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Abstract
Effective management of Picea abies (Norway spruce), a widely planted conifer species in Europe,
requires high-resolution, scalable genotyping tools capable of capturing genetic variation across
complex genomes. The primary aim of this study was to establish a cost-effective marker toolkit for
Picea abies suitable for population genetics, provenance studies, and long-term monitoring. We
employed a Genotyping by Amplicon Sequencing (GBAS) approach to investigate sequence-level
variation in Norway spruce, using 124 highly multiplexed markers. The markers included 43 novel
microsatellite markers from anonymous genomic regions, 33 elongated established microsatellite
markers and 48 EPIC (Exon-Primed Intron-Crossing) markers targeting introns. As a proof of concept, the
markers were applied to 85 individuals from five populations in Austria. Genotyping was performed using
the Genotyping by Amplicon Sequencing (GBAS) pipeline, enabling the extraction of both traditional
length-based genotypes and whole amplicon information. Diversity metrics and clustering analyses
revealed spatial genetic structure among populations, likely reflecting neutral demographic processes
such as elevation-related isolation.

Introduction
Norway spruce (Picea abies) is an important species in European forestry, both ecologically and
economically. Its broad distribution across much of Europe underscores its adaptability to diverse
environmental conditions. However, challenges such as climate change, habitat fragmentation, and
emerging pests and diseases affect its genetic integrity and long-term viability (Seidl et al. 2017). These
pressures necessitate comprehensive genetic studies to inform forest management strategies and
ensure the resilience of spruce populations in changing environments.

A fundamental aspect of forest management is the provenance principle, which asserts that the
geographic origin of planting material profoundly influences growth and survival as described for
Norway spruce in long-term provenance trials (Cieslar 1899; Günzl 1979; Liesebach et al. 2010). This
principle underpins the selection of locally adapted planting material or populations experimentally
identified to perform well under specific conditions. Such practices help ensure optimal resource
performance while preserving natural genetic diversity that may predate the last glacial maximum, as
evidenced by Picea abies populations in Norway (Tiret et al. 2023).

Genetic monitoring is an essential tool for assessing the long-term viability of forest tree populations
(Aravanopoulos 2011). By assessing genetic diversity and population structure, it enables the detection
of changes over time, guiding conservation efforts and sustainable management (Allendorf and Luikart
2007). The field has made significant advances with the establishment of standardized methods for
genotyping, which have facilitated accurate assessment of genetic diversity and informed conservation
strategies (Neale and Ingvarsson 2008). Despite its ecological significance, genomic research in Norway
spruce presents considerable challenges. Its genome, estimated at 20 gigabases, is among the largest
and most complex sequenced to date, with a high prevalence of repetitive sequences, duplicated
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regions, and extensive non-coding DNA (Nystedt et al. 2013). These features complicate even the
application of advanced techniques, such as exome capturing and genotyping-by-sequencing, as the
presence of paralogous sequences can lead to ambiguous read mapping and variant calling, thereby
affecting the accuracy of genotyping data.

Historically, forest genetic research has relied on various marker systems, including microsatellites,
expressed sequence tag-derived markers (ESTs), and allozymes (Thomson et al. 2010; Hong and Lu
2004; Vendramin et al. 2000; Neophytou et al. 2018). In P.abies, microsatellites, particularly those derived
from ESTs, have been widely used to assess genetic diversity and population structure (Pfeiffer et al.
1997; Rajora et al. 2001; Maghuly et al. 2006; Meloni et al. 2007; Rajora et al. 2014; Rajora and Mann
2021). However, detecting fine scale genetic structure remains challenging in this species due to high
gene flow, large population sizes, and extensive historical seed transfers, which maintain low levels of
differentiation among populations. Moreover, the complexity of spruce genomes, characterized by
paralogous sequences and high homoplasy, adds to the difficulty in marker development and
interpretation (Nystedt et al. 2013). To address these limitations and expand available marker systems,
we developed a novel group of codominant markers specifically for Genotyping by Amplicon Sequencing
(GBAS) in P.abies. Most existing markers developed for Picea abies have been derived from expressed
sequence tags (ESTs) and are thus limited to transcribed regions of the genome. Our markers were
designed from anonymous genomic DNA regions, allowing them to target microsatellite motifs outside
annotated gene regions and complementing existing resources focused on coding sequences. Intron-
flanking markers such as EPICs (Exon-Primed Intron-Crossing) may offer complementary information by
targeting additional genic-adjacent regions not captured by EST-SSRs. (Li et al. 2010; Curto et al. 2012).
Beyond their genomic position, EPIC markers also present technical advantages over conventional SSRs.
Since they target intronic regions, these markers are less prone to genotyping errors caused by stutter
bands and size homoplasy, issues commonly associated with short SSR repeat motifs (Schlötterer 2000;
Guichoux et al. 2011). Additionally, EPIC markers tend to exhibit lower frequencies of null alleles, as
primer binding sites are placed in conserved exonic regions rather than potentially variable flanking
sequences (Thomson et al. 2010). Furthermore, because variation in the introns will be linked with
functional variation they might be useful in flagging for local adaptation or selection, warranting further
investigation into non-neutral evolutionary forces (Jo and Choi 2015). These properties make EPIC
markers a practical addition to existing marker sets for routine population genetic studies in Norway
spruce.

The objective of our study is to develop and evaluate a set of sequence-based microsatellite and EPIC
markers as a cost-effective toolkit for population genetic analysis in Picea abies.. Traditional SSR
genotyping relies solely on length polymorphisms of the repeat motifs, often overlooking sequence-level
variation within the amplicon. Amplicon-based sequencing provides allele calling through complete
sequence information, including SNPs and indels within microsatellite motifs and their flanking regions,
thereby increasing resolution. We present the first EPIC markers developed for spruce, complementing
microsatellite-based markers by enhancing the toolkit with improved resolution and reliability for genetic
diversity analyses. In addition, we include previously published EST-derived markers since they are
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known to be informative in describing population genetic patterns of P. abies. These were specifically
restructured to produce longer amplicons (450-550bp) to capture additional flanking variation. Although
sequencing itself addresses size homoplasy (Estoup et al. 2002), elongation increases the likelihood of
detecting polymorphisms in the flanking regions (Mogg et al. 2002). We present a case where 124
markers can be pooled into as few as 8 multiplex-mixes, demonstrating their application in a dataset of
85 trees sampled from 4 regions across Austria, representing the east, west, and southern parts of the
country. We demonstrate the utility of this marker set for resolving genetic diversity and structure in
Picea abies.

Methods
Screening population and DNA extraction

A total of 85 individuals were collected from five populations across Austria: Rothwald (n = 35), Higher
Muhr (n = 15), Lower Muhr (n = 15), Flurwald (n = 10), and Silbertal (n = 10). Rothwald is a primeval forest
with minimal human intervention (mainly hunting) (Splechtna and Splechtna 2016), and the other old
growth populations sampled are also presumed to have undergone natural regeneration. In Muhr
(Salzburg), samples were collected from both valley forests (~ 1100m) and high elevation (~ 1680m) to
explore potential altitude-driven population structure. In Vorarlberg, Flurwald and Silbertal represent
separate naturally regenerated populations. Within each population, trees were selected maintaining a
minimum distance of 20-30m between sampled individuals wherever possible. All sampling was
conducted in areas with no visible signs of recent planting or intensive forest management. The
collected samples were then processed at the Molecular Biodiversity laboratory at the Institute for
Integrative Nature Conservation Research at Boku University, Vienna. The DNA isolation protocol is
explained in the Supplementary material. For marker development, three samples with high-quality DNA
and minimal fragmentation were sent for library preparation and whole-genome shotgun sequencing on
the Illumina MiSeq paired-end (PE) 300 platform at the Genomics Service Unit, Ludwig Maximillian
University of Munich, Germany.

Marker development

The approaches used for developing the three marker types are detailed in the following sections. For
consistency, we refer to them throughout the manuscript as SSRs (derived from genomic regions), ESTs
(elongated versions of previously published EST-SSR markers), and EPIC markers (derived from exon-
intron junctions), according to their genomic origins.

To develop SSR markers, the genomic sequences obtained from the MiSeq whole-genome shotgun
sequencing were used to identify regions with microsatellite motifs. The raw data underwent quality
control (Phred < 20) using Cutadapt 3.0 (Martin 2011) to trim adapters and low-quality bases, ensuring
high-quality sequence data. Post quality control, the forward and reverse reads were merged using PEAR
v0.9.4 with default parameters (Zhang et al. 2014). The merged reads were then screened for
microsatellite containing sequences using the SSR pipeline program (Miller et al. 2013). The settings
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used for microsatellite identification included a minimum of 40 bp of flanking sequence on both sides of
the repeat region, with minimum thresholds of 6 repeats for tetra- and pentanucleotide motifs, 8 repeats
for trinucleotide motifs, and 10 repeats for dinucleotide motifs. The resulting sequences containing
microsatellites were subsequently used for primer development using Primer3 (Untergasser et al. 2012)
implemented in Geneious v. 8.0.5 (https://www.geneious.com). We specified primer lengths between 18
and 22 bp, an optimal melting temperature (Tm) of 55°C, and a Tm difference of less than 5°C between
forward and reverse primers. The target PCR product sizes were set between 400 and 550 bp.
Additionally, the GC content was set between 40% and 60%. The designed primers were then mapped
back to the Spruce genome (Nystedt et al. 2013) to evaluate their specificity. A total of 93 primer pairs
were designed that met all the requirements in the process. The primers were then concatenated with a
recognition sequence that corresponded to the Illumina adapter regions as described in (Curto et al.
2019). In addition to developing new markers, existing EST-based SSR markers (Table S1) were included.
A total of 47 markers, originally producing amplicons of around 200–300 bp, were selected for
elongation. The elongation process to develop EST markers involved mapping the original primers onto
the low coverage genome sequences and the original genome to locate the precise genomic regions
they amplified. New primers were designed using Geneious v.8.0.5 flanking these regions to elongate the
product size to approximately 450–550 bp following other parameters as explained above.

The primer designing strategy for EPIC markers closely followed Curto et al. (2012). We selected a set of
functional genes that encompass relevant biological functions in spruce, including genes associated
with growth, stress response and immune pathways. Additionally, we included both highly conserved
genes, to ensure comparability across populations and species, and less conserved genes, to capture
variation that may be specific to local adaptations or ecological pressures. Publicly available mRNA
sequences were compiled and used as queries in NCBI BLAST against the spruce genome to identify the
corresponding genomic regions. To ensure specificity, only those that resulted in a single hit were
selected for further analysis. The regions matching the query mRNA sequences were extracted with
2000 bp flanking sequences on both ends to ensure that the intronic regions were adequately covered.
These regions were then imported into Geneious for primer design. Using Primer3 in Geneious, primers
were designed to anneal to the exon regions while amplifying the variable introns. Primer design
specifications, including length, Tm, GC content, and product size, follow the criteria described in the
previous section. To further ensure the cross-species utility of these primers, we mapped them against
the Picea glauca genome as well. Only primers that produced a single match in both P.abies and
P.glauca genomes were retained. In total, we designed 65 primer pairs. Amplification and sequencing

Primer performance was first evaluated individually on three spruce samples in 10 µl PCR reactions (5 µl
QIAGEN Multiplex PCR Master Mix, 2 µl primers, 1 µl DNA) under standard cycling conditions (95°C for
15 min; 35 cycles of 95°C for 30 s, 55°C for 1 min, 72°C for 1 min; final extension 72°C for 10 min).
Successful amplification was confirmed by agarose gel electrophoresis, yielding 96 microsatellite-based
primers and 52 EPIC primers for multiplex testing. PrimerPooler (Brown et al. 2017) was used to assign
primers to eight pools. Multiplex PCRs were performed in 5 µl reactions (384-well format) with the same
proportions and cycling conditions, and amplification success was confirmed by randomly checking
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products on agarose gels. PCR products from each pool were combined, purified with Agencourt
AMPure XP beads (Beckman Coulter Inc.) following Curto et al. (2019), and subjected to a second PCR
to add dual indices (10 µl reactions, 10 cycles at 58°C annealing). Indexed products were pooled and
sequenced (2 × 250 bp, Illumina Novaseq SP 500, Vienna BioCenter Core Facilities).

Sequence analysis and genotyping

The raw fastq files from Illumina were processed using the SSR-GBAS pipeline (version published in
2019: github.com/mcurto/SSR-GBS-pipeline) which performed quality control, adapter trimming,
merging of paired reads, and demultiplexing based on primer sequences. The SSR-GBAS pipeline
incorporates widely recognized tools, such as Trimmomatic (Bolger et al. 2014) and USEARCH (Edgar
2010), and has been validated in several studies (Curto et al. 2019; Tibihika et al. 2019; Kwikiriza et al.
2023; Forgiarini et al. 2024; Sinigaglia et al. 2024; Baptista et al. 2024; Tibihika et al. 2024). The pipeline
employs a two-step allele-calling process. First, alleles are called based on amplicon length (AL),
replicating traditional SSR length genotyping. This is followed by capturing SNP variation within length-
based alleles, and the recovery of whole amplicon information (WAI), which provides higher resolution.
Each distinct sequence variant is treated as a separate allele and is given an allele number, capturing all
polymorphisms within the amplified region, which includes the repeat motif and flanking areas. The
output is a standard codominant matrix with integer-coded alleles, where each integer corresponds to an
allele per locus. This matrix was converted to the required input files for DAPC and STRUCTURE using
the ‘Export’ function of GenAlex 6.503 (Peakall and Smouse 2012). Adaptations to the pipeline have
expanded its applicability to other amplicon types, such as EPIC markers.

Marker mapping and annotation

Although primer sequences were initially mapped to verify specificity during marker development, we
used allele sequences obtained from the SSR-GBAS pipeline for more accurate classification. To map all
the microsatellite allele sequences onto the genome, we aligned them with the P.abies reference genome
Paab v1.0 from TreeGenes database (Falk et al. 2018; Wegrzyn et al. 2019) using BLASTn (BLAST + 
v2.6.0) (Camacho et al. 2009). A local BLAST database was created from the scaffold-level genome
assembly. Initial searches were conducted with stringent parameters (e-value ≤ 1e-20, minimum 95%
identity, minimum 90% query coverage), followed by relaxed searches (e-value ≤ 1e-2, minimum 85%
identity) to recover additional potential hits. For each marker, only the highest-scoring alignment (based
on bit score and alignment length) was retained. Using Bedtools v2.26.0 (Quinlan and Hall 2010), we
classified markers as genic (overlapping exons, CDS, or genes), intronic, or intergenic. For markers with
no overlapping annotation the distance to the closest one was calculated using the ‘closest’ function of
Bedtools.

Duplication detection

Given the high duplication level of P. abies genome, it is possible that a portion of the newly developed
markers amplify paralog regions. We tested if we could use the amplicon length histograms to
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disentangle the signal from duplicated loci using comparisons with the reference genome as guidance.
We expected many duplicated loci to produce amplification products in different size ranges across all
samples. If these ranges do not overlap the duplicated signal can be disentangled by calling alleles to
these independently.

In the first step, the SSR-GBAS pipeline produces amplicon length histograms (marker plots) for each
marker across individuals, where the X-axis represents fragment lengths and the Y-axis indicates their
relative frequency. Although these plots are not explicitly designed to detect duplication, would expect
multiple, distinct length peaks if duplication was present. They could thus be used as a proxy to detect
and disentangle the signal of co-amplification of more than one genomic locus, which we test. To guide
this, we first identified markers that produced multiple high-confidence BLAST hits to the P.abies
genome. For these markers, we compare the reported alignment lengths with the peaks observed in the
marker plots. If two non-overlapping peaks were present and matched the fragment sizes, we manually
defined length intervals corresponding to each peak (S1). We then repeated the allele calling step,
restricting it to these specified intervals. Final allele matrices were generated by merging results across
all retained intervals and markers.

Marker performance and population genetic analysis

To assess marker performance, we calculated various diversity metrics, including observed
heterozygosity (Ho), expected heterozygosity (He), polymorphic information content (PIC), number of
alleles (Na), and Hardy-Weinberg Equilibirum tests (HWE tests) using GenAlEx 6.503 (Peakall and
Smouse 2012). FreeNA (Chapuis and Estoup 2006) was used to estimate the proportion of null alleles.
All these analyses were conducted using both length-based (AL) and sequence-based (WAI) genotyping
data, separately for each marker category allowing us to compare the two genotyping approaches as
well.

The obtained marker sets may have different degrees of neutrality. To identify potential outlier loci
showing signals of selection, we performed an FST versus heterozygosity analysis following the method
described by Beaumont and Nichols (1996). We calculated pairwise FST values for each locus, averaged
across populations using GenAlEx 6.503. Expected heterozygosity was also calculated using the same
dataset. The relationship between FST and He was visualized in a scatter plot, to infer potential outliers

from the main FST -He distribution. To flag putative outliers, we used an empirical threshold, designating
loci with FST outside the 2.5th -97.5th percentiles of the observed distribution as outliers.

The ability of the marker sets in assessing provenance of P. abies was primarily evaluated using
population structure and differentiation analyses conducted using WAI data, both separately for each
marker category and on the combined dataset. We conducted principal coordinates analysis (PCoA)
using GenAlEx 6.503. and used the R package adegenet 2.1.10 (Jombart 2008) for the discriminant
analysis of principal components (DAPC) and utilized the optim.a.score function to determine the
optimal number of principal components axes to retain through cross-validation. This ensured the
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selection of axes that enhance discriminatory power while minimizing noise. Missing data were imputed
using the scaleGen function from the package, applying the mean allele frequency method (NA.method =
“mean”), which replaces missing values with the mean frequency of observed alleles at each locus
(Jombart 2008). After imputation, we further removed any loci or individuals that still contained missing
values to ensure that the dataset used for DAPC was fully complete. Further, we used STRUCTURE 2.3.4
(Hubisz et al. 2009) for Bayesian clustering. STRUCTURE was run using 10 independent replicates for
100,000 generations after a burn-in period of 10,000. We tested the K-values between 1 and 5 and
evaluated the best K using STRUCTURE SELECTOR (Li and Liu 2018). We tested for isolation by distance
using the Mantel test in GenAlEx with 9,999 permutations, which evaluates the correlation between
pairwise genetic and geographic distance matrices. The geographic distance between sampling sites
were computed using great-circle (haversine) distances from latitude and longitude (R = 6371 km) using
the R package ‘geosphere’ (Hijmans 2010). We used this as the X matrix and the pairwise FST values
computed before as the Y matrix for the Mantel test.

Results
SSR search and microsatellite mining

The SSR search identified 189,029 microsatellite-containing sequences out of the 10,056,984 reads
produced for marker development. The distribution of SSR motifs revealed a predominance of
dinucleotide repeats (89,456), mononucleotide repeats (38,814), followed by trinucleotide repeats
(26,348), tetranucleotide repeats (9,753), pentanucleotide repeats (5,201), and hexanucleotide repeats
(279). Figure 1a illustrates the most abundant motifs in decreasing order of frequency. Markers in the
SSR category were mostly designed to cover pentanucleotide repeats (31 loci), followed by
trinucleotides (12) and tetranucleotides (11). This was a deliberate design choice, as longer motifs are
less prone to stutter artifacts and therefore increase genotyping reliability. This was not possible for EST
category since these are enriched for trinucleotides (26 loci), with fewer dinucleotides (6),
tetranucleotides (2), and 1 pentanucleotide.

Sequence analysis and marker retention

After individual primer testing, a total of 76 SSR, 47 EST and 55 EPIC markers were included in the
multiplex PCR (S1-S3). The Novaseq sequencing runs yielded a total of 11,714,950 paired reads.
Subsequent quality control and merging steps resulted in 10,056,984 high-quality reads suitable for
further analysis. All primers were designed for 2 × 300 bp Illumina sequencing runs; therefore, the 2 ×
250 bp sequencing configuration did not yield overlapping reads for 20 microsatellite-based markers and
4 EPIC markers. Additionally, markers that failed to produce data for at least 60% of the samples were
filtered out (marked in Tables S1-S3). After these filtering steps, a set of 43 SSR, 33 EST, and 48 EPIC
markers were retained.

Genomic localization of SSR markers
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The Bedtools results showed that 40 out of 43 SSR markers did not overlap with any annotated element.
We therefore classified them as having no overlap and potentially intergenic. The three remaining
markers overlapped with annotations of exons or CDS regions. In addition, proximity analysis revealed
that three other markers were located within 1 kb of an annotated feature and one within 15kb (Table 1).
For consistency, we also mapped the EST markers. Although they are expected to localize within
expressed regions, we verified their genomic positions. Five of these markers did not overlap with any
annotated features, while the rest mapped within exons or introns or showed overlapping classifications.
Full results for the EST markers are provided in Table S4. These classifications are based on
intersections with the TreeGenes annotation (Paab v1.0), which includes gene, CDS, exon, and intronic
features. As this annotation does not cover UTRs or distant regulatory elements, it is likely that some
markers classified as intergenic may lie near or within functional, yet annotated, genomic regions.

Markers with potential duplication

We observed potential duplication in six markers based on the presence of multiple mapping hits and
distinct, non-overlapping, peaks in their amplicon length distributions. We defined intervals based on the
marker plots for all six markers. Three markers, S24_AGA, S93_CATGC, and S95_ATGGT and their
intervals met the read threshold of 20 and were included in the final dataset. We named the intervals
S24dup_AGA, S93dup_CATGC, and S95dup_ATGGT respectively and included them for the allele call
step. Markers S1_ACAAA, S112_ATCAT and S94_ATAAA had read count lesser than 20 in one of the
intervals and hence we proceeded the allele calling in the intervals that met the read count. We have
provided the mapping results, the defined length intervals and examples of marker plots in the
Supplementary material (S5).

Evaluation of AL and WAI genotyping methods in microsatellite-based markers

To evaluate the relative performance of length-based genotyping (Amplicon Length, AL) and sequence-
based genotyping (Whole Amplicon Information, WAI), we assessed four key metrics across all SSR and
EST loci: observed heterozygosity (Ho), expected heterozygosity (He), polymorphic information content
(PIC), and the number of alleles (Na). The mean Ho increased from 0.24 in AL to 0.49 in WAI, and the
mean He increased from 0.31 in AL to 0.69 in WAI. The mean PIC was 0.28 for AL and 0.65 for WAI, with
the PIC range extending from 0.006–0.79 in AL and 0.08–0.97 in WAI. Furthermore, WAI identified 49
loci with PIC ≥ 0.5, 12 loci with PIC between 0.25 and 0.5, and only 4 loci below 0.25, whereas AL yielded
15 loci with PIC ≥ 0.5, 21 loci between 0.25 and 0.5, and 29 loci below 0.25. These differences highlight
the increased resolution of WAI, which detects sequence-level polymorphisms that remain hidden under
length-based scoring, thereby inflating both allele counts and heterozygosity estimates. Diversity metrics
for EPIC markers are presented separately in the ‘Marker performance’ section (Fig. 1b).

FST -Heterozygosity outlier analysis

The FST vs. heterozygosity analysis identified eight outlier loci based on the 95% confidence interval (CI).
The green dashed lines indicate the empirical 2.5% and 97.5% quantile thresholds of the FST distribution,
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representing the lower and upper bounds of the 95% range. Four loci fell above the upper bound, while
four were below the lower bound (highlighted in red circles in Fig. 2b). The loci above the upper bound,
indicating elevated levels of differentiation, were all EST markers: S47_GAG, S87_AG, S88_GA, and
S89_AG. These were associated with the following annotations: protein phosphatase 2A regulatory B
subunit family protein; MBD9 methyl-CPG-binding domain 9, DME HhH-GPD base excision DNA repair
family protein. Conversely, the loci below the lower bound included one SSR marker (S115_AGCCA) and
three EPIC markers: 2-SprEPIC_, 31-SprEPIC_, and 32-SprEPIC. The SSR marker below the lower bound
was found to overlap with a region annotated as the peroxidase 31-like gene MA_102713g0010 (Sundell
2015), including an exon and contiguous intron (Table 1). The EPIC markers below the lower bound
correspond to genes with functional annotations, including disease resistance, homeodomain-leucine
zipper transcription factor HB-3 (HB-3), and PEPC-1b phosphoenolpyruvate carboxylase, respectively.

Performance across marker categories

Having compared genotyping approaches (length-based vs. whole-amplicon) in the previous section, we
assessed how diversity metrics differ across marker categories – SSR, EST, and EPIC- based on WAI
data (Fig. 1b). The results indicate that SSR markers captured more allelic diversity and heterozygosity
than the other two categories, while EPIC markers, although not based on SSR repeat variation, showed
comparable levels of diversity to the EST markers. SSR markers yielded a mean He of 0.79 and Ho of
0.56, PIC of 0.76, and Na of 12.9. EST markers showed a mean He of 0.60, Ho of 0.43, PIC of 0.55, and
Na of 7.5. EPIC markers showed a mean He of 0.606, Ho of 0.587, PIC of 0.572, and Na of 9.02.

Population genetic analysis

After removing the outliers from the FST-heterozygosity analysis and one marker that turned out to be
monomorphic across all populations (S55_CAG), we conducted population genetic analyses on the WAI
datasets from each type of marker and merged all of them for a combined analysis as well.

SSR markers

Using the SSR markers, we observed that expected heterozygosity (He) consistently exceeded observed
heterozygosity (Ho) across all populations, ranging from 0.61 to 0.73 (Table 2). Na was highest in the
Rothwald population at 15.6, indicative of substantial allelic richness. No global deviations from Hardy-
Weinberg equilibrium (HWE) were detected, although five markers showed significant deviations in at
most three populations. All HWE p-values are provided in Table S6. Additionally, none of the markers
exhibited a null allele frequency exceeding 0.2 across all populations, as indicated by the FreeNA
analysis. As shown in Fig. 2a, pairwise FST values were lowest between Rothwald and Higher Muhr, while
the highest was between Silbertal and Lower Muhr. The DAPC (Fig. 3a) revealed that Rothwald and
Flurwald formed distinct clusters, clearly separated from a group comprising Higher Muhr, Lower Muhr,
and Silbertal, Vorarlberg. Some individuals from Rothwald overlapped with the Muhr-Silbertal cluster.
STRUCTURE analysis at K = 2 (Fig. 3e), identified as the optimal number of clusters by the delta K
method from STRUCTURE SELECTOR, showed a primary division with Higher and Lower Muhr and
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Rothwald in one cluster. At K = 3, additional substructure emerged, with Rothwald, Flurwald and Silbertal
showing increased differentiation. Silbertal shows mixed ancestry across all three clusters despite the
geographical closeness with Flurwald.

EST markers
Using only EST markers, we observed a higher Na value in the Rothwald population with a mean of 9.8
(Table 2). Like SSR markers, He consistently surpassed Ho across all populations, ranging from 0.47 to
0.53. No significant deviation from HWE was found and FreeNA analysis indicated no null allele
frequency above 0.2. Pairwise FST values (Fig. 2a) showed the lowest genetic distance between Higher

Muhr and Lower Muhr (0.052), while the highest was between Rothwald and Flurwald. The DAPC
(Fig. 3b) identified Rothwald separating with few individuals overlapping with Muhr-Flurwald cluster. In
contrast to the findings observed with SSR markers, the Flurwald and Silbertal populations exhibited
considerable overlap and formed a single cluster. The STRUCTURE analysis (Fig. 3f) corroborated the
cluster formation identified in DAPC, with Rothwald demonstrating differentiation at K = 2, while the
remaining populations displayed mixed assignments. At K = 3, the clustering pattern remained largely
unchanged.

EPIC markers
Using only EPIC markers, we observed that the highest mean Na was observed at 9.5 in the Rothwald
population, a pattern consistent with findings from the other marker types. In contrast to the results
obtained with SSR and EST markers, He did not exceed Ho across populations. No global deviation from
HWE was indicated. Pairwise FST values (Fig. 2a) indicated the lowest genetic differentiation between
Higher Muhr and Silbertal, while the highest was observed between Flurwald and Lower Muhr. The DAPC
analysis, retaining 25 axes, resolved into three clusters (Fig. 3c). Unlike the patterns observed with SSR
and EST markers, Higher Muhr and Lower Muhr did not cluster together and exhibited considerable
overlap with Rothwald. Flurwald, however, separated completely, consistent with its isolation as
observed with SSR markers. The STRUCTURE analysis (Fig. 3g) showed at K = 2, Higher Muhr, Lower
Muhr and Rothwald showing overlap in clustering, while Flurwald as differentiated, and Silbertal showing
mixed ancestry. At K = 3, the result provided limited additional insight with the differentiation of Flurwald
persisting, however there is no further resolution.

Combined analysis
Population genetic analysis integrating SSR, EST, and EPIC markers revealed the highest mean Na at
12.4 in Rothwald, with He consistently exceeding Ho across all populations, ranging from 0.54 to 0.61.
The lowest pairwise FST value was observed between Silbertal and Rothwald, while the highest was
between Flurwald and Lower Muhr. The DAPC (Fig. 3d), retaining 25 axes, demonstrated that Rothwald
formed a distinct cluster, clearly separated from the other populations. The Muhr populations clustered
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together and were distinctly apart from the remaining groups, while the Vorarlberg populations (Flurwald
and Silbertal) exhibited some overlap yet remained clearly separated from the other clusters. The
STRUCTURE analysis (Fig. 3h) corroborated the patterns observed in the DAPC, reinforcing the distinct
clustering of Rothwald and the partial overlap among Vorarlberg populations. Using the combined
dataset, we tested for isolation by distance using a Mantel test (Figure S7). The test revealed no
significant correlation between genetic and geographic distances between our sampling locations (r = 
0.01, p = 0.38). We also conducted a PCoA (Figure S8) for all the four categories. The results were
congruent with the clusters observed in DAPC.
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Table 1
Genomic localization of SSR markers in the P.abies genome

Marker Feature contig Start position End position Annotation feature Distance

S1_ACAAA MA_791733 1152 1651 No overlap -

S105_TTCTT MA_101094 16463 16807 No overlap 454

S106_TTTTG MA_7851150 746 1154 No overlap -

S107_AGATA MA_10187907 1562 1882 No overlap -

S109_TTATC MA_169129 38362 38762 No overlap -

S11_TTA MA_474718 2630 2977 No overlap -

S12_ATG MA_10231278 1077 1415 No overlap -

S110_AATAC MA_9342 17732 18140 No overlap 14923

S113_AAAAG MA_139673 16731 17145 No overlap -

S114_TTTTA MA_219245 1888 2286 No overlap -

S115_AGCAA MA_102713 16604

16856

16855

17773

Exon

Intron

 

S116_AGATA MA_10056486 6556 6960 No overlap -

S118_TTTTC MA_149572 27924 28324 No overlap -

S121_ATTTT MA_909778 9009 9456 No overlap -

S123_CTTCT MA_615504 9305 9702 No overlap -

S17_TCTTT MA_10282294 326 765 No overlap -

S18_TTTCC MA_62292 9362 9834 No overlap -

S19_CATCA

S20_ATTT

MA_182539

MA_6123658

18364

161

18841

457

No overlap

No overlap

-

S23_ATG MA_10335377 2785 3217 No overlap -

S25_ATT MA_9191613 1155 1609 No overlap 920

S27_ATA

S31_AGA

MA_75794

MA_151401

16674

430

16993

874

No overlap

No overlap

-

-

S32_AAT

S33_TTC

S35_TAAAA

MA_8775

MA_48140

MA_683520

11090

2812

892

11518

3137

1333

No overlap

No overlap

No overlap

946

-

-
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Marker Feature contig Start position End position Annotation feature Distance

S38_GATA MA_58938 7529 7949 No overlap -

S39_CATG MA_541813 788 1209 No overlap -

S4_AATAA MA_13035 5308 5836 No overlap  

S42_TTAT

S43_TTTA

MA_363612

MA_123109

3540

24438

3968

24687

No overlap

No overlap

 

S94_ATAAA MA_613225 8607 9002 No overlap -

S95_ATGGT MA_92201 4904 5315 CDS  

S96_TGAAT MA_196748 7554

7681

7743

7888

7680

7742

7887

7948

Intron

Exon

Intron

Exon

 

S97_GGAAA MA_711665 1780 2149 No overlap -

S98_AAAAG

S99_TTGGC

MA_58289

MA_9313675

1

1760

390

1933

No overlap

No overlap

-

-

S13_CAT MA_24700 3639 4106 No overlap -

S2_AAAAT MA_94131 4255 4771 No overlap -

S48_AGG MA_10432 9878 10361 No overlap  

S61_AGG

S71_ATT

MA_884

MA_50379

39102

12708

39531

13188

Exon

Exon
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Table 2
Diversity metrics (mean ± SE), including mean number of different alleles (Na), mean number of

effective alleles (Ne), mean observed heterozygosity (Ho), and mean expected heterozygosity (He),
for each population using only the SSR markers, EST markers, EPIC markers and all markers

combined.
Population N Na Ne Ho He

SSR          

Higher Muhr 10.67 ± 0.12 10.77 ± 0.7 4.9 ± 0.577 0.517 ± 0.008 0.652 ± 0.006

Lower Muhr 9.25 ± 0.108 9.5 ± 0.622 4.6 ± 0.551 0.465 ± 0.008 0.613 ± 0.007

Rothwald 18.83 ± 1.29 15.61 ± 1.03 6.498 ± 0.78 0.525 ± 0.006 0.735 ± 0.004

Flurwald 6.93 ± 0.066 8.5 ± 0.46 4.25 ± 0.58 0.534 ± 0.007 0.647 ± 0.006

Silbertal 6.953 ± 0.068 8.43 ± 0.47 4.403 ± 0.12 0.49 ± 0.008 0.626 ± 0.007

EST          

Higher Muhr 9.5 ± 0.343 7.0 ± 0.68 2.618 ± 0.109 0.408 ± 0.018 0.473 ± 0.016

Lower Muhr 7.937 ± 0.265 6.4 ± 0.55 2.474 ± 0.080 0.454 ± 0.02 0.485 ± 0.015

Rothwald 17.5 ± 0.444 10.4 ± 0.99 3.611 ± 0.145 0.554 ± 0.016 0.597 ± 0.015

Flurwald 6.625 ± 0.164 6.26 ± 0.53 2.687 ± 0.108 0.454 ± 0.019 0.489 ± 0.017

Silbertal 7.062 ± 0.143 6.13 ± 0.52 2.841 ± 0.121 0.403 ± 0.019 0.486 ± 0.018

EPIC          

Higher Muhr 11.75 ± 0.111 7.21 ± 0.41 2.804 ± 0.040 0.574 ± 0.006 0.515 ± 0.005

Lower Muhr 10.2 ± 0.098 6.51 ± 0.37 2.72 ± 0.038 0.557 ± 0.006 0.505 ± 0.005

Rothwald 16.9 ± 0.189 9.55 ± 0.58 3.142 ± 0.054 0.534 ± 0.007 0.515 ± 0.005

Flurwald 7.08 ± 0.068 5.59 ± 0.34 2.442 ± 0.033 0.467 ± 0.006 0.465 ± 0.005

Silbertal 7.041 ± 0.062 6.19 ± 0.33 2.558 ± 0.030 0.541 ± 0.006 0.509 ± 0.005

Combined          

Higher Muhr 10.9 ± 0.52 8.84 ± 0.38 3.6 ± 0.28 0.53 ± 0.02 0.56 ± 0.027

Lower Muhr 9.48 ± 0.451 7.91 ± 0.32 3.44 ± 0.26 0.50 ± 0.034 0.546 ± 0.029

Rothwald 17.87 ± 0.82 12.4 ± 0.56 4.56 ± 0.393 0.534 ± 0.030 0.616 ± 0.026

Flurwald 6.953 ± 0.029 7.21 ± 0.28 3.21 ± 0.213 0.493 ± 0.003 0.542 ± 0.002

Silbertal 7.009 ± 0.027 7.21 ± 0.027 3.342 ± 0.226 0.5 ± 0.031 0.552 ± 0.028
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Discussion
We provide a genotyping framework for Norway spruce based on a comprehensive Genotyping by
Amplicon Sequencing (GBAS) approach, incorporating multiple marker types. Despite the challenges
posed by the large and highly repetitive genome, most primers successfully amplified target loci. This
system incorporates SSR markers containing microsatellite motifs and EPIC markers, while also
extending the flanking regions of previously published EST-SSR loci to increase its polymorphic content.
This approach provides a scalable toolkit for studying genetic diversity of species with large and
repetitive genomes and enabling long-term genetic monitoring.

While whole-genome sequencing offers the most comprehensive overview of genetic variation, its
application to species with very large genomes such as Norway spruce remains constrained by cost and
computational demands (Ellegren 2014). Reduced-representation approaches such as RADseq and GBS
provide alternatives but suffer from uneven genome coverage and missing data (Lowry et al. 2017).
Targeted sequencing methods like exon capture, though highly specific, require prior genomic
knowledge, limiting their use in non-model species (Jones and Good 2016). GBAS represents an
intermediate solution, balancing marker density, genome-wide representation, and cost efficiency while
ensuring reproducible amplification across a large set of samples (Curto et al. 2019). Its successful
application in a wide range of taxa, including hedgehogs, tilapiines, and other systems (Curto et al. 2019;
Tibihika et al. 2019; Kendlbacher et al. 2025; Sinigaglia et al. 2024; Baptista et al. 2024), highlights its
versatility for population-level studies in complex genomes.

Unlike traditional EST-based SSRs, the newly developed markers in this study were designed from
anonymous genomic sequences, leveraging advancements in sequencing technologies to create highly
polymorphic markers exhibiting varying degrees of neutrality. For instance, the SSR markers exhibited an
average PIC of 0.76, Na of 12.9, significantly surpassing EST markers (PIC: 0.54, Na: 8). These findings
align with previous studies demonstrating that anonymous genomic SSRs capture more neutral diversity
due to less selective constraints unless linked to a region under selection (Morgante et al. 2002; Ellis and
Burke 2007; Simko 2009). We included tetranucleotide and pentanucleotide loci in our marker set to
increase the range of SSR motif types. Longer motifs are generally less prone to stutter and homoplasy
than di- and tri nucleotide repeats, which can improve allele calling accuracy and reduce genotyping error
(Schlötterer 2000; Guichoux et al. 2011). The inclusion of these longer motifs provides a more
comprehensive survey of the spruce genome enabling examination of previously underrepresented loci.
The elongation of EST-SSR markers through newly designed primers by extending the length of the PCR
amplicons allows for the capture of additional sequence-level variation, including SNPs and indels,
increasing informativeness beyond simple repeat number variation.

Despite efforts to ensure careful primer design, we suspect that a small proportion of the targeted loci
correspond to duplicated regions, as indicated by distinct non-overlapping peaks in amplicon length
distributions. This happened despite the implementation of a quality control step during marker
development that enriched single copy markers through comparisons with available genome sequences.
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This likely stems from the Norway spruce genome being at the contig level, where fragmented
assemblies can lead to redundant regions being mistaken for unique loci (Schatz et al. 2012). This raises
challenges in resolving gene copy status during marker development, especially in large and repetitive
genomes. The same challenge applies to allele calls where again amplicons from paralogs may be
interpreted as homologous variants (Mastretta-Yanes et al. 2014), highlighting the need for alternative
approaches to deal with duplicated loci. Our test confirmed that loci identified as duplicated in genome
mapping followed the expected amplicon length distribution, thereby validating the recent developments
in the GBAS pipeline that define length intervals for paralogous amplicons. This allows allele calls to be
restricted to homologous variants within each interval (publication in preparation,
https://github.com/mcurto/SSR-GBS-pipeline). Although further validation is required, this exploratory
approach highlights a promising direction for handling duplicated regions.

The Exon-Primed Intron-Crossing (EPIC) markers designed in this study represent the first set for spruce
which targets intronic regions. The main goal of the application of the EPIC markers was to evaluate
population genetic patterns. However, by specifically targeting functional loci, such as those associated
with disease resistance and stress tolerance, we open the possibility to flag loci associated with local
adaptation for further investigation. Functional annotation of the genes containing these markers
indicated involvement in processes such as developmental regulation, lignin biosynthesis, transcription
factors, and responses to environmental cues such as dehydration response etc (Table S3). The markers
showed high amplification success in our multiplex PCRs, exceeding that of the SSR and EST markers.
Three EPIC markers emerged as potential outliers in the FST-He analysis, with functions related to
disease resistance, transcriptional regulation of homeodomain-leucine zipper HB-3, and
phosphoenolpyruvate carboxylase PEPC-1b. HD-Zip transcription factors such as HB-3 are plant-specific
regulators involved in developmental processes and abiotic stress responses, including drought and ABA
signaling pathways (Li et al. 2022). Phosphoenolpyruvate carboxylase functions in photosynthetic
carbon fixation and general metabolic reactions (O'Leary et al. 2009). The identification of these loci as
outliers hints at their potential adaptive relevance and makes them potential candidates for follow-up
functional or environmental association studies. In addition to the EPIC outliers, five microsatellite-based
markers were identified outside the empirical 95% FST range. Four of these were EST, while one was an
SSR marker. Genome mapping revealed that this locus targeted by the SSR marker S115_AGCCA is
located within the gene MA_102713g0010 in the genome, indicating that this locus resides within a
coding region and is therefore less likely to behave as neutral. The four EST markers corresponded to
genes that are involved in signal transduction, epigenetic regulation, and DNA repair, all of which can
influence plant developmental and stress responses. Like the EPIC outliers, these outliers could also be
subjected to further investigation. Since this study focuses on population genetics patterns resulting
mostly from demographic processes, we excluded all potential non-neutral loci from all marker
categories, thereby reducing the likelihood that the final marker set included loci under selection and
increasing confidence that it reflected neutral variation predominantly.
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The transition from length-based genotyping (AL) to whole amplicon information (WAI) provided a
significant improvement in extracting genetic variation from microsatellite loci. More specifically,
diversity metrics such as Ho, He, and PIC increased when WAI was used, reflecting an increase in the
number of alleles. By sequencing the entire amplicon, WAI captured additional sequence-level variation,
including SNPs and indels, which are often missed in traditional length-based approaches. This
enhanced resolution has been demonstrated in several taxa, where WAI outperformed AL in resolving
population structure and uncovering finer-scale genetic diversity (Curto et al. 2019; Tibihika et al. 2019;
Kwikiriza et al. 2023; Sinigaglia et al. 2024; Baptista et al. 2024; Forgiarini et al. 2024). The inclusion of
flanking regions disentangles some of the homoplasy typical to microsatellite markers decreasing noise
in population genetics analysis (Curto et al 2018).

Population genetic patterns in Norway spruce

We sampled 85 individuals across Norway spruce populations located in eastern, western, and southern
regions of Austria. Vorarlberg, Austria’s westernmost region bordering Switzerland, is geographically
distant from the other sites, whereas Rothwald is an old-growth primary forest and thus a useful point of
comparison to locations that may include planted or seed-introduced material.

We observed that the combined panel integrated signals detected independently by multiple marker
categories, whereas individual marker categories emphasized different facets of the same underlying
pattern. SSR markers and EPIC markers captured similar overall differentiation (mean pairwise FST =
0.146 and 0.143, respectively), yet their clustering outcomes diverged. With EPIC, DAPC resolved a
within-region split between Higher Muhr and Lower Muhr (altitudinally distinct populations), placed
Rothwald closer to Muhr and Silbertal, and kept Flurwald distinct. The SSR panel, by contrast,
emphasized inter-regional contrasts with Rothwald and Vorarlberg against the rest and did not separate
Higher Muhr and Lower Muhr as clearly, while a few Rothwald individuals overlapped with Muhr and
Silbertal. The EST markers showed the lowest mean FST (0.072) and the least distinct clusters
comparably. Because all analyses used WAI and hence size homoplasy is not the explanation, a more
plausible reason could be that these loci carried fewer distinct haplotypes as shown by the PIC and Na
values and are more constrained than SSR markers. That yields smaller among-population frequency
contrasts and consequently weaker signal. Thus, it is surprising that the Higher and Lower Muhr
separation was not detected by the SSRA markers that contained higher information content. An
explanation can be the lower likelihood of EPIC markers in accumulating amplification-based artifacts.
The EPIC dataset had an exceeding Ho and hence lesser heterozygote deficit, which points to fewer null
allele issues. With fewer such artefacts, small allele frequency differences between nearby or
altitudinally separated populations like the Muhr populations could have been picked by EPIC markers
and not the remaining marker sets. An alternative explanation could be selective differences between
higher and lower altitude populations. However, after removing potential candidate non-neutral loci
across categories this is unlikely.
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Geographical separation among the sample populations, combined with differences in altitude, could be
expected to produce some degree of spatial genetic differentiation. However, the absence of a
statistically significant Mantel correlation indicates that isolation by distance is not the primary driver of
the observed structure. In spruce, pollen and seed movement is typically local on the order of meters to
tens of meters and occasional long-distance dispersal reaching up to a kilometer (Burczyk et al. 2004;
Shimono et al. 2011; O'Connell et al. 2007). In Europe, Norway spruce has also been widely planted using
mixed or non-local seed sources (Jansen et al. 2017). Long-distance gene flow together with historical
seed transfers can weaken the effects of isolation by distance. Historical processes add a further layer:
Different glacial refugia and subsequent migration routes have shaped the genetic landscape of Austrian
Norway spruce populations, resulting in varying degrees of admixture and differentiation (Maghuly et al.
2006).

These historical and anthropogenic factors could have contributed to the patterns we see in this study,
reflecting the complex interplay between natural recolonization processes and human activities. Our
sampling represents a modest subset of the species’ distribution in Austria. To assess how general
these patterns are, future work should apply the markers to larger sample sizes, denser spatial coverage,
and additional regions. Broader geographic context and increased replication would improve power to
detect weak isolation-by-distance, clarify the roles of planting and postglacial history, and test whether
the population partitions we observe here persist on a larger scale.

As a practical recommendation, we suggest analysing the combined WAI dataset after neutrality filtering
as a conservative baseline for demographic inference that integrates evidence across marker
categories. At the same time, single-panel results could be examined alongside the pooled analysis,
because panel-specific contrasts provide complementary signals that are valuable for follow-up. This
two-tier approach reduces reliance on any one marker type while retaining biologically informative
patterns that may be specific to a subset of loci.

Conclusion
This study establishes the first comprehensive GBAS framework for Picea abies, integrating newly
developed SSRs and the first EPIC markers designed for this species. By combining markers from
different genomic sources with a standardized sequencing-based genotyping strategy, the approach
overcomes limitations of traditional length-based SSR scoring and improves reproducibility across
studies. The deliberate inclusion of longer repeat motifs and extended amplicons increases
informativeness while addressing common sources of error such as homoplasy and stutter. Together,
these features provide a scalable and cost-effective toolkit for population genetic research in spruce and
related conifers. Beyond serving as a proof of concept, the framework offers a robust basis for long-term
genetic monitoring and the conservation management of forest resources in species with large and
complex genomes.
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Figure 1

(a) Distribution of identified microsatellite motifs across the Norway spruce genome. Counts
categorized by repeat unit size, ranging from mononucleotides to hexanucleotide repeats. (b) Genetic
diversity and polymorphism measures for length genotyping (AL) and whole amplicon information (WAI)
genotyping across EST and SSR markers compared with EPIC markers through four key metrics:
Expected and observed heterozygosity (He and Ho), number of alleles (Na), and polymorphism
information content (PIC)
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Figure 2

(a) Pairwise FST values for population differentiation based on SSR, EST, EPIC and all combined (b) FST -
heterozygosity outlier graph for all markers. The green dashed lines represent the upper and lower FST

thresholds, and the red circle highlights the outliers

Figure 3
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(a-d) Discriminant Analysis of Principal Components (DAPC) plots based on (a) SSR (b) EST (c) EPIC and
(d) Combined. The axes correspond to the first two discriminant functions derived from the DAPC, which
maximize among-group variation relative to within-group variation (e-h) STRUCTURE bar plots based on
(e) SSR, (f) EST, (g) EPIC, and (h) All markers combined. Population labels: HM (Higher Muhr), LM (Lower
Muhr), FV (Flurwald, Vorarlberg), SV (Silbertal, Vorarlberg)
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