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ABSTRACT: Metaproteomics offers a direct avenue to identify
microbial proteins in microbiota, enabling the compositional and
functional characterization of microbiota. Due to the complexity and
heterogeneity of microbial communities, in-depth and accurate
metaproteomics faces tremendous limitations. One challenge in
metaproteomics is the construction of a suitable protein sequence
database to interpret the highly complex metaproteomic data,
especially in the absence of metagenomic sequencing data. Herein,
we present a high-abundance protein-guided hybrid spectral library
strategy for in-depth data independent acquisition (DIA) meta-
proteomic analysis (HAPs-hyblibDIA). A dedicated high-abundance
protein database of gut microbial species is constructed and used to
mine the taxonomic information on microbiota samples. Then, a
sample-specific protein sequence database is built based on the
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subsequent analysis of the DIA data using hybrid spectral library-based DIA analysis. We evaluated the accuracy and sensitivity of the
method using synthetic microbial community samples and human gut microbiome samples. It was demonstrated that the strategy
can successfully identify taxonomic compositions of microbiota samples and that the peptides identified by HAPs-hyblibDIA
overlapped greatly with the peptides identified using a metagenomic sequencing-derived database. At the peptide and species level,

our results can serve as a complement to the results obtained using

a metagenomic sequencing-derived database. Furthermore, we

validated the applicability of the HAPs-hyblibDIA strategy in a cohort of human gut microbiota samples of colorectal cancer patients

and controls, highlighting its usability in biomedical research.

B INTRODUCTION

The human digestive tract contains billions of symbiotic
microorganisms, characterized by high number of microbial
cells and high diversity in microbial communities." Collectively
referred as the gut microbiome, these microorganisms play
pivotal roles in numerous physmloglcal processes associated
with human health and disease.”* Dysbiosis of gut microbiota
can cause a vanety of diseases, such as inflammatory bowel
diseases (IBD) irritable bowel syndrome (1BS),’ colorectal
cancer (CRC), obe51ty, type 2 diabetes,® and atopic allergy
Metagenomic sequencing has significantly advanced our
understanding of gut microbiota and its relationship with the
host.'”"" However, while metagenomics can characterize the
taxonomic profile and functional potential of gut microbiota, it
falls short in revealing gene expression. Metaproteomics, based
on mass spectrometry, allows for the analysis of expressed
proteins within a microbial community, providing crucial
functional insights into the gut microbiota.'” ™"

Currently, most metaproteomic studies use the data-
dependent acquisition (DDA) mass spectrometry work-
flow."°""® However, DDA is characterized by a stochastic
precursor selection, resulting in restricted identification and
quantification of the protein at low abundance. To address
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these limitations, data-independent acquisition (DIA) methods
have been proposed as an alternative.'””° DIA methods
systematically fragment all precursor ions within defined
isolation windows, offering a more comprehensive acquisition
of all fragments of all precursors. DIA data analysis strategies
encompass library-based and library-free methods. In library-
based DIA analysis, sample-specific DDA data are searched
against a protein sequence database to construct a spectral
library. Subsequently, DIA data are matched against the DDA-
based spectral library for peptide identification and quantifi-
cation, utilizing a peptide-centric scoring algorithm.”"
versely, the directDIA method searches DIA data against a

Con-

protein sequence database using a spectrum deconvolution
algorithm.”
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In all these data analysis strategies, protein sequence
database is a key prerequisite and has a significant sway on
the identification result and the accuracy of downstream
analysis.”>** Currently, metagenomic sequencing-derived
sample-specific protein sequence databases have been widely
regarded as the gold standard in the field of metaproteo-
mics.”>*® However, metagenomic sequencing-derived data-
bases may encounter challenges related to gene assembly and
taxonomic annotation,””*® failing to fullz‘ represent the
microbial community of a given sample.”>*® Consequently,
important proteins expressed by low abundance species may be
overlooked, leading to discrepancies between the compiled
gene database from metagenomic sequencing and the actual
proteins in the sample. As an alternative, public proteome
sequence databases are frequently employed and can provide a
comprehensive coverage of possible species. However, such a
huge database results in an expanded search space, which can
reduce the search sensitivity and significantly increase the
search time. Therefore, iterative search strategies have been
developed to solve the problems.”” ™' In a recent study by
Stamboulian et al,** a two-step approach HAPiID was
developed for DDA-based metaproteomics. In HAPIID, a
database of high-abundance proteins (HAPs) serves as a
guideline for constructing a target database, thereby diminish-
ing computational time and improving peptide identification
sensitivity. Nevertheless, for DIA-based metaproteomics, there
is still a lack of such a two-step-based approach.

In this study, we develop a high-abundance protein-guided
hybrid spectral library strategy for DIA metaproteomic analysis
(HAPs-hyblibDIA). A dedicated high-abundance protein
database of gut microbial species is constructed and used to
mine the taxonomic information on samples by directDIA.
Afterward, a target full proteome database of the selected
organisms can be constructed from public proteome sequence
databases, e.g.,, UniProt, for subsequent analysis. We evaluated
the accuracy and sensitivity of the strategy using synthetic
microbial community samples and human gut microbiome
samples and demonstrated that the strategy can accurately
identify taxonomic information from DIA-based metaproteo-
mic data. At the peptide and species level, HAPs-hyblibDIA
can serve as a complement to the results obtained with a
metagenomic sequencing-derived database. It can also be used
when the metagenomic sequencing data are unavailable.
Furthermore, we validated the applicability of the strategy in
real clinical cohorts, highlighting its usability in analyzing
authentic clinical fecal samples.

B EXPERIMENTAL SECTION

Protein Sequence Database Construction in the
HAPs-hyblibDIA Pipeline. 647 gut microbial species were
collected from HMP (https:/ /hmpdacc.org/ ),3’3 the Human
Gastrointestinal Bacteria Culture Collection (HBC),** arch-
aea,” and our previous study'” (see Supplementary Data 1 for
details). The ribosomal proteins and elongation factors of the
647 gut microbial species were downloaded from UniProt
(https://www.uniprot.org/) to construct a HAPs database of
gut microbiomes which contained 159 387 proteins from 1929
proteomes of the 647 species. In addition, HAPs from 1952
binned genomes of Uncharaterised MetaGenome Species
(UMGS) were extracted based on the protein sequences and
the annotation data.”**® We combined the HAPs of UMGS
with the HAPs database of 647 microbial species, namely, the
combined UMGS HAPs database, which contained 295 608

proteins. DIA data of metaproteomic sample were analyzed by
directDIA using the HAPs databases to identify proteins. Then,
enrichment analysis was performed on the identified proteins
with the HAPs databases as background using the R package
“clusterProfiler”, and the p-values by hypergeometric test were
adjusted by the Benjamini—Hochberg method. The organisms
with a p-value of <0.05 were selected. Then, the corresponding
full proteome of the selected organisms were downloaded from
UniProt to construct the sample specific protein sequence
database.

The UP100 database was constructed by combining the
proteomes of 100 randomly selected species from UniProt (see
Supplementary Data 1 for details). The 100 HAPs database
contained the ribosomal proteins and elongation factors
extracted from the UP100 database. The details of the UP12
and UP8 databases are presented in the Supporting
Information.

Metaproteomics Data Analysis. For the directDIA
analysis, raw DIA data were analyzed by Spectronaut (version
17, Biognosys AG, Schlieren, Switzerland) with default
settings. Trypsin was set as the digestion enzyme. Carbami-
domethyl (C) was specified as the fixed modification.
Oxidation (M) was specified as the variable modification.
Retention time prediction type was set to dynamic iRT. Q-
value (FDR) cutoff on both precursor and protein level was
1%. For the hybrid library-based DIA analysis, the DDA and
DIA raw data were searched against the corresponding protein
sequence database using Spectronaut Pulsar with the default
settings. Then, the generated hybrid libraries were used to
analyze the DIA data by Spectronaut with the same settings
aforementioned.

Taxonomic and Function Annotations and Statistical
Analysis. The peptides identified using the metagenomic
sequencing-derived databases were subjected to Unipept
(https://unipept.ugent.be/) for taxonomic analysis employing
the lowest common ancestor approach. Leucine and isoleucine
were considered equal. The taxon abundance at the
metagenomics level was obtained by counting the number of
reads of the corresponding taxon. The taxon abundance at the
metaproteomics level was determined by summing the
intensities of all of the peptides corresponding to the taxon.
Statistical analysis was conducted using R (version 4.1.3,
https://www.r-project.org/) and python (version 3.10.10,
https://www.python.org/) with packages “pandas” and
“numpy”. Data visualization was conducted with R packages
“ggplot2” and “VennDiagram”, and AntV G2 (https://github.
com/antvis/g2). KEGG annotation was performed using the
Ghost-KOALA Web server (https://www.kegg.jp/ghostkoala).

Protein sample preparation, LC-MS/MS analysis (LC
gradients and DIA variable window settings are detailed in
Table S1 and Table S2), the construction of UP12 and UPS8
databases, metagenomic sequencing and data analysis, and the
data sets from public resources used in this study are described
in detail in the Supporting Information.

B RESULTS AND DISCUSSION

Principle of the HAPs-hyblibDIA Pipeline. With the
increasing focus on microbiome studies during the past years,
we can obtain fruitful gut microbial taxonomic information
from public resources. Recently, Stamboulian et al.*
developed a two-step approach HAPiID for DDA-based
metaproteomics and proposed a database of high-abundance
proteins (HAPs). In the HPAs database by Stamboulian et
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al,”* 3357 genomes from four sources were included, i.e., 612
genomes from the HMP,* 737 genomes from the HBC,**
1952 genomes from the UMGS,36 and 56 archaea™ genomes.
The sequences of the HMP genomes and the archaea genomes
were directly downloaded from RefSeq, while those of the
HBC and the UMGS were translated from computationally
predicted genes of the HBC contigs and the UMGS bins. In
our work, we chose a similar but different strategy in the HAPs
construction. We collected the species information from the
HMP, HBC, and archaea databases, as well as from our
previous studies, and obtained in total 647 species. Then, the
corresponding high-abundance proteins (ribosomal proteins
and elongation factors) were downloaded from the UniProt
database. As a result, our HAPs database contained 1929
proteomes from 647 species with a size of 159 387 proteins. In
addition, HAPs from 1952 binned genomes of Uncharaterized
MetaGenome Species (UMGS) were combined with the HAPs
database of the 647 microbial species to form the combined
UMGS HAPs database. The combined UMGS HAPs database
contains 295 608 proteins. As depicted in Figure 1, DIA data
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Identification
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Figure 1. Workflow of the HAPs-hyblibDIA pipeline.

are first searched by directDIA against the HAPs database to
select the target organisms. Then, a full proteome database of
the selected organisms can be constructed as a sample-specific
database. After that, spectral libraries for DIA analysis are built
by using the sample-specific database from the DIA data and
the corresponding DDA data for peptide-centric analysis. The
database can also be used to analyze DIA data by spectrum-
centric strategies, e.g., directDIA, and both identification
results can be used for subsequent analysis.

Evaluation of the HAPs-hyblibDIA Pipeline Using
Simulated Microbial Communities. Initially, we evaluated
the performance of the HAPs-hyblibDIA pipeline by analyzing
a simulated microbial community of 12 species (12mix). The
data sets of the 12mix are from our previous work, and the
details of the composition of the 12 species can be found in the
original publication.”> We constructed a reference database
UPI12 containing the proteomes of the 12 target species from
UniProt. In order to evaluate the accuracy of the taxonomy
identification method, we randomly selected 100 proteomes of

100 species, including the 12 target species, to construct a
relatively large database UP100 (Supplementary Data 1). Then
the ribosomal proteins and elongation factors in the UP100
database were extracted to construct a 100 HAPs database. By
directDIA analysis of the DIA data of the 12mix against the
100 HAPs database, 666 protein groups were obtained for
further taxonomy selection analysis. Figure 2A shows a plot of
the adjusted p-values versus the number of organisms
identified, with a clear turning point after 12 species. Under
the criterion of p-value of <0.05, all of the 12 target species
were identified correctly and there were no false positive
identifications. The 100 HAPs-filtered database is thus
identical to the reference database UP12.

We performed directDIA and hybrid library-based DIA
analysis (hyblibDIA) on the DIA data of the 12mix using the
100 HAPs-filtered database (100 HAPs), the UP100 database
(UP100), and the metagenomics sequencing-derived database
(MG). For directDIA, three technically replicated DIA data
sets were searched against the three databases. For the
hyblibDIA, 12 fractioned DDA data and 3 technically
replicated DIA data from the 12mix sample were combined
as input files to search against the three databases by
Spectronaut Pulsar. Then DIA data were searched against
the hybrid spectral library to obtain the identification results.
Overall, the number of proteins and peptides identified by
hyblibDIA was significantly larger than directDIA as shown in
Figure 2B and Figure 2C. The numbers of peptides and protein
groups identified from each DIA run are shown in Table S3.
The hybrid library with the 100 HAPs resulted in the
identification of 11770 protein groups and 66 457 peptides
(Figure 2B and Supplementary Data 2). When comparing the
different databases, it is worth noting that UP100 identified 49
more protein groups than the 100 HAPs, but the number of
peptides was less than the 100 HAPs. It is attributed to the fact
that the UP100 contains an overwhelming quantity of
nontarget species, resulting in a mismatch during protein
inference.

As for further analysis, we compared the protein groups of
each species identified by the hyblibDIA. As shown in Figure
2D, the numbers of protein groups identified for Kiebsiella
pneumonia and Escherichia coli using the MG were significantly
larger than those using the 100 HAPs, while the numbers of
protein groups for Citrobacter freundii and Klebsiella aerogenes
using the MG were smaller than those using the 100 HAPs.
The numbers of protein groups for the others of the 12 species
were similar for both databases. These differences can be
attributed to the varieties in metagenomic sequencing-derived
and UniProt-based databases including protein sequences and
species annotations. Notably, although the total number of
protein groups identified using UP100 was larger than that
using 100 HAPs, the number of protein groups assigned to
each target species was larger using 100 HAPs than the UP100.
747 proteins were wrongly identified from species other than
the 12 target species using the UP100. Overall, these results
demonstrated that the HAPs-hyblibDIA pipeline can achieve
substantial proteome coverage in metaproteomic analysis.

Additionally, we applied our pipeline to analyze a publicly
available data set consisting of 8 species (8mix, Bacteroides
uniformis, Bifidobacterium adolescentis, Enterococcus faecalis,
Escherichia coli, Faecalibacterium prausnitzii, Lactobacillus acid-
ophilus, Staphylococcus aureus, and Streptococcus pyogenes)."*
The UP100 and the 100 HAPs database for the 8mix data set
contained the proteome of the 8 target species, and the rest of
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Figure 2. Performance of HAPs-hyblibDIA in the analysis of the simulated microbial community of 12 species. (A) Identification of organisms in
the sample using the HAPs database by plotting the adjusted p-value (P.adjust) versus the number of organisms. The number of (B) protein groups
and (C) peptides identified by the hyblibDIA and directDIA using a HAPs-filtered database (100 HAPs), 100 species database (UP100), and
metagenomic sequencing-derived database (MG). (D) The number of protein groups for each species identified by the hyblibDIA using the
different databases. The DIA data were obtained with three technique replicates, and the sums of identification results from the three replicates

were reported for the comparison.

the two databases were the same as those for the 12mix data
set (Supplementary Data 1). We conducted the same method
to identify taxonomic information on the sample and finally
identified 9 species (Figure S1). In addition to the eight target
species, Klebsiella pneumoniae was also selected as a candidate
target species by our method. Klebsiella pneumoniae is from the
Enterobacteriaceae family, the same as Enterococcus faecalis and
Escherichia coli. Due to the inherent challenge of searching
metaproteomic data against a comprehensive and intricate
database, peptides from different species with high sequence
similarity can be misassigned, leading to the mis-selection of
Klebsiella pneumoniae.

We subsequently employed the 100 HAPs-filtered 9-species
UniProt database (100 HAPs), the 8 target species UniProt
database (UPS8), and the UP100 database for directDIA and
hyblibDIA analysis. As depicted in Figure S2 and Supple-
mentary Data 3, the identification using directDIA with the
100 HAPs gave more accurate results than those using the
UP100. Fewer erroneous species were identified with the 100
HAPs, and a higher number of proteins were assigned to each
target species. Figure S3 displays the identification achieved by
hyblibDIA, which invariably outperformed directDIA. The
numbers of peptides and protein groups identified from each
DIA run are listed in Table S4. In terms of identified protein
groups and peptides, the 100 HAPs and the UP8 were
comparable, while the UP100 exhibited significantly lower
sensitivity and higher false rate at species level. It is noted that
the UP8 database led to a significantly larger number of
proteins identified for Escherichia coli than the 100 HAPs. With
the 100 HAPs, these proteins were wrongly assigned to

Klebsiella pneumoniae, due to the high sequence similarity
between peptides from Escherichia coli and Klebsiella pneumo-
niae.

Performance of the HAPs-hyblibDIA Pipeline in
Analyzing Human Gut Microbiota. We further explored
the application of the HAPs-hyblibDIA pipeline in the analysis
of the human gut microbiota. One human stool sample was
collected from a healthy volunteer for metaproteomic analysis
and metagenomic sequencing. Both DIA and fractionated
DDA data were acquired for the sample. The HAPs database of
647 microbial species and the combined UMGS HAPs
database were applied to analyze the DIA data for organism
selection. As shown in Figure S4, 256 organisms or 366
organisms with adjusted p-values of <0.05 were selected using
the two databases. Then, we performed directDIA and
hyblibDIA analysis with the 647 species HAPs-filtered database
(HAPs), the combined UMGS HAPs-filtered database
(Combined UMGS) and the metagenomic sequencing-derived
database (MG) (Figure 3A,B and Supplementary Data 4). For
the hyblibDIA analysis, 24 018 proteins and 114 046 peptides
were identified using the HAPs, 28 585 proteins and 131 867
peptides were identified using the Combined UMGS, while
29 334 proteins and 130 595 peptides were identified using
MG. For directDIA, 13 960 proteins and S5 681 peptides were
identified using the HAPs, 16 586 proteins and 62 293 peptides
were identified using the Combined UMGS, while 18921
proteins and 73 086 peptides were identified using the MG.
The numbers of peptides and protein groups identified from
each DIA run are shown in Table SS. When the HAPs database
included the UMGS, the HAPs-filtered database, and the MG
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Figure 3. Analysis of stool sample. (A, B) The number of protein groups and peptides identified using different databases by directDIA and
hyblibDIA analysis. (C, D) Venn diagram illustrating the overlap of peptides identified using the 647 species HAPs-filtered database (HAPs), the
combined UMGS HAPs-filtered database (Combined UMGS), and the metagenomic sequencing-derived database (MG). (E-F) Overlap of species
information obtained from the metaproteomics using the HAPs and the MG databases as well as from 16S rRNA sequencing results (16S). The
DIA data were obtained with three technique replicates, and the sums of identification results from the three replicates were reported for the

comparison.

database led to very similar numbers of protein groups and
peptides identified using the hyblibDIA analysis. The results
demonstrated the good performance of the HAPs-hyblibDIA
pipeline in the analysis of human gut microbiota. However,
most proteins of the UMGS database have a taxonomy
annotation level of genera or above, and we then did not
include the UMGS database for downstream taxonomy
analysis and bioinformatics analysis. This result also showed
that there are many human gastrointestinal bacteria without
well documented information in Uniprot and without species
level taxonomic information. The coverage of human gastro-
intestinal microbes should be improved with the development
of a microbiota study in the future.

As for further comparison, we employed popular public
protein sequence database for DIA data analysis, known as
HMP stool nr database (https://portalhmpdacc.org) and
JPGM,”” both with a size of over 4.8 million protein sequences
(929MB and 1.13GB). Similarly, directDIA and hyblibDIA
were performed for protein identification. As shown in Figure
SS, the numbers of peptides identified using the two public

databases were slightly lower than those using the MG
database or the combined UMGS HAPs-filtered database.
However, more proteins were identified using the two public
databases. This phenomenon is similar to the comparison
between the HAPs-based method and the UP100 database in
the analysis of the 12-mix sample, which represents false
protein inference generated from the unsuitably large scale of
database. In such case, protein inference becomes extremely
complex where peptides can stem from homologous proteins
of either closely related organisms or from well-conserved
proteins in less-related organisms.”’ It should also be noted
that the data analysis took a much longer time using the public
databases compared to our strategy, as shown in Table S6.
To test the consistency of the results obtained with the
HAPs-filtered database and the MG, we performed a
comparative analysis at the peptide and taxon level. As
depicted in Figure 3C,D, approximately 78% to 86% of
peptides identified employing the HAPs were also detected
with the MG, demonstrating the overall reliability of peptide
identification by our method. The taxonomic information for
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the results with the MG database was obtained by annotating
the identified peptides using Unipept, while the taxonomic
information for the results with the HAPs was directly
obtained from the species information in the database. As
shown in Figure S6, the consistency of taxonomic information
increased when the taxonomy levels became higher. In
addition, the sample was also subjected to 16s rRNA
sequencing, and the species composition obtained by 16s
rRNA sequencing was compared with those of the
aforementioned two methods. As shown in Figure 3EF, the
consistency at species level by the three different methods was
low. Considering the high consistency at the peptide level
while the low consistency at species level, the difference can be
from low abundance species, which had low number of
peptides identified. As shown in Figure S7, boxplots show that
the common species by the three methods were more
abundant in view of peptide number and peptide quantity
than the unique species by the HAPs. Metagenomic
sequencing is more sensitive to microbes with higher cell
number, while metaproteomics is more sensitive to microbes
with larger protein amount. Therefore, the two methods can
show different sensitivities against low abundance species.

To demonstrate the practical value of our method, a
comparative study was performed to investigate the functional
and taxonomic features at both the metagenomic and
metaproteomic levels. Metagenomic sequencing and meta-
proteomic results based on the HAPs-hyblibDIA pipeline were
annotated using KEGG Orthology (KO) through the
GhostKOALA Web site. Figure S8A shows the comparison
of the KO functional annotations derived from metagenomics
and metaproteomics in terms of metabolism, genetic
information processing, and environmental information
processing. Notably, the KO annotation results from
metagenomics and metaproteomics were generally consistent.
The relative abundance of each category by metaproteomics
were slightly different from those by metagenomics, which
highlighted the divergence between metagenomics and
metaproteomics in revealing the functional potential of the
gut microbiota.

The cladogram in Figure S8B depicts the relative abundance
discrepancies at the metaproteomic level and metagenomic
level, where abundance distinction exists at different taxa levels.
Five main phyla of bacteria, Verrucomicrobia, Proteobacteria,
Firmicutes, Bacteroidetes, and Actinobacteria, were found in the
stool sample, consistent with previous studies.’® At the species
level, there were 33 species with higher abundance by
metaproteomics and 24 species with higher abundance by
metagenomics. Bilophila wadsworthia, Parabacteroides distaso-
nis, Clostridium citroniae, and Lachnospiraceae bacterium,
belonging to the phyla of Bacteroidetes and Firmicutes, exhibited
a significantly low metaproteomic/metagenomic ratio, while
Akkermansia muciniphila showed a significantly high meta-
proteomic/metagenomic ratio. The results indicated that
within the same phylum, the relative abundance of different
species by metagenomics and metaproteomics can display
heterogeneity. The relative abundance by metagenomics is
closely related to the cell copy of a species, while the relative
abundance by metaproteomics shows the total protein amount
of a species. Since different bacterial species can generate
significantly different amounts of proteins, it is reasonable that
the relative abundances by metagenomics and metaproteomics
are different. It is expected that metagenomics and
metaproteomics can show different sensitivities in the analysis

of various species within a microbiota community. With this
consideration, our HAPs-hyblibDIA pipeline can identify
proteins from species not detected by metagenomics, which
are also missed by the metaproteomics based on the
metagenomic sequencing-derived database. In such a case,
our method can complement the result obtained using
metagenomic sequencing-derived database.

HAPs-hyblibDIA Analysis of Human Gut Microbiota
Sample Spiked with Known Species. To further test the
accuracy and sensitivity of our method for organism
identification in real samples, 6 cultured strains from 6 species
were spiked into another fecal sample for metaproteomic
analysis, including DIA and fractionated DDA. The 6 species
were not detected from the original fecal sample before the
spike-in by metagenomic sequencing. The data sets of the fecal
sample spiked with 6 species are from our previous work, and
the details of the composition of the 6 species can be found in
the original publication.'’ The DIA data were first searched
against the HAPs database of 647 microbial species, wherein
the 6 added species were included in the HAPs. We screened
out 370 strains (Figure S9), among which all the 6 spiked
species were included. HAPs-filtered database (HAPs) was
then built from the 370 strains for hyblibDIA and directDIA
analysis. As shown in Figure 4 and Supplementary Data §,
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Figure 4. Analysis of the stool sample spiked with 6 species. The
number of (A) protein groups and (B) peptides identified by
hyblibDIA and directDIA using the HAPs-filtered database for the 6
target species and other species. (C) The number of protein groups
for each of the 6 spiked species identified by hyblibDIA and directDIA
using the HAPs-filtered database. The DIA data were obtained with
three technique replicates, and the sums of identification results from
the three replicates were reported for the comparison.

25202 protein groups and 125745 peptides were identified
with the HAPs by hyblibDIA, of which 1849 proteins and 9924
peptides uniquely belonged to the 6 spiked species.
Comparatively, 1121 protein groups and 4813 peptides were
identified from the 6 spiked species with the HAPs by
directDIA. The numbers of peptides and protein groups
identified from each DIA run are shown in Table S7. This
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[C] energy production and conversion

[D] cell division and chromosome partitioning

[E] amino acid transport and metabolism

[F] nucleotide transport and metabolism

[G] carbohydrate transport and metabolism

[H] coenzyme transport and metabolism

[1] lipid transport and metabolism

[J] translation, including ribosomal structure, and biogenesis

[K] transcription

[L] replication, recombination, and repair

[M] cell wall, membrane, and envelope biogenesis

[N] cell motility

[O] post-translational modification, protein turnover, and chaperones
[P] inorganic ion transport and metabolism

[Q] secondary metabolite biosynthesis, transport, and catabolism
[S] function unknown

[T] signal transduction mechanisms

[U] intracellular trafficking, secretion, and vesicular transport

[V] defense mechanisms

Figure S. Analysis of a CRC gut microbial metaproteome data set. (A) The number of protein groups and peptides identified using the HAPs-
filtered database and the database by previous work of Long et al."> (B) Volcano plot and (C) clusters of orthologous group (COG) categories of
the differential proteins between the patients (P) and controls (H) obtained by hyblibDIA analysis using the HAPs-filtered database. Proteins with
fold change (FC, P/H) of >2 and p-value of <0.05 were colored red, while those with FC < 0.5 and p < 0.0S were colored blue in (B). Proteins
more abundant in patients were colored red, while those more abundant in controls were colored blue in (C).

result further demonstrated the sensitivity and effectiveness of
our method for analyzing real gut microbial samples.
HAPs-hyblibDIA Analysis of a Cohort of Human Gut
Microbiome Samples. To illustrate the utility of the HAPs-
hyblibDIA pipeline in clinical microbiome research, we
reanalyzed a colorectal cancer (CRC) gut microbial meta-
proteome data set previously published by Long et al,'* which
includes the DIA and the fractioned DDA data of 14 CRC
patients and 14 controls. With the DIA data, we screened out
405 organisms to construct a sample specific database (Figure
$10). As shown in Figure S and Supplementary Data 6, 41 699
proteins and 187278 peptides were obtained by hyblibDIA
with the HAPs-filtered database (HAPs), while 38 683 proteins
and 163 967 peptides were obtained by directDIA with the
HAPs. In order to avoid discrepancies in identification
numbers caused by inconsistent software versions, we
reanalyzed the data with the spectral library reported by the
previous study'” using the updated Spectronaut (version 17),
yielding 48 012 proteins and 145520 peptides with the

hyblibDIA. It is worth noting that although more proteins
were obtained using the spectral library from the previous
study, more peptides were obtained with the HAPs. This is
consistent with the results of the simulated microbial
community when comparing UP100 to the 100 HAPs, as
well as the results of the stool sample when comparing the
HAPs filtered databases to the public protein sequence
databases of HMP stool nr and JPGM.

To further test the consistency of the identification results
employing the HAPs-filtered database and the database in
previous work of Long et al,'” differential proteins between
the CRC patients (P) and healthy crowds (H) were
determined using the abundance FC and the statistical test.
The Bonferroni method was conducted on the p-values given
by the MS1-MS2-combined statistical test in Spectronaut for
multiple testing corrections to obtain a conservative result. As
shown in the volcano plot (Figure SB and Figure S11A), 4635
and 5361 differential proteins with FC > 2 (or <0.5) and
adjusted p-value of <0.05 were discovered by our method and
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the previously reported database, respectively (Supplementary
Data 7). We then performed functional annotations of
differential proteins using eggNOG.*” The differential proteins
obtained by our method were annotated into 19 clusters of
orthologous group (COG) categories (Figure SC). The
differential proteins obtained using the previously reported
database were annotated into 20 COG categories, wherein
only one protein was annotated to the additional category,
namely, chromatin structure and dynamics (category B)
(Figure S11B). For most COG categories, more proteins
were found with high relative abundance in the CRC patient
group than in healthy control group by our method and the
previously reported database. The results by our method and
based on the previously reported database were in general
consistent, highlighting the practical value of our method in
biomedical research.

B CONCLUSION

In summary, our study proposes a high-abundance protein-
guided hybrid spectral library strategy for in-depth DIA
metaproteomic analysis (HAPs-hyblibDIA). The accuracy
and practical value of the method are demonstrated using
simulated microbial communities, human fecal samples, human
fecal samples spiked with known species, and clinical cohorts.
We find that the method can provide a result comparable to
the results with the metagenomic sequencing-derived database.
This method provides a practical solution when metagenomic
sequencing data are not available. Compared to other methods
using the public proteome database, this method greatly
reduces the calculation time and enhances the depth of peptide
coverage. In addition, this study provides a dedicated HAPs
database containing currently available gut microbial species,
which can be used by the society of human gut microbiome
research. Since our pipeline constructs HAPs-guided protein
sequence databases based on public databases, it is inevitable
that the method is limited to microbes with good coverage in
public databases. However, we would expect the improvement
of microbiota coverage in public databases with the develop-
ment of microbiome, and the HAPs database can be easily
extended to facilitate the application of metaproteomics in
human microbiome research.
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