
 

 

Discovery and application of DNA 
markers for resistance to 
Teratosphaeria in E. globulus 

Resources 

 

Project number: PNC363-1415 February 2017 

Level 11, 10-16 Queen Street 

Melbourne VIC 3000, Australia 

T +61 (0)3 9927 3200  E info@fwpa.com.au  

W www.fwpa.com.au 



Forest & Wood Products Australia Limited 

Level 11, 10-16 Queen St, Melbourne, Victoria,

3000 T +61 3 9614 7544  F +61 3 9614 6822  

E info@fwpa.com.au  

W www.fwpa.com.au 

Discovery and application of DNA markers 

for resistance to Teratosphaeria in  

E. globulus 

Prepared for 

Forest & Wood Products Australia 

By 

Bala Thumma, Saravanan Thavamanikumar, and Simon Southerton 

mailto:info@fwpa.com.au
http://www.fwpa.com.au/


Forest & Wood Products Australia Limited 
Level 11, 10-16 Queen St, Melbourne, Victoria, 3000 
T +61 3 9927 3200 F +61 3 9927 3288  
E info@fwpa.com.au   
W www.fwpa.com.au  

 Publication: Discovery and application of DNA markers for resistance to 
Teratosphaeria in E. globulus

Project No: PNC363-1415 

This work is supported by funding provided to FWPA by the Australian Government Department of 
Agriculture, Fisheries and Forestry (DAFF). 

© 2017 Forest & Wood Products Australia Limited. All rights reserved. 

Whilst all care has been taken to ensure the accuracy of the information contained in this publication, 
Forest and Wood Products Australia Limited and all persons associated with them (FWPA) as well as 
any other contributors make no representations or give any warranty regarding the use, suitability, 
validity, accuracy, completeness, currency or reliability of the information, including any opinion or 
advice, contained in this publication. To the maximum extent permitted by law, FWPA disclaims all 
warranties of any kind, whether express or implied, including but not limited to any warranty that the 
information is up-to-date, complete, true, legally compliant, accurate, non-misleading or suitable. 

To the maximum extent permitted by law, FWPA excludes all liability in contract, tort (including 
negligence), or otherwise for any injury, loss or damage whatsoever (whether direct, indirect, special 
or consequential) arising out of or in connection with use or reliance on this publication (and any 
information, opinions or advice therein) and whether caused by any errors, defects, omissions or 
misrepresentations in this publication. Individual requirements may vary from those discussed in this 
publication and you are advised to check with State authorities to ensure building compliance as well 
as make your own professional assessment of the relevant applicable laws and Standards. 

The work is copyright and protected under the terms of the Copyright Act 1968 (Cwth). All material 
may be reproduced in whole or in part, provided that it is not sold or used for commercial benefit and 
its source (Forest & Wood Products Australia Limited) is acknowledged and the above disclaimer is 
included. Reproduction or copying for other purposes, which is strictly reserved only for the owner or 
licensee of copyright under the Copyright Act, is prohibited without the prior written consent of FWPA. 

ISBN: 978-1-925213-55-3 

Researcher/s:  

Bala Thumma, Saravanan Thavamanikumar and Simon Southerton 

Gondwana Genomics, PO Box 9181, Deakin ACT 2600  

mailto:info@fwpa.com.au
http://www.fwpa.com.au/


Forest & Wood Products Australia Limited 

Level 11, 10-16 Queen St, Melbourne, Victoria, 3000 

T +61 3 9614 7544  F +61 3 9614 6822 

E info@fwpa.com.au   

W www.fwpa.com.au  

 

Ben Bradshaw 

Australian Bluegum Plantations 

3/191 Chester Pass Road 

PO Box 856, ALBANY WA 6330 

Dean Williams 

Forestry Tasmania  

79 Melville St, Hobart, Tasmania 7001 

Stephen Elms 

HVP Plantations,  

P.O. Box 385, Churchill, VIC 3842 

Final report received by FWPA in November 2016 

mailto:info@fwpa.com.au
http://www.fwpa.com.au/


Contents 
Executive Summary ................................................................................................................................ 1 

Background ............................................................................................................................................. 2 

Materials and Methods .......................................................................................................................... 3 

Study populations and TLD phenotypes ............................................................................................. 3 

DNA isolation ...................................................................................................................................... 6 

Candidate gene sequencing ................................................................................................................ 6 

Identification of candidate single nucleotide polymorphisms (SNPs) ................................................ 6 

Candidate SNP genotyping.................................................................................................................. 6 

Association analyses ........................................................................................................................... 7 

Development of genomic prediction models ..................................................................................... 7 

Results and Discussion ........................................................................................................................... 7 

Discovery and genotyping of candidate SNPs ..................................................................................... 7 

Association analysis ............................................................................................................................ 8 

Predicting resistance using marker genotype data ............................................................................ 9 

Developing and testing the performance of a classification model ................................................. 11 

Conclusions and Recommendations ................................................................................................. 12 

References ............................................................................................................................................ 13 

Acknowledgements ............................................................................................................................... 15 

Appendix ............................................................................................................................................... 16 



1 

Executive Summary 
Marker-assisted selection (MAS) is expected to dramatically accelerate breeding programs by 

enabling selection of desirable genotypes as seedlings. It also enables breeders to increase their 

selection intensity by screening large numbers of trees to identify better parental genotypes for 

crossing and superior genotypes arising from crosses. MAS is also a particularly attractive technology 

for selecting upon traits that are expensive or difficult to phenotype. MAS can now be applied to 

forest tree improvement because of the development of genomics-based research approaches and 

technologies. CSIRO led research supported by FWPA has demonstrated that population-based 

“association studies” can reveal molecular markers that can be applied for MAS. In the FWPA Blue 

Gum Genomics project, a suite of polymorphisms (SNPs) have been identified that are significantly 

associated with high pulp yield and growth in E. nitens and E. globulus. Prediction models using the 

associated markers have been shown to predict phenotypic pulp yield and growth with high 

accuracy in new populations. 

Teratosphaeria leaf disease (TLD) is an important pathogen of E. globulus plantations in Australia 

and the incidence of TLD is increasing, particularly in plantations due to uniform age and reduced 

genetic diversity. Resistance to the disease is under moderate to strong genetic control; however, 

resistance is expected to be controlled by many genes making breeding using phenotypic selection a 

slow and arduous task.  

We used a candidate gene-based association studies approach to discover molecular markers 

controlling TLD resistance. Four populations, two from Tasmania (Salmon River SR and Temma River 

TE) and two from Western Australia (Montes MT, and Towes TW) were used in this study. The two 

Tasmanian populations are base populations while the two Western Australian populations are 

second generation controlled pollination (CP) populations with several families. We used a newly 

developed targeted genotyping by sequence approach to genotype large numbers of markers. We 

observed several markers associated with TLD resistance. Each marker explained only a small 

proportion of the trait variation indicating complex nature of the disease. However high predictive 

ability i.e. ability to predict disease phenotype using just the genotype data was observed when all 

the markers were used in the prediction model. Predictive ability or the accuracy of the prediction 

models was generally higher in second generation breeding populations compared to first 

generation base populations with fewer families. Highest prediction accuracy (82%) was observed 

when TW was used as testing population and other three populations as training population.  

These results indicate that markers from this study can be used to predict better genotypes at 

seedling stage which can drastically reduce the breeding cycle and improve genetic gains. Markers 

identified from this study can immediately be used to screen seedlings derived from elite parents to 

select for resistant lines and/or to cull the susceptible lines. Advanced generation breeding 

populations developed for different traits can be screened with the markers developed in this study 

to select lines that are resistant to TLD. Markers identified in this study can be combined with 

markers developed for other commercial traits such as wood quality and growth to select lines that 

contain favorable alleles of different traits.  
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Background 
Teratosphaeria leaf disease (TLD; formerly Mycospaerella leaf disease or MLD) is one of the 

most prevalent foliar diseases of eucalypts and over 30 species of Teratosphaeria have 

been detected on eucalypt leaves (Hunter et al. 2011; Mohammed et al. 2003). Plantation 

eucalypts are particularly susceptible to TLD epidemics because of their uniform age 

structure and often reduced species diversity compared to native forests (Burgess and 

Wingfield 2002). TLD is widespread and prevalent in the Eucalyptus globulus growing 

regions of southern Australia (SW WA, GT Gippsland and Tasmania). Its severity and extent 

can vary depending on local climatic and weather events. E. globulus is the predominant 

hardwood plantation species in Australia and the incidence of TLD is increasing, particularly 

in plantations due to uniform age and reduced genetic diversity (Jackson et al. 2008).  

Generally juvenile leaves are more susceptible to the disease than adult leaves. However, 

there is a moderate to high genetic correlation between the disease of juvenile and adult 

leaves (Carnegie and Ades 2005). Heritability of the Juvenile TLD is generally higher (0.35) 

than adult leaf disease (0.17). Several studies estimated the heritability for TLD, which 

ranged from 0.17 to 0.60. These results suggest reasonable responses to selection for 

resistance could be achieved. 

Teratosphaeria infection commences with the germination of ascospores on the leaf surface. 

Germination tubes (Park 1988) enter the leaf via stomata and the pathogen then grows 

within the sub-stomatal cavity and into the intercellular spaces. Expression of resistance to 

Teratosphaeria is associated with the rapid formation of necrophylactic periderms and the 

deposition of defence chemicals, which react and cross link with each other to form complex 

polymers that reinforce cell walls and create an impermeable barrier to the pathogen (Smith 

et al. 2007). This confines the pathogen much earlier in its life cycle and prevents further 

disease development. Significant deposits of suberin, lignin, flavonoids and flavanols are 

deposited in earlier developmental stages in resistant Eucalyptus nitens (E. nitens) and E. 

globulus (Smith et al. 2007), a response common in many hosts under fungal attack 

(Dushnicky et al. 1998; Southerton and Deverall 1990). This would enhance defence against 

further fungal penetration by preventing the diffusion of toxins and enzymes from the fungus 

into host cells and the availability of water and nutrients to the fungus. 

Screening for resistance is very difficult due to the lack of routine phenotypic screening 

methods and facilities and the complex genetic structure of the resistance. TLD resistance is 

expected to be controlled by many genes making breeding using phenotypic selection a slow 

and arduous task. Marker-assisted selection (MAS) methods are ideal for selecting traits that 

are controlled by many genes and traits that are difficult to measure. Resistance to TLD 

appears to be under strong genetic control. High heritabilities have been reported for TLD in 

E. globulus (Milgate et al. 2005), suggesting there are good prospects for discovering 

molecular markers contributing to TLD resistance. QTL studies revealed two loci, which 

explained a large proportion of variation in resistance, thus confirming its strong genetic 

control (Freeman et al. 2008).  

Marker-assisted selection will dramatically accelerate the rate of tree improvement by 

enabling selection of desirable genotypes as seedlings (Butcher and Southerton 2007). It 

also enables breeders to increase their selection intensity by screening large numbers of 

trees to identify rare genotypes with higher proportions of favourable alleles. MAS is 

particularly attractive technology for selecting traits that are expensive to measure or difficult 

to phenotype. Recent developments in genomics technology make it possible for application 

of MAS in forest tree improvement. During the past few years we developed novel research 

strategies for identifying genes and alleles that control complex traits in eucalypts using 
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association genetics (Southerton et al. 2010; Thumma et al. 2005; Thumma et al. 2009). 

These genomic techniques have been powerfully demonstrated for wood quality traits and 

growth [PN07 3024 and PNC209-1011] in both E. nitens and E. globulus. Similar 

approaches have successfully revealed in excess of 50 markers controlling resistance to 

myrtle rust in E. globulus (Thumma et al. 2013). Prior to the commencement of the myrtle 

rust research a major locus for myrtle rust resistance (Ppr) had been identified in several full-

sib families of E. grandis (Mamani et al. 2010). While this suggested at the time that 

resistance to myrtle rust was likely to be controlled by variation in a small number of genes, 

we now know that is not the case, and resistance is highly complex (Butler et al. 2016).  

Recently we developed a novel genotyping method under which we can genotype large 

numbers targeted markers in large numbers of samples cost effectively. In this project, we 

used these methods for identification of markers that are associated with TLD resistance and 

developed prediction models which can be used for screening large numbers of samples. 

Resistance to TLD is also expected to be complex meaning that association studies are well 

suited for marker discovery in TLD. We used candidate gene-based association studies to 

discover molecular markers controlling TLD resistance. As there are no published methods 

for screening for TLD resistance in glasshouses, we used field trials that had been scored for 

TLD resistance. An important caveat of this study is the lack of control we had over the 

pathogen in the trials we sampled. TLD is a complex disease involving several species of 

Teratosphaeria. There may be several different pathotypes or species of the fungus infecting 

the trees in the trials included in the study. We believe that the approach we used could 

detect important SNPs that are associated with general resistance to the fungus.  

Materials and Methods 

Study populations and TLD phenotypes  
Laboratory methods for screening for resistance to TLD are poorly developed. However, 

several large E. globulus field trials in Tasmania (Forestry Tasmania) and Western Australia 

(Australian Bluegum Plantations, HVP), containing genetically diverse material (in excess of 

80 unrelated families) suitable for association studies, have recently been scored for TLD 

resistance (Fig. 1). Each of these trials contained between 2,000-5,000 trees that had been 

scored for resistance. Details of the disease scoring are presented in Hamilton et al. (2013). 

Moderate to high heritable resistance was detected in these trials, suggesting that they are 

likely to be a suitable replacement for glasshouse pathogenicity screens.  
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Fig. 1 Visual scores for TLD resistance 

We sampled the most resistant and susceptible trees in two trials in Tasmania and three 

trials in Western Australia. Typically, the resistant trees had scores less than 1.5 and 

susceptible trees had scores greater than 4. We also took into account spatial trends (see 

Fig. 2) in resistance in order to avoid regions of the trials with very low infection rates (high 

concentration of resistant trees) and regions of the trials with very high infection rates with 

high concentrations of susceptible trees. By observing spatial trends we were also able to 

account for the significant variation in TLD scores due to human error. We deliberately 

targeted resistant and susceptible trees that were in close proximity to each other. This gave 

us additional confidence that the resistant trees had been exposed to the pathogen.  
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Fig. 2. Heat map of TLD infection at the Salmon River (SR) trial revealing spatial patterns in 

TLD infection due to the person scoring the bay and inoculum load. 

The number of resistant and susceptible trees sampled in each of the five trials are shown in 

Table 1. Cambial tissue was sampled from mature trees in both of the Tasmanian trials and 

the Montes WA trial. Leaves were sampled from the younger trees in the Sinclair and Towes 

trials in Western Australia.  
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Table 1. Trials scored for TLD that were used in the study 

DNA isolation 
DNA was isolated from all of the samples using standard methods.  Sixty resistant trees and 

60 susceptible trees from each of the four populations (Temma, Salmon River, Towes and 

Sinclair) were selected for DNA isolation.  In addition 48 resistant and 48 susceptible trees 

from Montes were used for DNA isolation.  

Candidate gene sequencing  
Approximately 1670 candidate genes relating to disease resistance were selected from 

literature searches. The selected genes included the following genes: NB-LRRs, MAP 

kinases, MYBs, WRKYs, AP2s, ERFs, bZIPs, glutathione S-transferases, superoxide 

dismutases, peroxidases, chitinases, PR proteins, and numerous genes involved in 

lignification, suberisation, flavonoid and flavanol biosynthesis. A DNA capture library 

consisting of these gene sequences was developed using 100bp molecular probes or baits.  

DNA from the 60 resistant and 60 susceptible trees from each of the four populations 

(Temma, Salmon River, Sinclair and Towes) was bulked prior to sequencing to prepare eight 

pools of DNA. DNA from 8 pools (4 resistant and 4 susceptible) was used for generating 

whole genome sequencing libraries compatible with Illumina next gen sequencing. Whole 

genome libraries were then hybridized with the capture baits containing candidate genes for 

disease resistance. The captured libraries enriched for disease resistance genes were then 

sequenced using Illumina next generation sequencing. About 30 gigabases (over 200 million 

reads) of sequence were obtained. 

Identification of candidate single nucleotide polymorphisms (SNPs) 
Sequencing reads from high throughput sequencing were aligned with Eucalyptus grandis 

reference sequence. The aligned reads were then analysed to identify candidate SNPs by 

comparing allele frequencies between resistant and susceptible pools.  

Candidate SNP genotyping 
Forty eight resistant and 48 susceptible trees from Temma, Salmon River, Towes and 

Montes were used for genotyping. These trees were not included in the 60 trees used for 

each DNA pool in the candidate gene sequencing. About 240 candidate SNPs with the 
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largest allelic differences between the resistant and susceptible pools were selected for 

genotyping. The selected SNPs were genotyped using a novel genotyping by sequencing 

method developed in-house. Under this method fragments of 120 to 200bp surrounding the 

candidate SNP position were sequenced in each tree separately. Sequence reads from all 

384 trees were mapped to the E. grandis reference genome sequence. Mapped reads were 

then analysed using the GATK package to call genotypes from each tree. 

The two base populations of Tasmania (TE and SR) and the parents of the two Western 

Australian populations (MT and TW) are made up of eight sub-races. To mitigate the 

problems associated with the population structure, resistant and susceptible lines used for 

sequencing and genotyping are selected from all races. 

Association analyses 
Genotype data from each population was analysed separately to identify significant markers 

associated with disease resistance. Logistic regression was used to compare the allele 

frequencies between resistant and susceptible trees to identify significant markers. Results 

from association analysis of each population were then used in a meta-analysis to identify 

robust markers that are significant across all the populations. 

Development of genomic prediction models 
Genomic prediction models were developed using marker and trait data from the four 

populations (TE, SR, TW and MT). Each population was used either as a training or testing 

population for estimating marker breeding values (MBVs). Several genomic selection models 

such as PLS, BL, BayesB and support vector machine (SVM) were used for predicting the 

disease status of the Montes test population. The accuracy of the prediction models was 

assessed by correlating the predicted classes with the actual disease classes. We also 

tested the efficacy of classification models to correctly identify the resistant and susceptible 

classes using a confusion matrix. A confusion matrix is used for testing the accuracy of 

predicting binary traits such as disease resistance and gives information on sensitivity, 

specificity and the accuracy of prediction models along with other parameters. 

Results and Discussion 

Discovery and genotyping of candidate SNPs 
Analysis of sequence data from resistant and susceptible pools revealed many SNP markers 

(candidate SNPs) with large allele frequency differences between resistant and susceptible 

pools (Appendix Table 1). The majority of the SNPs with the largest differences between the 

two pools are from the LRR class of disease resistance genes. Two hundred and forty 

candidate SNPs with large allelic differences between the two pools were selected for 

genotyping. The following criteria were used for selecting the 240 candidate SNPs for 

genotyping. SNPs with consistent differences in allele frequencies between resistant and 

susceptible pools across all four populations and SNPs which are independent i.e. SNPs 

which are at least 1500bp apart from each other were selected for genotyping. DNA probes 

consisting of 120 to 200bp of sequence data surrounding candidate SNPs were developed 

for genotyping. These probes were used in an in-house developed method for genotyping by 

sequencing of the selected candidate SNPs. The main advantage of this method is that it 

can be used for genotyping large numbers of targeted SNPs across large numbers of 

samples in a cost-effective manner. Another advantage of this method is that additional 

variants (both SNP and INDEL variants) present in the selected fragments will also be 

genotyped. Of the 240 fragments used for genotyping, 60 fragments could not be used due 

to failure to amplify or low coverage.  
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Association analysis 
More than 2000 SNPs and 192 biallelic INDELs (insertion/deletions) were genotyped from 

180 fragments. After filtering SNPs based on minor allele frequency (MAF < 0.05) and call 

rate (call rate > 0.50) 602 SNPs and 65 INDELs remained. INDELs were filtered with MAF 

<0.03. Association analyses were performed with these markers in each population 

(Appendix Table 2). The Towes trial yielded the highest number of associations (45% at P < 

0.05) whereas the other three trials yielded lower numbers of associations (15% to 18% at P 

< 0.05). As the size of the trials used in this study is relatively small (96 trees in each trial) 

multiple testing corrections were not performed. To increase the power of the study to 

identify robust markers stable across different trials we performed a meta-analysis by 

combining the results from individual association tests. Meta-analysis is also helpful in 

identifying robust markers (true positives) in the presence of population structure. Meta-

analysis revealed 69 markers (10%) were significant at P < 0.05 (Table 2). Of the 69 

significant markers, five are INDELs and rest are SNPs. The majority of the markers that 

showed significant associations are from NBS-LRR class disease resistance genes and 

most significant markers are either intronic or synonymous exonic SNPs. However, there are 

four non-synonymous markers (3 SNPs and 1 INDEL) which showed significant 

associations. 

 

Table 2. Annotations of significant markers from meta-analysis. 

variant P(R) Gene_ID Effect Annotation 

SNP 1.50E-05 Eucgr.K03036 DOWNSTREAM: 527 bases glutathione S-transferase TAU 8 

SNP 0.0001 Eucgr.A01622 DOWNSTREAM: 200 bases C2H2-type zinc finger family protein 

SNP 0.000182 Eucgr.K03036 DOWNSTREAM: 501 bases glutathione S-transferase TAU 8 

SNP 0.00034 Eucgr.K01151 INTRON WRKY DNA-binding protein 69 

SNP 0.000529 Eucgr.C02602 INTRON glutathione peroxidase 1 

SNP 0.000755 Eucgr.F01014 INTRON NB-ARC disease resistance protein 

SNP 0.000887 Eucgr.D00728 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.001115 Eucgr.D00728 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.001705 Eucgr.J03136 SYNONYMOUS_CODING spermidine hydroxycinnamoyl transferase 

SNP 0.002975 Eucgr.H02576 UTR_3_PRIME glutathione S-transferase tau 7 

SNP 0.003056 Eucgr.D01857 DOWNSTREAM: 17 bases glutathione peroxidase 6 

SNP 0.00328 Eucgr.G00887 SYNONYMOUS_CODING NB-ARC domain-containing disease resistance  

SNP 0.003524 Eucgr.D01857 DOWNSTREAM: 18 bases glutathione peroxidase 6 

SNP 0.003581 Eucgr.G00887 SYNONYMOUS_CODING NB-ARC domain-containing disease resistance  

SNP 0.004148 Eucgr.J02089 SYNONYMOUS_CODING Disease resistance-responsive family protein 

SNP 0.004898 Eucgr.K03036 DOWNSTREAM: 477 bases glutathione S-transferase TAU 8 

SNP 0.005332 Eucgr.J03136 INTRON spermidine hydroxycinnamoyl transferase 

SNP 0.0062 Eucgr.D00730 NON_SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.007304 Eucgr.G00690 UPSTREAM: 377 bases NB-ARC domain-containing disease resistance  

SNP 0.008728 Eucgr.E01810 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.01059 Eucgr.K03036 DOWNSTREAM: 551 bases glutathione S-transferase TAU 8 

INDEL 0.01069 Eucgr.F02606 INTRON Protease-associated RING/U-box zinc finger family 

SNP 0.01199 Eucgr.D00281 SYNONYMOUS_CODING S-adenosyl-L-homocysteine hydrolase 

SNP 0.01202 Eucgr.F03325 SYNONYMOUS_CODING NB-ARC domain-containing disease resistance  

SNP 0.01221 Eucgr.K01151 INTRON WRKY DNA-binding protein 69 

SNP 0.01224 Eucgr.I01810 SYNONYMOUS_CODING Oxidoreductase, zinc-binding dehydrogenase family 

SNP 0.01286 Eucgr.J00987 UPSTREAM: 209 bases NB-ARC domain-containing disease resistance  

SNP 0.01463 Eucgr.D00730 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.01529 Eucgr.G01639 INTRON AP2/B3-like transcriptional factor family protein 
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SNP 0.01637 Eucgr.I02205 UTR_3_PRIME plant intracellular ras group-related LRR 4 

SNP 0.01827 Eucgr.D01966 DOWNSTREAM: 107 bases A20/AN1-like zinc finger family protein 

SNP 0.01842 Eucgr.B03474 SYNONYMOUS_CODING disease resistance family protein / LRR family  

INDEL 0.01876 Eucgr.E02644 NON_SYNONYMOUS_CODING LRR and NB-ARC domains-containing disease  

SNP 0.02045 Eucgr.J03136 SYNONYMOUS_CODING spermidine hydroxycinnamoyl transferase 

SNP 0.0206 Eucgr.D00728 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.02092 Eucgr.B03474 SYNONYMOUS_CODING disease resistance family protein / LRR family  

SNP 0.0219 Eucgr.F01288 NON_SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class 

SNP 0.02383 Eucgr.H03707 INTRON Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.02419 Eucgr.E01062 INTRON GroES-like zinc-binding dehydrogenase family  

SNP 0.02655 Eucgr.A00512 INTRON LSD1 zinc finger family protein 

SNP 0.0271 Eucgr.E01810 INTRON Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.02721 Eucgr.F01014 INTRON NB-ARC domain-containing disease resistance  

SNP 0.02758 Eucgr.K00308 UPSTREAM: 215 bases chitinase A 

SNP 0.02873 Eucgr.C01662 UPSTREAM: 100 bases disease resistance protein (TIR-NBS-LRR class) 

SNP 0.02904 Eucgr.F03325 SYNONYMOUS_CODING NB-ARC domain-containing disease resistance 

INDEL 0.02912 Eucgr.F03323 UPSTREAM: 107 bases NB-ARC domain-containing disease resistance  

SNP 0.03139 Eucgr.C03970 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.03275 Eucgr.I02523 DOWNSTREAM: 108 bases Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.03282 Eucgr.D00728 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.03471 Eucgr.H04985 INTRON disease resistance family protein / LRR family  

SNP 0.03505 Eucgr.J00352 UPSTREAM: 27 bases Disease resistance protein (TIR-NBS-LRR class)  

INDEL 0.03522 Eucgr.C01662 UPSTREAM: 77 bases disease resistance protein (TIR-NBS-LRR class) 

SNP 0.03572 Eucgr.K00256 INTRON disease resistance family protein / LRR family  

SNP 0.03629 Eucgr.F03323 UPSTREAM: 85 bases NB-ARC domain-containing disease resistance  

SNP 0.03878 Eucgr.A02680 UPSTREAM: 98 bases chitinase A 

SNP 0.03957 Eucgr.I02558 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.04281 Eucgr.H00815 SYNONYMOUS_CODING AP2/B3-like transcriptional factor family protein 

SNP 0.04378 Eucgr.B03474 SYNONYMOUS_CODING disease resistance family protein / LRR family  

SNP 0.04435 Eucgr.G00887 SYNONYMOUS_CODING NB-ARC domain-containing disease resistance  

SNP 0.04509 Eucgr.B02456 INTRON ascorbate peroxidase 1 

SNP 0.04733 Eucgr.F02864 UPSTREAM: 23 bases myb domain protein 20 

SNP 0.04839 Eucgr.H01807 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class 

SNP 0.04915 Eucgr.F01288 SYNONYMOUS_CODING GroES-like zinc-binding alcohol dehydrogenase  

SNP 0.05128 Eucgr.B03474 SYNONYMOUS_CODING disease resistance family protein / LRR family  

SNP 0.05249 Eucgr.H01807 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.05283 Eucgr.H01807 SYNONYMOUS_CODING Disease resistance protein (TIR-NBS-LRR class)  

SNP 0.05365 Eucgr.B00455 NON_SYNONYMOUS_CODING NB-ARC domain-containing disease resistance  

INDEL 0.05419 Eucgr.K00256 INTRON disease resistance family protein / LRR family  

SNP 0.05 Eucgr.J01601 INTRON myb domain protein 43 

 

Freeman et al. (2008) conducted a quantitative trait locus (QTL) analysis in a clonally 

replicated F2 population to study the genetic control of resistance to Mycospharella 

(Mycospharella complex is made up of Mycosphaerella and Teratosphaeria species). They 

identified two major QTL which explained large proportion of variation in resistance to 

Mycosphaerella disease. This led them to speculate that resistance to Mycosphaerella may 

be oligogenic i.e., controlled by a few genes. However, results from this study indicate that 

resistance to TLD is complex and controlled by several genes as indicated by large numbers 

of small effect markers associated with resistance.  

Predicting resistance using marker genotype data 
While QTL and association studies can reveal markers that are significantly 
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linked/associated with traits, they cannot be used for selecting trees in breeding programs as 
individual marker effects are generally small. For application in breeding programs, marker 
effects from numerous markers can be combined to develop a prediction model to select 
individuals with better traits in a method known as genomic selection (GS) (Resende et al. 
2012; El-Dien et al. 2015). In GS, large numbers of markers genotyped in larger numbers of 
individuals derived from a small effective population are used to develop a training model 
using both genotype and trait data of what is referred to as a training population. The training 
model is then applied in a testing population closely related to the training population to 
predict the traits using only the genotype data of the testing population. The marker 
predicted trait values are known as genomic estimated breeding values (GEBVs) or marker 
breeding values (MBVs). The accuracy of the predicted traits is assessed by correlating the 
GEBVs with the phenotype estimated breeding values (EBVs) or the raw trait data of the 
testing population. The correlation between MBVs and EBVs gives the accuracy while the 
correlation between MBVs and raw trait data gives the predictive ability of the model 
(Resende et al. 2012). In a review paper, we proposed that instead of large numbers of 
random markers, modest number of markers from candidate genes associated with traits 
can be used for predicting traits (Thavamanikumar et al. 2013). The advantage of this 
approach is that models developed with these markers can be used to predict traits in 
unrelated training and testing populations.  

In this study, we used all the markers from candidate genes (602 SNPs and 65 INDELs) for 

predicting resistance to TLD. All the four populations were used either as training or testing 

populations. We used different combinations of training and testing populations to estimate 

the MBVs. The predictive ability of markers with different combinations of training and testing 

populations are shown in Table 3. 

Table 3. Predictive abilities using different combinations of training and testing populations 

Train Test Predictive ability 

SR_TE_TW MT 0.28 

TW MT 0.33 

SR MT 0.14 

TE MT 0.01 

SR_TE_MT TW 0.61 

MT TW 0.62 

SR TW 0.05 

TE TW 0.30 

SR TE 0.00 

MT TE 0.10 

TW TE 0.06 

MT_SR_TW TE 0.10 

MT SR 0.19 

TE SR 0.05 

TW SR 0.08 

MT_TE_TW SR 0.11 

SR = Salmon River; TE = Temma; TW = Towes; MT = Montes 

The highest predictive ability was observed when MT was used as the training population 

and TW was used as the testing population. In general, predictions in TW are better than 

any other population when used as testing population. The next highest predictive ability was 

observed in MT when it was used as the testing and TW was the training population. Models 

developed in the two Tasmanian populations (TE and SR) had the lowest predictive abilities.  

The high accuracy of predictions in TW and to some extent in MT may be because they are 

controlled pollinated progeny trials consisting of several families. In TW, there are at least 26 
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families with two individuals per family and in MT there are 22 families with at least two 

individuals per family genotyped. Moreover in TW there are five families with more than 

three individuals genotyped. There are however no common families between TW and MT.   

The two Tasmanian populations (SR and TE) are base populations with a small number of 

families (18 in SR and 17 in TE). Even though two to three individuals per family are 

genotyped in SR and TE, relationships among the individuals will be minimal as they are 

derived from open pollinated native tree selections. Low to medium heritability was reported 

for MLD in the two Tasmanian populations used in this study (Hamilton et al. 2013). The CP 

families and the relatively large number of individuals per family in TW and MT compared to 

the two Tasmanian populations may have contributed to the higher accuracy of predictions 

as more individuals per family contributes to better estimates of trait data and higher 

heritability of the traits.  

The two Tasmanian populations are made up of several races which will contribute to 

differences in allele frequencies between different races within a population. Admixture of 

races in 2nd generation populations of MT and TW will reduce the differences in allele 

frequencies between the races. These differences in population structure may also explain 

the differences in predictive abilities observed between the two Tasmanian populations and 

the two second generation populations of MT and TW.   

Higher accuracy in TW compared to MT may be due to high heritability of the trait observed 

in TW. Of the 26 families that had at least two individuals per family in TW, only one family 

had both resistant and susceptible trees. Whereas in MT, of the 22 families that had at least 

two individuals per family there were six families that had both resistant and susceptible 

trees. The accuracy of prediction models is determined by (1) the relationships among the 

individuals and (2) marker trait associations captured by the markers.  In GS with random 

markers high accuracies are observed when training and test populations are related. When 

the training test populations are unrelated, accuracies are generally poor. High accuracies 

observed especially in TW using unrelated MT and the two Tasmanian populations indicate 

that markers that are associated with resistance are contributing more to high accuracy than 

relationships captured as training and testing populations are unrelated.  

 

Developing and testing the performance of a classification model 
Another way of testing the prediction accuracy of binary traits such as disease resistance is 

using a classification model. We used support vector machine (SVM), a machine learning 

algorithm for testing the performance of the classification model. A confusion matrix provides 

information on the performance of the classification model. The following are the definitions 

of some of the terms used in confusion matrix. 

True positives (TP): Individuals that are predicted to be positive (resistant trees), and are 

true. 

True negatives (TN): Individuals that are predicted to be negative (susceptible trees), and 

are negative 

Accuracy: overall performance of the classification model 

Accuracy = TP + TN / total number of individuals 

True Positive Rate: when predicted to be true positive (resistant), how often it is correct? 

TP/actual number of individuals that are resistant. It is also known as "Sensitivity" or "Recall" 
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Specificity: When predicted to be true negative (susceptible), how often it is correct? 

TN/actual number of individuals that are susceptible.   

Positive prediction values: Proportion of the individuals that are resistant from the total 

individuals that are predicted to be resistant  

TP/Total number of individuals predicted to be resistant.  

Negative prediction values: Proportion of the individuals that are susceptible from the total 

individuals that are predicted to be susceptible  

TN/Total number of individuals predicted to be susceptible   

 

We tested the performance of the classification model using MT, SR and TE as the training 

population and TW as the testing population. Results from this analysis are shown in table 3. 

 

Table 3 Confusion Matrix statistics from SVM classification model 

          Actual  

  RES SUS 

                    Predicted RES 42 11 

 SUS 6 37 

    

Accuracy 0.82   

sensitivity 0.88   

specificity 0.77   

Positive prediction value 0.79   

Negative prediction value 0.86   

 

The high sensitivity of the classification model indicates the ability of the model to detect 

resistant individuals at a high success rate. Seventy nine percent of individuals that are 

predicted to be resistant are correct while 86% of the individuals predicted to be susceptible 

are correct. Overall the high accuracy of the classification model indicates that markers 

detected in the present study can be used in progenies derived from TW to select the 

resistant lines and to cull the susceptible lines when they are seedlings. 

Conclusions and Recommendations 
In this study, we identified several SNP and INDEL markers that are associated with TLD 

resistance. Resistance to TLD appears to be complex with many genes contributing to the 

resistance. We tested the ability of the markers identified in this study to predict disease 

resistance in four different populations. Results from this study indicate that for marker aided 

selection (MAS) populations consisting of several families with several individuals per family 

which are typical of advanced breeding populations are needed. Advanced breeding lines 

selected for different commercial traits such as wood quality and growth can be screened 

with markers identified in this study to identify resistant lines for deployment. Markers from 

this study can also be combined with other trait related markers for screening large number 

of seedlings to select for seedlings that have favourable alleles for disease resistance and 

other traits. 
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Appendix 
Table 1. Forty SNPs with the highest frequency differences between resistant and 

susceptible pools 

 

SNP Freq. Diff gene_id Annotation 

SNP 1 0.73 Eucgr.C00525 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 2 0.58 Eucgr.E00693 Disease resistance protein (CC-NBS-LRR class) family 

SNP 3 0.58 Eucgr.E01804 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 4 0.57 Eucgr.E02515 disease resistance family protein / LRR family protein 

SNP 5 0.56 Eucgr.E01804 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 6 0.56 Eucgr.G00360 NB-ARC domain-containing disease resistance protein 

SNP 7 0.54 Eucgr.E01804 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 8 0.53 Eucgr.E01804 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 9 0.52 Eucgr.I00474 LRR and NB-ARC domains-containing disease protein 

SNP 10 0.52 Eucgr.K02333 GroES-like zinc-binding dehydrogenase family protein 

SNP 11 0.51 Eucgr.E01804 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 12 0.50 Eucgr.G00360 NB-ARC domain-containing disease resistance protein 

SNP 13 0.50 Eucgr.E00730 Disease resistance protein (CC-NBS-LRR class) family 

SNP 14 0.49 Eucgr.F01014 NB-ARC domain-containing disease resistance protein 

SNP 15 0.47 Eucgr.E01804 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 16 0.46 Eucgr.E00693 Disease resistance protein (CC-NBS-LRR class) family 

SNP 17 0.46 Eucgr.H02892 LRR and NB-ARC domains-containing disease  protein 

SNP 18 0.45 Eucgr.E00730 Disease resistance protein (CC-NBS-LRR class) family 

SNP 19 0.44 Eucgr.G00360 NB-ARC domain-containing disease resistance protein 

SNP 20 0.44 Eucgr.E00693 Disease resistance protein (CC-NBS-LRR class) family 

SNP 21 0.43 Eucgr.B03805 Disease resistance protein (CC-NBS-LRR class) family 

SNP 22 0.43 Eucgr.B01180 NB-ARC domain-containing disease resistance protein 

SNP 23 0.43 Eucgr.F01014 NB-ARC domain-containing disease resistance protein 

SNP 24 0.43 Eucgr.H01750 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 25 0.41 Eucgr.G02124 disease resistance family protein / LRR family protein 

SNP 26 0.41 Eucgr.D00728 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 27 0.41 Eucgr.E00730 Disease resistance protein (CC-NBS-LRR class) family 

SNP 28 0.41 Eucgr.H03707 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 29 0.41 Eucgr.F01017 NB-ARC domain-containing disease resistance protein 

SNP 30 0.41 Eucgr.H03707 Disease resistance protein (TIR-NBS-LRR class) family 
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SNP 31 0.41 Eucgr.H03112 NB-ARC domain-containing disease resistance protein 

SNP 32 0.41 Eucgr.G00690 NB-ARC domain-containing disease resistance protein 

SNP 33 0.41 Eucgr.B01947 NB-ARC domain-containing disease resistance protein 

SNP 34 0.41 Eucgr.E00730 Disease resistance protein (CC-NBS-LRR class) family 

SNP 35 0.40 Eucgr.C03974 Disease resistance protein (TIR-NBS-LRR class) family 

SNP 36 0.40 Eucgr.F01014 NB-ARC domain-containing disease resistance protein 

SNP 37 0.40 Eucgr.F00948 LRR and NB-ARC domains-containing disease  protein 

SNP 38 0.40 Eucgr.H03807 disease resistance protein (TIR-NBS-LRR class) 

SNP 39 0.40 Eucgr.G00376 disease resistance protein (TIR-NBS-LRR class) 

SNP 40 0.40 Eucgr.G00360 NB-ARC domain-containing disease resistance protein 

    

 

Table 2. Results from association studies in individual populations – see the attached excel file 
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