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ABSTRACT: Quality control filtering of single nucleotide
polymorphisms (SNP) is a key step when analyzing
genomic data. Here, we present a practical method to
identify poorly genotyped SNPs by detecting those for
which gene content deviates from the pedigree-based
expectation. This can be achieved by estimating the
heritability of gene content at each marker, defined as the
number of copies of a particular reference allele in a
genotype of an animal (0, 1 or 2). The method uses
Restricted Maximum Likelihood (REML) to estimate
heritability of gene content at each SNP and also builds a
likelihood ratio test statistic to test for zero error variance in
genotyping. The proposed method is illustrated with a real
dataset with genotypes from Illumina PorcineSNP60 chip.
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Introduction
The quality of genotypic data in genomic
evaluations has been carefully considered for some time and
a number of procedures for quality control (QC) have been
developed. The QC filtering of SNPs in genomic evaluation
can increase accuracy, reduce computational effort and
improve stability of estimates of the effects of the remaining
SNPs (Wiggans et al. (2009)). The most commonly used
QC filters include QC on individuals for call rate,
duplicates, parent-progeny conflicts and QC on SNPs for
call rate, minor allele frequency (MAF), departure from
Hardy-Weinberg equilibrium and Mendelian conflicts. The
application of these filters requires arbitrary predetermined
thresholds and does not jointly consider all QC criteria.
Here, we present a practical method to identify poorly
genotyped SNPs (sometimes referred as low-quality SNPs)
by estimating the heritability of gene content at each
marker. Gene content at a given marker locus is the number
of copies of a particular reference allele in an individual’s
genotype (e.g. 0, 1 or 2 for aa, Aa and AA, respectively).
The heritability of gene content is strictly 1, because all
variation is genetic. Any deviation of the estimated
heritability from 1 indicates errors in the data set. This can
be due to genotyping errors, label switching, or pedigree
mistakes. Errors can also arise from imputation procedures,
for instance, if the marker map is wrong. The proposed
method is illustrated with a real dataset.

Materials and Methods
Method. Consider inheritance at a single biallelic
locus with alleles A and a. Let y be the observed gene
content at that locus, defined as the observed number of
copies of allele A carried by a genotyped individual. The y
values of aa, Aa and AA individuals are taken to be 0, 1 and
2, respectively. Following the approach of Gengler (2007),
gene content at a given locus can be treated as a continuous
trait and modeled as y = 1µ + Zu + e, where y is a vector of
observed genotypes coded as gene contents ({0,1,2}), of
order equal to the number of genotyped animals; µ is the
population mean; u is a vector of breeding values for gene
content for both genotyped and ungenotyped animals; Z is
an incidence matrix linking y to u, and e is a vector of
random genotyping errors, e ~ (0, Iσ2e). Assuming HardyWeinberg equilibrium, µ = 2p and u ~ (0, Aσ2u), where A is
the pedigree-based additive relationship matrix, σ2u =
2p(1−p), and p is the frequency of allele A in the base
population.
Under the null hypothesis of no random genotyping
errors (σ2e = 0), h2 = 1 and the model reduces to y = Zu. To
test whether the null model has to be rejected, that is, the
significance of σ2e, we can construct a likelihood ratio test
(LRT) statistic. Under the null hypothesis of zero
genotyping error variance, the LRT statistic is
asymptotically distributed as ½χ2(0) + ½χ2(1) (Self and
Liang (1987); Visscher (2006)). P-values associated to the
observed LRT statistic can be calculated assuming this
distribution.
	
  
Data. We used a pig dataset that has been made
available to the scientific community (Cleveland et al.
(2012)). The dataset consisted of 3534 animals from a single
PIC nucleus pig line with genotypes from Illumina
PorcineSNP60 chip (Ramos et al. (2009)) with essentially
no quality control and a pedigree tracing back two
generations from the genotyped animals (N = 6473). A total
of 52843 SNPs were used in this study, after filtering
genotypes for extreme minor allele frequency (<0.001), the
SNP call rate (<90%), and excluding SNPs located on the X
or Y chromosomes.
Statistical Analysis. For each SNP in the dataset,
the LRT statistic was calculated to test for zero error
variance in genotyping. The residual log-likelihoods under
the full and the reduced model were obtained using
REMLf90 (Misztal et al. (2002)). Heritability of gene
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rejected SNPs, half of them (54%) had MAF below 0.05.
However, heritabilities below 0.6 were only associated to
SNPs with low MAF, which agrees with the fact that most
filtered SNPs under standard QC procedures fall under this
criteria.
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Figure 2: P-values of the likelihood ratio test under
REML and heritability estimates of gene content at the
SNPs. SNPs below the red line have p-values < 0.01.
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content was estimated for each SNP under the full model.
Estimates can be carried on in parallel. Because this
software uses Henderson’s mixed model equations, the
reduced model had to be approximated by specifying a very
small value for the residual variance (σ2e = 10-4). The
advantage of computing this way is that standard genetic
evaluation software can be used. For comparison purposes,
the same analysis was carried out in two extreme scenarios
by randomly permuting half or all genotypes for each SNP
in the dataset.
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Figure 1: Box plots for the estimated heritability
of each SNP of the original PIC dataset (a) and a
randomized version for half (b) and full (c) permutation
of the data.
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Results and Discussion
Figure 1 shows the box plots for the estimated
heritability of the SNPs. For the original dataset (1a),
heritability ranged from 0.13 to 1. The mean heritability was
0.99 and 75% of the SNPs had heritabilities above this
value. When half of the genotypes were randomly
permutated for each SNP (1b), heritability ranged from 0.02
to 0.84, the mean heritability was 0.25 and 75% of the
estimates were below 0.27. For the fully permutated dataset
(1c), all heritabilities were below 0.07. The boxes shift
upward as the overall quality of the dataset improves. When
testing the null hypothesis of zero genotyping error at α =
0.01, the null hypothesis was rejected in 8% (N = 6508) of
the SNPs of the original dataset, whereas all the p-values
where below 10-12 for the half permutated dataset, and
below 10-93 for the fully permutated one. The latter
exemplifies how mislabeling can massively reduce quality
of all SNPs. Figure 2 illustrates the relationship between
heritability estimates and p-values of the likelihood ratio test
when REML is used to estimate variance components of the
original dataset. It can be seen that rejected SNPs had the
lower estimates of heritability, though the range of values
can be large (0.13 < h2 < 0.97, for SNPs with p < 0.01).
Thus, an empirical way to set a significant threshold for
filtering SNPs is to look at the magnitude of heritability
estimates at the rejected SNPs. High quality SNPs can be
achieved with any value of MAF (Figure 3). Among the
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Figure 3: Heritability estimates and minor allele
frequency of the SNPs. Red circles represent SNPs with
p-values < 0.01.
Conclusion
We have introduced a practical QC procedure to
identify SNPs with low quality in genotyping. The proposed
filter is in essence an estimate of heritability of gene content
at the SNPs, and an associated p-value. This QC procedure
can globally consider all QC variables and minimize the use
of arbitrary cutoff values. It can be used alone or as a
complement in standard QC procedures.
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