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Abstract

Background Genotyping-by-sequencing (GBS) offers a cost-effective solution to
access genomic information on many samples. The advent of GBS has promoted large
scale genomic analyses, including linkage analysis, heritability estimation, inference
of genetic relatedness and genome-wide prediction and association studies, in many
non-model species. Low-depth GBS can be used as a cost-effective method to obtain
genotypes; however, not all alleles will be captured during the sequencing process,
which can lead to high levels of genotype uncertainty. New methods that take
genotype uncertainty into account are needed, but these methods can be difficult
to develop and benchmark on real data. Simulations provide a convenient way to
benchmark different approaches, and therefore, are essential for assessing existing
methods and guiding future method development.

Results SimGBS is a method for simulating large-scale GBS data from any real (e.g.,
reference) or simulated diploid genome. It is implemented in Julia but can also be
accessed from R through the JuliaCall interface. Users can define populations with
distinct demographic histories by modifying population size over a specified number
of generations or providing a pedigree to generate structured populations. Most GBS
parameters are highly customisable, including the choice of restriction enzyme and
sequencing depth. SImGBS outputs both true genotype calls and DNA sequences in
FASTQ format. The method is computationally efficient, capable of generating datasets
for thousands of individuals; for example, simulating 172 samples required less than
two hours while successfully reproducing the complexities observed in empirical GBS
data.

Conclusion SimGBS is a valuable tool to assist with designing GBS experiments or
evaluating bioinformatic pipelines and statistical methods for GBS data analysis in large
scale population genetics studies.

Keywords Simulation, Genotyping-by-sequencing (GBS), Plant genomics, Animal
genomics, Restriction enzyme
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Background

Genotyping-by-sequencing (GBS) offers a cost-effective solution to obtain genomic
information from hundreds of samples. Briefly, the GBS process can be described
as follows [1, 2]: DNA molecules are digested into small fragments using restriction
enzyme(s). A unique barcode adapter, used to distinguish fragments originating from
different samples, as well as a common adapter are ligated to each GBS fragment. Sam-
ples are then combined into a library, which undergoes PCR amplification followed by
fragment-size selection to select a fraction of the genome. The library is then loaded on
a flow cell and sequenced. Typically, single-end short reads of approximately 100—150
bp are used which includes the barcode sequence portion of the adapter. Subsequently,
the SNPs are identified and called using either a reference-free (comparing amongst
GBS reads) or reference-based (comparing against the reference genome) approach. The
GBS method is highly flexible, with the ability to modulate the level of genomic coverage
(i.e., the proportion of regions that are covered by GBS reads) and which regions of the
genome are being sequenced by changing restriction enzyme(s). Such flexibility offers a
simple solution to reduce the target fraction of the genome, and therefore, makes GBS a
particularly attractive method for genotyping many samples [3, 4]. Recent enhancements
to GBS protocols, such as the highly multiplexed library preparation method, have
enabled more samples to be sequenced at a lower (per-sample) depth to further improve
the cost-effectiveness of GBS [5]. To date, GBS has been used for a variety of purposes,
including understanding the evolutionary histories of non-model species [6, 7], explor-
ing population stratifications [8, 9], and assisting plant and animal breeding [10-12].

Due to the process of sampling genomic fragments during sequencing, GBS data come
with higher genotype uncertainty than conventional array-based genotyping assays (e.g.,
SNP-chips). Sometimes, there is a significant proportion of missing data, referring to
loci where sequencing reads are present but depth is too low to reliably determine both
alleles, resulting in uncertain or uncalled genotypes. However, bioinformatics workflows
and statistical methods have been developed to take genotype uncertainty into account
when handling GBS data [13-15], with some dedicated to tackling the issues associated
with low-depth sequencing [16—19]. Properly benchmarking these methods has been
quite challenging because the true genotypes are unknown. In addition, there is typically
low SNP overlap between GBS and existing SNP chips. To address this scenario using
real data would require comparing the results from GBS data with either SNP chips or
very high-depth sequencing, both of which are cost-prohibitive on large numbers of
samples.

A practical way of evaluating different analytical methods is through simulation. The
development of methods for large-scale population genetics studies and genomic anal-
yses (e.g., quantitative genetics) requires large numbers of individuals to be simulated.
Most studies using genomics have focused on species with SNP chips available and
therefore have focused on methods of development utilizing simulated SNP chip data
[20-22], which is vastly different from GBS data. For example, whereas SNPs from arrays
are traditionally uniformly distributed across the genome from a pre-defined set of loci,
the markers obtained by GBS are influenced by the presence of restriction enzyme cut
sites where the location of these cut sites may not be known in the species of interest.
Furthermore, SNP chips often focus on common variation, so the minor allele frequency
(MAF) distribution is typically less left-skewed than what is observed in GBS data. As
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opposed to SNP chips, where genotypes are made available as the standard output, gen-
otypes from GBS data are inferred based on the observed alleles and are often associated
with some level of genotype uncertainty based on the observed numbers of each allele.
Also, when sequencing depth is low, GBS frequently produces missing data, referring to
the undersampling of genomic regions that are not sequenced or represented in some
individuals. Given these differences between GBS and SNP chip data, established simu-
lations do not adequately capture many key features of GBS data. Simulating SNP chip
data for benchmarking GBS methods will fail to capture how those methods perform
with real GBS data.

Versatile and high-throughput methods of simulating GBS data are needed for
assessing existing bioinformatics workflows and statistical methods and guiding future
method development. Although there are several tools available to simulate next-gen-
eration sequencing (NGS) data, most have focused on producing a large volume of
genomic data, which often oversimplifies assumptions of population or data structure
[23]. Other software packages were explicitly designed to simulate restriction-site asso-
ciated (RAD) sequencing or GBS data [24—28] under realistic experimental conditions,
such as mimicking allelic dropouts and PCR effects and creating populations with speci-
fied demographic histories. Among these, RADinitio [29] performs in silico restriction
enzyme digestion, generates per-sample sequencing reads, and models population-level
genetic variation. However, the associated computational costs make them less feasible
for simulating large populations. Large-scale simulated GBS data, generated under real-
istic conditions, is not only useful for benchmarking the performance of bioinformatics
workflows and analytic methods but also important for investigating the effectiveness
of genome-wide association studies or genomic prediction using different methods for
accounting for uncertainty in GBS genotypes, as well as exploring optimal strategy of
distributing sequencing effort within a breeding population. Therefore, the ability to effi-
ciently simulate GBS data for large populations, while appropriately reflecting the com-
plexities of GBS data at the population level, is crucial to any GBS simulator.

Here we present SimGBS, a method to rapidly simulate GBS data based on Illumina
HiSeq sequencing, implemented as an open-source software. Through simulation of
population history, as well as the GBS process (Fig. 1), our goal is to offer an efficient
solution to conduct large-scale simulations, while capturing most key features of GBS
data. To showcase some key features of SimGBS, we simulated a GBS dataset using
parameters extracted from real GBS data and then compared it to the real data.

Implementation

Overview

An overview of the workflow for SimGBS is presented in Fig. 2 and described in Supple-
mentary file 1. A brief overview is provided in this section, with further details below.
In the initial step, the package uses a given reference genome and restriction enzyme(s)
to identify cut sites to perform virtual digestion. Next, a fragment size-selection step
takes place to filter out raw GBS fragments that are too large or too small based on user-
defined thresholds. The population structure is established using the gene-dropping
method [30]. Briefly, a founder population is generated, and then parents are selected
at random to produce offspring. This process is repeated for the number of generations
defined by the user, and recombination events are randomly sampled and recorded to
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Fig. 1 Overview of genotyping-by-sequencing (GBS). GBS protocols can be broadly summarised into six steps:
step (@) DNA extraction, DNA is isolated from the sample; step (b) restriction enzyme digestion, DNA molecules
are digested into small fragments using restriction enzyme(s); step (c) Ligation, adaptors (i.e, short DNA sequences
including barcodes) are ligated to the GBS fragments of each sample (with a unique barcode for each sample). This
allows sequencing of hundreds of samples simultaneously, which greatly reduces the per-sample cost of sequenc-
ing. Step (d) PCR amplification, many thousands of GBS read templates are generated through PCR amplification.
Step (e) Fragment size-selection, longer (e.g., >195 bp) and shorter (e.g., < 65 bp) fragments are removed; step (f)
Sequencing, GBS libraries are then processed within a sequencer, genomic information is returned as sequencing
data and stored in a FASTQ file

X XX X

track cross-over events. Through this process, the passage of founder haplotypes onto
descendants is tracked, allowing founder genotypes to be “dropped” down to individu-
als in later generations by looking up allele states from the corresponding chromosomal
segments of its ancestor. Once SNP positions and genotypes are determined, alleles of
each genotype are inserted into selected GBS fragments to generate the “true” genotypes
for the individuals for which GBS data are being simulated. Allelic sequence depth is
simulated considering sample-to-sample as well as locus-to-locus variation, in addition
to random variation. Simulated GBS reads are generated that mimic the structure of a
true read: a short DNA sequence serving as sample identifier (i.e., barcode) is attached to
the 5’ end of each GBS read, and GBS reads are replicated on an individual sample and
locus basis to reach the sampled sequencing depth level. Consistent with reads gener-
ated from a sequencer, simulated reads, along with their headers and quality scores, are
written into FASTQ files.

Virtual digestion

A virtual digestion takes a genome assembly (or subset of a genome) and identifies the
cut sites within that genome and fragments that would be generated from restriction
enzyme digestion based on that genome. It is assumed that all cut sites of each restric-
tion enzyme are cut with 100% efficiency. A size selection step allows users to define
the lower and upper genomic fragment size limits (i.e., excluding barcode and adapter

Page 4 of 20
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Fig.2 Schematic flowchart of SimGBS. This flowchart provides an overview of the entire workflow of SImGBS. Blue
and orange boxes represent different types of input and output of SImGBS, respectively, while green represents
different functions (see Supplementary file 1). The name of each function has been labelled in non-bold text. Dot-
ted line boxes (e.g., genome assembly and pedigree) indicate optional inputs
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sequences) and select fragments within the specified range. In SimGBS, this can be used
for the initial investigation into what restriction enzymes might be most suitable for use
in a particular species, given its genome assembly. In the wider scope of SimGBS, this
step identifies the fragments that fall in the specified range to use as the set of fragments
that will be simulated. Single or double digest is possible, and users can choose from
a list of commonly used restriction enzymes provided by SimGBS (e.g., ApeKI or PstI-
Mspl), or define their own enzyme motifs.

Population structure

SimGBS offers users great flexibility to generate different population structures, through
controlling the size of the founder population and allowing increasing, decreasing or
constant population size for a specified number of generations. The structure is stored,
allowing the user to specify another round of population simulation or move on to the
next step of the simulation process (Fig. 3). The user can also supply a pedigree file to
generate an already established breeding population once the base population is simu-
lated to form a historical LD structure. While the population structure is being estab-
lished, the transmission of haplotypes is tracked across generations, but allelic states are
assigned later during SNP simulation. This approach allows SimGBS to remain compu-
tationally efficient when simulating large populations with complex structures.

Single nucleotide polymorphisms
SNP densities are simulated based on either user-defined or default parameters, at both
a global and a local level to capture the range of SNP densities observed in real GBS
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Time
Founders Founders Founders
Intermediate Population Intermediate Intermedi Intermediate
Population Population | Population
One | Two
Base Population | I Base Population | I Base Population
a. Constant b*. Expansion (single population) c. Expansion (sub-populations)

*This captured the simulated population structure in this paper.

Fig. 3 Examples of different simulated population structures: a Constant—population size remains fixed over
time; b Expansion (single population)—population size first increases linearly until it reaches to the targeted popu-
lation size then is held constant. (Note that this population structure was implemented in this paper); ¢ Expansion
(sub-populations)—the size of each sub-population first increases linearly until it reaches to the targeted size then
is held constant

data. Within a 1 Mb window, the SNP position is determined by performing a Bernoulli
trial at each base, where the probability of an SNP occurring is equal to the sampled
local density. Once SNP positions have been sampled, allele frequencies at the founder
level are sampled for those SNPs that are located within GBS fragments of the appropri-
ate size from a Beta distribution with default parameters of o and /3 equal to 0.62 and
0.82, respectively (Supplementary file 1). Founder haplotypes are generated by sampling
allelic states from a Bernoulli distribution parameterised by the sampled allele frequency
at each locus. When a SNP is introduced, the alternate allele is selected uniformly from
the three nucleotides other than the reference allele. Genotypes for sequenced individu-
als are then propagated through the pedigree using the gene-drop method [30].

In addition to simulating the SNPs you might identify through GBS, there is also the
option to simulate SNP-chip genotypes. SNPs are randomly sampled from the genome-
wide set of SNPs such that within each 1 Mb window there are roughly the same number
of SNPs. SNP chip genotypes often have a different allele frequency distribution to GBS
genotypes, and to reflect this, the allele frequency distribution in the founder popula-
tion can be established by modifying the Beta distribution parameters used to simulate
the GBS allele frequencies. The ability to simulate both SNP-chip and GBS SNPs on
the same individuals is required to enable comparisons between these two genotyping
approaches.

Sequencing depth

We assume that variation in sequencing depth comes from three sources: sample-to-
sample variation (e.g., DNA quality), fragment-to-fragment variation (e.g., methyla-
tion patterns influencing the efficiency of the restriction enzyme), and random noise
(e.g., whether the fragment gets read on the sequencer). Further details regarding the
choice of distributions can be found in Supplementary file 2. Expected sample depth
(i.e., sequencing read depth on a per sample basis) and expected fragment depth (i.e.,
sequencing read depth on a per fragment basis) are sampled from independent Gamma
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distributions with identical means, equal to the user-defined sequencing depth. By
default, SimGBS generates fragment depth with a much larger variance than sample
depth, since GBS protocols have been optimised to minimise between-sample depth
variation [31]. Conversely, fragment-to-fragment variation is more difficult to reduce
from a laboratory perspective, e.g., GC-rich regions are associated with PCR-amplifica-
tion problems, due to the formation of secondary intramolecular structures, which may
result in GC-rich regions having lower sequencing depth than other regions. To address
two separate sources of variation in sequencing depth (i.e., sample-to-sample and frag-
ment-to-fragment), the expected fragment depth for an individual at each fragment is
calculated by multiplying their expected sample depth by the expected fragment depth
and dividing by the user-defined sequencing depth. This yields an expected relationship
between depth and call rate (i.e., the proportion of non-missing genotypes) at both the
sample and SNP levels. To reflect the sampling process of fragments during sequenc-
ing, additional random variation was added to get the observed number of fragments
per sample by sampling from a Negative Binomial distribution (see Supplementary file
2 for distribution parameters). In real GBS data, there is a deviation from the expected
relationship between depth and call rate, therefore, the relationship between (log) SNP
depth and call rates (i.e., the proportion of non-missing genotypes) was modelled using a
logistic function, with extra variation introduced around the call rates at the given depth
level without changing the mean depth. This provided relationships between depth and
call rates that closely mimicked what is observed in real GBS data.

Generating simulated reads

Based on the known SNP positions and genotypes, SimGBS inserts variants into size-
selected GBS fragments to generate GBS reads. SNPs that occur in a cut site (i.e., cut
site variants) currently do not impact the depth of the read, however, this will be imple-
mented in future versions of SimGBS. Similar to actual barcoding, a unique, short
sequence is attached to the 5’ end of each GBS read to identify its origin. Each GBS read
is then replicated to match with the sampled depth. Each single-end sequencing read
is randomly sampled to read from the 3’ or 5" end of the fragment. Fragments longer
than 101 bp are trimmed to this length to generate reads, and fragments less than 101
bp are assumed to have been completely sequenced. Phred quality scores are assigned
as “I” for all positions, corresponding to a quality score of 40 in Illumina 1.8+ or Sanger
format (Phred + 33) [32]. Finally, all simulated GBS reads are written into FASTQ format
[33], which comes with aheader that stores basic information about each read, including
artificial sequencer name, flowcell ID, lane, coordinates on the plate, and a string of qual-
ity scores. Depending on the sample size and/or user-preferred data structure, there are
multiple parameters controlling the number of samples from each (virtual) lane, as well
as the number of lanes available within a (virtual) flowcell. Such information is made
available to ensure compatibility with some existing bioinformatics pipelines.

Generating and processing GBS data

To showcase some key features of SimGBS, we simulated GBS data using parameters
extracted from a real dataset, which is available on European Nucleotide Archive (under
BioProject PRJEB54897). Briefly, DNA was extracted from tissue samples from a single
herd of 172 New Zealand Saanen dairy goats (Capra hircus) using the high throughput
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tissue extraction method as described by Clarke et al. [31]. Specifically, the samples were
collected from female goats born in 2014 and 2015 and genotyped in 2016 as part of
standard commercial operations. Tissue samples were obtained using Allflex Tissue
Sampling Units (TSUs; https://www.allflex.co.nz/product/tsu-tissue-sampling-unit/), a
minimally invasive method used routinely in the industry. Further details on the herd,
including its origin, selection history, and genotyping strategy, are available in Wheeler
et al. [31]. and Dodds et al. [31]. Following the GBS protocols described in Elshire et
al. [1], DNA molecules were digested into fragments using the Pst/ restriction enzyme.
Single-end sequencing (with read length up to 100 bp) was performed on an Illumina
HiSeq2500, using v4 chemistry. The resulting data set, contained 271 Million reads after
demultiplexing and trimming, with an average of 1.45 million reads per sample.

Simulated GBS data were generated based on the goat population as described in
Supplementary file 1. Briefly, 100 founders were first increased to a population of 200
individuals over 20 generations. Next, individuals were randomly crossed for another 50
generations, while the population size remained constant. The last four generations were
assigned as the base population and 172 of those individuals were sampled for simulated
GBS sequencing. The simulated population model, consisting of an initial expansion
phase followed by random mating, was used for demonstration purposes to illustrate
the flexibility of SimGBS in generating populations with varying demographic histories.
It was not intended to replicate the exact breeding structure of the real goat herd, for
which pedigree information was unavailable. The Pst] restriction enzyme was used to
generate GBS fragments from the ARSI goat genome and average sequencing depth was
set at 6.5.

The real and simulated GBS data were processed through the snpGBS pipeline [34]:
barcode and common adapters were removed from the raw GBS data using cutadapt
[35], demultiplexed GBS data were then mapped back onto the ARSI goat assembly [36]
using bowtie2 [37], and SNPs were identified using bcftools [38]. The outputs from this
bioinformatic pipeline were then used to inform the parameters used by SimGBS (Sup-
plementary file 2). Both real GBS data (in FASTQ format) and the resulting SNP dataset
(in VCF format) were uploaded to the sequence read archive (SRA) and European varia-
tion archive (EVA) and made publicly available under BioProject PRJEB54897. Analyses
were carried out to evaluate the performance of SimGBS, with the focus on comparing
analysis results from simulated GBS data to those obtained from the real data, using R
functions provided by KGD and GUS-LD [17, 19].

Results and discussion

System requirements

This simulation of GBS data from 172 goats, as described above, was performed on
Julia (Version 1.1.1), using a Linux HPC with 16 allocated cores. The total run time
was less than two hours (i.e., 01:43:33), with peak memory usage at only 7.1 GB. Since
there are no extra system requirements to use the software (aside from those adminis-
trated by Julia), similar jobs can also be executed on a lower-spec device with increased
running time. We ran the same simulation in Julia (Version 1.6.4), using a 64-bit Win-
dows machine with 2 cores and 8 GB RAM. We found that the most efficient way to
implement SimGBS was to simulate the population structure of all chromosomes, then
acquire SNP genotypes and simulate reads on chromosomes individually—this approach
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reduces the computational demand of gene dropping and therefore requires less RAM
and is faster. For instance, under the same settings, the PC run only took 679.5 s to com-
plete the simulation on chromosome 1 (with a length of ~ 154 Mb). However, if this
approach is to be taken it is critical to save the full pedigree file from the initial chro-
mosome to ensure the same mating structure for all simulated chromosomes. We also
attempted to conduct a similar simulation using RADinitio [29], a program to simulate
RAD-Seq data, to compare runtime with SimGBS. However, using the same Linux HPC
as above, our first attempt failed to complete due to excessive computational time (>7
days). The simulation was then run on a per chromosome level, with 4 CPUs allocated to
each job. Across a total of 29 jobs, the shortest run time was just under 24 h (23 h 06 m),
while the longest still lasted over 2 days. We concluded that SimGBS is more suited to
simulating GBS data on large numbers of individuals than RADinitio.

GBS fragments

Through virtual digestion, 1,489,394 GBS fragments were generated using the Pstl
enzyme across 29 chromosomes of the goat genome. Of these fragments, 99,266 (~ 6.7%)
fell within the (genomic) size selection thresholds of 65 and 195 bases (bp). Across 2482
1-Mb fixed-size windows, on autosomal chromosomes, the average local genomic cov-
erage of selected fragments was estimated to be 5225+ 3397 bp per Mb (Fig. 4a). Over-
all, available PstI fragments covered approximately 0.51% of the total genome assembly
for these chromosomes. Surprisingly, genomic coverage of mapped reads from the real
GBS data was estimated to be around 1.42%. Further investigation showed that most
fragments (75.17% of “uniquely mapped” reads) were identified in both the simulated
and real datasets and the observed discrepancy was mainly driven by the presence of
fragments that fell just outside the size selection thresholds for the real datasets, where
22.38% and 2.32% of “uniquely mapped” reads had matching simulated GBS fragments
with size below 65 bp or above 195 bp, respectively. These fragments were excluded
from the simulation, but, due to the imperfect nature of size exclusion in practice, were
found in the real data. Other factors, such as incomplete digestion in the real GBS data,
may also contribute to the inflated coverage of real GBS data, but the occurrence was
relatively low (0.12% of “uniquely mapped” reads).

SNP density

A total of 139,423 SNPs were identified in the real dataset using snpGBS, of which
109,418 were reported from KGD after filtering out those with MAF =0 and depth<0.1
(Table 1). With 44+ 33 SNP being observed from each 1 Mb window (Fig. 4c), divid-
ing this number by the local genomic coverage would provide the estimated local SNP
density of, on average, 0.0086 +0.0030 SNP per bp (Fig. 4d); in other words, we expect
to find approximately one SNP every 115 bp. Local GC sequence content can influence
the size distribution of fragments and subsequently the number of SNPs observed in
a region from GBS data. Since GC-rich regions are more likely to produce fragments
that fall into the size-selection range of GBS (e.g., < 200), more SNPs may be observed
in GC-rich regions (Fig. 4b). A strong linear relationship between GC-count and SNP
count (and genomic coverage) confirmed this issue (Fig. 5). Hence, dividing the SNP
count by genomic coverage to calculate Jocal SNP densities can reflect the relative pro-
portion of SNPs within each 1 Mb window. The resulting distribution of estimated local
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Fig.4 Comparisons between real and simulated GBS data, including a Genomic regions covered by simulated Pst/
GBS fragments within each 1-Mb window; b Estimated GC content of the ARS1T goat assembly within each 1-Mb
window; ¢ the number of SNPs observed (from real GBS data) within each 1-Mb window; d Estimated SNP density
(from real GBS data) within each 1-Mb window; e Number of SNPs observed (from simulated GBS data) within each
1-Mb window; f Estimated SNP density (from simulated GBS data) within each 1-Mb window

Table 1 Summary statistics from analysing real and simulated GBS data

Real SimGBS
Number of SNP 115,191 112,272
Number of samples 172 172
Mean depth 564+10.20 568+858
Mean call rates 0.68+0.03 0.63+0.03

Both real and simulated GBS were processed through snpGBS (incl. SNP calling), and summary statistics were extracted
from KGD output.

SNP densities, or simply the underlying global SNP density model, is right-skewed with
a heavy tail (Fig. 6). After sampling SNP positions by following the proposed method, we
found that both the overall distribution of estimated (local) SNP densities and the num-
ber of SNP found per GBS fragment are very close between real and simulated GBS data
(Figs. 4, 6 and 7).
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Depth and call rates

The average sequencing depth of real GBS data was 5.64, with estimated variances of
sample and SNP depth of 1.72 and 53.15, respectively. In the simulation, the average
sequencing depth was assigned to be 6.5, as some reads are expected to be dropped dur-
ing the bioinformatics processing. The resulting average sequencing depth of simulated
data was 5.68, and the variances of sample and SNP depth were estimated to be 1.47
and 54.71, respectively. Furthermore, the average call rate from real data was 0.68 + 0.03,
whereas the average call rate of simulated data was 0.63 £ 0.03. The variances of SNP call
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rates from the real and simulated GBS data were 0.147 and 0.119, respectively, whereas
the variances of sample call rates, were much smaller, at 0.0009 and 0.0008, respectively.
The simulation successfully captured the relationship between SNP depth and call rate
(Fig. 8) as well as the relationship between sample depth and call rates (Fig. 9).

Minor allele frequency

The MAF distribution from the real GBS data is slightly right-skewed, with the mean
and variance estimated to be 0.21 and 0.025, respectively (Fig. 10). In comparison, the
MAF distribution in the founder population was very close to the Beta distribution we
selected to sample MAF (Supplementary file 2); while the MAF distribution of true
simulated genotypes in the 172 GBS individuals was intermediate between the real
GBS data and the simulated founders. However, the MAF distribution obtained from
the simulated GBS reads was flatter than all other metrics (Fig. 10) because 27,151 (out
of 139,423) SNPs were automatically removed by the default KGD filters at MAF = 0
and SNP depth < 0.01. This indicates that a significant proportion (approx. 19.5%) of the
simulated SNPs are deemed to be non-polymorphic due to a relatively small population
size (Supplementary file 1) or almost completely missing. The ability to accurately cap-
ture rare (low MAF) variation is a common challenge in population genetics and has fre-
quently been discussed in the context of GWAS [39] and imputation [40]. In the context
of simulating a structured population, the challenge is that the SNPs need to be specified
in the founder population, and these can drift to fixation, reducing the number of SNPs
that are segregating within the population. This can cause a large reduction in the num-
ber of simulated SNPs, particularly when the population size is small. Increasing popula-
tion size to counter this is effective but will also increase computation time. Introducing
mutations into the population will also counter this effect to some extent and while
this has not yet been incorporated into SimGBS, it is planned to be included in future
versions of the package. Furthermore, many commonly used restriction enzymes (e.g.,
ApeKI, Pstl and Mspl) have GC in the cut sites. GC pairs mutate at an approximately
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ten-fold higher rate than other combinations which can lead to cut-site variation (i.e., the
loss or gain of restriction site) if the cut site becomes polymorphic [41]. Since a mutation
occurring at the cut site is likely to be in strong LD with SNPs that are located within
the GBS fragment, it can cause some shifts in the MAF distribution and ultimately the
heterozygosity of SNP genotypes. For example, a heterozygous genotype can be seen as
homozygous if one of the alleles is associated with the cut site variation.

Linkage disequilibrium

Linkage disequilibrium (LD) describes non-random association between alleles at dif-
ferent loci. In relation to the distances between loci, the shape of the LD curve often
reveals useful insights into population history. For instance, if there has been continuous
growth in the population, LD is expected to decrease rapidly as the distance between
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loci increases (i.e., LD decay). We estimated LD in the real and simulated data using both
imputed genotypes (via mean imputation, after removing SNPs with more than 50%
missing genotypes) and through implementing GUS-LD [19], an R package that takes
genotype uncertainties into account. For the simulated data we additionally calculated
LD based on the true genotypes.

Both datasets showed a slow decline of LD using all methods, whereby estimates
from GUS-LD and the true genotypes were consistently higher than those calculated
using imputed genotypes (Fig. 11). This was anticipated because the mean-imputation
approach is more likely to depress LD estimates: mean imputation replaces missing
genotypes with a constant, resulting in no variation for the imputed genotypes and no
covariance between the imputed genotypes and neighbouring SNPs, thereby resulting
in LD of zero for the set of individuals with imputed genotypes, and a lower estimate of
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LD overall. LD estimated from GUS-LD was slightly inflated compared to LD calculated
using true genotypes, and this is potentially driven by SNPs with extremely low depth
[19]. Using our simulated dataset, we were able to show that GUS-LD captured the true
LD pattern more accurately than mean imputation as it more closely followed the LD
decay of the true genotypes, and therefore, GUS-LD should be used for estimating LD
when using GBS-type data.

The LD decay plots for the two datasets were very similar (Fig. 11); however, the simu-
lated dataset showed slightly less variation in LD between SNPs at a given distance than
the real dataset, and the decay curve had a slightly different slope, decaying a little faster
than the real dataset. These are likely due to slight differences between the demographic
history of the real dataset and what we have simulated.

Applications

SimGBS was primarily designed to efficiently simulate large-scale GBS data, providing
a useful resource for evaluating and developing analytical methods. A key application is
the benchmarking of variant callers for GBS data. Benchmarking with empirical datasets
is often limited by the absence of true SNP genotypes and positions; however, this infor-
mation can be easily retrieved from simulated dat. With SimGBS, the accuracy of variant
detection method can be quantified by comparing the observed SNP genotypes to the
known “truth’;, and evaluated alongside other performance indicators, such as computa-
tional efficiency and compatibility.

SimGBS can generate datasets under various settings, including different restriction
enzyme, sample sizes, population structure and sequencing depth, to assess approaches
that account for genotype uncertainty (e.g., KGD) or other downstream analyses. For
example, SImGBS was used to show that GUS-LD was a less biased estimator of linkage
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disequilibrium than methods using mean imputed genotypes (Fig. 11). Simulated datas-
etscan also guide improvements to such methods by quantifing the bias of LD estimates
at lower sequencing depth and evaluating adjustments.

When designing new GBS experiments, SimGBS can be used to optimise experimental
parameters (e.g., sequencing effort allocation) to balance cost and data quality. Beyond
research applications, SimGBS also provides an educational tool for demonstrating the
mechanism underlying reduced-representation sequencing. The simulated datasets
can further facilitate the development and testing of new statistical and bioinformatics

methods in genetics.
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Limitations

While SimGBS offers flexible control over population structure and pedigree definition,
it has so far been tested on small to moderately complex pedigrees, such as those in the
example simulation (interactive tutorial) where populations were mated sequentially
before applying a pedigree. Because SimGBS adopts a gene-drop approach that tracks
haplotype transmission and recombination through generations, rather than explicitly
resolving pedigree loops, the presence of cyclic relationships does not directly affect
computation.

However, runtime and memory performance have not yet been systematically bench-
marked for extremely large or highly inbred populations, which represents an area
for future development. The comparison between simulated and empirical datasets
in this study reflects a single representative realisation under fixed simulation param-
eters. Although random seeds were not fixed in this analysis, all stochastic processes in
SimGBS can be reproduced by specifying a seed, allowing users to generate replicate
datasets for assessing simulation variability and benchmarking performance.

Future development

SimGBS will continue to be developed to capture key features of emperical GBS data.
Future versions will incorporate modelling of mutation processes, variability in restric-
tion enzyme cut sites, enhanced flexibility in fragment size selection, including proba-
bilistic modelling to capture the imperfect nature of this process, as well as additional
forms of genetic variation and heterogeneity in sequencing quality scores. There will
also be ongoing efforts to enhance computational efficiency through parallelisation and
workflow optimisation.

In parallel, we plan to implement features enabling explicit modelling of sequencing
error and imperfect digestion to further bridge simulated and empirical data characteris-
tics. would enable more comprehensive benchmarking analyses, including comparisons
of genotype concordance and imputation accuracy, extending previous benchmarking
efforts such as those by Torkamaneh and Belzile [42] and the GBSathon study [43].

Conclusion

SimGBS is an open-source, data-driven computational tool to simulate GBS data that
captures the complexity observed in real GBS data. It was designed to be time- and com-
putationally efficient at simulating large numbers of individuals (>1000), making it suit-
able for benchmarking different analysis methods in both population and quantitative
genetics and aiding in the design of GBS experiments. SimGBS is an extremely flexible
package, with many parameters that can be optimized for your purpose. It is written
in Julia and can also be run from R. We demonstrated the utility of SimGBS by show-
ing that GUS-LD, a package designed for low-depth estimation of LD, gave less biased
estimates of LD than mean imputation of genotypes. SimGBS is an invaluable tool for
exploring the use of low-depth GBS data in genomic analyses.

Availability and requirements
Project name: SimGBS.
Project home page: https://github.com/kanji709/SimGBS.jl


https://github.com/kanji709/SimGBS.jl
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Interactive tutorial: https://colab.research.google.com/github/kanji709/SimGBS.jl/blob/
master/tutorials/SimGBS_Julia_Colab_Notebook.ipynb

Operating system(s): Platform independent.

Programming language: Julia (can be accessed from R via the R package JuliaCall).
Other requirements: Julia 1.0 or higher.

License: MIT.

Any restrictions to use by non-academics: None.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512859-025-06343-6.

Supplementary Material 1: Tutorial for running SimGBS in Julia and R.
Supplementary Material 2: Parameter estimation for SimGBS.

Supplementary Material 3: Fig. S1. Visualisation of outputs at each stage of the SimGBS workflow.
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