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ABSTRACT 

 

Wheat (Triticum aestivum L.) is one of the major global cereal grains in terms of production 

and area coverage (FAO 2018) and is Australia’s largest grain crop contributing up to 15% 

world trade. More than 60% of the 20 million ha of arable land in Australia has a typical 

Mediterranean-type climate where wheat and weeds actively grow throughout the growing 

season. Western Australia (WA) has the highest reported occurrence of weeds in Australia, 

and is the key agronomic issue for WA farmers. Controlling weeds is one of the toughest 

challenges that farmers face. High weed pressure negatively affects wheat tillering, growth 

and reproduction throughout the season, thereby reducing crop yields by up to 50% 

(Kleemann and Gill 2009).  

Metribuzin, a triazine herbicide (group C) is a broad-spectrum herbicide, registered 

for controlling a range of monocot (grass) and dicot (broad-leafed) weeds, including the 

most problematic annual ryegrass. However, the narrow safety margin in wheat limit the 

herbicide’s wider use. Apart from its weed-control efficacy, tolerance of wheat crops under 

the influence of this herbicide is equally important for maximum crop protection. Herbicide 

tolerance is an important trait that allows effective weed management of wheat crops in 

dryland farming. Identification of new sources of metribuzin tolerance in wheat germplasm 

is a critical w step in improving metribuzin tolerance in new wheat varieties. 

I investigated genetic variability for metribuzin tolerance in 946 wheat germplasms 

from six continents and identified metribuzin-tolerant and -susceptible wheat genotypes 

(https://doi.org/10.1071/CP17017). Rapid phenotyping and the effective differential dose 

are essential for screening herbicide effects in large genetic resources. A confirmed dose of 

800 g a.i. ha–1 was used to differentiate between metribuzin-tolerant and -susceptible lines. 

A sand-tray system was developed to enable rapid assessment of metribuzin damage in 

wheat seedlings. The experimental design with two-directional blocking and statistical 

analysis to model the spatial variation were instrumental for selecting potential tolerant or 

susceptible genotypes. Domesticated forms of tetraploid and hexaploid wheat had a higher 

tolerance to metribuzin, which suggests that the level of domestication and higher ploidy 

level contributes to metribuzin tolerance. Higher metribuzin-tolerant and -susceptible 

sources than current WA local wheat cultivars were identified. Breeding these new 

tolerance levels into elite wheat cultivars will increase metribuzin tolerance in wheat, which 

will be a useful strategy for increasing grain yield for sustainable food production. 

https://doi.org/10.1071/CP17017
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Genetic knowledge of metribuzin tolerance in wheat is needed to develop new 

cultivars for the industry. For the first time, quantitative trait loci (QTL) contributing to 

metribuzin tolerance in wheat (https://rdcu.be/bbLTp) was investigated. I evaluated 

metribuzin tolerance in a recombinant inbred line mapping population derived from 

Synthetic W7984 and Opata 85 over two consecutive years using two chlorophyll-related 

traits, SPAD chlorophyll content index (CCI) and visual senescence score (SNS). 

Composite interval mapping identified four QTL, two on chromosome 4A and one each on 

chromosomes 2D and 1A. The chromosomal position of the two QTL mapped on 4A within 

10 cM intervals was refined and validated using multiple interval mapping. The major QTL 

affecting both measures of tolerance jointly explained 42 and 45% of the phenotypic 

variation by percentage CCI reduction and SNS, respectively. The markers associated with 

major QTL were validated in two F3/4 recombinant inbred populations developed from 

crosses of Synthetic W7984 × Westonia and Synthetic W7984 × Lang. The identified QTL 

had a purely additive effect. The metribuzin-tolerant allele of markers, Xgwm33 and 

Xbarc343, explained the maximum phenotypic variation of 28.8 and 24.5%, respectively. 

The approximate physical location of the QTL revealed the presence of five candidate 

genes—ribulose-bisphosphate carboxylase, oxidoreductase (rbcS), glycosyltransferase, 

serine/threonine-specific protein kinase and phosphotransferase—with a direct role in 

photosynthetic and/or metabolic detoxification pathways. The validated molecular markers 

can be used in marker-assisted breeding to select metribuzin-tolerant lines. Alternatively, 

validated favourable alleles could be introgressed into elite wheat cultivars to enhance 

metribuzin tolerance and improve grain yield in dryland farming for sustainable wheat 

production. 

A detailed understanding of genetic control and heritability of metribuzin tolerance 

is helpful to formulate the appropriate selection program for the breeding of herbicide 

tolerant cultivars. Here, I explored gene effects for metribuzin tolerance in nine crosses of 

wheat by partitioning the means and variances of six basic generations from each cross into 

their genetic components to assess the gene action governing the inheritance of this trait. 

Metribuzin tolerance was measured with a visual senescence score 21 days after treatment. 

The scaling and joint-scaling tests indicated that the inheritance of metribuzin tolerance in 

wheat was adequately described by the additive–dominance model, with additive gene 

action the most significant factor for tolerance. The potence ratio for all crosses ranged 

between –1 and +1 for senescence under metribuzin-treated conditions indicating a semi-

dominant gene action in the inheritance of metribuzin tolerance in wheat. The consistently 

https://rdcu.be/bbLTp
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high heritability range (0.82–0.92) in F5–7 generations of Chuan Mai 25 (tolerant) × Ritchie 

(susceptible) cross indicated a significant contribution of additive genetic effects to 

metribuzin tolerance in wheat. 

SNPs were discovered in four tolerant and three susceptible wheat groups using a 

90K iSelect SNP genotyping assay. The allelic variants in tolerant and susceptible groups 

were used to identify candidate genes. Several genes related to photosynthesis (e.g. 

photosynthesis system II assembly factor YCF48), metabolic detoxification of xenobiotics 

and cell growth and development (cytochrome P450, glutathione S-transferase, 

glycosyltransferase, ATP-binding cassette transporters and glutathione peroxidase) were 

identified on various chromosomes (2A, 2D, 3B, 4A, 4B, 7A, 7B, 7D) governing 

metribuzin tolerance. The simple additive–dominance gene effects for metribuzin tolerance 

will help breeders to select tolerant lines in early generations, and the identified genes may 

guide the development of functional markers for metribuzin tolerance. 

Transcriptome analyses, deciphering genes and its key pathways involved in 

metribuzin tolerance in wheat were investigated. A detailed dose-response study and field 

screening identified Chuan Mai 25 and Ritchie as the most tolerant and -susceptible wheat 

genotype for transcriptome sequencing, respectively. Next-generation transcriptome 

sequencing of the two most -contrasting genotypes using the high-throughput Illumina 

NovaSeq 6000 RNA-Seq platform generated more than 90 million paired-end reads in the 

control and two treatments (24 h and 60 h of herbicide exposure) and a total of 134,274 

transcripts were identified. After complete transcriptome assembly an average of 77,443 

genes was identified, of which 59,915 were known genes and 17,528 were novel genes. 

The integrated data suggests that endogenous increase of light-harvesting chlorophyll 

protein complex (Lhc) a/b-binding proteins, PSII stability factor HCF136, metabolic 

detoxification enzymes (cytochrome P450, glycosyltransferase, glutathione transferase, 

oxidoreductase), glutathione (GSH) with reactive oxygen species (ROS) scavenging 

activity, sugars, energy and reducing power (ATP, NADPH) conferred metribuzin 

tolerance in wheat. The reported metribuzin tolerance genes, mechanisms and EST-SSR 

markers provide a foundation for metribuzin tolerance breeding that is advantageous to the 

wheat industry.  

This research has revealed an unprecedented scope for developing metribuzin-

tolerant wheat cultivars through molecular breeding due to the availability of wide genetic 

variability for metribuzin tolerance in wheat. The metribuzin-tolerant and -susceptible 

wheat genotypes from large inter-continental wheat diversity panel (Winter wheat 
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collection) are identified (https://doi.org/10.1071/CP17017). QTL contributing to 

metribuzin tolerance in wheat (https://rdcu.be/bbLTp) were identified. The study also 

revealed gene action and heritability for metribuzin tolerance and SNP discovery in diverse 

gene pools using 90K iSelect SNP genotyping assay. Detailed dose-response experiment 

and field screening were instrumental in identification of the most contrasting genotypes 

for transcriptome analyses. The integration of QTL mapping and transcriptome analyses 

have aided in the identification of gene networks, key pathways, mechanism(s), and 

functional markers contributing to metribuzin tolerance in wheat. PSII efficiency in elite 

germplasm can be enhanced to a larger fold by introgressing identified herbicide tolerant 

genes in a variety improvement program. This will be a more effective strategy to control 

weeds without compromising wheat productivity in dryland farming of Australia and 

worldwide. 

  

https://doi.org/10.1071/CP17017
https://rdcu.be/bbLTp
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Chapter 1. General introduction 

1.1 Background 

Wheat (Triticum aestivum L.) is a major global cereal crop in terms of production and area 

(FAO 2018) due to its wide adaptability and easy harvestability. However, rapid population 

growth in developing countries, especially Africa and South Asia, is outpacing yield gains 

in wheat. Global wheat production was 246 million metric tonnes (Mt) in 1960/1961, 585 

Mt in 2000/2001 and 739 Mt in 2015/2016 (USDA, 2017). Nevertheless, current wheat 

production does not meet global demand due to the declining arable land area, poor weed 

and disease management, rising global population, and the effects of climate change on the 

environment (Alexandratos and Bruinsma 2012; Curtis et al. 2002). 

Wheat is Australia’s largest grain, contributing between 8% and 15% of world 

trade. Wheat grows well between the latitudes of 30° and 60° N and 27° and 40° S (Curtis 

et al. 2002). In Australia, wheat is mainly grown in a narrow crescent called the ‘grain belt’, 

stretching from central Queensland through New South Wales, Victoria, southern South 

Australia and south-western Western Australia (Fig 1.1) (ABS, 2013). Western Australia 

generates about 50% of Australia's total wheat production with more than 95% of this 

exported predominantly to Asia and the Middle East (DPIRD, Australia, 2018).  

             

Fig 1.1 Primary wheat growing regions (grain belt) in Australia (Source: Land 

Commodities Research) 
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Weeds are a major yield-reducing factor in Australia and worldwide. More than 60% of the 

total 20 million ha of arable lands in Australia has a typical Mediterranean-type climate where 

wheat and weeds actively grow throughout the winter. Weeds occupy most of the soil and 

develop strong root systems that compete with wheat for space and nutritional needs, which 

affects tillering in seedling wheat and reduces grain yield. Weed infestations (Fig 1.2) reduce 

grain yield by up to 50% in wheat (Kleemann and Gill 2009). The simultaneous occurrence of 

weeds and other biotic (insects, diseases, nematodes, etc.) and abiotic (temperature, moisture, 

etc.) stress conditions and their interactions, further accelerate the negative impact on grain 

yield (Bagavathiannan et al. 2017). In 2005, weeds were estimated to cost Australian 

agriculture between $2.5 billion and $4.5 billion per annum. For winter cropping systems alone 

the cost was $1.3 billion, equivalent to around 20 percent of the gross value of the Australian 

wheat crop. According to ABARES (2018), winter crop production declined by an estimated 

36 percent to 37.8 million tonnes in the 2017–18 cropping season in Australia.  

  

Fig 1.2 Grassy weed infestation in Meckering (Wheat belt), WA 

 

Broad-spectrum herbicides are an effective tool for controlling weeds in dryland 

farming in Australia and worldwide. Metribuzin, a triazine herbicide (group C) is a non-

selective/broad-spectrum herbicide, registered for controlling a range of monocot (grass) and 

dicot (broad-leafed) weeds, including the most problematic annual ryegrass (Si et al. 2012). 

However, the narrow safety margin of metribuzin and lack of selectivity in wheat suffer yield 

Ryegrass suppressing 

wheat growth  

No competition between 

weed and wheat 
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loss, limiting its wider use. Higher tolerance of metribuzin in wheat is advantageous for the 

integrated weed management and sustainable food production. 

There is unprecedented scope for developing metribuzin-tolerant wheat cultivars through 

molecular breeding because of wide genetic variability for metribuzin in wheat (Kleemann and 

Gill 2007; Wang et al. 2014). A detailed understanding of the genetics and mechanism of 

metribuzin tolerance is vital for the selection of superior wheat germplasm in breeding 

programs. Genetic control of metribuzin tolerance has been investigated to a certain extent. 

However, genetic architecture, inheritance and molecular mechanisms of metribuzin tolerance 

in wheat are poorly understood.  

Identification of the most-contrasting wheat genotypes is a pre-requisite for genetic and 

genomic studies in herbicide tolerance. Rapid phenotyping techniques to measure direct 

herbicide effects coupled with an improved understanding of the genetics of such traits would 

speed up the process in marker-assisted breeding. Metribuzin binds its target site D1 protein 

on PSII and disrupts the electron transport chain, arresting photosynthesis. The decline in net 

photosynthetic rate often reduces both chlorophyll and soluble-protein levels (Avenson et al. 

2005). Therefore estimation of chlorophyll content by non-destructive methods offers a direct 

and rapid estimation of metribuzin effects in wheat. Chlorophyll measures also correlate with 

grain and protein yields in winter wheat and spring barley (Spaner et al. 2005; Zhang et al. 

2009a). 

High-density single nucleotide polymorphism (SNP) genotyping arrays are a powerful 

tool for studying marker-trait associations. Recent advances in genotyping technologies have 

increased the use of SNP markers in genetics and genomics (Elshire et al. 2011). SNP markers 

provide a large amount of genome-wide polymorphism, as they potentially represent all the 

mutations that occur in the genome. The recent wheat 90K SNP iSelect assay developed by 

Illumina is a useful genetic resource for tagging agronomical important traits. The 

identification of polymorphic SNPs between tolerant and susceptible genotypes will help to 

identify SNPs associated with herbicide tolerance. A total of 46,977 SNPs from the wheat 90K 

array were genetically mapped and serve as an invaluable resource for investigating the genetic 

basis of trait variation in wheat (Wang et al. 2014).  

Molecular mapping of quantitative trait loci (QTL) on the genomic region controlling 

herbicide tolerance will enhance the understanding of the intricate genetic basis/architecture of 

phenotype variance. The validated markers within the support interval of the QTL will enable 

marker-assisted selection (MAS) of lines for breeding herbicide tolerant cultivars. 
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Alternatively, validated favourable alleles could be introgressed into elite wheat cultivars to 

enhance metribuzin tolerance and improve grain yield for sustainable wheat production. 

Next-generation sequencing (NGS) has revolutionised biological sciences. Today's 

complex genomic research questions demand a depth of information beyond the capacity of 

traditional DNA sequencing technologies and NGS has filled this gap and become a powerful 

research tool to address biological questions. Transcriptome analyses using tolerant and 

susceptible genotypes is an approach to discover key genes, pathways, mechanisms and 

markers associated with herbicide tolerance in wheat, which can be used in marker-assisted 

breeding. New herbicide-tolerant wheat cultivars with wide safety margin will be advantageous 

to wheat industry to enhance crop protection against herbicide damage and increase grain yield. 

 

1.2 Objective of the research  

The overall objective of this research was to (1) identify new metribuzin-tolerant wheat 

genotypes, (2) undertake QTL mapping, and validate metribuzin tolerance in hexaploid wheat, 

(3) identify the genetic control and inheritance of metribuzin tolerance in wheat and SNPs in 

diverse gene pools, and (4) discover metribuzin tolerance genes and its regulatory network in 

wheat using transcriptome sequencing. To achieve this, the following specific steps were taken: 

1. Develop a rapid metribuzin tolerance screening technique  

2. Screen for metribuzin tolerance in large inter-continental wheat diversity panel 

(Australian winter wheat collection). 

3. Screen metribuzin tolerance in 111 F8 recombinant inbred lines (RILs) of the Synthetic 

× Opata cross for QTL mapping. 

4. Identify and validate QTL and their associated genes for pre-emergent metribuzin 

tolerance. 

5. Reciprocal crosses to develop F1 and F2 and backcross (BCT and BCS) generation for 

genetic study of gene action and inheritance. 

6. Progress the Chuan Mai 25 (T) ×Ritchie (S) cross to F5-7 generation using rapid 

generation single seed-descent (SSD) in-vitro embryo culture technique to calculate 

heritability. 

7. Pool-based gene discovery associated with closely linked SNP markers in tolerant and 

susceptible genotypes using 90K iSelect SNP genotyping assay. 

8. Dose-response analysis and field screening to identify the most tolerant and susceptible 

genotype for transcriptome analyses. 
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9. RNA extraction from most tolerant and susceptible genotype at control, 24 h and 60 h 

after herbicide exposure. 

10. Transcriptome sequencing and discovery of genes, pathways and markers involved in 

metribuzin tolerance in wheat. 

1.3 Thesis outline 

This thesis is presented in seven chapters with general introduction, literature review, four 

experimental chapters, and general discussion, and conclusion.   

Chapter 1 presents the general background and rationale behind the study. 

Chapter 2 provides a detailed review on wheat origin, production and constraints, the adverse 

effects of herbicides on wheat productivity, integrated weed management, genetic diversity in 

wheat for metribuzin tolerance, phenotyping methods to assess herbicide effects, metribuzin 

tolerance in wheat, gene action and inheritance of metribuzin tolerance in wheat, and QTL 

mapping and transcriptome analyses. 

Chapter 3 describes the identification of new metribuzin-tolerant wheat genotypes. A paper 

from this chapter was published in 2017 in ‘Crop and Pasture Science’ (Appendix 1) 

(https://doi.org/10.1071/CP17017). The chapter reports on the identification of the differential 

dose (dose which discriminates tolerant and susceptible lines), followed by a rapid screening 

of a large wheat diversity panel (946 lines) for metribuzin tolerance to identify the promising 

contrasting genotypes for genetic and genomic studies.  

Chapter 4 reports the findings of QTL mapping using F8 RIL to identify genomic regions 

contributing to metribuzin tolerance in wheat. A paper from this chapter was published in 2018 

in ‘BMC Genetics’ (Appendix 2) (https://rdcu.be/bbLTp). In this study, three co-located QTL 

were identified for two traits (SPAD chlorophyll content index and senescence) associated with 

metribuzin tolerance. The phenotypic effects of alleles of tightly linked SSR markers were 

validated in different genetic backgrounds (other than the mapping population) to validate the 

QTL effects. The marker sequences within the QTL support interval were blasted against the 

wheat genome to find the Traes numbers of the genes. The Traes numbers were searched in the 

UniProt in TrEMBL to obtain more information including protein domain, family, molecular 

and biological functions of the potential candidate genes. These findings will provide new 

insights for improving wheat yields in breeding programs.   

Chapter 5 describes findings of the genetic control of metribuzin tolerance by generation means 

of parents, reciprocal and backcrosses. Heritability was assessed in F5, F6 and F7 RILs of the 
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Chuan Mai 25 (T) × Ritchie (S) cross, developed in a growth chamber by fast generation single-

seed descent (SSD) in-vitro embryo culture technique. Further, this chapter reports the findings 

of SNP discovery using wheat 90K iSelect SNP genotyping assay in contrasting gene pools of 

tolerant and susceptible genotypes used in the genetic study. A paper from this chapter is 

submitted to BMC Plant Biology for peer review.  

Chapter 6 describes the identification of the most susceptible and tolerant genotypes from a 

detailed dose-response study and confirmation of the most-contrasting genotypes in field 

conditions. Further, the chapter reports on transcriptome sequencing using next-generation 

Illumina high-throughput sequencing platform (NovaSeq 6000) to identify differentially 

expressed genes (DEGs) in susceptible and tolerant cultivars. Further, this chapter reports the 

discovery of key genes/markers and metabolic enzymes and pathways involved in metribuzin 

tolerance in wheat. A paper from this chapter is submitted to a journal for peer-review.  

Chapter 7 discusses the significant findings of the research and its usefulness and implications 

for further investigations. 
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Chapter 2. Literature Review 

2.1 Wheat 

2.1.1 Taxonomy of wheat 

Wheat belongs to the genus Triticum, tribe Triticeae in the grass family Poaceae (Percival 1921; 

Riley 1965). It was first classified by Carl Linnaeus in 1753. The Triticeae tribe contains more 

than 15 genera and many domesticated species, including barley and rye (Sears 1969; Miller 

1987; Caligari and Brandham 2001). Wheat is separated into three groups, each with different 

numbers of chromosomes (genomes). Diploids, tetraploids and hexaploids have 14, 28 and 42 

chromosomes, respectively (Sakamura 1918; Tadesse et al. 2016). Bread wheat is an 

allohexaploid (6x), which regularly forms 21 pairs of chromosomes (2n = 42) during meiosis. 

These chromosomes are subdivided into three closely related (homoeologous) groups of 

chromosomes, the A, B and D genomes. Each of these groups normally contains seven pairs 

of chromosomes (AABBDD).  

 

2.1.2 Geographical origin and cultivation of wheat 

 It is understood that hexaploid wheat is the product of two hybridisation events. Diploid 

einkorn wheat, T. monococcum var. monococcum was domesticated directly from its wild form, 

T. monococcum var. aegilopoides (2n = 2x = 14). Wild tetraploid emmer wheat T. dicoccoides 

arose from hybridisation of T. urartu (2n = 2x = 14) and the B genome ancestor Aegilops 

speltoides (2n = 2x = 14, AA). Speciation of T. dicoccoides produced the cultivated tetraploid 

emmer wheat T. dicoccum (2n = 28, AABB) (Dvorak and Akhunov 2005; Feldman and Levy 

2005). This hybrid occurred in the cytoplasm of the B genome. A second hybridisation between 

the new tetraploid and a third diploid species A. tauschii (D genome donor) produced a 

hexaploid wheat (2n = 2x = 42, A
u
A

u
BBDD), again in the B genome cytoplasm (Kimber and 

Sears 1987; Dvorak et al. 1998) (Fig 2.1).  

The domestication of diploid and tetraploid wheat is thought to have occurred in the 

fertile crescent of the Middle East at least 9,000 years ago with the hybridisation events, 

producing hexaploid wheat more than 6,000 years ago (Simmons 1987; Feuillet et al. 2008). 

In contrast to diploid and tetraploid wheats, there is no wild counterpart of hexaploid wheat (T. 

aestivum) making it a classic example of evolution by polyploidy (Kole 2011). 
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Fig 2.1 Origin and domestication of hexaploid wheat (cerealsdb.uk.net) 

Wheat is one of the first domesticated food crops that is well- adapted to a wide range 

of climatic conditions (Zohary and Hopf 2000; Feldman and Kislev 2007). There are three 

main groups of wheat —einkorn, emmer and dinkel—based on their morphology (Sharma 

2008) (Table 2.1). Wild forms of einkorn wheat (T. aegilopoides and T. urartu) are widely 

distributed in the Middle East. The earliest cultivated diploid einkorn wheat (T. monococcum 

L., 2n = 2x = 14) is believed to have originated from south-eastern Turkey (Heun et al. 1997; 

Zohary 1999; Dvorak et al. 2011). 

Wild tetraploid emmer wheat (T. turgidum subsp. dicoccoides) is endemic to Israel, 

Lebanon, Palestine and Syria, while another species (T. timopheevii subsp. armeniacum) is 

widely distributed in Armenia and Azerbaijan (Heun et al. 1997; Dubcovsky and Dvorak 2007). 

Tetraploid durum wheat (T. durum) is the second most important wheat in the world. It is well-

adapted to and widely cultivated in Mediterranean coastal regions (Sharma 2008; Nachit 1992). 

Evidence of T. dicoccum dating back to 7,500 BC has been found at several archaeological 

sites in Syria (Zohary 1999). 
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Table 2.1 Phylogenetic and geographical origins of wheat (Sharma 2008, Goncharov et al. 2009)  

Section Group of species Species Common name Origin & regions of cultivation 2n Genomes 

Monococcum 

Dum. 
Hulled T. monococcum L. Einkorn 

Mountainous areas (Turkey, 

Morocco, France) 
14 Ab 

  T. boeoticum Boiss.   14 Ab 

  T. urartu Tum. ex Gandil. Wild einkorn 
Widely distributed in the Middle 

East 
14 Au 

 Naked diploid T. sinskajae A. Filat et Kurk   14 Ab 

Dicoccoides 

Flaksb 
Hulled 

T. dicoccoides (Körn. ex Asch. & 

Graebner) Thell 
Wild emmer Israel, Lebanon, Palestine, Syria 28 BAu 

  
T. dicoccum (Schrank ex 

Schübler) Thell. 
Emmer 

Syria, Turkey, Yemen, Morocco, 

Spain 
28 BAu 

  T. karamyschevii Nevski   28 BAu 

  T. ispahanicum Heslot   28 BAu 

 Naked tetraploids T. turgidum L. Poulard Mediterranean coastal regions 28 BA 

  T. durum (Desf) Husnot Durum Mediterranean coastal regions 28 BAu 

  
T. turanicum (Jakubz) Á. Löve & 

D. Löve 
Khorassan  28 BAu 

  T. polonicum (L.) Thell Polish Mediterranean coastal regions 28 BAu 

  
T. carthlicum (Nevski) Á. Löve & 

D. Löve 
Persian  28 BAu 

  T. ethiopianicum Jakubz Ethiopian Ethiopia 28 BAu 

  
T. paleocolchicum (Menabde) Á. 

Löve & D. Löve 
  28 BAu 

Timopheevi A. 

Filat 
Hulled T. timopheevii (Zhuk) Zhuk 

Cultivated 

timopheevi 
Georgia 28 GAu 
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T. armeniacum (Jakubz) van 

Slageren 
Wild timopheevi Armenia, Azerbaijan 28 GAu 

  T. zhukovskyi Menabde et Erizjan Zanduri  42 GAuAb 

Triticum Hulled T. spelta (L) Thell. Dinkel/spelt Northern & Central Europe 42 BAuD 

  
T. macha (Dekapr. et Menabde) 

MacKey 
Caucasus regions 42 BAuD 

  T. vavilovii (Tum.) Jakubz   42 BAuD 

 Naked hexaploid T. aestivum L. Bread/common Global cultivation 42 BAuD 

  T. compactum (Host) Mackey Club Alpine regions, Southern Europe 42 BAuD 

  
T. sphaerococcum (Percival) 

MacKey 
Indian dwarf India 42 BAuD 

Compositum N. 

Gontsch 
Hulled 

T. palmovae G. Ivanov (syn. T. 

erebuni Gandil.) 
  28 DAb(DAu) 

  
T. dimococcum Schieman et 

Staudt 
  42 BAuAb 

  T. kiharae Dorof. et Migusch   42 GAuD 

  T. soveticum Zhebrak   56 BAuGAu 

  T. borisii Zhebrak   70 BAuDGAu 

 Naked octoploid T. flaksbergeri Navr.   56 GAuBAu 

 

 

 

 

 



Chapter 2 

11 

 

2.2 Global wheat production 

Wheat is the second major crop, next to corn, based on production (FAO statistic, 2018) 

(Fig 2.2) and is a staple food for 40% of the global population (Shiferaw et al. 2013). The 

global demand for wheat is growing rapidly in line with the increasing world population, 

which is estimated to be 9.7 billion in 2050 

(http://www.un.org/en/development/desa/news/population/2015-report.html). Fig 2.2 

reflects grain production in million metric tons in 2018.  

Worldwide, two species of wheat are commonly grown; T. aestivum or bread wheat 

and T. turgidum ssp. durum. In Australia, both bread and durum wheats are produced; bread 

wheat is exclusively white and does not have red colour as found in the northern 

hemisphere. Nearly 90% of wheat production worldwide is bread/common wheat with 

durum wheat accounting for about 10% of the production. Australia is among the top ten 

wheat-producing nations (FAO statistic, 2017) (Fig 2.3).  

The global number of undernourished people declined from more than a billion 

(18.7% of the global population) in 1990 to around 805 million people (11.3%) in 2014, 

mostly due to increased crop yields (Foley et al. 2011), through the development of new 

crop varieties and increased planting densities (McClung 2014). Production can be 

increased further by increasing the safety margin of herbicides in wheat cultivars.  

 

 

Fig 2.2 Worldwide production of grain in 2017–18 in million metric tons (FAO, 2018) 

http://www.un.org/en/development/desa/news/population/2015-report.html
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Fig 2.3 Top ten wheat-producing nations and their average wheat yields, measured in ton 

per hectare per year from 1961 to 2014 (FAO, 2017) 

 

2.2.1 Wheat production in Australia 

Wheat is Australia’s largest grain crop and came to Australia with European settlement in 

1788. Australia contributes between 8 and 15% to the world’s wheat trade, making it the 

fourth largest exporter after the United States, Canada and the European Union. Wheat 

yields have increased steadily in most of the Australian grain belt over the years, from an 

average of 1.33 t/ha in the 1970s and 1980s, 1.66 t/ha in the 1990s and early 2000s, and 

2.15 t/ha in 2011–12 (ABARES, 2014) [27]. The Australian wheat promotion program 

(2011) was an important milestone for systematic wheat research with major breakthroughs 

in productivity, but many constraints related to dryland farming continue to affect wheat 

yield including radiation, soil moisture, nutrient availability, length of growing season, 

disease, and insect and weed infestation. 

 

2.3 Weed infestation 

Weeds are unwanted plant species that compete with crop plants for space and nutrition. In 

many situations, weed eradication is economically more important than insects, fungi or 

other pest organisms (Javaid et al. 2007). Weeds compete with crops for water, nutrients 

and light, and harbor disease-causing fungi, bacteria and insect pests, which result in 

reduced plant size, nutrient-starved complications, and wilting/plant death. Weed 
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infestation in Australia is the key agronomic issue for farmers, reducing wheat yields by up 

to 50% (Kleemann and Gill 2009).  

Weed infestation is a global problem, more so in Mediterranean-type climatic 

regions where wheat and weeds actively grow throughout winter. Weed control in wheat is 

an important aspect of crop management. More than 60% of the 20 million ha of arable 

lands in Australia has a typical Mediterranean-type climate (Fig 2.4) characterised by cool, 

wet winters and hot dry summers (Siddique et al. 2000; Turner and Asseng 2005). This 

type of weather occurs in just five regions of the world—California, Central Chile, the 

Mediterranean Basin, the Cape Region of South Africa, and south western and southern 

Australia—on the western coasts of continents, roughly between 30 and 45 degrees north 

and south of the equator, typically between oceanic climates towards the poles (where they 

tend to be wetter), and semi-arid and arid climates towards the equator (where they tend to 

be drier). 

 

Fig 2.4 World regions with Mediterranean climate from NCERT Geography 

(https://www.pmfias.com/wp-content/uploads/2016/01/Mediterranean-Climate-Western-

Margin-Climate-West-Coast-Climate.jpg). 

 

Weed pressure in wheat seedlings negatively affects tillering and reduces crop 

yields. Effective weed management during the early seedling stage will have positive 

compound effects on grain yield. Identification of a tolerant crop ideotype would assist 

https://www.pmfias.com/wp-content/uploads/2016/01/Mediterranean-Climate-Western-Margin-Climate-West-Coast-Climate.jpg
https://www.pmfias.com/wp-content/uploads/2016/01/Mediterranean-Climate-Western-Margin-Climate-West-Coast-Climate.jpg
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wheat breeders in the selection of herbicide-tolerant wheat lines. Integrated, effective weed 

control is economically vital for sustainable food production. 

 

2.4 Pre-emergent and post-emergent herbicides 

Herbicides are the most effective tool for controlling broad-spectrum weeds in cropping 

systems. Annual ryegrass has become a major constraint to productive and profitable 

cropping systems over the past decade. The lack of effective pre-planting control (coupled 

with the adoption of conservation tillage) has resulted in widespread increase in barley grass 

(Hordeum leporinum) and brome grass (Bromus diandrus and B. rigidus) in cereals. With 

the increasing incidence of resistance to post-emergent herbicides across Australia, pre-

emergent herbicides are becoming more important for weed control. Pre-emergent 

herbicides typically have more control variables and are more efficient than post-emergent 

herbicides.   

Pre-emergent herbicides contribute to sustainable agriculture by improving 

productivity and preventing soil erosion by supporting a no-till farming system. It is also 

important to note that, over 99 percent of barley and brome grass species seeds germinate 

within 1–2 weeks of the break of the season and pre-emergent herbicides play a vital role 

in controlling weeds early in crop life, and potentially over multiple germinations, 

maximizing crop yield potential. According to Barry and Angus (2013), pre-emergent 

herbicide can control more than 98% of ryegrass. In particular, the pre-emergent 

application of metribuzin reduced barley and brome grass by over 80% and produced the 

best yield in Western Australia. 

2.4.1 Metribuzin 

Metribuzin (C8H14N4OS) is a triazinone, pre- and post-emergent herbicide acting as an 

inhibitor of photosynthesis, specifically the inhibition of photosynthetic electron transfer 

during the second light reaction. The D1 Quinone-binding protein (32 kDa) of photosystem 

II (PSII) is the target site of triazinone herbicides. Due to its root and leaf systemicity, 

metribuzin can be used for both pre- and post-emergent weed control.  

 

IUPAC name: 4-amino-6-tert-butyl-3-methylsulfanyl-1,2,4-triazin-5-one 
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Metribuzin is a highly efficient and versatile herbicide for weed management that is 

registered for use in dryland farming systems in Australia to control a wide range of weeds 

(Kleemann and Gill 2009; Si et al. 2011). However, most of the wheat cultivars lack 

selectivity to metribuzin due to a narrow safety margin resulting in crop damage. New 

herbicide-tolerant wheat cultivars are advantageous in the wheat industry to enhance crop 

protection against herbicide damage and maximize crop yields. A detailed understanding 

of the genetics and mechanisms of metribuzin tolerance is vital for the selection of superior 

wheat germplasm in breeding programs to develop herbicide tolerant wheat cultivars.  

 

2.5 Herbicide-tolerant crops  

It is increasingly difficult to develop a new herbicide and even more difficult to discover 

one with a novel mode of action (Gressel 2002). The utility of existing herbicides with a 

broad weed-control spectrum through genetically enhanced tolerance is a useful strategy to 

reduce crop damage by herbicides and improve grain yield. Crop tolerance to herbicides is 

typically conferred by one of three mechanisms: tolerance at the site of action, metabolic 

detoxification, and preventing the herbicide from reaching the site of action. Developing 

one or more of these mechanisms through genetic modification may increase herbicide 

tolerance in a crop (Devine and Shukla 2000). Broad-spectrum herbicides control a wide 

range of grass and broadleaf weeds, are effective at low application rates, and have low 

mammalian toxicity and a favourable environmental profile. 

Herbicide-tolerant crops have been widely adopted by growers in the USA, Canada 

and Australia and offer enhanced weed control. The use of herbicide-tolerant crops enable 

control of broad- spectrum weeds, reduces crop injury and herbicide residues in the plant 

system, the use of environmentally friendly herbicides, and crop management flexibility 

and simplicity. Genetic control of metribuzin tolerance has been investigated to a degree, 

but the genetic basis of inheritance and molecular mechanisms of metribuzin tolerance in 

wheat are poorly understood. The identification of tolerant and susceptible genotypes is a 

prerequisite for discovering genes and functional markers to breed new herbicide-tolerant 

wheat varieties.  

 

 

 

2.6 Integrated weed management  
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Integrated weed management (IWM) is a system for managing weeds over the long term, 

combining herbicide and non-herbicide methods into an integrated control pro1gram. Any 

practice that can reduce the weed burden is likely to generate substantial economic benefits 

to growers and the grains industry. IWM can optimize profits by maintaining weed 

densities below threshold levels. Traditional weed control methods such as hoeing, 

weeding, dabbing, tillage, bar harrowing, crop rotation, and biological methods are used 

for weed eradication. However, the most advanced weed control strategy is the use of 

chemicals (herbicides), which is effective in controlling broad-spectrum weeds in wheat 

(Chhokar et al. 2007). Herbicide-tolerant crops are a powerful part of weed control 

technology that can be combined with preventive, cultural, mechanical, and chemical 

measures to form a strong IWM strategy (Fig 2.5). However, they should be considered as 

just one component of an IWM approach to ensure the long-term benefits of a profitable 

and environmentally sound weed management program. 

 

Fig 2.5 Weed control techniques used in integrated weed management (Source: Bayer) 

 

2.7 Phenotyping herbicide effects 

The identification of new sources of metribuzin tolerance in wheat will be valuable for 

breeding herbicide-tolerant cultivars. Phenotypic assessments offer a reliable tool for 

evaluating metribuzin tolerance (Verma et al. 2004; Monneveux et al. 2005; Razavi et al. 

2008). Frequently studied traits related to herbicide tolerance include seedling density, 

grain yield, leaf area and shoot dry matter (Kleemann and Gill 2007), survival rate (Neve 

and Powles 2005; Si et al. 2006), and leaf damage visual score and plant height (Si et al. 

2006). Metribuzin inhibits photosynthetic activity by binding its target site, the D1 protein 

of PSII. The rapid and reliable metribuzin effects at the target site is assessed by measuring 

phytotoxic effects or reduction in chlorophyll content. Traditional methods of extracting 
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chlorophyll from leaves by chemical solvents are laborious, time-consuming and 

destructive. The Minolta SPAD-502 chlorophyll meter (Konica Minolta, Tokyo) offers a 

non-destructive and rapid analysis of foliar chlorophyll concentration (Singh et al. 2002; 

Hamblin et al. 2014). SPAD readings have been correlated with grain and protein yields in 

winter wheat and spring barley (Spaner et al. 2005). Leaf senescence is caused by the 

breakdown of chlorophyll by herbicide stress (Hiraki et al. 2003; Roberts et al. 2003) and 

this can be rated as visual damage.  

 

2.8 Genetics of metribuzin tolerance in wheat  

Cultivars of wheat (spring and durum) and barley differ in their tolerance to metribuzin 

(Ratliff et al. 1991; Villarroya et al. 2000a). Gawronski et al. (1986) reported a 3-fold 

difference in the lethal dose of metribuzin between resistant and susceptible barley 

cultivars, possibly due to differences in foliar uptake and metabolism. Previous studies 

from Western Australia identified some tolerant cultivars, including Eagle Rock, Kite and 

Blade (Kleemann and Gill 2007; Gill and Bowran 1990). Gill and Bowran (1990) showed 

that Blade could reliably tolerate applications of metribuzin (100–150 g/ha), relative to 

sensitive Spear that shares 50% common parents with Blade. Knowledge of the genetic 

source of variation in known metribuzin tolerant sources would provide valuable 

information for the development of new cultivars with high tolerance to metribuzin. 

Herbicide tolerance is a complex trait that could be a function of both alterations to 

the site of action (target-site resistance) and metabolic detoxification (non-target-site 

resistance) before reaching the target site (Dinelli et al. 2006). Previous studies have 

revealed differing modes of genetic control for metribuzin tolerance in crop plants. 

Villarroya et al. (2000a) reported that inheritance of tolerance to metribuzin in durum wheat 

(T. turgidum L.) is a complex character involving many genes or quantitative trait loci 

(QTL). In contrast, metribuzin tolerance in soybean is controlled by a single dominant gene 

(Kilen and He 1992). Further, in narrow-leafed lupin (Lupinus angustifolius L.), Si et al. 

(2011) reported two independent semi-dominant gene loci (Mt3 and Mt5) having additive 

effects. Sequence analysis of the chloroplast DNA-encoded psbA gene eliminated target-

site mutations as the causal mechanism for these mutations, and further studies based on 

the effect of inhibitors of cytochrome 450 monooxygenases suggested that non-target-site 

detoxification mechanisms may be responsible for the metribuzin tolerance phenotype. 

Likewise, Javid et al. (2017) reported QTL for metribuzin tolerance in field pea based on 

symptom score and plant damage on a single genomic region located on linkage group IV. 
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The gene (cytochrome P450 monooxygenase) underlying the QTL confidence range is 

potentially involved in non-target site metabolism-based herbicide tolerance. The 

understanding of gene action and heritability will guide breeders to formulate the 

appropriate selection program for the breeding of herbicide-tolerant cultivars. 

 

2.9 Genetic linkage maps and QTL mapping 

A genetic linkage map is a graphical representation of the distributions of all loci along the 

chromosome, based on observed recombination frequencies between genes located on 

homologous chromosomes. Linkage maps form the basis of molecular breeding and genetic 

studies and have been used to identify the chromosomal region(s) containing desirable 

genes or traits of interest through their linkage to easily detectable molecular markers 

(Collard et al. 2005).  

A QTL indicates a region or locus in the genome containing gene(s) that controls a 

quantitative trait. QTL mapping involves testing molecular markers throughout a genome 

for the probability of their association with a QTL. Linkage analysis and association 

mapping are the two most frequently used QTL mapping methods (Sehgal et al. 2016). 

Recombinant inbred lines (RILs), double haploid lines (DHLs), and F2, F3 or backcrossing 

(BC) populations are examples of segregating population used in QTL mapping for self-

pollinating crops such as wheat and rice (Collard et al. 2005; Collard and Mackill 2008). 

RILs and DHLs are the most frequently used QTL mapping populations; they are 

essentially homozygous or true-breeding lines capable of being reproduced without any 

genetic changes.  

QTL analysis is used to study quantitative traits, which widens our understanding 

of quantitative variation and gene interactions, providing information on the genetic control 

of targeted traits, and aiding in the identification of candidate genes for marker- assisted 

breeding (Doerge 2002). A QTL is mapped when the molecular marker(s) is linked to a 

QTL (Sehgal et al. 2016; Acquaah 2007). DNA markers linked to genes or QTL for a range 

of traits in diverse crop species have been reported in numerous studies (Onyemaobi et al. 

2018; Ayalew et al. 2017; Francia et al. 2005; Mohan et al. 1997).on 

Many mathematical models have been developed for faster and more efficient QTL 

detection and effects estimation. Single marker analysis (SMA) is the simplest QTL 

mapping method for QTL detection that does not require a linkage map using a variety of 

statistical analyses such as t-test, ANOVA, linear regression or nonparametric tests (Soller 

et al. 1976; Edwards et al. 1987). Other QTL mapping methods include simple interval 
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mapping (SIM) (Lander and Botstein 1989), composite interval mapping (CIM) (Zeng 

1994) and multiple interval mapping QTL models (Jansen and Stam 1994). CIM is a 

common method used to detect QTL, which combines interval mapping with multiple 

linear regression. More variables are used in the CIM model, where DNA markers are used 

as boundary conditions to narrow the most likely QTL position. The resolution of QTL 

locations obtained using CIM is much higher, and more robust and precise than SMA and 

SIM (Basten 1994). QTL cartographer is a commonly used mapping software (Wang et al. 

2012; Lincoln et al. 1993). Other popular software packages include Mapmaker/QTL 

(Nelson 1997; Manly et al. 2001), QGene (Nelson 1997), Map Manager QTL (Manly et al. 

2001) and QTL Express (GridQTL) (Seaton et al. 2002). 

Mapping genomic regions on the wheat chromosome that contribute to herbicide 

tolerance, and identifying molecular markers within the QTL support interval is a key step 

in the convenient linkage analysis of biologically or agronomically important trait to 

facilitate marker-assisted selection (MAS), breeding and/or map-based cloning.  

 

2.10 Transcriptome analysis 

Transcriptomic is the study of the transcriptome—the complete set of RNA transcripts that 

are produced by the genome, under specific circumstances or in a specific cell. Comparison 

of transcriptomes allows the identification of genes that are differentially expressed in 

distinct cell populations, or in response to different treatments. Only a decade ago, the study 

of gene expression was reserved to the realm of human medical genetics or genetic model 

systems like the mouse, fruit fly and nematodes. For these systems, microarrays and serial 

analyses of gene expression were the only tools available for examining features of the 

transcriptome and global patterns of gene expression. Gene expression studies were 

restricted to small-scale quantitative PCR analyses of candidate genes or relied on cross-

species hybridisation on microarrays (Naurin et al. 2008).  

With the rapid development of massively parallel sequencing (or next-generation 

sequencing) (Margulies et al. 2005) and the maturation of analytical tools, the situation has 

changed dramatically. In the last few years, functional transcriptomics has progressed with 

the advent of microarray technology and transcriptome sequencing (RNA-Seq). 

Transcriptome profiling provides a resolution that would have been inconceivable some 

years ago. Unlike microarrays, RNA-Seq can evaluate absolute transcript levels of 

sequenced and unsequenced organisms, detect novel transcripts and isoforms, identify 
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previously annotated 5' and 3' cDNA ends, map exon/intron boundaries, reveal sequence 

variations (e.g. SNPs) and splice variants and others (Mutz et al. 2013). 

Conventional breeding of an herbicide-tolerant wheat variety takes about 8–12 

years. Molecular marker-assisted breeding can hasten the breeding cycle significantly. 

Identification of genes that control herbicide tolerance is a prerequisite to the development 

of linked functional molecular markers to facilitate MAS. Comparative transcriptome 

analyses in herbicide-tolerant and susceptible genotypes via high throughput sequencing 

technologies will help to identify key genes, pathways and functional markers. The 

identified key genes may further be targeted to improve PSII efficiency during metribuzin 

stress. The molecular tags/markers that are tightly linked with genes could be used in MAS. 

Further, metribuzin tolerance may be enhanced in elite germplasm many-fold by 

introgressing genes involved in herbicide tolerance in a crop variety improvement 

programme. 

 

2.11 Conclusion 

Weed control in wheat (Triticum aestivum) is an important aspect of crop management, 

particularly in dry-land farming. Weed pressure in wheat negatively affects tillering and 

plant growth and thereby reduces crop yield. It is increasingly difficult to develop a new 

herbicide and even more difficult to discover one with a novel mode of action. Expanding 

the efficient use of existing herbicides with broad weed-control spectrum and a sustainable 

environmental profile through genetically enhanced herbicide tolerance of the crops is a 

useful strategy for improved farming practice. Higher crop tolerance at seedling stage will 

play a pivotal role in controlling herbicide damage and is advantageous to wheat industry 

to maximize crop yield.  

Integrated weed management (IWM) is a system for managing weeds over the long 

term, combining herbicide and non-herbicide methods into an integrated control program. 

Herbicide tolerant crops are an important part of weed control component in chemical 

measure that can be combined with preventive, cultural, mechanical, and chemical 

measures as a part of an integrated weed management (IWM) strategy. The use of 

herbicide-tolerant crops will assist in integrated weed management and sustainable 

farming.
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Chapter 3. 

Identification of new metribuzin-tolerant wheat (Triticum spp.) genotypes 

 

3.1 Abstract 

Herbicide-tolerant wheats are preferred for effective weed management. Rapid 

phenotyping and effective differential dose are vital for the identification of tolerant 

genotypes among large quantities of genetic resources. A sand-tray system has been 

developed to enable rapid assessment of metribuzin damage in wheat seedlings. In total, 

946 wheat genotypes were evaluated for metribuzin tolerance by using this system under 

control and metribuzin-treated conditions. SPAD chlorophyll content index (CCI) offered 

a non-destructive and rapid analysis of leaf chlorophyll content in wheat seedlings. The 

application rate for 50% reduction in SPAD CCI (I50) was 3.2-fold higher in the current 

tolerant genotype (Eagle Rock) than the susceptible genotype Spear. A confirmed dose of 

800 g a.i. ha–1 could differentiate between metribuzin-tolerant and -susceptible lines. The 

experimental design with two-directional blocking followed by statistical analysis to model 

the spatial variation was instrumental in selecting potential tolerant or susceptible 

genotypes. Metribuzin reduced chlorophyll by 51.4% in treated seedlings. The overall 

adjusted mean SPAD CCI ranged from 13.5 to 42.7 for control (untreated) plants and from 

0.1 to 29.9 for treated plants. Through repeated validation, nine genotypes had higher 

chlorophyll content after metribuzin treatment and significantly (P < 0.05) outperformed 

the tolerant Eagle Rock, whereas 18 genotypes had significantly (P < 0.05) higher 

chlorophyll reduction than the susceptible Spear. The top five tolerant and susceptible 

genotypes were selected for a genetic study of metribuzin tolerance. Domesticated forms 

of tetraploid and hexaploid wheats had higher tolerance to metribuzin, which suggests that 

the level of domestication and higher ploidy level contributes to metribuzin tolerance. The 

new sources of tolerance will accelerate breeding for metribuzin tolerance. 

 

3.2 Background 

Wheat (Triticum spp.) is a major food source worldwide. Weed infestation is a major yield-

reducing factor (up to 50%) in wheat (Kleemann and Gill 2009); therefore, weed control is 

economically vital for sustainable food production. Chemical weed control has been 

accepted for large-scale agricultural production systems (Zhang et al. 2009a; Liu et al. 

2011). Metribuzin (C8H14N4OS), a photosynthetic-inhibiting herbicide, is versatile and 
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highly effective for weed management, and is widely used in dryland farming systems in 

Australia to control a range of weeds (Si et al. 2011). Apart from its weed-control efficacy, 

tolerance of the wheat crop under the influence of this herbicide is equally important for 

maximum crop production (Jin et al. 2010). Previous studies have identified some tolerant 

cultivars such as Eagle Rock, Kite and Blade (Kleemann and Gill 2007). However, the 

narrow safety margin and lack of selectivity in wheat limit the herbicide’s wider use. 

Identification of new sources of metribuzin tolerance in wheat will improve weed-

management efficiency. 

Phenotypic assessments offer a reliable tool for evaluating metribuzin tolerance 

(Verma et al. 2004; Monneveux et al. 2005; Razavi et al. 2008). Frequently studied traits 

related to herbicide tolerance include seedling density, grain yield, leaf area and shoot dry 

matter (Kleemann and Gill 2007), survival rate (Neve and Powles 2005; Si et al. 2006), and 

leaf damage and plant height (Si et al. 2006). Metribuzin inhibits photosynthetic activity 

by binding its target site, the D1 protein of photosystem II. Traditional methods of 

extracting chlorophyll from leaves by chemical solvents are laborious, time-consuming and 

destructive. The Minolta SPAD-502 chlorophyll meter (Konica Minolta, Tokyo) offers a 

non-destructive and rapid analysis of foliar chlorophyll concentration (Singh et al. 2002; 

Hamblin et al. 2014). SPAD readings have been correlated with grain and protein yields in 

winter wheat and spring barley (Spaner et al. 2005). 

Screening a large number of genotypes in fully replicated trials has been a challenge 

because it requires a large area and many seeds for testing. Superior, partially replicated (or 

‘p-rep’) designs by Cullis et al. (2006) have become popular in recent years, whereby some 

of the test lines along with the check varieties (standard lines) are replicated, with the 

remainder of lines having only single plots. The use of p-rep design followed by spatial 

analysis results in predictions that are more accurate and, consequently, a better response 

to selection (Clarke and Stefanova 2011). In order to obtain potential tolerant lines for 

herbicide-tolerance breeding, it is vital to determine a differential herbicide dose and screen 

a large number of genotypes with greater accuracy. Therefore, this research was undertaken 

to (i) develop a rapid phenotypic screen for metribuzin tolerance and identify differential 

dose range; (ii) screen a large number of genotypes (946) to identify tolerant genotypes for 

genetic studies and molecular breeding; and (iii) assess the diversity of metribuzin response 

in wheat and its relationship with the level of domestication, origin and ploidy levels. 
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3.3 Methods 

3.3.1 Genotypes 

Eagle Rock and Spear, previously confirmed as tolerant and susceptible to metribuzin, 

respectively (Kleemann and Gill 2007), were used in the dose–response studies. Metribuzin 

response was assessed in 946 wheat genotypes including bread and durum wheats and some 

wild relatives or landraces from six continents (Asia, Australia, Europe, Africa, North 

America and South America) (see Supplementary Materials table 1, available at Crop and 

Pasture Science journal’s website under title ‘Identification of new metribuzin-tolerant 

wheat (Triticum spp.) genotypes’. This study included six replicated checks: two tolerant 

genotypes (Eagle Rock and Blade) and two susceptible genotypes (Spear and Dagger) 

(Australian Winter Cereals Collection), and two recently released cultivars (Impress and 

Harper; InterGrain, Perth, W. Aust.). 

 

3.3.2 Discriminating dose 

A dose–mortality response experiment with pre-emergent application was conducted with 

Eagle Rock (tolerant) and Spear (susceptible), to determine dose–response parameters such 

as the I50 value, which is the application rate for 50% reduction in SPAD chlorophyll 

content index (CCI) (CCI is the ratio of % transmittance at 931 nm to % transmittance at 

653 nm which is proportional to the relative amount of chlorophyll in leaf), and the LD50 

value, which is the application rate that kills 50% of the plants. Seven seeds per pot were 

sown 4 cm apart at 15 mm depth in 1-L pots under weed-free conditions and 60% moisture. 

To identify a suitable dose for differentiation of wheat genotypes, metribuzin rates were 

chosen on a logarithmic scale (0, 100, 200, 400, 800, 1600, 3200 and 6400 g a.i. ha–1). The 

herbicide was sprayed via a twin flat-fan nozzle perpendicular to the direction of sowing in 

two passes at 200 kPa in a cabinet spray chamber calibrated to deliver 118 L water ha–1. 

The sprayed pots were maintained in the glasshouse with light intensity ranging from 400 

to 600 µmol m–2 s–1 for growth. Each cultivar × herbicide treatment was replicated three 

times, and the treatments were randomised within each replication to minimise the effects 

of environmental heterogeneity. Following herbicide application, plants were returned to 

the glasshouse and were watered every 24 h to ensure that moisture was non-limiting. At 

20 days after treatment (DAT), SPAD CCI was determined from two fully unfolded leaves 

and expressed as a percentage of the mean untreated control. Plants were scored as ‘dead’ 
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or ‘alive’ and the percentage survival rate was determined for all rates and expressed as a 

percentage of the mean untreated control. 

 

3.3.3 Metribuzin tolerance screening 

A sand-tray system was designed to screen metribuzin tolerance in a large number of 

genotypes and to maintain uniform conditions throughout the experiment. Seedling trays 

(25 cm by 25 cm by 6 cm) with 36 uniform cells (six rows by six columns) filled with 

homogenous river sand (83 g sand per cell) were placed in a larger, sealed rectangular tray 

(33 cm by 27 cm by 6 cm) (Fig 3.1). Uniform wells of 8 mm were created at the centre of 

all 36 cells. Seeds were sown in wells under 100% tray capacity of water. Treatment trays 

were sprayed with the differential metribuzin dose (800 g a.i. ha––1) as identified in Expt 1, 

and control trays were sprayed with water, perpendicular to the tray surface in two passes 

at a flowrate of 118 L ha–1 and 200 kPa pressure in a cabinet spray chamber. The trays were 

placed in a cooled glasshouse (daily maximum temperature 20 ± 5°C) and watering was 

resumed 48 h after spraying. A fixed volume of water making up 60% tray capacity was 

delivered to a sealed bottom tray to maintain uniform moisture in all cells of the tray, and 

the loss of water in the sealed tray was replenished every two days by measuring the water 

level in each tray. 

 

Fig 3.1 Sand-tray system for screening a large number of genotypes; seedling tray was 

placed within the larger, sealed bottom tray and water was dispensed into the larger tray. 

By virtue of capillary force, water raised into the cells of the seedling tray maintaining 

uniform moisture. 
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The initial screening involved four batches, each designed as p-rep trials (Cullis et al. 2006) 

with two-dimensional blocking. The DiGGeR program (Coombes 2009) was used to 

generate the design. Plots were single plants in 6 × 6 seedling trays, spaced 4 cm apart in 

rows and columns from the centre of each cell. In total, 946 genotypes were tested for 

metribuzin tolerance including six checks common across all batches. Each batch was a 

rectangular array of plots with 12 columns by 48 rows, comprising 235 entries and six 

replicated checks. There were two blocks within each batch, and each block contained eight 

trays with six columns by 48 rows. Treatment and control trays were randomised across 

two blocks. Each batch had 200 genotypes replicated once, 35 genotypes replicated twice, 

and six checks replicated thrice. The batches were established on different days starting 

from early September through to December 2015 in a glasshouse at The University of 

Western Australia. Phytotoxic effects of metribuzin in wheat seedlings were assessed by 

recording SPAD CCI at 16 DAT. The difference in the model-predicted CCI values for 

control and treated plants represented relative CCI measures, with low relative CCIs 

representing a lower loss of chlorophyll and greater metribuzin tolerance. High relative 

CCIs represented a higher loss of chlorophyll and greater susceptibility. The selection of 

tolerant and susceptible genotypes was based on predicted relative CCI measures. 

The predicted relative SPAD CCI values obtained from the initial screening 

(batches 1–4) were ranked. The top 25 and bottom 25 ranked genotypes represented the 

most tolerant and susceptible genotypes, respectively, and were selected for validation. The 

validation experiment was a two-directional, fully replicated design with four replicates. 

The rectangular array of plots consisted of 12 columns by 36 rows. Fifty selected genotypes 

and checks were sown in their respective cells under 100% tray capacity. The pre-emergent 

metribuzin rate (800 g a.i. ha––1) and water were sprayed perpendicular to the treatment and 

control trays, respectively. The sprayed trays were maintained in the phytotron where the 

temperature was set to 25°C (day)–15°C (night). The watering regime and phytotoxic 

assessments followed the conditions above. 

 

3.3.4 Data analyses 

Survival data from the dose–mortality response experiment were analysed by probit 

analysis to determine LD50 values (metribuzin dose that causes 50% population mortality). 

Values for percentage survival were converted to probits: 

𝑦 = 𝑎𝑙𝑜𝑔(𝑑𝑜𝑠𝑒) + 𝑏                                                           (1)                       
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The probit function was fitted to the transformed data (GENSTAT 17th Edition; VSN 

International, Hemel Hempstead, UK), where a and b are the slope and the intercept, 

respectively. SPAD CCI data were expressed as a percentage of the mean untreated control 

and fitted to the four-parameter log-logistic curve (SIGMAPLOT version 13.0) according 

to Seefeldt et al. (1995): 

                                                       𝑦 = 𝐶 +
𝐷−𝐶

1+exp [𝑏(log(𝑥)−log (𝐼50))]
                                             (2)                                                                   

where y is SPAD CCI (% of mean untreated control), C is the lower limit of the response, 

D is the upper limit of the response, x is the dose, I50 is the dose giving 50% response and 

b is the slope. 

All statistical models for large-scale screening and validation were fitted using 

GENSTAT 17th Edition and ASReml-R 3.0 (Butler et al. 2009). Spatial variation in SPAD 

CCI was assessed following the mixed model approach described by Stefanova et al. 

(2009), which facilitates joint modelling of blocking and treatment structure. Linear mixed 

models were fitted using genotypes × treatment as fixed terms and some spatial components 

as random or fixed terms. The modelling process began by fitting a first-order separable 

autoregressive residual model (AR1 × AR1) to identify the presence of local trends along 

rows and columns; the model was then revised to include significant linear trend and/or 

random range or row effects. Residual plots, sample variograms, row and column faces of 

the empirical variogram, and REML (restricted maximum likelihood) ratio tests were used 

in the modelling process to check the accuracy of the model and select the best model that 

describes the data. 

 

3.4 Results 

 

3.4.1 Differential dose for tolerant Eagle Rock and susceptible Spear 

Eagle Rock and Spear differed in dose–response parameters (I50 and LD50) (Table 3.1, Fig 

3.2 and Fig 3.3). The estimated I50 values for Eagle Rock and Spear were 733.4 and 227.1 

g a.i. ha–1, respectively, representing a 3.2-fold increase for Eagle Rock compared with 

Spear. The rate of metribuzin that killed 50% of the Eagle Rock population was 1528.6 g 

a.i. ha–1, which was significantly higher (P < 0.05) than for the sensitive Spear (379.4 g a.i. 

ha–1). 
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Fig 3.2 Response of Eagle Rock (T) and Spear (S) to eight rates of metribuzin (0, 100, 200, 

400, 800, 1600, 3200 and 6400 g a.i. ha–1), 16 days after treatment. 

 

Table 3.1 Estimates and standard errors (in parentheses) for dose–response parameters 

(application rate for 50% reduction in SPAD chlorophyll content index, I50; application rate 

that kills 50% of plants, LD50) for Eagle Rock and Spear treated with a range of pre-

emergent metribuzin doses 

Cultivar I50 LD50 

Eagle Rock 733.4 (146.6) 1528.6 (351.7) 

Spear 227.1 (19.7) 379.4 (131.5) 

 

 

 

Fig 3.3 Dose–response curves for tolerant Eagle Rock (- - -, ▲) and susceptible Spear 

(—, ●) exposed to various metribuzin doses: (a) SPAD chlorophyll content index (CCI); 
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(b) survival rate. All parameters were measured 20 days after treatment. Each data point is 

expressed as a percentage of the treatment response in relation to the untreated control. 

 

3.4.2 Initial screening 

The overall chlorophyll declined by 51.4% because of the phytotoxic effects of metribuzin. 

Analysis of variance did not show any significant differences among the six check varieties 

under the control condition. However, when treated with metribuzin, Eagle Rock had 

greater tolerance, with significantly lower (P < 0.05) chlorophyll decline than Spear. The 

overall chlorophyll decline in the initial screening was least for Eagle Rock (7.0 CCI units) 

followed by Harper (7.4), Impress (9.6), Blade (10.2), Dagger (10.9) and Spear (17.4). 

Therefore, Eagle Rock and Spear were used as the tolerant and susceptible checks, 

respectively, to compare and select tolerant and susceptible accessions from the screening. 

The interaction effect of genotype × treatment was highly significant (P < 0.001) for all 

batches. Overall adjusted SPAD CCI mean values ranged from 13.5 to 42.7 for the control 

plants and from 0.1 to 29.9 for the metribuzin-treated plants (Table 3.2). Of the 946 

genotypes, 88 were more tolerant than Eagle Rock and 151 were more susceptible than 

Spear. 

 

Table 3.2 Summary of the adjusted SPAD chlorophyll content indices for all 946 

genotypes under control and metribuzin-treatment conditions 

Item Control Treatment 

Mean 28.8 15 

Minimum 13.5 0.1 

Maximum 42.7 29.9 

Tolerant check cv. Eagle Rock 28 21 

Tolerant check cv. Blade 29.7 19.5 

Susceptible check cv. Spear 30.6 13.2 

Susceptible check cv. Dagger 25.6 14.7 

Check cv. Impress 30.4 20.8 

Check cv. Harper 29.8 22.4 

No. of genotypes better than tolerant check 

Eagle Rock 
88 

No. of genotypes worse than susceptible check 

Spear 
151 
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3.4.3 New sources of tolerance and susceptibility 

Validation was conducted on 50 selected tolerant and susceptible genotypes following the 

initial screening. For the selected susceptible genotypes, chlorophyll content significantly 

differed (P < 0.01) between the control and treated plants, whereas the treated seedlings of 

tolerant genotypes had no significant chlorophyll decline. The mean predicted values for 

tolerant Eagle Rock and susceptible Spear were compared with these 50 genotypes to select 

the most tolerant and susceptible genotypes. Nine genotypes had smaller chlorophyll 

decline (3.1–11.4 CCI) than Eagle Rock (14.5 CCI) and significantly outperformed (P < 

0.05) the tolerant Eagle Rock. Eighteen genotypes had significantly larger (P < 0.05) 

chlorophyll decline (31.8–35.3 CCI) than the sensitive Spear (25.1 CCI) (Fig 3.4). 

Genotypes Fundulea 490, China Sh 126, Chuan Mai 25, Changvei 20 and Odesskaja 

showed the highest metribuzin tolerance, and AUS 6106, Armenia 9, H 1594, Turkey 1558 

and Ritchie showed the lowest tolerance (i.e. highest susceptibility). 

 

Fig 3.4 Validation of selected 50 wheat genotypes with SPAD chlorophyll content index 

(adjusted) values. Arrows indicate tolerant (Eagle Rock) and susceptible (Spear) checks 
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used to make selections of the most tolerant or susceptible genotypes for the genetic study 

of metribuzin tolerance. SED, Standard error of differences for interaction term (genotype 

× treatment). 

 

3.4.4 Differences in CCI based on continent of origin 

The combined SPAD CCI means of genotypes for the continents were compared under 

both control and herbicide-treated conditions (Fig 3.5a). The Australian and African 

genotypes had higher overall CCIs in the control condition than genotypes from other 

continents. When treated with metribuzin, the Asian genotypes had significantly more (P 

< 0.05) metribuzin damage, with a 51% reduction in chlorophyll compared with the 

genotypes from other continents (Australia, Africa, Europe, North and South America), 

which ranged from 42% to 44%. Of the nine tolerant and 18 susceptible genotypes 

evaluated from the validation experiment, six tolerant and nine susceptible genotypes were 

from Asia, followed by Europe and North America (Fig 3.5b). No metribuzin-tolerant 

sources were identified from Australia, Africa or South America. 

 

Fig 3.5 Diversity of metribuzin response across six continents: (a) average SPAD 

chlorophyll content index (adjusted) for control and metribuzin treated plants. (b) the 

spread of top nine tolerant and 18 susceptible genotypes from the validation experiment. 
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The highlighted genotypes in the graph are the top five most tolerant and most susceptible 

genotypes identified from the validation experiment. 

 

3.4.5 Differences in CCI based on ploidy levels 

The combined SPAD CCI means of genotypes among the different ploidy levels, and wild 

and domesticated forms, were comparable in the controls. Differences were more 

pronounced when treated with metribuzin (Fig 3.6). Generally, the domesticated forms of 

wheat had better metribuzin tolerance than the wild forms. Domesticated forms of 

hexaploid wheat (T. aestivum and T. spelta) and tetraploid wheat (T. durum) had the 

smallest chlorophyll reductions of 48.5% and 42.2%, respectively. The wild forms of 

tetraploid wheat (T. timopheevii subsp. araraticum and T. turgidum subsp. dicoccoides) 

and diploid wheat (T. monococcum subsp. boeticum and T. urartu) had the largest 

chlorophyll reductions of 52.6% and 67.8%, respectively. Chlorophyll reductions for the 

hybrid wheat were comparable (46.0%) to reductions for domesticated hexaploid and 

tetraploid forms. Common or bread wheat was the most represented of the tested wheat 

genotypes, and all of the identified sources of tolerance and susceptibility were hexaploid 

wheats except for the susceptible genotype Armadillo 135, which is a synthetic tetraploid 

wheat. 

 

Fig 3.6 The average SPAD chlorophyll content index (CCI, adjusted) among different 

ploidy levels and levels of domestication under the control and metribuzin-treatment 

conditions. 
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3.5 Discussion 

The sand-tray system and pre-emergent application allowed for rapid assessment of 

metribuzin effects in a large number of genotypes. In total, 946 genotypes with diverse 

genetic backgrounds were evaluated for metribuzin tolerance, and several accessions with 

higher metribuzin tolerances and susceptibilities than the present sources were identified. 

The identified genotypes are suitable materials for genetic studies and for breeding of 

metribuzin tolerance. Sand is the preferred growth medium because metribuzin has a 

binding affinity to organic matter and clay (Koepke-Hill et al. 2011) present in potting 

mixture. The use of sand as a growth media not only allowed free availability of metribuzin 

in the rooting zone for plant uptake but also eliminated inconsistencies in plant responses 

caused by heterogeneous potting mixture. The check cultivars used for screening had 

consistent and reliable chlorophyll measures in all of the screening batches, reflecting the 

reliability and adequacy of the sand-tray system to screen a large number of wheat 

genotypes. Plants absorb metribuzin mostly through the roots and partly by contact 

(Koepke-Hill et al. 2011); pre-application of the herbicide ensures the presence of 

metribuzin in the crop root-zone. The emanating roots capture and deliver metribuzin to its 

target site (the D1 protein of photosystem II), causing photo-inhibition (Zhang and Zhou 

2013). Varietal differences in metribuzin tolerance could then be explored by measuring 

chlorophyll content in control and metribuzin-treated seedlings with a SPAD meter. The 

relatively simple estimation of chlorophyll content is an efficient and effective method for 

ranking genotypes into three distinct phenotypic classes: tolerant, moderately tolerant and 

susceptible. 

Differential dose, which distinguishes tolerant and susceptible wheat lines, was 

analysed by dose–response parameters (I50 and LD50). The area within the Eagle Rock and 

Spear response curves from the plot of SPAD CCI or percentage survival v. metribuzin 

dose (Fig 3.3a, b) represents the differential dose window; the wider the window, the 

greater the difference in tolerance level, and the dose corresponding to the maximum 

difference lies between 400 and 1600 g a.i. ha–1. Generally, the continuous response 

variable represents the most accurate estimate of plant sensitivity in plant herbicide studies 

(Seefeldt et al. 1995). The I50 value obtained from the SPAD meter represented a 

continuous response variable and provided a rapid measure of metribuzin damage in wheat. 
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Spatial analysis and row–column design are effective for analysing a large number 

of genotypes. The linear mixed models used in the analysis not only accounted for the 

design but also allowed identification of the sources of spatial variation in the glasshouse. 

The latter was partitioned into three components (Stefanova et al. 2009); global trend, local 

(natural) trend and extraneous variation. The last two components were not present in this 

experiment. Typically for any glasshouse experiment, the global variation component is 

present and is usually caused by ventilation and lighting. Higher temperatures at certain 

points accelerated the photo-inhibition effects of metribuzin in wheat. This could be due to 

an increase in transpiration rates, elevating the rates of transport of metribuzin to leaf 

tissues. Another significant aspect suggested by (Buman et al. 1992) is that the increased 

temperature accelerates phytotoxicity due to increased inhibition of oxygen evolution in 

thylakoids, caused by photosynthetic inhibition in cells. The global variation caused by the 

temperature variation across the experimental setup was incorporated by linear mixed 

models to predict test lines accurately. Together, the optimal design and advanced statistical 

models improved the selection of potential genotypes for breeding. 

The phenotypic variation in relative chlorophyll content of wheat genotypes from 

six continents provides a selection basis for crop improvement in terms of metribuzin 

tolerance. The most tolerant (Fundulea 490) and susceptible (Ritchie) genotypes came from 

Europe. Contrary to our belief, no significant tolerant source came from Australia (Fig 

3.4b). However, sample sizes varied between continents, so it is difficult to make valid 

comparisons between continents. Phenotypic variation would have occurred through 

changes to the site of action, the D1 protein in the chloroplast, as a result of point mutation 

to the psbA gene at several sites leading to amino acid substitutions in the D-1 protein 

product that prevents herbicide binding within the chloroplast (Devine et al. 1993; Powles 

and Yu 2010). Alternatively, herbicide tolerance can be attributed to higher rates of 

metabolism (Villarroya et al. 2000b; Pan et al. 2012). These non-target herbicide 

resistances can usually be caused by a plant detoxification process in four gene families: 

P450s, GSTs, glycosyltransferases and ABC transporters (Simoneaux and Gould 2008). 

Domesticated hexaploid and tetraploid wheat showed greater metribuzin tolerance, 

which suggests that level of domestication and higher ploidy level contribute to metribuzin 

tolerance (Fig 3.5). Considering that modern plant genomes harbour a complex history of 

polyploidisation, herbicide tolerance would have occurred as a result of multiple 

hybridisations (allopolyploidy) and gene duplications. The hybridisation of two or more 

genomes increases allelic diversity, which provides a genetic buffer to express novel 
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phenotypes and is helpful for stress tolerance (Udall and Wendel 2006). Ayalew et al. 

(2015) observed a similar trend of longer roots and better growth in wheat with higher 

ploidy levels under stress conditions. All polyploid wheats inherited their AA genome from 

the same progenitor, T. urartu (Au) (Goncharov et al. 2009; Goncharov 2011) and their BB 

genome from an unknown species. AABB tetraploids arose less than half a million years 

ago (Dvorak et al. 2006). Hexaploid bread wheat originated from hybridisation between 

cultivated tetraploid emmer wheat (BuAu, T. turgidum subsp. dicoccoides) and diploid goat 

grass (D, Aegilops tauschii) ~8000 years ago. This provides the background to compare the 

effect of genomes for metribuzin tolerance. The wild diploid T. monococcum subsp. 

boeticum (Am) and T. urartu (Au) and wild tetraploid T. timopheevii subsp. araraticum 

(GAm) and T. turgidum subsp. dicoccoides (BAu) had larger chlorophyll reductions and 

lower metribuzin tolerance, which suggests that the AA genome may not contribute to 

metribuzin tolerance. Domesticated tetraploid wheat, T. durum (BAu), and hexaploid 

wheat, T. aestivum (BAuD), had smaller chlorophyll reductions and higher tolerances, 

which suggests that the BB and DD genomes do contribute to metribuzin tolerance. 

In conclusion, data from this study showed the existence of quantitative phenotypic 

variation for metribuzin tolerance in wheat. Non-destructive chlorophyll measurement 

using a SPAD meter was a rapid and reliable tool for assessing metribuzin injury in wheat 

seedlings. The identified sources of genetic variability in the early growing stages will 

eventually accelerate breeding for metribuzin tolerance. The sand-tray system was a 

convenient system for phenotyping phytotoxic effects of metribuzin. Two-dimensional 

row–column design and spatial analysis were effective for selecting potential metribuzin-

tolerant and -susceptible sources from a large number of genotypes. A clear understanding 

of the genetics and mechanism of metribuzin tolerance is vital for breeding metribuzin 

tolerance and developing new wheat cultivars with a wide safety margin. Further, these 

studies will enhance our understanding of plant enzymes and genes as well as the metabolic 

regulation of various plant pathways.
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Chapter 4. 

Identification and validation of QTL and their associated genes for pre-emergent 

metribuzin tolerance in hexaploid wheat (Triticum aestivum L.) 

4.1 Abstract 

Background: Herbicide tolerance is an important trait that allows effective weed 

management in wheat crops. Genetic knowledge of metribuzin tolerance in wheat is needed 

to develop new cultivars for the industry. Here, we evaluated metribuzin tolerance in a 

recombinant inbred line (RIL) mapping population derived from Synthetic W7984 and 

Opata 85 over two consecutive years to identify quantitative trait loci (QTL) contributing 

to the trait. Herbicide tolerance was measured by two chlorophyll traits, SPAD chlorophyll 

content index (CCI) and visual senescence score (SNS). The markers associated with major 

QTL from Synthetic W7984, positively contributing to reduced phytotoxic effects under 

herbicide treatment were validated in two F3/4 recombinant inbred populations developed 

from crosses of Synthetic W7984 × Westonia and Synthetic W7984 × Lang. 

Results: Composite interval mapping (CIM) identified four QTL, two on chromosome 4A 

and one each on chromosomes 2D and 1A. The chromosomal position of the two QTL 

mapped on 4A within 10 cM intervals was refined and validated by multiple interval 

mapping (MIM). The major QTL affecting both measures of tolerance jointly explained 

42% and 45% of the phenotypic variation by percentage CCI reduction and SNS, 

respectively. The identified QTL have a pure additive effect. The metribuzin tolerant allele 

of markers, Xgwm33 and Xbarc343, conferred lower phytotoxicity and explained the 

maximum phenotypic variation of 28.8% and 24.5%, respectively. The approximate 

physical localization of the QTL revealed the presence of five candidate genes (ribulose-

bisphosphate carboxylase, oxidoreductase (rbcS), glycosyltransferase, serine/threonine-

specific protein kinase and phosphotransferase) with a direct role in photosynthesis and/or 

metabolic detoxification pathways. 

Conclusion: Metribuzin causes photo-inhibition by interrupting electron flow in PSII. 

Consequently, chlorophyll traits enabled the measure of high proportion of genetic 

variability in the mapping population. The validated molecular markers associated with 

metribuzin tolerance mediating QTL may be used in marker-assisted breeding to select 

metribuzin tolerant lines. Alternatively, validated favourable alleles could be introgressed 

into elite wheat cultivars to enhance metribuzin tolerance and improve grain yield in 

dryland farming for sustainable wheat production. 
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4.2 Background 

Infestation of broad-spectrum weeds in dry-land farming is a major yield-reducing factor 

(up to 50%) in wheat (Kleemann and Gill 2009). Metribuzin [4-amino-6-(1,1-

dimethylethy1)-3-(methylthio)-1,2,4-triazin-5-(4H)-one], a triazine herbicide (group C), is 

a versatile herbicide that controls a wide range of weeds in dry-land farming systems 

(Kleemann and Gill 2009; Si et al. 2011) and is registered for use in some wheat cultivars. 

However, most wheat cultivars lack selectivity to metribuzin due to narrow safety margins 

that result in crop damage. New herbicide-tolerant wheat cultivars are advantageous in the 

wheat industry to enhance crop protection against herbicide damage and maximize crop 

yield. A detailed understanding of the genetics and mechanisms of metribuzin tolerance is 

helpful for selection of superior wheat germplasm in breeding programs. Genetic control 

of metribuzin tolerance has been loosely investigated, and the genetic basis of inheritance 

and molecular mechanism of metribuzin tolerance in wheat is poorly understood. 

Herbicide tolerance is a complex trait that could be a function of both alterations to 

the site of action (target-site resistance) and metabolic detoxification (non-target-site 

resistance) before reaching the target site (Dinelli et al. 2006). Previous studies have 

revealed different modes of genetic control for metribuzin tolerance in crop plants. Ratliff 

et al. (1991) reported the role of both nuclear and cytoplasmic genes in metribuzin tolerance 

in wheat. Villarroya et al. (2000a) reported that the inheritance of tolerance to metribuzin 

in durum wheat (T. turgidum L.) is a complex character involving many genes or 

quantitative trait loci (QTL). In contrast, for soybean, metribuzin tolerance is controlled by 

a single dominant gene (Kilen and He 1992). Further, in narrow-leafed lupin (Lupinus 

angustifolius L.), Si et al. (2009) reported two independent semi-dominant gene loci (Mt3 

and Mt5) having additive effects. Sequence analysis of the chloroplast DNA-encoded psbA 

gene and further studies based on the effect of inhibitors of cytochrome 450 

monooxygenases suggested that non-target-site detoxification mechanisms may be 

responsible for the metribuzin tolerance phenotype. Likewise, Javid et al. (2017) reported 

QTL for metribuzin tolerance in field pea, based on symptom scores and plant damage on 

a single genomic region located on linkage group IV. The gene (cytochrome P450 

monooxygenase) underlying the QTL support range suggested herbicide tolerance based 

on non-target-site metabolism. 

Metribuzin acts on photosystem II, ultimately inhibiting photosynthesis. The 

decline in net photosynthetic rate often reduces both chlorophyll and soluble-protein levels 

(Avenson et al. 2005). We reported phenotyping chlorophyll measures in wheat to assess 
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phytotoxicity of metribuzin at the seedling stage in a previous study (Bhoite et al. 2017). 

Chlorophyll measures correlated with grain and protein yields in winter wheat and spring 

barley (Spaner et al. 2005; Zhang et al. 2009b). Rapid phenotyping techniques for 

measuring direct herbicide effects coupled with improved understanding of the genetics of 

such traits would speed up marker-assisted selection for herbicide tolerance breeding in 

wheat. 

The international Triticeae mapping initiative (ITMI) mapping population with its 

high-density linkage map is expected to find QTL flanked by closely linked markers that 

can be readily used in breeding programs (Tanksley 1993). However, the plant breeding 

community recognizes that these putative QTL need to be validated across various genetic 

backgrounds before embarking upon marker-assisted selection. As a result, in this study we 

(a) evaluated for metribuzin phytotoxicity in ITMI mapping population derived from a 

cross between Synthetic W7984 and Opata 85 over two years, (b) identified QTL associated 

with metribuzin tolerance in the same population, (c) confirmed and validated for its 

genetic effect in genetic backgrounds other than the mapping population for their 

applicability in MAS, and (d) identified the putative candidate genes influencing 

metribuzin tolerance. The discovery of QTL will enhance the understanding of the intricate 

genetic basis of phenotype variance. These findings will provide new insights for 

improving wheat yields in breeding programs.   

 

4.3 Methods 

4.3.1 Genetic stocks 

One hundred and eleven recombinant inbred lines (RILs) (F8 generation) from the 

international Triticeae mapping initiative (ITMI) mapping population derived from a cross 

between Synthetic W7984 (Triticum turgidum cv. Altar84/Aegilops tauschii Coss. line WPI 

219) and Mexican spring wheat cultivar Opata 85 (Song et al. 2005) were used to identify 

QTL/genomic regions responsible for metribuzin tolerance. Following the identification 

and mapping of QTL, crosses between Synthetic W7984 as the common parent and two 

other genotypes (Westonia and Lang) were used to validate the phenotypic effect of these 

QTL in other genetic backgrounds. These two F3.4 RIL populations (Synthetic W7984 × 

Westonia and Synthetic W7984 × Lang) were evaluated for one year to validate the QTL 

identified in the mapping population. SSR markers in close vicinity to the QTL were used 

to genotype 24 RILs from the crosses mentioned above. 
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4.3.2 Experimental design and herbicide treatment 

Package DiGGeR (Coombes 2009) was used to generate a row–column design with two 

blocks. A seedling tray (Rite-Gro) with 6 × 5 cells filled with homogenous river sand was 

equilibrated with water to 100% capacity. One seed/per cell was sown. Treatment and 

control trays were sprayed with a differential metribuzin dose of 400 g a.i. ha–1, dose which 

differentiates tolerant and susceptible lines as identified in the previous study (Bhoite et al. 

2017), and water, respectively, perpendicular to the tray surface in two passes at a flow rate 

of 118 L ha–1 and 200 kPa in a cabinet spray chamber. The trays were maintained in a 

phytotron, where the temperature was set to 25/15°C day/night and watered regularly every 

48 h. 12 treatment and 12 control trays were randomized across two blocks. The mapping 

population was assessed in two independent trials, in 2016 and 2017, with three replicates. 

The same experimental setup and rate of metribuzin were used to evaluate the phytotoxic 

effects of metribuzin in the validation populations. 

 

4.3.3 Phenotypic evaluation 

The phytotoxic effects of metribuzin in wheat seedlings were recorded using a portable 

Minolta SPAD-502 chlorophyll meter (Spectrum Technologies, Inc., Plainfield, IL, U.S.). 

The SPAD chlorophyll content index (CCI) scores were obtained from leaf lamina at 16 

day after treatment (DAT) and the average reading from two fully emerged leaves 

represented the final score. This index is linearly related to chlorophyll concentration 

(Hamblin et al. 2014). The effect of metribuzin was computed as a percentage of CCI 

reduction relative to the control. Lower CCI reduction represents higher tolerance and 

higher CCI reduction represents greater susceptibility. Leaf senescence was visually 

estimated using a scale of 0 (no senescence/phytotoxicity) to 10 (100% senescence/dead), 

16 DAT. This count was defined as the senescence score (SNS), with a low SNS 

representing less loss of chlorophyll and greater tolerance and a high SNS representing 

more loss of chlorophyll and greater susceptibility. Control plants were green and healthy 

with no visual senescence; therefore, senescence was not scored for control plants. 

 

4.3.4 Molecular markers and linkage map 

Molecular marker data and linkage map of the Synthetic W7984 × Opata 85 RIL mapping 

population were accessed from the Grain Genes database (https://wheat.pw.usda.gov/cgi-

bin/GG3/report.cgi?class=mapdata&name=Wheat%2C%20Synthetic%20x%20Opata%2

C%20BARC). The chromosomal location for metribuzin tolerance was mapped by 
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integrating appropriate phenotypic and genotypic/segregating data containing a total of 

1,476 SSR and RFLP markers. The genetic map spanned a length of 3715 cM with a mean 

marker density of 1 cM, distributed across 21 chromosomes of wheat. Markers with ˃70% 

missing data were removed from the dataset. 

 

4.3.5 Quantitative trait loci analysis  

QTL analysis was performed for the trait means using the composite interval mapping 

(CIM) method of WinQTLcart2.5. Based on 1,000 permutations (Churchill and Doerge 

1994), logarithm of odds (LOD) peaks ≥ 3 were used to declare significant QTL for SPAD 

CCI reduction and SNS, respectively, on data combined across two years. The contribution 

rate (R2) was calculated as the percentage of variance explained by each QTL in proportion 

to the total phenotypic variance. QTL were classified as major when the phenotypic 

variance was more than 10% and minor for less than 10% (Collard et al. 2005). A one-LOD 

drop from the peak position was used as a support interval for each QTL location. Flanking 

or tightly linked markers were selected within the QTL support range. QTL with a negative 

additive effect for a trait implies alleles from the tolerant parent increase tolerance by 

decreasing phytotoxicity and positive additive effect mean alleles from the susceptible 

parent increase tolerance by decreasing phytotoxicity.  

Finally, a QTL was declared when the region was mapped with both the CCI 

reduction and SNS scores. This was to protect against type I errors (finding false positive 

QTL) and type II errors (missing real QTL). In cases of multiple QTL detected on the same 

linkage group, inter-locus interaction or epistasis was determined by simultaneous analyses 

of the QTL in a multiple regression model using the multiple interval mapping (MIM) 

method of QTL Cartographer. 

 

4.3.6 Genotyping populations for marker validation 

Genomic DNA was extracted from the leaves of three-week-old seedlings of individual 

plants from the parental lines of Synthetic W7984, Westonia and Lang, and each of the F3:4 

validation lines from Synthetic W7984 × Westonia and Synthetic W7984 × Lang using the 

cetyl trimethyl ammonium bromide (CTAB) method and then suspended in T.E. buffer (pH 

8.0) for storage and analysis. DNA concentration was assessed by Qubit 2.0 fluorometer 

using the Qubit ds DNA Broad Range Assay. The PCR reaction mixture (15 µL) containing 

100 ng template DNA, 20 µM forward and reverse primers each, and 7.5 µL Taq HS mix 

(Bioline, NSW, Australia) was amplified in a thermocycler (BIO-RAD). PCR thermal 
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cycling was programmed at: 95 ˚C for 5 min, 35 cycles of denaturation at 95°C for 30 s, 

annealing at temperature obtained from GrainGenes for individual SSR markers for 30 s, 

elongation at 72°C for 45 s, and final extension at 72°C for 5 min. The primers were 

obtained from Sigma-Aldrich (Sigma-Aldrich Pty Ltd, NSW, Australia). Typically, SSR 

reactions were multiplexed in pairs based on their annealing temperature and amplicon size. 

To minimize background signals, PCR products were diluted with nuclease-free water in a 

1:15 ratio. The diluted amplicons were analyzed by automated capillary electrophoresis 

LabChip® GX instrument from Perkin Elmer. A DNA 5K Perkin-Elmer LabChip® which 

gives resolution from 100–5000 bp, was used to separate the bands with appropriate sizing. 

The microfluidic 5K chip was loaded with gel and marker in the specified containers 

according to the manufacturer’s protocol. PCR plates were centrifuged (5 min, 2000 rpm) 

and placed without caps or adhesive film in the electrophoresis system. The chip was 

primed for 5 min, and PCR samples were injected into the chip’s micro-capillaries 

connected to electrodes. Each sample, mixed automatically with an internal marker, was 

run through these micro-capillaries according to their size and nucleotide composition. The 

DNA fluorescence measurement was recorded as a function of time on an electropherogram 

and the DNA ladder defined the product sizes. Primary data (electropherograms) were then 

converted to virtual gels by the machine software for the analyses. LabChip Reviewer 5 

Software was used to analyze peaks, percent purity and molecular weights. Settings were 

kept constant for all runs to make comparisons within and between runs.  

Phenotypic effects of major QTL alleles detected from Synthetic W7984 were 

estimated in different genetic background using closely linked markers. Recombinant 

inbred lines of two F3.4 RIL populations (Synthetic W7984 × Westonia and Synthetic 

W7984 × Lang) carrying the same QTL alleles were grouped. The mean phenotypic 

performance of genotypes based on the two types of allele combinations (AA and aa) were 

compared using Fisher’s protected least significant difference (LSD) at P = 0.05. The 

phytotoxic effect was computed as the mean SNS of homozygous dominant (AA) relative 

to homozygous recessive (aa) allele.  

 

4.3.7 Statistical analysis 

The phenotypic data analyses were performed using GenStat statistical software 17th 

edition (VSN International 2014). Analysis of variance (ANOVA) was conducted for 

unbalanced design based on the following model: Pij = µ + gi + yj + gyij + Ɛijk, where Pij is 

the observed phenotypic mean; µ is the overall/population mean; gi is the effect due to the 
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ith genotype; yj is the effect due to jth year; Ɛijk is the random error. The adjusted mean was 

further used to calculate the percentage CCI reduction. Variance components and broad-

sense heritability (h2) were estimated from the ANOVA, as in He et al. (2016). Heritability 

was estimated using the formula: h2 = 𝜎𝑔
2/(𝜎𝑔

2 + 𝜎𝑔𝑦
2 /𝑦 + 𝜎𝑒

2/𝑟𝑦) for multiple years where 

𝜎𝑔
2

  is the genetic variance; 𝜎𝑔𝑦
2

 is the variance for genotype by environment interaction; 𝜎𝑒
2 

is the residual variance; y is the number of years and r is the number of replications. The 

estimated genotypic interaction and error variances were calculated as: 

 𝜎𝑔
2 =  

𝑀𝑆𝑔−𝑀𝑆𝑔𝑦

ry
;  𝜎𝑔𝑦

2 =
𝑀𝑆𝑔𝑦−𝑀𝑆𝑒

r
  and  𝜎𝑒

2 = 𝑀𝑆𝑒 

 

4.3.8 Identification of potential candidate genes 

The physical position of the flanking markers was identified in the GrainGenes wheat 

database (https://wheat.pw.usda.gov/cgi-bin/GG3/browse.cgi?class=marker). The QTL 

support range was estimated based on one LOD drop off interval on identified genomic 

regions. The marker sequences within the QTL support range were blasted against the 

Ensembl Plants wheat (http://plants.ensembl.org/Triticum_aestivum/Info/Index) to find the 

Traes numbers of the genes. The Traes numbers were searched in the UniProt in TrEMBL 

(http://www.uniprot.org/?-id+2fYRW1ChXSa+-fun+Pagelibinfo+-info+TREMBL) to 

obtain more information including protein domain, family, molecular and biological 

functions of the potential candidate genes. Only those genes with known function and/or 

related to photosynthesis and metabolic detoxification were counted as potential candidate 

genes. The graphical representations of QTL on linkage groups were drawn by MapChart 

2.2 software (Voorrips 2002). 

 

4.4 Results 

4.4.1 Phenotypic evaluation of the mapping population 

The frequency distribution of the metribuzin reaction of the mapping population was 

approximately normal (Fig 4.1), consistent with the polygenic control of tolerance. A wide 

range of phenotypic variation was present in RILs for both traits under control and 

metribuzin treatment conditions (Additional file 1 and 2, available at BMC Genetics 

journal’s website under title ‘Identification and validation of QTL and their associated 

genes for pre-emergent metribuzin tolerance in hexaploid wheat (Triticum aestivum L.)’. 

With metribuzin, RILs ranged from 0.5 to 37.3 and 1 to 10 using SPAD CCI and SNS, 

respectively. The population means remained higher than those of the parents, indicating 

https://wheat.pw.usda.gov/cgi-bin/GG3/browse.cgi?class=marker
http://www.uniprot.org/?-id+2fYRW1ChXSa+-fun+Pagelibinfo+-info+TREMBL
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transgressive segregations in both directions of parents. The ANOVA of phenotypic data 

from two years (2016 and 2017) indicated that the magnitude of differences was constant 

between years, genotype variance was significant (P ≤ 0.05), and the genotype × year 

interaction effect was insignificant. Therefore, average predicted values of merged two-

year data were used for QTL analysis. The CCI and SNS scores had positive and significant 

(P < 0.05) correlation (data not shown). Moderate to high broad-sense heritability (h2) of 

59.2 and 76.4 was estimated by CCI and SNS, respectively (Table 4.1). 

 

 

Fig 4.1 Phenotypic distribution of percentage chlorophyll content index reduction (a) and 

senescence (b) in Synthetic W7984 × Opata 85 RIL mapping population based on mean 

data measured for two years. S Synthetic, O Opata
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4.4.2 QTL for chlorophyll contents 

CIM using SPAD CCI reduction and SNS detected four co-located QTL, with two on 

chromosome 4A and one each on chromosomes 1A and 2D (Fig 4.2). The LOD scores 

ranged from 3.4 to 5.8 and 3 to 7.3, explaining 10–19% and 8–20% phenotypic variation 

by CCI reduction and SNS, respectively (Table 4.2). Two QTL were located on the long 

chromosome arm of 4A at 52.6 cM and 61.9 cM by CCI reduction and 52.8 cM and 61.9 

cM by SNS. The interval location between two mapped QTL was 9.3 cM and 9.1 cM by 

CCI reduction and SNS, respectively, which is less than 10 cM distance. The position of 

multiple QTL on chromosome 4A was optimized by MIM and the estimated positions with 

main effects are given in Table 4.3. The QTL detected at position 52.6 cM and 52.8 cM 

contributed to large phenotypic variation with significant additive effect by CCI reduction 

and SNS, respectively. However, the QTL at position 61.9 cM, had decreased additive 

effect below the threshold value and therefore was excluded from the MIM model. 

 

4.4.3 QTL effect confirmation and marker validation 

In this study, two major QTL (Qsns.uwa.1AS and Qsns.uwa.4AL.1) from Synthetic W7984 

were validated in different genetic backgrounds. The physical position of the surrounding 

markers seemed to overlap for co-located QTL by CCI reduction and SNS (Table 4.2). For 

the QTL on chromosome 1A, the closest flanking marker is Xgwm33, 4 cM away from peak 

QTL location. Xgwm33 has greater additive effect and therefore was used to validate the 

QTL effect. For QTL on the long arm of chromosome 4A, the peak marker, Xbarc343, with 

greater additive effect was used to validate the QTL effect. The parental lines of two 

populations, Synthetic W7984 × Westonia and Synthetic W7984 × Lang were polymorphic 

for both Xgwm33 and Xbarc343. Synthetic W7984 had a null band for Xgwm33 and the 

absence of marker (AA) in progenies reduced senescence as evident in Table 4.4. 

The validation lines possessing different alleles of markers Xgwm33 and Xbarc343 

were separated into allele group 1 and allele group 2 using LabChip®. The fragment sizes 

in Table 4.4 were used to score the randomly selected lines (24 lines) of validation 

population into different groups based on the allele groups. For both QTL, genotypes with 

homozygous alleles from Westonia and Lang had significantly higher (P < 0.05) 

senescence than genotypes with homozygous alleles from Synthetic W7984 (Table 4.5). 

For Xgwm33, the average senescence of Synthetic W7984 × Westonia and Synthetic 

W7984 × Lang progenies declined by 28.5% and 28.8%, respectively. Similarly, for 
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Xbarc343, the average senescence of Synthetic W7984 × Westonia and Synthetic W7984 

× Lang progenies declined by 24.5% and 9.6% respectively (Table 4.5). 

 

4.4.4 Potential candidate genes 

One LOD drop-off interval was used to pick the functional markers for a QTL on the current 

genetic map of Synthetic W7984 × Opata 85 hosted in GrainGenes. For the co-located 

QTL, Qcci.uwa.1AS and Qsns.uwa.1AS, six markers are mapped including the tightly 

linked markers, Xgwm136 (left) and Xgwm33 (right) with one-LOD drop off interval 

between 3.9 and 17.3 cM and 3.9 and 14.3 cM, respectively (Fig 4.2). The BLAST search 

of markers on the wheat genome identified genes with known functions on the URGI-

Jbrowse database. This includes uncharacterized gene involving oxidoreductase activity, 

interestingly related to metabolic detoxification/Xenobiotic degradation (Table 4.6).  

For QTL, Qcci.uwa.2DS and Qsns.uwa.2DS, six flanking markers were mapped in 

close vicinity, including the tightly mapped markers, Xgwm210 (left) and Xgwm484 (right) 

with one-LOD drop off interval between 18.3 and 27.8 cM and 18.3 and 29.7 cM for CCI 

reduction and SNS, respectively (Fig 4.2). A blastN search against Triticum aestivum 

TGACv1 (genomic sequence), identified three potential genes— rbcs (ribulose 

biphosphate carboxylase small chain), glycosyltransferase and phosphotransferase — 

involved in the metabolic exclusion of Xenobiotics (Table 4.6).   

QTL, Qcci.uwa.4AL.1 and Qsns.uwa.4AL.1 had 13 markers on the genetic map of 

Synthetic W7984 × Opata 85 within the support intervals of 48.6 to 56.7 cM and 49.6 to 

58.3 cM by CCI reduction and SNS, respectively (Fig 4.2). The blastN search of markers 

onto Triticum aestivum TGACv1 (genomic sequence) identified a potential candidate gene 

that has a known function in Xenobiotic degradation. These include a gene which codes for 

Serine/threonine-specific protein kinase and ATP binding protein (Table 4.6). 
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Table 4.1 Analysis of variance for metribuzin tolerance and associated traits and their 

heritability estimates in the Synthetic W7984 × Opata 85 RIL mapping population 

measured across two years 

Category Source of variation df CCI SNS 

Control Line 110 45.43** - 

 Year 1 13,217** - 

 Rep 2 3.43 - 

 Year × Line 103 16.11 - 

 Residual 332 11.77 - 

 h2  64.55 - 

 SE  0.29 - 

Metribuzin treatment Line 110 173.94** 15.02** 

 Year 1 232.23 66.58** 

 Rep 2 706.55** 77.61** 

 Year × Line 95 70.89 3.54 

 Residual 214 90.20 5.63 

 h2  59.22 76.4 

 SE  0.95 0.23 

CCI SPAD chlorophyll content index, SNS senescence scale (1-10) 

 

4.5 Discussion 

Chlorophyll content index and senescence were highly correlated, reflected in the mapped 

QTL, and both phytotoxic traits had identical linkage groups and location. The moderate to 

high levels of broad-sense heritability indicate that the high proportion of genetic variability 

was measured by chlorophyll traits in the mapping population. A cascade of reactions occur 

in cells that encounter herbicides and this, in turn, reduces the net photosynthetic rate due 

to the production of active oxygen species. Any reduction in fundamental processes such 

as photosynthesis may have a negative effect, which would extend beyond photosystem II 

(PSII) to cause a down-regulation of total carbon gain causing imbalance between the rate 

of photo-damage to PSII and the rate of the repair of damaged PSII, reducing plant yield. 

A higher value of CCI reduction and SNS indicates that a proportion of PSII reaction 

centers have been damaged. This phenomenon is observed in plants under stress conditions 

(Murata et al. 2007).  

By single-locus CIM analysis, four QTL for metribuzin tolerance were mapped 

(Table 4.2). Map positions of multiple QTL detected on the long arm of chromosome 4A, 

within 10 cM map distance, validated by fitting multiple regression model using the MIM 

method of QTL Cartographer. It helped to eliminate false positive QTL and get realistic 
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estimates of the total variation explained by the QTL because the R2 value of the multiple 

QTL model takes into account their lack of independence (Kao et al. 1999; Zeng et al. 

2000). The refinement of map-positions was possible due to good marker density of the 

regions, which enhanced the mapping resolution around these tolerance loci.  

Three significant genomic regions on chromosome 1A, 4A and 2D associated with 

metribuzin tolerance, explained phenotypic variation of 10–19% and 8–20% using CCI 

reduction and SNS respectively, signifying that herbicide tolerance is a genetically 

governed quantitative trait that reflects the cultivar’s ability to withstand herbicide at the 

level of PSII. Similarly, Javid et al. (2017) reported QTL for metribuzin tolerance in field 

pea (Pisum sativum L.) with phenotypic variance ranging from of 12–21%. Several 

pleiotropic QTL affecting leaf senescence and grain yield and/or grain protein 

concentration were identified on group 2 and group 7 chromosomes in wheat (Bogard et al. 

2011). The QTL(s) for metribuzin tolerance with LOD > 3.0 was detected from both 

Synthetic W7984 and Opata 85 parent which suggests that adaptive traits in both Synthetic 

W7984 and Opata 85 could harbour a suite of herbicide tolerance-related adaptive features 

or tolerance could be due to new gene/allele combination that should be further explored. 

However, the QTL (Qcci.uwa.2DS) detected from Opata 85 could not be validated due to 

the lack of validation population. 

In the present study, all the QTL detected by CCI reduction co-locate with 

senescence which supports the hypothesis that a non-redundant function of relative leaf 

chlorophyll content and cellular oxidative processes causes senescence. Co-mapping of 

QTL for correlated traits may result from tight linkage of several genes (Sandhu et al. 2001) 

or the pleiotropic effect of major genes (Kumar et al. 2002). Zhang et al. (2009b) elucidated 

the linear relationship between chlorophyll content and yield by co-located QTL for both 

traits reflecting pleiotropism. Fontaine et al. (2009) reported co-localization of senescence 

with agronomic traits such as grain number per spike, the amount of protein per grain, and 

thousand kernel weight in common wheat. Kichey et al. (2007) confirmed a positive 

correlation between chlorophyll content (visual senescence) and grain yield, and total 

nitrogen content. Similarly, Gallais and Hirel (2004) reported non-redundant function 

between the activities of two enzymes—glutamine synthetase and glutamate 

dehydrogenase—and yield-related traits. In wheat, consistent co-localized QTL have been 

reported and QTL for correlated traits have been mapped together (Fontaine et al. 2009; 

Marza et al. 2006). 
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Table 4.2 Putative QTL for two phytotoxic traits (CCI reduction and senescence) affecting herbicide tolerance in ITMI Synthetic  

W7984/Opata RIL population identified by composite interval mapping (CIM) at the LOD threshold ≥ 3. 

 

Table 4.3 Estimates of QTL locations by multiple interval mapping detected on the same chromosome 4AL within 10 cM distance for the two 

phytotoxic traits, CCI reduction and SNS 

Trait QTL Chromosome arm Position (cM) Additive effect 

CCI Qcci.uwa.4AL.1 10 (4AL) 52.6 -0.8 

 Qcci.uwa.4AL.2 10 (4AL) 61.9 -0.2 

SNS Qsns.uwa.4AL.1 10 (4AL) 52.8 -0.8 

    Qsns.uwa.4AL.2 10 (4AL) 61.9 -0.0 

Trait Chromosome arm QTL QTL position (cM)c Flanking markers CId LOD score Additivee R2f (%) 

CCIa 

1 (1AS) Qcci.uwa.1AS 12.3 Xgwm136/Xgwm33 3.9-17.3 3.4 -0.6 10 

6 (2DS) Qcci.uwa.2DS 21.1 Xgwm210/Xgwm484 18.3-27.8 4.7  0.7 13 

10 (4AL) Qcci.uwa.4AL.1 52.6 Xbarc170/ Xbarc343 48.6-56.7 5.8 -0.8 19 

10 (4AL) Qcci.uwa.4AL.2 61.9 Xbarc343/ Xgwm350 59.4-63.7 4.0 -0.7 12 

SNSb 

1 (1AS) Qsns.uwa.1AS 12.3 Xgwm136/ Xgwm33 3.9-14.3 3.0 -0.5 08 

6 (2DS) Qsns.uwa.2DS 22.1 Xgwm210.2/ Xgwm484 18.3-29.7 7.3  0.9 20 

10 (4AL) Qsns.uwa.4AL.1 52.8 Xbarc170/ Xbarc343 49.6-58.3 6.1 -0.8 17 

10 (4AL) Qsns.uwa.4AL.2 61.9 Xbarc170/ Xgwm350 56.7-63.7 3.4 -0.6 10 
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Fig 4.2 Locations of putative QTL for metribuzin tolerance in Synthetic W7984/Opata 85 

RIL population based on SPAD chlorophyll content index (CCI) reduction and senescence 

(SNS). QTL were indicated with solid bars and the length of bars indicate a 1.0 LOD drop 

in the QTL confidence interval. Green bars indicate QTL by SPAD chlorophyll content 

index and blue bars indicate QTL by leaf senescence. Map distances are indicated on the 

left in Kosambi centimorgan and markers are indicated on the right of each chromosomes. 

The markers indicated in red are the flanking markers within a 1.0 LOD drop in the QTL 

confidence interval. 

The two major QTL located on short and long arm of wheat chromosome 1A and 

4A— Qsns.uwa.1AS and Qsns.uwa.4AL.1—from Synthetic W7984 positively contributing 

to metribuzin tolerance was validated in different genetic background. Validation of 

functional marker for its phenotypic effects in different genetic backgrounds/environments 

under herbicide– treated conditions is essential to rule out statistical errors/artefacts 

(Langridge et al. 2001) before applying in marker-assisted selections. There are numerous 
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markers present within QTL support interval and use of conventional bench-top molecular 

techniques to check polymorphism and band size is time-consuming, lacks specificity, and 

is labor-intensive. High-throughput genotyping of markers using LabChip® for marker 

validation has enabled improved read-out of information from molecular systems using 

computer chips. 

Numerous nuclear and cytoplasmic genes were identified by blasting the markers, 

within the support interval, against the wheat genome. This corroborates with the findings 

of Ratliff et al. (1991) which stated that metribuzin tolerance is a complex trait controlled 

by both nuclear and cytoplasmic genes. Nevertheless, amidst numerous genes having 

unknown functions, putative functions, and hypothetical/uncharacterized proteins, it is 

promising that the identified QTL also hold some genes directly or indirectly associated 

with photosynthesis,  in particular, the rbcS gene which codes for Rubisco protein involved 

in photosynthetic CO2 fixation. Rubisco is the most abundant protein, accounting for 12–

35% of total leaf N in plants (Makino 2003; Kumar et al. 2002). QTL on short arm of 2D 

chromosome has been found closely associated to one of the photosynthesis-related genes, 

rbcS. Group 2 and Group 5 chromosomes in wheat has been reported to harbour multigene 

family of rbcS (Song et al. 2005). Genes involved in photosynthesis and regulation of 

senescence associated protein has been found responsive to metribuzin tolerance in wheat 

(Pilcher et al. 2017) 

The identified QTL regions are an ideal target for the characterization of a gene(s) 

underlying this locus. The identified chloroplast gene (rbcS) could have a direct impact on 

maintaining high net photosynthetic rate during herbicide stress. The identified 

glycosyltransferases (GT) gene is involved in detoxification of a variety of toxic chemicals, 

including pollutants and herbicides in Phase II herbicide detoxification (Brazier et al. 2002, 

2003; Loutre et al. 2003; Poppenberger et al. 2003). The conjugation reactions enable GT 

to diversify the secondary metabolites via sugar attachments to maintain cell homeostasis 

by quickly and precisely controlling plant hormone concentration, and detoxify herbicides 

by adding sugars onto molecules (Bowles et al. 2006). In conclusion, the proteins encoded 

by the identified genes are involved in the oxygen-evolving complex, and repair of the PSII 

complex and xenobiotic detoxification. However, since numerous biological processes are 

associated with these candidate genes, more detailed experimental analyses will be needed 

to confirm their roles in metribuzin tolerance. 
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Table 4.4 Fragment size of the two SSR markers, with polymorphism among the parental lines (Synthetic W7984, Westonia and Lang) of 

validation population, related to QTL for metribuzin tolerance 

SSR markers Parental lines Fragment size (bp) 

Xgwm33 Synthetic W7984 Null 

 Westonia 142 

 Lang 138 

Xbarc343 Synthetic W7984 201 

 Westonia 159 

 Lang 159 

 

Table 4.5 Validation of the two quantitative trait loci (QTL) in structured and unstructured recombinant inbred line (RIL) populations with the 

corresponding senescence effect 

AA homozygous alleles from Synthetic, aa homozygous alleles from Westonia and Lang 
a Phenotypic effect for null bands 
b Student’s t-test (P < 0.05) was used to identify differences between the lines of population with distinct allele peaks; **, significant at P < 0.01; *, significant at P < 0.05  
c Average decrease in senescence     

 

Co-located QTL for CCI and SNS RIL Population Marker AA aa P valueb Effect (%)c 

Qcci.uwa.1AS and Qsns.uwa.1AS Synthetic × Westonia Xgwm33 4.0a 5.6 0.03* 28.5 

 Synthetic × Lang Xgwm33 4.2a 5.9 0.01** 28.8 

Qcci.uwa.4AL.1 and 

Qsns.uwa.4AL.1 
Synthetic × Westonia Xbarc343 4 5.3 0.04* 24.5 

 Synthetic × Lang Xbarc343 4.7 5.6 0.02* 9.6 
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Table 4.6 List of potential candidate genes or proteins related to photosynthesis and metabolic detoxification related to the three major 

quantitative trait loci (QTL) 

QTL name UniProtKB Gene ID 
Length (bp) 

and direction 

Subcellular 

location 
Molecular function Biological process 

Qcci.uwa.1AS 

and 

Qsns.uwa.1AS 

A0A1D6RPK4_WHEAT 

 

3063+ - Oxidoreductase activity 
Catalysis of oxidation-

reduction reaction 

Qcci.uwa.2DS 

and 

Qsns.uwa.2DS 

W5C9Y4_WHEAT 

 

840- Chloroplast 

Ribulose-bisphosphate 

carboxylase activity 

Monooxygenase activity 

 

Photosynthesis  

Carbon fixation 

Photorespiration 

 

A0A1D5W3W9_WHEAT 

 
989+ - Glycosyltransferase activity 

Metabolic 

detoxification/Xenobiotics 

degradation 

A0A1D5X620_WHEAT 

 
1689- Cytoplasm 

Phosphotransferase activity 

ATP binding 

Kinase activity 

 

Metabolic and 

transcriptional processes 

Qcci.uwa.4AL.1 

and 

Qsns.uwa.4AL.1 

A0A1D5VWT5_WHEAT 

 

2302- - 

Serine/threonine-specific 

protein kinase (transferase 

activity) 

ATP binding 

 

Metabolic and Post-

translation modification 

+/- Sign indicates the direction (forward/reverse) on the strand; bp indicates base pairs



Chapter 4 

52 

 

 

Integrated effective weed control is vital for economical food production. In dry land 

farming, particularly those with Mediterranean climate, wheat and broad-spectrum weeds 

actively grow throughout the wet winter wheat growing season. Australia has the second 

highest reported occurrence of herbicide-resistant weeds worldwide, which is the key 

agronomic issue for the farmers. Making direct selections for chlorophyll traits will 

positively influence herbicide tolerance and grain yield. SSR markers, Xgwm136 and 

Xbarc343 validated in different genetic background can be used for marker-assisted 

selection to potentially reduce phytotoxic effects of herbicide and improve photosynthetic 

efficiency and yield. Consequently, the identified and validated favourable alleles could be 

introgressed into elite wheat cultivars used in dryland farming for sustainable wheat 

production. This will be a more effective strategy to control weeds without compromising 

wheat productivity in dry-land farming of Australia and worldwide. 

 

4.6 Conclusion 

To our knowledge, this is the first report on identification of QTL and functional markers 

associated to herbicide tolerance at seedling stage in wheat. This study has shown that CCI 

reduction and SNS are effective parameters for evaluating metribuzin tolerance in wheat 

breeding. Metribuzin tolerance is a complex trait and direct phenotypic selection is time-

consuming, labour intensive and could be hindered significantly by environmental factors. 

Marker-assisted selection is a tool for precision plant breeding and offers several 

advantages over direct phenotypic screening. Identification of genomic regions responsible 

for metribuzin tolerance followed by validation of closely linked markers in two 

populations, specifically segregating for chlorophyll traits, identified genes directly or 

indirectly affecting the functionality of PSII and herbicide metabolism in the plant system. 

The identified flanking markers can be used in marker-assisted selection for breeding 

metribuzin tolerant wheat. Further, the identified QTL could be fine mapped using high 

number of transgressive lines to identify the exact candidate genes for the trait or the 

identified candidate genes could be further investigated/targeted to improve the PSII 

efficiency during metribuzin stress.
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Chapter 5. 

Inheritance of pre-emergent metribuzin tolerance and putative gene discovery 

through high-throughput SNP array in wheat (Triticum aestivum L.) 

 

5.1 Abstract 

Background: Herbicide tolerance is an important trait that allows effective weed 

management in wheat crops in dryland farming. Genetic knowledge of metribuzin tolerance 

in wheat is needed to develop new cultivars for the industry. Here, we investigated gene 

effects for metribuzin tolerance in nine crosses of wheat by partitioning the means and 

variances of six basic generations from each cross into their genetic components to assess 

the gene action governing the inheritance of this trait. Metribuzin tolerance was measured 

by a visual senescence score 21 days after treatment. The wheat 90K iSelect SNP 

genotyping assay was used to identify the distribution of alleles at SNP sites in tolerant and 

susceptible groups. 

Results: The scaling and joint-scaling tests indicated that the inheritance of metribuzin 

tolerance in wheat was adequately described by the additive-dominance model, with 

additive gene action the most significant factor for tolerance. The potence ratio for all the 

crosses ranged between –1 and +1 for senescence under metribuzin-treated conditions 

indicating a semi-dominant gene action in the inheritance of metribuzin tolerance in wheat. 

The number of segregating genes governing metribuzin tolerance was estimated between 3 

and 15. The consistent high heritability range (0.82 to 0.92) in F5–7 generations of Chuan 

Mai 25 (tolerant) × Ritchie (susceptible) cross indicated a significant contribution of 

additive genetic effects to metribuzin tolerance in wheat. Several genes related to 

photosynthesis (e.g. photosynthesis system II assembly factor YCF48), metabolic 

detoxification of xenobiotics and cell growth and development (cytochrome P450, 

glutathione S-transferase, glycosyltransferase, ATP-binding cassette transporters and 

glutathione peroxidase) were identified on different chromosomes (2A, 2D, 3B, 4A, 4B, 

7A, 7B, 7D) governing metribuzin tolerance. 

Conclusions: The simple additive–dominance gene effects for metribuzin tolerance will 

help breeders to select tolerant lines in early generations and the identified genes may guide 

the development of functional markers for metribuzin tolerance. 
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5.2 Background 

Wheat (Triticum aestivum L.) is a major global cereal crop in terms of production and area 

coverage (FAO 2018). Wheat is Australia’s largest grain crop and contributes around 12% 

of world trade. Western Australia (WA) has the highest reported occurrence of herbicide-

resistant weeds in Australia, which is the key agronomic issue for WA farmers. There are 

instances where weed infestations have caused serious reductions (up to 50%) in wheat 

yields (Kleemann and Gill 2009). Higher tolerance for metribuzin is advantageous for WA 

wheat industry to protect crops against herbicide damage and maximize crop yields. 

Therefore, breeding wheat cultivars for higher herbicide tolerance through improvement 

programs is paramount, particularly in Mediterranean-type climatic regions. 

Inheritance of metribuzin tolerance has a different modes of genetic control in crop 

plants. A monogenic recessive inheritance was reported in soya bean (Glycine max L.) 

(Edwards et al. 1976; Kilen and He 1992) and potato (Solanum tuberosum L.) (DeJong 

1983). Si et al. (2011) reported two independent semi-dominant genes having additive 

effects in narrow-leafed lupin (Lupinus angustifolius L.). Ratliff et al. (1991) claimed 

polygenic mode of inheritance controlled by both nuclear and cytoplasmic genes in wheat. 

Further, Villarroya et al. (2000a) reported that the inheritance of tolerance to metribuzin in 

durum wheat (T. turgidum L.) is a complex character involving many genes. This was 

supported by the observation that physiological processes, such as uptake, translocation 

and metabolism/detoxification, modified the amount of herbicide reaching the target site. 

Investigations into the genetic control and heritability of metribuzin tolerance will guide 

breeders to formulate the appropriate selection program for the breeding of herbicide 

tolerant cultivars. 

Variation in metribuzin tolerance in wheat from six continents, reported in our 

previous investigation (Bhoite et al. 2017), provides a valuable source to breeders for 

estimating gene effects and formulating advantageous breeding procedures to improve 

herbicide tolerance. The natural variability observed between genotypes for metribuzin 

tolerance indicates that selection may be an effective method for improving yields. 

However, selection efficiency is related to the magnitude of heritability and genetic 

advances. Heritability estimates along with genetic advances are important selection 

parameters, and usually more helpful for predicting genetic gain under selection (Sharma 

et al. 2003). Therefore, a detailed understanding of the nature of gene action, heritability 

and predicted genetic gain is helpful for selecting superior wheat germplasm in breeding 

programs to improve herbicide tolerance and yield.  
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DNA markers have enormous potential for improving the efficiency and precision 

of conventional plant breeding via marker-assisted selection (MAS). The molecular 

mechanism of metribuzin tolerance in wheat is poorly understood. Advances in next-

generation sequencing have facilitated the discovery of SNPs in the whole genome 

(Berkman et al. 2012; Chia et al. 2012) to provide a large amount of genome-wide 

polymorphism, as they potentially represent all the mutations that have occurred in the 

genome (Steemers et al. 2006; Elshire et al. 2011). The recent wheat 90K SNP iSelect assay 

developed by Illumina is a useful genetic resource for tagging agronomically important 

traits. The closed-end assay incorporates existing sequence knowledge onto a microarray 

platform enabling high-throughput SNP discovery in diverse pools.  

This study aimed to (1) characterize the inheritance of tolerance to metribuzin in 

nine wheat crosses, (2) investigate heritability in F5–7 RILs of the most diverse cross (Chuan 

Mai 25 × Ritchie) (3) conduct 90K iSelect SNP genotyping assay in diverse cultivars to 

discover allelic variants in SNP markers in tolerant and susceptible groups, and (4) 

determine the likely chromosomal locations and candidate genes responsible for metribuzin 

tolerance in wheat.  

 

5.3 Methods 

5.3.1 Plant material 

Seven wheat genotypes with differential tolerance to metribuzin (Table 5.1) were obtained 

from Australian winter wheat collection. The tolerant and susceptible parents selected for 

this study were from previous tolerance screening (Bhoite et al. 2017) and local WA 

cultivars identified by Kleemann and Gill (2007). Plants of metribuzin T (tolerant) and S 

(susceptible) parental type were grown in 1L pots containing potting mix (50% peat moss: 

50% river sand) and maintained in a  glasshouse at The University of Western Australia 

during a normal winter growing season. Single T and S plants growing individually in pots 

were paired according to floral synchronicity to produce F1 maternal R and paternal S (F1 

RS) and F1 maternal S and paternal R (F1 SR) hybrids. Reciprocal crosses were used to 

check maternal effects of herbicide resistance. Subsequently, RS F1s were selfed and 

backcrossed to their R and S plants to produce F2 and backcross (BCT and BCS) generations, 

respectively. Additionally, the Chuan Mai 25 (T) ×Ritchie (S) cross was selected to develop 

recombinant inbred lines (RILs) in the growth chamber using rapid generation single seed-

descent in-vitro embryo culture technique (Fig 5.1) (Zheng et al. 2013). F5-7 RILs were 

screened for metribuzin tolerance in the glasshouse to calculate heritability. 
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Fig 5.1 Rapid generation single seed-descent (1) in-vitro embryo culture technique used to 

produce recombinant inbred lines of Chuan Mai 25 × Ritchie cross 

 

5.3.2 Herbicide screening and phytotoxic assessment 

The parents, F1, F2, BCT and BCS populations and F5–7 RILs of the cross, CM×R cross (for 

all abbreviations refer to Table 5.1) were evaluated for metribuzin tolerance in a sand-tray 

system (Bhoite et al. 2017). The trays were sprayed with 400 g a.i. ha–1 of metribuzin, 

perpendicular to the tray surface in two passes at a flow rate of 118 L ha–1 and 200 kPa 

pressure in a cabinet spray chamber. The trays were maintained in a phytotron, where the 

temperature was set to 25/15°C day/night and watered regularly every 48 h.  

Senescence score (SS)/visual damage was measured 21 days after treatment (DAT). 

Plants with no visual symptoms were scored as 0, increasing levels of yellowing and 

stunting were scored  from 1 to 4, increasing levels of leaf abnormalities (leaves wrinkling) 

and leaf necrosis were scored from 5 to 8, and dead plants with total leaf browning and 

necrosis of the apex were scored as 9. Lines with an average SS ≤ 3 recorded tolerant (T), 

4 to 5 moderately tolerant (MT), and 6 to 9 as susceptible (S). For parents and F1 hybrids, 

SS was averaged over the three repeats.  
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5.3.3 Identification of SNP and potential candidate genes  

The distribution of alleles at the SNP sites was assessed using the wheat 90K iSelect SNP 

genotyping assay, containing 81,587 genome-wide distributed SNPs following the 

procedure described by Wang et al. (2012). The flow chart of SNP discovery using group-

segregate analysis is shown in Fig 5.2. Allele calls were generated for the seven parents 

used in this study (Table 5.1), with the four tolerant genotypes as group 1 and three 

susceptible genotypes as group 2 for comparison. SNP clustering and genotype calling were 

performed using Genome Studio 2.0 software (Illumina). The monomorphic and poor-

quality SNP markers, which had more than 20% missing values, ambiguous SNP calling, 

or minor allele frequencies below 5%, were excluded from further analyses. The 

polymorphic SNP loci between the two groups were used for candidate gene analysis. 

The candidate genes controlling metribuzin tolerance were identified by blasting 

the SNPs against the Ensembl Plants (Triticum aestivum IWGSC_refseqv1.0) to find the 

Traes numbers of genes. BLAST hits were filtered with an e-value threshold of 10–5 and 

sequence similarity higher than 95%. The Traes numbers were searched in UniProt in 

TrEMBL (http://www.uniprot.org) and UniParc (https://www.uniprot.org/uniparc/) to 

obtain more information including protein domain, family, molecular and biological 

functions of the potential candidate genes. Further, the key features of the domain and 

InterPro annotation were searched in pfam and Prosite to check the characteristics of the 

protein. Only those genes with known function and/or related to photosynthesis and 

metabolic detoxification were considered as potential candidate genes for metribuzin 

tolerance in wheat. 

 

5.3.4 Principal component analysis (PCA)  

PCA was performed on the SNP calls of the seven parents to determine genetic 

relatedness/diversity. SNP alleles were converted to a 1/0 binary system, followed by PCA 

performed using the built-in R function ‘prcomp’ and data was visualized using the 

‘dudi.pca’ function from the ade4 R package using SNP as variables. 

 

5.3.5 Genetic analyses 

The contribution of maternal or cytoplasmic effects on the differences between population 

means was assessed by comparing the means of reciprocal F1 crosses. The mode of 

inheritance of metribuzin tolerance was estimated for each cross combination by generation 

mean analysis. Mean data on SS recorded on different generations, viz. parents (P1 and P2), 



Chapter 5 

58 

 

F1, F2, BCT and BCS for nine cross combinations, were subjected to a scaling (A, B, C and 

D) and joint-scaling test using the weighted least squares method, which testifies the 

presence or absence of epistasis (Mather and Jinks 1982; Kearsey et al. 1996; Lynch and 

Walsh 1998). When the additive–dominance model fitted the data, a generation variance 

analysis was performed based on the method described by Allard (1960). This provided 

estimates of additive and dominance components of variance. The estimated gene effects: 

mean (m), additive (d) and dominance (d) values were tested by t-test at the 0.05 and 0.01 

levels of probability. Further, the goodness-of-fit of the model was tested by comparing 

expected means of the six generations, calculated from the parameter estimates and  

observed generation means using chi-squared (χ2) statistic, and the significance of each 

parameter was tested using a t-test (Mather and Jinks 1982; Kearsey et al. 1996).  

The nature of dominance was determined from the potence ratio according to Allard 

(1960) P =
𝐹1−𝑀.𝑃.

0.5 (𝑃2−𝑃1)
 , where P is the relative potence of the gene set, F1 is the first 

generation mean, P1 is the mean of the lower parent, P2 is the mean of the higher parent, 

and M.P. is the mid-parent value. Complete dominance was indicated when P was −1 or 

+1, while partial dominance was indicated when ‘P’ was −1 or +1, except for zero, which 

indicates the absence of dominance. Over dominance was indicated when the potence ratio 

exceeded +1. The positive and negative signs indicate the direction of the dominance of 

either parent. 

The generalized linear model based on Poisson regression was fitted to the SS data 

of F5, F6 and F7 RILs from the, Chuan Mai 25 × Ritchie cross using glm() function in R and 

heritability was calculated based on ANOVA using the formula:  h2 = 𝛿𝑔
2/(𝛿𝑔

2 + 𝛿𝑒
2) where 

𝛿𝑔
2 and 𝛿𝑒

2 are the estimated genotypic and error variances, respectively. The estimated 

genotypic and error variances were calculated as: 𝛿𝑔
2 =  

𝑀𝑆𝑔−𝑀𝑆𝑒

𝑟
 and 𝛿𝑒

2 =  
𝑀𝑆𝑒

𝑟
  where 

MSg is the mean square of the RILs, MSe is the residual error and r is the number of 

replicates. Further, the number of genes controlling metribuzin resistance in each cross was 

estimated using Wright’s formulae (Allard 1960; Smith 1952).  
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Fig 5.2 Flowchart for SNP discovery in metribuzin tolerant and susceptible pools using 

90K iSelect SNP genotyping.  

 

5.4 Results 

5.4.1 Phenotypic variation 

The average senescence (SS) for the tolerant and susceptible parents used in this 

study are in Table 5.1. The susceptible parents had significantly higher SS than the tolerant 

parents. Average SS for F1, F2, BCT, and BCS populations are in Table 5.3. The ANOVA 

indicated a highly significant difference between generations, indicating genetic variability 

for metribuzin tolerance in wheat. F2 means had a comparable range to F1 means. The mean 

SS of the backcrosses varied depending on the crossed parents. The abbreviations 

representing crosses are in Table 5.1. Backcrossing F1 lines (BCT) to tolerant parents had 

lower SS than the mid-parent (mp) value, except for the K×D cross, indicating positive 

additive gene action and higher expression of metribuzin tolerance. In contrast, BCS had 

higher SS than the mid-parent value. The crosses of F1 with susceptible Dagger differed the 

most from the mp value, by 31.3%, 38.6% and 29% for the crosses CM×D, F×D and K×D, 

respectively. The comparisons of reciprocal crosses revealed significant differences (P ≤ 
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0.05) in average SS except for three reciprocal cross combinations (Table 5.2). Therefore 

the reciprocal crosses were not pooled for generation mean analysis. 

 

Table 5.1 Origin and average senescence score of seven wheat genotypes used in crosses 

Cultivar Origin Senescence scorea  Reactionb 

Chuan Mai 25 (CM) China, Asia 3.05±0.47  T 

Dagger (D) Australia 7.90±0.25  S 

Eagle Rock (ER) Australia 3.95±0.17  MT 

Fundulea 490 (F) Romania, Europe 4.40±0.27  MT 

Kite (K) Australia 3.20±0.34  T 

Ritchie (R) Europe 7.80±0.32  S 

Spear (S) Australia 6.40±0.11  S 
a Pre-emergent metribuzin rate of 400 g ai ha–1 was sprayed and phytotoxicity was 

measured in wheat seedlings, 21 DAT. See text for details about senescence scaling. Data 

represented are mean and standard error 
b Cultivar reaction to metribuzin; T tolerant; MT moderately tolerant; S susceptible 

 

Table 5.2 Observed metribuzin tolerance measured as senescence score in reciprocal 

crosses (standard error in parenthesis) following application of metribuzin (400 g a.i. ha–1) 

Crossesγ F1(F)
a F1(M)

b P value 

CM × R 3.64 (0.2) –c – c 

CM × S 4.8 (0.2) –c –c 

CM × D 5.86 (0.4) 9 (0.32) 0.00** 

ER × R 4.8 (0.37) 7.4 (0.24) 0.00** 

ER × S 5.8 (0.32) 3.8 (0.86) 0.05* 

ER × D 6.8 (0.42) 7.27 (0.48) 0.03* 

F × R 6.5 (0.37) –c – c 

F × S 5.86 (0.79) 6 (0.44) 1 (NS) 

F × D 6.7 (0.25) 7.5 (0.56) 0.23 (NS) 

K × R –c 3.71 (0.18) – c 

K × S 4.2 (0.58) 5.14 (0.76) 0.48 (NS) 

K × D 5.25 (0.41) 4.90 (0.56) 0.04* 
a Mean value of the F1 derived from the line as tolerant female crossed with susceptible 

male 
b Mean value of the F1 derived from the line as susceptible female crossed with tolerant 

male 
c Data not available  
γ Abbreviated cultivar names based on Table 5.1 

**, significant at P < 0.01; *, significant at P < 0.05; NS, not significant 

 

 

5.4.2 Genetic model and gene action of metribuzin tolerance in wheat 
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The results of the scaling tests (A, B, C and D) of nine hybrids (Table 5.4) were not 

significant, which indicated the absence of epistatic gene interaction and adequacy of the 

simple additive–dominance model. The genetic parameters for mp, additive gene effects 

(d) and dominance gene effects (h) and their standard deviations estimated by the joint–

scaling test are presented in Table 5.4. The mp, which reflects the contribution of the locus 

effects and interaction of fixed loci, were significant for all nine crosses. The additive gene 

effects were significant (P = 0.05) for all nine crosses, and dominance gene effects were 

significant (P = 0.05) for four crosses (CM×R, CM×S, F×D and ER×D). The additive-

dominance model fitted well for all crosses. The model significance was checked using χ2 

statistic, which showed insignificant difference between the expected and observed 

generation mean values, confirming a significant additive–dominance model for metribuzin 

tolerance in wheat (Table 5.4). 

Metribuzin tolerance in wheat is either partially dominant or recessive dominant 

(Fig 5.4). The potence ratio presented in Table 5.3 ranged from –0.75 to 0.51 for SS under 

metribuzin– treated conditions, thereby falling between –1 and +1, indicating a semi-

dominant gene action for the inheritance of metribuzin tolerance in wheat. The crosses with 

a negative potence ratio (CM×R, F×S, ER×R, K×S and K×D) had lower F1 means (lower 

phytotoxic effect) and were more similar to the tolerant parents, indicating the presence of 

partial dominance gene effects. The crosses with a positive potence ratio (CM×S, CM×D, 

F×R, F×D, ER×S, ER×D) had higher F1 means (higher phytotoxic effect), indicating 

recessive dominance (Fig 5.3)  

 

5.4.3 Heritability and the number of resistance genes 

The frequency distribution of the metribuzin reaction of F5–7 RILs of the Chuan Mai 

25×Ritchie appeared to be normal, indicating metribuzin tolerance as a quantitative trait 

(Fig 5.4). Heritability was high and comparable in F5 (0.82), F6 (0.95) and F7 (0.92) RILs of 

the cross Chuan Mai 25/Ritchie (Table 5.5). There were minimum of eight major peaks 

representing major genes and some minor modifier genes in the F5, F6 and F7 RIL 

populations. Gene number, n1, estimated based on variances of parents and F2 and gene 

number n2, estimated based on variances of parents, F1 and F2 varied for most of the crosses. 

Wright’s formula estimated a minimum of three genes and a maximum of 15 genes 

controlling metribuzin tolerance in wheat (Table 5.6).  
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Table 5.3 Generation means of senescence score (standard error in parenthesis) and potence ratio showing relationship between alleles for 

reaction to metribuzin in wheat crosses  

MP = mid-parental value, calculated as (P1+P2)/2, BCT and BCS represent backcross of F1 to tolerant and susceptible parents, respectively.  
a Data not available 
γ Abbreviated cultivar names based on Table 5.1 

 

 

 

 

 

 

Table 5.4 Genetic model testing based on A, B, C and D scales and estimates of additive and dominance effects (standard error in 

parenthesis) for metribuzin tolerance in wheat 

Cross (♀ × ♂)γ 
Senescence score means 

Potence ratio 
MP F1 F2 BCT BCS 

CM × R 5.42 3.64 (0.2) 4.45 (0.16) 3.35 (0.15) 6.77 (0.20)  –0.75 

CM × S 4.72 4.8 (0.2) 3.17 (0.11) 3.78 (0.11) 5.2 (0.11)    0.04 

CM × D 5.48 5.86 (0.4) 5.4 (0.14) 5.0 (0.10) 7.20 (0.12)   0.16 

ER × R 5.87 4.8 (0.37) 6.27 (0.09) 5.23 (0.15)  6.41 (0.13) –0.56 

ER × S 5.17 5.8 (0.32) 6.24 (0.15) 4.09 (0.13) 5.68 (0.13)    0.51 

ER × D 5.92 6.8 (0.42) 5.99 (0.12) 5.41 (0.13) 6.96 (0.17)    0.44 

F × R 6.10 6.5 (0.37) –a –a –a    0.24 

F × S 6.10 5.86 (0.79) 5.02 (0.11) 5.68 (0.11) 6.54 (0.11)    0.46 

F × D 6.15 6.7 (0.25) 6.55 (0.12) 6.91 (0.19)  8.53 (0.15)    0.31 

K × S 4.80 4.2 (0.58) –a –a –a –0.38 

K × D 5.55 5.25 (0.41) 5.55 (0.11) 6.03 (0.18) 7.15 (0.15)  –0.13 
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Cross 

(♀ × ♂)γ 

Scales Gene effects 

χ2a 

A B C D Mean (m) 
Additive 

effect (d) 

Dominance effect 

(h) 

CM × R  0.01 (2.54)  2.10 (2.14) –0.33 (10.92) –1.22 (5.32) 5.54 (0.20)** 2.78 (0.18)** –1.67 (0.36)** 1.21 (NS) 

CM × S –0.29 (2.34) –0.80 (0.96) –6.37 (8.96) –2.64 (4.36) 4.88 (0.15)** 1.49 (0.13)** –1.66 (0.34)** 7.43 (NS) 

CM × D  1.09 (2.48)  0.64 (1.78) –1.07 (10.18) –1.40 (4.86) 5.72 (0.19)** 2.18 (0.13)**  0.37 (0.38) (NS) 0.58 (NS) 

ER × R  1.71 (1.61)  0.22 (1.90)  3.73 (10.55)  0.90 (5.19) 5.92 (0.15)** 1.65 (0.13)**  0.09 (0.31) (NS) 2.98 (NS) 

ER × S –1.57 (1.60) –0.84 (1.46)  3.01 (11.80)  2.71 (5.83) 5.10 (0.09)** 1.32 (0.08)**  0.36 (0.22) (NS) 1.81 (NS) 

ER × D  0.07 (1.75) –0.78 (2.19) –1.49 (9.86) –0.39 (4.70) 5.82 (0.14)** 1.80 (0.12)**  0.64 (0.29)** 0.00 (NS) 

F × S  1.10 (2.58)  0.82 (2.30)  2.44 (12.56) –2.18 (5.90) 5.45 (0.12)** 0.93 (0.10)**  0.58 (0.27) (NS) 1.64 (NS) 

F × D  2.72 (2.13)  2.46 (1.72)  0.50 (11.32) –2.34 (5.64) 6.56 (0.15)** 1.73 (0.13)**  0.9 (0.29)* 3.70 (NS) 

K × D  3.61 (2.31)  1.15 (1.86)  0.60 (9.11) –2.08 (4.38) 5.88 (0.18)** 1.86 (0.15)**  0.14 (0.37) (NS) 3.48 (NS) 

A, B, C, D, Scaling tests; χ2, Significance of the joint scaling test determined by the χ2test and observed and expected 't' values compared at 5 

and 1% level of significance. 

** Indicates significant difference at P ≤ 0.01; * Indicates significant difference at P ≤ 0.01 

NS, not significant 
γ Abbreviated cultivar names based on Table 5.1 

 

 
 

 

 

 

Table 5.5 Genotypic and phenotypic coefficients of variation, and broad sense heritability of metribuzin tolerance in wheat 
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a Minimum and maximum 

senescence score 

MSg mean square of genotype; 

MSe, mean square of random error; 𝛿𝑔
2, estimated genetic variance; 𝛿𝑝

2 , estimated phenotypic variance; 𝛿𝑒
2, estimated error variance; H2 , broad 

sense heritability. 

F5, F6, F7, single-seed descent recombinant-inbred lines of, Chuan Mai 25×Ritchie cross 

** Indicates significant difference at P < 0.01 

 

 

Fig 5.3 Dominance relationships between a pair of alleles A and B. Phenotypes corresponding to the different genotypes AA, AB and BB.  

-ve PR, negative potence ratio; F1 mean phenotypic value is similar to tolerant phenotypic value 

+ve PR, positive potence ratio; F1 mean phenotypic value is similar to susceptible phenotypic value 

Population No.  lines 
Range of 

SSa 
MSg MSe 𝜹𝒈

𝟐  𝜹𝒆
𝟐 𝜹𝒑

𝟐 H2 

F5 73 1.7–10.0 32.29** 5.70 8.86 1.90 10.76 0.82 

F6 73 2.0–10.0 110.44** 5.22 35.07 1.74 36.81 0.95 

F7 73 1.7–10.0 60.73** 4.48 18.75 1.49 20.24 0.92 
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Fig 5.4 Phenotypic distribution of senescence score in Chuan Mai 25/Ritchie F5–7 RIL 

population.  

P1 indicates the means of Chuan Mai 25 

P2 indicates the means of Ritchie 

 

Table 6 Estimates of the minimum number of genes for metribuzin tolerance measured 

by senescence score 

Crossγ n1
a n2

b Mean 

CM × R 11.94 15.14 13.54 

CM × S 3.25 4.77 4.01 

CM × D 8.76 11.29 10.02 

ER × R 9.82 10.39 10.10 

ER × S 5.99 5.75 5.87 

ER × D 9.06 8.38 8.72 

F × S 3.91 3.00 3.45 

F × D 9.80 10.44 10.12 

K × D 7.95 8.52 8.23 
a

 Minimum gene number, n1 = (P1–P2)
2/8{VF2– [(VP1+VP2)/2]} 

b
 Minimum gene number, n2 =  (P1–P2)

2/8{VF2– [(VP1+VP2+2VF1)/4]} 
γ Abbreviated cultivar names based on Table 5.1 
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5.4.4 SNP discovery and potential candidate genes 

The 90K iSelect SNP genotyping assay contained 81,587 SNPs. A total of 60,635 

monomorphic alleles (74%) with no clustering patterns for all genotypes were removed. A 

total of 12,294 loci had no call and were removed. The remaining 8,661 loci (12.9%) had 

≥2 clusters and were used for principal component analysis (PCA) analysis; the results for 

allelic variation in seven genotypes are presented in Fig 5.5. The PCA analysis revealed 

significant variation between tolerant and susceptible groups. A clear separation of tolerant 

and susceptible groups, according to PCA component 1, indicated high genetic diversity 

between the two groups. A total of 296 SNPs were polymorphic/biallelic markers between 

the two groups.  

 Putative genes related to the identified SNPs with differences between tolerant and 

susceptible groups were investigated by a blastN search of markers on Triticum aestivum 

IWGSC_refseqv1.0. The results suggested that metribuzin tolerance was a quantitative trait 

governed by several loci on different chromosomes (2A, 2D, 3B, 4A, 4B, 7A, 7B, 7D) 

(Table 5.7). Only genes related to photosynthesis and metabolic detoxification pathways 

were considered for candidate gene analysis. Multiple SNPs and candidate genes identified 

on chromosome 7B (photosynthesis system II assembly factor YCF48 and ABC 

transporter), chromosome 4A (cytochrome P450 family), chromosome 7A (glutathione S-

transferase), chromosome 2A and 3B (glycosyltransferase), and chromosome 2D 

(glutathione peroxidase) represented the possible genes/gene families with significant 

association with metribuzin tolerance in wheat. 

 

5.5 Discussion 

The mode of inheritance and gene action of pre-emergent herbicide tolerance will help 

breeders to choose appropriate breeding methods to develop more tolerant cultivars and 

combat early weed competition to enhance wheat yields. The efficiency of selection and 

plant breeding programs depend on the existence of genetic variability (Said 2014). Genetic 

variation for metribuzin tolerance in wheat was evident in our previous research (Bhoite et 

al. 2017; Bhoite et al. 2018). Metribuzin tolerance/sensitivity is controlled by both 

cytoplasmic and nuclear genes because reciprocal differences in expression of metribuzin 

tolerance existed in most F1 hybrids. Previously, Ratliff et al. (1991) reported the role of 

both nuclear and cytoplasmic genes in metribuzin tolerance in wheat. Metribuzin tolerance 

is a polygenic trait and the present investigation revealed a maximum of 15 genes 
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responsible for the trait. Villarroya et al. (2000a) reported metribuzin tolerance as a 

quantitative trait controlled by many genes in wheat, which supports the present findings. 

 

  

Fig 5.5 Principal component analysis showing genetic diversity based on 8,661 SNPs. Each 

point represents one individual. Principal component 1 (PC1) explains 28% of the variation 

and principal component 2 (PC2) explains 22.7% of the variation in the data. 

 

Metribuzin tolerance is explained by the simple additive–dominance model, indicating 

absence of epistasis or non-allelic interaction. The absence of epistasis and significant 

additive effect efficiently responds to selection (Barnard et al. 2002). The alleles of such 

traits are fixed in early generations. These facts can guide breeders in the selection of lines 

in early generations. The results of the scaling and joint-scaling tests and chi-square statistic 

can be used as evidence that the additive gene effect is higher than the dominance gene 

effect, indicating the former as a decisive type of gene action for metribuzin tolerance. 

Highly significant additive gene effects (d) for all crosses indicated the preponderance of 

additive gene effects for metribuzin tolerance and the potential for improving the 

performance of chlorophyll traits using early a pedigree selection program in wheat.  

Dominance in genetics is a relationship between the alleles of one gene, where the 

effect on phenotype of one allele masks the contribution of a second allele at the same 

locus. It is a key concept in Mendelian inheritance and classical genetics. Often the 

dominant allele codes for a functional protein whereas the recessive allele does not (Bowler 

2015). In quantitative genetics, phenotypes are measured and treated numerically. In the 

1 Chuan Mai 25 (T) 

2 Fundulea 490 (T) 

3 Eagle Rock (T) 

4 Kite (T) 

5 Ritchie (S) 

6 Spear (S) 

7 Dagger (S) 
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present investigation, F1 hybrids with lower SS exhibited a partial dominant gene action. 

Therefore the F1 hybrids with a negative potence ratio had mid- to low- metribuzin 

phytotoxic effects and expressed a phenotype similar to the tolerant parent (Fig 5.4). 

However, F1 hybrids with higher SS had recessive, dominant gene action. Therefore, the 

F1 hybrids with a positive potence ratio had mid- to high- metribuzin phytotoxic effects and 

expressed a phenotype similar to the susceptible parent.  

Heritability was consistent and above 80% in the F5–7 RIL population of Chuan Mai 

25×Ritchie, which indicated stability of the metribuzin tolerance trait. These traits could be 

easily transferred through generations in breeding programs to generate more tolerant 

cultivar. The absence of epistasis increased the accuracy of the gene number estimate in the 

present study because it complied with Wright’s assumption of no epistasis (Wright 1968). 

The crosses had unidirectional distribution of genes based on the degree of susceptibility 

in susceptible parents. The crosses involving Ritchie as the susceptible parent segregated 

the most genes, followed by Dagger and Spear.  

The candidate genes identified for SNPs having homozygous allele in the tolerant 

group encodes for the network of xenobiotic detoxification proteins protecting cells from 

oxidative damage and keeping the photosynthesis process intact by PSII complex repair 

under stress. The identified gene superfamilies or domains, notably cytochrome P450 

(CYPs) and glutathione S-transferase (GSTs) glycosyltransferase (GT), ATP-binding 

cassette transporters and glutathione peroxidase (GPX) are essentially xenobiotic 

detoxifying enzymes involved in vacuolar sequestration of conjugated pesticide 

metabolites (Edwards et al. 2000; Brazier et al. 2002; Davies and Caseley 1999). Plants can 

metabolize a diverse range of xenobiotics, notably organic pollutants and pesticides, and 

herbicides using enzymes that are normally used in the synthesis and processing of 

endogenous natural products (Brazier et al. 2002). There are common signalling pathways 

that control the inducibility of multiple classes of detoxifying proteins. The most commonly 

observed route for the detoxification of herbicides in wheat involves an initial 

hydroxylation, typically mediated by a cytochrome P450 mixed function oxidases (CYPs) 

and glutathione conjugation mediated by glutathione S-transferases (GSTs). CYPs and 

GSTs are implicated in metabolism-based resistance to multiple herbicides in grass weeds 

such as black-grass (Hall et al. 1997). 

The identified glycosyltransferase and oxidoreductase mediate different biological 

processes. They are involved in sucrose metabolism and metabolic detoxification of 

xenobiotic detoxification. The microarray analysis conducted by Pilcher et al. (2017) 
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revealed that sucrose metabolism was highly responsive to metribuzin stress in wheat. The 

candidate genes detected from our previous investigation (Bhoite et al. 2018) of QTL 

mapping suggested glycosyltransferase and oxidoreductase involved in metabolic 

detoxification, partially imparts metribuzin tolerance in wheat. The identified photosystem 

(PS) II assembly factor YCF48 is the thylakoid-embedded large pigment-protein 

complexes of photosynthetic electron transfer chain, i.e. PSII, PSI, the cytochrome b6f 

complex, and the ATP synthase. These multiportion complexes harness solar energy and, 

together with ATP synthase, produce reducing power (NADPH) and chemical energy 

(ATP) for the production of carbohydrates in the Calvin cycle. (Tikhonov and biochemistry 

2014; Mulo et al. 2009; Komenda et al. 2008; Rengstl et al. 2011). The ubiquitination 

pathway is involved in nitrogen recycling and prevents senescence during herbicide stress 

(Gepstein et al. 2003). In conclusion, the proteins encoded by the identified genes are 

involved in the metabolic detoxification, carbon metabolism, and repair of the PSII 

complex. 

Understanding the genetics of herbicide tolerance in wheat will guide breeders in 

the development of herbicide-tolerant cultivars with wider safety margins. Metribuzin 

tolerance in wheat has high heritability and significant additive gene action with no 

epistasis. Therefore, MAS may be a feasible routine solution for selecting herbicide-

tolerant lines in crop improvement programs. Metribuzin tolerance in wheat is most likely 

a non-target-based mechanism where metribuzin is detoxicated by a series of metabolic 

enzymes. However, transcriptome-wide gene expression profiling is needed to reveal genes 

and pathways endowing metabolic herbicide resistance in wheat.
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Table 5.7 List of 12 candidate genes with a known function related to photosynthesis and metabolic detoxification  

SNP name 
Chrom

osome 

A  

/B allele 

Tolerant 

allele 

Overlapping 

gene ID 

Length (bp) 

and direction 

Molecular 

function 
Biological process 

wsnp_Ex_c13505

_21253168 
3B A/G B 

Traes_3BF0

91600250CF

D_c1 

3614– 
Glycosyltransfe

rase activity 

Sucrose synthase activity 

xenobiotics degradation 

Kukri_c5295_10

15 
3B T/G A 

TraesCS3B0

2G461800 
3614– 

Glycosyltransfe

rase activity  

Sucrose metabolic process 

xenobiotics degradation 

BS00015680_51 2D T/C B 
TraesCS2D0

2G598000 
822– 

Glutathione 

peroxidase 

(oxidoreductase, 

Peroxidase) 

Protection from oxidative damage 

Kukri_c2937_64

9 
2A A/G B 

TraesCS2A0

2G210100 
3125– 

Glycosyltransfera

se activity  

Metabolic detoxification/ 

xenobiotics degradation 

CAP11_c3631_7

5 
4B A/G B 

TraesCS4B0

2G056800 
1564+ 

Kinase and 

transferase 

activity 

ATP-, 

metal-, magnesium- and nucleotide-

binding 

BS00040929_51 7A A/G B 
TraesCS7A0

2G130600 
1495+ 

Glutathione S-

transferase 

activity 

Phase II metabolic isozymes 

involved in xenobiotic 

detoxification 

Kukri_c1831_12

43 
4A A/G B 

TraesCS4A0

2G446700 
3084– 

Sucrose synthase 

activity 

Sucrose-cleaving enzyme that 

provides UDP-glucose and fructose 

for various metabolic pathways 
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tplb0060b03_921 7B T/C A 
TraesCS7B

02G486500 
1549– 

Photosynthe

sis system II 

assembly 

factor 

YCF48  

YCF48 is necessary for efficient 

assembly and repair of the PSII.  

RAC875_c16644

_491 
7D A/G A 

TraesCS7

D02G2583

00 

1381+ 
Ubiquitination 

pathway 

Stress response, DNA repair, signal 

transduction, cell-cycle control, 

transcriptional regulation and 

vesicular traffic. 

 

Tdurum_contig10

482_110 
4A T/C A 

TraesCS4

A02G4456

00 

1952+ 

Monooxygenas

e, 

oxidoreductase

, iron and 

metal binding 

Cytochrome P450 family metabolize 

potentially toxic compounds including 

drugs and products of endogenous 

metabolism 

GENE-1887_85 3B T/G A 
TraesCS3B

02G045400 
1437– 

Oxidoreductas

e activity  

Catalysis of oxidation-reduction 

reaction 

Tdurum_contig14

460_561 
7B T/C A 

TraesCS7B

02G016400 
3807– 

Hydrolysis of 

ATP to 

energize 

diverse 

biological 

systems. 

ABC module is known to bind and 

hydrolyse ATP in numerous 

biological processes including 

multiple drug resistance 
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5.6 Conclusions 

The simple additive-dominance mode of gene action suggests that a simple selection 

procedure could be successfully exploited in an early segregating generation to select lines 

for metribuzin tolerance breeding in wheat. The present investigation emphasized the 

degree of gene expression in the PSII assembly factor, antioxidants and detoxifying systems 

(CYPs, GSTs, GT, GPX) as the responsible factors for determining metribuzin tolerance in 

wheat. The identified markers could be used in marker-assisted selection of lines for 

breeding tolerant cultivars. Alternatively, tolerant genes could be introduced into elite 

wheat cultivars by natural introgression to enhance metribuzin tolerance. 
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Chapter 6. 

Genes, pathways, mechanisms and novel EST-SSR markers associated with 

metribuzin tolerance in wheat (Triticum aestivum L.) 

6.1 Abstract 

Weeds are the biggest threat to cropping system sustainability and is a major yield-reducing 

factor in wheat. Herbicide tolerance in crops allow effective weed management and better 

productivity. A detailed dose-response study was conducted to identify the most contrasting 

genotypes to metribuzin tolerance. Chuan Mai 25 (CM) survived 1717 g a.i. ha–1 metribuzin 

dose whereas Ritchie (R) did not survive the field-recommended rates of 200 g a.i. ha–1. 

Field screening study confirmed these findings. Next-generation transcriptome sequencing 

of the two most -contrasting genotypes using the high-throughput Illumina NovaSeq 6000 

RNA-Seq platform generated more than 90 million paired-end reads in the control and two 

treatments (24 h and 60 h of herbicide exposure) and a total of 134,274 transcripts were 

identified. After complete transcriptome assembly an average of 77,443 genes was 

identified, of which 59,915 were known genes and 17,528 were novel genes. Detailed 

analyses indicated that endogenous increase of light-harvesting chlorophyll protein 

complex (Lhc) a/b-binding proteins, PSII stability factor HCF136, metabolic detoxification 

enzymes (cytochrome P450, glycosyltransferase, glutathione transferase, oxidoreductase), 

glutathione (GSH) with reactive oxygen species (ROS) scavenging activity, sugars, energy 

and reducing power (ATP, NADPH) conferred metribuzin tolerance in wheat. Metribuzin 

binds the target site D1 protein in PSII, causing specific cleavage of the D1 protein, limiting 

carbon fixation and photosynthesis. Over-expression of Lhc a/b-binding proteins in tolerant 

Chuan Mai 25 promotes carbon fixation and modulates ROS homeostasis during 

metribuzin stress. The PSII stability factor HCF136 is involved in the assembly of PSII 

reaction centre complexes, and replacement of damaged D1 with a new copy. The reported 

metribuzin tolerance genes, mechanisms and EST-SSR markers provide a foundation for 

metribuzin tolerance breeding that is advantageous to the wheat industry.  

 

 

 

 

 

6.2 Background 



Chapter 6 

74 

 

Wheat (Triticum aestivum L.) is a major global cereal crop in terms of production and area 

(FAO 2018) and is a staple food for 40% of the global population due to its wide 

adaptability and easy harvestability (Shiferaw et al. 2013). Wheat is Australia’s principal 

grain crop, contributing up to 15% (100 million tonnes) to world trade. Wheat grows well 

between the latitudes of 30° and 60° N and 27° and 40° S (Curtis et al. 2002). The 

Australian Wheat Promotion Program (2011) proved an important milestone for systematic 

wheat research and real breakthroughs in productivity but many constraints remain related 

to dryland farming yields.  

Weed infestation is a global problem, more so in Mediterranean-type climatic 

regions where wheat and weeds actively grow throughout the cropping season. More than 

60% of the 20 million ha of arable lands in Australia has a typical Mediterranean-type 

climate that is characterised by cool, wet winters and hot dry summers (Siddique et al. 

2000; Turner and Asseng 2005). High weed pressure affects tillering in wheat and thereby 

reduce grain yield. There are instances where weed infestations have reduced wheat yields 

up to 50% (Kleemann and Gill 2009). Weed infestation is estimated to cost $1.3 billion, 

equivalent to around 20% of the gross value of the Australian wheat crop.  

Metribuzin (C8H14N4OS), a triazine herbicide (group C), is a broad-spectrum 

herbicide, registered for controlling a range of monocot (grass) and dicot (broad-leafed) 

weeds, including the most problematic annual ryegrass. Metribuzin is widely used in 

dryland farming systems in Australia and elsewhere. Pre-emergent application controls 

weeds during the early stages of growth, between radicle emergence from the seed and 

seedling leaf emergence through the soil. In particular, pre-emergent application of 

metribuzin reduced barley and brome grass by over 80% with good wheat yields in Western 

Australia [33]. Also, the residual activity of metribuzin controls the first few flushes of 

germinating weeds when the crop is too small to compete and protects the crop from early 

weed competition. However, the narrow safety margin of metribuzin and lack of selectivity 

in wheat results in yield losses, limiting its wider use. Apart from its weed control efficacy, 

tolerance of wheat crops to this herbicide is equally important for maximum crop 

production.  

Herbicide tolerance is an important agronomic trait that allows effective weed 

management in dryland farming. It is increasingly difficult to discover a new herbicide with 

a novel mode of action. Expanding the utility of existing broad-spectrum herbicides with a 

good environmental profile through genetically enhanced herbicide tolerance is a useful 

strategy for effective weed management. There is unprecedented scope for developing 
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metribuzin-tolerant wheat cultivars through molecular breeding due to the wide genetic 

variability for metribuzin tolerance in wheat (Bhoite et al. 2017). Key genes, mechanisms 

and functional markers involved in herbicide tolerance can be explored using transcriptome 

analyses for MAS to develop herbicide-tolerant crops. 

The present study aimed to identify (1) the most contrasting genotypes to 

metribuzin tolerance  by assessing the dose-response relationships of nine potential 

genotypes in a detailed metribuzin dose-response experiment and confirming these 

genotypes in field conditions, (2) key genes, pathways, and mechanism associated with 

metribuzin tolerance in the most-tolerant and most-susceptible wheat genotypes using 

transcriptomic approach (Illumina NovaSeq 6000 platform), and (3) EST-SSR markers for 

MAS and breeding 

 

6.3 Methods 

6.3.1 Herbicide and plant material 

Metribuzin was purchased from Syngenta Crop Protection. The metribuzin dose of 400 g 

a.i. ha–1 was used to create stimulus/stress in tolerant and susceptible genotype. Contrasting 

wheat genotypes, six herbicide-tolerant (HT) and three herbicide-susceptible (HS) (Table 

6.1) identified amongst 946 wheat genotypes from six continents (Australian winter cereals 

collection) (Bhoite et al. 2017) and Western Australian local cultivars (Kleemann and Gill 

2007) —were selected for the detailed dose-response experiment and field screening. The 

two most-contrasting genotypes, Chuan Mai 25 (HT) (origin: China; type: spring) and 

Ritchie (HS) (origin: England; type: spring) were used for transcriptome sequencing. 

Chuan Mai 25 is an advanced cultivar, with a very good disease resistance, which was 

released in 1995.  

 

6.3.2 Detailed dose-response and field screening 

A detailed dose-response experiment with pre-emergent application was conducted in 

glasshouse to determine the most contrasting genotypes and dose-response parameters such 

as I50 value (rate of application for 50% reduction in visual senescence/chlorosis), LD50 

value (rate of application to kill 50% of plants) and GR50 value (rate of application for 50% 

growth reduction). Seeds were sown in 10 cm pots and sprayed with eight metribuzin rates 

(0, 100, 200, 400, 800, 1600, 3200 and 6400 g a.i. ha–1) via a twin flat-fan nozzle 

perpendicular to the direction of sowing in two passes at 200 kPa in a cabinet spray chamber 

calibrated to deliver 118 L water ha–1. The trial was carried out in 2018 in a UWA 
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glasshouse, Australia. The trial comprised nine rows by three columns for each metribuzin 

rate. Each genotype × herbicide treatment was replicated three times with seven plants per 

replicate. Plants were watered every 48 h to ensure that moisture was non-limiting. At 21 

days after treatment (DAT), senescence/chlorosis was rated using a scale of 0 (no 

senescence/phytotoxicity) to 10 (100% senescence/dead). Percentage survival was 

determined by scoring as ‘dead’ or ‘alive’ for all the rates. The above-ground biomass was 

harvested and expressed as a percentage of the mean untreated control. Dose-response 

analyses were carried out using R extension package ‘drc’. Senescence was fitted to the 

three-parameter log-logistic function ‘LL.3’ where the lower limit is equal to 0 to determine 

ER50. Survival and biomass were fitted to the four-parameter log-logistic function ‘LL.4’ 

to determine LD50 and GR50. 

Field screening was conducted to validate the metribuzin effects (data for W167 

and Blade not available) during winter 2018 at the Shenton Park Field Station, Perth, 

Western Australia (coordinates: 31.9480˚S, 115.7955˚E). The R ‘agricolae’ package was 

used to generate a randomised complete block design with three columns by seven rows, 

each column represented a replicate block. Each plot was 1 m2, with six rows spaced 20 cm 

apart and each row had approximately 20 plants at 5 cm spacing, with approximately 120 

plants per plot. Herbicide rates spanned the estimated LD50 confidence range (0, 200, 400 

and 800 g a.i. ha–1). Each herbicide rate had three randomised replicate plots in three blocks. 

Metribuzin was sprayed using a hand-held liquid herbicide applicator immediately after 

sowing. At 21 DAT, senescence and survival rate were recorded as described above. Dot 

plots for field screening data were generated using the ‘ggplot2’ library in R. 

 

6.3.3 Tissue collection and RNA isolation 

The two most-contrasting wheat genotypes, Chuan Mai 25 (HT) and Ritchie (HS) were 

analysed for transcriptome sequencing. Seeds were surface sterilised in 3% NaClO, for 10 

min and washed three times followed by 24 h imbibition in double-distilled water. The 

seedlings were propagated in 1 L pots containing river sand in a growth chamber at 

25C/15C (day/night) with a 16 h photoperiod at a light intensity of 800±200 µE m–2 s–1 

and 8 h dark and relative humidity (55%). Twelve days after sowing fully-grown seedling 

(3–5 leaf stage) in three replicates were uniformly sprayed with metribuzin at 400 g ai ha–

1 using a twin flat-fan nozzle as described above. Young leaf tissue was harvested 

aseptically from the control and treatments after 24 h and 60 h of herbicide exposure (HE) 
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and frozen immediately in liquid nitrogen and stored at −80C for RNA isolation. Total 

RNA was isolated using an RNA plant mini kit (BIOLINE) according to the manufacturer’s 

instructions. RNA quantity and quality were measured with a Bioanalyser. 

 

6.3.4 Library preparation and pre-processing of Transcriptome Datasets 

Illumina sequencing was performed using next-generation high-throughput NovaSeq 6000 

RNA-Seq Illumina platform according to the manufacturer’s instructions (Illumina, San 

Diego, CA). Illumina paired-end reads (2 × 100 bp) were generated using RNA of Chuan 

Mai 25 (HT) and Ritchie (HS). NovoSeq 6000 sequencing platform generated an average 

of 12.38 Gb bases per sample. The raw reads were pre-processed before downstream 

analyses for (1) adaptor contamination, (2) reads with unknown nucleotides comprising 

more than 5%, (3) low quality reads with ambiguous sequence ‘N’,, and (4) very short (35 

bp) sequences using SOAPnuke software (v1.5.2 available at https://github.com/BGI-

flexlab/SOAPnuke). The sequencing data have been submitted to the Sequence Read 

Archive in National Centre for Biotechnology Information (NCBI); BioProject ID: 

PRJNA555667, BioSample accession: SAMN12325611. 

 

6.3.5 Transcriptome assembly and novel transcripts prediction 

Processed high-quality clean reads were mapped to the reference genome using HISAT 

(v2.0.4 available at http://www.ccb.jhu.edu/software/hisat) (Kim et al. 2015). Mapping 

results were viewed using the Integrative Genomics Viewer tool which supports multiple 

sample comparisons and shows the distribution of reads in exon, intron, UTR and intergenic 

areas based on the annotation result. After genome mapping, String Tie (v1.0.4 available 

at http://ccb.jhu.edu/software/stringtie) (Pertea et al. 2015) was used to reconstruct novel 

transcripts identified using Cuffcompare, a tool of Cufflinks (v2.2.1 available at http://cole-

trapnell-lab.github.io/cufflinks) (Trapnell et al. 2012) and the coding ability of novel 

transcripts was predicted by using CPC (v0.9-r2 available at http://cpc.cbi.pku.edu.cn) 

(Kong et al. 2007). The novel coding transcripts were merged with reference transcripts to 

obtain the complete reference before mapping the clean reads to the reference genome using 

Bowtie2 (Langmead and Salzberg 2012). Subsequently, novel genes, SNP and INDELs 

were detected.  

 

6.3.6 Gene expression analysis 

https://github.com/BGI-flexlab/SOAPnuke
https://github.com/BGI-flexlab/SOAPnuke
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The gene expression level for each sample was calculated using a RSEM software (v1.2.12 

available at http://deweylab.biostat.wisc.edu/RSEM) (Li and Dewey 2011). The relative 

transcript abundance in the different treatment groups was obtained using the FPKM 

method (fragments per kilobase of transcript per million mapped reads) (Anders and Huber 

2010). FPKM = (1000000*C)/(N*L/1000), C represents the amount of fragment mapped 

to the specific transcripts, N represents the amount of fragment mapped to any transcripts 

and L represents the base amount of the specific transcripts. Differentially expressed genes 

(DEGs) are detected based on the poisson distribution of DEGseq (Wang et al. 2009). To 

delineate herbicide resistance mechanism(s) in the wheat transcriptome, DEGs were 

grouped into three combinations, namely, HT-C-vs-HS-C, HT-24h-vs-HS-24h and HT-

60h-vs-HS-60h. Transcription factors (TFs) were classified based on DEGs. The genes 

significantly enhanced with cut-off logFC ≥ 5.0 were used to identify the metabolic 

pathways associated with metribuzin tolerance in wheat. 

 

6.3.7 DEG analyses to reveal genes and regulatory pathways associated with 

metribuzin tolerance 

DEGs were classified according to official classification based on gene ontology (GO) 

functional enrichment and pathway functional enrichment using ‘phyper’, a function of R. 

A cut-off value of false discovery rate (FDR) ≤ 0.01 was used to filter the significant 

enrichment. A ‘getorf’ was used to find open reading frame (ORF) of DEGs. ORFs were 

aligned to TF domains (from PlnfDB) using hmmsearch (v3.0 available at 

http://hmmer.org). To obtain the interaction between DEG encoded proteins, I used 

DIAMOND (v0.8.31 available at https://github.com/bbuchfink/diamond) (Buchfink et al. 

2015) to map the DEGs to the STRING database (v10 available at http://string-db.org/) 

(Von Mering et al. 2005). Cytoscape software was used for network analysis and 

visualization. 

 

 

 

6.3.8 New EST-SSR markers for metribuzin tolerance in wheat 

A universal web-tool, PolyMorphPredict (http://webtom.cabgrid.res.in/polypred/) (Das et 

al. 2018) was used to identify SSRs. Genes related to photosynthesis (PSI and PSII), ROS 

scavengers/antioxidants and metabolic detoxification, with higher-fold expression (logFC 

≥ 5.0, q-value < 0.05), contributing to metribuzin tolerance were used to survey potential 

http://hmmer.org/
https://github.com/bbuchfink/diamond
http://string-db.org/
http://webtom.cabgrid.res.in/polypred/
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SSRs. The mono-, di-, tri-, tetra-, penta-, and hexa-nucleotides were designed with 

minimum repeat numbers of 10, 6, 5, 5, 5, and 5 for the SSRs, respectively.  

 

6.3.9 Validation of gene expression by RT-PCR  

First-strand cDNA synthesis was done using SensiFAST™ (BIOLINE) as per the 

manufacturer’s protocol. qPCR primers were designed using 20 randomly selected  

transcripts in Primer 3 software (Untergasser et al. 2012; Koressaar and Remm 2007). The 

wheat actin 2 gene was used as the housekeeping gene for normalisation. PCR was 

performed with SYBR Green (7500 Applied Bio systems Foster, CA, USA) using the 

standard 40 cycles and melt curve. PCR conditions were standardized to obtain 

amplification in a linear relationship. Each reaction was carried out in triplicates and ∆∆CT 

values were obtained for gene expression fold-change analysis. 

 

6.4 Results 

6.4.1 Comprehensive screening to identify the most-tolerant and most-susceptible 

genotypes for transcriptome sequencing 

The dose-response parameters (ED50, LD50 and GR50) differed significantly in the tolerant 

and susceptible genotypes (Table 6.1). Chuan Mai 25 consistently had the highest values 

across ED50, LD50 and GR50 and highest fold tolerance (R:S ratio) while Ritchie 

consistently had the lowest values, amongst the nine genotypes (Table 6.1). The field data 

for the metribuzin tolerance screening are presented in Fig 6.1. The field-recommended 

rates of metribuzin (150 –200 g a.i. ha–1) was sufficient to kill susceptible Ritchie. Chuan 

Mai 25 had the lowest senescence and highest survival rate, whereas, Ritchie had the 

highest senescence and lowest survival rate among all genotypes (Fig 6.1). This confirms 

that Chuan Mai 25 and Ritchie are the most-tolerant and most-susceptible genotypes, 

respectively. 

 

 

6.4.2 Transcriptome assembly and novel genes 

The Illumina NovaSeq 6000 platform, generated about 12.38 Gb average bases per sample 

and 82.54 million clean reads (Table 6.2). The average mapping ratio of clean reads with 

the reference genome and gene was 89.6% and 68.4%, respectively. A total of 134,274 

novel transcripts were identified, of which 35,420 had a previously unknown splicing event 

for known genes/novel isoform, 27,699 were novel coding transcripts, and 71,155 were 
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long noncoding RNA (Table 6.3). The complete reference transcriptome was obtained by 

merging the novel coding transcripts with reference transcripts. A summary of the average 

total genes expressed in three replicates in the control and two treatments (24 h and 60 h 

HE) are presented in Table 6.4. After complete transcriptome assembly, an average total of 

77,443 genes was identified, of which 59,915 were known genes and 17,528 were novel 

genes. These genes were compared with the NCBI non-redundant protein for functional 

annotation. 

 

 

Fig 6.1 Dot plots showing metribuzin response in the field measured in terms of senescence 

and % survival at different doses [0 (control), 100, 400 and 800 g a.i. ha–1]. Genotypes are 

represented by different coloured dots. CM, Chuan Mai 25; R, Ritchie 

 

6.4.3 Identification of DEGs 

Gene expression comparisons between Chuan Mai 25 and Ritchie in the control and two 

treatments (24 h and 60 h HE) revealed commonly and differentially expressed genes (HT-

C-vs-HS-C, HT-24h-vs-HS-24h and HT-60h-vs-HS-60h) (Fig 6.2). Most of the DEGs in 

the inter-groups are related to metribuzin tolerance; the distribution trends of differentially 

and non-differentially expressed genes, with up-regulated and down-regulated gene 

numbers in the control and treatments are presented in volcano plots (Fig 6.3). The 

comparison revealed the sum total of commonly and differentially expressed genes: 24,108 

in the control (Fig 6.2), 24,783 at 24 h HE (Fig 6.2) and 23,664 at 60h HE (Fig 6.2). A 

comparison of  HT-24h-vs-HS-24h and HT-60h-vs-HS-60h  revealed a total of 7,736 and 

7,460 unique DEGs (Fig 6.2), respectively, related to herbicide tolerance in wheat. These 
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DEGs were integrated to investigate the significantly enriched genes and pathways 

involved in the herbicide tolerance mechanism.  

 

6.4.4 Transcription factors and pathway analysis of DEGs  

A total of 59 transcription factors associated with 7,227 DEGs from complete transcriptome 

were identified (Fig 6.4). Transcription factors belonging to MYB (852), MYB-related 

(701), AP2-EREBP (584), ABI3VP1 (546), bHLH (484), NAC (464), FAR1 (408), 

mTERF (340), WRKY (300) and MADS (287) families were over-expressed in the 

metribuzin treatments (Fig 6.4). 

The KEGG enrichment analysis helped us to further understand the biological 

functions of DEGs. Abundant carbon metabolism, enzyme catalytic activity, binding, 

transporter and detoxification related GO terms were significantly enriched in biological 

and molecular function. Scatterplots showed the top 20 significantly enriched pathways, 

with 24 h and 60h HE the most significant (Fig 6.5a, b). At 24 h HE (Fig 6.5a), significant 

enrichments occurred for carbon metabolism, fructose and mannose metabolism, 

homologous recombination, biosynthesis of amino acids, plant-pathogen interaction (R 

genes), pyrimidine metabolism, galactose metabolism and amino sugar and nucleotide 

sugar metabolism. The genes regulated around these pathways were early genes generated 

in response to metribuzin stress. Increased exposure to metribuzin, 60 h HE, caused over-

expression of photosynthetic enzymes and ROS scavengers/antioxidants (Fig 6.5b).  

 

 

 



Chapter 6 

82 

 

Fig 6.2 Venn diagram showing overlap of DEGs for inter-group comparisons in herbicide- 

tolerant (HT) and herbicide-susceptible (HS) genotypes in the control, 24 h and 60 h 

metribuzin treatments. 

 

 

Fig 6.3 Volcano plots showing genes that were differentially expressed in HT and HS inter-

groups at control, 24 h and 60 h of herbicide exposure. Each dot represents fold-change 

logarithmic values in libraries derived from each genotype. The greater the deviation from 

zero the greater the differential expression level. Red points represent up-regulated 

differentially expressed genes (DEGs). Blue points represent down-regulated DEGs. Grey 

points represent no-DEGs. 

 

6.4.5 Hub genes related to metribuzin tolerance in wheat 

A total of 91 photosynthesis-related genes were significantly expressed (logFC ≥ 5.0, q-

value < 0.05) under metribuzin stress, including genes related to PSI, PSII, light harvesting 

chlorophyll protein complex (Lhc) a/b-binding proteins, PSII stability factor HCF136, PSII 

oxygen-evolving complex (Appendix 3). There is an active participation of Lhc a/b-binding 

proteins in response to metribuzin stress (Fig 6.6). Lhc a-binding protein and Lhc b-binding 

protein is embedded in thylakoid membrane of PSI and PSII in chloroplast, respectively, 

which primarily collect and transfers light energy to photosynthetic reaction centres. In this 

study, Lhcs’ were down-regulated in susceptible Ritchie but up-regulated in tolerant Chuan 

Mai 25 under metribuzin stress with 60 h HE (Fig 6.6). The over-expression of Lhca1, 

Lhca4, Lhcb1-6 in the tolerant Chuan Mai 25 conferred metribuzin tolerance.  Enzymatic 

and non-enzymatic components were synthesised in response to metribuzin stress. The 

enzymatic components comprise several antioxidant enzymes involved in alleviating 

oxidative stress.   

 



Chapter 6 

83 

 

6.4.6 New EST-SSRs for marker-assisted selection 

A total of 135 potential EST-SSRs (Appendix 4) were identified from a total of 660 

transcripts containing both novel and known genes. Of the 135 EST-SSRs, 21 were 

compound microsatellites. The most abundant type was repeated tri-nucleotide (72, 

53.3%), followed by di- (56, 41.4%), and tetra- (7, 5.1%). In di-nucleotide repeats, TG 

(25%) was the most abundant motif (%), followed by GT (14.2%) and TC (14.2%). In tri-

nucleotide repeats, CGC (13.8%) was the most abundant motif, followed by GAG (12.5%), 

CCT (11.1%), and GCC (11.1%). In tetra-nucleotide repeats, GTGC (28.5%) and TGTT 

(28.5%) were the most abundant motifs. The AGG/CCT motifs had the highest repeat type, 

followed by AC/GT, AG/CT, and CCG/CGG (Fig 6.7). 
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Table 6.1 Dose-response parameters- ED50, LD50, and GR50 with 95% confidence intervals in parentheses for genotypes  

aStandard deviation shown in parenthesis 
b95% confidence intervals of differential dose 
cR:S ratios calculated as ratio of ED50, LD50 and GR50 values of resistant and most susceptible (Ritchie) genotypes 

ED50, metribuzin rate resulting in 50% response in senescence 

LD50, metribuzin rate resulting in 50% mortality 

GR50, metribuzin rate resulting in 50% reduction in biomass  

Abbreviations: NA, not applicable 

 

 

 

 

Genotype 
ED50

a 

(g ai ha–1) 
95% CIb 

ED50 

R:S ratioc 

LD50  

(g ai ha–1) 
95% CIb 

LD50  

R:S ratioc 

GR50  

(g ai ha–1) 
95% CIb 

GR50  

R:S 

ratioc 

Chuan Mai 25 (CM) (T) 1233 (155) 925–1540 2.8 1717 (416) 893–2541 3.6 735 (225) 289–1180 2.5 

Fundulea 490 (F) (T) 660 (133) 495–925 1.5 1015 (300) 421–1611 2.1 453 (72) 209–496 1.2 

Eagle Rock (ER) (T) 891 (123) 630–1152 2.0 1596 (229) 1142–2049 3.3 613 (68) 477–749 2.1 

Kite (K) (T) 718 (44) 630–805 1.7 920 (151) 620–1220 1.9 671 (215) 245–1097 2.3 

Blade (B) (T) 1045 (230) 590–1499 2.4 1546 (565) 428–2110 3.2 659 (242) 180–1138 2.3 

W 167 (W) (T) 699 (113) 476–921 1.6 891 (168) 558–1123 1.8 683 (249) 190–1176 2.3 

Ritchie (R) (S) 434 (49) 337–532 NA 472 (35) 401–543 NA 286 (79) 128–444 NA 

Spear (S) (S) 696 (95) 505-886 1.6 764 (102) 560–768 1.6 307 (32) 243–372 1.0 

Dagger (D) (S) 448 (34) 380–517 1.0 480 (32) 416–545 1.0 323 (22) 278–367 1.1 
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Table 6.2 Wheat transcriptome dataset from two extreme genotypes—tolerant (Chuan Mai 25) and susceptible (Ritchie) — in the control 

and two treatments (24 h and 60 h of herbicide exposure) and a summary of genome mapping 

 

 

  

 

 

 

 

 

 

 

Total 

raw reads: reads before filtering, Unit: Mb; Total clean reads: reads after filtering, Unit: Mb; Total clean bases: total base amount after 

filtering, Unit: Gb; Total mapping ratio: percentage of mapped reads; Uniquely mapping ratio: percentage of reads that map to only one 

location of reference. 

 

Table 6.3 Summary of novel transcripts 

Total novel transcripts Coding transcripts Noncoding transcripts Novel isoform Novel gene 

134,274 63,119 71,155 35,420 27,699 

Total novel transcript: amount of novel transcripts; Coding transcript: amount of coding transcripts; Noncoding transcript: amount of 

noncoding transcripts; Novel isoform: amount of novel coding transcripts with splicing event for a known gene; Novel gene: amount of 

novel coding transcript

Genotype Type Class 

Total raw 

reads 

(Mb) 

Total clean 

reads (Mb) 

Total clean 

bases (Gb) 

Total mapping 

ratio (%) 

Uniquely mapping 

ratio (%) 

Chuan Mai 25 Tolerant Control 90.09 82.02 12.30 88.14 68.13 

Chuan Mai 25 Tolerant Exposed- 24 h 90.09 82.60 12.39 88.87 67.05 

Chuan Mai 25 Tolerant Exposed- 60 h 91.01 82.81 12.42 90.63 72.08 

Ritchie Susceptible Control 90.47 82.34 12.35 88.36 67.12 

Ritchie Susceptible Exposed- 24 h 91.48 82.75 12.41 91.58 72.11 

Ritchie Susceptible Exposed- 60 h 90.09 82.75 12.41 90.39 72.78 
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Fig 6.4 Transcription factor family classification for the 7,227 DEGs from the complete 

transcriptome. 

Table 6.4 Gene statistics used for differentially expressed gene analyses 

Total gene number:  total number of all genes, Known gene number:  number of known 

genes; Novel gene number: number of novel genes 

 

 

Genotype Type Class 
Total gene 

number 

Known gene 

number 

Novel gene 

number 

Chuan Mai 25 Tolerant Control 76,070 59,456 16,614 

Chuan Mai 25 Tolerant Exposed- 24 h 76,402 59,189 17,212 

Chuan Mai 25 Tolerant Exposed- 60 h 77,069 59,167 17,902 

Ritchie Susceptible Control 78,567 61,397 17,170 

Ritchie Susceptible Exposed- 24 h 77,578 59,837 17,741 

Ritchie Susceptible Exposed- 60 h 78,975 60,443 18,532 
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Fig 6.5 (a) Scatterplot of enriched KEGG analyses for DEGs at different 24 h and 60 h after 

metribuzin exposure. The rich factor indicates the ratio of DEG numbers annotated in this 

pathway group to total gene numbers annotated in this pathway group. The larger the rich 

factor, the larger the degree of pathway enrichment. Point colour indicates the q-value 

(high: white, low: blue), lower q-values in darker blue indicate more significant enrichment. 

Point size indicates DEG number (bigger dots reflect to larger amounts) and (b) most 

significantly enriched KEGG-DEG (differential expression gene) relationship network. 

Red arrows are the most significantly enriched pathways. 
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Fig 6.6 Photosynthesis antenna proteins with light harvesting chlorophyll antenna/protein 

complex (LHII and LHI) on PSII and PSI in Plants (Source: Kanehisa Laboratories). Up-

regulated genes in metribuzin-tolerant wheat genotype are marked with green border and 

down-regulated genes are marked with red border and no-change genes are marked with 

black border.  

 

Fig 6.7 Relative frequency of SSR motifs repeat types based on SSR detected in 

significantly enriched genes related to photosynthesis and metabolic detoxification.   
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6.4.7 Experimental validation of differential expression data by qRT-PCR 

The fold-changes logFC of gene expression obtained from transcriptomic approach and 

qRT-PCR largely corresponded with each other (Fig 6.8). 

 

 

Fig 6.8 Gene expression fold-change measured by qRT-PCR and transcriptome approach. 

 

6.5 Discussion 

We focused on unravelling gene networks, mechanisms and pathways associated with 

metribuzin tolerance in hexaploid wheat using a unique top-to-bottom three tiered strategy. 

In the first tier, metribuzin effects were investigated in 946 wheat germplasms (Australian 

winter wheat collection) from different regions of the world (Bhoite et al. 2017). Our 

metribuzin tolerance screening identified promising contrasting genotypes. Identification 

of the most contrasting genotypes is a pre-requisite for better resolution and deeper insight 

into genes and mechanisms involved in herbicide tolerance. Therefore, in the second tier, 

a detailed dose-response experiment and field screening were conducted using potential 

contrasting genotypes to identify the most contrasting genotypes (Fig 6.9). Chuan Mai 25 

and Ritchie were the most contrasting genotypes for metribuzin tolerance when compared 

with the present known sources. Discovery of the most contrasting genotypes lays a strong 

foundation for genetic and genomic studies to assist in the development of herbicide-

tolerant cultivars with a wide safety margin. The third tier focused on transcriptome 

sequencing of Chuan Mai 25 and Ritchie using the Illumina NovaSeq6000 platform. The 
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DEGs identified gene networks, pathways/metabolic enzymes and mechanism(s) 

contributing to metribuzin tolerance in wheat (Fig 6.9).  

 

Fig 6.9 Proposed model showing research phases to develop herbicide-tolerant cultivars.  

 

6.5.1 Mechanism(s) for metribuzin tolerance in wheat 

Metribuzin limits CO2 fixation and over‐reduction of the electron transport chain resulting 

in ROS (Mittler et al. 2004) and generate an abiotic stress that produces ROS, such as O2·
−, 

H2O2, 
1O2, OH·, which are extremely toxic and trigger membrane lipid peroxidation and 

rapid destruction of cellular constituents, resulting in oxidative stress and cell injury or 

death (Sharma et al. 2012). Metribuzin is a potent PSII inhibitor. It binds the target site D1 

protein in PSII and inhibits electron flow between the primary electron acceptor and 

plastoquinone. This leads to selective and specific cleavage of the D1 protein, arresting 

photosynthesis which has two serious effects. Firstly, the D1 protein turnover cause the 

eventual breakdown of PSII, producing ROS in the chloroplast followed by bleaching of 

chlorophyll as a secondary action. Secondly, the energy currencies of cells, ATP and 

NADPH used in CO2 fixation in the Calvin cycle are limited; consequently, the 

photosynthetic electron transport chain is further over-reduced, producing superoxide 

radicals and singlet oxygen in the chloroplasts (Bechtold et al. 2004; HongBo et al. 2005; 

Li and Jin 2007).  

The present study suggests that metribuzin tolerance in wheat is metabolism-based. 

Two major metabolic pathways—glycolysis and pentose phosphate pathway—are over-

regulated in response to early metribuzin stress in tolerant wheat (Fig 6.10). The co-
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ordinated interplay between these metabolic pathways increases—the influx of energy 

(ATP), reducing powers [reduced nicotinamide adenine dinucleotide (NADH), NADPH 

and flavin adenine dinucleotide (FADH2)], and intermediates for biosynthetic and 

metabolic detoxification processes (Ma et al. 2015; Keller et al. 2014) are essential for 

supporting the antioxidant system and preventing oxidative damage to DNA, proteins and 

lipids (de Freitas-Silva et al. 2017).  

Early genes regulated in response to metribuzin stress (24 h HE) (Fig 6.5a) belong 

to carbon metabolism, fructose and mannose metabolism, homologous recombination, 

amino acid biosynthesis, pyrimidine metabolism, galactose metabolism and amino sugar 

and nucleotide sugar metabolism. Metabolites such as fructose and mannose are 

synthesised to protect membranes and proteins from oxidative stress by ROS. Genes 

involved in homologous recombination are significantly enriched to repair harmful breaks 

in DNA and restore the essential molecular function in cells (Yoshiyama et al. 2013; Bray 

and West 2005). Galactose is involved in glucose synthesis, and pyrimidines serves the role 

of ATP for glucose synthesis (Zrenner et al. 2006), promoting nutrient remobilisation and 

preventing senescence. Increased exposure to metribuzin (60 h) caused over-expression of 

photosynthetic enzymes involved in carbon fixation and glucose synthesis catalysed by 

Rubisco (Fig 6.10). Glutathione metabolism removes free radicals and prevents oxidative 

damage to DNA, proteins and lipids. Ascorbic acid (antioxidant) functions as a cofactor for 

enzymes in photosynthesis, and the synthesis of plant hormones (Gallie 2013). 

 

6.5.2 Enzymatic and non-enzymatic components for ROS detoxification 

The DEG analysis suggested that ROS‐scavenging enzymes such as superoxide dismutase, 

catalase, glutathione S-transferase (GSTs), glutathione peroxidase, cytochrome P450 

(CYPs), cytochrome reductase, cytochrome peroxidase, oxidoreductase, ABC transporters, 

glycosyltransferase (GT), UDP-galactosyltransferase and ubiquitin transferase were over-

expressed to prevent oxidative stress during herbicide stress in the tolerant wheat genotype, 

Chuan Mai 25. Some of the herbicide is detoxified before it reaches target site. CYPs add 

a reactive group such as hydroxyl, carboxyl, or an amino group through oxidation to 

herbicide molecule, making it a polar molecule (phase I detoxification) and transferases 

(phase II detoxification enzymes) conjugates the addition of water-soluble group to the 

reactive site of polar molecule. The identified gene superfamilies or domains are essentially 

xenobiotic detoxifying enzymes involved in vacuolar sequestration of conjugated herbicide 

metabolites. The non-enzymatic components/antioxidants such as ascorbic acid and 
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glutathione (GSH) have ROS scavenging function and plays a protective role during 

metribuzin stress. GSH function with GSTs to detoxify herbicides by tagging electrophilic 

compounds for removal during oxidative stress (Edwards et al. 2000; Marrs and Walbot 

1997). 

Overexpression of ROS‐responsive regulatory genes, which regulate a large set of 

genes involved in acclimation mechanisms, is a powerful strategy for enhancing herbicide 

tolerance in wheat. The ability of wheat genotypes to metabolize herbicides are largely 

dependent on the genetic expression of these enzymes. Difference in metribuzin tolerance 

expression is a result of genetic polymorphisms resulting in an altered expression. This is 

confirmed by SNP discovery in metribuzin-tolerant and –susceptible wheat groups using 

90K iSelect SNP genotyping assay. The polymorphic SNP loci between the two groups 

detected genes on chromosomes (2A, 2D, 3B, 4A, 4B, 7A, 7B, 7D) encoding metabolic 

detoxification enzymes (cytochrome P450, glutathione S-transferase, glycosyltransferase, 

ATP-binding cassette transporters and glutathione peroxidase). I have mapped QTL for 

metribuzin tolerance in wheat. The genes underlying the QTL support range on 

chromosomes-1AS (oxidoreductase), 2DS (glycosyltransferase), 4AL (transferase activity) 

are involved in metabolic detoxification. The integration of present transcriptomic 

analyses, previous metribuzin-tolerant QTL mapping (Bhoite et al. 2018), and SNP 

discovery using 90K iSelect SNP genotyping assay in metribuzin-tolerant and -susceptible 

wheat genotypes suggests that enzymatic components play a significant role in modulating 

ROS homeostasis and the acclimation response of wheat to metribuzin tolerance 
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Fig 6.10 Proposed mechanism for signal transduction, transcription regulation and gene activation for metribuzin stress adaptation in tolerant 

wheat.
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6.5.3 Over-expression of Lhc a/b binding proteins and PSII stability/assembly factor 

HCF136 confers metribuzin tolerance in wheat 

PSII functions as a water-plastoquinone oxidoreductase in oxygenic photosynthesis. The 

redox components, required for PSII function are localised on the heterodimer of the Dl 

and D2 proteins of the PSII reaction centre (Fig 6.6). Lhc a/b-binding proteins are typically 

complexed with chlorophyll and xanthophylls and serve as the antenna complex, which 

regulate the distribution of excitation energy between PSII and PSI (Jansson 1994). 

Regulation of Lhc a/b-binding proteins is an important mechanism in plants to modulate 

chloroplast functions (de Montaigu et al. 2010; Pruneda-Paz and Kay 2010). This study 

suggests that over-expression of Lhc a/b binding proteins (Fig 6.6) in metribuzin tolerant 

wheat (Chuan Mai 25), promotes carbon fixation and modulates ROS homeostasis during 

metribuzin stress.  

HCF136—the thylakoid-embedded large pigment-protein complexes of the 

photosynthetic electron transfer chain—is involved in the assembly of PSII reaction centre 

complexes, de novo synthesis of the D1 protein and the selective replacement of damaged 

D1 protein during PSII repair (Komenda et al. 2008). Lower expression of HCF136 in 

susceptible Ritchie during metribuzin stress resulted in the accumulation of damaged PSII 

proteins, which increased oxidative stress. Photosynthesis cease when degradation and PSII 

repair do not balance under herbicide stress. This implies that in susceptible wheat, a 

reduction in fundamental processes such as photosynthesis produce oxidative stress in 

chloroplast, which extends beyond PSII to cause a down-regulation of total carbon gain 

and imbalance between the rate of photo-damage to PSII and the rate of the repair of 

damaged PSII, reducing plant yield in susceptible genotypes. 90K iSelect SNP genotyping 

assay in our previous investigation detected polymorphism between tolerant and 

susceptible wheat genotypes in the gene encoding PSII assembly factor involved in PSII 

repair. This suggests that metribuzin-tolerant wheat genotypes have inherently high 

photosynthetic efficiency.   

 

6.5.4 Transcription factors 

Biotic and abiotic stresses trigger a wide range of plant responses, from the alteration of 

gene expression and cellular metabolism to changes in plant growth and development. The 

transcription factors (TFs) play critical roles in regulating stress responses in plants. The 

present study suggests that transcription factors belonging to the MYB, AP2-EREBP, 

ABI3VP1, bHLH, NAC, FAR1, mTERF, WRKY families are over-expressed to enrich 
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ROS scavenging activity and photosynthetic genes during metribuzin stress in tolerant 

wheat. The MYB and NAC genes constitute one of the largest families of plant-specific TFs 

that play important roles in the regulation of the transcriptional reprogramming associated 

with plant stress responses. Recent extensive genetic and molecular studies using 

knockout/knockdown mutants and overexpression transgenic lines in model plants and crop 

plants have demonstrated that many TFs belonging to the MYB, NAC (Shao et al. 2015; 

Nuruzzaman et al. 2013; Puranik et al. 2012), AP2/EREBP (Mizoi et al. 2012), WRKY 

(Chen et al. 2012; Rushton et al. 2012), and bHLH families play important roles in plant 

responses to abiotic and biotic stresses (Nakashima et al. 2014). 

 

6.5.5 Marker-assisted selection and herbicide-tolerant wheats 

The identified key genes may be used to breed elite wheat cultivars or develop new tolerant 

cultivars, with better photosynthetic efficiency and ROS scavenging activity. The EST-

based SSR markers identified in significantly enriched genes relating to photosynthetic and 

metabolic detoxification enzymes will be a great resource for MAS for metribuzin tolerance 

breeding (Fig 6.10). Improved metribuzin tolerant wheat varieties would help manage 

problematic weeds prominent in agricultural systems, including brome grass (Bromus 

spp.), barley grass (Hordeum spp.), ryegrass (Lolium rigidum Gaudin), silver grass (Vulpia 

myuros and Vulpia bromoides) and wild radish (Raphanus raphanistrum L.). In conclusion, 

the use of improved metribuzin-tolerant wheats will help farmers to (1) minimise the early 

cohorts of problematic weeds, removing early wheat and weed competition and increasing 

wheat productivity, and (2) to promote crop rotations with other herbicide-tolerant crops, 

such as narrow-leafed lupin (Lupinus angustifolius L.), a major grain legume crop in WA, 

and canola (Brassica napus L.) to assist in sustainable farming systems.  

 

6.6 Conclusion 

We established a new pipeline for developing herbicide-tolerant wheat cultivars using a 

transcriptome sequencing approach. The master regulators that control metribuzin stress in 

wheat provide promising avenues for enhancing wheat tolerance to metribuzin. The study 

suggested that higher-fold expression of Lhc a/b-binding proteins, PSII stability/assembly 

factor HCF136, photosynthetic enzymes, glucose synthesis and ROS scavengers plays an 

integral role in acclimation response to metribuzin stress in wheat and crucial to develop 

metribuzin tolerant wheats. The gene-based EST-SSR markers will assist in MAS to 
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develop new herbicide-tolerant wheat cultivars. Alternatively, key genes could be 

introgressed into elite wheat cultivars to improve metribuzin tolerance.  
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Chapter 7. General Discussion 

 

7.1 Introduction 

Wheat is a major food source worldwide and the number one grain crop in Australia. Weed 

infestation in dryland farming reduces grain yield by up to 50% in wheat production 

(Kleemann and Gill 2009). Not only do weeds compete with the crop for nutritional needs 

but also harbour disease-causing fungi, bacteria and insect pests. Weed pressure in wheat 

seedlings negatively affects tillering and reduces crop yields. Effective weed management 

during the early seedling stage would have positive compound effects on grain yield. 

Identification of a tolerant crop ideotype would assist wheat breeders in the selection of 

herbicide-tolerant wheat lines. Integrated, effective weed control is economically vital for 

sustainable food production. 

This research has contributed to knowledge with the following evidence: 

a) Genetic variability of metribuzin tolerance exists in wheat. Contrasting genotypes 

for metribuzin tolerance were identified from the intercontinental diverse genetic 

pool using a rapid screening technique (https://doi.org/10.1071/CP17017). The 

most contrasting genotypes were used for genetic studies, SNP discovery and 

transcriptome analyses. 

b) The simple additive–dominance mode of gene action and high heritability in F5–7 

RILs of Chuan Mai 25 × Ritchie suggests that a simple selection procedure could 

be successfully exploited in an early segregating generation to identify lines for 

metribuzin tolerance breeding in wheat. 

c) SNPs identified in diverse gene pools using a wheat 90K iSelect SNP genotyping 

assay could be used in the MAS of lines to breed metribuzin-tolerant cultivars. 

d) For the first time, QTL contributing to metribuzin tolerance in wheat have been 

reported. Three QTL, jointly explaining 45% phenotypic variation for metribuzin 

tolerance in wheat, were identified on chromosomes 4A, 2D and 1A. The markers 

within the support interval, as published (https://rdcu.be/bbLTp), have been 

validated in other bi-parental mapping populations with different genetic 

backgrounds; therefore, validated markers could be used to breed metribuzin-

tolerant cultivars.  

 

https://doi.org/10.1071/CP17017
https://rdcu.be/bbLTp
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e) Transcriptome analyses of susceptible and tolerant wheat to decipher genes and key 

pathways involved in herbicide resistance was investigated. The most tolerant and 

susceptible genotypes identified by detailed dose–response studies and field 

screening are used for transcriptome sequencing. The DEGs reveal genes, 

pathways/mechanisms and markers contributing to metribuzin tolerance in wheat.  

 

7.2 New sources of metribuzin tolerance and susceptibility 

This study investigated metribuzin tolerance in 946 genotypes with diverse genetic 

backgrounds from six continents. Varietal differences in metribuzin tolerance were 

explored by measuring chlorophyll content in control and metribuzin-treated seedlings with 

a SPAD meter. The relatively simple estimation of chlorophyll content is an efficient and 

effective method for ranking genotypes into three distinct phenotypic classes: tolerant, 

moderately tolerant and susceptible. Differential dose, which distinguishes tolerant and 

susceptible wheat lines, was analysed using dose–response parameters (I50 and LD50). A 

confirmed dose of 800 g a.i. ha–1 could differentiate between metribuzin-tolerant and -

susceptible lines. The experimental design with two-directional blocking used to model the 

spatial variation (Stefanova et al. 2009) was instrumental in selecting potential tolerant or 

susceptible genotypes.   

Several accessions with higher metribuzin tolerance or susceptibility than the 

present sources were identified; Fundulea 490, China Sh 126, Chuan Mai 25, Changvei 20 

and Odesskaja had the highest tolerance, and AUS 6106, Armenia 9, H 1594, Turkey 1558 

and Ritchie had the lowest (i.e. highest susceptibility). The phenotypic variation in relative 

chlorophyll content of wheat genotypes from six continents provides a selection basis for 

crop improvement in terms of metribuzin tolerance. Generally, domesticated forms of 

hexaploid wheat (T. aestivum and T. spelta) and tetraploid wheat (T. durum) had the 

smallest chlorophyll reductions with better metribuzin tolerance than wild forms. The 

identified genotypes are suitable materials for genetic studies and breeding of metribuzin 

tolerance. A clear understanding of the genetics and mechanisms of metribuzin tolerance 

is vital for breeding metribuzin tolerance and developing new wheat cultivars with a wide 

safety margin. Further, these studies will enhance our understanding of plant enzymes and 

genes, as well as the metabolic regulation of various plant pathways. 
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7.3 QTL contributing to pre-emergent metribuzin tolerance in wheat and validation  

7.3.1 QTL for metribuzin tolerance in wheat 

Using single-locus CIM analysis, four QTL for metribuzin tolerance were mapped. Three 

significant genomic regions on chromosome 1A, 4A and 2D associated with metribuzin 

tolerance, explained 10–19% and 8–20% of the phenotypic variation. Non-destructive 

chlorophyll measuring techniques (CCI reduction and SNS) accounted for large phenotypic 

variation in metribuzin tolerance in wheat. Chlorophyll content index and senescence were 

highly correlated, as reflected in the mapped QTL, and both phytotoxic traits had identical 

linkage groups and locations. The moderate to high levels of broad-sense heritability 

indicate that a high proportion of genetic variability was measured using chlorophyll traits 

in the mapping population. Co-mapping of QTL for correlated traits may result from the 

tight linkage of several genes (Sandhu et al. 2001) or the pleiotropic effect of major genes 

(Xiao et al. 1996).  

Map positions of multiple QTL detected on the long arm of chromosome 4A, within 

10 cM map distance, was validated by fitting a multiple regression model using the MIM 

method of QTL Cartographer. The MIM method helped to eliminate false positive QTL 

and get realistic estimates of the total variation explained by the QTL because the R2 value 

of the multiple QTL model considers their lack of independence (Zeng et al. 2000). The 

refinement of map positions was possibly due to good marker density of the regions, which 

enhanced the mapping resolution around these tolerance loci.  

 

7.3.2 QTL validation 

The two major QTL located on the short and long arm of wheat chromosomes 1A and 4A 

respectively of Synthetic W7984—Qsns.uwa.1AS and Qsns.uwa.4AL.1—from —that 

positively contributed to metribuzin tolerance were validated in different genetic 

backgrounds. Validation of functional markers for their phenotypic effects in different 

genetic backgrounds/environments under herbicide-treated conditions is essential to rule 

out statistical errors/artefacts (Langridge et al. 2001) before marker-assisted selections. The 

marker Xgwm33, 4 cM from QTL on short arm of chromosome 1A and peak marker 

Xbarc343, on the long arm of chromosome 4A, was used to validate the QTL effect. The 

parental lines of two populations, Synthetic W7984 × Westonia and Synthetic W7984 × 

Lang were polymorphic for both Xgwm33 and Xbarc343. High-throughput genotyping of 

markers using LabChip® for marker validation enabled improved read-outs from molecular 

systems using computer chips. 
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7.3.3 Candidate genes and prospects 

Numerous nuclear and cytoplasmic genes were identified by blasting the markers, within 

the support interval, against the wheat genome. Amidst numerous genes with unknown 

functions, putative functions, and hypothetical/uncharacterised proteins, it is promising that 

the identified QTL also had some genes directly or indirectly associated with 

photosynthesis; in particular, the rbcS gene which codes for the Rubisco protein involved 

in photosynthetic CO2 fixation. The approximate physical location of the QTL revealed the 

presence of five candidate genes—ribulose-bisphosphate carboxylase, oxidoreductase 

(rbcS), glycosyltransferase, serine/threonine-specific protein kinase and 

phosphotransferase— with a direct role in photosynthesis and/or metabolic detoxification 

pathways. 

The validated molecular markers associated with metribuzin tolerance mediating 

QTL may be used in marker-assisted breeding to select metribuzin-tolerant lines. 

Alternatively, validated favourable alleles could be introgressed into elite wheat cultivars 

to enhance metribuzin tolerance and improve grain yield in dryland farming for sustainable 

wheat production. 

 

7.4 Gene action, heritability and SNP’s contributing to metribuzin tolerance in wheat 

7.4.1 Gene action  

Genetic knowledge of metribuzin tolerance in wheat is needed to develop new cultivars for 

the industry. The scaling and joint-scaling tests indicated that the inheritance of metribuzin 

tolerance in wheat was adequately described by the additive dominance model, with 

additive gene action the most significant factor for tolerance. The model significance 

checked using the χ2 statistic showed insignificant differences between the expected and 

observed generation mean values, confirming a significant additive–dominance model for 

metribuzin tolerance in wheat. The simple additive–dominance gene effects for metribuzin 

tolerance will help breeders to select tolerant lines in early generations and the identified 

genes may guide the development of functional markers for metribuzin tolerance. 

Metribuzin tolerance is explained by the simple additive–dominance model, 

indicating the absence of epistasis or non-allelic interaction. The absence of epistasis and 

significant additive effect responds well to selection. The alleles of such traits are fixed in 

early generations. These facts can guide breeders in the selection of early generation lines. 

The results of the scaling and joint-scaling tests and χ2 statistic can be used as evidence that 
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the additive gene effect is higher than the dominance gene effect, indicating the former as 

a decisive type of gene action for metribuzin tolerance. Highly significant additive gene 

effects for all crosses indicated a preponderance of additive gene effects for metribuzin 

tolerance and the potential for improving the performance of chlorophyll traits using a 

pedigree selection program in wheat.  

Metribuzin tolerance/sensitivity is controlled by both cytoplasmic and nuclear 

genes because reciprocal differences in the expression of metribuzin tolerance occurred in 

most F1 hybrids. Previously, Ratliff et al. (1991) reported the role of both nuclear and 

cytoplasmic genes in metribuzin tolerance in wheat. Metribuzin tolerance is a polygenic 

trait, and the present investigation revealed a maximum of 15 genes responsible for the 

trait. Villarroya et al. (2000) reported metribuzin tolerance as a quantitative trait controlled 

by many genes in wheat, supporting the present findings. 

Dominance is a key concept in Mendelian inheritance and classical genetics. In 

quantitative genetics, phenotypes are measured and treated numerically. In the present 

investigation, the potence ratio for F1 hybrids falling between –1 and +1 for all crosses 

indicated partially dominant or recessive dominant gene action. The crosses with a negative 

potence ratio (CM×R, F×S, ER×R, K×S and K×D) had lower F1 means (lower phytotoxic 

effect) and were more similar to the tolerant parents, indicating the presence of partial 

dominance gene effects. The crosses with a positive potence ratio (CM×S, CM×D, F×R, 

F×D, ER×S, ER×D) had higher F1 means (higher phytotoxic effect), indicating recessive 

dominance.  

Wright’s formula estimated a minimum of three genes and a maximum of 15 genes 

controlling metribuzin tolerance in wheat. The absence of epistasis increased the accuracy 

of the gene number estimate in the present study because it complied with Wright’s 

assumption of no epistasis (Wright 1968). The normal frequency distribution of the 

metribuzin reaction of F5–7 RILs of the Chuan Mai 25×Ritchie, indicated metribuzin 

tolerance as a quantitative trait. Consistent heritability above 80% in F5 (0.82), F6 (0.95) 

and F7 (0.92) RILs of Chuan Mai 25 × Ritchie cross indicated stability of the metribuzin 

tolerance trait and a significant contribution of additive genetic effects to metribuzin 

tolerance in wheat. These traits could be easily transferred through generations in breeding 

programs to generate more tolerant cultivar. 

 

7.4.2 SNP discovery and candidate genes 

https://en.wikipedia.org/wiki/Classical_genetics
https://en.wikipedia.org/wiki/Quantitative_genetics
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The wheat 90K iSelect SNP genotyping assay identified the distribution of alleles at SNP 

sites in tolerant and susceptible groups. Several genes were identified related to 

photosynthesis and xenobiotic detoxification proteins protecting cells from oxidative 

damage and keeping the photosynthetic process intact by PSII complex repair under stress. 

Candidate genes identified on chromosome 7B (PSII assembly factor YCF48 and ABC 

transporter), chromosome 4A (cytochrome P450 family), chromosome 7A (glutathione S-

transferase), chromosome 2A and 3B (glycosyltransferase), and chromosome 2D 

(glutathione peroxidase) represented the possible genes/gene families with significant 

associations with metribuzin tolerance in wheat. The results suggest that metribuzin 

tolerance is a quantitative trait governed by several loci on different chromosomes (2A, 2D, 

3B, 4A, 4B, 7A, 7B, 7D).  

The CYPs and GSTs have been implicated in metabolism-based resistance to 

multiple herbicides in grass weeds such as black-grass (Hall et al. 1997). The candidate 

genes detected in our previous investigation (Bhoite et al. 2018) of QTL mapping suggested 

that glycosyltransferase and oxidoreductase involved in metabolic detoxification partially 

impart metribuzin tolerance in wheat. The identified (PSII assembly factor YCF48 is the 

thylakoid-embedded large pigment-protein complexes of the photosynthetic electron 

transfer chain, i.e. PSII, PSI, cytochrome b6f complex, and ATP synthase. These 

multiportion complexes harness solar energy and, together with ATP synthase, produce 

reducing power (NADPH) and chemical energy (ATP) for the production of carbohydrates 

in the Calvin cycle (Tikhonov and biochemistry 2014; Mulo et al. 2009; Komenda et al. 

2008; Rengstl et al. 2011).  In conclusion, the proteins encoded by the identified genes are 

involved in metabolic detoxification, carbon metabolism, and repair of the PSII complex. 

 

7.4.3 Prospects 

Understanding the genetics of herbicide tolerance in wheat will guide breeders in the 

development of herbicide-tolerant cultivars with wider safety margins. The mode of 

inheritance and gene action of pre-emergent herbicide tolerance will help breeders to 

choose appropriate breeding methods to develop more tolerant cultivars and combat early 

weed competition to enhance wheat yields. Metribuzin tolerance in wheat has high 

heritability and significant additive gene action with no epistasis. Therefore, MAS may be 

a feasible routine solution for selecting herbicide-tolerant lines in crop improvement 

programs. The identified markers could be used in the MAS of lines for breeding tolerant 
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cultivars. Alternatively, tolerant genes could be introduced into elite wheat cultivars by 

natural introgression to enhance metribuzin tolerance. 

 

7.5 Transcriptome analyses 

Natural tolerance in crops is a particularly desirable trait and a largely exploitable attribute 

in agriculture for controlling competing weeds and sustaining crop yields. Identification of 

the most contrasting genotypes is a pre-requisite for better resolution and deeper insight 

into the genes and mechanisms involved in herbicide tolerance. The detailed dose–response 

experiment followed by field screening was instrumental in identifying the most 

contrasting genotype for genome-wide differential expression profiling. The NovaSeq 6000 

sequencing system is the most advanced Illumina sequencing platform offering high-

throughput sequencing. This research, using transcriptome studies of susceptible and 

tolerant wheat genotypes, helped to decipher the network of genes, key pathways and 

markers contributing to metribuzin tolerance in wheat.  

Metribuzin stress limits CO2 fixation and over‐reduction of the electron transport 

chain resulting in ROS (Mittler et al. 2004). Two major metabolic pathways—glycolysis 

and pentose phosphate pathway—are over-regulated in response to early metribuzin stress 

in tolerant wheat for supporting the antioxidant system and preventing oxidative damage 

to DNA, proteins and lipids (de Freitas-Silva et al. 2017). Early genes regulated in response 

to metribuzin stress (24 h HE) (Fig 6.5a) belong to carbon metabolism, fructose and 

mannose metabolism, homologous recombination, amino acid biosynthesis, pyrimidine 

metabolism, galactose metabolism and amino sugar and nucleotide sugar metabolism. 

Metabolites such as fructose and mannose are synthesised to protect membranes and 

proteins from oxidative stress by ROS. Genes involved in homologous recombination are 

significantly enriched to repair harmful breaks in DNA and restore the essential molecular 

function in cells (Yoshiyama et al. 2013; Bray and West 2005). Galactose is involved in 

glucose synthesis, and pyrimidines serves the role of ATP for glucose synthesis (Zrenner 

et al. 2006), promoting nutrient remobilisation and preventing senescence. 

Increased exposure to metribuzin (60 h) caused over-expression of photosynthetic 

and metabolic enzymes, antenna proteins (Lhc a/b-binding proteins), PSII 

stability/assembly factor HCF136, and glutathione/ascorbic acid. Photosynthetic enzymes 

and antenna proteins are involved in carbon fixation and glucose synthesis catalysed by 

Rubisco. Glutathione metabolism removes free radicals and prevents oxidative damage to 
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DNA, proteins and lipids. Ascorbic acid (antioxidant) functions as a cofactor for enzymes 

in photosynthesis, and the synthesis of plant hormones (Gallie 2013). 

This study suggests that xenobiotic detoxifying enzymes highly expressed during 

metribuzin stress are involved in vacuolar sequestration of conjugated herbicide 

metabolites and removing oxidative stress caused by metribuzin stress. Over-expression of 

Lhc a/b binding proteins in metribuzin tolerant wheat (Chuan Mai 25), promotes carbon 

fixation and modulates ROS homeostasis during metribuzin stress. HCF136—the 

thylakoid-embedded large pigment-protein complexes of the photosynthetic electron 

transfer chain—is involved in the assembly of PSII reaction centre complexes, de novo 

synthesis of the D1 protein and the selective replacement of damaged D1 protein during 

PSII repair (Komenda et al. 2008). Photosynthesis cease when degradation and PSII repair 

do not balance under herbicide stress. This implies that in susceptible wheat, a reduction in 

fundamental processes such as photosynthesis produce oxidative stress in chloroplast, 

which extends beyond PSII to cause a down-regulation of total carbon gain and imbalance 

between the rate of photo-damage to PSII and the rate of the repair of damaged PSII, 

reducing plant yield in susceptible genotypes. 

 

7.5.1 Conclusion and prospects 

The study suggested that higher-fold expression of Lhc a/b-binding proteins, PSII 

stability/assembly factor HCF136, photosynthetic enzymes, glucose synthesis and ROS 

scavengers plays an integral role in acclimation response to metribuzin stress in wheat and 

crucial to develop metribuzin tolerant wheats. The reported metribuzin tolerance genes, 

mechanisms and EST-SSR markers provide a foundation for metribuzin tolerance breeding 

that is advantageous to the wheat industry.  

The gene-based EST-SSR markers will assist in MAS to develop new herbicide-

tolerant wheat cultivars. Alternatively, key genes could be introgressed into elite wheat 

cultivars to improve metribuzin tolerance. The identified key genes may be used to breed 

elite wheat cultivars or develop new tolerant cultivars, with better photosynthetic efficiency 

and ROS scavenging activity. The EST-based SSR markers identified in significantly 

enriched genes relating to photosynthetic and metabolic detoxification enzymes will be a 

great resource for MAS for metribuzin tolerance breeding. The use of improved metribuzin-

tolerant wheats will help farmers to (1) minimise the early cohorts of problematic weeds 

(brome grass (Bromus spp.), barley grass (Hordeum spp.), ryegrass (Lolium rigidum 

Gaudin), silver grass (Vulpia myuros and Vulpia bromoides) and wild radish (Raphanus 



 

105 

 

raphanistrum L.)), removing early wheat and weed competition and increasing wheat 

productivity, and (2) promote crop rotations with other herbicide-tolerant crops, such as 

narrow-leafed lupin (Lupinus angustifolius L.), a major grain legume crop in WA, and 

canola (Brassica napus L.) to assist in sustainable farming systems.  
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Article published in BMC Genetics, 2018, (https://rdcu.be/bbLTp) 
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Appendix 2 

Article published in Crop and Pasture Science, 2017, (https://doi.org/10.1071/CP17017). 
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Appendix 3. Hub genes related to photosynthesis contributing to metribuzin tolerance 

Gene ID Nr Description 

Photosystem I genes   

TraesCS5B01G462900 XP_020184843.1//chlorophyll a-b binding protein of LHCII type 1-like  

TraesCS7B01G192500 ACO06087.1//chlorophyll a-b binding protein [Triticum aestivum] 

TraesCS4A01G226900 EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS5A01G350600 XP_020169258.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5D01G464800 XP_020184842.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS1B01G433200 XP_020158829.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS1D01G411300 XP_020147764.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5A01G482800 EMS58402.1//Photosystem I reaction center subunit IV, chloroplastic [Triticum urartu] 

TraesCS1B01G317500 EMS53958.1//Chlorophyll a-b binding protein 3C, chloroplastic [Triticum urartu] 

TraesCS7D01G276300 XP_020183099.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS2A01G252600 EMS60576.1//Photosystem I reaction center subunit psaK, chloroplastic [Triticum urartu] 

TraesCS5A01G457700 XP_020196839.1//chemocyanin-like [Aegilops tauschii subsp. tauschii] 

TraesCS5D01G357600 XP_020169258.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5B01G417400 YP_009029359.1//photosystem I reaction center subunit III (chloroplast) [Leptocylindrus danicus] 

TraesCS2D01G115200 P31093.1//RecName: Full=Photosystem I reaction center subunit N, chloroplastic; Short=PSI-N; Flags: Precursor 

TraesCS2A01G206200 EMT21651.1//Chlorophyll a-b binding protein CP29.2, chloroplastic [Aegilops tauschii] 

TraesCS2D01G320900 BAJ89706.1//predicted protein [Hordeum vulgare subsp. vulgare] 

TraesCS1B01G432700 XP_020147764.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5B01G353200 XP_020169258.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5A01G322500 XP_003562323.1//PREDICTED: chlorophyll a-b binding protein, chloroplastic [Brachypodium distachyon] 

TraesCS4D01G086400 EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS2D01G253200 XP_020174236.1//photosystem I reaction center subunit psaK, chloroplastic [Aegilops tauschii subsp. tauschii] 

TraesCS2B01G272300 EMS60576.1//Photosystem I reaction center subunit psaK, chloroplastic [Triticum urartu] 

BGI_novel_G000881 XP_003578592.1//PREDICTED: chlorophyll a-b binding protein of LHCII type 1-like [Brachypodium distachyon] 

TraesCS5D01G238300 XP_020188153.1//chlorophyll a-b binding protein 1B-20, chloroplastic [Aegilops tauschii subsp. tauschii] 
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BGI_novel_G024380 XP_020183099.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5D01G329200 XP_003562323.1//PREDICTED: chlorophyll a-b binding protein, chloroplastic [Brachypodium distachyon] 

TraesCS1D01G428200 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS1B01G451100 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS5B01G322900 XP_003562323.1//PREDICTED: chlorophyll a-b binding protein, chloroplastic [Brachypodium distachyon] 

TraesCS2A01G204800 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS5B01G227900 XP_020188153.1//chlorophyll a-b binding protein 1B-20, chloroplastic [Aegilops tauschii subsp. tauschii] 

TraesCS1A01G403700 EMS59659.1//hypothetical protein TRIUR3_00868 [Triticum urartu] 

TraesCS7A01G227100 Q9SDM1.1//RecName: Full=Chlorophyll a-b binding protein 1B-21 

TraesCS4B01G089500 EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS1B01G451200 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

BGI_novel_G000882 XP_009360962.1//PREDICTED: chlorophyll a-b binding protein of LHCII type 1-like [Pyrus x bretschneideri] 

TraesCS1B01G388400 XP_020195678.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

BGI_novel_G004817 XP_020175221.1//uncharacterized protein LOC109760827 [Aegilops tauschii subsp. tauschii] 

TraesCS2B01G233400 EMT21651.1//Chlorophyll a-b binding protein CP29.2, chloroplastic [Aegilops tauschii] 

TraesCS7D01G227300 ACO06087.1//chlorophyll a-b binding protein [Triticum aestivum] 

Light harvesting complex (Lhc)  

TraesCS4B01G089500 

EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS4A01G226900 

TraesCS4D01G086400 

TraesCS4D01G086400 

TraesCS4A01G226900 

TraesCS4B01G089500 

TraesCS4D01G086400 

TraesCS4B01G089500 

TraesCS4A01G226900 

Photosystem II oxygen evolving complex 

BGI_novel_G019894 XP_003575415.2//PREDICTED: uncharacterized protein LOC100845214 isoform X1 [Brachypodium distachyon] 



 

141 

 

TraesCS2B01G395900 BAJ99369.1//predicted protein [Hordeum vulgare subsp. vulgare] 

TraesCS3D01G447600 XP_015627098.1//PREDICTED: psbP domain-containing protein 7, chloroplastic [Oryza sativa Japonica Group] 

TraesCS6A01G374400 XP_020165185.1//photosystem II 10 kDa polypeptide, chloroplastic [Aegilops tauschii subsp. tauschii] 

BGI_novel_G021315 XP_020190402.1//photosynthetic NDH subunit of lumenal location 3, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

BGI_novel_G019893 XP_020190402.1//photosynthetic NDH subunit of lumenal location 3, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

TraesCS3B01G493700 XP_020179214.1//psbP domain-containing protein 7, chloroplastic [Aegilops tauschii subsp. tauschii] 

TraesCS6D01G213400 XP_003575415.2//PREDICTED: uncharacterized protein LOC100845214 isoform X1 [Brachypodium distachyon] 

TraesCS4A01G355600 XP_020148814.1//photosystem II reaction center PSB28 protein, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

TraesCS2D01G375200 XP_020194226.1//photosynthetic NDH subunit of lumenal location 3, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

TraesCS2B01G273000 EMS58142.1//photosystem II 10 kDa polypeptide, chloroplastic-like [Oryza brachyantha] 

TraesCS6D01G187800 XP_020153597.1//photosynthetic NDH subunit of lumenal location 2, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

Photosystem II genes   

TraesCS6D01G213400 XP_003575415.2//PREDICTED: uncharacterized protein LOC100845214 isoform X1 [Brachypodium distachyon] 

TraesCS1B01G432700 XP_020147764.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

BGI_novel_G019145 AAS59961.1//photosystem II CP47 protein, partial (chloroplast) [Elegia fenestrata] 

TraesCS2D01G320900 BAJ89706.1//predicted protein [Hordeum vulgare subsp. vulgare] 

TraesCS4D01G086400 EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS5A01G322500 XP_003562323.1//PREDICTED: chlorophyll a-b binding protein, chloroplastic [Brachypodium distachyon] 

TraesCS5B01G353200 XP_020169258.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS2B01G273000 XP_006657440.1//PREDICTED: photosystem II 10 kDa polypeptide, chloroplastic-like [Oryza brachyantha] 

TraesCS7D01G276300 XP_020183099.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS6A01G374400 XP_020165185.1//photosystem II 10 kDa polypeptide, chloroplastic [Aegilops tauschii subsp. tauschii] 

TraesCS3D01G447600 XP_015627098.1//PREDICTED: psbP domain-containing protein 7, chloroplastic [Oryza sativa Japonica Group] 

TraesCS2A01G206200 EMT21651.1//Chlorophyll a-b binding protein CP29.2, chloroplastic [Aegilops tauschii] 

TraesCS5D01G357600 XP_020169258.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

BGI_novel_G013739 KQK24086.1//hypothetical protein BRADI_1g78082 [Brachypodium distachyon] 

BGI_novel_G025157 YP_009157567.1//photosystem II CP47 chlorophyll apoprotein (plastid) [Poa palustris] 

TraesCS1B01G433200 XP_020158829.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 
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TraesCS1D01G411300 XP_020147764.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5D01G464800 XP_020184842.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS5A01G350600 XP_020169258.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS4A01G226900 EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS7B01G192500 ACO06087.1//chlorophyll a-b binding protein [Triticum aestivum] 

TraesCS1B01G388400 XP_020195678.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

BGI_novel_G000882 XP_009360962.1//PREDICTED: chlorophyll a-b binding protein of LHCII type 1-like [Pyrus x bretschneideri] 

TraesCS7D01G227300 ACO06087.1//chlorophyll a-b binding protein [Triticum aestivum] 

TraesCS2B01G233400 EMT21651.1//Chlorophyll a-b binding protein CP29.2, chloroplastic [Aegilops tauschii] 

TraesCS5B01G227900 XP_020188153.1//chlorophyll a-b binding protein 1B-20, chloroplastic [Aegilops tauschii subsp. tauschii] 

TraesCS2A01G204800 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS1B01G451200 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS4B01G089500 EMS49688.1//Chlorophyll a-b binding protein CP26, chloroplastic [Triticum urartu] 

TraesCS7A01G227100 Q9SDM1.1//RecName: Full=Chlorophyll a-b binding protein 1B-21, chloroplastic 

TraesCS1A01G403700 XP_020147764.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

TraesCS4A01G355600 XP_020148814.1//photosystem II reaction center PSB28 protein, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

TraesCS1B01G451100 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS1D01G428200 P27523.1//RecName: Full=Chlorophyll a-b binding protein of LHCII type III, chloroplastic; Short=CAB; Flags: Precursor 

TraesCS6D01G187800 XP_020153597.1//photosynthetic NDH subunit of lumenal location 2, chloroplastic-like [Aegilops tauschii subsp. tauschii] 

TraesCS5B01G322900 XP_003562323.1//PREDICTED: chlorophyll a-b binding protein, chloroplastic [Brachypodium distachyon] 

TraesCS5D01G238300 XP_020188153.1//chlorophyll a-b binding protein 1B-20, chloroplastic [Aegilops tauschii subsp. tauschii] 

BGI_novel_G000881 XP_003578592.1//PREDICTED: chlorophyll a-b binding protein of LHCII type 1-like [Brachypodium distachyon] 

TraesCS5D01G329200 XP_003562323.1//PREDICTED: chlorophyll a-b binding protein, chloroplastic [Brachypodium distachyon] 

BGI_novel_G024380 XP_020183099.1//chlorophyll a-b binding protein of LHCII type 1-like [Aegilops tauschii subsp. tauschii] 

PSII assembly factor   

TraesCS7B01G486500 XP_020163505.1//photosystem II stability/assembly factor HCF136, chloroplastic [Aegilops tauschii subsp. tauschii] 
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Appendix 4. SSRs in DEGs related to photosynthesis and ROS scavengers having higher fold differential expression in response to 

metribuzin stress in wheat  

SEQUENCE ID Left primer Right primer Product size Tm Left Tm Right 

wheat#(GAC)5#19471#15 TAAACTGAGCAGCCTGGGTG GTGTTTGGCTGCTTCAAGGG 102 60.0 60.0 

wheat#(CCTT)5#24131#20 AATGGAATTGCGGCGTATGC AGTTGGCGACCGGAAGAAAT 160 60.0 60.0 

wheat#(CGG)5#42797#15 TGTTTCCACCGCATTTGCAG CGTCGATGTCCAGGTAGGTG 104 60.0 59.9 

wheat#(TCC)5#46056#15 CACGACCCTCAAGAACTGCT TCTTGACGGGAGAGGAGGAG 169 60.0 60.0 

wheat#(GTC)6#78308#18 TCGGGATCCAGGAGTTCCTT CCAACTACGGGGACAAGCTT 265 60.0 60.0 

wheat#(CCT)5#155767#15 AGCTTCTTGTCCTTCACCCG TTTCGCGGCCACTTTTCTTG 229 60.0 60.0 

wheat#(CCT)5#157196#15 TAGATGCTCCCACTCCCACA GAGGAGGGAGACAAGGAGGT 180 60.0 60.0 

wheat#(GAG)5#186962#15 AGACGATCCGCCACATGATC TTCAGGTAGTTGGCAGCCAG 268 60.0 60.0 

wheat#(AAG)5#207173#15 CTACGACGTGTACGACCTCG GCCCGTCGATGAAATTGAGC 275 60.0 60.0 

wheat#(CGG)5#214671#15 GCCTACTGTGTGTCGTCCTC CGTCGTCCTTCTCGTACTGG 204 60.1 59.9 

wheat#(GCA)7#226204#21 TCACCTATGGCGGGTTCAAC TGCTCCTGCTCCTCCCTTAT 199 60.0 60.0 

wheat#(CCT)5#237103#15 CACGGATAAACAGGTGGCCT AGCTTGAGGAGGAGGAGGAG 283 60.0 60.0 

wheat#(CTC)5#283178#15 AGAGGCTTTTCCACTCGCTC GTATACCGTCTCGCTGGAGC 155 60.0 60.0 

wheat#(AGG)5#283435#15 GCAAGTGCTTGTCCTGCATC TCGCTTCTCATGACGAGCTC 124 60.1 59.9 

wheat#(AT)10#289675#20 TGAACCCGAGCTTGTGTTGT CAACAAGGCACATGGACACG 118 60.1 60.0 

wheat#(GGA)7#298112#21 GAGTGCAAAGCAGTGTGTGG AATCCACAGCCTTCGATGCA 206 60.0 60.0 

wheat#(AAG)5#328549#15 TCGGAAAGCTGCCTAGGTTG CTTGACGCCCTTGTTGGTTG 290 60.0 60.0 

wheat#(CCG)6#334102#18 TGGGATACGATGAGGCATGC CCAATGCATGCAACACCACA 167 60.0 60.0 

wheat#(CCT)5#360282#15 CCCCCAGATCCAATGGACAC GGCGAAGACGGAGGATACTG 192 60.1 60.0 

wheat#(TG)22#366845#44 CTAGATGCTCAGTCAGGCCG ATGGCAGGACCTTCTTTCCG 166 60.0 60.0 

wheat#(GA)7#368549#14 GGTCTACCCTCACCCTCCTT TGGCACGGGAGAGAATAGGA 297 60.0 60.0 

wheat#(GCC)5#371986#15 ATCTACAGCCAAGCACCACC ACAGCTGAGCTTTCCACTCC 277 60.0 60.0 

wheat#(GCC)5#429419#15 ATGACAACAGCGGCTGATGA TCAGCTCAAAACAGGTGCCA 143 60.0 60.1 

wheat#(TG)25#442891#50 GCTGATGGAGCTGTGGTTCT CAAACCTCGGTGTCACTGGA 108 60.0 59.9 

wheat#(TG)25#448817#50 GCTGATGGAGCTGTGGTTCT CAAACCTCGGTGTCACTGGA 108 60.0 59.9 

wheat#(GA)6#472259#12 ACTTTCCACGACTGACGACC GATCTCGGCTCAGCTTACCC 216 60.0 60.0 
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wheat#(TC)7#492731#14 ATTAACCCAGAGCCCAGTGC CCTACCTCGTGACCTCCTCA 178 60.0 60.0 

wheat#(TAT)5#497588#15 GCAAGCAAGTTGGATGCACA GGGCTATGGAGATGCCCATC 131 60.0 60.0 

wheat#(TGTT)5gctatttcaagtcctgcctaatctataat

ggtact(TG)11(AG)10#517420#97 
ACACGTATGCTGCAGTTCGA ACTTGGCCACATAGTCCGTG 188 60.0 60.0 

wheat#(TGTT)5gctatttcaagtcctgcctaatctataat

ggtact(TG)11(AG)10#523295#97 
ACACGTATGCTGCAGTTCGA ACTTGGCCACATAGTCCGTG 188 60.0 60.0 

wheat#(GCT)6#527250#18 GACTTCGATGGCTACCGAGG CAGCTGGCGAACAATGATGG 168 60.0 59.9 

wheat#(TTTC)5#529711#20 GCAGCCGGTACTGAAGAAGT AGAGTGCATGGTGGGAATGG 152 60.0 60.0 

wheat#(AGG)10#533545#30 TCCTCCTCGTCTGCAACAAC GTACTATCCACCGTGGCTCG 288 60.0 60.0 

wheat#(CT)6#549114#12 CAGCACTCCCTCGTGTTCTT GGTGTCAAGGATGAGCACCA 173 60.0 60.0 

wheat#(CT)6#554535#12 CCGGCCTTAAGGGGGAAAAT AAGAACACGAGGGAGTGCTG 150 60.0 60.0 

wheat#(CA)7#565791#14 CAACAGACAAGGCAAGCACC CAAGGCTTGCTCCGAGTGTA 110 60.0 60.0 

wheat#(CA)7#568943#14 CAACAGACAAGGCAAGCACC CAAGGCTTGCTCCGAGTGTA 110 60.0 60.0 

wheat#(TCC)5#571289#15 TCTATGGAGGCTCGTTGGGA GCATGGTCGTCCTTGTGGTA 122 60.0 60.0 

wheat#(AGC)5#616712#15 CAGCGCATGTGGATTCTTGG CGGCATGTGGTTCTGCAAAA 273 59.9 60.0 

wheat#(AC)6#630085#12 CAGCAGGGGTTCAGGAAGAG TCTTCTTCCCCATCGCCAAC 264 60.0 60.0 

wheat#(GA)6#630638#12 GTTGGCGATGGGGAAGAAGA CGGCTCCCTTCGATCTCTTC 152 60.0 60.0 

wheat#(GGA)5#640054#15 ACTACTCGGATCCCTTGGCT GGTTTGAACACCGCCTTGAC 173 60.0 60.0 

wheat#(GGA)5#642652#15 ACTACTCGGATCCCTTGGCT GGTTTGAACACCGCCTTGAC 176 60.0 60.0 

wheat#(GGA)5#646190#15 ACTACTCGGATCCCTTGGCT AGGCCGCTTTTATTCACGGA 143 60.0 60.0 

wheat#(GAG)7#668298#21 GACATGCTGGGCTTGCTTTC ATCCAGCCCAACTCATGTGG 193 60.1 60.0 

wheat#(GAG)7#673167#21 GACATGCTGGGCTTGCTTTC ATCCAGCCCAACTCATGTGG 193 60.1 60.0 

wheat#(GAG)7#677158#21 GATGATCGTTTGCATGGGCC TATGGCCCAAGGACGCAAAT 219 60.0 60.0 

wheat#(GT)6cttgccctgcacta(GT)6#680728#3

8 
GCCGAAGCATATGCCGAAAG GTTTCCACGGCTTTCCACAC 261 60.0 60.0 

wheat#(GT)6cttgccctgcacta(GT)6#685920#3

8 
ACACCCCGGTTGTATGCATT CTAGTGCAGGGCAAGACACA 104 60.0 60.0 

wheat#(GT)6gcgtgtgt(GTGC)6(GT)8(GA)9

#721789#78 
CATGCACGCCCTCATCAAAG GAGCCTGTCCCTTTCCATCC 116 59.9 60.1 

wheat#(GT)6gcgtgtgt(GTGC)6(GT)8(GA)9

#728229#78 
TTTATCCTCACCTGGCGAGC GAGCCTGTCCCTTTCCATCC 148 59.8 60.1 
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wheat#(TG)6#767830#12 TCAGGGACAAGAAGCAGCAG CTGCACTCCAAGCACAACAC 261 60.0 60.0 

wheat#(TG)6#773107#12 TCAGGGACAAGAAGCAGCAG CTGCACTCCAAGCACAACAC 261 60.0 60.0 

wheat#(TG)6#777472#12 TCAGGGACAAGAAGCAGCAG CTGCACTCCAAGCACAACAC 261 60.0 60.0 

wheat#(TG)6#781651#12 TCAGGGACAAGAAGCAGCAG CTGCACTCCAAGCACAACAC 261 60.0 60.0 

wheat#(TGA)5#788586#15 ACGGGTTAGGCAAGCAAAGA CTTCGCTTCGGACTTCCTGT 115 59.9 60.0 

wheat#(GCC)5#796757#15 CTCATTGTGGCCGTCTTCCT TCTTATTCGCGCTCGTCCTC 283 60.0 60.0 

wheat#(AAG)5#809986#15 TCGGAAAGCTGCCTAGGTTG CTTGACGCCCTTGTTGGTTG 290 60.0 60.0 

wheat#(AAG)5#814232#15 TCGGAAAGCTGCCTAGGTTG CTTGACGCCCTTGTTGGTTG 290 60.0 60.0 

wheat#(GAG)5#823220#15 GTGCCGTGATTCTGTGGAGT AGGCTGTGTAGGTGGATTGC 190 60.3 60.0 

wheat#(CGC)5#858068#15 GTGCAATGTTCGGACCCCTA GGCGCCTTCTTCTTCTCCTT 275 60.0 60.0 

wheat#(TC)6#863664#12 CTCTCTCTCTGACTGCCCCT TCATGGTGATGCCCCCTTTC 251 60.0 60.0 

wheat#(CT)8catt(TC)6#878598#32 TACTTATCAGCGTCGTCGGC CACCAAAACCCTAGCGAGGT 277 60.0 60.0 

wheat#(TG)6catgcacacgcgtgca(TG)6#88165

7#40 
TACCTGCTCCACCTCTTCGA CACCTAGGCACAACCAGGAG 156 60.0 60.0 

wheat#(CT)8catt(TC)6#881859#32 CTCCTGGTTGTGCCTAGGTG GAAGGGGTTATAGCCGAGGC 183 60.0 60.0 

wheat#(TG)6catgcacacgcgtgca(TG)6#88408

7#40 
GAGGAGGGAAGGCTGAGGTA GTAGCGGTCATAGACAGGGC 174 60.0 60.0 

wheat#(CGC)5#886136#15 CATTCCCTGATCTCGTCCCG ACTTCTCTCCTTCCGCTCCT 235 60.0 60.0 

wheat#(AGT)6agaagtagtagtagtagaagtagtagta

ga(AGT)6aatagtagaagtacaagtacaagaacaagaac

aagtt(GTA)8#913969#127 

AAGAGAACATGGGGAGCAGC CACCTTTGTTTGCACGGGAG 121 60.0 60.0 

wheat#(GAG)7#1002964#21 TTGCGTCCTTGGGCCATAAT CGCAAAGGGCAAGAGTGAAC 191 60.0 60.0 

wheat#(GAG)7#1006279#21 TTGCGTCCTTGGGCCATAAT CGCAAAGGGCAAGAGTGAAC 191 60.0 60.0 

wheat#(GAG)7#1009869#21 TTGCGTCCTTGGGCCATAAT TACCTTTGGTGTAGCCGCTG 135 60.0 60.0 

wheat#(GAG)7#1013745#21 GTTCACTCTTGCCCTTTGCG GTGGGGAGCAGTAGAGAGGA 234 60.0 60.0 

wheat#(GGC)5#1034125#15 CCATCTCTCCTCCATGTCGC GGAGGAAGGCTCTGTCATCG 179 60.0 59.9 

wheat#(GA)6#1046479#12 CCAAGGGACGCCTCTCATTT TGTTCTCCGCCGGATTTGAA 127 60.0 60.0 

wheat#(TAG)5#1047268#15 CCCAGATCCAACTTCCCACC GCCTGAGGGAGAGAGAGACA 123 60.0 60.0 

wheat#(CGC)6#1050729#18 CACCGCCATAGACGATCCTC TGACGGATTTGGACGGATGG 215 60.0 60.1 

wheat#(CGC)6#1053337#18 ATTCTCCATCGACGAGACGC CAGGCAATGCACAGCAATGT 244 60.0 60.0 
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wheat#(CGC)6#1056561#18 ATTCTCCATCGACGAGACGC CAGGCAATGCACAGCAATGT 244 60.0 60.0 

wheat#(CGC)6#1059714#18 ATTCTCCATCGACGAGACGC CAGGCAATGCACAGCAATGT 244 60.0 60.0 

wheat#(CGC)6#1062551#18 ATTCTCCATCGACGAGACGC CAGGCAATGCACAGCAATGT 244 60.0 60.0 

wheat#(CGC)6#1065214#18 ATTCTCCATCGACGAGACGC CAGGCAATGCACAGCAATGT 244 60.0 60.0 

wheat#(CT)8#1079859#16 GAAAGAGGGAAGACCAGGGC GAGAGAGAGAGGAGGGTGCA 273 60.0 60.0 

wheat#(GCC)6#1089969#18 TCATCCGTGCAACAGAGGAC AGAGATGCTCTGTCCTCCGT 131 60.0 60.0 

wheat#(GCA)7#1092772#21 TCACCTATGGCGGGTTCAAC TGCTCCTGCTCCTCCCTTAT 199 60.0 60.0 

wheat#(GCC)6#1093943#18 CCTGTCTTTGCAACAAGGCC CTTGTGGAAGCGGTATGGGT 267 60.0 60.0 

wheat#(GCA)7#1096906#21 TCACCTATGGCGGGTTCAAC TGCTCCTGCTCCTCCCTTAT 199 60.0 60.0 

wheat#(GCC)6#1098078#18 CCTGTCTTTGCAACAAGGCC CTTGTGGAAGCGGTATGGGT 268 60.0 60.0 

wheat#(GCA)7#1100638#21 TCACCTATGGCGGGTTCAAC TGCTCCTGCTCCTCCCTTAT 199 60.0 60.0 

wheat#(GGC)5#1102046#15 TGTCGATCTGATGGCGGAAG TCCCCAAATCCCACGACATG 121 59.9 60.0 

wheat#(CCT)7#1113037#21 ACGTGCTTCCATTGACGACT GGCACTTGTGTGTCGAAACC 163 60.0 60.0 

wheat#(CCT)7#1117153#21 AGAAGGGATCTGGAGGGCAT AGCTCTTTCCCTGAAGGTGC 136 60.0 60.0 

wheat#(CCT)7#1121318#21 AGAAGGGATCTGGAGGGCAT AGCTCTTTCCCTGAAGGTGC 136 60.0 60.0 

wheat#(TG)6tc(TA)7tgtatgtatg(TA)6#11327

40#50 
TTATGCAGGCATGACTCGGG TCAGCTTGTTCAAGGTGCCT 148 60.2 59.8 

wheat#(CCT)5#1134297#15 CTCCTCCTCCTCCTCAAGCT AGGTTGTGGATGAAGGGCAG 104 60.0 60.0 

wheat#(AGC)6#1137078#18 ATGGAAATTCAGACGGGCGT TCAAGGGGAAACTCCTTCGC 172 60.0 60.0 

wheat#(GCC)5#1160942#15 AGATGGCTCTCACATCTGCG CCTCCTCTCTCGGTGGAAGA 170 59.9 60.0 

wheat#(CT)6#1163324#12 GTCGACAAGAGGTGCAGGAA TGCCTGGACCGAGGAATAGA 123 60.0 60.0 

wheat#(AT)10#1173447#20 TGAACCCGAGCTTGTGTTGT CAACAAGGCACATGGACACG 118 60.1 60.0 

wheat#(CGAG)5#1184080#20 ATTTCGTGGCAGCCTAGCTT ACCGGATGCAACAGAACACT 105 60.0 59.9 

wheat#(CGC)5#1205820#15 GAGAGAGGAGGAGCAGGACA TGGGCCAAACCTGTCAGTTT 117 60.0 60.0 

wheat#(AG)6#1207627#12 CTGCTCCTACTGCTCCTGTG CCTTCCTTCACGAGCAACCT 300 59.8 60.0 

wheat#(CA)14#1214777#28 ACACACACACACACACACCT ATGGCCTCCCTTACCTTTGC 104 60.0 60.0 

wheat#(CGC)8#1224179#24 TGCAGCGGGAAATTGCTAGA AGAGGAGGGAGGGAGAGAGA 218 60.0 60.0 

wheat#(AG)8#1226507#16 GAACGGGAGAGGAAGGAAGC AGGCCTCGGTTTTACTTCCG 204 60.1 60.0 

wheat#(TA)6a(AT)6#1239475#25 GAAGGTGTGAGACTGCTGCT ACGACTAAACGGAGGAGGGA 230 60.0 60.0 

wheat#(TC)8#1245324#16 CACGACGGCCAACTATAGCT ACCGGACGAAATCCTTTGCT 237 59.9 60.0 
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wheat#(TC)23#1247655#46 ATGTTCTCCAGCTCCACACG CACCACTCCCTTTGCTGCTA 152 60.0 60.0 

wheat#(AGC)6#1252259#18 CGTGCACAGCTTGTTTTCGA GCAGAAAAGGACACCCGAGA 234 60.0 60.0 

wheat#(TC)8#1269633#16 CCAAGCTGTGACGATGTCCT TATCCGAGTTGTGAGTGCCG 141 60.0 59.8 

wheat#(GCC)6#1308107#18 CAGAGAAGCGCCCATATCGT AAGCAGCCTCTCTAGCCTCT 236 60.0 60.0 

wheat#(CGG)5#1359034#15 CATGGATGGATGGGGATGGG CCCGCAGCCTTTGATGTCTA 121 60.0 60.1 

wheat#(AGG)5#1400857#15 GAAGATCGAGCGAGCGAGAA CTTCTCCTCCTTGGCCTTGG 276 60.0 60.0 

wheat#(AGG)5#1402408#15 CCTAATCCCATCCACGACGG GCGCAACAATAGCATCAGGG 180 60.0 60.0 

wheat#(TC)8#1421544#16 ACTCCGGCCCTCTTGTCTAT GCCACCTCTTCCAATCACCA 259 60.0 60.0 

 

 

 
 




