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Abstract
The distribution of genetic variation within and among populations is commonly used to
infer their demographic and evolutionary histories. This endeavour has the potential to
benefit substantially from high-throughput next-generation sequencing technologies
through a rapid increase in the amount of data available and a corresponding increase in
the precision of parameter estimation. Here we report the results of a phylogeographic
study of the North American butterfly genus Lycaeides using 454 sequence data. This
study serves the dual purpose of demonstrating novel molecular and analytical methods
for population genetic analyses with 454 sequence data and expanding our knowledge of
the phylogeographic history of Lycaeides. We obtained 341 045 sequence reads from 12
populations that we were able to assemble into 15 262 contigs (most of which were
variable), representing one of the largest population genetic data sets for a non-model
organism to date. We examined patterns of genetic variation using a hierarchical
Bayesian analysis of molecular variance model, which provides precise estimates of
genome-level /ST while appropriately modelling uncertainty in locus-specific /ST. We
found that approximately 36% of sequence variation was partitioned among populations,
suggesting historical or current isolation among the sampled populations. Estimates of
pairwise genome-level /ST were largely consistent with a previous phylogeographic
model for Lycaeides, suggesting fragmentation into two to three refugia during
Pleistocene glacial cycles followed by post-Pleistocene range expansion and secondary contact leading to introgressive hybridization. This study demonstrates the potential
of using genome-level data to better understand the phylogeographic history of
populations.
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Introduction
The distribution of genetic variation within and among
populations can provide fundamental insights into their
Correspondence: Zachariah Gompert, Fax: +1 307 766 2851;
E-mail: zgompert@uwyo.edu
 2010 Blackwell Publishing Ltd

demographic and evolutionary history (Slatkin 1987;
Avise 2004; Nielsen 2005; Patterson et al. 2006). Genetic
diversity within populations is affected by their effective population sizes, immigration from other populations and mutation rates (Wright 1931; Gillespie 2004;
Hedrick 2005), whereas the extent that genetic diversity
is partitioned among populations is affected by gene
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flow among populations and the divergence time of
populations from a common ancestral population
(Wright 1931, 1943; Felsenstein 1982; Slatkin 1993; Hedrick 2005). Selection further influences the distribution
of genetic variation within and among populations for
specific genetic regions where the fitness effects of allelic variants differ (Wright 1931; Beaumont & Balding
2004; Hedrick 2005; Nielsen 2005; Barrett et al. 2008).
Numerous population genetic models have been
derived that use genetic marker data to estimate various subsets of parameters and summary statistics associated with these processes (e.g. Wright 1931; Excoffier
et al. 1992; Pritchard et al. 2000; Nielsen & Wakeley
2001; Hein et al. 2005). Estimation of evolutionary and
demographic parameters from DNA sequence data is
particularly powerful, as models of mutation for
sequence data have been thoroughly developed and the
relationship among alleles can be inferred (Kimura
1980; Felsenstein 2004). However, technical and logistical constraints have precluded most population genetic
studies involving DNA sequence variation from utilizing more than a few sequence markers (e.g. Forster
et al. 1996; Taberlet et al. 1998; Hoarau et al. 2007;
Gompert et al. 2008a), although several recent studies,
particularly those involving model organisms, represent
an exception to this generalization (e.g. Lee & Edwards
2008; Strasburg & Rieseberg 2008; Patin et al. 2009).
Reliance on a small number of markers for population
genetic inference is not ideal, as the information contained in each marker represents a single realization of
an inherently stochastic evolutionary processes (Hein
et al. 2005; Degnan & Rosenberg 2006; Forister et al.
2008). This stochasticity makes it difficult to obtain precise and reliable parameter estimates.
High-throughput next-generation DNA sequencing
technologies alleviate logistical constraints on generating large multilocus sequence data sets for population
genetic parameter estimation in non-model systems.
These new technologies are capable of generating on
the order of 109 bp of sequence data in a single run
(Margulies et al. 2005; Bentley 2006; Mardis 2008; Ondov et al. 2008). Thus, these technologies will facilitate
population genetic inference of evolutionary and demographic parameters from hundreds or even thousands
of sequence regions from many individuals and populations. To date, most published studies in evolution,
ecology and genetics utilizing next-generation sequencing have focused on transcriptome assembly and characterization (e.g. Vera et al. 2008; Hale et al. 2009;
Kristiansson et al. 2009; Meyer et al. 2009), although
next-generation sequence data have also been used to
estimate substitution rates, nucleotide diversity and
inter-specific nucleotide divergence (Novaes et al. 2008;
Hahn et al. 2009, Kulathinal et al. 2009). This dramatic

increase in data should result in refined, highly reliable
parameter estimation. These new technologies also present their own suite of difficulties. For example, concern
exists that these new sequencing technologies tend to
have higher error rates than traditional Sanger sequencing, and could lead to overestimation of levels of molecular polymorphism, although a recent study by
Harismendy et al. (2009) suggests that this may not be
the case. Methods accounting for sequence error are
already under development (Hellmann et al. 2008;
Lynch 2008, 2009). Additionally, these technologies use
‘shotgun’ sequencing strategies that are likely to result
in uneven sequence coverage among individuals and
populations for specific genetic regions. In fact, many
individuals and populations may be missing sequence
data for a given genetic region. This issue is likely to be
particularly important when Eukaryotic genomic DNA
is used as a template because of the size and complexity of Eukaryote genomes (van Orsouw et al. 2007). Statistical methods addressing these issues are being
developed rapidly (e.g. Hellmann et al. 2008; Lynch
2008; Novaes et al. 2008; Lynch 2009) and molecular
methods for targeted resequencing on next-generation
platforms may further ameliorate these problems (e.g.
Okou et al. 2007; Gnirke et al. 2009; Hodges et al. 2009).
New methods for population genetic inference will
need to utilize as much information as possible from
the large quantity of data generated by next-generation
sequencing platforms, while appropriately modelling
uncertainty due to uneven coverage and missing data.
In the current study we use 454 sequence data from a
large number of sequenced fragments in conjunction
with a novel modelling approach to investigate the population genetic structure of North American Lycaeides
butterflies (Lepidoptera: Lycaenidae). This study is
meant to serve both as a test case for these new methods and to increase our understanding of the evolutionary history of Lycaeides butterflies. To generate sequence
data useful for population genetic inference, we create a
reduced complexity genomic DNA library for Lycaeides
using an AFLP-based technique, and attach 10-bp
sequence tags (Multiplex Identifier or MID barcodes;
454 Life Sciences Corp. 2009) to template fragments
allowing individual sequences to be assigned to populations. We investigate the genetic structure of Lycaeides
using a hierarchical Bayesian model for analysis of
molecular variance (AMOVA). Unlike coalescent methods, AMOVA does not estimate evolutionary process
parameters. Nonetheless, /-statistics from AMOVA are
commonly used, as they do not require assumptions
regarding the evolutionary history of populations and
can provide substantial phylogeographic insights (Holsinger & Weir 2009). Hierarchical Bayesian models are
well suited for the analysis of next-generation sequence
 2010 Blackwell Publishing Ltd
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data as they provide a robust framework for inferring
genome-level parameters from locus-specific data while
appropriately modelling uncertainty, including the
uncertainty arising from missing data and uneven coverage (Gelman et al. 2004; Guo et al. 2009). The molecular and analytical techniques we use have limitations
(see Discussion) and will certainly be improved upon in
future. Nonetheless, we believe that this study details a
novel approach to obtaining the best possible estimates
of key population genetic parameters from next-generation sequence data. Finally, our previous knowledge of
Lycaeides butterflies makes this study system an ideal
test case for these novel methods.
The phylogeographic history of North American
Lycaeides butterflies is complex and includes periods of
geographic isolation and subsequent hybridization
(Nice & Shapiro 1999; Nice et al. 2005; Gompert et al.
2006a,b, 2008a,b; Lucas et al. 2008). This complexity has
led to uncertainty in taxonomic designations within this
group, with two to five nominal species recognized or
proposed and many more recognized subspecies

(Nabokov 1949; Scott 1986; Guppy & Shepard 2001;
Gompert et al. 2006a,b). Although we utilize species
designations in this manuscript (Table 1), we do so primarily to facilitate communication, and not because we
believe that these named lineages necessarily represent
reproductively isolated entities. Instead, we believe that
these lineages are best thought of as a species complex,
and treat them as such in our analyses. Lycaeides is a
circumpolar holarctic genus that probably colonized
North America within the last two to four million years
(Gompert et al. 2008a). Previously published molecular
data suggest that diversification of Lycaeides within
North America occurred within the last few hundred
thousand years, coinciding with fragmentation during
Pleistocene glacial cycles (Nice et al. 2005; Gompert
et al. 2008a). These data are consistent with fragmentation of populations into at least three glacial refugia:
one in the western USA serving as the source of L. idas
populations, one in the central USA serving as the
source L. melissa populations and one in the eastern
USA serving as the source of Karner blue (L. melissa

Table 1 Sample data for specimens used for 454 pyrosequencing
MID no.

Taxon

Locality

Latitude

Longitude

Sample size

Classification

1
1
1
3
4
4
5
5
6
7
8
8
8
9
9
10
10
10
11
11
11
12
12
12
13
13

L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.
L.

Yuba Gap, CA
Leek Springs, CA
Trap Creek, CA
Cave Lake, CA
Marble Mts., CA
Mt. Ashland, OR
Carson Pass, CA
Mt. Rose, NV
County Line Hill, CA
Eagle Peak, CA
Gardnerville, CA
Verdi, NV
Sierravalley, CA
Beckwourth Pass, CA
Montague, CA
Brandon, SD
Victor, ID
Indian Bathtubs, WY
Fort McCoy, WI
Necedah, WI
Saratoga, NY
Blacktail Butte, WY
Riddle Lake, WY
Jardine, MT
Prospect Creek, AB
Brule, AB

3929¢34¢¢N
3837¢59¢¢N
3922¢43¢¢N
4158¢46¢¢N
4149¢40¢¢N
4204¢52¢¢N
3842¢ 47¢¢N
3919¢ 21¢¢N
37 27¢51¢¢N
4115¢ 38¢¢N
3848¢54¢¢N
3903¢01¢¢N
3937¢48¢¢N
3947¢35¢¢N
4146¢21¢¢N
4336¢29¢¢N
4339¢32¢¢N
4112¢14¢¢N
4347¢ 59¢¢N
4404¢00¢¢ N
4303¢24¢¢ N
4338¢17¢¢N
4421¢42¢¢N
4504¢29¢¢N
5258¢01¢¢N
5316¢59¢¢N

12035¢39¢¢W
12014¢24¢¢W
12040¢27¢¢W
12012¢25¢¢W
12244¢52¢¢W
12243¢16¢¢W
12001¢17¢¢W
11955¢48¢¢W
11811¢35¢¢W
12012¢11¢¢W
11946¢44¢¢W
11955¢48¢¢W
12021¢40¢¢W
12006¢38¢¢W
12228¢38¢¢W
9634¢39¢¢W
11106¢41¢¢W
10646¢17¢¢W
9049¢59¢¢W
9011¢20¢¢W
7348¢47¢¢W
11040¢55¢¢W
11032¢48¢¢W
11038¢01¢¢W
11723¢02¢¢W
11752¢06¢¢W

3f
3f
3f
6f
2f
0f
4f
4f
1f
4f
3f
3f
3f
4f
2f
3f
3f
2f
0f
0f
0f
3f
2f
3f
1f
1f

W
W
W
W
W
W
W
W
W
W
C
C
C
C
C
C
C
C
E
E
E
W
W
W
W
W

idas*
idas*
idas*
idas*
idas*
idas*
sp ‘alpine hybrid’
sp ‘alpine hybrid’
sp ‘alpine hybrid’
sp ‘Warner entity’
melissa
melissa
melissa
melissa
melissa
melissa
melissa
melissa
melissa ‘Karner’
melissa ‘Karner’
melissa ‘Karner’
idas
idas
idas
idas
idas

2m
2m
2m
9m
5m
8m
4m
3m
14m
11m
2m
2m
2m
4m
5m
2m
2m
3m
5m
5m
5m
2m
3m
2m
7m
7m

·
·
·
·

C
C
C
C

·C
·C
·C

Populations are referred to by their MID numbers. Classifications correspond to hypothesized glacial refugia: western (W), central
(C), eastern (E) and populations hypothesized to contain admixed individuals derived from western and central refugial populations
(W · C). See text for more details.
*Designated L. anna by Guppy & Shepard (2001).
 2010 Blackwell Publishing Ltd
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samuelis) populations (Nice et al. 2005). A fourth refugium might have existed in Alaska. Previously published data suggest that post-Pleistocene range
expansion led to secondary contact among formerly isolated refugial lineages in the Sierra Nevada, Rocky
Mountains and the eastern USA (Nice et al. 2005; Gompert et al. 2006a,b, 2008b; Lucas et al. 2008). These data
indicate that hybridization has occurred in these regions
of secondary contact with various outcomes. For example, in the eastern USA mitochondrial introgression has
occurred with little or no nuclear introgression, perhaps
driven by an association between mitochondrial haplotype and Wolbachia infection status (Gompert et al.
2006b, 2008b; Lucas et al. 2008; Nice et al. 2009). Conversely, secondary contact in the Rocky Mountains and
Sierra Nevada (as well as other nearby ranges, e.g. the
Warner and White mountains) has involved substantial
admixture and the establishment of a homoploid hybrid
species in the high-altitude alpine habitat of the Sierra
Nevada (Gompert et al. 2006a, 2008b; Lucas et al. 2008).
The historical phylogeographic model described
above, which is based primarily on geographic patterns
of morphological and genetic variation (mtDNA, AFLPs
and sequence data from a few nuclear genes), provides
expectations that can be investigated with 454 pyrosequence data. Specifically, we make the following predictions regarding the population genetic structure of
North American Lycaeides: (i) a significant proportion of
454 sequence variation will be partitioned among populations, (ii) molecular differentiation will be lower for
populations arising from the same ancestral refugium,
than from populations arising from different glacial
refugia and (iii) Molecular differentiation between
putatively admixed populations in regions of secondary
contact and nearby parental populations should be
lower than molecular differentiation between their
parental populations. Testing these predictions using
454 sequence data will refine our understanding of the
phylogeographic history of North American Lycaeides
butterflies, and provide an illustrative example of molecular and analytical methods that can be used to facilitate
population genetic inference from next-generation
sequence data.

Methods
We sampled 15 adult Lycaeides butterflies from each of
12 populations composed of one to three sampling
localities (Fig. 1, Table 1). These populations represent
most major North American lineages and correspond to
genetically cohesive entities that were defined based on
previous morphological and phylogeographic studies of
Lycaeides (e.g. Nice et al. 2005; Gompert et al. 2006a,
2008a,b; Lucas et al. 2008). We isolated and purified

DNA from each of the 180 sampled butterflies from
approximately 10 mg of thoracic tissue using: (i) standard methods from Brookes et al. (1997), or (ii) Qiagen’s DNeasy 96 Blood and Tissue Kit (Qiagen Inc.) in
accordance with the manufacturer’s recommended protocol. The concentration and purity of the DNA samples
were determined using a NanoDrop ND-1000 spectrophotometer (Thermo Scientific). Subsequently, all DNA
samples were diluted to achieve DNA concentrations of
10 ng/lL. The 15 individual DNA samples for each
population were combined in equal amounts to produce 12 pooled population samples. These 12 samples
served as templates for subsequent reactions.
We reduced the complexity of the genomic DNA templates using an AFLP-based procedure similar to the
CRoPS method described by van Orsouw et al. (2007).
First, we digested 60 ng of genomic DNA for each of
the 12 population samples with two restriction endonucleases (EcoRI and MseI) and ligated the digested
fragments to double stranded adaptor oligos in a single
step at 37 C for 18 h. We then diluted the ligated DNA
fragments 10-fold with 0.1x TE buffer. An initial PCR
amplification of this product with preselective AFLP
primers (EcoRI and MseI-C) was performed in BioRad’s
MyCycler (BioRad Laboratories) with 30 s at 98 C, 30
cycles of 20 s at 98 C, 30 s at 56 C and 120 s at 72 C
followed by a final extension for 10 min at 72 C.
Amplification was achieved using iProof high-fidelity
DNA polymerase (BioRad Laboratories) to reduce PCR
error that could negatively affect 454 pyrosequencing
results. Amplicons from the PCR reaction were separated on a 2% agarose gel and those fragments between
approximately 400 and 550 bp were excised from the
gel and purified using the GENECLEAN Turbo DNA
purification kit (MP Biomedicals, LLC). We believed
that fragments in this range would be ideally suited for
454 pyrosequencing given the distribution of read
lengths obtainable on the 454 GS XLR70 Titanium platform. To obtain a sufficient quantity of template and to
ensure a sufficient number of unique reads for population genetic analyses, we performed a second PCR
amplification using the original digested DNA template
under conditions identical to those described above.
PCR fragments produced from this second amplification
were also purified from 2% agarose gel; however, for
this second amplification we excised and purified
amplicons between approximately 200 and 550 bp. The
increased range of fragments for this second PCR
amplification was chosen to increase the total number
of unique amplicons. The two PCR products of purified
amplicons for each population DNA sample were combined into a single template for subsequent procedures.
A final PCR amplification was performed for each of
the 12 amplicon samples to increase the amplicon con 2010 Blackwell Publishing Ltd
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Fig. 1 Map of localities for sampled Lycaeides. Numbers correspond to MID barcode labels used for each population (some populations are composed of multiple localities). The dashed line designates the geographic region shown in more detail below the main
plot.

Table 2 MID barcodes and PCR primers used for population identification
MID no.

MID EcoRI primer

MID MseI primer

1
3
4
5
6
7
8
9
10
11
12
13

5¢-ACGAGTCGCT GACTGCGTACCAATTC-3¢
5¢-AGACGCACTC GACTGCGTACCAATTC-3¢
5¢-AGCACTGTAG GACTGCGTACCAATTC-3¢
5¢-ATCAGACACG GACTGCGTACCAATTC-3¢
5¢-ATATCGCGAG GACTGCGTACCAATTC-3¢
5¢-CGTGTCTCTA GACTGCGTACCAATTC-3¢
5¢-CTCGCGTGTC GACTGCGTACCAATTC-3¢
5¢-TAGTATCAGC GACTGCGTACCAATTC-3¢
5¢-TCTCTATGCG GACTGCGTACCAATTC-3¢
5¢-TGATACGTCT GACTGCGTACCAATTC-3¢
5¢-TACTGAGCTA GACTGCGTACCAATTC-3¢
5¢-CATAGTAGTG GACTGCGTACCAATTC-3¢

5¢-ACGAGTCGCT GATGAGTCCTGAGTAAC-3¢
5¢-AGACGCACTC GATGAGTCCTGAGTAAC-3¢
5¢-AGCACTGTAG GATGAGTCCTGAGTAAC-3¢
5¢-ATCAGACACG GATGAGTCCTGAGTAAC-3¢
5¢-ATATCGCGAG GATGAGTCCTGAGTAAC-3¢
5¢-CGTGTCTCTA GATGAGTCCTGAGTAAC-3¢
5¢-CTCGCGTGTC GATGAGTCCTGAGTAAC-3¢
5¢-TACTATCAGC GATGAGTCCTGAGTAAC-3¢
5¢-TCTCTATGCG GATGAGTCCTGAGTAAC-3¢
5¢-TGATACGTCT GATGAGTCCTGAGTAAC-3¢
5¢-TACTGAGCTA GATGAGTCCTGAGTAAC-3¢
5¢-CATAGTAGTG GATGAGTCCTGAGTAAC-3¢

centration and label the amplicons with sample-specific
MID barcodes. For each sample a distinct pair of primers was used with a core sequence identical to that used
for PCR described above, but a unique 10-bp sequence
 2010 Blackwell Publishing Ltd

added to the 5¢-end for subsequent population identification (Table 2). Amplification was performed as
described above and again utilized iProof high-fidelity
DNA polymerase (BioRad Laboratories) to minimize
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PCR error. The resulting PCR product was purified
using the GENECLEAN Turbo DNA purification kit
(Biomedicals, LLC) following the manufacturer’s protocol. The concentration of PCR product for each sample
was determined using a NanoDrop D-1000 spectrophotometer (Thermo Scientific) and each sample was subsequently diluted to a concentration of 100 ng/lL. All 12
population samples were then combined in equal
amounts to yield a single 100 lL product sample with
an amplicon concentration of 100 ng/lL, which served
as the template for 454 pyrosequencing.
454 pyrosequencing was performed by SeqWright
DNA Technology Services (Houston, TX, USA) using
the 454 GS XLR70 Titanium platform. Pyrosequencing
was performed as described by Margulies et al. (2005)
following standard protocols provided by 454 Life Sciences. Specifically, to prepare a library for 454 pyrosequencing, fragments from the labelled amplicon sample
were blunt ended by enzymatic polishing using T4
DNA polymerase. Adaptors were then ligated to the
polished amplicon fragments and single-stranded fragments were individually immobilized on capture beads.
Emulsion PCR was then accomplished by clonally
amplifying individual immobilized fragments within
emulsion droplets. Beads containing amplified singlestranded DNA fragments were packed on 1/2 of a
70·75-mm2 PicoTiterPlate for pyrosequencing.

Sequence assembly and characterization
We assembled the sequences generated from 454 pyrosequencing into contigs using the SeqMan NGen
sequence assembler v2.0.0 (DNASTAR) software. Prior
to sequence assembly MID barcode sequences were
removed from the reads and appended to the read
names for later identification. Assembly was conducted
with a mer match size of 75 bp, mer spacing of 20 bp
and a minimum mer match percentage of 92%. The
repeat handling option was used while assuming a
maximum fixed coverage of 50· and a match repeat
per cent of 150. We set the nucleotide mismatch penalty to 15 and the gap penalty to 150. Quality scores
from the 454 run were provided to the SeqMan NGen
assembly software and used to trim low-quality
regions from the reads. Specifically, reads with an
average quality score of 14 or less over a 30 bp window were flagged as low-quality reads and removed.
We also provided the core AFLP primer sequences to
the assembly software so that these regions could be
trimmed from the reads during the assembly process.
The parameters used for sequence assembly were
selected following initial experimentation with a range
of parameters and were chosen to provide the greatest
number of quality contigs. The complete set of param-

eters used for SeqMan NGen assembly is available
from the authors upon request.
To characterize the sequences we obtained from 454
pyrosequencing, we conducted BLAST searches of our
assembled contigs and unassembled reads against the
UniRef50 database (Suzek et al. 2007). The aim of the
BLAST search was primarily to determine the proportion
of our contigs and sequences that were associated with
genes, not to provide a complete annotation of these
sequences. The UniRef50 database consists of clustered
sets of protein coding sequences from UniProt Knowledgebase (Bairoch et al. 2009) that share ‡50% sequence
identity. BLAST searches were performed with the BLASTN
algorithm at an e-value threshold of 10)11. Results from
BLAST searches were parsed and summarized with a series of custom Perl scripts (available from ZG upon
request). Gene ontology (GO) classifications for unique
UniRef50 accessions with significant similarity to our
assembled contigs and unassembled reads were
obtained using blast2GO (Conesa et al. 2005). GO terms
were mapped to the UniRef50 accessions by accessing
annotation files from the GO consortium on the blast2GO server. The GO terms were then assigned to our
accessions using the blast2GO annotation rule with
default parameters, except that the e-value threshold
was set to 10)11. Tests of equal proportions and Fisher’s
exact tests were conducted to compare BLAST results and
GO classifications between the contigs and unassembled
reads. All general statistical analyses were conducted
using the R software environment for statistical computing (R Development Core Team 2009).

Population genetic analyses
Prior to assessing patterns of population genetic structure, we characterized the genetic diversity present
within the 454 data. First, we calculated the proportion
of variable sites for each of the assembled contigs
(15 262 contigs). We treat this as an empirical measure
of the proportion of sites that varied in our data, not as
an estimate of the actual proportion of variable sites in
the sampled Lycaeides populations. The proportion of
variable sites was determined with and without the
inclusion of insertion–deletion polymorphisms. Next we
estimated SNP allele frequencies within each population
for all nucleotide positions where more than one base
was observed. Maximum likelihood estimates of SNP
allele frequencies were obtained using a model similar
to a model proposed by Lynch (2009) but adapted for
population-level data. Our method of SNP allele frequency estimation assumed that the frequency of amplicons for each population sample was not affected by
PCR (i.e. we did not account for differential amplification of alternative SNP alleles). For each SNP site we
 2010 Blackwell Publishing Ltd
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assumed that no more than two nucleotides were segregating within a population. We believe that this
assumption is valid as 97.6% of the SNPs we detected
had two alleles, as is the case for many empirical data
sets (Lynch 2007). For each SNP we defined counts for
the major allele (the most common nucleotide observed,
n1), the minor allele (the second most common nucleotide observed, n2) and erroneous reads (the sum of the
least common nucleotides, ne). We then assumed that
the counts followed a multinomial distribution incorporating three parameters: p1, p2 (p2 ¼ 1 ) p1) and e
reflecting the frequency of the major allele in the sample, the frequency of the minor allele in the sample and
the probability of a sequencing error respectively. We
assumed that read errors were equally likely to occur
for both SNP alleles and that an error was equally likely
to produce a read of any of the other three nucleotides.
We allowed the probability of sequencing errors (e) to
vary among SNP loci. Furthermore, we assumed that
p1, the major allele frequency for the sampled individuals, followed a beta-distribution with parameters a ¼
mp1 + 1 and b ¼ m(1 ) p1) + 1, where m was twice the
number of individuals sampled from each population
(i.e. the number of gene copies sampled) and p1 was
the population allele frequency of the n1 allele. The
population frequency of n2 was simply 1 ) p1. This
model yields the following likelihood function:
h
 e in1
Pðn1 ;n2 ; ne jn; p1 ; e; p1 ; mÞ ¼ p1 ð1  eÞ þ ð1  p1 Þ
3
h
 e in2 2ene
ð1  p1 Þð1  eÞ þ p1
3
3


Cðm þ 2Þ
mð1p1 Þ
mp1
p ð1  p1 Þ
ðeqn1Þ
Cðmp1 þ 1ÞCðmð1  p1 Þ þ 1Þ 1
where n is the total number of sequences from a population at a specific site. Note, the first bracketed term
gives the probability of observing the n1 allele (which
is the sum of the probability of having the n1 allele
and not having a sequencing error and the probability
of having the n2 allele that is converted to the n1
allele because of a sequencing error) and the second
bracketed term gives the probability of observing the
n2 allele. The third bracketed term gives the probability of a sequencing error giving rise to an allele not
segregating in the population. Finally, the last
bracketed term is a probability density function for a
beta-distribution and provides the probability of the
sample major allele frequency (p1) if m gene copies
were sampled from a population with a major allele
frequency pi. The mode of a beta-distribution is
(a ) 1)/(a + b ) 2). Thus, the maximum likelihood
estimate of p1 (p^1 ) is equal to the maximum likelihood estimate of p1 (p^1 ),
 2010 Blackwell Publishing Ltd

p^1 ¼

mp^1
¼ p^1 :
mp^1 þ mð1  p^1 Þ

Maximum likelihood estimates of p1 and  were
obtained by a grid search over possible values based on
the first three terms in Eqn 1; the maximum likelihood
estimate of p1 was then equated with the maximum
likelihood estimate of p1. A more complicated numerical evaluation of Eqn 1 would be necessary to obtain
confidence intervals for p1,  and p1. We treated gaps as
missing data and only estimated SNP allele frequencies
for sites with five or more sequences from a given population. Moreover, we excluded contigs with annotations suggesting bacterial sources and contigs more
than 700 bp in length (the latter generally corresponded
to repetitive regions of DNA potentially containing
sequences from non-orthologous genes). These criteria
excluded 688 of the 15 262 contigs. These analyses were
conducted using custom Perl and R scripts (available
from ZG upon request). Simulations suggested that this
method for SNP allele frequency estimation yields unbiased estimates under many circumstances with
increased precision as the number of sequence reads
increases (see Document S1). However, this is not true
when the true major allele frequency is close to 0.5 as
estimates of the major allele frequency are constrained
to be ‡0.5.
We next estimated /ST (the proportion of molecular variation partitioned among populations) in an
AMOVA framework to determine whether there was
evidence of population genetic structure in our 454
data. We used a hierarchical Bayesian model to estimate
/ST for each locus, assuming that the locus-specific /ST
values were drawn from a common distribution with a
mean equal to the genome-level /ST. These estimates
were made while accounting for uncertainty in population haplotype frequencies. We assumed that the vector
haplotype count data (xij) for each locus (i) and population (j) were distributed as a multivariate Pólya
distribution (also known as a Dirichlet compound multinomial distribution) with a parameter vector aij giving
the population haplotype frequencies. The multivariate
Pólya distribution describes a set of counts (e.g. haplotype counts) drawn from a multinomial distribution
with a parameter vector p (i.e. sample haplotype frequencies) drawn from a Dirichlet distribution with
parameter vector a (e.g. population haplotype frequencies). The probability density function for the Pólya distribution is derived by integrating over all possible
values for p (i.e. all possible sample haplotype frequencies). Thus, using this probability distribution allowed
us to estimate population haplotype frequencies while
accounting for error associated with sampling individuals from populations and sequences from the sampled
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individuals. This model specification yields the following likelihood function:
PðXjA; n; mÞ ¼

YY
i

j

P
Cð k maijk þ 1Þ
nij !
Q
P
k ðxijk !Þ Cðnij þ
k maijk þ 1Þ

Y Cðxijk þ maijk þ 1Þ
Cðmaijk þ 1Þ

k

ðeqn2Þ

where C is the gamma function, nij is the number of
454 sequences for locus i from population j, m is the
number of gene copies sampled from each population
(i.e. 2· the number of sampled individuals) and X and
A are three-dimensional matrices (locus i · population
j · haplotype k) containing the observed haplotype
counts (xijk) and population haplotype frequencies (aijk)
respectively. We assigned a conditional prior to A:
PðAjl/ ; r/ ; DÞ ¼

Y
i

"
#
ð/STi  l/ Þ2
1
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp
2r2/
2pr2/

ðeqn3Þ

where
lﬃ/ corresponds to /ST at the genome level, r/
qﬃﬃﬃﬃﬃ
(i.e. r2/ ) is the average deviation of each locus-specific
/ST from the genome level /ST. The variable /STi in Eqn
3 denotes /ST for locus i calculated from ai and di following Excoffier et al. (1992). This specification of the
conditional prior does not correspond to a standard
probability distribution for A but is equivalent to
assuming that the locus-specific /ST are distributed
Nðl/ ; r2/ Þ with D fixed and known without error (given
a fixed distance matrix, any set of allele frequencies
results in a specific value for /ST). Finally, we assigned
uninformative hyper-priors to l/ and r/, such that
l/N(l¼0,r2¼106) and r/beta(a¼1,b¼1). Combining
these functions resulted in the following hierarchical
Bayesian model:
PðA; l/ ; r/ jX; D; n; mÞ / PðXjA; n; mÞ
PðAjl/ ; r/ ; DÞPðl/ ÞPðr/ Þ:

ðeqn4Þ

Our treatment of D in Eqn 4 is similar to the general
treatment of covariates in Bayesian regression models
(Gelman et al. 2004).
Unlike our model for estimating SNP allele frequencies, this Bayesian model does not account for sequencing error. It was not possible to account for sequence
error using haplotype data in the same manner as we
did for SNP data (i.e. it would not be appropriate to
assume that only two haplotypes are segregating within
or among populations). Although this is a potential limitation, we believe that the effect of not modelling
sequence error should be minor, as our estimates of
sequence error (excluding insertion–deletion polymorphisms; see the Results section) suggest that such errors

were rare. Finally, this method assumes that all
sequences in a contig represent orthologous genes. The
parameters we chose for sequence assembly and the
exclusion of long contigs from analyses should minimize contigs containing non-orthologous sequences.
Nonetheless, some contigs may include non-orthologous
sequences and the inclusion of non-orthologous
sequences in a contig could negatively affect our estimates of /ST.
We estimated /ST using 1570 contigs with greater
than 10· coverage (over all populations) and that were
less than 700 bp in length. We did not include contigs
with annotations suggesting bacterial origin. For each
contig we removed all sites polymorphic for insertions–
deletions and trimmed contigs to obtain a rectangular
matrix without missing data. From these trimmed contigs we counted the number of occurrences of each haplotype at each locus for each population (X) and
computed pairwise molecular distance matrices for all
haplotypes in each contig (D). Distances were calculated as the number of sites that differed between a pair
of haplotypes using functions provided in the R package ape (Paradis et al. 2004). We estimated locus-specific
and genome-level /ST for all 12 populations following
the hierarchical Bayesian model described above and
using Markov chain Monte Carlo (MCMC). We
employed a Metropolis–Hastings MCMC algorithm,
with the proposal distribution for l/ centred on the
estimate of l/ from the previous iteration (i.e. random
walk algorithm) and fixed densities for the proposal
distributions of r/ and each haplotype frequency vector
aij (i.e. independence chain algorithm). We used a burnin of 1000 MCMC iterations followed by 24 000 additional iterations for parameter estimation. Sample paths
for aij, /ST, l/ and r/ were monitored to ensure adequate chain mixing and convergence of the MCMC
chain on the stationary distribution (P(A,l/,r/|X,D)).
The latter was also assessed by running multiple
MCMC chains from different starting points. MCMC
required approximately 6 hours on a Macintosh computer with 2·2.8 GHz Quad-Core Intel Xeon processors
and 4 GB 800 MHz DDR2 FB-DIMM memory. This
MCMC algorithm was programmed in C using the
GNU Scientific Library (Galassi et al. 2009). Source code
for this model is available from ZG upon request and
a user-friendly compiled binary for this analysis is
forthcoming.
In addition to estimating /ST for North American
Lycaeides as a whole, we estimated pairwise /ST for all
pairs of the 12 sampled populations. Pairwise /ST
estimates give the proportion of molecular variation
partitioned between a pair of populations and can
serve as a measure of molecular differentiation between
pairs of populations over short evolutionary timescales
 2010 Blackwell Publishing Ltd
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(Reynolds et al. 1983; Slatkin 1995). Pairwise /ST were
estimated using the hierarchical Bayesian model
described above but with haplotype data from pairs of
populations. Our estimate of A allowed for non-zero
haplotype frequencies for all haplotypes observed, not
just those haplotypes observed in a given pair of populations. For all pairwise comparisons, we ran an MCMC
chain for a 1000 iteration burn-in followed by 24 000
iterations for parameter estimation. Similar to the analysis of the full data set, we monitored sample paths for
aij, /ST, l/ and r/ to ensure convergence on the stationary distribution. We used non-metric multidimensional
(NMDS) scaling to visualize population genetic structure based on estimates of pairwise /ST. NMDS is a
numerical ordination technique suitable for any pairwise dissimilarity measure and is appropriate for
depicting geographic patterns of genetic structure
(Lessa 1990; Venables & Ripley 2002). This method was
chosen instead of tree-based clustering methods to
avoid implying that the sampled Lycaeides populations
are related in a bifurcating manner. We used NMDS to
identify three dimensions that best retained the pairwise distances between populations based on pairwise
/ST estimates (more specifically, the median from the
posterior distribution for each pairwise /ST). This ordination was performed in R using the MASS package
(Venables & Ripley 2002).

Results
Sequence assembly and characterization
We obtained 341 045 reads from sequencing our barcode-labelled template with a 1/2 PicoTiterPlate run on
the 454 GS XLR70 Titanium platform. Files containing
these sequence reads and quality scores have been submitted to the NCBI Short Read Archive (accession
SRA010351). The mean read length (excluding the MID
barcodes) was 242.18 bp (SD 134.97 bp; Fig. 2a). The
mean number of reads per MID barcode (i.e. population
DNA sample) was 28 420, with the fewest reads
(19 110) obtained from MID8 and the most reads
(39 630) obtained from MID12 (Fig. 2b). Of the 341 045
reads we obtained, we were able to assemble 134 772
reads into 15 262 contigs, leaving 206 273 unassembled
sequences. These unassembled sequences represented a
mix of reads not matching any other reads we obtained
and low-quality reads excluded from the assembly (i.e.
reads containing highly repetitive elements preventing
their clustering within any one contig). The average
quality score for the assembled sequences was 34, compared with 17 for the unassembled sequences. The
mean contig length from the assembly was 310.39 bp
(SD 152.89 bp; Fig. 2c). The number of reads per contig
 2010 Blackwell Publishing Ltd

varied substantially among contigs but had a mean of
8.83 (SD 55.85), yielding an average coverage depth of
8.44 reads per site. The similarity between the number
of reads per contig and average coverage depth indicates that most reads extended over an entire contig.
The distribution of reads per contig was highly skewed
with 10 545 contigs containing fewer than five reads
(Fig. 2d). Nonetheless, contigs with many reads were
also assembled. For example, there were 1995 contigs
containing more than 10 reads and 385 contigs containing more than 50 reads. The mean number of assembled
reads per MID barcode was 11 231 reads, with the fewest assembled reads (4151) for MID12 and the most
assembled reads (18 185) for MID4 (Fig. 2e). MID12 had
relatively few reads assembled under many different
combinations of assembly parameters (results not
shown). Excluding MID12 there was a significant correlation between the number of reads per MID barcode
and the number of assembled reads per MID barcode
(r¼0.8280, P¼0.0016; Fig. 2f); however, this correlation
was not significant when MID 12 was included (r¼
0.2998, P¼0.3438).
Of the 15, 262 contigs assembled, 2238 (14.7%) had
significant hits to clusters in the UniRef50 database at
an e-value threshold of 10)11. The same was true for
21 974 of our 206 273 (10.7%) unassembled reads. Multiple contigs or reads had best BLAST hits to the same
UniRef50 accessions. This may include instances where
different genes in a gene family were sufficiently similar to be collapsed into a single accession in the UniRef50 database. Accounting for this redundancy, our
assembled contigs and unassembled reads had significant BLAST hits to 828 and 1512 unique gene accessions
in the UniRef50 database respectively. Both the proportion of sequences with significant matches to UniRef50
accessions and the proportion of sequences matching
unique UniRef50 accessions was significantly greater for
the assembled contigs than the unassembled reads (proportion tests: v2¼234.44, P<2.2·10)16 and v2¼2989.12,
P<2.2·10)16 respectively). Most of the UniRef50 accessions corresponded to sequences obtained from arthropods. For example, the four most common taxonomic
identifications associated with these gene accessions
were Tribolium castaneum (Coleoptera, 69 hits),
Acyrthosiphon pisum (Hemiptera, 41 hits), Coelomata (39
hits) and Nasonia vitripennis (Hymenoptera, 38 hits) for
the assembled contigs and T. castaneum (98 hits), A. pisum
(86 hits), N. vitripennis (70 hits) and Endopterygota (all
holometabolic insects, 58 hits) for the unassembled
reads. However, the BLAST results suggest that a portion
of our 454 sequence data represents contaminant bacterial DNA, most likely a-proteobacteria in the genus
Wolbachia. Specifically, 24 and 33 of the unique gene
accessions hit by our BLAST searches were sequences
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from Wolbachia for the contigs and unassembled reads
respectively. An additional 19 gene accessions from the
contigs and 40 from the unassembled reads were characterized as being sequences from ‘cellular organisms’
and might also represent Wolbachia sequence data or
other bacterial contaminants. This finding is consistent
with previous studies suggesting that many Lycaeides
populations are infected with Wolbachia (Gompert et al.
2008b; Nice et al. 2009).
BLAST search results suggest that a sizable portion of
our 454 sequence data might represent sequence from
genome regions associated with active or inactive transposable elements (including both retrotransposons and
DNA transposons). Of the 828 unique UniRef50 gene
accessions with significant similarity to our assembled

contigs, approximately 100 relate to transposons (12.1%,
rough approximation calculated by identifying genes
with ‘retro’, ‘integrase’, ‘reverse’, ‘gag’, ‘pol’ or ‘endonuclease’ in their description). A similar portion of UniRef50 accessions with hits from the unassembled reads
relate to transposons (167 of 1512, 11.0%). The frequency of BLAST hits to UniRef50 sequences relating to
transposons is even higher if one counts all best BLAST
hits not just unique best hits (contigs: 31.0%; unassembled reads: 15.7%).
Three hundred and twenty-one of the 828 unique
UniRef50 accessions with significant similarity to our
contigs could be associated with GO classifications.
Top-level annotations were 154 accessions associated
with cellular components, 303 with molecular functions
 2010 Blackwell Publishing Ltd
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1944.7 (SD 1086.3; Fig. S1). There was substantial
among-population variation in the number of SNPs
detected, which was highly correlated with the number
of assembled reads for each population (r¼0.8722, P¼
0.000216). The estimated population frequency of the
major allele (p1) at each SNP varied from 0.5 to 1 (mean
0.8343, sd 0.1098). In general, the distribution of major
allele frequencies suggests that substantial within-population genetic variation exists in the sampled populations. Estimates of the probability of sequence errors (e)
were generally low (mean 0.00499, SD 0.0220).
Our primary interest in Bayesian AMOVA was to
estimate the posterior probability distribution for
parameters of interest, as opposed to obtaining point
estimates of those parameters. Nonetheless, point estimates and posterior credible intervals (CIs) provide
convenient summaries of the parameters’ posterior distributions, and are reported below. The median of the
posterior probability distribution for genome-level /ST
(l/) was 0.3598 (95% CI 0.3371–0.3819), suggesting that
approximately 36% of molecular variation was partitioned among Lycaeides populations (Fig. 3a). We
detected substantial among-locus variation in estimates
of /ST (Fig. 3b and c). Specifically, the average deviation
between locus-specific estimates of /ST and genomelevel /ST (r/) was 0.3987 (95% CI 0.3650–0.4275) and
posterior probability distributions for locus-specific /ST
were not completely concordant. Estimates of /ST for a
subset of highly variable loci are shown in Fig. S2.
The median and 95% CI from the posterior probability distributions of all pairwise genome-level /ST are
given in Table 3. Median pairwise genome-level /ST
ranged from 0.1224 (MID10 · MID12) to 0.3635
(MID5 · MID11). The former comparison included a
L. melissa population (hypothesized central glacial

and 245 with biological processes (these annotations are
not mutually exclusive). Six hundred and two of the
1512 unique UniRef50 accessions with significant similarity to the unassembled Lycaeides sequence reads were
associated with GO classifications. These included 298
accessions associated with cellular components, 572
associated with molecular functions and 456 associated
with biological processes. The distribution of GO classifications did not differ significantly between the contigs
and unassembled reads (Fisher’s exact test: P¼0.9536).

Population genetic analyses
Including insertion–deletion polymorphisms, the mean
proportion of variable sites within a contig was 0.0253
(SD 0.0377). Most contigs included at least one variable
site; however, 2624 contigs were invariant (17.2%). As
expected, the mean proportion of variant sites within a
contig was lower when insertion–deletion polymorphisms were excluded (mean 0.0165, SD 0.0306) and
nearly twice as many contigs were invariant (4547 contigs). We detected 57 776 insertion–deletion polymorphisms, which were sometimes, but not always,
associated with homopolymer regions (number of flanking bases matching the base present at the insertion–
deletion polymorphism: 0 for 20 076 sites, 1 for 10 000
sites, 2 for 7610 sites and ‡3 for 20 089 sites). As
expected and regardless of the inclusion of insertion–
deletion polymorphisms, we detected a moderate positive correlation between the number of reads in a contig
and the proportion of sites that varied (with insertions–
deletions: r¼0.444, P<2.2·10)16; without insertion–deletions: r¼0.475, P<2.2·10)16). The mean number of SNPs
detected per population (MID), which does not include
sites with insertion–deletion polymorphisms, was
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refugium) and a putatively admixed L. idas population
with ancestors from the hypothesized western and central refugia, whereas the latter comparison included a
Karner blue (L. melissa samuelis) population (hypothesized eastern glacial refugium) and a population of the
unnamed alpine hybrid species (hypothesized western
and central refugial ancestors). In general, pairwise genome-level /ST suggest that molecular differentiation
between the Karner blue population (MID11) and all
other populations was particularly high (Table 3).
We were able to capture much of the structure
described by pairwise genome-level /ST using NMDS
with three dimensions (Fig. S3). Nonetheless, the ordination results from NMDS should be viewed as a simplification for graphical visualization, particularly as
they are based solely on median values from the posterior probability distributions. Taken together, dimensions
one and two separate populations hypothesized to be
derived from ancestral western, central and eastern glacial refugial populations (Fig. 4). Specifically, the eastern refugium population (MID11) is separated from the
western (MID1, MID3, MID4 and MID13) and central
populations (MID8, MID9 and MID10) along dimension
one, whereas central populations are separated from
eastern and western populations along dimension two.
Both dimensions one and two separate the putatively
admixed populations (MID5, MID6, MID7 and MID12)
from the eastern population, but these two dimensions
do not clearly separate the putatively admixed populations from central or western populations (their hypothesized ancestors). Dimension three did not separate
populations of any of the previously hypothesized glacial refugia (Fig. 4).

Discussion
Using 454 pyrosequencing, we obtained 341 045
sequence reads from 12 populations that we were able
to assemble into 15 262 contigs representing one of the
largest population genetic data sets for a non-model
organism to date. The majority of these contigs were
variable (82.8% including insertion–deletion polymorphisms or 70.2% including only SNPs) and thus potentially informative for estimating population genetic
parameters. Although we used only 1570 of these contigs for the current analyses, additional contigs might
be useful for subsets of these populations in future
work. Sequence data from these contigs was sufficient
to obtain precise estimate of overall and pairwise genome-level /-statistics. The 454 sequence data showed
evidence of population genetic structure in North
American Lycaeides, as has been detected in previous
studies of this genus (Nice et al. 2005; Gompert et al.
2006b, 2008a,b). Patterns of population genetic structure
 2010 Blackwell Publishing Ltd
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based on genome-level pairwise /ST, inferred from our
454 data using a hierarchical Bayesian model for AMOVA, generally supported previously hypothesized glacial refugia and regions of postglacial secondary contact
and hybridization (Nice et al. 2005; Gompert et al.
2006a,b, 2008b; Lucas et al. 2008) but also suggested
that admixture may be more widespread than previously thought. However, it is important to note that
even with precise multilocus estimates of population
structure, it was not possible for us to exclude other
potential hypotheses regarding the phylogeographic
history of Lycaeides. Below we provide a detailed discussion of: (i) the phylogeographic history of Lycaeides
in the light of these 454 data and (ii) the molecular
methods we used, including considerations for population genetic studies using 454 sequencing.
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Fig. 4 Scatter plots depicting the ordination-based distances
from NMDS among populations for pairs of dimensions. Populations are labelled with their MID barcode. Symbols denote
population classifications according to hypothesized glacial
refugia: western (grey square), central (white square), eastern
(black square) or western · central admixed populations (white
diamonds). Together dimensions one and two separate the
western, central and eastern refugial populations, with putatively admixed populations occupying space in the vicinity of
western and central populations.
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The proportion of variable sites in the Lycaeides 454
sequence data was on the order of that detected for
other sequence markers examined in this genus (Gompert et al. 2006a, 2008a). However, approximately 35%
of variable sites were insertion–deletion polymorphisms, which is a much higher percentage than was
detected for other sequence markers in Lycaeides
(including non-coding markers). The frequent occurrence of insertion–deletion polymorphisms might partially be a result of errors during pyrosequencing,
particularly as 454 sequencing has difficulties with
homopolymer regions (Margulies et al. 2005). However,
many insertion–deletion polymorphisms were not associated with homopolymer regions. This potential source
of error was partially responsible for our exclusion of
insertion–deletion polymorphisms from SNP allele frequency estimation and Bayesian AMOVA.
Whereas the distribution of major allele frequencies
for each of the 12 populations was relatively similar,
the number of SNPs detected differed among populations by more than an order of magnitude. Our data
suggest that this variation was primarily driven by
variation in the number of assembled reads per population and not inherent differences in the levels of segregating variation within populations. We base this
claim on the strong positive correlation detected
between the number of SNPs found within a population and the number of assembled reads for a population (r¼0.8722). Nonetheless, real differences in
segregating genetic variation might exist among these
populations, but addressing this question would
require accounting for differences in coverage depth
among populations and was outside of the scope of
the current manuscript. Whether within-population
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genetic diversity varies among the sampled populations could be determined by contrasting populationspecific estimates of h¼4Nel, where Ne is the effective
population size and l is the mutation rate (e.g. Nei &
Tajima 1981; Kuhner et al. 1995; Bernatchez & Wilson
1998).
Bayesian AMOVA that included all 12 sampled populations detected significant population genetic structure,
as the 95% CI of the posterior distribution of the genome-level estimate of /ST (l/) did not overlap zero. The
posterior probability distribution of genome-level /ST
indicated that between approximately 32% and 40% of
molecular genetic variation was partitioned among populations. This is consistent with a phylogeographic history that included substantial periods of isolation
among populations. Of course, this current level of population molecular differentiation probably reflects past
and current geographic isolation, as well as some
degree of reproductive isolation (Fordyce et al. 2002;
Nice et al. 2002; Gompert et al. 2006a). The extent to
which molecular genetic variation was partitioned
among populations differed among loci, as evidenced
by our estimate of r/ and the locus-specific estimates of
/ST. This variation highlights the degree of stochasticity
in the evolutionary process as captured by molecular
data (Hein et al. 2005), and further emphasizes the
importance of utilizing a large number of markers when
estimating population genetic parameters (Funk &
Omland 2003; Gompert et al. 2006b; Forister et al. 2008).
Pairwise genome-level /ST indicate that the Karner
blue population (MID11) is clearly differentiated at the
molecular level from all other populations. This is consistent with the Karner blue butterfly persisting in a
distinct refugium during Pleistocene glacial cycles, as
previously hypothesized (Nice et al. 2005). This level of
differentiation cannot be easily explained by current
geographic isolation or strong reproductive isolation, as
the Karner blue population (MID11) is currently in close
proximity to L. melissa populations (particularly MID10),
with which it has hybridized leading to mitochondrial
introgression (Gompert et al. 2006b, 2008b). Although
our analyses also differentiate populations of the
hypothesized western refugium (L. idas; MID1, MID3,
MID4 and MID13) from populations of the hypothesized
central refugium (L. melissa; MID8, MID9 and MID10),
this separation is not nearly as clear. In several cases the
degree of genetic differentiation between putative western and central populations (e.g. MID10 · MID13) is
exceeded by that for pairs of western (e.g. MID1 ·
MID3) or central populations (e.g. MID8 · MID10).
When considered as a whole, putatively admixed
populations are generally more genetically similar to
hypothesized western and central refugial populations
than these different refugial populations are to each

other. This is consistent with the hypothesis of a history
of hybridization in these populations. However, specific
admixed populations are not clearly differentiated from
specific western and central refugial populations (e.g.
western refugial populations MID3 and MID4 cluster
with hybrid populations MID5 and MID12). There are
several possible explanations for this pattern. First, it is
possible that some of the populations we classified as
‘pure’ western or central were in fact admixed. For
example, previous data suggested that L. idas populations from northern California (MID3 and MID4) were
descended from the hypothesized western refugium
population but had experienced mitochondrial introgression from central populations (Gompert et al.
2008b). These populations showed little evidence of
nuclear gene flow (hence our current classification).
However, these previous results were based on AFLP
markers, which might not have provided sufficient resolution to detect nuclear introgression. Thus, these
northern California L. idas populations may in fact be
admixed (this possibility is supported by other unpublished AFLP data). Another possibility is that post-Pleistocene range expansion was followed by geographic
fragmentation and genetic differentiation among populations radiating from the same refugium. Given this
alternative phylogeographic model it would be possible
for admixed populations to be more similar to specific
‘pure’ populations than to others. This would result in
a clustering in which some ‘pure’ and admixed populations are more similar than some ‘pure’ populations are
to each other. It is also possible that these ‘pure’ populations that cluster close to hybrid populations may represent parental populations that contributed to the
admixture. Finally, it is possible that the hypothesized
western and central refugia did not exist but instead
represent a single refugium. Thus, the western, central
and putatively admixed populations would represent
populations radiating from a single refugium at various
points in time that have since become molecularly differentiated to varying degrees. However, this last scenario would be hard to reconcile with the sharp
geographic transitions observed between differentiated
populations and morphological intermediacy of putatively admixed populations. Moreover, this last hypothesis is not supported by previously published
coalescent-based estimates of population divergence
times or deep structure in mitochondrial data (Gompert
et al. 2006a, 2008a). Evaluating these alternative models
will require estimates of population divergence times
and migration rates as well as detailed analyses of
admixture. Future work using the 454 data presented
here, as well as additional individual-based genetic
data, will probably provide additional insights into
these questions.
 2010 Blackwell Publishing Ltd
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Lycaeides 454 data and future considerations
A 1/2 PicoTiterPlate run on the 454 GS XLR70 Titanium platform provided us with sufficient data
(341 045 reads) for precise estimation of population
genetic parameters. Whereas many of these reads
assembled into contigs (134 772 reads), many more
could not be assembled into contigs (206 273 reads).
Unassembled reads provide no information on the distribution of genetic variation, and thus are of little use
for population genetic analyses using 454 sequence
data. Therefore, the utility of our data for population
genetic inference would have been improved had we
further reduced the complexity of the Lycaeides DNA
template by using more selective AFLP primers.
Unfortunately, it is difficult to determine a priori the
appropriate level of selectivity for AFLP primers, as
many unique fragments will invariably have similar
lengths and fragments from the same genetic region
often differ in length. This problem could be ameliorated by conducting initial small-scale 454 pyrosequencing runs with varying degrees of genomic
complexity reduction (i.e. different numbers of selective bases on AFLP primers) to determine the degree
of selectivity that maximizes the number of reads that
can be assembled while providing a sufficient total
number of contigs (i.e. unique markers).
An additional potential problem with the AFLPbased technique we used is that it could bias population genetic inference. Specifically, variation is
expected to exist within the restriction sites of AFLPs
(hence their use as molecular markers), and only
those reads with the presence of an AFLP restriction
site will be sequenced. The degree that this will bias
results should be related to the proportion of polymorphisms that occur within the restriction and priming sites of AFLP markers relative to the proportion
that occur in the sequenced region between primer
sites, as well as the overall degree of divergence
among haplotypes. The EcoRI and MseI-C primers we
used require specific 6- and 5-bp sequences for fragments to be generated from template DNA. Assuming
polymorphisms are uniformly distributed across the
genome, for a 310-bp AFLP fragment (the mean from
our study) approximately 3–4% of polymorphisms
should occur within restriction or priming sites leading to presence–absence variation of PCR products.
Thus, most variation should be within the sequenced
region and the potential bias introduced by certain
haplotypes being excluded from amplification should
be minimal. Nonetheless, this potential bias will
increase with decreasing fragment size and should
not be ignored. Finally, the probability that a substitution occurs within a restriction site will increase as
 2010 Blackwell Publishing Ltd

the total number of substitutions among haplotypes
increases. This will result in a decreased probability
of obtaining sequence data for all haplotypes for
genes that are highly variable and could lead to
underestimates of genetic structure.
The AFLP-based technique we used for genomic
complexity reduction is one of several options for
obtaining data useful for population genetic inference
from 454 pyrosequencing (or other next-generation
sequencing technologies). Alternatively, specific PCR
products from a large number of gene regions could
be amplified independently and pooled for pyrosequencing (e.g. Bundock et al. 2009). This alternative
procedure would allow for more precise control over
the template used for pyrosequencing but would also
require prior genomic knowledge for the design of
primers. Additionally, cDNA could be used as a template for 454 pyrosequencing. 454 pyrosequencing from
cDNA is common (and necessary) for transcriptome
characterization (e.g. Vera et al. 2008; Hahn et al. 2009;
Kristiansson et al. 2009; Meyer et al. 2009; Pauchet
et al. 2009) but has not, to our knowledge, been used
for population genetics. Assuming the number of transcribed genes are in the order of the number of genes
desired for population genetic analysis, using cDNA
instead of genomic DNA could result in the desired
level of genomic complexity reduction. Using cDNA
template for population genetics, however, would
require cDNA normalization, might result in a
decrease in the proportion of variable sites and the
number of markers evolving neutrally, and creates
assembly problems arising from alternative splicing of
mRNA (Vera et al. 2008).
The ability to assign 454 sequence reads to populations is necessary for population genetic analyses. We
were able to assign sequence reads to populations
because we labelled amplified fragments with population-specific MID barcodes prior to pooling population
templates for library construction and pyrosequencing.
Although this procedure was generally successful, it
resulted in variation among populations in the number
of reads produced and assembled. For example,
approximately three times as many reads assembled for
MID4, MID7 and MID11 as for MID12. Generally the
number of assembled reads was proportional to the
number of reads, but this was not always the case (e.g.
the most reads were obtained for MID12 but the least
assembled). Variation in the number of reads per MID
could simply represent stochastic variation during pyrosequencing, or could be partially due to bias in the
amplification of specific MID barcodes as was suggested by van Orsouw et al. (2007). Although many
population genetic analyses can be conducted without
knowledge of individual-specific genotypes, this is not
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true for analyses of linkage disequilibrium, individualspecific admixture, paternity, etc. Even when knowledge of an individual’s genotypes is not required for
population genetic inference, these data should generally decrease uncertainty in parameter estimates by
decreasing sampling error. Thus, future studies should
consider labelling individuals with MID barcodes. Currently, 151 MID barcodes are recognized by GS FLX
Titanium software (454 Life Sciences Corp. 2009), allowing for a reasonable number of individuals to be
labelled uniquely and pooled for PCR. This number will
probably increase in future and could be circumvented
presently with custom bioinformatics tools.
A relatively large proportion of our contigs and unassembled reads had significant BLAST hits to gene clusters
in the UniRef50 database (14.7% and 10.7% respectively), suggesting that many of our contigs might correspond to transcribed regions of the genome. Arguably
this relatively high proportion of putatively transcribed
genomic regions is interesting, as we used genomic
DNA that was not purposefully enriched for coding
regions. The proportion of reads with significant UniRef50 BLAST hits was greater for the assembled contigs
than for unassembled reads. This difference is not surprising, as many reads failed to assemble because they
contained repeat regions, which are generally expected
to occur more frequently in non-coding regions of the
genome (e.g. Arcot et al. 1995; Ramsay et al. 1999).
Repeat regions that could lead to problems with assembly include short tandem repeats and regions that have
been duplicated throughout the genome. The latter
include transposable elements, which might represent a
sizable proportion of our sequence data (and thus the
Lycaeides genome) but interestingly might be more common in contigs than in unassembled reads. GO annotations suggested a similar distribution of processes
associated with genes from the assembled contigs and
unassembled reads.
Finally, it is worth mentioning that although most of
our sequence reads were from Lycaeides, bacterial contaminant sequences (most notably from Wolbachia) were
present as well. Presumably, bacterial sequences can be
easily identified and excluded from population genetic
analyses (as we have done here), as bacterial genomes
generally have fewer non-coding DNA regions than
multicellular organisms and many bacterial genomes
have been characterized (e.g. Blattner et al. 1997; Cole
et al. 1998; Wu et al. 2004; Lynch 2007). However, contamination of 454 sequence data by foreign DNA
(whether bacterial or from other sources) should be
carefully guarded against for 454 sequence data generated without the use of taxon-specific primers (unfortunately, this could also pose a serious problem for AFLP
studies in general).

Conclusions
The novel molecular and analytical methods we used in
this study allowed us to precisely estimate measures of
population genetic differentiation for North American
Lycaeides. These estimates provide additional support
for components of the hypothesized phylogeographic
history of Lycaeides and suggest the possibility of
nuclear admixture populations not previously thought
to be admixed. Our results highlight the potential for
next-generation sequencing technologies to provide the
data necessary for high-precision estimation of population genetic parameters by labelling population or individual samples with unique sequence identification
tags. Molecular methods similar to those we used in
this manuscript should provide researchers working on
non-model systems the tools necessary to generate large
sequence data sets with little to no prior knowledge of
the organism’s genome. The need for such multilocus
sequence data sets is clearly evidenced by the substantial variation observed in this study among locus-specific estimates of /ST. Finally, Bayesian methods in
general, and hierarchical Bayesian models in particular,
are likely to be very useful for analysing next-generation sequence data given the ability of these models to
appropriately model uncertainty due to missing data
and the hierarchical relationship between individual
loci and the genome. The general hierarchical Bayesian
framework we used for estimating /ST (i.e. modelling
locus-specific parameters as random draws from a genome-level parameter distribution) can be used for estimating other population genetic parameters, including
parameters from coalescent models (e.g. Storz & Beaumont 2002). Moreover, this model provides a framework for detecting genetic regions with /ST estimates
that have low probability given the genome level /ST
parameters and, thus, could serve as an outlier analysis
for detecting selection (similar to the model proposed
by Guo et al. 2009). We are currently pursuing this possibility. Hierarchical Bayesian models have become
more prominent in population genetics (e.g. Storz &
Beaumont 2002; Zhang et al. 2006; Guo et al. 2009) and
will probably play increasingly greater roles in population genetics in future.
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Supporting Information
Additional supporting information may be found in the online
version of this article.
Fig. S1 Boxplots depicting the distribution of major allele frequencies for each population (MID). The number of SNPs per
population with 5· coverage are given above each boxplot.
Major allele frequencies were estimated by maximum likelihood while accounting for sequence errors.
Fig. S2 Posterior probability distributions for locus-specific uST
for 125 loci with more ‡25 haplotypes (a) and six loci with ‡90
haplotypes (b). Posterior probability distributions were estimated from 24 000 MCMC iterations and were smoothed using
a Gaussian kernel density function. These loci posses levels of
variation that are similar to levels of variation for loci generally
used in population genetic analyses.
Fig. S3 Scree plot (a) and Shepard plot (b) from NMDS analysis. The former shows the relationship between the number of
dimensions used for NMDS and the sum of squared differences between the ordination-based distances and the distances
predicted by regression (stress). The latter depicts the relationship between genome-level pairwise uST and ordination-based
distances (points) as well as the predicted values from regressing the latter on the former (solid line). These plots suggest
that the three dimensions used for NMDS captured the structure of the pairwise uST well.
Fig. S4 Boxplots depicting the distribution of major allele
frequencies for simulated data. Dashed blue lines denote the
major allele frequency used for each set of simulations.
Please note: Wiley-Blackwell are not responsible for the content
or functionality of any supporting information supplied by the
authors. Any queries (other than missing material) should be
directed to the corresponding author for the article.

