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Abstract

An increase in studies using restriction site-associated DNA sequencing (RADseq) methods has led to a need for

both the development and assessment of novel bioinformatic tools that aid in the generation and analysis of these

data. Here, we report the availability of AftrRAD, a bioinformatic pipeline that efficiently assembles and genotypes

RADseq data, and outputs these data in various formats for downstream analyses. We use simulated and experimen-

tal data sets to evaluate AftrRAD’s ability to perform accurate de novo assembly of loci, and we compare its perfor-

mance with two other commonly used programs, STACKS and PYRAD. We demonstrate that AftrRAD is able to

accurately assemble loci, while accounting for indel variation among alleles, in a more computationally efficient

manner than currently available programs. AftrRAD run times are not strongly affected by the number of samples in

the data set, making this program a useful tool when multicore systems are not available for parallel processing, or

when data sets include large numbers of samples.
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Introduction

Restriction site-associated DNA sequencing (RADseq)

methods (Miller et al. 2007; Baird et al. 2008; Davey &

Blaxter 2011; Etter et al. 2011) are now widely used in

studies of population genetics, phylogeography and con-

servation biology. By targeting SNP variation adjacent to

restriction sites, RADseq provides a means to efficiently

sample homologous SNPs across multiple individuals

with little or no prior information about the genome. As

a result, RADseq has become a popular tool for studying

genetic variation in nonmodel organisms (i.e. Reitzel

et al. 2013; Gamble & Zarkower 2014; Leache et al. 2014;

Martin & Feinstein 2014; Viricel et al. 2014).

An important step in RADseq studies is de novo

assembly of the short-read sequences into orthologous

loci. The large size of these short-read sequence data sets,

along with factors such as paralogy, sequencing and

PCR error, and multiple mutation types (i.e. indel varia-

tion in addition to SNPs), make efficient and accurate

assembly challenging. A number of bioinformatic tools

have been developed to date for analysing RADseq data

sets, including STACKS (Catchen et al. 2011), RAINBOW

(Chong et al. 2012) and PYRAD (Eaton 2014). Of these,

STACKS has been the most widely adopted, in part due to

is low computational demand. However, this increase in

analysis speed comes at the cost of not aligning reads to

each other, and as a result, STACKS analyses do not

account for indel variation that is likely to be present.

Recently, PYRAD (Eaton 2014) was described as an alterna-

tive pipeline which effectively accounts for indel varia-

tion, but this program is computationally demanding,

and can require multicore processing, especially as the

number of individuals in the data set increases (see PYRAD

documentation).

Here, we describe AftrRAD (align from total reads), a

novel pipeline for the de novo assembly and genotyping

of RADseq data. We use both simulated and experimen-

tal data sets to compare the performance of this pipeline

to other commonly used programs such as STACKS (Cat-

chen et al. 2011) and PYRAD (Eaton 2014) and discuss

advantages and disadvantages of AftrRAD in relation to

these widely used pipelines. In brief, AftrRAD, like PY-

RAD, effectively handles indel variation among alleles by

aligning reads prior to de novo assembly of loci. How-

ever, the computational demand of AftrRAD is less

dependent on the number of samples in the data set,

making it useful for studies using large numbers of

individuals, and in most cases, it runs very efficiently
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without the need for parallel analyses. AftrRAD also pro-

vides a number of unique options for evaluating the

quality of the RADseq data set and can currently output

data for analyses in programs such as STRUCTURE (Prit-

chard et al. 2000), GENEPOP (Raymond & Rousset 1995),

and SNAPP (Bryant et al. 2012) and can also produce

unfolded site frequency spectra for analyses with fast-

simcoal (Excoffier et al. 2013).

Methods

We first describe the conceptual approach used by Aftr-

RAD to assemble reads into loci and score individual

genotypes. Further details on these approaches can be

found in Fig. 1, Fig. S1 (Supporting information) and in

the documentation provided with the program, which is

available at u.osu.edu/sovic.1 and at https://git-

hub.com/mikesovic/AftrRAD.git. We then describe the

methods used in this study to evaluate the performance

of AftrRAD using both simulated and experimental data.

Locus assembly

AftrRAD performs an initial filter for low-quality reads

by removing those that contain: (i). Any base with Phred

scores below a configurable value (default 20) (ii).

Restriction enzyme recognition sequences more than 1

base different than the correct sequence, (iii). Long

strings of homopolymers (default length of 15) or (iv).

The beginning of the P2 adaptor sequence. Reads passing

this initial screen are further filtered based on the non-

zero mean read depth (coverage) across all individuals

for each remaining unique read in the data set. Specifi-

cally, unique reads with mean depths below a configura-

ble threshold are eliminated as likely error reads (Fig. S2,

Supporting information). Because we evaluate read

depths among, rather than within individuals, using a

nonzero mean read depth in place of overall mean

depths helps ensure that true rare alleles (i.e. singletons)

are retained in the data set.

Following these quality control steps, barcodes and

restriction sites are removed from the retained reads,

and all pairwise comparisons of unique reads are eval-

uated to identify potentially allelic pairs of sequences.

These comparisons are initially performed by search-

ing for short, exactly matching substrings of sequence

between each pair of reads, and pairs with matching

substrings are flagged as potentially allelic and subse-

quently aligned using ACANA (Huang et al. 2006).

The resulting pairwise alignments must meet two cri-

teria to be considered allelic. First, they cannot contain

more indels than a configurable value (default three).

Second, the percentage identity across the aligned

region (ignoring indels) must exceed a configurable

threshold (default 90%). The aligned allelic pairs are

then assembled into candidate loci by merging all

pairs that share a specific read (Fig. S3, Supporting

information). Finally, a secondary, global alignment is

performed on the set of alleles at each candidate locus

using MAFFT (Katoh & Standley 2013).

AftrRAD.pl

1.  Demultiplex samples
2.  Remove error reads
3.  Compare all pairs of reads and align
4.  Score alignments and assemble loci
5.  Globally align assembled loci
6.  identify paralogous loci

Genotype.pl

1.  Score genotypes at orthologous loci
2.  Evaluate levels of missing data
3.  Remove bad samples as necessary
4.  Screen for artifactual SNPs (Fig. 2)

FilterSNPs.pl

1.  Filter SNPs based on read location
2.  Filter SNPs based on missing data
3.  Output genotyped SNPs and haplotypes
4.  Output monomorphic loci

1.  General run statistics
2.  Candidate orthologous loci

OutputFunctions

OutputFunctions

OutputFunctions

1.  Genotyped loci
2.  Missing data proportions
3.  SNP location information

1.  Individual SNPs
2.  Haplotypes
3.  Monomorphic loci
4.  Data summary

Structure Input

Genepop Input

SNAPP Input

FastSimCoal Input

Fig. 1 Brief overview of the AftrRAD

pipeline, with important functions and

output from each of the component

scripts listed. The program provides

options for formatting data from the Fil-

terSNPs.pl script into a variety of input

files for downstream analyses.
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Genotyping

After candidate loci are identified, read counts are

obtained for each individual at each locus/allele. For loci

identified with >2 alleles in the data set, the 3rd highest

read count is obtained for each individual, and loci with

values that exceed a configurable threshold (default five)

in at least one individual in the data set are flagged as

paralogous and removed from further analyses. For loci

with two alleles, read counts are screened for evidence of

excess heterozygosity, which is another indicator of par-

alogy (i.e. a duplicated locus that has become fixed for

alternative alleles). Loci exhibiting this pattern are also

removed as paralogous. Remaining (nonparalogous) loci

are genotyped in each individual by applying a binomial

test to reduce the chance that any error reads which pass

through the upstream quality filtering described above

result in an incorrect heterozygote call. Genotyping is

only performed at loci for which the sum of read counts

exceeds a configurable threshold (default 10). Following

the genotyping, polymorphic sites are identified at each

locus, and the genotyped SNPs (or haplotypes, in cases

where multiple SNPs occur at a single locus) are output

in two-dimensional matrices for further formatting and

analyses. As part of the genotyping process, AftrRAD

plots the frequency of SNPs at each position along the

sequence reads and provides the option to omit SNPs

after a specified read position. This allows for elimina-

tion of artefactual SNPs that accumulate as a result of

indel variation towards the ends of reads (Fig. 2).

Validation of AftrRAD

Simulated data—Three independent RADseq data sets

that differed from each other by the frequency of indel

mutations were simulated using the simRRL.py script in

the PYRAD package (Eaton 2014). For each data set, 1000

loci were simulated for five individuals from each of

three taxa. One of the three simulations introduced only

SNP variation in the data set (no indels), while the other

two introduced indels as 5% and 10% of the mutations,

respectively. These simulated data sets were each analy-

sed (assembled and genotyped) using AftrRAD, STACKS

and PYRAD. To the extent possible, parameter settings

were chosen to be equivalent across the three programs,

although not all parameters have exact analogues across

all three (i.e. a minimum threshold Phred score of 20 was

set for all three programs; however, STACKS uses a sliding

window average to calculate this value, while AftrRAD

and PYRAD compare the actual value at each nucleotide

site). Specific parameter values used are given in Table

S1 (Supporting information). Performance of the three

programs was assessed by evaluating and comparing the

identity of loci genotyped in all individuals by each of

the programs. For loci that were not genotyped in all

individuals by all three programs, attempts were made

to determine the causes for the discrepancies. Perl scripts

used to aid in these comparisons are available on Dryad.

Experimental data—Data sets representing two taxa (east-

ern massasauga rattlesnake, Sistrurus catenatus, and
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Fig. 2 Example of the build-up of artifactual SNPs toward the ends of reads. (A): Frequency of SNPs relative to read length in the rattle-

snake dataset. AftrRAD provides the option to omit SNPs after a chosen position in the read based on this plot. The dotted line repre-

sents a position after which SNPs could be omitted due to a build-up of artifacts. (B, C): Example of why artifactual SNPs accumulate

towards the ends of reads. In (B), the two alleles (top and bottom sequences left of arrow) are aligned without ambiguity. This is because

the indel occurs early in the sequence read, causing a much higher alignment score when accounting for the indel. In (C), the two alleles

are the same as in (B), with the exception that the indel occurs near the end of the reads. In this case, the alignment program has two

options that may result in similar alignment scores, and will often choose the option associated with the lower arrow, as SNPs are gener-

ally penalized less than indels. There is no way to distinguish which of these options is correct without additional sequence information.
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mallard, Anas platyrhynchos) were generated using a dou-

ble-digest RADseq method (Peterson et al. 2012) and

sequenced as 50-bp reads on an Illumina HiSeq 2000.

Each of these experimental data sets contained 15 bar-

coded samples, and analyses of each of these data sets

were similar to those described above for the simulated

data.

Computational efficiency and sensitivity to locus read
depths

To compare the computational time required for the pro-

grams, all analyses were performed on a PowerEdge

T410 server with a Linux operating system, with PYRAD

set to use up to 6 processors in each run. AftrRAD runs

were repeated on a MacBook Pro with a 2.9 GHz Intel

Core I7 processor to demonstrate differences in computa-

tional efficiency across platforms for this program. We

also analysed a third data set with each of the programs

in which 90 additional samples were added to the 15

S. catenatus samples above. This allowed for an evalua-

tion of the effect of sample size on run times for the pro-

grams.

Finally, we evaluated the effect of diminishing levels

of read depths in data sets evaluated with AftrRAD by

repeating analyses with progressively smaller subsets of

the original rattlesnake data. For each analysis, we

recorded the number of alignments performed in the

analysis (generally the most computational-demanding

part of the analysis), the number of polymorphic,

monomorphic and total loci identified and scored in all

samples and the estimated heterozygosity values for

both polymorphic loci and total loci. For each of the four

data sets (the full data set and the three progressively

smaller subsets), we performed multiple (10) AftrRAD

runs. In each of these 10 runs, the minDepth parameter

was set to a value between one and ten to assess the sen-

sitivity of the program to this parameter.

Results/Discussion

Simulated data sets

For the simplest simulated data set, which included no

indel variation, 995 of the 1000 loci were scored similarly

by all three programs (Fig. 3A). The proportion of loci

shared by all three decreased with increasing frequency

of indels, down to 919 of the 1000 loci in the data set con-

taining the greatest number of indels (Fig. 3). In most

cases, loci not scored similarly by all three programs

were shared between AftrRAD and PYRAD and contained

indel variation. Differences between PYRAD and AftrRAD

were attributable, at least in part, to either large indels

that exceeded the configurable ‘numIndels’ parameter

value set for the AftrRAD runs or to infrequent oversplit-

ting of loci that likely results from the heuristic search

methods used during the assembly process in AftrRAD.

In general, the programs performed well with the simu-

lated data, as all correctly assembled >95% of the loci in

each data set, with the single exception that STACKS
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Increasing Proportion of Sequences With Indels

1000 Simulated RADseq Loci

Fig. 3 Venn diagrams representing 1000 RADseq loci simulated under each of three simulation conditions which differed by the pro-

portion of indel mutations (proportion of total mutations 0%, 5%, and 10% for A–C, respectively). Each simulated dataset was analyzed

with STACKS, PYRAD, and AftrRAD, and the loci identified and genotyped by each of the three programs was compared. The proportion of

loci identified similarly across all three programs ranged from 91.9% in the dataset with the greatest number of indels (C) to 99.5% in

the dataset with no indel variation (A). Numbers outside the circles represent the total number of loci identified and genotyped in all

samples in each of the programs.
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correctly identified ~92% of the loci in the data set with

the greatest level of indel variation. However, some of

the significant challenges regarding assembly of ortholo-

gous loci from RADseq data arise from factors such as

sequence error, variation in read counts among loci and

also alleles within loci and paralogy, which can all be dif-

ficult to simulate in a way that reflects real data. As a

result, we further assessed performance on experimental

data sets to better evaluate AftrRAD under more realistic

scenarios.

Experimental data sets

As with the simulated data, we used STACKS, PYRAD and

AftrRAD to analyse RADseq data sets from massasauga

rattlesnakes and mallards. Of the 3719 loci scored in all

rattlesnake samples by at least one of the three programs,

3085 (83.0%) were identified similarly across all three

programs (Fig. 4A). Likewise, in the mallard data set, of

the 3596 loci identified and scored in all samples by least

one of the three programs, 2920 (81.2%) were identified

similarly across all three programs (Fig. 4B).

Some general patterns emerged upon evaluating the

loci not scored in all three programs. First, as expected,

loci shared between PYRAD and AftrRAD, but not identi-

fied by STACKS, almost always contained at least one

indel, causing STACKS to incorrectly split the alleles into

multiple loci. Of the loci shared by PYRAD and STACKS, but

not scored in AftrRAD, a large proportion were identi-

fied as paralogous by AftrRAD (i.e. 63/78 in the rattle-

snake data set and 35/74 in the mallard data set). In

general, it appears that the methods used by AftrRAD to

identify paralogous loci are more conservative than those

in the other two programs (AftrRAD tends to identify a

larger number of loci as paralogous than the other two).

There was a notable difference between the two data sets

in the number of loci shared by STACKS and AftrRAD, to

the exclusion of PYRAD. Specifically, for the rattlesnake

data set, 1.6% of the total loci (60/3719) fit this pattern, in

contrast to 7.2% (259/3596) of the mallard loci. A small

number of these were identified as paralogous by PYRAD,

but in many cases, the reason for their absence in PYRAD

was not readily apparent. One possibility may be related

to the type of scenario demonstrated in Fig. S3 (Support-

ing information), in which two alleles at a locus exhibit a

level of identity that exceeds the minimum threshold for

assigning those alleles to the same locus, while a third

allele achieves this threshold level of identity with just

one of those other two alleles. PYRAD may have oversplit

some loci with this type of pattern because it uses a sin-

gle ‘reference’ sequence to represent the locus during

assembly, and any alleles that do not meet the threshold

level of identity in comparison to this reference allele

may get incorrectly assigned to a separate locus. This

explanation is supported by the fact that the proportion

of loci shared by STACKS and AftrRAD was higher in the

mallard data set, which has a greater level of polymor-

phism than the rattlesnake data set, and is therefore

more likely to have a greater number of loci that exhibit

this pattern of variability (mean heterozygosity values

across all loci were 0.186 and 0.049 for the two data sets,

respectively).

In both experimental data sets, STACKS identified the

majority of loci scored by only one of the three programs.

Two main factors account for this. First, a number of

these loci were identified as paralogous in at least one of
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Experimental RADseq Data
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Fig. 4 Venn diagrams representing RADseq loci identified and genotyped by STACKS, PYRAD, and AftrRAD from eastern massasauga rat-

tlesnake (A) and mallard (B). Factors that accounted for differences among the programs include indel variation, differential identifica-

tion and removal of paralogous loci, and also minor genotyping differences, in which the locus was assembled in a similar way across

all three programs, but was not genotyped in all samples by at least one program. Numbers outside the circles represent the total num-

ber of loci identified and genotyped in all samples in each of the programs.
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the other two programs (27.9% and 42.9% of the unique

STACKS loci for the rattlesnake and mallard data sets,

respectively), suggesting that PYRAD and AftrRAD iden-

tify and remove paralogous loci more efficiently than

STACKS. However, it is important to note that additional

downstream analyses, such as tests of Hardy–Weinberg

equilibrium, can allow for identification and removal of

some of these paralogous loci from the STACKS data sets.

Of the remaining loci unique to STACKS, most were assem-

bled in a similar way across all three programs and

resulted from minor genotyping differences that arose

from slight differences in the configurable parameter val-

ues set for each run. In most of these cases, STACKS geno-

typed a locus in all 15 individuals, while that locus was

genotyped in most (i.e. 14/15), but not all of the samples

in the other two programs. As a result, these loci were

not identified in the set of those shared among all three

programs.

Computational efficiency

For both data sets, AftrRAD runs took longer to complete

than STACKS runs, but were faster than PYRAD runs

(Table 1). The difference in speed compared to STACKS is

due to the alignment process, which is computationally

demanding, and is not a part of STACKS analyses. The dif-

ference in speed between AftrRAD and PYRAD, which

both perform alignments, is substantial and becomes

more pronounced as the number of individuals in the

data set increases. This property of AftrRAD may be

especially relevant for large-scale population genomics

studies, which are often likely to include sample sizes on

the order of hundreds of individuals. It is important to

note that PYRAD takes advantage of parallel computing to

decrease run time. PYRAD analyses in this study were per-

formed using 6 processors, and the use of larger num-

bers of processors would probably reduce the differences

in run times between PYRAD and AftrRAD. On the other

hand, the differences between AftrRAD and PYRAD would

be exaggerated if PYRAD were run with a single processor,

similar to AftrRAD. This suggests that when multicore

computing resources are not available (i.e. such as on a

personal laptop), AftrRAD provides a good alternative

to currently available programs.

The efficiency of AftrRAD is due in large part to effi-

cient removal of error reads prior to alignment. This is

achieved in two steps. The first is similar to methods in

STACKS and PYRAD and removes error that is represented

by low-quality (Phred) scores indicative of low-confi-

dence sequencing calls. However, a second important

source of error that occurs in short-read sequencing data

sets is due to PCR artefacts that arise during library con-

struction. These artefacts are likely to be read with high

confidence by the sequencer and as a result are not

removed by the Phred score filter. Due to the exponential

nature of PCR amplification, and because these artefactu-

al sequences do not exist at the beginning of the PCR, the

relative frequency of these PCR artefacts is generally

very low compared to true reads. In most cases, the

artefacts occur as a single sequencing read in a single

individual in the data set (see Fig S2, Supporting infor-

mation, and Fig. 5). These reads are effectively elimi-

nated by STACKS and PYRAD in the process of genotyping,

as the relative frequency of true reads to artefacts at the

locus will be highly skewed towards the true reads.

However, these reads are included in the assembly pro-

cess by these programs. AftrRAD eliminates these reads

prior to assembly by applying a threshold for the mean

nonzero read count for each read across all samples in

the data set (configurable minDepth parameter). The

effect of this threshold is demonstrated in Fig. 5, and is

most apparent in Fig. 5A, which represents analysis of

the full rattlesnake data set. In this case, application of

increasing threshold values significantly reduces the

number of alignments necessary, but has little effect on

the number of loci identified, or the observed heterozy-

gosity levels estimated with the data.

Sensitivity to locus read depths and sequencing quality

The data sets evaluated in this study had relatively high

sequence coverage and quality scores. For the rattlesnake

data set, the mean read depth per locus was 80.3 and the

median was 43, and for the mallard data set, the mean

depth was 73.6 and the median was 46. Because these

values are higher than those in many short-read sequenc-

ing data sets currently being generated, we evaluated

subsets of the rattlesnake data to evaluate the effects of

diminishing read depths on the analyses.

Using estimates of heterozygosity as a metric, there

were few differences between the full data set (mean

depths per locus ranged from 32.2 to 101.3, depending

on the minDepth of reads threshold used) and the sec-

ond-largest data set, for which mean depths ranged from

Table 1 Run times (min) required for STACKS, PYRAD and Aftr-

RAD to complete analysis of rattlesnake data sets containing 15

and 105 samples, respectively. All analyses were performed on

a Linux operating system, as described in the text, with the

exception that AftrRAD runs were repeated on a MacBook Pro

laptop to demonstrate differences in speed for this program

across platforms

15 Samples 105 Samples

Stacks 6 37

AftrRAD (Mac) 25 110

AftrRAD 80 335

PyRAD 308 1465

© 2015 John Wiley & Sons Ltd
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18.4 to 40.2 (Fig. 5A,B). Heterozygosity estimates were

similar between these two and, in both cases, were gen-

erally unaffected by the minDepth parameter, with the

exception of minDepth values of one. When the min-

Depth was set to one, heterozygosity values based only

on polymorphic loci decreased slightly, while those

based on all loci (polymorphic and monomorphic)

increased. These patterns are expected if error reads are

incorrectly incorporated as true alleles in the data set.

Heterozygosity estimates vary much more across min-
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Fig. 5 Effect of threshold for the mean non-zero read depth parameter (minDepth) in AftrRAD in the context of overall read depth for

the dataset. The four sets of analyses (A–D) represent progressively smaller subsets of the original dataset (A is based on the entire data-

set, while the analysis in D includes only approximately 5% of the total reads in A). The mean read depth values in the top right repre-

sent the range for the mean number of reads at each genotyped locus across the minDepth parameter values analyzed (1–10). Applying

the minDepth parameter to remove error reads, which generally occur as a single read in a single sample, significantly reduces the num-

ber of alignments that must be performed, (see especially 5A, top). These reads are traditionally included in the assembly process of

other programs and later removed during the genotype calling stage of analyses. The number of loci (middle plots, note change in scale)

and average observed heterozygosity (lower plots; dotted lines represent values of 0.05 and 0.2, respectively) are robust to tested values

of the minDepth parameter when read depths are relatively high (A and B). Two different measures of heterozygosity are reported, one

of which is based only on polymorphic loci, while the other is calculated from all loci in the dataset.
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Depth values in the two data sets with lower coverages

(Fig. 5C,D; mean depths per locus ranging from 6.2 to

17.8 and 4.4 to 14.8, respectively). In these data sets, the

estimated heterozygosity values approach those in the

two data sets with deeper coverage as the minDepth

value increases. These results suggest that when average

read depths per locus are moderate to high (i.e. >10),
results from AftrRAD are robust to variation in the min-

Depth parameter. In cases of low average read depths

per locus (i.e. <5–10), the data presented here suggest

that analyses may benefit from the use of higher thresh-

olds of the minDepth of reads parameter, combined with

limiting any analyses to loci scored in all individuals.

This will reduce the total number of loci available, but

will decrease the probability that error reads are being

confounded with true alleles at those loci. However, we

generally do not recommend analysing extremely

low-coverage data with AftrRAD, and any results based

on low-coverage data should be interpreted with great

caution.

Finally, mean Phred scores for reads in these data sets

were generally >35. Because AftrRAD takes a very con-

servative approach to removing error reads, data sets

with low-quality sequencing data may be better analysed

with other methods such as STACKS or PYRAD, as these pro-

grams allow more flexibility in attempting to utilize

information from reads that contain low-quality base

calls.

In summary, AftrRAD is a novel pipeline that per-

forms accurate and efficient assembly and genotyping of

RADseq data. For most data sets, this program can be

run efficiently without the need for muticore analyses.

Because AftrRAD effectively accounts for indel variation

during locus assembly, it can be applied to data sets rep-

resenting a wide range of diversity (i.e. population-scale

diversity through phylogeographic and potentially phy-

logenetic-scale diversity) and provides a useful alterna-

tive to current bioinformatic tools for analysing RADseq

data sets. AftrRAD performs optimally on Mac operating

systems, but can also be run (with reduced efficiency

associated with the ACANA aligner program) on Linux

operating systems.
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Data accessibility

Short-read sequence data sets used in the comparisons of

experimental data (mallard and eastern massasauga rat-

tlesnake), barcode information for these data sets and

perl scripts used as part of the analyses are available on

Dryad (doi:10.5061/dryad.sn034).

AftrRAD is available for download at u.osu.edu/so-

vic.1/downloads and at https://github.com/mikesovic/

AftrRAD.git.

Supporting Information

Additional Supporting Information may be found in the online

version of this article:

Figure S1 Schematic representation of the steps taken by the Af-

trRAD pipeline to assemble loci and genotype individuals, and

the associated files created during the run.

Figure S2 Representative data from the S. catenatus dataset ana-

lyzed in this study demonstrating the method used in AftrRAD

to remove error reads from the data prior to assembly of reads

into loci.

Figure S3 Example sequence reads demonstrating the method

used to assemble loci in AftrRAD.

Table S1 Parameters set in each program for comparisons of Af-

trRAD with Stacks and PyRAD.
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