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An Expectation-Maximization approach to identify single-copy and multi-

copy regions from heterozygosity levels

The joint regression of heterozygote frequencies consists on first duplicating the data set, and assigning

one replicate to fit SNPs at multicopy regions (level D of factor Z), and the other to fit SNPs at single-

copy regions (level K of factor Z). Across the two replicates, every SNP (xi) is associated with a weight

(Wxi
) between [0; 1]. Weights are used as soft assignments, and are equivalent to a quantitative measure

of the posterior likelihood for a SNP to belong to single-copy, or to multicopy regions. The weights

in the two replicate data sets are linked, so that: Wxi|Z==D = 1−Wxi|Z==K . At the initialization of

the model, we assign a weight of 0.01 to SNPs with heterozygote frequency f(Aa) = 2 ∗maf and to

all SNPs with transformed heterozygote frequencies that fall into the 0.1% upper tail of the binomial

distribution when assuming Hardy-Weinberg proportions (E[f(Aa)/2maf ] = 1 −maf). We assign a

weight of 0.99 to the SNPs that fall in the 0.1% lower tail of that distribution. To all other SNPs we

assign weights randomly from a uniform distribution between 0.01 and 0.99. This moderately informed

initialization strategy accelerates convergence and prevents suboptimal results. At every iteration step,

we use data and weights to fit the mean via the Complementary Log-Log link and overdispersion via

the logit link. For the mean we use the following model:

f(Aa) ∼ Z + I((1−maf) ∗ (Z == K))

The model fits an intercept for each level of factor Z and an interaction term I of level K (corre-

sponding to single-copy SNPs) with (1−maf). The intercept can converge towards (1− FIS) fitting

the inbreeding coefficient to the data (FIS = 0 with random mating). Because 2 ∗ (1 − FIS) is inde-

pendent of the maf , it is absorbed in the regression parameters for SNPs at single-copy regions. This

allows the model to fit the inbreeding coefficient to the data, and to avoid assumptions on random

mating and Hardy-Weinberg proportions of genotype frequencies. For multicopy regions, the model

fits a constant hazard ratio for f(Aa)/2maf , with no interaction term, corresponding to a straight

line. For the overdispersion we fit a single model with only one intercept for both levels, which results

in equal overdispersion assigned to SNPs at single-copy and multicopy regions. This constrains the

model, while avoiding assumptions about the relative effect of the various sources of overdispersion.
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After fitting we calculate probability densities from predicted means for SNPs at single-copy and

at multicopy regions with the dbetabinom() function. Then we recalibrate weights for each replicate

data set as:

Wxi|Z=K =
P (Z = K) · P (X = xi | Z = K)

P (Z = K) · P (X = xi | Z = K) + P (Z = D) · P (X = xi | Z = D)

Where P (Z = K) and P (Z = D) are given by the weigths of the previous iteration. We iterate

these steps until likelihood convergence is reached, or for a user-specified number of iterations.

The probability densities from the last iteration of the EM algorithm are a measure of the likelihood

(L) of the SNP belonging to the factor Z (whether a SNP belongs to a single-copy or to a multicopy

region) given the observed heterozygous frequencies at the focal SNP and genomewide. We use these

probabilities to obtain the log-likelihood ratio (λ) as a measure of the relative support for a model

where the SNP originated at a single-copy or at a multicopy region. We classify SNPs as multicopy

SNPs when λ ≤ log(LZ==K = 0.01/LZ==D = 0.99) ≤ −4.59512, and as single-copy SNPs when

λ ≥ log(LZ==K = 0.99/LZ==D = 0.01) ≥ 4.59512). The remaining SNPs are considered of uncertain

origin (when −4.59512 ≤ λ ≤ 4.59512), and they include many low-frequency SNPs where expectations

for single-copy and multicopy regions converge (supplementary fig. S1b).

Read-ratio deviations

We calculated read-ratio deviations based on a z-score at each SNP across individuals according to [1],

so that:

zi =
p ∗Ni −Nai√
Ni ∗ p ∗ (1− p)

Where Ni is the total read depth at a SNP i, Nai is the read depth of the alternative allele and p is the

expected read ratio of 0.5. Different from previous approaches, we construct a two-sided 95% normal

confidence interval based on the mean and variance of the empirical z-score distribution at single-copy

SNPs classified in the first EM-based step. This can account for unknown sources of variance that may

increase overdispersion at empirical distributions compared to theoretical expectations. SNPs that

were unclassified in the previous step, and with a z-score that lies outside the confidence interval are
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classified as SNPs in multicopy regions in this step. Expected read ratios for heterozygote genotypes

at single-copy regions is 0.5. However, sequencing technologies can have a reference bias, mainly

caused by the difference in mapping accuracy of reads carrying additional mismatches. This happens

especially in SNP calling pipelines where SNPs are not called directly from the alignment files, as

for instance in GATK. For multicopy regions, expected read ratios depend on the number of copies

and on the frequency of heterozygotes on each copy. For empirical data where we called SNPs with

GATK, we note that this pipeline only counts ’informative reads’ in the reported allele depth, while

also uninformative reads might be involved in the genotype call. Informative reads are reads with a

marginal likelihood difference to the second most likely allele of 0.2 on a Phred scale.

In the empirical data of A. alpina, SNPs classified as single-copy have a median read ratio of

0.5035 and a single mode at 0.5079 (supplementary fig. S4). These read ratios are very close to the

expected 0.5, with a slight deviation that is likely due to reference bias. SNPs flagged as seeds in the

EM step of ParaMask had a median read ratio of 0.6934 and a bimodal distribution with maxima

at 0.5606 and 0.8129. The bimodal density of seeds may stem from the expected read ratio of 0.5

for homozygote differences between copies, and of 0.25 or 0.75 for sites that are heterozygote on one

copy and homozygote on the other. Also, the presence of regions with more than two copies would

result in different expected read ratios. The shifts of the modes might result from increased reference

bias for multicopy regions due to decreased mapping accuracy of reads at the flanks of the multicopy

region. SNPs that were of uncertain origin based on the EM, and that are mainly at low frequency,

have median read ratio of 0.763158 and a bimodal density with maxima at 0.5017 and 0.8836. The

two modes of the uncertain SNPs suggest that they are likely a mixture of SNPs at single-copy and

at multicopy regions. The relationship between heterozygote frequency and read-ratio deviations is

weaker in our data (supplementary fig. S4) compared to other studies on outcrossing species [1]. This

is likely due to the low prevalence of heterozygotes due to selfing in A. alpina. As a consequence

of this, SNPs in multicopy regions are not too well characterised by read-ratio deviations in inbred

populations, consistent with our results on simulations and on empirical data.
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Clustering of multicopy haplotypes

To compute the distance threshold for haplotype clustering, we assume that the distances between seed

SNPs are randomly distributed within haplotypes and haplotypes are randomly distributed across the

genome. Under these assumptions, the distances between seed SNPs are a mixture of a geometric

distribution of distances within haplotypes, and one between haplotypes. Within ParaMask, we use

an Expectation-Maximization approach to estimate parameters of the two distributions (this differs

from the EM in the first step of ParaMask). We output as a threshold the distance at which the

density of distances within haplotypes equals the density of distances among haplotypes. Because

distances within haplotypes tend to be shorter than among haplotypes, distances that are larger than

this threshold are more likely to reflect distances among than within haplotypes. To obtain a stable

distance threshold that is less affected by randomness in the EM algorithm, we repeat this estimation

procedure 1000 times by default and report the median across replicates. At the end of the clustering

procedure, if a multicopy SNP is isolated in between single-copy SNPs, we consider it suspicious and

we omit it from the final classification in multicopy haplotypes.

Simulations

We simulated genomes with single-copy regions interspersed with duplications using the forward-in-

time simulator of segmental duplications SeDuS [2]. Every simulation outputs three blocks, correspond-

ing to one single-copy haplotype, and two copies for a different duplicated haplotype. To approximate a

genome with single-copy regions interspersed with duplications, we ran the simulations multiple times,

then collated single-copy to duplicated haplotypes to reach a total unique sequence of approximate

length 1 Mbp. For the duplications, we sampled haplotype lengths from an exponential distribution

with average 1 kb, for an approximate total length of 0.1∗1 Mbp for simulations with 10% duplications,

and 0.5 ∗ 1 Mbp for simulations with 50% duplications. Note that these are lengths after collapsing,

therefore we effectively simulate twice these sequence lengths. For the simulations, we set population

size at 10000 individuals, sample size at 100 individuals, and recombination rate at 5 ∗ 10−7 per base

pair per generation (adjusting the effective allelic recombination rate per chromosome). All other pa-

rameters were set at default values, including a mutation rate of 2.5∗10−8 mutations per generation and
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population-scale gene conversion rate of 0.05 per generation. To simulate single-copy and duplicated

haplotypes in an inbred population we rescaled parameters in SeDus by dividing effective population

size and mutation rate by (1 +FIS) and by multiplying recombination rate by (1−FIS). An inbreed-

ing coefficient of FIS = 0.9 corresponds to a selfing rate of approximately s = 0.95. To approximate

the expected genotype frequencies with inbreeding, we implemented an additional step, and converted

original heterozygote genotypes to homozygous genotypes with probability equal to FIS = 0.9. We

note, that with this approximation we effectively reduce diversity further by approximately 9%. In

order to recover the pattern expected when multicopy regions are collapsed, we kept track of each

genotype (adjusted for heterozygosity in the case of inbreeding) at single-copy regions and at each

copy of duplicated regions. For each SNP, we assigned sequencing depth by randomly sampling from

a negative binomial distribution with overdispersion parameter θNB = 8 and mean 10 for SNPs at

single-copy regions, and mean 20 for SNPs at duplicated regions. In a second step, we assign read

ratios based on the read depth assigned to each SNP. For homozygous genotypes, all reads are assigned

to the only allele present. For heterozygous genotypes at single-copy regions and for collapsed dupli-

cations that are homozygote for different alleles, read ratios are sampled from a binomial distribution

with mean 0.5, and given read depth. For genotypes that are heterozygous on one duplicated copy

and homozygote on the other, read ratios are sampled from a binomial distribution with mean 0.25 for

duplications with one derived allele, and with mean 0.75, for duplications with three derived alleles.

We note that this latter case happens in cases of interlocus gene conversion. SNPs with a read ratio

lower than 0.2 or higher than 0.8 are set as homozygotes. Genotypes with read depth less than three

are set to missing values.

To evaluate the performance of ParaMask with different sequencing depths, we used simulated

sequences from SeDuS with 10% duplications and we modeled a read depth of 3x, 5x, 8x, 12x, and

20x with a negative binomial model, with random mating (FIS = 0) and inbreeding (FIS = 0.9). In

this case, genotypes were only set to missing values when depth was less than two. To assess the

performance of ParaMask with different sample sizes we sub-sampled 10, 15, 20, and 50 genotypes

from all simulations with different read depths. For analyses on all combinations of sample size and

read depth, we excluded sites with more than 30% missing genotypes using the ParaMask parameter
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−m. All other ParaMask parameters were kept at default values.

Identification of multicopy regions in simulations with low sample size and

low sequencing depth

In ParaMask, the EM algorithm failed to converge for a sample size of 10 and random mating, and it

did converge with inbreeding. We therefore focused on simulations with sample sizes of 15 and above.

Across all combinations of sample size and read depth explored, recall for single-copy SNPs remained

high with random mating and with inbreeding (above 99.0% on average; supplementary fig. S3). At

multicopy regions, recall declined with smaller sample sizes and lower read depth but remained high

with inbreeding, even at a minimal read depth of 3× and sample size of 15 (with a recall of 86.6% on

average across replicates; supplementary fig. S3). With random mating, recall at multicopy regions

dropped to 28.93% with read depth 3× and sample size 15, but remained high with a read depth

of 5× at the same sample size (on average, recall was 78.4%) and with read depth 3× and a larger

sample size of 50 (recall was on average 79.9%; supplementary fig. S3). Total recall (single-copy and

multicopy SNPs combined) also remained high with inbreeding and with read depth 3× and sample

size 15 (94.5% on average), and with random mating with either read depth 5× and sample size 15 or

read depth 3× and sample size 50 (with a recall of 93.8% and 93.7%, respectively).

Plant material, short reads sequencing and variant calling

We collected cuttings and seeds from 85 individual plants in two Spanish populations of Arabis alpina

from the Cantabrian Mountains, for a total of 36 individuals for population ES03 and 49 individuals

for population ES04 (supplementary table S2). We rooted the cuttings in the greenhouse, and we

extracted DNA from 100 mg of young leaves and meristems, following the DNeasy Plant Mini Kit

protocol with minor adjustments. DNA integrity control, DNA library preparation and 150 bp paired

end short reads nano ball sequencing was conducted at the Beijing Genomics Institute (BGI) for all

samples. In particular, DNA concentration was quantified by fluorometer or microplate reader (e.g.

qubit fluorometer, invitrogen). Sample integrity and purity were detected by agarose gel electrophoresis

(concentration of agarose gel: 1%, voltage: 150 V, electrophoresis time: 40 minutes). 1 µg of genomic
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DNA was randomly fragmented with covaris. The DNA fragments were selected by magnetic beads

to an average size of 200-400 bp. Fragments were end repaired and then 3’ adenylated. Adaptors were

ligated to the ends of these 3’ adenylated fragments. Fragments were amplified with PCR using the

adaptors from the previous step. PCR products were purified by the magnetic beads. The double

stranded PCR products were heat denatured and circularized by the splint oligo sequence. The single

strand circle DNA (ssCir DNA) were formatted as the final library. The library was amplified with

phi29 to make DNA nanoball (DNB). The DNBs were load into the patterned nanoarray and paired-

end 150 base pairs reads were generated with combinatorial probe-anchor synthesis (cPAS).

SNP calling was performed using the GATK pipeline v4.2.0 [3]. Read groups were assigned,

adapters were soft clipped, duplicates were marked and reads were aligned to the reference genome

Arabis alpina v5.1 [4] with bwa mem. Samples with genome-wide average read depth of 10 or less

were excluded from the analysis. SNPs with read depth less than 5 and genotype quality less than 30

were set to missing values. Indels were removed and only biallelic sites were retained.

Identification of multicopy regions with ParaMask in Oncorhynchus gor-

buscha, Leptidea sinapis, and Oncorhynchus tshawytscha

We downloaded publicly available .vcf files, which were not filtered based on excess of coverage or

excess of heterozygousity and contained information on read depth (see Data Availability). The L.

sinapis data set included only male individuals with two copies of Z-chromosomes, and singleton SNPs

were already prefiltered. For both data sets we calculated average read depth per individual across

all SNPs, including missing ones and excluded individuals with average read depth less than 10x.

The genome-wide average read depth of the remaining individuals was 14.3x (range: 10.0x - 38.2x)

and 14.1x (range: 10.2x - 21.8x) for O. gorbuscha and L. sinapis, respectively. For each individual,

SNPs with read depth less than 5 or genotype quality less than 30 were set to missing values. In our

analysis with ParaMask we excluded all SNPs with more than 10% missing genotypes and used default

settings for all ParaMask scripts. For haplotype clustering we used chromosome sizes of the reference

assembly of O. gorbuscha [5] and chromosome size specified in the linkage maps for L. sinapis [6]. For

the Chinook Salmon VCF based on RAD-seq data, no additional filtering steps were applied. The
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chromosome column was set equal to the tag ID, as RAD-seq tags were stored by ID. ParaMask was

applied using a 30% missingness threshold to retain a comparable number of SNPs to those used in

[7]. Since each SNP corresponded to a unique RAD tag, we omitted the clustering step of ParaMask.

After filtering, we analyzed 19,306 SNPs, each located on distinct RAD tag sequences. Copy number

annotations were available for 8,294 SNPs from [8]. In total, we identified 15.61% as multicopy SNPs,

51.74% as single-copy, and 32.64% remained unclassified.

Gene ontology enrichment analysis

We extracted the overlap between ParaMask calls and the genes annotated in the reference genome

Arabis alpina v5.1 [4]. We tested for enrichment of gene ontology (GO) categories for genes overlapping

multicopy regions using the elim algorithm and Fisher’s exact test implemented in the topGO package

v2.42.0 [9]. Among the enriched GO categories, we found genes related to the integration of DNA

segments into chromosomes (DNA integration) which can be related to transposon activity (including

for instance a gene homologous to the retrovirus-related Pol polyprotein from transposon TNT 1-94 in

Vitis vinifera, POLX ). Further, we found an enrichment for defense response genes, including genes

related to virus induced gene silencing and genes related to defense response to bacteria.

PacBio Hifi long-reads sequencing

To validate the calls of multicopy regions in A. alpina with ParaMask, we sequenced two of the 85

accessions, ES03-014 and ES04-014, with PacBio Hifi long-reads, one from each of the two populations,

ES03 and ES04. For long read sequencing, genomic DNA was isolated from leaves with the NucleoBond

HMW DNA kit (Macherey Nagel, Düren, Germany). A HiFi library was prepared according to the

manual of the HiFi SMRTbell® Libraries using SMRTbell Express Template Prep Kit 2.0 (Pacific

Biosciences, Menlo Park, CA, USA) with an initial DNA fragmentation using Diagenode Megaruptor®

3 (Denville, NJ, USA) and final library size binning into defined fractions by Blue Pippin with 0.75%

agarose cassettes (Sage Science; Beverly, MA, USA). Size distribution was again controlled by Femto

pulse system (Agilent, Santa Clara, CA, USA). Size-selected libraries were then sequenced at the Max

Planck Genome-centre Cologne on a Sequel II device with Binding kit 2.0 and Sequel II Sequencing
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Kit 2.0 for 30 h using two SMRT cells (Pacific Biosciences, Menlo Park, CA, USA).

Validation based on structural variant calling with long reads

To call structural variants, we aligned the HIFI long reads of individual genomes to the reference

genome Arabis alpina v5.1 [4] with minimap2 v2.0.2 [10], using 20 threads and default settings. The

aligned reads were then used as input for SV calling with sniffles2 v2.2 [11] and cuteSV v2.0.2 [12].

Both methods can detect duplications, insertions, deletions, inversions, and translocations. For both

programs we set the minimum length of SVs to 35 bases, the default setting for sniffles2. After

independently calling SVs with the two methods, we merged the resulting data set with SURVIVOR

v1.0.7 [13], which identifies SVs called by both cuteSV and sniffles2. We set the maximum allowed

distance between breakpoints of the same SV in the two methods to 10% of the respective SV length.

To validate the calls from ParaMask, we generated high-confidence sets of multicopy genomic

regions, and of single-copy regions, based on SV calling from long reads. For high-confidence multicopy

regions, we focused on duplications, which are the SV class that always represents multicopy regions.

To reduce the error rate associated with SV calling from long reads, we selected the duplications

that were identified by both cuteSV and sniffles2. For comparison to ParaMask, we matched the

minimum length of detected SVs (35 bp in SV calling), and we selected the ParaMask regions were

either or both of the two genomes sequenced with long reads were heterozygote at SNPs inferred to be

collapsed. To identify a set of high-confidence single-copy regions, we selected regions where neither

cuteSV nor sniffles2 called any SV. To assess the agreement between ParaMask and high-confidence

duplications identified through long-read SV calling, we calculated the proportion of SNPs located

within each duplication that were classified as multicopy SNP. These percentages were then averaged

across all SVs to obtain a normalized measure of agreement. In contrast to a genome-wide count of

overlapping multicopy SNPs with duplications, this method is less biased by differences in SV length

and it provides a more accurate estimate of how well ParaMask classifications align with long-read

SVs. Additionally, the single-copy regions were filtered to a minimum length of 35 base pair to align

with the multicopy regions and ensure higher confidence in the single-copy regions. ParaMask can

detect multicopy regions in any of the 85 short reads genomes, while SVs were called from a subset of
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two genomes sequenced with long reads. For an even comparison, we selected the subset of ParaMask

calls were either or both of the two genomes sequenced with long reads were heterozygote at SNPs

inferred to be collapsed. Finally, we downsampled the ParaMask calls to the multicopy regions longer

than 35 base pair, to match the length threshold used in SV calling.

Long-reads genome assembly

Prior to genome assembly, we estimated heterozygosity and genome size using Jellyfish v2.2.6 [14] and

GenomeScope v2.0 [15]. We assembled the two genomes sequenced with Pacbio Hifi de novo with

Hifiasm v0.19 [16] and Flye 2.9 [17] independently, with default parameters. To avoid the inclusion

of haplotigs, i.e., sequences that represent alternative haplotypes, into the assembly, we purged the

Flye contigs with PurgeDups v1.2.5 [18]. The Hifiasm contigs were already purged by default during

the assembly process. To increase the contiguity of the contigs, both assemblies were joined with

quickmerge v3.0 [19]. We set the parameter -ml 5000 to filter contigs smaller than 5000 bp and we

used the contigs from Flye as reference and those from Hifiasm as query. We scaffolded the contigs to

the reference genome A. alpina v5.1 [4] with RagTag v2.1.0 [20] without chimeric contig correction

and with parameter setting -C to merge all unassigned contigs to chromosome 0. We filled the

gaps between pseudochromosomes with LR Gapcloser v1.0 [21]. We evaluated the final assemblies

with the Quality Assessment Tool (QUAST) v5.0.2 [22] and assessed assembly completeness using

Benchmarking Universal Single-Copy Orthologs (BUSCO) v5.2.2 [23]. The long reads were mapped

against the corresponding scaffolds using minimap2 v2.0.2 [10], and read depth was calculated using

samtools.

The assemblies were then screened for interspersed repeats and low complexity DNA using Re-

peatMasker v4.0.9 [24], and the resulting repeats were lifted over to the reference genome using liftoff

v1.6.3 [25]. After aligning the raw long reads to their corresponding assemblies, we extracted the

sequence of all regions exceeding 350x coverage, and a subset of the regions between 100x and 350x

coverage, and blasted their sequences against the nt database.
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Comparison between ParaMask and other available methods

To compare the performance of ParaMask with alternative methods, we used rCNV v.1.3.9 [7] and

ngsParalog v1.3.4 [26, 27]. To analyse empirical and simulated data with rCNV, we applied the

work flow and parameter settings as suggested on the GitHub page of the package and analysed each

chromosome separately. We generated a normalized allele depth table using the ’median ratio’ method.

Based on this table, the allele information table was generated with the allele.info function. In order

to detect SNPs in putative multicopy regions, we used the dupGen function under the expectation

of an allele ratio of 0.5 and the default method for identifying excess heterozygosity. Finally, SNPs

putatively located in multicopy regions were filtered using the K-means method integrated in the cnv

function. The retained SNPs, classified as ”cnv” were treated as multicopy SNPs.

In the analysis with ngsParalog on the empirical data of A. alpina, we generated a pileup file

for the 85 accessions described above, using the mpileup function in samtools. In the analysis with

ngsParalog on simulated data, we first generated a 1 Mbp reference genome that included the single-

copy blocks interspersed with the first segment of each duplicated block using custom scripts. For each

simulated sample, we generated a fasta file that included the single-copy blocks, and both segments of

each duplicated block using either the reference or the derived sequence according to the allelic state

from the simulations. With these fasta files we simulated Illumina sequencing reads in FASTQ format

using ART Illumina v2.5.8 [28] (parameter setting: -ss HSXt -p -l 150 –sdev 10 –mflen 200). All

FASTQ sequences were aligned to the simulated reference genome using bwa mem, and the resulting

alignments were used to create a pileup file with SAMtools mpileup. For empirical and simulated

data, we then used the ngsParalog calcLR function with parameters -minQ 20 -minind 25 -mincov 1

to compute the log-likelihood ratio of mismapped reads for every SNP. Different chromosomes were

run in parallel to shorten the run time. Based on the log-likelihood ratio per SNP, a chi-square

test was performed under the null hypothesis that reads covering a particular site originate from a

single-copy region. To classify multicopy SNPs with ngsParalog, we repeated the analysis with two

different adjustments for multiple hypothesis testing and significance thresholds. First, we used the

Benjamini-Hochberg correction with significance threshold of p < 0.001, as in [27]. Second, we used

the Bonferroni correction with significance threshold of p < 0.05, as in [26].
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After classifying SNPs into single-copy and multicopy with ngsParalog and rCNV, we compared

these classifications to the results with ParaMask, and to structural variant (SV) calling with long reads.

The comparison with SV calling was computed as described for the agreement between ParaMask and

SV calling. For ngsParalog, because it relies on independent SNP calling, we computed the agreement

with ParaMask on the SNPs that were identified in both pipelines. We further repeated all comparisons

with ParaMask and with SV calling using the two different significance thresholds used in ngsParalog

(described above). For rCNV, the SNPs used were initially the same as in ParaMask. However, rCNV

not only classifies SNPs into single-copy and multicopy, but it also discards a subset of the SNPs as

uncertain. To account for this, we first computed the comparison using all SNPs and distinguishing

uncertain from classified SNPs. Second, we repeated the comparison after excluding all uncertain

SNPs from both rCNV and ParaMask.

For comparisons on Chinook salmon RAD-seq data we focused on SNPs with annotated copy

number status from [8] and we relied on the performance of HDplot and rCNV reported in the original

manuscripts [1, 7]. Notably, some of the SNPs classified as multicopy by ParaMask and as single-copy

in [8], had a read ratio of 0.25 and low heterozygote frequencies (supplementary fig. S12). Some of

these SNPs may correspond to low-frequency multicopy regions that were not captured in the haploid

families used to identify multicopy SNPs in [8].

Genomic summary statistics

We computed genomic summary statistics in simulated and empirical data, using custom scripts avail-

able at https://github.com/Fulgione-group/ParaMask_analysis. For θW , θπ, and Tajima’s D,

we excluded sites with more than 10% missing genotypes, and we randomly subsampled 90% of the

genotypes at each site, among the ones with non-missing calls. We scaled summary statistics to the

number of non-missing sites, including invariant sites. For the allele frequency spectra (AFS and jAFS)

we randomly subsampled sites to 100 chromosomes in simulated data, and to 30 chromosomes per pop-

ulation in empirical data, among the ones with non-missing calls. For empirical data, we polarized

the spectra to the outgroup species Arabis montbretiana. We calculated the inbreeding coefficient FIS

as 1−Ho/Hs, where Ho is the observed heterozygosity, and Hs is within population diversity, using
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hierfstat v0.5.11 [29] on simulated data, and using a custom script on empirical data. We calculated

the weighted Weir and Cockerham FST estimator on empirical data using VCFtools v0.1.16 [30].

Demographic inference

To infer demographic histories, including split times between populations, migration rates, and effective

population sizes, we used the allele frequency spectrum (AFS) based method dadi [31]. We generated

joint AFS between the two Spanish populations of A. alpina after excluding genic regions (open reading

frame and 2 kbp up- and downstream of all genes), because they are more likely to evolve under strong

selection. To account for distortions in the AFS due to selfing, we used a single haplotype per diploid

genome. We inferred demographic parameters with and without the multicopy regions identified with

ParaMask, to test their effects on demographic inference. For both jAFS, we inferred parameters in

200 independent replicates with up to 50 iterations, for each of four demographic models of increasing

complexity. We tested: 1) a model with a population split, no migration and constant population

sizes, 2) a model with a population split, no migration and exponential changes in population sizes,

3) a model with a population split, no migration and a bottleneck, 4) a model with a population

split, asymmetric migration and exponential changes in population size. We chose the best supported

model for each jAFS on the basis of the replicate with the highest likelihood, according to the Akaike

Information Criterion.
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