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ReSkmer:
Modeling repeats improves 

population genomic distances 
between genome skims 
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Sequencing costs have 
dropped.

Conservation funding can be 
biased.

Cost efficient methods for 
measuring biodiversity are 

crucial.

Accessible population genomics
(Adamo et al. 2022)
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How can we measure biodiversity efficiently?

BIODIVERSITY

GENETIC 
DIVERSITY

SPECIES 
DIVERSITY

FUNCTIONAL 
DIVERSITY

ECOSYSTEM
DIVERSITY

4  pillars of biodiversity

θ – (nucleotide diversity)
DXY – (divergence)

FST – (fixation index)

phylogenetic trees

Genomic
Distance
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Genomic distance example

Genome 1

Genome 2

100 bp
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Genomic distance example

Genome 1

Genome 2

A G T

TC

genomic distance
5/100  =  5% 

5



Genomic distances between populations
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average genomic distance  =     2%
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1 1 010

[ … ]

average genomic distance   =     2%

average genomic distance   =    3%

small values  – population genomic distances large values – phylogenetic distances

6



Short-read sequencing

Genome 1

Genome 2

A G T

TC

Sequencing Error
Sequencing Error

Sequencing ErrorSequencing Error

short overlapping reads with low 
probability of error
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Assembly / Alignment
Sequencing Error

Sequencing Error

Sequencing ErrorSequencing Error

A G T

C T

sequences can then be assembled/aligned 
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- Cost-effective Sanger Sequencing
Marker Based

(single genes, 
mitochondrial DNA,

microsatellites)

- Limited Resolution

- Requires Alignment

DisadvantagesAdvantagesMethods 9



- Cost-effective Method

- Reference Free

- Cost-effective Sanger Sequencing

RADseq
(restriction enzyme 

method, reduced 
representation)

Marker Based
(single genes, 

mitochondrial DNA,
microsatellites)

- Requires Alignment

- Reduced Resolution

- Limited Resolution

- Requires Alignment

DisadvantagesAdvantagesMethods 10



- Chromosome-Level Resolution

- Cost-effective Method

- Reference Free

- Cost-effective Sanger Sequencing

ANGSD
(SNP-based method)

RADseq
(restriction enzyme 

method, reduced 
representation)

Marker Based
(single genes, 

mitochondrial DNA,
microsatellites)

- High Quality Assembly

- High(ish) Coverage

- Requires Alignment

- Requires Alignment

- Reduced Resolution

- Limited Resolution

- Requires Alignment
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- Chromosome-Level Resolution

- Cost-effective Method

- Reference Free

- Cost-effective Sanger Sequencing

ANGSD
(SNP-based method)

Mash
(k-mer based method,

short-read sequencing)

RADseq
(restriction enzyme 

method, reduced 
representation)

Marker Based
(single genes, 

mitochondrial DNA,
microsatellites)

- Whole Genome Resolution

- Reference and Alignment Free

- High Coverage

- Assumes no repeats

- High Quality Assembly

- High(ish) Coverage

- Requires Alignment

- Requires Alignment

- Reduced Resolution

- Limited Resolution

- Requires Alignment

DisadvantagesAdvantagesMethods 12
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4

5

TATACTGC…C

ATGCTACC…T

CCCTTTA…C

GATAAAA…A

CTAGGAA…A

Skmer
(k-mer based method,

short-read sequencing)

- Whole Genome Resolution

- Reference and Alignment Free

- Low Coverage

- Assumes no repeats

0
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4

5

ATGCTACC…T

CTAGGAA…A

CCCTTTA…C

GATAAAA…A

TATACTGC…C

fastq per sample

1

2

3

4

5

CTAGGAA…A

ATGCTACC…T

CCCTTTA…C

GATAAAA…A

TATACTGC…C

distance matrix

Input Output

DisadvantagesAdvantagesMethods
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Skmer applications
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begin collection of 
reads ~ 150 bp 

1

2

3

4

5

6

7

ATGCTACC…T

CTAGGAA…A

CCCTTTA…C

GATAAAA…A

TATACTGC…C

GTCGGCA…G

GGACTGC…C

Alignment-free distance estimation
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begin collection of 
reads ~ 150 bp 

reads are decomposed 
into k-mers

1

2

3

4

5

6

7

ATGCTACC…T

CTAGGAA…A

CCCTTTA…C

GATAAAA…A

TATACTGC…C

GTCGGCA…G

GGACTGC…C

ATGCTACC…T

ATG
TGC
GCT
CTA
TAC
ACC
GCT

Alignment-free distance estimation
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begin collection of 
reads ~ 150 bp sets store unique k-mersreads are decomposed 

into k-mers

1
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3

4

5

6

7

ATGCTACC…T

CTAGGAA…A

CCCTTTA…C

GATAAAA…A

TATACTGC…C

GTCGGCA…G

GGACTGC…C

Alignment-free distance estimation

ATG
TGC GCT

CTA TAC

ACC

SampleATGCTACC…T

ATG
TGC
GCT
CTA
TAC
ACC
GCT
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S1

S2

S3

Alignment-free distance estimation

k-mer set for each sample
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ATCGTC

ATCGTGGTCGTAACCGTA

G
A

GC

S1 S2 S3

S1

S2

S3

Alignment-free distance estimation

k-mer set for each sample samples will be more or less 
distant to one another
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ATCGTC

ATCGTGGTCGTAACCGTA

G
A

GC

S1 S2 S3

ACC
CCG
CGT
GTA

GTC
TCG
CGT
GTA

GTC
TCG
CGT
GTA

ATC
TCG
CGG
GGC

S1 S2

S2 S3

S1

S2

S3

Alignment-free distance estimation

k-mer set for each sample closely related samples will 
have more k-mer matches

samples will be more or less 
distant to one another
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Mash Algorithm

The Jaccard can be used to estimate genomic 
distance.

Mash can quickly compute the Jaccard 
Similarity between two k-mer sets.
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Mash fails with genome skimming data

Low coverage 
sequencing leads 

to distance 
overestimation 

with mash
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Genome 2 TC

Sequencing Error
Sequencing Error

Sequencing ErrorSequencing Error

most of the genome is observed in 
high coverage sequencing

High coverage sequencing

Genome 1A G T
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Genome 2 TC

Sequencing Error
Sequencing Error

Sequencing ErrorSequencing Error

Many homozygous sites remain 
uncovered

Low coverage sequencing

Genome 1A G T
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Jaccard Index example

High coverage 
Jaccard Index

Low coverage 
Jaccard Index
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High coverage 
Jaccard Index

Low coverage 
Jaccard Index

decreases similarity 
(increases distance)

(not covered)

Jaccard Index example
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High coverage 
Jaccard Index

Low coverage 
Jaccard Index

decreases similarity 
(increases distance)

(erroneous)

Jaccard Index example
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High coverage 
Jaccard Index

Low coverage 
Jaccard Index

decreases similarity 
(increases distance)

(erroneous)

Doesn’t high coverage also 
have error?

Jaccard Index example
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Modeling k-mer frequency

Poisson Distribution:
probability of a number of events 

occurring in a fixed interval, given an 
average rate of occurrence (λ)
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Modeling k-mer frequency

Poisson Distribution:
probability of a number of events 

occurring in a fixed interval, given an 
average rate of occurrence (λ)

observed k-mer frequency 
histogram for a genome skim

k-mer count

fr
eq

ue
nc

y

32



Modeling k-mer frequency

Poisson Distribution:
probability of a number of events 

occurring in a fixed interval, given an 
average rate of occurrence (λ)

observed k-mer frequency 
histogram for a genome skim

k-mer count

fr
eq

ue
nc

y erroneous 
k-mers
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Modeling k-mer frequency

Poisson Distribution:
probability of a number of events 

occurring in a fixed interval, given an 
average rate of occurrence (λ)

not possible for genome skims!

k-mer count

fr
eq

ue
nc

y

removing bin 
removes erroneous 

k-mers
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erroneous 
k-mers

must 
estimate 

error rate (ε)

Modeling k-mer frequency

Poisson Distribution:
probability of a number of events 

occurring in a fixed interval, given an 
average rate of occurrence (λ)

not possible for genome skims!

k-mer count

fr
eq

ue
nc

y
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Skmer equations

k-mer count

fr
eq

ue
nc

y

errors in large k-mers will create novel k-mers 
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Skmer equations

k-mer count

fr
eq

ue
nc

y

errors in large k-mers will create novel k-mers 

all other bins will follow an 
error-free k-mer coverage poisson distribution (ξ)

expected size 
of bin
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Skmer equations

k-mer count

fr
eq

ue
nc

y

errors in large k-mers will create novel k-mers 

all other bins will follow an 
error-free k-mer coverage poisson distribution (ξ)

use the ratios of different bins to obtain estimate of 
error-free k-mer coverage (ξ)

expected size 
of bin
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Skmer equations

k-mer count

fr
eq

ue
nc

y

errors in large k-mers will create novel k-mers 

all other bins will follow an 
error-free k-mer coverage poisson distribution (ξ)

use the ratios of different bins to obtain estimate of 
error-free k-mer coverage (ξ)

Do the same with the first bin to obtain 
k-mer coverage (λ) and then calculate error (Ɛ)

expected size 
of bin
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(eta) =  probability a k-mer is covered at least once without error.

(zeta) =  probability a k-mer is observed with or without error.

 Li =  genome size.

Mash Skmer

Distance equations
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Mash fails with genome skimming data

Low coverage 
sequencing leads 

to distance 
overestimation 

with mash
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Skmer extends 
alignment-free, 
reference-free 

distance 
estimation to 

genome skims

Mash fails with genome skimming data
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ATG
TGC
GCT

CTA
TAC
ACC

1
2
3
4
5

ATGCTACC…T
CTAGGAA…A
CCCTTTA…C
GATAAAA…A
TATACTGC…C

sequencing
reads ~ 150 bp

set of k-mers

TGC
GCT

TAC
ACC

Jaccard Index

sequencing statistics

coverage
sequencing error

genome length
read length

1
2
3
4
5

CTAGGAA…A
ATGCTACC…T
CCCTTTA…C
GATAAAA…A
TATACTGC…C

ATG
TGC
GCT

CTA
TAC
ACC

TGC
GCT

TAC
ACC

distances

k-mer counts

Skmer 
workflow
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Genome 1

Genome 2

A G T

TC

Sequencing Error
Sequencing Error

Sequencing ErrorSequencing Error

Low coverage sequencing (genome skimming)

uncovered areas
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S. moellendorffii C. crispus O. edulis N. nomurai B. plicatilis H. medicinalis

Genomes are not unique

Medium uniquenessLow uniqueness High uniqueness
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Genomes are not unique

k-mer count

fr
eq

ue
nc

y

Genomes come with a wide range of 
Uniqueness Ratios:

R1 / L

S. moellendorffi 0.41

C. crispus 0.51

O. edulis 0.64

N. nomurai 0.71

B. plicatilis 0.85

H. medicinalis 0.90C. 
crispus

B. 
plicatilis

genome repeat spectrum
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Repeats break Skmer assumptions

(Merqury, 2020)

collection of k-mers only occur once
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Repeats break Skmer assumptions

(Merqury, 2020)

collection of k-mers occur twice
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Repeats break Skmer assumptions

(Merqury, 2020)

erroneous k-mers
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ReSkmer: estimating sequencing parameters

Each genome skim is a convolution between 
sequencing parameter distributions and it’s 

repeat spectrum
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Mash Results
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Skmer results
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ReSkmer
(k-mer based method,

short-read sequencing)

- Whole Genome Resolution

- Reference and Alignment Free

- Low Coverage

- Models repeats

DisadvantagesAdvantagesMethods
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fastq per sample
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ATGCTACC…T

CCCTTTA…C

GATAAAA…A

TATACTGC…C

distance matrix

Input Output

genome repeat spectrum
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genome skim genome repeat 
spectra

For ‘short’ distances (0.001 ~ 0.05)

Accurate
Distance 

Matrix

Using repeat spectrum to estimate distance

get an idea of the k-mer counts of the original genome

1. High Quality Assembly 2. Repeat Spectra Estimate (via Respect)
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RESPECT

RESPECT

Repeat
Spectra

and 
Genome 
Length

Estimation

ReSkmer

ReSkmer

Use 
corresponding 

spectra to 
estimate 

sequencing 
parameters 

and
distance matrix 

Using repeat spectrum to estimate distance
get an idea of the k-mer counts of the original genome

1. High Quality Assembly 2. Repeat Spectra Estimate (via Respect)

genome repeat spectrum
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RESPECT

RESPECT

Repeat
Spectra

and 
Genome 
Length

Estimation

sample r1 r2 …

skim_1 5016990 902682 …

skim_2 4906813 873642 …

skim_3 5206770 892112 …

ReSkmer

ReSkmer

Use 
corresponding 

spectra to 
estimate 

sequencing 
parameters 

and
distance matrix 

Using repeat spectrum to estimate distance
get an idea of the k-mer counts of the original genome

1. High Quality Assembly 2. Repeat Spectra Estimate (via Respect)

set of repeat spectra estimates
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intersection between the 
sets of k-mers1

2

8

9

0
4
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How repeats affect the intersection
60



intersection between the 
sets of k-mers1

2

8
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How repeats affect the intersection
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constraints of sets force 
us to remove information 

about occurrence

CGC CGC
CGT

mutation

1
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How repeats affect the intersection
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repeats allow for 
collisions between 

mutations and errors1
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How repeats affect the intersection
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I0

How repeats affect the intersection

sampled without error in skim 
1 and skim 2

are not mutated in the 
evolution from parent to child

I1
in intersection 

due to error

I
intersection is comprised of 
two different sets of kmers
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I0

How repeats affect the intersection

sampled without error in skim 
1 and skim 2

are not mutated in the 
evolution from parent to child

I1
in intersection 

due to error

I
intersection is comprised of 
two different sets of kmers
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1. coverage
2. genome length

3. error rate

replace 
ratio-based 

estimators with 
spectrum-based 

estimators
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ReSkmer: estimating sequencing parameters

choose range of bins 
with no error 

known repeat 
spectrum

(ξ) Error Free 
k-mer coverage
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ReSkmer: estimating sequencing parameters

P(x;ξ = 0.5)

P(x;ξ = 1)

P(x;ξ = 4)

known repeat 
spectrum

Iterate over 
potential 

coverage until 
match

choose range of bins 
with no error 
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ReSkmer: estimating sequencing parameters

P(x;ξ = 0.5)

P(x;ξ = 1)

P(x;ξ = 4)

known repeat 
spectrum

lambda (k-mer coverage): 
all observed k-mers / genome length 

Use xi and lambda  to get epsilon .
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Simulation Results
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ReSkmer results
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ReSkmer results
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ReSkmer results
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Apis mellifera Results
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Honeybee clustering data

ANGSDReSkmer-norefReSkmer-refSkmerMash

4X

1X
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ANGSDReSkmer-norefReSkmer-refSkmerMash

4X

1X

Honeybee clustering data
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ANGSDReSkmer-norefReSkmer-refSkmerMash

4X

1X

Honeybee clustering data
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ANGSDReSkmer-norefReSkmer-refSkmerMash

4X

1X

Honeybee clustering data
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ANGSDReSkmer-norefReSkmer-refSkmerMash

4X

1X

Honeybee clustering data
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Correlation results
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ANGSD

Correlation results

How well do alignment-free methods correlate with 
alignment-based methods?

Unified Genotyper
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ANGSD

Correlation results

How well do alignment-free methods correlate with 
alignment-based methods?

Unified Genotyper
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ANGSD

Correlation results

How well do alignment-free methods correlate with 
alignment-based methods?

Unified Genotyper
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SKMER RESPECTBBMAP

1 Skimming Pipeline

Dedupe

Adapter Removal

Interleaving

Genomic
Distance

Estimation

Repeat 
and 

Parameter
Estimation

CONSULT-II

Bacterial
and 

Human

Read
Decontamination

SEQTK

Down-
sampling

SKMER

Downsampled
Genomic

Distances

For Each Target Coverage

Skimming Pipeline Overview
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What Repeat Spectrum should I use? 
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Conclusions

● ReSkmer models how repeats affect the Jaccard Index between k-mer sets

● ReSkmer builds on the groundwork set up by Mash and Skmer
○ Fast and scalable, whole genome resolution, reference and alignment-free, low coverage 

● ReSkmer allows us to calculate very small distances very accurately (pop-gen)

● ReSkmer submitted to be published and is under review

● Code is here! https://github.com/echarvel3/ReSkmer
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Future Work

DipSkmer?
(k-mer based method,

short-read sequencing)

- Whole Genome Resolution

- Reference and Alignment Free

- Low Coverage

- Models diploidy
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