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Abstract As viral sequencing datasets continue to grow, traditional alignment-based variant-calling

pipelines become computationally prohibitive. To address these challenges, we present bronko, an

ultrafast alignment-free framework for detecting viral variation directly from sequencing data. The novel

computational approach implemented in bronko enables scaling to massive viral sequencing datasets

and comprises four key components: i) a locality-sensitive bucketing function to rapidly identify single-

nucleotide polymorphisms (SNPs) relative to reference(s), ii) a direct k-mer count pseudo-mapping

approach that approximates a pileup without alignment, iii) a greedy de novo assembly algorithm to

reconstruct mutation-dense regions and indels, and iv) a streaming-based sliding-window outlier test

to estimate baseline noise across the genome and precisely differentiate real minor variants from noise.

Together, these components yield near-linear computational complexity with respect to sequencing

depth, enabling bronko to process thousands of viral samples rapidly on modest hardware. Our results

are threefold: 1) On simulated amplicon sequencing data, bronko recovers variants with higher precision

and comparable recall to existing tools while running up to one to three orders of magnitude faster; 2)

bronko generates sequence alignments directly from sequencing data, with SNP content nearly identical

to that of whole-genome alignment while requiring only a fraction of the computational time; and 3)

application of bronko to longitudinal sequencing data from chronically infected SARS-CoV-2 patients

reveals consistent patterns of intrahost diversification and adaptive mutations over time. Altogether,

these results demonstrate bronko’s potential as a scalable tool for large-scale viral genomic analyses,

overcoming longstanding computational barriers to the intrahost and interhost characterization of viral

variation.

Keywords: Viral Genomics · K-mers · Alignment-Free
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2 R.D. Doughty et al.

Introduction1

Viral sequencing is now central to modern epidemiology, providing unprecedented insight into viral evo-2

lution, transmission, and adaptation (Jansz et al. 2024). By characterizing viral genetic variation across3

populations, sequencing enables detection of emerging variants of concern, inference of transmission chains,4

and assessment of selective pressures (Houldcroft et al. 2017). These capabilities proved essential during5

the COVID-19 pandemic, where global monitoring of SARS-CoV-2 variants directly guided vaccine updates,6

public health interventions, and our understanding of viral dynamics (Yi et al. 2021). Beyond major circulat-7

ing variants, patient-level sequencing data also encodes information on intrahost variants (iSNVs), which can8

provide additional insight into viral evolution (Lauring 2020). For instance, iSNVs have been used to reveal9

early mutational events that can later fix and propagate through populations as well as identify individual10

transmission events (Xue et al. 2018; Sapoval et al. 2023; Gold et al. 2025). As sequencing continues to11

become faster and cheaper, the opportunity to continuously monitor viral evolution worldwide in real-time12

has never been greater.13

Standard variant calling pipelines depend on read alignment, followed by identification of both consensus14

(major) and intrahost (minor) variants. Even with recent optimized algorithms and software (Edgar 2020;15

Ekim et al. 2023; Langmead et al. 2012; Li et al. 2009a), both read alignment and variant calling remain16

computationally expensive affairs in genomics workflows (Berger et al. 2023; Shajii et al. 2016; Xiang et17

al. 2023). Given the NCBI Sequence Read Archive already hosts over 7 million SARS-CoV-2 sequencing18

datasets alone (∽500 terabytes of data), the current alignment-based paradigm is impractical for population-19

scale studies of viral variation. This motivates the development of methods that can analyze viral sequencing20

data more efficiently with similar sensitivity and precision.21

Over the years, several alignment-free variant calling methods have been developed for human and bac-22

terial genomics. Rather than aligning reads and calling variants, these approaches detect variation directly23

from reads, either within or across samples, typically trading a modest loss in sensitivity for substantial24

runtime gains. Many of these tools focus on discovering novel variation that alignment-based methods may25

miss, using graph-based data structures to capture local sequence differences (Iqbal et al. 2012; Fang et al.26

2016; Peterlongo et al. 2017; Chong et al. 2017; Khorsand et al. 2021; Denti et al. 2023). Other methods27

take explicit k-mer–centric approaches to detect smaller variants. Kestrel (Audano et al. 2018) detects small28

variants by comparing k-mer abundance profiles between a sample and a reference, enabling rapid inference29

of sequence differences from coverage imbalances. LAVA (Shajii et al. 2016) clusters k-mers with small edit30

distances to detect known SNP targets directly. Similarly, kSNP (Gardner et al. 2015; Gardner et al. 2013)31

and SKA2 (Derelle et al. 2024; Derelle et al. 2025) both rely on split k-mers centered on single variable32

positions, allowing identification of a mutation when the context around the variant remains unchanged.33
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Ultrafast alignment-free detection of viral genome variation with bronko 3

While these alignment-free methods have shown promise in human and bacterial genomics, viral genomes34

present additional unique challenges. First, viral sequencing datasets can often reach ultra-high depths35

(>10,000x), amplifying computational inefficiencies in both read alignment and downstream variant calling36

(Berger et al. 2023). More critically, however, most existing alignment-free methods focus on consensus-37

level variation and overlook low-frequency iSNVs that are present in most viral sequencing datasets. For38

viral samples, where some true minor allele frequencies may be below 1%, distinguishing genuine biological39

signal from sequencing noise and other artifacts requires explicit modeling of error distributions and coverage40

heterogeneity, particularly in an alignment-free framework where positional context can be limited (McCrone41

et al. 2016). Although numerous low frequency variant calling approaches have been developed to handle this42

task, none have been employed in an alignment-free context (Wilm et al. 2012; Xu et al. 2019; Kockan et al.43

2017). Fortunately, viral genome analysis provides numerous opportunities for computational optimization44

as well. First, their compact genome size enables efficient in-memory representations and exhaustive k-mer45

indexing approaches. Similarly, despite their rapid mutation rate, the mutational spectrum of most RNA and46

DNA viruses is dominated by single-nucleotide substitutions, with relatively few structural variants or long47

insertions or deletions (Sanjuán et al. 2010). These simplicities make viral genomes particularly well-suited48

to k-mer –centric approaches that can capture local nucleotide changes directly from sequencing reads.49

Here we introduce bronko, a scalable, alignment-free framework to detect both major and minor single50

nucleotide variants directly from viral sequencing data. bronko uses a locality-sensitive bucketing (LSB)51

function to rapidly identify k-mers within one edit distance of each other (Chen et al. 2023). The use52

of this function enables bronko to perform rapid pseudo-mapping of k-mer counts from viral sequencing53

data directly to an approximate pileup of each genomic coordinate for one or more reference genomes,54

bypassing read alignment and SAM manipulation entirely. bronko then employs a streaming outlier-based55

statistical model to distinguish genuine minor variants from sequencing noise, adapting across the genome56

to local error, mutational profiles, and coverage fluctuations. bronko also optionally reconstructs genomic57

regions containing indels or many dense mutations, enabling improved detection and quantification of nearby58

variants that would otherwise be obscured by k-mer mapping dropouts. Altogether, these design choices59

enable bronko to run ultra-efficiently and scale near linearly with sequencing depth, making it well-suited for60

large-scale viral genomic surveillance, longitudinal infection studies, and rapid screening of emerging variants61

in environmental or clinical contexts.62

Methods63

Our method bronko performs two primary tasks: (1) rapid pseudo-mapping of k-mer counts to reference64

genomes of interest, and (2) precise detection of major single-nucleotide variants (SNVs) and intra-host65
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Fig. 1. Overview of bronko. A. (1,2) LSB function f for the edit distance. Three different edit distances are shown.
White boxes represent k-mers, blue and gray ovals represent variants, and gray boxes represent the bucket values
that are returned from f. B. Building a bronko database from a set of references. Every k-mer in each reference is
transformed into buckets, before being placed in a hash table with the reference(s) and position(s). C. Generating
approximate pileups and k-mer support tables from k-mer counts. Buckets are retrieved for each k-mer before being
queried in the index. These positions are then mapped into the pileup and k-mer support. D Reference selection and
variant calling. The reference with the highest identity to each sample is selected before baseline noise, strand bias,
and minimum AF/depth filters to identify SNPs and iSNVs.

SNVs (iSNVs) from the pseudo-mapping output. Pseudo-mapping is comprised of three components: (i) a66

(1, 2)-sensitive LSB function that groups near-identical k-mers under fixed edit-distance constraints, enabling67

single-base mismatch detection (Fig. 1A); (ii) a bucket-based index that stores positional information of68
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Ultrafast alignment-free detection of viral genome variation with bronko 5

all potential variation across references (Fig. 1B); and (iii) a single-pass pileup construction algorithm that69

converts observed k-mer counts into per-base coverages without explicit read alignment (Fig. 1C). For users70

interested in recovering variant dense regions or indels, we also provide an option to reconstruct regions that71

are not mapped in the initial pileup construction, and follow this with a secondary-pass pileup construction72

on the new consensus sequence (Supplementary Fig S1). Variant detection operates on the constructed73

pileups and also has three main stages: (i) reference selection by sequence identity; (ii) estimation of a74

baseline sequencing-error model using an outlier-based statistic computed in a sliding window across the75

genome; and (iii) variant calling that combines the baseline noise model, strand-bias metrics, and k-mer76

support at each position to report SNPs/iSNVs. When provided multiple samples, bronko also has the77

additional ability to generate a multiple sequence alignment from the union of positions with SNPs, which78

can then be used for large-scale inference of phylogenetic trees.79

(1,2) locality-sensitive bucketing functions for edit distance80

To sensitively detect single-nucleotide variation (SNVs) within viral sequencing data, we utilize a (1,2) LSB81

function, denoted f(s), following the formulation described in (Chen et al. 2023). In contrast to traditional82

k-mer matching approaches that commonly rely on exact matches, the LSB approach allows us to efficiently83

group near-identical k-mers into common "buckets", while maintaining fixed edit-distance constraints. In84

bronko, we utilize a (1, 2)-sensitive bucketing scheme, which guarantees that any pair of k-mers with edit85

distance ≤ 1 map to at least one common bucket, while any pair differing by two or more edits (≥ 2) are86

assigned to disjoint bucket sets. Formally, for each k-mer s of length k, the function f(s) computes an ordered87

set of k integer-valued bucket identifiers Bs = (b0, b1, . . . , bk−1) where each bi ∈ [0, k × 4k−1]. Intuitively,88

each bucket bi is a unique identifier that represents if position i in the k-mer was a variant position, and the89

rest of the k-mer remained the same (see Fig. 1A). Thus, this formulation allows for identification of not90

only exact matches between k-mers, but also single nucleotide variation.91

For two k-mers k1 and k2 with corresponding bucket sets B1 and B2, the size of intersection B1 ∩ B292

points directly to the edit distance of the two sequences. Additionally, in the case of a single mismatch (ED93

= 1), the matching bucket provides the precise position of the differing base. Altogether, the following 394

cases can be defined for two k-mers, where ED(k1, k2) represents the edit distance between the two k-mers:95


ED(k1, k2) = 0 =⇒ |B1 ∩B2| = |B1| = |B2| = k,

ED(k1, k2) = 1 =⇒ |B1 ∩B2| = 1, ∃ i s.t. B1[i] = B2[i] and k1[i] ̸= k2[i],

ED(k1, k2) ≥ 2 =⇒ |B1 ∩B2| = 0.
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6 R.D. Doughty et al.

This framework enables identification of single nucleotide variation directly from k-mers in O(k) time,96

which altogether allows bronko to rapidly identify most single-nucleotide variants directly from k-mers rather97

than aligning reads.98

By default, we adopt a k-mer length of k = 21, although this parameter is tunable. Empirically, we99

found k = 21 to provide the best balance between reducing intra-genomic and inter-genomic collisions while100

also retaining adequate resolution for variant detection. This choice imposes a strict sensitivity limit in that101

the central variant(s) will be missed in k-length regions with ≥3 variants. To ensure intra-genomic collisions102

do not affect downstream variant calling, we exclude any buckets that occur more than once within a given103

reference genome, ensuring that each retained bucket corresponds to a unique sequence location. Because104

we can use all k-mers overlapping a position to help identify variants, discarding duplicate k-mers has a105

negligible impact as long as the k-mer size is large enough such that the intra-genomic repeats are rare.106

Indexing viral reference sequences107

In order to enable rapid k-mer pseudo-mapping to a reference efficiently, we begin by building an index108

on the buckets of a set of references (see Fig. 1B). Formally, given a set of n viral reference sequences109

G = {G1, G2, ..., Gn}, each k-mer in every reference is first transformed into its canonical form before being110

mapped to k buckets using the bucketing function f . As each bucket corresponds to a specific nucleotide111

position within the k-mer, we store the buckets as keys and their associated reference identifiers and positions112

as values. In practice, we also record whether the k-mer was converted to its reverse complement during113

canonicalization, allowing us to recover the original strand orientation after matching. While conceptually114

simple, this indexing scheme enables ultra-rapid identification of most single-nucleotide variants relative to115

a larger reference set, a capability not included in most existing variant calling pipelines.116

Direct k-mer pseudo-mapping and approximate pileup construction117

Given an index over a collection of viral reference genomes G as described above, we directly map observed118

k-mer counts from sequencing reads to per-base pileups for all references simultaneously (see Fig. 1C). We119

label this process k-mer pseudo-mapping. Rather than performing conventional read alignment followed120

by a separate variant-calling stage, pseudo-mapping constructs pileups in a single pass by mapping k-mer121

counts using indexed bucket positions. This eliminates the need for full read alignment while retaining single-122

nucleotide resolution in most cases. Because deep viral sequencing datasets are often highly redundant, this123

approach compresses the relevant variation into a single call, avoiding depth-dependent pileups that scale124

poorly with coverage. Intuitively, mapping k-mers rather than full reads provides a rapid, more linear-scaling125

form of compression.126
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Ultrafast alignment-free detection of viral genome variation with bronko 7

For each reference genome g ∈ G of length ℓg, we allocate tables to store estimated base coverage and the127

number of unique k-mers mapping to each position-nucleotide pair (henceforth referred to as k-mer support).128

We do this for both the forward and reverse strands, resulting in 4 tables. Specifically, we define:129

P (f)
g , P (r)

g ∈ N4×ℓg , U (f)
g , U (r)

g ∈ N4×ℓg ,

where P
(f)
g and P

(r)
g represent the cumulative pileup counts for the forward (f) and reverse (r) orientations,130

respectively, and U
(f)
g , U

(r)
g is the k-mer support. All entries are initialized to zero:131

P (f)
g [i, j] = P (r)

g [i, j] = U (f)
g [i, j] = U (r)

g [i, j] = 0,

for i ∈ {A,C,G, T} and 1 ≤ j ≤ ℓg.132

In order to map sequencing data to each table, we first enumerate and count all observed k-mers non-133

canonically from the viral sequencing data using kmc3 (Kokot et al. 2017), yielding a set K = {(ki, ci)}mi=1134

where ki denotes a unique k-mer and ci its observed count. We start by discarding k-mers with counts below135

a small threshold nmin (default nmin = 3). Because in most sequencing datasets, a large percentage of k-136

mers are rare, this filtering step effectively helps to remove potentially spurious k-mers that could otherwise137

contribute false minor alleles while also speeding up the process by reducing the number of k-mers that need138

to be mapped.139

For each retained k-mer k with count ck, we compute its canonical form kc and subsequently apply the140

bucketing function f(kc) to obtain the ordered set (b0, b1, . . . , bk−1), where each bi corresponds to the bucket141

representing a variant position at position i of the k-mer. Each bucket bi is then queried against the index142

to identify a potential match to the reference at location j, along with the strandedness of the match ρ.143

For each such match, we identify the corresponding nucleotide k[i] in the k-mer and update the appropriate144

pileup and k-mer support tables:145

P (ρ)
g [k[i], j] = max (ck, P

(ρ)
g [k[i], j]) U (ρ)

g [k[i], j] += 1.

Selecting the best reference for a sample146

In the case where the index G contains more than a single reference, we automatically select the best reference147

after pseudo-mapping to each one individually. Given that viral genomes are relatively small and most of148

the genomes encode proteins, we use a simple heuristic that estimates the percent identity across the full149

genome of a sample to each reference g ∈ G. To do this, we calculate the following:150
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8 R.D. Doughty et al.

Ig =
pg

2 ∗ lg

where pg is the number of k-mers that were mapped perfectly to reference g and lg is the length of151

the genome. The number of perfect k-mers can be efficiently calculated during the mapping process by152

counting the k-mers in which all buckets have consecutive positions in the reference. The total is divided153

by 2 to account for k-mers mapping to both the forward and reverse strands, given k-mers are counted154

non-canonically. This process ensures that we select a reference that is closest to the actual sample, reducing155

the number of major variants that could disrupt minor variant calling in the sample.156

Indel reconstruction, consensus generation, and two-pass pseudo-mapping157

Following reference selection, bronko optionally performs local assembly to enable detection of indels or158

other variant dense regions, which then improves the identification and quantification of neighboring SNPs159

and iSNVs (see Supplementary Fig. S1). Due to bronko’s use of a (1, 2) LSB function, k-mers span-160

ning indels or multiple clustered SNPs will not map to the reference, resulting in local reductions in the161

observed sequencing depth in these regions (generally from near the local sequencing depth to near zero, see162

Supplementary Fig. S1A).163

bronko uses this feature of the pileups to identify and reconstruct gaps in the consensus sequences de164

novo. bronko first identifies positions at which the depth exhibits a substantial decrease or increase between165

neighboring nucleotides. A depth-drop position i and a subsequent depth-rise position j are considered166

candidate reconstruction boundaries when their separation satisfies a predefined distance threshold d, i.e167

|i − j| ≤ d. Nearby drop-rise pairs are then grouped together to define candidate reconstruction intervals168

(Supplementary Fig. S1B).169

For each candidate interval, bronko then identifies seed k-mers immediately outside the reconstruction170

boundaries. The initial seed positions are placed two nucleotides upstream and downstream of the respective171

boundaries. A candidate seed k-mer is accepted when the depth across the k-mer is consistent, indicating172

that the seed lies outside the region affected by the mapping dropout. If the depth is inconsistent, the173

seed position is iteratively shifted away from the reconstruction boundary until a k-mer that satisfies the174

depth-consistency criterion is identified or a maximum search distance is reached. When multiple candidate175

indels occur within a sufficiently small genomic distance such that no nearby seed k-mers can be set, adjacent176

intervals may be merged to produce a single reconstruction interval spanning multiple variants.177

Given a pair of seed k-mers, bronko attempts to reconstruct the sequence between them de novo. The178

reconstruction follows a greedy traversal over candidate k-mers, analogous to a walk through a de Bruijn179

graph. To enable this, bronko stores the first and last buckets of each k-mer in the initial pseudo-mapping180
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Ultrafast alignment-free detection of viral genome variation with bronko 9

pass, along with the nucleotide it represents and the depth of that k-mer (see Supplementary Fig. S1C).181

When reconstructing alleles, bronko retrieves the corresponding bucket information from the stored k-mer182

hash table, and the observed depth is used to evaluate the candidate extension. The nucleotide producing183

the highest-depth successor is selected, as long as the depth is within 50% (above or below) the depth of the184

current k-mer (see Supplementary Fig. S1D).185

The selected nucleotide is appended to the current sequence, producing the next k-mer, and the process186

is repeated iteratively. Reconstruction terminates when the right seed k-mer is reached, or when a predefined187

maximum reconstruction length is exceeded, in which case the reconstruction is considered unsuccessful. For188

successful reconstructions, the resulting sequence between the two seed k-mers is treated as the consensus189

allele for the reconstructed region. bronko then incorporates the reconstructed sequence into the reference190

and constructs a new k-mer index. The k-mer mapping procedure is subsequently repeated against this191

reconstructed reference. By using a consensus representing all complex variation in the sample, this second192

mapping pass enables k-mers to map that previously were not able to, resulting in improved depth estimates193

for neighboring SNPs and iSNVs.194

Low frequency variant calling195

Once a reference genome is selected or final consensus sequence is reconstructed, variant calling can be196

performed on the pileups for that reference. There have been many methods over the years that use different197

statistical methods in order to differentiate real mutational signal from sequencing error and other artifacts.198

We utilize a streaming version of the Thompson–Tau outlier test, adapted from the approach implemented in199

Outlyzer (Muller et al. 2016). We selected this method due to its strong performance in external benchmarks200

(Xiang et al. 2023), showing (i) the highest recall at higher minor allele frequencies (>1%), (ii) high precision201

at lower minor allele frequencies (<1%), and (iii) good computational efficiency and robustness to changes202

in sequencing depth. Our implementation extends this approach to a streaming context, allowing continuous203

evaluation of local noise distributions without recomputing statistics for each sliding window across the204

genome (see Fig. 2).205

Within a sliding window of fixed length w, the algorithm maintains running estimates of the number of206

non-major alleles (nw) with minor allele frequency (MAF) greater than 0, the sum of MAFs (sw), and the207

sum of squared MAFs (s2w). Because there can be at most three minor alleles at each genomic position, all208

MAFs within the window are stored in an array of length 3w. The three possible minor alleles for a given209

reference position p are indexed as i = (p mod w)× 3.210
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Sliding Window

True Variants

False Variants

A) Determine Baseline Noise by Itera�vely Removing Outliers in Window Un�l None Remain B) Select Variants with MAF > Noise * Mul�plier

Baseline Noise:
14 True Posi�ves
0 False Posi�ves
0 False Nega�ves

9 True Posi�ves
1 False Posi�ves
5 False Nega�ves

Fixed MAF:

Est. Baseline Noise

Fixed MAF Filter (Comparison)

Higher MAF

Thompson Tau Test Thompson Tau Test

Baseline Noise For Window

Fig. 2. Baseline noise filter for low-frequency variants. Real variants are shown in green, errors in pink. The
gray shadow represents the estimated baseline noise, and the red dashed line shows the fixed MAF threshold for
comparison. A. Sliding window outliers are iteratively removed using a modified Thompson Tau test to estimate
local noise B. Variants with MAF above the window’s baseline (scaled by a multiplier) are kept, others discarded

After updating the minor allele frequencies at position p, as well as nw, sw, and s2w, the running mean211

(µw) and variance (σ2
w) are computed using Welford’s approach for updating variance (Welford 1962; Efanov212

et al. 2021):213

µw =
sw
nw

, σ2
w =

s2w
nw

− µ2
w.

To efficiently remove outliers, two auxiliary data structures are maintained. First, a short, sorted list of214

length ℓ ≪ w (default 50) containing the top-ℓ MAFs in the current window, and second, a binary indicator215

array of length 3w marking whether each MAF belongs to the top-ℓ list. When a new minor allele enters the216

window, it is compared to the smallest element in the top-ℓ list. If larger, it is inserted in sorted order and217

flagged in the indicator array. Otherwise, it is ignored. When an element exits the window, the indicator is218

checked, and if present in the top-ℓ list, it is removed and the list is adjusted. This structure allows rapid219

identification of potential outliers without recomputing the max from the entire window.220

For each window, baseline sequencing noise is determined by iteratively removing outliers using a mod-221

ified Thompson–Tau test until no outliers remain, updating the window statistics after each removal. The222

maximum MAF in the window xi is removed if δi > τ ∗ σw, where δi = |xi − µw| and the dynamic threshold223

τ is derived from the Student’s t-distribution with nw − 2 degrees of freedom:224
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τ =
tα,nw−2(nw − 1)

√
nw

√
nw − 2 + t2α,nw−2

.

Here, α is the desired false-positive rate (we utilize 10−3). Because we test for upper-tail outliers only, the225

one-tailed form of tα,N−2 is used. After each removal, the statistics nw, sw, s2w, µw, σ2
w, and τ are updated,226

and the next largest MAF is tested. This process continues until the maximum MAF value within the227

window does not reach the criteria to be considered an outlier.228

Once the baseline noise profile is estimated across the genome, candidate variants are retained only if229

their MAF exceeded the baseline at their position by a specified multiplier. While outlyzer applies a uniform230

2x multiplier threshold (Muller et al. 2016), we found that using a lower default multiplier of 1.5× and231

gradually increasing it up to 2× for low-frequency variants (MAF < 1–2%) improved both precision and232

recall. Formally, the adaptive multiplier for a variant with MAF v is defined as m(v) = b0 + p0a
v, where233

a = 0.03, b0 = 1.5, and p0 = 0.5. This function yields a maximum multiplier of 2× for MAFs approaching 0234

and converges toward 1.5× for variants near MAF > 1.5%.235

Additional filters for minor variants In addition to our baseline noise filter, we also employ a strand filter236

to remove variants with significant strand bias. We utilize the strand odds ratio (SOR) filter from GATK,237

with a default threshold of ≤ 3. The GATK strand odds filter was chosen over other strand frequency filters238

due to its performance on higher-depth sequencing data (Guo et al. 2012). By default, we also calculate and239

utilize an adjusted SOR, which discounts the strand bias for variants with stronger evidence of being above240

the baseline noise. Specifically, the adjustment increases for variants with a larger difference between their241

MAF and the baseline noise at that position, as well as with the number of alternative-supporting reads.242

We formulate the adjustment D as:243

D = min

(
d log10 (max(Nalt, 1)) log10

(
MAF

MAFnoise

)
, Dmax

)
,

where d is an adjustment multiplier (default 3), Nalt is the number of alternative-supporting reads, MAF is244

the observed minor allele frequency, MAFnoise is the baseline noise for that position, and Dmax is set to the245

initial SOR threshold (default 3). This limits the maximum adjustment such that variants with an initial246

SOR greater than twice the threshold cannot be adjusted below the threshold. D is subtracted from the247

GATK strand odds ratio to obtain the final adjusted SOR.248

We also report and utilize metrics of strand balance, which measures the percentage a particular variant249

appears on one strand in comparison to the other. We report strand balance overall (forward count for250
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reference + alternative allele compared to the reverse count for the reference and alternative allele) as well251

as strand balance for the reference and alternative separately.252

Lastly, we utilize the number of k-mers supporting any given variant from the tables U (ρ)
g . The motivation253

behind this filter was to remove variants that can accumulate from artifacts near the ends of amplicon254

sequences. Because we cannot easily utilize quality information directly from sequencing data, which often255

would remove variants of this type, we utilize the robustness of multiple k-mers supporting a single position256

to provide a secondary proxy. By default we require both strands to be present in 2 or more k-mers, although257

these parameters are configurable.258

Multiple Sequence Alignment, Software Outputs and Configuration259

When multiple sequencing samples are provided, bronko can generate an alignment for each set of sequences260

aligned to the same reference. To do so, we perform variant calling as described above on each sample261

independently. If querying against a larger reference set, any genome with > 3 samples mapped to it is262

deemed suitable for alignment. bronko then takes the union of SNV positions (positions with variants ≥ 0.5263

MAF) across all samples for each reference. The consensus variant is taken for each sample at all of these264

positions, which are then used to build a multiple sequence alignment for that reference.265

Mapping statistics For each sample, we also generate some overview statistics that can assist with quality266

control in downstream pipelines. The first are the breadth and depth of coverage of each sample. Breadth267

of coverage is defined as the percentage of bases in the selected reference with a total depth > 0. This is268

normalized by the genome length to get a final value from 0 to 1. The depth of coverage reported is simply269

the average depth across all of those non-zero positions. We also report the number of k-mers that were270

mapped as "perfect" (edit distance = 0) or "variant" (edit distance = 1) as well as unmapped (edit distance271

>= 2). These can help provide insight into the quality of the sequencing dataset, although we have found272

that the number of variant and unmapped k-mers scales well with sequencing depth in practice.273

Software development and parameters bronko is implemented in Rust and available publicly on bio-274

conda. All experiments in this paper were run using bronko v0.1.7 on an AMD EPYC 7742 64-Core Processor275

using 10 threads unless otherwise noted.276

Results277

Low frequency variant calling on simulated amplicon sequencing data278

We first assessed bronko’s performance in detecting iSNVs using simulated viral amplicon sequencing data279

with a defined ground truth across two complementary simulation protocols. First, we simulated 100 tiled-280

amplicon sequencing datasets of RSV-A spanning varying levels of intrahost diversity (see Supplementary281
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Methods for full details). Briefly, we downloaded 20 real RSV-A genomes from a single outbreak, aligned them282

using Parsnp2 (Kille et al. 2024), and constructed a maximum-likelihood phylogenetic tree using RAxML-NG283

(Kozlov et al. 2019). We then used PhastSim (De Maio et al. 2022) to simulate 20 genomes along this tree,284

using the inferred transition probabilities and nucleotide frequencies and a mutation rate selected to produce285

approximately 5–15 mutations per genome relative to the ancestral sequence. These genomes, along with286

the ARTIC RSV-A primers and specified proportions of each genome, were used to simulate tiled-amplicon287

sequencing data with Bygul (https://github.com/andersen-lab/Bygul). This approach allowed us to288

independently control the number of genomes and the frequency of intrahost mutations while retaining the289

structure of a tiled-amplicon sequencing experiment. We also repeated this experiment with Ebolavirus (see290

Supplementary Materials). However, this simulation framework did not model several common sources of291

error in amplicon sequencing, including PCR artifacts and amplification biases.292

To evaluate variant calling under more complex sequencing conditions and challenging sources of tech-293

nical variation, we additionally generated 81 simulated Human Papillomavirus 16 (HPV16) datasets using294

GENOMICON-Seq (Stosic et al. 2025), comprising 810 total amplicon sequencing samples (10 samples per295

dataset). These datasets spanned combinations of cycle threshold values, input genome copy numbers, viral296

mutation rates, and sequencing depths, enabling a comprehensive evaluation of variant calling performance297

across a range of sample qualities and sequencing depths. Full experimental parameters are provided in the298

Supplementary Materials and Supplementary Data.299

We benchmarked bronko against two widely adopted viral variant calling tools: LoFreq (Wilm et al. 2012),300

and iVar (Grubaugh et al. 2019). LoFreq uses base-quality–aware statistical modeling for low-frequency301

variants, while iVar applies minimal filtering and primarily reports variants above a user-defined MAF302

threshold. Performance of each tool was evaluated for precision, recall, and F1 score, considering single-303

nucleotide variants only.304

In Fig. 3, we show the results of the RSV-A (Fig. 3A-D) and HPV16 (Fig. 3E-H) experiments. As305

shown in Fig. 3A and Fig. 3E, bronko consistently demonstrated high precision across increasing MAF306

thresholds in both simulations. In the RSV-A experiments, bronko achieved near-perfect precision even307

at MAF thresholds as low as 0.1%, with precision increasing to essentially 100% above 1%. Both LoFreq308

and iVar showed comparable performance at high frequencies, but exhibited reduced precision at lower MAF309

thresholds. Recall in the RSV-A experiments was high for all three variant callers at higher MAF thresholds,310

although performance decreased at lower thresholds, with bronko generally maintaining comparable or higher311

recall to both LoFreq and iVar at the lowest MAF thresholds. bronko achieved consistently high F1 scores312

across the tested MAF thresholds, with performance comparable to or exceeding the other variant callers.313
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Fig. 3. Evaluation of iSNV variant calling across two simulation frameworks: Bygul (A–D) and GENOMICON-Seq
(E–H), using RSV-A and HPV16, respectively. A. iSNV precision, recall, and F1 score for bronko, LoFreq, and iVar
over increasing MAF thresholds for 100 simulated RSV-A samples generated using Bygul. Each dot represents a single
sample. B. Histogram of the difference between bronko-estimated MAF and the truth simulation MAF for variants
called by bronko. C. Runtime (seconds) across datasets of increasing size for each tool. Bowtie 2 and SAMtools
time is incorporated into the full time for LoFreq and iVar. D. Memory usage across tools. iVar and LoFreq utilize
SAMtools (black). Memory utilization without this step is shown in displayed colors. E. iSNV precision, recall, and
F1 score for bronko, LoFreq, and iVar over increasing MAF thresholds for 810 simulated HPV16 samples generated
using GENOMICON-Seq. Each dot represents the average over 10 samples simulated with the same parameters.
F. Histogram of the difference between bronko-estimated MAF and the Bowtie 2-derived MAF for variants called
by bronko. G. Runtime (seconds) across datasets of increasing size for each tool. Bowtie 2 and SAMtools time is
incorporated into the full time for LoFreq and iVar. H. Memory usage across tools. iVar and LoFreq utilize SAMtools
(black). Memory utilization without this step is shown in displayed colors.

The more challenging HPV16 simulations produced greater variation in variant calling performance across314

tools (Fig. 3E). bronko generally maintained higher precision than both LoFreq and iVar across MAF315
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thresholds, with iVar exhibiting greater variability and lower precision, even at higher MAF thresholds.316

Recall for bronko increased with higher MAF thresholds, reaching approximately 60–70% at the highest317

thresholds, while iVar maintained near perfect recall across most thresholds. LoFreq exhibited lower recall318

than both bronko and iVar across the tested thresholds, likely due to the presence of substantial strand biases319

in the simulation (see Supplementary Materials for further details). When relaxing bronko’s own strand bias320

filter, bronko’s recall became comparable to iVar without any significant loss in precision, raising the F1 score321

to nearly 1 for MAF ≥ 5% (Supplementary Fig. S3). Despite iVar’s higher recall, its lower and more322

variable precision resulted in bronko achieving comparable F1 scores across most MAF thresholds (Fig. 3E).323

Altogether, these results show that bronko achieves comparable performance to existing approaches, even in324

challenging variant calling conditions.325

Given bronko constructs its pileup through direct pseudo-mapping of k-mer counts rather than traditional326

alignment, we also evaluated its ability to accurately estimate minor allele frequencies relative to alignment-327

based methods (see Fig. 3B,F). Specifically, we compared the difference between MAFs reported by bronko328

and those derived from truth allele frequencies (B) and Bowtie 2-based pileups then used by iVar and LoFreq329

(F). Overall, bronko exhibited good concordance with the truth sets, with 98.5% and 99.6% of minor variants330

having an absolute discordance of less than 0.03 across the two experiments.331

On the computational performance side, bronko demonstrated a significant reduction in computational332

requirements compared to both LoFreq and iVar (Fig. 3C-D,G-H). At 1 million reads, bronko completed333

variant calling in less than 3 seconds in both experiments, compared with 56 and 73 seconds for iVar and334

82 and 119 seconds for LoFreq, respectively. When the number of reads increased to 10 million, bronko335

maintained runtimes of approximately 10 seconds, whereas iVar required 871 and 890 seconds (14.5 and 14.8336

minutes) and LoFreq required 2,199 and 5,409 seconds (36.7 and 90.1 minutes) across the two experiments.337

Thus, bronko was approximately two to three orders of magnitude faster than the alignment-based ap-338

proaches. Furthermore, bronko consistently required less than 500 MB of memory across sequencing depths.339

In contrast, the complete alignment-based pipelines exhibited substantially greater memory requirements,340

primarily due to intermediate SAM/BAM file manipulation using SAMtools (Li et al. 2009b). At 10 million341

reads, peak memory usage for both pipelines reached approximately 8.5 GB, largely driven by intermediate342

SAM file handling. Even when excluding this overhead, iVar exhibited somewhat greater memory usage on343

larger datasets, in part because it directly pipes SAMtools mpileup output into the variant caller. LoFreq344

itself, in contrast, consistently used less than 100 MB of memory regardless of dataset size. Nevertheless,345

both alignment-based approaches require intermediate alignment and SAM/BAM processing, making bronko346

substantially more memory efficient when considering the complete variant calling workflow (Fig. 3D,H).347
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Table 1. Alignment SNP overlap and performance comparison across simulated datasets. Standard denotes bronko’s
default procedure, while --indels shows performance with the optional indel reconstruction procedure. Runtime and
memory usage are also shown separately.

Dataset
(# samples)

Total Data
Size (TB)

Runtime, Memory SNPs Shared
SNPs (%)

Alignment bronko Alignment bronko Shared

CoV
(n=543)

1.03 48.54 hrs
2.12 GB

1.59 hrs
1.987 GB

standard

0 0 3647 100

HIV (S1)
(n=41) 0.012 15.88 min

0.35 GB

1.99 min
0.74 GB
standard

1175 11 9041 88.5

2.50 min
1.10 GB
--indels

20 13 10196 99.8

HIV (S2)
(n=39) 0.011 13.05 min

0.35 GB

1.65 min
0.72 GB
standard

134 0 3754 96.6

2.20 min
1.07 GB
--indels

0 0 3888 100

HIV (S3)
(n=37)

0.011 12.92 min
0.34 GB

1.57 min
0.72 GB
standard

0 0 664 100

Given these experiments relied on a single reference genome, we additionally evaluated the performance348

of bronko’s build and call commands across varying genome lengths and numbers of reference genomes349

(Supplementary Figs. S4–S5). We found that bronko’s performance remained stable for genomes up to350

approximately 1 Mbp, with performance beginning to degrade at genome lengths larger than 1 Mbp. When351

reference genomes had uniform lengths, runtime scaled approximately linearly with the number of input352

genomes.353

Evaluation of SNPs from multiple sequence alignments across diverse viral datasets354

To evaluate bronko’s ability to produce a multiple sequence alignment from multiple viral sequencing datasets,355

we simulated viral outbreaks and compared the SNPs included in the multiple sequence alignments produced356

by bronko to those included from the core-genome alignment tool Parsnp2 (Kille et al. 2024) (see Table 1).357

First, we simulated 543 virus genome sequences emulating the early spread of SARS-CoV-2 (CoV). To do so,358

we used favites-lite (Moshiri 2025), which returns mutated sequences based on a known transmission network.359

Simulated reads were then generated for each sequence using ART (Huang et al. 2012) at 30,000x coverage,360

totaling over 1 TB of sequencing data across all samples. We ran bronko to call variants and generate an361

alignment across all samples with the reference sequence from the origin of the outbreak. Separately, each362

set of reads was mapped to the reference using Bowtie 2 (Langmead et al. 2012) and consensus sequences363
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were generated using SAMtools mpileup (Li et al. 2009b). Parsnp2 was then used to align the consensus364

sequences to get a final core-genome alignment for comparison to bronko.365

bronko successfully processed the full dataset in just over 90 minutes, averaging just over 10 seconds366

per sample. In contrast, the read alignment-based approach required more than 48 hours on 32 cores, with367

Parsnp2 adding fewer than 3 minutes to produce the final core-genome alignment. Both pipelines used368

approximately 2 GB of RAM. Notably, the comparison workflow did not include the detection of minor369

iSNVs, which bronko identifies natively and thus is included in the runtime. The SNPs identified by bronko370

and Parsnp2 were identical (3,647 variants total), highlighting strong performance of bronko for another371

use case. However, this dataset, where genomes differed between 2-14 (median 6) SNPs from the reference,372

represents a relatively simple case for bronko’s algorithm as long as there are no local hot spots of variation.373

To evaluate our approach on a more challenging dataset, we repeated this experiment with three smaller sets374

of simulated HIV genomes (full details and discussion available in supplementary materials). In short, we375

simulated three datasets (S1, S2, and S3), varying only the height parameter in the Non-Homogeneous Yule376

model used to generate the HIV phylogeny (36, 12, and 2, respectively). This design allowed us to assess377

how increasing divergence between reference and samples affects bronko’s performance, with the three sets378

representing 3%, 1%, and 0.2% divergence, respectively. Overall, we found bronko to perform better as the379

divergence decreased, with only a mild drop in sensitivity for increased divergence. A large percentage of380

the false negatives could be directly attributed to decreased sensitivity within k-length regions containing381

≥ 3 variants (see Supplementary Table S1 and Supplementary Materials). Enabling indel reconstruction382

substantially improved recovery in these regions, increasing the proportion of Parsnp2 SNPs recovered from383

88.5% to 99.8% on dataset S1 and from 96.6% to 100% on dataset S2 (Table 1). This improvement comes at384

a modest computational cost, with runtime increasing from 1.99 to 2.50 minutes for S1 and from 1.65 to 2.20385

minutes for S2. These results suggest that indel reconstruction is particularly beneficial for more divergent386

datasets or those containing locally dense variation. Therefore, we recommend this option for datasets where387

indels or divergent sequences are suspected.388

We also compared bronko directly to SKA2, an alternative alignment-free SNP calling approach devel-389

oped for bacterial epidemiology (see Supplementary Tables S2–S3). On the most divergent HIV dataset390

(S1), bronko recovered 88.5% (99.8% with indel reconstruction) of the variants identified by Parsnp2, whereas391

SKA2 recovered only 35.5%. Similarly, on dataset S2, bronko recovered 96.6% (100% with indel reconstruc-392

tion) of variants, compared to 64.9% for SKA2. These results demonstrate a substantial sensitivity advantage393

for bronko over SKA2, particularly as sample divergence approaches 1% and beyond. We note, however,394

that SKA2 was developed primarily for bacterial rather than viral genomics, and therefore this comparison395

should be interpreted as an informative comparison of methods designed for different applications.396
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Fig. 4. Analysis of chronically infected patients with SARS-CoV-2 A. Number of major variants for each individual
across subsequent sampling periods, with each individual shown with a different color line B. Number of minor
variants for each individual across subsequent sampling periods, with each individual shown using a different color
line C Frequency of major and minor mutations for each possible substitution. Mutations are sorted from left to
right in order of the total number of major variants. The number of major variants (>=50% MAF) is shown above
the boxplot, while the sum of minor variants (<50% MAF) is shown below

Tracking viral evolution within chronically-infected SARS-CoV-2 patients397

To demonstrate a real-world application of bronko, we re-analyzed a subset of a dataset from a recent study of398

chronically infected SARS-CoV-2 patients from the UK (Ghafari et al. 2025). In the original work, the authors399

primarily investigated variants with a MAF ≥ 20%, citing low viral titers in many samples. We focused400

on high-quality samples (mean sequencing depth ≥ 3000× and breadth of coverage ≥ 97%) to investigate401

additional potentially relevant low-frequency variants above 5%, a conservative MAF threshold that aligned402

with high precision in our simulated results. We started by downloading samples with associated SRA403

accessions, resulting in 939 individual samples. Each of these was processed using bronko using a database404

with 2 representative strains from each Nextstrain (Hadfield et al. 2018) clade of SARS-CoV-2 (the first and405

last by sampling date, filtered for complete genomes with no ambiguous bases). This resulted in 100 total406

references from many different clades and timepoints throughout the pandemic. After quality filtering for407

breadth and depth of coverage, we were left with 372 samples. Of these, only 59 individuals contained more408

than 1 sample, reducing the final number of samples included in our analyses to 128.409

For the remaining 128 samples, 773 total mutations were identified with respect to the selected reference410

genomes after additional strand balance and problematic site filtering (see Supplementary materials), com-411

prising of 595 major variants (MAF ≥ 0.5) and 178 minor variants (0.05 ≤ MAF < 0.5). Among them, 374412

(221 major, 153 minor) were unique within an individual patient, while the remaining 399 were recurrent413

within individual patients (374 major variants across 177 individuals/positions combinations; 25 minor vari-414

ants across 17 individuals/positions). This pattern supports prior observations (Xue et al. 2018), that major415

variants tend to persist in an individual whereas minor variants are typically more transient. Additionally,416

as seen in Fig. 4A/B, both the number of major variants and number of minor variants remained mostly417
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stable across samples within individuals, except for individuals with longer infection periods (>100 days),418

suggesting that substantial diversification of SARS-CoV-2 does not occur in a typical infection period (<14419

days).420

We next examined within-host temporal shifts between variant classes (a minor variant transitioning into421

a major variant, or vice versa) across timepoints within an individual. Across all mutations and patients,422

we found 11 (8 minor to major, 3 major to minor) such transitions among five individuals. Of the 8 minor423

to major transitions, one individual, shown in orange in Fig. 4A/B was responsible for three of these. Two424

of the three developed into a major variant from below 10% MAF. Four other patients contributed two,425

one, one, and one additional minor to major variant transitions. Of these, only one other developed from426

below 20% MAF, with the other four initially being identified between 20 and 50% MAF. While it is difficult427

to make significant conclusions from such a small sample, these cases reiterate the value of tracking minor428

variants that could develop into major variants, even despite their generally transient nature.429

Finally, we characterized the spectrum of allele frequencies across mutation types for both major and430

minor mutations (see Fig. 4C). Again, in alignment with many previous studies (Markov et al. 2023;431

Abbasian et al. 2023), C>T, T>C, A>G, and G>T mutations dominated. Although this example is only432

a small sample set in chronically infected individuals, we also observed that proportionally, some mutation433

types (C>T, T>C, A>G, and G<A, C>A) had more major variants than minor, suggesting that these434

mutations may be more likely to establish themselves in an individual. On the other hand, others such as435

G>T and A>C less commonly established as major variants, suggesting they are rarely advantageous for the436

virus. The other potential explanation is that these variants are more likely to be artifacts of the sequencing437

and PCR process.438

Discussion439

In this work we introduced bronko, an alignment-free framework for identifying viral genome variation440

directly from sequencing reads. By constructing pileups from k-mers with small edit distance to the reference441

instead of relying on read alignment, bronko bypasses the computational bottlenecks inherent to traditional442

read-alignment based pipelines. Across simulated viral sequencing datasets, bronko achieved comparable443

precision and recall in identifying minor variants to established variant calling tools such as LoFreq and iVar,444

while operating 2 to 3 orders of magnitude faster. bronko also was able to reconstruct alignments across445

larger sample sets that compared favorably to classical consensus-generation and core-genome alignment,446

with challenges only arising when the divergence between genomes was very high. In practice, the impacts of447

high divergence between reference(s) and the data are limited by two factors. First, bronko’s flexible reference448

database allows users to leverage existing sets of viral reference sequences that are related to the given sample449
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population, which reduces the cases of high divergence between the query and reference. Secondly, bronko’s450

de novo variant reconstruction enables sensitive detection of variants within genomic regions containing indels451

or multiple closely spaced mutations, provided that sequencing fully covers the given region. Together, this452

framework enables rapid reference selection and variant calling across large-scale studies of diverse lineages453

where a single reference may cause additional biases.454

bronko’s use of a (1,2) LSB function allows it to identify mutations as long as there are not 3 variants455

within a k-length region. However, even in this case, both flanking variants would be identified, and only456

the middle of the three variants would be missed. This is a sensitivity improvement over split-k-mer based457

methods such as kSNP and SKA2, which at their core fail to detect any variants occurring in a ⌊k
2 ⌋ base458

region. While these methods are generally well-suited to bacterial genomes, where larger genome sizes,459

higher divergence, and more dispersed variation make missed sites less consequential, viral genomes demand460

greater sensitivity in many cases, particularly if divergence increases towards and beyond 1%. In practice,461

however, several parameters can influence this theoretical sensitivity. Most obviously, the k-mer size (default462

21) directly influences the sensitivity and specificity, and is configurable by the user. To mitigate sequencing463

artifacts near the ends of reads, which can often present at low frequency, bronko by default also fixes bases464

at the end of k-mers such that they cannot be used to detect variants. This approach reduces the number of465

spurious variants, but also decreases sensitivity in variant-dense regions. This tradeoff reflects our broader466

design principle of prioritizing precision over sensitivity in bronko, particularly for minor variants, which467

can closely resemble sequencing artifacts and are therefore inherently challenging to identify accurately468

(McCrone et al. 2016). Nonetheless, even with the fixed bases at the end of reads, we are still able to469

identify variants as long as there is no variant within the number of fixed bases plus the number of expected470

supporting k-mers (by default 2+2), still outperforming split-k-mer based methods. For users interested in471

maximum sensitivity when identifying major variants, these parameters can simply be set to zero to achieve472

the maximum theoretical sensitivity described above.473

Additionally, as proposed in (Chen et al. 2023; Yuan et al. 2024), several alternative LSB functions exist474

beyond the (1,2) scheme implemented in bronko. These variants of LSB functions could, in principle, improve475

sensitivity in capturing clustered regions of local diversity. However, the strength of the (1,2) function lies476

in its simplicity, with each bucket directly corresponding to a potential SNP. In contrast, more complex477

LSB functions (ex. (2,3)) introduce additional complexity, such as more than k buckets per k-mer, which478

complicates the mapping protocols. Additionally, allowing for more distant matches increases the potential479

for unintentional hits, which may necessitate a larger k-mer size or other algorithmic adjustments. Exploring480

these alternative functions, therefore, presents an interesting direction for future work, although it remains481

to be seen whether the increased function complexity would yield meaningful gains in performance.482
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We also aim to scale bronko’s framework to larger genomes. At present, the runtime and memory costs483

of enumerating each k-mer k times makes bronko more well-suited for viral genomes and other small targets,484

however ongoing optimization could further extend efficient support to larger bacterial genomes and other485

larger targets. Finally, while we showed our low frequency variant calling approach performs well, there are486

many other potential avenues for improvement, including integrating explicit models on sequencing and PCR487

errors, or utilizing existing datasets to classify artifacts from real signal (Mostefai et al. 2024). Overall, low488

frequency variant calling remains challenging, and users should be careful interpreting calls from any tool.489

Code Availability490

bronko is implemented in Rust and publicly available at https://github.com/treangenlab/bronk491

o or via conda at https://anaconda.org/channels/bioconda/packages/bronko/overview. All results,492

evaluations, and other code used in this study are available at https://github.com/treangenlab/bronk493

o-test. The bronko source code used in this work, along with the code and materials used for experimental494

evaluation, is also available in the Supplemental Material495
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