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Abstract

Top-down mass spectrometry is widely used for proteoform identification, characterization, and
quantification owing to its ability to analyze intact proteoforms. In the last decade, top-down
proteomics has been dominated by top-down data-dependent acquisition mass spectrometry
(TD-DDA-MS), and top-down data-independent acquisition mass spectrometry (TD-DIA-MS) has
not been well studied. While TD-DIA-MS produces complex multiplexed tandem mass
spectrometry (MS/MS) spectra, which are challenging to confidently identify, it selects more
precursor ions for MS/MS analysis and has the potential to increase proteoform identifications
compared with TD-DDA-MS. Here we present TopDIA, the first software tool for proteoform
identification by TD-DIA-MS. It generates demultiplexed pseudo MS/MS spectra from TD-DIA-MS
data and then searches the pseudo MS/MS spectra against a protein sequence database for
proteoform identification. We compared the performance of TD-DDA-MS and TD-DIA-MS using
Escherichia coli K-12 MG1655 cells and demonstrated that TD-DIA-MS with TopDIA increased

proteoform and protein identifications compared with TD-DDA-MS.

Introduction

Top-down mass spectrometry (MS) has become the method of choice for identifying and
quantifying intact proteoforms® 2 in biological samples as it provides a bird’s-eye view of entire
proteoforms. Recent advances in proteoform separation techniques and MS have significantly
enhanced proteoform identifications in human cells and samples using top-down proteomics (TDP)

35 thus enabling proteoform profiling and the identification of differentially expressed proteoforms.
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Most TDP studies use top-down data-dependent acquisition MS (TD-DDA-MS) for the
selection of proteoform ions for tandem mass spectrometry (MS/MS) analysis® Z. In TD-DDA-MS,
the mass spectrometer performs a sequential survey of all precursor ions as they elute from the
separation system, such as liquid chromatography (LC)2 2 or capillary electrophoresis (CE)™® 11,
and the N most intense ions are isolated in each MS1 scan and fragmented to produce MS/MS
spectra!2 13, These MS/MS spectra are utilized to identify proteoforms by protein sequence
database search. However, the reproducibility of proteoform identifications is limited due to the
stochastic nature of the precursor ion selection in TD-DDA-MS experiments® 14-16,

Unlike TD-DDA-MS, which focuses on acquiring MS/MS data for top-intensity precursor ions,
top-down data-independent acquisition MS (TD-DIA-MS) generates fragments for all precursor
ions within preselected isolation windows'® 17, resulting in an LC-MS/MS map for each isolation
window. By collecting MS/MS spectra from all precursor ions, TD-DIA-MS provides
comprehensive MS/MS data acquisition without the need for prior precursor information19,
Consequently, TD-DIA-MS has the potential to circumvent certain shortcomings of TD-DDA-MS,
including its low reproducibility and tendency to fail to generate MS/MS spectra of low-intensity
precursor ions. However, TD-DIA-MS also presents its challenges, notably the complexity of
multiplexed MS/MS spectra generated by the co-fragmentation of multiple precursor ions.

Many methods have been proposed for identifying peptides from bottom-up2 DIA-MS data.
These methods can be categorized into two classes: spectral library-based methods and library-
free methods?!' 22, Spectral library-based tools such as OpenSWATHZ, Spectronaut!4, Skyline?,
Specter?, and EncyclopeDIA% rely on spectral libraries for peptide identification from DIA-MS
data. These libraries are created through a database search of DDA-MS or DIA-MS data from the
same sample?” 2, or deep-learning models, such as DeepMass?, pDeep2, Prosit¥!, and
DeepDIA2, Library-free tools, such as DIA-Umpire2, Group-DIA3, directDIA, Dear-DIAXVBD3S
and PECAN3, rely on protein sequence databases, not spectral libraries for peptide
identification3” 38, Some tools, such as DIA-NN22, and MaxDIA%, offer support for both library-
based and library-free approaches.

In TDP, the analysis of intact proteoforms*! results in ions with large masses and high charge
states. In general, top-down mass spectra of intact proteoforms are more complex than bottom-
up mass spectra of digested peptides*#¢. Consequently, computational methods designed for
bottom-up DIA-MS data analysis are often inefficient for processing TD-DIA-MS data. Here, we
present TopDIA, the first spectrum-centric3’ software tool for proteoform identification using TD-
DIA-MS. TopDIA generates pseudo non-multiplexed MS/MS spectra from TD-DIA-MS data and

searches these pseudo spectra against a protein sequence database for proteoform identification.
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Experimental results demonstrate that TD-DIA-MS with TopDIA identified 9.3% more proteoforms
and 10.5% more proteins from Escherichia coli (E. coli) K-12 MG1655 cells compared with TD-
DDA-MS.

Methods

Sample preparation E. coli K-12 MG1655 cells were inoculated in 2 mL sterilized LB medium at
37 °C with shaking at 250 rpm for 2 hours. Subsequently, a 250 mL E. coli sample was transferred
into 400 mL LB solution and incubated with shaking at 250 rpm at 37 °C for 16 hours. The solution
was centrifuged at 5,000 g for 5 min at 4 °C. Cell pellets were collected, washed using 5 mL 1x
phosphate-buffered saline (PBS) three times, and then resuspended in 200 uL 25 mM ammonium
bicarbonate (ABC) buffer with 1:100 (v/v) EDTA-free protease inhibitor. The cell solution was
mixed with 0.1 mm beads and ABC buffer with a ratio of 1:1:2 and lysed by beading for 3 minutes.
The cell lysate was centrifuged at 12,000 g (at 4 °C) for 4 min to remove insoluble debris.
Subsequently, the supernatant was filtered and concentrated using an Amicon Ultra-0.5
centrifugal filter by centrifuging at 14,000 g (at 4 °C) for 20 min. 1 uL of 1 M dithiothreitol (DTT)
was added for reduction at 55 °C for 45 min. The concentration of the lysate was measured using

the Pierce bicinchoninic acid (BCA) Protein Assay Kit (Thermo Fisher).

Top-down RPLC-MS/MS E. coli proteins (300 ng) extracted from the sample were analyzed
using an Orbitrap Fusion Lumos mass spectrometer (Thermo Fisher Scientific) coupled with an
Ultimate 3000 (Thermo Fisher Scientific) reversed-phase liquid chromatography (RPLC)
separation system with a C2 column (100 ym i.d., 60 cm length, CoAnn Inc.). In the RPLC system,
phase A was water with 0.1% formic acid (FA), and phase B was 60% acetonitrile (ACN) and 15%
isopropanol (IPA) with 0.1% FA. A 98-min gradient of mobile phase B (0-5 min 5%, 5-7 min for 5%
to 35%, 7-10 min for 35% to 50%, 10-97 min for 50% to 80%, 97-98 min from 80% to 99%) was
applied with a flow rate of 400 nL/min.

E. coli proteins were analyzed using both DDA and DIA modes. In each mode, six runs were
performed separately, each targeting a specific m/z range of precursor ions: 720-800, 800-880,
880-960, 960-1040, 1040-1120, and 1120-1200 m/z. MS1 spectra were collected with the specific
m/z range, a resolution of 240,000 (at 200 m/z), 4 micro scans, an automatic gain control (AGC)
target value of 1x10°, and a maximum injection time of 200 ms. MS/MS spectra were obtained
with a scan range of 400-2000 m/z, a resolution of 60,000 (at 200 m/z), 1 micro scan, an AGC
target value of 1x108, and a maximum injection time of 500 ms. Fragmentation was performed
using higher-energy collisional dissociation (HCD) with 30% nominal collision energy (NCE). In

the DDA runs, the top six precursor ions from each MS1 scan were isolated with a 3 m/z window
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for MS/MS analysis, and the dynamic exclusion was set to 60 seconds. In the DIA runs, a 4 m/z
isolation window was used, resulting in a total of 20 MS/MS spectra for each cycle (Supplementary
Fig. S1). For the DIA mode, three replicates were obtained: one for method development, and the
other two for evaluation. For the DDA mode, two replicates were generated for evaluation.
MsConvert*® was used to convert raw files into centroided mzML files. Only spectra between 0-

113 minutes were kept for further processing.

Feature extraction for TD-DIA-MS data MS and MS/MS spectra were preprocessed to remove
peaks with intensities below a noise cutoff. We calculated a noise intensity for each MS1 and
MS/MS spectrum. To determine the noise intensity cutoff for a spectrum, a histogram of the
intensities of all peaks in the spectrum was generated. The noise intensity level h was set to the
middle value of the bin with the highest frequency“. Using a signal/noise (S/N) ratio of ry for MS1
spectra and r, for MS/MS spectra (r1 = 3 and r. = 1 in the experiments), all peaks with an intensity
less than rih were removed from MS1 spectra, and peaks with an intensity less than r.h were
removed from MS/MS spectra.

Proteoform features were extracted from the LC-MS map of each run using a modified version
of TopFD*. (Supplementary Table S1). A proteoform feature may have isotopic envelopes with
different charge states in different scans. The set of all isotopic envelopes of the same charge
state of a proteoform feature is called a single charge proteoform feature (SCPF). An SCPF was
assigned to an isolation window if the window contained more than 50% of the total peak intensity
of the SCPF. As a result, each isolation window has a set of assigned SCPFs.

For each isolation window, an LC-MS/MS map was obtained by combining all MS/MS spectra
generated from the window, and a modified version of TopFD was applied to extract fragment

features from the LC-MS/MS map (Supplementary Table S2).

Pseudo spectrum generation Each TD-DIA-MS run is divided into cycles, each of which
contains an MS1 scan and 20 MS/MS scans. All the cycles in a run are sorted in the increasing
order of the retention time and the index of a cycle is its position in the sorted list. The extracted
ion chromatogram (XIC) of an SCPF or a fragment feature in a TD-DIA-MS run is represented by
a vector [a1, a2, ..., ai], where a;, 1 < i <k, is the total peak intensity of the SCPF observed in
cycle i, and k is the total number of cycles in the TD-DIA-MS run. The apex cycle distance of an
SCPF and a fragment feature is the difference between the cycle indexes of the apex intensity
scans of the two features.

For each isolation window, we obtain a list of fragment features extracted from the

corresponding LC-MS/MS map and a list of SCPFs assigned to the isolation window. We sort the
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SCPFs in the list based on their intensities and iteratively generate a pseudo MS/MS spectrum
for each SCPF following the order in the sorted list. Once a fragment feature is used in the pseudo
MS/MS spectrum of an SCPF, it will be removed from the fragment feature list.

Given an SCPF, three rounds of filtering are performed to shortlist fragment features matched
to the SCPF, and the matched fragment features are used to generate a pseudo spectrum. In the
first round, a fragment feature is filtered out if the apex cycle distance of the SCPF and the
fragment feature > min {t, |c/2]}, where c is the number of cycles in which the SCPF is observed,
and t is a user-specified parameter (t =3 in the experiments). The list of remaining fragment
features after the first filtering is referred to as L.

In the second round, a scoring function is used to filter fragment features. We trained a logistic
regression model to assign a score for each fragment feature in L using three attributes: a
normalized intensity rank of the fragment feature, a normalized cycle number of the fragment
feature, and the shared XIC between the SCPF and the fragment feature. The normalized
intensity rank is the ratio between the intensity rank in the decreasing order of the fragment feature
in L and the total number of features in L. The normalized cycle number of the fragment feature
is the total number of cycles in which the feature is observed divided by the total number of cycles
in which the SCPF is observed. To compute the shared XIC, we first perform linear interpolation
on the XICs of the SCPF and fragment feature (Supplementary Fig. S2). Subsequently, we
normalized the XIC so that the total area under the XIC equals 1. The shared area under the
normalized XICs of the SCPF and the fragment feature is reported as the shared XIC. For the
SCPF with a set L of matched fragment features, we obtain a subset of L containing only fragment
features with a score greater than a user-specified cutoff (0.55 in the experiments). When the size
of the subset < 25, the top 25 fragment features in L are reported without filtering.

In the third round, all the remaining fragment features are divided into two groups: a low-mass
group (mass < 1500 Da) and a high-mass group (mass = 1500 Da). The top scoring 25 masses
in the low mass group and the top scoring T - 25 masses in the high mass group are reported,
where T is the estimated number of possible theoretical N-terminal and C-terminal fragment
masses of the precursor ion and 25 is the estimated number of theoretical N-terminal and C-
terminal fragment masses with a mass < 1500. To compute T, we estimate the proteoform length
| of the precursor using the precursor mass and the average mass of amino acid residues in the

Averagine model*® and then set T = 2(/-1).

Proteoform Identification TopFD%’ was used to analyze the E. coli TD-DDA-MS data for
proteoform feature detection and spectral deconvolution (Supplementary Table S3), and the

pseudo spectrum generation method was employed to produce pseudo MS/MS spectra from the
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E. coli TD-DIA-MS data. The deconvoluted MS/MS spectra or pseudo MS/MS spectra were
searched against the UniProt E. coli proteome sequence database (4530 entries, version
September 06, 2023) using TopPIC# (version 1.7.2). Oxidation, methylation, acetylation, and
phosphorylation were selected as variable post-translational modifications (PTMs)
(Supplementary Table S4). One unknown mass shift or three variable PTM sites were allowed in
one proteoform in the database search. The error tolerances for precursor and fragment masses
were set to 10 ppm. Using the target-decoy approach®®, proteoform identifications were filtered
with a 1% FDR cutoff. The parameter settings for TopPIC are provided in Supplementary Table
S5.

In postprocessing, duplicated proteoform identifications in each MS run were removed. All
proteoform identifications in an MS run were ranked in the decreasing order of the SCPF intensity,
and, following the order, each proteoform was compared with the proteoforms with a better rank
to check if it was a duplicated one. Two proteoforms with neutral monoisotopic precursor masses
m,; and m, identified in an MS run were treated as duplicated ones if the two proteoforms were
from the same protein and min{|m; — m,|, |m; — m, — 1.00235|,|m; — m, + 1.00235|} is no more
than 10 ppm, where 1.00235 Da is a common error in top-down spectral deconvolution. For each
identified duplicated proteoform pair, the proteoform with a lower SCPF intensity was removed
from the proteoform list. To combine proteoforms identified from the six MS/MS runs with different
m/z ranges for precursor ions for a protein sample, we first merged the identified proteoforms in

the six runs and then used the above method to remove duplicated proteoforms.

Results
Overview of the TopDIA pipeline

The TopDIA pipeline is shown in Fig. 1. In the pipeline, we first identify proteoform features
and SCPFs in the LC-MS map. For each isolation window, we assign a list of SCPFs to the
window based on the overlap of the isolation window and isotopic peaks of the SCPF (Methods)
and extract fragment features in the corresponding LC-MS/MS map. Then we rank the SCPFs
assigned to the window in the decreasing order of the total peak intensity. For the best-ranking
SCPF, all fragment features of the isolation window are filtered using a three-step method
(Methods) and the remaining fragment features and the SCPF are used to generate a pseudo
MS/MS spectrum. Then the matched fragment features are removed from the fragment feature
list and then the second best SCPF is selected to generate a pseudo MS/MS spectrum. The

pseudo spectra generation step is repeated for all the SCPFs assigned to the window following
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the decreasing order of the total peak intensity. The resulting pseudo spectra are searched

against a protein sequence database for proteoform identification using TopPIC# (Methods).
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Figure 1. Generation of pseudo MS/MS spectra using an isolation window (window 1) in an LC

TD-DIA-MS data. (a) Proteoform features detected in the LC-MS map and SCPFs are assigned

to isolation window 1 and then ranked in the decreasing order of the total peak intensity. (b)

Fragment features are extracted from the LC-MS/MS map of the isolation window 1. Pseudo
., Pn. For SCPF P4, all fragment features

spectra were iteratively generated with the order P, P,

Fi, ..., Fm, arefiltered, and the SCPF P; and the remaining fragment features are used to construct
a pseudo MS/MS spectrum for P4. Then the fragment features used in the pseudo spectrum are
removed from the fragment feature list, and the second SCPF P; is selected to generate a pseudo

spectrum using the same method.

A logistic regression model for filtering fragment features
A logistic regression model was trained to evaluate the match between an SCPF and a

fragment feature. As TD-DIA-MS was slow to cover a large m/z range with small isolation windows
in a cycle, the m/z range [720, 1200] was divided into six 80 m/z ranges. Three replicates of TD-
DIA-MS data were generated from E. coli K-12 MG1655 cells, and each replicate contained 6 MS
runs (Methods). The first replicate, referred to as DIA-TRAIN, was used to train the logistics
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regression model. The DIA-TRAIN data was analyzed using the TopPIC suite pipeline®!, in which
TopFD was used for spectral deconvolution and proteoform feature detection (see Supplementary
Table S3 for parameter settings of TopFD) and TopPIC was employed to search the deconvoluted
MS/MS spectra against the UniProt E. coli proteome sequence database for proteoform
identification (see Supplementary Table S5 for parameter settings of TopPIC). Only identified
proteoforms without variable modifications and unknown modifications (434 proteoforms) were
kept.

We found all SCPFs of the 434 proteoforms and assigned each SCPF to an isolation window
(See Methods). Additionally, we acquired fragment features for each isolation window of each run
using a modified version of TopFD (Supplementary Table S2). A fragment feature was paired to
an SCPF if they were from the same isolation window and their apex cycle distance was less than
a cutoff value (see Methods). Note that a fragment feature could be paired with multiple SCPFs.
The fragment feature and SCPF pairs were labeled positive if the fragment feature matched a b-
or y-ion mass of the proteoform identification, and negative otherwise. In total, we identified
75,852 SCPF and fragment feature pairs, of which 10,280 were labeled positive and 65,572 were
negative. We randomly split the labeled data with a 70:30 ratio into training and validation sets.
We trained the model using the training set and achieved a balanced accuracy of 78.14% and the
area under the receiver operating characteristic (ROC) curve (AUC) value of 84.78% on the

validation data set (Supplementary Fig. S3).

Comparison of DDA and DIA

Three replicates of TD-DIA-MS data and two replicates of TD-DDA-MS data were generated
from E. coli K-12 MG1655 cells (see Methods). The second and third replicates of the TD-DIA-
MS data referred to as DIA-TEST-1 and DIA-TEST-2, and the two replicates of the TD-DDA-MS
data, referred to as DDA-TEST-1 and DDA-TEST-2, were used to compare proteoform
identifications of the two approaches. The TopPIC suite pipeline®! and the proposed TopDIA
pipeline were used to search the DDA and DIA MS data against the UniProt E. coli proteome
database for proteoform identification, respectively (see Methods).

With a 1% proteoform level FDR cutoff, TD-DIA-MS increased the average number of
proteoform identifications reported in two replicates from 574 to 627.5 and increased the average
number of protein identifications from 186 to 205.5 compared with TD-DDA-MS. However, for
most single MS runs, TD-DDA-MS reported more proteoforms and proteins than TD-DIA-MS (Fig.
2a and 2b, and Supplementary Tables S6 and S7). The reason was that proteoform identifications
reported by different m/z ranges of the TD-DIA-MS runs had fewer overlapping identifications
compared with the TD-DDA-MS runs.
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The average number of proteoform and protein identifications shared by the two approaches
were 399.5 and 162.5, respectively (Fig. 2c-2f). There were three main reasons why TD-DDA-MS
missed some proteoform identifications reported by TD-DIA-MS. First, some low-intensity
proteoform features were not selected for MS/MS analysis in TD-DDA-MS. Second, some DDA
MS/MS spectra were multiplexed, and the TopPIC pipeline often failed to identify any proteoforms
from these multiplexed spectra. Even if TopPIC identified the proteoform for the most intense
SCPF, it missed proteoform identifications of other SCPFs of the multiplexed spectrum. Third,
some DDA MS/MS spectra lacked sufficient fragment ions for confident proteoform identification.
TD-DIA-MS also missed some proteoform identifications reported by TD-DDA-MS due to the low
frequency for MS1 spectral acquisition and limitations in the identification of multiplexed MS/MS
spectra. A total of 20 MS/MS scans were acquired in each TD-DIA-MS cycle, which needed more
time for spectral acquisition than 6 MS/MS scans in each TD-DDA-MS cycle. As a result, MS1
scans in the TD-DIA-MS data failed to provide high-quality features for some proteoforms, leading
to missed identifications. In addition, TopDIA sometimes failed to detect and assign enough
fragment masses to some SCPFs, resulting in missing identifications. For example, some
multiplexed MS/MS spectra were dominated by fragment ions from one SCPF, making it

impossible to detect enough fragment masses for other low-intensity SCPFs.
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Figure 2. Comparison of TD-DIA-MS and TD-DDA-MS on proteoform and protein identification.
Comparison of the average numbers of proteoforms (a) and proteins (b) identified from the six
runs of DIA-TEST-1 and DIA-TEST-2 and those from DDA-TEST-1 and DDA-TEST-2. Venn
diagrams showing the overlaps of proteoforms (c), and proteins (d) identified from DIA-TEST-1
and DDA-TEST-1 as well as the overlaps of proteoforms (e), and proteins (f) identified from DIA-
TEST-2 and DDA-TEST-2.
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We compared the fragment masses in pseudo MS/MS spectra reported by TopDIA from DIA-
TEST-1 and those in single MS/MS spectra reported by TopFD from DDA-TEST-1. A total of 405
proteoforms were identified by both data sets. For each of the 405 proteoforms, we found the
pseudo spectrum with the best PrSM E-value from DIA-TEST-1 and the single MS/MS spectrum
with the best PrSM E-value from DDA-TEST-1. The selected DIA spectra had an average of 45.66
fragment mass per spectrum, which was less than that (91.01) of the selected DDA spectra. But
the average number of matched fragment masses for the DIA pseudo spectra was only slightly
less than that of the DDA MS/MS spectra (DIA: 17.76 vs DDA: 20.89), showing that the DIA
spectra contained a higher percentage of b- and y-fragment masses than the DDA spectra (38.89%
vs 22.96%). A similar pattern was observed in the DIA-TEST-2 and DDA-TEST-2 data sets (Fig.
3).
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Figure 3. The numbers of fragment masses and matched fragment masses in the best DIA
pseudo spectrum and the best DDA single spectrum for each of the proteoform identifications
shared by the E. coli TD-DIA-MS and TD-DDA-MS data. (a) DIA-TEST-1 vs DDA-TEST-2, and
(b) DIA-TEST-2 vs DDA-TEST-2.

Comparison of pseudo spectra and single spectra in TD-DIA-MS data

We compared pseudo spectra reported by TopDIA and single MS/MS spectra on proteoform
identification using the DIA-TEST-1 data set. As many single MS/MS spectra in the data are
dominated by fragment ions of one SCPF, these spectra can be treated as non-multiplexed ones
for proteoform identification. In the single spectra approach, TopFD was utilized for spectral
deconvolution and proteoform feature detection (Supplementary Table S3), and TopPIC was
employed to search the deconvoluted MS/MS spectra against the UniProt E. coli proteome
sequence database to identify proteoforms (Supplementary Table S5). In the pseudo spectra
approach, TopDIA was used to generate pseudo-MS/MS spectra, followed by proteoform
identification using TopPIC (see Methods). In all six runs, the pseudo spectra approach reported

more protein and proteoform identifications than the single spectra approach (Fig. 4a and 4b, and
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Supplementary Table S8). After merging the identifications from the six runs, the pseudo spectra
approach increased proteoform identifications by 12.27% (622 vs 554) and protein identifications
by 8.15% (199 vs 184) compared with the single spectra approach (Fig. 4c and 4d). The pseudo
spectra approach also missed some proteoforms reported by the single spectra approach. The
reason was that many fragment masses were filtered out during the generation of pseudo spectra
for some SCPFs. Consequently, the resulting pseudo spectra lacked sufficient fragment masses

for proteoform identification.
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Figure 4. Comparison of the pseudo spectra approach and single spectra approach for
proteoform and protein identification in TD-DIA-MS. Comparison of the number of proteoforms
(a), and proteins (b) identified from the six runs of DIA-TEST-1 using the two approaches. Venn
diagrams showing the overlaps of the total proteoforms (c), and proteins (d) identified from the
six runs of DIA-TEST-1 using the two approaches.
Reproducibility across technical replicates

We compared the reproducibility of proteoform identifications reported from DIA-TEST-1 and
DIA-TEST-2 with that of DDA-TEST-1 and DDA-TEST-2. For an m/z range, e.g. [720-800], let n;
and n, be the numbers of proteoforms reported from DIA-TEST-1 and DDA-TEST-1, respectively.
We sorted the proteoform identifications in the increasing order of E-values and then kept only
the best n = min {n1, n2} proteoforms reported from each data set. The same method was applied
to filter proteoform identifications reported from the runs with the same m/z range in DIA-TEST-2
and DDA-TEST-2. Then the overlap coefficient of proteoform identifications of the two DIA
replicates was compared with that of the two DDA replicates. The same method was applied to
compare the overlaps of the proteins and proteoforms reported for each m/z range from the two
DIA replicates and two DDA replicates (Fig. 5a and 5b, and Supplementary Tables S9 and S10).
Using the method, we found that TD-DDA-MS achieved higher overlap coefficients for protein and
proteoform identifications than TD-DIA-MS for all six m/z ranges. The lower overlap coefficients

of TD-DIA-MS can be attributed to its lower frequency in MS1 spectral acquisition.
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After merging the identifications from the six runs, we filtered the proteoforms to report the
same number of identifications from DIA-TEST-1 and DDA-TEST-1 and the same number of
identifications from DIA-TEST-2 and DDA-TEST-2. TD-DDA-MS reported a higher overlap
coefficient compared to TD-DIA-MS at the proteoform level (DIA: 70.51% vs DDA: 74.69%) and
protein level (DIA: 85.48% vs DDA: 88.65%). We also examined the reproducibility without
proteoform filtering. TD-DIA-MS reported 432 proteoforms with an overlap efficiency of 69.45%,
and TD-DDA-MS reported 428 proteoforms with an overlap efficiency of 74.69% from two
replicates without filtering. TD-DIA-MS and TD-DDA-MS identified the same number of proteins
(164) without filtering with overlapping coefficients of 82.41% and 88.64%, respectively.
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Figure 5. Comparison of the overlap coefficients of proteoforms (a), and proteins (b) identified in
DIA-TEST-1 and DIA-TEST-2 with those of DDA-TEST-1 and DDA-TEST-2. (c) Quantitative
reproducibility of common proteoform identified in the four data sets.

We also compared TD-DIA-MS and TD-DDA-MS in the reproducibility of proteoform
quantification. For each of the six m/z ranges, we selected the proteoforms identified from all four
data sets, and then computed the Pearson correlation coefficient (PCC) of the logarithm (base 2)
transformed abundances of the selected proteoforms for the DIA and DDA runs (Fig. 5c). The
DIA data reported better PCCs in three runs and worse PCCs in the other three runs compared
with the DDA data. After merging the identifications from the six runs, we obtained 314
proteoforms identified from all four data sets. TD-DDA-MS reported a PCC value of 0.9056 for
logarithm-transformed proteoform abundances while TD-DIA-MS obtained a similar PCC value of
0.9023.

Discussion

There are still many challenges in proteoform identification by TD-DIA-MS. The main
challenge is the low spectral acquisition frequency. Top-down MS usually relies on Orbitrap or

Fourier-transform ion cyclotron resonance (FT-ICR) mass spectrometers for spectral acquisition,
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whose spectral acquisition frequencies are low for collecting high-resolution spectra. For example,
the scan speed is about 7.5 Hz for a Thermo Orbitrap with a spectral resolution of 60K, and
several seconds are needed to collect 20 MS/MS spectra in each DIA cycle. As a result, only one
or two MS1 scans are collected for proteoforms with a short elution profile, and the MS1 scan
may fail to provide high-quality proteoform features, leading to missing identifications of the
proteoforms.

Another challenge is the complexity of top-down multiplexed MS/MS spectra, which contain
many more fragment ion peaks than bottom-up multiplexed MS/MS spectra. Because of this,
isotopic envelopes of fragment ions often overlap with each other in top-down multiplexed MS/MS
spectra and low-abundance fragment ions may be not detected, resulting in missing identifications
of proteoforms.

With gas phase fractionation, a small m/z range of precursor ions can be selected to reduce
the MS/MS scan numbers in each DIA cycle. In the TD-DIA-MS analysis of E. coli proteins, each
MS run covered an 80 m/z range, and a small 4 m/z isolation window was selected to reduce the
complexity of DIA MS/MS spectra. Using this MS experiment setting, TD-DIA-MS achieved similar
performance in proteoform identification and quantification compared with TD-DDA-MS. However,
a total of 6 MS runs were used to cover the m/z range [720, 1200], making TD-DIA-MS
experiments time-consuming.

Characterization of proteoforms with PTMs or unknown mass shifts is also a challenging
problem in TD-DIA-MS. For multiplexed DIA MS/MS spectra containing fragment ions from two
proteoforms of two different proteins, fragment ions of the second proteoform may introduce
errors in the characterization of the first proteoform. When a multiplexed MS/MS spectrum is
generated from two proteoforms of the same protein, many fragment ions in the spectrum are
shared by the two proteoforms, and proteoform characterization relies on only fragment ions that
are unique for each proteoform?®2,

The reproducibility in proteoform identification and quantification by TD-DIA-MS is limited by
its low spectral acquisition frequency. The experimental results showed that the reproducibility of
TD-DIA-MS was slightly worse than TD-DDA-MS in proteoform identification and quantification.
Increasing the speed of high-resolution spectral acquisition is essential to further improvement of
the reproducibility of TD-DIA-MS.

The isolation window size and gas phase fractionation are important experiment settings in
TD-DIA-MS. Experimental results showed that small isolation windows are needed to reduce the

complexity of top-down DIA MS/MS spectra. Due to the speed limitation in spectral acquisition,
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gas phase fractionation is required to cover the m/z range of MS1 scans using small isolation

windows.

Conclusions

In this paper, we presented TopDIA, the first software tool for proteoform identification by
demultiplexing top-down DIA MS/MS spectra. TopDIA generates pseudo non-multiplexed MS/MS
spectra from TD-DIA-MS data by integrating algorithms for detecting and matching proteoform
and fragment features. Experimental results on the E. coli data demonstrated that TD-DIA-MS
with TopDIA increased proteoform and protein identifications compared with TD-DDA-MS when
gas phase fractionation with multiple MS runs was employed. We further demonstrated that
pseudo spectra reported by TopDIA from TD-DIA-MS data contained a higher percentage of
fragment masses matched to identified proteoforms compared with single MS/MS spectra in TD-
DDA-MS data. Assigning fragment features to precursor features is the main challenging
computational problem in proteoform identification by TD-DIA-MS. A future research direction is
to employ deep-learning models to further improve the accuracy in the generation of pseudo

spectra, which could enhance proteoform identifications by TD-DIA-MS.

Data Availability

TopDIA is available as part of the TopPIC suite at https://github.com/toppic-suite/toppic-

suite/releases/tag/v1.7 DIA. The E. coli data set is available at the MassIVE repository (ID:

MSV000094407). The data and Python scripts for training the logistic regression model and
evaluating the identification performance of  TopDIA are available at

https://www.toppic.org/software/toppic/topdia supplemental.html.
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