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Detection of short tandem repeats in the 2
cattle genome: a comparison of bioinformatic
tools

Quan Hong Tran'?", Tuan Viet Nguyen', Jianghui Wang', lona M. MacLeod " and Amanda J. Chamberlain'?*

Abstract

Background Short tandem repeats (STRs) are repetitive DNA sequences with 1-6 nucleotide repeat units, exhibiting
high polymorphism due to varying repeat counts. STRs are more variable than SNPs and can cause genetic

disorders. With population-scale cattle whole-genome sequencing data available, whole-genome STR identification
has attracted new interest, but challenges remain due to the lack of standardized methods, sequencing data
limitations, and the diversity of STR-calling tools. This study compared six STR-calling tools: HipSTR, GangSTR, and
ExpansionHunter for short-read data, and Straglr, RepeatHMM, and LongTR for Oxford Nanopore (ONT) long-read
data—using sequences from five Holstein cattle (two parent-offspring trios with a shared sire). This is the first cattle
study to evaluate short- and long-read STR callers using both data types from the same animals.

Results In short-read data, ExpansionHunter identified the highest number of polymorphic STRs (pSTRs) (327,690),
followed by HipSTR (205,900) and GangSTR (110,680), with 93,023 loci detected by all three tools. In long-read data,
LongTR detected 470,250 pSTRs, RepeatHMM 224,185, and Straglr 90,275, with only 33,253 loci shared among them.
Mendelian consistency of STR genotypes in the trio offspring was high (>0.8) for all short-read tools, with HipSTR
and GangSTR highest at 0.98. LongTR was the only long-read tool with high consistency (0.88). Short-read tools

also showed higher concordance in STR genotypes among themselves than was observed among long-read tools.
However, long-read tools had a clear advantage in detecting large STRs. Relative to computational efficiency, HipSTR
and GangSTR (short-reads), and LongTR (long-reads) required less memory and shorter runtimes than the other tools.

Conclusions Tool selection is critical for accurate whole-genome STR identification in cattle. For short-read data,
HipSTR showed relatively high Mendelian consistency and concordance compared to the other tools, while
ExpansionHunter was able to detect longer STRs but with lower Mendelian consistency. For long-read data, LongTR
demonstrated higher consistency and computational efficiency relative to the other tools. Based on these results,
HipSTR and LongTR are suggested as preferred options for short-read and ONT long-read datasets, respectively,
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in cattle STR analysis. These recommendations are based on the metrics observed in this study, and confirmatory
analyses across additional breeds, larger sample sizes, and validated truth sets are encouraged.
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Background

Short tandem repeats (STRs), also known as microsat-
ellites or simple sequence repeats, are repetitive DNA
sequences with repeat motifs ranging from 1 to 6 nucleo-
tides. These sequences are widely distributed throughout
the organism's genome and demonstrate high polymor-
phism [1], as shown by differences in the number of repe-
titions of each motif between individuals. During the late
1990s and early 20005, with the advancements in molec-
ular genetics techniques, STRs became very popular and
reliable genetic markers for marker-assisted selection and
quantitative trait loci (QTL) discovery studies in cattle
[2]. The interest in STRs generally declined in cattle after
2010 due to the development of single nucleotide poly-
morphism (SNP) arrays. Compared to STRs, SNP arrays
offered several advantages, including higher density,
higher throughput, and scalability. However, there has
been renewed interest in STRs in recent years, as poten-
tial causal variants for complex traits. In human studies
the expansion of certain STRs has been linked directly to
various genetic disorders and complex diseases [3-5]. In
addition, while most Genome-Wide Association Studies
(GWAS) focus primarily on biallelic SNPs, recent stud-
ies have shown that STRs have low linkage disequilib-
rium (LD) with nearby SNPs, and genome-wide STRs can
contribute a new source of genetic information to asso-
ciation studies [6]. The incorporation of genome-wide
STRs in the GWAS alongside SNPs and INDELs have
been explored in some studies in humans, pigs and cattle
[6-12]. Several of these studies reported multiple STRs
significantly associated with gene expression and other
complex traits, including one in cattle where STRs were
more than twofold enriched among expression and splic-
ing QTLs compared to SNPs [7]. Additionally, Margio-
liash and colleagues estimated that STRs may account for
5%—7% of the causal variants identifiable from GWAS for
44 different human blood phenotypes [10].

Due to the high variability in both length and sequence,
accurate genotyping of STRs is challenging. Traditional
methods like polymerase chain reaction (PCR) and
Southern blot assays are labour-intensive and thus lim-
ited to a small set of STRs. Next-generation sequencing
technologies provide a powerful approach for identifying
STR variants across the entire genome. However, unlike
SNP and small INDEL discovery, which have standard-
ized genotype calling formats, STR genotyping is more
complicated, because differences in sequencing tech-
nologies and bioinformatics tools lead to inconsisten-
cies in identifying and interpreting STR variants and

their alleles. The determination of STRs from sequencing
data can be classified into two main methods: alignment-
based and de novo-based. Alignment-based methods typ-
ically involve interrogating reads that have been aligned
to a reference sequence and uses a list of known STR
positions. This approach is fast and suitable for popu-
lation-level studies, because it focusses solely on reads
spanning known STR loci. De novo-based approaches
enable the identification of novel STRs directly from
sequencing reads without requiring a reference genome
and can detect repeats based on assembly graphs. Several
tools have been developed to identify STRs from short-
read data using alignment-based approaches, such as lob-
STR [13], HipSTR [14], GangSTR [15], ExpansionHunter
[16], as well as de novo-based methods, such as REPde-
novo [17] RepAHR [18]. Whether alignment-based or de
novo-based, STR identification tools based on short-read
sequencing are often limited by the length of the read,
which is typically between 100 and 150 base pairs (bps).
However, some STRs are complex, potentially spanning
hundreds to thousands of bases with hundreds of repeti-
tions. Many of these larger STRs have been reported as
pathogenic in human [19], for example, the expansion
of over 200 CGG repeats in FMR1 gene has been associ-
ated with the fragile X syndrome, while 6 to 55 repeats
present as a normal phenotype [20]. It can be challenging
to accurately determine the allele length variations with
short-read data for these large STRs. Long-read sequenc-
ing technologies, like Pacific Biosciences (PacBio) and
Oxford Nanopore Technologies (ONT), provide the abil-
ity to address these challenges. These platforms gener-
ate sequence reads that are typically thousands to tens
of thousands of bases long, and therefore often cover the
entire STR region. Long, contiguous reads improve the
accuracy of sequence alignment, allow for more precise
determination of repeat numbers, and preserve phase
information for determining haplotypes thus improv-
ing genotyping and imputation accuracy. Several meth-
ods for identifying STRs from long-read data have been
developed recently, including both alignment-based and
de novo-based approaches. A comprehensive summary
of available STR genotyping tools for both short-read
and long-read data was provided in the recent review by
Tanudisastro et al. [21], which highlights how long reads
from Oxford Nanopore and PacBio overcome limita-
tions of short reads by spanning full repeat regions and
enabling more accurate characterization of repeat expan-
sions, while also noting challenges such as sequencing
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error profiles and the need for specialized algorithms tai-
lored to long-read data.

While several computational tools have been devel-
oped for genotyping STRs from short read and long
read sequencing data, there have been few independent
comparisons of their performance. Several STR geno-
typing tools were developed and tested on a small set of
known STR loci in humans, primarily for distinguishing
pathogenic variants from non-pathogenic ones, however
their utility for genome-wide STR genotyping in popula-
tion studies has not been tested [22-24]. Furthermore,
all previous comparisons of STR detection tools have
focused on human sequence data, for which the refer-
ence genome is more complete and well-annotated. Until
now, to our knowledge there have been only three pub-
lished studies genotyping bovine STRs genome-wide.
One early study used high-coverage short-read sequenc-
ing of five Holstein bulls to generate an STR map using
lobSTR [25] and two more recent studies used HipSTR
on larger short-read datasets [7, 26]. All of these studies
were based on short-read sequencing data and used a
single short-read tool, so they did not evaluate the effect
of tool selection and were limited in their ability to detect
and assess long STRs.

This is the first study in cattle to use matched short-
read and long-read whole-genome sequencing data from
the same animals, with the purpose of systematically
comparing STR genotyping tools for STR discovery and
genotyping across sequencing technologies. The findings
serve as a reference for selecting appropriate sequencing
tools and data for future STR studies in cattle popula-
tions with large numbers of individuals. In this study, two
parent—offspring trios with sequencing data from both

Table 1 Summary of STR genotyping tools evaluated in this
study with short-read (SR) and long-read sequence (LR). Output
shows the results format (Single VCF = per sample, Merge

VCF =combined, Table =tabular output); Genotype Quality
indicates whether a genotype quality score is reported; Allele
Length shows how STR allele sizes are reported (REPCN =repeat
copy number, AL=allele length in base pairs, GB=the base pair
differences of the genotype from the reference)

Tool Read InputFiles Out- Genotype Allele
Type put Quality length
Files
HipSTR SR Bam+bed Merge VYes GB
VCF
GangSTR SR Bam+bed Merge VYes REPCN
VCF
ExpansionHunter SR Bam+cat- Single No REPCN
alog (json) VCF
Straglr LR Bam+bed Single No AL
VCF
RepeatHMM LR Bam-+bed Table No REPCN
LongTR LR Bam+bed Merge VYes GB
VCF
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[lumina short-read and ONT long-read platforms were
used for benchmarking six STR genotyping tools. Hip-
STR, GangSTR, and ExpansionHunter were chosen for
short-read data, while Straglr, RepeatHMM, and LongTR
were chosen for long-read data. These tools were selected
based on the following criteria: they exhibit strong per-
formance in previous benchmark studies using human
sequence [27-29], have been updated within the past five
years, could use alignment files from popular alignment
tools (such as bwa [30] for short-read data and minimap2
[31] for long-read data) as input, and could use the same
predefined list of STR loci. In multiple human bench-
marking studies, comparisons of STR genotyping tools
showed that HipSTR, GangSTR, and ExpansionHunter
all produced reliable genotypes across a range of repeat
unit sizes, with each tool showing different strengths
depending on repeat context and filtering thresholds,
demonstrating that tool choice and filtering affect het-
erozygous call rates and error rates in STR genotyp-
ing [27-29]. Some other tools were excluded from the
list for various reasons, such as not being updated for
an extended period (e.g., lobSTR [13]), being primarily
intended only for HiFi PacBio data (TRGT [32], Replong
[33]), designed for a limited set of STRs rather than
whole-genome analysis (NanoRepeat [22]) and requir-
ing uncommon input formats—for example, TRiColor
[34] needs haplotype-resolved BAM files, and Tandem-
genotypes [35] required alignments produced by LAST
[36], which are time-consuming to generate. A summary
of the selected STR genotyping tools, including read type,
input requirements, output format, genotype quality,
and allele length reporting, is provided in Table 1. Given
no STR truth set currently exists for cattle, we relied on
Mendelian inheritance in the sequenced trios to estimate
genotyping accuracy.

Methods

Dataset and bam preparations

DNA samples from five Holstein dairy cattle, forming 2
parent—offspring trios (with a shared sire), were extracted
from either liver tissue (dam and offspring) or semen
(sire) using Puregene tissue kit (Qiagen). Tissue sam-
ples for the dam and offspring were collected according
to the Australian Code of Practice for the Care and Use
of Animals for Scientific Purposes [37] as approved by
the Agricultural Research and Extension Animal Ethics
Committee of the Department of Environment and Pri-
mary Industries (application number 2014-23, approved
on the 18th December 2014). The sire was owned by a
commercial artificial breeding company and the semen
samples were collected as a part of routine business oper-
ations and donated to Agriculture Victoria for research
purposes. For short-read sequencing, the libraries were
prepared using TruSeq DNA PCR-Free HT Kit (Illumina)
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and were sequenced on the HiSeq3000 genome analy-
ser (Illumina) in a 150-cycle paired end run. For long
read sequencing, DNA libraries were prepared using
the Genomic DNA Ligation kit (SQK-LSK109, Oxford
Nanopore Technology), then each library was loaded
onto a R9.4.1 flowcell and sequenced on a PromethelON
(Oxford Nanopore Technology). The sequencer was run
for 72 h and FAST5 files were saved for re-basecalling.
All DNA extraction, library preparation and sequencing
steps followed the manufacturer’s instructions.

Short read paired-end fastq files were trimmed of
adapter sequence (ILLUMINACLIP:fasta:2:30:3:1:tru
e) and poor quality bases (q<20) and reads with mean
gscore less than 20 or length less than 35 bp were filtered
out using Trimmomatic v0.38 [38]. Cleaned paired and
single reads were then aligned to ARS-UCD1.2 reference
genome [39] using bwa-mem [30] with default settings.
The resulting bam files were then sorted and indexed
using Samtools-1.8 [40]. The mean coverage of the BAM
files ranged from 13.8X to 22.2X.

FAST5 files from the PromethelON were basecalled
using Guppy v6.4.6 [41] in super high accuracy mode
(SUP) with default settings. The output fastq files were
trimmed using FiltLong (https://github.com/rrwick/Filtlo
ng) with 2 options: —keep_percent =90 (keep only the top
90% of reads based on quality) & —mean_q_weight=10
(gives the mean quality score a weight of 10, prioritiz-
ing reads with higher accuracy). Cleaned reads were then
aligned to the ARS-UCD 1.2 reference genome [39] by
Minimap2 [31] with default parameter settings. Result-
ing alignments were sorted and indexed by Samtools-1.9
[40]. The average coverage of BAM files for ONT data
ranged from 40.3X to 43X.

Reference-guided STR discovery

Because all six benchmark tools required a predefined
list of STRs, we constructed a reference STR list accord-
ing to the HipSTR workflow as follows. Tandem Repeat
Finder software [42] was used to scan the cattle refer-
ence genome (ARS-UCD1.2) for tandem repeats using
default parameters, except that the minimum score was
set to 10 (default is 50), which is more suitable for detect-
ing short repeats. The default minimum score of 50 in
TRF requires at least 25 matching bases, so it would miss
many STRs; for example, a 5-bp motif with only 4 cop-
ies (20 bases) or a 2-bp motif with 12 copies (24 bases)
would not be detected. The TRF results were converted
to BED format, removing low-quality entries and repeat
motifs longer than 6 bp, following the instructions pro-
vided by the HipSTR authors (https://github.com/HipS
TR-Tool/HipSTR-references/tree/master/human). ~ We
also filtered out repeats on the sex chromosomes and
removed mononucleotide repeats because homopoly-
mer regions show high sequencing error rates in both
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short-read Illumina [43] and long-read ONT data [44].
The performance of STR-calling tools for these repeats
cannot be reliably evaluated with our input data. For pop-
ulation scale whole-genome STR studies, we expect that
removing these STRs from the panel will have minimal
impact on downstream applications such as imputation
or GWAS. After all filters were applied, the remaining
list was converted into a BED file with the corresponding
format required for each tool.

STR genotyping in trios

For short-read data, STRs were genotyped using HipSTR
v4.0.6 [14], GangSTR v2.5 [15] and ExpansionHunter
v5.0.0 [16]. HipSTR was run with the BAM files from all
five animals together in one run with the —def-stutter-
model option, which is designed for STR calling using a
reference panel, and with —min-reads=2, to retain loci
with at least two reads present across all individuals.
GangSTR was also run with the five samples together in
one run, while ExpansionHunter had to be run with each
sample separately in Streaming mode, and the variant call
format (VCF) outputs of ExpansionHunter were merged
using MergeSTR [45]. All other parameters of HipSTR,
GangSTR, and ExpansionHunter were set as default.

For long-read data, genotyping was performed using
RepeatHMM v2.0.3 [46], Straglr v1.5.0 [47], and LongTR
v1.0 [48]. RepeatHMM Scan was run separately for each
sample, with the minimum number of support reads
set to 4, with other settings at default. The output of
RepeatHMM consisted of tables containing the position,
STR motif, and number of repeats for each allele. STRs
with a repeat count of 0/0 were considered missing geno-
types. LongTR was run with all five samples together and
produced a merged VCEF file. Straglr was run separately
for each sample with parameter —min_cluster_size=1
as recommend from the author. The VCF output files of
Straglr were then merged using BCFtools [40] and fil-
tered with VCFtools [49].

For STR filtering in our benchmark, coverage (read
depth or supporting reads) and genotype-quality values
were the main filters. Among the six tools, only HipSTR,
GangSTR, and LongTR provide a genotype-quality score.
For HipSTR and GangSTR, we applied a quality cutoff
of 0.9, matching the strict filtering recommended by the
authors [14, 15]. For LongTR, we used the same quality
cutoff of 0.9. Although LongTR does not recommend a
fixed threshold, the authors mentioned that quality score
is the most reliable indicator of call accuracy, and based
on their results, a cutoff near 0.9 retains high-confidence
calls [48]. ExpansionHunter, Straglr, and RepeatHMM do
not output a genotype-quality score. They rely instead on
internal filters based on coverage or supporting reads,
which depend strongly on the sequencing depth. To keep
filtering consistent, we used only a minimum coverage
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requirement across all tools: Read depth (DP)=4 for
HipSTR, GangSTR, LongTR and Straglr, Locus coverage
(LC)=4 for ExpansionHunter and minimum number of
support reads=4 for RepeatHMM. The lack of a geno-
type quality score in ExpansionHunter, RepeatHMM, and
Straglr is an important limitation. Genotypes that were
filtered out were converted to missing (./.) in the final
VCE files. Only STRs that were polymorphic across the
five samples were kept for downstream analysis.

Mendelian consistency

To determine the accuracy of each tool, we used the data
from the 2 trios to evaluate consistency with Mendelian
inheritance for all polymorphic STRs (pSTRs). Geno-
types of pSTRs were extracted from VCF output of Hip-
STR, GangSTR, ExpansionHunter, LongTR, and Straglr,
and Mendelian consistency was then calculated for off-
spring genotypes after excluding any loci with a missing
genotype in at least one member of the trio. In the case of
RepeatHMM, because this tool only outputs tables con-
taining the number of repeat motifs instead of genotype,
we used the number of repeats as the allele’s genotype.

Comparison of concordance in STR allele length

To calculate allele lengths, different approaches were
used depending on the output of each tool. For Gang-
STR, ExpansionHunter, and RepeatHMM, allele length
was computed as the number of repeat motif copies
(REPCN in the FORMAT field of the VCF file) mul-
tiplied by the motif length. For HipSTR and LongTR,
allele length was calculated as the length of the reference
sequence plus the base pair differences of the genotype
from the reference (GB in the FORMAT field of the VCF
file). Straglr directly reported allele length (AL in the
FORMAT field of the VCF file). GangSTR, Expansion-
Hunter, and RepeatHMM retained the position and motif
of STRs from the BED file in their output. The VCEF files
from HipSTR and LongTR sometimes reported STR start
positions shifted by a few nucleotides relative to the BED
file, but the entire STR region in the VCF overlapped the
corresponding BED region and the repeat unit length in
the VCF matched that in the BED file; therefore, the STR
positions in the VCF were adjusted to the start positions
in the BED file, ensuring uniform comparisons across
tools. For Straglr, only STRs matching both the position
and motif length in the BED file were retained for con-
cordance analysis. To calculate the concordance in allele
length across each pair of tools, we compared the two
alleles reported for the same individual at the same pSTR
sites detected by both tools. A single nucleotide differ-
ence in allele length was allowed when considering two
alleles concordant. The concordance rate was calculated
as the number of concordant alleles divided by the total
number of alleles evaluated for each pair of tools.
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Running time and maximum memory used

To compare the running time and peak memory use of
the six tools, we executed each program on our HPC sys-
tem running CentOS 7 with the Slurm scheduler. Jobs
were run on nodes equipped with Intel Xeon Platinum
8168 CPUs. For single-thread tests, we allocated one
CPU core and 256 GB of memory; for multithread tests,
we allocated eight CPU cores and 256 GB of memory.
For short read data, we used a sample with 22 x coverage.
For long read data, the BAM file of the same sample was
down sampled to 22 x coverage using Samtools v1.17 [30]
and was used as input for Straglr and LongTR. HipSTR,
GangSTR, LongTR, ExpansionHunter, and Straglr were
compared in single-thread mode. ExpansionHunter and
Straglr were also evaluated using eight threads. HipSTR,
GangSTR, and LongTR do not support multithreading in
the versions used in this study (HipSTR v4.0.6, GangSTR
v2.5 and ExpansionHunter v5.0.0). Each test was repeated
three times, and runtime and peak memory usage were
recorded using the time -v command.

Results

STR reference panel

From the reference genome, Tandem Repeat Finder
detected 836,981 STRs, covering 21 Mb of the autoso-
mal genome. Overall, the number of STRs per chromo-
some was positively correlated with chromosome length
(Fig. 1A). Among these, dinucleotide STRs were the most
abundant, followed by pentanucleotide STRs (Fig. 1B).
The AT, GT, and AC motifs were the most common
among dinucleotide STRs, while AACTG and AGTTC
were the most common among pentanucleotide STRs
(Fig. 1C). Of the total, 1,846 STRs were longer than
150 bp. Of the 836,981 reference STRs, 209 STRs located
near the ends of chromosomes were excluded from the
reference list of ExpansionHunter because they violated
the —region-extension-length =1000 parameter (The dis-
tance around on-target and off-target regions, used to
search for informative reads for accurate genotyping, was
set to 1,000 bp by default.).

Comparison of pSTRs

Among the six tools, HipSTR, GangSTR, Expansion-
Hunter, LongTR, and Straglr produced VCF files with
assigned genotypes, while RepeatHMM provided a table
with the copy number for each allele of each STR. There-
fore, for RepeatHMM, we used the copy number at each
allele as the genotype. We focused on STRs that were
polymorphic within the five animals (two trios) to dem-
onstrate how well each tool discriminated STR variation.
For short-read sequence data, ExpansionHunter identi-
fied the largest number of pSTRs across the five individu-
als, with 327,680 STRs, while GangSTR identified the
smallest number (110,680) (Table 1). HipSTR called an
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intermediate number with 205,900 STRs. For long read
sequence data, there was even greater variation in the
number of pSTRs among the three tools. LongTR iden-
tified the highest number of pSTRs, with 470,250, and
Straglr identified the smallest number, with 90,295 STRs
(Table 1).

The level of overlap among pSTR discovered by each
tool is visualised in Figure S1 (Additional file 1). Only
10,829 of all the polymorphic sites were detected by all
six tools. GangSTR and HipSTR showed high agreement
with the other tools, including those designed for long-
read data, with the number of sites detected unique to
GangSTR and HipSTR being only 242 and 2,373 respec-
tively. A total of 40,834 identical pSTRs were detected
by GangSTR, HipSTR, RepeatHMM, ExpansionHunter,
and LongTR, representing the highest number of STRs
detected by any combination of five tools. LongTR,
ExpansionHunter, and RepeatHMM, detected more
pSTRs than other tools, and also identified the highest
number of unique sites. In contrast, Straglr detected the
lowest number of pSTRs but also showed the least agree-
ment with the other tools, with 11.6% being unique sites
(N=10,474).

Table 2 shows the average heterozygosity rate of STRs
based on the total number of pSTRs detected by each
tool or for the overlapping STRs identified by all six
tools. In short-read sequence data, heterozygosity was
relatively uniform and particularly so for the overlapping
set of STR (ranging from 62 to 68%). In contrast, there
was extreme variability among tools using long read data
and this was even more extreme for heterozygosity cal-
culated only among the overlapping STR. LongTR had
the highest heterozygosity rate (88.76+2.10%), while
RepeatHMM and Straglr had low to extremely low rates,
at 34.96 +1.18% and 2.12 + 0.48%, respectively.

Given the technological differences between short and
long read data, we then focused on results for short-read
and long-read tools separately. The number of overlap-
ping sites detected as polymorphic, and the distribution
of these sites based on the length of the repeat unit were
studied. The detailed numbers for each group are pro-
vided in Supplementary Tables S2 and S3 (Additional file
2). For short-read tools only, 93,023 of 382,052 (24.3%)
STRs were identified as polymorphic by all three tools:
HipSTR, GangSTR, and ExpansionHunter (Fig. 2A).
GangSTR, which called the fewest pSTRs, had the high-
est proportion of overlap; 98.5% (109,071) of its calls
were also detected by HipSTR or ExpansionHunter.
ExpansionHunter, detected the largest number of pSTRs,
including almost 98% of pSTRs detected by GangSTR as
well as 70% of pSTRs detected by HipSTR, while also dis-
covering 51% unique pSTRs. HipSTR showed intermedi-
ate results in terms of coincidence. For each short-read
tool, di-nucleotide repeats were the most common, and
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Table 2 Number of pSTRs and the average heterozygosity rate (+ standard deviation (SD)) in five individuals for six STR discovery tools
as well as the heterozygosity rate (+ SD) when considering only STR detected by all six tools

Sequencing platform Tool Number of pSTRs Heterozygosity rate in all sites Heterozygosity rate
(mean % +SD) in overlapping sites
among the six tools
(mean % +SD)
Short-read (lllumina) HipSTR 205900 5336+1.36 62.22+2.64
GangSTR 110680 63.22+3.18 67.97+3.73
ExpansionHunter 327690 56.29+5.10 67.82+2.71
Long-read (ONT) LongTR 470250 7336%1.71 88.76+2.10
RepeatHMM 224185 28.29+£0.95 3496+£1.18
Straglr 90295 3.88+0.46 2.12+048

GangSTR showed the highest proportion of dinucleo-
tide repeats compared to HipSTR and ExpansionHunter
(Fig. 2B, horizontal bars). HipSTR showed the highest
rate of penta- and hexanucleotide repeats, while Expan-
sionHunter showed the highest rate of tri- and tetranu-
cleotide repeats. Dinucleotide repeat STRs were also the
dominant type among the polymorphic sites detected by
all three tools, as well as those detected by only two tools
(Fig. 2B, vertical bars). However, in the sets of unique
STRs identified by each tool, pentanucleotide repeats
were the most frequent in HipSTR, while tri- and tetra-
nucleotide repeats were almost as frequent as dinucleo-
tide repeats in ExpansionHunter (Fig. 2B, vertical bar
chart).

Compared to the short-read tools, the three tools used
for long-read sequencing data had lower overlap of poly-
morphic sites, with 33,253 sites called by all three tools
out of 535,345 sites (only 6.2%, Fig. 3A). Dinucleotide
repeats remained the most common pSTRs detected
by each tool (Fig. 3B, horizontal bar chart), as well as
the most common among sites detected by all three
tools and by only two tools (Fig. 3B, vertical bar chart).
When comparing the unique sites identified by each tool,
RepeatHMM showed the highest proportion of trinucle-
otide repeats, while Straglr had the highest proportion of
tetranucleotide repeats.

Mendelian consistency of STR genotypes

The accuracy of genotyping was evaluated by Men-
delian consistency in the two trio offsprings. For each
trio, Mendelian consistency was calculated as the ratio
of genotype-consistent STR sites to the total number
of segregating STR sites for a given tool, excluding any
sites with missing genotypes in the trio. For short-read
sequence data, the three tools showed high consistency
rates, with GangSTR and HipSTR both at 0.98 (Fig. 4A).
ExpansionHunter, which identified the highest number
of pSTRs among the three short-read tools, had a lower
consistency rate of 0.84. Furthermore, although Expan-
sionHunter was able to detect STR with alleles>150 bp
these showed an extremely low Mendelian consistency
rate (0.12). For long read data, LongTR, which detected

the largest number of polymorphic sites, achieved the
highest consistency at 0.88 overall and 0.83 for STR
with alleles>150 bp. RepeatHMM and Straglr showed
low consistency results, at 0.52 and 0.28 across all STR,
respectively. We also examined the effect of repeat unit
length on Mendelian consistency for all 6 tools (Fig. 4B).
HipSTR, GangSTR, and LongTR showed no clear dif-
ference between different repeat unit lengths. However,
ExpansionHunter and RepeatHMM showed higher Men-
delian consistency rate for trinucleotide repeats and
lower Mendelian consistency rate for di-, penta-, and
hexanucleotide repeats.

Comparison of concordance in STR allele length

While all tools are designed to genotype STRs, each tool
uses a different approach with some differences in out-
puts that are used to determine genotype. GangSTR,
ExpansionHunter, and RepeatHMM estimate the copy
number of the repeat unit for each allele. HipSTR and
LongTR do not specify the copy number of the repeat
unit but instead focus on the number of base pair dif-
ferences of the alternative allele compared to the refer-
ence allele. Additionally, the starting positions of some
STRs in the VCF output file were shifted by several
nucleotides compared to the original starting positions
provided in the BED file of predefined STRs, so these
had to be adjusted to the original positions in the BED
file to compare the results across tools. All tools, except
for Straglr, preserved the repeat unit provided in the
BED file. In contrast, Straglr determined the repeat unit
sequence using its integrated Tandem Repeat Finder tool
and reported the length and copy number of the alterna-
tive allele based on the newly identified motif sequence.
Among the 90,295 pSTRs identified by Straglr, only 34%
of the STR repeat units were the same as those provided
in the original BED file, 61% had the same length but the
motif starting nucleotide position was shifted by one or
more bases (e.g., changed from AC to CA). Both groups
were retained for the length-concordance analysis. The
remaining 5%, whose repeat units differed from the BED
file in both length and sequence, were excluded.
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In addition to comparing genotyping results, the allele
lengths at polymorphic sites were evaluated across the
tools. Compared to the other five tools, Straglr reported
a higher average length of polymorphic alleles (39 bp),
while the average lengths for HipSTR, GangSTR, Expan-
sionHunter, LongTR, and RepeatHMM were similar at
27, 23, 28, 26, and 28 bp, respectively. All pSTRs identi-
fied by HipSTR and GangSTR were less than 150 base
pairs (bp) in length, while ExpansionHunter, LongTR,
RepeatHMM, and Straglr reported pSTR sites exceeding
150 bp in length (1,759, 2,383, 1,731, and 3,763 STR sites
with maximum allele lengths over 150 bp, respectively)
(Fig. 5A). According to the tool authors, HipSTR can
only identify STRs shorter than the length of the read,
which in this case is 150 bp in the short-read sequence.
Although GangSTR and ExpansionHunter can identify
STRs longer than the read length, only ExpansionHunter
showed STRs longer than 150 bp among the polymorphic
sites identified from short-read data in this study but as
detailed above the Mendelian consistency rate for these
STRs was very low (Fig. 4A). ExpansionHunter identified
STRs with lengths up to 1,000 bp from short-read data,
while LongTR, RepeatHMM, and Straglr identified STRs
up to 10,000 bp from long-read data.

We compared the concordance of allele lengths across
all six tools, examining each pairwise combination
(Fig. 5B). The three tools using short-read sequence data
showed concordance rates with each other over 60%, with
the concordance rate between HipSTR and GangSTR
reaching 71%. Tools using long read data showed lower
concordance, with the highest rate between LongTR
and RepeatHMM at 33%. When comparing across long
read and short-read tools, LongTR and HipSTR showed
the highest concordance rate of 75%, and in fact LongTR
was developed from the same method as HipSTR, with
both determining STR alleles based on nucleotide differ-
ences from the reference allele. The concordance rates of
LongTR with GangSTR and ExpansionHunter were 50%
and 40%, respectively. RepeatHMM had concordance
rates with GangSTR, HipSTR, and ExpansionHunter of
46%, 40%, and 32%, respectively. Straglr showed the low-
est concordance rate for allele length with all the remain-
ing tools.

Comparison of computer power and running time

The running time and peak memory usage of five tools
(HipSTR, GangSTR, ExpansionHunter, LongTR, and
Straglr) were first compared in single-thread mode, with
RepeatHMM excluded from these comparisons. For the
remainder of the study, we split the BED file by chromo-
some to run RepeatHMM in parallel. Its extremely long
runtime was a potential drawback when planning to
use this tool genome-wide for multiple individuals. For
short-read data, GangSTR and HipSTR had the shortest
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runtimes, each taking approximately 3 h for a 22 x cover-
age sample. GangSTR used the least memory, 0.027 GB,
compared to 0.287 GB for HipSTR. ExpansionHunter
required the most resources, using 66.5 GB of RAM and
9.8 h to complete. For long-read data, LongTR was the
most efficient, requiring 0.72 GB of RAM and 6.5 h of
runtime. Straglr required substantially more memory and
time compared to LongTR (Fig. 6A,B).

Next, we compared multithreaded performance for
ExpansionHunter and Straglr. ExpansionHunter’s run-
time decreased from 9.8 h in single-thread mode to 1.4 h
when using eight threads. Similarly, Straglr’s runtime and
memory usage improved with multiple cores, demon-
strating the benefit of multithreading for these tools.

Discussion

In this benchmark study, we compared STR genotyping
tools at genome-wide scale in five cattle that formed two
parent offspring trios. This is the first benchmark study of
bovine genome-wide STR genotyping that includes both
short-read and long-read sequence data. The six selected
STR genotyping tools all use alignment files generated
from BWA or Minimap2 as input, which are popular
formats in population genomic research. The tools we
selected for short-read sequence (HipSTR, GangSTR,
and ExpansionHunter) have been quite widely used and
there have been some comparison studies among them
in humans [28, 29]. In contrast, tools for long read data,
including those selected for this study (LongTR, Straglr,
and RepeatHMM) are relatively new, and to our knowl-
edge no whole-genome benchmark studies have been
conducted to evaluate them, both among themselves and,
in comparison to short-read tools. Short-read tools such
as HipSTR, GangSTR, and ExpansionHunter report STR
genotypes in VCF format, enabling relatively straightfor-
ward cross-software comparisons. Meanwhile, long-read
STR genotyping tools have only recently been developed,
and their outputs require more careful post-processing
for benchmarking. Straglr produces VCEF files only at the
individual level with its own defined STR motifs, while
RepeatHMM outputs a table of copy numbers for each
individual rather than standard VCF files. Only LongTR,
which was developed from the method of HipSTR, pro-
vides VCEF files with multi-allelic genotypes determined
at a population level.

In this study we focused on evaluating each tool’s
ability to identify multiple alleles in the offspring of
two parent—offspring trios, to better understand what
approaches might work well at population scale to accu-
rately genotype STRs for imputation and GWAS in
cattle. For short-read sequence data, among the three
tools, HipSTR showed the best balance between pSTRs
discovery rate, Mendelian consistency and comput-
ing power requirements for whole genome genotyping.
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However, HipSTR was limited to detecting repeats
that fall entirely within the read length. GangSTR also
reported high Mendelian accuracy but appeared to have
lower sensitivity to detect pSTRs compared to other
tools, consistent with observations in human genomes
where GangSTR showed reduced sensitivity for expan-
sions at clinical loci compared to ExpansionHunter [28].
While ExpansionHunter identified the largest number of
pSTRs in short-read data, it had lower Mendelian con-
sistency than HipSTR and GangSTR and required more
computational resources. This differs from the human
benchmarking study where ExpansionHunter showed
high accuracy [28], likely due to differences in the refer-
ence STRs used. That is, in our analysis, all three tools
used the same whole-genome reference STR set, whereas
the human benchmark study provided a smaller, well-
curated reference set for ExpansionHunter, with a high
proportion of trinucleotide repeats, which are patterns
commonly reported in disease-related loci [28]. In fact,
in our benchmark ExpansionHunter showed variation
in genotyping accuracy based on repeat unit size, with
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trinucleotide repeats having the highest accuracy com-
pared to other types.

With recent advances in long-read technology, datas-
ets for cattle have become increasingly available, allow-
ing the identification of complex genomic variation.
While several recent studies have reported genome-wide
structural variation in bovine long-read data, none have
specifically focused on STR genotyping [50-52]. When
comparing three STR calling tools with longread data,
the concordance between them was lower than the con-
cordance between tools in the short-read data, despite
the long-read data in this study having higher cover-
age. This may be due to the fact that these tools are still
under development, and the lack of a cross-compatible
approach to combine and filter outputs from the differ-
ent tools. Therefore, for long-read datasets, the choice of
tool must be considered carefully, as it will significantly
impact the results. Among the three tools benchmarked
here, LongTR showed the best performance in terms of
Mendelian consistency and concordance of pSTR posi-
tion and length, it also required less computational
power compared to RepeatHMM and Straglr. This aligns
with human long-read profiling results, where LongTR
showed higher genotyping accuracy and efficiency than
Straglr for genome-wide TRs, including complex and
large alleles [48]. RepeatHMM and Straglr showed poor
Mendelian consistency among pSTRs and also tended
to be biased toward homozygous genotypes. Because
the Mendelian consistency test was conducted only for
segregating genotypes within trios, many of the incon-
sistencies in Straglr and RepeatHMM occurred when
all three animals were homozygous but with different
numbers of repeats. RepeatHMM and Straglr are pri-
marily copy number-focused and do not report exact
STR allele sequences. A recent study that compared
Straglr and RepeatHMM with a newly developed tool,
HMMSTR, also found that Stragrl and RepeatHMM
performed poorly for heterozygous calls and for alleles
close in length (less than 100 bp difference) [53]. Another
advantage of LongTR is that it was developed from the
method of HipSTR [48], so its output format is similar to
that of HipSTR, allowing both short-read and long-read
STR datasets to be combined in the same study. Among
the three long-read tools in this benchmark, LongTR was
also the only tool that produced multi-sample output,
and this combined with computational efficiency makes
it more convenient for population-level STR genotyp-
ing. Long-read data, as expected, performed better than
short-read data in detecting large STRs. Although the
number of large STRs in the cattle genome is much lower
than that of short STRs, these large STRs are of particular
interest because many large expansion repeats have been
reported as disease-associated in humans [20, 54—56].
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This study demonstrates that relatively accurate
genome-wide genotyping of STRs in both short and long-
read sequencing technologies is challenging but possible.
Our benchmark results indicate that STR genotyping
from short-read data could be used to build a reasonable
reference panel for imputation of STR<150 bp in cattle.
Recently, a SNP and STR reference haplotype panel was
created in human short-read data of 479 families using
HipSTR (and supplemented using a second STR caller,
TREDPARSE [12]) and was then used for imputation
and GWAS studies [9, 11]. With multiple new tools being
developed for STR genotyping in long-read data, care-
ful development of the best practices is required before
applying them to large populations and incorporating
the results into imputation panels. However, the oppor-
tunity to capture longer STR than was possible in short
read is worth considering because many pathogenic STRs
are found to be very long [20, 54—56] and would be bet-
ter captured with long-read sequencing. The higher
base-calling error rate of platforms such as ONT com-
pared to short-read sequencing presents a challenge in
use of long-read data in population studies of STR. This
includes elevated error rates in homopolymer regions
and mismatch errors in repeat regions, which can affect
how STR tools determine the number of repeat units.
Also, there is a lack of cross-comparison between long-
read tools developed for different long-read sequencing
platforms (ONT and PacBio), as some tools were devel-
oped only for one type of data—for example, TRGT [32]
for PacBio HiFi reads only, while others such as STRKkit
[57] are not limited to a single platform, but were not yet
fully peer reviewed at the time of writing this benchmark.
Ideally, for population scale studies the output file for-
mat from different tools should be standardised for ease
of merging data across different platforms. We expect
these challenges will be addressed in the near future,
as the base-calling accuracy of long-read technologies
continues to improve and long-read data for population
studies becomes more accessible. A further limitation of
STR benchmarking in cattle is the absence of a validated
truth set for accurately evaluating STR genotyping tools.
In this study, we used Mendelian consistency at segregat-
ing sites as a proxy to estimate genotyping accuracy. In
publications by the developers of STR genotyping tools,
testing is often performed on a small number of well-
characterized STR loci in humans, typically focusing
on pathogenic variants. However, these sets are limited
and not representative of genome-wide STR diversity. A
genome-wide validated STR truth set will be necessary in
the future for more accurate evaluation of STR genotyp-
ing tools.

This study was conducted in Holstein cattle, so the per-
formance of STR-calling tools in for example Bos indicus
breeds may not be captured. In addition, one limitation
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of the tools in this benchmark is their reliance on a list
of known STRs. In this study, these STRs were identi-
fied using Tandem Repeat Finder based on the reference
genome which is from the Hereford breed. Building a
comprehensive and reliable list of STRs, including those
not identifiable from the reference genome, is desirable
to enhance population-scale STR genotyping for down-
stream analyses such as GWAS. Some tools, such as
Replong [33], TRiCoLOR [34], ExpansionHunter Denovo
[58], can detect novel STRs without relying on a refer-
ence. These tools were not included in this benchmark
because we focused on reference-based tools, which are
generally faster and scale better for population-wide anal-
yses. Further work using these assembly-based tools and/
or pan-genome discovery across multiple cattle breeds, is
needed to generate a more complete catalogue of STRs
that reflects the full extent of STR genetic diversity.

Conclusions

The comparison of six different tools used for genome-
wide STR genotyping across two datasets (short-read and
long-read data) revealed that short-read tools had higher
genotyping accuracy and greater concordance in STR
genotyping compared to long-read tools. However, tools
used with long-read data performed better at detecting
STRs longer than 150 bp. Our results concur with pre-
vious benchmark studies that use of a single STR geno-
typing tool may not be sufficient, and that combining
results from multiple tools should be considered. This is
especially true for studies requiring high precision on a
small list of STRs, such as detecting known pathogenic
STRs in clinical testing. For population studies with large
cattle datasets, the performance metrics observed in this
study favour HipSTR for short-read data and LongTR
for long-read data. However, tool performance may vary
with sequencing coverage, read quality and validation
across additional breeds, larger cohorts, and with orthog-
onal assays (e.g. PCR or targeted long-read sequencing) is
recommended.
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