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Summary

1. Restriction site-associated DNA sequencing (RAD-seq) provides high-resolution population genomic data at

low cost, and has become an important component in ecological and evolutionary studies. As with all high-

throughput technologies, analytic strategies require critical validation to ensure precise and unbiased interpreta-

tion.

2. To test the impact of bioinformatic data processing on downstream population genetic inferences, we anal-

ysed mammalian RAD-seq data (>100 individuals) with 312 combinations of methodology (de novo vs. map-

ping to references of increasing divergence) and filtering criteria (missing data, HWE, FIS, coverage, mapping

and genotype quality). In an effort to identify commonalities and biases in all pipelines, we computed summary

statistics (nr. loci, nr. SNP, p, Hetobs, FIS, FST, Ne and m) and compared the results to independent null expecta-

tions (isolation-by-distance correlation, expected transition-to-transversion ratio Ts/Tv andMendelianmismatch

rates of known parent–offspring trios).
3. We observed large differences between reference-based and de novo approaches, the former generally calling

more SNPs and reducing FIS and Ts/Tv. Data completion levels showed little impact onmost summary statistics,

and FST estimates were robust across all pipelines. The site frequency spectrumwas highly sensitive to the chosen

approach as reflected in large variance of parameter estimates across demographic scenarios (single-population

bottlenecks and isolation-with-migration model). Null expectations were best met by reference-based

approaches, although contingent on the specific criteria.

4. We recommend that RAD-seq studies employ reference-based approaches to a closely related genome, and

due to the high stochasticity associated with the pipeline advocate the use of multiple pipelines to ensure robust

population genetic and demographic inferences.
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Introduction

Advances in high-throughput sequencing technology have

transformed ecological and evolutionary studies of non-model

organisms (Ellegren 2014; Shafer et al. 2016a). While over

3000 eukaryotes have their entire genome sequenced (NCBI

2016), whole genome sequencing is still prohibitive for many

species, especially those with large genomes, in terms of cost,

bioinformatic resources and required DNA quality (Ekblom

&Wolf 2014). These factors have led to a demand for alterna-

tive strategies. Leading the way is high-throughput sequencing

of reduced representation libraries (i.e. a targeted subset of the

genome), more specifically restriction site-associated DNA

sequencing or RAD-seq (Andrews et al. 2016). Multiple terms

and techniques have emerged, including RAD-seq, double-

digest (dd) RAD-seq and genotyping by sequencing (GBS);

here, we primarily use the term RAD-seq to highlight the gen-

eration of the library by restriction enzymes. The main advan-

tages of RAD-seq are the relatively low costs, minimal

required startingmaterial and independence of a reference gen-

ome. Importantly, standard population genomic approaches

like outlier scans (Kjeldsen et al. 2015), linkagemapping (Hen-

ning et al. 2014) and demographic analyses (Shafer et al.

2015a) can be conducted withRAD-seq data.

RAD-seq is not without caveats. The generation of reduced

representation libraries generally relies on restriction enzymes

and a PCR step. If a mutation has occurred in an enzyme cut-

site in one individual, allelic dropout will occur and can bias

biological inference (Arnold et al. 2013; Gautier et al. 2013).
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Moreover, RAD-seq is particularly sensitive to PCR enrich-

ment steps introducing artefacts (Davey et al. 2012). Alterna-

tive protocols using sonication have likewise been identified as

problematic (Davey et al. 2012), and strand bias, i.e. different

genotypes from forward and reverse reads, seems to be a gen-

eral problem associated with short-read sequences (Guo et al.

2012). Not surprisingly, a debate has ensued as to whichRAD-

seq method is best (Andrews et al. 2014; Puritz et al. 2014).

Although much attention has been focused on understanding

the biases associated with different wet laboratory protocols,

remarkably little attention has been directed towards the

potential impact of bioinformatic pipelines on downstream

biological inferences.

Studies comparing RAD-seq pipelines have generally been

limited in focus to the number of loci and segregating variants

or single nucleotide polymorphisms (SNPs) detected (Calli-

crate et al. 2014; Puritz, Hollenbeck & Gold 2014; Pante et al.

2015) – presumably under the premise that approaches yield-

ingmore SNPs are superior.What ismost important, however,

is not the number of SNPs a pipeline detects, but technical

evaluations of how the called SNPs impact power, accuracy

and precision of biological inferences. Given the importance of

bioinformatic processing on biological inferences (Vijay et al.

2012; Chaisson,Wilson&Eichler 2015), comprehensive assess-

ment of how different workflows influences RAD-seq data and

resulting biological inferences is vital.

In this study we generated ddRAD data (Parchman et al.

2012; Peterson et al. 2012) for 106 individuals of the

Gal�apagos sea lion (Zalophus wollebaeki), a top predator of

the marine ecosystem of the Gal�apagos archipelago with evi-

dence for spatially, behaviourally, morphologically and geneti-

cally structured ecotypes (Wolf et al. 2008; Jeglinski et al.

2015). With a mammalian-sized genome of approximately

3 Gb it constitutes a typical, yet – from a genomic perspective

– challenging example of an ecoevolutionary model species

(Ekblom & Wolf 2014). We analysed these data in a compre-

hensive framework to assess the potential impact of bioinfor-

matic pipelines on the estimation of the site frequency

spectrum (SFS), derived summary statistics and demographic

inference (Fig. 1). In addition to descriptive statistics such as

the number of loci or SNPs, we considered common popula-

tion genetic summary statistics readily accessible from RAD-

seq data such as nucleotide diversity (p), observed heterozygos-
ity (Hetobs), measures of inbreeding (FIS) and population dif-

ferentiation (FST). We further explored pipeline effects in

simple single-population and isolation-with-migration demo-

graphicmodels.

A key challenge facing population genomic studies of non-

model organisms is to understand how bioinformatic pipelines

impact inferences of biological processes when the true biologi-

cal pattern remains unknown. In an effort to identify unbiased

pipelines and suggest a best practice strategy we employed a

two-pronged approach. We first assessed consistency and clus-

tering of summary statistics among a total of 312 combinations

of methods and filtering criteria (Fig. 1) providing insight into

precision, commonalities and differences among pipelines. We

then assessed potential biases comparing the computed

summary statistics to independent null expectations including

a previously published isolation-by-distance correlation (IBD;

Wolf et al. 2008), the expected transition-to-transversion ratio

(Ts/Tv; Li et al. 2010) and Mendelian mismatch rates derived

fromknown parent–offspring trios (P€orschmann et al. 2010).

Materials andmethods

SPECIES BACKGROUND AND SAMPLING STRATEGY

The Gal�apagos sea lion plays an integral role in the marine ecosys-

tem of the Gal�apagos archipelago. The species lives in an isolated,

small-scale marine environment with considerable ecological varia-

tion promoting two spatially, behaviourally, morphologically and

genetically structured ecotypes (Wolf et al. 2008; Jeglinski et al.

2015). Sampling was conducted under permit PC 001-03/04 (export

permit No. 099/04 SPNG) with support of the Servicio Parque

Nacional Gal�apagos and the Charles Darwin Research Station; for

DNA extraction and detailed sampling information, see Wolf et al.

(2008). For this study we selected 94 individuals (51 males; 31

females; 12 unknown) from 10 different islands (see Data S1, Sup-

porting Information). An additional 12 individuals from Caama~no

Island constituting four known trios (mother–father–offspring) were

also included (P€orschmann et al. 2010).

SEQUENCE DATA GENERATION

Double-digest restriction site-associated DNA sequencing (ddRAD)

libraries were built using the 94 samples and the four trios following the

protocol of Brelsford, Dufresnes & Perrin (2016), which was adapted

fromParchman et al. (2012) and Peterson et al. (2012). Briefly, we used

MseI and SbfI restriction enzymes and size-selected libraries of between

200 and 430 bp insert size. Paired-end sequencing (150 bp) was con-

ducted on an Illumina HiSeq2500 machine. We also prepared paired-

end libraries for whole-genome resequencing of 10 females (distributed

across the Gal�apagos archipelago). We used the Illumina TruSeq

Rapid SBS Kit according to the manufacturer’s instructions (insert

size: ~700 bp; range 300–1400 bp). Paired-end sequencing (150 bp)

was conducted on an IlluminaHiSeq2500machine, yielding an average

raw read sequence coverage of 5�7x (range 4�26x–7�57x). Sequence cov-
erage estimation assumes a genome size of 3�08 Gb, as assessed from a

C-value of 3�15 in the closely related California sea lion (Du & Wang

2006) and approximating the mean mass of a nucleotide pair as

1�023 9 10�9 pg/bp at 50%GC content (Dole�zel et al. 2003).

LOCUS ASSEMBLY AND SNP CALL ING

Preliminary processing of ddRADdata

Due to the nature of the library preparation process, the majority of

forward and reverse reads overlapped due to small fragment carryover

(DaCosta & Sorenson 2014). Raw fastq files were therefore first treated

with cutadapt v1.8 (Martin 2011) to remove adapter sequence; here, we

includedwildcards to account for the barcode and required aminimum

read length of 50 bp after trimming. Reads were then demultiplexed

using the process_radtags module of the STACKS pipeline (Catchen

et al. 2013) with unmatched reads discarded.Wemerged all reads using

PEARv0.9.6 (Zhang et al. 2014) under default settings and aminimum

length of 50 bp and proceeded to analyse the merged reads. Similar

methods have detected between 10 000 and 50 000 loci (Torkamaneh,

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917
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Laroche&Belzile 2016) which gives us an expected range as no genome

is available for an in silico digest. Detailed bioinformatic steps and

scripts are available inData S1.

De novomethods (STACKS, PyRADand dDocent)

All methods were executed with settings close to the default mode

with additional pipeline parameters detailed in Table S1. We executed

the STACKS modules ustacks, cstacks and sstacks (Catchen et al.

2013) on the merged reads under the following parameters: minimum

stack depth (m) of 3 and 8, mismatch distance between loci within an

individual (M) of 2 and number of mismatches between loci in the

catalogue (n) of 1. These were selected through an optimization pro-

cess similar to that found in Mastretta Yanes et al. (2015), but are

close to the default (m = 2, M = 2, n = 0) commonly applied in the

literature. As STACKS requires reads of equal length, we split the

data set into two sets based on number of reads per length, one set

with 5 quantiles, one set with 10 quantiles, respectively. Each quantile

was then trimmed to its shortest length using the FASTX toolkit

(http://hannonlab.cshl.edu/fastx_toolkit/). The resulting quantile

VCF files were then merged using VCFtools and treated as their own

pipeline permutation.

The PyRADpipeline (Eaton 2014) uses sequence similarity to cluster

samples. This method is primarily used for phylogenetic analyses as it

can incorporate insertion–deletion polymorphisms and lower levels of

similarity between different species; however, high similarity values can

be specified as clustering thresholds, allowing its use for population-

level analyses. We used the PyRAD pipeline v.3.0.64 on the merged

reads with two different clustering thresholds, 95% and 98%, and var-

ied theminimumdepth for a cluster to 3X, 6X and 8X.

Finally, the dDocent wrapper (Puritz, Hollenbeck & Gold 2014)

that relies on linking other software was run using the FreeBayes

SNP calling algorithm (Garrison & Marth 2012). Default parame-

ters were used with the merged reads as input. dDocent used the a

Fig. 1. Overview of this study.We generated double-digest restriction-associated DNA sequencing (ddRAD-seq) data for a total of 106 Gal�apagos

sea lion individuals. The data were analysed using a series of de novo and reference-based methods including genome references of increasing

sequence divergence (0, 0�01, 0�029 and 0�051) and a number of commonly used filters. To test for consistency among the resulting 312 combinations

of method and filter (internal concordance), we calculated a series of common population genetic summary statistics and estimated demographic

parameters. For external, independent validation, we used published data on isolation by distance, expected transition-transversion ratios and

Medelian segregation as expected from known mother–father–offspring trios. Abbreviations (alphabetical order): FIS, inbreeding coefficient; FST,

genetic differentiation; GQ, genotyping quality; Hetobs, observed heterozygosity; HWE, the proportion of loci with significant deviations from

Hardy–Weinberg equilibrium; IBD, Mantel correlation for isolation by distance; MQ, mapping quality; p, nucleotide diversity; Ts/Tv, transition-

to-transversion ratio.

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917

RAD-seq bioinformatic processing 909

 2041210x, 2017, 8, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1111/2041-210X

.12700, W
iley O

nline L
ibrary on [15/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://hannonlab.cshl.edu/fastx_toolkit/


mixture of programs for the de novo assembly (Rainbow: Chong,

Ruan & Wu 2012 and CD-HiT: Fu et al. 2012) and mapping

(BWA: Li & Durbin 2009).

Reference-basedmethods

Draft genomes are required for reference-based approaches. High-

quality DNA – i.e. material with high molecular weight resulting in

long-read inserts – was not available for the Gal�apagos sea lion. We

therefore selected 10 females for resequencing totalling ~60X coverage

and assembled a draft genome using the CLC workbench (QIAGEN

Redwood City, Redwood City, CA, USA) consisting of 265 599 con-

tigs. This number of contigs was too large for our analysis pipelines so

the largest contigs were retained while the smaller contigs were artifi-

cially stitched together with strings of Ns reducing the number to a

manageable 5344 contigs. A second Gal�apagos sea lion genome draft

was created bymapping the 10 females to the Antarctic fur seal (Arcto-

cephalus gazella) genome assembly (Humble et al. 2016) using

STAMPYv1.0.23 (Lunter &Goodson 2011) with a substitution rate of

0�01 and calling a consensus sequence using mpileup in SAMtools and

bcftools (Li et al. 2009). While neither of these assembly strategies is

optimal, both approaches are viable formany research groups, as high-

quality draft genomes are still difficult and expensive to produce

(Ekblom&Wolf 2014).

In many cases, researchers might choose to rely on published, but dis-

tantly related genomes. To investigate the effect of sequence divergence

of the reference genome, we obtained three publicly available draft gen-

omes from related pinniped species representing increasing divergence.

These were as follows: Antarctic fur seal, Pacific walrus (Odobenus ros-

marus) andWeddell seal (Leptonychotes weddellii). Samples were mapped

to each draft genome using STAMPY v1.0.23 (Lunter & Goodson

2011). Default mapping parameters were used but with increasing substi-

tution rates (0�00, 0�01, 0�029 and 0�051) for Gal�apagos sea lion, Antarc-

tic fur seal, walrus and Weddell seal, respectively, based on divergence

values among the Antarctic fur seal, Walrus and Weddell seal genomes

(Humble et al. 2016). Following this the STACKS reference module for

mapped reads was used with the following parameters: m = 3 and 8,

n = 1. The mapped reads were sorted with SAMtools prior to SNP call-

ing. SNPs were called with GATK (McKenna et al. 2010; DePristo et al.

2011), using both Haplotype Caller and Unified Genotyper and mpi-

leup/bcftools (Li et al. 2009). The GATK pipeline was used to carry out

local realignment for all samples combined and SNPs were called in the

absence of any base quality score recalibration.

PIPEL INE COMPARISONS

Locus filtering

All variable sites produced by each method were converted into VCF

files, and we allowed for 50%, 20% and 0%missing data to give three

levels of data completion. SNPs called using GATKHaplotype Caller,

GATK Unified Genotyper and SAMtools/bcftools were further fil-

tered using a mapping quality (MQ) threshold of 30, a minimum depth

of 5, a genotype quality (GQ) of 30 and a maximum depth calculated

as mean depth + 4
p
mean depth (Li 2014). All VCFs were subjected to

a final filtering approach that retained only loci with FIS [�0�05 to 0�05]
and removed those deviating from Hardy–Weinberg equilibrium

(HWE) at an a of 0�05. This latter step resulted in two classes of data

(referred to as filtered and unfiltered) across the three levels of data com-

pletion. We note that all data were initially subjected to standard qual-

ity score checks and index verification.

Summary statistics

We calculated the following summary statistics in vcftools (Danecek

et al. 2011): average p (per site), observed individual heterozygosity

(Hetobs), FIS (averaged across loci), proportion of loci deviating from

HWEat an a of 0�05 andmean transition-to-transversion ratio (Ts/Tv).

We report the number of SNPs and total number of loci; for the

mappedmethods that do not provide a summary of the number of loci,

we defined a locus as continuously genotyped sites, allowing missing

sites, with a gap of at least 200 bp between different loci (see Data S1

for script). FST (Weir & Cockerham 1984) was estimated between the

east–west divide in the archipelago (Wolf et al. 2008) and IBDwas esti-

mated across all sampled rookeries using a Mantel test examining the

relationship between geographic distance and FST/1�FST (Rousset

1997). FST values between sampled rookeries were estimated using

Genepop v4.4.3 (Rousset 2008) and Mantel tests (Mantel 1967;

Smouse, Long & Sokal 1986) were performed using the R package eco-

dist v1.2.9 (Goslee & Urban 2007) with 10,000 permutations. For the

four trios we calculated the proportion of SNPs displaying non-Mende-

lian inheritance patterns (mismatches) in vcftools.

Site frequency spectrumand demography

In the absence of an appropriate outgroup, as is commonly the case for

RAD-seq data, the ancestral state of segregating variants cannot be

determined. The following considerations are thus limited to the folded

SFS. The shapes of the SFS were visually assessed by each method and

filtering criteria. To account for missing data, all SFS were projected to

half the sampled chromosomes using a hypergeometric distribution

(Gutenkunst et al. 2009). To quantify the impact of the SFS on poten-

tial biological inferences, we estimated the parameters of two demo-

graphic models using a composite likelihood approach in @a@i

(Gutenkunst et al. 2009). The first model used the SFS to estimate

range-wide changes in effective population size (timing and magni-

tude); wide parameter bounds were used to allow for a bottleneck or

expansion detection. We further constructed the joint SFS of two

demes to estimate the migration rates and split time between the east–

west divide (Wolf et al. 2008). Confidence in parameters estimates was

based on 100 bootstrap replicates (seeData S1 for code).

Evaluating the different methods and comparing to null

expectations

We ran linear mixed-effect models with the summary statistics and trio

mismatch score as response variables. Data completion, filtering (pres-

ence or absence), method (reference or de novo) and distance to refer-

ence genome were treated as fixed effects. The distance score for the de

novomethods was entered as 0 and the SNP calling pipeline was treated

as a random effect. The analyses were run using the lmer package inR.

To visualize the relationship among pipelines and fixed effects, the

population summary statistics were first transformed to Z-scores. We

then constructed a distance matrix using the dist function in R. A den-

drogram was built using the hclust function available in the R cluster

library (see Data S1 for code). For three statistics we had null expecta-

tions: we assume zero mismatches for true trios; IBDs similar to those

obtained with microsatellites (r = 0�75; Wolf et al. 2008) and a Ts/Tv of

2�1 similar to the panda genome, the sequenced genome most closely

related to pinnipeds (Li et al. 2010). We calculated the Euclidean dis-

tances among the three summary statistics including the null expectation

and constructed dendrograms as above. The congruence among dendro-

grams was assessed using a cophenetic correlation in R package stats.

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917
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Results

Population and trio ddRAD samples were sequenced on a

HiSeq2500 resulting in 281 207 266 usable paired-end reads.

In total, 624 VCF files were generated for the population and

trio sequencing data (each consisting of 312 combinations of

filtering, completion requirements and SNP calling pipelines –
Fig. 1). The complete set of summary statistics is provided in

Table S2.

VARIATION ACROSS SUMMARY STATIST ICS AND THE

SITE FREQUENCY SPECTRUM

The calculated summary statistics varied widely between the

different methods and filtering options (Fig. 2a; Tables 1 and

2). The mean number of SNPs called was 13 984, but ranged

from 16 to 159 451; GATK produces SNP counts on the tail

ends of the distribution, with the primary difference being filter

and completion criteria. Reference-based approaches called

more SNPs before filtering than de novo methods, but there

was large variation among methods (Fig. S1 and Table S2).

The number of SNPs called per locus generally increased with

distance to the reference genome. This is likely due to inappro-

priate alignment, also reflected in an artificial ‘outbreeding sig-

nal’ with strongly negative FIS values for distant reference

genomes (Table 1, Fig. S2).

Variation among methods was also large for per site p,
Hetobs and FIS estimates (Fig. 2a, Table 2). Linear mixed-

effect models suggested that reference-based approaches pro-

duced higher values for per site p and individual Hetobs, but

lower FIS (Table 1). Filtering the data by FIS and removing

loci deviating from HWE generally reduced Hetobs and p esti-

mates. FST, and to a lesser extent isolation by distance were

robust across pipelines (Table 1, Fig. 2). The level of missing

data did not have a large effect on the summary statistics

(Table 1); however, lower levels of missing data resulted in

higher per site p values for GATK Unified Genotyper, but

lower values for STACKS andmpileup (Table 2, Fig. S3).

Fig. 2. Effect of bioinformatic processing on

population genetic summary statistics. (a) His-

togram depicting the range of parameter esti-

mates from all 312 combinations of

bioinformatic processing (Fig. 1) shown for

descriptive statistics: the number of loci (Loci),

the number single nucleotide polymorphisms

(SNPs); proportion of loci with missing geno-

types for any individual shown without 100%

completion filter (Miss.) summary statistics:

the proportion of loci with significant devia-

tions from Hardy–Weinberg equilibrium

(HWE), inbreeding coefficient (FIS), observed

heterozygosity (Hetobs), nucleotide diversity

(p), genetic differentiation (FST); external vali-

dation: isolation-by-distance correlation

(IBD), mismatches from expected Mendelian

segregation (Mism.), transition-to-transver-

sion ratio (Ts/Tv); demographic inference: split

time (t0), change in population size (N1),

asymmetric migration into population 1 (m1)

or population 2 (m2). (b) Distribution of the

folded SFS across all combinations shown as

a boxplot depicting the frequency of theminor

allele in all segregating sites (y-axis) as a func-

tion of the frequency of occurrence standard-

ized to a maximum of 47 chromosomes (for

the folded site frequency allowing for a maxi-

mum of 50% missing data, x-axis). Straight

horizontal lines depict the median, box mar-

gins indicate the interquartile range between

25% and 75% quantiles and whiskers extend

to 1�5 times the interquartile range.

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917
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Variation in estimates of the SFS across methods was large,

in particular for low- and high-frequency alleles (Fig. 2b). De

novo methods showed particularly high values for low-fre-

quency alleles, in some cases over 60% of singletons. This

increase in low-frequency alleles was mostly observed for the

dDocent and pyRAD pipelines; SFS values resulting from the

STACKS pipeline were more consistent and more similar to

reference-based approaches (Fig. S4). The distribution of the

SFS was strongly affected by distance to the reference. Addi-

tional peaks emerged with increasing distance to the reference,

typically in high-frequency alleles (between 40 and 47 chromo-

somes in the SFS; Figs S5 and S6). Filtering for HWE and FIS

removed additional peaks while showing little effect on the dis-

tribution of low-frequency alleles (Fig. S6). Filtering by depth,

MQ and GQ impacted the SFS, particularly for GATK Uni-

fiedGenotyper andmpileup (Fig. S6).

VARIATION FOR DEMOGRAPHIC INFERENCE

Demographic inferences were highly variable, changing from

predictions of a strong bottleneck to population expansion

with large differences in estimates of the population size

parameter N1 (Fig. 2a, Table S2). For the single-population

demographicmodel, we found high variance but no strong sys-

tematic differences. Migration parameters in the isolation-

with-migrationmodel were influenced by pipeline and filtering;

the split time parameter only by filtering (Table 1). The high

variance in the demographic parameters obtained was mostly

specific to each method or filter combination, as illustrated by

the high residual variance of the statistical model (Table 1).

Based on results from the external validation (see below) we

further investigated demographic inference within the confines

of: a closely related reference genome (Gal�apagos sea lion or

Antarctic fur seal) or STACKS de novo, a total SNP number

between 2000 and 40 000 and a Ts/Tv ratio between 1�9 and

3�0. This substantially reduced the variance in demographic

parameters in demographic model 1 (Fig. S7). The same

exclusion criteria did not result in a large decrease in the vari-

ance of demographic parameters in the more complex demo-

graphicmodel 2. The split time estimate showed lower variance

(c. 0�4), but migration rates were more variable. This suggests

that the variance and consistency in demographic inference is

not only contingent on bioinformatic processing, but also

dependent on the demographicmodel under investigation.

VALIDATION USING EXTERNAL DATA

Variation in IBD was primarily impacted by the SNP calling

pipeline (Tables 1 and 2). In addition, there was a significant

reduction in the degree of correlation (Mantel test r-value) for

methods with an extreme number of SNPs (lower than approx-

imately 2000 or higher than 40 000). A high degree of missing

data and distant reference genomes also resulted in lowerMan-

tel correlations (Fig. S8). Ts/Tv was highly variable between

methods and filtering strategies, ranging from 0�66 to 3�98
(mean 2�38). For the reference-based methods, distance from

the reference negatively co-varied with Ts/Tv (Table 1,

Fig. S9). Filtering SNPs by FIS and HWE led to higher Ts/Tv

(Table 1, Fig. S9). The GATK Unified Genotyper pipeline

consistently had low Ts/Tv, as did mpileup methods when a

high level of missing data was retained and there was no filter-

ing for depth,MQorGQ. The highest values were found using

STACKS with a reference genome, resulting often in ratios

over 3 (Table S2). The mean rate of trio mismatch based on

Mendelian inheritance ranged from 0�02 to 0�03 for all four

families. The linear mixed models showed no difference in mis-

match rate after filtering between de novo and reference-based

methods or with reference distance (Table 1). However, meth-

ods using GATK Haplotype Caller, mpileup and STACKS

exhibited higher mismatch rates when using the most distant

reference genomes, particularly when all missing data were

removed (Fig. S11). Variance in mismatch rate appeared

mainly due to differences between methods rather than

between families (Fig. S10).

Table 1. Coefficients and 95%confidence intervals in parentheses for the fixed effects in ourmixedmodels

De novo | Reference Reference distance Completion Filtered | unfiltered Residual variance

Summary statistics

Heterozygosity 0�05 (0�02–0�09) 0�01 (0�00–0�01) 0�00 (0�00–0�00) 0�07 (0�05–0�09) 0�01 (0�08)
p 0�04 (0�02–0�06) 0�00 (0�00–0�00) 0�00 (0�00–0�00) 0�03 (0�03–0�04) 0�13 (0�36)
Ts/Tv �0�17 (�0�34–0�01) �0�06 (�0�09 to�0�04) 0�01 (0�01–0�01) �0�16 (�0�24 to�0�08) 0�02 (0�12)
FST 0�00 (0�00–0�00) 0�00 (0�00–0�00) 0�00 (0�00–0�00) 0�00 (0�00–0�00) 1�49e�06 (0�00)
IBD 0�02 (�0�04–0�07) �0�01 (�0�01–0�00) 0�00 (0�00–0�00) 0�00 (�0�03–0�03) 0�02 (0�13)
Mismatch 0�01 (�0�01–0�01) 0�00 (0�00–0�00) 0�00 (0�00–0�00) 0�00 (0�00–0�00) 6�25e�04 (0�03)
FIS �0�14 (�0�06 to –0�22) �0�06 (�0�05 to�0�07) 0�00 (�0�01–0�00) – 0�02 (0�13)
HWdeviations 0�04 (�0�02–0�10) 0�04 (0�03–0�04) 0�00 (0�00–0�00) – 0�01 (0�10)

Demographic parameters

TBottle �0�17 (�1�86–1�51) �0�14 (�0�40–0�11) 0�01 (�0�01–0�02) �0�11 (�0�98–0�76) 15�22 (3�90)
NBottle �1�81 (�8�16–4�55) 0�41 (�0�44–1�23) �0�01 (�0�08–0�07) �2�45 (�5�40–0�44) 172�48 (13�13)
TSplit �0�02 (�0�21–0�17) 0�00 (�0�04–0�02) 0�00 (0�00–0�00) �0�10 (�0�20 to�0�01) 0�18 (0�42)
ME-W 7�34 (1�00–13�69) 1�10 (0�06–2�16) �0�03 (�0�12–0�05) 4�67 (1�07–8�28) 263�94 (16�25)
MW-E 5�35 (0�14–5�36) 0�58 (�.23–1�38) �0�07 (�0�14–0�00) 3�93 (1�15–6�70) 156�08 (12�49)

Response variables are shown in the leftmost column and the SNP calling pipeline is treated as a random effect. The residual variance and standard

deviation (in parentheses) are also reported. Values for FIS and deviation fromHardy–Weinberg proportions are before filtering.

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917
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VISUALIZ ING PIPEL INES AND IDENTIFYING THE LEAST-

B IASED METHODS

A dendrogram summarizing the complex relationship among

summary statistics as a function of the approach used is shown

in Fig. 3a. In line with the aforementioned results, the dendro-

gram comprises several clusters that do not necessarily corre-

spond to the different categories. The distribution of Ts/Tv

values in Fig. 3b showed a variety of methods with close esti-

mates to the null expectation. This included the de novomethod

dDocent and reference-basedmethodswith a range of reference

genomes. The de novo methods (often with low number of

SNPs) showed the lowest trio mismatch (Fig. 3b); however, a

variety of reference-based methods, particularly mpileup, had

low levels of mismatch. Reference-based STACKS produced

IBD correlations most similar to those of microsatellites

(Fig. 3b). The clustering of dendrograms was not strongly cor-

relatedamongthe individual triomismatch, IBDandTs/Tvdata

sets: trio mismatch to Ts/Tv (r = 0�12); trio mismatch to IBD

(r = 0�09); IBDtoTs/Tv (r = 0�15; dendrograms inFig. S12).

Discussion

RAD-seq data are used extensively in population and ecologi-

cal genomic studies, but there is no standard analysis pipeline

with a variety of different alternatives commonly used (see

Andrews et al. 2016). While there has been a considerable

focus on detecting biases explicit to reduced representation

sequencing (e.g. Davey et al. 2012; Arnold et al. 2013; Gautier

et al. 2013), including the effect of experimental design and of

library constructionmethod (Andrews et al. 2014, 2016; Puritz

et al. 2014), the effects of the bioinformatic pipeline on popula-

tion genetic parameters have received little attention. Our

study helps fill this knowledge gap by exploring the effects that

standard bioinformatic pipelines for RAD-seq data have on

population genetic inference. As we chose to work with an

empirical example data set, certain aspects of the results will

necessarily reflect unique features of the data. Studies simulat-

ing data (e.g. Vijay et al. 2012; Shafer et al. 2015a) are often

better suited to assess precision and bias, yet they are bound to

miss important variation introduced during wet laboratory

data generation. In the absence of appropriate algorithms for

simulating realistic RAD-seq data, an empirical approach is

warranted and allows for broad conclusions on the impact of

data processing.

Our key observation was a dramatic difference in summary

statistics and demographic estimates dependent upon the

bioinformatic pipeline, both when using de novo and reference-

based approaches. Inference was particularly biased for demo-

graphic reconstruction, where some bioinformatic pipelines

would imply outbreeding and population expansions, whereas

others suggested a bottleneck and inbreeding. Relying on three

summary statistics with independent null expectations, we

found reference-based approaches of closely related genomes

generally produced close to expected values, although no indi-

vidual pipeline stood out as optimal. A key implication is this

study calls into question previous population inferences made
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using RAD-seq data and a single pipeline; importantly, our

results imply that the allele frequency estimates produced from

RAD-seq pipelines might not accurately reflect historical pop-

ulation processes. Multiple reference-based pipelines and inde-

pendent null expectations should be employed to test for

robustness andminimize the risk of extreme population genetic

inferences.

SUMMARY STATIST ICS

In the absence of independent estimates of summary statistics it

is difficult to assess biases and select an appropriate bioinfor-

matic method when it comes to RAD-seq data. Hohenlohe

et al. (2010) reported reduced estimates of genetic diversity with

RAD-seq and attributed it to conservative SNP calling. Our

study adds another layer of complexity, as we found strong,

often specific effects of bioinformatic pipeline on population

genetic summary statistics. Importantly, this means many

population genetic inferences based on RAD-seq data are likely

to reflect bioinformatic processing as well as biological signal.

On a positive note, FST and to a lesser extent isolation-by-

distance estimates were relatively robust across analyses

(Tables 1 and 2), suggesting that some inferences into popu-

lation differentiation can be made in spite of bias caused by

the bioinformatic pipeline. However, there were often large

differences among SFS and the remaining summary statistics

between the de novo and reference-based methods. Generally,

reference-based methods produced summary statistics most

in line with our null expectations (Fig. 3). While the use of a

reference genome is largely dictated by availability, even ad

hoc draft genomes proved useful in our study. Reference

genomes help by removing or masking repetitive regions and

paralogous sequences, and permit analyses with greater sta-

tistical power (e.g. sliding window analyses, e.g. Hohenlohe

et al. 2010; Martin et al. 2013). We also found that more

SNPs were detected using reference-based approaches, even

Fig. 3. Dendrogram summarizing the concordance of summary statistics as function of method and filtering for all 312 combinations (see Fig. 1).

Categories are broken up by reference: de novo (white), reference based (black) further differentiated by distance to the reference genome (0�00, 0�01,
0�0029, 0�051 – gradient white to black), whether additional filters were applied (black) or not (white); by degree of completion (100%, 80%, 50% –
black, dark grey, grey) andmethod used (see legend for colour coding). a) Dendrogram clustering approaches by similarity based on Euclidean dis-

tances integrated over the summary statistics p, Hetobs, FIS, Ts/Tv, FST, Mantel correlation for isolation by distance (IBD), and proportion of loci

deviating from expected Mendelian segregation (mismatch rate). (b) Combinations ordered linearly by Ts/Tv, mismatch rate and degree of IBD.

Expected values obtained from external information are indicatedwith a vertical black bar.

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917
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with stringent filtering criteria, which might prove informa-

tive for studies of selection and adaptive divergence. How-

ever, the use of more distant genomes yielded unrealistically

low Ts/Tv ratios, suggesting increasing miscalling. The results

from several summary statistics suggest that the use of dis-

tantly related genomes should be avoided, although collec-

tively reference-based approaches to moderately divergent

genomes produced summary statistics most in line with null

expectations (Fig. 3). Encouragingly, the two ad hoc

Gal�apagos sea lion genome assemblies produced similar

results to that of a closely related, quality-assembled genome,

the Antarctic fur seal (Humble et al. 2016). Thus, when no

closely related reference genome is available, the construction

of a low-quality reference (10 individuals totalling roughly

60X coverage in our case) seems a viable option. Similar

pseudo-reference genome approaches using RAD-seq data

to construct a reference and then mapping to it (e.g. Hoff-

man et al. 2014; Mandeville et al. 2015) might be suitable

alternatives. This option and further de novo pipelines that

have not been investigated in this study (e.g. Sovic, Fries &

Gibbs 2015) require further exploration.

RECONSTRUCTION OF POPULATION DEMOGRAPHY

Choice of bioinformatic pipeline showed a particularly dra-

matic impact on demographic reconstruction.While RAD-seq

has not been used extensively in demographic analyses to date,

it has great potential given the cost-effective information it

yields on thousands of loci with independent coalescent histo-

ries. A study of simulated, short-read genomic data demon-

strated that a variety of demographic models can in theory be

reliably inferred (Shafer et al. 2015a). Accordingly, empirical

genotyping-by-sequencing data were used to infer a demo-

graphic scenario consistent with the known historical biogeog-

raphy of the reference species (Shafer et al. 2014). In our study,

the consistency of parameter estimates appeared dependent on

the demographic model, with migration and split times

roughly consistent, while estimates of change in effective popu-

lation size were highly variable (Table 2). These patterns are in

line with findings from Shafer et al. (2015a) who showed that

changes in effective population size (i.e. bottlenecks, expan-

sions) are most difficult to accurately estimate, even in the case

of simulated RAD-like genotyping data. These results illus-

trate the difficulty of correctly estimating the low-frequency

variants of the SFSwhich hold key information regarding pop-

ulation demographic histories (Fig. 2b) – a problem also inher-

ent in whole-genome resequencing (Pool et al. 2010). For our

ddRAD data, the STACKS de novo pipeline and mapping to a

close referencewithmoderate filters yielded themost consistent

results (Fig. S7). Although additional analyses such as

Approximate Bayesian Computation can be employed on

these data, such methods also rely on summary statistics

derived from the SFS and will be likewise impacted. Thus, in

the absence of external references, such as a known date of a

bottleneck or isolation (e.g. Nyman et al. 2014), researchers

should assess the robustness of demographic parameters by

screening a variety of bioinformatic pipelines.

FILTERING AND EXTERNAL VALIDATION

The trade-off between data quality and amount remains an

open question for both RAD-seq data and for high-through-

put sequencing data (Li 2014; Sims et al. 2014). The uncer-

tainty in calling genotypes can often be incorporated into

population genetic analyses through the use of genotype likeli-

hoods (e.g. Li 2011; Korneliussen, Albrechtsen & Nielsen

2014) and has been applied to RAD-seq data in a de novo

framework (Mandeville et al. 2015). Less stringent filtering

which incorporates genotype uncertainty is thus a possible way

forward. Interestingly, we observed no systematic effect of

missing data on any of the summary statistics or demographic

parameters, suggesting lower completion cut-offs might be

appropriate for RAD-seq studies. In our study, strict filtering

produced erratic SFS for the GATK Unified Genotyper pipe-

line, but showed no adverse effect on other reference-based

methods (Fig. S6). We suspect the biggest differences between

methods relates to locus definition (mapping and assembly

errors) and the treatment of sequencing error. Sequencing

errors in particular will result in an excess of singletons and a

biased SFS (Johnson & Slatkin 2008); for lower coverage data

sets the choice of SNP calling algorithm reflects a trade-off

between SNP number and undercalling true heterozygotes

(Nielsen et al. 2012). The variation within methods appears

largely driven by completion (Fig. S5) which acts to shift the

sample size and the lower bound of alleles that can be identified

(Lynch 2009). Collectively, this illustrates the complex and at

times unpredictable effects of data processing.

The best strategy for processing RAD-seq data will ulti-

mately depend upon the aims andmethodologies of each study

and the level of uncertainty that can be tolerated. For example,

the level of uncertainty surrounding demographic inferences

reported here is likely not appropriate for conservation and

management decisions (Shafer et al. 2015b), but might shed

light on broad biogeographic hypotheses. There are modifica-

tions in laboratory protocols that can improve locus recovery

(DaCosta& Sorenson 2014), and sample replicates can be used

both to quantify errors and optimize bioinformatic methods

(Mastretta Yanes et al. 2015); given the level of stochasticity

presented here, we encourage the extra step of external valida-

tion through comparison of results to those derived from inde-

pendent data.

Conclusions and best practice strategy

We showed a large effect of bioinformatic processing of RAD-

seq data on standard population genetic inference. Despite

complex implications specific to the applied combination of

method and filter, we derive a set of recommendations for

RAD-seq studies. (i) Use a closely related reference genome or

consider an ad hoc genome assembly. If a de novo approach is

the only option, our results suggest the industry standard

STACKS is appropriate. (ii) Usemultiple bioinformatic pipeli-

nes to assess the robustness of summary statistics. (iii) Use

external information to guide the decision-making process. (iv)

Replicate samples should be used to validate SNPs and

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 8, 907–917
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summary statistics (Mastretta Yanes et al. 2015) and selection

of SNP pipelines should include genotype-likelihood

approaches (e.g.Mandeville et al. 2015).

While the excitement surrounding data types like RAD-seq

is warranted, the field has transitioned so rapidly that basic

assessments of pipeline robustness and consistency have not

been fully pursued. Studies assessing RAD-seq pipelines have

begun to emerge (e.g. Callicrate et al. 2014; Puritz, Hollenbeck

& Gold 2014; Pante et al. 2015) as the popularity in reduced

genomic approaches continues to grow. The study presented

here should be viewed as a cautionary tale advocating diligence

in analysing and reporting RAD-seq data and calling for addi-

tional effort in the development of analysis pipelines.
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