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DISSERTATION ABSTRACT

Andrew Kohl Swansiger
Doctor of Philosophy in Chemistry

Title: Fourier Transform Based Analysis of Mass Spectra: Disentangling Mass Heterogeneity and
Polydispersity

Understanding the interactions of small molecules with biomolecules and their complexes
is fundamental to the clinical interpretation of biological functions and pharmaceutical
development. Conversely, these delicate interactions present a multiplexed problem requiring
highly specific and sensitive analytical techniques to capture their subtle variances. Advances in
soft ionization mass spectrometry (MS) methods such as electrospray ionization (ESI) and
desorption electrospray ionization (DESI) have brought together solution phase separation
techniques and sensitive gas phase analysis, reducing both sample concentration and purification
requirements and enabling fast multiplexed analysis of data-rich biological samples. As the
limitations on analyte size and complexity continue to be pushed back by instrumental and
experimental innovations, MS deconvolution tools need to continually advance to keep pace with

the increased mass heterogeneity and polydispersity of what we can successfully spray.

Among current MS deconvolution algorithms, Fourier transform and Gébor transform
(FT/GT) provide a consistent and invertible transform for quick recognition of several classes of
periodic signal from polydisperse samples, requiring very few a priori assumptions about the
sample while extracting the charge and mass information required by other algorithms for
accurate modeling of congested mass spectra. The Prell group’s iIFAMS software represents the
state-of-the-art in Fourier deconvolution of mass spectra, enabling flexible selection of analyte
signals from a spectrogram of m/z and frequency to filter out interferent ions. However,
assignment of aperiodic mass shifts in data-rich spectra still proves challenging, as they do not
produce unique frequency signals, requiring an understanding of previously unutilized aspects of
FT/GT deconvolution for mass spectrometry. Additionally, although iIFAMS results are highly
reproducible, applications of iIFAMS data analysis have remained mostly exploratory, as GT

lacks a sufficiently high-throughput implementation for analysis of large data sets.



In the first half of this dissertation, a new tool for mass spectrometry Fourier analysis is
developed, utilizing the phase angle information from FT/GT for the characterization of small
mass variants embedded in polydisperse mediums such as polymers and lipid membranes. The
new method of FT/GT macromolecular mass defect (MMD) analysis achieved similar mass
accuracy to mass-domain deconvolution methods and is robust to high instrument noise and low
mass contaminants, enabling cross-validation of mass-domain deconvolution models. In a
workflow complemented with liquid chromatography mass spectrometry, FT/GT MMD analysis
enables characterization of polymer reaction intermediates. The second half of the dissertation
extends the reproducibility of FT/GT analysis to protein quantitation of MS imaging data from
biological tissue, developing a new workflow for batch deconvolution to process tens of
thousands of spectra in a few hours. The distinct protein ion patterns generated by GT simplify
characterization of brain tissue eluents, while expanding the range of isolatable proteoform

signal available for imaging.

This dissertation includes previously published and unpublished co-authored material.
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CHAPTER I
INTRODUCTION

Soft-ionization mass spectrometry (MS) has seen rapid development over the past few
decades as an analytical technique for characterizing non-covalent complexes and heterogeneous
biological samples. Transfer of intact macromolecular ions to the gas phase for mass analysis is
often achieved by electrospray ionization (ESI), originally adapted for mass spectrometry to
study polymer chemistry by Dole and coworkers,! and later developed by Fenn and coworkers
for the study of biopolymers (i.e., proteins and oligonucleotides).> Acknowledged by the 2002
Nobel prize in chemistry awarded to Fenn, Tanaka, and Wiithrich as a major advancement in the
structural analysis of large biomolecules, ESI-MS can ionize analytes by deposition of charge
carriers on their surface (e.g., protons, metal ions and other small charged species like
ammonium) during their evaporative transition from aqueous droplets to the gas phase if they are
not already ions in solution (Figure 1). For large analytes, ESI inherently produces multiply
charged ions occupying several consecutive charge states, bringing the mass-to-charge ratios
(m/z) of large macromolecular ions (100 kDa — 1 MDa) into detectable ranges for a broad array
of mass analyzers.®> Accurate masses can be determined for these ions in many ways, for
example, by accelerating them to well-controlled kinetic energy and measuring their travel
velocity in time-of-flight (TOF) instruments, or by their orbiting frequency within an electric
field (Orbitrap-type instruments) or the high magnetic field of Fourier Transform Ion Cyclotron
Resonance (FT-ICR) mass spectrometers. The high sensitivity of mass spectrometers, with lower
limits of detection on the order of attomoles down to single ions, enables high-quality analyses
using only a few microliters of sample at concentrations in the nano- to micromolar range. Due
to this exquisite sensitivity, chemical species can be identified with mass accuracies below 0.1
ppm root-mean-squared (RMS) error for FT-ICRs and 1-5 ppm RMS error for commercially
available TOF instruments. However, the charge state multiplicity inherent to ESI spreads
analyte signal over several peaks in the mass spectrum, compounding the deleterious effects of
increased mass heterogeneity from compositional mutations, post-translational modifications
(PTMs), oligomerization, and adduction of salts and other small co-solutes. The resulting mass
spectra can often be very broad and congested, with overlapped signals from different ion

species. While chromatographic separation and other experimental tools, such as submicron
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emitters, charge-reducing agents, and non-volatile salts, can help to address these sorts of
problems, complementary experimental and data analysis approaches are sometimes needed that

can handle heterogeneity and low-purity samples more directly.

initial (um) final (nm)
droplets droplets
ESI capillary —_—t — A

+ ++Tay| or cone +
+
-y \+++x @® @,
analyte + ¥ @ @ P P+ mass
solution

@*@ =2 + | spectrometer
& +

Figure 1. Schematic of a typical electrospray ionization source setup. Capillary tips are pulled to an internal
diameter of a few micrometers and analyte solutions are sprayed with a capillary voltage potential of 0.5-2 kV,
relative to ground. Reprinted with permission from Konermann, L.; Ahadi, E.; Rodriguez, A. D.; Vahidi, S.
Unraveling the Mechanism of Electrospray lonization. Anal. Chem. 2013, 85 (1), 2-9. Copyright 2013, American
Chemical Society.*

Advancements in the resolving power and sensitivity of ESI-MS instrumentation have
drastically increased the limits on analyte size and structural complexity analyzable by this
technique, allowing for more experimental freedom to tackle “dirty” multi-component samples.
Much protein functionality stems from the multitude of ways they interact with their chemical
environment, ligand compounds, and each other, and a large fraction of the human proteome is
expected to exhibit two or more proteoforms with different masses.’ Enzymatic digestion of
biomolecular samples into smaller fragments followed by MS analysis (as in “bottom-up”
proteomics and other “omics” techniques) can lead to cleavage of PTMs during gas-phase
activation, loss of information about the proteoform distribution, and loss of native non-covalent
interactions and ligand binding, so developing robust experimental methods which capitalize on
the gentler nature of ESI help to preserve this information is highly desirable. Numerous groups
have developed “top-down omics” methods,®® in which intact biomolecules are analyzed by MS
without prior digestion, and “native” MS methods, in which folded biomolecular ions and their

complexes are transferred directly from buffered aqueous solution into the gas phase while

15



preserving much of their high-order structure.”!> For example, revolutionary methods developed
by Robinson and coworkers to eject proteins from lipid membranes in the mass spectrometer as
well as tailored detergent environments have been pivotal in understanding lipid-stabilized

protein complexes.'®2

Ionizing analytes directly from solution phase also enables the coupling of common
liquid chromatography techniques to MS and ion mobility-MS for improved analyte specificity,
and 1ons can be unfolded or dissociated inside many mass spectrometers to provide additional
structural and compositional information.?*2® Recently, ESI has also been achieved directly from
the surface of solid and liquid samples in Desorption EST (DESI) and nanoelectrospray
desorption ionization (nano-DESI) MS, enabling, for example, chemically specific spatial
mapping of analyte concentrations across biological tissues with mass spectrometry. For over a
century, the standard analytical imaging method in pathology has been light microscopy, with aid
from histological stains to highlight various cellular structures within biological tissue.?
However, these images provide very limited chemical information about the biomolecules
present in the tissues (see Figure 2, Histology Image). Immunofluorescence staining enables
high-resolution spatial imaging of multiple chemical distributions in tissue, but this technique
still requires specific chemical tags or protein-targeting antibodies for each analyte (see Figure 3,
IF Image), development of which is very time consuming and expensive. Thus, more universal
chemically specific tissue imaging of a wide variety of biomolecules and their complexes, which
is now possible with ESI- and nano-DESI-based MS imaging, is of great interest. The Laskin
laboratory at Purdue University has achieved single-cell resolution with nano-DESI MS imaging
(nano-DESI-MSI, see Figure 3), eluting lipids, proteins and other metabolites from biological
tissue with an ESI-compatible aqueous solution through a narrow solvent bridge between two
capillaries (10 um in inner diameter). One capillary supplies the ESI solvent from a syringe
pump, forming a small bead of solvent on the slide-mounted tissue surface, while the other
capillary transfers the eluent from the surface of the tissue to the MS instrument inlet for
ionization. The tissue sample is rastered underneath the nano-DESI setup on a motorized sample
stage, maintaining consistent height of the capillary openings above the tissue surface with shear

force microscopy.**
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Figure 2. Hematoxylin and Eosin histology stain (a) and decolorized image (b) tracking accumulation of titanium
oxide (blue arrows) in mouse lung tissue. Scale bars (bottom right) = 50 um. Reprinted with permission from
Akaji, S.; Sagawa, T.; Honda, A.; Miyasaka, N.; Sadakane, K.; Ichinose, T.; Takano, H. Post-staining Raman
analysis of histological sections following decolorization. Analyst 2022, 147 (20), 4473-4479. Copyright 2022,
Royal Society of Chemistry;3* permission conveyed through Copyright Clearance Center, Inc.

100

mouse 2 mouse 1

mouse 3

Figure 3. Immunofluorescence and nanoDESI images of mouse skeletal myotissue under positive (a) and negative
ionization (b). Nano-DESI images (right) show tissue localizations independent of the cell types identified by
immunofluorescence (left). Reprinted with permission from Unsihuay, D.; Hu, H.; Qiu, J.; Latorre-Palomino, A.;
Yang, M.; Yue, F.; Yin, R.; Kuang, S.; Laskin, J. Multimodal high-resolution nano-DESI MSI and
immunofluorescence imaging reveal molecular signatures of skeletal muscle fiber types. Chem. Sci. 2023, 14 (15),
4070-4082. Copyright 2023, Royal Society of Chemistry;* permissions conveyed through Copyright Clearance
Center, Inc.
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Differentiating small mass variants in proteins is an active area of clinical study as
biomarkers for disease states, with examples ranging from ribosomal protein mutations for
identifying bacterial strains to characterization of cancers by the altered glycosylation and
phosphorylation modifications they produce.>*~*> However, many of these studies still rely on
analyte isolation, fragmentation, and comparison to reference databases. To complement the
many experimental and instrumental advancements in soft-ionization mass spectrometry which
have enabled the study of heterogeneous macromolecular complexes while maintaining their
delicate intermolecular interactions, robust computational tools and deconvolution algorithms
continue to be developed to disentangle the often extremely data-rich ESI mass spectra.
Currently the most widely used techniques for handling large biomolecule mass spectra include
maximum entropy algorithms (often called “MaxEnt”) and Bayesian deconvolution modeling
(implemented in “UniDec” from the Marty group at University of Arizona and PMI Intact from
Protein Metrics, LLC).?6® Modified for use on ESI spectra and other signal processing
applications by Skilling and co-workers in 1984,> MaxEnt algorithms have been developed by
several instrument and software vendors, all fundamentally starting with a series of assumptions
about the range of masses and charge states present in the original spectra. A “test” distribution
of charge-normalized mass peaks (a “zero-charge” spectrum) based on the observed data is
generated, adjusted for charge carrier mass, and divided by a range of charge states to synthesize
a hypothetical mass (m/z) spectrum.*’ The difference between this hypothetical mass spectrum
distribution and the observed data at each sampled point in m/z is computed, and the total
Shannon entropy for this difference is calculated assuming a particular type of noise distribution,
such as Gaussian white noise or Poisson noise. The original test spectrum is modified to
maximize the total Shannon entropy, and this process is iterated until convergence is achieved to
yield the final deconvolved mass spectrum. Bayesian mass spectral deconvolution works
similarly. UniDec uses a Bayesian deconvolution method which models the mass spectrum as a
rectangular matrix of m/z and charge state. For example, starting from a uniform matrix of m/z
and charge state to represent the information in the mass spectrum, UniDec iteratively smooths
the hypothetical charge state distribution to avoid non-consecutive charge assignments, sums and
convolves the matrix along the charge state axis, then checks the resultant simulated spectrum
against the experimental spectrum until mismatch is minimized.*® *!-#* A major improvement of

UniDec over MaxEnt is that UniDec allows for different mass distributions for each charge state
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belonging to an analyte, a situation that may occur for many realistic ion types, such as long-

chain polymers and proteins with PTMs and/or bound ligands.

While both MaxEnt and Bayesian deconvolution excel at characterizing baseline-
resolved mass spectra, both perform best when a significant amount of background knowledge of
the sample being evaluated is known ahead of time. The more congested a mass spectrum is, the
higher likelihood of ambiguous mass assignment, which can be sensitive to data pretreatment
such as baseline subtraction and peak smoothing. UniDec is generally more robust to broader
initial mass and charge state ranges, however both methods are required to match the observed
spectrum as closely as possible, which can result in artifacts if given a mass or charge state range
much larger or smaller than is actually present in the sample.* ** Extracting mass and charge
range information via other methods have been shown to improve the reliability of UniDec
reconstructions of highly congested mass spectra,* but in general such spectrum modeling
methods can be highly sensitive to initial information, and systematic optimization of initial

deconvolution parameters is challenging with little prior knowledge of the sample.

Other mass spectrum deconvolution methods have been developed to circumvent these
limitations, including use of linear transforms such as Fourier and Gabor transform (FT and GT).
These methods can provide information about the mass spectrum without requiring a
hypothetical model of the data or pre-smoothing of the spectrum, and they are invertible. Fourier
analysis, originally developed by Joseph Fourier for the study of heat flow and greatly expanded
over the past two centuries for an enormous range of applications including NMR spectroscopy,
LiDAR, and speech recognition,**>? has already seen use in mass spectrometry to relate the time-
domain cyclotron oscillations from resonance mass analyzers like FT-ICR to the m/z ratios of the
cycling ions. Prebyl and Cook introduced the first direct application of Fourier transform for
deconvolution of polymer ESI spectra in 2004,%! noting how the chain structure of polymers
generates a periodic distribution of peaks in the m/z-domain which, when Fourier transformed,
often gives rise to intense, sharp peaks at a few frequencies (k) corresponding to the reciprocal of
the peak spacing. The Prell group further developed the theoretical application of Fourier
deconvolution for mass spectrometry data, producing the framework of the iIFAMS
deconvolution software in 2016.>? In principle, the functional form of polymeric mass

distributions (which can be denoted s(m/z)), or any other ion with resolved mass polydispersity
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such as isotope distributions, can be thought of as an approximately Gaussian distribution,
e(m/z), of periodic peaks (represented by a “comb function”, c(m/z)) with some shared peak
shape, p(m/z), spaced by the polydisperse unit mass over the charge state (AM/Z). Therefore, FT
peaks occur at Z/AM with spacings between consecutive charge states of 1/AM, allowing the
determination of polydisperse unit mass and occupied charge states of the polymeric ion and
from frequency alone. Charge-state-specific information can also be isolated from the FT and
inverse Fourier-transformed for reconstruction of the ion’s zero-charge spectrum. However, the
functional form of the Fourier transformed spectrum S(k) = [C (k) * E (k)] x P(k) still contains
a periodic component C(k), making it clear that the functional shape of mass spectra does not
result in a singular frequency signal (Figure 4). P(k) is inversely proportional to the width of
p(m/z), thus higher peak resolution in m/z results in higher order frequency harmonics which can
overlap between different charge state harmonics for the same polydisperse ion. In a growing
number of common applications, this dual relationship between the mass spectrum and its
Fourier transform can turn a highly congested mass spectrum that is exceptionally challenging to
assign by conventional means into a relatively simple frequency spectrum with a much easier

interpretation.

(

c(m/z)

11

. C(k E(k
Fourier Transform ) ()

amplitude

frequency (k)

Figure 4. Cartoon of Fourier transform of a peak distribution from a mass spectrum. Within the equations for the
mass spectrum (left) and its Fourier transform (right), “*” denotes convolution and “x” denotes multiplication.
Adapted with permission from Cleary, S. P.; Li, H.; Bagal, D.; Loo, J. A.; Campuzano, I. D. G.; Prell, J. S.
Extracting Charge and Mass Information from Highly Congested Mass Spectra Using Fourier-Domain
Harmonics. J. Am. Soc. Mass Spectrom. 2018, 29 (10), 2067-2080. Copyright 2018, American Chemical
Society.*®

Application of a windowed Fourier transform (also known as “Short-Time Fourier
Transform”, or STFT, from its common applications in other fields to time-domain data), plotted

as a 2-dimensional spectrogram of m/z and frequency, localizes frequency information in m/z.
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This introduces a major advantage over Fourier transform, in that charge states for higher
harmonic data arising from high-resolution mass spectra can often be much more easily and
uniquely assigned.>® STFT bears many similarities to and shares many advantages with wavelet
transform, which is used in many fields for data processing and compression. However, the
choice of wavelet shape for wavelet transform is critical to intuitive interpretation of the resultant
spectrogram and the ideal wavelet can in principle be very different depending on the ion of
interest. An m/z-domain deconvolution algorithm somewhat analogous to wavelet transform is
implemented in the sliding window adduct removal method (SWARM) developed by Klassen
and coworkers, choosing an ion distribution shape or “waveform” observed in the input spectrum
and manipulating it to probe for similar distributions, stretching the waveform for lower charge
states and compressing it for higher charge states.>* Peaks matching the probe’s shape are
recorded and removed from the mass spectrum via an onion-peeling algorithm and the process is
repeated for remaining ion signals. While useful for well-resolved ion distributions and pre-
determined target proteins, the use of more specialized waveforms makes wavelet transform less
generalizable, requiring the user to build an intuition for each chemical species of interest. By
contrast, using a Gaussian waveform for STFT, known as Gabor transform (GT), results in
uniform resolution across all frequencies while requiring no a priori assumptions about the shape
of the mass distribution. Additionally, much of the mathematical intuition developed across the
sciences over the past two centuries for interpreting FT carries over to GT, thus many rules of
thumb for interpreting GT spectrograms can be quickly learned with relative ease. For example,
GT generates predictable and easily recognized charge state patterns in the spectrogram for mass
spectral data of several classes of ion: proteins (and other ions for which the mass changes
negligibly with charge state) occupy lower frequencies at higher mass-to-charge ratios
(negatively chirped signal), while salt clusters (and other ions with a broad mass distribution for
a single charge state) do not change in frequency with increased mass to charge (no chirp).
FT/GT frequency patterns for multi-subunit polydisperse samples have also been explored in
detail, culminating in 3 classes of heterogeneity that can be easily recognized from their
associated FT spectra and GT spectrograms (Figure 5): independent mass distributions (i.e.,
simple mixtures), co-dependent or mean-proportional-variance polydispersity (e.g., block
copolymers), and multinomial polydispersity (i.e., displacement of one subunit with another

within a constrained oligomeric structure).
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Figure 5. Cartoon describing the 3 classes of heterogeneity. Orange and green dots represent the two distinct
polydisperse unit populations of different masses. Reprinted with permission from Cleary, S. P.; Prell, J. S.
Distinct classes of multi-subunit heterogeneity: analysis using Fourier Transform methods and native mass
spectrometry. Analyst 2020, 145 (13), 4688-4697. Copyright 2020, Royal Society of Chemistry;* permission
conveyed through Copyright Clearance Center, Inc.

FT/GT frequency analysis enables the extraction of an ion population’s repeat unit mass,
charge state distribution and mass distribution from overlapped charge state series, however,
aperiodic mass shifts arising from, e.g., polymer end group functionalization, protein
stoichiometries in lipid membranes, do not result in unique peaks in the frequency domain.

Whereas a mass spectrum is by nature both real-valued and positive, its Fourier transform

Stk) = fjooo s (?) e~k dk is inherently complex-valued, though it retains all compositional

information represented in the mass spectrum. To fully take advantage of the compositional
information preserved by ESI-MS, it is desirable to extend interpretation and application of
FT/GT frequency-domain data beyond peak frequencies and magnitudes, i.e., to phase
information, as well. Thus, the first goal of this dissertation research was to explore unutilized
aspects in Fourier deconvolution of mass spectrometry data for the characterization of mass

heterogeneities within polydisperse samples. The second goal of this dissertation was to develop
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software tools to extend the applicability of the Prell lab’s open-source FT deconvolution tool to

novel problems in sample quantitation.

Chapters II and III focus on my work differentiating small mass heterogeneities from
polydisperse mass environments, leveraging FT phase-angle information for mass defect analysis
of multiply charged ions, yielding profiles analogous to Kendrick mass defect profiles commonly
used in crude oil and polymer analysis. In Chapter II, I lay the groundwork of this noise-tolerant
method of macromolecular mass defect (MMD) analysis and its capacity for cross-validation of
UniDec’s m/z-domain results. This chapter includes co-authored work with Michael T. Marty and
James S. Prell. In Chapter III, I discuss the application of iFAMS MMD analysis to the
characterization of polymer end groups, establishing a LC-MS analysis workflow for quality
control and reaction monitoring of branched polymer synthesis. This chapter includes co-
authored work from Christopher M. Crittenden, Simon A. Chan, Samuel H. Yang, Dawen Kou,
James S. Prell, and Bifan Chen. In Chapter 1V, I discuss the application and benefits of Gabor
analysis for multi-protein spectra eluted from biological tissue samples and development of a
parallelized batch Fourier deconvolution workflow and proteoform intensity mapping tool for
mass spectral imaging. This chapter includes co-authored work from Lily M. Miller, Manxi

Yang, Hang Hu, Julia Laskin and James S. Prell.
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CHAPTER II

FOURIER-TRANSFORM APPROACH FOR RECONSTRUCTING MACROMOLECULAR
MASS DEFECT PROFILES

First author paper co-authored with Michael T. Marty, who provided both nano-ESI data
of melittin-embedded Nanodiscs and manuscript feedback during the revision process, and James
S. Prell, who provided substantial support in developing the theoretical background for the FT
phase analysis. Reprinted with permission from Swansiger, A. K.; Marty, M. T.; Prell, J. S.
Fourier-Transform Approach for Reconstructing Macromolecular Mass Defect Profiles. J. Am.

Soc. Mass Spectrom. 2021, 33 (1), 172-180. Copyright 2022, American Chemical Society.

Introduction

Structural and compositional heterogeneity is important to the function of many types of
natural and therapeutic biomolecules and biomolecular complexes, including protein complexes,
protein-nucleic acid complexes, membrane protein-lipid assemblies, and antibodies.>®-%2 With the
growing importance of biotherapeutic proteins such as monoclonal antibodies, the need to
accurately characterize intact protein complexes and their constituent isoforms for biomolecule
characterization and biopharmaceutical design is rapidly growing. Native electrospray ionization
mass spectrometry (ESI-MS) and ion mobility-mass spectrometry (IM-MS) have established
themselves as highly sensitive tools for analysis of intact non-covalent complexes,*® % 6 from
antibody-drug conjugates and glycosylation states,*® %7 to studies of membrane protein
assembly structure and lipid binding,%-"* and have been used to both update results from and
inform sample preparation for more traditional crystallographic and microscopic structural
analysis methods.'* ¢7- 7> The development of several MS deconvolution tools has even allowed
for compositional studies of analytes with exceptionally high mass polydispersity (due to, e.g.,
variation in the number of a repeated subunits, such as glycosylation states of glycoproteins,
lipids in a membrane or micelle, or polymer chain length).™® These types of analytes often
produce native-MS spectra with several overlapped charge states and many tens or even
hundreds of overlapped peaks.'* 4527 Fourier Transform (FT)-based signal processing

methods take advantage of sample polydispersity as a source of periodic signals that are used to
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determine ion charge states, subunit masses, composition, and total masses from the frequency
domain.t# 4% 51-53.55 Conversely, Bayesian statistical analysis methods as used in the software

packages UniDec from the Marty group and PMI Intact from Protein Metrics, Inc., deconvolve
mass spectra directly from the m/z domain by iteratively optimizing a model spectrum based on

an initial set of user-input parameters.3 37 77-7

While deconvolution methods like those mentioned above can often deconvolve a mass
spectrum to a “zero-charge” mass spectrum with many fewer peaks, it can still be very
challenging to interpret the zero-charge mass spectrum for an ion population that is highly
polydisperse in the stoichiometry of a particular adduct, especially when there is significant
heterogeneity in the underlying “base” composition, i.e., the portion of each ion other than the
polydisperse adducts. Recently, Marty and co-workers have reported on the preferred lipid
bilayer-incorporation stoichiometries of several antimicrobial peptides by macromolecular mass
defect (MMD) analysis of UniDec reconstructed mass spectra,** 8-82 ysing modular arithmetic to
filter out polydisperse signal in a manner similar to how Kendrick mass defect analysis is used to
characterize end groups of polymers.83®® Their studies of melittin incorporation into Nanodiscs,
self-assembled membrane mimics consisting of a phospholipid bilayer encircled by two
amphipathic membrane proteins (MSPs),2¢-8 revealed no strong preferences for specific
stoichiometries—contrasting with results from earlier studies which suggested a preference for
melittin tetramers in lipid bilayers. These results provide an excellent basis from which to
explore orthogonal MMD analysis methods both to validate the Bayesian results and to provide

alternative means of generating MMD profiles, possibly with unique advantages.

Here, we extend upon the utility of the Prell group’s FT-based deconvolution software,
Interactive FT Analysis for Mass Spectrometry (iIFAMS), to characterize the base composition of
membrane-protein-embedded Nanodiscs by measuring the MMD profile using phase information
from the Fourier Transform. Because MMD profiles are generated solely from Fourier-domain
information extracted from the raw data, this phase analysis method is totally orthogonal to the
mass-domain analysis used in UniDec. We show that FT phase analysis (both with and without
Richardson-Lucy peak sharpening) confirms melittin-incorporation stoichiometries previously
reported using the UniDec deconvolution software, with similar or better agreement to

theoretical MMDs based on the known masses of melittin and Nanodisc components. We then
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illustrate the utility of this new method to reconstruct MMD profiles from lower-resolution ESI-
Q-IM-TOF data by studying the formation of Nanodiscs from a mixture of two different scaffold

proteins of similar size.

Methods

Sample Preparation. All phospholipid Nanodiscs were prepared using a method adapted
from that of Sligar and coworkers.®”-°° Nanodiscs containing only scaffold proteins and lipids
were prepared at the University of Oregon, using water purified to 18 MQecm resistivity. Briefly,
dimyristoylphosphatidylcholine (DMPC) lipids purchased from Avanti Polar Lipids as 5 mg/mL
suspensions in chloroform were dried with nitrogen gas until opaque, then re-suspended to a
concentration of 50 mM in a pH 7.4 aqueous buffer composed of 100 mM sodium cholate
(Sigma-Aldrich, St. Louis, MO), 20 mM Tris (Bio-Rad, Hercules, CA), 100 mM sodium
chloride, and 0.5 mM ethylenediaminetetraacetic acid. Histidine-tagged (MSP1D1His) and non-
histidine-tagged (MSP1D1(—)) membrane scaffold proteins were reconstituted separately in
identical pH 7.4 aqueous buffer without sodium cholate. For single-MSP experiments, these
solutions were used directly. For mixed-MSP Nanodisc samples, equimolar mixtures of the two
MSP1D1 variants were prepared at room temperature (~25 °C) in microcentrifuge tubes
(Sorenson, Salt Lake City, UT), with a final protein concentration of ~200 uM. Each of the
above MSP1D1 solutions were then mixed with DMPC-detergent suspensions and additional
buffer for an expected Nanodisc concentration of 50 uM and incubated at room temperature for
15 minutes. Nanodisc self-assembly was started by 1000:1 dialysis by volume into buffer in
which Bio-Beads SM-2 (Bio-Rad, Hercules, CA) were suspended to assist in removing cholate.
Nanodisc samples were removed from dialysis after 24 hours and buffer-swapped twice via
Micro Bio-Spin 6 columns (Bio-Rad, Hercules, CA) into 200 mM aqueous ammonium acetate
(pH 7.0).

Data for melittin-embedded Nanodiscs prepared at the University of Arizona were taken
from a previous publication, where their preparation is described in detail.®* Briefly,
dimyristoylphosphatidylglycerol (DMPG) Nanodisc samples with MSP1D1(—) scaffold proteins
were prepared at room temperature similarly to the DMPC Nanodiscs described above, to a final
concentration of 2.5 uM in 200 mM ammonium acetate (pH 6.8). Various dilutions of melittin

(GenScript, Piscataway, NJ) in methanol were directly added to stock solutions of preformed
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Nanodiscs to final Nanodisc concentrations of 2 uM in 13% methanol by volume, with molar
ratios of melittin to Nanodiscs ranging from 0 to 24:1. Finally, a stock solution of 400 mM
imidazole was added to the melittin-Nanodisc solutions as a charge-reducing agent, to a final
concentration of 25 mM.

Native Mass Spectrometry. Mixed-MSP1D1 DMPC Nanodisc native mass spectra were
acquired at the University of Oregon with a Synapt G2-Si ion mobility-mass spectrometer
(Waters Corp., Milford, MA) using a static nanoelectrospray ionization (nanoESI) source at a
capillary voltage of ~0.8 kV relative to instrumental ground and Trap/Transfer collisional
energies of 75-100/5 V. This relatively high Trap potential was used to dissociate enough salt
adducts from the native Nanodisc ions to resolve different scaffold protein compositions in the
resulting mass spectra. NanoESI capillaries were prepared from 0.78 mm i.d. borosilicate
capillary tubes on a Flaming-Brown P-97 micropipette puller (Sutter Instrument, Novato, CA) to
a final i.d. of ~1 pm. Native mass spectra of melittin-embedded DMPG Nanodiscs were acquired
at the University of Arizona in positive ion mode on a Q-Exactive HF quadrupole-Orbitrap mass
spectrometer with Ultra-High Mass Range (UHMR) research modifications (Thermo Fisher
Scientific, Waltham, MA) and a nanoESI source. Further experimental details for these melittin-

embedded Nanodiscs are described in the original paper.

Deconvolution and MMD Analysis. FT deconvolutions were performed via the Prell
group’s home-built program iFAMS v. 5.3. Lipid masses of 666.9 Da and 677.9 Da were used
for DMPG and DMPC Nanodisc data, respectively, to determine the charge states present from
FT spectra. The lipid polydispersity inherent to Nanodiscs results in multiple overlapped charge
states in the mass spectrum, each with a broad distribution of lipid stoichiometries. However, the
corresponding FT spectrum contains well-resolved peaks corresponding to fundamentals and
harmonics for each charge state present, allowing for charge state deconvolution by inverse-FT
of charge state-specific data.*> 2% MMD profiles for simulated data made use of 14 FT
harmonics, while profiles of Synapt G2-Si data made use of 4 harmonics due to their lower
resolution as compared to the Orbitrap UHMR data. All profiles for melittin-embedded
Nanodiscs used 14 harmonics except for samples with melittin:Nanodisc ratios of 0 (10
harmonics), 1.5 (4 harmonics), and 24 (12 harmonics) due to differences in the density of data
points in their mass spectra and the corresponding frequency range of their FT spectra.
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Bayesian deconvolution was performed via UniDec v. 4.2.1, which generates a delta-
function matrix to model the spectral data and iteratively adjusts charge state probabilities and
ion abundances by comparing m/z peak intensities in the model and the spectral data.>® 8! Input
charge-state ranges were determined using iFAMS and lipid masses of 666.9 Da and 677.9 Da
for DMPG and DMPC Nanodiscs, respectively, then entered in UniDec with two additional
charge states above and below the found range. Output mass ranges were determined from the
lowest m/z in the mass spectra multiplied by the lowest charge state and the highest m/z
multiplied by the highest charge state. Melittin-embedded Nanodisc data were batch processed
by MetaUniDec.** More detailed UniDec deconvolution parameters can be found in Tables S1
and S2.

MMD analysis was performed via both UniDec’s built-in method, which uses the
UniDec-deconvolved mass spectrum as input,® & and a new FT-based method in iFAMS (see
Theory section below) that extracts spectral information from the complex phase of the Fourier
Transform. In both cases, peaks in the reconstructed MMD profiles were centroided by
integration between local minima to assign mass defects and calculate root-mean-squared-
deviations (RMSDs) from the expected base masses (based on the theoretical exact masses of the
scaffold proteins, lipids, and melittin). Scaffold protein mass contributions were expected to be
24661.6 Da for MSP1D1His and 22043.9 Da for MSP1D1(-), as reported by the manufacturer.
MMD profile mass accuracy was calculated only for peaks present in both the FT-based and
Bayesian MMD profiles. Richardson-Lucy peak sharpening was used to explore melittin-
Nanodisc stoichiometry conclusions made in the original publication of the data,?! using
UniDec’s built-in “Raw/Centroid mode” for the Bayesian profiles and an analogous Richardson-
Lucy treatment (50 iterations using a gaussian point-spread function with a standard deviation of
30 m/z) for the FT-based MMD profiles.

Theory

Fourier Phase Analysis for Macromolecular Mass Defect Profile Reconstruction. Fourier
MMD treatment assumes that the population of ions for a given charge state consist of one or
more non-isobaric “base compositions” (e.g., protein isoforms, different polymer end groups, or
heterogeneous protein oligomer masses) to which a polydisperse distribution of repeated

subunits (non-covalent adducts like lipids/detergents, or covalent adducts like glycans in a
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glycoprotein or monomers within a polymer) are adducted, and we call the masses of these base
compositions “base masses”. Let the n different base compositions be labeled By, B, ..., Bn, and
the repeated subunits have mass L, and finally assume that the net charge on each ion is supplied
by charge carriers of mass X. Then, for charge state Z, we have a population of ions with
stoichiometries B1LjXz, B2LjXz, ..., BnLjXz, where j ranges over the (polydisperse) number of
repeated subunits incorporated. It is assumed that, for each value of Z, the polydispersity in the
number of lipids is sufficient to result in well-resolved peaks in the corresponding Fourier
spectrum.®® The goal of the present analysis is to determine the masses of B1, B2, and Bn, modulo
the mass of L as well as their relative abundances in the ion population. This procedure is
referred to as Macromolecular Mass Defect (MMD) analysis,-#2 and the goal of this paper is to
demonstrate how it can be achieved using Fourier/Gabor Transform (FT/GT)-based methods as
well as compare its efficacy to mass-domain MMD analysis such as those implemented in
UniDec.36' 41,77,78, 80, 81, 91

In the following, we use similar notation to that in our previous publications on Fourier
and Gabor Transform analysis of mass spectra.*® > °3%° The mass spectrum for a particular
charge state is represented as s (?) =[c (?) *p (?)] +e(%), where ¢ (?) is a comb function
with peaks spaced by g; p (%) is the “peak shape” representing the shape of each peak in the
comb; and e(g) is the envelope function that describes the abundance distribution of each adduct
stoichiometry, L. [c (g) * D (?)] itself is a periodic function with period iwhich inherently
encodes the m/z spacing as well as the relative abundance of By, Bo, ..., Bn and mass spectral
peak widths associated with each of them; and e(%) is typically much broader in m/z than 5 for
Nanodiscs, long-chain polymers, and many similar highly polydisperse ion populations.* The
Fourier Transform of s (g) isS(k) = [C(k) - P(k)] = E(k), with [C(k) - P(k)] a periodic

function of period % and E (k) now the shape of each peak in the frequency spectrum S(k)

(typically much narrower than the frequency spacing, ZLLZ). Our goal is to extract [C (k) - P(k)]

from S(k) and invert the FT to recover the m/z spacing as well as the relative abundance of By,

B>, ..., Bn (mod L) and mass spectral peak widths associated with each of them.
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Figure 6. Illustration of MMD analysis on a simulated mass spectrum (A), containing charge states 15+ through
20+ of a polydisperse ion population containing multiple lipids with a mass of 678 Da and base masses with mass
defects of 417 and 117 Da in a ratio of 2:1. (B) FT of the mass spectrum (top) with well separated charge-state-
specific peaks, whose phase information (colored plots, corresponding to the charge states labeled in the FT) can
be extracted after nullifying each charge state's specific global mass defect (flat areas in colored plots). These
down-sampled, counterrotated Fourier-domain data for each charge state then undergo inverse-FT and are plotted
modulo the mass of the polydisperse adduct (C).

At first glance, this might appear challenging, as the phase of S(k) can oscillate very
rapidly in the frequency domain, depending on where the maximum of e(?) is in the mass
spectrum. (In fact, in the common case that the mass spectrum of the polydisperse ion population
looks relatively “well-centered” within the m/z window being viewed, S(k) oscillates in phase as

rapidly as possible, i.e., by approximately m radians at each successive point in the frequency
domain!) However, as long as the curvature of e(%) near its maximum is sufficiently low (i.e.,

the polydisperse ion population is in fact not very monodisperse), the Stationary Phase

Condition® makes it possible to counter-rotate the phase of S(k) by multiplying it pointwise by
exp (—ik (E) ), where (E) is an m/z value at or near the maximum of e(%). This is
YA z/0 zZ

mathematically equivalent to “sliding over” the original mass spectrum to the left by (%) , such
0

that the top of e(%) is now very close to 0 m/z (an explicit proof of this mathematical
transformation can be found in Appendix Chapter I1). The phase of the resulting function

S'(k) = S(k) - exp (—ik (%)0) will tend to be nearly flat at each peak in [C (k) - P(k)] as shown
in the colored phase plots of Figure 6B, making it trivial to visually “read off” and/or
numerically determine the phase and magnitude of [C (k) - P(k)] at each of its peaks, except

possibly at k = 0, but it is a theorem that the phase there must be 0 because the mass spectrum is
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real-valued. One needs to simply invert the recovered comb spectrum [C (k) - P(k)] to recover
an image, averaged over all L; states, of the m/z spacings and relative abundance of By, Bo, ..., Bn
(mod L) and their mass spectral peak widths. This spectrum is the MMD profile of the ion
population. Unique advantages of this approach over “direct” approaches within in the m/z
domain are that information from different charge states can in many cases be easily isolated and
used to determine charge-state-specific MMD profiles, white noise at almost every frequency is
eliminated, and a deconvolved “zero-charge” mass spectrum (in this case, mod L) can be readily
reconstructed as desired from the individual charge-state-specific reconstructions.
Mathematically and empirically, two challenges that sometimes arise in this approach are

identifying appropriate (?)0 values to use for each charge state and handling the ambiguity of

frequency-domain charge state magnitudes at k = 0, where signal from all charge states overlap.
In solving the first challenge, it is often useful to first analyze the FT spectrum of the initial mass
spectral data (i.e., without counter-rotation) to reconstruct m/z envelopes for each charge state, as

described in our previous publications.*® 525 These m/z envelopes can then be straightforwardly

used to guess (%)0 needed for the phase reconstruction described above by computing the

centroid of each envelope. This is generally easy to do, as long as e(?) has a clear maximum.

The second challenge is circumvented by assuming both the phase and magnitude at k = 0 are
zero. Because mass spectra are real valued by definition, the phase at k = 0 must be zero. We
can also justify the zero-magnitude assumption for well-resolved ion populations with low
baseline in the m/z-domain, where the integral over the mass spectrum and thus the FT
magnitude at k = 0 for each charge state is relatively small and setting it equal to zero for each
charge state before inverse FT merely adjusts the baseline of the reconstructed MMD profile by a
small amount. For poorly resolved ion populations and/or those with a large noise baseline, the
magnitude of the FT at k = 0 can be significant, and the apparent zero of abundance in the MMD
profile will be systematically low by an indeterminate constant, although peak positions and
shapes in the MMD are well-preserved. This baseline discrepancy also occurs in mass-domain
MMD, where noise sums up across the spectra to yield a significant baseline, and in both cases

can be compensated for by a linear baseline correction.
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Results and Discussion

To explore the limits and robustness of the FT-based MMD analysis, ranging from
signal-to-noise levels (Figure 7) to peak resolution (Table S3 and Figure S1), we start our
discussion of the method with simulated spectra for which we know exactly the mass defects and
their relative abundances. From there, we benchmark the method against the mass-domain MMD
analysis integrated in UniDec using published, high-resolution Orbitrap spectra of melittin-
embedded Nanodiscs (Figure 8). Finally, to illustrate the ability of the algorithm to handle lower-
resolution data, as on currently available commercial Q-IM-MS instruments, we use it to
investigate incorporation of Nanodisc MSPs with different masses using mass spectra acquired
on a Synapt G2-Si Q-IM-TOF mass spectrometer (Figure 9).

Simulated Data. As a proof of concept, a model spectrum was constructed to contain
charge states 15+ through 20+ of a polydisperse population of DMPC lipids (mass approximated
to 678 Da) with a 2:1 ratio of base masses with MMDs (mod 678 Da) of 417 Da and 117 Da,
respectively. The resultant total MMD profile peaks were of a similar full-width half-maximum
to the peaks in the original model spectrum (~47.1 m/z) and also preserved the 2:1 ratio of mass
defect relative abundances. The analysis was repeated with several levels of white noise relative
to the model spectrum’s global maximum, returning nearly identical results to those from a mass
spectrum with a signal-to-noise ratio (SNR) of 5:1 (Figure 7, black), well below the commonly
accepted limit of quantitation (SNR of 10:1).%2 The ability of the FT-based MMD algorithm to
perform well at such a low SNR arises from elimination of white noise contributions at almost all
frequencies other than at the harmonic peaks where the phase is sampled. However, the fewer
harmonics that are sampled, the fewer total data points the MMD profile contains (reducing
profile resolution) and the more likely it is, in principle, that artifacts may dominate the MMD
profile. Due to the ambiguity of charge-state-specific Fourier-domain amplitude at O frequency,
as described above, a baseline correction was applied to the reconstructed MMD profiles to
account for relative abundance distortion from the summation of charge-state-specific MMD
reconstructions. The difference between applying baseline correction to the individual charge
state mass defect profiles and applying the correction to the summation of the charge state mass
defect profiles was found to be negligible (see Figure S2). These results indicate that this FT-
based MMD algorithm can be exceptionally useful for MMD analysis of low SNR data due to its
high noise tolerance.
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Figure 7. MMD analysis of simulated data containing charge states 15+ through 20+ of a polydisperse ion
population containing multiple 678 Da lipids and base masses with mass defects of 417 Da and 117 Daina 2:1
ratio. Red/black traces correspond to infinite/5:1 SNR. Simulated mass spectra (A), corresponding FT magnitude
spectra (B), FT phase spectra (C), and reconstructed MMD profiles (D). SNRs are calculated as the ratio of the
global maximum of the simulated m/z data to the root-mean-square white noise. Despite the low SNR of the mass
spectrum , selection of frequency data only near FT peaks sufficiently filters out white noise to return MMD
profiles comparable to those reconstructed from noiseless mass spectra.

Melittin-Embedded Nanodiscs. To compare the performance of the FT-based method
with mass-domain MMD analysis, previously published experimental data collected by the
Marty lab for melittin-embedded DMPG Nanodiscs were analyzed via both iFAMS and UniDec,
using 666.9 Da as the molecular weight of DMPG. In the original publication,® the MMD
profile information was distilled in plots tracking changes in the relative abundance of
incorporated melittin stoichiometries as a function of bulk solution melittin:Nanodisc ratios,
which we have recreated here for both UniDec and iFAMS MMD profile series. Features in each
were assigned to the same predicted mass defects for the sake of comparison. In these data, most
of the MMD information has a resolution (defined as peak separation divided by peak fwhm) of
1.5 or greater, indicating that good results are obtained at this resolution despite the overlap of
many charge states and individual peaks in the corresponding polydisperse mass spectra, where
adjacent peaks are often strongly overlapped. (An upper bound to the lowest tractable resolution
in MMD profiles is identified in Figure S1, where a distinct shoulder peak can still be discerned

at resolutions as low as 1.06 despite the 2:1 difference in peak height.) The RMSDs and melittin-
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incorporation plots generated from MMD peak integration reflect the remarkable consistency

with which the FT phase algorithm mirrors the results from UniDec for all 7 mass spectra,

representing bulk melittin:Nanodisc molar ratios ranging from 0:1 to 24:1. Mass defects and

relative abundances using both methods (see Table S4) were within the uncertainties of the

previously published UniDec results.
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Figure 8. Comparison of melittin-embedded DMPG Nanodisc data deconvolved via UniDec (top) and iFAMS
(bottom). MMD profiles are normalized to their global maximum. Dashed lines in MMD profiles indicate the
expected mass defects for various numbers of incorporated melittin. MMD profile color legend (left) and x-axis
of the melittin-incorporation plots indicate the bulk solution melittin-to-Nanodisc ratios prepared, while the
melittin-incorporation plot color legend (right) signifies the melittin-incorporation ratio being tracked as a
function of bulk concentrations

Minor differences between UniDec and iFAMS MMD profiles include the appearance of
a broad, low-abundance peak around 400 Da in the iFAMS profiles for samples containing no
melittin that is much larger than its counterpart in the UniDec MMD profile. This minor peak
was not assigned in the original publication and is most likely contributed by a small population
of cholate (expected mass of 407.56 Da) in the Nanodiscs which could be removed with further
dialysis. A second minor difference between the UniDec and iFAMS MMD profiles shown in
Figure 8 is the presence of a single peak at 180 Da in the iFAMS and UniDec MMD profiles for

the solution with a bulk concentration ratio of 24 melittin monomers per Nanodisc, which
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appears as two lower abundance peaks in the published UniDec MMD profile. These
discrepancies are attributed to artifactual splitting of broad peaks that occurs when using a much
narrower target peak shape, a well-known occurrence when using Richardson-Lucy sharpening
algorithms, %% 94

Comparison of the MMD profiles presented in Figure 8 after Richardson-Lucy peak
sharpening reveals another minor difference between results from the two MMD analysis
methods, namely, that the peak at ~180 Da in the UniDec reconstruction assigned to
incorporation of 8 melittins for the 24:1 bulk melittin:Nanodisc sample is absent in the iIFAMS
MMD reconstruction. This is attributed to slight differences in the breadth of the un-sharpened
peak, which splits into two peaks after Richardson-Lucy sharpening for the UniDec data but
remains a single, narrow feature for the iFAMS reconstruction. This result indicates that care
must be exercised in interpreting results from Richardson-Lucy sharpening for initially broad
peaks. From the results both with and without Richardson-Lucy sharpening, we find generally
excellent agreement between both the MMD profiles and melittin incorporation profiles as a
function of bulk melittin:Nanodisc concentration for both the FT phase reconstruction method in
IFAMS and the mass-domain results from UniDec. These results confirm the previously
published conclusion that melittin incorporation is essentially non-specific in these samples.

Nanodisc Scaffold Protein Incorporation. Having demonstrated the FT MMD analysis
method’s ability to replicate and verify mass-domain MMD results for high-resolution data, we
applied the FT algorithm to identify and compare scaffold protein compositions of Nanodiscs
formed in a mixture of two types of MSP1D1 in data acquired on a lower-resolution (Q-1M-
TOF) instrument. These MSPs (with and without the histidine tag) are commercially available
(Sigma-Aldrich, St. Louis, MO) for use in Nanodisc experiments, and the His-tagged variant can
be used to immobilize the MSP on nickel resin for membrane protein incorporation or for
purification purposes. One strategy for maximizing Nanodisc formation using nickel resin
immobilization is to first immobilize the His-tagged variant and add additional non-His-tagged
variant along with lipids and membrane protein during the Nanodisc synthesis steps. It is
therefore of interest to determine to what extent His-tagged and non-His-tagged MSPs
incorporate into mixed-MSP Nanodiscs. Given both MSP1D1 monomers and dimers are
observed in native mass spectra of solutions containing this protein, indicating both states are

present in solution (see Figures S3 and S4), we addressed the broader question of what Nanodisc
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MSP compositions are obtained when His-tagged and non-His-tagged MSPs are used to

synthesize Nanodiscs in solution.
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Figure 9. MMD analysis of “empty” MSP1D1 Nanodiscs with a variety of MSP incorporation states. (A)FT of
Nanodiscs samples formed from a mixture of MSP1D1(—) and MSP1D1His. The inset shows the original mass
spectrum truncated to just the Nanodisc distribution, serving as a reminder of the degree of charge state overlap
from which the well-resolved charge state information in the FT is produced. Average MMD profiles of triplicate
data deconvolved via both UniDec (red) and iFAMS (blue) are shown for MSP1D1 Nanodiscs prepared with both
variants of MSP1D1 (B) and with only MSP1D1(-) (C) or MSP1D1His (D). Shaded regions denote 1 standard
deviation in the abundance of the triplicate data and dashed lines indicate expected mass defects from various
stoichiometries of MSP1D1(-) and MSP1D1His.

DMPC Nanodisc solutions prepared from a mixture of MSP1D1His and MSP1D1(-)
were analyzed to determine whether the resulting Nanodiscs demonstrate a preference in MSP
incorporation (see average MMD profiles in Figure 9). Despite the degree of charge state overlap
observed in the mixed MSP Nanodisc mass distribution (inset of Figure 9A) the charge states are
well-resolved in the frequency domain, allowing for identification of multiple base compositions
from the MMD profiles. The dominant peaks for all samples correspond to MSP homodimers
(expected mod 677.9 Da mass defects of 24.3 Da and 514.4 Da for MSP1D1(—) homodimer and
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MSP1D1His homodimer, respectively), and there is little to no evidence heterodimers at the
expected mass defect of 601.5 Da. The peak around 281.5 Da in the mixed MSP profiles
indicates the presence of Nanodiscs containing three MSP monomers, a phenomenon which has
been reported previously® and is believed to have physiological analogs (i.e., in mature
lipoprotein particles containing three monomers of apolipoprotein A-1 rather than MSP1D1).%
Although relative abundances for the triplicate experiments exhibit enough variability to make
quantitation of the different protein stoichiometries difficult, peaks corresponding to at least
three and possibly four different protein stoichiometries are clearly visible among the MMD
profiles. Overall, the agreement of the measured MMD peak positions with their theoretical
values is somewhat worse for these lower-resolution data than for the high-resolution melittin-
Nanodisc data described above, presumably due to salt or other co-solute adduction in
combination with the poorer resolving power of the Q-IM-TOF instrument. However, agreement
of the FT-based algorithm results with theory is similar to or, in one case (the 514.4 Da peak),

slightly better than the mass-domain algorithm (see Figure 9B).

Conclusions

Here, we have introduced a FT phase-based approach to MMD analysis in the program
iIFAMS which is complementary to existing mass-domain deconvolution tools (such as that in
UniDec), allowing for orthogonal verification of MMD profile results. The spectral down-
sampling of the FT method filters out nearly all background random noise to produce reliable
MMD profiles from spectra with SNRs as low as 5:1, expanding the analysis capabilities of
lower-resolution instruments, such as Q-TOF instruments, or for tandem experiments such as ion
mobility spectrometry and surface-induced dissociation, which are not as widely available at
present on high-resolution (Orbitrap and FT/ion cyclotron resonance) instruments. Comparison
of results from the iFAMS and UniDec algorithms confirms previously published results for
melittin incorporation into Nanodiscs and provides strong evidence for the accuracy of both
deconvolution methods. Results presented here using both mass-domain and FT-based MMD
profile reconstruction of Nanodiscs formed from an equimolar mixture of MSP1D1(—) and
MSP1DI1His indicate Nanodiscs containing two MSP1D1(—) more readily assemble into these

Nanodiscs.
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The FT phase-based method presented here has potential applications in extracting
isoform profiles from a variety of heterogeneous samples exhibiting polydispersity, from
branched polymers and polymer-conjugated protein therapeutics used to increase drug longevity
in vivo® to membrane protein-lipid/detergent complexes, as well as reconstructing isotope
profiles for highly complex mass spectra which still exhibit isotope resolution. The new
algorithm also provides a straightforward means of confirming analyses obtained from other
orthogonal approaches, such as the mass-domain methods in UniDec, PMI Intact, and other
deconvolution tools.!* % The FT MMD reconstruction algorithm described above has been
incorporated into iIFAMS v. 6.1 with both FT and GT-based implementations, which is publicly

available as an open-source Python program at https://github.com/prellgroup/iFAMS/releases.

Recent versions of UniDec are publicly available as an open-source Python program at
https://github.com/michaelmarty/UniDec/releases.

Bridge

1IFAMS MMD analysis introduces a noise-tolerant method of mass defect analysis with
comparable mass accuracy to state-of-the-art m/z-domain approaches, enabling cross-validation
of results retrieved from model optimization. Most applications of macromolecular mass defect
deconvolution to date have been on titrations of single analytes into polydisperse transporters
with little study of reaction mixtures with multiple components or the complications of non-
specific small ion adduction states. In continuing this work with Genentech Inc. to study more
multiplexed mass heterogeneities in branched polymers, we developed a workflow for the
analysis of polymer functionalization intermediates during active synthesis, in tandem with the

separative capabilities of online liquid-chromatography mass spectrometry (LC-MS).
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CHAPTER III

STREAMLINING LC-MS CHARACTERIZATION OF PHARMACEUTICAL POLYMERS
BY FOURIER-TRANSFORM BASED DECONVOLUTION AND MACROMOLECULAR
MASS DEFECT ANALYSSIS

First author paper co-authored with Christopher M. Crittenden, Simon A. Chan, Samuel
H. Yang, Dawen Kou, James S. Prell and Bifan Chen. Christopher M. Crittenden and Bifan Chen
produced the LC-MS data and provided feedback on the workflow. James S. Prell supported the

development of the algorithm.

Introduction

The field of conjugating therapeutic agents such as peptides, proteins, and antibodies to
synthetic polymers has grown remarkably over the years, seeing many of these research efforts
successfully develop into clinical explorations.”” The benefits of incorporating polymeric
scaffolds include enhancing stability and solubility, controlling delivery, increasing efficacy,
improving pharmacokinetics, and reducing toxicity. Advances in synthetic and conjugation
chemistry continue to expand the repertoire of pharmaceutical polymers with different
architectures and functionalities. However, keeping pace with the increasing complexity of these
polymer conjugates remains a daunting task for thorough analytical characterization, particularly

with highly branched and functionalized polymers of high molecular weight.

To characterize pharmaceutical polymers, liquid chromatography (LC) is arguably the
most widely used technique, which can separate polymer samples based on chemical
composition, molecular weight, end-groups, and branching.!”® LC can also be hyphenated with
various detection methods with different pros and cons,'” among which mass spectrometry (MS)
including charge detection mass spectrometry (CDMS)!%! is playing an emerging role, offering
absolute mass determination with unrivaled insight on molecular features.'*> While LC-MS
hyphenation via electrospray ionization (ESI) is powerful, the biggest hurdle to unleashing its
full capability is dissecting the complicated mass spectra generated, especially for the high-
molecular-weight polymers. The intrinsic heterogeneity from polymer samples together with the

multiple charge states caused by the ESI processes can create extremely congested and
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overlapping spectra. To make matters worse, numerous non-covalent adducts often attach onto
polymer ions during ESI, further complicating the interpretation. Since the mass spectra are
extremely challenging to analyze by conventional approaches, previous efforts have been made
to decrease spectra complexity by reducing the charge state distributions toward a narrower
range of lower charge states, either by the use of a 210Po alpha particle source!® or by the
introduction of charge-reducing agents such as organic amines.'* %> However, these setups for
charge reduction are often quite complicated and the method sensitivity can be compromised. We
therefore focused on alternative solutions that directly address the data analysis challenge

without requiring modification of common LC-MS setups.

Among different data processing approaches, Kendrick mass defect (KMD) analysis,
which uses modular arithmetic to reduce complexity of polydisperse polymer mass spectra by
focusing on the remainders from dividing the polymer’s molecular weight by the mass of the
repeated polymer subunit, has been widely used in the polymer field for identifying sample
impurities and end-groups.* 84 1% Recent theoretical advances incorporating fractions of a
polymer subunit have extended the utility of KMD analysis to simple multicharged spectra,®®
however, the utility of KMD analysis directly from ESI spectra of heterogeneous, high-
molecular-weight polymers remains limited. Conversely, the broad mass polydispersity of
polymeric samples makes their corresponding mass spectra well-suited for Fourier analysis,’!
which can be used to convert their highly congested mass spectra to much simplified peak
features in the frequency domain by Fourier-transform based deconvolution algorithms such as
iFAMS.*>3% Here, we showcase how the iFAMS deconvolution algorithm and the associated
Macromolecular Mass Defect (MMD) analysis can greatly streamline LC-MS analysis of
pharmaceutical polymers, providing key information on size, composition, branching, end-

groups, and potential impurities.
Experimental

All polyethylene glycol (PEG) samples were analyzed via reversed-phase LC-MS using a
4.6 x 150 mm, 3.5 um Waters Xselect CSH Phenyl-Hexyl column heated at 40°C. 0.1% formic
acid in water and 0.1% formic acid in acetonitrile were used as mobile phase A (MPA) and
mobile phase B (MPB), respectively. The following gradient with 1 mL/min flow rate was used:
0 min at 10% MPB; 2 min at 10% MPB; 5 min at 45% MPB, 10 min at 46% MPB, 12 min at
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90% MPB; 13 min at 90% MPB, 13.1 min at 10% MPB; and 15 min at 10% MPB. 6k PEG
samples and reaction mixture were analyzed on an Agilent 6545/XT Q-ToF mass spectrometer
and a Thermo Orbitrap Fusion Lumos Tribrid mass spectrometer with standard parameters. 20
kDa, 30 kDa, and 40 kDa PEG samples were analyzed on the Q-ToF. Sample sourcing and

reaction mixture preparation details can be found in Appendix Chapter III.
Data Analysis

Structural characterization of polymeric samples from complex LC-MS data requires

45,52,53,107 SO brief

several sequential steps, the theory of which has been detailed elsewhere,
explanations of each step will be included as they are discussed and the overall workflow and
strategy are shown in Figure S5. First, mass spectra are collected by tandem reversed-phase
liquid chromatography (RPLC) and conventional ESI-MS, then extracted to comma-delimited
files (CSVs) from retention time peaks in the total ion chromatogram (TIC) for each
chromatographically separable species (Figure SSA). iIFAMS deconvolution software (open-
source, publicly available software developed by the Prell group) automatically applies a Fourier
transform (FT) or m/z-localizing Gabor transform (GT) to imported mass spectra, separating
mass domain signal into frequency channels based on the peak spacings.'* > >3 The periodic
mass distributions inherent to polymeric samples lend themselves well to FT/GT analysis, with
peak spacings dependent on the mass shift (AM) and charge state (Z) corresponding to sharp
features in the frequency domain at fundamental frequencies Z/AM, enabling identification of the
polymer composition and charge states (Figure S5B). GT features localized to the same m/z and
occurring at integer multiples of Z/AM are higher harmonics of the same ion population; a
greater number of harmonics visible in the spectrum corresponds to greater peak resolution in the
original mass spectrum. Inverse FT/GT of charge state series of interest effectively filters out
signal from interferents such as lighter polymer fragments and salt clusters as well as the
majority of instrumental background noise, yielding deconvolved charge-state-specific mass
reconstructions. Inclusion of more harmonic information generally increases feature resolution in
these deconvolved mass spectra, and they can be summed as desired to identify polymer size

from overall mass distributions (Figure S5C).

Modifications to the base polymer such as varying end-groups and the cores of

multibranched polymers lead to more subtle shifts of the polymer mass distributions,
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corresponding to measurable phase shifts in the frequency domain. With the polymer
composition identified from FT/GT, the phase shifts can be measured as macromolecular mass
defects (MMDs) modulo the average repeating unit mass.'?” The resultant charge-state-specific
MMD profiles are compared to determine which features are supported by all charge states
(Figure S6) and subsequently integrated between local minima to calculate peak centroids and
peak widths (defined as 4 standard deviations, 4c). Mass defects corroborated by the majority of
the charge-state-specific MMD profiles are compared to predicted combinations of known
sample components, calculated from average molecular weights (Table S5), to determine
polymer core, branching, and end-group structures (Figure S5D). Statistically significant
combinations of these aperiodic components can then be subtracted from the deconvolved mass
reconstructions to determine polymer chain length distributions (i.e., how many repeating units

make up the polymer).

Results and Discussion
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Figure 10. Fourier transform based deconvolution and macromolecular mass defect analysis of 6-arm polymer
standards functionalized with different end-groups. (A) Overlaid raw spectra of each polymer standard (red:
hydroxyl, purple: mesylate, blue: amine, and yellow: maleimide). (B) Deconvolved mass spectra for each polymer
standard. (C) Experimental MMD profiles for each polymer standard. (D) Comparison of average experimental
(Exptl.) MMD values for each polymer standard to theoretical (Theor.) mass defects calculated from average
molecular weights.
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As a proof-of-concept of the workflow, we analyzed four 6-arm polymer standards with different
end-group functionalizations but identical core structures. Synthesis of these standards starts with
converting end-groups from hydroxyls to mesylates, then to amines, and finally to maleimides,
which are used in protein conjugation applications.!?® The raw mass spectra of the four 6-arm
polymer standards contain overlapping charge states from 3+ to 7+, with m/z domain
localizations linked to differences in both mass and average polymer ion charge (Figure 10A).
After GT analysis, the deconvolved mass spectra reveal that the overall polymer sizes are about 6
kDa and the polymer repeating unit is 44.04 + 0.09 Da, consistent with polyethylene glycol
(PEG; expected unit mass 44.053 Da) (Figure 10B inset). Even from the deconvolved spectra we
can observe mass differences between the four standards, though notably the hydroxyl (red) and
amine (blue) functionalized standards have nearly identical mass distributions. To identify these
subtler mass variations, frequency domain phase shifts are extracted into MMD profiles modulo
the average repeating unit mass determined from the deconvolved spectra. The experimental
MMD profiles generated from these 6 kDa PEG standards demonstrate that each
functionalization consists of a single major feature (Figure 10C) with root-mean-squared-

deviations (RMSDs) relative to theoretical MMD values within 1 Da (Figure 10D).
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Figure 11. Fourier transform based deconvolution and macromolecular mass defect analysis of larger polymers. (A)
Overlaid raw mass spectra, FT spectra, (B) deconvolved mass spectra, and (C) experimental MMD profiles of the 6
kDa and 30 kDa hydroxyl functionalized 6-arm PEG molecules. Red and black dots in the FT spectra (A, inset) label
signals at fundamental charge state frequencies identified for the intact 6 kDa and 30 kDa polymers, respectively
(unlabeled peaks at higher frequencies are harmonics of lower frequency signals).
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While the charge states of the 6 kDa PEG scaffolds are still visually distinguishable,
analysis of the mass spectra gets even more complex as polymer sizes increase. This is where
Fourier-based deconvolution proves particularly useful, as exemplified by comparison of 6 kDa
and 30 kDa PEG polymers prepared with the same end-groups and core structures (Figure 11).
Although their sizes are very different, the average charge state of the electrosprayed polymer
ions scales proportionally with polymer mass, causing their charge state distributions to populate
similar m/z ranges (500-2000 m/z) (Figure 11A). Despite the strong overlap between all the PEG
charge states, because polymer peak spacing is inversely proportional to charge state, FT/GT
analysis in iIFAMS readily separates polymer populations by composition and size across both
m/z and frequency (Figure 11A, inset), effectively filtering out instrument noise and “polymer
dust” signal (i.e., small interfering polymer fragment ions, which appear as spikes in the 30 kDa
PEG spectrum). The deconvolved masses were consistent with the molecular weights specified
from the vendors (Figure 11B). The mass defect profiles for both 6 kDa and 30 kDa PEG (Figure
11C) are very similar, with peak width differences stemming from larger polymers having greater
isotopic variance (Figure S7), confirming that the two standards have the same end-groups
(hydroxyls), core structure and branching (6-armed dipentaerythritol) despite very different mass
distributions. Figure S8 further demonstrates iFAMS distinguishability of heavy, multibranched
PEG standards of varying sizes, with mass defects corresponding to the degree of branching and
differences in core structure. Different from 6-arm core of the 6k Da and 30kDa PEG-OH, MMD
analysis reveals that the 20 kDa has a 4-arm core while the 40k Da PEG-OH has an 8-arm core

with the potential presence of truncated species.
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Figure 12. Fourier transform based deconvolution and macromolecular mass defect analysis for polymer reaction
version monitoring. (A) Total ion chromatogram of the reaction mixture 60 minutes into the reaction (major peaks i,

Dashed boxes and lines label end-group stoichiometries. Asterisks (*) denote low-level ammonium adduction states.

The iFAMS Fourier analysis workflow is also readily applicable to reaction monitoring
experiments, enabling quality control before, during, and after each step of the polymer
production process. We demonstrate this application with an in-progress maleimide substitution
reaction (Figure 12), whose total ion chromatogram (TIC) from RPLC readily shows a few
distinctive peaks (i, ii, iii, and iv), presumably representing the reaction intermediates. As the
ratio of organic phase is increased (Solvent B, Figure 12A) the average mass of the eluted

polymers gradually increases (Figure 12B), identified as increases in maleimide stoichiometry by
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MMD analysis (Figure 12C). Maleimide: Amine end-group stoichiometries from 1:5 to 6:0 were
observed in the MMD profiles, with additional lower abundance features resulting from co-
elution of reaction intermediates and ammonium adductions (+17 Da) which occur readily with
polyethers.'® Although the level of ammonium adduction for the mass spectra in Figure 12 is
relatively low and assignable (Figure S9, Table S6), it would be preferable to remove as much
ammonium as possible experimentally prior to LC/MS, as desalting by gas-phase ion activation
is not ideal when studying conjugated polymer scaffolds and is less effective for desalting high
mass polymers. In the cases where several adducts are typically observed (Figure S10), MMD

profiles can also get congested, severely obfuscating unique mass defect assignment.!!°
Conclusions

Thorough characterization of intrinsically heterogeneous polymer samples is a complex
problem, but a crucial one to solve for the continued development of therapeutic polymer
conjugates. As demonstrated, we provide a more generalizable solution for LC-MS
characterization of polymer subunits, size, branching structure, and end-groups via Fourier-based
deconvolution and MMD analysis. Our approach extracts critical attributes from polymer
samples by taking advantage of mass polydispersity as frequency signal for Fourier-based
deconvolution, with the potential to assess sample impurities directly from highly congested LC-
MS data. This streamlined workflow is capable of identifying multiple polymer architectures
existing simultaneously within reaction mixtures and disambiguating salt adduction states. A free
public version of the iIFAMS software incorporating the presented MMD analysis workflow
(IFAMS Quant v.6.4) is available for download at https://github.com/prellgroup/iFAMS/releases.

Bridge

1IFAMS MMD analysis greatly expands the repertoire for model-free assignment of
chemical modifications to polydisperse samples of a single type, with a range of applications in
the development and quality control of biopharmaceuticals from membrane mimetics to polymer
and glycoprotein conjugates. However, in highly multiplexed samples where mass heterogeneity
is distributed over several independent ion species, the risk of non-specific assignments is
drastically increased, requiring careful consideration of which harmonics can be included. In
collaboration with the Laskin group at Purdue University, the following chapter demonstrates

benefits of iIFAMS characterization for isobaric species eluted from biological tissue and rules of
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thumb for deselection of GT signal, in the development of a batch deconvolution workflow for
GT analysis of protein distributions from the hundreds of thousands of spectra generated in mass

spectrometry imaging.
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CHAPTER IV

IFAMS IMAGER: A DECONVOLUTION WORKFLOW FOR FLEXIBLE ANALY SIS AND
COMPARISON OF MASS SPECTROMETRY IMAGING PROTEIN DATA

While the material included here is primarily my own work, Lily Miller assisted with
parallelization of the batch deconvolution process and helped generate the iFAMS Imager protein
intensity maps. Manxi Yang and Hang Hu prepared the tissue samples and ran the nano-DESI-
MSI experiments. James S. Prell and Julia Laskin contributed to experimental design and
interpretation. This work will form the basis of a manuscript to be submitted in the future, with

the above named as co-authors.

Introduction

Mass spectrometry imaging (MSI) has become an important tool for highly chemically
specific localization of a plethora of molecular complexes in biological tissues, ranging from

111-115

cellular lipids and proteins to smaller pathological compounds and metabolites, with or

without chemical labeling. Matrix-assisted laser desorption ionization (MALDI) is currently the

most widely used soft ionization technique for MSI by far, 16 117

achieving spatial resolutions as
high as 1 um while maintaining the primary structure of biomolecules.''® However, MALDI-MSI
typically requires application of a matrix layer to samples after pretreatment as well as direct
exposure of the tissue to the vacuum environment. Desorption electrospray ionization (DESI)
and the related nano-desorption electrospray ionization (nano-DESI), on the other hand, are
ambient ionization methods which use buftfered solution to elute intact biomolecules directly

from the tissue surface with minimal sample pretreatment.!!?-1!

Nano-DESI allows for multiple scans of the same tissue sample with spatial resolutions
as high as 10 um.?% 122123 Dyring the electrospray process, protein-sized molecules typically
ionize into a stochastic distribution of consecutive charge states, often giving rise to a highly
congested mass spectrum containing numerous overlapped analyte signals. Potential strategies to
facilitate assignment of these peaks and relate their abundance to local analyte density include
mass spectral deconvolution, use of internal protein standards, and signal normalization,

especially if the deconvolution step can be automated to batch-process the tens to hundreds of
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thousands of pixels worth of mass spectra generated in many nano-DESI imaging experiments.
Cooper and Marty recently introduced a high throughput tool to address this protein quantitation
bottleneck within the state-of-the-art Bayesian deconvolution software UniDec,'?* though this
algorithm does not currently incorporate internal standards or easily allow the user to examine
and potentially omit signals from analyte charge states that may be overlapped with interferent
signals. Prior publications have demonstrated the use of Fourier- and Gabor-transform (FT/GT)
based deconvolution, e,g., as implemented in iFAMS software, to facilitate interpretation of
highly congested mass spectra and separate m/z-overlapped ion signals from different species by
the characteristic spacings between isotopes, adducts, ligand-binding states and other regularly
spaced peaks.* This software readily allows the user to adjust the charge states used for
deconvolution, and the recently released iIFAMS-based quantitation package (iIFAMS Quant)
supports use of internal standards, such as in LC-MS quantitation workflows.** 2> Here, we
introduce an iIFAMS-based workflow for MSI analysis (“iFAMS Imager”) that utilizes GT to
identify protein ion series, deselect non-specific nano-DESI-MS features (i.e., peaks that overlap
with interferents both in m/z and frequency), and rapidly produce and normalize proteome
intensity maps for flexible development of quantitative MSI protocols. Unique advantages of this

software for nano-DESI imaging are illustrated and discussed.
Methods

Optical microscopy images and nano-DESI-MS data for Sprague-Dawley rat brain tissue
were acquired by the Laskin group at Purdue University. (Sample sourcing and preparatory
methods are further described in Appendix Chapter IV.) Bright-field optical images were
collected on a PathScan Enabler IV (Meyer Instruments, Inc.). Dark-field immunofluorescence
(IF) images were collected on a Nikon A1Rsi confocal microscope (Nikon, Tokyo, Japan) over
an emission range of 663-738 nm, using an excitation wavelength of 640 nm. Nano-DESI mass
spectra were collected on an Agilent 6560C ion mobility-quadrupole-time-of-flight instrument,
raster scanned across 76 lines with a pitch of 150 pm at a line scanning velocity of 40 pm/s,
sufficient for resolving soft tissue structures with a total of 522 scans per line (Figure 13A). Each
raster line is stored as a single Agilent “.d” file, with the individual scans corresponding to a
single pixel in each tissue image (data acquisition rate of 1 Hz). These pixel-specific mass

spectra were extracted from their respective “.d” files using the MHDAC software development
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kit provided by Agilent Technologies and converted to individual comma-separated-value files
(CSVs) for iIFAMS deconvolution. All spectra were analyzed with version 6.3 of the iIFAMS
deconvolution software (“iFAMS Quant”). All raw intensity maps are normalized to their 99.9%
quantile maximum to avoid signal spikes dominating the image, with normalized intensity scales
reflecting that normalization scheme (i.e., an intensity of 0.014 represents a signal that is 1.4% of

the 99.9% quantile intensity, and the top 0.1% quantile is represented with a single color).

Because the signal-to-noise ratio (SNR) for individual charge states of intact protein ions
can be low for individual pixels and vary dramatically between different locations in the tissue,
the data processing workflow used here starts by analyzing the full summed spectra from one
“.d” file (~500 pixels) of a central raster line (Figure 13A, B). The iFAMS GT deconvolution

33,125 i5 a Gaussian-windowed method of Fourier

algorithm, described in depth elsewhere,
transform which localizes periodic peak spacings (AM/Z) to narrow sections of the mass
spectrum and is represented as a two-dimensional spectrogram of signal magnitude vs. m/z and
frequency. Here, “frequency” fundamentals are the reciprocal of peak spacing (Z/AM), which for
isotopically resolved data (AM = 1 Da) appear at integer frequencies equal to their charge state,
with harmonic peaks occurring at integer multiples of the fundamental frequency (Figure 13C).
Analytes, such as proteins, with constant mass at each charge state (after accounting for the small
charge carrier masses) have charge state distributions that appear as a conspicuous series of
peaks following a downward-sloped hyperbolic trend in the GT spectrogram. This characteristic
arrangement of signals belonging to each analyte’s charge state distributions often enables fully
or mostly automated detection and selection of the signals belonging to individual proteins from
the GT spectrogram. Analyte signals that remain overlapped with interferent signals even in the
GT spectrogram can be manually deselected before the deconvolution step. GT data for selected

peaks are subsequently extracted, normalized for charge, and added together to produce a “zero-

charge” mass spectrum for mass characterization and quantitation (Figure 13D).
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Figure 13. Workflow Schematic for analyzing MSI data with iFAMS Imager. All microscopy data and single-
protein intensity maps are adapted with permission from Yang, M. et al. Signal suppression in imaging of intact
proteins using nano-DESI MSI manuscript in preparation. (A) Light microscopy image of the rat brain tissue
slice analyzed by nano-DESI, with 5 mm ruler for scale. (B) Mass spectrum of the summed intensities from a
whole raster line of the tissue (A, redline) (C) Gabor transform (GT) spectrogram of the raster line mass spectrum
(B). Fundamental frequencies (colored boxes) as well as any visible higher frequency harmonics (example
harmonic series in white box) are selected for inverse GT. (D) Zero-charge spectrum of all protein series selected
from the GT spectrogram (C), with colored labels for all identified proteins. The protein ion series of mass 11836
Da was not identified to a known proteoform but is clearly present in the GT spectrogram. Inset shows an
example integration window (red shaded box) applied to the deconvolved distribution for Hemoglobin subunit
alpha (alpha-globin). Protein intensity maps like E for alpha-globin are generated by batched deconvolution of
pixel spectra with parameters identified for each protein from iFAMS analysis of the raster line spectrum (colored
and shaded boxes in C and D), then summed into a total protein intensity map (F) for normalization of the color
scale (G). All maps contain a 5 mm ruler for scale.

Initial iFAMS deconvolution of the raster line-integrated mass spectrum is used to
identify proteins of interest and determine GT signal selection and peak integration parameters to

be used in processing all of the individual MSI pixel spectra. The CSVs of individual pixel mass
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spectra are first uploaded to the University of Oregon’s high performance computing cluster
(“Talapas”™) for batch processing using these batch parameters saved from the initial raster line
analysis. Data processing on Talapas was parallelized across 20 nodes, each with 28 cores (see
Appendix Chapter IV for a template SLURM command script), generating pixel-specific peak
list files of ion mass and signal intensity for each protein. These peak list files are then exported
and compiled into protein-specific arrays (Figure 13E) for intensity map cross-comparison via
iFAMS Imager. Direct elution from tissue introduces a significant baseline of small metabolites,
leading to matrix effects that can impact quantitation of larger complexes.*® To mitigate the
protein-specific biases in ionization efficiency, rather than normalizing to the total ion
chromatogram signal for each pixel, a summed image from all iIFAMS-deconvolved protein
signals or “total protein chromatogram” image (TPC, Figure 13F) generated by iFAMS Imager is

used for normalization of protein images (Figure 13G).
Results and Discussion

A major drawback to direct m/z analysis of congested mass spectra is the risk of
ambiguous peak assignment. Use of GT helps disambiguate protein signal by separating
overlapped m/z signal along the frequency axis, and inclusion of higher harmonics can further
improve the resolution and signal stability of deconvolved mass distributions.* However,
remaining overlapped signals in the GT spectrogram, if included in signal deconvolution, can
result in analyte intensity maps “hybridized” with those of contaminant proteins. Figure 14A-C
illustrates a striking example of this phenomenon resulting from the strong overlap of myelin
basic protein (MBP'®") and cytochrome ¢ oxidase subunit 7c (COX7C"") signals at near-zero
frequencies (Figure 14E). Because MBP is a much more abundant protein in the tissue (and in
fact dominates the TPC image shown in Figure 14F), the corresponding contaminated COX7C
image is very similar to the MBP image, despite COX7C and MBP being known to localize in
complementary tissue types. Excluding this near-zero frequency data and instead using only
fundamental and harmonic frequencies for both proteins results in a dramatically different
intensity map for COX7C (Figure 14C) that much more closely matches the IF image (Figure
14D). Overlapped signals from different analytes can often be readily detected by visually
examining the raster-line summed GT spectrogram. Such signals can then be easily deselected

prior to generating protein intensity maps to avoid spurious image generation.
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Figure 14. Intensity maps and Gabor spectrogram exhibiting overlapped protein signal. All microscopy data and
single-protein intensity maps are adapted with permission from Yang, M. et al. Signal suppression in imaging of
intact proteins using nano-DESI MSI manuscript in preparation. (A) TPC-normalized intensity map of MBP. (B)
TPC-normalized intensity map containing both COX7C and MBP (not ideal). (C) TPC-normalized intensity map
of COX7C alone (preferred) with immunofluorescence data for reference (D). (E) Gabor spectrogram of raster
line scan of rat brain tissue, with overlapped signal of MBP (pink boxes) and COX7C (green boxes) at low

frequencies (inset). (F) Total protein intensity map. The 5 mm rulers in images A, D and F apply to all intensity
maps.

After deselection of overlapped protein signals in the GT spectrogram for raster line 39,
10 distinct protein charge series were identified and 8 were characterized, including hemoglobin
subunit alpha (alpha-globin), MBP, COX7C, ubiquitin and 4 internal standard proteins added to
the nano-DESI solvent (beta-lactoglobulin, myoglobin, bradykinin and lysozyme), which are
discussed in more detail in a separate publication [Yang, M. et al. manuscript in preparation].
Because it has lower signal in the raster-line summed mass spectra than the much more dominant
MBP and alpha-globin proteins, COX7C was chosen as an example for comparison to “ground
truth” light microscopy imaging methods (Figure 15A, B) as well as “direct” intensity mapping
based on mass spectral peak heights (Figure 15C). The iFAMS Imager-deconvolved intensity
map for COX7C (Figure 15D) exhibits excellent agreement with the corresponding IF image,

indicating this protein is localized rather uniformly in the grey matter and is present in much
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lower quantities, if at all, in the vascular tissue and white matter. By contrast, the COX7C image
generated directly from m/z-domain peak height mapping shown in Figure 15C exhibits much
less uniform signal in the grey matter and has overall lower contrast for this protein between grey
matter and other tissue types for this tissue slice. iIFAMS Imager intensity maps for alpha-globin
and MBP (Figures 3E, F), which are known to be strongly localized to the blood vessels and
white matter, respectively, exhibit complementary tissue localizations to that of COX7C. These
results highlight the utility of iIFAMS Imager in identifying and excluding overlapped protein

signals to generate more accurate protein-specific images.
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Figure 15. Comparison of iFAMS Imager and peak height protein intensity maps to “ground truth” light
microscopy and immunofluorescence images. All microscopy data and single-protein intensity maps are adapted
with permission from Yang, M. et al. Signal suppression in imaging of intact proteins using nano-DESI MSI
manuscript in preparation. (A) Bright field optical image of rat brain tissue sample. (B) Immunofluorescence (IF)
dark field image of a comparable tissue cross-section to that of the bright-field image, stained with COX7C rabbit
Polyclonal primary antibody. Direct peak intensity image for COX7C (C) and the TPC-normalized intensity maps
for COX7C (D), alpha-globin (E), and MBP (F) were all generated from the same nano-DESI data from the bright
field-imaged tissue sample A. The black 5 mm ruler in the light microscopy image (A) applies to all subplots.

For both direct m/z peak assignment and GT-aided protein characterization from nano-
DESI experiments, it was necessary to sum the mass spectra across a raster line to achieve
sufficiently high SNR for analysis, a situation that is likely to be common in nano-DESI protein

MSI in general. However, accumulating a representative sample of the tissue proteome in this
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manner increases the chances of charge state series overlap from different analyte proteins and
restricts the range of m/z peaks available for direct unambiguous protein quantitation from nano-
DESI mass spectra. By separating the ion signals across both m/z and frequency, iFAMS
provides the signal isolation needed to integrate broader ranges of protein charge states and mass
variants in protein intensity maps for quantitation and localization by MSI. Figure 15 compares
images generated with iFAMS Imager using different peak integration ranges for alpha-globin®
2I* ranging from a single isotopolog (15197.57-15198.05 Da, Figure 16A, D) to a single
proteoform (15182.25-15212.07 Da, Figure 16B, E) and a summation of multiple proteoforms
(15134.22-15257.78 Da, Figure 16C, F). Brief loss of ESI current during collection of line 67
corresponds to the bright row of pixels in the TCP-normalized images (see Figure S11). Aside
from minor reduction in the modulation of background noise with broader integration windows,
the intensity maps for each integration window are very similarly localized to blood vessels in
the rat brain tissue, indicating the deconvolved signal is exclusively from alpha-globin-related
proteoforms for all three integration ranges. Robustness of these images down to a single
isotopolog is attributed to the inclusion of the full range of observed charge states, as single
charge state images have significantly lower SNR compares to those summed across multiple
charge states (see Figure S12). With isotope-resolved data, multiple isotope peaks can be selected
in iIFAMS parametrically by user-defined minimum abundance thresholds and noise tolerance
and compiled into a single peak list array, enabling flexible isotope or proteoform-specific

intensity mapping in iFAMS Imager.
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Figure 16. Protein intensity maps comparing the effects of narrow (A, D), medium (B, E), and wide (C, F)
integration windows for deconvolved alpha-globin. 5 mm rulers in images A, B, and C apply to all images. Color
bars on the far right correspond to all protein intensity maps within their respective row, raw protein intensity
maps (A, B, C) and total protein chromatogram images (D, E, F). White lines in images D, E, and F are pixels
where nano-DESI spray failed (see Figure S11) and define the normalized image maxima at 1.0 on the color bar.

Whereas experimental data collection for nano-DESI imaging often requires a few hours,
protein characterization directly from data-rich biological tissue spectra can be a much more
time-consuming process, taking on the order of days to weeks, depending on spatial resolution
and the number of analytes to be separately imaged. While iFAMS deconvolution takes around
10 seconds to process each image pixel (hundreds of hours of computational time per image),
this processing time is compensated for in several key ways. Firstly, parallelizing the
deconvolution tasks using a Message Passing Interface script can drastically reduce the
processing time, in this case down to 12 minutes for ~40,000 pixels processed across 20 nodes
with 28 cores per node. Although the initial data upload to the computing cluster takes 1-2 hours
from the MHDAC file conversion to file transfer completion, this step only needs to be done
once per full raw data set, with batch parameter uploads and peak list downloads taking only 5
minutes per protein. Most critically, iIFAMS raster-line analysis reduces the multi-protein

characterization step down to 10-30 minutes of deconvolution and integration per tissue sample,
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including visual confirmation that signal selections are protein-specific. While several
computational tools exist to batch process MSI spectra for known compounds in a matter of
minutes,'>* 126127 they may have limited flexibility for analyzing new compounds or isolating
signals overlapped in m/z. These tools thus represent useful advantages of iFAMS Imager in

handling interferent signals in highly congested mass spectra.
Conclusions

Overlapped ion signals and broad proteoform profiles often pose challenges for m/z-
based deconvolution algorithms, making accurate quantitation of individual analyte signals a
major hurdle for MSI of biological tissues. Here, we have illustrated how iFAMS Imager, a
Gabor Transform-based MSI deconvolution workflow, provides excellent protein signal and
selectivity for rapid identification and rejection of interferent signals that can otherwise dominate
images for low-abundance analytes. iIFAMS Imager provides additional back-end tools needed
for TPC generation and intensity map normalization, with flexible deconvolved peak integration
to generate images ranging from single isotopologs to combinations of proteoforms. Workflow
implementation is aided greatly by multi-core processing using Message Passing Interface-based
parallelization, allowing generation of protein intensity maps from complex tissue spectra that
can closely agree with ground-truth immunofluorescence images within a matter of hours after
MSI data collection. Further improvements may be possible when paired with sparse data
sampling methods.!?® The version of iFAMS used for the initial raster line spectrum analysis
(IFAMS Quant) is publicly available for download at
https://github.com/prellgroup/iFAMS/releases. A modified version of iFAMS Quant for

implementation on a SLURM-based computing cluster, along with iFAMS Imager and other
workflow support scripts are publicly available for download at

https://github.com/prellgroup/iFAMS _Imager/releases.
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CHAPTER V
OUTLOOK

Soft ionization mass spectrometry offers many advantages for the study of intact
pharmaceuticals and biological complexes, from its low sample requirements to its high
flexibility in coupling solution phase and gas phase separation techniques with extreme ion
sensitivity and high mass specificity. Developments in top-down “omics” and membrane protein
analysis, along with innovations in instrumentation, have tested the limits of what information
can be directly interpreted from mass spectral data in the m/z domain. Generalized deconvolution
algorithms capable of handling both high- and low-resolution data can in many cases aid sample
characterization far beyond what is manually assignable, but those developments have lagged
behind the most challenging problems facing the field. The work described in this dissertation
advances previously under-explored aspects of highly versatile Fourier-based deconvolution for

mass spectrometry while also hinting at new areas of development for FT/GT analysis.

Fourier phase information, as demonstrated in Chapter II, enables frequency-based
analysis of aperiodic mass heterogeneities that is complementary to state-of-the-art mass-domain
modeling methods, confirming previously observed stochastic incorporation of melittin in lipid
bilayers. Analysis of low-resolution Q-TOF data at low signal-to-noise ratios expands the
applicability of macromolecular mass defect analysis to more readily available ESI-MS
instrumentation. Although iFAMS MMD analysis does not require high-resolution data from FT-
ICR and Orbitrap-type instruments, in principle it could also utilize FT-ICR-resolved isotope
frequencies for characterization of elemental compositions from isotope fine structure. The
iIFAMS MMD workflow presented in Chapter III combines Fourier analysis with highly tunable
LC-MS separation for multi-component analysis of functionalized polymers, enabling
characterization of the repeat unit mass, end-groups, branching structure, and average polymer
size from in-progress reactions. Characterizing the impurities and degradation products observed
by LC often requires a prolonged and multimodal assessment, especially for the broad mass
distributions that arise from the use of heavier polymer linkers. Fourier-based deconvolution
simplifies polymer impurity assessment before, during, and after synthesis and could be coupled

with other separation techniques such as ion mobility MS to improve characterization of large
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protein complex conformers with similar collisional cross sections, differentiating them by mass

variants.

Chapter IV continues the theme of overcoming sample heterogeneity, focused on
extending the ion selectivity of Fourier-based deconvolution to more multiplexed high-
throughput applications. iIFAMS deconvolution allows deselection of isobaric interferents from
GT-resolved isotope frequency harmonics, enabling summation over a larger number of scans
without significant loss of signal specificity. The increased non-isobaric ion series coverage from
the Gabor spectrogram results in more accurate protein intensity maps, which, when coupled
with flexible option for signal normalization, moves the field toward more standardized and

reliable protein quantification.

Mass polydispersity is a universal problem in characterizing dynamic and “dirty” real-
world samples such as reaction mixtures and biological tissues, from oligomeric stoichiometries
to isotopic variants. As the biological samples studied by ESI-MS grow more heterogeneous,
subtle differences in sequence, conformation, stoichiometry, and small molecule binding are
revealed to be essential for understanding biological function, with the number of variations
discovered far outpacing protein-specific labeling methods. Coupling deconvolution algorithms
to new instrumentation and separation and localization techniques continues to inform algorithm
development, with Fourier-based analysis bridging many of the gaps left by the resolution

restrictions of mass-domain analyses.
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APPENDIX
SUPPORTING INFORMATION FOR CHAPTERS II-1V
CHAPTER 11
Mathematical Proof
Elimination of Global (Envelope) Phase for Analysis of Local (Peak) Phase

Throughout the following proof, we denote a function f () that depends parametrically on
quantities a, b, ..., as f(y; a, b, ...). We also denote the mass-to-charge ratio m/z by x for
typographical clarity, and k is defined as the frequency variable conjugate to x in the frequency
domain. M; denotes the mass of the repeated subunit/ligand in the ion population that gives rise
to periodic signals in the frequency domain.

Let T, denote a translation operator that translates a function to the right by a, e.g., T,{f (y)} =
f(y —a). Let c(x; %) denote a comb function of x with peak spacing % (with a peak at x = 0).
Let e(X; Ximax(Z), Z) denote a slowly varying envelope function of x with maximum, X, (Z).
Finally, let p(x; Z) be a peak shape function, defined between x = 0 and x = % (It is trivial to
account later for additional mass due to a charge carrier, such as a proton, in defining p(x; Z);
see below.)

The type of mass spectrum under consideration here is any such one that can be decomposed into
the sum of charge-state-specific mass spectra s(x; Z) = [c (x; %) X e(x; Xmax(Z2),Z)] *

p(x; Z), with Z € {Zins Zmin + 1, -, Zmax } the range of observed charge states. It is assumed
that e(x; Xpmax (Z), Z) and x4, (Z) may be different for each Z. Without loss of generality, then,

e(x; X;max (Z), Z) can be defined such that x,,,,,(Z) coincides with a peak of ¢ (x; %), ie.,

Xmax (Z) is an integer multiple of % Emphatically, reconstructing the Macromolecular Mass

Defect (MMD) profile for a particular charge state Z is equivalent to recovering p(x; Z) from
observation of s(x; Z). (Optionally, if we furthermore assume that the mass distribution

represented by p(x; Z) is identical for all observed charge states, this amounts to recovering a
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single peak shape function p(x) common to all Z by summing over or otherwise averaging over

the individual p(x; Z) after normalizing the x-axis for charge state.)

To determine p(x; Z) from a charge-state-specific mass spectrum, we first note that

M,
s(x;Z2) = [c(x; 7) X Ty, le(x;0,2)} * p(x; Z)

By the Fourier Convolution Theorem,
Z .
S(k; 2) = [C(k; 3) * e mmax@E (k; 0, 2)] X P(k; 2)
L

and we note that kx4, (Z) is an integer at each peak in the comb C(k; Mi) by choice of
L
For sufficiently broad e(x; 0, Z), E (k; 0, Z) is narrow and decays to zero within Mi either side of
L

k = 0. In this case, we shall show that, by sampling this function at integer multiples of Mi (i.e.,
L

where the magnitude of S(k; Z) achieves local maxima), one can reconstruct p(x; Z). This can
be difficult to do with the function in the form shown above, however, because e~ kxmax(Z)
generally contributes rapid phase oscillations to S(k; Z) that make it practically very difficult to

determine phase at specific values of k for realistic data.

To improve the situation, we first sample S(k; Z) by multiplying S(k; Z) by another copy of

Z

Z Z Z .
S(k;Z) x € (k;—) = C(k;—) X [C(k;—) * e H¥max(DE(k; 0,2)] x P(k; Z)
M, M, M,

On the right hand side of this equation, multiplication by the comb has the effect of sampling

[C(k; Mi) + e kxmax(DE (k; 0, Z)] at values of k that are integer multiples of Mi, where
L L

[C (k; MiL) + e~ k¥max(D g (k; 0,2)] = E(0;0,7) x e~ k¥max(2),

Thus, at the sampled values of k, S(k; Z) = E(0;0,2) x e~ #**max(2) x p(k; 7), or,

equivalently,
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e ikXmax(Z)

S(k;Z) x —E(O; W)

= P(k; Z)

Note that this function has stationary (i.e., very slowly varying) phase due to the nearly even
symmetry of e(x; 0, Z). That is, the phase of this function at the sampled values of k depends
only on P(k; Z), because we have eliminated the (generally, rapidly oscillating) contributions
from the envelope function, E (k; X4, (Z), Z). This is the key strategy that enables practical
MMD profile reconstruction using the FT-based method, for the phase at peaks in the frequency
domain is now relatively easy to see visually and measure accurately. In other words, sampling
the Fourier Transform of the mass spectral signal, modulated by the scaled exponential on the

left-hand side of this equation, is equivalent to sampling P(k; Z).

Now, E(0; 0,Z) is equal to the integral over e(X; X4 (Z)), which we denote é(Z), thus it is
proportional to the total ion population with charge state Z, divided by Z. Because the spacing of

. . Z . .
the frequency-domain samples is e the inverse Fourier Transform of the sampled data set spans
L

the interval x € [0, %), the same as the interval on which p(x; Z) is defined.

: : . . : M
Taking the inverse Fourier Transform of both sides, we have, on the interval x € [0, 7L):

Tox @8 2)}/6(Z2) = p(x; Z)

defined at a set of equally spaced points equal to the number of samples (i.e., harmonics used) in

the frequency domain.
Equivalently,
T max {6 2)} = €(Z) X p(x; Z)

This is a reconstruction of p(x; Z) weighted by the total ion population for charge state Z divided

by Z, i.e., it is the MMD profile for charge state Z, the main target for reconstruction.

To combine p(x; Z) from all observed values of Z into a single charge-state-averaged MMD
profile p(x), one can simply translate each p(x; Z) cyclically to the left by (mass of the charge
carrier/1), normalize for charge by replacing x by Zx, and interpolate and sum the resulting

“zero-charge” MMD profiles over the set of all observed Z. Note that the axis transformation
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x + Zx naturally accounts for the 1/Z scaling of e (x; X;,q (Z), Z) such that each charge state’s
contribution to the summed MMD profile (p(x)) is simply proportional to its total ion

population.

In summary, the FT-based MMD reconstruction presented here is based on the following idea:
we take advantage of the Stationary Phase Approximation to confidently determine the phase

contribution of P(k; Z), which is what is needed to reconstruct p(x; Z).
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Figure S1 Comparison of simulated spectra and MMD profiles as peak width is varied. Wider peaks in the mass
spectra lead to greater superposition, visually appearing as a higher curved baseline. The reduced resolution of the
simulated mass spectra is mirrored in their MMD profiles, and inconsistent peak height ratios justifies our integral
treatment of relative mass defect abundance (see Table S3)
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Figure S2 Charge-state-specific (green, red, purple and brown traces) and total MMD profiles (blue and orange
traces) for melittin-embedded Nanodiscs prepared at a bulk melittin:Nanodisc ratio of 6:1. Baseline correction was
applied to either the individual charge state profiles (orange) or their interpolated sum (blue) with negligible
difference, so the MMD profile baseline correction implemented in iFAMS 6.1 is arbitrarily applied after summation
of the charge-state-specific profiles.

64



9+ MSP1D1(-) Monomer
MSP1D1(-) Dimer

80000

60000

E 21+
¢ 20+
k- 19+ 8+

40000 4 18+ 1 2+

13+
17+ 14+
16+
11+
15+ 10+
20000 A
0 T T T - — T T T
1500 2000 2500 3000 3500 4000 4500

m/z

Figure S3 Example native mass spectrum of membrane scaffold protein MSP1D1(—), taken with a trap voltage of 5
V and trap gas flow rate of 3 mL/min, showing both native monomer (black charge states) and dimer (blue charge
states) signals. The presence of higher charge states (~11-21+) indicates some partially unfolded monomer
population.
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Figure S4 Example native mass spectrum of membrane scaffold protein MSP1D1His, taken with a trap voltage of
25V and trap gas flow rate of 5 mL/min, showing both native monomer (black charge states) and dimer (blue charge
states) signals. The presence of higher charge states (~11+ and above) indicates some partially unfolded monomer
population.
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UniDec Deconvolution Parameters for Melittin-Embedded Nanodiscs

Data Processing Peak selection/
extraction/plotting
m/z range 1979.925 1000000 Picking range 50000
Background subtraction 0 Picking threshold 0.1
Bin every 0 Peak normalization type Max
Normalize data? Yes Peak extraction method Height
UniDec Params Extraction window 0
Charge range 10 18 Extraction Threshold 10
Mass range 100000 200000 Extraction normalization type Max
Sample mass every 10 Add'tl Plotting Params
Quick Controls 2D color map type nipy_spectral
Smooth charge state Yes Peaks color map type rainbow
distribution?
Auto m/z peak width? Yes Spectra color map type rainbow
Level of Nearby-Point Some Discrete plot? No
Smoothing
Level of artifact suppression None Publication mode? No
(Richardson-Lucy peak
sharpening)
Mass defect 666.9 Reconvolve w/peakshape or Raw
raw
Add'tl Deconv Params Marker threshold 0.1
Peak FWHM 10 Species separation 0.025
Peak shape function Gaussian Integration range -1000 1000
Beta 0 Limits on # of spectra 100 20
Charge smooth width 1 Mass Defect Analysis
Point smooth width 1 Number of Defect Bins 50
Mass smooth width 1 Subunit mass 666.9
Native charge offset range -100 100 X-axis mass(Da)
Isotopes (isotopic resolution Off
only)
Manual mode No
Negative mode No
Charge scaling No
Mass list window N/A
m/z to mass transformation Interpolate
type
Maximum number of iterations 100
Adduct mass 1.007276

Table S1 List of all UniDec parameters used for spectral deconvolution of melittin-embedded Nanodisc data, in
order as they appear in MetaUniDec Version 4.2.1. Richardson-Lucy peak sharpening reconstructions to recreate
published profiles consisted of selecting publication mode, changing “Nearby Point Smoothing” to “None” and
setting “Point Smooth Width” to zero.

67



UniDec Deconvolution Parameters for Mixed Scaffold Protein Nanodiscs

Data Processing Peak selection/
extraction/plotting
m/z range Full spectrum Picking range 500
Background subtraction 0 Picking threshold 0.1
Bin every 0 Peak normalization type Max
Normalize data? Yes Peak extraction method Height
UniDec Params Extraction window 0
Charge range 9,10,11 15,17,18 Extraction Threshold 10
Mass range 8000 300000 Extraction normalization type Max
Sample mass every 10 Add'tl Plotting Params
Quick Controls 2D color map type nipy_spectral
Smooth charge state Yes Peaks color map type rainbow
distribution?
Auto m/z peak width? Yes Spectra color map type rainbow
Level of Nearby-Point Other Discrete plot? No
Smoothing
Level of artifact suppression None Publication mode? No
(Richardson-Lucy peak
sharpening)
Mass defect 677.9 Reconvolve w/peakshape or Raw
raw
Add'tl Deconv Params Marker threshold 0.1
Peak FWHM 0.85 Species separation 0.025
Peak shape function Gaussian Integration range -1000 1000
Beta 0 Limits on # of spectra 100 20
Charge smooth width 1 Mass Defect Analysis
Point smooth width 100 Number of Defect Bins 50
Mass smooth width 1 Subunit mass 677.9
Native charge offset range -100 100 X-axis mass(Da)
Isotopes (isotopic resolution Off
only)
Manual mode No
Negative mode No
Charge scaling No
Mass list window N/A
m/z to mass transformation Smart
type
Maximum number of 100
iterations
Adduct mass 1.007276

Table S2 List of all UniDec parameters used for spectral deconvolution of mixed scaffold protein Nanodisc data, in
order as they appear in UniDec Version 4.2.1.

68



Mass Defect Accuracy by Integration for Simulated Melittin-Incorporated DMPG
Nanodisc Data with Varying Degrees of Peak Resolution

Single-Peak | Relative 1/1 05/1 0.25/1 0.125/1
Assumption | Abundance
Peak
Separation

0o 0.00 / 0.00 0.00/ 0.00 0.00 / 0.00 0.00/0.00
lo -50.00 /50.00 | -66.67/33.33 | -80.00/20.00 | -88.89/11.11
26 -100.00/100.00 | -133.33/66.67 | -160.00 /40.00 | -177.78 / 22.22
30 6.06 / -5.66 20.89/3.89 48.25/11.63 | -266.67 /33.33
4o 1.81/-1.59 4.87 /0.27 9.29 /1.25 15.65/1.68
50 0.44 /-0.36 1.17 /0.06 2.13/0.22 3.68/0.32
66 0.09 /-0.06 0.21/0.00 0.41/0.04 0.70/0.05

Multi-Peak | Relative 1/1 05/1 0.25/1 0.125/1

Assumption | Abundance

Peak
Separation

0o 80.11/-79.47 | 80.11/-79.47 | 80.11/-79.47 | 80.11/-79.47
lo 39.88/-39.24 | 33.90/-43.91 | 27.68/-46.94 | 22.53/-48.70
26 16.95/-16.38 | 8.22/-21.95 -3.63/-25.11 | -16.66/-26.80
30 6.06 / -5.66 20.89/3.89 48.25/11.63 | -29.35/-12.69
4o 1.81/-1.59 4.87 /0.27 9.29 /1.25 15.65/1.68
56 0.44 /-0.36 1.17 /0.06 2.13/0.22 3.68/0.32
60 0.09 /-0.06 0.21/0.00 0.41/0.04 0.70/0.05

Table S3 Deviations of peak centroid calculations of simulated data in the assessment of the automated peak
selection method used for calculation of mass defect peak areas (approximating peak boundaries by dropping a line
to zero at local minima), means and full-width-half-max (FWHM). The simulated data consisted of two gaussian
peaks with o = 100, with deviations for both peaks represented in each cell, separated by “/”. The single and multi-
peak assumptions respectively reflect whether the simulated data was assumed to contain a single peak or multiple

peaks.

69




Melittin-Incorporated DMPG Nanodisc Data

# of Mass Defect Mass Defect Standard FWHM RMSD
Melittin (Expected) (Peak Deviation
Integration)
UniDec
0 0 72.4253 48.1208 33.4451 78.7571 24.3045
15 0 72.4253 62.9280 39.0801 92.0266 35.8189
1 251.2879 289.6118 58.3700 137.4509
2 430.1505 478.0050 39.9752 94.1343
3 0 72.4253 60.4752 27.3609 64.4301 20.0798
1 251.2879 255.3657 33.6639 79.2724
2 430.1505 462.5566 61.9354 145.8468
6 0 72.4253 79.1632 40.4490 95.2501 11.5677
1 251.2879 234.0467 25.7910 60.7331
2 430.1505 418.3673 26.3267 61.9945
3 609.0131 601.6822 26.5076 62.4206
9 4 120.9090 131.5617 28.7969 67.8115 21.9732
5 299.7716 312.1929 30.2316 71.1899
6 478.6341 438.2619 34.9606 82.3258
3 609.0131 614.8098 29.0172 68.3304
12 4 120.9090 141.2823 36.6193 86.2319 16.8861
5 299.7716 312.1315 37.9574 89.3828
6 478.6341 467.4528 39.8328 93.7991
7 657.4967 636.3380 35.7912 84.2818
24 4 120.9090 166.9398 38.3100 90.2131 23.9999
5 299.7716 305.9560 24.8769 58.5807
6 478.6341 485.1766 24.0776 56.6984
7 657.4967 0.6997 21.9070 51.5870
iIFAMS
0 0 72.4253 64.9467 42.9032 101.0292 7.4786
15 0 72.4253 66.7901 48.1732 113.4392 19.8326
1 251.2879 281.1103 28.0318 66.0098
2 430.1505 414.0611 22.2513 52.3978
3 0 72.4253 78.6316 30.3582 71.4882 17.0410
1 251.2879 265.3121 29.5446 69.5723
2 430.1505 455.3694 28.9354 68.1377
6 0 72.4253 78.4087 26.1854 61.6618 3.5184
1 251.2879 247.6519 28.4922 67.0940
2 430.1505 430.3194 30.9833 72.9601
3 609.0131 609.6964 24.9687 58.7967
9 4 120.9090 148.7955 29.0347 68.3716 21.5303
5 299.7716 317.0059 28.5935 67.3325
6 478.6341 483.3089 25.1844 59.3048
3 609.0131 636.5390 30.7236 72.3486
12 4 120.9090 157.6944 29.5105 69.4920 22.4782
5 299.7716 322.9966 29.8685 70.3350
6 478.6341 489.9335 31.3901 73.9181
7 657.4967 656.5886 30.6896 72.2685
24 4 120.9090 161.5878 28.4118 66.9046 27.5792
5 299.7716 323.0740 30.4655 71.7408
6 478.6341 500.3669 29.5352 69.5501
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| 7 | 6574967 |  9.7932 | 27.5030 64.7646 |

Mixed-MSP DMPC Nanodisc Data

Mass Defect Mass Defect (Peak Standard FWHM RMSD
(Expected) Integration) Deviation
UniDec
Histidine- 514.4000 617.3985 121.7994 286.8157 102.9985
tagged only
His-tag cleaved 24.3000 668.0286 94.19822 221.8199 34.17143
only
Mixture 281.5000 272.2444 40.82698 96.1402 38.61799
Ambient 514.4000 456.4018 40.52664 95.43293
608.3000 670.1908 66.94955 157.6541
Mixture 281.5000 278.2126 41.57944 97.91209 24.16901
90°C for 608.3000 642.3217 96.37299 226.9411
10 minutes
Mixture 514.4000 445.7393 41.72021 98.24359 62.39332
80°C for 608.3000 663.7217 83.5257 196.688
60 minutes
iIFAMS
Histidine- 514.4000 611.1677 124.0128 292.0279 96.76774
tagged only
His-tag cleaved 24.3000 13.20665 110.7438 260.7817 11.09335
only
Mixture 281.5000 302.1674 41.05884 96.68617 16.36484
Ambient 514.4000 496.8346 36.28081 85.43478
24.3000 32.53034 62.16065 146.3771
Mixture 281.5000 249.8713 4.766691 11.2247 35.5234
90°C for 608.3000 647.3313 111.9027 263.5106
10 minutes
Mixture 514.4000 461.7888 44.15045 103.9664 59.98376
80°C for 608.3000 674.8444 81.62567 192.2138
60 minutes

Table S4 Statistical information for assessment of MMD analysis mass defect accuracy as expected from
empirically determined masses. Peak integration for calculating peak centroids and standard deviations was
performed with the assumption each peak begins and ends abruptly at local minima in the mass defect profile. Data
is presented only for peaks selected by an automated peak selection method and which are shared between the two
MMD analysis methods.
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CHAPTER II1
Extended Methods

Sources for Chromatography Solvents and Polymer Standards

LC-MS grade formic acid, HPLC grade triethylamine (TEA), and HR-GC grade
Dichloromethane (DCM) were purchased from Millipore (Burlington, MA, USA); HPLC grade
acetonitrile (ACN) was purchased from J.T. Baker (Phillipsburg, NJ, USA).

Multi-arm 6 kDa pentaerythritol-core PEG standards (hydroxyl-functionalized, mesylate-
functionalized, amine-functionalized, and maleimide-functionalized) were obtained from
Biovectra (Charlottetown, Canada), while the heavier pentaerythritol-core PEG standards (20, 30
and 40 kDa) were obtained from JenKem Technologies (Plano, TX, USA). All PEG polymer
samples were prepared in 50:50 water: acetonitrile (v:v) to a concentration of 2-10 mg/mL. The
reaction mixture sample was prepared in DCM with the addition of TEA by mixing 3 equivalents
of 3-maleimidopropionic acid N-hydroxysuccinimide ester with 1 equivalent of 6 kDa hydroxyl-

functionalized PEG standard.
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Figure SS Demonstration of the iIFAMS Macromolecular Mass Defect MMD analysis workflow on branched
polymer data. (A) the polymer sample is separated on a reversed-phase LC column to separate components and
contaminant populations by polarity, the chromatographic features of which are extracted to MS1 data. (B) Mass
spectra extracted from the chromatogram are Gabor transformed to separate out charge state information across a 2-
dimensional spectrogram in both m/z and frequency (colored boxes). Solid boxes signify the fundamental
frequencies of polymer charge state over subunit mass (z/AM) and dashed boxes correspond to their higher
harmonics. The polymer-specific selections are inverse Gabor transformed individually to be charge-normalized into
a deconvolved mass spectrum (determining polymer size, C) or undergo macromolecular mass defect analysis (end-
group and adduct identification, D)
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Figure S6 Charge-state-specific MMD profiles (colored) and their sum (black). Though there are other features 20-
30% the size of the main features, they are not supported by all charge states and are more likely artifactual
contributions from noise.
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Figure S7 Calculated isotopic distributions of linear PEG with 145 ethylene glycol subunits (1X, top) and 725
subunits (5X, bottom), demonstrating the increased breadth in isoform distribution as polymer length increases.
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Figure S8 Deconvolution of high molecular weight PEG of various branching configurations, with purported
average molecular weights of 6 kDa (red), 20 kDa (blue), 30 kDa (black), and 40 kDa (purple). Components within
the PEG mass spectra (A) are differentiated by mass from their deconvolved mass reconstructions (B) and by core
structures and number of end groups identified by mass defect analysis (C). The lower molecular weight shoulder in
the mass reconstruction and secondary peak in the MMD profile for the 8-armed 40 kDa PEG standard polymer
indicates the presence of sample impurities, likely from inhibited ethoxylation of 2 of the arms.
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Figure S9 Ammonium adduction state assignment of asterisk labeled MMD peaks for the maleimide substitution
reaction features i, ii, iii, and iv separated by LC-MS (A). The dashed line styles denote the observed end-group
stoichiometries (B) for each chromatographic feature, with grey lines indicating ammonium adducted states of the
respective stoichiometries (C). Grey lines are labeled with numbers to indicate the number of ammonium ions

bound.
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Figure S10 MMD profiles for 6-armed PEG-MAL run through two RPLC columns, one which was recently flushed
with methanol (top) and one which had been run with ammonium acetate buffer (common electrospray solvent,
bottom). Having a higher amount of ammonium available in solution contributes to a broader distribution of adduct
states, with skewed peak shapes hinting at the possibility of overlapped features, which complicate assignment by
RMSD.
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Calculated Mass Defects for Ammonium Adducted Polymer Maleimidation Intermediates

Component MW (Da) Composition | O NHs* | L NHs* | 2 NHs* | 3NHs* | 4 NH4*
6 MAL
Core 0 NH3 9.723 | 26.754 | 43.785 | 16.763 | 33.794
Dipentaerythritol 248.231 5 MAL
(6-arm) 1 NH3 34.814 7.792 | 24.823 | 41.854 | 14.832
4 MAL
End-groups 2 NH3 15.852 | 32.883 | 5861 | 22.892 | 39.923
Maleimide 195.198 3 MAL
(MAL) 3 NH3 40.943 | 13.921 | 30.952 3.930 20.961
Tertiary Amine 44.077 2 MAL
(NH3) 4 NH3 21.981 | 39.012 | 11.990 | 29.021 1.999
1 MAL
Repeat Unit 5 NH3 3.019 | 20.050 | 37.081 | 10.059 | 27.090
Ethylene Glycol 44.053 0 MAL
6 NH3 28.110 | 1.088 | 18.119 | 35.150 8.128

Table S5 Predicted mass defect table for the maleimide substitution of 6-arm derivative PEG. The mass defects
(italicized, Da) modulo the repeat subunit mass are organized by end-group composition (rows) and number of
ammonium adducts (columns), accounting for all non-repeat components. End-group
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Branched Polymer Mass Defect Peak Statistics

PEG-OH PEG- | PEG- | PEG-
Ms Amine MAL
Average MW (kDa) 5.5 20 30 38 6 6 6
Measured MMD (Da) 33.47 3.94 33.11 21.69 17.77 28.07 10.08
Peak Width (40, Da) 6.97 13.73 | 1594 | 1597 | 16.16 8.24 9.86
Predicted MMD (Da) | 34.014 | 3.988 | 34.014 | 19.987 | 17.941 | 28.110 | 9.723
RMSD (Da) 0.55 0.050 0.91 1.70 0.18 0.042 0.36
¢ Retention Ti _ MMD MMD MMD MMD
etention Time (min) Peak 1 Peak Peak 3 Peak 4 RMSD
Measured
MIMDS (Da) 3.25 12.26 21.46 40.27
4.75-4.93 Predicted 3.019 11.990 | 21.981 | 40943 1.01
MMDs (Da) 13.921 | 20.050 | 39.012
A'X'&a;‘s“{;:) 3.87 15.357 32.32 41.30
.99.5, 1.11
4.99-5.12 Predicted 5.861 15.852 | 32.883 | 40943
MMDs (Da) 3.930 13.921 | 30.952
A'X'&a;‘s“{;:) 7.36 14.48 22.28 33.59
.30-5. 1.28
>.30-5.43 Predicted 7.792 14.832 | 24.823 | 34.814
MMDs (Da) 5.861 22.892 | 32.883
Measured 8.88 27.01
5.74-5.82 MMDs (Da) 0.81
) ) Predicted 9.723 26.754 )
MMDs (Da) 7.792

Table S6 Statistical data for mass defect assignments from multi-armed PEG standards and the maleimide substitution
reaction. Columns for MMD profiles with multiple contributing peaks are enumerated from lowest to highest mass
defect value. RMSDs for peaks with multiple assignments were taken with respect to a singular centroid rather than
centroids determined by multi-peak fitting.
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CHAPTER 1V
Extended Methods
Brain Tissue Section Preparations for nano-DESI and Immunofluorescence

Sprague Dawley Rat brain tissues were sectioned to 12 pm thickness at -21 °C and thaw-
mounted onto glass slides. Tissue sections were immersed in ethanol solutions and chloroform
before nano-DESI MSI experiments, where ACN/H>,O/CH3COOH in 65:34:1 ratio by volume
was used as a working solvent. Proteins were extracted into the liquid bridge formed between
two glass capillaries with working solvent spiked with bradykinin, lysozyme, beta-lactoglobulin,

and equine heart myoglobin at 0.3 uM as internal standards and ionized by ESI.

The rat brain tissue sections for immunofluorescence (IF) were fixed in 4% paraformaldehyde
(PFA) for 10 mins and quenched in 100 mM glycine for 10 mins before being incubated in
blocking buffer for 1 h at room temperature. Tissue sections were incubated in COX7C rabbit
Polyclonal primary antibody (1:100 in blocking buffer, Proteintech, Cat# 11411-2-AP) overnight
at 4 °C, followed by incubation in AF647 conjugated goat anti-rabbit IgG secondary antibody
(1:1000 in PBS, MyBioSource. Cat# MBS2568134) with DAPI (1:1000 in PBS, Cat#
InvitrogenTM D1306) for 2 h at room temperature. The slides were then coverslipped using

fluorophore mounting media.
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SLURM Script Template for iFAMS Batch Deconvolution
#!/bin/bash

#SBATCH --partition=preempt

#SBATCH --job-name=name_of job

#SBATCH --output=/slurm_output_file directory/output.out
#SBATCH --error=/slurm_error file directory/error.err
#SBATCH --nodes=20

#SBATCH --time=01:00:00

#SBATCH --account=computing_cluster account name
#SBATCH --ntasks-per-node=28

#SBATCH --ntasks-per-core=1

#SBATCH --mem-per-cpu=4G

module purge
module load slurm
module load tensorflow

mpiexec -n SSLURM_NTASKS python {iFAMS script directory}
{batch_parameters_directory} {number of scans per raster line - 1} {pixel spectra_ directory}

{data file format} {number of raster lines} {output folder directory}
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Figure S11 Comparison of total ion chromatogram (TIC) signal intensity data from two nanoDESI raster line scans
(A and C). The mass spectrum collected the last few scans of line 67 (B) shows a drop of two orders of magnitude in
background signal and lack of internal standard protein ions relative to the slide background collected for line 8 (D)
over a similar range of scans (A and C, red boxes).
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Figure S12 Protein intensity maps for hemoglobin subunit alpha (alpha-globin), normalized to the total-protein-
chromatogram. Intensity maps from the single most abundant charge state (A, B, and C) exhibit higher baseline
signal and noisiness (i.e., signal modulation) in regions of relatively low alpha-globin signal compared to images
generated from the summed intensities across all deconvolved charge states (D, E, and F). These differences are
most notable with narrower integration ranges (A, D). The bright band of rightmost pixels in line 67 are due to loss
of spray (see Figure S11) Color bars on the far right and the 5 mm rulers in images D, E, and F apply to all images.
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iFAMS Batch Deconvolution Parameters

128287 | Batch data density

FALSE | MS domain adjustment

0 MS min

0 MS max

21.6063 noise calc frequency min
21.80671 noise calc frequency max
FALSE MS linear baseline sub

FALSE MS segmented baseline sub
FALSE MS noise baseline sub

0 MS noise sub multiplyer

TRUE smoothed deconvolved spectrum
14100 integration min x

14400 integration max x

0.1 integration min y

10 minimum distance between peaks
0.05 integration noise tolerance
FALSE integrated segmented BC
FALSE integrated fourier BC

FALSE parameter match integration

3 number of peaks for bounds match
FALSE plot real spectra

2575 frequency channels

10 oversampling
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gaussian window type

13 number of charge states

26 number of rectangles

1 number of series selected

26 series 1 final rectangle index
12 series 1 final selection index
9 selection O charge state

10 selection 1 charge state

11 selection 2 charge state

12 selection 3 charge state

13 selection 4 charge state

14 selection 5 charge state

15 selection 6 charge state

16 selection 7 charge state

17 selection 8 charge state

18 selection 9 charge state

19 selection 10 charge state

20 selection 11 charge state

21 selection 12 charge state
1558.762 rectangle 1 coordinate 1
1606.186 rectangle 1 coordinate 2
8.774151 rectangle 1 coordinate 3
9.217127 rectangle 1 coordinate 4

0 rectangle 1 selection number
1558.762 rectangle 2 coordinate 1




1606.186 rectangle 2 coordinate 2
17.76979 rectangle 2 coordinate 3
18.21277 rectangle 2 coordinate 4

0 rectangle 2 selection number
1402.986 rectangle 3 coordinate 1
1445.668 rectangle 3 coordinate 2
9.749057 rectangle 3 coordinate 3
10.24125 rectangle 3 coordinate 4

1 rectangle 3 selection number
1402.986 rectangle 4 coordinate 1
1445.668 rectangle 4 coordinate 2
19.74421 rectangle 4 coordinate 3
20.23641 rectangle 4 coordinate 4

1 rectangle 4 selection number
701.9928 rectangle 23 coordinate 1
723.3338 rectangle 23 coordinate 2
19.49811 rectangle 23 coordinate 3
20.48251 rectangle 23 coordinate 4

11 rectangle 23 selection number
701.9928 rectangle 24 coordinate 1
723.3338 rectangle 24 coordinate 2
39.48842 rectangle 24 coordinate 3
40.47281 rectangle 24 coordinate 4

11 rectangle 24 selection number
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668.6122 rectangle 25 coordinate 1
688.937 rectangle 25 coordinate 2
20.47302 rectangle 25 coordinate 3
21.50663 rectangle 25 coordinate 4

12 rectangle 25 selection number
668.6122 rectangle 26 coordinate 1
688.937 rectangle 26 coordinate 2
41.46284 rectangle 26 coordinate 3
42.49646 rectangle 26 coordinate 4

12 rectangle 26 selection number
14102.94 low bound 1

14158.89 high bound 1

14160.93 low bound 2

14272.83 high bound 2

14280.4 low bound 3

14324.99 high bound 3

Table S7 Example batch parameter file for myelin basic protein. Ellipses show where repeated data structures were
omitted for easier interpretation of the overall parameter file structure. “Batch data density” is the number of data
points for data interpolation to ensure similar ranges of frequency data are analyzed for all mass spectra being batch
processed. Gabor spectrogram selections are grouped by charge state and stored as ranges of cartesian coordinates in
m/z and frequency. Integration parameters for the deconvolved zero-charge spectra are stored at the very end as

sequential mass minima and maxima.
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