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ABSTRACT Metagenomes often contain many reads derived from eukaryotes, but there
is usually no reliable method for estimating their prevalence. This forces many analysis
techniques to make the often-faulty assumption that all reads are prokaryotic. Here,
we present SingleM prokaryotic_fraction (SPF), an algorithm that scalably and robustly
estimates the number of bacterial and archaeal reads in a metagenome. It also estimates
the average genome size of bacteria/archaea in a sample. SPF does not use eukaryotic
reference genome data and can be applied to any modern Illumina metagenome.
Based on SPF, we propose the domain-adjusted mapping rate (DAMR) as an improved
metric to assess prokaryotic genome recovery from metagenomes. Applying SPF to
136,284 publicly available metagenomes, we report substantial variation in prokaryotic
fractions and biome-specific patterns of prokaryotic abundance, providing insights into
how microorganisms and eukaryotes are distributed across Earth. Finally, we show that
substantial amounts of human host DNA sequence data have been deposited in public
metagenome repositories, possibly counter to ethical directives that mandate screening
of these reads prior to release. As the adoption of metagenomic sequencing continues to
grow, we foresee SPF being a valuable tool for the appraisal of genome recovery efforts
and for investigating global patterns of microorganism distribution.

IMPORTANCE Metagenomics data sets capture DNA from all organisms in a sam-
ple, enabling the analysis of communities without relying on culture-based techni-
ques. However, many samples include uncharacterized eukaryotic organisms and viral
elements, meaning the proportion of bacterial and archaeal DNA is often unknown.
This study presents SingleM prokaryotic_fraction (SPF), a robust and scalable method
for estimating the prevalence of bacterial and archaeal DNA in metagenomes. Crucially,
SPF is calculated independent of eukaryotic and viral reference genomes, which are
often incomplete or unavailable. Applying SPF to over 136,000 public metagenomes
uncovered substantial variability between microbial communities living in different
environments. SPF also identified previously overlooked human genetic data contamina-
tion in public data sets, raising important ethical and privacy considerations. Building on
SPF, we propose the domain-adjusted mapping rate (DAMR) metric, a new metric that
improves genome recovery assessment by accounting for non-prokaryotic reads.

KEYWORDS metagenome, eukaryotic contamination, genome recovery

hotgun sequencing is a common technique used to study DNA extracted from

microbial habitats of all kinds, both host-associated and environmental (1). In many
habitats, Bacteria and Archaea (together called “microbial” or “prokaryotic” here) are
numerically dominant and give rise to the majority of reads sequenced. However, for
many samples, it is not clear at the outset of the experiment how much of the DNA
is prokaryotic. DNA might be derived from other elements of the community such as
fungi, protozoa, or viruses. In host-associated microbiomes, DNA might also be derived
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from a host’s genome, diet, symbionts, or parasites (2). Metagenomic analysis techniques
typically assume that the fraction of reads derived from non-microbial sources is
negligible. For instance, read-centric techniques ascribe functions to all reads, and tools
for estimating taxonomic profiles from metagenomic data may use reference databases
composed only of Bacteria and Archaea (3). This simplifying assumption is usually made
as a consequence of our inability to accurately assess the quantity and identity of
non-microbial reads in metagenomic data sets. How often this assumption holds is an
open question.

Genome-resolved metagenomics is a strategy that is increasingly employed to study
microbiomes (4, 5). In this approach, DNA sequences (typically short reads) are assem-
bled into larger contiguous sequences (contigs), which are then sorted (binned) using
nucleotide frequencies and/or read coverage information into metagenome-assembled
genomes (MAGs) (6-8). This powerful approach can generate near-complete genomes
from diverse sample types—providing genomic information for uncultured microbial
diversity (9). Despite significant progress in laboratory and bioinformatic methodology,
however, recovered genomes rarely represent the entirety of the sequenced community.

The standard metric for evaluating genome recovery efforts is calculated by mapping
metagenomic reads against the recovered MAGs (10). If the vast majority of reads map,
then genome recovery has been successful. In contrast, a low proportion of reads
mapping can indicate that the microbial community is not well represented by the
MAGs. This poor representation might be due to insufficient coverage for assembly
or other challenges, such as high population heterogeneity interfering with assembly.
However, the presence of non-prokaryotic reads in a metagenome from eukaryotic host
or phage will also reduce read mapping rates. If non-prokaryotic reads are sufficiently
numerous and not accounted for, genome recovery efforts will be falsely judged as poor
by the standard metric even if they represent the entire microbial community.

When non-prokaryotic sources of DNA are known a priori, and high-quality refer-
ence genomes of these sources are available, filtering the corresponding reads from
metagenomes is straightforward. For example, human saliva samples typically have
a high proportion of host reads (>80%), which can be removed by mapping to a
human reference genome (11). Indeed, removal of human reads before submission to
public sequencing databases is typically considered an ethical requirement for human
metagenome studies (12, 13). However, in microbiomes from other hosts and environ-
ments, removal of non-prokaryotic reads is often intractable. Even if a high-quality host
genome is available, there is a lack of reference genomes for most dietary species
(e.g., plants, insects, etc.) and non-microbial species to be included in a read mapping
database may not be known (e.g., novel fungal diversity in soil metagenomes) (14).
Therefore, to properly inform genome recovery efforts, a method to accurately estimate
the proportion of prokaryotic reads in metagenomes is required. Estimation of this
proportion (herein “prokaryotic fraction”) would also guide researchers attempting to
enrich, deplete, or maintain microbial DNA through laboratory-based cell size filtration or
differential cell lysis methods (15, 16).

In this paper, we introduce SingleM prokaryotic_fraction (SPF), a tool for estimat-
ing the quantity of bacterial and archaeal DNA in metagenomic data sets and their
associated genome sizes. Instead of filtering out non-prokaryotic reads, SPF bases its
estimate purely on the detection of reads encoding prokaryotic single copy marker
genes. An important advantage of this approach is that it does not require any
knowledge of non-prokaryotic genomes such as Eukaryota or viruses, which are often
missing from reference genome databases. This accurate detection of entire prokaryotic
communities was recently made possible by the development of SingleM, a tool that
reliably detects bacteria and archaea even when they are not represented in reference
genome databases (17).

We validate SPF on simple, complex, and diverse simulated metagenomes. Two real
data sets are then used to demonstrate how SPF can improve the evaluation of genome
recovery efforts. Finally, we apply this fast and scalable approach to 136,284 publicly
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available metagenomes to demonstrate that variation in prokaryotic fractions exists both
within and between metagenomic sample types.

A side benefit of accurate prokaryotic fraction estimation from metagenomes is
improved bacterial and archaeal average genome size (AGS) estimation in situations
where eukaryotic DNA is present. Current tools (e.g., MicrobeCensus [18]) predict AGS
by assuming that all reads are prokaryotic and ignoring the taxonomy of each read. This
approach can severely overestimate AGS (154%-11,574%) when non-prokaryotic DNA is
present (19). We discuss and benchmark SPF-based estimation of AGS in Notes S4 and S5.

RESULTS AND DISCUSSION
Benchmarking on simulated metagenomes

We first tested SPF on two simple simulated metagenomes, composed of eight bacterial
and two fungal species (Zymo Mock: based on the ZymoBIOMICS Microbial Community
Standard). SPF estimated the prokaryotic fractions to be 88.8% and 91.0%, very close to
the 88.7% and 89.0% ground truth values (Fig. 1A). The estimated prokaryotic fractions
were also close to the correct values when simulating metagenomes with varying
proportions of spiked-in eukaryotic DNA (mean 3.1% + 2.7% SD, Fig. TA).

Next, we tested SPF on more complex simulated metagenomes: two “marine”
benchmark data sets based on compositional profiles of the deep sea environment from
the CAMI Il challenge (20), consisting of ~400 bacterial and archaeal species alongside
~200 plasmid/viral sequences; and two “strain-madness” benchmark data sets compris-
ing ~400 bacterial and archaeal genomes with high strain-diversity (97% of genomes
have a closely related strain). SPF estimated 96.6% and 97.4% of the reads to be prokary-
otic for the marine data sets (c.f. 97.7% ground truth), and 95.1% and 98.2% of the strain-
madness data sets, respectively (c.f. 100% ground truth) (Fig. 1B). These results suggest
that SPF is not substantially affected by high community diversity.

At the other extreme, simple communities composed mostly of novel lineages are
less reliably predicted. In simple communities, SPF is highly influenced by the genome
sizes of the dominant community members. When these dominant lineages are novel,
their genome sizes are uncertain, which makes SPF less accurate (Note S1). Recognizing
this situation, SPF emits a warning when simple communities dominated by novel
lineages are encountered, a situation we found to be rare in practice (Fig. ST and Note
S1).

To test how robust SPF is when applied to complex communities where some
members are novel, communities were simulated where community members were
either known from GTDB R207 or new in GTDB R214 (novel relative to the R207 database
used). Abundances were modeled after the CAMI 2 “marine” abundances, with 0%-100%
of the community novel. SPF performed well in this benchmark, averaging 1.9% error
overall from the true value (100%), and 2.8% when the community was fully comprised
of novel species (Fig. 1C). Overall, in silico benchmarking suggests that SPF is largely
accurate, apart from exceptional circumstances where simple communities contain very
novel lineages.

Benchmarking on real metagenomes

We next tested SPF on real metagenomic data to demonstrate how it can be used to
evaluate genome recovery efforts.

Human fecal samples

Human fecal metagenomes usually contain ~90% microbial DNA (21) and can therefore
be used as a control to benchmark SPF. After subsampling sequencing data sets to 5 Gbp
per sample, genomes from 10 fecal samples (22) were recovered, yielding a total of 200
medium- or high-quality MAGs. The fraction of reads mapped against these MAGs was
46.6% + 4.1% (Fig. 2A), much less than expected. In contrast, SPF estimates of close to
100% (96.7% + 3.23%) agreed with our a priori expectations. The SPF estimates,
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FIG 1 Performance of SPF on simulated metagenomes. (A) Simulated eukaryotic reads from Homo sapiens, Arabidopsis thaliana, and Plasmodium falciparum

were spiked into simulated Zymo mock community metagenomes. Horizontal bars represent the true proportion of prokaryotic DNA in the simulated

metagenomes. (B) Simulated reads based on community compositions from the more complex CAMI Il marine and strain-madness data sets. (C) SPF values

estimated from simulated communities containing different quantities of novel lineages (lineages present in GTDB R214 but not R207, when SPF was estimated

using an R207 reference database). Gray, blue, and red lines represent ground truth, +10%, and +20% SPF values, respectively. Here, the raw SPF values (dots) are

shown for benchmarking clarity; when applied to real data, the tool reports a maximum of 100% SPF since larger percentages are impossible.

therefore, predicted that the low mapping rates were due to challenges in genome
recovery rather than the presence of non-microbial DNA in the metagenomes. This
prediction was confirmed by mapping reads to the more extensive Human Reference
Gut Microbiome (HRGM) genome catalog (22), which recruited 90.4% + 2.36% of reads.
These results show that SPF can be used to attribute poor mapping rates to imperfect
genome recovery when metagenomes are dominated by microbial reads.

Hyena fecal samples

Unlike humans, non-model species often lack both host reference genome sequences
and appropriate microbiome genome catalogs. They may contain varying quantities of
DNA derived from dietary and/or protozoan sources (23-25). Hyenas are carnivores with
diets that can fluctuate throughout the year; hence, we expected that fecal samples
could contain varying proportions of prey DNA from their diets. This variability can make
it difficult to determine whether the microbial diversity in a sample is adequately
captured using standard assessments. We applied SPF to a recent study on wild spotted
hyenas (Crocuta crocuta)—the first metagenomic study for this species (26). Each hyena
was sampled multiple times; hence, we coassembled metagenomic reads from hyena
fecal samples by individual and binned contigs into de novo MAGs. Our reprocessing
improved the mappability of each sample’s reads to the de novo MAGs substantially
compared to the original study (original study: 13.2% + 7.7%, our study: 52.8% =+
15.5% SD).

SPF estimated substantial variation in the proportions of microbial DNA in the hyena
samples (20.2%—100%), unlike in the human fecal samples (Fig. 2B). The proportion of
reads recruited to MAGs was roughly proportional to SPF, providing a level of validation
for the SPF values. In all cases, the SPF was higher than the percentage of reads mapped
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FIG 2 SPF can help evaluate genome recovery efforts. (A) Human fecal data set. Percentage of reads mapping to the de novo MAGs (blue) versus the percentage

of the metagenomes estimated to be microbial by SPF. Here, the de novo dereplicated MAGs underrepresent the true diversity in the samples, whereas most

reads are recruited to the HRGM (yellow). (B) Hyena fecal data set. Percentage of reads mapping to the MAG catalog versus SPF estimates. Points on or close to

the straight line indicate that the de novo MAGs were sufficient to capture most of the diversity in the sample.

to the MAGs as might be expected since MAG recovery is unlikely to be perfect. However,
some raw, uncapped SPF values were >100% due to the presence of a novel Bacteroides
species with an unusually small genome size (Note S2).

Domain-adjusted mapping rate

Application of SPF to these human and hyena fecal samples demonstrates that mapping
rates alone can be a very poor estimation of MAG recovery success when the number
of microbial reads is unknown. To overcome this limitation, here, we introduce a new
metric named domain-adjusted mapping rate (DAMR). DAMR is calculated as the rate
of read mapping to sets of microbial genomes (MAGs or other references) divided by
the fraction of the community predicted to be bacterial or archaeal (here with SPF). For
example, if a metagenome is predicted to have 50% microbial DNA, and 45% of reads
map to the MAG catalog/references, the DAMR is 90% (45%/50%). In rare circumstances
where the SPF estimate is lower than the fraction of mapped reads, indicating artifacts
in mapping and/or SPF, then the DAMR is rounded down to 100%. In the human analysis
outlined above, the DAMR of the Human Reference Gut Microbiome (HRGM) genome
catalog was calculated to be 93.5%. In the hyena example, combining SPF estimates with
the proportion of reads mapping to the de novo MAGs yielded DAMR values ranging
from 49.3% to 95.6%, which allowed us to identify samples that would require additional
sequencing to improve genome recovery efforts. In summary, combining SPF with the
DAMR metric can be a valuable tool for interpreting the performance of prokaryotic
genome recovery from understudied host species and complex metagenomic mixtures.

Microbial read fractions of Earth’s metagenomes

To explore the global trends in prokaryotic fractions among samples sourced from
a broad range of environments, we applied SPF to publicly available metagenomic
data sets. In total, SPF was calculated from 136,284 community profiles available on
the Sandpiper (17) website. These estimates were subsequently incorporated back into
Sandpiper, where SPF values are now shown for each metagenome.
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SPF estimates were compared to those produced by STAT (27), a kmer-based tool
for taxonomic assignment of reads. The tool is trained on RefSeq genomes and is
widely available for metagenomes at the NCBI SRA. We hypothesized that because
STAT is reliant on matching kmers to reference genome data, SPF would provide better
estimates for understudied sample types or host species. SPF and STAT estimates were
within +5% of each other for 18.2% of samples. SPF yielded higher prokaryotic fraction
estimates (at least >=5%) than STAT for 58.6% of metagenomes (Fig. 3A). In 33.2% of the
samples, the SPF estimation was >2-fold higher than STAT, consistent with our hypoth-
esis that STAT underestimates metagenomes containing novel lineages. Conversely, in
only 7.1% of metagenomes was STAT >2-fold higher than SPF (28.5% of these were “viral
metagenomes”).

We next investigated samples from different environments. For human fecal
metagenomes, we restricted the analysis to metagenomes with location information
curated by Martiny et al. (28) (n = 18,571, Fig. 3B and 4). As expected, human gut
metagenomes typically showed a high prokaryotic fraction (mode ~90%) (Fig. 4).
SPF estimates were somewhat higher than STAT (SPF/STAT: median 77.2%/69.7%, SD

B C
All samples Human gut metagenomes African/South American gut
100 100 100 2 8 26 ;\,. Lo o
AR %
0oty ‘U‘",,
° s ° A
75 75 75 o .ec%'
a\foboow .

50 50

@ Africa

@ South America

N
(%3]

25 25

SingleM prokaryotic fraction (SPF) (%)
U
o

0 - AL < 0 0
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
STAT prokaryotic fraction (%) STAT prokaryotic fraction (%) STAT prokaryotic fraction (%)
) ; E ; :
Non-human animal metagenom Marine metagenomes Soil metagenomes

;\3100 o °,o°u§$ﬂ 100 100
< S e
g y e Dooo
§ 75 ~ o 75 75
=
kS
°
> 50 50 50
(0]
g2
e
0.
% 25 25 25
©
£
“ 0 0 oo tovoon 30 00® 00 o
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
STAT prokaryotic fraction (%) STAT prokaryotic fraction (%) STAT prokaryotic fraction (%)

FIG 3 Comparison of prokaryotic fractions derived from STAT and SPF. SPF (Y-axes) was run on 136,284 metagenomes from the SRA and compared to STAT
prokaryotic fraction estimates (X-axes). (A) All samples. (B) 18,571 metadata-curated human gut metagenomes (warning for 0.19% of samples). (C) African and
South American human fecal samples (warning for no samples). (D) In total, 2,073 curated, non-human samples (warning for 0.10% of samples). (E) In total,
5,490 curated marine metagenome samples (warning for 0.79% of samples). Note that most marine samples have been subjected to size filtration, such as
some selecting prokaryotic or eukaryotic cells preferentially (see Fig. S3 for more information). (F) In total, 4,095 soil metagenome samples (warning for 0.17% of
samples). Black lines represent equal SPF and STAT values, and gray lines represent + 5%. The bar charts represent the distributions of SPF and STAT values. The
small cluster of samples with a higher STAT estimate than SPF below the diagonal is discussed in Note S3.
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18.5%/21.3%), suggesting that most human fecal samples are well represented by
reference databases. However, SPF estimates were substantially higher than STAT in
samples derived from understudied human populations: African (median 91.8% vs
34.0%, Mann-Whitney P-value 3.68e-51) and South American (median 74.9% vs 21.4%,
Mann-Whitney P-value 2.21e-15) populations (Fig. 3C). One plausible explanation is the
underrepresentation of African and South American gut microbial genomes in the public
databases. Most work on the human gut microbiome, to date, has been from individuals
from the Global North (~71% of human fecal samples are from Europe, U.S.A., or Canada
[29]).

Genomes derived from non-human animal microbiomes are also considerably
underrepresented in public databases. To explore this, we used the set of SRA sam-
ples curated from the AnimalAssociatedMetagenomeDB (30) (n = 2,073 samples). SPF
estimates were again higher for these samples (median = 76.5 SD = 31%) compared to
STAT (median = 12.4 SD = 23.9%, Fig. 3D), consistent with the hypothesis that SPF is more
capable of estimating prokaryotic fractions from metagenomic samples of understudied
hosts. This was also the case for the subset of better-studied domestic animals (chicken n
= 352: SPF median 89.5%, SD 12.7%; STAT median 42.9%, SD 19.6%; and Bovine n = 202:
SPF median 78.4%, SD 22.1%; STAT median 7.4%, SD 5.6%).

Marine metagenomes are derived from the largest biome on Earth, with samples
sourced from varying geographic locations, depths, and sample types (e.g., water and
sediment). SPF yielded much higher prokaryotic fraction estimates than STAT (Fig. 3E) as
expected, given the paucity of RefSeq quality reference genomes from marine environ-
ments (31). Marine water metagenomes are typically generated by filtering seawater
through pores of a defined size (16). The size of these pores varies between studies,
where ultrasmall (<0.22 pm) size selection targets viruses, intermediate (0.22-3 um) sizes
target Archaea and Bacteria, and larger sizes (3 um+ or 20 pum+) enrich for eukaryotic
plankton (16). Marine metagenome SPFs were strongly influenced by filtration size, with
ultrasmall (17.7% £ 15.0%) and larger sizes (3.7% * 6.1%) exhibiting a much smaller
SPF than intermediate sizes (70.6% + 13%, Fig. S3). We also used SPF values to assess
the performance of recent efforts to create a unified marine genome reference catalog
for marine metagenomes (31). The estimated DAMR for the Unified Genome Catalog
of Marine Prokaryotes (UGCMP) was 63.4% (SD 13.6%) (Fig. S4), suggesting that many
marine microbial genomes are yet to be recovered.

Soil metagenomes were found to contain mostly microbial DNA, with 88% having
SPF >50% (median 69.0%, SD 15.1%, Fig. 4). Soil microbial communities are poorly

mSystems
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FIG 4 SPF of metagenome sample types sourced from the SRA. Note that the marine samples include those derived from filtration at various sizes (e.g., some

selecting prokaryotic or eukaryotic fractions preferentially), a phenomenon investigated separately (Fig. S3).
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represented in genome databases (17, 32); hence, STAT estimates were almost always
much lower (14% were >50%, and 68% were <10%, Fig. 3F; Note S3). These analyses
confirm SPF’s ability to estimate prokaryotic fraction in metagenomes containing many
novel species. They also show that the well-known challenges for recovering microbial
genomes from soil (32-34) are not usually a result of eukaryotic DNA dominating the
sample.

Soils harbor many different kinds of organisms, with bacteria and fungi thought to
be the most dominant members overall. The ratio of fungi to bacteria, however, can
be variable. Using quantitative amplicon-based sequencing, Fierer et al. observed ratios
of 0.007 to 0.34 among a range of unmanaged soil environments (35). Under some
simplifying assumptions (see methods), the median SPF value (69.0%) corresponds to a
fungal to microbial cell ratio of 0.053. The 90th and 10th SPF percentiles for soil (82% and
48%) correspond to fungi:bacteria cellular ratios of 0.03 and 0.13, in rough agreement
with Fierer et al. (35).

Overall, metagenomes derived from different environments had substantially
different prokaryotic fractions, and individual environment types were often heteroge-
neous (Fig. 4). For instance, samples labeled “human oral metagenome” had a wider
distribution of prokaryotic fractions, which likely relates to the diversity of distinct oral
niches (Fig. 4) (36). Saliva samples typically have high proportions of host DNA (>80%),
whereas tongue swab samples have lower proportions (~10%) (21). Most of the “food
metagenome” samples had low microbial read fractions (median 9.2%), highlighting
potential issues inherent with these sample types, such as high quantities of raw
ingredients. For instance, we found cow DNA in milk SRA (run ERR3143475 [37] had
SPF 1% and 76% of reads assigned to the family Bovinae according to STAT) and likely
fungal DNA in ferments (SRR648391, a metagenome derived from soy sauce, had SPF
24%). Plant metagenomes exhibited a distribution of different prokaryotic fractions,
likely related to variation in the types of samples in these categories (e.g., phyllosphere
and rhizosphere) (31, 38). These results highlight that prokaryotic fractions can differ
both within and between biomes.

Raw metagenomes derived from human microbiomes contain substantial quantities
of human DNA, particularly from non-fecal samples. However, since making human
genetic data public might result in invasions of privacy, it is common practice to screen
out human host DNA before submitting the data to publicly available repositories (39).
We were therefore surprised to find many human microbiome samples with low SPF
values (e.g., in human oral metagenomes; Fig. 4). After confirming many of these samples
did indeed contain human DNA using STAT, we were forced to conclude that public
metagenome databases contain large amounts of human genetic data. While metage-
nomic samples are usually deidentified, the availability of this data could have ethical
and practical implications in some cases (13, 40).

Conclusion

SPF can be utilized as a scalable and assembly-free means to guide researchers’
decision-making by prioritizing samples prior to deeper sequencing, assessing microbial
community representativeness, as well as benchmarking bioinformatic genome-recovery
pipelines and laboratory method development. It will be especially useful as the field
continues to explore novel sample types and hosts with unknown fractions of micro-
bial DNA. Finally, the microbial read fractions generated for a large number of public
metagenomes provide a new fundamental variable that can be used to explore how
experimental or environmental variables shape microbial communities.
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MATERIALS AND METHODS
Implementation of SingleM prokaryotic_fraction (SPF)

The SingleM prokaryotic_fraction (SPF) workflow is implemented as a post-processing
step (implemented in the singlem prokaryotic_fraction mode) of community profiles
generated by the main workflow of SingleM (singlem pipe) (17), which estimates
community profiles from unassembled metagenomic reads. The SPF approach is
presented here as a post-processing of SingleM-generated community profiles, but SPF
can also be applied to community profiles generated by other metagenome-based
profiling tools, so long as they (i) estimate lineage-wise read coverage rather than
lineage-wise read percentage and (ii) incorporate novel species into their profiles. The
input to SPF is a “SingleM condensed” format file to specify the community profile
(a simple sparse format readily generated from other community profile formats) and
a count of total bases in the metagenome (alternately, if the metagenome itself is
supplied, SPF will count the bases).

The main workflow of SingleM takes as input raw metagenomic reads and uses 59
hidden Markov models to search for reads matching conserved sections of single-copy
core genes. Taxonomy and count of recruited reads are then harmonized between genes,
resulting in a predicted community composition based on Genome Taxonomy Database
(GTDB) (41) taxons. The per-base read coverage of each taxon is also estimated. For
instance, if a culture of a species that has a 1,000,000 bp genome is sequenced yielding
1,000,000 reads that are each 150 bp long, then the coverage of that species is 150, since
on average each position on the genome will be covered by 150 reads on average.

The community profile output by SingleM provides the information required to
estimate the relative abundance of each taxon in a community. However, the per-base
read coverage can also be used to estimate the total number of reads in the metage-
nome belonging to that taxon. This is what SPF does.

At its core, SPF operates by applying a simple equation for each species similar to the
Lander/Waterman equation (42):

bases_covered = coverage X genome_size

where coverage is the average number of reads covering each base in the spe-
cies’ genome. Here, we use SingleM'’s estimate of the coverage and assume a single
genome_size for each species. We then estimate the total number of bases in the
metagenome that derive from all microbial genomes by summing the estimates for each
species:

microbial_species
microbial_bases_in_metagenome = Z bases_coveredgpecies_i
species_i

We finally estimate the fraction of the metagenome’s reads that are prokaryotic, with
a maximum of 100%:

microbial_bases_in_metagenome
bases_in_metagenome

SPF = min{ X 100%, 100%}

Estimation of genome size for SPF calculation

To estimate the true genome size of each species, accounting for imperfections that
arise from genome recovery efforts, we take the genome size of the GTDB species
representative and adjust it based on its completeness and contamination as predicted
by CheckM2 (43), where completeness and contamination are expressed as decimal
numbers between 0 and 1:
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genome_size
completeness X (1 + contamination)

genome_size_adjusted =

Community profiles generated by SingleM also contain entries from lineages not
resolved to the species level, for example, coverage assigned to the genus or family level.
For these cases, we use genome sizes estimated from lower taxonomic ranks. For genera:

genus_genome_size = mean(species_genome_sizes_adjusted)

where species_genome_sizes_adjusted is the set of adjusted genome sizes of species
within the genus. For family, order, class, phylum, and domain levels, we average the
average genome sizes of the taxons immediately below them. For families:

family_genome_size = mean(genus_genome_sizes)

where genus_genome_sizes is the set of genome sizes of genera belonging to that
family. Orders, classes, phyla, and domains are calculated similarly based on the mean
genome sizes of their families, orders, classes, and phyla, respectively.

Warnings about unreliability of estimates for some communities

Some communities are dominated by individual lineages that are not currently
represented at the species level in reference genome databases. These communities
are challenging for the approach used here because incorrect genome size estimation(s)
can have a large impact on SPF. In simple communities composed of a few genomes, the
SPF value can vary markedly with the (uncertain) estimate of only one or two lineages'’
genome sizes (Note S1).

In more complex communities such as those found in soils and many animal guts, the
genome sizes of individual lineages may also be uncertain. However, in these cases, SPF
is derived from many independent estimates of genome size (one for each lineage), even
if the individual estimates are uncertain. For SPF to be inaccurate, many genome size
estimates have to be incorrect and either systematically overestimated or systematically
underestimated. Therefore, complex communities may be less affected by uncertain
genome size estimates.

Following this observation, singlem prokaryotic_fraction emits a warning when
simple communities with novel species are encountered. Specifically, we consider the
three most abundant lineages not classified to the species level in the profile. If doubling
or halving their estimated genome size changes the SPF by more than 2%, then a
warning is emitted.

Users can improve the accuracy of SPF by enriching the SingleM reference data-
base with user-generated MAGs, that is, producing an updated SingleM “metapackage.”
This can be achieved by using singlem supplement to add the new MAGs, calculate
community profiles using this metapackage with singlem pipe, and then use singlem
prokaryotic_fraction to generate updated SPF values. An example of this workflow is
provided in Note S2.

Estimation of average microbial genome size in a metagenome

Average microbial genome size in a metagenome is calculated by singlem prokary-
otic_fraction using the per-taxon genome sizes estimated according to the procedure
above. The average genome size is the average of these genome sizes after weight-
ing them by their coverage in the SingleM community profile. That is, it is calculated
according to:

taxons .
i genome_size; X coverage;

taxons
i

average_genome_size =
coverage;
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The approach used here differs from previous methods at estimating average
genome size, which assume that the entire metagenome is derived from microbial
genomes (44, 45).

Benchmarking using simulated data

We benchmarked the performance of SPF on four simulated data sets.
Gen-paired-end reads (https://github.com/EisenRa/reads-for-assembly) (forked from
https://github.com/merenlab/reads-for-assembly) were used to generate simula-
ted paired-end reads from the Zymo Mock Community Standard reference
genome files (ZymoBIOMICS.STD.refseq.v2; also available on our GitHub reposi-
tory), host reference genomes (Homo sapiens: GCF_000001405.39_GRCh38.p13;
Arabidopsis thaliana: GCF_000001735.4_TAIR10.1; Plasmodium falciparum:
GCF_000002765.5_GCA_000002765), and CAMI Il marine and strain-madness reference
genomes (profile #0 for each CAMI Il data set) (20). For more information and reproduci-
ble code, see https://github.com/EisenRa/SingleM_microbial_fraction_paper.

In a separate simulation to benchmark the performance of SPF on communities
including divergent species (Fig. S1), we used a Snakemake (46) workflow available at
https://github.com/wwood/singlem-read-fraction-benchmarking. Reads were simulated
for 120 genomes from species that were added to the GTDB database in R214. Reads
were simulated using ART (47) at 10x coverage of two microbial genomes: one new
in R214 and the other present in R207. The pair of genomes in each mock community
was chosen to have similar genome sizes and such that one was bacterial and the
other archaeal. SingleM v0.16.0 was run first in “pipe” mode using the $3.1.0 metapack-
age (48) to generate a GTDB R207 community profile from the simulated reads. The
microbial_fraction mode was used to apply SPF using the same metapackage but an
updated taxon-genome-lengths file available in the benchmarking “singlem-read-frac-
tion-benchmarking” GitHub repository linked above.

MicrobeCensus v1.1.1 (18) average genome size estimates were generated using
default parameters on the simulated Zymo mock communities.

Analysis of previously published data

Sequencing reads from human (22) and spotted hyena (26) fecal samples were
downloaded using Kingfisher (49). Ten random human fecal samples were selected and
randomly subsampled to 5 Gbp of data using seqtk “sample” (https://github.com/Ih3/
seqtk). Hyena samples from four individuals (eight samples per individual) were used,
and host reads were removed by mapping to the spotted hyena reference genome
(GCA_008692635.1) using BowTie2 (50). SingleM version 0.16.0 was used to estimate
prokaryotic fractions with metapackage 3.2.1 (https://zenodo.org/records/8419620),
which was based on GTDB (41) R214. For both data sets, the Earth Hologenome
Initiative (EHI) genome-resolved metagenomic pipeline was used (https://github.com/
earthhologenome/EHI_bioinformatics) to recover MAGs. Briefly, the reads were quality-
trimmed using fastp (51) and mapped to their respective host genomes using Bowtie2
(50), before removing mapped reads with samtools (52). Unmapped reads were then
co-assembled using megahit (6), before being binned and refined using MetaWRAP’s
binning (MetaBAT2 [53], MaxBin2 [8], and CONCOCT [7]) and refinement modules (54,
55). The resulting bins were dereplicated at 98% ANI using dRep (56), and the processed
reads were then mapped to their respective MAG catalogs using Bowtie2. The final count
tables were created using CoverM (v0.6.1) (57) “genome” using --min-covered-fraction 0.

SPF estimates across public metagenome data sets

To calculate the SPF across public metagenomes, taxonomic profiles from Sandpiper
0.2.0 were taken as input to “singlem microbial_fraction” v0.16.0 (the mode has since
been renamed to “singlem prokaryotic_fraction”) using the --input-metagenome-sizes
option, supplying metagenome sizes derived from the NCBI SRA BigQuery SQL database
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(column “mbases”). Samples were filtered by SRA metadata: library_strategy == "WGS"
and library_selection == "RANDOM." Only samples with > 0.5 Gbp were analyzed. As the
SRA can contain samples with incorrect metadata entries, for some analyses, we opted
for the usage of samples that had been manually curated. We used samples with curated
metadata from the AnimalAssociatedMetagenomeDB (30) and MarineMetagenomeDB
(58) for Fig. 3D and E, respectively. Curated location metadata from the study by Martiny
et al. (28) were used for human fecal samples in Fig. 3B and C.

For soil metagenomes, metagenomes with very low SPF values (<5%) were exclu-
ded from statistical analysis. Manual inspection of a random selection of these data
sets showed that they were not standard metagenomes, that is, they were single-
cell amplifications or targeted at mitochondria. Metagenomes that had no annotated
latitude or longitude were also excluded.

STAT-based estimates (27) of bacterial and archaeal read counts for each meta-
genome were downloaded on Dec 15, 2022 from the nih-sra-datastore.sra_tax_analy-
sis_tool.tax_analysis table available in Google BigQuery, collecting the “total_count”
column where the tax_id was 2 (Bacteria) or 2157 (Archaea), and the sample was
estimated to be a metagenome using the same SQL parameters as SingleM. The
prokaryotic fraction estimated by STAT was calculated as the sum of the bacterial and
archaeal counts divided by the total number of reads in the library.

Estimating DAMR for marine metagenomes

Mapping rates to different marine genome catalogs were obtained from Nishimura et al.
(File S1) (31).

Estimation of fungi:microbial cell ratios in soil metagenomes

To convert an SPF value—defined as a percentage of DNA reads that are microbial—
into an estimate of the relative abundance of fungal and microbial cells, the following
simplifying assumptions were made.

1. The community is largely composed of fungi and bacteria only, with the remainder
contributing very few reads.

2. The metagenomic data are derived from DNA extraction methods that lysed
fungal and bacterial cells with equal efficiency.

3. The abundance-weighted average size of fungal genomes in each sample is
37.5 Mbp. This average was derived by taking the median genome size of each
Ascomycota (59) genus and then taking the mean of those median values. The
Ascomycota phylum was chosen since it contains the most species, a large number
of which have available genome sequences.

4. The average number of genome copies per cell (including in multinucleated
fungal cells) is the same between fungi and bacteria.

The average genome size of microbial community members was estimated for each
metagenome with the method described above. To calculate cellular ratio from the SPF,
we used the following formula, where ¢, is the number of microbial cells, c; is the
number of fungal cells, g,, is the average microbial genome size, and g; is the average
fungal genome size.

Sm SPF

cr  8me1_
f (1-SPF)

This equation was derived starting from the following, where r,, is the number
of reads derived from microbial cells, r; is the number of reads derived from fungal
cells, and s is the average number of reads generated that start at each genomic
position:
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_ _Im
SPF = 'm +Vf
'm = Cm8mS
Vf =Cfng

Taking the ratio of the last pair of equations, multiplying it by r; and substituting into

the first equation leads to the formula above for i—’f"

ACKNOWLEDGMENTS

We thank Simon Roux and Matthew Sullivan for helpful discussion on marine data
sets, as well as Joshua Mitchell for helpful suggestions for interpreting marine filter size
metadata.

B.J.W. was supported by Australian Research Council Future Fellow (#FT210100521)
and Discovery Project (#DP230101171) grants. A.A. acknowledges the Danish National
Research Foundation award DNRF143 “A Center for Evolutionary Hologenomics” and the
Carlsberg Foundation grant CF20-0460.

AUTHOR AFFILIATIONS

'Center for Evolutionary Hologenomics, Globe Institute, University of Copenhagen,
Copenhagen, Denmark

*Centre for Microbiome Research, School of Biomedical Sciences, Queensland Univer-
sity of Technology (QUT), Translational Research Institute, Woolloongabba, Queensland,
Australia

AUTHOR ORCIDs

Raphael Eisenhofer & http://orcid.org/0000-0002-3843-0749
Antton Alberdi 2 http://orcid.org/0000-0002-2875-6446
Ben J. Woodcroft & http://orcid.org/0000-0003-0670-7480

FUNDING

Funder Grant(s) Author(s)
Department of Education and Training FT210100521 Ben J. Woodcroft
Department of Education and Training DP230101171 Ben J. Woodcroft
Danmarks Grundforskningsfond DNRF143 Antton Alberdi
Carlsbergfondet CF20-0460 Antton Alberdi

AUTHOR CONTRIBUTIONS

Raphael Eisenhofer, Conceptualization, Data curation, Investigation, Methodology,
Project administration, Resources, Software, Validation, Visualization, Writing - origi-
nal draft, Writing — review and editing | Antton Alberdi, Conceptualization, Funding
acquisition, Investigation, Project administration, Validation, Writing - review and editing
| Ben J. Woodcroft, Conceptualization, Data curation, Funding acquisition, Investiga-
tion, Methodology, Project administration, Resources, Software, Supervision, Validation,
Visualization, Writing - original draft, Writing - review and editing

April 2026 Volume 11  Issue 4

mSystems

10.1128/msystems.01062-25 13


http://orcid.org/0000-0002-3843-0749
http://orcid.org/0000-0002-2875-6446
http://orcid.org/0000-0003-0670-7480
http://dx.doi.org/10.13039/501100007912
http://dx.doi.org/10.13039/501100007912
http://dx.doi.org/10.13039/501100001732
http://dx.doi.org/10.13039/501100002808
https://doi.org/10.1128/msystems.01062-25

Research Article mSystems

DATA AVAILABILITY

SingleM is available at https://github.com/wwood/singlem. Code and data for reproduc-
ing the analyses and figures of this paper are available at https://github.com/EisenRa/
SingleM_microbial_fraction_paper and https://github.com/wwood/singlem-read-frac-
tion-benchmarking.

ADDITIONAL FILES

The following material is available online.

Supplemental Material

Supplemental Information (mSystems01062-25-s0001.docx). Notes S1-S5, Tables S1
and S2, and Figures S1-S6.

Open Peer Review

PEER REVIEW HISTORY (review-history.pdf). An accounting of the reviewer comments

and feedback.
REFERENCES
1. Quince C, Walker AW, Simpson JT, Loman NJ, Segata N. 2017. Shotgun 12. McGuire AL, Achenbaum LS, Whitney SN, Slashinski MJ, Versalovic J,
metagenomics, from sampling to analysis. Nat Biotechnol 35:833-844. h Keitel WA, McCurdy SA. 2012. Perspectives on human microbiome
ttps://doi.org/10.1038/nbt.3935 research ethics. J Empir Res Hum Res Ethics 7:1-14. https://doi.org/10.15
2. Aizpurua O, Dunn RR, Hansen LH, Gilbert MTP, Alberdi A. 2024. Field and 25/jer.2012.7.3.1
laboratory guidelines for reliable bioinformatic and statistical analysis of 13.  Tomofuji Y, Sonehara K, Kishikawa T, Maeda Y, Ogawa K, Kawabata S, Nii
bacterial shotgun metagenomic data. Crit Rev Biotechnol 44:1164-1182. T, Okuno T, Oguro-lgashira E, Kinoshita M, et al. 2023. Reconstruction of
https://doi.org/10.1080/07388551.2023.2254933 the personal information from human genome reads in gut metage-
3. Blanco-Miguez A, Beghini F, Cumbo F, Mclver LJ, Thompson KN, Zolfo M, nome sequencing data. Nat Microbiol 8:1079-1094. https://doi.org/10.1
Manghi P, Dubois L, Huang KD, Thomas AM, et al. 2023. Extending and 038/541564-023-01381-3
improving metagenomic taxonomic profiling with uncharacterized 14.  Alberdi A, Aizpurua O, Gilbert MTP, Bohmann K. 2018. Scrutinizing key
species using MetaPhlAn 4. Nat Biotechnol 41:1633-1644. https://doi.or steps for reliable metabarcoding of environmental samples. Methods
9/10.1038/541587-023-01688-w Ecol Evol 9:134-147. https://doi.org/10.1111/2041-210X.12849
4. Tyson GW, Chapman J, Hugenholtz P, Allen EE, Ram RJ, Richardson PM, 15. Karsenti E, Acinas SG, Bork P, Bowler C, de Vargas C, Raes J, Sullivan M,
Solovyev VV, Rubin EM, Rokhsar DS, Banfield JF. 2004. Community Arendt D, Benzoni F, Claverie J-M, et al. 2011. A holistic approach to
structure and metabolism through reconstruction of microbial genomes marine eco-systems biology. PLoS Biol 9:e1001177. https://doi.org/10.13
from the environment. Nature 428:37-43. https://doi.org/10.1038/natur 71/journal.pbio.1001177
02340 16. Sunagawa S, Coelho LP, Chaffron S, Kultima JR, Labadie K, Salazar G,
5. Parks DH, Rinke C, Chuvochina M, Chaumeil P-A, Woodcroft BJ, Evans PN, Djahanschiri B, Zeller G, Mende DR, Alberti A, et al. 2015. Structure and
Hugenholtz P, Tyson GW. 2017. Recovery of nearly 8,000 metagenome- function of the global ocean microbiome. Science 348:1261359. https://
assembled genomes substantially expands the tree of life. Nat Microbiol doi.org/10.1126/science.1261359
2:1533-1542. https://doi.org/10.1038/541564-017-0012-7 17. Woodcroft BJ, Aroney STN, Zhao R, Cunningham M, Mitchell JAM,
6. Li D, Liu C-M, Luo R, Sadakane K, Lam T-W. 2015. MEGAHIT: an ultra-fast Nurdiansyah R, Blackall L, Tyson GW. 2025. Comprehensive taxonomic
single-node solution for large and complex metagenomics assembly via identification of microbial species in metagenomic data using SingleM
succinct de Bruijn graph. Bioinformatics 31:1674-1676. https://doi.org/1 and Sandpiper. Nat Biotechnol. https://doi.org/10.1038/s41587-025-027
0.1093/bioinformatics/btv033 38-1
7. Alneberg J, Bjarnason BS, de Bruijn |, Schirmer M, Quick J, ljaz UZ, Lahti L, 18.  Nayfach S, Pollard KS. 2015. Average genome size estimation improves
Loman NJ, Andersson AF, Quince C. 2014. Binning metagenomic contigs comparative metagenomics and sheds light on the functional ecology
by coverage and composition. Nat Methods 11:1144-1146. https://doi.or of the human microbiome. Genome Biol 16:51. https://doi.org/10.1186/s
g/10.1038/nmeth.3103 13059-015-0611-7
8. Wu Y-W, Simmons BA, Singer SW. 2016. MaxBin 2.0: an automated 19. Eisenhofer R, Alberdi A, Woodcroft BJ. 2024. Quantifying microbial DNA
binning algorithm to recover genomes from multiple metagenomic in metagenomes improves microbial trait estimation. ISME Commun
datasets. Bioinformatics 32:605-607. https://doi.org/10.1093/bioinforma 4:ycae111. https://doi.org/10.1093/ismeco/ycae111
tics/btv638 20. CAMI II: identifying best practices and issues for metagenomics
9. Almeida A, Nayfach S, Boland M, Strozzi F, Beracochea M, Shi ZJ, Pollard software. 2022. Nat Methods 19:412-413. https://doi.org/10.1038/s4159
KS, Sakharova E, Parks DH, Hugenholtz P, Segata N, Kyrpides NC, Finn 2-022-01419-0
RD. 2021. A unified catalog of 204,938 reference genomes from the 21.  Lloyd-Price J, Mahurkar A, Rahnavard G, Crabtree J, Orvis J, Hall AB,
human gut microbiome. Nat Biotechnol 39:105-114. https://doi.org/10.1 Brady A, Creasy HH, McCracken C, Giglio MG, McDonald D, Franzosa EA,
038/541587-020-0603-3 Knight R, White O, Huttenhower C. 2017. Strains, functions and dynamics
10. Saheb Kashaf S, Almeida A, Segre JA, Finn RD. 2021. Recovering in the expanded Human Microbiome Project. Nature 550:61-66. https://
prokaryotic genomes from host-associated, short-read shotgun doi.org/10.1038/nature23889
metagenomic sequencing data. Nat Protoc 16:2520-2541. https://doi.or 22. Kim CY, Lee M, Yang S, Kim K, Yong D, Kim HR, Lee I. 2021. Human
9/10.1038/541596-021-00508-2 reference gut microbiome catalog including newly assembled genomes
11. Marotz CA, Sanders JG, Zuniga C, Zaramela LS, Knight R, Zengler K. 2018. from under-represented Asian metagenomes. Genome Med 13:134. http
Improving saliva shotgun metagenomics by chemical host DNA s://doi.org/10.1186/513073-021-00950-7

depletion. Microbiome 6:42. https://doi.org/10.1186/s40168-018-0426-3 23. Pietroni C, Gaun N, Leonard A, Lauritsen J, Martin - Bideguren G,
Odriozola I, Aizpurua O, Alberdi A, Eisenhofer R. 2025. Hologenomic data

April 2026 Volume 11  Issue 4 10.1128/msystems.01062-25 14


https://github.com/wwood/singlem
https://github.com/EisenRa/SingleM_microbial_fraction_paper
https://github.com/wwood/singlem-read-fraction-benchmarking
https://doi.org/10.1128/msystems.01062-25
https://doi.org/10.1038/nbt.3935
https://doi.org/10.1080/07388551.2023.2254933
https://doi.org/10.1038/s41587-023-01688-w
https://doi.org/10.1038/nature02340
https://doi.org/10.1038/s41564-017-0012-7
https://doi.org/10.1093/bioinformatics/btv033
https://doi.org/10.1038/nmeth.3103
https://doi.org/10.1093/bioinformatics/btv638
https://doi.org/10.1038/s41587-020-0603-3
https://doi.org/10.1038/s41596-021-00508-2
https://doi.org/10.1186/s40168-018-0426-3
https://doi.org/10.1525/jer.2012.7.3.1
https://doi.org/10.1038/s41564-023-01381-3
https://doi.org/10.1111/2041-210X.12849
https://doi.org/10.1371/journal.pbio.1001177
https://doi.org/10.1126/science.1261359
https://doi.org/10.1038/s41587-025-02738-1
https://doi.org/10.1186/s13059-015-0611-7
https://doi.org/10.1093/ismeco/ycae111
https://doi.org/10.1038/s41592-022-01419-0
https://doi.org/10.1038/nature23889
https://doi.org/10.1186/s13073-021-00950-7
https://doi.org/10.1128/msystems.01062-25

Research Article

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

April 2026 Volume 11

generation and analysis in wild vertebrates. Methods Ecol Evol 16:97-
107. https://doi.org/10.1111/2041-210X.14456

Newbold CJ, de la Fuente G, Belanche A, Ramos-Morales E, McEwan NR.
2015. The role of ciliate protozoa in the rumen. Front Microbiol 6:1313. h
ttps://doi.org/10.3389/fmicb.2015.01313

Chua PYS, Crampton-Platt A, Lammers Y, Alsos IG, Boessenkool S,
Bohmann K. 2021. Metagenomics: a viable tool for reconstructing
herbivore diet. Mol Ecol Resour 21:2249-2263. https://doi.org/10.1111/1
755-0998.13425

Rojas CA, Holekamp KE, Viladomat Jasso M, Souza V, Eisen JA, Theis KR.
2023. Taxonomic, genomic, and functional variation in the gut
microbiomes of wild spotted hyenas across 2 decades of study.
mSystems 8:20096522. https://doi.org/10.1128/msystems.00965-22

Katz KS, Shutov O, Lapoint R, Kimelman M, Brister JR, O'Sullivan C. 2021.
STAT: a fast, scalable, minhash-based k-mer tool to assess sequence read
archive next-generation sequence submissions. Genome Biol 22:270. htt
ps://doi.org/10.1186/513059-021-02490-0

Martiny H-M, Munk P, Brinch C, Aarestrup FM, Petersen TN. 2022. A
curated data resource of 214K metagenomes for characterization of the
global antimicrobial resistome. PLoS Biol 20:e3001792. https://doi.org/1
0.1371/journal.pbio.3001792

Abdill RJ, Adamowicz EM, Blekhman R. 2022. Public human microbiome
data are dominated by highly developed countries. PLoS Biol
20:e3001536. https://doi.org/10.1371/journal.pbio.3001536

Avila Santos AP, Kabiru Nata'ala M, Kasmanas JC, Bartholomaus A, Keller-
Costa T, Jurburg SD, Tal T, Camarinha-Silva A, Saraiva JP, Ponce de Leon
Ferreira de Carvalho AC, Stadler PF, Sipoli Sanches D, Rocha U. 2023. The
AnimalAssociatedMetagenomeDB reveals a bias towards livestock and
developed countries and blind spots in functional-potential studies of
animal-associated microbiomes. Anim Microbiome 5:48. https://doi.org/
10.1186/542523-023-00267-3

Nishimura Y, Yoshizawa S. 2022. The OceanDNA MAG catalog contains
over 50,000 prokaryotic genomes originated from various marine
environments. Sci Data 9:305. https://doi.org/10.1038/s41597-022-0139
2-5

Alteio LV, Schulz F, Seshadri R, Varghese N, Rodriguez-Reillo W, Ryan E,
Goudeau D, Eichorst SA, Malmstrom RR, Bowers RM, Katz LA, Blanchard
JL, Woyke T. 2020. Complementary metagenomic approaches improve
reconstruction of microbial diversity in a forest soil. mSystems
5:00768-19. https://doi.org/10.1128/mSystems.00768-19

Xu G, Zhang L, Liu X, Guan F, Xu Y, Yue H, Huang J-Q, Chen J, Wu N, Tian
J. 2022. Combined assembly of long and short sequencing reads
improve the efficiency of exploring the soil metagenome. BMC
Genomics 23:37. https://doi.org/10.1186/5s12864-021-08260-3

Lombard N, Prestat E, van Elsas JD, Simonet P. 2011. Soil-specific
limitations for access and analysis of soil microbial communities by
metagenomics. FEMS Microbiol Ecol 78:31-49. https://doi.org/10.1111/j.
1574-6941.2011.01140.x

Fierer N, Strickland MS, Liptzin D, Bradford MA, Cleveland CC. 2009.
Global patterns in belowground communities. Ecol Lett 12:1238-1249. h
ttps://doi.org/10.1111/j.1461-0248.2009.01360.x

Mark Welch JL, Ramirez-Puebla ST, Borisy GG. 2020. Oral microbiome
geography: micron-scale habitat and niche. Cell Host Microbe 28:160-
168. https://doi.org/10.1016/j.chom.2020.07.009

McHugh AJ, Feehily C, Fenelon MA, Gleeson D, Hill C, Cotter PD. 2020.
Tracking the dairy microbiota from farm bulk tank to skimmed milk
powder. mSystems 5:€00226-20. https://doi.org/10.1128/mSystems.0022
6-20

Hassani MA, Duran P, Hacquard S. 2018. Microbial interactions within the
plant holobiont. Microbiome 6:58. https://doi.org/10.1186/s40168-018-0
445-0

The Human Microbiome Project Consortium. 2012. A framework for
human microbiome research. Nature 486:215-221. https://doi.org/10.10
38/nature11209

Guccione C, McDonald D, Fielding-Miller R, Curtius K, Knight R. 2023. You
are what you excrete. Nat Microbiol 8:1002-1003. https://doi.org/10.103
8/541564-023-01395-x

Parks DH, Chuvochina M, Rinke C, Mussig AJ, Chaumeil P-A, Hugenholtz
P. 2022. GTDB: an ongoing census of bacterial and archaeal diversity

Issue 4

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

mSystems

through a phylogenetically consistent, rank normalized and complete
genome-based taxonomy. Nucleic Acids Res 50:D785-D794. https://doi.
org/10.1093/nar/gkab776

Lander ES, Waterman MS. 1988. Genomic mapping by fingerprinting
random clones: a mathematical analysis. Genomics 2:231-239. https://d
0i.org/10.1016/0888-7543(88)90007-9

Chklovski A, Parks DH, Woodcroft BJ, Tyson GW. 2023. CheckM2: a rapid,
scalable and accurate tool for assessing microbial genome quality using
machine learning. Nat Methods 20:1203-1212. https://doi.org/10.1038/s
41592-023-01940-w

Pereira-Flores E, Glockner FO, Fernandez-Guerra A. 2019. Fast and
accurate average genome size and 16S rRNA gene average copy number
computation in metagenomic data. BMC Bioinformatics 20:453. https://d
0i.0rg/10.1186/512859-019-3031-y

Raes J, Korbel JO, Lercher MJ, von Mering C, Bork P. 2007. Prediction of
effective genome size in metagenomic samples. Genome Biol 8:R10. htt
ps://doi.org/10.1186/gb-2007-8-1-r10

Molder F, Jablonski KP, Letcher B, Hall MB, van Dyken PC, Tomkins-Tinch
CH, Sochat V, Forster J, Vieira FG, Meesters C, Lee S, Twardziok SO, et al.
2021. Sustainable data analysis with Snakemake. F1000Res 10:33. https:/
/doi.org/10.12688/f1000research.29032.3

Huang W, Li L, Myers JR, Marth GT. 2012. ART: a next-generation
sequencing read simulator. Bioinformatics 28:593-594. https://doi.org/1
0.1093/bioinformatics/btr708

Woodcroft BJ. 2023. Zenodo. Default SingleM reference “metapackage”
data (3.1.0). https://doi.org/10.5281/zenodo.7582579

Cunningham BJ, Gans M, Bolduc JD, Hodgkins BB, Suzanne B. 2024.
Kingfisher: a utility for procurement of public sequencing data. https://z
enodo.org/records/10525139.

Langmead B, Salzberg SL. 2012. Fast gapped-read alignment with
Bowtie 2. Nat Methods 9:357-359. https://doi.org/10.1038/nmeth.1923
Chen S, Zhou Y, Chen Y, Gu J. 2018. Fastp: an ultra-fast all-in-one FASTQ
preprocessor. Bioinformatics 34:i884-i890. https://doi.org/10.1093/bioin
formatics/bty560

Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, Marth G,
Abecasis G, Durbin R. 2009. The sequence alignment/map format and
SAMtools. Bioinformatics 25:2078-2079. https://doi.org/10.1093/bioinfo
rmatics/btp352

Kang DD, Li F, Kirton E, Thomas A, Egan R, An H, Wang Z. 2019. MetaBAT
2: an adaptive binning algorithm for robust and efficient genome
reconstruction from metagenome assemblies. PeerJ 7:e7359. https://doi.
org/10.7717/peerj.7359

Uritskiy GV, DiRuggiero J, Taylor J. 2018. MetaWRAP-a flexible pipeline
for genome-resolved metagenomic data analysis. Microbiome 6:158. htt
ps://doi.org/10.1186/s40168-018-0541-1

Parks DH, Imelfort M, Skennerton CT, Hugenholtz P, Tyson GW. 2015.
CheckM: assessing the quality of microbial genomes recovered from
isolates, single cells, and metagenomes. Genome Res 25:1043-1055. htt
ps://doi.org/10.1101/gr.186072.114

OIlm MR, Brown CT, Brooks B, Banfield JF. 2017. dRep: a tool for fast and
accurate genomic comparisons that enables improved genome recovery
from metagenomes through de-replication. ISME J 11:2864-2868. https:
//doi.org/10.1038/ismej.2017.126

Aroney STN, Newell RJP, Nissen JN, Camargo AP, Tyson GW, Woodcroft
BJ. 2025. CoverM: read alignment statistics for metagenomics.
Bioinformatics 41:btaf147. https://doi.org/10.1093/bioinformatics/btaf1
47

Nata’ala MK, Avila Santos AP, Coelho Kasmanas J, Bartholoméaus A,
Saraiva JP, Godinho Silva S, Keller-Costa T, Costa R, Gomes NCM, Ponce
de Leon Ferreira de Carvalho AC, Stadler PF, Sipoli Sanches D, Nunes da
Rocha U. 2022. MarineMetagenomeDB: a public repository for curated
and standardized metadata for marine metagenomes. Environ
Microbiome 17:57. https://doi.org/10.1186/540793-022-00449-7

Egidi E, Delgado-Baquerizo M, Plett JM, Wang J, Eldridge DJ, Bardgett
RD, Maestre FT, Singh BK. 2019. A few Ascomycota taxa dominate soil
fungal communities worldwide. Nat Commun 10:2369. https://doi.org/1
0.1038/541467-019-10373-z

10.1128/msystems.01062-25 15


https://doi.org/10.1111/2041-210X.14456
https://doi.org/10.3389/fmicb.2015.01313
https://doi.org/10.1111/1755-0998.13425
https://doi.org/10.1128/msystems.00965-22
https://doi.org/10.1186/s13059-021-02490-0
https://doi.org/10.1371/journal.pbio.3001792
https://doi.org/10.1371/journal.pbio.3001536
https://doi.org/10.1186/s42523-023-00267-3
https://doi.org/10.1038/s41597-022-01392-5
https://doi.org/10.1128/mSystems.00768-19
https://doi.org/10.1186/s12864-021-08260-3
https://doi.org/10.1111/j.1574-6941.2011.01140.x
https://doi.org/10.1111/j.1461-0248.2009.01360.x
https://doi.org/10.1016/j.chom.2020.07.009
https://doi.org/10.1128/mSystems.00226-20
https://doi.org/10.1186/s40168-018-0445-0
https://doi.org/10.1038/nature11209
https://doi.org/10.1038/s41564-023-01395-x
https://doi.org/10.1093/nar/gkab776
https://doi.org/10.1016/0888-7543(88)90007-9
https://doi.org/10.1038/s41592-023-01940-w
https://doi.org/10.1186/s12859-019-3031-y
https://doi.org/10.1186/gb-2007-8-1-r10
https://doi.org/10.12688/f1000research.29032.3
https://doi.org/10.1093/bioinformatics/btr708
https://doi.org/10.5281/zenodo.7582579
https://zenodo.org/records/10525139
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.7717/peerj.7359
https://doi.org/10.1186/s40168-018-0541-1
https://doi.org/10.1101/gr.186072.114
https://doi.org/10.1038/ismej.2017.126
https://doi.org/10.1093/bioinformatics/btaf147
https://doi.org/10.1186/s40793-022-00449-7
https://doi.org/10.1038/s41467-019-10373-z
https://doi.org/10.1128/msystems.01062-25

	Large-scale estimation of bacterial and archaeal DNA prevalence in metagenomes reveals biome-specific patterns
	RESULTS AND DISCUSSION
	Benchmarking on simulated metagenomes
	Benchmarking on real metagenomes
	Domain-adjusted mapping rate
	Microbial read fractions of Earth’s metagenomes
	Conclusion

	MATERIALS AND METHODS
	Implementation of SingleM prokaryotic_fraction (SPF)
	Estimation of genome size for SPF calculation
	Warnings about unreliability of estimates for some communities
	Estimation of average microbial genome size in a metagenome
	Benchmarking using simulated data
	Analysis of previously published data
	SPF estimates across public metagenome data sets
	Estimating DAMR for marine metagenomes
	Estimation of fungi:microbial cell ratios in soil metagenomes



