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Abstract

The human gut microbiome has a complex and dynamic relationship with its host and is

closely associated with human health and disease states. As an emerging high-throughput

omics technique, metaproteomics measures the presence and abundance of proteins in the

microbial community and serves as a powerful tool for investigating interactions between

the human gut microbiome and the host. However, metaproteomics faces unique challenges

due to the complexity of microbial communities. Limited proteome coverage in metapro-

teomics has recently been highlighted, suggesting it could obscure important biological

discoveries. This issue is further compounded by information loss during protein inference.

As mass spectrometry-based (meta)proteomics directly measures peptides rather than pro-

teins, information loss occurs due to the difficulty in precisely attributing peptides to their

parent proteins. Despite this, most current metaproteomic studies still rely on protein-level

analyses, and there are fewer applicable tools for peptide-level analysis. To address these

challenges, this thesis enhances traditional protein-level metaproteomics with peptide-level

analysis, develops practical tools to reduce information loss.

First, we explored the potential of traditional protein-level metaproteomics analysis by

investigating the effects of commonly used sugar substitute sweeteners on ex vivo human

gut microbiome. Traditional protein-level metaproteomics analysis revealed that the func-

tional profiles of the microbiomes grouped these sweeteners into two clusters, the noncaloric

artificial sweetener (NAS) cluster and the carbohydrate (CHO) cluster. Notably, prebiotics

fructooligosaccharide (FOS) and kestose (KES) clustered with the CHO cluster. Protein-

level analysis further revealed that the sugar substitute sweeteners in the CHO cluster

could modulate the metabolism of Clostridia.

Next, to facilitate peptide-level human gut metaproteomics analysis, we constructed

a core peptide database by extracting and reanalyzing data from published human gut
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metaproteomics studies. Raw files from fifteen publicly available human gut metapro-

teomics projects were reanalyzed and the identified peptide-spectrum matches (PSMs)

were used to construct a core peptide database, MetaPep. The constructed MetaPep

database enabled rapid and accurate identification of peptides for human gut metapro-

teomics. Additionally, annotation and reanalysis of peptides from the MetaPep database

revealed the current landscape of human gut metaproteomics research.

Finally, to advance peptide-centric analysis in metaproteomics studies, we explored

peptide abundance correlations to enhance taxonomic and functional characterization of

the human gut microbiome. Specifically, we analyzed peptide abundance correlations in a

metaproteomics dataset derived from six in vitro cultured human gut microbiomes exposed

to over one hundred drug treatments. Peptides originating from the same protein or taxon

exhibited correlated abundance changes. Peptides from the same taxon were clustered

within a peptide correlation map visualized with t-SNE. Leveraging these correlations, we

enabled genome-level taxonomic assignments for a larger number of peptides. In addition,

by focusing on single-species subsets, we calculated taxon-based normalized peptide abun-

dances (TNPA) and constructed peptide abundance correlation networks, which revealed

functional linkages among peptides and provided novel insights into the roles of previously

uncharacterized microbial proteins.

Altogether, this thesis demonstrated the utility of protein-level metaproteomics anal-

ysis by studying the functional effects of sugar-substitute sweeteners on the human gut

microbiome. Furthermore, by constructing a core peptide database, analyzing peptides

in this database, and studying peptide abundance correlations in a large metaproteomics

dataset, this thesis provided practical tools for peptide-level analysis, which in turn ad-

vanced taxonomic and functional analysis in human gut metaproteomics.
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1.1. HUMAN GUT MICROBIOME

1.1 Human Gut Microbiome

1.1.1 General overview of the human gut microbiome

Microbiome vs. Microbiota. The human gut microbiota—or more broadly, the human

gut microbiome—has become one of the most extensively studied topics in biomedical

research over the past two decades (Cani, 2018). Although the terms ”microbiota” and

”microbiome” are often used interchangeably, there are important distinctions between

them (Berg et al., 2020). The term ”microbiota” dates back to the early 1900s, originating

from the combination of “micro” and “biota”(Hou et al., 2022). However, its modern

usage—referring to the assemblage of living microorganisms including bacteria, archaea,

fungi, and viruses in a specific environment—was first defined by Lederberg and McCray in

the early 2000s (Lederberg & McCray, 2001; Marchesi & Ravel, 2015). In contrast, the term

”microbiome”, derived from “micro” and “biome”, was first defined in 1988 by Whipps et

al., as a “characteristic microbial community” in a “reasonably well-defined habitat which

has distinct physio-chemical properties” serving as their “theatre of activity” (Berg et al.,

2020; Whipps et al., 1988).

More recent definitions have attempted to clarify the concept of the microbiome and

its scope. For instance, the microbiome has been described as the sum of the microbes

and their genomic elements in a particular environment (Ho & Bunyavanich, 2018), or

as encompassing the genes and genomes of the microbiota, as well as the products of the

microbiota and the host environment (Whiteside et al., 2015). Importantly, although these

definitions vary slightly, they commonly emphasize the host and the environment as an

integral ecological component of the microbiome, rather than an independent entity. In

contrast, the term microbiota refers only to the collection of living members forming the

microbiome. The relationship between the microbiota and the microbiome is illustrated in

Figure 1.1.
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1.1. HUMAN GUT MICROBIOME

Figure 1.1: A schematic highlighting the composition of the term microbiome containing both the
microbiota (community of microorganisms) and their “theatre of activity” (structural elements,
metabolites/signal molecules, and the surrounding environmental conditions). Figure adapted
from the reference (Berg et al., 2020) under the terms of the CC BY 4.0 license.

Human gut/Gastrointestinal (GI) tract. The term ”gut” roughly refers to the hu-

man gastrointestinal (GI) tract, or more specifically, to the small and large intestines. In

the context of human gut microbiome studies, however, “gut” often specifically denotes the

large intestine or colon due to the widespread use of stool sampling, which primarily reflects

the colonic microbiota (Levitan et al., 2023). The GI tract is a complex system in which

each region performs locally specialized functions and maintains distinct physicochemical

environments (Figure 1.2). Several critical factors—such as oxygen levels, pH, and mu-

cus thickness—vary significantly along the length of the GI tract (Donaldson et al., 2016;

Kennedy & Chang, 2020). The colon, a major component of the large intestine, begins at

the cecum and extends approximately 150 cm to the rectum and anus, forming the termi-

nal segment of the GI tract (Kennedy & Chang, 2020). It is highly anaerobic and exhibits

lower acidity than both the stomach and the small intestine. The primary contents that
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pass into the colon are indigestible dietary components such as complex polysaccharides

and fibers, along with trace nutrients and residual bile acids that were not absorbed in

the ileum (Donaldson et al., 2016). To facilitate fermentative metabolism of these fibrous

substrates, the colon hosts a dense and diverse population of anaerobic bacteria (Hillman

et al., 2017). Moreover, its slow motility—often exceeding 30 hours in transit—provides

an extended window for microbial colonization and fermentation. (Metcalf et al., 1987).

Figure 1.2: Environmental parameters and bacterial composition vary along the longitudinal
axis of the gut. pO2, partial oxygen pressure. Figure adapted from the reference (McCallum &
Tropini, 2024) with permission from Springer Nature. Notably, some studies (Abuhelwa et al.,
2016; Yamamura et al., 2023) have reported that the small intestine exhibits a higher pH than
the colon, indicating it is less acidic, differing from the depiction in this figure.

Large bacterial load of the human gut microbiome. The number of bacteria in the

human body is of the same order as the number of human cells, both reaching 1013 (Sender

et al., 2016a), with the total mass of these bacteria estimated to be about 0.2 kg (Sender

et al., 2016b). The human microbiota is closely associated with both health and disease

and has even been considered the ”last organ” of the human body (Baquero & Nombela,

2012; Hou et al., 2022). Among various body sites, the colon harbors the highest bacterial

load—orders of magnitude greater than that of other locations such as the stomach (107)
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and the small intestine (107–1011) (Sender et al., 2016b).

Due to the extremely high microbial density in the colon, along with the practicality and

noninvasiveness of fecal sampling—which predominantly reflects the colonic microbiota—

the term “human gut microbiome” in most studies specifically refers to the microbiota

residing in the colon and collected from stool samples (Levitan et al., 2023; Rode et al.,

2024). Although spatial heterogeneity along the gastrointestinal tract has been demon-

strated (Donaldson et al., 2016; Flynn et al., 2018; Zhang et al., 2014), and concerns have

been raised about the limited representativeness of fecal samples (Levitan et al., 2023),

fecal sampling remains the most commonly used method for studying the human gut mi-

crobiome due to its feasibility and accessibility.

Compositions of the human gut microbiome. The human gut microbiota serves

multiple functions for the host, including vitamin production, stimulation of the immune

system, fermentation of indigestible dietary components into short-chain fatty acids (SC-

FAs) and other metabolites (Bik, 2009; Hillman et al., 2017). It also provides protection

against pathogens and maintains gut barrier integrity, contributes to the metabolism and

detoxification of xenobiotics, and is involved in the synthesis of neurotransmitters (de Vos

et al., 2022). These functions involve complex biological processes carried out by a highly

diverse and functionally active bacterial community.

As a symbiotic system, the maternal microbial reservoir is a crucial source for the initial

acquisition of microbial species and strains in the infant gut, and infants continue to acquire

microbes from diverse maternal sources after birth (Ferretti et al., 2018). While an early

study showed that the human gut microbiota is seeded during birth through contact with

the maternal vaginal microbiota (Dominguez-Bello et al., 2010), a more recent study found

that the composition of the maternal vaginal microbiome does not significantly affect the

development of the infant gut microbiome in early life (Dos Santos et al., 2023), suggesting

a more complex mode of acquisition for the infant microbiome. After initial acquisition and
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formation, the gut microbiome is subsequently shaped by various environmental exposures,

and the phylogenetic composition of the bacterial community typically evolves toward an

adult-like configuration within the first three years of life (Yatsunenko et al., 2012).

Healthy gut microbial communities are generally characterized by both high taxonomic

diversity and microbial gene richness, as well as stable functional cores (Fan & Pedersen,

2021; The Human Microbiome Project Consortium, 2012). Among these, Firmicutes and

Bacteroidetes are the two dominant bacterial phyla, together accounting for more than

90% of the total microbial abundance in the human gut (The Human Microbiome Project

Consortium, 2012). Other phyla, including Actinobacteria, Proteobacteria, and Verrucomi-

crobia are also commonly detected, but collectively account for only the remaining 10%

(Lozupone et al., 2012; The Human Microbiome Project Consortium, 2012) (Figure 1.3).

At the genus level, the most prevalent and abundant taxa typically include Prevotella,

Bacteroides, Faecalibacterium, Ruminococcus, Blautia, and Clostridium (Piquer-Esteban et

al., 2022). However, due to differential exposure to environmental factors, the composition

of human gut microbiota varies significantly across different geographical locations, dietary

patterns, and age groups (Yatsunenko et al., 2012). Even among healthy individuals, the

relative abundance of dominant taxa can differ greatly (The Human Microbiome Project

Consortium, 2012).

In contrast, functional gene profiles tend to be more consistent across individuals

(Lozupone et al., 2012). Core metabolic pathways—such as those related to ribosomal

and translational machinery, ATP synthesis, and glycolysis—are commonly enriched across

gut microbial communities from different individuals (Figure 1.3) (The Human Microbiome

Project Consortium, 2012). Notably, several metabolic pathways are specifically enriched

in the human gut microbiome, including mannan degradation, thiazole biosynthesis, and

biosynthesis of L-glutamate and L-glutamine (Lloyd-Price et al., 2017), which align well

with the primary microbial functions carried out in the colon.
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Recently, increased research attention on the gut microbiome of individuals from low-

and middle-income countries has revealed a broader spectrum of global microbial diver-

sity. For example, a recent study of the human gut microbiome atlas of Africa identified

more than 1,000 new prokaryotic metagenome-assembled genomes (MAGs) (Maghini et al.,

2025), representing an increase over the Unified Human Gastrointestinal Genome (UHGG)

catalog (Almeida et al., 2021), which was based on previously studied gut microbiome bac-

terial genomes. The composition of the human gut microbiome is expected to be further

elucidated as more studies are conducted in diverse populations.

7



1.1. HUMAN GUT MICROBIOME

Figure 1.3: Carriage of microbial taxa varies while metabolic pathways remain stable within
gut microbiomes of healthy individuals. Oral communities (top panels) and faecal communi-
ties (bottom panels) analysed using 16S rRNA (coloured by microbial phyla, left panels) show
tremendous abundance diversity. The same samples analysed by shotgun metagenomics (panels
on right) have remarkably similar functional profiles. Each column represents one individual, and
samples were collected from 242 individuals in a published study (Lozupone et al., 2012; The
Human Microbiome Project Consortium, 2012). Figure adapted from the reference (Lozupone
et al., 2012) with permission from Springer Nature.
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1.1.2 Close association between the human gut microbiome

and human health

Due to the complex interplay between the gut microbiota and the host, the human gut

microbiome has been associated with a growing number of health issues, including both

intestinal and extraintestinal disorders. Intestinal diseases such as inflammatory bowel

diseases (IBD) (Lloyd-Price et al., 2019), irritable bowel syndrome (IBS) (Mars et al.,

2020), and colorectal cancer (CRC) (Tilg et al., 2018) have been extensively investigated.

For example, patients with IBD exhibit altered microbial composition with reduced

microbial diversity (Foppa et al., 2024). During active disease phases, there is an increase

in facultative anaerobes and a decline in obligate anaerobes—indicating taxonomic shifts

toward more aerotolerant species (Lloyd-Price et al., 2019). In the case of CRC, species

such as Streptococcus bovis and Fusobacterium nucleatum (F. nucleatum) have been iden-

tified as risk factors associated with tumor formation (Kim & Lee, 2022). Specifically, in

mouse models, F. nucleatum promoted a pro-inflammatory microenvironment that facil-

itated neoplastic progression in intestinal epithelial cells and recruited tumor-infiltrating

immune cells (Kostic et al., 2013).

Beyond intestinal disorders, the gut microbiome has also been implicated in pancreatic

disorders (Riquelme et al., 2019), metabolic, neurological, psychiatric, and immune-related

diseases (Gomaa, 2020).

The gut microbial community plays a pivotal role in regulating host metabolism.

Microbiota-produced metabolites interact with host receptors and modulate signaling path-

ways. Several metabolic disorders, including obesity (Deehan et al., 2024), diabetes (Heintz-

Buschart et al., 2016; Qin et al., 2012), and cardiovascular diseases (CVD) (Brown & Hazen,

2018), have been closely associated with changes in the gut microbiota. For instance, in a

mouse model of obesity, reduced ethanolamine-metabolizing capacity of the gut microbiota

led to ethanolamine accumulation, which increased intestinal permeability and contributed
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to inflammation and impaired glucose metabolism (Mishra et al., 2023).

The gut microbiota is also involved in both neurologic and psychiatric disorders, includ-

ing autism spectrum disorder (ASD), Parkinson’s disease (PD), Alzheimer’s disease (AD),

depression, and anxiety (Morais et al., 2021). These associations are mediated through the

gut–microbiota–brain axis, a network of connections involving multiple biological systems

that allow bidirectional communication between gut bacteria and the brain (Morais et al.,

2021). For example, SCFAs produced by gut bacteria can modulate central nervous sys-

tem (CNS) functions by influencing neuroplasticity, epigenetic regulation, gene expression,

and immune responses (Dalile et al., 2019). Moreover, temporal changes in microbiome

composition have been strongly correlated with ASD phenotypes, with characteristic mi-

crobial signatures involving genera such as Prevotella, Bifidobacterium, Desulfovibrio, and

Bacteroides (Morton et al., 2023). These interactions indicate that the human gut micro-

biome is crucial for maintaining the homeostasis of gastrointestinal, neural, and microbial

systems.

Gut microbiota and their metabolites also play essential roles in regulating both innate

and adaptive immune responses (Pushalkar et al., 2018). For example, they stimulate host

immune cells to produce immunoglobulin A (IgA) and antimicrobial peptides (AMPs),

thereby protecting the host from pathogenic infections (Belkaid & Hand, 2014). Dys-

regulation of the gut microbiota is strongly associated with aberrant mucosal immune

responses, intestinal inflammation, and tissue injury (Zheng et al., 2020). Moreover, mi-

crobial metabolites can translocate from the intestinal lumen to distant organs such as the

liver, lungs, and brain via the circulatory system, inducing localized immune responses in

peripheral tissues (Zheng et al., 2020).

Importantly, emerging evidence supports not only associations but also causal relation-

ships between the gut microbiome and disease onset and progression. Germ-free animal

models, which are raised in sterile environments and lack any microbial exposure, have been

indispensable in demonstrating microbiome-mediated effects on host physiology (Cussotto
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et al., 2019). For instance, the essential role of gut microbes in the development of col-

orectal cancer (Yang et al., 2022) and Alzheimer’s disease (Chen et al., 2022) has been

validated using germ-free mice.

Beyond fundamental research, microbiome-based therapeutic strategies are increasingly

being explored. Fecal microbiota transplantation (FMT), which involves transferring stool-

derived microbiota from healthy donors to patients, has been approved for treating recur-

rent Clostridioides difficile infections (rCDI) (Mullard, 2023). In addition, live biothera-

peutic products derived from gut microbes are currently under clinical evaluation (phase

2 trials) for conditions such as IBS, IBD, depression, and type 2 diabetes (T2D) (Pribyl

et al., 2025). These emerging therapies represent a novel class of interventions harnessing

the power of the human gut microbiome.

1.1.3 High-throughput research methods for the human gut

microbiome

Recent technological advances have enabled in-depth investigation of the human gut mi-

crobiome beyond conventional methods. Traditional culture-based methods are limited by

low throughput and poor culturability. To overcome these limitations, culture-independent

omics approaches—including amplicon sequencing, metagenomics, metatranscriptomics,

metaproteomics, and metabolomics—have become important tools for studying microbial

communities in the gut (Franzosa et al., 2015). Each of these methods provides distinct

layers of information, as outlined below.

Amplicon sequencing targets specific marker genes (predominantly the bacterial 16S

ribosomal RNA gene), enabling taxonomic profiling of microbial communities but lacking

functional insights.

Metagenomics captures millions of random genomic fragments from environmental

DNA, allowing for both taxonomic and functional profiling of microbial communities.
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Metatranscriptomics sequences RNA transcripts produced by the microbiota, providing

detailed insights into gene expression dynamics and complementing metagenomic analyses.

Metaproteomics directly quantifies protein abundance, offering a more accurate mea-

sure of microbial functional activity compared to gene- or transcript-based approaches. As

well, metaproteomics has been used to identify and quantify post-translational modified

peptides. These modifications are important for regulating the functions, localization, and

interactions of proteins (Duan et al., 2023; Macek et al., 2019). In contrast, metagenomics

and metatranscriptomics primarily reflect the functional potential of microbial communi-

ties, as the presence of genes or transcripts does not necessarily indicate active protein

expression or function.

Metabolomics analyzes small molecules and metabolites derived from microbes and the

host, offering further insights into metabolic functions and host-microbiome interactions.

Together, these high-throughput methods have provided complementary, multi-layered

insights into the structure and function of the human gut microbiome, greatly advancing

our understanding of its role in human health and disease.

1.2 Metaproteomics and Its Application to Study

the Human Gut Microbiome

1.2.1 Applying metaproteomics to study the human gut mi-

crobiome

The human gut microbiome has complex interactions with the host, and the taxonomic

composition and functional activity of the gut microbiome have been closely associated

with human health and diseases (de Vos et al., 2022). Proteins are the foundations of most

biological processes, comprising about 50% of the dry mass of a cell across different species
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(Milo, 2013). Their quantification is instrumental in assessing the biomass contributions

of different bacterial species within a community (Kleiner et al., 2017). Consequently, a

comprehensive analysis of the entire protein complement in the microbiome is critical for

unraveling host-microbiome interactions.

Metaproteomics was first proposed by Wilmes and Bond in 2004, defined as the “Large-

scale characterization of the entire protein complement of environmental microbiota at a

given point in time” (Wilmes & Bond, 2004). Initially, metaproteomics involved separating

proteins on a 2D gel and manually selecting individual protein spots for mass spectrometric

analyses, which was experimentally demanding and low throughput (Wilmes & Bond,

2006). During this early stage of metaproteomics, approximately 2,000 proteins could

be detected in a microbial community (Ram et al., 2005). Although still in its early

stages, liquid chromatography and tandemmass spectrometry (LC-MS/MS)-based bottom-

up metaproteomics is now able to detect approximately 50,000–70,000 protein groups in a

single study using different techniques (Li et al., 2023; Zhao et al., 2023), showcasing the

rapid technological advancement over the past 2 decades.

Currently, a typical metaproteomics workflow is illustrated in Figure 1.4 (Salvato et

al., 2021). It involves collecting and preserving samples, followed by cell lysis and pro-

tein extraction. The extracted proteins are then digested, typically with trypsin, into

peptides, which are subsequently separated by high-performance liquid chromatography

(HPLC). The resulting peptides are analyzed by mass spectrometry (MS) to determine

their mass-to-charge ratio (m/z), and by MS/MS to acquire fragmentation spectra for

peptide identification and quantification. Identified peptides are then assembled into pro-

teins or protein groups through protein inference, after which functional and taxonomic

analyses are generally conducted at the protein or protein group level. A protein group

refers to a set of similar, but not identical, protein sequences that share identified peptides

and can not be distinguished due to the absence of protein unique peptides (Blakeley-Ruiz

& Kleiner, 2022). For example, in the proteomics computational platform MaxQuant (Cox
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& Mann, 2008; Tyanova et al., 2016), whenever the set of identified peptides in one protein

is equal to or completely contained within the set of identified peptides of another protein,

these two proteins are joined into the same protein group.

It is noteworthy that most metaproteomics studies currently rely on data-dependent

acquisition (DDA), which selects only the most abundant peptides in an MS1 scan for

subsequent fragmentation and identification in MS2 (Ludwig et al., 2018). However, the

emerging technique of data-independent acquisition (DIA) systematically fragments all

peptides within predefined m/z windows in each MS1 scan (Ludwig et al., 2018), leading to

higher reproducibility and improved proteome coverage(Aakko et al., 2020). This approach

can identify 5–10 times more peptides in a single sample (Gómez-Varela et al., 2023b; Zhao

et al., 2023). As a result, metaproteomics is moving toward more comprehensive profiling

of both the composition and functional dynamics of microbial communities.

Figure 1.4: (A) A reference database is required for metaproteomics and can be generated using
shotgun metagenomic sequencing. (B) The metaproteomics workflow includes protein extraction,
digestion into peptides, high-resolution LC-MS/MS analysis, and subsequent database searching
for protein identification and quantification based on the peptides identified and quantified by LC-
MS/MS. LC, liquid chromatography; MS, mass spectrometry. Figure adapted from the reference
(Salvato et al., 2021) under the terms of the CC0 1.0 license.
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1.2.2 The advantage of metaproteomics compared to other

omics

Metaproteomics measures the presence and abundance of proteins, thereby revealing gene

expression dynamics within microbial communities (Salvato et al., 2021). Additionally,

by assigning proteins to individual species or higher taxa, metaproteomics offers insights

into the taxonomic composition of the microbiota (Kleiner, 2019; Salvato et al., 2021).

However, metaproteomics encompasses much more than measuring gene expression and

species biomass within microbial communities (Kleiner, 2019). When compared with other

high-throughput omics techniques, including amplicon sequencing, metagenomics, meta-

transcriptomics, and metabolomics, metaproteomics has several unique advantages.

Firstly, metaproteomics is more likely to reveal the real functionality of the micro-

bial community. This contrasts with DNA-based metagenomics and metatranscriptomics,

which only suggest the potential functional capabilities of microbial communities. The

reason for this disparity lies in the fact that not all DNA (genes) are transcribed into

RNA, and not all RNA transcripts are subsequently translated into proteins. Secondly,

metaproteomics enables the study of post-translation modifications (PTMs) in microbes.

PTMs play a crucial role in modulating protein activity, structural conformation, and

interactions, significantly influencing bacterial behavior within the microbiome and in in-

teractions with the host (Duan et al., 2023). Such modifications, critical for understanding

complex biological processes, remain elusive in other high-throughput omics analyses.

In addition, metaproteomics has advantages for studying host-microbe interactions,

as both human proteins and microbial proteins are able to be identified and quanti-

fied. Human proteins, which constitute approximately 15% of the biomass in metapro-

teomic samples (Armengaud, 2023) are pivotal in mediating these interactions. Moreover,

metaproteomics can also analyze isotope content, which helps determine carbon sources

and provides a deeper understanding of metabolism in microbial communities (Kleiner et
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al., 2018). Overall, metaproteomics distinctively enhances our comprehension of the hu-

man gut microbiome, offering insights that are not readily obtainable through other omics

technologies.

1.2.3 Discoveries achieved through metaproteomics

Metaproteomics has emerged as a powerful tool for unraveling the pathogenesis of various

diseases and for identifying potential biomarkers. Its application ranges from unraveling

the microbial contribution to oxidative stress in inflammatory bowel disease (Zhang et

al., 2018b) to uncovering the interplay between gut microbiota and the development of

type 1 diabetes (Gavin et al., 2018). Metaproteomics has also been applied to exploring

host-microbiome interactions underlying other diseases, such as cancer (Long et al., 2020;

Tanca et al., 2022), obesity (Calabrese et al., 2021; Kolmeder et al., 2015), and COVID-19

(Grenga et al., 2022; He et al., 2021). A comprehensive overview of the clinical applications

of metaproteomics has been provided by Wolf et al. (Wolf et al., 2023).

Recently, with the development of metaproteomics analysis platforms such as MetaLab

(Cheng et al., 2023, 2017), MPA (Muth et al., 2018), and Galaxy-P (Jagtap et al., 2015), it

has become easier to convert metaproteomics raw files into lists of protein groups annotated

with functional and taxonomic information for downstream biological interpretation.

For example, MetaLab-MAG (Cheng et al., 2023) is a metaproteomics data analysis

platform designed for genome-level characterization of microbiomes based on metagenome-

assembled genomes (MAGs). It employs a two-step search strategy: first, it searches a

high-abundance protein database to identify bacterial species present in the samples; then,

it performs a refined search against a smaller database consisting of only these selected

species. Metaproteomics analyses using MetaLab-MAG have successfully identified and

quantified the components of simplified human gut microbiome samples whose composition

was previously known (Cheng et al., 2023; Van den Bossche et al., 2021). Furthermore, it

16



1.3. CHALLENGES REMAINING IN METAPROTEOMICS ANALYSIS

has provided taxonomic profiling results that are broadly similar to, yet distinct from, those

obtained from metagenomic read counts in real human gut microbiome samples (Cheng

et al., 2023).

1.3 Challenges Remaining in Metaproteomics Anal-

ysis

Unlike single-species proteomics, metaproteomics faces unique challenges due to the com-

plexity of microbial communities. These challenges include database selection, statistical

error estimation, protein inference, functional annotation, etc. (Schiebenhoefer et al.,

2019). In the early life of metaproteomics research, it was difficult to identify enough pep-

tides or proteins and to perform the downstream biological analysis (Muth et al., 2015;

Schiebenhoefer et al., 2019). With the development of metaproteomics analyzing pipelines,

such as MetaLab (Cheng et al., 2023), ProteoStorm (Beyter et al., 2018), and MPA (Muth

et al., 2018), it is now able to identify around 30,000 proteins from each metaproteomics

raw file with ultra-deep DDA (data-dependent acquisition) (Li et al., 2023) and even more

with DIA (data-independent acquisition) (Zhao et al., 2023), making the biological inter-

pretation of metaproteomics data more feasible.

Despite these advancements, metaproteomics still faces two major challenges that limit

its biological resolution: (1) limited proteome coverage, and (2) information loss during

protein inference. These will be discussed in the following sections.

1.3.1 Limited proteome coverage in metaproteomics

In the metaproteomics community, it is widely acknowledged that there is still room for

enhancing the depth of proteome coverage (Callister et al., 2018; Lohmann et al., 2020;
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Van den Bossche et al., 2021). The limited proteome coverage means proteins from low-

abundance taxa or with lower biomass in each taxon were left uncharacterized with the

current metaproteomics workflow. This could hide some important biological discoveries.

Although ultra-deep proteomics methods have shown promise in detecting nearly the en-

tire proteome of single-species bacteria, identifying up to 75 to 77% of open-reading frames

(Hou et al., 2023; Wang et al., 2021), the issue of limited proteome coverage becomes more

significant when dealing with complex microbial communities composed of hundreds of

species in metaproteomics. Previous research indicated that increased species diversity re-

duced the number of identified protein groups, and with the current state of metaproteomics

technology, the estimated species and proteome coverage in a complex sample containing

around 300 bacterial species is about 20% and 5%, respectively (Lohmann et al., 2020).

From a more intuitive standpoint, the current stage ultra-deep metaproteomics techniques

detected an average of 69,280 peptides, and 30,686 protein groups per microbiome sam-

ple (Li et al., 2023), these numbers represent a mere 2.34% of the theoretical microbiome

proteome, based on an estimated 1,310,000 coding sequences (CDS) (Armengaud, 2023).

These studies suggest that a significant portion of proteins and species remain undetected

in metaproteomic analyses, aligning with our previous observations that bacteria with less

than 0.5% biomass are difficult to detect using current metaproteomics workflows (Duan

et al., 2022).

1.3.2 Peptide-centric analysis to reduce information loss in

the protein inference

Protein inference contributes substantially to information loss in metaproteomics and is

also a cause for limited proteome coverage. It is due to the fact that within a complex

microbial community, a single peptide could be shared by hundreds of different proteins,

complicating the precise attribution of the peptide to its parent protein. In metaproteomics,
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protein inference usually does not yield a list of proteins, but rather a list of protein groups.

These protein groups can encompass proteins from various bacterial species with different

functions, resulting in the loss of valuable information during protein inference (Plubell et

al., 2022). In addition, different protein inference methods could result in different protein

lists (Audain et al., 2017), further complicating the following analysis.

To address this problem, peptide-centric analysis has been proposed as a complemen-

tary strategy. The feasibility of peptide-centric taxonomic analysis was demonstrated with

the introduction of the first tryptic peptide-based metaproteomics biodiversity analysis

method, Unipept (Gurdeep Singh et al., 2019), in 2012. Since then, peptide-centric tax-

onomic analysis has gained widespread adoption in metaproteomics (Gavin et al., 2018;

Long et al., 2020; Rechenberger et al., 2019), with subsequent developments in Unipept

enabling functional analysis via GO terms and EC numbers (Gurdeep Singh et al., 2019).

However, concerns have been raised about the limited sequence length of peptides and their

capacity to convey meaningful functional information (Vicedomini et al., 2022; Xu et al.,

2020). A proposed solution involves tailoring the protein sequence collection for in-silicon

digestion, ensuring that each peptide correlates to a protein with a specific function. Cus-

tomized or research-specific databases for peptide digestion have been shown to enhance

functional resolution in peptide-centric metaproteomics analyses (Verschaffelt et al., 2023).

Several peptide-centric analysis tools, including Unipept (Gurdeep Singh et al., 2019;

Mesuere et al., 2012), MetaGOmics (Riffle et al., 2017), and PepFunk (Simopoulos et

al., 2020) have demonstrated the feasibility of the peptide-centric strategy for taxonomic

and functional analysis in metaproteomics. The peptide-level analysis offers enhanced

sensitivity, uncovering details that are masked at the protein level (Simopoulos et al.,

2020). However, current implementations are incomplete, lacking full integration from

peptide database searching to downstream functional and taxonomic analyses.
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1.4 Applying Metaproteomics to Study Protein Func-

tional Interactions

Protein functional interactions, encompassing both direct (physical) protein–protein inter-

actions (PPIs) and indirect (functional) interactions (Szklarczyk et al., 2017), are funda-

mental to a wide range of biological processes. Currently, both experimental and computa-

tional methods are employed to investigate PPIs, and proteomics has become an essential

tool for studying these interactions (Kustatscher et al., 2019; Richards et al., 2021).

Experimental methods for inferring protein–protein interactions include in vivo tech-

niques such as the traditional yeast two-hybrid (Y2H) assay and synthetic lethality screens,

as well as in vitro approaches such as affinity chromatography, protein microarrays, and

tandem affinity purification (Rao et al., 2014).

Computational approaches for predicting PPIs encompass several strategies. Similarity-

based methods, such as interolog mapping, predict interactions by transferring experimen-

tally confirmed PPIs between species based on homologous proteins (orthologs). Another

similarity-based strategy involves domain–domain interactions (DDIs), which can predict

PPIs even among proteins with low sequence similarity, given the critical role of domains

in mediating protein functions. Structure-based approaches, meanwhile, predict PPIs if

two proteins share similar primary, secondary, or tertiary structures (James & Muñoz-

Muñoz, 2022). Other computational methods include genome context analyses, such as

gene clustering and gene fusion events, as well as phylogenetic profiling, which leverages

the observation that interacting protein pairs often exhibit similar patterns of conservation

across multiple genomes (James & Muñoz-Muñoz, 2022).

A comprehensive summary of these methodologies is integrated into resources like the

STRING database (Szklarczyk et al., 2017), which aims to provide quality-controlled pro-

tein–protein association networks for a broad range of organisms. The STRING database

20



1.5. RATIONALE AND HYPOTHESIS

integrates known and predicted functional associations from diverse sources, including: (i)

systematic co-expression analysis, (ii) detection of shared selective signals across genomes,

(iii) automated text mining of scientific literature, and (iv) computational transfer of in-

teraction knowledge between organisms via gene orthology.

While these various approaches and proteomics have been widely applied to study

protein functional interactions, such interactions have not yet been extensively investigated

using metaproteomics datasets. In this thesis, we explore protein functional interactions

within a metaproteomics dataset, leveraging taxonomically and functionally annotated

peptides to gain novel insights.

1.5 Rationale and Hypothesis

To address the challenges described above, this thesis proposes a peptide-centric metapro-

teomics analysis framework designed to reduce information loss inherent in traditional

protein-level human gut metaproteomics analyses. First, traditional protein-level metapro-

teomic analysis is assessed for its ability to reveal major functional changes of ex vivo

human gut microbiomes in response to various sweetener treatments. This analysis also

highlights the limited number of proteins identified and the smaller subset that could be

taxonomically and functionally annotated. Second, a well-annotated, observation-based

core peptide database is constructed to enable efficient peptide-centric searches and down-

stream taxonomic analyses. This database also offers an overview of existing human gut

metaproteomics studies. Third, peptide abundance correlations are explored as a comple-

mentary strategy to enhance taxonomic and functional analyses. This approach enables

genome-level taxonomic assignment of a larger number of peptides and facilitates the pre-

diction of functions for previously uncharacterized proteins, thereby reducing information

loss in traditional protein-level metaproteomics analysis.
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Zhongzhi Sun, Wenju Wang, Leyuan Li, Xu Zhang, Zhibin Ning, Janice Mayne, Krystal

Walker, Alain Stintzi, and Daniel Figeys. Comprehensive Assessment of Functional Effects

of Commonly Used Sugar Substitute Sweeteners on Ex Vivo Human Gut Microbiome,
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sources, Project administration, Writing - review & editing. Krystal Walker: Resources,

Investigation. Alain Stintzi: Supervision, Writing – review & editing. Daniel Figeys:

Conceptualization, Supervision, Funding acquisition, Writing – review & editing.

2.1 Abstract

The composition and function of the human gut microbiome are often associated with

health and disease status. Sugar substitute sweeteners are widely used food additives,

although many studies using animal models have linked sweetener consumption to gut

microbial changes and health issues. Whether sugar substitute sweeteners directly change

the human gut microbiome functionality remains largely unknown. In this study, we sys-
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2.1. ABSTRACT

tematically investigated the responses of five human gut microbiomes to 21 common sugar

substitute sweeteners, using an approach combining high-throughput in vitro microbiome

culturing and metaproteomic analyses to quantify functional changes in different taxa. Hi-

erarchical clustering based on metaproteomic responses of individual microbiomes resulted

in two clusters. The noncaloric artificial sweetener (NAS) cluster was composed of NASs

and two sugar alcohols with shorter carbon backbones (4 or 5 carbon atoms), and the

carbohydrate (CHO) cluster was composed of the remaining sugar alcohols. The metapro-

teomic functional responses of the CHO cluster were clustered with those of the prebiotics

fructooligosaccharides and kestose. The sugar substitute sweeteners in the CHO cluster

showed the ability to modulate the metabolism of Clostridia. This study provides a com-

prehensive evaluation of the direct effects of commonly used sugar substitute sweeteners

on the functions of the human gut microbiome using a functional metaproteomic approach,

improving our understanding of the roles of sugar substitute sweeteners on microbiome-

associated human health and disease issues.

Importance The human gut microbiome is closely related to human health. Sugar

substitute sweeteners as commonly used food additives are increasingly consumed and have

potential impacts on microbiome functionality. Although many studies have evaluated the

effects of a few sweeteners on gut microbiomes using animal models, the direct effect

of sugar substitute sweeteners on the human gut microbiome remains largely unknown.

Our results revealed that the sweetener-induced metaproteomic responses of individual

microbiomes had two major patterns, which were associated with the chemical properties of

the sweeteners. This study provided a comprehensive evaluation of the effects of commonly

used sugar substitute sweeteners on the human gut microbiome.
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2.2 Introduction

Dietary components, which include carbohydrates (CHO), proteins, fats, minerals, food

additives, and other compounds, have been shown to play major roles in shaping the

composition and function of the gut microbiome and the associated health consequences

(Kalantar-Zadeh et al., 2019; Zmora et al., 2019). Sugar substitute sweeteners are food

additives used to increase the sweetness of food while contributing a modest amount of

energy, compared to sugar. In the United States, 25% of children and 41% of adults con-

sumed sugar substitute sweeteners, based on data collected from 2009 to 2012 (Sylvetsky

et al., 2017), and the popularity of sugar substitute sweeteners has been continuously in-

creasing (Sylvetsky & Rother, 2016). Sugar substitute sweeteners have been recommended

as sugar replacements for better caloric and glycemic control while preserving sweetness

(Gardner et al., 2012). Sugar substitute sweeteners can be categorized as noncaloric ar-

tificial sweeteners (NASs) of high sweetness intensity, which carry few calories, and sugar

alcohols (nutritive sweeteners), which have sweetness comparable to that of sucrose but

are indigestible by humans and thus contribute few calories (Liauchonak et al., 2019).

Despite the proposed health benefits of sugar substitute sweeteners, many studies

have found associations between their consumption and the development of diseases and

metabolic syndrome (Cohen et al., 2012; Fowler et al., 2008; Laska et al., 2012), some of

which were initially intended to be prevented by the use of sugar substitute sweeteners.

Sweeteners have been found by metagenomics to induce changes in the gut microbiome

composition in animals and humans (Beards et al., 2010; Javier Ruiz-Ojeda et al., 2019;

Suez et al., 2014). Suez et al. demonstrated saccharin (SAC)-induced glucose intolerance

in healthy volunteers and showed that these effects were transferable to germfree mice

through fecal transplantation (Suez et al., 2014). However, Serrano et al. found that gut

microbial diversity and composition at any taxonomic level, as well as glucose intolerance,

were not altered by high-dose SAC supplementation in healthy humans and mice using 16S
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rRNA sequencing (Serrano et al., 2021). To date, there has been no study that compared

the effect of a comprehensive panel of approved sugar substitute sweeteners on the func-

tionality of the ex vivo human gut microbiome. Most of the studies were conducted using

animal models and focused on only a few sweeteners (Abou-Donia et al., 2008; Schiffman

& Nagle, 2019; Suez et al., 2014). In addition, comparison across small-scale studies is

challenging due to the variation of experimental approaches.

Here, we report a systematic study of the effects of sugar substitute sweeteners on in-

dividual human gut microbiomes. Briefly, 21 common sweeteners, covering all sweeteners

approved by Health Canada (HC) (Health Canada, 2017), the U.S. Food and Drug Admin-

istration (FDA) (US FDA, 2018), and the European Food Safety Authority (EFSA) (EFSA,

2018) as food additives, were tested for their impact on the composition and function of five

healthy adult microbiomes using the Rapid Assay of Individual Microbiome (RapidAIM)

technology (Li et al., 2020), consisting of in vitro culturing and metaproteomic analysis

(see Supplementary Table S2.1 for the 21 sweeteners). To the best of our knowledge, this

is the first study using metaproteomic approaches to simultaneously examine the effects

of 21 sugar substitute sweeteners on human gut microbiomes. Our results revealed that

the sweetener-induced metaproteomic responses of individual microbiomes had two major

patterns, which were associated with the chemical properties of the sweeteners.

2.3 Materials and Methods

2.3.1 Sugar substitute sweeteners and determination of con-

centrations

The concentrations of the sugar substitute sweeteners used in the assay were determined

based on their consumption levels in the general public, the acceptable daily intake (ADI),

and the proportion of consumed sweeteners that could reach the colon (see Supplementary
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Figure S2.1). Twelve of the tested sweeteners had ADI data defined by FDA or EFSA. The

culturing concentration that met the ADI (cADI) for each sweetener was calculated based

on consumption from an average participant body weight of 70.3 kg, normalized to 200 g

of colon content. Calculation of the cADI was conducted based on the following formula:

cADI =
ADI (mg kg−1 day−1)× average volunteers body weight 70.3 kg

(weight of culture system 1 g)−1 × weight of colon content 200 g

× 1mL−1 ×MW−1 × proportion that reaches the colon (%) (2.1)

Sweeteners with cADI values much lower than 2 mg/mL were tested both at the cADI

and at 2 mg/mL to facilitate the comparison of their effects on the microbiome with

those of other sweeteners. For sweeteners without defined ADI, in the case of all sugar

alcohols the concentration used was standardized to 2 mg/mL, which would represent

consumption levels lower than those in the general public (Aguilar et al., 2009; Aguilar

et al., 2015; Tennant, 2014). Since the cADI of advantame exceeded its solubility and

the ADI would represent a consumption level much higher than that in the general public

(Aguilar et al., 2013), advantame was tested at 2 mg/mL, about one-fifth of the cADI.

In addition, aspartame (ASP), THA, and salt of aspartame-acesulfame (SAA) are known

to be completely metabolized before reaching the colon (Caballero et al., 2003; Renwick,

1986), resulting in cADI values of 0. A study has shown that CHOs that can be absorbed

by the small intestine can still enter the large intestine and be fermented by the colonic

microbiota (Wong & Jenkins, 2007). We included ASP, THA, and SAA in this study,

assuming that a portion of these sweeteners may also reach the colon.
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2.3.2 Human stool sample collection and culturing

The study was approved by the Ottawa Health Science Network Research Ethics Board

at the Ottawa Hospital (protocol number 20160585-01 H). Informed consent was obtained

from all subjects involved in the study. Stool samples from five healthy volunteers (23 to

48 years of age; 3 males and 2 females) were included in this study. Exclusion criteria in-

cluded the diagnosis of irritable bowel syndrome (IBS), inflammatory bowel disease (IBD),

or diabetes mellitus; antibiotic use or gastroenteritis episode in the past 3 months; use

of probiotic/prebiotic, laxative, or antidiarrheal drugs in the past month; or pregnancy.

Volunteers included in this study were self-assessed as non-sweetener consumers, based on

their food and nutritional supplement consumption. The stool samples were collected on

site and immediately transferred into an anaerobic workstation (5% H2, 5% CO2, and 90%

N2, at 37°C). A 20% (wt/vol) stool slurry was made in sterile prereduced PBS (pH 7.6)

containing 10% (vol/vol) glycerol and 1 g/L l-cysteine, vortex homogenized, and filtered

through gauze. The filtered slurry aliquots were stored at −80°C until culturing.

The frozen fecal samples were thawed at 37°C and immediately transferred into the

anaerobic workstation, vortex homogenized, and inoculated at 2% (wt/vol) into 96-deep-

well plates containing prereduced, optimized microbiome culture medium (Li et al., 2019,

2020) and a sweetener (the manufacturers and concentrations used are shown in Supple-

mentary Table S2.1), a positive control (2 mg/mL FOS or 2 mg/mL KES), or the negative

control (PBS). The culture medium was composed of 2.0 g/L peptone water, 2.0 g/L yeast

extract, 0.5 g/L L-cysteine hydrochloride, 2 mL/L Tween 80, 5 mg/L hemin, 10 µL/L

vitamin K1, 1.0 g/L NaCl, 0.4 g/L K2HPO4, 0.4 g/L KH2PO4, 0.1 g/L MgSO4·7H2O,

0.1 g/L CaCl2·2H2O, 4.0 g/L NaHCO3, 4.0 g/L porcine gastric mucin, 0.25 g/L sodium

cholate, and 0.25 g/L sodium chenodeoxycholate. The plates were shaken at 500 rpm on

shakers (MS3; IKA, Germany) in the anaerobic workstation at 37°C for 24 h. Following

anaerobic culture, samples were processed to isolate bacterial pellets as described previ-
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ously (Li et al., 2020). Bacterial pellets were stored at −80°C until LC-MS/MS sample

preparation.

2.3.3 Metaproteomic sample preparation

Proteins were extracted from bacterial pellets according to the method described by Li et

al. (Li et al., 2020). Briefly, bacterial pellets were resuspended in bacterial lysis buffer

containing 4% (wt/vol) sodium dodecyl sulfate (SDS), 8 M urea, 50 mM Tris-HCl (pH

8.0), cOmplete mini protease inhibitor tablets, and PhosSTOP inhibitor (MilliporeSigma).

Samples were sonicated (Qsonica, USA) at 8°C, at 50% amplitude, for 10 min with a 10

s on/10 s off working cycle. Lysates were centrifuged at 16,000 × g at 8°C for 10 min to

remove cell debris. Supernatant protein concentrations were measured with the Bio-Rad

DC protein assay reagent in triplicate and were used to calculate the total biomass of the

microbiome after culturing.

Proteins from each sample were precipitated overnight at -20°C by mixing lysis super-

natant with a protein precipitation buffer containing 50% (vol/vol) acetone, 50% (vol/vol)

ethanol, and 0.1% (vol/vol) acetic acid, at 1:5 ratio (vol/vol). Precipitated proteins were

collected by centrifugation at 16,000 × g at 4°C for 25 min. Proteins were washed three

times with 1 mL of -20°C acetone and pelleted by centrifugation at 16,000 × g at 4°C for

25 min. Following acetone washes, proteins were dissolved in 6 M urea-50 mM ammonium

bicarbonate (ABC) (pH 8.0). Protein concentrations were determined as described above.

Protein aliquots (50 µg) were reduced with 10 mM dithiothreitol at 56°C for 30 min, with

shaking. Protein alkylation was then performed with 20 mM iodoacetamide in the dark

for 40 min at room temperature. Samples were diluted 10-fold with 50 mM ABC (pH 8.0).

Trypsin (Worthington Biochemical Corp., Lakewood, NJ) was added to a trypsin/protein

mass ratio of 1:50, and digestion was performed at 37°C for 19 h at 850 rpm. Trypsin

digestion was stopped by adding 50 µL 10% (vol/vol) formic acid to a final pH of 2 to 3.
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Desalting was performed on in-house-made 96-channel filter tip plates packed with 5 mg

10-µm C18 resin (Dr. Maisch GmbH, Ammerbuch, Germany). Desalted samples were

freeze-dried and stored at −20°C.

2.3.4 LC-MS/MS analysis

An Eksigent NanoLC system (nano2D ultra) coupled with a Q Exactive mass spectrometer

(Thermo Fisher Scientific Inc.) was used for analysis. Tryptic peptides were reconstituted

in 0.1% (vol/vol) formic acid to approximately 0.25 µg/µL, and 1 µg of peptides was loaded.

The column used for peptide separation was of 75-µm inner diameter and was 15 cm long,

packed with reverse-phase C18 resin (1.9-µm/120-Å ReproSil-Pur C18 resin; Dr. Maisch

GmbH). A 90-min gradient with acetonitrile changing from 5% to 30% (vol/vol) was used,

at a flow rate of 300 nL/min. Solvent A was composed of 0.1% (vol/vol) formic acid, and

solvent B was composed of 0.1% (vol/vol) formic acid and 80% (vol/vol) acetonitrile. MS

analysis was performed with a Q Exactive mass spectrometer (Thermo Fisher Scientific

Inc.). Full MS scans were performed from m/z 300 to m/z 1,800, and data-dependent

MS/MS scans were performed for the 12 most intense ions. MS and MS/MS scans were

performed with resolutions of 70,000 and 17,500, respectively. Samples were loaded in a

randomized order. In this study, 197 samples were analyzed over a period of 23 days. All

raw data from LC-MS/MS have been deposited with the ProteomeXchange Consortium

(http://www.proteomexchange.org) via the PRIDE (Perez-Riverol et al., 2019) partner

repository via the data set identifier PXD030458.

2.3.5 Protein identification, quantification, and profiles

The MetaLab software (version 1.2.0) was used for peptide/protein identification and quan-

tification, peptide taxonomic assignment, and protein functional annotation (Cheng et al.,

2017). The searches were performed against a database based on the integrated gene cata-
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log (IGC), which included close-to-complete sets of genes for most gut microbes (Li et al.,

2014). MaxQuant is used as the search engine in the MetaLab workflow for peptide/protein

identification (Tyanova et al., 2016). Carbamidomethyl (C) was set as a fixed modification,

and protein N-terminal acetylation (protein N-term) and oxidation (M) were set as variable

modifications. The enzyme was set as trypsin, and two missed cleavages were allowed. The

false-discovery rate (FDR) was set as 0.01 for both the peptide and protein levels. Because

one peptide can be matched to multiple proteins, the database search engine adopts the

protein inference method to determine the attribution of peptides (Cox & Mann, 2008).

Basically, two proteins join in a protein group when one of the proteins has a set of pep-

tides equal to or completely contained in the other protein. Shared peptides remain in all

groups where they occur, but they are most parsimoniously associated with the group that

has the highest number of identified peptides (“razor” peptides). Only unique and razor

peptides are used for protein quantification. The taxonomic assignment of peptides can be

found below in “Microbial taxonomic analysis.”

Analysis of changes in the gut metaproteome was based on the quantified protein

groups. LFQ intensities of each protein group were first normalized by the estimated

size factor calculated using the R package DESeq2 (Love et al., 2014). Bray-Curtis dis-

tances between samples were calculated based on the normalized intensities using the R

package vegan (Dixon, 2003). For PCA, protein groups were filtered based on the criteria

that the protein group appears in at least one treatment in at least three of the five tested

microbiomes (60%). The intensities were then log10 transformed, and PCA was performed

using the R package stats. To reduce the effect of interindividual microbiome variation on

data analysis, the distribution of each protein group among individual microbiomes was

fitted to the same empirical distribution using an empirical Bayesian algorithm with Com-

Bat (Johnson et al., 2007) on iMetaLab (Li et al., 2022). ComBat was also used for the

intensities before log10 transform. ComBat-normalized intensities for each protein group

were added to the absolute value of the smallest intensity of the protein group to avoid
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negative numbers. The intensities were then uploaded to the differential protein analyzer

on iMetaLab with the default parameters. Under different treatments, protein groups with

intensity fold changes of > 2 and P values of < 0.05 were considered significantly altered

protein groups.

The CAZyme profile of the microbiome was acquired from the major protein of protein

groups. The protein sequences of major proteins were extracted from the IGC database and

then annotated with dbCAN meta server with two tools, HMMER (E value of < 1e− 15,

with coverage of > 0.35) and DIAMOND (E value of < 1e− 102) (Zhang et al., 2018a).

2.3.6 Microbial taxonomic analysis

Taxonomic assignment of each peptide was performed based on the lowest common ances-

tor (LCA) algorithm. If one peptide is identified in more than one taxon, then the peptide

is assigned to the LCA of those taxa. Using a previously constructed pep2tax database in-

tegrated with the MetaLab software (version 1.2.0), each identified peptide was assigned to

a taxon (Cheng et al., 2017). The abundance of each taxon was calculated by summarizing

the intensities of all distinctive peptides assigned to that taxon. The relative abundance of

taxa in a specific taxonomic rank was calculated by normalization to the summed abun-

dance of all taxa at that rank. For comparison of absolute taxon abundance between

samples, relative abundances were multiplied by the total microbial biomass calculated

using protein concentration data. Fold changes were calculated between sweetener-treated

samples and PBS-treated control samples from the same microbiome.

2.3.7 Microbial function analysis

Functional annotation was carried out in the MetaLab software, and each identified pro-

tein group was assigned to a COG category. The relative abundance of each COG was

calculated based on the summed LFQ intensities of all assigned protein groups. Clustering
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of sweeteners was based on the fold change of relative COG intensities, averaged across

all tested sweeteners. The Euclidean distance between sweeteners was calculated, and

the clustering was performed with the ward.D method, using the R package stats. Boot-

strapping evaluation (Hennig, 2007) of the two major clusters was performed using the R

package fpc (51), with the number of resampling runs being 100.

PLS-DA was performed to identify discriminative proteins that reveal the difference in

the effects of the two clusters of sweeteners. PLS-DA was performed in MetaboAnalyst 5.0

(Pang et al., 2021), and discriminative proteins with VIP scores of > 2 were selected. The

taxonomic sources of the discriminative proteins were obtained by the method described

in a previous study (53). Briefly, among all of the peptides contained in the discriminative

protein, the taxonomic source of the peptide with the most detailed taxonomic informa-

tion was regarded as the taxonomic source of the protein. All of the peptides from a

discriminative protein were acquired from the protein group table from the MetaLab out-

put, and the taxonomic information of the peptides was obtained through the taxonomy

table from MetaLab. Functional enrichment analysis of these discriminative proteins was

performed using an online enrichment analysis tool (https://shiny.imetalab.ca), and the P

value threshold was set at < 0.05. Visualization of pathways was performed using COG

accession numbers in iPath3 (Darzi et al., 2018).

2.3.8 Data availability

All raw data from the LC-MS/MS analyses have been deposited with the ProteomeX-

change Consortium (http://www.proteomexchange.org) via the PRIDE partner repository

(PXD030458).
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2.4 Results

2.4.1 Functional profiles of individual microbiomes were al-

tered by sugar substitute sweeteners

In this study, fecal samples from five healthy volunteers were cultured individually in the

presence of each sweetener in an anaerobic workstation for 24 h (Figure 2.1A). A total of

197 samples (including quality controls and technical replicates) were analyzed by liquid

chromatography-tandem mass spectrometry (LC-MS/MS). The average MS/MS identifi-

cation rate was 33.8 ± 6.7%. An average of 8, 332 ± 1, 744 peptides were identified, and

3, 428 ± 533 protein groups were quantified from each sample. The Clusters of Orthol-

ogous Groups (COG) functional annotation and carbohydrate-active enzyme (CAZyme)

annotation of identified protein groups are listed in Supplementary Table S2.2.
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Figure 2.1: Sweeteners induce metaproteomic changes in the individual microbiomes. See de-
tailed caption in the text below.

Figure 2.1, Detailed Caption. Twenty-one sweeteners were analyzed in the study,

including four sweeteners tested at two different concentrations (2 mg/mL and cADI).

Each sweetener is represented by a three-letter abbreviation. SAC2, NEO2, THA2, and

ACE2 correspond to sweeteners at 2 mg/mL, and SAC05, NEO006, THA03, and ACE005

correspond to sweeteners at the cADI (see Supplementary Table S2.1 for abbreviations and

specific concentrations). (A) Workflow combining in vitro culturing and metaproteomics to

study the effects of common sweeteners on the gut microbiome. (B) Bray-Curtis distances

of protein group LFQ intensities between sweetener-treated groups and the PBS treated
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control for each microbiome. Boxes span the interquartile range; jitter colors indicate

the microbiome number (same as Figures C and D). *, P < 0.05, Wilcoxon rank sum test

between each group and the average distance among control sample triplicates. Gray boxes

indicate non-significantly altered and orange boxes indicate significantly altered. Colors

of sweetener abbreviations are as follows: orange, sugar alcohols; purple, glycoside-type

NASs; blue, other NASs; black, controls. The average Bray-Curtis distances of protein

group LFQ intensities between PBS triplicates from five individuals were also included

(white box). (C) PCA score plot generated from protein group LFQ intensities of all

samples. (D) PCA score plot after ComBat transformation to remove interindividual

variances. (E) Individual PCA score plots of microbiomes treated with the positive-control

FOS and a subset of sweeteners, showing separation from the PBS control (based on data

after empirical Bayesian transformation). (F) Numbers of significantly altered proteins

under different sweetener treatments. Protein groups with ComBat-normalized intensity

fold changes of > 2 and P values of < 0.05 were considered significantly altered. See

Supplementary Table S2.3 for the list of significantly altered proteins.

The comparison of Bray-Curtis distances between the sweetener-treated microbiome

and nontreated microbiome metaproteomic profiles revealed seven sweeteners (xylitol [XYL],

isomalt [ISO], maltitol [MAL], lactitol [LAC], sorbitol [SOR], hydrogenated starch hy-

drolysates [HSH], and mannitol [MAN]) that significantly altered the metaproteome across

all five individual microbiomes (Figure 2.1B). Of the eight tested sugar alcohols, only

erythritol (ERY) did not show significantly altered metaproteome. Principal-component

analysis (PCA) of all samples based on protein group label-free quantification (LFQ) inten-

sities showed, as expected, strong interindividual variations (Figure 2.1C); these were due

to the nature of the mixture distribution of each protein group among different individu-

als. We used an empirical Bayesian algorithm (Johnson et al., 2007) to fit each mixture

distribution to an empirical distribution to reduce the effect of individual variance on the

data set. PCA of the data following transformation showed that the control samples of
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different individuals now clustered together (Figure 2.1D). In agreement, the sweeteners

mentioned above and controls showed better separation than other groups (Figure 2.1E;

also see Supplementary Figure S2.2). In addition, monk fruit extract (MFE)-treated mi-

crobiomes showed a distinct cluster away from the phosphate-buffered saline (PBS) group

(see Supplementary Figure S2.2). A total of 1,075 protein groups were significantly altered

by at least one sweetener (see Supplementary Table S2.3). Consistent with Bray-Curtis

distances and PCA, a larger number of protein groups were significantly altered by the

seven sweeteners (XYL, ISO, MAL, LAC, SOR, HSH, and MAN) mentioned above (Fig-

ure 2.1F). An average of 54 ± 19 protein groups were identified as CAZyme from each

sample. Most of the protein groups were glycoside hydrolases (GHs) (40 ± 16 from each

sample). Only 25 of 1,075 significantly altered protein groups were annotated as CAZyme

(see Supplementary Table S2.3). Two protein groups from GH97 (top protein identification

numbers DOM005 GL0010478 and 272559.BF1158), a family composed of α-glucosidase

and α-galactosidase, were significantly increased by HSH.

2.4.2 Sugar substitute sweeteners induce genus-level pro-

tein biomass in microbiomes

We evaluated the effect of sugar substitute sweeteners on total microbial biomass by mea-

suring the total proteins obtained in each sample using a detergent-compatible (DC) protein

assay, as described in Materials and Methods. For most sweeteners, their effects on the

individual microbiomes varied, while ISO and thaumatin at 2 mg/mL (THA2) increased

the total biomass in all five microbiomes (see Supplementary Figure S2.3).

Genus-level protein abundance was then calculated from the distinctive peptide inten-

sities of each genus measured by LC-MS/MS and the total microbial protein biomass of

each sample. Most sweeteners showed significant effects on the abundance of at least one

genus. Clustering based on the effects of genus-level biomass shows that the genus-level
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protein biomass composition was affected in patterns by different classes of sugar substi-

tute sweeteners (Figure 2.2). Glycoside-type NASs rebaudioside A (REB), neohesperidin

dihydrochalcone (NDC), and MFE, as well as sugar alcohols MAL, LAC, XYL, and ISO,

clustered together and formed a distinct cluster from other sweeteners and controls. This

cluster showed significant increases in several genera, such as Dialister, Parabacteroides,

Ruminococcus, Phascolarctobacterium, Butyrivibrio, Blautia, and Marvinbryantia. Sugar

alcohols SOR, MAN, and HSH clustered with controls fructooligosaccharide (FOS), kestose

(KES), and glucose. This cluster featured significant increases in Actinobacteria genera

Bifidobacterium and Collinsella and decreases in Dorea, Clostridium, Lachnoclostridium,

Alistipes, Roseburia, and Flavonifractor. Genera Coprococcus, Oscillibater, Anaerostipes,

and Butyrivibrio were increased by XYL but not by any other sugar alcohols.
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Figure 2.2: Sweeteners induced gut microbiome genus-level protein abundance changes. Sweet-
eners are named as in Figure 2.1. The heatmap shows log2 fold changes in genus-level protein
abundance of sweetener-treated samples versus the PBS control. For each treatment, the aver-
aged genus-level protein abundance of all five microbiomes was used for coloring and clustering.
*, P < 0.05, Wilcoxon rank sum test. Genera that were detected in PBS controls in at least four
of the five microbiomes are shown. Genera from Clostridia are indicated with C in parentheses.

2.4.3 Functional metaproteomic analysis segregates the sugar

substitute sweeteners into two groups

Of the identified protein groups, 93.5% had COG functional annotation. Sweeteners were

categorized into two major clusters using COG abundances (Figure 2.3A; also see Supple-

mentary Figure S2.4). Bootstrapping of the two major clusters gave scores of 0.983 and
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0.956, respectively, indicating high clustering robustness (Figure 2.3A). We named the two

clusters the NAS and CHO clusters according to the properties of the sweeteners. Sta-

tistical analysis at the COG category level identified 14 of 21 COG categories that were

significantly altered by at least two compounds (Figure 2.3B to G; also see Supplementary

Figure S2.4).

Figure 2.3: Sweeteners induced functional changes in the gut microbiome. Sweeteners are named
as in Figure 2.1. (A) Clustering of sweeteners based on induced functional responses. Euclidean
distances between sweeteners were calculated based on averaged log2 fold changes of COG abun-
dances of sweetener-treated samples versus the PBS-treated control. Bootstrapping scores of the
two major clusters are shown. (B to G) Fold changes between the treated group and the PBS-
treated control for several COG categories. Colored boxes indicate significantly changed COG
categories. Red and green asterisks indicate significant increases and decreases, respectively. *,
P < 0.05, Wilcoxon rank sum test. Responses of all other COG categories are shown in Supple-
mentary Figure S2.4.

In the NAS cluster, all NASs were included, plus sugar alcohols ERY and XYL, which

have shorter carbon backbones (see Supplementary Figure S2.5). Interestingly, although

four sugar alcohols, MAL, lactitol monohydrate, XYL, and ISO, were clustered with three

of the NASs, i.e., REB, NDC, and MFE, in the taxonomic analysis in Figure 2.2, the

functional responses of the microbiome to these two clusters were different. While XYL
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still belonged to the NAS cluster, the three other sugar alcohols (i.e., MAL, lactitol mono-

hydrate, and ISO) belonged to the CHO cluster. XYL showed marked effects on the

metaproteome, including significantly decreased lipid transport and metabolism and cell

motility and significantly increased coenzyme transport and metabolism (Figure 2.3C; also

see Supplementary Figure S2.4). Extracellular structures were significantly promoted by

the MFE-stevioside (STE)-REB subcluster (see Supplementary Figure S2.4). The CHO

cluster included all remaining sugar alcohols and positive controls, all of which are CHOs.

In the CHO cluster, sugar alcohols SOR, MAN, LAC, MAL, ISO, and HSH cannot be

digested by the human body. Therefore, despite incomplete absorption of sugar alcohols in

the small intestine (Livesey, 2003), they can reach the colon intact, serving as substrates for

microbial fermentation to produce hydrogen gas, carbon dioxide, methane, and short-chain

fatty acids (SCFAs) (Vakil, 2018). Compounds in this cluster were found to induce marked

responses in the metaproteomes in a similar pattern, including an increase in translation,

ribosomal structure, and biogenesis and a decrease in lipid transport and metabolism (Fig-

ure 2.3B and C). In addition, proteins with general function prediction only (COG category

R) were significantly increased by a subset of the CHO cluster (Supplementary Figure S2.4).

Sugar alcohols have been shown to induce gastrointestinal symptoms, including bloating,

laxative effects, and abdominal pain (Lenhart & Chey, 2017). Accordingly, we showed

that some sugar alcohols, such as ISO, significantly reduced cell motility, which has been

reported to be associated with increased susceptibility to intestinal expulsion and larger

fluctuation in absolute abundance (Wiles et al., 2020).

2.4.4 CHO cluster sweeteners modulated the metabolism of

Clostridia

Partial least-squares discriminant analysis (PLS-DA) was performed to identify the most

important differences in functional effects between the CHO cluster and the NAS cluster
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(Figure 2.4A and B). A total of 214 of 3,608 protein groups had a variable importance in

projection (VIP) score of > 2 in the first five components, which indicates that these pro-

teins explain the most important differences in functional profiles between the two clusters.

These proteins were referred to as discriminative proteins. The intensity profiles of these

214 discriminative proteins in response to the treatment with different sweeteners were

segregated into two well-defined groups (Figure 2.4C). A total of 106 of the discriminative

proteins that had greater abundance in the CHO cluster were referred to as the CHO ele-

vated group. Sweeteners of the NAS cluster were clustered with the PBS group, indicating

that proteins enriched in the NAS cluster were decreased in the CHO cluster. Therefore,

108 of the discriminative proteins that had greater abundance in the NAS cluster were

referred as the CHO depleted group.
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Figure 2.4: Taxonomic and functional profiles of discriminative proteins for the CHO cluster
and NAS cluster revealed by PLS-DA. (A) PLS-DA score plot for differential protein profiles
across the CHO cluster and NAS cluster sweeteners. (B) PLS-DA cross-validation results. (C)
Heatmap of the intensity of 214 discriminative proteins under treatment with different sweeteners
(sweeteners are named as in Figure 2.1). (D) Taxonomic sources of discriminative proteins. (E and
F) Enriched COG categories of discriminative proteins in Clostridia in the CHO elevated group
(E) and the CHO depleted group (F). (G) Pathways of discriminative proteins in Clostridia in
the CHO elevated group and the CHO depleted group. Proteins related to COG categories C,
G, and E are framed in the dashed circles.

Because not all of the identified peptides had taxonomic information from the Met-

aLab, 207 of the 214 discriminative proteins were assigned taxonomic information from

peptides, as described in Materials and Methods, and 62.6% of the discriminative proteins

(134 proteins) were from class Clostridia (Figure 2.4D). Forty-six of the 134 proteins could

be assigned to the genus level, as they were from 11 genera, i.e., Roseburia (21 proteins),

Clostridium (6 proteins), Blautia (4 proteins), Eubacterium (4 proteins), Lachnoclostridium

(3 proteins), Ruminococcus (3 proteins), Anaerostipes (1 protein), Coprococcus (1 protein),

Faecalibacterium (1 protein), Fusicatenibacter (1 protein), and Oscillibacter (1 protein).
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Functional enrichment analysis of each group of discriminative proteins from Clostridia was

performed. The CHO elevated group was enriched in COG categories C (energy production

and conversion), J (translation), and O (posttranslational modification, protein turnover,

and chaperone functions), while the CHO depleted group was enriched in COG categories

C, E (amino acid metabolism and transport), and G (CHO metabolism and transport)

(Figure 2.4E and F). Although both the CHO increased group and the CHO depleted

group from Clostridia were enriched in COG category C, the enriched proteins from the

two groups had different functions (see Supplementary Table S2.4). Pathway analysis also

showed that proteins from the two groups were from different metabolic pathways (Fig-

ure 2.4G). In particular, iron-dependent proteins that are involved in the tricarboxylic acid

(TCA) cycle between succinyl-coenzyme A (CoA) and malate and its linkage to oxidative

phosphorylation (COG0427, COG0479, COG1145, COG1838, COG1951, and COG2048)

were highly enriched. The CHO cluster sweeteners had effects on the protein abundance

of discriminative proteins similar to those of FOS and KES, which are commonly used

prebiotics.

2.5 Discussion

Although there have been studies of the effects of sweeteners on the human gut microbiome

(Beards et al., 2010; Suez et al., 2014), a comparison of the effects of a large number of

different sugar substitute sweeteners on human gut microbes has not been reported. In this

study, we investigated the taxonomic and functional responses of five individuals’ human

gut microbiomes cultured in vitro to 21 common sugar substitute sweeteners. Among the

21 sweeteners, 13 are NASs, with diverse chemical properties and high sweetness intensities,

and 8 are sugar alcohols, which are CHOs with low digestibility (Lenhart & Chey, 2017).

We used a previously developed in vitro model that was shown to maintain microbial

taxon and function (Li et al., 2019, 2020). We tried to use this in vitro model to reveal
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the real functional change in the human gut microbiome. This in vitro model has been

shown to recapitulate microbiome changes observed in vivo (Li et al., 2019). The purpose

of the in vitro model is to better understand the direct effects of compounds on individual

microbiomes and, as with any assays, would need in vivo confirmation.

We observed that seven sugar substitute sweeteners (XYL, ISO, MAL, LAC, SOR,

HSH, and MAN) significantly altered the metaproteome across the five gut microbiomes

(Figure 2.1B). The remaining sweeteners had no global metaproteome effects. Although

MFE showed a clear separation between control and treatment by PCA, the alteration

was not significant using Bray-Curtis distance. A previous study reported that SAC alters

the gut microbiota and induces glucose intolerance in a mouse model (Suez et al., 2014).

While we did not observe any global effects of SAC on the metaproteome using our in vitro

assay (Figure 2.1B), we observed changes at the individual level, indicating an individual-

specific response to SAC (see Supplementary Figure S2.2). A similar individual-specific

response was observed for sucralose (SUC), which has been shown by others to alter the

composition of the gut microbiota in a rat model (Abou-Donia et al., 2008; Schiffman &

Nagle, 2019). From the PCA plots, we observed that, compared with PBS controls, there

were larger variations between replicates with the treatment with NAS cluster sweeteners.

This suggests interindividual differences in the response of the NAS cluster sweeteners. It

is noted that only one or two concentrations of each sweetener were tested in this study.

The number of significantly altered protein groups with SAC2 was larger than that with

SAC05. The same situation happened between THA2 and THA03, neotame at 2 mg/mL

(NEO2) and NEO006, and acesulfame at 2 mg/mL (ACE2) and ACE005 (Figure 2.1F),

which indicated that higher concentrations of sweeteners could likely have a larger impact

on the human gut microbiome. The impacts of different concentrations of sweeteners need

further investigation. In addition, most sugar substitute sweeteners had limited effects on

the biomass of the microbiome. Only ISO and THA2 led to a biomass increase in all five

microbiomes (see Supplementary Figure S2.3). Therefore, sugar substitute sweeteners that
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affect the microbiome mostly do not affect the protein biomass but instead have systemic

or individual effects on taxonomic balance and expressed proteins and enzymes.

A total of 1,075 protein groups were significantly altered by one or more of the sugar

substitute sweeteners (see Supplementary Table S2.3). Although it is not possible to assess

the possible functional impact of the changes in each protein group, some examples are

noteworthy. For example, an average of 54 CAZymes, an important group of enzymes

for microbiome function, were identified in each sample, a level consistent with a previ-

ous study (Huang et al., 2018). Most of the identified CAZymes were GHs, which can

account for one-half of the classified CAZmes (Cantarel et al., 2009). A protein group

from GH133 (top protein identification number V1.CD38-0 GL0163641) was reduced by

13 of the sugar substitute sweeteners. GH133 CAZymes are glycogen-debranching enzymes

(α-1,6-glucosidases). The decrease in this enzyme class likely indicates that the sugar sub-

stitute sweeteners depressed the release of glucose from glycogen storage by some bacteria

in the microbiome.

There were also specific groups of proteins that were affected by multiple sugar sub-

stitute sweeteners. For example, the protein group (top protein identification number

MH0148 GL0062639) classified as outer membrane protein (OMP) OmpA from the genus

Alistipes was decreased by four sugar substitute sweeteners. OmpA is one of the most

abundant OMPs (Gribun et al., 2003) and is involved in many processes, particularly re-

sponses to stresses. It has been shown in some species to provide resistance to antibiotics

(Nitzan et al., 2002). Its decrease by the four specific sugar substitute sweeteners could

impact its roles in Alistipes.

The genus-level taxonomic changes of the gut microbiome with different sugar substitute

sweeteners were evaluated. A sweetener cluster consisting of both glycoside-type NASs

(REB, NDC, and MFE) and sugar alcohols (MAL, LAC, XYL, and ISO) significantly

increased protein abundance from several genera in Firmicutes. A single-species-based

study revealed that XYL was largely utilized by Anaerostipes caccae from Firmicutes to
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produce butyrate and promoted the growth of the species (Sato et al., 2017). The effects

of sweeteners on other genera from Firmicutes need to be studied further. In addition,

controls FOS, KES, and glucose were clustered with sugar alcohols SOR, MAN, and HSH.

It is noted that this clustering result was different from the functional profile clustering.

While metaproteomics measure the abundances of different taxa by summarizing the overall

protein intensities, functional profiles provide a deeper layer of information by comparing

functional proteins in the community and are more relevant to the actual functionality and

state of the microbiomes.

By analyzing the functional profiles of the cultured microbiomes, we segregated all of

the sweeteners into two clusters, NAS and CHO. To further investigate the different effects

of the two clusters of sweeteners on the human gut microbiome, discriminative proteins with

PLS-DA VIP scores of > 2 were identified. FOS and KES clustered with the CHO cluster,

which indicated that the CHO cluster might have functional effects similar to those of FOS

and KES. Most of the discriminative proteins were from Clostridia. Clostridia accounts

for at least 10 to 40% of the total bacteria in gut microbiota (Lopetuso et al., 2013), and

members from this class have significant potential as probiotics (Guo et al., 2020).

Functional enrichment analysis of discriminative proteins from Clostridia revealed that

proteins with greater abundances in the CHO cluster (CHO elevated group) and proteins

with greater abundances in the NAS cluster (CHO depleted group) were both enriched

in COG category C. Enriched proteins from the two groups corresponded to different

functions (see Supplementary Table S2.4), with differences in specific pathways, as shown

by the metabolic pathway analysis (Figure 2.4G). In particular, the enrichment of iron-

dependent pathways in the TCA cycle and oxidative phosphorylation indicated increased

cellular energy metabolism in Clostridia in response to the CHO cluster. Other proteins

from the two groups also corresponded to different pathways, indicating that the two clus-

ters of sweeteners had effects on different metabolic pathways of Clostridia. In addition,

the CHO elevated group was enriched in COG function categories J (translation, ribo-
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somal structure, and biogenesis) and O (posttranslational modification, protein turnover,

and chaperone functions). The greater abundance of proteins from these two categories

indicated that the CHO cluster sweeteners might promote the cellular growth of Clostridia.

A previous study showed that the traditional prebiotic FOS and probiotic Lactobacillus

can increase the proportion of Clostridia in gut microbiomes (Saulnier et al., 2008), and

CHO cluster sweeteners might have similar potential as these prebiotics and probiotics.

Discriminative proteins with greater abundance in the NAS cluster (CHO depleted group)

were enriched in COG categories C, G, and E (amino acid transport and metabolism).

The functional annotation of enriched proteins (see Supplementary Table S2.4) showed

that certain numbers of these discriminative proteins in COG categories C (5 of 18 pro-

teins) and G (4 of 12 proteins) were related to glycerol transport and alcohol metabolism.

This suggested inhibition of the glycerol transport and alcohol metabolic pathways by the

CHO cluster.

2.6 Conclusion

In conclusion, we examined the effects of 21 sweeteners on the ex vivo human gut micro-

biomes from five individuals. Seven sweeteners significantly altered the metaproteomes

across the five microbiomes. Functional profiles of the microbiomes clustered all of the

sweeteners into the NAS cluster and the CHO cluster. Prebiotics FOS and KES clus-

tered with the CHO cluster. Most discriminative proteins for the two clusters were from

Clostridia. Functional enrichment analysis and pathway analysis revealed that the two

sweetener clusters had effects on different pathways of Clostridia. CHO cluster sweeteners

had effects similar to those of the prebiotics FOS and KES. Our study revealed the func-

tional effects of sweeteners on the human microbiome and suggested the prebiotic potential

of the sugar alcohol sweeteners.
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2.7 Supplementary Materials

2.7.1 Supplementary Figures

Supplementary Figure S2.1. Procedures used to determine sweetener concentrations.
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Supplementary Figure S2.2. Individual PCA plots of other sweeteners, positive control
KES and dietary sugar control GLU.
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Supplementary Figure S2.3. Fold change of total protein amount obtained for each treat-
ment group compared to PBS control.
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Supplementary Figure S2.4. Responses of other COG categories in addition to Figure 2.3.
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Supplementary Figure S2.5. Structure of sweeteners.
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2.7.2 Supplementary Tables

Supplementary Table S2.1. Detailed information of sweeteners used in the study, including classification, regulatory approval, and
dosage.

Sweetener* Classification

Abbreviation

in this

paper

PubChem

CID

Molecular

Weight

(g/mol)

Approved

by

Supplier

and

catalog

number

Acceptable

Daily

Intake

(ADI)

cADI

(mg/mL)

Proportion

that reaches

the colon

(%)

Concentration

in

medium

(mg/mL)

Acesulfame K NAS ACE 11074431 201.24
HC, EFSA,

FDA
TCI A1490 15 (FDA) 0.05

1 (Vogt et al.,

2017)

0.05

(AE005)

and 2

(ACE2)

Aspartame NAS ASP 134601 294.3
HC, EFSA,

FDA

Alfa Aesar

J61523
50 (FDA) 17.58

0 (Caballero

et al., 2003)
2.00

Advantame NAS ADV 10389431 458.5
HC, EFSA,

FDA

Sigma-

aldrich

80054

32.8 (FDA) 10.31
89.5 (Aguilar

et al., 2013)
2.00

Neotame NAS NEO 9810996 378.5
HC, EFSA,

FDA

Sigma-

aldrich

49777

0.3 (FDA) 0.07
63.7 (Aguilar

et al., 2007)

0.067

(NEO006)

and 2

(NEO2)

Saccharin

(Sodium

saccharin

dihydrate)

NAS SAC 517320 241.2
HC, EFSA,

FDA

J&K

926097
15 (FDA) 0.53

10 (Xu et al.,

2015)

0.5

(SAC05)

and 2

(SAC2)
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(Continued from previous page)

Sweetener* Classification

Abbreviation

in this

paper

PubChem

CID

Molecular

Weight

(g/mol)

Approved

by

Supplier

and

catalog

number

Acceptable

Daily

Intake

(ADI)

cADI

(mg/mL)

Proportion

that reaches

the colon

(%)

Concentration

in

medium

(mg/mL)

Sucralose NAS SUC 71485 397.6
HC, EFSA,

FDA

Alfa Aesar

J66736
5 (FDA) 1.49

85 (Roberts

et al., 2000)
1.50

Stevia extract

(Stevioside)
NAS STE 442089 804.9

HC, EFSA,

FDA
TCI S0594 4 (FDA) 1.41

100 (Xu et al.,

2015)
1.40

Stevia extract

(Rebaudioside

A)

NAS REB 6918840 967
HC, EFSA,

FDA
TCI R0095 4 (FDA) 1.41

100 (Xu et al.,

2015)
1.40

Monk fruit

extract
NAS MFE N/A N/A HC, FDA

Sigma USP

1445492

6.8

(FDA)**
2.39

100 (Xu et al.,

2015)
2.40

Thaumatin NAS THA N/A N/A
HC, EFSA,

FDA
TCI T1144

1.1

(FDA)***
0.39

0 (Renwick,

1986)

0.39

(THA03)

and 2

(THA2)

Cyclamate

(Sodium

cyclamate)

NAS CYC 23665706 201.22 EFSA
Alfa Aesar

A18666
7 (EFSA) 1.55 63 (Lyn, 2011) 1.60

Neohesperidin

Dihydrochalcone
NAS NDC 30231 612.6 EFSA TCI N0675 5 (EFSA) 1.76

100 (Sundh

et al., 2010)
1.80

Salt of

Aspartame-

Acesulfame

NAS SAA 25130065 457.5 EFSA
Sigma USP

1043750

20.46

(EFSA)****
7.19 0 (Lyn, 2011) 2.00

Sorbitol

(D-Sorbitol)

sugar

alcohols
SOR 5780 182.17

HC, EFSA,

FDA
TCI S0065 N/D N/A

75 (Livesey,

2003)
2.00
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Sweetener* Classification

Abbreviation

in this

paper

PubChem

CID

Molecular

Weight

(g/mol)

Approved

by

Supplier

and

catalog

number

Acceptable

Daily

Intake

(ADI)

cADI

(mg/mL)

Proportion

that reaches

the colon

(%)

Concentration

in

medium

(mg/mL)

Mannitol

(D-Mannitol)

sugar

alcohols
MAN 6251 182.17

HC, EFSA,

FDA
TCI M0044 N/D N/A

75 (Livesey,

2003)
2.00

Isomalt
sugar

alcohols
ISO 88735 344.31

HC, EFSA,

FDA

Sigma-

aldrich

PHR1769

N/D N/A
90 (Livesey,

2003)
2.00

Maltitol
sugar

alcohols
MAL 493591 344.31

HC, EFSA,

FDA
TCI M0797 N/D N/A

60 (Livesey,

2003)
2.00

Lactitol

(Lactitol

monohydrate)

sugar

alcohols
LAC 3067270 362.33

HC, EFSA,

FDA

J&K

126721
N/D N/A

98 (Livesey,

2003)
2.00

Xylitol
sugar

alcohols
XYL 6912 152.15

HC, EFSA,

FDA
TCI X0018 N/D N/A

50 (Livesey,

2003)
2.00

Erythritol

(meso-

Erythritol)

sugar

alcohols
ERY 222285 122.12

HC, EFSA,

FDA
TCI E0021 N/D N/A

10 (Livesey,

2003)
2.00

Hydrogenated

starch

hydrolysates

sugar

alcohols
HSH N/A N/A

HC, EFSA,

FDA

CarboMer

Inc.

68425-17-2

N/D N/A
60 (Livesey,

2003)
2.00

Glucose

(D-Glucose)

dietary

sugar

(positive

control)

GLU 5793 180.16 N/A N/A N/A N/A N/A 2.00
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Sweetener* Classification

Abbreviation

in this

paper

PubChem

CID

Molecular

Weight

(g/mol)

Approved

by

Supplier

and

catalog

number

Acceptable

Daily

Intake

(ADI)

cADI

(mg/mL)

Proportion

that reaches

the colon

(%)

Concentration

in

medium

(mg/mL)

1-Kestose

oligosaccharide

(positive

control)

KES 440080 504.4 N/A N/A N/A N/A N/A 2.00

Fructooligosaccharide

oligosaccharide

(positive

control)

FOS N/A N/A N/A N/A N/A N/A N/A 2.00

*Names of the compounds that were used to represent the sweetener are shown in the brackets.

**The estimated 90th percentile intake of MFE in the general population by the FDA is used here, as its ADI is not specified (Heimbach, 2016).

*** The highest estimated exposure level of THA in the general population by the EFSA is used here, as its ADI is not specified (Canfora et al., 2015).

****The ADI of SAA is calculated based on ADI of both ASP and acesulfame, as specified by the EFSA (Hamer et al., 2007).
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Table S2.2: Functional annotation of the top protein of the identified protein groups.

Table S2.3: Change of ComBat normalized protein group intensities under different treatment
of sweeteners.

Table S2.4: Functional annotation of enriched discriminative proteins from Clostridia.

Supplementary Table S2.2, S2.3, and S2.4 could be accessed by:

https://doi.org/10.1128/spectrum.00412-22
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3.1. ABSTRACT

Preface

The following chapter consists of a research article of which I am the first author. The

article was published in Computational and Structural Biotechnology Journal.

Zhongzhi Sun, Zhibin Ning, Kai Cheng, Haonan Duan, Qing Wu, Janice Mayne, and

Daniel Figeys. MetaPep: A core peptide database for faster human gut metaproteomics

database searches, Computational and Structural Biotechnology Journal, 2023.

Author contributions are described using the CRediT system as listed below.

Zhongzhi Sun: Data curation, Formal analysis, Methodology, Investigation, Visual-

ization, Writing – original draft, Writing – review & editing. Zhibin Ning: Conceptualiza-

tion, Methodology, Investigation, Writing – original draft, Writing – review & editing. Kai

Cheng: Methodology, Investigation. Haonan Duan: Methodology, Investigation. Qing

Wu: Methodology, Investigation, Writing – review & editing. Janice Mayne: Resources,

Project administration, Writing – review & editing. Daniel Figeys: Conceptualization,

Supervision, Funding acquisition, Writing – original draft, Writing – review & editing.

3.1 Abstract

Metaproteomics has increasingly been applied to study functional changes in the human gut

microbiome. Peptide identification is an important step in metaproteomics research, with

sequence database search (SDS) and spectral library search (SLS) as the two main methods

to identify peptides. However, the large search space in metaproteomics studies causes

significant challenges for both identification methods. Moreover, with the development of

mass spectrometry, it is now feasible to perform metaproteomic projects involving 100–1000

individual microbiomes. These large-scale projects create a conundrum for searching large

databases. In this study, we constructed MetaPep, a core peptide database (including

both collections of peptide sequences and tandem MS spectra) greatly accelerating the
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peptide identifications. Raw files from fifteen metaproteomics projects were reanalyzed

and the identified peptide-spectrum matches (PSMs) were used to construct the MetaPep

database. The constructed MetaPep database achieved rapid and accurate identification

of peptides for human gut metaproteomics. MetaPep has a large collection of peptides

and spectra that have been identified in published human gut metaproteomics datasets.

MetaPep database can be used as an important resource in the current stage of human

gut metaproteomics research. This study showed the possibility of applying a core peptide

database as a generic metaproteomics workflow. MetaPep could also be an important

resource for future human gut metaproteomics research, such as DIA (data-independent

acquisition) analysis.

3.2 Introduction

The human gut microbiome has been associated with human health and diseases. It is one

of the most promising research areas for the development of new therapeutic approaches

in the past two decades (de Vos et al., 2022; Proctor et al., 2019). Different omics tech-

nologies are important tools in the studies of the human gut microbiome (Franzosa et al.,

2015). Among all these technologies, metaproteomics studies the proteins in microbial

communities and directly shows the functionality of the gut microbiome. Metaproteomics

is increasingly applied in the study of the human gut microbiome with the development

of sample preparation processes, mass spectrometry instruments, and bioinformatics tools

(Zhang & Figeys, 2019).

For metaproteomics studies, peptide identification is an important step, as all the down-

stream analyses are based on the peptide identification results. Sequence database search

(SDS) and spectral library search (SLS) are two different methods for peptide identifica-

tion. SDS searches the acquired spectra against the theoretical spectra generated with

in-silico digested peptides without using the intensity information of each peak. In con-
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trast, SLS searches the acquired spectra against the pre-identified experimental spectra

using the intensity of each peak. There have been different search engines developed such

as MaxQuant (Tyanova et al., 2016), pFind (Chi et al., 2018), and MSFragger (Kong et al.,

2017) for SDS, and SpectraST (Lam et al., 2007) and COSS (Shiferaw et al., 2020) for

SLS. As well, there are several SDS tools specific for the peptide identification of raw files

from metaproteomics research, like MetaLab (Cheng et al., 2017), Galaxy-P (Jagtap et al.,

2015), and MPA (Schiebenhoefer et al., 2020).

However, challenges remain for peptide identification from complex human gut micro-

biome samples. A major challenge is that the composition of the microbial community is

unknown in most situations, and therefore a database that relies on published microbiome

genomes is very large. In addition, SLS is absent from the current identification tools for

the human gut microbiome. It has been shown that compared with SDS, SLS has higher

sensitivity and lower computational complexity (Zhang et al., 2011). Therefore, it is worth

exploring the performance of applying SLS to peptide identification in microbiomes. This

exploration is very timely as DIA (data-independent acquisition) mode proteomics is be-

coming more popular. Traditional DDA (data-dependent acquisition) mode proteomics

acquires MS/MS scans with narrow isolation windows centered on peptide precursors de-

tected in an MS scan. In contrast, DIA acquires MS/MS scans with wide isolation windows

that do not target any particular precursor. It has shown that DIA has advantages over

DDA in terms of proteome coverage, reproducibility, and accuracy in quantification (Aakko

et al., 2020). However, DIA mode proteomics relies on either pre-identified spectra, or pre-

dicted spectra based on a small peptide sequence database to resolve the complex spectra

acquired (Ludwig et al., 2018). There is a greater need for an applicable peptide database

for human gut metaproteomics to perform faster database searches.

In this study, we collected and re-analyzed previously published raw files from human

gut metaproteomics studies, and combined the identified spectra and peptides to construct

a core peptide database (MetaPep) of the human gut microbiome. MetaPep achieved rapid
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and accurate identification of peptides from human gut metaproteomics data, demonstrat-

ing that searching a small peptide database can lead to rapid and accurate peptide iden-

tification. MetaPep (including a peptide sequence database and a spectral library) could

also be a resource for future metaproteomics research.

3.3 Materials and Methods

3.3.1 Raw file collection and peptide identification

To collect metaproteomics raw files of the human gut microbiome, a literature search was

performed with Web of Science in January 2022. We searched literature with topics on

the human gut and metaproteomics. For the papers returned from the search results, we

manually verified their content to collect PRIDE (Perez-Riverol et al., 2022) (Proteomics

IDEntifications Database) accession IDs. As the HCD method coupled with FTMS analysis

has higher resolution and accuracy and is able to improve peptide identification (McAlis-

ter et al., 2010), to increase the number of peptide sequence collections and keep identical

product ions characteristics in the spectral library, only raw files from human gut micro-

biome samples with MS2 scan mode in HCD-FTMS (Higher energy Collisional Dissociation

- Fourier Transform Mass Spectrometry) format were compiled. Raw files with the same

PRIDE accession ID were considered as a project. Raw files from each project were sub-

mitted to the MetaLab MAG (Cheng et al., 2023) (version 1.0) with a pFind (Chi et al.,

2018) search engine to perform a sequence database search to identify peptide sequences

from the spectra in the raw files. During the MetaLab MAG search, human proteome fasta

sequences were appended to the integrated UHGG (Almeida et al., 2021) (Unified Human

Gastrointestinal Genome) database to generate a sample-specific database for the search

of each project. Carbamidomethyl[C] was set as a fixed modification. Oxidation[M] and

Acetyl[ProteinN-term] were set as variable modifications. All other parameters used the
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default settings in the MetaLab MAG with FDR (False discovery rate) on both peptide

and protein levels set at 1%. MetaLab search results from each project were compiled to

construct the spectral library.

3.3.2 Peptide sequence database and peptide spectral library

construction

First, for each project, the pFind-Filtered.spectra file from the MetaLab MAG search results

was converted to a .tsv format table that has six columns (raw file name, scan number,

identified precursor, probability, score, and protein names). As we appended human protein

sequences to the search space of the MetaLab MAG, the PSMs with peptides exclusively

from human protein sequences were also removed. Simultaneously, all the downloaded

.raw format raw files were converted to SpectraST (Lam et al., 2008) compatible .mzXML

format using the msConvert from ProteoWizard (Chambers et al., 2012) toolkit (release

3.0.22005).

Next, the converted .tsv format table and .mzXML format raw files were used as inputs

for SpectraST to generate a spectral library for each project (spectrast.exe –cN). Then

libraries of all 15 projects were combined with a self-written script. If one peptide has

been identified more than once, either in the same project or different projects, only the

PSM with the highest pFind raw score was kept. The combined library was processed with

SpectraST (spectrast.exe –cJU –cAC -cN) to reduce the size of the library by removing low-

intensity peaks. Only the most intense 150 peaks of each spectrum were kept to produce

a consensus library. Then the consensus library was further processed with SpectraST

(spectrast.exe –cAQ –cN) for quality filtering based on the spectra quality, and as a result of

this processing, the final spectral library was generated. Peptide sequences in the spectral

library were extracted, with charge state and modification removed, to generate a non-

redundant stripped peptide sequence database. In this manuscript, MetaPep refers to
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both the peptide sequence database and the peptide spectral library resulting from the

process described above.

3.3.3 Evaluation of the search speed and peptide identifica-

tion

Two sets of metaproteomics raw files (PXD033624, PXD017467) were selected to evalu-

ate the performance of MetaPep for human gut metaproteomics. Raw files were searched

against the peptide sequence database with SDS methods and they were also searched

against the spectral library with SLS methods. For SDS, two SDS tools, MaxQuant

(Tyanova et al., 2016) (version 1.5.2.8) and pFind (Chi et al., 2018) (version 3.1.5) were

selected. Each raw file dataset was searched against the peptide sequence database with

the default parameters of these two search tools. The FDR was set at 1% at the peptide

level and the FDR control of search results was conducted in the MaxQuant and pFind.

For SLS, two SLS tools, SpectraST (Lam et al., 2007) (version 5.0) and COSS (Shiferaw

et al., 2020) (version 1.1) were selected. Decoy libraries were generated with both Spec-

traST (-cAD –cc –cy 1) and COSS (using the reverse sequence strategy). The target-decoy

spectral library generated with COSS was searched with SpectraST (SC), and the target-

decoy spectral library generated with SpectraST was searched with SpectraST (SS). All

the SLSs were performed with the default parameters of the SpectraST. COSS was not

used to perform the search directly because of its limited capacity for handling large-size

spectral libraries. Only the Top-1 PSM hit was collected for the peptide level FDR control

at 1%. The MetaLab MAG search for these raw files was also performed with default pa-

rameters. The search speed was evaluated using our in-house Windows 10 Pro workstation

with Intel(R) Xeon(R) Gold 5118 CPU @ 2.30 GHz 2.29 GHz (2 processors) and 192 GB

RAM, and the search time of different methods was calculated from the records in the log

file.
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After the FDR control, identified peptides by searching MetaPep with different search

methods were compared with the identified peptides by MetaLab MAG. In addition, the

pFind raw score of PSMs identified by searching MetaPep with pFind was compared to that

of PSMs identified by MetaLab MAG. The Wilcoxon test of the raw score was conducted

with ggsignif (version 0.6.4) package in R. To better evaluate the identification results, the

MaxQuant scores of PSMs identified by searching MetaPep were collected as well. And

PMD (precursor mass discrepancy) was also calculated from MaxQuant search results as

described in the previous study (Hubler et al., 2020). The peptide quantification results

of the two sets of raw files from MetaLab MAG and MetaPep (pFind search followed

by FlashLFQ (Millikin et al., 2018)) were also compared. PCA (Principal component

analysis) of the quantified peptides was performed with the prcomp function in the R

package ggfortify (version 0.4.15).

To perform a more comprehensive evaluation of peptide identification by MetaPep on

human gut metaproteomics raw files, another dataset (PXD032997) of six raw files was also

searched against the MetaPep peptide sequence database and the MetaPep spectral library

as described above. Raw files from this dataset were analyzed with MetaLab MAG with

default parameters as well. The identified peptides from different methods were compared.

3.3.4 Evaluation of the search specificity and sensitivity

Raw files from Pyrococcus furiosus (Vaudel et al., 2012) (PXD001077) and human Hela cells

were selected to evaluate the search specificity while searching MetaPep. Protein sequences

from Pyrococcus furiosus (from Uniprot (Bateman et al., 2021)) and protein sequences of

human Hela cells (Robin et al., 2018) were in-silico digested with ProteinDigest.py from

msproteomicstools (Aebersold et al., 2016) (max miscleavage = 2 and minimum peptide

length = 7). These raw files were first searched with the in-silico digested peptides of cor-

responding samples, with pFind and the same parameters for the previous metaproteomics
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files. Then raw files were searched against the MetaPep peptide sequence database with

SDS tools MaxQuant and pFind, and also were searched against the MetaPep spectral

library with SLS methods SC and SS, as described in the previous section. The iden-

tified peptides from each raw file were compared with the in-silico digested peptides of

corresponding samples.

Raw files of four bacterial strains (Escherichia coli DSM 101114, Bacteroides thetaio-

taomicron ATCC 29148T , Bacteroides ovatus ATCC 8483T , and Blautia hydrogenotrophica

DSM 10507T ) were used to evaluate the search sensitivity of MetaPep. All these bacterial

species are known to be present in the human gut microbiome. Single-strain raw files were

acquired as described in previous studies (Cheng et al., 2023; Li et al., 2023). These raw

files were searched against the peptide sequence database with SDS tools MaxQuant and

pFind, as well as against the spectral library with SLS methods SC and SS, as described

in the previous section. These raw files were also analyzed with MetaLab MAG using

default parameters. Protein sequences of each strain were extracted from the UniProt and

in-silico digested with ProteinDigest.py from msproteomicstools (Aebersold et al., 2016)

(max miscleavage = 2 and minimum peptide length = 7). The identified stripped peptides

from each raw file were compared with the in-silico digested peptides of the corresponding

strain.

3.3.5 Taxonomic profiling

As all peptide sequences in MetaPep were extracted from MetaLab MAG results by search-

ing the well-annotated genomes from UHGP database, these peptide sequences were able

to be taxonomically annotated. Proteins from 4,744 representative genomes in the UHGP

(Almeida et al., 2021) database were in-silico digested with ProteinDigest.py from mspro-

teomicstool (Aebersold et al., 2016) (max miscleavage = 2 and minimum peptide length =

7). Peptides that could only be found in one bacterial genome were referred as to genome-
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distinct peptides. The identification of a genome-distinct peptide from MetaPep leads to

a specific bacterial genome. After that, for each of the peptides that could be found in

multiple genomes, the peptide was assigned to the LCA (last common ancestor) of the

shared genomes and taxonomically annotated. And the identification of these peptides

leads to a higher taxonomy level.

A SIHUMIx (Simplified Human Intestinal Microbiota) raw file dataset with eight known

bacterial species from a previous publication (Van den Bossche et al., 2021) was searched

against MetaPep with pFind, and the identified genome-distinct peptides were applied for

the taxonomy profiling. The Sankey plots were generated with sankeyNetwork function

from networkD3 (version 0.4) package in R. After that, the peptides identified by MetaPep

with taxonomy annotations at the family and genus levels were also applied for taxonomic

profiling. The taxonomic profiling acquired by MetaPep was compared with the taxonomy

profiling acquired by MetaLab MAG. In addition, a raw file from the previous additional

dataset (PXD032997) was applied for the evaluation of the taxonomic profiling of MetaPep

on complex real metaproteomics samples. And the taxonomic profiling of MetaPep was

also compared with the taxonomic profiling acquired by MetaLab MAG.

3.3.6 Preliminary evaluation of applying MetaPep for DIA

raw files

Three Q-Exactive type DIA raw files of the human gut microbiome were downloaded from

the PRIDE (Perez-Riverol et al., 2022) database with accession ID PXD008738. Raw

files were searched against both the MetaPep peptide sequence database and the MetaPep

spectral library with DIA-NN (Demichev et al., 2020) using default parameters. The

peptide identifications from searching MetaPep were then compared with the identification

results from the original paper (Aakko et al., 2020).

Additionally, an in-house DIA-PASEF raw file was also searched against both the
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MetaPep peptide sequence database and the spectral library with DIA-NN (Demichev

et al., 2020) using default parameters to evaluate the performance of MetaPep on DIA-

PASEF raw files. The methods for the acquisition of this in-house DIA-PASEF raw file

were as described by Gomez-Varela et al. (Gómez-Varela et al., 2023a), with minor modi-

fications as detailed in Supplementary Methods.

3.4 Results

The overall workflow for the construction and evaluation of MetaPep is shown in Figure 3.1.

We collected raw files from different human gut metaproteomics studies which were rean-

alyzed by MetaLab. The PSM with the highest pFind score across all samples was used

to construct MetaPep, constituted with tandem MS spectra and peptide sequences. The

search time, peptide identification, and sample profiling of searching MetaPep were then

evaluated. The search specificity and sensitivity of searching MetaPep were evaluated with

single species raw files. MetaPep was also assessed for the application of the taxonomic

profiling of human gut microbiomes.

Figure 3.1. Workflow of the construction and evaluation of MetaPep.
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3.4.1 MetaPep from identified spectra and peptide sequences

The literature search on the Web of Science returned 139 articles with topics on the human

gut and metaproteomics. Thirty of these papers had at least one PRIDE accession ID for

metaproteomics raw files of the human gut microbiome. Finally, 15 projects (each project

has a unique PRIDE accession ID) from 13 articles with MS2 scan mode in HCD + FTMS

were selected to perform the peptide identification using MetaLab MAG. These projects

encompassed 2,134 raw files and 415 individuals (Detailed in Supplementary Table S3.1).

Raw files from each project were reanalyzed by MetaLab MAG separately. The number

of identified peptides ranged from 26,333 to 888,139 for each project (Supplementary Ta-

ble S3.2 and Supplementary Figure S3.1). After removing duplicated identification results

from the different projects, in total, 2,438,058 spectra and 1,524,162 stripped peptides

were identified from all 15 projects (Supplementary Figure S3.2). With PSMs from human

protein sequences removed, a peptide sequence database with 1,163,940 peptide sequences

Supplementary Data and a 7.77 GB spectral library with 1,609,270 spectra were con-

structed. Both the MetaPep peptide sequence database and the MetaPep spectral library

have been uploaded to the open dataset repository, Zenodo (https://zenodo.org/), with

DOI: 10.5281/zenodo.8101702. Distribution of the pFind raw score of collected PSMs,

as well as the charge state and MW of collected precursors, and the length of collected

peptides were shown in Supplementary Figure S3.3.

3.4.2 Searching MetaPep achieved faster search speeds with

comparable identifications for human gut metaproteomics

Searching MetaPep with different search methods was faster than canonical MetaLab MAG

search (Figure 3.2A). Searching the peptide database with the SDS tool pFind had the

fastest speed, at an average of 16.2% time of the MetaLab MAG search. Not only faster,

70



3.4. RESULTS

searching MetaPep with SDS tools MaxQuant and pFind also achieved a large number of

high-quality identifications. Searching MetaPep with SDS tools MaxQuant and pFind iden-

tified similar, or larger numbers of peptides than the traditional MetaLab MAG search for

raw files from both datasets (Figure 3.2B and C). All raw files from the same dataset showed

similar trends. (Supplementary Figure S3.2 and Supplementary Figure S3.5). In addition,

for both datasets, a large fraction of the identified peptides from searching MetaPep with

SDS methods overlapped with the identified peptides from MetaLab MAG. Specifically, for

the SDS tool MaxQuant, an average of 66.6% and 45.5% of the identified peptides over-

lapped with the MetaLab MAG in the two datasets. And for the pFind, an average of 74.5%

and 42.9% of the identifications overlapped with the MetaLab MAG. The SLS methods

did not perform as well as the SDS methods, searching spectral libraries with SLS meth-

ods identified fewer peptides than MetaLab MAG, especially in the PXD017467 dataset

(Figure 3.2). The peptide identification result from the additional dataset (PXD032997)

showed a similar but slightly different pattern (Supplementary Figure S3.6) compared to

the PXD017467 dataset. For PXD032997 dataset, searching MetaPep peptide sequence

database also identified a comparable number of peptides with MetaLab MAG. While

searching MetaPep spectral library identified a limited number of peptides, it was higher

than the number identified in PXD017467 dataset. The Venn Plot of the peptide identi-

fication results from all three datasets (Supplementary Figure S3.7, Supplementary Fig-

ure S3.8, and Supplementary Figure S3.9) showed that most of the identified peptides from

different search tools were verified by at least one other search tool. In addition, many

peptides were only identified by either SDS methods or SLS methods, indicating different

search methods have their own preference.
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Figure 3.2. The peptide identification by searching human gut metaproteomics raw files against
MetaPep. A) The search time of searching raw files with MetaLab MAG and searching raw files
against MetaPep with different search methods. Raw files were from two different datasets and
each dataset had six raw files. B-C) The number of identified peptides and the overlap of identified
peptides between the MetaLab MAG search and searching MetaPep with different search methods
for a representative raw file from B) the PXD033624 dataset and C) the PXD017467 dataset.
Red bar: Identified peptides from MetaLab MAG search. Blue bar: Identified peptides from
searching MetaPep with different search methods. Grey bar: The overlap of identified peptides
between MetaLab MAG search and searching MetaPep. D) The distribution of pFind raw scores
for PSMs that were exclusively identified by MetaLab MAG, exclusively identified by searching
MetaPep with pFind, and identified by both methods from the representative raw files from the
two datasets.

To investigate the reliability of identifications from searching MetaPep, the pFind raw

score of PSMs from MetaLab MAG and PSMs from searching MetaPep with pFind were

compared. In both test datasets, PSMs identified from both MetaLab MAG and search-

ing MetaPep had higher raw scores than PSMs uniquely identified by one method (Fig-
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ure 3.2D). PSMs exclusively identified by searching MetaPep had a higher raw score than

PSMs exclusively identified by the MetaLab MAG (Figure 3.2D), verifying the reliability

of identifications from searching MetaPep. The MaxQuant scores and the PMD of PSMs

identified by searching MetaPep of the two datasets (PXD033624 and PXD017467) were

shown in Supplementary Figure S3.10.

Searching MetaPep also showed the ability to discriminate raw files under different

treatments and raw files of different individuals. Similar to the PCA plot of the identifi-

cation and quantification results from MetaLab MAG, the PCA plot of the identification

and quantification results from searching MetaPep separated raw files under two differ-

ent treatments in PXD033624 dataset. (Supplementary Figure S3.11). Although there

were differences in the quantification results of peptides that were uniquely quantified by

either MetaLab MAG or MetaPep (Supplementary Figure S3.12 and Supplementary Fig-

ure S3.13). The quantification correlations of commonly quantified peptides from MetaLab

MAG and MetPep were highly correlated (Supplementary Figure S3.14 and Supplementary

Figure S3.15).

3.4.3 Searching MetaPep achieved peptide identification with

high specificity and sensitivity

The specificity of searching MetaPep was evaluated using proteomic raw files from samples

with low overlaps with MetaPep including Pyrococcus furiosus (a hyperthermophile with

a genome dramatically different from other species) and human Hela cells. These samples

were selected as their peptide identification results theoretically have limited overlap with

the peptides from the human gut microbiome, as only 345 of 295,495 Pyrococcus furiosus

in-silico digested peptides and 2,781 of 2,593,869 human Hela in-silico digested peptides

overlapped with MetaPep. As positive controls, searching the Pyrococcus furiosus and the

human Hela raw file against their in-silico digested peptides with pFind achieved ID rates
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of 78.8% and 80.0%, respectively, indicating that these raw files were of good quality. In

contrast, searching these raw files against MetaPep identified a limited number of PSMs.

For the Pyrococcus furiosus raw file, most of the identified PSMs were peptides that do not

overlap with the in-silico digested peptides of this archaea species, suggesting that these

identifications were false positives (Figure 3.3A). Indeed, the highest identification rate was

0.48% (pFind), indicating a well-controlled false positive identification. For the human

Hela raw file, searching MetaPep identified a higher number of PSMs. The estimated

false positive identifications (PSMs with peptides that have no overlap with human Hela

in-silico digested peptides) account for up to 1.19% (MaxQuant) of the total spectra in

the raw file, and the estimated false positive identifications were lower than 1% for other

search methods. The evaluation with the Pyrococcus furiosus and the human Hela raw

files showed that searching MetaPep using the search methods MaxQuant, pFind, SS, and

SC achieved high specificity in most situations.

74



3.4. RESULTS

Figure 3.3. Evaluation of the specificity and the search sensitivity of searching MetaPep.
A) The number of identified peptide-spectrum matches (PSMs) searching Pyrococcus furiosus
and human Hela raw files against MetaPep at 1% FDR on peptide level. PSMs with peptides
overlapped with in-silico digested Pyrococcus furiosus or human Hela peptides were in orange,
and the PSMs with other peptides were in blue-green. B) The number of identified peptides in
searching single strain raw files against MetaPep at 1% FDR on peptide level. Peptides overlapped
with in-silico digested peptides of the corresponding bacterial strain were shown in orange, and
the other peptides were shown in blue-green.
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The sensitivity of searching MetaPep was evaluated by searching individual raw files

from four bacteria known to be present in human gut microbiomes (Escherichia coli

DSM 101114, Bacteroides thetaiotaomicron ATCC 29148, Blautia hydrogenotrophica DSM

10507T , and Bacteroides ovatus ATCC 8483T ). The MetaLab MAG identified most pep-

tides from single-strain raw files through its two-step search strategy against the compre-

hensive UHGP database (Figure 3.3B). In comparison, searching MetaPep identified fewer

peptides than the MetaLab MAG. For more common strains in the human gut, (Escherichia

coli DSM 101114, Bacteroides thetaiotaomicron ATCC 29148, and Bacteroides ovatus

ATCC 8483T ) searching MetaPep with pFind identified 11,015, 12,060, and 11,321 pep-

tides, respectively. For the less common strain in the human gut, Blautia hydrogenotroph-

ica DSM 10507T , searching MetaPep identified fewer peptides, ranging from 1,855 (SC) to

4,309 (pFind). In addition, for all the species, a large fraction of the identified peptides by

SDS methods (64.6%–82.2% for MaxQuant and 56.9%–80.0% for pFind) overlapped with

the in-silico digested peptides of the corresponding species (Figure 3.3B). The identifica-

tion of a large number of single-strain digested peptides from single-strain raw files showed

the high sensitivity of searching MetaPep with SDS methods.

3.4.4 MetaPep preserved the ability of taxonomic profiling

After collecting genome-distinct peptides from the UHGP database and selecting those pep-

tides from MetaPep, it was found that 25.2% of peptides in MetaPep were genome-distinct

peptides (Figure 3.4A and B). In addition, in MetaPep, 25.3% and 13.8% of peptides were

assigned to specific genera and families, respectively. The left peptides were assigned to

higher taxonomic levels (Supplementary Figure S3.16). In contrast, 84.5% of the in-silico

digested peptides from UHGP were only found in a single specific genome (Supplementary

Figure S3.17). In total, 4,149 of 4,744 representative bacterial genomes have genome-

distinct peptides in MetaPep, with 1,928 of them having ≥ 10 genome-distinct peptides

(Figure 3.4C). However, when it came to higher taxonomy levels, by summing the num-
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ber of genome-distinct from the same genus or same family, 421 of 480 genera have ≥ 10

genome-distinct peptides, and 127 of 137 families have ≥ 10 genome-distinct peptides. The

high-level coverage of genome-distinct peptides at the genus and family level enabled rough

taxonomic profiling by searching MetaPep.
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Figure 3.4. Application of genome-distinct peptides in MetaPep for taxonomic profiling. A)
The workflow for collecting genome-distinct peptides from the UHGP database and selecting
genome-distinct peptides in MetaPep. B) The number and the proportion of genome-distinct
peptides in MetaPep. C) Proportion of genomes with ≥ 10 genome-distinct peptides in the
UHGP representative bacterial genomes. D) Taxonomic profile of a SIHUMIx sample based on
the genome-distinct peptides identified by searching MetaPep.

To evaluate the taxonomic profiling ability of MetaPep, a SIHUMIx raw file was

searched against MetaPep, and the identified genome-distinct peptides were applied to
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perform taxonomic profiling. The SIHUMIx was composed of eight species, and the pre-

vious metagenomics results revealed that the five most abundant species (Bacteroides

thetaiotaomicron, Blautia producta, Escherichia coli, Erysipelatoclostridium ramosum, and

Anaerostipes caccae) accounted for the majority of the sample’s abundance (Van den Boss-

che et al., 2021). Searching MetaPep with pFind identified 34,195 stripped peptides includ-

ing 3,230 genome-distinct peptides. A large number of the identified genome-distinct pep-

tides (1,323) were assigned to the genome of Bacteroides thetaiotaomicron (Figure 3.4D).

The top-8 genomes with the most identified genome-distinct peptides covered all the five

most abundant species revealed by metagenomics. In addition, most of the identified

genome-distinct peptides were assigned to the genera and families from the SIHUMIx sam-

ple (Figure 3.4D). However, for the left three bacterial species in the SIHUMIx sample

(Clostridium butyricum, Lactobacillus plantarum, and Bifidobacterium longum), only one

genome-distinct peptide was assigned to Clostridium butyricum and no genome-distinct

peptide was assigned to the other two species due to their low abundance (Van den Bossche

et al., 2021). After that, the peptides identified by MetaPep with taxonomy annotations at

the family and genus levels were also applied for taxonomic profiling. The four families with

the highest number of identified peptides by MetaPep (Bacteroidaceae, Lachnospiraceae,

Enterobacteriaceae, Erysipelatoclostridiaceae) were all present in the SIHUMIx sample,

and these four families accounted for 96.2% of all peptides with family-level taxonomy

annotations (Supplementary Figure S3.18). The five genera with the highest number of

peptides identified by MetaPep (Bacteroides, Blautia, Escherichia, Erysipelatoclostridium,

and Anaerostipes) were all present in the SIHUMIx sample, and these five genera accounted

for 92.1% of all peptides annotated with genus-level taxonomy (see Supplementary Fig-

ure S3.18). We compared the family-level and genus-level taxonomic profiling of the SIHU-

MIx files obtained by MetaPep with the taxonomic profiling obtained by MetaLab MAG

search. The four families and five genera mentioned above were also the most abundant

in the taxonomic profiling of the MetaLab MAG. The four families accounted for 99.2% of
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the total sample abundance, and the five genera accounted for 97.6% of the total sample

abundance (Supplementary Figure S3.18).

To further test the effectiveness of MetaPep, we used it for the taxonomic profiling

of a real human gut sample with more complex taxonomy compositions. Again, the tax-

onomic profiling obtained by MetaPep was compared with that obtained by MetaLab

MAG. Searching MetaPep identified genome-distinct peptides from 240 UHGP representa-

tive species. Meanwhile, MetaLab MAG identified 133 representative species in the sample,

with 33 representative species identified by both methods. However, the taxonomic profil-

ings acquired by two different methods were more similar at higher taxonomy levels. At

the family level, the four most abundant families identified by MetaPep (Bacteroidaceae,

Lachnospiraceaem, Ruminococcaceae, Tannerellaceae) accounted for 87.2% of all identified

peptides with family-level taxonomic annotations (see Supplementary Figure S3.19). These

four families were also the most abundant families identified by MetaLab MAG, accounting

for 96.0% of the total abundance of the samples (Supplementary Figure S3.19). At the

genus level, the six most abundant genera identified by MetaPep (Faecalibacterium, Pho-

caeicola, Blautia A, Agathobacter, Parabacteroides, and Bacteroides) accounted for 58.9%

of all peptides with taxonomic annotations at the genus level (see Supplementary Fig-

ure S3.19). These six genera were also the most abundant genera identified by MetaLab

MAG, accounting for 80.5% of the total abundance of the samples (Supplementary Fig-

ure S3.19).

All these results suggest that searching MetaPep provides a reasonable taxonomical

profile of human gut metaproteomics. And to facilitate the application of MetaPep for

taxonomic profiling, the detailed taxonomic annotations of qualified MetaPep peptides

(peptide lengths between 7 and 30) were provided in Supplementary Table S3.3.

80



3.5. DISCUSSION

3.4.5 MetaPep was applicable for DIA metaproteomics

For the three Q-Exactive type DIA raw files (PXD008738), searching MetaPep peptide

sequence database and MetaPep spectral library with DIA-NN identified an average of

38,698 and 20,997 peptides, respectively (Supplementary Figure S3.20). These numbers

were both much higher than the average of 7,294 identified peptides in the original study

by searching a spectral library built from DDA raw files (Aakko et al., 2020). In addition,

an average of 63.4% of peptides identified in the original study were identified either by

searching MetaPep sequence database or searching MetaPep spectral library (Supplemen-

tary Figure S3.20).

For the in-house DIA-PASEF raw file of the human gut microbiome, searching MetaPep

peptide sequence database and MetaPep spectral library with DIA-NN identified 25,302

peptides and 16,565 peptides, respectively. These identification results indicated that both

the MetaPep peptide sequence database and the MetaPep spectral library could be valuable

resources for employing DIA-PASEF technology in human gut metaproteomics studies.

3.5 Discussion

A healthy individual harbors a complex gut microbial community composed of around 200

bacterial species with a large dynamic range (Duan et al., 2022). When applying metapro-

teomics to study this community, mass spectrometry-based approaches tend to identify

peptides with preferential properties by the workflows (including sample preparation, in-

strument, etc.), and only proteotypic peptides were repeatedly and consistently identified

from the protein mixture (Duan et al., 2022; Mallick et al., 2007). It is estimated that only

10% of genome-coding protein sequences could be identified in metaproteomics research

(Zhang & Figeys, 2019), and the identified peptides account for an even lower coverage of

genome-coding protein sequences. A popular view in proteomics suggested we should only
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search for peptides we are interested in (Noble, 2015). This view is especially applicable in

metaproteomics, as a large number of protein-coding sequences from the complex microbial

community would result in a huge search space and long search time. However, the current

database search strategy in metaproteomics research is searching against a search space

filled with peptides that are unlikely to be identified. Here, we used the pre-identified

spectra and peptide sequences to construct a core peptide database, MetaPep. We then

verified the application of MetaPep to peptide identification in metaproteomics studies.

MetaPep compiles peptides and spectra identified from 2,134 raw files from fifteen pub-

lished projects. These projects had broad representations, with samples collected from

seven countries with various diet habits and involving people of different ages (Supple-

mentary Table S3.1). It is worth noting that although the human proteome is an impor-

tant component of the human gut metaproteomics samples (Armengaud, 2023), MetaPep

mainly focuses on reducing the search space for bacterial species. PSMs with peptide se-

quences exclusively for humans were not included in MetaPep. When necessary, MetaPep

is able to append peptide sequences and spectra in the available human spectral libraries

from PeptideAtlas (Deutsch et al., 2015) or NIST (NIST, 2022). The publicly available

MetaPep sequence database and the MetaPep spectral library could be applied as the in-

put of different search engines, such as MaxQuant (Tyanova et al., 2016) and pFind (Chi

et al., 2018) for SDS, SpectraST (Lam et al., 2007) for SLS, and DIA-NN (Demichev et al.,

2020) for analyzing DIA raw files.

Searching MetaPep with SDS methods identified a large number of peptides with a

high proportion of overlap with the search results of the MetaLab MAG (Cheng et al.,

2023) while greatly speeding up the search (Figure 3.2A-C). Despite MetaLab MAG being

significantly faster than traditional search methods by applying a two-step search strategy

(Cheng et al., 2023, 2017), the smaller size of MetaPep further speeds up search times

by about 6 times compared to MetaLab MAG. However, searching MetaPep with SLS

methods did not perform as well as the SDS methods, especially for the PXD017467 dataset
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(Figure 3.2C). It is worth noting that the reduced performance of SLS was improved in

the additional dataset, PXD032997 (Supplementary Figure S3.6). This suggested that

differences in the qualities of the raw files and the preference of the spectral library for the

instrument with specific parameter settings, also impacted the SLS results, in addition to

the effect of the MetaPep spectral library. Six out of the 15 projects collected in MetaPep

were from our lab that had similar settings, and the PXD033624 dataset with more peptide

identifications with SLS methods was also an in-house dataset. The application of the

constructed spectral library to datasets with different parameters should be done with

caution. In addition, more advanced spectral library searching tools might increase the

identification by introducing more variable modifications as well as the adaption to the

complex metaproteomics raw files. The constructed spectral library in MetaPep could

not only be used for the general SLS for DDA raw files but could also be used for DIA

proteomics. Although some spectra-prediction methods have shown to be able to achieve

peptide identification from the DIA raw files without pre-identified experiment-acquired

spectra, searching against the experimental spectra would give more confidence in the

identification (Yang et al., 2021b, 2020). Additionally, the constructed spectral library in

MetaPep could also be used for training machine learning models, MRM (multiple reaction

monitoring) method developments, and peptide identification validation.

When evaluating the search sensitivity of MetaPep, the number of identified peptides

from searching MetaPep was fewer than the MetaLab MAG search, especially for a specific

strain, Blautia hydrogenotrophica DSM 10507T (Figure 3.3). MetaLab MAG generates a

sample-specific database on a genome/proteome base, which means that the whole pro-

teome is incorporated for the search. In contrast, we constructed MetaPep using identified

spectra and peptides from human gut metaproteomics, and peptides from low abundance

species in complex microbiome samples be inevitably reduced in MetaPep. Our study has

shown that peptides that could be identified from single-strain raw files were difficult to

be identified from complex microbiome samples (Duan et al., 2022). Therefore it makes

83



3.5. DISCUSSION

sense that the MetaLab MAG search outperformed searching MetaPep generated by the

peptide-centered strategy for single-strain samples. This disadvantage should be alleviated

for metaproteomic samples with similar composition because of the dramatic complexity of

the sample. During the evaluation of human metaproteomics raw files, searching MetaPep

identified a similar or higher number of peptides than the MetaLab search, and the dis-

parity of the number was different from searching single-strain raw files. In addition, the

cross-validated identification results verified the reliability of searching MetaPep, and the

greatly faster search time showed the advantage of searching MetaPep.

The application of the MetaPep for the taxonomic profiling of the SIHUMIx raw file

provided a reasonable profile. However, the profiling was slightly different from metage-

nomics data and metaproteomics data analyzed using other methods (Van den Bossche

et al., 2021). MetaPep identified the Bacteroides thetaiotaomicron as the most abundant

species, but its relative abundance was lower than the abundance from other methods.

There were also 413 (12.8%) identified genome-distinct peptides assigned to unrelated bac-

terial families. However, most of these peptides (219 of 413) have short peptide lengths

(peptide length <10). For the left longer peptides (194), 76 of them had ≥ 80% sequence

identity with in-silico digested peptide sequences from the SIHUMIx species. The bias in

the taxonomic profiling of the MetaPep could result from different reasons. The first is

that there were limitations of the peptide identification algorithms (Colaert et al., 2011).

It could be difficult to discriminate peptides with high similarity and resulting in the iden-

tification of highly similar peptides that were assigned to other species. Another reason

is that MetaPep covered different microbial species at different depths. The number of

genome-distinct peptides is different across different bacterial taxa and might result in

bias in the taxonomic profiling. The coverage of MetaPep might still need to be improved

by incorporating more datasets.

The number of identified spectra and peptides kept increasing when more projects

were added (Supplementary Figure S3.2). However, the growth in the number of identi-
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fied microbial species slowed down as more research projects were added (Supplementary

Figure S3.21). At present, all the sequences included in MetaPep have covered 4,110 of

the 4,744 UHGG representative species. However, MetaPep has differences in the cov-

erage of different species. Taking the strick identification of 10 genome-distinct peptides

in one project as a criterion for reliably identifying the corresponding genome (species),

1,183 human gut representative species have been reliably identified in all included projects

(Supplementary Figure S3.21). With more metaproteomics studies included, the balance

between the coverage and the size of MetaPep will be optimized in future versions. Our

aim will be keeping MetaPep to a manageable size, without losing the performance in terms

of sensitivity and speed.

3.6 Conclusion

In conclusion, we collected high-quality PSMs from 15 different human gut metaproteomics

studies and constructed MetaPep consisting of 1,609,270 spectra and 1,163,940 stripped

peptide sequences. Evaluation of the search time, peptide identification, search specificity,

and search sensitivity verified the feasibility of applying MetaPep to peptide identifica-

tion for the human gut microbiome. Searching MetaPep also showed the ability to per-

form taxonomic profiling. MetaPep can be used as a general database for human gut

metaproteomics, in types of modes, like DDA and DIA, with or without the spectral

library. Database searches were extremely fast, while still maintaining a decent identifi-

cation rate and sequence coverage compared to the canonical protein sequence searches

with a comprehensive fasta database. MetaPep could be used as a first-pass search strat-

egy to create a sample-specific search space. The workflow to construct the core peptide

database (MetaPep) could be generalized to other metaproteomics studies. More raw files

from different sources and instruments will be incorporated into MetaPep in the future.

We anticipate that as more metaproteomic studies and newer techniques to go deeper in
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the metaproteome are reported, the number of peptides and spectra in MetaPep will in-

crease. This will provide better peptide identification and taxonomic profiling of for lower

abundance microbes.
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3.7 Supplementary Materials

3.7.1 Supplementary Figures

Supplementary Figure S3.1. The distribution of A) the ID rate and B) the number of
identified stripped peptide sequences among the raw files of each project from the MetaLab
MAG search.
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Supplementary Figure S3.2. The number of A) identified spectra and B) stripped peptide
sequences from the MetaLab MAG search of each project. The cumulative number of identified
non-redundant spectra and stripped peptides from all projects was shown with the orange lines.
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Supplementary Figure S3.3. Characteristics of the collected PSMs in the peptide library.
A) Distribution of the pFind raw score of collected PSMs. B) Distribution of the MW of the col-
lected precursors. C) Distribution of the charge state of the collected precursors. D) Distribution
of the peptide length of the collected peptide sequences.
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Supplementary Figure S3.4. The number of identified peptides and the overlap of identified
peptides between the MetaLab MAG search and searching MetaPep with different search methods
for raw files from PXD033624 dataset. Raw file names: A) Diclofenac2, B) Diclofenac3, C)
DMSO1, D) DMSO2, and E) DMSO3. Red bar: Identified peptides from MetaLab MAG search.
Blue bar: Identified peptides from searching MetaPep with different search methods. Grey bar:
The overlap of identified peptides between MetaLab MAG search and searching MetaPep.
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Supplementary Figure S3.5. The number of identified peptides and the overlap of identified
peptides between the MetaLab MAG search and searching MetaPep with different search methods
for raw files from PXD017467 dataset. Raw file names: A) S109, B) S121, C) S157, D) S161, and
E) S175. Red bar: Identified peptides from MetaLab MAG search. Blue bar: Identified peptides
from searching MetaPep with different search methods. Grey bar: The overlap of identified
peptides between MetaLab MAG search and searching MetaPep.
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Supplementary Figure S3.6. The number of identified peptides and the overlap of identified
peptides between the MetaLab MAG search and searching MetaPep with different search meth-
ods for raw files from PXD032997 dataset. Raw file names: A) 201905 Pat VIGR VIGR-118,
B) 201905 Pat VIGR VIGR-088, C) 201905 Pat VIGR VIGR-089, D) 201905 Pat VIGR VIGR-
120, E) 201905 Pat VIGR VIGR-385, and F) 201905 Pat VIGR VIGR-386. Red bar: Identified
peptides from MetaLab MAG search. Blue bar: Identified peptides from searching MetaPep with
different search methods. Grey bar: The overlap of identified peptides between MetaLab MAG
search and searching MetaPep.
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Supplementary Figure S3.7. Venn Plot of the peptides identified from the raw files of the
PXD033624 dataset using MetaLab MAG and searching MetaPep with different search methods.
Raw file names: A) Diclofenac1, B) Diclofenac2, C) Diclofenac3, D) DMSO1, E) DMSO2, and
F) DMSO3.
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Supplementary Figure S3.8. Venn Plot of the peptides identified from raw files of
PXD017467 dataset using MetaLab MAG and searching MetaPep with different search meth-
ods. Raw file names: A) S183, B) S109, C) S121, D) S157, E) S161, and F) S175.
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Supplementary Figure S3.9. Venn Plot of the peptides identified from raw files of
PXD032997 dataset using MetaLab MAG and searching MetaPep with different search meth-
ods. Raw file names: A) 201905 Pat VIGR VIGR-118, B) 201905 Pat VIGR VIGR-088, C)
201905 Pat VIGR VIGR-089, D) 201905 Pat VIGR VIGR-120, E) 201905 Pat VIGR VIGR-
385, and F) 201905 Pat VIGR VIGR-386.
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Supplementary Figure S3.10. The distribution of MaxQuant score and PMD (precur-
sor mass discrepancy) of identified PSMs by searching MetaPep. A)-B) MaxQuant score and
PMD from raw files of PXD033624 dataset. C)-D) MaxQuant score and PMD from raw files of
PXD017467 dataset.
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Supplementary Figure S3.11. The PCA plot of the identification and quantification results
from MetaLab MAG analysis and searching MetaPep in two different datasets. A) PXD033624
dataset. The PCA plot of the quantification results of identified peptides in six raw files under
two different treatments by MetaLab MAG analysis and searching MetaPep with pFind. B)
PXD017467 dataset. The PCA plot of the quantification results of identified peptides in six raw
files from six different individuals by MetaLab MAG analysis and searching MetaPep with pFind.
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Supplementary Figure S3.12. Log2 intensity of peptides that were uniquely quantified
by either MetaLab MAG or MetaPep for raw files in PXD033624 dataset. Raw file names: A)
Diclofenac1, B) Diclofenac2, C) Diclofenac3, D) DMSO1, E) DMSO2, and F) DMSO3.

99



3.7. SUPPLEMENTARY MATERIALS

Supplementary Figure S3.13. Log2 intensity of peptides that were uniquely quantified by
either MetaLab MAG or MetaPep for raw files in PXD017467 dataset. Raw file names: A) S183,
B) S109, C) S121, D) S157, E) S161, and F) S175.
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Supplementary Figure S3.14. The quantification correlation of commonly quantified pep-
tides from both MetaLab MAG and searching MetaPep for raw files in PXD033624 dataset. Raw
file names: A) Diclofenac1, B) Diclofenac2, C) Diclofenac3, D) DMSO1, E) DMSO2, and F)
DMSO3.
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Supplementary Figure S3.15. The quantification correlation of commonly quantified pep-
tides from both MetaLab MAG and searching MetaPep for raw files in PXD017467 dataset. Raw
file names: A) S183, B) S109, C) S121, D) S157, E) S161, and F) S175.
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Supplementary Figure S3.16. The number of MetaPep peptides assigned to different
taxonomy levels.
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Supplementary Figure S3.17. The UHGP in-silico digested peptides shared by different
numbers of UHGP representative genomes.
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Supplementary Figure S3.18. Genus- and family-level taxonomic profiling of a SIHUMIx
raw file from searching MetaPep and MetaLab MAG. The taxonomic profiling from searching
MetaPep was based on the number of identified taxonomically annotated peptides from different
taxonomic units. The taxonomic profiling from MetaLab MAG was acquired from taxa quan-
tification results from the MetaLab MAG pipeline. A) Family level taxonomic profiling from
searching MetaPep, B) Family level taxonomic profiling from MetaLab MAG, C) Genus level
taxonomic profiling from searching MetaPep, and D) Genus level taxonomic profiling from Met-
aLab MAG.

105



3.7. SUPPLEMENTARY MATERIALS

Supplementary Figure S3.19. Genus- and family-level taxonomic profiling of a real human
gut metaproteomics raw file from searching MetaPep and MetaLab MAG. The taxonomic profiling
from searching MetaPep was based on the number of identified taxonomically annotated peptides
from different taxonomic units. The taxonomic profiling from MetaLab MAG was acquired from
taxa quantification results from the MetaLab MAG pipeline. A) Family level taxonomic profiling
from searching MetaPep, B) Family level taxonomic profiling from MetaLab MAG, C) Genus
level taxonomic profiling from searching MetaPep, and D) Genus level taxonomic profiling from
MetaLab MAG.
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Supplementary Figure S3.20. The comparison of identified peptides from raw files of the
added Q-Exactive type DIA dataset (PXD008738) by searching MetaPep to the identified peptides
from the original study. A) The number of identified peptides from three raw files by searching
MetaPep sequence database with DIA-NN, searching MetaPep spectral library with DIA-NN
and the number of identified peptides from the original study. B)-D) The overlap of identified
peptides for raw file B) 170825 HF 1ug DIA 1column 1, C) 170825 HF 1ug DIA 1column 2, and
D) 170825 HF 1ug DIA 1column 3.
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Supplementary Figure S3.21. The number of UHGP representative bacterial genomes
identified from each project. A representative genome was identified based on the correspondence
between genome-distinct peptides and genomes under two different standards: A) identifying one
genome-distinct peptide in a project as the standard for identifying the corresponding genome,
and B) identifying ten genome-distinct peptides in a project as the standard for identifying the
corresponding genome. The cumulative number of genomes identified across all projects was
shown with the orange lines.
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3.7.2 Supplementary Tables

Supplementary Table S3.1. Detailed information on the collected human gut metaproteomics studies.

Research Article PRIDE ID Country Instrument
Involved

Individual(s)

Number of

Raw Files

Assessing the impact of protein extraction methods for human gut

metaproteomics
PXD005969 Canada Q Exactive 1 30

Potential and active functions in the gut microbiota of a healthy

human cohort
PXD005780 Italy

LTQ-Orbitrap

Velos
15 15

Distinct Human Gut Microbial Taxonomic Signatures Uncovered

With Different Sample Processing and Microbial Cell Disruption

Methods for Metaproteomic Analysis

PXD020786 Spain Q Exactive HF 6 6

Distinct Human Gut Microbial Taxonomic Signatures Uncovered

With Different Sample Processing and Microbial Cell Disruption

Methods for Metaproteomic Analysis

PXD025659 Spain Q Exactive HF 6 18

A human gut metaproteomic dataset from stool samples pretreated

or not by differential centrifugation
PXD001573 Italy

LTQ-Orbitrap

Velos
1 10

The impact of sequence database choice on metaproteomic results in

gut microbiota studies
PXD004039 Italy

LTQ-Orbitrap

Velos
4 4

RapidAIM: a culture- and metaproteomics-based Rapid Assay of

Individual Microbiome responses to drugs
PXD012724 Canada Q Exactive 5 273

RapidAIM: a culture- and metaproteomics-based Rapid Assay of

Individual Microbiome responses to drugs
PXD012725 Canada Q Exactive 5 184

Metaproteomics reveals associations between microbiome and

intestinal extracellular vesicle proteins in pediatric inflammatory

bowel disease

PXD007819 Canada Q Exactive 71 211
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(Continued from previous page)

Research Article PRIDE ID Country Instrument
Involved

Individual(s)

Number of

Raw Files

Intestinal Metaproteomics Reveals Host–Microbiota Interactions in

Subjects at Risk for Type
PXD008870 USA Q Exactive 101 101

Metaproteomics Reveals Growth Phase–Dependent Responses of an

In Vitro Gut Microbiota to Metformin
PXD017390 Canada

Q Exactive

HF-X
1 84

Examining the Effects of an Anti-Salmonella Bacteriophage

Preparation, BAFASAL(R), on Ex-Vivo Human Gut Microbiome

Composition and Function Using a Multi-Omics Approach

PXD027172 Canada Q Exactive 5 122

Challenges in Clinical Metaproteomics Highlighted by the Analysis

of Acute Leukemia Patients with Gut Colonization by

Multidrug-Resistant Enterobacteriaceae

PXD011515 Germany Q Exactive HF 56 424

Butyrate Levels in the Transition from an Infant- to an Adult-Like

Gut Microbiota Correlate with Bacterial Networks Associated with

Eubacterium Rectale and Ruminococcus Gnavus

PXD017844
Norway and

Sweden
Q Exactive 6 11

Multi-omics of the gut microbial ecosystem in inflammatory bowel

diseases
PXD008675 USA

Q Exactive

Orbitrap
132 641

Total – – – 415 2,134
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Table S3.2: The number of identified peptides and ID rates of the MetaLab search for collected
studies.

PRIDE ID Number of Raw Files Average ID Rate Number of Identified Peptides

PXD005969 30 68.0% 62,956

PXD005780 15 46.5% 53,533

PXD020786 6 32.3% 62,112

PXD025659 18 34.8% 83,429

PXD001573 10 37.7% 26,636

PXD004039 4 51.0% 26,546

PXD012724 273 65.2% 310,285

PXD012725 184 56.6% 111,346

PXD007819 211 75.0% 612,061

PXD008870 101 45.1% 280,255

PXD017390 84 64.2% 71,045

PXD027172 122 72.1% 203,260

PXD011515 424 52.2% 888,139

PXD017844 11 35.8% 26,333

PXD008675 641 29.5% 596,102

Table S3.3: Taxonomical annotation of MetaPep peptides. The table could be accessed by:
https://doi.org/10.1016/j.csbj.2023.08.025

3.7.3 Supplementary Methods

DIA-PASEF raw file acquisition

For the in-house DIA-PASEF human gut metaproteomics raw file, we followed the pro-

tein extraction, protein digestion, and peptide clean-up protocol of a human stool sample

as described in our previous study (Zhang et al., 2016). The acquisition of this DIA-PASEF

raw file was as described by Gomez-Varela et al. (Gómez-Varela et al., 2023a), with minor
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modifications as follows.

Nanoflow reversed-phase liquid chromatography (Nano-RPLC) was performed on a

NanoElute 2 system (Bruker Daltonik, Bremen, Germany) coupled with a timsTOF Pro 2

mass spectrometer (Bruker Daltonik), using a CaptiveSpray ion source (Bruker Daltonics).

Peptides were separated with a 120 minutes gradient on a PepSep Fifteen Column (15 cm

x 75 µm column packed with 1.9 µm C18 particles) (Bruker Daltonik). Mobile solvent A

consisted of 0.1% FA and mobile phase B of 100% acetonitrile, 0.1% FA. The flow rate

was set to 500 nL/min for the whole gradient. In the first 115 minutes separation, the

mobile phase B was linearly increased from 3 to 35%, flowed by a steep increase to 95%

in 3.5 minutes. Then a flow rate of 500 nL/min at 95% was maintained for 6.5 minutes to

elute all hydrophobic peptides. The timsTOF Pro 2, Bruker Daltonik, Bremen, Germany)

was performed in data-independent acquisition (DIA) coupled with parallel accumulation

serial fragmentation (PASEF) mode. MS scan was performed between 100 and 1700 m/z.

The TIMS analyzer was operated in a 100% duty cycle with equal accumulation and ramp

times of 100 ms each, and the ion mobility range was set to 0.60–1.60 V·s/cm2. For DIA-

PASEF MS/MS scan, precursors with m/z between 400 and 1200 were defined in 16 scans

containing 32 ion mobility steps with an isolation window of 26 Da in each step with 1 Da

overlap with neighbouring windows. The acquisition time of each DIA-PASEF scan was

set to 100 ms, which led to a total cycle time estimate 1.8 sec. The collision energy for

DIA-PASEF scan was ramped linearly from 59 eV at 1/k0 = 1.6 V·s/cm2 to 20 eV at 1/k0

= 0.6 V·s/cm2.
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4.1. ABSTRACT

Preface

The following chapter consists of a research article of which I am the first author. The

article has been deposited in bioRxiv and is currently under review for publication in a

peer-reviewed journal.

Zhongzhi Sun, Zhibin Ning, Qing Wu, Leyuan Li, Andrew C. Doxey, and Daniel Figeys.

Peptide abundance correlations in metaproteomics enhance taxonomic and functional anal-

ysis of the human gut microbiome. bioRxiv, 2025

Author contributions are described using the CRediT system as listed below.

Zhongzhi Sun: Conceptualization, Data curation, Formal analysis, Investigation,

Methodology, Visualization, Writing – original draft. Zhibin Ning: Conceptualization,

Methodology, Investigation, Writing – original draft. Qing Wu: Methodology, Investi-

gation, Writing – review & editing. Leyuan Li: Resources, Writing – review & editing.

Andrew C. Doxey: Methodology, Supervision, Writing – review & editing. Daniel

Figeys: Conceptualization, Funding acquisition, Supervision, Writing – original draft.

4.1 Abstract

Mass spectrometry (MS)-based proteomics is widely used for quantitative protein profiling

and has become a powerful tool for studying protein interactions. However, most current

research focuses on single-species proteomics to study protein interactions. Protein inter-

actions within more complex microbiomes, composed of 100’s of bacterial species, remain

largely unexplored. The human gut microbiome, closely linked to human health and dis-

ease, has become a key area of study using metaproteomics. Yet, due to the complexity of

the microbiome, the interactions between gut microbes and their host remain largely un-

known. In this study, we analyzed peptide abundance correlations within a metaproteomics

dataset derived from in vitro cultured human gut microbiomes subjected to various drug
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treatments. Our analysis revealed that peptides from the same protein or taxon exhibited

correlated abundance changes. By using t-SNE for visualization, we generated a peptide

correlation map in which peptides from the same taxon formed distinct clusters. Fur-

thermore, peptide abundance correlations enabled genome-level taxonomic assignments

for a greater number of peptides. In single-species subsets of the dataset, peptide cor-

relation networks constructed using taxon-based normalized peptide abundance (TNPA)

linked peptides from functionally related proteins. These networks also provided insights

into the potential functions of previously uncharacterized proteins. Altogether, our study

demonstrates that analyzing peptide abundance correlations enhances both taxonomic and

functional analyses in human gut metaproteomics research.

4.2 Introduction

Despite many studies linking the human gut microbiome with human health and disease

(de Vos et al., 2022; Lloyd-Price et al., 2019; Lynch & Pedersen, 2016; Sanna et al., 2019;

Wu et al., 2024), elucidating the mechanisms underlying the impact of the microbiome

on host biology remains challenging, largely due to the complexity and the dark matter

in gut microbial communities (Heintz-Buschart & Wilmes, 2018; Lobb et al., 2015). Dif-

ferent omics technologies, including metagenomics, metatranscriptomics, metaproteomics,

and metabolomics, have become important tools for studying the human gut microbiome

(Franzosa et al., 2015). One of these techniques, metaproteomics, measures the presence

and abundance of proteins that drive biological functions within microbial communities,

providing a direct glimpse of gut microbiome pathways (Kleiner, 2019).

Proteins involved in the same biological pathways tend to be co-regulated (Wang et al.,

2017). These functionally related proteins typically have similar expression profiles, lead-

ing to positive abundance correlations. Conversely, proteins involved in mutual inhibition,

feedback regulation, or competition for binding sites tend to display negative abundance
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correlations (Brandman & Meyer, 2008; Garrido-Rodriguez et al., 2022). Given accurate

quantification using mass spectrometry, abundance correlations between proteins could

reveal functional linkages, even for proteins that do not physically interact or colocal-

ize, thus enabling the prediction of unknown protein functions (Kustatscher et al., 2019).

Protein abundance correlations have been applied to predict the functions of uncharacter-

ized proteins in various model organisms, such as Escherichia coli (Mateus et al., 2020),

Saccharomyces cerevisiae (Messner et al., 2023), and Homo sapiens (Kustatscher et al.,

2019). However, these studies have been largely limited to single-species proteomics. In

complex microbial communities, like the gut microbiome, protein abundance correlations

remain unexplored. A previous study applied gene abundance correlation in metagenomics

to predict microbial functional organization (Ma et al., 2018), but since proteins directly

execute biological processes, studying protein abundance correlations is expected to more

faithfully reflect functional dynamics in microbial communities. Given that over 40% of

proteins from the human gut microbiome remain functionally uncharacterized (Almeida

et al., 2021), and that some of these unknown proteins have been implicated in disease

development (Haynes et al., 2018; Kustatscher et al., 2022), understanding their functions

is critical for advancing our knowledge of host-microbiome interactions.

Studying protein abundance correlations is more challenging in metaproteomics com-

pared to single-species proteomics due to the difficulties in protein inference (Schieben-

hoefer et al., 2019). In complex microbial communities, peptides can be shared among

homologous proteins from different species, making it hard to assign them to their actual

proteins of origin. Our previous studies showed that a large number of identified peptides

were shared by multiple species, complicating taxonomic and protein source assignments

(Sun et al., 2023). Moreover, even after protein inference, it remains debatable whether

it is reasonable to aggregate peptide quantities into a single protein quantity, as peptides

from the same protein-coding sequence could express different quantitative responses due

to the additional complexity introduced by post-translational modifications (Plubell et al.,
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2022). Recently, peptide-centric metaproteomics analysis, which directly links peptides

to their taxonomic and functional annotations, provides an alternative approach (Gur-

deep Singh et al., 2019). Since mass spectrometry directly measures peptides instead of

proteins, peptide-centric analysis is inherently reasonable and has been shown to be more

sensitive and uncover features that are masked at the protein level (Simopoulos et al.,

2020). Given the challenges in protein inference and the inherent advantages of peptide-

centric analysis, we focus on peptide abundance correlations in this study. By leveraging

peptide-centric analysis, we aim to overcome the biases associated with protein inference

and provide a more accurate representation of functional and taxonomic relationships in

microbial communities.

In this study, we analyzed peptide abundance correlations in a metaproteomics dataset

derived from in vitro cultured human gut microbiomes subjected to different drug treat-

ments, also referred to as perturbations. We explored the biological foundations of these

correlations and visualized them using a peptide correlation map. Additionally, we ap-

plied peptide abundance correlations to improve the taxonomic assignment of peptides.

Focusing on single-species subsets, we calculated taxon-based normalized peptide abun-

dance (TNPA) and constructed peptide abundance correlation networks. These networks

revealed functional linkages, providing new insights into the roles of previously uncharac-

terized microbial proteins.

4.3 Materials and Methods

4.3.1 Metaproteomics dataset

In this study, we analyzed a metaproteomics dataset comprising 672 raw files from human

gut microbiomes of six individuals subjected to various drug treatments (112 samples per

individual). Specifically, stool samples were treated with 109 different compounds—107
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drugs, two DMSO samples as negative controls, and three kestose samples as positive

controls (detailed in Supplementary Table S4.1)—and then in vitro cultured using the

RapidAIM assay (Li et al., 2020), a culture- and metaproteomics-based rapid method

for studying individual microbiome responses to drugs. Detailed information on sample

collection, preparation, and LC-MS/MS analysis has been documented in a separate study

(Li et al., 2025). Metaproteomics raw files obtained from LC-MS/MS were searched against

the IGC (Integrated Gene Catalog) database (MetaHIT Consortium et al., 2014) with

MetaLab2.3 (Cheng et al., 2020) with the MaxQuant (Tyanova et al., 2016) workflow, using

default settings. Peptide quantification results were extracted from the “peptides.txt” file

generated by MetaLab for subsequent analysis.

4.3.2 Peptide abundance correlation calculation

Pre-processing and peptide filtering. Peptide abundance correlations across different

perturbations were calculated separately for each individual. First, peptide identification

and quantification results were extracted individually. Peptides were filtered by retaining

only those with non-zero intensity in at least 20% of the samples for each individual (≥ 23

samples). The quantification results of peptides that passed this filtering step were used

for further analysis.

Peptide abundance log2-fold change (log2-FC) calculation. To avoid zero values,

1 was added to peptide raw intensity values. The log2-fold change in peptide abundance

for each sample was then calculated by dividing the peptide intensity under each treat-

ment by the average intensity of the two DMSO-treated control samples, followed by log2

transformation.

Spearman correlation coefficients (SCC) calculation. Peptide abundance corre-

lations across different treatments were calculated for all peptide pairs using Spearman
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correlation coefficients (SCCs) of the log2-FC values across the treatments. The SCCs

were computed using the cor function in R.

4.3.3 Peptide annotations

To enable meaningful biological analysis, peptides were assigned to their protein sources

and annotated with taxonomic and functional information using the following procedures.

Protein source refinement. We first generated a genome-level taxonomic profile for

each individual to refine peptide protein source assignments and improve peptide anno-

tation resolution. All identified peptides from each individual were mapped to their tax-

onomic sources by aligning them against MetaPep (Sun et al., 2023) records. Genome-

distinct peptides, defined as peptides exclusively present in a single bacterial genome, were

utilized to enhance the accuracy of assignments. In the subsequent step, only genomes

with at least three genome-distinct peptides identified across all samples were considered

for peptide protein source assignments.

Peptide protein sources annotation. Next, for peptide protein source assignments,

protein sequences from the 4,744 UHGG representative genomes (Almeida et al., 2021)

were in-silico digested using DeepDigest (Yang et al., 2021a) with the following parameters:

miscleavage = 2, minimum peptide length = 7, maximum peptide length = 47 (default

settings), and trypsin as the protease. Subsequently, all identified peptides were mapped

to their unique protein source or multiple protein sources.

Peptide taxonomic and functional sources annotation. Each peptide was taxo-

nomically annotated by assigning it to a specific genome source or the lowest common

ancestor (LCA) of the genomes corresponding to all its protein sources. For functional

annotations, protein functional annotations were extracted from the UHGG (Almeida et
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al., 2021) database, and each peptide was functionally annotated based on the functional

annotation of its source protein(s).

4.3.4 Visualize peptide abundance correlations with global

peptide correlation maps

t-SNE (t-distributed stochastic neighbor embedding) was applied to visualize the peptide

abundance correlations. The SCC matrix of peptide pairs from each individual was used as

the input for the Rtsne package (Jesse & Laurens van der, 2023) with default parameters

(perplexity = 30). In the peptide correlation map, each point represents a peptide, and

the peptides were colored based on their taxonomic or functional annotations acquired as

described in the previous section.

4.3.5 Applying a machine learning model to predict peptide

genome source

Genome-distinct peptides from the two genomes with the highest number of such peptides

within the same bacteria family were extracted. Seventy percent of these peptides were

randomly selected as the training dataset, while the remaining 30% constituted the test

dataset. Additionally, genome-distinct peptides from other genomes within the same family

and 500 randomly selected peptides from other families were included for further evaluation

of the model’s performance.

For the training dataset, the Spearman correlation coefficients (SCCs) of each peptide’s

abundance changes relative to all peptides in the dataset were calculated and used as input

features. Specifically, this produced an SCC matrix in which each value represented the

calculated SCC between a pair of peptides in the training set. A Random Forest classifier

was then trained using the randomForest package (Leo et al., 2024) in R with ntree = 500,
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importance = True.

During model evaluation, the SCC matrix between the peptides in the test dataset and

those in the training dataset was computed and used as the input for the trained classifier.

The model’s performance was assessed using confusion matrices calculated on two different

combined test datasets: (1) genome-distinct peptides from the test dataset combined with

genome-distinct peptides from other genomes of the same family, and (2) genome-distinct

peptides from the test dataset combined with 500 randomly selected peptides from other

families. Following these assessments, the trained model was used to predict genome

sources of peptides from the same bacterial family that lacked genome-level taxonomic

annotations.

4.3.6 Single-species peptide abundance correlations

Calculation of taxon-based normalized peptide abundance (TNPA). To miti-

gate the impact of changes in taxon abundance on peptide abundance and to better study

the effect of different functions on peptide abundance, taxon-based normalized peptide

abundance (TNPA) was calculated based on the original peptide abundance (OPA), total

peptide abundance of all peptides from the same taxon in the sample (TPATS, Total Pep-

tide Abundance per Taxon in a Sample), and an average level of peptide abundance (108)

using the following formula:

TNPA =

(
OPA

TPATS

)
× 108

TNPA was calculated only for the top 10 genomes from each individual microbiome with

the largest number of identified genome-distinct peptides. The subsequent single-species

peptide abundance correlation analysis also focused on these genomes.
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Single-species peptide abundance correlation network. Two types of single-species

peptide abundance correlation networks were constructed using the SCCs of the log2-FC of

OPA and the SCCs of log2-FC of TNPA. Peptide pairs with the top 5% SCCs were retained

for network construction, which was carried out using the igraph package (Gábor et al.,

2025) in R. Nodes and edges from each network were extracted with the same package,

and all peptides in networks were mapped to their protein source annotations.

Single-species peptide abundance correlation networks were visualized using Gephi

0.10.1 with the Yifan Hu layout (Bastian et al., 2009). Network modularity and clus-

tering coefficients were calculated using the modularity and transitivity functions from

the igraph package, respectively. Networks constructed with TNPA were used to study

the correlations between peptides with related functions and to predict the functions of

previously uncharacterized proteins.

Applying network connections to predict protein functions. Based on the func-

tional annotations assigned to peptides, the percentage of connections between peptides

derived from PUFs in each of the single-species peptide correlation networks of the selected

ten genomes, as well as the percentage among all peptide pairs from each species, was calcu-

lated. After that, the proportion of connections between peptides from proteins of unknown

functions (PUFs) and those from annotated proteins, relative to all connections in each

single-species peptide correlation network, was further calculated. Connections between

peptides in the networks were analyzed based on protein source and functional annotations

of the peptides. InterProScan (https://www.ebi.ac.uk/interpro/search/sequence/) and the

AlphaFold Protein Structure Database (Varadi et al., 2024) were queried online using de-

fault settings, with protein sequences extracted from the UHGP catalog (Almeida et al.,

2021).
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4.3.7 Data availability

Metaproteomics raw files used to compile analysis were deposited at the ProteomeXchange

Consortium (Deutsch et al., 2019) via the PRIDE (Perez-Riverol et al., 2022) partner

repository as described in our previous study (Li et al., 2025). These files will be publicly

available upon publication. Additionally, another dataset generated using a Q Exactive

mass spectrometer is available with the data set identifiers PXD012724. All codes to per-

form the analysis in this study are available on GitHub at https://github.com/northomics/

Peptide Abundance Correlations.
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4.4 Results

4.4.1 Peptide abundance correlations in the metaproteomics

dataset

Figure 4.1. Experimental design and research framework. Gut microbiomes from six individ-
uals were extracted from human stool samples. The microbiomes were then treated with 107
various drugs, resulting in 112 samples per individual, and in vitro cultured using RapidAIM.
After culturing, samples were loaded to LC-MS/MS for metaproteomics analysis. Raw files were
searched against the IGC database using the MaxQuant workflow from MetaLab V2.3, yield-
ing a peptide abundance table. To measure peptide abundance correlations, we calculated the
Spearman correlation coefficient (SCC) of peptide abundance fold changes relative to the con-
trol sample for all peptide pairs. We then created a peptide correlation map to visualize these
correlations. Furthermore, we utilized these peptide abundance correlations to assign peptide
taxonomic sources, connect peptides from functionally related proteins, and predict the functions
of previously uncharacterized proteins.
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Figure 4.1 summarizes the overall experimental design and research framework. Briefly, 6

individual microbiomes were individually exposed to 107 drugs and five controls using the

RapidAIM assay (Li et al., 2020), which is a 96-well plate assay that maintains the com-

position and function of the microbiome. The metaproteomes were extracted from each

well and analyzed by metaproteomics. Peptide identification and quantification results

were acquired as previously described (Li et al., 2025). After acquiring peptide quantifica-

tion results, peptides with non-zero values in ≥ 20% of samples from each individual were

selected. Peptide abundance correlations for all peptide pairs from each individual were

calculated using Spearman correlation coefficients (SCCs) for log2-transformed abundance

fold changes from all 112 samples against the control group. Global peptide abundance

correlation maps created with t-SNE of all six individuals colored with family-level taxo-

nomic annotation of peptides showed a clear clustering of peptides from the same family

(Figure 4.2A). In addition, these maps revealed substantial inter-individual variation in

the taxonomic composition of microbiomes, which was further supported by peptide-based

taxonomic profiling for each individual (Supplementary Figure S4.1). Among all six indi-

viduals, V52 has the largest number of quantified peptides (Figure 4.2B) and was selected

as an example in the main text. For 21,363 peptides with non-zero values in ≥ 20% of

samples from V52, SCC calculation yielded a total of 228,178,203 peptide pairs with an

average SCC of 0.13± 0.35 (Figure 4.3A).
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Figure 4.2. Peptide identification and abundance correlation across individuals. A) Peptide
correlation maps generated using tSNE of all six individuals, colored by peptide family-level
taxonomic annotations. B) Number of peptides identified from different individuals. For each
individual, peptides identified in ≥ 20% of total samples were used for abundance correlation
analysis and displayed in the peptide correlation map.
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Figure 4.3. Peptide abundance correlations in the metaproteomics dataset of V52. A) Dis-
tribution of pairwise Spearman correlation coefficients (SCC) of peptide abundance fold changes
for all peptide pairs. B) Comparison of the SCC of peptide pairs with both peptides from the
same protein and peptide pairs of peptides from different proteins. C) Comparison of the SCC of
peptide pairs of both peptides from the same taxon (genome) and peptide pairs of peptides from
different taxa (genomes). D) Comparison of peptide pairs of both peptides from the same genome
and same protein (SGSP), peptides from the same genome but different proteins (SGDP), and
peptides from different genomes and different proteins (DGDP). E) Comparison of SCCs between
peptide pairs from the same COG category and peptide pairs from different COG categories. F)
Comparison of SCCs between peptide pairs from the same COG family and peptide pairs from
different COG families. **** indicates statistical significance at the p ≤ 0.0001 levels by two-sided
Mann-Whitney U test.

Upon assigning both protein sources and taxonomic sources to the peptides, we observed

that peptides from the same protein and peptides from the same taxon exhibited higher

abundance correlation. First, peptide pairs derived from the same protein (7,407 pairs)

exhibited higher SCCs (0.63 ± 0.22) compared to peptide pairs from different proteins

(8,781,121 pairs; SCC = 0.18 ± 0.32, with p ≤ 0.0001 by Mann-Whitney U test and a
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large effect size with Vargha and Delaney’s A of 0.88, Figure 4.3B). To be more intuitive,

peptides from the same protein displayed more similar abundance profiles across samples

than those from different proteins (Supplementary Figure S4.2). In addition, peptide pairs

derived from the same genome (457,957) had an average SCC of 0.60 ± 0.22, while those

from different genomes (8,330,571) averaged an SCC of 0.16 ± 0.31 (Figure 4.3C, p ≤

0.0001 by Mann-Whitney U test and a large effect size with Vargha and Delaney’s A of

0.88). It is worth noting that even after excluding peptide pairs from the same protein,

we found that peptides from different proteins within the same genome (450,550 pairs;

SCC = 0.60 ± 0.22) still had higher SCCs than those from different genomes (8,330,571

pairs; SCC = 0.16 ± 0.31, p ≤ 0.0001 by Mann-Whitney U test, Vargha and Delaney’s

A of 0.88), indicating that sourcing from the same genome contributes significantly to

higher SCCs of peptide abundance changes (Figure 4.3D). We also assigned functional

annotations to the peptides, however, the difference in SCCs between peptides from the

same functional category and those from different functional categories was relatively minor

at both high-level COG category (Figure 4.3E) and refined COG family level (Figure 4.3F),

with negligible effect size, Vargha and Delaney’s A of 0.51 and 0.56, respectively.

Higher SCC of peptides from the same protein and peptides from the same taxon

collectively suggested that studying peptide abundance correlations in metaproteomics

datasets is biologically meaningful and can provide valuable insights into metaproteomics

analysis.

4.4.2 A global peptide abundance correlation map

The SCC matrix of selected 21,363 peptides from V52 recorded how strongly or weakly

each peptide is correlated with all other peptides. Although it is theoretically possible to

be represented as a peptide interaction network with edges indicating strong correlations

(Supplementary Figure S4.3). We visualized all 228,178,203 peptide-peptide correlations
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from 21,363 peptides as a global peptide correlation map using the t-SNE algorithm by em-

bedding the peptides in a low-dimensional space (Figure 4.4A). In this map, the distance

between peptides reflects the similarity in their abundance changes under various drug

treatments. Notably, the global map was generated based on all pairwise peptide abun-

dance changes under different perturbations in the metaproteomics datasets per individual,

without any filtering on the SCC.

Figure 4.4. The global peptide correlation map of V52 generated using t-SNE. A) Peptide
correlation map colored by family-level taxonomic annotations, showing the map broadly corre-
sponds to taxa sources of peptides. The areas highlighted in panels B-E are boxed with dashed
lines. B-E) Zoomed-in sections of the peptide correlation map for peptides from the different
families: B) Burkholderiaceae, C) Eggerthellaceae, D) Bacteroidaceae, and E) Lachnospiraceae.
Peptides are colored by genome-level taxonomic annotations. F) Peptide correlation map colored
by functional annotations (COG categories), showing no overall clustering based on functional
associations.
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The peptide correlation map revealed a strong correlation between peptide abundance

changes and their taxonomic sources. Peptides from the same taxon tend to cluster together

in the correlation map across various taxonomic levels (Figure 4.4A and Supplementary

Figure S4.4). Specifically, at the family level, distinct clusters emerged, particularly for

families such as Burkholderiaceae, Eggerthellaceae, and Enterobacteriaceae. Zooming into

these families, most peptides with genome-level annotations were either assigned to a spe-

cific genome or grouped into sub-clusters corresponding to different genomes (Figure 4.4B

and C). For other families, such as Bacteroidaceae and Lachnospiraceae, the cluster of

peptides was less obvious. However, peptides were still grouped at the genome level in the

zoomed-in maps (Figure 4.4D and E).

Although there is a clear clustering of peptides from the same taxon, the global peptide

abundance correlation map showed less obvious clustering patterns based on protein func-

tion (Figure 4.4F and Supplementary Figure S4.5). However, when zooming into a single

species, more distinct clusters emerged, representing peptides from proteins with similar

or related functions (Supplementary Figure S4.6). This suggests that studying protein

functional linkage through peptide abundance correlations may be more effective at the

single-species level, as inter-species functional correlations are not easily discernible in the

global map.

Overall, this global peptide correlation map provides an overall trend of peptide abun-

dance correlations between different peptides and indicates that changes in taxa abundance

are the primary driver of peptide abundance correlations across different perturbations.

4.4.3 Peptide abundance correlations provide additional in-

formation on assigning peptide taxonomic source

Our results have shown that peptides from the same family clustered together in the

global peptide correlation map (Figure 4.4A). However, within each family-level cluster,
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only a small proportion of peptides were annotated to specific genomes, while a larger

proportion were only annotated at the family level, leaving their genome-level sources

unclear (Figure 4.4B-E and Supplementary Figure S4.4). Also as mentioned above, pep-

tides from the same genome exhibit high SCCs in their abundance changes across different

drug treatments (Figure 4.3C). Given a specific sample from the family Bacteroidaceae,

genome-distinct peptides from the same genome were not grouped into a single cluster in

the heatmap of the peptides SCC matrix. However, these peptides can still be grouped into

several modules, each with high correlation coefficients (Figure 4.5A). Similar genome clus-

ter modules were also observed in other families, such as Eggerthellaceae, Lachnospiraceae,

and Burkholderiaceae (Supplementary Figure S4.7-Supplementary Figure S4.9). This ob-

servation suggests that the SCC matrix can serve as a valuable input for machine learning

models to assign peptide taxonomic sources.
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Figure 4.5. Applying peptide abundance correlations for peptide taxonomic assignments using
the Bacteroidaceae family as an example. A) Heatmap of the SCC matrix for genome-distinct
peptides from different genomes within the Bacteroidaceae family. B) Distribution of predicted
probabilities for peptides sourcing from Genome A, focusing on genome-distinct peptides in the
test dataset. C) Distribution of predicted probabilities for peptides sourcing from Genome A,
focusing on peptides from other genomes within the same family. D) Confusion matrix from
the Random Forest model applied to the combined dataset of genome-distinct peptides in the
test dataset and peptides from other genomes within the family. E) Distribution of predicted
probabilities for peptides sourcing from Genome A, focusing on genome-unannotated peptides
within the Bacteroidaceae family. F) Heatmap of the SCC matrix for both genome-distinct pep-
tides and genome-unannotated peptides within the Bacteroidaceae family. Genome-unannotated
peptides were colored with grey in the color strip. Genome A, MGYG000002281; Genome B,
MGYG000000243.

Using the trained Random Forest model for the family Bacteroidaceae, we found

that most genome-distinct peptides from Genome A (MGYG000002281) and Genome B

(MGYG000000243) in the test set were correctly classified with probabilities exceeding 90%
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(Figure 4.5B). Specifically, the model assigned these peptides to their respective genome

sources with high confidence. In contrast, when applying the same 90% probability thresh-

old to peptides from other genomes within the same family and peptides from other fami-

lies, the model did not tend to attribute most of the peptides from other genomes within

the same family (72.2%) and the peptides from other families (87.6%) to either Genome

A or Genome B (Figure 4.5C and Supplementary Figure S4.10). The confusion matrices

generated from the two test sets demonstrated that the trained model achieved high sensi-

tivity (Figure 4.5D and Supplementary Figure S4.10). For peptides without genome-level

annotations from the same family, the model classified a large amount of these peptides

(48.9%) into either Genome A or Genome B (Figure 4.5E). This classification was fur-

ther supported by the SCC heatmap, where unannotated peptides clustered closely with

genome-distinct peptides from a specific genome (Figure 4.5F). In addition, models trained

using the same method also effectively predicted the genome sources of peptides lacking

genome-level annotations in other families, such as Eggerthellaceae, Lachnospiraceae, and

Burkholderiaceae (Supplementary Figure S4.7-Supplementary Figure S4.9).

4.4.4 Functionally related peptides were connected in single-

species peptide abundance correlation networks

Our results revealed limited abundance correlations between peptides from proteins with

the same or related functions (Figure 4.3E-F, and Supplementary Figure S4.5). Addition-

ally, we found that taxa abundance changes are the major driver of peptide abundance

changes across different perturbations or drug treatments. Consequently, peptides from

proteins with the same or related functions were less likely to be correlated across different

taxa compared to peptides originating from the same taxon. Therefore, it is more ap-

propriate to analyze peptide functional linkages at the single-species level by focusing on

single-species subsets of the metaproteomics dataset.
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Figure 4.6. Functionally related peptides were connected in V52 single-species peptide abun-
dance correlation networks constructed with SCCs of TNPA log2-FC. A) Correlation between
SCCs of peptide log2-FC based on TNPA and SCCs based on OPA (original peptide abundance)
in the top ten genomes from V52. B)-C) Higher modularity and lower clustering coefficient of
peptide correlation networks constructed with SCC of TNPA log2-FC than networks constructed
with SCC of OPA log2-FC. D) Comparison of representative single-species peptide correlation
networks constructed with TNPA and OPA. Nodes are colored according to their modularity
class from Gephi. E) Proportion of peptide pairs from the same protein in single-species pep-
tide correlation networks compared to the proportion in all peptide pairs from the corresponding
species. F) Proportion of peptide pairs from proteins potentially located near each other in the
genome (≤ 10 gene ID difference) in single-species peptide correlation networks compared to the
proportion in all peptide pairs from the corresponding species. ** indicates statistical significance
at the p ≤ 0.01 levels by two-sided Mann-Whitney U test. G)-H) Single-species peptide abun-
dance correlation networks for MGYG000004769 and MGYG000002528. Peptides from proteins
with only one peptide in the network were removed. Peptides from the top eight proteins with
the most peptides in each network are annotated with distinct colors, and peptides from other
proteins are colored grey.
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The strong effect of taxonomic abundance changes could cause peptides from the same

taxon to show high correlations, even if they are involved in different functions (Supple-

mentary Figure S4.11). To minimize this effect and better study the correlations between

functionally related peptides, we calculated taxon-based normalized peptide abundance

(TNPA) from original peptide abundance (OPA) for the top 10 species/genomes with

the highest number of identified peptides, as described in the methods section. TNPA

was mostly moderately or weakly positively correlated with OPA in most studied species

(Supplementary Figure S4.12), and we observed that some peptides with high SCCs for

OPA log2-FC exhibited low SCCs for TNPA log2-FC (Figure 4.6A and Supplementary

Figure S4.13). This suggests that many peptide abundance correlations driven by taxa

abundance changes were not significantly correlating at the TNPA level as shown in Sup-

plementary Figure S4.10.

To reveal functional linkages, single-species peptide abundance correlation networks

were constructed using peptide pairs with the top 5% SCC from each of the top 10 species

with the most identified peptides. Two sets of networks were constructed using SCCs de-

rived from OPA and TNPA, respectively (Supplementary Figure S4.14 and Supplementary

Figure S4.15). Networks constructed with TNPA had higher modularity (Figure 4.6B)

and lower clustering coefficients (Figure 4.6C), indicating that these networks had dense

connections within modules but sparse connections between different modules. The lower

clustering coefficients also suggested that TNPA-based networks were less tightly connected

as shown in the Figure 4.6D.

Single-species peptide abundance correlation networks constructed with TNPA revealed

functional linkages. Peptides from the same protein and those from proteins potentially

located near each other in the genomes (with ≤ 10 gene ID differences in the UHGG)

were considered functionally related. Peptide pairs in the network showed a higher per-

centage of these types of relationships compared to all peptide pairs (Figure 4.6E-F). It is

worth noting that gene ID differences do not always perfectly reflect physical genome dis-
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tance; however, they generally indicate proximity when genes are located on the same con-

tig. Here, we provide examples of connections between peptides from functionally related

proteins. In the peptide correlation network of genome MGYG000004769 (Phascolarcto-

bacterium faecium), peptides from MGYG000004769 01826 (Methylmalonyl-CoA mutase

large subunit) and MGYG000004769 01827 (Succinyl-CoA: coenzyme A transferase) were

densely connected (Figure 4.6G). Genes encoding these two proteins are located near each

other in the genome, with adjacent gene ID numbers and only a 218bp intergenic region

on the same contig. These proteins also have closely related functions in the TCA cycle.

Methylmalonyl-CoA mutase catalyzes the conversion of methylmalonyl-CoA to succinyl-

CoA, while Succinyl-CoA:coenzyme A transferase then catalyzes the reversible reaction:

succinyl−CoA+L−malate ⇀↽ succinate+L−malyl−CoA. In the same network, peptides

from MGYG000004769 00624 (Molecular chaperone DnaK) and MGYG000004769 02173

(Chaperonin GroEL), which have similar functional annotations, were also connected. In

another peptide correlation network of genome MGYG000002528 (Anaerostipes hadrus),

peptides from proteins MGYG000002528 01044 (NAD-dependent dihydropyrimidine dehy-

drogenase subunit PreA) and MGYG000002528 01048 (Allantoate amidohydrolase) were

densely connected (Figure 4.6H). These proteins are also encoded by genes with adjacent

gene numbers which are separated by a 2,717 bp intergenic region.

In summary, single-species peptide abundance correlation networks constructed us-

ing TNPA revealed connections between functionally related peptides. These connections

demonstrated the potential for using peptide abundance correlations to predict protein

functions.
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4.4.5 Applying single-species peptide correlation networks

for predicting unknown protein functions

An average of 5.2% of peptides in the 10 constructed single-species peptide correlation

networks originated from proteins of unknown functions (PUFs). This percentage was

comparable to the overall proportion of peptides from unannotated proteins in each species

(Figure 4.7A). To predict functions for PUFs we calculated peptide abundance correlations

between peptides from PUFs and peptides from annotated proteins. The proportion of con-

nections between peptides from PUFs and peptides from annotated proteins varied across

species (Figure 4.7B). For genome MGYG000002478 (Phocaeicola dorei), the proportion

reached 24%, while in other genomes, the lowest was 2%. Here, we provide examples from

the top two genomes with the highest percentage of connections between peptides from

PUFs and peptides from annotated proteins to show the feasibility of predicting microbial

protein functions using peptide abundance correlations.
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Figure 4.7. Predicting functions of proteins of unknown functions (PUFs). A) Proportion of
peptides from PUFs in each single species peptide correlation network and proportion of peptides
from PUFs in all identified peptides from the corresponding species. NS. indicates statistical
significance at the p > 0.05 levels by two-sided Mann-Whitney U test. B) Distribution of the
proportions of edges between peptides from PUFs and peptides from proteins with known function
in the peptide correlation network of each species. C)-D) Peptide abundance correlation networks
for the two species, MGYG000002478 and MGYG000002281, with the highest percentage of edges
between peptides from PUFs and peptides from proteins with known function. Networks were
constructed based on peptide pairs with the top 5% SCCs from each species. Peptides from
proteins with only one peptide in the network were removed. Peptides from the top eight COG
families in each network are annotated with distinct colors, and peptides from other COG families
are colored grey.

In the network of genome MGYG000002478 (Figure 4.7C), Phocaeicola dorei, peptides
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from uncharacterized protein MGYG000002478 00658 had the largest number of connec-

tions (31) to annotated peptides in the network. Of these, 10 connections were to peptides

annotated to COG1629 (Outer membrane receptor protein, Fe transport), with 7 linked

to peptides from MGYG000002478 00657, an iron complex outer-membrane receptor pro-

tein (K02014). This indicates that the uncharacterized protein is likely to be related to

transmembrane transport. This prediction was further supported by the InterProScan of

the uncharacterized protein, showing it has a SusD-like domain, a typical outer membrane

protein feature. In addition, most parts of the protein were assigned to a non-cytoplasmic

domain, also indicating its extracellular location.

In the network of genome MGYG000002281 (Figure 4.7D), Bacteroides faecis, pep-

tides from uncharacterized protein MGYG000002281 00118 had the largest number of

connections (52) to annotated peptides in the network. Excluding 9 peptide connec-

tions to functionally ambiguous COG0457 (Tetratricopeptide repeat protein), the second-

largest group comprises 7 connections to COG3525 (N-acetyl-beta-hexosaminidase), includ-

ing 3 connections to MGYG000002281 02589 (hyaluronoglucosaminidase, K01197), 2 to

MGYG000002281 04635(hexosaminidase, K12373), and 2 to MGYG000002281 01369 (hex-

osaminidase, K12373). These connections suggest the uncharacterized protein is likely to

be involved in carbohydrate metabolism. An InterProScan analysis of the protein revealed

a non-cytoplasmic domain, indicating that it is a membrane-bound protein predicted to be

outside the membrane, possibly acting as a signal protein for carbohydrate metabolism.

In contrast, searching this protein in the AlphaFold Protein Structure Database (Jumper

et al., 2021; Varadi et al., 2024) matched UniProt ID A0A1E9BZD4 (100% identity), an

uncharacterized protein without known biological functions. These findings highlight the

value of peptide correlation networks in providing complementary insights for predicting

the potential biological role of PUFs.
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4.5 Discussion

We analyzed peptide abundance correlations in a metaproteomics dataset of in vitro cul-

tured human gut microbiomes with different drug treatments/perturbations, demonstrat-

ing the feasibility of applying peptide abundance correlations for peptide taxonomic as-

signments as well as revealing protein functional linkages in single-species subsets.

Protein abundance correlations have been applied to study protein functional link-

age and to predict functions of functional unknown proteins in single-species proteomics

datasets (Kustatscher et al., 2019; Mateus et al., 2020; Messner et al., 2023). In these

single-species studies, functionally associated proteins have coordinated changes in abun-

dance across perturbations (Kustatscher et al., 2019; Mateus et al., 2020; Messner et al.,

2023), and proteins with identical subcellular localization also exhibited coordinated abun-

dance changes (Kustatscher et al., 2019). However, in our metaproteomics dataset, the

abundances of peptides from proteins of the same taxon instead of peptides from proteins

with associated functions were more likely to have correlated abundance changes.

Peptides from the same taxon showing high abundance correlation are largely due

to the significant impact of environmental disturbances on the composition of microbial

communities (Nguyen et al., 2021). In contrast, the limited correlation of peptides from

proteins with related functions can be attributed to the high functional redundancy of

human gut microbial communities (Li et al., 2023). Specifically, a decrease in peptides

from proteins with a particular function could lead to an increase in peptides from proteins

performing a similar function in a phylogenetically unrelated species. This compensatory

mechanism helps maintain the overall functional stability of the microbial community,

resulting in limited correlations among peptides from proteins with related functions.

Our study is the first to investigate peptide abundance correlations in a gut microbiome

metaproteomic dataset. However, similar studies have been conducted using metagenomic
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data, such as genetic correlation networks from soil metagenomes which have revealed

a hierarchical functional structure (Ma et al., 2018), similar to findings in single-species

cellular genetic correlation networks (Costanzo et al., 2016). In contrast, our analysis of

peptide abundance correlations primarily showed a clear clustering of peptides from the

same taxon, with a less obvious functional hierarchy. This underscores that functional

insights derived from protein abundance measurements are different from those inferred

from genetic materials through metagenomics or metatranscriptomics (Armengaud, 2023).

Our global peptide abundance correlation map also provided clues for studying mi-

crobial responses to drugs. In the constructed peptide correlation maps (Figure 4.2A),

peptides from the family Enterobacteriaceae were usually separated from other taxa, indi-

cating unique response patterns for this taxonomic group. This is supported by previous

experimental studies. For example, psychotropic drugs like fluoxetine have shown antimi-

crobial activity against Escherichia coli (family Enterobacteriaceae), while the abundance

of other human gut species increased in the in vitro microbiome after the treatment of the

same drug (Cussotto et al., 2019). In addition, microbial genera have been classified into

three distinct taxonomic clusters, each representing a different pattern of drug response

(Li et al., 2025). Patterns resembling these taxonomic clusters can also be observed in our

peptide correlation maps. For instance, peptides from Parasutterella (Burkholderiaceae

family) and Eggerthella (Eggerthellaceae family), which belong to two clusters exhibiting

distinct response patterns, are also well separated in our peptide correlation map (Fig-

ure 4.2A and Supplementary Figure S4.4).

Higher correlations of peptides from the same taxon also provide a solution for peptide

taxonomic source assignment which remains a challenge for peptide-centric metaproteomics

analysis. Although most of the in-silico digested peptides were genome-distinct peptides

(Mesuere et al., 2012), most of the peptides identified from real metaproteomics datasets

were shared by different genomes (Sun et al., 2023). In this study, even after refining

the potential genome sources, a large number of peptides could only be assigned to a
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family-level LCA, and the actual taxonomic sources of these peptides remain unknown

(Figure 4.4B-E). By investigating peptide abundance correlations, additional information

was provided for peptide taxonomic source assignment. This is expected to provide a

microbial biomass profile with higher accuracy using metaproteomics data (Kleiner et al.,

2017).

Although taxa-abundance changes were major contributors to peptide abundance corre-

lations, to reveal peptide functional linkages, peptide abundance correlations were further

analyzed at the single-species level by extracting subsets of genome-distinct peptides of

each genome from the metaproteomics dataset. In addition, to reduce the impact of taxa-

abundance changes, TNPA was calculated. The principle of the calculation of TNPA was

similar to a normalization method named LFQRatio (Shi et al., 2024) which divided pro-

tein LFQ intensity by the sum of all protein LFQ intensities for its respective strain in a

microbial coculture system. LFQRatio has shown its ability to transform absolute protein

quantification data into accurate and biologically meaningful protein abundance values for

samples with multiple species at variable cell ratios. Similarly, in our study, we also found

that taxon-based normalized peptide abundance (TNPA) showed a good ability to reveal

functional linkages (Figure 4.6E-F). Peptides from proteins with related functions were

connected in the single-species peptide abundance correlation network constructed with

TNPA.

A limitation of this study comes partly from metaproteomics itself. Current metapro-

teomics has limited proteome coverage (Lohmann et al., 2020; Sun et al., 2024). It is

estimated that around 200 bacterial species reside in the human gut microbial community

(Lloyd-Price et al., 2016). However, bacterial species with an abundance lower than 0.5%

were hard to detect with current metaproteomics techniques (Duan et al., 2022), and the

number of peptides and proteins identified in low-abundant species is limited (Sun et al.,

2024). To that extent, only the top ten genomes were investigated to study intra-species

functional relations in this work. Even in these genomes, the number of peptides was still
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limited. This results in the limited scale of constructed single-species peptide correlation

networks. A lot of peptides from proteins with interesting or unknown functions were

not identified and were not included in the network. In addition to considering proteome

coverage, it is also worth noting that, a high-resolution LC-MS/MS for identification and

quantification is also needed. Our analysis in another metaproteomics dataset from Q Ex-

active mass spectrometer with the same procedure showed a weak abundance correlation

of same-taxon peptides (Supplementary Figure S4.16). Fortunately, DIA-based metapro-

teomics has proven to be able to significantly increase the number of identified peptides as

well as to improve quantification reproducibilities (Aakko et al., 2020; Zhao et al., 2023)

which has the potential to expand and strengthen applying peptide abundance correlations

to reveal more interesting findings.

Another aspect that needs improvement is distinguishing true functional correlations

from incidental ones in single-species peptide correlation networks. First, the number of

samples used to calculate Spearman correlation coefficients should be carefully considered,

as these coefficients require sufficient sample sizes to achieve high confidence in the cor-

relations detected (Bonett & Wright, 2000). Additionally, applying a strict threshold or

employing more refined methods to filter out functionally related interactions from correla-

tions driven by other factors is crucial, since abundance correlations do not always indicate

functional relationships (Chase L. S. & Priya S., 2024). Ultimately, the field would benefit

from larger, more reproducible datasets and refined protein association reference methods

to advance the study of peptide/protein abundance correlations.

4.6 Conclusion

In summary, fluctuations in peptide abundance contain wealthy information on the micro-

biome’s response to perturbations. These fluctuations can be harnessed to assign peptides

to their protein and taxon of origin as well as to predict function for functional unknown
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proteins. In the metaproteomics dataset, peptides from the same taxon were clustered in

the peptide correlation map, suggesting that microbiome taxonomic abundance change is

the major contributor to peptide abundance changes. We anticipate that the concept of

peptide/protein abundance correlations needs further investigation to deepen taxonomic

and functional understanding of metaproteomics data.
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4.7 Supplementary Materials

4.7.1 Supplementary Figures

Supplementary Figure S4.1. The relative abundance of peptides assigned to different
genera across individuals. Only peptides with genus-level taxonomic annotations were included
in the plot. The top 12 genera, ranked by the total number of peptides across all individuals, are
shown in distinct colors, while peptides assigned to other genera are grouped under the ”Other
genera” category.
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Supplementary Figure S4.2. Peptide abundance profiles from three distinct proteins. Pep-
tides from the same proteins showed similar abundance profiles across samples under different
treatments/perturbations.

Supplementary Figure S4.3. Global peptide abundance correlation network of V52. The
network comprises peptide pairs with the top 1% highest Spearman correlation coefficients (SCC).
It consists of 12,549 nodes (representing individual peptides) and 2,281,783 edges (representing
peptide pairs with high SCC).
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Supplementary Figure S4.4. Global peptide correlation maps of V52 colored at different
taxa levels. A) Phylum, B) Class, C) Order, D) Family, E) Genus, and F) Species (Genome).
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Supplementary Figure S4.5. Global peptide abundance correlation maps of V52 colored
at different functional categories. A) COG family and B) KEGG ko.
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Supplementary Figure S4.6. Zoomed-in peptide abundance correlation maps of V52 colored
at functional categories: COG family (left) and KEGG ko (right). Zoomed in maps for bacteria
families: A) Burkholderiaceae, B) Eggerthellaceae, C) Bacteroidaceae, and D) Lachnospiraceae.
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Supplementary Figure S4.7. Applying peptide abundance correlation for peptide taxo-
nomic assignments in the family Eggerthellaceae. A) Heatmap of the SCC matrix for genome-
distinct peptides from different genomes within the family. B) Distribution of predicted proba-
bilities for peptides sourcing from Genome A, focusing on genome-distinct peptides in the test
dataset. C) Distribution of predicted probabilities for peptides sourcing from Genome A, focusing
on peptides from other genomes within the same family. D) Confusion matrix from the Random
Forest model applied to the combined dataset of genome-distinct peptides in the test dataset and
peptides from other genomes within the family. E) Distribution of predicted probabilities for
peptides sourcing from Genome A, focusing on genome-unannotated peptides within the family.
F) Heatmap of the SCC matrix for both genome-distinct peptides and genome-unannotated pep-
tides within the family. Genome A, MGYG000002544; Genome B, MGYG000002487.
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Supplementary Figure S4.8. Applying peptide abundance correlation for peptide taxo-
nomic assignments in the family Lachnospiraceae. A) Heatmap of the SCC matrix for genome-
distinct peptides from different genomes within the family. B) Distribution of predicted proba-
bilities for peptides sourcing from Genome A, focusing on genome-distinct peptides in the test
dataset. C) Distribution of predicted probabilities for peptides sourcing from Genome A, focusing
on peptides from other genomes within the same family. D) Confusion matrix from the Random
Forest model applied to the combined dataset of genome-distinct peptides in the test dataset and
peptides from other genomes within the family. E) Distribution of predicted probabilities for
peptides sourcing from Genome A, focusing on genome-unannotated peptides within the family.
F) Heatmap of the SCC matrix for both genome-distinct peptides and genome-unannotated pep-
tides within the family. Genome A, MGYG000002528; Genome B, MGYG000000212.
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Supplementary Figure S4.9. Applying peptide abundance correlation for peptide taxo-
nomic assignments in the family Burkholderiaceae. A) Heatmap of the SCC matrix for genome-
distinct peptides from different genomes within the family. B) Distribution of predicted proba-
bilities for peptides sourcing from Genome A, focusing on genome-distinct peptides in the test
dataset. C) Distribution of predicted probabilities for peptides sourcing from Genome A, focusing
on peptides from other genomes within the same family. D) Confusion matrix from the Random
Forest model applied to the combined dataset of genome-distinct peptides in the test dataset and
peptides from other genomes within the family. E) Distribution of predicted probabilities for
peptides sourcing from Genome A, focusing on genome-unannotated peptides within the family.
F) Heatmap of the SCC matrix for both genome-distinct peptides and genome-unannotated pep-
tides within the family. Genome A, MGYG000001294; Genome B, MGYG000003022.
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Supplementary Figure S4.10. Peptide taxonomic source prediction results for test-
ing peptides from families other than Bacteroidaceae. The prediction model was trained us-
ing genome-distinct peptides from Bacteroidaceae. Genome A, MGYG000002281; Genome B,
MGYG000000243.
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Supplementary Figure S4.11. Changes in original peptide abundance (OPA, top
panel) and taxa-normalized peptide abundance (TNPA, bottom panel) across different treat-
ments for peptides from three proteins. These proteins, originating from the same genome,
have distinct functions: MGYG000002487 00353 (inosamine-phosphate amidinotransferase 1),
MGYG000002487 00825 (putative protein), and MGYG000002487 02166 (putative dimethyl sul-
foxide reductase chain YnfE).
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Supplementary Figure S4.12. Distribution of SCC between OPA and TNPA for all peptides
from each of the top 10 genomes. n represents the number of peptides from each species.
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Supplementary Figure S4.13. The correlation between the SCC of peptide abundance log2
FC based on TNPA and SCC of peptide abundance log2 FC based on OPA.
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Supplementary Figure S4.14. Single-species peptide abundance correlation networks based
on OPA for the ten genomes with the most identified peptides from V52. Each network was
constructed using peptide pairs with the top 5% SCC from each species.
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Supplementary Figure S4.15. Single-species peptide abundance correlation networks based
on TNPA for the ten genomes with the most identified peptides from V52. Each network was
constructed using peptide pairs with the top 5% SCC from each species.
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Supplementary Figure S4.16. Global peptide correlation maps colored by peptide
family-level taxonomic annotations from six individuals in another metaproteomics dataset
(PXD012724).
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4.7.2 Supplementary Tables

Supplementary Table S4.1. The list of metaproteomics raw files analyzed in this study.
The table could be accessed by: https://doi.org/10.1101/2025.03.13.642886
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General discussion
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Summary of Major Findings

Metaproteomics has emerged as a pivotal tool for investigating the human gut micro-

biome, which is closely associated with human health and disease. However, MS-based

(meta) proteomics identifies and quantifies peptides directly, rather than proteins. This

thesis presents a comprehensive exploration of human gut metaproteomics, transitioning

from traditional protein-level analyses to innovative peptide-level approaches. Specifically,

in addition to a traditional protein-level metaproteomics study to evaluate the functional

effects of commonly used sweeteners on ex vivo human gut microbiome (Chapter 2), the

construction of a core peptide database (Chapter 3) and application of peptide abundance

correlation (Chapter 4) enhance peptide-level human gut metaproteomics analysis and offer

new approaches for human gut microbiome studies.

Protein-Level Sweetener Study: Achievements and Challenges

In Chapter 2, the effects of 21 sugar substitute sweeteners on ex vivo human gut mi-

crobiomes were investigated using traditional protein-level metaproteomic analyses. The

study revealed that seven sweeteners, primarily sugar alcohols, along with three positive

controls, significantly altered the metaproteomic profiles of the microbiomes. Hierarchical

clustering based on functional responses categorized the sweeteners into two distinct clus-

ters, the noncaloric artificial sweetener (NAS) cluster and the carbohydrate (CHO) cluster.

This work represents the first comprehensive metaproteomic assessment of the functional

impacts of such a broad range of sweeteners on the human gut microbiome.

While these findings provide important insights, further validation in animal models

would help assess the physiological relevance of the observed microbial responses. In ad-

dition, several limitations were also noted in the current study. Most notably, proteome

coverage was limited, with only approximately 8,300 peptides and 3,400 protein groups

quantified on average per sample. These limitations could potentially be addressed through

more advanced metaproteomic approaches, including the use of improved mass spectrome-
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try instrumentation and acquisition strategies such as data-independent acquisition (DIA),

which could enhance both proteome coverage and quantification reproducibility.

Moreover, the use of peptide-level analysis may provide complementary insights. Al-

though the taxonomic analysis in this study was already based on distinctive peptides,

the broader interpretation remained constrained within a protein-centric framework. For

example, in functional analysis, the function of the top protein in a protein group was

used to represent the entire group, which inherently limits the resolution of protein-level

functional annotation. To address the limitations of protein-level analysis, the subsequent

chapters of this thesis introduce peptide-centric metaproteomic strategies aimed at re-

ducing information loss and improving the interpretability of human gut metaproteomics

data.

MetaPep Core Peptide Database: Achievements and Challenges

In Chapter 3, a core peptide database, MetaPep, was constructed by compiling peptide-

spectrum matches (PSMs) from publicly available human gut metaproteomics datasets.

This study demonstrated the feasibility of using a curated core peptide database as an

alternative to traditional protein databases in metaproteomic workflows. MetaPep enabled

rapid peptide identification, achieving a comparable number of identified peptides and

taxonomic profiling results when benchmarked against comprehensive protein database

searches using MetaLab-MAG (Cheng et al., 2023).

In addition to peptide-level functional and taxonomic analysis methods, such as UniPept

(Gurdeep Singh et al., 2019) and pepFunk (Simopoulos et al., 2020), MetaPep advances

full-stage peptide-level metaproteomic analysis by supporting database searching at the

peptide level—an initial and critical step in metaproteomic data processing. Moreover, the

construction of MetaPep also provided an opportunity to systematically assess peptide-level

proteome coverage and to reflect on the current landscape of human gut metaproteomics

research, as further discussed in a related perspective article (Sun et al., 2024).
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Nevertheless, the current version of MetaPep incorporates data from only 15 studies

available prior to early 2022. With the rapid accumulation of new datasets and the applica-

tion of more advanced mass spectrometry technologies, the number of confidently identified

peptides is expected to increase substantially (Supplementary Figure S3.2). Consequently,

the database will require continuous updates and optimization to balance comprehensive-

ness with search efficiency. Future versions of MetaPep should also be regularly updated

with taxonomic and functional annotations as the database expands.

Peptide Abundance Correlations: Achievements and Challenges

In Chapter 4, peptide abundance correlations within a metaproteomics dataset derived

from in vitro cultured human gut microbiomes treated with over 100 different drugs were

investigated. The analysis revealed that peptides from the same taxon exhibited higher

abundance correlations across various perturbations. This approach enabled genome-level

taxonomic assignments for a larger number of peptides and provided insights into the func-

tional relationships between peptides, including those derived from proteins of previously

unknown function.

Interestingly, taxa exhibiting similar peptide abundance patterns across perturbations

may reflect co-regulated behavior within microbial guilds—groups of bacteria that display

consistent co-abundance and collectively contribute to the same ecological functions (Wu

et al., 2024, 2021). In contrast, limited correlations between peptides from functionally

related proteins across different taxa may result from microbial functional redundancy (Li

et al., 2023). For example, a decrease in a specific function in one taxon may be compen-

sated by increased expression of the same function in another, thereby masking peptide-

level correlations despite shared functionality. Together, these findings highlight peptide

abundance correlation as a complementary approach for unraveling microbial community

dynamics and functional relationships in the human gut.
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Nonetheless, several limitations remain. First, stringent correlation thresholds are

needed to identify meaningful peptide associations, and these thresholds depend heavily

on the size and depth of the dataset. Second, functional prediction of previously un-

characterized proteins remains constrained by the limited availability of larger and deeper

metaproteomic datasets. To support broader application, this approach requires further

validation across diverse datasets and experimental conditions, which will improve its ro-

bustness, scalability, and generalizability.

Future Directions and Summary

Looking ahead, although this thesis has advanced metaproteomics from protein-level to

peptide-level analyses, it is worth noting that some information is still lost at the peptide-

spectrum match (PSM) level. Spectra-level analyses, which retain the full complexity of

the MS/MS data, may uncover novel insights that are missed when aggregating data at

higher levels. However, interpreting such complex spectral data will likely require the

application of advanced deep learning techniques capable of capturing and disentangling

informative patterns.

In parallel, the ongoing development of high-resolution mass spectrometry technolo-

gies and data-independent acquisition (DIA) methods will continue to improve proteome

coverage, quantification accuracy, and reproducibility. When combined with increasingly

large and diverse metaproteomic datasets, these improvements will support the continued

expansion and refinement of the core peptide database. They will also enable functional

annotation of a larger number of previously uncharacterized proteins through analysis of

peptide abundance correlations.

Moreover, improvements in sampling strategies, particularly the ability to collect sam-

ples from multiple sites along the human gastrointestinal tract, will facilitate more spatially

resolved analyses of the gut microbiome. Such efforts will provide a more comprehensive

understanding of host–microbiome interactions across different gut regions.
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In summary, this thesis demonstrates that, beyond traditional protein-level metapro-

teomic analysis, peptide-level approaches can significantly accelerate database search, main-

tain comparable peptide identification rates, and extract additional biological insights by

analyzing peptide abundance correlations. Collectively, these findings position metapro-

teomics, especially through peptide-level analysis, as a valuable and evolving tool for ad-

vancing human gut microbiome research.
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