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R

ecent developments in the analysis of genetic data
now make possible the direct measurement of
migration
rates
through
individual-based
assignment methods at ecological time frames
relevant for resource management. While several
software implementing these assignment methods have been
examined for accuracy under various conditions of spatial
patterns and rates of gene flow and population size, previous
analyses have not examined the effects of temporal variations in
dispersal rate on assignment accuracy. In this study, we
evaluated the assignment accuracy of the widely used software,
STRUCTURE,
using simulated genetic datasets generated to
reflect two patterns of temporal variation in dispersal rate: a
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normal distribution and a negative binomial distribution, the
latter reflecting a pattern of migration commonly observed in
natural populations in which the movement of a large number of
migrants into the sink population is a rare event. We also
evaluated the accuracy of different assignment models and
varying sample sizes. The results of the simulations suggest that
at the mean migration rate of 5 individuals per generation,
STRUCTURE exhibits greater assignment accuracy from a
negative binomial distribution relative to a normal distribution at
smaller sample sizes of 20-50 individuals. This however is
attributed to greater population structure among populations in
which migration followed a negative binomial distribution, and
its effect on recovering more accurate assignments. At sample
sizes of 100 to 200 individuals, assignment accuracy was similar
for the two distributions. Increasing the sample size generally
resulted in reduced specificity in classification. At the larger
sample sizes, increasing numbers of false positives were
recovered for both normal and negative binomial distribution
patterns, likely due to the proportionally increased probability of
sampling individuals with recent migrant ancestry.
Incorporating prior population information into models of
migrant inference resulted in higher levels of accuracy in
detecting actual migrants (true positive assignments), and
reducing false positive assignments.
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INTRODUCTION
The task of managing and conserving marine resources
requires a clear understanding of population connectivity, or the
extent to which populations are linked by the exchange of
individuals (Sale et al 2005). The rates, spatial scales, and
patterns of dispersal and connectivity among local populations
have important implications to a wide range of ecological and
evolutionary processes, from the dynamics, maintenance and
persistence of populations to genetic diversity, local adaptation
and speciation (reviewed in Strathmann et al 2002, Kinlan et al
2005), and is of critical importance in the context of resource
management and conservation.
Such an understanding is
crucial considering that natural populations, particularly in the
marine realm, generally consist not of closed, independent
populations, but rather of multiple populations interconnected by
various population dynamic processes (metapopulations, Kritzer
and Sale 2004). Demographic exchange and gene flow
facilitated by larval dispersal and adult migration, represent
important mechanisms influencing the coupling of population
dynamics among neighboring populations. Consequently, an
estimation of levels and patterns of connectivity is critical to the
design and implementation of management interventions,
particularly for spatially-explicit management schemes (Sale et
al 2005).
Molecular genetic markers have found widespread
application as a rich source of information on the evolutionary
and ecological history of populations (Avise 1994). Successful
migrants leave behind a genetic trail of their movements,
offering a means of estimating population connectivity via gene
flow (Hellberg et al 2002).
However, equilibrium-based
methods for estimating gene flow rely on indirect estimators of
genetic differentiation in the form of standardized variance in
allele frequencies which are based on theoretical models of
population structure (FST, Wright 1931). Such estimators are
thought to reflect migration rates averaged over evolutionary
time, and not over ecological timescales relevant for guiding
management initiatives (Hedgecock et al 2007, Jones et al 2009).
Moreover, the assumptions underlying theoretical models of
population structure are often violated in natural populations,
and represent significant drawbacks to estimating migration rates
from FST (Bossart and Prowell 1998, Whitlock and McCauley
1999).
Recent developments in the generation and analysis of
genetic data now make possible the measurement of gene flow
over ecological time frames (reviewed in Manel et al 2005).
These direct methods focus on individual-based methods for
identifying populations of origin (assignment methods) or
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putative parents (parentage analysis). These approaches are
most promising towards yielding contemporary estimates of
connectivity and dispersal over temporal scales spanning single
to several generations (Waser and Strobeck 1998, Berry et al
2004, Pearse and Crandall 2004), of relevance to fisheries
management.
The algorithms for assignment methods, and the variety of
software implementing them were developed fairly recently
(Waples and Gaggioti 2006). Although a number of studies have
demonstrated the potential of these programs, the accuracy of
the estimates of various population parameters generated by the
algorithms remain insufficiently characterized statistically.
Thus, the statistical capabilities of these algorithms can constrain
the accuracy of estimates derived from their use. Our inference
of connectivity can only be as accurate as these algorithms
allow. In addition, the range of parameter values within which
the algorithms are expected to generate reliable results is not
well-defined. Because the use of these algorithms is practically
inevitable, and because the estimates that these algorithms yield
may be directly used as basis for actual resource management
decisions, the accuracy of the estimates must be well-understood
to be reliable and useful.
Perhaps the most popular and widely-used program used
for inferring population structure based on assignment methods
is STRUCTURE (Pritchard et al 2000). Implementing a Bayesian
approach, the software compares various models of population
structure (where the number of subpopulations K is fixed) using
an optimization criterion based on minimal linkage
disequilibrium within subpopulations, i.e. finding groups of
individuals that are as far as possible from disequilibrium.
Consequently, the number of subpopulations can be inferred, and
individuals assigned probabilistically to these populations.
Migrants whose population of origin (source) is different from
the population where it was sampled are also identified.
In this study, we investigated the effects of several
parameters on the accuracy of STRUCTURE to identify migrant
individuals, in particular: (1) the temporal variation in dispersal
rate among sampled populations; (2) implementation of ancestry
models with or without prior information on geographic
sampling of individuals; and (3) the number of individuals
sampled for analysis (sample size). Existing population genetic
models have generally ignored the effects of temporal variation
in dispersal rate, assuming instead normal distributions to
approximate complex phenomena.
Ecological phenomena
however, such as spatial and temporal patterns of distribution
and abundance among natural populations, can be better
characterized by a negative binomial distribution (e.g., Pielou
1969, Taylor et al 1979) where the variance can be greater than
the mean. Meanwhile, the effects of sample size on accuracy of
population structure delineation and assignment probabilities is
analyzed to determine sample size thresholds at which reliable
inferences can be made (e.g., Paetkau et al 2004).
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The accuracy of the analytical tools such as STRUCTURE is
typically assessed using simulated data as input so that the
parameters whose effects are under investigation can be
controlled with precision (which is not possible with actual
environmental samples). Here we used the program Nemo
(Guillaume and Rougement 2006) to simulate genotypic data of
populations subject to two patterns of temporal migration rate.
In both scenarios, individuals migrate unidirectionally (source to
sink population only) at the same migration rate (averaged over
several generations).
However, the rate varies between
generations following a normal and negative normal binomial
distribution, respectively. Data from 20 to 200 randomly
selected individuals was used as input to examine the effect of
varying sample sizes, and ancestry models, on the accuracy of
STRUCTURE in identifying migrants.
MATERIALS AND METHODS
Generation of genotype data
Genotypic data was generated for each model of temporal
dispersal pattern (normal or negative binomial distribution)
using Nemo as the simulation platform. The following
parameters were implemented for each model: each model
consisted of two patches (populations), with 4000 individuals
per patch, consisting of equal numbers of males and females.
Genotype data was generated for 20 neutral markers, with 30
alleles per locus, a mutation rate of 5 x 10 -4 characteristic of
hypervariable markers (Ellegren 2000), a recombination rate of
0.5 corresponding to unlinked loci, and maximum values of
initial variance. Dispersal rates between the 2 patches were
assigned using a dispersal matrix, where unidirectional source to
sink migration rate per generation varied according to either a
normal or negative binomial distribution. To ensure that the
pattern of number of migrants per generation varied according to
a fixed mean (i.e. 5 individuals), a list of 4000 integers were
drawn from a normal and negative binomial distribution with
mean = 5. For the latter distribution, the maximum number of
migrants in a generation was restricted to a third of the
population size. Mating within a population was random, and
all offspring had an equal probability of survival, i.e. no fitness
or selection differentials.
Population regulation of adult
individuals was also random. Genotype data was generated for
each dispersal model by running the simulations for 4000
generations, where the dispersal probability for each generation
corresponded with a value from the discrete distribution divided
by the population size. For each model, 20 replicates were
generated to simulate different population scenarios with the
same mean migration rate. To ensure that the temporal dispersal
rates indeed followed the specified pattern, the number of
migrants per generation were obtained for each replicate. The
histograms indicate that the two sets of replicates follow the
desired probability distributions (data not shown).

for each model. For each model (normal and negative binomal
distribution, respectively), 10 datasets from each of the 20
replicates were created. Each dataset consists of 6 different
sample sizes: 20, 30, 50, 100, 150, and 200 randomly selected
individuals. A total of 200 different sample size datasets were
generated for each of the two models.
Assignment of individuals and inferring migrants using
STRUCTURE

The STRUCTURE software uses a Bayesian approach to infer
population structure by clustering individuals probabilistically
into subpopulations (K) where linkage disequilibrium is
minimized (Pritchard et al 2000). For each dataset, population
structure was examined for concordance with the expected
number of subpopulations (K=2). This was done by perfoming
four replicate STRUCTURE runs for each dataset at each of four
hypothesized number of subpopulations (K = 1, 2, 3 and 4). The
optimum K was identified based on the highest estimated log
probability of the data (ln K values). Replicates with an optimal
number of subpopulations other than the expected K=2, and
replicates where the probability of membership in each of the
two expected clusters was ambiguous (p = 0.5, approaching
homogeneity) were noted.
Migrants and migrant ancestry were inferred based on
estimates of the probability (p), of observing the individual
genotype in each subpopulation or cluster (K). For this analysis,
two ancestry models were used and compared for their accuracy
in inferring migrant individuals. In the first approach, a model
of admixture without prior population information was used. An
individual was considered a migrant if the probability (p) of its
ancestry in a cluster other than where it was sampled was lower
than a defined threshold. Two threshold values were used (0.85
and 0.90) to test the effect of stringency on classifying migrants.
The lambda parameter (which affects the prior values of the
allele frequencies) was estimated (instead of being fixed it to 1),
since a smaller value could yield better results when most
marker frequencies are either very high or very low (Pritchard et
al 2000).
In the second approach, we used admixture with prior
population information in the form of the location of sampling
(cluster) from which an individual was sampled as the prior.
Model parameters used to infer the number of clusters were
retained, namely the assumption of independent allele
frequencies and estimation of lambda. Two values for the
probability that an individual is a migrant or has migrant
ancestry were used (‘MIGPRIOR’, v): 0.01 and 0.05. This
model probabilistically determines if an individual is a migrant
or whether it has migrant ancestry in its predefined group. The
model was set to detect ancestry for up to two generations, i.e. if
an individual is a migrant, has a migrant parent, or a migrant
grandparent.

To simulate the effect of sampling different collections of
individuals, datasets were generated with varying sample sizes
Vol.6 | No.1 | 2013
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For each dataset, inferred migrants were counted from the
replicate with the highest estimated log probability (ln K), and
the mean counts for the datasets for each replicate were
obtained.
Comparison of actual and inferred number of migrants
For each dataset, the actual ancestry of each individual
going back one generation (parents) was determined by tracing
its record in the original Nemo-simulated genotype data file. An
individual was identified as a migrant if the population of origin
is different from the population where it was 'sampled'.
Conversely, an individual had a migrant parent if its record
indicated that its parents came from different patches, since in
this case there are only two patches for each simulated model.
To determine the accuracy of STRUCTURE in inferring
migrants, the following categories comparing actual and inferred
ancestry were examined: (1) an actual migrant was detected, i.e.
actual and inferred ancestry were concordant (true positive); (2)
a non-migrant was detected as a migrant (false positive); and (3)
an actual migrant was not detected (false negative). Moreover,
to see the effect of migrant ancestry on migrant inference, we
also noted the instances when an individual with a migrant
parent was inferred as a migrant.
RESULTS
Temporal Migration Pattern: Normal and Negative Binomal
Distribution
To assess the results generated by STRUCTURE, we
compared the frequency (out of 200 runs) of observing a
category of result (where each category corresponds to a
combination of different values of parameters under study)
against those of other categories for each sample size. The
parameters included the two temporal migration patterns (normal
and negative binomial), two modes of migrant inference (with or
without prior information) and the number of migrants in the
sample based on the NEMO simulation and on the STRUCTURE
results. The frequencies observed for each sample size and
category are shown in Table 1.
We first examined whether the two probability distributions
generated similar numbers of migrants for comparisons of the
classification performance of STRUCTURE, by evaluating the total
number of samples with at least one migrant individual. Data
simulated from the two probability distributions generated
similar numbers of samples with migrants for varying sample
sizes, with the exception of the two largest sample sizes (150 and
200), where datasets following a normal distribution generated
approximately 10 more samples on average, compared to those
following a negative binomial distribution (Table 1). The
disparity can be attributed to the fact that as sample size
increases, the proportion of samples with and without a migrant
32

more closely approximate the actual proportion in the total
population of 4000 individuals, over the 200 replicate datasets.
For a negative binomial distribution, the number of populations
with or without a migrant would expectedly be a smaller
proportion of the total number of samples, but exhibiting greater
skew, i.e. more extreme values of number of migrants.
Examination of the population genotypic data reveals that of the
20 replicates in the negative binomial populations, only 6
replicates contain migrants in the sampled generation, in contrast
to the normal distribution populations where all 20 replicates
included at least one migrant. To account for the effect of this
difference on subsequent comparisons, analyses were based on
the proportion of the classification counts with respect to the
total number of samples with or without migrants instead of the
raw, absolute counts (Fig. 1, 2).
Majority of the datasets sampled contained no migrants.
Datasets following a negative binomial distribution exhibited a
greater number of migrants (ranging from 0 to 6) relative to
datasets from normal distribution patterns (range = 0 to 2). Only
negative binomal distributions generated sample datasets with
more than two migrants, and only at larger sample sizes (at least
100 individuals for 3 migrants, and 150 individuals for
migrants; Table 1). Overall, the proportion of samples with
migrants accurately identified by STRUCTURE was slightly
higher for the negative binomial distributions at smaller sample
sizes of 20 – 50 individuals compared to the normal distribution
(Fig. 1), for both migrant inference approaches (with or without
priors). No significant differences were observed in assignment
accuracy of STRUCTURE between normal and negative binomal
distributions at larger sample sizes (at least 100 individuals).
These general observations were true for both models of migrant
inference, whether with or without prior population information.
Assignment accuracy with and without prior population
information
Majority of the sampled datasets contained zero migrants
(Table 1), across all sample sizes. With an increase in sample
size, the number of migrant-less samples decreased for both
normal and negative binomial distributions, e.g. from 96.5% and
96% (of the 200 datasets), respectively for a sample size of 20
individuals, to 81.5% and 88% respectively, sampling 200
individuals (data not shown). Most of these samples were
correctly inferred by STRUCTURE, with or without prior
population information, to have no migrant (Table 1). At larger
sample sizes (150-200 individuals), including prior population
information resulted in an increased number of correct
classifications (5-10% more) than the model without prior
information. This suggests that improvement in accuracy when
using prior population information is more apparent at larger
sample sizes. At smaller sample sizes (20-50 individuals) only
marginal differences were observed.
In samples with one migrant individual, incorporating prior
population information into the assignment model slightly
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increased the detection of true migrants at smaller sample sizes
(20-100 individuals), for both normal and negative binomial
distributions. At larger sample sizes (150-200 individuals),
incorporating prior information yielded the same proportion of
correct classifications as the model without priors. Results
generated from using more relaxed parameter values, e.g.
probability of cluster ancestry, p (without prior information) and
probability v (with prior information), that an individual is an
immigrant, yielded either a greater or equal number of migrants
from sets with one true migrant in contrast to sets with 2-6
migrants wherein the number of migrants detected were equal
for both parameter values at all sample sizes. This implies that
at this migration rate, classification is easier for samples having
more than one migrant. In the samples with two migrant
individuals, no increase in the proportion of true positives
(accurate detection) was observed when using prior population
information.
The relative number of false positive classifications was
used to measure classification specificity. At smaller sample
sizes (20-50 individuals), there were instances where a greater
number of false positives were observed for samples with prior
population information (Fig. 2), for both normal and negative
binomial distributions. At sample sizes above 100 individuals,
all classifications using prior population information yielded
considerably less numbers of false positives. When using prior
population information, only a single individual was
misclassified in a sample; without prior information, as many as
two individuals were misclassified in a sample (data not shown).
To demonstrate the effect of migrant ancestry on
classification specificity, false positive classifications were
decomposed into samples with falsely classified non-immigrants
with migrant and non-migrant parents. Predictably, since there
were very few individuals with migrant parents, there were more
misclassified individuals with non-migrant parents. However,
the differences in number of misclassified individuals using the
more stringent and less stringent parameters values were in
general, significantly lower in individuals with migrant parents
compared to those with non-migrant parents, indicating that the
former tend to have higher values of probability of ancestry in
their parents’ ancestral cluster.
In both types of misclassification (false positives and false
negatives), only samples following a negative binomial
migration pattern showed a consistent nondecreasing trend as
sample size increased and only when analyzed without prior
population information (Fig. 2). When using prior population
information, the number of misclassified individuals plateaued at
around a sample size of 50 individuals, suggesting that the
model’s ability to improve specificity takes effect at the
specified minimum sample size. Two misclassified individuals
and those with both correct and incorrect classifications were
found only in samples analyzed without prior population
information, except for two instances where the misclassified
individuals had migrant parents, which further supports the
Vol.6 | No.1 | 2013

observation that incorporating prior population information
improves assignment accuracy.
Sample Size
Increasing sample size resulted in an increase in the
proportion of samples (out of the total number of 200 simulated
datasets) where migrants were identified, for both true or false
positive classifications (Fig. 1 & 2, respectively). This was true
for both sets with normal and negative binomial temporal
migration pattern.
For false positive classifications, the proportion of samples
identified without incorporating prior information increased with
sample size, and was more pronounced for negative binomial
distributions (Fig. 2). Incorporating prior information
considerably reduced classification errors, i.e. the number of
false positives at larger population sizes.
For true positive classifications, the number of samples
increased with sample size as well (Fig. 1). Classification
approximated the actual proportion (approached 100%) at a
minimum population size of 100 individuals, for both normal
and negative binomial migration patterns.
DISCUSSION
The mean migration rates and other simulation parameters
used in the study generated populations that are highly
differentiated (FST = 0.01 to 0.04, p < 0.05). At the migration rate
used in this study (mean of 5 migrants per generation), results
indicate that (1) the temporal pattern of migration could affect
the performance of STRUCTURE in detecting migrants; (2)
increasing sampling effort (sampling size or number of
individuals), while increasing true positive classifications, also
leads to reduced accuracy with increased false positive
identifications; and (3) accuracy in migrant identification is
significantly improved by incorporating prior population
information into assignment methods.
Many studies have previously analyzed the accuracy of
in assigning individuals into the correct cluster using
both empirical and simulated data under varying conditions.
These studies have focused on examining the effects of various
factors on recovering population structure (K) and assignment
accuracy, such as the nature of markers, number and alleles,
sample size, extent of genetic differentiation (e.g., Bernatchez
and Duchesne 2000, Evanno et al 2005, Berry et al 2004, Hauser
et al 2006, Latch et al 2006), according to various parameters
optimal for handling such data (e.g., confidence thresholds, prior
immigrant probability values, baseline data, among others). In
this study, we simulated population genetic data with varying
migration among generations, following either a normal or
negative binomial distribution, over 4000 generations. Both
distributions however have a single mean overall migration rate,
STRUCTURE
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to examine whether a population’s migration history has any
effect on the accuracy of STRUCTURE in identifying population
migrants, i.e. its ability to infer the sampled generation’s
dispersal rate. Moreover, we looked at the effect of sample size
as well as the use of baseline data and levels of stringency

thresholds on STRUCTURE’s accuracy in assigning individuals to
the correct source population.
To facilitate comparisons, we classified STRUCTURE results
into categories wherein migrants were identified (true positives,

Table 1. Frequency (and percent) of runs observed for each sample size and for each result category, where each category
represents a combination of values of the different migrant counts in the sample: actual number of migrants in the drawn
sample of size N based on the NEMO simulation (NM), number of individuals in the sample inferred as migrant based on
analysis of STRUCTURE outputs (ST), number of true migrants in ST (i.e., true positives) (TM), number of individuals in ST
which are not real migrants but with a parent that is a migrant (MP), number of individuals in ST that are wrongly inferred a
migrants (NP), and number of individuals in the sample that are migrants but were not inferred as migrants (i.e., false
negatives) (ND). A total of 200 runs were run per sample size. For rows where STRUCTURE accurately estimated the actual
number of migrants, the values are shown in bold font.
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false positives) or were not identified (false negatives). Due to
the low mean migration rate (5 out of 4000 individuals), most
samples of the total 200 datasets for each migration model
contained no migrants (81.5% to 96.5% of the total datasets;
Table 1). The number of zero-migrant samples decreased with
increasing sampling effort (number of individuals). Assignment
accuracy without incorporating prior information generally
decreased with increasing sampling size, i.e. more individuals
were identified as migrants (false positives) as more individuals
are sampled, for both temporal migration patterns (Fig. 2).

Incorporation of prior population information results in more
conservative identification of migrants, reducing the proportion
of false positives at larger sample sizes relative to inferences
without priors.
STRUCTURE’s accuracy in classifying migrants was
generally similar for samples following normal and negative
binomial distribution patterns, with the exception of slightly
greater sensitivity observed from the latter sets at lower sample
sizes (Fig. 1). Most of the correctly classified samples from the

Table 1. (continued.)
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negative binomial set were drawn from a single replicate
population with an unusually high number of migrants (68
individuals) in the original population. Despite the high number
of migrants in these samples (1-2 migrants among 20
individuals), patches exhibited high levels of differentiation
based on FST values (FST = 0.04 to 0.05, relative to F ST = 0.02 to
0.03 for other samples). Greater genetic differentiation in
negative binomial distributions expectedly increases assignment
accuracy as demonstrated in earlier studies (Berry et al 2004,
Latch et al 2006). At higher sample sizes, migrants were
detected in most samples from both distributions, consistent with
findings by Yang et al (2005) where assignment accuracy using
STRUCTURE increased from sample size 10 to 100 individuals,
where accuracy approached 100% for 100 replicates. However,
the proportion of false positive classifications likewise generally
increased with sample size, indicating that sensitivity to migrant
detection (identifying the number of migrants) increases with
sample size at the expense of specificity (identifying the correct
migrant individuals, true positives only), possibly because at
greater
sample
sizes
the
probability
of
sampling
individuals with recent migrant
ancestry proportionally increases.
We compared STRUCTURE’s
accuracy when using the model
with and without prior population
information. The former model
incorporates prior data by
assigning all or some individuals
membership to a designated
population, such as the location at
time of sampling. The model
postulates that a proportion of an
individual’s genome may have
originated from a population
different from the group from
which it was sampled either
through dispersal (whole genome)
or through a migrant ancestor
(partial genome), under the
assumption that the probability of
migrant ancestry is proportion to
2-tv, where t is the generation and
v is the probability of migration
(user defined). By setting v at a
higher or lower value, one can
control the stringency at which an
individual is classified as a
migrant. Using prior population
information generally resulted in
higher accuracy in classifying
migrants, both in terms of
sensitivity and specificity (Fig. 1
and 2). In terms of sensitivity,
using prior information detected
36

significantly more migrants at lower sample sizes (20 to 50
individuals), even when results using the lower migration
probability value (v = 0.01) were compared with the results
using the less stringent threshold probability (p = 0.85), when
analyzed without prior population information, ranging from 4 to
10% (Fig. 1). However, from size 100 to 200 individuals, the
model with prior population information becomes more
conservative at classifying migrants and missed 1-4 true
migrants, whereas the model without priors detected all
migrants. Incorporating prior population information however,
yields reduced false positive classifications. These results give a
more optimistic assessment of STRUCTURE’s assignment
sensitivity without baseline data, compared to Hauser and
colleagues' (2006) study wherein STRUCTURE classification
between wild and hatchery-bred populations without baseline
data was unable to assign any sample to the latter with a p = 0.95
threshold probability. These results however, may be due to the
less stringent threshold used in this study, at p of 0.85 and 0.90,
respectively.

Figure 1. Percent of samples correctly classified to have a migrant/s by
STRUCTURE (over the total number of samples with actual migrants), without (a)
and with (b) prior population information and following a normal and negative
binomial distribution and using a two threshold confidence values, 0.85 and 0.90
(a) and two probability of immigration values, 0.01 and 0.05 (b).
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The difference in classification accuracy, when using the
model with prior population information, between a higher and
lower assumed probability of migration, emphasizes the utility
of testing a range of migration probability values. Threshold
levels control classification sensitivity and specificity, and
increasing one generally leads to a reduction in the other. This
was the case in most of the samples wherein a lower
classification threshold (lower probability of migration and also,
with the model without prior population information, lower
threshold confidence), resulted in higher classification sensitivity
but at the same time, a proportionally lower specificity (Fig. 1,
2). However, in the set of samples following a normal
distribution, a higher migration probability resulted in none or
little increase in the number of true migrants detected but
generated significantly more false positives (Fig. 1b, 2b).
Consequently, although increasing the assumed probability of
migration increased the number of individuals classified as

migrants, most if not all of these were false detections, even as a
significant proportion of the real migrants remain undetected.
The v values used here (0.01 and 0.05) were based on the
suggested range of 0.001 to 0.1 (Pritchard et al 2000) and the
known mean migration rate of 5 migrants per 4000 individuals.
These results show that at low sample sizes (20-30), even setting
the migration probability at a much higher value than expected
could still significantly underestimate actual migrant numbers by
as much as half.

The initial analyses presented here shows that while
extreme deviations in migration history may affect the accuracy
of migrant inference, STRUCTURE generally exhibits similar
levels of accuracy in migrant classification from populations
with different temporal dispersal patterns. Analysis with
additional data at varying levels of population genetic
differentiation may reveal a more informative picture of how
temporal variations affect the
estimation of migrants, and
consequently migration rates.
Since this study was limited to a
single mean migration rate,
future analysis employing a
greater range of migration rates,
particularly higher migration
rates characteristic of high gene
flow scenarios, would allow
more in-depth examination of
assignment accuracy across
varying sample sizes and
assignment method models.
Nonetheless, general inferences
from this initial study can be
used to guide aspects of
sampling design (sample size
thresholds), and genetic analysis
(parameters for STRUCTURE
analysis), and the probable
effects of such on the reliability
and
accuracy
of
results
generated from STRUCTURE
analyses.
Estimates of the
levels of accuracy, and likewise
potential error rates, are
particularly
important
for
population
genetic
studies
aimed at inferring patterns of
connectivity and dispersal.
These are applicable to wild
populations in general, and are
Figure 2. Percent of samples incorrectly classified to have a migrant/s by
particularly relevant for marine
STRUCTURE (over the total number of samples with inferred migrants), without (a)
populations, where the fluid
and with (b) prior population information and following a normal and negative
environment drives complex
binomial distribution and using two threshold confidence values, 0.85 and 0.90 (a)
and two probability of immigration values, 0.01 and 0.05 (b).
dispersal patterns, and typically
large
populations
presents
special
challenges
to

Vol.6 | No.1 | 2013

Philippine Science Letters

37

representative sampling.
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