
ABSTRACT 

MELLINGER, ALLYSON LEE. Developing High Resolution Mass Spectrometry Strategies for 
Studying Temporal Changes in Disease States. (Under the direction of Dr. David C. Muddiman). 
 

Mass spectrometry is a versatile and sensitive tool for analytical measurements, utilized 

across the various facets of systems biology. The increasing performance of mass spectrometers 

has significantly expanded the capabilities of bioanalytical research. The accessibility of 

instruments capable of achieving high resolving powers at quick analysis speeds calls for expanded 

methodologies across the sampling of biofluids, tissues, and other sample matrices to study human 

health and disease. This work describes the development of strategies utilizing high resolution 

mass spectrometry to investigate how molecules change in different disease states over time.  

In this work, shotgun proteomics was employed to analyze cerebrospinal fluid (CSF) 

collected from patients with the neurodegenerative disease amyotrophic lateral sclerosis (ALS). 

These samples were collected at various points in the patients’ progression of the disease. Prior to 

analysis of these precious samples, a study was performed to determine the most effective data 

acquisition strategy for the identification and quantitation of peptides in cerebrospinal fluid. After 

identifying data independent acquisition as the preferred method (in terms of both peptide 

identifications and quantitative precision), we employed it to perform three main analyses of the 

ALS CSF data including: 1) an examination of peptide variability in CSF; 2) the association of 

inflammation with rate of disease progression; and 3) developing a mixed-effects model to best 

explain variation in the ALS- functional rating scale score of these patients. We found that intra-

individual variability of abundances contributed just 4% to overall variance, indicating a tightly 

regulated CSF proteome. A moderately significant correlation (p < 0.1) was observed between 

inflammation and disease progression rates of four patients. Finally, our mixed-effects model was 

developed using a least absolute shrinkage and selection operator for variable selection and 



employed forward selection to minimize Akaike’s information criterion for the final model, which 

utilized changes in abundances of 28 peptides to model ALS progression in these patients.   

This work also describes the development of a functional mass spectrometry imaging 

(fMSI) method to study changes in the metabolic activity of glutathione in mouse mammary 

tissues. Glutathione plays a significant role in cancer cell viability and therapy response but has 

yet to be clearly linked with tumor clinical stage, histological grade, or therapy response in patients. 

It’s possible the functional capacity (i.e., the tumor’s ability to maintain glutathione levels over 

time) would be a better indicator of such characteristics. Measuring this capacity and it’s change 

over cross-sections of heterogeneous tumor tissue requires the temporal and spatial change 

measurements characteristic to fMSI techniques. We highlight the importance of such methods 

and describe the use of multiple infusions of differentially labeled isotopologues of glycine via 

stable-isotope labeling technology to track their time-dependent incorporation into the glutathione 

molecular pool within mouse tissues. 

We first present a proof-of-concept study in mouse liver tissue and the development of the 

percent isotope enrichment tool within the MSiReader software to quantify and visualize changes. 

We utilized infrared matrix-assisted laser desorption electrospray ionization (IR-MALDESI) to 

perform these MSI studies and high-resolution accurate mass-mass spectrometry to fully resolve 

the three isotopologues of the enriched glutathione. These tools were then employed to map 

incorporation of the isotopologues into mouse 4T1 mammary tumor tissues. We then performed a 

voxel-by-voxel analysis to produce slope heatmaps for visualizing the time dependency of 

enrichment in various morphological areas of the tumor sections. We found areas where despite 

high steady-state levels of glutathione (mainly at tumor peripheries) we detected low metabolic 



activity. We also mapped variability in glycine isotopologue delivery across tumors, allowing us 

to account for variations in tissue perfusion in observed metabolic activity.   
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CHAPTER 1: Introduction 

1.1 Mass Spectrometry 

Mass spectrometry (MS) is an increasingly vital analytical tool across all facets of 

biological research. The technique is used to measure relative signals or abundances of gas-phase 

ions separated by their mass-to-charge ratios (denoted m/z). It can also be used to collect structural 

information on the ions via induced fragmentation. The primary components that make up a mass 

spectrometer platform are the 1) ionization source 2) mass analyzer and 3) detection system. 

Various types of each component exist, allowing for numerous molecules and compound classes 

to be measured and characterized for a wide variety of sample matrices. Mass spectrometry is key 

to the work presented here, and details describing the ionization sources and mass analyzers 

Figure 1.1. Contents of introduction and how they relate to the following work. A) Several 
shotgun proteomics projects will be presented towards elucidating disease signatures of 
amyotrophic lateral sclerosis. B) Mass spectrometry imaging (MSI), specifically functional MSI 
(fMSI), methods were developed and used to study changes in glutathione flux over time in 
breast cancer tumor models.  
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relevant to this work will be expanded upon in the following sections. A summary of the following 

introduction is shown below in Figure 1.1. This figure outlines each of the following introductory 

subjects presented within this section and their context or relation to the subsequent chapters of 

this work.  

1.1.1 High Resolution and Accurate Mass-Mass Spectrometry 

While there are various mass analyzers of great importance in the mass spectrometry field, 

the Orbitrap will be the focus of subsequent information presented due to its relevance to this work.  

Advances in separation and ionization techniques for complex samples developed a need for 

improved speed and accuracy of detection. The invention of the Orbitrap mass analyzer by 

Alexandrov Makarov in 20001 and its eventual integration into bench top mass spectrometers for 

commercialization quickly satisfied this need across the mass spectrometry community.2 

The premise of the Orbitrap was based on the work of Kingdon from 19233 with 

fundamental changes to make it more amenable to MS measurements. These included: 1) the thin 

trapping wire became a spindle shaped electrode, and 2) the measurement of axial oscillation 

frequency of trapped ions around the central electrode was used rather than the rotation frequency.1 

Importantly, the addition of a low-pressure cell known as the C-trap allows for the accumulation 

and collisional cooling of ions outside of the Orbitrap (labeled in Figure 1.2.) This allowed the 

analyzer to be coupled with continuous ionization sources (e.g., electrospray, 1.3.3) as ion packets 

are stored and cooled while previous transients take place.2,4 Ions are detected by measuring the 

induced image current of ionic axial oscillations via two outer electrodes. Using fast Fourier 

transform algorithms, the periodic signals of these oscillations that are recorded in the time domain 

are mathematically transformed into frequencies. Frequency is related to m/z based on the 

following equation: 
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𝜔𝜔 = �(𝑧𝑧/𝑚𝑚)𝑘𝑘 (1.1) 

where ω represents the axial oscillation frequency and k represents field curvature. Axial 

oscillation frequency is useful due to its independence from the initial position and velocities of 

ion packets. High resolving power and mass accuracy are characteristics of Fourier transform-

based mass spectrometers. Resolving power is the ability of a system to distinguish peaks with 

similar m/z. Mass accuracy refers to the ratio of the error in a measured m/z to the true m/z.5  

In the form of a benchtop mass spectrometer, the Orbitrap technology was revolutionary 

as an accessible and relatively low-maintenance way to make fast and high resolution 

measurements with high mass accuracy (within 5 ppm via external calibration). High mass 

accuracy can improve confidence in identifying molecules from their measured m/z value. In 

addition, an Orbitrap system performs these high resolving power measurements at considerably 

fast acquisition rates (up to 41 Hz). This is helpful in applications such as proteomics where 

multiple measurements can be made across chromatographic peaks when coupled with nanoflow 

liquid chromatography (1.3.2), while still maintaining desired sensitivity and high mass accuracy.6 

Several other important improvements were made to the original commercial Orbitrap 

mass spectrometers, also highlighted in Figure 1.2. The first was the equipping of a higher energy 

collision-induced dissociation (HCD) cell. This cell provides beam-type collisional dissociation at 

a higher energy than the traditional “collision-induced dissociation” fragmentation method, which 

can provide structural information about the fragmented molecules.7 The addition of a quadrupole 

mass analyzer in the Q Exactive series of Orbitrap mass spectrometers allowed for the filtering of 

species outside specified precursor m/z ranges prior to Orbitrap detection. It also allows users to 

to isolate selected precursors for fragmentation in the HCD cell, improving subsequent 

identification. This filtering and fragmentation process is known as tandem mass spectrometry 
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(MS/MS)8–10 and is discussed further in the context of proteomics in 1.3.4. Measurements in this 

work were made on instruments of this series, specifically the Q Exactive HF and HF-X (“HF” 

referring to the higher field strength of these Orbitrap analyzers) mass spectrometers, along with 

an Exploris 240 mass spectrometer. Rather than an HCD cell, the latter instrument of the Exploris 

series is equipped with an “ion routing multipole” (IRM). The IRM serves both as an HCD cell 

and to trap and cool ions prior to routing stored them back to C-trap.11 The distinctive ion paths 

for MS1 scans collected with these instruments is illustrated in Figure 1.2. 

For reference, the Q Exactive HF can collect spectra with a resolving power of up to 

240,000 at 200 m/z at a speed of 1.5 Hz. Fragmentation spectra can also be collected at fast scan 

speeds but with lower resolving powers. In the context of proteomics (1.3) this quick speed of 

isolation and fragmentation led to high increases in peptide identifications by maximizing the duty 

Figure 1.2. General schematic of a Thermo Fisher Scientific hybrid quadrupole orbitrap mass 
spectrometer. Important hardware components such as the mass filtering quadrupole (pink), 
collisional cooling C-trap (yellow), and the collision cell (termed the Higher Energy Collisional 
Dissociation, HCD, Cell in the Q Exactive Series and Ion Routing Multiple, IRM, in the 
Exploris series) for ion fragmentation (orange) are labeled and color coded, in addition to the 
characteristic high field Orbitrap mass analyzer (green). Ion beam paths for a typical MS1 scan 
are outlined with dotted lines in the Q Exactive Series (pink) and the Exploris series (blue.)  
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cycle of the instrument within the width of chromatographic peaks.10 With improvements to the 

efficiency of ion transfers and peak selection algorithms, the Q Exactive HF-X mass spectrometer 

can collect MS/MS scans at speeds above 40 Hz while maintaining a resolving power of 7,500 at 

200 m/z. In addition, the QE HF-X is equipped with an electrodynamic ion funnel and high-

capacity transfer tube, replacing the S-lens of the QE HF and the Exploris 240 instruments as a 

brighter ion source.9 These main components and their configuration within the mass 

spectrometers are summarized in Figure 1.2. 

1.2 Introduction to Amyotrophic Lateral Sclerosis 

Amyotrophic Lateral Sclerosis (ALS) is a disease characterized by rapid degeneration of 

both upper and lower motor neurons in the brain and spinal cord. Patients experience progressive 

muscle weakness, spasticity, and eventually total body paralysis. Following the loss of diaphragm 

and other muscles that control breathing, patients typically pass away from respiratory distress just 

only 3-5 years after symptom onset.12,13 No therapy has been successful at reversing, halting, or 

significantly slowing disease progression. Translation of therapies have been hindered for various 

reasons over the years but largely due to the poor understanding of the underlying pathological 

mechanisms and to the lack of biomarkers for accurate diagnosis, prognosis, or measurement of 

therapeutic response.14,15 

Only 5-10% of ALS cases are classified as “familial” and are associated with family 

inheritance. This leaves most cases classified as “sporadic,” where the disease is seemingly onset 

completely at random. Clinicians can only diagnose ALS by excluding similar diseases, a 

procedure that takes 1-1.5 years on average. This delay wastes valuable time, induces anxiety and, 

most notably, prevents early intervention.16,17 Once diagnosed, disease progression is monitored 

using a 12-question survey called the ALS-Functional Rating Scale (ALS-FRS) where the degree 
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of impairment in everyday functions (e.g., walking, writing) is gauged on a 5-point scale (0-4 

points) 18,19. The survey is fast and cheap, but limitations include its subjectivity and nonlinear 

scale with degree of disability. An objective and quantitative assessment for the disease and its 

progression with time could accelerate accurate diagnosis, assist in effective therapy development, 

and be a useful tool in disease categorization and clinical trials. 20,21 This is the focus of the work 

presented in Chapters 2 and 3 and will be further discussed there, as outlined by Figure 1.1A. 

The following topics in 1.3 introduce relevant techniques utilized to perform this work, along with 

the work presented in Chapter 4.   

1.3 Shotgun Proteomics 

The term “proteomics” was first defined in the 1990’s and its coinage is credited to Marc 

Wilkins in 1994.22–24  The year 2002 marked the notion that studying proteins was important and 

the broad definition of proteomics was given as the study of the “identities, quantities, structures, 

and biochemical and cellular functions of all proteins in an organism, organ, or organelle, and how 

these properties vary in space, time, and physiological state.”25 Proteins play a crucial part in the 

central dogma of biology and maintain a high degree of interaction with each other and with other 

molecular components in a system.26 Proteins exhibit rapid fluctuations in response to 

physiological changes within an organism (e.g., disease, nutritional, or pharmacological stimuli).27 

With their high degree of involvement in all major cellular processes,28,29 they provide a 

measurable avenue for connecting the relationship between static genetic coding within cells to 

dynamic organism phenotypes. Resolving the genotype-phenotype link is an essential goal in 

human health and disease research.29 The mapping of the human genome30–32 set a template for 

discovery of proteins within humans. This achievement, along with major advances in proteomic 
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technologies (particularly in the field of mass spectrometry) over the past few decades, has 

significantly shaped the focus on proteomics. 

There are three popular ways of using mass spectrometry to analyze proteins in various 

sample matrices. These include: 1) bottom-up 2) middle-down and 3) top-down proteomics. In the 

first technique, proteins are enzymatically digested, and the resulting peptides are separated 

(typically by liquid chromatography, 1.3.2, or capillary electrophoresis) and analyzed by mass 

spectrometry. Middle-down proteomics is similar in that the proteins are enzymatically digested, 

but the size of the resulting peptides is typically larger. Finally, top-down proteomics investigates 

intact proteins in a sample without any digestion step. While the intact peptides or proteins can be 

measured directly, tandem mass spectrometry is usually employed for the production and detection 

of peptide or protein fragments. The fragmentation patterns produced act as unique pieces for the 

identification of the species. 

“Shotgun proteomics” is the term used to describe the bottom-up analysis of a mixture of 

proteins. This coinage was established based on its similarities with shotgun genome sequencing. 

Herein, the protein pieces (i.e., peptides) are used to infer identification of the whole protein 

contained in the sample prior to digestion.33 There are many advantages to using shotgun 

proteomics over other analytical techniques. By digesting proteins into peptides, the range of 

physiochemical properties of the analytes is reduced. In other words, the target analytes are 

switched from proteins ranging in molecular weights from 10s to 1000s of kDa to peptides with a 

relatively narrow range of sizes and chemical properties, making them much simpler to separate 

and ionize by common techniques.34 The general throughput of mass spectrometry analyses is a 

key advantage. Shotgun proteomics is considered the “workhorse”34 of proteomics and will be 

discussed further as it is the method of choice in the following work.  
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1.3.1 Label-Free Sample Preparation 

To generate a sample containing suitable peptides for separation, ionization, and analysis 

via MS, proteins in the starting matrix must be appropriately solubilized and digested, with 

interfering substances removed prior to analysis. Many variations of sample preparation protocols 

exist, and both the procedures and reagents utilized may be optimized on a per laboratory basis. 

However, any detergents and small molecules added to the sample prior to digestion can 

significantly hinder LC-MS/MS analyses. SDS in particular is difficult to remove from samples, 

is known to suppress peptide ion signals, and can collect on emitters, LC lines and columns, and 

MS inlets.35 Therefore, it is imperative to filter or cleanse the samples for the removal of interfering 

molecules prior to analysis.  

For this purpose, the filter-aided sample preparation (FASP) procedure has gained 

significant popularity in the field since its characterization by Wisniewski and coworkers. In this 

procedure a molecular weight cutoff filter (commonly referred to as a “spin filter”) is used to 

capture all molecules above the cutoff size (i.e., the large proteins) allowing them to be washed of 

detrimental small molecules that will be rinsed through the filter. Prior to placement on the filter, 

an important step to prepare the proteins is to linearize them and ensure all cleavable sites are 

exposed for the enzyme to digest. For this purpose, dithiothreitol (DTT) is used to reduce disulfide 

bonds between cysteines. Subsequently, an alkylation reaction is typically performed using 

iodoacetamide (IAM) to ensure the newly exposed reactive thiols do not reform these bonds. 

Once the linearized proteins are transferred to the filter, a urea wash can be used to swap 

detergent molecules that were used for protein solubilization (e.g., SDS). The enzymatic digestion 

can then occur on the filter, cleaving the clean proteins into the desired final peptides, which are 

now appropriately sized to elute through the filter for collection.36 Trypsin is the most used enzyme 
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for digestion. Its popularity is a result of its reliable cleavage at arginine and lysine carboxyls. This 

produces highly specific peptides capable of maintaining multiple charges and of an appropriate 

length (6-25 amino acids) for effective ionization.34 These steps are summarized in Figure 1.3. A 

more detailed description of this process is presented in Chapter 4, specifically describing the 

preparation of human placental tissues for shotgun proteomics.   

1.3.2 Liquid Chromatography Separation 

High performance liquid chromatography (HPLC) emerged in the mid 1970’s as a 

powerful way to separate peptides by an array of properties, including differences in charge, size, 

isoelectric point, and hydrophobicity. The most commonly used separation technique in shotgun 

proteomics is reversed-phase liquid chromatography (RPLC).37 In this technique, peptides are 

loaded onto a chromatography column packed with hydrophobic stationary phase. Mixed 

organic/aqueous phase solvents (e.g., acetonitrile and water) are then pumped through the column 

in gradient fashion to differentially elute the loaded peptides. In a gradient elution RPLC 

separation, the organic phase strength is increased as a function of time to allow for separation 

based on the peptides’ hydrophobic character.  

Figure 1.3. Schematic of enzymatic digestion of proteins into peptides over a molecular weight 
cutoff filter in the FASP protocol. Proteins are first denatured and linearized before being 
transferred to filter for wash and digestion.   
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Advances within liquid chromatography technology have greatly furthered the power of 

shotgun proteomics. Today, LC-MS/MS shotgun proteomics experiments utilize C18 columns that 

are <100 μm inner diameters packed with 3-5 μm particles and flow rates in the hundreds of 

nanoliters per minute range. Longer analytical columns (15-100 cm) are also utilized to increase 

plate number and improve peptide resolution.6 With these improvements, peak capacity and 

ionization efficiency can reach results similar to those achieved with multidimensional separations, 

even with low volumes of loaded sample.38,39 Factors such as mobile phase compositions, flow 

rates, gradient length, column length and particle size, and column temperature are easily adjusted 

and optimized to reduce peptide chromatographic peaks widths, maximizing both the quality and 

quantity of peptide identifications in complex samples.40–42 Hundreds of thousands of peptides are 

now routinely resolved, identified, and quantified with high sensitivity using these separation 

technologies coupled with mass spectrometry.  

One advantage of RPLC as a peptide separation technique prior to ionization and mass 

analysis is its compatibility with electrospray ionization (ESI). After separation, peptides can be 

directly electrosprayed from emitter tips coupled to the analytical column. This ionization method 

and the mechanisms involved are further described in the following section (1.3.3). The resolution 

of peptides prior to ionization by electrospray is important to a successful comprehensive analysis 

of a complex sample of peptides.  

1.3.3 Electrospray Ionization 

The introduction and augmentation of electrospray ionization was vital to the development 

and popularization of biological mass spectrometry.44 Operating at atmospheric pressure, this 

method of ionization occurs by applying a high voltage to a capillary emitter containing the 

chargeable aqueous analytes. ESI is characterized as a “soft” method of producing ions, meaning 
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the technique itself induces very little (if any) fragmentation of analytes prior to their entrance into 

the mass spectrometer. In positive mode ionization, protons primarily contribute to charge 

production in solution. In portions this work, the source of these protons is from the oxidation of 

water at the metal surface of the capillary (Equation 1.2).  

2𝐻𝐻2𝑂𝑂 → 4𝐻𝐻+ + 4𝑒𝑒− + 𝑂𝑂2  (1.2) 

In this mode the ESI capillary acts as an anode while the mass spectrometer inlet acts as a cathode 

and electrons flow through wires connecting the systems, thus creating an electrochemical cell 

which facilitates the transport of the positively charged gaseous ion droplets towards the inlet of 

the mass spectrometer as they resolve current in the circuit (Figure 4). In negative mode, water is 

reduced via the application of a negative voltage, and therefore the opposite is true. 43 This mode 

was also used in a portion of work discussed herein. 

 When the voltage is applied, the charged solution at the capillary tip forms a conical 

interface known as the “Taylor Cone”45 from which the highly charged analyte containing droplets 

are emitted in a fine mist or “spray.” With the application of this electric charge, each of the 

droplets reach their Rayleigh46 limit (Equation 1.3) of charge-to-surface area (𝑞𝑞𝑟𝑟) and 

consequently divide into smaller droplets by the surmounting of Coulombic forces over droplet 

surface tension. Repeated fissions and evaporations lead to the charged nanometer sized droplets 

that produce the gas-phase ions detected by the mass spectrometer.43 

𝑞𝑞𝑟𝑟 = �64𝜋𝜋2𝜀𝜀0𝛾𝛾𝑟𝑟3 (1.3) 

The exact mechanism of progeny droplet production is still debated, but the community generally 

agrees that the ion evaporation model (IEM) proposed by Iribarne and Thomson. 47 applies best to 

smaller molecules while the charge reduction model (CRM), the first model proposed by Dole and 

coworkers48, applies to larger globular macromolecules. The IEM states that charged analyte 
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containing droplets reach a high enough electric field that solvated ions are ejected from the surface 

of the droplet. In the CRM, each nanodrop contains a single analyte to which charge is transferred 

as the solvent surrounding it evaporates and undergoes fission cycles.43 Both models are shown in 

Figure 4. As a gaseous spray, the analytes become suitable for detection by the mass spectrometer.  

Advantages of the ESI source for proteomics includes 1) the softness of the source 2) the 

characteristic ability to routinely obtain multiply charged species and 3) the ease with which it is 

interfaced with LC separation systems. The softness of ESI facilitates the analysis of intact 

peptides by preventing their fragmentation prior to reaching the mass spectrometer. Obtaining 

highly charged species aids the dissociation of ions in tandem mass spectrometry experiments. It 

Figure 1.4. Schematic of electrospray ionization and the formation of ions via the charge 
residue model (CRM) and the ion evaporation model (IEM).  



  13 

 

also allows for analysis of analytes with higher masses on instruments where the measurable m/z 

range is limited.43 

1.3.4 MS2 Data Acquisition in Shotgun Proteomics 

The traditional mode for collecting peptide identifications is data dependent acquisition 

(DDA). In this method, a duty cycle begins with a full scan of all eluting intact precursors at a 

given time in the chromatographic analysis and is followed by a user-defined number of 

fragmentation scans, before the cycle repeats. The most abundant precursor ions in the full scan 

are selected for MS/MS. These precursor isotopic distributions are recognized by the instrument 

software as multiply charged peptide species and are isolated by the quadrupole. A narrow enough 

window (~2.0 m/z) is used to isolate the isotopic distribution of that species without, in theory, 

simultaneously isolating other species that could convolute the fragmentation spectra.  The isolated 

species are then subject to collisions for fragmentation and these fragments are mass analyzed. The 

“N” number of precursor species that can be selected for fragmentation from the MS1 scan is 

dependent on instrument scan speed, but typically ranges from 10-40 within a 1-2 second duty 

cycle. These methods are labeled Top N (e.g., “Top 20”) with regards to the selection of the N 

highest abundant species in the precursor scan.34 This process is summarized in Figure 5.  

Alternatively, a data independent acquisition (DIA) approach was proposed by Venable 

and coworkers in 2004. In this method, precursors are fragmented within larger isolation windows 

(in the approximate range of 4 – 25 m/z width) completely independent of what species are detected 

in MS1 scans.49 The number and isolation width of the scans are balanced to maintain an 

appropriate duty cycle for multiple measurements across chromatographic peaks, but still survey 

and fragment the entire m/z range of interest. As a result, multiple precursors are expected to be  
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fragmented in each scan. DIA methods can potentially alleviate issues associated with DDA via 

this comprehensive, user-defined, and serial fragmentation of the entire precursor m/z space of 

interest. A visual comparison of DIA and DDA duty cycles and window widths is shown in Figure 

1.6. Chapters 2-4 of this work further detail implementation of these techniques.  

1.3.5 Peptide Identification and Quantification  

Since hundreds of thousands of spectra are collected in any given experiment, manually 

identifying all peaks would be time-consuming and impractical. Hence, database searching is used 

to make these identifications. Spectrum centric algorithms, such as SEQUEST 50 for DDA data or 

DIA-Umpire 51 for DIA data, compare the collected spectra to theoretical spectra from protein 

Figure 1.5. Components identifying a peptide via tandem mass spectrometry. a) Total ion 
chromatogram collected over a LC gradient separation of a sample. Eluting precursors are 
further separated by their mass-to-charge ratio. b) Precursor, or MS1, scan of peptides eluting 
in the highlighted retention time (blue) in a. Inset shows an enlarged isotopic distribution of the 
doubly charged precursor peak at highlighted (green) m/z. c) HCD fragmentation spectrum of 
precursor from b. Identified fragments are highlighted in the spectrum. d) HCD fragmentation 
along the peptide backbone primarily results in b- and y- ions.  
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sequences predicted based on the organism’s genomic sequences. The user narrows the search 

space by inputting constraints, based on how the peptides of interest were generated and measured, 

from the theoretical proteins contained in the organism database (e.g., digestion enzyme, mass 

tolerance, fixed and variable post translational modifications, etc.). These comparisons are scored 

by the algorithm and the best scoring theoretical peptide matching a given MS/MS spectrum is 

reported as a “peptide spectral match” (PSM). An alternative option for DIA data is to search via 

peptide centric algorithms (e.g., EnclycopeDIA52 and OpenSWATH53). Instead of matching each 

collected MS/MS spectrum to a peptide contained in a database, these algorithms attempt to search 

collected data for evidence of pre-specified peptides of interest, such as those contained in a 

database or in a spectral library.52,54 In this case, the evidence is scored and ranked so the best 

scoring spectra for a given peptide of interest is reported as a peptide identification.54 

Figure 1.6. Example duty cycle structures of DDA and DIA methods. Each duty cycle takes 
approximately 1 second to complete before repeating to collect enough data points across a 
chromatographic peak. Each scan occurs on a ms time scale. a) Example of a DDA “Top 20” 
experiment. MS2 isolations are dependent on precursors detected in MS1 scan. b) Example 
of a DIA experiment with 24 windows isolating 25 m/z width portions of the precursor space.  
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In both cases, peptide identifications run the risk of error and false identifications. 

Therefore, further statistical analysis must be performed in order to correctly report 

identifications.55 The most common method of reporting significance within a list of scored and 

ranked PSMs is to use a “decoy database” to model and test the null hypothesis that each 

identification was made by chance. This database contains shuffled or reversed amino-acid 

sequences from the target protein database. The querying of these decoy or “pseudo” peptides can 

help establish cutoff scores for evidence of confident identifications. Most commonly, false 

discovery rate (FDR) is employed for multiple hypothesis testing correction and can be estimated 

using the incorrect PSMs.56,57 As the main objective of proteomics is to investigate on the protein 

level, it is important that these statistical significance tests are made on the PSM, peptide, and 

protein levels of identification.58 

Within label-free proteomics, peptide quantitation may be made via spectral counting 

(specific to DDA data) or intensity-based methods. The first utilizes the number of PSMs to assess 

peptide quantity.59 While this process involves more straightforward approaches to data extraction, 

caveats include biased quantitation towards peptides with different physicochemical properties and 

the increased risk of missing error associated with nonsystematic errors.34,60 Another option is to 

use the extracted ion chromatograms (XICs) and compare integrated chromatographic peaks 

corresponding to the same peptide between analyses. Using peak areas for quantification is much 

more feasible with the improvements made in both high resolution accurate mass technology and 

the increased accessibility of faster and higher quality data extraction and analysis software.60,61 

Measurements of peptides made in this work are all based on peptide abundance and calculated 

peak areas.  
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1.4 Introduction to Cancer 

This section and the following 1.5 serve to introduce information and techniques relevant 

to Chapters 5-7 in this work (Figure 1.1B.) As one of the leading causes of death worldwide, 

cancer is a truly devastating disease, and is therefore the focus of techniques developed in the work 

within these chapters. In the United States alone, national expenditures reached $150.8 billion in 

2018 and will continue to rise with population age increases.62,63 Afflicted tissues are characterized 

by rampant cellular proliferation and disrupted energy metabolism. There is a continued need for 

linking molecular profiles and potential biomarkers with tissue function in addition to assessment 

of variability across cellular distributions. Satisfying these needs would further treatment research 

and precision medicine capabilities in providing personalized cancer therapies. The ability to 

assess the spatial variability across the inflicted cellular distributions is particularly pertinent. 

Elucidating specific mechanisms of tumor growth will be highly relevant to therapeutic 

opportunities. In particular, the role of glutathione and oxidative stress remains a mysterious 

system open to opportunities.64 This is discussed in more detail in Chapter 7. In this work 

specifically, we explore the utility of functional mass spectrometry imaging (fMSI) towards 

exploring these opportunities, specifically beginning in mouse models of breast cancer tumors.  

1.5 Mass Spectrometry Imaging 

While LC-MS based proteomics provides the vital information on total protein levels in 

homogeneous samples, mass spectrometry may also be applied to provide spatial information 

alongside the molecular information measured. This technique is typically dubbed “mass 

spectrometry imaging” (MSI) or “imaging mass spectrometry” (IMS), although the former avoids 

confusion with the more common and first proposed acronym “Ion-Mobility MS,” also IMS. A 

multitude of ionization sources exist for this purpose and may typically be characterized as “laser-
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based” or not (e.g., desorption electrospray ionization, DESI). Several relevant laser-based 

ionization techniques are specifically discussed in the following sections 1.5.1 and 1.5.2.  

The main MSI principle is the collection of MS data at the various X and Y locations of 

two-dimensional samples. The collected abundances are computationally mapped back to these 

locations to create a “heatmap” where areas of higher relative abundance of a molecule are 

typically “brighter” and thus “darker” where the molecule is less abundant or even absent. A 

heatmap can be generated for each detected m/z peak to visualize its spatial distribution. These 

heatmaps may also be compared with others to visualize colocalization or compared with 

histological data in multimodal techniques. A generalized workflow is summarized in Figure 1.7.  

However, this field is not without its challenges. While usually involving a more direct 

mode of ionization and sampling, the typical lack of separation prior to ionization may lead to 

increased signal suppression. Additionally, although minimal sample preparation is typically 

employed, tissue sectioning and optimizing organic matrix selection (specific to matrix-assisted 

techniques, 1.5.1) present further unique challenges (particularly in reproducibility) in performing 

MSI analyses. Finally, the high dimensionality and quantity of data produced, especially as MS 

instrumentation advances, in such experiments requires constant improvement of data analysis 

Figure 1.7. General mass spectrometry imaging workflow.  
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tools that can handle these large data sets. Despite such challenges, MSI has been significantly 

advanced and useful in a variety of imaging applications.65 In Chapter 5, we specifically expand 

upon the use of MSI for functional measurements in a technique dubbed functional MSI (fMSI.)  

1.5.1 Matrix-Assisted Laser Desorption Ionization 

Another common soft method of ionization called matrix-assisted laser desorption 

ionization (MALDI) was introduced by Hillencamp and Karas in the mid-1980’s as a version of 

ultraviolet laser desorption ionization (UV-LDI) but with the application of an organic acid matrix. 

This novel technique was revolutionary in its ability to ionize large and nonvolatile species (>10 

kDa) without fragmentation so that intact molecular ions could be detected.66 The organic acid 

matrix is applied to absorb the energy of the laser used to irradiate the sample, resulting in ablation 

of both analyte and ionized matrix clusters from the sample.  

To prepare samples for MALDI analysis, analytes are mixed or sprayed with the organic 

matrix. The matrix is selected based on the wavelength of the laser used for ablation and the sample 

types analyzed. In UV-MALDI for example, this is commonly pi-conjugated acids such as 2,5-

dihydroxybenzoic acid (DHB) or α-cyano-4-hydroxycinnamic acid (CHCA). In infrared (IR)-

MALDI, matrices such as glycerol or succinic acid, whose O-H stretching bonds absorb in the IR-

region, may be selected. After matrix application, the surrounding solvent is evaporated from the 

sample, leaving behind analytes co-crystallized with the matrix molecules. This might be in the 

form of a droplet spotted on a flat microscope slide, or a biological tissue sectioned to an even 

thickness as in mass spectrometry imaging (MSI).67 The prepared sample is then ready for ablation 

by the source laser, which is focused on the sample surface and fired to release the analytes and 

matrix within intact clusters (Figure 1.8). While contributing greatly to the softness of this 

ionization source, the application of organic matrices results in disadvantages such as ion 



  20 

 

suppression and isobaric interferences within the measured spectra. This ionization is traditionally 

performed under vacuum, although the use of atmospheric pressure (AP)-MALDI sources has 

grown in popularity.68  

There are several theories of ion formation within MALDI, all of which involve 

interactions between the organic matrix and analytes, including via gas phase protonation and the 

“lucky survivor theory”, although the mechanism is highly affected by the various conditions 

involved sample preparation and laser characteristics (i.e., pulse length, wavelength, energy, 

etc.)69–71 Characteristic to MALDI is the generation of predominately singly charged ions, both in 

the positive and negative modes. The gas-phase protonation theory states that the charged matrix 

and neutral analyte clusters collide in the gas phase to undergo a series of proton transferring 

reactions. This is dependent on the proton affinity of the analytes, which must be higher than that 

of the matrix for the reaction enthalpy to favor the proton transfer. The lucky survivor theory states 

that analytes may be multiply charged prior to both sample preparation and laser ablation and will 

undergo a series of neutralization/counter-neutralization reactions in the gas phase. Based on this 

Figure 1.8. Schematic of laser ablation event on a matrix assisted laser desorption ionization 
(MALDI) source.  
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theory, the singly charged analytes are the “lucky survivors” of these neutralization reactions, 

likely due to slower rate of removal of the final single charge from their sufficiently reduced 

neutralization cross-section and thus increased probability of survival.71  

MALDI eventually became the most popular ionization source used in MSI applications, 

first popularized by Caprioli and coworkers in the late 1990’s. Its high tolerance for salts and 

contaminants within the sample coupled with the ease with which laser firing may be rastered 

across a two-dimensional tissue makes it amenable to such analyses.65,67  

1.5.2 Infrared Matrix-Assisted Laser Desorption Electrospray Ionization 

The infrared matrix-assisted laser desorption electrospray ionization (IR-MALDESI) 

source is an effective tool for informative MSI of biological tissues across many molecular species 

and tissue types. It combines advantages of both ESI and MALDI techniques, resulting in a soft 

ionization source72 tolerant of high sample salt and contaminant content, and primarily used for 

MSI and high throughput screening applications.73 In this work, MALDESI with an IR laser and 

an applied ice matrix, rather than an organic energy absorbing matrix as in MALDI, was utilized 

for MSI applications. This ice matrix facilitates the desorption of sample material as the mid-IR 

laser (2.97 µm wavelength) pulse excites the O-H stretching modes of the water. The laser pulse 

ablates the sample material, allowing desorbed neutrals to enter the gas-phase and partition into 

the orthogonal electrospray where they are ionized via mechanisms similar to traditional ESI.72 

The utility of the ice matrix along with the ambient nature of the source allows biological samples 

analyzed by IR-MALDESI with minimal sample preparation.74 A schematic of the IR-MALDESI 

source is shown in Figure 1.9. Advantages of this ionization source are further discussed in the 

context of this work within Chapter 6. 
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Figure 1.9. Schematic of IR-MALDESI source. An orthogonal electrospray plume (negative 
mode shown here) is established orthogonal to an XY translational stage, where the sample is 
placed. An ice layer is formed by cooling the stage and exposing it to controlled humidity prior 
to ablation via the mid IR laser. Ablated neutrals enter the ESI plume for ionization prior to 
entering the mass spectrometer inlet for mass analysis.  
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CHAPTER 2: Elucidation of Effective Data Acquisition Parameters for Shotgun 

Proteomics to Assay CSF 

Reused with permission from: Mellinger, A.L., Griffith, E.H., Bereman, M.S. Analytical and 

Bioanalytical Chemistry, 2020, 412, 5465-5475. Copyright © 2020, Springer-Verlag GmbH 

Germany, part of Springer Nature 

2.1 Introduction 

Biofluids such as plasma or cerebrospinal are powerful in biomarker studies using clinical 

proteomics. However, the removal of highly abundant proteins (e.g., albumin) is often required as 

they dominate the total concentration of proteins. The relative fraction of total protein 

concentrations of these highly abundant proteins that make up CSF is showed in Figure 2.1.1 Wide 

spanning dynamic ranges  pose a challenge for detecting lower abundant proteins which tend to be 

important to answering biological questions at stake.2,3 Depletion methods effectively mitigate this 

problem by removing the 

abundant proteins from 

the sample before further 

preparation, usually using 

affinity antibody resins 

for specific protein 

removal.4 However, this 

method faces caveats that 

make it risky to utilize in 

clinical studies. These 

caveats include: 1) 

Figure 2.1. Distribution of highly abundant proteins in human 
CSF. Albumin dominates a large portion of the total protein 
concentration (60%). Values contained in the “other” category 
make up a fraction of <1% of the total protein concentration. 
Adapted from Roche, et al. 1 
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increased expense for depletion kits 2) the large amount of starting material needed as antibodies 

available become quickly saturated with protein targets and 3) the risk of co-depleting proteins 

bound to these highly abundant proteins.5,6 The large number of samples required for robust 

clinical studies, low starting volumes of precious biological samples, and the risk of co-depleting 

important proteins make depletion an unfeasible option. For this reason, we were interested in 

finding the best shotgun proteomics approach to survey the non-depleted CSF proteome.  

While original studies noted improvements in the performance of DIA compared to DDA 

in complex mixtures (e. g., cells and tissues)7–9, more recent studies have utilized DIA for the 

analysis of biological fluids.10–12 The requirement of a spectral library for appropriate sensitivity 

in DIA measurements can be a limitation to utilizing the method. However, Searle and coworkers 

showed that by generating an experimental chromatogram library, sensitive and reproducible 

measurements of HeLa cell peptides could be made with the use of a public spectral library at the 

cost of only a few extra injections in an experiment.7 In this work, we sought to determine the best 

acquisition method (e.g., DDA vs. DIA) in terms of sensitivity, reproducibility, and quantitative 

precision for peptide measurements in non-depleted CSF. We also investigated the efficacy of 

using a publicly available organism-specific spectral library vs a sample specific CSF spectral 

library built from data contained in repositories.13 

2.2 Materials and Methods 

2.2.1 Materials 

Ammonium bicarbonate (ABC), sodium deoxycholate (SDC), urea, dithiothreitol (DTT), 

iodoacetamide (IAM) and formic acid were all purchased from Sigma Aldrich (St. Louis, MO).  

Hydrochloric acid was purchased from Fisher Scientific (Pittsburgh, PA) and 0.01% acetic acid 

was purchased from RICCA chemical company (Arlington, TX).  A Pierce BCA Protein Assay 
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Kit, Vivacon500 30 kDa MWCO spin filters, and Pierce HeLa protein digest and BSA protein 

digest standards were purchased from ThermoFisher Scientific (Waltham, MA). HPLC grade 

acetonitrile and water were purchased from Burdick & Jackson (Muskegon, MI) and high purity 

nitrogen gas from Machine & Welding Supply (Raleigh, NC). Sequencing grade porcine trypsin 

was obtained from Promega (Madison, WI) and pooled human CSF from BioIVT (Westbury, NY). 

ReproSil-Pur 120 C-18 AQ 3 µm stationary phase was purchased from Dr. Maisch (Ammerbuch-

Entringen, Germany) to pack Pico-Frit columns from New Objective (Woburn, MA).  

2.2.2 Sample Preparation  

All CSF samples were prepared for shotgun proteomics via a modified filter-aided sample 

preparation method.14 Prior to digestion, protein concentrations were measured using a BCA assay. 

Protein concentrations were normalized by addition of appropriate amounts of 1% SDC solution 

in 50 mM ABC. Disulfide bonds were reduced via incubation at 60 ºC for 30 minutes with 5 mM 

DTT.  Free cysteines were alkylated with 15 mM IAM in the dark for 20 mins. 30 kDa MWCO 

filters were prepared with the addition of 20 µL of 50 mM ABC and 1% SDC solution for 

passivation. Protein samples were added to spin filters and centrifuged at 12,000 × g for 15 

minutes. The samples were then washed twice with 200 µL 50 mM ABC and 8 M urea solution 

and twice with 200 µL 50 mM ABC. The addition of every wash volume was followed by a 15-

minute centrifugation of the samples at 12,000 × g. 

Trypsin was reconstituted to a concentration of 0.1 µg/µL in 0.01% acetic acid and added 

to each sample at a 1:50 trypsin to protein ratio. Samples were shaken at 600 rpm at 37 ºC for four 

hours. Following digestion, the samples were spun for 15 minutes at 12,000 × g. They were then 

washed with a small amount of ABC solution and spun for a final 15 minutes at 12,000 × g. 
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Digestion was quenched with addition of HCl to a final concentration of 250 mM.  Samples were 

stored at -80º C until analysis.  

2.2.3 LC-MS/MS 

500 ng of pooled CSF digest were loaded onto a self-packed 2 cm trapping column prior 

to separation on a 20 cm self-packed reversed-phase analytical column. A 90-minute gradient was 

used, ramping from 100% mobile phase A (2% ACN in water + 0.1% formic acid) to 40% mobile 

phase B (80% ACN in water + 0.1% formic acid). This was followed by a 10-minute 100% mobile 

phase B wash and a 10-minute column re-equilibration to 100% mobile phase A. Eluting peptides 

were ionized by electrospray and mass analyzed by a hybrid quadrupole-orbitrap mass 

spectrometer (QE-HF, ThermoFisher Scientific, Breman, Germany). For comparison of data 

acquisition methods, 4 replicates of the pooled CSF sample were randomly acquired by both data 

dependent acquisition DDA and DIA.  

For DDA, a “Top 20” method was used in which, each cycle consisted of an MS1 scan 

from 400 to 1400 m/z at a resolving power of 120,000 at 200 m/z, automatic gain control (AGC) 

target of 1e6, and maximum injection time (IT) of 30 ms. MS2 scans were acquired with resolving 

power of 15,000 at m/z 200, an isolation window of 2.0 m/z, 60 ms maximum IT, 1e5 AGC target, 

and normalized collision energy (NCE) of 27.  For data dependent settings, the top twenty most 

abundant multiply charged species were selected for sequencing with an exclusion list of 20s to 

avoid repeated interrogation of abundant species.   

Four replicate injections were analyzed via a DIA “wide-window” method. Each cycle in 

this method consisted of an MS1 scan followed by 24 MS2 scans covering 400-1000 m/z space, 

and fragmenting precursors within a 25 m/z isolation window in each scan. MS1 scans of the 400-

1000 m/z precursor space were acquired using a resolving power of 30,000 at 200 m/z with a 
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maximum IT of 55 ms and an AGC target of 3e6. MS2 scans were acquired using a resolving 

power of 30,000 at 200 m/z with an AGC target of 1e6 and a maximum IT of 55 ms. A NCE of 27 

was used and all data was collected in centroid mode.7 All raw data is publicly available on 

Panorama. This experiment can be found on the Panorama repository on the Bereman Lab – NCSU 

project page under “Longitudinal Biomarkers in ALS CSF”, specifically under the DIA vs DDA 

folder on the Raw Data page. 

2.2.4 Chromatogram Library Generation 

In efforts to create the most sensitive library for peptide quantification, gas-phase 

fractionated DIA-MS was performed in the middle of data collection for each cycle. Six different 

injections of a pooled CSF sample were analyzed with each run covering 100 m/z from 400 to 

1000 m/z. Each gas-phase fractionated method consisted of an overlapping scheme as described 

by Amodei and coworkers.15 MS1 scans were acquired once per cycle with settings noted vide 

supra. MS2 scans of 4.0 m/z isolation width were overlapped between cycles, resulting in 2.0 m/z 

windows after demultiplexing. A resolving power of 30,000 at 200 m/z was used with an AGC 

target of 1e6 and a 55 ms maximum IT. An NCE of 27 was also used in these methods. 

2.2.5 Spectral Library Generation 

RAW files generated both in-house from previous experiments performed in the lab16 and 

downloaded from Proteome Xchange were used to create a CSF specific spectral library. RAW 

files were chosen from studies of CSF performed on Q Exactive instruments. Descriptions of these 

RAW files and their studies are provided in Table A.1. The RAW files were first analyzed using 

Proteome Discoverer 1.4. All RAW files were searched against the Uniprot Human FASTA 

database (modified March 16, 2019 containing 73,911 entries). 
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Result files were then imported into Skyline (version 19.0.9.190) to create a DLIB spectral 

library containing 43,716 peptides. This spectral library is publicly available on the Panorama 

repository on the Bereman Lab- NCSU Raw Data dashboard of the “Longitudinal Biomarkers in 

ALS CSF” project. 

2.2.6 DIA Database Searching  

RAW files were converted to mzML format and DIA files were demultiplexed using the 

MSConvert tool of the ProteoWizard package (Version 3.011417.) Narrow-window mzML files 

were used to generate an ELIB format chromatogram library in EncyclopeDIA (Version 0.8.2)7 

by searching them against a DLIB format spectral library. Results using the Pan-Human spectral 

library17 and the CSF specific library (see previous) were  compared. The CSF specific library was 

used to generate the longitudinal study chromatogram library. EncyclopeDIA was configured to 

searching the DIA RAW files with default settings to search for tryptic peptides and fragments.7 

For initial comparison between DIA and DDA, data contained in the DIA “quant reports” were 

used. 

2.2.7 DDA Database Searching 

RAW files were batch searched using the SEQUEST 18 algorithm within Proteome Discoverer 2.2 

software. Tryptic peptides at least 6 amino acids in length were searched for with a precursor mass 

tolerance of 5 ppm. Fragment b and y ions were searched with a mass tolerance of 0.02 Da. 

Methionine oxidation was searched as a variable modification while cysteine 

carbamidomethylation was searched as a static modification, and up to two missed cleavages were 

allowed. The data was then filtered using the Percolator19 algorithm to increase sensitivity and 

enforce FDR of 1%. 
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2.3 Results and Discussion 

While original studies noted improvements in the performance of DIA compared to DDA 

in complex mixtures (e. g., cells and tissues)7–9, more recent studies have utilized DIA for the 

analysis of biological fluids10–12. Thus prior to analysis of these precious biological samples, an 

experiment was performed to determine the best acquisition method (e.g., DDA vs. DIA) in terms 

of sensitivity, reproducibility, and quantitative precision for peptide measurements in CSF. In 

agreement with previous studies7,11, we found across eight replicate injections of pooled CSF 

digest that in general DIA (n=4) outperformed conventional DDA (n=4) across all metrics 

investigated.  DIA achieved 35% more peptide identifications than DDA, with an average of 3686 

peptides using the experiment specific chromatogram library generated from a CSF specific 

spectral library. On average, 2726 peptide were identified by DDA “Top 20” and 2817 

identifications were made with DIA using the Pan-Human spectral library (Figure 2.2A).17 

The consistency of the m/z isolation windows in DIA, compared to the stochastic sampling 

of DDA, provides higher reproducibility in peptide identification. Only 54% of the peptides 

identified via DDA were shared in all four replicates, whereas nearly all peptides (98%) were 

Figure 2.2. Comparison of DIA and DDA for CSF shotgun proteomics. A) Bar graph of average 
number and standard deviation of identified peptides in four replicates of each method. DDA 
(blue), DIA with a Pan-Human spectral library (green), and DIA with a CSF specific spectral 
library (red). B) Proportional Venn Diagrams comparing the number of peptide IDs shared 
amongst four DDA and four DIA replicates. 
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identified across the DIA procedure (Figure 2.2B). In addition, we investigated the precision of 

quantitation as a function of dynamic range for both acquisition methods. DIA achieved a higher 

precision of quantitation (p <0.05) across 3 quartiles of peptide abundances (Figure 2.3). 

Interestingly, DDA out-performed DIA in the quantitation of peptides across the lowest quartile 

of abundance. 

We investigated this observation further by median centering both distributions to 30.  As 

shown in the violin plots of these data (Figure 2.4), DIA identified a larger number of peptides at 

lower abundance. A Wilcoxon Rank Sum test rejected the null that the distributions are the same, 

adding statistical significance evidence to support this finding. Thus, we conclude that due to the 

increased dynamic range and the difficulties associated with quantitation of low abundant signals, 

increased noise, and a low number of points across peptide elution profiles are possible reasons 

for this result. 

Figure 2.3. Boxplots of peptide CVs across replicates abundance quartile. A dotted line marks 
20% CV. DIA outperformed DDA in terms of quantitative precision with lower and smaller 
distributions of % CV, except for in the lowest quartile comparisons.  
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2.4 Conclusions 

We found that the DIA method outperformed DDA in terms of peptide identifications, 

reproducibility of those identifications, and quantitative precision in CSF. These findings are 

important to note for future clinical proteomic analyses of the biofluid, including those detailed 

in the following Chapter.  
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. 

Figure 2.4. Violin plots comparing distributions of median centered peptide abundances. 
A Wilcoxon ranked sum test confirmed the difference in the distribution of abundances 
in the lowest quartile. Histograms of the lowest quartile for each distribution is inset for 
further visualization of the distributions.  
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CHAPTER 3: Analysis of the Proteome of CSF Derived from a Longitudinal ALS Cohort 

to Understand Disease Progression 

Reused with permission from: Mellinger, A.L., Griffith, E.H., Bereman, M.S. Analytical and 

Bioanalytical Chemistry, 2020, 412, 5465-5475. Copyright © 2020, Springer-Verlag GmbH 

Germany, part of Springer Nature 

3.1 Introduction 

Single timepoint studies are a straightforward and robust way of studying diseased 

populations, they are typically unable to resolve disease defining biochemistry from confounding 

variables within individuals. However, the biochemical influences of factors such as stress, diet, 

exercise, circadian rhythm, or even drug usage can be accounted for when the same patient is 

sampled repeatedly.1,2 In a heterogenous disease such as ALS, this type of experimental design is 

critical for both identification and validation of biomarkers. Herein, we use shotgun proteomics 

and DIA, based on results presented in Specific Aim I, to identify peptide biomarkers in CSF 

longitudinally collected from ALS patients. We first investigate the technical, inter-, and intra-

variability of peptide measurements made in this experiment and their contribution to the overall 

variance. We also examine the role of global inflammation in the progression of the disease. 

Finally, we develop a repeated measures linear model using peptides that minimize Akaike’s 

Information Criterion (AIC), a commonly used metric for model fit assessment. Using least 

absolute shrinkage and selection operator (LASSO) for variable selection. This regression analysis 

method provides interpretable models by minimizing the residual sum of squares subject to the 

sum of the absolute value of the variable coefficients being less than a specified constant. This 

constraint produces a subset of coefficients as 0, which means they can be removed for a simpler 

model. This selection method is amenable to a variety of statistical models, such as the linear 
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regression used here.3 The final model created from selected variables was a mixed-effects 

longitudinal model that serves as a quantitative model of disease progression. 

3.2 Materials and Methods  

3.2.1 LC-MS/MS 

De-identified longitudinally collected CSF samples from 15 ALS patients at 3-7 time 

points per patient (63 total samples) were obtained from the Northeastern Amyotrophic Lateral 

Sclerosis Consortium (NEALS) biorepository. Samples were prepared and analyzed following the 

agreement between the Bereman Laboratory and NEALS which focused on identification of 

protein biomarkers CSF. Smoking status of patients was unknown.  

Samples were digested in three cycles, the first two containing 23 ALS samples and the 

final cycle containing 17. Patient were blocked by day in efforts to minimize variability associated 

with sample preparation within each patient (Table 3.1). A pooled CSF sample containing both 

healthy and other neurological diseases was digested (as described previously in 2.2.2) with each 

cycle as a digestion quality control. Aliquots of each of the 63 biological samples were pooled 

together for chromatogram library generation.4 Digested samples were analyzed randomly by 

Table 3.1. Description of ALS patient cohort and digestion cycles. 



  51 

 

DIA-MS within each cycle. 500 ng of each digested sample was loaded for separation via reversed 

phase nanoflow liquid chromatography. Peptides were loaded onto a 2 cm trapping column 

(Acclaim PepMap 100 C18 HPLC, 0.075 mm diameter with 3 µm particle size, ThermoFisher 

Scientific) prior to separation on a 25 cm reversed phase analytical column (EASY-Spray HPLC, 

0.075 mm diameter with 3 µm particle size, ThermoFisher Scientific). A 90-minute gradient was 

used as described in 2.2.3 within Chapter 2. Eluting peptides were ionized by electrospray and 

mass analyzed by a hybrid quadrupole-orbitrap mass spectrometer (QE-HFX, ThermoFisher 

Scientific, Breman, Germany).  

Samples were analyzed using DIA-MS with a set isolation window of 12 m/z. Each cycle 

consisted of an MS1 scan followed by 50 MS2 scans covering 400-1000 m/z, and fragmenting 

precursors within a 12 m/z isolation window in each scan. Precursor MS1 scans of 400-1000 m/z 

were acquired using a resolving power of 60,000 at 200 m/z with a maximum IT of 55 ms and an 

AGC target of 3e6. MS2 scans were acquired using a resolving power of 15,000 at 200 m/z with 

an AGC target of 1e6 and a maximum IT of 25 ms. A NCE of 27 was used and all data was 

collected in centroid mode. All raw data is publicly available on Panorama. This experiment can 

be found on the Bereman Lab- NCSU project page under “Longitudinal Biomarkers in ALS CSF”, 

specifically under the Longitudinal ALS CSF folder on the Raw Data page. 

3.2.2 Quality Control   

Figure 3.1 shows the distribution of logged peptide abundances for every sample. One 

time point was a clear outlier based on these data and samples from this patient were removed 

from further analysis. Aside from this single outlier we did not observe any qualitative bias 

between digestion cycles, as evidenced by the similar distributions of abundances across samples 

and by the lower variability among the QC samples (median CV=16.3%).  
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3.2.3 Skyline 

Strict filtering of peptides found in the longitudinal data set was performed in Skyline 

(version 20.1.0.31). Quantitative wide window mzML files were searched against the library  

generated in EncylcopeDIA. Peptides with >10 ppm mass error, < 3 coeluting transitions, and 

unstable retention times, were filtered from the analysis data set. The Skyline files containing the 

full and filtered data are available on Panorama under the Panorama Dashboard of the Bereman 

Lab- NCSU, specifically within the “Longitudinal Biomarkers in ALS CSF” project.  

3.2.4 Multivariate Analysis 

Peptide abundances, after manual inspection in Skyline, were imported into Rstudio 

(Version 3.6.1)5 for further analysis. Packages including nlme, caret, ggplot2, MASS, glmnet, 

tidyr, and dplyr were utilized. All statistical analyses were performed after log2 transformation of 

the abundances. Highly correlated peptides were removed in efforts to limit the error in predictions 

and maximize the interpretability of the mathematical model. This was done using a filtering 

function that compared highly correlated peptides (absolute value pair-wise correlation coefficient 

Figure 3.1. Boxplot of the log2 peptide abundances of each sample. Each patient is indicated by 
a new color. One outlier was discovered.  The reason for the low abundances is unknown, but 
could be attributed to poor digestion efficiency, a bad injection, or human error in the preparation 
process. This patient was excluded from subsequent analyses.  
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> 0.6) and removed the peptide with the largest mean absolute correlation. This process left 96 

peptides for model selection. A LASSO regression was utilized and cross-validated to select 55 

peptides that explained 99% of the deviation in a linear model of ALS-FRS score. Any peptides 

shared by the same proteins were filtered, with the single best fitting peptide selected based on a 

lower model AIC and p-value. Using forward selection to minimize AIC for overall model 

performance6, the remaining 44 peptides were investigated as fixed effects to model ALS-FRS 

score, along with the years from disease onset and the site of disease onset. A mixed-effects model 

was generated that accounted for each patient with a random intercept. R script detailing this 

procedure is available within Appendix B.  

The best-fitting model contained 28 peptides as fixed effects along with time and disease 

onset site. Diagnostic plots were used to assess model fit. A negative control model was tested by 

permuting the peak areas within the data set. The new random variables were added to a model in 

a similar forward selective manner. The proteins represented by each peptide were investigated for 

possible biological significance using Ingenuity Pathway Analysis (IPA) (Version 49932394), 

StringDB (Version 11.0), and Cytoscape (Version 3.7.2). 

3.2.5 Global Inflammation Study 

In order to investigate the change in global inflammation within patients, 2-3 peptides from 

17 proteins associated with inflammatory response (DAVID, Version 6.8) were filtered through 

Skyline (file available on Panorama with Skyline files mentioned previously) and then imported 

into Rstudio (filtering described above.) The inflammatory proteins and representative peptides 

used are listed in Table B.1. To calculate an inflammatory index, the median peak area of these 

peptides was taken for each sample. Each patient’s first visit was defined as the baseline. The fold 

change of the inflammatory index from baseline was calculated at each time point and log2 
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transformed. The rate of disease progression was calculated by dividing the difference in FRS by 

the change in months between each visit.  For each patient, we plotted the rate of disease 

progression against inflammatory index fold change and investigated the linear regression between 

these two metrics7.  

3.3 Results and Discussion 

The patient cohort analyzed in this study is summarized in Figure 3.2. The sample set 

consisted of male and female along with bulbar and limb onset patients. For these 15 patients, 3-7 

samples per patient were collected over the course of a couple years (1.5 +/- 0.7 years on average, 

approximately 3-5 years from diagnosis of the disease) with a few months in between collection 

times. The average age of patients at their first visit was 58.5 years (+/- 9.2 years) (Figure 3.2B/C). 

ALS-FRS scores ranged from 19-45 out of the 48-point scale, with an average decrease of 7.4 

points among patients from first to last visit (Figure 3.2D). The ratio of ALS-FRS score to months 

from symptom onset was used to visualize disease progression8. This cohort had a median 

progression rate of 0.256 points/month (interquartile range of 0.192 points/month) (Figure 3.2E). 

Samples were digested in 3 cycles (1 cycle per day) and randomized before sequencing for analysis 

(Figure 3.2F). 

3.3.1 Peptide Variability in ALS 

Several studies have investigated the intra-individual protein variability in plasma;9–11 

However, little is known about the protein dynamics in CSF especially in neurodegenerative 

diseases. CSF not only serves as a protective fluid for the central nervous system, but also functions 

as a bridge between the central nervous system and other biological symptoms in the body. 

Therefore, most proteins in CSF are produced in blood plasma, and diffuse into CSF through the  
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Figure 3.2. Summary of patient cohort analyzed. A) CSF samples were collected via lumbar 
puncture over the course of patients’ disease. B) Bar-graph describing distribution of sex, 
disease onset, and age by sex. C) Averages of factors describing disease progression of 
patients. D) Scatterplot of ALSFRS scores over the years from symptom onset to collection 
date. Color by patient. E) Distribution of “progression index” describing disease progression 
at each visit. Progression index is defined as the ratio of the difference of 48 and the patient’s 
measured score at collection to the months from symptom onset at that measured point. F) 
Summary of experimental design. Figure was partially created using images purchased in the 
PPT Drawing Toolkits-BIOLOGY Bundle from Motifolio, Inc. 
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blood-brain barrier at the choroid plexus.12 Approximately 20% of the proteins in CSF are 

specifically brain derived.13,14 In our longitudinal study of CSF, the reproducibility of peptide 

identification on average within patients was 96.5%, where peptides with three or more fragment 

ions were detected in at least two samples from an individual patient. Figure 3.3A displays the 

variability (%CV) of peptide abundances across the sample set. The total median variability of 

peptide abundances quantified across the sample set was 37 %CV with an interquartile range (IQR) 

of 26%. The median of the within patient peptide abundance variabilities was 18 %CV while the 

technical variability from the digestion replicates was 16 %CV (Figure 3.3B). We can use these 

medians to estimate the contribution of biological and technical variability to the total experimental 

variability.15  

(3.1) 𝐶𝐶𝐶𝐶    𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝐼𝐼 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 & 𝑇𝑇𝑇𝑇𝑇𝑇ℎ𝐵𝐵
2 = 𝐶𝐶𝐶𝐶    𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝐼𝐼 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵

2 + 𝐶𝐶𝐶𝐶    𝑇𝑇𝑇𝑇𝑇𝑇ℎ𝐵𝐵
2  

17.82 = 𝐶𝐶𝐶𝐶    𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝐼𝐼 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
2 +  16.22 

𝐶𝐶𝐶𝐶    𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝐼𝐼 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
2 = 316.8 − 262.4 = 54.4  

𝐶𝐶𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝐼𝐼 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 7.4 

(3.2) 𝐶𝐶𝐶𝐶   𝑇𝑇𝐵𝐵𝐼𝐼𝐼𝐼𝐵𝐵
2 =   𝐶𝐶𝐶𝐶   𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑟𝑟 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵

2 + 𝐶𝐶𝐶𝐶    𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝐼𝐼 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
2 + 𝐶𝐶𝐶𝐶   𝑇𝑇𝑇𝑇𝑇𝑇ℎ𝐵𝐵 

2  

36.82 = 𝐶𝐶𝐶𝐶   𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑟𝑟 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
2 +  7.42 +  16.22 

𝐶𝐶𝐶𝐶    𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑟𝑟 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
2 = 1354.2 − 54.4 − 262.4 = 1037.0 

𝐶𝐶𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑟𝑟 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 32.2 

First, we solve Equation 3.1 to estimate exclusively the contribution of the biochemical 

intra-variability (CVIntra BioV, i.e., without technical variability) to measurements within patient time 

points.  The estimated contribution of the within peptide biological variability is 7.4 %CV which 

suggests that the CSF proteome is tightly regulated within an individual.  This high reproducibility 

is further exemplified in PCA space as individuals qualitatively show clustering closer than 
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distances between individuals (Figure 3.3C). In solving Equation 3.1, we find that most 

variability in peptide abundances is attributed to between individual variability (32.2 %CV). 

Consequently, the overall estimated contributions to variance of the experiment (CV2
Total in 

Equation 3.2) were from inter-biological variance (76.6%) > technical variance (19.4%) > intra-

biological variance (4.0%) (Figure 3.3D). These data agree with a small two time-point study of 

six healthy patients that the between individual variance is much greater than within individual 

variance.16 These data will help focus efforts to improve the precision of CSF peptide 
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Figure 3.3. A) Boxplot of peptide coefficients of variation within patient specific samples. B) 
Boxplots showing distribution of patient median %CVs (intra), %CVs of median peptide 
abundances between patients (inter), and %CVs across QC samples (technical). C) Principal 
Component Analysis of peptides detected in samples. QC samples and samples from patient 1 
are circled, points are colored by patient.  D) Pie chart of contributions to total variance of 
technical, intra, and inter variability.   
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measurements (i.e., technical variability) and will be important for the design of future experiments 

(e.g., power calculations). 

Next, we investigated proteins and respective metabolic pathways that were highly 

regulated versus more variable within individuals. By taking the intersection of all peptide 

abundances with a %CV of less than 20% within individuals, proteins found in both complement 

activation and coagulation cascade were reproducible. Complement activation and coagulation 

pathways are the front lines of defense upon cellular injury and more recently have been found to 

communicate with each other. Interestingly both pathways have been linked to ALS and proteins 

from these pathways are elevated in ALS CSF compared to controls17. These data suggest a 

sustained activation of both pathways in ALS. After removal of likely contaminant proteins (the 

top 10% most variable proteins), we did not observe any clear enrichment of pathways related to 

these proteins that were deemed more variable (%CV greater than 20%).      

3.3.2 Longitudinal Biomarkers 

Although the specific mechanisms of disease pathogenesis remain unresolved, the 

association of neuroinflammation in the progression of ALS and its contributions to motor neuron 

death have been reported. However, inflammatory response has been found to have both protective 

and toxic effects on the system, depending on the stage of the disease. Most evidence of this dual 

nature of immune response is limited to the mouse model of the familial form of ALS. This hinders 

success in translating preclinical progress targeting neuroinflammation into proper therapeutic 

trials for the more common sporadic form of the disease in humans.18–20 We were therefore 

interested in testing the hypothesis that inflammation is involved in disease progression within our 

human cohort (Figure 3.4). This is indicated by a negative association, or a faster loss in points 
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on the ALS-FRS with increased inflammation (i.e., neurotoxicity). A positive association indicates 

that increased inflammation leads to a slower decline on the scale (i.e., neuroprotective effects).  

In these patients, the log2 fold changes from baseline of the inflammatory proteins ranged 

from -0.81 to 1.32. In most patients in this study, we observed a neurotoxic effect where marginal 

increases in fold change of these proteins resulted in faster decline on the ALS-FRS per month. 

Estimates ranged from -0.13 to -4.26 points per month with increases in fold change. The 
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Figure 3.4. Rate of disease progression as a function of inflammatory response. Neurotoxic 
effects are represented by a loss of points on the ALS-FRS with an increase in inflammation, 
or a negative slope. Neuroprotective effects are therefore represented by a positive slope. 
Significant evidence of both negative and positive linear relationships is displayed (Patients 
5 and 15, respectively) within this cohort.   
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relationship in patient “5” reached high statistical significance (p<0.05) while patients “2”, “10” 

and “14” showed moderate evidence of such a relationship (p<0.1). However, several patients also 

exemplified positive linear relationships, patient “15” reaching high statistical significance and 

patient “12” reaching moderate significance of a neuroprotective effect. These positive estimates 

ranged from 0.30 to 3.63 points per month with increases in fold change. These data lead to the 

possible conclusions: 1) That inflammation is both protective and toxic in ALS and its role may 

depend on the stage of disease, subtype, and or individual; 2) Due to the marginal significance 

observed, this group of proteins may be a poor gauge of neuroinflammation in ALS or 3) The FRS 

is a poor indicator of disease progression driven by neuroinflammation in ALS. Regardless, more 

research is needed of inflammation’s role in ALS with the view that a dynamic modulation of the 

immune system could be most therapeutic when approaching new treatments for the disease.18,21 

Next, we took a global approach to investigating the efficacy of peptide measurements in 

describing disease progression in a quantitative manner. A summary of the approach used for 

peptide filtering and selection for mathematical modeling of ALS-FRS score is described in Figure 

3.5A. 6396 peptides were identified in EncyclopeDIA software (corresponding to 951 proteins). 

The large number of identifications were filtered in Skyline to ensure signals were reproducible 

and quantifiable.   Subsequently, a set of 96 non-collinear high confidence peptides were narrowed 

down using LASSO variable selection followed by filtering of protein sharing peptides. There does 

not yet exist a LASSO algorithm for mixed-effects models. However, we found using this 

approach for a general linear regression to be effective in selecting an appropriate number of 

peptides that could be manually tested using forward selection in a mixed-effects linear model of 

ALS-FRS. Finally, these 44 potential peptides were tested as fixed effects using forward selection 

in efforts to minimize the AIC 6,22 in the linear mixed-effects model. A random effect to account 
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for individual patients was included in the final model. In minimizing AIC (Figure 3.5B), we 

found that a minimum of 308 was reached with 30 variables as fixed effects. Time (years from 

disease symptom onset) and location of disease onset (limb vs bulbar) were included as fixed 

effects within the model along with 28 peptides to generate a well-fitting model of the ALS-FRS 

scores of this sample cohort. The top 12 peptides with the largest slope estimates of the final model 

are shown in Figure 3.5C. (All estimates are included in Table B.2.) The proteins for which these 

peptides provide the most evidence according to the EncyclopeDIA search algorithm is also 

included. The peptide slope estimates ranged from -7.87 points per increase in peptide log2 peak 

area to 5.49 points per increase log2 peak area, with several peptides having high evidence (p<0.05) 

of a linear slope not equal to zero. After accounting for other fixed effects, time was found to 

Figure 3.5. Mixed-effects model generation to predict ALS-FRS score via peptide 
measurements. A) Data analysis workflow and generation of a longitudinal model using peptide 
data to fit ALS-FRS scores. B) Forward selection of peptides as fixed effects after initial 
filtering and LASSO selection to minimize AIC. Negative control model was also created with 
permuted data. C) Summary of top contributing peptides to model. D) Plot comparing the 
patient scores predicted with model vs actual patient scores. Points colored by patient. Dotted 
refers to where the model predicted score is equal to observed score. E) Diagnostic residual 
plot.  
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linearly decrease score by 2.74 points per year from symptom onset and limb onset patients were 

found to have a score 11.3 points higher on average than patients with bulbar onset. The final 

model had an AIC of 308, compared to a null model AIC of 391.  

Model fit was investigated by comparing the scores predicted using the model with the 

actual scores measured in the data set. Predicted and observed scores were nearly linear (Figure 

3.5D). Residuals were randomly scattered around zero (Figure 3.5E) indicating constant 

variance.23 A negative control model was also fit to predict ALS-FRS scores. Adding randomly 

selected variables did not decrease AIC values beyond the minimum found with forward selection 

(Figure 3.5B). To our knowledge, this is the first global proteomics study resulting in an effective 

and strictly quantitative longitudinal model of ALS disease progression. The variables within the 

model and their linear relationships with ALS-FRS are another interesting result. Several proteins 

selected for the model have already been implicated with ALS in cross-sectional studies. We found 

that alpha-1 antitrypsin (SERPINA1) decreased scores by 0.94 points per increase in log2 peak 

area indicating that it increases with disease progression. Brettschneider and coworkers found this 

protein elevated in ALS patients. However, they found reduced levels ceruloplasmin precursor, 

whereas we found that it also increases with disease progression (1.18 decrease in points with 

increase in logged peak area) after accounting for other fixed effects.24 Similarly, we found that 

transthyretin decreased score by -3.97 points per increase in logged peak area while it has been 

previously shown to be decreased in ALS patients vs healthy controls.25 Other proteins included 

in our model have been previously implicated in neuromuscular degenerative diseases, and these 

are marked in Table B.1.  

In addition, we wanted to explore the biological relationships that might have led to the 

simultaneous selection of these proteins for this model. An investigation of the interaction network 
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of the proteins included in this model is shown in Figure 3.6. Seventeen of the proteins create a 

significant interaction network. Within the interaction network, 11 proteins were associated with 

response to stress, and seven of these proteins had a negative estimate in the linear model. Three 

immune response related proteins also had a negative estimate (out of five identified), along with 

four out of five proteins identified as components of neuron projection. These findings further 

emphasize the important role of inflammation and stress response in the tracking of disease 

progression. 

Figure 3.6. Network interactions of proteins with peptide representation in model. Node color 
represents the estimate value (blue represents a negative estimate, i.e., increase with disease 
progression; red represents a positive estimate, i.e., a decrease with disease progression.) 
Diamond shaped nodes have a p-value <0.05. Nodes with a green ring are associated with the 
Reactome pathway “innate immune system.” Dark blue ringed nodes are associated with the 
“response to stress” GO Process while light blue rings are associated with the “neuron projection” 
GO Component. 
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3.4 Conclusions 

A quantitative mathematical model of ALS patient disease progression was created by 

measuring changes in CSF peptide abundance. This model was successful in relating objective 

proteomic measurements in CSF to ALS-FRS, the current gold standard in monitoring disease 

progression. Further targeted studies and validation of these results should be undertaken in an 

independent cohort. However, this is a promising preclinical step supporting the efficacy of 

proteomic measurements in quantitative and objective modeling of ALS patient disease 

progression.  
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CHAPTER 4: Detailing a Method for Discovery Proteomics of Human Placental Tissue 

Reused with permission from: Mellinger, A.L., McCoy, K., Minior, D.A.T., Williams, T.I. Rapid 

Communications in Mass Spectrometry, 2021, e9189. Copyright © 2021 John Wiley & Sons Ltd 

4.1 Introduction 

A label-free proteomics workflow for placental tissue analysis is described, one which 

allows modelling and exploration of toxicant exposure during gestation. Placental tissue from 

women who have engaged in recreational drug use during pregnancy can be investigated to 

determine proteins affected by such exposure. Understanding the natural detoxification processes 

of the human placenta could potentially assist in identifying targets for prenatal therapies to reduce 

the effects of toxicants on developing fetuses. A label-free proteomic method has been developed 

to confidently identify a robust number of protein targets within each tissue sample. When 

considering under-studied systems such as the human placenta, and ailments associated with 

abnormalities in placental function, discovery-based proteomics can serve as an effective platform 

for future hypothesis-driven investigations of placental function. Nine different tissue sections 

from each placenta were combined to form one sample for the work described here, to survey 

information across the entire placenta. This protocol can be applied to a large amount of placental 

tissue (~1-2 grams).1-6 Although human tissue is specifically described in this protocol, this 

procedure may be used to study placental tissue from other mammals. However, the protein 

database against which the data is searched should be appropriate for the organism that is being 

studied. 

4.1.1 Key Points 

 Label-free Discovery Proteomics  Homogenization of >1 g placenta tissue 

 Can be performed in ~3 days’ time, post placental tissue collection and sampling. 
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4.1.2 Acronyms and Abbreviations 

 ABC: Ammonium bicarbonate 

 AGC: Automatic gain control  

 BCA: Bicinchoninic acid 

 DDA: Data dependent acquisition 

 DTT: Dithiothreitol 

 FASP: Filter Aided Sample Preparation 

 HCD: Higher-energy collision-induced dissociation 

 HCl: Hydrochloric acid 

 HCOOH: Formic acid 

 IAA: Iodoacetamide 

 MPA: Mobile phase A 

 MPB: Mobile phase B 

 MWCO filter unit: Molecular weight cut off filter unit 

 PBS: Phosphate buffered solution 

 PD: Proteome Discoverer 

 QC: Quality Control 

 RBC: Red blood cells 

 SDC: Sodium deoxycholate 

 [A]: signifies an important step in this protocol where alternative methods exist that 

may be used but were not tested here.  

 

 



  71 

 

4.2 Materials and Methods 

4.2.1 Materials  

 Stainless steel beads (Fisher Scientific Catalog # 50-153-2314)  

 Glass scintillation vials (Fisher Scientific Catalog # 03-341-25D)  

 Vivacon-500, 30 kDa MWCO filters (Sartorius Catalog # VN01H22ETO) 

 1.5 mL Low Retention Eppendorf Tubes (Fisher Catalog # PI90410) 

 15 mL Falcon Tubes to prepare FASP solutions (Fisher Catalog # 05-527-90) 

 50 mL Falcon Tubes to prepare FASP solutions (Fisher Catalog # 14-959-49A) 

 Oven, 37oC and 60oC (Fisher Catalog # 11-475-153) 

 Acclaim PepMapTM C18 trap column (Thermo Scientific Catalog # 164946) 

 PepMapTM C18 column (Thermo Scientific Catalog # ES802A) 

 Autosampler vials and caps (Fisher Catalog # C4011-13 and 60180-676) 

 Omni handheld homogenizer probe (Fisher Catalog # 15-340-167) 

 Omni homogenizer tips (Fisher Catalog # 15-340-100) 

 Fisherbrand Isotemp Shaker (Fisher Catalog # 02-217-741) 

 IBI Scientific “The Belly Dancer” Orbital Platform Shaker (Fisher Catalog #15-453-211) 

 Fisherbrand accuSkan FC Filter-Based Microplate Photometer (14-377-575) 

 Thermo Scientific Sorvall Legend Micro 21 Microcentrifuge (Fisher Catalog #75-772-436) 

 Eppendorf Microcentrifuge 5430R (Fisher Catalog #05-100-180) 

 Fisherbrand Model 505 Sonic Dismembrator (Fisher Catalog FB5050110) 

 Analytical balance 

 Graduated cylinders, 10-500 mL are preferable 

 Glass solvent bottle, 1 L 
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 Metal spatula to dispense solid reagents 

 Weight boats to measure solid reagents 

4.2.2 Chemicals 

 Optima LC/MS Grade water (Fisher Scientific Catalog # W6-4) 

 Optima LC/MS Grade ACN (Fisher Scientific Catalog # A955-4) 

 Formic acid (Fluka Catalog # 94318-50ML) 

 Ammonium bicarbonate (Millipore Sigma # 09830) 

 Sodium deoxycholate (Millipore Sigma # D6750) 

 Acetic acid (Fisher Scientific Catalog # 143-16) 

 Hydrochloric acid (Fisher Scientific Catalog # 60-007-63) 

 Dithiothreitol (BioRad Catalog # 161-0611) 

 Iodoacetamide (BioRad Catalog # 163-2109) 

 Urea (BioRad Catalog # 161-0730) 

 Sequencing Grade Modified Trypsin (Promega Catalog # V5111) 

 Pierce Standard LC/MS Grade BSA Protein Digest (Thermo Scientific Catalog # 88341) 

 Pierce Standard HeLa Protein Digest (Thermo Scientific Catalog # 88329) 

 BCA Protein Concentration Assay (Fisher Scientific Catalog # 23225) 

 Roche Protease Inhibitor (Millipore Sigma Catalog # 04693116001) 

 Halt Protease Inhibitor (Thermo Scientific Catalog # 78430) 

 Phosphate buffer solution (Fisher Scientific Catalog # BP661-10) 

 Pierce BCA Protein Assay Kit (Catalog # 23225) 
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As with any proteomics sample preparation workflow, the samples, workspace, reagents 

and equipment should be safeguarded from keratin contamination. Keratin originates from skin 

and hair as well as dust, clothing and even latex gloves. If keratins are present in high 

concentrations, they can interfere with mass spectrometry analyses, rendering loss in signal and 

decreased identification of potentially interesting proteins. In the case of placental tissues, 

samples should also be adequately rinsed with ample quantities of sterile solution in order to 

minimize presence of maternal red blood cells (RBCs). Sterile water and phosphate buffered 

solution (PBS) with Halt protease inhibitor are used during various stages to ensure placental 

tissues are amply rinsed to minimize risk of contamination. Indeed, the issues with presence of 

haemoglobin from maternal RBCs can be similar to those with unwanted keratin presence in 

these proteomics samples. Workspaces and equipment should be kept clean, reagents should be 

prepared fresh (in clean containers) and gloves should be changed frequently. Leaning over the 

workspace must be avoided. Reading through the protocol in advance and pre-labelling any 

containers that are needed is recommended. Samples will change containers multiple times 

throughout the workflow and so keeping track of samples will be particularly important. 

4.2.3 Collection of Tissues for Proteomic Analysis7-9 

4.2.3.1 Placental Collection and Storage 

Once a study participant infant is delivered and the study team has confirmed with the 

maternal medical team that the placenta was not intended for pathology review, the study team 

collects the umbilical cord and placenta. Placentas should be placed in freezer-safe plastic 

containers or wrapped in aluminum foil and placed into a plastic freezer bag for temporary 

storage at 4°C. Samples are transferred to -80°C within 24 hours, in keeping with data from 

Sjaarda et al., 2018 who determined that refrigeration for up to 24 hours prior to 
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processing/storage does not compromise results. Placentas are kept in secure storage at -80°C 

until time of sampling. Given the often-unpredictable timing of placenta availability and the 

need to ensure timely collection and storage, it is important to designate key personnel and 

procedures well in advance in order to maximize efficiency and safeguard the integrity of 

samples.  For the results reported in this study, a total of 64 placental samples were collected 

between September 2017 and August 2019. Of these, 20 samples (including 7 exposed and 13 

controls) met inclusion criteria and were subsequently analyzed using the proteomics workflow 

detailed here.  

4.2.3.2 Placental Sampling Protocol 

Processing Time: 30-60 minutes per placenta 

Frozen samples are removed from -80°C and allowed to thaw at 4°C for approximately 

18-22 hours. Placentas are placed with umbilical cord side up on a stainless-steel tray placed 

on top of frozen steel beads to keep tissues cold during processing. Punch biopsies are obtained 

in a 3x3 grid pattern from the left, middle, and right sides of the placenta per 3 rows, for a total 

of 9 biopsy samples to represent centrally and peripherally located tissues based on the 

systematic uniform random approach suggested by Mayhew, 2008. This sufficiently exceeds 

the minimum 4 samples per placenta to generate representative data suggested by Burton et al., 

2014. Each sample is taken with a 6 mm diameter biopsy punch. However, since placentas are 

different thicknesses, each core varies in mass between approximately 1.2 to 3.8 g. Photograph 

of this procedure is shown in Figure 4.1. Core samples are rinsed three separate times in PBS 

with Halt protease inhibitor on ice for 5 minutes each to remove maternal blood and leukocytes, 

possible confounders for proteomic analysis.9 All nine core samples from each placenta are 

placed into glass scintillation vials. Samples are stored at -80°C until they are processed. 
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4.2.4 Preparation of Placental Tissues for Proteomic nanoLC-MS/MS Analysis 

Time Commitment: 2-3 days 

4.2.4.1 Preparation of Buffers Prior to Tissue Processing [A] 

Processing Time: 30-45 minutes.  

Buffers should be made fresh on the day of the sample preparation step. to prepare in 

advance, only measure out dry reagents and make appropriate solutions on the morning of 

sample preparation (Tables 4.1 and 4.2).  

Table 4.1. Preparation of rinsing solution, protease inhibitor in water. 
 
Processing time Step Comments / Tips 

 
15-30 minutes 

Measure out water scaled to appropriate 
amount needed. At least 25 mL per sample 
will be needed, but if tissues appear very 
bloody, more might be needed. High 
quantities of haemoglobin from blood can 
dominate mass spectrometry signal and 
diminish identifications of other interesting 
proteins. Add to glass solvent bottle. 

Scaling Example: 
It is a good idea to prepare 
additional volume for 
ample supply. For 5 
washes of 20 samples: 
5 mL × 5 rounds × 20 
samples + 50 mL extra 
volume = 550 mL 

 
 
 
 
 
 
 
 

Figure 4.1. Photograph of placenta tissue collection.  
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Table 4.1 (continued.)  
 
 

Add one Roche Protease Inhibitor Tablet for 
every 50 mL water per manufacturer’s 
instructions. Shake until dissolved. 

If samples are very bloody, 
additional rinse steps can 
be applied. For example, it 
might take 10 wash steps 
(50 minutes total shaking, 
50 mL rinsing solution per 
sample) to rinse out most 
of the blood from the 
sample. 

Rinsing solution should always be kept on 
ice. 

 
 
 
Table 4.2. Preparation of lysis buffer, 50 mM ABC, and 1% SDC (w/v) with protease inhibitor, 
500 mL.  
 
Processing 
time Step Comments / Tips 

 
15-20 minutes Measure out 2.0 ± 0.1 g ABC and add to glass 

solvent bottle. 

If necessary, this step can be 
scaled down to preserve 
reagents. The following 
should be considered when 
scaling: 

□ 10 mL per sample to 
submerge sample 
tissue (more or less, 
depending on amount 
of sample) 

□ Volume needed as a 
blank for protein 
quantitation method 

□ Volume need to 
rinse sonicator probe 
(~ 3 mL per sample 
to prepare 3 fresh 
tubes for rinsing) 

Measure out 5.0 ± 0.1 g SDC and add to same 
glass solvent bottle. 

Add 500 mL of water to glass solvent bottle. 
Shake well until reagents are fully dissolved. 

Add 10 (one for every 50 mL buffer) Roche 
Protease Inhibitor Tablets. Shake until 
dissolved. 

Note that lysis buffer should always be kept on ice. 
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4.2.4.2 Preparation of Reducing and Alkylating Agent Aliquots Prior to Proteolytic Digestion [A] 

Processing Time: 30-45 minutes (Tables 4.3 and 4.4). 

Table 4.3. Preparation of reducing agent, dithiothreitol (500 mM). 

Processing time Step Comments / Tips 
 
15-30 minutes 

Weigh out 77.1 ± 0.1 mg of dithiothreitol into 
an Eppendorf tube. 

Prepared DTT solution can 
be stored at -20°C for at 
least 1 month. 

Reconstitute in 1 mL of water. 

Vortex. 

Aliquot solution into Eppendorf tubes in 20 µL 
volumes and store at -20°C until ready for use. 

 
  

Table 4.4. Preparation of alkylating agent, iodoacetamide (500 mM). 

Processing time Step Comments / Tips 
 
15-30 minutes 

Prepare in as little light as possible. Compound 
is sensitive to light. 

Prepared IAA solution can 
be stored at -20°C for at 
least 1 month. 

Weigh out 305 ± 0.1 mg of iodoacetamide into 
a 15 mL Falcon tube. 

Reconstitute in 3.3 mL of water. 

Vortex. 

Aliquot into Eppendorf tubes (volumes 
appropriate for a 6 µL aliquot per sample, 
between 30 µL and 150 µL for example) and 
store at -20°C in the dark until ready for use. 

 

4.2.4.3 Preparation of Protein Solubilization Buffers Prior to Proteolytic Digestion [A] 

Processing Time: 45-60 minutes  

Buffers should be made fresh on the day of digestion, to maintain buffer strength. To 

prepare in advance, only measure out dry reagents and add water on the morning of digestion 

(Tables 4.5-4.7). 
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Table 4.5. Preparation of 50mM ABC with 1% (w/v) SDC. 

Processing time Step Comments / Tips 
 
15-30 minutes 

Measure out 79.1 ± 0.1 mg ABC and add this to 
a 50 mL Falcon Tube. 

Carefully tip the Falcon 
Tube on its side before 
adding water. This 
prevents SDC from 
getting stuck in the bottom 
of the Falcon Tube and 
helps it to dissolve 
completely. 

Measure out 200.0 ± 0.1 mg SDC and add to 
same Falcon Tube containing ABC. 

Add approximately 10 mL water and vortex 
until dissolved. Allow bubbles to settle. If necessary, 

centrifugation can help 
minimize bubbles from 
SDC. 

Add water until solution reaches the 20 mL 
mark on the Falcon Tube. Vortex and allow 
bubbles to settle.  

 

Table 4.6. Preparation of 50 mM ABC (only). 

Processing time Step Comments / Tips 
 
15-30 minutes 

Measure out 79.1 ± 0.1 mg ABC into a 50 mL 
Falcon Tube. 

The pH of ABC buffers in 
this protocol should be 
about 7.8. 

Add approximately 5 mL water and vortex 
until fully dissolved. 
Add water until solution reaches the 20 mL 
mark on the Falcon Tube. 

 

Table 4.7. Preparation of 50 mM ABC and 8 M urea. 

Processing time Step Comments / Tips 
 
15-20 minutes 

Measure out 79.1 ± 0.1 mg ABC into 50 mL 
Falcon Tube. 

This will seem like a large 
volume of urea and will 
take a lot of time to fully 
dissolve. Add water 
carefully and slowly to 
avoid adding over the 20 
mL point. Warming in 
your hands will help with 
dissolution. Do not heat 
the solution. 

Measure out 9.8 ± 0.1 g urea into same Falcon 
Tube. 

Add 10 mL water and vortex until mostly 
dissolved. 

Bring up to 15 mL mark with water. Vortex for 
a few minutes until mostly dissolved. 
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Table 4.7 (continued.)  
 Add water until solution reaches the 20 mL 

mark on the Falcon Tube. 
 

 

4.2.4.4 Safety Precautions 

BSL2 facilities were used, and all contaminated materials and waste were appropriately 

autoclaved before disposal. Standard laboratory Personal Protective Equipment (PPE) should be 

worn during these experiments; this includes safety glasses, a clean lab coat or disposable gown, 

and disposable gloves. Since human tissues were involved, we also recommend masks and hair 

covers as part of standard PPE. This also minimizes risk of keratin contamination of samples. 

Homogenization/sonication of tissues should take place under a hood. Upon completion of 

sampling, excess tissue samples should be appropriately disposed of via approved human tissue 

waste disposal routes only. (Table 4.8)  

4.2.4.5 Tissue Preparation (1-2 days) [A] 

Processing Time: 9-10 hours 

For a 3-day preparation, consider completing this step separately. This is recommended for 

larger quantities of samples (>10). It can be done right after tissues are collected/received. For a 

2-day preparation, consider completing as a first step and following with homogenization. All 

buffers and tissues should be kept on ice to prevent degradation of the tissue and indiscriminate 

cleavage of proteins. (Tables 4.8-4.11) 
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Table 4.8. Rinsing blood from samples.  

Processing time Step Comments / Tips 
 
2-3 hours 

Prepare rinsing solution fresh on day of use (see 
above, Table 1). Solution should always be 
scaled based on the number of samples and kept 
on ice after preparation. 

This can be done on a 
separate day. 
Depending on how 
many samples are being 
processed or how many 
rinses are required to 
remove as much visible 
blood as possible, this 
step may require longer 
net processing time. 
 

Add 5 mL protease inhibitor solution to each 
sample. Samples should be kept on ice 
throughout entire washing procedure. 

Shake samples on BellyDancer shaker at the 
highest speed possible while on ice for 5 
minutes. 

Replace inhibitor solution with fresh 5 mL, and 
repeat process five times for a total of 25 
minutes of shaking (or more as needed, see tip). 

*End of Day 1 out of 3* 

 

Table 4.9. Tissue homogenization. 

Processing time Step Comments / Tips 
 
3-4 hours Prepare lysis buffer (see above, Table 2). Lysis 

buffer should be kept on ice at all times. This step should take 
place under a hood. 
 
This can be done on a 
separate day. 
Depending on how 
many samples are being 
processed, this step may 
require longer net 
processing time. 
 

Add 10 mL of cold lysis buffer to each tissue 
container. Tissue should be submerged in 
buffer. Tissues should be kept on ice. 
Using the Omni handheld homogenizer under a 
hood, homogenize each sample individually on 
ice for 4-5 minutes until sample appears 
homogeneous in solution. Highest speed 
(35,000 rpm) is recommended for large 
amounts of tissue. 
Replace with a fresh homogenizer probe before 
the next sample is processed. Place the samples 
on ice after homogenization. 
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Table 4.10. Tissue sonication. 

Processing time Step Comments / Tips 
 
2-3 hours 

While on ice, probe sonicate each tissue at 20% 
power for 2 minutes using the Fisherbrand 
Model 505 Sonic Dismembrator. Sample 
should appear more homogenous (Figure 4.2.) 

This step should take 
place under a hood. 
 
Homogenized samples 
tend to settle and 
separate while sitting on 
ice. Sonication is 
important to ensure a 
homogeneous aliquot of 
tissue homogenate is 
removed from the sample 
for analysis. 

Aliquot approximately 1.0-1.5 mL sonicated 
sample into an Eppendorf tube. Immediately 
place on ice. 

In between samples, clean probe with methanol, 
followed by three clean tubes of fresh lysis 
buffer. 

 

 

 

 

 

 

 

 

Figure 4.2. Photograph of tissue homogenization procedure.  
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Table 4.11. Centrifugation and removal of lysate. 

Processing time Step Comments / Tips 
 
2-3 hours 

Centrifuge all samples at 16,000 x g for 30 
minutes at 4°C to form pellets. 

With high quantities of 
tissue in 10 mL lysis 
buffer, concentration risks 
being higher than the 
calibration curve of the 
Pierce BCA Protein Assay 
Kit. It is therefore 
recommended to create a 
1:10 diluted sample in lysis 
buffer prior to the total 
protein quantification 
assay analysis. 

 

Remove lysate to a fresh tube and label. Care 
should be taken not to disturb the pellet. 
Lysates should be kept on ice, and pellets can 
be stored at -80°C for potential future analysis, 
if needed. Lysates of samples are now ready 
for protein quantitation and digestion.  

Quantitation of protein can be performed 
using the Pierce BCA Protein Assay Kit or 
using the Nanodrop A280 protein assay. Lysis 
buffer should be used as a blank. Following 
protein quantitation, lysates should be stored 
at -80°C until the beginning of the digestion 
procedure.  

* End of Day 2 out of 3 (or Day 1 out of 2 if tissue washing/homogenization steps are 
combined) * 

 

2.2.4.6 Filter-Aided Sample Preparation (FASP) and Proteolytic Digestion5,6 [A] 

Processing Time: 9-10 hours 

The remaining procedure should be completed within the same day. The procedure takes a 

minimum of 7 hours. If using one oven for the entire workflow, make sure that it is set to 60oC 

prior to beginning. Gloves should always be used and replaced often throughout procedure to avoid 

contamination. Long hair should be pulled back to minimize keratin contamination. Leaning over 

the samples and workspace should be avoided to further help with minimizing keratin impurities. 

(Table 4.12-4.17)  
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Table 4.12. Aliquoting and diluting. 

Processing time Step Comments / Tips 
 
30-45 minutes 

Remove samples from freezer. Once thawed, 
aliquot volume containing 50 µg of sample into 
separate Eppendorf Tubes based off measured 
protein concentrations. This is important to 
normalize sample protein for the purpose of 
performing relative quantification of specific 
proteins detected in nanoLC-MS/MS analysis. 

With large numbers of 
samples, it is very 
important to keep track 
of labelling. Samples will 
change containers a few 
times in this protocol. 
 

Bring samples up to 200 µL final volume with 
buffer containing 50 mM ABC and 1% (w/v) 
SDC to solubilize protein. Vortex. 

 

 

Table 4.13. Denaturing proteins by breaking disulfide bonds between cysteine residues. 

 
 

 

 

 

 

 

Processing time Step Comments / Tips 
 
45-60 minutes 

Add 180 µL buffer containing 500 mM ABC 
and 1% (w/v) SDC to thawed, 20 µL aliquot of 
DTT. If using more than one aliquot, combine 
into one Eppendorf tube and vortex. The  DTT 
solution has now been diluted to 50 mM. Prepare one DTT aliquot 

per 9 samples to account 
for any volume lost in 
pipetting steps. 

Add 20 µL of 50 mM DTT to each sample to 
yield a final concentration of 4.5 mM DTT. 
Vortex each sample. 

Incubate samples at 60oC for 30 minutes. 

Remove from oven and allow to cool to room 
temperature before continuing. 
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Table 4.14. Alkylating reactive thiols to prevent reformation of disulfide bonds. 

Processing time Step Comments / Tips 
 
30-45 minutes 

If using more than one 500 mM IAA aliquot, 
combine into one Eppendorf tube and vortex. 

Perform alkylation in 
as low of light as 
possible. IAA is light 
sensitive. 
 
While samples are 
incubating with DTT, 
remove IAA aliquots 
from freezer and allow 
to thaw in the dark. 
Thaw enough aliquots 
for 6 µL per sample 
while accounting for 
any sample lost during 
pipetting steps (for 
example, thaw 6 µL × # 
samples + 5-10 µL). 

Add 6 µL IAA to each sample to yield a final 
IAA concentration of 15 mM. Vortex. 

Incubate samples at room temperature in the 
dark for 20 minutes. 
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Table 4.15. Transferring samples to MWCO filtration units. 

Processing 
time Step Comments / Tips 

 
15-30 minutes Label a Vivacon-500 30 kDa MWCO filtration 

unit (filter and tube) for each sample and 
passivate by adding 20 µL 50 mM ABC + 1% 
SDC to the top of each filter. 

Prepare (label and 
passivate) filtration units 
while samples are 
undergoing 20-minute 
alkylation reaction. The 
first collection tubes 
should be labelled 
“waste” as these will 
contain small molecules 
being washed from 
protein samples. A second 
set of collection tubes 
should be labelled 
“peptides” and set aside 
for post-digestion 
collection. 
 
Note that passivating 
MWCO filters before use 
is important to prevent 
protein loss in the FASP 
workflow. 

Transfer entire volume of each sample to 
appropriate filtration unit. 

Centrifuge sample-containing filtration units at 
12,000 x g for 15 minutes. 
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Table 4.16. Washing twice with buffer containing 50 mM ABC and 8 M urea. 

Processing time Step Comments / Tips 
 
1-2 hours Add 200 µL 50 mM ABC + 8 M urea to each 

sample filtration unit. Centrifuge units for 15 
minutes at 12,000 x g. 

There are many steps 
requiring centrifugation. 
It is helpful to check off 
which steps have already 
been completed to keep 
track. Keeping an eye on 
the level of eluted 
solution can also be 
helpful since waste 
should be emptied every 
two spin cycles (so waste 
should be emptied a total 
of 2 times before 
switching to final 
collection tubes.). 
Sometimes, due to filter 
clogging, the filtration 
rate may be rather slow. 
In such a situation, it may 
be ok to increase the 
centrifugation speed (for 
any of the steps requiring 
centrifugation) to 12,500 
x g or 13,000 x g, but no 
more. 
 
A number of washing 
steps are encountered in 
this workflow. Based on 
the buffer being used, 
these steps help to clean 
and denature the protein, 
getting the sample ready 
for proteolytic digestion. 
Note that some buffer 
components, like urea, 
are great for protein 
denaturation but must be 
removed from the 
samples prior to 
proteolytic digestion to 
prevent inhibition of the 
protease. 

Empty eluent into waste so that it does not reach 
a volume that touches the filter. Handle the filter 
very carefully. 

Repeat the wash with another 200 µL 50 mM 
ABC + 8 M urea buffer. Centrifuge units for 15 
minutes at 12,000 x g. 
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Table 4.17. Washing twice with buffer containing 50 mM ABC. 

Processing time Step Comments / Tips 
 
1-2 hours 

Add 200 µL 50 mM ABC (only ABC) to each 
sample filtration unit. Centrifuge units for 15 
minutes at 12,000 x g. 

Reconstitute trypsin 
during last wash step. 
 
Particularly for the last 
wash step, increase the 
centrifugation speed to 
12,500 x g or 13,000 x g 
if need be to pass all the 
wash solution through the 
filter. 

Empty eluent into waste for the second time so 
that it does not reach a volume that touches the 
filter. Handle the filter very carefully. 
Repeat the wash with another 200 µL 50 mM 
ABC (only) buffer. Centrifuge units for 15 
minutes at 12,000 x g. 

**Change collection tubes under filter** 

All eluents should be kept from this point forward in collection tubes labelled “peptides.” 

Waste collection tubes can be discarded. (Tables 4.18-4.20)  

Table 4.18. Proteolytic digestion. 

Processing time Step Comments / Tips 
 

15-30 minutes + 
4 hours shaking 

time 

Reconstitute trypsin in 200 µL 0.01% acetic 
acid to stabilize protease and yield a 0.1 µg/µL 
protease concentration. Vortex. 

Wrap a small amount of 
parafilm around tops of 
filtration units to prevent 
them from popping open 
during the 4-hour 
digestion period. Remove 
the parafilm before 
centrifugation (following 
digestion). 

Add 70 µL 50 mM ABC buffer to each 
filtration unit. 
Add 10 µL trypsin solution directly to ABC 
volume on top of filter for a 1:50 enzyme to 
protein ratio. Do not pipette on to the sides of 
the filter. 
Shake filtration units at 600 rpm at 37oC for 4 
hours on Isotemp Shaker. 

 

 

 

 

 

 



  88 

 

Table 4.19. Elution of tryptic peptides. 

Processing time Step Comments / Tips 
 

45-60 minutes 
Centrifuge filtration units for 15 minutes at 
12,000 x g to elute peptides. 

To maximize tryptic 
peptide recovery, 
increase the 
centrifugation speed to 
12,500 x g or 13,000 x g 
if need be to pass all the 
digest solution through 
the filter.  

Add 15.8 µL 50 mM ABC to elute any 
remaining peptides on filter. Centrifuge for 15 
min at 12,000 x g. 

 

Table 4.20. Quenching of enzyme. 

Processing time Step Comments / Tips 
 
15-30 minutes 

Discard filters. Acidifying the peptide 
solution quenches the 
trypsin protease. Add 4.2 µL of 6 M HCl to each sample. 

*End of Day 3 out of 3 (or Day 2 out of 2) * 

Samples are now ready for nanoLC-MS/MS analysis. An aliquot (~20 µL) of each sample 

can be added to an appropriately labelled LC-MS autosampler vial and placed in the nanoLC 

autosampler for analysis. The remaining sample can be stored at -20oC. Two microliter injections 

are performed during nanoLC-MS/MS experiments. (Tables 4.21-4.22) 

4.2.5 Separation and Analysis by nanoLC-MS/MS [A] 

Sample order should be randomized prior to sequencing to avoid bias from sequencing 

order. See section on “Quality Control” for recommendations on interspersed quality control and 

blank sample sequencing. Each sample should be subjected to online desalting and reversed-phase 

nano-LC separation (in a “trap and elute” configuration.) Separated peptides are ionized via 

electrospray for mass spectrometry analysis. A data dependent acquisition method for untargeted 

or discovery analysis should be used. The following tables (Tables 4.21 and 4.22) provide 

recommended settings for a two-hour analytical separation and DDA analysis, with a 140-minute 
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total method length, using an EASY nano-LC system coupled to an Orbitrap Exploris 480 mass 

spectrometer (Thermo Scientific). 

Tip: It is helpful to find a systematic way of loading the samples into the autosampler 

during longer experiments. This prevents degradation of samples that are analyzed later from 

sitting in the autosampler for more than a few days. 

 

Table 4.21. nanoLC Parameters for two-hour separation. 

Sample pickup and Loading  
Sample Pickup 

Volume 2 µL 
Flow 10 µL/min 

Sample Loading 
Volume 6 µL 

Flow 1 µL/min 
Max. Pressure 700 Bar 

Solvents 
A: water/acetonitrile + 

formic acid (98/2 + 0.1 % 
by volume)  

B: water/acetonitrile + formic 
acid (80/20 + 0.1 % by volume) 

Gradient  

Time Duration Flow 
(nL/min) %B 

0:00 0:00 300 5 
2:00 2:00 300 5 

107:00 105:00 300 25 
122:00 15:00 300 40 
123:00 1:00 300 95 
124:00 1:00 300 95 
140:00 16:00 300 95 
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Table 4.21 (continued.)  
 

Pre-column and Analytical Column 
Pre-column Equilibration 

Volume 3 µL 
Flow 3.00 µL/min 

Max. Pressure 700 Bar 
Analytical Column Equilibration 

Volume 6 µL 
Flow - µL/min 

Max. Pressure 700 Bar 
*Custom wash used for Autosampler and column heating controlled externally on Easy-

Spray Ion Source. Column is kept at 45 °C throughout analysis. 
 
Table 4.22. Mass spectrometric parameters (Data Dependent Acquisition).  

Ion Source Properties 
Ion Source Type NSI 
Spray Voltage Static 

Positive Ion (V) 1800 
Gas Mode Static 

Sweep Gas (Arb)  0 
Ion Transfer Tube Temp (°C) 275 

FAIMS Mode Not Installed 
Tune Settings 

Application Mode Peptide 
Method Duration 140 
Infusion Mode Liquid Chromatography 

Expected LC Peak Width (s)  15 
Advanced Peak Determination Checked 

Default Charge State 2 
Internal Mass Calibration User-defined Lock Mass 

Current Lock Mass for Positive Ion Mode 445.12006 
Method 

Time Range (min) 0-140 
Full Scan 

2 sec 

MIPS 
Intensity  

Charge State 
Dynamic Exclusion 

ddMS2 
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Table 4.22 (continued.)  
Full Scan Properties 

Orbitrap Resolution 120000 
Scan Range (m/z) 375-1600 

RF Lens (%) 40 
AGC Target Custom 

Normalized AGC Target (%) 300 
Maximum Injection Time Mode Custom 
Maximum Injection Time (ms) 100 

Microscans 1 
Data Type Profile 

Polarity  Positive 
Source Fragmentation Unchecked 

MIPS Properties 

Monoisotopic peak determination Peptide 
Relax restrictions when too few precursors 

are found Checked 

Intensity Properties 
Filter Type  Intensity Threshold 

Intensity Threshold 5.00E+03 
Charge State Properties 

Include charge state(s) 2-6 
Include undetermined charge states unchecked 

Dynamic Exclusion Properties 
Dynamic Exclusion Mode Custom 

Exclude after n times 1 
Exclusion duration (s)  20 

Mass Tolerance  ppm 
Low  10 
High  10 

Exclude isotopes checked 
Perform dependent scan on single charge 

state per precursor only  checked 

 
 
 
 
 
 
 
 



  92 

 

Table 4.22 (continued.)  
Data Dependent MS2 Scan Properties 

Multiplex ions unchecked 
Isolation Window (m/z) 1.4 

Isolation Offset Off 
Collision Energy Mode Fixed 
Collision Energy Type Normalized 

HCD Collision Energy (%) 30 
Orbitrap Resolution 7500 

TurboTMT Off 
Scan Range Mode Define First Mass 
First Mass (m/z) 100 

AGC Target Custom 
Normalized AGC Target (%) 100 

Maximum Injection Time Mode Custom 
Maximum Injection Time (ms)  18 

Microscans 1 
Data Type  Centroid 

 
4.3 Quality Control (QC) 

Randomized samples, BSA QC (std. BSA digest) and blanks (MPA) are run as follows: 

blank, BSA QC, blank, Sample-01, Sample-02, Sample-03, Sample 04, blank, BSA QC, blank, 

Sample-05, Sample-06, Sample-07, Sample-08, blank, BSA QC, blank… etc. Through the 

AutoQC software on PanoramaWeb (https://panoramaweb.org/home/), BSA QCs enable the 

monitoring of such metrics as retention time reproducibility, peak area and FWHM in real time.7 

A guide set should first be created (prior to any experiments) from five- seven independent BSA 

runs with each trap column, analytical column, or solvent change to account for shifts in retention 

times from these factors. Metrics are expected stay within three standard deviations from the guide 

set mean value. If these metrics fall outside of three standard deviations or are not reproducible, 

this could indicate an issue with instrument performance. For example, if major shifts in peptide 

retention times are visible, this may indicate an issue with the nLC system or columns. Users 

should troubleshoot the system as needed and consider re-analyzing biological replicates if metrics 

https://panoramaweb.org/home/
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indicate system deterioration during the experiment. The importance of monitoring system 

suitability in bottom-up proteomics experiments is discussed further by Bereman and coworkers.10  

Several standard HeLa digest runs (HeLa QC) are conducted at the beginning and end of 

experiments to check on proteome coverage. Significant drops in coverage between runs may 

indicate a deterioration in system suitability.  

4.4 Label-Free Data Analysis 

Data files are now ready to be analyzed using software such as Proteome Discoverer for 

identification and quantification of proteins. The attached analysis workflow files for use with 

Proteome Discoverer 2.4 software are summarized in the following figures and tables. The basic 

parameters listed can be used with alternative search software. The identification of haemoglobin 

protein may be checked to evaluate degree of interference. While the data shared here is in raw 

abundance format (i.e., unnormalized) quantification methods should be carefully considered 

before drawing statistical and biological conclusions from such a dataset. Normalization methods 

are available in Proteome Discoverer 2.4 (e.g., to the total peptide amount in the Precursor Ions 

Quantifier node.) Open-source tools such as NormalyzerDe are available to assist in normalization 

method selection and dataset analysis.11 (Figures 4.3 and 4.4) (Tables 4.23-4.26) 
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Table 4.23. Processing workflow nodes and basic parameters. 
Spectrum Files RC 

Search Settings   

Protein Database 
Contaminants.fasta; Homo Sapiens (Swiss Prot 
TaxID=9606) 

Enzyme Name Trypsin (Full) 
1. Static Modification Carbamidomethyl/ +57.021 Da (C) 

Spectrum Selector 
General Settings   
Precursor Selection Use MS1 Precursor 
Provide Profile Spectra TRUE 
Spectrum Properties Filter   
Min. Precursor Mass 350 Da 
Max. Precursor Mass 5000 Da 
Peak Filters   
S/N Threshold (FT-only)  1.5 

 
 
 
 
 
 
 
 

Figure 4.3. Processing workflow tree for Proteome Discoverer.  
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Table 4.23 (continued.)  

  

Sequest HT 
Input Data   

Protein Database 
Contaminants.fasta; Homo Sapiens (Swiss Prot 
TaxID=9606) 

Enzyme Name Trypsin (Full) 
Max. Missed Cleavage Sites 2 
Min. Peptide Length 6 
Max. Peptide Length 144 
Tolerances   
Precursor Mass Tolerance 5 ppm 
Fragment Mass Tolerance 0.02 Da 
Spectrum Matching   
Weight of a Ions 0.2 
Weight of b Ions 1 
Weight of x ions  0.2 
Weight of y ions 1 
Dynamic Modifications   
Max. Equal Modifications Per Peptide 2 
Max. Dynamic Modifications Per 
Peptide 3 
1. Dynamic Modification Oxidation/ +15.995 Da (M) 
2. Dynamic Modification Deamidated/ +0.984 Da (N, Q)  
Dynamic Modifications  
(protein terminus)   
1. N-Terminal Modification Acetyl/ +42.011 Da (N-terminus)  
2. N-Terminal Modification Met-loss + Acetyl/ -89.030 Da (M) 
Static Modifications   
1. Static Modification Carbamidomethyl/ +57.021 Da (C) 
Percolator  
Target/Decoy Strategy   
Target/Decoy Selection Concatenated 
Validation based on q-Value 
Input Data   
Maximum Delta CN 0.05 
FDR Targets   
Target FDR (Strict) 0.01 
Target FDR (Relaxed)  0.05 
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Table 4.24. Consensus workflow nodes and basic parameters. 

MSF Files 
Storage Settings   
Spectra to Store Identified or Quantified 
Feature Traces to Store All 

PSM Grouper 
Peptide Group Modifications   
Site Probability Threshold 75 

Peptide Validator 
General Validation Settings   

Validation Mode 
Automatic (Control peptide level error rate if 
possible) 

Target FDR (Strict) for PSMs 0.01 
Target FDR (Strict) for Peptides 0.01 

Peptide and Protein Filter 
Peptide Filters    
Peptide Confidence At Least High 
Keep Lower Confident PSMs FALSE 
Protein Filters   
Minimum Number of Peptide Sequences 1 

Figure 4.4. Consensus workflow tree for Proteome Discoverer.  
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Table 4.24 (continued.)  
Protein Grouping 

Protein Grouping    
Apply strict parsimony principle TRUE 

Peptide in Protein Annotation 
Flanking Residues  
Annotate Flanking Residues of the Peptide TRUE 
Modifications in Peptide  
Protein Modifications Reported Only for Master Proteins 
Modifications in Protein  
Modification Sites Reported All And Specific 
Minimum PSM Confidence High 
Report Only PTMs True 
Positions in Protein  
Protein Positions for Peptides Only for Master Proteins  

Feature Mapper 
Chromatographic Alignment   
Perform RT Alignment  TRUE 
Maximum RT Shift [min] 2 
Feature Linking and Mapping  
Minimum S/N Threshold  3 

Precursor Ions Quantifier 
General Quantification Settings   
Peptides to Use All 
Precursor Quantification   
Precursor Abundance Based On Area 
Normalization and Scaling  
Normalization Mode Total Peptide Amount 
Exclude Peptides from Protein 
Quantification   
For Protein Roll-Up Use All Peptides 
Quan Rollup and Hypothesis Testing    
Protein Abundance Calculation  Summed Abundances 
N for Top N  5 

Protein Annotation 
Annotation Aspects   
1. Aspect Biological Process 
2. Aspect Cellular Component 
3. Aspect Molecular Function 
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Table 4.24 (continued.)  
Protein Marker 

Contaminant Database   
Protein Database Contaminants.fasta 

Protein FDR Validator 
Confidence Thresholds   
Target FDR (Strict)  0.01 
Target FDR (Relaxed)  0.05 

 
Table 4.25. Summary of protein identification results. 

Sample Proteins 
High 

Confidence 
Proteins 

Quantified 
Proteins Peptides PSMs MS/MS 

1 3,144 2,775 2627 23,375 40,593 222,373 
2 3,648 3,178 3021 27,178 44,909 225,954 
3 3,310 2,937 2788 24,300 42,360 221,100 
4 3,267 2,853 2718 23,891 41,239 220,129 
5 3,361 2,872 2757 25,485 43,301 217,922 
6 3,726 3,266 2088 27,736 45,731 225,942 
7 3,376 2,957 2803 24,598 41,500 222,897 
8 3,034 2,651 2520 22,169 39,336 224,590 
9 3,649 3,166 2982 27,433 45,999 224,925 
10 3,225 2,779 2642 24,077 43,041 219,667 
11 3,734 3,333 3150 27,411 44,724 224,688 
12 3,544 3,110 2938 25,842 43,169 223,632 
13 3,706 3,251 3068 27,647 45,761 225,482 
14 3,763 3,302 3110 27,789 45,395 224,921 
15 3,372 2,938 2779 24,681 43,730 223,157 
16 3,285 2,883 2744 24,323 42,589 226,070 
17 3,512 2,992 2842 25,502 43,077 224,773 
18 3,788 3,324 3145 27,998 46,399 226,754 
19 3,158 2,798 2622 22,823 37,952 219,531 
20 3,402 2,966 2837 24,998 43,694 223,508 

Average 3,450 3,017 2809 25,463 43,225 223,401 
Standard 
Deviation 233 209 251 1,826 2,280 2,530 

%CV 6.8 6.9 8.9 7.2 5.3 1.1 
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Table 4.26. Summary of hemoglobin identification across samples.  

 Peptides PSMs 
Hemoglobin Sum (averaged over 20 

replicates) 107 +/- 8 1,996 +/- 366 

Total Sum (averaged over 20 
replicates) 25,463 +/- 1826 43,225 +/- 2,280 

% of Total Identifications 0.42% 4.60% 
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4.6 Data Availability Statement  

Raw data from placenta and quality control samples along with the BSA sample quality 

control Skyline file will be available via PanoramaWeb.org under the NCSU-METRIC Project, 

labelled “20210127- Proteomics of Human Placenta” or via the following link: 

https://panoramaweb.org/NCSU%20-%20METRIC/METRIC%20Public%20Data/20200127-

%20Proteomics%20of%20Human%20Placenta/project-begin.view? 

  

https://panoramaweb.org/NCSU%20-%20METRIC/METRIC%20Public%20Data/20200127-%20Proteomics%20of%20Human%20Placenta/project-begin.view
https://panoramaweb.org/NCSU%20-%20METRIC/METRIC%20Public%20Data/20200127-%20Proteomics%20of%20Human%20Placenta/project-begin.view
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CHAPTER 5: Highlighting Functional Mass Spectrometry Imaging (fMSI) Methods in 

Bioanalysis 

Reprinted with permission from Mellinger, A.L., Muddiman, D.C., Gamcsik, M.P. Journal of 

Proteome Research, 2022, 21, 1800-1807. Copyright © 2022 American Chemical Society.   

5.1 Introduction 

Mass spectrometry is the primary tool used to provide detailed proteomic and metabolomic 

data on biological tissue. Often, tissue samples are homogenized prior to analysis and the resulting 

data represents a volume-averaged level of molecular components. However, both healthy and 

pathologic tissue are heterogeneous in structure and cell types that function under the influence of 

varying microenvironments. This results in a widely diverse collection of molecular content across 

the tissue. Therefore, the molecular data collected depends upon the tissue sampling site. The 

introduction of mass spectrometry imaging (MSI) methods has largely addressed this issue and 

molecular content can now be mapped from the nanoscale to entire organs. Combined with 

histological mapping, the MSI data can also be linked to cellular organelles, anatomical structures 

or cell types.1  

5.2 Why prioritize functional measurements?  

Even with the mapping capability, molecular methods such as MSI often provide a static 

picture of the steady-state levels of tissue content. These steady-state levels are the net result of 

the dynamic processes that import/produce and export/consume a particular species in the tissue. 

Healthy biosystems often strive to maintain these levels within a narrow range by homeostatic 

mechanisms even when under stress. For example, exercising muscle consumes ATP 100-times 

faster than resting muscle yet the steady-state levels decrease by only 25%.2 Therefore, limiting 

analyses to steady-state levels will not provide a complete picture of how tissues function. In 
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addition, many biomarkers used in clinical diagnosis are discovered by detected differences in the 

molecular profiles (i.e., steady-state levels) of healthy and diseased tissues. Since steady-state 

levels are a result of two contributing dynamic processes (production/consumption), changes in 

these levels must be preceded by changes in one or both processes. Earlier detection of disease, 

therefore, may be possible by examining tissue dynamics rather than limiting the analyses to 

steady-state levels thereby expanding the range of potential biomarkers. These dynamic processes 

are best measured by assessing metabolic activity or flux; that is the rate of transport or 

transformation of molecular species. These flux data are direct measures of tissue function that are 

the net output of all molecular interactions and regulatory processes under the influences of the 

microenvironments.3 Microenvironments that influence flux include cell-matrix, cell-cell 

interactions, hormones, cytokines, growth factors and nutrient/oxygen status that are affected by 

perfusion and will vary across all tissues. These environmental effects are difficult to account for 

in molecular inventories or when constructing models of tissue function. Since function, like 

molecular content, will vary across tissue, functional imaging methods are necessary. 

5.3 Functional Imaging  

There is no generally accepted definition for functional imaging, but the term seems to 

have originated in neuroscience to describe mainly noninvasive imaging methods such as positron-

emission tomography (PET), electroencephalography (EEG) and functional magnetic resonance 

imaging (fMRI) to map brain biological processes such as metabolism, electrical activity, and 

blood oxygenation changes. The field of functional imaging has since evolved beyond the brain. 

One of the most well-known examples of functional imaging is the uptake of 2-fluorodeoxyglucose 

by 18F-fluorodeoxyglucose PET (FDG-PET). The FDG-PET signal detected in tissues is the result 

of several biological processes and reflects the rate of glucose delivery, cellular uptake and 



  104 

 

hexokinase activity. FDG-PET has long been cited as a commonly utilized clinical functional 

imaging method in the brain and other tissues. However, with the advances in technology, 

functional imaging may be more broadly defined as any modality that yields data describing the 

spatial distribution of biological activity. This activity would include molecular uptake/efflux, 

metabolic transformation, changes in electrical potential and/or physical displacement and all add 

a time dependent factor to the image data generated. By this broadest definition, functional 

imaging is not restricted to noninvasive modalities. One example of this is autoradiography, a long-

standing method used to detect uptake and distribution of radiolabeled substrates in ex vivo tissue 

samples with the advantage of providing functional data at higher spatial resolutions (microns)  

than the noninvasive approaches listed above (millimeters).4 Autoradiography provides functional 

information using radioactively labeled substrates. Indeed, most forms of functional MSI 

highlighted in this perspective use both radioactive and stable-isotope labels (SIL) to track 

biological activity, but in many cases has the advantage of monitoring many molecules within a 

specified mass range. Depending on the technique used, many product molecules can be monitored  

simultaneously in a single recorded mass spectrum. Autoradiography and MSI also both primarily 

analyze ex vivo tissue samples which is an advantage in many cases as adjacent tissue sections can  

 

 

 

 

 

 

MSI Method Spatial 
Resolution Reference(s) 

SIMS  35-100 nm 5,6  
MIMS 30-35 nm 7,8,9,10,11,12,13 

Nano-SIMS 50 nm 14,15,16,17,18 
TOF-SIMS 4 µm 19 

MALDI 10-120 µm 18 
NIMS 50 µm 20 
DESI 75 µm 21 

MALDESI 50-150 µm 22 

Table 5.1 Spatial resolutions for highlighted fMSI 
methods 
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also be examined by classic histopathology methods to correlate function to cell markers or 

structure. Some ionization methods can be used to collect MSI data at spatial resolutions equivalent 

to or better than autoradiography (see Table 5.1) yielding subcellular measures of function. The 

aim of this perspective is to highlight examples where MSI experiments have been designed to 

provide functional information mainly on biomedical tissue samples. The biological processes 

detected by MSI methods, and covered in this communication, are summarized in Figure 5.1.  

What types of studies can be characterized as functional MSI? The clearest example is the 

work of Hamilton et al.,23 who first coined the term functional MSI (fMSI) to describe a method 

to chart the spatial location of enzyme activity in excised tissue. This study used a matrix-assisted 

Figure 5.1. Functional processes mapped by MSI methods. The blue, red, green, and gray 
circles represent isotope labels. 
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laser desorption ionization (MALDI) MSI method to detect phospholipase activity after applying 

unlabeled and SIL substrates to a tissue section for a set time to yield images with 50 µm spatial 

resolution. They observed that the transformation of substrates to products detected by MSI was 

unevenly distributed across the tissue during the exposure time demonstrating different rates of 

enzymatic transformation. This novel functional mapping technique can be used to study any 

enzyme-catalyzed process and will be an aid to connecting molecular profiles to dynamic 

processes. 

Although this may have been the first study to use the term fMSI, under the general 

definition above, there have been other relevant studies going back decades that can also be 

characterized as fMSI. Earliest examples utilize secondary ion mass spectrometry (SIMS). SIMS 

imaging has exquisite sensitivity and much higher spatial resolution than the MALDI-MSI method 

cited above, enabling subcellular mapping of biological function (Table 5.1). However, the SIMS 

method bombards samples with a primary ion beam to generate secondary ions which often results 

in the generation of fragments rather than intact molecular species.24 Therefore, many SIMS 

methods rely on detecting unique atomic or diatomic fragments provided by isotopic labeling or 

introduction of xenobiotics with unique elemental content. Consequently, many SIMS MSI 

methods track the label and cannot distinguish between the intact substrate and/or downstream 

metabolites. The examples highlighted in this perspective are generally grouped by the functional 

pathway targeted in the studies, showing the breadth of capabilities already in place within the 

field. 

5.4 Nucleic Acid Metabolism  

Both PET and autoradiography are prime examples of the use of isotopic labels to provide 

functional data, and both require the use of radioactive probes but yield images with very different 
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spatial resolution. The spatial resolution of SIMS can exceed that of autoradiography and some of 

the earliest SIMS-based applications also use radioactive probes. For example, the subcellular 

distribution of 14C-deoxyadenosine in cultured fibroblasts was detected with a 35 nm spatial 

resolution.5 Due to the ionization method, only 14C- and 14C14N- ion fragments were detected rather 

than intact 14C-deoxyadenosine or its metabolites. These ion fragments mapped to within the 

cytoplasm, nucleus and nucleoli. This fragment distribution reflects the uptake and transit through 

the cells and possibly the transformation of deoxyadenosine into DNA or other metabolic products 

that occurred during the 24-hour exposure time to the substrate. This same work also demonstrated 

SIMS detection of the uptake of stable isotopes in cells exposed to 15Nadenine and 2H-arginine.6 

In addition, the demonstrated ability to detect stable isotope labels distinguishes the MSI methods 

from autoradiography and opens the door to the use of a far greater range of stable isotope labeled 

substrates and additional pathways that can be targeted for functional studies. Later improvements 

in technology enabled SIMS-based MSI to track several probes, both radioactive and stable 

isotopes, in a single sample by a method termed multiple-isotope mass spectrometry (MIMS).7 

The mapping capability of MIMS as a functional imaging method was noted to be “…analogous 

to positron emission tomography, but at the nano-scale…”25 

The ability of MIMS to track multiple functional pathways was nicely demonstrated in 

studies to track both DNA and RNA metabolism in tissue.7 In this study, a well-known nucleoside 

analog bromodeoxyuridine (BrdU), was used. BrdU has long been used to study cellular 

proliferation by tracking its incorporation into the newly synthesized DNA using 

immunohistochemistry. Antibody binding that is key to immunochemical detection can be plagued 

by problems with antigen access or variations in binding affinity. SIMS can be used to track the 

bromine atom in BrdU thereby circumventing these problems. In this study, following exposure 
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of tissue to BrdU and 15N-uridine, detection of 81Br- and 12C15N- ions via MIMS MSI likely 

represent regions of DNA and RNA synthesis, respectively.7 The results show 81Brions in the 

nuclear envelope and nucleoli while the 13C15N- signals were strongest within the nucleoli and 

along the nuclear envelope.7 Detection of subcellular accumulation of labels were obtained from 

data down to 33 nm spatial resolution. 

Similarly, 15N-thymidine administered in a pulse-chase protocol with BrdU was used to 

track stem cell division and metabolism in mouse and Drosophila intestinal tissue and fibroblasts.8 

This same study also emphasized another important advantage of using stable isotopes; they can 

be safely administered to humans as demonstrated by studies infusing 15N-thymidine to study label 

uptake into white blood cells. MIMS imaging using 15N-thymidine was also used to monitor the 

differences of DNA synthesis rates in cardiomyocytes in newborn, young and old mice to 

determine their source of renewal during normal aging and after induced infarction.9 

The power of MIMS MSI to detect multiple nuclei to link cellular proliferation, indicated 

by BrdU uptake, to bioenergetics (see below) is well-illustrated in the study of Zhang et al.,11 

(Figure 5.2). The 31P MIMS MSI data on the left of Figure 5.2 shows high levels of phosphorus 

Figure 5.2. MIMS imaging data showing the heterogeneity in tumor cells showing regions of 
enhanced BrdU uptake (arrows) in two nuclei which correlated to cells displaying a preference 
for 15N-glutamine uptake rather than 2H-glucose. Figure adapted from Zhang et al., (2020) 
“Imaging mass spectrometry reveals tumor metabolic heterogeneity,” (Licensed under CC BY 
4.0). 
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that delineates nuclei of three tumor cells in the field of view. Lower levels of 31P surrounding the 

nuclei outline the rest of the cell structures. The 81Br data shows enhanced BrdU uptake in two of 

the three nuclei (arrows) likely indicating active DNA synthesis in these cells. Differential uptake 

of 2H-glucose and 15N-glutamine in these cells shown in the next two panels is discussed below. 

These data illustrate the power of MIMS and similar ionization methods to detect subcellular 

functional heterogeneity.  

5.5 Lipid Metabolism  

Fatty acid uptake into adipocytes was tracked by treating cells with 13C-oleate for 20 

minutes and detecting the 13C- and 13C14N- ions outside and inside the cell and within lipid droplets 

with a spatial resolution of 35-50 nm.10 Steinhauser et al.,8 showed that by tracking the isotope 

label in 13C-palmitate into Drosophila intestinal cells over multiple timepoints of label 

administration and washout, a more detailed kinetic curve can highlight differences in label 

turnover in subcellular locations. Time-dependent data was also collected by treating mice with 

13C- or 2H-labeled fatty acids for periods ranging from five minutes to four days to detect label 

uptake into adipose, heart and brain tissue at 50 nm resolution using a nanoscale SIMS 

(NanoSIMS) instrument.14 The ionization and detection technologies used in time-of-flight SIMS 

(TOF-SIMS) can detect larger molecular fragments (Table 5.1). In many cases, this allows for the 

discrimination between the substrate and downstream metabolites and enables use of different 

substrates containing the same isotope label. For example, TOF-SIMS can track the fate of both 

deuterated 2H-phosphatidylcholine and 2H-phosphatidyethanolamine in PC12 cells after 19 h of 

incubation with these substrates. The spatial resolution of 4 µm, while not enabling subcellular 

analysis, still allowed single cell mapping of both species.19 Similarly, the fate of deuterated α-

linolenic acid and linoleic acid and turnover of PC12 membrane lipids was mapped with TOF-
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SIMS imaging with 6 µm resolution.26 Softer ionization methods used with MSI can detect much 

larger intact molecules. For example, the dynamics of plaque formation was the subject of a 

MALDI-MSI study of the uptake and distribution of 2H6-cholesterol in mouse aorta.27 When used 

with high resolving power mass spectrometers, MALDI can readily distinguish between the intact 

labeled-cholesterol substrate and labeled cholesterol ester in the plaques. Mice were maintained 

for three weeks on daily oral doses of 2H6-cholesterol and tissue from three groups of mice were 

obtained weekly over an additional three weeks enabling acquisition of kinetic data from tissue 

with a spatial resolution of 50 µm. Nanostructure-initiator mass spectrometry (NIMS) combined 

with MSI can map intact isotope-labeled molecules and was used to show the variability in lipid 

metabolism in tumor tissue with a spatial resolution of 50 µm.20 In that study, rather than a 

specifically labeled lipid substrate, mice were administered drinking water enriched with 

deuterium for five days. This approach provides a measure of the rate of synthesis of many 

different lipids in the tumor and requires a soft ionization technique to distinguish the various 

deuterium-labeled phospholipids produced. The authors of that study named this method ‘kinetic 

MSI’ (kMSI) which is an apt description of the process and a synonym for fMSI. Of note, the 

authors emphasized that regions showing enhanced lipid synthesis did not correspond to regions 

of high steady-state levels, highlighting the ability of kMSI and fMSI methods to monitor dynamic 

biological processes that are undetectable by conventional MSI. They also detected subpopulations 

of tumor cells with enhanced lipid synthesis and correlated functional measures with 

histopathological markers, an advantage to using ex vivo tissue sections as previously stated. 

In a similar study, lipid dynamics were studied in mice administered deuterated water for 

40 days and used desorption electrospray ionization (DESI) imaging to study the resulting 

deuterated lipids21 (Figure 5.3). The data in Figure 5.3 show the changes in deuterated  
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Figure 5.3. Isotope ratio images of 
phosphatidylserine in the brain tissue of 
mice administered deuterated drinking 
water over 40 days. Figure adapted from 
Carson et al., (2017) “Imaging 
Regiospecific lipid turnover in mouse 
brain with desorption electrospray 
ionization mass spectrometry,” 
(Licensed under CC BY 4.0). 
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phosphatidylserine in mouse brain over 40 days. In total, the enrichment rate of four different lipid 

species in different areas of the brain with 75 µm spatial resolution was obtained by sampling 

anatomically similar tissue over the time course of the study. These two studies illustrate how 

deuterated water, relatively inexpensive single isotope-labeled substrate that is easy to administer, 

combined with of the capability of ionization methods such as NIMS and DESI, can distinguish 

and track the kinetics of multiple molecular species. 

5.6 Bioenergetics  

The amino acid glutamine is often used in cancer cells as a fuel and feeds into multiple 

metabolic pathways in addition to its incorporation into proteins and peptides. Subcellular 

detection using the NanoSIMS technology at 50 nm resolution of 12C15N- ions in MCF7 cells after 

16 h of incubation in 15N-glutamine medium showed variations in the ion distribution to different 

cellular organelles.15 Since glutamine can be rapidly metabolized in cancer cells, solely mapping 

isotope-containing fragments limits the functional information that can be provided. However, 

even with such rapidly metabolized species such as 2H-glucose and 15N-glutamine, important data 

on functional heterogeneity at the single cell level is still accessible11 (Figure 5.2). As noted above, 

the MIMS MSI data in Figure 5.2 shows two of three tumor cells actively incorporated of BrdU. 

These two cells also show high levels of 15N-glutamine uptake whereas the low BrdU cells show 

prefer 2H-glucose as a substrate. The authors of this study noted a correlation between the amount 

of functional heterogeneity detectable in a tissue sample and therapy resistance.11 These results are 

consistent with many FDG-PET studies which indicate that the degree of functional metabolic 

heterogeneity in tumors provides predictive clinical data.28 However, the single-cell and 

subcellular heterogeneity detected by MIMS could not be revealed by methods such as PET with 
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much poorer spatial resolution demonstrating the significant advantages of multiscale data 

provided by fMSI.   

At an even lower spatial resolution, MALDI analysis was used to detect regional 

differences in metabolism of 13C-glucose activity in mouse brain.29 This study demonstrated the 

ability of MALDI to detect flux through a range of glycolytic pathways that occurred in 15 min 

after intraperitoneal injection of labeled glucose. Regional differences in the flux of glucose to 

downstream metabolites in the brain tissue, measured with a spatial resolution of 30 or 120 µm 

included highly labile metabolites that were likely detectable due to the novel microwave tissue 

fixation process used. The same group studied labeled 13C-glucose and 13C-lactate metabolism in 

a mouse model of cardiac ischemia.30 In that study, tissue sections were obtained from the cardiac 

base to apex to generate a unique three-dimensional functional map in the tissue and showed the 

interrelationship of different functional pathways in various regions of the heart. 

5.7 Amino Acid, Peptide and Protein Metabolism 

Differential rates of protein renewal in a mouse cochlea were inferred from SIMS mapping 

of 12C15N- ions after incorporating 15N-leucine into the diet for nine days.7 Varying enrichment of 

15N ions were measured between cell types and within subpopulations of the same cells 

demonstrating the power of the technique to yield kinetic information on leucine 

metabolism/protein renewal in different cells/tissue regions. 

In experiments designed to provide kinetic information on protein turnover, stable isotope 

labeling kinetics (SILK) was combined with SIMS mapping (SILK-SIMS) in the study of mouse 

models of Alzheimer’s disease and in human brain tissue.16 Administration of 13C-leucine to tissue 

with or without a period of label washout prior to tissue sampling enabled assessment of 13C14N- 

ion distribution in brain plaques using NanoSIMS. The results showed label incorporation activity 
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was highly variable even within individual plaques. A similar study also manipulated the length 

of the label administration and washout periods (pulse-chase) to obtain more detailed kinetics on 

protein turnover.12 The authors maintained newborn mice on an 15N-enriched diet for 21 or 45 days 

and harvested tissue when mice were 6, 18 or 26 months old. The liver had mixtures of cells with 

different lifespans, including some showing no replicative activity.  

One drawback is that nearly all MSI methods require ex vivo tissue sampling and therefore 

provide only one timepoint of a functional process. The studies noted above, use creative changes 

of exposure and/or washout periods in pulse-chase experiments to glean more kinetic data from 

these single tissue samples. In line with classic kinetic isotope tracing studies, multiple tissue 

samples attained over a time course can yield more detailed kinetic information on protein 

turnover. This is possible when similar anatomical sites can be harvested over time; for example, 

the study of lipid dynamics on multiple brain samples shown in Figure 5.3. For protein dynamics, 

one such study of mice fed 15N-leucine tracked different rates of protein synthesis within hair cells 

over 150 days via multiple tissue sampling.13  

In addition, isotope labeling can be used to monitor functional changes induced by 

therapeutic intervention. For example, a diet containing 15N-leucine was fed to mice at the start of 

a 28-day treatment with erythropoietin.17 Examination of brain tissue detected increased levels of 

12C15N- ions in non-dividing pyramidal cells indicative of EPO-induced protein synthesis. This 

demonstrated timed isotope delivery combined with MSI analysis can yield unique kinetic 

information on molecular and cellular turnover in response to treatment. 

Rather than starting at the amino acid level, 15N-enriched proteins can be delivered to cells and 

uptake can be observed over time.31 This study noted the uptake of two different proteins into the 

cell nucleus after 4 h and then transit of the proteins over the next few hours into the cytoplasm. 
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Clearly, the advantage of using SIMS with high spatial resolution (50 nm) was necessary to detect 

intracellular transit. 

 In order to obtain more molecular data from amino acid feeding studies, albeit with lower 

spatial resolution, MALDI MSI was used to track the fate of intravenously injected 13C-

phenylalanine in mouse liver over a time course of 10, 30 and 60 min following injection.32 The 

authors noted that pretreatment of the tissue sections with an amino acid derivatizing agent was 

required to increase ionization efficiency in order to detect uptake of 13C-phenylalanine and its 

transformation into 13C-tyrosine. This was performed at a 25 µm spatial resolution. A variation on 

acquiring tissue samples over a time course was to change the time for tissue sampling in an isotope 

pulse-chase experiment by a method called ‘imaging stable isotope labeling kinetics’ (iSILK)18 in 

a similar way to the SILK-SIMS study mentioned earlier. In fact, these authors used both MALDI 

and NanoSIMS alongside several other imaging methods to detect plaque formation in brain tissue. 

In this study, knock-in mice susceptible to Alzheimer’s-like plaque formation, were fed a 15N-

enriched diet over 4 or 11 weeks followed by variable chase (washout) periods. The MALDI MSI 

data showed distinct labeling dynamics in intact proteins in amyloid plaques at 10 µm spatial 

resolution while NanoSIMS detailed the heterogeneous core structure within each plaque with a 

50 nm spatial resolution.  

Time-dependent or serial sampling is advantageous to detecting the trends in the kinetic 

data that can be affected by differential rates of substrate delivery to the tissue (i.e., perfusion). 

Serial sampling of tissue may not always be possible, especially in clinical studies. In addition, 

each tissue sample is unique so detecting functional activity in an identical spatial location by MSI 

in multiple samples is not possible. For some studies, serial sampling and examination of 
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anatomically similar sites may suffice8, 13, 32 but in many other cases, it is desirable to examine each 

unique spatial location for metabolic activity.  

To address this issue, we have adapted a timed substrate infusion method, first described 

by Dudley et al.,33 and later coined Multiple Infusion Start Times (MIST) by Paolini et al., 34 that 

has been used in mass spectrometry analysis to provide detailed labeling kinetic data from a single 

tissue sample.33-36 Although not previously used with MSI, the MIST protocol is ideal for use in 

fMSI studies as a single tissue sample provides labeling data from multiple time points. Our study 

of mouse liver (detailed in subsequent Chapter 6) demonstrated that matrix-assisted laser 

desorption electrospray ionization (MALDESI) MSI can distinguish both the glycine isotopologue 

substrates and the glutathione products of metabolism.22 This method may likely be adapted to any 

system so long as at least three isotopologues of precursor can be synthesized if not already 

commercially available. This work was performed with an orbitrap instrument allowing for high 

resolving power measurements, key to measuring separate isotopologues. For example, in this 

work two infused glycine labels are separated by 0.0063 Da mass shift, requiring a resolving power 

of approximately 50,000 (at 308.0769 m/z) for separation after enrichment of the glutathione 

molecules. The introduction of the orbitrap benchtop mass spectrometers is important to note in 

this context as it provided accessibility to such high resolving power measurements. 

5.8 Drug Uptake and Metabolism 

Along with the use of SIMS, MALDI and other MSI technologies to track biological 

activity using metabolic substrates, studies using MSI to map uptake of xenobiotics or therapeutics 

can be classified as a form of fMSI. This is an active area of research and can obtain both 

pharmacokinetic and pharmacodynamic data and has been covered in recent reviews.37-39 
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5.9 Conclusions 

The advances in analytical technologies in biomedical research have generated reams of 

data on molecular content in healthy and pathologic tissue. However, every tissue specimen is 

comprised of multiple cell types each with a unique molecular profile that can be catalogued using 

recent advances in single-cell analytical methods. Importantly, tissue function relies on the 

organized dynamic interactions between these cell types and tissue microenvironments and has 

spurred the development of spatial molecular profiling methods.40 Many of these newly developed 

methods supply location-specific molecular data from length scales ranging from subcellular 

structures to multicellular units to whole tissues. MSI is a major contributor to providing spatially-

resolved data on these scales with an unparalleled ability to provide highly detailed molecular 

profiles but still lack of information relating this content to function. This perspective has 

demonstrated that MSI methods have already been adapted to provide multi-scale functional data 

that can assist in connecting tissue organization to phenotype and can be a key player in 

interpreting spatial biology data. With strategic selection of isotope labels, combined with clever 

infusion protocols, these fMSI technologies can report on biological processes that occur on 

timeframes of minutes to months at these different length scales. There is no other technique that 

can provide equivalent data.  

Isotope labeling is a key component to studying metabolic and cellular dynamics and, as 

noted above, stable isotope labeling can safely be used in human studies.41-43 The multiscale 

capability of fMSI technologies can provide measures of dynamic heterogeneity in single cell or 

cell aggregates in biopsy specimens that may enhance diagnostic information gleaned from a single 

sample.28, 44 In addition, increased metabolic flux, rather than changes in steady-state levels can be 

indicative of tissue pathologies such as breast cancer.45 The fMSI technique is positioned to 
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provide a map of flux heterogeneity in clinical specimens that can detect high-flux subpopulations 

of cells that would likely be missed with standard tissue homogenization approaches. Therefore, 

another contribution of fMSI can be the addition of functional information to clinical samples. 

The cited examples above just scratch the surface of the biochemical and cellular networks 

amenable to study by fMSI methods and possible translational uses of this method. We hope that 

by highlighting some of the studies, more investigators develop these technologies to study a wider 

array of biological processes. 
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CHAPTER 6: Multiple Infusion Start Time Mass Spectrometry Imaging of Dynamic SIL-

Glutathione Biosynthesis Using Infrared Matrix-Assisted Laser Desorption Electrospray 

Ionization 

Reprinted with permission from Mellinger, A.L., Garrard, K.P., Khodjaniyazova, S., Rabbani, 

Z.N., Gamcsik, M.P., Muddiman, D.C., Journal of Proteome Research, 2022, 21, 3, 747-757. 

Copyright © 2022 American Chemical Society.   

6.1 Introduction 

Glutathione is a tripeptide, synthesized within mammals from glutamate, cysteine, and 

glycine amino acids. The reduced form of glutathione (GSH) is up to 100-fold more concentrated 

in cells at physiological conditions than the oxidized disulfide form (GSSG).1 The reduced form 

is highly abundant in most mammalian cells and tissue types and its functional importance is due 

to its characteristic thiol group within the cysteine residue.1–3 GSH plays critical roles in 

maintaining redox homeostasis within cells, performing as an essential antioxidant against reactive 

oxygen species, and managing the thiol status of proteins.3 The dysregulation of GSH has been 

implicated in the progression of many human diseases, including neurodegenerative diseases and 

cancer.2,4–7 For example, its role in oxidative stress mitigation adds particular interest to age-related 

neurodegenerative diseases such as Alzheimer’s disease, the most common of these diseases, due 

to the proposed “free radical theory of aging.”8–10Another area of interest is the observed elevation 

of GSH in proliferating tissues that often parallels increased tumor progression in many cancer 

types2,11 as well the increased therapy resistance.1,2,7,12 A better understanding of the distinct role 

of GSH in tumor progression and the effects of tumor microenvironments on GSH metabolism 

would be helpful in furthering related therapeutic approaches.1,12–14 Tissue, whether healthy or 

pathologic, is heterogeneous and consists of various cell types and microenvironments. Most 
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glutathione assays utilize homogenized tissue extracts that obscure tissue subpopulations or 

environments that may dictate tissue function and therapy response. Therefore, there is a need for 

methods to study spatial heterogeneity of GSH across tissues to further define its roles in healthy 

tissue and different disease states.  

Mass spectrometry imaging (MSI) is an excellent candidate analytical platform to measure 

GSH biosynthesis heterogeneity because the approach combines advantages of mass spectrometry 

for biomolecule characterization and relative quantification with the ability to visualize spatial 

relationships.15,16 While a plethora of ionization sources for MSI exist, infrared matrix-assisted 

laser desorption electrospray ionization (IR-MALDESI) offers many key advantages to 

biospecimen imaging.17,18 Cryosections of sample tissues are thaw-mounted and immediately 

sampled (i.e., without homogenization), thus preserving the spatial integrity of the biological 

system.19 The technique operates at atmospheric pressure and currently utilizes a mid-IR laser 

wavelength of 2970 nm which excites water at its O-H stretching bands. Therefore, a controlled 

ice-matrix, in addition to endogenous water, provides ample energy-absorbing matrix to facilitate 

the desorption of analytes.20,21 Desorbed biomolecules are then post-ionized in an orthogonal 

electrospray plume for mass spectrometry analysis. Nazari and coworkers successfully 

distinguished healthy and cancerous hen ovarian tissue using both relative and absolute 

quantification of GSH using IR-MALDESI-MSI, adding to the attractiveness of this technique for 

the method described here.11,22 

Metabolism is a dynamic process and measuring steady-state levels of metabolites such as 

glutathione reflects only a small part of the complex molecular interaction that maintain these 

levels. Metabolic rates reflect the summed total of molecular (genes, proteins, metabolites) and 

environmental contributions to tissue function. However, kinetic analysis of metabolites remains 
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a challenge in MSI. Unlike most biofluids which are easily sampled and regenerated by organisms, 

the study of solid tissue requires harvesting the tissue from an animal. Therefore, only a limited 

single time-point in the organism’s metabolism is preserved and represented by the measured data 

in each tissue section, limiting the scope of conclusions that may be made.23 Stable isotope labeling 

(SIL) technology has emerged as a useful way of time stamping metabolites to measure metabolic 

dynamics. With the incredible improvements in resolving power and mass accuracy of benchtop 

mass spectrometers, the utility of various SIL atoms within molecules has increased substantially. 

Commonly used examples include 13C, 15N, 2H, and 18O, all of which can be utilized to chemically 

synthesize various isotopologues of the same molecule.24,25 Many organic molecules can therefore 

be labeled in more than one way, including GSH in this case, which contains carbon, hydrogen, 

nitrogen, and oxygen as potential labeling sites. One way to study kinetics is to infuse isotopically 

labeled precursors that can be metabolically incorporated into a product by a biological system, 

such as a cell culture or a living organism. This results in an “enrichment” of the metabolites with 

these SILs. Enrichments of the targeted products are measured by the mass spectrometer as a mass 

shift of the monoisotopic peak from its lighter and unlabeled native species.   

To time stamp these enrichments, most often, multiple animals are injected with a SIL at 

the same time, referred to as a simultaneous or single infusion start time (SIST) protocol. The 

tissues are then harvested at separate time points.26,27 These experiments often require a high 

number of tissue samples (animals) to achieve statistical significance,28 resulting in significant 

inter-sample variability and considerable expense. Large quantities of instrument time are also 

required for the analysis of many tissues. To combat these disadvantages and to reduce the 

additional biological variability inherent in the SIST protocol, we adapted a multiple infusion start 

time (MIST) protocol that varied the time at which three different glycine isotopologues were 
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administered and was followed by a single tissue harvest. This produced GSH with three distinct 

mass labels that reflected the time course of incorporation of the isotopologues. This method 

allows for the monitoring of enrichment reflecting three different time points within a single tissue 

sample, minimizing not only the number of animals, but also reduces the analysis time and 

biological variability between replicates. Although the MIST protocol have been previously shown 

to work in tissue homogenates,29–31 to our knowledge this is the first use of this method in a MSI 

study.  

In this chapter, we describe a protocol combining MIST with IR-MALDESI-MSI. This 

protocol was used to successfully image heterogeneity in both steady-state (i.e., single time point) 

GSH abundances and kinetic GSH levels across mouse liver tissue sections. We also developed 

the percent isotope enrichment (PIE) tool in the open-source software MSiReader19,32 for spatial 

analysis of isotope enrichment in tissue imaged by mass spectrometry. This new tool generates 

enrichment heatmaps for SIL across tissues after accurate correction for overlapping 

isotopologues, allowing for visualization of changes in metabolic flux across tissues. This protocol 

may be applied for the study of spatial changes in GSH metabolism in mammalian tissue for deeper 

comparisons between biological conditions. The PIE tool will be included in the next release of 

MSiReader.33 

6.2 Materials and Methods 

6.2.1 Mouse Tissue Labeling and Collection  

Female Balb/c mice (6-8 weeks old) were obtained from Charles River (Wilmington, MA). 

Mice were anesthetized (isoflurane/oxygen) and the tail veins were cannulated. The three 

isotopologues of glycine, [2-13C,15N]-glycine, [1,2-13C2]-glycine, and [1,2-13C2,15N]-glycine, were 

obtained from Cambridge Isotope Laboratories (Tewksbury, MA). Unlabeled glycine (Sigma 
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Chemical Co.) and the isotopologues were dissolved in phosphate-buffered saline. The 

isotopologues were administered to the anesthetized mice by bolus injection (0.05 mL) at doses of 

300 moles/kg via the tail vein cannula at 0-, 30- and 50-minute timepoints. Control experiments 

administered equivalent doses of unlabeled glycine at the three time points. In all experiments, at 

the 60-minute timepoint, mice were euthanized, and tissues were harvested and immediately 

frozen in isopentane cooled in liquid nitrogen. Tissues were stored at -80 ˚C until sectioning for 

MSI studies. The use of animals and all associated procedures were reviewed and approved by the 

NC State University Institutional Animal Care and Use Committee. Data shown here are from two 

mice: one SIL-glycine labeled mouse and one control/unlabeled mouse. Replicate sections from 

each liver were analyzed (n=2).  

6.2.2 Sample Preparation 

The workflow for preparing and analyzing samples is summarized in Figure 6.1. 

Microscope slides (1 mm height, plain, Fisher Scientific, Pittsburgh, PA) were evenly sprayed with 

a solution of 1 mg/mL homoglutathione (hGSH) (BaChem, Torrance, CA, USA) in 50% methanol 

using a pneumatic sprayer (TM Sprayer, HT-X Technologies, Chapel Hill, NC, USA) and 

previously optimized settings.34 The tissues were equilibrated to -15°C and sliced to 20 µm 

thickness using a Leica CM1950 cryostat (Buffalo Grove, IL, USA) prior to being thaw-mounted 

onto the prepared hGSH-coated slides. Prepared slides that were not immediately analyzed were 

stored at -80 °C until IR-MALDESI analysis.  

Figure 6.1. Summary of workflow employing MIST protocol for mapping of functional 
heterogeneity of GSH across mouse liver tissue via IR-MALDESI-MSI.  
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6.2.3 Mass Spectrometry Imaging 

All tissue analyses were performed using the home-built IR-MALDESI source 35 coupled 

with an Exploris 240 Orbitrap Mass Spectrometer (Thermo Fisher Scientific, Bremen, Germany) 

for MSI. Mounted tissue sections were placed on a Peltier-cooled XY stage within the source for 

analysis. To apply a desorption facilitating ice matrix to sample surfaces20 the source enclosure 

was purged with nitrogen gas until relative humidity within the enclosure reached 10%. The 

sample stage was then cooled to -8 °C and exposed to humidity until an even ice matrix was 

formed. The enclosure was then resealed and purged again to maintain the 10% relative humidity 

throughout analysis of the mounted tissues.  

A 2970-nm wavelength laser (JGMA, Burlington, MA, USA) was used to ablate targeted 

tissue regions with a single burst of five pulses (1 mJ/burst of energy) at a rate of 10 kHz. An 

orthogonal electrospray plume was generated by applying a voltage of 3.2 kV to electrospray 

solvent containing 1 mM acetic acid in 50:50 (v/v) water: acetonitrile and flowing at 1.5 µL/min 

in negative mode. Ionized molecules then entered the mass spectrometer for analysis. The 

automatic gain control function (AGC) remained off while the injection time (IT) was fixed at 15 

ms to synchronize timing of the ablation plume with the collection of ions in the C-trap. Ions were 

analyzed in negative mode at a mass resolving power of 240,000FWHM at 200 m/z with a m/z range 

of 286-346. This m/z range was chosen to target the reduced form GSH and homoglutathione 

molecules. While no lock mass was utilized, the instrument was mass calibrated daily to maintain 

sub-parts per million (ppm) mass measurement accuracy. Pixel size was 150 µm2.  

6.2.4 Data Analysis and Processing 

Recorded mass spectra and isotopic distributions were directly viewed and analyzed in 

XCalibur. Raw data files were also converted from the XCalibur .RAW format to mzML files via 
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the ProteoWizard tool, MSConvert,36 and then to imzML format using imzMLConverter 37. Images 

were generated from the imzML files in MSiReader v1.03c. A new software tool was developed 

for the analysis of these data and was used to calculate abundances including correction for the 

overlap between GSH isotopologues and SIL monoisotopic peaks. Corrected abundances were 

used to calculate the percent isotope enrichment of each SIL in the GSH product pool, along with 

the proportion of remaining native GSH measured in each voxel. Specifics of the calculations 

made by the tool are discussed below.  

6.2.5 Percent Isotopic Enrichment (PIE) Tool in MSiReader 

Computing the percent enrichments of GSH within each voxel in many images is a 

straightforward task, but a daunting one to perform manually. For this, we have created and now 

introduce the PIE tool in MSiReader. The Application Programming Interface (API) for the 

MSiReader software was used to add a toolbar icon and associated function to perform the percent 

enrichment calculation on the currently loaded data set for any list of m/z isotopologues and an 

abundance correction matrix. The correction matrix is supplied by the user. It may contain either 

probabilities or relative abundances for each isotope and must be full rank. The construction of the 

matrix following a method similar to that of Fernandez et al.38 is described below. 

The PIE tool also allows for the input of user defined parameters such as an abundance 

threshold, mass tolerance, and centroid algorithm (Figure 6.2). It performs the described 

calculations within the tool, and outputs heatmaps describing the percent enrichment of each 

isotopologue of interest. Users can select one of eight schemes for scaling the color of the heatmaps 

in the selection menu that opens with the tool. It also outputs an Excel worksheet containing all 

input parameters and both corrected abundances and final percent enrichments for further 

quantitative analysis by the user. The calculation can be applied to the entire image or a selected 



  133 

 

region of interest. Examples of input isotopologues correction matrix and the Excel output of the 

PIE tool are included in the Supplemental Information along with a representative imzML data set 

from enriched mouse liver tissue. 

6.2.6 Droplet Analysis of SIL-GSH solutions for PIE Tool Validation 

Fifteen solutions were prepared using unlabeled reduced GSH standard (Fisher Scientific) 

and SIL-GSH (Glycine-labeled [13C2,15N], Cambridge Isotope Laboratories, Tewksbury, MA) in 

LC-MS grade water. Each solution was prepared to a 1 mM concentration made up of a ratio of 

the two standards to measure known percent enrichments. For example, the solution comprising 

of 0.005 mM SIL-GSH and 0.995 mM GSH should theoretically represent a 0.5% percent isotope 

enrichment of SIL-GSH. Droplets containing 7 µL of each solution were directly pipetted onto a 

glass microscope slide and analyzed via IR-MALDESI in a similar manner as described above 

except for a narrowed mass range of 286-326 m/z.  Each droplet was ablated 100 times (for 100 

mass spectra) per concentration. The dataset was externally mass calibrated to 2-

Figure 6.2. User-defined workflow settings for the PIE tool in MSiReader.  
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Undecylbenzenesulfonic Acid (m/z 311.1686, putatively identified from chemical formula 

C17H28O3S identified using carbon and sulfur counting) using the MSiReader external calibration 

tool. Percent isotope enrichments over each of the 100 scans were calculated using the PIE tool 

and averaged. We then fit a linear regression to determine the fit of these calculated percent 

enrichments to the theoretical spiked enrichment values as an indication of the accuracy of the PIE 

tool.  

6.3 Results and Discussion 

6.3.1 Multiple Infusion Start Times of Glycine Isotopologues 

The workflow presented here for spatially mapping the isotopic enrichment of glycine 

precursors into mouse liver GSH is summarized above in Figure 6.1. Glycine is an immediate 

precursor of GSH, so the labeled isotopologues directly incorporated into the glycine residue of 

the tripeptide (Figure 6.3A). Mice were first injected with three distinct SIL-glycine 

isotopologues. Three SIL-glycine isotopologues, [2-13C,15N]-glycine, [1,2-13C2]-glycine, and [1,2 

-13C2,15N]-glycine, were strategically selected because their incorporation into GSH would 

produce monoisotopic peaks resolvable from one another and unlabeled GSH using a high 

resolving power mass analyzer to be measured within a single tissue section. The [M-H+]- species 

of unlabeled GSH has a calculated m/z of 306.0765 Da. The 13C and 15N isotopes have mass shifts 

of 1.0034 Da and 0.997 Da, respectively, from their lighter and more abundant isotopes 12C and 

14N. Therefore, we expected elevated signals at the GSH peaks of 308.0769 (2-13C,15N), 308.0832 

(1,2 – 13C2), and 309.0803 (1,2 -13C2, 15N) due to metabolic incorporation of the SIL-glycine labels. 

We will refer to these labels as SIL1, SIL2, and SIL3 (respective to both increasing m/z and to 

injection order) hereafter for brevity. As each of the SIL-GSH molecules are chemically the same, 

we assumed ionization efficiency was the same for all enriched products. The timing of label 
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injection is presented in Figure 6.3B. The timing intervals were chosen based on an earlier pulsed 

MIST study of muscle protein synthesis26 and the rate of glutathione labeling found in porcine 

liver in a continuous infusion isotope study.39 

6.3.2 Confirmed Detection of GSH and SIL-GSH in Mouse Liver Tissue Using Mass Measurement 

and Spectral Accuracy 

Tandem mass spectrometry (MS/MS) is usually employed to produce precursor defining 

fragments for confident identifications of compounds. However, in the mass spectrometry imaging 

field, due to the significant amount of time required to generate images, tandem MS is not typically 

performed unless there is not sufficient information available in the MS1 data to confer 

identification. To confidently confirm the detection of GSH and isotopologues without MS/MS, 

 Figure 6.3. Summary of glycine incorporation into reduced glutathione. Color is used to 
distinguish the three glycine labels infused in this protocol and the resulting incorporation in 
GSH to produce SIL1 (red), SIL2 (green), and SIL3 (blue). A) Structure of reduced 
glutathione. SIL are incorporated in the glycine residue (red). Stars represent location of 
isotopically labeled atoms in each respective SIL-GSH. B) Summary of multiple infusion 
start time protocol used to inject glycine labels into each mouse over the course of one hour. 
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high mass and spectral accuracy, and biological context were used. As shown in Figure 6.4, an 

abundant monoisotopic peak was measured within one ppm of the theoretical m/z of deprotonated 

GSH (306.0765) in both the unlabeled and labeled mouse liver tissue. The putative 13C and 34S 

GSH isotopic peaks were also detected and fully resolved from other peaks in the isotopic 

distribution. Based on the similarity between the theoretical distribution of native GSH (black 

diamonds, Figure 6.4) and the measured peaks, we concluded this was a confident identification 

Figure 6.4. Measured mass spectrum of GSH from liver tissue sections. The theoretical 
isotopic distribution of unlabeled GSH is shown by the black diamonds. The measured 13C 
and 34S peak match the theoretical distribution in both the A) unlabeled and B) labeled liver 
section. Peaks corresponding to SIL-enrichment in labeled liver are indicated with red, green, 
and blue circles. Signal at these peaks was much higher than the theoretical distribution in B 
only, confirming enrichment via SIL-glycine incorporation.  
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of native GSH. Additionally, we utilized the spectral accuracy tool in MSiReader to quantify the 

differences in theoretical and estimated number of carbons and sulfur atoms using carbon/sulfur 

counting.40 The majority of carbon and sulfur peaks measured across the tissue were estimated 

within one atom of the theoretical number of atoms (Figure C.1), supporting confident 

identification across the tissue sections. We compared the spectra measured in an unlabeled mouse 

liver (Figure 6.4A) with spectra in a labeled mouse liver (Figure 6.4B) to confirm the absence or 

low signal of SIL peaks in the isotopic distribution of naturally abundant GSH where we expected 

enrichment based on calculated mass shifts from the SIL (Figure 6.4B). The elevated signal of 

these peaks in the labeled mouse was initial evidence of successful incorporation of the SIL-

glycine isotopologues into the GSH pool.  

6.3.3 Mapping of Labels Across Tissue Sections and Normalization 

 Following observation of the presence of SIL-GSH peaks within the raw mass spectra 

collected from the tissue, we used MSiReader to quantify the relative abundance of these peaks 

across the liver tissue slice. Figure 6.5A shows an optical image of a liver tissue section, within 

which several features are visible. Variability between voxels due to variations in analytical factors 

(e.g., ionization efficiency, electrospray stability, or variability in tissue density) can often hinder 

accurate visibility of changes in analyte signal across anatomical features in a tissue section.41 This 

is significant challenge faced in the MSI community and was discussed further by Nazari and 

coworkers,11 who described a method for normalization of GSH in hen ovarian tissue using IR-

MALDESI-MSI. Towards the similar goal of GSH normalization, we chose the compound 

homoglutathione (hGSH), a peptide found in plants, as a normalization standard, which is 

chemically very similar to GSH (with the addition of one additional CH2 group). A similar 

ionization efficiency is ideal for a normalization compound to account for any changes in the 
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ablation and ESI plume dynamics from voxel-to-voxel. The identified monoisotopic peak of GSH 

was normalized to the detected hGSH peak in each voxel. As expected for a normalization 

compound, very high signal at the m/z peak 320.0922 was observed off tissue (Figure 6.5B), while 

compound ionized from beneath the ablated tissue was within approximately an order of 

magnitude of the GSH peak. Upon normalization, we observed a successful reduction in voxel-to-

voxel variation across the image, leading to a significant improvement in feature visualization 

(Figure 6.5C/D) within the steady-state tissue images. This not only improved visual comparison 

of data collection over several instrument days but also aided ROI selection within MSiReader. 

Post-processing normalization strategies for images, discussed extensively by Tu and Muddiman 

in 201941 and available in MSiReader, were also tested and compared with images normalized to 

the reference peak (Figure C.2).  

Figure 6.5. Normalization of GSH peaks to hGSH-coated slide. A) Image of mounted liver 
tissue section. B) Heatmap of measured hGSH signal on and off tissue (m/z 320.0922). C) 
Heatmap of measured GSH signal on and off tissue (m/z 306.0765). D) Heatmap of 
normalized GSH signal. Physical features across the liver tissue slice are easily visible.  
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Following normalization, we evaluated the isotopologues’ signals across multiple 

replicates of liver sections, from both the labeled mouse and the unlabeled mouse. Figure 6.6A 

shows normalized native abundances of GSH. Based on these images, we found that the natural 

abundances GSH were comparable (i.e., within an order of magnitude after normalization) 

between tissue slices from the same animal and the biological replicates, indicating GSH 

metabolism in the mice was not severely disrupted by the glycine injections. Similar signals were 

observed for the three SIL isotopologues across and between the labeled liver sections, while little 

to no signal was observed in the unlabeled tissue for these peaks (Figure 6.6B-D), matching the 

Figure 6.6. Normalized heatmaps of labeled (left) and unlabeled (right) liver tissue measuring 
the monoisotopic peaks of A) unlabeled GSH (m/z 306.0765) B) SIL1 (m/z 308.0769) C) 
SIL2 (m/z 308.0832) and D) SIL3 (m/z 309.0803). While unlabeled GSH levels are similar 
(within one order of magnitude) between replicate sections, signal at SIL peaks is much higher 
in labeled tissue, as expected. This confirms the enrichment of these peaks due to labeling 
rather than endogenous interferences.  
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initial observations found directly in the mass spectra. The unlabeled tissue continued to serve as 

a negative control in confirming the presence of these peaks in the labeled sample were solely due 

to SIL infusion, and not due to a severe difference in naturally abundant GSH that enhance signals 

at these mass shifts. The opposite is also supported by this data, that the lack of signal at these 

peaks is not due to an abnormal lack of naturally abundant species. The scarcity of signal also 

confirmed the lack of endogenous interferences with these monoisotopic peaks in mouse liver. 

What little signal was observed was attributed to the natural occurrence of those unlabeled 

isotopologues in areas where GSH is highly abundant. This observation emphasized the 

importance of correcting for the contribution of the natural abundance of these isotopologues of 

GSH to avoid overestimating the enrichment of a specific label.  

6.3.4 Development and Validation of MSiReader PIE Tool 

 Following inspection of the steady-state images in Figure 6.6, we next investigated the 

kinetic mapping of SIL incorporation. To calculate percent isotope enrichment (PIE) or fractional 

enrichment of each label within the GSH pool, it was necessary to correct for both the natural 

abundance of each isotopologue and the contribution of any overlapping signals from other labels 

(e.g., the A+1 peak of the [2-13C,15N] labeled GSH peak with the monoisotopic peak of the [1,2-

13C2, 15N] labeled GSH peak.) To account for all overlaps between the four peaks of interest, we 

computed a correction matrix.23,38 

First, the probability of occurrence of each relevant isotopic peak for the labeled and 

unlabeled species were determined (Table C.1). We used the IsoSpec42 package in R to calculate 

probabilities of isotopic peaks using IUPAC estimations of isotope natural abundances. Assuming 

the same probability of isotopes occurring at each m/z between the unlabeled and labeled molecules 

would result in an inaccurate estimation of probabilities. Therefore, only the probability of 
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unlabeled atoms in each molecule were considered. For example, the probability of one 13C atom 

occurring in a GSH molecule (containing ten carbons total, and assuming all ten are “unlabeled”) 

is higher than the probability of one occurring in a SIL-GSH molecule where only nine of the 

carbons are naturally occurring (i.e., SIL1) due to the synthetic addition of a single 13C. The 

probability of an isotopic peak was normalized to the probability of the monoisotopic peak of the 

distribution to compute the expected relative abundance (RA) of that peak. The upper triangular 

correction matrix was filled with the computed RA ratio for each expected peak. Equation 6.1 

below relates the measured relative abundance to the corrected abundance for each isotopic peak:  

[𝑀𝑀𝑀𝑀0 … 𝑀𝑀𝑀𝑀𝐼𝐼] = [𝐶𝐶𝑀𝑀0 … 𝐶𝐶𝑀𝑀𝐼𝐼] × �
𝑅𝑅𝑀𝑀00 ⋯ 𝑅𝑅𝑀𝑀𝐼𝐼0
⋮ ⋱ ⋮
0 ⋯ 𝑅𝑅𝑀𝑀𝐼𝐼𝐼𝐼

�  (6.1) 

where “CA” denotes the corrected abundance for species “0“ (unlabeled GSH) to “n” (in this case, 

n=3 and represents SIL-3 measured at m/z 309.0803.) “MA” represents the measured abundances 

at each peak from species “0” to “n”. In order to correct each peak abundance of interest, the vector 

containing measured values can be multiplied by the inverse of the correction matrix38 or the 

system of linear equations described by Equation 6.1 can be solved by other means (e.g., QR 

matrix decomposition43). This results in a vector containing corrected abundances (CA) that 

represent only the remaining signal attributed to the enrichment of that peak with a SIL precursor. 

From the CAs, the PIE in computed as the ratio of each CA belonging to an unlabeled/labeled peak 

to the sum of all the corrected peaks as shown in Equation 6.2:  

𝑃𝑃𝑒𝑒𝑟𝑟𝑃𝑃𝑒𝑒𝑃𝑃𝑃𝑃 𝐼𝐼𝐼𝐼𝐼𝐼𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼𝑃𝑃 𝐸𝐸𝑃𝑃𝑟𝑟𝐼𝐼𝑃𝑃ℎ𝑚𝑚𝑒𝑒𝑃𝑃𝑃𝑃 (𝑃𝑃𝐼𝐼𝐸𝐸) =  𝐶𝐶𝐶𝐶𝑖𝑖
∑ 𝐶𝐶𝐶𝐶𝑖𝑖𝑛𝑛
𝑖𝑖=0

  (6.2) 
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 To evaluate the validity of the PIE tool prior to tissue MSI analysis, we analyzed a series 

of droplets with known ratios of unlabeled GSH (m/z 306.0765) and SIL-GSH (m/z 309.0803) 

making up a combined 1 mM GSH solution. A total of 15 solutions were analyzed to fit a curve to 

the theoretical enrichment of the respective standards in the solution. Concentrations of each 

standard were stepped to evaluate a range of enrichments. We fit a linear regression to compare 

the spiked concentrations of the standard in each solution to the enrichments computed using the 

PIE tool. This curve is shown in Figure 6.7.  Heatmaps generated using the PIE tool are shown 

for two different solution concentrations on the curve. Even at low enrichment values of SIL (5% 

enrichment displayed by the top heatmap in Figure 6.7 the enrichment is visible within the 

Figure 6.7. Validation of PIE tool via IR-MALDESI droplet analysis of 15 solutions with 
known percent isotope enrichment. Heatmaps produced by the PIE tool are shown for two 
solutions (0.05 mM SIL-GSH + 0.95 mM GSH and 0.4 mM SIL-GSH + 0.6 mM GSH). 
Fitted curve of average SIL-GSH enrichments calculated using PIE tool vs known 
enrichments of the solutions. The curve fit the data points very well (R>0.99) and has a slope 
of approaching unity (m>0.97) indicating the PIE tool’s accuracy across a wide range of 
concentration ratios simulating “enrichment ratios”. Intercept >0 indicates a small level of 
error at low enrichments likely due to isotopic impurity of the SIL-GSH standard as well as 
potential differences between the natural abundances of isotopes (e.g., 13C, 34S) reported by 
IUPAC vs specific natural abundances of isotopes in the standards [39]. 
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heatmap images. We found that the curve had a slope of approaching unity (m > 0.97) and a 

correlation coefficient (R) >0.99, demonstrating the accuracy of the percent isotope enrichment 

calculations.  

6.3.5 Mapping Percent Enrichment of GSH Isotopologues in Mouse Liver Tissue 

We used the new MSiReader PIE tool to visualize heterogeneity in percent enrichment 

across the analyzed liver tissues. The overall median PIE results from each tissue are shown in 

Table 6.1. Median enrichments between replicates sections differ by less than 0.2%.  

 Labeled 

Section 1 

Labeled 

Section 2 

Unlabeled 

Section 1 

Unlabeled 

Section 2 

SIL-1 1.7 % 1.9% 0.2% 0.2% 

SIL-2 2.0 % 2.1% 0.1% 0.1% 

SIL-3 1.7 % 1.8% 0.1% 0.2% 

 

Resulting heatmaps from the analysis of “Labeled Section 1” are shown in Figure 6.8. Figure 

6.8A shows the PIE distribution for unlabeled GSH in the total GSH pool. Similarly, Figures 6.8B-

D show the PIE distribution of SIL1-3, respectively, across the liver tissue. Based on these heat 

maps we detected similar levels of incorporation of all three glycine labels in the GSH metabolic 

pool across most of the liver tissue section. Interestingly, differences in incorporation were 

revealed across different features of the liver section. The visualization of these differences allows 

us to select specific ROIs for further quantification and comparison of enrichment. For example, 

bright areas in Figure 6.8A (dotted box) indicate most of the GSH in this region was unlabeled 

while the orange-red region (solid box) indicates the voxels with lower amounts of unlabeled GSH 

and increased levels of SIL-GSH. Figure 6.8E displays a boxplot of the enrichment measurements  

Table 6.1. Median percent isotope enrichment values of analyzed tissue 
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made in these specific ROIs. We found a median enrichment of 1.6%, 1.8%, and 1.5% of each 

respective SIL in the “high” ROI and approximately 94% of the GSH pool remained unlabeled. In 

Figure 6.8. Percent isotope enrichment of labeled liver section. Heatmaps of A) unlabeled 
GSH (m/z 306.0765) B) SIL1 (m/z 308.0769) C) SIL2 (m/z 308.0832) and D) SIL3 (m/z 
309.0803). An area of high incorporation of the SILs is highlighted with a solid black 
square and an area of low incorporation is highlighted with a dotted black square. The 
quantities of incorporation in these ROIs are quantified in E.  
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the “low” ROI, we found almost no labeling aside from a few outlier voxels. The similarity in PIE 

values for the median enrichment values for each SIL may reflect the flat portion of the kinetic 

curve during the transition from label uptake to washout where similar enrichments would be 

expected. Alternatively, the length of the intervals between bolus doses may be too short compared 

to the overall glutathione biosynthetic resulting in similar levels of incorporation. Work is 

underway to change the timing of the infusion protocols to confirm the kinetic profiles of 

glutathione biosynthesis. Heatmaps from the second labeled tissue and the unlabeled replicates are 

shown in Figure C.3. These data show that the method can be successfully utilized for mapping 

the variation in the rate of glycine uptake into glutathione, i.e., glutathione biosynthetic activity 

across liver tissues. Interestingly, areas of the tissues where high steady-state GSH signal were 

observed did not necessarily correspond to areas of high GSH flux. This emphasizes the 

importance of studying GSH metabolic activity rather than relying on overall GSH levels to 

elucidate tissue function. 

6.4 Conclusions 

A method for kinetically labeling GSH in mouse liver tissues using a multiple infusion start 

time protocol is presented here. By injecting three SIL-glycine precursors at different time points, 

we showed the utility of IR-MALDESI-MSI for spatially mapping heterogeneity of the metabolic 

incorporation of those labels into the GSH product pool across mouse liver tissue sections. We 

also introduced the PIE tool in MSiReader which can be adapted for any kinetic labeling 

experiments. The method presented here will be adapted for future studies of different tissues for 

analysis of GSH metabolic heterogeneity in healthy and diseased states. 
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CHAPTER 7: Mapping Glutathione Metabolic Activity in Mouse Mammary Tumors Using 

Functional Mass Spectrometry Imaging 

Submitted: Mellinger, A.L., Kibbe, R.R., Rabbani, Z.N., Meritet, D., Muddiman, D.C., Gamcsik, 

M.P., Free Radical Biology & Medicine, 2022. 

7.1 Introduction 

Glutathione is one of the primary cellular antioxidants and plays a central role in 

neutralizing oxidative stress in tumor tissue imparted by reprogrammed metabolism, the harsh 

hypoxic and acidic environments and the additional stress produced by therapy.1-4 For these 

reasons, a number of clinical studies sought to link glutathione levels in patient tumors to tumor 

clinical stage, histological grade or therapy response but have yielded mixed results.5 These results 

are likely due to the difficulty in relating the static level of a single biomarker to the functional 

capability of tumor tissue to replenish and maintain antioxidant capacity in response to stress. This 

functional capability can be assessed by measuring metabolic rates as these are the net result of 

the interactions of an entire network of molecular components in the tissue under regulatory 

control and environmental influences.6-8 Since tumor tissue is notoriously heterogeneous in 

molecular content and in microenvironmental conditions, the metabolic activity will vary 

substantially across the tissue. Therefore, functional imaging is needed to map these variations 

across the tumor. In prior work, we used magnetic resonance methods to noninvasively detect the 

heterogeneity of isotope incorporation into tumor glutathione, but the low sensitivity limited the 

amount of kinetic information obtainable from these experiments.9,10 

We developed a new method of functional mass spectrometry imaging (fMSI)11 that used 

timed administration of isotopologues of glycine that yielded both glutathione metabolic activity 

maps at each spatial location in ex vivo liver tissue sections.12 This single-sample isotope tracer 
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method to provide detailed kinetic data is based on the work of Dudley et al.13, and later dubbed 

multiple-infusion start time (MIST)14 and is particularly advantageous to studying heterogeneous 

tumor tissue. This method can provide multiple timepoint kinetic data from a single tissue sample. 

In this report, mice bearing orthotopically implanted 4T1 mammary tumors were infused with 

three isotopologues of glycine, [2-13C,15N]-glycine, [1,2-13C2]-glycine, [1,2-13C2,15N]-glycine, at 

timed intervals followed by a single tissue harvest. Mass spectrometry analysis of the tissue shows 

isotope labeling patterns that reflect the time dependent uptake of each glycine isotopologue and 

its conversion into glutathione allowing kinetic analysis of metabolic activity. The results show 

that glycine uptake is heterogeneous, and glutathione metabolic activity is highest at the tumor 

periphery. 

7.2 Materials and Methods 

7.2.1 Animal Studies 

Female Balb/c mice (6-8 weeks old) were obtained from Charles River (Wilmington, MA).  

Approximately 105 4T1 tumor cells (ATCC) were injected into the mammary pad of the mice. 

After 12-21 days, the tumors range from 0.5 to 1 cm3 in size. Mice were anesthetized 

(isoflurane/oxygen) and the tail vein was cannulated. The three stable isotope-labeled (SIL) 

isotopologues of glycine, [2-13C,15N]-glycine (abbreviated: 1gly), [1,2-13C2]-glycine (2gly), and 

[1,2-13C2,15N]-glycine (3gly) (Figure 7.1A), and [13C2,15N]- urea (*urea) were obtained from 

Cambridge Isotope Laboratories (Tewksbury, MA) and were dissolved in phosphate-buffered 

saline. The isotopologues were administered using the MIST protocol to the anesthetized mice by 

bolus injection (0.05 mL) at doses of 300 µmoles/kg via the tail vein cannula at 0-, 40- and 60-

minute timepoints. At the 119-minute timepoint, a 50 µmol bolus of isotope-labeled urea (*urea) 

was administered as a perfusion marker and mice were euthanized at 120 min (Figure 7.1C). 
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Control experiments infused unlabeled glycine (0gly) over the same timing sequence. Tissues were 

harvested and immediately frozen in isopentane cooled in liquid nitrogen. Tissues were stored at -

80˚C until sectioning for MSI studies. The use of animals and all associated procedures were 

reviewed and approved by the NC State University Institutional Animal Care and Use Committee. 

The 4T1 cell line was authenticated by short tandem repeat profiling by the ATCC. 

7.2.2 Sample Preparation 

Microscope slides were evenly sprayed with a solution of 1 mg/mL homoglutathione 

(Bachem) in 50% methanol using a pneumatic sprayer as described previously.12 The tumor tissues 

were sliced to a 20 µm thickness with a cryostat prior to being thaw mounted on the prepared slide 

for mass spectrometry imaging. Adjacent 10 µm thick sections were prepared for histological 

examination.  

7.2.3 Mass Spectrometry Imaging, Data Analysis, and Preparation 

All tissue analyses were performed using a home-built infrared matrix-assisted laser 

desorption electrospray ionization (IR-MALDESI) source coupled with an Exploris 240 Orbitrap 

Mass Spectrometer (Thermo Fisher Scientific, Bremen Germany) for MSI by the methods 

previously described.12 Recorded mass spectra and isotopic distributions were directly viewed and 

analyzed in XCalibur. Specifics of data analysis and the software tool used to generate metabolite 

isotopic enrichments appear in our recent publication.12 Glutathione was detected in negative ion 

mode whereas glycine and urea were collected in positive ion mode. In positive ion mode, the m/z 

range 45-225 was recorded. Internal calibration was used to achieve sub-ppm mass accuracy. We 

used an ESI solvent of 50% acetonitrile and 0.2% formic acid. The amount of isotope incorporated 

into metabolites was performed using the Percent Isotope Enrichment (PIE) tool in the MSiReader 

software.12 The MSI data is collected from tissue 20 µm thick tissue section with resulting sampled 
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volume elements (voxels) of 150 × 150 × 20 µm size. Functional heatmaps displaying voxel-by-

voxel slopes were generated from MSiReader PIE tool output in RStudio using the nlme, viridis, 

and ggplot2 packages.  

7.2.4 Histology and Immunohistochemistry 

Ten-micron tissue sections were obtained adjacent to those used for mass spectrometry 

analysis. One section was stained with hematoxylin-eosin stain. This tissue section was analyzed 

to detect regions of necrosis and neutrophil infiltration by a board-certified veterinary anatomic 

pathologist (DM) using light microscopy. 

7.3 Results 

7.3.1 Distribution and Labeling of Glutathione 

All fMSI experiments used heavy SIL glycines, designated as *gly, with control 

experiments infusing unlabeled, naturally abundant glycine (0gly). The labeling patterns of the 

three isotope-enriched isotopologues of glycine (1gly, 2gly, 3gly), are shown in Figure 7.1A and 

yield distinct species with increasing exact masses that can be resolved by high resolution mass 

spectrometry.12 These *gly species can be incorporated into glutathione in a two-step biosynthetic 

process catalyzed by the enzymes glutamate cysteine ligase (GCL) and glutathione synthetase (GS) 

to yield isotopologues of glutathione (*GSH) that can also be resolved by high resolution mass 

spectrometry (Figure 7.1B).  The MIST protocol was used to administer bolus doses of 1gly, 2gly, 

3gly at 120, 80, and 60 minutes, respectively, prior to tissue harvest as shown in Figure 7.1C. SIL-

urea (*urea) was administered one minute before harvest as a perfusion marker.15 Incorporation  

of the three glycine isotopologues for three different time intervals resulted in the enrichment of 

three isotopologues of glutathione 1GSH, 2GSH, 3GSH, after 120, 80 or 60 minutes, respectively. 

Therefore, each tissue sample will contain unlabeled glutathione, 0GSH, and 1GSH, 2GSH, 3GSH. 
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The percent isotope enrichment (PIE) of each isotopologue in the sample, obtained from the mass 

spectrometry imaging data, represents the ratio of isotope-labeled to total glutathione from the 

three time points.   

A harvested 4T1 tumor tissue sample that was used to obtain thin sections for mass 

spectrometry and histological analyses is shown in Figure 7.2A. The overall cross-sectional 

dimensions of the tissue shown in Figure 7.2A was approximately 11 x 6 mm. Thin 20 µm sections 

of this tumor were analyzed by MSI. The steady-state levels of unlabeled glutathione (0GSH), 

detected at m/z 306.0765, and normalized to the homoglutathione standard, is shown in Figure 

7.2B. This image shows high glutathione levels at the periphery of the tumor with a large central 

Figure 1. A) Glycine isotopologues used in this study with listed exact masses. B) Glutathione 
is biosynthesized in two steps from three amino acids catalyzed by glutamate cysteine ligase 
(GCL) and glutathione synthetase (GS). The three glycine isotopologues (*gly) yield the 
corresponding glutathione isotopologues (*GSH). C) Timing of the MIST administration of 
glycine isotopologues (*gly) and isotope labeled urea (*urea).  
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region with low/no detectable glutathione. Similarly, heatmaps of the steady-state abundances of 

the three GSH isotopologues detected at m/z's 308.0769 (1GSH), 308.0832 (2GSH), 308.0803 

(3GSH) are shown in Figures 7.2C-E, respectively. As expected, the 1GSH, synthesized from 1gly 

over a 120-min exposure is highest in concentration, followed by 2GSH (80-min exposure) and 

3GSH (60-min exposure) to the other glycine isotopologues. The PIE heatmaps of all glutathione 

species are presented in Figures 7.2F-I. Due to the concentration of the administered *gly and the 

120 min timeframe, most (~95%) of the glutathione in the tissue is unlabeled resulting in Figure 

7.2F that shows a high PIE of unlabeled glutathione. The PIE maps for isotopologues 1GSH, 2GSH 

and 3GSH are shown in Figures 2G-I. Similar data was obtained from 4T1 tumors excised from 

Figure 7.2. A) Excised 4T1 tumor from MIST labeled mouse mounted on specimen disc for 
cryosectioning. MSI heatmaps depicting steady state abundances of B) glutathione (0GSH), C) 
1GSH at m/z 308.0769 D) 2GSH at m/z 308.0832 and E) 3GSH at m/z 309.0803. SIL 
abundances are corrected for isotopologue signal overlap. All heatmaps are normalized relative 
to the homoglutathione standard. PIE heatmaps of F) unlabeled glutathione, 0GSH, G) 1GSH, 
H) 2GSH and I) 3GSH detected. Region of interest analyzed with PIE tool is outlined. Scale 
bar = 1mm. 
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three mice treated with the identical MIST protocol and all show high levels of glutathione along 

the outer edge of the tumors and a central core with little to no glutathione detected (Figure D.1). 

The PIE data for each of these three tumors are shown in Figure D.2. In all tumors, the distribution 

of the three glutathione isotopologues is also heterogenous. The relative levels of glutathione 

isotopologues detected in the four tumors administered 1gly, 2gly, 3gly are summarized by the box 

and whisker plots in Figure 7.3 showing the PIE data collected from all tissue voxels in which 

isotopologues 1GSH, 2GSH, 3GSH were detected. All tumors show relative PIE levels 1GSH > 

2GSH > 3GSH as expected for tissue exposed for 120, 80 and 60 min to the labeled glycine 

substrates. These data illustrate the ability of this fMSI method to generate three timepoint kinetic 

data from a single tissue sample. The GSH heatmap for a negative control tumor, treated with three 

doses of unlabeled glycine, also shows high levels of glutathione at the edges of the tumors, and a 

Figure 7.3. A) Box and whisker plots summarizing the PIE data from all detectable labeled 
isotopologues in the tumor shown in Figure 7.2. The number over each plot is the median PIE 
for the isotopologue data. (B)-(D) Box and whisker plots summarizing the *GSH PIE data for 
the three 4T1 tumors shown in Figures D.1/D.2.  
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central region with low glutathione (Figure D.3A).  Abundances of 1GSH, 2GSH, 3GSH were not 

detected above signals expected from the natural abundance of these isotopologues (Figures 

D.3B). The PIE data for this tumor shows high levels of unlabeled 0GSH (Figure D.3E), as 

expected, and no 1GSH, 2GSH, 3GSH (Figures D.3F-H).  

7.3.2 Distribution and Uptake of Labeled Glycines 

The relative rate of incorporation of isotope labels from glycine into glutathione is 

dependent upon delivery of the glycine isotopologues to the tissue which, in turn, is a function of 

how well the tissue is perfused.  Perfusion of tumor tissue is known to be heterogeneous so 

mapping the uptake of the glycine species across the tumor provides an indication of the variation 

of the delivery of these substrates. Unlike the glutathione data shown in Figure 7.3 and Figures 

D.1/D.2, mass spectrometry detection of glycine is most sensitive in positive ion mode. Therefore, 

a 20 µm tumor section, collected within 100 µm to the one used to collect the data in Figure 7.2, 

was used to collect the positive ion mode glycine data in Figure 7.4. Figure 7.4A shows the PIE 

distribution for unlabeled 0gly in the tissue. The MSI PIE maps of the glycine isotopologues are 

shown in Figures 7.4B-D.  Similar to the *GSH data, the glycine isotopologue uptake shown in 

the tumor section in Figures 7.4B-D is heterogeneous with the highest levels in the lower region 

Figure 7.4. PIE heatmaps of: A) unlabeled glycine 0gly, B) 1gly, C) 2gly D) 3gly detected in a 
thin section of the 4T1 tumor adjacent to the section shown in Figure 2. E) MSI data showing 
the abundance heatmap of perfusion marker SIL-urea (*urea) detected in the same thin-section 
as in (A-D). Scale bar = 1mm. 
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of the tissue. To confirm that *gly uptake represents a measure of tissue perfusion, the positive ion 

MSI map of *urea uptake is shown in Figure 7.4E. Since *urea was administered one minute 

prior to tissue harvest, the uptake indicates the regions of highest perfusion in the tissue which 

correlates well with the regions indicating high glycine uptake. The data in Figure 7.4 shows more 

extensive uptake of 1gly followed by 2gly and then 3gly. The PIE maps of the glycine isotopologues 

and *urea for the three other tumors studied are shown in Figure D.4. 

7.3.3 Time Dependence of Label Uptake and Incorporation 

The preceding data indicates that glycine isotopologue uptake and conversion into 

glutathione is heterogeneous resulting in differences in the total number of isotopologues detected 

in each tissue voxel. Figure 7.5A shows the variation in the number of glutathione isotopologues 

found in each voxel. From the data mapped in this figure, the bottom half of the tumor shows a 

high concentration of voxels in which all three isotopologues were detected. The upper half, show 

a high level of voxels in which fewer than three isotopologues were detected. There is a large 

central region in which no glutathione isotopologues are detected. Figure 7.5B shows the map of 

the number of *gly isotopologues that were detected in the adjacent tissue section that was 

extracted from the data shown in Figure 7.4. The glycine isotopologues are detected across more 

of the tissue than for glutathione when you compare Figures 7.5A to 7.5B showing substrate 

delivery was not limiting for the lack of glutathione production in some regions of the tumor. 

Figure 7.5A shows many voxels in which only one isotopologue was detected. Primarily 1GSH 

was detected in these voxels. Voxels containing only one glycine isotopologue are less frequently 

observed (Figure 7.5B).    

Figure 7.5C shows a random sampling of *GSH PIE data from individual voxels 

(comprising the heat maps shown in Figure 7.2 and boxplots in Figure 7.3) as a function of the 
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time interval over which each isotopologue was synthesized (i.e., difference between infusion and 

time of tumor harvest.) All three *GSH isotopologues were detected in Scans 375 and 376 but 

Figure 7.5. A) Map of the number of *GSH isotopologues found at each tissue voxel. B) Map 
of the number of *gly isotopologues detected in each tissue voxel. C) *GSH PIE levels over 
time from sample voxels in the MSI data D) Heat map showing the slopes of the lines fitted to 
*GSH PIE data from all voxels containing ≥2 data points.  E) Heat map showing the slopes of 
the lines fitted to *gly PIE data from all voxels containing ≥2 data points. Region of interest 
analyzed with PIE tool is outlined.  
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fewer in other voxels (e.g., Scans 370 and 371 in Figure 7.5C.) Even with only the one species 

detected (Scan 370), the PIE level of this isotopologue indicates active metabolism at this location. 

In many voxels, no enriched glutathione was detected. Regions in which <3 isotopologues were 

detected, are likely due to lower/intermittent tissue perfusion. For voxels in which 2 or more *GSH 

species were detected, a line was fit to the data where the slope of this line provides an estimate of 

the rate of production of glutathione, i.e., PIE/min, from the labeled glycines in that voxel.  

Heatmaps of the slope data, reflecting the PIE per minute for glutathione uptake of label 

from glycine in every tissue voxel are shown in Figure 7.5D for the tumor tissue data.  In most 

tissue voxels in this tumor, positive slopes of varying magnitude were observed for the *GSH data.  

The slopes were fit to tissue voxels containing two or more isotopologues (excluded voxels remain 

black.) The data in Figure 7.5D show greatest label uptake on the central right and lower left 

portion of the tissue. Interestingly, the upper left corner of the tumor showed both high steady-

state glutathione levels (Figure 7.2B) and perfusion of all three labels (Figure 7.5A), but slopes 

of lower magnitude than other areas of the tumor. The slope data for glutathione PIE versus time 

for the other tumors data are shown in Figure D.5. Similar to Figure 7.5D, the data for label uptake 

into glutathione in these other tumors show positive slopes indicating labeling of the glutathione 

pool was increasing during the 120 min experimental interval in all tumors.  

Slope data, reflecting the rate of glycine uptake into the tissue in all voxels are shown in 

Figure 7.5E.  In this case, some regions of the tumor exhibit a negative slope for the glycine data, 

and these are mainly localized to the lower part of the tumor. Glycine slope data from the other 

tumors are shown in Figure D.6. Interestingly, the data in Figure D.6A primarily displays positive 

glycine slopes, whereas the data for tumor tissue in Figure D.6B are dominated by negative slopes 

illustrating the intertumoral heterogeneity in tissue perfusion. Since these are bolus injections, the 
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negative slope indicates the glycine substrates are in the washout phase in certain locations in the 

tissue. Theoretically, bolus wash-in and wash-out kinetics are not linear and more complex line 

fits are needed to account for the actual behavior of the dosed isotopic substrates.  

The data in Figure 7.5A show many voxels in which zero, one or two *GSH isotopologues 

are detected which is likely due to no or low perfusion (zero isotopologues detected) or intermittent 

perfusion (one or two isotopologues detected.) In support of this conclusion, we extracted data 

from our earlier study on liver tissue.12 Since healthy liver is a well-perfused tissue, a MIST 

protocol using the same glycine isotopologues should detect all three glutathione isotopologues 

across the tissue. The data in Figure D.7 confirms that all three *GSH isotopologues are found 

across most of the tissue.   

7.3.4 Necrosis and Neutrophil Infiltration Identified by Tumor Histology 

Additional tumor tissue thin sections obtained from the tissues were stained with 

hematoxylin-eosin and the data for the section obtained from the tumor shown in Figure 7.2 is 

shown in Figure 7.6. A region of tissue outlined in black in Figure 7.6A was identified as a region 

Figure 7.6. A) Hematoxylin-eosin-stained tissue thin-section obtained from the tumor shown 
in Figure 7.2A. The black line indicates a region of coagulative necrosis. B) The same 
section with yellow lines indicating regions of the tissue with increased neutrophil 
infiltration.  
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of coagulative necrosis. This region corresponds to levels of little to no detectable unlabeled 

glutathione and the absence of glutathione isotopologues indicating no metabolic activity (Figure 

7.5D).  However, compared to the lack of glutathione isotopologues in this region, there are a 

number glycine isotopologues present, although this region has a high density of voxels with less 

than three glycine isotopologues (Figure 7.5B). In addition to identifying tissue necrosis, several 

regions of the tissue had a high level of neutrophil infiltration indicative of localized inflammation 

and are delineated by yellow borders in Figure 7.6. Two areas of increased neutrophil infiltration 

border on the central necrotic region. All regions displaying neutrophil infiltrations all show a low 

rate of isotope incorporation into glutathione (Figure 7.5A). 

7.4 Discussion and Conclusions 

Measures of metabolic activity or flux reflect the net outcome of the interactions of genes, 

proteins and metabolites under regulatory control operating within the local tissue 

microenvironments. Glutathione is a key player in the development, progression, and therapy 

response in cancer4, 6-19 and as such, a measure of its functional activity will likely be a better 

indicator of cancer aggressiveness and predictor of treatment outcome than steady-state levels. In 

addition, the innate metabolic and microenvironmental heterogeneity of tumor tissue requires this 

functional activity be assessed across the tissue. This is accomplished through functional imaging 

methods which often use isotope tracking technologies. Perhaps the best-known functional 

imaging method used in clinical oncology is positron emission tomography (PET) to detect glucose 

delivery, uptake, and phosphorylation.  To date there is no PET probe to detect glutathione 

metabolic activity. We developed a magnetic resonance method to detect glutathione metabolism 

noninvasively in rodent tumor tissues9,10 but the low sensitivity of the method limited the amount 

of kinetic and heterogeneity data that could be obtained. An additional advantage of some 
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noninvasive imaging methods is the capability to provide multiple time point kinetics. However 

noninvasive methods such as PET and magnetic resonance can be limited in the metabolic 

pathways that can be probed and often yield images with poor spatial resolution. 

Classic isotope tracing experiments can be used to track many more metabolic pathways, 

but these methods are often invasive, and a commonly used approach is to administer a single 

tracer and harvest tissue samples at multiple time intervals after infusion. This works well in some 

settings but is not readily amenable to MSI analysis as it is not possible to obtain data from identical 

tissue spatial locations in each serial sampling. This is especially true in tumor tissue which is 

comprised of multiple cell types and tissue environments with few, if any, anatomical features in 

which to orient similar sampling sites. The MIST protocol replaces a single tracer infusion and 

multiple tissue harvests approach with multiple tracer administration and a single tissue harvest to 

provide kinetic data. This approach has been used previously to follow protein biosynthesis13,14,20 

and glutathione metabolic rates21 in tissue extracts. The combination of MIST with MSI that is the 

basis of this fMSI method demonstrated here is not as elegant as many of the noninvasive 

functional imaging methods available but offers some distinct advantages. First, the MSI method 

can unambiguously identify and map multiple molecular species and pathways beyond the 

capabilities of most other imaging methods. Second, immunohistochemistry analysis of adjacent 

thin sections can be used to correlate classic tissue biomarkers to functional metabolic activities.  

Third, tissue perfusion measures can be acquired at each spatial location that is necessary to 

assessing variations in metabolic activity. Fourth, many MSI methods provide much higher spatial 

resolution than methods such as PET or functional magnetic resonance. Finally, a single-sample 

MIST approach precludes the need for multiple tissue samples, or animal subjects, that is 

frequently needed in acquiring dynamic data. 
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Similar to our magnetic resonance results, the fMSI data shows higher glutathione labeling 

located near the outer periphery of the tumor. However, our magnetic resonance method, although 

noninvasive, had poor sensitivity and spatial resolution. Due to this poor sensitivity, label 

incorporation could only be detected at a single timepoint. We were later able to use magnetic 

resonance to noninvasively monitor the time dependence of glutathione synthesis in rat and human 

liver but were not able to map variations in metabolic activity differences across the tissue.22 The 

value of obtaining multiple timepoints as demonstrated by this fMSI method is that the trend in 

the metabolic kinetics may be determined at each spatial location. For example, the data indicates 

that incorporation of isotope-labeled glycine is still increasing in most tissue regions in the 4T1 

tumor over the 120 min time course of the experiment shown in Figure 7.5 but is in a washout 

phase in other regions of the tumor. A single timepoint reading would miss these differences. 

Glycine isotopologue wash-in or wash-out will also affect glutathione kinetics further highlighting 

the need for developing models of label transit through the glutathione metabolic network.  The 

metabolic activity data in this study was obtained through linear fits of the PIE data as a function 

of time and is a convenient way to visualize the data. However, the uptake and metabolism of the 

labeled substrates would be more accurately represented by a more complex function. Particularly 

in this study, where bolus doses are administered, label wash-in and wash-out kinetics need to 

reflect both substrate uptake and washout and glutathione synthesis and consumption. The MIST 

procedure has previously been used with both a bolus injection20 and continuous infusion13, 14,21 

protocols and both these approaches can provide unique data on dynamic biological processes. We 

are currently working on different infusion protocols and timing schemes and developing more 

physiologically accurate metabolic models to fit the data and incorporating this into the fMSI 
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analysis software. However, these results also emphasize that perfusion must be considered when 

assessing metabolic heterogeneity.  

There are regions in all four tumors where glutathione is absent but glycine isotopologues 

are present indicating the glutathione metabolic machinery is not active in these regions.  Perfusion 

differences detected by variations in glycine isotopologue uptake were supported by unique MSI 

data that mapped isotope-labeled urea uptake. Urea is a metabolite found at high concentration in 

most tissues and rapidly diffuses from the blood and is quickly taken up by tissue.23 The use of 

isotope-labeled urea in perfusion imaging was demonstrated in hyperpolarized magnetic resonance 

studies15 and was adopted in this study for use with MSI. This method readily detected well-

perfused regions of tumor tissue.  In contrast, poorer perfusion is detectable in some tumor regions 

by low uptake of the three glycine isotopologues. The data also shows that timed MIST protocol 

may be capable of detecting intermittent perfusion as only one or two glutathione isotopologues 

were detected in some regions. Re-examination of our liver data supports the conclusion that 

intermittent perfusion may be responsible for detection of fewer than three isotopologues in the 

tissue. Intermittent perfusion, leading to cyclical variations in tissue oxygen levels, is often 

observed in regions of tumor tissue24 and may be a driver of tumor progression25 so detection and 

analysis of such tumor fractions is critical assessing the metabolic consequences of limited blood 

flow. The single point data shown in Figure 7.5C (i.e., Scan 370) shows intermittent perfusion 

does not stop label incorporation into glutathione. How these data are fit into a metabolic model, 

or visually displayed, is still under consideration. In addition, fMSI experiments to better 

characterize regions of intermittent perfusion are planned. Although the slopes of the linear fits to 

the enrichment data are an approximation of the metabolic rates, they do illustrate the 
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heterogeneity in both glycine uptake and metabolism into glutathione and demonstrate the value 

of the fMSI technique using MIST infusion protocols.  

The MIST infusion protocol shown in Figure 7.1C worked well in mapping metabolic and 

perfusion variations in the 4T1 tumor. However, our initial attempts to study glutathione 

metabolism in the 4T1 tumor used a MIST timing protocol identical to that used in our liver 

studies12 resulted in no detectable uptake of isotope labels into glutathione. In the liver study, the 

glycine isotopologues were administered at time points of 60, 30 and 10 min and MSI detected all 

three glutathione isotopologues across the liver tissue. For the 4T1 tumor, glutathione metabolic 

activity is slower, so a longer MIST protocol totaling 120 min with appropriate time separation 

between doses was necessary to allow time for label incorporation and to generate the data shown.  

Therefore, the overall length of MIST infusion protocol and intervals between doses needs to be 

tailored to the metabolic rates to yield data reflecting the dynamics of the system. 

This study utilized an IR-MALDESI source paired with orbitrap-based mass analysis to 

generate imaging data with a spatial resolution of 150 µm. This is a far higher resolution than 

available from some functional imaging methods such as PET. There are a number of other MSI 

ionization and detection methods that can map isotope uptake with <1 µm spatial resolution.11 

Those methods, paired with MIST infusions, offer the possibility of obtaining single-cell or 

subcellular functional data.  Advanced molecular profiling methods have already collected reams 

of data at the single cell to whole-tissue level and the addition of fMSI methods to the analytical 

arsenal over these size scales can provide unprecedented data on the spatial relationships between 

molecular components and biological function; the objective of the field of spatial biology.26 We 

will continue to probe differences in glutathione metabolic activity in tumor tissue to establish 

functional measures in tumors from different tissue types and levels of aggressiveness.  This 
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communication focuses on the ability of fMSI to measure glutathione metabolism, but this method 

is amenable to any process in which multiple isotopologues of a metabolic substrate are available.   
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CHAPTER 8: Investigating Glycerate Production from Intestinal Fructose Metabolism 

Elevated by Dietary Fat in Mouse Pancreas using Mass Spectrometry Imaging 

This work was previously published in: Yanru, W., Wong, C.W., Chiles, E.N., Mellinger, A.L., 

Bae, H., Jung, S., Peterson, T., Wang, J., Negrete, M., Xiang, K., Huang, Q., Wang, L., Jang, C., 

Muddiman, D.C., Su, X., Williamson, I., Shen, X., “Glycerate Production from Intestinal 

Fructose Metabolism Elevated by Dietary Fat Induces Glucose Intolerance Through β-cell 

Damage,” Cell Metabolism, 2022, 34, 7, 1042-1053, e6. Copyright © Elsevier Inc. 

8.1 Introduction 

Type 2 diabetes mellitus (T2DM) has doubled in prevalence over the past two decades, 

becoming a major threat to global health.1,2 Although T2DM is associated with genetics, the 

development of glucose intolerance is also a consequence of lifestyle and dietary patterns.1,3,4 

Ample evidence associates the consumption of fructose-containing sweetened beverages5,6 and 

dietary fat,7,8 prominent components of the western diet, with the development of T2DM. 

Pathogenic effects of fructose are shown to be more prominent among mice fed a high-fat diet, 

although the mechanisms remain unknown.9  

Recent reports demonstrated that the intestine largely shields the liver and other internal 

organs from the effects of fructose consumption, such as enhanced lipogenesis and ectopic fat 

deposition, by converting a substantial amount of ingested fructose to various metabolites.10,11 

Only when ingested fructose exceeds the maximum fructose metabolism capacity of the small 

intestine does unconverted fructose “spillover” to the liver (via the portal vain) and the colon.12 

These findings indicate that the metabolism of fructose is not localized to the liver and that a 

systematic evaluation of its fate is warranted. However, little is known about the contribution of 
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fructose-derived metabolites from the small intestine during the development of T2DM, 

particularly in a liver-independent fashion. 

Wong and coworkers observed that a high-fat diet (HFD) altered fructose metabolism in 

the small intestine of mice, resulting in an enrichment of organic acid pools from the fructolysis 

pathway but not the citric acid cycle. Fructose derived glycerate specifically was sustained at high 

levels in systemic circulation, and chronic glycerate treatment caused damage to pancreatic islet 

cells, especially β cells, in vivo. These data suggested that fat consumption enhances intestinal 

fructose metabolism and circulation of its derived glycerate, which can chronically damage 

pancreatic islet cells and lead to subsequent glucose intolerance. The model presented provides a 

mechanism linking T2DM pathogenesis to the consumption of a western diet rich in fructose and 

fat.  

The goal of this abbreviated report is to expand on the use of mass spectrometry imaging 

to support the findings presented in the listed work by Wong et. al. Using mass spectrometry 

imaging (MSI) via infrared matrix assisted laser desorption electrospray ionization (IR-

MALDESI) and stable isotope labeling (SIL) we measured differences in the deposition of fructose 

derived glycerate within pancreas tissues of mice fed a high fat and a control diet.  

8.2 Materials and Methods 

Figure 8.1 summarizes the workflow followed for the mass spectrometry imaging analysis 

of the pancreas tissues. Twenty-four pancreas tissues were imaged, with four replicates per the six 

conditions studied: mice fed a HFD and gavaged with U13C-fructose and harvested after 45/60 

minutes, mice fed a control diet (CD) and gavaged with U13C-fructose and harvested after 45/60 

minutes, or mice fed either diet but without a fructose gavage. Further details can be found within 

the stated reference for this work.  
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8.2.1 Mass spectrometry imaging by IR-MALDESI-MSI 

Pancreas tissues were first equilibrated to -15°C then sectioned to 20 μm thickness using a 

Leica CM1950 cryostat (Buffalo Grove, IL, USA). Cut sections were then thaw-mounted on clean 

microscope slides (1 mm height, plain, Fisher Scientific, Pittsburgh, PA) and stored at -80 °C until 

IR-MALDESI-MSI analysis. Tissues were first blocked into four groups, each containing one 

replicate of each condition. Tissues were both cut and imaged in randomized order within these 

blocks to minimize sampling bias. Additionally, jejenum tissue from a fructose-gavaged mouse 

was analyzed in a similar fashion to validate the usage of M+3 glycerate as a tracer of fructose-

derived glycerate.  

Mass spectrometry imaging (MSI) was performed using the infrared matrix-assisted laser 

desorption electrospray ionization (IR-MALDESI) coupled to an Exploris 240 Orbitrap mass 

spectrometer (Thermo Scientific, Bremen, Germany) to achieve high resolution and accurate mass 

measurements. To facilitate desorption of targeted analytes, a thin layer of ice was applied to the 

surface each tissue section by first purging the source enclosure with nitrogen gas to 10% humidity, 

Figure 8.1. A) 24 mice were split into 6 conditions, receiving either a high fat diet or a control 
diet along with SIL-fructose administered via gavage 45 or 60 minutes prior to sacrifice, or no 
gavage. B) Pancreas tissues were harvested and sectioned to even thickness prior to thaw 
mounting on microscope slides. C) Two sections were saved per pancreas for D) MSI analysis 
and E) H&E staining for islet counts. Sections were blocked for analysis days and randomized 
prior to analysis.   

https://www.sciencedirect.com/topics/medicine-and-dentistry/pancreas-tissue
https://www.sciencedirect.com/topics/medicine-and-dentistry/mass-spectrometry-imaging
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/electrospray-ionization
https://www.sciencedirect.com/topics/medicine-and-dentistry/orbitrap
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stabilizing the sample stage at -8 °C, and exposing the stage to ambient humidity until the ice 

matrix formed13. The enclosure was then resealed and purged again until humidity returned to 

10%, where it was maintained throughout analysis. 

To ablate targeted tissue regions a 2970-nm wavelength laser was used with a single burst 

of ten pulses to produce 1 mJ of energy at a rate of 10 kHz. X and Y stage movements of 100 μm 

were used to achieve oversampling.14 Ablated analytes were post-ionized in the orthogonal 

electrospray plume, established by applying a voltage of approximately 3 kV to the electrospray 

solvent (1 mM acetic acid in 50:50 water/acetonitrile.) Mass spectrometry analysis of ionized 

molecules was performed in negative mode with internal calibrant used to achieve high mass 

accuracy (<2.5 ppm) within the 85-225 m/z range. Automatic gain control (AGC) was disabled. A 

mass resolution power of 240,000FWHM at 200 m/z was used with a fixed injection time (15 ms) to 

synchronize timing of the ablation plume with ion collection in the C-trap of the mass 

spectrometer. 

 8.2.2 Data Collection and Analysis 

Collected raw data files were converted from the XCalibur.RAW format to mzML 

files via the ProteoWizard tool, MSConvert and then to imzML format using imzMLConverter. 

Images were generated from the imzML files in MSiReader v1.03c.15 For MSI data, abundances 

of stable isotope-labeled peaks (M+3 glycerate, 108.0293 m/z) were corrected for potential signal 

overlap from the naturally abundant species of each molecule using the percent isotope enrichment 

(PIE) tool in MSiReader.16 Isotopic distributions were computed using the R-based IsoSpec 

package.17 Tissue regions of interest were selected to include pancreas tissue only and exclude 

peripheral fat tissue found in adjacent tissue staining when counting glycerate peaks.  

 

https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/sequest
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/proteowizard


  180 

 

8.3 Results and Discussion 

8.3.1 Validating SIL-Fructose and SIL-Glycerate Detected in Mouse Intestine 

Prior to investigation of pancreatic tissues, a mouse was injected with the U13C-fructose 

standard (structure shown in Figure 8.2A) to validate the use of M+3 glycerate (Figure 8.2B) as 

a tracer of the fructose-derived glycerate. The intestinal tissue (specifically the jejunum tissue, 

Figure 8.2C) was imaged using IR-MALDESI-MSI as previously described. We successfully 

detected the chlorine adducted ion of C6H12O6, which was putatively identified as glucose (an 

isomer of fructose) in the mouse tissue based on the high mass accuracy of the MS1 peak m/z. This 

data is shown in Figure 8.2D and allowed us to initially assess the data collected via IR-

MALDESI-MSI. We then searched for the M+6 peak of fructose and found that it was highly 

abundant across this tissue (almost an order of magnitude more abundant than the unlabeled 

putative glucose peak in D), indicating successful arrival of SIL-fructose to the tissue. We note 

that this data was not corrected for abundance overlap. However, the probability of the naturally 

occurring M+6 isotopologue of glucose is very low (approximately 3E-13) and would therefore 

not affect this data.  

We were then able to detect a high abundance of both the naturally abundant glycerate 

(Figure 8.2E) and the SIL-glycerate (M+3, Figure 8.2F) in this tissue. This allowed us to move 

forward with using this molecule as a tracer of fructose-derived glycerate in tissues from the treated 

mice. To remain extremely conservative, the abundance of the fructose-derived glycerate was 

corrected for any potential overlap in signal due to the natural abundance of the M+3 isotopologue 

of glycerate and other potential isomers.16 While this is highly unlikely based on the probability 

of a 13C occurring within a 3-carbon molecule, the purpose of this was to remain conservative in 

our assumptions. 



  181 

 

  

Figure 8.2. A) Chemical structure of SIL-fructose with six 13C isotopes labeled. B) 
Expected SIL structure of SIL-fructose-derived glycerate. C) Optical image of intestine 
section mounted on microscope slide. Heatmaps showing relative abundances in intestine 
of D) unlabeled glucose (expected m/z of unlabeled fructose) E) SIL-fructose, F) 
naturally abundant (unlabeled) glycerate and G) glycerate. SIL-glycerate abundance was 
corrected for signal overlap of naturally abundant glycerate.  
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To validate our putative identifications of the six-carbon sugar, we utilized the spectral 

accuracy tool in MSiReader (Figure 8.3.) It should be noted that the [M-H+]- species were also 

detected in this tissue, but with lower abundances. Additionally, molecules containing chlorine 

create very distinct isotopic distributions due to the high abundance of the 37Cl isotope, resulting 

in a highly abundant M+2 peak. By using the chlorine adducts of these molecules, we were able 

to validate our putative identifications using spectral accuracy. Figure 8.3A/B shows the error in 

chlorine estimations across the intestine tissue for both the glucose molecule and the M+6 fructose 

molecule, respectively. This data indicates that estimations are within ± 0.5 chlorine atoms and 

increases our confidence in this putative identification. We also performed carbon counting to 

Figure 8.3. Spectral accuracy in mouse intestine tissue. Chlorine counting for A) naturally 
abundant glucose and B) SIL-fructose. Carbon counting for C) naturally abundant glucose 
and D) SIL-fructose. 
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further increase our confidence in this identification, although the probability of 13C isotopes is 

much lower than that of the 37Cl and therefore should result in a lower M+1 peak. Figure 8.3C 

shows the error in the carbon estimation for the unlabeled peak. Since the SIL-fructose peak was 

universally labeled, we would not expect an M+1 peak due to a naturally occurring 13C. This was 

confirmed by the data in Figure 8.3D.  

With only three carbons, we did not find spectral accuracy to be a useful validation tool in 

the glycerate data. However, this peak was not detected in negative control tissues of preliminary 

experiments (data not shown). Additionally, by checking the METLIN database and 

METASPACE peak identifications, we were able to rule out other MS1 identifications for this 

peak furthering our confidence in the identifications.  

8.3.2 Islet Estimation in Pancreas Tissues 

The interest of this project and other data included, was to link glycerate deposition and 

damage to islets. Prior to MSI analysis, adjacent tissue sections were stained and investigated for 

both islet cells and fat content. Due to the increased deposition of fructose in fatty tissues and the 

lack of fat across every tissue analyzed, these areas were excluded from SIL-glycerate deposition 

counts. Figure 8.4A shows an example of fat tissue that was excluded from one tissue section. 

This prevented skewing results towards higher deposition counts for tissues with fat deposits 

within the sections and allowed specifically endocrine tissue to be investigated. We also performed 

a count of islet cells across tissue sections to account for any bias towards numbers of islet cells in 

the areas of the tissue sections analyzed. Figures 8.4A and 8.4B shows examples of islets in 

stained tissues (circled in white). Figure 8.4C shows boxplots of the islet count distributions 

within each condition analyzed. This data is normalized to pancreas area and shows a similar 

distribution was collected from each of the six groups.  
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8.3.3 SIL-Fructose Deposition in Gavaged Mouse Pancreas Sections 

The mouse pancreas sections (adjacent to stained tissues) were then analyzed by IR-

MALDESI-MSI. SIL-fructose and SIL-glycerate were targeted in these studies, performed in 

negative mode. Similar to the positive control intestine tissue, we were able to detect the unlabeled 

chlorine adduct of C6H12O6, putatively identified as glucose. We detected this peak in all 24 

Figure 8.4. A-B) Optical images of stained pancreas tissue sections. Identified islets are 
circled in white and fatty tissue is circled in blue. C) Boxplot showing islet counts normalized 
to the measured area of each pancreas section analyzed.  
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replicates and across all six conditions (Figure 8.5A/B). The high abundance of this molecule in 

tissues that were not labeled with the SIL-fructose gavage allowed us to assess the quality of 

pancreas data collected via IR-MALDESI. The M+3 species (i.e., three carbons were labeled with 

13C, m/z 218.0428) was detected across pancreas sections from gavage labeled mice. As shown by 

Figure 8.5. Heatmaps displaying abundances at m/z’s of A-B) naturally abundant 
glucose/fructose, C-D) metabolized SIL-fructose (M+3) and E-F) the infused SIL-
fructose (M+6) in all analyzed pancreas tissues.  
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Jang et al. this is likely the result of three-carbon units of SIL-fructose being metabolized in the 

small intestine into glucose before entering both portal vein and systemic circulation.12 No visible 

difference between the spatial distributions of deposition in mice fed a HFD (Figure 8.5C) and 

mice fed a CD (Figure 8.5D) was observed. Importantly, no signal from this peak was detected in 

the pancreas of the mice that were not given the SIL gavage. Abundances of the SIL-fructose 

(M+6) appeared slightly lower in abundance across tissues compared to the putatively identified 

M+3 glucose, likely due to the metabolism of this exogenous compound.  However, it was still 

detected across all gavage-labeled groups within the two diets and remained absent in the negative 

control tissue sections (Figure 8.5E and F).  

8.3.4 Increased Deposition of SIL-Fructose Glycerate in HFD Mouse Pancreas 

Differences in the deposition of SIL-glycerate tracer in the mouse pancreas tissues was 

investigated between groups. We first performed an abundance correction to remain conservative 

in our detection counts using the PIE tool. Therefore, any peaks due to the high abundance of the 

unlabeled and natural isotopologues of glycerate (and other potential isomers) would be excluded. 

This data is shown in Figure 8.6, with regions of interest outlined, pancreas from HFD fed mice 

(A) in orange and CD (B) in pink. As expected, we did not observe deposition in the unlabeled 

tissues across both groups. These “dark” heatmaps are shown at in the top rows of Figure 8.6A 

and 8.6B. 

Unlike the intestine tissue, detected SIL-glycerate peaks in the pancreas tissue are expected 

from the result of “spillover” from the intestine, and therefore are not deposited across the entirety 

of the tissue. Therefore, we were more interested in detection frequency across these tissues and 

chose to use the higher contrasting “viridis” scale for these heatmaps. From these heatmaps, we  
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Figure 8.6. Abundance heatmaps of SIL-fructose derived glycerate (M+3, m/z 108.0293) 
detected in analyzed pancreas tissues. Abundances were corrected for overlapping signal 
from naturally abundant glycerate. A) Data from mice fed a high fat diet (tissue edges 
outlined in orange.) B) Data from mice fed a control diet (tissue edges outlined in pink.)  
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were not able to visibly observe any difference between tissues within the diets sacrificed at the 

different time points (45 vs 60 minutes.) Since our interest was specifically in the deposition of 

this metabolite in pancreatic tissue, any fat tissue (identified via the H&E stain, the optical image, 

and increased abundances of the fructose/glucose species) was excluded from these counts. For 

both diets, the most obvious example of this is in the 60-minute sample replicate that is second 

from the left (bottom row, Figure 8.6A and 8.6B.) Aside from these samples where glycerate 

deposited more frequently in the fatty tissue, there was no visible pattern of deposition across the 

tissues.  

While it appeared that the high fat diet groups had a higher number of peaks in all tissues, 

this was a subjective conclusion and therefore prompted more substantial quantitative evidence.  

Hence, we counted the number of detections made in each tissue  

and normalized these counts to the area of tissue analyzed. We then took the average of these 

normalized counts within each condition block for comparison. This data is shown in Figure 8.7. 

The HFD (left) data is represented by the orange bars while the CD is represented in pink bars. 

From this data, we confirmed that the deposition of the SIL-fructose derived M+3 glycerate peaks 

was much higher in the HFD fed pancreas tissues. However, the HFD- 60-minute group and the 

CD-45-minute group were both influenced by outliers. For this reason, a dotted black line is 

included with each bar to also show the median of each group. While overall relationships 

remained the same when comparing the medians between diets (HFD mice had higher deposition 

than CD) the differences between timings decreases within the groups when comparing medians. 
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8.4 Conclusions 

Using mass spectrometry imaging of fructose-derived glycerate in mouse pancreas tissues, 

we were able to support the findings presented by Wong et al. We traced the deposition of M+3 

glycerate in pancreas from mice fed either a HFD or a CD and found that mice fed a HFD had an 

increased deposition of the labeled metabolite in their endocrine tissue.  
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Figure 8.7. Bar graph showing the average numbers of SIL-glycerate peaks detected by group 
normalized to pancreas tissue areas. A dotted black bar represents the median of each group. 
Solid black bar = standard error. High fat diet data is shown in orange (left) and control diet 
data is shown in pink (right). 
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A.1 Supplemental Table 
 
Table A.1 Summary of raw file sources for building CSF spectral library. In-house generated raw files from a previous 

study were also utilized.  

  
Proteome 
Xchange 
Identifier 

Title Repository Instrument Publishing 
Author 

Principal 
Investigator Date Digestion 

Enzyme Sample Appendix 
Reference 

PXD009623 

Characterization of 
cerebrospinal fluid via 

data-independent 
acquisition mass 

spectrometry 

PRIDE Q Exactive Barkovits et al. 
(2018) Katrin Marcus 2/14/2019 Trypsin CSF [1, 2] 

PXD008098 

Quantitative proteomic 
profiling of 

cerebrospinal fluid to 
identify candidate 

biomarkers for 
Alzheimer’s disease 

PRIDE Q Exactive Sathe et al. 
(2018) 

Akhilesh 
Pandey 1/10/2019 Trypsin; Lys 

C Depleted CSF [3, 4] 

PXD010705 

Characterization of 
cerebrospinal fluid via 

data-independent 
acquisition mass 

spectrometry 

PRIDE Q Exactive Barkovits et al. 
(2018) Katrin Marcus 9/17/2018 Trypsin CSF [1, 5] 

PXD010690 

Characterization of 
cerebrospinal fluid via 

data-independent 
acquisition mass 

spectrometry 

PRIDE Q Exactive Barkovits et al. 
(2018) Katrin Marcus 9/17/2018 Trypsin Substantia 

Nigra [1, 6] 

PXD010708 

Characterization of 
cerebrospinal fluid via 

data-independent 
acquisition mass 

spectrometry 

PRIDE Q Exactive Barkovits et al. 
(2018) Katrin Marcus 9/17/2018 Trypsin Fractionated 

CSF [1, 6] 

PXD010698 

Characterization of 
cerebrospinal fluid via 

data-independent 
acquisition mass 

spectrometry 

PRIDE Q Exactive Barkovits et al. 
(2018) Katrin Marcus 9/17/2018 Trypsin CSF [1, 7] 

http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD009623
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD008098
http://www.ncbi.nlm.nih.gov/pubmed/30578620
http://www.ncbi.nlm.nih.gov/pubmed/30578620
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD010705
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD010690
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD010708
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD010698
http://www.ncbi.nlm.nih.gov/pubmed/30207155
http://www.ncbi.nlm.nih.gov/pubmed/30207155
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Table A.1 (continued.)  

  
PXD006357 

Cerebrospinal fluid 
markers to 

distinguish bacterial 
meningitis from 

cerebral malaria in 
children 

MassIVE Q Exactive 
James M. 

Njunge 
(2017) 

James M. 
Njunge 4/24/2017 Trypsin CSF  [6, 8] 

PXD004572 CSF comparison MS 
and controls PRIDE Q Exactive Kroksveen et 

al. (2016) 
Frode S. 
Berven 10/13/2016 Trypsin Depleted 

CSF  [10, 11] 

PXD003075 

Human CSF 
peptidomics of 

gamma secretase 
inhibition 

PRIDE Q Exactive Hölttä et al. 
(2016) Johan Gobom 3/14/2016 N/A Endogeneous  

CSF peptides  [12, 13] 

PXD000608 
Proteomics of 

cerebrospinal fluid 
microvesicles 

PRIDE Q Exactive Chiasserini et 
al. (2014) 

Connie 
R.Jiménez 5/7/2014 Trypsin CSF 

microvesicles  [14, 15] 

PXD001654 

Identification of a 
biomarker in 

cerebrospinal fluid 
for neuronopathic 
forms of Gaucher 

disease 

PRIDE Q Exactive Zigdon et al. 
(2015) Yishai Levin 6/24/2016 Trypsin CSF  [12, 16] 

PXD007842 

Proteomics analysis 
of biological fluids of 

sleeping sickness 
patients 

PRIDE Q Exactive Bonnet et al. 
(2018) 

Bertrand 
Courtioux 11/15/2018 Trypsin; 

Lys C 
Depleted 

CSF  [17, 18] 

http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD006357
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD004572
http://www.ncbi.nlm.nih.gov/pubmed/27728768
http://www.ncbi.nlm.nih.gov/pubmed/27728768
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD003075
http://www.ncbi.nlm.nih.gov/pubmed/26948580
http://www.ncbi.nlm.nih.gov/pubmed/26948580
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD000608
http://www.ncbi.nlm.nih.gov/pubmed/24769233
http://www.ncbi.nlm.nih.gov/pubmed/24769233
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD001654
http://www.ncbi.nlm.nih.gov/pubmed/25775479
http://www.ncbi.nlm.nih.gov/pubmed/25775479
http://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD007842
http://www.ncbi.nlm.nih.gov/pubmed/30414516
http://www.ncbi.nlm.nih.gov/pubmed/30414516
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Appendix B: Supplemental Information for Chapter 3 

B.1 R Code for Mixed-Effects Modeling of Longitudinal ALS patient peptide 
measurements 
 
require(ggplot2) 
require(nlme) 
require(ggcorrplot) 
library(ISLR) 
library(glmnet) 
library(dplyr) 
library(tidyr) 
library(caret) 
library(mgcv) 
library(MASS) 

#Upload data; Skyline file used after manual filtering for quantitative peptides 
      ## Outlier patient and QC data removed for this analysis 
### EX: PeptideData = as.data.frame(read.csv("All_peps_r.csv", header = TRUE)) 
 
 
#Filter any peptides that were missing in 25% of the samples 
Peptide_Data_filtered <- PeptideData[, !colSums(PeptideData !=0) < 45]    
 
#Create data frame containing only peak areas for log transformation 
abundances2 <- as.data.frame(Peptide_Data_filtered[,12:3208]) 
abundances2 <-log2(abundances2) 
abundances2[abundances2 < 0] <- 0 
 
 
#Use caret function to return vector of columns to remove to reduce pair-wise correla
tions 
highCorr<- findCorrelation(correlations, cutoff = 0.6) 
highCorrmatrix <-as.matrix(highCorr) 
filtered <- abundances2[,-c(highCorr)] 
 
#Combine newly logged and filtered data with meta data 
logT_PeptideData<- cbind(PeptideData[,1:11], filtered[,1:96]) 
 
 
#Create matrices containing explanatory and response variables for LASSO 
X2 <- as.matrix(cbind(logT_PeptideData[,6],logT_PeptideData[,8],logT_PeptideData[,12:
107]))  
Y2 <- logT_PeptideData$ALSFRS.Total.Score 
 
 
# Run LASSO analysis  
 
peptide_lasso <- glmnet(X2,Y2,family='gaussian',alpha=1) 
peptide_lasso 
 
 
#99% of the lasso deviation explained with s = 0.04012 with a reasonably narrowed lis
t of peptide coefficients contributing to the model. 
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  ##Created a matrix and separate .csv containing these coefficients to filter "unimp
ortant" (coefficient = 0) peptides 
  
peptide_coefficients_0.04012 <- as.matrix(coef(peptide_lasso, x = X2, y = Y2, s = 0.0
4012)) 
write.csv(peptide_coefficients_0.04012, file = "peptide_coefficients_s_0.04012.csv") 

#Filter peptides (put them in the model alone and selected based on the lowest AIC) b
elonging to the same protein and combine with meta data for import and analysis 
 
##EX: PeptideData = as.data.frame(read.csv("All_peps_rmm_r.csv", header = TRUE)) 
 
###Create data frame containing only peak areas for log transformation  
#### Recombine with the meta data for analysis 
abundances2 <- as.data.frame(PeptideData[,12:66]) 
abundances2 <-log2(abundances2) 
abundances2[abundances2 < 0] <- 0 
logT_PeptideData<- cbind(PeptideData[,1:11], abundances2[,1:55]) 
 
#Generate the mixed model using the lme function in the nlme package 
##Used Patient "Subject" identification for random effect 
### This is the null model. Does not contain  
Model <- lme(ALSFRS.Total.Score ~ 1 , 
           random = ~1|Subject.ID,data=logT_CleanPeptideData, method = "REML") 
 
#Possible analyses 
summary(Model) 
plot(Model) 
ranef(Model) 
plot(ranef(Model)) 
AIC(Model) 
 
#Performed forward selection by adding peptides to minimize AIC as described in text 
 
Final_Model <- lme(ALSFRS.Total.Score ~Disease.Duration..Years.from.symptom.onset.to.
sample.collection. + 
        Onset.Site  + 
        LGADMEDVCGR.1   + 
        LGMFNIQHCK.1    + 
        LSSLQAGTK   + 
        SVEGQNFLSEK + 
        YLYDVLR + 
        EVEELMEDTQHK    + 
        TVLQNEDTK   + 
        WVFGGGTK    + 
        FTFHADICTLSEK   + 
        EVDSGNDIYGNPIK  + 
        ISVTQGASK   + 
        IISVELPGDAK + 
        MALDIEIATYR + 
        TTPPMLDSDGSFFLYSK   + 
        EHIVDLEMLTVSSIGTFR  + 
        GILCSALQK   + 
        LVESGGGLVKPGGSLR    + 
        VPTADLEDVLPLAEDITNILSK  + 
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        ESNPHCGSDGQTYGNK    + 
        IGEWIGR + 
        SVVPTAAAAVSLK   + 
        QGQGQSEPGEYEQR  + 
        AGLAASLAGPH + 
        AELQEGAR    + 
        CNMGYEYSER  + 
        YVMLPVADQDQCIR  + 
        STTAVVTNPK+ 
          HYYLLR, 
    random = ~1|Subject.ID,data=logT_CleanPeptideData, method = "REML") 

Summary(Final_Model) 

 
Table B.1. Summary of peptides used for global inflammation study 

Protein 
Accession Gene Protein Name Peptide Sequence 

P00739 HPR Haptoglobin related protein 

TEGDGVYTLNDK 

LPECEAVCGKPK 

SCAVAEYGVYVK 

P00734 F2 Prothrombin 

HQDFNSAVQLVENFCR 

TATSEYQTFFNPR 

GQPSVLQVVNLPIVERPVCK 

P02652 APOA2 Apolipoprotein A-II 

EPCVESLVSQYFQTVTDYGK 

SPELQAEAK 

SKEQLTPLIK 

P02745 C1QA Complement C1q subcomponent subunit A 
PSGNPGKVGYPGPSGPLGAR 

SLGFCDTTNK 

P08571 CD14 Monocyte differentiation antigen CD14 

TTPEPCELDDEDFR 

ELTLEDLK 

VLDLSCNR 

P02763 ORM1 Alpha-1-acid glycoprotein 1 

WFYIASAFR 

TEDTIFLR 

NWGLSVYADKPETTK 

P02751 FN1 Fibronectin  

ISCTIANR 

TFYSCTTEGR 

LGVRPSQGGEAPR 

O75882 ATRN Attractin 

LTGSSGFVTDGPGNYK 

CTWLIEGQPNR 

SEAACLAAGPGIR 

P02765 AHSG Alpha-2-HS-glycoprotein 

APHGPGLIYR 

HGPGLIYR 

HTFMGVVSLGSPSGEVSHPR 
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Table B.1 (continued.)  
 

O75326 SEMA7A Semaphorin-7A 

SEGLLACGTNAR 

AMLVCSDAATNK 

YYLSCPMESR 

P30530 AXL Tyrosine-protein kinase receptor UFO 
TATITVLPQQPR 

APLQGTLLGYR 

P01008 SERPINC1 Antithrombin-III 

VAEGTQVLELPFK 

GDDITMVLILPKPEK 

IEDGFSLK 

P00748 F12 Coagulation factor XII 

CFEPQLLR 

NPDNDIRPWCFVLNR 

CLQDRPAPEDLTVVLGQER 

P01042 KNG-1 Kininogen-1 

TVGSDTFYSFK 

KYFIDFVAR 

KLGQSLDCNAEVYVVPWEK 

Q16610 ECM1 Extracellular matrix protein 1 

LLPAQLPAEK 

FSCFQEEAPQPHYQLR 

LTFINDLCGPR 

P01009 SERPINA1 Alpha-1-antitrypsin 

DTEEEDFHVDQVTTVK 

FNKPFVFLMIEQNTK 

VFLMIEQNTK 

P01024 C3 Complement C3 

VPVAVQGEDTVQSLTQGDGVAK 

ADIGCTPGSGK 

AELQCPQPAAR 
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Table B.2. Summary of all fixed effects included in linear-mixed effects model to 

predict ALS-FRS Score 

 

  

 Peptide Protein 
Accession Gene Protein Name Estimate p-value 

Association 
with 

Neurological 
Disease 

1 EHIVDLEMLTVSSIGTFR Q12805 EFEMP1 EGF-containing fibulin-like 
extracellular matrix protein 1 5.49 0.098  

2 AGLAASLAGPH P08294 SOD3 Extracellular superoxide 
dismutase 3.87 0.041  

3 ESNPHCGSDGQTYGNK Q6UWN8 SPINK6 Serine protease inhibitor Kazal-
type 6 2.23 0.228  

4 EVDSGNDIYGNPIK P16035 TIMP2 Metalloproteinase inhibitor 2 2.01 0.322  

5 ISVTQGASK Q9Y6R7 FCGBP FC fragment of IgG binding 
protein 1.72 0.044  

6 VPTADLEDVLPLAEDITNILSK P02774 GC Vitamin D-binding protein 1.63 0.006 X 
7 CNMGYEYSER P08603 CFH Complement factor H 1.62 0.597  

8 LVESGGGLVKPGGSLR A0A0B4J1V1 IGHV3-21 Immunoglobulin heavy variable 
3-21 1.38 0.564  

9 QGQGQSEPGEYEQR P43121 MCAM Cell surface glycoprotein 
MUC18 1.34 0.533 X 

10 SVVPTAAAAVSLK P0C0L4 C4A Complement C4-A 0.99 0.631 X 

11 AELQEGAR P02647 APOA1 Apolipoprotein A-I 0.9 0.235 X 

12 WVFGGGTK A0A0A0MT99 IGLJ3 Immunoglobulin lambda joining 
3 0.41 0.748  

13 GILCSALQK P00439 PAH Phenylalanine-4-hydroxylase 0.21 0.56  

14 LSSLQAGTK P20062 TCN2 Transcobalamin-2 -0.17 0.86  

15 HYYLLR M9MMK7 DNAH14 Dynein axonemal heavy chain 
14 -0.25 0.037  

16 SVEGQNFLSEK P00451 F8 Coagulation factor VIII -0.32 0.099  

17 YLYDVLR Q9Y6N9 USH1C Harmonin -0.34 0.66  

18 LGMFNIQHCK P01009 SERPINA1 Alpha-1-antitrypsin -0.94 0.265 X 

19 LGADMEDVCGR P02649 APOE Apolipoprotein E -1.05 0.523 X 

20 MALDIEIATYR P08670 VIM Vimentin -1.16 0.631 X 

21 TTPPMLDSDGSFFLYSK P01860 IGHG3 Immunoglobulin heavy constant 
gamma 3 -1.16 0.624  

22 TVLQNEDTK P00450 CP Ceruloplasmin -1.18 0.505 X 

23 YVMLPVADQDQCIR P00738 HP Haptoglobin -1.65 0.111 X 

24 IGEWIGR Q49A92 C8orf34 Uncharacterized protein 
C8orf34 -1.8 0.078  

25 EVEELMEDTQHK Q9UBP4 DKK3 Dickkopf-related protein 3 -2.45 0.412  

26 STTAVVTNPK P02766 TTR Transthyretin -3.97 0.16 X 

27 FTFHADICTLSEK P02768 ALB Serum albumin -5.32 0.012 X 

28 IISVELPGDAK P78509 RELN Reelin -7.87 0.003 X 

 Time from Symptom Onset (Years) -2.74 
 

0.001  

 Limb Onset 11.23 
 

0.032  
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Appendix C: Supplemental Information for Chapter 6 

  

 

Figure C.1. A/B) Carbon and C/D) sulfur counting heatmaps across labeled (A/C) and 
unlabeled (B/D) liver tissue sections used to confirm identification of native GSH peak via 
spectral accuracy tool in MSiReader. The images are comparable between labeled/unlabeled, 
indicating the stable isotope labeling did not disrupt the ability to distinguish these peaks.  
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306.0765 308.0769 308.0832 309.0803 
0.82917 0.00099 0.004437773 8.10E-05 
0 0.84128 0 0.08257269 
0 0 0.8473563 0.009292019 
0 0 0 1 

Figure C.2. A) TIC, B) Maximum, C) Mean, and D) Local TIC normalization of GSH in 
liver section.  

Table C.1. GSH Isotopologue Correction Matrix  
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Figure C.3. Percent isotope enrichment heatmaps of GSH for A) labeled and B/C) 
unlabeled liver sections. No labeling is visible in the unlabeled liver replicate slices, 
as expected.  
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Appendix D: Supplemental Information for Chapter 7 

 
  

Figure D.1. Each row shows MSI data of an additional 4T1 tumor after 120-minute MIST 
protocol (three replicates total.) Columns represent heatmaps of same m/z from different tissue 
sections: Column A) MSI heatmaps depicting steady-state abundances of glutathione (0GSH); 
B) 1GSH at m/z 308.0769; C) 2GSH at m/z 308.0832 and D) 3GSH at m/z 309.0803. SIL 
abundances are corrected for isotopologue signal overlap. All heatmaps are normalized to 
homoglutathione standard. Scale bar = 1mm. 
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Figure D.2. Each row shows data from the additional 4T1 tumor after 120-minute MIST 
protocol (same sections from Figure D.1, in same order) Columns same data from different 
tissue sections: Column A) Optical image of the excised 4T1 tumor. PIE heatmaps of B) 
remaining unlabeled glutathione (0GSH); C) 1GSH at m/z 308.0769; D) 2GSH at m/z 
308.0832 and E) 3GSH at m/z 309.0803. Regions of interest area analyzed with PIE tool are 
outlined. Scale bar = 1mm. 
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Figure D.3. Negative control (sham-labeled) tumor section MSI heatmaps depicting steady 
state abundances of A) glutathione (GSH), B) 1GSH at m/z 308.0769 C) 2GSH at m/z 308.0832 
and D) 3GSH at m/z 309.0803. All heatmaps are normalized to homoglutathione standard. PIE 
heatmaps of E) unlabeled glutathione, 0GSH, F) 1GSH, G) 2GSH and H) 3GSH detected in a 
thin section of the 4T1 tumor. Region of interest analyzed with PIE tool is outlined. Scale bar 
= 1 mm.  
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Figure D.4 Each row shows positive mode data from the additional 4T1 tumor after 120-minute 
MIST protocol (same tumors but adjacent sections from those shown in Figure D.1/D.2, in same 
order) PIE heatmaps of A) remaining unlabeled glycine (0gly); and the injected glycine 
isotopologues: B) 1gly, C) 2gly, and D) 3gly. Regions of interest area analyzed with PIE tool are 
outlined. Heatmaps in Column E) show abundance of *urea detected with tissue same regions of 
interest outlined in pink. Scale bar = 1mm. 
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Figure D.5 A-C) Heat maps showing the slopes of the lines fitted to *GSH 
PIE data from all voxels containing ≥2 data points for three 4T1 tumors 
(Figures D.1/D.2.) Regions of interest analyzed with PIE tool are outlined. 

(A) (B) (C) 

Figure D.6. Heat maps showing the slopes of the lines fitted to *gly PIE 
data from all voxels containing ≥2 data points for three 4T1 tumors (Figure 
D.4.) Regions of interest analyzed with PIE tool are outlined.  
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Figure D.7 Discrete heatmap showing the number of 
*GSH isotopologues detected at each tissue voxel in 
a thin liver section. 
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