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1 | INTRODUCTION

Polymorphic genetic markers, such as single nucleotide polymor-
phisms (SNPs), indels and microsatellites are key to a broad range
of applications including parentage analysis, pedigree reconstruc-
tion and analyses of kinship, diversity, migration and selection
(Fischer et al., 2017; Giangregorio et al., 2021; Goudet et al., 2018;
Li et al., 2019; Lin et al., 2017; Pemberton, 2008). SNPs, indels and
microsatellites have distinct advantages and disadvantages; first,
SNPs and most indels are biallelic. This limited variation constrains
the questions which can be answered using these markers (Castoe
et al., 2012). Though microsatellites are more variable due to their

higher mutation rate (Lo et al., 2019), the use of microsatellites for

Highly polymorphic markers, such as microsatellites, are invaluable for the study of
natural populations. However, contemporary methods for genotyping highly poly-
morphic variants have serious drawbacks that impede their efficiency. We created
Polly, an R package with C++ source code that uses lllumina short-read data to geno-
type microsatellites, detect highly polymorphic variants and identify clusters of highly
polymorphic SNPs, indels and microsatellites. We tested Polly on short-read data
from Xiphophorus birchmanni (Teleostei: Poeciliidae) and Arabidopsis thaliana, finding
it to be efficient and accurate both for microsatellite genotyping and polymorphic
marker detection. This program can be applied to any diploid population for which
there exists short-read data and at least one scaffolded reference genome.

conservation genetics, ecological genetics, genotype, microsatellite, population genetics-

biological research has its own issues. Though recent molecular
genetics advances have enhanced affordability and accessibility of
microsatellite genotyping (De Barba et al., 2017; Vieira et al., 2016),
genotyping microsatellites remains more labour intensive than ge-
notyping of SNPs or indels because each microsatellite locus must
be amplified and resolved separately while many 1000s of SNPs
or indels can be assessed simultaneously with sequencing (Vieira
et al., 2016).

Due to the inconvenience of microsatellite locus detection in
some situations, many researchers have created programs to detect
microsatellites from computationally stored genomic data (Castoe
et al., 2012; Das et al., 2019; Gymrek et al., 2012; Kristmundsdottir
et al.,, 2020; Lo et al., 2019; Metz et al., 2016; Miller et al., 2013;
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Pipek et al., 2017; Wang & Wang, 2016). However, none of these
programs genotype microsatellites in individuals and thus cannot be
used to detect microsatellite loci which are highly polymorphicin the
group being studied.

Highly polymorphic DNA markers are very unlikely to have the
same genotype in unrelated organisms, so the present inability of
the scientific community to efficiently detect highly polymorphic
microsatellite loci poses a barrier to studies requiring fine-tuned
differentiation between individuals. DNA markers with low vari-
ation can only be used to discriminate between very genetically
similar individuals if the researcher genotypes many markers but,
as mentioned previously, genotyping many low diversity markers
is laborious and expensive (Castoe et al., 2012). Instead, many re-
searchers are turning to highly polymorphic DNA markers to identify
individuals and kin groups (Castoe et al., 2012; Gymrek et al., 2012;
Kristmundsdottir et al., 2020; Lo et al.,, 2019; Metz et al., 2016;
Miller et al., 2013; Pipek et al., 2017).

Currently, no existing microsatellite detection software can
detect highly polymorphic microsatellites in all species. All micro-
satellite detection programs either can only be used for humans
(Gymrek et al., 2012), use the outdated SCARF file format (Castoe
et al., 2012), require a large sample of scaffolded genome assemblies
(Kristmundsdottir et al., 2020; Lo et al., 2019; Pipek et al., 2017)
or do not genotype microsatellite loci (Metz et al., 2016; Miller
et al., 2013). Software which require scaffolded genomes as input
cannot practically be used to detect highly polymorphic microsatel-
lites; despite drastic reductions in sequencing cost and increases in
computational efficiency, it is unfeasible to produce the number of
scaffolded assemblies that would be needed for most population-
level studies. Algorithms to detect microsatellites in short-read
data, such as FullSSR and SSR_pipeline (Metz et al., 2016; Miller
et al., 2013), only report the locations and not the genotypes of the
microsatellite loci and thus cannot be used to identify polymorphic
microsatellites.

Furthermore, there does not currently exist a program, to our
knowledge, which detects regions enriched in highly polymorphic
SNPs, indels and microsatellites. These haplotypes are extremely
unlikely to be identical in unrelated individuals, so their detection
would be extremely powerful for analyses requiring fine-tuned dis-
crimination between individuals (Goudet et al., 2018; Seroussi &
Seroussi, 2007). There is not a compact, efficient method to gen-
otype microsatellites from short-read data, detect polymorphic
markers or detect genomic regions of dense polymorphism. Such
a program would greatly enhance the efficiency of the plethora of
research approaches requiring fine-tuned genetic discrimination be-
tween individuals.

We, thus, created Polly, an R package with C++ source code
which uses lllumina short-read data to genotype microsatellites,
find polymorphic markers and identify genomic regions dense with
highly polymorphic microsatellites, SNPs and indels. Polly combines
the computational efficiency of C++ with the user-friendliness of
the RStudio Graphical User Interface (GUI). The only steps in Polly
that require knowledge of coding languages other than R are the
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command-line Linux pre-processing steps for preparing the input
files, and we provide detailed pipelines to perform these steps in
a vignette accompanying the package (https://github.com/Annab
elPerry/Polly/tree/main/vignettes), as well as in the Data S1.

To ensure that Polly accurately genotypes microsatellites in spe-
cies with highly curated and less well-curated genomes, we tested
Polly on Arabidopsis thaliana and Xiphophorus birchmanni sequences
with a priori-known genotypes. Arabidopsis thaliana is a plant species
widely used as an evolutionary model organism while Xiphophorus
is a fish genus used by a smaller community of researchers to study
processes such as hybridization, oncogenesis and sexual selec-
tion (Lu et al., 2020). Since a larger community studies A.thaliana,
the reference genome for this plant species is more closely moni-
tored and more frequently updated than the reference genome for
X.birchmanni (Li et al., 2017; Lu et al., 2020; Schumer et al., 2018;
Sloan et al., 2018). We, thus, tested Polly on both species to ensure
this program can accurately genotype microsatellites in genomes of
differing curation levels. Polly can output these microsatellite geno-
types both in a novel format which provides detailed characteristics
of each microsatellite allele in the population, as well as in the com-

monly used GenePop format (Rousset, 2008).

2 | METHODS
2.1 | Inputs

Polly requires three types of input: a lookup table of microsatellite
motifs identified from a scaffolded reference genome, one indexed
Binary Alignment Map (BAM) file for each individual to be geno-
typed and a frequency file describing the frequencies of all SNPs
and indels identified in this set of BAM files (Figure 1). To generate
the microsatellite lookup table, one must apply micRocounter (Lo
et al., 2019) to the reference genome (Figure 1). To prepare the BAM
files (Figure 1), one must first map the short reads to the same refer-
ence genome using the Burrows-Wheeler Alignment (BWA) mem al-
gorithm, sort reads by coordinates and remove duplicate reads using
Picard, realign the reads around indels using the Genome Analysis
Toolkit (GATK), then convert the resultant Sequence Alignment Map
(SAM) files to BAM format and index the BAMs using samtools (Li
et al., 2009; Li & Durbin, 2009; McKenna et al., 2010). Finally, one
must apply BCFtools mpileup and call commands to the BAMs and
reference to generate a Variant Call Format (VCF) file (Danecek
et al., 2011), then apply the VCFtools --freq command to obtain the
frequency file (Figure 1). These steps are described in detail in the

vignette provided in the Polly R package, as well as in the Data S1.
2.2 | Functions
Polly consists of four functions for identifying or filtering genomic

variants: MicroGenotyper(), PollyMicros(), PollySI() and Polly()
(Figure 1), as well as a function called PollyPop() which converts
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FIGURE 1 Inputsand outputs for both the preprocessing steps (white background) and the in-program functions (grey background)

of Polly. Scaffolded reference genomes are converted to lookup tables using micRocounter R package. BAM files are created from the
reference genome and short-read files using the command-line bwa mem algorithm, Picard SortSam command, GATK LeftAlignindels
command and SAMtools view and index commands. The frequency file is created by first applying the BCFtools mpileup and call commands
to short-read files and a reference genome to generate a VCF file, from which SNP/Indel frequencies are extracted using the VCFtools --
freq command. Once the preprocessing steps are complete, Polly's MicroGenotyper function can be applied to the BAMs and lookup table
to identify microsatellite genotypes in each BAM, and the resulting files housing the microsatellite genotypes can be run through Polly's
PollyMicros command to identify polymorphic microsatellites. Polly's PollySI function can be applied to the frequency file to yield the
polymorphic SNPs/indels across the population, and finally, Polly's Polly function can be applied to the outputs of PollySI and PollyMicros to

identify the polymorphic regions.

microsatellite genotypes to GenePop format. MicroGenotyper() can
genotype microsatellites in whole genomes from one or more indi-
viduals, while PollyMicros() can identify polymorphic microsatellites
from a sample of individuals genotyped using MicroGenotyper().
PollySI() quantifies variation at SNPs and indels, while Polly() iden-
tifies all genomic regions containing multiple polymorphic loci
(Figure 1). PollyPop() creates GenePop-formatted files of poly-
morphic microsatellites from the outputs of PollyMicros() and
MicroGenotyper().

The MicroGenotyper() function genotypes microsatellite loci
in individuals (Figure 1). MicroGenotyper() uses a lookup table of
microsatellite loci generated using micRocounter as a catalogue of
loci to be searched for potential microsatellites (See supplemental
materials LookupTableCreation.R). Creation of the lookup table re-
quires a single scaffolded genome, but MicroGenotyper() itself gen-
otypes non-scaffolded BAM files (See Data S1 BAMPipeline.txt).
MicroGenotyper() also requires the user to specify the names of
each output file and the scaffolds to be searched for microsatellites.

MicroGenotyper() uses the HTSlib C++ library to collect reads
which map to a microsatellite locus recorded in the lookup table. We
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used HTSIib version 1.11, compiled using Gnu Compiler Collection
(GCC) version 9.3.0. Prior to scanning for microsatellites in the reads,
MicroGenotyper() checks the read quality, excluding any reads with
MAPQ< 10.

The expected start locus of a microsatellite is the locus listed
under “Locus” in the lookup table row corresponding to the read of
interest (Figure 2). Since read alterations such as alignment errors
or upstream indels may alter the starting coordinate of a microsat-
ellite in a read (Schbath et al., 2012), MicroGenotyper() checks the
5bp window surrounding each expected start locus rather than just
the one starting locus (Figure 2a). MicroGenotyper() starts 2bp up-
stream of the expected start locus and scans until it reaches either
the first base pair of the expected motif (the motif listed in the corre-
sponding row of the lookup table) or the nucleotide 2 bp downstream
of the expected start point, whichever occurs first (Figure 2b).

Once MicroGenotyper() encounters a base pair matching the
first base pair of the expected motif, it checks if the downstream
base pair in the read matches the second base pair of the known
motif (Figure 2c¢). MicroGenotyper() continues this parallel matching
procedure until a full motif is detected, at which point the repeat
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FIGURE 2 Genotyping process of MicroGenotyper(). (a) Genotyping starts 2 bp upstream of the microsatellite start locus indicated in
the lookup table. (b) If the first base pair of the lookup motif (in this case, GT) is detected within the 5bp search window, MicroGenotyper()
checks if the downstream base pairs match the remaining base pairs in the lookup motif. (c) If a full motif is detected, the motif count is

incremented by 1. (d) Motifs are counted until the repeats are disrupted.

count is incremented by 1 and the matching procedure restarts with
the next base pair (Figure 2c). If a discrepancy between motif and
read is detected at any point in this process, the program outputs
the running motif count as the total repeat count for that read and
moves to the next read (Figure 2d). For example, if a “TAG” motif is
expected in the sequence “TAGTAGCTAGTAG”, Polly will read the
sequence as 2 repeats rather than as 4 repeats due to the “C” inser-
tion. This termination of MicroGenotyper()'s genotyping algorithm
in response substitutions, insertions or deletions enables it to distin-
guish between true microsatellites and microsatellites interrupted
by SNPs or indels. If a read lacks a motif starting in the 5bp window,
it is skipped.

After every read for a locus has been genotyped, the final geno-
type of the locus for that individual is determined. If an individual has
only two reads for the locus, they are deemed homozygous if both
reads have the same repeat count but heterozygous if the repeat
counts on the two reads differ. Thus, the minimum required cover-
age to determine an individual's final genotype is 2x. To determine
whether an individual is homozygous or heterozygous when cover-
age is greater than 2x, we use a simple heuristic. According to this
heuristic, an individual is deemed homozygous at a locus if one of the
genotypes occurs on twice as many reads as any other genotype. For
example, if an individual has 20 reads, 13 of which have allele A, six
with allele B, and one with allele C, the individual will be genotyped
as homozygous AA. If none of the genotypes are twice as common
as all other genotypes, then the individual is deemed heterozygous
and the two most common alleles are output as the final genotype
for the individual at the locus. For example, if an individual has 20
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reads, 12 of which have allele A, seven with allele B, and one with
allele C, the individual will be genotyped as heterozygous AB. Once
every individual has been genotyped at a locus, the allele frequen-
cies are calculated.

The PollyMicros() function searches for polymorphic micro-
satellite loci in MicroGenotyper() output files (Figure 1). The user
can adjust the polymorphism threshold by inputting an integer
specifying the number of alleles which a locus must possess to be
considered polymorphic. The user can also specify which scaffolds
PollyMicros() should search by inputting a vector of desired scaf-
folds. PollyMicros() outputs a five-column matrix reporting the scaf-
fold, locus, motif, alleles and allele frequencies of each polymorphic
locus. Distinct repeat numbers in the “Alleles” column are separated
by commas and correspond to the allele frequencies with the same
position in the “Allele Frequencies” column.

With its adjustable polymorphism threshold, PollyMicros() en-
ables the user to control for poor genome assembly in detecting
polymorphic microsatellites. If a genome is poorly assembled, some
microsatellite loci may not be assembled at all such that the reads
corresponding to that locus may erroneously map to a similar locus,
inflating the allele counts at this locus. Thus, if the user expects many
mis-mapped reads in their input genomes, they can use a high poly-
morphism threshold in PollyMicros() to control for false positives.

PollySI() is useful for filtering SNP and indel loci, detected using
VCFtools (Danecek et al., 2011), to only those which pass a user-
specified polymorphism threshold (Figure 1). This function outputs
a matrix of SNP and indel loci where the minor allele frequency is
greater than or equal to an adjustable threshold between 0 and 0.5.
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Its three input arguments are a string denoting the VCFtools fre-
quency file, a vector of desired scaffolds and a numeric allele fre-
quency threshold. PollySI() will only identify polymorphic SNPs and
indels occurring on the scaffolds indicated in the vector.

We chose to output microsatellite genotypesin MicroGenotyper()
and polymorphic microsatellites in PollyMicros() using a novel
format to provide detailed information about the motif, allele fre-
quencies and counts of repeats per alleles. However, for many
large-scale population genetics analyses, the GenePop file format
is more widely used (Rousset, 2008). There already exist multiple
programs to convert VCF-formatted SNP and indel files to GenePop
format (Gosselin, 2020; Knaus & Griinwald, 2017), similarly, we cre-
ated a function to convert the outputs of MicroGenotyper() and
PollyMicros() to GenePop format. This function will convert poly-
morphic microsatellite genotypes from multiple populations into
GenePop format allowing results to be imported to other software
for downstream analyses.

PollyPop uses CSV files of microsatellites found to be polymor-
phic within a single population to determine which microsatellite
genotypes to extract from the corresponding population's micro-
satellite genotype files, converts the alleles of these polymorphic
microsatellites to GenePop 2-digit codes, then organizes the gen-
otypes of each input population into GenePop format. This func-
tion takes four inputs: an output file name, a GenePop header to
be reported as the first line in this output file, a vector where each
element is the name of a PollyMicros output CSV describing a single
population's polymorphic microsatellites and a list of vectors where
each vector represents a population and each element of a popula-
tion's vector is an individual in that population's MicroGenotyper()
output CSV name. To decide which PollyMicros() output names and
vectors of MicroGenotyper() output names belong to the same pop-
ulation, PollyPop() uses the order in which the names were input.
For example, say Population A consists of four individuals whose
MicroGenotyper() files are named “Al.csv”, “A2.csv”, “A3.csv”
and “A4.csv” and whose PollyMicros() output file is “PopulationA.
csv”, while Population B consists of three individuals whose
MicroGenotyper() files are named “Bl.csv”, “B2.csv” and “B3.csv”
and whose PollyMicros() output file is “PopulationB.csv”. For each
population's microsatellite genotype files and polymorphic microsat-
ellite files to be read as belonging to the appropriate population, one
would input these files into PollyPop() in the following order:

PollyMicrosInputNames <- c("PopulationA.csv",
"PopulationB.csv")

MicroGenotyperInputNames <- list(c(“Al.csv”, “A2.
csv”, “A3.csv”, “Ad.csv”),

c(“Bl.csv”, “B2.csv”, “B3.csv”))

PollyPop() starts by using the PollyMicros() outputs to find all
polymorphic loci found across all populations. PollyPop() names
microsatellite identifiers with a numeric scaffold identifier and the
starting locus of the microsatellite, separated by a dash. For each of
these unique microsatellite identifiers, PollyPop() then creates a key
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describing each allele of this identifier alongside a two-digit GenePop
code. PollyPop() then uses this key to convert each MicroGenotyper()
genotype of this locus to a four-digit diploid GenePop genotype,
then organizes those genotypes into a tab-delimited file where the
first line is the GenePop header, the second line indicates each of the
unique microsatellite identifiers, and the subsequent lines describe
each individual's genotype at the locus indicated in the second line.
If this microsatellite locus is not present in or not polymorphic in the
individual indicated on the current row, 0000 is output as the indi-
viduals' genotype. Populations are separated by a line housing only
the word “pop”. More details on GenePop format can be found here
(Rousset, 2008). To reduce memory usage, PollyPop converts each
scaffold name to a numeric identifier described in the “Scaffold Key.
csv” which is output alongside the GenePop-formatted microsatel-
lite genotype file.

The Polly() function attempts to identify polymorphic markers
in positive linkage disequilibrium by grouping polymorphic regions
identified by PollySI() and PollyMicros() which occur within a user-
specified range of base pairs from a microsatellite locus (Figure 1).
Polly() takes as input the desired window of base pairs into which
polymorphic loci ought to be grouped, a vector of desired scaffolds,
two CSVs housing the outputs of PollySI() and of PollyMicros(), as
well as the desired name of the output file. Polly() then uses the loci
in these files, which were originally detected using VCFtools and
micRocounter, to group polymorphic sites occurring within a user-
specified base pair window of a microsatellite locus in the centre of
such a cluster.

Polymorphic markers clustered by the Polly() function are out-
put in a novel format which gives detailed information about the ge-
nomic architecture. Each row of the final output, csv file represents
a cluster of polymorphic loci. The row describes the scaffold on
which the loci occur, the total number of loci, total number of alleles,
SNP locus count, indel locus count, dinucleotide microsatellite allele
count, trinucleotide microsatellite allele count, tetranucleotide mi-
crosatellite allele count, pentanucleotide (and above) microsatellite
allele count, loci positions, the alleles and frequencies of each locus,
the length of the longest allele of the central microsatellite locus and
the minimum difference in repeat number between alleles of the
central locus. In the allele and frequency column, each locus' alleles
are separated by brackets, alleles of the same locus are separated by
forward slashes and alleles are separated from their respective fre-
quencies by colons. For example, a diallelic AG SNP locus with 50/50
allele frequencies would be represented as follows: [A:0.5/G:0.5].
Since Polly()'s grouping algorithm searches microsatellites first, the
first loci in a region will be microsatellite loci and some regions may
consist of single polymorphic microsatellite loci. Polly() also removes
SNPs/Indels which overlap with the longest microsatellite allele in
the region.

To group loci occurring within a custom range, Polly() starts
with a microsatellite (termed the “central” microsatellite because
the algorithm will check for markers surrounding this microsatel-
lite). After filtering for polymorphism and ensuring the microsatel-
lite has yet to be recorded, Polly() checks if any other polymorphic
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microsatellites occur within the specified range. As microsatellites
are clustered together, the beginning and ending loci of their lon-
gest possible alleles are recorded to later check for overlap with
SNPs and indels. Once all microsatellites occurring within range
of the central microsatellite have been recorded, Polly() searches
the polymorphic SNPs and indels for any which occur within range
of the central microsatellite but do not overlap with the longest
allele of any in-range microsatellites. Polly() thus groups polymor-

phic loci while avoiding redundancy.

2.3 | Accuracy testing

We tested the accuracy of each of the Polly R package's func-
tions by running these algorithms on files with known outputs.
To check the accuracy of our microsatellite genotyping algo-
rithm and confirm that it works on species with highly curated
genomes and on species with less curated genomes, we then ran
MicroGenotyper() on input files derived from A.thaliana (highly
curated) and X. birchmanni (less curated). To check the accuracy of
Polly and collect runtime data, we then ran each of the four func-
tions on X.birchmanni.

To ensure that the MicroGenotyper() function accurately
detects microsatellites in highly curated genomes, we first ran
MicroGenotyper() on an A.thaliana input file with a priori-known
microsatellite genotypes. Since there currently does not exist an
open-source panel of a priori-known A.thaliana genotypes, we
constructed a BAM file with researcher-inserted microsatellites
to test the genotyping capabilities of MicroGenotyper(). To create
the BAM file, we first downloaded an existing A.thaliana short-
read file (accession no: SRR18089322) from the National Center
for Biotechnology Information's Sequence Read Archive (SRA) and
began applying the steps required to obtain a sorted SAM file, de-
scribed in the vignette and in the Data S1. For the BWA mem step, we
mapped the short reads to The Arabidopsis Information Resource's
A.thaliana reference genome, version 10.1 (N50=23.46 MB; contig
count=7; Sloan et al., 2018). We selected reads from the resulting
SAM file to insert microsatellites with a priori-known genotypes.
Since MicroGenotyper() detects eight main types of microsatellite
genotypes (homo- or heterozygous loci with 2, 3, 4, or>=5bp per
motif), we selected eight reads from our A.thaliana short-read file
into which we inserted microsatellites of a priori-known genotype.
To synthesize heterozygous loci and vary the start locus within the
5bp detection window of the microsatellite search algorithm, we du-
plicated each of the eight reads 20 times and varied the start locus
of all reads while varying the repeat count of reads intended to be
genotyped as heterozygous. We then applied SAMtools view and
index to this SAM file (EditedThaliana.sam in Data S1), and then cre-
ated a lookup table specifying the eight microsatellite loci described
by the read sets.

To ensure that the MicroGenotyper() accurately detects natu-
rally occurring microsatellites in less curated genomes, such as the
X.birchmanni assembly (N50=30.8 MB; contig count=5987), we
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then counted the number of repeats in 10 naturally occurring micro-
satellite loci from a single 13.03GB X. birchmanni BAM file (accession
no: SRR6511930), then compared the manual genotypes to the out-
put of MicroGenotyper().

To test PollyMicros()' ability to categorize polymorphic
loci and calculate allele frequencies, we ran this function on
MicroGenotyper() outputs of known allele counts and frequencies.
We used two X.birchmanni individuals (accession nos: SRR5170591
and SRR5172867), the minimum sample size of diploid organisms re-
quired to detect polymorphic loci with an allele frequency threshold
of three. We also chose two loci: one with fewer than three alleles
in the two individuals (a “non-polymorphic” locus) and a second with
three alleles in the two individuals (a “polymorphic” locus). We deter-
mined the allele counts of two microsatellite loci in the X. birchmanni
individuals using the “samtools view” command from samtools v1.10,
compiled with GCC 8.3.0 (Li et al., 2009), manually counted microsat-
ellite repeats in the output reads, and calculated allele frequencies.
After running MicroGenotyper() on these same two X.birchmanni
individuals, we ran PollyMicros() on the MicroGenotyper() outputs
with a polymorphism threshold of three and compared the output to
the polymorphism categorizations and allele frequencies calculated
manually.

To test whether PollySI() could accurately sort markers whose
VCFtools-calculated minor allele frequencies passed a user-
specified threshold, we tested this function on a frequency file
where the marker's polymorphism categorizations were known a
priori. This frequency file consisted of nine lines. The first four
lines consisted of two SNPs and two indels whose major and
minor allele frequencies either met or exceeded the user-specified
polymorphism threshold so we could test whether PollySI() ap-
propriately considered these loci polymorphic. The fifth and sixth
lines described a SNP and an indel whose major or minor allele fre-
quency did not exceed the polymorphism threshold so we could
ensure that PollySI() discarded these loci. We also included a SNP
and an indel with undesired scaffold names to ensure PollySI() dis-
carded these lines and included an indel where one of the alleles
consisted of a single base pair to make sure PollySI() categorized
this line as an indel rather than a SNP.

To test Polly()'s ability to group markers based on physical
proximity, we ran this function on files with known outputs. On
two X.birchmanni individuals (accession nos: SRR5170591 and
SRR5172867), we ran PollySl() and MicroGenotyper(), then ran
PollyMicros() on the outputs of the latter. We then manually re-
corded two polymorphic microsatellite loci and used the PollySI()
outputs to manually record all polymorphic SNPs and indels within
100bp of these polymorphic microsatellite loci. We then ran Polly()
on the PollyMicros() and PollySI() outputs from these two individu-
als with a base pair region size of 100bp and checked whether the
predetermined haplotype groupings matched the output of Polly().

To ensure PollyPop() could accurately convert alleles of the
same locus from different populations to GenePop format, we
tested this function on six real X.birchmanni samples (accession
nos: SRR5170591, SRR5172867, SRR6509133, SRR6511793,
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SRR6511812 and SRR6511844). We arbitrarily partitioned the
MicroGenotyper() outputs of these six individuals into two “popu-
lations” of three individuals each. We ran PollyMicros() on both of
these “populations”. We manually checked the genotypes of all six
individuals at four randomly selected microsatellite loci and pre-
dicted the GenePop four-digit codes corresponding to these alleles,
then ran GenePop on the PollyMicros outputs and MicroGenotyper()

outputs corresponding to these “populations”.

3 | RESULTS
3.1 | Accuracy of MicroGenotyper()

In the A.thaliana test files, we found that MicroGenotyper()
yielded the expected genotypes at all eight loci, indicating that
MicroGenotyper() is accurate in genotyping microsatellites from
short-read files. In the X.birchmanni test files, MicroGenotyper()
yielded the expected genotypes under most conditions, with some
exceptions: this function did not yield the same genotype as the
manual genotype if one or more reads were low quality, many of the
reads had common sequencing errors, or the lookup table differed in
locus indexing from the reference genome.

MicroGenotyper() will not genotype a locus if all reads are low
quality. Since these functions throw out all reads with MAPQ < 10,
an individual will not be genotyped at a microsatellite locus if all
reads for that locus have MAPQ < 10, causing false negatives; if an
individual is not genotyped at a locus, then their microsatellite al-
leles will not count towards the total count of alleles at the locus.
Due to this, a truly polymorphic locus may appear to not meet the
polymorphism threshold. However, if MicroGenotyper() did geno-
type low-quality reads, these genotypes would not be trustworthy
due to the high rate of sequencing and mapping errors in low-quality
reads. Thus, this issue can only be solved if higher quality reads are
obtained.

Another limitation of MicroGenotyper() is that it cannot accu-
rately genotype heterozygotes when a sequencing error repeat dif-
ference is present in the same number of reads as a true second
allele. In these cases, our approach will use the variant which was
recorded most recently as the minor allele. Thus, MicroGenotyper()
may mistake sequencing errors for minor alleles and mis-genotype
heterozygotes in these cases. However, it is unlikely for reads con-
taining the exact same sequencing error to be as or more abundant
than reads containing the true allele (Westen et al., 2012). So, our
approach should deal well with most sequencing errors.

MicroGenotyper() also cannot accurately genotype reads where
the microsatellite start point occurs two or more base pairs away
from the start site predicted by the micRocounter lookup table. This
limitation only impacts the final genotype of the individual if inclu-
sion of the shifted microsatellite allele would alter which allele was
considered most or second-most common. Such a shift would likely

only occur if there were a difference in locus indexing between the
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micRocounter lookup table and the reference genome to which the
reads were mapped.

If the MicroGenotyper() algorithm encounters a SNP or indel
while genotyping a microsatellite, it will report the repeat count
stored up until the mutation as the genotype for this locus. The con-
sequence of this is that any repeats downstream the SNP or indel
will not be genotyped. However, this termination enables more ac-
curate distinguishing between true microsatellites and microsatel-

lites affected by non-microsatellite mutations.

3.2 | Accuracy of PollyMicros()

PollyMicros() categorized both the non-polymorphic and the
polymorphic loci into the appropriate categories, indicating that
PollyMicros() is as accurate as a human researcher in counting
whether the alleles of a locus meet or exceed an integer threshold.
PollyMicros() also returned allele frequencies identical to those cal-
culated manually, indicating that PollyMicros() is as accurate at cal-

culating allele frequencies as a human researcher.

3.3 | Accuracy of PollySI()

PollySI() correctly sorted every SNP and indel in the test frequency
file. The SNPs and indels whose major and minor allele frequencies
met or exceeded the threshold frequency for polymorphism were
correctly retained in the table of polymorphic SNPs and indels. Any
indels where one of the alleles consisted of a single base pair in-
sertion or deletion were correctly categorized as indels rather than
SNPs. All SNPs and indels occurring below the threshold or on un-
desired scaffolds were appropriately discarded. This indicates that
PollySI() is as accurate as a human researcher in determining which
markers' VCFtools-calculated frequencies pass a user-specified pol-
ymorphism threshold.

3.4 | Accuracy of Polly()

Polly() grouped the same variants as a human researcher into 100bp
regions, demonstrating that Polly() is as accurate as a human re-
searcher in grouping polymorphic microsatellites, SNPs and indels

based on physical proximity to one another.

3.5 | Accuracy of PollyPop()

For each of the six X. birchmanni individuals in the two populations,
the genotypes in the GenePop-formatted file were consistent with
the genotypes from MicroGenotyper()'s output format, and the
formatting of the output file was appropriate for a two-population

GenePop file. This indicates that PollyPop() can be used to convert

85UB01 7 SUOWIWOD SAIIERID 3[dedl|dde ayy Aq peusenob afe saoie YO ‘s Jo SNl 1oy Ariq1T8UlUO 8|1 UO (SUONIPUOD-PUe-SWLB) W00 A8 1M AReq) Ul [UO//:SdNy) SUOIPUOD pue SWe 1 841 88S *[7202/TT/S0] Uo ARigiTauliuo AB|Im elferieueiydoD Aq EE6T 8660-GG. T/TTTT OT/I0P/W0d A8 im Aleiq1jpul|uo//sdny wouy pepeojumod ‘v ‘vZ0Z ‘8660G52T


info:refseq/SRR6511812
info:refseq/SRR6511844
https://onlinelibrary.wiley.com/action/rightsLink?doi=10.1111%2F1755-0998.13933&mode=

8of11 WILEY MOLECULAR ECOLOGY

PERRY ET AL.

RESOURCES

from PollyMicros() and MicroGenotyper()'s information-rich output

formats to the more commonly used GenePop format.

3.6 | Runtime

To test runtime for each of Polly's functions, we created a lookup
table, set of BAM files and frequency file from publicly available
X.birchmanni data. We used micRocounter and an X.birchmanni ref-
erence genome to generate the lookup table (Schumer et al., 2018).
We then downloaded short-read sequence files for X.birchmanni
from the SRA and preprocessed them according to the steps de-
scribed in the Methods Section (Section 2; Leinonen et al., 2011).
We used these reference and BAM files to generate a frequency file
according to the steps in the Methods (Section 2).

We tested the runtime of all four functions using Texas A&M
University's Linux CentOS 7 High-Performance Research Computing
clusters with Lenovo DSS-G260 disks.

We evaluated the runtime of MicroGenotyper() on 19 X.birch-
manni BAM-format genomes of varying sizes, using the same lookup
table for each run (Figure 3; Table 1). Runtime increased approxi-
mately linearly with increasing file size (Figure 3a) and number of mi-
crosatellite loci (Figure 3b), while read depth had a less pronounced
impact on runtime (Figure 3c). For example, the smallest file tested
(SRR6511793, 8.92GB) took 61.2min and 1870GB of memory
to genotype its 310,469 microsatellite loci distributed across its
150,870,772 reads, while the largest file tested (SRR5172867,
22.2GB) took 61.2min and 1890GB of memory to genotype its
312,842 microsatellite loci distributed across its 1,948,626,237
reads (Table 1).

To analyse the impact of input file size and number on run-
time, we ran PollyMicros() multiple times, including an additional
MicroGenotyper() .csv in each run. The runtime of PollyMicros() was
notably shorter than that of MicroGenotyper(): runtime stayed under
20s regardless of the number of files used (Figure 4a,b). The runtime
of PollyMicros() appears to scale approximately linearly with each ad-
ditional BAM input file (Figure 4a,b) and approximately exponentially

with the total number of polymorphic loci detected across all inputs
(Figure 4c). Since PollyMicros() uses MicroGenotyper()-generated
CSVs as opposed to BAM files as input, runtime was not evaluated
as a function of read depth.

We recorded PollyPop()'s runtime as we tested its accuracy on
the two populations of three individuals each. The first population
consisted of three MicroGenotyper() output CSVs with 312,769,
312,842 and 312,769 microsatellite loci as well as a PollyMicros()
output CSV describing 35,576 polymorphic loci, while the second
consisted of three individuals with 310,469, 309,375 and 311,621
loci as well as their PollyMicros() output CSV describing the 42,705
loci which were deemed polymorphic across these three individuals.
The runtime on these two populations was 37 min.

Code necessary for installing the R package Polly and for repro-
ducing the analyses, as well as a vignette providing step-by-step in-
structions for preparing input files and using Polly, is available in the
GitHub repository: https://github.com/AnnabelPerry/Polly.

4 | DISCUSSION

Here, we present Polly, a software program which leverages the
friendly user interface of R and the efficiency of C++ to enable
any researcher with basic knowledge of command-line Linux and
R to genotype microsatellites and detect highly polymorphic
genetic markers even in non-traditional species. Polly enables
variant detection using lllumina short reads so long as the reads
are of sufficient quality to minimize PCR and sequencing errors
and at least one fully scaffolded genome is available for a spe-
cies closely related to the target organism. Polly also condenses
data on polymorphic indels, SNPs and microsatellites such that
researchers can choose which variant class they would like to
focus their studies on. Not only does Polly report polymorphic
microsatellites in a detail-rich output format to enable in-depth
investigations of genomic architecture, but Polly also enables the
user to convert the output into the widely used GenePop file for-

mat (Rousset, 2008). This enables the polymorphic microsatellites
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FIGURE 3 Runtime for MicroGenotyper() as a function of.... (a) size of input BAM files, (b) total number of microsatellite loci identified in
a BAM file and (c) number of reads (millions). Each run took between 1860 and 1890 GB of RAM (see Table 1).
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TABLE 1 MicroGenotyper() run time as

. File size Memory Run time Number of Number of
a function of number of reads, number of . . X . .
. . X L Accession (GB) (GB) (min) reads microsatellite loci
microsatellite loci and file size for each of
the 18 Xiphophorus birchmanni short-read SRR5170591 10.92 1860 51.40 279,358,276 307,930
genomes upon which MicroGenotyper()'s SRR5172867  22.2 1890 61.25 258,238,423 312,842
run time was tested. SRR6509133  19.04 1890 59.05 1,948,626,237 312,769
SRR6511793 8.92 1870 48.89 150,870,772 310,469
SRR6511812 12.29 1880 52.53 289,262,385 309,375
SRR6511844 11.53 1870 52.15 232,490,275 311,621
SRR6511845 10.83 1870 51.79 192,317,148 311,241
SRR6511861 12.62 1880 53.39 344,558,409 310,884
SRR6511862 11.56 1860 55.80 327,412,977 311,557
SRR6511930 13.03 1880 53.92 312,825,139 310,658
SRR6511931 12.96 1870 54.97 592,810,858 311,376
SRR6511932 17.08 1880 56.66 784,455,586 311,900
SRR6511933 13.71 1860 54.71 646,851,104 311,838
SRR6511934 9.99 1880 50.18 246,549,600 310,634
SRR6511970 12.37 1880 52.43 270,866,167 311,686
SRR6511971 13.1 1880 54.10 546,352,226 311,827
SRR6511973 11.89 1860 52.33 262,984,003 310,599
SRR6511974 12.68 1870 52.50 304,652,134 311,456
(a) (b) (c)
151 151 151
0 0 0
£ £ £
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[ c c
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FIGURE 4 Runtime for the PollyMicros() function as a function of.... (a) the number of BAM inputs from MicroGenotyper(). (b) the
summed sizes of all BAM files. (c) the total number of polymorphic loci detected across all input BAM files.

identified using Polly to not only be used for population genetics et al., 2021). Thus, though Polly may inaccurately genotype micro-

programs such as GenePop but also facilitates easy conversion of satellites if the input short reads contain microsatellite-disrupting

this output to the format used by other population genetics pro-
grams such as STRUCTURE (Stanley et al., 2017). Polly, thus, ame-
liorates issues of polymorphic variant detection, facilitating more
efficient ecological studies.

Polly's ability to accurately genotype microsatellites is dependent
upon the quality of the input lllumina short reads, which must be of
sufficient quality to minimize PCR and sequencing errors. Though
Polly's capacity to accurately genotype microsatellites is limited by
the quality of the input sequences, recent results in skim sequenc-
ing indicate that, for most population genetics results, results are
more robust if one genotypes many individuals to low accuracy
rather than genotyping a few individuals to high accuracy (Kumar
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sequencing errors and PCR artefacts, this limitation ought not to
substantially impact most large-scale population genetics analyses.
MicroGenotyper()'s dependence upon short reads, which are in-
herently limited in length, imposes some limitations upon the length
of microsatellite alleles which can be detected by this algorithm.
Microsatellite alleles which extend past the end of a read will be
counted to have fewer repeats than are truly present at that locus.
Our approach helps to ameliorate mis-genotyping due to truncation
of reads prior to microsatellite end by throwing out reads with anom-
alously low repeat counts. However, microsatellite alleles whose
total length exceeds that of the read length cannot be genotyped.
For example, a 200bp microsatellite allele cannot be genotyped if

85UB01 7 SUOWIWOD SAIIERID 3[dedl|dde ayy Aq peusenob afe saoie YO ‘s Jo SNl 1oy Ariq1T8UlUO 8|1 UO (SUONIPUOD-PUe-SWLB) W00 A8 1M AReq) Ul [UO//:SdNy) SUOIPUOD pue SWe 1 841 88S *[7202/TT/S0] Uo ARigiTauliuo AB|Im elferieueiydoD Aq EE6T 8660-GG. T/TTTT OT/I0P/W0d A8 im Aleiq1jpul|uo//sdny wouy pepeojumod ‘v ‘vZ0Z ‘8660G52T


info:refseq/SRR5170591
info:refseq/SRR5172867
info:refseq/SRR6509133
info:refseq/SRR6511793
info:refseq/SRR6511812
info:refseq/SRR6511844
info:refseq/SRR6511845
info:refseq/SRR6511861
info:refseq/SRR6511862
info:refseq/SRR6511930
info:refseq/SRR6511931
info:refseq/SRR6511932
info:refseq/SRR6511933
info:refseq/SRR6511934
info:refseq/SRR6511970
info:refseq/SRR6511971
info:refseq/SRR6511973
info:refseq/SRR6511974
https://onlinelibrary.wiley.com/action/rightsLink?doi=10.1111%2F1755-0998.13933&mode=

PERRY ET AL.

10 of 11

sl MOLECULAR ECOLOGY]|
= L ey
reads are limited to 100bp. Thus, since MicroGenotyper() depends
on short-read data, the length of the input reads limits the maximum
microsatellite allele size which can be detected using this genotyping
algorithm.

Despite these limitations, we demonstrated that Polly can be
applied to diverse species by using the microsatellite genotyping al-
gorithm to detect microsatellites in a plant species (A. thaliana) and a
fish species (X.birchmanni). More broadly we believe that Polly will
prove to be an important tool allowing researchers to quickly and
inexpensively genotype many individuals at many loci in an efficient
and reproducible fashion.
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