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Abstract

The identification of proteoforms by top-down proteomics requires both high quality
fragmentation spectra and the neutral mass of the proteoform from which the fragments

derive. Intact proteoform spectra can be highly complex and may include multiple overlapping
proteoforms, as well as many isotopic peaks and charge states. The resulting lower signal-to-noise
ratios for intact proteins complicates downstream analyses such as deconvolution. Averaging
multiple scans is a common way to improve signal-to-noise, but mass spectrometry data contains
artifacts unique to it that can degrade the quality of an averaged spectra. To overcome these
limitations and increase signal-to-noise, we have implemented outlier rejection algorithms to
remove outlier measurements efficiently and robustly in a set of MS1 scans prior to averaging.
We have implemented averaging with rejection algorithms in the open-source, freely available,
proteomics search engine MetaMorpheus. Herein, we report the application of the averaging with
rejection algorithms to direct injection and online liquid chromatography mass spectrometry data.
Averaging with rejection algorithms demonstrated a 45% increase in the number of proteoforms
detected in Jurkat T cell lysate. We show that the increase is due to improved spectral quality,
particularly in regions surrounding isotopic envelopes.
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INTRODUCTION

The identification and quantification of intact proteoforms in complex mixtures such

as mammalian cell lysate is a challenging frontier of modern proteomics [1, 2]. It is
accomplished by “top-down” proteomics, wherein intact proteoforms are ionized and
analyzed by tandem mass spectrometry [3]. Two successive scans are executed, an initial
precursor mass scan (MS1) to reveal the ion species that are present, followed by a
secondary scan of fragment ions (MS2) generated in a gas phase dissociation process.
The MS1 analysis yields the mass of the intact proteoform through deconvolution, while
the MS2 fragmentation and analysis yields amino acid sequence information and post-
translational modification (PTM) identification and localization.

Proteoform mass spectra can be highly complex. Large proteins are present as many
isotopologues [4], such that an intact proteoform is observed not as a single peak but
rather as a distribution of peaks referred to as the isotopic envelope. In addition to this
isotopic complexity, the process of electrospray ionization (ESI) generates a charge state
envelope. Splitting the signal into isotopic and charge state envelopes can severely reduce
the abundance of individual peaks, making them difficult to distinguish from noise [4].

Making an identification with top-down proteomics requires successful feature detection:
that is, the grouping of all isotopic peaks from each charge state of a single proteoform
species (the peak set, or feature), and deconvolution to determine a species’ neutral mass [5].
The neutral mass of the ion is used to filter a list of candidate fragmentation spectra. Tools
commonly used to generate deconvoluted masses for top-down spectra include ProSight
[6], TopPIC Suite [7], pTop2 [8], Bruker DataAnalysis, and MetaMorpheus [9]. Of these
programs, only ProSight, TopPIC Suite, and MetaMorpheus include both a built-in database
search and ongoing software support. These three tools each use an approach similar to

that of the THRASH deconvolution algorithm developed by Senko et al. [10] that requires
resolved isotopic envelopes to predict charge state and monoisotopic mass. Deviations from
theoretical isotopic distributions can cause miscalculations of charge state [11], leading

to incorrect monoisotopic masses, and missed or false identifications during subsequent
searching steps.

Due to the reliance of top-down proteomics search engine software on fully resolved
isotopic envelopes, noise and artifacts can significantly influence top-down proteomics
search results. Artifactual peaks can be generated by aberrant fragmentation events,
background atmospheric ions introduced during electrospray ionization [12], or signal
processing [13], causing errors in charge state assignment. Scan averaging is a widely

used method to improve signal-to-noise ratios and has been found to drastically impact

the sensitivity of mass deconvolution [14, 15]. However, achieving high signal-to-noise
ratio improvements with averaging requires input values free from contamination by outlier
measurements. Such outliers are often artifacts and their inclusion in the averaging can
degrade the final, averaged spectrum [16].

We sought to identify and include a pre-processing method in the open-source proteomics
search engine MetaMorpheus that could simultaneously improve signal-to-noise ratio
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of low abundance peaks, improve isotopic envelope distributions, and remove artifacts.
Averaging with rejection algorithms developed by researchers in astronomy [16], enable
the simultaneous improvement of signal-to-noise ratios and the removal of artifactual data.
Astronomical measurements are commonly contaminated with high intensity but transient
artifacts from cosmic rays, airplanes, satellites, and other light sources, analogous to
contamination by chemical noise or signal processing artifacts in mass spectrometry data.
We have implemented averaging with rejection algorithms for MS1 spectra, adapted from
the astronomical image processing software PixInsight (https://pixinsight.com), to improve
counts of protein spectral matches (PrSMs) and proteoform identifications in top-down
proteomics experiments.

METHODS

Direct injection data

Isolated protein standard of and Somatotropin (Sigma Aldrich) were reconstituted in 50:50
ACN:H,0 to a concentration of 50 uM. Samples were injected by a syringe pump with a
flow rate of 2 uL min~1 into the ESI source and scans were collected for ten minutes with

a top five most intense data dependent acquisition method on a QE-HF Orbitrap (Thermo
Scientific). MS1 spectra were collected with an orbitrap resolution of 120,000 (at m/z 400),
maximum injection time of 100 ms, and automatic gain control of 3 x 10%. MS2 spectra
were collected with an orbitrap resolution of 30,000 (at m/z 400), a maximum injection time
of 50 ms, and automatic gain control of 1 x 106,

Jurkat T lymphocyte cell lysate top-down dataset

This dataset was collected in 2020 to support a study of integrated top-down and bottom-up
proteomics (MassIVE identifier: MSV000083768) [17, 18]. The samples were reduced, but
not alkylated, before size fractionation by GELFrEE (Expedion) into ten fractions. Fractions
were then analyzed by HPLC-ESI-MS/MS (hanoAcquity, Waters and QE-HF Orbitrap,
Thermo Scientific). MS1 spectra were collected with three microscans at an Orbitrap
resolution of 240,000 (at m/z 400) maximum injection time of 50 ms, and automatic gain
control of1 x 108, The top eight most abundant precursors were selected for fragmentation
by high energy collisional dissociation with a normalized collisional energy of 25 and an
isolation width of 4 m/z. Each fraction was then calibrated with MetaMorpheus to account
for instrumental drift and systematic errors. The eight calibrated mzML files will be referred
to as the control dataset. Calibration was performed with the protease set to top-down, a
precursor and product mass tolerance of 10-ppm, and methionine oxidation as a variable
modification. The control dataset was then averaged with the experimentally optimized
parameters and will be referred to as the averaged dataset.

Neucode labeled proteins

Proteins extracted from a biopsied prostate tumor sample were extracted, reduced, and split
into two portions. One portion was labeled with a 13Cg 15N isotopologue (NeuCode light)
of a cysteine-reactive label, and the other was labeled with a Dg isotopologue (NeuCode
heavy) of the same cysteine-reactive label. These two isotopologues, the NeuCode light
and NeuCode heavy labels, form a NeuCode pair with a mass difference between them of
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0.0453 Da. The NeuCode labeled proteins were then recombined in a 2:1 ratio (heavy:light).
Combining proteins labeled with these two isotopologues produces overlapping isotope
distributions for otherwise identical cysteine-containing proteoforms (see Figure 5A for an
example). The combined sample was then separated into 8 size-based fractions by PEPPI
fractionation. All fractions were analyzed via HPLC-ESI-MS (Thermo Easy-nLC-Orbitrap
Fusion Lumos). MS1 scans from 350 to 2000 m/z were collected in profile mode with 5
microscans, an AGC target of 800,000, and a maximum injection time of 50 ms.

Cysteine-containing proteoforms in these samples will exhibit overlapping isotope
distributions. To discover all NeuCode pairs in the sample, the files are first deconvoluted
in Thermo Protein Deconvolution 4.0, producing a list of masses. Each deconvoluted mass
is processed as follows: averaging of surrounding MS spectra to improve S/N and produce
more accurate isotope ratios, determining of all existing charge states for that mass, and
then pairing of each isotope peak with its adjacent peaks to produce a set of possible
experimental cysteine counts. Adjacent peaks are accepted as possible NeuCode pair peaks
by intensity ratio filtering based on the expected 2:1 mixing ratio of NeuCode heavy to
NeuCode light. Accepted possible NeuCode pair peaks are aggregated by rounded cysteine
count, and the experimental cysteine count for the mass is assigned as the most frequently
occurring cysteine count among accepted possible NeuCode pair peaks.

Spectral averaging algorithm

The averaging with rejection task (Averaging Task) in MetaMorpheus consists of four steps:
normalization, binning, outlier rejection, and averaging. Each intensity value in a spectrum
is first normalized to the spectrum’s total ion current. A binned m/z axis is generated using
a predefined bin width. Next, for each collection of spectra to be averaged together, and

for each intensity value in an m/z bin, the outliers within each m/z bin are determined and
rejected by one of the outlier rejection methods incorporated in the Averaging Task. Finally,
the remaining (unrejected) intensity values in each bin are averaged to produce the final,
averaged spectrum.

Outlier rejection algorithms were adapted from pseudocode in the documentation of

the astronomical image processing software PixInsight (https://pixinsight.com/doc/tools/
Imagelntegration/Imagelntegration.html). The full details of each outlier rejection algorithm
are presented in the Supplemental Information. For a given set of intensity values
corresponding to an m/z measurement in a set of N consecutive MS1 mass spectra

(an intensity binat a given m/2), iterative rejection algorithms remove values outside
no..-median (/ntensity bin) and median (intensity bin) +ne..., where nis defined by user
input, and ¢ is an estimate of the standard deviation of the intensity values in the infensity
bin. During each iteration, ¢ and the median are calculated based on the non-rejected values
of the previous iteration. The iterations continue until no more values are removed, or there
are no more intensity values within the stack that fall outside the defined range.

Two spectral averaging algorithms are also incorporated in MetaMorpheus as the Averaging
Task: one algorithm is used for data-dependent acquisition LC-MS, and the other for direct
injection experiments. For LC-MS data, the user provides a number of scans to be averaged
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together (default = 5 scans), and each averaged scan in the output data file is a moving
average of the original MS1 scans. For direct injection experiments, we have included
options to average all spectra together, or, analogously to the options for LC-MS, to average
every N spectra together. The output of the Averaging Task in MetaMorpheus is an mzML
file that can be used in subsequent MetaMorpheus tasks or other software. Five other
averaging algorithms are available as standalone code within mzLib (https://github.com/
smith-chem-wisc/mzLib) as a convenience to users interested in exploring the full range of
outlier rejection options.

MetaMorpheus data processing workflow

MetaMorpheus was used to perform Calibration, Averaging, Global Post-Translational
Modification discovery (G-PTM-D) [9, 19] and Search for both the control and averaged
datasets as outlined in Figure 1. Task files containing the settings used for searches can be
found in Supplemental Files S1-S4. The full analysis of parameters for each dataset can

be found in Supporting Information but are briefly summarized here. The G-PTM-D and
Search tasks were performed with the protease set to top-down, oxidation on M as a variable
modification, and a 10-ppm mass tolerance for both the MS1 and MS2 spectra.

Additional PTMs set in the G-PTM-D task included a subset of common artifacts
(deamidation and ammonia loss) and a subset of common biological modifications
(phosphorylation, methylation, pyroglutamylation, palmitoylation, simple glycosylation)
[19], with a full list available in Supporting Information. In the Search Task, options were
selected for generating complementary ions and using internal fragment ions to improve
post-translational modification localizations [20]. All searches were exact mass searches
with a precursor and product mass tolerance of 10 ppm, a maximum assumed charge state
of 80, and oxidation on methionine as a variable modification. For comparisons between
workflows, each search was run separately for the data set, for example, control datasets
were analyzed separately from the averaged datasets. All sets of PrSMs were filtered to
1% false discovery rate (FDR), a 0.01 @-value [21], and an ambiguity level of 1 [22]. The
Supplementary Workbooks containing the results of the MetaMorpheus searches can be
found in the MassIVE repository associated with this analysis, MSV000092054.

Deconvolution data processing

The control and averaged datasets were first centroided with MsConvert (v 3.0.22189) [23].
Both centroided datasets were deconvoluted with TopFD (v1.6.2) [24] and FLASHDeconv
(OpenMS-3.0.0) [25] with a minimum charge of 1, maximum charge of 100, maximum
mass of 100000 Da, and precursor window size of 4 m/z. The option to output TopFD result
file types was selected within FLASHDeconv. Deconvolution software comparisons were
made using the resulting ms1.align and .feature files were used for comparative analysis
between averaged and control datasets.
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3| RESULTS

Averaging Task Parameter Screening.

While use cases for each of the averaging with outlier with rejection algorithms are
well-known in the astronomy community [26], reasonable default parameters were unclear
for mass spectrometry data. To determine a default algorithm and settings to be used in
MetaMorpheus, averaging on data from standard protein, direct injection data sets was
performed using each of the 7 averaging methods tested. We evaluated the effect of over
9000 unique combinations of parameters and 7 different averaging with rejection algorithms.
The parameters included a bin size ranging from 0.001 Th to 1 Th, number of MS1 scans
averaged, choice of outlier rejection algorithm or no outlier rejection, and outlier detection
settings. The parameters varied and the possible values used for each parameter are shown in
Table S1.

Before the averaging step in astronomical imaging software, the images are “aligned” such
that each pixel corresponds to the same point in space across repeated measurements. This
is possible due to the static nature of imaging large objects at long distances over relatively
short time scales. However, measurements in mass spectrometry are dynamic, with peaks
that can shift from scan to scan. Therefore, intensity bins are created for each m/z value
along a common axis to achieve a similar alignment procedure. The effect of bin size on

a variety of factors was determined using a range of bin sizes from 0.001 Thto 1 Th
(Figure 2A-C). To determine how bin size affects the averaged spectra, the theoretical
most abundant isotopic peak was calculated based upon the elemental composition of the
proteoform for each charge state. For each spectrum, the most abundant peak in each charge
state was counted if it was above 5% relative intensity and within a 10-ppm error of the
theoretical most abundant peak. Figure 2A shows that the number of most abundant peaks
within 10-ppm of their theoretical m/z is maximized at a bin size of 0.01 Th. The ppm error
between theoretical and experimental isotopic peaks is also minimized when using a bin
width of 0.01 Th (Figure 2B). Figure 2C provides further supporting evidence for selecting
an 0.01 Th bin size as a reasonable default by demonstrating more isotopic envelopes

are charge-state resolvable, or successfully deconvoluted to the correct charge state, per
averaged spectrum than the other bin sizes tested and the unaveraged spectra. These results
are reasonable because a large bin size is more likely to average multiple peaks together
whereas a smaller bin size will provide greater mass accuracy but at the cost of increasing
the likelihood of splitting peaks between multiple bins as shown by the large distribution in
scores for each metric for a bin size of 0.001 Th in Figure 2A-C.

After the proper bin size has been determined, the next step is to optimize the outlier
rejection process, which is depicted in Figure 2F-I for a single isotopic envelope extracted
from five consecutive MS1 spectra (Figure 2F). In Figure 2H, the outlier rejection procedure
is illustrated for three distinct peaks, highlighting two instances (blue and green) where
lower abundance peaks are rejected. Excluding the lower abundance peaks increases the
averaged intensity of the green and blue peaks resulting in the isotopic distribution more
closely matching the expected theoretical isotopic distribution than averaging without
outlier rejection. The peak highlighted in purple demonstrates a scenario wherein one low

Proteomics. Author manuscript; available in PMC 2024 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Carretal.

3.1]

Page 7

abundance peak and one high abundance peak are rejected, with the resultant averaged peak
remaining consistent whether outlier rejection is applied or not. These examples illustrate
the utility and effectiveness of outlier rejection.

The greatest improvement was obtained when using the sigma clipping and averaged sigma
clipping iterative rejection algorithms. The effects of these algorithms were further studied
by varying the acceptable deviation both above and below the median before an intensity
value is rejected as an outlier. The effects of unique combinations of min/max ¢ values
upon the ppm error of theoretical most abundant isotopic peaks is shown in Figure 2D,E.
Rejecting values that deviated slightly below the median (0.55) and values that deviated
dramatically above the median (3.5¢) yielded the greatest improvement suggesting that in
regions of reproducible signal peak density, averaging with outlier rejection can remove low
abundance noise and artifact peaks.

The results of the parameter assessment suggest using a bin width of 0.01 Th, the averaged
sigma clipping rejection method, a o,,, of 0.5, and a o,,, 0f 3.5. The default value chosen for
N, the number of consecutive scans to be averaged, differs for direct injection compared to
LC-MS. The direct injection experiments suggest reasonable defaults to be used for online
LC-MS experiments. We selected the sigma clipping outlier rejection algorithm to be used
as the default for LC-MS experiments because of its similar performance to the optimal
results in the direct injection experiment. The bin size of 0.01 Th and ¢,,, and ¢,,, values
were also used as the default LC-MS settings. In MetaMorpheus, defaults are implemented
for direct injection and LC-MS experiments, while also allowing users to set a custom

Gmn Omaxy DIN SiZe, OF outlier rejection algorithm if desired.

Analysis of complex mixtures

We compared top-down search results of a GELFrEE fractionated sample with three
processing methods: calibration alone and calibration followed by averaging with or without
a rejection algorithm. The full PrSM and proteoform search results from each condition

can be found in Supplemental Workbooks 1-6. MetaMorpheus proteoform identifications
correspond to the highest scoring PrSM for each proteoform. A similar number of unique
primary sequences were found across all fractions regardless of the pre-processing method
used (Figure 3A). Utilizing averaging with no rejection decreased the number of PrSMs per
fraction compared to calibration only, while the number of PrSMs obtained by averaging
with rejection was greatly increased (Figure 3B). Across the analyzed fractions, averaging
with rejection outperformed simple averaging (Figure 3C). Cumulatively, averaging with
rejection increased the number of identified proteoforms by 45% compared to both
calibration only and averaging with no rejection (Figure 3D).

The steep decline in the number of identifications in the fractions containing the higher
mass proteins (Fractions 9 and 10) is indicative of the upper mass limit inherent to
deconvolution algorithms requiring isotopic resolution to calculate monoisotopic mass.
Because the resolution required to resolve isotopic peaks of high mass proteins quickly
exceeds the instrument’s capabilities, the isotopic peaks are unable to be used to determine
charge state and monoisotopic mass for large proteins. A complete analysis of the molecular
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weight of proteoform spectral matches by fraction can be found in Figure S2. Figure S3
demonstrates that averaging with rejection enhances sensitivity and discriminative power,
leading to the identification of previously undetected proteoforms. This gain in identification
results primarily arises from the salvaging of ions that were previously unidentifiable in
chimeric spectra, where multiple precursors coexist within the isolation window, and is
explored in Figures S4 and S5. The distributions of MetaMorpheus scores, which are the
quality scores for how well the peaks in an MS2 scan match with a theoretical fragmentation
spectrum by number of matched fragment ions, are shown in Figure 3E for each of the
processing conditions. The score distributions of unique proteoform identifications at 1%
FDR are similar between the calibrated only and the averaging with rejection processing
conditions. Proteoforms at 1% FDR had a score of 25 or higher. Averaging without rejection
incorporates outliers into the averaged MS1 spectrum resulting in deconvolution errors.
Errors in the deconvoluted mass and/or charge prompt the search algorithm to attempt
matching the experimental spectrum to database proteins of an incorrect mass, rather than to
proteins with a mass corresponding to the selected species for fragmentation. Consequently,
this increases the likelihood of identifying a decoy proteoform and decreases the average
score of proteoform identifications. These combined effects result in lower scores and fewer
identifications at 1% FDR (Figure 3E, blue).

Characterizing improvements in deconvolution

The effects of averaging with and without outlier rejection on the deconvolution process
were tested by analyzing the counts and quality of deconvoluted features by TopFD and
FLASHDeconv. The number of masses reported in the MS1 Align deconvolution output
increased by 29% and 149% for FLASHDeconv and TopFD, respectively (Figure 4A). The
most dramatic increase was found within the final two fractions, which contained the largest
proteins. As both algorithms rely upon accurate isotopic spacing, and isotopic resolution
decreases as a function of increasing mass, these results suggest that averaging spectra may
improve the detection of isotopically resolved peaks. The total number of features detected
remained constant for TopFD and slightly increased for FLASHDeconv (Figure 4B). The
detected features were assessed using a method described by Jeong et al. to determine if

a feature belonged to a class of artifacts including high harmonic masses, low harmonic
masses, and isotopologues. For both deconvolution software and averaging conditions, the
count of artifactual features remained constant (Figure 4C).

Isotopic peak spacing was evaluated for all fractions using the additional output files that
FLASHDeconv exclusively provides. Plotting the number of peaks found per identified
neutral mass shows the increases in the average number of peaks per deconvoluted mass,
with significant gains in the most spectrally complex fractions (fractions 6-8) (Figure 4D).
FLASHDeconv also reports signal-to-noise measurements for the mass and charge of each
deconvoluted feature. The signal-to-noise measurement used in FLASHDeconv is defined by
Jeong et al. [25]. The charge state signal-to-noise ratio is the proportion of signal belonging
to a single cluster of isotopic peaks, and the mass signal-to-noise ratio is defined as the
proportion of signal belonging to all charge states corresponding to a single, deconvoluted
mass. Both the charge and mass signal-to-noise ratio for deconvoluted masses at 1% FDR
increased by 100% and 470% after averaging without outlier rejection and with outlier
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rejection, respectively (Figure 4E). These results provide additional evidence that averaging
with outlier rejection increases the similarity of experimental isotopic envelopes to that of
theoretical isotopic distributions. Taken together, the data presented in Figure 4 suggests
that the Averaging Task, with or without outlier rejection, does not increase the number of
deconvoluted features. Instead, the evidence suggests that the quality of the deconvoluted
features is improved. Notably, this enhancement allows for the resolution of a greater
number of isotopic peaks per feature. Additionally, the implementation of outlier rejection
results in a remarkable improvement in both the charge and mass signal-to-noise ratios as
measured by FLASHDeconv. These enhancements collectively contribute to a substantial
increase in top-down proteoform identifications, underscoring the critical role of outlier
rejection in the spectral averaging algorithm.

Applying averaging with rejection to isotopically labeled proteoforms

The improvement in the performance of deconvolution algorithms relying on isotopic
resolution suggested that Averaging with Rejection could be applied to isotopically labelled
proteins. Isotopic labeling of proteoforms using NeutronEncoding (NeuCode) can be used

to count amino acids, providing additional information to aid in proteoform identification
[27]. In this section, an application of averaging with rejection for proteins labeled with

a NeuCode alkylating reagent to enable cysteine counting is detailed. Light and heavy
NeuCode labeled proteoforms will elute together, at the same nominal mass, but with a mass
difference in the tens of millidaltons, requiring high resolving power to differentiate two
overlapping, distinct, isotopic envelopes, as shown in Figure 5A. Applying averaging with
outlier rejection doubled the number of identified charge states and quadrupled the number
of accepted NeuCode pairs while only modestly increasing the estimated false discovery rate
of the NeuCode pairs (Figure 5B).

The observed improvement in NeuCode pair discovery with the application of averaging
with outlier rejection likely stems from the improved accuracy of isotope ratios observed in
averaged spectra. An important filter in the differentiation of real and false NeuCode pair
isotopic envelopes is the intensity ratio between the NeuCode heavy and NeuCode light
labeled species, which should reflect the mixing ratio (typically 2:1). The intensity ratio
between the heavy and light distributions in the unaveraged spectra of Figure 5A varies
across the distribution and does not match the expected 2:1 ratio. The intensity ratio between
the heavy and light distributions in the averaged spectra is closer to the expected value of 2:1
than in the unaveraged spectra.

CONCLUSIONS

We have described the implementation of averaging with outlier with rejection algorithms
in MetaMorpheus and demonstrated a broad utility for top-down and intact mass
proteomics applications demonstrating a substantial increase in the number of proteoforms
identified in discovery mode top-down proteomics, direct injection, and intact mass
proteoform identification with NeuCode. Analyzing complex samples from a previously
published experimental dataset allowed us to evaluate the improvements obtained by using
MetaMorpheus top-down proteomics search with the newly implemented Averaging Task.
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Notably, averaging with rejection increased the number of identified proteoforms by 45%
compared to either calibration only or averaging with no rejection. The analysis presented
here yielded 2789 proteoforms at 1% FDR, a dramatic increase compared to the 711
proteoforms identified in the original study [28]. The refinement of statistical models

to validate chimeric identifications, particularly those revealed by signal averaging, is an
important area for future research in top-down proteomics. We posit that improved signal
averaging could also increase the quantitative precision of label-free data, especially in
challenging scenarios like single-cell proteomics, where low signal-to-noise ratios pose a
persistent challenge. Additionally, the application of improved signal averaging to MS2
spectra originating from the same proteoform species holds promise for constructing

more robust spectral libraries. This suggests a broader applicability of improved averaging
techniques beyond mere identification, extending its potential impact to multiple aspects of
mass spectrometry-based proteomics methodologies.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Significance Statement

The purpose of this study is to reduce the stochastic nature of mass spectrometry
measurements and remove artifactual peaks. We did so through new spectral averaging
with outlier rejection methods adapted from astronomical image processing. Integrating
a rejection algorithm with averaging eliminates artifactual peaks, improving the quality
of the deconvolution results and subsequently enabling the identification of 45% more
proteoforms than not using averaging with rejection. These results pave the way toward a
better understanding of spectral preprocessing methods to increase top-down proteoform
identifications. The averaging with rejection algorithm described is implemented in the
freely available and open-source proteomics search engine MetaMorpheus.
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FIGURE 1.
Workflow. (A) Intact, denatured protein ions are analyzed by Orbitrap mass spectrometry in

data-dependent acquisition mode and analyzed by MetaMorpheus. (B) The MetaMorpheus
tasks used for pre-processing, post-translational modification discovery, and search.
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Effect of Averaging Parameters on directly injected isolated protein standards. (A) The effect
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intensity, (B) the ppm error between each theoretical and corresponding experimental most
abundant isotopic peak, and (C) the number of charge state resolvable isotopic envelopes

per spectrum with the dashed red line representing the value for the original, unaveraged,
spectra. (D) The number of theoretical most abundant peaks found and (E) their ppm
error as a function of the minimum and maximum acceptable dispersion (sigma). (F) Five
representative mass spectra were chosen to illustrate the averaging process with and without
rejection. Isotopic peaks highlighted in green, blue, and purple. (G) Result of averaging
without applying a rejection algorithm. (H) Representation of the rejection process for

the highlighted isotopic peaks from each of the five representative mass spectra, with the

x indicating a rejected peak. (I) Final result of averaging following the application of a

rejection algorithm.
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(A) Count of unique primary sequences identified in each fraction. (B) Count of PrSMs
identified in each fraction. (C) Count of proteoforms identified in each fraction. (D) Sum of
proteoforms identified in all fractions. (E) Histogram of the MS2 scores.
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(A) Top: Original, unaveraged spectrum from NeuCode experiment. Bottom: Spectrum after
averaging. (B) Table of identified charge states accepted NeuCode pairs, and estimated

NeuCode Pair FDR with and without using averaging as part of the pre-processing

workflow.
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