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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 metagenomic samples. To date, no long-read variant

caller has been purpose-built for metagenomic applications. To address this gap, we present SNooPy, a 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 relationships, 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 performance.

Introduction1

A fundamental problem in the analysis of genomics data is2

the detection of variants: given a consensus genome from one3

individual and sequence reads from a related but not identical4

organism, how to compare the two. Differences can comprise single5

nucleotide variants (SNVs) or more complex structural variations6

such as rearrangements, insertions and deletions. Variant calling7

is the first step in numerous genomics applications, from the8

construction of genealogies to genome wide association studies9

(GWAS) [22, 25]. It is also a key step in metagenome analysis,10

where reads derive from multiple different organisms, typically11

microbes, and encompass not only inter-species diversity but also12

intra-species strain variation [23, 18]. Increasingly, metagenome13

analysis focuses on this strain-level, requiring variant identification14

within species [19, 16].15

Not surprisingly given the importance of this problem, many16

programs for genomic variant calling have been developed. At17

present, two main families of variant callers exist. Historically,18

the first approach, statistical variant callers,employed probabilistic19

models to differentiate true genetic variants from sequencing errors20

[10, 11, 6, 7, 8]. These models were built upon assumptions21

regarding the data, typically that sequencing errors were22

independent or that the sequenced samples were diploid. A second23

paradigm emerged following the introduction of DeepVariant 24

in 2016 [17], leveraging deep neural networks [14, 28, 1]. 25

These replaced the statistical tests with “black-box” machine- 26

learning, which requires training using ground-truth datasets of 27

known variants. While these callers have achieved state-of-the-art 28

performance for human genomes, their accuracy remains heavily 29

dependent on the training data, sometimes underperforming when 30

calling variants outside of the set of species on which they were 31

trained [27]. 32

In metagenomes, multiple strains of the same species may 33

exist with very different abundances. The species genomes may 34

also represent novel, previously unseen diversity, generated by 35

binning de novo assemblies into metagenome-assembled genomes 36

(MAGs) [19]. These specificities of metagenomes compared to 37

single genomes can break assumptions behind some statistical 38

models (typically the assumption that the sample is diploid or 39

polyploid). Neural network callers will have been typically trained 40

on known genomes (e.g. human) and are also implicitly learning 41

the biases of their training data, which might be specific to the 42

genome and not apply to metagenome use-case. Metagenomics 43

hence calls for a specific approach to variant calling. Several short- 44

read variant callers have been developed to address this challenge 45

[2, 16, 6]. However, to the best of our knowledge, no long-read 46

© The Author 2022. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1

https://orcid.org/0000-0003-2245-4284
rolandfaure.github.io


2 SNooPy: a statistical framework for long-read metagenomic variant calling

variant callers have been specifically developed for metagenomic47

applications.48

To fill this methodological gap, we present SNooPy, a novel49

statistical SNP caller tailored for long-read metagenomic datasets.50

Similar to existing tools such as Longshot [8] and NanoCaller [1],51

SNooPy exploits the statistical dependencies among reads that52

arise from the inherent population structure of the sequenced53

sample. However, unlike Longshot and NanoCaller, SNooPy’s54

statistical framework is designed for metagenomic samples and55

does not make any assumption about ploidy. To do so, we56

implement a new statistical test inspired from previous work57

on haplotype assembly [9], which makes no assumptions on the58

number of haplotypes, their sequencing depth, or the sequencing59

error profiles: its only assumption is that sequencing errors occur60

independently across distinct reads.61

Because of the lack of existing specialized metagenomic long-62

read SNP callers, we chose to compare SNooPy (0.3.13) with the63

widely used genomic SNP callers bcftools (1.22), Longshot (1.0.0),64

Nanocaller (3.6.2), Clair3 (1.0.10), and Deepvariant (1.9.0). These65

were therefore run slightly outside of their intended application66

area but it is common in metagenomics applications to use genomic67

variant callers. As detailed below, this demonstrated that SNooPy68

significantly outperformed not only statistical methods but also69

deep-learning once (when applied without retraining, as is usually70

the case), and, hence, provides a fast and effective means to detect71

variants even in noisy long-read metagenome data.72

MATERIALS AND METHODS73

Multi-loci variant calling74

SNooPy employs a multi-locus analysis strategy, i.e., it does not75

attempt to detect individual variants but rather identify and76

validates variant groups. This approach leverages the statistical77

principle that sequencing and alignment errors occur (nearly)78

independently; therefore, the probability of observing correlated79

sequencing errors across multiple reads at numerous loci is80

vanishingly small. When correlated patterns are detected, they81

more likely indicate reads originating from a distinct strain82

carrying true variants, rather than sequencing artifacts.83

This work builds upon ideas developed in the field of84

metagenome assembly, more specifically upon the software85

HairSplitter [9] and is based on the code of Strainminer86

[24]. The complete variant-calling algorithm includes additional87

validation steps and recovery mechanisms, detailed in subsection88

Implementation details. This section focuses on the core variant-89

calling procedure, which comprises two primary steps: (1)90

identification of correlated loci representing candidate groups91

of single nucleotide polymorphisms (SNPs), and (2) statistical92

validation of these candidate groups.93

SNooPy processes BAM files through a sliding window94

approach. Within each window, the pileup data is transformed95

into a binary matrix M , where rows represent individual reads,96

columns correspond to genomic loci, and each entry Mij equals 197

if read i contains the reference allele at locus j, or 0 if it contains98

an alternative base. To identify candidate variants, the algorithm 99

starts by computing pairwise correlations between all columns 100

using chi-square tests, yielding a p-value for each pair of columns. 101

This p-value is used to perform complete-linkage hierarchical 102

clustering with a p-value cutoff of 0.05 to group highly correlated 103

columns. The choice of complete-linkage clustering ensures that 104

all pairs of columns correlate well. From these groups, we identify 105

variant patterns as subsets of loci and reads where all bases show 106

a non-reference allele. 107

Building upon the statistical framework established in 108

HairSplitter [9], we developed a statistical test which evaluates 109

whether observed variant patterns represent authentic variants 110

(alternative hypothesis) or result purely from coincidental 111

sequencing errors (null hypothesis). When a pattern passes the 112

test, the corresponding variants are outputted in a VCF file. 113

Let a be the number of reads and b the number of loci in the 114

pattern, among a matrix totalling n reads and m loci. Let s denote 115

an upper bound on the per-base sequencing error probability, 116

estimated from the alignment data as described below. 117

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

)(m
b

)
submatrices of 118

size a × b. In any of these submatrix, under our independence 119

assumption, the probability that all the bases of the submatrix 120

are sequencing errors is ≤ sab. The union bound gives us a 121

bound on the probability p of observing such a pattern at least 122

once among the
(n
a

)(m
b

)
submatrices under our null hypothesis: 123

p ≤ sab
(n
a

)(m
b

)
. We reject the null hypothesis when p ≤ 0.001. 124

To enhance computational efficiency and statistical power, 125

we only include loci where alternative alleles appear in more 126

than 5% of reads. This filtering substantially reduces the matrix 127

dimensions, accelerating computations while strengthening the 128

statistical test through a reduced value of m. The error rate is 129

estimated as the divergence between the reads and the reference. 130

To account for error-prone regions such as homopolymers and 131

ensure that our error rate parameter s always remains higher than 132

the actual local error rate, we empirically set s as three time the 133

measured error rate. 134

For illustrating the statistical strength of the procedure, 135

consider a pileup of 100 Oxford Nanopore reads with error rate 136

0.05 (hence s = 3 × 0.05 = 0.15) spanning 5,000 base pairs. Let 137

us imagine that among these 5,000 loci, 500 exhibit an alternative 138

allele in more than 5% of reads and that we observe 5 reads sharing 139

alternative bases at 10 loci. The probability that this pattern arises 140

from sequencing errors alone is ≤ 3 × 10−17, providing strong 141

evidence for genuine variants. A graphical illustration of the test 142

is shown on Figure 1. 143

Rescuing SNPs 144

Our multi-locus variant calling approach has three potential 145

limitations that could result in missed SNPs. We have developed 146

specific rescue strategies to address each limitation. 147

Detection of isolated SNPs 148

Multi-locus variant calling relies on correlations between SNPs 149

to achieve statistical power. However, isolated SNPs lacking 150

correlation with other variants cannot benefit from this approach. 151

While our statistical test remains valid for single SNPs, its power 152

is substantially reduced. 153

To rescue isolated SNPs, we implement a position-specific 154

analysis using a simple binomial model. For each genomic position, 155

we model the expected number of sequencing errors as following 156

a binomial distribution with parameters c (the coverage at that 157
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AACAAGATAGA-CAGATAGACACAGATTGGTTTAGGAACAGATGACAGATA-GCA
AACAAGATAGAC-AGATAGCACAGGATTGGTTTAGGAACAGATGATAGATAC--A
AACAAGATAGA-CAGATAGACACAGATTGGTTTAGTAACAGATGACAGATAGCCA
AACCAGATAGAC-AGATAGACACATATTGGTTTAGGAACATTTGACAGATA-GCA
AACCAGATAGA-CAGATAGGCACATATTGGTTTAGGAACAGTTGACAGA--CGCA
AACCAGATAGAC-AGATAGACACATATTGGTTTAGGATCAGTTGACAGATA-GCA

r1
r2
r3
r4
r5
r6

AACAAGATAGACCAGATAGACACAGATTGGTTTAGGAACAGATGACAGATACGCAref

n=6

a=3

b=3
m=8

Fig. 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.

position) and s (the maximum error rate). When an alternative158

allele appears at a frequency that yields a p-value smaller than159

0.001 under this null model, we classify the position as an160

“obvious” SNP, bypassing the need for multi-locus validation.161

Recovery of high-noise correlated variants162

Some true SNPs may be difficult to detect due to elevated local163

error rates. During initial hierarchical clustering, such positions are164

excluded from variant groups to preserve the statistical power of165

our multi-locus test, as including high-noise positions can weaken166

the statistical test by excluding rows containing errors from the167

tested submatrix.168

After establishing high-confidence variant calls, we perform169

a recovery phase where all loci are tested for correlation with170

confirmed SNPs using chi-square tests. Positions demonstrating171

significant correlation (p-value < 10−6) with established variants172

are rescued and called as SNPs.173

Detection of multi-allelic sites174

At positions harboring multiple alternative alleles, our primary175

algorithm typically identifies only the most frequent variant,176

potentially masking additional polymorphisms. To address this177

limitation, we perform iterative variant calling. After the initial178

round, all called variants are masked (i.e., converted to reference-179

like status in the binary matrix), and the algorithm is re-executed180

on the modified data. This iterative process reveals previously181

hidden alternative alleles by removing the dominant variant signal,182

allowing detection of secondary polymorphisms at multi-allelic183

sites.184

Implementation details185

Transforming a read alignment into matrices186

The algorithm begins by transforming read alignments from BAM187

format into binary matrices suitable for variant calling. To ensure188

that multi-locus analysis operates on consistent read sets, we189

partition the reference genome into fixed-length windows and190

only consider reads that span the full window. This partitioning191

is essential because our method requires that all loci within a192

group be covered by the same set of reads. We set the window193

length to half the median read length, which balances the need194

for sufficiently long windows covering multiple loci with the 195

requirement to maintain adequate coverage across loci. 196

Read mapping patterns provide additional information for 197

strain identification. Reads frequently map to only partial 198

segments of the reference genome rather than aligning end-to-end, 199

especially when they come from strains with structural variations 200

regarding the reference. To exploit this signal, we cluster reads 201

within each window based on their mapping coordinates. Groups 202

of at least 5 reads sharing exactly the same mapping coordinates 203

are grouped together, as they potentially originate from the 204

same strain. Conversely, reads mapping to different coordinates 205

within the window are analyzed separately, as they probably 206

originate from distinct strains with different genomic architectures 207

or insertion/deletion patterns. This coordinate-based clustering 208

serves as a pre-filtering step that segregates reads before variant 209

calling. By analyzing each read cluster independently, we prevent 210

the conflation of signals from different strains and enhance the 211

algorithm’s ability to detect strain-specific variants. This approach 212

is particularly effective when strains exhibit structural variations 213

that cause their reads to map to different reference coordinates, 214

even within the same genomic window. 215

RESULTS 216

Benchmark description 217

We compared SNooPy (0.3.13) with the widely used SNP callers 218

bcftools (1.22), longshot (1.0.0), Nanocaller (3.6.2), Deepvariant 219

(1.9.0) and Clair3 (1.0.10), all run with recommended or default 220

options. 221

We benchmarked SNooPy on three sequencing datasets. The 222

first one is a commercially available mock community, named 223

Zymobiomics Gut Microbiome Standard, sequenced using ONT 224

R10.4.1 (SRR17913199). This community has the particularity 225

of containing five strains of Escherichia coli which are mostly 226

collapsed in the metaFlye assembly, in which we expect to observe 227

variants. The second and third ones are a human stool and a soil 228

sample sequenced in [4], also sequenced using the latest ONT 229

R10.4.1 flow cells. Both of these datasets were chosen because 230

PacBio HiFi sequencing of the same samples were conducted [3] 231

and were thus available to evaluate the quality of the calls . 232

All datasets were assembled using metaFlye [12]. We then 233

called the variants using the assembly as a reference. For the 234

Zymobiomics Gut Microbiome Standard, we report recall and 235

precision only for the E. coli strains, to measure the ability of 236

the SNP callers to call variants in a muli-strains context. The 237

soil dataset presented computational challenges due to its very 238

large size (6.8G), which exceeded the processing capacity of all 239

tools within our one-week runtime constraint. To address this 240

limitation, we randomly selected 921 contigs (with an N50 of 56kb) 241

and conducted our analysis exclusively on this subset. 242

We encountered a technical issue with DeepVariant, which 243

crashes when processing loci containing multiple alternative 244

alleles. We have reported this bug to the DeepVariant GitHub 245

repository. As an interim solution, we excluded the problematic 246

contigs from our DeepVariant analysis. Since this exclusion did 247

not significantly alter the performance metrics of other variant 248

callers, we report statistics across the complete dataset for all 249

tools except DeepVariant, for which we report performance on 250

the reduced contig set. 251
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To confirm our analyses, we created simulated datasets,252

following the same protocol as in a previous article [9], and253

benchmarked the variant callers on them. More precisely, we254

selected 10 E. coli genomes spread across the phylogenetic tree255

of E. coli. We then simulated sequencing using Badreads [26] with256

the error model “nanopore2023”, varying the number of strains,257

coverage, error rate of the reads, as detailed in Supplementary258

Table 1.259

Evaluation metrics260

We assessed the recall and precision of the SNP callers.261

Variant call comparison is challenging because SNP callers262

implicitly assume that reads align on the reference end-to-end,263

an assumption that fails with highly divergent sequences or264

structural variants. We therefore excluded variants longer than265

5bp from our analysis (less than 0.2% of the variants), as266

different SNP callers may legitimately disagree on these calls.267

For transparency and reproducibility, all comparison scripts268

used in this analysis are available in our GitHub repository269

(github.com/RolandFaure/SNooPy).270

For the Zymobiomics dataset, we aligned the reference genomes271

against the assembly and used this alignment to build a set of272

ground truth SNPs.273

For the other two datasets, we employed PacBio HiFi274

sequencing reads, which we mapped on the assemblies using275

minimap2 [13], and validated or invalidated variants based on their276

presence in the alignment of the set of HiFi reads on the same277

assemblies. This approach has inherent limitations: namely, both278

sequencing experiments might have only sequenced a (different)279

sample of the overall diversity. Nevertheless, the detection of a280

variant using both technologies strongly supports its validity. For281

these two datasets, we defined recall as the proportion of HiFi-282

confirmed SNPs that each software successfully identified, relative283

to the total pool of HiFi-confirmed SNPs called by any software.284

This definition intentionally excludes variants observed exclusively285

in HiFi data. The precision metric requires careful interpretation in286

this context. When SNPs called from ONT data lack confirmation287

in HiFi data, we classify them as false positives. However, this288

classification may be overly stringent: some of these variants may289

represent true polymorphisms that simply were not captured in the290

HiFi sequencing. Indeed, manual investigation using Logan-Search291

[5] against SRA revealed that several supposed “false positives”292

had been previously observed in other datasets, suggesting they293

are likely genuine variants. The limited throughput of Logan-294

Search did not allow us to conduct a systematic analysis of all295

these putative false positives.296

The scripts to normalize, merge and compare the obtained297

VCFs to either the ground truth or the HiFi mapping results are298

available at https://github.com/rolandfaure/snoopy.299

SNooPy excels on deeply sequenced complex communities300

Figure 2 present the recall and precision metrics for all evaluated301

variant-calling tools (the full results are presented in the302

supplementary data). SNooPy consistently outperformed other303

tools in terms of recall across all datasets, demonstrating its304

effectiveness for metagenomic variant calling.305

The performance evaluation identified two distinct groups of306

variant callers. The first group comprising Clair3, Nanocaller,307

and Longshot showed limited recall in metagenomic contexts,308

in line with their documentation that specifically targets309

diploid applications. The second group—including SNooPy and 310

DeepVariant—demonstrated superior performance on metagenomic 311

datasets, achieving over 80% recall and precision on the mock 312

community. Bcftools occupied an intermediate position between 313

these two groups. 314

Although all tools demonstrated comparable precision with 315

minimal differences (which may not be significant given our inexact 316

methodology), their recall rates exhibited substantial variation 317

across datasets. DeepVariant matched SNooPy’s performance on 318

the mock community and soil sample but showed significantly 319

lower recall on the stool sample. Further analysis of the soil 320

data revealed a coverage-dependent performance pattern: SNooPy 321

recalled 10% more variants than DeepVariant on contigs with 322

>40x coverage, while DeepVariant recalled 7% more variants 323

than SNooPy on contigs with <40x coverage. This explains the 324

performance discrepancy of the two tools between soil and stool 325

samples—the soil sample dataset had an average coverage of 11x, 326

while the stool sample was sequenced at a much higher average 327

depth of 82x. 328

Our simulated datasets (Figure 3) confirmed this coverage- 329

dependent behavior: 330

• in experiment (i), where multiple E. coli strains were each 331

sequenced at 20x, DeepVariant’s recall began declining when 332

the combined coverage exceeded 120x (more than 6 strains); 333

• in experiment (iv), which involved a mixture of three strains 334

at 20x each plus strain EC590 at varying coverage, SNooPy 335

demonstrated superior performance in identifying EC590- 336

specific SNPs; 337

• by contrast, experiment (iii), which simulated a single strain 338

at progressively lower coverage levels, showed comparable 339

performance between DeepVariant and SNooPy. 340

These results collectively indicate that SNooPy excels at 341

identifying even rare variants in high-coverage scenarios, while 342

DeepVariant has a slight advantage in low-coverage conditions. 343

We hypothesize that the good performance of DeepVariant stems 344

from its deep neural network architecture, which can effectively 345

“correct” and compensate for alignment difficulties in complex 346

genomic regions. In contrast, SNooPy’s approach remains more 347

directly dependent on the input alignment quality, requiring a 348

sufficient quantity of cleanly aligned reads to confidently call 349

variants. 350

Another interesting result of our simulated experiments was 351

that DeepVariant precision plummeted above 2% error rate 352

(Figure 3 (ii)). However, as the error rates of ONT reads have 353

now dropped below this threshold, we did not observe this effect 354

in our real sequencing datasets. 355

DISCUSSION 356

In this study, we present a new approach for long-read 357

metagenomic variant calling based on a simple, non-parametric 358

test of correlation among reads. To our knowledge, this represents 359

the first statistical variant-calling framework for long reads built 360

on assumptions sufficiently general to hold across virtually all 361

types of sequencing experiments, including metagenomic data. 362

We implemented this test in SNooPy, a metagenomic variant 363

caller that is on par with the deep-learning state-of-the-art, and 364

performed best among the methods tested, except when coverage 365

depth was low. This benchmark shed light on the limitations of 366

https://github.com/rolandfaure/snoopy
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Fig. 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.
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Fig. 3: F1 metric (i.e. harmonic mean of precision and recall) of variant callers evaluated on simulated read datasets with varied parameters:

(i) Mixtures of two to ten strains, with reads simulated at 2% error rate and 20× coverage for all strains. Variants called against metaFlye

assembly. (ii) Four-strain mixtures, with error rates varied and 20× coverage for all strains; variants called against metaFlye assembly;

Note that the F1-score is reported, as DeepVariant’s precision plummets above 2% error rate. (iii) Y5 strain sequenced with 2% error at

different coverages; variant called against H5 genome; (iv) Four-strain mixture with 2% error, 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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the majority of existing long-read variant callers when applied367

to metagenomics data. This was unsurprising given the data368

they were trained on and their underlying assumptions, but369

represent an important, under-appreciated caveat for practitioners370

developing their own long-read metagenomics analysis pipelines.371

For instance, Longshot has been frequently used in metagenomics372

contexts [21, 20] but performed poorly in our tests. DeepVariant373

stands out as an exception, providing good precision and recall in374

the metagenomic context. However, the current release (v1.9.0)375

suffers from a bug that hampers its practical application in376

metagenomic analyses.377

The strength of our pileup-based statistical variant calling is378

that it is grounded in a solid statistical framework explicitly379

designed for metagenomics. By contrast, the strength of deep380

neural networks, which take whole alignments as input rather381

than considering only pileups at few distinct loci, lies in its382

ability to draw information even out of noisy, low-coverage383

alignments [14]. We believe that both approaches are in essence384

orthogonal and could be combined to exploit the strengths of both385

strategies. For instance, the information of co-occurring variants386

used in our statistical test could be incorporated as an input387

feature of a deep learning variant caller. The result could be388

a method explicitly developed for long-read metagenomics that389

combines the effectiveness of SNooPy at high-coverage depths with390

that of DeepVariant for low-coverage genomes, achieving better391

performance than both overall.392

Our benchmark on the soil sequencing dataset shows that even393

the best-performing tool, SNooPy, missed close to 20% of the394

SNPs. Furthermore, this is a lower estimate as our metric did395

not account for SNPs missed by all callers. Given the increasing396

importance of both long-read sequencing and strain analysis397

in metagenomics, and the potential for improvement that this398

indicates, the development of dedicated long-read metagenomic399

variant callers is likely to remain an active research field in the400

coming years.401
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strains coverage error rate (%) reference

Number of strains 2 Y5 H5 20x 2 Flye assembly

4
Y5 H5

AMSCJX03 EC590
20x 2 Flye assembly

6

Y5 H5

AMSCJX03 EC590

K12 LD27-1

20x 2 Flye assembly

8

Y5 H5

AMSCJX03 EC590

K12 LD27-1

ME8067 RM14721

20x 2 Flye assembly

10

Y5 H5

AMSCJX03 EC590

K12 LD27-1

ME8067 RM14721

SE15 UMN026

20x 2 Flye assembly

Error rate (%) 0.1 Y5 H5 AMSCJX03 EC590 20x 0.1 Flye assembly

0.5 Y5 H5 AMSCJX03 EC590 20x 0.5 Flye assembly

1 Y5 H5 AMSCJX03 EC590 20x 1 Flye assembly

2 Y5 H5 AMSCJX03 EC590 20x 2 Flye assembly

3 Y5 H5 AMSCJX03 EC590 20x 3 Flye assembly

5 Y5 H5 AMSCJX03 EC590 20x 5 Flye assembly

Even coverage 20 Y5 20x 2 H5

10 Y5 10x 2 H5

5 Y5 5x 2 H5

3 Y5 3x 2 H5

2 Y5 2x 2 H5

1 Y5 1x 2 H5

Uneven coverage 20 Y5 H5 AMSCJX03 EC590 20x, 20x, 20x, 20x 2 Flye assembly

10 Y5 H5 AMSCJX03 EC590 20x, 20x, 20x, 10x 2 Flye assembly

5 Y5 H5 AMSCJX03 EC590 20x, 20x, 20x, 5x 2 Flye assembly

3 Y5 H5 AMSCJX03 EC590 20x, 20x, 20x, 3x 2 Flye assembly

2 Y5 H5 AMSCJX03 EC590 20x, 20x, 20x, 2x 2 Flye assembly

1 Y5 H5 AMSCJX03 EC590 20x, 20x, 20x, 1x 2 Flye assembly

Table 1. Description of the experiments run with the simulated datasets on E. coli
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