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ABSTRACT

Pangenomes are replacing single reference genomes to capture all variants within a species or
clade, but their analysis predominantly leverages graph-based methods that require multiple high-
quality genomes and computationally intensive multiple-genome alignments. K-mer decomposi-
tion is an alternative to graph-based pangenomes. However, how to directly use k-mers for the
population genetic analyses is unknown. Here, we developed a novel strategy that uses the genomics; genetic diversity;
variants of k-mer count in the genome for population analyses. To test the effectivity of this alignment-free; reference-
method, we compared it directly to the SNP-based method on the analysis of population structure free

and genetic diversity of 267 Saccharomyces cerevisiae strains within two simulated datasets and

a real sequence dataset. The population structure identified with k-mers recapitulates that

obtained using SNPs, indicating the effectiveness of k-mer-based approach, and higher genetic

diversity within real dataset supported k-mers contained more genetic variants. Based on k-mer

frequency, we found not only SNP but also some insertion/deletion and horizontal gene transfer

(HGT) fragments related to the adaptive evolution of S. cerevisiae. Our study creates a framework

for the alignment- and reference-free (ARF) method in population genetic analyses, which will be
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more pronounced in the species with no complete genome or highly diverged species.

1. Introduction

Molecular population genomics is the study of quan-
tifying the level of genetic variations within and
among populations and identifying the evolutionary
driving forces that shape these variations at
a genomic level (Casillas and Barbadilla 2017;
Johnston et al. 2019). With the development of
sequencing techniques, the analysed sequences
have been extended from a single gene to a whole
genome, and the type of variation also extends from
a single-point mutation to large-scale structural var-
iants. Numerous studies have demonstrated captur-
ing more genetic variants among a species generally
provided a more accurate population genetic analy-
sis. However, the most common method for the iden-
tification of genetic variants is by aligning short reads
to a reference genome, which results in reference bias
(Parfrey et al. 2008; Ballouz et al. 2019). To capture the
entire genomic variations of a species, pangenomes
have emerged in recent years (Qin et al. 2021; Bayer

et al. 2022; Li et al. 2022). Using a pangenome as
a reference offers the opportunity to study the entire
genomic diversity of a population, including structu-
rally complex regions (Zhou et al. 2022; Wang et al.
2023). Currently, the most advanced method for pan-
genome construction and analysis is the graph-based
strategy (Chen et al. 2019; Rakocevic et al. 2019; Sirén
et al. 2021). However, this strategy is still in the early
development stage and lacks a standard approach for
graph-based pangenome construction and analysis.
Furthermore, the accuracy of this method relies on
the quality of selected genomes for pangenome con-
struction, but a high-quality genome is difficult to
obtain for most species.

As alternatives to reference-based methods, sev-
eral alignment-free approaches have been developed
for variant calling independent reference. For exam-
ple, Cortex identified variants with the coloured de
Bruijn graphs (Igbal et al. 2012). kSNP v2 uses the
matched length of k-mer to find SNPs (Gardner and
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Hall 2013). PanGenie and KAGE are based on refer-
ence- and allele-specific k-mers or k-mer count to
validate SNP, insertion and deletion mutation (Ebler
et al. 2022; Grytten et al. 2022). Furthermore, present/
absent variants (PAVs) of k-mer can directly associate
with phenotypes (Lees et al. 2016; Rahman et al. 2018;
Voichek and Weigel 2020). k-mer-based genome-wide
association study (GWAS) not only recapitulates those
found with SNPs but also finds structural variants and
regions missing from reference genomes responsible
for phenotypic variation (Rahman et al. 2018; Voichek
and Weigel 2020). In addition, some tools have been
developed for the downstream analyses in popula-
tion, like PanKmer which uses the present-absent
value of k-mers for sequence similarity statistics and
identifying cases of hybridisation (Aylward et al.
2023), PanTools based on k-mer count to find strain-
and phenotype-specific barcodes and estimate the
similarity between genomes (Jonkheer et al. 2022).
These applications inspired us to develop a method
that directly uses k-mers to perform population
genetic analyses.

In population genetic analyses, phylogenetic tree
construction, principal component analysis (PCA), and
genetic structure analysis are the common three
approaches to investigate the genetic differentiation
among populations, and a series of summary statisti-
cal methods (like S, ir, SFS) is helpful for elucidate the
association between genetic variations with genetic
diversity and other related biological problems.
K-mer-based method in phylogenetic tree construc-
tion has a long history (Reinert et al. 2009; Yi and Jin
2013; Haubold 2014; Zielezinski et al. 2017; Ren et al.
2018). The k-mer-based phylogenetic trees of the
viruses, prokaryotes (Qi et al. 2004; Bromberg et al.
2016) and eukaryotic species [fungi (Wang et al. 2009),
plants (Hatje and Kollmar 2012), and mammals (Sims
et al. 2009)] were extremely similar to the species
trees created by the manually curated NCBI taxo-
nomic database. However, few studies focused on
the application of k-mers in other population genetic
analyses.

In this study, we developed a strategy that directly
used the k-mer copy number in the genome to
explore the population structure and assess the
genetic diversity of species. A published dataset that
contained 266 Saccharomyces cerevisiae genomes was
selected as a test (Duan et al. 2018). The main reason
was these isolates possessed a high level of genetic

diversity (about one SNP per 13 bases), a complex
population structure (about 20 subpopulations), and
a lot of structural variations (SVs) and lineage-specific
large alien fragments obtained through horizontal
gene transfer (HGT) and introgression from other
species within the genus Saccharomyces (Duan et al.
2018). When we only used a single reference (such as
$288C), most information about SVs and alien frag-
ments would be ignorance. Thus, the dataset was
suitable for us to explore the importance of the refer-
ence-free method. To test the effectiveness of this
strategy, we generated two simulated datasets that
only contained SNP sites, and compared them directly
to the conventional SNP-based approach.
Furthermore, we re-analysed the population structure
of these 266 isolates with de nova assembled genome
sequences, and found k-mer-based method had
a higher resolution to differentiate the population
structure and capture not only SNPs but also indels
and HGT fragments that were related to yeast
domestication.

2. Materials and methods
2.1. S. cerevisiae genome collection

Our study comprised 267 S. cerevisiae accessions. One
of them was the S288c genome (version R64-1-1),
which was widely used as the reference genome in
population analyses of S. cerevisiae. The remaining
genome sequences were downloaded from the
National Center for Biotechnology Information
(NCBI) with the Bioproject ID, PRINA396809.

2.2. The description of used datasets

To test the effectiveness of the k-mer-based method
in population genetic analyses, we first generated two
simulated sequence databases that only contained
SNP sites. The SNP sites were obtained by mapping
the de novo assembled contigs to the S288c genome
using the LastZ programme with default settings, and
the custom Python scripts were applied to extract the
variants. A total of 885,291 high-quality reference-
based SNPs were detected across the 266 genomes.
Then, we randomly selected 81,152 SNP sites with the
interval between adjacent SNPs above 100 bp to
generate 266 simulated sequences (database 1). The
simulated sequences in database 2 were generated



266 simulated sequences using all of the SNP sites.
The final database (database 3) contained the de novo
assembled contigs for 266 S. cerevisiae strains. The
reads-calling SNPs were obtained through mapping
reads to the S288c genome. The variation sites of an
isolate with a coverage depth lower than 15 and
greater than four times of the sequence depth of
the isolate were excluded. Detailed information
about SNP calling was provided by Duan et al.
(2018). The pipeline for k-mer-based population
genetic analyses was shown in Figure S1.

2.3. k-mer table generation

Lack of alignment made it more difficult to keep the
identical k-mer derived from homology regions of the
genome. Fortunately, for sufficiently large k, any given
k-mer was approximately unique to a sequence, so in
the absence of extenuating circumstances (e.g. strong
mutational bias or low-complexity regions), the
shared k-mer was likely to be homology among sam-
ples (homology) (Fan et al. 2015; Bernard et al. 2019).
The threshold k was determined by genome size and
sequence complexity (Fan et al. 2015). However,
longer k-mer increased the possibility that a k-mer
covered multiple mutations. If a k-mer covered multi-
ple variants, it counted equally as one carrying only
a single mutation event, and its count pattern was
consistent with the combination of variants (Figure
S2). Consequently, the more sequence variations that
were present the smaller k must be to avoid a k-mer
carrier multiple variants. Due to the density of genetic
variants being unknown, an optimal k value was the
minimum length that kept k-mer homology in the
genome.

To select the minimum length to maintain k-mer
homology, the percentage of unique k-mers among
total k-mers from 23 strains was calculated at k= 13-
31, respectively. The selected strains covered all iden-
tified lineages and sources of the 266 strains (Duan
et al. 2018), thus it was reasonable to use them to
denote the complexity of S. cerevisiae genomes. When
the fraction of unique k-mers reached a plateau, the
k value was the minimum length to keep k-mer
homology (Gardner and Hall 2013). The extraction
and counting of k-mers in a genome used a sliding
window approach to eliminate the influence of an
arbitrarily chosen starting point. The adjacent k-mers
overlapped for k-1 nucleotides in the output file.
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Having identified the optimal length, we extracted
the k-mers from all genomes and merged them into
an m X n matrix. m was the number of samples, and
n was the total k-mers that were present in all ana-
lysed genomes. In the k-mer matrices, the number
denoted k-mer count in a genome.

2.4. Phylogenetic analysis and principal
components analysis

The phylogenetic distance D between two samples
was estimated using the metric (Fan et al. 2015):

D=—- lln%
k Nk
where ng was the number of k-mers that were shared
between samples, and ny was the total number of
k-mers in the two samples (Fan et al. 2015). For SNPs,
the phylogenetic distance D between two sam-
ples was:
D= —InE
Ny
where ns, was the number of SNPs shared between
samples, and n; was the genome size.

The distances were computed pairwise and
assembled into a triangular matrix, and then we put
this matrix into MEGA X to generate the NJ trees
(Kumar et al. 2018). The NJ trees were visualised
using FigTree v1.4.3. Comparison between SNP- and
k-mer-based NJ trees was assessed using the
Robinson-Foulds distance calculated with the treedist
programme of the Phylip package (Robinson and
Foulds 1981; Felsenstein 1989).

Principal component analysis (PCA) that was based
on k-mer count and SNPs matrix were conducted
using the Python 3.7.3 package sklearn.decomposi-
tion (Pedregosa et al. 2011). Pearson correlation ana-
lyses were performed between SNP and k-mer-based
principal components (PC) to explore the power of
k-mer count in the discrimination of the sample.

2.5. Population structure analyses

We used ADMIXTURE v1.3.0 to assess the population
genetic structure (Alexander et al. 2009). Before this
analysis, the k-mers present in a genome were
selected as reference, since the neo k-mers in
other samples were carriers of the allele-specific
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k-mers (Ebler et al. 2022). Considering the impor-
tance of position information in linkage disequili-
brium (LD) analyses, only the unique k-mers were
used for further study. The unique k-mers and SNP
matrixes were transformed into .ped and .maf files
using our python3 script and then transformed into
the binary format file using PLINK v1.07 (Purcell
et al. 2007). PLINK V1.07 implemented LD pruning
with the function indep-pairwise (50 5 0.2) and MAF
>0.01. This function calculated pairwise r* in a 50-
variants-window, shifts at a pace of five variants, and
excluded one pair of variants when # > 0.2. After
pruning out, ADMIXTURE v1.3.0 was performed to
assess population genetic structure, and the best-fit
K value was determined by the cross-validation (CV)
procedure of the programme and the value with
a minimum CV error was optimal (Alexander and
Lange 2011).

2.6. Genetic diversity analyses

Nucleotide diversity (6m) was calculated as the aver-
age number of variable sites in each pairwise
sequence comparison. It was mathematically
defined by:

O sz Zj i+1 /_

where S; was the number of different nucleotides
between sequence i and sequence j, C2 represented
the number of pairwise comparisons, and L was the
sequence length. However, the change of k-mer
count not only mutations caused by nucleotide sub-
stitutions but also insertions and deletions (indels),
which made each pairwise sequence comparison
had a different total k-mer number (n;). To account
for this, we used the length of the sequences in each
pairwise comparison instead of a fixed L.

1 Sk,] Skj,
" kCZZ Z] i+1 2 nn )

Ny

S« was the number of different k-mers between
sequence i and j. Sy; was the number of k-mers
present in sequence i, and Sx; was the number of
k-mers present in sequence j. n; was the total
k-mers that present in sequence i, while n; was
the total number of k-mers present in sequence j.
The coefficient 1/k was added due to a base being
covered by k k-mers.

2.7. Detecting potential indels or HGT fragments

Unlike SNPs, indels introduced the complication of
changing k-mers. For example, a single insertion of
length I caused the loss of at most (k — 1) k-mers and
a gain of at most (/+k — 1) k-mers, while a single
deletion of length / caused the loss of at most (/+
k — 1) k-mers and a gain of at most (k — 1) k-mers.
Therefore, the number of affected k-mers was extra-
polated using the size of the indels (Lee et al. 2020).
However, different from previous studies that only
focused on the changing k-mer number between
a pair of samples, the identification of indel in our
method was based on the r’ between adjacent
k-mers. If over k continues k-mers possessed consis-
tent present pattern (¥ =1), these k-mers might be
derived from the same potential indel (Figure S3).
Dense genetic variants were a noise in this analysis.
For example, two closer SNP sites with »=1 could
also generate more than k continues k-mers (Figure
S4a). The indels might also be missed when another
mutation happened in the indel site (Figure S4b).

2.8. Adaptive evolution analyses

To widen the genetic variants detected in yeast
domestication, such as major rearrangements, inser-
tions, and deletions, the k-mer-based joint allele
frequency spectrum across wild and domesticated
groups, LSF and SSF-groups, were calculated,
respectively. The k-mers that were shared by
above 90% of isolates in one group but absent in
no more than 10% of isolates strains in another
group were identified as group-specific k-mers. The
domesticated group-specific k-mers were defined as
favourable k-mers, while the wild group-specific
k-mers were defined as unfavourable k-mers. The
six isolates from lineage CHN-VIII belonged to the
domesticated population and LSF group. For LSF
and SSF groups, the group-specific k-mers present
in less than half of wild isolates were recognised as
a candidate for the divergence of liquid- and solid-
fermentation states. Blastn was used to align group-
specific k-mers to the genome or genes annotated
of the corresponding isolate. GO and Kyoto
Encyclopaedia of Genes and Genomes enrichment
analysis were performed for the favourable gene
sets using DAVID (https://david.ncifcrf.gov/home.
jsp) with a cut-off of FDR < 0.05.
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3. Results

3.1. Overview of k-mer tagged variations in
population

In our method, we used the k-mer count as an
allelic contrast instead of defining genetic variants
in a population relative to a reference genome.
The main question was how to keep the consis-
tency between the pattern of k-mer count and its
coverage variation in a population. If the variants
generated novel k-mers (neo k-mers), this question
was easily resolved. For instance, a substitution,
such as a T to G, made four k-mers that carrier
T transformed into four neo k-mers (length of four
bases) that carrier G, and the pattern of k-mer were
consistent which its covered allele at the population
level (Figure 1a). However, when k-mers possessed
multiple copies in the genome (k-mer homoplasy),
the situation would be complex (Figure 1b). For
example, if a mutation makes k-mer1 (s==) in g7
turn into another k-mer2 (==m) that already exists
elsewhere in the genomes of g2, meanwhile
another mutation makes k-mer2 turn into k-mer1,
so these mutations would be ignored (Figure 1b).
With the increase of analysed genomes, the

R CGAATATGTG
S1 CGAAGATGTG
S2 CGAATATGTG
S3 CGAAGATGTG
S4 CGAATATGTG

k-mer matrix l

S1 Ss2 s3 s4

GAAG 1l 0 1 0
AAGA 1 0 1 0
G®™ acar 1 0 1 o0
GATG 1 0 1 0
GaAT 0 1 0 1
AATA 0 1 o0 1
T™ arar 0 1 o0 1
TATG 0 1 0 1
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change of k-mer with multiple copy numbers
would be more complex (Figure 1b). Thus, one of
the most important properties of a k-mer was the
uniqueness of its sequence.

3.2. Choosing an optimal k-mer length

k-mer length was a critical parameter in determining
the uniqueness of k-mer in the genome. To select an
optimal k-mer length, we first calculated the ratio of
unique k-mer in the genomes of 23 strains at differ-
ent k values. The increased curves of unique k-mers
in these strains were consistent, which were
increased sharply at k=13-15, and reached
a plateau at k=18. At k=18, about 98% k-mers
were unique in the yeast genome, and longer
lengths led to only minimal increases (<0.4% with
31 bp) (Figure S5). The sequence of k-mers with
multiple copies generally was simple, such as oligo
(A)1g. These k-mers cannot be unique within
a genome because of duplication and the possible
presence of multiple copies of mobile elements
within the genome. Thus, we choose the k-mer
with 18 bases for further study.

b a b

gl

g2

k-mer | gl g2

. 4
== 2 2
a b c
gl e — = — pzcm
92 . —
g3

= 3 3 4
— 2 2 2
f— 1 1 0

Figure 1. k-mer count and genetic variations. (a) The unique k-mer and its tagged SNP site, illustrated here for overlapping k-mers (k =
4, stride = 1) in four sequences. (b) The k-mers with multiple copies and their tagged SNPs. The box with colour denoted the type of

k-mer. a, b and ¢ denoted the SNP sites.
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3.3. Filtering out the k-mer with multiple copies

Using k-mer count as allelic contrast, we found above
99% of polymorphic k-mers possessed two alleles in
simulated datasets (Figure S6). For the biallelic k-mers,
the k-mers with 0 and 1 copy accounted for about
98% of the total. For the k-mers with three alleles, the
alleles were generally 0, 1, and 2, and one of them was
low frequency (<0.01). To avoid the effects of k-mers
with multiple copies, we remained k-mers that pos-
sessed less than five alleles which account for 99.9%
of the total, and the k-mers with more than 2 copies in
the genome account for less than 0.01%. The
sequences of filtered out k-mers were generally sim-
ple, such as oligo (N) and short tandem repeats.
Mapping these k-mers to the genome found that
these k-mers mainly derived from the repetitive
regions or heterochromatin, such as telomeres or GC-
enriched regions (Figure S7). After filtering out, the
remaining number of k-mers was nearly equal in all
samples, and accounted for above 98% of total k-mers
in each sample (Table S1).

In dataset 1, all SNP sites were tagged by k-mers
and only 0.26% of SNP sites were not tagged by
k k-mers (Figure S8a). In dataset 2, 0.5% SNP sites
were not tagged by k-mers, and 3% k-mer was not
tagged by k k-mers (Figure S8a). Mapping reads to
S288c identified 75,990 (about 93.6%) in dataset 1 and
810,169 (about 91.5%) SNP sites in dataset 2, but
nearly all real-calling SNP sites were tagged by
k-mers (Figure S8b). The main reason might be the
missing SNP sites in the k-mer-based method mainly
located in repetitive regions of genomes, and in
a reads-calling method not only derived from the
repetitive regions (with higher coverage depth), but
also the regions with low coverage depth. In real
datasets, the number of remaining k-mers was
30,257,427, which was higher than that obtained in
dataset 2. Among them, the k-mers that covered SNP
sites accounted for about 70% of the total. In each
strain, about 2% of k-mers that derived from no-
homology with 5288C, while 2.5% of k-mers derived
from non-SNP mutations (Table S2).

3.4. k-mer- and SNP-based methods obtained
consistent patterns of population structure

Quantitative comparison between k-mer and SNP
based-trees showed high similarity concerning

branch lengths; there was a high correlation
between their patristic distances (=1 and 0.9996
for dataset 1 and dataset 2, respectively) (Figure 2a)
and a low Branch Score Distance (BSD =0.000011
and 0.00205 for dataset 1 and dataset 2, respec-
tively). Compared to the NJ-trees based on SNP,
the Symmetric Difference was 6 and 56 for k-mers-
based and reads-calling SNP-based NJ-trees for
dataset 1, while 44 and 52 for k-mer-based for data-
set 2. The difference among NJ-trees was focused on
a few clades with shorter branch lengths, such as
the clade [(HLJ3:HLJ2):JL4] and [(BJ28:SD3):FJ12):
XJ6):BJ7] in dataset 1, but the relationship between
lineages were consistent (Figure 2b,c). Detailed
information about NJ-trees were shown in Figure
S9-S14. Using the k-mers extracted from real
sequences (dataset 3), the obtained lineages in the
phylogenetic tree recapitulated the results obtained
using SNPs (Figure 2d), but the pairwise distances
were greater than that calculated using the k-mers
in dataset 2 (Figure S15), indicating there were non-
SNPs variants between the real sequences. The wild
isolates were clustered into nine clear lineages and
CHN-IX represents the most basal lineage of
S. cerevisiae. The domesticated strains fall into two
major monophyletic groups associated with solid-
and liquid-state fermentation (Figure 2d). In the
SSF group, strains associated with Baijiu, Huangjiu,
and Qingkejiu fermentation formed three distinct
lineages, while the strains associated with Mantou
fermentation were clustered mainly into seven
lineages. In the LSF group, the strains associated
with molasses fermentation formed the lineage
milk, but the clade wine was clustered together
with the lineage ADY.

In PCA results, the clustered pattern obtained using
k-mer and reads-calling SNP was consistent with that
obtained using SNPs in datasets 1 and 2 (Figure 3a).
Association analyses showed the values of PC1 and
PC2 obtained using PAVs of k-mer and read-mapping
SNPs were strongly associated (> 0.99) with that
corresponding to those obtained using SNPs
(Figure 3b), and the contribution of PC1, PC2, PC3,
and PC4 that obtained using k-mers were closer to
SNPs than read-calling SNPs (Table S3). In real dataset
3, the cluster relationship was consistent with that
obtained in NJ-trees, but k-mers contained more var-
iants among sequences, thus the PCA results from
k-mers provided a higher resolution to differentiate
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b dataset 1

Figure 2. The comparisons between k-mer- and SNP-based NJ-trees. (a) The association between k-mer- and SNP-based pairwise
distance in dataset 1 and dataset 2, respectively. (b) The comparisons between the topology of the NJ-trees that were constructed
using k-mers and SNPs from dataset 1. The red line indicated the difference between the NJ-trees. (c) The comparisons between the
topology of the NJ-trees that were constructed using k-mers and SNPs from dataset 2. The difference mainly focused on the lineage
CHN-V that marked by a grey box. (d) The NJ-tree that constructed using the polymorphic k-mers from dataset 3.

the population structure than that obtained from SNP
(Figure 3q).

In the k-mer matrix, several k-mers carrier the same
variant, and the k-mers denote all the allelic states of
these variants. Thus, before analyses, we choose the
k-mers that were present in the genome as
a reference. These k-mers only carried the reference-
based allelic states, and then implemented linkage
disequilibrium  (LD) pruning using  PLINK.
Considering the importance of position information
in the LD pruning, we only use the unique k-mers
because their relative positions in a genome were
easily obtained based on their extracted order. To
explore the effect of reference selection, we selected
the k-mers in strain S288C and JXXY10.1 as
a reference, respectively. In dataset 1, the r* between
pairwise k-mers in the window of k was 1. After LD
pruning with (r?=1), the remaining k-mers were
78,767 and 78,568 when using JXXY10.1 and $288C
as reference, respectively. These values were slightly
less than the number of SNPs (81,152) but more than
the number of reads-calling SNPs (75,990). In dataset
2, we excluded a pair of SNPs and k-mers when r# >

0.2 in 50-variants in a window and finally obtained
131,331 SNP, 130,080 reads-calling SNPs, 150,794
JXXY10.1-based k-mers and 150,997 S288c-based
k-mers. The optimal k value and population structure
using k-mers or reads-calling SNPs were consistent
with that obtained using corresponding SNPs
(Figure 4a,b, and S16). For real dataset 3, the lineage
ADY and wine were divided into two genetic popula-
tions, indicating the divergence between lineages
wine and ADY was increased when the genome
included more genetic variants. The consistent results
that obtained using JXXY10.1-based and $288c-based
k-mers indicated that reference selection did not
affect k-mer-based population genetic structure ana-
lyses (Figure 4c).

3.5. k-mer-based methods obtained higher genetic
diversity than SNP-based methods in real dataset

In dataset 1, nearly all alleles were tagged by k-mers,
thus the k-mer-based 0 within the group was equal
to that calculated using SNPs, and its power in assess-
ment 6 was higher than that calculated using reads-
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Figure 3. The comparison of k-mers and SNP-based principal component analyses (PCA). (a) PCA were based on different genetic
markers from dataset 1 and dataset 2, respectively. (b) Correlation between SNP- and k-mers based PC1 and PC2 in dataset 1 and
dataset 2, respectively. (c) The comparison of PCA results that based on k-mer counts from dataset 2 (grep) and dataset 3 (black).



q dataset 1

k-mer
(JXXY10.1)

k-mer
(S288C)

reads-calling
SNP

I'LI \

& ~
c‘\$ c\\ C\x CQF ‘\ \xé c\\e C\\é
b dataset 2

MYCOLOGY (&) 317

-IIWIIIIIIHIIIMIHIIIIIIIIIIIIIHIIIHI|IIWJWIIIIIIIIIHH|ﬂ|||l||||ﬁ|ll|llll|||l||||||ﬂ||l||||||

IIHIIIIIUHIIIII\II\III\|||||I|||Ill||l|||||||||||||||||||

M .

\s‘) ‘o“ Gy Q‘s“m
S

o .;o‘e\s @“‘9 {\\
3 & W Q

IlIIIIIlIII\Iﬂlllﬂlllll\|III||I|||||l||||\||l|||||||||||||||||

k-mer
(S288C)

reads-calling
SNP
1

S
‘\\ Cx\ C‘\$ C“é \,‘6 ‘\$ \x\

C dataset 3

k-mer

k-mer
(S288C)

ll 1
\\~r~

‘3‘? C\* C\\V\ \\e V\é C‘\$

I\IHIWIIIIIHI\IIllII\|!I|||I\||I|!II||I||||IIIIII
|

L1

St \\\

o v.\ & '@“
S &

S V’&

oty —IIIIIIIIIIIIIIIIIIIIHIIIIIIIIIIIIIHIIIIHI ol IIWIIIIIIIIIIIIIIIIIIII

I

&>
\°° _»&} Q’°\\\
o

0 |e| PR
A
e \e
S v\°° RO

Figure 4. The genetic clustering patterns of Saccharomyces cerevisiae using different variants at K= 20 in dataset 1 (a) in dataset 2 (b)
and dataset 3 (c). Isolates in each identified population are consistent with that identified in the phylogenetic tree presented in

Figure 2.

based SNPs (Figure 5a). In dataset 2, a small propor-
tion of SNP sites between pairwise samples closer
together (closer than k), resulting in a k-mer carrier
multiple substitutions was counted equally as one
carrying only a single substitution. Fortunately, most
of these SNPs are present at very low frequencies,
with 25.7% of the polymorphic positions being sin-
gletons and 80% with a minor allele frequency (MAF)
< 0.05 (Figure S17), implying the k-mers that carrier
multiple variants only present in a rare individual.
Thus, the k-mer-based 6m were slightly lower but
strongly associated (¥ > 0.9995) with that calculated
by simulated SNPs (Figure 5b). The genetic diversity
based on the reads-mapping SNPs within most line-
age was nearly equal to the k-mer-based method
(Figure 5b). In real dataset 3, the k-mers expand the
type of genetic variants, thus the genetic diversity

based on k-mers count was higher than that calcu-
lated using the k-mers derived from SNPs (Figure 5c).

3.6. k-mer-based methods can detect potential
large-scale variants in the real dataset

Insertions/deletions fragments generally affect more
than k continues k-mers (Figure 6a). If these k-mers
are derived from the same mutation event, they the-
oretically possess the same present pattern in
a population (= 1). Based on this principle, we cal-
culated the r? between adjacent k-mers, and obtained
64,774 fragments with more than k continues k-mers
across 267 S. cerevisiae genomes. Most were small-
scale variations with low frequency (Figures S18 and
$19). However, most small-scale variations (<18 bp, 36
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Figure 5. k-mer- and SNP-based nucleotide diversity (8,) within different groups of Saccharomyces cerevisiae. (a) and (b) the
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2, respectively. (c) The genetic diversity within different groups that calculated by k-mers from dataset 2 and dataset 3.

k-mers) were derived from complete linkage SNPs
instead of deletion/insertion. With the increase in
fragment size, the probability of fragments derived
from SNP was decreased (Figure 6b). Nearly all large
fragments (=60 k-mers) were derived from the non-
homology region with S288c. PCA analyses using
PAVs of fragments containing more than 60 k-mers
insertion/deletion showed the strains from primaeval
forest and yak milk were separated from the others
(Figure 6c), indicating these strains contained more
non-SNP variations. Further analyses found the large
fragments with more than 500 k-mers were lineage-
specified and mainly derived from CHN-IX, CHN-I, and
CHN-V and liquid-state fermentation lineages (ADY,
Milk, and Wine) (Figure 6d). Mapping them to the
corresponding genome, we found that they were
mainly located in 15 previously identified HGT or
introgression fragments (Table S4) (Duan et al. 2018).

In the lineage Milk, these lineage-specific HGT frag-
ments contained several genes involved in galactose
utilisation, including GAL2 encoding galactose trans-
porter, GAL7-GAL10-GAL1 cluster of the galactose
metabolism network, phosphoglucomutase 1
(PGM1), and phosphomutase (PMUT) cluster. PGM1
and PMUT were the new finding in the k-mer-based
method.

7. k-mer-based method allowed the detection of
a wider range of genetic variants responsible for
yeast domestication

Comparative analyses of k-mer frequency between
wild and domesticated groups identified 171 k-mer
fragments (variations) with higher frequency in
domesticated groups (Figure 7a). The longest frag-
ments (125 k-mers) were present in the nuclear gene
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VMAT1, whereas a longer fragment of the maltase
transcription activator gene MAL33 was deleted from
the domesticated group (Figure 7b). Previous studies
that based on pan-genome datasets also found VDE is
an adaptation for horizontal transfer fragments (Han
et al. 2021). Further analyses found that the fixed
fragments in domesticated isolates were derived
from 89 genes (Table S5). Gene Ontology (GO) enrich-
ment analysis showed that the 89 genes were
enriched in seven terms, including mitotic nuclear
division, cell cycle, regulation of GTPase activity, pro-
ton transport, folic acid-containing compound meta-
bolic process, glutamyl-tRNA aminoacylation, and
mitotic nuclear division (Table S6). Comparative ana-
lyses of k-mer frequency between LSF- and SSF-
groups identified 1,034 and 1,431 LSF- and SSF-
group-specific variants, respectively (Figure S20 and
S21). PCA using these group-specific k-mers obtained
three groups (wild, LSF, and SSF) (Figure 7c). If the
k-mers present in more than 50% of wild isolates
denote ancestor alleles, we identified 191 and 248

candidate genes that were associated with LSF and
SSF, respectively (Table S7 and S8). The genes AVO1,
CAT8, NCR1, and REC8 harboured the highest number
(10-17) of group-specific mutations. The phyloge-
netic tree using k-mer of a single gene showed that
the LSF and SSF strains were divergent (Figure 7d).
Enrichment analyses showed cell cycle and DNA
repair suffered more selective pressure in the SSF
group, while inter-strand cross-link repair was the
most enriched in LSF groups (Table S9).

4. Discussion

Since the early days of the genome era, the scientific
community has relied on a single “reference” genome
for each species, which is used as the basis for a wide
range of genetic analyses, including studies of varia-
tion within and across species. As sequencing costs
have dropped, thousands of new genomes have been
sequenced, and scientists have come to realise that
a single reference genome is inadequate for many
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purposes. To capture the entire genomic diversity of
a population, some studies have been used pangen-
ome as a reference (Zhou et al. 2022; Wang et al.
2023), while others had been developed alignment-
free methods that use k-mers instead of defining
genetic variants in a population relative to
a reference genome in GWAS (Jaillard et al. 2018;
Rahman et al. 2018; Voichek and Weigel 2020).
Compared to the pan-genome, the methods based
on k-mers were easier and cheaper since the k-mers
can be directly extracted from raw short reads or the
genome assembled by them. In the present study, the
k-mers were directly extracted from the assembled
genome, which avoids the effect of sequence depth.
Furthermore, we use the k-mer count in the genome
as variants, which have more power than to describe
the number of mutations. Practically, k-mer count can
incorporate the copy number variations. Rahman
et al. (2018) found tests based on k-mer counts are
likely to have more power, making the detection of
association with a smaller number of samples possible
(Rahman et al. 2018). To avoid k-mer homoplasy, we
choose a enough large k that make nearly all k-mers

unique, and then filtered out the k-mers that occurred
multiple mutations (possessed multiple alleles in the
population). The sequences of k-mers with multiple
copies were generally simple and mainly derived from
repetitive regions or heterochromatin. In the align-
ment-free method, filtering was safe and justifiable
because these regions tend to be the least completely
assembled portion of the genome when using high-
throughput sequencing (Sims et al. 2009). After filter-
ing, the k-mers still can tag nearly all SNPs, which was
higher than that identified by mapping short reads to
the reference. Thus, the topology of trees and PCA
results based on k-mers were closer than read-
mapping SNPs to that obtained using total SNP sites
in the simulated dataset. In real sequence, we found
about 2% k-mers that derived from no-homology with
S288c, while 2.5% k-mers derived from non-SNP
mutations in each strain. Although SNP- and PAVs of
k-mers-based population structure analyses shared
similar patterns, the sequence divergence between
pairwise sequences and the genetic diversity within
lineages was increased, indicating SNPs may under-
estimate genetic differentiation in some highly



diverse species. Using the present pattern of k-mers,
we captured the large-scale changes in the genome,
particularly HGT fragments. Comparative analyses of
k-mer frequency revealed domestication-associated
SNPs and structure variants, which provided a novel
strategy for the detection of discrete phenotype-
related variants and genes.

Dense markers (closer than k) are generally consid-
ered as “noise” in the k-mer based method (Gardner and
Hall 2013; Fan et al. 2015). In sequence dissimilarity, the
k-mers that carry multiple variant sites will count equally
as one carrying only a single variant site. For example, in
the simulated dataset 2, although the number of SNP
sites tagged by k-mers was more than that tagged by
SNPs, the value of genetic diversity in the whole strains
was slightly lower than that obtained using reads-calling
SNPs. In the population, the present pattern of k-mers
that carrier multiple variants will be the combination of
alleles (haplotype). The population genetic analyses
were based on the haplotypes in the k-mer. We do not
consider this a major problem, however, since k-mer
length is generally less than 31 base and most alleles
are rare alleles in a population, which means that the
combination of alleles only happens in a very small
number of individuals. In the 1011 S. cerevisiae, Peter
et al. (2018) identified 1,625,809 SNPs, with 31.3% of
the polymorphic positions being singletons and 93%
with minor allele frequency (MAF) <0.01. In humans, k
=31 is an optimal length to identify variants among
samples (Lee et al. 2020), which is less than the mean
interval between adjacent variants (one variant on aver-
age every 32 bp) identified across a 2,504 population,
and only 10% of the polymorphic positions have
a frequency >5% (1000 Genomes Project Consortium
2015). The same population structure and PCA results
in dataset 2 showed the whole PAVs pattern of k-mers
was consistent with SNPs even presence of dense mar-
kers. The results of NJ-trees based on k-mers were closer
than reads-calling SNPs NJ-tree to that constructed the
total of SNPs. These results indicated the vast amounts of
data available from entire genomes will largely over-
come the k-mer that carriers multiple variants, particu-
larly when we used the minimum length of k-mers that
keep k-mer homology.

5. Conclusions

Our work provided a new strategy and pipeline to use
k-mer count for population analysis. This strategy can
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incorporate all of the sequence information in popu-
lation analyses. Downstream population analysis
demonstrated that using the k-mers provided insights
into the yeast population structure and evolution,
which are not available by analysis using SNPs from
a single reference. The new alignment and reference-
free population analysis pipeline will be more pro-
nounced in the species with no complete genome
or highly diverged species.
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