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Proteomics primarily focuses on identifying and quantifying peptides using database searches.
However, there are instances where certain features of interest, such as unexpected byprod-
ucts, abnormal cleavages, unknown modifications, sequence variants, and glycans, remain
unidentified. These unidentified peptide-like features can be collectively referred to as the
“Hidden Proteome.” Unfortunately, these hidden features are often overlooked in quality con-
trol techniques, discovery experiments, and targeted analyses. This research aims to address
this gap and complement traditional proteomics approaches. To investigate the “Hidden
Proteome” and enhance data quality assessment, the Python package msions is introduced.
This package allows users to assess the extent to which their signal falls into the “Hidden

Proteome” and identify issues in the mass spectrometry (MS) data.

Functionality of msions was also used to study the mechanism by which high-field asym-
metric waveform ion mobility spectrometry (FAIMS) improves MS results. Ion mobility

approaches can provide valuable insights into the “Hidden Proteome” since the partially



orthogonal separation aids in sample characterization. Further characterization can be per-
formed using a workflow developed to detect persistent MS1 features and enable users to
examine unidentified features alongside features with assigned peptide identities. These
“Hidden Proteome” features play a crucial role in Multi-Attribute Method (MAM) for qual-
ity control of biopharmaceuticals and other new feature detection approaches, such as the
analysis of proteoforms, protein-protein interactions, metabolic responses to stimuli, and
impurities. Overall, these projects offer valuable packages, workflows, and tools that can
greatly benefit researchers in the field of proteomics. With the integration of msions into
Limelight! and the incorporation of the MAM project into Skyline,? these endeavors are

expected to continue to grow and reach a wider audience in the future.
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Chapter 1
INTRODUCTION

1.1 Mass spectrometry for proteomics

Mass spectrometry is a useful technique for measuring biological samples. The technique
requires ionization of the sample and separates the ions with an electric or magnetic field
based on their mass-to-charge ratio (m/z). In 1897, J. J. Thomson was the first person
to measure charge-to-mass while he was trying to investigate cathode rays.®> He later built
the first mass spectrometer,* which generated ions with gas discharge tubes, passed them
through electric and magnetic fields, and detected them on a photographic plate. In modern
instruments, the ions are detected with a mass analyzer, which generates a mass spectrum.

Mass spectrometry is an important tool for studying proteomics. The term proteomics
came from merging protein and genomics in the 1990s.5" Proteomics is the global analysis
of proteins and their functions. Proteins are biomolecules containing one or more chains
of amino acids. The genome determines the sequence of amino acids, and the sequence
determines the structure and function of the protein. Proteins are vital for many biological
processes, such as tissue structure, biochemical reactions, gene expression, and cell signaling.
Mass spectrometry allows the identification and quantification of thousands of proteins in a
single experiment.®

In addition to identifying and quantifying proteins, proteomics also covers cellular local-
ization, protein-protein interactions, post-translational modifications (PTMs), and turnover.?
By examining these areas, proteomics can be used to characterize the structure and function
of proteins and improve our understanding of fundamental biological processes. It can also

be applied in medicine and industry and used to diagnose and monitor disease, identify new



drug targets, and develop personalized medicine.

1.1.1 Bottom-up proteomics

Bottom-up proteomics involves identifying and quantifying the proteins in a sample by digest-
ing proteins into peptides and analyzing them by mass spectrometry.'® When the bottom-up
approach is applied to a mixture of proteins, it is called shotgun proteomics.'* 12 A typi-
cal workflow includes isolating a protein mixture from a biological sample, quantifying the
protein concentration, digesting the mixture, measuring the peptides by mass spectrometry;,

and identifying the peptides and proteins with a database search.

1.1.2  FElectrospray ionization

Before samples can be analyzed in a mass spectrometer, they must be ionized. Electrospray
ionization (ESI) is a widely used method for generating ions from a sample.!**> The ESI
process involves applying a high voltage to a liquid sample to create a charged aerosol of
droplets. Gas-phase ions are generated when the solvent evaporates from the droplets and the
charge becomes concentrated. The charged ions enter the mass spectrometer, are separated
by their m/z, and detected by the mass analyzer.

One advantage of ESI is the ability to ionize large biomolecules without significant frag-
mentation.'® This ability allows the detection of intact molecules and the analysis of PTMs
and other structural features. In addition to proteomics, ESI is also used for metabolomics
and lipidomics, and the method is commonly used in environmental and forensic analysis

and in drug discovery and development.

1.1.3 Reverse-phase liquid chromatography

High-performance liquid chromatography (HPLC) is an analytical technique used for sepa-
ration of compounds in complex mixtures prior to identification and quantification. HPLC

uses a high-pressure pump to force a sample through a column packed with a stationary



phase.!” The stationary phase separates the sample based on the molecules’ chemical and
physical properties and the properties of the stationary phase. Compounds will interact
differently with the stationary phase, which will result in varying retention times and elu-
tion profiles. HPLC is commonly used in pharmaceuticals, environmental analysis, food and

beverage analysis, and forensics.

Reverse-phase liquid chromatography (RPLC) is a type of high-performance liquid chro-
matography that is widely used for separating peptides and proteins based on their hy-
drophobicity.!® Molecules with higher hydrophobicity will have stronger interactions with
the hydrophobic stationary phase and elute later in the gradient than the more hydrophilic
molecules. In RPLC, the stationary phase is composed of hydrophobic beads that are nor-
mally made of modified silica or polymers. Silica is naturally hydrophilic, so alkyl chains
(e.g., C18) are bonded to the beads to create the hydrophobic stationary phase. The sam-
ple is added to the packed column and eluted with a mobile phase solution. The mobile
phase contains an aqueous buffer and an organic solvent, which is typically acetonitrile or
methanol. The organic solvent is gradually increased over a gradient to elute the molecules

from the column based on their increasing hydrophobicity.

The main advantage of RPLC is the ability to separate a large range of molecules with
high resolution and sensitivity. The technique is useful for separating and analyzing complex
mixtures of peptides and proteins that can be found in biological samples. RPLC is applied
in many fields, such as proteomics, metabolomics, drug discovery, and environmental and

forensic analysis.

1.2 Improving results by reducing data complexity

Sample complexity is a major challenge for protein analysis. The protein abundances in a
mammalian cell can range from a few hundred copies to tens of millions of copies.'” Instru-
mentation improvements and separation techniques are two of the ways that the dynamic

range challenge has been addressed.



1.2.1  Automatic gain control

Automatic gain control (AGC), first developed by the Finnigan Corporation (now Thermo
Fisher Scientific),?>?! is an example of an instrumentation improvement to help dynamic
range and sensitivity. AGC adjusts the number of ions accumulated before detection by
filling for a calculated amount of time. The AGC is determined by monitoring the ion signal
and adjusting the ion trapping parameters to maintain an appropriate signal intensity.

In mass spectrometry, AGC works as a feedback loop. As ions are injected into the trap,
the ion current is measured, and the trapping voltage is altered to maintain a consistent
signal. This adjustment ensures that the number of ions in the trap is in a target range even
if the ion flux varies over time. The injection time is the period of time when the ions can
pass into the trap. The MS or MS/MS events are controlled by either the AGC target value
or the maximum ion injection time, whichever is reached first.??

AGC is important in high-resolution mass spectrometry because the signal-to-noise ratio
is crucial for accurate measurements. AGC can improve the dynamic range and increase
sensitivity because adjusting the ion accumulation can increase the intensity of lower abun-
dance species and prevent the accumulation from exceeding a threshold that could cause
space charge effects.??> AGC can be configured differently depending on the instrument and
application. It could be set to a specific target value or allowed to vary within a certain
range. On some instruments, the AGC parameters can be adjusted to optimize performance
based on the specific type of sample. High AGC target values can have some mass deviation
on precursor ions’ mass accuracy due to space charge effects, which results in a decrease in

the percentage of identified MS/MS spectra.?*

1.2.2  Quadrupole gas-phase fractionation

Quadrupole gas-phase fractionation (quadrupole GPF) is used in mass spectrometry-based
proteomics to reduce sample complexity and increase the depth of proteome coverage. Quadrupole

GPF uses a quadrupole mass filter to isolate and selectively fragment peptides of a specific



m/z range for further analysis.?>?¢ The quadrupole mass filter consists of four parallel rods
with an oscillating electric field. After the ions are filtered by the electric field, they can be
passed to the detector or fragmented using collision-induced dissociation (CID) or higher-
energy collisional dissociation (HCD). After fragmentation, the new ions are analyzed by
tandem mass spectrometry (MS/MS).

Quadrupole GPF has advantages over other gas analysis techniques because it can an-
alyze complex mixtures quickly and accurately, has high sensitivity, and is able to detect
trace amounts of impurities. In proteomics, quadrupole GPF can allow the analysis of less
abundant peptides that would otherwise be obscured by more abundant peptides. However,
its limitations are that it requires careful calibration and that ions with similar m/z’s can
cause interference. To further increase the proteome coverage depth, quadrupole GPF can

be combined with other fractionation techniques, such as chromatography methods.

1.2.8  High-field asymmetric waveform ton mobility spectrometry

High-field asymmetric waveform ion mobility spectrometry (FAIMS) is another option for
reducing sample complexity and increasing the depth of proteome coverage. FAIMS was

2729 and was later used

originally used to measure peptides by Guevremont and coworkers
with a biological sample by Venne et al.3® FAIMS separates complex mixtures of ions based
on their mobility in a high-frequency electric field. The FAIMS device generates asymmetric
waveforms with two electrodes, and the ions are separated based on their difference in mobil-
ity as they travel between the electrodes (Figure 1.1). The differential mobility is affected by
the collision cross-section of ions and their interaction with the carrier gas.> The asymmetry
of the electric field and the differential ion mobility cause ions to acquire a net displacement
perpendicular to their direction of motion. A DC offset (compensation voltage or CV) can
be applied to one electrode to counter this displacement and enable the transmission of ions.

FAIMS can be used with mass spectrometry to enhance the detection of low-abundance

compounds and reduce interference from co-eluting compounds. The advantages of FAIMS

over other ion mobility techniques include selectively filtering out interfering ions, its high
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Figure 1.1: Schematic of high-field asymmetric waveform ion mobility spectrometry
(FAIMS).

sensitivity, and its compatibility with a range of mass spectrometer instruments. However,
FAIMS also has limitations, such as the potential for ion loss and an additional need for

calibration and optimization.
1.3 Mass spectrometry acquisition methods

Mass spectrometry acquisition methods are the different techniques used to acquire mass
spectrometry data. Choosing a method can depend on the instrumentation available, the

sample availability, the expertise of the researchers, and the research question.

1.3.1 Data-dependent acquisition

Data-dependent acquisition (DDA) is a commonly used acquisition method for mass spec-
trometry.3>33 The method is typically used for peptide identification in shotgun proteomics.
In DDA, the mass spectrometer selects the most intense ions for fragmentation and analysis.
DDA works by performing a survey scan of the ions, selecting the 10-20 most intense ions,
fragmenting the ions, and analyzing them in another MS scan (Figure 1.2). The analysis by

a second scan (MS2) is also known as tandem mass spectrometry (MS/MS).
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Figure 1.2: Schematic of data-dependent acquisition (DDA).

During the MS/MS analysis, the selected ions are fragmented using collision-induced dis-
sociation (CID)?* or higher-energy collisional dissociation (HCD).?® These peptide fragments
are known as b- and y-ions, and they are analyzed to determine the amino acid sequence of
the peptide. DDA enables the identification of a large number of peptides, but it has limi-
tations. The method is not appropriate for quantification of peptides or proteins because of
the stochasticity of the method. The stochasticity can cause the number of MS/MS spectra

acquired for each peptide to vary.

1.3.2  Targeted acquisition

Targeted acquisition is used for the quantification of specific peptides or proteins in complex
samples. The technique selectively analyzes predefined precursor ions and their correspond-
ing product ions. The two most common targeted acquisition methods are selected reaction
monitoring (SRM) and parallel reaction monitoring (PRM).

SRM involves selecting and monitoring specific precursor-product ion pairs (known as

transitions) for a particular peptide or protein.?® The method is typically performed on a



triple quadrupole (QqQ) mass spectrometer. The mass spectrometer isolates precursor ions
of interest, fragments them, and monitors the product ions produced. This results in highly
accurate and reproducible quantification of target peptides or proteins. Multiple reaction
monitoring (MRM) is another name for SRM.

PRM is similar to SRM except it is usually performed on a quadrupole-Orbitrap mass
spectrometer (QqOrbi) or quadrupole-time-of-flight mass spectrometer (QqTOF).3” PRM
leverages high resolution and mass accuracy while simultaneously monitoring products of
the target peptides. In PRM, the transitions are co-detected and distinguished by the final
mass analysis stage. Because targeted acquisition methods offer high specificity, sensitivity,
and reproducibility, they are commonly used for biomarker discovery, validation, and clinical

applications.

1.3.3 Data-independent acquisition

Data-independent acquisition (DIA) is used for comprehensive analysis and quantification of
complex mixtures of peptides and proteins.?®3° In contrast to DDA, which selects precursors
based on their intensity, DIA fragments all ions in a defined mass range. In a DIA experiment,
the mass range is divided into predefined, overlapping windows, and the mass spectrometer
acquires MS/MS spectra for all the peptides in each window (Figure 1.3). The MS2 spectra
are searched against a protein database to identify and quantify the peptides in the sample.

DIA is less biased than other methods because it acquires data for all peptides in a sample
and does not rely on precursor ion intensity or predefined targets. However, the complexity
of the data is a challenge for data analysis because the spectra contain multiple precursors.

Spectra containing multiple precursors are called chimeric spectra.
1.4 Analysis and quantification of mass spectrometry data

Mass spectrometry data analysis involves processing, interpreting, and visualizing data that
is generated by a mass spectrometer. In proteomics, the overarching goal is to identify and

quantify the peptides in the samples and to extract meaningful insights from the data.
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Figure 1.3: Schematic of data-independent acquisition (DIA).

Example workflows can be seen in Figure 1.4. The first step is to convert the raw data
into a usable format. The data can also be processed to remove noise and artifacts and to
correct for any instrumental biases or drifts. At this point, the data is usually represented
as a mass spectrum. Mass spectra are shown with the intensity of ions relative to their m/z.

The next step is to identify the components in the sample.

1.4.1 Database searching

Peptide identification is typically done by comparing the fragmentation patterns in mass
spectra to a database of known compounds. In proteomics, database searching can be
performed with a spectrum-centric approach or a peptide-centric approach. In a spectrum-
centric approach, specialized software compares the experimental spectra to a database of
theoretical fragment ion spectra and a matched decoy database. This approach is common
to DDA. Some of the software used to search DDA data include Comet,** SEQUEST,* 46
MaxQuant,*” MSFragger,*® Mascot,*® and X!Tandem.*

The peptide-centric approach is needed for relatively complex mass spectra. For exam-
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Figure 1.4: Pipeline workflows for data analysis. Workflows allow automated data analy-
sis in parallel. Both example workflows demonstrate the analysis steps for DDA data (i.e.,
ProteoWizard msconvert,*® crux Comet,*! crux Percolator,*? Limelight convert,! and Lime-
light upload). Snakemake workflows can easily be used locally or with high performance
computing. The Cromwell workflows created by the lab use Docker containers and high
performance computing to enable reproducible pipelines with tool version tracking. The lab
is also planning to have workflow access through Panorama to allow usage by researchers
with limited command line and software tool experience.

ple, DIA MS/MS mass spectra are more complex than DDA MS/MS mass spectra because
there are more precursors present in the DIA MS2 spectra. In the peptide-centric approach,
a reference spectral library is compiled containing the characteristics of peptide precursors
of interest, such as retention time and the m/z of precursors and fragments. The spectral
library can be generated with a deep learning algorithm, such as Prosit®! (Appendix A),
or experimentally. The approach then tries to find these patterns in the DIA data with
statistical algorithms and machine learning. Some examples of software with peptide-centric
approaches include EncyclopeDIA%? (Appendix B), DIA-NN 3 Spectronaut,,®® and Max-
DIA %°

The output of the search is a list of identified peptides or proteins and the statistical
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scores indicating the quality of the match. The scoring can be based on many factors, such
as the number of matching fragment ions, the mass accuracy of the measurements, and the
retention time of the feature. Database searching can be challenging due to the numerous
peptide sequences and the complexity of the data, so the accuracy and sensitivity of analyses
are affected by the quality of mass spectra, the completeness and accuracy of the database,
and the chosen search parameters.

If the features or sample are unknown, software tools can be used to perform de novo anal-
ysis on the mass spectra. Some examples of de novo sequencing tools include Lutefisk,¢ 57
SHERENGA,?® PEAKS,? DACSIM,® PepNovo,®! NovoHMM,52 PILOT,% MSNovo,% pNovo,%
UniNovo,% and Novor.®” These tools can assign identifications based on the fragmentation
patterns of the ions. If targets are known, one option for quantitative analysis is comparing
the ion intensities to a standard curve generated with known concentrations of the target

compounds.

1.4.2  Quantification of mass spectrometry data

Methods for quantifying mass spectrometry data are categorized as relative or absolute.®®
Relative quantification compares a sample to a reference sample or a control. This method
is commonly used in proteomics and metabolomics to compare the relative abundance of
features across different samples. Absolute quantification involves determining the concen-
tration of a specific compound using a known standard or calibration curve. This method
is used in clinical diagnostics and pharmaceutical analysis, where measuring biomarkers and

drug metabolites with accuracy and precision is critical.
1.5 New feature detection

New feature detection (NFD) or new peak detection (NPD) refers to the process of iden-
tifying and quantifying unknown or unannotated peaks in mass spectrometry data.®® The
unannotated features could be due to a variety of reasons, such as novel or previously low-

abundance compounds, post-translational modifications, or features that were missing from
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the initial database search.

New feature detection requires multiple algorithms and statistical models to process mass
spectrometry data. The first step is performing peak detection, which involves identifying
the m/z values and intensities of signals in the spectra. The next step is often an alignment,
which involves matching peaks across multiple runs and correcting for differences in reten-
tion time and mass accuracy. After detection and alignment, new features are detected by
identifying peaks that are not in the reference database.

The output of new feature detection is a list of detected features with their m/z values,
retention times, intensities, and other parameters. These features can be investigated and
annotated to improve the knowledge of the sample. New feature detection can help uncover
unexpected aspects of complex biological systems, such as proteoforms, protein-protein in-
teractions, metabolic responses to stimuli, and impurities. For these reasons, it is a powerful
tool in the fields of disease diagnosis, environmental monitoring, disease diagnosis, drug

discovery, and the development and quality assurance of biopharmaceuticals.

1.5.1 Multi- Attribute Method

Multi-attribute method (MAM) is a quality control approach that is used in the development
and manufacturing of biopharmaceuticals.”™ It involves the analysis of multiple attributes to
assess the quality of a drug or biologic. The attributes analyzed can include physicochemical
properties, identity, potency, and purity. MAM combines multiple analytical techniques
to detect and quantify impurities, aggregates, post-translational modifications, and other
quality attributes that could affect the safety and efficacy of the product.

MAM is used at several stages of biopharmaceutical development and manufacturing. It
can be used to ensure consistent product quality by monitoring batch-to-batch variability,
identifying potential sources of variation, and optimizing the production process. MAM
can be useful for cell line development, production, formulation, and purification. A key
advantage of MAM is the ability to analyze multiple attributes simultaneously. Traditional

analytical methods focus on specific attributes, which prevents the ability to see an integrated
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view of the product quality. By analyzing multiple attributes in unison, MAM can help
identify correlations and potential associations between different parameters. This strength

can provide a more accurate and reliable assessment of the product.
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Chapter 2

MSIONS: A PYTHON PACKAGE FOR EVALUATING THE
QUALITY OF MASS SPECTROMETRY DATA.

2.1 Summary

When most researchers perform quality checks of mass spectrometry data, they only examine
the number of peptide and protein identifications. Identifications can be a useful metric to
monitor when people are familiar with the sample they are analyzing. However, a high or low
number of identifications may not be a good representation of a new sample and could lead
to biases in the conclusions that are made. msions is a Python package that can be used to
check the quality of mass spectrometry data and allow more accurate comparisons with single
molecule counting methods. msions is freely available for Python 3.9+, has documentation
available online, and can be installed with pip. The code is open source under the Apache

2.0 license at https://github.com/dafaivre/msions.

2.2 Introduction

Mass spectrometry (MS) is a powerful analytical technique for analyzing the chemical and
biological properties of samples. However, the accuracy and reliability of MS-based exper-
iments depend on the quality of generated data. MS data quality is affected by multiple
factors, including instrument performance, sample preparation, data acquisition, and data
processing. This requires paying careful attention to the experimental design and data
analysis, such as optimizing instrument parameters, introducing appropriate quality control
measures, and using robust data processing algorithms. In recent years, the MS research
community has begun focusing on the development of methods and tools to improve data

quality and reproducibility.


https://github.com/dafaivre/msions
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Rudnick et al. created a comprehensive list of performance metrics for QC analysis that
have been used by many software tools and pipelines.”t RawMeat and LogViewer™ were two
of the earliest QC tools. Both tools provided identification-free information about instrument
performance, but they were limited to Thermo instruments and not updated for the latest
instrumentation. MSQC used search engine results but required multiple format conversions
and lacked clear visualizations. QuaMeter™ solved some challenges of MSQC by using a
generic format for the spectral data (mzML).™ However, the output of the tool still required
downstream analysis.

In this chapter, we present the msions package for MS data quality evaluation. The
msions package allows users to easily examine the percentage of their signal that is being
identified by visualizing the data and printing statistics. The msions package also enables
the ability to work with the outputs of the tools used in the analysis and has additional
functionality that is described in the documentation https://msions.readthedocs.io/.
msions is freely available under the open-source Apache 2.0 license at https://github.

com/dafaivre/msions.
2.3 DMethods and Results

The msions package empowers users to analyze mass spectrometry data and create visualiza-
tions. When most people perform quality checks of MS data, they only care about the counts
of peptide and protein identifications. Identifications can be a useful metric to monitor when
researchers are familiar with the sample they are analyzing. However, a high or low number
of identifications may not be a good representation of a new sample and can lead to biases in
the results and conclusions that are discussed. msions has the ability to plot the total signal
and the portion of the signal that has been identified. To generate these plots, the package
needs an mzML™ file and the mzML’s corresponding search engine results and Hardklor™
file of MS1 features. In the examples shown below, EncyclopeDIA™ was the search engine
used to analyze data-independent acquisition (DIA) data and generate the results files.

Use Cases. To demonstrate the functionality of msions, we provide the following three


https://msions.readthedocs.io/
https://github.com/dafaivre/msions
https://github.com/dafaivre/msions
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use cases. First, msions can be valuable for determining the quality of data and finding
mistakes in the data processing. If the wrong FASTA is used to create a spectral library, the
percentage of identified signal will be much lower than expected (Figure 2.1). In this case, a
human plasma sample was enriched for extracellular vesicles (EVs). When searched against
a human database, over 44 thousand peptides were identified, which covered 47.0% of the
total signal (Figure 2.1a). If a mouse database was mistakenly used, 17 thousand peptides
would be identified, which could seem like an impressive value without knowledge of the
human database results (Figure 2.1b). However, only 13.7% of the signal was identified.
This should trigger an audit of the data analysis process because around 30% or higher is
a reasonable amount of identified signal based on the experiments that have been analyzed.
If no mistake can be found in the data processing step, the researchers should back track
farther in their experiments. There could be a mistake in the sample type and that could be

the reason for the poor database matches.

Second, the package can be useful for inspecting experiments that include an enrichment
step. In Figure 2.2, the results are shown for a human plasma sample (a) and the EV
enrichment of the plasma sample (b). Using the same database, the plasma sample had
8,100 peptide identifications covering 42.0% of the signal, and the EV enrichment had 44,615
peptide identifications covering 47.0% of the signal. While the large numbers of peptide
identifications are impressive, the consistency in the amount of signal being identified can
support the argument for the quality of the mass spectrometry data. In (c) and (d), the
albumin protein sequence was removed from the database and thus could not be identified.
For plasma, the removal of identified signal from albumin dropped the percentage of identified
signal by over half-from 42.0% to 20.2%. This agrees with the relative abundance of albumin

to total plasma protein.””™®

On the other hand, the amount of identified signal barely
changed for the EV enrichment sample. This is expected because albumin should not be a

major component after EV enrichment.

Lastly, in addition to plotting the total and identified TIC, msions is also able to calculate

the number of ions that the mass spectrometer has been analyzing (Figure 2.3). This can be
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Figure 2.1: msions use case for wrong database. (a) The total ion current (TIC) plot for
a human plasma sample enriched for extracellular vesicles (EVs). The TIC signal is plotted
in black, and the blue represents the fraction of the MS1 signal that has been confidently
identified. The y-axis represents an approximation of counts (ions per second). The data
were analyzed only for unmodified and fully tryptic peptides from the canonical human
protein sequences obtained from Uniprot. (b) The TIC signal of the EV enrichment seen in
a. However, the data has been searched with a mouse database instead of a human database.
The orange represents the fraction of the MS1 signal that has been confidently identified.
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Figure 2.2:  msions use case for enrichment protocols. (a) The total ion current (TIC) plot
for a human plasma sample. The TIC signal is plotted in black, and the teal represents the
fraction of the MS1 signal that has been confidently identified. The y-axis represents an
approximation of counts (ions per second). (b) The total ion current (TIC) plot for the EV
enrichment of the human plasma sample in a. The blue represents the fraction of the MS1
signal that has been confidently identified. This is the same plot as seen in Figure 2.1a. (c)
The TIC signal of the human plasma sample seen in a. However, the protein sequence for
albumin was removed from the human database. The green represents the fraction of the
MST1 signal that has been confidently identified, not including albumin. (d) The TIC signal
of the EV enrichment of the plasma sample in a. However, the protein sequence for albumin
was removed from the human database. The indigo represents the fraction of the MS1 signal
that has been confidently identified, not including albumin.
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valuable to users that want a reasonable comparison to single-molecule counting methods.
Traditionally, the MS proteomics field reports lists of peptides detected and the proteins
they are derived from. As peptides elute off the high-performance liquid chromatography
column, the instrument counts large numbers of peptide ions based on their mass-to-charge
(m/z) ratio, independently of their sequence identification (Figure 2.4a). The abundance
of each analyte is often determined from a background-subtracted peak area. Depending
on the method used, the peak area can be obtained from the unfragmented MS1 spectra
or from tandem mass spectra (MS/MS or MS2) collected. The peak area is derived from
the detector ion current, measured by either the flow of ions to an electron multiplier™ or
the generation of an image current in a Fourier transform mass analyzer.®Y The current is a
measure of the number of ions counted, normalized by the amount of time spent sampling
the signal. The measured signal is an approximation of counts and proportional to ions per
second, and thus it can be converted into a number of counted ions for direct comparison
with single-molecule counting methods.8!"83

LC-MS/MS methods can improve the sensitivity to low-abundance analytes by changing
the time spent sampling the signal (also known as dwell time or injection time). In some MS
instruments, such as ion traps, the time spent sampling ions changes dynamically depending
on the signal at that time.®® This dynamic adjustment of the injection time, known as
automatic gain control (AGC), provides an ideal ion population for the MS measurement
(Figure 2.4b). However, an added benefit of AGC is that it enables the instrument to spend
less time on abundant molecular species but scale the current into a larger quantity while
maintaining quantitative linearity. Likewise, it enables the instrument to spend more time
on less abundant peptides to enable the measurement of the weaker signal. This increases
the dynamic range and the total number of ions identified (Figure 2.4c). Dividing each
spectrum intensity by the time taken to acquire the spectrum gives a normalized signal for
each spectrum that is analogous to normalizing the counts obtained between flow cells in a

single-molecule counting experiment.®



20

Total lon Current (TIC): 1.28e+13 Total # of ions: 1.96e+09
ID'd TIC: 6.01e+12 lons mapped to peptides: 7.04e+08
47.0% of the signal 36.0% of the signal
a) Number of peptide IDs: 44615 b) Number of peptide IDs: 44615
7 4.0
5 35

3.04

25

20

lons (10%)

154

lons/Second (101%)

T

0 20 40

5
———

, ““‘\‘ Il i ‘I JM

40
Retention Time (mln) Retention Time (min)

0.0
0

Figure 2.3: Example of TIC and ion plots from msions package. (a) The same total ion
current (TIC) plot for the EV enrichment of the human plasma sample. The TIC signal
is plotted in black, and the blue represents the fraction of the MS1 signal that has been
confidently identified. The y-axis represents an approximation of counts (ions per second).
The data were analyzed only for unmodified and fully tryptic peptides from the canonical
human protein sequences obtained from Uniprot. (b) Representation of the same data plotted
in a but with the y-axis of each spectrum adjusted to an estimate of ions by multiplying the
counts by the Orbitrap injection time. The variable fill times allow peptides with relatively
low abundances to be measured with a similar number of ions as the most abundant peptides
in the analysis.
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Figure 2.4 shows the analysis of an extracellular vesicle (EV) fraction after enriching the

EVs from plasma.’® The fraction was digested using trypsin and analyzed with DIA on an
Orbitrap Eclipse instrument. The enriched sample has a lower dynamic range than the whole
plasma proteome. The fraction represents about 1-2% of the plasma proteome, is enriched in
tissue-derived proteins, and is depleted in abundant plasma proteins. The total ion current
from just the MS1 signal was >10'? ions per second, of which 46.4% could be assigned to a
peptide sequence using the fragment ion data. This current represented >5 billion ions, of
which 1.2 billion ions (24.1%) were assigned to peptide sequences.
Implications for Single-Molecule Approaches. To perform similarly, single-molecule
methods like Illumina would need to separate a sample into thousands of fractions to collect
billions of reads (~1 million reads per fraction). The signal is normalized between flow cells
to achieve counts that can be comparable, with ~24% of the reads being able to be mapped
back to the reference genome. This plasma extracellular vesicle analysis was not sample
limited and thus represents the upper end of what can be achieved for the analysis of ions
per analysis time.

If we assume that emerging polypeptide counting methods can achieve the current through
put of Mlumina NovaSeq for DNA (4 billion reads for $10,000), the cost for analyzing a mam-
malian proteome would be much higher than the cost by MS analysis. The single-molecule
counting approaches would need to be at least 20-fold cheaper than Illumina sequencing to be
cost effective when compared with $500 per LC-MS/MS analysis.®” The typical mammalian
cell — e.g., a HeLa cell with a volume of (~3,000 pm?®) — contains about 300,000 mRNA
molecules®® and about 10 billion protein molecules.?? Given these estimates of the relative
abundance ratio of mRNA to protein molecules, we calculate that about 30,000-fold more
counts are required to characterize the protein molecules at an analogous coverage to that
which has been achieved with the transcriptome. These implications and Figure 2.4 have
been discussed in more detail in a published Nature Methods comment.®
Code Availability. The msions package is available for Python 3.9+ and can be easily
installed from the Python Package Index (PyPI) with pip. The code for the package is open
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Figure 2.4: msions use case for single molecule counting. Signal from the MS1 spectra of
an LC-MS run of enriched extracellular vesicles from human plasma using data-independent
acquisition on a Thermo Scientific Orbitrap Eclipse. (a) An ion map of the MS1 peptide
signal separated in the retention time and m/z dimensions. The red dashed line indicates the
location of the spectrum in b. (b) Selection of a single MS1 spectrum collected at 57.67 min;
blue m/z values have been assigned a peptide sequence and red m/z values are unassigned
in the analysis. (c) A total ion current (TIC) plot of the signal intensity from a at all time
points. The TIC signal is plotted in black, and the blue represents the fraction of the MS1
signal (for example, in b) that has been confidently assigned to peptide sequences. The
y-axis represents an approximation of counts (ions per second). The insert is a histogram
counting distinct molecular entities (features) for different measured intensities. The gray
bars of the insert represent all molecular features and the blue represents those assigned a
peptide label. The data were analyzed only for unmodified and fully tryptic peptides from
the canonical human protein sequences obtained from Uniprot. (d) Representation of the
same data plotted in ¢ but with the y-axis of each spectrum adjusted to an estimate of ions by
multiplying the counts by the Orbitrap fill time. The variable fill times allow peptides with
relatively low abundance near 20-30 min to be measured with a similar number of ions as the
most abundant peptides in the analysis. The result is billions of peptide ions counted in just
90 min. Data available at https://panoramaweb.org/Single_Molecule_Counting.url
and under PXD035637. Code available at https://github.com/uw-maccosslab/single_
molecule_counting.
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source under the Apache 2.0 license at https://github.com/dafaivre/msions. The doc-
umentation for the msions package package is available at https://msions.readthedocs.

io/.
2.4 Conclusions

Here, we have presented msions and demonstrated use cases on how msions can help investi-
gate the quality of MS data. The msions package is a useful tool for detecting issues in data
and is a good complement for users that typically only track peptide and protein counts.
In its current form, we believe it will be beneficial to users that have limited familiarity
with quality control. It can be useful to a greater number of people if it is utilized prior
to completion of full mass spectrometry experiments and if it is integrated with other data

analysis software, pipelines, and processes.
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Chapter 3

COMPARING PEPTIDE IDENTIFICATIONS BY FAIMS
VERSUS QUADRUPOLE GAS-PHASE FRACTIONATION

3.1 Summary

Gas-phase fractionation techniques have become popular in the field of mass spectrome-
try to improve results without using more sample. High-field asymmetric waveform ion
mobility spectrometry (FAIMS) coupled to liquid chromatography-mass spectrometry (LC-
MS) has been shown to increase peptide and protein detections compared to LC-MS/MS
alone. However, FAIMS has not been compared to other methods of gas-phase fractiona-
tion, such as quadrupole gas-phase fractionation, which could increase our understanding
of the mechanisms of improvement. The goal of this work was to assess whether FAIMS
improves peptide identifications because 1) gas-phase fractionation enables the analysis of
less abundant signals by excluding more abundant precursors from filling the ion trap, 2)
the use of FAIMS reduces co-isolation of peptides during the MS/MS process resulting in a
reduction of chimeric spectra, or 3) a combination of both. To investigate these hypotheses,
pooled human brain tissue samples were measured in triplicate using FAIMS gas-phase frac-
tionation, quadrupole gas-phase fractionation, or no gas-phase fractionation. To confirm the
results, the experiment was reproduced on another instrument. On both instruments, our
data confirmed prior observations that FAIMS increased the number of peptides identified.
We further demonstrated that the main benefit of FAIMS is due to the reduced co-isolation

of persistent peptide precursor ions, which results in a decrease in chimeric spectra.
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3.2 Introduction

Ion trap mass spectrometers have been the workhorse instruments in many protein mass
spectrometry laboratories for years. What quadrupole ion trap mass spectrometers lack
in resolution or mass accuracy, they make up in full scan sensitivity, MS/MS scan speed,
and round-the-clock robustness. With the availability of orbitrap mass analyzers, we now
have Fourier transform mass accuracy, resolving power, and dynamic range in benchtop

capabilities and in combination with a quadrupole ion trap.?%9

An important strength of ion trap mass spectrometers is the application of automatic
gain control (AGC).8* AGC accumulates low abundance molecular species to fill the trap and
adjusts the accumulation time based on the abundance of analyte ions. In an MSI1 survey
spectrum covering a wide m/z range, a single abundant peptide can compromise the dynamic
range if the majority of the ions within the trap represent the abundant peptide. However,
in an MS/MS acquisition, only molecular species within the isolated precursor m/z window
are stored within the trap. This facilitates the accumulation of low abundance species in the
presence of more abundant ions at different m/z Thus, it is not uncommon to obtain high
quality MS/MS spectra for peptides when there was no detectable precursor during the MS1
survey scan.”? Because the instrument dynamically adjusts the ion accumulation time to fill
the trap, the MS/MS spectra can be of similar quality regardless of the abundance of the

analyte in the mixture.

Because of AGC, the use of an ion filter to eliminate abundant peptides is particularly
powerful when used in combination with an ion trap mass analyzer. Filtering high abundance
molecular species from the analyte stream allows the mass spectrometer to accumulate and
fill the trap with low abundance peptides. This idea was the basis of DREAMS reported
by the Smith lab where a quadrupole was used to selectively exclude abundant m/z values
from the ion cyclotron resonance cell to improve the dynamic range.?® Additionally, the
Goodlett lab made use of gas-phase fractionation to isolate only a narrow m/z range in the

acquisition of their MS1 survey scan.?® More recently, Meier et al. implemented BoxCar
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where the maximal orbitrap charge capacity could be accumulated over multiple narrow and
discontinuous isolation windows®® — the full mass range covered in subsequent scans. All of
these methods enable the exclusion of abundant precursors and facilitate the use of longer

injection times to improve the sensitivity of low abundant precursors.

High-field asymmetric waveform ion mobility spectrometry (FAIMS) can be used to de-
crease the complexity of the mixture before the ions enter the mass spectrometer. FAIMS

2729 and was later applied

was first used to measure peptides by Guevremont and coworkers
to a biological sample by Venne et al3® The FAIMS interface separates ions by applying
a high-voltage asymmetric waveform to a set of electrodes and allowing ions, entrained in
a carrier gas, to flow through the gap between the electrodes. The ion separation occurs
because ions have different mobilities in high and low electric fields. The asymmetry of the
applied electric field, coupled with the field-dependent ion mobility, causes ions to acquire
a net displacement perpendicular to their direction of motion and collide with one of the

electrodes. A DC offset (compensation voltage or CV) can be applied to one electrode, which

can counter this displacement and enable the transmission of ions.

The FAIMS device thus acts as a filter, transmitting only a portion of the total ions
into the mass spectrometer—reducing the sample complexity, minimizing chemical noise,
and increasing the dynamic range.?”?° Because FAIMS filters ions by differential mobility
in a continuous fashion, low abundance ions can be accumulated using AGC in a similar
way to using a quadrupole to isolate a subset of the m/z range. Our lab and others have
previously demonstrated that the FAIMS CV can be stepped in a synchronized fashion with
the acquisition of mass spectra, allowing ions at multiple selected differential ion mobilities
to be measured in either separate or the same LC-MS runs.?*?* Recent improvements in

FAIMS hardware have renewed interest in the technology.?® %7

The hardware improvements
have made FAIMS into a gas-phase fractionation method that can easily be performed prior
to an ion trapping mass spectrometer. While the speed which the FAIMS CV can be stepped
is slower than stepping to different m/z regions with a quadrupole filter, an advantage of

FAIMS is that the separation is at least partially orthogonal to m /2%
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While the improvement of FAIMS on the identification of peptides by data dependent
acquisition is clear, the mechanism for how FAIMS improves the identifications is not well
understood. Previous FAIMS experiments have benchmarked their experiments against anal-
yses performed simply without FAIMS and never had an alternative gas-phase fractionation
method as a control.? Thus, it is not clear whether FAIMS acts just like other gas-phase
fractionation methods by separating ions from the HPLC into separate bins—enabling the
ion trap mass spectrometer’s use of AGC to fill longer and improve the sensitivity for lower
abundant peptide precursors in the absence of abundant peptides. If FAIMS works simply by
improving the dynamic range of the MS1 spectrum, then a gas-phase fractionation method
that makes use of the quadrupole to isolate subsets of the m/z range should perform equally
as well as, or better than, FAIMS. Thus, the goal of this work was to assess whether FAIMS
improves peptide identifications because 1) gas-phase fractionation enables the analysis of
less abundant signals by excluding more abundant precursors from filling the ion trap, 2)
the use of FAIMS reduces co-isolation of peptides during the MS/MS process resulting in a

reduction of chimeric spectra, or 3) a combination of both.
3.3 Methods

Tryptic digestions. The samples were collected at the University of Washington, Kaiser
Permanente Washington, and Stanford University. The UW and Stanford Human Subjects
Division deemed this project to be non-human subjects research because we used pre-existing
de-identified samples. For more information about the samples, see Merrihew et al.”® Briefly,
two 25 pm frozen sections of human brain tissue were resuspended in 120 pL of lysis buffer
containing 5% SDS, 50mM triethylammonium bicarbonate (TEAB), 2mM MgCl2, 1X HALT
phosphatase and protease inhibitors. The suspension was vortexed and briefly sonicated with
a Fisher sonic dismembrator model 100 set to setting 3 for 10 s. A microtube was loaded
with 30 pL of lysate and capped with a micropestle. The sample was homogenized with a
Barocycler 2320EXT (Pressure Biosciences Inc.) for a total of 20 minutes at 35°C with 30

cycles of 20 seconds at 45,000 psi and 10 seconds at atmospheric pressure.
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Protein concentration of the homogenate was measured with a BCA assay. Fifty mi-
crograms were added to a process control of 800 ng of yeast enolase protein (Sigma), re-
duced with 20 mM DTT, and alkylated with 40 mM TAA. The lysate was prepared for
S-trap column (Protifi) cleaning by adding 1.2% phosphoric acid and 350 pL of binding
buffer (90% Methanol, 100 mM TEAB). The acidified lysate was bound to column incre-
mentally, followed by 3 wash steps with binding buffer to remove SDS, 3 wash steps with 50:50
methanol:chloroform to remove lipids, and a final wash step with binding buffer. Trypsin
(1:10) in 50mM TEAB was added to the S-trap column for digestion at 47°C for one hour.
Hydrophilic peptides were eluted with 50 mM TEAB and hydrophobic peptides were eluted
with a solution of 50% acetonitrile in 0.2% formic acid. Elutions were pooled, speed vacu-

umed and resuspended in 0.1% formic acid.

NanoLC conditions. On both instruments, 1 pg of sample was loaded into the system. For
instrument 1, a Thermo Easy-nL.C 1200 was used with a 30 cm fused silica pulled tip column
(New Objective, 75 pm inner diameter) and a 4 cm fused silica (150 pm inner diameter)
Kasill (PQ Corporation) frit trap. The trap and column were loaded with 3 pm Reprosil-
Pur C18 (Dr. Maisch) reverse-phase resin. Buffer A was 0.1% formic acid in water and
buffer B was 0.1% formic acid in 80% acetonitrile.

The 60-minute LC gradient was 2 to 7% B in 1 minute, 7 to 40% B over 40 minutes, 40
to 60% B over 5 minutes, 60 to 98% B over 5 minutes, a 5 minute wash at 98% B, a return
to 2% B in 1 minute, and a 3 minute equilibration at 2% B. The 180-minute LC gradient
was 2 to 7% B in 1 minute, 7 to 40% B over 160 minutes, 40 to 60% B over 5 minutes, 60
to 98% B over 5 minutes, a 5 minute wash at 98% B, a return to 2% B in 1 minute, and a
3 minute equilibration at 2% B. Peptides were eluted from the column and electrosprayed
into a Thermo Eclipse Tribid Mass Spectrometer with the application of a distal 3 kV spray
voltage. Application of the mass spectrometer and LC solvent gradients were controlled by

ThermoFisher Xcalibur (version 3.3).

For instrument 2, 1 pg of sample was loaded into the system on an in-house pulled 30
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cm C18 (ThermoAccucore, 2.6 A, 150 ym) column. Buffer A was 5% acetonitrile/0.125%
formic acid and buffer B was 0.125% formic acid in 95% acetonitrile. The 60-minute LC
gradient was 4 to 35% B over 55 minutes, 35 to 100% B in 5 minutes, and a 5 minute wash
at 100% B. The 180-minute LC gradient was 4 to 35% B over 175 minutes, and 35 to 100%
B in 5 minutes. Both gradients had a 5 minute wash at 100% B. Peptides were eluted from
the column and electrosprayed into a Thermo Eclipse Tribid Mass Spectrometer with the
application of a distal 3 kV spray voltage. Application of the mass spectrometer and LC

solvent gradients were controlled by ThermoFisher Xcalibur (version 3.5).

Mass Spectrometry. This experiment was designed to replicate a previous experiment,
introduce a new control, and test the reproducibility of results on more than one instrument.
Eluted peptides were analyzed with two Orbitrap Eclipse Tribrids. The two instruments
examined different pooled human brain tissue samples with slightly different LC setups and
gradients. The preparation of the pooled human brain tissue samples has been described
in detail previously,”® and the nanoL.C conditions can be found in the previous section.
Experiments without FAIMS used a 240,000 resolving power MS1 survey scan, Standard
AGC Target, and Auto Maximum Injection Time, followed by MS/MS of the most intense
precursors for 1 second. The MS/MS analyses were performed by 0.7 m/z isolation with
the quadrupole, normalized HCD (higher-energy collisional dissociation) energy of 30%, and
analysis of fragment ions in the ion trap using the “Turbo” speed scanning from 200 to 1200
m/z Dynamic exclusion was set to 10 seconds for the 1-hour analyses and was increased
to 30 seconds for the 3-hour analyses. Monoisotopic precursor selection (MIPS) was set to
Peptide, maximum injection time was 35 milliseconds, AGC target was 200%, unusual charge
states (unknown, +1, or >+5) were excluded, the advanced peak determination was toggled
on, and the internal mass calibration was off.

For FAIMS experiments, the settings were identical except the FAIMS device was used
between the electrospray source and the mass spectrometer. FAIMS separations were per-

formed with a 100 °C inner electrode temperature, 100 °C outer electrode temperature, 4.7
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L/min FAIMS carrier gas flow, and —5000 V dispersion voltage (DV). The FAIMS carrier gas
was Ny sourced from evaporated liquid nitrogen. For external stepping (i.e., single CV or
single quadrupole fraction) experiments, the selected CV or quadrupole fraction was applied
to all scans throughout the analysis. For internal stepping experiments, each of the 3 selected
CVs or quadrupole fractions was applied to sequential survey scans. The MS/MS CV was
always paired with the appropriate CV from the corresponding survey scan. For the 3-hour
quantitative FAIMS experiments, the survey scan MS resolving power was reduced to 120,000
to permit a cycle time of 0.6 s. The 3 selected CVs (-50, —65, and —85) were chosen based on
the results in Hebert et al.? The 3 quadrupole fractions were sample-specific and were cho-

sen based on splitting the number of peptide-like features in a normal LC-MS run into thirds.

Data Analysis for Identifications. Raw files were converted into mzMLs using Prote-
oWizard’s msconvert.*? Peptides and proteins present in the samples were identified using
Comet*3 by searching against the human proteome plus common contaminants. The Comet
search results were post-processed and a g-value was assigned to each PSM and each peptide
using Percolator.”” The processed results were visualized using Limelight.! All reported

PSMs and peptides were filtered at a false discovery rate (FDR) of 1%.

mzML Splitting. Raw files from internal stepping experiments cannot be directly pro-
cessed by Hardklor™ and Bullseye!®® need features to be present in multiple scans in a
row to be considered persistent. To enable this analysis, we generated separate mzML
files for each compensation voltage and quadrupole fraction. Available data conversion

t40 can generate compatible mzML files, but it does not cur-

software such as msConver
rently separate scans by different compensation voltages. Compatible mzML files were
created from unseparated mzML files using a Python script developed in-house (https:
//github.com/uw-maccosslab/faims_vs_quadgpf). The script uses functionality provided
via the pymzML module (https://github.com/pymzml/pymzML).*0*

Data Sharing. All raw data, mzMLs, and other files used for analysis are available on


https://github.com/uw-maccosslab/faims_vs_quadgpf
https://github.com/uw-maccosslab/faims_vs_quadgpf
https://github.com/pymzml/pymzML
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Panorama Public (https://panoramaweb.org/faimsvs_quadgpf.url, ProteomeXchange
ID: PXD043458). The database search results can be seen on Limelight (https://limelight.
yeastrc.org/limelight/p/faims_vs_quadgpf). The figures can be reproduced using the

open source code found on GitHub (https://github.com/uw-maccosslab/faims_vs_quadgpf).
3.4 Results and Discussion

To assess the mechanism for why FAIMS improves peptide identifications, we analyzed tryp-
tic digests of human brain tissue.”® Samples were measured in triplicate using data depen-
dent acquisition with FAIMS gas-phase fractionation (3 CV steps: —50, —65, -85 V), with
quadrupole gas-phase fractionation (three selected ion monitoring m/z ranges), or without
any gas-phase fractionation (Figure 3.1, right side). We also examined what we call external
stepping versus internal stepping for the gas-phase fractionation methods (Figure 3.1, left
side). For external stepping, a selected CV or limited mass range was applied to all scans
throughout the analysis. For internal stepping experiments, each of the selected CVs or
limited mass ranges was applied to sequential survey scans and MS/MS cycles. The MS/MS
CV was always paired with the same CV from the corresponding MS1 survey scan.

Previously, the internal stepping experiments outperformed the external stepping experi-
ments for peptide and protein detections.’® This trend was seen in the dataset collected with
Instrument 1, but it was not statistically significant in all cases (Figure 3.2a). This result
was expected because the instrument can quickly switch between different fractions inter-
nally while the external stepping experiments are limited by the dead column loading time at
the beginning of each run. For Instrument 2, this trend was not seen (Figure 3.2b). This dif-
ference may be the result of the optimized LC gradient reducing dead time at the beginning
of each run (Figure 3.3). While internal stepping may not have a significant improvement in
identifications, the method is better than external stepping because the multiple runs needed
for external stepping require more sample and additional time for gradient preparation, col-
umn equilibration, and sample loading.

FAIMS gas-phase fractionation performed significantly better (g-value < 0.05) in peptide


https://panoramaweb.org/faimsvs_quadgpf.url
https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD043458
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Figure 3.1:  Scheme for the comparison of different gas-phase fractionation (GPF) meth-
ods to improve data dependent acquisition mass spectrometry. Pooled human brain tissue
samples were measured in triplicate using external stepping (three 1-hour runs) and internal
stepping (one 3-hour run). The experiments used FAIMS gas-phase fractionation (3 CV
steps: =50, —65, -85 V), quadrupole gas-phase fractionation (three selected ion monitoring
m/z ranges), or no gas-phase fractionation (right side). Internal stepping applied each of
the 3 selected CVs or quadrupole fractions to sequential survey scans in a run while external
stepping applied the selected CV or quadrupole fraction to all scans in a run.
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Figure 3.2: Peptide and protein counts for internal and external stepping gas-phase fraction-
ation experiments. On both instruments, FAIMS gas-phase fractionation (red) performed
significantly better (g-value < 0.05) in peptide (left) and protein (right) detections than
quadrupole gas-phase fractionation (teal) or the absence of gas-phase fractionation (blue).
The internal (striped) and external (solid) stepping results were not consistent between both
instruments.



TIC (10%9)

Il Instrument 1
Il nstrument 2

0 10 20 30 40 50
Time (min)

Figure 3.3: Example TICs for gradients used with Instrument 1 and Instrument 2.
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and protein detections than quadrupole gas phase fractionation or the absence of gas-phase
fractionation on both instruments (Figure 3.2). While the number of detections was similar
within the triplicate of a method, there was poor overlap of identifications within the tripli-
cate of a method and between the three methods due to the stochasticity of data dependent
acquisition (Figures 3.4-3.5).

a) @FAIMS GPF b) ® Quad GPF ) @® No GPF

Figure 3.4: Overlap of identified peptides between the triplicate data dependent acquisition
runs with FAIMS gas-phase fractionation (internal stepping), quadrupole gas-phase fraction-
ation (internal stepping), and no gas-phase fractionation.

We questioned if the lower number of identifications by quadrupole gas phase fractiona-
tion was due to an underfilling of the ion trap, so we examined the ions measured in each
method’s MS2 spectra. We observed that there was a larger difference in ion filling between
FAIMS and non-FAIMS LC-MS (Figure 3.6a) than observed previously by Hebert et al.%
(Figure 3.7). To confirm that the results from our initial experiment on an Orbitrap Eclipse
was not an artifact of a single instrument, we repeated the experiments on a second Orbitrap
Eclipse. The data from Instrument 2 (Figure 3.6b) minimized these concerns because the
data between the two tribrids were similar.

To assess if gas-phase fractionation enables the analysis of less abundant signals by ex-
cluding more abundant precursors from filling the ion trap, we examined the number of per-

sistent peptide-like features found with each method. An advantage of quadrupole gas-phase
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Figure 3.5: Overlap of identified peptides (left) and proteins (right) between FAIMS gas-
phase fractionation, quadrupole gas-phase fractlonatlon or no gas-phase fractionation.
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Figure 3.6: The number of ions measured in MS2 spectra for the respective LC-MS/MS
runs. The number of ions were estimated by taking the total signal in each spectrum and
multiplying by the ion injection time using the msions Python package. Boxplots demon-
strate the median number of ions (middle line), extend from the first quartile to the third
quartile (Q3 - Q1 = Interquartile Range or IQR), and have whiskers that extend to the min-
imum/maximum or 1.5 x IQR, whichever is less. The data show that FAIMS (red) underfills
the ion trap more often than quadrupole gas-phase fractionation (teal) or normal LC-MS
(blue). On average, the MS2 spectra with a larger number of ions are assigned a peptide
identification with a low g-value at a higher frequency than spectra with fewer ions.
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Figure 3.7: Ions injected for each MS2 spectra in Hebert et al.
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fractionation is that, unlike FAIMS gas-phase fractionation, the MS1 features are distinct
between fractions (Figure 3.8). This limited redundancy should increase the likelihood of

selecting a low-intensity precursor for fragmentation.
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Figure 3.8: Overlap in m/z space for quadrupole (a) and FAIMS (b) gas phase fractionation.

The data collected using FAIMS had a larger percentage of low intensity MS1 precursors
identified by MS/MS (Figure 3.9a), but the intensities of the features were also significantly
lower (Figure 3.9b). This agreed with the underfilling of the ion trap shown in Figure 3.6.
To determine how individual features were affected by the 3 methods, we examined the
features that were identified by all 3 methods in one instrument batch. Compared to no gas-
phase fractionation, FAIMS gas-phase fractionation lowered the intensity of over 90% of the
shared identified features (Figure 3.9c) while quadrupole gas-phase fractionation increased
the intensity of 90% of them (Figure 3.9d). These results support hypothesis 1 for quadrupole
gas-phase fractionation, but not for FAIMS gas-phase fractionation.

To explore if the use of FAIMS reduces co-isolation of peptides during MS/MS and
results in a reduction of chimeric spectra, we examined the number of persistent precursors

present within quadrupole isolation windows. An isolation window is the narrow m/z range
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Figure 3.9: Persistent peptide-like features found with different gas-phase fractionation
methods. Persistent peptide-like MS1 features were determined using Hardklor and Kronik.
(a) The percent of features identified based on their apex intensities (log10). (b) The density
of features in each intensity bin (logl0). (c¢) Comparison of the apex intensities of the
same identified peptide features in a FAIMS gas-phase fractionated experiment (red) and
experiment without gas-phase fractionation (blue). (d) The apex intensities of the same
identified features in a quadrupole gas fractionated experiment (teal) and experiment without
gas-phase fractionation (blue).
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Figure 3.10: a. Percentage of MS2 spectra with multiple precursors for Instrument 1. b.
Percentage of MS2 spectra with multiple precursors for Instrument 2. c. Percentage of
MS2 spectra where the most intense precursor had >80% of the summed isolation window
intensity for Instrument 1. d. Percentage of MS2 spectra where the most intense precursor
had >80% of the summed isolation window intensity for Instrument 2. FAIMS gas-phase
fractionation reduced the number of chimeric spectra compared to quadrupole gas-phase
fractionation and no gas-phase fractionation and improved the relative intensity of the most
intense precursor in spectra that were chimeric.
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that is analyzed by the quadrupole during an MS2 spectrum acquisition. Non-chimeric
spectra would only have one precursor in each MS2 spectrum and have a better chance of
being identified the identification rate of chimeric spectra can be 2-fold lower than non-

chimeric spectra.!??

Based on this criterion, FAIMS gas-phase fractionation successfully
reduced chimeric spectra compared to quadrupole gas-phase fractionation and no gas-phase
fractionation (Figure 3.10a & b). Quadrupole gas-phase fractionation also had fewer chimeric
spectra than no gas-phase fractionation, but the improvement was smaller than with FAIMS.
To investigate how FAIMS affects the chimeric spectra, we checked the relative intensities
of the precursors in the isolation windows. On both instruments, the most intense precursor
within an isolation window has a higher relative intensity for a higher percentage of FAIMS
MS2 spectra (Figure 3.10c & d). This supports FAIMS improving the chances of identifying
spectra that are chimeric in addition to reducing the number of chimeric spectra. We believe
the different distributions seen between Instrument 1 and 2 could be explained by the sample

and LC gradients being different. The data collected with Instrument 2 appeared to separate
the peptides better across the elution time (Figure 3.3).

3.5 Conclusions

Overall, the results supported the use of FAIMS gas-phase fractionation over either quadrupole
gas-phase fractionation or no gas-phase fractionation for this data acquisition setup and sam-
ple type. FAIMS reduced the co-isolation of persistent precursors during the MS/MS process,
which resulted in a reduction of chimeric spectra, even though FAIMS gas-phase fraction-
ation was less efficient at transmitting ions than quadrupole gas-phase fractionation. The
lower ion transmission led to FAIMS lowering the intensity of over 90% of the shared identi-
fied features. We confirmed these results on two Thermo Eclipse Tribrid Mass Spectrometers
while using two separate FAIMS interfaces, slightly different chromatography gradients, sim-
ilar samples, and internal and external stepping. While internal stepping may not have a
statistically significant improvement in identifications, the method should be chosen because

the multiple runs needed for external stepping require more sample and additional time for



each gradient preparation, column equilibration, and sample loading.
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Chapter 4

COMBINING IDENTIFIED PEPTIDES WITH PERSISTENT
UNIDENTIFIED FEATURES IN A SKYLINE WORKFLOW

4.1 Summary

Proteomics generally focuses on the presence and abundance of peptides that have been
identified by a database search. While that information is useful, there are cases where the
features of interest are not easily identified (e.g., unexpected byproducts, abnormal cleavages,
unknown modifications, sequence variants, glycans, etc.). To address this issue, our lab has
developed a workflow that detects persistent MS1 features and enables the user to examine
unidentified persistent features alongside features that have been assigned a peptide identity.
Our pipeline can start from a RAW or converted file (e.g., mzML), detect and summarize the
features, match features between runs, create aligned files, and output the transition list for
import into Skyline. This workflow is a promising tool for multi-attribute method (MAM)

applications.

4.2 Introduction

Proteomics frequently revolves around the presence and intensity of peptides that have been
identified by a database search. While that information is useful, there are cases where the
features of interest are not easily identified (e.g., unexpected byproducts, abnormal cleavages,
unknown modifications, sequence variants, glycans, etc.). Those features would be lost in
a discovery experiment, and potential features of interest are also missed while performing
targeted experiments. New feature detection (NFD) or new peak detection (NPD) is the
process of identifying and quantifying unknown or unannotated peaks.5?

NFD workflows can be particularly useful as a multi-attribute method (MAM) applica-
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tion. Multi-attribute method (MAM) is a quality control approach used while developing
and manufacturing biopharmaceuticals.”®'% The method uses mass spectrometry to assess
the quality of a drug or biologic by analyzing multiple attributes, such as physicochemical
properties, identity, and purity. One MAM function is to monitor a test sample by quan-
titatively measuring product quality attributes at the peptide level. A second function is
to identify new and changing features by performing a differential analysis of a test sample
versus a reference. Traditional analytical methods, including hydrophilic interaction liquid
chromatography (HILIC) for glycan profiling, cation exchange chromatography (CEX) for
charge variant analysis, and reduced capillary electrophoresis-sodium dodecyl sulfate (rCE-
SDS) for clipped variant analysis, focus on single attributes, which prevents the ability to
see an integrated view of the product quality. Many purity methods also use spectroscopic
detection (e.g., UV-visible absorption), which may mask the presence of an impurty because
the method can be easily confounded by co-eluting species. By analyzing multiple attributes
simultaneously, MAM can help identify correlations and potential associations while mon-
itoring batch-to-batch variability, identifying potential sources of variation, and optimizing

the production process.

Mass spectrometry’s use in MAM is well positioned for the biopharmaceutical indus-
try because nearly 20% of pharmaceuticals are protein-based'%* and over 95% of biologics
license applications (BLAs) already use mass spectrometry for protein or impurity character-
ization.'®® MS has previously been used for QC testing of molecular mass measurements for
less complex products, such as small molecule and peptide drug products. However, protein
therapeutic BLAs have typically not used MS for more detailed purity assessments or for
quality control (QC) testing in Current Good Manufacturing Practice (cGMP) laboratories.

Recent advances in high resolution mass spectrometers and software for data analysis are
promising for MAM because we can now distinguish between similar features and perform
quantitative measurements. Our lab has developed a workflow that detects persistent MS1
features and enables the user to examine these features that have not been assigned a peptide

identity. Hardklor,” Kronik,'%’ BullseyeSharp, and Skyline? can be used to investigate these
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unidentified features. In addition to its use for MAM, the workflow is also useful for general
data quality control because it can demonstrate the amount of signal that is being identified
(Figure 4.1). In the future, we intend to implement this pipeline directly within Skyline and
use it to support MAM for the QC of therapeutic proteins.
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Figure 4.1: Total ion current (TIC) chromatograms for identified and unidentified peptide-
like features. TIC chromatograms have TIC on the y-axis and retention time on the x-axis.
Left - TIC for the complete run. Middle - TIC for identified peptides and unidentified
peptide-like features. Right - Middle plots subtracted from left plot.

4.3 DMethods

New feature detection requires multiple algorithms and statistical models to process mass
spectrometry data. The first step is performing peak detection, which involves identifying
the m/z values and intensities of signals in the spectra. Our workflow starts with Hardklor

finding features on the MS1 level by analyzing peptide isotope distributions (Figure 4.2). The
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workflow’s feature detection algorithm has improved speed and can handle overlapping and
in-phase isotope distributions. After analyzing each scan, the workflow outputs the mass,
charge, intensity, and retention time of each feature in each scan. We have summarized these
features to determine which features are persistent in multiple scans.

The next step is an optional alignment, which involves matching peaks across multiple
runs and correcting for differences in retention time and mass accuracy. We use the N most
intense persistent features from each run (e.g., 10,000 most intense persistent features) in an
algorithm to match features between runs. Based on the retention time difference of features
that were matched between runs, we train a support vector regression (SVR) to align the
runs. The trained SVR is used to update feature retention times and create aligned mzMLs
that can be imported into Skyline.

The output of the workflow is a list of detected features with their m/z values, retention
times, intensities, and other parameters. The union of persistent features with updated re-
tention times are exported into a transition list for import into Skyline. We have successfully
imported our feature list and the aligned mzMLs into Skyline using our “Molecule interface”
and our “Mixed interface.” The updated retention times improve Skyline’s peak picking
accuracy for these unidentified features. For a case where users want to use the “Mixed in-
terface” and have peptide transitions as well as unidentified features, we remove the features
that match to an identified peptide transition. This gives a list of unique features, some of
which are identified, and the rest are sorted by decreasing intensity and designated by their
specific mass, charge, and retention time. We have created a pipeline that can start from
a RAW or converted file (e.g., mzML), detect and summarize the features, match features

between runs, create aligned files, and output the transition list for import into Skyline.
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Figure 4.2: Mixed Skyline workflow diagram. Hardklor detects features on the MS1 level
by analyzing peptide isotope distributions. Each feature is defined with a mass, charge,
m/ z, intensity, and retention time. These features are summarized with Kronik to determine
which features are persistent across time. Optionally, we can align the runs by support vector
regression. The trained support vector regression is used to update feature retention times
and create aligned mzMLs that can be imported into Skyline. The features can be filtered
by the N most intense persistent features, by the percentage of the total ion current (TIC)
in a scan, or by an intensity threshold.
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4.4 Results and Discussion

As a proof of concept, we ran replicates (n = 5) of a plasma sample with two concentrations
of Pierce Peptide Retention Time Calibration (PRTC) Mixture and Bovine Serum Albumin
(BSA) spiked in. The samples were provided as a mixture of peptides because the plasma
proteins and BSA had been digested after PRTC and BSA were spiked in. PRTC is a known
mixture of peptides and was not affected by the digestion. At the time of analysis, we were
blind to the relative concentrations. Because the LC-MS data were acquired within a short
time frame, we did not perform an alignment for this proof of concept experiment. The work-
flow was completed with a database containing the PRTC and BSA peptides (Figure 4.3a)
and a second database that was missing 1 BSA peptide (Figure 4.3b). In b, the missing pep-
tide (LVNELTEFAK) was found to be the most intense unidentified feature by the workflow.
We also examined the relative concentrations of the targeted peptides by annotating each
file with its group and creating a “Group Comparison” in Skyline (Figure 4.3c). Spiked-in
peptides clustered around a log2 fold change of 2, which would suggest the concentration
of spike-in 1 (PRTC1) was four times the concentration of spike-in 2 (PRTC2). This result
agreed with the relative concentrations when the blind was removed, which demonstrates

that changes in abundance of unidentified features can also be flagged using the workflow.

After demonstrating the proof of concept, we applied the workflow to a set of files we re-
ceived from the National Institute of Standards and Technology (NIST). The data had been
collected by the MAM Consortium in an interlaboratory study to evaluate new peak detec-
tion performance metrics.% The MAM Consortium was formed to bring together government
agencies, biopharmaceutical companies, manufacturing organizations, and mass spectrom-
eter, software, and reagent vendors to share MAM knowledge and experience. The Con-
sortium wants to utilize MAM as a QC approach and potential replacement for multiple
single-attribute assays. For the interlaboratory study, the MAM Consortium, in collabora-
tion with NIST, the Institute for Bioscience and Biotechnology Research, and Just-Evotec

Biologics, initiated an NPD round robin (NPDRR) to survey the current performance metrics
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Figure 4.3: PRTC proof of concept with present and missing targeted peptide. Work-
flow was given the same run and the same target list except (b) was missing one peptide
(LVNELTEFAK) compared to (a). The missing peptide was found to be the most intense
unidentified feature by the workflow. (c¢) Volcano plot of spike-in samples (n = 5 for PRTC1
& PRTC2). Two samples were prepared (spike-in PRTC1 = 4 x spike-in PRTC2). The two
samples were analyzed 5 times. Spiked-in peptides were around a log2 fold change of 2 as
expected.
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of the platform and provide insight into developing the platform in other laboratories.

The NPDRR included technical tripli-
cates of a Blank, technical triplicates of a
Calibration Sample containing PRTC, and
single runs for the other samples. The other
samples were the Reference, pH, Spike, and
Unknown samples. The NPDRR used the
NIST mAb RM 8671 monoclonal antibody
as the Reference sample (Figure 4.4).107 111
The pH sample was the Reference sample
that had undergone a pH stress, and the
Spike sample contained the mAb and PRTC

peptides. The samples that were not an-

alyzed in triplicate had one run with only

MS1 acquired and a separate run with MS1 Figure 4.4: National Institute of Standards
and MS2 acquired. For this example, we and Technology (NIST) mADb RM 8671.1%

used BLK_01, CAL_01, and the MSI1 runs

for the Reference, pH, Spike, and Unknown samples in the “MAM _Data_01” dataset. For
the following figures, The order for the top row of samples is Blank, Calibration, and Refer-
ence, and the bottom row is Unknown, Spike, and pH.

Our first check was whether the PRTC peptides were present in the correct samples (Fig-
ure 4.5). As expected, the PRTC peaks only appeared in the Calibration and Spike samples,
and the amount in the Spike sample was less than the Calibration sample. Second, we ex-
amined the presence of trypsin in the samples (Figure 4.6). Trypsin peptides were present
in the Reference, Unknown, Spike, and pH samples, which suggested all 4 had proteins that
needed to be digested. This was known for the Reference, Spike, and pH samples, but not
known for the Unknown sample. The lack of trypsin in the Calibration sample is expected

because the Calibration sample contains PRTC peptides, not proteins. Third, we analyzed
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the presence of NIST mAb RM 8671 peptides in the samples (Figure 4.7). The mAb pep-
tides were present in the Reference, Spike, and pH samples as expected and were also in the

Unknown sample.

PRTC - GISNEGQNASIK
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Figure 4.5: MAM Consortium samples with PRTC present. The top row of samples is
Blank, Calibration, and Reference (L to R). The bottom row is Unknown, Spike, and pH (L
to R). On the far right, the top box shows the peak areas of the GISNEGQNASIK PRTC
peptide in the six samples, and the bottom box shows the retention times of the integrated
peaks. The blue box is around the two samples with GISNEGQNASIK peptide peaks. The
peaks agree with the identities of the samples because the Calibration and Spike samples
contained PRTC.
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Trypsin - SCAAAGTECLISGWGNTK
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Figure 4.6 MAM Consortium samples with trypsin peptides present. The top row of sam-
ples is Blank, Calibration, and Reference (L to R). The bottom row is Unknown, Spike, and
pH (L to R). On the far right, the top box shows the peak areas of the SCAAAGTECLISG-
WGNTK tryptic peptide in the six samples, and the bottom box shows the retention times
of the integrated peaks. The blue outline is around the four samples with SCAAAGTECLIS-
GWGNTK peptide peaks. Trypsin peptides can be seen in the Reference, Unknown, Spike,
and pH samples, which suggest all 4 had proteins that needed to be digested.
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NIST mAb - GPSVFPLAPSSK
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Figure 4.7: NIST mAb peptide example. The top row of samples is Blank, Calibration,
and Reference (L to R). The bottom row is Unknown, Spike, and pH (L to R). On the far
right, the top box shows the peak areas of the GPSVFPLAPSSK mAb RM 8671 peptide
in the six samples, and the bottom box shows the retention times of the integrated peaks.
The blue outline is around the four samples with GPSVFPLAPSSK peptide peaks. mAb
peptides can be seen in the Reference, Unknown, Spike, and pH samples, which suggest all
4 had RM 8671 present.
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After checking the known features, we examined the unidentified features. Many of the
unidentified features had peak areas that were unchanged under pH stress (Figure 4.8). The
unchanged feature example in Figure 4.8 must have been related to the mAb protein because
the feature was present in the same samples as the mAb peptides in Figure 4.7. Unchanged
features can generally be ignored as long as they are consistent. For MAM, the features of
interest should be changing, new, or missing. Unidentified features with changing peak areas
can be determined from observation, by a threshold, or with a statistical test. Since this
data did not have replicates to provide statistical significance, the peak areas were checked
manually with Skyline. A changing peak area is seen in Figure 4.9 because the Reference,
Unknown, and Spike had low levels of the feature, but the pH sample’s peak area increased
by 6x.

Providing the mass, charge, and retention time of features can be useful for unidentified
features with similar attributes. For example, masses can be within a tolerance (2544.1111
vs 2544.1127), but the retention time (40.1 min / 39.1 min) can distinguish between the two
features (Figure 4.10). A new peak can also be an intriguing discovery (Figure 4.11). New
peaks should to be characterized in a MAM platform because the new peaks could be poten-
tial process- or product-related impurities that could impact the efficacy, pharmacokinetics,
and safety of the biopharmaceutical.

In addition to monitoring new and changing peaks, analyzing the Unknown sample
through these examples was an interesting challenge. Based on the analyses, we believed
the Unknown was another Reference sample because there were no PRTC peptides present
(Figure 4.5), but the sample did contain trypsin and mAb peptides (Figures 4.6-4.7). The
sample did not undergo pH stress because the changing peaks had similar peak areas as the
Reference sample (Figures 4.9-4.11). Our hypothesis of the Unknown sample’s identity was
confirmed by the coordinators of the NPDRR.
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Figure 4.8:  Unidentified feature with unchanged peak area. The top row of samples is
Blank, Calibration, and Reference (L to R). The bottom row is Unknown, Spike, and pH (L
to R). On the far right, the top box shows the peak areas of an unidentified feature (711.8705
m/z) in the six samples, and the bottom box shows the retention times of the integrated
peaks. The blue box shows the unidentified feature peak area is unchanged for the Reference,
Unknown, Spike, and pH samples.



849.0448 m/z (z=3) @ 39.1 min

Ak =X rn-m-wmm

57

2 x

BLE_01_MS51 b -x CALO1_MS1 dbwx REF_MS_MS1
140
50 50 4 50
120
40 40 an 100
¥
= = _ 2w
IS £ e s
30 30 30
S S : i
£ £ &£ ]
H H d H
H H £ o
EX EX ]
10 10 4 10
i ¥ 8 O B B
ELH 193 il a2 2 . o
o | ~4Zppm B 1| +ipem o Pasen . : 3 3 i E :
300 305 400 405 390 300 385 40.0 405 E 4 F £ &
Retention Time Retenticn Retention Time Replicate
LK S Qb -x SPE_MS_MS1 * PH_MS_MS1 N} Retention Time: - Replacate C omparmon X
94
50 4 %0 4 50
293
E @ 1 an
92
£
- - = T
Iw FE I g ®1
: g g iy
4 z
£ £ 204 E m
EE]
107 104 o 18
59 3§ 8 8 § &
] £ ] 5 5 § % § %
b T 0 AL
300 <1 400 405 0 95 0.0 405 2 ¢ ¥ 5 B

Retention Time

Retention Time

Figure 4.9: Unidentified feature with changing peak area. The top row of samples is Blank,
Calibration, and Reference (L to R). The bottom row is Unknown, Spike, and pH (L to R).
On the far right, the top box shows the peak areas of an unidentified feature (849.0448 m/z)
in the six samples, and the bottom box shows the retention times of the integrated peaks.
The blue boxes show that the unidentified feature peak area is changing for the pH samples.
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849.0443 m/z (z=3) @ 40.1 min
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Figure 4.10:  Unidentified features with similar mass. The top row of samples is Blank,
Calibration, and Reference (L to R). The bottom row is Unknown, Spike, and pH (L to R).
On the far right, the top box shows the peak areas of an unidentified feature (849.0443 m/z)
in the six samples, and the bottom box shows the retention times of the integrated peaks.
The blue box shows that unidentified features can be distinguished by their retention times
(39.1 and 40.1 min) when their mass and charge are similar.
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Figure 4.11: New unidentified feature caused by pH stress. The top row of samples is Blank,
Calibration, and Reference (L to R). The bottom row is Unknown, Spike, and pH (L to R).
On the far right, the top box shows the peak areas of an unidentified feature (790.6464 m/z)
in the six samples, and the bottom box shows the retention times of the integrated peaks.
The blue boxes show that a new peak can be caused by pH stress.
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4.5 Conclusions

In this chapter, we demonstrated that we have developed a workflow that detects persistent
MS1 features and enables users to examine unidentified persistent features alongside features
that have been assigned a peptide identity. Our pipeline can start from a RAW or converted
file (e.g., mzML), detect and summarize the features, match features between runs, create
aligned files, and output the transition list for import into Skyline. The unidentified features
can be investigated and annotated to improve the knowledge of the sample. This workflow is
a promising tool for multi-attribute method (MAM) and other new feature detection (NFD)
applications.

New feature detection can help uncover unexpected details of complex biological systems,
including proteoforms, protein-protein interactions, metabolic responses, and impurities. Be-
cause of this outlook, MAM will be a powerful tool in the fields of disease diagnosis, drug
discovery, and the development and quality control of biopharmaceuticals. However, one
challenge with MAM is interlaboratory non-conformity due to less optimal instrument main-
tenance and best practices. To address this challenge, laboratories should consider utilizing
system suitability controls that monitor NFD parameters for a given process or product.
Current technologies are sufficient for implementing MAM in a regulated environment, but

continued refinement of best practices for data acquisition and processing is still needed.
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Chapter 5

CLOSING REMARKS

5.1 Research Conclusions

In summary, these chapters complement the traditional proteomics field by providing insight
into the “Hidden Proteome”-the peptide-like features that are not identified. In Chapter 1,
a broad overview of the field is narrowed to provide context for the following chapters. In
Chapter 2, I presented msions and demonstrated use cases on how msions can help inves-
tigate the quality of MS data. The msions package is a useful tool for detecting issues in
data and provides an opportunity to investigate the “Hidden Proteome.” In Chapter 3, I
explored the potential mechanisms for improved results via high field asymmetric waveform
ion mobility spectrometry (FAIMS). Ion mobility techniques also provide insight into the
“Hidden Proteome” because features change relative intensities and the additional partially
orthogonal separation can assist with characterization of samples. In Chapter 4, I demon-
strated that I developed a workflow that detects persistent MS1 features and enables users to
examine unidentified persistent features alongside features that have been assigned a peptide
identity. These “Hidden Proteome” features can be important in many different scenarios,
such as Multi-Attribute Method (MAM) utilization for quality control of biopharmaceuti-
cals or potential analysis of proteoforms, protein-protein interactions, metabolic responses to
stimuli, and impurities. Overall, these packages, workflows, and tools will be most beneficial
to scientists interested in quality control and developing a deeper understanding of uniden-
tified features. Since msions is being implemented in Limelight' and the MAM project is
being integrated with Skyline,? the work should have a friendlier user interface and a broader

reach.
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5.2 Looking Forward

During my PhD, I became focused on reproducibility and accessibility of research and data.
One challenge with reproducibility is even the definition does not appear to be consistent
from study to study. In Barba (2019), reproducibility and replicability were found to have
3 categories of usage: 1) The terms were used with no distinction between them. 2) Re-
producibility is using the original researcher’s data and code to regenerate the results while
replicability is arriving at the same conclusion with new data. 3) Reproducibility is arriving
at the same results with different data and methods while replicability is using the origi-
nal author’s data and code to arrive at the same results. Categories 2 and 3 are in direct

opposition of each other, which leads to confusion.

I appreciate the definitions used in McArthur (2019).!1'2 In this article, repeatability
refers to the same team using the same experimental setup to recreate the results. Repli-
cability refers to a different team with the same experimental setup recreating the results.
Reproducibility refers to a different team using a different experimental setup to come to
the same conclusion. While repeatability and replicability are important, I believe repro-
ducibility gives the best support for conclusions that are being made. I would appreciate if
the scientific community would acknowledge the confusion and come to a consensus because

a shared vocabulary would help progress us towards more reproducible science.

With regards to the field of proteomics, I am excited to see the advancements and break-
throughs that will happen in the upcoming years. I believe there could be many opportunities
for advancement in technology, automation, and bioinformatics. Two major areas of immedi-
ate focus appear to be single-cell proteomics and the integration of multi-omics approaches.
Analyzing the protein expression at the single-cell level will allow scientists to identify rare
cell populations, elucidate cell heterogeneity, and investigate cellular responses to stimuli
and diseases. This advancement will increase our understanding of cellular dynamics and
enable personalized medicine approaches. However, the dynamic range and coverage will

need to be considered as mentioned in Chapter 2.3. Integrating multi-omics approaches will
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also improve our understanding of biological systems. By combining data from different
omics levels, researchers can gain deeper insights into the interactions and regulations that
govern cellular processes. Proteomics data has consistently been combined with genomics
and transcriptomics data. Going forward, I believe we need to find a way to process and
integrate additional omics data, such as metabolomics, lipidomics, glycomics, etc.

Another emerging area of interest is artificial intelligence (AI). Machine learning and Al
algorithms have already begun to enhance data analysis and interpretation, and Generative
AT has the potential to disrupt reading and writing scientific articles. I believe for at least
a few years an expert will be needed to monitor the output because some summaries are
correct while others are false. After that time period, we may have a chicken-and-the-egg
problem because people will be learning from generative AI, which will be learning from us,
and the upcoming experts may be unaware if part of an answer is incorrect. The circular
feedback of the tool may be difficult to overcome, and I am curious to see how we address

that challenge.
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Appendix A
GENERATING PROSIT LIBRARIES FOR ENCYCLOPEDIA

1. Generate .fasta file

2. Convert .fasta file to Prosit .csv input

(a) Open EncyclopeDIA (this appendix was created with v2.12.30)

i. Confirm Enzyme = Trypsin and Fragmentation = CID/HCD (B/Y)
Enzyme:|Trypsin ~

Fragmentation: CID/HCD (EB/Y) »

(b) Click the “Convert” tab and select “Create Prosit CSV from FASTA”

v EncyclopeDIA: Peptide Searching for DIA

File View Convert Data Help

' Ency| = 4 Create Prosit C5V frorm FASTA
+4 Create Prosit CSV from Library
-4 Create M52PIP PEPREC from FASTA

Searching Directly
t Acquisition (DIA)

«4 Create M52PIP PEPREC from Library
+ 4 Convert BLIE to Library
+ 4 Convert SPTXT/MSP to Library

itation chromatograms from MZML files,
+ 4 Convert Prosit/Spectronaut CSV/KLS to Library 14 calculates various scoring features.

« 3 Convert Maxquant msms.txt to Library tlator to identify peptides.
-4 Convert TraML to Library
Parami _
] +4 Convert OpenSWATH tsv to Library - -
L|brary:E “ta_APOE2.FASTA.trypsin.z3 nce33.. | Edit
+4 Convert MS2PIP csv to Library
Eackgrm ta_APOE2.FASTA | Edit
Target/De = 4 Convert Library to BLIB v
Enzyme: 4 Convert Librarytc' MNIST MSP e
Fragmen) © 4 Convert Library to OpenSWATH tsv ~
Precurso i
-4 Combine Multiple Libraries
Fragmen ~

1 Create Subszet Libra
Library M i v



(c) Add the .fasta file and continue with the default settings and select “OK”

W Convert FASTA to Prosit CSV b

Parameters:
This function will in silico digest peptides from your FASTA and
create an input file for Prosit. If you use this feature, please cite
Searle et al, 2020

FASTA Please select fie. . =
Enzyme:|Trypsin ~
Charge range: 25 to | 35

Maximum Missed Cleavage: 1=
mfz range: 396.41% | to | L0075

Default NCE: 3%

(]
L3

Default Charge:
Adjust NCE for DIA:

4

0K Cancel

3. Upload .csv to Prosit for spectral library generation

(a) Navigate to Prosit: https://www.proteomicsdb.org/prosit/

(b) Change to the “Spectral Library” tab

Prosit ‘ PREDICT ‘ ‘ LIBRARIES ‘ ‘ FAQ ‘ ‘ STATUS ‘ () ()

Prosit offers high quality MS2 predicted spectra for any organism and protease as well as iRT prediction. Prosit is part of
the ProteomeTools (www proteometools org/) project and was trained on the project's high quality synthetic dataset. When
using Prosit is helpful for your research, please cite "Gessulat, Schmidt et al. 2019" DOI 10.1038/541592-019-0426-7.

CE CALIBRATION SPECTRAL LIBRARY RESCORING

This task generates a spectral library either by digesting a given FASTA file, or by predicting a list of peptides given in a
CSV file. You need to provide a collision energy (CE) for prediction. To estimate an optimal CE for prediction, please use
"CE Calibration".
When a FASTA file is provided, Prosit will:

1. Digest the FASTA, for the given parameters (i.e. protease).

2. Predict all spectra at the given collision energy.
When a CSV with peptides is provided, Prosit will directly predict all spectra.
Please note: Antivirus software may cancel large uploads - tum it off if you experience upload resets.


https://www.proteomicsdb.org/prosit/
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(¢) Scroll down and click “NEXT >”

o Settings
ndicate collision energy, the maximum number of missed cleavages, and number of oxidized methionines per peptide

L4
=l

How would you like to provide the list of peptides?

@ cs\

CSV Format
modified_sequence collision_energy precursor_charge fragmentation
M(ox)CSDSDGLAPPQHLIR 15 2 = g | HCD.
EMPQSDPSVEPPLSQETFSDLWK 28 2 = iﬁ' HCD
TCPVQLWVDSTPPPGTR 35 3 E g CID
QSQHM(ox)TEVVR 35 5 CiD

Please provide all three columns below and use , as a separator.

* modified_sequence lLJSe upper case letters in the column and indicate oxidized Methionine
with "M(ox)". Sequence length is restricted to the range of 7 to 30. Each C is treated as
Cysteine with carbamidomethylation. Prosit does not support U or O as amino acids.

s collision_energy Use integer values from 10 and 50.

= precursor_charge Use integer values from 1 to 6.

s fragmentation Either HCD or CID, Use upper case lefters.”

*Only for TMT model

NEXT »
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(d) Click on “peptides.csv” and add your .csv file by pressing “Open”

° Upload Files

& Open X
4+ » This PC » Downloads » prosit_example v | O £ Search prosit_example
Organize v New folder ==+ [ 0
~
~ MName Date modified Type Size
| examplefastatrypsinz3_nce33d.cov 5/6/2023 6:40 PM Comma Separate... TKB
m
-
|
=
B
i
-
k. wa 2
File name: | examplefasta.trypsin.z3_nce33.csv v| CSV File (*.csv) ~

0 peptides csv X

(e) When the .csv file is uploaded (button will turn blue), click “NEXT >"

example fasta trypsin.z3d _nced3.csv X



(f) Choose the models you want to use to build the predicted libraries,

(g) If a TMT model is selected in previous step, choose kit type

and press “NEXT >”

Intensity prediction model

Q Prosit_ 2019 _intensity_hcd
O Prosit_2020_intensity_preview
@ Prosit_ 2020 _intensity_hcd
O Prosit_2020_intensity_cid
(O Prosit_TMT_intensity_2021

IRT prediction model

@ Prosit_2019_irt
QO Prosit_TMT_irt_2021

This step was skipped with the models chosen above

Isobaric Label

TT maodel iz celertad

(O TMT6/10/11-plex

(O ITRAQ4-plex

(O ITRAQS-plex

(® TMT16/18-plex (TMTPro)

83
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(h) Choose output format

o Task ID

Qutput format

poearch compatible)

1]

(O NIST MSP Text Format of individual spectra (Skyline and MSP

=3
[4¥]
(")
o
[ax}
[3+]
m

® Generic text (Spectronaut compatible). All fragment

(i) BEFORE PRESSING “SUBMIT v, record the file and parameters

you chose. The generated library will have a generic name of “myPrositLib.csv”

(j) Click “SUBMIT v~

(k) A new page will be shown with a unique task ID. Save the task ID or URL.

It could be useful to record it in the same place as the information above

Prosit | PREDICT ‘ ‘ LIBRARIES ‘ ‘ FAQ ‘ ‘ STATUS ‘ () 9

Prosit offers high quality MS2 predicted spectra for any organism and protease as well as iRT prediction. Prosit is part of
the ProteomeTools (www.proteometools.org/) project and was trained on the project's high quality synthetic dataset. When
using Prosit is helpful for your research, please cite "Gessulat, Schmidt et al. 2019" DOI 10.1038/s41592-019-0426-7.

Task 1A9AE3D0OF4C82C428673FF2622A7TEB3D

This task is in progress. Tasks may take several hours for full proteomes depending on system load. Please note down your
Task 1D or save this URL to check back later. You can download the results here upon completion. Resubmitting tasks will not

lead to faster results.

(1) Check back to download the results
YOU WILL NOT BE NOTIFIED WHEN THE JOB IS COMPLETE

The results are stored for 14 days. A task will need to be re-submitted if a file

needs to be downloaded after that time
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4. Download Prosit output

(a) Click “Download” when the files are ready

Prosit | PREDICT ‘ ‘ LIBRARIES ‘ ‘ FAQ ‘ ‘ STATUS ‘ (w) 9

Prosit offers high quality MS2 predicted spectra for any organism and protease as well as iRT prediction. Prosit is part of
the ProteomeTools (www.proteometools.org/) project and was trained on the project's high quality synthetic dataset. When
using Prosit is helpful for your research, please cite "Gessulat, Schmidt et al. 2019" DOI 10.1038/541592-019-0426-7.

Task 1A9AE3D0OF4C82C428673FF2622A7TEB3D

Your files are ready.

DOWNLOAD

(b) Extract the file from the zipped folder “download.zip”

(c) Rename the “download.zip” folder and extracted “myPrositLib.csv” file to aid in

future identification



5. Convert Prosit .csv to EncyclopeDIA .dlib

(a) Click the “Convert” tab and select “Convert Prosit/Spectronaut
CSV/XLS to Library”

' Ency

Paramu
Library:E
Backgrol
Target/Dr
Enzyme:
Fragmen
Precurso

Fragmen
Library I

=§

=

=

=

=

4

=4

=

=

=

=

=

=

=

=

=

v EncyclopeDlA: Peptide Searching for DIA

File View Convert Data Help

Create Prosit C5V from FASTA
Create Prosit C5V from Library
Create M52PIP PEPREC from FASTA
Create MS2PIP PEPREC from Library

Convert BLIB to Library

Convert SPTXT/MSP to Library

Convert Prosit/Spectronaut CSV/XLS5 to Library
Convert Maxquant msms.txt to Library
Convert TraML to Library

Convert OpenSWATH tsv to Library

Convert M52PIP csv to Library

Convert Library to BLIB
Convert Library to NIST MSP
Convert Library to OpenSWATH tsv

Combine Multiple Libraries

Create Subset Library

Searching Directly
t Acquisition (DIA)

itation chromatograms from MZML files,

nd calculates various scoring features.
lator to identify peptides.

=ta_APOE2.FASTA.trypsin.z3_nce33... | Edit

ta_APOEZ2.FASTA | Edit

36
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(b) For the “Spectronaut CSV/XLS” parameter, choose the new .csv file obtained
from Prosit. For the “FASTA” parameter, choose the original .fasta file used to

generate the .csv uploaded to Prosit

¥ Convert Prosit/Spectronaut C5V to Library >
Parameters:
Spectronaut CSV/XLS example. fasta. trypsin.z3_nce33.csv Edit
FASTA xample.fasta [t
oK, Cancel

(c) Press “OK” and wait for the file to be converted.

¥ Please wait... >

Reading Spectranaut CSV File

(d) Once complete, the pop-up box will disappear, and the console will say “Finished

reading {example.fasta.trypsin.z3_nce33.csv}”



Appendix B
DIA DATA ANALYSIS WITH ENCYCLOPEDIA

MSConvert & EncyclopeDIA GUlIs
1. Convert .raw files to .mzML with MSConvert

(a) Have “peakPicking” as the first filter
(b) Check that the “Output format” is “mzML”"
(c) If the MS1 was acquired as a SIM scan, check the box for “SIM as spectra”

(d) If the experiment used overlapping windows, add a “demultiplex” filter

sl MSConvertGUI (64-bit) - O b

(®) List of Files () File of file names

About MSConvert

File: | Browse Browse network resource... v
Fiters
Demuttiplex w
COverap Only w
Mass Emor: ppm v

Output Directary:
Bror
| s Remove
Options
Output format: |mzML ~ ~ | Bxtension: I:I Fiter Parameters
Binary encoding precision: (8 646t () 32bit CELTTE A
demuttiplex optimization=overap_only massEmor=10.0ppm

Write index: Use zlib compression:

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

Use numpress short logged float compression: []
Use numpress positive integer compression: |:|
Combine ion mobilty scans: [ ]

SIM as spectra: SRM as spectra: [ ]

Presets: | Generic Defaults ~ | | Save Preset - Files to convert in parallel: (1 15 Start

38
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(e) Add files using the “Browse” button. If you only choose 1 file, you must press the
“Add” button to place it in the list of files to be converted

2. Create a chromatogram library .elib with EncyclopeDIA

(a) Add the generated Prosit library (see Appendix A) to the “Library” parameter
by pressing “Edit”

(b) Add the .fasta file (most likely used to generate Prosit library) to the “Back-

ground” parameter by pressing “Edit”

(c) Check that the other parameters match the experimental setup

L4
File View Convert Data Help
W Encydepenia i Thesaurus % Wainut E Saibe Jobs: Add MZML . Save Chromatogram Library & Save QuantReports 1, saveBLIB
File Progress

EncyclopeDIA: Library Searching Directly
from Data-Independent Acquisition (DIA)
MS/MS Data

EncyclopeDIA 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;l:-ms\tloZD_un\prot_human_septZDZZ_ADpepudes_yeasENO 1_contam, fasta. trypsin.z3_nce33.dlib ‘ Edit

Elackgmund;}mprut,human,septzuzz,ADpapndes,yaasthoLcuntam.fasta ‘ Edit

Target/Decoy Approach: Normal Target/Decoy v
Enzyme|Trypsin “
Fragmentation: CID/HCD (B/Y) v
Precursor Mass Tolerance: 10.0 PPM ~
Fragment Mass Tolerance: 10.0 PPM .
Library Mass Tolerance:| 10.0 PPM w
Percolator Version: v3-01 ~
MNumber of Quantitative lons: 61=
Minimum Number of Quantitative lons: 4
MNumber of Cores: 8t

Additonal Command Line Options:|

Console:

Javs version: 1.8.0_171

Memory sllocated: 14521 M8

EncyclopeDIA Graphicsl Interface (version 2.12.30)

84 of 14521 M8 used
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(d) Click “Add MZML” near the top of the right side, and select the files for the

gas-phase fractionated library

(e) Click “Open” and the mzML files will appear under the “Jobs” buttons

W EncyclopeDIA: Peptide Searching for DIA a x
File View Convert Data Help
W Encydopenia | Thesaurus @) wainut [B8] scibe \Job: ' Save Chromatogram Library &4 Save Quant Reports I, save BB

EncyclopeDIA: Library Searching Directly
from Data-Independent Acquisition (DIA)
MS/MS Data

EncyclopeDIA extracts peptide fragmentation chromatograms fram 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;':-rcs\QDZD_un\prat_human_septZDZZ_ADpepudes_yeasENO1_con|am‘fastah'ypsin.zB_nceB.dhb ‘ Edit
E]ackgmund;Pmprot_human_septlUlZ_ADpaphdes_yaaslfNDl_comam.fasla ‘ Edit
Target/Decoy Approach:| Normal Target/Decoy ~
Enzyme: Trypsin v
Fragmentation: CID/HCD (/) v
Precursor Mass Tolerance: 10.0 FFM ~
Fragment Mass Tolerance: 10.0 PFM ~
Library Mass Tolerance:| 10.0 PPM ~

<

Percolator Version: v3-01

Mumber of Quantitative lons: 515
Minimum Number of Quantitative lons: 45
Mumber of Cores: 81s

Additonal Command Line Options:|

File
Read Ed_2022_0718_FreezeThaw_Lib_400_500_4mz_12.mzML

Progress

Read Ed_2022_0718_FreezeThaw_Lib_500_600_4mz_13.mzML

Read Ecl_2022_0718_FreezeThaw_Lib_500_700_4mz_14.mzML

Read Ed_2022_0718_FreezeThaw_Lib_700_800_dmz_15.mzML

Read Ed_2022_0718_FreezeThaw_Lib_800_500_4mz_16.mzhL

Read Ed_2022_0718_FreezeThaw_Lib_S00_1000_4mz_17.mzML

Parsed 9% ~
Parsed 10%
Parsed 11%
Parsed 12%
Parsed 133
Parsed 143
Parsed 15%
Parsed 16%
Parsed 17%
Parsed 18%
Parsed 19%
Parsed 20%
Parsed 21%
Farsed 23%
Parsed 23%
Parsed 24%
Parsed 25%
Parsed 26%
Parsed 27%
Farsed 28% v

402 of 14521 MB used
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(f) When the gas-phase fractionated files have finished, click “Save Chromatogram
Library” and give the ELIB a descriptive filename

W EncyclopeDIA: Peptide Searching for DIA - [m] x

File Wiew Convert Data Help

i N
W EncydopeDIs [f Thesaurus @ walnut [ scrie \Jobs: Add MzZML . Save Chromatogram Library | Save QuantReports Iig, Save BLIB
. . . File Progress

EncyclopeDIA: Library Searching Directly Read Ecl_2022_0718_FreezeThaw_Lib_400_500_4mz_12.mzML Wrote 16707 peptides identified at 1.0% FDR

= = Read Ed_2022_0718_FreezeThaw_Lib_500_600_4mz_13.mzML Wrote 18892 peptides identified at 1.0% FDR

from Data-Independent Acquisition (DIA) Read Ed_2022 0718 _FreezeThaw _Lib_600_700_dmz_14.mabL Wirote 15098 pepides identified at 1.0% FDR

MS/MS Data Read Ed_2022_0718_FreezeThaw _Lib_700_800_dmz_15.maML Wirote 11277 peptides identified at 1,0% FDR

Read Ed_2022_0718_FreezeThaw_Lib_800_900_4mz_15.mzML Virote 7938 peptides identified at 1.0% FDR.

Read Ed_2022_0718_FreezeThaw_Lib_900_1000_4mz_17.mzML Wrote 5494 peptides identified at 1.0% FDR.
\Write Library Ed_2022_0718_FreezeThaw_Lib.elib

EncyclopeDIA 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:
|_ibrary;FrositloZO_un\prot_human_septZDZZ_ADpepﬁdas_yeasENOl_comam.fasta‘typs\n.z3_nc233‘dlib | Edit
Backgmund;Pmprut,human,septlDlZ,ADpepudes,yeastEND1,mntam.fasm | Edit
Target/Decoy Approach: Mormal Target/Decoy v
Enzyme: Trypsin v
Fragmentation:| CID/HCD (B/Y) -
Precursor Mass Tolerance: 10.0PPM ~
Fragment Mass Tolerance:| 10.0 PPM ~
Library Mass Tolerance: 10.0 FFM v

<

Percolator Version: v3-01

Number of Quantitative lons: 6%
Minimum Number of Quantitative lons: 4%
MNumber of Cores: 82

Additonal Command Line Options:

Tuant Extracting S88.7 to 390.7 miz [10.392507 To 58.999590 min

Quant Extracting 990.7 to 992.7 miz (24.056768 to 99.08949 min)

Quant Extracting 992.7 to 994.7 miz [18.65305 to 98.96732 min)

Quant Extracting 994.7 to 998.7 miz (23.28575 to 99.068734 min)

Quant Extracting 996.7 to 998.7 miz (22.881311 to 99.001915 min)
Quant Extracting 998.7 to 1000.7 miz (27.638469 o 39.001915 min)
Quant Extracting 1000.7 to 1002.7 miz (29.750933 to 98.72262 min)
Attempted extraction for: 5434, found 5494

Writing Encyelopedia ELIB from Eci_2032_0718_FreezeThaw_Lib_S00_1000_amz_17.mzML (5484 entries)
Writing 5484 peptides to entries table.

Writing 5484 peplides to peptidequants table.

Finished writing to Encyclopedia ELIB at Wed May 17 00:18:45 FDT 2023
Writing locsl targetidecay peptides: 5484/55, pil: 0.958843

Writing locsl targetidecay proteins: 2447/24

Finished anslysis! 5454 peptides identified =t 1.0% FOR (15.4 minutes)

Adding ELIB expart to queue for [D:\msicnsichrisiChromLitimzMLs\Ecl_2022_0718_FreszeThaw_Lib.elit]

Adding new job to queue: Write Library Ecl_2022_0718_FreszeThaw_Lib.slib

Found 8 jobs in the queue to combine... v

< >
3540 of 14521 ME used




92

3. Search wide-window data with a chromatogram library

(a) Close and re-open the EncyclopeDIA GUI to clear EncyclopeDIA’s cache/history

¥ EncyclopeDIA: Peptide Searching for DIA - O X
File View Convert Data Help

W EncyclopeDI | Thesaurus @ wanut E Saribe Jobs: Add MZML L Save Chromatogram Library . Save QuantReports i, save BLIB

File Progress

EncyclopeDIA: Library Searching Directly
from Data-Independent Acquisition (DIA)
MS/MS Data

EncyclopeDIA 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 fie... | Ea
Backgmund:hease select file... | Edit
Target/Decoy Approach: Normal Target/Decoy ~
Enzyme: Trypsin ~
Fragmentation:| CID/HCD (E/Y) ~
Precursor Mass Tolerance: 10.0 PPM ~
Fragment Mass Tolerance: 10.0 PPM ~
Library Mass Tolerance:| 10.0 PPM ~
Percolator Version: v3-01 ~
Number of Quantitative lons:| 2=
Minimum Number of Quantitative lons:| 4
Number of Cores: 8

Additonal Command Line Options:

Console

Java version: 1.8.0_171

Memery sllocsted: 14521 MB

EncyclopeDIA Grsphical Interface (version 2.12.30)

264 of 14521 MB used
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(b) Add the newly generated .elib file from Step 2f to the “Library” parameter by
pressing “Edit”

(c) Add the same .fasta file to the “Background” parameter by pressing “Edit”

(d) Check that the other parameters match the experimental setup

W EncyclopeDIA: Peptide Searching for DIA - [m] *
yclop P 9

File View Convert Data Help

W EncyopeDIas | Thesaurus @ wanut [ sorbe \Jobs: Add MZML . Save Chromatogram Library . Save Quant Reports Iy, saveBLIB

File Progress

EncyclopeDIA: Library Searching Directly
from Data-Independent Acquisition (DIA)
MS/MS Data

EncyclopeDIA 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:

LibraryFl_2022 0718 FreezeTham Lib.slb || it
Backgmumj;Pniprot_human_septlDZ_ADpepudes_yeasENO1_con|am‘fasta I Edit {
Target/Decoy Approach:| Normal Target/Decoy ~
Enzyme: Trypsin ~
Fragmentation: CID/HCD (B/Y) v
Precursor Mass Tolerance: 10.0 FFM ~
Fragment Mass Tolerance: 10.0 PFM ~
Library Mass Tolerance: 10.0PPM v
Percolator Version: v3-01 v
Mumber of Quantitative lons: 515
Minimum Number of Quantitative lons: aps
MNumber of Cores: 8l<

Additonal Command Line Options:

Console:
Javs version: 1.8.0_171
Memory allocated: 14521 MB
IA Graphicsl Interf ion 2.12.30)

133 of 14521 MB used
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(e) Click “Add MZML” near the top of the right side, and select the wide-window

sample files that were acquired with the narrow-window library files

(f) Click “Open” and the mzML files will appear under the “Jobs” buttons

W EncyclopeDIA: Peptide Searching for DIA

File View Convert Data Help

W EncydopeDia | Thesaurus @ Walnut Esuiba

EncyclopeDIA: Library Searching Directly
from Data-Independent Acquisition (DIA)
MS/MS Data

EncyclopeDIA 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:
LibraryEdl_2022 0718 FreszeThan Lib.cli | e

Background ;Pniprot_human_septlDZ_ADpepudes_yeasENO1_con|am‘fasta | Edit

Target/Decoy Approach: Normal Target/Decoy “
Enzyme: Trypsin ~
Fragmentation: CID/HCD (B/Y) v
Precursor Mass Tolerance: 10.0 FFM ~
Fragment Mass Tolerance: 10.0 PPM ~

Library Mass Tolerance: 10.0 PPM ”

<

Percolator Version: v3-01
Mumber of Quantitative lons: 6

Minimum Number of Quantitative lons: 4

aoiaging

MNumber of Cores: &

Additonal Command Line Options:

\Job: addvzML

. Save Chromatogram Library

%+ Save QuantReports

g, saveBLIB

File
Read Ed_2022_0718_FreezeThan_Q1_EV10_12mz_26.mzML

Progress

Read Ecl_2022_0715_FreezeThaw_Q2_EV1i_12mz_08.mzML

Read Ed_2022_0718_FreezeThaw_Q3_EV12_12mz_22.mzML

Read Ed_2022_0718_FreezeTham_Total_01_12mz_28.mzML

Read Ed_2022_0718_FreezeTham_Total_02_12mz_29.mzML

Read Ed_2022_0718_FreezeThaw_Total_03_12mz_27.mzML

o — P -
Using EncyclopeDIA 1.X Scoring System
Indexing Ecl_2022_0718_FreezeThaw_Q1_EV10_12mz_26.mzML ...

Adding new job to queus: Resd Ec|_2022_0718_FreszeThaw_Q3_EV12_12mz_32 mzML
Adding mzML impert to queue for

o chri ilesi 1Si _2022_0718_FreezaThaw_Totsl_01_12mz_28.mzML]
Adding new job to queue: Read Ec|_2022_0718_FreazeThaw_Total_01_12mz_28.mzML

Adding mzML import to queue for

o Achri ilesh 1Si i _2023_0718_FreezeThaw_Tolal_02_12mz_28.mzML]
Adding new job to queus: Read Ecl_2022_0718_FreszeThew_Total_02_12mz_28.mzML

Adding mzML import to queue for

[0 X \ _2022_0718_FreezeThaw_Totsl_03_12mz_27.mzML]
Adding new job to queus: Resd Ec|_2022_0718_FreezeThew_Total_03_12mz_37.mzML

Converting Ecl_2022_0718_FreezaThaw_Q1_EV10_12mz_26.mzML ...

Parsed 1%

Parsed 2%

Farsed 3%

Parsed 4%

Parsed 5%

_2022_0718_FreezeThaw_Q3_EV12_12mz_22.mzhiL] ~

Parsed 6% ha

52 of 14521 MB used




(g) When the sample files have finished,

quant ELIB a descriptive filename

95

click “Save Quant Reports” and give this

¥ EncyclopeDIA: Peptide Searching for DIA — [m] x
File View Convert Data Help
W Encydopenia [ Thesaurus @ walnut [ sarie Jobs: Add MZML L+ Save Chromatogram Library L4 Save Quant Reports I, saveBLIB

Parameters:

EncyclopeDIA: Library Searching Directly
from Data-Independent Acquisition (DIA)
MS/MS Data

EncyclopeDIA 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.

Library;Fd_ZDZZ_DT]S_FraezaThaw_L\b‘ elib

Backg mund;Pnlprut_human_saptlUZZ_ADpepudes_yeastENUl_cunlam fasta |

Enzyme: Trypsin

Number of Cores’|

Target/Decay Approach: Normal Target/Decoy

Fragmentation: CID/HCD (/)
Precursor Mass Tolerance: 10.0 FFM
Fragment Mass Tolerance: 10.0 PPM
Library Mass Tolerance:| 10.0 PPM
Percolator Version: v3-01

Number of Quantitative lons:|

Minimum Mumber of Quantitative lons’|

Additonal Command Line Options:

Edit

Edit

o[+

g

[@uant Extracting 370,

o 5787 miz (23. 185537 to 36.816711 min

lQuant Extracting 976.7 to 562.7 miz (26.212637 to 93.8785 min)
|Quant Extracting 382.7 to 5887 m/z (36.980236 to 50.5653 min)
|Quant Extracting 3887 to 534 7 m/z [35.058538 to 59.120804 min)
|Qwant Extracting 984.7 to 1000.7 miz (32.593067 to 94.48887 min)
@uant Extracting 1000.7 to 1006.7 m/z (31.45281 to 71.26748 min)
Attempted extraction for. 8039, found 8039
iting Encyclopedia ELIB from Ecl_2022_0718_FreezeThaw_Total_03_12mz_27.mzML (8039 entries)...
iting B039 peptides to entries table...
iting B039 peptides to peptidequants table.
Finished writing to Encyclopedia ELIB at Wed May 17 08:28:37 FDT 2023
iting local target/decoy peptides: 8038/90, pi: 0. 780524
iting local target/decoy proteins: 107310
Finished analysis! 8039 peptides identified st 1.0% FOR (5.5 minutes)

D

<

|adding ELIB export to queue for

1Sk itti _2022_0718_FreszeThaw_Qusnt.elib]

|adding new job to queue: Write Library Ecl_2022_0718_FreezeThaw_Quant elib
Found & jobs in the queue to combine.

>

3781 of 14521

MEB used

File
Read Ed_2022_0718_FreezeThaw_Q1_EV10_12mz_26.mzML

Progress
Wrote 44615 peptides identified at 1.0% FDR

Read Ec_2022_0718_FreezeThaw_Q2_EV11_12mz_08.mzML

Wrote 42919 peptides identified at 1.0% FDR

Read Ecl_2022_0718_FreezeThaw_Q3_EV12_12mz_22 mzML

Wrote 42284 peptides identified at 1.0% FDR

Read Ed_2022_0718_FreezeThaw_Total_01_12mz_28.mzML

Wrote 8100 peptides identified at 1.0% FDR

Read Ed_2022_0718_FreezeThaw _Total 02_12mz_29.mzML

Wrote 7941 peptides identified at 1.0% FDR

Read Ecl_2022_0718_FreezeThaw_Total_03_12mz_27.mzML

Wrote 8039 peptides identified at 1.0% FDR

\Write Library Ed_2022_0713_FreezeThaw_Quant.elib
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