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Microsatellites, or simple sequence repeats (SSRs), have long played a major role in genetic studies due to their typically high
polymorphism. They have diverse applications, including genome mapping, forensics, ascertaining parentage, population and con-
servation genetics, identification of the parentage of polyploids, and phylogeography. We compare SSRs and newer methods, such
as genotyping by sequencing (GBS) and restriction site associated DNA sequencing (RAD-Seq), and offer recommendations for
researchers considering which genetic markers to use. We also review the variety of techniques currently used for identifying mi-
crosatellite loci and developing primers, with a particular focus on those that make use of next-generation sequencing (NGS). Ad-
ditionally, we review software for microsatellite development and report on an experiment to assess the utility of currently available
software for SSR development. Finally, we discuss the future of microsatellites and make recommendations for researchers prepar-
ing to use microsatellites. We argue that microsatellites still have an important place in the genomic age as they remain effective and

cost-efficient markers.
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Microsatellites, or simple sequence repeats (SSRs), are short
repeated DNA motifs (typically one to six nucleotides) located
throughout eukaryotic genomes (Li et al., 2002; Zane et al.,
2002). Within microsatellite regions, these motifs are repeated
several to dozens of times, although the number of repeats is
highly variable (Selkoe and Toonen, 2006). Replication slippage
is generally considered the mechanism that creates variation in
the number of repeats (Ellegren, 2004). Microsatellites exhibit
high levels of polymorphism and have a high mutation rate—
between 10-3 and 10~* per locus per generation, compared to
approximately 10~ nucleotides per generation for nucleotide
substitutions across the entire genome in eukaryotes (Li et al.,
2002). The high level of polymorphism in microsatellites makes
these markers powerful tools for assessing genetic similarity be-
tween individuals or closely related taxa (Guichoux et al., 2011;
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Kalia et al., 2011). Since developing microsatellite loci (see
Appendix 1 for a glossary of terms used in this paper) became
cost-effective in the late 1990s, researchers have used them fre-
quently in studies requiring high levels of polymorphism, gener-
ating approximately 225,000 published articles (search of Web
of Science performed April 2016, term: microsatellite* OR
“simple sequence repeat™”’).

Microsatellites have been used for a wide variety of applica-
tions, including genome mapping, forensics, parentage analysis,
conservation genetics, identification of the parentage of poly-
ploids, phylogeography, and population genetics (Ellegren,
2000; Esselink et al., 2004; Kalia et al., 2011). Their abundance
in the genome, high levels of polymorphism, and cost effective-
ness have contributed to the attractiveness of these markers.
They are inexpensive when compared to the cost of using next-
generation sequencing (NGS) techniques to generate sufficient
data to differentiate among closely related individuals (Davey
et al., 2011). Additionally, unlike with NGS data, the relatively
small number of loci used in an SSR study means that each
locus can be manually genotyped, reducing errors. Because
they are PCR-based markers, microsatellite loci can be success-
fully amplified from poor-quality or low quantities of DNA,
making them useful markers for studies involving ancient DNA
or museum specimens (Wandeler et al., 2007). Many microsat-
ellite primers will work in species closely related to the one for
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which they were originally designed, allowing for multispecies
studies.

Many of the applications noted above select microsatellites
for their presumably neutral nature. SSRs can also be used in
studies favoring nonneutrality; the association of microsatel-
lites with a gene under selection can be used for the construc-
tion of genetic maps (Serikawa et al., 1992; Echt et al., 2011).
Microsatellites are used in crop science and forestry to build
high-density genetic maps useful for locating resistance to a
pest or disease, or control for a desired trait (e.g., Hardwood
Genomics Project; www.hardwoodgenomics.org). For exam-
ple, a map with 19 microsatellites was built around Pprl, a lo-
cus controlling Puccinia psidii rust resistance in Eucalyptus
L’Hér. (Mamani et al., 2010). Also, SSRs were used to map
blight resistance genes in Castanea dentata (Marshall) Borkh.,
the American chestnut (Jacobs et al., 2013). Finally, in the case
of very large genomes, microsatellites are the favored method
to construct a genetic map in the absence of a reference ge-
nome. The efforts to build genetic maps for gymnosperms have
been successful with the association of single-nucleotide poly-
morphisms (SNPs) with SSRs in Pinus taeda L. (Echt et al.,
2011).

The use of microsatellites, however, is not without concerns
and caveats. The mechanism that leads to mutations in microsat-
ellites (replication slippage) is prone to back mutations, promot-
ing homoplasy (Viard et al., 1998). Extensive homoplasy leads
to erroneous inferences of homology. Although the high poten-
tial for homoplasy can be modeled (e.g., using the stepwise
mutation model), homoplasy complicates analyses and lowers
confidence in inferences made using microsatellites (Slatkin,
1995). Furthermore, the high rates of polymorphism and homo-
plasy make microsatellites unsuitable for phylogenetic analyses
beyond very closely related species (e.g., Soltis et al., 1998).
Another concern is that the large number of alleles per locus as-
sociated with microsatellites can inflate F-statistic estimates
relative to biallelic markers, such as SNPs (Whitlock, 2011).
Conversely, in some cases, allele frequencies can also suppress
F-statistic estimates in microsatellites: estimates of genetic di-
versity among populations (Fgr) are very low when the fre-
quency of the most common allele is either very low or very
high (Jakobsson et al., 2013). Additionally, genotyping errors,
which can bias downstream analyses (Hoffman and Amos,
2005), are also potential concerns. Although NGS techniques
such as genotyping by sequencing (GBS) and restriction site
associated DNA sequencing (RAD-Seq) (Appendix 1) also
have the potential for sequencing errors, the large amount of
data generated with NGS methods diminishes this concern—
effectively “drowning out” erroneous signal (Hou et al., 2015).
Conversely, the relatively small number of loci used in tradi-
tional microsatellite studies means that genotyping errors can
have a large downstream effect. The genomic age has ushered
in a variety of new techniques that offer alternatives to SSRs.
Thus, in this review of microsatellites, we address the following
sets of questions:

1. How do SSR markers compare to NGS markers generated
using GBS/RAD-Seq? What factors should researchers con-
sider when choosing a genotyping method?

2. For researchers planning to use microsatellites, what details
are critical when designing a project? What is the current state
of SSR marker development?

3. What is the future of microsatellite markers? How should re-
searchers use microsatellites in 2016 and beyond?
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We first compare the advantages and disadvantages of using
microsatellites as opposed to GBS/RAD-Seq. We then review
techniques currently used for identifying microsatellite loci and
developing primers, emphasizing those that make use of NGS
approaches. Additionally, we make recommendations for re-
searchers considering using microsatellites and address the
question: Are SSRs a viable option when NGS techniques are
rapidly becoming more cost-effective? We also review software
packages for analyzing microsatellite data and make recommen-
dations for researchers planning to use microsatellites.

MICROSATELLITES VS. GBS/RAD-SEQ

For a plant population geneticist beginning a study, there are
important decisions to make regarding marker choice before
collecting a single sample. Microsatellites have been, and still
remain, a viable option for collecting genetic data, whereas
GBS/RAD-Seq methods are increasing in popularity (Narum
et al., 2013). Researchers need to consider carefully a variety of
factors before beginning a study, including the project budget,
the size of the group to be investigated (number of samples), the
genetic resolution required, and the availability of genomic re-
sources for the study group (e.g., a sequenced genome or other
existing resources). When there is a very limited budget or only
a small number of individuals can be included (e.g., a conserva-
tion genetic study on a rare species), microsatellites remain a
good choice (Gardner et al., 2011). However, it may be prefer-
able to start with GBS or RAD-Seq when beginning a long-term
project, although samples must be organized into discrete groups
for multiplexing, as the use of multiplexing is what makes these
techniques affordable. Importantly, if additional data are needed,
from the sequencing perspective, it would be as expensive to
add one more sample as it would to add 100. Due to lane effects
and other stochasticities associated with NGS, it is advisable to
use standards in a long-term project that will use different se-
quencing machines. A strong background in computing skills
and bioinformatics is needed to deal with the large quantity of
data generated by NGS approaches, whereas researchers can
complete microsatellite analysis with limited computing skills
and/or resources on a laptop computer using one or more graphi-
cal user interface (GUI) programs.

RAD-Seq and GBS are approaches that combine the value of
reducing genome complexity with restriction enzymes (REs)
and NGS-based SNP discovery and genotyping (Davey and
Blaxter, 2010; Davey et al., 2011; Etter et al., 2011; Arnold
et al., 2013; Andrews et al., 2016). These methods enable discov-
ery of thousands of markers, even in nonmodel organisms, and
characterization of different levels of genetic variation across
the genome (Hohenlohe et al., 2010; Rowe et al., 2011; Liu
et al., 2013; Lu et al., 2013). The main differences between
RAD-Seq and GBS are methodological, relating to which REs
are used to digest DNA, how sequencing adapters and multiplex-
ing barcodes are added to samples, and the use of a size selection
step (Elshire et al., 2011; Cronn et al., 2012). Hereafter, we will
treat RAD-Seq and GBS as a suite of methods united by their
use of REs to reduce genome complexity prior to multiplexed
NGS and will refer to this suite of methods as RAD/GBS. Li-
brary complexity is directly related to genome complexity and
size and the choice of REs (Beissinger et al., 2013). With RAD/
GBS, there is a trade-off between the number of SNPs and cov-
erage of each locus, which can be mediated by choosing REs
with longer recognition sites, resulting in higher coverage of
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fewer loci. This approach enables the use of these data for popu-
lation genetics (Beissinger et al., 2013; Lu et al., 2013; Narum
et al., 2013).

The primary advantage of RAD/GBS is that thousands of loci
can be simultaneously generated for hundreds of individuals,
with costs as low as US$35 per sample (assuming strategic shar-
ing of REs, adapters, barcodes, and efficient multiplexing with
an optimal number of samples). Reducing genome complexity
with REs is a very specific, fast, and simple procedure (Sonah
etal., 2013; Andrews et al., 2016). There is no requirement for a
priori knowledge of the genome of the species; however, a refer-
ence genome facilitates selecting an appropriate RE (Sonah
et al., 2013; Spindel et al., 2013; Liu et al., 2014). REs can be
chosen that prevent highly repetitive regions and target low-
copy regions, increasing the efficiency of the research goals and
reducing computational time with alignment procedures. A mul-
tiplex barcoding system increases efficiency and reduces costs
(Smith et al., 2010; Andolfatto et al., 2011; Elshire et al., 2011;
Sonah et al., 2013). SNPs also have a number of advantages
when directly compared to SSRs: they are less prone to homo-
plasy than SSRs and are also easier to locate in most single-copy
regions of the genome than SSRs (Rafalski, 2002). Another ad-
vantage of SNPs is that relatively few SNPs are needed to define
a haplotype or to detect linkage disequilibrium (Rafalski, 2002).

RAD/GBS approaches have several disadvantages as well.
Problems may result from: (1) the frequent conflation of paralo-
gous loci due to misassembly of reads (Etter et al., 2011; Xu
et al., 2014), (2) sequencing errors and inaccurate genotyping
with low sequencing depths (Arnold et al., 2013), (3) PCR bias
in library construction (Arnold et al., 2013), and (4) nonrandom
cleavage by enzyme digestion (Arnold et al., 2013). The first
three issues have largely been addressed by improvements in
algorithms and software for processing loci, improvements in
sequencing technology and careful multiplexing, and multiple
PCR steps, respectively. However, sampling DNA based on
REs may still include a bias in allele frequency estimation. Mu-
tations in restriction sites can lead to underestimating diversity
and introduce genealogical biases, causing haplotypes to be non-
randomly sampled (Arnold et al., 2013). Additionally, the nucle-
otide composition of the restriction site affects which areas of
the genome are sampled; the goals of the study should guide
which REs are chosen. GC content should be carefully consid-
ered when selecting REs, as GC-rich REs lead to overrepresen-
tation of the portions of the genome high in GC content (DaCosta
and Sorenson, 2014). Additionally, RAD/GBS data often over-
estimate heterozygosity (Arnold et al., 2013; Gautier et al.,
2013). Unlike with SSR markers, manual validation is impracti-
cal with RAD/GBS data, and biases or errors may be impossible
to detect (Etter et al., 2011; Davey et al., 2013).

Several aspects of RAD/GBS present challenges that re-
searchers need to consider. Multiplex sequencing protocols for
RAD/GBS often depend on an accurate quantification of high-
molecular-weight DNA (Elshire et al., 2011). However, this re-
quirement may be waning, as recent studies have used RAD/
GBS on herbarium specimens, which may have degraded DNA
(Beck and Semple, 2015). Little information is currently avail-
able about how markers discovered with RAD/GBS are distrib-
uted across the genome, although studies in wheat and barley
suggest that these markers are uniformly spaced (Poland et al.,
2012). Large variation in GC content among taxa may introduce
biases, leaving important genomic regions over- or underrepre-
sented (Beissinger et al., 2013). However, large differences in
GC content among close relatives are unusual, meaning this will
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likely not be an issue in population genomic studies. Another
concern is that RAD/GBS data sets often have a huge amount of
missing data compared to traditional genotyping methods. Re-
searchers must make critical decisions about whether to exclude
loci and/or individuals from analyses when there are high levels
of missing data. Another consideration is that missing data are
not randomly spread across individuals and/or loci due to the
nature of the genomic library construction (REs). Therefore, al-
lelic dropout, geneological biases, and underestimation of diver-
sity may be some of the consequences of missing data in RAD/
GBS methods. Aspects of library construction, data processing,
and the divergence history of study species may affect results;
simulations and more studies are needed to define guidelines
about how to handle missing data when using RAD/GBS (Huang
and Knowles, 2016).

Whereas RAD/GBS are powerful methods for diploid spe-
cies, many challenges remain for calling SNPs in polyploids.
Specialized SNP genotyping algorithms are required when
using RAD/GBS in polyploids (Narum et al., 2013). Because
sequencing coverage determines the level of missing data, the
large genomes of some plants, especially polyploids, can lead to
low coverage. In all RAD/GBS protocols, the average number
of reads per sample will be based on multiplexing and the
number of independent sequences generated by the sequencing
platform—either sequencing coverage or number of samples
multiplexed will be reduced in polyploids as compared to dip-
loids (Poland and Rife, 2012). Large plant genomes, due to ei-
ther repetitive DNA or polyploidy, can lead to the erroneous
construction of artifactual composite “loci” with falsely inferred
polymorphisms. Longer reads facilitate the discovery of more
polymorphisms when RAD/GBS is applied to polyploids, which
require genome-specific polymorphisms to differentiate among
homeologous sequences (Poland and Rife, 2012; Sonah et al.,
2013).

One of the most important criteria for selecting a method is
cost-feasibility; we present two approximate budgets (Appendix 2)
for genotyping 96 individuals: one that involves developing and
genotyping microsatellites and one that implements RAD/GBS.
As of May 2016, if a researcher needs to develop his/her own
microsatellite loci, the cost of genotyping approximately 96 in-
dividuals using 12-15 microsatellite markers is similar to per-
forming RAD/GBS on 96 individuals. It is very challenging to
present a budget that accounts for all the factors that will deter-
mine the cost of a project, but we attempt some approximate
budgets that can be used as guidelines when designing projects.

MICROSATELLITE DEVELOPMENT: REVIEW OF
TECHNIQUES

If microsatellite markers are the chosen approach, researchers
have two options: generate sequence data for microsatellite de-
tection or mine pre-existing resources for marker discovery. The
first option requires decisions on library preparation, sequencing
platform (including read length and depth), and software for
marker detection. The second option makes the first two deci-
sions unnecessary and bypasses sequencing costs, but software
choice is still important.

Historical methods of microsatellite library construc-
tion—Microsatellite libraries were traditionally developed by
digestion with one or more REs (Ritschel et al., 2004). A linker
of known sequence would be ligated onto the digested fragments,
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and one or more probes containing repeat sequences were hy-
bridized to those fragments. This enrichment step limited the
nature of the microsatellites that would ultimately be obtained at
the end of the procedure. The repeat-enriched fragments were
then recovered using streptavidin-coated beads (Nunome et al.,
2006). The library was amplified and the PCR products cloned
and sequenced. The enrichment strategy is time-consuming (10—
14 d), and the DNA extracted for such a protocol has to be of
high quality and quantity. The yield of such a library construc-
tion is typically eight to 20 polymorphic loci for 30-60 SSR
primer pairs tested (Zalapa et al., 2012), and the initial cost is
low (less than US$500 for a cloning kit).

NGS has transformed the development of microsatellite loci
for ecological and evolutionary studies. Current approaches al-
low quick and inexpensive identification of large numbers of
loci in nonmodel organisms. Studies so far have largely focused
microsatellite discovery efforts on the Roche 454 (454 Life Sci-
ences, a Roche Company, Branford, Connecticut, USA) and
Mlumina (Illumina, San Diego, California) platforms (Jennings
et al., 2011; Zalapa et al., 2012), although Pacific Biosciences
(PacBio, Menlo Park, California, USA) (Grohme et al., 2013;
Wei et al., 2014) and Ion Torrent (Thermo Fisher Scientific,
Waltham, Massachusetts, USA) (Huey et al., 2013; Kameyama
and Hirao, 2014) have also been used. Because read length
greatly affects the ability to discover microsatellite markers, as
longer reads will more likely include the flanking regions needed
for primer design (Lepais and Bacles, 2011; Schoebel et al.,
2013; Elliott et al., 2014), the 454 sequencing platform was used
extensively for microsatellite development (Castoe et al., 2010).
On a per-megabase basis, however, 454 is less cost-effective
than Ilumina (Glenn, 2011; Appendix S1). Between January
2013 and April 2016, 74 projects using 454 were published in
Applications in Plant Sciences, yielding between eight and 91
polymorphic loci, with an average of 16 loci, derived from an
average of 139,418 reads. Roche announced they will be discon-
tinuing the use of the 454 instrument in 2016. Future projects
using NGS to develop microsatellite loci will rely on alternative
platforms.

Current library preparation methods—Several approaches
can reduce genomic complexity and enrich for microsatellites
prior to library building (Glenn, 2011). Method selection de-
pends on platform throughput, number of individuals, desired
coverage, and availability of a reference genome or transcrip-
tome (Jennings et al., 2011). Microsatellite-enrichment methods
require a priori decisions on the type of repeat motif and size of
repeat sequence, creating bias in locus choice (Castoe et al.,
2010). Using shotgun sequencing to identify loci allows for ran-
dom sampling of the genome and is preferable to microsatellite-
enrichment techniques. Regardless of sequencing platform and
library preparation, however, NGS approaches to microsatellite
discovery are more time- and cost-effective and provide more
potential loci than traditional approaches. The limiting step for
microsatellite studies is no longer marker discovery and devel-
opment, but instead, screening and validation of loci (Wei et al.,
2014).

The short read lengths obtained with platforms such as Illu-
mina and Ion Torrent previously limited their utility for micro-
satellite development. However, as [llumina platforms generate
longer read lengths (MiSeq currently generates 2 x 300 bp
reads), this limitation is changing. Zalapa et al. (2012) reported
two of 17 projects in their analysis used [llumina platforms. Be-
tween January 2013 and April 2016, 28.8% (34 of 118) of primer
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notes published in Applications in Plant Sciences utilizing NGS
used [llumina. For studies using Illumina, the average number of
polymorphic microsatellite markers reported was 15 loci, and
the average number of potential loci per study was 15,539,
which is larger than other platforms (e.g., 454, with an average
of 4400 potential markers). This is predominantly due to the
greater throughput of Illumina (see Appendix S1).

Sequencing platform—Read length, read output, and error
rate all affect platform choice for generating sequence data for
marker discovery (Glenn, 2014; Appendix S1). Currently there
are three Illumina platforms available: MiSeq, HiSeq, and Next-
Seq, with the HiSeq x10 debuting in 2016. The MiSeq, which
only has a single lane, has the fastest run times and the longest
read lengths (~56 h for 2 x 300 bp). However, the MiSeq output
consists of relatively few reads (50 million) of up to 2 x 300 bp
at a higher cost per mega base pair compared to the HiSeq. The
HiSeq has a low cost per megabase of data—up to 500 gigabytes
(GB) of data per flow cell. However, these reads are shorter than
the MiSeq; until recently, the longest was 2 x 150 bp, and the
runs take up to six days; however, the new HiSeq v2 reagents
allow 2 x 250 bp in rapid run mode. Drawbacks to the HiSeq are
the requirement to fill all eight lanes before running, and that a
single flow cell can be processed only as a rapid run or a high-
throughput run. The NextSeq falls between the two other plat-
forms in performance; it can generate reads of 2 X 150 bp, with
a high-throughput run generating up to 120 GB of data in ~29 h.
All three models have a low final error rate of 0.1% (primarily
substitution-type miscalls; Glenn, 2014).

Two additional platforms that are increasing in use for SSR
discovery are Ion Torrent and PacBio. Ion Torrent has three chip
options generating between 50 Mbp and 2 Gbp of data, with read
lengths of 200 or 400 bp, and sequencing time ranging between
3 and 7.9 h. The PacBio platform is a single-molecule real-time
sequencer, which removes PCR errors that can be introduced
when using other platforms. Of the three platforms reviewed,
PacBio has the greatest flexibility in run times (30 min to 6 h per
single-molecule real-time sequencing [SMRT] cell) and run size
(one to 16 SMRT cells) and provides the longest read lengths, up
to 20 Kb—an attractive feature for microsatellite discovery.
PacBio suffers from the highest error rate—approximately 13%
in raw reads. However, unlike Illumina and Ion Torrent, these
errors are stochastic, meaning that a final error rate of less than
1% can be achieved in the consensus sequence of numerous
raw reads (Glenn, 2014). Unfortunately, the advantages of the
PacBio system come at a cost—it delivers a very low total num-
ber of reads per run (500 Mbp to 1 Gbp per SMRT cell) and a
high cost per Mbp of data (Appendix S1).

Many pipelines have been published using paired-end Illu-
mina reads (e.g., Miller et al., 2013; Andersen and Mills, 2014),
with genomic DNA or RNA-Seq data. Gilmore et al. (2013) es-
timated the time and cost of using Illumina data to produce
markers from eight samples to be approximately 20 h of labora-
tory work for sample preparation and approximately US$51 per
sample. Several recent studies have justified the use of other
platforms, mainly Ion Torrent (Elliott et al., 2014) and PacBio
(Wei et al., 2014). In a comparison of the utility of 454 and Ion
Torrent, Elliott et al. (2014) found the Ion Torrent recovered
shorter microsatellite repeats (due to shorter reads), but more
markers were discovered at a lower cost and more quickly than
with 454. The PacBio RS platform may become a preferred
method for obtaining highly variable SSRs in the future, espe-
cially if error rates and price decrease; the latter is proposed with
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their Sequel instrument. Small-scale marker development re-
sults in long reads using a single SMRT cell, which may yield
thousands of repeats (Grohme et al., 2013; Wainwright et al.,
2013).

Mining existing data sets— Another option for developing
microsatellite markers is using publicly available sequence data
from online repositories such as the Sequence Read Archive
(SRA; http://www.ncbi.nlm.nih.gov/sra). This archive houses a
large collection of raw sequence data from various NGS plat-
forms and approaches such as targeted-gene capture, genome
skimming, restriction digests, and transcriptome sequencing. To
determine the potential of these data sets to generate microsatel-
lite markers, targeted-gene capture (SRR2658270; Landis et al.,
2015) and RAD-Seq reads (Hodel et al., unpublished data) were
used for marker discovery. In both data sets, over 100,000 po-
tential loci were discovered, highlighting the utility of publicly
available data for mining SSR loci (Tables 1 and 2). Another
resource for researchers is the One Thousand Plant Transcrip-
tomes Project (1KP; www.onekp.com; Matasci et al., 2014),
which has transcriptome assemblies for over 1000 plant species.
The companion paper to our review presents over five million
SSR loci that can be used in thousands of plant species (Hodel
et al., 2016). It is important to note that once potential loci are
identified from NGS data, this is just the starting point for de-
veloping a functional microsatellite genotyping system and ex-
tensive and costly screening of loci will be required, as outlined
in the budget in Appendix 2.

SOFTWARE FOR MICROSATELLITE DEVELOPMENT

Once researchers generate or obtain NGS data, the next step
is to use a software program to identify potential loci to screen.
We tested the effectiveness and ease of use of 10 commonly
implemented software packages for microsatellite identification
using four Arabidopsis thaliana NGS data sets mined from
SRA. The data sets are: a single-end (1 x 100 bp) lane of Illu-
mina HiSeq 2000 (ERR368422), which is 10.9 million reads and
a total of 1.5 Gbp of sequence, a paired-end (2 x 100 bp) Illu-
mina HiSeq 2000 lane (ERR965681; 97 million reads and a total
of 8.7 Gbp of sequence), a paired-end (2 x 250 bp) Illumina
MiSeq run (ERR365834; 13.2 million reads and a total of 3.3
Gbp of sequence), and a PacBio sequencing run (SRR1284764;
476 Mbp of sequence in 163,500 reads). We obtained the data in
FASTA and FASTQ files from SRA using the SRA toolkit.
Hereafter, these data sets will be referred to as HiSeql, HiSeq2,

TABLE 1.
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MiSeq, and PacBio. FASTA files for each data set ranged in size
from 445 MB (PacBio) to 5.7 GB (HiSeq2). For some software
packages, we had to use other file formats (e.g., FASTQ), but we
report FASTA file sizes for simplicity.

We selected these four data sets to investigate how read num-
ber, read length, sequencing platform, and data set size affected
the performance of each software package. Our goal was to pro-
vide readers with the information necessary to obtain microsat-
ellite loci from publicly available data as easily as possible. We
ran each data set through each software program, using the same
settings in each program as much as possible. We selected the
default values from QDD?3 to use in every program, as the de-
fault values were difficult to change in QDD3. Although it is
important to use a consistent set of parameters for every pro-
gram, the actual parameters used can be arbitrary, so we used
QDD3 defaults. The critical parameters to standardize were the
number of repeats of a certain length motif required to call a
locus. The QDD3 default values are: homopolymers, 1,000,000
repeats; dinucleotides, five repeats; trinucleotides, five repeats;
tetranucleotides, five repeats; pentanucleotides, five repeats;
hexanucleotides, five repeats. For each software package that
ran to completion for all data sets, we report the total number of
SSR loci found, the number of loci per mega base pair of se-
quence, and the distribution of loci across size motifs (di-, tri-,
tetra-, penta-, hexanucleotides).

First, we summarize the utility and main characteristics of the
software packages (see below, and Table 3). Next, we compare
software packages, so future researchers are well-equipped to
develop SSR loci easily. The goal of most of these programs is
to search for SSR loci, quantify the distribution of loci across
size motifs, and facilitate primer design. Many of these software
packages use a GUI, but some are command line only and re-
quire knowledge of Perl or Python for software installation and
execution. Many of the software packages interact with Primer3
(Rozen and Skaletsky, 1999) for primer design. Most programs
are open source, platform independent, and capable of handling
genomic data. When possible, we ran these software packages
on a high-performance computing cluster. As noted below, some
software packages would not run after a reasonable period of
effort by a biologist proficient in command line and at least one
programming language. We briefly describe and evaluate each
program, report the resources required to run each one, how long
execution took, and other relevant details for evaluating soft-
ware packages (Table 3).

Most of the tested software packages executed successfully
for all four test data sets and produced results consistent with
other programs (Tables 4 and 5). HighSRR and SSR_pipeline

The number of loci found in an SSR search and the number of loci found per mega base pair sequence for each software package in each of two

data sets used to highlight the vast potential resources available for researchers who cannot generate their own sequence data to search for SSRs.

Rhizophora RAD-Seq?

Saltugilia gene capture®

Software package Total no. of loci Loci/Mbp sequence Total no. of loci Loci/Mbp sequence
GMATo 448,569 39.3 181,223 671.2
MISA 448,746 394 181,449 672.0
MSATCOMMANDER 372,436 32.7 151,455 560.9
PAL_FINDER NA NA 140,463 520.2
Phobos (Geneious, STAMP) 450,948 39.6 181,616 672.7
SSR Locator 447,185 39.2 180,763 669.5

Note: NA = not applicable.

2114 million single-end reads (1 x 100); 11.4-Gbp sequence; FASTA file: 12.5 GB.

900,000 paired-end reads (2 x 150; 1.8 million total reads); 270-Mbp sequence; FASTA file: 275 MB.
http://www.bioone.org/loi/apps Sof 13

Downloaded From: https://bioone.org/journals/Applications-in-Plant-Sciences on 28 Apr 2024
Terms of Use: https://bioone.org/terms-of-use


http://www.ncbi.nlm.nih.gov/sra
www.onekp.com

Applications in Plant Sciences 2016 4(6): 1600025
doi:10.3732/apps.1600025

TasLe 2. The number and percentage of each repeat motif type using each
software package found in the SSR search for each test data set.

Saltugilia gene

Software package Rhizophora RAD-Seq? capture®
GMATo
No. of dinucleotides (%) 335,835 (74.9) 103,688 (57.2)
No. of trinucleotides (%) 93,812 (20.9) 74,129 (40.9)
No. of tetranucleotides (%) 15,997 (3.6) 610 (0.3)
No. of pentanucleotides (%) 2233 (0.5) 307 (0.2)
No. of hexanucleotides (%) 692 (0.2) 2489 (1.4)
MISA
No. of dinucleotides (%) 335,883 (74.8) 103,768 (57.2)
No. of trinucleotides (%) 93,933 (20.9) 74,208 (40.9)
No. of tetranucleotides (%) 16,005 (3.6) 612 (0.3)
No. of pentanucleotides (%) 2233 (0.5) 322(0.2)
No. of hexanucleotides (%) 692 (0.2) 2539 (1.4)
MSATCOMMANDER
No. of dinucleotides (%) 284,725 (76.4) 83,377 (55.1)
No. of trinucleotides (%) 74,305 (20.0) 65,374 (43.2)
No. of tetranucleotides (%) 11,409 (3.1) 473 (0.3)
No. of pentanucleotides (%) 1631 (0.4) 197 (0.1)
No. of hexanucleotides (%) 366 (0.1) 2034 (1.3)
PAL_FINDER
No. of dinucleotides (%) NA 83,421 (59.4)
No. of trinucleotides (%) NA 54,787 (39.0)
No. of tetranucleotides (%) NA 589 (0.4)
No. of pentanucleotides (%) NA 313 (0.2)
No. of hexanucleotides (%) NA 2053 (1.5)

Phobos (Geneious, STAMP)

No
No.
No.
No.
No.

. of dinucleotides (%)

of trinucleotides (%)

of tetranucleotides (%)

of pentanucleotides (%)
of hexanucleotides (%)

SSR Locator

No.
No.
No.
No.
No.

of dinucleotides (%)

of trinucleotides (%)

of tetranucleotides (%)

of pentanucleotides (%)
of hexanucleotides (%)

336,595 (74.6)
95,423 (21.2)
16,005 (3.5)

2233 (0.5)
692 (0.2)

334,836 (74.9)
93,427 (20.9)
15,998 (3.6)

2232 (0.5)
692 (0.2)

103,807 (57.2)

74,311 (40.9)
613 (0.3)
322(0.2)
2563 (1.4)

103,599 (57.3)

73,938 (40.9)
604 (0.3)
290 (0.2)
2332(1.3)

Note: NA = not applicable.

2114 million single-end reads (1 x 100); 11.4-Gbp sequence; FASTA file:
12.5 GB.
900,000 paired-end reads (2 x 150; 1.8 million total reads); 270-Mbp

sequence; FASTA file: 275 MB.

did not run to completion. The software packages that failed to
run or complete the loci search were either old or not compatible
with current NGS data sizes and formats. For instance, there are
several types of FASTQ formats, but SSR_pipeline recognized
only one old version, and HighSSR is unable to run with files
larger than 2 GB. Other packages, including GMATO, PAL_
FINDER, QDD3, SRR Locator, and STAMP, had limitations.
These packages were either slow, could not handle all data
types and/or sizes, or were difficult to use (e.g., they required
a substantial amount of file formatting and manipulating).
PAL_FINDER and MSATCOMMANDER (Faircloth, 2008)
consistently found fewer loci than other software packages
(Table 4). We recommend using Phobos (either by itself or through
Geneious if Primer3 integration is desired) or MISA. We base
these recommendations on ease of use and reliability of results.

Geneious is a desktop software suite for the organization and
analysis of sequence data in molecular biology (Kearse et al.,
2012). Microsatellite development requires several plugins (e.g.,
Phobos, Primer3, and MISA) to meet users’ specific needs. It is
commercial software, which requires purchasing a license for
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activation, raising the research budget. The component that
searches for microsatellite loci is Phobos, which can be run in-
dependently of Geneious for free. Phobos has both GUI and
command-line interfaces, and it processes large files quickly.
Every data set tested completed the search in less than an hour
on a standard laptop (2.5-GHz Intel Core i5, 8 GB RAM). Pho-
bos does not interact directly with Primer3, but if Phobos is used
through Geneious, the results of the loci search in Phobos can be
easily piped to Primer3. For microsatellite loci development,
Phobos is fast and user-friendly.

GMATo comes with a Java graphical interface and is ready
to execute immediately after downloading (Wang et al., 2013).
GMATo results are presented as a table of SSR loci statistics. It
runs quickly; for the HiSeq2 data set (a 5.7-GB file), it com-
pleted the job within 52 min on a desktop Windows machine
(eight Core 3.4-GHz Intel Core i7-2600 CPU, 16 GB RAM).
However, the user cannot control the distribution of repeat num-
ber motifs—every repeat length must be set to the same value.
This program is not capable of primer design, marker genera-
tion, or electronic mapping markers.

HighSSR detects microsatellites and eliminates redundancy
in the PCR primers for recovered loci (Churbanov et al., 2012).
It identifies and scores SSRs in raw sequencing reads with Tan-
dem Repeats Finder (TRF; Benson, 1999) and stores them in a
PostgreSQL database, reporting summary statistics, such as the
number of alleles of each SSR locus, which can be analyzed by
other software. HighSSR demultiplexes pooled libraries, as-
sesses locus polymorphism, and implements Primer3 for primer
design. Finally, MUSCLE (Edgar, 2004) is used to refine crude
clusters and distill loci from them. However, it requires a Java
virtual machine and access to a database on a PostgreSQL
server. Moreover, nonuniversal parameter settings and various
Java codes and shell scripts make it difficult to use. For the TRF
executable file, we could only open our smallest test data file
(PacBio; 445 MB).

MISA is short for MIcroSAtellite identification tool, which
was originally designed to generate SSR loci from EST data
(Thiel et al., 2003). It works immediately if Perl is installed and
runs rapidly; the 5.7-GB HiSeq2 data set finished in 1.8 h (one
node, one processor, and 4 GB of memory). Users are able to
change the default settings by editing a configuration file (misa.
ini), and MISA is able to generate primers. Its results are in tabu-
lar form, giving a summary of different statistics, such as the
frequency of a specific microsatellite type. However, some stud-
ies indicate that MISA may have mined redundantly in over-
lapped microsatellites (e.g., Wang et al., 2013; Hodel et al.,
2016).

MSATCOMMANDER enables rapid and automated micro-
satellite detection, locus-specific primer design, and tagging
(Faircloth, 2008). It requires Python and writes output files in
comma-separated value (CSV) format. However, the results are
difficult to view and do not include general summary statistics
about the types of microsatellite loci found. The user must spend
considerable time filtering the output file to determine basic sta-
tistics (e.g., the number of dinucleotide repeats found). It utilizes
Primer3 as its primer design and primer-tagging engine.

PAL_FINDER finds microsatellite repeat elements directly
from raw NGS sequencing reads and then designs PCR primers
to amplify these repeat loci (potentially amplifiable loci [PAL])
by interaction with Primer3 (Castoe et al., 2012). This is com-
mand-line software, which can be freely modified by the user
via the required config file. However, its performance is very
sensitive to data coverage (quantity and quality of PALs; Castoe
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TasLe4.  Software packages, the number of loci they find in an SSR search, and the number of loci they find per mega base pair sequence in each of the four
test data sets for four sequencing platforms (MiSeq, HiSeql, HiSeq2, PacBio).

MiSeq (ERR365834)? HiSeql (ERR368422)° HiSeq2 (ERR965681)° PacBio (SRR1284764)¢
Total no. Loci/Mbp Total no. Loci/Mbp Total no. Loci/Mbp Total no. Loci/Mbp
Software package of loci sequence of loci sequence of loci sequence of loci sequence
GMATo 482,084 146.1 171,016 114.0 722,636 83.1 104,630 219.8
MISA 482,336 146.2 171,095 114.1 723,062 83.1 104,778 220.1
MSATCOMMANDER 388,663 117.8 135,168 90.1 543,610 62.5 82,588 173.5
PAL_FINDER 310,495 94.1 158,163 105.4 591,617 68.0 48,831 102.6
Phobos (Geneious, STAMP) 483,037 146.4 172,309 114.9 723917 83.2 104,896 2204
SSR Locator 481,863 146.0 170,934 114.0 722,580 83.1 104,120 218.7

36.6 million paired-end reads (2 x 250; 13.2 million total reads); 3.3-Gbp sequence; FASTA file: 3.9 GB.
10.9 million single-end reads (1 x 100); 1.5-Gbp sequence; FASTA file: 2.2 GB.
¢48.5 million paired-end reads (2 x 100; 97 million total reads); 8.7-Gbp sequence; FASTA file: 5.7 GB.

4163,500 reads; 476-Mbp sequence; FASTA file: 445 MB.

et al., 2012). After approximately 24 h of effort manipulating
FASTQ input files, we were unable to get the FASTQ mode to
work. We could use any type of FASTA file in the “454” mode,
including paired-end Illumina data, as long as all the reads were
in a single file. This program has a slow run time relative to other

software packages reviewed (>24 h for data sets >4 GB on a
standard laptop [2.5-GHz Intel Core i5 with 8 GB RAM]).
QDD3 is composed of four separately running modules, with
functions of quality trimming, microsatellite detection, redun-
dancy removal, primer design, contamination checking, and

TABLE 5.

(MiSeq, HiSeq1, HiSeq2, PacBio).

The number and percentage of each repeat motif type found in the SSR search in each of the four test data sets for four sequencing platforms

Software package

MiSeq (ERR365834)*

HiSeql (ERR368422)°

HiSeq2 (ERR965681)°

PacBio (SRR1284764)¢

GMATo
No. of dinucleotides (%)

395,657 (82.1)

123,902 (72.5)

565,192 (78.2)

95,584 (91.4)

No. of trinucleotides (%) 82,874 (17.2) 42,764 (25.0) 151,596 (21.0) 8366 (8.0)
No. of tetranucleotides (%) 2333 (0.5) 2290 (1.3) 3390 (0.5) 556 (0.5)
No. of pentanucleotides (%) 525 (0.1) 803 (0.5) 895 (0.1) 99 (0.1)
No. of hexanucleotides (%) 695 (0.1) 1257 (0.7) 1563 (0.2) 25(0.0)
MISA
No. of dinucleotides (%) 395,740 (82.0) 123,918 (72.4) 565,328 (78.2) 95,634 (91.3)
No. of trinucleotides (%) 83,016 (17.2) 42,817 (25.0) 151,850 (21.0) 8454 (8.1)
No. of tetranucleotides (%) 2357 (0.5) 2294 (1.3) 3406 (0.5) 564 (0.5)
No. of pentanucleotides (%) 525(0.1) 806 (0.5) 905 (0.1) 99 (0.1)
No. of hexanucleotides (%) 698 (0.1) 1260 (0.7) 1573 (0.2) 27 (0.0)
MSATCOMMANDER
No. of dinucleotides (%) 325,676 (83.8) 99,465 (73.6) 432,335 (79.5) 77,096 (93.4)
No. of trinucleotides (%) 60,629 (15.6) 32,118 (23.8) 107,818 (19.8) 5148 (6.2)
No. of tetranucleotides (%) 1613 (0.4) 1824 (1.3) 1925 (0.4) 286 (0.3)
No. of pentanucleotides (%) 313 (0.1) 650 (0.5) 619 (0.1) 45 (0.1)
No. of hexanucleotides (%) 432 (0.1) 1111 (0.8) 913 (0.2) 13 (0.0)
PAL_FINDER
No. of dinucleotides (%) 251,678 (81.1) 114,219 (72.2) 460,072 (77.8) 41,581 (85.2)
No. of trinucleotides (%) 56,389 (18.2) 40,088 (25.3) 126,509 (21.4) 6595 (13.5)
No. of tetranucleotides (%) 1570 (0.5) 2042 (1.3) 2909 (0.5) 531 (1.1)
No. of pentanucleotides (%) 359 (0.1) 717 (0.5) 774 (0.1) 98 (0.2)
No. of hexanucleotides (%) 499 (0.2) 1097 (0.7) 1353 (0.2) 26 (0.1)
Phobos (Geneious, STAMP)
No. of dinucleotides (%) 396,367 (82.1) 124,755 (72.4) 566,081 (78.2) 95,743 (91.3)
No. of trinucleotides (%) 83,088 (17.2) 43,156 (25.0) 151,949 (21.0) 8462 (8.1)
No. of tetranucleotides (%) 2359 (0.5) 2314 (1.3) 3409 (0.5) 565 (0.5)
No. of pentanucleotides (%) 525 (0.1) 810 (0.5) 905 (0.1) 99 (0.1)
No. of hexanucleotides (%) 698 (0.1) 1274 (0.7) 1573 (0.2) 27 (0.0)
SSR Locator
No. of dinucleotides (%) 395,436 (82.1) 123,818 (72.4) 565,033 (78.2) 95,062 (91.3)
No. of trinucleotides (%) 82,881 (17.2) 42,773 (25.0) 151,690 (21.0) 8373 (8.0)
No. of tetranucleotides (%) 2335 (0.5) 2288 (1.3) 3384 (0.5) 561 (0.5)
No. of pentanucleotides (%) 516 (0.1) 800 (0.5) 904 (0.1) 97 (0.1)
No. of hexanucleotides (%) 695 (0.1) 1255 (0.7) 1569 (0.2) 27 (0.0)
26.6 million paired-end reads (2 x 250; 13.2 million total reads); 3.3-Gbp sequence; FASTA file: 3.9 GB.
10.9 million single-end reads (1 x 100); 1.5-Gbp sequence; FASTA file: 2.2 GB.
¢48.5 million paired-end reads (2 x 100; 97 million total reads); 8.7-Gbp sequence; FASTA file: 5.7 GB.
4163,500 reads; 476-Mbp sequence; FASTA file: 445 MB.
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comparison to known transposable elements (Meglécz et al.,
2014). It can be used both on command-line and through Galaxy
(Afgan et al., 2016) and works with RepeatMasker (Tarailo-
Graovac and Chen, 2009) and a variety of other NGS tools. Its
running time is relatively long (for a 5.7-GB data set, 9.5 h on a
high-performance computer), and users cannot change default
settings for SSR searches (e.g., specifying different numbers of
repeats for different length motifs).

SSR Locator integrates functions of SSR search, frequency
of occurrence of motifs, primer design, and PCR simulation
against other databases, as well as global alignments and iden-
tity and homology searches (da Maia et al., 2008). It executes all
the module-calls using a GUI with a built-in menu system suite.
However, it requires some file reformatting, which increases
computing time. For the HiSeq?2 data set, it took 10 min to refor-
mat, and 69 min for the SSR search on a Windows platform
(eight Core 3.4-GHz Intel Core i7-2600 CPU, 16 GB RAM).

SSR_pipeline is a command-line program for identifying
microsatellites from high-throughput sequencing data using a
Python environment (Miller et al., 2013). It detects SSRs in II-
lumina paired-end reads, with modules for quality filtering and
alignment of Illumina raw data. SSR_pipeline can also analyze
data from other sequencing platforms, such as 454 and Ion Torrent,
by using the SSR detection module independently. However,
after 24 h of effort by a biologist proficient in bioinformatics, we
could not run test data through SSR_pipeline successfully.

STAMP is an updated package of STADEN (Kraemer et al.,
2009) for microsatellite detection and primer design, with com-
prehensive integration of Phobos (Mayer, 2007) for tandem re-
peat detection and analysis. STAMP uses TROLL (Castelo et al.,
2002) for tracing back primer pairs to sequence trace files,
Primer3 for interactive design and visualization of primers, and
SQLite as a database for storing analysis results. Overall, STAMP
is a highly flexible, high-throughput, interactive tool for conven-
tional and multiplex microsatellite marker design, avoiding the
generation of redundant markers. However, it is complicated—
it requires multiple tool command language modules and prein-
stallation of the STADEN package, and it is not suited for
low-coverage NGS data (Meglécz et al., 2014).

DISCUSSION

Recommendations for researchers—Based on our budget
estimates, RAD/GBS and microsatellites are approximately
equivalent in cost for genotyping 96 individuals, assuming that
NGS data are already available for microsatellite development
(Appendix 2). However, RAD/GBS will generate many more
loci, but it would be much more economical to add additional
individuals if using SSRs. If microsatellites can be developed
for free using existing public NGS data, it is worth investigating
this option—it can considerably reduce the cost (see companion
paper [Hodel et al., 2016], which presents over five million SSR
loci that can be used in thousands of plant species). As shown in
Table 3, publicly available data sets not designed for microsatel-
lite development can be mined to yield many SSR loci to test.
Our review of sequencing platforms and the test data sets we
used in our software comparison revealed that read length is not
as important as expected. Table 4 indicates that while the longer
read lengths associated with MiSeq (2 x 300 bp) certainly yield
more loci than the shorter read lengths of HiSeq (e.g., 1 x 100 bp),
there are plenty of loci detected (typically >100,000) with shorter
read lengths. 454 sequencing was once considered essential for
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microsatellite development, because Illumina reads were too
short. Now, many types of Illumina sequencing can generate ad-
equate sequence data for generating loci (Appendix S1). Unless
a researcher is multiplexing many different species in a single
run, we recommend using Illumina MiSeq for its cost efficiency.
As shown in Table 4, the Illumina MiSeq generates ample loci
relative to other platforms, and it is cheaper and more time-
efficient compared to HiSeq, which requires users to fill all eight
lanes before a sequencing run can commence. For the software
portion of microsatellite development, we recommend using
MISA or Phobos (either alone or as implemented in Geneious).

The future of SSRs—are they up to the task?>—Microsatel-
lites still have great applicability due to their high polymorphism,
relatively easy scoring, testable neutrality, and Mendelian inheri-
tance (Zane et al., 2002). The use of microsatellites will undoubt-
edly give way to newer technologies such as RAD/GBS as these
approaches find wider application. However, microsatellite
markers are valuable tools for several reasons. Many study de-
signs simply do not require the high marker density provided by
RAD/GBS and benefit more from the inclusion of large numbers
of samples. Furthermore, there are thousands of studies that have
employed microsatellite markers, and in many cases, the mark-
ers available provided too little information to fully address the
authors’ hypotheses. For such microsatellite legacy projects, us-
ing the same markers as existing data sets is preferred to avoid
confounding factors. While microsatellites provide limited infor-
mation per sample, if the inclusion of many individuals is a prior-
ity, microsatellites compare favorably with newer techniques. If
transcriptomic data are used to identify microsatellites, it may be
possible to perform more rigorous tests of selective neutrality in
adjacent coding regions of potential loci. This could allow re-
searchers to know whether they were selecting a locus that is part
of (or linked to) a gene under directional selection rather than
merely documenting any departures from Hardy—Weinberg
equilibrium. Also, the high allelic variation of microsatellites
compared to sequence-based markers is optimal for the identi-
fication of markers present in small subpopulations of interest
(e.g., disease-resistant individuals; Miah et al., 2013). Finally,
for projects with limited budgets (e.g., conservation genetic
surveys), microsatellites will likely continue to be the most eco-
nomical option for some time (Jennings et al., 2011). For all of
these reasons, microsatellites remain a good choice for many
systems and questions—with the proper justification and strong
questions/hypotheses, they are still appropriate for use in pro-
posals to the National Science Foundation and other funding
sources.
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AppENDIX 1. Glossary of terms.

Flanking regions: Sequences on either side of the microsatellite repeat. These regions are where the primers anneal for microsatellite amplification. Uniqueness of
flanking sequences for each locus is assumed. High GC content is recommended to improve the stability of primer sites.

Genotyping by sequencing (GBS) and restriction site associated DNA sequencing (RAD-Seq): This suite of methods uses restriction enzymes to reduce
genome complexity and NGS to sequence thousands of single-nucleotide polymorphisms (SNPs) for hundreds to thousands of individuals in a multiplexed reaction.
These methods have several variants, but collectively they represent an alternative to microsatellites and may be replacing them given the massive amounts of data
they generate for comparable costs.

Hybridization-based enrichment: Microsatellite repeat—containing probes are attached to magnetic beads or nylon membranes, and hybridization between probes
and target DNA is used to capture DNA fragments containing microsatellites.

Microsatellite development: The process of developing primers to amplify microsatellite loci. Source data can be obtained from NGS data, repeat-enriched clones
generated from genomic libraries, or by screening sequences in databases.

Multiplex sequencing: This technique simultaneously sequences numerous samples in a single sequencing run. Samples are given diagnostic sequence tags and
can then be mixed, sequenced together, and bioinformatically separated for data analysis.

Neutral vs. non-neutral: Neutral loci are not under the influence of natural selection, and patterns of variation reflect interactions among mutation, drift, mating
system, and migration. Non-neutral loci are subject to selection—either directly or indirectly when the locus in question is linked to a region of the genome under
selection.

Next-generation sequencing (NGS): Newer DNA sequencing technologies (e.g., Illumina, Roche 454, Pacific Biosciences) that generate vastly more sequence
than Sanger sequencing methods, greatly increasing the amount of data obtained, while reducing the per-base cost of DNA sequencing.

Transcriptome: All the messenger RNA (mRNA) molecules expressed by a cell, tissue, or organism. The study of transcriptomes allows analyses of gene
expression as well as variants of mRNA arising through alternative splicing, RNA editing, or alternative transcription initiation and termination sites.

AppPENDIX 2. Sample budgets for genotyping 96 individuals using microsatellites or RAD/GBS. All costs are expressed as 2016 US dollars.

Costs associated with developing simple sequence repeat (SSR) loci include next-generation sequencing (NGS), fluorescently labeled primers for loci that pass
initial criteria, PCR reagents, gel electrophoresis, and the apparatus for detecting fluorescent peaks. Although there are several methods for developing microsatellite
loci, we present one commonly used method to simplify our comparison of microsatellite and RAD/GBS budgets. Based on personal experience, we estimate the
total cost for undertaking a microsatellite genotyping project of 96 individuals for 12—15 loci to be approximately $4100 (Table A1). This estimate assumes that NGS
data have already been generated—if this is not the case, the initial cost could increase considerably (by up to $1000). The costs we include fall into three categories:
initial screening with unlabeled primers, screening labeled primers, and genotyping. For initial screening, a reasonable starting point is to order unlabeled primers for
48 loci and to screen these loci for amplification using eight individuals. Each primer pair costs $12, for a total of $576 (48 primer pairs at $12 each). Additionally,
approximately two QIAGEN PCR multiplex kits are needed for the initial screening step, which cost $540 (the kits are $270 each). We estimate the total cost for
the initial screening to be $828. We assume that half the loci are rejected in the initial screening, due to no amplification, multiple bands, amplification in only a few
individuals, or some other amplification issues. Thus, there are 24 potential loci that move to the screening with labeled primers step. In this step, one primer per locus
is replaced with a labeled primer that costs $80, for a total of $1920 (24 potential loci to be tested at $80 each). Additionally, another PCR kit will be needed for this
step, adding another $270. As these 24 loci are screened against eight samples, it will require the genotyping of two plates ($200). Note that it is advantageous to
order labeled primers in two batches, to make it easier to optimize the assignment of different dyes to loci of similar size, making it possible to include at least four
loci multiplexed in one well for genotyping. Also, these samples can be considered replicates to assess error rates in subsequent analyses. The total cost for the labeled
primer screening step is $2390 ($1920 + $270 + $200). Once again, we assume that half the loci are lost in the second step, leaving 12 good loci to use to genotype all
the individuals. Assuming that it is still possible to multiplex four loci in a well, three plates could be used to genotype all 96 individuals (adding $300 to the research
budget, assuming $100 per plate for genotyping costs). Another PCR kit would also be required for the genotyping step as well, adding another $270 to the budget.
‘We consider that 50% loss of loci at each step is rather conservative; therefore, we think it is fair to assume that 12—15 loci could be developed for these costs (instead
of only 12 loci). It is important to note that careful planning and judicious multiplexing may greatly reduce costs. Another important consideration for microsatellites
is that it is generally quite economical to add additional samples. For instance, once the markers are developed, the only costs are reagents, consumables, and lane
charges, which are less than $2 per sample per PCR. Thus, doubling the number of samples to 192 could be accomplished for approximately an additional $800.

RAD/GBS costs depend on the type of digestion and number of samples. Typical costs associated with RAD/GBS include purchasing restriction enzymes and
other reagents, sample quantification, sample quality control, size selection (not used in all methods), and sequencing. Based on personal experience, the calculator
provided by the Oregon State Center for Genome Research and Biocomputing (CGRB; http://hts2.cgrb.oregonstate.edu/calc/gbs/ [accessed 21 February 2016]), and
a pricing quote from the University of Texas Genomic Sequencing and Analysis Facility (GSAF) website (https://wikis.utexas.edu/display/GSAF/Pricing [accessed
14 May 2016]), we estimate the cost of RAD/GBS with 96 samples to range from approximately $3400 to $5000. For the lower figure, we based our estimate on the
public price quote from the University of Texas GSAF. This website quotes that double digest RAD prep costs $31.92 per sample for 96 samples, plus a fixed cost of
$340, which yields a grand total of $3404.32. We arrived at the higher figure by assuming it is necessary to pay for a double digest ($1261), digest optimization
($539), 10 QC Bioanalyzer Chips ($1010), Qubit quantification ($400), one lane of Illumina HiSeq 3000 (1 x 150; $1225), dsDNA Fluorophore quantification ($69),
and reagent cost of approximately $500; these prices are from the Oregon State University CGRB (Table A1).

Based on these budgets, the cost of using RAD/GBS to genotype thousands of loci for 96 individuals is comparable to developing 12—15 microsatellite loci
to genotype the 96 individuals. RAD/GBS project costs ranged from $3400-$5000, and microsatellite development and genotyping costs are at least $4100; this
number will increase if an NGS run is necessary to generate sequence data to mine for loci. We did not include costs such as DNA extraction and gel electrophoresis,
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because both microsatellites and RAD/GBS would have similar expenses in those categories. One additional consideration is that microsatellite development is labor-
intensive—for some projects, it will make more sense to pay for RAD/GBS to save the time that it would take to develop loci. Unlike with microsatellites, doubling
the number of individuals in a RAD/GBS study would nearly double the project budget. The one key cost-saving feature of RAD/GBS is that multiplexing individuals
makes the NGS costs affordable; however, this is the reason why it is very costly to add one additional sample to a study.

TaBLe Al.  Costs associated with microsatellite development for 12—15 loci and RAD/GBS costs to generate thousands of loci. Both budgets assume 96
individuals are included in the study.

Item Base cost Quantity Total cost
Microsatellites
QIAGEN PCR multiplex kit $270 4 $1080
Unlabeled primer pairs $6 48 $288
Labeled primer (single) $80 24 $1920
Genotyping one plate $100 4 $400
Total $3688
RAD/GBS (high estimate)
Double digest $1261 1 $1261
Digest optimization $539 1 $539
QC Bioanalyzer chips $101 10 $1010
Qubit quantification $400 1 $400
Illumina HiSeq lane $1225 1 $1225
dsDNA Fluorophore quantification $69 1 $69
Reagents $500 1 $500
Total $5004
RAD/GBS (low estimate)
Per sample cost $31.92 96 $3064.32
Fixed cost $340 1 $340
Total $3404.32
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