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Summary

Environmental and host-associated microbial com-
munities are complex ecosystems, of which many
members are still unknown. Hence, it is challenging
to study community dynamics and important to cre-
ate model systems of reduced complexity that mimic
major community functions. Therefore, we developed
MiMiC, a computational approach for data-driven
design of simplified communities from shotgun
metagenomes. We first built a comprehensive data-
base of species-level bacterial and archaeal gen-
omes (n = 22 627) consisting of binary (presence/
absence) vectors of protein families (Pfam = 17 929).
MiMiC predicts the composition of minimal consortia
using an iterative scoring system based on maximal
match-to-mismatch ratios between this database and
the Pfam binary vector of any input metagenome.
Pfam vectorization retained enough resolution to dis-
tinguish metagenomic profiles between six environ-
mental and host-derived microbial communities
(n = 937). The calculated number of species per min-
imal community ranged between 5 and 11, with

MiMiC selected communities better recapitulating the
functional repertoire of the original samples than
randomly selected species. The inferred minimal
communities retained habitat-specific features and
were substantially different from communities con-
sisting of most abundant members. The use of a
mixture of known microbes revealed the ability to
select 23 of 25 target species from the entire gen-
ome database. MiMiC is open source and available
at https://github.com/ClavelLab/MiMiC.

Introduction

Microbial communities are ubiquitous and influence
many fundamental processes ranging from carbon and
nitrogen cycles in water and soil to health and disease
regulation in host-associated habitats (Thompson et al.,
2017; Vujkovic-Cvijin et al., 2020). A major bottleneck for
the study of these communities is the vast number of
microbes that are still unknown (Hug et al., 2016). This
prevents accurate assessment of community dynamics
and interactions with the environment. Moreover, the
tremendous complexity of these communities, due to
hundreds of members and the possible interactions
between them, renders the task of understanding how
they establish and function very difficult. Hence, being
able to design simplified communities of microbes as
proxy for the native community of interest is important,
albeit not an easy task. Such simplified (or synthetic)
communities can be used in modelling or experimental
approaches (e.g. continuous culture or gnotobiology) to
highlight fundamental concepts underlying relationships
between community members, evolutionary processes,
or mechanisms of interactions with environmental factors
or host species (Payne et al., 2012; Brugiroux et al.,
2016; Bauer et al., 2017; Noronha et al., 2019; Tanoue
et al., 2019; Streidl et al., 2021).
A variety of examples of such synthetic communities

have been published for several habitats, including plant
roots (Armanhi et al., 2017; Niu et al., 2017; Vorholt
et al., 2017; Herrera Paredes et al., 2018; Zhang et al.,
2019), soils (Kleyer et al., 2017; Puentes-Tellez and Fal-
cao Salles, 2018; Zhalnina et al., 2018) and gastroin-
testinal tracts (Schaedler et al., 1965; Becker et al.,
2011; Petrof et al., 2013; Brugiroux et al., 2016; Cala-
tayud Arroyo et al., 2018). Experimental approaches to
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build minimal communities include incremental, function-
driven selection of taxa in vitro or in vivo (functional
enrichments) or tailored assemblage of previously iso-
lated axenic strains (community assembly) (Clavel et al.,
2017). Functional enrichment has the advantage of
directly providing communities that carry out the desired
function, as published already in the context of plant fit-
ness or the induction of specific immune responses
(Atarashi et al., 2013; Herrera Paredes et al., 2018;
Stein et al., 2018), but they are experimentally demand-
ing because of the necessity to test the given function
after each round of enrichment. In contrast, the draw-
back of community assembly, the approach that is most
commonly followed, is that the selection of strains is
knowledge-driven, i.e. based on ease of cultivation,
availability of genomic information, an educated opinion
on phylogenetic diversity, known functions and occur-
rence of taxa in the ecosystem of interest. Developing
methods towards data-driven design of synthetic com-
munities of microbes would open new avenues by pro-
viding tailored synthetic community compositions fitted to
the specific need of individual studies. Considering func-
tional redundancy within complex microbial ecosystems,
i.e. several community members carry out the same
given function (Tian et al., 2020), favouring minimal com-
munities that best represent the array of functions
expressed rather than the original taxonomic profile of
complex microbial communities is a sound objective
(Johns et al., 2016; Eng and Borenstein, 2019; McCarty
and Ledesma-Amaro, 2019).
In this context, the present study aimed at creating

and benchmarking a bioinformatic pipeline, called MiMiC,
for automated prediction of synthetic community compo-
sitions mimicking the functional repertoire of the input
microbial ecosystems.

Results and discussion

Overall concept of MiMiC

The rationale behind MiMiC is to infer the composition of
a synthetic community of prokaryotes based on individ-
ual metagenomic profiles. Therefore, the pipeline pro-
cesses (meta)genomic data into vectors of protein
families (Pfams) used as the foundation for an iterative
scoring process to determine a short list of best match-
ing genomes from a comprehensive database. A sche-
matic overview of the pipeline and tools used can be
seen in Fig. 1A, experimental details are provided in the
methods section, and all scripts and data are accessible
via the project-specific repository: https://github.com/Cla
velLab/MiMiC. The current genome database consists of
22 627 species-level genomes from bacteria and
archaea spanning a total of 53 phyla and representing
an average of 2523 � 452 Pfams each (Fig. 1B).

Ecosystem-specific genome databases can also be
used, as currently included for the human (n = 803) (Zou
et al., 2019), mouse (n = 104) (www.dsmz.de/miBC)
(Lagkouvardos et al., 2016) and pig intestine (n = 111)
(www.dsmz.de/pibac) (Wylensek et al., 2020). After
selecting a minimal number of genomes (either pre-set
by the user or determined in silico as detailed in the
methods) from the database by maximizing the ratio of
matches-to-mismatches to the input metagenome, MiMiC
returns their NCBI RefSeq genome accession numbers
along with various genome-derived statistics. Running
MiMiC with 50 iterations against the entire reference
genome database using a metagenomic Pfam binary
vector as input returned results within an average of
11 min by a computer system with 32GB RAM and 12
cores operating on linux (x86_64-pc-linux-gnu) and using
R version 3.6.3 (2020-02-29).

Functional metagenomic profiles to infer synthetic
community composition

In order to test MiMiC, we processed a set of 937 shot-
gun metagenomes from six different microbial habitats:
marine water, soil, human tongue and the intestine of
humans, mice and pigs (see the methods for details).
The rationale was to select shotgun profiles representing
very distinct (e.g. environmental vs. host-associated) but
also more closely related ecosystems (host-specific
microbiomes) obtained from published studies.
Expectedly, multidimensional analysis of functional

profiles from these metagenomes showed a clear dis-
tinction between environmental and host-associated
microbiomes (Fig. 2A). The generated binary Pfam-
based profiles also allowed to differentiate gut micro-
biomes from the three host species analysed (Fig. 2B).
A prerequisite for inferring the composition of simplified
consortia from complex native communities is the ability
to cover a sufficiently high fraction of metagenomic func-
tions using reference genomes. For all ecosystems, the
median metagenomic Pfam coverage by the entire data-
base was close to 100% (Fig. 2C). While this covered
fraction decreased when using the host-specific data-
base for gut microbiomes, all median values remained
> 90% and all single values > 75%.
Altogether, these data show that binary Pfam-based

annotation of shotgun metagenomes retained enough
resolution to distinguish even closely related ecosystems
and the established genome databases can be used as
a robust foundation for synthetic community design.

Features of the inferred minimal consortia

MiMiC predictions were performed on all 937 individual
metagenomes aforementioned. Knee point calculation
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(see methods) to determine the optimal number of spe-
cies within the inferred synthetic communities after 50
iterations revealed lowest (n = 7) and highest (n = 10)
median diversity for soil and pig gut microbiomes
respectively (Fig. 3A). The cumulative metagenomic cov-
erage by the inferred synthetic communities was > 80%
for all habitats, with a sharp increase in function cover-
age (up to 75% of metagenomic Pfams) observed

already for the first four species selected (Fig. 3B). Each
individually generated synthetic community was then
compared with 100 sets of randomly selected species
for each metagenome, resulting in a total of 7200–
27 100 random sets for each ecosystem. The cumulative
functional coverage was always significantly higher
(+10–15%) for MiMiC predictions vs. the random sets
(Fig. 3C). In contrast, the fraction of mismatches was
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Fig. 1. Schematic overview of the architecture and content of MiMiC. See methods section for all details.
A. (Meta)genomic reads are quality-checked and processed into binary vectors of protein families (Pfams). The resulting metagenomic profile
(MG-1) is used for iterative selection of a minimal number of genomes (calculated by a knee point approach) from the database (B-1 to B-n)
that best cover the functional potential of the input data (highest number of matches; least number of mismatches).
B. The genome database currently consists of 22 627 species-level genomes of archaea and bacteria spanning a total of 53 phyla, with an
average of approximately 2500 Pfams per genome.
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significantly lower for MiMiC predictions in two cases
(human tongue and gut), while equal for soil and mouse
gut and higher for marine water and pig gut.
The synthetic communities created were then

assessed in terms of composition respective to their
ecosystem of origin. Multidimensional binary plots of the
presence/absence of selected species per individual
community showed that the main difference between
environmental (marine water and soil) and host-
associated ecosystems previously observed with the
native metagenomic profiles was conserved after MiMiC
predictions (Fig. 4A). The distinction among host-

associated communities was less clear, with marked
inter-individual differences especially in the case of
human tongue samples. Nonetheless, simplified commu-
nities from the pig intestine were most distinct from the
others (Fig. 4B). Ecosystem-specific species were identi-
fied by reporting the 10 most prevalent species per habi-
tat, e.g. those species that were most often selected
across all input metagenomes for the given habitat
(Fig. 4C). This analysis showed no overlap between
environmental and host-associated ecosystems. A few
common species were observed between habitats within
each of these two main ecosystem types, while each
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Fig. 2. Input metagenomes from six different types of complex microbial communities.
A. Multi-dimensional plot based on the presence/absence of Pfams (Jaccard index) in each individual metagenome (dots) from two environmen-
tal (marine water and soil) and four host-associated metagenomes: the tongue and gut of humans (H) and the gut of mice (M) and pigs (P).
The number of computed metagenomes per environment is indicated next to the corresponding cluster of samples. P < 0.01 as tested by per-
mutational multivariate analysis of variance using distance matrices with the function adonis in R.
B. Same as in A showing further host species delineations between gut microbiomes.
C. Coverage of all metagenomes per habitat category (i.e. percentage of metagenomic Pfams also present in the reference MiMiC-processed
genomes) by the entire database (DB) or host-specific collections of genomes for the human, mouse and pig intestine.

Fig. 3. Output of MiMiC analysis on complex communities.
A. Distribution of the number of species per minimal consortium according to knee point-based calculation after 50 iterations. The number of
samples considered is indicated below the name of each community category.
B. Coverage of metagenomic profiles (y-axis) according to incremental selection of genomes by MiMiC until sample-specific knee points (x-axis
= rank of genome selection).
C. Performance (% of matches and mismatches) of MiMiC outputs compared with 100 sets of an equal number of species randomly selected
from the entire database for each individual metagenome. P-values were calculated using the Wilcoxon rank-sum test; ***P < 0.001.
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type of communities was characterized by four to seven
uniquely selected species. Strikingly, soil samples were
represented by species with an overly low prevalence,
indicating marked inter-sample differences in composi-
tion, as illustrated in the native metagenomic profiles
(Fig. 2A) and the wide range of species diversity within
the synthetic communities (Fig. 3A).

Comparison with alternative strategies for genome
selection

We further evaluated the relevance of the MiMiC selec-
tion strategy using the metagenomic data from the pig
intestine (N = 271), as we have recently established a
comprehensive collection of gut bacterial isolates and
corresponding genomes from pigs (Wylensek et al.,
2020), allowing host-specific analysis and taxonomic
annotation of the data. The standard MiMiC procedure
described above was compared with synthetic communi-
ties selected based on (i) most abundant members
(Most abund.), at a number of species equal to that
selected by MiMiC (knee point method); (ii) genomes
with the greatest number of additional Pfam matches
with the input metagenome, i.e. mismatches were not
considered (m-only); and (iii) excluding the first selected
genome (skip 1st). The metagenomic Pfam fraction cov-
ered by the respective synthetic communities was high-
est with the ‘m-only’ approach, albeit at the expense of a
substantial proportion of functions not present in the orig-
inal metagenomes (> 20%), justifying the consideration
of mismatches in the selection process (Fig. 5A). The
fraction of mismatches was also significantly higher for
the ‘Most abund.’ and ‘Skip 1st’ strategies, although the
magnitude of differences to MiMiC was much lower than
for ‘m-only’ and the metagenomic coverage was slightly
higher for the ‘Most abund.’ strategy. These subtle
changes in terms of percentages of Pfams translated
into more evident differences when looking at the diver-
sity of top-10 most prevalent species selected across all
271 metagenomes by each method (Fig. 5B). MiMiC
selected only 6 of the 10 most abundant taxa, highlight-
ing the functional input of lower abundant taxa. Species
selected on the basis of matches only were drastically
different from the other approaches (in particular, no
species in common with MiMiC), likely due to the pre-
ferred selection of functionally pluripotent species. Skip-
ping the species most often ranked no. 1 (i.e. for which
the genome was most often selected first), namely
Streptococcus alactolyticus, favoured the selection of the
species Roseburia porci within the top-10 species. The
little differences observed between these two methods
(MiMiC Vs. Skip 1st) in terms of coverage values
(Fig. 5A) highlight that overall Pfam profiles can be com-
pensated between several species with a synthetic

community. This is further discussed below in the sec-
tion ‘Recommendations and outlooks’.

Benchmarking against a reference community

To assess the performance of MiMiC further, we used
metagenomic data from the mock community MBARC
(Singer et al., 2016), which consists of 23 bacterial and
3 archaeal species. Iterations were run against the
entire genome database (n = 22 627; including the tar-
get genomes) until full functional coverage was
reached, which happened at a number of 68 species
(Fig. 6A). Knee point determination returned a number
of 25 target species, which indirectly confirms the rele-
vance of this approach, as close to the number of ref-
erence taxa within this community. Of note, one of the
26 target species, namely Nocardiopsis dassonvillei,
was absent from the input metagenomic reads and can
thus not be considered as a community member within
the dataset tested. Comparison of cumulative functional
coverage and numbers of mismatches at the theoretical
number of species (n = 26) between the MiMiC predic-
tion and 100 sets of randomly selected species con-
firmed the superiority of targeted community design
(Fig. 6B). Interestingly, from the MiMiC species-rank
(i.e. the order at which genomes are selected) 19
onwards, we observed an increased amount of both
matches and mismatches in the MiMiC prediction (blue
dots) compared with the random sets (black box plots).
Four of the seven species selected during the late iter-
ations corresponded to species characterized by a low
relative abundance within the MBARC metagenome
analysed (Fig. 6C), suggesting that such taxa contribute
to higher mismatch values due to their incomplete
occurrence within metagenomic reads. Altogether, of
the 25 target species present within the dataset, 23
were selected by MiMiC (Fig. 6C).

Recommendations and outlooks

Despite its usefulness by enabling individualized syn-
thetic community design based on functional profiles, the
proposed approach has some limitations that we trans-
parently present here and will be addressed in further
versions of the tool.
MiMiC is reference-based; i.e. predictions are depen-

dent on the quality of the genome database. However,
the pool and diversity of genomes publicly available are
growing exponentially and the reference dataset will be
regularly updated, including microbes other than prokary-
otes such as fungi (Richard and Sokol, 2019). Moreover,
using ecosystem-specific genome databases can help
restricting predictions to those taxa most relevant for that
ecosystem. Users may also modify the provided
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Fig. 4. Ecosystem-specific synthetic communities.
A. Multi-dimensional plot based on the presence/absence of species (Jaccard index) selected by MiMiC within individual minimal consortia
(dots), each corresponding to one input metagenome from six ecosystem types. The centroid of each type is indicated directly by the label or
else by grey arrowheads within the label in case of overlaps. P < 0.01 as tested by permutational multivariate analysis of variance using dis-
tance matrices with the function adonis in R.
B. Same as in A showing further host species delineations between gut microbiomes.
C. Species identity (with sequence accession in brackets) of the 10 most prevalent genomes selected by MiMiC for each habitat type, preva-
lence being defined as the percentage of minimal microbial consortia containing the given species. The total number of metagenomes/minimal
consortia considered per habitat category is shown below the x-axis. Species identities are written in habitat-specific colours if unique and in
black if shared between habitats.
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Fig. 5. Comparison with alternative strategies for genome selection. Data were generated using the 271 pig metagenomes (Xiao et al., 2016)
and genomes from the pig intestinal bacterial collection (Wylensek et al., 2020).
A. Fraction of matches (m) and mismatches (mi) within the synthetic communities as a percentage of metagenomic Pfams for each of the fol-
lowing four methods: (i) MiMiC (see detailed description in the methods; (ii) synthetic communities based on most abundant members (Most
abund.), at a number of species equal to that selected by MiMiC (knee point method); (ii) calculated using only Pfam matches between any
genome and the input metagenome, i.e. mismatches were not considered (m-only); (iii) excluding the first selected genome (skip 1st).
B. List of species selected by the different methods. The 10 most prevalent species, i.e. most often selected by the given method across all
input metagenomes, are shown. The bars indicate their respective prevalence (% of 271). The relative abundance of each species is shown as
logarithmic values of RPKM (reads per kilo base per million mapped reads).

Fig. 6. Mock community analyses.
A. Functional coverage and number of mismatches across the total iterations required to cover all Pfams from the input reference metagenome.
The dashed red line represents the knee point determined on functional coverage.
B. MiMiC output (red dots) against 100 sets of randomly picked genomes until the number of 26 taxa.
C. Strain identification (with sequence accession in brackets) of the target species within the mock community sorted in decreasing relative
abundance within the shotgun sequencing data (x-axis, in %) as reported in the original paper (Singer et al., 2016). The rank (i.e. iteration) at
which each species was selected by MiMiC is indicated on top of the bars.
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databases by applying their own taxonomic filters to
restrict the search to relatively high taxonomic ranks
contained in an input metagenome, e.g. families. This
would narrow the pool of reference genomes to
ecosystem-relevant taxa while retaining enough diversity
to not antagonize the concept of this tool: providing con-
sortia mimicking ecosystem functions and not taxonomic
profiles. This will, however, come at the cost of addi-
tional computation time required for the taxonomic anno-
tation of metagenomic reads.
The current genome selection approach is intrinsically

limited by the generally low standard annotation power
of genomes (without manual curation) and the functional
resolution of Pfams, i.e. core functions outnumber speci-
fic functional features, inflating the possible functional
redundancy between selected genomes. A future
approach that considers the rareness of functions among
microbes may better recapitulate the individuality of
ecosystems.
Determination of the number of species to be con-

tained in the output synthetic community is not an easy
task. For instance, the output of knee point calculation is
influenced by the number of scoring iterations, which we
recommend keeping below 50, as the steep increase in
metagenomic coverage occurs across the first 10
selected taxa. Additional parameters beyond metage-
nomic coverage will also be considered in the future to
determine the number of species within synthetic com-
munities. As an alternative to sample-specific determina-
tion of the number of species to be included in a
synthetic community, users can also run the MiMiC
script by setting a defined number of iterations corre-
sponding to the wished number of species without con-
sidering knee point calculation.
Over the last few years, two algorithms for designing

minimal microbial communities have been published. The
first aimed for desired metabolic capacities based on inte-
ger linear programming (Eng and Borenstein, 2016).
While a step-forward, this approach is limited due to com-
plete metabolic pathways being targeted, which may be
prevented by genome completeness and functional anno-
tation quality (Parks et al., 2015; Karp et al., 2018). More-
over, communities of surprisingly low complexity were
inferred using random selection of metabolite pairs (sub-
strate product), and no information was provided on the
complexity of usage and computation time. The second
method aimed to generate communities that would be
stable within a chemostat based on a user-provided list of
strains with known quorum sensing and bacteriocin pro-
duction and sensitivity values (Karkaria et al., 2021). This
method was designed for application to engineered
strains, for which such data would be known due to having
been designed into the strains genome, and not for envi-
ronmental isolates. Neither of the methods aim to

generate ecosystem representative minimal communities,
making MiMiC a unique addition to the existing suite of
bioinformatic tools currently available. Future incorpora-
tion of systems biology approaches into MiMiC will provide
in silico validation of community structure and species
interactions prior in experimental testing (Bauer et al.,
2017; Venturelli et al., 2018).

Conclusion

Synthetic communities are very important experimental
models to study microbiomes but very few approaches
have been developed for their design. We share a bioin-
formatic tool to create synthetic community compositions
that mimic the functional prokaryotic potential within input
metagenomes, which we hope will facilitate experimental
studies in many fields of microbiology and biotechnol-
ogy.

Experimental procedures
Datasets

Genomes. All bacterial and archaeal genome assemblies
(.faa) available in the NCBI RefSeq database (Haft et al.,
2018) as of February 2019 (n = 156 800) and host-
specific genomes from published studies (n = 1018)
(Lagkouvardos et al., 2016; Zou et al., 2019; Wylensek
et al., 2020) were considered to build the MiMiC genome
database. As a few species, such as pathogens, have
been repeatedly sequenced, redundancy within the NCBI-
derived genome database was reduced in a stepwise
manner: (i) reference genomes were kept whenever
existing, defined as manually selected high-quality
genome assemblies that NCBI and the community
identified as being important, and for which experimental
data and extensive proteome support from Uniprot exist
(UniProt, 2021); (ii) for species without a reference
genome, representative genomes were kept whenever
available, defined as computationally or manually selected
genomes among the best genomes available for a species
or clade; (iii) for those species without reference or
representative genomes but for which several assemblies
were available, CHECKM v.1.0.18 (Parks et al., 2015) was
used to select the genome with highest completeness; (iv)
for species with only one assembly available, this unique
genome was kept in the database. This resulted in a total
of 22 627 species-level assemblies in the final database.

Mock community. The defined mixture of prokaryotes
referred to as Mock Bacteria Archaea Community
(MBARC-26) (Singer et al., 2016) was used for
validation. Shotgun metagenomic Illumina reads were
downloaded using the SRA accession number
SRX1836716.
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Metagenomes. In total, 937 metagenomes from six
different microbial habitats were processed and analysed
in the present study. Human-derived metagenomes were
retrieved from the Integrative Human Microbiome Project
(iHMP-Consortium, 2019). Communities from the tongue
(habitat 1; n = 121) and faeces (habitat 2; n = 117) of
healthy individuals were selected due to their distinct
microbial compositions. Mouse gut metagenomes
(habitat 3; n = 170) including multiple genetic
backgrounds and housing conditions (Xiao et al., 2015)
were downloaded from the European Nucleotide Archive
(ENA), project PRJEB7759. Pig faecal metagenomes
(habitat 4; n = 271) from the original metagenomic gene
catalogue for this host species (Xiao et al., 2016),
including animals from China, Denmark and France,
were downloaded from ENA, project PRJEB11755.
Assemblies from marine water samples (habitat 5;
n = 186) collected from 68 different sites worldwide from
the surface and at the deep chlorophyll maximum were
downloaded from ENA, project PRJEB4352 (Carradec
et al., 2018). For soil samples (habitat 6; n = 72),
assemblies from different studies were downloaded from
the NCBI with the following accessions: PRJEB10725,
PRJNA13699, PRJNA202911, PRJNA269960,
PRJNA271842, PRJNA295927, PRJNA342745,
PRJNA358809, PRJNA376086, PRJNA422409,
PRJNA489261 (Tringe et al., 2005; Johnston et al.,
2016; Meier et al., 2016).

Raw data processing

Genomes. Whenever PGAP-annotated assemblies
(Tatusova et al., 2016) were available from NCBI RefSeq,
files with the suffix ‘translated_cds.faa.gz’ were
downloaded. Else, raw genomic fastq reads were
assembled using SPADES v.3.13.0 with default settings
(Bankevich et al., 2012) and assemblies were annotated
using PRODIGAL v.2.6.3 (Hyatt et al., 2010) with the following
settings: -c (closed-end genes only), -m (do not predict
genes including ‘N’ nucleotides). Quality was assessed
using CHECKM v.1.0.18 (Parks et al., 2015), retaining only
genomes with > 90% completeness and < 5%
contamination. For all genomes, annotated proteins were
assigned a protein family (Pfam) (El-Gebali et al., 2019)
using HMMSCAN v.3.2.1 based on database version 17.0
(containing 17 929 Pfams) with the gathering threshold
score cut-offs applied (-cut_ga) (Finn et al., 2011).

Metagenomes. Whenever appropriate (i.e. no protein
sequence files available), the quality of fastq data was
ensured using FASTP v.0.14.1 (Chen et al., 2018), including
adaptor sequence removal (default option), phred score
filtering (min. 40% bases >q15), 30-end trimming (average
q20 at a window size of 16), and read length filtering

(exclude <35 nt). For those metagenomes from host-
associated ecosystems, host-specific reads were removed
(Bushnell, 2014). Reads were then assembled using
SPADES v.3.13.0 with (-meta) default options (Bankevich
et al., 2012). Contigs were filtered at a minimum length of
500 nt using SEQKIT v.0.10.0 (Shen et al., 2016). Proteins
were annotated using PRODIGAL v.2.6.3 with gene modelling
parameters (-c, -m, -q, -f, sco, -d) (Hyatt et al., 2010) and
then assigned to Pfams as mentioned above for genomes.

Vectorization and scoring

For each individual genome and metagenome, Pfam
accessions from the hmmscan output were parsed into a
text file using custom perl and R scripts, resulting in
qualitative functional profiles consisting of binary vectors
of 1 (Pfam present) and 0 (Pfam absent) across all
Pfams contained within the reference set (n = 17 929).
The rationale for selecting genomes from the database

as members of a synthetic community representing the
input metagenome was to maximize the number of
matches (m) and minimize the number of mismatches
(mi) between a given genomic and metagenomic Pfam
profile. Therefore, a genome-specific score defined as
‘m/m+mi’ was calculated, where ‘m’ is the number of
Pfams present in both the genome and the metagen-
ome, and ‘mi’ is the number of Pfams present in the
genome only (not in the metagenome). This process
was iterative: (i) the genome with the highest score was
selected first; (ii) the Pfams covered by this first genome
were zeroed in both the target metagenome and
throughout the genome database to ensure further selec-
tion was based on the addition of as-yet-missing func-
tions; (iii) the next genome with highest score was
selected and the process continued.
The total number of taxa to be selected can be either

set by the user or calculated in silico. In the latter case,
the script was let to run until the cumulative metage-
nomic coverage (i.e. the fraction of metagenomic Pfams
covered by those from selected genomes) reaches a
stable plateau, and the number of taxa corresponding to
the elbow point was calculated using a knee point
approach using the method uik (unit invariant knee)
(Christopoulos, 2016). To assess the representation of
MiMiC predictions, the species selected as described
above for each microbial habitat were compared with
artificial communities consisting of the same number of
randomly selected species.

Outputs and statistics

Each MiMiC prediction reports the genome IDs of
selected strains (i.e. RefSeq assembly accessions or
study-specific labels/accessions in the case of individual
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databases) along with genome-derived parameters, e.g.
size, Pfam number, number/percentage of matches/mis-
matches (per iteration and cumulative). Functional pro-
files of the different microbial ecosystems were
examined by generating distance matrices from the
Pfam-based vectors using the Jaccard index (Jaccard,
1901) followed by multidimensional scaling (MDS) plot-
ting using cmdscale (Mead, 1992). Statistical differences
were assessed by permutational multivariate analysis of
variance using distance matrices with the function adonis
in R. Statistical significances between MiMiC and ran-
dom outputs were tested using Wilcoxon rank-sum tests.
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