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Abstract. Reconstructing exact haplotypes is important when sequencing a mixture of similar se-
quences. Long-read sequencing can connect distant alleles to disentangle similar haplotypes, but han-
dling sequencing errors requires specialized techniques. We present devider, an algorithm for haplotyp-
ing small sequences—such as viruses or genes—from long-read sequencing. devider uses a positional
de Bruijn graph with sequence-to-graph alignment on an alphabet of informative alleles to provide a
fast assembly-inspired approach compatible with various long-read sequencing technologies. On a syn-
thetic Oxford Nanopore Technologies (ONT) long-read dataset containing seven HIV strains, devider
recovered 97% of the haplotype content and had the most accurate abundance estimates while taking
< 4 minutes and 1 GB of memory for > 8000x coverage. Benchmarking on synthetic mixtures of an-
timicrobial resistance (AMR) genes showed that devider recovered 83% of haplotypes, 23 percentage
points higher than the next best method. On real PacBio and ONT datasets, devider recapitulates
previously known results in seconds, disentangling a bacterial community with > 10 strains and an
HIV-1 co-infection dataset. We used devider to investigate the within-host diversity of a long-read
bovine gut metagenome enriched for AMR genes, discovering 13 distinct haplotypes for a tet(Q) tetra-
cycline resistance gene with > 18,000x coverage and 6 haplotypes for a CfrA2 beta-lactamase gene.
We found clear recombination blocks for these AMR gene haplotypes, showcasing devider’s ability to

unveil evolutionary signals for heterogeneous mixtures.
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Long-read reconstruction of many diverse haplotypes with devider 1

Introduction

The presence of highly similar genomic sequences within a single or a group of organisms is common in

biological settings. Examples include viral quasispecies (Domingo and Perales, [2019) in single-stranded RNA

virus populations (e.g., HIV-1 and SARS-CoV-2) (Cuevas et al., [2015]) or co-existing microbial subspecies

in microbiomes (Van Rossum et al) [2020). Small genomic differences can have large functional implica-

tions (Vedantam et al) [1998; (Olkkola et all [2010), so it is crucial to disentangle this heterogeneity. We

will call the recovery process of similar genomic sequences “haplotyping” or “phase”. Although traditionally
used in the context of diploid organisms, we extend the concept here to encompass the resolution of genetic

diversity in microbes, viruses, or even genes.

With high-throughput sequencing, we can obtain haplotypes by linking reads that share informative al-

leles, for example, single nucleotide polymorphisms (SNPs). Unfortunately, standard de novo short-read or

long-read assembly approaches can collapse small-scale variation (Bickhart et all [2022)), returning only a

consensus sequence. Although haplotype-resolved assembly has become standard for PacBio HiFi sequenc-

ing (Cheng et al.l 2021} |Feng et al.l 2022} Benoit et al.l [2024; |Li and Durbinl, 2024)), HiFi data may not always

be available and assembly is computationally intensive. In contrast to assembly approaches, reference-based

haplotyping uses a reference plus alignment to facilitate haplotyping; many existing approaches use the align-

ment, SNP calling, then phasing paradigm (Feng et al., |2021; Knyazev et al., [2021; |Cai and Sun, |2022;
et all 2022; [Edge et all, 2017}, [Shaw and Yul [2022; [Lancia et all, [2001}; [Zhou et all], [2024} [Patterson et all,
2015).

We are interested in reference-based haplotyping for (1) long-read sequencing, (2) small sequences of

approximately the read length, and (3) an unknown, possibly large number of haplotypes. Reference-free

approaches that tackle all or a subset of criteria (1-3) also exist (Luo et al.,2022; Baaijens et al., 2019), but

the lack of reference adds additional algorithmic difficulties; we focus on the reference-based case. Long reads
can connect more distant alleles across shared genomic regions than short reads. Still, a technical challenge is

to deal with sequencing errors for certain technologies, e.g., Oxford Nanopore Technologies (ONT) long reads

can have 90 — 99% sequencing accuracy depending on the chemistry and basecalling (Sereika et all [2022).

We focus on small sequences on the order of the read length (i.e., “local haplotyping” (Zagordi et al.l 2011))),

but we do not necessarily require all reads to overlap the region of interest. This is sufficient for haplotyping

genes of interest or estimating diversity. Although this seems like a simple task, systematic errors, high

coverage, and low abundance haplotypes make accurate reconstruction challenging (Eliseev et al., 2020)).

Another class of approaches focuses on genome-scale haplotype reconstruction for prokaryotes (Shaw et al.
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2024} Vicedomini et all 2021} |Kazantseva et al., 2024]). However, these methods have not been tested for

phasing high-diversity communities with > 5 similar haplotypes.

Many haplotyping algorithms work for long reads or an unknown number of haplotypes, but only a few
were designed to do both. RVHaplo (Cai and Sun, 2022), HaploDMF (Cai et al.,2022), CliqueSNV (Knyazev
et al., [2021), and iGDA (Feng et al., 2021) are long-read methods that call low-frequency SNPs and can
phase diverse genomic sequences; RVHaplo uses a network clustering formulation, HaploDMF uses a matrix
factorization approach, CliqueSNV uses a clique-merging approach, and iGDA uses a probabilistic local

haplotyping step with an overlap-layout algorithm for reconstruction.

We present devider, a new long-read, reference-based haplotyping method for diverse small sequences.
Given a set of aligned reads and SNPs, devider models the haplotyping problem as an assembly problem
on a positional de Bruijn graph (PDBG). devider is inspired by the kSNP algorithm (Zhou et al.| [2024)
which uses a PDBG similarly but only for haplotyping diploids. We use the fact that the PDBG naturally
splits if enough variation is present and collapses under ambiguity, thus haplotyping samples without prior
knowledge of the number of distinct sequences. We then leverage the length of long reads by finding walks
along the PDBG through unitig construction and read-to-graph alignment. We find that devider efficiently
resolves haplotypes in a variety of synthetic and real datasets and show its versatility to reveal genomic

heterogeneity.

Methods

At a high level, devider takes a set of aligned reads in BAM format plus SNPs in VCF format. It then
outputs the sequences of SNPs for each recovered sequence (i.e., the haplotype), the abundance of each
haplotype, and a base-level sequence for each haplotype. devider does not call SNPs or perform alignment,
but we supply a wrapper for devider with minimap2 (Li, 2018]) and LoFreq (Wilm et al., 2012)) for alignment
and SNP calling. We use LoFreq for variant calling unless otherwise stated, but users can choose to use their

own SNP caller.

devider follows in three major steps (Fig. [JJA-C): (1) encoding the aligned reads with SNPs, (2) con-
structing a PDBG and positional unitig graph while filtering errors, and (3) aligning the SNP-encoded reads
to the positional unitig graph to obtain walks along the graph that are supported by many reads, which

represent candidate haplotypes.
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Encoding reads with informative SNPs and filtering false positives

The first step is to filter false positive SNPs arising from strand-specific errors. For each SNP, we apply
a simple strand bias filter using Fisher’s exact test (Guo et al. [2012) on the 2-by-2 contingency table
defined by forward/reverse strands and reference/alternate alleles. For high coverage, Fisher’s exact test
is too stringent, so we also require an odds ratio of > 1.5 or < 1/1.5 for the contingency table. We then
apply the Benjamini-Hochberg (Benjamini and Hochberg), [1995) multiple-testing correction at 0.005 FDR
threshold. More powerful methods are possible for strand filtering (McElroy et al.| |2013), but we opt for a
simple method because we are only concerned with phase.

We then subsample the SNPs if too many are present (i.e. the sequences are highly divergent) as follows:
for a given parameter « (discussed in Practical details and implementation) and median number of
SNPs contained in a read 3, we downsample uniformly to retain only «/8 of the SNPs if v < 3. We do this
because when too many SNPs are present, a group of SNPs may span only a small region of the genome,
which we wish to avoid in our subsequent SNP-based k-mer approach. We then realign each read using
blockaligner (Liu and Steinegger, [2021)) against the 32 bp flanks around each filtered SNP site, replacing the
site with all possible alleles and then selecting the allele that gives the highest alignment score.

Finally, we encode each read as an ordered list of tuples such as (3, 1), (4, 1), (5, 0), (6, 1), (7, 0), (8,0);
see Fig. [TJA. The first number represents the i-th SNP in the reference to which the read is aligned, and the
second number indicates the allele that the read contains where 0 is the reference and 1 to 3 indicate the
alternates. We skip SNPs if either the SNP site has a deletion in the read or the read’s base at the SNP site

is neither an alternate nor reference allele in the VCF. Thus, a sequence such as (3, 1), (5, 0) is possible.

Positional de Bruijn graph and unitigs on the SNP alphabet

All reads will now be considered SNP-encoded reads. An SNP encoded read is a string in an alphabet
Y =7Z%x%x{0,1,2,3} subject to the constraint that the first symbol in each letter is in increasing order, e.g.,
(5,1) must come before (7,0). k-mers of SNP-encoded reads are defined as elements in ¥, and we construct
a de Bruijn graph in the usual way by collecting all k-mers within the reads and adding directed edges
between k-mers that overlap k¥ — 1 SNPs (Fig. , top). However, because the positions are encoded in
the alphabet X, we only collapse k-mers if they have the same positions. This is now a positional de Bruijn
graph (PDBG) (Ronen et al,|2012; Bao et al., 2014; |Cameron et al.;2017)). The PDBG is a directed acyclic
graph (DAG) since any cycle would violate the increasing ordering of the SNPs. This fact will be important

for the subsequent sequence-to-graph alignment steps.
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B Positional de Bruijn graph (k = 3)

A Aligned reads + SNPs (circles with colors)

/ Reference \

*—o—0—0—0—0
*—0—0—0—0—0—0—70

Read-to-unitig graph
Aligned reads alignment
-e>fo—o—o ° 0oo0o0eo °
Deletion-|” < @—0—0—0—0—=o | 1 111010 0 |
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Unitigging Align unitigs to similar 00010010
o—eo—o0——0e——0——0 (merge non-branching paths) (but non-identical) paths 000000
\ / / \ 111010 Return high-support
paths as haplotypes
Y
Encode aligned reads as (position, allele) | m 111010 100 | X | 1 |—| 111010 |—| 0 |
reference = 0, alternate = 1
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S X

[—0—0—0—0—0—0—0—0—]
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B.1)4.1) (5,0) (6,1)(7.0)(8,)

Fig. 1. Algorithmic framework for devider. A. Reads that are aligned to a reference are converted to a SNP rep-
resentation with positional information. Sequencing errors lead to erroneous SNP encodings. B. The SNP-encoded
reads are turned into a positional de Bruijn graph (PDBG) (k = 3 shown). In a PDBG, k-mers are collapsed if their
alleles and their positions are identical. Errors in reads lead to spurious k-mers in the PDBG. After merging paths
with in-degree and out-degree equal to 1 (unitigging), unitigs are aligned back to the graph to filter low-coverage,
high-similarity unitigs. C. Reads are aligned back to the filtered unitig graph to determine high-confidence walks
through the graph. These paths are taken to be putative haplotypes. devider then post-processes the haplotypes to
output haplotype abundances, a base-level consensus of each haplotype, and the reads assigned to each haplotype.

We automatically choose a value of k as follows. Let v be the 33rd percentile of the number of SNPs
contained in a read, and let N be the number of SNPs in the reference (after filtering). Let M be a parameter
representing the maximum possible value of k, which is set to avoid long error-prone k-mers. This depends
on the sequencing technology and is picked through a preset option. We let k& = min(M, N - %, v). We do not
let k span more than 75% of the reference to not miss k-mers if a smaller haplotype only covers a subsection
of the reference. We discuss the parameter choices of M in Practical details and implementations and
show results over varying values of k in the Results.

We apply an initial filtering step to discard the likely erroneous k-mers. Let the coverage of a k-mer be
the number of times it appears in a SNP-encoded read, and let m be the mean k-mer coverage. Let A be the
minimum allowable abundance for a haplotype (default = 0.0025 or 0.25%). We filter k-mers that appear
only once or have less than m - A coverage. Finally, from the filtered PDBG, we construct the positional
unitig graph by merging all non-branching paths into unitigs (Fig. [IB, bottom) (Myers, [2005). We let the

coverage of the unitig be the mean coverage of the merged k-mers.
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Filtering unitigs by error-aware unitig-to-graph alignment

The main technical challenge is to simplify the unitig graph, which can still have many spurious unitigs
arising from k-mer errors (Supplementary Figure 1 and 2). In the standard de Bruijn graph assembly,
tip removal and bubble popping are used to remove noise and variation (Li et al. 2015)). However, we do
not want to remove the true variation. Thus, we use a unitig-to-graph alignment approach plus coverage
information for fine-grained unitig filtering; this generalizes both tip removal and bubble popping but uses

alignment information and coverage information.

Classifying errors Let GG be the positional unitig graph. Recall that a unitig node v can be represented by
v = (x1,x2, ..., x,) where x; = (a;, b;) with a; the SNP position and b; the allele. Given two unitigs v; and va,
we classify errors as SNP deletions (del), reference-to-alternate (rtoa) mismatches, and alternate-to-reference

(ator) mismatches as follows.

— s(v1,v2) is the number of SNPs that are the same in v; and v, (i.e., share the same position and base).

— del(v1, v2) is the number of SNPs in v; are deleted relative to vy (i.e., do not appear in vo and lie between
the first and last SNP of vs).

— rtoa(vy,v2) and ator(vy,ve) represent the number of SNPs that have the same position but different
alleles between v, and vs. Specifically, rtoa(v1, v2) is the number of different SNPs for which v; has the
reference allele (and thus v, has an alternate allele), while ator is the number of differing SNPs for which

vy has an alternate allele.

We stratify the error types because they appear with different frequencies. rtoa and ator differ due to
reference bias: If a read comes from a haplotype with a true alternate allele, it may systematically align
with the reference allele incorrectly (Stevenson et al., 2013). A SNP deletion (del) error is the most common
due to the following reason: Consider a biallelic site with two alleles (A, C) and a read originating from
the haplotype with allele A. devider’s convention is to consider the read’s SNP to be deleted if there is a
base-level deletion in the CIGAR string or the read’s base is G or T at the SNP site. Of the four error
possibilities (deletion, substitution to C, substitution to G, substitution to T), three of them result in a SNP
deletion in the SNP-encoded reads. Furthermore, long reads can also have inherently higher deletion error

rates (Delahaye and Nicolas, [2021)).

Alignment to DAG Next, we align the unitigs back to the unitig graph to find an alignment path. However,

we disallow alignments back to unitig itself, since this would always be the best match. If there is a path
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such that s (successes) is large relative to del, rtoa and ator (errors) and this path has much higher coverage
than the unitig, then the unitig is probably an error that originates from the path.

By abuse of notation, let s(v, P) refer to the number of matching alleles between v and the string spelled
out by a unitig path P. We wish to find a path that does not contain v and maximizes s(v, P). Furthermore,
we impose that (1) ties are broken by taking the highest coverage path, (2) v’s first and last SNP positions
must be within P’s first and last SNP positions, and (3) all unitigs in P overlap v. We do not need to penalize
for the error terms in this step because more matching alleles imply fewer deletions and errors.

Due to the DAG structure of the PDBG (and thus the positional unitig graph), the optimal path can be
found with standard dynamic programming. Taking a unitig v and a topological order on nodes 1, ...,n that
overlap v, we wish to find the optimal path ending at node v;. Let P; be a path that ends at node v;. The

following recurrence holds:

score(j) := max s(v, Pj) = max | maxs(v, P) + s(v,v;) — s(v, overlap(v;,ve)) | .
P; ve€in(vy) Py

Note that we subtract the overlap to avoid double counting, since v; and its incoming unitigs may overlap.
After obtaining all scores, we find optimal paths that satisfy the three constraints above. Each alignment
takes O(|V||E|) worst-case running time, but in practice, unitig graphs are sparse (e.g. Supplementary

Fig. 1), so this step is not a bottleneck.

Error-aware filtering Once we have a best path P for each unitig v, we use a one-sided binomial test
based on coverage to filter spurious unitigs. This filtering is “error-aware” in the sense that different types
of errors in the sequence-to-graph alignment have different frequencies (see section Classifying errors), so
we wish to differentiate the types of errors within the binomial test. We run the alignment and error-aware
filter starting from the smallest coverage unitig, then remove unitigs from the graph, and repeat for the next
smallest coverage unitig.

Let cov(v) be the unitig coverage, and let cov(P) be (1) the highest coverage unitig in P that completely
covers v or (2) the mean unitig coverage in P if no unitigs in P completely cover v. We filter out v if
Pr(cov(v) > Binomial(cov(P),q)) < 0.005, where g is defined as follows: define pge; = 0.35, prioa = 0.15,
and pgror = 0.10 to model the error frequency as previously discussed. Then ¢ = pZiz:(v’P) 'png(v’P) -0(pdet)
where 0(pger) = paer if ator(v, P) 4+ rtoa(v, P) = 0 but otherwise equal to 1. This formula slightly deviates
from the independence assumption of the three error modalities. We found that systematic biases could

occasionally cause two errors to occur non-independently. Thus, we loosen the independence of p(del), which

was the main cause of errors. In general, we found that these values are conservative and work for error-prone
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reads (= 95%), but could likely be tightened to improve sensitivity in the future as sequencing technologies

improve.

Read-to-graph alignment and collecting haplotype paths

To find candidate haplotype paths through the filtered unitigs, we align reads back to the graph using a
sequence-to-DAG alignment algorithm (Fig. ), which is similar to unitig-to-graph alignment. We will use
these alignments to find well-supported walks through the PDBG, representing candidate haplotypes.

Let r be a read. Here, rather than finding a path to maximize s(r, P) as we did before, we find a path to
maximize s(r, P) — 3 X err(r, P) where err = ator(r, P) + rtoa(r, P). The penalty term of 3 was chosen to
penalize errors more than similarities. Although true deleted SNPs in a haplotype are possible, we assume
deletions occur mainly due to noise, so we do not penalize deletions. Compared to unitig-to-graph alignment,
we add two changes. First, we allow P to bridge sinks-to-sources. This allows the alignment to rescue broken
paths due to erroneous filtering. Secondly, we do not require the path to completely cover the read, also in case
of erroneous filtering. We use the same dynamic programming procedure as for unitig-to-graph alignment;
err(r, P) can also be split into the exact same recurrence and is thus solvable by dynamic programming.

After aligning all reads, we have a set of paths with read-alignment multiplicities. If two or more equally
good paths exist for a read, we do not assign the read to any path. If a path is contained within another,
we remove the contained path. If the path is uniquely contained in another, we add the contained path’s
multiplicity to the non-contained path’s multiplicity. We filter for high-confidence paths by removing paths

for which the read-alignment multiplicity is < 3x the minimum unitig coverage within the path.

Haplotype consensus and outputs For the filtered paths, we assign the reads to each path by finding
the path that maximizes 2 * s(r, P) — 3 * rtoa(r, P) — 5 * ator(r, P) — del(r, P), assigning the read to no path
if the score is less than 0. The penalty weights are heuristically chosen to reflect the frequency of occurrence:
deletions are common so they are penalized less, and rtoa(r, P) is penalized less than ator(r, P) because of
reference bias; the read r will preferentially carry the reference allele due to biases in aligning to references.
We then take the consensus allele for each SNP site after assignment and the abundance as the fraction of
assigned reads.

Lastly, we perform a deduplication step as follows. For some resolution parameter p, we merge two
resulting consensus haplotypes Hy, Hy together if (rtoaA (Hy, Ho) + ator® (Hy, Hg))/sA(Hl, H,) < p, where
A considers only unambiguous SNPs for which the > 0.75 fraction of reads carry the majority allele. After
merging, we reassign the reads to the best candidate haplotype subject to the same scoring scheme above,

take consensuses, and filter low-abundance and low-depth haplotypes (default = 0.25% and 5x depth). We


http://genome.cshlp.org/
http://www.cshlpress.com

188

190

191

193

196

197

199

200

201

202

203

205

206

208

209

211

215

217

Downloaded from genome.cshlp.org on June 13, 2026 . Published by Cold Spring Harbor Laboratory Press

8 J. Shaw et al.

iterate this procedure until the number of haplotypes does not change. We then return the abundances,
the reads assigned to each haplotype, and the sequences of the SNPs for each haplotype. Finally, we also
output a majority base-level consensus sequence of all bases, not just SNPs, for each set of assigned reads
by iterating through alignments in the BAM file. We return the ‘N’ base if the fraction of reads supporting

the majority base is less than a parameter (default = 0.66).

Practical details and implementation

devider is implemented in Rust and uses rust-htslib (Bonfield et al., [2021)) and rust-bio crates (Kdster, 2016).
We implemented the following preset options to help users pick parameters: old-long-reads, nanopore-r9,
nanopore-ri10, hi-fi. These correspond to (M, a,p) = (10,50,0.02), (20,150,0.01), (35, 250,0.005), and
(100,500, 0.001) respectively. The current default is nanopore-r9. We wrap devider in minimap2 and LoFreq
in the run_devider_pipeline script in the repository. This runs minimap2, SAMtools, and LoFreq to gen-
erate an indexed BAM and VCF pair. For LoFreq, we found that disabling base-alignment qualities with the

-B option improved sensitivity on nanopore reads. All other parameters were set to default.

Results

We show our benchmarking setups in Supplementary Figure 3 and 4. For a set of genomes, we use
badread (Wick, [2019) to simulate nanopore long reads with default settings except for lengths and accu-
racy, which we make explicit for each data set in the following. We picked an arbitrary reference genome
and ran all tools with this reference genome. We then compared their predicted haplotypes with the true
haplotypes. We benchmarked devider against iGDA v1.0.1, CliqueSNV v2.0.3, RVHaplo v2, and Hap-
loDMF (version May 2022). We tried running Strainline, a de novo viral quasi-species assembly method,
but it produced an error that was related to an unresolved GitHub issue (https://github.com/HaploKit/
Strainline/issues/17). We ran all methods with default settings and iGDA in its ONT setting with the
ont_context_effect_read_qv_12_base_qv_12 model. We ran all the methods with 10 threads. We used

the following metrics for benchmarking:

1. Hamming SNP error: the mean percentage of incorrect SNPs for each predicted haplotype against its
best-matching genome.

2. Fraction recovered: the fraction of SNPs recovered for all genomes after matching predicted haplotypes
against their best-matching genomes.

3. Earth mover’s distance (EMD) (Rubner et all 1998): a measure of the distance between the predicted

abundances and the true abundances. The pairwise distance function we used for the EMD is the number
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of mismatched SNPs between the predicted and true haplotype, and the weights are the predicted relative

abundances.

Long-read reconstruction of many diverse haplotypes with devider

4. Haplotype error: the predicted number of haplotypes minus the true number.
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HIV-1 benchmarking (7 strains plus varying coverage and 2-30 strains)

HIV-1 serves as a standard benchmarking genome for viral quasispecies methods due to its fast mutation rate
as an ssRNA virus and its clinical and public health importance. Thus, we created two HIV-1 communities:
a T-strain staggered abundance community and multiple communities from 2 to 30 strains with uniform
abundances. These strains ranged from 99.27% to 99.71% pairwise nucleotide similarity. Here, we define

“strain” to be a distinct reference genome that we are trying to reconstruct.

7 strains at staggered abundances We took a set of 30 HIV-1 genomes from Kinloch et al. (Kinloch
et al., 2023) with accessions available in Supplementary Table 1. For the first 7 strain dataset, we selected
an arbitrary reference (OR483991.1) and the 7 most similar strains as determined by skani (Shaw and Yu,
2023). The abundances were staggered at a 1:3:5:7:9:10:20 ratio, with the smallest strain coverage ranging
from 3x to 160x. We simulated reads in three settings with (Accuracy, Length) = (95%, 9000bp), (98%,
9000bp), and (95%, 3000bp) with length standard deviation of 500bp. The precision of 95% represents
older or faster nanopore sequencing runs, while 98% is more representative of the best current basecall-
ing/chemistries (Sereika et al., |2022)). HIV-1 genomes are approximately 9000 bp, so the two length settings
represent complete and partial coverage.

On the 95% accuracy, 9000bp dataset (Fig. )7 devider and HaploDMF performed the best. devider had
slightly worse mean fraction recovered (97.7% for devider vs 98.8% for HaploDMF), equal mean haplotype
error (-0.15 for devider vs +0.15 for HaploDMF), and better EMD (0.41 for devider vs 1.66 for HaploDMF).
However, devider was > 13 times faster and took < 10 times less memory than HaploDMF on average. Only
devider and iGDA achieved perfect SNP Hamming errors across all data points. The greatest performance
difference was at low coverage; at 3x minimum coverage, devider estimated 6 correct haplotypes and Hap-
loDMF estimated 8 (incorrectly outputting an additional haplotype), but the other methods only recovered
1, 1, and 3 haplotypes for RVHaplo, CliqueSNV, and iGDA respectively. We found that CliqueSNV consis-
tently obtained 6 haplotypes, missing the low abundance haplotype. We tried to increase its sensitivity by
lowering its abundance threshold to 0.25% (the same as devider), but it drastically overestimated the number
of haplotypes, outputting > 30 haplotypes at high coverage. To show that devider is robust to parameter
choices on this dataset, we varied the k-mer length between 10 to 30 and found that devider still had the
best haplotype error, fraction recovered, and EMD (Supplementary Fig. 5).

On the 95%, 3000bp dataset (Supplementary Fig. 6 a), devider had the second best mean fraction
recovered (92.3% vs 93.7% for HaploDMF) and the best mean EMD (1.18 vs 4.18 for the second-best

HaploDMF). devider had the smallest absolute mean haplotype error (0.46 vs 0.53 for the second-best
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HaploDMF) compared to the other methods. However, the mean Hamming SNP error for devider (0.37%)
was slightly worse than iGDA (0.06%) and RVHaplo (0.07%), but better than HaploDMF (1.02%).

On the 98% accuracy, 9000bp dataset (Supplementary Fig. 6 b), devider and HaploDMF had near-
perfect performances for mean fraction recovered (98.9% vs 99.9% respectively), haplotype error (-0.08 vs
-0.15 respectively). devider had perfect Hamming SNP error (0% vs 0.024% for iGDA, the second best) and
the best EMD (0.31 vs 2.3 for HaploDMF, the second best). de Bruijn graph methods work well with lower
error rates because the probability of having an error within a k-mer is approximately (accuracy)”; this is

encouraging for future nanopore datasets as read accuracy increases.

2-30 strains at uniform coverages We simulated reads at 95% accuracy and 9000 bp average length
for 2-30 strains from the same set of HIV-1 genomes, with each genome at 15x-145x coverage uniformly at
random (Fig. @B) devider, iGDA, and HaploDMF performed better than RVHaplo and CliqueSNV on this
dataset. devider was the best method on all metrics except HaploDMF recovered slightly more haplotypes
on average (10.2 vs 10.1 for devider). While no method could capture all strains when > 10 were present,
devider consistently had low EMD, implying that missed strains were either lowly abundant or highly similar.
Unlike HaploDMF, RVHaplo, and CliqueSNV, devider had a lower EMD as the number of strains increased.
In fact, devider had a smaller EMD with 30 strains than with two strains. CliqueSNV also performed well
when the number of strains was < 10 (81.7% mean fraction recovered compared to 83.6% for devider ), but
its performance dropped when more than 10 strains were present (37.5% mean fraction recovered for 10-20
strains versus 65.6% for devider).

devider and iGDA stood out in terms of efficiency compared to the other methods. iGDA and devider
took 5 and 23 seconds on average, respectively, and < 0.5 GB of RAM. Note that we included lofreq’s runtime
and memory usage in devider’s results. RVHaplo took 370 seconds, HaploDMF took 790, and CliqueSNV
820 seconds on average. CliqueSNV was efficient except for the case with 30 strains, where the runtime
ballooned to 10,956 seconds, which corresponds to approximately 3.04 hours. We found that this was because
CliqueSNV sets a 3 hour (10,800 seconds) time limit by default if it cannot solve the haplotyping problem,

after which it outputs no haplotypes.

SARS-CoV-2 minor haplotyping

We next investigated the ability of algorithms to detect minor haplotypes at uneven abundances. To do this,
we created multiple two-strain synthetic mixtures of Delta (accession MZ009823.1) and Omicron (accession

OL672836.1) SARS-CoV-2 genomes, with the minor Omicron strain ranging from 0.39% to 25% abundance.
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This setup represents a situation where we would like to detect a circulating, low-abundance strain with high
sequence similarity (99.58% between these two genomes) prior to emergence. This was exactly the case with
SARS-CoV-2 evolution after the Delta phase of the pandemic: a pattern of selective sweeps and emergence
of a single low-abundance strain characterized viral strain frequencies (Markov et al., 2023; Boyle et al.,
2022]).

We first simulated near full-length reads (30kb mean length with 500bp standard deviation) and 95%
accuracy at 3000x total coverage, i.e., a 1% abundant haplotype would have 30x coverage (Fig. ) devider
and RVHaplo were the best two methods in this dataset, successfully constructing exactly two haplotypes in
3/8 and 5/8 of the mixtures respectively. The limit of detection of RVHaplo was 1.56%, slightly better than
devider at 3.12% and devider incorrectly output a spurious low abundance haplotype at 25% abundance.
iGDA did not estimate two haplotypes in any abundances for this dataset, HaploDMF output incorrect
numbers of haplotypes except at 25% abundance, and CliqueSNV failed to detect the minor haplotype below
12.5% abundance.

In practice, capturing the entire SARS-CoV-2 in a single read is difficult, and approaches focus on
amplicon sequencing of shorter target regions (Tyson et al.| [2020). For a more realistic test, we focus on the
spike protein region of SARS-CoV-2, a smaller region of approximately 4kbp for which there are long-read
amplicon protocols (Nimsamer et al.| 2023; [Liao et al.| [2022). We simulated reads for the spike protein
region in the same genomes at 3000x total coverage but now with 4kb mean length and 500bp standard
deviation (Fig. ) In this setup, devider and RVHaplo were again the best two methods, but this time
having almost identical performance at a detection limit of 3.12%. HaploDMF was able to recover the minor
haplotype at 1.56% abundance, but HaploDMF also outputs an additional spurious haplotype. In general,
detecting haplotypes of very low abundance in abundances < 2% with 95% accuracy reads is a difficult task,

and RVHaplo was the best method with devider in second.

Synthetic AMR gene haplotyping for 53 AMR gene groups

We chose AMR genes as a gene-level haplotyping benchmark due to their diversity in sequence composition,
length, biological significance, and also the prevalence of targeted enrichment sequencing protocols (Slizovskiy
et al |2022; [Shay et al., 2023; [Baba et al.,2023) for which our methods are potentially usable. We clustered
AMR genes in the MEGARes database version 3.0 (Bonin et al., 2023|) by computing all pairwise average
nucleotide identities (ANI) and mean alignment fractions (AF) with skani (using the --slow preset) and
then using the Leiden algorithm (Traag et al., |2019; |[Camargo et al., 2024) with edge weights as AN x AF
at resolution 1.00. Of the remaining 53 clusters with > 15 different haplotypes, we sampled between 2-15

haplotypes at coverage 80x-1000x, both uniformly at random. We then simulated reads at 95% accuracy
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SARS-CoV-2 Delta + Omicron minor haplotype test (3000x total coverage)
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Fig. 3. Benchmarking for two-strain SARS-CoV-2 synthetic sequencing mixtures at varying abundances. A. Results
for mixtures of full-length reads of Delta (major) and Omicron (minor) genomes. B. Results for mixtures of reads
that only cover the spike protein gene for the Delta and Omicron genomes.

and 1500 bp length with 200bp standard deviation. The lengths of the AMR genes ranged from 721 to 3303
bp.
In this data set, devider was the best method for the mean haplotype error, SNP Hamming error, and

fraction recovered (Fig. [MA), with —1.5, 0.06% and 83.3%, respectively. CliqueSNV was the next best
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AMR gene haplotyping with 2 to 15 haplotypes per ARG (n = 53 ARGs)
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Fig. 4. Benchmarking for haplotyping of synthetic mixtures of antimicrobial resistance (AMR) genes. A. Top: results
for 53 sets of AMR genes with 2-15 haplotypes and reads simulated at 80x - 1000x coverage (95% identity; 1500
mean length), both picked uniformly at random. Bottom: the same results but with fraction recovered as a function of
the haplotype’s coverage, its % nucleotide identity to the reference, and its abundance (i.e., normalized coverage). B.
Fraction recovered for the AMR genes after spiking the AMR reads into a synthetic long-read mouse gut metagenome
from CAMI2. Each method was rerun after aligning the pooled dataset against the AMR gene references. Error bars
indicate standard errors after binning data points along the x-axis. Box plots show the median, the 25th and 75th
percentiles, and 1.5X the interquartile range.

method with —4.2, 0.34%, and 60.2% on the same metrics. To investigate the discrepancy between different
methods, we stratified the fraction recovered by coverage, % identity of haplotype to reference, and abundance
(Fig. ) As expected, lower coverage, which is correlated with lower abundance, leads to lower fraction
recovered for all methods. We found that the likely cause of the performance discrepancy was high similarity
haplotypes: > 2/3 of the haplotypes had > 99.5% similarity to the reference, and in these haplotypes, the

recovered fraction of devider was 73.8% compared to CliqueSNV with 46.3%, the next best method. Thus,
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devider is the most sensitive method for highly similar haplotypes, which is important because capturing

even small variations in AMR genes can alter phenotypes (Vedantam et al., [1998)).

AMR dataset with spike-in metagenome We extended the previous AMR haplotyping experiment to
a metagenomics setting. In metagenomics, the input is a mixture of microbial genomic reads and reads from
AMR genes. Thus, we mixed the previously simulated AMR reads into a simulated long-read mouse gut
metagenome from CAMI2 (Meyer et al) [2022) (labeled as sample 0), hereafter referred to as the spiked
metagenome.

In particular, genomes within the CAMI2 metagenome contain AMR genes or sequences with homology
to AMR genes. Mapping the CAMI2 reads against MEGARES with minimap2 resulted in 130 AMR genes
with > 2x coverage but only 10 AMR genes with > 20x coverage. Thus, the spike-in metagenome contains
the previously simulated AMR haplotypes (with 2-15 haplotypes and 80-1000x coverage) as well as this new
tail of low-abundance AMR haplotypes from the CAMI2 metagenome.

In this setup (shown in Supplementary Fig. 4), we measured the ability of each method to recover
the original simulated AMR haplotypes (Fig. ) devider, iGDA, HaploDMF, and RVHaplo had a < 2%
difference in fraction recovered compared to the previous (without spike-in) case. However, CliqueSNV fell to
42.9% (with spike-in) from 60.2% (no spike-in). Thus, devider can recover abundant haplotypes for a long-
tailed abundance distribution with low abundance haplotypes, a common characteristic of metagenomics

data.

Results on real heterogeneous sequencing mixtures

HIV-1 co-infection haplotyping Mori et al. (Mori et al.l [2022) sequenced a set of HIV-1 samples with
full-length nanopore amplicons (5.8-7% sequencing error rate) and detected a possible HIV-1 co-infection
for a patient (labeled TRN9) by stochastically subsampling reads and reassembling. Here, we ran devider,
iGDA, RVHaplo, and CliqueSNV on these reads and an arbitrary reference (NC_001802.1) to try to confirm
their results. devider gave four haplotypes (60.0%, 32.34%, 4.12%, and 3.57% abundance) and RVHaplo gave
two (67% and 32.9% abundance). CliqueSNV only output one haplotype and iGDA outputs no haplotypes.

Mori et al. found two majority haplotypes, which is corroborated by RVHaplo and devider. We show
devider’s two majority haplotypes in Fig. [(JA. We investigated the two additional minority haplotypes
output by devider to see if they were erroneous; curiously, these two haplotypes were a mix of the two
majority haplotypes and well supported by “chimeric” reads with noisy breakpoints (Supplementary Fig.
7). HIV-1 is known to recombine, which may be a possible explanation, but in vitro PCR recombination

could also be a possibility (Meyerhans et al., [1990)). Porechop (Wick et al., 2017) found only 6/2500 reads
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A devider HIV-1 co-infection results (2 major strains, 32.3% + 60.0% abundance)
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Fig. 5. Long-read haplotyping results from real samples subjected to a variety of sequencing technologies. A. Haplo-
types from long-read HIV-1 nanopore sequencing (93 - 94.2% predicted sequencing accuracy) of an HIV co-infection
from Mori et al. (Mori et all [2022). Two major haplotypes were found by devider, confirming previous results.
Mismatched bases are shown with the reference as the upper haplotype. B. Haplotyping results for PacBio RS II
sequencing (89.5% mean gap-compressed identity against reference) of an intracellular bacterial symbiont commu-
nity within deep-sea mussels from Ansorge et al. (Ansorge et al.| 2019), who predicted 11 strains to be present. 25
candidate single-copy regions with high SNP diversity were haplotyped by devider, iGDA, and RVHaplo; CliqueSNV
was excluded because it timed out on multiple regions. devider produced higher diversity estimates than iGDA and
RVHaplo, which both produced < 3 haplotypes across all sites. C. devider haplotyping of a long-read bovine gut
metagenome enriched for AMR genes. CfzA2 (3200x coverage) and tet(Q) (19500x coverage and last 1000bp shown)
haplotype sequences with > 30x coverage and 1% abundance are shown with mismatches against their reference
sequences in MEGARes v3.0. Mismatches shared by all haplotypes are removed. Recombination blocks are outlined
in black as predicted by GARD. D. devider haplotypes from an ONT R10.4 16S rRNA dataset for the reference
16S sequence of the most abundant species M. burnea. E. Phylogenetic tree of haplotypes assigned to the M. burnea
reference. Depth of coverage is shown next to the haplotype ID. The x-axis shows the branch length from the root.
Highlighted haplotypes have > 99% identity to the reference.

with an adapter in the middle, so an erroneous ligation is not likely. We do not speculate further on the
biology, but we note that these chimeric reads represent a real signal that devider can retrieve for further

biological investigation.
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Mussel-bacteria symbiont community with 11 estimated strains Ansorge et al. (Ansorge et al.,
2019) investigated the strain-level diversity of an intracellular, sulfur-oxidizing bacterial symbiont community
within deep-sea mussels. They sequenced one sample using the PacBio RS II, which produces high-error
long reads. Ansorge et al. do not explicitly define “strain”, but calculate it via two methods: (1) counting
unique structural arrangements of single-copy marker genes from long-red assemblies and (2) using a viral
quasispecies detection algorithm (Jayasundara et al.|[2015) for short-read sequencing in the same dataset. We
investigated whether long-read haplotyping without assembly could give similar estimates, even with noisy
reads (mean gap-compressed identity against reference = 89.5%). To generate reasonable diversity estimates,
we haplotyped 3kb regions of the reference genome (GCF_900128535) that had > 10 SNPs (as detected by
LoFreq) and coverage between 200 and 250. These criteria were chosen because the average read length was
3.8 kbp and the estimated single-copy coverage, calculated by dividing the total read bases by the genome
size, was 220. We ran all the methods on these regions in PacBio mode (if such a preset existed) and the
old-long-reads preset for devider.

In these 25 regions, devider estimated a median of seven haplotypes (Fig. ) RVHaplo estimated a
median of five haplotypes, but iGDA and RVHaplo only estimated < 2 median haplotypes. CliqueSNV failed
to run on multiple regions, timing out after three hours and outputting nothing, so we did not include
its results. devider estimated 16 haplotypes for one region, and subsequent investigation revealed many
additional alignments near the edge of contigs. The first 600 bases had mean coverage > 300x, possibly
indicating a duplicated region (Supplementary Fig. 8) for a subset of the strains. Ultimately, devider was
able to capture some of the known diversity in these samples using noisy long reads, whereas most other

methods failed.

Discovering recombinant AMR genes in AMR-enriched long-read metagenomes We used devider
to haplotype an AMR-enriched PacBio CCS long-read fecal metagenome from a cow that received intensive
antibiotic treatments (Slizovskiy et al. [2022)). We first dereplicated the MEGARes v3.0 database at 95%
using vsearch (Rognes et all [2016) to avoid ambiguous mapping of reads to highly similar genes. We then
ran devider with extra stringent parameters, setting the minimum abundance to 1% and minimum depth to
30x%.

In total, we found 18 different dereplicated AMR genes with > 2 haplotypes. Of these 18 genes, 9 were
tetracycline resistance genes that were phased into 52 distinct haplotypes. The highest coverage gene was
tet(Q) (Lacroix and Walker [1996]) at 19500 coverage and phased into 13 haplotypes. Other high-diversity
genes we found included mefA (Daly et all 2004), a macrolide efflux pump, at 7100x coverage and phased

into 12 haplotypes, as well as CfrA2 (Iwahara et al.; 2006), a beta-lactamase, at 3200x coverage and phased
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into 6 haplotypes. We illustrate the haplotypes of tet(Q) and CfrA2 in Fig. (IGV (Robinson et al.l
2011) screenshots in Supplementary Fig. 9 and 10). We found a distinct mosaic structure within these
haplotypes, suggesting a history of recombination within these haplotypes. We used MAFFT (Katoh et al.,
2002) to generate a multiple sequence alignment from devider’s haplotypes and GARD (Kosakovsky Pond
et al., 2006 to detect recombination, which found evidence of recombination for both genes. We draw
breakpoints where GARD’s model-averaged support was > 0.3 in Fig. [5IC. The consensus haplotypes were
well-supported by the reads: the 6 haplotypes for CfzA2 had 68%, 72%, 90%, 71%, 44%, and 70% of their
assigned reads spanning all 4 recombination breakpoints (in order from top to bottom of Fig. ) Across
all alleles, a median of 99% of the reads within the haplotype supported the consensus allele, indicating
confident haplotypes. Mosaism due to recombination is a well-documented characteristic of some ribosomal
protection proteins including tet(Q) (Warburton et al. 2016), and CfzA genes are commonly colocalized
with an element known to play a role in the mosaic behavior of conjugative elements (Garcia et al.l 2008)).

Thus, these detected recombination events are supported by known mechanisms in these two AMR, genes.

Disentangling 16S rRNA amplicon sequences from R10.4 nanopore data As an additional use case,
we investigated using devider as a reference-based method to cluster full-length 16S rRNA amplicon sequences
from ONT R10.4 sequencing, the newest and most accurate chemistry. Currently, computational profilers for
ONT 16S sequencing align amplicons directly to reference genomes (Curry et al., [2022). Denoising algorithms
for generating amplicon sequencing variants (ASVs) require a significant fraction of error-free reads (Callahan
et al.l |2016)), so they are still not usable for the newest R10.4 reads. We investigated whether devider clusters
can be used to generate reference-based ASVs, allowing for species-level identification. We profiled a 16S
R10.4 soil sample from [Zhang et al.| (2023) (accession SRR23176498) as follows. We first used Emu (Curry
et al.,|2022)) to quantify species-level abundances and then applied devider with Emu’s default 16S database.
We used the same pipeline for devider except parameters -B 2 -A 3 -s 20 for minimap2 (more aggressive
extension) and -mapq-cutoff 1 -supp-mapg-cutoff 1 -min-qual 20 for devider (MAPQ is low for 16S
databases; higher base quality thresholds for newer nanopore reads). devider only took 200 seconds for the
entire dataset, excluding alignment and variant calling.

For the most abundant species, Massilia eburnea (18.6% abundance from Emu), we visualized the 11
haplotypes found by devider and a phylogenetic tree (Letunic and Bork} |2021)) of the consensus sequences
constructed by FastTree (Price et al., 2010) and MAFFT (Fig. , E). Each consensus had > 90x depth of
coverage and were well-supported by reads (Supplementary Fig. 11). Only Hap0, Hap3, and Hap9 had >

99% identity to the reference, a suggested threshold for species-level assignment (Edgar, 2018). These three


http://genome.cshlp.org/
http://www.cshlpress.com

423

426

429

430

431

434

439

442

445

448

453

Downloaded from genome.cshlp.org on June 13, 2026 . Published by Cold Spring Harbor Laboratory Press

Long-read reconstruction of many diverse haplotypes with devider 19

haplotypes had 59.9% combined abundance, so using this 99% identity threshold, 40.1% of the sequences
should be considered novel species-level 16S sequences. As a more extreme example, Vicinamibacter silvestris
was the third most abundant species according to Emu (4.5% abundance); however, every one of the devider
consensuses had < 95% identity to the reference (Supplementary Fig. 12). Ultimately, robustly generating
ASVs is a highly non-trivial task that we do not claim to solve. However, our investigation shows how
devider can be a useful tool for curating reference-based ASVs from deep, heterogeneous long-read amplicon

sequences.

Discussion

We presented devider, a method for retrieving high-similarity haplotypes from long-read sequencing of het-
erogeneous sequences. devider leverages a positional de Bruijn graph (PDBG) assembly approach on a subset
of informative alleles to disentangle variation. This framework is efficient and naturally resolves variation
without the need to explicitly infer the number of haplotypes. The key technical challenge was to remove
sequencing artifacts within the PDBG, especially for error-prone long reads, while retaining high sensitivity,
which we accomplished through an error-aware sequence-to-graph alignment approach.

Based on our benchmarks and experience, we found devider to excel for heterogeneous and high depth
samples. Key examples include amplicon sequencing, enriched metagenome sequencing, or viral sequenc-
ing. Anecdotally, we have found devider to also work for high-abundance species in unenriched long-read
metagenomes. In general, devider can work for < 10x depth (Fig. ), but its sensitivity increases for
higher depth. Currently, we do not try to recover haplotypes with less than 0.25% abundance and < 5x
depth by default. In practice, the exact detection limits will be some function of relative abundance, depth,
and sequence divergence (see Fig. . We have shown that devider can distinguish up to ~ 20 distinct hap-
lotypes in benchmarks and real data, although more could be possible depending on the relative divergence
of haplotypes.

We designed devider to work with a wider range of technologies and sequencing error rates. We limited
devider to reconstructing “small” sequences on the order of read length for conservative recovery. However,
we showed that synthetic reconstructing an HIV genome of even > 3 times the mean read length is possible
as long as some of the reads are long enough. As error rates improve, it may be possible to attempt a longer
haplotype reconstruction using our approach.

A key limitation is our reference-based approach, which is unable to recover new sequences de novo.
However, reference-based approaches are intrinsically more efficient and simpler than de novo approaches.

We believe that reference-based methods are complementary to de novo approaches. As the capabilities and
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the need for resolved sequences at the haplotype level from long reads continue to increase, devider will be

a fast and useful tool for retrieving accurate haplotypes.

Software availability

devider is open source and is available on GitHub (https://github.com/bluenote-1577/devider) or bio-
conda (Gruning et al.,|2018)) and as Supplemental Code. The scripts for reproducing our figures are available

at https://github.com/bluenote-1577/devider-test and as Supplemental Scripts.
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