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17.1 Introduction

17.1.1 Towards a Better Understanding of the Functioning of an Ecosystem

To understand the functional response of an organism to an environmental disruption, stress,

or pollution, many studies have merely characterized one strain of interest, and studied

its physiology and proteome in laboratory-controlled conditions. However, the specific

case of the response of one bacterial strain can never predict that which would occur in

the natural environment. Indeed, microorganisms function as a community within their

natural environment, thus allowing them to benefit from syntrophism and from cell-to-cell
communication involving genetic exchanges. Such interactions can either be beneficial or
detrimental and influence the structure and functioning of the community, as well as the
environment itself [ 1-3]. Understanding microbial population dynamics in a consortium (natural
or artificial) will benefit the study of complex ecosystems in response to environmental changes.

Metagenomics is aimed at studying the genomes of all organisms sampled in the environment
and has contributed to important knowledge regarding the genetic diversity of uncultured
microorganisms. This tool has allowed a big step to be taken in moving from the so-called
structural ecology, towards a “functional” ecology. However, a simple understanding of the
genetic potential of a microbial community does not inform us about the part of the genetic
material actually expressed by the organisms. In fact, the same genome can result in a
number of different proteomes. Metatranscriptomics and metaproteomics aim to focus on the
genes that are expressed and may reveal the mechanisms by which bacteria function in their
ecosystems. Although metatranscriptomics is a powerful tool to determine gene expression,

it relies on mRINA stability, which is extremely low in prokaryotes in comparison to protein

Metagenomics. https://doi.org/10.1016/B978-0-08-102268-9.00017-3
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stability. Furthermore, transcriptome analysis does not necessarily represent the genes that
are ultimately translated into proteins [4], emphasizing the need to study regulation at the
translational level. In this way, proteome-based analyses can be expected to provide a better
view of an ecosystem’s functioning.

Metaproteomics enables an effective functional study of microbial communities [5,6],
allowing us, in association with metagenomics, to further our understanding of the
relationships between microbial diversity, the functioning of an ecosystem and the networks
of interaction, without any preconceived ideas about the functions that could be affected. The
so-called shotgun approach provides the most extensive coverage of the dominant metabolic
processes within a microbial community, and can highlight changes in the expression profiles
of some key biogeochemical processes. Since 2005, when one of the first environmental
metaproteomics studies was carried out on isolated microbial communities in the Chesapeake
Bay [7], metaproteomics has undergone considerable development and now involves a series
of challenging steps in its workflow that we will present and discuss in this chapter.

17.1.2  Environmental Metaproteomics: Past and Future Trends

Metaproteomics seeks to identify the protein profile of complex microbial communities
within an ecosystem at a time point. Environmental metaproteomics studies, using a
descriptive or comparative analysis, have focused on four major ecosystems (Table 17.1):

*  Aquatic—Seawater

*  Aquatic—Freshwater
e Terrestrial—Soil

e Terrestrial—Sediment

As illustrated in Table 17.1, aquatic metaproteomics has attracted considerable attention over
the past 12 years and this specific ecosystem will be further introduced in Section 17.1.3.

Some metaproteomics studies have used proteomics as a descriptive tool, providing a
comprehensive protein catalog of complex environments (Fig. 17.1, Table 17.1). Such a
descriptive approach allows elucidating the metabolic activities employed by the microbial
community isolated from a specific ecosystem at the moment of sampling. These studies
provide an excellent starting point to evaluate the functioning potential of a complex
community, to develop and optimize advanced quantitative proteomic methods for more
complex experimental designs.

Metaproteomics has developed rapidly in the past 12 years and nowadays it is almost
exclusively used in comparative studies (Table 17.1; Fig. 17.1).

The increased number of available metagenomes and the development of high accuracy mass
spectrometers have increased tremendously the complexity of the proteomic datasets, ranging



Table 17.1: Environmental metaproteomics: descriptive vs.comparative studies

Reference  Ecosystem Aim of the Study Proteomics Approach Database
Descriptive Analysis
[8] Biofilm Proteomic analysis of AMD biofilms 2D LC-MS/MS Specific Metagenome
[9] Aquatic Proteomic analysis of an oligotrophic 2D LC-MS/MS In-house database from selected
environment - Sargasso Sea genomic and metagenomic data (GOS)
[10] Aquatic Proteomic analysis of cold and SDS PAGE (1D) LC-MS/MS Specific Metagenome + Public
nutrient limited waters (Ace lake) databases
[11] Sediment Proteomic analysis of arsenic-rich SDS PAGE (1D) LC-MS/MS Specific Metagenome
sediments
[12] Aquatic Proteomic analysis of coastal 2D-LC-MS/MS In-house database from selected
upwelling waters genomic and metagenomic data (GOS)
[13] Soil Proteomic analysis of rice roots SDS PAGE (1D) LC-MS/MS Specific Metagenome
[14] Soil Proteomic analysis of semiarid soil SDS PAGE (1D) LC-MS/MS Public databases
[15] Aquatic Proteomic analysis of the South SDS PAGE (1D) LC-MS/MS GOS, MIMAS
China Sea
[16] Aquatic Targeted proteomic analysis of MRM LC-MS In silico tryptic digestion of selected
Pacific Ocean genomes
[17] Soil Proteomic analysis of the 2D-LC-MS/MS In-house database selected on 16S
rhizosphere from serpentine soil rRNA metagenomic analysis
Comparative Analysis
[7] Aquatic Comparison of two stations (upper | 2D gels LC-MS/MS MALDI-TOF MS General/de novo sequencing
and lower Bay)
[18] Aquatic Comparison of metaproteomes LC-MS/MS In-house database from marine
along the nutrient gradient metagenomes (from GOS)
[19] AMD biofilm | Comparison of biofilms in various 2D LC-MS/MS Specific Metagenome
environments
[20] Aquatic Comparison of different depths of a SDS PAGE (1D) LC-MS/MS In-house metagenomic state specific
meromictic lake
[21] Aquatic Comparison of metaproteomes in 2D LC-MS/MS MIMAS
response to an algal bloom
[22] Aquatic Seasonal comparison of SDS PAGE (1D) LC-MS/MS In-house database from marine

bacterioplankton

metagenomes

(Continued)
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Table 17.1  Environmental metaproteomics: descriptive vs.comparative studies—cont’d

Reference  Ecosystem Aim of the Study Proteomics Approach Database
[23] Aquatic Seasonal comparison of SDS PAGE (1D) LC-MS/MS In-house database from marine

bacterioplankton metagenomes (from GOS)
[24] Aquatic Comparison of metaproteomes 2D-LC-MS/MS Specific Metagenome

along the redox gradient within the
oxygen minimum zone

[25] Biofilm Comparison of microbial fouling SDS PAGE (1D) LC-MS/MS Specific Metagenome + Public

from 2 destroyers databases
[26] Soil Comparison of soil communities LC-MS Prophane

facing deforestation
[27] Aquatic Comparison of different depths of SDS PAGE (1D) LC-MS/MS In-house database from marine
St Lawrence stratified estuary metagenomes and metatranscriptomes

[28] Sediment Comparison of different polluted SDS PAGE (1D) LC-MS/MS Specific Metagenome + Public

sites impacted by industrial activity

databases
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Fig. 17.1
Evolution of the metaproteomics trends and their complexity level over the past 12 years.

from a few identified proteins in the earliest studies [7] to more than 5000 proteins nowadays
[21,23,24]. Paradoxically, the success of such big datasets might also suffer from their
complexity when it comes to biological interpretation, especially in comparative metaproteomics.
Simplifying the complexity level of the proteomic dataset should also be considered, as it can
help to understand the functioning of complex communities exposed to environmental change.

A new trend in metaproteomics consists of using quantitative proteomics on simplified
microbial communities. Quantitative metaproteomics aims at accurately determining the
relative abundances of thousands of proteins in a microbial community. This approach
should be used to understand comprehensively the regulation of key pathways of
representative bacteria in microbial communities and uncover significant changes in protein
expression between communities at different developmental stages, environment types or in
response to different perturbations. Interestingly, very few studies have used the quantitative
proteomics (label-free or label-based) approach in their comparative studies [29-31].

We would like to emphasize here the importance of identifying a clear biological question
in order to set up accordingly a suitable experimental design. The future new trend of the
“targeted comparative metaproteomics” approach will aim at:

*  Working on a complex natural community but targeting a limited number of
microorganisms/proteins; in other words, fishing for data.
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*  Working on simplified artificial communities, and assessing the impact of environmental
changes by quantitative proteomics using several replicates.

Both strategies will be discussed in this chapter, presenting common metaproteomics
workflow, challenging steps, advantages, and limitations of both strategies.

17.1.3 Aquatic Metaproteomics

Marine bacteria are the most abundant organisms on Earth; indeed, the world’s oceans contain as
many as 1.18x 10% prokaryotes and play a key role in climate regulation [32]. Despite the vital
role of microorganisms (photosynthetic and heterotrophic bacteria) in marine ecosystems, crucial
in the major biogeochemical balances of the planet, their functioning is still not well-defined.

This arises from the fact that the vast majority of marine bacteria are nonculturable using standard
culturing techniques (99%), which introduces a major bias in our understanding of the functioning
of ecological communities and ecosystems. The functions and interactions within microbial
communities thus remain unclear, since physiological, biochemical and genetic approaches are
impossible to carry out on the majority of bacteria. Environmental metagenomics, which does not
involve culturing bacteria, has enabled marked conceptual advances in informing not only microbial
diversity, but also the genetic potential of marine bacteria. A first study using a metaproteomics
investigation was performed by Kan and colleagues in the Chesapeake Bay in 2005 [7]. Since then,
metaproteomics studies on aquatic ecosystems (marine ecosystems and freshwaters) have become
numerous and are listed in Fig. 17.2 (for a review on marine metaproteomics, see Ref. [33]).

Most metaproteomics studies on aquatic ecosystems have used a comparative approach to
analyze spatial and temporal changes [7,18,21-23] (Table 17.1, Fig. 17.2).Alternatively,
natural communities have also been isolated and studied in mesocosms or microcosmes,
allowing quantitative metaproteomics approaches (Fig. 17.1). This intermediate approach
presents several advantages. Mesocosms and microcosms are easy to manipulate in controlled
conditions, facilitate replicates, and most importantly allow in vivo labeling, such as the
isotope probing (protein-SIP) method, for quantitative proteomics applications[29]. Three
studies have focused on natural communities in artificial ecosystems to study the response

to cadmium in wastewater [30], species-specific assimilation of amino acids in microcosms
[29], and the comparison of oligotrophic vs.copiotrophic freshwater mesocosms [31].

Until now, only one published study performed comparative metaproteomics on aquatic artificial
communities, comparing the response of two thermophiles cultivated in isolation or in coculture
[34]. The authors observed different levels of antiviral resistance between single-species and
pairwise cultures [34].Beraud and coworkers studied the impact of metals on the community
structure and functioning of an artificial community composed of ninemarine bacterial species.
Comparative metaproteomics of the community between stressed vs. nonstressed cocultures
revealed that the community was upregulating key oxidative stress-related proteins, thus
allowing it to cope with toxic heavy metal (Beraud et al., in prep). We present in Box 17.1 our
metaproteomics study focusing on the day/night cycle of natural microbial communities.
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Fig. 17.2
Aquatic metaproteomics studies.

Box 17.1 Example of Targeted Comparative Metaproteomics on Natural
Communities

We would like to emphasize here the importance of clearly stating the biological questions and
the objectives of a study before undertaking any further steps in the metaproteomics workflow.
This section presents an example of a targeted quantitative metaproteomics approach
(Matallana-Surget et al., in prep).

The day/night cycle experienced by virtually all life on Earth is of enormous biological
importance in that it imposes temporal structure on ecosystem productivity. Although the topic
of light/dark cycles has been extensively studied, there are only certain phenomena known to be
significantly impacted by the light/dark cycle, such as nycthemeral migrations of zooplankton,
daytime photosynthesis in phytoplankton, and nitrogen fixation by nitrogen-fixing bacteria
during the night (Fig. 17.3). In the world’s oceans about half of the photosynthesis and the bulk
of life-sustaining nutrient cycling are carried out by the smallest organisms: the picoplankton.
This diverse community includes cyanobacteria known to have highly regulated circadian

rhythms and also heterotrophic microbes not suspected to display diel rhythmicity, but which are
nonetheless dependent on the primary producers. To what extent picoplankton communities

(Continued)
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Box 17.1 Example of Targeted Comparative Metaproteomics on Natural
Communities—cont’d
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Fig. 17.3
Day/night rhythms at the ocean surface. Red padlocks indicate biogeochemical cycles
and cellular metabolic pathways that are not yet known to display diel rhythmicity
(Matallana-Surget et al., in prep).

are collectively entrained by day/night cycles, and how this influences their population
structure, regulates their physiologies, and impinges on species interactions, are questions of
immediate urgency.

We conducted a comprehensive investigation of the impact of day/night cycle on microbial
communities, using comparative metaproteomics, enabling protein expression in photosynthetic
and heterotrophic bacteria to be quantified during the day and the night, for three consecutive days.
This study answered for the first time the ecological question: “Who is doing what, and when?”
Resulting proteomics mass spectra were searched against an in-house database comprising
proteomes of the most abundant microorganisms representative from the studied ecosystem.
This is the first quantitative metaproteomics, performing sampling in triplicate, ensuring the
reproducibility of the comparative study (Matallana-Surget et al., in prep).
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17.2 Metaproteomics on Complex Natural Communities

17.2.1 Metaproteomics Workflow

Metaproteomics uses standard proteomics workflow, extensively reviewed [35-38], but also
presents challenging steps that are specifically related to the complex nature of environmental
samples. The different steps of the metaproteomics workflow, using aquatic samples, are
summarized in Fig. 17.4 and can be grouped into four main parts as follows:

*  Water sampling
*  Sample preparation

METAPROTEOMICS WORKFLOW — NATURAL AQUATIC COMMUNITIES

Sample collection A

il (U]
o b =4 Volume of water needed
s g e
TF’ 17“{-5/‘ T Cell abundance (Flow cytometry)
g l I E Filtration / Concentration
*\_J' (%) (Sequential filtration / Tangential Flow filtration)

el Protein extraction
o Different buffers
'<T; Mechanical cell disruption
(o
§ Protein quantitation A
= SDS PAGE / Bradford assay
o
g Purification/ Concentration/
s Fractionation
<<
n Reduction/Alkylation /
Trypsin digestion
= Acquisition mode
E (DDA / DIA)
A g Database Searches
_ <§E o Public repositories
Z 'G Metagenome
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@ to taxonomic diversity
Biological Interpretation
. < g Replicates,
V‘(\"‘ = > Physiological Parameters/Chemistry
b @) <Zt Statistics,
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Fig. 17.4

Different steps in the metaproteomics workflow using natural microbial communities isolated from
aquatic ecosystems.
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*  Mass spectrometry
e Data analysis

We will present and discuss in this section the steps that are specific to each ecosystem
(represented by green lights in Fig. 17.4) and the ones that should be standardized between all
metaproteomics studies, to allow future comparison (represented by caution signs in Fig. 17.4).

17.2.1.1 Sampling

Although aquatic metaproteomics is a growing field for both marine and freshwater
ecosystems, until now no standardization has been done in regards to the number of cells
needed for downstream proteomics applications. Over the past 12 years, metaproteomics
studies have used a different volume of water, from 1 to 500 L, without reporting the number
of cells that were extracted. Only two studies provided the initial cell count before and/

or after sampling, as well as the total amount of protein extracted per condition ([7,27];
Table 17.2). As illustrated in Table 17.2, no correlation between the volume of filtered/

Table 17.2: Correlation between the volume of water sampled and number of identified proteins
for the aquatic metaproteomics studies

Volume of Water Number of Cells
Reference (L) (To) Protein Extracted  Proteins Identified
Descriptive Analysis
[9] 230 NC NC 1042
[10] 1-10 NC 1 mg/filter 504
[12] 100 NC 4.7mg 481
Comparative Analysis
[7] 15 To: 2.5%10% cell/mL 140-192 pg 250 spots, 41
After analyzed by
concentration: MS, 3 proteins
2.5%10% cell/mL well-identified
(Flow Cytometry)
[18] 100-200 1% 10% cell/mL NC 2273
(FISH, DAPI)
[20] 5 [9.00% 10%- NC NC
1.60x10”]
(SYBR-Microscopy)
[27] 500 [4.50%10%- NC 3128-7278
3.0x10°] (CARD
FISH)
[22] 200 NC NC 1061
[23] 10 NC NC 5627
[24] 20 NC NC 5019
[27] 10 [3.6x10%- NC 2282-2522
2.0x10%] (Flow
Cytometry)
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concentrated water and the number of identified proteins can be established, demonstrating
the urgent need for providing accurate cell count information by flow cytometry. We certainly
acknowledge the fact that the discrepancy between the amount of proteins obtained from
different volumes of water samples is not only dependent on the initial cell concentration

but also relies on the efficiency of the protein extraction and the accuracy of the mass
spectrometer. Nevertheless, we strongly believe that this parameter should be systematically
provided in future experiments (Fig. 17.4).

Water can either be filtered or concentrated by using tangential flow filtration. A sequential
filtration using filters with different pore sizes enablesisolation of free-living bacteria

from algae-attached bacteria ([31]; Matallana-Surget et al., in prep). Only one study used
chemical fixation to stop further protein expression after water sampling [7]. Most of the
metaproteomics studies have used liquid nitrogen flash freezing [9,18] or have frozen the
concentrated pellets directly to —80°C until protein isolation.

17.2.1.2 Sample preparation

Protein extraction can be tricky depending on the nature of the ecosystem. Optimization
steps are often required to overcome the generally low bacterial biomass available and
possible interfering substances such as humic acid, cell exudation, various degradation
products, lignin, organic and inorganic materials [37]. Indeed,there is no standard and
universally efficient protein isolation protocol that could apply to all environmental
samples, because of the species-specific distribution of an ecosystem, the wide range of
protein abundance levels, and possible interfering substances that are specific to one given
ecosystem (Fig. 17.4). In this way, we strongly advise to do a mock experiment when
possible, before conducting the real sampling in order to determine the volume of water
required and optimize the protein isolation steps.It is essential to try a combination of
extraction protocols and protein quantification methods to select the ones that give the best
results (see Ref. [37]) (Figs. 17.4 and 17.5).

Protein isolation efficiency relies on the association of chemical reagents (detergent,
reducer, chaotropic agent, enzyme) and mechanical disruption (sonication, boiling, glass
beads grinding, French press, freeze-thaw cycles). Among the various mechanical methods,
sonication is the most commonly used method for cell disruption in metaproteomics.

Protein quantitation is a crucial step in the sample preparation, as inhibiting substances could
be coextracted together with proteins and are known to interfere with protein quantification,
separation and identification [39]. When the amount and volume of protein isolates allow

it, both Bradford assay and SDS PAGE should be performed to ensure the same amount of
protein for analysis in mass spectrometry (using, or not, a downstream gel-based approach).
Indeed,gels can also be used to compare protein abundances [7]. Protein isolate can be
fractionated using 1D- and 2D-gels or various chromatography steps to reduce the sample
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METAPROTEOMICS — EXP. OUTLINES STRATEGIES
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Fig. 17.5
Different steps in the metaproteomics approach on natural microbial communities during day/
night cycle. Different experimental strategies tested and the one kept with thicker red boxes
(Matallana-Surget et al., in prep).

complexity [35]. Finally, quantitative proteomics can be performed on natural communities
by using either in vitro labeling or a label-free method. While in vitro labeling uses tags
that specifically react with some amino acids, label-free quantitation reliability depends on
standardized and reproducible liquid chromatography (LC) conditions [40,41].

17.2.1.3 Mass spectrometry and data analysis

Due to the high complexity of the sample, peptides are commonly analyzed using tandem
MS/MS. Quantitation can be performed using either signal intensity (area under the curve,
AUC) or the number of fragmentation spectra (spectral counts, SC) (for review, see Ref.
[40]). The AUC method is based on the detection of peptide ion abundances at specific
retention times [42]. Protein quantification can only be considered statistically significant
when several replicates are performed. Briefly, spectral counting consists of counting

the number of peptides per protein to infer protein abundance. The most commonly used
quantification methods are (i) the normalized spectra abundance factor (NSAF), and (ii) the
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exponentially modified protein abundance index (emPAI). A comprehensive comparison
of spectral counting indexes was done by Mcllwain and coworkers [43]. The different
acquisition methods used in quantitative metaproteomics are discussed in Section 17.3.3.
Finally, the quality of identification mainly relies on the database used and this is further
described in Section 17.4 (Fig. 17.4).

17.2.2 Example of a Targeted Comparative Metaproteomics Study

To illustrate the optimization phase of the sample preparation presented in the previous
section, we present in Box 17.2, the optimization steps of our study, focusing on the day/night
cycle presented previously in Box 17.1.

17.3 Metaproteomics on Simplified Artificial Communities

Metaproteomics on synthetic communities is expected to bring about a new wave of findings
responding efficiently to major environmental changes (climate change, pollution). Artificial
microbial communities represent a simplified level of complexity in comparison to natural
microbial communities. Complex artificial communities have proven to be successful
inanswering many important ecological questions regarding the role of interspecies
interactions in stressful conditions [45], community evolution [46—48] or community
functioning [48-52]. Previous studies demonstrated that higher microbial diversity (richness,
evenness) can contribute to better tolerance to stresses and species invasion [47,52-55]. In
this section, we will present and discuss the main challenges that are specific to the design
of synthetic communities, ranging from the engineering of the artificial community itself to
the biological interpretation. Although bacterial cocultures can be easily manipulated and
provide a suitable approach for comparative studies, only two studies using metaproteomics
on artificial communities have been published [34,56]. The challenging steps specific to a
synthetic community are presented in Fig. 17.7.

17.3.1 Design of an Artificial Community

The main challenge in the design of an artificial community is to identify a group of bacteria
that can fulfill most of the criteria listed in Table 17.3. First of all, the obvious criterion is the
relevance of the selected bacteria regarding a specific ecosystem and/or a specific biological
question. One straightforward way would be to select candidates from the literature or from
known relevant metagenomic studies of natural environments. Selected microorganisms

need to be culturable in laboratory conditions. Their genomes need to be entirely sequenced
allowing proteomics application. Selected bacteria should present similar growth rates in

the conditions of interest. In the context of a stress study, where CFU (colony forming units)
could be performed, selected bacterial strains will have to provide different morphotypes and/
or different pigmentations, to allow easy colony counting (Table 17.3). Moreover, it will be
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Box 17.2 Optimization phase of the sample preparation

We conducted a comprehensive investigation of the impact of the day/night cycle on microbial
communities, using comparative metaproteomics as introduced in Box 17.1. Prefiltered surface
seawater was collected during the day and night, by sequential filtration (onto 142-mm 0.8-pm
and 0.2-pm polyethersulfone filters) for three consecutive days.

We tested different extraction buffers as well as different concentration steps using either
centricon centrifugal filter or acetone precipitation. The steps that have proven the most
successful are highlighted with thicker boxes in Fig. 17.5.

Regarding the protein quantification steps, both Bradford assay and SDS PAGE confirmed

the same results. The profiles obtained for both communities were found to be reproducible
between replicates and very distinct between both 0.8-pm and 0.2-pm communities (Fig. 17.6)
(Matallana-Surget et al., in prep).

We performed both gel-free and gel-based approaches and we interestingly observed that

only 30% of the identified proteins were found to be common between both approaches.
Indeed, it has already been demonstrated that both gel-free and gel-based approaches are
complementary [36,44]. We were able to analyze the day/night oscillation by using an in-house
database targeting specific organisms of interest, abundant and representative of the studied
ecosystem. The main functions identified were as follows: proteins involved in photosynthesis,
cell division, motility, DNA repair, translation regulator, and viral proteins. Only 20% of
proteins were found to be common between the day and the night conditions, out of three
replicates (Matallana-Surget et al., in prep). The abundance of key proteins was found to be
rhythmically regulated and this was confirmed in the three replicates. Performing replicates of
sampling enabled strengthening of biological interpretations.

0.8 um 0.2 um

v

<€ €

>
—_— E— _an

Fig. 17.6
SDS PAGE (Bis-Tris, 4%-12%), showing the soluble proteomes isolated from the natural
microbial communities (0.8-um and 0.2-pm filters) (Matallana-Surget et al., in prep).
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Fig. 17.7
Challenging steps in quantitative metaproteomics using artificial communities.

Table 17.3: List of criteria for the strain selection of an artificial community

1. Representative of the studied ecosystem
2. Culturable bacteria
3. Fully sequenced genomes
4. Similar growth rate
5. Phenotypically different (different morphotypes/pigmentation)
6. Compatibility to grow in coculture (none synthesizing antimicrobial substance(s))

essential to test the growth of the bacterial candidates in community because some strains
could synthesize antimicrobial substances, inhibiting the growth of other bacteria and thus
introducing a bias in our study.

Artificial communities are synthetic assemblages usually made up of less than 20 bacterial
strains. They are cultured in artificial ecosystems, i.e., in controlled conditions mimicking
their natural environment. The ideal number of selected species would be 10 to 20

species, preserving the complexity of the system. Several studies on artificial communities
demonstrate an improvement of community functioning and stability with species richness
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[49,50]. However, working with more than 20 strains can be very complex and fastidious.
Growth characteristics and stress behavior (if relevant) should be analyzed for each

strain before undertaking any experiments on the final artificial ecosystem. To ensure
reproducibility between replicates, each strain should be individually adapted to artificial
ecosystem conditions prior to mixing [57]. Artificial communities can be frozen after mixing,
making high-throughput studies easier [58].

17.3.2 Stability of the Artificial Community

The stability of the artificial community must be carefully monitored during the entire
experiment. The proportion of inoculated cells in the artificial community must be accurately
measured by flow cytometry, or optical density if preliminary correlation to CFUs has been
performed [34]. Initial community evenness is important for the functioning of the community
[53,55]. The artificial community will evolve much more rapidly than a natural community
and this represents one of the main drawbacks of this approach. Indeed, complex interaction
networks produce greater stability than simple interactions existing in a synthetic community.
An initial consortium made of nine bacterial species can lead to a final community containing
only four detectable bacteria (Beraud et al., in prep). In that respect, structural analysis of the
community is a crucial step to determine relative abundance of each species. The evolution of
the community structure can be measured by CFU, QPCR [46,47] or shotgun sequencing [47].
Recently, Rubbens and coworkers have proposed a new method using flow cytometry to assess
the structure of synthetic bacterial communities based on distinct strain characteristics [59].

17.3.3 Sample Preparation, Mass Spectrometry Acquisition and Data Analysis

The sample preparation for proteomics is similar to that described previously for natural
communities. Several reviews are already available on sample preparation [35]. Synthetic
communities offer two advantages, which are (i) the diversity of quantitative proteomics
methods (label-free, in vivo metabolic labeling, in vitro labeling), and (ii) the diversity of
mass spectrometry acquisition methods.

Two main acquisition methods are commonly used: data-dependent acquisition (DDA) or
data-independent acquisition (DIA) (Fig. 17.4). The DDA method uses the MS spectrum to
target a subset of peptides for downstream MS/MS acquisition. Consequently, the number

of peptides sampled is limited by the MS/MS sampling speed, despite the dynamic range

and peak capacity of the mass analyzer [60]. On the other hand, the DIA method allows a
systematic acquisition, independently of precursor ion information. This method also presents
many variations such as (i) collecting fragmentation data without precursor ion selection

and (ii) using wide isolation windows [61]. Even though the DDA-MS method has been
successfully used for artificial community studies, this approach cannot be applied to a
low-diversity bacterial community, dominated by only one or two species (Beraud et al., in
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prep). Indeed, protein identification from low-abundance bacteria is still one of the major
challenges in mass spectrometry-based metaproteomics. To overcome this issue, a Sequential
Windows Acquisition of All Theoretical ions approach (SWATH-MS) was developed [62].

The advantage of the SWATH-MS method is that it allows all data to be acquired (DIA
method) as well as a postacquisition targeted analysis. Targeted peptides of interest are
searched among all acquired MS/MS spectra, using a spectral library obtained in a
data-dependent acquisition mode [62]. In this way, the quality and the coverage of the library
are of crucial importance. Indeed, only the proteins present in the spectral library could be
identified and quantified [63]. In regards to the metaproteomics approach using artificial
communities, the spectral library can be obtained using DDA-MS analysis of single-species
cultures (Fig. 17.8). Nevertheless, in order to be consistent and allow the highest protein
coverage, the spectral library should contain proteomes from at least two species and
include different bacterial growth conditions. SWATH-MS presents numerous advantages in
comparison to DDA, such as high sensitivity and high accuracy of quantification [62].
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Fig. 17.8
Mass spectrometry acquisition in quantitative metaproteomics. In this example, theartificial
community is composed of threespecies (E. coli, P. putida and B. glumae) (Beraud et al., in prep).
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Regarding data analysis, working with artificial communities simplifies this step, which

is challenging for natural communities. Indeed, it is possible to create a species-specific
database, with all the proteomes from the bacteria present in the synthetic consortium.
Interestingly, Tanca and coworkers used an artificial community composed of nine species
to compare the potential of metagenomic vs. species-specific databases. The authors
demonstrated that only 37% of the peptides were common to all databases [64].

As discussed earlier, a synthetic community is generally not as stable as the one observed in
the environment. For these reasons, proteomics data needs to be carefully interpreted, because
the differential protein abundance between two conditions can be (i) the result of a differential
protein regulation in itself, or (ii) a modification of the community composition over time
during cultivation or between the tested conditions, as illustrated in Fig. 17.9. It is thus crucial
to determine the community structure at the beginning and the end of the experiment.
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Fig. 17.9
Quantitative metaproteomics analysis using artificial communities. This example presents the
differential abundance of the protein A for three bacterial species between the initial time (Ty) and
final time (T¢) for two different conditions. This figure highlights that both the number of bacterial
cells and abundance of proteins will evolve over time. The protein abundance can be analyzed at
two different levels: the cellular level or the community level.
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17.4 Data Analysis

Metaproteomics data analysis can present an analytical challenge mainly due to the large and
complex nature of the metaproteomic protein sequence database, which in turn compounds
false discovery rate (FDR) statistics [65] and the protein inference problem. Moreover, the
analysis also necessitates extraction of taxonomic and functional information from identified
peptides and proteins. This can only be accomplished by the use of multiple analytical

tools to generate outputs that eventually facilitate biological interpretation. Despite these
challenges, some approaches have been developed in the last 13 years. The analytical
approaches are mainly composed of: (a) database generation; (b) database search; (c)
functional analysis; and (d) taxonomy analysis (Fig. 17.10).

17.4.1 Database Generation

Many factors determine the composition of the protein sequence database, also referred to

as the protein search database, whichcan be used to search the mass spectra. These include
factors such as the source of the sample, sample preparation methods and the focus of
investigation. Studies with a dataset with known microbiota and using variable compositions
of the protein search database have highlighted the importance of the choice of protein search
database [66]. One major challenge presented by multiorganism proteome databases is that
they can be of large size, thus affecting the sensitivity of identifications due to its effect on

Fig. 17.10
Analytical steps involved in metaproteomics data analysis.
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FDR statistics [65]. While keeping these challenges in mind, we highlight here a few options
S0 as to arrive at a composition of the protein search database that is as accurate as possible.

17.4.1.1 Databases using taxonomy information

A majority of metagenomic analyses are carried out using 16S rRNA sequencing in order to
assign operational taxonomic units (OTUs) in the form of species, genera or phyla. However,
this metagenomic analysis is restricted to determining phylogenetic composition and the
information can be used for constructing metaproteomic databases. It should also be noted
that the 16S rRNA method is well suited for analysis of a large number of microbiome
samples, but suffers from limited taxonomical and functional resolution. Taxonomic
information available via the OTU table can be used to generate UniProt-based partial or
complete proteomes using a UniProt application programming interface (API). In some cases,
a list of genera is available through publications and this can be useful in generating a protein
database for metaproteomic search.

Recently, a Galaxy-compatible tool (see Section 17.4.5) and workflow was made available
that takes in an OTU table or list of taxon identifiers or genera names as an input and
generates a merged metaproteome sequence database for search (https://github.com/
galaxyproteomics/tools-galaxyp/issues/86).

Taxonomy information—derived databases have the advantage of being more specific to
datasets under study as compared to the public repositories (see Section 17.4.1.3) that are
commonly used in metaproteomics research. However, the large databases still suffer from
limitations with respect to sensitivity of identifications, as described earlier. Tanca et al. have
investigated the impact of database selection on metaproteomic identifications regarding
depth and reliability of results and have proposed using iterative searches and suitable filters
for reporting metaproteomics results [66].

17.4.1.2 Databases from shotgun metagenomic approach using taxonomy information

Shotgun metagenomics, which uses a whole metagenome sequencing method, offers
increased resolution (over 16S rRNA sequencing), thus enabling more accurate taxonomic
and functional categorization of identified sequences [67]. Shotgun metagenomics is,
however, more expensive than 16S RNA sequencing. Recently, May et al. published a
method that generated a “metapeptide database” from shotgun metagenomics sequencing.
This approach was used on two large ocean metagenomics samples and they demonstrated
that this led to significant increase in the number of identifications (presumably due to a
more accurate and compact database) as compared to an assembled predicted metaproteome
and NCBInr [68].

Interestingly, the authors also followed up with another publication on the effect of the quality
and size of the search database on taxonomic and functional analysis, which has a profound
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effect on biological conclusions [69]. The authors recommend a general best-practices guide
that could be useful before undertaking a large metaproteomics study.

Omega (overlap-graph metagenome assembler) is another tool that is available for assembly
of shotgun metagenome data. Omega uses the graph overlap approach to provide continuous
assembly of metagenomics data. This can be used along with the SIPROS search method
described in Section 17.4.2.

Lastly, Tang et al. published a graph-centric approach that uses the de bruijn graph structure
in metagenome assembly algorithms to improve peptide and protein identification in
metaproteomics [70]. Most of these approaches have been recently proposed and will need to
be evaluated by users so that they can be optimized.

17.4.1.3 Public repositories

For the last 13 years, the most commonly used protein databases for metaproteomics searches
have been from publically available proteomic databases, such as NCBInr, UniProt, etc.
[14,71-80], or from generation of protein databases based on literature surveys and using
reference proteomic databases [18,76,81-85]. In the last three years, researchers have

started to use metagenome information-derived databases (as described in Sections 17.4.1.1
and 17.4.1.2) in their metaproteomics [13,17,27,68,69,84,86]. In the field of marine
metaproteomics, researchers have also used the Global Ocean Sampling (GOS) database,
which provides access to 584 annotated genomes [87—89].

In addition to this, environmental metagenomics databases are available on the EBI
Metagenomics website (https://www.ebi.ac.uk/metagenomics). Tools described in

Sections 17.4.1.1 and 17.4.1.2 can be used on these public repositories to generate
environment-specific metaproteomic databases. Researchers are highly recommended to read
the suggestions from Timmins-Schiffman et al. [69], Tanca et al. [64] and Muth et al. [90], so
as to choose the best approach for constructing databases for metaproteomics searches.

17.4.2 Database Search

Multiple database search algorithms are available for proteomics research [91] and
algorithms that are able to search large databases have been used in metaproteomics research
(see Table 17.1). In particular, search algorithms such as Sequest, Mascot, OMSSA and
ProteinPilot have been used due to their fast searching speed and the ability to generate
outputs that are compatible with downstream processing steps.

In addition to this, a newer generation of search algorithms is being developed that has in
mind the needs of metaproteomics applications, namely: a) ability to search large databases;
b) speed; and c) peptide or PSM output with robust FDR threshold calculations. A few
approaches are noteworthy and would be worth testing and optimizing before they are
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routinely used in metaproteomics research. Chatterjee et al. published an approach using
the ComPIL (Comprehensive Protein Identification Library) database generation method
and BlazMass was used to search this database. The combination of ComPIL with Blazmass
allows larger database proteomic searches than were previously possible. The authors

claim that this method can be used on complex metaproteomics datasets whose microbial
composition is unknown [92]. This could potentially lead to identification of metaproteins
from datasets without any metagenomics, metaproteomic or public repository databases.

Wang et al. published SIPROS, a search algorithm that was originally used for quantitative
analysis and single amino acid polymorphisms [93]. One of the advantages of using SIPROS
is the scalability with respect to the number of computational cores that it can use, thus
making it possible to search a large number of spectra against extremely large databases.
Muth et al. have suggested use of de novo search algorithms to identify microbial peptides
from metaproteomics samples [90]. They have also suggested using multiple search
algorithms in order to increase the percentage of peptide spectral matches in a dataset.

Our laboratory has been using SearchGUI/PeptideShaker within the Galaxy platform (see
Section 17.4.5 and Ref. [94]),in whichat least eight open-source search algorithms can be
used for search against large databases.

Most of the database generation strategies suggested in Section 17.4.1 generate large
databases, which in turn affect the sensitivity of identifications. Multiple strategies have been
suggested to increase peptide identifications. This includes the two-step method for searching
large databases [65,74,77,95,96] wherein a first-step search is used to generate a FASTA

file for a rigorous FDR based second-step search. A cascaded search method has also been
demonstrated to increase the number of identifications of rare, low-abundance peptides [97].
Muth et al. have recommended using a database sectioning approach so that searches against
subsets of a large database may increase the number of identifications [90]. Regardless of
the choice of search algorithms, the goal is to generate outputs that are compatible with the
next steps of taxonomic analysis (Section 17.4.3), functional analysis (Section 17.4.4) and
subsequent targeted validation.

17.4.3 Taxonomy Analysis

Although metagenomics approaches can be used to decipher the taxonomic composition of
the microbiome, peptide level identifications from metaproteomic investigations can also be
used either independently or to compare and confirm metagenomics findings.

In metaproteomic studies, microbial peptides identified by searching mass spectrometry data
by using database search methods (Section 17.4.2) against an appropriate search database

(Section 17.4.1) can be used to determine the taxonomic composition of the dataset. For this,
the list of identified peptides is searched against a UniProt database (using the UniPept tool)
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[98] or the NCBInr database (using BLAST-P). The list of taxonomic identifications is then
subjected to least common ancestor (LCA) analysis to yield a list of taxon identifications
(kingdom, phylum, genus or species). UniPept generates outputs such as CSV tabular output
and a phylogenetic tree so that data can be visualized (Fig. 17.11). Given that the BLAST-P
step is the rate-limiting step and with the recent changes to the NCBI database structure,
developers have been exploring alternative approaches using DIAMOND and UniPept
module changes along with tools in MEGAN (such as MEGANIZER) to generate inputs that
can be processed using MEGAN.

Prophane is one of the suite of tools that is available for taxonomic analysis. Data generated
after database searching is processed by CLUSTALW and annotated using either BLAST-P
or annotation finder, and the results are used to perform taxonomical annotation. Taxonomical
lineage is determined by grouping all related members to a taxonomic unit [99]. Muth et al.
have published a tool named MetaProteomeAnalyzer that uses outputs from SearchGUI/
PeptideShaker (described in Section 17.4.2). The software developers used graph database
method to assign the identified peptides to proteins, and the proteins were then used to
identify species using the common ancestor method [100].

17.4.4 Functional Characterization

While metagenomics studies can perform predictive functional analysis using shotgun
metagenomics data [101] or 16S rRNA [102], metaproteomics has a distinct advantage in
determining the protein functional expression by a microbial community [77]. For example,
there was variability in the taxonomy distribution of human microbiome samples among body
habitat and individuals. However, most metabolic pathways are prevalent and distributed
evenly across individuals and body habitats [103]. This indicates that the metabolic pathways
are much more stable and could potentially be used as a measure of baseline state of the
microbiome.

Prominent among these are Gene Ontology analysis, COG analysis, MEGAN analysis and
EggNOG analysis. MEGANG in particular can be used to carry out InterPro2GO, KEGG,
SEED and EggNOG analysis to determine the distribution of functions amongexpressed
proteins in the microbiome [104].

The Prophane suite of tools (described for taxonomy analysis in Section 17.4.3) can also

be used to determine the distribution of functions in a microbiome sample. Prophane uses
RPSBLAST or HMMER3 outputs to perform functional prediction for each protein, based on
either COG classification or TIGRFAMS (for prokaryotes) and KOG classification or PFAMS
(for eukaryotic proteins) (http://www.prophane.de/index.php). MetaProteome Analyzer
(described in Section 17.4.3) provides enzyme and pathway display options where proteins
aggregated by E.C. numbers and KEGG pathways can be visualized [100].


http://www.prophane.de/index.php

Thiotrichales
® Candidatus Ruthia
Vibrionales -«
« Candidatus Thioglobus singularis
Alteromonadales -«
Gammaproteobacteria (il &W o
Aeromonadales
Pseudomonadales

g
3
g
-

Achesa @) Bacteroidetes (1) Legionellales

P aln P
4 Pemglnamleo Pelaqlbamsm@ Candidatus Pelaqmaa.
Alphaprot
root Thermodesulfobacteria— me:: -

Actinobacteria Rhodospiriiales—

Smg:gg:: : Candidatus Punmlgﬁg:ubr‘v; :

) Sandorales— Burkholderiales =

/WWH Neisseriales :

E\—Memzor-

GENUS PSMs  DISTINCT PEPTIDES
Candidatus Pelagibacter 478 7/
Nitrosopumilus 122 27
Planktomarina 161 20
Polaribacter 86 18
Rhodobacter 75 il
Candidatus Ruthia 75 10
Roseobacter 19 4
Ruegeria 13 3
Sulfitobacter 10 3
Candidatus Puniceispirillum 9 3

Fig. 17.11
Phylogenetic tree view and genera information about taxonomy of Bering Strait dataset. Metaproteomics analysis using Unipept
Peptide to LCA analysis (Pept2LCA) provides a phylogenetic treeview of the Bering Strait dataset [68]. The Pept2LCA application
identifies the taxonomic lowest common ancestor(s) for a batch of tryptic peptides. The outputs from Pept2LCA can also be
used to parse out information about genera, unique peptides and PSMs associated with the genera using the Galaxy framework
(see Section 17.4.5).

Ll 421dvyD  0s€




Comparative Metaproteomics to Study Environmental Changes 351

There is a greater need in data interrogation and visualization options in the taxonomy and
functional analysis of metaproteomics datasets. Exciting developments are anticipated via
collaboration among mass spectrometrists/analytical chemists (data acquisition), developers
(algorithm development) and users (project implementation). The next section describes
features and progress using the Galaxy bioinformatics infrastructure that offers such a
platform for collaborative development.

17.4.5 Galaxy Platform: Metaproteomic and Taxonomic Data Analysis

As described previously, metaproteomic data analysis comprises numerous steps and a number
of separate software tools requiring integration into operational workflows. To achieve a goal
of automated and reproducible data analysis in metaproteomics, there is a necessity for a single
environment where these tools can be deployed, integrated into workflows, and made usable by
both data scientists and wet-bench researchers. How can such a need be addressed? Fortunately,
an answer to this question exists in the form of the Galaxy bioinformatics platform.

Galaxy is a freely available, open, web-based bioinformatics platform [105]. Originally created
with a focus on genomics research, Galaxy was developed to provide a flexible environment

to deploy disparate software and integrate these into workflows within a user-friendly and
scalable platform. A web-based interface is user-friendly and allows tools and workflows

tobe easily accessed. Galaxy is built with the user experience in mind, automatically saving
parameters and intermediate data generated in complex analysis pipelines, and guiding users

in questions of input file format requirements and compatibility of data files with software
tools. The platform can also be implemented on large-scale, high-performance computing
infrastructure, providing the storage, memory and processor power that is necessary in many
contemporary areas of’omics data analysis — including for metaproteomics.

An additional strength of Galaxy as a metaproteomics bioinformatics solution is the

active community of developers and users. The core Galaxy team maintains and upgrades
the framework in response to feedback from the community. The core team has also
developed and made available numerous training tutorials for new users (e.g., see https://
wiki.galaxyproject.org/Learn#Galaxy_101). In addition to the core development team, an
active world-wide community of developers helps to enhance Galaxy by contributing new
software from a variety of domains that can be used by the entire Galaxy community. This
collaborative team approach has greatly benefited the community of researchers using
Galaxy, as researchers have collectively shared the burden of extending the functionalities of
the software, without dependence on a single lab to be responsible for all new developments.
Accordingly, metaproteomics tools in Galaxy have also benefited from a similar team
approach by a network of researchers from across the globe.

Galaxy operates as a web-based interface, viewable in any web browser. Fig. 17.12 shows
a screenshot of the Galaxy interface. The basic layout of the interface includes a Tool
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Fig. 17.12
Galaxy platform interface. The Galaxy platform interface contains (a) too/ menu for various software
tools available for analysis; (b) Main viewing pane for viewing tool parameters, editing workflows and
viewing results; and (c) History menu that contains input data and generated output files after data
processing.

menu, which contains the list of available software within the instance being used, which
can be customized to the application. The main viewing pane offers a larger space to view
parameters for tools, edit workflows, and open visualization tools to view results.

The History menu is a real-time record of active software operations and their status.

The History menu contains a record of all data used as inputs for the analysis, as well as
any intermediate or final result files that are produced. Users can build Histories from
scratch, by uploading data that will act as input, and selecting appropriate software that
act together within a data analysis pipeline. When the software tools are executed, Galaxy
records all steps and archives the data analysis event as distinct History. This complete
record of an analysis is saved in the user’s account, and is only removed if actively deleted
by the user.

A saved History can be reaccessed at any time. Outputted results can be downloaded. New
software tools and analysis steps can be added to the existing History if further analysis of
results files is desired. Any step in the History can also be rerun, using either the original
parameters or adjusted parameters. The History can be renamed and saved as a different
record using adjusted parameters, if desired.
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Workflows are the other main operational unit in Galaxy, and are used commonly for
multiomic applications such as metaproteomics. Workflows consist of the processing steps
and software tool parameters that make up a History, with the exception that the Workflow
does not contain any input or output data. As such, a Workflow can be thought of as a scaffold
containing all relevant software and parameters needed to run a data analysis pipeline. Once
appropriate input data is uploaded to an active History, the Workflow will recognize this
input and can be run. Once run, the Workflow, along with all input and output data, becomes
an archived History. Workflows using multiple software tools in sequential steps can be
easily built in Galaxy. The Workflow canvas enables users to graphically build customized
workflows from software in the Tools menu. The Workflow editor (Fig. 17.13) guides users
through the development of multistep pipelines by only allowing tools with compatible data
outputs to be linked to the next software tool.

Workflows can also be created from a completed History. A user can simply use the “Extract
Workflow” function, which extracts the software tools and parameters that make up the data
analysis pipeline, while leaving behind any specific data inputs or results from the History.

A very powerful feature of Galaxy is its amenability to sharing complete Histories and
Workflows with other users. This enables not only dissemination of software and pipelines,
but also promotes reproducibility and transparency in complex data analysis operations.
Sharing can be done in multiple ways. Histories or Workflows can be published, such that
they will show up in a shared folder available to all other users of the Galaxy instance. A URL
link can also be created that points to a specific History or Workflow. This URL can be shared
with selected users of the Galaxy instance to give them access. Histories and Workflows can
also be downloaded as a Galaxy file type, which can be imported and used in other Galaxy
instances.

Given these collective features available through Galaxy, it is well-suited as a platform to
enable the sophisticated analysis pipelines required in metaproteomics. A paper describing a
blueprint using Galaxy for metaproteomics was recently published by our group [95], which
highlights the advantages of this platform. Since this publication, a number of enhancements
have been made, with tools in place that cover the main aspects of metaproteomics data
analysis (see Fig. 17.14 outlining some of the Galaxy metaproteomics tools). These include
tools for generating customized protein sequence databases, derived from a variety of
sources. Tools are in place to translate protein sequences insilico from genomic information
derived from microbial communities. For studies of microbial communities residing in a
host-organism, tools are in place to combine the database from the host with sequences for the
microbes.

For sequence database searching, the SearchGUI [107] and PeptideShaker [108] tools have been
deployed. SearchGUI bundles multiple popular and freely available sequence database searching
programs for matching tandem mass spectrometry (MS/MS) data to peptide sequences. Use of
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Galaxy workflow to generate outputs for taxonomic analysis outputs and functional analysis. Representation of the “Edit mode”
of a Galaxy workflow wherein PSM reports generated from SearchGUI and PeptideShaker (see Section 17.4.2) are used as an
input along with a Gene Ontology Mapping file to generate outputs for taxonomic analysis (see Fig. 17.11) and functional
analysis using Unipept software [106].

L1l 421dvyD  pSE
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Analytical modules available for metaproteomics data analysis using the Galaxy platform
(Section 17.4.5).

UniPept Analysis

-

TAxoNOMY ANALYSIS

complementary software programs helps increase the depth and confidence of peptide sequence
matches [109]. PeptideShaker organizes the outputted PSMs, applies statistical analyses to
establish confidence of results, and infers protein identities from the peptide data.

The identified peptide sequences outputted from the PeptideShaker program require further
processing to determine functional and taxonomic characteristics of the sample being analyzed.
We have described the use of BLASTP in Galaxy [95] to automatically screen peptide sequences
putatively derived from microbes. The BLASTP filtering step helps to confirm that these
sequences indeed derive from microbes, and not the host organism (e.g., human). The confirmed
peptides can be downloaded and sent to the MEGAN bioinformatics tool for further functional
and taxonomic analysis. Our group is also prototyping the use of InterPro2go web service tool
[110], where a Galaxy tool queries this database with peptide sequences and associated protein
accession numbers to retrieve functional annotation in the form of Gene Ontology (GO) terms.
The returned GO annotated data is provided as a tabular data output in Galaxy, which can also be
visualized using a number of simple graphing tools available within Galaxy.

For taxonomic analysis, the Unipept tool [98], also described above, offers a web service for
querying taxonomy profiles from identified microbial peptide sequences. Unipept determines
the level of taxonomic specificity for any given peptide sequence (e.g., genus, species) and
builds visualizations for these. A prototype Galaxy tool is currently in development for
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automatically querying the Unipept software and returning taxonomic information, and data
files needed to open web-based interactive visualizations for the data file.

17.5 Conclusions

Before undertaking any steps of the metaproteomics workflow, the biological question and
research objectives should be clearly defined. In conclusion, we summarize the pros and cons
of performing metaproteomics on natural or artificial communities. Fig. 17.15 summarizes
the advantages of both approaches: natural vs. artificial communities.

Natural Artificial

Experimental design

Time of the complete workflow &

Number of replicates
In vivo labelling

* e

High-throughput

Sampling

Collecting / design of the community *

Community structure analysis

Protein Preparation and Extraction
Protein extraction

* e

Quality and quantity of proteins extracted

Protein subfractionation (1D-,2D-gels...)

*e

In vitro labelling

Community structure analysis
Stability of the structure #
Taxon abundances &

Rare species detection L
Mass spectrometry / Data analysis

DDA-MS »
DIA-MS/SWATH-MS *
Wide range of Databases *»

Species-specific Databases &

Computer time

Biological interpretation
Description of the protein regulation

Description of the environment
Biological significance

*e

Mathematical modeling *»

Fig. 17.15
Pros and cons of natural vs.artificial communities. Cursors, represented as black diamonds, show
the easiest approach for each step of the comparative metaproteomics workflow.
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Artificial versus natural communities: which is the best-suited strategy for each step of the
metaproteomics workflow?

17.5.1 Pros for Natural Community Approach

Natural microbial communities are mainly represented by nonculturable bacteria, and for this
reason better represent the reality of the response to environmental change, a perturbation in
comparison to artificial community.

Even though sampling can be long and tedious, this first step of the experimental set-up appears to
be less challenging than engineering a suitable synthetic community. Choosing the bacterial strains
of a synthetic consortium requires a long optimization phase, as described in Section 17.3.1.

Another advantage of undertaking metaproteomics on natural communities is the stability
that it offers the system. Indeed, complex interaction networks within natural dynamic
communities comprising a wide diversity of microorganisms, with overlapping ecological
functions, produce greater stability than artificial communities [111]. Once the diversity
and/or metagenome have been described, metaproteomics can be performed using the same
metagenome database because of the stability of a natural ecosystem.

Biological interpretation can be highly complex and tricky; however, it is important to remind one
here that the level of complexity of the databases created only depends on the objectives of the
study, and thus targeted comparative metaproteomics can offer an intermediate level of complexity.

17.5.2 Pros for Artificial Community Approach

Although artificial communities do not reflect the complexity and dynamics of natural
microbial assemblages, this approach also offers several advantages. Indeed, an accurate
functional description of protein regulation and thus metabolic interactions between bacterial
species in simplified microbial communities will allow a better understanding of the natural
environment from which key culturable bacteria are isolated.

Synthetic communities are easy to manipulate, and facilitate the production of several
replicates in a high-throughput fashion [49,53,55]. Sample preparation for proteomics
equals performing proteomics on a “metaorganism.” In this way, extracted proteomes are
more efficient both in terms of quantity and quality with artificial communities compared
to natural communities. This approach allows in vivo metabolic labeling for quantitative
metaproteomics application and/or taxa quantification and overcomes the issue of natural
compounds present in the environment that might interfere with mass spectrometry.

Because synthetic microbial assemblages are less complex than natural microbial
communities, therefore they are generally very well suited for mathematical modeling. This
field might also open up new biotechnological applications.
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