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Summary

The use of few and independent markers for parentage assignment has been predominant for
decades, but with the advent of cheaper high density SNP chips a pre-filtering of markers is
necessary to use the traditional methods. We present a method that performs parentage trio
assignment using genomic relationships constructed from tens- of thousands of highly
dependent markers. Also, an iterative training method was created such that a reference
pedigree is not needed for estimation of parameters, as long as at least a few true parent-
offspring trios exist in the dataset.

Two tests were performed, one in silico using simulated genotypes and another test
where genotyped Atlantic salmon were assigned parents. The in silico test revealed that no
incorrect assignments were done when using 1000 offspring with parents available in the
dataset and 1000 offspring without parents available, both with a genotype error of 1%. The
second test using genotyped animals had a 100% assignment accuracy when attempting to
assign 4834 candidate parents to 187 children. The remaining 220 animals (without parents in
the data set) were correctly not assigned any parents.

Conclusion: The use of genomic relationship likelihoods (GRL) can accurately assign
parents to an offspring when both parents exist in the dataset. The method may estimate the
necessary parameters for parentage assignments using an iterative approach on the available
dataset without any prior knowledge of parentage. Thus, the method can do proper parentage
assignment, even without a reference data set of known parents and offspring.
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Introduction

Performing parentage assignment is often done using software such as Cervus (Marshall,
Slate, Kruuk, & Pemberton, 1998), Colony (Jones & Wang, 2010) or Familias (Kling,
Tillmar, & Egeland, 2014). The methods used by these programs are generally based on
likelihoods or likelihood ratios, and assume independence between loci. Thus, a screening of
the markers from a high-density SNP chip must be done in order to identify SNPs with high
MAF, that are independent and in Hardy-Weinberg equilibrium. There may also be family
structure, genotype error rates or inbreeding that complicates the assignment analysis.
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When using all markers on a high density SNP chip for parentage assignment the
exclusion method (deviations from Mendelian inheritance) has been successfully employed
(Hayes, 2011; Wiggans et al., 2009). The exclusion method can suffer from decreased
accuracy, e.g. when genotyping errors are higher than expected (Vandeputte & Haffray,
2014), or when the call rate variance is high. This may happen when the individuals’ quality
of DNA varies within and between samples.

The expected values of the genomic relationships calculated using the first method of
(VanRaden, 2008) will not change due to missing genotypes if the denominator is adjusted.
We propose to use these genomic relationships to create the likelihood of two candidate
parents being the true parents of an offspring. We have coined this the Genomic Relationship
Likelihood (GRL) method. We have also created an iterative method for estimating the GRL
parameters using test-data containing true (but unknown) trios of offspring and parents (i.e.
no separate training data needed).

Methods

The method utilizes genomic relationships among offspring and parent candidates. The first
step is thus to compute these relationships, which can performed effectively even for highly
dense marker data and with many potential parents and offspring.
For all trios consisting of an offspring and its parents there are six genomic relationships:
and , i.e., the genomic relationship of the offspring with itself, between the offspring and its
father, between the offspring and its mother, the father to himself, the mother to herself and
between the father and the mother, respectively.

The expected relationship of an offspring with itself depends on its expected
inbreeding coefficient (Malécot, 1948), that is, a function of the relationship between its
parents:

The expected relationships between an offspring and its parents are dependent on both the
relationship between the parents and on the parents’ relationships to themselves (Falconer &
Mackay, 1996, p. 87):

From this we form three residuals for the six genomic relationships, defined as the
difference between the observed genomic relationships and the expected relationships, given
that this is a true parent-offspring trio:

These residuals are assumed to be tri-variate normally distributed with expectations and
(co)variances:

Estimation of the above parameters is done empirically by using known or assumed true-trio
residuals. We then calculate the GRL (log-likelihood of the computed relationship residuals)
value by inserting the residuals into the formula:

where is a vector of the three residuals, and contain the parameters of the GRL function,
where is a vector of expected (mean) residuals and is the (co)variance matrix of the
residuals. Notice that the formula to obtain the GRL value is proportional to the natural



logarithm of the multivariate normal density function. When the residuals are close to the
expected residuals, as is the case with trios where the two candidate parents are the true
parents of the offspring, the GRL value will be close to zero. When one or both of the
candidate parents are false parents the GRL value will have a small, i.e., more negative,
value.

Assuming no selfing and that dams and sires can be interchanged, the number of
potential trios per offspring is , where q is number of parent candidates. In cases where there
are many parent candidates the number of potential trios will necessarily be very high. To
limit the number of trios to test we applied a genomic relationship threshold of 0.25 for all
candidate parents, that is, candidate parents having genomic relationship to the offspring
below this value are considered not eligible, and will thus not be further tested.

For each offspring, a GRL value is computed for each eligible candidate parent
combination. In addition to the GRL value, a delta-statistic is computed as the difference in
log-likelihood (log of the likelihood ratio) between the two best trios:

where and are the GRL values for the two best-fitting trios. The is useful when there are
false candidate parents with a high genomic relationship to the offspring, e.g. uncles, aunts
and sibs. This is analogous to the value in (Marshall et al., 1998). If real parents are present
in the data, we expect the correct trio to be much more likely than all other trios. For
assignment, we thus required the best trio to be at least 1000 times more likely than the
second-best trio, i.e., on the logarithmic scale: , where is the normal function for residual i.

Estimating the GRL parameters

The needed parameters ( and ) may be estimated using a sample of individuals with known
parents. However, we have developed a method that iteratively performs assignments and
estimates parameters using the iteratively assigned trios. The method follows a number of
steps:

1. Start by sampling random individuals and mate them in silico assuming marker
independency and compute the genomic relationships of all parents and simulated
offspring. As these simulated trios are known to be true, preliminary parameters ( and
) and GRL values for the simulated trios are estimated. As the in-silico matings are
performed under idealized conditions, the initial estimated parameters are expected to
give highly conservative parentage assignments when applied to real data, and are
therefore used as a starting point.

2. A GRL threshold is chosen such that the top 99% in silico-mated trios would be
assigned by the method. The GRL threshold is thus the lowest acceptable GRL value
that can be used to assign a trio. This value is not updated during the next steps.

3. Assignment is then performed using real genomic data and the current estimates of
parameters.

4. Re-estimate the parameters ( and ) using the assigned trios from step 3.
5. Return to 3. and repeat the procedure until no more trios are assigned or the number of

assignments starts to decrease. Then, the second-last set of assignments are considered
as the final assignments. The parameter estimates for , and the GRL threshold
estimated in step 2 from the set of final assignments may be saved for future use.

The above five steps make it possible to assign trios when no pedigree knowledge is
available.



Testing by simulation

Parent- and offspring genomic data was simulated using the software QMSim (Sargolzaei &
Schenkel, 2009) producing two generations with 1000 individuals in the parent generation
and 1000 individuals in the offspring generation. Of the 1000 individuals in the parent
generation, 100 males and 200 females were randomly mated to produce the offspring
generation, thus not all individuals in the parent generation are parents, but all 2000
individuals were included in the analysis.

The 2000 individuals were combined into a single file, and all animals were thus both
potential offspring and potential parent candidates. This implies that both true parents,
uncles/aunts, siblings and offspring were used as parent candidates. A 1% genotype error was
created by altering genotypes randomly to one of the two other possible genotypes. In
addition to this some genotypes was set as missing, so that the overall genotype call rate of
the dataset was approximately 95%.

This was repeated 50 times. Each dataset had ~54.000 markers.

Real data

A test was performed on real data where we sampled 187 traceable Atlantic salmon, i.e. with
previously genotyped parents, from a fish farmer in Norway. We also sampled 220 salmon
from the same population that were used as a negative test (i.e. they had no genotyped
parents). A total of 4834 individuals were used as parent candidates. Here, the offspring- and
parent-generations were kept in separate files. All individuals were genotyped on a 56k SNP
chip.

Results

The results of the analysis of the simulated data set analysed with GRL are shown in Figure 1.
Among the animals with available parents (“Available parents” panel), 98.22% were assigned
correctly, while 1.78% were not assigned to any parent trio. Individuals without available
parents (“Missing parents” panel), were all correctly unassigned.

As for the real data analysis, all individuals with available parent genotypes were
correctly assigned, whereas none of the individuals without available parent genotypes were
assigned (Table 1). Thus, in this test the accuracy was 100%.



Figure 1. Correctly assigned offspring
(Correct – green) and incorrectly not
assigned (No-assign – blue) offspring are
shown in the “Available parents” panel,
while only the correctly not assigned
individuals (No-assign – blue) are shown in
the “Missing parents” panel. There are no
incorrectly assigned individuals (Incorrect) in
either of the panels.

Table 1. Assignment status is shown as rows
with “Assigned” being the offspring that got
assigned correct parents and “Not assigned”
being the offspring that was not assigned
parents at all. Incorrect assignments are not
shown since there were none. The first
column shows the number of individuals that
could be assigned parents (“Traceable”) and
the second shows the number of individuals
that did not have the included parents in the
dataset (“Non-traceable”).

Traceable Non-traceable Total
Assigned 187 0 187

(100%)
Not
assigned

0 220 220
(100%)

187
(100%)

220 (100%) 407

Discussion

Using genomic relationships seems to be a robust way of performing parentage assignment
using high density SNP panels. When including genotype errors and missing genotypes the
method is still close to 100% accurate.

The GRL method does not need a reference dataset with known pedigree structure to
train the model. Hence, datasets can be run directly using iterative assignment. However,
training will fail if there are none (or in some cases few) real parent-offspring trios present in
the dataset.

The is the natural logarithm of the GRL likelihood ratio of the two trios, i.e., how
much more likely the best trio is compared with the second-best. In this study, we have a pre-
defined threshold at 6.9, i.e., the best trio should be at least times more likely than the
second-best trio. The threshold thus ensures the specificity of the assignment. This threshold
has worked for all tests we have done on in-house datasets., as well as the datasets in this
study.

The iterative training procedure may be used to estimate parameters for other types of
parentage assignments. One example is by excluding trios which have non-mendelian
inheritance patterns (exclusions), where assignments by GRL can be used to estimate
threshold values for number of allowed exclusion genotypes for assignment.

A useful property of the GRL-method is when there are clones of the offspring present
in the dataset (e.g., monozygotic twins or vegetative clones in plants). Using classical



methods, e.g. likelihood ratios (Marshall et al., 1998) or parentage assignment by exclusion, a
clone of the offspring will appear as a “perfect” parent. For example, a trio where the father is
replaced by a clone of the offspring, classical methods will result in few exclusions (equal to
true trios) and high likelihoods (often higher than the true trio). Using GRL, clones of the
offspring will not be assigned as parents since the relationship between child and its clone is
much higher than expected between true parents and offspring. However, DNA of parental
clones are not possible to distinguish from true parents in any case.

The GRL method is still in its infancy as a parentage assignment method, but it could
be useful to have an assignment method that does not rely on exclusions or locus likelihood
products. GRL used alone or in combination with, e.g., exclusion-based methods would be a
powerful parentage assignment tool that can be used with high density SNP panels having
high LD between markers. However, with SNP panels with few and independent markers,
GRL will have less accuracy than likelihood-based methods.

Two tests, both with 1,358 offspring and 1,355 parent candidates, were performed to
check the computing time of the GRL software (including computing genomic relationships)
with 1 and 20 CPUs, respectively. All individuals were genotyped on a 56k SNP-chip and
generation of the animals was known. The GRL software used 45 min. 22 sec. using one CPU
and 5 min. 23 sec. using 20 CPUs, i.e., increasing the CPUs 20-fold decreased computing
time ~8.4-fold.

A patent has been filed for the use of the GRL method by AquaGen.
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