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Abstract Next-generation sequencing of restriction site associated DNA, or RADseq, was

introduced in 2008 as a rapid genotyping method that does not require prior marker development. Developed for linkage mapping, genome-wide association, and population genetic
studies, RADseq was initially viewed as ill-suited to interspecific phylogenetic questions.
However, since 2012, approximately a dozen RADseq phylogenetic studies have been published. These studies utilize a variety of bioinformatic methods to identify loci, estimate
orthology, and assemble phylogenetic matrices, and software pipelines customized for phylogenetic analyses are being rapidly developed. The resulting data matrices tend to be large
(sometimes megabases in total aligned length) but relatively incomplete, presenting analytical challenges. Empirical and simulated RADseq studies have demonstrated that RADseq is
suitable for phylogenetic inquiries at relatively deep scales, in some cases at least 60 million
years. Yet its real strengths may show up at the boundary between within- and among-species
inquiries. As sequence-based data, RADseq can be mapped to genomic resources for purposes
of alignment, gene identification, and investigating the genomic architecture of introgression
and differentiation. Given the ease with which RADseq data can be generated, particularly
in comparison to targeted enrichment methods that require prior identification of candidate loci, in the coming years we anticipate greater use of RADseq for phylogenetic inference
and predict that methods of species-tree estimation and genomic analysis will increasingly
accommodate its characteristically large, incomplete, genome-scale data matrices.
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Introduction
A primary endeavor in systematics is to infer, as accurately and comprehensively as possible, phylogenetic relationships among taxa. This poses a perennial and ultimately practical question for the researcher: How much character data can be gathered having the greatest signal, for the largest taxon
sample, for the least cost and effort? In the current era of phylogenomics,
approaches to this problem are being rapidly transformed by advances in
next-generation sequencing (NGS), which present a panoply of new opportunities and challenges for molecular systematics (e.g., Lemmon & Lemmon,
2013; McCormack & al., 2013). In this paper, we focus on one particular NGS
method, restriction-site-associated DNA sequencing (RADseq), and appraise
its potential as a tool for phylogeny reconstruction.
To put RADseq in context, it is worthwhile to first consider how molecular systematics was previously transformed by technological advances in
sequencing: namely, by the advent of PCR in the 1980s and automated Sanger
sequencing in the 1990s. These enabled systematists to find and target loci
having desirable properties for phylogenetic inference, the key properties
being (1) easy amplification, (2) orthology, and (3) appropriate rates of nucleotide substitution across the clades of interest. Needless to say, great progress
in reconstructing phylogeny ensued: automated Sanger sequencing unlocked
floodgates, resulting in a torrent of new Sanger-sequence-based phylogenies.
Accompanying this progress was the growing realization that the relatively small number of commonly sequenced markers, which in plants emphasized regions of the chloroplast genome and ribosomal DNA, had insufficient
signal to resolve many clades, particularly relationships among the most
recently diverged species and, in deeper time, the backbones of rapid radiations. In addition, growing awareness of coalescent theory (e.g., Maddison,
1997; Edwards, 2009) shifted attention toward the need for multiple unlinked
markers from the nuclear genome to reconstruct the “species tree”, i.e., the
branching demographic history of lineages as opposed to the genealogies of
individual genes. In short, the Sanger sequencing revolution yielded great
advances, particularly in taxon sampling, but has seemingly come up against
practical limits to its resolving power from the standpoint of characters and
phylogenetic signal. This leads naturally to the question: How can NGS be
used to gather phylogenetically informative, genome-wide variation in a costeffective manner for many taxa?
We use the terms RAD and RADseq here in a broad sense, to refer to a
family of NGS methods based on the common premise of targeting a “reduced
representation” of the genome associated with restriction sites. This includes
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genotyping-by-sequencing (GBS; Elshire & al., 2011) and a host of other
RADseq variants. With these methods, genomic DNA is digested with one
or more restriction enzymes, and NGS sequencing adapters are ligated to the
resulting fragments, yielding reads flanking the restriction sites. RADseq was
originally designed as a genomic tool for the discovery of single-nucleotide
polymorphisms (SNPs) among individuals of the same species, for purposes
of population genetic inference, linkage mapping, association studies, and
other intraspecific genomic analyses (Baird & al., 2008). This has led to a general perception that its utility as a tool for molecular systematics is similarly
limited to the level of populations, or at most sibling species, not deeper levels
of phylogenetic divergence (Lemmon & Lemmon, 2013; McCormack & al.,
2013). However, some recent studies and our own research in plants has made
us suspect that the extent of phylogenetic signal in RAD sequences has not
yet been fully explored, and may be more useful at interspecific levels than
generally expected.
To date, relatively few studies have used RADseq to infer interspecific
phylogenetic relationships, but the number seems poised to increase rapidly.
An early study used in silico methods on published genome assemblies of
Drosophila, Saccharomyces, and a broad sample of mammals (Rubin & al.,
2012), as did a concurrent but independent study of the same Drosophila data
(Cariou & al., 2013). We are aware of published RADseq phylogenies in four
genera in plants—Pedicularis (Eaton & Ree, 2013), Quercus (Hipp & al., 2013,
2014; Cavender-Bares & al., 2015; Eaton & al., 2015.; Deng & al. in prep.),
Carex (Escudero & al., 2014), and Valeriana (Gonzalez, 2014)—and several in
animals: two in ground beetles (Carabus spp.; Cruaud & al., 2014; Takahashi
& al., 2014), zebrafish (Danio spp.; McCluskey & Postlethwait, 2014), swordtail
fish (Xiphophorus spp.; Jones & al., 2013), cichlid fish (Wagner & al., 2013),
octocorals (Chrysogorgia spp.; Pante & al., 2015), Adelpha butterflies (Ebel
& al., 2015), and hydrothermal vent barnacles (Herrera & al., 2014). In addition, RADseq-based phylogenies have appeared in population-level studies
of sibling species or species complexes, including irises (Iris brevicaulis and
I. fulva; Hamlin & Arnold, 2014), butterflies (Heliconius melpomene /cydno
complex; Nadeau & al., 2013), flycatchers (Zimmerius viridiflavus complex;
Rheindt & al., 2014), barking frogs (Craugastor augusti and C. tarahumaraensis; Streicher & al., 2014), and geckos (Hemidactylus fasciatus complex;
Leaché & al., 2014). Other published studies to date have focused on intraspecific RADseq variation.
Our objective in this chapter is to review the rapid progress in RADseq
phylogenetics from 2012 through late 2014, with an eye toward the particular
strengths and weaknesses of RADseq data, the bioinformatic challenges and
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solutions associated with data analysis, and the potential limits of its utility.
It is an area of research that is young and moving fast; trends in publication
indicate that it is an area of exploding interest, especially for relatively young
clades representing species complexes/flocks, adaptive radiations, and other
recalcitrant problems of phylogenetic inference. More generally, we are interested in evaluating how RADseq fits into the landscape of molecular systematics methods and how it might evolve with technological trends.

RAD sequence data: acquisition and analysis
The various protocols for RAD library preparation have been reviewed and
compared in several previous articles (e.g., Davey & al., 2011—see especially
fig. 1 in that article; Beissinger & al., 2013; Davey & al., 2013; Andrews &
Luikart, 2014; Andrews & al., 2014; Puritz & al., 2014) and will not be rehashed
in any detail here. Readers are advised to consult these, as well as the original
literature on the methods (Miller & al., 2007a, b; Baird & al., 2008; Elshire &
al., 2011; Etter & al., 2011; Peterson & al., 2012; Poland & al., 2012; Wang &
al., 2012; Stolle & Moritz, 2013; Toonen & al., 2013), before embarking on a
genotyping project using any of these methods. Briefly, the protocols vary in
factors such as whether digested fragments are randomly sheared, in using
one versus two restriction enzymes, in whether they use PCR enrichment,
and in fragment generation using Type IIB versus typical Type II restriction
enzymes. These translate into different types of bias in sequence acquisition
and in the amount of data returned; thus, the decision on a particular method
may carve a relatively deep channel in one’s research program for years to
come and should be considered carefully before one undertakes large-scale
data-gathering. Here we use the terms RADseq and RAD to refer to all such
methods.
All RADseq methods share a single salient characteristic: genome subsampling by limiting sequencing to the regions proximate to a specified restriction
enzyme recognition sequence. By sequencing only the regions adjacent to or
flanking the restriction sites cut during genomic DNA digestion at the outset
of a library preparation, RADseq methods reduce the amount of sequencing
needed to genotype each individual in the study. This is what gives RADseq
methods their advantage over whole-genome or shotgun sequencing in terms
of cost and time. In addition, RADseq methods as currently implemented
using NGS typically share the following characteristics:
Relatively short sequence reads. — While not a necessary feature of RADseq,
short sequence reads (50–100 bp) are characteristic of most RADseq projects,
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the lion’s share of which are sequenced on an Illumina platform (though see
Etter & al., 2011 for use of paired-end sequencing to assemble much longer loci
from short NGS sequencing reads). With continuing increases in sequencing
read length and sequencing capacity (cf. Mardis, 2011; Liu & al., 2012), this
characteristic of RADseq projects will presumably relax somewhat.
Wide genomic distribution. — RADseq data are widely distributed in
the genome (cf. Miller & al., 2007a, b, Baird & al., 2008; Davey & al., 2011;
McCluskey & Postlethwait, 2014) and thus are expected to provide a genomewide view of phylogeny. As the data are sequence-based, RADseq loci can
be mapped back to genetic or physical maps if appropriate sequence-based
references are available, potentially allowing researchers to assess the genomic
distribution of divergence and introgression in a phylogenetic context.
Lack of distinction, at the outset of the project, between paralogous and
orthologous sequences. — RADseq differs in this respect from NGS methods
based on targeted enrichment of predetermined loci (Faircloth & al., 2012;
Weitemier & al., 2014). In the absence of reference genome or similar resource,
orthology must be assessed informatically (e.g., Catchen & al., 2011; Lu & al.,
2013; Eaton, 2014; see “Assembling datasets for phylogenetic analysis” below).
Dropout of loci and alleles. — RADseq datasets are expected to be incomplete for the samples sequenced in any given experiment for two primary
reasons: sampling error (stochastic failure of a locus to be genotyped due to
low read coverage) and the disruption of restriction sites by mutation. The latter results in a pattern of decline in locus-sharing with phylogenetic distance,
documented in several studies (Rubin & al., 2012; Cariou & al., 2013; Hipp &
al., 2014; Viricel & al., 2014).
Locus dropout is one of the most vexing RADseq problems, and the one
expected to limit its utility at the deepest phylogenetic scales. If dropout is primarily driven by restriction site loss, then the pattern of missing data should
be phylogenetically informative; however, no attempts have yet been made to
incorporate this process into models or optimality criteria for tree inference.
Locus dropout had no detectable effect on tree topology or branch lengths in
Hipp & al. (2014), but Arnold & al. (2013) found that intermediate amounts of
locus dropout are associated with biased estimates of higher genetic diversity
(estimated using π and θ) and deeper coalescence times. This effect should
be investigated further, both to understand how strong the effect is in ideal
(simulated) cases and to understand how much it biases real-world estimates
of divergence times. In cases in which locus dropout is not strongly systematic
(cf. Simmons, 2012a, b; Roure & al., 2013), phylogenetic inference may not be
as badly affected by locus and allele dropout as are the parameters estimated
in population genetics and linkage mapping (cf. Gautier & al., 2013; Arnold &
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al., 2013; Huang & Knowles, 2014). Where locus dropout is systematic, some
of the recommendations in Simmons (2012a, b) may be helpful in evaluating
the effects, if any, on phylogenetic inferences.
The typical RADseq dataset is, in summary, large, incomplete, and composed of relatively short anonymous loci that individually are expected to
have little phylogenetic signal (i.e., insufficient variation for a fully resolved
gene tree). Such datasets are rather foreign in character compared to those
more typically favored in systematics, i.e., complete alignments of separate
loci that each tells a resolvable story. Knowing what to do with RADseq data—
including assessing its phylogenetic versus population genetic signal—is an
interesting challenge.

Assembling datasets for phylogenetic analysis
We consider here the general goal of producing a matrix containing a single
orthologous sequence for each RAD locus from each organism sampled, with
individuals being the terminal units of analysis. For most clades, a highquality reference genome is not available as a bioinformatic resource, despite
increasing availability of whole-genome assemblies across the tree of life
(Lyons & al., 2015). Under these circumstances, the basic steps are as follows:
1) Locus identification and genotyping. — Within each individual, qualityfiltered NGS reads must be clustered by similarity into groups representing
putative loci for base-calling (genotyping), in which statistical corrections
for sequencing errors are applied. Genotyping errors may also be caused by
repetitive elements and polyploidy, requiring the use of tools such as UNEAK
(Lu & al., 2013), a software pipeline that assembles single-mismatch networks
to identify paralogous RAD sequences. Alternatively, genotyping errors can
be estimated directly if individuals from a mapping population are analyzed
alongside the broader phylogenetic sample (e.g., Henning & al., 2014), but this
is often not the case for phylogenetic datasets. For phylogenetics, a consensus
sequence for each locus is generally sufficient. If haplotype data are desired
for population genetic analyses, randomly chosen alleles could be used in the
phylogenetic matrix.
2) Orthology estimation. — Across individuals, locus genotypes must then
be clustered into putatively orthologous groups and aligned. Clusters in which
any single individual is represented by multiple sequences, which can arise if
loci are duplicated or repeated in the genome without substantial sequence
divergence, should be discarded (Eaton, 2014). There currently exists no
objective method for optimizing the clustering threshold. If too relaxed, there
186

Chapter 6: Inferring phylogeny with RADseq data

is greater risk of clustering paralogs (though paralogs may be filtered out by
removing loci with more than two alleles or loci that are heterozygous for
more than a threshold number of individuals at a given site; Eaton, 2014). If
too stringent, a single-copy locus that is evolutionarily diverged across taxa
is more likely to be erroneously split and appear as separate loci, similar in
sequence, with each having incomplete and complementary taxon sampling
(Rubin & al., 2012; Eaton, 2014).
3) Locus filtering based on taxon coverage. — A minimum of four leaves are
needed for a phylogenetically informative unrooted tree, so loci having fewer
taxa should generally be discarded. The “minimum taxa” parameter controls
the amount of missing data in the final matrix, with a trade-off between the
proportion of missing data and the number of loci included. Several studies
(Rubin & al., 2012; Wagner & al., 2013; Hipp & al., 2014) found that larger
amounts of missing data do not cause substantial problems for phylogenetic
inference, and in fact may be preferable due to the larger number of loci
included.
A variety of bioinformatic approaches have been used to implement these
steps. In the first interspecific phylogeny inferred from RADseq data, an in
silico study on existing genomes of Drosophila, mammals, and fungi (Rubin
& al., 2012), sequences were assumed known without error, and allelic data
were not available, eliminating the need for step 1 above. The study used
UCLUST (Edgar, 2010) for clustering and MUSCLE (Edgar, 2004) for alignment in custom scripts to assemble concatenated RADseq matrices over a
range of parameter values for sequence similarity and minimum taxonomic
coverage per locus. A similar study of Drosophila only by Cariou & al. (2013)
compared UCLUST, SiLiX (Miele & al., 2011), and BLASTN (Altschul & al.,
1990) in their effectiveness for orthology estimation, finding that the latter
two outperformed the first.
The first complete software pipeline for RADseq analysis, Stacks (Emerson
& al., 2010; Hohenlohe & al., 2010; Catchen & al., 2011), has been used more
than any other to generate RADseq data matrices for phylogenetic studies
(e.g., Jones & al., 2013; Lexer & al., 2013; Reitzel & al., 2013; Wagner & al., 2013;
Cruaud & al., 2014; Herrera & al., 2014; Leaché & al., 2014; Viricel & al., 2014;
Pante & al., 2015). Originally designed for genetic mapping, Stacks has since
been extended to include features for use in population genetics and phylogenetics. The software is self-sufficient and implements an off-by-N clustering
strategy that ignores indels and may therefore be best suited to very finescale phylogenetic questions (see discussion in Eaton, 2014). Other off-by-N
RADseq pipelines that have been less used are Rainbow (Chong & al., 2012),
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RADtools (Baxter & al., 2011; used in Roda & al., 2013), and most recently,
AftrRAD (Sovic & al., 2015), which differs from the others in allowing indels
among alleles.
PyRAD (Eaton & Ree, 2013; Eaton, 2014) is the only RADseq pipeline
developed to date that expressly targets phylogenetics as the intended application. Unlike Stacks, PyRAD utilizes external software for locus identification and orthology estimation (USEARCH or VSEARCH; https://github.com/
torognes/vsearch) and multiple alignment (MUSCLE). In a simulation study,
these clustering and alignment algorithms were less prone to locus splitting
than Stacks (Eaton, 2014). Pante & al. (2015) compared PyRAD and Stacks in
an empirical analysis of octocorals and found that PyRAD returned matrices with a greater number of loci that resolved more nodes of the phylogeny. PyRAD also implements hierarchical clustering (i.e., recursively clustering within and between clades) as a strategy for increasing the phylogenetic
breadth of assembled matrices, and D-statistic genomic introgression tests
(Green & al., 2010; Durand & al., 2011), including an extension developed to
distinguish between current and ancestral introgression (Eaton & Ree, 2013;
Eaton, 2014). PyRAD has been used in a relatively small but growing number
of studies (Escudero & al., 2014; Herrera & al., 2014; Hipp & al., 2014; Pante
& al., 2015; Takahashi & al., 2014; Ebel & al., 2015 used Stacks for preprocessing, PyRAD for final clustering). One other software pipeline, rtd (Peterson
& al., 2012), utilizes graph clustering in lieu of the off-by-N approach taken
by Stacks. That study finds similar increases in clustering sensitivity from the
graph clustering approach relative to Stacks.
Several RADseq phylogenetic studies take a different approach to locus
identification and orthology estimation: they map their sequence reads to
genomic data in lieu of clustering (e.g., Hyma & Fay, 2013; Nadeau & al., 2013;
Reitzel & al., 2013; McCluskey & Postlethwait, 2014). These studies begin
with genomic scaffolds or a pseudogenome of assembled RADseq reads (e.g.,
Gompert & al., 2014; Rheindt & al., 2014), and map their sequence reads to this
reference using alignment software such as Bowtie (Langmead & al., 2009),
Stampy (Lunter & Goodson, 2011), or BWA (Li & Durbin, 2009), with postmapping analysis and SNP-calling using genotyping software such as GATK
(McKenna & al., 2010) or SAMtools (Li & al., 2009). This approach has the
potential benefit of increasing confidence about orthology, but also risks discarding informative data or failing to detect paralogy if the genomic reference is incomplete. Several researchers have taken a hybrid approach, using
available genomic data to prescreen sequence data, then applying the de novo
approaches to locus identification described above. Wagner & al. (2013), for
example, used Stacks initially, then mapped reads back to consensus sequences
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to find those matching only one inferred locus, and finally performed SNP
calling in GATK. Reitzel & al. (2013) took the opposite approach: they used
Stacks after filtering their data by alignment against a reference genome using
Bowtie. Note that this approach to generating a phylogenetic matrix is fundamentally different than post-clustering analysis of RADseq data in a genomic
context, which also typically entails mapping RADseq loci to a genomic scaffold (see below, “Analyzing RADseq phylogenetic data in a genomic context”).
What approach should one use? While mapping sequence reads back to a
relatively complete genomic reference seems like an excellent way to identify
loci and toss out potential paralogs, it is not immediately clear at what point
having only partial coverage of the genome becomes more a hindrance than a
help. If no reference genome is available, clustering methods such as PyRAD
or rtd, which utilize global alignment and graph clustering respectively, are
the most appropriate for phylogenetic datasets. Because of its ongoing development and focus on phylogenetics, at this point we consider PyRAD to be
the pipeline of choice for RADseq phylogenetics. Additional studies comparing loci inferred using different methods (e.g., Pante & al., 2015) would help
clarify their respective biases. In addition, the issues raised above regarding
locus assembly and the effects of non-random missing data suggest the need
for sensitivity analyses, e.g., in how the choice of clustering threshold simultaneously influences the dimensions, completeness, and distribution of evolutionary rates in the final matrix (Takahashi & al., 2014). Prudent researchers
should generally investigate a range of data matrices assembled under different parameters.

Inferring phylogeny from RADseq data
Among phylogenetic data types, RAD sequences have a unique combination
of features: (1) they typically encompass a large number of loci (usually tens
of thousands) relative to targeted enrichment approaches that sample fewer
loci (hundreds to thousands) but yield longer sequences; (2) they are expected
to sample very broadly from the genome; (3) missing data are inherent to the
method and are distributed non-randomly with respect to phylogeny; (4) as
sequences, they allow inferences from nucleotide substitution models, but the
length of each individual locus is relatively short; and (5) they can also be
processed to resolve alleles and heterozygosity, theoretically allowing both
phylogenetic and population genetic inferences from the same dataset.
These characteristics place certain constraints on what methods of phylogenetic inference are applicable. In particular, having only short sequences
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and missing data make it generally difficult to use multilocus methods that
rely on resolved and complete gene trees, including some species-tree methods (e.g., Kubatko & al., 2009; Liu & al., 2009; Heled & Drummond, 2010) and
concordance analysis (Baum, 2007; Ané & al., 2007). This is perhaps why most
studies have opted for what is arguably the simplest approach, namely to infer
a tree from a concatenated matrix of RADseq alignments. In all RADseq phylogeny studies we have seen to date, this has yielded highly resolved trees with
strong clade support compared to comparable analyses of Sanger sequences
(e.g., Wagner & al., 2013; Eaton & Ree, 2013; Escudero & al., 2014; Herrera &
al., 2014; Hipp & al., 2014).
The large size of concatenated alignments, which can be megabases in
length (e.g., Eaton & Ree, 2013; Wagner & al., 2013; Hipp & al., 2014; Takahashi
& al., 2014), exacts computational demands that limit software choices for
phylogeny reconstruction. At present RAxML (Stamatakis, 2014) seems the
most capable at this scale, and is consequently the most frequently used. In all
examples to date, none have attempted to partition the concatenated matrix:
there seems to be no reasonable way to do it, given the number of loci and
absent knowledge of codon reading frames, etc. In addition, statistical selection of a substitution model is generally dispensed with in favor of defaulting
to the parameter-rich GTR + gamma model; in the only explicit test of which
we are aware, McCluskey & Postlethwait (2014) found support for additionally
including the invariant sites parameter, but this may be statistically superfluous (Yang, 2006: 113–114). And while some studies filter out invariant sites
(e.g., Coghill & al., 2014), likelihood-based tree inference does not typically
condition on all characters being variable, and thus may reconstruct biased
branch lengths and topologies if invariant sites are excluded (see discussions
in Felsenstein, 1992 and Lewis, 2001). Using RADseq loci in their entirety,
including invariant sites, eliminates this ascertainment bias.
The concatenation approach is simple and convenient, but it obviously
sweeps several sources of error under the rug, such as variation across loci
in genealogy (due to stochastic coalescence, introgression, etc.), substitution
parameters, and evolutionary rate; a clear summary of the main issues can
be found in Wagner & al. (2013). One concern that has received particular
attention is statistical inconsistency: namely, the potential in coalescent models for the most common gene tree to differ from the species tree, leading to
convergence on an incorrect topology as loci are concatenated (e.g., Kubatko
& Degnan, 2007; Degnan, 2013; Rosenberg, 2013; Roch & Steel, 2014). In this
context, the simplifying assumptions of concatenation—in particular, failing to account for stochastic coalescence of unlinked loci—are seen as flying
sufficiently in the face of reality as to render statistical interpretation of the
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inferred tree moot (Rannala & Yang, 2008). However, while consistency is
obviously the ideal in phylogenetic inference, in this case the theoretical basis
for anomalous gene trees (prior probabilities associated with tree symmetry
in the coalescent) and the empirical circumstances in which they arise (successive short internodes with large effective population size) are rather well
known (Rosenberg, 2013), which suggests that potential errors could be identified post hoc with relative ease. Pending more sophisticated diagnostic tests,
it seems prudent in the meantime to be at least skeptical of high support given
to short internal branches in concatenation-derived trees.
The clearest reason to not concatenate may simply be that it does not
estimate species-tree parameters relating to ancestral demography (effective population size, or branch “width”) in addition to tree topology and
branch lengths. That is to say, given that RADseq data can capture demographic parameters in the present, it seems natural to pursue phylogenetic
inferences of the same parameters in the past. This raises a conceptual
question: in ignoring demography and violating its assumptions, how does
a concatenated-analysis RADseq tree relate to the species tree? Our view
is that, in the absence of current or ancestral gene flow or hybridization, it
reflects the genealogical central tendency of the sampled genomes and can be
expected to accurately trace the species tree except in more or less predictable
circumstances (e.g., Bayzid & Warnow, 2013). We stress, however, that this
needs more attention, especially with respect to the effects of phylogenetically structured missing data. Concatenation is a valuable heuristic tool for
extracting phylogenetic signal from interspecific RADseq data, providing at
the very least an empirical framework on which to base further analyses, such
as tests for introgression (e.g., using “ABBA/BABA” tests; see Eaton & Ree,
2013, where concatenation yielded an anomalous topology; also Escudero &
al., 2014; Rheindt & al., 2014; Streicher & al., 2014).
It is worth noting that criticisms of concatenation have not yet been systematically investigated specifically in the context of RADseq data. Such
studies are needed, but we are cautiously optimistic that they will not prove
fatal to maximum likelihood on a concatenated RADseq matrix as a useful phylogenetic inference method. For example, the effects of heterogeneity in the evolutionary process within and between loci may be mitigated by
the fact that RADseq loci, as previously mentioned, are many in number,
short in sequence, and broad in genomic distribution, and may thus more
closely represent a genome-wide average than datasets of fewer genes with
longer sequences, as are typical of targeted enrichment methods. That is, the
idiosyncratic effects of any single RAD locus are minimized. Moreover, the
process of assembling RAD loci across samples based on sequence similarity
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should automatically select against those evolving at high rates (e.g., having a
preponderance of saturated sites), and should lead to reduced variation in the
effective evolutionary rate across loci. This is an area ripe for investigation,
particularly as rate heterogeneity, and high-rate sites in particular, have been
implicated in topology estimation errors arising from concatenation of longer
gene sequences (Xi & al., 2013, 2014).

Inferring the species tree
The issues raised above lead naturally to the question: can RADseq data be
used to infer species trees? The short answer is that while case studies are few
at this point, in general it seems that current methods are not particularly
well-suited for RADseq data; however, this is an active area of research in
which improvements seem inevitable and imminent.
Eaton & Ree (2013) and McCluskey & Postlethwait (2014) used BUCKy
to infer primary concordance trees and population trees, the latter being
expected to converge on the species tree if gene tree discordance is entirely
due to stochastic coalescence. BUCKy works with posterior samples of gene
trees, with the expectation that each locus has enough signal to support a
reasonably well-resolved gene tree, and in its current version requires all taxa
to be sampled for all loci. Here again, RADseq data are hampered by locus
dropout (missing taxa from most loci) and short sequence lengths, both factors that can drastically reduce the amount of data usable by this method.
For example, out of 42,235 loci with at least four individuals in Eaton & Ree
(2013), only 945 had both complete sampling of the ingroup (11 individuals)
and at least two phylogenetically informative sites.
The only demography-oriented species-tree method used with RADseq
data to date is SNAPP (Bryant & al., 2012), which uses a coalescent finite-sites
model to calculate the likelihood of unlinked, biallelic markers given a species
tree, allowing mutations but notably without explicitly considering individual
gene trees. It has been applied to RADseq-derived SNPs in sister species of
irises (Hamlin & Arnold, 2014), one species complex in birds (Rheindt & al.,
2014) and two species complexes in frogs (Leaché & al., 2014; Streicher & al.,
2014). In all cases, the empirical focus was on population-level sampling of
very closely related taxa to test hypotheses of hybridization, admixture, introgression, and species limits, respectively.
Assuming that RAD loci are unlinked, using SNAPP requires selecting
at most one binary-variable site from each locus alignment, which can mean
discarding a potentially substantial amount of phylogenetically informative
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data. For example, in a reassembly of the data from Eaton & Ree (2013), 45,668
RAD loci contain 183,980 variable homozygous sites; selecting one binary
SNP from each locus yields 41,088 sites—still a large number, but the matrix
is only 66% complete due to locus dropout. The current version of SNAPP
allows missing data, but it is not yet clear how such a relatively large proportion impacts results or performance, particularly as the number of taxa
increases. Moreover, its limits in terms of computational feasibility, and the
maximum phylogenetic depth at which inferences of topology and demography are possible, particularly in comparison to concatenation, are also not
well known at this point.
If a statistically consistent species-tree topology (without branch lengths
or widths) is the primary goal, then a promising method for RADseq data is
SVDquartets (Chifman & Kubatko, 2014), which calculates optimal quartet
relationships for unlinked nucleotide site patterns (i.e., is not constrained to
binary values) under the coalescent. The quartets can then be assembled into
a species-tree topology, e.g., using Quartets MaxCut (Swenson & al., 2011; Snir
& Rao, 2012). While the performance of SVDquartets has not yet been tested
in empirical RADseq studies, simulations of longer gene sequences indicate
it may be relatively robust to violations of linkage, implying that all variable
sites in a RADseq matrix could be used; it is also apparently tolerant of missing data and computationally tractable for large numbers of loci and taxa
(Chifman & Kubatko, 2014).
It is worth noting that demographic inference of treelike histories below
what might be called the “species level” is also possible with RADseq data
using a variety of methods that use allele frequencies and model genetic drift
rather than mutation. These include TreeMix (Pickrell & Pritchard, 2012) and
DADI (Gutenkunst & al., 2009). A notable example in this context is Gompert
& al. (2014), who used TreeMix with RADseq-derived SNP data to derive an
ancestral population graph of divergence and introgression events from an
extensive sample (1536 individuals, 66 populations) of three sibling species of
Lycaeides butterflies. At this level of analysis, an important consideration is
the extent to which genetic covariances across populations reflect equilibrium
processes of migration versus ancestral splits and mixtures (Felsenstein, 1992;
Pickrell & Pritchard, 2012).
Species-tree inference using RADseq data is still a nascent field that can
be seen as attempting to bridge, or at least straddle, the phylogenetic/population genetic divide. The economies of RADseq that increasingly allow studies
to simultaneously sample across clades, species, and populations will fuel the
impetus for unified inferences, particularly as researchers look to RADseq
data with goals like species delimitation in mind (e.g., Leaché & al., 2014).
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At present, in the “no-man’s land” of species complexes and the like, where
lineage sorting, introgression, and hybridization may each have significant
effects, it is not always entirely clear what kind of inference method is most
appropriate, as reflected in the variety of approaches taken in recent studies.
Going forward, it seems likely that the most effective way to resolve the full
complement of topology, divergence times, and ancestral demographics will
continue to involve a combination of methods and a hierarchical approach.

Analyzing RADseq phylogenetic data in a genomic context
RADseq loci have an advantage over other semi-anonymous markers, like
AFLPs, in that they can be mapped back to a reference genetic resource such
as an assembled genome, genetic (linkage) map, physical map, or EST library.
Alternatively, the same RADseq marker system used to infer a phylogeny could
be used to generate a linkage map (e.g., Baird & al., 2008; Baxter & al., 2011;
Lu & al., 2013; Henning & al., 2014), without requiring that the RADseq loci
be mapped back to external genomic resources. Integration of genomic and
phylogenetic data is key to investigating the genomic architecture of diversification, and RADseq may allow researchers to undertake such integrative
studies with fewer genomic resources than has previously been needed. The
limiting factors in such studies are likely to be the level of detail and genomic
distribution of genetic source data, and the coverage of the RADseq loci being
investigated.
Investigating the genomic architecture of divergence, hybridization, and
introgression depends on having a genetic resource of sufficient resolution
and detail to address one’s question, combined with a sufficient number of
informative RADseq markers to map back to that resource (cf. The Heliconius
Genome Consortium, 2012 for an example using full genomic data). Rheindt &
al. (2014), for example, used the ABBA/BABA test (Green & al., 2010; Durand
& al., 2011) to test alternative hypotheses about the origin of mosaic populations in flycatchers, then mapped introgressed flycatcher genome contigs onto
the zebra finch genome to identify regions of the genome that are disproportionately introgressed. Nadeau & al. (2013) mapped raw sequence reads back
to Heliconius melpomene genome scaffolds and used map positions to test a
genomic-islands-of-divergence hypothesis and the hypothesis of introgression at wing-color loci. Even unmapped genomic scaffolds can be useful for
such studies: Roda & al. (2013) mapped RADseq loci back to genomic scaffolds to identify neutral loci that were linked to outlier loci in a population
comparison analysis, then compared topologies of the linked neutral loci vs.
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unlinked neutral loci to investigate patterns of gene flow between ecologically divergent parapatric populations. It may turn out that this new power
to detect introgression from large numbers of RADseq loci may come with
a new challenge of teasing apart phylogeny from introgression: introgression
may hide behind very high branch supports in RADseq datasets due to the
large number of nucleotides used for inference, whereas in datasets composed
of fewer loci, the conflicting phylogenetic signal due to introgression more
often reduces branch support. We expect the integration of genomic and phylogenetic RADseq data to help make this separation more cleanly.
Without linkage-mapping data or sufficiently long genomic contigs to
identify linkage relationships between RADseq loci, RADseq loci can still be
BLASTed to EST libraries to identify putative orthologs, and gene-ontology
(GO) analysis can be used to characterize distributions of gene functions.
Rheindt & al. (2014) utilized GO-term analysis on mapped RADseq loci to
determine whether introgressed genomic contigs draw non-randomly from
gene functions, inferring tentatively that introgression may carry alleles influencing plumage coloration. Reitzel & al. (2013) used a combination of linkage
mapping and GO analysis to characterize genes under balancing selection in a
cnidarian phylogeographic study. Hipp & al. (2014) mapped RADseq loci back
to EST libraries to identify a pool of loci that sample disproportionately from
gene-rich regions of the genome: their analyses suggest that despite stronger
constraints on and lower homoplasy of those loci, EST-linked RADseq loci
are no more effective in their dataset at resolving deeper phylogenetic nodes.
Such analyses rely on well-characterized databases of gene functions to which
the RADseq loci can be mapped.
In our experience, the resolution and informativeness of the genetic
resource, once it is intersected with the RADseq phylogenetic dataset, will
often not be apparent until after analyses have been undertaken. It thus
behooves researchers to characterize clearly what they expect they will need
from non-RADseq genetic resources to address their questions, and then
to scale their inquiry to avail themselves of what can be inferred from joint
analysis of the resources at hand. One should anticipate adjusting one’s expectations along the way in such analyses. Moreover, the completeness of the
RADseq phylogenetic matrix should be expected to influence what questions
can be addressed, and at what scale. Questions about the genes involved in
introgressive gene flow, for example, can only be addressed using loci with
sufficient sampling of the individuals hypothesized to be exchanging alleles;
a seemingly enormous matrix of 30,000 or more RADseq loci may in fact be
insufficient to address hypotheses that require mapped loci that are complete
or nearly complete for a specific subset of the individuals sampled. While
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RADseq datasets will certainly tend to be very large, perhaps unnecessarily
large for some phylogenetic questions, they may be only barely large enough
at times for studies linking RADseq phylogenetic markers to genomic data.

The future of RADseq phylogenetics
RADseq is clearly emerging as a cost-effective and low-overhead method of
easily surveying genomes for SNPs that segregate across the full spectrum
of individuals, populations, and clades. For systematics, this represents an
exciting new frontier, especially if the treasure trove of historical herbarium /
museum collections can be opened wider to genome-scale phylogenetic
inquiry with improvements in DNA sample preparation through wholegenome amplification (Blair & al., 2015). In our own labs, we have had reasonable success with RADseq using relatively young herbarium material,
10–15 years old in Pedicularis and up to 50 years old in Carex (unpub. data),
supporting an experimental study demonstrating that RADseq can be successful even with moderately degraded DNA (Graham & al., 2015). However,
for older specimens, tropical plants, or species in which dried material typically does not yield high amounts of high molecular weight DNA, the outlook
may be less rosy.
Nevertheless, RADseq seems well positioned to provide empirical fuel for
greater conceptual and methodological convergence, bringing phylogenetics,
phylogeography, and population/evolutionary genetics into the same fold.
It will provide new opportunities to infer branching descent and historical
demographics from the same dataset, and new power to address questions
relating to the interactions between adaptation, gene flow, and divergence. In
addition, increasingly dense sampling within and between populations and
across clades should spur activity relating to species delimitation and species
concepts. We fully expect the results to challenge “simplistic notions concerning the organization of biological diversity into discrete, easily delineated and
hierarchically structured entities” (Gompert & al., 2014: 4570).
As genome-scale phylogeny reconstruction rises to the mainstream, most
methodological research to date has focused on the use of multiple gene trees
to infer the species tree (e.g., Rannala & Yang, 2008; McCormack & al., 2013;
Liu & al., 2015). By contrast, relatively little attention has been paid to the
treatment of RADseq data and its widely distributed but incompletely sampled loci. As we have seen, much remains unknown about the performance
and limits of species-tree inference with RADseq data, a deficit that demands
attention if for no other reason than that interspecific RADseq datasets are
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proliferating at a rapid pace. That is to say, the ease with which RADseq data
can be acquired for non-model organisms—inexpensively, without prior identification of loci—ensures it an important role in systematics, at least in the
near term, even if the data are less than ideal from a theoretical point of view.
We not only predict that RADseq will become more common in systematics, but that the data will continue to exhibit more phylogenetic signal than
initially expected. It is clear that RADseq should not continue to be viewed
primarily as a tool for population-level inferences (cf. Lemmon & Lemmon,
2013; McCormack & al., 2013). The growing number of case studies highlighted above convincingly illustrates that loci are conserved across surprisingly deep divergences. For example, RADseq analyses of Drosophila resolve
nodes back to about 40 Ma (Rubin & al., 2012; Cariou & al., 2013), and in
barnacles to about 68 Ma (Herrera & al., 2014). In our studies of oaks (Quercus
spp.), we are able to resolve nodes dated to approximately 60 Ma (J. McVay,
M. Deng, P. Manos, J. Cavender-Bares, and A. Hipp, unpub. data). While we
do not expect these ranges to be universal across taxa, they argue strongly
for the viable candidacy of RADseq as a phylogenetic data source for clades
firmly embedded in the Cenozoic, though perhaps not any older.
An issue that has received little attention, but surely will rise in importance, is that of RADseq data reusability. It is common for new molecular
phylogenies to be based partly (or in some cases entirely) on previously published Sanger sequences; it seems abundantly clear that the availability of
well-characterized, commonly sequenced loci facilitates complementation of
effort and taxonomic sampling, and has contributed substantially to progress
and synthesis in systematics as a whole. Can RADseq data have the same
lasting value? To what extent will RADseq data be re-used in new analyses of
expanded or complementary taxonomic samples? Clearly, this would require
employing the same restriction site(s), and likely the same laboratory protocol. One study (Hipp & al., 2014) investigated the combinability of RADseq
data from different sequencing runs in different years, in which sequencing
lengths varied from 60 bp in 2010 to 95 bp in 2012 and an average of 5.58 × 105
and 3.06 × 106 raw sequence reads per individual respectively. In this study,
we found no effect on phylogenetic topology and almost no effect on branch
lengths, despite the fact that pairs of technical replicates overlapped by only
43% to 64% of loci (compared against the union set of loci). Moreover, both
authors of this chapter have combined RADseq data from numerous library
preparations and sequencing runs from 2010 through 2014 and found no
obvious effect on topology. However, in this case, the library preparations
were all conducted in the same laboratory, using precisely the same protocol.
Overlap in locus recovery using different protocols has not been studied in
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any detail. Additionally, RADseq analysis has proceeded under a diversity of
protocols, with no single emerging standard. For phylogenetics, standardization on a protocol might facilitate greater reuse of data, increasing its value
over the longer term.
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