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ABSTRACT Genetic techniques are frequently used to sample and monitor wildlife populations. The goal of
these studies is to maximize the ability to distinguish individuals for various genetic inference applications, a
process which is often complicated by genotyping error. However, wildlife studies usually have fixed budgets,
which limit the number of genetic markers available for inclusion in a study marker panel. Prior to our study, a
formal algorithm for selecting a marker panel that included genotyping error, laboratory costs, and ability to
distinguish individuals did not exist. We developed a constrained nonlinear programming optimization
algorithm to determine the optimal number of markers for a marker panel, initially applied to a pilot study
designed to estimate black bear abundance in central Georgia. We extend the algorithm to other genetic
applications (e.g., parentage or population assignment) and incorporate possible null alleles. Our algorithm
can be used in wildlife pilot studies to assess the feasibility of genetic sampling for multiple genetic inference
applications. � 2011 The Wildlife Society.
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Molecular methods using genetic markers (e.g., microsatel-
lites, single nucleotide polymorphisms [SNPs]) are impor-
tant tools for wildlife managers in the conservation and
management of populations (Selkoe and Toonen 2006,
Schwartz et al. 2007). For any molecular study, selection
of a marker panel is vital as the first step. Important com-
ponents for marker panel selection include budgetary con-
straints, genotyping error, and the ability to distinguish
individuals. Marker panel selection is especially important
in noninvasive studies. Noninvasive genetic samples (i.e.,
shed hairs, feathers, feces) are often limited and contain
degraded DNA. Some marker panel selection algorithms
exist but they do not incorporate all ingredients for an
optimal marker panel under budgetary constraints.
Current practice is to use all available markers for a study
species or a subset of the most informative markers (Smouse
and Chevillon 1998, Paetkau 2003, Waits and Paetkau
2005). However, some loci are inherently more informative
than others, and an objective means is needed to determine
the most informative ones to meet project objectives, subject
to time and cost constraints.
Population genotype frequencies are the core metrics used

to determine how informative markers would be for abun-

dance, parentage, and population assignment applications.
Application-specific formulae all contain genotype frequen-
cies as parameters, but differ in how they are combined based
on the application. Probability of identity (PID), the proba-
bility that 2 randomly chosen individuals in a population will
have identical genotypes (Paetkau and Strobeck 1994), is
used in population abundance applications. Similar to PID,
parentage studies use the probability of exclusion (Pex;
Jamieson 1979, 1994; Jamieson and Taylor 1997) to deter-
mine how informative markers will be based on the ability to
distinguish among false pedigrees. The ability to correctly
allocate individuals to populations for population assignment
also relies on genotype frequencies with genetic distance
between populations (D) and several distance measures exist
(e.g., Nei 1972, Smouse and Chevillon 1998).
A marker panel that minimizes PID or Pex is an important

step; however, minimizing genotyping error would also
improve data quality and integrity. Molecular methods
can be costly in time and monetary resources and be prone
to genotyping error. Genotyping error from allelic dropout
(i.e., 1 or both of the 2 alleles are not amplified during the
analysis) and/or false alleles (i.e., misprinting or the addition
of an allele) may lead to misclassification of individuals
within a population and lead to errors with other types of
genetic inference. Regardless of the genetic inference prob-
lem, reduction of genotyping error is important for marker
panel selection. General guidelines to reduce genotyping
error for marker panel selection in genetic studies exist for
population abundance applications (e.g., Waits and Paetkau
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2005, Selkoe and Toonen 2006), but formal techniques or
algorithms for choosing a marker set do not. For population
assignment and parentage applications, algorithms for mark-
er panel selection exist (e.g., Bromaghin 2008, Matson et al.
2008), but they do not incorporate cost constraints or gen-
otyping error. Unfortunately, findings on the optimal num-
ber of markers for a panel subject to genotyping error have
been contradictory. Suggestions range from using few highly
polymorphic loci with low PID (Waits and Leberg 2000,
Creel et al. 2003) to not using these heterozygous loci with
more alleles due to more stutter bands (i.e., minor bands that
usually differ from major bands by 2 nucleotides; Hoffman
and Amos 2005).
To improve upon current methods, we present an algo-

rithm that incorporates costs and genotyping error for mark-
er panel selection for population assignment, parentage, and
population abundance applications. Our original motivation
for this problem came from selecting a marker panel for the
central Georgia black bear (Ursus americanus) population
using a pilot study to assess genotyping error (Sanderlin
2009a) for abundance estimation (Sanderlin 2009b). Our
initial objective was to optimize the number of markers
within a marker panel with minimal probability of identity
and genotyping error at a fixed cost. We also recognized that
other genetic inference problems, such as population or
parentage assignment, could benefit from a formal optimi-
zation algorithm under these constraints. We discuss the
algorithm for optimal marker panel selection using our initial
objective for abundance estimation, and describe optimal
marker panel algorithm modifications for other genetic in-
ference applications.

METHODS

Optimization Algorithm
We cast the problem of marker allocation in a constrained
nonlinear programming optimization framework. In general,
constrained optimization has 3 main components: 1) deci-
sion variables, 2) an objective function, and 3) constraints
(Taha 1976). Our decision variables (xi, where i ¼ 1, . . ., L)
are the identities of loci in a proposed marker panel (where xi
is binary with 1 indicating the locus is in the marker panel
and 0 indicating the locus is not in the marker panel). The
number of potential loci (L) from a marker panel will vary by
species and population. The sum of xi is the number of loci in
the proposed marker panel. We present a general optimiza-
tion algorithm that includes the following constraints: prob-
ability of identity among siblings (PIDsib; Evett and Weir
1998), probability of allelic dropout (ADO), probability of
false alleles (FA), and cost (C(a)).
For population abundance applications, a minimum

threshold for number of loci is selected to reduce the shadow
effect (Mills et al. 2000). The shadow effect occurs when 2 or
more individuals are identified as 1 individual because they
have identical genetic tags, often because too few loci or loci
with low heterozygosity are used. We chose PIDsib as a more
conservative metric for this constraint (Evett and Weir
1998).

We were interested in optimizing a marker panel with
expected mean probabilities of genotyping error for the
entire marker panel, instead of each locus individually.
Genotyping error results from different processes depending
on the genotyping error type. Allelic dropout is often caused
by laboratory sampling stochasticity (random laboratory
sampling of fragmented DNA within an individual sample)
and/or amplification of small amounts of DNA (Goossens
et al. 1998, Taberlet et al. 1999). False alleles often occur
with polymerase chain reaction (PCR) amplification artifacts
from dinucleotide microsatellites (Goossens et al. 1998,
Taberlet et al. 1999) or with sample contamination. We
used mean probability of allelic dropout (MDO) and
mean probability of false alleles (MFA) to capture the
mean probability of genotyping error across the whole mark-
er panel.
A simplified cost function for the cost component (C(a))

would include a fixed overhead cost (C0), and an additional
per locus cost (C1) for each locus in the marker panel:

CðaÞ ¼ C0 þ C1

XL
i¼1

xi:

However, if loci can be grouped into multiplexes (i.e., sam-
ples can be genotyped with multiple loci simultaneously
using different fluorescent labels and marker size ranges),
a more descriptive cost function is needed. The cost function
forC(b) would now include the number of multiplexes with at
least 1 locus selected M:

CðbÞ ¼ C0 þ C1 �M ;

where there is a fixed overhead cost (C0) and an additional
multiplex cost (C1) for loci in the marker panel grouped
together in multiplexes. The identities of loci within these
multiplexes would be study-, species-, and population-
specific.
Our initial constraints included a maximum overall proba-

bility of identity among siblings (PIDsib), maximum allow-
able mean estimates of both types of error (MDO and
MFA), and maximum number of loci based on a fixed
cost for the genetic analysis. We summarized our objective
function as follows:

Minimize CðaÞ ¼ C0 þ C1

XL
i¼1

xi;

subject to:

PIDsib ¼
YL
i¼1

ðPIDsib;i � xi þ 1�xiÞ � f ;

MDO ¼
PL

i¼1 ðADOmedian;i � xiÞPL
i¼1 xi

� g;
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and

MFA ¼
PL

i¼1 ðFAmedian;i � xiÞPL
i¼1 xi

� h;

where Lwas the total number of loci in the marker panel, and
ADOmedian,i and FAmedian,i were the posterior median values
of allelic dropout and false allele probabilities at locus i,
respectively. We specified the user-defined constraints on
PIDsib, MDO, and MFA in general terms of f, g, and h,
respectively, as upper bounds. We calculated values for
PIDsib from allele frequencies of collected samples and
used Bayesian posterior estimates of genotyping error, but
any estimates of locus-specific error probabilities would be
acceptable for other studies.
We used the objective function to find the optimal solution

to the model, which we obtained when the ‘‘corresponding
values of the decision variables yield the best value of the
objective function while satisfying all the constraints’’ (Taha
1976:6).We accomplished minimization graphically, instead
of analytically due to nonlinearity in some of the constraints.
We plotted PIDsib and each type of genotyping error sepa-
rately using different cost symbols in each plot based on the
number of loci in each potential marker panel (e.g., Fig. 1 for

PIDsib, MDO, and number of loci). Both types of genotyp-
ing error (MDO and MFA), PIDsib, and number of loci can
be plotted simultaneously using a 3-dimensional plot.
However, for simplicity, we present the constraints with
only 1 type of genotyping error (MDO).
After we selected an optimal marker panel, we tested for

genotypic linkage disequilibrium (LD) and Hardy–
Weinberg equilibrium (HWE) among loci in the marker
panels. Linkage disequilibrium (gametic phase imbalance)
occurs when alleles at 2 or more distinctive loci appear in
gametes more frequently than expected. Evidence of geno-
typic linkage disequilibrium between pairs of loci violates
assumptions of independence among loci and is not optimal
in a marker panel, thus only panels without evidence of LD
between all loci pairs were considered (i.e., LDpanel ¼ 0 if
there was no statistical evidence of genotypic LD for all loci
pairs in the panel after Bonferroni correction and 1 other-
wise). We do not present a constraint that includes linked
loci because genetic inference on probability of identity,
average pairwise genetic distance between populations,
and probability of exclusion values would be biased as these
quantities do not adjust for nonindependent loci.

Extensions to the Optimization Algorithm
Violations of HWE, most often from heterozygote deficien-
cy, could indicate nonrandom mating, selection, limited
population size, random genetic drift, or mutations in the
population (Hartl 2000). Heterozygote deficiency may be
caused by null alleles (i.e., alleles that do not amplify in the
PCR process because of mutations in the flanking regions of
primers). Null alleles may affect genetic metrics, such as
reduction of within-population genetic diversity (e.g.,
Paetkau and Strobeck 1995), and lead to overestimation
of the proportion of genetic variance in the total population
due to variation among subpopulations (Fst) and genetic
distance (Chapuis and Estoup 2007). Null allele frequency
estimators ðr̂Þ can be used to assess the presence of null alleles
(Chakraborty et al. 1992, Brookfield 1996, vanOosterhout
et al. 2004, Kalinowski and Taper 2006). If null alleles
are suspected in the study population, we suggest either
to: 1) add an additional constraint to the system
where only marker panel subsets without null alleles
(i.e., nulli ¼ 0 if there were no null alleles at locus i and
1 otherwise) are considered:

XL
i¼1

ðnulli � xiÞ ¼ 0;

or 2) minimize the loci with null alleles, using a predeter-
mined average null allele frequency (y):

PL
i¼1 ðr̂i � xiÞPL

i¼1 xi
� y

and adjust the genetic metrics (i.e., allele and genotype
frequencies) accordingly (e.g., Roques et al. 1999).
Depending on the particular genetic inference problem,

additional constraints could include: D (Nei’s standard

Figure 1. Example from the central Georgia American black bear popula-
tion pilot study from 2003 to 2006 (Sanderlin 2009a) of graphically selecting
an optimal marker panel. The overall probability of identity among siblings,
PIDsib, and mean genotyping error from allelic dropout, ADO, based on
median posteriors for all possible marker panels are graphically represented
using symbols for the number of loci in each panel of: 7 (~), 8 (þ), 9 (�), or
10 (*). We did not present the identities of all panel loci graphically, but
they are available from the authors in table format. The optimal marker panel
is the panel withminimized cost (i.e., smallest number of loci) given specified
constraints. All marker panels with 9 loci to the left of the dashed line satisfy
the objective function constraints when PIDsib � 0.004. We further opti-
mized these 9 loci marker panels by selecting the panel (circled) within this
subset with minimummean genotyping error from ADO. All marker panels
with 7 loci in this graph satisfy the objective function constraints when
PIDsib � 0.01.We further optimized these 7 loci marker panels by selecting
the panel (boxed) within this subset with minimum mean genotyping error
from ADO.
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genetic distance between populations; Nei 1972) for
population assignment applications and Pex (probability of
exclusion; Jamieson 1979, 1994; Jamieson and Taylor 1997)
for parentage assignment applications. For parentage
applications, the additional restraint maximizes Pex over
multiple loci at a level above the predetermined probability
of exclusion z:

1�
YL
i¼1

ð1�ðPex;i � xiÞÞ � z:

For population assignment, multiple genetic distance
methods exist. We use D (Nei 1972) to illustrate how to
use an additional metric and restriction to the system. The
metric D is defined as:

D ¼ �logeI ;

where I is the normalized probabilities of identity between
populations Y and Z for all loci (e.g., I ¼ JYZ=

ffiffiffiffiffiffiffiffiffi
JY JZ

p
) and

JYZ, JY, and JZ are the arithmetic means over all loci using jYZ
ðjYZ ¼

P
yiziÞ, jY ðjY ¼

P
y2i Þ, and jZ ðjZ ¼

P
z2i Þ comput-

ed from yi and zi frequencies of ith alleles in populations Y
and Z. The additional restraint maximizes D at a predeter-
mined level of genetic distance w over all loci in the marker
panel D � w, where:

JYZ ¼
PL

i¼1 xi
PmaxðkiÞ

k¼1 ykzk

� �� �
PL

i¼1 xi
;

JY ¼
PL

i¼1 xi
PmaxðkiÞ

k¼1 y2k

� �� �
PL

i¼1 xi
;

JZ ¼
PL

i¼1 xi
PmaxðkiÞ

k¼1 z2k

� �� �
PL

i¼1 xi
;

and max(ki) is the maximum number of alleles k at locus i.
We suggest solving the system with alternate genetic appli-
cations (parentage and population assignment) graphically,
instead of analytically, due to nonlinearity in those additional
constraints.

Case Study
We applied the optimization algorithm to select the optimal
number of markers and a marker panel set to estimate black
bear abundance in central Georgia, USA (Sanderlin 2009a).
We captured and immobilized bears (University of Georgia
Institutional Animal Care and Use Committee approval
numbers: A2003-10148, A2003-10148-ml) in trapping sea-
sons extending May through August (2003–2006) on
Ocmulgee and Oaky Woods Wildlife Management Areas
(Bleckley, Bibb, Houston, Pulaski, and Twigg Counties).
We used blood, tissue, and hair samples from captured bears
and some road and capture mortalities (n ¼ 84 bears) in an

analysis to assess genotyping error (see Sanderlin 2009a for
complete description of field and laboratory methods and
data summary) using 16 tetranucleotide loci (Sanderlin et al.
2009). We removed 8 bear hair samples from the analysis
since we classified them as bad samples (e.g., less than half of
the loci positively amplified).
We used the multi-locus genotypes from bear tissue sam-

ples to calculate allele frequencies and observed and expected
heterozygosities at each locus with Cervus 2.0 (Marshall
et al. 1998). We wrote program optimal-marker-panel
(OMP) in Python (Python Software Foundation version
2.5.2, http://python.org, accessed 28 Feb 2009) to output
a data table for graphical optimal marker panel evaluation
(available at http://code.google.com/p/optimal-marker-
panel/). In this program, we evaluate PIDsib using allele
frequencies from tissue samples. The program also has the
ability to evaluate Pex and cost (C(a)) or number of loci. We
also included posterior median estimates of genotyping error
using hair and tissue samples from a pilot study (Sanderlin
2009a).We used the following constraints on PIDsib, MDO,
MFA, and number of loci: {0.01, 0.05, 0.01, 10} and {0.004,
0.05, 0.01, 10}. To evaluate the effect of not including
genotyping error as a constraint, we only used constraints
for PIDsib and number of loci: {0.01, 10} and {0.004, 10}.We
used an alternate constraint on PIDsib (0.004) because it is
more restrictive, and hence, more conservative with marker
panel selection. After we selected an optimal marker panel,
we used GENEPOP 3.4 (Raymond and Rousset 1995) to
test for genotypic linkage disequilibrium and Hardy–
Weinberg equilibrium using a posteriori sequential
Bonferroni correction (Rice 1989) among loci in these
4 different sets of marker panels.

RESULTS

For the black bear central Georgia population case study,
optimal marker panel sets with genotyping error constraints
and without genotyping error constraints had the same
number of loci when the PIDsib constraint was: 1) �0.01
(optimal solution was 7 loci), and 2) �0.004 (optimal
solution was 9 loci; Figs. 1 and 2). Moreover, the marker
panels were identical except for 1 out of 7 loci with
PIDsib � 0.01, and 2 out of 9 loci when PIDsib � 0.004.
Marker identities for these optimal panels are listed in
Sanderlin (2009a).

DISCUSSION

Optimal selection of a marker panel ultimately depends on
both project goals and amount of time and money available.
Our techniques in this study provide formal procedures for
choosing a marker panel set for estimating population abun-
dance, using restrictions of cost, genotyping error, and ability
to distinguish among individuals. We also discuss applica-
tion-specific modifications to the algorithm and how to
adjust the algorithm when null alleles are suspected.
Contrary to Waits and Leberg (2000) and Creel et al.

(2003), we did not always observe higher mean expected
genotyping error with more loci in marker panels (Fig. 1;
Sanderlin 2009a). Depending on the specific loci in each

Sanderlin et al. � Cost-Efficient Marker Panel Selection 91



panel, some potential panels had lower expected mean gen-
otyping error than panels with fewer loci. This has impli-
cations in genetic marker panel selection, particularly with
noninvasive genetic studies. Although the optimal number of
loci may be identical with or without genotyping error, panel
composition may differ slightly.
Alternative laboratory, field sampling, and/or analytical

and model estimation approaches can be used to reduce costs
in noninvasive studies. Cost-effective laboratory procedures
include optimizing the number of PCR replicates used in
genetic analyses (e.g., Frantz et al. 2003). The cost of field
sampling methods can be reduced by selecting a subsample of
all field-collected DNA for genetic analysis (e.g., Tredick
et al. 2007) or using optimal field sampling designs (e.g.,
Williams et al. 2002, Field et al. 2005). We are unaware of
optimal genetic sampling designs that combine both field
and laboratory costs. These have wide potential as genetic
monitoring methods become more prevalent. Costs of ana-
lytical methods can be reduced by testing if a sample contains
genotyping errors (e.g., McKelvey and Schwartz 2004) and
using model estimation approaches for inference parameters,
like population size (e.g., Knapp et al. 2009, Wright et al.
2009). Knapp et al. (2009) and Wright et al. (2009) both
incorporate genotyping error into statistical models for esti-
mating population abundance. These approaches have a
direct influence on laboratory procedures by reducing the
number of amplifications needed per genotype (1 for Knapp
et al. 2009, 2 for Wright et al. 2009), instead of multiple

amplifications (e.g., Taberlet et al. 1996). Both methods used
a fixed number of loci, used all study samples, and reduced
costs with the number of amplifications. They did not
include explicit algorithms for marker panel selection before
all study samples were genotyped. Substantial effort may be
saved by choosing an optimal marker panel after a pilot study
using our algorithm, and then incorporating genotyping
error into population estimates with all samples using meth-
ods described in Wright et al. (2009).
Our algorithm relies on selecting a random sample repre-

sentative of the population for the pilot study. It is ideal to
have known parent–offspring pairs in this sample (Paetkau
2003, Selkoe and Toonen 2006), so the genetic inference
quantities reflect the ability to distinguish between related
individuals. As individual relatedness, population size, or
degree of isolation is unknown, it may be difficult to choose
an optimal number of markers (Paetkau 2004, Waits and
Paetkau 2005). In addition, acceptable PID values are de-
pendent on how many individuals may be sampled (Waits
and Paetkau 2005), which is also likely true for probability of
exclusion and pairwise genetic distance. The ability to detect
null alleles in a population is also dependent on the pilot
sample size. Given the above information, further work and
simulation trials are needed for determining pilot sample
size. Conversely, estimates of allelic dropout and false alleles
should be robust to the number of samples or the proportion
of the population in the pilot study. Although not the focus
of this study, our Bayesian estimation algorithm for allelic
dropout and false alleles had high Bayesian credible interval
coverage (near nominal 0.95 probability) with simulation
trials for multiple sample sizes (25, 50, 75) and proportions
of the population (0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.50,
0.75) in the pilot study (Sanderlin 2009a).
Some restrictions to our system could be considered sub-

jective, as there are few formal guidelines for our constraints.
Depending on research goals, constraints within our algo-
rithm can be modified accordingly to be more stringent or
less conservative. For example, Lukacs and Burnham (2005)
suggest keeping levels of genotyping error at less than 5% for
population abundance studies. Project goals could also influ-
ence weighting 1 measure more heavily than another.
Additional time and laboratory costs could also be included
in the cost function. Further improvements to our algorithm
could include a simulation component after optimal marker
panel selection to assess predictive power (e.g., Banks et al.
2003). Although we present an algorithm for selecting a
marker panel given genotyping error and probability of
identity at fixed budgets, the objective can be changed
to minimize probability of identity or genotyping error,
subject to budget and other constraints, depending on study
goals.

MANAGEMENT IMPLICATIONS

Optimal selection of marker panels will improve both data
quality and integrity within wildlife management and con-
servation, especially given budget constraints. Our techni-
ques provide formal optimization procedures and possible
extensions (i.e., combining field and laboratory costs).

Figure 2. Optimal marker panel for the central Georgia American black
bear population pilot study from 2003 to 2006 (Sanderlin 2009a) using
constraints of probability of identity among siblings, PIDsib, and number
of loci, but not genotyping error. We graphically represent all marker panels
using the symbol (*). We do not present the identities of all panel loci
graphically, but they are available from the authors in table format. The
optimal number of loci was 7 when PIDsib � 0.01 and 9 when
PIDsib � 0.004. The optimal marker panel is the panel with minimized
cost (i.e., smallest number of loci) given specified constraints. The circled
point represents the optimal marker panel for minimum PIDsib when
PIDsib � 0.004. The point within the box represents the optimal marker
panel for minimum PIDsib when PIDsib � 0.01.
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Resources misallocated to suboptimal marker designs could
be more effectively spent on other aspects of study design,
such as improving spatial replication. We recommend
researchers carefully consider and implement constraints
for optimal marker panels during the pilot study stage of
genetic studies.
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