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The field of mass spectrometry proteomics has made great technological progress, and these
techniques are now being used to address essential questions in basic biology and are increasingly
being used on samples of clinical significance. In particular, the development of data independent
acquisition mass spectrometry (DIA-MS) has made it possible to measure tens of thousands of
peptides from a protein digest in a 1-2 hour time scale. As generating larger and larger proteomic
data sets becomes easier and easier, questions about normalizing batch effects and assessing data
quality have arisen in the mass spectrometry community. In the following chapters, I describe
three projects that aimed to address various challenges associated with scaling up quantitative
mass spectrometry experiments.

I first introduce the need for reference materials for mass spectrometry proteomics. In Chapter
2, I describe a single-point external calibration strategy to calibrate signal intensity measurements
to a common reference material, which places MS measurements on the same scale and harmo-
nizes signal intensities between instruments, acquisition methods, and sites. In Chapter 3, I extend
the reference material calibration approach to multi-point calibration and demonstrate the conse-
quences of linearity in quantitative analyses. We apply this approach to yeast lysate, human cere-

brospinal fluid, and formalin-fixed paraffin-embedded samples. In Chapter 4, I apply the methods



developed in the previous two chapters to investigate the yeast proteome response to genetic and
environmental modulators of replicative lifespan. I show that the protein-level signatures associ-
ated with replicative lifespan extension suggest a higher-level response beyond protein abundances.

Lastly, I present closing remarks and future directions in Chapter 5.
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Chapter 1: INTRODUCTION

This chapter is adapted from the following works:

Pino LK, Searle BC, Bollinger JG, Nunn B, MacLean BX, MacCoss MJ. (2017) The Skyline
Ecosystem: Informatics for Quantitative Mass Spectrometry Proteomics. Mass Spec-
trometry Reviews.

Pino LK, Just S, MacCoss MJ, Searle BC. (2019) Acquiring and Analyzing Data Independent
Acquisition Proteomics Experiments without Spectrum Libraries. (in preparation)

1.1 THE ROLE OF PROTEINS IN BIOMEDICAL RESEARCH

Since the completion of the Human Genome Project (International Human Genome Sequencing
Consortium, 2001, 2004; Venter et al., 2001), a wealth of functional genomic techniques have
emerged as the focus of research shifts to assigning function and understanding the regulation
of each of the identified gene products. The focus of these efforts is to better understand how
the information stored in a genome encodes all the complexity necessary to sustain a complex
multicellular organism (Lander, 2011). Nothwithstanding impressive gains in these technologies,
interpretation of their results is limited without corresponding data on proteins, the primary func-
tional macromolecules encoded by the genome. This limitation is highlighted by the observation
that measurements performed at the nucleic acid level (e.g. transcriptomic studies using microar-
ray or RNA-Seq methods) tend to correlate very poorly with those performed at the protein level
(Greenbaum et al., 2003; Schrimpf et al., 2009), especially in cases when experimental noise is not
considered (Csardi et al., 2015). A combination of factors likely contribute to the poor protein-
transcript correlation, including the variable lifetime of each protein dictated by its respective syn-
thesis and degradation rates; the existence of multiple different forms of each transcript product due
to post-translational modifications; and finally, the temporal/spatial regulation imparted by protein
complexes and the highly compartmentalized nature of cellular processes. Accordingly, the di-

rect analysis of proteins, albeit more technically challenging, is absolutely crucial to a complete



understanding of gene regulation and systems biology.

1.2 ANALYSIS OF PROTEINS BY MASS SPECTROMETRY

To meet these ends, tandem mass spectrometry (MS/MS) has emerged as the dominant analytical
platform for the direct characterization of the protein fraction from complex biological matrices
(Ong and Mann, 2005). A majority of mass spectrometry-based proteomic workflows have uti-
lized a bottom-up approach in which proteins are extracted from a sample via lysis (cell culture) or
homogenization (tissue), linearized, and digested with an endoprotease like trypsin (Figure 1.1a).
The resulting peptide mixture is commonly separated via nano-flow reverse-phase liquid chro-
matography (LC), which separates peptides by hydrophobicity. As peptides are separated, they are
ionized and emitted directly into a mass spectrometer for measurement as a continuous stream of

ions.

When a peptide ion (precursor) enters the mass spectrometer, it generally encounters three
stages: precursor selection, fragmentation, and detection. Although mass spectrometer hardware
configurations perform these steps differently — ion detection in particular — these three stages
summarize most of the methods used for proteomics. During precursor selection, the mass spec-
trometer is tuned to only allow a specific mass-to-charge (m/z) value to pass through the instru-
ment. All other precursors entering the mass spectrometer at the same time are filtered out of
the ion stream. Precursors with the selected m/z are then passed to the collision cell, where they
are bombarded with gas molecules, causing the backbone (amide bonds) between amino acids to
break (Figure 1.1b). Typically, the energy required to break the backbone only allows for a single
fragmentation event for a given precursor molecule, resulting in two fragment ions from the orig-
inal intact precursor. However, because there are multiple precursor molecules being fragmented,
across the population of precursor molecules there occurs a distribution of fragmentation events.
Theoretically, any fragmentation event could occur at any time, resulting in an equal abundance of
all possible fragment ions; in practice, some fragmentation events are more favorable than others,

resulting in those fragment ions being more abundant.
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Figure 1.1: Bottom-up proteomics from protein sample to chromatogram. (Legend continued on the follow-
ing page)



Figure 1.1: (continued) (a) Proteins exist in high-order structures under biological contexts, visualized here
as yeast protein Pmal, a membrane-bound protein composed of 918 amino acids depicted as circles with
the lysine and arginine residues colored in red. The first step in a bottom-up proteomics workflow is to
solubilize proteins, linearize them with detergents or high salt solutions, and then digest the protein sequence
into peptides using trypsin, cleaving the protein sequence at lysines and arginines. (b) Digested peptides are
ionized and then fragmented by mass spectrometer. Fragmentation events are theoretically possible at any
amide bond between residues, with each fragmentation event creating a b and y ion piece of the original
peptide. In practice, only a portion of possible fragmentation events are observed. (c) The process of
fragmentation and measurement is performed continuously while a protein mixture is separated by liquid
chromatography, such that fragment measurements of the same precursor are made repeatedly while the
peptide is eluting. Fragment spectra from the same peptide can be reoriented along the retention time axis
to create fragment ion chromatograms, the basis of most quantitative proteomics experiments.

In the last stage, ions are measured by a detector and reported as intensities. When precursor
ions are measured, the resulting data are called mass spectra (MS, MS1); when fragment ion
measurements are made, they are called tandem mass spectra (MS/MS, MS2). Both types of
spectra contain the same data: m/z values on the horizontal axis and intensities on the vertical. The
detection stage is the most variable in quantitative mass spectrometry, with the three most common
techniques at the detection stage being quadrupole (triple quadrupole instruments, QqQ), ion trap
(in particular the Orbitrap), and time-of-flight (TOF). In this work, we incorporate all three of these
instrument configurations (see Chapter 2); later in this chapter, we discuss the differences in assay

development based on instrumentation limitations.

For quantitative proteomics applications, the ultimate goal is to construct fragment ion chro-
matograms (Figure 1.1c). As precursors are separated and are analyzed by the mass spectrometer,
they produce peaks, gradually increasing in abundance as they elute off the LC column and then
decreasing again. Throughout their elution profile, the mass spectrometer is collecting precursors,
fragmenting them, and measuring their fragmentation spectra. At the beginning of the precursor
elution, these fragment intensities are low; as the precursor reaches the apex of its elution, the
fragment intensities also increase. By interpolating the fragment ion intensities over the retention
time, a fragment ion chromatogram is constructed, displaying the change in a precursor’s frag-

ment ion intensities over time. In MS2-based quantitative proteomics, the precursor’s abundance
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Figure 1.2: Mass spectrometry acquisition strategies common in proteomics. Mass spectrometry data is three
dimensional: here, precursor mass-to-charge (m/z) on vertical, retention time on horizontal, and intensity as
a greyscale color. The same data is shown three times with each of three types of programmed acquisition
in red boxes. Left, parallel reaction monitoring (PRM), which acquires predetermined precursor m/z for
predetermined retention time windows; middle, data independent acquisition (DIA), which cycles through
predetermined precursor m/z ranges over the duration of retention time; and right, data dependent acquisition
(DDA), which stochastically acquires the most intense precursor m/z values at discrete retention times.

is calculated as the sum of the integrated areas of its fragment ion’s chromatograms.

Both absolute and relative quantitative measurements, reviewed in detail elsewhere (Ong and
Mann, 2005), are possible using commonly applied MS acquisition methods (Figure 1.2). Tar-
geted acquisition methods, including selected reaction monitoring (SRM) (Picotti and Aebersold,
2012), also known as multiple reaction monitoring (MRM) (Zhang et al., 2011), and parallel re-
action monitoring (PRM) (Peterson et al., 2012), quantify peptides from a preprogrammed list of
precursor-fragment pairs and scheduled isolation windows based on previously-determined chro-
matography elution times. Data-independent acquisition (DIA) (Venable et al., 2004) such as
Sequential Window Acquisition of all Theoretical Fragment ion spectra (SWATH) (Gillet et al.,
2012) forgo preprogrammed precursor-fragment pairs, widening the isolation windows to activate
all ions in a pre-specified mass-to-charge (m/z) range. (A detailed review of DIA methodology

can be found elsewhere (Chapman et al., 2013; Bilbao et al., 2015a), including peptide-centric
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Figure 1.3: Generalized workflow for quantitative MS assay development. Six main steps are outlined,
beginning with the development of a hypothesis and continuing through additional analyses, with examples
of the associated Skyline ecosystem features.

approaches to DIA (Ting et al., 2015).) It is also possible, through MS1 filtering informatics tech-
niques (Schilling et al., 2012), to use data dependent acquisition (DDA) for quantitative analysis
as opposed to conventional detection analysis.

The type of acquisition influences the selectivity, reproducibility, repeatability, limit of detec-
tion, dynamic range, and data density of the assay (Domon and Aebersold, 2010). Additionally,
acquisition type places specific requirements on assay development and influences the computa-
tional strategy for analyzing data. A variety of individual informatics tools have been developed to
aid in assay development and to process the data collected with various acquisition types, reviewed

elsewhere (Colangelo et al., 2013; Cham Mead et al., 2010).



1.2.1 Targeted mass spectrometry proteomics

The requirements for developing an effective quantitative MS proteomics assay are specific to the
type of experiment and the peptide targets being assayed. For all experiments, prior to MS acqui-
sition, it is obligatory to create a program for the instrument that defines the instrument parameters
and defines how the data is to be collected by the instrument. In addition, depending on the acqui-
sition mode of the instrument (i.e., SRM/MRM, PRM, DIA and DDA), multiple decisions must be
made to optimize the acquisition of the data (Figure 1.3). For example, the experiments with the
most intensive assay development, scheduled SRM/MRM and PRM type experiments, necessitate
selection of target peptides and their fragment ions (SRM only) prior to acquisition, validation of
transitions (that is, a precursor-fragment ion pair) by MS/MS spectra, potentially optimization of
individual parameters (such as collision energy - CE) and determination of retention times (RT)
for optimal MS instrument scheduling. On the other hand, for DIA experiments, the only required
step pre-acquisition is calculating isolation window schemes. In this section, we describe the steps

required for assay development, noting which steps are necessary for which experiment types.

Peptide and transition selection for targeted experiments.

Many proteomics hypotheses are rooted in biological observations, and so selecting proteins of
interest and peptides that are exclusively representative of those proteins is often the first experi-
mental design step in targeted bottom-up proteomic experiments, such as SRM/MRM and PRM.
Selection of peptides for targeted assays is a complex process, involving consideration of (1) spe-
cific peptides or amino acid modifications of interest, (2) biological influences on the protein of
interest, (3) chemical influences on peptide suitability for MS experiments, and (4) for SRM/MRM

experiments, the selection of fragment ions for quantitation.

Specific peptides or amino acid modifications of interest. In the first case, specific amino
acid modifications, especially post-translational modifications at the protein level, may dictate a

peptide sequence of interest. This is especially seen in targeted phosophoproteomics assays, where



the phosphosite of interest has previously been determined by prior experiments (Schilling et al.,
2012; Sherrod et al., 2012; Abelin et al., 2016). In these cases, it may be easiest to manually
enter the peptide sequences of interest. Skyline accepts peptides added directly to the document as
lists in the Targets window. Peptides added as lists may have modifications and even charge states
specified in the added sequence text. They may also be modified manually within Skyline one at a

time, or in bulk by changing the Skyline modification settings.

Biological influences on the protein of interest. For situations where the peptide sequence is not
defined by the experiment, Skyline accepts lists of proteins, either entered manually, copy-pasted,
or as a FASTA file import. After proteins are added to the document, Skyline digests the proteins
in silico to generate a list of peptides. The result of Skyline’s in silico digestion depends on the
particular endoprotease specified in the settings of the Skyline document. The most common endo-
proteases used in bottom-up proteomics are Lys-C, which hydrolyzes specifically at the carboxyl
side of lysine; chymotrypsin, which cleaves peptide bonds formed by aromatic residues (e.g. tyro-
sine, phenylalanine, and tryptophan); GluC, which cleaves peptide bonds C-terminal to glutamic
acid residues; and trypsin, which cleaves the carboxyl side of lysine or arginine residues. Other
Skyline Peptide Settings that affect results of peptide list generation are common biochemical sam-
ple preparation concerns such as missed cleavages, oxidized methionine, and peptide amino acid
length (Anderson and Hunter, 2005; Lange et al., 2008; Prakash et al., 2009). After endoprotease(s)
are selected and biochemical considerations are defined in the Peptide Settings in the Skyline doc-
ument, researchers can add proteins of interest to the Skyline target list and Skyline automatically
performs in silico digestion on the proteins and the resulting peptides are displayed organized by
protein of origin.

A point of consideration for proteomics research with clinical applications is the selection of
peptides that may have naturally occurring amino acid variations due to individual subjects’ genetic
backgrounds. Single nucleotide polymorphisms (SNPs) in the genome may give rise to amino acid
changes in the final proteoform, which may alter a peptide sequence. To help guide users collecting

data on clinical samples that may include SNP-related variation, Skyline provides users with access



to the informatics tool Population Variation (Fujimoto et al., 2013). Population Variation reveals
all human sequence variation within a set of user-specified peptides or proteins by identifying the
minor allele frequency of peptide targets. The tool then filters SNP data records from dbSNP by
criteria directly relevant to proteomics experiments, storing entries with minor allele frequency
> 0.01, a non-null protein accession, and a protein-influencing mutation (missense, stop-gain,
frameshift). The refined list is stored as a SQLite database and can be accessed through a Skyline
plug-in. Running the Population Variation Skyline plug-in outputs a table listing the isoforms and
peptide variants for all proteins included in the Skyline document. Researchers can use this output

to consider variant peptide targets to ensure that the assay accurately measures.

Chemical considerations of selected peptides. Next, the hypothesis-based, biologically con-
sidered peptides must be validated for chemical considerations, namely MS signal robustness.
Peptides from the same protein of interest have a range of MS signal response, with some peptides
reliably responding strongly and others responding weakly or variably to MS conditions (Kuster
et al., 2005). These widely ranging responses are dictated by sequence-specific physiochemical
properties (e.g., length of the amino acid sequence, charge, presence of various amino acids, and
hydrophobicity) and can be empirically determined using prior knowledge from MS experiments
(Stergachis et al., 2011) or by using predictive algorithms.

Empirical determination of high-responding peptides requires performing preliminary MS ex-
periments with the potential targets, often synthesized or purchased, in the intended sample ma-
trix (Stergachis et al., 2011). The mass spectrometrist then evaluates the potential target peptide
and transition pairs for signal response and chemical noise interference. Skyline facilitates this
empirical evaluation with simple transition deletion and addition tools, including ability to Undo
these operations, allowing researchers to easily create or modify transition lists for targeted as-
say development. Besides empirical determination, however, it is also possible to query past MS
experiments to evaluate peptide signal response, making use of Skyline-supported online repos-
itories like PeptideAtlas (Desiere, 2006), Human Proteinpedia (Mathivanan et al., 2008), GPM
Proteomics Database Craig and Beavis (2004), and PRIDE (Jones et al., 2007). A caveat to using
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repositories, as opposed to an assay-specific preliminary experiment, is that peptide response is not

the same across instruments and acquisition methods.

In addition to empirical determination, predictive algorithms provide an alternative or comple-
mentary method to select the target peptides most likely to be high-responding for a set of proteins
(Mallick et al., 2006; Fusaro et al., 2009; Eyers et al., 2011; Muntel et al., 2014). For researchers
interested in using predictive algorithms for SRM/MRM and PRM peptide selection, Skyline has
implemented the publically available, open-source PREGO algorithm (Searle et al., 2015) as a
plug-in. PREGO predicts high responding peptides using an artificial neural network on DIA
experimental data. The artificial neural network was trained using 11 minimally redundant, maxi-
mally relevant physiochemical properties that describe peptide size, structure, and hydrophobicity.
PREGO outperforms previous predictive algorithms, correctly predicting more high-responding
peptides than other algorithms. This performance improvement is believed to stem from a more
representative training set. As mentioned above, peptide signal response differs between instru-
ments and acquisition types. PREGO, being trained on a DIA dataset, may perform better because
peptide signals in DIA datasets better represent peptide signals in SRM datasets. An important
note is that these predictive algorithms mentioned above do not predict transition signal response,

only peptide response.

The final number of peptides required for a quantitative assay depend on the analytical rigor of
the experiment, the details of the project, and the purpose. A broad rule of thumb is that the quan-
tification of a protein requires at the quantification of at least one peptide unique to the protein’s
sequence. For basic research purposes, two peptides per protein are used to ensure that the peptide
is detected, but validation experiments are rarely performed to confirm analyte reproducibility, dy-
namic range, and stability. For clinical applications, a protein can be measured by just one peptide;
however, the peptide has undergone extensive validation testing to fully characterize the peptide
as a measurand. A more thorough discussion of measurement validation and their implications on

assay development is described elsewhere (Carr et al., 2014).
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Selection of transitions for SRM/MRM experiments. By definition of the method, all transi-
tions for a precursor are measured in a PRM experiment, and therefore PRM experiments do not
require selection of fragments prior to acquisition. Rather, transitions are curated after acquisition
to improve the precision of the measurement. In comparison, SRM/MRM experiments target only
the transitions preprogrammed for acquisition. Selection of optimal transitions is critical for quan-
titative experiments, as poorly designed assays will suffer unreliable, inaccurate, or nonspecific
quantitation (Ludwig et al., 2011).

It is common to choose y-type ion fragments, due to high ion abundance compared to the
alternative, b-type ion fragments (Holstein , Sherwood). Similar to peptide selection, transition
selection must be evaluated for chemical considerations, namely transition MS signal response and
transition selectivity. Transition signal response may be assessed empirically through preliminary
MS experiments to evaluate potential transitions in the appropriate experimental sample matrix and
under the experimental instrument conditions. The mass spectrometrist must manually confirm that
the transitions are high-responding and free of interference, and remove any transitions that do not
meet those criteria. Alternatively, predictive algorithms for thermodynamic peptide fragmentation
(Zhang, 2004, 2005) may provide computationally-assisted transition selection, and computational
tools have been designed to aid in SRM method development (Rost et al., 2012), though none have
been integrated with Skyline yet.

Current standard practice (Carr et al., 2014) monitors three or more transitions per peptide to
make a reliable quantitation. However, if the transition has been evaluated as high-responding and
free of interference, it is possible to perform quantitative analysis on one transition, using the other

monitored transitions for confirming the identity of the peptide precursor.

Retention time determination for scheduled MS experiments.

Most quantitative mass spectrometry experiments hyphenate reversed-phase high performance lig-
uid chromatography (RP HPLC) to separate and simplify complex proteomic samples. Coupling

LC to MS adds a time dimension to the data, as peptides elute off the solid-state column at a par-
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ticular time in the chromatographic gradient. As with other modes of reversed phase chromatogra-
phy, LC-MS peptide RT is dependent on several experimental factors, such as the physiochemical
properties of the target peptide itself; background matrix of the sample; column-specific details
including stationary phase material, bed length, and temperature; and the chromatography details
including gradient percentage and delivery speed (Moseley et al., 1991). In the case of liquid chro-
matography coupled SRM/MRM and PRM experiments (LC-SRM/MRM, LC-PRM), the number
of peptide precursor-fragment transitions to be measured may exceed the speed at which the instru-
ment can measure them and still maintain a cycle time appropriate for quantification (2-3 seconds
per cycle maximum). In these cases, scheduling methods enable measurements of tens to hundreds
of individual peptides, by allowing only a subset of the targeted peptides to be measured in any
given cycle. The acquisition schedule for these methods includes precursor m/z, transition m/z,
and the RT, or time window during which the precursor peptide elutes off the LC column.
Skyline’s ecosystem incorporates several complementary tools to predict peptide RT. The first,
SSRCalc (Krokhin, 2006; Spicer et al., 2007), is based on calculated hydrophobicity, as deter-
mined from the peptide amino acid sequence, to predict a peptide RT. This approach is particularly
useful when empirical RT is unknown for a peptide. Alternatively, when peptide RT has been
previously observed, a standard set of reference peptides can be used to calibrate RT prediction
for any number of target peptides of interest on new columns or chromatography methods. In this
approach, termed indexed retention time (iRT) (Escher et al., 2012), the reference peptides act as
anchor points across a range of hydrophobicities, allowing the HPLC run-time to be calibrated and
the assay-specific peptides to be aligned to the observed iRT reference peptide anchors. The iRT
method is particularly useful in interlaboratory and large-scale experiments, projects which typi-
cally necessitate use of multiple LC systems and columns. For these projects, the iRT workflow
integrated into Skyline provides a simple method to transfer chromatography empirical knowledge
from one system to another, or to easily transition to a new column when the previous is replaced.
After predicting peptide RT through either method, or simply by using prior measurements
that have already been imported, Skyline can export an acquisition table including all relevant

information for a scheduled LC-SRM/MRM or LC-PRM method, including start and end times for
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peptide elution. The priority for these experiments is to capture the entirety of the chromatograhic
peak as the peptide elutes from the column, but with as narrow a window as possible. The mass
spectrometer is limited in the number of peptide precursors it can measure at any given time, as
dictated by the speed of the instrument (duty cycle), and the number of transitions to measure at
that time, as dictated by predicted RT and the width of the scheduling time window. In order to
assay as many peptides as possible, it is necessary to adjust the scheduling windows to reflect the
instrument’s speed and the number of transitions eluting at each time point. Skyline facilitates
this adjustment with a visualization option in the retention time pane that displays the number of
transitions eluting over the chromatographic gradient under several potential scheduling window

widths.

Instrument parameter optimization.

Determining the optimal set of MS instrument parameters for a targeted experiment is necessary
in order to create an effective assay. One parameter of particular importance to targeted exper-
iments is collision energy (CE). Optimized CE increases fragment ion intensity, which confers
stronger, more reliable signal response (Sherwood et al., 2009). Computational estimation of opti-
mal CE based on precursor m/z and a simple linear equation (Equation 1) is useful for both triple
quadrupole (Picotti et al., 2009) and quadrupole time-of-flight instruments (Griffin et al., 1991;
Prakash et al., 2009). An automated pipeline for optimizing CE specifically for quantitative assays
is integrated in Skyline to achieve maximum fragment ion intensity (MacLean et al., 2010a) and
therefore strongest, most reliable signal response for the peptides in the assay. Recent versions
have added the ability to store optimized parameter values in a library for future re-use and easier

sharing.

MS/MS spectral library creation.

Although not strictly required for assay development, inclusion of spectral libraries in quantitative

proteomics aids in downstream data processing. In spectral library searching, spectra acquired



14

by tandem mass spectrometry (MS/MS) are compared with previously identified reference spectra
(Craig et al., 2005). The benefits to library searching as opposed to database searching, in which
spectra are compared with spectra predicted from amino acid sequences (Eng et al., 1994), is a

more accurate comparison of fragment ion intensities and a more efficient spectra search.

The Skyline ecosystem includes a suite of software tools, Bibliospec (Frewen et al., 2006), for
creating and searching MS/MS peptide spectrum libraries. The Bibliospec 2.0 software package
is composed of two informatics tools: BlibBuild and BlibFilter. All Skyline installations include
these tools, and Skyline itself provides user interface for creating spectral libraries. The first step
in building a spectral library is creating a full redundant library of peptide MS/MS spectra matched
with known peptide identifications, which is performed computationally by BlibBuild and written
to sqlite3 database file. To obtain peptide identifications for this step, an assortment of available
database search programs are supported by BiblioSpec 2.0 (Table 2). Second, BlibFilter refines the
redundant library to choose just one representative spectrum for each peptide, preserving the origi-
nal retention times of the redundant spectra, and then writes a new non-redundant sqlite3 database
containing this information. BlibFilter choses the one representative spectrum by measuring the
similarity between all pairs of redundant spectra for a given peptide, and selecting the spectrum

with the highest average similarity score.

The Skyline GUI also supports MS/MS spectral library creation. To do so, it takes the best
scoring PSM from a variety of supported search engines (Table 2) as a reference spectrum, picking
the most intense in the event of a tie. In addition to creation of spectral libraries, Skyline supports
several sources of reference libraries, including Peptide Atlas (Desiere, 2006), the National Insti-
tute of Standards and Technology (NIST), and the Global Proteome Machine (GPM) (Craig et al.,
2004). Most Skyline users will choose to use their spectral libraries, once created, for targeted

method creation and data extraction.
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Final method export and refinement.

Once a Skyline document is built with the settings and optimizations described above, the final as-
say is exported either as a native method for triple quadrupole instruments or as scheduled isolation
lists for certain Q-TOF and the Thermo Q-Exactive instruments. After acquiring mass spectrome-
try data, the acquisition files are imported into the Skyline document for method refinement such as
peptide and transition validation. The cycle of export, acquisition, and refinement is repeated until

the assay is considered effective, at which point final acquisition and quantitative analysis begins.

1.2.2 Data independent acquisition mass spectrometry

DIA workflows attempt to acquire the same precursor isolation windows repeatedly across the
elution profile of a peptide. Unlike parallel reaction monitoring (PRM) (Peterson et al., 2012),
which targets specific peptides, DIA targets wide, evenly spaced precursor isolation windows that
are tiled across a m/z range of interest. Originally Venable et al (Venable et al., 2004) envisioned
DIA as a method to detect peptides without requiring a precursor signal. Consequently, the original
methods focused on acquiring MS/MS with narrow precursor windows (10 m/z) at 3 Hz with an
approximate 35 second cycle time. This approach allowed them to generally acquire at least one
MS/MS spectrum within the elution profile of each peak but quantitation could only be performed
on precursor ions in interspersed MS spectra. Modern Orbitrap and ToF instruments can collect
MS/MS at 10 Hz or faster and allow for PRM-like quantitation using MS/MS spectra.

Despite the wide appeal of DIA for quantitative proteomics, one drawback is that many ap-
proaches commonly require generating comprehensive DDA-based spectrum libraries (Deutsch
et al., 2018) before interpreting any DIA data (Egertson et al., 2015; Ludwig et al., 2018; Reubsaet
et al., 2019). While this approach produces high-performance libraries with instrument-specific
fragmentation and retention times, it does so at the expense of time, sample, and significant effort
offline fractionating that sample (Bruderer et al., 2017). These trade-offs are additionally expen-
sive when considering the fact that DDA-based spectrum libraries are typically considered to not be

reusable for other experiments. However, several approaches have been developed to detect pep-
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Figure 1.4: Appropriate peptide precursor ranges are dependent on the sample type. Using a fixed isolation
width (10 m/z), the distribution of peptide precursor m/z in a whole-human proteome repository (the Pan-
Human library, purple) and in a human phosphopeptide library (green) differ significantly, indicating the
importance of setting precursor isolation width ranges appropriately for each experiment.

tides directly from DIA experiments (Tsou et al., 2015; Ting et al., 2017), and here we demonstrate
how to use them to successfully acquire and analyze DIA experiments without spectrum libraries
using a DIA-only workflow (Searle et al., 2018). In this work, we focus on analyzing DIA data
with open-source software using Proteowizard (Chambers et al., 2012), Skyline (MacLean et al.,
2010b) and EncyclopeDIA (Searle et al., 2018). It should be noted that commercial software for
detecting peptides without spectrum libraries (e.g. Scaffold DIA or Spectronaut Pulsar) can also

be used.

Balancing compromises within DIA methods is critical for successful experiments. The intent
of DIA is to measure as much of the proteome as possible, while still maintaining quantitative
rigor. These compromises manifest as a result of three competing goals, the desire to: a) maximize
the total precursor range of targeted peptides, b) maximize the number of points measured across
every chromatographic peak, and c) minimize the number of peptides simultaneously contributing

signal in each window.
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Precursor range of targeted peptides.

Although it is impractical to measure every possible tryptic peptide in a proteome, the total precur-
sor range can be optimized to target the majority of peptides. For example, while some peptides
produce more intense signals below 400 m/z or above 900 m/z, we find that 93% of peptides in
the Pan-Human library (Rosenberger et al., 2014) can be observed within that 400-900 m/z range
(Figure 1.4). Assuming a fixed cycle time, narrowing our focus to this range allows us to collect
narrower precursor isolation windows, and thus lowering signal interference for any given peptide.
However, this same range only encapsulates 77% of the phosphopeptides in a human phosphopep-
tide library (Lawrence et al., 2016) of similar scope, suggesting that it is important to match the

precursor range to the proteome of interest if specific peptides or modifications are targeted.

Number of points across chromatographic peaks.

Since quantitative measurements are made at the fragment-level, it is imperative that there are
sufficient fragment ion scans for each precursor isolation window to appropriately represent the
peptide peak shape. Following the conventional practice of quantitative mass spectrometry, most
DIA tools use trapezoidal rule-based integration to measure peak area. While generally robust,
significant measurement errors can be caused simply by undersampling across the shape of the
peak (Figure 1.5a). Based on an model sampling at fixed intervals across Gaussian distributions
(Figure 1.5b), we estimate that restricting measurements to a minimum of nine points sufficiently
limits bias caused by trapezoidal integration to below an average of 1% (Figure 1.5c). In general
we recommend attempting to achieve a minimum average of 10 points to describe a peak to ensure
that faster eluting peptides at the beginning and end of the chromatographic gradient are adequately
measured.

Several data acquisition variables can be adjusted to achieve this requirement: total precursor
isolation range, scan rate, and peptide elution width. Average peak elution widths are typically
dependent on the liquid chromatography setup, and can be determined by looking at past runs

(DIA or DDA) using a fixed gradient. The necessary cycle time is the ratio of the average peak
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Figure 1.5: Peptide quantification by integrated peak area is sensitive to the number of points sampled across
the peak. (a) The trapezoidal quantitation can produce poor measurements with only five points (or fewer).
(b) Error (shaded in blue) in trapezoidal quantitation (red dashed lines) typically cancel ut when measuring a
Gaussian peak (black solid line) with eight to nine points across the peak. (c) The average percent deviation
with 95% error bars in actual/calculated area at different number of points across a Gaussian peak.
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width and the minimum number of points needed to describe a peak (typically 10):

average peak width [sec]

(1.1

cycletime |sec| = —— -
Y [sec] minimum points acrossthe peak

The optimal scan rate is typically instrument specific. Combined with the estimated cycle time,
it is possible to determine the relationship between total precursor range and the fixed precursor

isolation width (or average width if using variable width windows):

totalprecursor range [m/7]

precursorisolationwidth|m/z] = (1.2)

cycletime [sec| X scanspee [hz]

This calculation assumes equal transmission of ions across the entire precursor isolation win-
dow, and no ions outside that window. It should be noted that no Q1 quadrupole produces a true
square-wave transmission, and that some researchers increase the precursor isolation width to add
small margins on either side that account for loss of sensitivity at each window edge. We find that
this is typically not necessary for instruments that employ a hyperbolic segmented Q1 quadrupole
(e.g. for Thermo instruments, the QE+, QE-HF, QE-HFX, and Fusion Lumos), but may help with
other Q1 designs.

Cost of interfering peptides.

At first it might appear logical to increase the total precursor range to be as large as possible to mea-
sure the most number of peptides. While we previously observed that most tryptic peptides could
be detected within the total precursor range of 400-900 m/z, there are some peptides for which the
most intense charged ion falls outside that range, and others that are rarely (if ever) observed in that
range. However, as the total precursor range increases, the precursor isolation width also increases,
and with that the number of interfering peptides. We find that at some point, interference caused
by wider precursor isolation widths outweighs any benefit gained from sampling more peptides.
To demonstrate this, we analyzed the same tryptic peptide sample generated from HeLa lysate
using five different acquisition schemes that were scaled to keep cycle time constant (Figure 1.6).

We found that while the Pan-Human library (Rosenberger et al., 2014) contains peptides from
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Figure 1.6: Optimal precursor range for surveying the unmodified human proteome trends similarly re-
gardless of library size. While the percentage of new HeLa peptide detections increases with wider total
precursor ranges, the number of detections in individual wide-window experiments is highest for both Pan-
Human library searches (blue) and sample-specific library searches (red) at 400-1,000 m/z due to the tradeoff
of increased overall m/z range with decreased window selectivity for any given window.
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400-1200 m/z, increasing the total precursor range from 500-900 m/z did not actually provide
any meaningful increase in sensitivity when searching it, and indeed we found that the number
of detected peptides dropped significantly beyond 400-1000 m/z. However, when searching a
sample-specific library, where retention times and fragmentation patterns are tuned specifically for
the instrumentation and chromatographic setup used in this specific experiment, we found that we
detected more peptides at wider windows, presumably due to increasing the precision for matching
peptide signatures.

We note that some selectivity can be gained back by using variable-width windows (Zhang
et al., 2015), which adjust the window-width based on the expected number of precursors in those
windows. Overlapping precursor isolation windows (Amodei et al., 2019) or using a similar strat-
egy that employs a scanning quadrupole (Moseley et al., 2018) can also improve selectivity after
computationally deconvolving the overlapping isolation regions. Overlapping-window deconvo-
lution is now a built-in feature in the freely available, open-source software tool, Proteowizard
(Chambers et al., 2012). As such, we typically recommend the 400-1000 m/z precursor range with
overlapping windows using Orbitrap mass spectrometers as a good tradeoff between breadth and

selectivity for most unenriched, tryptically digested proteomics experiments.

An alternative strategy to gain selectivity is to use gas-phase fractionation (GPF) (Spahr et al.,
2001) coupled with DIA. GPF involves no additional sample preparation; instead, GPF injects the
same sample multiple times, each time focusing the precursor isolation range on a different fraction
of the overall precursor range of interest. This approach, which we discuss in further detail later,
has been shown to significantly improve sensitivity in modern DIA workflows (Ting et al., 2017),

but comes at the expense of requiring additional injections and sample.

Leveraging Gas-Phase Fractionated DIA to generate chromatogram libraries.

In order to maximize the number of peptide and protein detections in DIA experiments, it is com-
mon to search the DIA data against fractionated DDA spectral libraries. The reasoning is that

whole proteomes are too complex to trigger MS/MS scans on all possible peptide ions in a con-
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ventional DDA method, and so to reveal as much spectral information as possible, researchers
first fractionate the sample and perform DDA on each fraction. However, relying on DDA-based
spectral libraries to make peptide detections from DIA data assumes that DDA MS/MS spectra
are reasonable representations of DIA MS/MS spectra. For several reasons, this is fundamentally
false. First, DDA MS/MS are triggered by the presence of a Top-N intense MS1 ion, while DIA
MS/MS are triggered systematically regardless of precursor ion intensities. Second, DDA frag-
mentation is performed with a charge-state optimized collision energy, while DIA fragmentation
uses a fixed specified collision energy. Third, DDA precursor selection and fragmentation should
theoretically contain only one precursor species, while DIA fragments a specified range of precur-
sor m/z. Finally, DDA spectral libraries from off-line fractionated samples do not result in MS/MS
spectra that reflect possible cofragmentation interferences that would occur in the original unfrac-
tionated sample because the matrix has been simplified. Spectral libraries from DDA data also
suffer from challenges in mapping fragmentation patterns and retention times across instruments
and platforms.

To address these challenges with offline-fractionated DDA-based spectral libraries, we propose
a better representation of DIA data is a library itself built from DIA data, particularly DIA data
collected of the exact experimental sample on the exact instrument platform. These experiment
representative DIA-based libraries are called chromatogram libraries. Similar to a spectral library,
a chromatogram library contains information about peptides such as fragmentation pattern and
retention time, however the chromatogram library is made from DIA data of the specific sample
matrix rather than DDA data, and therefore also includes valuable information such as known inter-
ferences within a specific sample matrix. Another important difference between spectral libraries
and the chromatogram library is precise, experiment-specific retention time information. While it
is easy to calculate m/z for precursors and fragments, it is not easy to predict RT from peptide se-
quence alone. Having indexed retention time (iRT) values is more helpful than no RT information
(typically 3-5 minute prediction window), but it is even more valuable to have accurate, empirical
RT on the same column, in the same samples (30-60 second prediction window).

However, the main goal of a library is to “dive deeper” into the sample, detecting peptides of
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low abundance even in a complex matrix. Conventional library-based approaches perform deep-
dives by physically simplifying the sample using basic reverse-phase (bRP) liquid chromatography.
While bRP fractionation does not chemically affect the peptides themselves, bRP fractionation
does affect the spectra and retention time for a given peptide. This is because bRP simplifies the
sample matrix, and simplifies it differently for each fraction, meaning that the elution time for a
peptide in a bRP fraction does not match its elution time in an unfractionated sample. Also, because
the peptides are taken out of the context of the original sample, features in the MS2 spectra will
not reflect the same features present in the unfractionated sample.

Rather than simplifying the sample in the liquid phase with bRP, fractionating it in the gas
phase produces spectra and retention time that reflect the peptide in the complex matrix. Because
the entire original samples is subjected to the same chromatographic gradient before each GPF in-
jection, the peptide elution times is not changed. Additionally, peptides with similar retention times
and similar m/z properties will be fragmented together, producing the chimera spectra expected in
the unfractionated samples.

Preparing the chromatogram library sample requires skimming a small aliquot from a repre-
sentative set of the experimental samples and pooling them together. By combining samples into a
representative pool, any peptides present in all the samples will be equally concentrated in the pool.
On the other hand, any peptides present in only a few samples or present in low abundance in a sub-
set of samples will be diluted, which may mean that the peptide isn’t detected in the chromatogram
library. While this may be, it is important to remember that peptides of very low abundance in a
pooled but narrow isolation window GP fractionated sample will not likely be detected in a wide
isolation window, unfractionated sample.

Although a single pooled sample is appropriate for the majority of basic research purposes,
there are two scenarios where acquiring multiple chromatogram libraries may be best practice.
These scenarios involve experiments in which the samples have different matrix complexities, as
matrix complexity will affect the retention time of the samples. Specifically, complex experimental
designs with 3+ sample groups may benefit from a multiple chromatogram library strategy, in

which each sample group is pooled for a sample type-specific chromatogram library.
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A second scenario requiring multiple chromatogram libraries involves experiments spanning
multiple columns, whether due to planned instrument maintenance or unplanned column changes
due to column clogs. It is important to note that a library must be collected on each column used in
an experiment. This requirement can be satisfied either by pooling the representative sample with
enough volume to acquire chromatogram libraries on the same sample on multiple columns, or the
experiment acquisition queue can be designed such that the chromatogram library for each column

reflects the sample replicate blocks acquired on that column.

Generating an inclusion list.

Above, we discuss considerations in choosing a precursor range to survey. After a precursor range
is decided, the inclusion list can be generated. There are several general inclusion window strate-
gies for DIA which we will refer to as “normal”, variable, and overlapping. The goal of all win-
dowing schemes is to transmit as many precursor ions as possible (i.e. lowest IIT) with the shortest
cycle time (i.e. most points-across-the-peak). As a more detailed review of various inclusion
list approaches can be found elsewhere (Ludwig et al., 2018), here we will focus on general best

practices for window width and placement.

In generating an inclusion list, window width and placement should account for precursor mass
defect. The precursor mass defect is an observation that, across all possible m/z values, there are
certain m/z values at which no peptide precusors exist (forbidden zones) (Egertson et al., 2013)
(Figure 1.7). Using the knowledge of forbidden zones and the observation that quadrupole trans-
mission is imperfect at the edges of isolation windows, an inclusion list with windows bordered by
forbidden zones maximizes the transmission of precursor ions in the window range. By placing
a window edge at one of these forbidden zones where no precursor can possibly exist, the edge
effects of quad transmission are less pronounced. Practically, this entails shifting the width and
edges of the windows off of the chosen integer value (for example, a 24 m/z window from 400
m/z to 424 m/z) so that the window boundaries — where quadrupole ion transmission suffers — will

fall in forbidden zones where no precursor can exist (400.23 m/z to 424.44 m/z). There are sev-
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Figure 1.7: Placement of isolation window edges should account for precursor mass defect. The precursor
mass defect is visualized for HeLa precursors between 600-610 m/z (blue), emphasizing certain m/z values
that are impossible for a precursor to have ("forbidden zones”) (red points).
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eral software options for generating inclusion lists using these principles, including Skyline’s Edit
Isolation Scheme feature (MacLean et al., 2010b) and EncyclopeDIA’s Window Scheme Wizard
(Searle et al., 2018).

Sample queueing.

Capturing accurate, on-column retention times is a crucial step in performing DIA without spectral
libraries. This is made additionally difficult because gas phase fractions typically do not include
the same peptides, so it is challenging to computationally align retention times between gas phase
fractions. Therefore, it is important with GPF strategies that retention times across each fraction
are as stable as possible.

Retention time is sensitive to changes in column age, so it is best to first condition the column
to a sample with similar matrix complexity as the experimental samples. In practice, column con-
ditioning simply means running several samples after equilibrating a new column. As the column
ages and is exposed to the sample matrix, retention times should stabilize. Tracking retention time
stabilization can be done by choosing a handful of endogenous peptides or spiking a synthetic set
of peptides into the conditioning sample and tracking the retention times and peak shapes over
each injection.

Because the pooled sample is an empirical average of the unpooled, single-shot quantitative
samples, running at least half of the single-shot quantitative samples before running the pooled
library sample gives the most stable retention times. It’s recommended that the chromatogram
library pool should be run in the middle of the experimental sample queue, sandwiched on either

side by the unpooled, single-shot quantitative samples (Figure 1.8).

1.3 INFORMATICS FOR QUANTITATIVE MASS SPECTROMETRY PROTEOMICS.

The first step in many data analysis workflows is to convert the native, vendor-specific file formats
into a portable file format like mzXML (Pedrioli et al., 2004) or mzML. The end result of most

workflows is a quantitative matrix of calculated peak areas, or area under the curve (AUC), for each
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Figure 1.8: Example of an experimental sample queue for the chromatogram library approach. The pooled
consensus library sample should be sandwiched between the wide-window, single-shot experimental sam-
ples in order to most accurately capture retention time.
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peptide ion (modified peptide plus charge state) for each sample in the experiment. Many freely
available informatics tools struggle with community adoption, due to issues with limited end user
design, and lack a complete pipeline spanning method development through data analysis for an

experiment.

Properties such as easy access, large dataset management, integration with other commonly
used tools, intuitive data visualization, timely issue resolution, documentation, support, as well
as facilitated sharing of data files and the methods used to collect them (Codrea et al., 2007) are
important aspects that influence software adoption. With these needs in mind, the freely-available
and open-source Skyline ecosystem was developed with a user-friendly interface, comprehensive
file compatibility, vendor-neutral data processing, intuitive visualization, and reasonable compu-
tational requirements (MacLean et al., 2010b). The original objective of the Skyline project was
to create a single informatics tool to generate MS methods and to analyze the data collected for
chromatography-based quantitative MS experiments. In addition to these core functions, Skyline
now invites the community to share their own informatics tools through an external tool store
(Broudy et al., 2014) for software tools that support point-and-click installation and can be run
from the Skyline Tools menu. Furthermore, the introduction of additional software to the Skyline
ecosystem such as Chorus for sharing raw MS files (http://chorusproject.org) and Panorama
for sharing Skyline processed experimental results (Sharma et al., 2014), has helped facilitate large-

scale MS datasets and inter-laboratory collaborations.

1.3.1 Quantitative data processing for targeted proteomics.

Chromatogram extraction. Mass spectrometry data contains three dimensions: m/z, retention
time, and intensity. In the first step of data processing, Skyline extracts the retention time and
intensity information for a given m/z (Figure 1.9, Step 1). For PRM or DIA experiments, this in-
formation is calculated from the measured spectra as extracted-ion chromatograms (XIC), and for
SRM/MRM experiments, the measured chromatograms are themselves imported. No file conver-

sion is necessary prior to this step; raw files from the instrument are directly imported. It should be
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Figure 1.9: Data processing pipeline in Skyline. Skyline derives information from native, vendor-specific
file formats or from portable files, producing peak area calculations, and visualizations of the data.
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noted, however, that several settings in Skyline affect the chromatogram extraction process, such
as retention time window width and parameters for instrument resolving power for profile spectra
or mass accuracy for centroided spectra, therefore researchers should be sure that the Skyline doc-
ument is prepared with the appropriate instrument and experimental details before importing data.
These settings can be exported and imported from other Skyline documents, aiding repeatability in
data processing and ensuring the proper instrument and experimental details are preserved across

laboratory sites and experiments.

Resampling. For all tandem mass spectrometry data acquisition types, the time intervals between
MS?2 scans are irregular. For example, in an SRM/MRM experiment, the rate of MS2 scans depends
on the number of transitions scheduled for collection at a given time and the dwell time for each.
For its purposes, Skyline requires all chromatogram time, intensity points for a peptide to be placed
on a uniform scale with a consistent interval. Even for DIA, this requires some adjustment of MS1
with MS2 scans and ions for multiple charge states or isotope labeling. To place these points, a
linear interpolation of each raw chromatogram is performed. Skyline calculates an interval that
captures as much information about the peak as possible (Figure 1.9, Step 3). Intervals placed too
wide distort the shape of the peak, while intervals too narrow are costly in storage and processing
time. The end product of resampling is an interval width that works best for the dataset, avoiding

as much distortion as possible.

Peak detection. The resampled data is then searched for areas that represent peaks. Peak detec-
tion is performed by the Chromatogram Retention time Alignment and Warping for Differential
Analysis of Data (CRAWDAD) Peaks algorithm (Finney et al., 2008). CRAWDAD finds the max-
ima and minima by points were the first derivative is equal to zero, then takes the second derivative
in the retention time dimension, noting the point at which the second derivative is equal to zero
in order to find inflection points. This set of points (local maxima, local minima, and inflection
points) define a detected peak. In the absence of spectral library retention time information for

peptide spectrum matches (IDs) within the files being analyzed (usually for DDA, PRM or DIA
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- with initial processing by tools like DIA-Umpire (Tsou et al., 2015)), Skyline takes only the
20 most intense peaks for each transition from CRAWDAD. When ID times are present, Skyline
also includes all CRAWDAD detected peaks containing IDs, or aligned IDs in runs which do not
contain any IDs for the target being analyzed. This results in an initial set of raw peak detections
for each individual chromatogram with boundaries set at the inflection points and peak areas in

interval units.

Peak grouping. Next Skyline creates peak groups for each targeted modified peptide or molecu-
lar structure, combining the raw peaks for its chromatograms and grouping them by retention time
overlap. Peak grouping is based on elution profile similarity (Figure 1.9, Step 4), with apex RT,
start RT, and end RT drawn from the local maxima and inflection points from the previous step. It
should be noted that different charge states and isotopes (heavy labeled peptides, medium labeled
peptides, endogenous or light peptides) are each considered together. After grouping, the individ-
ual peak boundaries are replaced with a single boundary for each entire peak group. This boundary
may be adjusted outward from the original 2D inflection point boundary, using Savitzky-Golay
smoothing and combined information of all chromatograms contributing to the peak group. Peak
statistics are also recalculated to reflect the new agreed-upon boundary values and interval unit
areas are multiplied by the number of seconds in the chosen interval to yield an ion count estimate

(ions / second * seconds = ions).

Peptide identification. During the peptide identification step, commonly called peak picking the
top 10 results from peak grouping are evaluated for probability that they represent the peptide. For
each of the 10 considered peak groups, a number of peak group features are calculated. These
features, derived both from the CRAWDAD calculate statistics and raw chromatogram data, are
weighted with particular coefficients, and summed to give a final score to the peak group. The seven
scores and corresponding coefficients in Skyline’s default peak picking model are log intensity
(1.0), coelution count (1.0), identified count (20.0), library intensity correlation (3.0), shape score

(4.0), weighted co-elution (-0.05), and retention time delta from prediction (-0.7). The peak group
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with the highest score is identified (picked) as the peak for that peptide.

Many of these scoring features used in the Skyline default peak picking strategy are similar to
those used in the mProphet method (Reiter et al., 2011). Researchers also have the ability to use
other peak picking algorithms, such as the mProphet model itself, after initial data import by using
a Re-integrate command to generate and apply these models, using decoys and semi-supervised
machine learning. As evident from the exceptionally high weight given to the identification count
feature, if external tools for peptide identification are used to identify a time of peptide elution
within the data, Skyline will give very high priority to finding a peak at that time, using retention

time alignment between runs to propagate ID times between runs.

Peak area calculation. In Skyline, the peak area, or area under the curve (AUC), refers to the
total integrated area within the peak boundaries, minus the background area (in intensity for sec-
onds of time units - or ion count where intensity is ions per second). Background area is defined as
the total integrated area of the minimum of background height and intensity at each point, where
background height is the minimum intensity of the two points where the chromatogram crosses the
integration boundaries, which is assumed to be the level of intensity contributed not by the transi-
tions themselves but from chemical noise (background) in the measurement. The background area
is subtracted from the total integrated area within the peak boundaries to return the final reported
peak area. Although Skyline allows display of chromatograms with various smoothing options
(2D, 1D, Savitzky-Golay) applied, it uses the interpolated points displayed in the unsmoothed
graphs to calculate peak area. Total area values sum the AUC values of individual chromatograms,

rather than performing a separate AUC calculation on a summed chromatogram.

1.3.2  The chromatogram library approach for analyzing DIA-MS.

While analyzing DIA experiments to detect peptides from DDA-based libraries (Weisbrod et al.,
2012; Rost et al., 2014; Bruderer et al., 2015) is now commonplace, early on DIA datasets were
analyzed using ordinary database search engines (Venable et al., 2004) such as Sequest (Eng et al.,

1994). Two major classes of tools have emerged to detect peptides directly from DIA experiments
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by taking advantage of the repetitive MS/MS measurements in DIA. Spectrum-centric analysis
tools for DIA, such as DIA-Umpire (Tsou et al., 2015), attempt to demultiplex several peptide sig-
nals from the same MS/MS spectra by time aligning elution peaks for both fragment and precursor
ions. Fragment ions that co-vary across retention time are likely to come from the same peptide,
and matching precursor ions indicate the potential masses for that peptide. These time-aligned
ions are converted into demultiplexed “pseudo” spectra that usually represent a single peptide and
can be interpreted with any database searching engine. A powerful benefit for this approach is
that it can leverage a wealth of downstream MS/MS software since the pseudo spectra effectively
resemble DDA MS/MS. In contrast, peptide-centric analysis (Ting et al., 2015) looks for specific
peptides across all spectra in a precursor isolation window. PECAN (Ting et al., 2017) queries DIA
data using peptide sequences and their predicted fragmentation models. While the performance of
DIA-Umpire and PECAN are comparable under normal conditions, PECAN has been shown to
perform better when analyzing GPF-DIA experiments due to DIA-Umpire’s reliance on observing

precursor ion peaks.

A detailed tutorial walking through each step of data analysis with EncyclopeDIA is provided in
full (Appendix A); here we focus on the broader concepts of analyzing DIA data without spectrum

libraries.

Verifying raw data quality.

The raw data quality of DIA data can be assessed either qualitatively like shotgun or quantitatively
like targeted proteomics before any peptide detection or quantification is performed. The most
basic assessment is noting file size across the runs. Quantitative single-shot samples should all be
similarly sized files; likewise, each gas phase fraction should be roughly similar in file size. If any
file is substantially lower in size, this may indicate a sample or acquisition issue that should be

investigated further.

Next, data quality can be assessed by observing the total ion current (TIC) trace over the chro-

matographic gradient. Ideally, for complex whole proteome samples, the TIC profile makes a
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right-angled plateau with no obvious spikes in the gradient.

Finally, before any detection or quantification is performed, the ion inject time (IIT) can be
evaluated. Ideally, the IIT across a DIA experiment will not be affected by the precursor isolation
windows. In a visualization software such as EncyclopeDIA’s RAW File Browser, this should be
depicted as the same average IIT across precursor isolation windows. Although IIT should ideally
remain unchanged across retention time, it is common to observe that the average IIT across RT
forms an upside-down U shape, where the maximum IIT is reached at the beginning and ends of a
chromatographic gradient because less ions are eluting at those times. This is because more ions
are eluting in the middle of the gradient, requiring less time to collect enough ions to trigger the
scan. However at the beginning and ends of the gradient, there are fewer ions, and with less ions to
fill the ion trap, the instrument spends more time accumulating ions and more likely triggers once

reaching the maximum IIT.

Data file preparation.

Acquisition files from the mass spectrometer are first converted using MSConvert. For data ac-
quired using the overlapping window scheme discussed above, files require a computational de-
multiplexing step before they can be processed by data analysis softwares. Demultiplexing the
files separates the overlapping precursor isolation windows into their effective parts, for example
the first few cycles in the overlap scheme described in Table 3 (d,e) are computationally demulti-
plexed into 12 m/z effective windows such that the converted output file contains isolation windows
400-412 m/z, 412-424 m/z, 424-436 m/z, etc. This step requires only one additional parameter flag

during the MSconvert step.

Generating a chromatogram library.

A chromatogram library is generated from the gas-phase fractionated, narrow-window acquisitions
of the pooled reference sample. While these acquisitions can be analyzed by searching against a

spectral library, here we describe searching against a FASTA proteome. Specifically, peptides are
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detected in the reference sample acquisitions by searching a target” proteome fasta in the context
of a “background” proteome fasta. In global proteome experiments, the target and background
proteome will be the same. In enriched or targeted proteome experiments, the target proteome
should contain only proteins the researcher is interested in, while the background proteome should
be all possible proteins in the sample. For example, an experiment investigating global protein
abundances in yeast should use the yeast reference proteome as both the target and background;
for an experiment focused on changes in mitochondrial respiration in yeast, the reference proteome

would be yeast mitochondrial proteins while the background is the reference yeast proteome.

Using PeCAn or Walnut, the gas phase fractions are searched against the target fasta and an
equal number of decoys. The 1% FDR-thresholded detections in each gas phase fraction are com-
bined into a single chromatogram library, which is again 1% FDR controlled. More details about
the FDR estimation are described below in ’Searching for peptides”. The final chromatogram li-
brary elib file format stores chromatographic data about each detected peptide, including retention
times, peak shape, fragment ion intensities, and known interferences, all specific to the reference

sample and LC-MS platform.

Searching for peptides.

The EncyclopeDIA software uses chromatogram libraries to detect peptides in wide isolation win-
dow samples, leveraging the precise coordinates for m/z, time, and intensity stored in the sample-
and instrumentation-specific chromatogram library. To control FDR, Encyclopedia generates a de-
coy for each target in the chromatogram library. The decoy sequences are generated by shuffling
the target sequences and decoy fragmentation is borrowed from the fragmentation pattern observed
in the library. EncyclopeDIA first assigns peaks by calculating a weighted dot product of the in-
tensities in the acquired spectrum and library spectrum. Other feature scores are calculated after
peaks are assigned, including retention time accuracy. Before scoring retention time accuracy, En-
cyclopeDIA uses the chromatogram library retention times to align the wide-window detections.

All the detections in the wide-window acquisitions are aligned to the chromatogram library, which
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is why it is so important to capture accurate retention times when acquiring the narrow-window,
gas phase fractionated reference sample.

This set of target and decoy PSMs, without target-decoy competition, is input to Percolator
(Kaill et al., 2007). The following options are provided to Percolator: “-results-peptides” and
”—decoy-results-peptides” tells Percolator to output peptide-level results to files rather than stan-
dard output; "—subset-max-train 200000 tells it to train on at most 200,00 examples, and ~—post-
processing-mix-max” means that it is not using target-decoy competition but is instead using the

mix-max procedure.

Using chromatogram libraries to quantify peptides.

After peptide detection, peptides are quantified by integrating and summing their fragment ion
chromatograms. In wide-window DIA data, because a range of precursor ions’ fragments are an-
alyzed in the same MS/MS scan, interference in fragment ions is common. When interferences
are included in integrated peak areas, the resulting peptide quantification is inaccurate. Select-
ing fragment ions to use for peptide quantification based on DDA data does not reflect the best,
interference-free fragments seen in DIA data. Therefore, for the same logic behind using DIA
data and chromatogram libraries for optimal peptide detection, using DIA data and chromatogram
libraries is optimal for peptide quantification.

EncyclopeDIA enables peptide quantification from chromatogram libraries, including auto-
mated interference detection to select the optimal fragment ions for quantification. It first calcu-
lates a global interference score for transitions across all wide-window samples in the experiment
and only uses the set of best scoring, interference-free transitions to integrate and sum for pep-
tide quantification. Using this method for automated transition refinement, we see that as more
interference-free fragments are required for quantification, the reproducibility of peptide quantifi-
cation improves. We find that the peak area quantifications for peptides with just one interference-
free transition are extremely variable, with a median coefficient of variation (CV) greater than 50%

(Figure 1.10). When we increase the number of interference-free transitions to a required three,
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Figure 1.10: Peptide quantification is more reproducible with more transitions. Boxplots showing the co-
efficient of variation for HeLa peptides with a given N number of transitions after automated transition
refinement. The median CV for peptides with three transitions is 25%, while 75% of peptides with five
or more transitions have CVs below 20%. Boxes indicate medians and interquartile ranges, and whiskers
indicate 5% and 95% values.
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the peak area CV improves to 25%. Requiring five or more interference-free transitions improves

the peak area CVs to below 20%.

Current limitations of DIA-MS

Many peptides generate the same fragment ions, either due to sequence similarity, or post transla-
tional modifications (PTMs). With DDA, while it is rare that peptides share both fragment ions and
the same precursor mass, certain circumstances, such as PTM-site localization require additional
software and statistics for reliable peptide detection. With DIA this problem is both better and
worse. One major advantage of DIA is that because of the regular fragment ion scanning, is pos-
sible to retention time-align fragment ions to temporally separate similar peptide species (Searle
et al., 2018) (Rosenberger et al. 2017; Meyer et al. 2017). However, unlike DDA, DIA lacks pre-
cursor selectivity and similar peptide sequences can fall in the same precursor isolation window:
for example triply charged HSASQDGQDTIR (438.87 m/z) HSASQEGQDTIR (443.54 m/z) are
both from Human Filaggrin and fall within the same 12 m/z precursor isolation window (436.45
m/z to 448.45 m/z). Here shared fragment ions may indicate the presence of either one or both of
these peptides, and retention time or higher precursor isolation are the only methods to differenti-
ate those outcomes. While the narrow windows in GPF-DIA can somewhat mitigate the effect of
shared fragment ions, care must be taken when reporting peptides with similar sequences to avoid

double counting the same fragment ion evidence.

1.3.3 Statistical analyses for quantitative proteomics.

Whether targeted approaches or data independent approaches are used to generate the quantitative
matrix of peptide peak areas, the subsequent statistical analyses generally fall into several cate-
gories: differential abundance testing to find significantly changing peptides or proteins, biological

inference and visualizations, and finally data sharing for quantitative proteomics.
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Differential abundance testing.

The external tool MSstats (Choi et al., 2014) considers these data properties to calculate the rela-
tive quantification of proteins and peptides. MSstats begins with data processing and visualization
of the identified and quantified spectral peaks. It then performs statistical modeling and inference
using linear mixed models, customized to the method of sample generation and MS acquisition.
Finally, researchers can specify a particular statistical power for their experiment, and MSstats de-
termines the minimal number of replicates required to achieve that statistical power by considering

the dataset as a pilot experiment.

Other external tools are designed for use with specific acquisition methods. For DDA analy-
ses, an MS1 filtering approach through the external tool MS1Probe (Schilling et al., 2012) enables
high throughput statistical quantification of peptide analytes. The external tool QuaSAR (Mani
et al., 2012) produces figures of merit (limit of detection, LOD; limit of quantitation, LOQ) for
statistical characterization of stable isotope dilution MRM-MS assays (SID-MRM-MS) generated
with heavy labeled stable-isotope peptide standards. Within the QuaSAR external tool, AuDIT
(Abbatiello et al., 2009) performs automated filtering of transition validation, improving sensi-
tivity and specificity for peptide quantitation by SID-MRM-MS. For label-free quantitative DIA
analyses, Skyline exported custom reports can be used to optimize fragment selection and detect

interferences using the nonoutlier fragment ion (NOFI) ranking algorithm (Bilbao et al., 2015b).

In addition to the tools described above, Skyline also enables the export of results for analysis in
other software suites. The MPPReport tool, for example, creates a results file designed for import
into Agilent’s Mass Profiler Professional multivariate statistics software package. Researchers can
create their own custom reports with a wide range of values to view, edit, and export. Exported
custom reports enable researchers to perform their own statistical analyses in Excel, R, Matlab,
Java, C++, and other languages, and formats of custom reports can be saved as templates to share

and re-use in future analyses.
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Informatics for biological inference of quantitative MS proteomics data.

The ultimate goal of many MS proteomics experiments is deriving biological information. Towards
this end, researchers have developed several tools to facilitate the visualization and biological im-
portance of peptide and protein measurements. The external tool Protter (Omasits et al., 2013)
combines known annotations of protein structure and function with experimental MS data to give
researchers an interactive visualization of protein topology. Protter is especially powerful for visu-

alization of membrane protein topology.

1.3.4 Data sharing in the quantitative proteomics community

Skyline, being designed for the mass spectrometry proteomics community, is ideal for interlab-
oratory collaborations and experimental results comparisons in a vendor-neutral manner. With
these types of collaborations in mind, the Skyline ecosystem grew to include storage and sharing

applications.

Panorama and CHORUS projects for raw and Skyline file storage and sharing.

Panorama (Sharma et al., 2014), a web-based application for storing, sharing, analyzing and
reusing targeted Skyline assays, allows laboratories to communicate the details for replicating or
reproducing targeted Skyline experiments. To this end, during the development of Panorama, data
integrity, security, and scalability were stressed. Storing Skyline documents in Panorama does not
confer any loss of information and data can be made public or kept private at the discretion of the
researcher.

It is possible to automate entire informatics pipelines, from acquisition to Panorama publishing,
using the command-line version of Skyline, called SkylineRunner. An exemplary case of informat-
ics automation is AutoQC, a completely automated pipeline designed to monitor system suitability
in bottom-up proteomics (Bereman et al., 2016). As a mass spectrometer runs, AutoQC imports
quality control acquisitions into Skyline, extracts multiple identification-free metrics, and uploads

the data to a Panorama Skyline document repository. Users can view system suitability metrics in
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the web-based interface, including Levey-Jennings and Pareto plots.

In addition to the Panorama module, the CHORUS platform was developed to provide storage,
analysis, and sharing function for raw mass spectrometry files with a simple user interface. When
raw data is placed into CHORUS, it is uploaded to the Amazon Web Services (AWS) cloud and
translated into a distributed data structure. By utilizing AWS cloud computing and the unique
distributed file format, accessing DIA data remotely from CHORUS is faster than from the local
hard drive. When researchers wish to request data from the cloud, Skyline requests the extracted
ion chromatograms, CHORUS generates the chromatograms, and then returns a Skyline cache.
In addition to this scalable data access and remote extraction of chromatograms, CHORUS also
provides a browser-based vendor-neutral spectrum and chromatogram viewer, integrated protein
database searching and quantitative analysis tools. CHORUS is intended to facilitate community-

driven mass spectrometry proteomics, and is therefore a not-for-profit public/private partnership.

1.4 ORGANIZATION OF THIS DISSERTATION

In the following chapters, I describe three projects that aimed to address various challenges of
scaling quantitative mass spectrometry experiments.

Chapter 2 describes a mass spectrometry proteomics-specific implementation of single point
calibration with a reference material. While single point calibration is common in many other an-
alytical chemistry fields, its application in mass spectrometry proteomics has fallen out of use in
favor of expensive, experiment-specific internal standards. In Chapter 2, I present the theoretical
and practical use of an external reference material to harmonize quantitative data across experi-
ments, instrument platforms, and laboratories.

Chapter 3 extends the single point calibration approach to multi-point calibration and assessing
analytical figures of merit for mass spectrometry proteomics at any scale. I demonstrate a novel
experimental and computational framework we call matched matrix calibration curves, in which
we dilute the reference material with an equally complex matrix to build a dilution series calibration

curve. Then, a computational model developed to accommodate this new type of calibration curve
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data uses a bilinear model of the data and bootstrapping to calculate a limit of detection (LOD) and
limit of quantitation (LOQ) for every peptide detected in the reference material. In this chapter, I
also illustrate the implications of reporting peptide measurements below the LOQ.

Chapter 4 applies the methods development in the previous two chapters to investigate the
yeast proteome response to genetic and environmental modulators of replicative lifespan. I show
that the protein-level signatures associated with replicative lifespan extension suggest a higher-
level response beyond protein abundances. Lastly, I present closing remarks and future directions

in Chapter 5.
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Chapter 2: CALIBRATION USING A SINGLE-POINT
EXTERNAL REFERENCE MATERIAL
HARMONIZES QUANTITATIVE
MASS SPECTROMETRY PROTEOMICS DATA
BETWEEN PLATFORMS AND LABORATORIES

Chapter 2 is adapted with minimal modification from:

Pino LK, Searle BC, Huang EL, Noble WS, Hoofnagle AN, MacCoss MJ. (2018) Calibration using
a single-point external reference material harmonizes quantitative mass spectrometry
proteomics data between platforms and laboratories. Analytical Chemistry. 90 (21),
13112-13117.

2.1 ABSTRACT

Mass spectrometry (MS) measurements are not inherently calibrated. Researchers use various cal-
ibration methods to assign meaning to arbitrary signal intensities and improve precision. Internal
calibration (IC) methods use internal standards (IS) such as synthesized or recombinant proteins or
peptides to calibrate MS measurements by comparing endogenous analyte signal to the signal from
known IS concentrations spiked into the same sample. However, recent work suggests that using IS
as IC introduces quantitative biases that affect comparison across studies due to the inability of IS
to capture all sources of variation present throughout an MS workflow. Here we describe a single-
point external calibration (EC) strategy to calibrate signal intensity measurements to a common
reference material, placing MS measurements on the same scale and harmonizing signal inten-
sities between instruments, acquisition methods, and sites. We demonstrate data harmonization

between laboratories and methodologies using this generalizable approach.
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Figure 2.1: Calibration aims to place measurements from two different batches onto the same scale. Two
hypothetical sample batches will not have comparable measurements without signal calibration. Whether
batches refer to different physical sample preparations, two LC-MS platforms, or two laboratories, the signal
must first be placed on the same scale.

2.2 INTRODUCTION

To convert signal from any analytical measurement into a more meaningful value, the signal is
calibrated by scaling it relative to a reference standard. The goal of calibration is to put all
measurements on the same scale, regardless of methodology, operator, instrumentation, or lo-
cation (Fig 2.1). The bottom-up liquid chromatography-mass spectrometry (LC-MS) field has
approached the calibration of protein abundance in two ways: either through internal or external

calibration.

Internal standards for MS can be unpaired or paired. Unpaired (also referred to as surrogate)
standards typically consist of an exogenous protein or peptide spiked into the experimental sample
itself, reviewed in greater detail elsewhere (Domon and Aebersold, 2010), while paired standards
typically take the form of isotopically-labeled peptides synthesized with heavy (15N, 13C, 180)

amino acids of the same sequence as the target analyte peptide. Although isotopically-labeled
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synthetic peptides can serve as reasonable internal standards, this method suffers from several lim-
itations. First, such peptides are not good calibrants because they do not necessarily reflect the
level of the undigested protein (Shuford et al., 2017) and because methods for determining the
amount of synthetic peptide in the standard often suffer from poor accuracy and precision (Hoof-
nagle et al., 2015). Second, this approach requires the enormous cost of synthesizing standards for
every target in the experiment. Finally, a recent paper demonstrated lack of harmonized protein
quantification when using stable isotope labeled peptides as internal calibrators (Shuford et al.,
2017). An alternative paired internal reference approach is winged peptides, where the measured
peptide is flanked by some series of amino acids, such that the peptide standard is digested out of
the wings. However, wings do not accurately capture the digestion conditions of the native protein
sequence (Shuford et al., 2017). Beyond winged peptides, researchers also attempt to use intact
proteins as calibrants, but the inability to confirm that the standard protein has the same character-
istics as the native protein (such as folding, PTMs, etc) prevents this approach from being an ideal
calibrant. In addition to protein-level internal standards, a final alternative approach, super-SILAC
(Geiger et al., 2010), pools experimental samples into a single master representative sample. The
super-SILAC mixes can be used as internal standards, where the same master super-SILAC mix
could be spiked into samples across experiments and laboratories as a calibrant. Because a super-
SILAC mix includes all proteins in their endogenous states and respective matrices, this approach
to signal calibration would address many of the abovementioned limitations. Although the super-
SILAC approach is promising, it has not been demonstrated in the years following its proposal.
Additionally, the SILAC method is only applicable to cell culturing experiments and is therefore
limiting in scope. Because these internal standard approaches all suffer from known limitations,
we propose to calibrate protein measurements relative to a common external reference material,

which preserves all matrix and digestion properties of the protein measured.

In contrast to calibration by internal standard reference materials, external standard reference
materials are separate samples whose acquisitions are interspersed among the experimental sample
acquisitions. The external standard reference material is as representative matrix reflective of the

experimental matrix; for example, an experiment measuring analytes in human cell lysates would
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use a pool of human cell culture, or in plasma would use a pool of plasma, or in yeast would
use a bulk culture of yeast. The reference material is prepared alongside experimental samples
in each sample processing batch, capturing all the conditions that the experimental samples expe-
rience from protein extraction, to digestion kinetics, to instrument variation. Using this type of
external calibration approach is common in clinical chemistry, where using a reference material
such as normal human plasma for external calibration of patient samples improves precision and
harmonization of measurements (Agger et al., 2010; Grant and Hoofnagle, 2014; Hoofnagle et al.,
2008; Netzel et al., 2016). Despite these successful implementations of calibration by external
references in clinical MS experiments, the broader MS community, despite advances in label-free

quantification (Cox et al., 2014), has not yet broadly adopted such an approach.

Here, we describe a generalized approach for calibration by external reference to correct for
sample preparation batch variance and instrument-to-instrument variance in not only selected re-
action monitoring/multiple reaction monitoring (SRM/MRM) experiments, but any LC-MS exper-
iment. With this external reference approach, the most robust calibrators and reference materials
will be stable over time — just as with all other reference materials. We demonstrate this approach
in yeast, employing the BY4741 strain as the external reference. The BY4741 strain is particularly
useful as a reference material because the copies per cell for many proteins have been estimated
(Ghaemmaghami et al., 2003), enabling not only harmonization of the MS signal but also conver-

sion of the signal into a biologically meaningful quantity.

2.3 METHODS

Sample preparation The data regenerated in this work used yeast strain BY4741 (MATa his3A1
leu2 A0 met15A0 ura3A0) (Dharmacon) cultured in YEPD to mid log phase, then treated with NaCl
to a final concentration of 0.4M NaCl. Cell pellets were harvested and lysed individually with 8M
urea buffer solution and bead beating (7 cycles of 4 minutes beating with 1 min rest on ice). Cell
lysates were reduced, alkylated, digested for 16 hours, and desalted with a mixed-mode (MCX)

method.
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Selected reaction monitoring mass spectrometry (SRM-MS) Data were acquired using se-
lected reaction monitoring (SRM) on a Proxeon EasyLC coupled to a Thermo Altis triple quadrupole
mass spectrometer. Peptides were separated by reverse phase liquid chromatography using pulled
tip columns created from 75 um inner diameter fused silica capillary (New Objectives, Woburn,
MA) in-house using a laser pulling device and packed with 3 um ReproSil-Pur C18 beads (Dr.
Maisch GmbH, Ammerbuch, Germany) to 30 cm. Trap columns were created from 150 ym inner
diameter fused silica capillary fritted with Kasil on one end and packed with the same C18 beads
to 3 cm. Solvent A was 0.1% formic acid in water (v/v), solvent B was 0.1% formic acid in 80%
acetonitrile (v/v). For each injection, approximately 1 g total protein was loaded and eluted using
a 90-minute gradient from 5 to 40% B in 25 minutes, 40 to 60% B in 5 minutes, followed by a
15-minute wash and then 15 minutes equilibration back to initial conditions. Total analytical run
time was 45 minutes. Thermo RAW files were imported into Skyline (MacLean et al., 2010b)
(Skyline-daily version 4.1.1.18151) for processing and Total Area Fragment results were exported

using a Custom Report.

Data independent acquisition mass spectrometry (DIA-MS) Data were acquired using data-
independent acquisition (DIA) on a Waters NanoAcquity UPLC coupled to a Thermo Q-Exactive
HF orbitrap mass spectrometer. Peptides were separated by reverse phase liquid chromatography
using pulled tip columns created from 75 um inner diameter fused silica capillary (New Objec-
tives, Woburn, MA) in-house using a laser pulling device and packed with 3 um ReproSil-Pur C18
beads (Dr. Maisch GmbH, Ammerbuch, Germany) to 30 cm. Trap columns were created from 150
pum inner diameter fused silica capillary fritted with Kasil on one end and packed with the same
C18 beads to 3 cm. Solvent A was 0.1% formic acid in water (v/v), solvent B was 0.1% formic
acid in 98% acetonitrile (v/v). For each injection, approximately 1 g total protein was loaded and
eluted using a 90-minute separating gradient starting at 5 and increasing to 35% B, followed by
a 40-minute wash and equilibration (total 130 minute method). DIA methods followed the chro-
matogram library workflow, described in greater detail elsewhere (Searle et al., 2018). Briefly, the

untreated (reference) samples and osmotic shocked peptide samples were pooled 1:0.33:0.33:0.33
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to create a library sample, and a Thermo Q-Exactive HF was configured to acquire six gas phase
fractions, each with 4 m/z DIA spectra using an overlapping window pattern from narrow mass
ranges. For quantitative samples, the Thermo Q-Exactive HF was configured to acquire 25x 24
m/z DIA spectra using an overlapping window pattern from 388.43 to 1012.70 m/z. The specific
windowing schemes for both the chromatogram library construction and quantitative experiments
are described in Supplemental Table 1. All DIA spectra were programmed with a normalized
collision energy of 27 and an assumed charge state of +2.

Thermo RAW files were converted to .mzML format using the ProteoWizard package (version
3.0.10106), where they were centroided using vendor provided file reading libraries. Converted
acquisition files were processed using EncyclopeDIA (version 0.7.0) configured with default set-
tings (10 ppm precursor and fragment tolerances, considering only Y ions, and trypsin digestion
was assumed). EncyclopeDIA features were submitted to Percolator (version 3.1) for validation at

1% FDR.

Data Analysis All raw data is publicly available on Panorama Public (https://panoramaweb.
org/singlepointcal.url, individual file descriptions provided in Supplemental Table 3, Pro-
teomeXchange ID PXD011297) along with Skyline documents for the SRM and DIA experiments
performed in this work. Additionally, the processed quantitative data from this work is avail-
able in Supplemental Table 2. A Skyline-based tutorial for applying the method described in this
work is provided along with open source code in the form of an annotated Python notebook (Ap-

pendix B.2).

2.4 CALIBRATION TO AN EXTERNAL REFERENCE SAMPLE

The process of calibrating to an external reference material is straightforward (Figure 2.2). The

percent change of an experimental sample (E) relative to the reference material (C) is calculated

from the peak area (A) of a given peptide as

AEg —AC

—— X
c

Rap—a- = 100 2.1
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Figure 2.2: Schema for calibration by global reference and by working reference. (a) Signal from samples
collected at one site (experimental, E4; local reference, C}; global reference, C4) are on a different scale
compared to those collected at another site (experimental, Ep; local reference, Cj; global reference, Cp). (b)
To harmonize the signals, we set a common scale relative to the global reference material C4 and Cg). While
the signal may not be measured on the same absolute scale (see panel a), as long as these reference materials
are the same sample they should represent the same quantity. (c¢) Signals measured for batch A and batch B
are calibrated by reporting their signal relative to the reference material signal. In cases necessitating a local
working reference material (C’), experimental samples can be calibrated to their respective local working
reference, then secondarily calibrated to the global reference.
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where the relative change (Ra,—4.) is analogous to the delta notation used in isotopic compo-
sition chemistry (Craig, 1961a,b) but expressed as a percentage (%) instead of per mille (%o). To
illustrate, consider a peptide with the same abundance (peak area) in the experimental and reference

material. In this case, the R value is 0%:

RAE—AC = x 100 = 0%

In an alternate example, where the peptide is 2x more abundant in the experimental sample

than the reference sample, the R value reflects that the abundance of the peptide in the experimental

sample is twice (100% change) the abundance of the peptide in the reference material:

2—-1
Rap—ac = 1 x 100 = 100%

We note that R values are in the form of a percent relative to the reference but can also be
converted to more meaningful units when those values are known in the reference material. As-
suming that mass spectrometry response and analyte abundance are linear, if we quantify the an-
alyte through any other method besides mass spectrometry, we can equate the unitage of the new
method to the mass spectrometry signal. Converting the relative mass spectrometry signal from
a percentage of the reference material to a relevant unitage such as concentrations (e.g. fmol/ul,
ug/mL) makes interpretation of the measured values easier across different scientific fields and
also enables transfer of the measurements between different lots or batches of reference material.
To illustrate this point using our example in yeast, Ghaemmaghami e? al quantified the molecules-
per-cell abundance of nearly all proteins expressed in the yeast strain BY4741 under laboratory
standard conditions (YEPD media, 37C incubation, mid-log growth phase) using a TAP-tag and
quantitative Western blot approach. In expressing our measured mass spectrometry signals relative
to the same reference material (BY4741 grown in laboratory standard conditions), we can asso-
ciate the R of a reference material signal from a given protein to itself with a multiplier M from
Ghaemmaghami et al.

Rac—ac = % X Mc=Mc
To demonstrate, consider the example above where the abundance of a peptide in the experi-

mental sample is twice (100% change) the abundance of a peptide in the reference material, and



51

assume the peptide is unique to its protein of origin. Using the Ghaemmaghami et al molecules-
per-cell multiplier for that protein in the BY4741 reference material, the equation becomes

2
RAE*AC = T XMC = 2MC

where the 100% increase is now converted to the units held by M. We imagine a reference ma-
terial may have a multiplier based on any quantitative assay, including enzyme-linked immunosor-
bent assay (ELISA), GFP-tagged fluorescence, or protein-specific colorimetric assays, if that assay
and the MS assay is performed on the same reference material. However, we note that using a
multiplier is not required for single-point calibration by an external reference material as we de-
scribe here, because the purpose of the calibration is to place experimental measures relative to a
reference material which is reported in the R value.

In the above scenarios, the reference material is the same for all experimental samples. How-
ever, we can imagine situations where this is not practical, for example, when experimental samples
must be batched or where experimental samples are acquired longitudinally. In these situations, we
introduce a local working reference material (C'). Here, three steps are required: 1) the peak area
of a given peptide measured in an experimental sample in one batch is calibrated to its respective
working reference material; 2) the experimental samples in another batch are calibrated to their re-
spective working reference material; and 3) the working reference materials in turn are calibrated
to each other through the global master reference (C) (Thienpont et al., 2002). In this scenario, the

peak area of a given peptide measured in one experimental sample can be expressed as
RAE*AC = RAE*AC/ X RAC/*AC x 100 2.2)

in which the peak area for a given peptide in the experimental sample relative to the master
sample is a value equivalent to the multiplication of the experimental standard relative to the work-
ing standard and the working standard relative to the master standard. To demonstrate, assume an
experiment in which the abundance of measurand in the local working reference (A¢) is 3-fold
greater than that in the global master reference (A¢), e.g. Ra,—a. = 3, and assume that the abun-

dance of measurand in the experimental sample (Ag) is 3-fold greater than that in the local working
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reference, e.g2. Ry, AL = 3. Using these values and the equation above,
Raz—a- =3 x3 %100 =900%

we find that the experimental measurand, relative to the global master reference, is 900% more

abundant.

2.5 APPLICATION OF SINGLE POINT CALIBRATION TO HARMONIZE DATA
ACROSS MS EXPERIMENTS, PLATFORMS, AND LABORATORIES.

To demonstrate the proposed single-point calibration approach, we reproduced a portion of an
osmotic shock experiment described by Selevsek et al (Selevsek et al., 2015), in which cultures
of S. cerevisiae strain BY4741 were grown unperturbed in YEPD media or shocked with 0.4M
NaCl. We evaluated the MS signal of proteins under osmotic shock with and without calibration
to the reference material (unperturbed BY4741). First, we compared the effect of calibration on
measurements made from identical biological samples prepared on different days by the same
operator at the same site using the same instrument and acquisition method (Figure 2.3a). Because
these two samples were highly comparable (same operator, same site, same instrument), we should
not expect to see dramatically uncorrelated values, and indeed the raw signal shows improved
agreement between days without calibration to the reference material. Applying calibration to the
reference material in this case does not improve the agreement between the two samples but does
assign biologically meaningful units (protein copies per cell) to the measurements (Figure 2.3b).
Based on the precursors detected in these DIA datasets, we developed a targeted SRM method
on a Thermo Altis triple quadrupole. We picked targets that spanned a range of signal response on
the QEHF. We measured the two sample processing replicates using this scheduled SRM method
and observe the same high agreement in both uncalibrated signals and calibrated signals that we
see in measuring the two sample processing replicates by DIA ((Figure 2.4a, (Figure 2.4b))). Be-
cause these measurements were made in the same laboratory using the same method, the same
chromatography column, the same instrument and the samples were acquired consecutively within

11 hours of each other to minimize instrument performance variability, we might expect that the
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Figure 2.3: External reference calibration harmonizes quantification across MS methods and laboratories.
(a,c,e,g,i) Uncalibrated peak areas (logl0) of shared precursors from between paired data sets are plot-
ted across sites (Site A, this work; Site B, Selevsek et al), and methodologies (DIA/SWATH and SRM).
The bias of trends across MS methods reflects systematic differences in data acquisition and instrument
platforms, as all data was bioinformatically processed using the same Skyline-based method. (b,d,f,h,j) Ap-
plication of single-point external reference calibration and the biological unit multiplier (Ghaemmaghami
et al., 2003) harmonizes the majority of quantitative values and converts area ratios to meaningful units
(protein molecules per cell).
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Figure 2.4: Additional examples of external reference calibration harmonizing quantification measurements
between methods and laboratory sites. As in Figure 2.3, the inequality of quantifications before calibration
reflect differences in the instruments and in laboratories, as all data was bioinformatically processed using
the same Skyline-based method. Application of single-point external reference calibration and the biological
unit multiplier9 harmonizes the values, bringing them to the line of equality. (a, b) The sample preparation
replicates 1 and 2 were measured by SRM at site A (SRM A-1 and SRM A-2) and the values show high
correlation due to being measured on the same instrument platform at the same laboratory. (c, d) The SRM
values for peptides measured by both site A (SRM-A) and by Selevsek et al (site B; SRM-B) are compared,
and show greater harmonization after single-point calibration. (e, f) The complementary comparison to
Figure 2.3i, Figure 2.3j shows the comparison of the sitt B SWATH measurements with the site A SRM

measurements.

SWATH
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Figure 2.5: Calibration moves signal responses closer to the desired line of equality. For each pair of
data sets compared in Figure 2, the perpendicular distance from each of the points to the line of equality
was calculated. Points closer to the line of equality have smaller perpendicular offsets, points farther from
the line of equality have larger perpendicular offsets. The mean perpendicular offset for uncalibrated points
(red) is compared to the mean perpendicular offsets for calibrated points (green) for each of the comparisons,
along with the standard deviation (error bars). In most cases, calibrated values have smaller perpendicular
offsets than uncalibrated values, indicating the calibration places data points on the same scale.

signals would be highly correlated even without calibration of each batch.

Next, we compared the signal from our DIA method on a Thermo Q Exactive-HF to the signal
from the SRM method on a Thermo Altis triple quadrupole. The uncalibrated Orbitrap and triple
quadrupole signals roughly follow the same trend, as might be expected from identical samples
collected on two LC-MS systems, but they also show a distinct bias away from the y = x line
of equality because the raw signal from the Orbitrap is higher than from the triple quadrupole
(Figure 2.3c). After calibrating the osmotic shock signal to the reference material, we see the

measurements falling tightly along the line of equality, indicating improved harmonization of the
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signals (Figure 2.3d). The amount of improvement is quantified by calculating the perpendicular
offset, which is the distance of a point to the line. The mean perpendicular offset drops from 0.5
to nearly zero by applying single-point calibration to the reference material (Figure 2.5). There
are three notable outliers falling to the right of the y = x line. Closer inspection reveals that these
points are from low abundance peptides, where the signal is made irreproducible by interference
(data not shown).

We assessed the agreement of quantitative measurements made on different instruments using
different acquisition strategies (e.g. the Selevsek et al SWATH-MS experiments versus Selevsek
et al SRM-MS experiments). Of note, although the 100 precursors targeted for SRM-MS were
selected from detections and transitions derived from the SWATH-MS data, only 69 precursors
had finite calibrated values to compare between the two. We found that although both platforms
reported linear trends, the magnitude of the platforms’ signals correlated poorly (Figure 2.3e). Ap-
plying single-point calibration improved this agreement (Figure 2.3f), harmonizing the difference
in signal intensities between the two platforms.

We then compared the agreement of quantitative measurements made from samples prepared
by different operators on different instruments using the same acquisition style but different imple-
mentations (e.g. the Selevsek et al SWATH-MS experiments performed on a Sciex 5600 tripleTOF
versus our DIA-MS experiments performed on a Thermo Q Exactive HF). Although we refer to
these two methods as SWATH and DIA, the methodological details of the two approaches are
very similar (see Experimental Section and Supplemental Table 1). We found that 9932 shared
precursors were measured with non-zero values between the two methods. The uncalibrated mea-
surements of these 9932 precursors correlate poorly to each other and do not follow a y = x line
of equality (Figure 2.3g). However, applying calibration using the reference materials improves
agreement of the measurements from a mean perpendicular offset of 3.3 uncalibrated to an offset
of 0.1 offset across sample preparations, operators, and instruments in these two studies ((Fig-
ure 2.3h), Figure 2.5). We calculated the Pearson product-moment correlation coefficient between
the uncalibrated data and between the calibrated data. The uncalibrated DIA v SWATH correla-

tion coefficient is 0.63, while the calibrated DIA v SWATH correlation coefficient is 0.92. For
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context, the correlation coefficient between the uncalibrated DIA-1 v DIA-2 data is 0.92, while
the calibrated DIA-1 v DIA-2 correlation coefficient is 0.87. The improved correlation coefficient
between DIA v SWATH data suggests that single-point calibration normalizes for experimental
variations which may not affect all peptides in a systematic manner.

In addition to the global DIA and SWATH comparison, we compared targeted SRM methods
between the two laboratory sites. Because we built our SRM method from our DIA detections,
and Site B built their SRM method from their SWATH detections, many of the precursors were not
shared. Of the 11 precursors shared in the two SRM methods, we see a dramatic improvement in
data harmonization by applying single-point calibration (Figure 2.4c, Figure 2.4d).

Finally, we compared the quantitative measurements made at the different sites using different
acquisition strategies on different instruments (e.g. the Selevesek et al SRM-MS experiments
versus our DIA-MS work experiments). Of the 100 Selevsek ef al SRM targeted peptides, 40 were
also detected and measured by our DIA work. Similar to the poor agreement between different
acquisition strategies on different instruments at the same site, we expected to see poor agreement
when we looked between different sites (Figure 2.31). We find that calibrating the measurements
improved agreement slightly, and greatly improved the accuracy of the model (Figure 2.3j). The
complementary comparison between the Selevsek et al targeted SRM experiment and our global
DIA experiment was also performed (e.g. Selevsek et al global SWATH experiment compared to

our SRM experiment) with similar improvements to data harmonization (Figure 2.4e, (Figure 2.4f).

2.6 CONCLUSIONS

In summary, our analyses demonstrate that calibrating to an external reference material improves
the harmonization of quantitative LC-MS proteomics data. The single point calibration method, il-
lustrated here in yeast, is generalizable to any proteomics experiment and is universally applicable
across acquisition methods. To extrapolate from the various examples we show here, this approach
is especially useful for longitudinal studies where samples are collected over extended time frames,

consortium projects spanning multiple laboratories, and large scale projects employing multiple in-
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struments. We note that while removing internal standards from an experiment increases variance
in instrument response, employing an external reference approach does not preclude the use of
internal standards. Neither approach is perfect, and in the most ideal metrological scenario, the
external reference approach illustrated here could be used together with internal standards. These
approaches to ensure accurate and precise measurements come at the experimental cost of an ad-
ditional sample acquisition (in the case of external reference calibration) or additional transitions
monitored by the method (in the case of internal standards).

Following other analytical fields such as isotope ratio mass spectrometry (Craig, 1961b), the
proposed external reference material is a homogenous pool of unprocessed material. We propose
that one aliquot of this unprocessed material could be measured by another assay, and those mea-
sured values used as a multiplier commutable to all the other aliquots. We emphasize that the
reference material is a predefined standard appropriate for the experimental system. Here, for
yeast, we chose a reference material (pellets of BY4741 strain yeast grown under the same condi-
tions as Ghaemmaghami et al) with a useful unitage (protein copies-per-cell) established by TAP-
and GFP-tagging methods described in the same work by Ghaemmaghami et al.

For all experiments, single-point calibration by external reference improves data harmoniza-
tion the most when exact physical samples serve as global reference materials, suggesting that
laboratories should preserve aliquots of their local working reference materials for future calibra-
tion to global reference materials such as the NIST yeast standard or commercially available pooled
biofluid products like plasma or CSF (Grant and Hoofnagle, 2014). Even in the absence of an exact
global reference, we harmonized LC-MS data by using a thoroughly described reference material
and following well described procedures to approximate the previous local reference. Going for-
ward, we propose that LC-MS experimental design should include the selection of an appropriate

reference material to support data harmonization.
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Chapter 3: MATCHED MATRIX CALIBRATION CURVES
FOR ASSESSING ANALYTICAL FIGURES OF MERIT
IN QUANTITATIVE PROTEOMICS

This chapter is adapted with minimal modification from:

Pino LK, Searle BC, Yang HY, Hoofnagle AN, Noble WS, MacCoss MJ. (2019) Matrix-matched
calibration curves for assessing analytical figures of merit in quantitative proteomics.
bioRxiv https://doi.org/10.1101/719179

3.1 ABSTRACT

Mass spectrometry has become an increasingly powerful tool for the quantification of protein abun-
dances in complex samples. Advances in sample preparation and development of the data inde-
pendent acquisition (DIA) mass spectrometry approaches have increased the number of peptides
and proteins measured between samples. However, methods to assess quantitative figures of merit
(i.e. limit of quantification, LOQ) are not easily extended to multiplex assays with hundreds or
thousands of analytes. Here we present a general framework for assessing the quantitative accu-
racy of peptide measurements by mass spectrometry. In a study of the yeast proteome, only 52%
of detected proteins (41% of detected peptides) have a peptide that is above the limit of quantifi-
cation in an unfractionated reference. A similar trend was observed in human cerebrospinal fluid,
suggesting that this observation is not sample specific. Our results demonstrate that increasing the
number of detected peptides and proteins does not necessarily result in an increase in the number
of quantitative peptides or proteins. Our framework provides a method for assessing confident

quantitative proteomics figures of merit at scale.
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3.2 INTRODUCTION

Mass spectrometry based proteomics has made great progress and is being used to address essential
questions in basic biology and of biomedical significance. Of particular interest, the development
of data independent acquisition mass spectrometry (DIA-MS) has made it possible to measure
tens of thousands of peptides in a protein digest in 1-2 hours of instrument time. The sampling
of tandem mass spectra in DIA-MS is unbiased (Ting et al., 2017) and systematic (Collins et al.,
2017), in principle making it an appealing compromise between a narrowly focused targeted data
acquisition strategy (noa, 2013) and an irregularly sampled discovery method. Although fully
targeted proteomics assays often include validation experiments to assess whether the change in
measured signal is reflective of the actual change in peptide abundance, proteomics assays mea-
suring thousands of analytes in an unbiased fashion rarely assess which peptide measurements are

truly quantitative.

A measurement is quantitative when the change in measured signal reflects a change in the
quantity of the analyte (Nic et al., 2009). Specifically in mass spectrometry proteomics, for a
method to be considered quantitative the relationship between the measured signal and the peptide
quantity must be assessed. This assessment uses a calibration curve, where the analyte is diluted
systematically to demonstrate that the measured signal is precise and above the lower limit of
quantitation (LLOQ), the quantity below which a change in signal no longer reflects a change in
quantity. Because liquid chromatography-tandem mass spectrometry is subject to matrix effects,
calibration curves must be constructed in a relevant sample matrix. For endogenous compounds
like peptides that are present in the sample matrix, assessment is frequently performed with reverse
calibration curves, where a heavy isotope-labeled synthetic version of the analyte is diluted in the
sample matrix (Abbatiello et al., 2015; Lynch, 2016). Although a signal measured below the
LLOQ may still be used to assess a difference between two conditions, when compared to a signal
above the LLOQ, the magnitude of the difference in signal is not reflective of the true difference
in analyte quantity. In some papers, this phenomenon has been referred to as ratio compression

(Venable et al., 2004). Thus, unless the relationship between the quantity and signal for each
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analyte is documented, mass spectrometry measurements should be considered only differential
rather than quantitative. In targeted proteomics studies, reverse calibration curves of increasing
concentrations of stable isotope-labeled internal standard peptides can be used to approximate the
LLOQ and precision of unlabeled peptide responses. However large-scale studies on the order of
1,000’s to 10,000’s of peptides like most DIA/SWATH-MS experiments do not evaluate peptide
response. Calibration curves for up to 30 stable isotope-labeled internal standard peptides have
been collected using DIA/SWATH-MS methods (Galitzine et al., 2018), but it is cost-prohibitive to
synthesize stable isotope-labeled peptides for the number of targets detected in DIA. In this work,
we propose a framework for discriminating between peptides that are only detectable and those
which are both detectable and quantitative in a mass spectrometry experiment. We introduce an

alternative to reverse calibration curves called matrix-matched calibration curves.

3.3 METHODS

3.3.1 Sample preparation and mass spectrometry data acquisition.

Yeast culture and sample preparation. Yeast strains BY4741 (MATa his3A1 leu2A0 met15A0
ura3A0) and S288C (MAT ) (Dharmacon) were cultured in YEPD and !N minimal media, re-
spectively, for matched matrix calibration curve experiments. Cultures of 50 mL were grown to
mid-log phase, harvested, and lysed individually with 8M urea buffer solution and bead beating (7
cycles of 4 minutes beating with 1 min rest on ice). Cell lysates were reduced with SmM DTT,
alkylated with 15mM IAA, and digested for 16 hours with 1:50 trypsin to protein. The peptide
digests were desalted with a mixed-mode (MCX) method, dried down via speedvac overnight, and
brought up with synthetic iRT peptide standards (Pierce Peptide Retention Time Calibration Mix-
ture) to 1ug/ul total proteome using calculations from a bicinchoninic acid (BCA) assay (Pierce

BCA Protein Assay Kit) performed on the lysate.

Cerebrospinal fluid sample preparation. Pooled human cerebrospinal fluid (CSF) from healthy

donors was purchased from Golden West Biologicals. CSF was denatured with 0.2% PPS Silent
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Surfactant, reduced with SmM DTT, alkylated with 15mM IAA, and digested for 16 hours with
1:25 trypsin to protein. The peptide digest were desalted with a mixed-mode (MCX) method,
the desalted peptides split into two aliquots, and each aliquot dried down via speedvac overnight.
24 hours prior to MS acquisition, one dried aliquot was resuspended in 0.05ug/uL trypsin in
180-enriched water (purchased from Cambridge Isotope Laboratories, Inc.) following a standard
180-labeling protocol (Petritis et al., 2009), the other was resuspended in 0.05ug/uL trypsin in
conventional molecular-grade water. The digest incubated overnight then was quenched with SmM

DTT, cooled to room temperature, and acidified with formic acid.

Formalin-Fixed Paraffin-Embedded (FFPE) sample preparation. Pooled human plasma (75ug/ul;
Na-Citrate, Cat 7303806, Unit 23-45456A) were diluted with DPBS (Life technologies, 14190-

144) to make a plasma dilution series with 13 different concentrations. The 30ul of human plasma

or blank samples was well mixed with 80ul homogenized chicken liver in an open-ended syringe
(company name and size). Each concentration mixture was quickly mixed with 20011 20% forma-

lin and followed by 90ul 1% agarose. The syringe was then sealed and left on the bench overnight

at room temperature to allow protein-liver mixture form a gel-like structure. Each resulting prod-

uct was then pushed out from syringe gently and placed into a tissue cassette for standard paraffin
embedding procedure.

Six of 10um-thick tissue slides were obtained from each protein-chicken liver block, and
then deparaffined. Proteins on the deparaffinized tissue slides were re-solubilized in 60ul 0.1%
RapiGest buffer by undergoing high heat and sonication cycles. Reconstituted protein mixture was
reduced, alkylated and digested with 5 ul trypsin overnight. The protein digests were stored in -80

C until the day of analysis.

Liquid chromatography mass spectrometry. Peptides were separated by liquid chromatogra-
phy before analysis by mass spectrometry, either with a Waters NanoAcquity UPLC for yeast and
human CSF DIA experiments or a Thermo easy-nanoL.C for FFPE tissue block SRM experiments.

On all systems, peptides were separated by reverse phase liquid chromatography using pulled tip
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columns created from 75 pum inner diameter fused silica capillary (New Objectives, Woburn, MA)
in-house using a laser pulling device and packed with 3 um ReproSil-Pur C18 beads (Dr. Maisch
GmbH, Ammerbuch, Germany) to 30 cm. Trap columns were created from 150 um inner diameter
fused silica capillary fritted with Kasil on one end and packed with the same C18 beads to 3 cm.

4N BY4741 yeast proteome separation on Waters NanoAcquity UPLC. Solvent A was 0.1%
formic acid in water (v/v), solvent B was 0.1% formic acid in 98% acetonitrile (v/v). For each
injection, approximately 1 ug total protein was loaded and eluted using a 90-minute gradient from
5 to 35% B, followed by a 40 minute wash and equilibration (35 to 60% B for 10 minutes, 60 to
95% B for 5 minute, 95% B for 5 minutes, 95 to 2% B for 1 minute, 2% B for 19 minute).

160 human CSF proteome separation on Waters NanoAcquity UPLC. Solvent A was 0.1%
formic acid in water (v/v), solvent B was 0.1% formic acid in 98% acetonitrile (v/v). For each
injection, approximately 1 ug total protein was loaded and eluted using 60-minute gradient from
5 to 35% B, followed by a 40 minute wash and equilibration (35 to 60% B for 10 minutes, 60 to
95% B for 5 minute, 95% B for 5 minutes, 95 to 2% B for 1 minute, 2% B for 19 minute).

FPE tissue block proteome separation on Thermo easy-nanoLC. Solvent A was 0.1% formic
acid in water (v/v), solvent B was 0.1% formic acid in 98% acetonitrile (v/v). For each injection,
approximately 1 g total protein was loaded and eluted using a 30-minute gradient from 0 to 40%
B, followed by a 18 minute wash and equilibration (40 to 60% B for 5 minutes, 60% B for 5
minutes, 60 to 100% B for 1 minute, 100% B for 5 minutes, 100 to 0% B for 1 minute, 0% B for 1

minute).

Data independent acquisition mass spectrometry (DIA-MS). Yeast curve data were acquired
using data-independent acquisition (DIA) method on a Thermo Q-Exactive HF Orbitrap mass spec-
trometer. Human CSF curve data were acquired using an equivalent DIA method on a Thermo
Lumos mass spectrometer. Both DIA methods followed the chromatogram library workflow, de-
scribed in greater detail elsewhere (Searle et al., 2018). Briefly, to create the chromatogram library,
the mass spectrometer was configured to acquire six gas phase fractions of the undiluted reference

proteome for each curve (e.g. '*N BY4741 yeast proteome, '°0 human CSF).
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Thermo Q-Exactive HF Orbitrap method details. Mass range of 388.43190-1,012.70480 m/z
was monitored in the yeast experiments. The chromatogram library, gas-phase fractionated “nar-
row window” Thermo QEHF method details were as follows: 4 m/z overlapped windows (effec-
tively 2 m/z isolation), 30k resolution, 55 maximum ion inject time, 1e6 AGC. The quantitative,
single-shot “wide window” Thermo QEHF method details were as follows: 24 m/z overlapped
windows (effectively 6 m/z isolation), 30k resolution, 55 maximum ion inject time, 1e6 AGC. All
DIA spectra were programmed with a normalized collision energy of 27 and an assumed charge

state of +2.

Thermo Lumos method details. Mass range of 394.4319 - 1,006.704807 m/z was monitored in
the CSF experiments. The chromatogram library, gas-phase fractionated narrow window Thermo
Lumos method details were as follows: 4 m/z overlapped windows (effectively 2 m/z isolation),
30k resolution, 60 maximum ion inject time, 4e5 AGC. The quantitative, single-shot wide window
Thermo Lumos method details were as follows: 12 m/z overlapped windows (effectively 6 m/z iso-
lation), 15k resolution, 20 maximum ion inject tiem, 4e5 AGC. All DIA spectra were programmed

with a normalized collision energy of 33%.

Thermo RAW files were converted to .mzML format using the ProteoWizard package (version
3.0.10106), where they were peak picked using vendor libraries. Converted acquisition files were
processed using EncyclopeDIA (version 0.8.0) configured with default settings (10 ppm precur-
sor, fragment, and library tolerances, considering both B and Y ions, and trypsin digestion was

assumed). EncyclopeDIA was configured to use Percolator (version 3.1).

Selected reaction monitoring mass spectrometry (SRM-MS). FFPE tissue block curve data
were acquired using a targeted SRM-MS method on a Thermo TSQ Quantiva triple quadrupole
mass spectrometer. The target list was developed based on clinical relevance to amyloidosis. In-
strument details were as follows: dwell time 2ms, Q1 resolution set to 0.7 FWHM, Q3 resolution

set to 0.7 FWHM, CID gas set to 1.5 mTorr.
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Data availability. The RAW files, converted MZML files, Encyclopedia elib files, and Skyline
documents have been deposited in ProteomeXChange Consortium (?) via the Panorama (Sharma
et al., 2014) partner repository with the identifiers PXD014815 (ProteomeXchange) and https:

//panoramaweb.org/matrix-matched_calcurves.url (Panorama).

3.3.2  Constructing a serial dilution standard curve using the matched matrix calibration curve

approach.

The curves used in this work followed Clinical and Laboratory Standards Institute (CLSI) rec-
ommendations (Lynch, 2016). Specifically, the CLSI recommends calibration curves for LC-MS
assays are composed of at minimum a blank (a sample containing matrix only) and six to eight
calibration standards, with the calibration standards commonly spaced logarithmically across sev-
eral orders of magnitude. Our yeast dilution series is composed of 13 calibration points and a
blank consisting of the matched matrix alone (Figure 3.1, Table 3.1). It is also recommended that
calibration curves not be composed of one continuous serial dilution, because this can propagate
pipetting errors throughout the curve. We therefore constructed these yeast calibration curves as a
set of five serial dilutions, with each of points A, B, C, D, and E mixed individually from reference
and matched matrix materials, then subsequent points are dilutions of those original five (F is a
dilution of B, G is a dilution of C, H is a dilution of D, I is a dilution of E; then J is a dilution of
F, K is a dilution of G, L is a dilution of H, and M is a dilution of I). If pipetting error occurred in

one of the dilutions, it would appear as an outlying point in the final calibration curve.

For the cerebrospinal fluid curves, we followed the same fractional dilution scheme as above,
but did not include points K, L, and M due to limited availability of the matched matrix material

(80 enriched CSF).

For the FFPE tissue block proof of concept, we created concentration points of human plasma
by diluting healthy donor pooled plasma into PBS, then mixing an equal volume of each plasma
dilution with liver homogenate using an open-end 2ml syringe (Table 3.2). Each concentration

point-spiked liver homogenate sample was then formalin fixed and paraffin embedded into individ-
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Figure 3.1: Three methods for constructing matched matrix calibration curves from a reference proteome.
(a) All matched matrix calibration curves are constructed from a reference proteome and a background pro-
teome. The reference proteome is diluted into a background proteome spanning several orders of magnitude
in ratio. (b) Cell lysates can be matrix-matched by culturing the cells in a stable isotope media, such as N
or SILAC, in order to shift m/z of the background matrix. (c) Biofluids such as cerebrospinal fluid or plasma
can me matrix-matched by incorporating '30 into peptides via trypsin incubation in '®O-enriched water. (d)
Tissues or other biological samples requiring sensitive preparation protocols can be matrix-matched using
an y-diverged species, ensuring that the matrix is similarly complex but contains no homologous analytes.
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Yeast reference Yeast matched matrix

Point
(fractional dilution) (fractional dilution)

A 1 0

B 0.7 0.3

CcC 05 0.5

D 03 0.7

E 0.1 0.9

F  0.07 0.93
G 005 0.95
H 0.03 0.97
I 0.01 0.99
J 0.007 0.993
K  0.005 0.995
L  0.003 0.997
M  0.001 0.999
N O 1

Table 3.1: Dilution series for the yeast matched matrix calibration curves. Using a fractional dilution
scheme, the reference material is diluted with the matched matrix to create a dilution series. In this 14-
point design, the calibration standards span three orders of magnitude of the reference material and include
a blank with only the matched matrix.
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Point Plasma PBS
(fractional dilution) (fractional dilution)
A 1 0
B 0.5 0.5
C 025 0.75
E 0.1 0.9
F 0.05 0.95
G 0.025 0.975
I 0.01 0.99
J 0.005 0.995
K  0.0025 0.9975
L  0.00125 0.99875
M  0.001 0.999
O 0 1

Table 3.2: Dilution series for the FFPE tissue block matched matrix calibration curves. Using a fractional
dilution scheme, healthy donor plasma (reference) is diluted with PBS to create a dilution series. An equal
volume of each calibration point was then mixed with a homogenate of chicken liver and prepared as indi-
vidual FFPE tissue blocks.
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ual tissue blocks. Tissue blocks were scraped and prepared for analysis by mass spectrometry as

described above.

3.3.3 A piecewise linear model to fit sparse, label-free LC-MS calibration curves.

We developed a model to fit the data produced by the matched matrix calibration curve method.
The model is an extension of the work described previously by Galitizine et al (Galitzine et al.,

2018). Below, we briefly summarize the main steps of the model then discuss each step in detail.

Algorithm 1 Model for determining LOD and LOQ from matched matrix calibration curves
Input: x curve points, y measured signals.

1: Fit piecewise regression (parameters b,,, by, my)

2: Find intersection of piecewise components (P, = b”T_Sbs)
3: Calculate standard deviation of noise segment (0y, )

4 Calculate LOD (LOD = %n=0)

5: Uniformly discretize 100 bins of x; from the range LOD < Xy«
6: forito N do

7: Resample n = x data points from x,y with replacement
8: Fit piecewise regression to the resampled points
9: For each x; predict y; using the regression parameters
10: For each x; calculate CV), = %
11: end for

12: Calculate LOQ (LOQ = min(x;) for which CV, <0.2)

First, the model assumes two segments are present in the calibration curve: a noise segment
where the measured signal y, (reported as intensity, peak area, estimated concentration, etc) does
not exceed background noise and a signal segment where the measured signal y, is within the linear

range for the analyte. Formally, we express this model in Equation 3.1 as
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Yn =by x < LOD
fx) = 3.1)

Vs = mgX + by x> LOD
where x is the experimentally constructed analyte dilution values given by concentration, copies-
per-cell, fractional dilution, etc. We use weighted least squares to minimize the function (Imfit

package version X.x) using as weights the inverse square root of the curve points, and we constrain

the parameters (b,, by, my) following (Equation 3.2)

mg >0

by > b, (3.2)
b,>0

With these constraints, we enforce that the signal segment must have a positive, nonzero slope,
and we enforce that the intersection of the noise and the signal segments must be positive.

To determine the standard deviation associated with the noise segment, we calculate the empir-
ical standard deviation of all y, values associated with the noise segment. The y, values are those

where the corresponding x,, values are less than the intersection Py of the noise and linear segments.

P, = (3.3)

Thus, we compute the empirical standard deviation oy, in y, for all points for which x < P.
Next we determine the figures of merit: limit of detection (LOD) and limit of quantitation
(LOQ). We define the limit of detection (LOD) as the x for which the corresponding signal y is one

standard deviation (o) above the noise segment,

nig

LOD (3.4)

The limit of quantitation (LOQ; also referred to as the Lower Limit of the Measuring Interval
(LLMD)) is defined by the Clinical and Laboratory Standards Institute (Lynch, 2016) as “the low-

est measurand concentration at which all defined performance characteristics of the measurement
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procedure are met.” The performance characteristics we choose to define are the lowest analyte
concentration which (1) is above the LOD and (2) achieves a coefficient of variation (CV) less than
a threshold 7 selected by a researcher (default is a 20% CV, 7 = 0.2). To determine the value x
which meets these two criteria, we first uniformly discretize the range of x above the LOD into
100 bins (x;), for which we will calculate 100 predicted y; by bootstrapping. Then we calculate the

standard deviation and mean in the 100 predicted y; for each x;.

For bootstrapping, we resample the entire dataset with replacement N times (default N = 100).
Each of the N resampled data sets is fit to the piecewise regression model described in 3.1. We
use the piecewise regression parameters to calculate the predicted response for a series of curve
points spanning the range of curve points in the empirical data. The mean and standard deviation
of the bootstrapped y; values are used to calculate a bootstrapped coefficient of variance (CVy,) for
each of the curve points in the series. Last, the LOQ is calculated as the lowest value in the curve
point series above the LOD which passes at or below the CV/, threshold specified by the researcher
(default CVy, = 0.2). The user has the option to set more or less conservative thresholds. For
instance, the CV threshold recommended by Clinical and Laboratory Standards Institute guidelines
is 10:1 signal:noise which equates to a CV), = 0.1 threshold (Lynch, 2016).

The code is accessible on Bitbucket (https://bitbucket.org/lkpino/matrix-matched_

calcurves).

3.4 RESULTS AND DISCUSSION

Our goal was to construct calibration curves and determine the LLOQ for every detectable peptide
in a given complex protein mixture of interest using one dilution series and without predetermin-
ing targets. We propose matrix-matched calibration curves, in which a complex protein sample
of interest (a reference material (Pino et al., 2018)) is diluted with a matrix-matched material. A
matrix-matched material may be any sample of equivalent biochemical complexity, but should not
share any endogenous analytes with the reference material. For example, a matrix-matched mate-

rial could be a stable-isotope labeled a reference material that preserve the matrix complexity but
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Figure 3.2: Constructing reference material calibration curves using a matched-matrix diluent. (a) A refer-
ence material is diluted into a matrix-matched material of similar matrix complexity but with no shared en-
dogenous analytes, for example by stable isotope labeling the matrix or using a diverged species. The curve
is made from dilutions spanning several orders of magnitude plus a blank with only the matrix-matched
proteome. (b) The model for assessing the lower limit of quantification (LLOQ) using the sparse matrix-
matched calibration curve data. We assess the LLOQ (cyan line) as the first point that is statistically different
from the background (pink line) and has a CV < 20% using bootstrapping (red line). (c) The sequence of
plasma membrane ATPase (Pmal) is represented as a black line. The transmembrane domains along the se-
quence are depicted in grey. Each peptide detected by DIA-MS is represented by a colored box placed along
the sequence. The color of the box ranks the peptide LLOQs. Three of the peptide calibration curves are
shown above the sequence. Yellow shading indicates two standard deviations above and below the median
for the bootstrapped data.



73

120 1 BN No matrix background (water)

Matched 15N yeast matrix
100 1

Peptides

-2.0 -1.5 -1.0 -0.5 0.0
LOQ (log10 fractional dilution)

Figure 3.3: Reference materials must be diluted with a similarly complex material to preserve matrix prop-
erties. The yeast reference material was diluted in a matched matrix with 15N-shifted yeast (orange) or
diluted in water with no matrix replacement (blue). Our curve-fitting model was then run on each data set to
calculate the LOQs. The reported peptide LOQs are significantly more sensitive when the matrix complexity
is not replaced, showing the importance of retaining matrix properties when building the calibration curve.



74

shift the peptide masses or using an equivalent biosample from an evolutionarily-diverged species
(Figures 3.1, 3.3). Each point in the dilution series has the same total protein concentration, com-
posed of some ratio of the reference and matrix-matched material (Figure 3.2a) spanning several
orders of magnitude (Table 3.1). A strength of this approach is that every peptide (or other type of
analyte) in the reference material is diluted through the curve, meaning that calibration curves are
constructed for all peptides detected in the reference material. To fit calibration curves to this novel
data, we developed a computational model (Figure 3.2b) which extends the work described previ-
ously by Galitizine et al. (Galitzine et al., 2018) to accommodate the sparseness of matrix-matched
calibration curve data and to determine the LLOQ for each detected analyte. Briefly, the model
first fits a piece-wise linear regression to the noise and the signal segments of the curve data, then
bootstraps the observed data, refits the piece-wise regression to the bootstrapped data to predict
signal over the range of quantities measured. Finally we calculate the coefficient of variance (CV)
of the predicted signal and define the LLOQ as the minimum quantity at which the predicted signal
passes a predetermined CV threshold (CV < 20% for the results reported here) (see Methods).

We apply the matrix-matched calibration curve framework first in yeast, and find that it high-
lights the divide between detection and quantification especially at low protein abundances. In
particular, highly abundant proteins often contain peptides that are detected at 1% FDR but are
not quantifiable because the observed abundance in the reference material is below the LLOQ.
Using the highly-abundant yeast proteome plasma membrane ATPase protein (Pmal) as an ex-
ample, we detect 28 peptides at a 1% FDR threshold across the protein sequence (Figure 3.2c,
Appendix C). Of the detected peptides, only half (15 peptides) are deemed quantitative, and the
quantitative peptides display a range of LLOQs spanning more than 20x. A peptide with no LLOQ
is a less accurate quantitative proxy for Pmal, while a peptide with a low LLOQ is a more accurate
quantitative proxy for Pmal and is more accurate over a wider linear range. The extreme range of
peptide responsiveness emphasizes the necessity to carefully select which peptides should act as
quantitative proxies for their protein of origin.

The yeast proteome has the advantage of an established reference quantity for each protein,

allowing us to contextualize our results. Ghaemmaghami et al. affinity-tagged the protein coding
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Figure 3.4: There is a difference between the detection of a peptide and the quantification of a peptide. The
(a) number and (b) percentage of proteins detected in yeast at different orders of magnitude of abundance.
Ghaemmaghami ef al. comprehensively estimated protein copies per cell in yeast (black, 3,869 proteins)
using epitope tagging (Ghaemmaghami et al., 2003). The wide-window DIA using a chromatogram-library
approach (Searle et al., 2018) detects, at 1% protein-level FDR, 74% of these proteins (blue, 2,870 proteins).
The number of proteins quantifiable by DIA-MS (proteins with at least one peptide with a defined LLOQ)
encompasses 52% of the detected proteins, or 39% of the expressed proteins (green, 1,511 proteins). (c)
Peptides detected in the yeast lysate narrow-window library are ranked by intensity, and the wide-window
detected and quantitative peptides are shown for each decile. (d) Cerebrospinal fluid peptides detected in
the narrow-window library (8,698 total peptides, 2,994 protein groups) are ranked by intensity, and the
wide-window detected and quantitative (3,183 peptides; 1,303 protein groups) peptides are shown for each
decile.
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regions in yeast and reported the protein abundances in molecules-per-cell for 4,102 proteins, 3,869
of which could be quantified above 50 molecules/cell (Ghaemmaghami et al., 2003). Using data
independent acquisition mass spectrometry (DIA-MS) (Searle et al., 2018), we detected peptides
from 2,870 of the proteins they quantified in the reference yeast proteome (Figure 3.4a, b). Us-
ing matrix-matched calibration curves to assess the quantitative accuracy of the detected peptides,
we found that half of the detected proteins had at least one quantitative peptide (1,511 proteins).
The proteins with validated peptides are primarily high quantity proteins, particularly those above
10,000 molecules/cell. As the reported quantity (Ghaemmaghami et al., 2003) decreases, fewer
detected proteins have at least one quantitative peptide (Figure 3.4a, b). We compared the peptides
determined to be quantitative by matrix-matched calibration curves with the peptides determined
to be quantitative by a more conventional synthetic peptide approach (Lawless et al., 2016). Over-
all, the proposed framework assessed 6x more candidate peptides and defined 4.7x more peptides
as quantitative (Figure 3.5), demonstrating the higher throughput of the proposed framework com-

pared to conventional approaches.

The matrix-matched calibration curve approach is generalizable beyond cell culture. To illus-
trate its flexibility, we adapted the framework to two human samples: cerebrospinal fluid (CSF)
and formalin-fixed paraffin embedded (FFPE) tissue. For the CSF reference material, we chose
a commercially-available pool of healthy donor CSF (Golden West Biologicals, Inc.) which we
prepared following conventional protocols. For the CSF matrix-matched material, we performed
a second enzymatic digest in the presence of '80-enriched water. This reaction preferentially ex-
changes one or both of the oxygens at the C-terminus of the peptide with 180, shifting the peptides
by 2 or 4 mass units via incorporation of one or two 30 atoms. Following the matrix-matched cal-
ibration curve framework, we found that 36% of peptides detected in the CSF reference material
library (8,698 peptides; 2,994 protein groups) have a defined LLOQ (3,183 peptides; 1,303 protein
groups) (Figure 3.4d). In both the yeast (Figure 3.4c) and CSF (Figure 3.4d) references, the most
intense peptides in the reference are more likely to be detected and quantified. We also applied the
matrix-matched calibration curve approach to an FFPE sample and acquired the data by another

form of mass spectrometry (selected reaction monitoring). To construct the FFPE matrix-matched
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Figure 3.5: Matched matrix calibration curves can assess more candidate targets than conventional ap-
proaches without predetermining targets. The UpSet plot compares yeast peptides detected and deemed
quantitative by DIA-MS and matched matrix calibration curves (this work, legend “dia*”’) with the peptides
detected and validated by QConCat SRM-MS in Lawless et al 2016 (Lawless et al., 2016). Of all peptides
detected in the wide-window DIA-MS at 1% FDR (“diadetect”, 24,400 peptides), only 6,117 peptides (25%)
display all three desirable quantitative traits (“diacov”, peptides with <20% CV in the undiluted yeast sam-
ple; “diafrag”, peptides with >3 interference-free fragment ions; “dialoq”, peptides with a defined LOQ).
Lawless et al 2016 assessed over 4,000 total peptides (“lawlessdetect”, QConCat peptides tested by Law-
less et al 2016), of which 1,281 peptides (50%) displayed the desired quantitative properties (“lawlesscov”,
QConCat peptides tested by Lawless 2016 with < 20% CV). Overall, the proposed framework assessed
6x more candidate peptides and defined 4.7x more peptides as quantitative. The quantitative peptides in
the proposed approach map to 1,629 proteins; the quantitative peptides by the QConCat approach map to
644 proteins. Both approaches include quantitative peptides for 520 proteins, and the QConCat approach
includes peptides for 124 proteins not represented by the proposed approach, while the proposed approach
includes 1,109 proteins not represented by the QConCat approach.
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Figure 3.6: Matched matrix calibration curves can be used to rapidly develop targeted methods. Starting with
all peptides detected in a gas-phase fractionated reference material as possible candidates, the first refinement
step in this protocol discards any candidate target that cannot be detected in an unfractionationated, single-
shot acquisition of the reference material. Next, the matched matrix calibration curve framework is used to
assess quantitative figures of merit, discarding any candidates whose abundance in the reference material is
below the analyte LOQ. For most targeted quantitative proteomics work, targets that are unique to a protein
are considered better candidates. Even if experimenters are not starting from DIA data, the matched matrix
calibration curve approach can be used to quickly eliminate poor quantitative targets from an assay.
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calibration curve, we spiked human plasma into homogenized chicken liver as a reference and used
the unspiked homogenized chicken liver for the background proteome. We targeted 84 peptides (18
proteins) and found that 27 of the targeted peptides were quantitative (14 proteins) (Figure 3.6).
This demonstrates that the matched-matrix calibration curve approach is generalizable broadly

across not only sample types but also mass spectrometry acquisition approaches.

3.5 CONCLUSION

A limitation of the approach is that the maximum possible peptide quantification is limited by the
endogenous abundance of the peptide in the reference, which for low abundance peptides results in
stunted linear range. Another consequence of the endogenous abundance limitation is that matrix-
matched calibration curve data is extremely sparse compared to conventional calibration curves
because low abundance reference peptides produce low signal which reduces to zero signal as the
reference is diluted. Additionally, while the quantitative peptides reported here may serve as a
starting point for future assay development, we emphasize that these LLOQs are specific to these
exact conditions. Matrix-matched calibration curves, like all calibration curves, are only reflective
of the peptide measured on a given platform. While most quantitative methods report precision,
this does not assess whether a change in signal reflects the change in quantity. Therefore, the use of
matrix-matched calibration curves should be performed for all proteomics experiments that require

an assessment of which peptides reflect the change in quantity those that are just differential.



80



81

Chapter 4: MOLECULAR PHENOTYPING OF THE YEAST
REPLICATIVE LIFE SPAN RESPONSE TO
GENETIC AND ENVIRONMENTAL MODULATORS

4.1 ABSTRACT

Senescence and life span modulation are crucial biological processes for all cellular life, controlled
through tightly regulated molecular mechanisms. Many of these mechanisms and their modulation
are evolutionary conserved, including calorie restriction (also referred to as dietary restriction)
and inhibition of the mTOR signaling pathway. While there are likely multiple cellular processes
through which such life span modulators act, the full range of molecular phenotypes that cells dis-
play as they age under different contexts and genetic backgrounds remains to be characterized. In
my dissertation research, I used state-of-the-art biochemical and proteomic tools to characterize the
molecular phenotypes of life span extension in budding yeast (Saccharomyces cerevisiae). Yeast
are an excellent model system for this application, as replicative life span (RLS) — the number of
times a mother cell buds before reaching senescence — is a quantifiable measure of aging that can be
collected for yeast on experimental timescales. Further, the yeast genome is well annotated, there
are a wealth of established resources for this model system such as the Saccharomyces Genome
Database and the Saccharomyces Genome Deletion Collection, and finally, as a eukaryote, they

are a much better model for human health compared to prokaryotic systems.

Using our previously described mass spectrometry-based methods for quantifying the yeast
proteome at scale, we were capable of creating quantitative proteomic signatures which we hoped
to be useful as molecular phenotypes. Here, we applied these frameworks to construct molecular
phenotypes of increased RLS in long-lived yeast mutants and to identify key proteins in life span

extension through intervention methods.
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4.2 INTRODUCTION

Aging in multicellular organisms is the accumulation of molecular, cellular, and finally tissue-
specific alterations that ultimately culminates in the final phenotype (Tosato et al., 2007). While
aging itself is not considered a disease, certain disease states are associated with aging and bet-
ter understanding the complexities behind these diseases requires an understanding of the mul-
tifaceted process of aging itself. Several distinct but not incompatible schools of thought about
aging exist, including the free radical theory of aging (Harman, 2003), the inflamm-aging theory
of immunosenesence (Franceschi et al., 2000), and the mitochondrial damage theory (Cadenas and
Davies, 2000). As there is no single gene or pathway that culminates in the phenotype of aging
or longevity, it is necessary to use experimentally-unbiased research techniques to examine aging
as a global process. To this end, we propose to use quantitative proteomics to serve as objective

measurands, as proteins are the primary functional biomolecules of the cell.

Significance to aging and aging-related disease. Understanding complex aging-associated dis-
eases is not possible without first understanding the molecular mechanisms that govern the ba-
sic biology of aging. As multicellular organisms age, distinct biochemical changes to their cells
produce the phenotype referred to as aging. In humans, aging leads to increased risk of aging-
associated disease such as neurodegeneration, cardiovascular disease, and cancer (Campisi, 2003).
Several aging modulators, including specific genotypes and environmental perturbations, are evo-
lutionarily conserved in single-celled eukaryotes and in multicellular organisms such as worms
and mice (Smith et al., 2008). This shared functionality suggests that the underlying molecular
mechanisms are likely also conserved. We used advanced proteomic techniques to construct the
underlying protein-level molecular phenotypes of long-lived mutants of budding yeast (Saccha-
romyces cerevisiae), with a focus on defining how molecular phenotype changes in response to

conserved genotype- and dose-dependent lifespan modulators.

Significance to systems and molecular biology. Modulators of lifespan such as calorie restric-

tion (CR), and inhibition of mammalian target of rapamycin (mTOR) signaling have been found



83

efficacious in mice (McCay et al., 1935), flies (Mair, 2003), worms (Klass, 1977), and yeast (Lin
et al., 2002). The mechanism(s) by which these modulators extend lifespan remain poorly under-
stood, but several pathways are generally evolutionarily conserved, including mitochondrial res-
piration, autophagy, and the signaling pathways of protein kinase A, mTOR, and AMP-activated
protein kinase (Wasko and Kaeberlein, 2013). The presence of multiple functional categories in
aging phenotypes is to be expected from such a complex biological process, and thus employing
a global, unbiased approach to capture all involved pathways will provide valuable insights. By
systematically evaluating these phenotypes of aging in the tractable genome of the yeast model sys-
tem, we may be able to determine key proteins shared between these paths and identify molecular
differences.

These experiments are important both because they will elucidate the relationship between dif-
ferent aging modulators in yeast, and because they will improve confidence in quantitative protein
signature profiling for future studies of yeast aging. In the subsequent chapter, we will use the
molecular phenotypes discovered by this comparative analysis as a starting point for identifying
genetic targets indicative of yeast longevity. We place special focus on genes and pathways that

are conserved in multicellular organisms such as worms and mice.

Yeast replicative lifespan as a model for cellular aging. Yeast are an excellent model sys-
tem for basic biology of aging studies because they enable genome-wide screens for molecular
mechanisms associated with aging (Steinkraus et al., 2008). Yeast replicative lifespan (RLS) —
the number of times a mother cell buds before reaching senescence — is a quantifiable, objective
measure of aging that can be collected on experimental timescale (Mortimer and Johnston, 1959).
Further, the yeast genome is well annotated, there are a wealth of established resources for this
model system such as the Saccharomyces Genome Database (Cherry et al., 2011) and the Saccha-
romyces Genome Deletion Collection (Giaever et al., 2002), and finally, as a eukaryote, yeast is a
more analogous model for human health than prokaryotic systems while retaining the experimental
benefits of single-cellular models. Aging proteomics has also been successfully applied to yeast,

revealing possible mechanisms of lifespan asymmetry in yeast mother / daughter cells (Yang et al.,
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2015) and uncovering a novel mitochondrial unfolded protein response in prohibitin-deficient yeast
(Schleit et al., 2013). We hypothesized our quantitative proteomics approach would replicate these
previously reported processes, reveal novel protein members of established processes, and discover
processes not yet associated with yeast longevity. In this chapter, we construct molecular pheno-
types of increased RLS in long-lived yeast perturbations using the quantitative proteomics methods

described previously and identify key proteins in life span extension through these interventions.

4.3 METHODS

Sample preparation

Calorie restriction Yeast strain BY4741 (MATa his3A1 leu2A0 met1SA0 ura3A0) (Dhar-
macon) was grown overnight in YEPD media ( 2% glucose). The overnight culture was used to
inoculate flask cultures of six media conditions of YEP with glucose added to each flask span-
ning the range of calorie restriction (specifically 2% glucose, 1%, 0.5%, 0.05%, 0.005%, and 3%
glycerol), in biological triplicate. Glucose concentrations were measured by enzymatic D-glucose
assay (r-biopharm, Germany). Cultures were grown to OD600 0.2 before harvest. Cell pellets were
mechanically lysed with beadbeating and 8M urea. Lysates were reduced with DTT, alkylated with

iodoacetamide, and digested with trypsin.

Gene deletions Yeast single-gene deletion strains were chosen spanning a range of RLS mod-
ulation per McCormick 2015 (McCormick et al., 2015). Special consideration was made to choose
strains not documented as petite/slow-growing, and strains whose deleted gene was documented
with the most interactions per the SGD (Cherry et al., 2011). The final strains chosen were Aubp8,
Asgf73, Aeosl, Aidh2, Atorl, Aadpl, and Aadel7 (Table 4.1). Growth curves later showed Aeosl

to be slow growing in our hands, so this strain was dropped from further work.

Data independent acquisition mass spectrometry (DIA-MS) Data were acquired using data-

independent acquisition (DIA) on a Waters NanoAcquity UPLC coupled to a Thermo Q-Exactive
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Gene

SGF73

EOS1

IDH2

TOR1

ADP1

ADE17

Description
Ubiquitin-specific protease component of the SAGA
acetylation complex

Subunit of DUBmM module of SAGA and SLIK
Protein involved in N-glycosylation
Subunit of mitochondrial NAD(+)-dependent isocitrate

dehydrogenase

subunit of TORC1, a complex that controls growth in
response to nutrients by regulating translation,
transcription, ribosome biogenesis, nutrient transport
and autophagy

Putative ATP-dependent permease of the ABC
transporter family

Enzyme of 'de novo' purine biosynthesis

# genetic
interactors
462

685
743

302

449

51

110

RLS inc
46%
25%
21%

13%

13%

No
extension

Shortening

Slow
growing

No

No
NO**

No

No

No

Table 4.1: Descriptions of the yeast single-gene deletion strains used in this work. Each gene deleted from
yeast listed with the gene description per SGD (Cherry et al., 2011), the RLS increase per McCormick 2015
(McCormick et al., 2015), and whether the strain is documented as slow growing per growth rates reported
in Giaever 2002 (Giaever et al., 2002). **The Aeos] strain, while not documented as slow growing, formed
petite colonies in our hands, and was therefore excluded from the study.
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HF Orbitrap mass spectrometer. Peptides were separated by reverse phase liquid chromatography
using pulled tip columns created from 75 um inner diameter fused silica capillary (New Objectives,
Woburn, MA) in-house using a laser pulling device and packed with 3 um ReproSil-Pur C18 beads
(Dr. Maisch GmbH, Ammerbuch, Germany) to 30 cm. Trap columns were created from 150
uum inner diameter fused silica capillary fritted with Kasil on one end and packed with the same
C18 beads to 3 cm. Solvent A was 0.1% formic acid in water (v/v), solvent B was 0.1% formic
acid in 98% acetonitrile (v/v). For each injection, approximately 1 ug total protein was loaded
and eluted using a 90-minute separating gradient starting at 5 and increasing to 35% B, followed
by a 40-minute wash and equilibration (total 130 minute method). DIA methods followed the
chromatogram library workflow, described in greater detail elsewhere (Searle et al., 2018). Briefly,
the control (reference) sample and calorie restricted yeast peptide samples were pooled to create
a library sample, and a Thermo Q-Exactive HF was configured to acquire six gas phase fractions,
each with 4 m/z DIA spectra using an overlapping window pattern from narrow mass ranges.
For quantitative samples, the Thermo Q-Exactive HF was configured to acquire 25x 24 m/z DIA
spectra using an overlapping window pattern from 388.43 to 1012.70 m/z. All DIA spectra were
programmed with a normalized collision energy of 27 and an assumed charge state of +2.

Thermo RAW files were converted to .mzML format using the ProteoWizard package (version
3.0.10106), where they were centroided using vendor provided file reading libraries. Converted
acquisition files were processed using EncyclopeDIA (version 0.7.0) configured with default set-
tings (10 ppm precursor and fragment tolerances, considering only Y ions, and trypsin digestion
was assumed). EncyclopeDIA features were submitted to Percolator (version 3.1) for validation at

1% FDR.

Data analysis Glucose concentration calculations and plots were performed using R. Peptide
quantification was performed using EncyclopeDIA-derived peak picking, boundary settings, and
transition refinement; peak integration values were calculated using Skyline (MacLean et al.,
2010b). Consensus clustering was performed in R using the ConsensusClusterPlus package (Wilk-

erson and Hayes, 2010). Dose-dependent abundance profiles were tested using the edgeR package
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(Storey et al., 2005). Differential testing was performed in R using the MSstats package (Choi
et al., 2014) (Appendix D.1).

4.4 DETERMINING KEY PROTEINS THAT INDUCE LIFE SPAN EXTENSION IN
YEAST UPON INTERVENTION WITH CALORIE RESTRICTION.

Several metabolic intervention methods that extend RLS in yeast are also effective in multicellular
organisms such as worms and mice (Wasko and Kaeberlein, 2013), suggesting broadly conserved
mechanisms. Among these methods are calorie restriction and rapamycin treatment. Calorie re-
striction in yeast, induced by limiting glucose, extends RLS in genotype- and dose-dependent
manners (Schleit et al., 2013); rapamycin, an inhibitor of the mTOR signaling pathway, influences
nutrient sensing (Powers, 2006) and can be thought of as a mimetic for calorie restriction.

Our motivation was to find a common protein signature in yeast cultured under CR conditions
that corresponds to the calorie restriction mechanism and therefore increases lifespan (Figure 4.1).
Calorie restriction is documented in yeast to occur when the glucose concentration is lowered from
2% to between 0.05% and 0.5% (Kaeberlein et al., 2004). Further, under caloric restriction, yeast
replicative lifespan is extended 30-40% (Lin et al., 2002). Therefore, our experimental design
aimed to assess CR across a range of severities, spanning from abundant glucose through calorie
restriction through fully depleted glucose, and including a glycerol control.

We might expect the proteome to respond in several ways. First, if the proteome responded in
a dose-dependent manner, we would expect to see the proteins involved in CR to be differentially
abundant at the different glucose concentrations. This may appear as a monotonic response (that
is, proteins changing in abundance linearly with the amount of glucose available), or this may
appear as a multimodal response (for example, with proteins differentially abundant only during
CR conditions). To assess whether any proteins were differentially abundant in a dose-dependent
manner, we used the EDGE software package to test if any proteins changed significantly compared
to the mean abundance profile. However, no statistically significant trends were found in this data
(Figure 4.2).

If not a dose-dependent response, we might expect that the yeast proteome would respond to
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Figure 4.1: Yeast strain BY4741 was cultured under two glucose-abundant conditions (2% and 1% glucose
in YEP), two glucose-restricted conditions (0.5% and 0.05% glucose in YEP), and two glucose-depleted
conditions (0.005% glucose in YEP and glycerol in YEP).
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calorie restriction via a switch mechanism. In this scenario, proteins would only be differential in
the CR condition, and not in either the glucose abundant or glucose depleted conditions. We tested
this hypothesis using consensus clustering (Wilkerson and Hayes, 2010). In consensus clustering,
a particular clustering technique is chosen (here, we used k-means clustering) and the data is clus-
tered multiple times under different values of k, then the clusters are themselves clustered. If a
sample is reproducibly clustered in the same group, it is more likely that the sample belongs in that
group. When consensus clustering was performed on the peptide abundance profiles, clustering
by k-means confirmed a k=2 (that is, two groups of samples among the three conditions and six
doses). Consensus clustering even robustly preserves these two groups when k is increased to k=3
only moving one replicate of glycerol to an outgroup (Figure 4.3).

Unfortunately, the k=2 consensus cluster also holds when the sample labels are changed to the
final glucose concentrations as measured at harvest, with one group represented by all samples
with zero glucose at harvest and the second group including samples with any glucose remaining
at harvest. Because these two clusters are perfectly preserved when class labels are changed to
glucose concentration at the time of harvest, these clustering results are inconclusive.

During culture growth, we periodically sampled each replicate of each culture to measure the
OD600 and the glucose concentration in the media, making measurements roughly once per dou-
bling after an initial overnight growth. We harvested the cultures at the same OD600 in the in-
terest of controlling biomass across the samples. Because the yeast grow more rapidly under
glucose abundant conditions, this meant that the control 2% glucose condition was harvested ear-
lier (chronologically) than the glucose deficient cultures. Unfortunately, this also meant the the
glucose deficient conditions consumed or otherwise depleted nearly all of the available glucose in
their media over their duration of incubation (Figure 4.4a). From the glucose concentration mea-
surements, we see that the three conditions wit hthe most abundant starting glucose concentrations
(2%, 1%, 0.5%) did not appreciably deplete their glucose, while the three most glucose deficient
conditions (0.05%, 0.005%, glycerol) had consumed or otherwise depleted all available glucose
before the cultures were harvested (Figure 4.4b).

To our knowledge, no other study of CR in yeast has also performed an enzymatic assay to
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Figure 4.4: Cultures with low starting glucose concentrations rapidly consume their available glucose. (a)
The concentration of glucose available in the growth media was tested periodically during culture growth
for all conditions and all replicates. (b) Yeast grown in 2% glucose and 1% glucose did not consume all the
available glucose in their media, having roughly the 100% of their initial glucose concentration available at
the time of harvest. Cultures with lower initial glucose concentrations, especially the 0.05% and 0.005%
glucose conditions,were depleted of all measurable glucose before the time of harvest.

measure the concentration of free glucose available to the yeast during what is believed to be
calorie restriction. This may have important consequences on what we believe to be the mechanism
of calorie restriction and appropriate calorie restriction dosage.

Despite the confounded labels, we analyzed the differential proteins between the two clusters.
Using a t-test between the two clusters, we found a number of differentially abundant proteins,
many of which are expected to be differential under glucose availability and even calorie restric-
tion specifically. One of the most highly differential proteins after significance testing is Heat
Shock Protein 12 (Hsp12) (Figure 4.5a). Hsp12 is documented in the Saccharomycese Genome
Database as being glucose-repressed (https://www.yeastgenome.org/locus/S000001880),
lending credibility to the observed differential abundance. Not only is the overall protein abun-
dance highly differential between the low and high glucose groups, but all the peptides detected
for Hsp12 trend consistently (Figure 4.5b) and the peptide chromatograms display ideal charac-

teristics (Figure 4.5c). Hsp12 is also documented in SGD as being required for calorie-restriction
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Figure 4.5: Increased expression of proteins required for lifespan extension clusters in the deficient glucose
group.The plasma membrane protein Hsp12 (YFL0O14W) is known to increase in response to DNA replica-
tion stress (a hallmark of molecular aging) and in response to calorie restriction. Coverage of this protein is
high and abundance is increased 7.5-fold in the group comprised of 0.05%, 0.005%, and glycerol samples
compared to the group comprised of the 2%, 1%, and 0.5% glucose samples.

mediated lifespan extension, suggesting that the proteomic data here does capture the phenotype

of lifespan extension.

4.5 CONSTRUCTING QUANTITATIVE MOLECULAR PHENOTYPES OF YEAST
LONGEVITY FOR LIFE-SPAN MODULATING GENOTYPES.

As expected of a complex polygenic trait, several independent molecular pathways likely con-
tribute to the ultimate aging phenotype. Existing work has identified multiple independent path-
ways that perturb cellular aging, including mitochondrial respiration. In this aim, I constructed
molecular phenotypes for yeast mutants whose genotypes are associated with extended replica-
tive lifespan. I hypothesized that molecular phenotypes would cluster into groups indicative of
the complex functional processes underlying yeast longevity, yielding quantitative signatures of
cellular aging. I performed differential protein abundance analysis with an ANOVA-based classic

statistics approach, and finally clustered the proteome signatures into molecular phenotypes that
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Figure 4.6: Survival curves for the yeast deletion strains used in this work. The results are complicated by
the wildtype living very long (median lifespan was 37.5, normal wildtype should be closer to 27). Even with
the very long-lived wildtype, Asgf73 and Audp8 appeared long. (n=40 cells started per genotype)

represent mechanisms of yeast longevity. I hypothesized that the resulting molecular phenotypes
would replicate known processes such as mitochondrial respiration, reveal novel protein members

of established processes, and discover processes not yet associated with yeast longevity.

The Asgf73, Aubp8, Aidh2, and Atorl strains used in this work were selected to represent a
range of replicative lifespan extension based on the results from McCormick 2015 (McCormick
et al., 2015). We obtained the strains used in their work, cultured them under our conditions, and
performed an RLS assay to confirm the lifespan for the exact strains used in this work’s proteomic

analyses.

Although strains Asgf73 and Aubp8 were confirmed long-lived versus the control BY4741, the
control strain itself lived longer than expected based on previous RLS assays (Figure 4.6). Because
of this, the other two strains selected to represent RLS extension (Aidh2 and Atorl) appear not to

be long lived, at least these particular strains.

We performed differential protein abundance testing on the selected long-lived strains (Asgf73,
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Aubp8, Aidh2, and Atorl) versus the control strains (Aadel7, Aadpl, BY4741 replicates cultured
at the same time as the deletion strain replicates, and two BY4741 external reference cell pellets
cultured at a different time but prepared alongside these strains). If a common signature of pro-
tein abundance was associated broadly across all RLS-extending genotypes, we might expect those
proteins would be significant in a simple pairwise comparison. In total, we found 74 of 3553 de-
tected proteins were significantly differential between the long-lived strains and the control strains
(Figure 4.7, Appendix D.2, Appendix D.2). PANTHER GO-Slim Biological Process analysis
comparing these 74 proteins against the background of all yeast genes found that tricarboxylic acid
cycle and carbohydrate metabolic processes are overrepresented. PANTHER GO-Slim Molecular
Function analysis additional finds that catalytic activity is overrepresented by these proteins.

To compare these high-level results between RLS-extension vs all other strains, we next per-
formed pairwise comparisons between all single-gene deletions and the control BY4741 strain. The
two negative control deletion strains, Aadel7 (Figure 4.8) and Aadpl (Figure 4.9) (Appendix D.2),
show few differentially abundant proteins compared to the BY4741 experimental control. We
might expect that these two strains would not have many differential proteins based on the number
of known genetic interactors listed in SGD (Table 4.1).

The two strains chosen to represent a low RLS-extension but did not appear to be long-lived
based on our in-house RLS assay, Aidh2 (Figure 4.10) and Atorl (Figure 4.11), both show slight
more differentially abundant proteins compared to the BY4741 experimental control. Again, based
on the number of known interactions for these two genes (Table 4.1), these results align with what
we expect.

Last, the two strains both documented as extending RLS and proven in our hands to display
RLS extension, Asgf73 (Figure 4.12) and Aubp8 (Figure 4.13), show many differentially abundant
proteins compared to the BY4741 experimental control. This also matched our expectations based
on the number of unique interactions for these two genes (Table 4.1).

Of the 3553 proteins tested for differential abundance, 74 were determined significant when
comparing the RLS genotypes versus the control genotypes. If we compare the results between

the two group test with the results from the individual genotype tests, only 38 of those proteins
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Figure 4.8: Volcano plot of protein abundances in Aadel7 vs BY4741.




—Log10 (adjusted p-value)

97

*YGR257C
10.047YGLO91C YLR30?;W “YPL193W
*YDL204W “YKL138C=A
YJR004C *YGL160W
7.54
YILO15W
L]
YBR115C
L ]
5.0 YFLO26W
[ ]
LJ
YKL178C
2.54
[ J
YCRO11C
0.0
5 0 5
Log?2 fold change
No regulation ¢ Down-regulated e Up-regulated Fold change cutoff (2)-— Adj p—value cutoff (0.05)

Figure 4.9: Volcano plot of protein abundances in Aadpl vs BY4741.



98

—Log10 (adjusted p-value)

10.01

7.54

5.04

2.54

0.0+

*YHR091C

W*YGRO%IW
*YNL116W YOR136W
*YNRO11C
YBR115C
[ ]
L]
YILO15W

YF.L026W

*YGL160W

*YHR152W

YJRO04C

YLR304C
°

[ J
YKL178C

YF‘L13.5W

No regulation ¢ Down-regulated e Up-regulated

Log?2 fold change

Fold change cutoff (2)-— Adj p—value cutoff (0.05)
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Figure 4.12: Volcano plot of protein abundances in Asgf73 vs BY4741.
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were significant in at least one of the single genotype vs BY4741 tests (Appendix D.2). Further,
of those 38 proteins, six were similarly differential in all genotypes and an additional two were
differential in all but one genotype, suggesting that they may be involved with general response to
the gene deletion process but are not likely involved in the extended RLS phenotype. Of the re-
maining 30 candidate proteins, three proteins are significant in three genotypes, five are significant
in two genotypes, and the remaining are only significant in one genotype. This casual comparison
suggests that there may not be a global signature of yeast RLS extension, at least using protein
abundance data.

Because no clear protein signature is evident from comparing all four RLS-extending genotypes
to the controls, we next split the genotypes into a high RLS extension group (Asgf73 and Aubp8), a
low RLS extension group (Aidh2 and Ator1), a non-RLS extending group (Aadel7 and Aadpl), and
compared each of these three groups to the control BY4741. We additionally tested the external
reference BY4741 cell pellet against the experimental control BY4741 as a sanity check, which
found 14 significantly differential proteins disregarded from further consideration. We also found
that three of the significantly differential proteins in this multigroup comparison were Idh2, Sgf73,
and Adel7, which validates that the methods is working as intended, since these three proteins are
three of the knocked out genes and therefore should indeed be absent from those strains.

When we compare the other differential proteins, we find that the low RLS group had 46
differential proteins; the high RLS group had 66. The groups shared 17 proteins differentially
regulated at similar fold change which are affiliated with ATP synthesis coupled electron/proton
transport per PANTHER overrepresentation testing, although this is a low number of proteins to
use for overrepresentation testing. It’s not surprising that Aidh2 may show differential proteins
with this type of biological process annotation, as idh2 is a subunit of a complex involved with the
TCA cycle, but it is surprising to see that the extended RLS strains, Asgf73 and Aubp8, also show
an increase in those ATP synthesis-related proteins (Appendix D.2), since those two genes are
part of the SAGA complex, which is typically associated with chromatin remodeling and not ATP
synthesis. The differential proteins unique to the high-RLS genotypes did not have any significant

overrepresentation; however, the differential proteins unique to the low-RLS genotypes was also
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enriched for ATP synthesis coupled electron transport.

We can further determine which of these results is reasonable by looking back at the original
mass spectrometry data. In particular, we can consider which of these significant proteins is repre-
sented by multiple peptides, which of those peptides is represented by multiple high-quality frag-
ment ion chromatograms, and whether those peptides trend in the same abundance pattern across
the RLS-extending genotypes. If these three conditions are met, the protein candidate should be
considered more seriously. When we curate the 75 proteins differential in the RLS-extending
groups, but not differential in the control and non-RLS extending groups, we quickly refine to 35
proteins with at least two unique peptides with high-quality fragment ion chromatograms. Refined
proteins are nearly all lower abundance in the RLS extended groups, and are associated with cel-
lular respiration, carboxylic acid metabolic processes, and nucleobase-containing small molecule

metabolic processes.

4.6 CONCLUSIONS

The mechanisms of aging and life span modulation likely include multiple cellular processes; how-
ever, the range of molecular phenotypes that cells display as they age under different contexts and
genetic backgrounds is not well understood. This work used state-of-the-art biochemical and pro-
teomic methods to measure the molecular phenotypes of life span extension in yeast to reveal
novel protein members of established processes and discover processes not yet associated with
yeast longevity. Understandably these pathologies are complex and likely involve mechanisms be-
yond the differential expression of a specific protein or even a set of the same proteins. Our work
is validated through several control measures that confirm the methods and data are appropriate,
and we recapitulate known basic biology of aging, such as HSP12 association with calorie restric-
tion. In addition, our differential proteomics reveals novel insights that generate hypotheses for
further functional or spaciotemporal investigations. In particular, this chapter highlights two possi-
ble directions for future work: finer-tuned calorie restriction conditions to distinguish between the

switch mechanism this work suggests and a potential calorie restriction level between 0.5% and
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0.05% glucose concentration; and testing additional RLS-modulating genotypes to further stratify
categories of RLS extension. With increasing quantitative proteomics projects being undertaken
with at-scale methods such as the DIA-MS approaches used in this chapter, combining experi-
ments together into larger data sets will likely afford more statistical power and increased ability

to construct more sensitive and specific molecular phenotypes of complex pathologies.
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Chapter 5: CLOSING REMARKS

Quantitative mass spectrometry experiments have historically been treated independently as
individual assays developed and optimized for a specific laboratory and for a specific purpose (Carr
et al., 2014). However, the growing adaption of DIA/SWATH methods now enable studies to build
upon previous work and opens up the possibility of larger scale experiments across laboratories
and time. With increasing experimental scales comes discussions about how best to integrate and

combine these data sets.

5.1 SCALING QUANTITATIVE MASS SPECTROMETRY DATA RESPONSIBLY

One prospect that I find exciting about these large-scale endeavors is the re-utilization of data.
Even within modest experimental efforts, the practical limitations of sample preparation — such as
homogenization methods or the number of slots available in a centrifuge — preclude the complete
randomization of more than just a couple dozen samples at a time, forcing experimentalists to split
their samples into blocks that later reappear as batch effects during data analysis.

As mass spectrometry proteomics groups embark on more ambitious experiments like the Pro-
Can and NCI60 projects (Guo et al., 2019), I anticipate it will become more and more crucial to
include external reference materials during experimental design. Even though these projects have
already begun, incorporating a working reference and global reference may harmonize these data
sets.

Reutilization of data would also benefit from building data repositories that cater specifically
to quantitative proteomics. While there are many raw data repositories, these resources typically
focus on shotgun DDA reanalyses, so while they provide the means to search for peptides in the
repository, they don’t typically support the targeted quantitative proteomics workflows. Building
a repository specifically designed to assist the reuse and reanalysis of quantitative proteomics data

would require a standardized quantitative data format, experimental meta data descriptors, and
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quality control/assurance approaches, but would enable researchers to build on prior work, rather

than needlessly repeating past experiments.

5.2 BRIDGING PROTEOMICS DATA GENERATION AND DATA ANALYSIS

Before I began my graduate training, I recognized the rapid growth in quantitative proteomics data
generation. I also realized that my classical training in biochemistry didn’t include the necessary
coding and statistical skills required to appropriately handle data at the scales it was being acquired,
and so I resolved to gain these skills for myself in my predoctoral training. In doing so, I've
positioned myself uniquely as a sort of liaison between the data generators and the data analysts in
the mass spectrometry community.

I expect that, for future generations of mass spectrometrists, training will include more com-
putational and statistical coursework. Until this new generation gains majority in the community,
however, I expect that the most popular quantitative proteomics frameworks will be those that
are not only well documented but also have easily accessible tutorials and workshops. Because
most current mass spectrometrists aren’t comfortable with programming or command line tools,
I think moving the most common computational frameworks into user-friendly GUIs or Docker
containers will be an easier bridge between generations. Until then, the ability to liaison between
data generators and data analysts will be an important role for methods development and software

adaptation.

5.3 FUTURE DIRECTIONS

5.3.1 External reference materials in mass spectrometry proteomics

Because not all analytes may be present in a given reference material under a single physiological
condition, it will be important to build global reference materials that include all possible analytes.
This may take the physical form of consensus pool mixtures made from a reference under mul-
tiple perturbations or disease states so that even condition-specific analytes are detectable. Then,

working references with just a subset of all possible detected analytes would be used in individual
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experiments, but calibrated periodically to the physical global reference.

Alternatively, computational solutions may be able to create in silico global references from
imputing across multiple working references that represent a range of physiological conditions.
This might take the form of something like current retention time alignment approaches, but instead

of retention times, analyte abundances would be aligned across working references.

5.3.2 Detection and quantification as independent processes

As I demonstrated in Chapter 3, detection of a peptide doesn’t imply that the peptide is quantitative.
While the quantitative proteome appears to be a subset of the detected proteome, this may just be an
artifact of the order of operations, which first relies on detection before quantitative assessment. In
the future, it would be interesting to see this assumption challenged. That is, rather than detecting
peptides first, it would be interesting to see a process that instead searches data for features that
display quantitative properties, then perform detection on those selected features. Recent work has
been done along these ideas for DDA analysis (The and Kall, 2019), but I think the scope of the

idea could be expanded to DIA especially.

5.3.3 Molecular phenotypes beyond peptide abundances

Using quantitative proteomics even in presumably well-studied systems has revealed novel in-
sights. For example, although genomics has already determined several gene-level subtypes of
colon cancer, quantitative proteomics further clustered those subtypes based on their proteomic
signatures (Zhang et al., 2014). Beyond applications in cancer, I foresee quantitative proteomics
being used to further understand phenomena that cannot be explained by the genotype alone such
as cellular differentiation, cardiovascular disease, and neurodegenerative disease.

Although some disease states and phenotypes are driven by differential protein abundances,
I think even more molecular phenotypes are described by higher-level molecular interactions. I
don’t think that merely measuring proteome-wide abundances will answer all our questions about

the status or mechanism of complex phenotypes. Even if quantitative proteomics alone is unable
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to explain these phenomena, I think that these experiments will generate hypotheses for futher
investigation. For example, although my work to model molecular phenotypes associated with
yeast replicative life span in Chapter 4 was inconclusive on its own, the data itself is trustworthy
and the conclusions do call into question previous work and new hypotheses to investigate.

This means that in the future quantitative proteomics may need to be paired with other tech-
nologies such as proximity-labeling approaches, post-translational modification detection, or even
sequencing-based technologies like ATAC-seq which describe chromatin structure. Hypotheses
generated by large scale experiments such as those used in this thesis may also need to be struc-

turally or mechanistically validated using more traditional biochemical and genetic approaches.

5.4 CONCLUSION

Quantitative proteomics is poised to help bridge the gap between the genotypic information gleaned
from DNA sequencing and the phenotypic presentations of biological structure and function. In
this dissertation, I focused on data independent acquisition methods for quantitative proteomics due
to the unprecedented scales of data that this approach enables, but many of the ideas and concepts
explored here are generalizable to any analytical method. As larger and more ambitious quantita-
tive proteomics experiments are undertaken, I anticipate that the analytical chemistry fundamentals
demonstrated here will facilitate the robust and accurate molecular measurements required for bi-

ological advances.
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Appendix A: ENCYCLOPEDIA TUTORIALS FOR THE CHRO-
MATOGRAM LIBRARY APPROACH TO DIA-MS DATA
ANALYSIS
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DIA DATA ANALYSIS WITH THE ENCYCLOPEDIA SOFTWARE SUITE

This tutorial is a practical guide for how to use the Encyclopedia software suite (Searle 2018,
https://www.nature.com/articles/s41467-018-07454-w) for the chromatogram library approach to
DIA-MS. We have a GUI-based workflow and also a command line workflow (thanks @atkeller).
I've included options for visualizing the results of the Encyclopedia analysis in Skyline or in
Encyclopedia itself (“Bri-line”).

Citations
MSconvert (https://www.nature.com/articles/nbt.2377)
A cross-platform toolkit for mass spectrometry and proteomics. Chambers MC et
al. Nat Biotech 30, 918-920 (2012). doi.org/10.1038/nbt.2377
Encyclopedia (https://www.nature.com/articles/s41467-018-07454-w)
Searle BC et al. Nat Comm 9, 5128 (2018).
doi.org/10.1038/s41467-018-07454-w

You will need:
e MSConvert from Proteowizard: Windows only!
o http://proteowizard.sourceforge.net/download.html
e EncyclopeDIA suite (*.jar file): command line and cross-platform GUI!
o https://bitbucket.org/searleb/encyclopedia/downloads/

Tl;dr three steps for DIA-MS analysis by chromatogram library

1. Convert .raw files to .mzML using MSConvert

2. Build library using Walnut or XCorDIA in EncyclopeDIA

3. Search wide-window data with library from step 2 using EncyclopeDIA

Appendix: Visualization options
A. Skyline
B. Bri-line
C. Viewing elib files DB Browser for SQLite



GUI-BASED WORKFLOW

1. Convert .raw files to . mzML using MSConvert

For non-overlapping windows:
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=l MSConvertGUI (64-bit)

(@) Listof Files () File of file names

File: | Browse
Qutput Directory:

| Browse
Options

Output format: |mzML | Extension: l:l
Binary encoding precision: (® B4bit () 32+bit
Write index: Use zlib compression:

TPP compatibility: Package in gzip:

Lse numpress short logged float compression:
LIse numpress positive integer compression:

Combine ion mobility scans:

O
|Use numpress linear compression: [
O
[]
[
O

5IM as spectra: [ | SFM as spectra:

Presets: |Generic Defaults

£

About M5Convert

Browse network resource...  ~
Filters
Peak Picking w
Algorthm:
Wendor (does not work for UNIFI, and it MUST be the first fiterl)
MS Lewels: SNR

T ] o o1

; Filter . Parameters

peak Picking vendor msLevel=1-

Save Preset = Start

I NOTE: Make sure to have “peakPicking” as the first filter
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For overlapping windows:

ol MSConvertGUI (84-bit)

(®) Listof Files () File of file names

Wiite index: Use zlib compression:

TPF compatibility: Package in gzip:
Use numpress linear compression:

Llse numpress short logged float compression:
Use numpress positive integer compression:
Combine ion mobility scans:

5IM as spectra: [ | SRM as spectra:

Presets: |Generic Defaults

File: | Browse
Qutput Directory:

| Browse
Options

Output format: |mzML  ~ | Extension: l:l
Binary encoding precision: (@) 64bit () 32-bit

O
|
|
O
O
O

About MSConvert

Browse network resource... v
Fitters
Peak Picking e
Algorithm:
‘Wendor (does not work for UMNIFI, and it MUST be the first fiter!) ~
MS Levels: din SNF 23
Add Remove

. Filter Parameters
peakPicking vendor msLevel=1-

optimization=overlap _only maszEmor=10.0ppm

Save Preset v Start

NOTE: data acquired on Lumos instruments may need another box checked (SIM as
spectra) to convert precursor scans correctly. If so, your MSConvert should look like:

This step probably depends on whether you acquired an MS1 as a SIM scan or
just as a mere MS1 scan in setting up the acquisition method on the Lumos.
Since you can acquire a mere MS1 scan using the quad to filter (basically filters
things outside of the scan range) | think it’s basically the same as a SIM. It’s kind
of like how the method editor has a DIA method and a targeted MS2 method.

-- Rich Johnson
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=l MSConvertGUI (64-bit) - O b4

(®) Listof Files () File of file names

File: | Browse Browse network resource... About MSConvert
Filters
Demuttiplex w
Overlap Only w
Mass Emor: ppm v

Qutput Directory:
| SO Add Remove
Options i
Output format: |mzML ~ ~ | Exension: l:l | Fiher F‘arameiers

| peak Picki d Level=1-
Binary encoding precision: (@) B4bit () 32bit = e | Venaor ms-eve

optimization=overap_only massEmor=10.0ppm

Write index: Use zlib compression:

TPP compatibility: Package in gzip:
Use numpress linear compression:

Lse numpress short logged float compression:
LIse numpress positive integer compression:

Combine ion mobility scans:

[ INC ST IRE T80 6 Tl

5SIM as spectra: SBM as spectra:

Presets: | Generic Defaults ~ | | Save Preset = Start

2. Build library using Walnut in EncyclopeDIA or XCorDIA in
EncyclopeDIA

If you don’t have access to the XCorDIA tab yet, you can use Walnut for this step!
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& Lindsay's PoopeDIA: Peptide Searching for DIA - o X
File View Convert Help

& vazepenia ([ Thesaurus @ wanut 8 xcoora Jobs: Add MZML %+ Save Chromatogram Library + . Save QuantReports 14, save BLIB

File Progress

XCorDIA: Peptide Detection Directly from
Data-Independent Acquisition (DIA) MS/MS
Data

XCorDIA detects peptides fram MZML files, assigns peaks. and calculates
various peak features. These features are interpreted by Percolator to identify
peptides.

Parameters:
Background Please select fie... |
Target Please selectfle... =T
Target/Decoy Approach: Mormal Target/Decoy o
Data Acquisition Type: Nan-Overlapping DIA

Precursor Window Width (blank=extract from file): -1
Enzyme:| Trypsin

Fixed: C+57 (Carbamidomethyl)

Variable: None

Fragmentation: HCD (¥-Cnly)

Precursor Mass Tolerance: 10.0 PPM

Fragment Mass Tolerance:| 10.0 PPM

Maximum Missed Cleavage:
Percolator Version: v3-01

Percolator FDR threshold:

Number of Quantitative lons:|
Minimum Number of Quantitative lons:
Number of Cores’|

e
=]

@l ;2

e (e [l le d g e} € | €| € | < |5 | €

Charge range- 2k to | 355

Console: ~
PoopeDIA Graphical Interfece v

53 of 3821 MB used

2.1 On the left hand side right underneath The Upside Down Mike, where it says
Parameters, find the “Background” field and click the corresponding “Edit” button to
select the background fasta file. The background fasta file should basically be the
reference fasta for your model system (E.coli, yeast, human, whatever). Here, I'll use an
example experiment in yeast, so | downloaded the yeast reference from Uniprot, and
navigated the file explorer to that downloaded fasta file.
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i

File View Convert Help

55 of 3621 MB used

i MaiziepeDIA [f; Thesaurus @ wainut T xcomia Jobs: Add MZML + Save Chromatogram Library L Save QuantReparts g, saveBLIB
- < B File Progress
XCorDIA: Peptide Detection Directly from
Data-Independent Acquisition (DIA) MS/MS
Data
XCorDIA detects peptides from MZML files, assigns peaks, and calculates
various peak features. These features are interpreted by Percolator to identify
peptides.
Parameters: |£] Select 2 Background file X
Background:FkEsE select file... Eocin ‘ ool "l @ T~ mEr
Target Please select fe. . "
) : S
Target/Decoy Approach| Nomai TargetDecoy ﬁ Nam.E Date modified T.ype Size
Data Acquisition Type: Nen-Overlapping DIA oo diffquant 34’3‘-;20“3 201 PM Ff‘Efﬂ‘dEf
Precursor Window Width (blank=extract fror o IGAAII0AM F!‘EFUME'
] & | fragment_refinement 9/3/2018 11:37AM  File folder
Enzyme: Trypsin -
functional_phos_tf 8/21/2018 11:22 AM  File folder
Fixed: C+57 (Carbamidomethyl)
Desktop growtheurve timecourse 4/5/2018 11:59 AM  File folder
\ariable | Mone S i
TeoieoT matrixeffects 12/4/2017 137PM  File folder
Fragmentation] mouseaging 7/20/2018220PM  File folder
Precursar Mass Tolerance: 10.0PPM Libraries . nitragen_regulation 4572018 1159 AM  File folder
Fragment Mass Tolerance:| 10.0PPM . ~ single-paint_calibration 7/9/20181219PM  File folder
Maximum Missed Cleavage- | L@ yeast_epiproteomics 9/28/201212:06PM  File folder
Percolator Version: v3-01 | ThisPC ypic 4/25/2018 230 PM  File folder
Percolator FDR threshold: | B human_TF_census_uniprot1797fasta 3/9/2017 1052 AM  FASTA File 1,308 KB
Mumber of Quantitative lons: | Léﬁ 4 uniprot-proteome_AUPODDDDSE40_humanref_71785entries 20180114.fa  2/18/2018 803 PM  FASTA File 30,572 KB
Minimum Number of Quantitative lons- Net\;\mrk H aiyEa;truniprDt—STHEntries'auessedZ{!WOQZS.fas‘ta 9/25/2017 5:44 PM FASTA File 3884 KB §
Number of Cores | %
Type: FASTA File
Charge range- Objectname:  |yeast-uniprot-672 Tentries-acoessed20 1709258 siom 3 79 15 v [oeen
T Objects oftype: | All Fles () Date modified: 8/25/2017 5:44 PM | = T
PoopeDIA Graphical Interface ¥

2.2 Again under “Parameters:”, just underneath the “Background” field, which should
now contain the filename of that organism fasta, click the “Target” field corresponding
“Edit” button. Navigate to a fasta of your target search proteome. Here, I'm interested in
the whole proteome (no specific subcellular fraction like mitochondria) so I'll select the
same fasta that | used in the Background field.

! More about the Target/Background fasta: For experiments looking at a “whole
proteome” (lysates, for example), both the Target and the Background fasta are
the same file (the yeast reference fasta, human reference fasta, etc). For
experiments where subcellular fractionation was performed or where you’re only
interested in some subset of the proteome, use a “Background” fasta of the
whole organism and a “Target” fasta just of the proteins you’re interested in (for
example, a mitochondrial isolation might use the human proteome for a
Background fasta, and a MitoCarta fasta that only includes mitochondrial

proteins).

! Both Background and Target files are .fasta format. PeCAn users may recall
processing a fasta to get a list of peptides for input, but Walnut includes the
insilico digest step so you can just give Walnut the .fasta
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2.3 Set the remaining parameters if you have experiment-specific details that deviate
from the defaults (for example, a different digestion enzyme than the default trypsin, or
a different fragmentation type than HCD, etc)

2.4 In the top right, where it says “Jobs:”, click “Add MZML". Navigate the file explorer
to your converted gas phase fractionated library files from step 1. Select all the gas
phase fractionated library MZMLs and click “Open”.

1
1File Convert Help
{ A VeiepeDia [ Thessurus @ walnut T xcorona ngs; .. Save Chromatogram Library . Save QuantReports Jia, SaveBLIB
i R R R File Progress
| XCorDIA: Peptide Detection Directly from
1 Data-Independent Acquisition (DIA) MS/MS
! Data
i
1 XCorDIA detects pepides fom MZML fles, ag =2 celecta RAWfile
various peak features. These features are inter Look i: [ ] sangko_wesko 20180910 J] @@ e m-
peptides.
i * Name Date modified Type Size A
i |Parameters: : 820180904 _wasko_1016_A_017.mzML 10/2/2018549PM MZML File 2,569,868 KB
I } iprot-672 lentries-accessed20 170925 fast: Quick access B 50130904 wasko_1016_B_018.mzML 10/2/2018 6:08 PM  MZMIL File 2,645,813 KB
{ [Targetheastunirate72tenties ccessed2D 70925 ot sl 820180904 _wasko_1016_C_030.mzML 10/2/20186:26 PM MZML File 2,525,768 KB
820180904 wasko_extref_028.mzML 10/2/2018T37PM MZML File 2,804,493 KB
| [FargetMecay Approach SRS I ERE S Desktop 8320180004 wasko,_ library 400-500_021.mzML 10/2/2018748PM  MZML File 1,531,436 KB
1 Eata Aeisiion Type IR " : B 20180904_wasko_library_500-600_022.mzML 10/2/2018800PM  MZML File 1,673,894 KB
{ ME oW B Kom BlekL ! 20180904 wasko_library_600-700_023.mzML 10/2/20188:12PM  MZML File 1,736,117 KB
| |Enzyme:Trypsin Libraries [ 20180904 _wasko_library_700-800_024.mzML 10/2/20188:25PM  MZMIL File 1,716,925 KB
| |Fixed:|€+57 (Carbamidomethyl) 153/20180904 wasko_library.800-900 025.mzML 10/2/2018837PM  MZML File 1,643,266 KB
3 |Variable: Nane Q@ 0180304 wasko_library 900-1000_026,mzML 107372018 8:46 PM_ MZML File 1428128 KB |
+ |Fragmentation:| HCD (r-Oniy) This PC i 20120904_diamethoddev_0H-1Y_8mz_006.raw 9/10/2018 11:41 AM  RAW File 958,986 KB
1 |Precursor Mass Tolerance:| 10.0PPM i 20120904 diamethoddev_0H-1Y_12mz_007.raw 9/10/2018 11:40 AM  RAW File 1,223,616 KB
Fragment Mass Tolerance: 10.0PPM | L‘Qﬁ [ 20120904_diamethoddev_TH-0Y_8mz_012.raw 9/10/2018 11:33 AM  RAW File 675,914 KB
1|Maximum Missed Cleavage e & 20180904 diemethoddev_TH-0Y_12mz_013.raw 9/10/2018 11:36 AM  RAW File 823,250 KB
1 |Percolatar Version: v3-01 & 38090 Aiamethnddey 1H-Y Rz DR raw Q/1N/201A 11-3A A RAW File sAnwRakR Y
1 |Percolator FDR threshold: Objectname: | "20180904_wasko_lbrary_900-1000_026mzML" "20180904_wasko, ibrary_400-500_021 mzML" "20180904_wasko_tbrary_50( | [ _Open |
Number of Quantitative lons: Objects oftype: | Al Fles () ~ Cancel
Minimum Number of Quantitative lons|
1 [Number of Cores: sk
! |Charge range: 2 to | 315
Console: -~
PoopeDlA Graphical Interface v
62 o 3821 MB sed

The MZML files you selected should now appear under the “Jobs” buttons. You can
monitor progress using the GUI.
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& Uindsay's Pc

File View Convert Help

J vezepenta 1) Thesaurus @ wainut § xcoro1a

XCorDIA: Peptide Detection Directly from
Data-Independent Acquisition (DIA) MS/MS
Data

XCorDIA detects peptides from MZML files, assigns peaks, and calcul

Jobs: Add MZML

\ Save Chromatogram Library

. Save Quant Reports

lig, savesLB

File
Read 20180904_wasko_library_400-500_021.mzML

Progress

Working on 454. 5 feR kT NegITE3

Read 20180904 wasko_library_500-600_022.mzML

Read 20180504_wasko_library_600-700_023.mzML

Read 20180904_wasko_library_700-800_024.mzML

Read 20180904 _wasko_library_800-900_025. mzML

Read 20180504_wasko_library_S00-1000_026.mzML

various peak features. These features are interpreted by Percolator to identify

peptides.
Parameters:
Background jyesst-uniprot-672 tentries-accessed20170925.fasts | Eat
Target yeast-uniprot-672 lentries-accessed20 170925 fasta | Eat
Target/Decoy Approach: Nermal Target/Decoy v
Data Acquisition Type:|Mon-Overlapping DIA § ~
Precursor Window Width (blank=extract from file);-1
Enzyme:|Trypsin v
Fixed| C+57 (Carbamidomethyl) =
Variable: None ~
Fragmentation:|HCD (¥-Only) -
Precursor Mass Tolerance: 10.0 PPM
Fragment Mass Tolerance:| 10.0 PPM ~
Maximum Missed Cleavage] 1B
Percolator Version:|v3-01 ~
Percolator FOR threshold: 0.0113
Number of Quantitative lons: 5H
Minimum Number of Quantitative lons: 3k
Number of Cores: 3%
Charge range: 23 to |35
Y5T peplides remaining for 454 5 1o 450 5. =

508 peptides remaining for 454.5 to 458.5..

w
545 of 3621 MB used

2.5 When the six gas phase fractionated files have finished running, click “SAVE
CHROMATOGRAM LIBRARY” and give your library some descriptive filename.

File View Convert Help

I veidepeota |, Thesaurus @ wainut B xcordra

XCorDIA: Peptide Detection Directly from
Data-Independent Acquisition (DIA) MS/MS
Data

KXCorDIA detects peptides from MZML files, assigns peaks, and calculates
various peak features. These features are interpreted by Percolator to identify

\Jobs: Add MzML

./ Save Chromatogram Library

L Save QuantReparts

Ji, saveBLIE

File
Read 20180904 _wasko_library_400-500_021.mzML

Progress
Virote 3808 peptides identified at 1.0% FOR

Read 20180204 _wasko_library_500-600_022.mzL

Wirote 5662 peptides identified at 1.0% FOR

Read 20180304 _wasko_library_600-700_023.mzhL

Wrote 5525 peptides identified at 1.0% FDR

Read 20180304 _wasko_library_700-800_024.mahL

\Wirote 4714 peptides identified at 1.0% FDR

Read 20180904 _wasko_library_800-500_025.mzhL

Wrote 3463 peptides identified at 1.0% FDR

Read 20180904 _wasko_library_900-1000_026.mzML

Wrote 2451 peptides identified at 1.0% FDR

Write Library 20180904_wasko_GPFLIERARY..elb

21477 peptides identified at 1.0% FOR

peptides.
Parameters:
Background yeastuniprot 672 entries-accessed20 170925 fasta | Ea
Target east-uniprot-G72 lenries-accessed20 170925, fasta | eat
Target/Decoy Approach: Nermal Target/Decoy v
Data Acquisition Type: Non-Overlapping DIA v
Precursor Window Width (blank=extract from file) -1
Enzyme: Trypsin v
Fixed: C+57 (Carbamidomethyl) -
Variable: Nane ~
Fragmentation: HCD (-Only) v
Precursor Mass Tolerance: 10.0FFM ~
Fragment Mass Tolerance: 10.0 PPM ~
Maximum Missed Cleavage: 1
Percolator Version:|v3-01 ~
Percolator FDR threshold| 0.01}%
Number of Quantitative lons: 5k
Minimum Number of Quantitative lons:| 3E
Number of Cores: 8k
Charge range: 2B to | 3L
Wiiting glcbal peplides: 214777228, il 0512142 o
Writing global proteins: 3274/32 v

1243 of 2621 MB used
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3. Search wide-window data with library from step 2 using
EncyclopeDIA

3.1 Close and reopen the EncyclopeDIA GUI to clear EncyclopeDIA's cache/history

i
File View Convert Help
A MemeoeDta [ Thesaurus @ wanur '§7 xcoroma Jobs: Add MZML . Save Chromatogram Library .. Save QuantReports I, Save BLIB
2 i s " File Progress
Lindsay's MaiziepeDIA: Now powered by chilly
pup!
MaiziepeDIA extracts peptide fragmentation chromatograms from MZML files,
matches them to spectra in libraries, and calculates various scoring features.
These features are interpreted by Percolator to identify peptides.
Parameters:
Library Please select ... | ear
Backgmund;flease select fie... | Edit
Target/Decoy Approach: Nermal Target/Decoy ~
Data Acquisition Type: Nen-Overlapping DIA ~
Enzyme: Trypsin A
Fragmentation: CID/HCD (B/Y) &
Precursor Mass Tolerance:| 10.0PPM v
Fragment Mass Tolerance: 10.0PFM v
Library Mass Tolerance: 10.0PPM e
Percolator Version: v3-01 .
MNumber of Quantitative lons: 5 :
Minimum Number of Quantitative lons:| 3 :
MNumber of Cores: g :
Console: -~
PoopeDIA Graphicsl Interface -
52 of 2621 ME used

' Yours won’t have this beauteous icon, it'll have some plebeian book.

3.2 Within EncyclopeDIA GUI (not XCorDIA), on the left hand side under “Parameters:”
across from the “Library” field, click the “Edit” button. Using the file explorer, select the
.elib file you just saved in Step 2.2
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& Lindsay's PoopeDIA: Peptide Sesrching for DIA o x
File View Convert Help
A MeizepeDIA [/, Thesaurus & wanut F7 wcornma lJobs: Add MZML . Save Chromatogram Library . Save QuantReports 1 saveBLIB
File Progress

pup!

Parameters:

w Lindsay's MaiziepeDIA: Now powered by chilly

MaiziepeDIA extracts peptide fragmentation chromatograms from MZML files,
matches them to spectra in libraries, and calculates various scoring features.
These features are interpreted by Percolator to identify peptides.

Libral W;Pﬂ 180904 _wasko_GPFLIBRARY.elib

[ Edit §

Background Plesse select fie...

|

Data Acquisition Type:|Non-Overlapping DIA
Enzyme: Trypsin

Fragmentation:| CID/HCD (B/Y)

Precursor Mass Tolerance: 10.0FPM
Fragment Mass Tolerance: 10.0 PFM
Library Mass Tolerance:| 10.0 PPM
Percolator Version: v3-01

Number of Quantitative lons:

Minimum Number of Quantitative lons’|

Number of Cores:

Target/Decoy Approach: Normal Target/Decoy

Console:
PoopeDIA Graphical Interface

55 of 3621 MB used

3.3 Underneath the “Library” field, across from the “Background” field, click the
corresponding “Edit” button and select the appropriate Background file (should be the

same fasta you used above!)
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& Lindsay's PoopeDIA: Peptide Searching for DIA

[m]
File View Convert Help
A vazeoia [ Thesaunus @ wanut F xcoria lJobs: Add MZML '+ Save Chromatogram Library \J Save Quant Reparts I, save BLIB
: ; — o File Progress
Lindsay's MaiziepeDIA: Now powered by chilly
pup!
MaiziepeDIA extracts peptide fragmentation chromatograms from MZML files,
matches them to spectra in libraries, and calculates various scoring features.
These features are interpreted by Percolator to identify peptides.
Parameters:
L\brary;|znlsﬂgﬂtwasknﬁPFLlERARV‘elwh ‘ Edit
Bggkgmund;IyEast-unipmt-é?zlenhies-accessedzﬂ170925‘fasta |F Edit {
Target/Decoy Approach: Normal Target/Decoy ~
Data Acquisition Type: Nen-Overlapping DIA *
Enzyme:{Trypsin o
Fragmentation: CID/HCD (/) s
Precursor Mass Tolerance: 10.0 FPM v
Fragment Mass Tolerance: 10.0 PPM v
Library Mass Tolerance: 10.0PPM ~
Percolator Version: v3-01 ¥
Mumber of Quantitative lons: 5 :
Minimum Number of Quantitative lons | 3=
Mumber of Cores: 8=
Console: -~
FoopeDIA Graphical Interface v
80 of 3621 MB used

3.4 In the top right, next to “Jobs”, click the “Add MZML” button and select all of the

wide-window .mzML files that were acquired using this narrow-window library file.

& Lindsay's PoopeDIA: Peptide Searching for DIA

=t X
File View Convert Help
A vazeoeDA | Thesaus @ waknut W xcona Jobs « . Save Chromatogram Library L Save QuantReports I, SaveBLIE
. g % - File Progress
' Lindsay's MaiziepeDIA: Now powered by chilly |zead 20150504 _wasko_s57.4_n16.mavt Converting fiks...
up! Read 20180304 _wasko_887_B_019.mzML
pup: Read 20180304_wasko_837_C_029.mzML
i Read 20180904 _wasko_1016_A_D17.mzML
MaiziepeDIA extracts peptide fragmentation chromatograms from MZML files, Read 20180904_wasko_1016_B_018.mzML
matches them to spectra in libraries, and calculates various scoring features. Read 20130904 _wasko_1015_C_030.mzML
These features are interpreted by Percolator to identify peptides. Read 20180304 _wasko_extref_028.mzML
Parameters:
Li brary;|za 180904 _wasko_GPFLIBRARY. elib | Edit
E|aEkgmun.j;b’east—umprnt-G?Zler\mEs-ac(EssedZD17D925‘fasta | Edit
Target/Decoy Approach: Normal Target/Decoy v
Data Acquisition Type: Mon-Overlapping DIA ~
Enzyme: Trypsin >
Fragmentation: HCD (¥-Only) =
Precursor Mass Tolerance: 10.0PPM i3
Fragment Mass Tolerance:| 0.0 PPM 5
Library Mass Tolerance: 10.0 PPM o
Percolator Version:|v3-01 5
MNumber of Quantitative lons: 3 :
Minimum Number of Quantitative lons: 3 :
MNumber of Cores: 8 :
TR 20 ToU S Was 50T U TO T - =
Converting 20180904_wssko_887_A_016.mzML ...
Parsed 1% b
69 0f 3621 MB used
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3.5 Click “Save Quant Reports” to perform a final experiment-wide FDR correction and

export peptide quant, and protein quant.

e Select “Save Chromatogram Library” to build a file with bonus information

like integration boundaries.

o This is only applicable if you do not want to retention time-align
across the MZML files (for example, if your MZMLs are fractionated
in a way such that you don’t expect to sample the same peptides in

each file)

e Select “Save Quant Reports” to get peptide/protein quantitation matrices

in the form of a tsv.

o Pick this if your MZMLs were the experimental samples you want to

post-process.

o If you are following this workflow as-is, this is what you should pick!
e Select “SAVE BLIB” to build a spectral library file that Skyline can use.
o This option is effectively depreciated now that Skyline reads elib file

formats

i

File View Convert Help

i MaiziepeDIA

w

U Thesaurus @ wainut 87 xcormia

Lindsay's MaiziepeDIA: Now powered by chilly
pup!
MaiziepeDIA extracts peptide fragmentation chromatograms from MZML files,

matches them to spectra in libraries, and calculates various scoring features.
These features are interpreted by Percolator to identify peptides.

Parameters:

L\brgry;‘zﬂ1809047wasm7GPFLIERARY.Ehh ‘ Edit
Elackgmur|d;’yEastumprut«SHlenmEsﬁc:essEdlU1?U‘325.fasta ‘ Edit
Target/Decoy Approach: Normal Target/Decoy ~
Data Acquisition Type: Nen-Overlapping DIA ~
Enzyme:| Trypsin v
Fragmentation: HCD (¥-Only) v
Precursor Mass Tolerance: 10.0PPM ~
Fragment Mass Tolerance: 10.0 PPM ~
Library Mass Tolerance: 10.0PPM ~
Percolator Version:v3-01 ~
Number of Quantitative lons:| 5p=
Minimum Number of Quantitative lons | 3
Mumber of Cores, 8
;:::’:: Extracting \D;D‘/‘ia‘ﬂ]ﬂf 7”:1\-‘2‘{ ;‘l;;;::: B; 537;83 :’v":::’:\ 23
Writing Skyline BLIB from 20130904 _wasko_extref_028 mzML. v

350 of 3621 MB used

\Jobs: Add MZML

. Save Chromatogram Library

. J Save Quant Reports Tig saveBLIB

Read 20180904 wasko_887_A_016.mzhL

File Progress

Wrote 16208 peptides identified at 1.0% FDR.

Read 20180904_wasko_887_8_019.mzML

Wrote 16512 peptides identified at 1.0% FDR

Read 20180904 _wasko_887_C_029.mzhL

Wrote 16108 peptides identified at 1.0% FDR

Read 20180904 _wasko_1016_A_017.mzML

Wirote 16511 peptides identified at 1.0% FDR

Read 20180504 _wasko_1016_B_018.mzML

Wrote 16419 peptides identified at 1.0% FDR.

Read 20180504 wasko_1016_C_030.mzVL

Wrote 16167 peptides identified at 1.0% FDR.

Read 20180904 _wasko_extref_028.mzML

Wrote 15315 peptides identified at 1.0% FDR.

Virite Library 20180904 _wasko_QUANTREP.lib

19685 peptides identified at 1.0% FDR

Wirite Library 20180904_wasko_CHROMLIB. elib

19585 peptides identified at 1.0% FDR

Write BLIB 20180904 _wasko_BLIB. blib

19685 peptides identified at 1.0% FDR.

I Encyclopedia is determining a lot of information about the DIA experiment.
Important details include peptide detections, fragment refinement, and peak
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boundaries. We'll import that information into Skyline next so that we can
visualize the results; however, there’s also a visualizer built right into
Encyclopedia. See Appendix for details.

I Encyclopedia outputs (blib, elib) can be used in Skyline for visualizing DIA-MS
experiments. See Appendix for details.
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COMMAND LINE WORKFLOW

1. Convert .raw files into .mzml using MSConvert

For non-overlapping windows:

msconvert.exe -v --zlib --64 --mzML --filter "peakPicking true

1-" *.raw

For overlapping windows:

msconvert.exe -v --zlib --64 --mzML --filter "peakPicking true
1-" --filter "demultiplex optimization=overlap only" *.raw

NOTE: data acquired on Lumos instruments needs an extra flag (--simAsSpectra)to
convert precursor scans correctly:

msconvert.exe --zlib --64 --mzML --filter "peakPicking true 1-"
-—filter "demultiplex optimization=overlap only" --simAsSpectra
*.raw

!I'Tip: If your file conversion is going slow, you probably aren't using a current
version of MSconvert! Go back to the top and start again :)

2. Build library using Walnut in EncyclopeDIA or XCorDIA in
EncyclopeDIA (command line)

2a. OPTION 1: Walnut

For a full list of options and default values for your version of EncyclopeDIA:
java -jar encyclopedia.jar -walnut --help
The parameters you may want to change include the enzyme used to prepare the samples,

$ java -Xmx<GB_OF_MEM>G -jar encyclopedia.jar -walnut \
-i <MZML_IN> \
-f <BACKGROUND_FASTA> \
-t <TARGET_FASTA> \
-acquisition DIA \
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-enzyme

<ENZYME> \

-frag <FRAGMENTATION> \

-ftol <FRAGMENT_TOLERANCE> \

-ftolunits <FRAGMENT_TOLERANCE_UNITS> \
-ptol <PRECURSOR_TOLERANCE> \

-ptolunits <PRECURSOR_TOLERANCE_UNITS> \
-minCharge <MIN_CHARGE> \

-maxCharge <MAX_CHARGE>

In the MacCoss lab, with our typical DIA set up (trypsin digest, Orbitrap instrument,
demultiplexing the RAW file overlapping windows with MSConvert), the command usually looks

like this:

$ java -Xmx8G -jar encyclopedia.jar -walnut \
-i DIA_narrow_run_400to500mz.mzML \
-f human.fasta \
-t human.fasta \
-acquisition DIA \

-enzyme

trypsin \

-frag YONLY \
-ftol 10.0 \
-ftolunits ppm \
-ptol 10.06 \
-ptolunits ppm \
-minCharge 2 \
-maxCharge 3

Running Walnut produces several results files, including:

<MZML_IN>
<MZML_IN>
<MZML_IN>
<MZML_IN>
<MZML_IN>

.dia

.mzML .pecan.txt.log
.mzML . features.txt
.mzML .pecan.txt

.mzML .pecan.decoy. txt

2a. OPTION 2: XCORDIA

The command to run XCorDIA on the narrow-window acquisition files is the same as Walnut
(above), but replace -walnut with -xcordia.

The output files from XCorDIA will differ slightly :



<MZML_IN>.dia
<MZML_IN>.mzML.elib
<MZML_IN>.mzML.xcordia.txt.log
<MZML_IN>.mzML.features.txt
<MZML_IN>.mzML.xcordia.txt
<MZML_IN>.mzML.xcordia.decoy.txt

2b. Merge Results into a Single Library File (.elib)

This command must be run within the same directory as the search command from 2.b.i. No
matter if you used Walnut or XCorDIA to search the files! You have to be in the same directory
because Encyclopedia will look for the Walnut/XCordia result files in the current directory in
order to compile them into one elib, so if the result files aren’t there, Encyclopedia has nothing
to compile.

For a full list of options and default values for your version of EncyclopeDIA:
java -jar encyclopedia.jar -libexport --help

OUTPUT_LIBRARY_NAME: (filename) Any name of your choice. Entering narrow_merged
here would result in a final output of narrow_merged.elib (or narrow_merged.blib).
ALIGN_SPECTRA?: (true or false) You will likely want to set this to false for this step
as you're probably doing a narrow isolation gas phase fractionation. In general, if each of your
mzML acquisitions collect an identical precursor range, this should be true -- otherwise it
should be false.

USE_BLIB_FLAG: To export an elib, leave this blank. To export a .blib, set to: -blib

Typical run:

$ java -Xmx<GB_OF_MEM>G -jar encyclopedia.jar -libexport \
-1 <INPUT_DIRECTORY> \
-0 <OUTPUT_LIBRARY_NAME> \
-a <ALIGN_SPECTRA?> \
<USE_BLIB_FLAG> \
-f <BACKGROUND_FASTA> \
-t <TARGET_FASTA> \
-ftol <FRAGMENT_TOLERANCE> \
-ftolunits <FRAGMENT_TOLERANCE_UNITS>

Example:

141
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$ java -Xmx8G -jar encyclopedia.jar -libexport \
-1 ./ \
-0 narrow_merged \
-a false \
-f human.fasta \
-t human.fasta \
-ftol 10.0 \
-ftolunits ppm

3. Search wide-window data with library from step 2 using
EncyclopeDIA (command line)

3.i. Search Each mzML

For a full list of options and default values for your version of EncyclopeDIA:
java -jar encyclopedia.jar --help

LIBRARY_ELIB_FILE: This should be the result from your narrow library search in step 2.b.ii,
e.g. path/to/your/narrow_merged.elib

Typical run:

§ java -Xmx<GB_OF_MEM>G -jar encyclopedia.jar \
-1 <LIBRARY_ELIB_FILE> \
-i <MZML_IN> \
-f <BACKGROUND_FASTA> \
-t <TARGET_FASTA> \
-acquisition DIA \
-enzyme <ENZYME> \
-frag <FRAGMENTATION> \
-ftol <FRAGMENT_TOLERANCE> \
-ftolunits <FRAGMENT_TOLERANCE_UNITS> \
-ptol <PRECURSOR_TOLERANCE> \
-ptolunits <PRECURSOR_TOLERANCE_UNITS> \
-minCharge <MIN_CHARGE> \
-maxCharge <MAX_CHARGE>

Example:
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TODO
Output files:

<MZML_IN>.dia

<MZML_IN>.mzML.elib
<MZML_IN>.mzML.encyclopedia.txt
<MZML_IN>.mzML.encyclopedia.txt.delta_rt.pdf
<MZML_IN>.mzML.encyclopedia.txt.log
<MZML_IN>.mzML.encyclopedia.txt.rt_fit.pdf
<MZML_IN>.mzML.encyclopedia.txt.rt_fit.txt
<MZML_IN>.mzML.features.txt
<MZML_IN>.mzML.first_round.txt

3.ii Merge Results into a Single Library File (.blib)

! Note: You most likely do not need to create a .blib anymore, because Skyline can read elib
files.

This command must be run within the same directory as the search command from 3.b.i. The
parameters used should be similar to those used in step 2.b.ii, with the following exception:

ALIGN_SPECTRA?: (true or false) You will likely want to set this to true for this step
as you’re probably searching replicates with the same precursor mass range.

Typical run:

§ java -Xmx<GB_OF_MEM>G -jar encyclopedia.jar -libexport \
-i <INPUT_DIRECTORY> \
-0 <OUTPUT_LIBRARY_NAME> \
-a <ALIGN_SPECTRA?> \
<USE_BLIB_FLAG> \
-f <BACKGROUND_FASTA> \
-t <TARGET_FASTA> \
-ftol <FRAGMENT_TOLERANCE> \
-ftolunits <FRAGMENT_TOLERANCE_UNITS>

Example:

$ java -Xmx8G -jar encyclopedia.jar -libexport \
-i ./ \
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-0 merged \

-a true \

-f human.fasta \
-t human.fasta \
-ftol 10.0 \
-ftolunits ppm

DOCKER-POWERED COMMAND LINE
WORKFLOW

Docker allows for running applications without having to worry about downloading or installing
the software you’d like to run. Once docker is installed, it handles all of this automatically. See
here for instructions on installing Docker: TODO

This workflow is identical to the COMMAND LINE WORKFLOW above, with the following
modifications:

For msconvert, instead of using
msconvert.exe --help
You can use

docker run -it --rm \
-v “C:\Users\your_username\path\to\your\data:/data” \
chambm/pwiz-skyline-i-agree-to-the-vendor-licenses:3.0.19073-85be84641 \
wine msconvert --help

And docker will download and install msconvert for you if needed and then run your command.

Similarly, for encyclopedia:

java -Xmx<GB_OF_MEM>G -jar encyclopedia.jar --help
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becomes

docker run -it --rm \
-v “C:\Users\your_username\path\to\your\data:/data” \
-e 'JAVA OPTS=-Xmx<GB_OF MEM>G’\
atkeller/encyclopedia:v0.8.1_cv2\
encyclopedia --help

Giving Docker Access to Your Data

Docker can’t take paths to your data directly, so you need to give it access using the -v flag.

If your data is under... TODO [Finish describing mounting volumes]



146

Appendix
Skyline.

!I'Tip: You can find a Skyline template with steps 4a-4h pre-cooked in this

directory. You’'ll need Skyline-daily to use it, | think, but you can pick up at step
4i.

Settings > Peptide Settings.

Peptide Settings X Peptide Settings X
Digestion Prediction  Fiter  Library Modffications Quantification Digestion Prediction Fiter  Library Modifications Cuantification
Retention time predictor: Min length: Max length:
None A .J
Exclude Nterminal Afs:
Use measured retention times when present
Time window
[1 Exclude potential ragged ends
Exclude peptides containing
% Cys Edit list...
- 2 Met
lon mobility predictor: [] His
None & [C] NXT/NXS
[] RP/KP
[] Use spectral liorary ion mability values when present

Auto-select all matching peptides
Linear peak width

Cancel Cancel

4a. Prediction: Check “Use measured retention times when present”, Time window=2

4b. Filter: Min length=3, Max length=25*, no excluded amino acids checked (*I
sometimes increase the Max length to 40)

Settings > Transition Settings.
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Transition Settings X || Transition Settings X
Prediction  Fiter  Library Instrument  Full-Scan Prediction Fiter  Library Instrument  Full-Scan
Precursor mass Product ion mass Peptides  Small Molecules
Monaisotapic "_I | Monoisatopic: ) Precursor charges: lon charges: lon types:
X | 2 "
Collision energy: Declustering potential
| Themo TSQ Quanth ~ | | None v | Product ion selection
From: To:
Optimization library: Compensation voltage ion 3 3 '_ last ion "
' None e . . None: ~ .
Special ions
[ TMT128H ol | Edtls. |
[ Use optimization values when presert L] TMT-125L i
] TMT-129H
] TMT-130L
O] TMT-130H
O TMT-131 v

[] Use DIA precursor window for exclusion

Auto-select all matching transitions

Transition Settings X
Prediction Fiter ~ Lbrary  Instrument  Full-Scan

lon match tolerance:

Loos | mz

I a library spectrum is available, pick its most intense ions

Pick

l:l minimum product ions

(C) From fittered ion charges and types
() From fittered ion charges and types plus fitered product ions
(®) From fittered product ions

[k ]| Concs
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Transition Settings X Transition Settings X
Prediction  Fiter  Library Instrument  Ful-Scan Prediction Fiter  Library Instument Full-Scan
Min m/z: Max m/z: M5 e
-~ 1500 i Isatope peaks included: Precursor mass analyzer:
] Dynamic min product m/z Nene =
Peaks: ion:
Method match tolerance m/z: ears Resoktion
0.005 miz
Isotope labeling enrichment :
Firmware transition limit Firmware inclusion limit:
MS5/MS fitkering
Min time:: Max time: Acquisition method Product mass analyzer:
L Jm L Jme DiA | [Conwied v
Isolation scheme: Mass Accuracy:

Results only ~ ppm

Lze high-selectivity extraction

Retention time fittering
(® Use only scans within minutes of MS/MS [Ds
(7) Use only scans within |5 minutes of predicted RT

() Include all matching scans

Cancsl Caneel

4c. Prediction: Precursor/Product ion mass="Monoisotopic”

4d. Filter: lon charges=1,2 lon types="y"*, From=lon 3, To=last ion, no special ions
*Set “ion types” to reflect how you searched the data in Encyclopedia!

4e. Library: lon match tolerance=0.005 m/z, check “If a library spectrum is available,
pick its most intense ions”, pick=5 product ions, select “From filtered product ions”
* If you’re intending to use quantifications from Skyline and skipping MSstats, you
may want to consider setting the Pick: *3 minimum product ions

4f. Instrument: “Min m/z=50, Max m/z=1500, Method match tolerance m/z=0.005
4g. Full-Scan (MS1): “Isotope peaks included=None”
4h. Full-Scan (MS/MS): “Acquisition method=DIA, Product mass analyzer=Centroided,

Isolation scheme=Results only, Mass Accuracy=10 ppm, check “Use only scans within
“2” minutes of MS/MS IDs
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Load the FASTA database and the ELIB library from EncyclopeDIA into Skyline.

4i. Open Settings/Peptide Settings/Digestion. Select “<Add...>” for Background
proteome

Peptide Settings X
Digestion  Prediction Fiter  Library Modifications  Quaniification

Enzyme.
Tiypsin [KR | P] o

Max missed cleavages

1 o~

4j. Set Name="[yournamehere]”, then click “Create...” and type in a descriptive name for
the soon-to-be-created Proteome File and click “Save”. Select “Add File...” to add the
background fasta you were just using in the Encyclopedia suite.
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Peptide Settings X

Digestion  Prediction Fiter  Library  Modifications  Quantification

Enzyme:
& Edit Background Proteome X
Nere o
|)reast_bgjmteome
Proteome file:
| Open... || Create... #is Create Background Proteome
ST 22 o ~ /M | | « aging_yeast » iron-pathway w Search iron-pathway el
Organize » Mew folder e e
|| Aftachments # Mame Date modified Type Size
b Broad institute 5 Rprojuser  9/11/20133:36PM  File folder
| Documents | data 9/11/2018 246 PM  Filefolder
S Tre e " | Documents 1 L results 10/2/2018 321PM  File folder
_b Papers
& Lindsay Pino
O This PC
‘m Libraries
- fuckyoubcs (H:)
_b afed

| inactive
. novo

'_ | n ova_8vl2mzo

| | novo_qc

B Seagate Backup |,

FE Al m_typing_a_name_for_this_proteomefile

Save as type: | Proteome File (*.protdb)

~ Hide Folders

4k. Open Settings/Peptide Settings/Library. Select “Edit list...”, then “Add...”. Set the
name to be “[yournamehere]” and select “Browse...” to select the .elib that you saved in
EncyclopeDIA from the wide-window search (not the gas phase fractionated, narrow
window library). “Ok” out to the Peptide Settings.

last undated 9 Aor 2019
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Peptide Settings

Library  Modffications  Quantffication

Digestion  Prediction  Filter

Libraries:

X Edit Libraries ® Editligt...
Libraries: Build...
ok | | Cancel |
. Edit Library *
MName:
A, |
Cancel
Path:

Spectral Library Links:
PeptideAtlas NIST  GPM

[~ Use explicit peak bounds

41. Check the new “[yournamehere]” library and uncheck all other libraries. Click
“Explore...” to view it

I'If you get a pop up warning that ‘Peptide settings have been changed. Save
changes?’ then just click “Yes”

4m. Check “Associate proteins” and click “Add All...”. Select “Add to all matching
proteins” and “Include all peptides” and hit “OK”.

4n. If you have more than one library (*.elib) for your experiment, you must select each
of those libraries from the dropdown menu in "Spectral Library Explorer" and repeat
step 4m for each.

40. Save the Skyline file!

4p. Import .mzML data into Skyline

last undated 9 Aor 2019
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! Tip: Use the .mzml files, not the .raw files! If you prefer using the .raw files for
some reason, you will need to set the windowing scheme parameters in the
"MS/MS filtering" box under the "Full Scan" tab in Skyline's "Transition Settings"”.

TODO make a Skyline template file for the wide-window isolation window method.

Skyline: Export report for MSstats

To load the MSstats report format, install the MSstats external tool. Alternatively, you
can quickly build a custom report using the little black binoculars to find whatever fields
you’re interested in exporting.

4q. File > Export > Report...
4r. Edit list... > Add...
4s. Make sure to name your report ("View Name:"), and check the fields you want the

report to include. Binoculars are at the top left, next to the Redo arrow, and will find
fields by name.



Bri-line.

Bri-Line elib Browser

The top left under “View”, select the “Launch ELIB Browser” option
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& Lindsay's PoopeDIA: Peptide Searching for DIA

File View Convert Help

? W Lounch ELIB Browser CHIE W cormia

W Leunch Multi-ELIB Browser Ctrl+M |

iziepeDIA: Now powered by chilly

<= Launch RAW File Browser
% Launch Peptide Browser

Aa Launch Feature B |
st i Deptide fragmentation chromatograms from MZML files,

- matches them to spectra in libraries, and calculates various scoring features.
These features are interpreted by Percolator to identify peptides.

Parameters:

L\brary:|ZU180904,‘A'asku,GPFLIERARY.Ehb | Edit
Ba:kgm|_|r|d;’y&astumprutﬁ?l1enmEsﬂEcEssedZDUU‘BZS."ESG | Edit
Target/Decoy Approach: Normal Target/Decoy v
Data Acquisition Type:|Non-Overlapping DIA ~
Enzyme: Trypsin v
Fragmentation: HCD (f-Only) ~
Precursor Mass Tolerance: 10.0PPM ~
Fragment Mass Tolerance: 10.0 PPM ~
Library Mass Tolerance:|10.0PPM v
Percolator Version: v3-01 ~
MNumber of Quantitative lons: =
Minimum Number of Quantitative lons: 3=
Number of Cores: 81

\Jobs: Add MZML

J Save Chromatogram Library

i, save LB

. Save QuantReports

File:
Read 20180904_wasko_887_A_D16.mzhL

Progress

Wrote 16208 peptides identified at 1.0% FDR

Read 20180904_wasko_887_B_013.mzML

Wrote 16512 peptides identified at 1.0% FDR

Read 20180904_wasko_887_C_D29.mzhL

Wrote 16108 peptides identified at 1.0% FOR

Read 20180904 _wasko_1016_A_017.mzbL

Wrote 16511 peptides identified at 1.0% FDR

Read 20180904_wasko_1016_B_018.mzML

Wrote 16419 peptides identified at 1.0% FDR

Read 20180904_wasko_1016_C_030.mzVL

Wrote 16167 peptides identified at 1.0% FDR

Read 20180904_wasko_extref_028.mzML

Wrote 15315 peptides identified at 1.0% FDR

Vrite Library 20180904 _wasko_QUANTREP. el

19685 peptides identified at 1.0% FDR.

irite Library 20180904 _wasko_CHROMLIE.elb

19685 peptides identified at 1.0% FDR

Viirite BLIB 20180904_wasko_BLIB.blib

19685 peptides identified at 1.0% FDR.

T ErETTT T T T W T
Wiriting Skyline BLIB from 20180904 _wasko_extrel_028.mzML...

Resd 20180904_wasio_exiref_028.mzML. (102 totsl windows) hd

1555 of 3621 MB used

Next to the “Library” field, click the “Edit” button and navigate the explorer to the “Save

Chromatogram Library” file you just saved.
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File
Parameters:
Library 20180304 _waske_CrROMLIz.eib [T ]
Rau plesse select fle. ED

# Prear.. Cherge Peptide  Protsin  Retent.. TIC Score

|£] Please wait.. x
Reading Library
elect a peptidet

earch:

Once the library has loaded, you should have a populated target list like this:

L ibrary{20180304 wasko_CHROMLIB.cib || ear
Raw;}:lease select file... ‘ Edit
B Prear.. Charge FPeptde Froten Reten.. TIC  Score
1 671864 EDTN.., 5plP206...|  47.04 0.011]
2 723801 2EDDVEE... 5p P463...| 33446 10,001,...| _ 0.003
3 3VNCEFS... splP14...  4.253 101,504 o
4 2SHNLEE. . pP39L..| 25.726|%0,715,..|  0.005
5 3TOLIAM... splQ12.. | 32.5625,138,5...| _ 0.025)
5 2RHLAEL.. plP14L...| 33.752/206,769 o
7 2\YDNPVA... ep[P35L...| 23255/ 10,965, 0.019
B 20INELLS... p P00S...| _5.253|%0,366, .| 0.003
9 2TDEQN.. |plPE33...| 33.794[35,550, . 0.001
UTSTAT... p[P326...|  20.598|20,401,..| _ 0.091
2FLVDSNGK pP38L..|  26.32(27,299,..| _ 0.02)
3[NDKQT .. 5pP0%6...|__39.08 o
3SWYPA... =pIQOD... | 51.4575,595,798| 0,001,
3TINSD. ., 50/P530,..| 35,216 13,772,.. 0,008
3LELSGL., P00, 4797 003
2UADLGLE (5 P254...| 31752, 0%
2D 5%.571 007
2! 25.@‘_ @‘
2 32.685 .00
3 e Sgne| | Felectapeptde!
2 8,654 0.001
2 74645 0.001
3 .55 0.026,
21 593160, 0.003
2 .753(33,45%, .| 0.001
2 36.964 10,631,...| 0.0
250 20.52420,62%,..|_ 0.003
2 71.685(7,702,8... _0.006
2 36.272/588,%81.. | 0.014
2 31.357/25,3%6,...| _ 0.001
2 1 0.001
3 50.77[8,163,114__0.021
3
2 2
2

51731
51189 0.008]
23.212(5,371,663| _ 0.004)
45.213,883, 0.005|
32.543(3,939,3 0.073,
23212123619, 005l Y.

earch:

Next to the “Raw” field, click the “Edit” button to select one of the RAW files analyzed in that
chromatogram library.



hing for DIA = a
[£] EL1B/DIA Detection Browser - o x
File
Fragments Precursors
F s
Library}20180304 wasko_CHROMLIB.cib | ear
Raw. 20 180304_wasko_extref_025.ran =D =
Precursor M/Z C... Peptide Protein Retention Tme ~ TIC Score 250
|spIP02994EF1A_YEAST | 0.012(al|
2 pIPO233+{EF 1A YEAST &
3 2IGGIGTVPYGR S = 200
+ 2IGGIGTVPVGR P25 4[EF LA_YEAST =
5 687,565 o  VEAS... 487 5,425,508,672] 2 450
6 644,855 2VNQIGTISESIK __[spi 101 YEAS... 35,337 5,018,51L,74 3
7 657,565 o ) VEAS. ZA885|__ 8,406,454,277] =
8 01783 2TANDVLTIR D) 1_YEAST 32205 8,003,335,240 100
s +93.798 TSIGTIGPK o 1_YEA. 36975 7,831,681,024
0 687.865 2T _YEAS 34757 7,422,368,224 50
11 644,555 2VNQIGTISESIK __ splPODS24/ENO 1_YERS... 35,194 7,335,780,354
i 01753 2TANDVLTIR P 1_YEAST 32.183|  6,985,075,008 - —
B 600.341  2DAGTIAGLNVIR __sp|P10591/HSP71_TER 49.514 6,85,365,504 0 ===
4 687.865 2T D _YEAS 24.8%| 6,738,058 322 323 324 325 326 327 328 329 330 331 332 333 334
15 501783 2TANDVLTIR p 1 YEAST 32375 6,59,762,850
B wims  amonmw 5 SoveRsT XTI EY T RatantianiTims:min)
7] 501783 2TANDVLTIR p 1 YEAST 31528 6,379,620,080) E — — — e e v
18 600.341  2DAGTIAGINVIR __sp|P10591HSP71_YER. 48,862 6,372,8%,832 b2 =85 —b=bSb6 BT Y0 Y2 yB —y Y5 —yBi—yT —yB-—yd
2 P ) YEAS 25057 6,263,275,00 =
2YQUIVIDAPGHR __|5p|P02994[EF 1A_YEAST 2785 6,237,343,232 Quantification  Detection
28t 5pIPOOS49 KPYK1_YEA. 904 6,114,215,424]
pIPO0330 | ADH 1_YEAST 658 6,076,865,024]
pIPO0330 |ADH 1_YEAS .. 714 6,075,833,85 0.16 200
'5plP00T30/ADH1_YEAST 535 6,005,87L,616 0.
splP11484/5581 YEAS. . 304 5,99,587,840 0. 014
5pIPO0543 [KPYR1 YEAST 33| 599,191,616 0. 250
SpIPO05 [KPTRI_YEA, . 278 5,960,495,516 0. 012
o _VEAST 58,408 5,910,298,112] 0 -
5pIP06 169 [PDC1 YEAST 33.32%| 5,303,413, 760) 0.004 S 000
lspIP10591|HSP71_YEA... 4,373 5,300,851,712| 0.003] 2010 e
5pIP06 163 [PDC_YEAST 34001 5881,413,837] 0.007] o =
= =)
o 1_VEA. 37.027] _ 5825,532,416 0.005, £ 08 2 150
DAGTIAGLWVIR __|splP 10531 HSF71_YEA. 49.514_5,822,454,784 0.003, = =)
687.865| Dl 2_YEAS. 25.464] 5,774,737,920 0.001] R
+93.798 TSIGTIGPK o 1 YEA. 37.054] _ 5,662,510,592] 0.01 0.06
+95.798 TSIGTIGPK 1_YEA. 36.865 _5,635,237,280) 0.005, 100
667,865 2Te = _YEAS, 24.984  5,488,590,594) 0.001 0.04
01753 2TANDVLTIR P 1_YEAST 32.7%|  5,%0,703,232] 0.01
314.59  3[TTYVIQRPVYLGLP. .. 5p|P06 168 PDC1_YEAST 61618 5,285,692,928] 0 002 50
593,333 2DAGAISGLNVIR __p|P11984/S581_YEAS. 47,237 5,256,941,440) 0.003,
442,266 2WLPELQEK. p _VEAS 28,464 5,198,122,996) 0.011] o
493.798) TSIGTIGPK p 1 ¥EA. 36971 5,119,346 0.008] =
595,333 JDAGAISGIWLR eplP 114845561 YEAS .7 5,075,038, 4 0.002 326 327 328 329 330 334 322 324 26 325 BO B2 14
£19.00. TAGIOLADDLTVT E 0 = .01l Retention Time (min) Retention Time (min)

Above is an example of a “good” peptide, where Encylopedia found lots of interference-free
fragments (all the fragment traces in the bottom right are green).

& tin ‘

[£] ELIB/DIA Detection Browser - o X
File
Fragments precursors
Parameters:
Library. 20180304 wasko_CHROMLIS <l = 20
Raw. PﬂlEDQU‘tﬁwsskn’exnaf’DZB raw ‘ Edit
. Precursor MjZ C... Peptide Protein RetentonTme  TIC Score i
| esasm aFaroestoon fwipaoolsesveAst | zagwe  geosoe0]  owonl || & o
= N
3 AQHAVILDQEKYDR. sp|POCOT4! 3_YEA... 22,358 163,503,312 = \
15pIP33958[GDI L YEAST 210
/spIQ12518|ENT1_YEAST £
2|
|sPIQO3768IGIR2_YEAST . 363 05
IsPIQ12452|ERG27_YEAST| . 363 = ~
LEDNETEIK |sPI013527YAL1B_YEA... . 363 - P N <
2 AHGLSPEDPGLK _|sp|PD4802|SYDC_YEAST 364 00 = = = e
splP25623(5P1_YEAST 2.36% 218 219 220 221 222 223 224 225 226 227 228 229 230
R [splPA0212RL18 VEA... 22.365
eeTEQK |ep 1 YER 22.3%6] Retention Time (min)
2JATESQIK p[P325272001_YEAST .37
L s = D2 —b3 —bd —Db5 —b6 —y1 —y10 —y10+2H —y11 —y12+42H —y3 —y4 —yd+2H —y5 —y6 — y6+2H
JAGFAGDDAPR _[sp|P600IDJACT_YEAST 22.389 — 7 —y7+2H —y8 —y8+2H —y8 —y8+2H
o TvERsT 2.3 11,043,227 0.003
LGTLNOK sp|P L7078 RLSA_YEAS. 237 3,235,28 E || e
2[IEC[+57.0214635...|sp|P22579 [SIN3_YEAST 22371 3,605, 195.5, 0.011]
2VAPDEPNSLSGOR T1YEAST 2572 2817,094.25 0.08
2[TQDVPQTELQEK _ |sp|Q04500|UTP 14_YEAST| 22372 9,107,604 0.038| 020 20
ZDIHDWNIR o 2 yeAsT 2572 25,957,964 0.057,
TSR [sp!  YEAST 2573 13,901,328, 0.003 018 18
2TQNITADTK o VEAST 2.574 56,512,6% 0.002
2LEVTTKPR lsp|P 11353 |HEMB_YEAST 22376 8,227,966, 0.012] 016 16
TEDVTPVPSDSTRK _[sp|P08367 RS 14A_VEA. 2577 74,153,232 0.001
LVTLAQTDRK p[P33201 [MRT4_YEAST .59 10,208,299 0.021 0.14 =14
2[DVPHC[+57.0214... |sp|PO0S 12|ARGI_YEAST 22381 18,577,040 0.025 =
2IQSTSSAVSLSTK  [sp|PL1075|SEC7_YEAST .38 10,713,084 0.08 g 012 D,
ZLLAPDVHR. p _YEAST 22.363, 72,548,560, 0053 5 =
plqoa22siRRa 1_yeAST .3 10,078,407 0001 Lo10 219
2[1SQESC[+57.021... [sp|Q12326|PMG3_YEAST 22.383 3,245,098.25) 0,032 = 2
2TVNLYSK lsp|P 17255 |VATA_YEAST 22.564) 66,668,146, 0.053) 0.08 =08
DREAEQYAEQEGIK [sp 38730 [IF28_YEAST 32.384 5,167,632, 0.003
2rPORNIK p[POCX35/RS4A_YEAS. 52.384 184,241,358 0.052, 006 08
VTETTGTSNTAG. 1_YEAST 52.385 5,361,500) 0.025
JNEFC[+57.0214... [sp|P22515UBAI_YEAST 52.385 19,790,296, 0.002, 004 04
S[SARTLINSTELHNR_|<p|QUB977[YP260_YEAST 2.3 38,131,0% 0.018
S|LVTGVNPASAST... sp|QU+432[HSP31_YEAST 2.3 25,455,927 0.005 002 02
FUEVITER pIF 11353 HEMS_TEAST 2.3 15,443,293 0.01 000 00
ZKSIDEALTK EAST 52.387 110,930,976 0.031
2/SLPAQNPATATTSK. 1_YEAST 22.387| 37,834,784 0.001) 22 23 224 225 218 20 222 28
Retention Time (min) Retention Time (min)
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Above is an example illustrating Encyclopedia’s fragment refinement. The bottom left pane
shows a fragment ion chromatogram in red, which doesn’t follow the average profile of the peak

group.

W

4] ELIB/DIA Detection Browser - o x
File
Fragments precursors
Parameters:
Ubrgw-m‘lﬂtwasku’CHRﬂMUE elb [ Ea ] 50
Raw 20180504 wasko_extref_028.ran _ | Ea 45
Precursor Mz C... Peptide Proten Retention Tme  TIC Score 40
722328 2 L) [TPS3_YEAST 22373 13,301,325 0.003|all
502.275]  2TQNIADTX splP37302|APEIYEAST 2574 oz || & 35
528.824]  2LEVTTKPR |spIP11353|HEME_YEAST 22.376| 0.012] T g
772.402_ 2[EDVIPVPSDSTRK _|splPOG367IRS 144 VEA... 22377 0.001] =
558,835 ZLVILA [spIP33201|VRT4 YEAST 22379 0.021] 25
591285 2Z[DVPHC[+57.0214... sp|PO0B 12|ARGI_YEAST 22381 0.025, i)
595312 2/QSTSSAVSLSTK |sp|P11075(SECT_YEAST 22.381 0.08) E20
460.763| 2ULAPDVRR [spl kPR3 YE 22383 0.093, 15
851,934 2SIEVNEEQDRVVSAK |p|QU4225|RRE 1 YEAST 22383 X 0.001]
857.931  2II5QESCI+57.02L., |sp|Q12326/PMG3_YEAST 22383 0%, 0,032 10
412723 2[TVNLYSK o |VATA_YEAST 22.384] & 0.053 05
68,921 DKEAEQYAEQEGIK [sp|P35730[IF 28_YEAST ]
423,721 2vPOPNIK spIPOCX35|RS4A_YEAS I e —— —_— = .|
910,961 2VIVIETTGTSNTA P10964IRPA 1_YEAST 218 219 220 221 222 223 224 225 226 227 228 229 230
660,312 2INEFC[+57.021%.. [spP22515|UBA1_YEAST
517.274  3SAATLIHSTELHNR _|sp! VP 260_YEAST Retention Time (min)
573 3 - lsp|Quea32|rsP31_YEAST 22386 28,455,922
S35 58] 2EVTTOR sp|P11353|HEMS_YEAST 22385 15,244,293 b2—b3 —b4—b5 —bE—bG+2H —y1—y2—y3 —y4—y5—yT—y8
i 533,793 ZKSIDEALYK 5pIP53303I2PR1_YEAST 22387 110,930,976
; 693,865 2'SLPAQNPATATISK |splP3B968ISEC31_YEAST 22.387] 37,834,784 Quantfication Detection
695.355|  2IKEEAFELTEAK |splPO0B15|HIS2 YEAST 22358 26,024,164, 018
6a4.555  ZEKQELLSSIQK___[splPOT259PYRIYEAST 2.358 16,571,867
666,847 'sp|P388 10|SFE3_YEAST 22.39) 8,111,801 5] 016 50
. P53925|YN.5_YEAST P
s VKR sp|P12612[TCPA YEAST 22,392
415.248  2AGSGVIVAR spIP32793IVSCE4 YEA. . 0.14 40
30.535]_ZEANTER spIP12703]GEPIYEAST 22,393
708.354]  2[TQDVPQTELQEK |sp|QO4S00]UTP 14_YEAST | 22.393 012 35
56529 2QPAEVSIEC 5pIP33302IPDRS_YEAST 22394 e
5,729 2TNLC[+57.021%. . [splP32771|FADH_VEAST 22,399 2010 Zap
723.843] 25C[+57.0214635]... spl |GFAL_YEAST 22394 2 =
§01,308] 2 KGVSDEANINETGR.[sp|PO7251]ATPA_YEAST 22,395 won @55
475.751] 2LQQTAFDK. sp|P35691[TCTP_YEAST 22395 = o
604,338 2[TLSVKQEFQK 5pIP12703]GEPT_YEAST 22,39 27,863,222| 0.014) =510
450,245 3DLVKNNVSFNAK _5plPO7149|FAS1 YEAST 22,397 13,018,999 0.041] 006
624.538]  2ILGEEHPLQVAR 0! |PRS7_YEAST 22.357| 34,730,916 0.005 15
2.2 2SDAVR PO7260/IF 4 YEAST 22,398 91,269,299 0.03 004
460745 ZAFVNEVNK 22.398 25,004,584 0.08 1.0
772402 2[IEDVIPVPSDSTRK PO6367IRS1 22398 70,569,096 0.001) 002
454,745 2TGFOATVGR PO3064[1F 28_YEAST 22398 3,088, 184 0.0%, 05
841374 2DGDATTSTESLPA... [sp|PA0517|YRE2_YEAST 2239 12,591,346 0 000 00
694.331  2IAIQQAADEVASGK _|5p|POBA 17|FUMH_YEAST 22399 39,699,249 0.001 ' ey
T 22 13 2425 me 27 s 20 23 24 238 28 230
- POVER. nIP3AEAIIKPRI YEAST 0031l Y. Retention Time (min) Retention Time (min)
earch:

And finally, above is an example of peptide that was detected but doesn’t look quantitative.
There is no canonical chromatogram shape that looks good, but if we click on the “detection” tab
in the middle of the three figures:



|2 ELIB/DIA Detection Browser
File

O
X

Parameters:

Fragments  precursors

Q04500 |UTP14_YEAST

|PDRS_YEAST

150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900

Library 20180904_nasko_CHROMLIB.eib = 4
Raw_|zumuquq_wasku_emef_m raw ‘ Edit =
= =
Precursor Mz C... Peptide proten Retention Time  TIC Score z,
2
722.59 DNSR_ !  YeAsT 22373 13,901,329 k5] s -
502.275 _ 2[TQNIADTK <pIP37302|APE3_YEAST 22574 96,512,6% £ e = 3
52624 2LEVITIOR <pP11353|FEM6_YEAST 22375 3,227,966, 0 - — =
= 198 YEA 2577 74,155,259 218 219 220 221 222 223 224 225 228 2271 228 228 230
2LVTLAQTDRK T4 YEAST 237 10,208,254 Retention T
2 'spIPODBL2IARGL_YEAST 22.381] 18,577,040 etention lmermin)
2 SoPT1075ISEC7_YEAST 22.381] 10,713,084
2LLAPBVHR [KPR3_YEAST 22,383 72,548,560 ‘ i e o
K 5p|Q04225 RRB1_YEAST 22383 10,075,407
2[ISQESC[+57.021... |sp|Q12326|PMG3_YEAST 22.383| 3,245,048, 25| Quantification Detection
2TVNLYSC pIP 17255 |VATA YEAST 22384 56,669,198
DK SpIP39730[IF2R _YEAST 22384 3,187,653 SLHDSLSVVKR+3
2PORNIK SpIPOCK3SRS4A_YEAS. 22383 184,241,328 45
2VIVTETTGTSNTAG. . |5plP 109641RPAL YEAST 40 |
2 0P2251510BA1_YEAST |
3 H  VEAST 2238, 38, 131,05% 0.035 35 A
3 sIQ0432 HSP31_YEAST| 22356, 25,455,922 0.005, =
210 olP 113531HEM6_YEAST 22.38 15,494,253 001 S 3.0
2KSIDEALYK 1_YERST 22387 110,930,979 0.031 S
2 SLPAQNPATATTEK Veast 22587 37,534,784 o.001 = |
e oA e 26,023,154 son2 || 220
5pIPD7259IPYR.L_YEAST £ 5 |
splP38810[5FB3_YEAST. |
'spIP53925]¥NL5_YEAST 10 ‘
: P125 2ITCPA YEAST
I ) 051 ﬂ i s dbed 1% | l o v @
<plP12708[GEPI_YEAST ool ] ¥ W T, < PO L | IS (AP
E3

5pIP32771IFADH_YEAST M
5P 147421GFAL YEAST
PO72511ATP A YEAST £ Y #
TP_YEAST 22.3% 33,452,368 L 175.119] 1
P 12705]GEP]_YEAST 22,396 27,863,222 2 303.2139] 2
PO7145]FAS 1_YEAST 22,397 14,015,959 3 40228231 g
7_YEAST 22,397 34,790,516 4 50135071 &
07260|IF4E _YEAST 22,398 51,269,238 5 588.3828] 5
PA6633IYAR.1 YEAST 22,398 23,004,884 a 1.9668 6
IRS14A_YEA, 2239 70,569,0%| . [788.4989] 7
IF2B_YEAST 22,398| 8,088, 184 8 [903.5258] 8
DATTSTESLPA. [YRE2_YEAST 22.359 12,551,3%, 9 1040, 5847 g
ATQQAADEVASGK [FUMH_YEAST 22.359 39,698,274 10 1153.6688 |I“
ALGDASLQR OPB2_YEAST 22,399 54,012,104 1 1240.7008 11
LAPDVHR: YEAST ol 43.459.3%

We can see that in the spectrum the detection was made, there are a reasonable number of
fragments. This is just an example of how we can’t quantify everything we detect!
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Bri-Line RAW File Browser

13 H et 13 H 33

Top left under “View”, select “Launch RAW File Browser

& Lindsay's PoopeDIA: Peptide Searching for DIA - O

y's Poop p I
File |View| Convert Help
¥ Launch ELIB B Cl+E §
I W e il hE rKCﬂfDIA Jobs: Add MZML . Save Chromatogram Library L/ Save QuantReports I, Save BLIB
W Lsunch Multi-ELIB Browser Ctrl+M
File Progress

iziepeDIA: Now powered by chilly

= Launch RAW File Browser
% Launch Peptide Browser

Ao Launch Feature B - -
s Dbeptide fragmentation chromatograms from MZML files,

- matches them to spectra in libraries, and calculates various scoring features.
These features are interpreted by Percolator to identify peptides.

Parameters:

L\brary;‘lﬂ1BDQD4JNES)<07GPFLIBRARV‘ehb ‘ Edit
Backgmund;b’eastumprutﬁ?h&ntﬂesaccessEdZUINQZS‘%SB ‘ Edit
Target/Decoy Approach: Normal Target/Decoy v
Data Acquisition Type: Non-Overlapping DIA v
Enzyme: Trypsin v
Fragmentation: HCD (¥-Only) v
Precursor Mass Tolerance: 10.0 PPM ~
Fragment Mass Tolerance: 10.0PPM ~
Library Mass Tolerance: 10.0 PPM ~
Percolator Version: ¥3-01 ~
Number of Quantitative lons: 512
Minimum Number of Quantitative lons| 3
Mumber of Cores: 81

TR Ty T T T acer T

Quant Extracting 1000.7 to 1008.7 miz (20.72102 to 20.037264 min)

Wiiting Skyline BLIB from 20180804 _wasks_sxtref_028 mzML v
363 of 3621 MB used

Read 20180904_wasko_887_A_D16.mzML

Wrote 16208 peptides identified at 1.0% FDR.

Read 20180904_wasko_887_B_019.mzML

Wrote 16512 peptides identified at 1.0% FDR

Read 20180904_wasko_887_C_029.mzL

‘Wrote 16108 peptides identified at 1.0% FDR.

Read 20180904 _wasko_1016_A_017.maVML

Wrote 16511 peptides identified at 1.0% FDR.

Read 20180904_wasko_1016_B_018.mzML

Wrote 16419 peptides identified at 1.0% FDR

Read 20180904_wasko_1016_C_030.mzML

Wrote 16167 peptides identified at 1.0% FDR

Read 20180904_wasko_extref_028.maML

Wrote 15315 peptides identified at 1.0% FDR.

Write Library 20180904 _wasko_QUANTREP. elib

19685 peptides identified at 1.0% FOR

13685 peptides identified at 1.0% FOR

Eim Library 20180504 _wasko_CHROMLIB. elib

Write BLIB 20180904_wasko_BLIB.blib

15685 peptides identified at 1,0% FOR

Select a “RAW” file that has been previously analyzed with the Encyclopedia suite (XCordia,

Walnut, Encyclopedia, ...)
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Parameters:

Scans  Intensity Distributions = Range Statistics

IRAW File Please select fle...

[ Ear |

*

Quick access

Desktop

Libraries

L

This PC

@

MNetwork

You should get a small pop up titled “Please wait...” with a “Reading Raw File” animation.

£ Spectrum Name

Scan Start Time

Precursor M/Z |

|£] Select a RAW File file

Look in: |

Objects of type: ;N\ Fles (.7}

agingko_wasko_20180910 ~ | o2 -
MName Date modified Type Size
5] 20120904_diamethoddey_2H-1¥_8mz_010.raw 9/10/2018 11:34 AM  RAW File 802,173 KB
& 20120904_diamethoddev_2H-1¥_12mz_011.raw 9/10/2018 11:35 AM  RAW File 1,005,954 KB
5] 20180904 wasko 887 A D16.raw 9/10/2018 11:34 AM  RAW File 1,055,592 KB
] 20120904 _wasko_887_B_019.raw 9/10/2018 11:34 AM  RAW File 1,122,523 KB
] 20120904 _wasko_887_C_029.raw 9/10/2018 11:35 AM  RAW File 1,133317KB
5] 20180904 wasko 1016 A 017.raw 9/10/2018 11:37 AM  RAW File 1,165,038 KB
] 20180904_wasko_1016_B_018.raw 9/10/2018 11:38 AM  RAW File 1,216,836 KB
] 20120904 _wasko_1016_C_030.raw 9/10/2018 11:39 AM  RAW File 1,132,304 KB
{|] 20120904 wasko_extref 028.raw 9/10/2018 11:39 AM _ RAW File 1319771KB ¢
5] 20180904 wasko library 400-500 021 raw 9/10/2018 11:38 AM  RAW File 712,651 KB
&) 20180904 _wasko_library_500-600_022 raw 9/10/2018 11:42 AM  RAW File 208,443 KB
] 20180304 _wasko_library_600-700_023.raw 9/10/2018 11:37 AM  RAW File 856,583 KB
5] 20180904 wasko library 700-800_024.raw 9/10/2018 11:41 AM  RAW File 843,184 KB
] 20180904 _wasko_library_800-900_025raw 9/10/2018 11:36 AM  RAW File 788,715 KB
&l 20180804 waskn likran: 8001000 126 raw Q/1N/2N1R8 1141 AM RAW File A21 4D KR
Dbject name: 207180904_wasko_extref_028 raw | Open
Cancel

Parameters:

RAW Fi|e;lZD180904_waskn_exh'ef_028.raw

|| Edit |

Scans

Intensity Distributions  Range Statistics

B Spectrum Mame

Scan Start Time

[ﬁ_)l Please wait.

Precursor M/Z

Reading Raw File
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The target list on the left lists the Scan Number (#), SpectrumName, Scan Start Time, and
Precursor M/Z.

(&) Raw File Browser - o x
File

Scane Intensty DistibuonsRange Statisties

IRAWY File 2010908 wasko_extref_025.raw eat | 20! H
+ Spectum Name Scan Start Tine Prearzer M2 -
75485 controler Type =0 co... 35,683 457.458|
75486 controlerType 0 co 35,639 69,463 16/
7547 controler Type=0 co 35654 amaes (| _
75958 controlerT ype=0 co. 5 68 wies || 5y
75965 ContiolerT 1pe=0 .. B s || =
75460 controlerType =0 co. Q1
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T earoleTpe-a 510
8
75485 conlrolerT ype—0 co &
75456 conbroleType 0 co...

75467 controlerType =0 co.

75501 controlerType =0 co.
75502 cantrolerType = co.
75503 controlerType=) co.
75504 ConbrolerT ype=0 co.
75505 controlerType=0 .. | _

70 85 90 95 100 105 110 115 120 126 130 136
Reterlion Time

75507 contraller Type =0 co. controllerType=0 controllerNumber: 120
L ST S scan=38117 demux=0
75508 controberT ype=0 co. 110
e
Tosti e TR g o 100
75512 cantrolerType =0 co... 140
75513 controlerType=0 co. 90
i onolrT et o 2

20
s onboiaTpesd . = 80
Testo e g
557 conbolerTpec0 . =100 & 7
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e o z =
e £ g 0
e 2 o
ey £ 4
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7558 contiolerType=d co 40 0]
75325 controlerType=0 . -
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75528 controberTrpe 0 <o 20 i
75529 controber Type=0 co. L
ok @ " | i
Tl 400 500 500 1,600 5 62 64 66 68 10 72 14 16 78 80 82

£ 4 Log10 Intensity

On the top above the graphics, there are three tabs. The “Range Statistics” gives some valuable
information about the DIA method like the lon Inject Time across each precursor window and
across retention time bin:

(&) Raw Fie Browser o x
Fie
Scans  Intensity Dstributions  Range Statsics
IRAW File E0180304 swask_sxivef G281 st &
w Spectrum Name: ‘Scan Start Tme. Preaursor MfZ -
75485 controerType <0 cortr 35683 wsas)a | T
75486 cortoleType - cot EeT wa || £
7537 contrlerTime: et e
75388 controler Type- 35.684 481469
TS conticherT EEZ wo || B,
75450 cor 35.585) 493,474 =
3551 corloleType 0 cont. Er wa || 5.,
7552 contolerTye EET) wa || 8
75453 controler Ty 35,886 512.482| e
75954 controler Type = 33,087, 517,485 c
75795 controlerType=0 coniy. 35.607] 523,968 2
75796 cantrolerType -0 cont.
75457 controleType = cont %
75501 controle Type-0 con
75507 cantroleType = cont
T3 o
Precursor Isolation Window
o e o
n — ——
w 8 8 § o o o °
s ° o
i g © o e
FES T orhroleType0 cons. a & &
75512 controllerType 0 conr. 613529 " 3 Q o o
e —— e || 5o o & o 5 &
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£ & 9
75516 controle Type=0 43,592 En el o o
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5. o o O
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Tosecanl o || 8 s § & ¢
x| o o
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Viewing elib files with DB Browser for SQLite

The *.elib files that Encyclopedia builds are SQL databases, which are kind of like multi-tab
Excel files but fancier. To view these files and browse the data stored in the elib, follow the
steps below:

Download DB Browser for SQLite here: https://sqlitebrowser.org/

Open DB Browser for SQLite
Navigate to “Open Database” button on top left

Nome Type Schema

At the bottom of the “Choose a database file” pop-up next to the “File Name” field, select “All
files” from the file type dropdown
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B 05 Browse: for Salite ]
1 Choose a database fie x
fe o v 1 EDekop ]o] [ Sesicheskiap i
- SatDambss Gl 5x
Organize »  Newfolder E-m @
o Ty = voce: [T oot Ewort | [Setssmt
o OneDrive - U
w0 6s PR3

Mtachments

Broad nstiute Lindsay Do >

scumens 2

Documentsa . Seagate Backup Plus Drive

This 9C

Libraries
Papers

. tindsay Pina
. s pC U8 Dive (7)
30 Objects N 491 Gb ree of 14968 2
9 Deskaon
% Documents i

& downloads

b Music Dl FastedFedBeted piot M
acCass_collaboration chic

= Pictures L Fiie

B Videor

pine 2018 - Shertet PINO_ighteceipt pot
i O q1- HIML Document
@

&2 DVD RW Drive (D)

maconvert 201606 25

58 Schema ERY

Nome Type s

1 Seagote Backup Plus Drve (€)
= USB Drive (%)

= Google Drwve File Stream ()
 Libraries

W Seagate Backup Plus Drive (£)

2017 overgronn

Fie name: ~

le >

SaLlog | Pot | DBSthema

Navigate to the appropriate directory and select the elib file you want to view. Click .Open”

B D8 Browse V]
8 Choose a databasefile X
[ [ V]| [ SesrchDesktop »

= [Erpm—— EES
Organize +  New folder - m @

& Cnonme- W -
o™ Onebive- UW
o055 >

Test - Irport Eport | [Setashuil

Attachments

Broad Institute

Lndsay oo o
Documents 1 . Seaget Backp Pl e
Papers E

This PC

—
 tindsay Pinc

5 Thic C st Diiee )
==
20 Objects -
9 Desacp

2 Documents i

Network

eeof 14968

msconver: 2018.06-25 tempmarie

3 Downloase
DA Fsteck cdRefed_pilol M
Music 4 Z
? aeCoss_collaboration_chro..
= picures Ll e

B Videos

e 20187 - Shorta PN_fghvceippd
nos© q1- HTMIL Document
v

& OVD R Drive ()

08 Schema 5%
encyclopedia-0.74-globaljar
ble et File

Nome Type s

W seagate Backup Plus Drwve (E)
 USE Drve ()

= Google Dive Fle Stream (&)
 Libraies

J Seagete Backup Plus Drive (£

Fp——

File name: DI FastedFedRefed piot MacCoss_collaboration chromatogram library_afteQuant clib ~| [Anfies 3 =

[ open Caneel

SQLlog | Pet | DaSdems

! It might take a minute to load. The window should look like this once it’s loaded:



163

Under the “Browse Data” tab, select the table you want to view from the “Table:” dropdown

menu. For example, the meta data:

T8 DB Browiser for SQlite - Ci/Users/Ipina/Deskiop/DIA_FastedF ecRefed_pilat_MacCoss_collaboration. chiomatagram._library.afterQuant.elib a2 X
P s . i
DatsbaseStuctre | BrowseData  EditPragmas  Execute SQL it Cl =
e o (B [
B CreateTable i Create Index Modify Table lete Table:
> [ entries 'CREATE TABLE entries ( PrecursorMz double not null, PrecursorCharge int not null, PeptideModSeq string not null, PeptideSeq string not null, Copies int not null, RTinSeconds double not null, Score:
> (] fragmentquants 'CREATE TABLE fragmentquants ( PrecursorCharge int not null, PeptideModSeq string nat null, PeptideSeq string not null, SourceFile string not null, lonType string not null, lonindes int not null, Frag
> ] metadata CREATE TABLE metadata (Key sting not nul Vaue sting not rul
> [E] peptidelocalizations CREATE null, null, V:v) wdeSeq string not null, Sourcefile string not null, LocalizationPeptideModSeq string, Locakizatic
> ] peptidequants. CREATE TABIEBEM\dmumt)[ PrecursorCharge int not null, Pept -q string not null, null, g not null, not null, RTInSecondsSt
7] peptidescores (REAT[ TABLE harge int not nul, q string not null, Pept q notnull, 'g mot null, QVslue
> [E1] peptidetoprotein null.isDecoy boolesn, ting not null)
> (7] retentiontimes CREATE tir null, Library null, null, Predicted float nv\-w“ Delta. ﬂw\ not w\\. Probabil hﬂ\w\ net null, Decoy boolean, PeptideMor
9 Indices (16) Type oF dota carrenty nco AL
o Mt e CREATE IO ey Metadot inder o meadas (Key A5C) L
PeptideModSeq PrecursorCherge Source.. CREATE INDEX 'PeptideModSeq PrecursorCharge Sourcefl \: Localizations_index' on ' ! ASC, Swmhm ASC)
PeptideModSeq PrecursorCharge Source 'CREATE INDEX ' PeptideModSeq PrecursorCharge Sourcefile Peptides index an pcm-dmuunb [Pcvuncdequ ASC, 'Pmunwlchugt ASC, ‘S«nuu:ﬁlz ASC) Name Type od
PeptideSeq Entries index 'CREATE INDEX 'PeptideSeq Entries index' on ‘entries’ ( PeptideSeq’ ASC) > [1] entries
PeptideSeq Localizations_index 'CREATE INDEX 'PeptideSeq Localizations_index’ on ‘peptidelocalizations’ ( PeptideSeq’ ASC) > 2] metadats
PeptideSeq PeptideToProtein_index 'CREATE INDEX 'PeptideSeq PeptideToProtein_index’ on peptidetoprotein’ ( PeptideSeq’ ASC) > [ peptidelocalizations
PeptideSeq Peptides index 'CREATE INDEX 'PeptideSeq Peptides index’ on ‘peptidequants’ ( PeptideSeq' ASC) > [2] peptidequants
PeptideSeq Scores index CREATE INDEX 'PeptideSeq Scores index’ on ' peptidescores’ (Peptideseq ASC) > [E] peptidescores
PrecissorMi, Enbies indes CREATE INDEX PrecurserM,Enres,index o' (Precursorb ASC) 5[] peptidetoprotein
ProteinAccession PeptideToPratein index CREATE INDEX index' on’ ' ASC) > [E] proteinscores
ProteinAccession_ProteinScores index (REATUNDEx ProteinAccession, Pvmcmkam mda( on mm.mm:s (Pvm:mA:(mmn ASC) > [] retentiontimes
W Views (C Key_Metadata index
5] Teiggers 0) PeptideModSeq PrecursorCharge Source,
PeptideMeodSeq PrecurserCharge Source...
> PeptideSeq Fragments index
PrecursarMz_Entries_index
M Views (0) *
< 3 2
T
Click on “Browse Data” tab at top under the “Open Database” button.
B DB Browser for SQLite - C/Users/pino/Desktop/DIA_F sstedFedRefed_pilot_ MacCoss collaboration_chromatagram libeary_afterQuant.elib - a X
— &%
Database Stuctre  BromseData  EdtPragmes  Excaute SQL Et0al od
— — e (= T
PrecursorMz _PrecursorCharge PeptideModSeq _ PeptideSeq Copies RiIngeconds Score MassArray tyEncodedier _Intensityhrray rrelationfrray (TinSeconds
[Frer Fiter Jrer [Fiter Fiter e Fiter Fter Fiter | [Fier [Fiter
1 739.34951480... 2 SQDSYPGSPS... SQDSYPGSPS... 1 2229.4104003... 0.0147205004... 72 £ 36 @ OOI Pk 2211421630
2 766.92889455... 2 NIC[+57.0214... NICQFLLEVGIVK 1 6027.0522460... 0.0258984006... 64 32 32 6004.58105
El 842.41326255... 2 THMPAALVSNL... THMPAALVSNL... 1 3511.0832519... 0.0009796069... 160 a0 80 3493.22436¢
6 747.38705555... 2 SC[+57.0214... SCVITYLAQV.. 1 4046.5668945... 0.0056147598... 152 7% 7 4024.54467
8 876.92556780.., 2 GGDPTKEPEP... GGDPTKEPEP.. 1 2560,7556152... 0.0003493140... 168 a4 84 2939.32348 08 Schema. & x
10 789.41613830... 2 YEISSVPTFLFFK YEISSVPTFLFFK 1 5862.1791992... 0.0015772900... 128 6 64 5863.45605+ v d j"‘“l‘?l
1 91246233180, 2 ENYLEENLLYA... ENVLEENLLYA... 1 4878.9047651... 0.0054434001.... 104 52 s2 4857.025300 > [ fragmentquants
13 506.9637263 LLHOSLAGGTL., LLHQSLAGGT.. 1 3630.6269531.0e 0.0003216550,., 192 9% % 3612.69402+ > [ peptidequants
18 47358731260, 3 LVHFEPHMRPR  LVHFEPHMRPR 1 1574.7779541... 0.0035781299... 144 n 72 1552072027 5 ] peptidetoprotein
5 weazeen.. 2 IQGSAGEISTS... QGSAGEISTS.. 1 2052873910, 0.0135725000... 144 ” 7 21147529 o
16 692.0041702.. 3 KEELMFFLWA... KEELMFFLWA... 1 5591.1748046... 0.0017114599... 216 108 108 5572.48247° ¥ 9 Indices 16)
19 743.86980130... 2 WIPPSEATSQ... WIPPSEATSQ... 1 3180234375 0.0111840004... 104 52 PPee.. 2 3174995110 PeptiehodSeq_PrecursorCharge Source.
21 900.11419052... 3 FLDTOTIC[+5... FLDTDTICVRV... 1 4663.7099609... 0.0068768500... 152 76 76 4641894537 E o
2 582.264393%0.. 2 EVDEGAWETK  EVDEGAWETK 1 2037.4555664... 0.0080174596... 64 £l 2 2019.39721¢ PeptideSeq PeptideToProtein. inder
25 619.30702730... 2 HTMMFSATFPK HTMMFSATFPK 1 3110.0251464.... 0.0423033013... 60 40 40 X0 0;0010... 309213037 ErotemAc s st e oo nde
L7 ProteinGroup. ProteinScores index
< = B Views (0) v
18] [2] 1o 51 (3] [31] G |1 B
SQllog | Fot | DBsdhema
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1 08 Brcwrser for SQlit - Coises/pino/Dssktap/DIA_Fastedredfieed.plo MacCoss_<oliaboretion,<hromategremibrary. aterQuant

Fle Edt View Help
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Choosing the “metadata” table will display information such as the parameter settings when
Encyclopedia was run, the TIC for each raw file in the chromatogram library/quant report, etc
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Appendix B: SINGLE POINT CALIBRATION TUTORIALS

B.1 SOURCE CODE

The source code to perform single point calibration and generate the figures in Chapter 2 is avail-
able at https://bitbucket.org/lkpino/single-point_calibration/wiki/Home.

B.2 MANUAL
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A walkthrough of how to harmonize quantitative mass spectrometry proteomics data
using single-point calibration to a reference material.

This tutorial will detail the step-by-step process using single-point calibration to a
reference material. The data I'm using is the same as what was presented at the 2018 Skyline
User Group Meeting, where yeast was exposed to YEPD + high salt (osmotic shock, “sample”)
or a just YEPD solution (control, “reference”). The yeast in YEPD is our reference material in
this experiment. In other words, we want to make measurements relative to this reference.
Because this particular strain of yeast (BY4741) was used previously to measure protein
molecules-per-cell by Ghaemmaghami et al, there is also a biological unit associated with each
protein in the reference.
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DESIGNING AN EXPERIMENT WITH A REFERENCE MATERIAL

Choosing a reference material. When setting up an experiment, researchers chose controls that
represent the system being studied, often reflecting sources of intra- and intergroup variation so
that comparisons to the experimental group will be robust. Similarly, choosing a reference
material should represent the system being studied so that sources of variation in workflow are
captured in parallel to the experimental samples. For example, an experiment in human plasma
might use healthy individuals as controls, age- and gender-matched to experimental samples.
An appropriate reference material in this situation might be a pool of healthy and experimental
plasma samples, so that representative analytes and matrix effects are present. There is also
commercially available pooled plasma, which might be another consideration for a reference
material especially in situations where experimental samples are precious. Another
consideration when choosing a reference material might be how well a material is characterized.
For example, in yeast studies, the BY4741 strain has been thoroughly characterized by DNA
sequencing, perturbation experiments, and quantitative protein quantification assays.

Preparing a reference material. There should be enough mass/volume of reference material to
prepare at least one aliquot for each batch of samples, plus at least one extra aliquot so that this
reference material can be calibrated to future materials. A reference material aliquot should be
included in each sample batch, however the samples happen to be batched (e.g. sample
preparation bottlenecks, longitudinal study time points, or instrument availability).

Reference material Experimental
aliquots samples
&8 8
)b& 4:\0 4’“0
2

ol

In this tutorial, we repeated an osmotic shock experiment performed by Selevsek et al,
and calibrated the experiment samples to a common yeast reference material, BY4741 grown
under standard laboratory conditions. We grew a bulk culture of BY4741 and harvested multiple
aliquots of 50mL culture volumes to use for reference material. When an experimental sample
batch was prepared, one of these reference material cell pellets was prepared in parallel and
the LC-MS data acquired alongside the experimental samples. Next, we’ll harmonize the
sample preparation batches using Skyline to process the data.
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SINGLE-POINT CALIBRATION TO A REFERENCE MATERIAL USING SKYLINE

1. Set up the Skyline document.

a. Format the experiment-specific Peptide Settings, Transition Settings, and
target list. For single-point calibration, be sure to set up the Quantification tab
under Peptide Settings as follows:

e Regression fit: Linear through zero
e Normalization method: None
o Regression weighting: None

Peptide Settings X |
Digestion Prediction Fiter  Library Modffications Quantffication

Regression fit:
Linearthrough zero

Normalization method
None bt
Regression weighting

None v
MS level
2 ~

Units

molecules per cell

Figures of merit

Max LOQ bias: Max LOQ CV.

I

Calculate LOD by
None v

Cancel

b. Import the acquisition data.
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R Skyline-daily - srm sitea 1.sky * = [ul 5.8
File Edit View Settings Tools Help
DE ke ¥ @ 9-
Targets 2 x reference b vx | Sample_repl 4 b « x | Retention Times - Score To Run Regression 3 x
Replicates: sample_rep1 |
5% YALOTZW " 20e4 T 20e4 T
@ 9§ KOSSPANPGTYEYSRS [37.51] - -
@29 KIAEFLAADKE (267, 275] 5.0et
&% YALO2SC 15e4 + 15e4 + g G
@ a? KITTDALSLVGINHETQLGIFK | [314, 334] z Fo =
@@ ¢ RLVSWFEPRI (1337, 1344) = g 2 1 ° 3.0et
5% YALO3W 5 |[1ee 8 0= S 20et
- @9 REVIGEQGKD [225.237] £ E g °
299 KVTDGVMVARG[255.263] 50e3 1 50e3 1 £ 1.0et
% YALOSAW:
599 KNFAFGLYNDSHKH[ZS 39 = 0:080!
&% ALt 0000 e ; 0.0e0 Ty , } 50 0 50 100 150 200
;‘ °ALMK AVMDTNENEEEK M [E50. 6611 356 358 360 354 356 358 360 yeast_by4741_prtc
a-» 9 KIVVSEIAER R [216, 224] Retention Time Retention Time ) Retention Tim.. | 5] BN
@9 KILLTPNNHGEMK- [370. 381] { -
=% YARMZW sample_rep3 4bex sample_rep2 4 b X || PeakAreas - Replicate Comparison L3
@ @@ RSTYVAETAQEFRT [151, 162 [ |
© @@ KLTLPVSFNEPTSLLQRV (314, 829) 25e4 T 20e4 + 3.0e5
5%, YELO 25e5
@ @9 KLHTNPGPTETSEAGNGNRM [314,331) - S 20e5
5% YBLIOIC 2.0e4 15e4 + £ <
G- @@ RIPNATTENSKDKQ[1052. 1063 missed || o s = 155
5%, e £ "bed % S 10es
@@ ¢ RQANSQGFNESAKT [24, 35) = S 1.0e4 4 5.0e4
w-@$ RMLSSAGVNSARG [199, 209] £ 10e4 £ 5
=% YBR - - 0.0e0
© @9 RSFSAGNNFQSSSSEKT[23.37] 5.0e3 5.0e3 4 : 3 H 3
=% YBRI g = < s
@9 § KSNSTYFAELDISRG [82.94] 0.0e0 0.0e0 " H £ £
=% YBR' = 2 H H
& .g KEANVTGLRD [82. 89] 356 358 360 362 356 358 36.0 Replicate
- @@ KTFTTAETITNANTAKN [219. 233 o ion Ti ion Ti
2 v Retention Time Retention Time D Pesk Arees - Repibente €. [ED
Ready 7/T1 prot 12/140 pep 12/140 prec 51/645 tran
c. View > Document Grid
A Skyline-daily - srm_sitea_1.sky *
File Edit | View | Settings Tools Help
DS AN Tegets »
Targets. Text Zoom » Ex
Replicates: ref Spectral Libraries >
% YALTZ ~
W e ® Arrange Graphs »
Library Match ~ Alt+1
lon Types v bl 2
5 3
Charges » H
Ranks z
% vaod Chromatograms »
D e ® Transitions »
=%, YALOS: Transform »
&9 s
% YALOSd uto-Zoom »
w-e g Retention Times >
w9
% Peak Areas »
3] Mass Errors »
®
5% Calibration Curve
& Group Comparisons »
2% Results Grid ~ Alt+2
& ,: Document Grid _ Alt+3 %
e Tool Bar §
& £
5% rosd Status Bar £
@9 RSFSAGNNFQSSSSEKT [23.37]
% YBROSGW
@99 KSNSTYFAELDISRG [82. 94]
=% YRR1GA™

In the Document Grid pane, click on “Views” and select “Replicates” from the

drop-down menu. * Note: you won't have all the italicized Document Grid views

that are listed here, that’'s okay
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K Skyline-daily - srm_sitea_1.sky * . &
File Edit View Settings Tools Help
DEHK XL@R9---

Targets. X ‘ 4b-x sample_repl |
Replicates: reference - |
=% YALOT2ZW | 20e4 Predictor
@9 KQSSPANPIGTYEYSR.S [37. 51] Proteins » +  Peptides
=) o
@9 KIAEFLAADKE[267, 275) P E o 5081 T ione 012 mtercept=2137,
=% YAL025C E 40el i window=77 <
@ @9 KITTDALSLVGINHETQLGIFKI [314, 334] Precursors £ 0.9406
@ @9 RLVSWFEPRI[1337, 1344] Transitions ©
B-% YALO38W
@ ¢ REVGEGKD 225, 292 L
@@ 9 KVIDGVMVARG [255, 263] D17NEU le-optimizatic
J_lc-optimization
% YALO#4W-A
@@ § KNFAFGLYNDSHKH (28, 39] DynamicRange_Analysis
2% YALOSIW lindsay’s surper awesome points across peak view
i@ § KAVMDTNENEEEKM [650, 661] Mixed Transition List
B-% YALOSOW e =
@@ KIWSEAERR [216, 22¢] Peak Boundaries
@@ KILLTPNNHGEMK.-[370, 381] L pep prok
% YAR042W i )
@@ RSTYVAETAQEFRT[151.162] ‘ Peptide Quantification

@9 KLTLPVSFNEPTSLLGR.V (814, 825] Peptide Ratio Results

=% YBLOX )
Peptide RT Results
»'Q KLHTNPQGPTETSEAGNGNR M [314, 331] pile BT R
©-% YBLI0IC Peptide Transition List
»Q RIPNATTENSKDKG [1052. 1063] fmissed Quant Copies
b g Quant Ratios

@ Q RQQNSQGFNESAKT [24, 35)

@ ¢ RMLSSAGVNSARG [199, 209] ReverseCurve_Analysis

o
SRR e U JERER AR R RO R ]

= ng Small Molecule Transition List

@7 R.SFSAGNNFQSSSSEK.T[23,37] =
o YBRO9EW Transition Results

@@ KSNSTYFAELDISRG [82. 94] Trd ist for Targeted PRM on Fusion
=] YBR196C "

2@ KEANVIGLRD (82, 89] Extemnal Tools 3 356 358 360 Replicate

@ @ KTFTTAETITNANTAKN (219, 233] he e { P ————
. > Customize View... Retention Time |8} Peak Areas - Replicate C... [ W] Rctention Time: - Repl
Ready Manage Views... 7/T1 prot 12/140 pep 12/140 prec 51/645 tran

e. Fill out the Document Grid appropriately, according to your experimental design.
In this batch, | have four raw files: one file for the reference material acquisition
and a file for each of the osmotic shock sample replicates.

Sample Type
Set experimental samples to “Unknown”
Set reference material to “Standard”
Analyte Concentration
Leave experimental samples blank
Set reference to “1”
Sample Dilution Factor
Set all files to “1”



Ha Skyline-daily - srm sitea 1.sky * = a X
File Edit View Settings Tools Help
DTk %@ 9-0-

reference | 4bwXx sample_repl | dbwXx

Replicates: reference .

&% YALDIZW % 20e4 2.0e4

@ 9@ KQSSPANPIGTYEYSR.S [37.51]

@ @ KIAEFLAADKE [267. 275]

YALO25C

@ 9 KITTDALSLVGINHETQLGIFK.I [314, 334

@ ¢ RLVSWFEPR.[1337, 1344]

YALO33W

@@ REVLGEQGKD [225,232]

@@ KVTDGVMVARG [255, 263]

YALOS4W-A

3 9@ KNFAFGLYNDSHKH [28, 39)

YALOS3W

@ ® KAVMDTNENEEEKM [650. 661]

YALOBOW

@@ KIWSEIAERR [216, 224]

@ @ KILLTPNNHGEMK - [370. 381]

YARD42W

@@ RSTYVAETAQEFRT[151. 162]

@ @ KLTLPVSFNEPTSLLGR.V (814, 825]

YBLO3XC

@ § KLHTNPQPTETSEAQNQNR.M [314, 331]

YBLIOIC

@@ RIPNATTENSKDKQ [1052, 1063] {missed z

YBLID2W &

@ 9© ROQONSQGFNESAKT [24, 35] §

@ © RMLSSAGVNSARG [199, 209] £

YBROGAC -

@ © RSFSAGNNFQSSSSEKT[23.37]

YBROSSW

@ @ KSNSTYFAELDISRG [82. 94]

YBR196C

@@ KEANVIGLRD(82.85] 356 358 360

@ @ KTFTTAETITNANTAKN [219, 233] v Retention Time
>

1.5e4 1.5e4

w
5 1.0e4 .A
Document Grid: Replicates

|Views - 7~ 14 4 |1 of4 | b Ml ||Ea Export.. |Find: 2]

Sample Type i ol sctor | SampleGroup  Replcate

slope = 0.12, intercept = 21.37
4

=]

red Time

1.0e4

ol SRR el
Intensity

{i1)

150 200

o

01}

1
1
1
1

o

o
FEEFDEMEHNDH

362 356 358 360

Retention Time

o
CRoR N Ly Ry

| | |#a1Peak Areas - Replicate C... [1}] Retention Times - Replic
Ready /7 prot 12/140 pep 12/140 prec 51/645 tran

f. OPTIONAL: if you have meaningful units you want to attach to specific proteins
or peptides, you can enter them into the Document Grid using View “Peptide
Quantification”. Here is an example where | have entered the protein
molecules-per-cell reported by Ghaemmaghami et al.

& Skyline-daily - srm sitea_1.sky * = [ul X
File Edit View Settings Tools Help
DEHK X a9 o

Document Grid: Peptide Quantification n_

Replicates: sampled Views - {3~ 14 4 | 1 of140 | b bl | X |Ea Export.. | Find: (] Eon
5% YALOW T Pt —r prvem— A Jetor

Bey KasS Peptide Protein Modfied Standard i [eteation) || St Peptide Note ges

Py T WMuipler Method Curve

@ 99 KIAEF Sequence e Concertiaton 12, intercept = 21.37
7% YARC | v 010w QSSPANPIGTYE - 38300 - [ Sope: 222042

&9 9 KITTD| { 1

@ 99 RLVSY IAEFLAADK YALO1ZW IAEFLAADK - |sa300 ~ | Siope: 36365E+2
3% YA:WM ITTDALSLVGIN... | YALO2SC ITTDALSLVGIN. - 2210 v | Slope: 1.8642E+2

@ 9Y R

5 ~ | Siope: e

e ® KVTDC LVSWFEPR YALO2SC LVSWFEPR 2210 34172643
5%, YALOMIA EVIGEQGK | YALOSBW EVIGEGGK E 291000 - | Sope: 263652 o

@99 KNFAR = = . + + t |
e VIDGVMVAR | YALO38W VTDGVMVAR | 291000 ‘Slope: 6 B430E+2 50 100 150 200

P4 .gﬂimm NFAFGLYNDSHK | YALO48W-A NFAFGLYNDSHK - 238 ~ | Siope: 86313€+2 st byd741_prtc
7% YALOGOW AVMDTNENEEEK | YALOS3W AVML - [414 - 25615E+3 = =

g :5 KUIVLL.TF'Q IVVSEIAER YALOGOW. IVVSEIAER < 18730 - | Slope: 29361E+2 tion Timn... |f)Retention T
L % YAROZW ILLTPNNHGEMK | YALOGOW ILLTPNNHGEMK - 8730 ~ | Siope: 1.7246E+2

& -g RSTN STYVAETAQEFR | YARD42W. STYVAETAGEFR - | T Sope 12608645

@99 KLTLP
% YBLO3C LTLPVSFNEPT.. |YARDEZW LTLPVSFNEFTS. . - - 27841Es5

@99 KLHTN LHTNPQPTETS.. | YBLO33C LHTNPQPTETS... - 19520 ~ | Slope: 8.6206E+0
& '; VB%‘“‘:WNA IPNATTENSKDK | YBLI0IC IPNATTENSKDK = 799 ~ | Sope: 1.32396+1

°® Rl [ENATTENSKDK 1 | | dove: 1.3Ee] |

©% veLiozw (QQNSQGFNESAK | YBL102W QQNSOGFNESAK - 27 ~ | Slope: 85836E-2

@ e ¢ RaaN MLSSAGVNSAR | YBL102W MLSSAGVNSAR - 279 ~ | Slope: 8.2865€+2

@99 RMLS! =l T = 7
% Yoo SFSAGNNFQSS... | YBR! 2 | 18660 Siope: 7.3844E+0 . -

599 RSFSAGNNFQSSSSEKT [23,37] 5065 5.0e5 26.1 H B E 3
Py Ll A £ ,g é E

®- 9§ KSNSTYFAELDISR G [62. 4] |
5%, YBRIS%C 0.0e0 — 0.0e0 X e

5 9§ KEUNTGROW.69 260 265 260 265 Replicate

@ 9 9 KTFTTAETITNANTAKN [219, 233] v = =
’ M > |l RatentioniTime Retantion|Tane ) Peak Areas - Replicate C... | BJRetention Times - Replic
Ready 6/71 prot 9/140 pep 9/140 prec 39/645 tran

g. View > Calibration Curve

With a biological multiplier:
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A Skyline-daily - srm sitea 1.sky *

File Edit [ View | Settings Tools Help

DS Y Toges »
e Ted Zoom » X
Replicates: ref  spectral Libraries |
2% YALO12 A

Ee% Arrange Graphs »
4 ;; Library Match ~ Alt+1

D Ton Types v b

2 Charges »
2 '? Ranks
4 { Chromatograms »

N Transitions »
8% Transform »

‘
a " Auto-Zoom »

‘ Retention Times. »
5 ,; Peak Areas »

= Mass Errors »

~ Calibration Curve
B8-%

& Group Comparisons L ]
2% Results Grid ~ Alt+2

@ bd
b Document Grid  Alt+3

c Tool Bar
& i o4 Status Bar

- @9 RSFSAGNNFQSSSSEKT [23.37]
% YBROSW

G @@ KSNSTYFAELDISRG [82. 4]
&% YBR1%C

@ @@ KEANVIGLRD [82.89]

- @9 KIFTTAETITNANTAKN [219, 233 b
< >

Ready

Without a biological multiplier:

A4 Skyline-daily - srm sitea_1.sky *

File Edit View Settings
DE ke %@ 9™~
Targets.

Replicates: reference

E-% YALO12W A
@ 99 KQSSPANPIGTYEYSR.S [37.51]

@@ KIAEFLAADKE [267. 275]

YALO2SC

@@ KITTDALSLVGINHETQLGIFKI [314, 334]
@ ® RLVSWFEPRI[1337, 1344]

YALO38W

@@ REVLGEQGKD [225.232]

2@ KVIDGVMVARG [255. 263]
YALOA4W-A

2@ KNFAFGLYNDSHKH [28.39]
YALOS3IW

@@ KAVMDTNENEEEK M [650, 661

Tools  Help

Bx

¢ ER R [216, 224)
@@ KILLTPNNHGEMK - [370, 381)
YARO42W

@@ RSTYVAETAQEFRT[151. 162
KLTLPVSFNEPTSLLQRYV [814, 829

33C
@ KLHTNPGPTETSEAGNGNR M [314. 331]
YBLI0IC
@@ RIPNATTENSKDKQ [1052. 1063] (missed
YBL102W
2@ ROONSQGFNESAKT [24,35]
2 RMLSSAGVNSARG [199, 209]
YBROSEC
@@ RSFSAGNNFQSSSSEKT[23,37]
YBRO9SW
2@ KSNSTYFAELDISRG [82. 94)
YBR196C
¢ KEANVIGLRD [82, 89]

€ KTFTTAETITNANTAKN [219, 233] i

>

CREDO T T TR e TR TR TR R T s TR

e ?

7
g
&

reference 4b v X [ samplesept b ex
2.0e6 2.0e6
259 258
1.5e6 1.5e6
£ z
[ @
S 10e6 S 1.0e6
£ | £
[ unknown ®  Standard —— Calibration Curve |
40 Tsiope:2.9361E+2
R-Squared = NaN
3.5 FCalculated Concentration = 8730 copies or ratio
x%
30 +
@
s 25
=
©
2 20f
i<
- REE
L
1 10 +
05+
0.0 + + + + t t i
1) 2 4 6 8 10 12 14
Analyte Concentration (copies or ratio) {1043)
reference dbvXx sample_rep1 4b X
2.0e6 2.0e6
259
15e6 \

Peak Area (10%6)

1566 r\

[[x__unknown & Standard —— Calibration Curve |
T Slope: 25632E+6
R-Squared = NaN
I Calculated Concentration = 1 ratio relative to reference
e
00 02 04 06 08 10 12 14
Analyte Concentration (ratio relative to reference)
260 265 T 260 265

Retention Time

Retention Time

Retention Times - Score To Run Regression

o 2081 T ione= 012, intercept=2137
E 40e1 o
=
g 30e
3 20et
Il ®
§ 1.0e1
0.0e0
-50 0 50 100 150 200
yeast_by4741_pric
:huﬁelenlmn Tim... )] [fafa
| Peak Areas - Replicate Comparison 2 x
4.0e6
« 3.0e6
e
S 206
=
3
2 1.0e6
0.0e0
£ £ £ £
H Fy < <
Replicate

|f)1Peak Areas - Replicate C... [f]]7et T Re
6/71 prot 9/140 pep 9/140 prec 39/645 tran

Retention Times - Score To Run Regression

5.0e1
4.0e1
3.0et
2.0e1
1.0e1
0.0e0

=0.12, intercept = 21.37
<

Measured Time

50 0

50
yeast_by4741_prtc

100 150 200

|1 Retention Tim... | %]

Peak Areas - Replicate Comparison
4.0e6

[%4

3.0e6
2.0e6

Peak Area

1.0e6
0.0e0

roforence
samplo_rop2

sample_rep!
‘sample_rep3

Replicate

14} Peak Areas - Replicate C... |fal)ictent e
6/71 prot 9/140 pep 9/140 prec 39/645 tran

2. Repeat this process for each batch+reference you have. (Skyline does not yet support
multiple reference samples in a single document, so we need to make a new document for each

batch.)

3. Export the data from each of the batches’ Skyline files
a. File > Export > Report
b. Select “Edit list...”



C.

173

# Export Report % |

Report: |
-2 Main A
__ 2017NEU_lc-optimization
__ DynamicRange_Analysis
_N_ lindsay's surper awesome points across p

-_JI_ Mixed Transttion List

--_A_ Peak Boundaries

2 pepprot |

Peptide Quantification !

Peptide Ratio Results

Peptide RT Results

Peptide Transttion List

Quant Copies

-y Quant Ratios

-_f_ ReverseCurve_Analysis
_A_ single-point calibration
_A_ Small Molecule Transition List

4 - + - "

< >

Language:
English (United States) v

<®

oée;,.éoéoéo

Select “Add...”
T %4 Manage Views X

Group: Main <

_f_ 2017NEU_lc-optimization Add...
_/_ DynamicRange_Analysis
__lindsay’s super awesome points across peak view
|| Mixed Transition List
||.A_ Peak Boundaries
? pep prot Remove
? Peptide Quantification .
€ Peptide Ratio Resutts Lo
@ Peptide RT Resutts
_/_Peptide Transition List
? Quant Copies
© Quant Ratios
_/_ ReverseCurve_Analysis
.JLs‘lngle-poim calibration
__ Small Molecule Transttion List
< >

Choose the desired fields. Note: The “Calculated Concentration” field will export
the Calibration Curve values that were computed in step 1.
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Appendix C: MATCHED MATRIX CALIBRATION CURVES FOR
PROTEIN PMA1

ADTGIAVEGATDAAR
1e8

signal

0'%.0 0.5 1.0 1.5
1e6

oo om 10
quantity 1e6

—— LOD =1.172e+04 — LOQ =2.433e+04
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DDTAQTVSEAR

1e7

signal

09% 05 1.0 15
1e6
0.75
_, 050
O
025 |
0096 05 1.0
quantity 1e6

— LOD = 4.950e+04 — LOQ =inf



GEGFMVVTATGDNTFVGR

1e7
3 [ ]

signal
L]

CcVv

%.O 0.5 1.0
quantity 1e6

— LOD = 6.885e+04 — LOQ =inf

177
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GEGHWEILGVMPC[+57.0214635]MDPPR
1e6

0'0%.0 0.5 1.0
quantity 1e6

— LOD =8.321e+04 — LOQ =inf
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GYLVAMTGDGVNDAPSLK
1e7

% 0.5 1.0 15
1e6

0'%.0 0.5 1.0
quantity 1e6

— LOD = 3.452e+04 — LOQ = 4.059e+05
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GYLVAMTGDGVNDAPSLKK
1e6

0'%.0 0.5 1.0
quantity 1e6

— LOD = 1.514e+05 — LOQ =inf
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HYGDQTFSSSTVK
1e7

1.0

>
O
0.5

0'%.0 0.5 1.0
quantity 1e6

— LOD =3.177e+03 — LOQ =inf
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IVTEDC[+57.0214633]FLQIDQSAITGESLAVDK
1e7

0'%.0 0.5 1.0
quantity 1e6

— LOD = 2.075e+05 — LOQ =5.477e+05
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KADTGIAVEGATDAAR
1e7

1eé

0'%.0 0.5 1.0
quantity 1e6

— LOD = 8.861e+03 — LOQ =inf



184

KQAIVQK
1e6

[==="-F -
%.O 0.5 1.0 1.5
1e6

0'%.0 0.5 1.0
quantity 1e6

— LOD =2.197e+05 — LOQ =4.719e+05



KVTAVVESPEGER

1e7

%.0 0.5 1.0 1.5
1e6
>
O 0.5
0'%.0 0.5 1.0
quantity 1e6

— LOD = 2.822e+04 — LOQ =inf

185
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LMNGKPMK

O'%.O 0.5 1.0
quantity 1e6

—— LOD =5.717e+05 — LOQ =inf
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LSAIESLAGVEILC[+57.0214635]SDK
1e8

0'%.0 0.5 1.0 1.5
1e6

0'0%.0 0.5 1.0
quantity 1e6

— LOD = 3.045e+04 — LOQ = 3.906e+05
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LSLHEPYTVEGVSPDDLMLTAC[+57.0214635]LAASR

1e7
[ ]
4
E ¢
(@) $
‘m 2 ;
"~ i
%.O 0.5 1.0 1.5
1e6
1.0
>
© 05
D'%.O 0.5 1.0

quantity 1e6

— LOD = 3.633e+04 — LOQ =1.723e+05



MLTGDAVGIAK

0.5

CcV

0'%.0 0.5 1.0
quantity 1e6

—— LOD = 4.446e+04 — LOQ =inf

189
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MYSYVVYR

1e7
1.5
w© 1.0
c
Rl
v
0.5 i
_______ ¥ T
h //
0%.0 0.5
0.75
> 0.50
O
025 .
0990 0.5 1.0
quantity

— LOD = 6.530e+05

— LOQ = inf
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QLGLGTNIYNAER
1e8

O'%.O 0.5 1.0
quantity 1e6

—— LOD =1.427e+05 — LOQ =5.716e+05
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RGEGFMVVTATGDNTFVGR
1ed
3 2] L
c_g 2
S o
% s .
1
" .
al - - : -
%.0 0.5 1.0
1e6
0.21
T ———
0.19
-1.0 -0.5 0.0
quantity Ted

—— LOD = nan — LOQ =Inf



SAADIVFLAPGLSAIIDALK
1e7

1.0

— LOD = 3.175e+05 — LOQ =inf
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SVEDFMAAMQR

1e8

1.5

signal

0.75

0'0%.0 0.5 1.0
quantity 1e6

— LOD = 1.964e+05 — LOQ = 3.683e+05
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TLANTAVVIR

1e8
15 $
C_U 1.0 o
1<) 3 e
7 0_5/ ~
0%% 0.5 1.0 15
1e6
15

O'%.O 0.5 1.0
quantity 1e6

— LOD =9.081e+03 — LOQ = 5.019e+05
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TVEEDHPIPEDVHENYENK
1e7

%.0 0.5 1.0 1.5
1e6
0.6
04
>
Q
0 S o L
0'%.0 0.5 1.0

duantity 1e6

—— LOD =4.347e+03 — LOQ =inf



VLEFHPFDPVSK

0'0%.0 0.5 1.0 1.5
1e6
1.0
> ) 4
O 0.5
0'%.0 0.5 1.0
quantity 1e6

— LOD = 1.356e+04 — LOQ =inf

197
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VTAVVESPEGER

1e8

signal

0.0 0.5 1.0
quantity 1e6

— LOD = 3.343e+04 — LOQ = 1.449e+05
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VVEILQNR
1e8

1.5

signal

0.5

0%% 0.5 1.0 15
1e6

1.0 %

0.5

CcVv

D'%.O 0.5 1.0
quantity 1e6

— LOD = 5.499e+03 — LOQ =9.420e+04
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YGLNQMADEK
1e/
2
IS
51 ;
w
Yo 0.5 1.0 15
¥ 1e6
0.6
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Appendix D: STATISTICAL TESTING ANALYSES PERFORMED
WITH MSSTATS

D.1 SOURCE CODE

Differential testing analyses in Chapter 4 were performed using peptide detections and integration
information from EncyclopeDIA, quantitative peak areas calculated by Skyline, and protein-level
summarization and statistical testing performed using MSstats (Choi et al., 2014). The following R
markdown document includes all code used to perform the statistical testing in Chapter 4.
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Aging Yeast K/O Differential Protein Analysis with
MSstats

Pino LK

#i#
## 0. Prerequisites
##

# install dependency packages for MSstats from CRAN
install.packages(c("gplots","lmed","ggplot2","ggrepel","reshape","reshape2",
"data.table","Rcpp","survival","minpack.lm", "dplyr"))

# install dependency packages and MSstats from BioConductor
source("https://www.bioconductor.org/biocLite.R")

biocLite()

biocLite(c("limma","marray","preprocessCore","MSnbase", "MSstats"))

# load MSstats and dplyr
library(MSstats)
library(dplyr)

##
## 1. Preparing the data for MSstats input
#H#

# check the working directory (should be set to the project directory)
getwd ()
setwd("G:/Shared drives/Lindsay Pino/proj/aging_yeast/gene-ko/results/2019summer")

## read in the Skyline export data
raw = read.csv('../../data/dia-ms/skylineexport_msstatsinput_20190612.csv"')

## format the dataframe so that it plays nicely with MSstats

raw_msstats = SkylinetoMSstatsFormat(raw, filter_with_Qvalue = FALSE)

##
## 2. Data processing with the “dataProcess”™ function
##

# use the Tukey's median polish model for summarization
quant_tmp = dataProcess(raw = raw_msstats)
## 2.2 Visualization of data processing

# generate (C plots
#dataProcessPlots (data = quant_linear, type = "QCplot", address = 'Linear_')
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# generate profile plots using the data summarized by linear mized model
#dataProcessPlots(data = quant_linear, type = "Profileplot”,
# width = 7, height = 7, address = "Linear_")

# generate the condition plots
#dataProcessPlots(data = quant_tmp, type = "conditionplot"”, address = "Linear_")

##
## 3. Group Comparison between all gene deletions and BY4741 control
##

# check unique conditions and check order of condition information
levels(quant_tmp$ProcessedData$GROUP_ORIGINAL)

# create a contrast matrices

# all pairwise comparisons against by4741
comparisonli<-matrix(c(1,0,-1,0,0,0,0,0) ,nrow=1)
comparison2<-matrix(c(0,1,-1,0,0,0,0,0) ,nrow=1)
comparison3<-matrix(c(0,0,-1,1,0,0,0,0) ,nrow=1)
comparison4<-matrix(c(0,0,-1,0,1,0,0,0) ,nrow=1)
comparisonb<-matrix(c(0,0,-1,0,0,1,0,0) ,nrow=1)
comparison6<-matrix(c(0,0,-1,0,0,0,1,0) ,nrow=1)
comparison7<-matrix(c(0,0,-1,0,0,0,0,1) ,nrow=1)

comparison<-rbind(comparisoni,
comparison2,
comparison3,
comparison4,
comparisonb,
comparison6,
comparison?)
row.names (comparison)<-c("adel7 vs by4741",
"adpl vs by4741",
"extref vs by4741",
"idh2 vs by4741",
"sgf73 vs by4741",
"torl vs by4741",
"ubp8 vs by4741")

# perform the group comparison

gpcomp_tmp <- groupComparison(contrast.matrix = comparison, data = quant_tmp)
names (gpcomp_tmp$ComparisonResult)

head (gpcomp_tmp$ComparisonResult)

head (gpcomp_tmp$ModelQC)

head (gpcomp_tmp$fittedmodel)

# pull just the results out of the whole group comparison output
gpcomp_res <- gpcomp_tmp$ComparisonResult

# subset only significant proteins
list_sig <- gpcomp_res[gpcomp_res$adj.pvalue < 0.05
& abs(gpcomp_res$log2FC) > 271, ]
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write.csv(list_sig, file="./msstats_results_sigpairwise.csv")
write.csv(gpcomp_res, file="./msstats_results_all.csv")
head(list_sig)

nrow(list_sig)

##
## 3.2 Visualization of differentially abundant proteins
##

# generate a volcano plot of the analyzed data
groupComparisonPlots(data = gpcomp_tmp$ComparisonResult,

type 'VolcanoPlot',

sig = 0.05, FCcutoff = 271,

address = 'C:/Users/linds/Desktop/msstats_"')

# generate a heatmap of the analyzed data
#groupComparisonPlots (data = gpcomp_tmp$ComparisonResult,

# type = 'Heatmap', sig = 0.05, FCcutoff = 271,
# address = 'C:/Users/linds/Desktop/heatmap_")

# generate a comparison plot
#groupComparisonPlots (data = gpcomp_tmp$ComparisonResult,

# type = 'ComparisonPlot’,

# address = 'C:/Users/linds/Desktop/ComparisonPlot_")
##

## 3b. Comparison between RLS extending and nonextending

##

# all pairwise comparisons against by4741

comparisonlb<-matrix(c(1,1,-1,0,0,0,0,0) ,nrow=1)
comparison2b<-matrix(c(0,0,-1,1,0,0,0,0) ,nrow=1)
comparison3b<-matrix(c(0,0,-1,0,1,0,1,0) ,nrow=1)
comparisondb<-matrix(c(0,0,-1,0,0,1,0,1) ,nrow=1)

sV

IR R

comparisonb<-rbind(comparisonlb, comparison2b, comparison3b, comparison4b)
row.names (comparisonb)<-c("adel7 and adpl vs by4741",

"extref vs by4741",

"idh2 and torl vs by4741",

"sgf73 and ubp8 vs by4741")

# perform the group comparison
gpcomp_tmp_b <- groupComparison(contrast.matrix = comparisonb, data = quant_tmp)

# make the wvolcano plots
groupComparisonPlots(data = gpcomp_tmp_b$ComparisonResult,
type = 'VolcanoPlot',
sig = 0.05, FCcutoff = 271,
address = "C:/Users/linds/Desktop/msstats_b_")
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##
## 3c. Comparison between RLS extending and everything else
##

# all pairwise comparisons against by4741
comparisonlc<-matrix(c(-1,-1,-1,-1,1,1,1,1) ,nrow=1)

comparisonc<-rbind(comparisonic)
row.names (comparisonc)<-c("idh2 and torl and sgf73 and ubp8
vs adel7 and adpl and by4741 and ext ref")

# perform the group comparison
gpcomp_tmp_c <- groupComparison(contrast.matrix = comparisonc, data = quant_tmp)

# make the wolcano plots
groupComparisonPlots(data = gpcomp_tmp_c$ComparisonResult,
type = 'VolcanoPlot',
sig = 0.05, FCcutoff = 271,
address = "C:/Users/linds/Desktop/msstats_c_")

# pull just the results out of the whole group comparison output
gpcomp_c_res <- gpcomp_tmp_c$ComparisonResult

# subset only significant proteins
list_sig <- gpcomp_c_res[gpcomp_c_res$adj.pvalue < 0.05

& abs(gpcomp_c_res$log2FC) > 271, ]
write.csv(list_sig, file="C:/Users/linds/Desktop/msstats_results_c_sigpairwise.csv")
write.csv(gpcomp_c_res, file="C:/Users/linds/Desktop/msstats_results_c_all.csv")
head(list_sig)
nrow(list_sig)
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D.2 SUMMARY OF SIGNIFICANTLY DIFFERENTIAL PROTEIN RESULTS

The first table includes the significant results of testing each genotype versus the control BY4741
strain. Differential proteins with an adjusted p-value of < 0.5 and a log2 Fold Change (1og2FC)
> 2 in any one of the single genotype pairwise comparisons are included. A blank cell for a given
pairwise comparison indicates that the protein was not significantly differential in that test. Fold
changes are reported as RLS-extending genotypes over control (e.g. a positive fold change value
indicates increased abundance compared to the control, a negative fold change value indicates de-
creased abundance compared to the control). Column ”RLS vs Control log2FC” indicates whether
that protein was detected as significantly differential when all RLS-extending genotypes were com-
pared together against all control genotypes. The second table includes significant results of testing
all RLS-extending genotypes versus all control genotypes that were not found to be significant in
the genotype . Differential proteins with an adjusted p-value of < 0.5 and a log2 Fold Change
(log2FC) > 2 in any one of the single genotype pairwise comparisons are included. A blank cell for
a given pairwise comparison indicates that the protein was not significantly differential in that test.
Fold changes are reported as RLS-extending genotypes over control (e.g. a positive fold change
value indicates increased abundance compared to the control, a negative fold change value indi-
cates decreased abundance compared to the control). Column "RLS vs Control log2FC” indicates
whether that protein was detected as significantly differential in the two-group comparison. The
third table includes significant results of testing the four-group comparison: low RLS extending
genotypes vs BY4741; high RLS extending genotypes vs BY4741; no RLS-extension genotypes vs
BY4741; and a control external reference BY4741 vs the experimental control BY4741.



adel7vs adplvs idh2vs torlvs sgf73vs ubp8vs # Strains RLS vs extref vs

by4741 by4741 by4741 by4741 by4741 by4741 Significantly Controls by4741
ORF Symbol Description log2FC  log2FC log2FC log2FC log2FC log2FC Differential log2FC log2FC
YGL160W AIM14  Altered Inheritance rate of Mitochondria Inf Inf Inf Inf Inf Inf 6 Inf Inf
YGR257C MTM1  Manganese Trafficking factor for Mitochondrial SOD2 Inf Inf Inf Inf Inf 5 Inf Inf
YKL138C-A HSK3 Helper of ASK1 Inf Inf Inf Inf Inf 5 Inf Inf
YCRO63W BUD31  BUD site selection -Inf 1 Inf
YJL196C ELO1 ELOngation defective -Inf 1 Inf
YLR460C -2.93 1 Inf -Inf
YLR303W  MET17  METhionine requiring 6.48 6.63 6.94 6.28 7.07 6.27 6 13.06251533
YELO21IW  URA3 URACcil requiring 4.69 5.31 2 10.94798182
YJROO4C SAG1 Sexual AGglutination 6.08 6.01 5.48 5.46 5.9 6.45 6 10.59044622
YMR120C ADE17 ADEnine -5.57 1 6.969442601
YMR0O96W SNZ1 SNooZe 3.96 1 6.912125049
YCLO26C-B HBN1 Homologous to Bacterial Nitroreductases 2.5 1 3.393016568
YKL178C STE3 STErile 2.15 1 2.983992525
YDRO33W MRH1 Membrane protein Related to Hsp30p -2.05 1 -2.717951282
YBR092C PHO3 PHOsphate metabolism -2.44 1 -2.978975563
YPLO58C PDR12 Pleiotropic Drug Resistance -2.16 1 -3.193200423
YOL126C  MDH2 Malate DeHydrogenase -2.15 1 -3.633432429
YOR136W IDH2 Isocitrate DeHydrogenase -5.31 1 -4.233102506
YPLO14W  CIP1 Cdk1 Interacting Protein -4.07 1 -5.262152479
YKL216W  URA1 URACcil requiring -2.5 -2.67 2 -5.36173422
YFLO26W  STE2 STErile -3.39 -3.34 -2.82 -2.89 -3.83 -2.93 6 -5.937186985
YNL160W  YGP1 Yeast GlycoProtein -5.48 1 -6.347576548
YBR093C PHOS PHOsphate metabolism -4.47 1 -7.939740531
YBR115C  LYS2 LYSine requiring -5.23 -4.7 -494 -5.08 -5.11 -4.9 6 -11.69299579
YILO15W BAR1 BARrier to the alpha factor response -6.6 -7.59 -6.21 -7.1 -6.56 -6.31 6 -12.04708543
YHR091C  MSR1 Mitochondrial tRNA Synthetase aRginine -Inf -Inf -Inf 3 -Inf
YJR127C RSF2 ReSpiration Factor -Inf -Inf -Inf 3 -Inf
YNRO11C  PRP2 Pre-mRNA Processing -Inf -Inf -Inf 3 -Inf
YDR478W SNM1 Suppressor of Nuclear Mitochondrial endoribonuclease -Inf -Inf 2 -Inf
YGRO91W  PRP31 Pre-mRNA Processing -Inf -Inf 2 -Inf
YOR359W VTS1 VTil-2 Suppressor -Inf -Inf 2 -Inf
YGR241C  YAP1802 Yeast Assembly Polypeptide -Inf 1 -Inf
YDL194W  SNF3 Sucrose NonFermenting -Inf 1 -Inf
YDR306C -Inf 1 -Inf
YMR223W UBP8 UBiquitin-specific processing Protease -Inf 1 -Inf
YMR310C -Inf 1 -Inf
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YCRO91W
YNRO47W
YPL193W
YBL106C
YHR152W
YNL116W
YCRO86W
YNL238W
YJL155C
YORO87W
YGL091C
YDL204W
YOR201C
YLRO52W
YBRO54W
YDLO36C
YDR180OW
YCRO11C
YFLO14W
YHRO87W
YDL181W
YNLO15W
Q0250
YMR105C
R0O040C
YMR173W
YBR268W
YLR437C
YELO70W
YMR095C
YLRO72W
YBRO91C
YPRO75C

KIN82
FPK1
RSA1
SRO77
SPO12
DMA2
csm1
KEX2
FBP26
YVC1
NBP35
RTN2
MRM1
IES3
YRO2
PUS9
scc2
ADP1
HSP12
RTC3
INH1
PBI2
COX2
PGM2
REP2
DDR48
MRPL37
DIF1
DSF1
SNO1
LAM6
TIM12
OPY2

protein KINase
FliPase Kinase 1

RiboSome Assembly Inf Inf
Suppressor of rho3 Inf
SPOrulation Inf
Defective in Mitotic Arrest -Inf
Chromosome Segregation in Meiosis Inf
Killer EXpression defective -Inf
Fructose BisPhosphatase -Inf
Yeast Vacuolar Conductance -Inf
Nucleotide Binding Protein -Inf
ReTiculoN-like -Inf
Mitochondrial rRNA Methyltransferase Inf
Ino Eighty Subunit -Inf

PseudoUridine Synthase

Sister Chromatid Cohesion

ATP-Dependent Permease -2.23
Heat Shock Protein

Restriction of Telomere Capping

INHibitor (of F1FO-ATPase)

Proteinase B Inhibitor

Cytochrome c OXidase

PhosphoGlucoMutase

REPlication

DNA Damage Responsive

Mitochondrial Ribosomal Protein

Damage-regulated Import Facilitator

Deletion Suppressor of mptFive/pufFive mutation

SNZ proximal Open reading frame

Lipid transfer protein Anchored at Membrane contact site
Translocase of the Inner Membrane
Overproduction-induced Pheromone-resistant Yeast

Inf

Inf
-Inf

Inf

-Inf
-Inf
Inf
Inf
Inf
-Inf
Inf

-Inf
-Inf

-Inf

-Inf

-Inf
-Inf

Inf
Inf

Inf
-Inf

-Inf
-Inf

-Inf
-Inf

-3.82
-2.91
-2.76
-2.73
-2.56
-2.56
E285
-2.31
-2.08
-2.02
3.2
3.47

Inf
Inf
-Inf

-Inf
-Inf
-Inf
-Inf

-Inf
-Inf

-2.72
-2.52
-Inf

R R R R RPRRPRRPRRPRRPRRPRRPRRREPREPRENNNNNWGWEWLWWWWDEDSDR R

-Inf

-Inf

NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG
NOT SIG

Inf

-Inf
-Inf
-Inf

-Inf
-Inf
-Inf

-Inf
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MissingPerce ImputationPe

Protein Label log2FC SE Tvalue pvalue adj.pvalue issue
ntage rcentage
YGL225W idh2 and tc Inf NA NA NA 0 oneConditi 0.675675676 0
YOR188W idh2 and tc Inf NA NA NA 0 oneConditi 0.513513514 0
YJL218W idh2 andtc 4.670821 1.116792 4.182356 24 0.000332 0.018520537 NA 0 0
YBR111W-/idh2 and tc 4.392098 1.213966 3.617974 24 0.001375 0.04358991 NA 0 0
YIR031C idh2andtc 3.937797 1.083031 3.635904 24 0.001315 0.042382867 NA 0 0
YGR287C idh2andtc 3.498949 0.668159 5.236698 24  2.28E-05 0.002867435 NA 0 0
YDR277C idh2 and tc 3.403135 0.943712 3.606117 24 0.001416 0.044030396 NA 0 0
YDL203C idh2andtc 3.379864 0.920814 3.670517 24 0.001206 0.04140425 NA 0 0
YHR029C idh2andtc 3.147576 0.365456 8.612732 24  8.34E-09 2.93E-06 NA 0 0
YJRO55W idh2 and tc 3.083978 0.825049 3.737934 21 0.001214 0.04140425 NA 0.081081081 0
YLR304C idh2andtc 2.940859 0.25855 11.37443 24 3.75E-11 2.20E-08 NA 0 0
YALO53W idh2 and tc 2.848176 0.666744 4.271767 24 0.000265 0.015760386 NA 0 0
YGR247W idh2andtc 2.75301 0.532101 5.173854 24 2.68E-05 0.003189599 NA 0 0
YML101C idh2andtc 2.733788 0.699422  3.90864 24 0.000664 0.029145546 NA 0 0
YCRO05C idh2andtc 2.685287 0.722871 3.714754 24 0.00108 0.040078674 NA 0 0
YBR137W idh2 and tc 2.496216 0.696044 3.586292 24 0.001487 0.045451366 NA 0 0
YKLO59C idh2 and tc 2.438282 0.594439 4.101823 24 0.000407 0.022016234 NA 0 0
YNLO37C idh2andtc 2.253731 0.296787 7.593767 24 7.84E-08 2.30E-05 NA 0 0
YGLO86W idh2 and tc 2.215927 0.4064 5.452584 24  1.33E-05 0.001943773 NA 0.004324324 0.004324324
YGLO39W idh2 and tc 2.126386 0.499605 4.256132 24 0.000275 0.016125546 NA 0.007475561 0.007475561
YHR138C idh2andtc 2.095618 0.394078 5.317768 24  1.86E-05 0.002517523 NA 0 0
YKRO82W idh2 and tc -2.011792 0.552879 -3.638754 24 0.001305 0.042382867 NA 0 0
YPL217C idh2 and tc -2.093632 0.564241 -3.710526 24 0.001091 0.040078674 NA 0 0
YERO88C idh2 and tc -2.295745 0.581561 -3.947559 24 0.000602 0.028130834 NA 0.001228501 0.001228501
YLR258W idh2 and tc -2.335125 0.478609 -4.87898 24 5.65E-05 0.005366404 NA 0 0
YGR245C idh2 and tc -2.359911 0.579866 -4.069751 24 0.000442 0.023126364 NA 0.014054054 0.014054054
YDL124W idh2 and tc -2.680577 0.374764 -7.152713 24 2.16E-07 5.33E-05 NA 0.006538797 0.006538797
YJLO96W idh2 and tc -2.938633 0.682584 -4.305161 24 0.000243 0.015253991 NA 0 0
YMR145C idh2 and tc -2.995707 0.664402 -4.508879 24 0.000145 0.010176584 NA 0 0
YBR218C idh2 and tc -3.007831  0.83332 -3.609454 24 0.001404 0.044030396 NA 0.015135135 0.015135135
YDL108W idh2 and tc -3.102512 0.848133 -3.658051 24 0.001244 0.042034031 NA 0 0
YOL143C idh2andtc -3.437613 0.45162 -7.61173 24 7.53E-08 2.30E-05 NA 0 0
YDR359C idh2 and tc -3.571656 0.967486 -3.691689 24 0.001144 0.040823671 NA 0 0
YNL214W idh2 and tc -5.775147 1.223631 -4.719678 16 0.000231 0.01478027 NA 0.216216216 0
YMR258C idh2 and tc -5.969484 1.389654 -4.295662 20 0.000352 0.019349957 NA 0.108108108 0
YKLO64W idh2 and tc -10.9991 2.755647 -3.991476 21 0.000663 0.029145546 NA 0.189189189 0.108108108

11e



adel7 and adplvs idh2 andtorlvs sgf73 and ubp8vs extref vs by4741
ORF Symbol Name
by4741 log2FC by4741 log2FC by4741 log2FC log2FC
YNL160W YGP1 Yeast GlycoProtein -3.13 -6.31
YDL181W INH1 INHibitor (of F1F-ATPase) -5.73 -4.45
YMR105C PGM2  PhosphoGlucoMutase -3.15 -3.13
YKL216W URA1 URAcil requiring -2.86 -2.86
YML120C NDI1 NADH Dehydrogenase Internal -3.58 -2.37
YNROO1C CIT1 ClTrate synthase -2.05 -2.31
YGL187C COX4 Cytochrome c OXidase -2.33 -2.04
YGR287C IMA1 IsoMAltase 2.00 2.30
YBR111W-A SUS1 Sl gene Upstream of ySal 3.36 3.14
YJL218W 3.02 3.27
YELO21W URA3 URAcil requiring 4.99 5.85
YMR120C ADE17 ADEnine 5.57 6.26
YGR0O91W PRP31  Pre-mRNA Processing -Inf -Inf
YHR091C MSR1 Mitochondrial tRNA Synthetase aRginine -Inf -Inf
YJR127C RSF2 ReSpiration Factor -Inf -Inf
YNRO11C PRP2 Pre-mRNA Processing -Inf -Inf
YOR359W VTS1 VTil-2 Suppressor -Inf -Inf
YBR093C PHOS PHOsphate metabolism -6.00
YMR258C ROY1 Repressor Of Ypt52 -4.41
R0040C REP2 REPlication -3.34
YLRO72W LAM6 Lipid transfer protein Anchored at Membrane contact site -3.25
YNLO15W PBI2 Proteinase B Inhibitor -3.21
YDL128W VCX1 VaCuolar H+/Ca2+ eXchanger -3.17
YPLO14W CIP1 Cdk1 Interacting Protein -3.05
YOR120W GCY1 Galactose-inducible Crystallin-like Yeast protein -2.71
YBR092C PHO3 PHOsphate metabolism -2.69
YOL126C MDH2  Malate DeHydrogenase -2.57
YDL124W -2.42
YPLO58C PDR12  Pleiotropic Drug Resistance -2.30
YDRO33W MRH1  Membrane protein Related to Hsp3p -2.08
YLR364W GRX8 GlutaRedoXin 2.21
YCLO47C POF1 Promoter Of Filamentation 2.23
YILOO2W-A  CMI7 Cytosolic MIni protein of ~7 kDa 2.30
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YERO42W
YNL259C
YELO70W
YCLO26C-B
YMRO96W
YMRO095C
YBL106C
YDL194W
YDR306C
YDR478W
YGR241C
YMR223W
YMR310C
YNL117W
YLR174W
YNRO34W-A
YIL136W
YBRO72W
YOR136W
YMR250W
YPR160W
YOR0O65W
YPRO10C-A
YHR137W
Q0250
YDR529C
YBLO15W
YER103W
YJLO52W
YDR380W
YLRO38C
YFRO53C
YOR374W
YELO24W
YBR230C

MXR1
ATX1
DSF1
HBN1
SNZ1
SNO1
SRO77
SNF3

SNM1
YAP182
UBP8

MLS1
IDP2
EGO4
Oom45
HSP26
IDH2
GAD1
GPH1
CYT1
MINS8
ARO9
COX2
QCR7
ACH1
SSA4
TDH1
ARO1
COX12
HXK1
ALD4
RIP1
OoM14

peptide Methionine sulfoXide Reductase
AnTioXidant

Deletion Suppressor of mptFive/pufFive mutation
Homologous to Bacterial Nitroreductases
SNooZe

SNZ proximal Open reading frame

Suppressor of rho3

Sucrose NonFermenting

Suppressor of Nuclear Mitochondrial endoribonuclease
Yeast Assembly Polypeptide
UBiquitin-specific processing Protease

Malate Synthase

Isocitrate Dehydrogenase

Exit from rapamycin-induced GrOwth arrest
Outer Membrane

Heat Shock Protein

Isocitrate DeHydrogenase
GlutAmate Decarboxylase

Glycogen PHosphorylase
CYTochrome c1

mitochondrial MINi protein of 8 kDa
AROmatic amino acid requiring
Cytochrome c OXidase
ubiQuinol-cytochrome C oxidoReductase
Acetyl CoA Hydrolase
Stress-Seventy subfamily A
Triose-phosphate DeHydrogenase
AROmatic amino acid requiring
Cytochrome c OXidase

HeXoKinase

ALdehyde Dehydrogenase

Rieske Iron-sulfur Protein

Outer Membrane Protein of 14 kDa

-9.08
-6.26
-5.77
-5.46
-5.19
-4.92
-4.68
-4.53
-4.12
-4.09
-3.93
-3.88
-3.66
-3.63
-3.43
-3.42
-3.30
-3.17
-2.81
-2.65
-2.59
-2.56

2.40
2.78
3.36
3.58
3.95
4.34
Inf
-Inf
-Inf
-Inf
-Inf
-Inf
-Inf
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YNL100W
YBR268W
YDR322C-A
YGR244C
YMR145C
YCRO91W
YNRO47W

MIC27
MRPL37
TIM11

LsC2
NDE1
KIN82
FPK1

Mltochondrial contact site and Cristae organizing system
Mitochondrial Ribosomal Protein

Translocase of the Inner Mitochondrial membrane
Ligase of Succinyl-CoA

NADH Dehydrogenase

protein KINase

FliPase Kinase 1

-2.45
-2.27
-2.05
-2.05
-2.03

-Inf

-Inf
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