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1 | INTRODUCTION

The emergence of massive parallel sequencing technologies during
the last decade has paved the way for a new era in conservation
genetics (Allendorf, Hohenlohe, & Luikart, 2010; Desalle & Amato,
2004). Traditional methodologies, such as Sanger sequencing and
microsatellite genotyping, are currently complemented by more
genome-wide approaches, which involve both opportunities and
challenges (McMahon, Teeling, & Héglund, 2014; Shafer et al., 2015;
Taylor & Gemmell, 2016). The transition from genetic to genomic data
promises unprecedentedly detailed insights into conservation-rele-
vant processes and patterns, such as inbreeding, genome-wide al-
lelic diversity, or historical and recent introgression (Allendorf et al.,
2010; Frankham, 2010).

However, at present, the implementation of conservation ge-
nomic inferences on a broad scale and, more importantly, their pro-
vision and access for applied conservation practitioners remains
at an exploratory or early stage (Garner et al., 2016; Shafer et al.,
2016). The current gap between genomic approaches from basic re-
search and applicable solutions for conservation managers has been
stressed by many researchers (Britt, Haworth, Johnson, Martchenko,
& Shafer, 2018; Hogg, Taylor, Fox, & Grueber, 2018; Shafer et al.,
2015; Taylor, Dussex, & van Heezik, 2017). Difficulties occur owing
to poorincentives for researchers to engage in applied conservation,
insufficient communication between scientists and practitioners,
and increased complexity of genomic analyses, demanding advanced
bioinformatic expertise and access to high-performance computer
clusters (Holderegger et al., 2019; Shafer et al., 2015; Taylor et al.,
2017). To bridge this gap, conceptual and practical frameworks must
be established, user-friendly analytical pipelines need to be devel-
oped, and successful case studies should be disseminated to practi-
tioners (Benestan et al., 2016; Shafer et al., 2015).

Another constraint is the limited applicability of genomic ap-
proaches to noninvasively collected and forensic samples, as access
to tissue material is often restricted when dealing with endangered
and elusive taxa (Carroll et al., 2018; McCormack, Hird, Zellmer,
Carstens, & Brumfield, 2013; McMahon et al.,, 2014; Russello,
Waterhouse, Etter, & Johnson, 2015; Shafer et al., 2015). Various

MOLECULAR ECOLOGY 663
WILEY

microfluidic SNP panels can be optimized to efficiently monitor European wildcat (Felis
silvestris S.) populations. We show how panels can be set up in a modular fashion to
accommodate informative markers for relevant population genetics questions, such
as individual identification, hybridization assessment and the detection of population
structure. We discuss various aspects regarding the implementation of reduced SNP
panels and provide a framework that will allow both molecular ecologists and practi-

tioners to help bridge the gap between genomics and applied wildlife conservation.

conservation biology, degraded DNA, Felis silvestris, genetic noninvasive sampling, reduced

SNP panel, wildlife genomics

approaches have recently been developed to overcome this limita-
tion, including the enrichment of targeted genomic regions (GT-seq,
high-throughput sequencing of microsatellites, RNA bait capture)
or the genotyping of preselected single nucleotide polymorphism
(SNP) panels on array-based platforms (MassARRAY, Amplifluor and
Fluidigm; for a comprehensive overview see Carroll et al., 2018).
Currently, the application of reduced SNP panels (hereafter
referred to as rSPs) is becoming increasingly popular for standard-
ized assessments of species of conservation concern (Fitak, Naidu,
Thompson, & Culver, 2016; Henriques et al., 2018; Kraus et al.,
2015; Li, Wei, Ma, & Chen, 2018). SNP markers are generally valued
for their even distribution throughout the genome, ease of identifi-
cation from increasingly available next-generation sequencing data,
unambiguous genotype calling, and suitability for parallel detection
of large marker numbers covering significant parts of the genome
(Garvin, Saitoh, & Gharrett, 2010; Helyar et al., 2011; Morin, Luikart,
Wayne, & the SNP workshop group, 2004). Although SNP genotyp-
ing may suffer some constraints (such as effects of ascertainment
bias and increased error rates for some high-density SNP arrays;
e.g., Hoffman et al., 2012; Lepoittevin et al., 2015; Quinto-Cortés,
Woerner, Watkins, & Hammer, 2018; Wray et al., 2013), the facil-
itated harmonization of SNP markers across laboratories for col-
laborative applications and their suitability for genetic noninvasive
sampling (gNIS) make rSPs a highly promising method for applied
conservation genomic efforts (deGroot et al., 2016; von Thaden et
al., 2017). Small panels of ~100 SNPs have already been used to es-
timate population size and landscape relatedness of brown bears in
Sweden (Norman et al., 2017; Spitzer, Norman, Schneider, & Spong,
2016), to identify genetic stocks for management of endangered
fish species (Baetscher, Hasselman, Reid, Palkovacs, & Garza, 2017;
Starks, Clemento, & Garza, 2015) and to monitor introgressive hy-
bridization in European wildcats (Felis silvestris S.) in the Swiss Jura
(Nussberger, Currat, Quilodran, Ponta, & Keller, 2018; Nussberger,
Wandeler, Weber, & Keller, 2014b). A recent study has shown that
microfluidic genotyping of wildlife samples using rSPs has several
advantages compared to traditional microsatellite genotyping, such
as reduced replication needs and lower costs, when analysing large

sample sizes (von Thaden et al., 2017). These properties make rSPs
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a promising genotyping alternative for studies relying on noninva-
sively collected or degraded samples; however, the respective SNP
assays need to be carefully validated early in their development in
order to prevent failure of assays when applied to samples with lim-
ited DNA quality (von Thaden et al., 2017).

To facilitate this, we present here comprehensive guidelines on
how to efficiently develop and optimize rSPs using microfluidic ar-
rays for noninvasively collected wildlife samples. As a case study,
we report the development of an rSP for standardized genetic as-
sessments of the European wildcat. This elusive felid is an excellent
example of an endangered species in need of continuous monitoring
that is heavily reliant on gNIS (Beaumont et al., 2001; Mattucci et
al., 2013; Say, Devillard, Léger, Pontier, & Ruette, 2012; Steyer et al.,
2016; Steyer, Simon, Kraus, Haase, & Nowak, 2013).

In the present study, we demonstrate how microfluidic rSPs can:
(a) be developed, optimized and applied efficiently with regard to
costs and hands-on time and (b) be set up in a modular fashion to ac-
commodate informative markers for population genetics questions,
such as hybridization assessment or inference of population struc-
ture. We discuss various aspects of the implementation of rSPs and
provide a framework that will allow both molecular ecologists and
practitioners to help bridge the gap between genomics and applied

wildlife conservation.

2 | MATERIAL AND METHODS

2.1 | Identification of SNP loci and SNPtype™ assay
design

Informative SNP loci for the European wildcat were identified from
62,897 SNPs included in the cat 63K DNA array (lllumina Infinium iSe-
lect 63K Cat DNA Array, lllumina Inc.; Gandolfi et al., 2018) by genotyp-
ing a selection of domestic cats (Felis catus, n = 45), European wildcats
(n = 100) and known hybrids (n = 41) from across the entire European
distribution range (Mattucci, 2014; Mattucci, Oliveira, Lyons, Alves, &
Randi, 2016). The 192 loci in the present study were filtered from the
resulting data set through quality and linkage disequilibrium pruning
using pLINK (Mattucci, 2014; Purcell et al., 2007). The selected pool of
192 SNPs encompassed 142 loci for individual identification (maxi-
mized heterozygosity in wildcat populations; “ID” markers) and 50 loci
for hybridization assessment (Fs;> 0.8 between domestic and wildcats;
“HYB” markers). SNPtype assays were designed using the web-based
D3 assay design tool (Fluidigm Corp.) based on sequences enclosing
the respective target SNPs within at least 150-bp distance. The assays
consist of one specific target amplification (STA) primer, two allele-spe-

cific primers (ASPs) and one reverse locus-specific primer (LSP).

2.2 | 96.96 Dynamic Array™ SNP genotyping

SNP genotyping was performed on 96.96 Dynamic Arrays (Fluidigm)
with integrated fluidic circuits (IFCs, Wang et al., 2009). Dynamic

Arrays harbour distinct nano-PCR wells in which each SNPtype assay
and sample is combined separately. The genotyping PCR generates al-
lele-specific fluorescence that is measured in an endpoint reader (EP1
reader, Fluidigm). Fluorescence data are subsequently analysed with
the SNP Genotyping Analysis Software (version 4.1.2, Fluidigm) which
generates allelic discrimination cluster plots (Figure S1) to determine
the SNP genotype for each sample at each locus. Samples with DNA
of low concentrations or poor quality undergo a pre-amplification PCR
(STA) before genotyping. In STA PCR the 96 target regions containing
the SNPs are enriched in a single 96-multiplex reaction to ensure that
sufficient amounts of template are available. During the testing proce-
dures, we modified the manufacturer's original STA protocol as well as
the combination of multiplexed SNP assays (details below). The geno-
typing PCR was conducted according to the manufacturer's protocol.
The fluorescence signal was measured after the standard genotyping
PCR protocol (SNPtype 96 x 96 version 1) and after four additional
cycles to ensure sufficient fluorescence strength for samples with low
DNA concentrations. All experiments were run along with four NTCs
(no template controls) per array to monitor for potential contamination.

2.3 | Sample sets and DNA extraction
2.3.1 | Reference samples

To identify the best performing SNPtype assays under wet laboratory
conditions and most informative SNP markers for individual discrimi-
nation, population assignment and hybrid screening, we assembled a
reference set of 92 high-quality wildcat tissue extracts originating from
several European populations, concentrated buccal swab extracts from
random-bred domestic cats, as well as two samples of African wildcats
(Felis lybica; Table 1; “High-DNA"). To evaluate the panel's applicability
for low-DNA samples, we used a second reference set (Table 1; “Low-
DNA") consisting of hair samples (n = 92) collected noninvasively either
during genetic monitoring for European wildcats (Steyer et al., 2016),
or by plucking hairs from reference individual domestic cats. A sub-
set of the reference individuals (domestic cats, n = 24; wildcats, n = 8)
were represented simultaneously by high- and low-DNA samples (see
the testing scheme below). Additionally, both hair and scat samples
were available for 13 of the reference domestic cats, which allowed
comparison of the genotyping performance for the two major types of

noninvasive samples used in wildlife and conservation studies.

2.3.2 | Nonreference samples

To test the panel's applicability in genetic monitoring programmes,
we genotyped additional noninvasively collected hair samples
(n = 30) obtained during routine German wildcat monitoring (Table 1;
“Monitoring”). These samples were randomly selected and comprised
a putative broad range of DNA quantities and qualities. We further
tested noninvasive samples from various other species (n = 20; named

“cross-species” in the following), because gNIS may regularly involve
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TABLE 1 Sample sets used for the testing scheme

Test phase

Development and optimization:

MOLECULAR ECOLOGY 665
WILEY

Assessment of applicability for:

Test purposes

Test 1, Test 2, Test 3,
DNA dilution series,
STA dilution series

Test 3, STA
cycles, sample
types

Genetic monitoring
programmes based
on gNIS

Samples not
previously included
in rSP development

Susceptibility
of markers to
nontarget species

Sample sets Reference samples: Nonreference samples:
European
High-DNA Low-DNA Monitoring populations Cross-species
n n n n n
Domestic cats 24 24 - - -
Germany 24 24 — — —
European wildcats 66 68 — 180 —
Germany 32 68 30 25 —
Austria 2 - - - -
Belgium = = = 28 =
Bulgaria 4 — — — —
Greece 4 = = = =
Italy 4 — — 26 —
Luxembourg 4 = = = =
Portugal 4 — — 11 —
Romania 4 = = 28 =
Scotland 4 - - - -
Spain 4 — — 20 —
African wildcats® 2 - - - -
Iran 1 = = = =
Morocco 1 - - - -
Other species® — — — — 20
Total genotyped n 92 92 30 180°¢ 20
Sample types Concentrated saliva Hair Hair Concentrated saliva Hair, saliva, scats
(DQ), tissue (WC) (DC), tissue (WC)
Results Figures: 2, 49, 59 51, Figures: S2,S3;  Figure 2; Tables: S2, Figures: 2, 4-6, Figure 3; Tables:
S3, S8; Tables: S2- Tables: S2- S4,S6 Figure S4-S7, S9; S2,54
S5, 510 S4,57-59 Tables: S2, 54, S6,

S12

Abbreviations: STA, specific target amplification; gNIS, genetic noninvasive sampling; rSP, reduced SNP panel; n, number of individuals; DC, domestic

cats; WC, European wildcats.

*Two samples of African wildcats (F. lybica) were initially included to test for polymorphisms of the markers in other wildcat species.

bIncluding samples of 18 different European mammal nontarget species.

‘Some of these samples were excluded during analyses steps due to high missing data (n = 3), duplicate individuals (n = 4), or assignment values for

wildcat clusters of q“) < 0.85 in sTRucTuRE (n = 35). See text for more details.

4Only a selection of domestic cat samples, respectively.

samples from nontarget species (Table 1; “Cross-species”). Finally,
we genotyped tissue samples (n = 180) from different populations of
European wildcats to confirm the applicability of the marker set for
samples that were not previously included in the development phases
(i.e., were not reference samples; Table 1; “European populations”).
We extracted DNA from tissue samples using the DNeasy
Blood & Tissue Kit (Qiagen), the buccal swabs and hair samples
using the QlAamp DNA Investigator Kit (Qiagen) and scats using

the QlAamp DNA Stool Mini Kit (Qiagen). For DNA extraction
from hairs, we used a minimum of 10 hairs with roots per sam-
ple (Goossens, Waits, & Taberlet, 1998; Steyer et al., 2013). To
create high-DNA reference sample extracts from domestic cats,
we pooled DNA extracts from five buccal swabs per individual,
employing the clean-up of genomic DNA protocol (QlAamp DNA
Micro Kit, Qiagen) to obtain DNA concentrations of >60 ng/ul. The

pooled buccal extracts and all tissue extracts for the high-DNA



voN THADEN ET AL.

666 MOLECULAR ECOLOGY
WILEY

reference sample plate were quantified using a NanoDrop ND-
1000 spectrophotometer (Thermo Fisher Scientific) and adjusted
to a DNA concentration of ~60 ng/ul for the first tests. No animals
were harmed or killed for this study and all samples were collected
in compliance with the respective local and national laws (details

in Supporting Methods).

2.4 | Testing scheme

To develop an efficient 96 SNP panel for standardized ge-
netic assessments of European wildcats from the initial pool of
192 SNPtype assays, we followed a sequential testing scheme
(Figure 1; Table S1).

2.4.1 | Test 1: Initial evaluation of in silico designed
SNPtype assays under wet laboratory conditions

We first tested all 192 assays partitioned into two genotyping PCR
runs using the high-DNA reference sample set (92 samples, 60 ng/ul
DNA, Table 1). This allowed us to evaluate the technical marker per-
formance while avoiding bias due to diverging sample performance
(e.g., resulting from varying purity and integrity of DNA extracts).
To exclude assays showing poor performance (e.g. exhibiting insuf-
ficient fluorescence or producing ambiguous genotype clusters),
STA pre-amplification was not employed at this step. SNP markers
that (a) produced the clearest genotype clusters (i.e., the two ho-
mozygotes and the heterozygotes unambiguously assigned to three
distinct clusters; compare Figure S1) and (b) showed either high het-
erozygosity within European wildcat samples (n = 103 ID markers)
or (c) high F¢; between domestic cats and European wildcats (n = 35
HYB markers) were selected for the next wet laboratory testing
phase, resulting in 138 candidate SNP markers (72% of the initial
pool of 192 SNPs).

Furthermore, because the selection of the initial pool of 192
SNPs was based on samples from another project (Mattucci, 2014;
Mattucci et al., 2016), and respective genotypes were generated
on a different platform (lllumina Infinium iSelect DNA Array,
Illumina Inc.), we verified them again based on the reference sam-
ples in this study (Table 1) and the genotyping platform applied
here (96.96 Dynamic Arrays, Fluidigm). To do so, we assessed the
informative value of these 138 preselected markers for hybrid
detection and population structure using the Bayesian clustering
algorithm implemented in NewHYBRIDs version 1.1 beta (Anderson &
Thompson, 2002) and sTrucTure (Pritchard, Stephens, & Donnelly,
2000). We chose subsets of 32, 24, 16 and eight of the pool of 35
HYB markers by sequentially excluding those with heterozygotes
(i.e., markers that were not fixed for domestic or wildcats). These
subsets were tested for their capability of distinguishing domestic
cats from European wildcats, in order to estimate the number of
HYB assays required for the final rSP. Subsequently, we tested if
subsets of 96, 88 and 84 of the selected 103 ID markers would

NGS data resources

. 4
192 SNP markers
for wet lab testing

Reference sample pool
(different species, populations,
regions, sample types, ...)

™y r'd

Determine ( A
informative value for:

Test 1:
Technical performance
and informative value
in genotyping PCR )

PID(sib), relatedness,
population structure,
hybrid detection, ...

1 Select: )

Best performing and most
L informative SNPs )

v

Test 2:

Consider:
Replacing SNPs
failing for low-DNA
samples or with
high error rates

Test for:
Robust genotyping
clusters, interference  [+] Multiplexing compatibility
with other SNP loci, L in STA pre-amplification )
sufficient fluorescence ‘

e ~
Select:

96 best performing SNPs
_ J

v

( )

- Test for: e Test 3: N\
D|ffe:arent sample types, Suitability for low-DNA
replicate performance, samples
genotyping thresholds | p J

( Determine: )

Error rates, cross-species
susceptibility, replication
\_ needs, descriptive stats )

!

e )
Final panel of best
96 SNP markers

FIGURE 1 Overview of testing scheme. Flow diagram of
testing and selection steps recommended for assembling a novel
microfluidic SNP marker panel. Further information about the
various stages is provided in the text and Supporting Information

suffice to detect population structures among the samples in our
reference set, provided that at least eight HYB assays would be
included in the final rSP.

2.4.2 | Test 2: Testing multiplexing compatibility in
STA pre-amplification

The pre-amplification of target regions (STA) is particularly crucial
for successful genotyping of low-DNA or degraded samples. We
tested the multiplexing compatibility of the 138 candidate SNPs that
had passed Test 1 in a high-multiplexed approach (138plex). A 5 ng/
ul dilution of the high-DNA reference sample set was used as tem-
plate because STA pre-amplification is advisable for samples with
low DNA concentration or low copy number (Kraus et al., 2015). This
allowed us to identify assays that fail or show diminished perfor-
mance in genotyping PCR due to ineffective target enrichment (e.g.,
because of primer interference during multiplexing or inaccurate in
silico STA primer design). For subsequent tests, we consequently
applied 96 of the most promising markers from the 138 candidate

assays.
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2.4.3 | Test 3: Marker suitability for low-
DNA samples

To determine the minimum DNA concentration threshold for reli-
able SNP genotyping and to identify unstable markers that fail at
low DNA concentrations, we further diluted the high-DNA refer-
ence sample set to concentrations of 1, 0.2 and 0.1 ng/ul, respec-
tively. We genotyped these three dilutions using the 96 markers
selected after Test 2. Additionally, we tested the influence of sev-
eral parameters (see below and Table S2) of the STA protocol for
their benefit on genotyping performance of low-DNA samples (on
the basis of results in von Thaden et al., 2017). All tests concern-
ing STA protocol parameters were conducted based on the diluted
reference sample set with 0.2 ng/ul DNA, as we identified this
concentration to be the detection limit (according to the findings
in Nussberger, Wandeler, & Camenisch, 2014a). We tested (a) dif-
ferent dilutions of STA PCR products as template for the subse-
quent genotyping PCR and (b) raising the cycle numbers in STA
reactions from 14 to 18 and 28 cycles. Finally, to verify the suit-
ability of the 96 markers for genotyping of noninvasively collected
samples, we genotyped our reference set of domestic and wildcat
hair samples (Table 1; Low-DNA).

2.4.4 | Substituting failing markers for the final
96 panel

During several rounds of optimization, we substituted 11 SNP markers
that had failed in genotyping of low-DNA samples (Test 3). After the
first replacement of assays, one of the newly included failed to am-
plify and was again substituted with another assay. We continued this
procedure of replacing single failing assays (four rounds in total) until
we ended up with a combination of 96 markers that showed stable
performance for low-DNA samples. As substitutes we used nine of the
remaining 42 SNP candidate assays that had previously passed Tests 1
and 2. Additionally, we included two assays targeted to the SRY gene
for sex determination (called “SRY” SNPs in the following), taken from
the wildcat rSP of Nussberger, Wandeler, and Camenisch (2014a). All
SNP genotyping runs in this test flow were performed on noninva-
sively collected hair samples (Table 1; “Low-DNA"). The final panel of
96 SNPs consisted of 84 1D, 10 HYB and 2 SRY SNPs.

2.5 | Statistical data analyses
2.5.1 | Validation of genotypes and error estimation

The evaluation of tests during the development of the rSP relied on the
genotyping of high- and low-DNA reference sample sets (Table 1). For
these reference individuals, we assumed the genotypes generated from
high-DNA extracts (60 ng/pl) as true genotypes (compare Foerster et
al., 2017). Throughout the testing scheme, corresponding low-DNA and

noninvasive samples of reference individuals were replicated between
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runs and compared to the high-DNA genotypes. Thus, the same refer-
ence individuals were used to evaluate different treatments or protocols
to exclude sample bias. Furthermore, the comparison of replicated low-
DNA to respective high-DNA genotypes of reference samples allowed us
to identify the best genotyping protocol and derive the most adequate
consensus-building rules to minimize genotype errors (definition below).

Because the genotypes of nonreference samples were previ-
ously unknown (not included in wet laboratory optimization tests),
these samples were duplicated (tissue) or triplicated (hair). To build
consensus genotypes of replicated nonreference samples, we as-
sumed (following the inferred consensus-building rules) the most
common allele to be true; also, if two replicates showed consistent
homozygous genotypes while a third replicate showed a heterozy-
gous genotype. If one of the replicates was heterozygous and the
other two replicates showed opposing homozygous genotypes, we
assumed the genotype to be heterozygous.

Consensus genotypes of nonreference samples were considered
as belonging to the same individual based on consistent multilocus
genotypes. We allowed for up to six mismatches (5.8% dissimilarity)
between two consensus genotypes assigned to the same individual
identity (Nussberger, Wandeler, Weber, et al., 2014b). Other rele-
vant information, such as microsatellite genotypes, sampling date,
locality, mitochondrial DNA (mtDNA) haplotype and sex, were also
taken into account, if available. Samples with SNP call rates <80%
were excluded from further analyses.

Error rates were calculated for two types of genotyping errors,
namely allelic dropouts (ADO) and false alleles (FA; compare Broquet
& Petit, 2004; Taberlet, Waits, & Luikart, 1999). The ADO rate was
defined as the sum of false homozygous scores (as compared to the
corresponding individual's high-DNA or consensus genotype) divided
by the sum of the individual's heterozygous loci. The FA rate was de-
fined as the sum of false heterozygous and false opposite homozygous
scores divided by the sum of the individual's homozygous loci.

Errors were calculated for separate sample sets, or subsets thereof
(Table S3), to test different sample properties (e.g., DNA concentration
or sample type) and genotyping protocol treatments (e.g., STA cycles
or STA PCR product dilutions). Differences in error rates and missing
data were tested for statistical significance using the kruskal.test() and
wilcox.test() in R (R Development Core Team, 2009) after ascertain-
ing nonnormal distribution for most of the data sets using the shapiro.
test(). Furthermore, we determined amplification of putative nontarget
noninvasive samples (18 cross-species; Table 1) that are likely to be
detected on valerian-treated hair traps or were processed in the same
laboratory in the course of other projects. We defined the call rate
(amplification success) as 1 minus the number of loci with no genotype
score (“no call”) divided by the sum of all heterozygous, homozygous

and no call scores for that locus or sample.

2.5.2 | Probabilities of identity and kinship analysis

To assess the power of the final 84 ID markers, we estimated the prob-

abilities of identity (PID) and probabilities of identity among siblings
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(PIDsib), according to Waits, Luikart, and Taberlet (2001) using GENALEX
version 6.501 (Peakall & Smouse, 2012), and ranking the loci for high-
est expected heterozygosity (Hg). We further tested the ability of the
ID markers to assign kinships for related individuals using the software
ML-ReLATE (Kalinowski, Wagner, & Taper, 2006). We calculated kinship
assignments for the reference group of domestic cats (n = 24) and com-
pared the results with the known kinship information (family pedigree)
of a subset of five reference domestic cats.

2.5.3 | Hybridization assessment

We used the subset of 10 HYB markers to detect possible hybrids and
domestic cats within our sample of 173 nonreference individuals from
European wildcat populations. Identification of the parental groups
as well as potential admixed individuals was based on the Bayesian
clustering methods implemented in sTrucTure (Pritchard et al., 2000)
and NEwHYBRIDS version 1.1 beta (Anderson & Thompson, 2002), re-
spectively. In sTrRucTure, we performed 500,000 Markov chain Monte
Carlo runs after a burn-in of 250,000 steps for 10 replicated runs of
K = 1-5 under the admixture model with correlated allele frequencies.
The most likely K value was selected based on the Evanno method
(Evanno, Regnaut, & Goudet, 2005) implemented in STRUCTURE HAR-
vesTeR (Earl & vonHoldt, 2012) after combining the replicates using
the LARGEKGREEDY algorithm of cLumpp (Jakobsson & Rosenberg, 2007).
NEWHYBRIDS was used to estimate the posterior probabilities of the
individuals belonging to each of six genealogical classes, including
parental and hybrid categories, with an initial burn-in of 100,000, fol-
lowed by 200,000 sweeps under uniform prior (additional testing of
HYB SNP subsets see Supporting Methods). Subsequently, all identi-
fied domestic cats and putative hybrids were excluded from further
analyses (assignment value for wildcat clusters g < 0.85).

2.5.4 | Analyses of genetic differentiation and
population structure

We used a Discriminant Analysis of Principal Components (DAPC)
in the ADEGENET version 2.1.1 R package (Jombart, 2008) to test the
capability of the 84 ID markers to differentiate between European
wildcat populations. Groups for DAPC were assigned according
to country of origin. The variable contributions of the 84 loci in
discriminating the populations were assessed and weights of each
locus were illustrated in a loading plot. Population genetic clus-
ters were estimated with sTructure (Pritchard et al., 2000), using
the same settings as in hybridization assessment, but for a larger
range of K = 1-10. Genetic differentiation between the popula-
tions was further estimated based on pairwise F¢; values (Weir &
Cockerham, 1984) calculated in ArRLEQUIN version 3.5 (Excoffier &
Lischer, 2010) and based on 5,000 permutations. Additionally, we
calculated descriptive population genetics statistics and deviations
from Hardy-Weinberg equilibrium (HWE), as well as linkage dis-
equilibrium (LD), for the final 96 SNP panel (Supporting Methods).

3 | RESULTS

3.1 | Setting-up a 96 SNP panel optimized for
degraded samples

The initial verification of the wet laboratory performance (Test 1;
Figure 1) of 192 designed SNPtype assays allowed us to immediately
exclude 28 assays (15%), as these failed to amplify or produced no
interpretable genotype clusters under optimal genotyping conditions
(high-DNA reference set, no pre-amplification influence). For the re-
maining 164 assays, we found apparent differences in the qualities
of the allelic discrimination cluster plots. To avoid genotyping errors
deriving from scoring mistakes, we excluded an additional 26 assays
(14%) that showed ambiguous clustering formation (compare Figure
S1). The residual 138 assays (103 ID and 35 HYB) were screened for
their informative values and tested for their multiplexing compatibility
(Test 2), where 135 assays (98%) showed robust multiplexing perfor-
mance. At this stage, we set up a first panel of 96 SNPs, including the
best 88 ID and eight HYB markers regarding clarity of cluster plots
and informative values (i.e., maximized heterozygosity and Fr, respec-
tively). Genotyping of noninvasive samples and the diluted reference
samples (Test 3; compare Table 1) revealed diminished performance
(e.g., amplification failure or ambiguous clusters; Figure S1) for 5-17
assays (5%-18%) of the first 96 SNP panel with low-DNA samples
(Figure 2). In the following tests, we substituted 11 of these assays
by adding two HYB and seven ID assays from the 138 selected candi-
date SNPs, as well as two Y-linked assays (SRY SNPs; from Nussberger,
Wandeler, & Camenisch, 2014a). The resulting final SNP panel con-
sisted of 84 ID markers for individual and population identification, 10
HYB markers for hybridization detection and two SRY markers for sex

determination.

3.2 | Validation of genotyping performance

3.2.1 | Effects of genotyping protocol modifications
on error rates and missing data

DNA template concentrations of 5 or 1 ng/pl resulted in genotyping
error rates of <1% (Figure 2). Lower concentrations increased mean
ADO rates to 3%-8% and mean FA rates to 1%-2% with the diluted
reference sample set (p < .001, Table S4). Similarly, the rate of miss-
ing data continuously increased with decreasing DNA concentration
(p < .01 for 5-0.2 ng/pl, Table S4), up to a mean of 20% missing data
per run for a concentration of 0.1 ng/ul DNA. Tissue sample extracts
with DNA concentrations of 2-98 ng/ul showed negligible error rates
of <0.1% (ADO and FA) and missing data of <1%. The randomly se-
lected nonreference hair samples obtained during routine wildcat
monitoring in Germany (Table 1) showed mean ADO rates of 11%
and mean FA rates of 1%, while the total mean of missing data was
6% (with p < .001 between invasive and noninvasive samples, Table
S5). The type of noninvasively collected samples (hairs, scats) margin-

ally affected missing data and error rates, with scat samples generally
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FIGURE 2 Genotyping performance across dilution series and sample types. Boxplots display the counts of errors or missing data over
sample sets across all scorable SNP loci. The bars within boxplots represent medians, while data points show single samples that appear as
outliers. (a) Error rates: allelic dropouts (blue) and false alleles (red). (b) Rates of missing data resulting from invalidation of whole SNP loci
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samples from genetic wildcat monitoring in Germany; a single failing marker was later successfully substituted for the final panel

performing slightly better than hairs, albeit not significantly (mean
ADO: 4% vs. 15%, mean FA: 0% vs. 0.7%, respectively; Figure S2 and
Table S6). Sex identification showed disagreements between the two
SRY markers in 2% of the genotypes (eight out of 354 tissue samples).

When adjusting parameters of the STA pre-amplification pro-
tocol, we found that increasing the cycle numbers to 18 or 28
cycles had a positive effect on the number of analysable SNP
markers, as well as fewer missing data and lower or comparable
error rates (Figure S3 and Tables S7-59). With 28 cycles in STA we
were able to analyse all 96 SNP loci in our final SNP panel, while
the rate for missing data was 3%, ADO rate 8% and FA rate 1%
for hair samples from reference individuals. Increasing the dilution
ratios of STA PCR products from 1:10 to 1:20 or 1:40 led to an
increase in errors and missing data (mostly p < .05, Table S9), while
a lesser dilution of 1:5 resulted in lower FA rates on the one hand
(p < .001, Table S9), but more missing data (invalidated loci) due to

a higher prevalence of ambiguous genotype clusters (Figure S3).
Thus, in our experience, an STA product dilution ratio of 1:10 gave

the best genotyping performance.

3.2.2 | Species specificity

Cross-species testing revealed various degrees of unspecific amplifi-
cation for all 18 nontarget species (Figure 3). Call rates were below
20%, except for Eurasian lynx (Lynx lynx; 95% call rate), which rep-
resented the only other felid species tested. However, genotyping
of three lynx individuals showed almost consistent genotypes (95%
identity), indicating low polymorphic content of the 96 SNP markers
for this species. While 21 of the 96 loci showed amplification of <20%
for all nontarget species, three assays (GTA0099295, GTA0099301
and GTA0099323) amplified for 260% of the tested cross-species (all
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FIGURE 3 SNP call rates (amplification success) for a selection
of 18 European mammal nontarget species

homozygous calls, hardly different alleles between nontarget species).
The two African wildcat samples solely included in the high-DNA ref-
erence set amplified as well as European wildcat samples and showed

domestic cat-like genotypes.

3.3 | Assessing applicability of the final SNP panel

After excluding three samples with missing data >20%, we used non-
reference samples (n = 177) from different populations of European
wildcats (Table 1) to assess the performance of the marker set in

individual discrimination, hybridization assessment and population

3.3.1 | Individual discrimination, kinship
analysis and descriptive statistics

In our European-wide sample set, we identified three individuals
from Portugal that were represented by multiple tissue samples (due
to repeated sampling of the same carcasses), reducing the data set
to 173 individuals. An estimated probability of identity of < 0.0001
(less than 1 in 10,000) was reached with a combination of 10 SNPs
for PID or 18 SNPs for PIDsib, when using the most heterozygous ID
SNPs (Figure 4a), consistent with previous findings for different spe-
cies (grey wolf, brown bear) and rSPs, respectively (von Thaden et al.,
2017). Kinship analysis of the 24 reference domestic cats allowed us
to reconstruct known relationships correctly based on ID SNP geno-
types (compare example in Figure 4b).

Measures of allele and genotype frequencies confirmed Mendelian
inheritance and high information content of the loci (Table $S10 and
Supporting Results). HWE calculations based on the 84 ID markers re-
vealed sporadic deviations of some loci at the population level (Figure
S4). We found no clear evidence for the presence of linked loci (Figure
S5), except for the population with the smallest sample size (n = 11,
Portugal; Figure S6). All identified domestic cat and putative hybrid

individuals were excluded from these analyses (see below).

3.3.2 | Admixture analysis and population structure

Genetic admixture analyses of the European-wide individuals (n = 173)
using the 10 HYB markers selected for high F.; between domestic and
wildcats indicated several domestic cats (GB,n=1;ES,n=1;BE,n=1)

as well as wildcats with an admixed genotype (GB, n = 10; PT,n = 5; ES,

structure. n=8;RO,n=2;IT,n=23;BE,n=1; DE, n = 2; Figure 5). Results from
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FIGURE 4 Power of the ID SNP panel to distinguish individuals (a) and reconstruct kinships (b). (a) Relationship between the number of
genotyped SNP loci and probability of identity (PID) and probability of identity between siblings (PIDsib). Loci were ranked according to
highest heterozygosity (Hg). A cut-off of 0.0001 was used because it is considered as sufficiently low for most applications involving natural
populations (Waits et al., 2001). (b) Assignments of parentage or siblingship as calculated with mi-reLaTe (Kalinowski et al., 2006) compared
to known pedigrees of a domestic cat family. Circles represent females and squares represent males. Shaded symbols represent individuals
not known or sampled. Assignments for single parent-offspring relationships are highlighted with grey dashed lines, and sibling relationships

with dotted lines. PO, parent-offspring; FS, full siblingship
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Identification of parental and hybrid individuals of wildcat and domestic cat using NEwHYBRIDs (a) and sTrRucTURrE (b). n = 173

wildcat individuals sampled from seven European wildcat populations and n = 22 random-bred reference domestic cats were analysed with
10 HYB SNPs selected to maximize F¢; between both parental groups. GB, United Kingdom; PT, Portugal; ES, Spain; RO, Romania; IT, Italy;
BE, Belgium; DE, Germany; F.c., reference domestic cats. WC, European wildcat; DC, domestic cat; F1, domestic x wildcat; F2, F, x F;;

BxW1, F, x wildcat; BxD1, F, x domestic cat

Bayesian clustering methods implemented in NEWHYBRIDS and STRUCTURE
were congruent. All domestic cats and admixed individuals with as-
signment values for wildcat clusters of q(” < 0.85 (n = 34) and the sin-
gle nonadmixed Scottish wildcat were subsequently excluded from the
European-wide data set.

Analyses of genetic population structure with DAPC and sTruc-
TURE based on 84 ID SNPs revealed five clusters largely corre-
sponding to the different regions of European wildcat distribution
(Iberian Peninsula [yellow and orange; PT, ES], Western German-
Belgian cluster [red; DE, BE], Central German cluster [green; DE],
Carpathians [blue; RO], Italy [magenta; IT]; Figure 6). Both meth-
ods detected similar patterns, although the population samples of
Portugal and Spain were detected as one cluster in STRUCTURE but not
in DAPC (Figure 6). A loading plot of marker weights revealed that 22
SNP markers have similarly high informative values for population
discrimination, demonstrating that the differentiation is due to allele
frequency differences at 26% of the loci (Figure S7). Differentiation
of the populations was corroborated by pairwise F¢; values ranging
from 0.03 to 0.371 (Table S11).

4 | DISCUSSION

4.1 | De novo design, development and optimization
of SNP marker panels

The genomics era has been accompanied by an ever increasing

availability of whole genomes generated from high-throughput

sequencing for a plethora of species. Declining sequencing costs,
as well as journals demanding full data accessibility for publications,
further promote this trend. Hence, comprehensive genomic data
(e.g., whole genomes, restriction site associated DNA sequencing,
expressed sequence tags, SNP arrays of several 100k, genotyping
by sequencing data) for mining of informative SNP loci for various
research questions have become readily available.

An initial pool of candidate SNP loci for assay design may be
filtered from genomic data according to the respective application
purposes, such as high heterozygosities for individual identifica-
tion (Kraus et al., 2015; Stetz et al., 2016), maximized F4; between
species for hybridization or introgression assessments (Henriques
et al., 2018; Nussberger, Greminger, Grossen, Keller, & Wandeler,
2013; Pritchard et al., 2016), and high minor allele frequencies for
relatedness estimations (Andrews et al., 2018; Baetscher et al.,
2017; Zhao et al., 2018), or for sex determination (Katzner et al.,
2017; Norman, Street, & Spong, 2013; Nussberger, Wandeler, &
Camenisch, 2014a).

If appropriately designed SNP assays have already been verified
by previous studies, assays can also easily be ordered and recom-
bined in a novel panel, as we have shown in this study with Y-linked
assays for sex determination (developed by Nussberger, Wandeler,
& Camenisch, 2014a, on the basis of Luo et al., 2007). SNP geno-
typing with the Fluidigm system allows the development of marker
panels in a modular fashion, where subsets of loci can be integrated
for assessing different biological and demographic parameters, such
as sex, individual identification and hybridization assessment (exam-

ples of modular panels in: DeWoody et al., 2017; Doyle et al., 2016;
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FIGURE 6 Identification of population
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Nussberger, Wandeler, & Camenisch, 2014a; Spitzer et al., 2016).
The opportunity to generate multifaceted genetic or genomic infor-
mation about a population is especially favourable for conservation
monitoring, where scientists and practitioners alike aim to assess the
status of a threatened species or its populations (Carroll et al., 2018;
Flanagan, Forester, Latch, Aitken, & Hoban, 2018; Leroy et al., 2018).

The development of reliable genetic markers has always re-
quired sophisticated workflows and the use of designated refer-
ence samples. However, a practical guide for the straightforward
development of rSPs, using microfluidic arrays for noninvasively
collected samples, has been missing. Following our sequential
testing scheme, we were able to develop and optimize a novel 96
SNP panel, which allows the assessment of several relevant demo-
graphic and ecological questions, even when using noninvasively
collected hair and faecal samples. If SNP marker panels are not
strictly optimized for stable performance with noninvasive sam-
ples early in wet laboratory development, many loci may have to
be omitted in subsequent analyses when applied to low-DNA or

degraded samples. In our experience, between 10% and 15% of

the SNP assays fail when applied to samples of low DNA quality
and/or quantity (von Thaden et al., 2017). Our proposed workflow
for SNP panel development and optimization (Figure 1) minimizes
the failure of markers at this critical step through prior testing of
general technical performance and high-multiplexing compatibil-
ity. First, by filtering for SNP markers that are stable in genotyping
PCR and have high informative value for the desired application
(Test 1), unsuitable loci are immediately excluded from further
wet laboratory testing. This strategy prevents laborious and un-
profitable optimization procedures for a priori weakly performing
markers and ultimately saves a lot of hands-on time and labora-
tory costs. Second, well-performing markers are tested for their
high-multiplexing compatibility by including all candidate loci (296)
in one multiplex (Test 2). This filtering step allows identification
of markers that are principally suitable for common multiplexing
and thus provides a pool of candidate markers (96+) for further
development.

Despite these precautions, single SNP markers may fail in ge-

notyping samples with low or degraded DNA. Failure of apparently
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well-performing markers could result from sensitivity towards in-
hibitors, enhanced formation of primer dimers in the absence of
high-quality DNA or suboptimal design of assay primers (e.g., bind-
ing site mismatches). Thus, comprehensive testing of the 96 SNP
shortlist of best performing markers (from Test 2) for different non-
invasive sample types (e.g., faeces, saliva, hairs, feathers) or other de-
graded samples (e.g., historical and museum samples) is fundamental
(Test 3). Importantly, at this step, reference samples should include
low-DNA samples from the same individuals previously tested with
high DNA, to enable accurate evaluation of the performance of the
loci and allow identification of artefacts. If needed, single malfunc-
tioning loci or markers with highest error rates may be replaced by
surplus candidate loci.

Introducing novel genomic methodologies implies an initial mon-
etary investment as well as hands-on time of the laboratory staff for
establishing the new systems (Figure 7). Researchers who plan to
get started with microfluidic SNP genotyping should expect devel-
opment costs of ~ 1,400€ (plus tax) for oligos per 96 SNP markers
(sufficient for 75 genotyping runs, including STA pre-amplification)
and have access to a Fluidigm genotyping system (EP1 or Biomark;
Fluidigm Corp.). Costs per 96.96 microfluidic array, including addi-
tional chemistry, average 600€ (plus tax). If the required reference
sample sets are ready to use, an SNP panel can be established within
a few weeks upon arrival of the assays. Following our own guide-
lines, we were able to set up a new marker panel for standardized
hybridization assessments of grey wolves and domestic dogs on the
basis of six genotyping runs (our unpublished data).

Currently, the microfluidic array genotyping technology of
Fluidigm provides platforms for 12, 24, 48 and 96 SNP markers for
12, 192, 48 and 96 samples per run, respectively. Furthermore, if

2,800€

for 192 oligos

1,200€
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p

1,200€
for 2 MAs

1,200€
for 2 MAs

Total:
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the required analysis depends on a higher number of SNP markers,
additional marker panels can be easily run sequentially.

4.2 | Genotyping performance in gNIS

Genetic noninvasive sampling is increasingly recognized as an effi-
cient and cost-effective tool for monitoring rare and elusive species
(Carroll et al., 2018; Ferreira et al., 2018; Waits & Paetkau, 2005).
Making genomic methods accessible for genotyping of samples with
low DNA quantity or quality, such as noninvasively collected wildlife
samples, is one of the main prerequisites for bridging the conser-
vation genomics gap (Carroll et al., 2018; McCormack et al., 2013;
McMahon et al., 2014; Shafer et al., 2015). By implementing some
specific protocol adjustments, microfluidic technology enables ro-
bust SNP genotyping of degraded DNA samples.

In our experience, adjusting the manufacturer's protocol for STA
pre-amplification results in the greatest benefits. In particular, raising
the number of STA cycles and increasing the volume of DNA extract
reduced error rates and missing data (Figure S3 and von Thaden et al.,
2017). Furthermore, a dilution of STA PCR products of 1:10 instead of
the originally recommended 1:100 could be confirmed as most appro-
priate for our proposed genotyping protocol (Figure S3 and Table S2).
Basically, all of these adjustments aim to increase the amount of tem-
plate DNA available for the subsequent genotyping PCR. Providing a
minimum amount of template is critical for gaining reliable genotype
data, as is evident from our dilution series (Figure 2), where errors and
missing data increase significantly for DNA concentrations of <1 ng/
ul. This is in line with the findings of Bayerl et al. (2018) who showed
that higher DNA quantities correlate with increased PCR efficiency as
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FIGURE 7 Approximate investment of hands-on time and start-up costs for establishing a new SNP marker panel following our proposed
strategy. MA, microfluidic array. Labwork time estimates for one trained staff member, excluding analyses and experiment design. Cost
estimates based on Fluidigm Corp. list prices in Germany (June 2018), without taxes. Costs for 192 oligos include STA pre-amplification and
are sufficient for 75 runs; costs for MAs include additional chemistry. Both time and cost estimates are subject to variation depending on
training and/or availability of laboratory staff as well as regional list prices for oligos and MA consumables
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well as decreasing error rates for SNP genotyping of otter faeces. The
minimal amount of genomic DNA required for successful SNP geno-
typing is estimated to be ~200 pg for hair (Nussberger, Wandeler, &
Camenisch, 2014a) or 25 pg/pl for faecal samples (Bayerl et al., 2018;
Hausknecht, Bayerl, Gula, & Kuehn, 2010). However, depending on
the type of noninvasive sample (faeces, hairs, feathers, etc.), and the
environmental conditions it is exposed to in the field, the level of DNA
degradation or presence of inhibitors in the extracts may differ and
thus the minimal amounts of genomic DNA may vary as well. For ex-
ample, genotypes of scats showed slightly lower error rates than hair
samples from the same reference individuals in this study (Figure S2).
Ultimately, when setting up novel rSPs for other species and sample
types, we recommend making a small pilot experiment to define a
threshold for a favourable minimum DNA concentration, balancing
low genotyping error rates against exclusion of valuable collected
samples for the respective research question of the study.

In general, the performance of noninvasively collected or de-
graded samples will depend upon the methods used for DNA ex-
traction and the degree of standardization for these procedures.
Moreover, most molecular ecology laboratories will preselect non-
invasive samples for their DNA quality or quantity before submit-
ting them for multilocus genotyping. First, DNA concentrations of
samples may be assessed beforehand, for example by RT-PCR quan-
tification, where corresponding Ct values may be used as a proxy
for genotyping quality (Morin, Chambers, Boesch, & Vigilant, 2001;
for microfluidic technology see Nussberger, Wandeler, & Camenisch,
2014a; von Thaden et al., 2017). Second, samples may have under-
gone species identification based on mtDNA sequencing or have
even been typed with microsatellite panels before SNP genotyping.

Several studies have applied SNP marker panels to noninvasively
collected wildlife samples (Bayerl et al., 2018; Doyle et al., 2016;
Giangregorio, Norman, Davoli, & Spong, 2018; Katzner et al., 2017;
Kraus et al., 2015; Nussberger, Wandeler, & Camenisch, 2014a; Ruegg
et al., 2014; Spitzer et al., 2016; Steyer, Tiesmeyer, Mufoz-Fuentes, &
Nowak, 2018). The authors used different protocol adjustments and
sample preselections, as the implementation of rSPs to noninvasive
samples is still at an early stage. Some of the authors increased STA
cycle numbers from 14 to 18 (von Thaden et al., 2017), 25 (Bayerl et
al., 2018), 28 (this study) or even up to 35 (Giangregorio et al., 2018),
while others raised the number of cycles in the subsequent genotyping
PCR from the original 34 to 42 (Kraus et al., 2015) or 46 (Nussberger,
Wandeler, & Camenisch, 2014a). The authors of the last study, who
were among the first to apply microfluidic SNP genotyping to noninva-
sive samples, made extensive adjustments to the manufacturer's pro-
tocol to enable genotyping from single hairs of wildcats. Depending
on their previous RT-PCR assessments, they raised the STA reaction
volume up to 21 ul, increasing the DNA template volume up to 10 ul,
and lowered STA primer concentrations to 250 nm to increase spec-
ificity. While we also raised the STA reaction volume slightly (from 5
to 8 pl), to accommodate 3.2 pl of DNA extract, we found that adjust-
ing the primer concentrations from 500 to 250 nm did not improve
performance (data not shown). As with other genetic markers, we ex-

pect that every laboratory will come up with their own adjustments

to serve their individual application's needs. However, based on our
comprehensive error calculations using reference samples, we are
confident that increasing the number of cycles in STA does not lead to
increased generation of artefacts or erroneous genotype signals, and
is thus generally advisable for these types of samples.

Genotyping error rates of ADO (11%) and FA (1%) found in this
study for the randomly selected subsets of noninvasively collected
wildcat samples seem relatively high when compared to those re-
ported for other microfluidic rSPs from Nussberger, Wandeler, and
Camenisch (2014a); 1.6% genotyping error rate per locus; based on
four reference individuals), Kraus et al. (2015; ~1% errors for dilution
series of tissue and blood samples), Spitzer et al. (2016; 0.38%; based
on preselected samples that had worked with microsatellite genotyp-
ing) or Doyle et al. (2016; 0.4%,; after sample preselection). However,
all of these studies estimated the genotyping errors after removing
low-quality samples during the laboratory procedures. In our case,
we estimated the genotyping errors for a randomly selected pool of
samples originating from routine wildcat monitoring, where qualities
and quantities of samples vary greatly. When comparing our reported
SNP error rates for noninvasive samples to those obtained with tra-
ditional microsatellites on the same kinds of samples, error rates are
significantly lower for the rSPs (ADO 11% vs. 19%-23% and FA 1%
vs. 2%; Hartmann, Steyer, Kraus, Segelbacher, & Nowak, 2013; Steyer
etal., 2016).

To account for genotyping errors, noninvasively collected sam-
ples with very low amounts of DNA are usually replicated in a multi-
ple-tube approach (Pompanon, Bonin, Bellemain, & Taberlet, 2005;
Taberlet et al., 1999; Waits & Paetkau, 2005). A previous study rec-
ommended classifying the replication needs of noninvasive samples
based on their SNP call rates when using 18 cycles in STA pre-ampli-
fication (von Thaden et al., 2017), as samples with a call rate of 100%
showed practically no disagreements between replicates. However,
when increasing the cycles to 28 as tested here, the SNP call rates
were generally much higher, including samples with very low DNA
quantity or quality, with call rates of >95%. Thus, the relationship
between SNP call rate and sample quality may need to be carefully
re-evaluated when adjusting the STA protocol. Until then, we rec-
ommend a minimum of three replicates for low-DNA samples to de-
tect potential genotyping errors. When low performance is obvious,
more replicates may be needed to secure the genotype.

Furthermore, the consensus-building rules for replicated sam-
ples need to be empirically re-evaluated due to the differing char-
acteristics of the bi-allelic SNPs, such as intrinsically higher rates of
homozygotes as compared to multi-allelic markers. In the present
study, the applied rules vary slightly from the recommendations
for traditional microsatellite-based genotyping (Morin et al., 2001;
Taberlet et al., 1996), which imply (a) extensive replication of homo-
zygous genotypes as well as (b) solely assuming a heterozygous con-
sensus genotype if observed at least twice among the replicates of
a sample. To identify the most appropriate consensus-building rules
for a given marker set, a pilot experiment based on extensive repli-
cation of reference samples comprising high and low DNA sample

types is advisable, as we show here.
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When genotyping wildlife samples, nontarget species may am-
plify and produce erroneous genotype calls. In our novel SNP panel
for European wildcats, this was the case for all 18 tested cross-spe-
cies. However, the vast majority (17 species) showed call rates below
20% and would immediately be invalidated due to these low ampli-
fication successes. Only samples of the Eurasian lynx produced call
rates of over 90%, but showed merely three dissimilarities between
samples of different individuals and very low observed heterozy-
gosity (0.03). Thus, if lynx samples were to be genotyped without
prior mtDNA-based species identification, they would most prob-
ably be identified as belonging to lynx based on their characteristic
genotype or low heterozygosity. In contrast to nontarget species,
transferability of the SNP assays to closely related species—such as
the African wildcat samples briefly tested here—may prove benefi-
cial. However, the applicability and informative value of an rSP for
genotyping a closely related species needs to be thoroughly tested
and assessed before its implementation in research or monitoring

programmes, respectively (Giangregorio et al., 2018).

4.3 | Applications for standardized genomic
assessments of natural populations

Several studies have shown that rSPs provide sufficient genomic in-
formation to answer questions on individual identification, introgres-
sion or relatedness (Baetscher et al., 2017; Holl et al., 2017; Katzner
et al., 2017; Mufoz et al., 2015). Here, we have demonstrated how
rSPs can be applied in conservation to gain information about sev-
eral population demographic parameters in one genotyping run.

To distinguish individuals, as few as 18 of the most heterozygous
SNPs were sufficient to reach PIDsib < 0.0001. Thus, when consider-
ing the 84 ID SNP markers in our panel, even closely related individ-
uals should be distinguishable with high certainty. However, when
we quantified mismatches between genotypes of known related do-
mestic cat individuals, we found that siblings differed for only 11 of
the 84 ID SNPs (13%), while unrelated domestic cats differed for as
few as 30 ID SNPs (36%). Although our SNP panel was optimized to
distinguish wildcats rather than domestic cat individuals, a minimum
number of 40 SNP markers seems advisable for individual identifi-
cation. With regard to possible genotyping errors or missing data for
some loci, these numbers of SNP markers should yield enough poly-
morphisms to reliably distinguish individuals. Additionally, if avail-
able, mtDNA haplotypes, microsatellite genotypes, life history data
and other metadata should be taken into account. Nevertheless,
even without provision of metadata, we were able to reconstruct
known kinships based on ID SNP genotypes. This may allow for fur-
ther genealogical analyses that rely on these kinds of data.

Population structure was evident from DAPC and sTrRucTure and
confirmed the findings from Mattucci et al. (2016), who used a panel
of 31 microsatellites to discern biogeographical groups from the dis-
tribution range of the European wildcat. Pairwise F¢ values (Table
S11) corroborated the genetic differentiation (mean = 0.147) and
resembled values from Mattucci et al. (2016; mean = 0.108). Thus,
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although ID SNP markers were selected mainly for individual iden-
tification, an assignment of population origins is possible at least to
some extent. Given the initial SNP identification process, it is not
surprising that overall low values for HWE deviations and LD were
found within wildcat populations. The few observed deviations from
Hardy-Weinberg or linkage equilibrium for some of the loci are prob-
ably due to a sampling effect (Wahlund, 1928), since our nonreference
population samples contained samples collected across several years
as well as partly from genetically distinct natural populations (see also
Supporting Results and Discussion). This assumption is supported by
the DAPC and sTrucTure analyses, which show that some sampled
populations are composed of different genetic lineages (e.g., the
Central and Western population in Germany, see Steyer et al., 2016).

The inclusion of 10 highly informative HYB SNP markers allowed
us to quickly identify possible hybrids in our data set. The incidence
of admixed individuals was higher in the samples from Scotland,
Portugal and Spain compared to the other population samples, be-
cause these samples were taken from another study focusing on hy-
bridization of wildcats in Europe (A. Tiesmeyer et al., unpublished
data) and do not represent a random sample of individuals from
these populations, although levels of hybridization in Scotland are
known to be high (Beaumont et al., 2001). While many more SNP
markers are necessary to distinguish between different hybrid cate-
gories with high certainties (compare Figure S8 and e.g., Mattucci et
al., 2019; Nussberger, Wandeler, Weber, et al., 2014b; Oliveira et al.,
2015; Steyer et al., 2018), the rapid detection of conspicuous geno-
types will be of considerable usefulness in high-throughput monitor-
ing. Events of hybridization will easily be detected in the course of
monitoring routines, and, after closer evaluation of potential intro-
gression with the above-mentioned SNP panels, appropriate conser-
vation measures may be implemented such as the removal of hybrid
individuals from the wild or their nonconsideration for breeding pro-
grammes (Kilshaw et al., 2016; Senn et al., 2019).

4.4 | Main conclusions and perspectives

The introduction of novel genomic tools to wildlife conservation
brings both benefits and drawbacks. The biggest advantages of rSPs
are the straightforward marker development described here, cost-
effective high-throughput application using microfluidic arrays, and
the opportunity to harmonize marker panels across different labo-
ratories for joint conservation efforts and research (deGroot et al.,
2016; Puckett, 2017). Short marker sizes (on average < 100 bp) and
the very low volumes of required DNA extracts (<10 ul for tripli-
cates) make the approach suitable for noninvasively collected sam-
ples that typically feature low quantities of mostly degraded DNA.
Nevertheless, implementing rSPs involves certain limitations.
Compared to whole genome sequencing, the filtering steps to se-
lect informative SNPs for the respective research question may in-
troduce ascertainment bias (Albrechtsen, Nielsen, & Nielsen, 2010;
Malomane et al., 2018). As rare SNPs are often under-represented

in reduced panels, values for expected heterozygosities as well as
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fixation indices may be over- or underestimated (Malomane et al,,
2018). Additionally, some of the SNPs may not be informative when
marker panels are optimized for single populations only (compare
Giangregorio et al., 2018). To minimize these biases, it is advisable
to include as many samples as possible from the species’ distribution
range for SNP discovery and take appropriate measures when prun-
ing the data for informative SNPs (e.g., by following an LD-based
data pruning concept, as proposed by Malomane et al., 2018).

Another constraint may be the lower allelic richness of SNP
markers as compared to multi-allelic microsatellites (Schopen,
Bovenhuis, Visker, & van Arendonk, 2008). However, this is usually
accounted for by including a selected set of highly informative SNPs
suited for the respective research questions or by simply raising the
number of investigated SNPs in order to reach the required sta-
tistical power (Morin, Martien, & Taylor, 2009). Generally, as with
any marker type, it is of great importance to test the suitability and
appropriateness of the marker panel and assess accuracy and ef-
ficiency for the respective research questions or monitoring pur-
poses (Guichoux et al., 2013; Hoban, Gaggiotti, & Bertorelle, 2013;
Landguth et al., 2012; Morin et al., 2009; examples for other species
in, e.g., Galaverni et al., 2017; Tokarska et al., 2009). A more practi-
cal limitation for conservation management may be that single and/
or urgent samples cannot be run alone economically, because an
entire array of 96 samples needs to be run at once. Second, mixed
samples containing DNA from several individuals (e.g., a family of
cats marking a valerian-treated hair trap) or xenobiotic species (e.g.,
saliva from red fox scavenging on a wolf kill) may be hard to detect
unless their genotypes show unusually high rates of heterozygosity
and may further lead to increased error rates. While Steyer et al.
(2016) found evidence for only 1.3% mixed DNA traces in noninva-
sively collected wildcat hair samples, other cases may lead to higher
rates (e.g., Alpers, Taylor, Sunnucks, Bellman, & Sherwin, 2003;
Roon, Thomas, Kendall, & Waits, 2005; Ruibal, Peakall, Claridge,
Murray, & Firestone, 2010). Thus, the combined use of rSPs with,
for example, mitochondrial species identification or comparison
with existing microsatellite profiles is highly recommended for
certain applications (Pun, Albrecht, Castella, & Fumagalli, 2009;
von Thaden et al., 2017). Furthermore, the generation of thresh-
olds for individual heterozygosity values may be used to sort out
admixed samples, after careful evaluation of this approach for the
specific research study at hand. Finally, provided that the respec-
tive SNP genotyping platform allows for it, the inclusion of tri-allelic
SNP markers may facilitate identification of mixed DNA samples
(Westen et al., 2009).

The rapid evolution of next-generation sequencing techniques
brings forth a wealth of novel genomic approaches that may be
embraced for conservation genomics by molecular ecologists and
management practitioners alike. Here, we have provided practical
guidelines and a framework for how to establish rSPs for genotyp-
ing of wildlife samples using microfluidic arrays. The technology has
potential to become the method of choice for genomic monitoring
of endangered species, due to ease of establishment, high standard-

ization potentials, and reduced costs and hands-on time. However,

as new sequencing methods evolve, microfluidic arrays may be
complemented by other sophisticated monitoring methods (Meek
& Larson, 2019; Pavey, 2015). In this respect, the guidelines for ge-
nomic marker development and testing presented in this study may
be useful for a variety of marker systems prior to beginning a long-

term monitoring or research project.
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