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Abstract

Many commonly studied species now have more than one chromosome-scale genome assembly, revealing a large amount of genetic diversity
previously missed by approaches that map short reads to a single reference. However, many species still lack multiple reference genomes and
correctly aligning references to build pangenomes can be challenging for many species, limiting our ability to study this missing genomic variation
in population genetics. Here, we argue that k-mers are a very useful but underutilized tool for bridging the reference-focused paradigms of
population genetics with the reference-free paradigms of pangenomics. We review current literature on the uses of k-mers for performing
three core components of most population genetics analyses: identifying, measuring, and explaining patterns of genetic variation. We also
demonstrate how different k-mer-based measures of genetic variation behave in population genetic simulations according to the choice of k,
depth of sequencing coverage, and degree of data compression. Overall, we find that k-mer-based measures of genetic diversity scale
consistently with pairwise nucleotide diversity () up to values of about w=0.025 (R?=0.97) for neutrally evolving populations. For
populations with even more variation, using shorter kmers will maintain the scalability up to at least z =0.1. Furthermore, in our simulated
populations, k-mer dissimilarity values can be reliably approximated from counting bloom filters, highlighting a potential avenue to decreasing
the memory burden of k-mer-based genomic dissimilarity analyses. For future studies, there is a great opportunity to further develop methods

to identifying selected loci using k-mers.
Keywords: population genomics, k-mer, bloom filter, pangenomics

Introduction

Two decades ago, assembling one reference genome for one
eukaryotic species was an international, herculean effort
(Venter et al. 2001). Now, individual laboratories can readily
assemble and align multiple reference-quality genomes from
the same species into pangenomes (Golicz et al. 2020). This
shift toward pangenomes as the basis for genetic studies is al-
ready transforming our understanding of genetic variation in
populations. Analysis of pangenomes has uncovered vast
quantities of genetic variation previously missed by the ubiqui-
tous practice of aligning short reads to a single reference gen-
ome (Wong et al. 2020; Sirén et al. 2021; Ebler et al. 2022;
Zhou et al. 2022; Liao et al. 2023; Rice et al. 2023), increased
the power of trait mapping (Song et al. 2020; Chin et al. 2023),
and resolved complex structural variations (Hickey et al.
2020; Song et al. 2024). Pangenomes have even revised our
understanding of previously cataloged variation, because sin-
gle nucleotide polymorphisms (SNPs) once identified by map-
ping reads against a single reference can sometimes be resolved
as alignment errors due to structural variation (Jaegle et al.
2023). Altogether, pangenomes provide a more accurate re-
presentation of genetic variation, reducing the commonly ob-
served phenomenon where one’s choice of reference genome

shapes the ultimate conclusions of a study (i.e. reference
bias, Gage et al. 2019; Guinther and Nettelblad 2019; Chen
et al. 2021; Ebler et al. 2022). This better ability to capture
and explain patterns of genetic variation, combined with re-
cent developments in pangenome assembly algorithms
(Hickey et al. 2020; Garrison et al. 2024) and an explosion
in pangenome sequencing for many nonmodel organisms
(Lei et al. 2021), means that pangenomes will likely be the
standard for population genetics analysis in the near future.
However, pangenomes can be difficult to assemble and tune
in some contexts (Hahn 2018; Song et al. 2024). First, pange-
nomes by definition require more sequencing data to assemble
compared to a single reference genome, which can make build-
ing pangenomes expensive for large genome species or study
systems with fewer resources. Furthermore, whole genome
alignment (WGA) is key for pangenome assembly but also dif-
ficult to tune, affecting pangenome analysis. Modern WGA al-
gorithms are impressive and are being used to produce
pangenomes for a wide range of species (Garrison et al.
2024); however, current WGA algorithms are mainly devel-
oped and tuned to align human and model species genomes,
and so do not always generalize well to genomes that are large,
highly repetitive, highly diverse, polyploid, or containing high
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levels of structural variation (reviewed in Song et al. 2024).
For example, corn (Zea mays) has a famously repetitive and
structurally variable genome and new WGA approaches
needed to be developed just to properly align corn genomes
(Song et al. 2022). There are also still many open questions
on how to best represent complex, nested variations in such
alignments and tune alignment parameters (Song et al.
2024). A researcher’s exact choice of alignment parameters
and software can drastically affect the shape of a pangenome
graph (Rice et al. 2023) and downstream genotype calls
(O’Rawe et al. 2013; Li 2014; Bush et al. 2020; Betschart
et al. 2022; Sopniewski and Catullo 2024). Given the chal-
lenges of computing and tuning alignments, approaches that
skip alignment altogether could valuably complement or
help guide pangenome assembly.

In this review, we argue that the k-mers deserve more atten-
tion from population geneticists because they can complement
the study of pangenomes. A k-mer is a sub-sequence of length
k within a larger sequence. For example, the sequence
“ATGCA,” contains the unique 2-mers AT, TG, GC, and
CA. The main benefit of k-mers is that they can be analyzed
without alignment. Instead, one simply counts all of the
unique k-mers present in a sample of reads (where k-mers
that are reverse complements of each other are typically con-
sidered identical and are counted together Kokot et al.
2017), then uses the resulting count matrix for downstream
analysis (see Fig. 2). Thus, k-mers derived from regions far di-
verged, absent, or otherwise unalignable in a given reference
will not be automatically excluded from an analysis, allowing
one to get a picture of pangenomic variation. k-mers have a
long history of use in metagenomics (McClelland 1985;
Rosen et al. 2008; Dubinkina et al. 2016), phylogenetics
(Kolekar et al. 2012; Haubold 2014; Zielezinski et al. 2017,
2019; Bussi et al. 2021; Beichman et al. 2023; Jenike et al.
2025), computer science (Shannon 1948), and quantitative
genetics (Kim et al. 2020; Voichek and Weigel 2020; Gupta
2021; Lemane et al. 2022; Onetto et al. 2022). However,
while applications of k-mers receive much attention in other
disciplines, population genetic investigations using k-mers re-
main limited.

Our goal is to review k-mer-based approaches for identify-
ing, measuring, and explaining patterns of genetic variation in
populations. At the same time, we investigate the behavior of
k-mer-based measures of variation to the choice of k, the depth
of sequencing coverage, and the degree of data compression.
We finally highlight some avenues to explore in k-mer-based
(i.e. reference-free or alignment-free) population genetics.
Overall, we advocate that k-mer-based approaches can be
valuable complements to common reference-based population
genetics methods.

Box 1: What is the “Best” Value for k?

A common first question in k-mer-based analyses is: What val-
ue(s) of k should be analyzed? The “best” k for an analysis is
ultimately determined by a trade-off between the length of k
and sequencing error: longer k-mers are more likely to re-
present unique genomic sequences, but are also more likely
to contain a sequencing error (Rahman et al. 2018). In prac-
tice, many studies use a k of around 20-40 bp (Ponsero et al.
2023) because k-mers in this range can be reliably sequenced
with short read data and often align uniquely to their source
genome (Wu et al. 1991; Becher et al. 2022). For example, k =
32 captures 85.7% of unique sequences in the human genome
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(Shajii et al. 2016), while & =21 distinguishes many eukary-
ote, bacteria, and archea species (Bussi et al. 2021).
However, there are many past studies that propose criteria
for choosing specific values of k.

Choosing Multiple Values of k

One “brute force” approach to test the sensitivity of results to
k is to simply repeat an analysis multiple times for different
values of k. This approach is especially common among gen-
ome assembly algorithms (Chikhi and Medvedev 2014;
Durai and Schulz 2016) but could be applied to almost any
analysis in theory. The main drawback, however, is the high
computational burden of performing the same analysis mul-
tiple times. It is also difficult to know without more informa-
tion whether analyses performed for certain values of k
produce more accurate results than analyses for other values
of k, motivating the need for k selection criteria that can be ei-
ther minimized or maximized.

Choosing k Based on the Number of Unique
Nonerroneous k-mers

Higher values of k generally allow greater detection of unique
sequences but increase the probability of observing k-mers
containing at least one sequencing error (Chikhi and
Medvedev 2014; Rahman et al. 2018). Each sequencing error
can result in up to k erroneous k-mers, making it important to
prevent errors from dominating one’s analysis. Thus, choosing
a k that maximizes the number of unique nonerroneous
k-mers in a dataset is generally considered optimal for tasks
like genome assembly (Chikhi and Medvedev 2014). This ap-
proach generally involves measuring the k-mer frequency
spectrum and then fitting a model to the distribution to esti-
mate which parts of the spectrum come from erroneous
k-mers (Chikhi and Medvedev 2014). Usually, the low-
frequency end of the spectrum is dominated by erroneous
k-mers because sequencing errors are unlikely to generate
the same erroneous k-mers many times and usually convert
real k-mers into k-mers not found in the source genome
(Kelley et al. 2010). Although this criterion for choosing k
could be applied to population genetic datasets, it is not if clear
the resulting optimal k& would vary significantly between ge-
nomes within the same species. Presumably, if genomes within
the same species have considerable variation in repetitive con-
tent (Haberer et al. 2020), size (Schmuths et al. 2004), or
ploidy (reviewed in Kol4f et al. 2017) then the optimal k could
vary. Determining the value of k that maximizes the number of
unique nonerroneous k-mers across all individuals in a popu-
lation may be of interest for future population genetics studies.

Choosing k Based on the Probability of Chance
k-mer Matches Between Samples

Another way to choose k is to think about the probability that
a k-mer from one genome is also found in a second genome by
chance alone. For example, it would be unsurprising for al-
most any pair of reasonably long, naturally occurring DNA se-
quences to share the k-mer “AGC” because this k-mer is very
short and could occur many times in a random sequence. How
large must k be then before finding a k-mer in two different se-
quences is unlikely by chance alone? To discuss this question,
we next present equations similar to ones in Ondov et al.
(2016), except we generalize to account for variation in base
composition between sequences being compared.
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Let’s begin by imagining we have two genome sequences we
wish to compare: X7 and X;. First, to generate X1, we sample
with replacement the letters A, T, G, and C a total of L times
with probabilities pa1, P11, Pc1, and pcy, respectively, where
par + 0711 +pc1 +pc1 =1. In other words, we sample our
DNA from a multinomial distribution where we assume that
each base is sampled independently of the preceding bases.
This gives us one strand for X; and we can then generate the
complementary strand by pairing A with T and G with
C. We repeat this whole process once more to construct X, us-
ing probabilities p 42, P12, P2, and pcz, which may or may not
match the probabilities for X1, except we only sample & bases.
This gives us a k-mer, K, in the genome sequence of X,. We
now wish to find the probability that K occurs in X1, assuming
that the sampling of bases for K was independent of sampling
bases for Xj.

If we imagine constructing X; and K at the same time, then
the probability of drawing the same letter for both sequences
at a given position is:

Xp=parpaz + pripr2 + Pcipc2 + pcipce. (1)

However, we also want to consider sequences that are reverse
complements as identical, so the probability of drawing a pair
of bases that match as reverse complements is:

ZR =patpr2 + Pripaz + pcipca + pcipca. (2)

The probability of drawing k pairs of bases in a row that are
either identical or reverse complement matches is thus X
and 2k, respectively, assuming that each base is sampled inde-
pendently of all others. The complementary probability of not
getting k matches in a row on the forward strand is 1 — =¥ and,

comparably, 1 — =¥ for the reverse strand. Because X; con-
tains L bases, there are a total of L —k + 1 k-mers in X1, so
the probability of a K not matching at any k-mers in X is ap-
proximately (1 — EJIE)L_’Pr1 and (1- Zﬁ)bk“. It should be
noted that at this step we are assuming that the chance of K
mismatching at a given position in X; is independent of the
chance that K mismatches at other positions in X1, which is
not strictly true. For example, if K is the sequence
“AAAAA,” and we compare K to a subsequence in X; that
is “AACAA” we would say that K and this subsequence do
not match. However, with this information we would also
know with certainty that adjacent k-mers in X; will also

not match K because they will still contain a “C.”
However, we will continue with assuming that the mismatch
between X; and K is independent at all positions because this
makes our final equations more conservative (decreasing the
¥k term in equation (5) will decrease the overall value of
equation (3)).

We can now say that the probability of finding the k-mer K
at least once by chance alone at any of the L — k + 1 positions
in the sequence X is:

(L—k+1)
P(K € Xip)=1- (1 - z’;) (3)
(L—k+1)
PKeXip)=1-(1-3f) . (4)
Assuming k < <L, equations (3) and (4) approximate to:
L
P(K € Xip) ~ 1 — (1-2’;) (5)
L
P(KeXlR)zl—(l—Z§> : (6)

We confirmed that equations 5 and (6) work as expected in
simulations (Fig. 1). Similar to Fofanov et al. (2004), we can
then solve these equations to give the minimum k-mer length
required to achieve a desired probability of chance k-mer
matching of g = P(K € Xir) = P(K € XjR):

ky = {logzk(l —-(1- q)l/L)-‘ (7)

ki = [logs, (1-(1-q)'"") | (8)

and now given a choice of g we are willing to tolerate, we can
then use max (kg, k) as a potential choice of k.

Equations (7) and (8) demonstrates that k = 19 reduces the
probability of two 3 Gb genomes of random sequence sharing
the same k-mer by chance to just 1% (Ondov et al. 2016) (as-
suming all bases are in equal proportion in both genomes,
pa1 =p11 =Ppc1 =Ppc1 =paz=p12 =pc2 =pca=1/4) while
k=27 gives g=1x107° for a 10 Gb genome where both
X4 and X; have a GC content of 42% (pa1 = p11 = Paz=p12 =
0.29 and Pc2=pPc2=pPc2=pPc2= 0.21). Sllghtly longer
k-mers are required when the proportion of each base is not
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Fig. 1. The relationship of k-mer length and base composition to chance matching. We verified a) Equation (5) and b) Equation (6) by randomly generating
5.5 million pairs of k-mers and genomes. Each simulation had 100,000 trials. For each trial we randomly generated a genome of length 10,000 bases using
a given base composition (pa, pr, Pg. Pc in barchart) and also generated a random k-mer (color gradient shows k) using the same base composition. We
then checked whether the random k-mer was in the random genome. In total, the 5 different base compositions x 11 different k-mer lengths x 100,000
trials per simulation gives 5.5 million trials total. Grey line is where the theoretical (i.e. Equations (5) and (6)) and empirical probabilities (i.e. from
simulations) of a chance match are equal. Dotted black line shows the resolution of the simulations; because we did 100,000 trials per simulation we
cannot empirically estimate probabilities smaller than 1/100,000.
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Fig. 2. Comparison between a typical SNP-calling workflow and a k-mer counting workflow. A typical k-mer-based analysis begins the same as a
SNP-based analysis: sequencing reads from sampled genomes followed by trimming and other quality control steps on the reads. The crucial difference
comes down to whether the remaining reads are aligned to a reference sequence (discarding any unaligned reads) or are used for k-mer counting.
Workflows may vary in terms of attempting to map k-mers to specific loci or calling variants other than SNPs (denoted with “?"). The end result for each
workflow is typically a matrix where each row is a different genomic variant, each column is a sample, and the elements represent the variant states. For
SNPs, the standard variant call format notation is to use 0/0 to represent homozygous reference genotypes, 0/1 or 1/0 to represent heterozygous
genotypes, and 1/1 to represent homozygous alternate genotypes. In k-mer-based analyses, the variant states are instead counts of how many k-mers of
a particular type were observed in each sample.

25% in both genomes because it is more likely then to have In summary, if k is high enough, two genomes in a
low-complexity strings of bases which make spurious matches population are highly unlikely to share k-mers just
more likely. For example, the required k-mer length increases ~ through the accumulation of random sequences alone,
to 34bp if the GC content of both genomes is 21% suggesting that shared k-mers usually reflect shared ances-
(Par=P11=Ppa2=p12=0.395 and pg1 =pc1 =pc2=pce= try. Developing additional k-mer selection criteria that
0.105), given a 10 Gb genome and g =1 x 107°. explicitly model the influence of shared ancestry on the
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probability of k-mer sharing could improve approaches to
choosing k.

Choosing k Based on the Balance of Shared vs
Differing k-mers

A final class of approaches for choosing k focuses on how if k is
small, most k-mers are shared between most samples, but as k
increases more sample-specific k-mers occur until no shared
k-mers remain (Zhang et al. 2017). Neither of these scenarios
is usually desirable—the former makes all samples appear to
be identical, while the latter makes all samples appear to be com-
pletely different. Thus, choosing k boils down to balancing the
number of shared vs differing k-mers. Some statistics for inform-
ing this choice include cumulative relative entropy (Sims et al.
2009), relative sequence divergence (Sims et al. 2009), average
number of common features (Zhang et al. 2017), Shannon’s di-
versity index (Zhang et al. 2017), and x? tests (Bai et al. 2017).
However, there are two main drawbacks of these statistics. First,
they were mainly developed for phylogenetic studies focused on
short amino acid k-mers, so their utility for population genetics
(which would probably focus on longer nucleotide k-mers) is
untested. Furthermore, different values of k will appear optimal
for genomes of different sizes (Zhang et al. 2017), making it
hard to imagine that one optimal k exists for a population exhib-
iting substantial genome size variation. Extending these or simi-
lar approaches to optimize k for populations with genome size
variation will be very useful for future studies.

Box 2: What's the Expected Value of k-mer
Diversity in a Neutrally Evolving Population?

We argue that k-mers can be useful for initial assessments of
genetic diversity, but two key questions are likely of interest
to population geneticists: can k-mer diversity be related to nu-
cleotide diversity (the common measure of genetic diversity),
and what is the expected value of k-mer metrics for popula-
tions evolving under a given model? Here, we derive a simple
bound on the expected number of k-mer differences between a
pair of individuals in a neutrally evolving population. Our re-
sult is similar to Shi et al. (2024), except we generalize beyond
haploid organisms.

We start by assuming that (i) & is sufficiently long to capture
all of the unique sequences in a genome, (ii) each genome is se-
quenced at sufficient coverage to confidently identify all of the
k-mers present, (iii) k-mers are sequenced without error, and
(iv) only SNPs contribute to differences between genomes.
Let 7 and j be individuals in a neutrally evolving population
with ploidy level x and let y and z be two haploid genomes
in the pool of i and j that differ by origin. Next, let K; and
K; represent the set of k-mers identified in individual i and
/s genomes respectively and let |K;| denote the size of the set
K;. If all of the genomes within 7 and j are identical, then all
k-mers are shared between them. If we start by assuming i
and ; are haploid, this means a maximum of 2k k-mers are
not shared between i and j for every pairwise difference be-
tween 7 and j (Igbal et al. 2012; Younsi and MacLean 2015).
This relationship can be written as:

IK; U Kj| = |K; n Kj| <2kD,,, 9)

where D,, represents the number of pairwise differences
between haplotypes y and z and the left side represents
the number of k-mers exclusive to either 7 or j. The reason
for the using a “<” in equation (9) is to account for three

possibilities: (i) if two SNPs are less than k bases apart,
there will be fewer than 4k k-mers not shared between i
and j, (ii) it is possible for a SNP to turn one k-mer into
a different k-mer that’s already present elsewhere in a gen-
ome, and (iii) at higher ploidy levels, if a segregating site is
heterozygous in 7 and j then i and j will share all k-mers
between them.

To generalize beyond haploid organisms, we will replace the
conversion factor of 2 in equation (9) above with a general
function a(x):

IK; UKj| = [K; n Kj| <a(x) ) Dy, (10)

y<z

where a(x) is a conversion factor that turns a number of pair-
wise differences into a number of sample-exclusive k-mers as a
functionof x and 3, _, Dy, is all of the pairwise differences for
any pair of haplotypes y and z in 7 and j. The values that maxi-
mize a(x), maintaining the validity of using a “<” sign in
Equation (10), are as follows:

%, if1<x<3.
alx)=4% k (11)
m’ lf.x24

When the population is haploid (x = 1), Equation (10) reduces
to Equation (9). When x= 2 or 3, a(x) is maximized when 7 and
j are homozygous for different alleles, creating 2k
sample-exclusive k-mers for every 4 or 9 pairwise differences,
respectively. However, when x > 4, the situation that maxi-
mizes a(x) is one where the SNP exists on only one haplotype
in 7 or j, creating k sample-exclusive k-mers for every 2x — 1
pairwise differences.

Now, we will convert the right side of Equation (10) into
nucleotide diversity (z). Summing across all pairs of individu-
als gives:

Y IKUK|-IKnK|<ax)) D Dy (12)
i<j i<j y<z

Next, we convert the right-hand side into genome-wide
average = by dividing both sides by the number of pairwise
haplotype comparisons (Korunes and Samuk 2021), which
is the number of individuals sampled » times ploidy x,
choose 2:

i K Kn,xl - |Ki n Kj| < a(x)<2i<i Xn:gq Dyz> 13)
(%) (%)

i 1IKi UKj| = [K; n K
Ligi IKi ’xl i 0 Kl < a(x)r. (14)
(%)
Next, isolating 7= on one side gives:

ZK{ |K,‘UK,‘|—|K,‘HK,‘| <z (15)
a(x)(5)

The intuition behind this formula is that, in a world where
our assumptions are met, the number of k-mers that are
not shared between a pair of samples is bounded by a mul-
tiple of z. The need to scale = by a(x) to get a bound re-
flects the fact that a given SNP can be captured by
multiple k-mers, but the exact relationship between pair-
wise differences and sample-exclusive k-mers depends on
ploidy.




Finally, we can substitute z for the standard formula for the
expected value of 7 in a neutrally evolving population at equi-
librium (Tajima 1996):

E > i IKi U K| =
a(3)

2x N,

IK; N Kj|:|
, (16)

1+ %ZxNe,u

where N, is effective population size and u is the mutation rate
(probability of mutation per base pair per generation). The de-
nominator on the right-hand side of Equation (16) ensures
that the expected value of x saturates as it approaches it is the-
oretical maximum of 0.75 (Tajima 1996). Altogether, equations
(15) and (16) provide simple bounds for the average number of
k-mers that differentiate a pair of samples in terms of N, and .

Identifying Variation with k-mers

Many of the earlier studies using k-mers to identify variants de
novo focus on microbes, where (despite small genome sizes)
high levels of diversity make alignment and choosing a reference
genome difficult (Gardner and Slezak 2010). However, similar ap-
proaches have now been extended to other taxa. One class of ap-
proaches calls SNPs de novo simply by comparing k-mers between
samples and searching for pairs of k-mers that differ at their central
basepair (Gardner and Slezak 2010; Gardner and Hall 2013; Bedo
etal. 2016; Li et al. 2022). Another, more popular, class of meth-
ods relies on de Bruijn graphs, which are graphs where k-mers are
nodes and two nodes are connected if they share k — 1 bases
(Compeauetal.2011). SNPs in a sample then appear as “bubbles”
in these graphs and calling SNPs amounts to searching for these
bubbles (Igbal et al. 2012; Leggett et al. 2013; Uricaru et al.
2015; Younsi and MacLean 2015; Standage et al. 2019;
Gauthier et al. 2020). Finally, other approaches first identify
k-mers that are present in all samples (i.e. “anchor” k-mers) and
finds paths between anchor k-mers through either local alignment
or traversing de Bruijn graphs (Audano et al. 2018; Kaplinski et al.
2021; Aylward et al. 2023). The main drawback to these ap-
proaches is that the relative positions of the resulting variant calls
are usually unknown without further analysis (see Fig. 2).

To call variants with known relative positions, it is possible to
combine the strengths of k-mers with either pangenomes or data-
bases of previously identified variants. This is because unique var-
iations in pangenomes will often be tagged by multiple unique
k-mers. For example, one can compare k-mers with a reference
set of SNPs (Shajii et al. 2016; Pajuste et al. 2017; Denti et al.
2019; Shi et al. 2023; Chu et al. 2024) or insertions (Puurand
et al. 2019) to quickly genotype samples without alignment. Or
if a reference pangenome assembly is available, it is possible to
use k-mers to infer the path through the pangenome corresponding
to a given sample genome (Igbal et al. 2012; Ebler et al. 2022;
Grytten et al. 2022; Hantze and Horton 2023). However, similar
to common alignment-based SNP calling practices, the called var-
iants will be limited to variants present in the pangenome reference.

If references are not already available, k-mers can be especial-
ly helpful for identifying and assessing variation in species with
little prior knowledge. For example, the popular tools genome-
scope and smudgeplot use the distribution of k-mer counts in a
sample (i.e. the k-mer frequency spectrum) to rapidly estimate
important parameters, including genome size, heterozygosity,
and ploidy structure all from unassembled read sets (Vurture
et al. 2017; Ranallo-Benavidez et al. 2020). k-mer frequency
spectra can also identify unwanted variation that is potentially
due to contamination (reviewed in Cornet and Baurain 2022)
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or sequencing error. k-mers have the useful property that se-
quencing errors mainly manifest as k-mers that occur just once
or a few times in a sample of reads (Kelley et al. 2010). This is
because random sequencing errors are unlikely to generate the
same k-mer many times and (if & is long enough, see Box 1) usu-
ally produce k-mers not found in the target genome. Thus, ex-
cluding low-copy k-mers from an analysis can mitigate
sequencing error and one can examine the k-mer frequency spec-
trum to choose an appropriate k-mer count cutoff (Zhao et al.
2018). Although k-mer frequency spectra can be usefully mined
for genome parameters, their exact relationship to key popula-
tion genetic parameters, such as measures of differentiation or
diversity, remains underexplored.

Measuring Variation with k-mers

After calling variants, quantifying levels of variation is a cru-
cial step in many population genetics workflows. Because
counting k-mers tends to be faster than alignment, k-mers
could be especially helpful for rapid, initial assessments of di-
versity that complement or guide pangenome analysis. The
standard approach to measure diversity in a population is to
align sample sequences to a reference genome then calculate
either (i) the average level of heterozygosity across sites or
(ii) the number of variants segregating in the sample. These
are represented by Nei’s (Equation (17); Nei and Li 1979;
Nei and Tajima 1981) and Watterson’s (Equation (18);
Watterson 1975) estimators of diversity, respectively:

o= (1-20) () 1
S
0py=——, (18)
1 1
Yoot -

where 7 is the number of sequences in the sample, p; is the fre-
quency of the ith allele at a locus, and S is the number of segregating
sites at a locus. While 6, is based on a discrete count of variants (S),
wis shaped by the allele frequencies of variants and will be higher if
variants are common than if variants are rare (note that 7 is more
commonly rewritten in terms of the average number of differences
between sequences Korunes and Samuk 2021).

Can analogous measures of variation be derived from
k-mers? There are over 30 valid measures of genetic difference
based on k-mer counts used in previous literature (Benoit et al.
2016; Zielezinski et al. 2017; Luczak et al. 2019; Zielezinski
et al. 2019). However, the three most common k-mer dissimi-
larity measures are arguably Jaccard dissimilarity (Equation
(19); Ondov et al. 2016), Bray—Curtis dissimilarity
(Equation (20); Dubinkina et al. 2016; Benoit et al. 2020),
and cosine dissimilarity (Equation (21), Choi et al. 2019):

K,nK;
J(Ki, Kj) =1~ [N Kf (19)
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where & is the length of k-mers to be included in the compari-
son, K; and K; are the set of k-mers of length k present in a set
of reads i and j, C; and C; are vectors of k-mer counts in a set
of reads i and j, and m; is a function that returns the relative
frequency of the bth k-mer in a set (i.e. standardized such

that Zle my,(C;) and Z‘::l my,(C;) equal 1). These measures
work similarly to the classical # and 6,, measures: the numer-
ators are a measure of the number of sites that vary between
individuals, while the denominators are a measure of sample
size (here the number of k-mers rather than number of hap-
lotypes). The main difference, however, is that k-mer-based
measures of genetic dissimilarity are not directly interpret-
able in terms of mutations, like 7 and 0,, can be with the as-
sumption that each SNP represents one mutation (Haubold
et al. 2011; Haubold and Pfaffelhuber 2012). Any given
k-mer may represent the combined presence of multiple mu-
tations (Voichek and Weigel 2020; Blanca et al. 2022) and
any mutation can generate multiple new k-mers. Although
this means that k-mer-based genetic dissimilarity measures
are only proxies for the true mutational distance between in-
dividuals, they still effectively resolve relationships between
lineages compared to alignment-based measures
(VanWallendael and Alvarez 2022).

While Equations (19), (20), (21) have all been successful-
ly used to measure genetic dissimilarity between samples in
past studies, the formulae highlight their benefits and
drawbacks. First, Jaccard dissimilarity, perhaps the most
commonly used k-mer dissimilarity metric (Ondov et al.
2016; Ruperao et al. 2023), requires only knowing k-mer
presence/absence patterns in samples instead of k-mer
counts and thus can take less memory to calculate than oth-
er k-mer-based dissimilarity measures. However, as a con-
sequence Jaccard dissimilarity may not capture the effects
of copy number variation and does not account for vari-
ation in coverage between samples, which affects whether
a given k-mer is called as “present” in a sample
(VanWallendael and Alvarez 2022). Approaches that
measure k-mer counts, like Bray—Curtis dissimilarity
(Equation (20)) and cosine dissimilarity (Equation (21)),
can better account for these influences, but may require
more memory for storing counts (Liu et al. 2017; Choi
et al. 2019). To alleviate this memory problem, many ap-
proaches calculate approximate k-mer dissimilarity meas-
ures with a small subset of k-mers (Ondov et al. 2016;
Zhao 2019; Benoit et al. 2020; Pellegrina et al. 2020).
An alternative approach would be to instead compress
the k-mer counts into a smaller array, keeping information
from more k-mers while simultaneously alleviating mem-
ory burdens (Melsted and Pritchard 2011), but such ap-
proaches have not been wused to calculate genetic
dissimilarity before. The relationship between k-mer-based
dissimilarity measures and z is also rarely explored. While
some studies have investigated the relationship between =
and Jaccard dissimilarity (VanWallendael and Alvarez
2022), other k-mer dissimilarity measures are possible
and no studies to our knowledge have compared these ap-
proaches for populations of varying levels of diversity—a
key determinant of whether alignment-based genotype calls
are accurate (Cornish and Guda 2015; Bush et al. 2020). In
the following sections, we investigate the efficacy of com-
pressed and uncompressed k-mer-based measures of vari-
ation at capturing the true pairwise diversity of simulated
populations.

Testing the Efficacy of kmer Measures of Variation

We used simulations to investigate the relationship between
the true value of 7 and genetic diversity measured from
k-mer-based approaches from simulated sequencing reads.

Simulations

We simulated a neutrally evolving 100kb segment of the
Arabidopsis thaliana genome. We first forward simulated
300 neutrally evolving populations with SLiM 3 (Haller and
Messer 2019). Each population consisted of 100 individuals
simulated for 1,000 generations with a uniform recombin-
ation rate of 1078, To vary the diversity across simulations
we varied the mutation rate between 107° and 2x10~*. For
each simulation, we tracked the ancestry through tree-
sequence recording which records the geneological history of
all samples (Haller et al. 2019). From these trees, we generated
sequences based on the A. thaliana genome (chromosome 1 at
positions 4,185,001-4,285,000) (Kent et al. 2002). We took a
sub-sample of 10 individuals from the tips of the trees and ran-
domly assigned nucleotides to each SNP in the sample using
msprime version 1.2.0 and tskit version 0.5.6 (Baumdicker
etal. 2022). From the sub-tree of the sampled genomes, we re-
corded the exact number of true average pair-wise differences
(m;) across the sample of 10 individuals (20 chromosomes) us-
ing msprime (Baumdicker et al. 2022).

Generating k-mers

To test the performance of the k-mer measures on unaligned
reads, we simulated reads for each genome using an Illumina
read simulator, InSilicoSeq 2.0.0 (Gourlé et al. 2019). We var-
ied the read count to later investigate the effect of coverage as
described below. We generated two sets of reads for each indi-
vidual at coverages of 10x and 30x. After simulating reads, we
counted k-mers within the reads using KMC3 (Deorowicz
etal. 2015; Kokot et al. 2017). We generated k-mer count vec-
tors with £ = 10, 20, 30, and 40 for each individual. We used
a threshold-based approach to adjust the k-mer vectors to re-
duce the effects of sequencing errors; any k-mer count below
the threshold value was set to zero for a particular sample be-
fore any dissimilarity calculations. For a threshold of 5, only
k-mers with counts of 5 or more were considered when calcu-
lating the difference between two or more groups of k-mer
counts. We present data with a threshold of 5, but note that
a threshold of 0 is qualitatively similar with dissimilarity
scores being slightly higher overall. This practice of filtering
out low-coverage k-mers is analogous to the common practice
of filtering out SNPs below a given minor allele frequency
threshold (Asif et al. 2021). After k-mer counting, we calcu-
lated the genetic dissimilarity of populations with the Bray—
Curtis (Equation (20)) and cosine dissimilarity (Equation
(21)) measures.

The Effect of k on k-mer Similarity Metrics

Figure 3 shows the effect of k on the Bray—Curtis score with
30x coverage. We observe a plateau in the scores when diver-
sity exceeds 7 & 2.5%. This plateau occurs because, when di-
versity is high, SNPs cause most of the k-mers to be different
between two samples. This effect is especially true with high
k values as one variant sampled in only one read can appear
in up to 2k k-mers if it is sampled away from the edges of a
read. The elevated number of k-mers at high diversity means
that it is harder to interpret differences in dissimilarity
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Fig. 3. Bray—Curtis dissimilarity calculated from simulated reads with a coverage of 30 where each point represents a sample of 20 chromosomes.
Displayed are 10-mers (yellow), 20-mers (green), 30-mers (blue), and 40-mers (purple) each with a linear regression line for z; between 0 and 0.025.

The scores for populations with a 7; <0.025 is shown to the right.

measures between samples above this threshold, but this prob-
lem can be mitigated by using a lower k value, such as k =10
when the expected diversity in a sample is high. If z; is ex-
pected to be below 0.025, larger k values can have higher pre-
cision and capture more unique k-mers in individual samples,
better estimating true diversity.

While the data presented in Fig. 3 were simulated with a
coverage of 30x, supplementary Figure S1, Supplementary
Material online shows that a coverage of 10x results in quali-
tatively similar scores when k& = 30. While coverage affects the
precision of the measures, the overall trends and relative rank-
ings between simulations remain consistent.

The Counting Bloom Filter Approach to Comparing Genomes

Bloom filters are a data structure that can compress a k-mer
count vector into a smaller array (Melsted and Pritchard
2011). We can compute the dissimilarity of two compressed
vectors using less memory and with increased efficiency as
fewer entries are compared. Counting bloom filters (CBFs)
are modifications of bloom filters (Fan et al. 2000) and are
used in alternative k-mer count methods and error correction
in sequencing data (Shi et al. 2010; Melsted and Pritchard
2011; Roy et al. 2014). CBFs compress the k-mer vectors
through several hash functions that map to a smaller array.
Counting bloom filters will increase the k-mer count in the
position as opposed to setting the count to one if a k-mer
has been mapped there (see Fig. 4). Because of the hash-
functions and collisions, false positives are possible; here a
“false positive” means that two k-mers of different sequences
may map to the same locations in the vector (i.e. have a hash
collision). However, identical mapping of two different
k-mers is not a concern for relative comparison of diversity,
since the same hash functions are used for each sample so col-
lisions are consistent across samples. Collisions will cause di-
versity to be underestimated, but we can reduce collisions by
increasing the number of hash-functions used in the process
(Melsted and Pritchard 2011).

A CBF gives a standardized way to compare across species/
experiments if the vectors for k-mer counts are set to the same
size and the same hash functions are used to generate the vectors
across data sets. We can also perform the same cosine dissimi-
larity measure on the CBF vector that we use directly on the
counts of k-mers. The cosine dissimilarity measure on the raw
k-mer count vectors has the same R? to the compressed CBF

vectors (0.97) when comparing the scores to ;. Figure 5 shows
that the cosine dissimilarity using the counting bloom filter is
qualitatively similar to the cosine dissimilarity with the raw
k-mer counts. This similarity and the high R? mean that the pre-
dictability of z; is maintained while using the smaller, more
manageable CBF data structure. Therefore, we can reliably
use the CBF data structure as opposed to the raw k-mer counts
to calculate the cosine dissimilarity of two samples.

The memory usage of a k-mers vector for a sample with 10x
coverage and k = 30 under our simulations is around 4.5 MB
per sample. The memory usage is reduced to 0.02 MB when
compressed to a 10,000 element array of unsigned 16-bit inte-
gers. Therefore, storing and using k-mer counts for measuring
diversity scale much better under the CBF data structure.

The Effect of Array Size on CBF Measures of Diversity

We found that the size of the CBF array scales the cosine dis-
similarity score and keeps the rank of scores very similar as the
array size changes. Since rank is maintained, we can take ad-
vantage of much smaller arrays without losing much informa-
tion about the relative diversity scores between samples.
Smaller arrays allow for less memory usage, and faster com-
puting of cosine dissimilarity. Supplementary Figure S2,
Supplementary Material online compares the scores of a
CBF array of size 20 million and 10 thousand on the same sim-
ulations. We observe that the smaller array adjusts the scores
down while maintaining the same rank of scores. For example,
these results show that if a population has the lowest cosine
score with the 20 million length array, it remains among the
lowest scores with a 10,000 length array. This result means
that it may be possible to adjust the vector size such that the
cosine dissimilarity scores are similar in magnitude and scale
to the true pairwise nucleotide diversity which can be useful
for prediction of the score without alignment, and can make
interpretation simpler. However, the viability of this approach
still needs to be investigated across different species and gen-
omic contexts, it is likely there is not a “one size fits all” array
size that would scale cosine dissimilarity to match 7 universal-
ly. Our simulations only consider SNPs, neutral evolution, and
the A. thaliana genome. It is still left to determine the effects of
other mutations types such as insertions, deletions, and inver-
sions as well as other evolution types. Therefore, we should
avoid the potential pitfalls of interpreting a scaled value direct-
ly as 7 unless future work shows that to be appropriate.
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Explaining Variation with k-mers

A common first step to understanding the evolutionary forces
shaping variation in populations involves quantifying differ-
entiation between populations. Patterns of differentiation in
SNP genotypes are often summarized and plotted using di-
mension reduction techniques, such as principal component
analysis (PCA) (Novembre and Stephens 2008). k-mer geno-
types are also amenable to PCA and recover the same differen-
tiation patterns as SNP-based PCA (Liu et al. 2017; Murray
et al. 2017; Rahman et al. 2018; Ho et al. 2019; Hrytsenko
et al. 2022). Applying dimensional reduction to k-mers can
even differentiate species (Rosen et al. 2008; Aflitos et al.
2015; Bernard et al. 2016; Linard et al. 2019; Boddé et al.
2022), something that can be difficult to do with SNPs without
multiple sequence alignment. Interestingly, k-mers from re-
petitive sequences may not always differentiate populations
that are clearly differentiated in terms of their SNP genotypes
(Renny-Byfield and Baumgarten 2020), suggesting that identi-
fying the set of k-mers that best differentiate populations could
be an important avenue for future research. Furthermore,
while we are aware of one study in yeast that estimates admix-
ture proportions from k-mers (Shi et al. 2024), more investiga-
tion is needed to see if this approach works for other species.

Besides polymorphism between populations, k-mers are
also useful for explaining polymorphism patterns across ge-
nomes in terms of specific evolutionary forces. For instance,
the k-mer profile of a given locus is often predictive of the local
recombination rate (Liu et al. 2012; Haubold et al. 2013;
Haubold 2014; Frenkel et al. 2016; Al Maruf and Shatabda
2019) and the local mutation rate (Aggarwala and Voight
2016; Carlson et al. 2018; Bethune et al. 2022; Adams et al.
2023; Beichman et al. 2023; Liu and Samee 2023). k-mers
can capture information about recombination and mutation be-
cause these processes often associate with specific functional
DNA motifs (Myers et al. 2008; Rizicka et al. 2017).
However, k-mers are also intrinsically sensitive to sequence
changes and while there are some existing methods to identify
new mutations (Nordstrom et al. 2013; Ho et al. 2019) and sites
of recombination (Fletcher et al. 2021) solely from k-mers, fur-
ther development is needed. Being able to predict fine scale vari-
ation in mutation and recombination rates solely from the
k-mer profile of a reference sequence would be extremely bene-
ficial because these processes frequently confound scans for
sites of selection (Huber et al. 2016). However, this would re-
quire further study of the relationship between k-mers and mu-
tation/recombination rates across wider ranges of species.
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k-mers also offer opportunities to explore patterns of selec-
tion. One general assumption in k-mer literature is if a k-mer is
shared across all individuals of a population or species then it
is potentially under selection to be conserved (Bernard et al.
2016; Aylward et al. 2023). In contrast, a k-mer that is not
present in any individual is possibly selected against (although
this assumes that k is sufficiently small such that the total pos-
sible k-mer space is small, as might be true when analyzing
small amino acid-derived k-mers) (Georgakopoulos-Soares
et al. 2021). However, it is unlikely that selection is solely re-
sponsible for patterns of k-mer sharing across individuals or
species, so more rigorous approaches are needed. One poten-
tially more rigorous approach would be to investigate k-mers
that differentiate populations as candidates for loci underlying
local adaptation, similar to Fsy (Kane and Rieseberg 2007).
Although, we are not aware of any papers that employ this
specific approach, identifying group-specific k-mers is a very
common and useful practice, with one example being the as-
sembly of sex-specific sequences (Akagi et al. 2014; Ou et al.
2017; Liao et al. 2020; Neves et al. 2020; Mehrab et al.
2021; Wu et al. 2021; Behrens et al. 2022; Fong et al. 2023;
Lichilin et al. 2023). There are some metrics of k-mer differen-
tiation in published literature already (Rahman et al. 2018),
but they do not have the same interpretation as Fsr. An alter-
native approach would be to march through a deBruijn graph
(Aylward et al. 2023) to find strings of k-mers with selective
sweep-like patterns, mainly low diversity, high linkage dis-
equilibrium between k-mers, an excess of rare k-mers
(Alachiotis and Pavlidis 2018), high differentiation between
populations (Zhong et al. 2022), and high haplotype homozy-
gosity (Klassmann and Gautier 2022) which could be deter-
mined based on k-mer copy number (Vurture et al. 2017;
Ranallo-Benavidez et al. 2020).

There are only a few model-oriented studies that compare
the k-mer spectrum observed in a genome to a neutral expect-
ation, mostly in the context of detecting selection on transcrip-
tion factor binding motifs (Gerland and Hwa 2002; Ke et al.
2008; Raijman et al. 2008; Yeang 2010; Gyorgy 2023). The
basic idea behind these approaches is to first derive a neutral
substitution model—which describes the probability of one
nucleotide being substituted for another in a neutrally evolv-
ing sequence (Ke et al. 2008; Raijman et al. 2008)—then meas-
ure deviations from that neutral model according to the
presence/absence of particular k-mers in a genome. Although
these models are able to detect selection on k-mers that exist
in multiple places across a genome, as is the case with binding
motifs, it is unclear whether they could be applied to k-mers
that represent unique genomic sequences.

Challenges in Investigating k-mers

Despite the wide potential of k-mers to be useful for popula-
tion genetic studies, there are three important limitations to
keep in mind for most k-mer investigations. First, interpreting
the biology of specific k-mers is often a challenge. One option
is to take the candidate k-mers identified from an analysis and
either align the k-mers themselves, the reads containing said
k-mers, or assembled reads containing said k-mers to a refer-
ence genome (Voichek and Weigel 2020) or a database of
known sequences and motifs. While this is effective at pin-
pointing concrete type of variants at play in a system, it par-
tially defeats the purpose of using k-mers in the first place
because k-mers of interest may not be present in a reference
genome. Second, since each sequencing error can generate
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up to k erroneous k-mers and general practice is to discard
reads with many unique k-mers to reduce the effect of error
rates (Zimin et al. 2013), analysis of k-mers typically requires
datasets with high coverage (>10x) and low-sequencing error
rates. These criteria can potentially exclude long-read datasets
(Vurture et al. 2017) or reduced-representation datasets where
genomes are sequenced at lower coverage to cut costs.
Approaches that apply k-mers in lower coverage or higher
error-rate datasets are needed. Third, k-mer-based analyses
can frequently involve hundreds of millions or billions of
unique k-mers. Storing and processing this many k-mers at
once is often not feasible even on high performance computing
systems. Two approaches to solving this issue are to subset
one’s k-mers (Ondov et al. 2016; Zhao 2019; Benoit et al.
2020; Yi et al. 2021), or, as we discuss here, compress vectors
of k-mer counts into an array of smaller size (Melsted and
Pritchard 2011). However, these solutions are usually devel-
oped for specific contexts, such as measuring genomic dissimi-
larity, and may not be applicable to every population genetic
analysis. Future studies need to carefully consider common ap-
proaches to decreasing the disk burden of k-mer-based ana-
lyses and should explore new potential solutions.

These challenges to studying k-mers highlight how
k-mer-based methods should be viewed as complementary
to, instead of better than, pangenomes in many situations.
Among other benefits, pangenomes have ready biological in-
terpretations and provide greater information on linkage be-
tween sequences. However, the fact that k-mers can be
studied with fewer computing resources and simpler sequen-
cing data sets makes them potentially useful for either prelim-
inary pangenomic analyses or situations where constructing
many reference quality genomes is not yet feasible.

Conclusions

Current literature demonstrates that k-mers are useful for
identifying, measuring, and explaining variation within popu-
lations without performing alignment. Through our own sim-
ulations of neutrally evolving populations, we find that k-mer
dissimilarity reliably scales with nucleotide diversity and
k-mer matrices can be compressed with minimal loss of dis-
similarity information. However, further development is
needed to make k-mers amenable to a wider array of popula-
tion genetic tasks, especially the identification of selected loci
and population structure. Further developing alignment-free
approaches to population genetics tasks will ultimately help
guide and complement the analysis of pangenomes.

Future Directions

¢ Can we develop criteria for choosing values of k that ac-
count for population-level variation in genome size or
genome content?

e Can we develop k-mer-based estimates of population dif-
ferentiation that are more similar to Fg?

¢ Can we identify putative selective sweeps using k-mers?

¢ Can we develop applications of k-mers that are amenable
to lower-coverage or pooled sequencing samples that are
common in population genetics?

e k-mers are useful for getting preliminary estimates of im-
portant genome parameters that are useful for tuning pan-
genome assembly (Ranallo-Benavidez et al. 2020). What



K-mer-based approaches - https://doi.org/10.1093/molbev/msaf047

other types of preliminary pangenome analyses might
k-mers be useful for?

e Can k-mers, either in combination with or without a pan-
genome reference, be useful for rapidly estimating allele
frequencies and performing demographic inference?

Supplementary Material

Supplementary material is available at Molecular Biology and
Evolution online.
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