Shining a Light on the Dark-Field of the Metaproteome

Haonan Duan

Thesis submitted to the University of Ottawa
in partial fulfilment of the requirements

for the Doctorate in Philosophy degree in Biochemistry

Ottawa Institute of Systems Biology
Department of Biochemistry, Microbiology and Immunology
Faculty of Medicine

University of Ottawa

© Haonan Duan, Ottawa, Canada, 2024



Abstract

Metaproteomics has emerged as a powerful tool for studying human gut microbiomes.
However, the intricate nature of these microbial communities often surpasses the
analytical depth of current metaproteomic methodologies, particularly those relying on
traditional Data-Dependent Acquisition (DDA) techniques. In this thesis, we first
quantitatively assess the limitations of DDA-based metaproteomics, revealing a
significant underrepresentation of proteins from low-abundance species. This finding
underscores the necessity for analytical approaches capable of capturing the full

spectrum of microbiome samples.

Further investigation into the capabilities of mass spectrometry to discern the complexity
of human gut microbiomes revealed that the complexity of MS1 spectra from microbiome
samples significantly exceeds that of individual species. This suggests that many species
are potentially detectable at the MS1 level but are systematically overlooked by
conventional shotgun metaproteomic strategies, which prioritize peptides for MS2

fragmentation based on abundance.

In response to these challenges, we explored the application of Data-Independent
Acquisition (DIA) in metaproteomics. We developed and optimized MetaDIA, a novel
workflow for the analysis of microbiome DIA data. MetaDIA operates independently of
DDA-derived spectral libraries, offering a robust alternative that enhances the detection

and characterization of microbial proteins. Our comparative analyses demonstrate that

il



MetaDIA achieves strong consistency with the result from traditional DDA-derived

spectral libraries, both in terms of protein identification and functional annotation.

This work not only highlights the limitations of current metaproteomic methodologies in
capturing the full complexity of microbiomes but also introduces MetaDIA as a promising

strategy for advancing the depth and accuracy of microbial community analysis.
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Chapter 1. General introduction

1.1 Human Gut Microbiome: importance and complexity

1.1.1 A complex “organ”

The human gut represents a semi-closed, nutrient-rich anaerobic system that provides a
conducive environment for microorganisms. Approximately the same number of microbial
cells as human body cells reside within the human gastrointestinal tract[1]. The total dry
weight of bacteria in the body is about 50-100g[1]. These microbes interact with host
cells, perform biological functions, and significantly impact the host's health[2]. Given their
vast numbers and critical biological roles, the gut microbiota is considered an organ in its

own right[3].

The composition of the gut microbiome is remarkably diverse, encompassing viruses,
prokaryotes, and eukaryotes[4]. Genomic studies have demonstrated that the gut of a
healthy individual typically harbors approximately 200 species[5], the majority of which
are bacteria. Due to the diversity of gut microbiome, although the number of cells in the
human gut microbiome is roughly equivalent to that of the host, the size of its genome is
much larger than that of the host[6, 7]. Furthermore, there is significant inter-individual
variability in the gut microbiota, with different individuals hosting distinct microbial
communities. This variability contributes to the continuous expansion of the reference
gene library for human gut microbiota. The latest human gut genome catalog includes
4,744 genomes[8], which significantly surpasses the number of species found in any
single individual. However, it is important to note that despite differences in species
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composition, the functional capacity of these microbiomes is predicted to be highly

conserved[9-11].

1.1.2 Human gut microbiome and healthy

The human gut microbiome performs numerous roles in maintaining human health and
is related to many diseases such as obesity[12], chronic kidney disease (CKD)[13] and
inflammatory bowel disease (IBD)[14]. The gut microbiome produces an extensive array
of metabolites, some of which have been shown to be important to human health. For
example, short-chain fatty acids (SCFAs) are produced primarily through the fermentation
of dietary fibers by the anaerobic bacteria in the colon and play a crucial role in host health.
SCFAs provide an important source of energy for the body. Butyrate is the main energy
source for colonocytes[15]. Increasing fiber intake or oral butyrate supplementation has
been shown to reduce obesity and improve insulin sensitivity[16]. The gut microbiota is
capable of metabolizing tyrosine and tryptophan into p-cresol and indole, respectively.
These substances will be absorbed by the intestines and subsequently metabolized by
the liver into p-cresol sulfate and indoxyl sulfate, which are uremic toxins and can cause

renal damage and kidney disease[17, 18].

The gut microbiome is also associated with the intestinal barrier, serving as the first line
of defense. A healthy microbiome can inhibit pathogen colonization through several
mechanisms, including direct killing, competition for limited nutrients, and enhancement
of immune responses[19]. Furthermore, the integrity of the gut barrier, particularly its
mucus component, relies on the maintenance by gut microbiome. Mucus is primarily

composed of mucins, which are host-produced glycoproteins[20]. The gut microbiome



possesses a rich array of glycan-degrading enzymes, enabling them to utilize mucin as
an energy source and produce SCFAs[21]. This interaction between mucus and the
intestinal microbiota establishes a dynamic equilibrium. A diet devoid of fiber can lead the
microbiome to excessively exploit mucus, resulting in gut barrier dysfunction[22].
Conversely, in germ-free mice, the absence of microbiota consuming the mucus results
in a thicker and more viscous mucus layer that is paradoxically more penetrable, allowing

harmful substances to cross the gut barrier more easily[23].

Given the relationship between the microbiota and health, some pharmaceuticals and
therapeutic approaches targeting the gut microbiome have been developed and
implemented. Clostridioides difficile, a pathogen capable of producing toxins that lead to
intestine infections (C. difficile infection, CDI), is traditionally treated with antibiotic
medications such as vancomycin or fidaxomicin[24]. However, antibiotics are ineffective
against C. difficile spores and concurrently disrupt the microbiome, resulting in a
recurrence rate of 45—-65% of patients after antibacterial therapy[25]. Faecal microbiota
transplantation (FMT), which involves the transfer of feces from a healthy donor to a
recipient, has been utilized to decrease the risk of CDI recurrence. Nonetheless, the
efficacy of FMT is inconsistent. In response, RBX2660 was developed and has received
FDA approval[26]. RBX2660 is a live fecal microbiota suspension derived from donated
human fecal matter for rectal administration. Subsequently, SER-109, an orally
administration product focusing on a narrower consortium of microbes, has also shown
positive results and received FDA approval[26]. Another preclinical study in mice has

demonstrated that the addition of competitive inhibitors can significantly inhibit the



production of the gut microbiota-associated uremic toxin precursor, p-cresol, thereby

alleviating chronic kidney disease[27].

1.1.3 Methods to study human gut microbiome

Due to the fact that the majority of gut microbes are uncultivable[28], it is challenging to
study individual species by isolation. The prevalent approach involves examining the gut
microbiome as a whole, which facilitates understanding the interactions among different
species. Human fecal samples are commonly used for studying the gut microbiome. The
advantage of using fecal samples is their ease of collection; however, they have several
drawbacks, including poor sample stability, susceptibility to various interfering factors, and
significant variation in sample quality depending on the method and timing of
collection[29]. Moreover, it is difficult to assess the impact of exposure factors on the gut
microbiota using these samples. An alternative strategy involves simulating the gut
environment and cultivating gut microbial community in vitro. These in vitro culture models,
which allow for controlled experimental conditions, can produce highly reproducible
results[30]. Some models support high-throughput experiments while maintaining the
stability of taxonomic and functional composition, thereby facilitating research into the

effects of exposure factors, like drugs, on the gut microbiome[31, 32].

The current methodologies for studying the gut microbiome primarily involve nucleic acid
sequencing techniques such as 16S rRNA gene sequencing[33], metagenomics[34], and
metatranscriptomics[35], as well as mass spectrometry-based approaches like
metaproteomics and metabolomics[36]. The first three techniques enable the high-

throughput and rapid acquisition of information on the microbiome taxonomic composition



and their relative abundance through DNA or RNA sequencing. Moreover, metagenomics
and metatranscriptomics can provide insights into the potential functions of the
microbiome. However, not all genes are expressed, and not all mRNA transcripts are
translated into proteins. Thus, the functional information obtained from gene sequencing
technologies represents only the potential capabilities. Research has found that there is

a very low correlation between the results of proteomics and transcriptomics[37, 38].

Therefore, proteomics and metabolomics are essential tools in studying the function of
the microbiome. Some metabolites derived from the gut microbiome, such as SCFAs[39],
trimethylamine N-oxide (TMAO), secondary bile acids[40], and tryptophan derivatives[41],
significantly impact the host's health. While identifying and quantifying these metabolites
is important, it is crucial to understand the mechanisms of their production and their
effects under conditions of health or illness. Metaproteomics, capable of quantitatively
analyzing thousands of proteins simultaneously, can provide the necessary information

to elucidate these biological processes.

1.2 Metaproteomics: A Continually Optimized Method

Metaproteomics is a specialized branch of proteomics. It extends the approach to the
study of proteins from complex microbial communities rather than a single organism. The
research objective of bottom-up metaproteomics are peptides. These peptides,
originating from the intricate microbiome system, exhibit a substantial dynamic range in
their abundance (the ratio between the maximum and minimum values). For instance, a
peptide derived from a high-abundance species and protein will exhibit a significant

disparity compared to one from a low-abundance species and protein. This variance in



abundance at the species level is absent in the proteomics of a single species. Similar to
conventional mass spectrometry-based proteomics, metaproteomics encompasses
several critical processes, including protein extraction, protein digestion, mass
spectrometry analysis, protein identification and quantification, and subsequent

taxonomic and functional analysis.

1.2.1 Protein extraction

Many microorganisms possess cell walls that render conventional protein disruption
methods ineffective for the extraction of bacterial proteins[42]. According to previous
studies, mechanical cell disruptions, such as bead beating or ultrasonication, are required
for exhaustive protein extractions from human gut microbiome[43]. Additionally, it is found
that different lysis buffers can selectively extract proteins from either Gram-positive or

Gram-negative bacteria due to variations in cell wall thickness[44].

For the studies of the human gut microbiome, fecal samples are most commonly used.
The composition of feces can be influenced by diet and drug intake, making the selection
of an appropriate microbial cell extraction protocol critical. Food debris may contain
contaminant proteins, inorganic salts, drug molecules and their metabolites, and natural
compounds, all of which could potentially interfere with protein digestion efficiency.
Therefore, employing phosphate-buffered saline (PBS) or normal saline to wash and

centrifuge the sample multiple times is essential to mitigate these effects[45].

1.2.2 Mass spectrometry analysis

The proteins extracted from the microbiome are enzymatically digested into peptides,

which are subsequently ionized and injected into a mass spectrometer. The peptides
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mass-to-charge ratio (m/z) and relative abundance are measured and recorded in MS1.
Additionally, tandem mass spectrometry (MS/MS) is employed to selectively fragment
peptides in the gas phase and to measure the m/z of the generated fragments, further
aiding in the determination of peptide sequences. The comprehensive data obtained from
the mass spectrometer are analyzed with bioinformatics tools, comparing the observed
spectra against theoretical or database spectra to infer the sequence information of the

peptides, thereby elucidating the protein composition of the microbiome.

There are two major methods in bottom-up proteomics: data-dependent acquisition (DDA)
and data-independent acquisition (DIA). DDA is extensively used in metaproteomics,
whereas DIA, a more recent approach, has not yet to be extensively applied. In DDA, the
most intense peaks in the MS1 are selected for fragmentation and identification. Thus,
DDA a bias based upon abundance is introduced. The selection of low abundant peptides
is usually stochastic in DDA. As well, a complex background can decrease the sensitivity
in DDA mode[46]. Strategies like dynamic exclusion and match-between-run (MBR) has
been used to increase the identification rate of DDA[47]. Nevertheless, when DDA is used
to analyze complex samples having a larger dynamic range of proteins like microbiota
communities, a great deal of information from low-intensity peptides may be lost. To the
best of our knowledge, the largest number of peptides identified in a single metaproteomic
study is approximately 45,000 using an ultra-deep analysis method with DDA mode[48].
This method requires a pre-fractionation before loading samples onto the MS and much
longer MS run times. Despite these measures, it remains noncomprehensive.

Considering the high diversity of the human gut microbiota, many peptides remain to be



characterized. Therefore, the depth and resolution of MS-based metaproteomics by DDA

mode on the human microbiota need to be evaluated and improved.

In contrast, the DIA approach simultaneously isolates and fragments peptides per m/z
selection windows, collecting all the fragments ions indiscriminately[49]. All the peptides
in the specific window can be fragmented thus introducing no bias during sampling,
including those peptides that lack detectable precursors in MS1[50]. In experiments
involving large sample sizes, the randomness inherent in the DDA mode results in a
significant number of missing values. Consequently, despite the total number of identified
peptides increased by the number of samples, the subset of peptides available for
analysis may remain constant or even decrease. Conversely DIA data act akin to a library,
compiling all peptide fragments, thereby demonstrating notable robustness, sensitivity,

and reproducibility, with fewer missing values[51].

The DDA mode typically necessitates extended chromatographic gradients to diminish
the complexity in MS1, thereby facilitating deeper detection. Whereas the DIA mode does
not require this. The DIA mode can be integrated with microLC which enables high-
throughput analysis[52]. Consequently, this attribute renders it especially appropriate for
performing large-scale analyses. The DIA-PASEF[53] method incorporates ion mobility
separation into the DIA workflow, introducing a fourth dimension of ion mobility analysis
to the conventional three-dimensional dataset (retention time, m/z, intensity). This
enhancement not only augments the structural information of analytes but also improves
ion utilization efficiency by exploiting the linear relationship between ion mobility and the
m/z. An enhancement in the scanning speed of mass spectrometers has facilitated the

use of narrower isolation windows in DIA, a technique referred to as narrow-window
8



DIA[54]. This method employs a scanning speed of approximately 200 Hz, utilizing 2-Th
isolation windows, which approaches the isolation windows typically used in DDA mode.
With this approach, a duty cycle that spans from 380 to 980 m/z requires only about 1.5
seconds to complete. This technique effectively blurs the distinction between DIA and
DDA, achieving comprehensive coverage of peptide precursors as well as high levels of

quantitative precision and accuracy.

Given the advantages of DIA introduced above, it has become increasingly popular in

regular proteomics. However, the benefits of these techniques have not been fully
realized in the field of metaproteomics. The primary challenge lies in the requirement to
use the information from the mass spectrometer to find the best matching peptides within

an extensive database of proteins potentially present in a complex and unknown samples.

1.2.3 Reference database

As previously mentioned, in proteomics, the identification of peptides relies on comparing
the mass spectra with theoretical fragments, which are derived from protein sequences

obtained through genomic sequencing.

One study individually sequenced sample to construct a matched database from
metagenomic sequencing results[55]. Additionally, other research has involved manually
selecting potential genomes contained within the samples and combined them into a
metagenome database[56]. However, performing metagenomic sequencing on each
sample significantly increases the cost of metaproteomics, thereby impeding its

widespread adoption.



Several metagenomics projects have endeavored to construct a comprehensive
database for general use by employing large sample sizes. The Metagenomics of the
Human Intestinal Tract (MetaHit) project[57] includes samples of the gut microbiota from
124 Europeans, while the Human Microbiome Project (HMP)[58] encompasses samples
from 136 Americans. A subsequent study, Integrated Gene Catalog (IGC) merged these
two databases with additional newly sequenced data, resulting in a database that
contains thousands of samples from three continents[6]. Ultimately, the IGC database
comprises over 9 million genes. But the IGC aggregated all genes into a single file without
providing taxonomic information for each gene which caused inconvenience for

subsequent taxonomic and functional analysis.

In a more recent study, the Unified Human Gastrointestinal Genome (UHGG) project
significantly expanded the sample size by integrating sequencing results from over 500
human gut-related bacteria and three metagenomics datasets[8]. The number of proteins
contained within the UHGG database is twice that of the IGC. Furthermore, the UHGG
database has binned proteins into 4,744 representing genomes, referred to as
metagenome-assembled genomes (MAGs). Each protein is not only linked to taxonomic
information through eggNOG annotations but also functional information, substantially

facilitating subsequent taxonomic and functional analysis.

The databases mentioned above are constructed from metagenomic sequencing data to
create theoretical protein libraries. As they encompass an increasingly large number of
samples, the databases become more comprehensive. However, this characteristic
serves as both an advantage and a disadvantage. The extensive databases consume

significant computational resources during matching spectra to peptides. Furthermore,
10



since the identification of peptides relies on a target-decoy strategy, the vast search space
leads a high number of random matches. This situation makes it challenging to find true
peptide-spectrum matches (PSMs) when applying a false discovery rate (FDR) control. It
is important to note that not all genes are expressed, and not all expressed proteins can

be detected. Ideally, a database should contain all expressed proteins that are detectable.

The MetaPep database has a different perspective summarize the identification results
from 2,134 samples across 415 individuals[59]. It constructs a core peptide database
using all identified peptides. This database contains approximately 1 million high-
detectability peptides, which extremely reduces the search space. However, the results
from MetaPep are limited by the detection depth of the current DDA based data and the
representativeness of the samples. Applying it to deep metaproteomics or a broader

range of samples may result in a lower number of identified peptides than expected.

1.2.4 Database searching strategy and software for DDA data.

In mass spectrometry-based proteomics, the information of peptides and its fragments
including retention time, abundance and m/z will be recorded in the mass spectra. The
peptide identification relying on matching the experimental spectra to the peptide
sequence based on the information above. However, not all identified spectra perfectly
match known peptides from the database. Some matches can be random noise or
incorrect assignments. To distinguish the true matches from the random matches, the
target-decoy strategy is commonly used[60]. In this method, a decoy databased, which is
a reversed or scrambled version of the original (target) database, is created. The

experimental spectra will be searched against both the target and decoy databases. Hits
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to the decoy database serve as a control to estimate the FDR of identifications, allowing
researchers to filter results based on a desired level of confidence and thus enhancing

the reliability of peptide identification.

As previously mentioned, the reference gene database of the human gut microbiome is
excessively large, which necessitates substantial computational resources and elevates
the rate of Type Il errors (false negatives)[45]. In response to this, the iterative searching
strategy has been gradually established in metaproteomics. Jagtap et al.[61, 62] firstly
introduced a two-step searching method and applied it on oral microbiome. In this method,
the first search was performed in a target-only version where all the peptide sequence
matched to the target database will be collected to construct a much smaller database for
the second search. In the second search, a strict FDR control using decoy database will
be applied to ensure the matching accuracy. Zhang et al.[63] applied this strategy on gut
microbiome using IGC as the database in the first search. They built a workflow named
MetaPro-IQ and enabled comparable identifications with the matched metagenome
database search strategy. The strategy was further implemented in MetalLab, a user-
friendly software enabling an integrated pipeline including taxonomic and functional
analysis[64]. In the subsequent updated versions, MetalLab 2.0 has added the function of

open searching, enabling identification of post-translational modified peptides[65].

However, in those methods, the first search inevitably involves using a large database
like IGC which cost a lot computing resource. Stamboulian et al.[66] introduced a novel
iterative searching method. They do the first search only using the high-abundance
proteins (HAPs) (ribosomal proteins and elongation factors) which is a much smaller

searching space compared to using the whole genomes. The result of the first search will
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be used to infer the taxonomic composition of the underlying microbiome samples. The
second step is to expand the search database by including all proteins from identified
species. This method is faster and identifies more peptides than MetaPro-1Q probably
due to the concise searching space. The latest version of MetaLab, MetaLab MAG
adopted this strategy and integrated it with the more comprehensive UHGG database[67].
In addition to theses methods, there are some attempts using de novo peptide
sequencing independently of protein database[68, 69]. This method can identify
sequence variants, such as single nucleotide polymorphisms (SNPs) or mutations, which

may be missed by database searching methods.

1.2.5 Database searching strategy and software for DIA data.

Currently, DDA continues to dominate the field of metaproteomics. The adoption of DIA
in metaproteomics is still limited. The search strategies for DIA data can be categorized
into library-based and library-free approaches. The library-free strategies are further

subdivided is into spectrum-centric and peptide-centric methods.

The library-based approach involves analyzing samples using DDA to collect spectra of
identified peptides, which are then used to construct a spectral library for DIA searching.
This strategy has been used in some metaproteomics research[70-72]. Typically, this
method generates a very small library, costing fewer computing resources and its results
also inherit the advantage of fewer missing values in DIA data. However, the drawbacks
of this approach are significant. It necessitates processing samples twice, thereby

consuming both samples and mass spectrometry time. Moreover, this method is limited
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to identifying peptides that have been previously identified in DDA mode, thus not fully

exploiting the potential for deeper analysis offered by DIA.

The spectrum-centric algorithms identify peptides by initially associating each individual
spectrum with a corresponding peptide sequence. The conventional searching strategy
for DDA data can be classified as spectrum-centric[73]. When applying this strategy for
DIA data, which is spectrum-centric library-free approach, it often involves deconvoluting
DIA data into pseudospectra. Each pseudospectrum corresponds to a single peptide,
similar to DDA data. Consequently, this enables the utilization of conventional DDA search
strategies for the analysis. Tools using this strategy, such as DIA-Umpire[74] and Group-
DIA[75] have been developed. However, due to the complexity of DIA data, there is
currently no algorithm capable of perfectly reconstructing DIA data into DDA data. Pietila
et al.[76] applied DIA-Umpire in microbiome data, resulting in a fewer number of identified

peptides than a typical DDA experiment[63].

An increasing number of algorithms adopt a peptide-centric strategy to handle DIA data.
Unlike spectrum-centric approaches, peptide-centric approaches query the data for the
best supporting evidence of detection for each query peptide. Many tools have been
developed using this strategy such as FT-ARM[77], PECAN[78] and DIA-NN[79].
Currently, DIA-NN using deep neural networks to distinguish between the target and
decoy precursors is the state-of-art tool for peptide identification from DIA data. However,
this strategy has not yet been applied in metaproteomics. Because the query unit in
peptide-centric strategy is peptide instead of spectrum, the computational work will
increase as the size of the database grows. Applying the strategy directly on database of

human gut microbiome is almost impossible. Based on genomic data, the average human
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gut microbiome contains approximately 200 species[5]. Even employing the HAPs-guided
method to extract potentially present MAGs, the size of the resulting database still
exceeds the processing capabilities of current DIA search algorithms. Consequently,
there is an urgent need for a more powerful strategy to reduce the search space for DIA

metaproteomics.

1.3 Rationale and Hypothesis

The human gut microbiome constitutes a complex system intricately linked to health.
Metaproteomics serves as a crucial approach for investigating the gut microbiota. Despite
its widespread application, the depth of detection achieved by metaproteomics has not
yet to be evaluated. | hypothesize that current metaproteomic DDA-based approaches
may predominantly profile high-abundance species, leaving many others poorly
characterized. Furthermore, | hypothesize that an appropriate database reduction method
could facilitate the use of DIA in metaproteomics, thereby enhancing the analytical depth

of metaproteomic studies.
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Chapter 2. Assessing the dark field of metaproteome

Preface

To validate our first hypothesis, in this investigation, we endeavored to assess the depth
of existing DDA-based metaproteomic methodologies. We prepared various samples by
mixing E. coli with a microbiome in differing ratios, thus creating a gradient of E. coli
abundance within these samples. The same analytical procedure was applied across all
samples to maintain consistency in our examination. Our objective was to ascertain the
current DDA-based metaproteomics' capability in detecting species of varying
abundances and to determine the detection threshold for individual species. The findings
of this study may unveil deficiencies in current methodology, laying the groundwork for

our subsequent research endeavors.

The following chapter consists of a research article for which | am the primary author. The

article was published in Analytical Chemistry.

H. Duan, K. Cheng, Z. Ning, L. Li, J. Mayne, Z. Sun, D. Figeys, Assessing the Dark Field

of Metaproteome, Anal Chem 94(45) (2022) 15648-15654.

HD, DF and LL developed the concept and designed the experimental outline. HD
performed the experiment. HD and KC performed bioinformatics analysis. ZN and ZS

provided conceptual advice on data analysis. HD, JM and DF wrote the manuscript.
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2.1 Abstract

The human gut microbiome is a complex system composed of hundreds of species and
metaproteomics can be used to explore their expressed functions. However, we do not
know the minimal abundance of a bacterium in a microbiome(depth) that can be detected
by shotgun metaproteomics. In this study, we spiked '®N-labelled E. coli peptides at
different percentages into peptides mixture derived from the human gut microbiome to
evaluate the depth that can be achieved by shotgun metaproteomics. We observed that
the number of identified peptides and peptide intensity from '°N-labelled E. coli were
linearly correlated with the spike-in levels even when '>N-labelled E. coli was down to 5%
of the biomass. Below that level, it was not detected. Interestingly, the match-between-
run strategy significantly increased the number of quantified peptides even when '°N-
labelled E. coli peptides were at low abundance. This is indicative that in metaproteomics
of complex gut microbiomes many peptides from low abundant species are likely

observable in MS1 but are not selected for MS2 by standard shotgun strategies.

2.2 Introduction

The human gut microbiome is an important factor for human health and its dysbiosis is
related to many chronic disease[80]. The gut microbiome is a complex system having a
relatively equal number of cells to that of its host[1, 81]. Metagenomics has been
commonly used in human microbiome studies[6, 34]. Whereas it only reveals the
functional potential of the microbiome, metaproteomics can reveal direct functional
information and is more suitable to study functional alterations. However, the analysis of

lower abundant proteins by metaproteomics remains an issue.
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Genome sequencing has revealed that a healthy individual harbours around 200 bacterial
species in their guts[5, 57]. However, bacterial abundances in the microbiome are not
uniform with a few species forming the bulk of the microbiome[57]. Therefore, most
bacteria species in a microbiome are of low abundance and their proteins would also be
in low abundance. Although gene copy number does not exactly correspond to protein

biomass, it highlights the high diversity of the human gut microbiome.

The protein analysis depth that can be achieved by metaproteomics for the human gut
microbiome is not well understood. Data-dependent acquisition (DDA) is extensively used
in metaproteomics. In DDA, the most intense peaks in the mass spectrometer (MS)' are
selected for fragmentation and thus a bias based upon abundance is introduced. The
selection of low abundant peptides is usually stochastic in DDA. As well, background
proteins can decrease the sensitivity in DDA mode[46]. Strategies like dynamic exclusion
and match-between-run (MBR) can be used to increase the identification rate of DDA.
Nevertheless, when DDA is used to analyze complex samples like microbiome
communities, a great deal of information from low abundance peptides may be lost. To
the best of our knowledge, the largest number of peptides identified in a single
metaproteomic study is approximately 45,000 using an ultra-deep analysis method with
DDA mode[48]. This method requires a pre-fractionation before loading samples onto the
MS and much longer MS run times. However, in this study, a single bacterial species
generated ~45% of those peptides. Considering the high diversity of the human gut
microbiome, many peptides remain to be characterized. Therefore, the depth and

resolution of MS-based metaproteomics on the human microbiome need to be evaluated.
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In this study, we labelled an E. coli strain with '°N, then mixed the heavy-labelled E. coli
peptides with unlabeled human gut microbiome peptides at different percentages. We
then evaluated the performance of the DDA mode for the detection of ®N-labelled E. coli
peptides at the different spike-in percentages. We also evaluated the MBR strategy used

in DDA.
2.3 Experimental section

2.3.1 Bacteria culture and "N heavy labelled E. coli.

The Escherichia coli (DSM 101114; Leibniz Institute DSMZ- German collection of
microorganisms and cell cultures) powder was rehydrated in LB broth (Millipore Sigma,
ON, CAN) then streaked onto sheep blood agar (tryptic soy agar (Fisher Scientific, ON,
CAN) with 5% (v/v) sheep blood (Cedarlane, ON, CAN)) and was anaerobically cultured
at 37°C overnight. One isolated colony was transferred into N media (Cambridge
Isotope Laboratories, Inc. CGM-1000-NS, QC, CAN) and cultured at 37°C for 30 hours.
The samples were centrifuged at 14,0009 at 4°C for 5 mins to pellet the cells. After the
supernatant was removed, the pelleted cells were washed with ice-cold 1X phosphate-
buffered saline (PBS; pH 7.4) three times and pellets were stored at -80°C prior to protein

extraction.

Blautia hydrogenotrophica (DSM10507; Leibniz Institute DSMZ) and Bacteroides
uniformis (ATCC8492; Cedarlane, ON, CAN) were processed in the same method but

cultured in N medium.
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2.3.2 Human stool microbiome.

The Human stool was collected from a healthy adult volunteer at the University of Ottawa,
Ottawa, ON, CAN. The protocol (# 20160585-01H) was approved by Ottawa Health
Science Network Research Ethics. Briefly, the fresh stool was resuspended to 20% (w/v)
in cold PBS containing protease inhibitors, then mixed with 2.5-mm glass beads. The
fecal slurry was centrifuged at 700 g, 4°C for 5 mins to remove debris. The supernatant
was collected and centrifuged at 14,000 g for 30 mins. The pellet was then resuspended
with cold PBS and centrifuged for another 30 mins at 14,000 g, 4°C. The pellets were

stored at 80°C for protein extraction.

2.3.3 Cultured microbiome.

The culture was based on our previous published method[32]. Briefly, 100 L fecal
inoculum was mixed with 900 pL optimized medium in a 96-well plate. All the operations
were carried out in an anaerobic chamber. Bacteria were harvested after 24-hours culture
at 37°C. Following culture, the plate was centrifuged at 2272g at 4°C for 45 mins. The
supernatant was removed. With the plate sitting on ice, 1 ml cold PBS was added to each
well and mixed thoroughly to wash the cells. Two additional washes were carried out. The
plate was centrifuged at 300g at 4°C for 5 mins to spin down the debris following each
wash. Following the 300g spins, the cell suspension was centrifuged at 2272g at 4°C for
45 mins. The supernatant was removed. Cell pellets were stored at -80°C for protein

extraction.
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2.3.4 Protein extraction and tryptic digestion.

Bacteria cells were lysed in lysis buffer (6 M urea (Millipore Sigma) in 50 mM Tris-HCI
buffer (pH = 8.0; Millipore Sigma), 4% (w/v) sodium dodecyl sulfate (SDS; Millipore
Sigma), and Roche PhosSTOP™ and Roche cOmplete™ Mini tablets). The bacterial
lysate was ultrasonicated for 10 mins at 8°C (Q125 Qsonica, USA) using a round of 10 s
ultrasonication and 10 s cooling down at 50% amplitude. The lysate was centrifuged at
16,000 g to remove the debris. Total protein was precipitated by adding ice-cold
acetone/ethanol/acetic acid (50:50:0.1; Fisher Scientific) at a 1:5 (v/v) overnight at -20°C.
Proteins were pelleted at 16,000g and 4°C. Protein pellets were washed with 100%
acetone three times and pellets were dissolved in 6 M urea, 50 mM ammonium
bicarbonate (pH 8.0; Millipore Sigma). Protein concentration was measured by the
detergent compatible (DC) assay (Bio-Rad, USA). 50 ug of protein was reduced and
alkylated with 10 mM dithiothreitol (37°C for 1 h) and 20 mM iodoacetamide (room
temperature in the dark for 45 min). After 10x dilution with 50 mM ammonium bicarbonate
(pH 8.0), the protein was digested by 1 ug trypsin (Worthington biochemicals, USA) per
50 pg proteins at 37°C for 24 h. Peptides were desalted by 10 um C18 column (Dr.Maisch
HPLC GmbH, Ammerbuch, Germany). After freeze-drying, each sample was re-dissolved

in 0.1% (v/v) formic acid (Millipore Sigma).

2.3.5 Generation of serial dilution mixtures.

Peptide concentrations were measured using Thermo Scientific™ Pierce™ Quantitative
Colorimetric Peptide Assays according to the manufacturer’s directions. The serial dilution

mixtures were prepared from 0.0005% to 100% of '°N labelled peptides with triplicates.
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Dried peptide mixtures were dissolved into an equal volume of 0.1% (v/v) formic acid

before MS analysis.

2.3.6 LC-MS/MS analysis.

Samples were analyzed by an UltiMate 3000 RSLCnano system (Thermo Fisher
Scientific, USA) coupled to Orbitrap Exploris 480 mass spectrometer (Thermo Fisher
Scientific, USA). Peptides were loaded onto a tip column (75 pym inner diameter x 15 cm)
packed with reverse phase beads (3 um/120 A ReproSil-Pur C18 resin, Dr. Maisch HPLC
GmbH). A 60-min gradient of 5 to 35% (v/v) from buffer A (0.1% (v/v) formic acid) to B
(0.1% (v/v) formic acid with 80% (v/v) acetonitrile) at a flowrate of 300 yL/min was used.
The mass spectrometer was in data-dependant mode with top15 method. Dynamic
exclusion repeat count was set to one and repeat exclusion duration of 20 s. Peptides are
fragmented using higher-energy collisional dissociation (HCD) with a normalized collision
energy of 30%. MS/MS scans were acquired at a resolution of 15,000 at m/z 200. The full

mass scan was from 350-1200 (m/z). The samples were analyzed in a randomized order.

2.3.7 Database searching and peptides quantification.

The raw files were firstly searched against the human gut microbial IGC (integrated gene
catalogue) database[6] using Metalab 2.0[65] to generate a refined fasta database. The
E. coli database was downloaded from the Uniprot by downloading all protein fasta
sequences of Escherichia coli (strain K12). A combined database of the two databases
above was generated which was used for the open search by pFind 3.0[82] for both SN
and background peptide identification. Enzyme specificity was assigned to trypsin with a

maximum of two missed cleavages allowed. The precursor and fragment ions mass
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tolerance were set to 20 ppm. Carbamidomethylation of cysteine was set as a fixed
modification. The false discovery rate (FDR) for peptide identifications was controlled

below 1% using the target-decoy approach.

The quantification was performed by FlashLFQ[83] with and without MBR. Isotope PPM
tolerance was set at 5. At least 2 isotopes were required. The maximum window for MBR
was 2.5 mins. The peptides intensities used for analysis were raw intensity without any

normalization or scaling.

2.3.8 Functional analysis.

All identified proteins were blasted against the latest Clusters of Orthologous Genes
(COG) database[84]. We carried out compositional analysis using an R Shiny app
(https://shiny.imetalab.ca/playtable/) and calculated the Bray-Curtis distance using the R
package “vegan”. Briefly, the identified proteins were annotated to their COG category.
The intensity of the COG category in each sample was scaled by percentage by the total
intensity. The averages of three replicates were used to represent the COG category
percentage. The distance was calculated using the percentage between the 100% E. coli

sample and the other samples.

2.4 Result and discussion

2.4.1 Experiment overview.

Human gut microbiomes are complex systems composed of hundreds of microbial
species[5]. Metaproteomics has been used to better understand the biology of the gut

microbiome. Nevertheless, metaproteomics principally provides information on the more
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abundant species representing the bulk of the biomass. Here we systematically evaluated
the depth and coverage of the gut microbiome that can be achieved by DDA-based
metaproteomics with 1-hour nano-LC analysis. Briefly, a ">N-labelled E. coli proteome
was spiked at different percentages (w/w) into a background peptide mixture either
directly from human stool or a microbiome isolate following in vitro culture for 24 h[32]
(Figure 2.1). The mixtures were analyzed by HPLC-ESI-MS/MS. The peptides were then
identified for '*N E. coli or the background human microbiome using pFind 3.0 in "*N or
N mode. Unlike studies based on sequencing technologies which provide an indirect
measure of cell numbers[85], MS-based proteomics directly provides protein biomass
information[32]. So, the intensity of >N peptides is expected to be correlated with its

quantity in the peptide mixture.

From the pure '®N-labelled E. coli, on average, 22,148 °N labeled peptides (identification
rate: 67%, Figure 2.2a) were found across 3 replicates, while only around 1,000 "N
peptides were identified (identification rate: 2.80%). This suggested a high labelling
efficiency of the E. coli culture. In contrast, 16,000 peptides were identified from the
background microbiomes in the absence of ""N-labelled E. coli which is comparable to

previous studies (Figure 2.2a, and Supplementary Figure 2.2a)[32].
2.4.2 The number of identified peptides was correlated with concentrations of
spiked-in labelled peptides.

As expected, as the concentration of spike-in N E. coli peptide decreased, fewer SN-
labelled peptides were detected. On average 117 and 173 peptides were identified for

1SN-labelled E. coli spiked at 0.5% in the two background microbiomes (Figure 2.2a and
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Supplementary Figure 2.2a). However, when "®N-labelled E. coli was spiked at 0.1% or
lower, the identification of '°>N-labelled peptides was nearly impossible. The number
(logged) of quantified '>N-labelled E. coli peptides was linear-correlated with the spike-in

percentage (logged) from 0.5% to 100% (Figure 2.2b and Supplementary Figure 2.2b).

Due to the diversity of bacteria size and mass, it is difficult to identify the biomass
composition of the human microbiome. However, the gene expression composition can
be used as a reference. One sequencing study including 120 healthy adults found that
each individual harboured, on average, 186 species-level phylotypes (SLPs)[5]
(Supplementary Figure 2.3a). Only around 30 SLPs had an abundance over 0.5%
(Supplementary Figure 2.3b). Moreover, those high abundant species (> 0.5%) account
for more than 80% of the total abundance (Supplementary Figure 2.3c). That means the
gut microbiome is dominated by several very high abundant species (Supplementary
Figure 2.4) and most species may represent less than 0.5% of the biomass in the
microbiome and are undetectable in DDA mode using the parameters of this experiment.
However, in regular experiments, that doesn’t mean we will lose all the information of the
species whose abundance are lower than 0.5%. Because some of the peptides are
shared across many bacteria. The intensity of a shared peptide is contributed to all the

species containing the peptide including the low abundant species.

In DDA mode, the mass spectrometer is unlikely to consistently select the same ions for
fragmentation across multiple experiments. Fortunately, it is possible to infer the
identification of peptides across multiple runs using retention time and parent m/z
information using the function match between runs (MBR)[83, 86]. This function is clearly

beneficial for lower concentrations of spike-in >N E. coli and, in particular, from 5% to 0.5%
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(Figure 2.2c and Supplementary Figure 2.2c). At an E. coli spike-in of 0.5%, over 98% of
peptides were from transferred peptide-spectrum matches (PSMs). We observed a
sudden decrease in the number of transferred peptides when the '°N peptides percentage
was below 0.5%. That is likely due to a threshold of the MBR algorithm and the 0.5%
spike-in approaches that threshold. Even so, the MBR strategy showed a remarkable

effect on microbiome analysis.

2.4.3 Spike-in composition of 1°N E. coli peptides can be quantified accurately.

In this experiment, the decrease of total peptide intensity is due to the decrease of the
number of detected peptides and the decrease of their concentrations. Interestingly, a
positive linear relationship was observed between the total >N peptide intensity versus
the spike-in percentage of E. coliin the background microbiome (Figure 2.2b). This means
that the MS can be used to accurately characterize the biomass contributed by individual
bacterial species in a microbiome. The biomass of the same source measured by MS is
totally comparable across samples/conditions. Nevertheless, in the regular experiment
without the "N labelling, it would be very hard to assign all the peptides to E. coli as many

of the peptides would be also present in other species.

We then evaluate the quantification of each peptide. We defined the limit of repeatability
(LOR) for each '°N-labelled peptides as the lowest mixture percentage at which it is
quantified in at least 2 out of 3 replicates. Peptides observed in only one of the three 100%
E. coli replicates were considered as false identification and excluded in this analysis
(prior MBR, 20,224 peptides remained). Interestingly, there was a strong correlation

between the peptide intensity observed in the 100% "N E. coli sample and their LOR
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(Figure 2.2d and S2d). Those results showed that high abundant peptides have lower
LORs which reinforced the character of DDA. Most peptides had their LORs at 50%. Only
a fraction of peptides (121 and 81 for each group) can reach LORs of 0.5%. The
distribution of peptides among LOR groups can be partially explained by the distribution
of the peptide intensity. The average logz intensity of E. coli peptides is around 25 which
is close to the 50% group (Figure 2.2d). We also found that low-intensity peptides always
had high LORs, but not all the high-intensity peptides had low LORs (Figure 2.2d). Some
high-intensity peptides have their LORs at 100%. That means one peptide selected at
100% is not necessarily found at 50% even if its intensity is higher than most of the
peptides in the 50% group. Even so, the low LOR peptides showed good reproducibility.
Most low LOR sequences were shared in both protein backgrounds (Supplementary

Figure 2.5).

We selected all the peptides whose LORs could reach 0.5% and analyzed their correlation
with E. coli percentage. Because the LOR could accept one missing value, we employed
a robust regression model which can assign the missing value a lower weight[87]. The
result showed that most of the correlations for these peptides had R? values > 0.99
(Supplementary Figure 2.6) with the lowest R? value = 0.93. Although only a small number
of peptides can be detected in the 0.5% spike-in sample, all the identified peptides can

be quantified accurately.
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2.4.4 The functional composition based on detected peptides is not consistent

across all the percentages.

As fewer N peptides were found in the low spike-in percentage samples, we questioned
whether the microbiome functional profile could be maintained. We annotated the
detected protein group to each COG category. We found that as the percentage of spike-
in decreased, some COG categories disappeared. And there was significant alteration
across samples (Supplementary Figure 2.7). We used Bray-Curtis distance to describe
the dissimilarity of COG composition between each sample and 100% E. coli sample. The
distance was significantly increased when the spike-in percentage was below 50%

(Supplementary Figure 2.8).

This result showed that the current DDA-based metaproteomics approach may not
achieve sufficient depth to study the functional composition of low abundance species. Of
note, when studying taxon-specific functional profiles, approach that we applied enabled

accurate between-sample comparisons of functions of higher abundance taxa.

2.4.5 Evaluation of match-between-run.

MBR is a strategy using retention time and mass to charge ratios to transfer PSMs across
samples. It is based on the assumption that the samples in the same batch are all similar
and their proteins belong to the same proteome. The power of MBR depends on data
quality and sample number which vary in different experiments. In this study, the three
100% "°N E. coli replicates were an ideal reference for MBR. Using this approach, we
noticed that the number of quantified peptides was increased significantly and the bias

favouring high-intensity peptides reduced (Figure 2.3a). The number of peptides with LOR
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of 0.5% increased 50 folds (stool: from 121 to 5511 and cultured: from 81 to 4146). These
results suggested that MBR can greatly improve the performance of DDA by mining the
information in MS1. It also revealed that peptide features are present in MS1 even for a
bacterium that only represents 0.5% of the biomass. So, in metaproteomics experiment
from gut microbiomes, there are large number of peptides observed in MS1 only within
an MS experiment. Therefore, alternative strategies for the selection of peptides for MS2

analysis might be invaluable for deeper metaproteomics.

To validate this point, we further evaluated how many transferred peptides were reliable.
When not using MBR, all the identified peptides had good linear relationships with E. coli
spike-in percentage (Supplementary Figure 2.5). If the transferred peptides were selected
correctly, they should also have a good linear relationship with E. coli spike-in percentage.
We did linear regression using transferred peptides whose LOR was at 0.5% with E. coli
spike-in percentage. The R? values distribution were not as good as those without MBR
(Figure 2.3b). But to our delight, if we use 0.93 (the lowest R? value when not using MBR)
as the threshold, 2294 (stool) and 1512 (cultured) transferred peptides have good linear
relationships (Supplementary Figure 2.9 and 2.10) between their intensity and the spike-
in percentage indicating that they were likely proper matches. For the 0.5% spike-in
sample, the features added by MBR represents a 20-fold increase in quantified peptides
from 121 to 2294(stool) and 81 to 1512(culture), respectively. This means that the MBR

with proper quality control could be an invaluable approach for deeper metaproteomics.

We further tested whether a MBR based strategy could be developed to go deeper into
the human gut microbiome by focusing on specific reference bacterial strains. To test this

strategy, we performed a proof-of-concept study by performing three consecutive DDA
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analysis of two bacterial strains (Blautia hydrogenotrophica, DSM10507 and Bacteroides
uniformis, ATCC84892) and a human gut microbiome. First, the DDA MS/MS analysis of
the human gut microbiome identified 16488 peptides of which 10 and 15 were from Blautia
hydrogenotrophica, DSM10507; Bacteroides uniformis, ATCC84892. Interestingly, the
MBR transferred another 9597 peptides from the individual analysis of the two bacterial
strains to the human gut microbiome analysis (Supplementary Figure 2.11). Although not
all the transferred peptides were reliable, we showed the potential of this strategy using
the reference samples that are of interest to researchers to increase the quantified

peptides.

2.5 Conclusion

Species representing less than 0.5% of the biomass of a microbiome are not likely to be
detected using top N based DDA approaches in a 1-hour nano-LC metaproteomic
experiment. Although by tweaking parameters, such as gradient time, target value,
resolution and Boxcar, the DDA method could increase the number of identified peptides,
it would be marginal increases in the number of identified species as the top N DDA
experiments are biased towards higher abundance species. We found that although fewer
peptides were found from low abundant bacteria, all the identified peptides could be

quantified accurately.

Gut microbiome samples are very complex with huge dynamic range on each level, and
it is likely that peptides from low abundant species are present in MS1 but are not
prioritized for MS2 analysis in DDA experiments. Therefore, alternative approaches to top

N DDA are needed for deeper metaproteomic analysis. We demonstrated such strategy
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using MBR to match MS1 features between metaproteomics of human gut microbiomes
as well as between specific bacterial strains and human gut microbiomes. We found that
MBR can significantly increase the number of quantified peptides with half of them
appearing to be correct matches and therefore recommend turning on MBR whenever
possible for metaproteomics. This proof-of-concept experiment establishes that MBR is a
promising strategy to increase quantification for low abundant bacteria. It also establishes
that low abundant bacteria are predominantly represented in MS1 spectra and not MS2
spectra during DDA analysis of human gut microbiome. Therefore, further strategies to

characterize these low abundant species are needed.
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Figure 2.1 Experiment setup and identification profile.

a. Experiment workflow. E. coli was cultured in >N medium to label its proteins. Then the
15N-labeled proteome was extracted and digested into peptides. '°N peptides were mixed
at different percentage with peptides from a human gut microbiome. The mixture was

subjected to mass spectrometer analysis. Peptide identification was performed using
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Figure 2.2 Performance of DDA method for peptide identification and quantification

with the stool protein as background.

a. The number of identified peptides in each sample. b. Linear regression between log2
quantified peptide number and log2 of '®N peptide spike-in percentage (blue). Linear
regres-sion between log2 total peptide intensity and log2 of N peptide spike-in
percentage(green). c. The number of quantified peptides in each sample. Peptides
identified directly by database searching (Pfind 3.0) are shown in blue. Peptides
transferred by MBR (FlashLFQ) are shown in red. d. Density plot of the intensity of all

quantified >N peptides (left.). Distribution of LODs for peptide intensity (right). The figures
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above each LOD group represent the number of peptides in each group, which is also

displayed by the color scale.
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Figure 2.3 Performance of DDA method on peptide quantification with match-

between-run.

a. Distribution of LOD on peptide intensity stool microbiome group. The figures above
each LOD group represent the number of peptides in that group, which is also displayed
by the color scale. b. R value from robust regression between log2 peptide intensity and
log2 sample percentage of peptides whose LOD were at 0.5% when performing MBR.
The figures above represent the number of peptides in each group. The figures on both

sides represent the number (percent) of peptides whose R value is larger than 0.93.
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Supplementary Figure 2.1 Number of identified N15 protein groups.

Number of identified N15 protein groups along E. coli concentration with or without match-

between-run in cultured microbiome group (a) and stool microbiome group (b).
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Supplementary Figure 2.2 Performance of DDA method on peptide identification

and quantification with the cultured protein as background.
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a. The number of identified peptides in each sample (Stool). b. Linear regression between

log2 quantified peptide number and log2 percentage (blue). Linear regression between

log2 total peptide intensity and log2 percentage (green). c. The number of quantified

peptides in each sample. Peptides identified directly by database searching (Pfind 3.0)

are shown in blue. Peptides transferred by MBR (FlashLFQ) are shown in red. d. Density

plot of all quantified >N peptides on peptide intensity (left.). Distribution of LODs on

peptide intensity (right). The figures above each LOD group represent the number of

peptides in each group, which is also displayed by the color

scale.
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Supplementary Figure 2.3 Abundance distribution of gut microbiome.

B T
ies (abundance > 0.5%)

a. Species number in each individual. b. The number of species whose abundance over

0.5%. c. Relative abundance of species whose abundance is over 0.5%. The analysis

was based on previously published metagenomic data.
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Supplementary Figure 2.4 Representative microbiome composition.

The three representative microbiome composition plots are based on the previously
published metagenomic data. The pie charts were built by the species-level taxonomies.

Sample indexes from original data are shown in the top left corner.
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Supplementary Figure 2.5 Intersected peptides with LOR at 0.5% between two

groups.
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Supplementary Figure 2.6 R? value from robust regression.

R? value from robust regression between log2 intensity of peptides whose LORs were at
0.5% and E. coli percentage in mixtures (The first figure) and representative linear
regression plot when not performing MBR. (The other eight figures, the first four are from

the cultured microbiome group; the last four are from the stool microbiome group).
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Supplementary Figure 2.7 Evaluation of taxonomy and function analysis.

The COG category composition along with E. coli concentration (Stool microbiome: A;

Cultured microbiome: B).
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Supplementary Figure 2.9 Representative well-fitted linear regression plot from

cultured microbiome group when using MBR.
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Supplementary Figure 2.10 Representative well-fitted linear regression plot from

stool microbiome group when using MBR.
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Supplementary Figure 2.11 The number of quantified peptides.

Peptides identified directly by database searching are shown in blue. Peptides transferred
by MBR are shown in red. DSM10507: Blautia hydrogenotrophica; ATCC84892:

Bacteroides uniformis.
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Chapter 3. Spectral entropy as a measure of the

metaproteome complexity

Preface

In chapter 2, our research substantiated that current DDA-based metaproteomics exhibits
a bias that favors species of high abundance. Moreover, when the abundance of a single
species in the microbiome falls below 0.5%, it becomes undetectable. This indicates that
the detection depth of DDA-based metaproteomics is inherently limited. The question
then arises: what causes this limitation? Is it attributable to insufficient instrument
sensitivity? If the limitation does stem from instrument sensitivity, then employing DIA
would not enhance detection depth, given that the original data lacks information on
species of low abundance. In this study, we employed spectral entropy as a tool to directly
measure the volume of information in the original spectra, providing a feasible basis for

deepening detection depth using DIA mode in subsequent steps.

The following chapter consists of a research article for which | am the primary author. The

article was published on Proteomics.

H. Duan, Z. Ning, A. Zhang, D. Figeys, Spectral entropy as a measure of the

metaproteome complexity, Proteomics 2024:e2300570.

HD and ZN developed the concept and designed the experimental outline. HD and AZ
performed the experiment. HD performed bioinformatics analysis. ZN provided

conceptual advice on data analysis. HD, ZN and DF wrote the manuscript.
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3.1 Abstract

The diversity and complexity of the microbiome's genomic landscape are not always
mirrored in its proteomic profile. Despite the anticipated proteomic diversity, observed
complexities of microbiome sample are often lower than expected. Two main factors
contribute to this discrepancy: limitations in mass spectrometry's detection sensitivity and
bioinformatics challenges in metaproteomics identification. This study introduces a novel
approach to evaluating sample complexity directly at the full mass spectrum (MS1) level
rather than relying on peptide identifications. When analyzing under identical mass
spectrometry conditions, microbiome samples displayed significantly higher complexity,
as evidenced by the spectral entropy and peptide candidate entropy, compared to single-
species samples. The research provides solid evidence for the complexity of microbiome

in proteomics indicating the optimization potential of the bioinformatics workflow.

3.2 Introduction

The microbiome is a complex system, its complex genomic landscape highlights its
inherent diversity[8, 88]. Intuitively, it might be expected that the proteomic profile of the
microbiome would mirror this complexity and diversity. However, the observed proteomic
complexity often does not meet this expectation. In some instances, the number of
peptides identified from the microbiome is even fewer than that from a single species

(Supplementary Figure 3.1a). This discrepancy can be attributed to two primary factors:

1) Limitations in Mass Spectrometry's Detection Sensitivity

The observed complexity by mass spectrometry of the metaproteome is often not greater

than that of single species, due to functional redundancy[10] and the prevalence of shared
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peptides. These shared peptides, collectively expressed across species, dominate the
mass spectrometry detection in data-dependent experiments, analogous to the high
abundance of albumin in plasma samples. Consequently, without enrichment procedures,
detection of less abundant, species-specific peptides becomes challenging, potentially
reducing the apparent complexity of microbiome samples in mass spectrometry analysis

due to the limit on sensitivity of the mass spectrometer.

2) Bioinformatics Challenges in Metaproteomics Identification

Bioinformatics is one of the most challenging aspects of metaproteomics[45]. The huge
size of the database used in metaproteomics increases the probability of random matches.
Given that proteomics employs strategies like false discovery rate and decoy databases
to filter false positives[89], the vast number of false positives can overshadow true
matches, resulting in a low identification rate. Although methods that reduce the database
size have significantly alleviated this issue[62, 63, 65-67], the size of the trimmed
microbiome database remains hundreds of times larger than that of a single species
database, indicating room for further optimization in bioinformatics. Besides, the accuracy

of metagenomic sequencing will directly influence peptide identification.

Comparing the complexity of samples directly based on the number of peptide
identifications is biased because of the differences in the bioinformatics workflows. The
choice of database for searching profoundly influences the results of peptide
identification[90]. Consequently, it is inappropriate to assert that a higher number of
identified peptides corresponds to a greater diversity of peptide species within the sample.

Therefore, we propose a method for comparing the complexity of single organism
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samples and microbiome samples that does not rely on peptide identification and utilises
instead the information available in MS1. In this approach, we evaluate the sample
complexity directly at the mass spectrum level. The MS1 mass spectrum provides a
deeper profile of the peptides present in the sample, giving valuable information about
peptide ions, which is an ideal material for our comparative analysis. Spectral entropy,
borrowing the concept of entropy from information theory, can be utilized to assess the
complexity and informational content of a mass spectrum. A high spectral entropy value
indicates a more uniform distribution of signals within the mass spectrum, signifying the
presence of a diverse array of molecules in the sample; conversely, a low spectral entropy
value may suggest that the signals are concentrated on a few ions, potentially indicating

high sample purity or the analysis of a singular molecule.

In the present study, we conducted a comparative analysis of the human gut microbiomes
and single strains at the MS1 level. To evaluate the complexity of the samples, we
quantified various parameters, including the number of peaks in the spectra, spectral
entropy, and the count of peptide features. Furthermore, we developed a computational
tool to facilitate the calculation of spectral entropy. Our findings illustrate that spectral
entropy is an effective and straightforward metric for assessing the complexity of

microbiome samples.

3.3 Materials and methods

3.3.1 Sample preparation

The human stool was collected from 5 healthy adult volunteers at the University of Ottawa,

Ottawa, ON, CAN. The protocol (# 20160585-01H) was approved by Ottawa Health
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Science Network Research Ethics. The human microbiome was cultured in an optimized
medium[32]. The strain samples were cultured in broth medium. Both cultures were under
37 °C for 24 h. Protein extraction and digestion were based on previously published
method[91]. Briefly, cell pellets were harvested by centrifugation. Then bacterial cells
were subjected to lysis in a specified buffer (6M urea, 50mM Tris-HCI, 4% SDS, Protease
Inhibitor 1x), followed by ultrasonication at 8 °C. The lysate was then centrifuged at
16,000g to discard debris, and proteins were precipitated overnight using a cold
acetone/ethanol/acetic acid mixture. The proteins were pelleted and washed with acetone
before dissolving in urea and ammonium bicarbonate, with concentration determined by
the DC assay. A sample of 50 ug protein underwent reduction, alkylation, and digestion
by trypsin at 37 °C for 24 h. The resulting peptides were then desalted using a C18 column
and, after freeze-drying, redissolved in 0.1% formic acid. For the experiment investigating
the influence of loading amount on spectral complexity, the peptide concentration was
determined using a quantitative peptide assay (Thermo Fisher Scientific, USA, catalog

number 23275).

3.3.2 LC-MS/MS analysis

An UltiMate 3000 RSLCnano system was used with an Orbitrap Exploris 480 mass
spectrometer for sample analysis (Thermo Fisher Scientific, USA). Peptides were loaded
onto a column with reverse phase beads, followed by a 60-minute gradient from 5 to 35%
buffer at a rate of 300 pL/min. For data-dependent acquisition experiment, the mass
spectrometer was set to a top15 method, dynamic exclusion, and a full mass scan range
of 350 to 1200 (m/z). Dynamic exclusion repeat count was set to one and repeat exclusion

duration of 20 s. Peptides are fragmented using higher-energy collisional dissociation
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(HCD) with a normalized collision energy of 30%. MS/MS scans were acquired at a
resolution of 15,000 at m/z 200. For data-independent acquisition (DIA) experiment, m/z

range is 380-980 with window widths set at 10 m/z.

3.3.3 Data processing

Raw files from single-species samples were searched against corresponding assembled
genomes using Maxquant version 1.5.2.8[92]. The theoretical protein databases for five
bacterial strains were retrieved from the National Center for Biotechnology Information
(NCBI). The respective genome assembly identifiers for these bacteria are ASM15797v1,
ASM16903v1, ASM1282v1, ASM2514748v1, and ASM15637v1. Raw files from
microbiome samples were searched against the human gut microbial integrated gene
catalogue database using Maxquant workflow in Metalab version 2.2[65]. We achieved
satisfactory identification rates from all the samples, ranging between 23% and 34%
(Supplementary Figure 3.1a). For the consecutive injections experiment, Blautia
hydrogenotrophica was searched against corresponding strain database. The
microbiome samples were searched against MetaPep, a peptide database specific to
human gut microbiome samples[59]. The peptide identification for DDA and DIA samples
was performed on Maxquant (Version 1.5.2.8) [92] and DIA-NN 1.8[79] under library free

mode respectively.

The raw data generated by the mass spectrometer was converted from profile data into
centroid data in the ms1 and mzML formats using MSconvert Version 3.0. An absolute
intensity of 5000, which represents the lowest intensity to trigger an MS/MS scan, was

employed as the threshold to filter out noise. The “feature finder centroided” algorithm in
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TOPPAS version 3.0 was used to search for peptide candidates from mzML files using
default parameters[93, 94]. The ms1 files were used to calculate spectral entropy using
"Spectral Entropy Calculator". The calculation method for spectral entropy is illustrated
by the following equation (p: peaks, the intensity was extract from raw data using

MSconvert Version 3.0):

S==) By, (1)
p

S bpin,
__=r

Normalized S = — Inrumber o7 )

(2)

__ Intensityofp
Ip = (3)
Total intensity

3.4 Results

Briefly, we performed LC-MS/MS analysis of five individual gut microbiome samples and
five single strains. Around 4209-4882 MS1 spectra were collected per sample
(Supplementary Figure 3.1b). The number of spectra collected per sample did not vary
between single species and microbiome samples. We then counted the number of ion
peaks with intensity exceeding 5000 (the lowest intensity to trigger MS2 scan) in each
MS1 spectrum. The average peak number in all microbiome sample was significantly
higher than that in single-specie samples (Figure 3.1a), which indicated higher complexity
of microbiome sample. To further evaluate the amount of information contained in each
sample, we employed spectral entropy. In information theory, entropy is used to quantify
the amount of uncertainty or randomness associated with a set of data. The spectral
entropy has been successful used for library matching in metabolomics[95, 96]. We

developed a tool with GUI called "Spectral Entropy Calculator" to compute the spectral
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entropy of mass spectra (https://github.com/northomics/spectra_entropy). As expected,
the MS1 spectra from microbiome samples had significantly higher spectral entropy
(Figure 3.1b). The spectral entropy achieves its maximum at In(number of peak) when all
ions exhibit identical intensity. Given that spectral entropy could increase with the number
of peaks, we also compared the normalized spectral entropy by dividing the spectral
entropy by In(number of peak) which ranges from 0 to 1 (Equation 2). Once again, the
microbiome samples displayed a higher normalized spectral entropy (Figure 3.1c). This
indicates a more uniform distribution of ion intensities and greater diversity of ion species
in microbiome samples. Consequently, this suggests that more information could be

translated from the spectra of microbiome.

Increasing the loading amount might enable the detection of low-abundance peptides that
were previously undetectable, potentially increasing the spectral complexity. We
investigated the impact of the loading amount on peak numbers, spectral entropy, and
normalized spectral entropy. One microbiome sample and a Blautia hydrogenotrophica
sample were loaded with quantities ranging from 500 ng to 2000 ng in three replicates.
Interestingly, the result shows that the spectral entropy and peak number remains
relatively stable as the sample loading amount increases (Supplementary Figure 3.2).
This indicates that within a certain range, spectral entropy is not affected by the sample
loading amount, thereby accurately reflecting the complexity of the sample. In proteomics,
feature detection algorithms play a crucial role by identifying potential peptide
candidates[97]. These algorithms do not rely on theoretical protein databases. Instead,
they directly search for peptide candidates in the MS1 spectra based on retention time,

chromatographic peak shape, and isotopic patterns[94]. Using the same criteria, we
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employed feature detection algorithms to search for peptide candidates in both
microbiome and single-species samples. Interestingly, microbiome samples contained a
larger number of peptide candidates, ranging from 45,000 to 61,000 (Figure 3.2c).
However, in single-species samples, the number of peptide candidates never exceed
41,000 in the five species. The feature detection algorithms also quantified the intensity
of candidates, enabling the application of a similar strategy to calculate candidate entropy
in which the peptide candidate is similar to the peak in spectral entropy. Our findings
reveal that both candidate entropy and normalized candidate entropy are markedly higher
in microbiome samples when compared to single-species samples, suggesting a greater
complexity and diversity in microbial communities (Figure 3.2a and 3.2b). We normalized
the candidate intensity to the total intensity in each sample and plotted candidates in
descending order of intensity. Both sets of data follow a normal distribution, displaying a
higher number of moderate values and fewer extreme values. Microbiome samples
displayed a higher count of candidates with moderate intensities (Figure 3.2c, Area II).
Interestingly, we found that the intensity drops more quickly in microbiome for the high
abundant area (Figure 3.2c, Area I). This may suggest that the accumulation of shared
peptides results in a much higher abundance of these peptide compared to others.
Additionally, despite the stability of spectral complexity across a range of loading amounts
from 500 ng to 2000 ng (Supplementary Figure 3.2), our analysis indicated a positive
correlation between the number of peptide candidates and the loading amount
(Supplementary Figure 3.3). This suggests that although the signals generated by
peptides are recorded, these peptides must still achieve a certain criterion

(chromatographic peak shape, intensity) to be recognized by feature detection algorithm.
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The microbiome samples yielded a greater number of peptide candidates compared to
Blautia hydrogenotrophica samples when loading same amount. Moreover, the difference
in the number of candidates between these samples expanded with an increase in the
loading amount. In our experiment, we observed that the loading amount of microbiome
samples was either comparable to or less than that of the single-species samples (Figure
3.1d), which implies that if an equal amount of peptides were loaded, the differences

between the two sample types would be even more pronounced.

We conclude that the metaproteome complexity is reflected in the information in the MS1,
entropy calculations provide good assessment of the sample complexity, and that it can

detect differences in sample complexity.

3.5 Discussion

In this study, we found that both the spectral entropy and peptide feature that were
directed derived from MS1 can reflect the complexity of samples. However, the spectral
entropy is relatively unaffected by loading amounts. We observed excellent reproducibility
of spectral entropy in each of the three replicate samples, indicating the potential use of
spectral entropy as an assessment tool for sample quality. Without peptide identification,
our research demonstrates that microbiome samples exhibit significantly higher
complexity than single-species samples on MS1 under the current mass spectrometry
sensitivity. In mass spectrometry, the DDA mode inherently possesses a degree of
selection bias towards higher abundance. This characteristic means that although the
number of identified peptides per injection remains relatively consistent, successive

injections of a sample tend to yield an increased number of unique peptides[98, 99]
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(Supplementary Figure 3.4). On the other hand, DIA operates without such bias. In an
experiment involving 21 consecutive injections of the Blautia hydrogenotrophica samples
(Supplementary Figure 3.4b), the DDA mode continuously revealed new peptides. In
contrast, the peptide counts in DIA mode quickly reached a plateau. Interestingly, when
this process was replicated with microbiome samples, both DDA and DIA modes
consistently showed a rise in peptide identification as the number of injections increased
(Supplementary Figure 3.4b). High reproducibility is one of the major advantages of the
DIA mode[100]. However, it is not reflected in microbiome sample. This phenomenon may
be attributed to the enhanced complexity of the microbiome samples, which potentially
magnifies the bias in signal detection and peptide identification. In highly complex
samples, numerous peptides may produce signals in the same or close m/z ranges. In
DIA mode, although signals are not selectively collected based on ion intensity, these
overlapping signals are still acquired simultaneously within the same mass window,
forming a composite spectrum. The higher degree of signal overlap in complex samples
makes the deconvolution process more complex and challenging, potentially leading to
decreased identification accuracy and reproducibility. This suggests that when using DIA
for highly complex samples like microbiome samples, it may be necessary to specifically
optimize mass spectrometry parameters or employ longer chromatographic gradients to

reduce sample complexity.

3.6 Data availability
The code and Spectral Entropy Calculator are available at:

https://qgithub.com/northomics/spectra entropy.
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https://github.com/northomics/spectra_entropy

The raw data and searching result can be found at ProteomeXchange Consortium

(dataset identifier: PXD050781).
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Figure 3.1 Spectra complexity comparison between microbiome and single species.

(a) Peaks number on MS1. (b). Spectral entropy of each MS1. (c). Normalized spectral
entropy of each MS1. (d). The total ion current of each MS1. Each sample was injected
three times under identical conditions. Three replicates were shown in different color. The
black line represents the median values of the parameters within each sample. The gray
line represents the boundary between microbiome and strain samples. The equations to
calculate spectral entropy and normalized spectral entropy was shown in method. CM:

cultured microbiome; SM: stool microbiome; BU: Bacteroides uniformis; BH: Blautia
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Figure 3.2 Candidates’ complexity comparison between microbiome and single

species.

(a) The candidate entropy of each sample. (b) The normalized candidate entropy of each
sample. (c) The intensity was normalized to the total intensity in each sample and log-
transformed (base 10). The intensity was arranged in descending order. Each sample had
three replicates which were in same color. CM: cultured microbiome; SM: stool
microbiome; BU: Bacteroides uniformis; BH: Blautia hydrogenotrophica; CA: Collinsella

aerofaciens; DP: Desulfovibrio piger, PV: Phocaeicola vulgatus
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(a) Peptide identification rate and the number of identified peptide. (b) The number of

MS1 sampled in each raw data. Single-species samples were searched against

corresponding assembled genomes using Maxquant version 1.5.2.8. microbiome

samples were searched against the human gut microbial integrated gene catalogue

database using Maxquant workflow in Metalab version 2.2. CM: cultured microbiome; SM:

stool microbiome; BU: Bacteroides uniformis; BH: Blautia hydrogenotrophica; CA:

Collinsella aerofaciens; DP: Desulfovibrio piger; PV: Phocaeicola vulgatus
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Supplementary Figure 3.2 The impact of loading amount on spectra complexity.

(a) Peaks number on MS1. (b) Spectral entropy of each MS1. (c) Normalized spectral
entropy of each MS1. (d) The total ion current of each MS1. Each sample was injected
three times under identical conditions. The loading amount was shown on x axis in ng.
Three replicates were shown in different colors. The black line represents the median
values of the parameters within each sample. The gray line represents the boundary
between BH and CM 48. The equations to calculate spectral entropy and normalized
spectral entropy was shown in method. CM: cultured microbiome; BH: Blautia

hydrogenotrophica
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Supplementary Figure 3.3 The number of peptide candidates

The number of peptide candidates detected along different loading amount (Blue and red).

The discrepancy in mean candidate numbers between the two types of samples (grey).
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Supplementary Figure 3.4 Comparison between DDA and DIA on single species

and microbiome.
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(a) The number of identified peptides in each sample. (b) Cumulative number of unique
peptides identified across 21 runs with randomly selected sample orders. The curves in
each group are plotted ten times in randomly sample orders. The increasing curve is
normalized by the number of total unique peptides (32282) in DIA microbiome experiment.
The maximum number of identified peptides for each dataset is labeled. CM: cultured

microbiome; BH: Blautia hydrogenotrophica
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Chapter 4. MetaDIA: A Novel Database Reduction

Strategy for DIA of Human Gut Metaproteomics

Preface

In Chapter 2, we substantiated that the detection depth of DDA-based metaproteomics is
constrained. In Chapter 3, we discerned that the insufficiency in depth is not attributable
to the lack of sensitivity in mass spectrometry instruments. On the contrary, the mass
spectra generated from microbiome samples are replete with information awaiting
interpretation. DIA, as a collection mode capable of unbiasedly capturing signals of both
high and low abundance, holds promise for achieving greater depth in metaproteomics.
The challenge in applying DIA to metaproteomics lies in the vast theoretical search space.
In this chapter, we will develop a novel library reduction strategy to facilitate the

application of DIA in metaproteomics.

The following chapter consists of a research article for which | am the primary author. The
article was submitted to Microbiome and is under review. The full text is also available at

bioRxiv

H. Duan, Z. Ning, Z. Sun, T. Guo, Y. Sun, D. Figeys, MetaDIA: A Novel Database
Reduction Strategy for DIA Human Gut Metaproteomics, bioRxiv (2024) 2024.03.

14.585104.

HD, ZN, ZS, TG, YS and DF designed the study. HD performed the experiments. HD, ZN,
DF analyzed the data. TG and YS shared the diaPASEF raw data. HD and DF wrote the

manuscript.
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4.1 Abstract

Background: Microbiomes, especially within the gut, are complex and may comprise
hundreds of species. The identification of peptides in metaproteomics presents a
significant challenge, as it involves matching peptides to mass spectra within an
enormous search space for complex and unknown samples. This poses difficulties for
both the accuracy and the speed of identification. Specifically, analysis of data-
independent acquisition (DIA) datasets has relied on libraries constructed from prior data-
dependent acquisition (DDA) results. This approach requires running the samples in DDA
mode to construct a library from the identified results, which can then be used for the DIA
data. However, this method is resource-intensive, consumes samples, and limits
identification to peptides previously identified by DDA. These limitations restrict the

application of DIA in metaproteomics research.

Results: We introduced a novel strategy to reduce the search space by utilizing species
abundance and functional abundance information from the microbiome to score each
peptide and prioritize those most likely to be detected. Employing this strategy, we have
developed and optimized a workflow called MetaDIA for analysis of microbiome DIA data,
which operates independently of DDA assistance. Our method demonstrated strong
consistency with the traditional DDA-based library approach at both protein and functional

levels.

Conclusion: Our approach successfully created a smaller, yet sufficient database for DIA

data search requirements in metaproteomics, showing high consistency with results from
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the conventional DDA-based library. We believe this method can facilitate the application

of DIA in metaproteomics.

4.2 Introduction

The microbiome encompasses a diverse array of microorganisms residing in different
organisms, ecosystems, and environmental settings such as the human body, animals,
plants, soil, water bodies, and various ecological niches[88, 101]. Metaproteomics serves
as a tool for understanding the roles of proteins within these microbial communities[102].
Mass spectrometry-based proteomics aims to study all proteins in a sample. However,
applying these techniques to the microbiome is challenged by its complexity. Without prior
knowledge of the microbes present in a sample, metaproteomics relies on searching
mass spectra against a large database, making the task of matching peptides and spectra
notably challenging. Employing an iterative search strategy significantly reduces the
search complexity in which the final search is against a database generated from previous
searching results [62, 63]. The iterative strategy has been successfully used but only for
the data acquired by data-dependent acquisition (DDA) mode[65, 67], Unfortunately, in
DDA mode, only the most abundant precursor ions are selected for further inquiry, and

lower abundant ones are overlooked[91].

In contrast, data-independent acquisition (DIA) uses a set of precursor isolation windows
to collect all the fragments ions indiscriminately[49]. It has shown remarkable robustness,
sensitivity, and reproducibility with fewer missing values[51]. DIA can be coupled with
microLC enabling high-throughput analysis[52]. This makes it particularly suitable for

conducting large-scale analyses. The DIA-PASEF[53] method integrates ion mobility
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separation with the DIA workflow, adding a fourth dimension of analyzing ion mobility to
the traditional three-dimensional data set. This not only enriches the structural information
of analytes but also enhances ion utilization efficiency leveraging the linear relation
between ion mobility and mass-to-charge ratio. Another improvement in mass
spectrometer scanning speed enables the utilization of smaller isolation windows in DIA,
termed as narrow-window DIA[54]. This approach achieves comprehensive peptide
precursor coverage and high quantitative precision and accuracy. In bioinformatics, the
development of prediction software for peptide properties (theoretically predicted
spectrum[103, 104], retention times[105-107]) enables the querying of DIA datasets
without dependence on libraries generated by DDA. Those predicted libraries even
showed better performance than the measured libraries[108]. Moreover, DIA-specific
searching software such as DIA-NN[79, 109], MaxDIA[110], and Spectronaut[111] have
shown reliable results for the identification and quantification of peptides. The above
advantages make DIA increasingly popular in proteomics. However, it is noteworthy that
the benefits conferred by these techniques have not yet been fully extended to the field
of metaproteomics. The main reason is that the inherent complexity of DIA data requires
a much more constrained searching space compared with DDA data. To date, only a few
metaproteomics studies have been done, and they were all compelled to use a spectral
library derived from DDA data[70-72]. The DDA-derived method involves creating a
spectral library from DDA runs for each sample, which is then used to interpret complex
mass spectra from subsequent analyses. This approach requires multiple sample aliquots,
extensive mass spectrometry resources and is limited to detecting peptides previously

identified by DDA. Gladiator[76] uses DIA-Umpire[74] to assemble pseudo-DDA spectra
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from DIA data for microbiome samples. The method does not require a DDA-based
spectral library for its operation, however, it still relies on spectrum-centric algorithms and

does not fully exploit the potential advantages of DIA data.

Therefore, to leverage the benefits of DIA in metaproteomics, the searching space needs
to be further reduced. In the previous DDA iterative strategy[66, 67], the high-abundant
proteins (HAP) were used for the first search to infer the species that exist in the sample
then all the proteins belonging to those species were then used for the subsequent search.
However, this database remains overly extensive when compared to the number of
identified peptides. Since the abundance of species within the microbiome shows
significant disparity[5], the species identified should not be considered equally. The same
applies to proteins and peptides. Proteins with high abundance and peptides with high
detectability[112] or shared among various species are more likely to be detected. Here
we report on a DIA workflow for metaproteomics, called MetaDIA, that relies on an
annotated peptide database. This database comprises peptides that are anticipated to be
detected, leveraging information on species abundance and protein abundance to score
each peptide. We conducted a proof-of-concept experiment on human gut microbiome
data generated by diaPASEF mode[71]. The peptide identification number and
quantitative results obtained through our peptide library are comparable to those from the
DDA-based library. Moreover, the species and functional information obtained from both

methods are highly consistent.
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4.3 Materials and methods

4.3.1 Reference peptide sequence with detectability score for human gut

microbiome.

The Unified Human Gastrointestinal Protein (UHGP) catalog, encompassing 4744
assembled genomes from the human gut microbiome, served as the reference database
for this study[8]. Within this catalog, each protein sequence is uniquely associated with a
distinct genome and is accompanied by detailed taxonomic and functional annotations.
The detectability of peptides derived from these protein sequences was predicted using
DeepDetect[112], a deep learning algorithm specifically designed for this purpose. This
process involved in silico digestion of the protein sequences and subsequent assignment
of a detectability score to each resultant peptide. Consequently, the peptide sequence
reference database was enhanced by annotating each peptide with three key pieces of
information: the genome identifier, the protein identifier, and the peptide's detectability
score. Please note that the database is structured on an identifier-centric organization.
This means that peptides with identical sequences may be present within the database;
however, as long as they are not from same genome and protein, they are distinguished

by unique identifiers.

4.3.2 Generation of FuncTax score

Firstly, identified peptides by MetaPep[59] are mapped to the UHGP database to establish
peptide-genome associations. Subsequently, a greedy algorithm is employed to identify
the minimal set of genomes that encompasses all peptide sequences, effectively reducing
the complexity of the dataset. Following this, the intensity of each peptide is aggregated
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to infer genome abundance. The relative genome abundance will be used as the
taxonomic score. To address the assignment of shared peptides, a razor strategy is
adopted, analogous to the MaxQuant approach for protein inference[92]. Specifically,
when a peptide is found in multiple genomes, it is attributed to the genome with the greater
number of associated peptides. However, this typically results in approximately 1,000
genomes remaining, with many containing only a single peptide. The number
substantially larger than that is found in a typical human gut microbiome which is around
200[5]. So, we only choose the most abundant species for subsequent analysis. The
selection of species for consideration is further explored in the optimization section of the

study.

For the functional score, we constructed a fixed table from the MetaPep project [59]. While
building the database Metapep, the peptide identification was performed by the software
MetaLab MAG[67], which provides quantifications of protein abundance. Those proteins
are well annotated. Subsequently, the relative abundance of each Clusters of Orthologous
Groups (COG) accession was computed. Samples comprising fewer than 1000 COG
accessions were considered to be of low quality and consequently were omitted from the
analysis. A total of 1,031 high-quality samples were retained for further evaluation. The
mean of non-zero relative abundance of the COG accessions was then determined

across these 1,031 samples, establishing a metric referred to the functional score.

The FuncTax score was obtained by multiplying two scores. In the case of peptides with
the same sequence, their FuncTax scores were combined to give higher priority to shared
peptides; the highest detectability score among them was utilized to ensure the inclusion

of all possible peptides.
66



4.3.3 Taxonomic and functional analysis

The taxonomic analysis is similar to the generation of genomic abundance score. The
identified peptides are mapped to a database to establish peptide-genome associations.
The database contains only the top 50 genomes. In our workflow, the peptide database
was filtered out from the top 50 genomes. So, all the identified peptides were from the top
genomes and thus can be used for the taxonomic analysis (the peptides added from
MetaPep may not be used). In the DDA-based method, the peptide identified by the DDA
library can be annotated to over 1,000 genomes even after using the greedy algorithm
described above (method: generation of FuncTax score). However, we found that the top
50 genomes accounted for 79%-90% of peptides and 87%-92% of peptide intensity
(Supplementary Figure 4.1). To simplify the comparison between the two methods, we
discarded the small number of peptides that cannot be annotated to the top 50 genomes.
Similarly, the razor strategy is used to process peptides shared by multiple genomes.

Finally, the intensity of each peptide is aggregated to infer genome abundance.

For functional analysis, a protein abundance was firstly generated using the same
strategy as taxonomic analysis. The proteins in the UHGP database have been
extensively annotated thus the protein abundance can be further interpreted into

functional abundance.

4.3.4 Deepdetect software configuration

Protein digestion was simulated using Trypsin with the following parameters: a maximum
of two missed cleavages, and peptide lengths ranging from 7 to 50 amino acids. Default

settings were applied for all other parameters.
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4.3.5 DIA software configuration

DIA-NN (version 1.8.1) was used to process all the DIA data in this study. Maximum mass
accuracy tolerances were set to 10 ppm for both MS1 and MS2 spectra. The --relaxed-
prot-inf option was used for library-free searching. The --no-maxlifq option was used to
disable the normalization for the quantification benchmark experiment. All other settings
were left default. The precursor matrix containing the peptide information was used for

taxonomic and functional analysis.

4.3.6 Metaproteomic datasets

The dataset used for optimizing workflow is sourced from a published study and shared
by the authors[71]. The dataset for evaluating accuracy is from in-house samples. Blautia
hydrogenotrophica (DSM 101114; Leibniz Institute DSMZ- German collection of
microorganisms and cell cultures) was cultured in LB broth. The human stool was
collected from a healthy adult volunteer at the University of Ottawa, Ottawa, ON, CAN.
The protocol (# 20160585-01H) was approved by Ottawa Health Science Network
Research Ethics. The protein extraction and digestion were performed as described
previously[43]. Peptide concentrations were measured using Thermo Scientific Pierce

Quantitative Colorimetric Peptide Assays according to the manufacturer’s directions.

The in-house samples were then analysed using an UltiMate 3000 RSLCnano system
(Thermo Fisher Scientific, USA) coupled to an Orbitrap Exploris 480 mass spectrometer
(Thermo Fisher Scientific, USA). Peptides were loaded onto a tip column (75 um inner
diameter x15 cm) packed with reverse phase beads (3 um/120 A ReproSil-Pur C18 resin,

Dr. Maisch HPLC GmbH). A 60 min gradient of 5 to 35% (v/v) from buffer A (0.1% (v/v)
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formic acid) to B (0.1% (v/v) formic acid with 80% (v/v) acetonitrile) at a flow rate of 300
ML/min was used. The mass spectrometer was in data-independent mode covering the

mass range of 380—-980 m/z with 10 m/z isolation windows.

4.4 Result

4.4.1 MetaDIA Workflow overview: Taxonomy- and function-guided construction of

peptide database for metaproteomics

Here we propose a new workflow for DIA based metaproteomics called MetaDIA.
MetaDIA is a multistep workflow that systematically reduces the search space for DIA
searching. At its basis, it relies on a combination of taxonomic abundance, functional
abundance as a proxy of protein levels, and peptide detectability ultimately enabling DIA
searching without the need for DDA results. Briefly, in the first step, we created a new
database of peptides, called MetaPepDetec, obtained by in silico digestion and
detectability prediction of the Unified Human Gastrointestinal Protein (UHGP, 4744
genomes) database into peptides[8, 112]. Then each peptide is annotated with a FuncTax
score (Figure 4.1). Both the FuncTax and the detectability scores are used to reduce the

peptide database.

The FuncTax scores for each peptide in the MetaPepDetec are calculated using
information from the MetaPep database [59]. MetaPep is a core peptide database
compiling peptides previously identified in the published human gut metaproteomics
studies. The information from MetaPep was used to create a static table of COG relative
functional abundances and a sample-specific table of taxonomic relative abundances

(method). We noted that despite significant differences in the species composition of gut
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bacteria among different individuals, their functions are remarkably similar[10]. Therefore,
functional abundance hierarchy information could act to estimate the likelihood of a
protein being observed. We analyzed the search results used to construct the MetaPep
database which contains 2,134 raw files and 415 individuals[59] (Method). The functional
ranking among various samples exhibits a strong correlation (Supplementary Figure 4.2a
and 4.2b). We observed a stable pattern in the functional hierarchy of human gut bacteria:
abundant functions consistently remain high, while scarce functions persistently stay low
across all samples (Supplementary Figure 4.2c). The sample-specific table of taxonomic
relative abundances was generated by searching the DIA data against MetaPep[59]. The
identified peptides and their quantitation were used to create the table (Method). The
FuncTax score for each peptide is calculated by multiplying the taxonomic score for its
taxonomic annotation and the functional score of its functional annotation. For peptides
with identical sequences, their FuncTax scores were aggregated thereby leading to

shared peptides having a higher ranking.

In the last step, sample-specific reduced peptide database is generated by filtering
MetaPepDetec using the FuncTax score and the detectability score (Figure 4.1). The final
search of the DIA data is done against the reduced peptide database. To validate the
efficiency of our peptide ranking method, peptides were sorted by FuncTax score and
partitioned into equal-sized subsets based on their percentile rank (e.g., top 0-5%, 5-
10%, ..., 35-40%). Each subset was subjected to database searching with uniform
parameters. We observed a decline in the number of peptides identified as the percentile
ranking of the subsets decreased (Figure 4.2). The decreasing trend suggested our

ranking method effectively prioritizes peptides with a higher probability of detection.
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4.4.2 Optimized MetaDIA parameters reduces the database size

We explored whether the number of microbes in the reduced peptide database, the
threshold for FuncTax score and the threshold for detectability score influenced the
identification of peptides. We explored the impacts of the parameters using the DIA data

from 10 different human gut microbiome samples previously reported[71].

In particular, we first tested the effect of the number of microbes (genomes) ranging from
50 to 150 and FuncTax score ranging from top 1% to 40% (Figure 4.3). We kept the
detectability threshold at the top 40% in this experiment which is suggested by the author
of Deepdetect[112]. Interestingly, no matter how many genomes we choose, the size of
the reduced peptide database had the strongest effect on the number of identified
peptides. The identification number plateaued once the reduced peptide database size
reached around 1.6 million entries (Figure 4.3a and 4.3b, Supplementary Figure 4.3 and
4.4), corresponding to a FuncTax score threshold of 40% for 50 genomes, 20% for 100
genomes and 15% for 150 genomes respectively. We compared the three different
reduced peptide databases, which led to consistent peptide identification results (Figure
4.2c and 4.2d, Supplementary Figure 4.5 and 4.6). In our previous studies, we observed
that low-abundance species were underrepresented[91]. In this context, we chose to
focus on the top 50 genomes to prioritize high-abundance genomes. It is important to
note that this cut-off is a variable parameter that can be adjusted according to the specific

objectives of different studies.

Subsequently, we explored whether the detectability threshold impacted the number of

peptides identified. While the recommended threshold by the author of Deepdetect is 40%,
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we explored thresholds ranging from 40% to 10%. We observed that a threshold of 25%
was the point at which the number of identifications began to decrease significantly
(Figure 4.4a). However, both the database size and the search time decreased
substantially (Figure 4.4b). Comparing the identification results at thresholds of 25% and
40%, we found a substantial overlap (Figure 4.4c). Therefore, we selected a 25%
threshold for detectability. Based on this analysis, we proceeded with peptides ranking in
the top 40% by FuncTax score and the top 25% by detectability. Given that these two
scores are entirely uncorrelated, applying both filters effectively reduced the database to
one-tenth of its original size (25% times 40%, Supplementary Figure 4.7). After applying
these optimized parameters, approximately 1 million peptide sequences remain in the

reduced database.

4.4.3 MetaDIA maintains accuracy in DIA peptide identification.

We next explored whether the enrichment of high abundant and highly detectable
peptides in our reduced database impacted the accuracy of peptide identification when
applying the false discovery rate strategy. To evaluate this, we conducted a benchmark
experiment using three samples: a human gut microbiome sample (A), a Blautia
hydrogenotrophica sample (C), and a 50:50 mixed sample of the two (B) (Figure 4.5a).
Blautia hydrogenotrophica was selected due to its absence in the microbiome sample
used here and its minimal peptide overlap with the microbiome sample. Each sample was
subjected to triplicate DIA measurements. Sample A and B were analyzed using the
reduced peptide database generated by our workflow with optimized parameters of top
40% FuncTax score and top 25% detectability score, whereas sample B and C were

searched against species-specific protein databases derived from NCBI (Genome
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assembly ASM15797v1). In the first search against the peptide database, 32,624 unique
peptides were identified. Of these, 1,952 peptides also present in the Blautia
hydrogenotrophica database were excluded. Further, peptides unique to each sample
were removed, leaving 27,830 peptides identified in both sample A and B. Ideally, the
peptide abundance ratio between samples A and B should approximate 2. In the second
search, 14,821 unique peptides were identified. Among these, 10,995 peptides were
unique to the Blautia hydrogenotrophica database and were found in both samples B and
C. The expected ratio between samples B and C should be around 0.5. We found whether
using a protein database or a peptide database, the ratios of peptides identified in both
searches closely aligned with the expected values (Figure 4.5b). This suggests that the
employment of our reduced peptide database does not significantly affect the accuracy
of peptide identification, thereby supporting its use in peptide identification workflows with

a controlled FDR.

4.4.4 MetaDIA yields consistent peptide and protein identification results with DDA

based strategies.

We next evaluated whether MetaDIA performed similarly to a conventional DDA-based
library for DIA data analysis. The DIA data and corresponding DDA-based library were
obtained from a published study[71]. We found that the MetaDIA provided identification
numbers comparable to those obtained through the DDA-based library (Figure 4.6a).
Notably, in certain instances, such as with samples 8 and 9, the MetaDIA surpassed DDA
library in the number of identifications. The initial step in our workflow involves searching
the raw data against MetaPep, which leverages the results from an open search strategy,

thereby encompassing modified peptides not included in the original database.
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Subsequent integration of peptides identified by MetaPep into a refined peptide database

resulted in a marked increase in identification rates (Figure 4.6a).

Over 50% of peptides identified from the DDA-based library were also identified by
MetaDIA (Figure 4.6b and Supplementary Figure 4.8). The divergence in unique
identifications between the two methods may be attributed to inherent differences
between DDA acquisition and DIA acquisition. Upon examining the quantification results
of those peptides found by both methods, we observed a significant consistency in the
outcomes, with a Pearson coefficient above 0.9 (Figure 4.6d and Supplementary Figure
4.9). It is worth noting that the fragment ions used for quantification in the DDA-based
library correspond to actual DDA acquisitions. In contrast, MetaDIA uses theoretical
spectra that are predicted from peptide sequences. The high degree of agreement
between the quantification results underscores the reliability of the MS-Simulator

algorithm which is employed by DIA-NN for spectra prediction [103].

At the protein level, our findings revealed greater consistency in identification compared
to the peptide level (Figure 4.6¢). Around 70% of proteins found by the DDA-based library
can be found by MetaDIA. The overlap on protein level reinforces the reliability of the
identifications and indicates that a significant subset of proteins is consistently identified
by both methods despite differences at the peptide level (Supplementary Figure 4.10).
Proteins like MGYG000002545_ 00035 had greater sequence coverage and higher
detection intensity with the DDA library, while others like MGYG000002272_00452
showed higher coverage and intensity with MetaDIA. Given that the quantification of a
protein is derived from different subsets of peptides in these two methods, we observed

reduced consistency of quantification in the protein level between the methods, as
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reflected by Pearson correlation coefficients of approximately 0.7 (Figure 4.6e and
Supplementary Figure 4.11). However, it is important to note that in most proteomic
studies, the primary interest lies in the differential abundance of the same protein across
various samples. Therefore, it is crucial that we use the same fragment ions to quantify a
protein. In this regard, the inconsistencies in protein quantification between the two
methods do not undermine the utility of either approach. The substantial overlap in
peptide and protein identification by both methods suggests a robust cross-validation of
both methods. Then we annotated the proteins using COG accessions and calculated
their relative abundances. Our analysis revealed that approximately 90% of the COG
accessions identified by the DDA-based method were also covered by our MetaDIA
(Figure 4.6c). Furthermore, the Pearson correlation coefficient for the relative abundance
of COG accessions exceeded 0.9, with a stronger correlation for those COG accessions

that were highly abundant (Figure 4.6f and Supplementary Figure 4.12).

4.4.5 MetaDIA provides taxonomic profiles highly similar to those obtained from

searching DDA-libraries.

We verified whether both methods had a high degree of similarity in the taxonomic
composition. We did comparative analysis of microbiome composition across different
taxonomic levels using the result from both methods. Our findings indicate that there is a
significant linear correlation between the compositions identified by both methods, with
the degree of correlation strengthening at higher taxonomic levels (Figure 4.7a and 4.7b,
Supplementary Figure 4.13). The two methods showed remarkably consistent taxonomic
composition at the genus level with a Pearson coefficient above 0.98 across all the

samples tested. Even Sample 9, which displayed the lowest correlation, demonstrated a
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substantial degree of consistency between the two methods. To underscore the
consistency, we have provided a detailed visualization of the taxonomic composition for

Sample 9 (Figure 4.7c and d, Supplementary Figure 4.14)

The species compositions observed by MetaDIA in these ten samples differed
significantly as expected, indicating that our database and taxonomic analysis have the
capability to identify a diverse range of microbiota (Supplementary Figure 4.14). The most
abundant species identified in the ten samples have been previously reported as high-
abundance species in the human gut microbiome[113-117]. Except for Phocaeicola dorei
which were identified as the top species in sample 2, 5 and 10, the other top species were

all unique to each sample.

4.4.6 MetaDIA is universally applicable to different types of DIA, including DIA-

PASEF

To further validate the versatility and applicability of our proposed metaproteomic workflow,
we extended our analysis to a diverse set of 79 DIA datasets obtained from a published
study[71]. This dataset encompasses samples from 62 individuals, featuring replicate
injections, quality control (QC) samples, and pooled samples. We applied MetaDIA to this
extensive dataset and compared the results with the conventional DDA-based approach.
Remarkably, the number of peptides identified by both methods demonstrated a close
equivalence, reinforcing the robustness and universal applicability of our metaproteomic
workflow (Figure 4.8). Validating our method across diverse samples enhances
confidence in its effectiveness and consistency, demonstrating its potential for

widespread adoption in metaproteomics research.
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4.5 Discussion

We propose a novel workflow for DIA data analysis from human gut microbiome called
MetaDIA. The approach aims at prioritizing peptides with a higher likelihood of detection

based on their detectability, taxonomic and functional scores.

MetaDIA is entirely devoid of DDA, thereby circumventing the drawbacks of DDA-based
methods. Not only does this approach save time and resources, but it also enables the
creation of a tailored database for each sample. In contrast, DDA-based methods typically
rely on a single pooled sample to generate a library. For instance, Gomez et al.[70] used
a pooled sample to represent 12 individual mice, while Sun et al.[71] did so for a cohort
of 62 individuals. However, such a pooled sample may not effectively represent every
sample. In our study, the ten samples showed highly diverse taxonomic composition
(Supplementary Figure 4.13). To increase the sampling depth for the pooled sample, Sun
et al.[71] had to fractionate the pooled sample into 30 portions and Gomez et al.[70]
repeatedly injected the pooled sample 10 times. Moreover, utilizing a static library to
search various samples may potentially compromise the accuracy of peptide identification,
as it includes peptides from the pooled samples that are absent in the specific sample

under investigation.

In MetaDIA, we pre-defined the range of genomes for each microbiome sample (50
genomes in this study). This approach not only enabled us to narrow the search space
but also to mitigate the issues associated with protein inference that arise from common

peptides. When assigning peptides to proteins, we confined our consideration to the

77



genomes within the predefined range rather than the entire dataset. This strategy

significantly reduced the incidence of common peptides.

Although MetaDIA is currently focused on the human gut microbiome, we foresee that it
can be extended to other types of microbiomes, such as those in animal intestines,
environmental microbiomes when using an appropriate bait database. A database similar

to MetaPep could be constructed for other microbiomes.

4.6 Conclusion

In conclusion, we introduced a new strategy to prioritize peptides with a high probability
of detection. This strategy simulates protein digestion procedures in silico and uses
taxonomic and functional information to infer the peptide abundance. MetaDIA is a fully
DDA-free workflow and provides a user interface to change the different parameters. We
compared the performance of MetaDIA with the DDA-based library and observed a high
degree of consistency. We further validated our method across a DIA-PASEF dataset with
79 samples, thereby confirming its wide applicability. We believe that our approach will

help the application of DIA in metaproteomics.

Availability of data and materials

The whole pipeline is available for use at https://github.com/northomics/MetaDIA
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Figure 4.1 The flowchart for the MetaDIA.

All proteins in Unified Human Gastrointestinal Protein (UHGP) database were firstly in
silico digested into peptides. The detectability of each peptide was predicated by
DeepDetect algorithm. Following this prediction, each peptide was assigned a functional
score and a taxonomic score, derived from a predetermined functional relative abundance
table and a sample-specific taxonomic relative abundance table, respectively (method).
The FuncTax score was calculated by multiplying the two scores. For peptides with
identical sequence, their FuncTax scores were aggregated to prioritize shared peptides;

the maximum of their detectability scores was used to ensure the inclusion of all potential
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peptides. The detectability and FuncTac scores are both used for filtering peptides. The

reduced peptide database was used for a second search.
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Figure 4.2 The number of peptides identified from each subset.

Ten samples were tested in the experiment. For constructing the peptide database, the
top 100 genomes were considered; the detectability threshold was set at 40%. Each
subset contains around 400,000 peptides. Peptide identification was performed by DIA-
NN under same conditions. The maximum identification from the last subset was heighted

in the figure.
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Figure 4.3 Optimization for genome number and FuncTax score.

(Sample 1 was shown. For the other samples, please see Supplementary figures).
Peptides from n (50, 100, 150) genomes were ranked by the FuncTax score and top x%
(1-40 for 50 and 100 genomes; 1-35 for 150 genomes) peptides was used as database.
(a) Number of identified peptides against database percent. (b) Number of identified
peptides against database size. The inflection point has been highlighted with a red box.

(c) The overlap of the reduced peptide database and (d) identified peptide when taking
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top 40% peptides for 50 genomes, top 20% for 100 genomes and top 15% for 150

genomes as database. Peptide identification was performed by DIA-NN under same

conditions.
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Figure 4.4 Optimization for detectability threshold.

(a) The number of peptides identified and (b) the searching time under detectability
threshold from 10% to 40%. (c) The overlap of peptides identified by top 25% and top 40%

of the database. Peptide identification was performed by DIA-NN under same conditions.
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Figure 4.5 Benchmark experiment for peptide identification.

(a) The experimental design. Each sample was subjected to triple-run measurements (b)
Log-transformed ratios are plotted as a function of peptide intensity for n = 27,830 (green)
microbiome peptides and n = 10,995 (purple) Blautia hydrogenotrophica peptides. The
point density for ratio was plotted at right. Dashed lines indicate the expected ratio.
Peptide identification was performed by DIA-NN under same conditions. The intensities

derived from various charge states of the same peptide were aggregated.
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Figure 4.6 Comparison between the DDA-based method and DDA-free method.

(a) The peptide identified by each method. (b) The overlap of peptide identified in sample

1 by each method. (c) Coverage of peptides, proteins and cog accessions identified by

DDA-based method with those found using DDA-free method. The intensity correlation of

the overlapped peptides (d), proteins (e) and COG accessions in sample 1. The dashed

line indicates y = x. For DDA-based method, the peptides identified as derived from

human proteins are removed.
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(a) Pearson coefficient (b) Bray-Curtis distance
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Figure 4.7 Comparison of the taxonomic composition between the DDA-based

method and DDA-free method.

Pearson correlation (a) and Bray-Curtis distance (b) analysis between DDA-based
method and DDA-free method on different taxonomic levels from Phylum to Species. The
relative taxonomic abundance was used for the analysis. In the correlation analysis,
taxonomic categories that were unique to one method were imputed with a value of zero.
The taxonomic composition (Phylum to Family) of sample 9 derived from DDA-based

method (c) and DDA-free method (d).
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Figure 4.8 Number of peptides identified by both methods.

Number of peptides identified by both methods with mean value from 79 diaPASEF
samples. For DDA-based method, the peptides identified as derived from human proteins

are removed.
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Supplementary Figure 4.1 Cumulative contribution of identified peptides and

intensity.

Cumulative contribution of identified peptides (a) and intensity (b). Figure were plotted

against the number of genomes. Genomes are ordered by decreasing peptide count.
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Supplementary Figure 4.2 The functional correlation across samples in MetaPep.

The Pearson coefficient (a) and Spearman coefficient (b) on COG accessions. Sample
pairs from the same project are likely from the same individuals and plotted in different
groups. The average p-values are plotted above each groups. (c¢) The distribution of

relative abundance of COG accession across samples in MetaPep. The legends show
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the rank and name of COG accessions. COG accessions present in more than 95% of
the samples were retained. A total of 750 COG accessions remained and were
subsequently sorted based on their functional abundance scores. Five COG accessions

were selected for density plot at evenly spaced intervals from this ordered list.
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Supplementary Figure 4.3 Number of identified peptides against database percent.
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Optimization for genome number and FuncTax score (Sample 2-10). Peptides from n (50,

100, 150) genomes were ranked by the FuncTax score and top x% (1-40 for 50 and 100

genomes; 1-35 for 150 genomes) peptides was used as database. Peptide identification

was performed by DIA-NN under same conditions.
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Optimization for genome number and FuncTax score (Sample 2-10). The inflection point
has been highlighted with a red box. Peptides from n (50, 100, 150) genomes were ranked
by the FuncTax score and top x% (1-40 for 50 and 100 genomes; 1-35 for 150 genomes)
peptides was used as database. Peptide identification was performed by DIA-NN under

same conditions.
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Supplementary Figure 4.5 The overlap of reduced peptide database
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Optimization for genome number and FuncTax score (Sample 2-10). The overlap of
reduced peptide database when taking top 40% peptides for 50 genomes, top 20% for

100 genomes and top 15% for 150 genomes as database.
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Supplementary Figure 4.6 The overlap of identified peptide.

Optimization for genome number and FuncTax score (Sample 2-10). The overlap of
identified peptide when taking top 40% peptides for 50 genomes, top 20% for 100
genomes and top 15% for 150 genomes as database. Peptide identification was

performed by DIA-NN under same conditions.
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Supplementary Figure 4.7 The distribution of detectability score and FuncTax

score.

(Sample 1, top 50 genomes). The dotted blue line shows the cutoff for detectability (top

25%) and FuncTax (top 40%).
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Supplementary Figure 4.9 The intensity correlation of the overlapped peptides

found by both DDA-based and DDA-free method.

(Sample 2-10). The dashed line indicates y

identified as derived from human proteins are removed.
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Supplementary Figure 4.10 The sequence coverage of representative proteins that

exhibit the largest relative difference in intensity DDA-based and DDA-free method.
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Supplementary Figure 4.11 The intensity correlation of the overlapped proteins

found by both DDA-based and DDA-free method.

(Sample 2-10). The dashed line indicates y = x.
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Supplementary Figure 4.12 The intensity correlation of the overlapped COG

accessions found by both DDA-based and DDA-free method.
(Sample 2-10). The dashed line indicates y = x.
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DDA-free method on different taxonomic levels from Species to Phylum.
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The relative abundance was used for the analysis. Taxonomic categories that were

unique to one method were imputed with a value of zero.

Supplementary Figure 4.14 Comparative Taxonomic Composition of the

Microbiome at Levels from Phylum to Species.

(a) DDA-Based. (b) DDA-Free.
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Supplementary Figure 4.15 UpSet plot illustrating the overlap in genomes

identified by the DDA-free method across ten microbiome samples.

The top 40 intersections were plotted.
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Chapter 5: General Discussion

The gastrointestinal tract represents a nutrient-rich environment inhabited by a vast array
of microorganisms. Prior to the widespread adoption of high-throughput DNA sequencing
technologies, the microorganisms present in the gut are largely unknown, let alone their
functions. In 2005, the first application of DNA sequencing techniques on human gut
microbiome revealed the high complexity of human gut microbiome[118]. Subsequently,
with the rapid advancement of high-throughput DNA sequencing techniques, the human

gut microbiome has been precisely identified and categorized. The question “Who are
they?” has been well answered. But utilizing metagenomics techniques alone is not

enough to address the question, "What do they do?". The gut microbiome has been
identified as a critical factor influencing host health. The associations between the human
gut microbiome and many diseases have been established and accepted. Beyond these
associations, however, understanding the underlying mechanisms holds greater
importance. Proteomics identifying and quantifying proteins is a powerful tool for
addressing this question. In the past decades, both the mass spectrometry instruments
and the bioinformatics in proteomics has been continuously improved. There have even
been calls for the complete abandonment of traditional Western blotting techniques[119].
However, employing proteomics to study the human gut microbiome, termed
metaproteomics still remains challenging. The unknown and complex nature of human
gut microbiome samples poses a significant challenge to the depth of metaproteomic

analysis.
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In this study, we first evaluated the current depth of detection in metaproteomic analysis
(Chapter 2). We mixed varying proportions of isotopically labeled E. coli into microbiome
samples then attempted to detect E. coli from those samples. We observed a rapid
decline in the number of identified E. coli peptides as the levels of E. coli decreased. And
E. coli becomes undetectable when the mixing ratio falls below 0.5%. We demonstrated,
for the first time, the depth of detection in metaproteomics. The intensity of identified
peptides showed a good linear relationship with the proportion of mixing, which indirectly
demonstrates the accuracy of the detection. In this study, we observe that the MBR
technique, on one hand, facilitates the recovery of a lot of low-abundance peptides, yet
on the other hand, it also introduces a significant amount of erroneous quantification data.
In conventional proteomics, such inaccuracies are substantially mitigated at the protein
level, primarily because LFQ algorithm necessitates the identification of at least two
peptides per protein[47]. Given that false MBR events are random, the likelihood of two
false MBRs occurring simultaneously within the same protein is markedly reduced.
However, in metaproteomics, due to the prevalence of shared peptides, protein grouping
becomes more complex, sometimes involving hundreds of proteins within a single protein
group. Consequently, the quantitative inaccuracies caused by false MBR may still be
pronounced. A more effective strategy to eliminate incorrect quantification must be
considered when employing MBR in metaproteomics to ensure accuracy and reliability.
Nevertheless, it is important to acknowledge by MBR, we have successfully recovered a
substantial number of reliable peptides. This observation has drawn our attention to the
vast amount of information inherent at the MS1 level. In Chapter 3, we conducted a

comparison of the complexity at the MS1 level between single-species samples and
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microbiomes. The complexity of microbiome detected by mass spectrometry is

significantly higher than that in single species.

The benefit of MBR and the high complexity at the MS1 level in microbiome samples
underscore the sensitivity of mass spectrometry in detecting low-abundance peptides.
However, due to the inherent stochasticity of DDA, a vast amount of information is only
recorded at the MS1 level. DIA, as an unbiased approach, emerges as the future direction
for metaproteomics. Consequently, in Chapter 4, we explore the application of DIA within
metaproteomics. We have developed a novel strategy (MetaDIA) to narrow down the
search space, adapting to the peptide-centric strategy utilized in DIA data analysis.
Testing confirmed the accuracy and consistency of our method with the traditional DDA-
based method while our method is faster and less resource-intense. Furthermore, our
strategy initially assigns a sample-specific taxonomic scope to each sample, significantly
mitigating the issue of shared peptides and facilitating subsequent protein grouping. In
this workflow, we achieved satisfactory performance by utilizing the top 50 genomes.
However, this approach may not be optimal for every sample. Future optimizations could
include the implementation of a method to assign a confidence score to each genome,

thereby enhancing the accuracy and applicability of the workflow.

In the MetaDIA, an iterative search strategy is employed, wherein the search space
expands with each iteration. The initial "seed" database is critical for this methodology.
For our approach, we utilized MetaPep, which is specifically designed for the human gut
microbiome. Consequently, MetaDIA can only be used for processing samples from the
human gut microbiome. What’s more, although MetaPep encompasses identification

results from thousands of samples, there remains a potential issue of incompleteness.
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When dealing with certain unique samples, it is possible that some species may be
overlooked. Since the MAG database for different kinds of samples (Human oral, Pig gut,
Mouse gut etal) have been released[120], future research could explore the
implementation of this strategy independent of MetaPep. This adjustment would enable
its application across a broader spectrum of microbiomes. A potential method could use
proteins that are common to all organisms to infer the taxonomic composition of samples.
Additionally, the functional abundance could be determined from a relatively smaller

dataset.

In summary, our research represents the first assessment of the dark field of the
metaproteome. We have shown the power of the MBR algorithm in retrieving lost data.
Subsequently, we provided evidence at the level of mass spectrum that the microbiome
exhibits greater complexity compared to single species. This information suggests that
the current DDA approach does not effectively leverage the sensitivity of mass
spectrometry. A significant number of signals detected by mass spectrometry are not
utilized for peptide identification and quantification. Consequently, we have developed a
workflow, MetaDIA, which enables the application of DIA to metaproteomics. | believe that

this work will enhance our understanding of gut microbiome.
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