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Bayesian parentage analysis reliably
controls the number of false
assignments in natural populations
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Parentage analysis in natural populations is a powerful
tool for addressing a wide range of ecological and evolutionary questions. However, identifying parent–offspring
pairs in samples collected from natural populations is
often more challenging than simply resolving the Mendelian pattern of shared alleles. For example, large numbers
of pairwise comparisons and limited numbers of genetic
markers can contribute to incorrect assignments, whereby
unrelated individuals are falsely identified as parent–offspring pairs. Determining which parentage methods are
the least susceptible to making false assignments is an
important challenge facing molecular ecologists. In a
recent paper, Harrison et al. (2013a) address this challenge by comparing three commonly used parentage
methods, including a Bayesian approach, in order to
explore the effects of varied proportions of sampled
parents on the accuracy of parentage assignments. Unfortunately, Harrison et al. made a simple error in using the
Bayesian approach, which led them to incorrectly conclude that this method could not control the rate of false
assignment. Here, I briefly outline the basic principles
behind the Bayesian approach, identify the error made
by Harrison et al., and provide detailed guidelines as to
how the method should be correctly applied. Furthermore, using the exact data from Harrison et al., I show
that the Bayesian approach actually provides greater control over the number of false assignments than either of
the other tested methods. Lastly, I conclude with a brief
introduction to SOLOMON, a recently updated version of
the Bayesian approach that can account for genotyping
error, missing data and false matching.
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range of ecological and evolutionary questions (Jones &
Ardren 2003; Pemberton 2008). A primary challenge
confronting successful parentage analysis in natural populations is to control the number of false assignments
(Jamieson & Taylor 1997; Christie 2010), which can occur
when individuals that are not part of a parent–offspring
relationship are incorrectly assigned as such. False assignments can readily occur in data sets collected from natural
populations due to the large number of pairwise comparisons that must be made between putative parents and offspring. For example, if 100 adults and 100 juveniles are
collected from the wild without any supplementary demographic or observational data, then 10 000 pairwise comparisons are required (i.e. each adult must be compared
with each juvenile). With limited numbers of genetic loci,
these large numbers of comparisons can result in pairs of
individuals sharing alleles across all loci by chance alone,
falsely mimicking the patterns of alleles shared between
parents and their offspring. False assignments are a serious concern for most parentage studies because they can
lead to incorrect conclusions regarding reproductive success, individual fitness and pedigree reconstruction
(Marshall et al. 1998; Araki & Blouin 2005; Kalinowski
et al. 2007). Thus, a primary objective of many parentage
methods is to minimize the number of false assignments
(see Jones & Ardren 2003 and Jones et al. 2010 for a
review of parentage methods). In an attempt to identify
which methods can identify the most parent–offspring
pairs while minimizing the number of false assignments,
Harrison et al. (2013a) applied three different parentage
methods to simulated data sets. The authors employed
a kinship program, COLONY (Jones & Wang 2010), a
likelihood-based approach, FAMOZ (Gerber et al. 2003), and
a Bayesian parentage method (Christie 2010) that was
suggested to have a high rate of false assignment. Here, I
show that Harrison et al. used incorrect settings for the Bayesian approach and demonstrate that if more appropriate settings are used, then this approach actually performs better
than the others at controlling the number of false assignments.
The Bayesian parentage method (Christie 2010) was initially
developed to identify parent–offspring pairs in data sets
where a low proportion of parents and offspring were sampled. For example, the majority of marine larvae are miniscule
and are nearly impossible to directly track in their ocean environment. As such, parentage analyses can be a useful way to
determine how far and to what extent larvae are dispersing, a
result that has important implications for the successful design
and implementation of marine-protected areas (Planes et al.
2009; Christie et al. 2010a,b; Harrison et al. 2012). When sampling from large natural populations, the probability of collecting any parent–offspring pairs can be low given the small size
of the sample relative to the size of the population. Thus, in
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some cases, there may not be any true parents or offspring
within the sample, such that it is vital to accurately control the
rate of false assignments.
With that end in mind, the approach presented in Christie (2010) first calculates a prior probability of any putative
pair being false within a data set. Within this framework, a
putative pair is any pair of individuals that share at least
one allele at all loci (see Christie et al. 2013 for a more flexible approach). The prior is calculated directly from the
genetic data and is obtained by dividing the expected
number of pairs that share alleles at all loci by chance
alone by the observed number of putative pairs. For example, if the number of pairs expected to share an allele at all

loci by chance was equal to 300 and the observed number
of putative pairs in the data set equalled 1000, then the
prior would be equal to 0.30. Thus, the probability that a
randomly selected putative pair in the data set is false
would equal 30%. This prior is next incorporated into
Bayes’ theorem to calculate the posterior probability for
each individual putative parent–offspring pair. Even if the
prior probability of a randomly selected pair being false is
high, the posterior probability for an individual pair may
be low because true parent–offspring pairs often share
alleles that are less common than those observed in pairs
that share alleles by chance (See Box 1 for a brief summary
of the method).

Box 1 Bayesian parentage analysis
To identify parent–offspring pairs, Bayes’ theorem is employed to determine the posterior probability of a putative
parent–offspring pair being false given the frequencies of shared alleles. Briefly, the method takes into account
allele frequencies such that pairs that share common alleles are considered much less likely to be true than are
pairs that share rare alleles. In accordance with Mendelian expectation, each parent–offspring pair will share at
least one allele across all loci. If a limited number of loci are employed, then pairs of individuals can share alleles
by chance alone. The rate of false matching for a given marker set increases exponentially with a linear increase in
sample size (Christie 2010). The first step is to calculate a prior equal to the probability of any randomly selected
putative pair sharing alleles by chance:

Prð/Þ ¼

Fpairs
Nputative

ðeqn 1Þ

where Fpairs equals the expected number of false parent–offspring pairs and Nputative equals the total number of
putative parent–offspring pairs. Thus, if a data set was expected to contain 10 pairs that shared alleles by chance,
but was observed to contain 100 pairs, then Pr(φ) would equal 0.1. Calculating these values requires simulations
based on the genotype data (See Methods in Christie et al. 2013 for details). In rare cases where the expected
number of false pairs is greater than the number of putative pairs, the prior is rounded to 1. Most, if not all,
observed false pairs will share common alleles, because the probability of sharing an allele by chance is
approximately proportional to the square of the allele frequency. In contrast, the probability that a true parent–
offspring pair will share a particular allele is simply proportional to the allele frequency. Therefore, pairs sharing
rare alleles are much more likely to be true parent–offspring pairs. Bayes’ theorem is invoked to exploit this
principle by calculating the probability of a putative parent–offspring pair being false given the frequencies of
shared alleles:

Prð/jkÞ ¼

Prðkj/Þ  Prð/Þ
Prðkj/Þ:Prð/Þ þ Prðkj/c Þ  Prð/c Þ

ðeqn 2Þ

where Pr(φ) is the prior, calculated as described above, and Pr(φc) is the complement. Pr(k|φ) equals the
probability of sharing the observed alleles given that the putative pair in question is false. This value is calculated
for each putative pair using simulated multilocus genotypes. Notice that when a putative pair shares the most
common alleles across all loci that Pr(k|φ) = 1, and consequently Pr(φ|k) = Pr(φ). To calculate Pr(k|φc), which is
the probability of sharing alleles given that a putative pair is true, the same approach is employed, but the
observed allele frequencies are used rather than the frequencies at which alleles were shared. Notice also that
when the prior Pr(φ) equals 1, the posterior, Pr(φ|k), also equals 1.

© 2013 John Wiley & Sons Ltd
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For each putative pair in the data set, the Bayesian
approach calculates a posterior probability of a pair being
false given the frequencies of shared alleles. For example,
if a particular putative pair has a posterior probability
equal to 0.05, then it has a 5% probability of being false. If
there are 100 other putative pairs from the same data set
with posterior probabilities equal to 0.05, then five of those
pairs will be false on average. The appropriate way to
employ the Bayesian parentage method is to define an a
priori cut-off value (hereafter: alpha) for the calculated posterior probabilities. It is generally not advisable to accept
pairs with a posterior value >0.1. These pairs may not necessarily be false, but as the posterior probability increases,
there is an increasing probability that the putative pair is
false. Using the same example as above, if alpha is set to
0.1, then 10 of 100 assignments may be false, if alpha is set
to 0.5, then 50 of 100 assignments may be false, and if
alpha is set to 1, as was done by Harrison et al., then all
assignments may be false. For most studies, setting alpha
between 0.01 and 0.05 will minimize most false assignments
(see Christie et al. 2013). In rare cases, slightly lower (e.g.
0.001) or higher (e.g. 0.1) cut-off values may be warranted.
In the paper by Harrison et al., the authors used a two-step
process when applying the Bayesian method. First, the
authors set a = 1, thereby accepting all putative pairs, regardless of the posterior probability. Because the Bayesian
approach from Christie (2010) reports every putative pair that
matches at all loci, this procedure is identical to performing
simple exclusion without allowing for a locus to mismatch
(Fig. 1A, orange line). Next, for each offspring, the authors
accepted only the assignments with the lowest posterior value
(Fig. 1A, blue line). Thus, if an offspring matched to one candidate father with a posterior probability equal to 0.01 and to
a different candidate father with a posterior probability of
0.09, only the first assignment was included. However, if a
(A)

Methods
Harrison et al. created simulated data sets corresponding to
low and high genetic diversity. The low-diversity data sets
averaged 10.7 alleles per locus and the high-diversity data
sets averaged 14.9 alleles per locus. In the low-diversity
data set, 250 simulated males and 250 simulated females
were monogamously paired to create four offspring each,
resulting in 1000 offspring. In every test data set, all 1000
offspring were included, but the proportion of parents sampled was varied from 20% to 100%. Genotyping errors were
introduced at 0.1% and 1.0% in the offspring only. The data
used here are identical to those used in Harrison et al.
(2013a) and are available at dryad (Harrison et al. 2013b). I
first used the low-diversity data sets as they were the most
affected by false assignments (see Fig. 2 of Harrison et al.
2013a). Using both the traditional Bayesian approach
presented in Christie (2010) and the recently updated
approach (Christie et al. 2013), I recalculated the number of
false assignments after setting a cut-off value equal to 0.01
(a conservative cut-off value because only one in 100
assignments should be false at that level). I also used the
exact R script to calculate type I and II errors as in Harrison
(B) 0.15
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Type I error rate
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different offspring matched one candidate father with a posterior probability of 0.9 and another candidate father with a
posterior probability of 0.95, then the first pair would be
accepted, even though the probability of that pair being false
equalled 0.9. If an offspring only matched a single candidate
parent, it was also accepted, regardless of the posterior probability. Not surprisingly, the number of type I errors (false
assignments) reported in Harrison et al. for the Bayesian
method is quite large because alpha (the cut-off value) was set
to 1. Here, I reanalyse the exact data presented in Harrison
et al. using a more appropriate cut-off value.
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Fig. 1 Effect of varying the maximum allowable posterior probability for correct parentage assignment (alpha) on the number of false
assignments (type I error). This data set contains 15 loci and is a low-diversity data set directly from Harrison et al. (2013a). The orange
line (top line) in panel A shows the number of false assignments for the Bayesian approach as function of alpha (the cut-off value).
If alpha is set to 1, then this method is equivalent to using Mendelian incompatibility (Exclusion, red arrow). An alternate approach is
to parse the offspring assigned to multiple parents of the same sex and only accept the pair with the lowest posterior probability (blue
points). Harrison et al., used this latter approach, but also set a = 1 (Harrison, red arrow). The green box in panel A represents the
maximum recommended range of posterior values to include in order to minimize false assignments. Panel B illustrates that regardless
of the chosen cut-off value, the proportion of type one errors is equal to or less than the chosen cut-off value (alpha). Notice that the
type I errors in panel B are expressed as a rate in order to make direct comparisons between alpha and the type I error rate (1:1 line).
© 2013 John Wiley & Sons Ltd

5734 N E W S A N D V I E W S : C O M M E N T
Type Ia

Type Ib

200

200

150

150

100

100

50

50

0

0

Type I error rate
0.5

20

40

60

80

100

FAMOZ
COLONY
BAYES

200

0.0

40

60

80

100

20

40

60

80

100

20

40

60

80

100

20

40

60

80

100

0.5
0.4

150

50

50

0

0

60

0.1

200

100

40

0.2

20

100

20

0.3

80

100

0.3
0.2
0.1
0.0

20

200

200

150

150

100

100

50

50

15 Loci

150

10 Loci

Type I errors (False assigments)

0.4

40

60

80

100
0.5
0.4

0.2
0.1
0.0

0

0

20

40

60

80

100

20 Loci

0.3

Fig. 2 Using the exact data as in Harrison
et al., this figure illustrates the number of
type I errors using three parentage methods. The difference between this figure
and the data displayed in Harrison et al. is
that an alpha value of 0.01 was used here
(instead of 1). As per Harrison et al., type
Ia error is the number of false assignments
when the true parent was in the sample.
Type Ib error is the number of false
assignments when the true parent was not
included in the sample. The type I error
rate equals the total number of type I
errors divided by the total number of
assignments. The data here are from the
‘low-diversity’ data sets. Data for COLONY
and FAMOZ are directly from table S4 of
Harrison et al. (2013a). ‘Bayes’ refers to
the Bayesian parentage approach. Notice
that when alpha is set to 0.01, the Bayesian
approach has the lowest number of type I
errors (and a controllable type I error
rate).
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et al., which was available as supplementary online material, except that I set a = 0.01 instead of 1. As in Harrison
et al., type Ia errors were defined as false assignments when
the true parents were in the sample, and type Ib be errors
were defined as false assignments when the true parents
were not included in the sample. I also added both type Ia
and type Ib errors together (the total number of false assignments) and divided by the total number of assignments to
examine the type I error rate. For all results presented here,
I used the same definitions of type I and II errors as
presented in Harrison et al., so that the results are directly
comparable, but it should be noted that Christie (2010)
define these terms differently. Results from FAMOZ and COLONY are directly from tables S3 and S4 of Harrison et al.
(2013a,b).
As with any statistical approach that controls type I errors,
including false discovery rate procedures (Skaug et al. 2010),
the control of false assignments comes at the expense of the
number of correct assignments (Sokal & Rohlf 1994). More
technically, the decrease in type I errors (false assignments)
is typically accompanied by an increase in type II errors (true
parent–offspring pairs that remain unassigned). To illustrate
these trade-offs, I used the high-diversity data set with 10
loci and determined the number of correct and false assignments associated with two different cut-off values, 0.01 and
0.05. I chose to use this data set because the Bayesian
approach was also suggested by Harrison et al. to have a
large number of false assignments when 10 loci were used
with the high-diversity data sets. For all of the above analyses, I used the data sets with the higher rate of genotyping

error (1%) because genotyping errors typically present more
challenging conditions for parentage assignment.

Results
Including all posterior values (setting alpha to 1) when using
the Bayesian method results in a large number of false
assignments (Fig. 1A), as expected. However, when alpha is
set to a lower value (e.g. 0.01 or 0.05), the number of false
assignments is minimal (Figs 1–3). Furthermore, for the
Bayesian approach, the type I error rate typically is less than
or equal to the desired cut-off value (Fig. 1B; see also Christie et al. 2013). When alpha was set to 0.01, the Bayesian
approach had the lowest number of type Ia and type Ib
errors (Fig. 2). Furthermore, the overall type I error rate was
controlled across all proportions of adults sampled. Comparisons with FAMOZ and COLONY revealed that these programs,
at least as used by Harrison et al., result in little control over
the type I error rate. For both FAMOZ and COLONY, the type I
error rate increased with corresponding decreases in the
number of loci used, the overall genetic diversity and the
proportion of parents that were sampled. This is a concerning result because na€ıve users with large data sets and
limited numbers of loci may end up with many false assignments. For example, the type I error rate for FAMOZ was 0.5
when 10 loci and only 20% of the adults were sampled
(Fig. 2). This translates into half of all parentage assignments
being incorrect. One distinct advantage of the Bayesian
approach, therefore, is that the user can directly control the
number of false assignments.
© 2013 John Wiley & Sons Ltd
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Fig. 3 Using the ‘high-diversity’ data sets with 10 loci from
Harrison et al., this figure illustrates the trade-offs that can
arise by varying alpha. When alpha is set at 0.01, there are
fewer false assignments (blue dashed line), but also fewer correct assignments (blue points). When alpha is increased to 0.05,
there are more false assignments, but also more correct assignments (orange points). Many users may be tempted to set
a = 1 in order to maximize the number of correct assignments,
but this is inadvisable as it may result in a large number of false
assignments. The black dotted line illustrates the number of false
assignments for FAMOZ (data from table S3 of Harrison et al.).

As with any statistical procedure, reducing the number
of false assignments comes at the expense of correct assignments. For the high-diversity data sets with 10 loci, the
average number of correct assignments was equal to 129.2
when alpha was set to 0.05; however, the average number
of correct assignments was reduced to 80 when alpha was
set to 0.01 (Fig. 3). This reduction in alpha, however, also
corresponded to an average of 9 fewer false assignments,
resulting in average of only 3.4 false assignments across
data sets. This trade-off is also the explanation as to why
Harrison et al. set a = 1, because as stated in their discussion, the authors were trying to maximize the number of
correct assignments (which can maximize their definition
of accuracy). In fact, using the definition provided by Harrison et al., accuracy is maximized where the sum of type I
and type II errors is lowest. This can result in high numbers of type I errors if there is a multiplicative relationship
between type I and type II errors. As such, it is best to
report type I and II errors separately. The results presented
in figures two and three highlight a feature of this Bayesian
parentage method; it tends to be fairly conservative with
parentage assignments. As a comparison, FAMOZ averaged
106 false assignments for the high-diversity data sets
(Fig. 3), resulting in an average type I error rate of 0.17.

Discussion
For most parentage applications, the ability to control the
number of false assignments is a primary concern because all
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other downstream analyses and conclusions may be biased by
incorrect parentage assignments (e.g. estimates of reproductive success). The Bayesian approach performs well at minimizing the number of false assignments when only pairs with
small posterior probabilities are accepted. In general, setting a
cut-off value between 0.01 and 0.05 represents a good tradeoff between maximizing the number of correct assignments
while minimizing the number of false assignments (Christie
2010; Christie et al. 2013). Depending on the goals of the study,
users may want to choose more conservative (i.e. lower, 0.01)
or liberal (i.e. higher, 0.05–0.1) cut-off values. A distinct advantage of the Bayesian approach is that it allows one to explicitly
control the trade-off. From the data presented in Harrison
et al. (2013a), the type I error rates for both FAMOZ and COLONY
were dependent on the data set being used, but this was not
the case with the Bayesian methods.
It should be noted that the data sets created by Harrison
et al. were derived from parents that produced four offspring each. This simulation process resulted in no variation in reproductive success among parents, a result that is
unlikely to occur in any natural population. Further comparisons among parentage methods could employ more
sophisticated simulations to: (i) explore the effects of variance in reproductive success, (ii) vary the stringency (i.e.
criteria for acceptance) between different methods while
accounting for the theoretical differences in interpretation,
(iii) consider the effects of different mating systems (e.g.
monogamy vs. polygamy), (iv) further disentangle the
effects of alleles that are shared by descent (with respect to
different levels of relationship) vs. those that are simply
identical by state and (v) examine the effects of sampling
across subdivided populations, which could lead to biased
estimates of allele frequencies. Ultimately, there is no one
best parentage method for all scenarios and users should
carefully decide between methods based on the strengths
and weaknesses of their sampling design and their genetic
data sets (reviewed in Jones & Ardren 2003).
Recently, the Bayesian parentage methods have been
substantially updated and can now be employed via a
graphical user interface such that no user knowledge of the
R language is required (Christie et al. 2013). This improved
method now accounts for genotyping error without requiring estimates of the genotyping error rate (See Box 2 for
details). The Bayesian procedure has also been expanded
to account for scenarios with one known parent or with
known parent pairs, which can substantially increase the
assignment power (see also Anderson 2012). Furthermore,
the required simulation procedure has been revised, such
that the run time is several orders of magnitude faster.
These sets of R programs have been collated into a single
program, now called SOLOMON (Christie et al. 2013), and is
freely available from CRAN, the R archive network: http://
cran.r-project.org. SOLOMON was designed to work with both
microsatellites and SNPs. A detailed user manual and
installation information can be found at https://sites.
google.com/site/parentagemethods/. Because SOLOMON is
written in R (R Core Team 2012), the program can be
installed on Linux, Mac, and Windows machines.
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The Bayesian approach presented in Christie (2010) could not explicitly account for genotyping errors. This
approach has recently been overhauled to account for genotyping errors without needing any estimates of the
genotyping error rate (see Christie et al. 2013 for details). This method works by comparing the expected number of
false pairs with the observed number of pairs for each number of mismatching loci and uses this ratio as a prior in
Bayes’ theorem. For example, consider a microsatellite data set with 100 adults, 100 juveniles and 50 true
parent–offspring pairs. If the genotyping error rate is 0%, then all 50 pairs will match at all loci (Panel A). In this case,
the expected number of false pairs and the observed number of putative pairs will be equal at one or more mismatching
loci. This will result in a high prior probability of pairs being false at one or more mismatching loci (Panel C) and
subsequently high posterior probabilities for any false pairs with a mismatch. If the genotyping error rate is high
at 3%, then a portion of true pairs will mismatch at a handful of loci (Panel B). If the marker set has enough
polymorphic loci, then this will reduce the prior at one or more mismatching loci, giving these pairs the possibility
of assignment within the Bayesian framework. This approach is effective regardless of whether the mismatch is
caused by genotyping error, mutation or missing data. Simulated data in panels A and B are from Christie et al.
(2013).
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The number of type I and II errors will be minimized for
all of the above methods by using a large number of polymorphic loci. Determining exactly how many loci are
needed before beginning a study can be easily determined
with simulations. Such analyses can let researchers know
precisely how many loci are needed in order to maximize
the number of correct assignments and minimize the number of false assignments. Alternatively, these analyses can
let researchers know what sample sizes can be collected for
a given marker set and still yield informative results. SOLOMON includes features to create simulated data sets with or
without user-specified allele frequencies. These data sets
can then be analysed in the program to perform a priori
power analyses. The user can define the number of
parents, offspring, unrelated individuals, siblings, loci,
alleles per locus and genotyping error rate. Hopefully, this

2

3

4

Number of mismatching loci

Error = 0%

feature will be useful for anyone trying to decide how many
genetic markers will be necessary for their sample design.
When using SOLOMON, it is important to report the chosen
cut-off value (alpha) and to briefly describe why that value
was chosen (particularly if alpha is >0.1). In some cases, it
may be informative to use both a conservative and liberal
cut-off value to analyse the downstream effects. Furthermore,
the prior should be reported for all numbers of mismatching
loci that include assigned pairs. For example, if some parent–
offspring pairs were assigned with 0 mismatching loci and
other parent–offspring pairs were assigned with one mismatching locus, then both of the corresponding priors should
be reported because they conveniently summarize the exclusionary power of the data set. Lastly, it may be beneficial to
report the posterior probability and number of mismatching
loci for each parent–offspring pair, particularly if there are
© 2013 John Wiley & Sons Ltd
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small numbers of assigned pairs. Pairs with lower posterior
probabilities are less likely to be false, and it may be useful
for readers to examine which pairs were assigned particular
probabilities. Lastly, users should be aware that the precision
of the posterior probability depends on the number of userdefined simulated data sets and genotypes. High precision is
typically achieved by using the default settings, but both the
number of simulated data sets and genotypes should be
reported to ensure the reproducibility of the posterior probabilities (see user manual for details).
With the continual advancements in next-generation
sequencing and reduction in costs associated with genotyping
individuals at large numbers of loci, current challenges
associated with parentage analysis of natural populations may
soon become obsolete. For example, using hundreds of thousands of markers, the program KING can readily distinguish
between first and second order relatives (Manichaikul et al.
2010). It seems likely that large numbers of loci, coupled with
various relatedness and multivariate approaches, will rapidly
elucidate all relationships in samples collected from large
natural populations. Nevertheless, until individuals can be
economically genotyped at many thousands of loci, it remains
important to control for false assignments when employing
parentage analyses. Here, I have demonstrated that, when
used correctly, a Bayesian parentage approach performs well
at controlling the number of false assignments. More importantly, the statistical framework allows the user to explicitly
control the trade-off between type I and II errors, as needed for
the goals of any particular study. The recent advances in incorporating genotyping error and missing data, combined with a
user-friendly interface, will hopefully make the Bayesian
approach presented in SOLOMON more widely applicable.
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