (www.urologyhealth.org). Approximately 25% of bladder cancer cases are muscle 

invasive bladder cancer (MIBC) with an overall 5-year survival rate of 40-60% after being 

treated by radical cystectomy [1]. Many studies have shown that metabolomes and 

lipidomes undergo significant changes during cancer development to allow rapidly 

growing cancer cells to maintain viability [2]. A thorough understanding of cancer 

metabolism can offer invaluable insights into key biological events involved in cancer 

initiation and progression, and aid in identifying diagnostic biomarkers [3]. Due to the 

enormous diversity in metabolite structures and characteristics, the metabolomic and 

lipidomic analysis of cancer primarily relies on chromatography-mass spectrometry [4ï6] 

due to its high molecular specificity and coverage, in which case generally a big piece of 

specimen is homogenized and undergoes extensive sample preparation where tumor 

heterogeneity is neglected. Herein, an imaging approach retaining spatial information so 

allowing assessments of microenvironments is desirable. Over the last decade, 

innovative imaging modalities such as magnetic resonance imaging (MRI) have been 

exploited in clinical laboratories as the invasive nature enables their use in monitoring 

cancer metabolism in vivo [2]. However, these modalities are subject to several inherent 

limitations such as narrow chemical information, poor sensitivity and specificity, and 

requirement of labeling. 

Mass spectrometry imaging (MSI) is an objective imaging method of which 

feasibility of assessing microenvironments within tissue sections has been proven on a 

broad variety of diseases lately [7ï10]. The label-free nature and qualitative/ quantitative 

capability of MSI allows for the investigation of spatial distributions of numerous 

biomolecules simultaneously, which is well suited for untargeted discovery studies. Ion 

images are constructed by incorporating the spatial locations and ion abundances, which 

can be associated with the corresponding histological images to study the biomolecular 

signatures from specific subregions at distinct disease states. A substantial amount of 
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recent cancer studies with desorption electrospray ionization (DESI) have demonstrated 

the value of ambient MSI in depth molecular profiling, and accurate cancer diagnosis with 

minimal sample preparation and analysis in near-physiological conditions [11ï14]. 

Another emerging ambient MSI technique is infrared matrix-assisted laser desorption 

electrospray ionization (IR-MALDESI) which uses a mid IR-laser to resonantly excite 

water for direct tissue characterization. The complete ablation of a tissue slice over the 

irradiated area owing to the micrometer-scale penetration depth of an IR laser enables 

reproducible volumes to be sampled. The ionization mechanism of IR-MALDESI is 

demonstrated to be the post-electrospray ionization of ablated neutral materials [15ï18]. 

Over the past decade, IR-MALDESI MSI has established its utility for studying the lipid 

and metabolite distributions in various subjects including but not limited to cancerous 

ovaries [19], single mammalian cells [20] and fresh bones [21], with high repeatability [22] 

and good lipidome and metabolome coverage [23], indicating its high potential in cancer 

research. 

One challenge in analyzing clinically relevant tissue is that frozen tissue sample is 

oftentimes preserved in an embedding medium to assist cryosectioning and maintain its 

morphological characteristics. The most common medium used nowadays is optimal 

cutting temperature (OCT) which consists of polyethylene glycol, polyvinyl alcohol and 

nonreactive ingredients [24, 25]. Nonetheless, the polymers from OCT raise difficulties in 

MS analysis as they severely suppress informative biological signals by competing for the 

available ions. In this proof-of-concept study, we demonstrated a simple and effective 

washing step to remove OCT from tissue samples without impacts on the tissue 

morphology. The washed samples were then subject to positive and negative IR-

MALDESI MSI for characterization of the metabolomic and lipidomic profiles of MIBC. 

Multivariate statistical analyses were further conducted in an attempt to unravel 

biomolecules associated with disease states and perform cancer diagnosis relying on the 

m/z patterns. 

5.2 Experimental 

5.2.1 Human Bladder Tissue Collection  

Deidentified human bladder tissues including 6 tumor samples with their 6 adjacent 

matching normal tissues were collected at Tumor Tissue and Pathology Shared 
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Resources (TTPSR) at Wake Forest Baptist Medical Center (WFBMC) and 

Comprehensive Cancer Center under approved IRB (IRB00036014). The tissue samples 

were snap-frozen, embedded in OCT blocks and then stored at -80 °C until analysis. The 

demographic and clinical information of all tissue samples is detailed in supplementary 

Table D.1. 

5.2.2 Histology 

All tumor specimens were high grade MIBC that showed significant loss of 

urothelial morphology and deep infiltration and invasion of detrusor muscle. Tumors were 

of stage pT2b, pT3 and pT4 according to The 2016 WHO Classification of Tumors of the 

Urinary System (Table D.1). Adjacent histologically non-malignant ñnormalò tissues 

mainly comprised stroma and smooth muscles. 

5.2.3 Sample Preparation 

Human bladder tissues embedded in OCT media were cryosectioned into 20-µm 

sections using a cryomicrotome (CM 1950, Leica Biosystems, Buffalo Grove, IL, USA) at 

-20 °C, and thaw-mounted onto microscope slides. To remove OCT, each sample slide 

was submerged into pure water for 60 s, followed by into fresh water for another 30 s with 

gentle and careful stir during the washing steps. Sample slides were allowed to air dry for 

approximately 10 min prior to imaging. 

5.2.4 IR-MALDESI MSI 

IR-MALDESI employs a ñburst-modeò 2970-nm laser with a pulse rate up to 10 kHz 

(JGM Associates, Inc., Burlington, MA) to induce sample ablation. 6 pulses/burst with a 

total energy of approximately 1.1 mJ was applied in each laser shot. An ice layer was 

uniformly deposited on the sample surface as a mid-IR absorbing matrix by cooling the 

sample stage down to -8 °C and keeping the relative humidity in the sample enclosure at 

approximately 12% [26]. The electrospray solvent of 50:50:0.2 v/v/v 

acetonitrile/water/formic acid [27] was infused at a flow rate of 1.5 ɛLminī1 for post-

electrospray ionization of ablated neutral species. All solvents were in Optima grade and 

purchased from Fisher Scientific (Fair Lawn, NJ, USA). 

The IR-MALDESI source is coupled to an Orbitrap ExplorisTM 240 mass 

spectrometer (Thermo Fisher Scientific, Bremen, Germany). The mass spectrometer was 

operated in ñSmall Moleculesò mode with a RF lens of 70%. The spray voltage was set to 
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be 3.5 kV and 3.2 kV for positive and negative mode, respectively. The capillary 

temperature was 350 °C. Mass spectra of all samples were acquired over m/z range 160-

1000, with a resolving power of 240,000FWHM at m/z 200. Mass calibration was performed 

daily prior to analysis using the PierceÊ FlexMixÊ Calibration Solution (Thermo Fisher 

Scientific), and the EASY-ICTM ion source was on for real-time mass calibration. The 

automatic gain control function (AGC) was disabled, and the injection time was held 

constantly as 15 ms to coordinate the laser desorption and ion acquisition events. For 

each tissue sample, half was subjected to positive IR-MALDESI MSI and the other half is 

negative IR-MALDESI MSI. Pixel size was 100 µm-by-100 µm. 

5.2.5 Data Processing and Visualization 

The initial data files were stored in Xcalibur raw file format and converted into 

mzML files using MSConvert from the ProteoWizard toolkit, and then converted into 

imzML image files by imzMLConverter. imzML files were loaded into MSiReader v1.02 

(https://msireader.wordpress.ncsu.edu/) for visualization, preprocessing and analysis [28, 

29]. Ion images were presented with ± 2.5 ppm mass tolerance. The MSiPeakfinder was 

used to select species that displayed more than 2-fold abundances in either tumors or 

normal tissues in comparison with the background area and were above an abundance 

threshold of 100. Consecutively, 1338 and 685 ions in positive and negative mode were 

selected as tissue-specific, respectively. The MSiReader built-in MSiExport tool was used 

to export ion abundance values for each pixel for further statistical analyses. 

Metabolites and lipids were putatively annotated via METASPACE [30] using the 

HMDB-v4 and LipidMaps-2017-12-12 with a false discovery rate of 10%. Only ions 

marked as ñon sampleò were reported. The imaging files are public at 

https://metaspace2020.eu/project/tu-2021. METLIN [31] was alternatively used to 

annotate monoisotopic masses (< ±2.5 ppm mass error) that were not annotated by 

METASPACE, such as ions detected as [M+H+-H2O]+. 

5.2.6 Multivariate Statistical Analyses 

t-Distributed Stochastic Neighbor Embedding (t-SNE) is an unsupervised and non-

linear dimensionality reduction algorithm that has been introduced to the MSI field 

recently [32, 33]. In this study it was utilized to visualize the high-dimensional MSI data in 

a two-dimensional space to expose the similarity relationships of data points from different 
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disease states. Tissue-specific ion abundances were exported from subregions 

corresponding to varying pathology, i.e., 100 pixels on each sample (either tumor or 

normal), and 100 pixels on the adjacent smooth muscle regions in tumor #1999-129 and 

#2002-322. The subregions were reviewed and annotated through histopathological 

evaluation of the H&E stained slides, which are shown in Figure D.1 and Figure D.2 

together with the pixels of interest used for statistical analysis. Data was first normalized 

to the total ion current (TIC) and log-transformed, and was processed by t-SNE with the 

MatLab function tsne using the default settings. 

To demonstrate the feasibility of IR-MALDESI MSI to identify characteristic 

biomarkers and differentiate sample types, least absolute shrinkage and selection 

operator (LASSO) as an embedded method which simultaneously processes feature 

selection with a machine learning classifier was used in this study. LASSO is a linear 

regression model with the goal of minimizing the residual sum of squares of the model 

subject to the sum of the absolute values of the coefficients which has to be less than a 

fixed value[34]. To do so, it shrinks the coefficients of the less associated variables to 0 

to remove the redundant variables and thus select the most discriminative ones for the 

subsequent prediction purpose. The LASSO model was trained on the mass spectral data 

from all samples except #2002-342 using the ñglmnetò package v4.1 in the R language. 

A total of 1000 pixels from the five patients were merged in the training set, where 100 

pixels were from each sample (either tumor or normal tissue). The regularization 

parameter ɚ was determined by 10-fold cross-validation on the training set, and the one 

at the minimum misclassification error was chosen to for the LASSO model. The model 

was subsequently tested on an independent sample pair from Patient #2002-342 to 

predict the sample type (i.e., tumor or normal) in a pixel-wise manner, and the 

classification sensitivity (true positive rate) and specificity (true negative rate) were 

calculated to evaluate the predictive performance. 

5.3 Results and Discussion 

5.3.1 Molecular Profiling of Human Bladder Tissues 

Removal of the OCT embedding media was necessary prior to the MS analysis to 

avoid signal suppression. Figure D.3 shows that after approximately 90 s of dipping the 

sample slide into pure water with gentle agitation, the OCT layer was removed and the 
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polymer peaks were nearly invisible, while holding the slide stationary resulted in 

predominant OCT background which was indicative of incomplete removal of the OCT 

compounds. 

After tissue washing, 6 matching pairs of bladder tissues were investigated by 

positive and negative IR-MALDESI MSI. Overall, dramatic spectral differences can be 

observed between tumor and normal tissues, while the adjacent smooth muscle regions 

in tumor show a certain extent of similarity to both tumor and normal tissues (Figure 5.1). 

The tumor samples appear to exhibit higher ion abundances in the mass range of m/z 

650-850 in positive mode and m/z 250-350 in negative mode, which are typically 

associated with phospholipids (PLs) and long-chain fatty acids (FAs), respectively. The 

normal samples were found to contain more larger lipids in the mass range of m/z 850-

1000 in positive mode, e.g., triglyceride TG (54:4) with NH4
+ adduct at m/z 900.8030. 

In regard to the coverage of biomolecules, more species were putatively identified 

in the tumor samples compared to their normal counterparts. For instance, in positive 

mode 622 and 388 unique annotations were assigned to the tumor and to the control via 

METASPACE LipidMaps database, respectively, and in negative mode it was 435 versus 

162 unique annotations. The vast majority of detected species in positive mode were 

classified as phosphatidylethanolamine (PE), phosphatidylcholine (PC), ceramide (Cer), 

sphingomyelin (SM), glycerides, steroid and cholesteryl ester (CE). In negative mode the 

detected classes are mainly FA, hydroxy FA, FA ester, phosphatidylglycerol (PG), 

phosphatidylinositol (PI), phosphatidylserine (PS) and ceramide phosphate. Certain 

molecules detected in positive mode were also present in negative mass spectral, such 

as monoglyceride (MG), diglyceride (DG) and PE as deprotonated species. 
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Figure 5.1 Representative mass spectra recorded from bladder tumor (top), adjacent 
smooth muscle regions within tumor (middle) and normal tissue (bottom). Inserts: zoom-
in spectra at m/z 550-1000. 

5.3.2 Visualization of Molecular Alterations between Tumor and Normal Bladder 

Two-sample t-test was carried out on all tissue-specific ions (1338 in positive mode 

and 685 in negative mode; please find the peak selection criteria in Data Processing and 

Visualization) to determine the statistical significances (i.e., p-values) of their abundances 

in tumors relative to normal tissues. Then the p-values were presented against the log2 

fold changes in ion abundances via the volcano plot (Figure 5.2a and 5.2b) to identify 

significant changes, where the upregulated species in tumor versus normal bladder 

tissues were located on the right and the downregulated species were on the left. The 

ions with p-values Ò0.01 and fold changes Ó2 were considered significantly altered in 

bladder cancer and putatively annotated through database searching, which are listed in 

Table D.2. The results revealed distinct lipid and metabolite constituents between tumor 
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and normal tissues. In positive mode, PLs including lysoPC, PC, lysoPE and PE species 

were amongst the most abundant in tumors (Figure 5.3 and Figure D.4), which 

corroborates the observations with the mass spectra. The overexpression of PC and PE 

composition have been frequently reported in diverse cancer types [35ï37]. PC and PE 

are the first two most common constituents of the lipid bilayer [38], participating in various 

cellular processes such as cell division and proliferation [39], bioactive molecules 

production (e.g., DG [40]), and membrane protein folding [41]. Glycerides including MGs 

and DGs are also present at higher abundances in tumor. 

Nonetheless, not all PLs are elevated in tumor. For instance, normal tissues are 

rich in very-long-chain PEs such as PE (52:4) (Figure 5.3). In addition, some wax ester 

(WE), sphingomyelin (SM) and cholesteryl ester (CE) species display higher ion 

abundances in normal tissues, such as SM (d36:1), SM (d42:3) and CE (15:0) (Figure 

5.3 and Figure D.5). The ion images also clearly reflected the intratumor heterogeneity. 

For instance, MG (18:1) showed a specific localization in the tumor regions but was weak 

or absent in the neighboring benign smooth muscle regions in the tumor samples, while 

an increased abundance of CE (15:0) behaves in the opposite manner. 

In negative mode, one class of molecules observed with prominent and consistent 

increase in tumor was free fatty acids (FAs) (Figure 5.4 and Figure D.6). This result is in 

accordance with the published studies on other cancer types [14, 39]. FAs are the 

essential building blocks for variety of lipid species [42]. Elevated biosynthesis of de novo 

FAs in cancer cells not only maintains the rapid cellular proliferation [43], but also serves 

as an essential energy source [44]. Some complex lipid species such as PI and PA, were 

also found concentrated in the bladder tumors (Figure D.7). The level of PI expression 

has been reported to markedly increase in prostate cancer [45]. This could be related to 

the elevated cellular signaling activity [46]. PA class was found richer in ovarian cancer 

versus control [47]. The normal bladder tissues show an enhancement in some glutamine 

derivatives, such as ɔ-glutamyl-ɓ-aminopropiononitrile at m/z 198.0884 (Figure 5.4). This 

could potentially be linked to an elevated ɔ-glutamyl transferase activity (a clinical 

indicator of tissue damage [48]) in tumor, and ɔ-glutamyl-ɓ-aminopropiononitrile is one of 

its substrates. The tumor heterogeneity was also exhibited in negative mode, allowing 
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clear visualization of the tumor regions and the neighboring benign smooth muscle 

regions within the tumor samples. 

 

Figure 5.2 Volcano plots comparing bladder tumors and normal tissues show the -log10 
p-value for each tissue-specific ion versus the log2 of the fold change tumor/normal in (a) 
positive and (b) negative mode. Each data point in the volcano plots represents a tissue-
specific ion of which selection criteria are detailed in Data Processing and Visualization. 
t-SNE scatter plots visualize the MSI data points from tumor (n=600, red filled circles), 
adjacent muscle in tumor (n=100, green filled circles) and normal tissue (n=600, blue filled 
circles) in (c) positive and (d) negative mode in two dimensions. 
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Figure 5.3 Selected ion images from the tumor (T) and normal (N) samples acquired by 
positive mode IR-MALDESI MSI: left, upregulated species; right, downregulated species. 
Putative annotations were obtained via METASPACE database search. The 
corresponding H&E-stained images of adjacent tumor sections are shown on top. 
Surrounding smooth muscles in tumor samples were outlined with red lines, except for 
#1999-129 where the tumor regions were outlined with blue lines and the rest area was 
smooth muscle. The scale bar represents 1 mm. 
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Figure 5.4 Selected ion images from the tumor (T) and normal (N) samples acquired by 
negative mode IR-MALDESI MSI: left, upregulated species; right, downregulated species.  
Putative annotations were obtained via METASPACE database search. The 
corresponding H&E-stained images of adjacent tumor sections are shown on top. 
Surrounding smooth muscles in tumor samples were outlined with red dashed lines, 
except for #1999-129 where the tumor regions were outlined with blue lines and the rest 
area was smooth muscle. The scale bar represents 1 mm. 

Data analysis and interpretation in MSI studies can be difficult due to the high 

dimensionality of the data. Manual inspection of individual ion images to distinguish tumor 

can be time- and labor-consuming and tend to neglect the correlations between ions.  t-

SNE as a nonlinear dimensionality reduction method was performed on the spectral data 

from pathology-defined subregions of the bladder tissues in order to visualize the results 
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of the high-dimensional MSI datasets in a low-dimensional representation while retaining 

a lot of original information. Compared with linear methods which mainly focus on the 

global data structure, nonlinear dimensionality reduction approaches can preserve both 

local similarities and global characteristics [33]. The two-dimensional scatter plots are 

displayed in Figure 5.2c and 5.2d, yielding apparent separation of between tumor and 

normal data points, indicating that their molecular signatures are characteristically 

different. The moderate dispersed grouping could mainly be attributed to the patient-to-

patient variability. It is interesting to note that the data points from the muscle cells in the 

vicinity of tumor fell between the tumor and the normal clusters, likely indicating the 

neighboring smooth muscle regions have mixed molecular profiles of both tumor and 

normal tissues. For instance, a tumor-upregulated ion at m/z 263.2369, putatively 

identified as octadecatrienal and isomers, in adjacent smooth muscles showed the same 

level as in normal (p=0.26), whereas PE (40:2) at m/z 800.6164 in adjacent smooth 

muscles expressed similar level as tumor (p=0.22), which was 15× less in normal 

(p=5.81×10-23) (Figure D.8). Indeed, some other studies have also shown that the 

molecular tumor margin could exceed the histologically defined tumor margin [10, 49], 

implying possible aberrant cell events occurring in the immediately adjacent normal cells. 

The hypotheses proposed by Oppenheimer et al [49] for this phenomenon were that the 

seemingly normal cells might be infiltrative tumor cells or precancerous cells; or it could 

be a result of the interactions between the tumor and adjacent cells. Our study provides 

additional evidence that the underlying molecular alterations might have already occurred 

in the normal-appearing regions beyond the histological tumor border, underlining the 

cellular complexity of tumor. 

5.3.3 LASSO Prediction of Bladder Cancer and Corresponding Normal Tissue 

A binary LASSO model was constructed to fulfill feature selection and disease 

classification using the training set including data points from five out of six patients. 10-

fold cross-validation was employed for parameter tuning and the regularization parameter 

ɚ at the minimum misclassification error was chosen for the LASSO model. A total of 40 

and 61 m/z features in positive and negative ionization mode, respectively, showing the 

best discriminative power were selected by LASSO and are displayed in Figure 5.5a and 

Table D.3 with their putative identifications, where the features with positive weights 



108 
 

represent that they are characteristic of tumor, while negative weights represent the 

opposite. 

To evaluate its performance for MIBC diagnosis based on the IR-MALDESI MSI 

data, the LASSO model was further applied to an independent dataset (i.e., patient 

#2002-342) to predict the sample class per pixel (Figure 5.5b), yielding a sensitivity of 

96.1% and a specificity of 91.1% in positive mode, and a sensitivity of 90.4% and a 

specificity of 96.3% in negative mode, indicating that the spectral features detected by 

IR-MALDESI are highly predictable. 

 

Figure 5.5 (a) Discriminating mass spectral features with their weights obtained by the 
Lasso model in positive and negative mode. Putative annotations were made via 
METASPACE, which were detailed in Table D.3. (b) Lasso per-pixel prediction results on 
Patient #2002-342. 


