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ABSTRACT: Plasma proteomics is a precious tool in human disease research but Fon
requires extensive sample preparation in order to perform in-depth analysis and A
biomarker discovery using traditional data-dependent acquisition (DDA). Here, we /
highlight the efficacy of combining moderate plasma prefractionation and data-
independent acquisition (DIA) to significantly improve proteome coverage and depth orr -
while remaining cost-efficient. Using human plasma collected from a 20-patient COVID- g g B, e
19 cohort, our method utilizes commonly available solutions for depletion, sample J~~ [~ W T T Tl
preparation, and fractionation, followed by 3 liquid chromatography-mass spectrometry/

MS (LC-MS/MS) injections for a 360 min total DIA run time. We detect 1321 proteins

on average per patient and 2031 unique proteins across the cohort. Differential analysis .

further demonstrates the applicability of this method for plasma proteomic research and AN Caraidd CE T =
clinical biomarker identification, identifying hundreds of differentially abundant proteins N |
at biological concentrations as low as 47 ng/L in human plasma. Data are available via

ProteomeXchange with the identifier PXD047901. In summary, this study introduces a streamlined, cost-effective approach to deep
plasma proteome analysis, expanding its utility beyond classical research environments and enabling larger-scale multiomics
investigations in clinical settings. Our comparative analysis revealed that fractionation, whether the samples were pooled or separate
postfractionation, significantly improved the number of proteins quantified. This underscores the value of fractionation in enhancing

the depth of plasma proteome analysis, thereby offering a more comprehensive landscape for biomarker discovery in diseases such as
COVID-19.

KEYWORDS: plasma proteomics, fractionation, data-independent acquisition, COVID-19, DIA-NN, biomarkers, deep proteome analysis,
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H INTRODUCTION Studying the human plasma proteome, however, presents
several challenges. First, plasma is an incredibly heterogeneous
sample containing lipids, metabolites, and other small
molecules that must be removed to prevent interference with
protein detection and quantification. Second, the protein
content of plasma is complex, varies between individuals, and is
dynamic, with protein concentrations spanning 12—13 orders
of magnitude.” This is outside the dynamic range of modern
analytical instruments, complicating the detection and
quantification of low-abundant proteins.'” Third, many
proteins undergo post-translational modifications, generating

Human plasma proteomics is a rapidly evolving field aimed at
identifying and understanding the functions of proteins in
human blood. Plasma contains a wide array of substances,
including hormones, metabolites, and proteins produced by
various organs and tissues within the body, providing a
comprehensive snapshot of an individual’s overall health."”
Over 4500 canonical proteins have been detected in human
plasma, representing approximately 20% of the currently
detectable human proteome.” Plasma’s ease of collection and
significant biological relevance make it a valuable resource for
disease research. For example, extensive research into the

effects of coronavirus disease 2019 (COVID-19) has leveraged Received: February 14, 2024
plasma proteomics to identify biomarkers such as S100A9,*” Revised:  July S, 2024
ITIHZ,6 TNE- ,” and cy'cokines.8 These studies have partially Accepted: July 16, 2024
elucidated disease pathophysiology by discovering dysregu- Published: August 19, 2024

lated proteins and pathways, thereby identifying potential drug
targets and treatments.
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numerous proteoforms that require specialized techniques and
equipment to identify.'" Lastly, analyzing the large data sets
generated by these studies requires sophisticated bioinfor-
matics and biostatistical tools, as well as expertise to interpret
and validate the data, requiring a multidisciplinary approach.12
Despite these challenges, advances in technology and method-
ology are providing new opportunities to explore the plasma
proteome.

Depleting high-abundant proteins can enhance the detection
of low-abundance ones, but this process may also inadvertently
deplete many low-abundant proteins, as high-abundant
proteins (such as albumin, immunoglobulins, fibrinogen, and
apolipoprotein) often have carrier functions.'”'* Despite this
off-target protein depletion, it remains a critical strategy for any
proteomic study seeking to delve deeply into the human
proteome. As depletion does not completely remove highly
abundant proteins, high-sensitivity techniques (such as data-
independent acquisition (DIA)) may still identify them,
making this less of an issue. However, because depletion
may distort the relative quantification between samples, studies
utilizing depletion methodologies should back up quantitative
results with targeted methods, such as enzyme linked
immunosorbent assay (ELISA), ensuring accuracy and
reliability of the relative quantification.

Beyond depletion strategies, fractionation techniques further
enhance proteomic analysis by dividing samples into fractions
of lower complexity, helping to better identify low-abundant
proteins. Fractionation usually occurs after digestion at the
peptide level for bottom-up proteomics. Generally, more
fractions lead to more proteins identified, with one study
showing increases of 90, 48, and 32% unique proteins
identified at S vs 20, 12 vs 24, and 20 vs 40 fractions,
respectively."> However, drawbacks include minor sample loss
and increased analytical time, which can greatly increase the
costs.

Traditionally, untargeted mass spectrometry proteomics
relied on data-dependent acquisition (DDA), but its selectivity
and reproducibility have limitations due to its stochastic
nature. Consequently, DIA techniques have grown in popular-
ity. Many DIA techniques have been introduced,'** but the
general results are that all precursor product ions are analyzed
in a systematic and unbiased manner. This allows DIA to
achieve reproducibility rates of up to 99 and 98% at the
peptide and protein levels, respectively, compared to around
80% for DDA methods.”’ However, DIA usually results in
highly complex MS2 spectra, which are challenging to interpret
and quantify, requiring specialized software and computational
resources.

A multitude of software have been developed to aid in DIA
bioinformatics, the most popular being Skyline,”” Open-
SWATH,” EncylopeDIA,** Spectronaut,”® DIA-Umpire,*’
and DIA-NN.”” DIA-NN, in particular, employs deep neural
networks to better distinguish real signals against analytical
noise, coupled with new quantification and signal strat-
egies.”””® These methodologies enhance detection sensitivity
and specificity, as validated in multiple benchmarking studies
where DIA-NN has outperformed other DIA analytical
strategies in terms of numbers of identified proteins while
minimizing missing values within the data.””*’

Within this paper, we present a simplified sample
preparation protocol consisting of depletion followed by
fractionation and subsequent pooling of fractions, resulting in
3 LC-MS/MS injections per sample (360 min total run time).
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Coupled with the recent developments in DIA-based
proteomics and DIA analytical software, we are able to achieve
an average of 1231 proteins identified per sample and 1603
unique proteins in a 20-patient preliminary cohort (described
below) at a much lower cost-per-sample than highly
fractionated DDA methodologies, using widely available
commercial kits and solutions (48.77€ ex. VAT, Belgium.
Price excludes common laboratory reagents and plastics,
machine running costs, and technician hours, which can vary
greatly between laboratories and countries).

B METHODS

Proof-of-Concept Sample Cohort

The cohort included in this study comprises a 20-patient
subcohort from the HYGIEIA study.’® Patients were enrolled
from August 2020 to December 2023. The protocol has
received ethical approbation from the local ethical committee
(2021/30DEC/543) and has been registered on clinicaltrial.-
gov (NCTO05557539). During recruitment, a subset of 20
patients were selected for a validation cohort and split into five
balanced groups (1 = 4): healthy controls, respiratory infection
controls, moderate COVID-19 WHO score <2, severe
COVID-19 WHO score 3-S5, and critical COVID-19 WHO
score >6.”" Each group was composed of two males and two
females; the average age of the cohort was 47 years old at
hospitalization, and the average BMI was 26 kg/m’. Sixteen
patients were of Caucasian ethnicity, with the remaining four
patients having North African, Caribbean, Arab, and unknown
ethnicities (self-reported by patients).

Patient Sample Storage

Patient samples were collected during the acute phase of the
infection and/or within 1 day of patient consent to study
inclusion. Plasma samples were collected in 4 mL Lithium
heparin gel prepared S-Monovette tubes (Sarstedt, Niim-
brecht, Germany) and kept at 4 °C for a maximum of 4 h until
plasma was separated via centrifugation (2600g for 10 min at 4
°C) (Sigma 3—16KL, Sigma Laboratory Centrifuges, Osterode
am Harz, Germany), then aliquoted, snap frozen in liquid
nitrogen, and stored at —80 °C until later processing.

Protein and Peptide Quantitation

In the following methodology, where appropriate, protein
quantitation was performed using the Bio-Rad Protein assay kit
II (Bio-Rad Laboratories, Hercules, United States), and
peptide quantitation was performed using the Pierce
Quantitative Peptide Assays & Standards (Thermo Fisher
Scientific, Waltham, United States).

Protein Depletion

Protein depletion was performed according to the manufac-
turer’s instructions. Briefly, the High Select Topl4 abundant
protein depletion resin (Thermo Fisher Scientific, Waltham,
United States) is gently homogenized by inverting the tube
several times. Then, 600 uL of resin is deposed into a 2 mL
Protein LoBind Eppendorf tube (Eppendorf, Hamburg,
Germany) and allowed to equilibrate to room temperature
(RT) (15— 25 °C). 22 uL of plasma sample is then added and
gently mixed via inversion before adding the tube on a rotator
(Loopster digital, IKA, Staufen, Germany) at 12 rpm for 10
min at room temperature (RT, 18—25 °C). It should be noted
that the ratio of resin to plasma used allowed for significant
depletion of high-abundant proteins, without total depletion,
to prevent loss of associated carrier proteins.

https://doi.org/10.1021/acs jproteome.4c00104
J. Proteome Res. 2024, 23, 3806—3822
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The plasma—resin mixture is then transferred to a Pierce
Micro-Spin  Column (Thermo Fisher Scientific, Waltham,
United States) placed in a 2 mL Protein LoBind Eppendorf
tube and centrifuged at 1000g for 2 min at RT (Micro-
centrifuge 5415, Eppendorf, Hamburg, Germany).

Digestion

The flow through is first incubated at 95 °C for 5 min
(ThermoMixer C, Eppendorf, Hamburg, Germany), and then
the sample is allowed to cool for 5 min at RT. 33 uL of 50 mM
pL-dithiothreitol (S mM final concentration) (Sigma-Aldrich,
St. Louis, United States) was then added to the sample and
incubated at 56 °C for 1 h at 1000 rpm (ThermoMixer C,
Eppendorf, Hamburg, Germany). 37 uL of 500 mM
chloroacetamide (50 mM final concentration) (Sigma-Aldrich,
St. Louis, United States) is added, and the mixture is vortexed
briefly (max power, 3 s, Vortex-Genie 2, Scientific Industries,
Bohemia, United States) and spun down (3 s, Mini Centrifuge,
ExtraGene, Davis, United States) and then incubated at RT for
30 min in the dark. Then 65.5 uL of 100% trichloroacetic acid
(15% final concentration) (Sigma-Aldrich, St. Louis, United
States) is added, the sample is then vortexed briefly and, again,
spun down and finally, incubated on ice for 30 min.

After incubation, the sample is centrifuged at 4000g for 7.5
min and then washed 3 times by removing the supernatant,
adding S00 uL — 20 °C acetone (Carl Roth, Karlsruhe,
Germany), sonicating at 37 kHz pulsed for 2 min (Elmasonic
P, Elma, Singen am Hoentwiel, Germany), and then
centrifuging at 4000g for 5 min. After repeating 3 times, the
supernatant is again removed, and the sample is allowed to air-
dry for 10 min at RT. Next, 75 uL of triethylammonium
bicarbonate (TEAB) SO mM (Thermo Fisher Scientific,
Waltham, United States) is added to the tube, followed by
two rounds of sonication at 37 kHz pulsed for 2 min each. The
sample is subsequently vortexed and spun down, and then 2.5
ug sequencing grade modified trypsin (VS117, Promega,
Madison, United States) is added (50:1 protein/protease), and
the sample is incubated overnight at 37 °C at 750 rpm
(ThermoMixer C).

Fractionation

Following incubation, 8.3 uL of 1% trifluoroacetic acid
(Biosolve, Dieuze, France) was added to the sample (0.1%
final concentration), and then 80 yg of the total peptide was
directly deposited on a Pierce High pH Reversed-Phase
Peptide Fractionation column (Thermo Fisher Scientific,
Waltham, United States) and centrifuged at 3000g for 2 min.
The flow through was then discarded, and the column was
washed with 300 uL of MS grade water at 3000g for 2 min.
Fractions were collected from the column in 1.5 mL Protein
LoBind Eppendorf tubes (Eppendorf, Hamburg, Germany) by
adding 300 pL of the appropriate elution solution to the
column and centrifuging at 3000g for 2 min. Elution solutions
contain 0.1% triethylamine with either 7.5, 10, 12.5, 15, 17.5,
20, or 50% acetonitrile for collecting fractions 1 through 7,
respectively.

Following fractionation, pooling of the fractions is carried
out with 100 uL each of fractions 1, 2, and § as pooled fraction
1, 150 uL each of fractions 3 and 6 as pooled fraction 2, and
150 uL each of fractions 4 and 7 as pooled fraction 3. Pooling
fractions in such a way helps ensure that chemically dissimilar
peptides are pooled together. The pooled fractions are then
incubated on dry ice for S min, and then open tubes are placed
into a vacuum concentrator (SpeedVac SRF110, Thermo
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Fisher Scientific, Waltham, United States) at 4 °C until pooled
fractions have fully evaporated. 20 uL of MS resuspension
buffer (3.5% ACN, 0.1% TFA) is subsequently used to
resuspend each tube, and 3 sonication cycles at 37 kHz pulsed
for 2 min are repeated. Finally, each resuspended sample is
briefly vortexed and spun down. A summary of the different
fractionation strategies used in this paper can be seen in Figure
1.

Unfractionated Fractionated-Pooled Fractionated-Separated

& > < 4 Cs

LK

Figure 1. Schema of the fractionation strategies used in the paper.
Following protein depletion, denaturation, reduction, alkylation, and
digestion, unfractionated samples are directly analyzed. For
fractionated samples, the samples are separated into 7 fractions
using a high pH reversed-phase column. Fractionated-pooled fractions
are then combined into 3 pooled fractions, which are then analyzed,
while fractionated-separated fractions are directly analyzed. Created
with BioRender.com.

DIA LC-MS/MS Injection

1 ug amount of peptides dissolved in solvent A ((MS
resuspension buffer) 0.1% TFA in 3.5% ACN) was directly
loaded onto a reversed-phase precolumn (Acclaim PepMap
100, Thermo Fisher Scientific, Waltham, United States) and
eluted in backflush mode. Peptide separation was achieved
using a reversed-phase analytical EasySpray column (Acclaim
PepMap RSLC C18, 0.075 mm X 250 mm, Thermo Fisher
Scientific, Waltham, United States) with a 120 min linear
gradient of 4—32% solvent B (0.1% TFA in 80% ACN) for 100
min, 32—50% solvent B for § min, 50—90% for S min, and
holding at 95% for the last 9 min at a constant flow rate of 300
nL/min on an Ultimate 3000 RSLC nano HPLC system
(Thermo Fisher Scientific, Waltham, United States). The
peptides were analyzed by an Orbitrap Exploris 240 mass
spectrometer (Thermo Fisher Scientificc Waltham, United
States) with enabled advanced peak determination (APD).
The peptides were subjected to an EasySpray ionization
source, followed by MS/MS in the Exploris 240 coupled online
to the HPLC. Intact peptides were detected in the Orbitrap at
a full width at half-maximum resolution of 30,000 (fwhm), and
MS/MS spectra were acquired in the Orbitrap after stepped

https://doi.org/10.1021/acs jproteome.4c00104
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higher energy collisional dissociation (HCD) fragmentation at
22, 26, and 30% of maximum. A data-independent procedure
of MS/MS scans was applied for the precursor ions within a
m/z range of 500—740 and an m/z isolation window of 4 at a
resolution of 60,000 (fwhm). MS1 spectra were obtained with
an automatic gain control (AGC) target of 1.2 X 10° ions and a
maximum injection time of 55 ms. MS2 spectra were acquired
with an AGC target of 1.5 X 10° ions and the maximum
injection time set to auto. For MS2 scans, the m/z scan range
was set at 145—1450. Run time for each injection was 120 min.

DDA LC-MS/MS Injection

Peptides were injected and separated, as described above. The
peptides were analyzed by an Exploris 240 Orbitrap mass
spectrometer (Thermo Fisher Scientific, Waltham, MA, United
States). The peptides were subjected to a nanospray ion source
followed by MS/MS in Exploris 240 coupled online to the
nano-LC. Intact peptides were detected in the Orbitrap at an
fwhm resolution of 60,000. Peptides were selected for MS/MS
using the HCD setting at 30%; ion fragments were detected in
the Orbitrap at an fwhm resolution of 15,000. A data-
dependent procedure that alternated between one MS scan
followed by MS/MS scans was applied for 3 s for ions above a
threshold ion count of 1.0 X 10* in the MS survey scan with
40.0 s dynamic exclusion. The electrospray voltage applied was
2.1 kV. MS1 spectra were obtained with an AGC target of 4 X
10° ions and a maximum injection time of 50 ms; MS2 spectra
were acquired with an AGC target of 5 X 10* ions and a
maximum injection time set to dynamic. For MS scans, the m/
z scan range was 375—1800. Run time for each injection was
120 min.

Bioinformatic Analysis

DIA-NN 1.8.1 was first used to generate an in silico predicted
spectral library from the UniProtKB human reference
proteome (accession UP000005640) featuring only review
(Swiss-Prot) canonical proteins.g'z"?’1

Following HPLC-MS/MS acquisition, Thermo.raw spectra
files for all fractions and all patients were imported into DIA-
NN 1.8.1*7 using the Thermo MS File Reader (Thermo Fisher
Scientific, Waltham, United States). The in silico library was
used as the spectral library, and to further aid peak detection,
match-between-runs mode was enabled. In addition to the
default options, the following options were used: FASTA
digest for library-free search/library generation; deep learning-
based spectra, RTs and IMs prediction; maximum number of
variable modifications = 1, modifications = N-term M excision,
C carbamidomethylation, Ox(M); unrelated runs; MBR;
neural network classifier = double-pass mode; quantification
strategy = Any LC (high accuracy); precursor false discovery
rate (%) = 1.0. Quantification was performed at the MS2 level.
After processing, the corresponding report file was then loaded
into R for processing (v4.3.1).” The complete script can be
found in Supporting Material S1, but in brief, runs were
separated into pooled fraction 1, pooled fraction 2, and pooled
fraction 3 to be processed separately via QFeatures(v3.17),**
log transformed, and normalized. The 3 fraction assays were
then combined, and protein intensities were aggregated into
protein groups via the robust summary methodology.”> The
process for nonfractionated samples was similar, except that
runs did not have to be separated and then recombined.

For DDA samples, the resulting MS/MS data was processed
using the Sequest HT search engine within Proteome
Discoverer 2.5 SP1 (Thermo Fisher Scientific, Waltham,
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United States) against the same Uniprot database used for
the DIA predicted library; trypsin was specified as cleavage
enzyme allowing up to 2 missed cleavages, 2 modifications per
peptide, and up to S charges. Mass error was set to 10 ppm for
precursor ions and 0.02 Da for fragment ions. Oxidation on
Met (+15.995 Da) and pyro-Glu formation from Gln or Glu
(=17.027 or —18.011 Da, respectively) were considered as
variable modifications. C carbamidomethylation was consid-
ered as a fixed modification. Quantification was performed at
the MSI level. False discovery rate (FDR) was assessed using
Percolator, and thresholds for protein, peptide, and mod-
ification sites were specified at 1%. Label-free quantification
was performed with Proteome Discoverer 2.5 using the area
under the curve (AUC) for each peptide.

During data analysis, predicted protein concentrations in
plasma were obtained from the Human Protein Atlas.***’ For
COVID-19 biomarkers and COVID-19 associated proteins,
the OncoMX COVID-19 biomarker database and Open-
Targets platform (targets associated with COVID-19) were
used, respectively.”””” PCA plots were generated using a 0%
missing protein cutoff.

The mass spectrometry proteomics data have been
deposited to the ProteomeXchange Consortium via the
PRIDE partner repository with the data set identifier
PXD047901."

B STATISTICAL ANALYSIS

Statistical analysis of the data was carried out using
R(v4.3.1).”> Two sample proportion tests and t test were
used to evaluate the significance of the data when appropriate,
such as when comparing the differences in the mean number of
identified proteins in fractionated and nonfractionated samples.
The types of tests used are referenced within the text when
needed alongside the adjusted p-values. For t tests comparing
DDA to DIA, or nonfractionated to fractionated, the
assumption is that DIA, or fractionation, produces superior
results, and so one-sided t tests are used in these cases.
Significance levels of protein abundance were calculated using ¢
tests. All code used to generate statistics can be found in
Supporting Material S1.

B RESULTS

In the current study, our objective was to evaluate the
effectiveness of different proteomic workflows in plasma
sample analysis with a focus on biomarker discovery. The
analysis was conducted on samples from a cohort of 20
patients, employing three distinct methodologies: unfraction-
ated, fractionated-pooled, and fractionated-separated (Figure
1). The intention behind these workflows was to explore the
potential for increased proteome coverage and the enhanced
detection of low-abundance proteins. The unfractionated
approach provided a baseline by analyzing the plasma samples
in their entirety, without any preprocessing steps. Conversely,
the fractionated approaches aimed to deepen our insights into
the plasma proteome by segregating the samples into fractions,
which were then analyzed either collectively (pooled) or
individually (separated). The primary goal was to identify a
workflow that not only maximizes proteome coverage but also
remains practical for routine applications in the context of
infectious disease biomarker identification. All results pre-
sented below have been collected through DIA analysis unless
stated otherwise.
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Figure 2. Protein distribution density across patient cohorts: Density plot. Illustrates the proportion to which proteins are found in each sample
within the cohort (20 patients) for each group. A higher peak toward the right of the graph suggests proteins are found more consistently in a
higher proportion of the patient cohort. Protein detection per patient with sample type proportions: Bar plot. Number of proteins detected per
patient; color grouping within each bar shows which proportion of the proteins are found in both fractionated-pooled and unfractionated samples
(common to both) (pink) and which are unique to fractionated-pooled (green) or unfractionated samples (orange).

Enhanced Protein Detection with Fractionation

The mean number of proteins detected and quantified in
human plasma is found to be significantly higher, with an
increase of around 50% for fractionated-pooled samples as
compared to unfractionated samples, with an average of 1321
and 894 proteins per patient for fractionated-pooled and
unfractionated samples, respectively (right-tailed, paired, t test,
p-value = 1.17 X 107°). A similar trend is seen for total unique
quantified proteins, with 2031 total unique proteins found in
fractionated-pooled samples and 1765 in unfractionated
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samples. The number of common proteins detected in all
patients was also significantly increased in fractionated-pooled
samples, with 570 common proteins (around 43% of proteins
on average) compared to 303 in unfractionated samples
(around 34% of proteins on average) (two sample proportion
1.38 x 107%). Alongside the enhanced
detection of proteins within fractionated-pooled samples,

test, p-value =
fractionation also appears to improve the protein detection
consistency between samples. This is visualized in Figure 24,
which shows a higher consistency of protein identification
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Figure 3. Plasmatic concentration of identified proteins. The left-hand side represents the data in histogram format, while the right-hand side shows
the data as a point graph, with each point representing a protein and ranked and ordered along the x-axis by descending concentration. Proteins
found in both fractionated-pooled and unfractionated samples are marked in gray, those unique to fractionated-pooled samples are marked in
green, and those unique to unfractionated samples are marked in orange. Proteins that did not have a concentration listed in the human protein
atlas database®®>” were not shown (542 fractionated proteins and 451 nonfractionated proteins).

across patient samples with fractionation-pooled as opposed to
unfractionated samples.

Not only are more unique proteins found within
fractionated-pooled samples, but a higher proportion of these
proteins are also found within a higher number of samples.

Looking at Figure 2B, we can also see that the majority of
information (in terms of detected proteins) is almost
completely found within the fractionated-pooled samples,
with unfractionated samples providing only a small number
of unique proteins. Indeed, out of 2061 unique proteins in
both fractionated-pooled and unfractionated samples, 296 are
uniquely found in fractionated-pooled samples, 1735 are found
in both, and only 30 are found uniquely in unfractionated
samples.

Looking at how protein intensities were aggregated,
fractionated-pooled samples generally aggregate proteins
using more unique precursors (83% of proteins aggregated
with two or more unique precursors), while a major fraction of
unfractionated proteins, 42%, are aggregated from just one
unique precursor (Supporting Figure 2). The mean number of
unique precursors used for protein aggregation was 12 vs S for
fractionated-pooled and unfractionated samples, respectively,
while the median was 3 and 2, respectively, a significant
diﬁeréence (Mann—Whitney—Wilcoxon test, p-value <2.2 X
10719).

In Figure 3, most of the commonly identified proteins tend
to be present at higher concentrations than the uniquely
identified proteins, which are all identified uniquely in the
fractionated samples and present at lower concentrations.
Fractionation of samples results in a slightly enhanced
detection of proteins found at lower biological concentrations
(log10 concentration (mg/mL) of —4.8 vs —4.6 for
fractionated-pooled and unfractionated samples respectively,
left-tailed ¢ test, p-value = 0.0007). Although both method-
ologies are able to detect similarly low-abundant proteins,
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fractionated-pooled samples are able to detect these proteins
more commonly across a cohort, with denser data allowing for
far superior downstream data analysis.

Comparative Advantages of DIA over Traditional DDA
Approaches

As far as how these additional precursors relate to protein
identification, Figure 4 shows data from the same samples
processed with the 3 different fractionation methods and
acquired in the LC-MS/MS system in either DDA or DIA
modes, in order to make a comparison between fractionation
methods as well as acquisition methods. Figure 4 shows a large
increase in protein identification in both fractionation
strategies compared with the unfractionated strategy. This
increased protein identification tends to be predominantly for
lower abundant proteins. In terms of how the pooling process
affects protein identification, we can see a 16% drop (232
proteins) from the fractionated-separated to fractionated-
pooled. For DDA data, this drop is more pronounced, with a
24% drop in protein identification between fractionated-pooled
and fractionated-separated (121 proteins). As expected, these
proteins tend to be toward the lower end of the concentration
range for each method, although both fractionation workflows
are able to identify proteins in equally low concentrations.
Figure 4 shows a significant increase in the number of
identified proteins using DIA as compared to DDA. Using DIA
boosts the number of unique, detected proteins by 249% for
unfractionated samples (+744 proteins), 211% for fraction-
ated-pooled (+826 proteins), and 183% for fractionated-
separated (+937 proteins). Additionally, the proteins uniquely
identified in samples ran in DIA mode all tend to be low-
abundant proteins, and although there is some overlap
between the abundances of proteins identified in DDA and
DIA modes, DIA mode has a much greater abundance range of
acquisition. 90% of the identified DDA proteins have a
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Figure 4. Left-hand side represents data as a histogram, while the right-hand side is a point graph in which each point represents a unique protein,
as identified in either DDA or DIA workflows, arranged along the x-axis in descending order of plasmatic concentration (y-axis). Graphs are
separated into data related to unfractionated, fractionated-pooled, or fractionated-separated. Proteins common to both DDA and DIA are identified
in gray. Proteins unique to DIA workflows are identified in orange, and proteins unique to DDA workflows are identified in green. Proteins with no
listed concentration in the human protein atlas database,***” excluded (unfractionated: DDA = 23, DIA = 157; fractionated-pooled: DDA = 27,

DIA = 208; fractionated-separated: DDA = 43, DIA = 252).

concentration between 92.5 and 0.082 pig/mL, whereas 90% of
DIA proteins have an abundance between 10.1 and 0.0014 ug/
mL. The median concentration was 2.1 and 0.055 ug/mL for
DDA and DIA proteins, respectively.

Using the entire 20-patient cohort, Figure S shows a direct
comparison between DDA and DIA analytical modes for
unfractionated samples. More than triple the average number
of proteins per sample are found in DIA samples as compared
to DDA samples, 838 vs 236, respectively, and a similar
magnitude of increase is seen for the total unique proteins
between DIA and DDA, 1765 vs 563, respectively. Further,
DIA is also seen to have slightly better coverage in terms of
identification of each protein within samples, with each protein
appearing in an average of 9.49 samples vs an average of 8.39
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samples for DDA proteins (out of 20 samples total) (right-tail t
test, p-value = 0.0015). When considering proteins found in
both DIA and DDA, the difference is further exacerbated, with
these proteins being found in 17.1 DIA samples vs 9.77 DDA
samples (right-tail ¢ test, p-value <2.2 X 107'°). Finally, in
terms of core proteins (those proteins found within all 20
samples), DIA has more than double the number of core
proteins at 303, as compared to 116 core proteins found with
DDA (DIA vs DDA, unfractionated samples).

Taken together, these data would suggest that not only does
DIA allow for a great increase in the number of proteins
detected per sample and at lower abundances but that it also
allows for a much greater identification rate of those proteins
between samples.
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Figure 7. Volcano plot of differentially abundant proteins between nonhospitalized COVID-19 patients and hospitalized COVID-19 patients.
Panels (A, B) show differentially abundant proteins in fractionated-pooled samples, while panels (C, D) show differentially abundant proteins in
unfractionated samples. Panels (A, C) show differentially abundant proteins (absolute log fold change >1 and adjusted p-value <0.05) colored in
blue, and point size represents overall COVID-19 association score as calculated via the OpenTargets platform.” Panels (B, D) highlight points
that have been identified as either diagnostic, prognostic, or monitoring biomarkers (point size is irrelevant and is used to better highlight the
biomarkers). OncoMX COVID-19 biomarker database was used for biomarker identification.*®

Biomarker Discovery in COVID-19: Insights from a
Preliminary Cohort

As the cohort used here was part of the larger HYGIEIA cohort
for a study into COVID-19, we provide here some preliminary
biostatistical analyses to investigate how the fractionated-
pooled samples compare to unfractionated samples when
investigating biological differences. Figure 6 shows that both
methodologies can separate healthy controls and moderate
COVID-19 from the respiratory failure group and severe
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COVID-19, which required hospitalization when analyzed by
principal component analysis (PCA, principal components 1
and 2, only core proteins retained for analysis). The
unfractionated samples separate these four groups along PC1
and PC2, while the fractionated samples separate the four
groups along PC1 only. Including PC3 for fractionated-pooled
samples can help to further separate overlapping healthy
controls and moderate COVID-19 patients to some extent.
Unfractionated samples are able to capture around 65% of the
data variation in PC1 and PC2, while fractionated-pooled
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samples are only able to capture around 40% in these two
components.

When looking at a differential abundance analysis (moderate
COVID-19 patients vs hospitalized (severe and critical)
COVID-19 patients), we see the fractionated-pooled samples
(Figure 7A,7B) significantly outperform the unfractionated
samples (Figure 7C,D) at identifying differentially abundant
proteins, 264 vs 23 (two sample proportion test, p-value = 4.73
X 107%). Of these differentially abundant proteins (full list
found in Supporting Material S3), the number of COVID-19
biomarkers (OncoMX COVID-19 biomarker database®®) is
also greater in fractionated-pooled samples (9 vs S), although
not at a significantly different proportion (two sample
proportion test, p-value = 0.086). Identified biomarkers were
C-reactive protein, serum amyloid Al, cystatin C, albumin,
colony-stimulating factor 1, von Willebrand factor, selectin P,
galactin 3, and S100 calcium-binding protein 9 for fraction-
ated-pooled samples and C-reactive protein, serum amyloid
Al, cystatin C, von Willebrand factor, and S100 calcium-
binding protein 9 for unfractionated samples. Finally, we are
also able to detect a significantly higher number of COVID-19-
associated proteins in fractionated-pooled samples (80) than in
unfractionated samples (13) (two sample proportion test, p-
value = 1.67 X 10719).

Some of the most significantly abundant proteins in
fractionated samples were tyrosine 3-monooxygenase, retic-
ulon-4, pleckstrin, profilin-1, and haptoglobin.

B DISCUSSION

Our data robustly demonstrate that fractionation of samples
leads to improved results in terms of the number of precursors
and proteins identified, the reliability of their detection across
samples, and the downstream differential analysis between
groups. The benefits of plasma prefractionation methods have
been long established using DDA methodologies. Extensive
fractionation techniques have often been employed in deep
plasma proteome studies to overcome the limitations of DDA
techniques. In our data, we identified an average of around 236
proteins identified per patient with DDA (unfractionated),
which aligns with what has been reported in other studies.”' In
contrast, our DIA samples detected an average of 838 unique
proteins per patient, reaching nearly 1500 in some patients
(Figure S). Additionally, we observed clear improvements in
the number of core proteins and reliability of protein
identification between samples, as highlighted in Figure 2A,
which shows an increased proportion of identified proteins
present in all patients.

The comparison seen in Figure 4 shows that DIA identifies
and quantifies significantly more proteins than DDA, with an
average improvement of over 200% of additional unique
proteins within our study. This improvement may vary in other
studies depending on methodological conditions, sample
preparation, system sensitivity, bioinformatics employed, and
the analytical cohort.

Several factors may explain this performance improvement.
First, DIA collects more detailed and comprehensive data than
DDA. Unlike DDA, which excludes many precursors from
MS2 analysis, DIA independently selects, groups, and frag-
ments precursors across multiple predefined m/z windows (5—
25 m/z). This prevents small changes having snowballing
effects on data acquisition, improving reproducibility and
reliability, allowing for the fragmentation of both low and high-
abundant precursors.*' Second, tools such as DIA-NN excel at
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interpreting complex DIA spectra by explicitly tolerating
cofragmentation. Logically, this gives DIA much higher data
density as it identifies more precursors per spectra than DDA,
which is only able to identify one precursor per spectrum
unless using tools that specifically allow for chimeric spectra.””

The fractionation-pooled method used in this study
increases the average number of identified proteins to 1321
and just over 1700 proteins for certain patients. We also
observe better interpatient data uniformity in fractionated-
pooled samples compared to unfractionated samples, with the
number of core proteins increasing by 88%, from 303 to 570.
Practically, the proteins identified in fractionated-pooled
samples include almost all proteins identified by unfractionated
samples (only 30 out of 2061 proteins were unique to
unfractionated samples), indicating minimal gain in running
unfractionated samples alongside fractionated-pooled samples
for improving detection. This allowed for a reduction to three
injections per subject.

The additional proteins identified in fractionated-pooled
samples are mostly toward the lower end of the abundance
range. There are two main reasons for this: first, fractionation
strategies result in less complex samples with improved peptide
separation, and second, splitting a sample into multiple
fractions that are then injected separately increases the total
amount of sample being run. This increase in protein
identification at lower abundances is due to the increased
sensitivity of precursor identification. Fractionation of the
sample allows for less interference of competing peptides for
fragmentation and produces clearer and more sensitive MS2
spectra for bioinformatic analysis. This leads not only to the
identification of lower-abundance proteins but also to the
identification of multiple precursors derived from single
proteins. Consequently, proteins identified in fractionated-
pooled samples are aggregated less from single unique
precursors and more from multiple unique precursors
(Supporting Figure 2). This redundancy means that missing
a single precursor in a run will not necessarily prevent protein
identification, contributing to an increase in the number of
core proteins and more representative quantitation.

Looking at more traditional DDA fractionation studies,
polyacrylamide gel electrophoresis (PAGE) and C18 peptide
fractionation approaches can identify between 3254 and 4219
proteins by analyzing either 24 gel bands for PAGE or 84
fractions concatenated into 24 for the C18 approach.” One of
the most in-depth plasma proteome studies identified an
average of 4641 proteins per patient using a two-step depletion
of the top 50—100 most abundant proteins, followed by
reverse-phase peptide fractionation totaling 86 fractions pooled
into 30."* It should be noted that studies such as Geyer et al.
have shown that robust plasma proteomics can be performed
using nonfractionated DDA methods, but deep proteome
analysis may be limited by the low number of identified
proteins (437 average proteins identified per sample).”> Other
studies have employed fraction sizes of 72, 60 pooled into
18," 6,*® or 18," and have identified a total of 1917, 1069,
567, and 169 proteins across patients/samples, respectively.

However, the methodologies for these extensive fractiona-
tion studies are complex, expensive, time-consuming, and
impractical for many clinical applications and settings,
restricting their utility outside well-funded research environ-
ments. The MS run times in these studies range between 468
and 3600 min per patient/sample. Viode et al. demonstrated a
high-throughput method capable of processing 60 samples per
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day, and detecting more than 1300 proteins per run, although
the lowest abundant proteins are around 900 ng/L.*° Like
Goldilocks in her search for the right bed, we have presented
above a streamlined, time- and cost-sensitive protocol capable
of identifying proteins as lowly abundant as 6.2 ng/L, suitable
for both exploratory research and clinical applications. This
protocol uses easily sourced reagents and kits and shorter
experimental times compared to other such studies and
produces only 7 fractions concatenated into 3 pooled fractions,
with an MS run time of just 360 min per sample, identifying
over 1300 proteins per patient on average. Reducing the cost
and time investment of proteomic experiments allows lower-
funded projects and laboratories to introduce large-scale MS
proteomics into their research and enables current MS
proteomic laboratories to increase their sample and cohort
sizes.

Pooling 7 fractions into 3 fractions reduced unique precursor
and protein identification by around 15% but improved the
efficiency of each fraction in terms of total and unique
precursors per fraction (Supporting Figure 4). The dropped
precursors and proteins were from the lower-abundance range,
though both techniques detected proteins and precursors at
equally low abundances. Total MS run time by pooling
fractions was reduced by almost 60%, from 840 to 360 min.
Running unpooled fractions results in superior protein
identification, yet depending on the goals, funding, and time
constraints, the slight drop in capability may be worthwhile in
exchange for the massive reduction in running time and costs,
especially as extensive fractionation results in diminishing
returns in terms of unique precursors per subsequent fraction.

Previously, extensive fractionation was required in DDA
experiments due to higher missing values, lower reproduci-
bility, lower quantitative accuracy, and lower protein
identification.””"** Now, DIA can greatly improve results
when either paired with the same protocol or, as shown here,
simpler, faster, and more cost-effective protocols using DIA
proteomic methods can yield similarly large and deep
proteome coverage as more complex DDA approaches.
However, the work here also demonstrates limits to how
simple the protocol may become; even with the vast
improvements oftered by a DIA approach, the use of
fractionation is a must for studies looking to investigate
differentially abundant proteins, which may act as pathophy-
siological signals or biomarkers.

For the COVID-19 preliminary cohort used here, Figure 6
shows superior separation of all 4 groups in the unfractionated
PCA, which is better than in the fractionated PCA, which only
clearly separates moderate COVID-19/healthy controls from
severe COVID-19 and respiratory failure. However, Figure 7
shows that further investigations into unfractionated samples
yield subpar results compared to fractionated-pooled samples.
This performance difference highlights the trade-off between
capturing broad patterns of variability and enhancing detection
sensitivity and specificity. Unfractionated samples may outper-
form fractionated samples during PCA due to their higher
complexity and dynamic range, providing a richer variance
structure that PCA can exploit for better separation as the
dominant patterns and differences between samples are more
visible. In contrast, fractionation reduces complexity, enhances
the detection of low-abundance proteins, and improves the
signal-to-noise ratio. The resulting data are denser, with more
accurate quantification of low-abundant proteins, leading to
more robust and significant differential abundance results.

3816

In terms of differentially abundant proteins between
moderate and severe/critical COVID-19, both fractionated-
pooled and unfractionated samples were able to identify 264
and 23 proteins, respectively. Notably, potential biomarkers
such as C-reactive protein, serum amyloid Al, cystatin C, von
Willebrand factor, and S100 calcium-binding ;)rotein 9 were
significantly upregulated in both samples.>™>’ Albumin was
significantly downregulated in fractionated-pooled samples,
consistent with other studies identifying hypoalbuminemia as
an independent prognostic biomarker.”®*? Additionally,
fractionated-pooled samples identified significantly increased
abundance of previously identified biomarkers such as
macrophage colony-stimulating factor 1, P-selectin, and
Galectin-3 in hospitalized COVID-19 patients compared to
nonhospitalized patients.”**””%" Three biomarkers—surfac-
tant protein D, aspartate aminotransferase, and myoglobin—
had a positive log fold change over 1, aligning with other
studies associating them with severe diseases.” 16264 However,
they lacked significance, possibly due to the small cohort size.

In fractionated-pooled samples, the most significant proteins
were 14—3—3 protein epsilon, reticulon-4, pleckstrin, profilin-
1, and haptoglobin; haptoglobin and profilin-1 were differ-
entially abundant in unfractionated samples, albeit at lower
significance. Haptoglobin and 14—3—3 protein epsilon have
been associated with COVID-19 through the OpenTargets
aggregated association score.”® Pleckstrin, while not associated
with COVID-19 in this scoring system, was significantly
differentially abundant in a study investigating SARS-CoV-2
infection.®®

In unfractionated samples, Type 2 lactosamine «a-2,3-
sialyltransferase was the only differentially abundant protein
that was not differentially abundant in fractionated-pooled
samples (unfractionated: logFC — 2.39, adjusted p-value
0.023; fractionated-pooled: log FC — 0.23, adjusted p-value
0.73). This protein is not a known COVID-19 biomarker and
has not been associated with COVID-19 in the OpenTargets
Platform or the general literature.

Some of the lowest abundant differentially abundant
proteins in fractionated samples include polypeptide N-
acetylgalactosaminyltransferase 12, tetratricopeptide repeat
domain 36, and G protein subunit a 13, with concentrations
of 47, 100, and 320 ng/L, respectively. For unfractionated
samples, the top three lowest abundant proteins were ST3 j-
galactoside a-2,3-sialyltransferase 6, tryptophanyl-tRNA syn-
thetase 1, and integrin subunit @ 2b, with concentrations of 5.8,
49, and 90 ug/L, respectively. The median concentration of
differentially abundant proteins in fractionated-pooled samples
was around 1/70th of that in unfractionated samples, at 58.5
ug/L vs 4.1 mg/L, respectively. Fractionation enhances the
detection of low-abundance proteins across a cohort.

Low-abundant proteins identified in fractionated samples
relevant to COVID-19 include fibroblast growth factor
receptor 4 (7.4 pg/L), a drug target in phase III trials
(National Library of Medicine [NLM], NCT04541680) and
a-1,3-mannosyl-glycoprotein 2-f-N-acetylglucosaminyltrans-
ferase (12 ﬂg/L), involved in SARS-CoV-2 spike protein
maturation.®®’

While our study highlights the significant advantages of
fractionation and DIA methods, including enhanced proteome
coverage and improved detection of low-abundance proteins,
these approaches also have notable drawbacks. The increased
LC-MS/MS run time, extending to 360 min per sample, limits
throughput, making it less suitable for very high-volume
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studies. Additionally, the complexity of sample preparation,
involving multiple handling and processing steps, raises the risk
of sample loss and variability and requires greater technical
expertise. The depletion of high-abundance proteins can
introduce biases in relative quantification, particularly for
proteins carried by these depleted proteins, potentially
distorting their proportionality between samples. Furthermore,
the specialized reagents and extended instrument time increase
overall costs, which may be prohibitive in some research
settings. Researchers must weigh these factors when consid-
ering the application of these methods in large-scale studies.

B CONCLUSIONS

In conclusion, we have presented an exploratory proteomic
protocol with a simplified fractionation procedure boosted by
the utilization of DIA methodologies. This pilot study
illustrates the potential clinical applicability of this protocol
when used in conjunction with a DIA bioinformatics pipeline.
Using this protocol, hundreds of extremely low-abundant
proteins, usually present at concentrations as low as 47 ng/L,
have been identified as significantly differentially abundant. In
addition to this, we show how the use of fractionation
methods, in addition to DIA technologies, can significantly
boost unique protein identification within samples and greatly
improve the identification of the same proteins between
samples. The method discussed in this study was able to
identify an average of 1321 proteins per patient using plasma
samples collected as part of a 20-patient COVID-19 cohort.
Across the entire cohort, 2031 total unique proteins were
identified. The protocol employs the use of readily available
kits and materials for protein depletion, digestion, and pooled
fractionation for relatively simple sample preparation.

Utilizing such a protocol significantly reduces the cost, time,
and complexity required in performing exploratory proteomic
studies on human plasma and is currently being applied in our
setting to a large, 200 + multitime point patient cohort in a
multiomics context.’
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