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Abstract: Common ash (Fraxinus excelsior L.) is a tree species of significant ecological and economic
importance that has suffered a devastating decline since the 1990s in Europe. Native ash species are
being threatened by the alien invasive fungus Hymenoscyphus fraxineus, which causes ash dieback.
The main goal of the study was to develop markers for traits related to tolerance to ash dieback and
to investigate whether genotypes selected for tolerance were genetically different from susceptible
wild populations. We phenotyped 326 ash trees from Sweden for disease severity and genotyped
them using 63 amplicon-derived single-nucleotide polymorphism (SNP) markers derived from genes
in 40 scaffolds spanning 8 MB in total, which represents approximately 1% of the ash genome.
We used a mixed linear model to test for an association between genotypic variation at these loci
and disease severity of ash. In total, two SNPs were found to have significant associations. One
non-synonymous SNP associated with the disease severity of ash was found in a gene predicted to
encode a subtilisin-related peptidase S8/S53 domain. A second marginally significant marker was
associated with an LRR gene. Our results demonstrate an inexpensive time-effective method for
generating genomic data that could have potential for use in future tree breeding programs and
provide information for marker-assisted selection. Our study also showed a low differentiation
between genotypes selected for disease tolerance and the wild population of ash representing a range
of susceptibilities to ash dieback, indicating opportunities for further selection without significantly
losing genetic diversity in the ash population.
Keywords: common ash; Hymenoscyphus fraxineus; markers; selection for tolerance; association
genetics; subtilisin-related peptidase; Marker-assisted selection; Hiplex

1. Introduction
Common ash (Fraxinus excelsior L.) is a broad-leaved tree species of major ecological and economical
importance in European forests [1]. The species is predominantly distributed throughout northern
and central Europe. Common ash is currently suffering from the ash dieback disease epidemic caused
by the ascomycete fungus Hymenoscyphus fraxineus (T. Kowalski) Baral, Queloz and Hosoya [2,3],
which is an alien invasive fungus pathogen in Europe that affects trees of all ages and has resulted in
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severe mortality throughout the natural distribution range of common ash [4–6]. Ash dieback has had
a devastating impact on ash population since first noted in Sweden in 2001 [7,8]. This has resulted in
the declaration of common ash as a threatened species in Sweden [9]. The loss of a high proportion of
the ash trees will reduce the genetic diversity in the species, possibly making it more vulnerable to other
disturbances and cause adverse ecological effects including reduced associated biodiversity [3,4,10–12]
Susceptibility to ash dieback disease, often scored as a high level of crown damage, has a strong
negative effect on the growth and survival of ash trees [13,14]. Previous studies reported significant
levels of phenotypic and genetic variability for susceptibility to ash dieback in common ash in natural
forests and established field trials [14–17]. Although the observed differences in crown damage in
natural settings could be due to disease escape, inoculation studies have shown that active defense
is involved in the susceptibility phenotype of ash trees [18–20]. Susceptibility to ash dieback is
a quantitative trait [21,22] and heritability for traits related to ash dieback severity (crown symptoms) is
high (narrow sense heritability h2 : 0.49–0.53) [13,14,23] (broad sense heritability H2 : 0.42–0.54) [16,17],
suggesting there is good scope for breeding less susceptible trees in future. Substantial genetic variation
together with heritability estimates of susceptibility traits indicate a good potential of selection and
breeding of ash genotypes tolerant to ash dieback [12].
Since it takes a long time to evaluate resistance properties against pathogens, partly due to the long
generation times in forest trees, phenotyping selection is difficult, costly and time consuming. Molecular
markers can help to identify superior genotypes for tree breeding and restoration. Marker-assisted
selection may facilitate early selection of trees with favorable traits and could therefore accelerate
the selection process [24]. Harper and co-workers [15] developed molecular markers to identify
individuals with low susceptibility to ash dieback using an associative transcriptomics method based
on gene expression variants. These markers were associated with tolerance to ash dieback and indicate
a role of the MADS box transcription factor genes. However, only three markers [15] were able to
significantly predict tolerance to the disease. These molecular markers were used to identify trees with
a reduced susceptibility to ash dieback in Danish, British and Swedish ash populations [22,25] and had
a moderate predictive capacity. These results are highly encouraging, but for efficient marker-assisted
selection several more markers are needed in addition to the available markers. Stocks et al. [26] showed
that single-nucleotide polymorphisms (SNPs) associated with fewer ash dieback symptoms allowed
better predictions of genomic estimated breeding values (GEBVs), than randomly selected SNPs in
a transpopulation genomic selection approach for ash dieback-tolerant trees, further underlining
the need to characterize the genetics underlying tolerant phenotypes.
Next-generation sequencing (NGS) has revolutionized plant and animal research through
the generation of molecular markers such as SNPs for high-throughput genotyping [27–29]. New NGS
methods have allowed the construction of high-density linkage maps [30–32] and association genetics
studies [33,34] in trees often use approaches for reduced representation sequencing. We have used
a multiplex PCR approach for amplicon sequencing [29] with the aim to identify genetic markers for
trait-related tolerance to ash dieback, which enables the enrichment of large numbers of amplicons in
a single reaction. In multiplex sequencing, each sample is represented by a unique barcode sequence or
tag added to the DNA products that are to be sequenced. The sample with the tag determines which
sample the read originated from, enabling the assaying of multiple samples in a single sequencing run.
After sequencing, the reads are sorted by the detection of the appropriate barcode.
The main objective of this study was to identify novel genetic markers for traits related to tolerance
to ash dieback. We hypothesize that disease severity is associated with specific genetic variation in
common ash. A secondary objective was to investigate if the population of ash genotypes selected for
their tolerance phenotype are genetically differentiated from the susceptible wild ash population to
ash dieback in Sweden.
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2. Materials and Methods
2.1. Plant Materials and Phenotyping
In total, 111 tolerant and 215 susceptible ash genotypes from Sweden were included in this study.
The material originated from several sources combining genetic variation from natural ash stands with
material pre-selected for its tolerant phenotype. To represent the standing variation, 143 unrelated
genotypes were assessed for disease severity and phenotypically selected in the counties Uppland
and Öland in the year 2016. Secondly, 70 plus trees (trees with superior properties), originating from
different regions of southern Sweden, still remaining in a seed orchard established before the ash dieback
epidemic arrived were included [17]. Finally, we used 113 ash genotypes pre-selected phenotypically
for their tolerance to ash dieback from southern Sweden and Gotland [25], of which 72 were tolerant
with low disease severity scores (disease severity <10%) (Supplementary Table S1).
Disease severity assessments were conducted differently, using one of three methods (see
Supplementary Table S1). For seed orchard trees, the disease severity assessment was based on
a six-grade scale [17], ranging from 0 (none) to 6 (very serious damage) based on a visual scoring of
crown damage to get a measure of health status. For the 113 ash trees from southern Sweden and
Gotland described by Menkis et al. [25], the scoring system was based on a visual monitoring of
health status where trees were classified as either tolerant (0%–10% crown damage) or susceptible
(more than 10% crown damage). The remaining trees were phenotyped according to Kirisits and
Freinschlag [35]. Briefly, the crown of each individual tree was divided into thirds. Thereafter, each
third of the crown was assigned a score of ash dieback severity ranging from 0 (0% damage) to 6 (100%
damage). The values of the three crown thirds were averaged to obtain an ash dieback severity rating
in percent for each genotype [35]. The phenotypic data from trees in the seed orchard, Uppland and
Öland, were divided into two categories with a score from 1—tolerant (disease severity score of 0–2.85),
and 2—susceptible (greater than 2.85). In order to allow for marker-trait association, all scores were
transformed into discrete unified disease scores corresponding to values 1 and 2 in subsequent analyses,
where 1 was tolerant (disease severity <10%), and 2 was susceptible (>10%) trees (Supplementary
Table S1).
2.2. DNA Extraction
Total genomic DNA from the leaf tissue of each genotype was isolated with CTAB (cetyl
trimethylammonium bromide) buffer [36] with 2% (w/v) polyvinylpolypyrrolidone added. DNA
samples were purified by the NucleoSpin®gDNA Clean-up kit to remove PCR inhibitors
(MACHEREY-NAGEL, Düren, Germany). DNA concentration was measured using a NanoDrop
Spectrometer ND 1000, SaveenWerner, Wilmington, U.S.A.
2.3. Selection of the Gene Models and Primer Design
In order to create gene model-derived amplicons for genotyping, the 1000 largest scaffolds in
the BATG-0.5 release of the ash genome (http://www.ashgenome.org/, accessed on 13/02/2017) were
identified. From each of the largest scaffolds, one or two gene models were selected based on the length
of predicted CDS (coding sequence) of the gene models to design the primers. Fasta files were
downloaded for the longest transcript CDS sequence from the BATG-0.5-CLCbioSSPACE genome
assembly (http://www.ashgenome.org/, accessed on 13/02/2017). The selected target sequences were
collected in a Fasta file and Batchprimer3 [37] was used to design primers with a melting temperature of
60–63 ◦ C, product size of 95–105 bp and primer size of 18–24 bp. The returned amplicons with a product
size of 97–100 bp primer pairs with the smallest Tm difference and smallest 30 complementarity were
selected. In total, 1000 amplicons were designed from the ash tree genomes database (Supplementary
Table S2). We added forward (ctctctatgggcagtc) and reverse (ctcgtgtctccgact) heel sequences to each of
the amplicons before ordering the primers. Additionally, 93 pairs of indexing primers with unique
tags, to tag individual samples prior to pooling, were ordered (Supplementary Table S2).
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2.4. Multiplex PCR and Library Preparation
The PCR conditions used to amplify the amplicons were modified from Nguyen et al. [29].
The PCR mixture (10 µL) consisted of a 1X Phusion HF PCR buffer (provides 1.5 mM MgCl2 ), 5 µM each
of gene pool, 2 mM of each dNTP (Deoxynucleoside triphosphate), Phusion Hot Start II High-Fidelity
DNA Polymerase and approximately 25 ng of genomic template DNA. PCR was done in a 2720 thermal
cycler (AB Applied Biosystems) using the following temperature cycle: denaturation cycle at 98 ◦ C for
1 min, followed by 10 cycles of 98 ◦ C for 30 s, annealing at 61 ◦ C for 45 s, extension at 72 ◦ C for 30
s, followed by another 15 cycles of 98 ◦ C for 30 s, annealing at 59 ◦ C for 30 s, extension at 72 ◦ C for
sec and a final extension at 72 ◦ C for 5 min. A mix of indexing primers of 2 µM was added to each
PCR reaction mixture. The PCR conditions for the second round of amplification consisted of initial
denaturation at 98 ◦ C for 1 min, 3 cycles of 98 ◦ C for 30 s, 50◦ C for 30 s, and 72 ◦ C for 30 min, followed
by 10 cycles of 98 ◦ C for 30 s, 57 ◦ C for 30 s, and 72 ◦ C for 30 min followed by a final extension at 72 ◦ C
for 10 min.
We used 20 gene pools with 50 amplicons in each pool. Amplification by PCR was performed
using these 20 gene pools on 326 unrelated genotypes of ash in this study. These genotypes were
divided into five batches to allow the tagging and tracing of each individual genotype. Briefly, we
divided the genomic DNA of 326 genotypes into five batches with samples in each together with
negative controls (water instead of DNA). Amplification by PCR was performed with each gene pool
on each ash genotype. We assigned a pair of index primers to each genotype in the batch. The index
primers were used with different samples in other batches. Therefore, the batches were run in separate
library preps for the gene sequencing in order to avoid cross contamination. To balance the number
of samples in the sequencing library with the aim to get approximately the same read depth of each
sample, a pooling strategy was applied. In total 18 pools were prepared. These 18 pools were separated
on 1.8% agarose TAE (Tris-acetate-EDTA) gel. Each library was excised (approximately 150 bp) from
the gel and purified using a GeneJet kit (ThermoFisher Scientific, Carlsbad, California, USA) including
an addition of both isopropanol and wash with a binding buffer step. The DNA quality of each library
was quantified by a Qubit® 2.0 Fluorometer (Invitrogen, Carlsbad, California, USA).
The amplicon libraries were sequenced at the SNP&SEQ Platform (ScilifeLab, Uppsala). One
sequencing library was prepared from each of the 18 Amplicon libraries using the ThruPLEX DNA-seq
library preparation kit (Rubicon Genomics, ScilifeLab, Uppsala, Sweden). Sequencing was conducted
using 150 cycles of paired-end sequencing of the 18 libraries in one run with the rapid mode of
the HiSeq2500 system and v2 sequencing chemistry (Illumina Inc., ScilifeLab, Uppsala, Sweden).
The raw sequences were submitted to the sequence Read Archive (SRA) portal (NCBI) under BioProject
accession number PRJNA639842.
2.5. Bioinformatic Analysis, Demultiplexing and Variant Calling
The workflow is based on the Genome Analysis Toolkit (GATK) [38] and is illustrated in
Supplementary Figure S1. The multiplexed samples from targeted amplicon sequencing were
demultiplexed using an in-house developed script (http://github.com/troe27/hiplexdeplex, accessed
on 21/6/2018) implemented in Phython 2.7 (https://www.python.org/, accessed on 21/6/2018) to sort
reads based on their sequence tags. This script first combines forward and reverse reads and aligns
50 and 30 heels to the sequences and infers the tags of the read via their position relative to the heel
sequences. The number of reads that fail to match 50 or 30 heel and number of reads that match the heel
but do not have the tags; chimeric reads were discarded. Reads were organized into new files with
heel and tag sequences removed. The data were processed using setting h5score 0.9; h3score 0.9 (to
match to the heel at 50 and 30 found in the read, there has to be at least 90% similarity in order to be
considered as a valid heel); paired params 7:10:5 (Kmer size:minimum length of high scoring segment
pair:minimum overlap) and filtering of 1:50:150:20:15 (no filtering of reads:minimum length:maximum
length:maximum phred-score cut-off: minimum phred-score cut off).
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The initial quality control of the sequencing data was made by the sequencing service provider
SNP&SEQ Platform (SciLifeLab, Uppsala, Sweden). First, demultiplexed Illumina sequence reads
were aligned to the reference sequence (BATG-0.5-CLCbioSSPACE) (http://www.ashgenome.org/,
accessed on 28/6/2018) with Burrows–Wheeler Aligner (BWA mem) version 0.7.5a [39]. In this step,
SAM files were generated, which were converted to BAM files using SAMtools [40]. Reads were
then processed (PCR duplicates removed, read groups added to alignment file) with Picard tools
(broadinstitute.github.io/picard/, accessed on 3/8/2018). SAMtools mpileup version 0.1.19 [40] was
used to generate variants and Bcftools version 1.2 [40] was used for variant calling from the output of
the SAMtools mpileup version 0.1.19 [40]. All vcf files were merged with the help of Bcftools [40]. We
used VCFtools v0.1.12b [41] to filter variants. The dataset was filtered for SNPs with a minor allele
frequency (MAF) of 0.05 and a minimum coverage of 70%; i.e., the proportion of individuals for which
the base at the position could be called.
The extent of LD (Linkage disequilibrium) was estimated by calculating the squared allele
frequency correlation coefficient (r2 ) between all pairs of markers with only the p-values < 0.05 for
each pair of markers considered as significant using the software package TASSEL v.5.2.5 [42].
2.6. Population Structure Analysis
To minimize the impact of linkage between SNPs in the analysis, we selected a single SNP
representing each scaffold. The population structure was determined using a Principal component
analysis (PCA) obtained from Tassel software version 5.2.5 [42] and the Bayesian clustering algorithm
implemented in STRUCTURE version 2.3.4 [43] to estimate the number of hypothetical subpopulations
(K) and to estimate the membership probability of each genotype to the subpopulations. The optimal
K value was determined based on the ∆K from the Structure Harvester v0.6.94 program [44].
The admixture model was run with correlated allele frequencies with no prior information using
100,000 burn-in time and 100,000 Markov chain Monte Carlo (MCMC) iterations. Cluster values (k)
from 1 to 10 were chosen and 5 independent runs for each k were chosen to obtain consistent results.
2.7. Association Analysis
We preliminary ran the general linear model (GLM) and the mixed linear model (MLM)
implemented in the program TASSEL, version 5.2.5 [42], with 63 SNPs to find association between
SNP markers and disease severity for ash genotypes. We then filtered scaffolds with multiple SNPs
to one SNP per scaffold by retaining the SNP with lower p-values derived from the TASSEL output
and ran an association analysis with one SNP per scaffold. An association analysis using the GLM
model was made with the SNPs as a fixed effect and a matrix of population structure as a covariate
(GLM+PCA model); in order to reduce false associations, a permutation test with 10,000 replicates was
implemented in TASSEL, version 5.2.5.
The MLM model takes into consideration both population structure and relatedness (PCA+K
models). The kinship matrix (K) which takes in account the relatedness among genotypes as random
effects was estimated using the pairwise kinship matrix as a covariate in the mixed model. The MLM
was used with the centered IBS (identity by state) matrix as kinship matrices calculated in Tassel
V 5.2.50 [42]. The PCA matrix of the population structure was accounted for, incorporating the first
three PCA as covariates in the model [42]. For MLM, we analyzed the 249 genotypes for 40 SNP markers
associated with a disease severity with a p-value below 0.05. Finally, we estimated the proportion
of significantly associated markers by applying a false discovery rate (FDR) procedure according
to Benjamini–Hochberg-adjusted p-value (p < 0.05) (https://tools.carbocation.com/FDR, accessed on
13/2/2020). The markers considered to be significantly associated with the trait are represented in
the Manhattan plot. Quantile–quantile (QQ) plots of the expected and observed p-values was plotted
to evaluate the adequacy of controlling type I errors.
The localization of SNPs in coding regions was based on the annotation of gene models as provided
by the Ash Genome Database (http://www.ashgenome.org/, accessed on 25/10/2017). The open reading
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frame (ORF) for the gene models, each containing SNPs, were identified using Sequence Manipulation
Suite (http://www.bioinformatics.org/sms2/orf_find.html, accessed on 14/11/2019) and compared
against the NCBI protein database using BLASTp (basic local alignment search tool for protein),
accessed on 4/11/2019 and the protein with the highest E-value was downloaded and aligned with
the reading frame for SNP location using Clustal W accessed on 5/11/2019 [45] implemented in BioEdit
v. 7.1. accessed on 5/11/2019 [46]. This approach enabled us to locate SNPs by looking at the coding
region. For those SNPs in the coding region, the resulting amino acid sequences of variants were
translated to determine whether SNP variants were synonymous or non-synonymous. We used
the conserved domain database (CDD) accessed on 1/10/2019 [47] to identify the conserved domain of
the protein.
2.8. Prediction of Functional Effect of Non-Synonymous SNP and Secondary Structure
We predicted the functional effect of non-synonymous SNPs by Proven accessed on 19/11/2019 [48]
to predict if amino acid substitutions caused by these SNPs were deleterious or neutral in nature.
A secondary structure prediction was performed by PSIPRED (PSI BLAST-based secondary structure
prediction) accessed on 19/10/2019 [49] and I-TASSER accessed on 30/10/2019 [50]. We also used
I-TASSER to predict solvent accessibility.
3. Results
3.1. Generation of SNP Markers
Out of 1000 randomly selected amplicons, 655 amplicons (66%) were amplified and produced
reads. Amplicons with more than 100 reads in total were retained, leaving 567 amplicons to be mapped
to the ash genome. The Illumina HiSeq2500 (SNP&SEQ Platform, ScilifeLab, Uppsala, Sweden)
sequencing of 326 individuals generated on an average 0.19 M reads per genotype of which on average
73,834 reads (38.8%) were kept after demultiplexing (Supplementary Table S3). The overall mapping
rate was 99.81%–97.83% and the variant calling analysis identified 156,735 putative SNPs in 655
scaffolds in the ash genome. The average size of the SNP holding scaffold was 145 kb. These SNPs
were filtered at a call rate of 70% among the sample trees and with a MAF of 0.05. A total of 63 SNPs
were identified from 40 scaffolds with an average size of 197.5 kb. The SNP data were filtered to one
SNP per scaffold. Forty SNPs and 249 genotypes were retained for a marker-trait association analysis.
The pattern of physical LD was examined over the scaffolds harboring the 40 SNPs, covering a total
of 8 Mb and the length of the included scaffolds ranged from 503 to 1.35 kb. As expected, none of
the marker pairs showed complete linkage. The average LD for statistically significant marker pair
values in different scaffolds was r2 = 0.033 (p < 0.05), and LD estimates were statistically significant for
3.85% of the scaffold marker pairs (p < 0.05) (data not shown).
3.2. Low Levels of Differentiation between Material Selected for Disease Tolerance Phenotype and Susceptible
Wild Population
To examine the potential effects derived from population stratification, we analyzed the population
structure using the 40 SNPs both in TASSEL and STRUCTURE v2.3.4. No population structure was
observed in the PCA analysis generated in TASSEL. The first two principal components explained 5.8
and 5.5% of the genetic variance in the population. STRUCTURE has also provided some evidence for
K = 2 (data not shown) according to the maximum ∆K value (35.4), indicating little population structure
in the studied ash population. A low genetic differentiation was detected between tolerant and
susceptible genotypes, and genotypes selected for tolerance phenotypes and the rest of the materials
(Table 1). A low FST was also observed between the Uppland and Öland population.
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Table 1. Pairwise FST comparison of ash population.
Type

Pairwise FST

Tolerant vs. Susceptible genotypes
Selected for tolerance vs. other materials
Selected for tolerance vs. Uppland
Uppland vs. Öland

0.0220
0.0217
0.0228
0.0187

Tolerant: total tolerant ash genotypes; susceptible: total susceptible ash genotypes; selected for
tolerance: selected for tolerance phenotypes only, e.g., disease severity; other materials: selected for
other traits as wood quality traits (Seed orchard) and unrelated genotypes with disease severity data
collected from Uppland and Öland in the year 2016; Uppland: ash genotypes from Uppland; Öland:
genotypes from Öland.
3.3. Marker-Traits Association Identifies Two Scaffolds Associated with the Tolerance Phenotype
To investigate if any association could be detected between the SNPs and the tolerance to ash
dieback, we performed marker-traits analyses in TASSEL using an MLM+PCA+K model. The model
detected a total of two statistically significant associations (p-value < 0.05) one of which remained
significant after correction for multiple testing (FDR < 0.05, Table 2, Figure 1). As a comparison,
a GLM+PCA model was also run. This model detected four statistically significant associations between
four SNP markers, all of which were identical to the associations with the MLM+PCA+K model and
the disease severity of ash (p-value < 0.05, Supplementary Table S4). However, the MLM+PCA+K
model showed the smallest departure from the expected p-value (−log10) in the QQ plots, and was
therefore least prone to producing false positives. Therefore, the MLM+PCA+K model and its results
were considered as the most reliable in the association analysis (Supplementary Figure S2).
The marker-trait association generated a statistically significant association with one scaffold.
This scaffold (scaffold 5992) comprised five gene models (Supplementary Figure S3). The SNP
SCONTIG5992_29927 on scaffold 5992 was significantly associated to the disease severity of ash
(p-value < 0.001, FDR = 0.04), explaining 5.4% of the phenotypic variance (Table 2). This SNP,
SCONTIG5992_29927, is located at 29,927 bp in a gene model (FRAEX38873_v2_000299890.1), predicted
to encode a Peptidase S8 subtilisin-related Peptidase S8/S53 domain. The substitution encoded by
the SNP SCONTIG5992_29927 is located in the coding region changing the amino acid at position
658 in the predicted protein from a tyrosine to an aspartic acid. Another marginally significant SNP
(p < 0.05 but FDR > 0.05) SCONTIG5992_29954 was detected on scaffold 5992. This SNP was located 27
bp downstream of SCONTIG5992_29927 in the same gene model (Supplementary Figure S3). This SNP
substitutes the amino acid at position 667 in the predicted protein from an alanine to an isoleucine. Both
substitutions are predicted to be buried in the mature protein and located outside the active and catalytic
site according to PSIPRED (http://bioinf.cs.ucl.ac.uk/psipred/, accessed on 19/10/2019) and I-TASSER
(https://zhanglab.ccmb.med.umich.edu/I-TASSER/, accessed on 30/10/2019) analyses. The 5.87 kb
scaffold 5992 contains four other gene models, of which three are annotated as a pectin methylesterase
(FRAEX38873_v2_000299870.1), proteasome subunit alpha type 5 (FRAEX38873_v2_000299880.1), and
fyve finger-containing phosphoinositide (FRAEX38873_v2_000299900.1) (Supplementary Figure S3).
One marginally significant association, i.e., p < 0.05 and FDR > 0.05, was also detected in
the marker-trait association, namely SCONTIG6368_39377, in scaffold 6368 contributing to 3.0% of
PVE (phenotypic variance explained). This harbors four gene models (Supplementary Figure S3)
and the SNP SCONTIG6368_39377 is located within the gene model FRAEX38873_v2_000311990.1 at
position 39,377 bp. This gene model encodes a Leucine-rich repeat protein (Table 2, Figure 1); based
on the available predicted protein sequence, this SNP is also non-synonymous and would lead to
the substitution of an arginine to a glycine (Table 2, Figure 1).
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Table 2. Single-nucleotide polymorphism (SNP) locus annotations and significance values for disease severity in ash at p-value < 0.05 and false discovery rate (FDR) <
0.05 using mixed linear model (MLM).
Marker a

Scaffold b

Variant c

Gene
Model d
FRAEX3
8873_v2_0
00299890.1

SCONTI
G5992_2
9927

Scaffold 5992

A/G

SCONTI
G6368_3
9377

Scaffold 6368

C/G

SCONTI
G2549_5550

Scaffold 2549

T/A

SCONTIG
8553_81512

Scaffold 8553

A/G

SCONTIG
874_32729

Scaffold 874

A/C

a

FRAEX3
8873_v2_0
00311990.1
FRAEX3
8873_v2_0
00132480.1
FRAEX3
8873_v2_0
00368890.1
FRAEX3
8873_v2_0
00373260.1

Gene
Model CDS
Length (Bp)

Position e

p-Value

FDR Adj
p-Value f

PVE% g

SNP
Feature h

Annotation
Peptidase S8,
subtilisinrelated|Peptidase
S8/S53 domain

2349

29,927

0.001

0.048

5.4

nonsynonymous

2601

39,377

0.028

0.568

3.0

nonsynonymous

Leucine-rich
repeat

2571

5550

0.075

1.000

2.2

synonymous

Pentatricopeptide
repeat

3237

81,512

0.079

0.790

2.1

nonsynonymous

unknown

1464

32,729

0.089

0.716

2.1

synonymous

cytochrome p450
94a1-like

SNP marker, the SNP name was composed of the scaffold number and SNP position on scaffold; b scaffold name in ash genome; c variation in major and minor allele frequency; d unique
gene model in ash genome; e position of SNP in the gene model; f adjusted p-value (false discovery rate) by Benjamini–Hochberg method; g percentage of phenotypic variance explained;
h SNP variant.

729

874

00037326
0.1

94a1-like

SNP marker, the SNP name was composed of the scaffold number and SNP position on scaffold; b scaffold
name in ash genome; c variation in major and minor allele frequency; d unique gene model in ash genome; e
position of SNP in the gene model; fadjusted p-value (false discovery rate) by Benjamini–Hochberg
Forests
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g percentage
of phenotypic variance explained; h SNP variant.
method;
a

Figure 1. Manhattan plot of p-values (−log10 scale) for SNP associations to disease severity in
common ash. The p-values are plotted against position of the SNP in the scaffolds. Grey line indicates
the threshold value (−log10 of p-value of 1.3) for declaring a significant association. Triangle symbol
indicates the statistically significant SNP (p-value < 0.001, FDR = 0.04) in scaffold 5992; square symbols
show marginally significant SNPs (p-value < 0.05). Diamond-shaped symbol indicates non-significant
SNPs (p-value > 0.05) and circles are the non-associated SNPs with disease severity.

4. Discussion
The selection for and deployment of disease-tolerant tree genotypes are keys to the restoration of
sites destroyed by forest disease epidemics and help prevent the functional extirpation of threatened tree
species [51] and associated biodiversity. It seems possible to achieve this with the ongoing ash dieback
epidemic by identifying ash with improved tolerance using both phenotypic and genotypic selection
methods [17,25]. However, phenotypic selection methods, although being simple and straightforward,
are relatively slow as they generally involve scoring crown damage in a large number of trees or
following trees over a long time to identify putatively resistant individuals [17,23,25]. Therefore,
genotypic selection based on, e.g., molecular markers, is desirable. The main objective of the current
study was to identify novel genetic markers for tolerance to ash dieback. Furthermore, we wanted
to investigate if the collected population of tolerant ash phenotypes was genetically different from
the standing natural variation. To address these objectives, we developed and analyzed a set of 1000
new SNP markers using a multiplex PCR approach for amplicon sequencing [29] that after filtering
were concentrated to 40 markers in independent scaffolds.
We used 249 phenotyped and genotyped ash trees from Sweden for marker-trait associations
with disease severity in ash. One SNP, significantly associated with the disease severity of ash,
was found in a gene predicted to encode a subtilisin-related peptidase S8/S53 domain-containing
protein. Furthermore, one other scaffold contained marginally significant associations with disease
severity. The two significant, or marginally significant, SNPs explained 5.4 and 3.0%, respectively, of
the phenotypic variation. These values are well in line with what has been predicted for ash and for
forest trees in general where most traits, including disease resistance and tolerance traits, appear to be
under the control of many genes with a small-to-modest effect [22,26,52,53]. This means that single
markers will not have a very high predictive capacity, but as many loci controlling disease tolerance
and resistance are likely to be additive, combining multiple markers, the predictive power in genotypic
selection increases [15,21,22]. However, before molecular markers are put to practical use they need
to be validated in independent populations [24,51]. An understanding of the causative variation’s
influence on the trait may be helpful in designing appropriate validation experiments [54,55].
The SNP SCONTIG5992_29927, which was significantly associated with the disease severity scores,
was positioned in a subtilisin-like protease. Several subtilisin-like serine proteases have been linked
to plant–microbe interactions and immunity [56–59]. The functions of subtilisins in plant–pathogen
interactions are diverse and poorly understood, but a virus-induced gene silencing of the cotton
subtilisin gene GbSBT1 reduced the resistance related to Verticillium dahliae Klebahn in previously
resistant cotton (Gossypium hirsutum L.) accessions, and the heterologous expression of the gene
enhanced the resistance of Arabidopsis thaliana (L.) Heynh. to Fusarium oxysporum Schltdl., and to
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V. dahliae infections [60]. Thus, at least some subtilisins can confer direct resistance to pathogens.
Whether the SNP SCONTIG5992_29927 in the FRAEX38873_v2_000299890.1 subtilisin are actual causal
variants found within the gene influencing the level of disease severity of ash dieback remains to be
validated, but it is a promising candidate for marker-assisted selection that should be studied further.
The ash dieback disease epidemic, since its arrival over two decades ago, has caused large losses
of ash trees throughout Europe, and maximum mortality rates of over 70% have been estimated
in woodland studies [5]. The disease is likely to affect the level of tolerance and genetic diversity
among survivors in the species [13,14,23,61]. Genetic diversity is important to maintain high levels
of overall population fitness, and to provide sufficient variation to respond to pests and pathogens
and adapt to climatic changes [22,51,62,63]. Concerns have been raised that the ongoing ash dieback
disease epidemic will reduce the effective population size and genetic diversity in common ash making
the regeneration of ash populations difficult, at least in Lithuania which has one of the longest histories
with this forest disease epidemic [12]. In the current study, we found little population differentiation
and low differentiation between genotypes selected for a tolerance phenotype and standing natural
populations of ash in Sweden, a result which is well in agreement with Stock et al. [26], indicating that
there are still opportunities for further selection without significantly losing existing diversity in ash.
5. Conclusions
The highly multiplexed PCR amplification method paired with association studies with phenotypic
traits proved to be a viable approach for generating candidate markers for tolerance in forest trees. By
covering a larger proportion of the genome it should be possible to identify more interesting candidate
markers, which could be used for marker-assisted selection for future tree breeding programs. Our
study, using 40 SNPs and 249 genotypes, indicates that selection for tolerant phenotypes can be done
while maintaining existing diversity in ash. The marker-trait association studies yielded one strong
marker candidate for the selection of tolerant ash in the non-synonymous SNP in a subtilisin gene.
After validation, this marker could be used for marker-assisted selection together with other molecular
markers in tree improvement and breeding programs. Further possible markers are also indicated
from our study.
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