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Abstract

Top-down proteomics is the analysis of intact proteins in their endogenous form without
proteolysis, preserving valuable information about post-translation modifications, isoforms and
proteolytic processing. The quality of top-down LC-MS/MS datasets is rapidly increasing due to
advances in instrumentation and sample processing protocols. However, the top-down mass
spectra are substantially more complex compared to conventional bottom-up data. To take full
advantage of the increasing data quality, there is an urgent need to develop algorithms and
software tools for confident proteoform identification and quantification. In this study, we present
a new open source software suite for top-down proteomics analysis consisting of an LC-MS
feature finding algorithm, a database search algorithm, and an interactive results viewer. The
presented tool along with several other popular tools were evaluated using human-in-mouse
xenograft luminal and basal breast tumor samples that are known to have significant differences in
protein abundance based on bottom-up analysis.

Users may view, print, copy, and download text and data-mine the content in such documents, for the purposes of academic research,

subject always to the full Conditions of use: http://www.nature.com/authors/editorial_policies/license.html#terms

“To whom all correspondence should be addressed: Samuel H. Payne samuel.payne@pnnl.gov; Sangtae Kim sangtae.kim@gmail.com.
Current affiliation: lllumina Inc., San Diego, California USA

Author contributions

JP, PDP, SHP, SK designed and executed the study. JP, CW, JM, GMF, BCG, SK implemented algorithms in software. TL contributed

samples. PDP, YS, AKS, RIM performed LC-MS/MS experiments. JP, PDP, JBS, VAP, MZ, TL, NT analyzed data. LPT, RDS

provided technical leadership and oversight. JP, PDP, SK contributed to writing the manuscript with input from all authors.

Competing financial interests
The authors declare no competing financial interests.

Software availability

MSPathFinder’s home page is https://omics.pnl.gov/software/mspathfinder. All source codes were written in Microsoft C# with NET
framework 4.5 and are available at GitHub, https://github.com/PNNL-Comp-Mass-Spec/Informed-Proteomics and https://github.com/
PNNL-Comp-Mass-Spec/LCMS-Spectator. Each repository has a readme and wiki to describe installation and usage. Binary
executables and installers are available at: https://github.com/PNNL-Comp-Mass-Spec/Informed-Proteomics/releases, https://
github.com/PNNL-Comp-Mass-Spec/LCMS-Spectator/releases. A tutorial is available at https://github.com/PNNL-Comp-Mass-Spec/
Informed-Proteomics/wiki/MSPathFinder-Tutorial.

Data Availability
All datasets are submitted to the MassIVVE proteomics repository under identifier: MS\VV000080257.


https://omics.pnl.gov/software/mspathfinder
https://github.com/PNNL-Comp-Mass-Spec/Informed-Proteomics
https://github.com/PNNL-Comp-Mass-Spec/LCMS-Spectator
https://github.com/PNNL-Comp-Mass-Spec/LCMS-Spectator
https://github.com/PNNL-Comp-Mass-Spec/Informed-Proteomics/releases
https://github.com/PNNL-Comp-Mass-Spec/LCMS-Spectator/releases
https://github.com/PNNL-Comp-Mass-Spec/LCMS-Spectator/releases
https://github.com/PNNL-Comp-Mass-Spec/Informed-Proteomics/wiki/MSPathFinder-Tutorial
https://github.com/PNNL-Comp-Mass-Spec/Informed-Proteomics/wiki/MSPathFinder-Tutorial

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Park et al. Page 2

Introduction

While mass spectrometry (MS) based proteomics has been successful for identifying and
quantifying peptides and post-translational modifications (PTMs), the characterization of
intact protein forms (i.e. proteoforms) remains challenging!=4. At present, the majority of
proteomics studies are peptide-based because intact protein proteomics (or top-down) is
more challenging at almost every stage of the analytical process: sample preparation, liquid
chromatography (LC) separation, fragmentation, and data analysis®5. In particular, the
challenges and lack of confidence in data analysis are a major reason preventing proteomics
researchers from adopting top-down studies’. Unlike traditional bottom-up proteomics,
where numerous software tools are available, only a handful of tools are available for top-
down characterization, and the data analysis often requires laborious manual interpretation.
In this paper, we present a new open source software suite for top-down data analysis,
named Informed-Proteomics.

In general, the top-down data analysis workflow consists of three steps: feature
deconvolution, protein characterization via database search of fragmentation data, and
validation. In every step, there are challenges that make top-down data analysis substantially
more difficult than bottom-up data analysis. First, the size of intact proteins means that they
typically have higher and more diverse charge states after electrospray ionization. This
distributes the ion signal over a broader number of charge states with increasingly large
isotopomer envelopes, substantially reducing the signal-to-noise ratio and challenging MS
resolution. Detecting ion signals and accurately calculating precursor mass is essential to
proteoform identification and quantification. Existing deconvolution tools such as
THRASHS, Xtract® and MS-Deconv1911 adopt spectrum-centric approaches and create a
simplified spectrum of singly-charged monoisotopic ion species.

The second challenge is how to explore the search space of potential proteoforms. Because
most proteins are post-translationally modified (e.g. proteolytic cleavage, acetylation, etc.),
the number of possible proteoforms expands exponentially beyond the number of genes,
e.g., over a billion combinatorially possible proteoforms in humans. Popular top-down data
analysis tools ProSightPC12:13 and MS-Align+ (recently renamed to TopPIC)1415 address
this challenge using different approaches. ProSightPC restricts the search space to a limited
set of proteoforms in a ‘proteome warehouse’, which is a curated collection derived from
known PTMs, splice, and single nucleotide variants. While this approach has advantages in
confirming known variants and accurately characterizing proteoforms, it has a limitation that
it is truly effective only for organisms having a well annotated genome and a well
characterized proteome. In contrast, MS-Align+ allows “blind” modifications accounting for
any and all PTMs and mutations, and uses the spectral alignment algorithm to efficiently
score multiple proteoforms simultaneously. Although this blind search approach is valuable
in discovering unknown PTMs and mutations, it may produce substantial amount of false
positive proteoform spectrum matches (PrSMs). Recently, another top-down analysis
software, named pTop has been developed?®. In pTop, the search space is restricted by
taking only expected modifications into account, however the current version has no
capability to find cleaved or truncated proteoforms.
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As a result of these two challenges, proteoform identifications are error prone to mis-
localized PTMs, false cleavages or erroneous precursor masses. Thus, it is often necessary
for users to manually validate and refine results. Additionally, quantification studies may
require researchers to examine the features or Extracted lon Chromatogram (XIC) of
precursor ions of different charge states, or even different regions of the isotopic peak
distributions for protein ions. Therefore, visualization tools for top-down proteomics face
high demands to assist such data curation12:1316-18,

We present Informed-Proteomics, a new open source software suite for top-down proteomics
analysis. The software package contains a new LC-MS feature finding algorithm (ProMex),
a new database search algorithm (MSPathFinder), and an interactive results viewer
(LcMsSpectator) (Supplementary Fig. 1). We demonstrate both identification and
quantification capabilities of Informed-Proteomics and compare it to other existing tools.
The key advantages of Informed-Proteomics over existing software are: high accuracy in
LC-MS features detection by ‘smart’ aggregation and summation of features from the same
species (which e.g. enhances measurement sensitivity); an efficient algorithm for high-
throughput searching proteoforms with combinations of PTMs and truncations by reducing
redundancies to minimize the search space; an interactive visualization tool for easy and fast
manual validating and refining the results. Informed-Proteomics is an open-source software
suite, available on GitHub at https://github.com/PNNL-Comp-Mass-Spec/Informed-
Proteomics.

Improvements in the new top-down proteomics data analysis workflow

The first component of the Informed-Proteomics software suite, ProMex, finds and
characterizes putative proteoforms in LC-MS data. An LC-MS feature represents a group of
isotopomer envelopes corresponding to the same putative proteoform ion across all charge
states and LC elution times. Due to ions being dispersed widely across LC times, charge
states and isotope species, individual isotope envelopes typically have a poor shape
compared to expected profiles (Supplementary Fig. 2). ProMex incorporates two key
innovations to improve accuracy of feature detection (see Fig. 1). First, ProMex not only
aggregates signals across different charge states but also explicitly uses the LC dimension to
aggregate features over elution time. Some existing tools (e.g. Xtract in specific commercial
implementations) also use the LC dimension by periodically averaging a fixed number of
spectra at chromatographic peaks to increase the signal-to-noise ratio. ProMex explicitly
looks for all isotopomer envelopes distributed over 3-dimensional LC/MS data and
dynamically determines the elution time spans for every candidate mass.

Second, rather than examining individual isotopomer envelopes separately, ProMex
measures the likelihood of detected LC-MS features based on the aggregated isotopomer
envelope. The score is calculated by a likelihood scoring function which takes into account
aggregated isotopomer envelope shape, intensity, charge distribution, and the correlation of
elution profile at different charge states (see details in Methods). The output of ProMex is a
list of LC-MS features defined by monoisotopic mass, range of charge states, elution-time
span, abundance, and likelihood scores.
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Detected LC-MS features are fed into the database search tool, MSPathFinder, to
characterize proteoforms from MS/MS spectra. MSPathFinder operates much like bottom-up
proteomics tools, allowing users to specify a set of post-translational modifications and the
maximum number of allowable modifications in a sequence. MSPathFinder also provides
the statistical significance of PrSMs with E-values computed by the generating function
approach®20 and the false discovery rate (FDR) estimated using the target-decoy
approach?l,

MSPathFinder efficiently explores the combinatorial proteoform space using a new graph-
based approach called the sequence graph (see Fig. 2 for illustration), which allows quickly
exploring the vast number of possible proteoforms when considering variable PTMs. There
are two important motivations behind the sequence graph. First, because many proteoforms
differ only by the location of PTMs, the number of unique elemental compositions is much
smaller than the number of proteoforms. Using histone H4 as an extreme example, the
number of proteoforms possible when applying 5 modifications (acetylation, methylation,
di-methylation of Lys and Arg; tri-methylation of Arg; and phosphorylation of Ser, Thr, and
Tyr) is about 50 trillion; but the number of their unique elemental compositions is only
2,344, Second, many fragment compositions are shared by proteoforms with the same
composition. Therefore, it is inefficient to score these proteoforms independently. The goal
of the sequence graph approach is to effectively remove such redundancies. MSPathFinder,
pTop and MS-Align+ all use similar spectral alignment algorithms14:22-25 in a sense that
they utilize a parametric dynamic programming algorithm to find the best scoring
proteoform in a sequence. However, MSPathFinder uniquely uses node in the sequence
graph to represent a composition of Atoms (mostly C, H, N, O, S) rather than a combination
of madifications. Since some combinations of modifications have exactly the same atomic
compositions (e.g. tri-methylation vs methylation + di-methylation), atom-centric graphs
tend to be smaller, which leads to a faster running time in general.

MSPathFinder uses a second technique to efficiently explore the vast search space of intact
proteoforms. As many proteoforms are enzymatically cleaved or truncated forms of proteins,
allowing both N-terminal and C-terminal truncations are necessary to identify the mature
processed proteoform, but this substantially increases database search time. In order to
reduce the number of possible sequence candidates which serve as query sequences in the
search mode of multiple internal cleavages, we implemented a de novo sequencing
algorithm to find short amino acid sequences, called sequence tags similar to a previous
approach?®. Once a protein matches to a sequence tag, MSPathFinder searches multiply
cleaved proteoforms of the protein using two sequence graphs toward opposite terminals
(Supplementary Figure 3). While this tag-based approach is helpful to restrict the search
space significantly, it may fail to find correct proteoforms when a sufficient number of
consecutive fragment ions are not detected in MS/MS spectra.

For visualizing and analyzing top-down proteomics data, we created LcMsSpectator as a
stand-alone desktop application that is fully integrated with both ProMex and MSPathFinder.
This allows maximum data exploration by interacting with both the LC-MS features and
also MS/MS identifications. The spectral and chromatographic evidence for the search
results are delivered instantly upon completion of the search for comparison with the
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original identifications. Sequences can also be edited in the application and scored on-the-
fly, making it easy to find evidence for proteoforms that were not found in the original
database search. LcMsSpectator utilizes a floatable and dockable tabbed-document interface
that lets users customize various data grids, spectrum and chromatogram views (see
Supplementary Fig. 4). LcMsSpectator supports both automatic and assisted revision of
results and identifications (see an example in Supplementary Fig. 5). All of the views and
data plots can be exported to high-resolution, publication-ready images.

LC-MS feature detection using ProMex

First we assessed the accuracy of our feature detection algorithm, benchmarking ProMex
against other MS1 feature detection algorithms including ICR-2LS (http://omics.pnl.gov/
software/icr-21s) and MSDeconv+10:11 (see details in Methods). For this benchmarking test,
we created 10 replicate LC-MS/MS data files from ovarian tumor sample. Their average
running times of ICR-2LS, MSDeconv+, and ProMex were 180, 23 and 35 minutes,
respectively. The metric for accuracy in this test was two-fold. Because they are replicates
runs, we anticipate that true features would be present in most files and at similar retention
times with similar intensities. As shown in Fig. 3, ProMex had a significantly higher number
of features detected in all 10 replicates. MSDeconv+ had an overwhelming number of
detected features present in only one or two datasets, pointing to a high variability in the
data deconvolution; only 0.04% of features were found in 8 or more datasets. ICR-2LS is an
early implementation of the THRASH deconvolution algorithm8. Although it performed
substantially better than MSDeconv+, it still had only 6% of features appear in 8 or more
datasets. ProMex showed the best performance in reproducible detection of LS-MS features
in these replicate datasets, with 34% of features identified in 8 or more datasets. The second
metric for determining the accuracy of LC-MS feature detection is the quantitative
reproducibility, as this ultimately defines the utility of the methodology for interrogating
changes in a system of interest. Fig. 4(a) shows the abundance correlation plots for ProMex
identified features for 10 replicate analyses. The high reproducibility of the platform is
demonstrated by Pearson correlation coefficients that vary from 0.93-0.95 across all runs.
Furthermore, applying our workflow to the ovarian tumor replicates, we were able to achieve
coefficients of variation similar to those obtained in label-free bottom-up proteomics?’~30

(Fig. 4(b)).

Proteoform identification using MSPathFinder

Next, we compared the performance of MSPathFinder to that of other top-down database
search tools: MS-Align+ (i.e. TopPIC v0.9.1)1415 pTop v1.218 and ProSightPC v3.013 (see
details in Method). We ran each program on the same computer against an ovarian tumor
replicate run which contains 3696 MS1 spectra and 4329 MS2 spectra. A human proteome
sequence database (UniProt Release 2015 _10) which contains 20,209 protein sequences was
used for MS-Align+, pTop and MSPathFinder while ProSightPC ran against the annotated
human proteoform databases (2014 07 version downloaded from ftp://
prosightpc.northwestern.edu). PrSMs identified by MS-Align+, pTop and MSPathFinder
were controlled at FDR 1% using the same target and decoy databases. Since pTop v1.2 is
not able to search cleaved proteoforms, we compared pTop and MSPathFinder separately,
disabling internal cleavages in MSPathFinder. There was no option to run ProSightPC
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against user-provided target/decoy databases, we therefore used an E-value cut off of 1E-4,
which is default cutoff to distinguish good and bad matches in the software.

Since each tool explores different regions of the proteoform space, it is difficult to directly
compare the results. Moreover, we believe the searches are complimentary and can be used
in combination to achieve the best results. MS-Align+ has the greatest search space, and
consequently identified the greatest number of unique proteoforms (Fig. 5(a)). ProSightPC
has the most restrictive search space and therefore identified the fewest, indicating that even
for human samples, the annotation of known proteoforms is often incomplete.
MSPathFinder showed dramatically faster run time (11.3 h) than MS-Align+ (92.2 h) and
comparable run time with ProSightPC (14.8 h) (Fig. 5(b)). In the comparison with pTop,
MSPathFinder found 10-20% more proteins, proteoforms, and protein-spectrum matches
(PrSMs) than pTop (Supplementary Table. 1). While the total running time of MSPathFinder
was longer than pTop due to the running time of ProMex, MSPathFinder showed a faster
running time in database search than pTop. Finally, when we look at the number of
annotated peaks in an identified spectrum as a proxy measure for the quality of
identifications, MSPathFinder annotates significantly more peaks per spectrum than either
TopPIC or ProSightPC (Fig. 5(c)).

Label free quantification

As a demonstration of a comparative top-down study, we applied our top-down proteomics
workflow for label-free quantification of the human-in-mouse xenograft breast tumor
samples3! previously characterized by the Clinical Proteomic Tumor Analysis
Consortium32. Two subtypes of breast cancer tumors, basal-like (WHIM2-P32) and luminal
B (WHIM16-P33), were analyzed. We created 5 technical replicate analyses for each
subtype. First, the LC-MS features detected across all 10 replicates runs were quantified and
aligned, and then statistical significance tests were performed to find differentially expressed
LC-MS features in the two breast tumor subtypes, WHIM2 and WHIM16 (see Methods).
There were a total of 7,300 differentially expressed LC-MS features at adjusted P value of <
0.01 and a fold change of > 1 (Supplementary Fig. 6). Next, we quantified the differential
expression of identified proteoforms (Fig. 6). Among a total of 3,207 proteoforms identified
in WHIM2 and WHIM6 samples, 1636 proteoforms were found to be differentially
expressed with adjusted P value of < 0.01 and fold change of > 2. Recently, an integrated
approach of bottom-up and top-down proteomics to detect differentially expressed protein
and proteoforms was reported for this same tumor comparison33. In both LC-MS feature-
and proteoform-level analysis, our top-down proteomics workflow found 10 times more
differentially expressed entities than the approach described in the article. Furthermore, we
achieved this characterization using only 30 hours of instrument time as compared to 200
hours reported in the literature.

In order to demonstrate the effectiveness of our top-down data analysis pipeline, we
analyzed the same dataset used in one of the studies in the article with Informed-Proteomics.
Using the same statistical model, we found total 412 differentially expressed proteoforms
mapping to 280 proteins with adjusted P value of < 0.01 and absolute log2 fold change of >
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1. In comparison to the recent article, our analysis pipeline found 2.7 and 2.4 times more
differentially expressed proteoforms and proteins, respectively (Supplementary Fig. 7).

Discussion

We present an open source software suite, Informed-Proteomics, for top-down proteomics
analysis. The software suite includes an LC-MS feature finding algorithm (ProMex), a new
database search algorithm (MSPathFinder), and an interactive results viewer
(LcMsSpectator). Our software suite is designed for a sensitive and comprehensive high
throughput analysis of complex mixtures of intact proteins. ProMex aggregates signals not
only across different charge states, but also over LC time such that it measures the likelihood
of detected LC-MS features based on the aggregated isotopomer envelope. ProMex relies on
isotopically resolved peaks and is designed for high-resolution LC-MS data. Therefore, it
does not currently work for data with only a charge envelope or data without an LC
separation. We demonstrated that ProMex accurately recovers more common features and
less uncommon (irreproducible) features across multiple replicate runs than other existing
algorithms. We also showed that our database search algorithm efficiently explores the
combinatorial proteoform space using a new graph-based approach called the sequence
graph. MSPathFinder operates in a similar manner as most common bottom-up proteomics
algorithms, requiring users to enumerate specific post-translational modifications of interest.
It does not discover unknown modifications, which can be done with complementary
algorithms for open PTM search. As an application of comparative top-down proteomics, we
showed how ProMex and MSPathFinder find differently expressed LC-MS features and
proteoforms from breast cancer samples.

Online Methods

Intact protein extraction and preparation for LC-MS/MS analysis

Ovarian tumor sample—Ovarian tissue used in this manuscript was from a pool of 5
female patients; the samples were collected with the oversight of the Institutional Review
Board at Oregon Health and Science University and the patients gave informed consent. An
approximately 20 mg portion of fresh frozen tissue was taken to create a pooled sample.
Tissue aliquots were homogenized with a pellet pestle in 1 mL of homogenization buffer (8
M Urea, 50 MM Ammonium bicarbonate, 1 mM PMSF, and 1% Sigma phosphatase
inhibitor cocktail Il and I11). The resulting homogenate is then incubated at 37 °C for 30 min
to facilitate protein extraction, and spun for 10 min to pellet insoluble debris. All
centrifugation steps were carried out at 4 °C, to further limit potential enzymatic activity,
and 15000 rpm. The supernatant is then transferred to an Amicon ultra 100K MWCO filter
(EMD Muillipore) pre-rinsed with 500 uL homogenization buffer. Samples were then
centrifuged for 30 min obtain minimum volume. A 450 uL aliquot of homogenization buffer
was added to the filter and spun for an additional 30 min to maximize protein recovery. The
filtrate was then transferred to an Amicon ultra 10K MWCO filter and spun for 40 min to
obtain the minimum volume. Buffer exchange was achieved using 3 washes with 450 uL of
buffer A (3% Acetonitrile, 0.2% formic acid in MilliQ water). The protein concentration was
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determined using a Coomassie assay (Thermo Fisher). The final protein concentration was
adjusted to 0.5 ug/uL for analysis. Ten replicate LC-MS/MS datasets were acquired.

Breast tumor xenograft sample—We created top-down LC-MS/MS datasets for two
subtypes of breast cancer tumors: basal-like (WHIMZ2-P32) and luminal B (WHIM16-P33)
(see ref 32). For each subtype, six process replicates LC-MS/MS runs were created. Tumors
were cryopulverized, distributed into six aliquots for each tumor and stored —80 °C until use.
The six aliquots were processed independently for each tumor as described above. All
samples were block-order randomized. Each sample was then analyzed by a single 180 min
LC-MS/MS run. The first injection from each tumor was used to passivate the new LC
column, and these files were not included in later analyses.

LC-MS/MS analysis

A dual pump Waters nanoACQUITY ™ UPLC system (Millford, MA) in combination with
an Velos Orbitrap Elite mass spectrometer (Thermo Fisher, San Jose, CA) was used for these
analyses. A 5 uL sample injection was loaded on a solid phase extraction (SPE) column for
rapid trapping and desalting prior to separation. The analytical column was prepared in-
house by slurry packing 3-um diameter C2 stationary phase (Separation Methods
Technology, Newark, DE) into a 50-cm length of 360 um o.d. x 100 um i.d. fused silica
capillary column (Polymicro Technologies Inc., Phoenix, AZ). The SPE column (360 pm
0.d. x 150 pm i.d.) of 5 cm length was similarly prepared. Mobile phases consisted of 0.2%
formic acid in water (A) and 0.2% formic acid in acetonitrile (B). Sample was loaded for 30
minutes on the SPE column and then separated by the analytical column using a 190 minute
gradient from 99% A to 35% A in 180 minutes at a flow rate of 0.3 uL/min. The LC column
was interfaced with the mass spectrometer using a home-made nano-electrospray ionization
source with a chemically etched 150 um o.d. x 20 um i.d. fused silica emitter. A spray
voltage of 2.3 kV and an ion transfer tube temperature of 325°C were used for ionization
and de-solvation. Precursor spectra were acquired from m/z 500 to 2000 at a resolution of
240,000. Data-dependent product spectra of the top 4 ions were isolated in a 4 Dalton
window and subjected to CID and HCD fragmentation modes at normalized collision
energies of 35% and 30%, respectively. All product ions were detected in the Orbitrap at a
resolution of 120,000.

Data format for LC-MS/MS spectrometry

For fast data access, MSPathFinder and ProMex use an internal file format for LC-MS data,
called a pbf file. This file stores LC-MS data as a collection of three-dimensional peaks:
scan number, m/z and intensity. To support quick retrieval of both spectra and
chromatograms, the PBF format indexes peaks in two ways: (1) spectrum-centric way - get
all the peaks for a certain scan number, and (2) chromatogram-centric way - get all the peaks
within a specified m/z range.

ProMex: LC-MS feature extraction

ProMex was developed to detect isotopomer envelopes of intact protein ions and determine
their monoisotopic masses and abundances. The ProMex algorithm takes a range of
monoisotopic mass and a mass tolerance as an input, and then outputs a collection of LC-
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MS features, each of which is specified by monoisotopic mass, charge states, elution-time
span and abundance. The basic idea is that an individual isotopomer envelope of one charge
state in one spectrum has poor ions statistics, especially as molecular weight increases (see
Supplementary Fig. 2). Therefore, we evaluate an isotopic profile grouped across time and
charge. The set of peaks attributed to a single proteoform species (across time and charge
state) is referred to as an LC-MS feature. The process of determining which peaks belong to
the same LC-MS feature is shown graphically in Fig. 1 and described in the subsequent
paragraphs.

To identify which peaks in LC-MS data should be grouped, a list of potential masses is
created using the user specified mass range and tolerance. For each potential monoisotopic
mass M (Da), a theoretical isotopomer envelope £, is generated from Averagine model3#;
then using the input charge range various m/z values are calculated for £, ProMex then
scans all MS1 spectra to identify peaks corresponding to these isotopomer envelopes. The
collected peaks are grouped by their charge states and elution times, and thus an observed
isotopomer envelope at charge state ¢;and elution time #is denoted as £j;

The second step is to cluster isotopomer envelopes indicating the same proteoform species
across charge states and LC elution time. ProMex gathers envelope peaks in adjacent
charges and elution times using a greedy algorithm. It starts with seed isotopomer envelopes
selected based on their similarity scores against £,,and statistical significances. Here the
similarity score S{£q, £;) between two envelopes, £1 and £, is computed by the Pearson
correlation. The statistical significance is determined by Wilcoxon rank sum test and
hypergeometric test, as previously described3®. Both tests are performed within a local range
(5 m/z) of the spectrum encompassing the seed envelope. Seed envelopes must have p-values
less than 0.01 for both tests and similarity scores larger than specified thresholds. The
increasing number of charge states and the increasing size of isotopomer envelope lower the
chance to observe highly similar isotopomer envelopes to the theoretical one. Thus, we use
different thresholds depending on the mass M: 0.7 for M < 10,000 Da, 0.6 for 10,000 < M<
15,000, 0.5 for 15,000 < M < 30,000, 0.4 for 30,000 < M.

The clustering process starts with the seed envelope having the highest similarity score
among the seed set. The greedy algorithm iteratively explores observed envelopes in
adjacent charge states and elution times. Adjacent envelopes are added to the cluster if they
enhance the similarity between aggregated isotopomer envelope in the cluster against £y,.
When there is no adjacent isotopomer envelope improving the cluster, it stops exploration.
This process continues until all seed envelopes are assigned to clusters.

Detected clusters are refined to accurately determine their elution-time spans and ranges of
charge states. The elution-time span is determined based on elution profile (EP). The EP is
constructed by peaks in the clustered isotopomer envelopes, and smoothed by Savitzky-
Golay filter using nine adjacent points with quadratic polynomial. The first and last elution
times having intensities equal or greater than 1% of the apex intensity are set to elution start
(¢min) and end time (Z54), respectively. To determine the range of charge states, at each
possible charge state ¢;, it examines not only individual isotope envelopes £j;in the elution-
time span (Z;,i, < J < tmax) but also aggregated isotopic envelop £;over the span. If either any
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single £j;0r £;has similarity score higher than 0.7, the charge state is included into the
cluster. Thus, the minimum (¢, and maximum (¢ax) charge states define the range of
charge states. The final monoisotopic mass of LC-MS feature is determined by selecting the
median value from all the clustered isotopomer envelopes.

The abundance of LC-MS features is measured by the area under EP. In order to avoid
outlier peaks due to signal interference or noise, it only includes peaks in isotopomer
envelope £j;where S(£j; Epg) > min(0.7, median({ &}, Ep|Cmin< 1< Cmaxs tmin< J <
tnaxt)- The area under smoothed EP is calculated and set to the abundance of LC-MS
feature.

The quality of each feature is evaluated by a likelihood-ratio scoring function. Features that
fail the likelihood test (i.e. are not distinguishable from random) are rejected and deleted. We
devised a Bayesian network that models LC-MS features to determine the probability of
observing aggregated isotopomer envelopes £;given mass M (Supplementary Fig. 8). A
series of isotopomer envelopes detected in the elution-time span at a charge are described by
four parameters, Aj, S; /;and X;. Here A;is the ratio of abundance at charge c¢;to total
abundance, and S;is the similarity score S(£;, £, of aggregated isotopomer envelope £;. At
each spectrum, the intensity of isotopic peaks is scaled by dividing them the highest
intensity in a window of width 5 m/z around the isotope envelope. /;is the sum of scaled
intensities of the most abundant isotopic peaks within the elution-time span. .Xjis elution
profile score which is the average Pearson’s correlation coefficient of EP at charge ¢;against
EPs at other charge states. Thus, the likelihood scoring function can be represented as

Cmax PObS Ci Ai’Si7[iXi M
Likelihood Score= > logpnun((c"A‘ 9 I-X-|M;

Ci=Cmin

where P95 is the probability of a particular state (C;, A;; S, /; X|M) observed in a sample of
known LC-MS features and 27 is the probability of the same state in a null hypothesis
model where peaks are randomly shuffled over 3D LC-MS space.

Considering conditional dependencies of parameters as defined in Supplementary Fig. 8 and
applying Bayes’ theorem, the likelihood scoring function can be rewritten as

ProMex’s likelihood scoring function

Cmax _PObS(Ai‘Ci,M) PObq( z‘ iy )
Oanull(A”C’i7 M) Pnull(57| i )

P> ([ Gy, M)
Pnull (Izl Ci7 M)

+log
Ci=Cmin
POYS(X;|Cy, M) POYS(Ci| M) }

1
PRl i, 1) S PG M)

+log

The detected LC-MS features often overlap and share peaks with each other because a
cluster of observed peaks can be well matched to different theoretical isotopomer envelopes
(see Supplementary Fig. 9). To eliminate redundant, false LC-MS features, ProMex selects
only the best scoring features iteratively and removes them from the LC-MS data. For this,
ProMex constructs an undirected acyclic graph where each vertex represents an LC-MS
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feature. Two vertices are connected by an edge if they share peaks in their collected
isotopomer envelopes. Vertices are grouped such that two vertices in a group are connected
to each other by paths. In each group, the best scoring LC-MS feature is selected and peaks
associated with the feature are removed from the LC-MS data. If there are LC-MS features
with £1 Da differ from the best scoring feature, they are selected together to maximize the
chance of identifying correct proteoforms. Whenever peaks are removed from the LC-MS
data, other remaining features are rescored. This process is repeated until the best score in
the group is less than a certain likelihood score cutoff.

MSPathFinder: proteoform identification

MSPathFinder takes an LC-MS feature file generated by ProMex, a protein FASTA
database, and a set of search modifications as an input and outputs PrSMs with E-values. A
search modification is defined as a pair consisting of a PTM and a target amino acid. The
maximum number of allowable modifications is also given as input. For each sequence
present in the protein database, it constructs a sequence graph (described below) and scores
proteoforms against MS/MS spectra through graph searching. The statistical significance of
individual PrSMs (e.g. E-values) is also evaluated. Lastly, it estimates the false discovery
rate.

Enumerating protein substrings—MSPathFinder supports 3 search modes depending
on the number of internal cleavages allowed. The search mode 2, similar to the non-tolerable
termini (NTT) 2 in bottom-up proteomics, does not allow any internal cleavage except the
single amino acid cleavage at the N-terminus. The search mod 1, similar to NTT 1,
additionally allows single internal cleavage and the search mod O (similar to NTT=0) allows
multiple internal cleavages. The numbers of sequences to be searched are different
depending on the search mode. Also, the lowest and highest masses of detected LC-MS
features also provide lower and upper bounds in sequence lengths.

MS/MS spectra deconvolution—MSPathFinder uses a fitting method similar to
THRASH algorithm® to deconvolute MS/MS spectra. The deconvolution algorithm moves a
window of a certain m/z width along the peaks (here, 2.2 m/z was used). The most intense
peak in the window is selected, and a few number of average mass are calculated using the
observed m/z for a certain range of charge states (here, charge states of 1-20+ were used).
For each average mass, a theoretical isotopomer envelope is generated from Averagine
model34. Then, it identifies observed isotope peaks corresponding to the theoretical isotope
envelope. Pearson’s correlation coefficient between observed and theoretical isotopomer
envelopes is computed. If the correlation coefficient is higher than a certain threshold (here,
0.7 was used), the observed isotopomer envelope is converted to a deconvoluted peak
defined by monoisotopic mass, charge state, and intensity.

Sequence graph—The sequence graph is a directed acyclic graph (DAG) that represents
all possible PTM-maodified forms of a protein sequence (see Fig. 2). Each vertex of the
sequence graph represents a unique fragment and corresponds to an elemental composition.
Two vertices are connected by an edge if their difference in compositions equals to a
composition of an amino acid and optionally a PTM. For example, CgH12N20,Sg and
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C12H24Ng03S are connected by an edge representing Arg (CgH12N401Sg). In the sequence
graph, the leftmost vertex (called the source) represents the “zero” fragment with a
composition CoHgNgOgSp and each of the rightmost vertices (called a precursor vertex)
represents proteoforms with the same modifications. Each path in the graph corresponds to a
proteoform.

Once the sequence graph is constructed, MSPathFinder selects a precursor vertex v, one by
one, and repeats the following procedure. It considers a subgraph from the source to v, This
subgraph represents the proteoforms with the same composition and each internal vertex
represents a fragment of these proteoforms. For the precursor mass of v, MS/MS spectra
are retrieved from the LC-MS look-up table. For each recruited MS/MS spectrum and each
internal node v, it finds evidence of the ions generated by a fragment with a composition v
and assigns a score to v. Edge scores are also assigned as necessary (e.g. consecutive
fragment ion score). The score of a path is defined as the sum of scores of vertices and edges
in the corresponding path. MSPathFinder finds the best scoring proteoform by backtracking
the sequence graph.

MSPathFinder Scoring—We designed a scoring function, MSPathScore(P, S) to evaluate
a PrSM of a proteoform Pand a spectrum S. The MSPathScore utilizes five characteristics of
matched fragment ion peaks: intensity, isotopomer envelope shape, mass measurement error,
existence of complementary fragment ion peak, and existence of consecutive fragment ion
peaks, which can be written as:

MSPathScore(S, P)
:Z [ WI};)]atC}I +I/Vi}r)1tcnsity I; +W§ist Di+Wgrror El]
i€a
+Z [ ‘/Vlflatch +Wi§1tensity I; +W§ist Di—’_W(frror Ei]
icf
+ Z WeomplIsComplement (i, )+ Weonsecutive ISConsecutive(i, 5)
(i,3)€(aUp)

i#j

where a and g are sets of prefix and suffix fragment ion peak matches, respectively. /; D;,
and £;are normalized intensity, isotopomer envelope similarity score, and mass error of
matched fragment ion 7 The normalized intensity is calculated by dividing the peak’s
intensity by the highest intensity in the spectrum. The envelope similarity is determined by
Pearson’s correlation coefficient between observed and theoretical isotopomer envelopes.
The mass error is measured in ppm. /sComple(J, j) is an indicator function to denote whether
the fragment ion pair (/, j) is a complementary fragment ion pair. /sConse(J, j) is also an
indicator function describing the ions (/, ) are consecutive fragment ions. The weight
parameters in MSPathScore were determined by a logistic regression method with a training
set of 30,000 PrSMs. The training set was obtained by scoring PrSMs as the number of
matched fragment ion peaks.

Sequence tag based search—MSPathFinder uses sequence tags to filter the search
space of multiply cleaved protein sequences. Sequence tags are short amino acid sequences
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that are found by combining consecutive fragment ions in protein sequences?®.
MSPathFinder generates all possible sequence tags with a minimum length, and finds
multiply cleaved protein sequences containing the sequence tags. Here, a minimum length of
5 residues is chosen as it gives a good balance between the number of identifications and the
size of search space. Given a protein sequence matched to a sequence tag, two sequence
graphs originating from the both ends of sequence tags are generated toward opposite
directions as shown in Supplementary Fig. 3. The flanking mass of sequence tags and the
mass of LC-MS features are used to constrain candidate proteoforms to be searched.

Statistical significance of Protein-Spectrum Match (PrSM)—The statistical
significance such as P-value or E-value is estimated by the generating function approach as
previously described1®20, The implementation of generating function for bottom-up
proteomics is not directly applicable to top-down proteomics, not only because of large
masses of intact proteins but also because of increased mass accuracy and resolution. In
order to minimize the number of integer masses to be considered in the generating function
while accommodating the high mass accuracy, we discretize the real mass space with a
window of a constant mass tolerance (e.g. 8 parts per million). In addition, masses within
mass regions that cannot be reached by combinations of amino acid with allowable PTMs
masses are removed.

Estimating FDRs—The false discovery rate (FDR) is estimated using the target-decoy
approach?!, where a decoy database was constructed by reversing the protein sequences and
applying 3 amino acid mutations at random positions.

LcMsSpectator: visualization and refinement tool

LcMsSpectator is a Windows desktop application facilitates to visualization and refinement
of top-down proteomics analysis results reported by ProMex and MSPathFinder and features
rich, interactive spectral and chromatographic data plots as shown Supplementary Fig. 4. All
of the views and data plots can be exported to high-resolution, publication-ready images.
LcMsSpectator supports the community standards for both spectrum data (mzML36) and
spectrum annotation (mzIdentML37). See https://github.com/PNNL-Comp-Mass-Spec/
LCMS-Spectator for details.

Software evaluation

All the experiments were performed on a Windows computer with a 3.5 GHz CPU (Intel
Xeon E3-1270) and 32 GB memory.

Comparison of LC-MS feature detection algorithms—\We ran ProMex, MS-Deconv
+, and ICR-2LS against total 10 replicate runs. MS-Deconv+ and ICR-2LS reported
monoisotopic masses, charges, elution times and intensities for each MS1 spectrum. We
clustered these deconvolution results into LC-MS features if two monoisotopic masses are
within the mass tolerance and elution time window. The abundance was computed by
summing intensities of cluster members. We repeated this clustering procedure to group LC-
MS features detected from multiple replicate runs. Here we used 10 ppm mass tolerance and
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1 minute elution time window, respectively. Parameter settings used in ProMex, MS-Deconv
+, and ICR-2LS are described in Supplementary Table 2.

Comparison of proteoform identification algorithms—We benchmarked
MSPathFinder against TopPIC v0.9.1 (available at http://proteomics.informatics.iupui.edu/
software/toppic/)14, ProSightPC v3.013, and pTop v1.2 (available at http://pfind.net/software/
pTop/index.html)16, For MSPathFinder, pTop and MS-Align+, used a fasta file of human and
mouse from UniProt database for target database (2011 _12 version). The same decoy
database was used for three tools and PrSMs were collected at 1% FDR. For MS-Align+, the
raw spectra files were converted to .msalign file format using msconvert tool in
ProteoWizard software package38 and MS-Deconv20 as specified in TopPIC manual. Since
pTop v1.2 is not able to search cleaved proteoforms, we compared pTop and MSPathFinder
separately, disabling internal cleavages in MSPathFinder. For ProSightPC, the annotated
mouse and human proteoform databases (2014 _07 version) were downloaded from ftp://
prosightpc.northwestern.edu. We tested ProSightPC based on the biomarker discovery
search mode with mass tolerance of 10 ppm for precursor and fragment ions. We tried to use
shuffled database search option to calculate FDR at ProsightPC. But there were very few
PrSMs for shuffled sequences even though E-value cutoff increased to 10. Also, as the
downloaded databases are encoded in binary format, we were not able to apply our target-
decoy approach. Thus PrSMs were collected with E-value cutoff of 1E-4 (default cutoff for
good matches in ProSightPC). Parameter settings used in MSPathFinder, MS-Align+,
ProSightPC, and pTop are described in Supplementary Table 3.

Statistical analysis for label-free quantification—LC-MS features are not always
detected in all replicate runs. For missing LC-MS features, we integrated background signal
intensities in the appropriate elution-time spectra. Here we assumed that median intensity in
each spectrum is equal to background signal intensity. Grouped LC-MS features were
associated with proteoform identification results by MSPathFinder. Each group of LC-MS
features is assumed to be a single proteoform species. If there are multiple different
proteoforms matched to a LC-MS feature group, the best scoring proteoform (i.e. the lowest
E-value PrSM) was selected as a representative proteoform of the LC-MS feature group.
Informed-Proteomics does not provide a separate tool for this post-processing step, but
implemented source codes for LC-MS feature grouping was included in the package.

As a pre-processing step for normalization, we normalized the abundance values by
equalizing the median of abundances across replicate runs. Conventional ANOVA analysis
was performed and p-values were adjusted by Benjamini-Hochberg (BH) procedure. All
statistical analyses including ANOVA analysis and principal component analysis (PCA)
were performed within MATLAB 2014b (The MathWorks, Inc., Natick, MA).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. LC-MS feature finding in ProMex
An LC-MS feature refers to a group of isotopomer envelopes corresponding to the same

proteoform species across all charge states and LC elution times. The ProMex algorithm
begins with clustering isotopomer envelopes across adjacent time and charge state. The
initial cluster is refined to accurately determine its elution-time span and range of charge
states. After refinement, ProMex calculates the likelihood that the final cluster is a true LC-
MS feature.

Nat Methods. Author manuscript; available in PMC 2018 February 07.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Park et al.

Page 18

CoHoNpOpSp

1
1
1
1
1

CeN12N202S,  CqoHogNgO3S)

K R AT Q K T R A M

No modification

1 Methyl

1 Oxidation

2 Methyls
2 Oxidations
® 1 Methyl, 1 Oxidation

Figure 2. lllustration of the sequence graph for “KRATQKTRAM”
The sequence graph compactly represents all possible proteoforms of a single atomic

composition and facilitates efficient scoring of the search space. In this example, oxidized
methionine and methylated lysine are considered as dynamic modifications and up to 2
modifications are allowed per sequence. The graph is constructed from left to right, with the
leftmost vertex (source) corresponding to CoHgNpOgSg. The vertically aligned vertices
correspond to fragments created by cleaving ith and (i+1)h amino acids. The horizontally
aligned vertices represent the fragments with the same modifications. The black, green, and
blue edges correspond to unmodified amino acids, oxidized methionine, and methylated
lysine, respectively. Each vertex corresponds to a composition and several compositions are
shown for illustration. Each of the rightmost vertices (sink) is called a precursor vertex and
represents a unique elemental composition of proteoforms with the specified combination of
modifications. Thus a path from source to sink represents a proteoform.
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Figure 3. Consistency of LC-MS feature detection
We examined the reliability of LC-MS feature detection by testing the frequency of feature

identification within 10 technical replicate analyses of an ovarian tumor sample. MS-Deconv
+, ICR-2LS and ProMex identified 0.04%, 6%, and 34% of features in 8 or more datasets,
respectively. In particular, ProMex outperformed other tools in the number of LC-MS
features that are detected across all 10 replicates with 6,157 LC-MS features.
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Figure 4. Quantitative reproducibility for LC-MS features detected in 10 technical replicate LC-
MS analyses

(a) Correlation plots for 10 replicate injections of ovarian tumor tissue lysate. R-squared
values vary from 0.93 — 0.95 demonstrating the reproducibility of the ProMex feature
detection algorithm as well as stability of measurement platform, and (b) Coefficient of
variance for measured proteoform abundances divided by abundance quintile. Overall
median CV for feature abundance was 22.3%.
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Figure 5. Protein identification and characterization results for a human ovarian tumor
(a) The number of proteins, proteoforms, and protein-spectrum matches (PrSMs) identified

by ProsightPC V3.0 (E value < 1074), MS-Align+ (1% FDR), and MSPathFinder (1% FDR).
MSPathFinder achieves more proteins and PrSMs than other tools. Although MS-Align+
achieves 30% less PrSMs than MSPathFinder, it has the maximum number of unique
proteoforms due to its unrestrictive PTM search algorithm. (b) Total running time for
deconvolution and database search. MS-Align+ took almost four days because its search
space much larger than those of other tools. (c) Histogram of the number of matched
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fragment ions. The majority of PrSMs by MSPathFinder had more matched fragment ions
than others.
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Figure 6. Differentially expressed proteoforms in CompRef breast tumor sample
Two breast cancer xenograft tumors representing basil-like (P32) and luminal B (P33)

100

50

-50

PC2 (6.5% variance)

-100

257

20

10

-Log2(FDR)

Count
0 10

04 06 08 1

P32 (WHIM2)
P33 (WHIM16)

151

-100 -50 0 50 100

PC1 (72.7% variance)

Log2(fold change)

Page 23

subtypes were compared to identify differentially expressed proteoforms. Five technical
replicate LC-MS/MS analyses were performed for each tumor. (a) Pearson correlation plot
(b) PCA plot and (c) volcano plot. 622 protoeoforms are up-regulated in P32 (WHIM2)
while 1014 proteoforms are up-regulated in P33 (WHIM16) at 1% FDR and fold change >

2.
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