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abstract

This dissertation describes advances in mass spectrometry-based analysis of the human

proteome and applies the most current technologies to investigations of age, neurodegener-

ation and stress. Although direct protein measurements in human tissues provide valuable

insight into the development and progression of disease, the complex and dynamic nature

of human proteomes provides several challenges. Chapter 1 details some of these hurdles

along with the basic concepts of bottom-up proteomics in terms of sample preparation

and instrument operation. Chapter 2 describes regional protein signatures for nine neu-

roanatomically distinct regions of the aged human brain. These region-specific proteins

are then compared to proteins associated with Alzheimer’s disease (AD). An efficient and

scalable method for proteomic analysis of AD in cerebrospinal fluid is demonstrated in

Chapter 3 using an age- and sex-matched sample cohort. In Chapter 4, a proteomic analysis

is performed on saliva of soldiers before and after a simulated combat training exercise in

order to quantify the proteomic effects of stress. To expand the method development toolkit

for proteomics of human tissues and biofluids, a machine learning model is developed

for predicting peptides’ transmissive compensating voltage when using high field asym-

metric waveform ion mobility spectrometry (FAIMS)(Chapter 5). Conclusions and future

directions for these projects, including expanded analyses and continued technological

development are discussed in Chapter 6. A chapter conveying aspects of this dissertation

to a general public audience is included after the conclusion (Chapter 7).
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Chapter 1

background and introduction
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Proteins as the Building Blocks of Life, the Impetus

The human proteome: a monumental challenge Almost two decades ago, researchers

sequenced the full human genome1–3. Unbeknownst to them at the outset of this impressive

international endeavor, the completion of this project would initiate a new research focus4:

a race to identify the expression of the 20,000 protein-coding genes encoded within the

human genome. Even with the efforts of 25 labs across 21 countries, experimental obser-

vation of 90% of these genes has only recently been achieved5. When taking into account

the expansion in protein diversity that occurs throughout transcription, translation and

post-translationally, the sequencing of genomes seems almost trivial by comparison, with

estimates of the true size of the human proteome ranging from 20,000 to several million

entities6–10. During transcription, splicing greatly expands the eukaryotic proteome. More

than 94% of human transcripts contain multiple exons, with 92-97% of multi-exon mRNA

transcripts suspected to be alternatively spliced11. Although some alternative transcripts

are produced at negligible amounts, approximately 86% of genes are thought to gener-

ate isoforms at 15% of total transcript levels or greater12. Proteins can also be modified

post-translationally by the addition of chemical motifs or cleavage by proteases. More

than 300 protein chemical modifications have been identified, with at least 230,000 sites of

chemical post-translational modification identified in the human proteome13. The number

of protein-modifying enzymes has expanded throughout vertebrate evolution14 with the

human proteome containing more than 90 kinases alone15. Proteolytic processing also plays
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a role in the diversity of proteins and peptides found in human tissues16, with regulatory

roles beyond simple degradation17.

Why study proteins? Proteins are core to the function and continued life of all human

cells, allowing response to stimuli and effectively connecting genotype to phenotype18.

Proteins perform and regulate processes key to eukaryotes, such as DNA replication19,

transcription20 and translation21,22, in some cases initiating their own expression by ge-

nomic insertion23. Enzymes in the mitochondria generate the fuel necessary to power

the cell24. Differences in protein splicing25–27, abundance28, and localization26 play roles

in the diversification of mammalian cell types and cell fate. This cellular diversity along

with protein-regulated cell growth and division allows the development of organs and

intra-organ structures such as the cerebral cortex25,26,29,30. Proteins allow mammals to expe-

rience the world with signal transduction roles in all sensory pathways, including vision31,

hearing32 and touch33,34. This multitude of function means that understanding normal

biological processes of protein expression, degradation, sequestration, and modification

provides valuable insights into the alterations observed in disease, allowing improved

detection, diagnosis, and treatments.

Proteomics technologies Despite the integral role that proteins play in human biology,

much of the investigation into gene expression in the late 20th century focused on nucleic

acids. Part of this nucleotide centricity stemmed from the capacity to amplify nucleotides
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Figure 1.1: Human protein diversity expands through a variety of molecular events. Depicted is a single
human gene and two of its isoforms, which differ by the coding for several different amino acids of a protein
primary sequence (at left); isoforms commonly arise from alternative splicing of RNA and from use of different
promoters or translational start sites. Isoform variation combines with site-specific changes to generate human
proteoforms (at right); three examples of site-specific changes include single-nucleotide polymorphisms (SNPs)
and co- or post-translational modifications like N-glycosylation or phosphorylation, respectively. Reprinted by
permission from Macmillan Publishers Ltd.: NATURE, Aebersold, et al. Nat. Chem. Bio. 2018, 14, 206-214.
Copyright 2018.
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using polymerase chain reaction (PCR) allowing for extremely sensitive assays. No compa-

rable expansion technology exists for polypeptides. PCR was just one of many developments

that occurred in the DNA and RNA technology space during the 1970s and 80s. Nucleotide

sequencing also allowed for reading of individual DNA bases. And, although Frederick

Sanger had determined the sequence of bovine insulin by 195535,36, protein sequencing

technologies such as Edman degradation were limited in scope, amenable protein size, and

analysis speed37. Given these limitations, linking of the genome to proteins was frequently

inferred using transcriptomics and estimations of genome accessibility despite discrepancies

between these metrics and protein levels38,39. Interestingly, the 1995 manuscript in which

Mark Wilkins originally coined the term “proteomics” relied on a combination of both

mass spectrometry and several of these early proteomic technologies: Edman degradation

and electrophoresis; all in pursuit of what was at the time an impressive characterization of

19 proteins40,41.

Although molecular analysis by mass spectrometry (MS) has been in use since the early

20th century, its application to proteomics was limited by generation of gas-phase ions. The

development of two techniques for ionization of large biomolecules revolutionized the field

in 1990: electrospray ionization (ESI)42 and matrix assisted laser desorption ionization

(MALDI)43,44. The substantial impact of these techniques is underscored by the fact that

their inventors – Koichi Tanaka (MALDI) and John Fenn (ESI) – were co-awarded the 2002

Nobel Prize in Chemistry45 for their work. These techniques have allowed mass spectrome-

try to emerge as a premiere technology for proteomics since the turn of the century, with
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the capacity for global proteome analysis as well as targeted peptide sequence investiga-

tion. This is evidenced by the key role mass spectrometry has played in characterizing

the proteome of a variety of eukaryotic organisms46–50, including humans, with 90% of

proteins in the human proteome project supported by MS data5. More recent advances

have enabled mass spectrometry to serve as a powerful tool in characterizing the proteomic

heterogeneity of both healthy and diseased human populations, tissues and cells. However,

as the field edges closer to complete coverage of the human proteome, it has become clear

that the scope of its diversity and variability requires continued advancements in analysis

speed, sensitivity, precision, and adaptability to novel sequences. This dissertation will

present technologies and techniques to advance those objectives as well as demonstrate

applications to human health that capitalize on the most current technologies.

Mass Spectrometry and Associated Technologies

Some basic familiarity with the operation of mass spectrometry technology is essential

to the understanding of the work within this dissertation. Mass spectrometry relies on

the predictable behavior of molecular ions in the gas phase to determine their ratio of

mass to charge. The acceleration of molecular ions in an electric field is driven by only two

characteristics, the force applied to them as dictated by their charge differential, and their

mass. By accelerating and decelerating these ions using alternating electric fields we can

determine the ratio of these two properties, the mass-to-charge, also known as the m/z

or Thompson, the unit namesake of British physicist J. J. Thompson. The work described
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in this dissertation relies on the Thermo Scientific Quadrupole-Orbitrap-Linear Ion Trap

Hybrid Mass Spectrometers, abbreviated q-OT-QLT for the three mass analyzers contained

within. Although two different models were used, the Orbitrap Fusion Lumos and the

Orbitrap Eclipse, their configuration and operation are essentially identical (Figure 1.2).

Chapter 3 and Chapter 5 also rely on the utilization of high field asymmetric waveform ion

mobility spectrometry or FAIMS, which is both conceptually and physically described later.

The quadrupole mass filter The quadrupole mass filter functions by selectively transmit-

ting ions based on their stable trajectory within an oscillating electric field. Physically, the

quadrupole consists of four metal rods equally spaced around a central z-axis along the

length of the rods (Figure 1.3A)51. The rods are electrically organized into pairs along the

x- and y-axis, allowing the generation of differential voltage across both these axes (Figure

1.3B). A radio frequency (RF) waveform electric field is applied across each rod pair, con-

straining the ions as they pass along the z-axis of the device (Figure 1.3A). A supplemental

direct current (DC) offset, termed the resolving DC, is applied with equal amplitude and

opposite polarity for each rod pair, creating a positive and negative axis (Figure 1.3B). If

no resolving DC was applied, ions would be constrained to the center path and no filtering

would occur. However, the two different DC offsets destabilize different subpopulations of

ions based on their m/z by causing them to drift into the poles and be neutralized. The

positive DC offset pair imparts this destabilizing effect on the ions above a certain m/z,

creating a low-pass filter. The negative DC offset pair in contrast, destabilizes the ions
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Figure 1.2: Instrument platform used for research. Both the Orbitrap Eclipse and the Orbitrap Fusion Lumos
are quadrupole-Orbitrap-quadrupole linear ion trap (q-OT-QLT) hybrid MS systems.
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below a certain mass-to-charge, providing a high-pass filter52. Together these two rod pairs

allow for the selection and transmission of a specific m/z range known as the band pass

region (Figure 1.3C). The width of this band pass region is controlled by the ratio of the

amplitude of the RF waveform and the DC offset, allowing effective isolation at widths as

low as 0.5 m/z51 (Figure 1.3D). As this ratio decreases, the width of the isolation window

increases along with the number of ions with stable trajectories through the quadrupole

mass filter, leading to greater transmission (Figure 1.3D). Although addition of detection

devices would allow for the quadrupole to be used in an analysis capacity, the work here

utilizes it exclusively as a mass filter. This circular arrangement of rod pairs in quantities

greater than four, such as hexapoles and octupoles, collectively called multipoles, are used

in several other regions of the instrument for the transfer of ions between segments. The

stability range for these multipoles is greater than that of the quadrupole making them

favorable for “all pass” applications53–55.

The ion trap mass analyzer Although data-dependent acquisition typically involves the

Orbitrap as the first mass analyzer, the ion trap operates in a manner more similar to the

quadrupole, and so will be addressed here. The hybrid instruments rely on a quadrupole

linear ion trap (QLT) or 2D trap as opposed to the 3D or Paul trap due to a greater capacity

for storage and sensitivity52,56. Much like the quadrupole, the ion trap consists of four

long segmented electrodes, with parabolic cross sections. These electrodes are split into

three sections: front, center and rear (Figure 1.4A). While the quadrupole provides a



10

Figure 1.3: Quadrupole Mass Filter. (A) Cutaway illustration of a quadrupole mass filter for selective trans-
mission of ions towards a detector.(B) Layout of opposing pairs of hyperbolic quadrupole rods connected
electronically for generation of quadrupole RF. Here, the positive and negative symbols denote the sign of
the rod pair DC offset, not its permanent polarity.(C) Combination of quadrupole low-pass and high-pass
mass filters to isolate a specific m/z range of cations. Note: for isolation of anions, the DC offset/mass filter
relationship is reversed.(D) Relative transmission efficiency for m/z 1200.79 ions collected across varying
quadrupole isolation widths. Reprinted with permission from Paul D. Hutchins: Hutchins, 2019. Copyright
2019.
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filtering component, the ion trap stores ions, destabilizing ions from a cloud rather than a

beam. Ions are constrained in z-direction by a DC voltage potential well created by raising

the voltage potential of the front and rear sections (Figure 1.4B). The ions in the trap are

constrained in the x and y direction by an electric field with a RF waveform, termed the

main rf, similar to that in the quadrupole. This RF waveform imparts kinetic energy causing

secular motion, with the ions traveling in a roughly corkscrew path within the trap (Figure

1.4B). This kinetic energy and motion are proportional to the m/z value of the ions and

the amplitude of the RF field. This energy is defined by the q-value as derived from the

Mathieu equation57. Ions with smaller m/z have greater kinetic energy, and in turn larger

q-values due to their greater force (as derived from charge) per unit mass. Due to these

larger q-values, small m/z ions are destabilized by smaller amplitude fields. When ions are

destabilized in the trap they are ejected through small slits in the side of the trap, where

they collide with an electron detector, generating an electrical signal (Figure 1.4A). As the

amplitude of the main RF is increased, ions of increasing m/z are ejected from the trap,

striking the detector and generating sequential signal peaks across the designated range.

These signal peaks can then be assigned to a particular point in m/z space based on the

voltage amplitude required for their ejection from the trap. The resolution of these m/z

identifications can be controlled by the speed with which the RF amplitude is increased56.

In practice, the stability threshold of the ions is lowered by application of a supplemental

RF to the center region of the trap. Once the increasing amplitude of the main RF has

increased ions q-value to be in resonance with this supplemental RF, the ions experience a
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rapid increase in energy causing their destabilization and ejection from the trap.

The Orbitrap mass analyzer The Orbitrap has become one of the premier mass analyzers

for proteomics due to its capacity for high resolution accurate mass (HRAM) analysis,

allowing discrimination of minor chemical modifications58. Prior to the Orbitrap’s release

in 200559, HRAM data could only be collected using Fourier transform ion cyclotron reso-

nance (FT-ICR) instruments which measure ion frequency in uniform magnetic field60,61.

These instruments required large cryogenically cooled magnets, leading to challenges in

practicality and acquisition speed. In contrast to the ion trap, the Orbitrap measures m/z

as a function of frequency rather than stability. Its physical design consists of a roughly

cylindrical, axially symmetrical, inner electrode that widens towards the center of the z-axis,

surrounded by a barrel-shaped outer electrode, split into two halves, with a slit to allow the

entrance of ions (Figure 1.5A). Within the q-OT-QLT instruments, ions are collected in a sec-

ondary quadrupole linear ion trap called the ion routing multiple (IRM) (Figure 1.2). Once

the appropriate ion count has been reached, ions move to another trapping device called

the C-trap, due to the arced shape of its electrodes, which accelerates ions into the Orbitrap

(Figure 1.2). Initially, a RF waveform constrains ions in the C-trap while also functioning

to focus ions towards the center of the trap. Once all ions have been transferred into the

C-trap the RF voltage of one electrode is rapidly lowered causing ions to accelerate through

a series of ion guides into the Orbitrap (Figure 1.2). Upon ion entrance into the Orbitrap

an initial voltage ramp at the center electrode causes the ions to squeeze towards the center
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Figure 1.4: The two-dimensional ion trap. (A)The four quadrupolar rods of the 2D ion trap are split into
three segments: a front section, a center section and a rear section. Ions enter along the z-axis. As ions are
destabilized, they are ejected along the x-axis through the ejection slit, where they collide with a detector to
generate signal. (B) As the main RF constrains ions in the x- and y-direction a DC trapping voltage creates
“potential well” by raising the potential of the front and rear segments. These various constraining forces cause
the secular motion of ions in the ion cloud.
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and begin to spin radially around it, after which no additional voltage change is applied,

and the trap operates electrostatically62–64. A precisely controlled quadro-logarithmic field

generated from the shape of the electrodes causes ions to move axially along the central

electrode as they rotate around it in a stable orbit (Figure 1.5A). The m/z of ions dictates

their movement within this complex electrostatic field, causing ions to quickly form disc-

like packets with specific frequencies of axial movement and radii of orbits (Figure 1.5B).

Although several modes of detection were proposed at the inception of the Orbitrap65, the

path of these ions is detected using a current image taken by measuring and amplifying

the current differential between the two halves of the outer electrode. This complex signal

generated from the aggregate ion paths within the trap is converted into the frequency

domain by a modified Fourier transform which is used to derive m/z and intensity66,67

(Figure 1.5C). Increasing the duration of the scan, or the transient, allows for a greater

number of ion oscillations and in turn greater m/z resolution. As the ions oscillate, their

initial energy dissipates and ions begin to de-phase due to collisions with gas molecules,

dampening the image current amplitude and providing some physical limitation to the

resolution of the spectra collected.

Peptide dissociation strategies Although the Orbitrap has capacity for high resolution

mass analysis, dissociation is required for greater peptide sequence elucidation in pro-

teomics. Dissociation occurs when an unfragmented peptide ion, or precursor, absorbs

enough energy to result in fragmentation of one or more it’s molecular bonds68 leading to
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Figure 1.5: The Orbitrap mass analyzer. (A) Cutaway illustration of Orbitrap mass analyzer and depiction of
complex ion movement around the center electrode. (B) Mathematical relationship between axial ion frequency
and m/z in the Orbitrap which permits mass analysis. (C) Representative raw sinusoidal transient signal from
single ion and conversion to m/z using a Fourier Transform. Reprinted with permission from Paul D. Hutchins:
Hutchins, 2019. Copyright 2019.



16

the formation of fragment or product ions which can then be analyzed by MS/MS. These

fragment ions are named based on the specific bond that is broken (Figure 1.6). This energy

can be imparted by application of photons69 or collisions with gas molecules70, as well as

chemical dissociation through electron transfer using a carrier gas71. The work within this

dissertation relies on dissociation by collision with neutral gas molecules in a process called

higher energy collision dissociation (HCD) or beam-type collision-induced dissociation.

When performing HCD within the hybrid mass spectrometers, peptide precursors are

accelerated through the C-trap and collide with nitrogen gas in the ion routing multipole.

It is possible for this collisional energy to break several different bonds, including those

in the amino acid side chains. However, HCD typically produces primarily b- and y-type

fragments due to the thermally labile nature of the peptide bond.

High field asymmetric waveform ion mobility (FAIMS) FAIMS relies on the separation

of molecules based on their differential mobility in a high and low amplitude electric field

at atmospheric or near atmospheric pressure71–73. Although a variety of configurations

of FAIMS exist74–76 the FAIMS Pro interface utilized here consists of a cylindrical inner

electrode and a cylindrically concave outer electrode between which gas phase pass before

entering the mass spectrometer (Figure 1.7A)77,78. While passing through the device,

ions are carried by flow of carrier gas towards the mass spectrometer and subjected to an

asymmetric waveform electric field which alternates between high and low fields of opposite

polarities (Figure 1.7B). The two fields are applied with different durations, proportional
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Figure 1.6: Possible peptide fragment ions. Different bond breakage leads to formation of different com-
plementary fragment ion pairs with a, b and c complementing with x, y and z, respectively. Higher energy
collisional dissociation utilized here promote primarily formation of b and y ions.
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to their difference in amplitude, leading to equal area under the curve between the positive

and negative polarities (Figure 1.7B). In a vacuum, this alternating field would lead to

neutral displacement of the ions keeping them on a stable trajectory, similar to operating

the quadrupole without a DC offset. However, due to the presence of gas molecules within

the device, the mobility of peptide ions is altered based on the amplitude of the field,

causing differential displacement between the high and low voltages, resulting in ion

drift (Figure 1.7C). Without additional supplemental voltage, this drift would cause the

collision of the peptide ions with one of the electrodes (Figure 1.7C). To prevent this, a

stabilizing voltage is applied known as compensating voltage (CV). This voltage allows

for a specific subpopulation of ions to be transmitted to the instrument based on their

differential mobility in high and low fields, as the compensating voltage must neutralize the

ion’s specific displacement. This allows separation and filtration of gas-phase ions based

on aspects of structure that affect mobility. Although FAIMS can be applied for a variety of

charged analytes, the efficacious range for peptides largely falls between -10 V and -120 V.

Bottom-up Proteomics using Liquid Chromatography Tandem Mass Spectrometry (LC-MS/MS)

Bottom-up proteomics describes the process of proteomic characterization by measuring

peptide ions within the mass spectrometer before assembling them into proteins by match-

ing to a protein database. Although mass spectrometry technology has the capacity for

sensitive measurements of abundance at high-resolution accurate masses, these capacities

must be complemented by appropriate sample preparation strategies, chromatographic
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Figure 1.7: High field asymmetric waveform ion mobility spectrometry (FAIMS). (A) Schematic showing
ion path between the inner and outer electrode prior to entrance into the instrument (B) Depiction of the
asymmetric waveform of the destabilizing electric field. The two grey rectangles have equal area. (C) If no
compensating voltage was applied peptide ions would collide with electrodes and be neutralized. (D, E)
Different compensating voltage settings stabilize different subpopulations of ions allowing their transmission
to the instrument.
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separations, data acquisition, and data processing in order to reach their full potential.

Sample preparation Proteins must first be processed into amenable peptides to allow for

their analysis by mass spectrometry. Cell or tissue structures are lysed to release intracellular

proteins and those contained within organelles (Figure 1.8). Protein structure needs to

be denatured, and disulfide bonds broken to allow access for proteases. This requires the

application of chemical denaturants such as urea or guanidine as well as reducing agents

such as chloroacetamide. The alkylation of cysteine side chains prevents the reformation

of disulfide bonds. Once proteins have been linearized, they are digested into peptides

at known motifs by proteases (Figure 1.8). The most widely used protease is trypsin,

which cleaves the peptide backbone at the C-terminus of lysine and arginine residues. The

popularity of trypsin in bottom-up proteomics stems from the generation of peptides with

proton-accepting residues (lysine or arginine), increasing the average charge of peptides

at low pH. Although specific reagents are named here, this general process of peptide

preparation from mammalian cells and tissues exists in a state of constant development in

the field, in a quest for increased efficiency, speed and proteomic coverage79.

Liquid chromatography and ESI Once proteins have been denatured and digested, they

are separated using liquid chromatography before being ionized and entering the instru-

ment in the gas phase. A number of liquid chromatography systems exist with a variety of

parameters including volumes, flow rates, and separation characteristics. Peptides can be



21

separated based on charge80,81, size82 and various chemical tags83, all of which have been

integrated with mass spectrometry. However, the work included in Chapters 2-5 of this

dissertation relies on separation of peptides based on hydrophobicity, using reverse-phase

liquid chromatography84. The typical material limitations of human samples favor the

utilization of relatively small volumes (<10 microliters) and low flow rates (<500 nanoliters

per minute), commonly termed nanoflow. In this system, peptide solutions flow through

fused silica columns over beads with extended hydrocarbon tails. Peptides are loaded onto

this column in a highly aqueous, acidic solution to promote interaction between hydropho-

bic elements and provide protons for charged droplet formation. An increasingly organic

gradient elutes peptides sequentially based on their hydrophobicity.

When peptides in solution elute from the chromatographic column, they exit a narrow

opening at the tip of the column forming a charged droplet (Figure 1.8). The column rests

within an electric field with a voltage differential between the tip and the mass spectrometer

inlet, causing electrospray ionization42. Although several models exist to explain the

process of electrospray ionization and the conversion from droplets to gas-phase peptide

ions85, the result is a molecular beam of ions entering the mass spectrometer.

Data-dependent acquisition Peptide ions enter the instrument through a heated transfer

capillary, helping to remove any remaining solvent. Given the large differential in pressure

between the ionization source ( 1 bar) and the first vacuum-controlled region of the mass

spectrometer(2 mbar), entering ions undergo a rapid jet expansion85. This expansion is
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Figure 1.8: Sample preparation and analysis workflow. Proteins are first extracted from tissue or fluid before
being denatured to allow for digestion by proteases. The resulting peptide mixture is then separated using
liquid chromatography before ionization into the gas-phase to allow for mass spectrometry analysis. Precursor
ions identified in survey scans are isolated and fragmented for scanning by MS/MS. These MS/MS scans are
matched to a database of peptides digested and fragmented in silico.
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counteracted by the focusing and constraining feature of the entrant ion funnel of the S-lens

(Figure 1.2). In the S-lens an RF waveform is applied to a series of stacked electrodes along

a narrowing path. The applied RF waveform of adjacent electrode plates are 180 degrees

out of phase with one another providing a focusing force, with the narrowing path forming

a roughly conical shape (Figure 1.2)86. After traveling through several ion optics, ions are

transmitted through the bent flatpole, a set of electrodes turning at a 90-degree angle with

an opening slit allowing for non-ionic molecules to be ejected before reaching the mass

analyzers (Figure 1.2).

In data-dependent acquisition, a survey scan (MS1), is used to identify precursor ions

which are then isolated, fragmented and scanned in a secondary MS/MS (Figure 1.9).

This process of isolation, fragmentation and scanning of fragments is commonly termed

“sequencing”. The multiple mass analyzers of the q-OT-QLT hybrid instruments (Figure

1.2) allow these different scans to occur in parallel, with precursor ions identified in MS1
n

isolated and fragmented for MS/MS sequencing while MS1
n+1 is scanning (Figure 1.9).

Survey scans in the Orbitrap determine accurate mass and charge state of all eluting peptides

at a given point in chromatographic retention time. Charge state is determined by the

distribution of naturally occurring isotopes of each peptide species. For survey scans,

the quadrupole mass filter is highly permissive, allowing a wide m/z range of ions to be

transmitted and collected in the IRM. Once the correct number of ions has been collected as

set by the user, this ion cloud is moved to the C-trap and enters into the Orbitrap for analysis.

At the outset of acquisition, an initial survey scan must occur, from which precursor ions
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are identified for MS/MS. In MS/MS, ions travel through the front lenses and enter the

quadrupole in the same fashion, but rather than allowing all ions through, a narrow m/z

window is isolated, centered around the target precursor’s m/z (Figure 1.9). This isolated

ion packet is transferred through the C-trap and accelerated into the IRM, where the ions

collide with nitrogen gas, causing fragmentation (Figure 1.2). Once the ion quota has been

met, the fragment ion packet is transferred to the terminal QLT where ions are sequentially

ejected and detected as described above. Once a precursor has been sequenced via MS/MS

its mass is placed on an exclusion list to avoid redundant sequencing events. The ion trap

is typically utilized for MS/MS scans due to greater speed and sensitivity as compared

to the Orbitrap. Precursor ions are typically preferential selected for sequencing based

on intensity, moving from highest to lowest intensity (Figure 1.9). This dependence of

sequencing events (MS/MS) on identification of precursor ions in survey scans leads to the

data-dependent nomenclature.

Database searching This liquid chromatography tandem mass spectrometry (LC-MS/MS)

acquisition strategy can produce more than 100,000 MS/MS spectra in only a single hour of

analysis time. These spectra must then be matched against a database constructed from the

full organismal proteome. Starting with all known organism proteins, proteins are digested

and fragmented into full sets of appropriate fragments (here b- and y- ions) in silico. In

addition, a set of known false peptides or decoy peptides is added to this peptide database

as a metric of erroneous matching. These decoys are peptides known to be absent from
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Figure 1.9: Simultaneous analysis of precursors and fragments in data dependent acquisition. As peptides
elute from the chromatographic column, they are identified using a survey scan with a wide m/z window,
typically collected in the Orbitrap. Identified peptides are then isolated, fragmented and scanned in the ion
trap sequential while the next survey scan is completed in the Orbitrap. Parallelization allows for increased
scan frequency and efficiency.



26

the sample and are often generated by shuffling or reversing the amino acid order of the

true peptides. This strategy is termed the target-decoy approach and allows for users to

measure and control the false positive rate, or the false discovery rate (FDR) of peptide

spectral matches87.

When data is searched, a narrow mass tolerance window is drawn around the accurate

mass of each identified precursor. Database peptides falling within that window are

considered for matching. When matching, the experimental MS/MS and the in silico

generated fragment spectra are compared and scored based on similarity. Once all MS/MS

have been matched and scored against the database, they are ordered by score, with some

precursors matched incorrectly to decoy peptides. Assuming that erroneous matches

to target peptides and decoy peptides are of equal likelihood, the percent of precursors

incorrectly matched to decoy peptides provides an estimate of the FDR. Score cutoffs

can then be selected based on the lowest similarity score in which results fall within the

acceptable FDR. Typically operating within an FDR of 1% is common in proteomics87.

This list of FDR-filtered peptides must then be reconstructed into the biologically rel-

evant proteins. The protein inference process often operates parsimoniously, with the

simplest combination of proteins explaining all identified peptides. In the eukaryotic

proteome the existence of redundant peptide sequences and those derived from protein

isoforms often leads to ambiguous peptide-protein assignment. These ambiguous assign-

ments force the assembly of protein groups, in which all contained proteins could generate

the included peptides. Once spectra, peptides, and proteins have been matched, relative
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abundance can be determined. In label-free approaches, as applied here, relative quantita-

tion is determined based on area-under-the-curve of each precursor across survey scans87,88.

Although mass spectrometry instruments scan with relatively high frequency, differences

in sample or conditions can lead to peptide sequencing in some experiments and not others.

To compensate for this, precursors can be matched without MS/MS sequencing, if identified

by sequencing in another experiment at the same m/z and chromatographic retention time.

This strategy is called “match between runs” in the data searching software MaxQuant89,90

and is based on the principles of accurate mass and time tags91.

Analyzing Human Proteomes in Disease

In many ways, measuring protein expression in human disease represents a paramount

challenge for proteomics. In addition to the challenging size of the human proteome,

target abundance changes in tissues and biofluids can be relatively small in comparison to

technical or biological variability92–97. Nucleotide polymorphisms increase population-level

genomic diversity and can affect transcription, splicing, translation and stability of proteins

in an individualized manner98–100. Researchers have gone to great lengths to replicate the

mosaic nature of the human genome in other mammals, in hopes of controlling for these

types of variables when studying disease101. The complexity of human biology leads to

heterogeneous cell populations within many tissues and organs, further increasing variation.

These proteins are not static, moving rapidly between organelles and cellular locations,

as well as between intracellular and extracellular environments. In addition to physical
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movement, proteins can transition between insoluble and soluble populations, and exist in

an equilibrium between their translation and degradation. Virtually all forms of stimuli

alter protein abundances, with age, sex, fasting, circadian rhythm, psychological stress, and

the physical environment all having observed effects on the mammalian proteome102–113.

Yet, it is this dynamism that makes proteins so crucial in understanding human health.

Proteins, and in turn these transition events, are critical to the detection, development and

treatment of disease.

The study of the age-associated neurodegenerative condition, Alzheimer’s disease (AD),

as discussed in Chapters 2 & 3, encapsulates many of these challenges. The microtubule

associated protein tau (MAPT) and the amyloid precursor protein (APP), which eventually

forms the pathogenic amyloid beta peptide, both play key roles in the disease. Despite

identification of these key proteins more than 30 years ago114,115 and the large health

burden of AD116, the mechanism by which aggregate formation leads to neuronal cell

death remains unclear117,118. This is due in part to the difficulty in probing the human

brain at a molecular level in living individuals, forcing the use of post-mortem tissues. In

addition, highly diverse cell populations inhabit the different structures of the brain, with

many of the major cells of the brain including neurons, microglia, and astroglia, exhibiting

some regional expression patterns119–121. The interconnected function of these structures

can make replication of this system difficult in model organisms122,123 and cell culture,

even with advances in organoids124 and three-dimensional culturing124,125. Although

cerebrospinal fluid (CSF) provides a more accessible view into the central nervous system,
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with greater ease in sampling from living participants, it also comes with challenges. Like

many biofluids126,127, CSF contains a small number of high-abundance proteins leading

to a large dynamic range that can impede proteomic depth and the detection of smaller

magnitude, biologically relevant changes128–130. The variability in AD also extends beyond

the CNS tissues, with substantial phenotypic heterogeneity in terms of both symptoms131,132

and disease progression133. This variation in symptoms has proved a confounding factor

in a number of recent studies133,134 and indicates the need for further investigation into the

associated proteomic variability.

These complexities are found across human tissues and disease but can be overcome

by MS-based experiments with altered study design, preparation, and acquisition, as

exemplified by mass spectrometry’s use in identifying several recent therapeutic targets79,135.

Nearly all pathological proteomic investigations center around two objectives: (1) more

detailed characterization of the molecular mechanism of disease; and (2) identification of

additional biomarkers to improve the detection and diagnosis of the target condition. These

two objectives require multifaceted investigation strategies that combine both targeted

and global analyses. MS-based proteomics allows for quantitation of a wide breadth of

proteins in a highly sensitive and precise manner when analysis strategies address the

difficulties associated with human proteomics, as well as the specific target populations,

tissues or cell types. MS has the capacity to identify physiologically significant proteins

from tissues with limits of quantitation in the picomolar range, well within the protein

content of biofluids136. Mass spectrometry can also survey deep into the human proteome,
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with precise preparation and data acquisition quantifying more than 14,000 proteins in

brain tissue137. However, proteomic depth and quantitation must also be balanced with

throughput to allow for the analysis of large sample numbers. Methods must be developed,

and studies designed, to allow for increased proteomic depth, controlled variability, and

precise quantitation if these pathologically relevant proteomic shifts are to be detected in

humans. Several strategies and technologies in pursuit of these goals will be utilized or

advanced in this dissertation.

Additional separation and simplification One strategy for increased proteomic depth

comes from simplification by additional separation of the peptide mixture, either in solu-

tion, using offline liquid chromatography, or in the gas phase, using rapid ion mobility.

In solution, a complex peptide sample is separated into a series of fractions using a chro-

matographic separation orthogonal to that utilized on-line with the mass spectrometer, in a

process called 2D(2D-LC) or multidimensional liquid chromatography. Each one of these

fractions is then run as an individual acquisition experiment. Fractions with distal retention

times can also be concatenated to reduce acquisition time. For example, if 16 fractions are

collected, one is combined with eight, two is combined with 9, and so on. This simplifi-

cation reduces the number of precursors in each survey scan, increasing the instrument’s

capacity to identify, isolate and sequence low abundance precursors138 (Figure 1.10B).

Although higher fraction numbers increase simplification of the mixture, and in turn the

benefits to proteomic depth, this results in steadily diminishing returns, while increasing
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run time and material requirements139. In the gas phase, high field asymmetric waveform

ion mobility spectrometry (FAIMS) can be utilized to similar effect. Whereas formation of

liquid fractions separates complex peptide mixtures into simplified liquid fractions, FAIMS

acts as a post-ionization filter, transmitting only a specific subpopulation of ions into the in-

strument at a particular compensating voltage (CV) setting (Figure 1.6). The compensating

voltage-specificity of peptides is not directly related to their hydrophobicity (which controls

online reverse-phase chromatographic separation), allowing filtration to occur sequentially

and orthogonally to the preceding chromatography (Figure 1.10C). This filter is applied

throughout the duration of the acquisition experiment, before repeating using a different

CV setting, allowing the selective transmission of another gas-phase fraction (Figure 1.10C).

The increased proteomic depth derived from FAIMS operates on a similar concept to liquid

fractionation, with fewer precursors improving identification, isolation, and sequencing of

lower abundance peptide ions140,141. FAIMS also filters out singly charged contaminants,

reducing chemical noise and enriching for productive multiply charged tryptic peptides142.

Although solution-based fractionation at high numbers (>8) provides greater benefits to

proteomic depth139,143, these benefits come at the expense of additional preparation time

not required in the application of FAIMS. Liquid fractionation was utilized in Chapters 2

and 3, while FAIMS was applied in this manner in Chapters 3 and 5.

Parallel reaction monitoring (PRM) Modifications to acquisition strategy can also allow

for increased quantitative precision and reproducibility. One targeted analysis strategy
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Figure 1.10: Increased depth from additional separations. (A) With complex peptide mixtures and limited
time only the some precursors are identified and selected for sequencing, as indicated with an asterisk (B)
Splitting the original complex mixture into simplified fractions leads to reduced chromatographic and MS1
complexity, allowing isolation and sequencing of low abundance ions (C) Simplification using two compen-
sating voltages in FAIMS post-ionization provides a similar result, without changing the chromatogram or
additional sample preparation upfront.
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utilized here- called parallel reaction monitoring (PRM)144- relies on a priori knowledge

about peptides of interest. Data-dependent experiments are used to build a database of

target precursor masses and their associated fragment spectra. These are then combined

into an inclusion list of precursor m/z values. During acquisition, the instrument repeat-

edly cycles through the list, isolating windows centered on each target, collecting ions

and fragmenting them before scanning the fragments. In contrast to the data-dependent

acquisition described above, these fragment scans are performed in the Orbitrap mass

analyzer to allow for the collection of high-resolution spectra and simultaneous scanning

of the full mass range144. Peptide precursors are then quantified based on the intensity

peaks of their fragment ions. This strategy allows for highly robust and reproducible mea-

surements of individual peptide precursors. Quantitation of individual peptides also has

substantial biological relevance in tissues rich in signaling peptides and active proteases,

such as cerebrospinal fluid and saliva, as discussed in Chapters 3 and 4 respectively.

Study design and statistics Variability in the human proteome also can be partially ac-

counted for in study design and statistical modeling. Distribution of characteristics known

to influence the proteome can be matched between cases and controls when examining dis-

ease. Even greater proteomic variability can be controlled for by collection of longitudinal

samples from the same individual after exposure to a stimulus or development of disease.

Statistical models can be built to reflect this style of experiment, such as mixed effect models,

treating individual proteomic variation as a random systematic effect145,146. A variety of
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statistical corrections for multiple hypotheses exist and should be utilized for the separation

of true biological effects from proteomic noise147–149, especially as the number of proteins

quantified in a single experiment continues to grow. False conclusions can also be reduced

by contextualizing proteomic findings within existing data using public repositories.

Overall mass spectrometry and the associated technologies provide a powerful tool

for the investigation of the alterations of proteins in human disease. These technologies

allow direct measurements of the protein abundances rather than relying on the inference

that occurs in analysis of nucleic acid through genomics and transcriptomics. Although

proteomic analysis of human tissues presents many challenges, these can be overcome

through specialized sample preparation, acquisition strategies, study design and statistical

inquiry. This dissertation includes analysis of two health conditions: (1) Alzheimer’s

disease; and (2) physical and psychological stress of a simulated combat exercise. I discuss

findings in those studies as well as introduce advances in analysis strategies for human

tissues, and more specifically biofluids using the FAIMS technology in tandem with LC-

MS/MS.
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Abstract

The brain represents one of the most divergent and critical organs in the human body. Yet,

it can be afflicted by a variety of neurodegenerative diseases specifically linked to aging,

about which we lack a full biomolecular understanding of onset and progression, such

as Alzheimer’s Disease (AD). Here we provide a proteomic resource comprising nine

anatomically distinct sections from three aged individuals, across a spectrum of disease

progression, categorized by quantity of neurofibrillary tangles. Using state-of-the-art

mass spectrometry, we identify a core brain proteome that exhibits only small variance in

expression, accompanied by a group of proteins that are highly differentially expressed

in individual sections and broader regions. AD affected tissue exhibited slightly elevated

levels of tau protein with similar relative expression to factors associated with the AD

pathology. Substantial differences were identified between previous proteomic studies

of mature adult brains and our aged cohort. Our findings suggest considerable value in

examining specifically the brain proteome of aged human populations from a multiregional

perspective. This resource can serve as a guide, as well as a point of reference for how

specific regions of the brain are affected by aging and neurodegeneration.

Introduction

As evinced by its highly variable protein expression profile, the brain embodies one of

the most divergent and specialized organs in the body1,2. A recent study comparing 13
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human tissues found that after the testes, the brain had the second highest occurrence of

tissue-enriched genes3. And due to diverse cell types and functions, expression levels vary

between different areas of the mammalian brain, creating a heterogeneous environment

of protein expression in a single organ4,5. Given its unique role, it is not surprising that

the brain is specifically susceptible to a host of diseases associated with aging, including

Alzheimer’s disease (AD) and other neurodegenerative disorders. AD makes up more than

half of dementias with more than 40 million people suffering from AD globally in 20156.

In 2017, an American developed AD every 66 seconds – a rate that is projected to accelerate

considerably in the next decades due to increasing life spans and an aging population7.

Although the pathology originates in the transentorhinal region and spreads through the

hippocampal formation and hippocampus proper on to the neocortex, there is little known

about the sequential effects on cellular function in different regions of the brain8,9.

The pathological decline associated with AD is driven by protein, specifically the ag-

gregation of amyloid and tau protein into neuritic plaques and neurofibrillary tangles,

respectively. Current hypotheses suggest that the abnormal processing of amyloid pre-

cursor leads to the development of plaques, while abnormal phosphorylation of tau can

promote aggregation10,11. Other proteins play roles in the associated increase in neu-

ronal damage; both as drivers of aggregation12 and aggravating damage caused by the

aggregates13. Cellular protein production and function is deeply intertwined with the

pathological effect of AD decline within the cell and in the extracellular space. We con-

clude that to improve our understanding of neurodegeneration and AD progression, a
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comprehensive view of brain protein expression is required.

Several large-scale projects have examined protein expression in the mammalian brain.

Mouse models can be leveraged to study neurodegenerative diseases such as Parkinson’s14

and Alzheimer’s14–16. However, animal models are often incomplete and fail to encompass

the full variety of protein changes that occur in the human brain with pathological decline

and aging, considering substantial differences in lifespan17,18. As RNA-based technologies

have improved, several projects such as PsychEncode19, BrainSpan20 and the Allen Brain

Atlas21 have emerged that quantified transcripts as a measure of protein expression directly

from post-mortem human tissue. Transcriptomic studies have also been performed that

specifically target Alzheimer’s disease22. Despite the impressive scope of these studies, sev-

eral analyses have implicated that protein expression can be regulated at the translational

level with different half-lives between mRNA transcripts and proteins23,24. This causes

a discrepancy in predicting certain protein abundances from transcripts, a phenomenon

that has been observed in the brain previously17 18,25. Recently, a multi-regional analysis

of protein expression at a variety of developmental time points was performed, includ-

ing individuals with ages spanning from less than one to forty years old17. These time

points precede the onset of neurodegeneration in the human brain, and though proteomic

experiments have been performed that specifically target neurodegeneration with age,

they have quantified levels of hundreds of proteins rather than the thousands that are

present26,27 or have examined only a small number of brain regions18,25. Many of these

studies have focused on the parietal and frontal cortex18,25 and the hippocampal area28–30
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despite identification of differentially expressed proteins in AD in a variety of regions of

the brain, even those that are often tangle-free27. We posit that a more comprehensive

atlas of protein expression in the aged human brain would accelerate our understanding of

neurodegeneration and dementia.

Here we present a resource cataloging the expression of thousands of proteins in

nine distinct sections of the aged human brain. This protein compendium is based on

nine sections from three individual brains (Figure 2.1) The sections include: Amygdala

(AMY), Caudate Nucleus (CNC), Cerebellum (CBM), Entorhinal Cortex (ECX), Inferior

Parietal Lobule (IPL), Middle Frontal Gyrus (MFG), Superior Temporal Gyrus (STG),

Thalamus (THA), and Visual Cortex (VCX). The three individuals were chosen to cover

a spectrum of AD decline, as determined by Braak staging31. Braak staging categorizes

AD progression based on the spread of neurofibrillary tangles from tau on a scale of 1-6.

The “no tangle” brain (0) contained no observable tangles upon dissection and is not

afflicted with Alzheimer’s disease. The “intermediate tangle” brain (+) was categorized as

stage III with tangles identified primarily in the entorhinal region31. The “severe tangle”

brain (++) falls into the stage VI category with tau aggregates widespread and likely

resulting in isocortical destruction31. Utilizing state-of-the-art peptide fractionation, liquid

chromatography, and tandem mass spectrometry we have collected a high-resolution

human brain protein compendium featuring nearly 10,000 unique proteins.
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Figure 2.1: Experimental Design. Gender, age and tangle severity is shown for each brain 0, +, ++ representing
no tangles, intermediate tangle development, and severe tangles, respectively. The nine sections used in this
experiment are displayed in the anatomical illustration below. The analysis workflow is pictured at the bottom
including protein extraction, fractionation, mass spectrometry and data base searching.
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Experimental Methods

Tissue Extraction. Individual brains were extracted and rapidly flash frozen with a maxi-

mum post-mortem interval of five hours for the atlas and fifteen hours for the secondary

cohort (Table 2.1). Brains were stored in -80° C freezers, taken out and given to the clinical

neuropathologist to collect precise brain samples, which averaged about 1g. After collection

they were immediately put on dry ice and sent to the proteomics lab.

Tisue Staining. Slices were taken from the anterior hippocampal region and sectioned

using a microtome. Sections were warmed to incubation temperature before being stained

with α-phosphorylated tau protein antibody for 15 mins. Tissue sections were then stained

with hematoxylin before being imaged.

Extraction and Digestion. Each tissue sample was suspended in 1.2 ml of lysis buffer (6M

Guanadine HCl, 100mM Tris pH 8) before being probe sonicated (Misonix XL-2000) to

lyse the cells. After sonication, a protein BCA assay (Thermo Scientific) was performed

to determine protein concentrations of the lysate. Sample lysates ranged in concentration

from approximately 6-13 mg/ml. 500ug of protein was aliquoted from each sample lysate.

Each aliquot was brought up to 90% methanol before being centrifuged at 14,000 g for 5

min. Supernate was disposed and the precipitate was resuspended in 240ul of reducing

and alkylating buffer (8M urea, 10mM TCEP, 40mM CAA, 100mM Tris pH 8). The sample

solution was then diluted to 25% concentration with 100mM Tris, pH 8. Trypsin was added
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Table 2.1: Sample Cohort Metadata. Metadata for each set of tissue samples by individual including age,
gender and neuropathological information. Highlighted individuals indicate individuals where all nine
sections were used. CAA= cerebral amyloid angiopathy HS=hippocampal sclerosis
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to the protein lysate sample at a ratio of 50:1 w/v and digested overnight. Digested samples

were desalted using Strata-X Polymeric Reverse Phase column (Phenomenex). Samples

were then dried in SpeedVac Concentrator.

Fractionation Dried samples were resuspended in 0.2% formic acid before fractionation

using an HPLC (Agilent, Infinity 2000) with a C18 reverse-phase column (Waters, XBridge

Peptide BEH, particle size 3.5um). Mobile phase buffer A was a fresh-made mixture of

10mM ammonium acetate, pH 10, while mobile phase buffer B was composed of 10mM

ammonium acetate, 80% methanol, pH 10. Each sample was separated into 32 fractions.

Fractions were collected directly in round-bottom 96-well plates, allowing three samples to

be contained in each plate. Fractions were concatenated by combining fractions 1-8 with

18-25 and combining fractions 9 -17 with 26-32, to yield 16 fractions. In the interest of time,

the fraction number was again reduced to 12 by pooling 15 & 16, 13 & 14, 1 & 2, and 3 & 4.

Plates were dried down in the SpeedVac Concentrator. Samples were resuspended in 0.2%

formic acid for instrument injection.

LC-MS/MS Online reverse-phase columns were prepared in house. A laser puller was

used to generate tips on 35cm long silica columns with an inner diameter of 75um and

an outer diameter of 360um. Columns were filled with 1.7um, 130 Å pore size, Bridged

Ethylene Hybrid C18 particles. Column was heated and maintained at a temperature of 50°

C and connected to the instrument by an embedded emitter. A Waters UHPLC was used
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for online chromatography with mobile phase buffer A consisting of 0.2% formic acid and

mobile phase buffer B consisting of 0.2% formic acid with 70% acetonitrile. Fractionated

Samples were loaded onto the column for 12 min at a flow rate of 0.35 ul/minute. Mobile

phase B increased to 4% in the first min then increased on a gradient to 55% B at 75 minutes.

The method increased percent B to 100% by 76 minutes. Method ended with 3 min wash at

100% B and 10 min wash at 0% B.

Single shot samples were analyzed using a 120 min LC method where Samples were

loaded onto the column for 7 min at a flow rate of 0.33 ul/minute. Mobile phase B increased

to 7% in the first 6 min then increased on a gradient to 50% B at 104 minutes. The method

increased percent B to 100% by 105 minutes. Method ended with 5 min wash at 100% B

and 10 min wash at 0% B.

Data Searching & Analysis All raw files from the fractionated samples were searched

together in the software MaxQuant(version 1.5.2.8)32 with each sample input as an experi-

ment made up of 12 fractions. Spectra were searched using fast LFQ against a full human

proteome with isoforms downloaded from Uniprot (June 14, 2017). Carbamidomethyl

was set as a fixed modification. Matching between runs was used with a retention time

window of 0.7 mins. Searches were performed using a protein FDR of 1%, a minimum

peptide length of 7, and 0.5 Da MS2 match tolerance. Protein data was then extracted

from the “ProteinGroups.txt” file of the Maxquant output after decoy, contaminants, and

reverse sequences were removed. All single shot samples were searched together using
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the same parameters, with the only difference being the use of a more recent human pro-

teome from Uniprot (November 29, 2018). The mass spectrometry proteomics data have

been deposited to the ProteomeXchange Consortium via the PRIDE33 partner repository(

http://www.ebi.ac.uk/pride/archive/) with the dataset identifier PXD010603.

Data imputation and hierarchical clustering were performed using an in-house data

development tool(coonlabdatadev.com). Imputation was performed for proteins observed

in at least 50% of the samples from each section, by replacing missing values with values

selected from the lowest 3% of the distribution of log transformed intensities. Boxplots were

generated using R and Boxplotr34. Pearson correlations were performed in R. To ensure

we were not altering trends with imputation the Pearson analyses were also performed

using only proteins observed in all samples and the results were indistinguishable from

the confidently imputed dataset. Gene ontology enrichment was performed using the

National Cancer Institute Database for Annotation, Visualization and Integrated Discovery

(DAVID).

Results

Overall Protein Statistics Tissue sections were lysed by probe sonication and proteins

were extracted, denatured, and digested with trypsin35. Digested peptides were then

fractionated using high-pH reverse-phase liquid chromatography, before being pooled

and injected onto our liquid chromatography setup online with the Fusion Lumos Mass

Spectrometer36,37. This procedure was performed on all nine sections: Amygdala (AMY),

http://www.ebi.ac.uk/pride/archive/
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Caudate Nucleus (CNC), Cerebellum (CBM), Entorhinal Cortex (ECX), Inferior Parietal

Lobule (IPL), Middle Frontal Gyrus (MFG), Superior Temporal Gyrus (STG), Thalamus

(THA), and Visual Cortex (VCX). Overall, we identified 9,735 proteins in at least one sample

with 5,098 proteins identified in all 26 samples (Supplemental Table 2). On average, 7,387

proteins were quantified in each sample, with the fewest observed in the caudate nucleus

and the most observed in the middle frontal gyrus. This equates to greater than 50% of

the gene products found to be expressed in the brain by the Human Protein Atlas (14518

transcripts)38,39 and 60% of proteins identified in the deepest proteomic study of the brain

to date (11,840 proteins)25,40 (Table 2.2). 6,256 proteins were quantified in at least 50% of

samples from each anatomical region, meaning at least one CBM sample and two or more

samples from all other regions (Supplemental Table 3). 7,706 proteins were identified in all

samples from at least one section of the brain, reflecting a consistency between individuals’

expression within regions. Figure 2.2a shows the distribution of proteins between the

sections. More than 70% of proteins were identified in all nine sections, with 12% identified

in only one section and 18% identified in 2-8 sections. The 9,735 proteins identified overall

correspond to 129,050 identified unique peptides. On average, proteins were identified by

greater than 11 peptides comprising greater than 23% sequence coverage. Only 211 proteins

were identified by a single peptide, while the largest number of peptides attributed to a

single protein was neuroblast differentiation-associated protein AHNAK with 358 peptides.
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Table 2.2: Proteins Quantified. Proteins identified in each sample organized by both section and individual
brain
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Figure 2.2: Similarity Among Sections and Individual Brains. (A) total of 9735 proteins were identified
overall with 70% identified in all nine sections. (B) Heat map showing mean-normalized protein fold changes
for all 6256 proteins with confident imputation (>50% of sections). (C) Pairwise Pearson correlation between
all samples of relative protein levels for confidently imputed proteins. Samples are labelled based on the
sections three letter code followed by the tangle severity (0/+/++).
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Sectional Similarity With the global map of protein expression in hand we first performed

a hierarchical clustering of the 6,250 proteins that were identified in at least half of the

samples from each section. Proteins were clustered by Pearson correlation while tissue

samples were clustered using Spearman correlation. We observed that the two CBM

(cerebellum) samples exhibit a strong divergence from the all other sections (Figure 2.2b).

A similar result was reflected in our principal component analysis (Supplemental Figure

2.1) with both CBM samples greatly separated from all others by component 1 which

encompasses 23.4% of variance. The heat map in Figure 2.2b shows that this difference is

driven heavily by two protein clusters: cluster 43 and cluster 28 (Figure 2.2b).

When Gene Ontology (GO) enrichment was performed on cluster 43 the most significant

associated biological processes were related to “transcription” and “mRNA processing”.

Cluster 43 also included an abundance of proteins related to chromatin maintenance

and nucleosome assembly, all of which are processes associated with the cell body and

the nucleus, an observation corroborated by previous analysis of the brain proteome17.

This data suggests that the cerebellum (CBM) samples may be converging due to an

increased nuclei density relative to other sections of the brain. Enrichment analysis on

cluster 28 shows decreased expression of proteins associated with the membrane and

the process of “synaptic transmission”. These expression differences support previous

findings41 suggesting the cerebellum is defined by increased cell density as well as decreased

participation in specialized signaling relative to the rest of the brain.

Protein levels also exhibited similarity between regions found in the same area more
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Supplementary Figure 2.1: Principal Component Analysis. Principal Component Analysis performed on
protein expression data set of proteins identified in all 26 samples. Points are colored by section, with the
cerebellum sections widely separated from the other sections of the brain.
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broadly, with the highest order groupings in our clustering separating the sections in the

limbic system and those contained in the cerebral cortex (Figure 2.2b). One group contains

all limbic sections including the THA, CNC, AMY as well as one ECX sample, while the

other group includes all the cerebral cortex sections, which includes the MFG, IPL, STG,

VCX, as well as the CBM samples. These groupings fall generally into the interior and

exterior of the brain (Figure 2.2b & Figure 2.1).

To examine similarities in protein expression we performed a pairwise Pearson Correla-

tion between all samples. We observed the strongest positive correlations between the same

sections in different individuals, even more so in relatively isolated regions such as the

thalamus (Figure 2.2c). A weaker positive correlation was shown among sections located

in the same basic region with THA, CNC, and AMY showing some positive correlation.

This same weak positive correlation is seen among the sections of the cerebral cortex in

the relationships of MFG, IPL and STG in the upper right of Figure 2.2c. A corresponding

broadly negative correlation is seen in the center of Figure 2.2c when comparing the protein

profiles of more distant sections of the brain across these different broad regions.

Differentially expressed proteins We examined more closely three sections that had

particularly strong correlations: MFG, CNC, and IPL. The samples from each of these

sections were averaged for each protein and then expression differences were compared

(Supplemental Table 4). The protein profile of the frontal gyrus and the caudate nucleus

show an anti-correlation overall (Pearson’s r = -0.42) that becomes quite strong (Pearson’s
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Figure 2.3: Differential Expression. (A) Plot comparing protein fold change in Middle Frontal Gyrus (MFG)
region as compared to the Inferior Parietal Lobule (IPL) and Caudate Nucleus (CNC). Both correlations are
strongly driven by small group of proteins with greater variation (>30%) and significance (p <0.05) pictured in
blue (B, C) Two clusters of differentially expressed proteins averaged by region and showing log2 fold changes.
Numbers in parenthesis indicate proteins contained in that cluster. Larger clusters reflect the divergence of the
cerebellum (CBM) while smaller clusters show expression contrast between inner and outer brain.
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r = -0.81) if we focus on proteins with greater variation (>20% change) and slightly greater

significance (p-value < 0.05) (Figure 2.3a). The opposite is true of the relationship between

MFG and IPL, adjacent lobes of the cerebral cortex, which starts with a positive correlation

(Pearson’s r = 0.52) that becomes stronger when selecting for more variable and significant

proteins (Pearson’s r = 0.94). If this grouping is reversed and only proteins with minimal

variations (<20% expression change) and significance (p > 0.05) are used the correlation

between MFG and CNC is largely eliminated (Pearson’s r = -0.13). The gene products

within this low correlation group show gene ontology enrichment for “cell-cell adhesion”

and “vesicle transport”, biological processes ubiquitous to the brain. This leads to the

hypothesis that there may be a core brain proteome that exhibits little variation throughout

the different anatomical features, as well as a group of variably expressed proteins that

account for regional deviation in the proteome.

1411 proteins showing significant differential expression (Bonferroni adj. P < 0.05) in

at least one section and were grouped into 15 clusters using Ward’s method (Figure 2.3b &

c, Supplemental Figure 2.2 & Supplemental Table 4). As was observed in other analyses

the sectional differences were dominated by the cerebellum, leading to mRNA processing

proteins and those related to nuclear function driving many of the larger clusters such

as Cluster 13 shown in Figure 2.3b. Cluster 2 includes proteins with low expression in

the cerebral cortex regions (MFG, IPL and STG) and elevated expression in the caudate

nucleus and amygdala with the highest expression in the thalamus (Figure 3.3). This

group shows GO enrichment for proteins associated with the oxidation-reduction process
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with 14 proteins included in that grouping and many others involved in other aspects

of metabolism. It has been shown previously that the functionality of antioxidants and

therefore mediation of oxidative stress can be associated with AD42–44 and that these effects

can vary significantly by region with age and potentially neurodegeneration45.

A collection of differentially expressed gene products between healthy, aged brains

and those with Alzheimer’s disease was assembled using a wide range of previous litera-

ture18,25–29,46,47. Of the more than 1400 proteins with altered expression associated with

pathological decline, 326 of them were identified in our region-specific expression group,

with all regions but the IPL containing at least one of these gene products (Figure 2.4a).

This suggests that many of the same proteins that are defining the expression profiles of a

region, whether due to function or cell population, are also significantly connected to the

pathology of AD.

We performed a series of single shot experiments focusing on two contrasting regions of

the brain: the entorhinal cortex and the neocortex. We prepared and analyzed tissue from

7 additional individuals, 3 healthy age-matched controls, and 4 AD afflicted individuals, in

parallel with our corresponding original samples, MFG, IPL, STG (neocortex) and ECX

(entorhinal cortex). The 5 AD individuals included fresh neocortex and entorhinal cortex

tissue from case 383, the severe tangle brain used in the atlas. We identified 5520 proteins

overall but focused our analysis on the 3244 proteins identified in all experiments. We

grouped these data into either neocortex or entorhinal cortex and diseased or healthy tissue

and performed a two-way ANOVA with the two variables, “region” and “disease”. We
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Supplementary Figure 2.2: Region-specific Protein Clusters. Boxplots of all other clusters of regional differ-
entially expressed proteins. Protein levels reflect log2 fold changes normalized to the mean LFQ intensity, and
color coded accordingly: orange-amygdala, pink- caudate nucleus, turquoise – cerebellum, purple – entorhinal
cortex, royal blue – middle frontal gyrus, yellow – inferior parietal lobule, red – superior temporal gyrus, teal –
thalamus, and forest green – visual cortex. Proteins within each cluster can be seen in Supplemental Table 2.
Clusters are labelled with number of proteins included in parentheses.
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found 594 proteins that were significantly regulated after multiple hypothesis correction

(Benjamini-Hochberg, 5% FDR) for one or both variables (Figure 2.4b & c). 227 out of the

588 proteins found to be regionally expressed in this expanded study were also identified

in the previous region-specific group of the atlas. 9 proteins out of 17 disease-associated

proteins from our expanded study were also identified from the Alzheimer’s literature.

13 significantly regulated proteins from our expanded study show a 2-fold larger shift

in abundance in one region than the other with the addition of AD (Figure 4b). These

proteins are associated with the formation of the extracellular matrix (EPB41L1, HAPLN4,

TENA), vesicle signaling (CAYP1, SYT2,) and the immune system (S100B, ICAM1, CD44„

ANXA1) all of which are cell functions affected in the development of Alzheimer’s dis-

ease48–51 and help define the differences between brain regions due to architecture, cell

populations and function52–55. All of these proteins were flagged by region rather than

disease suggesting they would not have been identified if all regions had been treated as a

single Alzheimer’s disease group. When comparing AD and healthy controls of the two

regions independently we found no overlap in the 30 proteins most significantly associated

with disease (Supplemental Figure 2.3) further supporting different pathological effects

on these two regions of the brain.

Expression of Microtubule-Associated Protein Tau The individual subjects in our study

were categorized using Braak staging, which grades pathological progression based on

spread and density of neurofibrillary tangles. Upon dissection, brain tissue was stained
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Figure 2.4: Region and Disease Specific Proteins. (A) Overlap of AD associated proteins from previous
large-scale proteomic analyses and region-specific proteins from this study. (B) Overlap of significant proteins
in expanded analysis. (C) Plot of significantly different protein abundances’ fold change between disease and
healthy tissue. Entorhinal cortex is on the x-axis and neocortex on the y-axis. Proteins are colored by variable
they were found to be significant in. Points with black borders have 2-fold greater change with disease in one
section over the other.
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Supplementary Figure 2.3: Disease Fold Changes for Two Regions. Plot of p-values and fold change when
comparing Alzheimer (AD) and healthy tissue samples from the (A) entorhinal cortex and (B) neocortex.
Both plots show data for 30 proteins with most significant change in abundance from each section, indicated
in blue and green for the neocortex and entorhinal cortex, respectively. No overlap exists between the most
significantly regulated proteins from these two regions.
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for aggregates of microtubule associated protein tau (MAPT) using an α-phosphorylated

tau antibody (Figure 2.5a). Tau expression was compared between the “no tangle” brain

and both the intermediate and severe tangle brains (Figure 2.5b). The severe tangle brain

exhibited greater levels of tau protein in all but one section, VCX. The intermediate tangle

brain showed elevated tau protein in more than half of the sections with AMY exhibiting

more than double the levels found in the control brain. The tau protein ratios of the severe

and intermediate AMY represent p-values of 0.063 and 0.080, respectively, based on the

abundance ratios of all proteins present in the three samples from that region. The samples

in our expanded study showed on average slightly elevated tau protein levels between the

AD positive samples and the controls.

A subgroup of proteins was identified that had highly similar expression profiles to

those of microtubule associated protein tau across these samples (Figure 2.5c). Generally,

these proteins are related to cell growth, development and the metabolism required for

division. All these proteins continued to show an association with MAPT in our expanded

study except for RAPGEF6 and ACAT2, although there was a positive correlation between

MAPT in and ACAT1 (Supplemental Figure 2.4). Several of the associated gene products,

such as MAP1A and MAPRE2, are involved directly in microtubule formation and stability,

linking to the healthy function of MAPT. MAP1A works in a compensatory fashion in

microtubule assembly in MAPT knockout animals56 and so may be similarly expressed to

replace aggregated tau. Many of the non-structural proteins have been linked to AD directly

or are known to be expressed in the brain. Mitochondrial carrier homolog (MTCH1), has a
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Figure 2.5: Similarity Among Sections and Individual Brains. (A) The development of tau protein aggregates
can be seen in tissue staining of both brains that contained tangles, with significantly denser, and more extensive
aggregate formation in the severe individual. (B) Elevated tau protein levels were observed relative to the
tangle-free brain in many of the sections for both intermediate and severe tangle brains. NEO and ECX samples
show average tau protein abundance in AD relative to healthy tissue from that same region. (C) Several
proteins that clustered with tau proteins exhibited positively correlated expression profiles across the different
samples (Pearson’s r > 0.50). Many of these proteins are associated with healthy structural modification or
have been implicated in the aggravation of the AD pathology.
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quantitative trait locus correlation with cases of AD57. Tenascin-R (TNR) contributes to

the alteration of the extracellular matrix during the development of the plaque and tangle

pathology49. Both Acetyl-CoA acetyltransferase (ACAT2) and Mitogen activated protein

kinase 1(MAPK1) are candidate therapeutic targets for AD58,59. ACAT-inhibitors have

slowed the development of amyloid plaques while MAPK1-inhibition is hypothesized to

reduce hyperphosphorylation of the tau proteins which can lead to aggregation59. While

fibroblast growth factor 12 (FGF12) and metallo-beta-lactamase domain-containing protein

(MBLAC) are expressed in the human brain, they have not been linked to either the struc-

tural or pathological function of tau protein60–62. Spectrin beta chain (SPBT2) interacts with

alpha-synuclein, one of the hallmarks of another neurodegenerative disease, Parkinson’s63.

Comparison to other Human Brain Proteome Datasets Recently a study examined pro-

tein expression in seven sections of the brain at developmental time points ranging from less

than one year to 40 years old17. This experiment relied on a peptide library for each section

pooled from the five “adult” samples (23-40 years old). When this protein library was

compared to our 26 samples, 3682 proteins were quantified in both studies. Comparing the

mean-normalized expression, similar profiles were observed between many of the shared

and proximal sections in the two experiments (Figure 2.6a) with a positive correlation

between all of our samples in the cerebellum, visual cortex, amygdala and thalamus and

the two healthier samples in the frontal lobe and caudate nucleus, two regions known to be

affected in AD.
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Supplementary Figure 2.4: Key Protein Fold Change Across All Samples. Mean-normalized log2 fold
changes of proteins pictured in Figure 5c across expanded set of entorhinal cortex(E) and neocortex(N)
samples. Numbers indicate case number with samples grouped into diseased (+) and healthy(0). All proteins
except RAPGEF6, and ACAT2 showed positive correlations with MAPT across the expanded sample set.
RAPGEF6 was not identified in all samples so the associated profile was not included.
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Raw data files for shared sections that were believed to be strongly affected by aging

were searched together using the software MaxQuant. These included VCX, AMY, MFG,

and CNC samples. The “proteome ruler” calculation in Perseus was then used to estimate

copy number per cell64. All samples fell within the range of 0.9-3% for the proportion of total

signal attributed to histones. Although this is slightly lower than the typical proportion of

2-4%64 it could possibly be attributed to lower cell body density of neuronal tissue. Protein

counts were then compared between the older individuals in our study and the “adult”

age group from the previous study, which included five individuals aged 23-40 years.

The protein counts were analyzed using a paired tail t-test with correction for multiple

hypotheses using the Benjamini-Hochberg method with a false discovery rate (FDR) of 5%.

Overall, 621 proteins increased in the older individuals while only 37 were found to decrease

with age. The frontal lobe contained the most of these differentially expressed proteins

with 478 proteins increasing with age (Figure 2.66b & c). The proteins identified here do

not seem to have a unifying process or function but many of them are localized to similar

cellular compartments, namely the “membrane” and the “extracellular exosome”. The

disparity between proteins increasing with age as compared to those decreasing should not

be particularly surprising given the slow turnover of proteins in the brain65. The proteins

that show correlation with age exhibit very little overlap between regions, with only THA

and MFG sharing a substantial number of proteins. This furthers our hypothesis that

regional proteomic differences play a role in the effects of aging and neurodegeneration.

Focusing on the large group of proteins identified in the frontal lobe, we performed
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Figure 2.6: Comparison to Younger Brain Proteome . (A) Comparison between older samples analyzed here
and “pooled adult” sample shows similar expression patterns between common sections sampled in the two
experiments. Samples from previous analyses labelled as V1C: Visual Cortex, STR: Caudate Nucleus, MD:
Thalamus, HIP: Hippocampus, DFC: Frontal Lobe, CBC: Cerebellum, AMY: Amygdala. (B) Proteins showing
significantly different counts per cell. Proteins primarily increase with age, and the two most divergent sections
are the Frontal Lobe and the Thalamus. (C) Diagram of proteins increasing with age shows very little overlap
outside of group shared by both thalamus and frontal lobe.
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this same analysis with the inclusion of our expanded panel of neocortex samples from

our single-shot analysis. Protein counts were compared between young, healthy-aged,

and diseased-aged neocortex samples using a one-way ANOVA. Of the 478 proteins with

abundance changes in our original analysis of the frontal lobe, 399 of them were found to

be significant with an expanded sample size. Unsurprisingly, a majority of proteins (301)

were found to be significant when comparing young to both healthy aged and diseased

samples, while 57 proteins were significant in the young to healthy-aged comparison only

and 41 in the young to diseased comparison only.

Discussion

We anticipate that this resource will prove highly informative and useful to both the human

proteomics and neuroscience community. Overall, we quantified 9,748 proteins from

129,680 peptides, with an average of 11 peptides per protein. This is, to our knowledge,

the largest dataset of multiregional proteomics focused on aged subjects or Alzheimer’s

disease26. The number of sections and depth acquired in this proteomic analysis richly

illustrates the dynamic nature of the human brain proteome.

Examining the expression of the 6,258 proteins we observed sectional similarity of

expression across individuals and disease states. This proteomic similarity reflects a distinct

expression pattern that may be related to cell populations or functionality within these

anatomical features. More importantly for this resource, it begins to validate comparison

of sectional proteomes from different individuals. As we widen our analysis, larger-scale
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trends appear, separating the major regions of the brain by protein expression, with the

limbic system, the cerebral cortex and the cerebellum all showing distinct profiles. A large

proportion of proteins, even those involved in neuronal function are expressed with minimal

variation across samples. Differentially expressed proteins can be used to glean insight into

cell populations and cellular function as we saw in the cerebellum sections in this study and

has been seen in mouse models4,14. There is no reason to believe that this regional difference

in expression is not reflected in the effects of AD and in fact, many of the proteins identified

here as regionally expressed have also been identified in association with Alzheimer’s

disease in previous large-scale proteomics studies. This supports the hypothesis that

different regions of the brain experience varying effects with pathological decline in terms

of the affected proteins, magnitude and direction of changes in abundance. Upon analysis of

a larger set of samples with a limited number of regions, we identified a substantial number

of proteins that were significantly different due to both disease and region, reflecting this

theory experimentally. In addition, several of the regional differentially expressed proteins

showed much larger fold changes with disease in one region than the other indicating a

variation in impact of AD. Additional multiregional analysis is required to identify the

possible variety of effects Alzheimer’s on the different areas of the brain.

Possibly reflecting this diaspora of regional AD effects, our label-free quantitation

method detected elevated levels of tau protein in samples from the intermediate and

severe tangle individuals relative to the control for a majority of sections. Fluctuating

in parallel with tau were several other gene products that play a role in formation of
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cytoarchitecture by way of microtubules and have been linked to the progression of the

AD pathology. In addition, we identified several correlating proteins that are expressed

in the brain but have no previous link to tauopathies or healthy function. These proteins

could represent leads indicative of the changes in cellular function that occur during

Alzheimer’s decline or more general dementia. Investigating covariation with tau is simply

the most obvious and accessible lead to pursue, but others have already developed large

libraries of genes and proteins associated with AD, any of which could be used as a focal

point to survey this data with an eye toward regional expression of disease-associated

proteins. We observe a strong positive correlation between the global protein expression

of regions examined here and the expression in similar regions from previous analyses.

In addition, we identified a small group of proteins that exhibit significant differences in

abundance between these two studies, suggesting a possible connection to the process

of aging or neurodegeneration. Some of these proteins were identified as being variable

by age in this previous study17. These proteins had largely positive correlations to age,

with older individual brains exhibiting higher normalized counts. These age-correlated

proteins also exhibited a regional association, with most showing differences only in a single

region. When we performed an expanded analysis on the proteins identified within the

frontal lobe, we found that most were associated with aging, with a small subset connected

specifically to disease. Whether these trends in other regions are related to brain maturity

or neurodegeneration would require an expanded study, but our analysis suggests that a

non-insignificant number of these expression changes are linked specifically to disease.
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This resource is not intended to be the final authority but rather the next step in building

a foundational atlas of protein expression in the aged brain. As proteomic technologies

improve, the depth, coverage and speed of collection for these proteomes will increase as

well. We believe that this dataset adds regional nuance and breadth to several excellent

resources already in existence, and that multiregional analysis can help fill gaps in our

understanding of the progression of aging and neurodegeneration. This analysis and

other multiregional studies support the concept of the variable effects of both age and

neurodegeneration on the different regions of the human brain. This atlas of the brain

likely reflects many of the shifts that this complex organ undergoes during these processes.

An expanded study is likely required to fully disentangle those factors from lifestyle and

gender. Yet even given those confounding factors here, protein groups surface with notable

functional connections and regions show distinct profiles of expression with age and disease.

For this reason, we expect this resource to empower the proteomics and neuroscience

community in investigating neurodegenerative disease and aging.

Supplement

Supplemental tables are accessible through the Journal of Proteome Research at the link

https://doi.org/10.1021/acs.jproteome.9b00004

Supplemental Table 1: Meta data including age, gender and post mortem interval and

neuropathological information for each individual brain Supplemental Table 2: Full LFQ

Intensities for all identified proteins in overall experiment

https://doi.org/10.1021/acs.jproteome.9b00004
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Supplementary Figure 2.5: Protein Identifications. Bar graph showing number of proteins identified in one,
two or three samples from each section, indicated by lightest, darker and darkest colors, respectively. Sections
are color coded similarly to Supplemental Figures 1 & 2.
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Supplemental Table 3: LFQ intensities, fold changes and z-scores for 6,256 proteins

used in bulk of analysis

Supplemental Table 4: Full list of differentially expressed proteins including sectional

fold changes and p-values.

Supplemental Table 5: LFQ intensities and log2 LFQ intensities for all proteins identi-

fied in additional experiments

Supplemental Table 6: Fold changes between regions and disease states along with

p-values for both region and disease variables
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Abstract

Proteomic analysis of cerebrospinal fluid (CSF) holds great promise in understanding

the progression of neurodegenerative diseases, including Alzheimer’s disease (AD). As

one of the primary reservoirs of neuronal biomolecules, CSF provides a window into

the biochemical and cellular aspects of the neurological environment. CSF can be drawn

from living participants allowing the potential alignment of clinical changes with these

biochemical markers. Using cutting-edge mass spectrometry technologies, we perform a

streamlined proteomic analysis of CSF. We quantify greater than 700 proteins across 10

pairs of age- and sex-matched participants in approximately one hour of analysis time

each. Using the paired participant study structure, we identify a small group of biologically

relevant proteins that show substantial changes in abundance between cognitive normal

and AD participants, which were then analyzed at the peptide level using parallel reaction

monitoring experiments. Our findings suggest the utility of fractionating a single sample

and using matching to increase proteomic depth in cerebrospinal fluid, as well as the

potential power of an expanded study.

Introduction

Alzheimer’s disease (AD) is the sixth leading cause of death in the United States1 and

affects tens of millions worldwide2. Much remains to be understood about the onset and

progression of AD, and no effective therapeutics to significantly alter its course currently



112

exist3. Proteomic analysis of brain tissue across age4, cell type5, and brain region6–8

has been extensive, but brain-focused studies require post-mortem tissue samples and

thus offer limited insight into the molecular timeline of disease progression. Proteomic

analysis of cerebrospinal fluid (CSF), in contrast, allows for detection of molecular changes

that occur during pathological decline. This approach holds great potential to discover

additional biomarkers for AD and to increase understanding of the biological factors that

lead to the diverse neurological effects observed across individuals. The unique benefits

of CSF may be tempered by two competing objectives: targeting specific AD proteins9–11

at the expense of discovery capacity vs. generating extensive catalogues of human CSF

proteins12–14 at the expense of preparation and analysis speed, which can impede the ability

to make large-scale comparisons. In humans, large scale comparisons are often required

to overcome population heterogeneity due to factors such as age and sex, both of which

have been shown to have substantial effects on the protein abundances in CSF15–19. In

this pilot study, we sought to determine the most effective solution for larger analyses of

global protein expression in CSF by comparing three different proteomics methodologies:

single-shot experiments, experiments with addition of a high field asymmetric waveform

ion mobility spectrometry (FAIMS) interface, and experiments analyzed in parallel with

commercial CSF fractions. The capacity of these three strategies to quantify proteins and

to capture variation in protein abundances was compared using a cohort of 20 individual

samples. This sample set was comprised of ten age- and sex-matched AD case-control

pairs, evenly split between males and females in an attempt to control for these sources
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of variability. We avoided individual sample fractionation and high-abundance protein

depletion (common steps in CSF proteomics) to increase precision and ease of preparation

while decreasing preparation time20. Despite the statistical limits of our sample size, this

analysis quantified over 700 proteins that were detected across all 20 participants, including

several found to be significantly associated with AD. These proteins included multiple

14-3-3 proteins, which have been previously colocalized to the neurofibrillary tangles and

hypothesized to function in sequestering misfolded proteins, representing a potentially

beneficial reaction to pathological protein aggregation. Our analysis also identifies more

than 30 AD-associated proteins at lower significance that have been previously observed

in large-scale studies15,16,21 and metareviews22,23. We believe this analysis can provide a

valuable framework for large-scale global proteomic analysis of CSF, both in AD and in

other neurodegenerative diseases.

Materials and Methods

Participant Selection. Subjects came from the Wisconsin Alzheimer’s Disease Research

Center (WADRC) clinical core, a longitudinal cohort study of middle-aged and older adults.

Ten AD case/control pairs of subjects, matched for sex and age at lumbar puncture, were

selected from the WADRC cohort for this study. The mean age of the AD case group was 72.1

with a maximum of 80.4 and a minimum of 62.1 while the control group ages ranged from

62.1 to 80.4 with a mean of 72.1 as well (Table 3.1). AD cases were defined as subjects who

met all three of the following criteria: 1) diagnosed with dementia due to AD by consensus
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conference using the National Institute on Aging—Alzheimer’s Association criteria24; 2)

amyloid positive status, defined here as having either a CSF Aβ42 measurement less than

471.54 pg/mL (Innotest method) or having a CSF Aβ42:Aβ40 ratio less than 0.09 (Triplex

method)25; and 3) tau positive status, defined as having either a total CSF tau level greater

than 461.26 pg/mL or a phosphorylated tau greater than 59.5 pg/mL25. Controls were

defined as subjects meeting the following criteria: 1) cognitively normal according to the

consensus conference; 2) amyloid negative status (defined as above); 3) tau negative status.

For each subject, the clinical diagnosis used was the diagnosis closest in time to the date of

the lumbar puncture that generated the CSF sample used in this study, and no diagnosis

was more than six months removed from that date.

CSF Sample Collection. CSF was collected via lumbar puncture in the morning after a

12-hour fast26. Briefly, after gentle extraction, mixing, and centrifugation, supernatants

were flash frozen and stored at -80 degrees until the time of preparation.

Extraction and Digestion Samples were brought to 90% methanol and centrifuged, with

the precipitate pellet then resuspended in 8M urea, 10mM TCEP, 40mM CAA, 100mM

Tris pH 8. The solution was then diluted to 25% concentration with 100mM Tris, pH 8,

and trypsin was added at a ratio of 50:1 w/w and digested overnight at ambient temper-

ature. Digested peptides were desalted using Strata-X Polymeric Reverse Phase column

(Phenomenex).
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Table 3.1: Sample Characteristics. Mean and standard deviation of age, AB42 concentration, amyloid ratio
and phosphorylated tau concentration for each sex-diagnosis group
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Chromatographic Columns. Online reverse-phase columns were prepared in-house using

a high-pressure packing apparatus27. In brief, 1.5 µm Bridged Ethylene Hybrid C18 particles

were packed at 30,000 psi into a New Objective PicoTipTM emitter (Stock# PF360-75-10-N-5)

with an inner diameter of 75 µm and an outer diameter of 360 µm.

Experimental Strategy 1: Single-Shot Experiments. Mobile phase A consisted of 0.2%

formic acid in water and mobile phase B consisted of 0.2% formic acid in 70% acetonitrile.

Samples were loaded onto the column for 8.6 minutes at 300 nL/min. Mobile phase B

was increased to 5% in the first 8.6 min then increased to 50% by 51 min. The method

finished with a wash stage of 100% B from 52-54 minutes and an equilibration step of 1%

B from 55-60 minutes. Eluting ions were analyzed on a Thermo Orbitrap Fusion Lumos

in a data-dependent manner with survey scans taken in the orbitrap at 240,000 resolution

and MS2 scans taken in the ion trap using the “rapid” setting. Samples were analyzed in

duplicate.

Experimental Strategy 2: FAIMS Experiments. Identical chromatographic methods were

used for the FAIMS experiments as detailed above for the single-shot experiments. Peptide

ions passing through the FAIMS interface are destabilized by an alternating electric field,

the effect of which is countered by a peptide-specific compensating voltage (CV). This

stabilization allows for the selection of a specific subpopulation of peptide ions when using

a specific compensation voltage setting. We performed three analyses on each participant
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sample, one for each of three CV settings: -60, -75, and -90. Survey scans of precursors were

taken in the orbitrap at 120,000 resolution while MS2 scans were taken in the ion trap using

the “rapid” setting.

Experimental Strategy 3: Experiments Run with Fractions. Non-designated BioIVT cere-

brospinal fluid was denatured, digested, and desalted as detailed above. Dried samples

were resuspended in 0.2% formic acid and fractionated using an HPLC (Agilent, Infinity

2000) with a 150 mm C18 reverse phase column (Waters, XBridge Peptide BEH, particle

size 3.5 µm). Mobile phase buffer A was a freshly prepared mixture of 10mM ammonium

bicarbonate, pH 9.5; mobile phase B was composed of 10mM ammonium bicarbonate,

80% methanol, pH 9.5. The gradient method was 20 minutes in length with 32 fractions

collected from 5 to 20 minutes and a flow rate of 800 nL/min throughout. Mobile phase

B was increased from 5% to 35% in the first 2 minutes before increasing to 100% B by 13

minutes. 32 fractions were concatenated into 16 fractions by combining every other column

in the sample collection plate. The chromatographic method was lengthened slightly for

fractions and participant samples run alongside fractions in order to accommodate the

lower peptide concentration of fractions. Samples were loaded onto the column for 12

minutes at 350 nL/min. Mobile phase B increased to 12% in the first 12 min then increased

to 65% by 55 min. The method finished with a wash stage of 100% B from 56-59 minutes

and an equilibration step of 0% B from 60-70 minutes. These experiments used the same

instrument acquisition method as the single-shot experiments.
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Protein Quantification. The resulting spectra were searched in MaxQuant (1.6.0.13) using

fast LFQ against a full human proteome with isoforms downloaded from Uniprot (October

29, 2018). Each set of experimental strategies was searched separately. Carbamidomethy-

lation of cysteine was set as fixed modification. Matching between runs was used with a

retention time window of 0.7 min. Searches were performed using a protein FDR of 1%, a

minimum peptide length of 7, and a 0.5 Da MS2 match tolerance. Protein data were then

extracted from the “ProteinGroups.txt” file of the MaxQuant output after decoy, contam-

inants, and reverse sequences were removed. The protein counts were based on protein

groups with an LFQ Intensity > 0.

Protein Variation, Pairwise Correlations, and Differential Abundance in AD. Single-

shot analysis of participant samples alongside a fractionated commercial CSF sample

searched using match-between-runs, was found to yield the greatest number of proteins

quantified across all participant samples. This experimental strategy was then used to

generate pairwise correlations between samples and to test the association with AD (paired

t-test, unequal variance). A paired t-test was used due to the matched nature of the study

design. Data analysis was performed in R (3.6.1) using the base package. Plots were

generated using lattice plotting and ggplot2 in R.

Parallel Reaction Monitoring Experiments. The MaxQuant (1.6.0.13) output tables for

the fractionated CSF were used to build a spectral library in Skyline (19.1.0.193). Proteins
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of interest were then selected from the library based on significance (t-test, p-value < 0.02)

in the data-dependent analysis. Scheduled PRM experiments monitored 27 peptide ions

from seven proteins using 4-min retention time windows. Peptides were isolated with a

1.6 m/z window before being scanned in the orbitrap at 60,000 resolution. Peak areas and

spectral traces for parallel reaction monitoring experiments were extracted from Skyline

and processed in R. The MS proteomics files have been deposited to the publicly available

Chorus Project repository (chorusproject.org) under the project title “Proteomic Analysis

of Cerebrospinal Fluid in Alzheimer’s Disease”.

Results

Protein Quantification and Variation. Proteins in the CSF samples were extracted, de-

natured, desalted, and then digested with trypsin27,28. Peptides resulting from trypsin

digestion of the commercially available CSF were fractionated using high-pH reverse phase

fractionation. All samples were injected separately onto an online liquid chromatography

system and analyzed with a quadrupole-orbitrap dual-cell linear ion trap hybrid mass

spectrometer (Figure 3.1) for all three strategies described above: single shot (40 total hours

of instrument time), single shot with FAIMS added (60 hours), and single-shot analysis of

participant samples run in parallel with a fractionated commercial CSF sample (65 hours).

The latter strategy led to the highest number of identified proteins with a total of 2,118.

Of these proteins, 939 were quantified in greater than 50% of each sex-disease group and

776 were quantified across all 20 participants (Supplemental Table 3). These numbers
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Figure 3.1: Experimental Design. 20 individuals were age- and sex-matched to form 10 AD case-control
pairs. CSF samples were collected by lumbar puncture, after which proteins were extracted, denatured, and
digested before being analyzed by tandem mass spectrometry. Three different analysis strategies were utilized:
single-shot (orange), addition of FAIMS (yellow), and single-shot analyses run in parallel with a fractionated
commercial CSF sample (green).
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are comparable to those in recent DIA analyses of CSF, which relied on substantially more

fractionation and longer chromatographic gradients15,29. Analyses that included fractions

showed a 35% increase in the number of proteins quantified in all participant samples

over the FAIMS analysis (Figure 3.2b) and a 56% increase over the single-shot analyses

alone. These additional proteins included several well-characterized AD-related proteins,

including neuroligin30. While FAIMS also increased the number of proteins quantified

compared to single-shot, non-FAIMS experiments, the increase was not proportional to the

additional analysis time, unlike the experiments with fractions ( 50% increase in instrument

time, 50% increase in proteins quantified).

The label-free abundances (LFQ intensity) from experiments run alongside the com-

mercial fractions were used for the remaining analyses in this study. To eliminate erroneous

characterization30,31, the following analyses were performed using only proteins for which

an LFQ intensity was produced across all 20 participant samples, with no missing val-

ues(776 proteins referenced above). Like many other body fluids, CSF is highly dynamic

in molecular content32,33, leading to higher relative standard deviations (RSDs) for protein

abundance than would be expected for other tissues34. Indeed, large variations in protein

levels have been one of bottlenecks of proteomic analysis in CSF, with relative standard

deviations > 1.00 previously reported35. We observed median RSDs in AD samples for

both sexes that were higher than those of the healthy controls (21% vs. 17% for females and

29% vs. 20% for males in our experiments with fractions). Due to the consistency of this

RSD pattern across all three methodologies (Figure 3.2c), we infer that these differences
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Figure 3.2: Distribution of proteins quantified across three methods. (A) Number of proteins quantified
in each sample for each analysis method. (B) Proteins quantified overall for each analysis method. Solid
bar shows proteins quantified in all 20 samples. Translucent bar shows number of proteins quantified in at
least 50% of each of the four sex-disease groups. Additional proteins quantified include several previously
implicated in AD. (C) Relative standard deviation (RSD) distribution for each sex-disease group. AD groups
exhibit higher median RSDs than healthy normal counterparts for all sexes and analysis strategies.
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stemmed from the innate characteristics of the samples rather than artifacts of the analysis

method.

Pairwise Correlation. When comparing protein abundance across all samples using a

pairwise Pearson correlation, we observe patterns that vary in direction and magnitude

even within sex and disease state groups, with several unexpected correlations (Figure

3.3a). The strongest positive correlation (R=0.64) compares the protein abundances of the

youngest samples from both the male and female AD+ group. The strongest anticorrelation

(R = -0.64) compares two male, AD+ samples, the youngest and the oldest. These two

correlations would initially seem counterintuitive given the misalignment of sex and the

alignment of disease state, respectively. Although our sample population is not explicitly

structured to examine age, we explored it as a possible explanation of these unexpected

correlations by building two regression models: one relied on only disease state and sex

as explanatory variables; the other also included age. Protein abundances were fit to each

model, and the strength of the two models were compared using an analysis of variance

(ANOVA). The p-value associated with that ANOVA was used to establish the significance

of age in the expression profile for our sample set (Supplemental Table 1). We plotted

normalized protein abundances for the two comparisons described above (Figure 3.3a)

with proteins colored by significance of age as an explanatory variable in the linear model

(Figure 3.3b and 3.3c). In the positive correlation(Figure 3.3b), we see a dense clustering

of age-associated proteins in quadrant I, strengthening the correlation by increasing the
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slope; while in the anticorrelated comparison (Figure 3.3c), we see these same proteins

in quadrant IV, decreasing the slope, and in turn magnifying the negative correlation.

Previous work has shown a substantial effect of age on protein abundance in CSF15, as well

as in plasma15,21 and the brain in Alzheimer’s16. Significant protein expression shifts have

also been identified in CSF in the normal aging process17,36. These patterns indicate the

importance of age in studying the human CSF proteome and neurodegeneration.

Differentially Expressed Disease Proteins We next examined protein expression differ-

ences in CSF between AD and healthy samples using a paired t-test, accounting for unequal

variance. Although several proteins in the female cohort exhibited high statistical signif-

icance (p-value < 0.001), they failed to meet our significance threshold after correction

for multiple comparisons (Benjamini-Hochberg, 5% FDR)37. When examining the male

sample group, one protein was significantly different after correction, N-acetylglucosamine-

6-sulfatase (GSN), which decreased in the presence of AD (Figure 3.4b). GSN plays an

important role in the regulation of the extracellular matrix in the brain by hydrolyzing hep-

aran sulfate38,39. Decreased activity of GSN can lead to mucopolysaccharidosis, a condition

associated with neurodegeneration40. Although previous work has shown alterations in

the CSF41 and plasma19 proteome between sexes in mammals, differences observed may

reflect limited statistical power due to small sample size, and a larger analysis would be

required to fully disentangle these factors. When examining all ten sample pairs together,

our analysis identified three proteins as significantly associated with disease: 14-3-3 protein
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Figure 3.3: Pairwise Pearson correlations. (A) Pairwise Pearson correlation across all samples. Samples are
separated by sex and disease state. Within disease/sex groups, samples are ordered by age with youngest
samples at left on the x-axis and at top on y-axis. Black boxes indicate comparisons expanded in B and C. (B)
Scatterplot of z-score normalized protein expression between youngest male AD+ sample and youngest female
AD+ sample. Points are colored by significance when including age as explanatory variable in linear model
(C) Scatterplot of z-score normalized expression between youngest male AD+ sample and oldest male AD+
sample. A high number of age-related proteins are present in the quadrants driving protein correlations in
both B and C.
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zeta (1433Z), 14-3-3 protein gamma (1433G), C-X-C motif chemokine 16 (CXCL16)(Figure

3.4c, Supplemental Table 2). These three proteins were also found to be significant when

using an unpaired t-test with the same correction. When comparing linear models with the

addition of disease as an explanatory variable, similar to the above age analysis, only 1433Z

and 1433G were found to be significant after correction. 14-3-3 proteins co-localize with

neurofibrillary tangles within the brain42. One hypothesis for the role of these proteins in

AD suggests that the proteins may operate in a similar capacity to their role as chaperones43

by sequestering aggregated tau protein to reduce cytotoxicity44,45. 14-3-3 proteins are also

associated with the development and maturation of synapses, where they function as

signal transducers and recognition molecules44–46. Synaptic degradation is a sign of the

neurodegeneration in AD47. We also observed differential expression to a lesser degree

of significance (p-value < 0.05) of hypoxanthine phosphoribosyltransferase 1(HPRT1)

and myristoylated alanine-rich protein C-kinase substrate (MARCKS), which play a role

in the development of neurons48 and synapses49,50, respectively. These proteins as well

as the 14-3-3 proteins, and CXCL16, have been identified as biomarkers of AD in several

large-scale studies15,16,21,23,51.

The upregulation of CXCL16 among the AD cases may reflect cellular signaling events

occurring due to general neuroinflammation. This general neuroinflammation can occur as

an effect of both normal aging and AD. CXCL16 functions as a chemokine signaler, helping to

promote macrophage chemotaxis and endocytosis52,53. CXCL16 has both a transmembrane

and soluble form, potentially increasing the chances of detecting elevated CXCL16 levels in
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Figure 3.4: Differentially expressed proteins in disease. (A) Volcano plot showing average fold change and
significance for protein expression differences between female AD+/normal pairs. No proteins were found to
be significant after correction for multiple comparisons. (B) Volcano plot showing fold change and significance
for protein expression differences between male AD+/normal pairs. Only N-acetylglucosamine-6-sulfatase
(GNS) was found to be significant after correction for multiple comparisons. (C) Volcano plot showing fold
change and significance for protein expression across all AD+/normal pairs. Three proteins were identified to
be significantly associated with disease 1433G, 1433Z and CXCL16.
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a CSF analysis54. Two recent proteomic studies of CSF identified CXCL16 as a candidate

biomarker for AD, observing increased abundance with disease51,55. Although only three

proteins met our stringent significance cutoff, more than 80 proteins exhibited p-values

< 0.05 (Supplemental Table 2), representing multiple biological processes previously

associated with AD in CSF, including several proteins recently identified as part of a

40-protein AD signature15. We observe substantial upregulation of proteins involved

in glycolysis and sugar metabolism including PML-RARA-regulated adapter molecule 1

(PRAM1), lactate dehydrogenase A (LDHA), aldolase fructose bisphosphate (ALDOA),

malate dehydrogenase (MDH1), and hypoxanthine phosphoribosyltransferase 1(HPRT1)

which have found to be elevated in the cerebrospinal fluid of Alzheimer’s patients15,16,56–58.

Altered abundances were also observed for proteins involved in development and regulation

of the extracellular matrix including serine protease HTRA1 (HTRA1), Pastin-2 (LCP1),

and collagen alpha-2(IV) chain (COL4A). Previous work had grouped these proteins

together into a co-expression module significantly correlated with AD16.

We also assessed the role of known AD-related proteins in our data set, including

amyloid precursor protein (APP), chitinase 3-like 1 protein (CHI3L1 or YKL-40), triggering

receptor expressed on myeloid cells 2 protein (TREM-2), amyloid-like protein 1 (APLP1),

and amyloid-like protein 2 (APLP2). Although these analyses did not find statistically

significant differences between cases and controls, the method was still able to quantify

these proteins across our samples. In future studies with larger sample sizes, the changes

in these proteins may be better identified. Although other biomarkers such as NfL were
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sequenced in our fractionated samples, the associated peptides were not quantified in the

participant samples, potentially reflecting the limitations of foregoing high-abundance

depletion.

Targeted Analysis using Parallel Reaction Monitoring The relatively low abundance of

cells in the CSF poses a challenge to proteomic analysis, as in vivo deficiency leads to

low protein content and diversity in our decellularized samples. Many of the peptides

measured come from extracellular proteins59 or those released by apoptosis60–62. Previous

work has shown the potential utility of quantifying endogenous peptides processed by CSF

native proteases63,64. These peptide subpopulations may experience abundance changes

independent from overall protein expression shifts. To allow relative quantitation of specific

peptides in a sensitive and accurate manner, we performed parallel reaction monitoring

(PRM)65, a targeted mass spectrometry technique that samples and quantifies a specific

list of peptides using the peptides’ fragmentation spectra. Our PRM experiment targeted

26 peptides that included 31 precursor ions derived from seven proteins. Proteins were

chosen due to their differential abundance in the untargeted study and functional similarity

to identified disease-associated proteins.

Summed fragment intensities were compared between case/control sample pairs. Of

the 31 peptide ions, 24 had good quality spectral transitions across all 20 samples. Of those

peptides, eight had p-values < 0.05 in at least one sex, four derived from the 14-3-3 proteins,

three derived from Lysozyme C(LYZ), and one derived from heat shock cognate protein
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(HSPA8). Three out of the four precursor ions monitored from lysozyme C had p-values <

0.05 in male participants (Figure 3.5). Although previous proteomic studies in CSF have

observed different magnitude fold changes of disease-associated proteins between males

and females15, here this difference may reflect statistical power limitations due to samples

size. Lysozyme C plays a bacteriolytic role in humans, stemming from macrophages,

which supports the continued theme of immune activation and inflammation signals

being elevated in participants with AD. Evidence for the coincidence of AD with bacterial

infection of the brain66,67 and other tissues exists68,69, which could promote upregulation

of bactericidal pathways. Lysozyme C also increases the activity of other inflammatory

signaling molecules70.

Discussion

Using a streamlined approach, we quantify more than 700 proteins across all 20 samples of

our participant cohort, laying the groundwork for future large-scale proteomic analyses

of CSF. This protein number encompasses > 20% of all proteins identified in the deepest

CSF proteome analysis to date using a fraction of the preparation and analysis time13. A

large collection of the proteins quantified have been previously associated with AD and

neurodegeneration. Increased depth was achieved both with the addition of FAIMS and a

parallel analysis of fractionated CSF. This proteomic depth was acquired without the use of

immune depletion of high-abundance proteins or fractionation of the participant samples,

allowing for efficient sample preparation and accurate reflection of protein abundances.
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Figure 3.5: Intensities and example transitions for Lysozyme C peptides targeted in parallel reaction moni-
toring experiments. (A, B) TPGAVNCHLSCSALLQDNIADAVACAK, 3+ charge state (C,D) TPGAVNCHLSC-
SALLQDNIADAVACAK, 4+ charge state (E,F) STDYGIFQINSR, 2+ charge state (G,H) YWCNDGK, 2+ charge
state. Dotted lines connect sample pairs. All four peptide ions exhibited increased intensity with addition of
AD across a majority of disease/normal pairs. P-values were determined by paired sample t-test. * = p-value
< 0.05, ** = p-value < 0.01. M = male, F = female, AD+ = Alzheimer’s disease, AD- = cognitively healthy
control.
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Methods ran nearly one hour in total, providing a technique with excellent scaling potential

to larger sample sizes. This rapid analysis proved both efficient and effective, identifying

multiple disease-associated proteins despite statistical limitations of sample size and large

variations in protein abundance that occur in CSF. When comparing proteomic profiles

of individual samples, several strong correlations arose not completely explained by sex

or disease state groups. Upon closer examination we observed a possible effect of age,

although an altered study would be required to confirm these findings. When comparing

across case-control pairs, proteins were identified as significantly disease-associated in

a single sex (GSN in males) and both sexes (1433G, 1433Z and CXCL16), showing the

interconnected effects of sex and disease state on CSF protein composition. PRM allowed

for comparison of the relative abundance of specific peptides with high significance or

AD-related functions. Several peptide ions from Lysozyme C exhibited significant shifts

in abundance in males, with an increase in AD+ samples. Identification of Lysozyme C

in follow-up analyses using PRM indicates the potential of this global profiling followed

by targeted analysis to identify additional disease-associated proteins when equipped

with greater statistical power. Although we controlled here for distribution of age and

sex using our paired study design, these are only two of the myriad sources of between-

individual variation in protein abundances in CSF. Alternative study structure would be

required to identify the interaction between age, sex, and disease in an expanded study.

This study highlights the advantages of CSF as an incredibly reactive and dynamic fluid

that undergoes significant changes with neurodegeneration. Here, we present a next step in
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utilizing proteomic analysis of this tissue to gain a better understanding of the biochemical

and cellular environment in AD. Given the promising findings detailed in this small pilot

study, we expect that a coming study with expanded statistical power utilizing the same

approach will identify more nuanced changes in this biological fluid.
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Chapter 4

integrated proteomic and metabolomic profiling of stress
events associated with military exercises

JM designed and conducted proteomics experiments, analyzed proteomics data and
drafted manuscript. JM also developed figures and performed data integration between
proteomics and metabolomics along with discriminatory models for both datasets.

This chapter is adapted from a manuscript in preparation

McKetney J, Jenkins CC, Mach PM, Glaros TG, Hussey EK, Coon JJ, Dhummakupt ES.
Proteomic and Metabolomic Profiling of Acute and Chronic Stress Events Associated with Military
Exercises. 2021.
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Abstract

A multiomic analysis of warfighter stress response helps to understand the performance

impacts that specifically affect the men and women of the Armed Forces in a mission

environment. Biological system wide fluctuations were captured by metabolomic and

proteomic techniques at discrete time points of high cognitive and physical load, and

analysis was performed to understand how the perturbations from basal state impact the

overall performance and health of the warfighter. It was observed in this study that the

warfighter experienced perturbations in the immune, metabolic, and protein manufac-

turing and processing systems during stressful events. This observed shift can lead to a

greater understanding of proper treatment and supplementation to enhance warfighter

performance.

Introduction

Human stress response serves an important evolutionary purpose in preparing and mobi-

lizing physiological systems to react to altered homeostasis or a perceived threat1,2. When

these stressor events occur, sympathetic stimulation of the autonomic nervous system

releases adrenaline and noradrenaline1,3. These signaling molecules trigger many high

stimulation functions associated with acute stress, like vasoconstriction, rapid glucose break-

down and elevated heart rate. A slower, secondary response stems from the stimulation

of the hypothalamic-pituitary-adrenal (HPA) axis. This stimulation releases glucocorti-



149

coids, such as cortisol, in humans. Glucocorticoid receptors are present on a variety of

tissues including brain, heart and liver, which regulate metabolism, energy availability,

inflammation and cognitive function4.

Human beings experience a variety of stressors in their daily lives. They fluctuate in

type, timing and severity and have biological effects ranging from alterations in homeostasis

to life-threatening conditions5. Individuals in particular occupations, such as warfighters,

medics, airline pilots, and athletes encounter what are deemed “high-stress” events on a

regular basis6–11. Identification of when and how acute and chronic stress impact these

individuals and the resulting change in homeostasis is worthy of investigation. Stress can

inhibit optimal performance and negatively impact physiology and health; especially as

chronic stress can cause the development of long-term issues such as post-traumatic stress

disorder12–17, metabolic syndromes, cardiovascular disease, and immune dysfunction18–20.

Members of the Armed Forces encounter multiple types of stress (i.e. acute, chronic)

depending on particular situations (i.e. skirmishes, infantry tactics, and training)8. Under-

standing how these different stressors affect warfighter performance and their long-term

health outcomes are top priorities for sustaining forces and ensuring health post-service.

This requires not only identification of biomarkers for these conditions but also a deeper

knowledge of how cellular systems are altered when experiencing stressors. Previous

work has identified peptides21, proteins22 and small molecules23 associated with physical

and mental fatigue in a variety of contexts, from physicians to athletes24. Insight into the

molecular basis of stress and fatigue can play a vital role in strategic decisions regarding
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warfighters in the field, as well as potential preventative action that can reduce the negative

health consequences associated with high-stress events.

Saliva presents an accessible biofluid that can be obtained in a non-invasive manner25,26

without specialized training or clinical setting. In addition to ease of collection, the risk

of infection to sampling personnel is much lower than blood or other biofluids27,28. The

molecular composition of saliva is highly dynamic and impacted by both physical and

psychological factors including age, circadian rhythm, pain level and stress27,28. The dy-

namic composition of saliva along with its ease of collection make it an ideal diagnostic

and investigatory tool when individual variability can be accounted for. Proteomic and

metabolomic analysis of saliva have identified biomarkers for cancer, multiple sclerosis,

diabetes and heart disease29–31. Additionally, salivary compounds associated with fetal

development32, hypoxic conditions33, and stress33 have also been identified.

For this study, the researchers had the unique opportunity to analyze saliva collected

from members of the 82nd Airborne’s 2nd Battalion, 505th Parachute Infantry Regiment

of the U.S. Army. The saliva was collected at discrete time points (Figure 4.1) before,

during, and after a typical 72-hour field exercise in which the warfighters experience

multiple instances of acute stress, as well as the chronic stress of the general exercise. From

these salivary samples, proteomic and metabolomic analyses were performed to elucidate

biomarkers and biochemical pathways that are most affected from these two different

categories of stress. Repeated measurements of the same individual allowed for control of

individual variability. While a number of bioindicators such as dopamine, cortisol, and



151

serotonin have been shown to be perturbed during stress34, here we identify a set of proteins

and small molecules dynamically changing in conjunction with stress events.

Materials and Methods

Saliva Collection Salivary samples were collected from 30 participants at discrete times

during a training event. Up to 5 mL of saliva was collected by passive drool and frozen at

-80 °C until analysis. Participants refrained from eating, drinking, and nicotine consumption

thirty minutes prior to each collection. The collection protocol was approved for human

subjects’ research by the local designated Combat Capabilities Development Command Re-

view Board (IRB). In accordance with the Declaration of Helsinki, all participants provided

written informed consent before the completion of any study procedures.

Metabolomics - Sample Preparation Samples were prepared according to Mcbride et

al.26. Immediately prior to analysis by liquid chromatography mass spectrometry (LC-MS),

sample was reconstituted in 100 µl of Optima grade water with 0.1% formic acid (Fisher

Scientific, LS118) and vortexed briefly. Samples were placed at 4 °C for 10 minutes to

allow for resuspension. Finally, each sample is centrifuged at 20,000 g for 10 minutes and

transferred to glass autosampler vials (Agilent Technologies, Santa Clara, CA) for analysis.

Metabolomics - Data Acquisition Each sample was analyzed on a Thermo Fisher (Waltham,

MA) Orbitrap Q Exactive Plus mass spectrometer coupled to a Thermo Fisher Ultimate 3000

uHPLC system. Injections of each sample (2 µl) were resolved with the analytical pump
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Figure 4.1: Timeline of sample collection from field study. Collection time points for salivary samples during
field study. Each rectangle represents one day, and the collections are broadly categorized into three time
categories: blue – pre-mission, red – mission, yellow – post-mission.
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(350 µl/min) on a 100 µm x 2.1 mm id ACE Excel 1.7 um C18-PFP (Mac-Mod Analytical,

Chadds Ford, PA) using a 22.5 min flow gradient. The A buffer was Optima grade water

with 0.1% formic acid and the B buffer was 100% Optima grade acetonitrile. For the first 3

minutes, mobile phase A was held at 100%. Mobile phase B was increased to 80% from

minute 3 to 13 and then held for 2 minutes. The method finished with an equilibration

step made up of a 4 minute gradient back to initial conditions with a 2.5 minute hold at 0%

B. MS1 scans were acquired with a resolution of 70,000 with a scan range of m/z 70–1000.

AGC target was set to 3E6 with a maximum injection time of 100 ms. All metabolomics data

were acquired in positive ionization mode using the heated electrospray source ionization

(HESI). The source settings were as follows: spray voltage: 63.7 kV, capillary temperature:

325°C, sheath gas (N2): 30 arbitrary units (AU), auxiliary gas (N2): 10 AU, and probe

heater: 350°C.

Metabolomics - Data Analysis Data was searched using Compound Discoverer (CD)

3.1 (Thermo Fisher Scientific) using the workflow detailed in Supplementary Figure 5.

The quantitation was normalized to the total intensity (Constant Sum) and MS1 based

identifications were performed with an in-house generated library, Chemspider (searching

the human metabolome database) and Metabolika modules. Secondary analysis of results

were performed by in-house python scripts to clean and process the CD output. The Web

hosted version of Metaboanalyst 4.0 (https://www.metaboanalyst.ca/MetaboAnalyst/

home.xhtml) was utilized for pathway enrichment analysis of small molecules.

https://www.metaboanalyst.ca/MetaboAnalyst/home.xhtml
https://www.metaboanalyst.ca/MetaboAnalyst/home.xhtml
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Proteomics - Sample Preparation Saliva was aliquoted into 96 well plates and dried down

in a speed-vacuum concentrator before being resuspended in 4 M guanidine hydrochloride

(GnHCl), 100 mM Tris, pH 8. Protein concentration was determined via protein BCA

(Pierce, Thermo Fisher). Resuspended samples were incubated at 100 °C for 6 minutes

three times with 6 minutes of rest at room temperature between incubations. Sample wells

were then brought to 90% methanol before centrifugation at 4,000 rpm for 40 minutes.

Supernatant was disposed of.

Protein precipitate was resuspended in reducing and alkylating buffer (10 mM TCEP,

40 mM CAA, 8 M urea, 100 mM Tris, pH 8) to a total protein concentration between 2-4

mg/ml. Endoproteinase Lys-C was added to each well at an approximate ratio of 50:1 w/w

total protein/protease. Plates were incubated at room temperature for 4 hours with slow

rocking. Reducing and alkylating buffer was diluted to 25% concentration with 100 mM

Tris, pH 8. Trypsin was added to sample wells at an approximate ratio of 50:1 w/w total

protein/protease. Samples were incubated overnight at room temperature.

Digestion reactions were quenched when samples were brought to 0.5% TFA. Digested

peptides were desalted using Phenomenex Strata C18 96-well plates (8E-S001-BGB) fol-

lowing manufacturers’ instructions before being dried in a speed-vacuum concentrator

(Thermo Scientific).

Online reverse-phase columns were prepared in-house using a high-pressure packing

apparatus previously described35. In brief, 1.5 µm Bridged Ethylene Hybrid C18 particles

were packed at 30,000 psi into a New Objective PicoTipTM emitter (Stock# PF360-75-10-N-5)
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with an inner diameter of 75 µm and an outer diameter of 360 µm. During separations, the

column was heated to a temperature of 50° C inside an in-house heater and interfaced with

the mass spectrometer via an embedded emitter.

Proteomics - Data Acquisition An UltiMate 3000 RSLCnanoSystem (Thermo Fisher Sci-

entific) was used for online chromatography with mobile phase buffer A consisting of 0.2%

formic acid in water and mobile phase buffer B consisting of Optima grade water with 0.2%

formic acid in 70% Optima grade acetonitrile. Samples were loaded onto the column for

4 minutes at 300 nL/min. Mobile phase B was increased to 9% in the first 4 minutes then

increased to 52% by 59 minutes. The method finished with a wash stage of 100% B from

60-69 minutes and an equilibration step of 0% B from 70-80 minutes.

Eluted peptides were ionized by electrospray ionization and analyzed on a Thermo

Orbitrap Eclipse. Survey scans of precursors were taken from 300 to 1400 m/z at 240,000

resolution while using Advanced Precursor Determination36 with an AGC target of 1E6 and

a maximum injection time of 50 ms. Tandem MS was performed using an isolation window

of 0.5 Da with 20 ppm mass tolerance and a dynamic exclusion time of 10 s. Selected

precursors were fragmented using HCD with a normalized collision energy of 27%. The

MS2 AGC target was set at 3E4 with a maximum injection time of 20 ms. Scans were taken

in the ion trap using the turbo setting, and only peptides with a charge state of +2 or greater

were selected for fragmentation. Samples were analyzed in duplicate.
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Proteomics - Data Searching The resulting spectra were searched in MaxQuant (1.6.0.13)

using fast LFQ against a full human proteome with isoforms downloaded from Uniprot (Oc-

tober 29, 2019). Carbamidomethylation of cysteine was set as fixed modification. Matching

between runs was used with a retention time window of 0.7 min. Searches were performed

using a protein FDR of 1%, a minimum peptide length of 7, and a 0.5 Da MS2 match toler-

ance. Protein data were then extracted from the “ProteinGroups.txt” file of the Maxquant

output after decoy, contaminants, and reverse sequences were removed. The protein counts

were based on protein groups with an LFQ Intensity > 0.

Post Processing Post processing was performed primarily in R (version 3.6.3). Protein

gene ontologies were retrieved from the NCBI DAVID database with significance estab-

lished using the Fisher exact test function in R or the built-in function of the NCBI website.

Protein LFQ intensities were normalized by log2 transformation. Paired significance testing

and Pearson correlations were performed using base R. Partial least squares discriminant

analysis (PLS-DA) was performed using the plsda function from the mixOmics37 package

(version 6.10.9) in R. Linear discriminant analyses were performed using the lda function

of the MASS package38(7.3.51.5), with area under the curve(AUC) of the receiver oper-

ator characteristic calculated using the auc or the multiclass.auc function of the pROC

package39,40(1.16.2). Mixed-effect models were generated using the lmer function of the

lme4 package41(1.1.23). Fixed-effect models were generated using lm function in base R.

Circular dendrogram was generated using the circlize (0.4.11) and dendextend (1.14.0)
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packages in R. Other plots generated using base R and ggplot2 (3.3.2).

Results

Molecule Identification and Differential Abundance Proteomics was performed on saliva

samples from 20 individuals across eight different time points for a total of 160 samples. The

time points included three morning and one evening collection before the mission began

(Pre-Mission AM1/AM3/AM4/PM), and one evening and three morning collections after

the mission initiation (Mission PM, Post-Mission AM1/AM3/AM4). Given this structure,

the proteomic samples were organized into four pre-post mission initiation pairs to assess

the proteomic effects of the mission-derived stress. Overall, 2087 proteins were identified

based on 28,511 peptides (Supplemental Figure 4.1). On average, 1,332 proteins and 13,680

peptides were quantified in each sample. Although we observe high variability in our

peptide identifications, outliers do not appear systematically related to other variables

and the protein identifications remain relatively consistent. Our analysis quantified 545

protein groups across all 160 samples, with 720 proteins consistently quantified in >50% of

pre-post mission initiation pairs. When examining the gene ontology enrichment using

a full human proteome as background, we see the highest enrichment for the biological

processes proteolysis, cell-cell adhesion and complement activation, (Supplemental Figure

4.2), which would be expected given the role of saliva as a host-microbe interface and its

proximity to the epithelial cells of the mouth. We also observe enrichment of proteins

involved in protein turnover such as translation initiation and endopeptidase activity. The
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720 proteins consistently quantified here represents 20% of the known human salivary

proteome42. Metabolomic analysis was also performed on 38 samples from each of these

same 20 individuals, with nine morning and four evening collections before the mission

began, and 20 morning and five evening collections after mission initiation. More than

5,000 compound features were identified overall with more than 4,000 quantified across all

samples analyzed by metabolomics. A total of 93 samples were analyzed by both proteomics

and metabolomics.

We first investigated the proteomic effect of the simulated combat mission by examining

the pair fold change between pre- and post-mission initiation samples for each soldier

at each sampling time of day (AM1/AM3/AM4/PM). Overall, proteins tended to show

higher abundances post-mission initiation. When performing a paired t-test accounting for

unequal variance and multiple hypotheses (Benjamini Hochberg, 5% FDR) for all proteins

identified in at least half of all pairs (720), we identified 302 significant proteins (Figure

4.2A). This group was highly enriched in proteins associated with functions commonly

found in saliva such as the complement and coagulation cascade, and protein processing

in the endoplasmic reticulum (ER), as well as containing more specific pathways, such as

stress-activated MAPK cascade. Interestingly, the only protein significantly upregulated in

the stress-activated MAPK cascade was angiotensinogen, which helps to regulate osmotic

balance in the vascular system43, where changes have been observed previously in cases

of stress2,44. We observe a consistent increase in abundance for proteins associated with

the complement and coagulation system upon mission initiation (Figure 4.2A), while ER
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Supplementary Figure 4.1: Protein and Peptide Identifications. Number of proteins and peptides identified
in each sample with line indicating the mean across all 160 samples. Protein and peptide identifications do not
appear systematically linked to mission or time of day.
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Supplementary Figure 4.2: Gene Ontology Enrichment. Count and significance of 10 most significant bio-
logical processes for all proteins identified in any sample. Significance is calculated using a fisher exact test
with full human proteome as background.
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processing proteins show varying directions of change, suggesting aspects of the pathway

are responding differently to stress.

We performed a pairwise correlation of expression profiles for all 302 proteins sig-

nificantly associated with mission initiation, from which we identify four well-defined

clusters (Figure 4.2B). Two of these clusters include proteins that modify structure via

the cytoskeleton and extracellular matrix. The other two clusters continue the theme of

innate immunity and protein processing. Interestingly, the same cluster containing protein

chaperones involved in protein folding also contains several proteins for processing reactive

oxygen species, compounds that are typically detrimental to the structure of proteins and

known to be generated from consistent physical stress45 as well as ER stress46. When exam-

ining the complement and coagulation cluster more closely (Figure 4.2B, bottom right),

we observe more than 10 complement proteins, including multiple subcomponents of the

C1 initiator and the alpha, beta and gamma chain of complement component C8, which

forms the membrane attack complex. A comparison of normalized expression across all 160

samples of complement C2, complement C1r, complement 4b, complement C6, complement

factor B and complement factor I, reveals highly similar profiles of these proteins reflecting

the tight regulation of the innate immune system at this host-pathogen interface (Figure

4.2C).

Our analysis attempts to account for several different factors contributing to molecular

abundances in saliva including time of day, physical and mental stress, and individual

variability. Understanding and controlling for each of these variables is important when at-
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Figure 4.2: Differentially Expressed Proteins with Mission. (A) Volcano plot showing mean fold change
and significance for proteins across mission initiation pairs. Dotted line indicates approximate significance
cutoff for Benjamini-Hochberg correction with FDR of 5%. Proteins are colored by three KEGG pathways,
with protein processing in the ER, complement and coagulation cascade, and stress-activated MAPK cascade
depicted in blue, green and orange, respectively. (B) Protein-protein correlation heatmap for all 302 proteins
identified as significant in A. Four strongly correlated clusters with their proteins’ most common functions are
highlighted. (C) Line plot showing normalized expression across all 160 samples of six complement proteins
found to be significantly associated with mission: complement C2, complement C1r, complement 4b(C4B),
complement C6, complement factor B(CFB) and complement factor I(CFI). All six proteins are present in the
bottom right cluster of B.
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tempting to quantify stress effects. When applying a partial least squares discriminant anal-

ysis (PLS-DA) to our proteomic data, a slight separation can be seen between pre-mission

time points and those after mission initiation(Supplementary Figure 4.3A), while more

substantial separation occurs between AM and PM collection events in(Supplementary

Figure 4.3C). Metabolomic analyses show less discrepancy between these two variables

with some separation based on both axes (Supplementary Figure 4.3B,D). Time of day

has shown a well-documented effect on the salivary proteome47 similar to other human

biofluids48, and circadian rhythm is known to control the pulsatile releases of cortisol49,

one of the primary hormonal signalers in stress50. The discriminatory power of our data

based on time of day (morning vs. evening) may reflect a capacity to capture hormonal

homeostatic systems, such as sleep-wake cycle and stress, both of which interact with the

hypothalamus-pituitary-adrenal axis in the human brain4,51.

Discriminatory Molecules for Mission In an effort to isolate these mission discrimi-

nant molecules, we performed a linear discriminant analysis for both our proteomic and

metabolomic data. We calculated the area-under-the-curve for the receiver operator charac-

teristic (ROC-AUC), utilizing the leave one out strategy. When performing an LDA using

single proteins, periplakin (PPL), galactosidase beta 1(GLB1) complement component C9

(C9), ubiquitin fold modifier 1 (UFM1) and prelamin A/C (LMNA) provided the best

performance, with AUCs of 0.701, 0.697, 0.683, 0.683, 0.674, respectively (Figure 4.3A).

Among the metabolites, unidentified compound 2908, pipecolic acid, acetylspermidine,
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Supplementary Figure 4.3: Partial Least Squares Discriminant Analysis. (A) Performed supervised clus-
tering of proteomic samples across initiation of mission (Pre vs Post/Mission) based on decomposed values
without filtering. (B) Performed supervised clustering of metabolomic samples across initiation of mission
(Pre vs Post/Mission) based on decomposed values without filtering. (C) Performed supervised clustering
of proteomic samples by time of day (AM vs PM) based on decomposed values without filtering. PLS-DA
separates along time of day axis more effectively than along mission initiation axis. (D) Performed supervised
clustering of metabolomic samples by time of day (AM vs PM) based on decomposed values without filtering.
PLS-DA separates along time of day axis more effectively than along mission initiation axis.
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proline and the dipeptide histidine-histidine(his-his) exhibited the greatest discrimina-

tory performance for mission with areas under the curve of 0.835, 0.819, 0.808, 0.801 and

0.797, respectively(Figure 4.3B). We note that the discriminatory power of small molecules

far outweighs that of even our best performing proteins, with substantially higher AUCs

(Figure 4.3).

Fatigue likely manifests in a variety of cellular systems due to compounding instances

of acute, as well as medium-term physical and mental stress events. Detection of these

myriad effects requires the monitoring of multiple compounds and proteins. As such, we

pursued an LDA relying on five compounds for both our proteomic and small molecule

analysis. We observe a substantial increase in ROC-AUC when utilizing a combination

of the top five components listed above for each dataset. However, the best performing

five-component model was identified by iteratively testing combinations and optimizing

area-under-the-curve, starting with periplakin or unidentified compound 2908, for proteins

or small molecules, respectively. The optimal protein combination included periplakin

(PPL), heat shock protein alpha family class B member 1 (HSPAB1), myeloperoxidase

(MPO), heat shock protein family A member 9 (HSPA9), and transketolase (TKT) (Figure

4.3A). While the optimal small molecule combination consisted of compound 2908, γ-

butyrobetaine, proline, and proline-glycine, and pipecolic acid.

Although increasing the complexity of a model by adding explanatory variables will al-

ways improve performance, we found it interesting that of the nine potentially discriminant

proteins we identify, two are components of chaperones that participate in the unfolded
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Figure 4.3: Linear Discriminant Analysis. (A) Receiver operator characteristic (ROC) curve for linear dis-
criminant models generated from the top five most discriminant proteins based on area-under-the-curve
(AUC) both as single component models and in combination. The model indicated in yellow was generated by
iteratively identifying the most complimentary four additional proteins starting from periplakin (PPL). (B)
ROC curve for LDA separating samples based on mission initiation (Pre vs. Post/Mission), excluding stress
shoots. Single component models are shown for five best performing compound features based on AUC. Five
component model from five best performing features is shown in yellow while an optimized five component
model is shown in black.
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protein response (HSPAB1 and HSPA9) and one mediates the ER stress response (UFM1).

In the metabolomic model, γ-butyrobetaine, proline, pipecolic acid, and proline-glycine

are all associated with amino acid metabolism. γ-butyrobetaine is involved in lysine degra-

dation and a precursor to L-carnatine52. Pipecolic acid also plays a role in the metabolism

of lysine. L-Proline is an amino acid itself, with proline-rich proteins playing an important

signaling role in human saliva53. Proline-glycine is involved in protein catabolism but also

plays roles in metabolism and coagulation54–57. The proteins identified here are of interest

in understanding the biological effects of stress, but more targeted methods would be

required for validating protein signatures as even the most discriminatory proteins exhibit

somewhat minor shifts in abundance overall (Supplementary Figure 4.4).

Proteomics Metabolomics Integration In order to integrate our two -omics analyses, we

subset the 93 samples for which both protein and small molecule data had been collected.

Significance for each protein across time of day (AM vs. PM) and mission initiation (Pre vs

Post/Mission) was established using a mixed effect model in which time of day and mission

initiation were treated as fixed effects and individual soldier was treated as a random

effect. Linear models were then constructed for each protein and comparison was made

using analysis of variance (ANOVA) with and without mission initiation or time of day

as explanatory variables. As suggested by our discriminant analysis, substantially more

proteins were associated with time of day than mission (Figure 4.4A). Small molecule

significance was established using analysis of variance on fixed effect linear models, as
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Supplementary Figure 4.4: Abundance Shifts for Discriminant Proteins. Log2 transformed LFQ intensities
of all samples for five proteins most discriminant for mission initiation[periplakin (PPL), galactosidase beta
1(GLB1) complement component C9 (C9), ubiquitin fold modifier 1 (UFM1) and prelamin A/C (LMNA)]
along with proteins from the most discriminant five-protein model[heat shock protein alpha family class
B member 1 (HSPAB1), myeloperoxidase (MPO), heat shock protein family A member 9 (HSPA9), and
transketolase (TKT)]. Pre-mission samples are colored in blue, while mission and post-mission samples are
colored in red. Black diamonds indicate median intensities for each group.
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the complexity of the mixed effect model led to overfitting. These metabolomic linear

models also focused on time of day and mission initiation. Compound features exhibited a

more even distribution in significance between these two variables as compared to proteins

(Figure 4.4B). Normalized metabolite and protein abundances were then correlated using

the 93 overlapping samples. We identified a single large cluster of metabolites that exhibit

strong correlations to two protein clusters: one positively correlated and the other negatively

correlated (Figure 4.4C). When examining the gene ontology terms associated with these

two protein clusters, we observe overrepresentation of proteins related to protein processing

and degradation, the endoplasmic reticulum(ER), and amino acid metabolism (Table 4.1

and Table 4.2). In addition, the metabolite cluster contains more than 40 dipeptides,

potentially resulting from protein degradation associated with the proteasome and the

ER. The metabolite cluster also includes several isolated canonical amino acids and their

precursors.

Our analysis quantified 21 proteins related to protein processing in the ER, with 14

proteins found to be significantly associated with mission initiation. From that significant

subset of proteins, five increase with the initiation of the mission, while the other nine

decrease with mission (Figure 4.5A). Proteins upregulated with mission exhibit a larger

magnitude shift with protein OS9, nucleotide exchange factor SIL1(SIL1) and mannosyl-

oligosaccharide 1,2-alpha-mannosidase IA (MAN1A1) most effected. MAN1A1 and OS9

both function in shuttling glycoproteins out of the endomembrane system, by maturation

of their glycan chain or degradation of misfolded proteins, respectively58,59. Neutral alpha-
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Figure 4.4: Correlation of Proteins, Compounds, mission and Time of Day. (A) Significance of time of day
and mission initiation for proteins based on these variables’ inclusion in regression models. Cutoff set at
p-value < 0.001 (B) Significance of time of day and mission initiation for small molecules based on these
variables’ inclusion in regression models. Due to increased significance, cutoff for metabolites was set at
p-value < 10-5 (C) Heatmap showing correlation of proteins (x-axis) and compound features (y-axis) with
axis annotations based on significance of time of day, mission or both. Significance across time of day, mission
or both is indicated by blue, red and purple respectively. Observe single metabolite cluster and two protein
clusters with substantial correlations.
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Table 4.1: Associated Processes for Proteins in Anticorrelated Cluster. Six most significant biological pro-
cesses included in protein cluster negatively correlated with small molecule cluster.
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Table 4.2: Associated Processes for Proteins in Positively Correlated Cluster. Eight most significant biologi-
cal processes included in protein cluster positively correlated with small molecule cluster.
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glucosidase AB (GANAB1) also functions in the maturation process of glycoproteins and

increases with mission60. SIL1 functions as a cochaperone to ER chaperone BiP (HSPA5),

allowing HSPA5 to exchange ADP for ATP. SIL1 has been shown to play a role in cellular

sensing of ER stress, with aberrant SIL1 associated with accumulation of ubiquitinated

proteins61. We observe a decrease in abundance of proteins such as PDIA6 and HSPA5

that can repress the unfolded protein response (UPR) along with increases in DNAJC3

which is activated by ER stress and the UPR62–64. Many of the proteins decreasing with

mission function partially in the refolding of misfolded proteins including DNAJB1, CANX1,

HSPA1B, HSPA865–67 although these changes are of a smaller magnitude.

Our analysis quantified 46 proteins and 120 metabolites related to amino acid biosynthe-

sis or metabolism with 14 and 25 mission-significant proteins and metabolites, respectively

(Figure 4.5B). When examining this significant protein subset, we noticed that many of the

proteins had their primary function in cellular metabolism and ATP generation rather than

acting directly on amino acids or amino acid precursors. Three key enzyme in glycolysis

exhibited significantly increased abundance upon initiation of the mission, pyruvate kinase

(PKM), phosphoglycerate kinase(PGK1) and glyceraldehyde-3-phosphate dehydrogenase

(GPDH) as well as lactate dehydrogenase (LDHB), the enzymatic driver of anaerobic

respiration. Although not reaching significance, we also observed elevated abundance with

mission of seven other enzymes involved in glycolysis: hexokinase(HK1), phosphofructok-

inase(PFKL), fructose bisphosphate aldolase(ALDOA), triosephosphate isomerase(TPI),

enolase(ENO1), and phosphoglycerate mutase(PGAM) (Figure 4.5C). These proteins also
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Figure 4.5: Altered Expression in Protein Processing and Metabolism. (A) Hierarchical clustering of proteins
significantly affected by mission associated with protein processing in the ER. Gene name label size indicates
magnitude of mean fold change with red proteins exhibiting increased expression with mission and blue
proteins exhibiting decreased expression (B) Network plot showing proteins and small molecules involved in
biosynthesis and metabolism of amino acids identified in our analysis. Metabolites and protein are indicated
by green squares and purple circles, respectively (C) Bar plot showing fold change with mission of enzymes
involved in glycolysis and gluconeogenesis. Proteins that increase upon mission initiation are colored in red
while those that decrease are colored in blue. Asterisk indicates significance. Although only a subset meets
our significance threshold, nearly all enzymes increase with mission.
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play a key role in the reverse reaction of glycolysis, gluconeogenesis, which has been shown

to be upregulated in situations of acute psychological stress68,69, with elevated blood glu-

cose occurring as one of the fastest reactions to stressors2. Increased expression of glycolysis

proteins and those associated with anaerobic respiration could reflect cellular expression

changes in response to continued energetic stress.

Detecting Acute Stress Events Using Metabolomics Given the high variability of small

molecule abundances and the promising results from the associated linear models, it may

be possible for metabolomics to detect acute stress events. In an effort to test that capacity,

we expanded our metabolomic analysis in terms of both the number of individuals and

the number of time events. Saliva samples from 30 individuals were collected at five time

point events: pre-mission(Pre), stress-shoot pre-mission(SS1), during mission(Mission),

post-mission(Post), stress-shoot post-mission(SS2). The stress shoot simulates both an

acute physical and cognitive stress event, in which subjects must learn a series of signs and

symbols before the activity that relate to how they must execute encountered tasks (i.e.

recognizing friend versus foe, aim points, accuracy, position: standing, kneeling, or prone).

These tasks were then performed while the subjects were timed.

Normalized peak areas for all compound features were averaged for each time point

group with groups and compounds then clustered based on Euclidean distance. Figure

4.6A shows the distinct grouping of metabolites that occurs among compounds when

comparing these five groups. We specifically observe increased abundance in several
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compound clusters in the two stress shoot samples, while the other three time point groups

cluster together, with the baseline event (pre-mission) located most distally (Figure 4.6A).

Based on this preliminary result, 200 metabolites were determined to experience significant

changes in abundance between the five time point groups, with p-values 6 0.05. These

compounds included small molecules involved in a variety of biological pathways largely

related to metabolism of amino acids, continuing this theme. A Metaboanalyst70 pathway

enrichment analysis (Figure 4.6B) reveals enrichment occurring in 30 different pathways

including arginine biosynthesis, histidine metabolism, beta-alanine and alanine, aspartate

and glutamate metabolism.

Compound features from two significantly impacted pathways, arginine biosynthesis

and histidine metabolism, were extracted and run through a similar clustering analysis.

Compounds related to arginine biosynthesis cluster into two high level groups: one with

large variability in mean abundance across the different time point events and one with

minimal variability (Figure 4.6C). The high variance compounds drive separation of the two

stress shoot samples from the other three time point groups (Figure 4.6C). For compounds

related to histidine metabolism we see a much larger proportion of compound features

with minimal variation in mean abundance across the different time point groups. These

minimally altered compounds form one high level cluster while two other compound

clusters are composed of features with greater variance. Although the two stress shoot time

points remain the most distal, the time point events do not form any meaningful clusters

based on these histidine metabolism compounds (Figure 4.6D).
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Figure 4.6: Differential Metabolites Across Five Time Point Events. (A) Hierarchical clustering of all com-
pounds based on mean normalized peak areas of each of five time point event groups (Pre = pre-mission,
Mission = during mission, Post = post-mission, SS1 = pre-mission stress shoot, SS2 = post-mission stress
shoot). (B) Barplot showing significance and enrichment ratio for pathways associated with compounds found
to be significantly different between the five time point groups. (C) Heatmap showing hierarchical clustering
of compound features associated with arginine biosynthesis. (D) Heatmap showing hierarchical clustering of
compounds features associated with histidine metabolism.
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We performed a linear discriminant analysis with the objective of separating the five

time point groups. Our LDA model experiences difficulty in distinguishing between the five

event groups as compared to the two groups centered around mission initiation, especially

when relying on a single discriminant compound, unidentified compound 2616. The model

shows especially poor performance in identifying the “pre-mission” and “pre-mission

stress shoot” groups (Figure 4.7). When relying on the best performing five-compound

combination, these groups shift to some of the most accurate classifications, suggesting a

compound feature that associates with the initiation of the mission. This shift is driven by

the lysine metabolite, pipecolic acid which shows substantial increase in the pre-mission

and pre-mission stress shoot time point samples (Supplemental Figure 4.5), continuing

the theme of amino acid metabolism. In future studies we hope to integrate these more

granular metabolomic analyses with proteomics or perhaps other quantitative metrics of

stress such as heart rate and cortisol levels.

Discussion

We present here a multi-omics analysis of raw saliva focusing on identifying the molecular

and cellular components of physical and mental stress. We observe significant abundance

changes in molecules related to three cellular systems: (1)innate immunity, (2)protein

cycling and processing, and (3) metabolism of sugars and amino acids. We identify in-

creased expression of proteins involved in the complement system upon initiation of the

mission, indicating immune activation and inflammation. We observe altered abundance of
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Figure 4.7: Metabolite Linear Discriminant Analysis for Five Time Points. ROC curve for LDA separating
samples into five time point groups (Pre = pre-mission, Mission = during mission, Post = post-mission, SS1
= pre-mission stress shoot, SS2 = post-mission stress shoot). Model relying on the single best performing
compound feature, unidentified compound 2616, is shown in shades of blue, while an optimized five feature
model is shown in shades of red/orange.
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Supplementary Figure 4.5: Abundance Shifts for Discriminant Small Molecules. Boxplot of log2 trans-
formed intensities of five small molecules components of most discriminant model for separation of five time
point groups (pre-mission, pre-mission stress shoot, mission, post mission, post-mission stress shoot). These
five compound features are arginine, pipecolic acid, γ-butyrobetaine and guanine.
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endoplasmic reticulum processing proteins, such as chaperones and those involved in the

unfolded protein response (UPR). These changes are accompanied by increased abundance

of metabolites associated with amino acid metabolism and translation. Changes are also

observed in proteins functioning in sugar metabolism.

Our proteomic analysis identifies more than 300 proteins affected by the mission. We

observe relatively uniform upregulation of complement proteins upon mission initiation,

with tightly correlated shifts from sample to sample. The complement system has been

shown to be stimulated in situations of both short and long duration exercise71–73, with

moderate physical training providing a beneficial immunomodulatory effect74, while ex-

treme physical exertion can increase susceptibility to infection75 by depressing immune

cell populations and signaling molecules. Similar changes have been observed in cases

of psychological stress with increased expression of proinflammatory cytokines in acute

psychological stress76,77 and immune dysfunction linked to long-term psychological health

impacts such as post-traumatic stress disorder78,79. In contrast to the complement system,

two other pathways of interest, protein processing in the endoplasmic reticulum and the

stress-activated MAPK cascade exhibit varying directions in their abundance changes. In

the stress activated MAPK cascade, angiotensinogen exhibits increased abundance with

mission, likely in response to the associated physical stress. When attempting to construct

a discriminant proteomic model, several of the proteins identified were related to innate

immunity or protein processing, including complement component C9 and multiple heat

shock cognate chaperones.
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When correlating the proteomic and metabolomic datasets, we observed the strongest

correlations among molecules related to protein cycling and metabolism. A single strongly

protein-correlated cluster of metabolites is comprised of isolated amino acids and short

polypeptides, products of protein degradation. We observe positive correlation between

these small molecules and a protein cluster enriched for components of the proteasome, as

well as the polyubiquitination process, protein catabolism and regulation of amino acid

metabolism. These same compounds also exhibit an anticorrelation with a second protein

cluster containing the ER-associated processes of glycosylation and the unfolded protein

response.

When examining the ER-associated proteins, we observe altered abundance of many key

chaperones associated with protein quality control, managing ER stress and the unfolded

protein response (UPR) such as SIL1, PDIA, DNAJC1, DNAJB1, OS9, HSPA5, HSPA1B, and

HSPA858,59,65–67,80. ER stress and the UPR can be induced by both physical and mental stress.

Accelerated metabolic activity in skeletal muscle in response to physical exertion generates

increased reactive oxygen species and stimulates the UPR81,82. Stress-induced stimulation

of the hypothalamic-pituitary-adrenal axis increases free radicals in the brain and has

been associated with altered chaperone expression83–85. Similar to immunity, moderate

triggering of these quality control system can be beneficially adaptive86 but constant or

extreme pressure on the endoplasmic reticulum will lead to autophagy or apoptosis46, and

can lead to a pathogenic reduction in response such as in diabetes87.

When we scrutinized the affected metabolic pathways more closely, we observed
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mission-associated increases of the glycolysis enzymes glyceraldehyde-3-phosphate dehy-

drogenase, phosphoglycerate kinase, pyruvate kinase, as well as lactate dehydrogenase the

key enzyme in anaerobic respiration. We also observed less significant increases in seven

other glycolysis-related enzymes: hexokinase, phosphofructokinase, fructose bisphosphate

aldolase, triosephosphate isomerase, enolase, and phosphoglycerate mutase. These shifts

suggest increased glycolytic activity and anaerobic energy generation. Metabolic changes

of this type have been observed in muscle in both endurance training88 as well as short

interval, high intensity training89–91. Psychological stress can also lead to stimulation of

lactate dehydrogenase92,93 as well as induction of genes that stimulate glycolysis94–96, with

chronic stress leading to a variety of metabolic diseases, including obesity and diabetes97,98.

These proteins also participate in the reverse reaction, gluconeogenesis, generating glucose.

Glucose serves as the only usable fuel for the central nervous system, and elevated blood

glucose through gluconeogenesis activity has been observed in acute stress in animals3.

Our metabolomic analysis identified more than 100 compound features associated with

mission initiation, but perhaps more intriguing was the discriminatory ability for acute

stress events, with more than 300 features significantly associated with one of the five event

groups (pre-mission stress shoot, post-mission stress shoot, pre-mission, post-mission,

during mission). Metabolites associated with specific time point events were related to

amino acid metabolism again, with arginine, histidine, aspartate, and glutamate especially

impacted. Histidine and arginine metabolites exhibited increased abundance specifically in

samples from the two stress shoot events, indicating a possible physiological effect of acute
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stress in these systems. Previous work has indicated a role of L-arginine as a component

molecule of the arginine nitric oxide pathway, which can be stimulated by psychological

stress99. Some evidence also exists for L-arginine as a stress reducing molecule when

ingested as a dietary supplement100. Alternatively, or potentially in tandem, amino acid

and aminoacyl-tRNA biosynthesis may be increased in order to modify translation. Pertur-

bations of translation via aminoacyl-tRNA biosynthesis have been observed as a response to

a variety of stressors, including temperature, oxidative environment and nutrient depriva-

tion101,102. When building a discriminatory model for mission initiation or individual time

events we observe pipecolic acid, arginine, and γ-butyrobetaine, as highly discriminant for

stress events, all compounds involved in amino acid biosynthesis and translation.

Stress responses play a complex role in human physiology, effecting a variety of systems

and requiring a multifaceted approach for their study. Integrating analysis of both proteins

and small molecules from raw saliva provides a highly accessible diagnostic tool for under-

standing the effects of both acute and prolonged stress. Our findings reflect tissues that

are experiencing a variety of potential stressors, at both the molecular and systems level.

At an organism level, release of stress hormones activates the muscles, the liver, and the

cardiovascular, immune, and central nervous system to allow rapid reaction to perceived

threats. At the molecular level, cells are tasked with producing and maintaining the energy,

materials, and protein machinery that power these organ systems in a rapid and adaptable

manner, often in chemically stressful environments. Understanding the functions, and

limitations of these interconnected systems plays a crucial role in identifying stress and
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mitigating its long-term impact on human health.
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Abstract

Peptide ion mobility adds an extra dimension of separation to mass spectrometry-based

proteomics. The ability to accurately predict peptide ion mobility would allow assay

development to be expedited. There are methods to accurately predict peptide ion mobility

through drift tube devices, but there are not yet methods to predict mobility through

high field asymmetric waveform ion mobility (FAIMS). Here, we show that prediction

of peptide FAIMS ion mobility is not a simple regression problem due to observation of

peptide transmission at multiple settings, and successfully model this problem using multi-

label classification. We trained two models, a random forest and a long-term short-term

memory (LSTM) neural network. Both models had different strengths, and the ensemble

average of model predictions produced higher F2 score than either model alone. Finally, we

explore cases where the models make mistakes, and demonstrate predictive performance of

F2=0.66 (ROC-AUC =0.928) on a new test dataset of nearly 40,000 different E. coli peptide

precursor ions.

Introduction

Ion mobility spectrometry (IMS) has long played an important role in mass spectrometry

(MS), providing an additional dimension of separation complementary to separations by

liquid chromatography (LC) and mass-to-charge1–4. IMS has allowed for isolation and

separation of biomolecules based on structure5–8, including differentiating isomers9,10,



205

which is a challenging task for LC-MS/MS alone. Increases in speed and efficiency of IMS,

and integration of IMS with commercial MS systems has led to its widespread application

in proteomics11–16. Among the several variants of IMS, high field asymmetric-waveform

ion mobility spectrometry (FAIMS) with high transmission efficiency was commercially

released in 2018 as a source-attached module known as the FAIMS Pro, which allows for

rapid separation of peptide ions on timescales compatible with LC-MS experiments14,17.

FAIMS relies on the differential mobility of ions in an electric field of varying strength18,19.

Ions ejected from the electrospray emitter follow a roughly parabolic path through the

FAIMS module before entering the mass spectrometer. Within the FAIMS module, ions pass

between two electrodes where they are destabilized by an electric field with an asymmetric

waveform causing their collision with one of the electrodes. An ion-specific compensating

voltage (CV), set by the user, stabilizes a subpopulation of ions, allowing their transmission

into the instrument. In contrast with other ion mobility techniques, FAIMS therefore acts

as a filter that simplifies the mixture of ions entering the MS instrument.

FAIMS filtering simplifies the gas-phase peptide ion mixture, allowing increased isola-

tion, fragmentation and identification of low abundance peptides in proteomic analysis.

This increased access to low abundance peptides improves proteomic depth, in a simi-

lar fashion to orthogonal chromatographic fractionation14. CV can be rapidly changed

within a method, in a process known as internal stepping, allowing for the selection and

quantification of several “gas-phase fractions”, leading to an expanded number of protein

identifications with no increased sample preparation. The increase in signal-to-noise and
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stepping speed of the FAIMS interface provides substantial benefits in quantitative accuracy

to targeted methods20 and identifications in DIA strategies utilizing short gradients21. In

fact, FAIMS filtering has enabled fast proteome analysis without the use of LC22. Thus,

FAIMS is a valuable tool for proteomic analysis.

At present, the optimally transmissive CV for a given peptide through FAIMS must

be determined empirically by performing experiments across the entire voltage range.

Although previous work has identified some of the most important parameters affecting

ion mobility, such as charge, the relationship is not straightforward or linear. Since the

inception of IMS, researchers have investigated peptide ion behavior in hopes of developing

predictive models4,23. Much of the more recent work has focused on identifying drift

times24–26 or collisional cross section27. Drift time and collisional cross section are single

value properties that lend themselves to regression analysis. In contrast, peptides separated

by FAIMS are often found to transmit at several CVs, and CV settings tend to be designed

in a discrete stepwise fashion, which makes regression less attractive.

Machine learning models have been applied to virtually all areas of mass spectrome-

try and associated technologies, seeking predictive information for a broad spectrum of

molecules including proteins, lipids28–30, sugars31 and nucleic acids32. In the proteomics

field alone, substantial research has focused on the development of models predicting reten-

tion time32–36, fragmentation spectra37,38 and high-signal peptides for targeted proteomic

methods39. Many of the resulting tools contribute to a more streamlined design of opti-

mized methods in silico. These machine learning tools enable more rapid and cost-effective
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method development for all MS data acquisition modes (e.g. PRM, DDA, and DIA), and

could be used as additional constraints for peptide identification scoring.

Here we present a pair of machine learning algorithms, a random forest (RF)40 and

a long-term short-term memory39,41 artificial neural net (NN), for in silico prediction of

the optimal compensating voltage settings for any given peptide ion. The RF represents an

approach that is both robust and easily interpretable, while the NN represents a state-of-the-

art machine learning model that has shown strong performance previously in predicting

peptide behavior27. We explore peptide properties that determine FAIMS transmission

profiles and demonstrate that peptide transmission through FAIMS is more complex than

simple collisional cross sections. Although CV is a continuous parameter in earnest, regres-

sion or single label classification models cannot accurately encompass the multitudinous

nature of peptide transmissive CV. Therefore, we instead framed this problem as multi-label

classification. The ensemble based on the average of both model predictions trained on over

100,000 human peptide precursors resulted in a 0.928 ROC-AUC score when predicting

FAIMS CVs for a novel test set of over 40,000 E. coli peptide precursors.

Materials and Methods

Chemicals and Reagents Escherichia coli samples of strain K12 MG1655 donated by the

Cox group of the UW-Madison Biochemistry Department, were set to grow overnight at

37 °C. Human lysate was derived from intact mass spec-compatible human (K562 cells)

protein extract purchased from Promega (Product # V6941).
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Sample preparation E. coli pellet was resuspended in 4M guanidine HCl before cells were

lysed by probe sonication, boiled, and allowed to cool before being brought to 90% MeOH.

Lysate was centrifuged at 15,000 g for 7 minutes and supernatant was disposed, while

precipitate was resuspended in reducing and alkylating buffer (8M Urea, 40 mM TCEP, 10

mM CAA, 100 mM Tris pH 8). Lys-C was added at a ratio of 50:1 w/w protein to protease,

and the sample was incubated at room temperature for 4 hours. Buffer was diluted to 25%

with 100mM Tris pH 8 and trypsin was added at a ratio of 50:1 before the sample was

digested at ambient temperature overnight. Human extract was prepared in an identical

manner starting with addition of methanol. Digested peptides were desalted using Strata-X

Polymeric Reverse Phase column (Phenomenex).

nLC-MS/MS Data collection Online reverse-phase columns were prepared in-house

using a high-pressure packing apparatus42. In brief, 1.7 µm Bridged Ethylene Hybrid

C18 particles were packed at 30,000 psi into a New Objective PicoTipTM emitter (Stock#

PF360-75-10-N-5) with an inner diameter of 75 µm and an outer diameter of 360 µm. During

separations, the column was heated to a temperature of 50 °C inside a heater (developed

in-house) and interfaced with the mass spectrometer via an embedded emitter.

A Dionex UltiMate 3000 nanoflow UHPLC was used for online chromatography with

mobile phase buffer A consisting of 0.2% formic acid in water and mobile phase buffer B

consisting of 0.2% formic acid in 70% acetonitrile. Mobile phase B was increased to 9% in

the first 6.5 min then increased to 43% B at 41 min. The method finished with a wash stage
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of 100% B from 44-48 minutes and an equilibration step of 0% B from 50-60 minutes, for a

total method length of one hour. Flow rate was 335 nanoliters per minute throughout.

Eluting peptides were ionized by electrospray ionization and passed through the FAIMS

Pro module (Thermo Scientific) using a single compensating voltage for the duration of each

method. Ions were analyzed on a Thermo Orbitrap Fusion Lumos with survey scans taken

from 300 to 1500 m/z at 240,000 resolution while using Advanced Precursor Determination43

and an AGC target of 1e6 with a maximum injection time of 50 ms. Precursor isolation

used a window of 0.7 Th with 15 ppm mass tolerance and a dynamic exclusion time of

20 seconds. Selected precursors were fragmented using HCD with a normalized collision

energy of 25%. The MS2 AGC target was set at 3e4 with a maximum injection time of 14

ms and scans taken using the turbo setting. Analysis was performed in technical duplicate.

Peptide Identification and Quantification Raw files were converted to .mzML format

using Proteowizard44 (version 3.0.19039). Peptides were identified by database search

against the human proteome including isoforms (downloaded 2019-12-19) or the E. coli

proteome (downloaded 2020-05-01) using MS-Fragger45(version 2.2) through the FragPipe

GUI (version 12.1). The default search parameters were used except for the precursor

tolerance, which was set to +/- 5 ppm and the fragment tolerance was set to 0.5 Daltons.

Database search output files in pep.xml format were combined into one file using iProphet46

within philosopher47(version 2.0). Peptide identifications were imported into Skyline48 for

quantification using an iProphet score cutoff of 0.99. In an attempt to determine the true
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distribution of peptide precursor transmission through the FAIMS device independently of

the stochastic DDA identification process, precursor (MS1) signals were extracted from

all files corresponding to FAIMS CV values from -20 V to -100V. MS1 signal was extracted

within 8 ppm of the predicted precursor mass and 1 minute (E. coli data) or 0.5 minutes

(human data) of the MS/MS identifications. Precursor signals for decoy peptides were also

extracted to allow mProphet determination of statistical significance of peak peaking49.

Only precursor ion peaks with q-value of < 0.01 were integrated, and a custom Skyline

report was output containing the q-values, precursor ion dot product with the theoretical

isotope envelope (idotp), and peak area for each FAIMS CV. The skyline report was further

processed in R to determine the FAIMS CV transmission profile for each peptide precursor

ion.

Determination of Peptide CV transmission profiles Skyline reports were read into R

(version 3.6.3) and decoy peptides along with peptides matching reversed proteins were

removed. Each precursor’s intensities were scaled from 0-1, with 1 representing the CV

setting with maximum intensity and therefore, transmission (CVmax). Labels were as-

signed based on a precursor ion’s CVmax. A CV bin was assigned a positive label if it

was greater than both 0.5 and the average proportional intensity of the second-best CV

setting for precursors sharing that CVmax (Figure 5.2). For example, if the max CV setting

for peptide precursor X was -45 V, because the second-best setting for these precursors is

-50 V with an average of 0.52 (Supplemental Figure 5.1), an individual setting would be
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required to be >0.52 to receive an additional positive label. This labelling scheme allowed

for more conservative label prediction with a focus on the top 1-3 labels, additional dis-

criminatory ability regarding co-occurring labels, and a compensating effect for peptide

precursor groups with broader distributions. Finally, precursors with non-consecutive

labels were removed from the dataset, as they were considered reflective of potentially spu-

rious identifications or stochastic events that may undermine the predictive performance

of the model. This group included <5% of all precursors. The R script (Data/human/Pre-

processing_FeatureMaxCVIsolation.R) for class labeling is available on GitHub.

Three labelled peptide precursor groups were utilized in our analysis. Two were derived

from the human precursor dataset, a 70% training set and a 30% holdout set for testing and

mitigating overfitting. The third group included all non-overlapping precursors (99.7%)

from the E. coli dataset for external evaluation of the models’ performance. The human

dataset was split in an iterative fashion that preserved label distributions between the full

and split datasets (Supplemental Figure 5.2) using the IterativeStratification function in

scikit-multilearn50(version 0.2.0). The human 70% training set was used for optimizing the

model hyperparameters. After optimizing the models with the 70% human training data,

final models were trained using the full human precursor dataset, and the full model was

used to make predictions against the true test set of non-overlapping E. coli precursors.

Machine Learning - Random Forest The random forest (RF) model received as inputs:

peptide length, charge state, mass, isoelectric point (pI), and one-hot encoded sequence.
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Supplementary Figure 5.1: Average proportional intensity for all precursors grouped by CVmax. Precursors
with greater magnitude CVmax exhibit broader transmission distributions.
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Supplementary Figure 5.2: Optimization of Features and Hyperparameters. (A) Boxplot of ROC-AUC score
distribution when excluding features from the random forest model. Each point represents performance of
single CV label, with bold line indicating mean score of all CVs. (B) Three-dimensional ROC-AUC score
landscape for simple random forest model when using 100 estimators and varying two hyperparameters:
min_samples_split and max_features (the two hyperparameters contributing the most to performance vari-
ability), with yellow indicating higher scores and blue indicating lower scores. Landscape contains many
local maxima. (C) Two-dimensional ROC-AUC score landscape with a red and black line segment indicating
hyperparameter space explored by the hyperopt and random search optimization functions, respectively. Here
we depict every other model tested by each of the two function in the interest of clarity. (D) Summary of the
LSTM neural network architecture.
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Length and charge were both derived from the original peptide search results and labelling

process. Mass and pI were generated using the pyteomics51,52(version 4.3.3) package

in Python based on the unmodified sequence of the peptide. The sequence was one-

hot encoded using Keras (version 2.2.4) with 22-member alphabet that included the 20

standard proteinogenic amino acids as well as the common modifications N-terminal

acetylation and oxidation of methionine. The multilabel random forest classifier was

developed based on the use of the OneVsRestClassifier wrapper function in tandem with

the RandomForestClassifier function in scikit-learn53(version 0.23.0) in Python. Although

all input features improved performance for some labels, charge and one-hot sequence

were crucial to performance of the model (Supplemental Figure 5.3A).

Three different strategies were used to optimize the hyperparameters for the random

forest: a parallel grid search, a random search using the RandomizedSearchCV function

from scikit learn, and a Bayesian search using the hyperopt54 package (version 0.2.4) in

Python. Hyperparameter optimization focused on five parameters: (1) number of trees in

the forest(“n_estimators”), (2) the maximum depth of the trees(“max_depth”), (3) the

number of features to use at each split(“max_features”), (4) the minimum number of

samples required at each leaf node (“min_samples_leaf”), and (5) the minimum number

of samples required to split a node (“min_samples_split”). The grid search tested 2191 total

hyperparameter combinations (Supplemental Figure 5.1) largely in parallel using the com-

pute resources and assistance of the UW-Madison Center for High Throughput Computing

(CHTC) in the Department of Computer Sciences. Due to computational limitations and the
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Supplementary Figure 5.3: Mapping label combinations.. Network plot connecting any co-occurring CV
labels with thickness of connecting line indicating frequency of label combination. (A) Combinations for all
human precursors (B) Combinations for training human precursors (C) Combinations for testing human
precursors. Both subsets mirror label combination distribution for human precursors overall.
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sequential nature of the random and Bayesian search, each was run for 50 iterations, with

weighted ROC-AUC used as the scoring metric. Despite the abundance of local maxima

and minima even when varying only two hyperparameters the hyperopt search was able to

identify fruitful areas of the parameter space (Supplemental Figure 5.3C). In the interest

of balancing recall and precision, a hybrid set of hyperparameters was used, combining

aspects of the Bayesian and grid optimization. The final set of hyperparameters utilize:

(1) 450 trees, (2) a maximum depth of 30, (3) 0.3807 of the features at each split, (4) a

minimum of 6 samples per leaf node, (5) a minimum of 9 samples to split a node. The

given hyperparameters for any machine learning problem can be infinitely iterated, but we

have identified here a strong hyperparameter set that significantly increased performance

as compared to the default hyperparameters. The Python code for all three hyperparameter

optimizations is available on GitHub.

In order to mitigate the label imbalance between the most common CV labels and the

rarest, training data for the random forest was labelled using lowered thresholds for positive

labels (Supplemental Figure 5.4). These thresholds are described in Table 5.4 and were

applied to the 70% human training data when testing against the 30% test set (Table 5.3).

These thresholds were also applied to the full human data when training the random forest

for validation against the E. coli precursor dataset Table 5.4).

Machine Learning - Neural Network The LSTM NN was built with keras, which is a

high-level interface to tensorflow (version 2.1). The exact anaconda environment can be
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Table 5.1: 5-fold Cross Validation of Random Forest Using True or Tuned Threshold for Training Labels..
Mean and standard deviation for performance metrics of 5-fold cross validation of the random forest using
the 70% human training dataset. Training precursors at each fold used true labels described in Figure 2 or
were re-labelled using the lower tuned threshold (Supplemental Figure 5). Using more permissive threshold
for training data substantially increased recall with minimal decreases in other performance metrics, despite
using true labels for all test sets.
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Table 5.2: Random Forest Training Label Thresholds. Proportional intensity threshold required for precursor
to be given CV label in the training dataset for the random forest classifier. Label thresholds were lowered for
training data in attempt to counteract the label imbalance between more CVs of higher magnitude and those in
the center.
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created using the file on the github repository at neural_net/tensorflow21.yml. Precursor

charge was appended to the front of the peptide sequence, and the string of charge and

sequence was converted to a string of integers for input to the neural network. Peptides

with length less than 50 were padded with an integer encoding “end” to ensure all inputs

were the same length. Neural network output was a string of 16 probabilities corresponding

to each of the possible CV values from -20 volts to -95 volts in steps of -5 V. A positive

class was assigned for any prediction > 0.5. The general neural network structure used

four layers with two dropout steps and one batch normalization: (1) an embedding layer

that converted the length 51 integers into vectors of real-value numbers, (2) the LSTM

layer, (3) dropout, (4) dense with ReLU activation, (5) dropout, (6) batch normalization,

(7) dense output with sigmoid activation. Binary cross-entropy loss was used with the

Adam optimizer. Keras-tuner was used to optimize the LSTM hyperparameters targeting

high ROC-AUC on the validation set with the hyperband algorithm. The hyper-parameter

optimization was done using 5-fold cross validation within the 70% human training data

slice. Possible hyperparameters were: (1) number of outputs from the embedding layer,

from 32 to 96 in steps of 32, (2) number of outputs from the LSTM layer from 32 to 96 in

steps 32, (3) dropout proportion from 0 to 0.5, (4) number of outputs from dense layer 1

from 32 to 96 in steps of 32, (5) dropout proportion from 0 to 0.5, (6) learning rate from 1e-4

to 1e-2 with log sampling. The optimal parameters were: (1) embedding layer output of 96,

(2) LSTM output of 96, (3) dropout #1 of 0.32255, (4) dense output of 64, (5) dropout #2 of

0.02152, (6) learning rate of 0.001758. The best hyperparameters were then used to find
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the best number of epochs with early stopping monitoring the validation set ROC-AUC in

5-fold cross validation, and the 52 epochs was best. A model was then trained using all

the 70% human training data, and the performance was evaluated using the held-out 30%

human test set. A second model was then trained using all 100% of the human precursors,

and this model was evaluated with the second external test set of 40,000 precursors from

E. coli.

Data and Code Availability Raw mass spectrometry data and MS-Fragger search outputs

are available from the MassIVE55 repository (massive.ucsd.edu project MSV000085707,

password: faims) or Pride (PXD021174). Skyline documents containing quantitative data

for each peptide are available on Panorama56 (https://panoramaweb.org/AOueYU.url)

The skyline reports, processed data, and machine learning code is available on GitHub.

Results

Data Overview Previous work demonstrated the benefit of proteomics data collection

methods combining multiple CVs; the greatest increase in peptide identifications was

observed when utilizing settings spaced 15V apart14, suggesting that peptide ions have

a FAIMS CV transmission range of less than 15V. In order to better resolve the degree of

transmission, we acquired data using the narrow spacing of 5V bins (Figure 5.1A). After

processing, a total of 128,402 and 42,719 unique peptide ions (redundant peptide sequences

with different charge states were counted multiple time) were identified in human and E.
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Supplementary Figure 5.4: Alternate training label threshold for random forest. (A) Number of positive
labels as the labelling threshold is increased for each CV bin. Dotted green line indicates 0.5 threshold. Dotted
blue line indicates lowered threshold tuned to better match prediction numbers to true label numbers in the
random forest. (B) Number of true (red) and predicted labels that result from training the random forest
using the true labelling scheme (green), or a lower, tuned labelling threshold (blue). When training with more
conservative true labelling scheme, random forest substantially underpredicts labels at all bins and results in
high number of peptide ions with no predicted label (“None”)
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coli samples, respectively. Most peptides were charge state 2 (56.7%) but many were also 3

(35.1%), 4 (7.1%) and 5 (1.1%) (Figure 5.1B).

This high-resolution FAIMS CV data from 5V steps showed that although transmission

of individual peptide ions can be quite variable, in aggregate, peptide ions exhibit substantial

transmission (>50% of max) across 1-3 of the 5V bins tested here. When grouping peptide

ions by their most transmissive CV (CVmax), groups exhibit different average transmission

distributions. Peptide ions with maximum transmission at lower magnitude CVs close to 0

tend to have narrower shapes, while those that favor higher magnitude voltages exhibit

wider distributions. Although in aggregate the peptides seem to have a normal distribution

(Supplemental Figure 5.1), individual cases are often much more irregular in distribution

(Figure 5.1B), further motivating our multilabel approach.

Relationship Between, Charge, CV, and Retention Time Unsurprisingly, we observed

charge state to be the most important factor in deciding the distribution of peptides across

the CV space. This relationship between peptide or protein charge state and differential ion

mobility has been widely reported in many types of ion mobility24–27 including FAIMS14.

Although there appears to be a broadly inverse relationship between peptide charge and

CV, it is not linear, and higher charge states exhibit narrower CV distributions. For example,

90% of charge state 5 peptide ions were observed between CV -45 V and -55 V, with -50

being the most populated bin, whereas only 23% of charge state 2 peptides are observed in

this range (Figure 5.1D).
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Figure 5.1: Experimental and Data Overview. (A) Experimental Design. Human and E. coli protein lysate
were denatured and digested with trypsin and lys-C before being analyzed using a series of data-dependent
single-CV one-hour analyses. More than 120,000 and 40,000 peptide precursor ions were quantified for Human
and E. coli samples, respectively. (B) Pie chart depicting the proportion of identified peptide ions from each
charge state for all human peptides, a majority of which are 2+. (C) Intensity distribution for three charge states
of example peptide VLQCHKPVHAEYLEK across experimental CV range with replicates shown. Different
charge states exhibit different CVmax as well as different transmission distributions. (D) Density plot of
number of human peptides observed at each charge state and compensating voltage across the mass-to-charge
range. Observe distinct distributions by charge state. (E) Density plot depicting number of human peptide
ions observed at each compensating voltage for the duration of the method, sorted into 0.5 minute RT bins.
Horizontal bar plot depicts the median peptide intensity at each compensating voltage. Combined indicates
number of unique human precursors identified across all FAIMS CV experiments at each point in the gradient,
with the horizontal bar representing the median intensity of all identified human peptide ions.
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Given the prominence of mass and charge state as features in our models, one could

imagine the utilization of a more interpretable linear regression model based on these

two variables alone, as has been used previously57. However, when relying on these

two features but removing one-hot encoded sequence we observe a dramatic drop in

performance (Supplemental Figure 5.2A), indicating the necessity of a more complex

model allowing incorporation of sequence information.

FAIMS can enhance detection of low abundance peptides by filtering out high abundance

components of complex peptide mixtures. At more extreme CV settings, we observed a

greater simplification effect, as indicated by reduced peptide observations. When overlaying

all precursors from across the full CV range we identify >2000 peptide ions per min for

much of the method duration (Figure 5.1E, "combined") indicating the increased depth

provided by FAIMS. Further supporting the theory that greater filtering leads to increased

detection of low abundance peptides, we observed decreased median intensities at the

edges of our measured CV range (Figure 5.1E). Median intensity largely mirrored precursor

observations across CV space with a maximum at -45 V and minimum at -120 V, the most

and least populated CV bins, respectively.

A Model Solution Based on the data shape we aimed to develop a model that would take

peptides as input and output transmissive compensating voltages. Although compensating

voltage is in reality a continuous variable, its discrete nature here led us to a classification

model where peptide ions would be given a label for each compensating voltage included
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in our experimental dataset(5V bins from 20 to 95). A positive label(1) would indicate

substantial transmission at that CV setting, while a negative label(0) would indicate poor

or no transmission. We selected a multilabel classification framing with the objective

of identifying the 1-3 most transmissive compensating voltage settings. Two technical

challenges arose from this multi-label strategy and objective: (1) converting continuous

intensity into a binary label indicating substantive transmission at an individual setting (2)

Compensating for large label imbalances commonly found in classification problems58.

Initially, true positive labels were assigned to all settings with proportional intensity

>0.5. This labelling scheme led to common co-labelling of peptide ions transmitted at

higher magnitude voltages (-45 to -95) due to their broader transmission distribution

(Supplemental Figure 5.1), ), including ions with seven or more labels. In hopes of

increasing discriminatory ability, labels were assigned based on a precursor’s highest

intensity CV (CVmax). A CV bin was assigned an additional positive label if it was greater

than both 0.5 and the average proportional intensity of the second-best setting for peptide

ions sharing that CVmax (, Figure 5.2). This labelling scheme allowed for more conservative

label prediction, with a focus on the top 1-3 labels discussed above, and a compensating

effect for peptide ion groups with broader distributions. This labelling scheme also reduced

the number of ions with 6 or more labels by >30%.

Label imbalances make classification tasks difficult59, which can be compounded in

multilabel schemes60,61 due to the wealth of negative labels. In our full human peptide

ion dataset (128,000 peptide ions) our rarest label (CV=-20) includes 727 peptide ions,
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Figure 5.2: True Positive CVmax-specific Labelling Scheme. Labelling thresholds are based on the average
transmission distribution of peptide ions that share a CVmax. The threshold is set at either 0.5 or the average
proportional intensity of the second-best compensating voltage, whichever is higher. (A) On average peptide
ions with CVmax = -30 have a proportional intensity of 0.3 at -35 V, their second-best setting. (B) Because
in this case of 0.3 < 0.5, our theoretical example peptide ions receives a positive label for each setting with
> 0.5 proportional intensity. (C) In contrast, precursors with CVmax = -85 have an average proportional
intensity of 0.75 at their second-best setting, -80 V. (D) 0.75 > 0.5 so our second example peptide receives a
positive label for each setting with > 0.75 proportional intensity. This strategy leads to the theoretical example
+2PEPTIDEEIGHTY receiving the two labels with the greatest transmission rather than five resulting from a
0.5 threshold.
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composing <1% of the peptide ion population. These imbalances lead to substantial

underprediction from our random forest model across all labels with >40% peptide ions

receiving no predicted labels (Supplemental Figure 5.4). A common solution in the field

involves oversampling positive labels through resampling or addition of synthetic training

data62–64. To increase the number of predicted labels by the random forest, we allowed the

model to see more of each label class during training by lowering the proportional intensity

threshold used to assign additional labels in the training data without changing the test set

label threshold. This increased training label number, leading to an increase in predicted

labels and predictions that more closely matched our true labels to improve recall and

F2 score (Supplemental Figure 5.4) at the minor expense of thresholded accuracy (Table

5.1).

Performance: Human Tests Metrics The human peptide data was split into 70% training

and a 30% testing based on multi-class membership with scikit-multilearn50 (Figure 5.1A),

which preserved the proportional distribution of labels (Supplemental Figure 5.2). Both

models were effective at predicting optimal CV settings (Table 5.3) with the RF and NN

producing binary accuracies of 0.81 and 0.90, respectively, compared to 0.49 for a uniformly

random dummy classifier. The NN showed greater precision (NN = 0.66 vs. RF = 0.44)

and reduced false positives, resulting in a greater ROC-AUC score (0.94 vs. 0.86). The RF

model favored selection of a greater number of relevant elements at the expense of false

positives leading to increased recall (RF = 0.83 vs. NN = 0.56) and F2 score (0.70 vs. 0.58).
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Table 5.3: Performance Metrics when Training and Testing using Human Dataset. Binary accuracy, preci-
sion, recall, F2 and ROC-AUC are all calculated when training each model and an averaged ensemble using
70% of the human data and testing against the remaining 30%. At least one match describes the proportion of
peptide ions that share at least one positive label between experimental labels and predicted labels.
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One utility of predicting FAIMS CV is for targeted method design. Given the continuous

nature of compensating voltage, perfect matches between the profiles of predicted and

experimental settings are uncommon. However, even a reduction in the possible CV range

from 100 V (twenty possible) to 20V (four possible) would be useful in experimental design.

With this utility in mind, we quantified the proportion of peptide ions in which at least

one label was predicted correctly. We found that 75% and 90% of peptide ions had at least

one label in common between the predicted and experimental labels in the neural net and

random forest, respectively.

Performance: E. coli Test Metrics E. coli labels were assigned in the same manner as

the human test data labels (Materials and Methods). When both models were trained

using the full human peptide ion data set and validated against a group of E. coli peptide

ions novel to the model, overall prediction metrics were quite similar, with only minor

declines in performance (Table 2). All metrics were similar suggesting the recognition of

underlying peptide ion properties by both algorithms and the application of these properties

to transmission predictions.

ROC curve and CV-specific Performance Labels Receiver operator characteristic curves

(ROC-AUC) for E. coli label predictions help to visualize the per-CV performance of the

models. Both models exhibit variable performance across the different CV labels(Figure

5.3). Interestingly, the algorithms exhibit greatest area-under-the-curve for labels with
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Table 5.4: Performance Metrics when Training with Human Dataset and Testing against E. coli Dataset.
Binary accuracy, precision, recall, F2 and ROC-AUC are all calculated when training each model and an
averaged ensemble using 100% of the human data and testing against the full E. coli precursor dataset. At least
one match describes the proportion of peptide ions that share at least one positive label between experimental
labels and predicted labels.
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fewer observations, approaching unity in the ROC curve for -25 and -20 CV. The models

struggle most within the middle voltage range (-45 to -55), despite a wealth of examples in

the training data. This may be caused by the peptide ions in this range commonly having

>3 labels, leading to difficulty in identifying discriminatory properties. This effect may

also be a result of conservative labelling scheme that disfavors middle labels by providing

higher thresholds, leading to the appearance of poor performance in this range.

Individual Peptide Examples To better understand the prediction qualities of each model,

we picked illustrative examples with true labels spanning the CV space from the E. coli test

set. This analysis revealed that the distribution of CV prediction probabilities mirrored

the true intensity distributions (Figure 5.4). These individual peptides examples highlight

the differences in metrics - described in aggregate above - between the two models. The

neural net provides a more selective set of labels, while the random forest generates wider

distributions with higher probabilities, resulting in more false negatives and false positives

for the NN and RF, respectively. Despite these differences in label predictions, both models

reflect the asymmetrical transmission distributions that broaden as the voltage increases in

magnitude. These examples illustrate the capacity for machine learning to parameterize

the chemo-physical properties of peptides to predict their ion mobility in CV space.

Based on this observation of complementary predictions, we wondered if an ensemble

of the model’s predictions would provide improved performance. The class predictions

for each model were averaged, and the same metrics were re-computed using the average
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Figure 5.3: Receiver Operator Characteristic Curve for E. coli Predictions. Receiver operator characteristic
(ROC) curve for each compensating voltage label in each of the two models, the neural net and the random
forest when predicting labels for E. coli peptide ions. Observe slightly better area-under-the-curve (AUC) from
neural net across all CV labels. Both models exhibit best performance on voltages closest to zero.



233

Figure 5.4: Example Peptide Prediction Probabilities. Prediction probabilities and proportional intensi-
ties for the tested CV settings for each of four example peptide ions: YEDESLNLGDYVEDQIESVTFDR +2,
CDILEPGTLQGYDR +2, AMDVDGM(Ox)GDK +2, and VSLHM(Ox)HQGSPTQIADAVSK +2. For experi-
mental data, dark grey indicates positive labels and light grey indicates negative labels. For predictions, green
indicates true positives blue indicates true negatives, red indicates false positives and purple indicates false
negatives.
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probabilities (Table 5.3 and Table 5.4). Nearly all the metrics fell between the original

values of the two separate models. However, F2 score, which summarizes both precision

and recall as the harmonic mean, was higher for the ensemble than for the either model

alone, suggesting a benefit in combining the two separate prediction strategies.

What Drives Incorrect Predictions? To better understand what causes the models to be

incorrect, an incorrect prediction was traced back to the raw data (Supplemental Figure

5.6). This peptide ion was predicted to transmit through FAIMS at CVs -55, -60, -65, and -70,

but was assigned true labels of -50 and -55. Inspection of the precursor ion areas across the

individual CV runs appears to show high signal in CV settings of -50 and -55 as the peptide

ion was labeled, but there was an apparent low level of precursor signal in some of the

predicted channels with higher precursor shape matches to the theoretical envelope pattern

(idotp, as generated by Skyline). A view of the extracted ion chromatogram (XIC) from the

CV of -55 shows one prominent peak with a much smaller peak in the future by 0.3 minutes.

Further inspection of the precursor isotope pattern of the more prominent peak from the

XIC in the “true” label CV -55 analyses showed that the incorrect peak was chosen; clearly

the M+1, M+2, and M+3 peaks of a different peptide were integrated. After correcting the

integration to the second, smaller peak, the distribution of integrated peaks better matched

the values predicted by the neural network. Therefore, in this case, the model predictions

were more accurate than the “true” labels. This highlights the importance of generating

ground truth data for model training, and also highlights the difficulty of data labeling for
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this task of peptide ion mobility through FAIMS.

Discussion

FAIMS offers an opportunity to increase proteomic depth and sensitivity without increasing

sample preparation time. However, the promise of improved targeted sensitivity, further

developments in targeted FAIMS methods, and new ideas for discrimination of true and

decoy matches is currently slowed by necessary method optimization experiments. We

present here a pair of machine learning models that when applied individually or in tandem

allow the circumvention of the empirical FAIMS method development process by predicting

optimal compensating voltages for peptides of interest. The models display excellent

predictive performance when validated against a naïve collection of E. coli peptide ions

exhibiting 0.88 and 0.93 ROC-AUC for the random forest and neural net, respectively. The

models also show the capacity to approximate the transmission distributions of individual

peptides across voltage range used here.

The multilabel classification strategy utilized here represents a substantial divergence

from the regression-based algorithms commonly used for ion mobility behavior prediction.

This strategy capitalizes on the distinct transmission distribution of individual peptides

and interprets and predicts a two-dimensional shape. Although we believe multi-label clas-

sification was the optimal approach to frame the problem, this strategy introduced several

technical challenges, including variable CV transmission profiles and label imbalances. We

adapted our labelling scheme to provide the most useful prediction information, which we
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Supplementary Figure 5.5: Example of “wrong” prediction due to incorrect automated peak picking in
Skyline.. (A) Peptide sequence and table of predicted and true labels. Panels B-D show the automated
peak picking by Skyline without adjustment, and E-G show after adjustment. (B) Peak areas for the peptide
precursor across FAIMS CV duplicates. The most intense signal is at CV = -50 and CV = -55 replicates, which
were assigned as true labels. The average peak areas of CV = -45 and CV = -60 duplicates would be less than ½
of the maximum and were not chosen as true labels. (C) Extracted ion chromatogram (XIC) of the precursor
in one of the CV = -50 replicates showing good peak shape. (D) Peptide precursor ion envelope from the apex
of the peak in (C) reveals that the signal comes from M+1, M+2, and M+3 isotopes of a different peptide
precursor. (E) Peak areas over FAIMS CV duplicates after adjusting integration to the correct peak. (F) XIC of
the peak in the CV = -70 replicate where the peptide was also identified. (G) Peptide precursor ion envelope
at the apex of the peak in (F) showing the correct isotope shape.
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decided was a small set of optimal CV settings rather than a large range.

The models performed well on a true test of model-naïve E. coli peptide ions, with

the strongest performance observed for CV bins with the fewest training examples. This

performance suggests generalizability of these models to tryptic peptides regardless of

sample source without a need for additional data collection. Interestingly, the models

performed worst when making peptide transmission predictions for the most populous

voltage range of the training data. This decreased performance indicates that although we

have the capacity to survey a greater number of peptide ions, it may not be beneficial to

predictive accuracy.

When combining peptide identifications across our entire voltage range, we identified

more than 120,000 human peptide precursors using a one-hour LC gradient method. These

peptide ions represent the peptide space accessible to a FAIMS-integrated mass spectrome-

try method. Our CV prediction methods allow for access to this vastly expanded peptide

ion space for any organism or any tissue. These models add to the ever-expanding toolkit for

developing LC-MS methods in silico, which includes predictions for spectral fragmentation

and retention time. When used in tandem, these tools allow for greater depth in untargeted

experiments (e.g. DIA) and increased sensitivity and quantitative accuracy for targeted

experiments (e.g. PRM). This could be especially useful for challenging tissues or cell

types, such as plasma or cerebrospinal fluid.

We have also made the prediction models available as a webtool to allow for users to

generate transmission predictions for peptides of their choice. As an example, we entered
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the coronavirus peptide +2QQTVTLLPAADLDDFSK around which Renuse and colleagues

recently developed a targeted parallel reaction monitoring method using FAIMS for rapid

diagnosis of COVID65. Our ensemble model would have classified voltages -30 and -35

as transmissive settings, overlapping with their chosen CV of -30, without any need for

optimization experiments. Increasing development speed in this way can be crucial in

diagnostic development especially in the case of infectious diseases.

Many parameters, such as those associated with chromatographic gradients, electro-

spray ionization, mass spectrometry instruments and data searching, can affect identifi-

cation and quantification of peptide ions in data-dependent experiments. Despite these

parameter differences, when comparing overlapping peptide ions from our human dataset

to those recently collected by Bekker-Jensen and colleagues using FAIMS and substantially

shorter gradients21, we observe similar transmission patterns (Supplemental Figure 5.6).

Although our analysis here focuses on largely unmodified tryptic peptides, based

on our success, we expect ions from modified peptides or metabolites will be amenable

to prediction of FAIMS transmission. Our human peptide dataset included N-terminal

acetylation and oxidation of methionine, increasing our peptide sequence alphabet to

22. The available residue alphabet could easily be expanded to include other commonly

modified residues allowing for predictions of a wider peptide space. Given the base of

these effective models, retraining for modified peptides and non-tryptic peptides should

be straightforward given a set of at least 10,000 additional training examples. We expect

that our success in modeling peptide transmission through FAIMS could potentially be
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Supplementary Figure 5.6: Overlap of Max CV. Density plot indicating correlation of CVmax setting for 33,420
precursor ions commonly identified between the human dataset used here, and that from Bekker-Jensen et al 21
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replicated for lipids or polar metabolite transmission profiles. Our machine learning

modeling results more generally will also inform future machine learning studies that use

peptides as input. Altogether, we expect these tools to be widely adopted in studies that

utilize FAIMS.
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Summary

Mass spectrometry (MS) has become a powerful tool for characterizing the proteomic het-

erogeneity of healthy and diseased human populations, tissues and cells. MS and associated

technologies allow direct measurements of the protein abundances rather than relying on

the inference that occurs in analysis of nucleic acids through genomics and transcriptomics.

Continued advancements are needed in specialized sample preparation, acquisition strate-

gies, analysis speed, sensitivity, precision, and adaptability to novel sequences to maximize

the tool’s effectiveness. This dissertation examined existing technologies and techniques,

attempted to address challenges in their application to research projects relevant to hu-

man health, and proposed future directions to advance and capitalize on the most current

technologies. More specifically it provided additional biological insight into the human pro-

teomic perturbations induced by stress, aging and neurodegeneration, as well as advancing

technological and methodological strategies for these types of investigations. Characteriz-

ing human proteomics in situ presents a multifaceted challenge, with proteomic diversity,

small fold changes of interest, heterogeneous cell populations, temporal dynamism and

large dynamic range all presenting substantial obstacles. To avoid these issues, researchers

use model organisms and primary cell culture to study human protein expression in disease.

Yet these models often fail to encompass the full complexity of human organisms, which

can be crucial in the development of treatments and interventions, especially in highly

structured organs like the brain. In the first chapter, these challenges are detailed, along
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with the underlying concepts of instrument operation and the basic sample preparation

and analysis workflow. Chapter two describes regional protein signatures for nine different

regions of the human brain and demonstrates the interaction between these region-specific

proteins and protein changes in Alzheimer’s disease(AD), as well as those that occur during

the normal aging process. The chapter that follows uses an age- and sex-matched sample

cohort to develop an efficient and scalable proteomic analysis for cerebrospinal fluid (CSF)

in AD. In the fourth chapter, a human proteomic analysis of saliva collected before and

after a simulated combat mission identifies three cellular systems affected by the associated

stress: innate immunity, protein processing and metabolism. The fifth chapter presents

a model for sequence-based prediction of peptides’ transmissive compensating voltages

in the ion mobility device, FAIMS. The biological insights gleaned from our analyses in

these research areas represent a series of contributions to expand the knowledge base of

the human proteome in health and disease. These insights can inform future hypotheses

and expanded analyses. Future developments in analytical methodology and technology

follow a similar path, with advances building on existing tools or utilizing them in novel

combinations or applications. The following section details some of these new applications

and additional investigations that stem from our findings in saliva and the central nervous

system (CNS), and how they align with the future objectives and challenges within the

field of human proteomics.
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Additional Biological Analysis

The saliva proteome and stress Saliva has historically been an attractive diagnostic tissue,

with relatively straightforward, low-risk collection1,2, recently gaining great popularity in

the monitoring of the SARS-COV2 pandemic3,4. Extensive work has been done mining

the salivary proteome for biomarkers in oral disease such as periodontitis5–7 and oral can-

cers8,9, as well as a variety of non-oral conditions10–14. MS-based proteomics has played

a foundational role in the characterization of the oral microbiome15. Research targeting

the salivary proteomic and metabolomic effects of physical and mental fatigue has also

been conducted16,17. Improvements in analytical technologies have led to better characteri-

zation of affected molecules, with increasing numbers of stress-associated peptides and

proteins18,19.

While investigating the proteomic effects of stress caused by a simulated combat mission

(as described in chapter 4) the authors observed changes in proteins associated with the

complement system, gluconeogenesis and protein processing in the endoplasmic reticulum.

The most concerted changes were a stress-associated upregulation of complement proteins

and gluconeogenesis enzymes. Although these experiments identified more than 300

proteins as significantly associated with stress, the enrichment of proteins from these three

functional pathways show much more promise in understanding the biological effects of

stress. Future analyses should focus on proteins involved in these pathways, surveying

them by targeted mass spectrometry or other non-MS proteomic methods
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Beyond targeted MS experiments, our research findings suggested that several addi-

tional proteomic investigations would expand our understanding of stress mechanisms,

biomarkers and potential impacts on human behavior and health. Small molecule perturba-

tions during acute stress events were observed in our analysis, and proteomic perturbations

within short timeframes(< 1 hour after stressor) have also been observed in humans pre-

viously20. Application of our global protein analysis to samples from acute stress events,

as opposed to more medium-term sustained stress of the mission overall, could identify

additional stress-associated proteins or changes of larger magnitude. Further, If the acute

stress event took the form of a training exercise, protein measurements could be aligned

with performance, along with other common metrics of stress/fatigue, such as cortisol21,

alpha-amylase22, or creatine kinase23,24 levels in blood. Lastly, given the connection between

the gut microbiome and psychological stress in mammals25,26, and our findings regarding

immunity and metabolism, salivary microbial profiling could be useful in monitoring the

impact of stress on health.

Although saliva is relatively easy to collect, several preparation challenges need to be

addressed to expand the fluid’s utility for proteomics. The signaling events in human

saliva often rely on the cleavage of specific peptides and proteins by proteases27. These

enzymes cleave proteins into non-tryptic peptides, which fail to be matched during data

searching. These proteases can be denatured by heat, high concentrations of organics

and chaotropic agents such as urea, but efficient inactivation will be an important step in

bringing any analysis to scale. Alternatively, as MS data searching becomes faster, and
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higher resolution spectra are available, spectra can be matched using a search in which a

protease is not specified28. Another challenge of accessing the salivary proteome comes

from variability in protein content and viscosity among individuals. Protein concentrations

differing by more than an order of magnitude is common in saliva. This dynamic range can

significantly inhibit throughput when samples are prepared manually, and cause difficulties

when transferring precise volumes. The field has responded to these challenges in sample

preparation by designing specialized preparation traps29 and methods with reduced liquid

transfer29,30. Automated liquid handling systems have greatly improved throughput in

proteomic analysis of plasma31, serum32 and solid tissues33,34, although presently this

technology is largely restricted to nucleic acid analysis in saliva35,36. Continued innovation

in sample preparation and data searching will allow raw saliva analysis to be performed at

an even greater scale.

Proteomics in the study of neurodegeneration roteins play a critical role in the age-

associated neurodegenerative condition Alzheimer’s disease (AD), yet many aspects of

pathological mechanisms remain unclear37,38. This fact may explain why no drug currently

exists to substantially inhibit or reverse AD, despite the health burden of the disease39.

MS-based proteomics has assisted in the characterization of two of the key pathological

proteins: microtubule-associated protein tau and amyloid precursor protein40–42. As tech-

nology has improved, mass spectrometry has allowed for the simultaneous monitoring of an

ever-growing number of proteins in the nervous system. Improvements in complementary



258

analytical and biochemistry techniques have permitted protein profiling of increasingly

narrow subgroups including synapses43, cell types44,45, insoluble populations46, and neu-

roanatomical regions47,48.

We applied these cutting-edge proteomic technologies to investigate the effects of age

and neurodegeneration on the central nervous system in both postmortem tissue (Chapter

2) and in living participants (Chapter 3). Both approaches are essential in clarifying the

dynamics of proteins in the inception and progression of AD.

Chapter 2 describes the regional protein signatures identified in the brain, with substan-

tial overlap observed between region-associated proteins and those related to AD. Regional

protein shifts resulting from the normal aging process were also elucidated by comparing

to publicly available proteomic data acquired from middle aged adult brains48. Under-

standing the brain proteome as regionally distinct plays an important role in understanding

the large heterogeneity in the symptoms of Alzheimer’s and aging49–53. At the time of

publication, this analysis represented the largest regional proteomic survey of the aged

human brain based on the number of sections. Since then, interest has continued to increase

in region-specific effects in a variety of biological processes and health conditions54–58.

Although post-mortem tissue is required to make region-specific conclusions, increased

understanding of disease progression and improved detection requires sampling from living

individuals. Chapter 3 detailed a favorable proteomic analysis and acquisition strategy

for a structured cohort of cerebral spinal fluid (CSF) samples targeting AD. Despite limits

on statistical power due to sample size, we identified three highly significant proteins and
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several groups of proteins at lesser significance that had been previously associated with

AD. The pilot analysis described in this chapter provided a methodological foundation for

expanded biological inquiry in CSF, particularly when focusing on Alzheimer’s.

Future CSF studies will be able to apply our methodology to increasingly complex

samples and targeting intermediate disease stages. Our pilot analysis categorized cases

based on positivity for both tau and amyloid biomarkers in order to emphasize contrast

between proteomes. However, AD progression is highly nuanced and complex, and many

intermediate disease groups exist59,60, suggesting the value of including multiple AD

subtypes. Several recent large-scale analyses of proteins in CSF have included multiple

disease groups, indicating differential protein abundances between them61–63. The addition

of intermediate disease groups attempts to capture the molecular timeline of pathological

progression in a somewhat generalized manner. The most informative disease timeline

would be developed from a long-term longitudinal study where samples are matched

within individuals and paired with clinical monitoring. This would allow for molecular

changes in the neurological environment to be linked to clinical symptoms. Recent studies

of this type have allowed for the identification of clinically predictive biomarkers such as

neurofilament light chain64.

Our research also identified critical avenues for future study of the regional brain pro-

teome. Continued expansion of the diversity of brain regions analyzed by proteomics will

be key in understanding the myriad effects of age and neurodegeneration. The brain serves

a multitude of functions with hundreds of distinct structures, substructures, and cell popu-
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lations contained within. Several groups have undertaken more extensive regional surveys

of the proteome examining more than double the number of regions studied here65–67.

Their intent is to begin to complement the existing transcriptomic resources for which

anatomical regions number in the hundreds68. Our analysis correlated experimentally-

identified, region-specific proteins with AD-associated proteins from the literature, with

some experimental overlap of region and AD. Future experimental endeavors comparing

control and diseased tissues could span across a greater number of anatomical regions, iden-

tifying additional regional disease effects. Many efforts of this type are already underway,

comparing AD effects across more regions61,69,70.

Continued Technological and Methodological Development

The biological investigations discussed above are possible because of recent advancements

in mass spectrometers and their associated technologies. Over the last 20 years, mass

spectrometers have become faster, more sensitive, and more accurate. Ion mobility and

liquid chromatography instruments have also increased their separation capacity and

precision. As one example, in 2013, Zubarev and co-workers identified nearly 5,000 proteins

from cultured human cells in 4 hours of analysis71. One year later, work in our group

would identify 4,000 proteins in just over one hour of analysis72. By 2018, with the addition

of FAIMS, nearly 5,600 proteins could be identified in one hour of analysis time73.

As we approach feasible surveillance of a near-comprehensive proteome, many of the

remaining challenges relate to quantitation of low abundance proteins and the balance of
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proteomic depth with throughput. Addressing them requires the type of methodological

and technological innovations detailed in chapters 3 and 5, where sample preparation

and data acquisition strategies are applied to maximize the physical capacity of the mass

spectrometer. Interestingly, many of the most intriguing future directions for the FAIMS

prediction models generated in Chapter 5 can be applied to the topic of neurodegenerative

disease and proteomic surveillance of cerebrospinal fluid.

Predictive modeling for mass spectrometry parameters Algorithmic predictions of pep-

tide ion parameters such as mobility were developed long before “machine learning”

entered the common research vernacular. Building on Valentine’s work assigning intrinsic

size parameters to amino acids residues74,75, two competing groups developed neural

nets for predicting ion drift time in 201076,77. Since then, prediction algorithms have been

developed for fragmentation spectra78,79, retention time80 high-signal peptides80,81 and

collisional cross sections82. Chapter 5 described the development of two models, a random

forest and a neural net, for predicting transmissive compensating voltages (CV) when using

the ion mobility module, FAIMS. Their efficacy, alone and in combination, was demon-

strated by training using a dataset of 128,000 human peptide precursor ions before testing

prediction performance for a set of 40,000 E. coli peptide precursor ions naïve to the models.

Both models showed excellent binary accuracy, with the random forest exhibiting greater

recall, while the neural net provided enhanced precision.
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Expansion of the residue alphabet. The models currently rely on a sequence feature

component that accepts all canonical amino acids as single letters, as well as oxidation

of methionine (represented as “m”) and N-terminal acetylation (represented as “a”).

Several recent studies have indicated the FAIMS module’s capacity to separate peptides

based on post-translational modifications83–85, suggesting a benefit to predictions regarding

transmission of modified peptides. In the future, the acceptable residue alphabet could be

expanded to include several of the most common modifications, such as phosphorylation,

methylation, and acetylation of different side chains. The models could also be expanded

to include more complex modifications, such as glycosylation, although the oligomeric and

branched nature of glycans would make this challenging for all but the best characterized

glycan motifs.

Synergistic applications with existing prediction technologies Several other existing

prediction tools can be used in concert with the models to develop optimized proteomics

experiments in silico. Targeted experiments are the most straightforward application, as CV

predictions could be combined with predictions of retention time and high-signal peptides

to create an optimized, scheduled parallel reaction monitoring experiment. However, the

largest benefits would result from global proteomics experiments where CV windows

are scheduled along predicted retention time to favor additional protein identifications.

These in silico-designed global proteomic experiments could be tailored to the proteomes

of specific tissues or cell populations. Broad hypothetical examples of both experiment
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types- targeted and global -are provided below.

Imagine a situation in which we hope to precisely quantify the abundance of four

proteins (Figure 6.1). These four proteins could be digested in silico into their respective

peptides, with the peptides generating the greatest ion current selected using the prediction

tool developed by Vincent Fusaro and colleagues81. Once target peptides had been selected,

transmissive CVs would be predicted based on sequence, using the prediction tool described

above. Chromatographic retention time(RT) would also be predicted based on sequence

using DeepRT80, a neural net for predicting retention time. With peptide parameters in

hand, CV and m/z isolation could be scheduled based on retention time of target peptides

(Figure 6.1). This would allow for improved separation and isolation of peptides, and in

turn improved fragment spectra and quantitation, all without use of sample material or

instrument time for optimization.

In another use example, retention time and compensating voltage predictions could be

applied to increase protein identifications in global data-dependent proteomics experiments.

A whole proteome could be digested into component peptides in silico, which could then

be mapped across CV-RT space similarly to Figure 5.1E. Compensating voltage could then

be scheduled across retention time, specifically favoring the sequencing and scanning of

peptides derived from previously unidentified proteins or proteins with low sequence

coverage. In contrast to the targeted method described above, a series of MS1 and MS/MS

scans would be collected in a data-dependent manner in each CV-RT window. This strategy

may prove even more effective when applied to specific cell types or tissues, such as CSF,
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Figure 6.1: Simulated Scheduled PRM Experiment using CV and RT predictions. Table shows target pep-
tides along with retention time (RT), mass-to-charge(m/z) and favorable compensating voltage (CV). Line
plot depicts short retention time windows at which scans would be collected using the indicated compensating
voltage, with each window labelled by the targeted peptide.
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given their reduced proteomic complexity. Method design using this optimization strategy

may also allow for shorter gradients. Chromatographic gradients as short as five minutes

have already been utilized in combination with FAIMS successfully86, as well as direct

infusion with no liquid chromatography87.

The rapid development of objective-specific human proteomic methods, whether based

on specific tissues, diseases or individuals is key to advancing mass spectrometry-based

proteomics as a tool for improving human health. Although the examples provided here

are quite general, these method development pipelines are highly adaptable and could be

tailored to any tissue or disease.

Proteomics by mass spectrometry is an incredibly powerful tool for monitoring, de-

tecting, and understanding human diseases. MS-based proteomics has the capacity to

rapidly, accurately and sensitively quantify the molecular machinery of the cell. A host of

variables at the individual and cellular level affect protein abundance. To accurately capture

physiologically relevant proteomic changes, research must isolate, account for and quantify

these variables. As the findings and strategies described here are further advanced and

improved, mass spectrometry will add increasing value to the field’s understanding of the

role of proteomics in characterizing human health and disease. It is the author’s hope that

the contributions from this research will help others parse and illuminate the incredibly

complex and dynamic landscape that is the human proteome.
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Introduction

All human beings begin life as a single cell. The cell eventually divides into two cells,

then four cells, all with nearly identical DNA. Over time these cells begin to diversify,

some become skin cells while others become lung cells, organs with two very different

appearances and functions. Yet these cells maintain their DNA similarity with only small

differences that arise from errors in DNA replication as cells divide. Understandably some

mistakes are made when copying 6 billion bases to replicate the DNA. If each of these bases

were a word, it would be the equivalent of writing out Leo Tolstoy’s War and Peace more

than 10 times over. So how does the body develop the diversity to form these different

cell types, when all cells read from the same DNA script? It would be like Mercedes Benz

making every automobile they offer from a single blueprint. This differentiation occurs

in part through the control of proteins, the molecular machinery of the cell, which are

encoded in the genes of the DNA.

Where do proteins come from?

Proteins are made up of long chains of amino acids chemically bound together. Some people

might be familiar with amino acids as a dietary supplement. Protein expression describes

the generation of these proteins from the corresponding code in the DNA. Each cell must

translate the nucleic acid sequence that make up the genes within DNA into the sequence

of amino acids that make up proteins, similar to translating a book to another language.



285

Although DNA is made up of sequences of four possible letters, or bases, Adenine (A),

Guanine (G), Thiamine (T) and Cytosine (C), proteins are made up of a sequence of 20

possible amino acids. Three letter segments of nucleic acid encode a single amino acid

letter to allow for this increase in vocabulary (Figure 7.1). Segments of DNA are used as a

template to first generate an intermediate nucleic acid called RNA, before being translated

into protein sequences (Figure 7.1).

Many factors influence the quantity of proteins in a cell or tissue. Specific protein

enzymes read the DNA, translate new proteins and degrade old proteins, controlling the

protein life cycle. The accessibility of a DNA segment for reading, the speed of translation,

and the speed of degradation all impact a protein’s abundance (Figure 7.1). Some proteins

travel to certain parts of the cell or exit the cell entirely. The different presence, levels and

location of proteins in a cell differentiates the appearance and function of myocardial cells

in the heart from neurons in the brain. By measuring the changing abundances of these

proteins, researchers are able to better understand how cells function and whether they

are sick or healthy. As a single cell divides, the resulting differential protein expression

guides cells to form our lungs, hearts and brains. These proteins help form our “molecular

self” and in organs like our brain they help form our memories, emotions and personalities.

Similar to DNA, proteins make up who we are.
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Figure 7.1: Translation, the process of generating proteins from DNA. Gene sequences within the DNA are
first converted to sequences of RNA, another nucleic acid with a highly similar composition. This RNA is
then used as a template for translation into the amino acid sequence of proteins. Protein strands fold into
specific shapes that allow proteins to perform their functions. When proteins are no longer needed or start to
malfunction, they are degraded back to their amino acid components by degradation machinery.



287

Proteins in the brain

In the brain, specialized proteins and protein structures allow the transmission of thoughts,

storage of memories, control of movement, and the processing of sights, tastes and smells.

Proteins extruded from the cell build scaffolding that guides the growth and spread of the

tiny tendrils of neurons as the brain develops and matures1. This guide functions like a

roadmap for growing cells, allowing the formation of the diverse structures of the brain.

Protein receptors serve as docks for signaling molecules in the brain. These receptors allow

brain cells to communicate feelings of happiness or anxiety, like telephone lines connecting

buildings. Scientists have shown that proteins play a key role in storing our memories,

with alterations in proteins leading to loss of memories in mice1–3. As you are reading

this, protein shuttles transport the signal that tells your hands to move and allows your

brain to process words. When researchers constructed a compendium of human proteins

from 44 tissues, more than 30 proteins were found exclusively in the brain4. All of these

molecules work cooperatively in your brain to construct your personality, and allow you

to move, think and feel every day. Your brain is an incredibly precise instrument that is

tuned and operated based on changes in protein activity, location, and abundance. Due to

this precise operation, changes in protein characteristics can lead to disastrous and deadly

diseases in the brain, such as Alzheimer’s disease (AD).
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Proteins in Alzheimer’s disease (AD)

The two primary proteins in AD, tau protein and amyloid beta protein, damage the brain

by clumping together in a process called aggregation (Figure 7.2). As AD progresses,

sticky, thread-like tendrils of tau protein spread within neurons, eventually leading to

cell death, through a largely unknown mechanism. Outside of the cell, amyloid protein

aggregates to form large sticky clumps to which other proteins and amyloid molecules

adhere. Many times, these clumps grow large enough to impede communication between

neurons, like sticking a piece of gum on a circuit board. Interneuron communication plays

an important role in transmission of thoughts and emotions as well as promoting growth

of the neurons. Besieged by growing clusters from both inside and outside, many neurons

will cease to function and die as AD progresses, inhibiting cognitive abilities. The death of

these neurons has disastrous consequences as mature neurons no longer divide, meaning

this cerebral deforestation is largely irreversible. The brain attempts to fight back against

this aggregate onslaught, marshalling immune cells to remove the amyloid aggregates and

damaged or dying neurons, like bulldozers removing debris of a demolished building.

These cells are often overwhelmed by the sheer scope of growing protein clusters5,6. The

challenging nature of this battlefield is reflected in the fact that no drug currently exists

to substantially perturb or reverse the death of these brain cells, or neurodegeneration,

associated with Alzheimer’s. Understanding how different cell populations change and

work to remove these disease aggregates plays a crucial role in advancing treatments for
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Alzheimer’s disease. By measuring the protein levels in the nervous system, we can identify

AD-related changes in these cells.

Although our analysis occurs at a molecular level, that should not undercut the devas-

tating cost of Alzheimer’s on afflicted individuals and their families. In the US alone, an

individual is diagnosed with Alzheimer’s almost every 65 seconds7. As patients develop

these protein clusters, they begin to struggle to identify faces and remember people. They

find it more difficult to think of words and to speak. Many times, afflicted individuals will

eventually struggle to dress themselves and perform basic functions, like climbing stairs8.

Yet other patients, with similar genetic backgrounds or family history, show less severe

symptoms or symptoms that advance more slowly7,9–11. The diverse effects and progression

of AD makes developing treatment challenging12, but also provides hope that AD can

be managed by drugs or other therapies. If the field can identify the protein expression

differences between rapid and slow declining groups, we can target the affected systems

with drugs to slow the disease. We investigate the protein differences and similarities

caused by disease using an analytical technique called mass spectrometry.

Quantifying protein levels with mass spectrometry

Mass spectrometry identifies and quantifies proteins by relying on the predictable behavior

of charged molecules, or ions, in an electric field. If we think back to our introductory

physics course, or our younger siblings’ first relationship, opposites attract. This means

that a positively charged molecule in an electric field will move towards the negative pole
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Figure 7.2: Aggregate formation in Alzheimer’s disease. Tau protein clusters together inside of cells to form
strand-like neurofibrillary tangles, while amyloid protein forms amorphous clumps outside the neurons, the
primary cell of the brain.
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(Figure 7.3A). The speed of the molecule will depend on two factors: the mass of the

molecule and its charge. If we imagine the molecule as a car (Figure 7.3B), then the charge

would be the number of wheels. If the charge is higher, then the force pushing the car

increases, but if the car is heavier (greater mass) it takes more energy to speed it up and

slow it down (Figure 7.3C,D). Due to this relationship, the ratio of mass to charge can be

determined by applying an alternating electric field of known strength and measuring how

ions accelerate and decelerate. Given that charge is a whole number, ions can often be

identified using deductive reasoning for very simple mixtures with compounds of known

mass.

We prepare samples by first breaking protein sequences into smaller sequences called

peptides at specific amino acids (Figure 7.4). We then spray the peptides as tiny, charged

droplets into the mass spectrometer (Figure 7.4). As the droplets fly through the air, they

lose liquid until only the charged peptide remains (Figure 7.4). Inside of the instrument

we determine the different peptides’ mass-to-charge ratio. Once we have determined the

mass-to-charge value we match that against a database of all human proteins and their

component peptides in order to identify the peptide. The mass spectrometer uses an electric

field to guide the peptides to strike a detector, which generates a signal proportional to the

number of peptides colliding with it. We compare the relative abundances using this signal

level. We determine protein relative abundance from their component peptide abundances.
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Figure 7.3: Predictable movement of charged molecules. (A) Positively charged ion moves towards the
negative pole in an electric field. (B) If we imagine our charged molecule or ion as a car, wheels(charge) and
weight(mass) of the car determine how fast it can accelerate (C) If more there is more charge but the same
weight, the car can accelerate much more quickly (D) but a much larger car with the same number of wheels
accelerates much more slowly.



293

Figure 7.4: Detecting protein amounts. Proteins are first cut into shorter sequences called peptides. These
peptides are then sprayed in charged droplets which dry as they fly through the air, eventually losing all of
their liquid and leaving behind the charged peptide. Inside of the mass spectrometer, these peptides strike a
detector and generate an electrical signal proportional to the number of peptide ions.
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Regional brain protein analysis

A diverse set of structures and cell populations make up the different regions of the brain

similar to neighborhoods in a city. The cerebellum, which controls aspects of movement

and language, contains a high density of cells, like the busy downtown. While the cau-

date nucleus, which controls aspects of learning, consists of a long, stranded structure

like a coastal peninsula (Figure 7.5A). Both of these structures contain differing neuron

populations, which facilitate their different functions. The caudate nucleus houses a high

proportion of spiny projection neurons, while the cerebellum contains many more Purkinje

cells, a highly branched type of neuron. Differences like this exist for many of the structures

and areas of the brain. Given these differences, we hypothesized that the damage caused

by the protein aggregates described above may lead to unique responses for the different

areas of the brain. We also theorized that differential regional effects in brain proteins

could contribute to the wide diversity of clinical symptoms in AD. We identified overlap

between proteins specific to certain brain regions and those affected by disease, suggesting

that regional disease effects do exist. We also identified region-specific proteins that were

altered by the normal aging process, a process closely intertwined with the development of

Alzheimer’s.
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Figure 7.5: Diverse structures of the human nervous system. (A) Different regions of the brain take different
shapes, with the cerebellum, pictured in blue, roughly circular and highly dense, and the caudate nucleus,
pictured in pink, more strand-like. (B) Cerebrospinal fluid, indicated in yellow, surrounds the brain and flows
up and down the spinal cord, delivering nutrients and removing waste.
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Analysis using cerebrospinal fluid (CSF)

Our investigation of brain region-specific effects in Alzheimer’s relied entirely on post-

mortem tissue. This type of analysis provides only a snapshot of the final stage of the

disease, forcing investigators to piece together processes from the destruction left behind,

like detectives at a crime scene. Developing effective treatments for AD requires the ability

to detect, identify, and diagnose the disease in its earliest stages, based on both clinical

symptoms and molecular indicators. This requires analysis tools and strategies with the

capacity to measure protein changes from living participants as disease develops and

progresses. We sought to meet this need with an analysis of cerebrospinal fluid, which

can be collected from living participants, as they develop symptoms or age normally.

Cerebrospinal fluid (CSF) flows along the spinal cord and surrounds the brain, physically

protecting the brain, supplying nutrients and removing molecular waste (Figure 7.5B). By

studying the CSF, we can better understand the function of the brain as a whole in both

healthy and diseased states. We performed a pilot analysis of CSF from twenty individuals,

half of whom were diagnosed with AD, in order to test our capacity to detect protein

differences. We identified more than 80 proteins to be associated with disease. Starting

from vials of CSF, we prepared the samples and collected and analyzed the data in only

five days. Rapid analyses of this type allow researchers to expand the number of samples

analyzed in a study or clinical trial, leading to more representative results. This analysis

strategy provides excellent scalability, allowing the theoretical analysis of more than 100
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samples in less than two weeks.

Conclusions and future directions

The brain serves as a vault in which we keep our most treasured pieces of ourselves,

our memories, our experiences, our emotions. Although all human brains perform the

same basic functions, each is incredibly unique and completely irreplaceable. The brain

inspires wonder at the impressive feat of bioengineering that allows it to function, and fear

surrounding our own molecular mortality. While it is one of the most heavily studied organs,

there is still so much we don’t know about the brain. This mystery becomes a challenge

when studying diseases that affect the brain such as Alzheimer’s. Our findings provide

general information about the cellular effects of AD, as well as additional foundational

tools that could help future researchers develop precise and personalized treatments.

The distinctiveness of each human brain leads to unique effects of neurodegenerative

disease regarding both symptoms and progression. Currently, Alzheimer’s works in a

devastating and insidious manner, moving across the brain, leaving damaged and dead

neurons in its wake. The unpredictability of its progression only adds to the emotional

trauma of patients and their loved ones, making it difficult to know what symptoms will

develop and how rapidly they will worsen. This uncertainty also presents a challenge to

researchers and doctors, as they attempt to develop treatments that prevent and reverse

the advancing neurodegeneration. As different brain regions are affected by disease, they

cause different symptoms, while the widespread nature of aggregates drives the severity
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of these symptoms. Our streamlined analysis of cerebrospinal fluid in AD allows for the

construction of a disease timeline, mapping specific protein changes to the different stages

of disease and symptoms in the clinic. This analysis allows for more than 100 samples to be

analyzed in less than two weeks. When combining this timeline with a brain region-specific

atlas, AD progression can be tracked by both severity and location. In the short-term, this

information will help neurologists prescribe preventive measures using better predictions

regarding disease developments. In the long-term, as researchers develop compounds and

drugs to inhibit or alter specific processes in Alzheimer’s, these drugs can be strategically

targeted to patients that would benefit most. Protein resources such as the atlas and

timeline can be combined with high-throughput genome sequencing to create detailed

and personalized molecular snapshots for individual patients. Diagnosis of AD-associated

dementia can then be paired with highly specific drug and lifestyle regiments to allow for

improved outcomes. Information about affected regions, molecular timelines, genetics,

and clinical symptoms can be used to build a map of the neurodegeneration landscape,

allowing medical practitioners to equip brain cells to succeed against Alzheimer’s with

tactical precision.
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