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Abstract

Over the last few decades, liquid chromatography with tandem mass spectrometry (LC-
MS/MS) has become a pillar in the field of proteomics. As the popularity of and access to LC-
MS/MS techniques grows, a concerted effort has been dedicated to increase its quantitative
capabilities. Generally, the quantitative mass spectrometry-based proteomics field is divided into
two camps: 1) users of isotope labels and 2) those who prefer a label-free approach. While
labelling techniques, such as Tandem Mass Tags (TMT), avoid the stochasticity of single sample
analyses by multiplexing, isolation of unwanted ions can lead to interference thereby negatively
affecting measurement accuracy. Conversely, while label-free methods are not susceptible to
peptide interference, stochasticity results in a large increase of missing values, limiting the
quantitative usefulness of these data sets.

The work of this dissertation has been focused on understanding how measurement error
occurs across various LC-MS/MS experiments from instrumentation to downstream data
analysis. We first analyzed how the latest mass spectrometry technologies affect peptide
interference, one of the major causes of measurement error in TMT LC-MS/MS experiments. In
order to obtain large highly quantitative data sets, our results show that a balance must be
maintained between interference, signal-to-noise, and identification rates. Secondly, we
developed a two-sample, two-proteome experiment to evaluate the commonly-used Match-

Between-Runs algorithm (MBR) — a software solution used by the label-free community in an

il



attempt to circumvent the missing values problem inherent to label-free LC-MS/MS. We find
that while MBR will incorrectly transfer identifications at a large rate, quantitative algorithms
bundled with the software will not quantity most incorrect transfers. While this audit enforces
quantitative accuracy, it effectively negates any gains produced by MBR. Lastly, we developed a
TMT-based approach to measure global phosphorylation occupancy but found that mass
spectrometry measurements were inadequate at reliably measuring the small changes associated
with this type of experiment leading to estimations of negative occupancies. As such, a Bayesian
statistical tool was developed to better model the data. By utilizing the measurement error and
generating credible intervals, we report an elegant strategy for presenting phosphorylation

occupancy data that better encompasses the estimation, as well as related uncertainty.
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Chapter 1: Introduction




Proteomics is an area of research dedicated to the large-scale investigation of proteins,
from their sequencing and identification to interaction networks within cells or tissues'>. While
the earliest concepts of modern proteomics can be traced back to the 1970s, it was not until the
mid-1990s that the field began taking its current shape!-—>. Previously, two-dimensional gel
electrophoresis (2DE) coupled with a sequencing technique like Edman-degradation was the
norm; however, during this era of growth, tandem mass spectrometry (MS/MS) began to rise in
popularity. Advances in mass spectrometry and database searching paved the way for MS/MS to
become the premiere technology for protein sequencing and identification>’. Additionally
applications of stable-isotope dilution theory began to find its way into mass spectrometry-based
proteomics giving the traditionally discovery-based technique a more reliable quantitative spin®
10 The rise of MS/MS provided reliable, high-throughput protein identification with specific
quantitation that rivaled, and in some cases surpassed, antibody-based methods like the enzyme-
linked immunosorbent assay (ELISA) and Western blotting.

It should be noted that MS/MS in the field of proteomics can be primarily divided into
two distinct subsets. One form of mass spectrometry-based proteomics is top-down proteomics,
the analysis of intact proteins'"!?. This mass spectrometry method bypasses the need for peptide-
level quantitation as each precursor correlates to an individual protein. However, ionization of
intact proteins is difficult and the subsequent identification from MS/MS analysis can be
complicated due to high charge states and increasingly complex spectra'®. Bottom-up (a.k.a.
shotgun) proteomics focuses on the analysis of peptides from proteolytic digestion of a protein
sample. The field of shotgun proteomics is well developed in comparison to its sibling, top-
down, as tryptic peptides (peptides resulting from digestion with the enzyme trypsin) are highly

soluble and readily ionizable making them amenable to liquid chromatography MS/MS (LC-



MS/MS)!3. Further mentions of MS/MS and LC-MS/MS will refer to the bottom-up method
unless otherwise specified.
A Brief History of Quantitative Proteomics

The identification of proteins is the core component of any of proteomics experiment; yet
qualitative analysis alone is insufficient to fully describe biological phenomena. To that end,
numerous methods employing various techniques have been utilized to quantify relative and
absolute protein changes since the early days of proteomics (Table 1-1). Early quantitative
methods involved the comparison of spot or band intensities from 2DE or Western blotting
experiments but are plagued with issues of accuracy, precision, and throughput'*!*>. While 2DE
analysis provides depth through the sheer number of proteins observed on a gel, 2DE data lacked
specificity and was easily confounded by co-migrating proteins. Moreover, without a priori
knowledge or subsequent identification of isolated spots, the biological significance derived from
2DE experiments alone remains limited due to a decoupling of quantitation and identification'®.
To combat some of these drawbacks, antibody-based methods, like the Western blotting and
ELISA, were developed. These antibody-based methods are highly specific and quantitative but
involve labor-intensive workflows that limit the number of comparisons the experiment can
perform'>!7. Additionally, by nature of using antibodies, these methods are limited by the
affinity and specificity of the primary and secondary antibodies used in the experiment affecting
limit of detection and depth. The targeted approach of antibody-based methods provided a
solution to the co-migration problem observed in 2DE at a direct cost to depth while still
requiring knowledge of the proteins of interest.

MS/MS-based methods by comparison, provide a solution to the specificity problem by

combining both the sequencing and quantitation elements of an experiment. Early MS/MS-based
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quantitation methods leaned heavily on ideas from the field of stable-isotope dilution theory
resulting in methods that were both highly accurate and precise®!*!®!°. By leveraging stable
isotopes like °C, '°N, and 2H biological samples could be labelled pre-harvest through metabolic
labelling (e.g. Stable Isotope Labeling by/with Amino acids in Cell culture or Mammals —
SILAC or SILAM), post-harvest through chemical labelling (e.g. Tandem Mass Tags - TMT), or
compared to synthetic peptides containing heavy isotopes'®?°2}. While highly quantitative, these
methods introduced a labelling step that could increase the complexity and cost of the
experiment. As such, many research groups have attempted to find solutions that would
circumvent the need to utilize stable isotopes. Through observations of empirical data,
correlations were drawn between the number of peptide-spectra matches (PSMs) and the relative
abundance of a given protein®*. Other researchers noticed that there was a relationship between
the peak areas and relative abundance of a peptide thus creating the idea of label-free
quantitation®> ¥, These two methods simplified the sample preparation process, thus increasing
the number of MS/MS analyses performed; but neither method could consistently account for the
stochasticity inherently observed in MS/MS experiments, thus reducing the accuracy and
precision when compared to methods employing stable isotope®”-°.
Comparing Quantitative MS/MS Methods

As mass spectrometry instrumentation and technology has improved over the previous
decades, so too have the quantitation methods. Despite various acquisition techniques, at the core
there are only four unique families of quantitation methods based on what measurements are
used and how the quantitation is performed. Briefly, these methods are spectral counting, label-

free intensity-based, isotope-based quantitation, and isobaric tag-based quantitation (Figure 1-1).



Figure 1-1: Primary means of quantitation in an LC-MS/MS proteomics experiment.
Fundamentally, only 4 distinct quantitation methods exist depending on what the numeric value
represents and how many comparisons are made simultaneously. For example, spectral counting
and label-free intensity-based quantitation methods both quantify only one condition per LC-
MS/MS run. However, the numeric value in the former represents the number of PSMs attributed

to a peptide while in the latter it represents the ions present in an LC-MS/MS scan.



Figure 1-1 (continued)
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Spectral counting quantitation method

One of the simplest mass spectrometry-based quantitation methods is that of spectral
counting which was based on researchers’ observations that the number of PSMs attributed to a
given peptide was often related to the relative abundance of its protein across multiple samples
analyzed by LC-MS/MS?*?°, Spectral counting is a label-free quantitation method that attains
quantitative information for a peptide by its sampling rate in the mass spectrometry experiment
(i.e. how many PSMs were found for each peptide). Protein level quantitation is further inferred
by the extent of coverage (i.e. how much of a protein was identified by the peptides in the
experiment). This information can be fed into a statistical model to quantify peptides and
proteins in a complex mixture>>*3!,

By focusing on the frequency of identification as the primary measurement for
quantification, spectral counting buffers against issues of variable observed intensity but is still
susceptible to stochasticity problems (Figure 1-2). However, as a simple method based on
empirical observation it has proven to be effective at accurate enough to measure relative
abundances of proteins in a yeast sample and even mapping the human interactome®?*,
Label-free intensity-based quantitation methods

Another common family of quantitation methods is label-free intensity based
quantitation. These methods utilize intensity information (e.g. S:N, AUC, peak intensity) to
generate quantitative values for peptides observed in an MS/MS analysis. Quantitative
information can be obtained from data-dependent acquisition (DDA) MS1 scans or from MS2
scans from selected-reaction-monitoring (SRM or MRM) and parallel-reaction monitoring

(PRM) acquisition methods. However, as no distinguishing features (e.g. isotope labels) are
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Figure 1-2: Two common pitfalls with label-free based quantitation methods. A) Stochasticity, or
the random identification (or lack thereof) of any ion species with the mass spectrometer. This
problem can result in the an ion species be selected (red) for identification and quantitation in one
LC-MS/MS run while being ignored in a second run. The quantitation of the selected ion species
becomes impossible as lack of evidence does not imply absence. B) Variable observed intensity
is common between independent LC-MS/MS runs as ionization efficiency and detection are a
function of numerous variables, some known and some unknown. For example, temperature,
humidity, and air pressure can affect how well a peptide will ionize; slight variations can result in
observed intensity differences. As such direct quantitation of the selected species (red) is
impossible across LC-MS/MS runs and some form of normalization must be performed. No
tandem MS occurs during MS1; however, during label-free quantitation, quantitative information

is provided by data from the MS1 scan.



used, only one condition can be analyzed per MS/MS run. This poses two significant problems
involving variable observed intensity and the stochastic identification of peptide (Figure 1-2).

Variable observed intensity means that comparisons across independent LC-MS/MS runs
may not be accurate. This is because the observed intensity in an independent LC-MS/MS
analysis is a function of many external variables, such as temperature, that affect ionization both
directly and indirectly®>33. As such, direct comparisons between raw collected data have limited
value. Labelled approaches circumvent this problem by treating one label as an internal standard
to which a quantitative comparison can be made; however, no reliable internal standard is
provided in a label-free experiment?. To deal with the variable observed intensities of
independent LC-MS/MS experiments, normalization schemes have been employed by various
groups for all label-free intensity-based quantitation methods?”-?%-34,

Stochastic identification of peptides is, perhaps, the leading cause of missing values in
label-free analysis. This effect appears to be intensity dependent as peptides with the largest
intensity values are usually observed in multiple runs while low abundant peptides may be
identified sporadically across multiple MS/MS analyses°. As such, there have been several
attempts to address this issue ranging from imputation to identification transfer?’-2%°,
Fundamentally, imputation techniques can be problematic as the assignment of an intensity value
to a missing value implies knowledge of something unknown. Fixed standard deviations and
vastly incorrect imputed values are among the common problems when imputing a missing
value. Alternatively, researchers have attempted to transfer identifications from one MS/MS run
to another utilizing chromatographic data®’-*3, This technique relies heavily on the quality of

liquid chromatography (LC) and is susceptible to variations in elution order and the consistency

of LC setup (e.g. column, gradient, and pumps)*¢. In short, this method aligns multiple LC-
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MS/MS runs, allowing shifts of up to 20 minutes, and then scans each run for unidentified
features in the MS1. If an identified feature is found matching an unidentified feature’s precursor
mass within a user defined elution window, that identification is transferred to the unidentified
feature. While powerful, this method can generate false matches which are impossible to detect
in a standard experiment® 7. However, one of the most popular ways to handle stochastic
identification of peptides is to utilize the label-free quantitation (LFQ) algorithm within the
MaxQuant software suite. This method ignores the issue of stochasticity by requiring a peptide to
have been identified in the compared LC-MS/MS analyses>’. As such, peptides identified in only
one LC-MS/MS run are not suitable for quantitation and are ignored.

Ultimately, label-free intensity-based quantitation methods are powerful as they provide a
simple way to perform quantitative proteomics on many LC-MS/MS analyses without having to
rely on isotope labels. This can reduce errors from sample handling and reaction efficiencies, as
well as the costs for reagents. These methods are not without their flaws and there are research
groups dedicated to advancing the technologies and methodologies surrounding label-free
intensity-based quantitation.

Isotope-based quantitation

One of the earliest methods to quantify changes observed in a mass spectrometer was to
utilize stable-isotope dilution theory®. These isotope-based methods allowed for the
simultaneous quantitation of two samples utilizing intensity information from an MS1 scan and
identification information from a subsequent tandem MS scan. Quantitation is performed by
comparing the signal-to-noise (S:N), peak intensity, or the integrated area under the intensity
curve (AUC) values between the peak containing ions labelled with heavy isotopes and the peak

containing ions without heavy labels — respectively called the heavy and light peaks. The
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simultaneous analysis of two samples minimized the effect of run-to-run variation often seen as
stochasticity or variations in observed intensity by allowing one sample, or channel, to serve as
an internal standard (Figure 1-2)"%1%%0_ These isotope labelling methods leverage the quality of
isobaric elution to ensure accurate comparisons are made; that is, peptides containing a heavy
label elute simultaneously with their light labelled counterparts. Of these isotope-based
quantitation methods, there are three major sub categories: metabolic labelling methods,
chemical labelling methods, and spike-in methods?’.

Metabolic labelling methods such as SILAC are some of the most commonly used
quantitative mass spectrometry techniques and are lauded for their accuracy and precision'’.
However, as these methods necessitate the incorporation of heavy amino acids throughout the
entire proteome. It can be time consuming, costly, or even impossible to generate labelled
samples for MS/MS analysis. Furthermore, the number of labels in traditional metabolic
labelling experiments is generally limited to *Cs-arginine and '*Ce-lysine meaning only 3
conditions can be analyzed simultaneously at maximum?®.

This limitation can be overcome by novel approaches such as NeuCode (neutron-
encoded) lysine which leverages the high-resolution capabilities of modern Fourier-transform
mass spectrometers, instruments that detect and measure ion currents in the time domain (i.e.
frequencies) before converting these values to mass measurements through the use of Fourier
transforms, to detect small mass defects in isotopologues®®“!. Although expensive, NeuCode
lysine can extend a SILAC experiment from a 3-plex to a 9-plex through the use of commercially
available reagents. Furthermore, combining this metabolic labelling technique with a chemical
labelling strategy known as mMTRAQ (the non-isobaric form of Isobaric Tags for Relative and

Absolute Quantitation, iTRAQ) allows for the creation of an 18-plex*>*.
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Chemically labelling cell lysate or digest with a heavy and light chemical tag is an
alternative solution to metabolic labelling. These methods include ICAT, dimethyl labelling, and
the incorporation of 80 during protein digestion as well the non-isobaric forms of isobaric tags
like mTRAQ and mTMT?#>#46_ Functionally, these methods target reactive regions of a peptide
such that a heavy and light sample can be created post-harvest. By breaking the dependency of
metabolic incorporation, these methods can be more universal; however, labelling and
incorporation efficiencies become more of a concern as not every peptide will receive the
modification. As with the metabolic labelling strategy, these methods are often limited to a small
number of comparisons.

Lastly, another isotope-based quantitation is to spike-in known amounts of a synthetic
peptide that was made with heavy amino acids or a cell lysates metabolically labelled with heavy
amino acids. Unlike the other methods mentioned here, the use of heavy spike-ins is not
primarily meant for comparisons across conditions but to generate an absolute measurement by
calculating a relative abundance to a known amount. Absolute quantitation (AQUA) or proteins
is an example of a spike-in technique which has been shown to quantify low abundance
phosphorylation events with ease®!*’.

While these methods are accurate, they are limited to the number of simultaneous
comparisons that can be made, limiting the number of replicates or conditions that can be
analyzed in a single MS/MS run. Furthermore, the use of chemical labels such as ICAT and
dimethyl labelling has been supplanted by isobaric tag-based quantitation methods, which will be
discussed later. However, due to the high accuracy and sensitivity of SILAC and absolute
quantitation methods, these methods are still readily employed in a variety of current proteomic

experiments.
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Isobaric tag-based quantitation methods

Like labeled intensity-based quantitation, isobaric-tag based quantitation methods rely on
the use of stable isotopes to facilitate multiple simultaneous comparisons of samples or
conditions in a single LC-MS/MS analysis. Currently, there are two main types of isobaric-tags
commercially available, TMT and iTRAQ. These two types of tags are chemically distinct but
utilize the same principals to quantify peptides. Isobaric tag-based quantitation relies on the use
of chemical tags that are covalently added to a sample after proteolytic digest***. Presently,
1TRAQ is commercially available in 2-, 4-, or 8-plex from Sigma-Aldrich/SCIEX while TMT is
available as a 2-, 6-, 10-, or 11-plex from ThermoFisher Scientific. A 16-plex version of TMT,
TMTpro, was recently developed by ThermoFisher with the reporter ion based on a proline
structure. However, due to its novelty, it has yet to reach mainstream use. Other isobaric tags
such as the DiLeu tag and Combinatorial Isobaric Mass Tags have been produced in academic
labs but have not been commercially adopted**-!. It is likely that the ability to multiplex will
increase beyond 16 in the near future as the research of isobaric tag-based technologies
continues.

An isobaric tag can be divided into three distinct regions, a reporter-ion fragment, a mass
balancer, and a reactive group (most typically an amine-reactive group such as an N-
hydroxysuccinimide ester). Stable isotopes, such as '*C and '°N, can be distributed across the
chemical bond that separates the reporter-ion fragment from the mass balancer resulting in each
tag having a different reporter-ion mass while the sum of the reporter-ion fragment and the mass
balancer masses remains unchanged. As such, each sample that will be part of the multiplexed
experiment will receive a tag with a unique reporter-ion mass before being mixed with the other

samples (Figure 1-3). Since the overall mass and chemical properties of the tags are identical,
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Figure 1-3: Example generic workflow of an isobaric tag-based LC-MS/MS experiment.
Depicted workflow starts from samples that were reduced, alkylated, and proteolytically
digested. Each sample receives a unique isobaric tag before being combined into one tube. The
pooled sample is then analyzed by LC-MS/MS. Peptides from all samples co-elute across the LC
gradient and are indistinguishable at the MS1 and MS2 (if collision-induced dissociation, CID, is
used). In an MS3-based experiment, as shown here, quantitation occurs after HCD fragmentation.

Only after HCD fragmentation can the relative contribution of each sample be identified for a

given peptide ion.
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peptides will co-elute and co-isolate in the mass spectrometer resulting in the simultaneous LC-
MS/MS analysis of any given peptide across all samples in the multiplexed experiment.
However, quantitation is not performed directly on peptide ions but on the reporter-ion fragments
that are fragmented off the peptide during higher-energy collisional dissociation (HCD). The
relative abundances of intensity values of reporter ion fragments are analyzed in a low-mass
region (126-131 m/z for TMT and 113-121 m/z for iTRAQ) and are correlated to the relative
abundances of the peptide within each sample.

Because HCD fragmentation can be used to sequence and identify peptides, it is possible
to perform quantitation and identification within a single HCD MS2 scan®***. This approach is
popular due to its ease of use and large number of identifications. However, MS2 level
quantitation of reporter ions in isobaric tag-based experiments is prone to interference from co-
eluting and co-isolating peptides (Figure 1-4A). As such, fragment ions that do not belong to the
peptide of interest can contribute to the reporter ion signal intensities leading to ratio
compression — the trend where relative abundances approach a 1:1 ratio®*. Ratio compression
directly affects the assays ability to accurately measure fold changes while misleadingly
increasing precision; as more ratios trend towards 1:1 the coefficient of variation between
measurements decreases.

To address the concerns about quantitative accuracy of isobaric tag-based methods,
several research groups developed methods involving gas-phase purification techniques to
reduce the complexity of MS spectra and improve the overall accuracy and precision of isobaric
tag-based quantitation®**>. While methods that manipulated the charge-state of ions in the gas-
phase through proton-transfer reactions (PTR) proved to be quite effective at reducing

interference, the ability to conduct an additional MS scan (MS3) proved to be a simple, easy, and
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Figure 1-4: Two common pitfalls with isobaric tag-based quantitation methods. A) Interference
from co-eluting and co-isolated peaks. Ideally, the only fragment ions present in the MS/MS
spectra would be the - and y-type ions (blue and red respectively) from the selected precursor in
the MS1. However, the isolation of a precursor in the MS1 is rarely completely pure and
unwanted ions are selected for due to reasons including co-elution and co-isolation. Fragment
ions of these unwanted selections can be found in the MS/MS (black) and can contribute reporter
ions during quantitation resulting in ratio compression. B) Selection of fragment ions for SPS-
MS3 that do not contain an isobaric tag (ions selected for quantitation boxed in dashed lines).
Because amine reactive isobaric tags the most common, the N-termini of peptides are guaranteed
to contribute a reporter ion. This means that b-ions are the most desirable for quantitation. While
some tryptic peptides can end lysine, not all will. As such selecting y-ions can result in

insufficient reporter ion signal for quantitation.
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affordable way for users to improve the accuracy and precision of their isobaric tag-based
experiments without the need of extra reagents.

Both the MS3 and PTR methods reduced interference increasing the accuracy of isobaric
tag quantitation methods at the cost of sensitivity. By limiting the number of ions to increase
purity these methods suffered from reduced signal intensity resulting in diminished sensitivity.
This problem was initially addressed for the MS3 method by selecting multiple peaks from the
MS?2 spectra, also known as synchronous precursor selection (SPS), for follow up MS3 analysis;
the combination of SPS and MS3 level analysis (SPS-MS3) was enabled using an isolation
waveform with multiple frequency notches®. By increasing the number of MS2 precursors
selected for MS3 analysis, the technique increased the likelihood of selecting precursors that
were labelled with an isobaric tag. The dramatic improvement in sensitivity, accuracy, and
precision the SPS-MS3 method provided led it to become the de facto protocol for those
concerned about accuracy and precision above all else®’.

While both b- and y-type ions are useful for sequencing a peptide, only b-ions are
guaranteed to contain an isobaric label. This is because most isobaric labels use amine reactive
chemistry resulting in the labelling of the N-terminus and all lysine residues present in a peptide.
Furthermore, as trypsin is the proteolytic workhorse for mass spectrometry experiments only
50% of peptides will contain a lysine at their C-terminus (assuming no missed cleavages and
equal abundance of lysine and arginine)®. This means that about 50% of the time, the selection
of a y-ion during SPS-MS3 would result in no additional reporter-ion signal during the MS3
analysis — assuming the absence of interfering ions (Figure 1-4B). As such, the SPS-MS3
technique was still lacking as there is a chance of selecting a y-ion fragment in the MS2.

Currently, there exists two techniques that have been shown to directly address this issue: the
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targeted method known as TOMAHAQ and real-time database searching”%°. Both technologies,
at their core, rely on on-the-fly decision making to increase the likelihood of selecting daughter
ions in the MS2 that will contain reporter ions when fragmented for MS3 analysis. However,
TOMAHAQ and real-time database searching are bleeding-edge methods are only starting to see
mainstream usage.
The importance of peptide level quantitation

Fundamentally, LC-MS/MS approaches in proteomics measure ionized peptides in a
sample, not proteins. Because of this distinction, protein-inference (i.e. the organization of
peptides into a list or probable proteins) can become quite challenging, especially when various
proteoforms are involved. As such, various methods from the application of Occam’s razor to
Bayesian modelling to determine how peptides should be attributed to proteins®!. While all
methods can sufficiently characterize the proteome, noticeable levels of variation exist between
the peptide-to-protein assignments. Therefore, as protein identification precedes quantification in
mass spectrometry experiments, a corollary is that quantification of protein abundances from
peptide level data can be equally complicated. In most LC-MS/MS proteomic experiments,
proteins are quantified by a summary statistic of the peptide abundance data. Statistical analysis
is then performed on these summary values. As such, these methods often ignore information
like measurement uncertainty and proteoform differences as they attempt to quantify global
proteomic changes.
Peptide level quantitation incorporates uncertainty

A simple way to quantify protein measurements is to take the mean, median, or weighted
average of all peptides or, in the case of isobaric tag-based methods, reporter-ion intensity-based

values attributed to a protein®’%>"%, Protein quantitation is then performed using these summary
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statistics as surrogates for relative protein abundances. As a result, the uncertainty behind these
measurements are abstracted away from users. Other methods like CompMS and SCAMPI rely
on complex mathematical models to better account for the physical manner by which the LC-
MS/MS data is acquired®*%¢. For the price of computational intensity, these methods can provide
gains in accuracy and precision — although these improvements are often marginal or useful only
in fringe situations such as the accurate quantitation of small fold changes.

While these complex methods may minimally affect accuracy and precision, an
additional benefit is that they provide error estimates of the protein abundance measurements
which can allow users to better understand the accuracy and precision of their data. Furthermore,
by performing statistical analysis at the peptide level, these algorithms can leverage replicate
information from multiply sequenced peptides and proteins with multiply sequenced unique
peptides thus increasing confidence in the final protein abundance estimate. Simpler methods
that utilize peptide level data have been employed in the label-free community showing a desire
for a middle ground approach?’.

Peptide level quantitation is often necessary to handle multiple proteoforms

One important piece of information lost by summarizing peptide information into a
unifying protein value pertains to proteoforms. The term “proteoform” includes splice variants,
isoforms, and post-translational modifications like phosphorylation, acetylation, and
ubiquitination®”. Mass spectrometry is an excellent tool to identify these different proteoforms
but quantitation becomes problematic as peptide assignments can often belong to several
proteoforms®!. While some isoforms and post-translational modifications may not have

functional roles within a biological system, some can have real biological significance.
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For example, the protein Dok-1 exists in human cells in a full-length and a truncated form
with each form localizing to different locations, the cytosol and perinuclear region respectively®s.
However, all 15 tryptic peptides found in the truncated form of Dok-1 exist in the full-length
isoform while another 8 peptides, 7 wholly within the full length and 1 spanning the truncation,
can be found only within the full-length protein (Figure 1-5). In this instance, to quantitatively
understand expression levels of both the full-length and truncated form of Dok-1, peptide level
analysis must be employed. This is especially true if the absolute abundance levels of the full-
length protein dwarf the truncated form.

Another example of a proteoform that must be quantified at the peptide level is
phosphorylation as a population can exist as a mixture of phosphorylated and unphosphorylated
forms. Phosphorylation occurs mainly on serine, threonine, and tyrosine residues and is an
important post-translational modification used in a variety of cellular processes, such as
signaling®®. However, as phosphorylation occurs at the site level, the two populations of protein
sequences are indistinguishable except for the phosphorylation event. As such, most peptides are
shared between phosphorylated and unphosphorylated protein species; however, unlike the
isoform problem, quantifying the modified proteoform involves isolating and analyzing the
phosphorylated peptide in an LC-MS/MS experiment and no peptide reassignments need to
occur. Furthermore, since the function of a phosphorylation event is often intimately tied to its
localization to a specific site, biology dictates that phosphoproteomic analysis focus on the site
and peptide level rather than the overall protein expression. This is further emphasized as a
single protein can have multiple phosphorylation sites corresponding to several different

functions.
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Figure 1-5: Schematic of the protein Dok-1 and its truncated isoform. Seven unique tryptic
peptides are found solely within the N-termini portion of Dok-1 while a single unique tryptic
peptide spans the truncation. Fifteen unique tryptic peptides are shared between Dok-1 and its
truncated isoform. Protein level quantitation of both isoforms will inadvertently be influenced by
the other. Some methods, such as TOPn, will ignore the truncation isoform as it consists only of
shared peptides while other methodologies will attempt to attribute quantitation values to both
Dok-1 and the truncated isoform. Peptide-level analysis can be used to either deconvolute the
intensity values by leveraging the peptides unique to the full-length Dok-1 or to indicate error
and ambiguity in the measurement. In silico digestion of Dok-1 was performed assuming no

missed cleavages.
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The quantitative characterization of phosphopeptides and phosphorylation sites is often
enough to elucidate biological phenomena; however, sometimes understanding the peptide level
changes with respect to the overall protein is important’®-’2. This phenomenon, known as
phosphorylation occupancy or stoichiometry, is a relationship between a phosphorylated peptide
and non-phosphorylated peptide abundance and can have important implications in biology such
as in the case of the protein separase?!’>. In these instances, understanding the relative change in
abundance of a phosphorylation site is insufficient to grasp the whole biological picture as
multiple occupancy states can explain a relative change (Figure 1-6). While low-throughput or
targeted LC-MS/MS strategies are often employed to calculate phosphorylation stoichiometry,
large-scale analysis is quite challenging as the core of the work revolves around the peptide-level
analysis of rare peptide species.

Direct methods to measure phosphorylation stoichiometry rely on measuring both the
phosphorylated and unphosphorylated peptide species with respect to the protein abundance’.
This method of measurement is performed over the course of several LC-MS/MS experiments as
a phosphopeptide enriched sample must be analyzed in addition to a non-enriched sample as
phosphoproteins are rarely detected without enrichment®-"°. Alternatively, phosphorylation
stoichiometry can be measured indirectly in one experiment by phosphatase treating half the
sample and utilizing an isotope labelling strategy’'. While the first type of method is susceptible
to the same issues of stochasticity as a label-free experiment, both types of methods are prone to
generating impossible stoichiometry values (i.e. greater than 100% and less than 0%). Better
instrumentation and peptide detection technology to and improved peptide-level quantitation can
help increase the reliability of this inherently peptide-level measurement of a biological

phenomenon.
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Figure 1-6: Doubling of phosphopeptide abundance can result from any number of different
biological states. In all cases a doubling of phosphorylation is measured. However, a doubling
could imply upregulation of protein with no change to its occupancy level. Alternatively, this
doubling could be attributed to the increase of phosphorylation stoichiometry. Yet another
alternative could be the selective upregulation of phosphorylated proteins by stabilization or
selective degradation of the unphosphorylated form. Simply measuring the relative change is

insufficient to grasp the complete biology in these instances.
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Chapter 2: Systematic analysis of the effects of ion selection parameters on peptide purity

in hrMS2 and SPS-MS3 analyses




Abstract

Quantitative mass spectrometry using isobaric tagging, such as Tandem Mass Tags
(TMT) and Isobaric Tags for Relative and Absolute Quantitation (iTRAQ), is a technique that is
commonly used. However, the intricacies surrounding interference, and thus peptide purity,
caused by co-eluting and co-fragmenting peptides is not well understood. To understand better
how instrument performance impacts interference and purity, a yeast and mouse two-proteome
model was developed. These two species were selected because of their highly different
proteomes. The 5Da mass difference between the reporter ions generated from the TMT-126 and
TMT-131 reagents was utilized to minimize the effect of isotopic impurities, thus ensuring
observed ratio abnormalities are primarily from interference. Additionally, TMT reagents TMT-
130N and TMT-130C were used as a duplex to assess whether interference was increased when
reporter ions were only separated by a 6mDa shift. The labelled samples were combined 1:1 such
that the mass of yeast and mouse peptides were equal. Samples were analysed by high resolution
MS2 and SPS-MS3 on an Orbitrap Fusion Lumos and interference was defined as the
composition of the total TMT signal observed in a peptide-spectrum-match (PSM) attributed to
the wrong species while purity was defined as 1 — (Peptide Interference). Primarily, we find that
selecting the most stringent quadrupole isolation widths prior to reporter ion MS/MS analysis
will result in increased purity at the cost of signal-to-noise. Additionally, we find that decreasing
the number of ions for Synchronous Precursor Selection-MS3 (SPS-MS3) analysis will yield
similar results for MS3 based quantitation. Furthermore, we mapped interference to the attributes
of identified peptides and found that longer, and thus heavier, peptides with higher charge states

tend to be observed with lower interference. A stronger relationship was observed between
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Sequest Xcorr values and interference with higher values resulting in lower observed
interference.
Introduction

Major technological improvements in mass spectrometry detector technologies such as
the FT-ICR and Orbitrap have allowed mass spectrometry to remain a powerful and flexible
resource in proteomics'~. By increasing the resolving power and mass accuracy, these
technologies have allowed researchers to perform quantitative proteomics experiments with both
accuracy and confidence. When combined with liquid chromatography and tandem mass
spectrometry (LC-MS/MS), this technology allows for the unbiased high-throughput quantitative
analysis and sequencing of complex samples containing a mixture of various proteins digested
into peptides**. Complex protein mixtures are separated by online or offline liquid
chromatography (LC) instruments by physical properties such as size, charge, and
hydrophobicity before injection into a mass spectrometer for tandem mass spectrometry
(MS/MS) analysis. The decreased complexity of LC separated samples allows researchers to dig
deeper into these mixtures to find low abundant proteins whose signal would have been obscured
by more abundant proteins.

A further benefit of the improved technology is the ability to analyse multiplexed
samples beyond the capabilities of stable isotope labelling in cell culture (SILAC). While SILAC
has been readily available since 2002 and considered one of the most accurate forms of
multiplexing, it is limited to samples obtained from cell culture and is not practically useful
beyond comparing three conditions®®. To address the limitations of SILAC, isobaric tagging
methods were developed, such as iTRAQ and tandem mass tags (TMT), which can easily and

affordably multiplex samples beyond three conditions. In the case of TMT, commercially

33



available reagents allow for up to 11 conditions (16 with the new proline based TMTpro reagent)
to be analysed simultaneously and do not require samples to originate from cell culture!*!2,
However, these isobaric tags are not without their limitations, one of them being a reduction in
quantitative accuracy due to peptide interference (i.e., co-isolation of co-eluting precursors for
MS/MS analysis)!*1¢.

While certain methods are more resilient against peptide interference, the reduction in
accuracy from peptide interference stems from how TMT reagents are quantitatively
analysed!”!®. Peptides are chemically labelled with the TMT reagents at the N-terminus and or
the amine group on lysine side chains; each sample to be multiplexed receives a different TMT
reagent. During peptide fragmentation for LC-MS/MS analysis, the TMT reagents are
fragmented into the reporter ion and the mass balancer region — the latter of which stays
covalently bound to the peptide fragment. The relative abundance of the different TMT reporter
ions reflects the relative abundance of the peptide in each sample. Because reporter ions are
quantified instead of direct quantitation of peptide precursors and subsequent transitions, co-
eluting and co-isolating precursors can contribute reporter ion signals which adversely affect
accurate quantitation. Specifically this phenomenon tends to result in ratio compression, which
falsely implies ratios are closer to 1:1 than in actuality'>!®.

To reduce interference, our lab has previously reported an MS3 method that utilizes CID
MS?2 as a filter before HCD MS3 fragmentation and reporter ion quantitation'®. This method was
enhanced further by using multiple frequency notch waveforms to isolate multiple ions in an
MS?2 spectrum for MS3 analysis, a method termed synchronous precursor selection MS3 (SPS-

MS3)". When using these methods instead of traditional high resolution MS2 (hrMS2) methods,

the amount of peptide interference was drastically reduced. Coupling these methods with data
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filtering methods such as spectrum filtering through linear discriminate analysis has facilitated
the acquisition of data sets with minimal interference?’.

Although our current methods using MS3 have improved the quality of data sets,
obtaining data sets completely devoid of peptide interference remains elusive. In this study, we
seek to quantify the effects of notch selection on peptide interference using current MS3
methods. To this end, we employed a two-proteome model using a fractionated 1:1 mixture of
yeast whole cell lysate and mouse whole brain lysate with each proteome tagged with a different
TMT labels®!. This model allows us to easily track and quantify interference when performing
single proteome searches as the yeast and mouse proteome have minimal sequence overlap. The
samples were used to test whether varying the number of notches selected during SPS-MS3
would reduce interference as well as the effects of increasing gradient length. Our findings
suggest that shorter acquisition times and fewer notches result in reduced peptide interference,
thus increasing peptide purity.

Method
Two-proteome model

A sample of wild type Saccharomyces cerevisiae was lysed with 8M urea buffered to pH
8.5 in 100mM EPPS to form yeast whole cell lysate as described previously'¢. Protease and
phosphatase inhibitors were added to the buffer to prevent protein degradation. After a BCA
assay, 1lmg of yeast whole cell lysate was precipitated by chloroform-methanol precipitation and
resuspended in 100mM EPPS at pH 8.5 and digested with 10pug of Lys-C overnight at room
temperature in a shaker. 10ug of Trypsin was then added to the sample and digested for 6 hours
in a 37C shaker. A whole brain from a wild type C57BL/6 mouse was obtained and lysed in 8M

urea buffered to pH 8.0 in 100mM EPPS with a tissue drill as described previously®*. The buffer
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also contained protease and phosphatase inhibitors. After application of the tissue drill, the
sample was further syringed lysed in a 21-gauge syringe tip. From here the sample was treated
identically to the yeast whole cell lysate (chloroform-methanol precipitation and enzymatic
digestion).

Both samples were desalted via Sep-Pak purification before separate treatment with TMT
labelling reagents. TMT reagents were utilized in pairs: a 5Da difference in reporter ion mass
(TMT-126 and TMT-131) and a 6mDa difference (TMT-130N and TMT TMT-130C). Four
aliquots of mouse lysate and four of yeast were labelled with the four TMT reagents specified
above. Samples were then cleaned again, separately, via Sep-Pak. A quantitative colorimetric
peptide assay was performed to determine the peptide concentration of each sample. The two
samples were then mixed at a 1:1 ratio which was confirmed by a ratio check. A duplex
combination strategy was employed such that four TMT-duplexes were generated such that each
species would be observed with each label over the course of the study. For single-shot analysis
on the Orbitrap Fusion Lumos, combined samples were dried down, de-salted via Stop-and-go
Extraction tips (STAGE tips), and resuspended in loading buffer comprised of 5% acetonitrile
and 5% formic acid before LC-MS/MS analysis?.

Basic-pH reverse phase fractionation

The combined sample containing the TMT-131 labelled mouse and TMT-126 labelled
yeast lysates was then subjected to basic-pH reverse phase chromatography on an Agilent
300Extend C18 column (3.5um particles, 4.6 mm ID, 250 mm length) attached to an Agilent
1260 Infinity LC with degasser and a single wavelength detector set at 220nm. After the
combined peptide sample was loaded onto the column, the sample was eluted with a 50-minute

linear gradient ranging from 8% to 40% acetonitrile in 10mM ammonium bicarbonate buffered
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to pH 8. The flow rate was set to 0.6 mL/min and the sample fractionated into a 96 well plate
which was then combined in a checkerboard pattern into 24 fractions, A 1-12 and B 1-12.
Fractions B4, B5, and B6 were selected for analysis on the Orbitrap Fusion Lumos and samples
A4, A6, and A7 were analysed on an Orbitrap Fusion instrument.
Liquid Chromatography and Mass Spectrometry

Samples were analysed on an Orbitrap Fusion Lumos with a Proxeon EASY-nLC 1000
before the source (Thermo Fisher Scientific, San Jose). The instrument was operated in data-
dependent mode for all SPS-MS3 methods. For each analysis, 1pg of peptides was separated by
liquid chromatography at a flow rate of ~350nL/min on a microcapillary column with a 100 um
inner diameter packed with ~35c¢m of Accucore C-18 resin (2.6 um, Thermo Fisher Scientific).
Separation was performed in-line with the mass spectrometer with a gradient of 6 to 26%
acetonitrile in 0.125% formic acid. Gradient length was varied between 45-, 90-, and 180-
minutes for unfractionated analyses and 60-, 120-, and 180-minutes for fractionated analyses.

Quadrupole isolation widths for analyses of unfractionated samples were varied between
0.4, 0.7, 1.2, and 2.0 Th. For all fractionated analyses, the isolation window for all quadrupole
related isolations was set to the lowest rated setting of 0.4 Th. Additionally, the initial MS1
survey scan was collected by an Orbitrap detector (resolution: 120,000; mass range: 350-1,400
m/z; automatic gain control (AGC): 5*10°, maximum injection time: 100ms. All precursors
selected from the MS1 scan for MS2 analysis was performed using a Top10 method where the
10 most intense precursors from the MS1 spectrum were selected for analysis. For hrMS2
analysis, the selected precursors were isolated by the quadrupole and subjected to HCD with
normalized collision energy of 35. These fragment ions were analysed in the Orbitrap

(resolution: 60,000; AGC: 1.5*10% maximum injection time: 120ms). For MS3 analysis on
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unfractionated samples, the selected precursors from the MS1 scan were subjected to a CID-MS2
analysis with a normalized collision energy of 35% after quadrupole isolation. During CID-MS2
the ions were analysed in the instrument’s ion trap. From here we used a TopN method (N being
either 1, 2, 5, or 10) where the N most intense fragment ions from the CID-MS2 were isolated by
SPS for further fragmentation. The fragment ions selected from the CID-MS2 analysis were
subjected to HCD-MS3 analysis with a normalized collision energy of 55. Fractionated samples
were analysed using a 10-notch SPS-MS3 method. MS3 analysis was performed in the Orbitrap
(resolution: 60,000; scan range: 100-1000 m/z; AGC: 1.0*10°; maximum injection time: 120ms).
Quantitative Data Analysis and Data Presentation

Spectra from all mass spectrometry experiments were processed using a Sequest-based
in-house software pipeline. Briefly, spectra were converted into mzXML format and searched
using against three databases: a yeast only database containing entries from SGD
(Saccharomyces Genome Database; last modified January 13, 2015), a mouse only data base
containing entries from Uniprot (Universal Protein Resource; Proteomel D: UP000000589; last
modified August, 21, 2019), and a concatenated database combining both the yeast and mouse
databases. All databases included a list of common contaminants. For the database search, each
database was concatenated with a list composed of reversed protein sequences derived from all
proteins in the appropriate database. Static modifications for TMT tags on the peptide’s N-
terminal and lysine residues (+229.163 Da) and carbamidomethylation of cysteine residues
(+57.021 Da) as well as a variable modification for the oxidation of methionine (+15.995 Da)
were added to the search parameters. Additionally, for searches performed on all MS3 acquired
data, the peptide mass tolerance was set to 50ppm and the fragment ion tolerance was set to 0.9

Da; MS2 acquired data was searched with the same peptide mass tolerance but with a fragment
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ion tolerance of 0.03 Da. These tolerance values were selected to maximize sensitivity during
Sequest searches and subsequent linear discriminant analysis.

All peptide-spectrum matches (PSMs) returned from the search were adjusted to a 1%
false discovery rate (FDR) by the target-decoy method and linear discriminant analysis per
previous protocols?*. The linear discriminant analysis considered the following parameters:
XCorr, ACn, missed cleavages, peptide length, charge state, and precursor mass accuracy. Once
PSMs were filtered to a 1% FDR they were collapsed to reduce the protein-level FDR to 1%.
Protein assembly was performed using principles of parsimony to limit the number of proteins to
the smallest set that can account for all observed peptides. TMT reporter ion quantitation was
performed by utilizing the signal-to-noise ratio (SNR) data for the TMT-126 and TMT-131
channels or TMT-130N and TMT-130C channels defined by the closest matching centroid to the
expected mass of the reporter ion. SNR values that were below 1 were replaced with a value of 1
as, by the definition of noise, it is impossible to distinguish signal from noise below the noise
level.

Peptide interference for a PSM was calculated as the amount of the total reporter ion
SNR attributed to the incorrect species. For example, interference in a yeast PSM would be

calculated using the following equation:

TMT SNRMouse Channel
TMT Sl\IRYeast Channel T TMT SNRMouse Channel

Peptide Interference =

For PSMs attributed to the mouse species, the numerator would be replaced with the component
of the total signal coming from the TMT channel assigned to the yeast species. Peptide purity is
defined as: 1 — (Peptide Interference) .

To calculate statistical differences, a surrogate measurement was used in place of Peptide

Interference:
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TMT SNRIncorrect Species
TMT SNRCorrect Species

This ratio of TMT SNR was log-2 transformed to avoid boundary conditions surrounding the
definition of Peptide Interference (i.e. peptide interference must be between 0 and 1). It should
be noted that the following transformation can be performed on the ratio to obtain the original

definition of Peptide Interference:

1

+ TMT SNRIncorrect Species
TMT SNRCorrect Species

Analysis of variance (ANOVA) was performed utilizing the log-2 transformed ratios and
Tukey’s Honestly Significant Difference post-hoc tests were performed to identify conditions
that were statistically different.

Results
Two-proteome model allows for analysis of peptide interference during SPS-MS3 analysis

We utilized a two-proteome model using a 1:1 mixture of yeast whole cell lysate from S.
cerevisiae and mouse whole brain lysate labelled with TMT reagents from either the 126 and 131
pair or the 130N and 130C pair to quantify peptide interference (Figure 2-1). These
unfractionated mixtures were analysed using a Thermo Orbitrap Fusion Lumos instrument to
understand better how instrumentation affects peptide interference. As such, several instrument
parameters, including whether peptide quantitation occurred by the high-resolution MS2
(hrMS2) or SPS-MS3 methods, were evaluated (Table 2-1). A total of 76 independent LC-
MS/MS runs were analysed, 52 utilizing an SPS-MS3 method and 24 using a hrMS2 method.
Increased chromatographic gradient lengths correlates to increased peptide interference

As longer LC gradients can sometimes allow for better separation of chromatographic
features, we believed that varying the gradient length would result in an increase in peptide and
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Figure 2-1: Graphical representation of the experimental workflow described in the method
section for unfractionated 1:1 mixtures of mouse and yeast peptides. Different levels of
interference for a hypothetical mouse peptide depict how interference would be measured using
reporter ions (e.g. mouse receiving TMT-131 and yeast receiving TMT-126). To calculate
interference for a yeast peptide from the same sample an identical approach using the appropriate
TMT reporter ion channels would be utilized. This experimental approach is valid for all duplex
combinations of TMT reporter ion channels used in this experiment. Additionally, for
fractionated data, the workflow is identical except a fractionation step is performed before LC-

MS/MS analysis.
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Table 2-1: Table of various experimental conditions tested.

hrMS2 Conditions SPS-MS3 Conditions
LC gradient length (mins) 45,90, & 180 45,90, & 180
IW1 (Th)* 04,07,12,&2.0 04,07,12, &2.0
IW2 (Th)** Not Applicable 04,07,12, &2.0
Number of SPS ions selected Not Applicable 1,2,5, & 10
Total number of LC-MS/MS Runs 24 52

Red text indicates experimental conditions used as baseline.
*IW1 is the quadrupole isolation width specified for precursor selection prior to an MS2
**IW?2 is the quadrupole isolation width specified for precursor selection prior to an MS3
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protein identifications®. To test this, we utilized both hrMS2 and SPS-MS3 methods while
surveying gradient lengths of 45, 90, and 180 minutes. Isolation widths for the MS1 to MS2
transition (IW1) were kept at 0.7 Th while the isolation width for the MS2 to MS3 transition
(IW2) was kept at 1.2 Th. A 10-notch SPS-MS3 method was used for all MS3 methods.

This belief proved to be accurate with both total and unique peptide identifications
doubling, on average, as gradient lengths doubled (Figure 2-2). Additionally, we observed that,
while identifications increased with gradient length regardless of acquisition method, hrMS2
methods would consistently identify an average of 42% more total peptides corresponding to an
average increase of 39% for unique peptides than comparable SPS-MS3 methods utilizing an
identical LC gradient (p-value < 0.001). The increase in identification rates was slightly
diminished at the protein level with hrMS2 methods identifying an average of 34% more proteins
than SPS-MS3 (p-value < 0.001). This is due to the increased workload of the mass spectrometer
when conducting high-resolution data dependent MS3 scans.

However, to understand further how the increase in LC gradient length was affecting
quantitation, we analysed the relationship between MS acquisition method and gradient length
with peptide interference and TMT Summed SNR. The results from these comparisons showed a
general trend that increasing gradient length resulted in a decrease in the peptide TMT Summed
SNR observed (p-values < 0.001) with SPS-MS3 methods generally resulting in higher levels of
SNR (p-values < 0.001) (Figures 2-3A). We believe this negative relationship between TMT
Summed SNR and gradient length is due to large increase in peptide identifications. With longer
LC gradients, the mass spectrometer can target lower abundant peptides that were previously
obscured by highly abundant peaks. These low abundant peaks will, as a by-product of being low

abundant, generate TMT Summed SNR values that are lower than the previously identified and
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Figure 2-2: Summary of peptide and protein identifications from unfractionated LC-MS/MS
analysis experiments, black error bars depict one standard deviation. Identifications from hrMS2
methods are shown in blue while identifications from MS3 methods are shown in red. A) Total
(solid bars) and unique (hashed bars) peptides. B) Total proteins. 45-minute LC gradient lengths
were used as part of the baseline method for the analysis of unfractionated samples in this study.
As such, n =4 for all 90- and 180-minute gradient experiments, while n = 16 for 45-minute
hrMS2 experiments and, due to the numerous additional parameters tested, n = 44 for 45-minute

MS3 methods.

44



Figure 2-2 (continued)
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Figure 2-3: Analysis of the effect of varying LC gradient lengths on peptide purity. A) Boxplots
showing the distribution of TMT Summed SNR for observed peptides over various LC gradient
lengths and various MS acquisition methods. B) Boxplots of peptide purity over various LC
gradient lengths and MS acquisition methods. Notably, MS3 methods resulted in less inter- and
intra-method (i.e. gradient length) variation compared to their hrMS2 counterparts. Additionally,
all MS3 methods resulted in higher average and median peptide purities implying lower peptide

interference is generated with this method.
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Figure 2-3 (continued)
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quantified abundant features thus reducing the average. Furthermore, the SPS-MS3 method is
likely to generate stronger TMT Summed SNR values due to its quantitation by MS3 rather than
MS2, note that default IW2 settings are higher, and thus reporter ion intensities, than IW1.

Analysis of peptide purity and interfere showed that SPS-MS3 increased peptide purity
over the hrMS2 method (p-value < 0.001) (Figure 2-2B). Additionally, in the hrMS2 data,
increasing gradient lengths resulted in a significant decrease in purity and thus an increase in
peptide interference likely due to the emergence of low abundant peaks in the LC elution profile
that cannot be baseline resolved due to increased peak widths from the extended gradient length
(p-value < 0.001). This trend was only partially observed in the SPS-MS3 data as no significant
difference was observed between the use of a 45- or a 90-minute LC gradient. However,
significant p-values were obtained when comparing 45- to 180-minute gradient lengths and 90-
to 180- minute gradient lengths.
Larger quadrupole Isolation Widths Increase Peptide Interference

TMT quantitation requires the targeted fragmentation and analysis of a precursor ion. As
such we hypothesized that modulating the isolation width used to filter ions before HCD
fragmentation would affect the levels of peptide interference. For hrMS2 TMT analysis, IW1
controls ion selection prior to HCD fragmentation while IW2 controls the selection in the case of
all MS3 analyses. To test the effects of various IW1 settings, we kept the LC gradient length
constant at 45 minutes for our hrMS2 and 10-notch SPS-MS3 methods while varying IW1
between 0.4, 0.7, 1.2, and 2.0 Th. IW2 was held constant at 1.2 Th during the IW1 trials (Table

2-1).
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As expected, increasing widths of IW1 resulted in a direct increase in peptide TMT SNR
when performing hrMS2 analysis (Figures 2-4A). This phenomenon, however, was not true for

SPS-MS3 analysis as changing IW1 values as TMT quantitation for SPS-MS3 is not reliant on

Figure 2-4: Analysis of the effect of varying IW1 settings on peptide purity. A) Boxplots
showing the distribution of TMT Summed SNR for observed peptides over various IW1 settings
and various MS acquisition methods. B) Boxplots of peptide purity over various IW1 settings
and MS acquisition methods. Notably, TMT Summed SNR and peptide purity of MS3 methods
did not vary with changing IW1 settings as IW1 does not directly affect quantitation in an MS3
method. Of note, SPS-MS3 methods had higher peptide purity than any of the hrMS2 methods
suggesting that hrMS2 cannot reach SPS-MS3 levels of purity even with improved quadrupole

isolation specificity.

49



Figure 2-4 (continued)
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ions filtered with IW1. All comparisons of TMT Summed SNR from hrMS2 analyses with
various IW1 settings resulted in significant p-values (p-values < 0.001). A 52% increase in the
average TMT Summed SNR was observed between the IW1 lowest setting, 0.4 Th, and the
highest tested setting, 2.0 Th. Increasing the baseline IW1 setting of 0.7 Th to the baseline IW2
setting of 1.2 Th resulted in a 7% increase of the TMT Summed SNR average.

Peptide purity, however, negatively correlated with increasing IW1 settings for hrMS2
analyses with higher IW1 settings resulting in lower peptide purity (Figure 2-4B). Significantly
different decreases in peptide purity were observed in all pairwise comparisons of increasing
IW1 settings for hrMS2 analyses with an average peptide purity of 83% observed for IW1
settings of 0.4 Th and 77% for IW1 settings of 2.0 Th (p-values < 0.001). No significant
difference was observed for any IW1 changes when performing an SPS-MS3 analysis (ANOVA
p-value = 0.0582).

As mentioned previously, in MS3-based TMT analyses, IW1 only controls selection for
ions used for peptide identification. Because identification and quantitation are decoupled during
an MS3 analysis, this means that IW1 does not play a direct role in the latter. Therefore, to test
how quadrupole isolation widths affect M3-based TMT analyses, IW1 was left constant at 0.7 Th
while IW2 was varied between 0.4, 0.7, 1.2, and 2.0 Th (Table 2-1). Analogous to IW1,
increasing values of IW2 resulted in statistically significant increases in TMT Summed SNR for
observed peptides (p-values < 0.001) (Figure 2-5A). Additionally, all increasing IW2
comparisons resulted in decreases of peptide purity (p-values < 0.001) (Figure 2-5B). However,
only a 3% absolute decrease in the average peptide purity was observed (96% to 93%) when
increasing IW2 from 0.4 Th to 2.0 Th, highlighting the powerful interference reducing

capabilities the MS3-based methods over hrMS2 analyses.
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Figure 2-5: Analysis of the effect of varying IW2 settings on peptide purity. A) Boxplots
showing the distribution of TMT Summed SNR for observed peptides over various IW2 settings
for SPS-MS3 methods. B) Boxplots of peptide purity over various IW1 settings for SPS-MS3
methods. Increasing IW2 settings resulted in decreased peptide purity and increased TMT

Summed SNR, similar to the relationships observed for varying IW1 in hrMS2 analyses.
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Figure 2-5 (continued)
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In general, the conserved inverted relationship between TMT Summed SNR and peptide
interference is likely due to larger isolation widths allowing more MS features surrounding a
target precursor to pass quadrupole selection. Additionally, the distribution of peptide purities for
all SPS-MS3 methods displayed less variation than the distributions for hrMS2 during the IW1
experiments, in-line with previous findings that gas-phase separation methods can effectively
reduce interference (Figures 2-4B and 2-5B)!%2!,

Changing the number of ions selected during SPS-MS3 analysis can affect peptide interference

So far, our data has shown that a 45-minute 10-notch SPS-MS3 method provides the least
amount of peptide interference. However, the 10-notch method was designed to address
sensitivity issues with the initial MS3 method"’. We sought to understand the impact of
increasing the number of SPS-ions selected on peptide interference by varying the number of
ions selected between 1, 2, 5, and 10 (Table 2-1). A direct relationship between the number of
ions selected and TMT Summed SNR was observed with increasing number of ion selections
resulting in statistically significant increases in TMT Summed SNR (p-values < 0.001) (Figure
2-6A). Interestingly, while a general trend of increasing the number of SPS-ions resulted
decreasing peptide purity (ANOVA p-value < 0.001), one pairwise comparison was noticeably
not statistically significant (Figure 2-6B). However, when increasing the number of SPS-ions
selected from 1 to 10, the maximum difference in the average peptide purities observed was 97%
(1 ion selected) to 95% (10 ions selected). The most notable difference in the observed peptide
purities when increasing the number of SPS-ions selected was the variance, not the mean. This is
likely due to the increasing chance of selecting an incorrect ion when the number of SPS-ions

selected increases.
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Figure 2-6: Analysis of the effect of varying number of SPS-ions selected on peptide purity. A)
Boxplots showing the distribution of TMT Summed SNR for observed peptides over various
number of SPS-ions selected. B) Boxplots of peptide purity over various numbers of SPS-ions
selected. Increasing the number of SPS-ions selected resulted in decreased peptide purity and
increased TMT Summed SNR, similar to the relationship observed for varying IW2 in MS3

analyses.
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Figure 2-6 (continued)
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Characterizing the properties of observed peptides and their relationship to peptide interference

We next investigated whether type of peptide exists that was specifically enriched when
conducting any of the various LC-MS/MS methods tested previously. Peptides were binned by
peptide length, charge state, precursor m/z, and Sequest Xcorr value (Figure 2-7). No substantial
enrichment was observed between LC-MS/MS of the same acquisition type (i.e. hrMS2 vs MS3-
based). Additionally, no relationship between any of the binned categories and peptide
interference was observed in any variation of the hrMS2 methods. However, when analysing the
MS3-based methods, we observed that longer, higher charged, and heavier peptides tended to
have lower observed peptide interference. Additionally, peptides that received a Sequest Xcorr
value above a 6 had noticeably reduced interference levels compared to other peptides.

The effects of fractionation on Fusion Lumos analyses

The 1:1 mixture of yeast and mouse lysates was then fractionated by basic-pH reverse
phase chromatography on an HPLC instrument into 24 fractions. Three fractions were selected
and analysed by various LC-MS/MS methods such that each method was tested three times. We
tested 10-notch SPS-MS3 methods with a varying LC gradients of 60-, 120-, and 180-minute
gradient lengths, to assess our interference model using LC gradient lengths more accustomed to
a standard protocol (Figure 2-8).

Peptide interference for data sets generated by these 10-notch SPS-MS3 methods
displayed a decrease in peptide purity averages ranging between 96% and 98% (p-values <
0.001). As such, we concluded that while data acquisition length is correlated with the peptide
interference such that peptide interference is increased when data acquisition time is increased.
This affect is not as pronounced when using a 10-notch SPS-MS3 method on fractionated

samples.
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Figure 2-7: Heat map showing the relationship between peptide length, charge state, m/z, and
Xcorr with peptide interference. There is an immediate distinction between hrMS? and SPS-MS?
methods as the former has interference between 20-40% while the latter only has interference
between 0-20%. Furthermore, we noticed that peptide length and peptide charge correlated
inversely with peptide interference. This implied that m/z may be inversely correlated as well. To
that extent, we noticed that peptides with m/z below 500 had more interference (~25%) while
peptides with m/z above 1000 had less interference (~15%). As Xcorr can be used as a measure
of quality for a mass spectrum (cross correlation, Xcorr, scores how well the real spectrum
matches with a theoretical spectrum) we wanted to see whether Xcorr could also be a proxy for
peptide interference. Xcorr values larger than 6 correlated with almost no interference. However,
this population with extremely high Xcorr values only corresponded with a small fraction of the

whole data set while the vast majority of peptides had Xcorr values below 6.

58



Figure 2-7 (continued)
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Tracking the CID MS2 and HCD MS3 spectra of peptides in a protein reveals that incorrect ions
are selected occasionally leading to increased peptide interference

SPS-MS3 quantitation relies on the selection of precursors identified from a low
resolution MS2. We investigated ions the instrument selected during CID MS2 that would be
used for a subsequent HCD MS3, to test whether peptide interference in SPS-MS3 can be
attributed to incorrect notch selection. For consistency, we used data generated from 60-minute
10-notch SPS-MS3 methods. This resulted in four of the top ten yeast proteins with the greatest
number of unique peptides identified containing at least one HCD MS3 spectrum with > 50%
peptide interference. One of these proteins was PCK1, also known as phosphoenolpyruvate
carboxykinase 1, which is an essential protein regulating gluconeogenesis®.

In our data set, we observed PCK1 peptides 33 times over the course of three
experimental runs that translated into the identification of 13 unique peptides. Of these 12 unique
peptides, up to 6 were identified in any given run. Interestingly, while 7 PSMs of the 33
observations of PCK1 peptides failed quality control due to low isolation specificity of TMT
Summed SNR, only one spectrum had > 50% peptide interference (Table 2-2). This peptide,
MNATVGSTSEVEQK, was observed once in each run. In the instance when the spectrum
yielded > 50% peptide interference, there were noticeable abnormalities in the notches taken
(Table 2-3). Specifically, six selected SPS ions were not associated to the peptide assigned after
Sequest searching. These six ions contributed the majority of TMT signal likely resulting in the

high interference. As such, ion selection during the CID MS2 portion of the SPS-MS3 method is

important at determining the amount of peptide interference in a given spectrum.
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Table 2-3: Incorrect SPS-Ion selection for PCK1 leads to high interference™

SPS Ion Notch m/z Intensity Reason
1 487.6328 26819.3 | y2 Ion (+1 with loss of ammonia)
2 504.4098 25364.7 [y2 Ion (+1)
3 522.0707 15101 | b9 Ion (+2 with loss of water)
4 531.1243 11981.8 | Unknown
5 566.4671 136301.1 | Unknown
586.6226 12442.4 | b10 Ion (+2 with loss of water)

7 595.6882 35376.7 | Unknown
8 654.2347 14523.1 | Unknown
9 719.0631 16142.5 | Unknown

10 746.4006 15537.2 | Unknown

Red text indicates SPS ions that could not be identified from peptide precursor assigned by Sequest

*Data from scan 8279, raw file a02169.
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Discussion

Based on our results and previous published studies, we conclude that SPS-MS3
drastically reduces peptide interference compared to hrMS2 analyses while minimizing the loss
of peptide identifications due to the decreased sensitivity of the original “single-notch” MS3
method. However, here we find that, despite the improvements to accuracy and precision
provided by the SPS-MS3 method, the number of total peptide identifications remains an average
of 40% lower than that of traditional MS2 methods. Furthermore, while lengthening data
acquisition times and chromatography gradients may improve the number of peptide
identifications this can result in an increase of peptide interference affecting the accurate
quantitation of the identified peptides.

Additionally, with the current improvements in mass spectrometry technology that
improve sensitivity and isolation width precision, the number of SPS-ions required to address the
MS3 sensitivity problems while maintaining low peptide interference are reduced. This has an
additional benefit of reducing the likelihood of selecting an incorrect ion from the CID MS2
spectra that are used for subsequent HCD MS3, thus further reducing peptide interference.
However, simply reducing the number of notches can only have a limited affect at reducing
peptide interference in the SPS-MS3 method. A single-notch MS3 method (a non-SPS method),
is the limit for low peptide interference. Specifically, a single-notch method runs the risk of an
incorrect ion or a y-ion of a non-lysine peptide being selected for SPS-MS3 which can either
result in 100% interference or no signal for quantitation during TMT-based experiments. This
ultimately leads to a drastically reduced number of quantifiable peptides.

Since the current SPS-MS3 methods with the latest instrumentation produce data sets

with extremely low interference, the future of TMT based multiplex proteomics requires
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advancements in two areas: increased peptide identifications for MS3 methods and the ability to
select the correct ions from CID MS2 spectra always. While the former goal will increase MS3’s
viability over MS2, the latter could potentially reduce peptide interference beyond the 1-notch
limit. Active research into real-time database searching and online field asymmetric ion mobility
spectrometry (FAIMS) has shown promising results at increasing peptide and protein
identifications while reducing interference?®?°. These new technologies allow for on-the-fly
decision making for SPS ion selection and an additional gas phase purification step, respectively.
Such breakthroughs would uncover low abundant proteins and rare posttranslational

modifications to accurate quantitative proteomics studies.
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Chapter 3: Evaluating False Transfer Rates from the Match-Between-Runs Algorithm with
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Abstract

Stochasticity between independent LC-MS/MS runs is a challenging problem in the field
of proteomics resulting in significant missing values (i.e., abundance measurements) among
observed peptides. To address this issue, several approaches have been developed including
computational methods such as MaxQuant’s Match-Between-Runs (MBR) algorithm. Often
dozens of runs are all considered at once by MBR, transferring identifications from any one run
to any of the others. To evaluate the error associated with these transfer events, we created a two-
sample/two-proteome approach. In this way, samples containing no yeast lysate (n = 20) were
assessed for false identification transfers from samples containing yeast (n = 20). While MBR
increased the total number of spectral identifications by ~40%, we also found that 44% of all
identified yeast proteins had identifications transferred to at least one sample without yeast.
However, of these only 2.7% remained in the final dataset after applying the MaxQuant LFQ
algorithm. We conclude that false transfers by MBR are plentiful, but few are retained in the
final dataset.
Introduction

Stochasticity is an important issue for quantitative multi-run data-dependent acquisition
(DDA) LC-MS/MS experiments as lack of observable evidence does not prove absence!.
Attempts to address this issue have been both chemical and computational®*. Chemically,
various labelling methods have been developed to analyze multiple MS experiments
simultaneously and address missing values®. Isobaric labelling techniques like Tandem Mass
Tags (TMT) and iTRAQ provide peptide level modification and simplify downstream analysis
while increasing sample throughput®~’. These chemical labels, however, are limited by the

number of samples that can be analyzed simultaneously, currently 11 for TMT and 8 for iTRAQ.
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Attempts to expand the multiplexing capabilities of these compounds often requires
computational manipulation and experimental rearrangement (e.g. use of a bridge channel) or the
complete redesign of the chemical compound®?.

Label-free quantitation inherently does not require chemical or metabolic labelling, but is
susceptible to stochasticity®!°. As such, attempting to quantify across independent, label-free
LC-MS/MS analyses can result in inaccuracies and missing data. To combat this, several
computational methods have been applied®!°. However, most of these strategies employ
imputation to fill in the missing values.

An alternative method to statistical imputation is to perform an identification transfer by
leveraging chromatographic and mass-to-charge information. The most popular variation of this
technique is the Match-Between-Runs (MBR) algorithm, which is included within the MaxQuant
software suite'!?. Briefly, the MBR algorithm assesses each identified peak in an MS1 spectrum
from an LC-MS/MS run and compares its retention time to unidentified peaks in another. An
identification is transferred if an unidentified peak with the same properties (e.g. m/z and charge
state) is found within a specified retention time window. As retention time is critical for the
algorithm to function, the MBR algorithm first realigns compared chromatograms (by default, up
to 20 min deviations) before attempting to transfer identifications. Thereby, identifications
through peptide-spectrum matches (PSMs) from one run can be transferred to peaks having no
tandem MS information in another run. However, this strength also presents the primary
difficulty in assessing the accuracy of MBR.

With no tandem MS information, the authenticity of an identification transfer is not
guaranteed. The need to validate identification transfers becomes more important as research

groups begin to utilize the MBR algorithm for experiments with many runs. For example, a
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recent publication comparing the proteomes of 29 different healthy human tissues utilized MBR
with a total of over 1,800 MS/MS RAW files analyzed during the study'?. Previously, work to
assess the quality of identification transfers by MBR has utilized alignment of “ID-pairs” to
investigate false transfer rate'*. Simply put, peptide identifications in MBR compared LC-
MS/MS runs should align closely after MBR chromatogram recalibration; transfers in regions
where “ID-pairs” do not align well are assumed to be incorrect. By this method, MBR was found
to have between 2% (LC-MS/MS runs analyzed on the same day) and 74% (LC-MS/MS a month
apart) false transfers regardless of realignment and recalibration of sample chromatograms'4.

Here, we present a novel method utilizing a human-only Sample (H) compared with a
human+10% yeast spike-in Sample (HY) to assess the false transfer rate via the MBR algorithm.
To eliminate issues of carry over and to reduce the previously identified effects of column
consistency on the MBR analysis, we first analyzed Sample H 20 consecutive times immediately
followed by 20 consecutive analyses of the Sample HY. By leveraging Sample H as ground truth
due to its single proteome composition, we are able to measure how often a false transfer occurs
by counting the number of yeast protein identifications found in Sample H after MBR transfers
compared to a standard analysis.

Through this study, we find that while the use of MBR greatly improves the missing
values problem, false transfers from the MBR algorithm do occur at a measurable rate. When
observing identifications across the experiment, we find that 44% of yeast proteins in the two-
proteome sample were incorrectly transferred at least once to the human-only sample.
Additionally, most of these incorrect transfers result in one-hit-wonder identifications in line

with the belief that false transfers are spurious. However, by processing the MBR data with LFQ
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enabled in MaxQuant, these spurious transfers were frequently assigned zero or near zero
quantification values, thereby preventing incorrect quantitation.
Materials and Methods
Human Cell Culture

HCT116 cells were obtained from ATCC and cultured as described previously'. Briefly,
cells were cultured in DMEM supplemented with 10% Fetal Calf Serum and 5%
Penicillin/Streptomycin. Cells were kept at 37°C with 5% CO; until harvest. Harvesting occurred
after cells reached 80% confluency by visual inspection. After ice-cold PBS wash, cells were
lysed on-plate with 1 mL of an 8M urea lysis solution containing 200mM EPPS, pH 8.5, and
protease inhibitors. Lysate was homogenized by trituration through a 21-gauge needle followed
by sedimentation by centrifugation at 21,000 x g for 15 mins. Clarified lysate was flash frozen
and stored at -80°C.
Yeast Samples

Saccharomyces cerevisiae was acquired from Dharmacon and cultured in standard yeast-
peptone-dextrose (YPD) media as described previously'®!”. Briefly, when the culture reached
mid-log phase (measured by optical density of 0.6/mL), the culture was pelleted by
centrifugation and resuspended in an 8M urea lysis solution containing 200mM EPPS, pH 8.5,
and complete-mini, EDTA-free protease inhibitors (Roche). The resuspension was lysed via bead
beating in microcentrifuge tubes. Lysate was clarified by centrifugation, flash frozen, and stored
at -80°C.
Sample Preparations

Human cell lysate and yeast cell lysate were prepared for label-free LC-MS/MS analysis

following protocols previously described?. Briefly, a protein level bicinchoninic acid protein
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assay (Pierce) was performed on the clarified lysates to determine protein concentration. Lysates
were then reduced at room temperature in the dark with incubation of SmM tris(2-carboxyethly)-
phosphine (TCEP), followed by alkylation with 10mM iodoacetamide to covalently block
reactive cysteine groups. The reaction was quenched with the addition of 15mM dithiotreitol.
Blocked lysates were then chloroform-methanol precipitated.

Precipitated proteins were resuspended in 200mM EPPS pH 8.5 and placed in an orbital
shaker at room temperature for overnight digestion with Lys-C at a 1:100 protease:protein ratio
(Wako). Sequencing grade trypsin (Promega) was added to the Lys-C digest and incubated for
6hrs on an orbital shaker at 37°C. A Quantitative Colorometric Peptide assay (Pierce) was then
performed to measure the concentration of digested peptides present.

At this point, the human sample was split into 2 aliquots of 30pug each. Three pg of yeast
peptides were added to one of the human samples, while an equal volume of HPLC grade water
was added to the other sample. Both samples were independently de-salted using stop-and-go-
extraction tips containing a C18 solid phase'®. De-salted samples were then dried in vacuum
centrifuge and resuspended in a 5% acetonitrile, 5% formic acid buffer for LC-MS/MS analysis.
Liquid Chromatography and Tandem Mass Spectrometry (LC-MS/MS)

Both unfractionated samples were each analyzed 20 times consecutively on an Orbitrap
Fusion Lumos mass spectrometer operated in positive-mode with a Proxeon EASY-nLC 1200
liquid chromatograph (Thermo Fisher Scientific) as described previously?. Peptide fractionation
was performed on a 100 pm inner diameter microcapillary column packed with 35¢cm of
Accucore C18 resin (2.6 um, 150 A, Thermo Fisher Scientific). Approximately 1pg of peptide

was loaded onto the column for LC-MS/MS analysis.
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Separation occurred across a 90min gradient from 4% to 35% acetonitrile in 0.125%
formic acid. The flow rate was set to 525nL/min over the gradient. To prevent carry over, the 20
analyses of the human only sample (H) were queued first followed by the 20 analyses of the
human+10% yeast spike-in sample (HY).

A data dependent Top Speed (3 second) method was used to collect spectra: high
resolution MS1 spectra (Orbitrap resolution: 120,000; mass range: 350-1,400Th; and automatic
gain control (AGC) target: 4x10°; maximum injection time 50ms) and high resolution MS2
spectra (Quadrupole isolation window: 1.6Th; Orbitrap resolution: 7,500; HCD energy: 30%;
AGC target: 5x10*; maximum injection time: 22ms). Dynamic exclusion was enabled with a
duration time of 120 s.

Data Analysis

Spectra collected from our 40 LC-MS/MS analyses were analyzed with the MaxQuant
software package (Version 1.6.3.4)>!!. Spectra were searched against a concatenated human
(Uniprot ID: UP000005640, Downloaded November 8, 2018) and yeast (Uniprot ID:
UP000002311, Downloaded November 8, 2018) database. Database reversal for false discovery
rate determination using the target-decoy method was performed by MaxQuant'®. To prevent
bias, MaxQuant default parameters were used. All 40 LC-MS/MS runs were analyzed
simultaneously and given a unique Experiment tag in the “Raw data” upload section of
MaxQuant. LFQ was enabled with default settings.

LC-MS/MS runs were analyzed once without and once with MBR enabled. Proteins
containing even a single shared peptide between human and yeast databases were removed to
avoid artificially increasing the amount of yeast identifications due to common peptides between

species (n = 77). To account for leucine/isoleucine isomers, a regular expression search was
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conducted for peptides containing those amino acids, allowing them to match sequences
containing either form of the isomers from both databases. MBR was enabled through the
“Identification” subtab in the “Global Parameters” tab of MaxQuant. The default settings for
MBR were used (0.7min match window and 20min alignment time).

Extracted Ion Chromatograms (XICs) of peptides were viewed using the Skyline client?’.
A peptide list was imported into the software and the “msms.txt” file generated from the
MaxQuant software suit was supplied along with the raw files used in this study. Default Skyline
settings were used. For Skyline analysis, raw files were aligned and calibrated within Skyline.
All graphs generated by Skyline for a given XIC were synchronized such that the x- and y-axes
were identical.
Results
Assessing Experimental Stochasticity

We devised a two-sample, two-proteome system consisting of a pure sample and a mixed
sample to measure how frequently the MBR algorithm incorrectly transfers an identification. The
pure sample, Sample H, consisted of a human-only peptide mixture from a digested HCT116
cellular lysate. Sample HY, the mixed sample, was an identical aliquot of Sample H with an
additional spike-in of yeast (S. cerevisiae) at 10% of the human lysate mass (Figure 3-1A). Forty,
90-min, back-to-back LC-MS/MS analyses were performed such that the first 20 analyses were
conducted on Sample H (single-proteome sample) and the last 20 analyses were on Sample HY
(two-proteome sample) to avoid sample carryover. As such, Sample H serves as ground truth as
it is devoid of yeast proteins. The raw data were analyzed twice by MaxQuant, once with MBR
off and again with MBR on to assess how many yeast proteins would be identified by matching

in the single-proteome sample (Figure 3-1B).
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Figure 3-1: Experiment setup and overview. A) Diagram of experimental workflow. Sample H
(yellow) and HY (blue) were generated from the same human lysate. Sample HY was only
differentiated by a spike-in of yeast whole cell lysate at 10% of the human lysate mass. Both
samples were analyzed 20 times each by LC-MS/MS back-to-back on the same column with
analysis of Sample H performed first to prevent carry over. MaxQuant was used to process the
LC-MS/MS data with and without MBR. B) Diagram summarizing the results of the 40 MS/MS

runs by MaxQuant analysis type.
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Figure 3-1 (continued)

A

2-sample, 2-proteome MBR Challenge Workflow

Analysis Method Results

- MBR + MBR
Analysis by  sample H Sample HY [Sample H Sample HY
MaxQuant 20 runs 20 runs 20 runs 20 runs
ITI N~ N~ N~ N~
I N~ N~ |le——| A~
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.» q N~ N~ |le——|~
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: "D Transfer
20 Runs 20 Runs
Sample H Sample HY
Human, no Yeast Human, with Yeast
Runs 1-20I Runs 21-4IO

v

ey MaxQuant g
Analysis Analysis

Summary — No MBR Summary — With MBR
Species Total IDs Species Total IDs % 1
Peptides’ Total 938,148 Peptides Total 1,342,413 43
(By MS/MS) Human 895,396 (ByMsMSor ~Human 1,281,350 43
Yeast 42,752 by matching)  yeast 61,063 43
Proteinsb Total 4,6 14 Proteinsb Total 4,6 14 0
Human 4,122 Human 4,122
Yeast 492 Yeast 492

a

Peptides that overlapped the human and yeast databases were marked as human. Peptides were blasted against the
human database and allowed to match either leucine or isoleucine isomers.

®Proteins containing peptides that overlapped the human and yeast databases were removed from analysis to remove
confounding data. Protein groups which included human proteins were marked as human.
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To summarize the complete data set and assess stochasticity, we examined the number of
total and unique peptide identifications over all MS/MS analyses performed during this study
(Figure 3-1B and Supplemental Table 1). Without MBR enabled, 938,148 peptides were
identified over the 40 MS/MS analyses split between 895,396 human identifications compared to
42,752 yeast identifications. This translated into 4,122 human and 492 yeast proteins. Note that
any yeast protein which shared one or more peptides with a human protein was removed. By
enabling MBR, peptide identifications were increased by 43% equally split between both
species. Furthermore, no protein identifications were added as MBR does not increase total
protein identifications within the dataset.

Match Between Runs Aids in the Completion of Data Sets

To evaluate the effect of MBR on multiple MS/MS experiments, we first looked to
establish a baseline identification rate by assessing the number of unique peptides and proteins
identified, by species, in each of the 40 MS/MS analyses (Figure 3-1B, Table 3-1, Figure 3-2).
Without MBR, only 57% and 56% of all observed human peptides were detected in each MS/MS
analysis of Sample H and HY, respectively (Figure 3-2). A similar per run identification rate of
59% was observed for yeast peptides in the 20 MS/MS analyses of Sample HY. By enabling
MBR, the peptide level identification rate for human peptides improved to an average of 81%
across all 40 analyses, while the average identification rate of yeast peptides in the 20 analyses of
Sample HY increased to 83%.

A more holistic analysis was conducted at the protein level (Table 3-1). On average,
3,738 of the 4,614 proteins (81%), across both species, were identified in each MS/MS run. By

species, an average of 85% of the 4,122 human proteins were identified per run. This trend was
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Run Level Analysis - Peptides

Total Unique Human Peptides
Sample H, MBR -

Sample HY, MBR -

Sample H, MBR +

Sample HY, MBR +

Total Unique Yeast Peptides
Sample H, MBR -

Sample HY, MBR -

Sample H, MBR +

Sample HY, MBR +

Figure 3-2: Run level analysis of MBR false transfers. False transfers are shown as a percentage

39,568 Unique Human Peptides Observed

22,529 + 404 Human Peptide§ out of 39,568 (57%)

22,241 1 449 Human Peptids

s out of 39,568 (56%)

32,483 + 243 Human Peptides out of 39,564 (82%)

31,585 + 380 Human Peptides out of 39,58 (30%)

3605 Unique Yeast Peptides Observed

11 £ 2 Yeast Peptides out of 3605 (0%)

2127 + 51 Yeast Peptides

ot of 3605 (59%)

79 £ 5 Yeast Peptides o

ut of 3605 (2%)

2974 + 32 Yeast Peptides

out of 3605 (83p4)

of total identifications at the peptide level. Total unique proteins and peptides reported are the

combined unique protein list between all 40 LC-MS/MS runs performed in this study from the

human (orange bar) and yeast (purple bar) proteomes. Yellow bars indicate percentage identified

in analyses of Sample H while blue bars represent percentage identified in Sample HY.
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preserved when analyzing Sample H and HY separately. An equivalent average identification
rate was observed in Sample HY for yeast proteins (87% of the 494 were identified) while only
1.6% of the yeast proteins were identified in Sample H.

Assessing false transfer rates using a two-proteome model

With the baseline case established, we repeated the analysis with MBR enabled to
measure the increase in average identification rate (Table 3-1). Globally, an average of 4,290
proteins (or 93%) were identified per run with 98% of all human proteins being identified per run
(up from 85% without MBR) showing an increase in completeness of the dataset. Between
samples H and HY, this identification rate was preserved for the human proteins — 98% and 97%
respectively.

To measure the false transfer rate, we next looked at the yeast proteins transferred
between samples H and HY. For Sample HY, the same completeness trend observed for human
proteins was found for yeast proteins with an average of 93% of the 492 yeast proteins identified
in each analysis. However, the number of yeast proteins identified on average in Sample H
increased to 60 proteins out of 492, or 12%. This is an average 7.87-fold increase of yeast protein
identifications in a human-only sample.

Furthermore, we utilized the Skyline suite to assess the differences between the XICs of
yeast peptide identifications transferred to Sample H by the MBR algorithm. By comparing the
yeast peptide XICs from the 20 LC-MS/MS analyses of Sample H to the 20 from Sample HY we
were able to observe that while some incorrectly transferred peptides had little to no signal in the
calibrated retention time window in the 20 LC-MS/MS, others contained various incorrect peaks

with the appropriate m/z and charge state. For example, yeast peptide IDDDVPTILQGAK
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Figure 3-3: Extracted lon Chromatograms for peptide IDDDVPTILQGAK across 40 runs. A)
Sample H and B) Sample HY. XICs of transferred peptide identifications are boxed in red while
XICs of peptide identifications made by MS/MS are boxed in blue. Peptide IDDDVPTILQGAK
belongs to the yeast protein HS104 which was identified in Sample H with MBR but not
quantified with LFQ. The MaxQuant msms.txt file with MBR and LFQ enabled was supplied to
Skyline to generate XICs for this peptide (=5 PPM). Dashed lines represent the bounds of
integration for a peak selected automatically by Skyline. Black arrows show the peak Skyline
selected for integration. Monoisotopic precursor and the M+1 and M+2 isotopes are shown in

blue, purple, and brown respectively in each Skyline plot.
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Figure 3-3 (continued)
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Figure 3-4: Extracted lon Chromatograms for yeast peptide FGPIVSASLEK across 40 runs. A)
Sample H and B) Sample HY. XICs of transferred identifications are boxed in red. Peptide
FGPIVSASLEK belongs to the yeast protein PABP which was identified in Sample H with MBR
and quantified with LFQ in 6 of the 20 Sample H replicates. Even though Sample H contains no
yeast proteins, peaks sharing the same precursor M/z value can be found near the calibrate
retention time for FGPIVSASLEK. This highlights the potential difficulty the MBR algorithm
faces when attempting to assign an identification transfer. The MaxQuant msms.txt file with
MBR and LFQ enabled was supplied to Skyline to generate XICs for this peptide (=5 PPM).
Dashed lines represent the bounds of integration for a peak selected automatically by Skyline.
Black arrows show the peak Skyline selected for integration. Monoisotopic precursor and the

M+1 and M+2 isotopes are shown in blue, purple, and brown respectively in each Skyline plot.
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Figure 3-4 (continued)
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contained no signal in Sample H while peptide FGPIVSASLEK contained several peaks within
the identified retention time window (Figures 3-3 and 3-4).
Requiring Identifications in Multiple Runs Reduces Spurious Identifications

Next, we assessed how often any given yeast peptide or protein was identified in the 20
LC-MS/MS runs of Sample H (Figure 3-5A). Without MBR, only 57 yeast peptides
corresponding to 37 proteins were identified in the 20 analyses. When requiring identification in
at least 5 runs, this number reduced to 10 proteins. However, analysis with MBR resulted in the
identification of 215 yeast proteins in the 20 samples containing only human proteins.
Furthermore, when requiring identification in at least 5 runs, 76 yeast proteins were still
identified. However, of the 215 yeast proteins identified in at least one MBR enabled analysis of
Sample H, 167 transferred identifications were subsequently reported as having 0 intensity by the
LFQ algorithm, 36 proteins had been previously identified without MBR, and 12 yeast proteins
were transferred and quantified by LFQ as having a non-0 intensity (Figure 3-5B). As such,
while 44% of all yeast proteins were identified in at least one run with MBR enabled, only 2.4%
received an intensity value greater than 0 from the downstream LFQ algorithm. This is due to the
default setting of the LFQ algorithm requiring a minimum of 2 peptides per protein for
quantitation.
Incorrect identifications by Match-Between-Runs are quantified near-0 when LFQ is
implemented

To evaluate the effect MBR has on label-free quantitation, we further assessed how the
MaxQuant LFQ algorithm handled the 12 yeast protein identifications receiving LFQ intensity
values greater than 0 when transferred to Sample H. These proteins were not identified by

MS/MS during any of the Sample H analyses, but each identification was transferred, on
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Figure 3-5: Analysis of yeast protein identifications occurring in sample H (no yeast). A) Bar
plot showing the number of yeast proteins found in z» or more runs. B) Stacked bar plots showing
the type of yeast protein identifications occurring in at least one run from sample H. Blue bar
shows the number of yeast proteins observed across the 40 MS/MS runs. Yellow bars represent
yeast proteins always identified irrespective of MBR. Diagonally dashed bar depicts the number
of identifications transferred by MBR but then removed by the downstream LFQ algorithm.

Solid red bars show transfers remaining after MBR and downstream LFQ analysis.
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average, to 12 analyses of Sample H (Table 3-2). Conversely, these 12 yeast proteins were
identified by MS/MS in all 20 analyses performed on Sample HY.

Despite many Sample H analyses receiving an identification of the 12 proteins by
matching, only an average of 2 Sample H analyses per yeast protein contained a transfer that
would be quantified as non-0 during LFQ analysis. When analyzing the average LFQ ratio of
these quantifiable transfers, an average H:HY ratio was 0.18 — indicating that on average, these
non-0 assignments at the LFQ level resulted in a quantitation ratio near 1:5. The largest average
ratio was 1:2 and observed in the protein PURA, transcriptional activator protein Pur-alpha
(Table 3-2). Meanwhile elongation factor 3A, EF3A, and the alpha-tubulin folding protein, had
the smallest ratio of 1:100. However, when including transfers that were quantified with an
intensity of 0 by LFQ, the average H:HY LFQ ratio of the 12 proteins is near 2:100 indicating a
negligible identification.

Discussion

Match between runs is popular approach which partially addresses the problem of
stochastic identifications in LC-MS/MS by leveraging chromatographic data. No standardized
method, however, is available to assess the false transfer rate when utilizing the MBR algorithm
in MaxQuant. Here we present a novel method that utilizes single-proteome and dual-proteome
samples to quantitatively measure false transfers. While our data set is biased by primarily
focusing on assessing the presence or absence of low abundant proteins, it does mimic the

exclusivity of rare proteins when comparing between treatments or tissues.
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Our findings suggest that, on average, an ~8-fold increase in incorrect identifications can
occur at the protein level when allowing the algorithm to perform matches between 40
independent MS/MS runs — 20 of a single proteome sample and 20 of a dual-proteome sample.
These spurious identifications are often “one-hit-wonders” and are a result of non-systematic
transfers of peptide identifications.

Despite these shortcomings, MBR is not without its merits. We found that in identical
samples, MBR increased the number of peptides identified by an average of 43%. This increase
was reduced to 15% at the protein level due to the assignment of multiple peptides to a single
protein. As such, 98% of all detected human proteins were observed in all 40 MS/MS runs, up
from the initial 86% identification rate without MBR. The result of enabling MBR in identical
samples is near-complete identification of all observed proteins in the data set, which alleviates
the missing-value problem. Furthermore, enabling LFQ in the MaxQuant algorithm resolved
most spurious matches due to false transfer. Although a small subset remained after LFQ
analysis, on average these represent a 1:50 ratio between the human-only (H) and human + yeast
sample (HY). Until further developments to the MBR algorithm to measure, quantify, and
control the false transfer rates are added, it is recommended that utilizing MBR in conjunction
with some form of post-processing software that can address false transfers (i.e., LFQ).
Supporting Information

Formatted tables of MaxQuant outputs are provided as an XLSX file. RAW files and data
for LC-MS/MS experiments have been uploaded to the ProteomeXchange Consortium via the

PRIDE partner repository?!. The dataset identifier is PXD014415.
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Abstract

Phosphorylation stoichiometry, or occupancy, is one element of phosphoproteomics that
can add useful biological context!. We previously developed a method to assess phosphorylation
stoichiometry on a proteome-wide scale’. The stoichiometry calculation relies on identifying
and measuring the levels of each nonphosphorylated counterpart peptide with and without
phosphatase treatment. The method, however, is problematic in that low stoichiometry
phosphopeptides can return negative stoichiometry values if measurement error is larger than the
percent stoichiometry. Here, we have improved the stoichiometry method through the use of
isobaric labeling with 10-plex TMT reagents. In this way, 5 phosphatase treated and 5 untreated
samples are compared simultaneously so that each stoichiometry is represented by 5 ratio
measurements with no missing values. We applied the method to determine basal stoichiometries
of HCT116 cells growing in culture. With this method, we analyzed 5 biological replicates
simultaneously with no need for phosphopeptide enrichment. Additionally, we developed a
Bayesian model to estimate phosphorylation stoichiometry as a parameter confined to an interval
between 0 and 1 implemented as an R/Stan script. Consequently, both point and interval
estimates are consistent with the plausible range of values for stoichiometry. Finally, we report
absolute stoichiometry measurements with credible intervals for 6,772 phosphopeptides
containing at least a single phosphorylation site.
Introduction

Phosphorylation is one of the most common post-translation modifications found in cells.
By chemically attaching a phosphate group to amino acid residues such as serine, threonine, and
tyrosine, cells can change a protein’s function, localization, or degradation in addition to other

important cellular activities including signal transduction®*. Because of its many cellular
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functions, a variety of experiments have been designed to probe different elements of
phosphorylation. Quantitative experiments such as Western blotting and phosphopeptide mass
spectrometry analysis are often implemented to measure phosphorylation dynamics®. While
generally useful, these methods are often limited to identifying fold changes which may not
provide sufficient information to fully understand the underlying biological mechanism.

One facet of quantitative phosphorylation proteomics that can have potential biological
insight is phosphorylation stoichiometry, or occupancy'. A measured fold change of 2 for a
phosphopeptide’s levels can be caused a by a multitude of different cellular processes: a
doubling in a protein production, a doubling in a phosphorylation occupancy, a decrease in
protein degradation of the nonphosphorylated version, or any number of other cellular events.
Additionally, a 2 fold increase in relative phosphorylation levels can mean anything from an
increase of 2% to 4% overall occupancy to an increase of 50% to 100% occupancy. Such stark
differences in the absolute amount of phosphorylation occupancy could suggest that different
cellular processes are activated in response to stimuli at different phosphorylation
stoichiometries®>®,

Traditionally, phosphorylation stoichiometry has been measured using low throughput
methods such as quantitative western blotting. In 2001, we used AQUA peptides as absolute
internal standards to measure the absolute amounts of both the phosphorylated and
nonphosphorylated forms of site Ser-1126 on the protein separase!. We showed that this site was
held at very high stoichiometry until the anaphase-metaphase transition, whereupon it became
dephosphorylated, releasing its protease activity to finish mitosis. In recent years, we and others
have developed high-throughput whole proteome techniques to assess phosphorylation

stoichiometry en masse*>?. All current global proteome methods suffer from the same
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unavoidable drawback — their inability to distinguish phosphorylation stoichiometry of individual
sites in multiply phosphorylated peptides. As such, it can only be claimed that for a multiply
phosphorylated peptide, this is the maximum possible stoichiometry considering all sites. One
such method utilizes stable isotope labelling with amino acids in cell culture (SILAC) to
measure three distinct ratios to generate a phosphorylation stoichiometry measurement’.
However, SILAC can only be utilized where heavy amino acids can be doped into cell culture.
Additionally, the SILAC method for assessing phosphorylation stoichiometry can only detect
stoichiometry for sites that undergo a change in stoichiometry based on two conditions®.

We have previously published a method utilizing phosphatase treatment to assess
phosphorylation stoichiometry?. A sample is divided into two aliquots, chemically labelled with
a unique label, and one is treated with phosphatase. Phosphorylation stoichiometry can be
assessed by analyzing the increase in signal of the non-phosphorylated form of phosphopeptides
after phosphatase treatment>®. Calculated stoichiometries are then assigned to phosphopeptides
by matching the stoichiometries of these non-phosphorylated peptides to their known
phosphorylated form from a phosphopeptide database or a previously generated phosphopeptide
library. This indirect measurement circumvents issues of phosphorylation enrichment
efficiencies as well as ionization efficiency for phosphorylated peptides, and potential digestion
problems related to analyzing phosphorylated peptides®®. Importantly, no comparison to a
second condition is required allowing for the basal phosphorylation stoichiometry of a cell to be
assessed. Others have adapted our method further for iTRAQ labelling or kinase treatment to
improve this phosphatase-based method®’.

This method can, however, report negative stoichiometries. For example, if the true

occupancy level is 2% but the measurement error is 5%, it is possible to calculate negative
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values. To our knowledge, no group has successfully addressed the negative stoichiometries
resulting from measurement error. Furthermore, previous attempts at analyzing phosphorylation
stoichiometry relied on sample standard deviations to calculate confidence intervals for each
stoichiometry measurement>>~’. These intervals frequently include stoichiometry values below
0% or above 100%, which are not possible. Fortunately, these issues can be resolved by
carefully defining a statistical model with appropriate distributions and ranges.

TMT reagents are a conduit for sample multiplexing in quantitative proteomics'®!3.
TMT chemically modifies the N-terminus and all free lysine residues of a peptide and is
commercially available as a 2-, 6-, 8-, and 10-plex'®!%!4 Each label is divided into two regions,
a reporter ion region and a mass balance. All labels have the same nominal mass, but differ in the
placement of heavy *C and '°N atoms, distributed between the reporter ion and mass balance
regions'®. TMT labelled peptides are, thus, indistinguishable during chromatographic separations
and even via MS1 analysis'®'>!%15 However, during peptide fragmentation in a mass
spectrometer, the balance remains attached to the peptide while the reporter region falls off as a
reporter ion. Each label, or channel, has a unique reporter ion mass. Quantitation is performed
by assessing the relative ratios of reporter ions'®!2, A multi-notch MS3 method can be used to
collect accurate reporter ion ratios, greatly reducing or removing completely interference caused
by co-eluting and co-fragmenting peptides!>1®.

Here we have extended the TMT workflow to include stoichiometry analysis. We
determined absolute stoichiometry from five biological replicates of asynchronously growing

HCT116 cells under basal conditions. We used statistical modeling to address negative

stoichiometries in our dataset. We treated stoichiometry as an estimable parameter rather than a
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directly calculated statistic. Finally, we provide occupancy measurements for 6,772 unique
phosphopeptides containing at least one phosphorylation site in HCT116 cells.
Materials and Methods
Cell Culture

HCT116 cells were cultured in DMEM (Gibco) supplemented with 10% (v/v) fetal
bovine serum (Hyclone) and 50uL/mL penicillin and 50uL/mL streptomycin (Gibco) in a 15¢cm
dish as described previously'*!7. Cells were incubated at 37°C at 5% CO2 until approximately
80% confluent. Cells were then washed with ice cold phosphate buffered saline (Gibco) and
lysed on plate with ImL of an 8M urea lysis buffer containing a protease and phosphatase
inhibitor cocktail (Roche). Lysate was collected and stored at -80°C until sample preparation for
mass spectrometry.
Sample Preparation

HCT116 lysate was homogenized by passing the lysate through a 21-gauge needle
followed by sedimentation by centrifugation at 21,000 x g for 15mins'3. The supernatant was
transferred to a new tube and protein concentration was determine by a bicinchoninic acid (BCA)
assay (ThermoFisher Scientific). The proteins were then reduced and alkylated to block reactive
cysteine groups and chloroform-methanol precipitated. Proteins were resuspended in 200mM
EPPS pH 8.5 and digested with Lys-C (Wako) overnight at room temperature and subsequently
digested with sequencing grade trypsin (Promega) for 6hrs at 37°C. Digests were then de-salted
using C18 solid-phase extraction (SPE) (Sep-Pak, Waters) and dried down in a vacuum
centrifuge.

Phosphatase Experiment to Generate Stoichiometry
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We adapted our previous phosphatase method? to make use of TMT. Briefly, five dried
down de-salted digests were resuspended in 100mM EPPS pH 8.5 and separated into two
equivalent 50ug aliquots. Each digest corresponded to a biological replicate. Each aliquot was
labeled with a TMT10 reagent for 90mins at room temperature and then quenched with
hydroxylamine. The quenched reaction was flash frozen and dried down in a vacuum centrifuge
and then resuspended in CutSmart Buffer (New England Biolabs) and one labelled aliquot from
each replicate was treated with 200 units of Calf Intestinal Phosphatase (New England Biolabs)
while the other aliquot from the replicate was treated with water. All aliquots were incubated at
37°C for 3 hours and then acidified with formic acid to a final concentration of 1%. All aliquots
were then combined at a 1:1:1:1:1:1:1:1:1:1 ratio'!. The pooled sample was then subjected to
C18 SPE (Sep-Pak, Waters) and then dried down in a vacuum centrifuge before resuspension in
10mM ammonium bicarbonate and 5% acetonitrile for off-line basic pH reversed-phase (BPRP)
fractionation.

Phosphopeptide Enrichment Experiment

A separate phosphopeptide enrichment experiment was performed on HCT116 cell
lysates to generate a phosphopeptide library as previously described'®. Briefly, 10mg of protein
from HCT116 lysates was digested and subjected to enrichment with immobilized metal affinity
chromatography with Fe** (Fe-IMAC). The phosphopeptide enriched digest was then labelled
with a TMT10 reagent as described above. The sample was then dried down in a vacuum
centrifuge, resuspended in 1% formic acid and subjected to C18 solid phase extraction (SPE)
(Sep-Pak, Waters). The de-salted phosphopeptide enrichment was dried down in a vacuum
centrifuge before resuspension in 10mM ammonium bicarbonate and 5% acetonitrile for off-line

basic pH reversed-phase (BPRP) fractionation.
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BPRP fractionation

Oft-line BPRP HPLC was performed on an Agilent 1100 pump with a degasser and
photodiode array detector!!. A gradient of 13%-37% acetonitrile in 10mM ammonium
bicarbonate was used over 50min. The pooled TMT-labelled sample and the phosphopeptide
enriched sample were each separated into 96 fractions by the instrument. For each fractionation
experiment, fractions were collected in a 96-well plate and combined into 24 fractions as
previously described!!. The 24 fractions were acidified to 1% formic acid and dried down in a
vacuum centrifuge. Dried down fractions were resuspended in 5% acetonitrile and 5% formic
acid for LC-MS/MS analysis.

Liquid Chromatography and Tandem Mass Spectrometry (LC-MS/MS)

Data for all LC-MS/MS experiments were collected on an Orbitrap Fusion Lumos mass
spectrometer (Thermo Fisher Scientific, San Jose, CA) with LC separation performed on an
attached Proxeon EASY-nLC 1200 liquid chromatography (LC) pump (Thermo Fisher
Scientific). LC-MS/MS method was modified from a previous study''. A 100um inner diameter
microcapillary column packed with 35cm of Accucore C18 resin (2.6um, 150A, ThermoFisher)
was used to separate peptides. Approximately 2pug of peptide were loaded onto the column for
analysis.

A 150min gradient of 6% to 25% acetonitrile in 0.125% formic acid was used at a flow
rate of ~450nL/min to separate peptides from the pooled TMT-labelled samples: MS1 spectra
(Orbitrap resolution 120,000; mass range: 350-1,400 m/z; automatic gain control (AGC) target:
5x10°; maximum injection time: 100ms). We then used a Top10 method to select precursors for
further downstream analysis. MS2 spectrum were collected after collision-induced dissociation

(CID) (AGC target: 2x10* Normalized collision Energy (NCE): 35%; maximum injection time:

101



120ms; and isolation window of 0.7Th). MS2 analysis was performed in the ion trap. We
performed an MS3 analysis for each MS2 scan acquired by isolating multiple MS2 fragment ions
that were used as precursors for the MS3 analysis with a multi-notch isolation waveform. We
detected the MS3 analysis in the Orbitrap (resolution 50,000) after high energy collision induced
dissociation (HCD) (NCE: 65% with instrument parameters: AGC target: 2.5x10°; maximum
injection time: 150ms; and isolation window of 1.3Th).

For the phosphopeptide enriched sample, a high-resolution MS2 method was utilized for
analysis as there was no quantitation to perform. Peptides were again separated by a 150min
gradient. MS1 spectra were obtained in the Orbitrap (resolution 120,000; mass range: 350-1400
m/z; AGC target: 5x10°; maximum injection time: 100ms). We selected precursors for MS2
analysis using a TopSpeed method of 3sec. MS2 analysis occurred in the Orbitrap as well (HCD
fragmentation; NCE: 38%; AGC target: 1x10°; maximum injection time: 150ms; isolation
window: 1.6Th).

Data Analysis

Spectra acquired from LC-MS/MS experiments for the TMT-pooled phosphatase
experiments were processed using a Sequest-based software pipeline! "', First a modified
version of ReAdW.exe converted spectra to the mzXML format. These files were then searched
against a database which contained the human proteome (Uniprot Database ID: 9606,
downloaded February 4, 2014) concatenated to a database of all protein sequences reversed®’. A
precursor ion tolerance of 50ppm and a product ion tolerance of 0.9Da were used as search
parameters. Static modifications for TMT tags (+229.163Da) on lysine residues and the peptide’s
N termini and carbamidomethylation (+57.021 Da) on cysteine residues were used in

conjunction with a variable modification for oxidation (+15.995 Da) on methionine.
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Peptide-spectrum matches (PSMs) were then filtered using linear discriminant analysis to
a false discovery rate (FDR) of 1% as described previously?!. XCorr, ACn, missed cleavages,
peptide length, charge state, and precursor mass accuracy were used as parameters for the LDA.
The false discovery rate was estimated by using the target-decoy method. Peptides were
identified and collapsed using principles of parsimony to a final protein-level FDR of 1%.

For quantitation, we extracted the signal-to-noise (S:N) ratio of the closest matching
centroid to the expected mass of the TMT reporter ion for each TMT channel from MS3 scans
triggered by MS2 scans. MS3 spectra were filtered for a minimum TMT reporter ion sum S:N of
200 and an isolation specificity of at least 0.5.

Data from the phosphopeptide enrichment were processed similarly except an additional
variable modification of phosphate (+79.966) on serine, threonine, and tyrosine residues was
included as a Sequest search parameter. Additionally, because the analysis was a high-resolution
MS?2 scan, product ion tolerance was tightened to 0.03 Da. Site localization was performed using
Ascore??. No quantitation was performed. The generated localized phosphopeptide list was
filtered to remove any duplicate phosphopeptides to create a unique-matchable list.

Filtered PSMs from the phosphatase experiment were then matched to the
unphosphorylated form of peptides from the unique-matchable phosphopeptide list. A TMT-
based reporter ion quantitation method was then performed on these matched PSMs utilizing the
S:N ratios for each reporter ion channel from the phosphatase experiment. To calculate
stoichiometry we compared S:N ratios for reporter ion channels corresponding to the same
biological replicate. This was done with three different computational approaches, which we will
refer to as the standard stoichiometry, 0% lower limit, and Bayesian method. We defined the

standard stoichiometry calculation as:

103



Stoichiometry — TMT S: Nphosphatase treated — TMT S: Nuntreated *100%

TMT S: Nphosphatase treated

For our 0% lower limit method, the calculation of stoichiometry was identical except that any
negative stoichiometry calculated was replaced with 0%. Arithmetic means and sample standard
deviations were calculated for both methods across the five biological replicates for each peptide.

An in-house Bayesian modelling program in R/Stan treated stoichiometry as an estimable
parameter rather than a statistic. Briefly, to prevent negative estimation of stoichiometry and to
generate credible intervals that contain only physically possible numbers (i.e. stoichiometry
estimations constrained between 0-100%) we chose to model stoichiometry as a beta distribution
— a distribution naturally constrained to the unit interval. Additionally, instead of calculating
stoichiometry as a statistic directly from the raw data, we calculated the fraction of S:N
contributed by the untreated channel and used this statistic to make inferences about the
phosphorylation:

TMT S: Nuntreated
TMT S: Nphosphatase treated T TMT S: Nyntreated

S: N Contribution,,treated =

This statistic is calculated for each pair of TMT channels corresponding to a biological replicate.
All calculated values are then fed into our in-house software which then fits the following

Bayesian model,

Vij~ Beta(¢;, 1)
¢; ~ Pareto(0.1,1.5)
A= logit™*(u; + B;)
U; ~ half Normal(0, 5)

p; ~ Normal(0,5)

104



logit™ (u;)

S = T T g 1)

where i = 1, ..., n, indexes the n,, phosphorylation sites. j = 1, ..., n; indexes the n;
tubes/replicates. y;; represents the observed untreated signal-to-noise contribution, which was

defined above, and the Beta distribution here is defined in terms of mean parameters, ¢;, and a
precision parameter, A. p; represents the true contribution of untreated signal to the i’th site and
the B ;’s represents tube effects (pipetting error). Finally, S; represents the true phosphorylation
of the i’th site. This is the main parameter of interest. Notice that it is the use of a half-Normal
distribution for y; that forces stoichiometry between 0 and 1. All prior distributions were
selected to be weakly informative.

Bayesian methods gave us the flexibility to pick distributions and domains that place
stoichiometry within the correct interval. It is not clear how this would be achieved with
frequentist methods. Our Bayesian method is not deterministic and requires simulations to
describe the posterior distributions of our parameters. In the domain specific programming
language Stan, Markov chain Monte Carlo simulations using Hamiltonian Dynamics, also known
as a Hamilton Monte Carlo, achieve this goal. After executing a pre-defined number of simulated
draws, 2000 is the default in Stan, we discard the first half (since convergence may not have
been achieved) and use the latter to describe the distributions of interest. Here we aim to
determine the probability distribution of each stoichiometry, given the observed data. We
summarize this distribution with the posterior mean and percentiles that correspond with 80%
and 95% credible intervals for each peptide. Additionally, the posterior mean of A provides a

measurement of how much overall variation is seen in the data.
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Convergence can be assessed by looking at traceplots which show the values of a
parameter after each iteration. In our experiment, we always observed convergence within the
first few hundred iterations.

Results
Experiment Workflow

The TMT10-plex workflow for determining phosphorylation occupancy is shown in
Figure 1. We chose to implement the workflow using 5 biological replicates of HCT116 cells
(Figure 4-1A). To minimize variability, samples were only subjected to individual de-salting
columns once, after digestion (before splitting). TMT10 reagent usage was optimized by dividing
each replicate into 2 aliquots such that each aliquot received a unique TMT tag. After TMT
labelling, all aliquots were dried down in a vacuum centrifuge before reconstitution in
phosphatase buffer. All aliquots were recombined for a single de-salting step before off-line
BPRP fractionation prior to mass spectrometer analysis. For each biological replicate,
phosphorylation stoichiometry was calculated for each peptide whose phosphorylated version
could be found in a known library (Figure 4-1A,B). TMT10 enabled us to analyze all 5
biological replicates simultaneously, which was not possible previously.

Generation of a phosphopeptide library found in HCT-116 cells

The first iteration of our phosphatase-based method used a database of known
phosphorylation sites found in the literature®. Instead of using a literature-based database, we
created our own by performing a Fe-IMAC enrichment on confluent HCT-116 cells (Figure 4-
2A). We enriched phosphopeptides from 10mg of protein and then separated the enriched sample
into 24 fractions by off-line BPRP HPLC. Each fraction was subjected to high-resolution MS2

analysis using HCD fragmentation. We identified over 42,000 unique phosphopeptides that were
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Figure 4-1: Outline of TMT-based phosphostoichiometry experiment. A) Workflow for
phosphorylation stoichiometry experiment. Briefly, reduced and alkylated cell lysate from 5
biological replicates of HCT-116 cells were separately digested with trypsin, and each sample
was split into 2 aliquots for TMT-10 labelling. One labelled aliquot from each sample was
subjected to phosphatase treatment while its sister aliquot underwent a mock treatment. All 10
aliquots were combined for Sep-Pak clean-up and subjected to reversed phase HPLC and then
analyzed by SPS-MS3 on a Thermo Orbitrap Fusion Lumos. Stoichiometries were then
calculated for each peptide and assigned to phosphopeptides from a previous independent
phosphopeptide identification experiment. B) Sample calculation of how stoichiometry is
calculated for an observed peptide from our experiment. The stoichiometry for each sample is
calculated. In the example shown, the stoichiometry is calculated for the red sample. An

equivalent formula is to use the ratio of treated to untreated to calculate the stoichiometry: 1 —

1
T:U
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A.
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Trypsin Digestion
of Cell Lysates

% Fe IMAC
Phosphopeptide
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Figure 4-2: Outline of phosphosite library generation experiment. A) Workflow for independent
phosphopeptide identification experiment. Fe-IMAC enrichment was performed on the digested cell
lysate from HCT-116 cells. The phosphopeptide enriched digest was then TMT-labelled to account for
chemical changes caused by TMT-labelling and subjected to fractionation by reverse-phase HPLC.
Fractions were analyzed by high resolution MS2 analysis. Resulting phosphopeptide identifications were
localized to sites using a modified A-score to generate the known phosphorylation sites library used in
Fig 1a. B) Summary of phosphopeptides identified during this experiment. Pie chart breaks down the
phosphopeptides by type: Acidic, Basic, Proline-Directed, and Other. Sites were assigned a type based on

a previously described algorithm.

109



localized to 24,028 sites categorized by type (acidic, basic, proline-directed, other) based on our
lab’s previous algorithm (Figure 4-2B, Supplemental Table 2)'°. This dataset was then utilized as
the known peptide library (Figure 4-1A). 40% of observed phosphorylation sites were of the
proline-directed type, 26% acidic, 19% basic, and 16% did not fall any of the listed categories
(Figure 4-2B). After assigning stoichiometry to the matched sites, we observed that sites with an
acidic motif were found at higher average stoichiometries (Figure 4-3)°.
Phosphatase experiment observes 25% from generated phosphopeptide database

We analyzed all 24 fractions of our TMT10 labelled phosphatase-based stoichiometry
experiment on an Orbitrap Fusion Lumos instrument. Over 124,000 total peptides were
identified, corresponding to 8,351 proteins (Figure 4-4). For consistent quality, we then filtered
our data set for peptides with precursor isolation specificity of at least 0.5 and a sum S:N ratio of
200 across the 10 TMT reporter ion channels. This resulted in 72,074 unique peptides being
passed for quantification (Figure 4-4). After matching our identified peptides to their
phosphorylated forms in our phosphopeptide library, we assigned 6,772 unique peptides a
phosphorylation stoichiometry value (Figure 4-4, Supplemental Table 3). The stoichiometries for
these peptides were then calculated in the standard method, 0% lower limit method, and our
Bayesian modelling method.
Calculating stoichiometries directly from raw data can result in negative values

We first proceeded to calculate stoichiometries for our phosphopeptides using the
standard method (Figure 4-1B). We looked at six examples of the phosphorylation calculation
that were found in targeted studies according to previous literature (Figure 4-5A)%. While the
averages of the five replicates were all physically possible (between 0% and 100%

stoichiometry), we noticed that the individual stoichiometry measurements for each replicate
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A Cumulative Distribution of Phosphorylation Stoichiometry
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Figure 4-3: Cumulative distribution plots of peptide stoichiometry based on assigned type. Our
plots recapitulate the original trends identified in our earlier findings®. A) Cumulative

distribution plot when the 0% lower limit method is used. B) Cumulative distribution plot when
stoichiometry is estimated using our Bayesian modelling approach. Minor changes are observed

in the trend when utilizing the Bayesian modelling approach.
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Phophatase Experiment, 24 Fractions
SPS-MS3 Analysis
124,419 Total Peptides; 8,351 Proteins

1

Post-filtering
72,074 Unique Peptides; 8,157 Proteins

1

Matching with non-redundant phosphosites
6,772 Unique Matched Phosphosites; 2,556 Proteins

Figure 4-4: Summary of phosphorylation stoichiometry experiment results. 124,419 total
peptides corresponding to 8,351 proteins were identified. 6,772 unique peptides (2,556 proteins)

were matched to phosphorylation sites identified in our phosphopeptide enrichment experiment.
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Figure 4-5: Analysis of stoichiometries for selected peptides. A) Example TMT-data for peptides
known to harbor phosphorylation sites. Stoichiometries were calculated for each sample (red, yellow,
green, blue, and purple), the average and standard deviation are reported. Solid colors represent channels
where the aliquot was treated with phosphatase while the striped colors represent channels where the
aliquot was mock treated. B) Table displaying the individual sample phosphorylation stoichiometries
calculated for each peptide in a). Red characters represent the expected phosphorylation site. All sites
chosen were identified as regulatory phosphorylation events through targeted studies based on the

phosphositeplus.org database®.
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could be calculated as negative values (Figure 4-5A,B). An example is nucleophosmin, NPM1,
which had a positive average stoichiometry near 0%, but had individual replicates that were
assigned negative stoichiometries using our standard method of stoichiometry calculation (Figure
4-5A,B)*. We then attempted to address these negative stoichiometry issues by either setting the
lower limit of stoichiometry to 0% and by developing our Bayesian model.

The boundary conditions of the stoichiometry measurement affect its distribution

Previously, peptide phosphorylation stoichiometry was treated as statistic and calculated
directly from the raw data®®’. As such, we initially calculated this stoichiometry statistic and
plotted a histogram of the results. The resulting distribution was centered near 0% resulting in
substantial negative stoichiometries being calculated (Fig 4-6A). Additionally, a second
population of stoichiometries near 100% was observed. Both observations are in line with
previous data from our lab?.

To address the issue of negative stoichiometries, we then calculated stoichiometry but
only allowed the lowest value to be 0%, as reported previously®. This resulted in all negative
stoichiometries being set to 0%. The resulting histogram showed little to no change in bins
containing average stoichiometries of 30% or more but showed an increase in the bin height of
the bins containing 6% or less average stoichiometries (Fig 4-6B). While this solved the issue of
negative stoichiometries, it created a new problem of artificially reducing our error estimates, as
discussed later.

As an alternative to limiting the lowest stoichiometry to 0%, we created a Bayesian
model that would treat phosphorylation stoichiometry as an unobserved parameter defined on the
interval 0 to 1. In doing so, we can utilize all of the observed measurements to estimate

stoichiometry and inform our error and precision. We ran our statistical model on the dataset and
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Figure 4-6: Histograms of the phosphorylation stoichiometry for each estimation method. A)
Histogram when no correction is performed. B) Histogram where each negative stoichiometry is
replaced with 0. C) Histogram when stoichiometry is estimated using the Bayesian modelling

approach. The red dashed line represents 0%.
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Traceplot of Parameter A over Interations
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Figure 4-7: Traceplot depicting value of Lambda during each iteration during of the Monte-
Carlo Markov Chain simulation. The shaded region of the plot represents iterations used in the
warm-up phase of the simulation. Lambda converges rapidly during the warmup to its final value
of 92. As seen in the equation for the variance of a Beta distribution, the precision parameter A is

inversely proportional to the variance. However variance is also a function of location.
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observed that it converged rapidly with a precision value of 94 (Figure 4-7). The precision value
is inversely related to the variance of a beta distribution given a specific expected mean. As such,
increasing precision results in decreasing variance. Plotting the distribution of the stoichiometries
as a histogram highlighted large increases in the bins containing average expected
stoichiometries between 6-10% (Figure 4-6C).

To assess how the Bayesian modelling was affecting the stoichiometries obtained by
traditional methods, we compared the differences between the standard method for calculating
stoichiometry and the 0% lower limit method with the Bayesian model. We found that a majority
of stoichiometry values did not change dramatically (Figure 4-8). Additionally, we observed that
most changes to the stoichiometry when going from average measurements to expected means
from the Bayesian model resulted in a 5-10% increase. These data agree with the change in the
distribution of the histograms, implying that our statistical method preferentially affects the
calculations yielding negative or low stoichiometries (Figure 4-6 and Figure 4-3).

The increase in the observed stoichiometry value when utilizing the Bayesian modelling
method suggests that measuring a 0% stoichiometry is extremely difficult with the current
instrumentation and that perhaps the lower end of our reliable estimation of stoichiometries is
approximately 5-10%. This was further confirmed when we assessed how phosphorylation site
motifs affect stoichiometry by utilizing the stoichiometries obtained from our 0% lower limit and
Bayesian modelling method. When using the 0% lower limit method, peptides assigned a
phosphorylation stoichiometry containing an acidic motif peptide were more likely to be
observed at a higher stoichiometry, with ~20% of all peptides kept at 0% (Figure 4-3A). This is
in line with our previous findings in yeast whole cell lysate’. When utilizing the Bayesian

modeling method, this trend is preserved; however, we noticed that peptides estimated to be at

118



Change in Estimated Stoichiometry Measurement when Using Bayesian Method
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Figure 4-8: Distribution of differences between the Bayesian models’ estimation of
stoichiometry and other methods of calculating stoichiometry. Most peptides experience little
change in their stoichiometry; however, some peptides demonstrate an increase in stoichiometry

when using the Bayesian modelling.

119



0% by the 0% lower limit method were pushed off the x-axis in the Bayesian modelling method
(Figure 4-3A,B). This seemingly implied that the cell maintains a low level of phosphorylation
for peptides thought to be kept at 0% stoichiometry. However, both the cumulative distribution
plots from Supplemental Figure 1 and the histograms from Figure 5 only visualize the point
estimate of each stoichiometry distribution for each peptide. Large variance could render these
point estimations worthless and necessitate the investigation of the error intervals surrounding
each stoichiometry point estimator. As such, it cannot be inferred that a majority of the proteome
is kept at 5-10% stoichiometry without first looking at the error intervals.

Proper modelling prevents error intervals from containing senseless results

To assess the variation of the stoichiometry distributions by the different estimation
methods, we plotted the rank ordered peptide phosphorylation averages with their 80% and 95%
confidence intervals. When calculating the stoichiometry value using the standard method, we
observed a noticeable number of the average phosphorylation stoichiometries that fell below 0%;
furthermore, a majority of peptides had confidence intervals that included negative values or
values exceeding 100% (Figure 4-9A). Additionally, we noted the abundance of relatively large
confidence intervals throughout the dataset.

We then assessed how setting the lower limit of stoichiometry to 0% would affect this
plot. About 12% of the data were incorrectly reported as having no variance while about half of
the peptides displayed a trend of increasing interval size as the peptide’s stoichiometry average
increased (Fig 6B). This linked relationship between increasing average and standard deviation
coupled with the region of no variance caused us to question the validity of this method. By
artificially clipping the negative stoichiometries we calculated to 0%, measurements of

variability were artificially reduced, with greater reductions occurring the closer the
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Figure 4-9: Caterpillar plots depicting phosphostoichiometries estimated with different analysis
methods. Peptides were rank ordered (lower values first) by their estimated stoichiometry. 80%
confidence intervals (red bars) and 95% confidence intervals (black bars) were drawn around
each point. The y-axis represents the phosphorylation stoichiometry as a fraction instead of a
percent. Resulting caterpillar plots are shown for each method. A) Standard method with no
corrections performed. B) All negative stoichiometry calculations were replaced with 0. C)

Stoichiometry values were estimated using our Bayesian model.
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Figure 4-9 (continued)
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stoichiometry average was to 0%. Furthermore, we still had problems with nonsensical error
intervals containing values outside of the 0 to 1 range.

When utilizing our Bayesian model to estimate stoichiometry, the program additionally
generates credible intervals around the expected stoichiometry value. We performed the same
plotting method as above, which shows that all peptides have credible intervals corresponding to
physical reality (Figure 4-9C). We observed additionally a vertical shift at the low end of the
graph indicating that most peptides previously thought to be at 0% phosphorylation
stoichiometry now had stoichiometry point estimators slightly higher (Figure 4-9C, Figure 4-6C,
and Figure 4-8). Overall, while the general shape and trend of the plots remain unchanged, the
error intervals improved dramatically when utilizing the Bayesian model. This is further
highlighted by the observation that approximately 2,000 peptides with confidence intervals
containing only physically possible results when utilizing the standard method and
approximately 3,000 with the 0% lower limit method (Figure 4-10). Additionally, the credible
intervals using the Bayesian method suggest that, for a majority of peptides, even though the
point estimator suggests 5% stoichiometry the true stoichiometry lies anywhere between 0% and
20% stoichiometry.

Discussion

In this study, 5 biological replicates of HCT116 cells were analyzed to gain insight into
the basal level of phosphorylation stoichiometry of this colorectal cancer cell line. Prior to
determining stoichiometry we collected a reference database of 24,028 phosphorylation events
under basal conditions which served as a library of sites to attempt stoichiometry assessment.

Our occupancy analysis was performed using TMT labeling which increased the sample

123



Error Intervals Wholly Between 0% and 100% Stoichiometry

=3
[=]
[=]
o

3000

Count of Peptides

2000

1000

Standard 0% as Lower Limit Bayesian Modelling Total Peptides
Method of Calcuating or Estimating Stoichiometry

Figure 4-10: Bar charts depicting number of peptides contained within 95% wholly within
physical limits. Chart counts peptides with 95% confidence intervals (or credible intervals in the
case of the Bayesian Modelling) containing stoichiometry values between 0% and 100% for each
method of Stoichiometry calculation or estimation. Having a confidence interval or credible
interval that contains values greater than 100% or less than 0% implies that the true

phosphorylation stoichiometry could lie outside the physical bounds of 0-100%.
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multiplexing capacity to allow simultaneous analysis of all 5 biological replicates. In addition,
by utilizing TMT, there were no missing values in that all 5 measurements were determined for
all peptides in the dataset. In total, we assigned 6,772 unique peptides, from our generated
reference library, stoichiometry values.

As stoichiometry is defined as the fractional occupancy, its values should, ideally, reside
within the unit interval [0, 1]. Despite quantifying peptides across five replicates, by following
the standard method of calculating phosphorylation stoichiometry values, we initially obtained
some negative stoichiometry values®. This occurred stochastically when sites were present at
low stoichiometries such that the error in the 5 measurements was greater than the % occupancy.
Additionally, our initial attempts at calculating stoichiometry resulted in confidence intervals
containing values greater than 1 suggesting over 100% occupancy. Both phenomena are
physically impossible.

Previous iterations of this phosphatase method estimated stoichiometry from a
stoichiometry statistic calculated from the raw data rather than treating stoichiometry solely as an
estimable parameter®®®. As the raw data are the S:N values collected from the instrument
ranging from 1 to positive infinity, nothing constrains a stoichiometry statistic calculated with
the formula in Figure 1b to the unit interval. If we treat stoichiometry as a constrained parameter
we wish to estimate, rather than a statistic calculated from the raw data, we can utilize novel
approaches to estimate the true stoichiometry of a peptide utilizing alternative statistics that
leverage the raw data’s properties.

Furthermore, negative stoichiometries traditionally have been dealt with by replacing the
negative stoichiometries with 0% or discarding those measurements>®’. However, as mentioned

above, the raw data can be transformed into a meaningful statistic from which a stoichiometry
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parameter can be estimated. This alternative statistic is the proportion of the sum S:N of the
paired TMT channels corresponding to a replicate contributed by the untreated channel.
Furthermore, the statistic, which is based on the proportionality of the data, can easily be
converted into the traditional stoichiometry measurement thus allowing us to use this statistic to
estimate phosphorylation stoichiometry as a parameter.

We implemented our Bayesian modelling by developing an R/Stan script included in the
supplemental materials. The software samples mean peptide effects on stoichiometry, sample
handling effects, and overall experimental precision. We chose to utilize an overall experimental
precision due to the low sample size when analyzing precision per peptide. This measurement of
precision provides a quantitative measure of the global experimental variance while still
providing individual peptide variance as the variance of a beta distribution is governed by the
mean and the precision term. This can be preferable to using a per-peptide error as we only
acquired five measurements per peptide, one for each biological replicate, resulting in unstable
estimations of error. The tradeoff is that an overall experimental error gives a coarse overview of
the error may not accurately represent each peptide. A further benefit is that a single
experimental precision provides a quick and quantitative factor to compare multiple experiments.

Based on the amount of uncertainty surrounding many of the stoichiometry point
estimators, we found it was more effective to bin point estimators based into low (0-25%),
medium (25-70%), and high (70-100%) categories. Similar to the Wu et al paper, we found that
acidic residues are phosphorylated at a higher stoichiometry than sites with other
phosphorylation motifs (Figure 4-3). This specific phosphorylation of acidic motifs is likely due

to the high activity of Casein kinase II which targets the motif SxxE/D**.
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Conclusion

We simultaneously compared the basal phosphorylation stoichiometry of 5 biological
replicates of HCT116 using a TMT based workflow eliminating previous problems involving
missing data. We then presented a novel statistical method to address negative stoichiometries
from using the phosphatase based phosphorylation stoichiometry experiment. While the credible
intervals were larger than we had hoped, the global phosphorylation can be binned into low,
medium, and high phosphorylation stoichiometry categories which allow for a quick first-pass
assessment of the phosphorylation state of the cell. Further study into improving measurement
precision by utilizing targeted approaches or real time search may further narrow these bins.
Overall, our study provides a methodical way to make sense of complex phosphorylation
occupancy experiments and a quantitative read out for experimental error.
Supporting Information

The following files are available free of charge at the ACS website http://pubs.acs.org:
Sup_Info Phosphatase Lim_ et al.pdf:

Sup Tablel localized phosphopeptides HCT116.xlsx: Table of all phosphopeptides
localized to phosphorylation sites identified during the phosphopeptide library experiment
Sup Table2 peptides assigned stoiciometries.xlsx: Relative abundances and stoichiometries of
peptides identified and quantified during the phosphatase experiment

The code to run the Bayesian modelling (an R-script that initializes the Stan code) is

available upon request (JPR does not support these file formats for upload).
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Chapter 5: Discussion




Discussion

While genomics provides a blueprint for a cell, proteomics provides an understanding of
how the encoded cellular gears and machineries allow for functionality. To that end, mass
spectrometry is a powerful tool with its ability to identify and quantify thousands of proteins and
dozens of associated post translational modifications. However, with the increasing focus on
quantitation, researchers hoping to leverage mass spectrometry for quantitative proteomics need
to better understand measurement error in their experiments, regardless of whether labelled or
label-free methods are employed. As shown, this body of work summarizes some of the most
commonly occurring measurement errors in the field: interference caused by isolation of co-
eluting precursors, incorrect measurements due to incorrect identifications, and instrument
imprecision when measuring small relative changes. The findings suggest that, in simpler terms,
better instrumentation, proper identification, and larger fold changes reduce measurement error.

In Chapter 2 of this dissertation, the effects of incremental improvements to mass
spectrometry instrumentation on peptide interference during quantitative labelled methods
utilizing Tandem Mass Tags (TMT) were assessed. Data showed that improvements to the
instrumentation led to direct reduction in interference thereby resulting in better quantitation.
Generally, this finding suggests that as mass spectrometry hardware improves, tighter isolation
widths with sharper cutoffs will reduce the effects of co-isolation of co-eluting peaks. To offset
the reduction of signal intensity traded for this increased precision of precursor isolation,
“brighter sources” will allow for increased ion transmission. However, the most important
finding of this chapter is that interference reduction from hardware improvements in reporter
ion-based quantitation during high resolution tandem mass spectrometry (hrMS2) methods is not

as drastic as employing a gas phase filtering methods, such as synchronous precursor selection
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MS3 (SPS-MS3). Results from Chapter 2 show that shrinking isolation widths alone are
insufficient to reduce interference at the level when compared to utilizing the SPS-MS3 method.
Additionally, the reduction in interference from the selection of fewer precursors during SPS-
MS3 leads to two implications: 1) selection of the correct precursors and 2) improvement in the
quality of this selection by reduced isolation widths will noticeably reduce interference. These
findings lend credence, from a measurement error perspective, to the push for intelligent data
acquisition, such as real-time database searching.

Fundamentally, accurate quantitation is tied to appropriate identification: quantitation is
only meaningful on identified peptides and proteins. As a corollary, misidentification leads to
inappropriate quantitation. This issue is only broached when comparison between multiple LC-
MS/MS runs is necessary. While labelled approaches, such as TMT, handle this issue through
multiplexing, label-free experiments must choose whether to transfer identifications between
runs or remove data due to incompleteness. The focus of Chapter 3 is on the former. The data
show that incorrect identifications are rampant when the common Match-Between-Runs (MBR)
algorithm facilitates the identification transfers. Currently, the accepted solution to this problem
is to, effectively, undo these transfers rendering use of the MBR algorithm an exercise in futility.

As MBR is a commonly utilized tool, understanding this potentially major issue is
critical. Transparent calculations of false discovery rates and detailed explorations into statistical
underpinnings behind identification transfers are required for this technique to be a credible
solution in quantitative mass spectrometry. Future directions for the MBR field can be divided
into improving the current algorithm and further understanding stochasticity. Chapter 3 presented
a solution to estimate the false transfer rate utilizing a two-proteome model — however, more

work is required to devise a universal solution for calculating false transfer rate that would be
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analogous to the target-decoy method. Furthermore, the idea of MBR raises the question: What
makes an identification transferable at the MS1 level? Leveraging retention time and m/z, while
incredibly useful, seems to be an incomplete solution when other characteristics like charge state
are seemingly ignored. Given that MBR occurs post hoc of data collection means that any future
algorithm designed should seek to employ all the information acquired to gain a better
understanding of what a potential identification transfer looks like.

Quantitative measurements from mass spectrometry experiments can be utilized in
downstream calculations to gain more biological insight. Phosphorylation stoichiometry is one
such experiment where quantitative measurements from a mass spectrometry experiment are
utilized further in a separate calculation. In Chapter 4, phosphorylation stoichiometry was
calculated indirectly by utilizing the relative abundance of unphosphorylated peptides between
phosphatase-treated and untreated samples. Previously limited to a single comparison due to
limitations surrounding the reductive dimethylation technique, the work in Chapter 4 showed
that expanding the number of comparisons to five using modern TMT technology is possible.
While each comparison can be different, by employing the four additional comparisons for
replicates, a better understanding of measurement accuracy is achieved. Based on the data from
the five replicates, boundary effects were a noticeable problem with the lower boundary of 0%
occupancy proving to be extremely difficult to measure. By leveraging replicate information and
developing a new statistical tool to estimate stoichiometry, four important conclusions were
drawn: first, low occupancy events are incredibly difficult to measure with this method; second,
the mass spectrometer struggles to measure an exact 1:1 ratio (i.e. 0% stoichiometry); third,
reporting some measurement of variance when presenting mass spectrometry data is important

due to scan-to-scan and run-to-run variations; fourth, the majority of phosphorylation events
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observed by this method were found to have low stoichiometry. Together these conclusions
suggest two directions of future work: 1) method development to reduce error and 2) biological
applications.

While the occurrence of non-physical phosphorylation stoichiometry measurements
resulting from the indirect phosphatase method was addressed by the work in Chapter 4, the
resulting data highlighted another source of error needing to be addressed; namely, that the
resulting stoichiometry measurements are peptide-based rather than site-based. Missed cleavages
and common variable modifications, like methionine oxidation, are allowed in the database
search performed on the collected LC-MS/MS data. By virtue of the indirect phosphatase
method, stoichiometry is calculated by measuring the abundance of unphosphorylated peptide
which is inherently devoid of localization data. As such, by this method. a phosphorylation site
can be measured in multiple peptide forms. For example, if a peptide is observed in two forms
(e.g., with and without oxidized methionine) each peptide would generate a different
stoichiometry measurement. A similar, but potentially more complicated, situation would
involve two peptides that span the same phosphorylation site except one contains a missed
cleavage. Importantly, in both examples, each of the mentioned peptide forms need not be
observed with the same stoichiometry.

As such, the next major improvement to the presented model and statistical framework
would be to account for multiple peptides being attributed to the same phosphorylation site. Data
from multiple LC-MS/MS scans (i.e. multiple peptides) would need to be combined to calculate
an accurate stoichiometry for a site or set of sites. However, this is not trivial due to the nature of

reporter ion-based quantitative data; each scan provides intensity-based relative abundance
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measurements for each TMT channel, but no reliably accurate direct method to compare these
measurements across scans exists.

Combining stoichiometry measurements from multiple peptides is complicated further in
the case of missed cleavages: each peptide could contain a different set of phosphorylation sites
with the abundances of each form (fully cleaved and containing missed cleavages). Take the
hypothetical case where three peptides, a missed cleavage containing peptide and its two fully
cleaved siblings, are observed in the mass spectrometer. If each fully cleaved peptide spans a
known phosphorylation site three stoichiometry measurements will be generated over the two
sites — one measurement from each unique peptide sequence (missed cleavage containing
peptides count as a unique peptide). Additionally, each stoichiometry measurement is not fully
independent as the phosphorylation event may be influencing the missed cleavage rate. In this
imaginary situation, it is likely beneficial to combine all three measurements. Future research
into handling this phenomenon of single phosphorylation sites assigned to multiple unique
peptide sequences will be required if the indirect phosphatase method for measuring global
phosphorylation stoichiometry is to see more widespread adoption.

Although challenges persist with this method to calculate stoichiometry, the current
improvements presented in this dissertation highlight the promise that this method has for
various biological applications. Interestingly, a reason to study phosphorylation stoichiometry is
that standard analyses of phosphorylation events look only at relative fold changes. Though
powerful, relying solely on fold changes places the finer nuances of phosphorylation changes in
a black box. Ironically, global phosphorylation analysis at the whole cell lysate level is still an
abstraction of the true phosphorylation landscape within the cell. Based on the data from Chapter

4, most observed phosphorylation sites in an average asynchronous HCT cell population are kept
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at a low stoichiometry (<30%) with high variation. This phenomenon leads to three hypotheses:
1) that all observed low stoichiometries are true but difficult to measure; 2) the combination of
low observed stoichiometry and high variance can be explained (at least partially) by these sites
only undergoing phosphorylation during a specific cellular state or process; and 3) that the
combination of low mean and high variance is influenced by vastly different stoichiometries
observed in different sub-cellular localizations. While the first hypothesis can be tested by
targeted stoichiometry experiments, the second and the third hypotheses seek to addresss a
philosophical question akin to the one that spurred on the initial pursuit of phosphorylation;
“what different states result in 50% stoichiometry?” is parallel to “what different states result in a
2-fold change?” Understanding phosphorylation stoichiometry in the context of phosphorylation
events in various cellular pathways or states and sub-cellular microenvironments can potentially
lead to interesting biological discoveries.

Differences in phosphorylation stoichiometry due to cell state or pathway specific
phosphorylation events is one possible way bulk global phosphorylation stoichiometry simplifies
cellular phosphorylation. Historically, phosphorylation stoichiometry was most prominently
highlighted for its role as an alternative mechanism to regulate the protein separase independent
of securin. The phosphorylation of separase was found to be important due to consistent subtle
decrease in stoichiometry during the cell cycle. This example highlights the potential of
phosphorylation stoichiometry analysis to discover biological functions for many identified but
uncharacterized phosphorylation sites overlaying the analysis on top of a pathway context. While
previous methods were low throughput, incorporating the presented improved phosphatase-based
stoichiometry analysis in future work investigating phosphorylation events during different

phases of the cell cycle or during signal transduction is an easy way to deepen the insight gained
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from such studies. Furthermore, synchronizing cells by arresting them during specific stages in a
pathway can reduce the overall cell-to-cell variation reducing the uncertainty of the
stoichiometry measurements by homogenizing the cell population. These experiments involving
tighter cell state synchronization will help elucidate how much of the variation observed in the
data presented in Chapter 4 was due to the analysis being performed on bulk HCT cells in
addition to any biological phenomena discovered.

However, even understanding how phosphorylation stoichiometry changes in different
cell states is insufficient. Local concentrations of proteins and other molecules can be orders of
magnitude higher in certain sub-cellular contexts compared to their overall cellular
concentration. These larger local concentrations can drive local chemical reactions and biological
pathways. As such, it is easy to hypothesize that this is true for phosphorylation events as well.
For example, understanding that a site’s phosphorylation stoichiometry is at 100% in the
nucleus, but 0% in the cytosol, given a specific cellular state could highly inform a site’s role in
regulating the proteins function. Additionally, while the bulk data from Chapter 4 displays an
almost digital-like response from phosphorylation (i.e., phosphorylation is either on or off),
understanding the sub-cellular stoichiometries of phosphorylation sites during different cellular
states and pathways is essential to elucidate fully whether phosphorylation is a more digital-like
or analog-like signal.

While the data presented here generates many distinct questions for follow-up,
ultimately, the work performed in this dissertation highlights how advancements in hardware and
software affect measurement error in mass spectrometry-based proteomics. At its core,
measurement error stems from inconsistencies with physical data acquisition. For reporter ion

quantitation, incorrect and impure precursor selections drive interference and error. In label-free
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experiments, dealing with run-to-run variation and stochastic identification hampers accurate
quantitation. Novel technologies and techniques, such as real-time database searching, data
independent acquisition, and field asymmetric ion mobility separation, can improve both reporter
ion and label-free quantitation. These improvements are at the data acquisition level and, thus,
lessen the necessity of software solutions to correct for data acquisition insufficiencies. However,
the nature of reality is that imperfections will always exist. As such, measurement variation must
not be ignored. Hardware improvements and innovations that directly affect data acquisition may
reduce this variation, but nothing will fully eliminate it. To that end, quantitation of mass
spectrometry data should begin to account for scan-to-scan variation and data reporting should
include confidence intervals (or an equivalent estimate of variation) for each protein estimate.
Measurement error will always exist, the best course of action for the field is to account for it

and honestly report it.
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Appendix A — RatioCheckR — an interactive tool to calculate load control normalization via

TMT reporter ion ratios
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Abstract

Quantitative proteomics, typically involves comparisons between samples. These
comparisons rely on loading controls to establish a frame of reference. Protein quantitation
assays like the bicinchoninic acid assay (BCA) and their peptide counter parts are often used
mass spectrometry workflows to estimate the total amount of protein within each sample to use
as loading control normalization factor. However, these biochemical assays can be inaccurate
due to complications including buffer compatibility and small linear ranges. Here we present a
software tool, RatioCheckR that can be used to quickly determine accurate loading control
normalization factors for isobaric tag-based mass spectrometry experiments based on
information acquired from short high-resolution tandem mass spectrometry analyses. These
normalization factors can correct concentration estimates from traditional biochemical assays
allowing for more accurate 1:1 mixing of isobaric tag labelled samples. Our results show that up
to 50% deviation from a 1:1 ratio is observed when utilizing uncorrected biochemical assay
estimates to inform sample mixing. By correcting this data with ratio check information, the
maximum deviation is reduced to 9%, which indicates a closer 1:1 ratio.
Introduction

Comparisons (e.g., between samples, conditions, and/or standards) are the cornerstone of
quantitative proteomics. Through measuring relative abundances, researchers can understand
changes in context and, with the appropriate conditions, even convert these relative
measurements into absolute values! . However, in order for comparisons to be valid, conditions
for equal sample load is essential.

Loading controls establishes a basis for comparisons by making the assumption that equal

amounts of common, unchanging materials in the sample are present® . Essentially, the loading
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control shows specific changes with respect to overall sample changes allowing for cross sample
normalization to a specific protein. While simple, this assumption is incredibly important and
must hold true for any comparisons to be viewed as valid. Common loadings controls, such as
Actin and GAPDH (proteins that are generally considered common and unchanging), have been
used in Western blotting experiments to show that an observed change is occurring without
affecting unrelated systems'®'2. However, the use of specific proteins for loading controls, is not
without its flaws. Specifically, problems arise when the protein is not consistent between all
samples due to a given perturbation’!2,

As an alternative, total protein amount or sample mixtures can be used as a loading
control® 12, Utilization of total protein slightly changes the original loading control assumption:
comparisons are made with the assumption that overall protein expression is not affected. As
such, normalization is performed to total protein amount rather than a specific protein. In
Western blotting experiments, where overloading and heavy reliance on normalization is a
common issue, this method has been shown to be a viable solution to better estimate protein
concenterations® ®. It should be noted that while total protein can serve as a good loading control,
issues arise when total protein expression is dramatically uncoupled from cell doubling (e.g.
during immune cell activation)'>.

Quantitative liquid chromatography with tandem mass spectrometry (LC-MS/MS)
experiments do not require a separate blot or stain to ensure equal loadings of samples®5”.
Instead, data collected during sample preparation through the use of protein or peptide
abundance assays as these abundance values are useful for reaction optimizations. For example,
the bicinchoninic acid assay (BCA) is often used to determine total protein mass to optimize

digestion conditions while the quantitative colorimetric peptide (QCP) assay can be used to
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measure peptide amounts post-digestion, a factor important to optimize chemical labelling with
reagents such as Tandem Mass Tags (TMT)'4,

While protein and peptide abundance measurements upstream of LC-MS/MS analysis
provides an adequate estimation for normalization, data acquired from the LC-MS/MS analysis
can also be used as a loading control®!*!>. The number of peptide spectral matches (PSMs) or a
form of the total ion signal observed are common values used for normalization in these types of
experiments can be enough for label-free type experiments. However, due to the compositional
nature of experiment utilizing isobaric tag reagents like TMT, additional precautions must be
taken to ensure load control normalization is valid'*!®. Namely, the ratio of each TMT reporter
ion channel with any other channel must be close to 1:1 to ensure equal sampling of all reporter
ion channels during any trap-based analysis (e.g. Orbitrap or linear ion trap analysis).

To that end, our research group has adopted a TMT protocol that involves the LC-
MS/MS analysis of a small mixture of our TMT-labelled samples (utilizing either BCA or QCP
assay information) prior to the combination of the bulk of our samples'*. This step, which we
term a ratio check, is a direct sampling of how the instrument will analyze the combined sample
and is no longer a surrogate or proxy. As such the information provided from a ratio check can
assess how well the BCA or QCP assay estimated a 1:1 relationship among all TMT channels.
Correcting these values establishes a closer 1:1 mixture of all TMT-labelled samples.

In this study, we show how the precision of BCA and QCP assay can be insufficient in
estimating a 1:1 ratio for TMT labelled samples and how ratio check corrected samples exhibit
mixings truer to 1:1. Additionally, we provide a step-by-step protocol on how to perform and

utilize a ratio check. Lastly, we introduce a software tool, RatioCheckR that can accept data from
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common mass spectrometry data processing tools, such as MaxQuant and Proteome Discoverer,
to assist researchers who are keen on incorporating a ratio check step in their current workflows.
Methods
Human tissue culture

SH-SY5Y and PANC1 were obtained from ATCC and grown as previously described
1718 Briefly, cells were cultured in Dulbecco’s Modified Eagle Media supplemented with 10%
(v/v) Fetal Bovine Serum and a 5% (v/v) penicillin/streptomycin cocktail. After washing with
cold phosphate buffered saline (PBS), cells were lysed on plate. Lysis was performed on ice
when cells were confluent using an ImL of an 8M Urea lysis solution with a miniComplete
protease inhibitor tablet (Roche) buffered to pH 8.5 with 200mM EPPS. Cell lysates were
homogenized by trituration through a 21-gauge syringe to shear DNA. After this, lysates were
pelleted by centrifugation at 21,000 x g for 15 minutes at room temperature. Clarified lysate was
then processed for LC-MS/MS analysis.
LC-MS/MS sample preparation

Cell lysates were processed for LC-MS/MS analysis as previously described'®. Protein
abundances for each lysate was determined by a commercially available BCA kit (Pierce).
Absorbance was measured at 562nm. Lysates were reduced by SmM of tris(2-carboxyethly)-
phosphine (TCEP) and reactive cysteines were alkylated in the dark with 10mM iodoacetamide.
To prevent over alkylation, the reaction was stopped by adding 15mM of dithiothreitol to the
solution before precipitation by the chloroform-methanol method'*.
Precipitates were then resuspended in 200mM EPPS buffered to pH 8.5 for digestion with Lys-C
(Wako) at a 1:100 protease:protein ratio. Lys-C digestion was performed overnight with

vigorous shaking at room temperature. Sequencing grade trypsin (Promega) was then added and
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the sample was transferred to an orbital shaker in a 37°C warm room for additional digestion for
6 hours. Peptides from digested proteins were measured by the commercially available
quantitative colorimetric peptide (QCP) assay (Pierce). Absorbance was measured at 480nm.
Samples were then labeled with TMT-10 reagents for 90 minutes and then quenched with
hydroxylamine. 2pug of each TMT-labelled sample was combined by utilizing protein or peptide
concentrations from BCA or QCP assay measurements, respectively. Combined samples were
then subjected to LC-MS/MS analysis as a ratio check. Ratio check corrected BCA and QCP
assay numbers were then utilized to generate two more combined samples which were submitted
to LC-MS/MS analysis as ratio checks.

Liquid chromatography and tandem mass spectrometry

All LC-MS/Ms analyses were performed on a Q-Exactive mass spectrometer (Thermo
Fisher Scientific, San Jose, CA) with LC separation performed on a Famos 920 autosampler (LC
Packings) attached to a quaternary Accela 600 pump (Thermo Fisher). 35cm of Accucore C18
resin (2.6um, 150A, ThermoFisher) was packed in a 100 um inner diameter microcapillary
column to separate peptides. Approximately 2ug of labelled material was loaded onto the
column.

A 120 minute gradient ranging from 6% to 25% acetonitrile in 0.125% formic acid was
used as the mobile phase for the liquid chromatography. Flow rate was set to ~450nL/min. MS1
spectra were collected as centroids with the instrument running in positive mode: Orbitrap
resolution — 70,000; mass range — 300 to 1,500 m/z; Automatic Gain Control (AGC) target — 3 x
10%; Maximum ion injection time — 250 ms. Precursors for MS2 analysis were selected using a
Top 10 method. MS2 spectra were collected after high energy collision induced dissociation

(HCD, normalized collision energy: 32%). High resolution MS2 spectra were collected as
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centroids: Orbitrap resolution — 35,000; Fixed first mass — 110.0 m/z; AGC target — 1 x 10%;
Maximum ion injection time — 100 ms; Isolation width — 1.6 Th.
Data Analysis

All spectra collected during LC-MS/MS analyses were searched using an in-house
Sequest-based software suite!*!*2°, Raw spectra data were converted into mzXML format and
searched against a human proteome database (Uniprot Database ID: 9606, downloaded February
4, 2014) that was concatenated with common contaminants and a database containing all protein
sequences reversed. lon tolerance for precursors and product ions was set to 50ppm and 0.03Da,
respectively. Methionine oxidation (+15.99491) was added as variable modification while
cysteine alkylation (+57.02146) and TMT labelling (+229.16293) on lysine and the peptide N-
terminus were added fixed modifications.

False discovery rate (FDR) was determined by the target-decoy method and PSMs were
filtered to a 1% FDR at the peptide level using linear discriminant analysis as described
previously*!*2, Protein were then identified and collapsed to 1% FDR level by the principles of
parsimony. Signal-to-noise ratios for TMT reporter ions were extracted from high resolution
MS2 scans. MS2 spectra were filtered such that the signal-to-noise ratio of all TMT reporter ions
was greater than 200 and the scan’s isolation specificity, also known as the scan’s isolation
purity, was at least 0.5%. Protein level abundances were then calculated as the sum of peptide
reporter ion signal-to-noise values. Normalization across TMT channels was then performed
utilizing RatioCheckR. These normalization factors were then used to adjust BCA and QCP
assay protein concentration estimates.

Results

Data for total protein amount normalization can be acquired during various experimental steps
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Most LC-MS/MS experiments require that researchers determine a sample’s protein
and/or peptide abundances prior to analysis on a mass spectrometer. To demonstrate how
estimates from traditional biochemical assays can deviate from 1:1 estimations, we designed an
experiment to compare an equal mixture of the neuronal-like cell line SH-SYS5Y and the
pancreatic cell line PANCI1 (Figure A-1A). Quantitative information about sample abundances
were taken at three distinct phases of the experiment: I) protein abundances by BCA, II) peptide
abundances by QCP assay, and III) reporter ion relative abundance by ratio check.

Acquisition of quantitative information by each method has benefits and caveats (Figure
A-1B). Traditional biochemical assays can often be quick and are readily available in most
laboratories. However, when using these assays to quantify samples for LC-MS/MS analysis
important caveats must be considered, including compatibility with lysis and digestion buffers as
well as the relatively large amount of starting material (ug-scale) required. While ratio checks
circumvent these issues, the method is not without its caveats, most notably the consumption of
instrument time and sample.

Ubiquitously expressed proteins can still deviate from a 1:1 ratio

As a method of loading control is to utilize a single protein for normalization, we
examined whether a ubiquitously expressed protein would show a 1:1 ratio in our LC-MS/MS
analyses. The protein GNB1L1, also known as RACK1, is a cytosolic protein that is a core
member of the 40S ribosomal subunit’***. Due to its biological function, it is an ideal candidate
as a single protein loading control.

LC-MS/MS analysis of the RACK1 peptide YWLCAATGPSIK showed
noticeable deviations of the expected 1:1 ratio (Figure A-2). Samples mixed with quantitative

data acquired from the BCA or QCP assay showed the largest deviation of reporter ion ratios
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Figure A-1: Overview of the quantitative assays used to generate loading controls in LC-
MS/MS experiments. A) Experimental workflow for a typical TMT experiment. Roman
numerals indicate quantitative steps that can be used to inform how samples should be pooled in
a multiplex experiment. Additionally, protein and peptide concentrations from BCA and
quantitative peptide assays can be used to determine the amount of digestion enzymes and
labelling reagents to use. B) A high-level analysis of the benefits and caveats of quantitation

methods used to determine sample mixing for multiplexed experiments.
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(Figure A-2A,B). These ratios were closer to 1:1 in ratio check-corrected data (Figure A-2C,D).
These findings suggest that single protein normalization should be avoided due to potential
variations and that ratio check-corrected data should be used to inform the mixing of TMT-
labelled samples. However, in experiments where single protein normalization is unavoidable
(e.g, immunoprecipitation where normalization to a single bait protein is required), researchers
should be aware of this limitation and take appropriate action'>.

Ratio check corrected estimations are truer to a 1:1 ratio

Protein abundances for both cell lines were measured by BCA while peptide abundances
were measured by QCP assay. For both protein and peptide biochemical assays, three technical
replicates were performed for three dilutions (1:2, 1:10, and 1:50) for each cell line (Figure A-3).
Replicates of the appropriate dilution showed good grouping along the standard curve in both
assays. However, only one 1:50 replicate exhibited absorbance above background at 480nm
during the QCP assay, highlighting the importance of remaining within the linear range of the
biochemical assay (Figure A-2B).

When utilizing BCA and QCP assays to generate 1:1 mixtures of TMT-labelled samples
noticeable deviations from the 1:1 ratio were observed (Figure A-4A,B). In some cases, a 2:1
ratio, or 50% deviation of the most abundant sample, was observed when utilizing protein
quantitation from BCA (Figure A-4A). QCP assay values generated values closer to 1:1 with the
largest deviation from the most abundant sample being 22%. Normalization values were
calculated from these deviations and samples were remixed.

The ratio check-corrected normalized values displayed tighter groupings closer to the target 1:1
ratio (Figure A-4C,D). Ratio check corrected BCA normalized ratios displayed the most

precision with the largest deviation being 6% compared to the largest deviation of ratio check
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Figure A-2: Spectra for the peptide YWLCAATGPSIK from the protein GNB2L1 from samples
mixed using. A,B) BCA protein loading information and C,D) QCP peptide loading information.
Region of the MS2 spectra used for sequencing is displayed on the left while the region used for
reporter ion quantification is displayed on the right. Samples mixed using uncorrected values are

A,C while ratio check corrected samples are B,D.
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A. BCA Results
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Figure A-3: Plots of protein and peptide assay data. Measured by A) BCA or B) QCP,

respectively. Three dilutions were used for each sample and 3 replicates for each dilution were
performed. Note that only 1 replicate from the 1:50 dilution is shown in the QCP assay results as
all other replicates obtained 480nm absorbance values that were too low to quantify over
background, thereby stressing the importance of remaining in the linear range. Dashed line
represents linear regression line fit to protein or peptide standards supplied with the BCA and

QCP assay kits, respectively.

152



DO\
DN\

Cell line

Cell line

Cell line

Cell line

QCP Normalized Ratios

Corrected QCP Normalized Ratios

Figure A-4: Bar charts depicting the normalized TMT reporter ion relative abundances for

samples. Mixed using A) BCA or B) QCP protein or peptide abundance measurements,

respectively, to control for loading. Sample mixing was corrected using information from

normalized TMT reporter ions and reanalyzed by LC-MS/MS. C) Corrected BCA and D)

Corrected QCP.
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corrected QCP normalized ratio being 9%. However, all ratios were noticeably closer to 1:1 thus
reducing estimation errors due to the compositional nature of TMT data.
Discussion

Establishing the basis for fair comparisons is critical component of any quantitative
experiment. Here we show how utilization of BCA and QCP assays to acquire protein and
peptide estimations for sample mixing in TMT-based experiments may not always yield a true
1:1 ratio. Although these biochemical tools are frequently used, they are prone to complications
including buffer compatibility and a limited linear range. As a result, a 1:1 ratio estimated by
these assays can be as deviant as a 2:1 ratio creating potential downstream normalization
problems. While these deviations may not affect label-free analyses as dramatically, the
compositional nature of isobaric tag-based proteomic experiments, such as TMT, prefers that the
total amount of material for all samples remain as true to a 1:1 ratio as possible'®.

Additionally, as data acquisition is performed using the mass spectrometer, estimates by
BCA and QCP assays do not factor in properties such as ionization efficiency and detectability in
the instrument. By performing a ratio check, a short high resolution MS2 analysis, mixing ratios
closer to 1:1 can be achieved. Here we show that, in our hands, the maximum deviation from a
1:1 ratio for after ratio check correction was 9%, or a ratio of 1:1.10. Supplementing either the
BCA or the QCP assay in a standard workflow with a ratio check will not dramatically increase
the workload and can provide increased quantitative accuracy. Furthermore, the software tool
used to calculate the normalization factors to correct the BCA or QCP assay estimates has been

provided so that other researchers can easily integrate this analysis step.
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Supplemental Table 1




Supplemental Table 1 is a multi-sheet Microsoft Excel document that contains all peptides and
proteins identified during LC-MS/MS experiments conducted in Chapter 3 — “Evaluation False
Transfer Rates from the Match-Between-Runs Algorithm with a Two-Proteome Model.” The
table can be downloaded from the journal website at the following link:
https://pubs.acs.org/doi/suppl/10.1021/acs.jproteome.9b00492/suppl_file/prob00492 si 001.xIsx

Alternatively, the table can be accessed through ETDs @ Harvard.
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Supplemental Table 2




Supplemental Table 2 is a Microsoft Excel document that contains an annotated list of localized
phosphorylation events during phosphopeptide enrichment LC-MS/MS experiments conducted
in Chapter 4 — “Improved Method for Determining Absolute Phosphorylation Stoichiometry
Using Bayesian Statistics and Isobaric Labeling.” The table can be downloaded from the journal
website at the following link:
https://pubs.acs.org/doi/suppl/10.1021/acs.jproteome.7b00571/suppl_file/pr7b00571 si 002.xIsx

Alternatively, the table can be accessed through ETDs @ Harvard.
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Supplemental Table 3




Supplemental Table 3 is a multi-sheet Microsoft Excel document that contains all peptides
quantified during LC-MS/MS phosphatase treated TMT experiments conducted in Chapter 4 —
“Improved Method for Determining Absolute Phosphorylation Stoichiometry Using Bayesian
Statistics and Isobaric Labeling” that were previously identified to contain a phosphorylation
event (See Supplemental Table 2 for list of phosphorylation events identified in the experiment
after phosphopeptide enrichment). The table can be downloaded from the journal website at the
following link:
https://pubs.acs.org/doi/suppl/10.1021/acs.jproteome.7b00571/suppl_file/pr7b00571 si_003.xlsx

Alternatively, the table can be accessed through ETDs (@ Harvard
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