S TT—

PROTEIN EVALUATION
AND TARGETED ASSAY
DEVELOPMENT USING
CATALOG AND PEPTIDE
BROWSER

The Ohio State University

Alex Joyce



ABSTRACT

Proteomics datasets can be complex to interpret, even in their processed forms when
reduced to data matrices. To facilitate ease of access, two programs have been developed for two
different target audiences. The first, CATalog, aims to make biofluid data available to clinicans
for optimal biofluid selection and to serve as a baseline dataset for proteins of interest. The
second, Peptide Browser, aims to make targeted assay development much more accessible by
providing biologists with the necessary figures of merit that they need to determine the best
peptides for their assay.
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ONE: Data Accessibility in Proteomics

Interpreting processed proteomics data remains a significant challenge, even for
researchers familiar with biological datasets. While mass spectrometry-based proteomics
provides rich quantitative and qualitative insights, the processed results are often presented as
dense tables of peptide and protein identifications, statistical metrics, and confidence scores—
requiring domain expertise to extract meaningful conclusions. Traditionally, these datasets are
distributed in the form of large Excel spreadsheets, which, while comprehensive, can be difficult
to navigate and interpret for those without a background in proteomics.

To facilitate the dissemination of two proteomic datasets (fig 1) generated through
tandem mass spectrometry, we have developed two user-friendly web-based platforms:
CATalog, designed for clinicians to assist in protein selection, and Peptide Browser, which
bridges the gap between biologists and instrument operators by simplifying targeted assay
design. In this report, we discuss the challenges of interpreting processed proteomics data, the
motivation behind developing these platforms, the methods used to generate the datasets, and
how these tools improve data accessibility and usability.

A

Entry  Protein Gene AU 8U cu ou ] HU GU FU [ AP cP oP EP 3 GP

AOASFSXC Alpha-1-8 A1BG 31,3022 31.01467 32.28593 31.29986 31.22713 31.23362 32.30432 31.57507 31.47495 31.2439 31.37721 31.04954 31.37672 32.19719 31.54548
M3WOW4 Alpha-1-8 A18G 10.8943 10.38823 20.47157 15.89057 15.84983 22.37332 23.09663 23.2305 15.4932 15.5589 17.95017 22.03437 21.22049 23.07406 22.7822
M3W3E7 Alpha-2-mA2MPZP 2525537 23.38098 25.26956 24.01522 24.58062  24.253 23.73027 23.66938 26.55741 25.27921 25.97455 25.22411 25.61347 26.50115 24.93321
AOASFSY1 Alpha-2-mA2MPZP  25.44843 27.13949 24.82601 25.06006 28.99808 25.67655 28.10796 27.87625 30.68382 30.12956 31.00195 30.71086 30.59361 30.95099 30.37994
AOASFSY3 Alpha-2-mA2MPZP  20.91451 19.99337 17.72418 17.59450 16.39557 19.23405 13.67135 14.19765 21.26607 22.26781 21.4243 17.16387 18.48532 17.71043 18.33721
AOA337S3 Alpha-2-mA2ML1  22.35916 21.88088 21.09341 21.09989 24.83838 21.69763 22.90946 22.49598 26.56834 25.94046 26.57527 27.45799 26.63648 27.05787 26.80605
M3WN23 ATPDINdinABCAG  20.19058 20.29625 20.83587 12.18237 16.16466 20.20884 21.37277 21.20095 11.23883 12.84915 12472 12.58186 10 12.41046 10
AOA337S6.ATP bindin ABCB9  20.98336 22.12493 20.80871 20.81384 21.46013 21.87961 23.46564 23.24842 23.91505 22.03228 25.14687 22.74032 23.44285  22.039 21.11833
AOA337RX Putative pIABHD14B 25.50441 25.14283 25.0411 27.04927 25.90998 25.2098 25.96472 26.48494 22.01596 19.37539 20.82068 20.55368 19.72687 21.28781 21.87275
AOA337SDABI family ABI3BP  21.42868 19.63318 20.13427 22.00841 20.50838 19.46856 18.77468 19.15224 19.60372 18.82175 18.41579 18.27213 18.44061 19.09218 20.38934
AOA337S1.Costarsfa ABRACL  17.85805 18.05548  17.423 18.40372 16.55828 17.51478 18.49716 17.76629 18.56669 20.30425 16.96605 19.51702 21.03646 18.11467 16.58243
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Figure 1: Spreadsheets that compose the core of the mass spectrometry data we wish to distribute. A) Cat biofluid data showing
log?2 fold change values for relative abundance across samples. B) Mouse proteome data showing log10 normalized intensity
values for individual peptides.

1-1: Survey of Current Proteomics Platforms

A wide variety of online or downloadable platforms exist to hold, process, or visualize
proteomics data. UniProt [1], ProteomicsDB [2], The Human Protein Atlas [3], and The Global
Proteome Machine [4] hold curated datasets with the goal of being easily accessible and
searchable. Other data repositories such as MassIVE [5], Panorama [6], and PRIDE [7] focus on
the dissemination of published data from many different types of experiments, with tools such as
ProteomeXChange [8] facilitating user submissions. Scaffold [9], Simplifi [10], Amica [11],
Limelight [12], and PeptideShaker [13] are multipurpose tools designed to help visualize, validate,



and interpret proteomics data, with a focus on users that are generating the data itself. Concurrently,
PeptideAtlas [14], Picky [15], Passport [16], the CPTAC Assay Portal [17], and Skyline [18] assist
users in designing targeted assays to identify proteins of interest.

These platforms were designed with one or more specific purposes in mind, however, they
can be roughly divided into four categories. Curated databases such as Proteomics DB are easily
accessible and searchable, however, the data they contain may not be directly translatable to
detailed proteomic assays. Published databases such as Panorama (targeted quantitative data) or
MASSIVE (untargeted, discovery data) are great for submitting and distributing data the data that
we have generated, however, utilizing the data in the form that would be submitted to these
repositories is not immediately useful to the end user.

Postprocessing tools such as Amica and Limelight are useful for data interpretation and
visualization and have been developed with ease of use in mind. However, they are focused on the
user analyzing existing data rather than developing new datasets. Furthermore, platforms that aim
to help targeted assay development either lack support for the quantitative information that we
wish to distribute (PeptideAtlas and Picky) or require significant domain knowledge to utilize
effectively (CPTAC Assay Portal and Skyline).



TWO: Data Collection and Initial Processing

Both datasets were collected using tandem mass spectrometry (MS/MS) coupled with a
high-performance liquid chromatography (HPLC) system. The instrument used was a hybrid
quadrupole-orbitrap set to acquire data in a data-independent fashion. Briefly, thermo raw files
acquired from the instrument were converted to mzml files [19] using msConvert [20]. The search
engine EncylopeDIA [21] was then used to identify both peptides and proteins in the mzML file.
It reported these identifications in the form of a quantitative report which was further processed
for dissemination through the data’s corresponding platform. A schematic of this workflow is
shown in figure 2. Additional details on this process along with visualizations of an example
dataset are in appendix A.

input output intermediate  software
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Figure 2: Schematic of the data processing workflow. Output from the instrument (.raw) was converted to a mzML file before
being searched and quantified using EncylopeDIA.



THREE: Protein Exploration through CATalog

The first dataset that we aim to publish is a set of protein information obtained from eight
cats. Each of these cats has a trio of paired samples from one of three biofluids: urine, serum, and
plasma, constituting twenty-four samples per protein. These values can also be averaged together
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Figure 3: Diagram of the CATalog database structure. Each protein contains 24 total samples across three biofluids. Each
biofluid contains a sample from eight cats, A through H.

At amore granular level, the data is presented as a series of proteins stored in a table format.
Each row of the table represents a single protein; each protein has three values associated with it
that are the average relative abundance. These values represent quantitative information that can
assist clinicians in determining which biofluid a given protein of interest is most abundant in. To
disseminate this data, we have developed the program CATalog, which is an interactive dashboard
written in the R programming language that uses the Shiny interface for both the GUI and
webhosting components.

Description

Figure 4: Screenshot of the main CATalog dashboard. Each row in the primary display table (A) represents a protein. Selecting a
row brings up that protein’s barplot (B) which contains relative abundance information from eight samples across three
biofluids. Demographic information (C) for each sample is displayed on a table below the barplot. Gene ontology (GO)

information (D) is featured in the table below the primary display table.



Check Gene Protein Entry Urine Plasma Serum

1 O A1BG Alpha-1-B glycoprotein AOASFSXCTD s L6 s
2 ) A1BG Alpha-1-B ;\\.‘((.prn'l-m M3WoW4 20 19.9 20.2
3 O AZM PZP Alpha-2-macroglobulin M3W3ET 243 25.7 25.6
4 ] A2M PZP Alpha-2-macroglobulin AOASFSY1U9 266 306 306
) A2M PZP Alpha-2-r AOASFSY328 17.5 19.4 19.7

6 0 A2MLL Alpha-2-m AOA3ITSIHS 23 267 268
u] ABCAS ATP binding cassette subfamily A member 6 M3WN23 19.1 116 113

a8 [m} ABCB9 ATP binding cassette subfamily B member 9 AOAIITSEAS 218 228 133
9 u| ABHD14B Putative protein-lysine deacylase ABHD14B (Alpha/beta hydrolase domain-containing protein 14B) AOA3ITRXE3 258 208 21

Figure 5: Display of the database on the CATalog main dashboard. Each protein constitutes a row, with associated UniProt
entries as well as their respective genes. Values for each biofluid are the averaged log?2 fold change for intensities across the
eight cats.

3-1: CATalog Program Structure

CATalog was written in the R programming language, implementing the Shiny package for
GUI development. This framework separates the core program (app.R) into two main sections: the
front-end GUI and the back-end server. The primary database is read from a .csv file in the project
directory (also functioning as the git repository) by the ‘setup’ script that executes when the
program is run. This script also reads in any necessary functions and loads any other required
packages, abstracting much of the preparation code away from the core app.

Webhosting
of interactive app

shinyapps.io

Git repository

frontend

backend

loading of

Webhosting
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Figure 6: CATalog program structure. External dependencies are initialized from a setup script upon execution of the core app.

Webhosting of the app is done through shinyapps.io, which provides an easy way to
distribute the app and subsequently the dataset through a single link. Similarly, the codebase is
held on GitHub for version control. Both ofthese links are included in appendix # of this document.



3-2: Investigating a Specific Protein of Interest

Leptin is a peptide hormone primarily used by the body to maintain a normal weight and
regulate metabolism [22], as such, it is known to be related to obesity [23]. Bob is a researcher
studying leptin and wishes to determine what the baseline should be for the protein. Using the
protein search function, he notices that the boxplot shows two cats that have elevated levels of
leptin in plasma.

A Check Gene Protein Entry Urine Plasma Serum
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Figure 7: Leptin data from CATalog. A) Row of the main database corresponding to the protein, B) Unannotated boxplot showing
the spread of values across each biofluid, each dot represents a different cat, C) annotated boxplot used to connect samples to
demographic information. Cats E and G show an abnormally high relative abundance in plasma.

An annotation option connects each point on the boxplot to their respective sample, with
the first letter corresponding to the cat and the second letter (P, S, and U) being the biofluid. The
demographic legend below the boxplot indicates that cats E and G have higher than average BCS
(body composition score, 7 and 6 respectively, the average is 5). This shows that leptin is
upregulated in the plasma of obese cats.

Bob opts to filter these cats out of the dataset, removing them from the sample pool. This
changes both the boxplot and the values seen in the foreground database. These changes
highlight the importance of demographic effects on the data, as they can produce alterations in
control datasets, potentially skewing the results. These results show Bob that obesity can be a
potentially interfering factor when analyzing leptin or other metabolism-related proteins.



Check Gene Protein Entry Urine Plasma Serum
LEP OB Leptin (Obesity factor QaNzCl 18.2 17.7

Showing 1 to 1 of 1 entries Previous 1
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Figure 8: Leptin data after applying demographic filters. A). Average relative abundance values change due to the removal of
cats E and G. B). Demographic table; cats E and G have a higher than average BSC value, indicating obesity. C). Updated
boxplot to reflect the removal of those two cats.

Identifying Proteins Associated with Specific GO Terms

Gene ontology (GO) is a project that aims to annotate the functional relevance of genes
across several species [24]. For the purposes of CATalog, a joint database of GO terms for felis
catus (taxon ID: 9685) was constructed from UniProt. Terms include: biological process, cellular
compartment, and molecular function. Alice is a researcher studying insulin resistance in cats, a
known risk factor for diabetes [25]. Searching for ‘insulin’ in CATalog queries all three GO
fields, returning a set of relevant proteins.

When assessing the fold change of these proteins across the three biofluids, Alice notices
that the majority of the proteins are most abundant in urine. This information suggests that Alice
should sample urine for her study, as such samples may provide the most accurate quantitative
information for a targeted assay due to this abundance. Due to this, she applied a filter that
removes all proteins that are not most abundant in urine (i.e., those whose log fold changes are
more than one unit away from the maximum).



Entry Urine Plasma Serum

AQASF5XF81 19.1 13.9 14.6
M3XCH2 17 14.3 15.9
A0A212UBT5 20.5 15.9 16.2
M3WF53 21.9 19.3 19.7
M3WLD9 20.7 19.2 19
M3WGH2 23.4 23.8 24.4
M3W8G3 26 20.9 21.2
M3W5W5 24.7 20.6 21.3
M3Wsi8 29.8 29.1 29.2

Figure 9: Select proteins that have GO annotations relating to insulin. Notice that many proteins have a high relative abundance
in urine compared to other biofluids.

Knowing that these proteins are concentrated in the urine and that they are related to
insulin levels, Alice wants to know if they are associated with kidney function as well. The basis
for this is that diabetes is a risk factor for chronic kidney disease (CKD) in humans [26] but is
unproven in cats [27], therefore, she applies another GO filter on the set of insulin-related
proteins in urine for ‘kidney’, resulting in a final set of proteins to target for an assay.
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FOUR: Targeted Assay Development with Peptide Browser

The second dataset that we wish to publish is a comprehensive set of peptides linked to
proteins from the mouse proteome. This data was obtained using parallel reaction monitoring to
serve as a reference knowledge base for peptide quantitation. To facilitate, our dataset contains
this information in the form of figures of merit, values that help determine how confidently a
peptide can be detected and if it is truly quantifiable or not. This dataset was made accessible
through Peptide Browser (figure 10), a platform similar in structure and architecture to CATalog,
with the goal to assist in targeted assay development and to bridge the gap between biologists
outside the proteomics field and core facility members who run the instrument.

Peptide Browser H

Show 10 entries A GEPI_MOUSE C

pptide B RepeatabilityCV  Stabiliycy  Free D
1 AVLHVALR FREAIA0SS?  GIGAGSSS0A o- . «?
N 1 o 2 1008 -
2 DNMFSGSK 17.5064392 48182393 E #

3 DVMPEVNR

actual

Figure 10: Screenshot of the main PeptideBrowser display. Protein selection is done through the top table (4), which brings up a
table of associated peptides on the bottom table (B). A global histogram shows (C) shows the total distribution of figures of merit
for all peptides in the database, with annotations for the selected protein. Calibration curves (D) displays quantitative
information for the selected peptide. A sidebar (E) allows the user to select different options, such as viewing gene ontology
information or filtering the datasets.

4-1: Database and Program Structure

The core of the Peptide Browser database is composed of a peptide portion and a protein
portion along with several accessory datasets. Each protein in the database has a set of associated
peptides, which in turn have quantitative data (figures of merit) alongside a set of replicate data
(coefficient of variation) and FAIMS data. A more detailed breakdown of the program’s structure
is featured in appendix E.
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FAIMS data

Proiein B

Figure 11: Data structure of the Peptide Browser database. Proteins are associated with GO terms as well as a set of peptides.
Each peptide contains both quantitative figures of merit as well as CV based figures of merit.

To display all required information to the user, the lower table is bimodal. By default,
selecting a protein from the upper table (fig 12a) will show the list of peptides associated with
that protein (fig 12b, extracted from the peptide foreground). Subsequently selecting a peptide
will show the calibration curve (fig 12¢) or experiment plot, if that option is selected.

1] Protein NumPeptides

Quaesa

Figure 12: Peptide selection in PeptideBrowser. A) protein display table. B) peptide display table, this shows the peptides
associated with the currently selected protein (G6PI). C) calibration curve for the selected peptide in B).

By choosing ‘gene ontology’ from the ‘Show lower table as’ option in the sidebar, the
user can view similar GO information to what is available in CATalog. As with CATalog, this
information appears in the lower table when the user selects a protein.
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Description Go_ip
D Protein NumPeptides

RepeatabilityCV ~ StabilityCV  FreezeThawCV  OptimalC Description Go_ID

Figure 13: Gene ontology information in PeptideBrowser. Both the gene ontology information and the associated peptides for a
given protein share the same lower table, with the type of information being toggled by the user through a sidebar button. A)
main protein display showing the currently selected protein. B) lower display showing the associated peptides. C) lower display
showing the GO information for G6PI in the ‘biological process’ category. D) lower display showing the GO information for
GOPI in the ‘cellular compartment’ category.

4-2: Calibration Curves

Quantitative information contained in PeptideBrowser is derived from a dilution series
used to build a calibration curve. The purpose of these curves is to measure the relationship
between concentration (independent, known variable) and response (dependent, unknown
variable). A stable relationship between concentration and the measured signal can be used to
develop a model and predict the concentration for any given signal.
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Figure 14: calibration curve for the peptide EVMOMLVELAK from the protein G6PI. Each black dot on the curve represents a
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In the context of targeted proteomics, the calibration curve can be divided into two
segments [28]. The linear (signal) portion is comprised of a linear model that attempts to fit the
data to a slope of 1. The noise portion has a slope of 0 is composed of all points that have not been
fit to the linear model. A blue dot on the graph indicates the transition point between these two
regions. This is the limit of detection (LOD) which is the lowest amount of analyte that can be
reliably detected [29]. Similarly, the limit of quantitation (LOQ) describes the lowest amount of
analyte that can be reliably quantified.

These values were derived using a curve-fitting approach through a script in the
EncylopeDIA program. This script allocated N — 1 points to be ‘signal’ and a linear model was fit,
this repeated for each N until a curve had been fit for every possible allocation. The best fit was
the curve that minimized the residual sum of squares (RSS) values. LOD is then determined by
finding the largest y-value in the noise portion to establish the transition point. Another value, limit
of quantitation, is calculated by adding a constant, 3 * os, to the LOD, where os is the signal’s
standard deviation.

4-3: Interpretation of LOD and LOQ

Consider the example peptides shown below.

AENYDISPADR LPEQPEEGEAK SLYYYIQQDTKGDYQK
o- P d 0- b} 0-
° “' % ¢
-t o ° “ ’1’ P -t
T w -2- T2 @
8 g, o _0 © & [ ] g o ° ¢
3- ® . ° ] © ° L ]
] o® o0 4- @ 4.
'l L4 ! -5- ! L] : 5 ; L4 A .
-5 -4 -2 -1 0 -5 -4 -3 -2 -1 0 -5 -4 -3 -2 -1 0
) LOD: -2.20 LOD: -0.34
I[gCD): %gg Sxpected LOQ: 0 expected LOQ: 0 expected
RSS: 9.083 RSS: 11.429 RSS: 79.571

Figure 15: calibration curves for several select peptides. Quality of a peptide for targeted assays largely depends on minimizing
three key metrics: LOQ, LOD, and RSS.

Of these peptides, only one is quantifiable, the first; an LOQ value of 0 indicates that the
peptide cannot be quantifiable using existing data. The first peptide subsequently has the lowest
LOD/LOQ and RSS values. Other peptides may share similar metrics, however, there is little
consistency in their standard deviation values. Due to this variability, standard deviations are not
considered an adequate assessment of peptide quality in PeptideBrowser. The platform
incorporates these values into its analysis pipeline through a series of filters accessible from the
sidebar. Values can be entered into a set of boxes to set thresholds while the filters themselves can
be applied individually. An additional filter can also be applied to remove all peptides that have
LOQ values of 0.
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To help the user determine what a good cutoff point for the maximum LOD/LOQ values
should be, he can look at a distribution of all the peptides associated with G6PI (glucose 6
phosphate isomerase [30]), which has 29 total peptides. A ‘local’ distribution shows the counts of
peptides across the distribution of LOD/LOQ values for that protein. Selecting a peptide will
annotate the local distribution based on the LOD (yellow) and LOQ (green) value of the selected

peptide.

Peptide RepeatabilityCV ~  StabilityCV  Free G6PI_MOUSE

1 AVLHVALR 28.64180552 6.264655504

2 DNMFSGSK 17.50643923 4.81823934 § :
B | Type

3 DVMPEVNR 34.05080288  6.909092642 = 1 0. . W oo
g . LoQ

4 ELFEADPER 28.52240664 6.177624733 E 1 | | |

5 ELQAAGKSPEDLEK 69.00610992 6.819889973 I | I | | ||

6 EVMOQMLVELAK 6B.0T3T4557 36.83417601 . -—1 — — —_

Value

Figure 16: local distribution of LOD (red) and LOQ (blue) values in G6PI. Selecting a peptide annotates the distribution by
highlighting the bin where that peptide’s LOD (vellow) and LOQ( green) values are located.

To find additional proteins that one would want to consider for their assay, they can search
for ‘glucose’ or ‘gluconeogenesis’ in the GO dataset to obtain a list of proteins related to the same
pathway as G6PI. Additionally, a similar distribution of LOD/LOQ values can be viewed globally.
If they selects a protein from these search results, this global annotation, which shows the figures
of merit for all peptides in the dataset, will be annotated. This annotation highlights the bins
containing the peptides for the selected protein, allowing one to quickly determine how easily a
protein is to assay prior to viewing detailed peptide information.

GOPI_MOUSE
Show 10 v entries

D Protein NumPeptides
1 PO6745 G6PI_MOUSE 29
2 Q02053 UBAL_MOUSE 44 3
3 Q05816 FABP5_MOUSE 12

4 P07356 ANXAZ_MOUSE

G

5 P70315 WASP_MOUSE
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|
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| i [ [PoR—
i | | |
b L a..nm.d.ll."‘lﬂ"‘
N cures of Mert N L

Figure 17: Global distribution of LOD/LOQ values for all peptides in the database. The bins that contain values corresponding
to peptides associated with G6PI are highlighted. The main purpose of this is to quickly let the user look over each protein and
find those that are easily detectable and/or quantifiable.

4-4: Experimental Data

PeptideBrowser also contains several additional figures of merit from a series of different
experiments. The first three of these datasets, freeze-thaw, stability, and repeatability are focused
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on finding the coefficient of variation, which is a ratio of standard deviation to mean. These values
are displayed in the lower table with their corresponding peptides. Ideally, a peptide should have
a low coefficient of variation across these three measurements, which would indicate less
variability across repeated measurements.

Peptide RepeatabilityCV StabilityCV FreezeThawCV OptimalCompVoltage
1 AVLHVALR 28.64180552 6.264655504 10.19243969 51.91233749
2 DNMFSGSK 17.50643923 4.81823934 1.810920509

3 DVMPEVNR 34.05980288 6.909092642 2953136243 -56.46957179
4 ELFEADPER 28.52240664 6.177624733 1.756818837 71.07707383
5 ELQAAGKSPEDLEK 69.00610992 6.819889973 1987831703

6 EVMQMLVELAK 68.07374557 36.83417601 6.42842426 48.34465852

Figure 18: Experimental data as shown in the peptide display table. It should be noted that there are certain peptides that do not
have specific types of experimental data, these are shown as empty cells.

The final experimental dataset relates to FAIMS (High-field asymmetric waveform ion
mobility spectrometry), which is an apparatus attached to the front of a mass spectrometer; the
purpose of which is to serve as an additional form of ion separation by applying electrical fields.
It is commonly used in conjunction with liquid chromatography (LC) to help with peptide
identification in complex mixtures [31]. Compensation voltage (called ‘CompVoltage’ in
PeptideBrowser to avoid confusion with the coefficient of variation, CV) is a type of DC current
that allows ions to pass through the device by compensating for ion drift [32]. These datasets can
be found under the experiments tab, where a button can be used to replace the calibration curve
with the desired experimental plot.

A EVMQMLVELAK B EVMQMLVELAK
2300000
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c Interday Repeatability D EVMQMLVELAK
42407
3e+07
E]
E 2e+0
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S
Day Experiment

Figure 19: Plots of the experimental data corresponding to the peptide EVMOMLVELAK from GP6I. A) Freeze-thaw. B)
Stability. C) Interday repeatability. D) Optimal FAIMS compensation voltage.
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The repeatability dataset (fig 19¢) consists of four measurements taken on four different
days, giving sixteen total datapoints. To reduce the complexity of this data, this dataset was split
into two different types of plots: an interday boxplot which shows the spread of data across each
day and intraday line plots which show how each measurement within a given day compares to
other measurements. Ideally, there should be low variation between measurements.

Intraday Data for Day 1 Intraday Data for Day 2

EVMQMLVELAK EVMQMLVELAK
Q ﬁ\
X \‘\
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Experiment Experiment
Intraday Data for Day 3 Intraday Data for Day 4
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/1N <
g oA N
41X / W
/ N
° /
3 A/ \ H e e - - -
Y T ey S—— x==== 3 \ /
S 7 \ //
\./ » \\ /
/

Experiment

Figure 20: Intraday plots for the G6PI peptide EVMOMLVELAK. These plots are viewable by clicking on the boxes that make up
figure 28c.
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Appendix A: Schematic of Instrumentation

Fig 21 shows a diagram of the instrument used to collect these datasets. Tryptic peptides
are separated using the HPLC system before being ionized through electrospray ionization (ESI)
and injected into the instrument. The quadrupole serves as the first mass analyzer and selects for
the precursor(s) of interest based on the experiment type. These ions pass through the C-trap before
being stored in the ion-routing multipole where they are fragmented using collision-induced
dissociation (CID). When enough product ions for a given precursor or set of precursors have
accumulated, they are released from the collision cell and pass through the C-trap once again; this
structure focuses them into the orbitrap, which is the second mass analyzer. This device generates
MS2 level spectra which are then used for sequencing and subsequent protein identification.

Injector

| Orbitrap |

Figure 21: Example of a hybrid quadrupole-orbitrap mass spectrometer. Peptides elute from the column (HPLC) and are ionized
through the ion source (i.e., ESI). The injector allows them to enter the system where precursors are analyzed (MS1) using a
quadrupole. The ions move through the C-trap to the ion routing multiple, which is a collision cell. Following fragmentation,

ions move back into the C-trap where they are focused and moved into the orbitrap to be analyzed (MS2).

This method selects specific peptides (precursors) using an initial mass analyzer and
fragments them to produce product ions. These product ions are then analyzed using a second mass
analyzer and the spectra (MS2) are then reported. One of the main purposes of this process is to
sequence peptides in bottom-up experiments, which is vital for identification [33].
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Appendix B: Data Acquisition

Proteomic data collected using mass spectrometry exists in a three-dimensional space.
The following figure shows the structure of an example dataset collected using data-dependent
acquisition (DDA) visualized using the program mzMine [34].
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Figure 22: Visualization of a DDA dataset. This data contains both a retention time axis (Y) and a m/z axis (X). These twoaxes
share a common intensity axis (Z).

Using this example, the y-axis contains the retention time which shows how long each
peptide takes to leave the column [35]. In order to select peptides for fragmentation, the
instrument must take periodic scans across retention time space which can be visualized using
the raw file browser in EncylopeDIA. If the visualization is done across retention time space,
then a total ion chromatogram (TIC) can be formed by summing the intensities of all precursors
across the span of an experiment (fig 23a). Scans across this space are done on the millisecond
scale (fig 23b), producing a precursor scan each time (fig 23a).
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Figure 23: Dataset from figure 22 visualized using the RAW file browser from EncylopeDIA. A) total ion chromatogram (TIC) of
the data. B) Summary table of scans from the data.

A precursor scan is a type of mass spectrum that looks across the m/z axis to analyze
what precursors are eluting off the column at that particular point in time (MS1 spectrum). In a
DDA experiment, if there are precursors that exceed a given intensity threshold, they are selected
for fragmentation, producing a product ion spectrum (MS2).
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= scan=1 — scan=5

o = |
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Figure 24: Mass spectra from the dataset in figures 22 and 23. Right- precursor spectrum (MS1). Left- product spectrum (MS2).

If we subdivide the m/z axis into regularly sized windows (isolation windows) and select
every peptide contained within those windows for fragmentation, then the acquisition method is
deemed to be data-independent (DIA). Using a similar framework, isolation windows can be
drawn around predetermined precursor masses in a method of targeted proteomics known as
parallel reaction monitoring (PRM).
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Appendix C: Initial Processing

The initial format of the raw data depends on the instrument. For example, Thermo Fisher
instruments generally produce .raw files through their Xcalibur software. In order to bridge these
disparate file formats, the XML based format mzML was developed [19]. Conversion to mzML
can be done through software such as msConvert [20]. There are several conversion algorithms
available in msConvert, with one of the most commonly used algorithms being peak picking, a
process that takes large amounts of spectral data and distills it down into a much more
manageable state [35].
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Appendix D: More Details on EncylopeDIA

Figure # shows the main workflow of EncylopeDIA. Briefly, the raw output is converted
from its original file format (i.e., .raw) to an mzML file through MSConvert. This file is then
loaded into EncylopeDIA alongside a library file and a .fasta file (background file for protein
identification). The type of library file used depends on the type of experiment. DDA
experiments use spectral libraries (DLIB) that are generated computationally through Prosit [36]
or from a previous DDA run. DIA experiments use chromatogram libraries (ELIB) that are
generated from DLIB files using an internal converter. Scoring is conducted using a variety of
different features including several chromatogram-based scoring metrics such as co-elution,
fragment ion intensity correlation, and peak shape similarity along with a primary score based on
the X!Tandem hyperscore.

These scores are then aggregated and submitted to Percolator [37], a support vector
machine (SVM) algorithm that determines the false discovery rate (FDR) through both machine
learning and target-decoy analysis [38]. Percolator is implemented in both first-pass and final-
pass steps with a retention time alignment step in the middle at 1% FDR to determine the highest
scoring retention time point.

The primary outputs from EncylopeDIA are two text files (targets.txt and decoys.txt,
derived from target-decoy analysis) that contain a list of the PSMs from the analysis along with
their respective percolator scores, posterior error probabilities (PEP, how likely is a PSM to be
incorrect), and g-values (false discovery rate (FDR) corrected p-values). A .dia file is a SQL-
based summation of a .raw file used to quickly obtain information regarding isolation windows.
Finally, a .model file contains the weights and other parameters used in the linear discriminant
analysis to allow for repeat experiments.
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Appendix E: Peptide Browser Program Structure

As with CATalog, the data itself is contained within the project directory as a set of .csv
files in the ‘data’ subdirectory. The peptide portion is further subdivided into a ‘background’
dataset that contains the complete set of intensity values for each peptide and a ‘foreground’
portion, which contains coefficient of variation (CV) information and connecting information to
the protein database. The ‘foreground’ database is what is shown to the user in the lower table.

Database 54 object
csv,

(

) .
Reactive
component

Plot output

Summary table of the CATalog database:

Filename Role Description

go_database.csv Presented to the user Contains GO information for
proteins in the database.

peptide background.csv Hidden from the user Used to construct the

calibration curve; contains a
complete dilution series as
well as metadata.

peptide foreground.csv Presented to the user Contains coefficient of
variation values and optimal
compensation voltage for
each peptide (if applicable).
Linked to both the protein
database and the peptide
background.

protein_database.csv Presented to the user Populates the top table and
facilitates protein selection.
This database also connects
to both the GO database and
the peptide foreground.

freeze thaw.csv Hidden from the user Contains the complete data
for the freeze-thaw
experiment.

repeatability.csv Hidden from the user Contains the complete data
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for the repeatability
experiment. This dataset is
further divided into ‘interday’
and ‘intraday’ experiments.

stability.csv

Hidden from the user

Contains the complete data
for the stability experiment.

optimal cv.csv

Hidden from the user

Contains information
regarding the optimal FAIMS
compensation voltage for
each peptide.
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