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ABSTRACT

Recent advances in sequencing and bioinformatics
have expanded the tree of life by providing genomes
for uncultured environmentally relevant clades, ei-
ther through metagenome-assembled genomes or
through single-cell genomes. While this expanded
diversity can provide novel insights into microbial
population structure, most tools available for core-
genome estimation are sensitive to genome com-
pleteness. Consequently, a major portion of the huge
phylogenetic diversity uncovered by environmental
genomic approaches remains excluded from such
analyses. We present mOTUpan, a novel iterative
Bayesian method for computing the core genome
for sets of genomes of highly diverse completeness
range. The likelihood for each gene cluster to belong
to core or accessory genome is estimated by com-
puting the probability of its presence/absence pat-
tern in the target genome set. The core-genome pre-
diction is computationally efficient and can be scaled
up to thousands of genomes. It has shown compa-
rable estimates to state-of-the-art tools Roary and
PPanGGOLIN for high-quality genomes and is capa-
ble of using genomes at lower completeness thresh-
olds. mOTUpan wraps a bootstrapping procedure to
estimate the quality of a specific core-genome pre-
diction, as the accuracy of each run will depend on
the specific completeness distribution and the num-
ber of genomes in the dataset under scrutiny. mO-
TUpan is implemented in the mOTUlizer software
package, and available at github.com/moritzbuck/
mOTUlizer, under GPL 3.0 license.

INTRODUCTION

The continuous advancements of high-throughput sequenc-
ing technologies and bioinformatics tools over the last two
decades have fueled large-scale ecogenomic analyses lead-
ing up to a new view of the tree of life (1-3). This re ned
view enabled by metagenomics and single-cell genomics re-
veals that uncultured bacteria and archaea exclusively rep-
resented by metagenome-assembled genomes (MAGSs) and
single-cell ampli ed genomes (SAGs) account for  75% of
the cataloged phylogenetic microbial diversity (2). Despite
their unequivocal potential to reveal diversity, the inherent
incompleteness of MAGs and SAGs has so far hindered at-
tempts in the large-scale study of subpopulation diversity,
core-genome structure and genome evolution of these phy-
logenetically diverse species.

All nonredundant genes in genomes from a genome set
are part of its pan-genome and can be categorized as ei-
ther core or accessory (4). The core genome is a set of genes
common among all genomes of a species and is suppos-
edly responsible for the basic aspects of the cell’s biology
and phenotypic traits (5). The accessory part of the genome
is underpinning the subspecies diversity and is de ned as
genes present in two or more but not all representatives of a
species. Accessory genes typically encode for functions that
provide cells with adaptive advantages (e.g. supplementary
metabolic pathways, enzymatic activities, antibiotic resis-
tance, phage and predation resistance, pathogenicity, etc.)
(4-6), but are often also relics or live sel sh genetic elements
7.

A key prerequisite for the comparative analyses of the
subspecies diversity and ecological adaptations is to rst
have a robust estimation of the core genome that will enable
a better assessment of the accessory counterparts. However,
core-genome analyses are limited in taxonomic scope (8-
13), largely because of the severe limitations in culturing
microbes and obtaining high-quality genomes, combined
with existing bioinformatics methods being dependent on
high-quality genomes to scaffold such analyses. Most meth-
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ods used for core-genome analysis only work with sets of
high-quality and complete genomes and are very sensitive
to missing genes and fragmented genomes (14). These meth-
ods often concentrate on developing novel methods for
computation of clusters of orthologous genes (COGS) in
the population of interest (14) and use only simple binary
presence/absence models for the core-genome estimation
(e.g. a COG is core if it is present in all the genomes of the
clade). Such methods perform best when used on a mod-
erate number of high-quality genomes generated from cul-
tured microbial isolates. Accordingly, these methods are un-
able to deal with the rapidly growing database of incomplete
and fragmented MAGs and SAGs of the uncultured major-
ity of Earth’s microbiome (2). Due to these methodological
limitations, our understanding of the size and structure of
microbial core genomes and pan-genome dynamics remains
elusive and lags behind our growing appreciation of micro-
bial phylogenetic diversity. The recently released software,
PPanGGOL.N, uses synteny networks to compute clusters
of co-occurring gene clusters instead of presence/absence.
This method is highly scalable, fast and robust enough to
deal with incomplete genomes (15). However, this method
could be sensitive to fragmentation, which is a prominent
feature of most incomplete MAGs and SAGs, and is not
explicitly tailored to nd the core, but rather to nd clusters
of syntenic genes.

Here, we present a novel approach for computing core
genomes relying on a Bayesian estimator of the observed
presence/absence patterns of discrete genome-encoded
traits (any trait that can be encoded in a genome, e.g. gene
cluster, COG, functional annotations, etc.) in sets of in-
complete MAGs/SAGs and complete genomes. We wrote
a software tool, mOTUpan, that can estimate whether any
genome-encoded trait is more likely to be present in all
genomes of a genome set or only in a subset. mMOTUpan
can compute the core-genome partitioning for genome sets
of awide range of qualities, and is computationally ef cient,
agnostic to the genome-encoded traits used and very robust
to incompleteness.

MATERIALS AND METHODS
Bayesian approach for core-genome estimation

mOTUpan can use any set of genomes that is suspected
to share a certain number of genome-encoded traits. We
typically use clusters where all genomes are within com-
pact clusters de ned by a 95% average nucleotide identity
(ANI) threshold. We call such clusters metagenomic oper-
ational taxonomic units (mOTUs), which can be seen as an
operational de nition of species. However, genomes clus-
tered at any other taxonomic level, or any other way one
can imagine (by niche, predator, host, etc.), could be done
too, but one should consider turning off re-estimation of
completeness estimates in some cases (‘--max_iter 1°).
We will use the term genome as a shorthand for any set of
nucleotide sequences originating from the same organism.
This could be draft genomes, complete genomes, MAGSs or
SAGs. Each genome is rst described as a set of genome-
encoded traits. Here, we will use gene clusters, but it should
be mentioned that mOTUpan is agnostic to the speci c
form of such traits; one could use genes, COGs, functional
annotations or any other discrete trait that is encoded by

a genome. mOTUpan then uses an iterative Bayesian ap-
proach to classify each trait of the genome in a genome clus-
ter as a core or accessory trait based on a likelihood ratio.
For each of the two hypotheses (core or accessory trait), a
probability is computed using an initial genome complete-
ness estimate inferred for each genome [genome complete-
ness can be calculated using CheckM (16) or any other tool
of your choosing, ora xed value used]. The most likely trait
category (core or accessory) is then picked as class for that
trait. Using this new classi cation, we re-estimate complete-
ness, which can be used as an estimate for a second iteration
and then repeat this entire process until convergence.

Probability models

To compute the probability of a distribution of a speci ¢
trait in the genome set mOTU under the assumption that
it is in the core, we multiply the probability peait gjcore Of
any genome g (g is treated as a set of traits) that has that
gene cluster with the inverse probability 1 — Pait glcore fOr
the genomes that do not have that trait, where the probabil-
ity Prrait glcore IS actually directly the completeness estimate
cq of g, e.g. Equations (1) and (2):

ptrait|core = Ptrait g|core (1 — Ptrait g|core)v (1)
g mOTU g mOTU
iftrait g iftrait/g

Ptrait g|core = Cg- 2

For the probability under the assumption that it is in the
accessory fraction of the genome, we will have to make some
further assumptions with regard to the structure of the pan-
genome. We have assumed that the traits in the pan-genome
that are not in the core are independent, and each trait has a
frequency |trait|/|T|, where [trait| is the number of genomes
in mOTU that have that trait and |T| is the total size of the
traits’ pool, 9.  , aits trait]. To * I the accessory frac-
tion of a genome, we draw ‘|g|” times, where |g| is the number
of traits in the genome, core size |coremotu| and complete-
ness cq, resulting in Equations (3) and (4):
ﬁtrait glaccess?

Ptraitjaccess = (1 ~ Prrait g|access)

g mOTU g mOTU
iftrait g iftrait/g
®)
- _ |trait| [g]—cglcoremotul
Ptrait glaccess = - |-|—| : (4)

For practical reasons, these computations are all done in
log space, resulting in a log-likelihood ratio (LLHR)
LLHR = log (Ptraitjcore) — 109 ( Ptraitaccess)- (%)

If the LLHR of Equation (5) is positive, the trait is con-
sidered core; if negative, it is considered accessory. Using
this classi cation, we recompute an updated completeness
estimate for each genome:

— |coremory 0 9
[coremotul

where coremotu IS the set of all traits classi ed as core.

(6)

Cq
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After this step, we rerun the likelihood computation. This
is repeated until convergence (when core-genome estimates
remain unchanged), to obtain a nal set of core traits and
accessory traits, and posterior completeness estimates.

Benchmarking mOTUpan for core-genome estimation

To benchmark the core genomes computed by mOTU-
pan against other commonly used core-genome analy-
sis tools, we calculated the core genomes for 301 species
containing a total of 11570 genomes (for larger species,
only 50 genomes were randomly picked to make the
runs tractable with Roary) from the Genome Taxonomy
Database (GTDB release 95) (3) and 258 mOTUs contain-
ing 8955 genomes in total from the StratFreshDB (17).
The MAGs were reclustered with mOTUlizer (github.com/
moritzbuck/mOTUlizer), which computes a network based
on average nucleotide identity of which the connected com-
ponents form OTU-like clusters [see (17) for more details],
with less stringent parameters (‘--MAG-completeness
30 --MAG-contamination 10’) to have more low-
quality mOTUs and compare the performance of mOTU-
pan to Roary (14) (version 3.13.0) and PPanGGOLIN (15)
(version 1.1.96). Normalized residues of the comparisons
are computed by dividing the difference between mOTU-
pan’s predicted core size and Roary/PanGGOLIN’s pre-
dicted core size by the mean of the predictions. Genome
statistics, accession numbers and taxonomy are available in
Supplementary Table S1. This step aims to highlight and
compare the performance of mOTUpan with Roary and
PPanGGOL.IN with regard to the ability to handle incom-
plete and fragmented genomes.

For more detailed benchmarking of mOTUpan perfor-
mance, we selected a dataset of genomes af liated with
the Prochlorococcus_A genus from the GTDB. All genomes
classi ed as Prochlorococcus_A according to GTDB-Tk (18)
found in RefSeq as well as GORG (19) were clustered into
mOTUs (using mOTUlizer with standard parameters); the
mOTU with the largest number of genomes was used (see
Supplementary Table S2 for genome statistics and acces-
sion numbers). This Prochlorococcus mOTU consists of 388
genomes whereof 3 are closed genomes and 16 genomes are
estimated to be >95% complete according to CheckM (16)
(version 1.1.3) results. Genomes assigned to this mOTU
range in completeness from 8.59% to 99.52% (median =
69.05%) (Supplementary Table S2). mOTUpan’s perfor-
mance for core-genome estimates for this Prochlorococcus
mOTU was benchmarked against PPanGGOL.IN using the
gene clusters generated by it [PPanGGOLIN uses mmseqs
(20) internally for gene clustering, version 13.45111 in our
case]. All results shown in this paper were analyzed by mO-
TUpan version 0.3.2.

Bootstrapped false discovery rate and sensitivity

In addition to the likelihood ratio between the two prob-
abilities, a bootstrapping approach has been integrated in
mOTUpan to estimate the false discovery rate and sensi-
tivity of a speci ¢ partitioning. Synthetic genomes are built
by drawing gene clusters from the original genome set ac-
cording to the partitioning; e.g. every synthetic genome is
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composed of all the core gene clusters, and a number of ac-
cessory gene clusters are drawn randomly from the pool of
accessory gene clusters based on an estimated genome size
(mean of number of gene clusters divided by completeness
estimate). The synthetic genomes are built ‘complete’ and
then rare ed by randomly removing gene clusters accord-
ing to the genome set’s posterior completeness estimates.
This synthetic set of genomes is then run through mOTU-
pan again and the counts of core traits in the obtained core
genome and accessory are used to estimate the false posi-
tive rate and sensitivity. Multiple synthetic datasets can be
analyzed to obtain a better estimate. To evaluate the boot-
strapping, we need a core genome that is assumed to be true.
To achieve this, we ran 10 runs of mOTUpan with 100 ran-
domly picked genomes of Prochlorococcus_A selected from
the set used for benchmarking. We used the union of the
obtained cores as such (this is a liberal estimation of the
true core as we cannot know what the true core of this
population is). We then for each run in the bootstrapping
computed an empirical false positive rate by counting the
genes appearing in the computed core that are not a part
of our calculated true core from the previous step. We then
end computed a bootstrapped false positive rate. Results are
presented in Supplementary Table S3 and Supplementary
Figure S1.

RESULTS AND DISCUSSION
Overview of the mOTUpan’s Bayesian approach

The Bayesian approach adopted in this tool tries to leverage
the genomic diversity uncovered by incomplete and frag-
mented MAGs and SAGs for exploring the core-genome
and pan-genome structure of bacterial and archaeal species
(or any other set of genomic traits). Most available tools
such as Roary rely on a hard presence/absence threshold
for de ning the core genome. This limitation renders such
tools largely unusable when dealing with incomplete and
fragmented MAGs and SAGs. Comparing the performance
of Roary and mOTUpan for core-genome estimation with
the gene clusters computed by Roary is equivalent to com-
paring mOTUpan to a hard threshold approach.

The network nature of PPanGGOLIN makes it relatively
robust to deal with some degree of incompleteness; how-
ever, as it is looking for patterns of synteny to determine
the persistent fraction of the genomes, too much fragmen-
tation (that is common in MAGs and SAGs) could cause
problems in calculations of the persistent fraction of the
genomes. The Bayesian approach of mOTUpan, on the
other hand, helps by potentially bypassing both incom-
pleteness and fragmentation limitations for core-genome
and pan-genome estimation for sets of incomplete and frag-
mented MAGs and SAGs. To give an approximation of the
runtime and memory usage, we have used 9443 Staphylo-
coccus aureus genomes downloaded from the GTDB. These
genomes were processed in 4 min for gene clustering on 24
threads by mmseqs2, and 2 h 15 min for mOTUpan on a sin-
gle thread on a Ryzen 9 3900X using around 3 GB of RAM.
mOTUpan also calculates bootstrapped false discovery rate
and sensitivity for the core-genome/pan-genome partition-
ing.
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