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Summary

Genotyping-by-sequencing (GBS) produces data suitable for genomic analysis such as
genomic selection or parentage analysis. Analyses are improved when models which
incorporate facets of the genotyping process are taken into account, for example the read
depths of each genotype. We investigate models for non-random allele sampling by using
observed and expected mismatch rates in parent-offspring sets. These models gave
significantly better fits than the random sampling model, but estimated parameters varied
widely between datasets suggesting that the degree of non-randomness is not uniform. The
beta-binomial model could be useful for genomic analysis with GBS, provided it can be
parameterised.
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Introduction

Sequencing based methods, such as genotyping-by-sequencing (GBS; Elshire et al., 2011) are
becoming a viable option for genomic analysis in livestock and other species. This is
particularly the case for species with few genomic resources, such as reference assemblies or
low-cost SNP arrays. One issue with sequencing-based genotypes is that true heterozygotes
may be observed as homozygotes as only one of the two alleles was recruited for sequencing.
This can be ameliorated by increasing the read depth (i.e., increase sequencing effort per
individual) to the point where both alleles are very likely to be observed, but this greatly
increases genotyping costs.

An alternative strategy is to model the allele sampling process directly, as Dodds et al.
(2015) have done when estimating relatedness from GBS data. These authors modelled the
probability of observing both alleles for a heterozygote as 1-2K, where K is a (decreasing)
function of the depth (k). It turned out that estimates of relatedness between individuals did
not depend on K (provided k > 0), but estimates of self-relatedness did, in which case alleles
were assumed to be sampled at random, K=1/2k.

Dodds et al., (in prep.) gives strategies for assigning parentage from sequencing-based
genotypes. One of the criteria uses the excess mismatch rate (EMM) of a parent-offspring pair
or trio. This is the difference between raw and expected mismatch rates, the latter being
calculated using model formulation given above (involving K). However, they found that
EMM tended to be greater than zero, even for pairs or trios that appeared to be true
parentages. Therefore, they developed two alternative models of allele sampling, termed the
beta-binomial model and the modified p model, respectively. Here we investigate the
performance of these alternative models in a number of species using sets of individuals
genotyped for GBS to assign parentage (as well as other possible uses).
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Materials and methods

Animal samples

A collection of datasets was obtained for eight different species. Each dataset contained
offspring and parents. The parentage was either assigned using microsatellite markers (red
deer, wapiti, groper, kingfish, pāua) or unknown (goat, chinook salmon, GreenshellTM

mussel). In most cases, one of the original objectives of the GBS analysis was to obtain
parentage, possibly to verify recorded parentage or to compare with the microsatellite-based
assignments. In the latter two cases, assignments generally agreed although there were a few
discrepancies, possibly due to mis-sampling individuals for one of the analyses. For the
purposes of this study GBS assignments are used in all datasets (including when parentage
was recorded).

Genotyping-by-sequencing

GBS was undertaken by the AgResearch Animal Genomics research laboratory or by
AgResearch’s commercial laboratory (Genomnz; www.genomnz.co.nz) following the
methods described in Dodds et al. (2015) which in turn are based on the methods of Elshire et
al. (2011). DNA extraction methods were tailored to the species and tissue type to obtain high
quality DNA. Most species were sequenced with 192 or 384 samples (including controls) per
HiSeq 2500 sequencing lane using version 4 chemistry and single end 100bp sequences.

Data analysis

Finplots were obtained and in most cases SNPs with a Hardy-Weinberg raw deviation less
than -0.05 were excluded in order to remove cases which might actually be variants across
duplicated regions of the genome (Dodds et al., 2015). The SNP calling process imposes a
minimum minor allele frequency (MAF); however, if SNP calling was performed on a larger
dataset, a minimum MAF of 0 or 0.01 was applied based on the individuals used in this study.

Relatedness estimates were found using the KGD method (Dodds et al., 2015) and
parentage assigned following the strategy given in Dodds et al. (in prep.). This strategy uses a
number of thresholds for assigning the parentage: offspring-parentage relatedness, excess
mismatch rates (EMM) for each parent and for the parent-offspring trio, difference between
estimated inbreeding and half the parent relatedness and offspring relatedness difference
between best and second best matching parents (evaluated by a bootstrapping procedure).
These thresholds were evaluated and modified to suit the dataset being analysed.
Conservative thresholds were used whereby the assigned parentages are likely to be true. The
likelihood of missing parents for each dataset was taken into consideration when setting these
thresholds so that higher levels of unassigned offspring generally occurred when some parents
were known or thought to be absent. Parentage assignment was undertaken with the standard
binomial model of allele sampling.

The beta-binomial and modified p models of Dodds et al. (in prep.) were fitted by
minimizing the sum of squares (SS) of EMMs of the assigned progeny using the optimize
function of R (R Core Team, 2017). Mean squared errors (MSEs) were calculated as the SS
EMMs divided by the number of offspring used minus one. Significance was evaluated by an
F test ((SS binomial model – SS alternate model)/MSE).
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Results

Table 1 shows the number of progeny assigned, GBS results (number of SNPs and mean
depth). Fitted models are shown in Figure 1 and Figure A1 (appendix). In all cases the
alternate models fitted highly significantly (P<0.001) better than the binomial model.

Table 1. GBS results, parameter estimates and means squared errors (MSE) resulting from
fitting the beta-binomial and modified p models to the assigned parentages in each species.

Binomial Beta-Binomial Modified p
Dataset #

progeny1
#

SNPs2
Depth3

MSE
(x106)

MSE
(x106)

MSE
(x106)

Red Deer 527 76,926 3.3 123.3 3.96 8.8 0.604 10.2
Wapiti 239 69,223 3.8 93.8 4.61 10.0 0.591 10.5
Goat 537 55,821 5.5 106.2 6.92 20.9 0.563 21.6
Chinook
Salmon

1331 33,559 1.7 101.2 8.93 46.3 0.541 46.1

Groper 37 14,075 6.6 262.0 2.85 41.1 0.646 45.2
Kingfish 42 25,781 11.5 339.3 2.00 3.6 0.714 4.1
Greenshell
TM Mussel

85 22,148 7.3 3582.5 0.51 57.5 0.934 130.2

Pāua 39 18,164 7.0 831.1 1.49 27.0 0.747 35.3
1 Number of progeny assigned both parents
2Number of SNPs after filtering, if any
3 Mean depth for a genotype call

A B

Figure 1. Comparison of raw and expected mismatch rates for kingfish. The red line denotes
equality (EMM=0) while the grey line denotes the EMM threshold used for assigning
parentage in trios. Assign codes are Y: assigned both parents, E: unassigned due to high
EMM. A uses the binomial model, B uses the beta-binomial model.
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Discussion

The alternate models provide significantly better fits than the binomial model which is a
special case of both alternate models (α = ∞ for the beta-binomial model, =0.5 for the
modified-p model). In most cases the beta-binomial model gave lower or similar MSE to the
modified-p model. The beta-binomial distribution is commonly used for binomial data that
exhibits over-dispersion such as when the sample is a collection of independent samples with
varying success parameters. The modified-p model assumes an allele is more likely to be
recruited for sampling if it has already been seen. Both models may mimic the recruitment of
alleles at a SNP during GBS but it appears that the former provides a better fit.

It is unclear why the parameter estimates vary across the datasets. Possible causes of
differences are DNA quality, genome size and structure. There could also be an influence of
sequencing error at higher depths, whereby true homozygotes are sometimes seen as
heterozygotes. More complicated models could be developed which incorporate a sequencing
error parameter. Parentage data allows parametrising these models by minimizing the EMM.
One approach to parentage assignment would be to use one of these alternate models with
estimated or fixed (from previous similar datasets) parameters. One issue with estimating the
parameter is that there needs to be a preliminary decision on which are the true parentages.
This could lead to an iterative process whereby the model is fitted and parents re-assigned
each iteration. An alternative is to make a preliminary decision based on relaxed thresholds
(e.g. for EMM), but these could be tightened with the alternate model possibly without
causing any change in assignment codes. Using the alternate model might then allow
consistent thresholds when assigning parentage in different datasets. The alternate models do
not influence the relatedness estimates between individuals (so those thresholds would not be
changed), but do modify the inbreeding estimates (Dodds et al., 2015).

Application of the models developed here could lead to better protocols for assigning
parentage or performing other genetic analyses using GBS. It may also lead to a better
understanding of the sequencing process.
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Appendix

Appendix 1. Raw versus expected mismatch rates for all other datasets

Red deer – binomial Red deer – beta-binomial

Wapiti – binomial Wapiti – beta-binomial
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Goat – binomial Goat – beta-binomial

Chinook salmon – binomial Chinook salmon – beta-binomial

Groper – binomial Groper – beta-binomial
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GreenshellTM Mussel – binomial GreenshellTM Mussel – beta-binomial

Pāua – binomial Pāua – beta-binomial

Figure A1. Comparison of raw and expected mismatch rates for binomial and beta-binomial
sampling models for different datasets. The dataset and model are shown at the top of each
plot. The red line denotes equality (EMM=0) while the grey line denotes the EMM threshold
used for assigning parentage in trios. Assign codes are Y: assigned both parents, F: assigned
father only, M: assigned mother only, E: failed the EMM threshold, B: failed the bootstrap
threshold for similarly matching parents, A: an alternative pair of parents with lower EMM
passes the other criteria, I: inbreeding estimate incompatible with parent relatedness, N: not
assigned – see Dodds et al. (in prep) for further details. Assign codes were determined using
the binomial model only.


