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Abstract

Assessment of microbial community composition is the cornerstone of microbial ecology. Microbial
community composition can be analyzed by quantifying cell numbers or by quantifying biomass for
individual populations. However, as cell volumes can differ by orders of magnitude, these two approaches
yield vastly different results. Methods for quantifying cell numbers are already available (e.g. fluorescence
in situ hybridization, 16S rRNA gene amplicon sequencing), yet methods for assessing community

composition in terms of biomass are lacking.

We developed metaproteomics based methods for assessing microbial community composition using
protein abundance as a measure for biomass contributions of individual populations. We optimized the
accuracy and sensitivity of the method using artificially assembled microbial communities and found that
it is less prone to some of the biases found in sequencing-based methods. We applied the method using
communities from two different environments, microbial mats from two alkaline soda lakes and saliva

from multiple individuals.
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Introduction

Microbial communities are ubiquitous in all environments on Earth that support life and they play crucial
roles in global biogeochemical cycles, plant and animal health, and biotechnological proc@aseasf

the most basic and crucial parameters that microbial ecologists determine when studying these
communities is their taxonomic composition. Currently, all methods for assessing community composition
provide a direct or indirect measure of cell numbers per taxon. For example, fluoréacince

hybridization (FISH) provides direct cell couAtsvhile metagenomics or 16S rRNA gene amplicon
sequencing provide a more indirect measure of cell numbers as they essentially measure gene or genome

copy numbers.

Cell numbers, however, are often not the best measure for a species’ contribution to a community, because
microbes can differ by several orders of magnitude in biomass and activity. For example, the unicellular
eukaryote Schizosaccharomyces pombédias a cell volume and per cell proteinaceous biomass that is ~6000
fold higher than that of the bacterium Mycoplasma pneumoniad herefore, the development of methods

for the assessment of biomass contributions of community members is critical. Recently, FISH based
methods for the estimation of biovolume fractions of community members have been de¥eloped

however, these methods are limited to a few community members as a separate fluorescently-labeled
probe is needed for each taxon that investigators want to analyze. Currently, there are no methods
available to estimate the biomass contribution and activity of individual community members on a large

scale.

Metaproteomics is an umbrella term for methods for identifying and quantifying proteins in microbial
communities and may represent a suitable approach for assessing the taxonomic composition of a
microbial community based on species biomass contributions. Since proteins contribute a large amount of
biomass in microbial cells e.g. 55%Hscherichia coli dry weight (BNID 104954) proteinaceous

biomass can be a good estimator of biomass contributions. Additionally, since proteins are the molecules
that provide the biological activities to cells, metaproteomics may also provide estimates of activities. In
recent years, several studies have been published, including some from our laboratory, which used
metaproteomic data to quantify biomass contributions of community mefriieowever, methods for

biomass assessment with metaproteomics have not been thoroughly developed and validated, and several
challenges and questions have not been addressed. The major challenge is the so-called protein inference
problem of shotgun proteomic approachesn shotgun proteomics, which is the most widely used

proteomic approach, proteins are identified by matching mass spectrometry derived peptide sequences to
protein sequences. The protein inference problem describes the fact that often the same peptide sequence

can match to multiple different proteins, which can lead to ambiguous protein identifications. This
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problem was originally noted for eukaryotes, which often have multiple, very similar isoforms of a protein

- however, the problem can be much more severe in metaproteomics, because in metaproteomic analysis
there are tens to hundreds of species that all have protein sequences sharing peptides with sequences from
other species. The protein inference problem will thus lead to incorrect interpretations of taxonomic
composition of metaproteom&sif not properly addressed. In fact, the protein inference problem is so
pervasive that it has been advantageously used in metaproteomics for cross-strain and -species protein
identification by using protein sequences from organisms closely related to the ones in the analyzed
community™® ' Other challenges and questions include: How much mass spectrometric data is needed to
accurately quantify species in a community? And how do potentially incomplete protein sequence

databases for protein identification affect the outcome of the quantification?

Here we address these challenges and questions to develop a simple and robust metaproteomics-based
workflow for assessing species biomass contributions in microbial communities. Furthermore, we provide
a large dataset of metaproteomic, metagenomic and 16S rRNA gene amplicon data from three types of

artificial microbial communities for future method development and testing.
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Results

Overall, our method for species biomass assessment is similar to a basic workflow for metaproteomic
protein identification and label-free quantification (Fig. 1). However, in contrast to protein and function
focused metaproteomics, the label-free quantification data (spectral counts or peptide intensities) are not
summed for individual proteins, but rather for individual species or higher level taxonomic groups.
Importantly, the quantification data is summed based on the taxonomic assignment of inferred proteins
and not based on the taxonomic assignment of peptide identifications, because as mentioned above
peptides are frequently associated with multiple proteins from different taxa. Additionally, we assume that
a well annotated protein sequence database, which matches the studied environment as closely as possible,
is used. This database could either be based on metagenomes derived from samples that match the
metaproteomic samples or for well-studied environments, such as the human microbiome, a

comprehensive, non-redundant set of sequences from public databases.

For this study, we used the Proteome Discoverer software (version 2.0, Thermo Scientific) and MaxQuant
for protein identification, inference and quantificatfénHowever, the methods discussed here are not
platform dependent and can be implemented on many other platforms using the mock community data that

we provide in this study for optimization.

Achieving high specificity on species level protein identification with minimal losses in

sensitivity

Before starting the actual species quantification, we first addressed the above mentioned protein inference
problem. For this we used proteomes from pure culture organisms and simulated metagenomic databases
to test what kind of protein inference parameters can be used to eliminate unwanted cross-strain and -
species protein identifications (specificity), while still identifying a large number of proteins for

guantification (sensitivity) (Fig. 2). We tested a variety of protein inference methods for the following four
scenarios: the simulated metagenomic database contained the protein sequences of the analyzed organism
and the sequences of (a) a very closely related strain from the same species, (b) several closely related
species from the same genus, (c) several related species from closely related genera, (d) no other

representative from the same domain (analyzed organism for (d) is an archaeon).

Commonly used protein inference filters that filter protein identifications simply for a false discovery rate
(FDR) of 5% based on target-decoy database searches (SQ 5% FDR) fail to identify proteins from the
analyzed organisms with high specificity for all scenarios except scenario (d) (Fig. 2). The same remains
true when another commonly used criterion of requiring two unique peptides is added (BQB%
FDR). Here it is important to note that different protein identification platforms implement “unique
peptides” differently. While, for example, a “unique peptide” in Proteome Discoverer and MaxQuant
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refers to a peptide that is unique to a group of highly similar protein sequences (protein group), it can also
refer to a peptide that is unique to a single protein sequence in other protein identification platforms. This
shows that to obtain high specificity on a taxonomic level protein inference has to be done differently

from common practices.

We tested five additional protein inference and filtering strategies (Fig. 2) and found that there are
multiple strategies that result in high specificity down to the species level i.e. removing almost all cross-
species protein identifications, while at the same time maintaining a high sensitivity i.e. the number of
identified proteins for the target organism is only slightly reduced as compared to the less specific
approaches (Fig. 2). As expected, the approaches tested were unable to resolve cross-strain protein
identifications in scenario (a) because protein sequences from the two strains were nearly identical in
many cases. This suggests that it might be beneficial to remove highly similar sequences by sequence
clustering when creating metaproteomic databases. Such a clustering would reduce database size,
redundancy and the number of ambiguous strain level protein identifications, thus providing clearer

species level identifications.

Going forward, we used two protein inference strategies for this study. The first strategy relies on the
SEQUEST algorithm for peptide identification and the Fido method for protein infef¢pddUc SQ

Fido). Fido is available as a standalone program (https://noble.gs.washington.edu/proj/fido/) and as an
advanced implementation with convolution trees in Proteome Discoverer (Filo€®j this strategy,

only proteins that are identified by FidoCT with an FDR of 5% and have at least two protein unique
peptides, are considered. The second strategy (SQ Hilte)]| 3 PU), only considers proteins as

confidently inferred if they are identified by both FidoCT (FDR of 5%) and MaxQuant (FDR of 1%, at

least one unique peptide). Additionally, proteins are considered as confidently inferred if they have at least

three protein unique peptides in the FidoCT result even if not identified by MaxQuant.

We are confident that many more strategies can be devised with the pure culture proteome data and the

simulated metagenomic database, which we provide through the PRIDE repository (PXD006118).

Label-free quantification enables accurate measurement of relative species protein

abundance (proteinaceous biomass contribution per species)

We used three types of mock communities to test and validate the methods for quantifying species
biomass contribution in microbial communities. The three communities were assembled using 32 species
and strains of Archaea, Bacteria, Eukaryotes and Bacteriophages (Fig. 3a, Supplementary Tables 1 to 3).
Some of the bacterial strains were very closely related, but still distinguishable at the protein and

nucleotide sequence level. These included:tizobium leguminosarum andSaphyl ococcus aureus
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strains. The three Salmonella entericserotype typhimurium strains, however, only differed by a few

mutations or the presence of an additional plasmid UNE&EN mock community was designed to cover

a large range of species abundances both at the level of cell number and proteinaceous biomass to test for
the dynamic range and detection limits of the quantification methods (Fig. 3@QUhe PROTEIN

AMOUNT andEQUAL CELL NUMBER mock communities contained either the same amount of protein for all
community members with varying cell numbers or the same number of cells for all members with varying
amounts of protein. Since the bacteriophages yield very little protein even if high particle numbers are

used we mixed them at a 10x lower ratio intoBEQEAL PROTEIN AMOUNTCOMMunity.

We tested three of the most commonly used label-free quantification methods for their accuracy in
measuring proteinaceous biomass contributions of individual species (Fig. 3b and 3c). These methods
included counting and summing of peptide-spectrum matches (PSMs), summing of peptide ion intensities
using only unique peptides (u intensities), and summing of peptide ion intensities using razor and unique
peptides as implemented in MaxQuant (r+u intensitfedhe input for these quantification methods were

two 8 hour long 1D-LC-MS/MS runs per sample (see methods).

All three methods produced a good representation of the diversity in the mock communities and detected
almost all species. The only exceptions were some of the bacteriophages and,Nviiaasvere mixed

into the samples in low total protein amounts (Fig. 3b). As expected it was impossible to distinguish the
three Salmonella entericastrains and thus they are represented in Fig. 3b as one row. All three methods
performed similarly well when comparing the protein input amounts for the communities with the actual
measurements (Fig. 3c). In most cases the values for the measured % divided by the input % centered on
the expected value of 1, with the median values being very close to 1. Differences between the
guantification methods became apparent only fouttevEN community. Both peptide-intensity based

methods deviated strongly from the expectation and underestimated the abundance for many species. The
PSM based method was more robust for estimating abundances UaIEtreN community which is

characterized by large differences in cell numbers and total protein amount between species.

Metaproteomics is more accurate in assessing relative proteinaceous biomass

contributions as compared to metagenomics and amplicon sequencing methods

We subjected subsamples of the above described mock communities to shotgun metagenomic sequencing
and 16S rRNA gene amplicon sequencing to test how well these commonly used methods for community
composition assessment estimate the proteinaceous biomass and cell number of species in communities in

comparison to the metaproteomic method presented here.

We sequenced 16S rRNA gene amplicons for four biological replicates of each community type yielding

an average of 5356 high-quality amplicon sequences per replicate (minimum 1686 and maximum 9986
7
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sequences). The amplicon sequences were clustered into 21 operational taxonomic units (OTUSs) using the
MetaAmp pipeline (version 1.3, Four of these OTUs were identified as Illumina in-run cross

contaminants from unrelated samples that were sequenced on the same lane. The remaining 17 OTUs
were taxonomically classified by MetaAmp at the genus level. A species level classification was not
possible because of the limited information content of the amplicon sequences. This meant, for example,
that there were three OTUs that were classified as Pseudomdrieerefore, we had to assign the OTUs to

their respective species using BLASTn against the NCBI nr database and the prior knowledge about the
content of our mock communities. As expected none of the bacteriophages were detected by amplicon
sequencing due to the absence of a 16S rRNA gene in these phages (Fig. 3d). We also did not detect the
Archaeon N. viennensisthe eukaryotic green alg&@#hl. reinhardtii and six of the bacterial species by

amplicon sequencing. The primer pair that we used to generate the amplicons is optimized for the greatest
possible coverage of the bacterial dongjitherefore it was not surprising thétviennensis and Chl.

reinhardtii were not detected, although we successfully amplified at least the chloroplast sequence of
green algae using this primer pair in the past (data not shown). The failure to detect some of the bacteria in
all replicates is harder to explain. We have successfully generated amplicons from pure cultures of N.
europaeae, N. ureae and N. multiformisin the past with the primer pair used here (data not shown), thus

we have to assume that these species were not detected due to their low abundansevEithe

community samples or due to a primer bias leading to preferential amplification of the other bacterial
species. Such primer biases are a known problem for 16S rRNA gene amplicon sequ@norghe R.

leg. bv. viciae and S aureustrains the amplicon sequences did not distinguish between each of the two

strains in the samples and thus only a minimum of one strain detection per species could be corroborated.

Metagenomic sequencing of 3 biological replicates of each community type yielded on average 33.5 M 75
bp reads (max. 37 M, min. 21 M). The same DNA was used for the metagenomic sequencing and the 16S
rRNA gene sequencing, however, only 3 of the 4 available biological replicates were metagenome
sequenced. For quantification, we mapped the metagenomic reads to the reference genomes and

assembled bins of the mock community members and normalized to the respective genome sizes.

All, except for one, organisms in the mock samples were detected by shotgun metagenomics, even
including the single-stranded DNA bacteriophage M13. As expected, the only organism not detected by
shotgun metagenomics was the single-stranded RNA bacteriophage F2, because the DNA extraction and
sequencing library preparation methods used effectively exclude RNA from being sequenced.
Surprisingly, the metagenomic sequencing yielded only a small number of reads for the green algae Chl.
reinhardtii, which was in no way representative of the input cell number for the mock communities (Fig.
3d). Chl. reinhardtii was much better represented in the metaproteomic data. One potential explanation for

the underrepresentation ©hl. reinhardtii in the sequencing data could be a bias of the DNA extraction
8
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211 method used. The bead beating method used for DNA extraction, however, was quite rigorous. The
212 metagenomic data provided by far the best representation of the bacteriophages in the samples, with the

213 exception of the F2 phage, which was only detected in the metaproteomes.

214  Comparing all three methods, metaproteomics provided the most accurate estimates of proteinaceous
215 biomass for each species in the samples (Fig. 3e and 3f). The average x fold deviations of the measured
216 abundances from the expected abundance based on protein input were significantly lower for

217 metaproteomics as compared to metagenomic and amplicon sequencing (p-value <0.01, Supplementary
218 Table 4). Both the metagenomic and the amplicon based quantifications deviated from the actual values
219 when it came to assessing proteinaceous biomass. Particularly the metagenomic quantification produced

220 some extreme outliers (Fig. 3e, Supplementary Table 4).

221  All three methods performed badly, when it came to estimating the species cell numbers in the samples
222 (Fig. 3g), as they showed major deviations from the actual values in at least some of the mock

223 communities. Overall, metagenomic sequencing provided the estimates closest to the actual cell number
224  values, while the amplicon based quantification deviated the most from the actual numbers. The average x
225 fold deviations of the measured abundances from the expected abundance based on cell input were

226  significantly lower for metagenomics as compared to metaproteomics and amplicon sequencing (p-value
227 <0.01, Supplementary Table 4). The general overestimation of cell numbers by amplicon sequencing was
228 in part due to the fact that the amplicon sequencing failed to detect many of the species in the mock

229 communities driving up the relative abundances of the remaining ones.

230 Interestingly, the accuracy with which the three methods estimated the relative cell numbers in the mock
231 communities depended very much on the range of species abundances in them. All three methods

232  estimated the relative cell numbers quite well forEQBAL CELL NUMBER community, but failed to

233  estimate them well for thEQUAL PROTEIN AMOUNTandUNEVEN communities, which represent a large

234  range of species abundances (Fig. 3a and 3g). This is likely due to the more inaccurate quantification of

235 low abundant strains/species that are close to the detection limit of the methods (see below and Fig. 4b).

236 Low detection limit and high quantification accuracy with relatively little data

237  To test the impact of the number of spectra acquired on the detection limit and dynamic range of species
238 proteinaceous biomass quantification, we ran five different LC-MS experimental setups for the four

239 biological replicates of theNEVEN mock community (Fig. 4, Supplementary Table 5). These setups

240 provided varying numbers of MSpectra for peptide identification. They included two basic 1D-LC-

241 MS/MS approaches of 260 min and 460 min run time. For each of these two approaches the amount of

242  data was doubled by running technical replicates. The fifth approach was a 2D-LC-MS/MS experiment in
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243  which the sample was fractionated into 12 fractions using salt pulses on an SCX column followed by 120

244  min separations on a reverse phase column.

245  Each of the five approaches led to the detection of 27 out of the 30 distinguishable strains and species in
246 the community when the biological replicates were combined. We observed some small differences

247 between approaches in their detection sensitivity when looking at the data for individual biological

248 replicates. While we detected 25 to 26 species/strains (average 25.25) in the single 260 min runs, we
249 detected 26 to 27 (average 26.5) in the duplicate 460 min runs. From this follows that for the species
250 diversity and abundance distribution of theevVEN mock community a single 260 min (~130,000MMS

251 spectra) run provides a similar detection limit as compared to approaches that provide much more data
252  (e.g. 2x 460 min runs = ~390,000 Kipectra). The detection limit for all five approaches was similar

253 and, interestingly, differed by organism group. The Archaeon N. vienndhgsEukaryote Chl.

254  reinhardtii and all Bacteria were detected with all five approaches. The Bacterium N. europasae

255  mixed into theUNEVEN community with the lowest protein abundance of 0.08%, which suggests that at
256 least for Bacteria the detection limit is below 0.08%. Three out of the five bacteriophages in the

257 community were not detected by any of the approaches (Supplementary Table 6) even though they were
258 mixed into the community at protein abundances higher than that of N. eurgfzeeeen 0.08 to 0.15%.

259  This is surprising, because these phages consist of only a few dominant proteins (e.g. capsid proteins),

260 which should enhance their detectability. Currently we do not have a good explanation for this result.

261  Surprisingly, all approaches had a similar accuracy in terms of quantifying species abundances (Fig. 4a).
262  Our expectation was that an increased number dfddé&ctra would increase the accuracy of the

263 abundance estimates. Our data suggests that with a 260 min run we already reached saturation in terms of
264  accuracy for th&NEVEN mock community type. Interestingly, all five approaches underestimated the

265 abundances of species/strains that are present in the samples in low amounts (Fig. 4a). If low-abundance
266 species (<0.5% in all approaches) are removed from the dataset resulting in 18 species remaining, then the
267 deviation of the measurement from the actual protein input amount becomes much smaller (Fig. 4b,

268 Supplementary Table 6). This suggests that, as with most other analytical methods, the accuracy of the
269 measurement is lower for quantities close to the detection limit and thus the proteinaceous biomass

270 estimates for low abundant species should be treated as less precise.

271 In summary, a single 260 min 1D-LC-MS/MS run on a QExactive Plus Mass Spectrometer provides

272  enough data to detect most species in a community that contains 30 distinguishable species and features a
273 range of proteinaceous biomass abundances of more than two orders of magnitude. The limit of detection
274  can be slightly lowered using longer peptide separations and by increasing the amount of data generated

275  per sample.
10
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Estimation of absolute biomass contribution is possible even with incomplete sequence
databases

One potential drawback of metaproteomics based biomass quantification of species in a microbial
community is that proteomic protein identification relies on the availability of a protein sequence

database. Proteins can only be identified and quantified if protein sequences are present in the database
that have a high similarity to the actual proteins in a sample. Analogous to the primer bias based exclusion
or incorrect estimation of species abundances in 16S/18S rRNA gene amplicon sedtéhding
incompleteness of the protein sequence database used for protein identification can lead to the exclusion
or incorrect estimation of species abundances. However, the metaproteomic data in theory allows
estimating how incomplete the sequence database used is based on the number of available mass spectra
and the known proportion of how many of these mass spectra lead to PSMs in a search with a mock
community for which all protein sequences are known. This should allow to correct the relative abundance

estimates to absolute estimates.

To test the influence of database incompleteness on quantification results and if the error in abundance
estimates resulting from it can be corrected for, we used two sequence databases of varying
incompleteness to quantify the species indWREVEN community. In the first incomplete database
(INcOMPLETEL) the protein sequences feseudomonas denitrificans, Pseudomonas fluorescensand

Rhizobium leguminosarum bv. viciae strain 3841 were removed leaving the sequences of the closely
related species/strains Pseudomonas pseudoal caligen@ad Rhizobium leguminosarum bv. viciae strain

VF39 in the database. In the second incomplete databasaPLETE2) the remaining Pseudomonaand

Rhizobium sequences as well as the Salmonella entertgahimurium LT2 sequences were removed.

As expected, the number of detected organisms dropped for the quantification with the incomplete
sequence databases (Fig. 5a). In the quantification withdoamPLETEL database the number of PSMs

for the remaining R. leg. VF39 and P. pseudoalcaligenes increased and thus their relative abundance. This
increase in PSM number is due to the fact that in the absence of the protein sequences of the correct
species/strain some of the fi&pectra match to peptides from closely related species/strains. As expected,
for the very closely related. leguminosarum strains a larger fraction of PSMs shifted from one strain to

the other as compared to tRseudomonas species for which only a smaller fraction of PSMs shifted over.
The PSM number for most remaining organisms remained very similar across the database completeness
range with the exception of E. colivhich obtained a large number of additional PSMs from the closely
related S entericain the quantification based on tnecOMPLETE2 database. As expected, the drop in the
total number of PSMs led to an increase of relative organism abundance when more protein sequences
were removed from the database (Fig. 5a and 5b). We corrected these relative biomass estimates by

calculating the number of PSMs lost due to database incompleteness based on the known proportion of
11
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MS? spectra to PSMs in the quantification with the complete database. The corrected relative abundance
estimates for the quantification with thecOMPLETE2 database were in most cases very similar to the
guantification with the complete database (Fig. 5b). Therefore, the proteinaceous biomass abundances
adjusted for database incompleteness can be used as an approximation of absolute proteinaceous biomass

abundances.

Case studies
To demonstrate the power and application of the metaproteomics based methods for assessing species
biomass contributions in microbial communities, we applied the methods developed here to microbial

communities from two widely different environments.

For the first application example, we generated both metaproteomic data, as well as 16S rRNA gene
amplicon data from two phototrophic biomats from soda lakes in the Canadian Rocky Mountains (Fig.
6a). We summarized organism abundances at the phylum level. Even on this high taxonomic level major
differences between the lakes and the two approaches become apparent. While the 16S rRNA gene
amplicon data suggests that the lakes were rather similar in taxonomic composition on the phylum level,
the metaproteomes painted a very different picture. The metaproteomes indicate that the major
phototrophs between the lakes were different. Lake 1 was dominated by Cyanobacteria, whereas lake 2
was dominated by green algae. Additionally, we detected dsDNA viruses in lake 2, which despite the fact
that they contribute only a small amount of proteinaceous biomass could play an important ecological
role. Interestingly, some bacterial groups that made up a significant amount of the 16S rRNA gene
amplicons (e.g. Bacteroidetes/Chlorobi group) contributed only a minor amount based on the
metaproteomic data. Since, the cell lysis method used for both approaches was identical an extraction bias

is unlikely, suggesting that a primer bias may be responsible for the discrepancy.

For the second application example, we re-analyzed a recently published saliva metaproteome that
provided extensive insights into the diurnal and inter-individual variation of the oral microbiGrass|

et al. provided two independent datasets in their study on the presence and abundance of specific taxa in
the oral microbiomes. The first dataset (Fig. 4 in the original publication) provides presence/absence
patterns of taxa based on unique peptide matches and cultivation results. The second dataset provides
guantification of taxa based on peptides identified by metaproteomics, however, without the specificity
increasing step of protein inference (Fig. 6 ¢ in the original publication). Our results from the re-analysis

of the proteomic data corresponded well with the taxonomic presence and absence patterns inferred by
Grassl et al.. However, our metaproteomic quantification of the data showed very different abundance and
presence profiles for bacterial genera, as compared to the original metaproteomic analysis. We observed a

much larger inter-individual variation for organism abundances (Fig. 6b). Additionally, several genera that

12
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343 were detected in the original analysis to be abundant in the samples were not detected at all or in much
344  lower abundances (e.Bnterococcus and Abiotrophg, while other genera were much higher in abundance

345 (e.g. Veillonellg Actinomyces and Rothid (Fig. 6b). Grassl et al. acknowledged in their study that the

346 quantification method they used could come “at the disadvantage that peptides shared by two genera could
347 lead to an overestimation of the taxon’s abundance." Our analyses suggest that non-unique matching of
348 peptides between genera indeed led to the skew in the original quantification data. For example,

349  Enterococcus and Abiotrophashare many peptides with Streptococcutowever, only streptococcal

350 proteins could be inferred confidently to be present in the samples. This demonstrates that using validated,
351 highly specific protein inference criteria for metaproteomic based species quantification is crucial and that
352 peptide identification without subsequent protein inference is not sufficient to achieve high enough

353  specificity for quantification.

354
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Discussion

The metaproteomics-based biomass assessment approach that we demonstrate here is not limited to a
specific set of computational tools and parameters. To make the approach as broadly applicable as
possible, we have chosen to use a route that should make it possible to transfer the approach to many other
platforms. In this manuscript we highlight the most crucial considerations for developing concrete

methods for metaproteomics-based biomass assessment (e.g. protein inference specificity) and supply a
comprehensive dataset to transfer this approach to other computational or experimental platforms for
proteomics. The provided pure-culture derived proteomes (PXD006118), for example, will allow
investigators to determine parameters to achieve sufficient protein inference specificity, while the different
mock community proteomes (PXD006118) will allow assessing parameters based on quantification

accuracy and number of detected species.

As we demonstrate here, metaproteomics-based biomass assessment is a powerful approach that allows to
accurately quantify the proteinaceous biomass of a large number of taxa in a community all at once. This
approach complements existing high throughput approaches for determining community composition

based on DNA sequencing, in that it provides a different, independent measure of community

composition. Our case study on soda lake biomass nicely illustrates that sequencing-based methods and
metaproteomics can provide very different pictures of a community. An added benefit of using
metaproteomes for community composition analyses is that the proteomic information will also provide
insights into which metabolic and physiological functions are expressed and play a major role in the

community.

Recently, there has been a recurring interest in more quantitative methods for microbial ecology for the
absolute quantification of community composition (e.g. cell counts per vofdnMetaproteomics-based
abundance estimates can be put into an absolute context by simple assays, for example, by measuring total
protein content of a specified sample volume, wet weight or dry weight. The relative proteinaceous

biomass abundances of community members can then be converted to absolute values after considering

necessary corrections for database incompleteness (see Results).

There are several questions that go beyond the scope of this study that should be addressed in the future.
First, is proteinaceous biomass an accurate representation of the total biomass of a species? We would
argue that in many cases, proteinaceous biomass is a good estimate of total biomass. However, as always
we expect exceptions, where proteinaceous biomass is not a good predictor of total biomass, which would
for example be the case of microorganisms that store large amounts of carbon in form of

polyhydroxyalkanoates or glycogen. Second, a likely much more difficult question to answer is, if and

14


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

387 under what circumstances proteinaceous biomass of a community member can be used as an

388 approximation of the biological activity of that community member?
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Online methods

Assembly of mock communities

Cultures of 32 Archaea, Bacteria, Eukaryotes and Bacteriophages (Supplementary Table 1) were donated
to us by very kind colleagues. Cells were washed using phosphate buffered saline pH 7.4 (Sigma-Aldrich)
to remove the cultivation medium. Cell counts of washed cells were determined by microscopy using a
Neubauer improved counting chamber. Cells were aliquoted and pelleted by centrifugation at 21,000 xg
for 5 min to create cell aliquots with known cell number. Bacteriophages were purified by filtration and
polyethylene glycol (PEG) precipitation as described in Kleiner et al. (201hage titers were

determined as particle forming units (PFUs) per ml using the soft-agar overlay rfettiqdid aliquots

with known titer were made for all phages. Cell pellets and phage aliquots were stored at -80°C.

We guantified the protein content of cell and phage aliquots for each strain using duplicate aliquots. For
this, 300-600 ul SDT-lysis buffed% (w/v) sodium dodecyl sulfate (SDS), 100 mM Tris-HCI pH 7.6)

were added to each pellet according to pellet size. The pellets in SDT-lysis buffer were vortexed and
transferred to lysing matrix tubes (Matrix A, MP Biomedicals, Santa Ana, CA, USA) and lysed using a

Bead Ruptor 24 (Omni Internationattps://www.omni-inc.com)/at 6 m/s for 45 seconds. The samples

were heated for 10 minutes to°@5and then centrifuged for 10 minutes at 21,000g. Dilutions of each
sample were prepared and sample protein amounts were quantified using theiétresiceninic acid

(BCA) assay Thermo Scientific Pierce).

We assembled three types of mock communities by resuspending the frozen cell pellets of each
microorganism in 150 ul ultrapure water and then combining varying amounts of each organism. The
composition of each mock community type is detailed in Supplementary Tables 1 to 3. Four biological
replicates of each mock community type were made and each replicate was divided into 20 aliquots. The
UNEVEN mock community was designed to cover a large range of species abundances both on the level of
cell number and proteinaceous biomass to test for the dynamic range and detection limits of the
guantification methods (Fig. 3a). TEHQUAL PROTEIN AMOUNTandEQUAL CELL NUMBER mock

communities contained either the same amount of protein for all community members with varying cell
numbers or the same number of cells for all members with varying amounts of protein. Since the
bacteriophages yield very little protein even if high particle numbers are used, we mixed them at a 10x

lower ratio into theEQUAL PROTEIN AMOUNTCOMMUNity.

Sampling of soda lake biomats
Benthic microbial mats were sampled from two soda lakes located on the Cariboo Plateau, British

Columbia, in June 2014 for 16S rRNA gene amplicon sequencing and metaproteomics and in May 2015

16
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for metagenomic sequencing. Lakel herein refers to Goodenough Lake (51°19'47.64"N 121°38'28.90"W)
and Lake?2 refers to Last Chance Lake (51°19'39.3" N 121°37'59.3"W). Collected microbial mats from
each lake were pooled and immediately placed on ice in the field and frozeri@tw&Bin two days of

sampling for DNA extraction.

DNA extraction

For the mock community samples DNA was extracted from one aliquot of each of the four biological
replicates of each community type using the FastDNA Spin Kit (MP Biomedicals, Santa Ana, CA, USA)
according to the manufacturer’s protocol with small modifications. Following addition of CLS-TC to each
aliquot, samples were homogenized in lysing matrix tubes (MP Biomedicals FastDNA Spin Kit, tube A)
for 45 seconds at 6 m/s using a Bead Ruptor 24 (OMNI). In addition, the DNA elution steps was repeated
twice. DNA concentrations were measured using a NanoDrop 2000 spectrophotometer (Thermo

Scientific).

DNA was extracted from the 2014 and 2015 Lakel and Lake2 samples using the FastDNA Extraction Kit
for Soil (MP Biomedicals) with 10 minute centrifugation times for the spin filter steps and an additional

purification using 5.5 M guanidine thiocyanate as described in Sharp et al. {2017)

16S rRNA gene amplicon sequencing and analysis of mock communities and soda lake

biomats

DNA from all mock community samples and the 2014 soda lake biomats from Lakel and Lake2 was used
for 16S rRNA gene amplicon libraries preparation as described in Sharp et al.'20&used the S-D-
Bact-0341-a-S-17 (also known as b341, 5'-
TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGAGGCAGCAG-3% and S-D-
Bact-0785-a-A-21 (also known as Bakt_805R, 5'-
GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVGGGTATCTAATCC-3%°

primers with added Illlumina overhang adapters for the amplification of the HV regions 3-4 resulting in

427 bp amplicons (excluding the primers). Based on the evaluation by Klindworth et al.'f281E3)

primer pair yields a large coverage of the domain Bacteria. Libraries were pooled and normalized for
sequencing on the lllumina MiSeq Sequencer (San Diego, CA) using the 2 x 300 bp MiSeq Reagent Kit
v3. The resulting amplicon sequences were analyzed with MetdA@perational taxonomic units

(OTUs) were identified with a threshold of 97 % sequence similarity.

Metagenomic sequencing of mock communities
Shotgun metagenomic sequencing (2x75 bp) of 3 replicates of each mock community type was performed

using the lllumina NextSeq 500 sequencer. The NEBNext Ultra Il DNA Library Prep Kit (New England

17
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Biolabs) was used for library preparation. Ten to nineteen million paired-end reads were generated for
each sample. We confirmed the library content using PhyloFlash (https://github.com/HRGV/phyloFlash)
and the quality of the data using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). We
used BBsplit from the BBmap package (version 35.85, http://sourceforge.net/projects/bbmap/) to map raw
reads against the mock community reference genomes to quantify the read coverage for each organism.
The reference genomes that were used are listed in Supplementary Table 7. Read mapping statistics for
each reference genome were generated using BBsplit's default parameters and by setting the ‘refstats’

parameter. Relative read abundances for each organism were normalized to their genome sizes.

No reference genomes were available for AK199@mamobacterium violaceum CV026 in public

databases. Therefore we generated genomes for these two strains from the metagenomes using an iterative
assembly and binning strategy. All read files were trimmed for quality and adapters using BBduk from the
BBmap package (http://sourceforge.net/projects/bbmap/). The trimmed readsUnEyE samples

were concatenated and assembled with metaSPAdes (versiort3BhE) assembly quality was checked

by running metaQUAST (version 4.1) with the mock community reference genoffieMetawatt

(version 3.5.2) was then used to create bins for AK199 and C. violaC&@26 using default settingd

The bins were checked with metaQUAST to ensure that none of the included contigs aligned with any of
the other reference genomes for the mock community. The trimmed reads from all samples were
concatenated and BBmap was used to retrieve reads mapping to the AK1®¥iahateum bins.

SPAdes (version 3.8.1) was used to assemble the mapped reads for AK D99iakateum *. The

assembly quality was checked with metaQUAST, QUAST, and Chétkiie AK199 genome was of
sufficient quality after this assembly round. The C. violoceassembly was further improved by two

more rounds of read mapping and assembly. The AK199 and C. violagenomes were annotated using

the RAST servet” and annotated protein sequences were retrieved for the construction of the protein

identification database.

Soda lake biomat metagenomes, sequencing, assembly and annotation

DNA (250 ng) from the 2015 soda lake biomats from Lakel and Lake2 was randomly sheared to a
fragment size of approximately 300 bp using a S2 focused-ultrasonicator (Covaris, Woburn, MA). The
fragmented DNA was then converted into an Illlumina compatible sequencing library using the NEBNext
Ultra DNA Library Prep Kit according to the vendor’s standard protocol. This included a size selection
step with SPRIselect magnetic beads and PCR enrichment (8 cycles) with NEBNext Multiplex Oligos for
lllumina. The libraries were measured using gPCR and the Kapa Library Quant Kit for lllumina and then
pooled in equal amounts for sequencing. A 1.8 pM solution was then sequenced on an lllumina NextSeq
500 sequencer using a 300 cycle (2x150 bp) high-output sequencing kit as per the lllumina protocol in the

Center for Health Genomics and Informatics in the Cumming School of Medicine, University of Calgary.
18
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All raw Illlumina reads were passed through an in-house lllumina read quality control program that filters
out known Illlumina sequencing and library preparation artifacts. Specifically, all reads were removed that:
(i) matched the spike-in PhiX sequence; (ii) were shorter than 30 bp after clipping off the partial primer,
adapters, and the low-quality ranging at the ends; or (iii) were of low complexity. Reads that passed the
quality control stage were assembled into contigs using MEGAHIT v1.0.3 with options “--k-list
51,77,99,127 --min-count 2 —min-contig-len 538 The assembled contigs were merged into scaffolds
based on paired-end information using the SOAP v2.04 paékajee GapCloser v1.12 package was
applied to further close the gaps between contigs in scaffolds. All the scaffolds longer than 500 bp after
GapCloser post-processing were run through Prodigal v2.6.1 to identify coding sedtiefroesoding
sequences (>= 60 aa) were annotated using DIAM&NDth options “-k 1 --seg no” to search against a
protein sequence reference database generated by GenomeDatabase

(https://sourceforge.net/projects/genomedatapasa/the eggNOG databa¥e Best-hit matches

were filtered by query coverage >= 70% and percent identity >= 30%. Taxonomic assignments for protein
sequences were made on the basis of the filtered best-hit matches. The taxonomically annotated protein
sequences were then used to generate the protein identification database, by combining them with protein
sequences from several eukaryotic genomes and transcriptomes, which were chosen based on the results
from a 18S rRNA amplicon library. CD-HIT was used to remove redundant sequences from the database
using an identity threshold of 95% The cRAP protein sequence database (http://www.thegpm.org/crap/)
containing protein sequences of common laboratory contaminants was appended to the database. The final
database contained 4,171,024 protein sequences and is available from the PRIDE repository
(PXD006343).

Protein extraction, quantification and peptide preparation

Samples were lysed in SDT-lysis buffer with 0.1 M DTT. SDT-lysis buffer was added in a 1:10
sample/buffer ratio to the sample pellets. Cells were disrupted in lysing matrix tubes A (MP Biomedicals)
for 45 seconds at 6 m/s using the OMNI Bead Ruptor 24 and subsequently incubated at 95° C for 10
minutes followed by pelleting of debris for 5 min at 21,000 x g. We prepared tryptic digests following the
filter-aided sample preparation (FASP) protocol described by Wisniewski et al. 200Rrief, 30 pl of

the cleared lysate were mixed with 200 pl of UA solution (8 M urea in 0.1 M Tris/HCI pH 8.5) in a 10
kDa MWCO 500 pul centrifugal filter unit (VWR International) and centrifuged at 14,000 x g for 40 min.
200 pl of UA solution were added again and centrifugal filter spun at 14,000 x g for 40 min. 100 pl of
IAA solution (0.05 M iodoacetamide in UA solution) were added to the filter and incubated at 22° C for
20 min. The IAA solution was removed by centrifugation and the filter was washed three times by adding
100 pl of UA solution and then centrifuging. The buffer on the filter was then changed to ABC (50 mM
Ammonium Bicarbonate), by washing the filter three times with 100 ul of ABC. 1 to 2 pg of MS grade
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521 trypsin (Thermo Scientific Pierce, Rockford, IL, USA) in 40 ul of ABC was added to the filter and the

522 filters were incubated overnight in a wet chamber at 37° C. The next day, peptides were eluted by

523 centrifugation at 14,000 x g for 20 min, followed by addition of 50 pl of 0.5 M NaCl and further

524  centrifugation. Peptides were desalted using Sep-Pak C18 Plus Light Cartridges (Waters, Milford, MA,
525 USA) or C18 spin columns (Thermo Scientific Pierce, Rockford, IL, USA) according to the

526  manufacturer’s instructions. Approximate peptide concentrations were determined using the Pierce Micro

527 BCA assay (Thermo Scientific Pierce, Rockford, IL, USA) following the manufacturer’s instructions.

528 1D-LC-MS/MS and 2D-LC-MS/MS

529  The four biological replicates of each mock community type were analyzed using a block-randomized
530 design as outlined by Oberg and Vitek (2089)sing several LC-MS/MS methods. Two wash runs with

531 100% eluent B (80% acetonitrile, 0.1% formic acid) and one blank run were done between samples to
532  reduce carry over. For the 1D-LC-MS/MS mock community runs, 2 pg of peptide were loaded onto a 5
533 mm, 300 um ID C18 Acclaim® PepMap100 pre-column (Thermo Fisher Scientific) using an UitiMate
534 3000 RSLCnano Liquid Chromatograph (Thermo Fisher Scientific) with loading solvent A (2%

535 acetonitrile, 0.05% TFA), eluent A (0.1% formic acid in water) and eluent B. After loading, the pre-

536  column was switched in line with a 50 cm x 75 um analytical EASY-Spray column packed with PepMap
537 RSLC C18, 2um material (Thermo Fisher Scientific), which was heated to 45° C. The analytical column
538 was connected via an Easy-Spray source to a Q Exactive Plus hybrid quadrupole-Orbitrap mass

539 spectrometer (Thermo Fisher Scientific). Peptides were separated on the analytical column at a flow rate
540 of 225 nl/min and mass spectra acquired in the Orbitrap as described by Petersen et 4t. £2066)

541  min (from 2% B to 31% B in 200 min, in 40 min up to 50% B, 20 min at 99% B) and a 460 min gradient
542  (from 2% B to 31% B in 363 min, in 70 min up to 50% B, 27 min at 99% B) were used for 1D-LC. For the
543 2D-LC-MS/IMS runs, 11 ug of peptide were loaded onto a 10 cm, 300 um ID Poros 10 S SCX column
544  (Thermo Fisher Scientific) using the UltiM&te3000 RSLCnano LC with loading solvent B (2%

545  acetonitrile, 0.5% formic acid). Peptides were eluted from the SCX column onto the C18 pre-column

546  using 20 pl injection of salt plugs from the autosampler with increasing concentrations (12 salt plugs, 0 to
547 2000 mM NacCl). After each salt plug injection the pre-column was switched in line with the 50 cm x 75
548 pm analytical EASY-Spray column and peptides separated using a 120 minute gradient (from 2% B to
549 31% B in 82 min, in 10 min up to 50% B, 9 min at 99% B, 19 min at 2% B). Data acquisition in the Q

550 Exactive Plus was done as described by Petersen et al. {2016)

551 The two soda lake samples were analyzed in technical quadruplicates by 1D-LC-MS/MS (1x 260 min and
552  3x 460 min runs for each). Two blank runs were done between samples to reduce carry over. For each 260
553  min run ~1 ug of peptide and for each 460 min run 2-4 pg of peptide were loaded ontoa 2 cm, 75 um ID

554 C18 Acclaim® PepMap 100 pre-column (Thermo Fisher Scientific) using an EASY-nLC 1000 Liquid
20
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Chromatograph (Thermo Fisher Scientific) with eluent A (0.2% formic acid, 5% acetonitrile) and eluent B
(0.2% formic acid in acetonitrile). The pre-column was connected to a 50 cm x 75 um analytical EASY-
Spray column packed with PepMap RSLC C18, 2um material (Thermo Fisher Scientific), which was
heated to 35° C via the integrated heating module. The analytical column was connected via an Easy-
Spray source to a Q Exactive Plus. Peptides were separated on the analytical column at a flow rate of 225
nl/min using either a 260 min (from 0% to 20% B in 200 min, in 40 min to 35% B, ending with 20 min at
100% B) or a 460 min gradient (from 0% to 20% B in 354 min, in 71 min to 35% B, ending with 35 min

at 100% B). Eluting peptides were ionized with electrospray ionization and analyzed in the Q Exactive
Plus as described by Petersen et al. (26116)

Protein identification and quantification

For protein identification of the mock community samples a database was created using all protein
sequences from the reference genomes of the organisms used in the mock communities (Supplementary
Table 7). The cRAP protein sequence database (http://www.thegpm.org/crap/) containing protein
sequences of common laboratory contaminants was appended to the database. The final database
contained 123,100 protein sequences and is available from the PRIDE repository (PXD006118). For
protein identification of the soda lake mats we used the database described above. For protein
identification of the human saliva metaproteomes we used the same public databases as described in
Grassl et al’ as a starting point. Namely the protein sequences from the human oral microbiome database
*2:and the human reference protein sequences from Uniprot (UP000005640). CD-HIT was used to remove
redundant sequences from the database using an identity threshold Bf BBestsaliva metaproteome
database contained 914,388 protein sequences and is available from the PRIDE repository (PXD006366).
For peptide identification and protein inference the MS/MS spectra were searched against the databases
using the Sequest HT node in Proteome Discoverer version 2.0.0.802 (Thermo Fisher Scientific) or the

MaxQuant software version 1.5.5°1

Data availability

The mass spectrometry metaproteomics data and protein sequence databases have been deposited to the
ProteomeXchange Consortium via the PRM®Rartner repository with the dataset identifier PXD006118

for the pure culture and mock community data, with dataset identifier PXD006343 for the soda lake
biomats, and with dataset identifier PXD006366 for the re-analyses of the saliva metaproteomes by Grassl
et al.®. Public release of the PRIDE projectswill be requested as soon as a citable pre-print isonline,

so it might take a few daysfor theseidentifiersto show up in the database. A detailed overview of the

pure culture and mock community metaproteomic data for method development can be found in

Supplementary Table 5.
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588 The sequencing data for the mock community metagenomes and 16S rRNA gene amplicons is available

589 from the European Nucleotide Archive with study accession number PRJEB19901.

590 The 16S rRNA gene amplicon sequencing data has been submitted to the NCBI short read archive (SRA)
591  with the following accession numbers SRR5291562 (Lakel) and SRR5291553 (Lake2).

22


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not

certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

592
593
594
595
596
597
598
599
600

601

602

aCC-BY 4.0 International license.

Author contributions

M. K., conceived study, obtained and created bacterial stocks for mock communities, mock community
experiments and mass spectrometry, data analysis, wrote the paper with input from all co-authors; E. T.,
performed mock community experiments and data analysis, wrote parts of the methods and revised the
manuscript; C. S., obtained and created bacterial stocks for mock communities, soda lake sampling and
sequencing data generation, wrote parts of the methods and revised manuscript; D. L., proteomics support
and experiments, DNA extractions and 16S rRNA gene amplicon library preparation; X. D., assembled
and annotated soda lake metagenomes, developed MetaAmp software; C. L., 16S rRNA amplicon library

preparation and sequencing on MiSeq; M. S., conceived study, revised manuscript.

23


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not

certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

603
604
605
606
607
608
609
610

611
612
613
614

aCC-BY 4.0 International license.

Acknowledgements

We are grateful to Jianwei Chen, Emmo Hamann, Marc Mussmann, Jessica Kozlowski, Sean Booth,
Jessica Duong, Johanna Voordouw, Kenneth Sanderson, JoongJae Kim, Joenel Alcantara, Anupama P.
Halmillawewa, Michael F. Hynes, and Heidi Gibson for donations of cultures for the mock communities,
Tjorven Hinzke for providing photographs for the workflow figure, the University of Calgary DNA

services core for NextSeq sequencing, Paul Gordon for discussion of NextSeq data analyses, Emil Ruff for
discussions on data visualization, Eric Bedford for discussion of statistical analyses, and Niklas Grassl for

help with and discussion of the saliva metaproteome data.

This study was supported by the Campus Alberta Innovation Chair Program (M.S., C.S., X.D., D.L.), the
Canadian Foundation for Innovation (M.S.), and the Natural Sciences and Engineering Research Council
(NSERC) of Canada through a Banting fellowship (M.K.), an NSERC Undergraduate Student Research
Award (E.T.) and a NSERC Discovery Grant to M.S.

24


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

615

616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

aCC-BY 4.0 International license.

References

1. Biteen, J.S. et al. Tools for the Microbiome: Nano and Beyond. ACS Na®-37 (2016).

2. Amann, R. & Fuchs, B.M. Single-cell identification in microbial communities by improved
fluorescence in situ hybridization techniquiat. Rev. Microbiol. 6, 339-348 (2008).

3. Zhou, J. et al. High-throughput metagenomic technologies for complex microbial community
analysis: open and closed formats. mBji@02288-02214 (2015).

4, Milo, R. What is the total number of protein molecules per cell volume? A call to rethink some
published values. BioEssayd5, 1050-1055 (2013).

5. Daims, H. in Cold Spring Harbor Protocols, Vol. 4 pdb.prot5253 (2009).

6. Hettich, R.L., Sharma, R., Chourey, K. & Giannone, R.J. Microbial metaproteomics: identifying
the repertoire of proteins that microorganisms use to compete and cooperate in complex
environmental communitie€urr. Opin. Microbiol. 15, 373-380 (2012).

7. Milo, R., Jorgensen, P., Moran, U., Weber, G. & Springer, M. BioNumbers—the database of key
numbers in molecular and cell biology. Nucleic Acids Res, ¥8750-D753 (2010).

8. Hamann, E. et al. Environmental Breviatea harbour mutualistic Arcobagtbionts. Natures34,
254-258 (2016).

9. Grassl, N. et al. Ultra-deep and quantitative saliva proteome reveals dynamics of the oral
microbiome. Genome Medicine3, 44 (2016).

10. Heyer, R. et al. Proteotyping of biogas plant microbiomes separates biogas plants according to
process temperature and reactor type. Biotechnology for Biof@eld5 (2016).

11. Nesvizhskii, A.l. & Aebersold, R. Interpretation of shotgun proteomic data: The protein inference
problem. Mol. Cell. Proteomics4, 1419-1440 (2005).

12. Timmins-Schiffman, E. et al. Critical decisions in metaproteomics: achieving high confidence
protein annotations in a sea of unknowiSME J. 11, 309-314 (2017).

13. Denef, V.J., Shah, M.B., VerBerkmoes, N.C., Hettich, R.L. & Banfield, J.F. Implications of
strain- and species-level sequence divergence for community and isolate shotgun proteomic
analysis. J. Proteome Resb, 3152-3161 (2007).

14, Kleiner, M. et al. Metaproteomics of a gutless marine worm and its symbiotic microbial
community reveal unusual pathways for carbon and energy use. Proc. Natl. Acad. ScilQ9SA
E1173-E1182 (2012).

15. Tyanova, S., Temu, T. & Cox, J. The MaxQuant computational platform for mass spectrometry-
based shotgun proteomid¢at. Protoc. 11, 2301-2319 (2016).

16. Serang, O., MacCoss, M.J. & Noble, W.S. Efficient marginalization to compute protein posterior
probabilities from shotgun mass spectrometry dataroteome Res. 9, 5346-5357 (2010).

17. Serang, O. The probabilistic convolution tree: efficient exact bayesian inference for faster LC-
MS/MS protein inferencd?LoSONE 9, e91507 (2014).

18. Sharp, C.E. et al. Robust, high-productivity phototrophic carbon capture at high pH and alkalinity
using natural microbial communitieBiotechnology for Biofuels 10, 84 (2017).

19. Klindworth, A. et al. Evaluation of general 16S ribosomal RNA gene PCR primers for classical
and next-generation sequencing-based diversity studies. Nucleic AcidéResl (2013).

20. Parada, A.E., Needham, D.M. & Fuhrman, J.A. Every base matters: assessing small subunit rRNA
primers for marine microbiomes with mock communities, time series and global field samples.
Environ. Microbiol. 18, 1403-1414 (2016).

21. Tremblay, J. et al. Primer and platform effects on 16S rRNA tag sequdfr@nigersin
Microbiology 6, 771 (2015).

22. Props, R. et al. Absolute quantification of microbial taxon abundd &4 .J. (2016).

23. Kleiner, M., Hooper, L.V. & Duerkop, B.A. Evaluation of methods to purify virus-like particles
for metagenomic sequencing of intestinal vironBC Genomics 16, 7 (2015).

24. Sambrook, J., Fritsch, E.F. & Maniatis, T. in Molecular Cloning, Vol. 1, Edn. second. (ed. C.

Nolan) (Cold Spring Harbor Laboratory Press, 1989).

25


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707

708
709

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

aCC-BY 4.0 International license.

Juck, D., Charles, T., Whyte, L.G. & Greer, C.W. Polyphasic microbial community analysis of
petroleum hydrocarbon-contaminated soils from two northern Canadian communHNES.

Microbiol. Ecal. 33, 241-249 (2000).

Herlemann, D.P.R. et al. Transitions in bacterial communities along the 2000 km salinity gradient
of the Baltic Sea. ISME B, 1571-1579 (2011).

Nurk, S., Meleshko, D., Korobeynikov, A. & Pevzner, P.A. metaSPAdes: a new versatile
metagenomic assembler. Genome RBublished in Advance (2017).

Mikheenko, A., Saveliev, V. & Gurevich, A. MetaQUAST: evaluation of metagenome

assemblies. Bioinformatic32, 1088-1090 (2016).

Strous, M., Kraft, B., Bisdorf, R. & Tegetmeyer, H. The binning of metagenomic contigs for
microbial physiology of mixed cultures. Frontiersin Microbiolo§(2012).

Bankevich, A. et al. SPAdes: a new genome assembly algorithm and its applications to single-cell
sequencing. J. Comput. Biol. 19455-477 (2012).

Parks, D.H., Imelfort, M., Skennerton, C.T., Hugenholtz, P. & Tyson, G.W. CheckM: assessing
the quality of microbial genomes recovered from isolates, single cells, and metagenomes. Genome
Res. 25, 1043-1055 (2015).

Aziz, R. et al. The RAST Server: Rapid Annotations using Subsystems Technology. BMC
Genomics 9, 75 (2008).

Li, D. et al. MEGAHIT v1.0: A fast and scalable metagenome assembler driven by advanced
methodologies and community practicketethods 102, 3-11 (2016).

Luo, R. et al. SOAPdenovo2: an empirically improved memory-efficient short-read de novo
assembler. Gigasciencé, 18 (2012).

Hyatt, D., LoCascio, P.F., Hauser, L.J. & Uberbacher, E.C. Gene and translation initiation site
prediction in metagenomic sequendgiginformatics 28, 2223-2230 (2012).

Buchfink, B., Xie, C. & Huson, D.H. Fast and sensitive protein alignment using DIAMA&AD.

Meth. 12, 59-60 (2015).

Huerta-Cepas, J. et al. eggNOG 4.5: a hierarchical orthology framework with improved functional
annotations for eukaryotic, prokaryotic and viral sequences. Nucleic AcidgiReR286-D293

(2016).

Li, W. & Godzik, A. Cd-hit: a fast program for clustering and comparing large sets of protein or
nucleotide sequences. Bioinformati2g, 1658-1659 (2006).

Wisniewski, J.R., Zougman, A., Nagaraj, N. & Mann, M. Universal sample preparation method
for proteome analysis. Nat. Meth, 859-362 (2009).

Oberg, A.L. & Vitek, O. Statistical design of quantitative mass spectrometry-based proteomic
experiments. J. Proteome Res. 8144-2156 (2009).

Petersen, J.M. et al. Chemosynthetic symbionts of marine invertebrate animals are capable of
nitrogen fixation. Nature Microbiology?2, 16195 (2016).

Chen, T. et al. The Human Oral Microbiome Database: a web accessible resource for investigating
oral microbe taxonomic and genomic informatibatabase (Oxford) 2010 (2010).

Vizcaino, J.A. et al. 2016 update of the PRIDE database and its related tools. Nucleic Acids Res.
44, D447-D456 (2016).

Zaikova, E. et al. Microbial community dynamics in a seasonally anoxic fjord: Saanich Inlet,
British Columbia. Environ. Microbiol 12, 172-191 (2010).

26


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

710 Figures

27


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

Sample collection

Sample preparation

protein
mixture
beads
peptide
cells of different _> —’ mixture
community cell lysis protein cleanup,
member species e.g. by bead modification and
beating digest using FASP

Data acquisition: LC-MS/MS

3 Aol {
éj‘—»l — Ll

1D- or 2D-LC-MS/MS s? nw ‘,:MJ“

Protein sequence database generation
1. Assembly FASTA file with sequences
2. (optional binning)

—J» | 3. ORF prediction —>

Metagenomic 4. Functional and

sequencing taxonomic annotation

of matching sample KEMGRUGLROYCVD

Alternative: For extremely well sequenced KR KMOESE GUE MY SKISLVFHILR
environments e.g. the human microbiome, P sonsprmntnten e
reference genomes can be used with CAUTION STTAXON.3 provam duncton T GREENS

MNNYYHLSPEEP.

Peptide identification and filtering

Input Output
FASTA| = Filter identified AGPR
file R peptides QETTPLVK
: \ Peptide (false discovery | VLGLARNK
identification rate cutoff) LHHGFGK
algorithm e.g. | ————————Jp [AQUAWSHNLKT
) / SEQUEST or MDESELGVEIMNYSK
- SSIYLYLNGTELNTCK
Ms | Andromeda CQAGYEFDPYIPK

Protein inference for specificity and sensitivity

Peptides matched Identified proteins
to protein sequences .
>1 TAXON_1 (protein function) Protein infe :
MQTK NSQTKTQK AVNQPK QETTPLVK " : >1 TAXON_1 (protein function)
HNVAVSDS With simple filtering |7, nsarxrax avnapi
>2 TAXON_1 (protein function) for false discovery HNVAVSDS
MVIEHK YLGLARNK NI 2 >4 TAXON_2 (protein function)
LYSSVPGAPAYPPLMI rate and Unlque LK LHHGFGK AR YLGLARNK AR
SDEALEKQIARDLMFRRFS peptides AQLIAMSHNLKT GMNIFK EMQRLK RLR
>3 TAXON_2 (protein function) GYCcvQ
VPDHSSIWR NSQTKTQK NLLEPLLEQI —> >5 TAXON_2 (protein function)
NTHLEQNSIIVALGSINIIDATVIEAKQSR or MEKFGKFFKK MDESELGVEIMNYSK ISLY
KRKGKDDNNTQDPEASYNVKT VFHKLR
>4 TAXON_2 (protein function) . - >6 TAXON_3 (protein function)
LK LHHGFGK AR YLGLARNK AR Using specialized MNTIQLYVLGVLLLSSFNVLGEECNMK YL§
AQLIAMSHNLKT GMNIFK EMQRLKRLR | i LARNK
Gveva mferepce algorithm | By ok GRiFFKGREENS
>5 TAXON_2 (protein function) e.g. Fido
MEKFGKFFKK MDESELGVEIMNYSK ISLY
VFHKLR
>6 TAXON_3 (protein function) Protein unique peptide
MNTIQLYVLGVLLLSSFNVLGEECNMK YLG|
LARNK SSIYLYLNGTELNTCK CQAGYEFD | | Non-unique peptide
I PYIPK GRIFFKGREENS
Quantification
Protein Spectrum |Peptide
Accession | Description count intensit o
1 TAXON_1 133__| 164772.37 100%
21 TAXON_1 65 80527.85_| Sumcounts o0,
309 TAXON_1 34 42122.26 | or intensities = TAXON_3
4 TAXON_2 25 30972.25_| by taxon 60%
5 TAXON_2 24 29733.36 40% = TAXON 2
1 TAXON_2 22 27255.58 ° -
2119 | TAXON_ 2 23 28494.47 20%
6 TAXON_3 54 66900.06 ) = TAXON_1
3334_| TAXON 3 35 43361.15 0%
236 TAXON_3 44 54511.16
123 TAXON_3 11 137516.79

711 8


https://doi.org/10.1101/130575
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/130575; this version posted April 25, 2017. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

712  Figure1l: Workflow for assessing species biomass contributions using metapr oteomics.
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714  Figure 2: Specificity and sensitivity of protein identification using different protein inference

715 strategies. Proteins from different pure cultures were identified using a simulated metagenomic database
716 that contained the protein sequences of 30 species and strains. For each pure culture, mass spectrometric
717 data was acquired with a 260 minute long 1D-LC-MS/MS run (SEE METHODS). The database contained
718 the sequences of the pure culture organism and sequences of organisms of various degrees of taxonomic
719 relatedness. For the alphaproteobacteiinmobium leguminosarum bv. viciae 3841 the closest relative

720 in the database was a highly similar strain of the same species (a), for the gammaproteobacterium

721  Pseudomonas denitrificans the closest relatives in the database were other Pseudongpesies (b), for

722  the betaproteobaceriuNitrosospira multiformis the closest relatives in the database were from the related
723  betaproteobacterial genus Nitrosomonas (c), and for the archaditnososphaera viennensis the closest

724  relatives in the database were bacteria (d). The same selection of protein inference strategies is shown for
725 all cultures: SQ 5% FDR SEQUEST search filtered based on search engine scores for 5% false discovery
726 rate (FDR) using standard Target-Decoy strategy (implemented as Protein FDR Validator Node in Protein
727 Discoverer)2 UP c SQ 5% FDR; same as previous, but only the subset of proteins identified with at

728 least two unique peptides (UP) was considered. SQ Fido; Fido results filtered at 5% FDR based on

729 protein g-value. 2 P4 SQ Fido; same as previous, but only the subset of proteins identified with at least
730 two protein unique (PU) peptides was considered. SQ FiddQ@y; Only proteins considered that were

731 identified both by Sequest-Fido (FDR 5%) and MaxQuant (1% protein FDR, at least 2 razor+unique

732  peptides)(2 PU c SQ Fido) N MQ; Same as previous, but for Sequest-Fido only the subset of proteins
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733 identified with at least two protein unique (PU) peptides was considé@elido N (MQ || 3 PU); Only
734  proteins considered that were identified both by Sequest-Fido and MaxQuant. Additionally, Sequest-Fido
735 identified proteins were retained even if they were not identified by MaxQuant if they had at least three

736  protein unique peptides
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Figure 3: Quantification of mock community using three proteomic quantification methods and two

DNA sequencing based methods; a) Illustration of mock community construction. 32 species and strains
were used for the construction of three distinct community types. b) comparison of three proteomic
guantification methods with the relative protein input amounts. Averages of four biological replicates per
community are shown (full data in Supplementary Table 8). Data from two 460 min long 1D-LC-MS/MS
runs were used per biological replicate. Three different quantification methods were used including sum of
peptide-spectrum matches (PSMs), sum of peptide ion intensities using only unique peptides (u
intensities), and sum of peptide ion intensities using razor and unique peptides (r+u intensities) as
implemented in MaxQuant. The bacteriophages were mixed at a 1:10 ratio into the “equal protein amount”
communities. Based on metagenomic sequencing we found that the B. xenovottams was

contaminated witls. epidermidis and thus the input protein amounts and cell numbers for B. xenovorans
were lower than calculated. We used three Salmonella enterica typhimurium strains in the mock
communities that differed only in a small number of genes and thus were de facto indistinguishable on the
proteomic and metagenomic level and thus the inputs for the three strains are reported as one species. The
bubble plot was generated with the bubble.pl séfimt) Box plots show the x fold deviation of the

amounts measured with the three proteomic quantification methods from the actual protein input amounts.
The box indicates the'land & quartile, the line indicates the median and the whiskers indicate'the 10

and 98 percentile. Outliers are indicated as individual points. If measurement and input were equal then
all values would be exactly 0 (indicated by bright blue line). Zeros (species that were not detected i.e.

‘ND’ in panel b) were removed before plotting.

d) Comparison of metaproteomic, shotgun metagenomic and 16S rRNA gene amplicon based
guantification of the mock communities with the input protein amounts and cell numbers. For 16S rRNA
gene amplicons and metaproteomes averages of four biological replicates per community type are shown.
For the shotgun metagenomic data averages of three biological replicates are shown. For the
metaproteomes the PSM based quantification is shown (see panel b). (gr- or gr+) gram positive or
negative Bacterium, (A) Archaeum, (E) Eukaryote, (V dsDNA, ssDNA or ssRNA) virus specifying

nucleic acid type of genome.

e-g) Box plots show the x fold deviation of the species abundance quantification with metaproteomics,
metagenomics and 16S rRNA gene amplicon sequencing from the actual input amounts for protein e) and
f) and cell number g). f) is an enlargement of the lower part of e). If measured and input species
abundance were equal, then all values would be exactly O (indicated by bright blue line). Zeros (species
that were not detected i.e. ‘ND’ in panel d) were removed before plotting. For each community type and
method the method with the significantly lowest x fold deviation (p-value <0.01) is indicated with a bright

blue *' (see Supplementary Table 4 for details on statistics).
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772  NA: species not added to this mock community; ND: Not detected with this method.
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Figure 4: Comparison of quantification accuracy for the UNEVEN mock community depending on

L C method, gradient length and technical replication. Four biological replicates were run for each

method and the number of peptide-spectrum matches (PSMs) was averaged per organism. The numbers
below the plots give the average total number of PSMs generated for each of the methods. Box plots show
the deviation of the amounts measured by summing of PSMs from the actual protein input amounts. The
box indicates the*land & quartile, the grey line indicates the median, the red line the average and the
whiskers indicate the foand 98 percentile. If measurement and input were equal, then all values would

be exactly 1 (indicated by bright blue line). The first four methods were 1D-LC-MS/MS runs of the given
length. The ‘2x’ indicates if technical replicates were run. The fifth method was 2D-LC-MS/MS runs with
each of the 12 fractions measured for 120 minutes (detailed data for this Figure is in Supplementary Table
6). In a) the deviation values for all 27 detected strains and species are shown. In b) the deviation values

are only shown for the 18 strains and species that had an abundance >0.5% based on at least one of the
methods.
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Figure5: Effect of using incomplete protein sequence databases on quantification results. Species in

the UNEVEN community were quantified using the complete protein sequence database containing the
protein sequences of all species in the community for protein identification and two sequence databases of
varying incompleteness. In the first incomplete databas®(PLETEL) the protein sequences for
Pseudomonas denitrificans, Pseudomonas fluorescensand Rhizobium leguminosarum bv. viciae (strain

3841) were removed leaving the sequences of the closely related species/strains Pseudomonas

pseudoal caligenes and Rhizobium leguminosarum bv. viciae (strain VF39) in the database. In the second
incomplete databaseNCOMPLETE?) the remaining Pseudomonaand Rhizobiumsequences as well as the
Salmonella enterica typhimurium LT2 sequences were removed. In a) the average quantification results
for the fouruUNEVEN community biological replicates are shown. For thedd %' bar the quantification
results were corrected by considering the percentage of PSMs lost due to database incompleteness, i.e.

based on searches with the complete database the expected fracticrspeht@ that yielded PSMs was
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800 known and thus we could calculate the difference between the expected number of PSMs and actual
801 number of PSMs in the quantification with the incomplete databases. In b) the comparison of the
802 quantification results with the complete and the@oMPLETE2 databases are shown before and after

803 correction of theNCOMPLETE2 quantification results. If the quantification results were in perfect

804 agreement then all values would be 1 (indicated by the bright blue line). The box indicatearttie’l

805 quartile, the line indicates the median and the whiskers indicate trendl®@ percentile.
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806

807  Figure6: Two application examples using metapr oteomics of estimating species biomassin

808 communities. a) Comparison of phylum level quantification of two soda lake biomats using

809 metaproteomics and 16S rRNA gene amplicon sequencing. b) Re-analysis of a published saliva

810 metaproteome dataset by Grassl et al. (2018)ng our method and comparison with the original

811 analysis. *For the Grassl et al. analyses the abundances are given in % of the summed MS intensities of
812 the 10 most abundant peptides per genus across all samples. For our analyses the abundances are given as
813 % of all PSMs from proteins inferred by FidoCT with an FDR of 5% and at least 2 protein unique

814 peptides.
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