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Abstract

Bayesian clustering methods have emerged as a popular tool for assessing hybridiza-
tion using genetic markers. Simulation studies have shown these methods perform
well under certain conditions; however, these methods have not been evaluated using
empirical data sets with individuals of known ancestry. We evaluated the performance
of two clustering programs, Bars and STRUCTURE, with genetic data from a reintroduced
red wolf (Canis rufus) population in North Carolina, USA. Red wolves hybridize with
coyotes (C. latrans), and a single hybridization event resulted in introgression of coy-
ote genes into the red wolf population. A detailed pedigree has been reconstructed for
the wild red wolf population that includes individuals of 50-100% red wolf ancestry,
providing an ideal case study for evaluating the ability of these methods to estimate
admixture. Using 17 microsatellite loci, we tested the programs using different training
set compositions and varying numbers of loci. STRUCTURE was more likely than Bars to
detect an admixed genotype and correctly estimate an individual’s true ancestry com-
position. However, sTRUCTURE was more likely to misclassify a pure individual as a
hybrid. Both programs were outperformed by a maximum-likelihood-based test
designed specifically for this system, which never misclassified a hybrid (50-75% red
wolf) as a red wolf or vice versa. Training set composition and the number of loci both
had an impact on accuracy but their relative importance varied depending on the pro-
gram. Our findings demonstrate the importance of evaluating methods used for detect-
ing admixture in the context of endangered species management.
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Introduction systems (Pearse & Crandall 2004; Manel et al. 2005).

These methods provide a statistical basis to evaluate the
contribution of various genetic groups to an individ-
ual’s ancestry (Rannala & Mountain 1997; Cornuet et al.
1999; Pritchard ef al. 2000). Often within a Bayesian
framework, researchers can determine the number of
genetic groups present in a system and estimate the
fraction of an individual’s genotype that originated from
the identified groups (Pritchard et al. 2000; Corander

In both evolutionary and conservation biology, there is
increasing interest in interspecific hybridization and its
frequency in natural systems (Rhymer & Simberloff
1996; Arnold 1997; Allendorf et al. 2001). However, the
most basic challenge associated with studying hybrid-
ization is identifying hybrid individuals within a popu-
lation. Recently, the development of clustering methods
and assignment tests to analyse multilocus genotypes

has revolutionized the way biologists study hybrid
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et al. 2003). Insights provided by these methods aid in
the characterization of hybrid systems and implementa-
tion of conservation programs designed to limit genetic
introgression in endangered species (Manel et al. 2005).
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However, these programs can Possess several impor-
tant limitations. Their precision can depend on the level
of genetic differentiation between parental populations;
low levels of divergence in allele frequencies between
the parental groups can limit their ability to identify the
correct number of groups and assign individuals to the
correct group (Latch et al. 2006; Vaha & Primmer 2006;
Kalinowski 2010). The amount of data utilized, such as
number of loci, individual genotypes, and reference
populations, can impact their efficacy (Rosenberg et al.
2005; Latch et al. 2006; Vaha & Primmer 2006; Sanz et al.
2009). Some of these clustering programs allow the
input of prior population information so that prede-
fined individuals are used to generate allele frequencies,
which can alter their performance compared with ‘free
clustering” methods (Piry et al. 2004; Hauser et al. 2006;
Barilani et al. 2007; Pritchard et al. 2007; but see Vahad &
Primmer 2006).

Interpreting the results of these programs also poses
a challenge because the ancestry coefficients (g-values)
they generate can be difficult to relate to true genetic
ancestry (Vdha & Primmer 2006). To our knowledge,
there is no standard, objective way to interpret these
values: most studies simply set an arbitrary probability
threshold in classifying an individual as ‘pure’ vs.
‘admixed’. Several recent studies have incorporated
simulations of hybrid genotypes to determine thresh-
olds of ancestry values that are indicative of hybrid
ancestry (Lancaster et al. 2006; Barilani et al. 2007).
Another important consideration is that similar ancestry
coefficients can be produced for different generations of
hybrids, making it difficult to differentiate F1 hybrids
from later generational backcrosses (Anderson &
Thompson 2002; Lancaster et al. 2006; Barilani et al.
2007). Finally, many software programs have been
developed that exploit the same basic Bayesian philoso-
phy of estimating ancestry; yet, they can produce incon-
gruent results for the same data set (Vdha & Primmer
2006; Pritchard et al. 2007; Burgarella et al. 2009; Sanz
et al. 2009).

Past studies have compared the ability of these pro-
grams to detect hybridization using simulated data sets
(Vdhd & Primmer 2006; Sanz et al. 2009). Simulation
studies allow researchers to manipulate different vari-
ables to evaluate the factors that influence the perfor-
mance of these programs. However, simulation studies
often cannot reflect the complexity exhibited by natural
systems. Ideally, researchers should test these methods
using data sets from the study system to develop spe-
cific criteria to assess hybridization. Our goal in this
study was to compare the accuracy of two commonly
used clustering programs, STRUCTURE (Pritchard et al.
2000; Falush et al. 2003) and Baprs (Corander et al. 2003,
2006; Corander & Marttinen 2006), in estimating ances-
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try coefficients using an empirical red wolf (Canis rufus)
data set. Here, we utilize over 20 years of pedigree data
from a reintroduced red wolf population in eastern
North Carolina that has experienced hybridization with
coyotes (C. latrans). Using this pedigree, we calculated
the known contribution of red wolf ancestry to an indi-
vidual’s genotype and compared those to the estimates
produced by strucTURE and Bars. The results of both
programs were also compared with the Canid Assign-
ment Test (CAT), which is a maximum-likelihood
assignment program designed specifically for this sys-
tem. We also tested these programs while altering the
number of loci and the composition of training sets to
evaluate how those variables affect the performance of
these programs. Our results provide an empirical test of
the ability of these popular programs to estimate the
proportion of ancestry for hybrid individuals under a
range of conditions.

Study system

Historically, red wolves were distributed across eastern
North America, but the species was driven to near
extinction by the middle part of the 20th century due to
habitat destruction, overharvesting by humans and
hybridization with coyotes (McCarley 1962; Paradiso &
Nowak 1972; USFWS 1990). Hybrids between red
wolves and coyotes are fertile and reproduce with both
parental species (Adams et al. 2003; Miller et al. 2003).
In 1987, the US Fish and Wildlife Service (USFWS) rein-
troduced four pairs of red wolves into the Albemarle
Peninsula in northeastern North Carolina, USA (Phillips
& Parker 1988). Today, due to natural reproduction and
subsequent releases, the population has grown to 100-
120 adult individuals (USFWS 2007). In 1993, the first
known hybridization event between a member of the
reintroduced red wolf population and a coyote occurred
(Kelly et al. 1999). In response, the USFWS, in collabora-
tion with the Red Wolf Recovery Implementation Team
(RWRIT, Stoskopf et al. 2005), developed an aggressive
adaptive management plan to limit genetic introgres-
sion from coyotes into the red wolf gene pool.

A critical component of that plan was to reconstruct
the pedigree of the red wolf population to monitor the
genetic ancestry of individual animals. Using microsat-
ellite markers, Adams (2006) reconstructed the pedigree
of the population. The first hybridization event in 1993
resulted in introgression of coyote genetic material into
the red wolf population. Two male F1 hybrids were
produced from this event and bred with female red
wolves. Subsequent backcrossing with the red wolf
population has created a gradient of red wolf ancestry
within the population. The USFWS and RWRIT estab-
lished a policy that any individual determined to have
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> 87.5% red wolf ancestry through the pedigree would
be considered a red wolf (Stoskopf et al. 2005). For the
remainder of this article, any individual that is 100%
red wolf (i.e. 100% of its ancestry traced back to the
founders of the captive population) will be called a
‘pure’ red wolf; any individual with 87.5-99% red wolf
ancestry (i.e. some coyote ancestry through the 1993
hybridization event) will be called a ‘backcrossed’ red
wolf. Additional F1 hybridization events have been
detected through genetic testing and pedigree analysis,
but none of these events has resulted in introgression
into the red wolf gene pool (Adams 2006; USFWS 2007).

Methods

Genetic testing

Over the past 24 years, the USFWS has been capturing
and monitoring canids over the 6000 km® peninsula.
Blood samples have been collected from captive
individuals released into the wild, adult individuals
captured during field surveys, and newborn pups.
Every spring USFWS biologists locate red wolf dens
and collect blood samples from pups to locate hybrid
individuals and remove them from the population
before they become old enough to disperse and repro-
duce. For this article, we examined wild canids
captured from this area from 1987 to 2008, during
which a total of 824 individual canids were captured
and genotyped.

Genetic analysis of blood samples followed the
methods outlined in Miller et al. (2003) and Adams
(2006). In summary, each individual was genotyped at
18 microsatellite loci using a 3130x! ABI sequencer. One
locus (CXX30) was difficult to score, and this locus was
removed from the data set. Individuals were initially
assigned to species or hybrid groups using the CAT
developed by Miller et al. (2003). This maximum-likeli-
hood assignment test was developed specifically to
identify red wolves, coyotes and their hybrids and cur-
rently is the test accepted by the USFWS for manage-
ment purposes (see Stoskopf et al. 2005). The CAT
assigns individuals to one of six groups: red wolf, coy-
ote, F1 hybrid, F2 hybrid, Fixred wolf and Flxcoyote
backcross. Allele frequency distributions of the red wolf
population were generated by simulating genotypes
from the founders of the captive red wolf population
while modelling the effects of genetic drift (Miller et al.
2003). Coyotes harvested in North Carolina and Vir-
ginia were used as source populations for the coyote
component of this test.

Pedigree analysis followed the methods developed by
Adams (2006) and was used to determine the parentage
of red wolves and hybrids. To summarize, parentage

was determined using a combination of field and
genetic data. USFWS biologists typically identified
potential parents of a newly captured red wolf or litter
based upon the proximity of the various red wolf packs
and knowledge of breeding pairs. The exclusion
method was first used to determine whether wolves
hypothesized to be potential parents could be parents
based on genotypic data. We confirmed these hypothe-
sized relationships for 301 of 303 individuals using the
program Cervus (Marshall et al. 1998; Kalinowski et al.
2007). Parents were unknown or uncertain for ~39% of
captured individuals. In those situations, we used Cer-
vus to identify the most likely parents from the poten-
tial pool of reproductive individuals in the population.
We required a > 95% confidence level and allowed a
maximum of one mismatch for a potential parent pair.
We also checked all parentage assignments with 1 locus
mismatch to confirm that the pairing was realistic based
on detailed field observations and/or telemetry of
wolves during the breeding season. Twenty-three per
cent of identified parent-offspring relationships had 1
genotypic mismatch; the remainder had zero mis-
matches. Parentage of coyotes was often not evaluated.
Of the 824 documented canids, 630 were confidently
placed in the red wolf pedigree and assigned some
amount fo red wolf ancestry using the methods
described above (Table 1). The remaining individuals
were determined by the CAT to be 132 coyotes, 60
hybrids and two red wolves, none of which could reli-
ably be placed in the pedigree. Of the 630 animals with
red wolf ancestry, 287 were ‘pure’ red wolves while 262
qualified as ‘backcrossed” red wolves (87.5-99% red
wolf), meaning that 549 individuals were considered
red wolves under USFWS guidelines. Eighty-one indi-
viduals were hybrids with known red wolf parent-

Table 1 Number of animals with known red wolf ancestry
based on the pedigree. Values in italics indicate the ancestry
values that belong to the ‘Backcross red wolf ancestry” class.
Underlined values indicate ancestry values classified in the
‘F1x Red wolf backcross’ class. Bold values indicate ancestry
values classified in the ‘F1 hybrid’ class

% Red wolf Count
100 287
98.45 9
96.875 62
93.75 110
92 3
90.6 12
87.5 66
7 30
6575 3
50 33
43.75 15
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age, including 48 F1 hybrids and 33 F1 x red wolf back-
crosses.

A major motivation for using the programs STRUCTURE
and Baps for this study is both allow the incorporation
of more than two parental populations, which is
optimal for this system because there is potential for
genetic introgression from domestic dogs (C. familiaris)
and grey wolves (C. lupus) (Bohling & Waits 2011;
Bozarth ef al. 2011). Other software programs designed
specifically to test for hybridization, such as New-
Hybrids (Anderson & Thompson 2002), do not allow
the incorporation of multiple species and were not
included in our study.

Training set comparison

Although other studies have noted the advantages of
using training sets within the clustering framework (e.g.
Hauser et al. 2006), none have evaluated whether train-
ing set composition impacts ancestry estimation. We
developed three different training sets of red wolf
genotypes and evaluated their impact on estimates of
ancestry. The first training set we tested (Training set-
Founders) only included genotypes from 17 red wolves
captured in the 1970s that were the original founders of
the captive population. These 17 individuals composed
the pre-defined red wolf population in both clustering
programs. Every other canid captured or released into
the wild from 1987 to 2008 was classified as ‘unknown’
origin in these analyses.

The second training set (Training set-Updated)
included the genotypes of the founders and was
updated each year with ‘Pure’” red wolves that were
either born in the wild and identified through the pedi-
gree or born in captivity and released into the wild.
This training set grew in size each year as more ‘Pure’
red wolves were added to the population. In each year,
genotypes of newly captured or released captive indi-
viduals were included as ‘unknowns’ in each analysis.
The exception was 1987, which only included the foun-
ders in the training set because no other red wolves
existed in North Carolina prior to the initial releases.
As an example of the way this training set operated,
the 1988 red wolf training set included the founder red
wolves and individuals that had been released in 1987.
By 2008, the training set had grown to include the foun-
ders (n =17) and every ‘Pure’ red wolf that had been
released or born from 1987 to 2007 (n = 278). We ran a
separate analysis for each year from 1987 to 2008.

The third training set (Training set-12 years) was
restricted to ‘Pure’ red wolves that had been born or
released within 12 years of the year being examined.
Due to the potential for genetic drift and nonrandom
breeding, we hypothesized that the allele frequencies of

© 2012 Blackwell Publishing Ltd

the red wolf population changed over time. We were
interested if this potential shift in allele frequencies
would affect assignment accuracy, especially for current
red wolves. Twelve years was selected as the time
frame for each training set because it represents the
potential maximum age of reproductive red wolves in
the wild. Thus, the third training set was designed to
only include potentially reproductive individuals when
each cohort of red wolves entered the population. As
before, the year the 1988 red wolf training set included
the founders because no other red wolves existed in the
wild prior to those releases. In 1988, however, the train-
ing set included only red wolves released in 1987
(n =13). By 2008, the training set only included red
wolves born from 1996 to 2007 (n =170). A separate
analysis was completed for each year from 1987 to
2008.

Each clustering analysis also included genotypes from
coyotes, dogs and grey wolves to compose pre-defined
populations. The training sets for coyotes, dogs and
grey wolves remained constant and were not altered
across the analyses. We assumed the allele frequencies
for these three groups remained constant over time
because of their larger effective population sizes. These
training sets consisted of 61 coyotes from North Caro-
lina and Virginia (Miller et al. 2003); 37 grey wolves
from Idaho and Alaska; and 27 domestic dogs. These
individuals had previously been identified as having
>95% posterior probability assignment to their respec-
tive group using sTRUCTURE (Bohling & Waits 2011) and
did not contain any admixed individuals.

For the four populations present in the ‘Founders’
training set, we calculated average allelic richness, Hy,
Fis and number of private alleles using GenAlEx (Peak-
all & Smouse 2006) and pairwise Fsr between all four
species using FSTAT (Goudet 2002). To examine the
effects of genetic drift on the red wolf population, we
calculated pairwise Fgr values between ‘pure’ red
wolves and the other three canid species for the
‘Update’ and ‘12 years’ training sets. Fsr was estimated
between the red wolf training set for each year from
1988 to 2008, and the other species used in the training
sets. We also examined the change in allelic richness,
Hy, and Fig for the ‘pure’ red wolf population by esti-
mating those measures for each year in the ‘12 years’
training set. The values of these variables produced by
the ‘Founders’ were used as a starting point for these
comparisons.

In the sTRUCTURE analyses, each known individual for
all four training sets was assigned to its putative
species with the designation POPFLAG =1 (Pritchard
et al. 2003), and the ‘Use Population Information’
option was chosen as the ancestry model with the
default parameter settings. Unknown individuals were
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given the POPFLAG =0 designation, meaning STRUC-
TURE only updated allele frequencies with the genotypes
of known individuals. The number of populations was
set to four with a burn-in period of 10° reps followed
by 10° MCMC reps. We ran one iteration of STRUCTURE
for each separate analysis: preliminary analyses found
little variation in ancestry values between multiple runs
at the same value of K (see Bohling & Waits 2011).
For each run, STRUCTURE estimated 90% credibility
intervals around ancestry coefficients using the default
parameters.

For Baps, the fixed K clustering option was enabled,
and a ‘Trained clustering’ analysis was conducted using
known individuals as the prior information and
unknown individuals as the sampling units (Corander
et al. 2006). The upper bound on the number of clusters
was set to K = 4. These results were used to conduct an
‘Admixture based on mixture clustering’ analysis to
estimate ancestry coefficients. The simulations consisted
of 100 iterations to estimate ancestry coefficients for our
genotypes, 200 simulated reference individuals from
each population, and 20 iterations to estimate ancestry
coefficients for these reference individuals.

Three separate methods were utilized to test the accu-
racy and precision of these estimates. To evaluate preci-
sion, we used one-way ANOVAs to examine the variability
in the ancestry coefficients produced by each program.
For these analyses, individuals were grouped into four
categories: ‘Pure’ red wolves (100% red wolf), ‘Back-
crossed’ red wolves (87.5-99%), ‘F1x red wolf backcross-
es’ (68.5-75% red wolf) and ‘F1 hybrids’ (43.5-50% red
wolf) based on their pedigree assignments (Table 1). An
ANOovA was performed for each training set/program
combination (six in total) and Tukey’s post hoc test
examined pairwise significance between the estimates
for each category. Precision was also assessed by calcu-
lating the average difference between the proportions of
ancestry based on the pedigree vs. those estimated by
the programs.

Accuracy was tested in two ways: first, we estimated
the correlation coefficient between the proportion of
known red wolf ancestry and the ancestry estimate for
each training set/program combination (six total) Sec-
ond, we estimated misclassification rates for each pro-
gram/training set combination. For calculating
misclassification rates, we set 0.875 as the ancestry coef-
ficient threshold for considering an individual a ‘Pure’
red wolf. If the estimated ancestry coefficient was less
than this value, then an individual was classified as a
hybrid. The CAT does not produce ancestry coefficients;
therefore, we based misclassification rates on whether a
legal red wolf (87.5-100%) was classified as a hybrid
(either F1 hybrid or F1 x red wolf backcross) or a
hybrid as a red wolf.

Varying the number of loci

We chose four subsets from our full suite of loci to
examine the impact of loci number on ancestry analysis:
15, 12, 9 and 6 loci. Loci were selected using a measure
of loci informativeness (I) implemented in GenAlEx
(Peakall & Smouse 2006). This measure is similar to the
Shannon index of diversity used in ecological studies,
except this measure uses allelic diversity as the variable
of interest. For each subset of loci, we included the loci
that had the highest I-values to mimic study designs
where researchers pick the most informative loci for
their analyses. We ran these different subsets in both
programs using only the ‘Founders’ training set. All
individuals captured by the USFWS in North Carolina
(n = 824) served as the unknown samples in this analy-
sis. However, we only included those individuals that
could be placed in the pedigree (n = 630) in our statisti-
cal analyses. To test the effect of loci number, we ran
the same statistical analyses as we did for the training
set comparison. Unknown individuals were grouped
into the four ancestry classes described above, and
ANOvAs were used to test for differences in the means.
We calculated absolute average difference and correla-
tion coefficients between real and estimated ancestry for
each individual. Misclassifications rates were based on
the same ancestry classes as the training set compari-
son, except the subsets were not employed in the CAT.

Results

Training set comparison

Pairwise Fgr values between the four species in the
‘Founders’ training set were moderate (0.10-0.17), with
the red wolf founders demonstrating the highest levels
of differentiation (Table S1, Supporting information).
The red wolf founders had the lowest allelic richness
(4.6), whereas coyotes had the highest (7.3); however,
red wolves had moderate H,, (0.67) compared with the
other species (Table S2, Supporting information). Fg
values suggest both the grey wolf and dog groups
demonstrated homozygote excess; a similar but weak
signal was detected in the coyotes, and the red wolf
founders had a weak heterozygote excess. Coyotes had
by far the most private alleles of any of the groups,
although the other three species also possessed several
private alleles.

For both the ‘Update’ and ‘12 years’ training sets,
pairwise Fgr values with the other three species
increased over time, although they increased more rap-
idly and to higher levels in the ‘12 years’ set (Fig. S1,
Supporting information). Both allelic richness (Fig. S2,
Supporting information) and H, (Fig. S3, Supporting
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information) decreased over time in the ‘12 years’ train-
ing set with the largest drop between the red wolf foun-
ders and the first individuals released into the wild.
Both values showed periodic increases over the course
of 21 years: these coincide with instances where captive
individuals were released into the wild. Fig values var-
ied between positive and negative values with no dis-
cernible trend over time (data not shown).

Regardless of the training set or program, ancestry
estimates were more variable for individuals with

(@00, @ bc d a b c d a bc d
§ 60 / / /
a0 / /
30 % : / . é

STR-Founders .Progr:'::}::::r::ng o STR-12 years

) a b cc a bbb a b cc

Average ancestry coefficient

AN

T T

BAPS-Founders BAPS-Update

Program/Training set

BAPS-12 years

O F1 hybrid
F1 X RW backcross

O Backcross RW

W Pure red wolf

Fig. 1 Average ancestry coefficient and 95% confidence inter-
vals estimated for each ancestry class using each program/
training set combination. These were calculated by averaging
the ancestry coefficients for all individuals within each ancestry
class from a single run of each program. Lower case letters
indicate significant deviations detected between ancestry clas-
ses using Tukey’s post hoc test. The letters ‘STR’ refer to pro-
gram STRUCTURE and ‘RW’ to red wolf. (a) contains the results
for sTRUCTURE and (b) the results from BAPs.
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higher amounts of coyote ancestry (Fig. 1). A significant
effect of ancestry class on ancestry coefficients was
detected for every program/training set combination
(P < 0.0005, Fig. 1). The post hoc tests showed that the
mean ancestry values produced by each STRUCTURE/
training set combination for all four ancestry classes
were significantly different from each other. For Bars,
using the ‘Founders’ and ‘12 years’ training set, all
ancestry groups were significantly different (P < 0.05)
except for the ‘Pure’ and ‘Backcross’ red wolf groups
(P > 0.9). Using the ‘Update’ training set in BAPS, esti-
mates from the ‘Backcross’, ‘Pure’ and ‘FIXRW back-
cross’ classes were not significantly different (P > 0.6).

The highest correlations between g-values and true
ancestry values were found using STRUCTURE regardless
of the training set (r > 0.90) (Fig. 2). None of the train-
ing sets when used in Bars produced correlations
r > 0.90 between ancestry coefficients and known ances-
try values. The ‘Founders’ and ‘12 years’ training sets
in BAPs generated correlations r > 0.8 (0.834 and 0.853,
respectively); the lowest correlation was observed for
the “Update’ training set (r = 0.665).

There was a large range in the ancestry estimates pro-
duced by both programs for individuals with similar
levels of ancestry. Across all training sets, the range in
estimated red wolf ancestry produced by STRUCTURE for
‘F1 hybrids” stretched from 23.3% to 72.8%. BAPs pro-
duced a range of estimated red wolf ancestry for ‘F1
hybrids” from 0% to 100%. The range in values for
‘FIXxXRW backcrosses” produced by STRUCTURE went from
58.5% to 99.4% and by Baps from 65% to 100%. The
average absolute difference between the known ances-
try value and the estimated value from the clustering
programs was lowest for individuals with high red wolf
ancestry (Fig. S4, Supporting information). For struc-
TURE, individuals with the smallest level of difference
between real and estimated ancestry values had 98%
red wolf ancestry: this reflects the fact that sTRUCTURE
never classified an individual as having 100% ancestry
for any genetic group. ‘Pure’ red wolves had the small-
est difference between real and estimated ancestry from
BaPs (Fig. S4, Supporting information).

For the credibility intervals (Cls) surrounding the
g-values produced by STRUCTURE, we examined whether
they overlapped the expected value of red wolf ancestry
based on the pedigree. Considering the ‘Founders’
training set, over 96% of individuals had 90% ClIs that
contained the expected ancestry value. For ‘Pure’ red
wolves, the average width of the CIs around the red
wolf point ancestry value was 11.1 (SD + 5.2). The aver-
age CI width for ‘Backcrossed’ red wolves was 18.4
(SD + 8.8), for the ‘F1 x hybrid backcross” individuals
was 39.7 (SD £ 9.1), and ‘F1 hybrid’ individuals was
53.9 (SD + 7.4).
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The 90% ClIs produced for the ‘Update’ training set
contained the expected ancestry value for 92.5% of indi-
viduals. The average CI width for ‘Pure’ red wolves
was 7.5 (SD +4.6), for ‘Backcrossed’” red wolves
was 16.1 (SD = 8.4), for the ‘F1 x hybrid backcross’
individuals was 34.2 (SD + 7.7), and ‘F1 hybrid’ indi-
viduals was 45.8 (SD + 5.8). For the “12 years’ training
set, the 90% ClIs contained the expected ancestry value
for 92.9% of individuals. The average CI width for
‘Pure’ red wolves was 8.6 (SD + 6.2), for ‘Backcrossed’
red wolves was 17.3 (SD = 8.6), for the 'F1 x hybrid
backcross’ individuals was 34.6 (SD + 7.3), and ‘F1
hybrid” individuals was 44.9 (SD + 5.3).

When using the USFWS 87.5% ancestry threshold as
a benchmark for a legal red wolf, both programs mis-
classified individuals, although it tended to be in oppo-
site directions (Table 2). sTRUCTURE was more likely to
classify a legal red wolf (>87.5% red wolf) as a hybrid,
whereas BAPs was more likely to classify hybrids
(< 75% red wolf) as red wolves. Training set composi-
tion impacted misclassification rates produced by both
programs, but it had less impact on Bars. The ‘Foun-
ders’ training set in STRUCTURE produced the fewest mis-
classifications of true red wolves compared with other
training sets; however, it also misclassified more ‘F1 x
red wolf backcross” individuals as red wolves than the
others. BaPs never classified a true red wolf as a hybrid

except when the ‘Update’ training set was used. Both
programs classified several ‘F1 x red wolf backcrosses’
as red wolves, although BaPs misclassified 3-9 times as
many as STRUCTURE, depending on the training set. No
‘F1 hybrid” was misclassified as a red wolf by STRUCTURE,
but several were classified as red wolves by Bars. Inter-
estingly, Bars using the ‘Update” Training Set classified
a large number of known hybrids (1 = 15) and several
red wolves (n = 8; both ‘Pure’ and Backcross’) as pure
coyotes with no hybrid ancestry.

The CAT never misclassified a hybrid as a red wolf,
but did classify 117 legal red wolves (87.5-98% RW
ancestry) as hybrids: all of these individuals were
‘Backcross’ red wolves. However, it should be noted
that the CAT was not designed to provide greater reso-
lution than classification as 100% or 75% RW ancestry.

Varying the number of loci

Reducing the number of loci had little impact on the
correlation between real and estimated values of red
wolf ancestry (Table S3, Supporting information). Using
BAPS, all correlations were >0.8 regardless of loci set; in
STRUCTURE, the correlations were >0.9 except for the nine
and six loci sets, which produced correlation coeffi-
cients of 0.887 and 0.872, respectively. Lower numbers
of loci had no impact on the sTRUCTURE results: all four
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ancestry categories were found to be significantly differ-
ent regardless of the loci set (P < 0.001). For Bars, the
overall ANOovaA models were statistically significant
(P <0.001), but the post hoc tests revealed that the
‘Pure’ and ‘Backcross’ ancestry groups could not be dif-
ferentiated regardless of the number of loci, similar to
the findings for the full suite of 17 loci. The one excep-
tion was the 12 loci set: in Bars the ‘Pure’, ‘Backcross’
and ‘F1 x red wolf backcross’ groups were not signifi-
cantly different. The average absolute difference
between real and estimated ancestry values did not
increase much for true red wolves (87.5-100%) with
decreasing number of loci in Baps, although for hybrids
(50-75%), the difference did increase slightly (Fig. 54,
Supporting information). These differences did increase
in STRUCTURE, especially for hybrids, although it was not
a strong trend.

Misclassification rates were almost identical for each
loci subset compared with the full suite of loci in BAPs
(Fig. S5, Supporting information). The patterns of mis-
classification rates in sTRUCTURE displayed several trends
(Fig. S6, Supporting information). Initially, at 17 loci,
misclassification rates were highest for ‘F1 x red wolf
backcrosses’, followed by ‘Backcrossed” red wolves.
However, as loci number was reduced, misclassification
rates for both ‘Pure’ and ‘Backcross’ red wolves
increased, while misclassification rates for ‘F1 x red
wolf backcrosses’ declined. At 9 loci, misclassification
rates were highest for ‘Backcross’ red wolves and nearly
the same for ‘F1 x red wolf backcrosses” and ‘Pure’ red
wolves. The trend reversed itself at 6 loci. No ‘Fl1
hybrids’ were misclassified at any loci set indicating
that these methods have the power to distinguish F1
hybrids with only 6 loci.

Discussion

Tests of clustering programs using simulated raw data
(Anderson & Thompson 2002; Viha & Primmer 2006)
and simulations based on data from natural populations
(Lancaster et al. 2006; Barilani et al. 2007; Sanz et al.
2009) have contributed to our understanding of how
these programs perform in various circumstances. Still,
simulated data cannot replicate the complexity of natu-
ral systems and require researchers to make assump-
tions about biological processes that may not be
representative of reality (Huelsenbeck 1995). Using this
empirical data set provides additional insights into how
these programs respond to conditions that are not ideal
but common in real populations.

The risk of performing tests with a real data set is it
may violate the assumptions inherent to the methods or
lack the conditions needed for the programs to opti-
mally operate. Low levels of divergence and a limited
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number of loci limit the efficacy of these programs (Prit-
chard et al. 2000). Vdahd & Primmer (2006) tested sTrRUC-
TURE with simulated data that had a similar number of
loci and Fgp values as those in our data set. Interest-
ingly, the misassignment rates produced by their simu-
lated data in STRUCTURE were comparable to ours,
although they did not use prior population information.
Other studies have used these programs on populations
with fewer loci and lower levels of divergence than this
red wolf system (e.g. Beaumont et al. 2001; Pierpaoli
et al. 2003). Thus, we feel confident that the data from
this system are appropriate for use with these programs
and provide a rigorous test to examine the performance
of these programs in a natural system.

Fis values for our four species suggest a possible vio-
lation of Hardy-Weinberg and linkage equilibrium that
may influence our results. Although this is true, we did
not use these programs to identify clusters since our
populations were pre-defined, which should lessen the
impact of violating this assumption. Also, previous
studies have found that even when assumptions of
equilibrium are ignored, sTRUCTURE (but importantly not
BAPS) still performed well compared to distance-based
methods (Hauser et al. 2006; Rodriguez-Ramilo et al.
2009). The greatest deviations in Fis belong to the grey
wolf and dog clusters, which were relatively unimpor-
tant in this system.

Several general insights can be drawn from the over-
all performance of these programs with this data set.
The first is that the basic statistical framework
implemented by each program dramatically influences
ancestry estimates. The simultaneous calculation of
genetic clusters and proportion of ancestry assigned to
each cluster causes STRUCTURE to produce ancestry esti-
mates that tend to be suggestive of admixture. STRUCTURE
estimates a fraction of ancestry for each cluster, which
typically results in ancestry estimates <1 even for pure
individuals. This complicates interpretation of g-values
and identification of pure individuals (Vdha & Primmer
2006). Baps, by first assigning an individual to a genetic
cluster and then using simulations to detect significant
levels of admixture, was less likely to detect low levels
of admixture. With our data set, STRUCTURE was better at
identifying hybrid genotypes and predicting an individ-
ual’s expected ancestry. The one drawback was sTRUC-
TURE's tendency to classify pure individuals as admixed,
which was similarly found by Vdhd & Primmer (2006).
The lack of a standard, quantitative method for setting
a g-value threshold for hybrid ancestry contributes to
this problem. Simulations of hybrid genotypes from
known individuals to determine thresholds for signifi-
cant ancestry coefficients may provide the best method
to avoid this problem (Lancaster ef al. 2006; Barilani
et al. 2007; Sacks et al. 2011). Using a pedigree that
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Table 2 Percentage of individuals misclassified by the program/training set combinations developed in this study. The initials ‘STR’
stand for sTRUCTURE; all of the other labels refer to program/training set combinations that were tested. The letters 'RW’ stand for red
wolf. The number inside the () indicates the number of individuals that were misclassified

‘Pure’ RW classified

‘Backcrossed” RW classified

‘F1 x RW backcross’ classified ~ ‘F1 hybrid” classified

Program- training set  as hybrid (N =287)  as hybrid (N = 262) as RW (N = 33) as RW (N = 48)
STR- Founders 0.7% (2) 6.1% (16) 24.2% (8) 0% (0)
STR- Update 0.3% (1) 11.5% (30) 15.2% (5) 0% (0)
STR- 12 years 1.7% (5) 16.4% (43) 9.1% (3) 0% (0)
BAPs- Founders 0% (0) 0% (0) 87.9% (29) 2.1% (1)
BAPs- Update 3.0% (9) 1.5% (4) 84.8% (28) 6.3% (3)
BAPS- 12 years 0% (0) 0% (0) 78.8% (26) 0% (0)
CAT 0% (0) 44.7% (117) 0% (0) 0% (0)

contains hybrid individuals such as ours can also
achieve this goal, allowing researchers to quantitatively
assess the likely range of g-values to be produced for
hybrid individuals.

Utilizing the credibility intervals produced by sTruc-
TURE provides a more quantitative means to assess an
individual’s ancestry than relying on point estimates.
For most of our individuals sTRucTURE produced Cls that
contained the ancestry value predicted by the pedigree
with slight differences between training sets. However,
the widths of these Cls, especially for admixed individ-
uals, were large and frequently overlapped multiple
ancestry classes. In addition, for several individuals
with known hybrid ancestry, the Cls for the coyote
cluster overlapped zero (data not shown). For some
hybrids, the Cls for the dog and grey wolf clusters had
upper bounds in the range of 20-30%, with one over
50%. The large widths of these CIs would make them
impractical for management purposes.

Perhaps the most important observation from our
study is the utility a detailed pedigree can provide in
describing hybrid systems. Although creation of such a
pedigree requires identification and sampling of the
parental source populations, it provides a direct means
to track genetic ancestry oppose to indirect estimation
that relies on allele frequencies. Given the challenges
associated by clustering methods, multidimensional
scaling, and assignment tests, researchers should con-
sider developing genetic pedigrees to monitor hybrid-
ization in small populations (see Pemberton 2008).

The use of prior information

The use of training sets can circumvent problems asso-
ciated with these clustering programs identifying spuri-
ous clusters that do not reflect biological system.
Several studies have noted that these programs can
produce spurious clusters that do not reflect population
genetic structure under different scenarios, such as iso-
lation by distance (Frantz et al. 2009; Schwartz &

McKelvey 2009) and the presence of family groups
(Anderson & Dunham 2008). Using our data set, the
‘free clustering’” method implemented in STRUCTURE
divides the red wolves into three groups and combined
coyotes, grey wolves, and dogs in a single cluster at
K =4 (data not shown). Conversely, Bars at K =4
divided the coyotes into two groups, combined grey
wolves and dogs into a single cluster and identified the
red wolves as a unique cluster (data not shown). The
problem of different clustering programs identifying
different patterns of genetic structure has been noted
by other researchers (Jensen et al. 2005; Fjellheim et al.
2009; Kalinowski 2010).

Recently, hybridization studies have begun utilizing
training sets in clustering tests to identify hybrid indi-
viduals (e.g. Pritchard et al. 2007; Oliveira et al. 2008;
Trigo et al. 2008, Bohling & Waits 2011). However,
within this framework, the clustering methods function
like assignment tests in that populations are predefined.
Several studies have compared the performance of clus-
tering methods vs. traditional assignments tests in
hybrid identification and have found mixed results
(Hauser et al. 2006; Pritchard et al. 2007). When prior
population knowledge is known, assignment tests may
be used in conjunction with clustering methods to pro-
vide multiple tests of admixture. The maximum-likeli-
hood assignment test implemented in the CAT
outperformed both clustering methods in identifying
admixed individuals: the CAT never classified a ‘Pure’
red wolf as a hybrid or a hybrid (50-75% red wolf) as a
red wolf. The only individuals misclassified were ‘Back-
cross’ red wolves, which was expected as the program
was originally not designed to accommodate small lev-
els of coyote introgression. Also, the CAT includes
additional information regarding the change in allele
frequencies in the released red wolf population and pri-
vate alleles present only in coyotes. When the CAT was
designed, the goal was to never misidentify a red wolf
(Miller et al. 2003). From the perspective of USFWS
management, the greatest concern is distinguishing
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pure red wolves from hybrids rather than determining
the exact ancestry of admixed individuals. The CAT’s
reliability in identifying pure red wolves while never
misidentifying hybrids demonstrates its value to the red
wolf recovery program.

Training set composition

By altering the composition of our red wolf training set,
we demonstrated the potential impact this component
of the study design can have on ancestry estimation.
The training set in STRUCTURE that produced the lowest
misclassification rates for legal red wolves (‘Founders’)
also produced the highest misclassification rate for
hybrids. Conversely, the training set that misclassified
the fewest hybrids (‘12 years’) misclassified the most
pure red wolves as hybrids. This introduces an impor-
tant paradox: the founders of the population, as would
be expected, are most representative of the genetic
diversity present in the total population, especially
since individuals from the captive population are
released into the wild. However, genetic drift has
caused the current red wolf population to become more
differentiated from the other hybridizing canid species
(Fig. S1), which would improve hybrid identification
(Vdhad & Primmer 2006). Thus, the use of recent vs. his-
torical samples as reference samples can impact conclu-
sions made about hybrid systems when genetic drift
has impacted allele frequencies.

Combining samples from multiple time periods may
be the least accurate method, as suggested by our
results using BAPs. Researchers utilizing training sets
should be cautious about combining samples from mul-
tiple generations due to the potential impact of genetic
drift on allele frequencies. However, it is important to
note that this training set performed well in STRUCTURE,
suggesting the relative performance of different training
sets depends on the method.

Impact of number of loci

Reducing the number of loci had a variable impact on
the performance of these programs. Although STRUCTURE
continued to outperform Baps when the number of loci
was reduced, it appeared to suffer more than Baps as
loci were removed. Similar effects of loci number on the
performance of STRUCTURE have been found by other
studies (Evanno et al. 2005; Rosenberg et al. 2005; Vaha
& Primmer 2006); however, they did not test Baps under
similar conditions.

We were surprised to find that overall performance
of the programs did not decline much with reduced
numbers of loci. Misclassification rates did increase
with STRUCTURE, but otherwise the loci subsets produced
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results similar to the full suite of loci. In BaPs, altering
the training set had a greater impact on these correla-
tions than lowering the number of loci, whereas the
opposite was found in strRucture. Using simulated data
sets, Vdha & Primmer (2006) found reducing the num-
ber of loci had a greater impact on admixture estima-
tion than our study. One potential explanation is the
genetic differentiation between our populations (Fsr
>0.1) was much higher than those simulated by other
studies that have tested clustering methods (e.g. Latch
et al. 2006; Vaha & Primmer 2006). Also, we purposely
selected for loci with the highest informativeness from
an original set of markers that were previously selected
due to their highly polymorphic nature, meaning these
loci had increased power for efficient ancestry assign-
ment. Regardless, a valuable insight from our study is
that training set composition can be as important to
assessing ancestry as the number of loci in the
data set, highlighting the importance of training set
composition.

Conclusion

Despite their utility, the accuracy of clustering methods
can vary depending on the data set and the statistical
properties of specific software programs. STRUCTURE
outperformed BaPs in terms of identifying hybrid indi-
viduals and detecting lower levels of introgression.
Training set composition has not received much atten-
tion as an influential factor in the performance of these
methods; however, our results suggest the different
training sets can produce markedly different conclu-
sions about the same data set. In fact, in our study,
training set composition had a larger impact on pro-
gram accuracy than loci number. Even with the training
sets, the performance of these programs may not be
adequate for managers attempting to identify hybrids
in an endangered population. In that case, system-
specific analysis methods and/or maximum-likelihood-
based assignment tests, such as the CAT, may be more
appropriate. For identification of hybrids in the context
of red wolf recovery, we recommend the continued use
of the CAT as the main method for evaluating ancestry
of unknown individuals. However, the inaccuracies
associated which each program stresses the value of
reconstructing pedigrees from wild populations.
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