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Abstract 

Current long-read single-nucleotide variant callers were designed primarily for genomic data—particularly human genomes. While some have 
been used on metagenomic data, their underlying assumptions and training procedures fail to account for the inherent complexity of metage- 
nomic samples. To date, no long-read variant caller has been purpose-built for metagenomic applications. To address this gap, we present 
SNooPy, a single nucleotide polymorphism (SNP)-calling tool that implements a new statistical framework tailored to long-read metagenomic 
data. Unlike previous genomic methods, our approach makes no assumptions about the number of haplotypes present, their evolutionary re- 
lationships, or their sequence divergence. We demonstrate that SNooPy outperforms both traditional statistical and deep learning–based SNP 

callers. Our results suggest that future integration of this framework with deep learning approaches could further enhance variant-calling perfor- 
mance. SNooPy is freely available on github.com/rolandfaure/snoopy. 
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analysis, where reads derive from multiple different organ- 
isms, typically microbes, and encompass not only inter–species 
diversity but also intra–species strain variation [ 3 , 4 ]. Increas- 
ingly, metagenome analysis focuses on this strain-level, requir- 
ing variant identification within species [ 5 , 6 ]. 

Not surprisingly, given the importance of this problem, 
many programs for genomic variant calling have been de- 
veloped. At present, two main families of variant callers 
exist. Historically, the first approach, statistical variant 
callers,employed probabilistic models to differentiate true 
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 fundamental problem in the analysis of genomics data are
he detection of variants: given a consensus genome from one
ndividual and sequence reads from a related but not identi-
al organism, how to compare the two. Differences can com-
rise single nucleotide variants or more complex structural
ariations such as rearrangements, insertions, and deletions.
ariant calling is the first step in numerous genomics appli-
ations, from the construction of genealogies to genome-wide
ssociation studies [ 1 , 2 ]. It is also a key step in metagenome
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genetic variants from sequencing errors [ 7–11 ]. These mod-
els were built upon assumptions regarding the data, typically
that sequencing errors were independent or that the sequenced
samples were diploid. A second paradigm emerged following
the introduction of DeepVariant in 2016 [ 12 ], leveraging deep
neural networks [ 13–15 ]. These replaced the statistical tests
with ‘black-box’ machine-learning, which requires training
using ground-truth datasets of known variants. While these
callers have achieved state-of-the-art performance for human
genomes, their accuracy remains heavily dependent on the
training data, sometimes underperforming when calling vari-
ants outside of the set of species on which they were trained
[ 16 ]. 

In metagenomes, multiple strains of the same species may
exist with very different abundances. The species genomes
may also represent novel, previously unseen diversity, gen-
erated by binning de novo assemblies into metagenome-
assembled genomes [ 5 ]. These specificities of metagenomes
compared to single genomes can break assumptions behind
some statistical models (typically the assumption that the sam-
ple is diploid or polyploid). Neural network callers will have
been typically trained on known genomes (e.g. human) and
are also implicitly learning the biases of their training data,
which might be specific to the genome and not apply to
metagenome use-case. Metagenomics hence calls for a spe-
cific approach to variant calling. Several short-read variant
callers have been developed to address this challenge [ 6 , 9 ,
17 ]. However, to the best of our knowledge, no long-read vari-
ant callers have been specifically developed for metagenomic
applications. 

To fill this methodological gap, we present SNooPy, a novel
statistical single nucleotide polymorphism (SNP) caller tai-
lored for long-read metagenomic datasets. Similar to existing
tools such as Longshot [ 11 ] and NanoCaller [ 15 ], SNooPy
exploits the statistical dependencies among reads that arise
from the inherent population structure of the sequenced sam-
ple. However, unlike Longshot and NanoCaller, SNooPy’s sta-
tistical framework is designed for metagenomic samples and
does not make any assumption about ploidy. To do so, we im-
plement a new statistical test inspired from previous work on
haplotype assembly [ 18 ], which makes no assumptions on the
number of haplotypes, their sequencing depth, or the sequenc-
ing error profiles: its only assumption is that sequencing errors
occur independently across distinct reads. 

Because of the lack of existing specialized metagenomic
long-read SNP callers, we chose to compare SNooPy (0.4.3)
with the widely used genomic SNP callers bcftools (1.22),
Longshot (1.0.0), Nanocaller (3.6.2), Clair3 (1.0.10), and
Deepvariant (1.9.0). These were therefore run slightly out-
side of their intended application area, but it is common in
metagenomics applications to use genomic variant callers. As
detailed below, this demonstrated that SNooPy significantly
outperformed not only statistical methods but also deep learn-
ing ones (when applied without retraining, as is usually the
case), and, hence, provides a fast and effective means to detect
variants even in noisy long-read metagenome data. 

Materials and methods 

Multi-loci variant calling 

SNooPy employs a multi-locus analysis strategy, i.e. it does
not attempt to detect individual variants but rather identify
and validates variant groups. This approach leverages the sta-
tistical principle that sequencing and alignment errors occur 
(nearly) independently; therefore, the probability of observ- 
ing correlated sequencing errors across multiple reads at nu- 
merous loci is vanishingly small. When correlated patterns are 
detected, they more likely indicate reads originating from a 
distinct strain carrying true variants, rather than sequencing 
artifacts. 

This work builds upon ideas developed in the field of 
metagenome assembly, more specifically upon the software 
HairSplitter [ 18 ], and is based on the code of Strainminer 
[ 19 ]. This section focuses on the core variant-calling proce- 
dure, which comprises two primary steps: (i) identification of 
correlated loci representing candidate groups of SNPs, and (ii) 
statistical validation of these candidate groups. The complete 
variant-calling algorithm includes additional validation steps 
and recovery mechanisms, detailed in subsection Implementa- 
tion details. 

SNooPy processes BAM files through a sliding window 

approach. Within each window, the pileup data are trans- 
formed into a binary matrix M , where rows represent indi- 
vidual reads, columns correspond to genomic loci, and each 

entry Mi j equals 1 if read i contains the reference allele at lo- 
cus j, or 0 if it contains an alternative base. To identify can- 
didate variants, the algorithm starts by computing pairwise 
correlations between all columns using chi-square tests, yield- 
ing a P -value for each pair of columns. This P -value is used 

to perform complete-linkage hierarchical clustering with a P - 
value cutoff of .05 to group highly correlated columns. The 
choice of complete-linkage clustering ensures that all pairs of 
columns correlate well. From these groups, we identify vari- 
ant patterns as subsets of loci and reads where all bases show 

a non-reference allele. 
Building upon the statistical framework established in Hair- 

Splitter [ 18 ], we developed a statistical test which evaluates 
whether observed variant patterns represent authentic vari- 
ants (alternative hypothesis) or result purely from coinciden- 
tal sequencing errors (null hypothesis). When a pattern passes 
the test, the corresponding variants are outputted in a VCF 

file. 
Let a be the number of reads and b the number of loci in 

the pattern, among a matrix totalling n reads and m loci. Let s 
denote an upper bound on the per-base sequencing error prob- 
ability, estimated from the alignment data as described below.

In a matrix of size n × m , there are 
(n 

a 

)(m 

b 

)
submatrices of 

size a × b. In any of these submatrix, under our independence 
assumption, the probability that all the bases of the submatrix 

are sequencing errors is ≤ sab . The union bound gives us a 
bound on the probability p of observing such a pattern at least 
once among the 

(n 
a 

)(m 

b 

)
submatrices under our null hypothesis: 

p ≤ sab 
(n 

a 

)(m 

b 

)
. We reject the null hypothesis when p ≤ . 001 . 

To enhance computational efficiency and statistical power,
we only include loci where alternative alleles appear in > 5% 

of reads. This filtering substantially reduces the matrix dimen- 
sions, accelerating computations while strengthening the sta- 
tistical test through a reduced value of m . The error rate is es- 
timated as the divergence between the reads and the reference.
To account for error-prone regions such as homopolymers and 

ensure that our error rate parameter s always remains higher 
than the actual local error rate, we empirically set s as three 
time the measured error rate. 

For illustrating the statistical strength of the procedure,
consider a pileup of 100 Oxford Nanopore reads with er- 
ror rate 0.05 (hence s = 3 × 0 . 05 = 0 . 15 ) spanning 5000 base
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Figure 1. Statistical foundation of the SNooPy algorithm. SNooPy starts 
by identifying groups of correlating columns, highlighted by green circles 
( b), among all columns potentially containing variants, highlighted by 
purple circles ( m ). n is the total number of reads and a the number of 
reads bearing the tested variants. The error rate s is over-estimated as 
three times the divergence of the reads to the reference. Here, there are 
31 non-reference bases out of 336, hence s = 3 × 31 / 336 = 0 . 28 . Our 
statistical test states that the probability of observing this pattern due to 
independent sequencing errors is ≤ sab 

(n 
a 

)(m 

b 

) = 3 × 10−9 . 
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airs. Let us imagine that among these 5000 loci, 500 ex-
ibit an alternative allele in > 5% of reads, and that we ob-
erve five reads sharing alternative bases at 10 loci. The prob-
bility that this pattern arises from sequencing errors alone is
3 × 10−17 , providing strong evidence for genuine variants.
 graphical illustration of the test is shown on Fig. 1 . 

mplementation details 

escuing SNPs 
ur multi-locus variant-calling approach has three potential

imitations that could result in missed SNPs. We have devel-
ped specific rescue strategies to address each limitation. 

etection of isolated SNPs 
ulti-locus variant calling relies on correlations between

NPs to achieve statistical power. However, isolated SNPs
acking correlation with other variants cannot benefit from
his approach. While our statistical test remains valid for sin-
le SNPs, its power is substantially reduced. 

To rescue isolated SNPs, we implement a position-specific
nalysis using a simple binomial model. For each genomic po-
ition, we model the expected number of sequencing errors
s following a binomial distribution with parameters c (the
overage at that position) and s (the maximum error rate).
hen an alternative allele appears at a frequency that yields

 P -value < .001 under this null model, we classify the posi-
ion as an ‘obvious’ SNP, bypassing the need for multi-locus
alidation. 

ecovery of high-noise correlated variants 

ome true SNPs may be difficult to detect due to elevated lo-
al error rates. During initial hierarchical clustering, such po-
itions are excluded from variant groups to preserve the statis-
ical power of our multi-locus test, as including high-noise po-
itions can weaken the statistical test by excluding rows con-
aining errors from the tested submatrix. 

After establishing high-confidence variant calls, we perform
 recovery phase where all loci are tested for correlation with
onfirmed SNPs using chi-square tests. Positions demonstrat-
ng significant correlation ( P -value < 10−6 ) with established
ariants are rescued and called as SNPs. 

etection of multi-allelic sites 

t positions harboring multiple alternative alleles, our pri-
ary algorithm typically identifies only the most frequent

ariant, potentially masking additional polymorphisms. To
address this limitation, we perform iterative variant calling.
After the initial round, all called variants are masked (i.e. con-
verted to reference-like status in the binary matrix), and the al-
gorithm is re-executed on the modified data. This iterative pro-
cess reveals previously hidden alternative alleles by removing
the dominant variant signal, allowing detection of secondary
polymorphisms at multi-allelic sites. 

Transforming a read alignment into matrices 
The algorithm begins by transforming read alignments from
BAM format into binary matrices suitable for variant calling.
Only the best alignment of each read is retained. To ensure
that multi-locus analysis operates on consistent read sets, we
partition the reference genome into fixed-length windows and
only consider reads that span the full window. This partition-
ing is essential because our method requires that all loci within
a group be covered by the same set of reads. We set the win-
dow length to half the median read length, which balances the
need for sufficiently long windows covering multiple loci with
the requirement to maintain adequate coverage across loci.
Computing all-versus-all locus correlations scales quadrati-
cally, making it extremely computationally expensive on long
contigs. However, two loci can only exhibit meaningful corre-
lation if they are close enough to be spanned by a significant
number of reads. Therefore, we lose minimal information by
restricting correlation calculations to nearby loci. To imple-
ment this, we partition the reference genome into fixed-length
windows, setting each window to half the median read length.

Read mapping patterns provide additional information for
strain identification. Reads frequently map to only partial
segments of the reference genome rather than aligning end-
to-end, especially when they come from strains with struc-
tural variations regarding the reference. To exploit this sig-
nal, we cluster reads within each window based on their map-
ping coordinates. Groups of at least five reads sharing ex-
actly the same mapping coordinates are grouped together, as
they potentially originate from the same strain. Conversely,
reads mapping to different coordinates within the window
are analysed separately, as they probably originate from dis-
tinct strains with different genomic architectures or inser-
tion/deletion patterns. This coordinate-based clustering serves
as a pre-filtering step that segregates reads before variant call-
ing. By analyzing each read cluster independently, we prevent
the conflation of signals from different strains and enhance the
algorithm’s ability to detect strain-specific variants. This ap-
proach is particularly effective when strains exhibit structural
variations that cause their reads to map to different reference
coordinates within the same genomic window. 

Results 

Benchmark description 

We compared SNooPy (0.4.3) with the widely used SNP
callers bcftools (1.22), Longshot (1.0.0), NanoCaller (3.6.2),
DeepVariant (1.9.0), and Clair3 (1.0.10), all run with recom-
mended or default options. 

We benchmarked SNooPy on three sequencing datasets.
The first one is a commercially available mock community,
named Zymobiomics Gut Microbiome Standard, sequenced
using ONT R10.4.1 (SRR17913199). This community has
the particularity of containing five strains of Escherichia coli
which are mostly collapsed in the metaFlye assembly, in which
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Figure 2. Precision and recall of benchmarked metagenomic tools on three datasets. Left: ONT sequencing of a synthetic gut microbiome mock 
community. Metrics are calculated only against known E. coli genomes. Middle and right: ONT R10.4.1 sequencing of a human stool sample and a soil 
sample. Metrics are evaluated using a PacBio HiFi sequencing of the same sample. Recall is computed w.r.t. the union of all called variants confirmed by 
HiFi, as some variants may be present exlusively in the HiFi sequencing. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

we expect to observe variants. The second and third ones are
a human stool and a soil sample sequenced in [ 20 ] using the
latest ONT R10.4.1 flow cells. Both of these datasets were
chosen because PacBio HiFi sequencing of the same samples
were conducted [ 21 ] and were thus available to evaluate the
quality of the calls. 

All datasets were assembled using metaFlye [ 22 ]. We then
called the variants using the assembly as a reference. For the
Zymobiomics Gut Microbiome Standard, we report recall and
precision only on the E. coli contigs, to measure the ability of
the SNP callers to call variants in a multi-strains context. The
soil dataset presented computational challenges due to its very
large size (6.8G), which exceeded the processing capacity of
all tools within our 1-week runtime constraint. To address this
limitation, we randomly selected 921 contigs (with an N50 of
56kb) and conducted our analysis exclusively on this subset. 

We encountered a technical issue with DeepVariant, which
crashes when processing loci containing multiple alternative
alleles. We have reported this bug to the DeepVariant GitHub
repository. As an interim solution, we excluded the problem-
atic contigs from our analyses. Since this exclusion did not
significantly alter the performance metrics of other variant
callers, we report statistics across the restricted dataset for all
tools. 

To confirm our analyses, we created simulated datasets
following the same protocol as in [ 18 ] and benchmarked
the variant callers on them. More precisely, we selected 10
E. coli genomes spread across the phylogenetic tree of E.
coli . We then simulated Nanopore sequencing using meta-
NanoSim [ 23 ], trained to mimic the error pattern of dataset
SRR17913199, varying the number of strains and their cover-
age. We also simulated Nanopore sequencing using Badread
[ 24 ] using the ‘nanopore2023’ model, which allowed us
to vary the error rate. The experiments are detailed in
Supplementary table S1 . using Badreads [ 24 ] with the error
model ‘nanopore2023’, varying the number of strains, cover-
age, and error rate of the reads, as detailed in Supplementary
Table S1 . 

Evaluation metrics 

We assessed the recall and precision of the SNP callers. Vari-
ant call comparison is challenging because SNP callers im-
plicitly assume that reads align on the reference end-to-end,
an assumption that fails with highly divergent sequences or
structural variants. We therefore excluded variants longer
than 5 bp from our analysis ( < 0.2% of the variants), as dif- 
ferent SNP callers may legitimately disagree on these calls.
For transparency and reproducibility, all comparison scripts 
used in this analysis are available in our GitHub repository 
(github.com/RolandFaure/SNooPy). 

For the Zymobiomics dataset, we aligned the reference 
genomes against the assembly and used this alignment to build 

a set of ground truth SNPs. 
For the other two datasets, we employed PacBio HiFi se- 

quencing reads, which we mapped on the assemblies using 
minimap2 [ 25 ], and validated or invalidated variants based 

on their presence in the alignment of the set of HiFi reads 
on the same assemblies. This approach has inherent limita- 
tions: namely, the two sequencing experiments might have 
only sequenced a (different) sample of the overall diversity.
Nevertheless, the detection of a variant using both technolo- 
gies strongly supports its validity. For these two datasets, we 
defined recall as the proportion of HiFi-confirmed SNPs that 
each software successfully identified, relative to the total pool 
of HiFi-confirmed SNPs called by any software. This defini- 
tion intentionally excludes variants observed exclusively in 

HiFi data. The precision metric requires careful interpretation 

in this context. When SNPs called from ONT data lack confir- 
mation in HiFi data, we classify them as false positives. How- 
ever, this classification may be overly stringent: some of these 
variants may represent true polymorphisms that simply were 
not captured in the HiFi sequencing. Indeed, manual investi- 
gation using Logan-Search [ 26 ] against SRA revealed that sev- 
eral supposed ‘false positives’ had been previously observed in 

other datasets, suggesting they are likely genuine variants. The 
limited throughput of Logan-Search did not allow us to con- 
duct a systematic analysis of all these putative false positives. 

The scripts to normalize, merge, and compare the obtained 

VCFs to either the ground truth or the HiFi mapping results 
are available at https://github.com/rolandfaure/snoopy . 

SNooPy excels on deeply sequenced complex 

communities 

Figures 2 and 3 present the recall and precision metrics ob- 
tained on real and simulated datasets, respectively (exhaustive 
results are provided in the supplementary data). SNooPy con- 
sistently achieved the highest recall across all datasets, demon- 
strating superior performance for metagenomic variant calling 

Clair3, NanoCaller, Longshot, and, to a lesser extent,
bcftools, showed limited recall in metagenomic contexts, in 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag556#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag556#supplementary-data
https://github.com/rolandfaure/snoopy
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Figure 3 Recall or F1 metric (i.e. harmonic mean of precision and recall) of variant callers evaluated on simulated read datasets with varied parameters: 
(i) Mixtures of 2 to 10 strains, with 20 × coverage for all strains. Variants called against metaFlye assembly. (ii) Four-strain mixtures, reads generated with 
Badreads with varying error rates and 20 × coverage for all strains; variants called against metaFlye assembly; (iii) Y5 strain sequenced at different 
coverages; variant called against H5 genome; (iv) Four-strain mixture, three strains at 20 × coverage, and EC590 at varying coverage. Variants called 
against metaFlye assembly. For (iv), only recall of EC590-specific SNPs is reported. 
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ine with their documentation that specifically targets diploid
pplications. Their performance degraded dramatically when
he number of strains increased [experiment (i)] or when the
overage became uneven between the strains [experiment (iv)].

DeepVariant matched the performance of SNooPy on the E.
oli strains of the mock community, achieving > 90% recall,
ut called 13% fewer variants than SNooPy on the soil sample
nd detected barely a third of all variants detected by SNooPy
n the human gut sample. The simulated experiments eluci-
ate these differences: DeepVariant matches SNooPy’s perfor-
ance up to six equally abundant strains [experiment (i)],

quivalent to the mock community configuration. However,
eepVariant shows reduced recall under low-coverage condi-

ions [experiments (iii) and (iv)], the dominant scenario in the
oil sample (11 × average coverage). SNooPy also exhibit su-
erior performance in strain-rich environments and with un-
qual strain coverage [experiments (i) and (iv)]—conditions
haracteristic of the human gut sample (82 × average
overage). 

We analysed variants detected by DeepVariant but missed
y SNooPy. The vast majority of missed variants exhibited
ery low coverage ( ≤4 × for 90% of cases), as shown in
upplementary Fig. S1 . Manual inspection of a subset of
ariants revealed that DeepVariant can outperform SNooPy
n high-noise alignment regions, e.g. around homopolymeric
tretches. We attribute this advantage to the deep neural net-
ork’s capacity to learn robust features in regions where se-
 

quence alignment is difficult. Despite this, SNooPy’s overall
recall remained superior to DeepVariant, even when consider-
ing only low-coverage variants. 

SNooPy processed the Zymobiomics, gut, and soil samples
in 20 min, 2.5 h, and 1 h on 48 threads, respectively. This
is comparable to DeepVariant, which completed in ∼1 h for
all the three datasets. The complete list of running times and
RAM usage is available in supplementary data. 

Discussion 

In this study, we present a new approach for long-read metage-
nomic variant calling based on a simple, non-parametric test
of correlation among reads. To our knowledge, this represents
the first statistical variant-calling framework for long reads
built on assumptions sufficiently general to hold across vir-
tually all types of sequencing experiments, including metage-
nomic data. We implemented this test in SNooPy, a metage-
nomic variant caller that performed best among the methods
tested, including the deep learning state-of-the-art methods.
This benchmark shed light on the limitations of the majority
of existing long-read variant callers when applied to metage-
nomics data. This was unsurprising given the data they were
trained on and their underlying assumptions, but represent an
important, under-appreciated caveat for practitioners devel-
oping their own long-read metagenomics analysis pipelines.
For instance, Longshot has been frequently used in metage-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag556#supplementary-data
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nomics contexts [ 27 , 28 ] but performed poorly in our tests.
DeepVariant stands out as an exception, providing good ade-
quate precision and recall in the metagenomic context. How-
ever, the current release (v1.9.0) suffers from a bug that ham-
pers its practical application in metagenomic analyses. 

The strength of our pileup-based statistical variant calling
is that it is grounded in a solid statistical framework explic-
itly designed for metagenomics. By contrast, the strength of
deep neural networks, which take whole alignments as in-
put rather than considering only pileups at few distinct loci,
lies in its ability to draw information even out of noisy, low-
coverage alignments [ 13 ]. We believe that both approaches
are, in essence, orthogonal and could be combined to exploit
the strengths of both strategies. For instance, the information
of co-occurring variants used in our statistical test could be in-
corporated as an input feature of a deep learning variant caller.
The result could be a method developed for long-read metage-
nomics that would improve the effectiveness of SNooPy in re-
gions with ambiguously aligned reads. 

Our benchmark on the soil sequencing dataset shows that
even the best-performing tool, SNooPy, missed 10% of the
SNPs. Furthermore, this is a lower estimate as our metric did
not account for SNPs missed by all callers. Given the increas-
ing importance of both long-read sequencing and strain anal-
ysis in metagenomics, and the potential for improvement that
this indicates, the development of dedicated long-read metage-
nomic variant callers is likely to remain an active research field
in the coming years. 

Software availability 

SNooPy is freely available at github.com/rolandfaure/snoopy
under a MIT licence. 
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man gut ONT), ERR15289675 (human gut HiFi),
ERR15289757 (soil ONT), ERR15289804 (soil HiFi), and 

SRR17913199 (Zymobiomics Gut Microbiome Standard 

ONT). Zymo mock reference genomes are available at https: 
//s3.amazonaws.com/zymo-files/BioPool/D6331.refseq.zip . 

All reference genomes and command lines used to run 

the benchmark are available on Zenodo, 10.5281/zen- 
odo.19218967. 
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