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ABSTRACT

Intestinal microbiota plays a key role in shaping host homeostasis by regulating metabolism,
immune responses and behavior. Its dysregulation has been associated with metabolic, immune
and neuropsychiatric disorders and is accompanied by changes in bacterial metabolic regulation.
Although proteomics is well suited for analysis of individual microbes, metaproteomics of fecal
samples is challenging due to the physical structure of the sample, presence of contaminating host
proteins and coexistence of hundreds of taxa. Furthermore, there is a lack of consensus regarding
preparation of fecal samples, as well as downstream bioinformatic analyses following metaproteo-
mics data acquisition. Here we assess sample preparation and data analysis strategies applied to
mouse feces in a typical mass spectrometry-based metaproteomic experiment. We show that subtle
changes in sample preparation protocols may influence interpretation of biological findings. Two-
step database search strategies led to significant underestimation of false positive protein identi-
fications. Unipept software provided the highest sensitivity and specificity in taxonomic annotation
of the identified peptides of unknown origin. Comparison of matching metaproteome and meta-
genome data revealed a positive correlation between protein and gene abundances. Notably,
nearly all functional categories of detected protein groups were differentially abundant in the
metaproteome compared to what would be expected from the metagenome, highlighting the
need to perform metaproteomics when studying complex microbiome samples.
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Introduction . . . :
increasing number of studies have reported associa-

The prokaryotic component of the gut microbiota
has multiple roles, contributing to carbohydrate fer-
mentation and maintenance of gut barrier integrity,
as well as antimicrobial and immunomodulation
activities."” In metabolically healthy humans and
mice, the gut microbiota is predominated by two to
three bacterial enterotypes.” These enterotypes dis-
play significant heterogeneity in terms of species
number, composition and relative abundances
depending on the location of the sample (upper vs
lower gastroinstestinal tract) or the timing (circadian
variations).>” The gut microbiota has recently been
associated with conditions ranging from inflamma-
tory bowel syndrome to Parkinson’s disease.®”'! An

tions between the gut microbiota and neurodevelop-
mental disorders.'”"* This includes changes in the
gut microbiota of Down syndrome individuals in
comparison to non-trisomic individuals."” Given
the established interaction between the host and
the gut microbiota, a functional analysis of the gut
microbiome may help in understanding its contri-
bution to pathophysiology.

In this context, approaches relying on nucleotide
sequencing have so far been preferred by the scientific
community due to lower experimental costs, higher
data throughput and proven analytical workflows.
While metagenomics assesses the genetic potential,
metaproteomics investigates gene products (and
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therefore functions). However, metagenomics usually
provides more in-depth information in comparison to
metaproteomics, for example due to the higher
dynamic range of detection. In particular, microbiome
functional analysis can be performed using high-
resolution mass spectrometry (MS), to measure either
protein abundance or metabolite production.'®™'®
Although bacterial MS-based proteomic approaches
are well established, metaproteomic sample prepara-
tion is hindered by many challenges, such as physical
structure of the sample, the presence of contaminating
proteins and the coexistence of hundreds of
microorganisms.

Many studies have reported increased protein iden-
tification due to laboratory optimization for the ana-
lysis of metaproteome samples."”> In humans,
different sample preparation methodologies have
been shown to result in significant changes in the
taxonomic composition and functional activities
represented.'>***> Beyond sample preparation, the
bioinformatic processing of metaproteomic data
remains challenging, due to the choice of representa-
tive protein sequence database, elevated false discov-
ery rate for peptide identification and the redundancy
in protein functional annotation. Some of these chal-
lenges have already been addressed by published soft-
ware packages, such as MetaProteomeAnalyzer*® and
MetaLab,”” which are all-in-one metaproteomic ana-
lytical workflows, or UniPept,*® which allows peptide-
based taxonomic representation. In addition, the
choice of protein sequence database has been shown
to play a major role in protein identification from
metaproteome samples, with notably matching meta-
genome-derived protein sequence databases display-
ing the best identification rate performance.”
Previous studies have also investigated ways to deter-
mine taxonomic representation from metaproteome
samples, which has been shown to differ between
metagenome (bacterial presence) and metaproteome
(bacterial activity).****

Here, we present a state-of-the-art MS-based
workflow for the optimal metaproteome character-
ization of murine fecal samples. We focused on
a number of aspects that remain under-investigated
in murine stool samples: (1) the impact of sample

preparation methods, namely low speed centrifuga-
tion (LSC) and no LSC (nLSC), on protein identifi-
cation and taxonomic representation; (2) the high
false positive rates in searches involving very large
databases; (3) the differences in taxonomic annota-
tion of MS-identified peptides based on different
software; and (4) the lack of assessment of the func-
tional enrichment provided by the metaproteome
compared to its matching metagenome potential.

Results

Low-speed centrifugation increases peptide
identification rates

Our initial experiment involved the establishment
of an optimal sample preparation workflow applied
to the mouse fecal metaproteome. In this context,
we assessed two sample preparation steps that are
commonly employed in metaproteomic studies: 1)
the usage of LSC'***** versus nLSC;**** and 2) in-
solution digestion'>** versus filter-aided sample
preparation (FASP)*>*' (Figure S1A, Table S1).
The resulting LC-MS/MS data were processed
using the MaxQuant software.>®

The number of peptide spectral match (PSM)
identified per MS raw file in the LSC group was
significantly higher with 26% more identifications
(Figure 1a). This was also observed at the peptide
and protein group level, but to a lower extent for the
latter. Approximately 15% of protein groups were
identified by a single peptide, while the median
protein sequence coverage was 18.7%. Such metrics
are usually indicative of highly complex samples
that are not completely covered by a single MS
measurement under the stated parameters.

In-solution digestion consistently outperformed
FASP based on PSMs, peptides and protein groups
identification (Figure 1b). Compared to other
methods, in-solution digestion combined with the
LSC procedure provided nearly twice as many PSM
or peptide identifications and 30% more protein
groups. Furthermore, there was much less variabil-
ity in the number of peptides and protein groups
identified across samples with this method.
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Figure 1. Low speed centrifugation impacts protein identification and taxonomic representation. (a) Number of MS/MS spectra,
peptides and protein groups per samples for the comparison between LSC (red) and nLSC (blue) methods. (b) Number of identified MS/
MS spectra, peptides and protein groups per samples for the comparison between LSC-in solution digestion (red), LSC-FASP (gray),
nLSC-in solution digestion (blue) and nLSC-FASP (Orange) methods. (a-b) Represented significance results correspond to t-test on

N=12()orN==6 (b):*

p- value < .05, ** <.01, *** <.001. (c) Hierarchical representation of Unipept-derived taxonomy (down to

phylum level) for the peptide identified in the LSC and nLSC. The barplot represent the taxonomic abundance for LSC (red) and nLSC
(blue) methods based on peptide counts (only for taxon identified with 3 or more peptides). (d) Overlap in the overall identified
peptides or protein groups between the LSC and nLSC methods. (e) Volcano plot of the protein abundance comparison between LSC
and nLSC approaches. Significant protein groups based on paired t-test from N = 12 with FDR < .01 and absolute fold-change >2.5. (f)
KEGG pathways over-representation testing for the protein groups that significantly increase (red) or decrease (blue) in abundance
between LSC and nLSC sample preparation approaches. Fisher exact-test threshold (gold dotted line) set to adjusted p-value < .05.

LSC aids in recovery of Bacteroidetes proteins,
whereas nLSC favors Firmicutes and
Deferribacteres proteins

Peptides identified after LSC and nLSC were analyzed
to identify their phylogenetic origin. The lowest com-
mon ancestor was determined using the Unipept

interface,”” which assigns peptide sequences to taxa.
The most abundant superkingdom consisted of bac-
teria, among which two taxa were highly represented
in both LSC and nLSC, namely Bacteroidetes and
Firmicutes (Figure 1lc, Table S1). However, there
were large differences in the number of peptides
assigned to these two main bacterial phyla when
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comparing LSC and nLSC methods. Bacteroidetes
accounted for 66% and 37% of peptides, whereas
Firmicutes amounted to 18% and 47% of peptides in
LSC and nLSC procedures, respectively. In addition,
Actinobacteria and Deferribacteres showed a higher
taxonomic representation in nLSC compared to LSC,
whereas Verrucomicrobia showed an opposite trend.

Based on peptides identification, Eukaryota
was the second most abundant superkingdom
and consisted mostly of metazoan hits. Under
the assumption that these eukaryotic peptide
sequences originated from the host, the propor-
tion of Mus musculus proteins was investigated
further using intensity-based absolute quantifica-
tion (iBAQ) values. The LSC samples contained
on average nearly two-fold more murine pro-
teins (20.4%) in comparison to nLSC samples
(14.6%) (Figure S1B). Such findings were sur-
prising since the use of the LSC method was
reported in a previous study to help with the
removal of human cells.** We also investigated
the presence of peptides from host diet and
found very low levels of dietary peptides con-
tamination (approximately 2%), which was
higher among LSC-prepared samples (Figure
S1C). As previously reported, we show that the
majority of dietary proteins are absent or
depleted during the initial solubilization step of
the fecal pellet, a step common to both
procedures.’® Overall, our results show that
LSC and nLSC methods favor the recovery of
different taxa, suggesting that both methods have
merits and may be used in combination.

LSC and nLSC methods are characterized by
different protein abundance profiles

We further investigated the overlap between the
peptides or protein groups identified following either
LSC and nLSC procedures (Figure 1d). In terms of
peptides, only 27.7% were identified with both pro-
cedures, the rest of the peptides being split equally
into unique to LSC and nLSC methods. Similar
results were observed at the protein groups level
with 38.7% of protein groups being identified in
both procedures. This was illustrated further
through a principal component analysis (PCA),
showing separation of samples based on centrifuga-
tion methods, as well as clustering of technical

replicates (from cell lysis step) (Figure S1D). Label-
free quantitative (LFQ) comparison between LSC
and nLSC procedures revealed an intermediate cor-
relation (p = .44) (Figure SIE and F). Besides, LFQ
correlation among the samples prepared via LSC was
superior to samples prepared with nLSC (Figure
$1G). Our findings indicate that while the two pro-
cedures have a poor identification overlap, the main
differences may still result from biological variations.

Using LFQ intensities, we then performed
a t-test to identify which protein groups have dif-
ferent abundances between the two procedures.
Out of 2,589 quantified protein groups, 365 and
267 showed a significant increase and decrease in
abundance between LSC and nLSC samples,
respectively (FDR < .01 and absolute fold-change
>2.5) (Figure le, Table S1). We gained functional
insights into these differences by performing an
over-representation analysis of KEGG pathways
using the clusterProfiler R package.”® The over-
represented pathways based on the up- or down-
regulated protein groups were mostly similar
(FDR < .05) and were associated with core micro-
bial functions, such as ribosome, carbon metabo-
lism and carbon fixation pathways (Figure 1f, Table
S1). The protein groups unique to LSC or nLSC
showed over-representation of protein export in
the LSC samples, whereas biosynthesis of amino
acid, fatty acid degradation and bacterial chemo-
taxis were over-represented in the nLSC samples
(Figure S1H). Protein differential abundance test-
ing confirmed the divergence between LSC and
nLSC procedures and was suggestive of broad taxo-
nomic changes, rather than variation in functional
activities.

Two-step database search strategy shows
a dramatic increase in false positive rate

After measurement via liquid chromatography
coupled to tandem mass spectrometry (LC-MS
/MS) and acquisition of LC-MS/MS raw data, the
MS/MS spectra are searched against a protein
sequence database. One aspect of database search
is the controversial use of a two-step search
strategy,”***~** as opposed to the single-step search
traditionally used in proteomics.’>** For two-step
search approach, LC-MS/MS measurements are
initially processed against a large protein sequence



database with no FDR control (FDR < 1%).
Subsequently, the original database is filtered to
retain only protein sequences that were identified
during the first search. During the second database
search, the measurements are processed against the
reduced database with FDR control (e.g.
FDR < .01).*% To assess these search strategies, we
searched a single HeLa cell LC-MS/MS file using
MaxQuant software against a Homo sapiens protein
sequence database supplemented with different
number of bacterial protein sequences (Figure
S2A). The Hela measurement is used here as
a proxy for a complex microbiome measurement,
with the exception that the sample composition is
known and from a single organism.

We initially established a benchmarked standard
by processing the HeLa measurement only against
an H. sapiens database, which resulted in approxi-
mately 5,000 human (eukaryota) protein groups
identified for the single-step search at FDR < .01
(Figure 2a, Table S2). Notably, the same database
used in a two-step search identified less than 1%
additional protein groups in comparison to
a single-step search, despite nearly twice as much
processing time. We then processed our HeLa mea-
surement against the H. sapiens database supple-
mented with 1x, 2x, 5x, 10x and 20x bacterial
protein sequences, resulting in increasingly large
databases (Figure S2A, Table S2). For the single-
step database search against the 1:20 database, we
observed a 10% decline in the number of human
protein groups identified, while 132 bacterial pro-
tein groups were identified (false positives). On the
contrary, the 1:20 two-step database search resulted
only in a 1% decrease compared to the bench-
marked standard. This processing also revealed
a large number of bacterial protein groups identifi-
cation (980 protein groups). Furthermore, the two-
step search led to large number of MS/MS spectra
to be assigned to different sequences (or newly
assigned) in comparison to the benchmarked stan-
dard (Figure S2B, Table S2); this phenomenon was
much less pronounced when performing the single-
step search.

We then calculated the factual FDR for each
processing approach using either the reverse hits
or the reverse hits plus the bacterial hits (which in
our case are false positives). For both the single-step
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and the two-step search, we obtained an FDR of
2.6% when using only the reverse hits for FDR
calculation (Figure 2b). However, when using the
reverse hits plus the bacterial hits, we calculated
a factual FDR of 8% and 34% for the single- and
two-step search with 1:20 database, respectively.
This represents a dramatic increase in the rate of
false positive identification when using two-step
search, despite controlling for 1% FDR. Notably,
these false positive hits would remain unnoticed in
a microbiome sample of unknown composition,
thus highlighting the inherent problem associated
with the two-step database search.

Optimizations of the two-step database search
cancels out its higher sensitivity

To further assess database search strategies used by
the metaproteomic community,”*****~** we retrieved
a metaproteome dataset of known taxonomic compo-
sition that was published by Kleiner and colleagues.*
This dataset consisted of 32 organisms of uneven
abundances, including bacteria (25), archaea (1),
eukaryotes (1) and viruses (5). We processed eight
LC-MS/MS measurements against a database con-
taining the proteomes of these 32 organisms, which
we supplemented with .5x, 1x, 2x, 5x, 10x and 20x
bacterial protein sequences, resulting in increasingly
large databases. We then compared the results
obtained from single-step search strategy against: (1)
“two-step protein” search to keep identified
proteins;™® (2) “two-step taxa” search to keep identi-
fied taxa;° and (3) “two-step two sections” search to
keep identified proteins after sectioned search.**
While all search strategies resulted in similar accura-
cies, the “two-step protein” search maintained a high
sensitivity even when using large databases (i.e. 20x)
(Figure 2c and S2C). However, upon investigation of
the factual FDR (reverse hits plus the false bacterial
hits), the “two-step protein” search resulted in twice as
many false positive identifications compared to the
single-step search (Figure 2d, Table S2). Similar
results were also observed when focusing on the pre-
cision (Figure S2D). Our investigations revealed that
the “two-step taxa” search behaved nearly identically
to the single-step search, whereas the “two-step two
sections” search displayed performance in-between
the first-step and “two-step protein” searches.
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Figure 2. Two-step database search in combination with target-decoy strategy leads to a dramatic increase in false positive rate. (a) The
protein groups count is shown for single- or two-step search strategies across increasingly large protein sequence databases. Counts are
color-coded per category, with eukaryote (gray), bacteria (red), contaminant (blue) and reverse (Orange) hits. (b) The FDR is calculated for
single- or two-step search strategies across increasingly large protein sequence databases. The FDR is calculated based on reverse hits only
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database sectioning. Bars and numbers indicate the median count, while error bars correspond to the standard deviation, from N = 8 LC-MS
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Because, all assessed search strategies underesti-
mated the real FDR, we attempted to identify any
particularity of the false positive protein groups
identification and thus focused on processings
against the largest database (20x). We show that
the median number of unique peptides (i.e. peptides
that are uniquely assigned to a protein group) are 1
and 2 for the false and true positive hits, respectively
(Figure S2E). We then compared results obtained
using a post-processing filtering step requiring

a minimum of 1 or 2 unique peptides per protein
groups. Our results show that requiring a minimum
of 2 unique peptides would efficiently control the
FDR (<1%) at the expense of a significant drop in
protein identification (Figures 2e and S2F, Table S2).
This investigation of different database search stra-
tegies applied to metaproteome samples further
highlighted the limitations (i.e. factual FDR) of two-
step searches, even following optimization (i.e. sec-
tioned search) or filtering.



Unipept software provides the most accurate and
precise taxonomic annotation

Another important aspect of metaproteomic studies
is the determination of taxonomic activity (protein
biomass), which has been reported to differ from
taxonomic representation derived from metage-
nomic studies.’>** While it is straightforward to
compute taxonomic activity from the abundance of
peptides (or proteins) of known taxonomic origin,
there has not been an exhaustive assessment of soft-
ware that can taxonomically annotate MS-identified
peptides. Here, we assessed three software packages —
i.e. Kraken2,*®* Diamond*"*** and Unipept*****°
— that are commonly used by the metaproteomic and
metagenomic communities. The taxonomic annota-
tion performance of these software was evaluated on
the dataset from Kleiner and colleagues.™

The Kraken2 software provided consistently
higher percentage of peptides that could be taxo-
nomically annotated (c.a. 18% peptides annotated
to species level), followed by Unipept (5%) and
Diamond (1%) (Figure 3a). However, Kraken2
also identified a very large number of taxa that
were not present in the artificial samples from
Kleiner and colleagues (Table S3) and thus would
be false positive hits. Unsurprisingly, these false
positive hits were characterized by low PSM counts
in comparison to true positives (Figure S3A). This
led us to assess these software packages in terms of
accuracy, precision, sensitivity, specificity and
F-measure for taxonomic identification using
a range of PSM count thresholds (Figure 3b and
S3B-E). In this context, the Unipept software sig-
nificantly outperformed Kraken2 and Diamond,
especially with regard to the F-measure and preci-
sion. Notably, the implementation of a minimum
PSM count threshold (i.e. between 1 and 5) resulted
in accuracy, precision and specificity improvements
for all software, but at the cost of a reduced
sensitivity.

Thus, without a PSM count threshold, we corre-
lated the taxonomic abundance derived from each
software annotation against the known input protein
from Kleiner and colleagues’ artificial samples
(Figure 3c). Overall, the Unipept software provided
the highest correlation (Spearman p = .83), as well as
at most taxonomic levels (including species).
Interestingly, the dynamic range of taxon detection

GUT MICROBES (&) €1994836-7

by MS spanned two orders of magnitude, with
Salmonella enterica being approximately 230 times
more abundant than Nitrosomonas europaeae
(Figure 3d, Table S3). Unipept was also the only
software allowing identification of Nitrosomonas
ureae,  Paraburkholderia ~ xenovorans  and
Nitrosospira multiformis. Importantly, none of the
software could identify the five viral organisms pre-
sent in the samples, the reason being technical since
no peptide coming from those viral proteins was
detected by MS. Finally, we assessed the impact of
different database search strategies on taxonomic
abundance derived by the Unipept software (Figure
S3F). Similarly to our findings from the previous
section, the F-measure metric highlighted the super-
iority of single-step strategy when it comes to taxo-
nomic identification. Taken together, we show that,
based on different metrics and samples of known
composition, the Unipept software provides better
taxonomic annotation in comparison to Kraken2
and Diamond.

The complex microbial composition of fecal samples
is best recapitulated by the Unipept software

To check whether our results are also applicable to
the microbial composition of fecal samples, we
prepared samples using the LSC method from
feces collected in a cohort of 38 mice. The resulting
LC-MS/MS data were processed using a single-step
search strategy against a matching metagenome
protein database (with no knowledge of taxonomic
composition). We initially annotated the MS-
identified peptides using Kraken2, Diamond and
Unipept, which revealed an overlap of 232 taxon
(1.9%) between all three software. Such low overlap
was largely driven by the suspected large number of
false positive hits identified by Kraken2 (10,203
uniquely identified taxon), as seen in the previous
section. We then performed pairwise correlation
between every samples combination within each
software using taxonomic abundance (Figure
S$3G). While Diamond displayed a higher correla-
tion (median spearman p =.71), this is likely driven
by the small number of identified taxa, most of
which at the taxonomic levels closer to the root
(e.g. superkingdom, phylum) and is thus a poor
performance estimate.
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Figure 3. Unipept software provides the most precise taxonomic annotation of MS-based peptide identification. (a) Percentage of
taxon-annotated peptides at each taxonomic level for the comparison between Kraken2 (red), Diamond (gray) and Unipept (blue)
software. (b) Assessment of the impact of the minimum number of PSM count per taxon onto the F-measure for taxonomic annotation.
The F-measure was compared between Kraken2 (red), Diamond (gray) and Unipept (blue) software. (c) Heatmap representing the
correlation (Spearman p) in taxonomic abundance between sample input protein (expectation) and different taxonomic annotation
software (i.e. Kraken2, Diamond and Unipept). The correlation was performed overall, as well as for each taxonomic level. (d)
Organisms pooled in artificial samples are ranked based on the protein material input, as displayed in the left-most barplots (x-axis in
logyo scale). The proteome size (ORFs) for these organisms on UniProt web resource is displayed in the right-most barplot (x-axis in
logq scale). The heatmap compares the taxon identification across samples between Kraken2, Diamond and Unipept. (a-d) Samples
from the study by Kleiner and colleagues, with N = 8. (e) Overlap in the overall identified taxa between the Kraken2 (red), Diamond
(gray) and Unipept (blue) software. (f) A comparison of the F-measure distribution for taxonomic annotation between the Kraken2
(red), Diamond (gray) and Unipept (blue) software. Each point represents an individual mouse. (e-f) Samples from this study using

mouse fecal material, with N = 38.

To determine which taxa are likely true or
false positive hits, we made use of the taxonomic
composition foreknowledge (at the species level
only) from the mouse microbiome catalog.”
With this approach, the Kraken2 software
showed the best sensitivity (median = .17) com-
pared to Unipept (.13) and Diamond (.03)
(Figure S3H, Table S3). Based on precision and
F-measure, Kraken2 performance collapsed,
whereas Unipept software had median precision
and F-measure superior to .1 (Figure 3f and
§3I). Using taxonomic foreknowledge, our

findings suggest that the Unipept software pro-
vides superior predictive power for taxonomic
annotation of fecal samples.

Metaproteome to metagenome correlation
highlights an over-representation in the core
microbiome functions

Multi-omic studies are now increasingly common in
context of microbiome investigation to provide inter-
connected information, such as microbial presence
and activity, genetic potential, gene expression and



functional activity.”>>> Due to the availability of
matching metagenomic and metaproteomic data for
our cohort of 38 mice, we assessed the correlation
between gene and protein abundances. To deal with
the intrinsic differences between the two datasets, the
gene entries were grouped in a similar fashion as the
protein groups (i.e. based on peptide identification)
and the maximum expression was calculated per gene
group. Here, we show that a majority of gene-protein
pairs (91%) have a positive correlation, with a median
of .39, the rest having a median negative correlation of
-.09 (Figure 4a, Table S4). Notably, 3,519 gene-protein
pairs displayed a significant positive correlation. In
addition, we compared the distribution in gene abun-
dances depending on whether the corresponding pro-
tein was identified by MS (Figure S4A). As expected, it
shows that MS-based proteomics only identifies
a subset of proteins toward the higher abundance.

To identify the core pathways within our mice
cohort, we performed an over-representation ana-
lysis of the significantly correlated gene-protein
pairs (Figure 4b, Table S4). Among these pairs,
there was an over-representation in carbon fixation,
glycolysis-gluconeogenesis, citrate cycle and carbon
metabolism pathways (KEGG).”® We further char-
acterized the correlating genes and proteins and
identified 20 over-represented gene ontology mole-
cular functions (GOMF) that were involved in
ADBP, ribosome, carbohydrate and electron transfer
(Figure S4B, Table S4). Our results confirm the
central role of carbon fixation and general metabo-
lism, which are associated with bacterial energy
production, in the murine fecal microbiome
under the analyzed conditions.

The metaproteome is enriched in functionally active
pathways compared to the matching potential
encoded in the metagenome

The metagenome corresponds to the microbiome’s
genetic potential, whereas the metaproteome repre-
sents its truly expressed functional activities.
Thereby, we compared the functional abundance
derived from the metagenomic versus metaproteo-
mic datasets within our cohort of 38 mice. To allow
comparison, the KEGG level 2 categories were
quantified and normalized separately for each
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omic datasets (Figure S4C, Table S4). Out of 55
KEGG categories, we found 15 and 37 to be sig-
nificantly increased and decreased in abundance at
the metaproteome level in comparison to the meta-
genome (FDR < .05). In general, the metagenome-
based quantification of KEGG categories was stable
across categories, whereas large differences were
observed for the metaproteome.

To prioritize the KEGG categories, we selected
eight categories differing significantly in terms of
gene-protein correlation in comparison to the overall
correlation (Figures 4c and S4D). Among the KEGG
categories displaying higher abundance in the meta-
proteome compared to the metagenome were the
membrane transport, translation, signaling and cellu-
lar processes, and genetic information processing.
Conversely, transcription, carbohydrate metabolism
and antimicrobial drug resistance exhibited lower
abundance. The KEGG Orthology (KO) entries differ-
ing significantly in abundance between the metagen-
omes and metaproteomes were identified via t-test
and used for gene set enrichment analysis (GSEA).
GSEA revealed an enrichment of a number of over-
lapping KEGG pathways, with 19 and 6 pathways
positively and negatively enriched, respectively
(Figure 4d, Table S4). Interestingly, we found the
ribosome pathway enriched in protein with increased
abundance (between metaproteome and metagenome
datasets), therefore highlighting the functional activa-
tion of this pathway (Figure 4e and S4E). Conversely,
homologous recombination, DNA replication and
mismatch repair were enriched in protein with
decreased abundance, suggesting no or low activation
of these pathways. Overall, our findings highlight the
critical importance of metaproteomics to characterize
microbiome samples particularly when it comes to
their functional activity.

Discussion

Here, we investigate some key aspects of metaproteo-
mic workflow applied to murine fecal samples in order
to enhance protein identification, taxonomic and
functional coverage. We focused on the assessment
of (1) different sample preparation methods, (2) stra-
tegies to control for false positive rates during database
search, (3) taxonomic annotation software for
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Figure 4. Functionally active pathways derived from the metaproteome differs from the metagenome potential. (a) Correlation is
shown between each protein groups (metaproteome) and corresponding gene “groups” (metagenome) abundances. Correlation was
tested using Spearman’s rank correlation and p-value was adjusted for multiple testing using Benjamini-hochberg correction.
Significantly positively correlating protein/gene groups are in red colors, while significantly negatively correlating protein/gene groups
are in green colors (adjusted p-value < .05). (b) GSEA of KEGG pathways based on ranking of the protein/gene groups correlation.
Pathway node color corresponds to GSEA results adjusted p-value and node size matches the number of protein/gene group assigned
to the pathway. (c) Comparison in the proportion of selected KEGG functional categories (level 2) between metaproteome (red) and
metagenome (gray). Paired t-test p-values are indicated (N = 38). (d) GSEA of KEGG pathways based on ranking of t-test results from
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Pathway node size corresponds to number of KEGG orthologies associated to it. KEGG orthologies are color-coded based on directional
adjusted p-value from the t-test comparison between metaproteome and metagenome.



accurate MS-derived taxonomic representation and
(4) the importance of metaproteomics to determine
functionally enriched pathways. Our results led to an
overview of the strengths and weaknesses of each
assessed methods (Table 1) in the context of murine
fecal metaproteomics.

To the best of our knowledge this is one of the
largest and most extensive comparisons undertaken
to date, comprising over 40 different biological sam-
ples and over 50 LC-MS/MS runs. Overall, we reached
identification rates that are similar to bacterial shotgun
proteomics (ca. 20-40%). In comparison to previous
murine fecal metaproteomic studies, we identified
more non-redundant peptides per samples (approxi-
mately 20,000 non-redundant peptides on a 60 min
gradient).””*® Several parameters may have influenced
such performance, among which are the use of a faster
and more sensitive Orbitrap instrument (ie.
Q Exactive HF)**®® and a more representative protein
sequence database (i.e. mouse metagenome catalog or
mouse matching metagenome).”’ Importantly, the
impact of mass spectrometer speed and sensitivity
should not be overlooked in a typical metaproteomic
measurements. Indeed, the type and model of MS
instrument was among the parameters with the great-
est impact on identification rates. Some of our initial
investigation showed significant increase in peptide
and protein identification rate when using the
Q Exactive HF (faster scanning, improved sensitivity)
versus the Orbitrap Elite (data not shown, but down-
loadable from ProteomeXchange).
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Both LSC and nLSC methods have merits for the
metaproteomic analysis of murine fecal samples

Our study confirms previous observation with
regard to increased peptides or proteins identifica-
tion, which is dependent on laboratory preparation
method and specifically the usage of differential
centrifugation.”* The LSC approach also leads to
more consistent identifications and as a result fewer
missing values, which is a general and extensive
problem in metaproteomic datasets. Regarding the
topic of reproducible protein identification and
quantification, a recent metaproteomic study
demonstrated the use of Tandem Mass Tag (TMT)
approach in human stool samples.*?

Further investigation into taxonomic composi-
tion between LSC and nLSC revealed broad
changes already at the phylum level. Notably,
Bacteroidetes and Verrucomicrobia were enriched
within LSC-prepared samples, whereas Firmicutes,
Actinobacteria and Deferribacteres phyla were over-
represented in nLSC samples. Such depletion or
enrichment of several major bacterial phyla have
previously been reported by Tanca and
colleagues.”* While Verrucomicrobia was found
enriched by LSC in ours as well as Tanca’s study,
Bacteroidetes, Firmicutes and Actinobacteria were
enriched by opposite methods. Several reasons
may explain these discrepancies, such as the host
organism under study (i.e. Mus musculus versus
Homo sapiens), different protein sequence database
construction (i.e. mouse microbiome catalog versus

Table 1. Performance comparison of different sample preparation and data analysis steps. In bold are the best methods according to
assessed criteria: peptide/protein count, host/dietary contamination, Firmicutes or Bacteroidetes representation, time efficiency, FDR,
identification rate, taxon-assigned peptides and number of taxonomic identification precision. The performance status is displayed
using minus sign for poor, equal sign for similar/no difference or plus sign for good performance.

Peptide/ Taxon
protein  Host/dietary Time Identification  assigned
count  contamination Firmicutes Bacteroidetes efficiency FDR rate peptides Precision
Centrifugation LSC + - - + -
nLSC - + + - +
Digestion In-solution +
FASP +
Search strategy Single-step + -
Two-step protein + - - +
Two-step sections + - - +
Two-step taxa - + -
Taxon quantification  Kraken2 + -
Diamond - - -
Unipept + +
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UniProtKB custom microbiome) and minimal bio-
logical variability (i.e. three biological sample here
versus one in Tanca’s study).

Additional comparison to the phyla detected by
metagenomics in the mouse microbiome catalog
study tends to agree more with the nLSC
approach.”’ However, the samples from that study
were also prepared using a nLSC approach, which
may explain the similarity. Importantly, it has been
reported that the removal of fecal particles may also
lead to exclusion of proteins or organisms attached
to these fecal debris,* thus leading to a bias in the
LSC approach. A limitation of our study lies in the
use of murine fecal samples of unknown microbiota
composition to assess different laboratory methods
and their impact on taxonomic and protein repre-
sentation. To bypass this issue, one solution would
consist in assessing different laboratory methods
against a mock microbial community (i.e. known
composition), such as in the study by Kleiner and
colleagues.’® While such community sample can be
purchased, these are mostly representative of the top
20 most abundant species within the human gut
microbiome and are far from recapitulating the
complexity of a fecal sample (>100 microbial
species).®" %

Our results at the protein level showed significant
changes in abundance, which were indicative of
broad taxonomic changes, more so than variation
in functional activities. Importantly, recent studies
have reported considerable changes in rodent micro-
biota depending on suppliers or on shipping batch,
even for mice housed in identical environments.*>**
Murine gut microbiota is also significantly different
from other mammals, such as human.”" In this con-
text, our results on metaproteomic sample prepara-
tion may not translate to other of murine fecal pellets
(e.g. young vs. old individuals) or other mammalian
feces (e.g. H. sapiens) and suggests that optimization
of sample preparation is needed for each cohort (or
at least for each host organism). Similarly, the murine
fecal pellets used in this study originated exclusively
from male and thus display a bias against female
murine microbiome. Previous studies have reported
differences in microbial composition between male
and female, which in turn impacts hormone levels,
disease progression and gene expression of the
host.”"* In the future, our results should be con-
firmed using amale and female murine cohort.

Notably, both sample preparation approaches
have advantages, and the choice may ultimately
come down to which bacterial phylum is under
investigation.”> Another option, which would need
to be tested and depends on fecal pellet size, consists
in splitting each fecal sample and performing LSC
and nLSC in parallel. Following implementation of
both fecal pre-processing approaches, the resulting
samples could be pooled, processed using the in-
solution digestion workflow and measured by LC-
MS/MS. This alternative avoids an increase in sam-
ple size and measurement time, but maximizes the
recovery of different taxon (and proteins). The split-
ting of fecal material is also relevant for multi-omics
investigation, as reported in a recent swine multi-
omic study,”® and a murine dual metagenomics-
metabolomics project.”” In this context, to imple-
ment metaproteomics and metabolomics of the
same samples, the fecal material must be collected
fresh and quickly stored at —80°C. At the time of
preparation, samples can be split and their respective
laboratory workflows can be pursued separately.

Single-step database search allows optimal control
of false discovery rate

Currently, many metaproteomic studies use two-
step database searches as a way to boost identifica-
tion rates.**"** However, we demonstrate that this
type of search dramatically underrepresents the
number of false positives, due to the use of
a decoy search strategy that is unsuitable in this
context. Our results elaborate on a previous study
by Muth and coworkers, who also emphasized the
drawbacks of using a two-step search together with
decoy strategy.”® Using a single human LC-MS/MS
measurement, our findings were so extreme that
the number of false positives was equal or greater
to the number of false negatives, with FDR outside
of any accepted range (i.e. factual FDR >.1).

Using metaproteome samples of known compo-
sition, we expanded our investigation of search
strategies by including “two-step taxa” and “two-
step two sections”. The “two-step two sections”
approach, implemented according to Kumar and
colleagues,** provided a middle ground in perfor-
mance between the “two-step protein” and single-
step search strategies, but at the expanse of much
longer processing time. Nonetheless, our results



confirmed the inability of two-step searches to con-
trol the FDR, including in context of metaproteo-
mic samples. We argue that the use of a two-step
search should be avoided whenever possible and
replaced by alternative strategies, such as taxo-
nomic foreknowledge or wusing matching
metagenomes.45

Accurate taxonomic annotation of murine fecal
samples can be generated by the Unipept software

Previous studies have shown that it is possible to
derive taxonomic representation from MS-
identified peptides of known taxonomic
origin.’>**”! However, to the best of our knowl-
edge, there has not been a comparison of software
for the taxonomic annotation of peptides with
unknown origin. Here, we compared three soft-
ware packages, namely Kraken2,*® Diamond*®
and Unipept,”® which use different algorithms to
perform such taxonomic annotation. Using meta-
proteome samples of known composition, as well
as metaproteome samples from 38 murine feces,
we determined that the Unipept software pro-
vided superior performance (i.e. precision, sensi-
tivity). Notably, Unipept is very user-friendly, fast
and was designed to work on MS-identified
peptides.”® Whereas, Diamond and Kraken2
have both been designed to work on full pro-
tein/gene sequences or nucleotide sequencing
reads (as opposed to peptides), which may have
contributed to their lower performance.*>** Our
assessments (i.e. sensitivity, specificity) were
based on exact taxonomic identity and ignored
hits from closely related taxon, which may have
negatively affected the performance estimates of
Kraken2.*® While, Unipept was clearly the opti-
mal taxonomic annotation software for MS-
identified peptides, it is currently limited to
UniProt proteins, NCBI taxonomic hierarchy
and trypsin cleavage.

The metaproteome shows an enrichment in
functionally-active pathways compared to the
matching metagenomic potential

Here, we observed an overall positive correlation
between gene and protein abundances derived
from metaproteome and matching-metagenome
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analysis. This was previously reported in
a longitudinal study of metaproteome/metagen-
ome fluctuations from one individual with
Crohn’s Disease.”® In our case the significantly
correlated entries were associated with core bac-
terial metabolic functions, such as carbon and
energy metabolism or electron transfer activity.”
Despite such correlations, we also reported exten-
sive differences in quantified functions between
metagenomics and metaproteomics. Notably,
with regard to genetic information processing
(KEGG level 2), the ribosome pathway was over-
represented in entries with higher abundance in
metaproteomes, whereas pathways associated
with DNA repair, replication or recombination
were over-represented in entries with increased
abundance in metagenomes. However, several
studies have shown positive correlation between
metatranscriptomics and metaproteomics at the
gene or function levels. For example, a microbial
community study from wastewater treatment
plant”® revealed overall positive correlation in
functional categories abundance between tran-
scripts and proteins. In another multi-omics
study of the gut microbiome of human diabetic
patients,” while a positive correlation was
observed between transcripts and proteins, this
correlation did not translate to the derived func-
tional profiles.

Here we highlight the main advantage of meta-
proteomics, which captures functionally active
pathways, as opposed to the genetic potential repre-
sented by metagenomics.”* Thus, these approaches
are complementary to each other and can provide
a more comprehensive understanding of
a biological system.”*

Conclusion

To conclude, in this study we present an integrated
analytical and bioinformatic workflow to improve
protein identification, taxonomic and functional
coverage of the murine fecal metaproteome. LSC
combined with in-solution digestion provided the
highest identification rates, although leading to
a potential enrichment in specific taxa. We also
show that fast and accurate MS data processing
can be achieved using a single-step database search.
Taxonomic annotation can be generated directly
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from MS-based peptide identification using the
Unipept software. While protein and gene abun-
dances displayed an overall positive correlation, the
metaproteome showed a significant functional
enrichment compared to its metagenomic poten-
tial; thus, emphasizing the need for more metapro-
teomic  studies for adequate  functional
characterization of the microbiome.

Methods
Animals and fecal samples collection

Mouse fecal pellets, obtained from a small cohort of
six male wild-type B6EiC3SnF1/] mice, were used
to compare sample purification and protein extrac-
tion methodologies from feces (Figure SIA).
A larger cohort of 38 mice (male euploid and tri-
somic Ts65Dn) was used to obtain mouse feces, for
further assessment of the data analysis workflow.
Mice were housed and feces were collected follow-
ing the experimental procedures evaluated by the
local Ethical Committee (Barcelona Biomedical
Research Park, Spain). Fecal pellets were collected
fresh, placed at —20°C and stored at —80°C until
analysis.

DNA extraction and whole-genome sequencing

Whole genome analysis was performed on the
mouse cohort used for data analysis assessment.
In brief, DNA was extracted from fecal samples
using the FastDNA SPIN Kit (MP Biochemicals)
and following manufacturer’s instructions. DNA
concentration was measured using a Qubit fluo-
rometer (Invitrogen) and samples were shipped
frozen to the Quantitative Biology Center (QBiC)
at the University of Tuebingen for whole genome
sequencing.

Sequence data were generated on an Illumina
HiSeq 2500 instrument (chemistry SBS v3 plus
ClusterKit cBot HS) and processed as described
previously”> but with minor modifications that
follow. Supplied sequence data were checked
using fastQC v0.11.5.”° Data were trimmed with
Trim Galore! (-clip_R1 10 - clip_R2 10 -
three_prime_clip_R1 10 - three_prime_clip_R2
10 - length 50; Babraham Bioinformatics).
Mouse DNA within samples was detected by

mapping reads against the mouse genome
(GRCm38). Mouse-filtered read files (with an
average of 3.58 + .08 Gb sequence data per sample)
were used for all subsequent analyses. Kraken2
2.0.8-beta’® with the pre-compiled Genome
Taxonomy Database’” Functional annotation was
achieved by mapping centroid protein sequences
generated as described before*™”” using the
eggNOG-mapper software (v.1.0.3)”® and asso-
ciated database (v.4.5).

Sample treatment, cell lysis and protein extraction

Mouse fecal pellets obtained from wild-type
B6EiC3SnF1/] mice were used to compare sample
initial preparation methodologies (Figure S1A).
For the LSC procedure, feces (~50 mg) were
resuspended in phosphate buffer (50 mM Na,
HPO,/NaH,PO,, pH 8.0, 0.1% Tween 20, 35x
volume per mg) by vortexing vigorously for 5
min using 4 mm glass beads (ColiRollers™
Plating beads, Novagen), followed by incubation
in a sonication bath for 10 min and shaking at
1,200 rpm for 10 min in a Thermomixer with
a thermo block for reaction tubes. Insoluble mate-
rial was removed by centrifugation at 200 x g at
4°C for 15 min. The supernatant was removed and
the remaining pellet was subjected to two addi-
tional rounds of microbial cell extraction. After
merging supernatants, microbial cells were col-
lected by centrifugation at 13,000 x g at 4°C for
30 min. The pellet was resuspended in 80 uL
sodium dodecyl sulfate (SDS) buffer (2% SDS,
20 mM Tris, pH 7.5; namely pellet extraction buf-
fer) and heated at 95°C for 30 min in
a Thermomixer. The resulting suspension was
divided into two parts to obtain technical repli-
cates for the rest of the sample preparation work-
flow. Protein extraction was performed by cell
homogenization wusing .1 mm glass beads
(100 mg, SartoriusTM Glass Beads) for each repli-
cate and the FastPrep-24 5 G instrument (MP) at
4 m/s or BeadBug microtube homogenizer
(BeadBug) at 4,000 rpm. Three cycles of homoge-
nization including 1 min bead beating, 30 sec incu-
bation at 95°C, and 30 sec centrifugation at
13,000 x g were performed. The homogenate was
diluted with 800 puL MgCl, buffer (.1 mg/mL



MgCl,, 50 mM Tris, pH 7.5) and centrifuged at
13,000 rpm for 15 min. Proteins from the super-
natant were precipitated overnight in acetone and
methanol at -20°C (acetone:methanol:sample with
8:1:1 ratio). Protein pellets were resuspended in
120 pL denaturation buffer (6 M urea, 2 M
thiourea, 10 mM Tris, pH 8.0) for downstream use.
For the nLSC procedure, mouse feces (~25 mg)
were homogenized directly in 150 pL pellet extraction
buffer as described above with the following changes.
A bead mixture of .1 mm glass beads (100 mg),
5 x 1.4 mm ceramic beads (Biolab products), and
1 x 4 mm glass bead was used for five cycles of
homogenization to breakup the fecal material.

Protein digestion

Following extraction, protein amount was quantified
using Bradford assay (Bio-Rad, Munich, Germany)””
and two methods were compared to digest proteins
extracted from LSC or nLSC procedures.

The in-solution digestion method was per-
formed as follows. Proteins (20 pg starting mate-
rial) were reduced in 1 mM dithiothreitol (DTT)
and alkylated in 5.5 mM iodoacetamide at room
temperature (RT) for 1 h each. Proteins were pre-
digested with LysC at RT for 3 h using a protein to
protease ratio of 75:1. Samples were diluted nine-
fold with 50 mM ammonium bicarbonate and
digested overnight with trypsin (Sequencing
Grade Modified Trypsin, Promega) at pH 8.0
using a protein to protease ratio of 75:1.

Filter-aided sample preparation (FASP) was per-
formed as previously published.®® Briefly, proteins
(10 pg starting material) were reduced in .1 M DTT
for 40 min at RT. The reduced samples were added to
the filter units (30 kDa membrane cut oft) and cen-
trifuged at 14,000 x g for 15 min. All further centrifu-
gation steps were performed similarly unless
otherwise noted. Samples were then washed with
2 x 200 pL urea buffer (100 mM Tris/HCI, pH 8.5,
8 M urea) and centrifuged. Proteins were incubated in
50 mM IAA for 20 min at RT in the dark. After
alkylation, samples were centrifuged and washed
three times with 100 pL urea buffer. This was followed
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by three wash steps with 50 mM ammonium bicarbo-
nate (ABC) for 10 min. Proteins were digested over-
night at 37°C using trypsin digestion (Sequencing
Grade Modified Trypsin, Promega) at pH 8.0 using
a protein to protease ratio of 100:1. On the
following day, the peptides were centrifuged into
fresh tubes at 14,000 x g for 10 min. An additional
40 uL ABC buffer was added to the filter units and this
solution was also centrifuged to increase the peptide
yield.

To stop the digestion from either in-solution or
FASP workflows, the samples were acidified to pH
2.5 with formic acid and cleaned for LC-MS/MS
measurement using Empore C18 disks in
StageTips.®'

LC-MS/MS measurements

Samples were measured on an EASY-nLC 1200
(Thermo Fisher Scientific) coupled to a Q
Exactive HF mass spectrometer (Thermo Fisher
Scientific). The samples prepared for the sample
purification and protein extraction methodologies
assessment were all measured in duplicates to assess
instrument reproducibility. Peptides were chroma-
tographically separated using 75 pm (ID), 20 cm
packed in-house with reversed-phase ReproSil-Pur
120 C18-AQ 1.9 um resin (Dr. Maisch GmbH).

Peptide samples generated as part of the labora-
tory method optimization (LSC vs. nLSC, FASP vs.
in-solution) were eluted over 43 min using a 10 to
33% gradient of solvent B (80% ACN in .1% formic
acid) followed by a washout procedure. Peptide
samples generated as part of the data analysis
assessment (metaproteome VS. metagenome) were
eluted over 113 min using a 10 to 33% gradient of
solvent B (80% ACN in .1% formic acid) followed
by a washout procedure.

MS1 spectra were acquired between 300-1,650
Thompson at a resolution of 60,000 with an AGC
target of 3 x 10° within 25 ms. Using a dynamic
exclusion window of 30 sec, the top 12 most intense
ions were selected for HCD fragmentation with an
NCE of 27. MS2 spectra were acquired at
a resolution of 30,000 and a minimum AGC of
4.5 x 10° within 45 ms.
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LC-MS/MS data processing

Raw data obtained from the instrument were pro-
cessed using MaxQuant (version 1.5.2.8).>® The
protein sequence databases used for database
search consisted of the complete Mus musculus
Uniprot database (54,506 sequences) and fre-
quently observed contaminants (248 entries), as
well as the mouse microbiome catalog
(~2.6 million proteins)®' for the raw data from
laboratory method optimization samples or the
matching  metagenome  gene  translation
(~1.5 million proteins) for the raw data from data
analysis assessment samples. A FDR of 1% was
required at the peptide and protein levels.
A maximum of two missed cleavages was allowed
and full tryptic enzyme specificity was required.
Carbamidomethylation of cysteines was defined as
fixed modification, while methionine oxidation and
N-terminal acetylation were set as variable modifi-
cations. Match between runs was enabled where
applicable. Quantification was performed using
label-free quantification (LFQ)** and a minimum
peptide count of 1. All other parameters were left to
MaxQuant default settings.

Comparison of sample preparation methods

Unless stated otherwise, the analyses described
below were performed in the R environment.** To
compare the different centrifugation, digestion and
lysis methods, we counted for each sample the
number of peptide and protein groups with inten-
sities and LFQ intensities superior to zero, respec-
tively. We tested for significant differences between
methods using unpaired t-tests via the ggplot2
package.** Quantified peptides and protein groups
were checked for overlap between the centrifuga-
tion methods using the VennDiagram package. The
proportion of host (Mus musculus) proteins was
computed by summing up all host proteins iBAQ
values and then dividing by the total iBAQ per
sample. The centrifugation methods were evaluated
using an unpaired t-test.

The taxonomy representation, for the centrifu-
gation methods, was done via the Unipept online
software (v. 4.5.1).”” The quantified peptides
(intensity superior to zero) were imported into

Unipept with I-L not equal. The Unipept result
were used to count the number of non-redundant
peptides assigned to each taxonomic node.

For the differential protein abundance analysis
(between LSC and nLSC), the MSnBase package
was used as organizational framework for the pro-
tein groups LFQ data.®® Host proteins, reverse hit
and potential contaminant proteins were filtered
out. Protein groups were retained for further ana-
lysis only if more than 90% of samples within
either LSC or nLSC group had an LFQ superior
to the first quartile overall LFQ. Significantly
changing proteins were identified using paired
t-test. Significance was set at an adjusted p-value
of .01 following Benjamini-Hochberg multiple
correction testing, as well as a minimum LSC/
nLSC fold-change of +1.5. The over-
representation and GSEA testing of KEGG path-
ways were done for the significantly up- and
down-regulated proteins as well as for the proteins
uniquely identified per group via the
clusterProfiler package based on hypergeometric
distribution (p-adj. < .05).””

Single- versus two-step search assessment using
HelLa cell line sample

HelLa cells were prepared for LC-MS/MS measure-
ments using published method.*® Briefly, cells were
grown in DMEM medium and harvested at 80%
confluence. Proteins were precipitated using acet-
one and methanol. Proteins were reduced with
DTT and digested with Lys-C and trypsin.
Peptides were purified on Sep-Pak C18 Cartridge.

Sample was measured as described in the LC-MS
/MS measurements section but for a few changes.
Peptide sample was eluted over 213 min using a 7%
(0 min), 15% (140 min) and 33% (213 min) gradi-
ent of solvent B (80% ACN in .1% formic acid)
followed by a washout procedure. The top 10
most intense ions were selected for HCD
fragmentation.

Raw data were processed as described in the LC-
MS/MS data processing section with a few altera-
tions. Match between runs was disabled. The pro-
tein sequence databases used for database search
consisted of the complete Homo sapiens Uniprot
database (93,799 sequences), frequently observed



contaminants (248 entries), as well as the mouse
microbiome catalog (~2.6 million proteins).”’
Several processings were performed differing in
the number of microbiome catalog entries
included, which led to an increase in database size
of 0x, 1x, 2x, 5%, 10x and 20x compared to the
H. sapiens database alone. These processings also
differed in the database search strategies used,
namely single- or two-step search.*’

Identified MS/MS, peptides and protein groups
were assigned to kingdom of origin (conflicts were
resolved to Eukaryota by default). To compare the
different database search strategies, we counted the
number of identified MS/MS, non-redundant pep-
tides and protein groups associated to each king-
dom (as well as reverse hits and potential
contaminants). We also calculated the FDR based
solely on reverse hits or together with bacterial hits
(factual FDR) in order to investigate the true num-
ber of false positives.

Database search strategies assessment using known
microbiome samples

We used the samples generated by Kleiner and col-
leagues, specifically the uneven organisms prepara-
tion described in the earlier publication.”* This
dataset contained LC-MS/MS measurements
(N = 8) that we processed as described in the LC-
MS/MS data processing section with a few altera-
tions. Match between runs was disabled. The protein
sequence databases used for database search con-
sisted of the proteome of all 32 organisms present
in the synthetic samples (“uneven data-
base” = 122,972 sequences), frequently observed
contaminants (248 entries), as well as the mouse
microbiome catalog (~2.6 million proteins).”’
Several processings were performed differing in the
number of microbiome catalog entries included,
which led to an increase in database size of 0x, .5x,
1%, 2%, 5%, 10x and 20x compared to the “uneven
database” alone. These processings also differed in
the database search strategies used, namely single-
step search, “two-step protein” search to keep iden-
tified proteins,*’ “two-step taxa” search to keep iden-
tified taxa,”® and “two-step two sections” search to
keep identified proteins after sectioned search.**
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Identified protein groups were assigned to data-
base of origin, namely “uneven database” or mouse
microbiome catalog database. For each sample, this
allowed computation of the number of (1) true posi-
tive hits, must be hits from the “uneven database”;
(2) false positive hits, must be hits from the mouse
microbiome catalog; (3) false negative hits, the total
identified protein count in the “uneven database”
(total from 8 samples) minus the true positives; and
(4) true negative hits, the total protein count in the
mouse microbiome catalog minus the false positives.
This allowed calculation of the accuracy, precision
and sensitivity for each increase in the database size.
We also calculated the factual FDR based on reverse
hits together with mouse microbiome catalog hits in
order to investigate the true number of false
positives.

Using only the processings against the largest
database (20x), we filtered our data for protein
groups with a minimum of one or two unique
peptides. The true positive count and factual FDR
were calculated (and compared) for each combina-
tion of search strategy and filtering, as described in
the previous paragraph.

Taxonomic representation of known microbiome
samples

We also used the uneven samples generated by
Kleiner and colleagues™ to investigate the taxonomic
representation derived from MS-identified peptides.
The gold-standard processing was used, with single-
step database search against the proteome of all 32
organisms present in the synthetic samples (“uneven
database” = 122,972 sequences). MS-identified pep-
tides were submitted to (1) Kraken2 (v. 2.1.1),% (2)
Diamond (v. 2.0.9),"® or (3) Unipept online (v.
4.5.1)** software for taxonomic assignments. The
protein sequences from Uniprot (swissprot and
trembl) were used as database for each software.
The Diamond alignment was performed using sen-
sitive and taxonomic classification mode. The
Unipept online analysis was done via the metapro-
teome analysis function with I-L not equal. The
Kraken2 k-mer analysis was carried out in translated
mode using back-translated peptide sequences
(back-translation done with EMBOSS backtranseq).
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For each software approach, the complete taxonomic
lineage (NCBI) was retrieved per peptide and the
lowest common ancestor was determined.

For each sample, we determined and computed
the number of taxa that are (1) true positive hits,
must be an identified taxon used for the preparation
of the synthetic samples; (2) false positive hits, must
be an identified taxon not used for the preparation of
the synthetic samples; (3) false negative hits, the total
number of taxa used for the preparation of the syn-
thetic samples minus the true positives; and (4) true
negative hits, the total number of taxa (with at least
one Uniprot protein) minus the true and false posi-
tives. This allowed calculation of the accuracy, pre-
cision, specificity, sensitivity and F-measure for
different PSM count thresholds. Taxa were then
quantified per sample based on the different software
approaches by summing the peptide intensities and
then normalized to percentage of total peptide inten-
sities. At each taxonomic level, the Spearman’s rank
correlation was calculated between the expected
taxon representation in the uneven samples and the
taxa representation determined from each software.

To investigate the taxonomic identification in con-
text of different database search strategies, we per-
formed the taxonomic annotation via Unipept for all
uneven data processings described in the above sec-
tion. We then carried out all steps described in the
previous paragraph in order to compute the
F-measure per search strategy and database size.

Taxonomic representation of fecal microbiome
samples

All subsequent sections use the fecal samples from
a 38 mice cohort. These were prepared via LSC and
in-solution protein digestion, as described above.
The resulting peptide mixtures were measured on
a Q Exactive HF mass spectrometer and processed
against the matching metagenome gene translation,
as described above.

The MS-identified peptides in this dataset were
taxonomically annotated with Kraken2, Diamond
and Unipept, as described above. Taxa were quanti-
fied as described above (sum of peptide intensities).
The Spearman’s rank correlation in taxon represen-
tation was calculated for each pairwise combination
of samples within software.

For each sample, we determined and computed
the number of species that are (1) true positive hits,
must be an identified species reported in the mouse
microbiome catalog; (2) false positive hits, must be an
identified species not reported in the mouse micro-
biome catalog; and (3) false negative hits, the total
number of species reported in the mouse micro-
biome catalog minus the true positives. This allowed
calculation of the precision, sensitivity and
F-measure for each samples and annotation software.

Metagenome to metaproteome correlation

All subsequent sections use the fecal samples from
a 38 mice cohort. These were prepared via LSC and
in-solution protein digestion, as described above.
The resulting peptide mixtures were measured on
a Q Exactive HF mass spectrometer and processed
against the matching metagenome gene translation,
as described above. For direct comparison between
metagenome and metaproteome, the identified
genes were collapsed into groups identical to pro-
tein groups composition from mass spectrometry.
Each gene groups abundance was calculated as the
highest gene abundance within that group. Each
gene groups and corresponding protein groups
abundances were correlated across samples using
Spearman’s rank correlation from the stats package.
Significance was set at an adjusted p-value of .05
following Benjamini-Hochberg multiple correction
testing. The GSEA testing of KEGG pathways and
Gene ontologies were performed via the
clusterProfiler package based on hypergeometric
distribution (p-adj. < .05)*” following z-scoring of
Spearman rho estimate per KEGG orthologies.

Functional KEGG categories representation

For each sample, the protein groups iBAQ values
were summed per KEGG category (level 2) on the
basis of KEGG orthology annotation. The same
approach was also undertaken for gene count. The
KEGG category abundance were normalized for
differing number of KO entries per category and
for variation between samples; this was done sepa-
rately for metagenome and metaproteome.
Differences in KEGG category abundance between
metagenome and metaproteome were tested using
paired t-tests from the stats package. Significance



was set at an adjusted p-value of .01 following
Benjamini-Hochberg multiple correction testing.
Significantly changing KEGG categories were
prioritized based on gene groups to protein groups
correlation (see section Metagenome to metapro-
teome correlation), whereby the Wilcoxon rank-
sum test was used to identify KEGG category con-
taining KO entries whose correlation differ from
overall distribution (adjusted p-value < .05).

To investigate further these selected KEGG cate-
gories, the protein groups iBAQ and gene count were
used as described in the previous paragraph to derive
KO normalized abundance and t-test results. Using
the KO entries from each selected KEGG categories,
separate GSEA testing of KEGG pathways were per-
formed via the clusterProfiler package based on hyper-
geometric distribution (p-adj. <.05).

Acknowledgments

MED, BM, XA and LD are grateful to the European Community
7™ Framework Program under Coordinated Action NEURON-
ERANET (grant agreement 291840). BM was supported by
grants from the Deutsche Forschungsgemeinschaft (German
Research Foundation Cluster of Excellence EXC 2124 and
TRR261, project ID 398967434). This work was supported by
the European Union’s Horizon 2020 research and innovation
programme under the Marie Sklodowska-Curie grant agreement
No. 955626. BM and NN acknowledge support by the High
Performance and Cloud Computing Group at the Center for
Data Processing of the University of Tiibingen, the state of
Baden-Wuerttemberg through bwHPC. The metagenomic
work detailed herein used the computing resources of the UK
MEDical BIOinformatics partnership - aggregation, integration,
visualization and analysis of large, complex data (UK Med-Bio) -
which was supported by the Medical Research Council (grant
number MR/L01632X/1). XA acknowledge support from the
MINECO, Spain (grant number PCIN-2014-105).

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding
This work was supported by the Deutsche
Forschungsgemeinschaft [EXC 2124]; Deutsche

Forschungsgemeinschaft [TRR261, project ID 398967434];

GUT MICROBES (&) 199483619

SPAIN MINECO [PCIN-2014-105]; ERA-NET NEURON
[291840]; ERA-NET NEURON [291840]; ERA-NET
NEURON [291840]; ERA-NET NEURON [291840].

ORCID

Laura Martinez-Gili (2 http://orcid.org/0000-0001-5271-9672
Boris Macek (2 http://orcid.org/0000-0002-1206-2458

Author contributions

LD, XA, MD and BM designed the study. XA and CG gener-
ated the mouse cohorts and collected the murine faecal mate-
rial. LMG extracted the DNA from all faecal samples prior to
metagenomic sequencing. VA, TG and ID prepared the mur-
ine faecal samples for proteomic measurement by mass spec-
trometry. LH processed the metagenomic data, generating the
taxonomic and gene abundance outputs. NN processed the
metaproteomic datasets and performed the proteogenomic
integration. NN wrote the manuscript with the input from
all authors.

Data availability statement

The complete metaproteomic bioinformatic workflow is avail-
able online.”” The mass spectrometry proteomic data have
been deposited to the ProteomeXchange Consortium via the
PRIDE® partner repository with the dataset identifiers
PXD020695, PXD020738, PXD021928, PXD021932 and
PXD027306. Trimmed whole genome sequence data with
mouse reads removed have been deposited with GenBank,
EMBL and DDB]J databases under the BioProject accession
PRJNA473429.

References

1. Jandhyala SM, Talukdar R, Subramanyam C, Vuyyuru
H, Sasikala M, Nageshwar Reddy D. Role of the normal
gut microbiota. World ] Gastroenterol. 2015;21
(29):8787-8803. doi:10.3748/wjg.v21.i29.8787.

2. Valdes AM, Walter J, Segal E, Spector TD. Role of the
gut microbiota in nutrition and health. BMJ. 2018;361:
k2179. doi:10.1136/bmj.k2179.

3. Arumugam M, Raes ], Pelletier E, Le Paslier D,
Yamada T, Mende DR, Fernandes GR, Tap J, Bruls T,
Batto J-M, et al. Enterotypes of the human gut
microbiome. Nature. 2011 May;473(7346):174-180.
doi:10.1038/nature09944.

4. Vieira-Silva S, Falony G, Belda E, Nielsen T, Aron-
Wisnewsky J, Chakaroun R, Forslund SK, Assmann K,
Valles-Colomer M, Nguyen TTD, et al. Statin therapy is


https://doi.org/10.3748/wjg.v21.i29.8787
https://doi.org/10.1136/bmj.k2179
https://doi.org/10.1038/nature09944

€1994836-20 N. NALPAS ET AL.

10.

11.

12.

13.

14.

associated with lower prevalence of gut microbiota
dysbiosis. Nature. 2020 May;581(7808):310-315.
doi:10.1038/541586-020-2269-x.

. Wang J, Linnenbrink M, Kiinzel S, Fernandes R,

Nadeau M-], Rosenstiel P, Baines JF. Dietary history
contributes to enterotype-like clustering and functional
metagenomic content in the intestinal microbiome of
wild mice. Proc Natl Acad Sci. 2014;111(26):E2703.
doi:10.1073/pnas.1402342111.

. Ladau J, Eloe-Fadrosh EA. Spatial, temporal, and phyloge-

netic scales of microbial ecology. Trends Microbiol. 2019
Aug 01;27(8):662-669. doi:10.1016/j.tim.2019.03.003.

. Parfrey LW, Knight R. Spatial and temporal variability

of the human microbiota. Clini Microbiol Infect. 2012
July 01;18:5-7. doi:10.1111/j.1469-0691.2012.03861.x.

. Sampson TR, Debelius JW, Thron T, Janssen S,

Shastri GG, Ilhan ZE, Challis C, Schretter CE,
Rocha S, Gradinaru V, et al. Gut microbiota regulate
motor deficits and neuroinflammation in a model of
Parkinson’s disease. Cell. 2016 Dec 1;167(6):1469-
1480 el2. doi:10.1016/j.cell.2016.11.018.

. Ley RE, Turnbaugh PJ, Klein S, Gordon JI. Microbial

ecology: human gut microbes associated with obesity.
Nature. 2006 Dec 21;444(7122):1022-1023. doi:10.1038/
4441022a.

Xiao L, Sonne SB, Feng Q, Chen N, Xia Z, Li X, Fang Z,
Zhang D, Fjere E, Midtbe LK, et al. High-fat feeding
rather than obesity drives taxonomical and functional
changes in the gut microbiota in mice. Microbiome.
2017 Apr 8;5(1):43. doi:10.1186/540168-017-0258-6.
Zhang X, Deeke SA, Ning Z, Starr AE, Butcher J, Li J,
Mayne J, Cheng K, Liao B, Li L, et al. Metaproteomics
reveals associations between microbiome and intestinal
extracellular vesicle proteins in pediatric inflammatory
bowel disease. Nat Commun. 2018 Jul 20;9(1):2873.
doi:10.1038/541467-018-05357-4.

Hsiao EY, McBride SW, Hsien S, Sharon G, Hyde E,
McCue T, Codelli J, Chow ], Reisman S, Petrosino J, et al.
Microbiota modulate behavioral and physiological
neurodevelopmental
19;155(7):1451-1463.

abnormalities  associated ~ with
disorders. Cell. 2013 Dec
doi:10.1016/j.cell.2013.11.024.
Tengeler AC, Dam SA, Wiesmann M, Naaijen ], van
Bodegom M, Belzer C, Dederen PJ, Verweij V,
Franke B, Kozicz T, et al. Gut microbiota from persons
with attention-deficit/hyperactivity disorder affects the
brain in mice. Microbiome. 2020 April 01;8(1):44.
doi:10.1186/s40168-020-00816-x.

Wang L, Christophersen CT, Sorich MJ, Gerber JP,
Angley MT, Conlon MA. Increased abundance of
Sutterella spp. and Ruminococcus torques in feces
of children with autism spectrum disorder. Mol
Autism. 2013 Nov 4;4(1):42. doi:10.1186/2040-2392-
4-42.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Biagi E, Candela M, Centanni M, Consolandi C,
Rampelli S, Turroni S, Severgnini M, Peano C, Ghezzo A,
Scurti M, et al. Gut microbiome in down syndrome. PLOS
ONE. 2014;9(11):e112023. doi:10.1371/journal.
pone.0112023.

Hettich RL, Pan C, Chourey K, Giannone R]J.
Metaproteomics: harnessing the power of high perfor-
mance mass spectrometry to identify the suite of pro-
teins that control metabolic activities in microbial
communities. Anal Chem. 2013 May 785
(9):4203-4214. doi:10.1021/ac303053e.

Li X, LeBlanc J, Truong A, Vuthoori R, Chen SS,
Lustgarten JL, Roth B, Allard J, Ippoliti A, Presley LL,
et al. A metaproteomic approach to study
human-microbial ecosystems at the mucosal luminal
interface. PloS One. 2011;6(11):e26542-e26542.
doi:10.1371/journal.pone.0026542.

Ram RJ, Verberkmoes NC, Thelen MP, Tyson GW,
Baker BJ, Blake RC. Community proteomics of
a natural microbial biofilm. Science. 2005 Jun 24;308
(5730):1915-1920. doi:10.1126/science.1109070.

Zhang X, Li L, Mayne J, Ning Z, Stintzi A, Figeys D.

Assessing the impact of protein extraction
methods for human gut metaproteomics.
] Proteomics. 2018  May  30;180:120-127.

doi:10.1016/.jprot.2017.07.001.

Tanca A, Palomba A, Pisanu S, Deligios M, Fraumene C,
Manghina V, Pagnozzi D, Addis MF, Uzzau S.
A straightforward and efficient analytical pipeline for
metaproteome characterization. Microbiome. 2014;2
(1):49. doi:10.1186/s40168-014-0049-2.

Heyer R, Schallert K, Budel A, Zoun R, Dorl S, Behne A,
Kohrs F, Piittker S, Siewert C, Muth T, et al. A robust
and universal metaproteomics workflow for research
studies and routine diagnostics within 24 h using phe-
nol  extraction, FASP  digest, and  the
MetaProteomeAnalyzer. Front Microbiol.
2019;10:1883. d0i:10.3389/fmicb.2019.01883.

Gonzalez CG, Wastyk HC, Topf M, Gardner CD,
Sonnenburg JL, Elias JE. High-throughput stool metapro-
teomics: method and application to human specimens.
mSystems. 2020 Jun 30;5(3). doi:10.1128/
mSystems.00200-20.

Xiong W, Giannone RJ, Morowitz M]J, Banfield JF,
Hettich RL. Development of an enhanced metapro-
teomic approach for deepening the microbiome
characterization of the human infant gut.
J  Proteome Res. 2015 Jan 2;14(1):133-141.
doi:10.1021/pr500936p.

Tanca A, Palomba A, Pisanu S, Addis MF, Uzzau S.
Enrichment or depletion? The impact of stool pretreat-
ment on metaproteomic characterization of the human
gut  microbiota. Proteomics. 2015 Oct;15
(20):3474-3485. doi:10.1002/pmic.201400573.


https://doi.org/10.1038/s41586-020-2269-x
https://doi.org/10.1073/pnas.1402342111
https://doi.org/10.1016/j.tim.2019.03.003
https://doi.org/10.1111/j.1469-0691.2012.03861.x
https://doi.org/10.1016/j.cell.2016.11.018
https://doi.org/10.1038/4441022a
https://doi.org/10.1038/4441022a
https://doi.org/10.1186/s40168-017-0258-6
https://doi.org/10.1038/s41467-018-05357-4
https://doi.org/10.1016/j.cell.2013.11.024
https://doi.org/10.1186/s40168-020-00816-x
https://doi.org/10.1186/2040-2392-4-42
https://doi.org/10.1186/2040-2392-4-42
https://doi.org/10.1371/journal.pone.0112023
https://doi.org/10.1371/journal.pone.0112023
https://doi.org/10.1021/ac303053e
https://doi.org/10.1371/journal.pone.0026542
https://doi.org/10.1126/science.1109070
https://doi.org/10.1016/j.jprot.2017.07.001
https://doi.org/10.1186/s40168-014-0049-2
https://doi.org/10.3389/fmicb.2019.01883
https://doi.org/10.1128/mSystems.00200-20
https://doi.org/10.1128/mSystems.00200-20
https://doi.org/10.1021/pr500936p
https://doi.org/10.1002/pmic.201400573

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Gavin PG, Wong J, Loo D, Zipris D, Hill MM,
Hamilton-Williams EE. Metaproteomic sample pre-
paration methods bias the recovery of host and micro-
bial proteins according to taxa and cellular
compartment. ] Proteomics. 2021 May 30;240:104219.
doi:10.1016/j.jprot.2021.104219.

Muth T, Behne A, Heyer R, Kohrs F, Benndorf D,
Hoffmann M, Lehtevi M, Reichl U, Martens L,
Rapp E, et al. The MetaProteomeAnalyzer: a powerful
open-source software suite for metaproteomics data
analysis and interpretation. ] Proteome Res. 2015 Mar
6;14(3):1557-1565. d0i:10.1021/pr501246w.

Cheng K, Ning Z, Zhang X, Li L, Liao B, Mayne J,
Stintzi A, Figeys D. MetaLab: an automated pipeline
for metaproteomic data analysis. Microbiome. 2017
Dec 2;5(1):157. doi:10.1186/s40168-017-0375-2.
Mesuere B, Devreese B, Debyser G, Aerts M,
Vandamme P, Dawyndt P. Unipept: tryptic
peptide-based biodiversity analysis of metaproteome
samples. ] Proteome Res. 2012 Dec 711
(12):5773-5780. doi:10.1021/pr300576s.
Timmins-Schiffman E, May DH, Mikan M, Riffle M,
Frazar C, Harvey HR, Noble WS, Nunn BL. Critical
decisions in metaproteomics: achieving high confidence
protein annotations in a sea of unknowns. ISME J. 2017
Feb;11(2):309-314. doi:10.1038/isme;j.2016.132.

Tanca A, Palomba A, Fraumene C, Pagnozzi D,
Manghina V, Deligios M, Muth T, Rapp E, Martens L,
Addis MF, et al. The impact of sequence database choice on
metaproteomic results in gut microbiota studies.
Microbiome. 2016 Sep 27;4(1):51. doi:10.1186/s40168-
016-0196-8.

Kunath BJ, Minniti G, Skaugen M, Hagen LH, Vaaje-
Kolstad G, Eijsink VGH, et al. Metaproteomics: sample
preparation and methodological considerations. Adv
Exp Med Biol. 2019;1073:187-215.

Kleiner M, Thorson E, Sharp CE, Dong X, Liu D, Li C,
Strous M. Assessing species biomass contributions in
microbial communities via metaproteomics. Nat
Commun. 2017 Nov 16;8(1):1558. doi:10.1038/s41467-
017-01544-x.

Pible O, Allain F, Jouffret V, Culotta K, Miotello G,
Armengaud J. Estimating relative biomasses of organisms
in microbiota using “phylopeptidomics”. Microbiome.
2020;8(1):30. doi:10.1186/s40168-020-00797-x.
Verberkmoes NC, Russell AL, Shah M, Godzik A,
Rosenquist M, Halfvarson J, Lefsrud MG, Apajalahti J,
Tysk C, Hettich RL, et al. Shotgun metaproteomics of
the human distal gut microbiota. The ISME Journal.
2009 Feb;3(2):179-189. doi:10.1038/isme;j.2008.108.
Kolmeder CA, De Been M, Nikkila J, Ritamo I, Mitt6 J,
Valmu L, Salojérvi ], Palva A, Salonen A, de Vos WM, et al.
Comparative metaproteomics and diversity analysis of
human intestinal microbiota testifies for its temporal sta-
bility and expression of core functions. PLoS One. 2012;7
(1):29913. doi:10.1371/journal.pone.0029913.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

GUT MICROBES (&) e1994836-21

Cox J, Mann M. MaxQuant enables high peptide iden-
tification rates, individualized p.p.b.-range mass accura-
cies and proteome-wide protein quantification. Nat
Biotechnol. 2008 Dec;26(12):1367-1372. doi:10.1038/
nbt.1511.

Mesuere B, Van Der Jeugt F, Willems T, Naessens T,
Devreese B, Martens L, Dawyndt P. High-throughput
metaproteomics data analysis with Unipept: a tutorial.
J Proteomics. 2018 Jan 16;171:11-22. doi:10.1016/j.
jprot.2017.05.022.

Bdckhed F, Ding H, Wang T, Hooper LV, Koh GY,
Nagy A, Semenkovich CF, Gordon JI. The gut micro-
biota as an environmental factor that regulates fat
storage. Proc Natl Acad Sci U S A. 2004;101
(44):15718-15723. doi:10.1073/pnas.0407076101.

Yu G, Wang LG, Han Y, He Q-Y. clusterProfiler: an
R package for comparing biological themes among gene
clusters. OMICS. 2012 May;16(5):284-287. doi:10.1089/
omi.2011.0118.

Jagtap P, Goslinga J, Kooren JA, McGowan T,
Wroblewski MS, Seymour SL, Griffin TJ. A two-step
database search method improves sensitivity in peptide
sequence matches for metaproteomics and proteoge-
nomics  studies.  Proteomics. 2013  Apr;13
(8):1352-1357. doi:10.1002/pmic.201200352.
Bassignani A, Plancade S, Berland M, Blein-Nicolas M,
Guillot A, Chevret D, Moritz C, Huet S, Rizkalla S,
Clément K, et al. Benefits of iterative searches of large
databases to interpret large human gut metaproteomic
data sets. ] Proteome Res. 2021 Mar 05;20
(3):1522-1534. doi:10.1021/acs.jproteome.0c00669.
Liao B, Ning Z, Cheng K, Zhang X, Li L, Mayne J,
Figeys D. iMetaLab 1.0: a web platform for metaproteo-
mics data analysis. Bioinformatics. 2018 Jun 15;34
(22):3954-3956. doi:10.1093/bioinformatics/bty466.
Blakeley-Ruiz JA, Erickson AR, Cantarel BL, Xiong W,
Adams R, Jansson JK, Fraser CM, Hettich RL.
Metaproteomics reveals persistent and phylum-
redundant metabolic functional stability in adult
human gut microbiomes of Crohn’s remission patients
despite temporal variations in microbial taxa, genomes,
and proteomes. Microbiome. 2019 Feb 11;7(1):18.
doi:10.1186/s40168-019-0631-8.

Kumar P, Johnson JE, Easterly C, Mehta S, Sajulga R,
Nunn B, Jagtap PD, Griffin TJ. A sectioning and data-
base enrichment approach for improved peptide spec-
trum matching in large, genome-guided protein
sequence databases. ] Proteome Res. 2020 Jul 2;19
(7):2772-2785. doi:10.1021/acs.jproteome.0c00260.
Heyer R, Schallert K, Zoun R, Becher B, Saake G,
Benndorf D. Challenges and perspectives of metapro-
teomic data analysis. ] Biotechnol. 2017 Nov
10;261:24-36. doi:10.1016/j.jbiotec.2017.06.1201.
Wood DE, Lu J, Langmead B. Improved metagenomic
analysis with Kraken 2. Genome Biol. 2019 Nov 28;20
(1):257. doi:10.1186/s13059-019-1891-0.


https://doi.org/10.1016/j.jprot.2021.104219
https://doi.org/10.1021/pr501246w
https://doi.org/10.1186/s40168-017-0375-2
https://doi.org/10.1021/pr300576s
https://doi.org/10.1038/ismej.2016.132
https://doi.org/10.1186/s40168-016-0196-8
https://doi.org/10.1186/s40168-016-0196-8
https://doi.org/10.1038/s41467-017-01544-x
https://doi.org/10.1038/s41467-017-01544-x
https://doi.org/10.1186/s40168-020-00797-x
https://doi.org/10.1038/ismej.2008.108
https://doi.org/10.1371/journal.pone.0029913
https://doi.org/10.1038/nbt.1511
https://doi.org/10.1038/nbt.1511
https://doi.org/10.1016/j.jprot.2017.05.022
https://doi.org/10.1016/j.jprot.2017.05.022
https://doi.org/10.1073/pnas.0407076101
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1002/pmic.201200352
https://doi.org/10.1021/acs.jproteome.0c00669
https://doi.org/10.1093/bioinformatics/bty466
https://doi.org/10.1186/s40168-019-0631-8
https://doi.org/10.1021/acs.jproteome.0c00260
https://doi.org/10.1016/j.jbiotec.2017.06.1201
https://doi.org/10.1186/s13059-019-1891-0

€1994836-22 N. NALPAS ET AL.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Chen Y, Brook TC, Soe CZ, O'Neill I, Alcon-Giner C,
Leelastwattanagul O, et al. Preterm infants harbour
diverse Klebsiella populations, including atypical spe-
cies that encode and produce an array of antimicrobial
resistance- and virulence-associated factors. Microb
Genom. 2020 Jun;6(6).

Buchfink B, Xie C, Huson DH. Fast and sensitive pro-
tein alignment using DIAMOND. Nat Methods. 2015
Jan;12(1):59-60. doi:10.1038/nmeth.3176.

Huson DH, Beier S, Flade I, Gérska A, El-Hadidi M,
Mitra S, Ruscheweyh H-J, Tappu R. MEGAN community
edition - interactive exploration and analysis of large-scale
microbiome sequencing data. PLoS Comput Biol. 2016
Jun;12(6):e1004957. doi:10.1371/journal.pcbi.1004957.

Mesuere B, Van Der Jeugt F, Devreese B, Vandamme P,
Dawyndt P. The unique peptidome: taxon-specific tryp-
tic peptides as biomarkers for targeted metaproteomics.
Proteomics. 2016 Sep;16(17):2313-2318. doi:10.1002/
pmic.201600023.

Xiao L, Feng Q, Liang S, Sonne SB, Xia Z, Qiu X, Li X,
Long H, Zhang J, Zhang D, et al. A catalog of the mouse
gut metagenome. Nat Biotechnol. 2015 Oct;33
(10):1103-1108. doi:10.1038/nbt.3353.

Mills RH, Vazquez-Baeza Y, Zhu Q, Jiang L, Gaftney J,
Humphrey G, et al. Evaluating metagenomic prediction
of the metaproteome in a 4.5-year study of a patient
with Crohn’s disease. mSystems. 2019 Jan-Feb;4(1).
doi:10.1128/mSystems.00337-18.

Salvato F, Hettich RL, Kleiner M, Hogan DA. Five key
aspects of metaproteomics as a tool to understand func-
tional interactions in host-associated microbiomes.
PLoS Pathog. 2021 Feb;17(2):e1009245. doi:10.1371/
journal.ppat.1009245.

Zhang X, Li L, Butcher J, Stintzi A, Figeys D. Advancing
functional and translational microbiome research using
meta-omics approaches. Microbiome. 2019 Dec 6;7
(1):154. doi:10.1186/s40168-019-0767-6.
Heintz-Buschart A, May P, Laczny CC, Lebrun LA,
Bellora C, Krishna A, Wampach L, Schneider ]G,
Hogan A, De Beaufort C, et al. Integrated multi-omics
of the human gut microbiome in a case study of familial
type 1 diabetes. Nat Microbiol. 2017 Oct 10;2(1):16180.
doi:10.1038/nmicrobiol.2016.180.

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of
genes and genomes. Nucleic Acids Res. 2000 Jan 1;28
(1):27-30. d0i:10.1093/nar/28.1.27.

Zhang X, Ning Z, Mayne ], Moore JI, Li ], Butcher J,
Deeke SA, Chen R, Chiang C-K, Wen M, et al. MetaPro-
IQ: a universal metaproteomic approach to studying
human and mouse gut microbiota. Microbiome. 2016
Jun 24;4(1):31. doi:10.1186/s40168-016-0176-z.

Tanca A, Manghina V, Fraumene C, Palomba A,
Abbondio M, Deligios M, Silverman M, Uzzau S.
Metaproteogenomics reveals taxonomic and functional

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

changes between cecal and fecal microbiota in mouse.
Front Microbiol. 2017;8:391. doi:10.3389/
fmicb.2017.00391.

Michalski A, Damoc E, Hauschild JP, Lange O,
Wieghaus A, Makarov A, Nagaraj N, Cox J, Mann M,
Horning S, et al. Mass spectrometry-based proteomics
using Q exactive, a high-performance benchtop quad-
rupole Orbitrap mass spectrometer. Mol Cell
Proteomics. 2011 Sep;10(9):M111 011015. doi:10.1074/
mcp.M111.011015.

Williamson JC, Edwards AV, Verano-Braga T,
Schwiammle V, Kjeldsen F, Jensen ON, Larsen MR.
High-performance hybrid Orbitrap mass spectrometers
for quantitative proteome analysis: observations and
implications. Proteomics. 2016 Mar;16(6):907-914.
doi:10.1002/pmic.201400545.

Cichocki N, Hibschmann T, Schattenberg F,
Kerckhof F-M, Overmann J, Miiller S. Bacterial mock
communities as standards for reproducible cytometric
microbiome analysis. Nat Protoc. 2020 Sep 01;15
(9):2788-2812. doi:10.1038/s41596-020-0362-0.

Singer E, Andreopoulos B, Bowers RM, Lee ],
Deshpande S, Chiniquy J, Ciobanu D, Klenk H-P,
Zane M, Daum C, et al. Next generation sequencing data
of a defined microbial mock community. Scientific Data.
2016 Sep 27;3(1):160081. doi:10.1038/sdata.2016.81.
Ericsson AC, Hart ML, Kwan J, Lanoue L, Bower LR,
Araiza R, Kent Lloyd KC, Franklin CL. Supplier-origin
mouse microbiomes significantly influence locomotor
and anxiety-related behavior, body morphology, and
metabolism. Commun Biol. 2021 June 10;4(1):716.
doi:10.1038/s42003-021-02249-0.

Randall DW, Kieswich J, Swann ], McCafferty K,
Thiemermann C, Curtis M, Hoyles L, Yaqoob MM.
Batch effect exerts a bigger influence on the rat urinary
metabolome and gut microbiota than uraemia:
a cautionary tale. Microbiome. 2019 Sep 2;7(1):127.
doi:10.1186/540168-019-0738-y.

Markle JG, Frank DN, Mortin-Toth S, Robertson CE,
Feazel LM, Rolle-Kampczyk U, von Bergen M,
McCoy KD, Macpherson AJ, Danska JS, et al. Sex differ-
ences in the gut microbiome drive hormone-dependent
regulation of autoimmunity. Science. 2013 Mar 1;339
(6123):1084-1088. doi:10.1126/science.1233521.

Valeri F, Endres K. How biological sex of the host
shapes its gut microbiota. Front Neuroendocrinol.
2021 Apr;61:100912. doi:10.1016/j.yfrne.2021.100912.
Weger BD, Gobet C, Yeung J, Martin E, Jimenez §,
Betrisey B, et al. The mouse microbiome is required
for sex-specific diurnal rhythms of gene expression
and metabolism. Cell Metab. 2019 Feb 5;29(2):362-
382.€8. doi:10.1016/j.cmet.2018.09.023.

Gierse LC, Meene A, Schultz D, Schwaiger T, Karte C,
Schréder C, Wang H, Wiinsche C, Methling K,
Kreikemeyer B, et al. A multi-omics protocol for swine


https://doi.org/10.1038/nmeth.3176
https://doi.org/10.1371/journal.pcbi.1004957
https://doi.org/10.1002/pmic.201600023
https://doi.org/10.1002/pmic.201600023
https://doi.org/10.1038/nbt.3353
https://doi.org/10.1128/mSystems.00337-18
https://doi.org/10.1371/journal.ppat.1009245
https://doi.org/10.1371/journal.ppat.1009245
https://doi.org/10.1186/s40168-019-0767-6
https://doi.org/10.1038/nmicrobiol.2016.180
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1186/s40168-016-0176-z
https://doi.org/10.3389/fmicb.2017.00391
https://doi.org/10.3389/fmicb.2017.00391
https://doi.org/10.1074/mcp.M111.011015
https://doi.org/10.1074/mcp.M111.011015
https://doi.org/10.1002/pmic.201400545
https://doi.org/10.1038/s41596-020-0362-0
https://doi.org/10.1038/sdata.2016.81
https://doi.org/10.1038/s42003-021-02249-0
https://doi.org/10.1186/s40168-019-0738-y
https://doi.org/10.1126/science.1233521
https://doi.org/10.1016/j.yfrne.2021.100912
https://doi.org/10.1016/j.cmet.2018.09.023

69.

70.

71.

72.

73.

74.

75.

76.

77.

feces to elucidate longitudinal dynamics in microbiome
structure and function. Microorganisms. 2020 Nov 28;8
(12):1887. doi:10.3390/microorganisms8121887.
Robinson AM, Gondalia SV, Karpe AV, Eri R, Beale DJ,
Morrison PD, Palombo EA, Nurgali K. Fecal microbiota
and metabolome in a mouse model of spontaneous
chronic colitis: relevance to human inflammatory
bowel disease. Inflamm Bowel Dis. 2016;22
(12):2767-2787. doi:10.1097/MIB.0000000000000970.
Muth T, Kolmeder CA, Salojarvi ], Keskitalo S, Varjosalo
M, Verdam FJ, et al. Navigating through metaproteomics
data: a logbook of database searching. Proteomics. 2015
Oct;15(20):3439-3453. doi:10.1002/pmic.201400560.
Grassl N, Kulak NA, Pichler G, Geyer PE, Jung J, Schubert
S, et al. Ultra-deep and quantitative saliva proteome reveals
dynamics of the oral microbiome. Genome Med. 2016;8
(1):44. doi:10.1186/513073-016-0293-0.

Edirisinghe JN, Weisenhorn P, Conrad N, Xia F,
Overbeek R, Stevens RL, Henry CS. Modeling central
metabolism and energy biosynthesis across microbial
life. BMC Genomics. 2016 Aug 8;17(1):568.
doi:10.1186/512864-016-2887-8.

Urich T, Lanzén A, Stokke R, Pedersen RB, Bayer C,
Thorseth IH, et al. Microbial community structure and
functioning in marine sediments associated with diffuse
hydrothermal venting assessed by
meta-omics. Environ Microbiol. 2014
(9):2699-2710. doi:10.1111/1462-2920.12283.
Sidoli S, Kulej K, Garcia BA. Why proteomics is not the
new genomics and the future of mass spectrometry in
cell biology. ] Cell Biol. 2017 Jan 2;216(1):21-24.
doi:10.1083/jcb.201612010.

Hoyles L, Fernandez-Real JM, Federici M, Serino M,
Abbott J, Charpentier J, Heymes C, Luque JL,
Anthony E, Barton RH, et al. Molecular phenomics
and metagenomics of hepatic steatosis in non-diabetic
obese women. Nat Med. 2018 Jul;24(7):1070-1080.
doi:10.1038/541591-018-0061-3.

Andrews S. FastQC A quality control tool for high
throughput sequence data. http://www.bioinformatics.
babraham.ac.uk/projects/fastqc/; 2010.

Parks DH, Chuvochina M, Chaumeil PA, Rinke C, Mussig
AJ, Hugenholtz P. A complete domain-to-species taxon-
omy for bacteria and archaea. Nat Biotechnol. 2020 Sep;38
(9):1079-1086. doi:10.1038/s41587-020-0501-8.

integrated
Sep;16

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

GUT MICROBES (&) e1994836-23

Huerta-Cepas J, Forslund K, Coelho LP, Szklarczyk D,
Jensen LJ, von Mering C, Bork P. Fast genome-wide
functional annotation through orthology assignment by
eggNOG-mapper. Mol  Biol  Evol.  2017;34
(8):2115-2122. d0i:10.1093/molbev/msx148.

Bradford MM. A rapid and sensitive method for the quan-
titation of microgram quantities of protein utilizing the
principle of protein-dye binding. Anal Biochem. 1976
May  7;72(1-2):248-254.  doi:10.1016/0003-2697(76)
90527-3.

Wisniewski JR, Zougman A, Nagaraj N, Mann M.
Universal sample preparation method for proteome
analysis. Nat Methods. 2009 May;6(5):359-362.
doi:10.1038/nmeth.1322.

Rappsilber J, Mann M, Ishihama Y. Protocol for
micro-purification, enrichment, pre-fractionation and sto-
rage of peptides for proteomics using StageTips. Nat
Protoc. 2007;2(8):1896-1906. doi:10.1038/nprot.2007.261.
Cox J, Hein MY, Luber CA, Paron I, Nagaraj N, Mann M.
Accurate proteome-wide label-free quantification by
delayed normalization and maximal peptide ratio extrac-
tion, termed MaxLFQ. Mol Cell Proteomics. 2014 Sep;13
(9):2513-2526. d0i:10.1074/mcp.M113.031591.

R Core Team. R: a language and environment for sta-
tistical computing. Vienna (Austria): R Foundation for
Statistical Computing; 2018.

Wickham H. ggplot2: elegant graphics for data analysis.
2016.

Gatto L, Lilley KS. MSnbase-an R/Bioconductor pack-
age for isobaric tagged mass spectrometry data visuali-
zation, processing and quantitation. Bioinformatics.
2012 Jan 15;28(2):288-289.

Schmitt M, Sinnberg T, Nalpas NC, Maass A,
Schittek B, Macek B. Quantitative proteomics links
the intermediate filament nestin to resistance to tar-
geted BRAF inhibition in melanoma cells. Mol Cell
Proteomics. 2019 Jun;18(6):1096-1109. doi:10.1074/
mcp.RA119.001302.

Nalpas N, Macek B. Integrated metaproteomics work-
flow. 1.0. Zenodo. 2020.

Perez-Riverol Y, Csordas A, Bai J, Bernal-Llinares M,
Hewapathirana S, Kundu DJ, et al. The PRIDE database
and related tools and resources in 2019: improving support
for quantification data. Nucleic Acids Res. 2019 Jan 8;47
(D1):D442-D450. doi:10.1093/nar/gky1106.


https://doi.org/10.3390/microorganisms8121887
https://doi.org/10.1097/MIB.0000000000000970
https://doi.org/10.1002/pmic.201400560
https://doi.org/10.1186/s13073-016-0293-0
https://doi.org/10.1186/s12864-016-2887-8
https://doi.org/10.1111/1462-2920.12283
https://doi.org/10.1083/jcb.201612010
https://doi.org/10.1038/s41591-018-0061-3
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://doi.org/10.1038/s41587-020-0501-8
https://doi.org/10.1093/molbev/msx148
https://doi.org/10.1016/0003-2697(76)90527-3
https://doi.org/10.1016/0003-2697(76)90527-3
https://doi.org/10.1038/nmeth.1322
https://doi.org/10.1038/nprot.2007.261
https://doi.org/10.1074/mcp.M113.031591
https://doi.org/10.1074/mcp.RA119.001302
https://doi.org/10.1074/mcp.RA119.001302
https://doi.org/10.1093/nar/gky1106

	Abstract
	Introduction
	Results
	Low-speed centrifugation increases peptide identification rates
	<italic>LSC aids in recovery of</italic> Bacteroidetes <italic>proteins, whereas nLSC favors</italic> Firmicutes <italic>and</italic> Deferribacteres <italic>proteins</italic>
	LSC and nLSC methods are characterized by different protein abundance profiles
	Two-step database search strategy shows a dramatic increase in false positive rate
	Optimizations of the two-step database search cancels out its higher sensitivity
	Unipept software provides the most accurate and precise taxonomic annotation
	The complex microbial composition of fecal samples is best recapitulated by the Unipept software
	Metaproteome to metagenome correlation highlights an over-representation in the core microbiome functions
	The metaproteome is enriched in functionally active pathways compared to the matching potential encoded in the metagenome

	Discussion
	Both LSC and nLSC methods have merits for the metaproteomic analysis of murine fecal samples
	Single-step database search allows optimal control of false discovery rate
	Accurate taxonomic annotation of murine fecal samples can be generated by the Unipept software
	The metaproteome shows an enrichment in functionally-active pathways compared to the matching metagenomic potential

	Conclusion
	Methods
	Animals and fecal samples collection
	DNA extraction and whole-genome sequencing
	Sample treatment, cell lysis and protein extraction
	Protein digestion
	LC-MS/MS measurements
	LC-MS/MS data processing
	Comparison of sample preparation methods
	Single- versus two-step search assessment using HeLa cell line sample
	Database search strategies assessment using known microbiome samples
	Taxonomic representation of known microbiome samples
	Taxonomic representation of fecal microbiome samples
	Metagenome to metaproteome correlation
	Functional KEGG categories representation

	Acknowledgments
	Disclosure statement
	Funding
	ORCID
	Author contributions
	Data availability statement
	References

