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Abstract:

Next-generation sequencing of reduaeghresentation genomic libraries provides a
powerful.methodology for genotyping thousands of single nucleotide polymorphisms
(SNPs)-among individuals of non-model species. Utilizing ggreotlata in the absence
of a reference genome, however, presents a number of challenges. One major challenge is
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the tradeoff between splitting alleles at a single locus into separate clusters (loci), creating
inflated homozygosity, and lumping multiple ideto a single contig (locus), creating
artifacts and inflated heterozygosity. This issue has been addressed primarily through the
use of similarity cutoffs in sequence clustering. Here, two commonly employed, post -
clusteringsfiltering methods (read depth and excess heterozygosity) used to identify
incorrectly assembled loci are compared with haplotyping, anothefilpashg
clusteringapproach. Simulated and empirical data sets were used to demonstrate that
each of the'three methods separately ifiedtincorrectly assembled loci; more optimal
results were achieved when the three methods were applied in combination. The results
confirmedsthat including incorrectly assembled loci in populagjenetic datasets
inflates'estimates of heterozygosity atedlates estimates of population divergence.
Additionally;at low levels of population divergence, physical linkage between SNPs
within a locus created artificial clustering in analyses that assume markers are
independent. Haplotyping SNPs within a loctie&ively neutralized the physical
linkagerissue without having to thin data to a single SNP per locus. We introdute a Pe
script that'haplotypes polymorphisms, using data from single or paired-end reads, and
identifies potentially problematic loci.
Keywords. population genomics, non-model species, single nucleotide polymorphisms
I ntroduction

The field of population genetics, empowered by high-throughput DNA
sequencing;, is rapidly expanding the potential for high resolution demographic, genomic,
and evolutionary analyses of non-model organisms (Mardis 2008). The technology has
not yet reached the point where sequencing the full genome of many samples is cost or
labor-efficient, so most studies rely on redugegresentation libraries to provide a
manageale.number of single-nucleotide polymorphisms (SNPs) to survey across
individuals(Altshuleret al. 2000) Currently, there are several librgpyeparation
approaches and bioinformatics procedures used to identify and genotype hundreds to
thousands,of SNPs in a panel of individualg. Okouet al.2007; Van Tasseét al.
2008). One form of library preparan (restrictionsite associated DNA or RAD) takes
advantage of the relative frequency of restriction endonuclease sitesitth@ihumber
of fragments sequencéBuritzet al. 2014b). The major challenge for most RAD

This article is protected by copyright. All rights reserved



60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90

sequencing projects applied to Aamodel organisms is to assemble a high quality set of
homologous sequences with minimal missing data across the greatest number of
individuals, without use of a reference gendaveyet al.2011). This challenge has
been met with many solutions and mixdmhrees of succefBuritzet al. 2014a; Puritzt

al. 2014b).

Assembling a RAD dataset requires separation of reads into clusters
corresponding to a single location on a haploid set of chromosomes (hereafter, single
copy lecus)."The challenge, therefore, is to identify highly similar sequences thpy occ
different chromosomal locations (hereafter, matipy loci). These multi-copy loci
includesparalogs, transposons, and other,all@tic similar sequencdgiohenloheet al.
2011; Petersoat al. 2012) hat may artificially cluster together during assembly. There
are several approaches to detect rmadpy loci such as quantitative PCR (e.g. D’haene
et al.2010) or phylogenetic analysis of homologous sequences (e.g. Cannon & Young
2003), but none of thesee costeffective for the volume of data typical of a RAD
populationsgenetics dataset. The problem is especially challenging for taxaceith re
whole geneme duplications followed by partial “diploidization”, such as salmonids
(Christensen et al. 2013).

ldentification and elimination of multi-copy loci in SNP datasets begins during
bioinformatics assembly and filtering. An initial step in clustering reads is to select a
cutoff for the number of base differences allowed among reads that are asserolded int
contiguousisequence alignment (contig), what will thereafter be considered as
correspoending to a single-copy locus (e.g. Cat@texh. 2011). A stringent cutoff can be
applied at this step to restrict the number of redpy loci; however, divergeiatleles
within a single locus may be split into different contigs (es@itting) and this can
inflate observed homozygosity, compromising downstream analyses that depend on
unbiased. estimates of heterozygogiiatcheret al. 2011; Harveyet al. 2015; lut et al.
2014). Alternatively, a lower sequence similarity threshold can be used to avoid over-
splitting*and posassembly approaches can be employed to filter the dataset and identify

potential multicopy loci (llutet al. 2014).

One post-assembly filtering approach is based on the observation that read depths

derived from single-locus clusters theoretically form a distribution aroureba nead
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depth(Emersoret al.2010). Contigs with abnormally high read depth often signal the
presencef multi-copy loci(Emersoret al. 2010), meaning thaecondaryeaks or
outliers in a frequency distribution of read depth per contig may indicate suspect
alignments and can be used to choose thresholds for sisglaulticopy loci. A second
filtering approach (Hohenlohet al.2011)relies on the occurrence of fixed or néaed
differencesbetween nallelic loci which causes an excess of heterozygotes above the
expected’50% for kadlelic SNPs. Filters that employ this approach tend to eliminate
SNP loci'with proportions above this level or that deviate significantly from either
Hardy-Weinberg or binomial expectations (Hohenl@teal.2011; Parchmaat al. 2012).

A third filtering approach, haplotyping, relies on the fact that closely linked SiPs c
constitute haplotypes of which a diploid individual can have no more thafiltivet al.
2014; Petersoat al.2012). Consequently, contigs that contain reads twitke or more
haplotypes within an individual can be flagged for inspection or rem@adhmaret

al. 2012; Petersoat al.2012). Unlike a filter for excess heterozygosity, which relies on
significant-divergence between alleles at meadipy loci, idetifying excess haplotypes
within individuals only requires that there are two or more variable SNP sites within a
contigwlhe number of individuals exhibiting reads with more than two haplotypes can
then be“tised as a cut off to eliminate possible roafty loci. These filters are designed
to eliminate multicopy or artifactual contigs from population genomic datasets, and
though.many researchers may wish to identify true paralogouptiential sites of
evolutignary. innovationin their data, the loci identified by these filters will often result
from a'variety of assembly and scoring errors also.

Closely linked SNPs can also pose complications in data analysis when
associations, due to linkage are treated as a statistical association among loaj resultin
from consanguinity, selection, or population struc{it@eufferet al. 2007) Over time
scales of populatiofevel processes, SNPs within a fragment of a few hundred base pairs
in lengthsare expected to exhibit background linkage disequilibrium (LD), and thus
should 'not,be considered independent marféeakishet al. 2003; Kaeuffeet al. 2007).
This presents a dilemma for researchers who wish to glean as much information as
possible from their data as the total observed SNPs will be greater thamiber rod
segregating loci. In addition, considering that SNPs contain less informatitotpsr-
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than multiallelic markers such as microsatellite |@¢iorin et al. 2009) thinning the
dataset to one SNP per locus reduces the total information content. Fortuhately, t
information content of all SNPs in a dataset can be preserved and physical linkage
artifacts removed by haplotyping SNPs within segregating loci.

Here, we explore the efficacy of using read depth, excess heterozygosity, and
haplotyping;, sequentially, separately, and in combination to identify multi-copy loci for
eliminationfrom a SNP dataset. We evaluated filter performance by using four simulated
RAD datasets containing multopy loci, generated with a combination of either high or
low mutation rate and either simple or complex evolutionary history. We also evaluated
an empirieal data set generated from a marine fish with low population strantliregh
geneticdiversity. Finally, we examined bias and precision in estimating populati
genetic parameters by retaining and considering all SNPs as independentioitigtto

a single SNP per contig, or haplotyping SNPs within contigs.

M ethods
Simulated*RAD data

Sequence reads from a double-digest RAD library (i.e., paired reads of fixed-
lengths-allelic sequences) were simulated usingitinerls Python script (D. Eaton,
Yale), creating reads of a usgyecified library type. ThEggLiblibrary (De Mita & Siol
2012)was used to specify demographic parameters that affect allelic coaleandnce
simulate"seguences under those conditions. Two large, randomly mating populations that
diverged:from a common, homogenous populatidigdnerations in the past, followed
by bi-directional gene exchanga € 0.01) until 0.N generations in the past (after this,
m = 0) were simulated, and 1,000 loci from 40 individuals (20 per population) were
sampled. . To introduce multi-copy loci (in this case double-copy) another pair of
populations; with the same demographic history butlvhad diverged from the first
pair of pepulations 29 generations in the past, followed by zero gene exchange, were
simulated.,From this second pair of populations, sequences from 50 of the 1000 loci (5%)
were sampled and combined with reads from the first pair of populations. The gesultin
dataset contained 950 singlepy and 50 mukicopy loci. Simulated sequences consisted
of paired 100 base pair (bp) forward and reverse reads, with the number of reads per
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locus per individual specified with a gamma distributike (L.6,0 = 20) with a mean of

k*6 = 32, mode ofk-1)*0 = 12, and a 95% probability interval of 2.6 - 97.2. These
simple, multicopy datasets also included sequencing errors and insertion-deletion
mutations introduced at default rat€s{ 0001 per site). Data were simulated at lower

(N = 35,000) and higheN(= 70,000) population sizes, with a constant mutation gate (
7x10°%),.thus creating low and high genetic diversity, simple datasets. Simulations for the
larger population also included a low but positive rate of recombination within fragment
(p = ANr="10, sites = 100). Complex muttopy datasets also were generated to explore
the performance of filtering for older, more divergent multi-copy loci which mayreat
fixed-site ernearlyfixed differences. Both sequence datasets (low/high diversity) were
duplicated rand for reads from the 50 multi-copy loci derived from the second pair of
populationsithe 5th G of every odd read was changed to an A and the fourth G of every
even read was changed to a T. While this procedure did not create fixed differences
between locus copies from each population pair, it increased the likelihood of divergent

haplotypeswovein situ mutation alone.

Empirical data

Empirical data consisted of a reduaegiresentation, genomic library of red
drum, Sciaenops ocellatysreated using a modified version of the double-digest,
restrictionassociated DNA sequencing (ddRAD) protocol of Peterson et al. (2Uh2)
data set'was composed of 100 bp paerd-+eads 040 individuals sampled from two
localitiess(lzower Laguna Madre and Sabine Lake, Texas). These localities, while
demographically independent over a single generation, are part of the same western
“regional population” of red drum (Hollenbeck 2016), andlddhus be considered to
consist.of one or two clusters of individuals. Details of library construction cayubd f
in Puritz et.al(2014a) and data be obtained from NCBI's Short Read Archive (SRA)
under Aecession SRP041032.

Reference construction, réanapping, variant calling, and preliminary filtering

Both simulated and empirical data were processed usirdPitheentpipelinev.2
(Puritzet al.2014a)which facilitates efficient construction of a reference genome
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(catalog of putatively-orthologous sequences), quality trimming of sequence reads,
alignment-based mapping of trimmed reads to the reference, and calling of gaiianor
positions by using a probabilistic model and considegipgori sampling units. For both
simulated and empirical data, the reference set was created from unique, untrimmed
sequences.that were present at least twice within individuals (K1=2) and at least twice
among individuals (K2=2), and then clustered at no less80886 sequence similarity
(c=0:8),from which a consensus sequence was derived. These parameters are expected to
bypass the'majority of sequencing errors, which are expected to occur in only a single
sequence, and provide effective clustering of even giergralleles within loci, with the
possibilitysef clustering reads from muttepy loci with similar sequences (llet al.

2014). Qualityrimmed reads were mapped by alignment to the reference consensus
sequences, using mapping parameter values of 1, 3, and 5 for match score, mismatch
cost, and gap-opening penalty, respectively. Variant calling was performed with
FREEBAYES (Garrison & Marth 2012) on BAM files of aligned reads. Polymorphisms
(whichgnitially included complex, insertiedeletion, multiallelic, and btallelic variants)
were filtered for quality and missing data with a combinatio@FTooLs (Danaceket

al. 2011) and vcflifE. Garrison Boston Colleg@) addition to the filtering below (see
Supplemental Information).

Multi-copy locus elinmiation by variant filtering and haplotyping

Three approaches for pedustering, filtering of multicopy loci (read depth,
excess heterozygosity, and haplotyping) were investigated using both empirical and
simulated data. Full details of filtering routare described in Supplemental
Information._The first (Scheme 1) was applied to individual SNPs and employed #he thre
filtering.approaches sequentially in the order read depth (a), excess hetetp{iyos
and haplotyping (c). In this scheme each filtering step received only data regrester
a previous filtering step. Schemes 2 and 3 were applied jointly to all the SNPs inga conti
rather than.to individual SNPs. Scheme 2 employed the three filtering approaches
separately (&); while Scheme 3 empyed the three approaches separately but then
combined results from all three. For comparison, a fourth dataset (Scheme 4) was

generated with no filtering for multi-copy loci.
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215 To filter multi-copy loci based on read depth (Schemes 1, 2a, and 3), SNPs were
216 filtered by mean read depth across individuals, with cutoffs determined enipifacal

217  both simulated and empirical datasets (see Results and Discussion). In Scheme 1, only
218 high depth SNPs were removed; in Schemes 2a and 3, entire SNP-containing contigs
219  were remeoved if any of the constituent SNPs failed to pass the filter. To filter paralogs
220 basedon excess heterozygosity (Schemes 1, 2b, and 3), the proportion of heterozygotes at
221 each'SNPocus was estimated usit@FTooLs. For SNPs with >50% heterozygsiea

222  y*test'Was'Used to assess whether each conformed to expectations eiMeardgrg

223 equilibrium (HWE) and a correction for multiple te@®njamini & Hochberg 1995)as

224  applieds In"Scheme 1, SNPs significantly in excess of 50% heterozygotes were removed,;
225 in Schemes 2b and 3, any contig with one or more SNPs in excess of 50% heterozygotes
226  and not in HWE was removed. To filter multi-copy loci based on haplotyping (Schemes
227 1, 2c, and.3), a custom Perl script was employed (Supplemental Informatiorgcriphe

228 identifles. multtSNP genotypes for each individual at each conbg)pares this to a

229 catalogrof‘haplotypes (spanning both read pairs) for each individual at each contig, and
230 flags homozygotes errantly called heterozygotes, based on genotyping error, and true
231 heterozygotes with more than two haplotypes. In additi@nscript discards variants

232  observed in only one or two reads as sequencing errors. The user is able to-eét a cut

233  for the number of genotyping errors and for extra haplotype-containing individuals

234  allowed per contig, and for missing data. In this studyoéistwere set such that if one or

235 more individuals had >2 haplotypes at a contig, that contig was removed.

236 Forssimulated data, the number of mialbipy loci that were eliminated aach

237  step and in each filtering scheme were recorded (Table 1). For empirical data, where the
238  true number,of multi-copy loci was unknown, the total number of contigs eliminated with
239  each filter.was recorded (Table 2).

240

241  Population statistics and effectspysical linkage

242 To examine possible effects of filtering multi-copy loci and physical §jakan

243  estimates of populatiogenetic parameters, the empirical dataset was filtered using

244  Schemes 1, 3, and 4. For Schemes 1 and 3, the haplotyping filter was run on data with no

245 minor allele frequency (MAF) ctaff because rare alleles, while not necessarily desirable

This article is protected by copyright. All rights reserved



246  for many population genetic analyses, are quite useful in identifying excess hapéitypes
247  alocus within individuals. After initial haplotype filtering, SNPs were ffidteusing a

248  MAF cut-off where the least common allele had to be observed at least twice in a given
249  dataset (MAFE>2/2N alleles), and then the data were re-haplotyped (without further

250 filtering)«kor schemes 1 and 3, filtered datasetsevthinned to a single SNP per contig
251 (the first SNP, by default) for comparison to data sets containing all filtered SNPs

252  (unthinned)"and haplotypes (Table 3). For Scheme 4, only thinned and unthinned data
253  sets were'compared.

254 Two Simulated, simple datets, one of low and one of high genetic diversity,

255  were generated for comparison with the empirical dataset. For both of theseéesimula
256  datasets, SNP loci were filtered f005% missing data for consistency with the

257  empirical dataset and then filteredngsa MAF of>2/2N. Analyses for each dataset were

258  run with and without simulated muitiopy loci (removed manually), and thinned datasets
259 were compared to unthinned datasets. After filtering with greater stringency for missing
260 data (50%ws. 95%; Supplentahinformation), these datasets consisted 616% of the

261 original*1,000 contigs. Additionally, for datasets where multi-copy loci had been

262 removed, data were haplotyped for comparison to thinned and unthinned data sets as
263  aboves«(Table 4).

264 GENODIVE (Meirmans & Van Tienderen 2004)as used to generate estimates of
265 the effective number of alleles fhand the inbreeding coefficier(s) for each of the

266 three datasets (one empirical, two simulated) and an estimate of unbiased population
267 divergenece@"st) between pairs of samples within dataséts is a measure of

268 divergence, calibrated to the maximum possible divergence given the number of alleles at
269 alocus, and.consequently permits a direct comparison betweadaligi{oci (i.e., SNPs)

270  and multiallelic loci (haplotyped contiggHedrick 2005; Meirmans & Hedrick 2011).

271  Confidencedntervals fdB;s andG"st were generated using 10,000 bootstrap replicates
272  acrossJleci. Population assignment probability to two clusters (K=2) were calculated
273  using the program RUCTURE, with the admixture model and correlated allele

274  frequenciegPritchardet al. 2000). Noa priori population membership information was

275  specified; runs consisted of 100,000 samples after 100,000 generations of burn-in.
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276  Because there wete/o simulated populations, and two localities (from a single regional
277  population) from which empirical data were generated, assignuzenéestimatedt K=2.

278

279 Reaults

280  Multi-copy.loci filtering of simulated data

281 A total of 1,000 contigs from the low varibity, simple and complex sequences
282  weré'reconstructed usimtipocent as were 1,000 contigs from the high variability,

283  simple"sequences. In each case, the 50 yoojity loci (contigs with reads from both

284  population pairs) were reconstructed into a singlgig each, as expected (Table 1).

285 However,atotal of 1002 contigs, including 950 single-copy loci and 47 of the multi-copy
286 loci, were reconstructed from the high variability, complex dataset. Of the three

287  remaining (expected) muwtopy loci, one contigontained only reads from the second
288  population pair (in effect becoming a single-copy locus). The other two expected, multi-
289  copy loci were divided into two contigs each (total of four). One was split into two

290 contigsrbuteach contig contained reads from each population pair, while the other split
291 into tworcontigs where each contig contained only reads from the second population pair.
292  Hereafter these five are referred to as anomalous,-ougti loci.

293 Results of filtering by Schemes 1-3 are shown in Table 1. Overall, filtering by
294  Scheme 3 (combined) was more effective than Scheme 1 (sequentially) and, in most
295 cases, than Scheme 2 (separately). When applied sequentially to individual SNPs

296 (Scheme™1), each filter removed data needed by the subsequerd fdtmttfy multi

297  copy loei=making overall filtering less effective. The three filters applied separately
298 (Scheme 2) were variously effective at eliminating racdy loci. The most effective

299 filter alone, excess heterozygosity, did achieve 100% suckessaging multi-copy loci

300 in the simulation involving the lowliversity, highcomplexity dataset. When run

301 separately,haplotyping was the least effective filter in terms of removal ofcopifi

302 loci. However, haplotyping performed well in both highmdexity datasets and was

303 more effective than depth filtering in the high-diversity, high-complexity datékes is

304 due to the fact that multopy loci in high complexity datasets exhibited more divergent
305 haplotypes, increasing the chance of recognizing extra haplotypes within individuals.
306 Haplotyping also identified multi-copy loci not identified by the other tworSlegpplied
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under Scheme 3, including all five of the anomalous, multi-copy loci from the high
diversity, high complexity dataset.

Filtering in general was least effective in hidiversity datasets. This resulted
from less effective mapping of higher variability reads onto contigs, thusingdzlarity
of patterns,.needed to identify multi-copy loci. For example, mean depth for SNPs from
multi-copy loci was 48.2 (range 13.5-69.0) and 47.3 (10.1-69.0) for the simple and
compléex;-high-diversity datasets, respectively, versus 53.8 (18.3-72.6) and 53.2 (10.9-
72.6) forthe'simple and complex, low-diversity datasets, respectively. No substantial
difference was observed in depth for SNPs from single-copy loci (means 28.4, 28.5, 28.3,
28.4). Thisspattern can be better understood by inspecting frequency distributions of
mean depth across loci (Figure 1a). SNPs from multi-copy loci are sluftbd It in
high-diversity datasets relative to lesliversity datasets and into depth bins constituting
the first mode of the bi-modal distribution. Because of this shift more SNPsritsitm
copy loci fell below the selected depth cutoff (maximum mean of 45 reads/individual)
Similarlyyvalues of and deviations between observed and expected heterozygosity were
smallerin-highdiversity datasets (0.237/0.241 and 0.244/0.244 mean observed/expected
heterozygosity in simple and complex datasets, respectively)dhediiversity datasets
(0.272/0:255 and 0.287/0.262 mean observed/expected heterozygosity in simple and
complex datasets, respectively). Consequently, fewer loci exhibited excess
heterozygosity when tested for deviations from HWE. Finally, a higher proportion of
multi-cepy-loci with >2 haplotypes failed to be mapped within a single individual in
high-diversity datasets, resulting in decreased efficiency of the haplotyping filter (Table
1). More permissive mapping parameters were not explored here, hubssible that
for datasets from populations with high genetic diversity (i.e., with a wide and
overlapping.range of sequence divergence between and within multi-copy and single-
copy loci, respectively), less stringent initial mapping values would renelse fiiters

more effective.
Multi-copy loci filtering of empirical data

Reference construction for the 40 red drum individuals resulted in 40,329 contigs
(Table 2). A total of 124,500 variants were scored from reads mapped to these reference
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sequences,ut only 79% of contigs contained variants. The average number of variants
per variable contig was 3.7, which made these data similar to the simulatetiyévsity
datasets (4.1 variants/contig) rather than simulated;diigrsity datasets (7.2
variantgcontig). While the actual number of muttbpy loci in the empirical dataset was
unknowansit likely is comparable to other nguolyploid, bony fishes (e.g <5% in

sticklebacky llutet al. 2014), andome results are still salient without this context. For
example;the distribution of read depth was unimodal and highly skewed (Figure 1b),
with some“contigs exhibiting obvious depth excesses (e.g., mean 4,918 reads/individual,
versus an overall mode of 20). These contigs BLAST to known cwyty-loci such as
ribosomalsRNA genes. However, the observation of a single mode made it difficult to
choose"an effective reatipth threshold for discriminating muttopy loci. Working

from the assumption that the majority of loci were sirggipy, and that the observed

peak corresponds to the mean depth for these loci, several cutoffs meant to approximate
an upper confidence limit associated with the mode were examined: 2X the mode, the
mode plustthe difference between the mode and the minimum mean depth (mode+mode-
min), and the § quartile. The first (2X the mode) proved to be the least stringent for this
dataset.(read depth 40, approximately tHe [B&rcentile) and was chosen as the
experimental cutoff to potentially allow more mutpy loci to remain in the data prior

to excess heterozygosity and haplotyyaeed filtering. As with the simulated data, these
filters removed fewer contigs than theptefilter, especially when applied sequentially

and notsstrietly across entire contigs (Table 2); when applied in a combined manner, the
heterozygesity and haplotype filters removed an additional 1,555 (of 5,912 total) contigs
not flagged by the depth filter. Subsequently, the frequency distribution of depth for
SNPs flagged by either excess heterozygosity or haplotyping was compared to the
unfiltered. distribution in an attempt to estimate an effective cutoff for read depth. While
the depth distribution of flagged loci is shifted to the right as compared to thbudish

of all loeig/and most loci with high depth are flagged by excess heterozygosity and
haplotyping. filters (Figure 1b), 58.3% of SNPs the were below the selected exgatime
cutoff (40). One strategy would be to remove only contigs flagged by multiple filters,

with the caveat that some mudtdpy loci will remain (Table 1). The advantage of this
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368 strategy, however, depends on the effect of retaining multi-copy loci on downstream
369 analyses.

370

371 Linkage, haplotypes, and population parameters

372 For.the empirical dataset there was no clear difference among estimated

373  population-genetic parameters based on all SNPs, haplotypes, or thinned SNPs, despite
374  haplotypes-having a higher effective number oflediégreater heterozygosity) per locus
375 than SNPs(Table 3). Sequential versus combined filtering schemes also had little effect
376  on estimated values. Estimates of inbreed@®g)(were negative and of similar

377  magnitudeswith overlapping confidence intervals, reflecting high genetic diversity an
378 effective’population size in red drui@old et al. 2001; Turneet al. 2002) Estimates of

379  population divergenceX'st) were similarly small, but confidence intervals did not

380 include zero.

381 There were larger differences among population statistics estimated from all
382  SNPs,Mhaplotypes, and thinned SNPs for simulated datasets which had multi-copy loci
383 removed (Table 4). Population divergence estimated from haplotypes was larghathan t
384 fromalkor thinned SNPs. Thisay reflect increased power to resolve divergence with
385 haplotypes or a sensitivity @"st to the number of alleles or heterozygosity (Kalinowski
386 2002; Meirmans & Hedrick 2011¢,s values, alternatively, while different, had wide

387 and overlapping confiderdntervals, suggesting difficulty in accurately calculating a

388 precisesgenomwide estimate for this parameter based on so few loci.

389 Another pattern appeared when assignment probabilities fremc3uRE using

390 all SNPS, haplotypes, and thinned SNPs iretinpirical dataset were compared. While
391 the mean level of assignment of samples intoadteo clustes was small, reflecting

392 low levels.of population divergence, the variance in probability of individual assignm
393 was much greater for the dataset ofStIPs than for haplotyped or thinned SNPs (Figure
394  2). This.does not appear to result from the dataset of all SNPs being more inveyamti
395 the thinned and alENPs datasets had similargsValues (0.0014 +0.0499 vs. 0.0012

396 +0.0484, mean + standard deviation of thinned vs. all SNPs, respectively). Rather, when
397 the analysis was run with SNPs in tight physical linkage, artificial clusters were formed
398 on the mistakemterpretatiorthat LD was the result of population structute.contrast,
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the simulated, low-diversity datasets did not show this pattern. Instead incsweaera
assigned back to their correct group with considerably higher posterior probabdég (m
>0.97).This reflectsthe higher degree of population divergence in simulated datasets
thanin the empirical dataset, and suggests a greater opportunity for artifacts when the

level of pepulation divergence is small.

Discussion

Haplotyping SNPs within a contig provides a method to remove additional multi-
copy laci or otherwise artifagirone contigs from RAD datasets when used in
combination with depth and excess heterozygosity filters. Both simulated and empiric
datasets filtexd with all three methods exhibited less heterozygosity than unfiltered
datasets, and without the added burden of splitting single-copy loci resulting$mogn
high similarity cutoffs for clustering sequences into contigs. When robusinigidike
that demonstrated here, is not applied to RAD datasets witliolitraference genome
multi-copy-loci (i.e. paralogs, transposons, and other,allefie similar sequencesyill
often beretained in the final datasahdthis can lead to biased results wpplation
genetic.analyse&.or example, there was higher heterozygosity (IdBigvalues) in
datasets"with no filtering of mutiopy loci as compared to those where medipy loci
had been filtered (Table 3) or manually removed (Table 4); this is likely due to SNPs
segregating independently in separate copies of multi-copy loci but being dustera
single eontig. This artifactual heterozygosity deflated measures of overall popula
divergenee@G'"sy), although not substantially in the empiridatasetsThis finding may
reflecta higher proportion of multopy loci in simulated data relative to the empirical
data, suggesting that artificially reduced heterozygosity is less of a probleatdor
derived.from genomes with fewer muttbpy loci.However, the percentage miulti-
copy loci falling below a given similarity cutoff, and therefore likely to be assembled
incorregctly, will generally be difficult to prediet priori for nonimodel species.

Nevertheless, the consequenoedownward biases in estimates of inbreeding
and population divergence causedétaining multicopyloci are not easy to predict,
and depend on the intended purpose of the data. In situations of very low lzgraon-

population divergencen increase itotal heterozygositgould conceivably mask
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divergence, and would provide biased estimates of gene flow and dispersalalyses

that depend on unbiased and accurate estimates of heterozygosity or allele frequency
spectra, the retention of paralogousi lmay be more serious. For example, analyses such
as genome scamkepend on accurate estimates of neutral population divergence to
identify outliers Artificial downward bias in estimates of global levels of divergence
might lead tanore false positivef loci under directional selection, while mutopy

loci might'be identified as being under balancing sele¢t@i & Gaggiotti 2008) This
prediction’should be true regardless of the bioinformatic pipeline used to produce the
final marker/dataset, &lbugh pipelines that reconstruct feweulti-copyloci and less

often oversplit alleleswould naturally produce superior results in downstream analyses.

Therresults indicated thhtaiplotypingis alsoa straightforward way to manage
closely linked SNPs within a contig without loss of information content caused by
thinning. Ignoring linkage can produce misleading results in analyses that assume
observed LD is a result of demographic or evolutionaoggses. This issue is
potentially=problematic for datasets that feature high diversity within suoth@
populations‘and low divergence between populatiaasvas manifest in the clustering
resultssfromSTRUCTURE These results suggest that caution is waethnthen using
linked.SNPs from populations with low expected genomic divergence to estimate
assignment probabilities.

Einally, while it seems intuitive thdtaplotyped datasets retain more information
than thinned SNP datasetmpulation statistics in ik study from filtered datasets were
quite similar between thinned SNP and haplotype datdgetsis casehis may reflect
that the sheer number of SNPs recovered overcamiessgf signal associated with
thinning (Kalinowski 2002; Willinget al. 2012) However, analyses that rely on locus
by-locus.measures of divergence or linkage disequilibrium such as genetic m@pging
Ball et,al.2010), estimates of identity, parentage, or kinghig. Lopéz Herraeet al.

2005) and'LD based estimates of etiee population size (e.g. Waples & Do 2010)|]
find added,benefit to haplotyping SNPs rather than thinning to a single SNP per contig

because of the increased discriminatory power of additional alleles per locus.
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Data Accessibility

Empiricallilumina sequencedatafor red drum be obined from NCBI's Short Read
Archive (SRA) under Accession SRP041032. Scripts for generating the simulated
sequence data as well as some automated filtering have been posted to github
(https://github.com/jpuritz/).

Tables

Table1."Results of filtering of simulated ddRAD datasets. For each simulated

condition (low/high diversity, simple/complex), contigs were filtered sequenbwl|

depth, observed heterozygodilyo), and haplotyping (Scheme 1), filtered separately by
depth, heterozygosity, or haplotygifgSchemes 2a), or filtered in combination (Scheme
3). Values recorded in each filtering step are number of simulated, multi-copy loci
filtered divided by the total simulated, multi-copy loci available. The number di-mul
copy loci available to filterteeach step may not necessarily match the number remaining

in a previous step because some number of 1oty loci were eliminated in
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intermediate filtering steps not directed towards redpy loci. The third through fifth
columns list the total numbeif contigs reconstructed by td®ocentpipeline, the

number of multieopy loci clusters recovered, and the number of SNPs scored across all
clusters. The last columns are the number of simulated-omsi loci remaining after
filtering.and the number of those multi-copy loci observed to possess more than two
haplotypes.

Table 2.'Results of filtering of the empirical ddRAD dataset. The number of reference
contigs and contigs containing variartd SNP) from the dDocentpipeline, as well as

the total SNB before filtering, are shown. Rows list the number of contigs that were
filtered 'sequentially by depth, observed heterozygdgkit), and haplotyping (Scheme

1), filtered separately by depth, heterozygosity, or haplotyping (Scherje @=filtered

in combination (Scheme 3). The number of contigs and SNPs retained with basic but no
multi-copy loci specific filtering also are shown (Scheme 4). For each scheme, the final

remaining=number of contigs and SNPs with’ missing data are listed.

Table8.Dataset characteristics and population statisticsfor red drum from L ower
LagunaMadre and Sabine Lake, TX, USA. Data were filtered for minor allele

frequency (MAF >1/2N alleles). Results are shown from three 1ooitty loci filtering
schemes: SNPs filtered by each method sequentially (Scheme 1), all SNPs from contigs
identifiedimcombination(Scheme 3), or no multi-copy loci filtering (Scheme 4). Number
of remaining contigs (#¥contigs) and SNPs (#SNPS) for each filtering scherslecavn

for datasets of all SN haplotypes, or thinned SNPs. Listed for each are number of
alleles recovered, effective number of alleleg)(Aand estimates and 95% confidence

intervals for.the inbreeding coefficier) and for population divergenc&4r").

Table 4.Dataset characteristics and population statistics for smulated data with

simple haplotypes. Data from two simulations (low and high variability) are shown with
and without multicopy loci removed from final datasets. Data were filtered for minor
allele frequency (MAF > 1/2N alleles). The number of remaining contigs (#contigs) an
SNPs (#SNPs) are shown for datasets of all SNPs, haplotypes, or thinned Stegs. Lis
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623 for each are number of alleles recovered, effective number of allelpsaffd estimates
624 and 95% conflence intervals for the inbreeding coefficie@ig) and for population
625 divergenceGst").

626  Figurel egends

627

628  Figurel. Frequency distribution of mean number of reads per locus

629 (depth/coverage): a) simulated ddRAD data with ‘simple’ haplotypes; and b) engir
630 ddRAD"data from red drum. Arrows in each figure indicate the chosen read-deffith cuto
631 abovewhich contigs are flagged as multi-copy loci.

632

633  Figure2'Bar plotsof posterior probability of individual assignment for 39 red

634 drum to K=2clusters, using the program STRUCTURE for three versions of the

635 ddRAD dataset.
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data multi-copy total contigs # multi- filtering filter by filter by multi-copy multi-copy

# SNPs filter by H,
diversity haplotypes reconstructed copy contigs scheme depth # haplotypes loci left loci >2 haps
1 30/50 (60%) 0/15 (0%) 2/15 (13%) 13 5
""" 2 47/50(94%) - - 3
low simple 1,000 50 3641 T - 49/50 (98%) - -
""" 2 - = 37/49(76%) 12 2
[ T combined filters: | o
1 28/50 (56%) 3/18 (17%) 1/15 (7%) 14 5
""" 2 49/50(98%) - - 1
low complex 1,000 50 3,714 2 —~  50/50(100%) - o -
""" 2 - = aes092%) 0 4 1
[ T combined filters: | o
1 17/50 (34%) 0/32 (0%) 4/32 (13%) 28 16
""" 2 42/50(84%) - - 8
high simple 1,000 50 7,097 2 - 40/50 (80%) - 1w -
""" 2« - = 35/0(70%) 15 14
[ T combined filters: 7
1 16/52 (31%) 5/36 (14%) 7/31(23%) 24 17
""" 22 4/s2(81%) 2000 - - 10 -
high complex 1,002 52 (47)* 7187 2 - 47/52(90%) - 5 -
""" 2 - = as2(8%) 8 6
T T combined filters: 2
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reference # contigs 21 total SNPs filtering filter by depth filter by remaining remaining

filter by H,
contigs SNP before filtering scheme (2X mode) # haplotypes  contigs (s5%)  SNPs (<5%)
1 3,727 30 1,553 5,677 13,280
22 4274 - - 6826 20,182
T - 3 - - 10621 32,160
40,329 31,758 124,500 il
2¢c - - 2,554 8,332 20,647
R T combined filters: 5,912 5271 12,664
s no paralog filtering 10,886 33,679

This article is protected by copyright. All rights reserved



multi-copy:filtering # contigs markers

# SNPs

# alleles (A¢)

Gis (95 ClI)

Gs" (95 Cl)

all SNPs
1. sequential 4,932 haplotypes
thin SNPs

9,964
9,964

4,932

19,928 (1.31)
14,691 (1.61)
9,864 (1.31)

-0.0103 (-0.0145:-0.0062)
-0.0108 (-0.0155:-0.0060)
-0.0102 (-0.0162:-0.0043)

0.0032 (0.0019:0.0045)
0.0032 (0.0015:0.0049)
0.0037 (0.0018:0.0057)

all SNPs
3. combined 4,590 haplotypes
thin SNPs

9,476
9,476
4,590

18,952 (1.30)
13,868 (1.62)
9,180 (1.31)

-0.0094 (-0.0136:-0.0052)
-0.0096 (-0.0142:-0.0049)
-0.0085 (-0.0145:-0.0025)

0.0030 (0.0017:0.0044)
0.0029 (0.0011:0.0047)
0.0034 (0.0014:0.0055)

all SNPs
4. none 9,870
thin SNPs

26,787
9,870

53,574 (1.36)
19,740 (1.34)

-0.0719 (-0.0764:-0.0675)
-0.0441 (-0.0505:-0.0377)

0.0027 (0.0020:0.0035)
0.0027 (0.0014:0.0039)
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data multiscopy
# contigs markers #SNPs  #alleles (Ag) Gs (95 CI) Gst"' (95 ClI)
diversity loci
all SNPs 151 302 (1.38) -0.0142 (-0.0390:0.0107) 0.2107 (0.1626:0.2591)
low no 55 haplotypes 151 167 (1.68) -0.0067 (-0.0422:0.0271) 0.2677 (0.1972:0.3405)
thin SNPs 55 110 (1.35) 0.0039 (-0.0428:0.0515) 0.2656 (0.1729:0.3559)
all SNPs 474 948 (1.69) -0.4592 (-0.4874:-0.4300) 0.0782 (0.0595:0.0979)
low yes 99
thin SNPs 99 181 (1.58) -0.3641 (-0.4361:-0.2891) 0.1426 (0.0871:0.2037)
all SNPs 359 718 (1.32) 0.0205 (-0.0014:0.0421) 0.2328 (0.2034:0.2617)
high no 80 haplotypes 359 378 (2.16) 0.0099 (-0.0170:0.0383) 0.3272 (0.2736:0.3804)
thin SNPs 80 160 (1.34) 0.0105 (-0.0303:0.0509) 0.2148 (0.1652:0.2653)
all SNPs 753 1506 (1.59) -0.3520 (-0.3755:-0.3275) 0.1089 (0.0926:0.1256)
high yes 123
thin SNPs 123 246 (1.51) -0.2582 (-0.3237:-0.1908) 0.1360 (0.0978:0.1758)
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