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Abstract 

Wheat (Triticum aestivum L.) is one of the three most important grain crops and provides 

approximately 20% of the calories consumed by humans. Due to the negative correlation between 

wheat grain yield and grain protein content, low grain protein content has become a significant issue 

in some countries due to the breeding focus on the improvement of grain yield. 

It has been shown that the introgression of a high molecular weight glutenin subunit (HMW-GS) gene, 

Glu-1Ay, into commercial wheat cultivars can add 1% more protein to total grain content on a grain 

weight basis and improve bread-making quality without lowering grain yield. Results within this thesis 

revealed the quantitative proteomic changes present in introgressed Glu-1Ay gene lines that underpin 

bread wheat protein content without changing other agronomic traits. It showed that the abundance 

of the 1Ay21* HMW-GS protein contributed less than 20% of the total protein increase observed. Of 

the 115 differentially expressed proteins (DEPs) found in Glu-1Ay lines, the majority are other storage 

proteins, and proteins involved in protein synthesis, protein folding, protein degradation, stress 

response and grain development. Gene co-expression analysis demonstrated that nearly half the DEP 

encoding genes strongly co-expressed during grain development. Promoters of these genes are 

enriched in elements associated with transcription initiation and light response, such as CAAT-box, G-

box, GATT-motif and the Gt1-motif. 

The final protein abundance in wheat grain comes from the relative rates of protein synthesis and 

protein degradation during grain development. To gain a more comprehensive and quantitative 

understanding on how different sets of proteins accumulate, a protein turnover atlas of wheat grain 

proteins during grain development was generated in this thesis by combining in vivo stable isotope 

labelling (15N) and in-depth quantitative proteomics. This atlas illustrated that although large 

variations of protein turnover rates were observed among individual proteins, they are tightly 

associated with protein abundance accumulation over time in different functional protein categories 

and different wheat grain tissues. Functional category analysis showed that storage proteins are 

rapidly cycled, having both higher synthesis and degradation rates than other functional categories. 

By contrast, those proteins that participate in photosynthesis, DNA synthesis and glycolysis showed 

low synthesis and degradation rates at all times. Calculations from these rates show that 18% of total 

grain ATP production is used for grain proteome biogenesis and 2% for maintenance, and storage 

proteins alone consumed nearly half of these budgets. Due to the relatively high protein degradation 

rate of storage proteins as a class of grain proteins, it was calculated that 25% of newly synthesized 

storage proteins were degraded during grain development and thus were absent at harvest. These 
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data show that stabilization of the wheat grain proteome could improve grain protein content without 

introducing extra protein synthesis costs. 

Overall, the findings obtained from this thesis provide a quantitative insight into which sets of wheat 

proteins accumulate in high protein genotypes and a new perspective on the energy use efficiency of 

protein synthesis and maintenance (PEUE). The data helps fill the knowledge gap of the 

spatiotemporal variation of wheat grain protein abundance that cannot be directly explained by 

transcript abundance and can also direct selection of storage protein candidates with higher PEUE for 

future wheat quality breeding programmes. 
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Wheat: a critical economic crop 

Wheat (Triticum aestivum L.), as one of the three most important grain crops, is cultivated worldwide 

due to its value as a source of protein and starch for human consumption, livestock feed, industrial 

raw materials and biofuels (Nadaud et al., 2010). Wheat provides approximately 20% of calories 

consumed by humans with more than 700 million tons produced annually (International Grain Council; 

https://www.igc.int/en/markets/marketinfo-sd.aspx). FAOSTAT data further suggested that wheat as 

a source of proteins that supplies more than 20% of all proteins consumed by human 

(http://www.fao.org/ag/save-and-grow/MRW/en/1/index.html). The allohexaploid bread wheat (2n 

= 6x = 42; AABBDD) is derived from relatively recent interspecific hybridizations between three 

different diploid species, including Triticum urartu (2n = 2x = 14; AA), Aegilops speltoides (2n = 2x = 14; 

BB) and Aegilops tauschii (2n = 2x = 14; DD) (Jia et al., 2013; Marcussen et al., 2014). The first 

hybridization between Triticum urartu and Aegilops speltoides formed the allotetraploid Triticum 

turgidum (2n = 4x = 28; AABB), approximately 0.82 mya, followed by a second hybridization with 

Aegilops tauschii about 0.43 mya (Fig. 1). The ancestral allohexaploid produced by these two 

hybridization events has since been cultivated as bread wheat. Over 95% of wheat grown is bread 

wheat, generally used for making bread, cookies and pastries, with the remainder comprising mostly 

durum wheats that are suitable for making pasta and other semolina products (Dubcovsky and Dvorak, 

2007). 

Wheat grain development and storage protein biosynthesis 

Wheat grain development 

The development of wheat grain can be broadly divided into three distinct phases: cell division and 

expansion, grain filling, and desiccation and maturation. The embryo develops primarily in the first 

two weeks post anthesis which is characterised by a phase of cell division, followed by the emergence 

of lateral roots and primary leaves. This phase ends around 14 days post anthesis (DPA), and grain 

filling starts. Grain filling is characterised by rapid synthesis of protein and carbohydrates which are 

deposited in the endosperm. These events continue until approximately 28 DPA, after which the grain 

begins the third phase of development, desiccation. After another two weeks of desiccation, grains 

reach their physiological maturity at around 42 DPA (Evers and Millar, 2002; Cao et al., 2016). The 

dietary and commercial quality of wheat is determined during these developmental phases making 

the understanding and optimisation of this process a promising area to enhance human health and 

commercial outcomes(Ma et al., 2014). 

https://www.igc.int/en/markets/marketinfo-sd.aspx).%20FAOSTAT
http://www.fao.org/ag/save-and-grow/MRW/en/1/index.html
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Figure 1. Model of the phylogenetic history of bread wheat (Triticum aestivum L; AABBDD). Approximate dates 

for divergence and the three hybridization events are given in white circles in units of million years ago. The 

three diploid lineages are indicated with color and labels. Inflorescences (spikes) illustrate extant species closely 

related to those involved in the polyploidizations. This figure was adapted from Marcussen et al., (2014) 

Protein synthesis 

Protein synthesis is accomplished by ribosomes, this process occurs in the cytosol from transcripts of 

nuclear-encoded genes while the products from mitochondria and plastid genes are synthesised on 

separate ribosomes inside these organelles. Many proteins synthesized by cytosolic ribosomes are 

then transported to their respective organelles to fulfil their biological functions. The eukaryotic 

cytosolic ribosome is a multi-subunit complex consisting of a large 60S subunit, a small 40S subunit 

and four ribosomal RNAs (18S, 5.8S, 25S, and 5S), and is highly conserved in the eukaryotic kingdom 

from yeast to mammals (Horiguchi et al., 2012). Protein synthesis begins with the assembly of an 80S 

ribosome complex at the initiation codon. This assembling process involves the sequential binding of 

a messenger RNA molecule to first the 40S and then the 60S ribosomal subunit (Moldave, 1985; 

Jackson et al., 2010). Once the 80S ribosome complex is assembled, the peptide elongation cycle 

begins in which each amino acid is added subsequently to the nascent chain until a stop codon is 

encountered. It takes 4 steps to finish a peptide elongation cycle; Aminoacyl-tRNA binding, A-site tRNA 

accommodation, peptide bond formation and translocation (Dever and Green, 2012). Following the 

release of eEF2.GDP, one cycle of elongation is deemed to be completed, and the ribosome is ready 
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for the next cycle of elongation following release of the deacylated tRNA from the E site and binding 

of the appropriate eEF1A.GTP.aminoacyl-tRNA to the A site (Dever and Green, 2012). The translation 

elongation cycle continually repeats itself until a stop codon (UAA, UGA and UAG) has been 

encountered and enters the A site to trigger termination of translation. The final translation 

termination step in eukaryotes is the result of the action of two protein factors, eRF1 and eRF3. This 

process requires multiple enzymes and release factors, and involves binding factors release, GTP 

hydrolysis, ABCE1/Rli1 binding, peptide release and ribosome subunit dissociation (Zhouravleva et al., 

1995; Alkalaeva et al., 2006; Dever and Green, 2012). 

Storage protein post-translational processing and trafficking 

Storage proteins are the second most abundant component of grain dry weight, and are key 

determinants of both dough quality and bread-making quality. Storage proteins are initially 

synthesized by ribosomes on the rough endoplasmic reticulum (ER) and subsequently enter the ER 

lumen through a specific N-terminal signal peptide which is then cleaved after entering the luminal 

space (Bollini and Chrispeels, 1979; Vonheijne, 1984; Chrispeels, 1991). Protein folding and 

oligomerization of storage proteins is catalyzed by luminal chaperones and related enzymes (Boston 

et al., 1996; Vitale and Denecke, 1999). After folding, storage protein accretions are budded from the 

ER into protein bodies, which are encased in an ER-derived membrane. Individual protein bodies 

eventually fuse together into large central vacuoles in endosperm cells through three recognised 

routes. They are either directly sequestered into the central vacuole, transported through the Golgi 

complex or through the autophagy pathway (Galili et al., 1993; Herman and Larkins, 1999; Sanderfoot 

and Raikhel, 1999). Extensive studies have suggested that the biosynthesis of wheat storage proteins 

are heavily influenced by both genetic background and environmental conditions such as temperature, 

nitrogen levels, water supply etc (Dai et al., 2015; Wang et al., 2018; Zhou et al., 2018; Yu et al., 2020). 

For example, Matthieu suggested that grain protein deviation has a genetic basis and might be related 

to genotypic differences in either soil nitrogen accessibility and regulation of N uptake by plant N 

status, or ability to maintain root activity during the grain filling stage (Bogard et al., 2010), while Wang 

et al reported that heat stress during grain filling stage would decrease grain weights and filling 

durations but increase protein contents and stable filling rate (Wang et al., 2018).  

Protein degradation 

Maintaining cellular proteome homeostasis is achieved through the dual action of protein synthesis 

and protein degradation. Protein degradation plays a critical cellular housekeeping role, controlling 

the quality of the cellular protein through the removal of old and damaged proteins that may have 

deleterious properties. Targets of degradation include mis-folded proteins, damaged proteins and 
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aged proteins. Such abnormal proteins arise continuously through various mechanisms including 

biosynthetic errors, spontaneous denaturation, free-radical induced damage, environmental 

perturbations and disease (Vierstra, 1993). In order to successfully remove and recycle those 

abnormal proteins, eukaryotes have evolved highly dedicated proteolytic pathways that can 

specifically degrade abnormal proteins including the ubiquitin-proteasome system (UPS) and the 

autophagy-lysosome system. The UPS mainly targets soluble and short half-life regulatory proteins 

and autophagy degrades whole organelles and larger protein complexes (Sadanandom et al., 2012; 

Perera and Zoncu, 2016). 

Ubiquitin-proteasome system 

As the major non-lysosomal proteolytic pathway in eukaryotes, the UPS has been heavily studied in 

recent decades and shown to be a complex and strictly regulated process (Roos-Mattjus and Sistonen, 

2004). The pathway includes two discrete, successive steps. First, proteins that are destined for 

degradation are ubiquitylated followed by sequestration and digestion through the 26S proteasome 

complex. The conjugation of ubiquitin to a target protein begins with the activation of ubiquitin via 

the ubiquitin-activating enzyme E1 that activates ubiquitin in an ATP-dependent reaction to form a 

high-energy thiolester intermediate E1-ubiquitin. The activated ubiquitin is subsequently transferred 

to the active site Cys of an E2 ubiquitin-conjugation enzyme. Following the binding of E2 and E3 

ubiquitin-protein ligase, E2 catalyses the further transfer of the activated ubiquitin from E2 to the 

target protein that is destined for degradation. The E3 enzyme is encoded by a large gene family and 

determines the specificity of target protein ubiquitylation (Ciechanover, 1994; Ravid and Hochstrasser, 

2008; Kleiger and Mayor, 2014). E3s are generally clustered into two major classes containing the 

HECT domain or the RING/U-box domain (Moon et al., 2004). In HECT domain E3 enzymes, the 

activated ubiquitin is first transferred from E2 to a conserved Cys residue in the E3 enzyme, followed 

by a second step that transfers the ubiquitin from E3 to the target protein. RING/U-box domain E3 

enzymes bind to both the E2 enzyme and target protein and catalyse the transfer of ubiquitin directly 

from E2 to the target protein without an intermediate step (Ravid and Hochstrasser, 2008; 

Sadanandom et al., 2012). 

The 26S proteasome is a 2.5 MDa ATP-dependent multisubunit protease complex that can be found 

in both the cytoplasm and the nucleus. It is responsible for degradation of a wide range of intracellular 

proteins in eukaryotes, especially proteins modified with polyubiquitin chains (Yang et al., 2004). A 

26S proteasome is structurally composed of a 20S core protease (CP) and one or two 19S regulatory 

particle (RP), of which the CP is capped by RP at one or two ends. The CP is a broad spectrum, ATP- 

and Ub-independent protease that consists of four heptameric rings including two central rings that 
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consisting of 14 β subunits and two peripheral rings that are composed of 14 α subunits (Groll et al., 

1997; Gallastegui and Groll, 2010). These heptameric rings create a cylindrical shape which houses the 

protease active sites that have peptidylglutamyl peptide hydrolyzing, trypsin-like, and chymotrypsin-

like activities (Unno et al., 2002; Gallastegui and Groll, 2010). Eukaryotes usually have one or two RPs, 

the RP binds to one or both ends of the CP sitting directly over the α-ring channel of the CP. The RP 

forms a lid and a base subcomplex, constituting a narrow channel that allows only denatured proteins 

to pass (Voges et al., 1999; Adams, 2003). The RP has multiple functions including recognizing 

appropriate substrates, unfolding target substrates, removing the attached Ubs for cycling, opening 

the α -ring gate, and directing the unfolded polypeptides into the lumen of the CP for breakdown 

(Voges et al., 1999). Polyubiquitin modified target proteins can be either directly recognized by 

ubiquitin receptors in the CP or captured through the help of an adaptor that has both a polyubiquitin-

binding domain and a proteasome-binding domain. Once captured, target proteins will be unfolded 

and translocated to the central proteolytic chamber where they are degraded into short peptides. 

During degradation, the polyubiquitin chain is released and disassembled by proteasome-associated 

deubiquitylating enzymes (DUBs) for recycling (Ravid and Hochstrasser, 2008; Bard et al., 2018). 

Autophagy-lysosome system 

Unlike the UPS, the Autophagy-lysosome system is restricted to the cytoplasm and is capable of 

degrading long-life proteins, large protein complexes and even extracellular materials and pathogens 

(Korolchuk et al., 2010; Perera and Zoncu, 2016). Lysosomes are single-lipid bilayer membrane-bound 

organelles that were first discovered in 1955 by Christian de Duve (de Duve, 2005). Lysosomes are 

best known as the primary degradative compartment of eukaryotes, and are critical to many 

physiological processes, such as the turnover of cellular proteins, release of endocytosed nutrients, 

recycling of surface receptors and inactivation of pathogenic organisms (Mullins and Bonifacino, 2001). 

Lysosomes are bound by a single-lipid bilayer containing integral and peripheral proteins which 

surrounds an acidic lumen containing hydrolytic enzymes, activators and a functional glycocalyx. The 

glycocalyx lies between the internal lysosomal perimeter and the bilayer membrane. It protects the 

membrane from the acidic environment of the lumen and the soluble hydrolytic enzymes involved in 

the degradation of metabolites (Perera and Zoncu, 2016).  

As the recycling centre of the cell, lysosomes are mainly responsible for degradation of intercellular 

and extracellular proteins and materials, though recent studies suggest they also perform secretion 

and signalling functions (Perera and Zoncu, 2016). Lysosome-mediated degradation involves multiple 

trafficking routes for transporting cellular waste to lysosomes, which belong to either the endocytic 

pathway or the scavenging pathway depending on cargo types. Extracellular materials that are 
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destined for degradation, are generally transported to lysosomes via endocytosis of the endocytic 

pathways, such as caveolin-mediated endocytosis (CME), micropinocytosis and phagocytosis (Pryor 

and Luzio, 2009; Perera and Zoncu, 2016). Once captured and internalized, these cargos are trafficked 

to lysosome through intracellular sorting stations including the endosome and late endosome.  

Intracellular components that are destined for degradation and recycling usually reach lysosomes 

through the process of autophagy. Autophagy can be further classified into microautophagy, 

macroautophagy and chaperone-mediated autophagy (CMA). In microautophagy, target proteins are 

first contained in trans-Golgi network (TGN) derived vesicles. These vesicles can be transported into 

late endosomes either through a direct pathway or through an intermediary pathway using the early 

endosome. The late endosome is subsequently engulfed by lysosomes (Sahu et al., 2011; Sieńko et al., 

2020). Macroautophagy relies on the biogenesis of autophagosomes that are derived from 

phagophores. Autophagosomes translocate their cytoplasmic cargos into lysosomes through an 

intermediary (autolysosome or amphisome) (Yang and Klionsky, 2010; Feng et al., 2014). Through 

chaperone-mediated internalization, cytosolic proteins can be directly transported into the lysosome 

lumen for degradation by CMA (Kaushik and Cuervo, 2012). The biodegradation of wheat storage 

proteins, especially prolamin, requires the activity of autophagy-lysosome system as they are large 

protein polymers whose molecular weight can be more than 1 mDa (Liu et al., 2010). For example, 

autophagy has been reported to be involved in the degradation of storage proteins during seed 

germination (Vanderwilden et al., 1980; Toyooka et al., 2001; Bassham, 2007). 

Although the UPS and autophagy-lysosome system are primarily thought to be distinct catabolic 

pathways because of differences in their mechanisms, their substrates and their time frames, recent 

evidence suggests some cross-talk may occur. Generally, the blockage of one proteolytic pathway 

ultimately leads to compensatory upregulation of the other. For example, the inhibition of UPS often 

leads to compensatory upregulation of macroautophagy (Ding et al., 2007; Zhu et al., 2010). The α-

synuclein can be degraded in neurons by both the ubiquitin/proteasome system and chaperone-

mediated autophagy, suggesting these two proteolytic pathways share both components and 

substrates (Cuervo et al., 2004). 

Mature wheat grain and storage protein content 

Wheat grain 

The value of a wheat variety is determined by both the quantity and quality of the grain produced. 

Wheat grain is composed of different tissue and organ types, namely the seed coat, aleurone layer, 

endosperm and embryo. Endosperm, the major tissue of wheat grain, makes up approximately 80% 
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of the mature grain dry weight and mainly consists of starch (70-80%) and storage protein (10-14%) 

(Fig. 2) (Barron et al., 2007; Brouns et al., 2012). Although storage proteins only contribute to about 

10-14% of total grain dry weight, they are key determinants of dough and bread-making quality. 

According to Osborne fractions, storage proteins can be further divided into four types, namely 

albumins, globulins, gliadins and glutenines based on their solubility in water, dilute salt solution, 

alcohol/water mixture and dilute acid respectively (Osborne, 1907). Prolamin proteins are the 

predominant component of storage proteins that include monomeric gliadins and polymeric 

glutenines, and contribute to up 80% of total wheat grain protein content. The combined content of 

albumin and globulin proteins, the non-prolamins, is 10-20% (Fig. 3) (Zorb et al., 2018).  

 

Figure 2. The structure of wheat grain. This figure was adapted from Brouns et al., (2012). 

Prolamin proteins 

Gliadins 

Gliadin is the monomeric form of a major class of wheat prolamins and account for 40-50% of total 

wheat storage protein content. Gliadins have been divided into four different groups based on their 

electrophoretic mobility, including α-, β-, γ- and ω-gliadins (Wieser, 2007). Another classification 

system is also accepted, in which gliadins are divided into five different groups according to their 

primary structure and molecular weights, namely ω5-, ω1, 2-, α/β- and γ- gliadins (Wieser, 2007). 

Gliadin encoding genes are located on the short arms of chromosome 1 and chromosome 6. There are 

three tightly linked homologous loci on each chromosome, including Gli-A1, Gli-B1 and Gli-D1 in 

chromosome 1 and Gli-A2, Gli-B2 and Gli-D2 in chromosome 6. It is also clear that γ- and ω-gliadins 

are mainly encoded by Gli-1 locus genes, while all the α/β- and some of the γ-gliadins are encoded by 

the Gli-2 genes (Brown and Flavell, 1981; Ferranti et al., 2007). α/β- and γ-gliadins are the major forms 
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according to abundance and account for about 45% and 40% of gliadins, respectively. The remainder 

minor components are ω5- gliadins (7%) and ω1, 2-gliadins (8%) (Wieser and Kieffer, 2001). 

Monomeric gliadin is found in gluten complexes and is closely associated with dough viscosity and 

extensibility (Barak et al., 2013). Previous molecular structure data has shown that α- and β-gliadins 

with an even number of sulphur rich cysteine residues can form intrachain disulphide bonds and 

influence noncovalent bonding, which are important for their folded structure and dough viscosity. In 

contrast, α-gliadins with an odd number of cysteines form intermolecular disulphide bonds that 

terminate the poly chain of glutenin and decrease the molecular weight of glutenin in the gluten 

network (Shewry and Tatham, 1997). Redaelli et al. reported the combination of Gli-D1 and Glu-D3 

(low molecular weight glutenin subunit) alleles has strong positive effects on the extensibility of wheat 

dough (Redaelli et al., 1997). 

 

Figure 3. Main components of wheat grain and main storage protein fractions. HMW-GS, high molecular 

weight-glutenin subunit; LWM-GS, low molecular weight-glutenin subunit. This figure was adapted from Zörb et 

al., (2018). 

Glutenines 

Polymeric glutenines are the major components of wheat prolamin protein and can be classified into 

high and low molecular weight glutenin subunits (HMW-GS, MW: 70-90 kDa and LMW-GS, MW: 30-

45 kDa). LMW-GS account for about 60% of the grain total glutenin content (Shewry and Halford, 

2002). Yan et al. proposed grouping of LMW-GS subunits into three types that differ in their molecular 

weight, namely B, C and D type subunits; the B type subunit being the most abundant (Yan et al., 1999). 

Alternatively, Lew et al. suggested another classification system based on the N-terminal amino acid 

sequences, which separates LMW-GS subunits into LMW-m, LMW-s, and LMW-i, where m, s, and i 

designations represent the first amino acid residue of the mature proteins; methionine, serine, and 

isoleucine, respectively (Lew et al., 1992). The LMW-s subunit is the most abundant form in this 
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classification system. LMW-GS encoding genes are located at Glu-A3, Glu-B3 and Glu-D3 loci on the 

short arms of chromosomes 1 (Payne, 1987). LMW-GS encoding genes do not contain introns, and was 

estimated to have nearly 40 copies in common bread wehat (Sabelli and Shewry, 1991; Pfeifer et al., 

2014). 

The HMW-GS class of glutenines makes up about 40% of total glutenin. Although HMW-GSs are not 

the most abundant glutenin components, they are the major determinants of dough quality and 

bread-making performance, thus HMW-GS has been studied in great detail due to its influence on 

dough elasticity (Shewry and Halford, 2002; Shewry, 2009). HMW-GS encoding genes are located on 

the long arms of chromosomes 1, including loci of Glu-A1, Glu-B1 and Glu-D1. Each locus has two 

tightly linked genes that encode a larger x-type subunit (MW: 83-88 kDa) and a smaller y-type subunit 

(MW: 67-74 kDa) (Shewry et al., 1992). There are six HMW-GS genes (1Ax, 1Ay, 1Bx, 1By, 1Dx and 1Dy), 

but hexaploid wheat usually contains three (1Bx, 1By and 1Dy) to five (1Ax, 1Bx, 1By, 1Dx and 1Dy) 

protein subunits due to the gene silencing (Yang et al., 2006). It is generally accepted that y-type 

HMW-GSs are more valuable for dough quality improvement than x-type HMW-GSs because they 

possess more cysteine residues. These residues represent the capability of forming inter- and intra-

molecular disulphide bonds during dough development (Shewry et al., 2002). Benefiting from the 

above characteristics, the expressed Ay genes from one genotype have been integrated into 

background genotypes through conventional cross breeding processes to produce extra glutenin 

proteins with the aim to improve grain protein content (Shewry, 2007). 

Several parameters are used to index dough end use quality, namely dough viscoelasticity, elasticity 

and extensibility. Higher elastic doughs are required for breadmaking while more extensible doughs 

are used for making cakes and biscuits (Shewry and Halford, 2002). It is well known that glutenines 

determine the dough viscoelasticity and elasticity, and gliadins influence the dough extensibility 

(Shewry and Halford, 2002). Within glutenin polymers, HMW-GS and LMW-GS are formed through 

intra- and/or inter-molecular disulphide bonds, while gliadins can form only intra-molecular 

disulphide bonds as they present monomeric components (Delcour et al., 2012). Previous work also 

showed that noncovalent interactions, mainly through hydrogen bonds between and within individual 

glutenin chains, have positive effects on glutenin elasticity (Delcour et al., 2012). The ratio of gliadin 

and glutenin has been considered the key factor to balance the dough rheological properties of 

viscosity and elasticity, with a higher gliadin to glutenin ratio generally associated with lower rupture 

viscosity (Khatkar et al., 1995). Differences in wheat total protein content as well as individual storage 

protein composition are of importance in modern food processing industry in order to produce 

different food products. In practice, strong doughs with high elasticity are used for breadmaking, but 

extensible doughs are used for making cakes and/or biscuits (Shewry and Halford, 2002).  
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Non-prolamin proteins 

Albumins and globulins are usually referred as non-prolamins or metabolic proteins, which together 

make up 15-20% of wheat grain protein content, and contribute to approximately half of the total 

lysine content in the wheat grain (Fra-Mon et al., 1984; Singh and Skerritt, 2001). Many of non-

prolamin proteins are enzymes and have important roles in cellular metabolism, development, and 

environmental stress responses, such as α-amylase inhibitors, protease inhibitors, serpins and high 

molecular weight albumins (Singh and Skerritt, 2001). However, some of non-prolamins also have 

storage functions that can influence dough formation and positively contribute to dough rheological 

properties. For example, some high molecular weight albumins and certain globulins (triticins) are 

considered to have a storage function as they form part of the gluten protein complex through 

disulphide bonds (Gupta et al., 1991; Osipova et al., 2012). Primo-Martin et al. suggested that glucose 

oxidase contributed to dough extensibility and resistance, while pentosanase/glucose oxidase could 

improve dough extensibility (Primo-Martín et al., 2003). Pentosanase activity is also linked to the 

improvement of gluten elasticity, rheological properties and/or water distribution (Jiménez and 

Martínez-Anaya, 2001). Endoxylanases are used in flour mixtures to improve dough-handling 

properties such as oven spring and loaf volume (Courtin and Delcour, 2002). 

Proteomics in plants 

Protein identification and profiling in plants 

While the analysis of proteins in biological samples, such as cereal grains, has occurred for over a 

century using total protein analysis, protein fraction analysis and electrophoresis (Osborne, 1907), it 

was not until 1996 that Wilkins conceptualised the term “proteome” to define the expressed 

complement of a genome. He proposed a proteome is the entire PROTein complement expressed by 

a genOME in a cell, tissue or the whole organism at a given time under a certain condition (Wilkins et 

al., 1996). Proteomics as a new field has grown at a fast rate since then, and has become a powerful 

tool in the functional characterization of life science mainly due to improvements in the mass 

spectrometry (MS) techniques and the development of a myriad of analytical software. For example, 

the development of matrix-assisted laser desorption/ionization (MALDI) and electrospray ionization 

(ESI), so called the soft ionization techniques, have revolutionized protein analysis using MS (Karas and 

Hillenkamp, 1988; Fenn et al., 1989), while the available of many commercial and open source mass 

spectrum data analysis software such as  Proteome Discoverer, Mascot, MaxQuant (Cox and Mann, 

2008) et al, have accelerated the growth of proteomics. 
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A mass spectrometer generally consists of three key components, namely an ion source that converts 

sample molecules into gas-phase ions, a mass analyser that separates ionized sample molecules on its 

basis of the mass-to-charge (m/z) ratio, and a detector that records the m/z value of all sample 

molecules (Yates, 2004; Banerjee and Mazumdar, 2012). As shown in Figure 4, MS technique 

fundamentally ionize peptides into gas-phase ions and then records their m/z ratio. Briefly, after 

injection, digested peptide samples are firstly converted into gas-phase ions in the ion source chamber, 

which will be further transferred to mass analyser where ions will be sorted and separated based on 

their m/z ratio. Well separated ions will be captured and recorded in detector chamber and results 

are return and stored for further analysis (Fig. 4).Although considerable research effort has been 

invested into the studies of plant proteomics, it is still in a very early stage and lags behind comparative 

analysis in yeast, human and animals. There are multiple and overlapping reasons for this lag. Firstly, 

it resulted from the lack of whole genome sequence and annotation in many plants of interest. 

Secondly, plant sample preparation is often more challenging because of the rigidity of plant cell wall 

in comparison with the ease of protein preparation from animal cells. Finally, the accumulation of 

large amounts of secondary compounds in the central vacuole of plant cells can make the preparation 

of high quality protein and protein complex samples more difficult from plant extracts (Cánovas et al., 

2004).  

 

Figure 4. The key components of a mass spectrometer. There are four types of mass analysers are 

commonly used, including quadrupole, ion trap, time-of-flight (TOF) mass analyser and Orbitrap. This 

figure was adapted from Banerjee et al., (2012). 

Arabidopsis thaliana, as the first established model plant, is the most heavily studied plant species in 

terms of its proteome. This study was accelerated after 2000 when the fully annotated Arabidopsis 

nuclear genome sequence was released (Kaul et al., 2000). These studies cover a wide range of 

different tissues and treatments. Giavalisco et al. reported the proteome analysis of eight different 

Arabidopsis tissues through a gel based matrix-assisted laser desorption/ionisation-time of flight mass 

spectrometry (MALDI-TOF MS) approach (Giavalisco et al., 2005). Jiang et al. revealed the proteome 

response of Arabidopsis roots to NaCl stress (Jiang et al., 2007), while Rocco et al. identified 

temperature stress-response proteins in Arabidopsis rosette leaves (Rocco et al., 2013). In 2020, 

Mergner et al. updated the quantitative proteome atlas of the Arabidospsis that includes 30 tissues 
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(Mergner et al., 2020). Studies focused on Arabidopsis subcellular organelles were also reported, such 

as mitochondria (Millar et al., 2001; Taylor et al., 2011; Senkler et al., 2017; Waltz et al., 2019; Fuchs 

et al., 2020), chloroplast (Rolland et al., 2003; Zabrouskov et al., 2003), peroxisomes (Bussell et al., 

2013; Quan et al., 2013), vacuolar membranes (Sazuka et al., 2004; Szponarski et al., 2004), plasma 

membrane (Nelson et al., 2006; Elmore et al., 2012; Miki et al., 2019), cell wall (Albenne et al., 2013; 

Nguyen-Kim et al., 2016) and nucleus (Calikowski et al., 2003; Brown et al., 2005; Pendle et al., 2005; 

Tang et al., 2020). 

As one of the most important crops in the world and the first crop plant to have its genome sequenced, 

rice proteomics also has a long history. Komatsu and co-worker established the rice green and 

etiolated shoot proteome in 1999 followed by the study of roles of jasmonate in rice self-defence 

mechanism from proteome perspective one year later (Komatsu et al., 1999; Rakwal and Komatsu, 

2000). Koller et al., two years later, revealed rice metabolic pathways in leaf, root and seed tissues 

using two independent proteomic approaches (Koller et al., 2002). Recent proteomics studies in rice 

are predominantly focusing on the proteome response under biotic or abiotic stress conditions (Wang 

et al., 2013; Timabud et al., 2016; Long et al., 2019; Wu et al., 2019; Frukh et al., 2020; Ma et al., 2020). 

Maize is another critical crop in modern agriculture and its proteome profiles have also been well 

established over past years (Pechanova et al., 2013; Gong et al., 2014; Marcon et al., 2015; McLoughlin 

et al., 2018; Jiang et al., 2019; Chen et al., 2020). As an important source of protein and food, most of 

proteomic work of legumes has focused on seeds (Dam et al., 2009; Marx et al., 2016; Le Signor et al., 

2017; Min et al., 2020), pods and leaves (Nautrup-Pedersen et al., 2010; Robison et al., 2015; Wei et 

al., 2020). 

Even though wheat is economically as valuable as rice and maize, wheat proteomics is less advanced, 

primarily due to its highly abundant of prolamin proteins and its large genome size (17Gb) that was 

not completely sequenced until 2018 (Appels et al., 2018). In the wheat research community, 

proteomic responses to biotic or abiotic stresses such as drought stress (Ford et al., 2011; Li et al., 

2014), salinity stress (Peng et al., 2009), heat stress (Majoul et al., 2004; Hurkman et al., 2013) , oxygen 

deficiency (Pan et al., 2019), and pathogen defence (Yang et al., 2013; Fu et al., 2016; Eldakak et al., 

2018) have been the focus of published reports. For example, Ford et al. compared proteome profiles 

of three wheat cultivars different in their ability to maintain grain yield under drought conditions, and 

provided potential candidates for enhancing bread wheat drought tolerance in future wheat breeding 

programmers (Ford et al., 2011). Eldakak et al. reported a putative regulatory mechanism involving 

multiple stress response proteins and functional genes according to the comparative proteomic 

results of Fusarium head blight (FHB) pathogenesis in a pair of wheat near-isogenic lines (NIL) (Eldakak 

et al., 2018). Wheat grain proteome profiles during grain development has been another focus. Such 
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analysis involves whole grain (Altenbach, 2012; Zhen et al., 2018; Tahir et al., 2020), starchy 

endosperm (Tasleem-Tahir et al., 2012; Cao et al., 2016), aleurone layer (Meziani et al., 2014; Nadaud 

et al., 2015) and peripheral layers (Tasleem-Tahir et al., 2011; Qiu et al., 2016). Wheat proteome 

studies of individual tissue or subcellular organelle were reported as well. These work involved in 

tissues or organelles of leaves (Donnelly et al., 2005; Duncan et al., 2017; Michaletti et al., 2018), roots 

(Duncan et al., 2017; Li et al., 2019; Jian et al., 2020), mitochondria (Jacoby et al., 2013; Kim et al., 

2014), chloroplasts (Kamal et al., 2013; Xu et al., 2016; Wang et al., 2020) and nucleus (Bancel et al., 

2015; Bonnot et al., 2015). 

Quantitative proteomics using stable isotope labelling 

In order to achieve more accurate quantification of protein abundance in biological systems, stable 

isotope labelling techniques through incorporating different stable isotopes in samples for relative 

protein quantification has been developed and used in a wide variety of organisms (de Godoy et al., 

2008; Geiger et al., 2010; Dhondt et al., 2017; Overmyer et al., 2018; Yang et al., 2019) including plants 

(Zhen et al., 2018; Xiong et al., 2019; Ma et al., 2020; Salih et al., 2020). Such label-based methods 

employ differential stable isotope labelling to create mass tags that can be recognized by a mass 

spectrometer and can provide the basis for quantification at the same time. Quantification is achieved 

by comparing the signal intensity of labelled and unlabelled forms of peptides (Bantscheff et al., 2007; 

Boersema et al., 2009). Chemical labelling and metabolic labelling are two common labelling strategies 

that are used to introduce heavy isotope into samples. 

Chemical labelling approaches usually target post-biosynthetic peptides and attach an isotope-coded 

mass tag through chemical or enzymatic derivatization in vitro. Isotope-coded affinity tag (ICAT) is a 

typical chemical labelling approach that specifically attaches an affinity tag (biotin) into the thiol group 

of amino acid residues, such as cysteine, in all peptides (Shiio and Aebersold, 2006). Because ICAT 

specifically targets cysteine which is a rare amino acid, this method can significantly reduce the sample 

complexity and benefit in analysis of complex samples. However, ICAT has a relatively poor proteome 

coverage of achieving only 10-20% of the whole cell proteome with a single ICAT run. The other widely 

used chemical labelling method is isobaric tags for relative and absolute quantitation (iTRAQ) that 

dedicatedly labels the ε-amino groups lysine residues at the N-terminus (Bantscheff et al., 2007; Rix 

and Superti-Furga, 2009). One notable advantage of the iTRAQ method is that it allows the 

comparative analysis of up to eight samples in a single MS run by using 8-plex iTRAQ reagent. This 

multi-channel capability of iTRAQ could significantly reduce the experimental errors that occurs during 

sample preparation, thus allows scientists to achieve a high accuracy comparison between samples. 

Likewise, the tandem mass tags (TMT) method adds the isobaric tags to lysine residues at the N-
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terminus as well. However, in comparison with iTRAQ, TMT targets both α-amino groups and ε-amino 

groups of lysine residues and is capable to compare sixteen samples in a single MS run (Bantscheff et 

al., 2007; Chahrour et al., 2015).  

Metabolic labelling, on the other hand, is designed for amino acids or peptides labelling in vivo. Stable 

isotope labelling with amino acid in cell culture (SILAC) is the most commonly used metabolic labelling 

strategy due to allowing the combination of different samples at the level of intact cells, which 

excludes experimental errors that derived from sample preparation and mass spectrometric 

procedures (Mann, 2006; Geiger et al., 2010; Schutz et al., 2011; Itzhak et al., 2019). However, this 

method is complicated to apply to intact labelling of plant as these autotrophic organisms are able to 

synthesize all amino acids from external inorganic nutrients. To address this issue, isotopic labels in 

the form of inorganic salts are usually introduced. For example, heavy nitrogen (15N in the form of NO3
- 

or NH4
+) as the sole nitrogen source can be successfully used for the metabolic labelling of intact plants 

(Arsova et al., 2012; Nelson et al., 2014; Li et al., 2017) 

Protein turnover analysis 

As the cellular protein pool is constantly being renewed, the measurement of protein turnover is 

required to determine whether protein synthesis or protein degradation is driving changes in protein 

abundance (Fig. 5). In plants this is important to understand daily cycles of light and temperature, 

vegetative growth, and abiotic and biotic stresses such as salinity, drought, high temperature, 

pathogen and parasite infection (Nelson and Millar, 2015). This requires methods that are able to 

determine both accumulation of newly synthesized proteins and loss of old existing proteins even 

when the protein pool size is constant. This feature gives scientists a challenge to measure both 

changes simultaneously (Doherty and Beynon, 2006). To address such a challenge, progressive rather 

than the complete labelling with radioactive or the stable isotope labelling techniques is used to label 

newly synthesized amino acids and/or proteins in intact cells. This allows the tracking of the size of 

both new and old protein populations at the same time. The most popular radioactive isotopes used 

for protein turnover studies are 14C (eg: [14C]leucine), 3H (eg: 3H2O, [3H]leucine) and 35S (eg: 

[35S]methionine) (Davies and Humphrey, 1978; Niedzwiecki and Fleming, 1990; Ferrington et al., 1998; 

Beynon and Pratt, 2005; Doherty and Beynon, 2006). Although radioactive isotope-based methods are 

highly sensitive and allow the measurement of very low isotope incorporation levels when combined 

with scintillation counting and/or autoradiography techniques, the bio-hazardous nature of 

radioactive isotopes limits their broad application (Neufeld et al., 2007).  
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Figure 5. Protein turnover contribution to protein abundance changes. Proteins in a cell are in a dynamic state 

of flux. A, the steady-state is shown. Although the concentration of the protein pool is not changing, this merely 

reflects a balance between the two opposing processes of protein synthesis and degradation. Protein synthesis 

is linked to transcriptional control whereas protein degradation is more closely coupled to the metabolome. B, 

protein abundance increase could be affected by increased synthesis (transcription), by decreased degradation 

(metabolism) or by both. C, protein abundance decrease could be a result of decreased synthesis, increased 

degradation or both. This figure was adapted and modified from Doherty et al., (2006). 
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In comparison with radioactive isotopes, the less hazardous approach of using stable isotopes, such 

as 2H, 13C 18O and 15N, is preferred (Yang et al., 2010; Chen et al., 2011; Li et al., 2012; Zhou et al., 2012; 

Nelson et al., 2014). For example, Yang and co-workers developed a method of measuring protein 

turnover rates for plants at the seeding stage using 2H2O labelling (Yang et al., 2010). Chen et al. grew 

Arabidopsis in a fully enclosed automated plant growth environment with 13CO2 gas for 13C in vivo 

labelling that is suitable for determining fast turning over proteins (Chen et al., 2011). Due to the easy 

delivery of inorganic salts of 15NO3 and/or 15NH4 to plants, and applicability to both cell culture and 

hydroponically grown plants, 15N has been commonly applied in studies of plant protein turnover over 

the last few years. These studies covers a wide range of species including Arabidopsis (Nelson et al., 

2013; Huang et al., 2015; Fan et al., 2016; Li et al., 2017), Rice (Yao et al., 2014), Wheat (Zhang et al., 

2017), Barley (Nelson et al., 2014), Green Alga (Martin et al., 2012), and Medicago truncatula (Lyon et 

al., 2016) have been analysed. 

Protein related challenges in modern wheat agriculture 

As the world population is continuously growing and is projected to reach 9 billion by 2050, how to 

grow enough food with limited cropland to meet the unprecedented food demands of this population 

has become one of the greatest challenges in modern agriculture. To meet this challenge, crop 

scientists believe that the yield of the four major crops, including maize, rice, wheat and soybean, has 

to increase at least 60% by 2050 (Tilman et al., 2002). Historical data suggests that global crop 

production has only been gradually increasing over the past three decades with a growth rate of 

approximately 1% per year (Foley et al., 2011). With these current growth rates in yield, only maize 

could reach the target of 60% yield increase by 2050, and a large gap between reality and the target 

will be seen for the other three crops. For example, wheat yield may only increase about 38% by 2050 

based on current yield growth rates and that would give a shortage of nearly half of the demand (Ray 

et al., 2013). In addition, an increasing demand for high protein content crops have been seen over 

the past years, mainly derived from the changes in human dietary preference, the climate costs of 

meat production for human consumption, and the rapidly growing demands of the food processing 

industry (Godfray et al., 2018; Jouanin et al., 2018; Kiszonas and Morris, 2018). Therefore, there is 

demand for both higher grain yield and higher grain protein content in the next three decades.  

In wheat, it is widely reported to be problematic to improve both grain yield and grain protein content 

simultaneously because of a negative correlation relationship between these two traits (Asseng et al., 

2019; Michel et al., 2019). In order to overcome this limitation, extensive work has been done to 

introgress genes from different wheat varieties into current cultivars through conventional cross 

breeding processes. It has been proven that the introgression of these external genes, such as Ay gene 
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that encodes the y-type high molecular weight glutenin subunit, into current wheat cultivars can 

significantly improve grain protein content by up to 9% without yield penalty (Roy et al., 2018; Roy et 

al., 2020). However, how the introgressed Glu-1Ay21* allele increases bread wheat protein content 

without changing other agronomic traits is still unknown. 

Aims of this project 

The overall aim of this project was to explore the biological basis of potential approaches that could 

increase wheat grain protein content without losing grain yield and to better understand how wheat 

grain proteins accumulate during grain development using protein turnover approaches.  

The first aim of this project was met by investigating the molecular mechanism of how the 

introgressed Glu-1Ay21* allele increases bread wheat protein content without changing other 

agronomic traits (Roy et al., 2018; Roy et al., 2020). This was undertaken through a systematic 

proteomics analysis using three Ay integrated near isogenic lines at Australian background of EGA 

Gregory, Bonnie Rock and Yitpi (Chapter 2). To close the knowledge gap, we proposed a putative 

model based on proteome analysis of how the Glu-Ay gene induces high grain content and bread-

making quality. 

The second aim was met by measurement of protein synthesis and degradation rates during wheat 

grain development using in vivo stable isotope labelling and quantitative proteomics. This data was 

used to create a protein turnover atlas of wheat grain proteins during grain development (Chapter 3). 

This was then used to gain a better understanding of wheat grain energy use efficiency (EUE) during 

grain development and the ATP energy usage for protein synthesis and degradation of different 

classes of wheat grain protein.  

The findings and knowledge gained from this project will not only help scientists and breeders to have 

a more comprehensive understanding how each wheat grain protein accumulates, but also accelerate 

selection of protein candidates for modern wheat breeding programmes, and in this way ultimately 

contribute to feeding of the population.  

 

 

 

  



19 
 

Literature Cited 

Adams J (2003) The proteasome: structure, function, and role in the cell. Cancer Treatment Reviews 29: 3-9 

Albenne C, Canut H, Jamet E (2013) Plant cell wall proteomics: the leadership of Arabidopsis thaliana. Front 

Plant Sci 4: 111 

Alkalaeva EZ, Pisarev AV, Frolova LY, Kisselev LL, Pestova TV (2006) In vitro reconstitution of eukaryotic 

translation reveals cooperativity between release factors eRF1 and eRF3. Cell 125: 1125-1136 

Altenbach SB (2012) New insights into the effects of high temperature, drought and post-anthesis fertilizer on 

wheat grain development. Journal of Cereal Science 56: 39-50 

Appels R, Eversole K, Feuillet C, Keller B, Rogers J, Stein N, Pozniak CJ, Stein N, Choulet F, Distelfeld A, Eversole 

K, Poland J, Rogers J, Ronen G, Sharpe AG, Pozniak C, Ronen G, Stein N, Barad O, Baruch K, et al. (2018) 

Shifting the limits in wheat research and breeding using a fully annotated reference genome. Science 

361: 661-+ 

Arsova B, Kierszniowska S, Schulze WX (2012) The use of heavy nitrogen in quantitative proteomics experiments 

in plants. Trends in Plant Science 17: 102-112 

Asseng S, Martre P, Maiorano A, Rotter RP, O'Leary GJ, Fitzgerald GJ, Girousse C, Motzo R, Giunta F, Babar MA, 

Reynolds MP, Kheir AMS, Thorburn PJ, Waha K, Ruane AC, Aggarwal PK, Ahmed M, Balkovic J, Basso 

B, Biernath C, et al. (2019) Climate change impact and adaptation for wheat protein. Glob Chang Biol 

25: 155-173 

Bancel E, Bonnot T, Davanture M, Branlard G, Zivy M, Martre P (2015) Proteomic Approach to Identify Nuclear 

Proteins in Wheat Grain. J Proteome Res 14: 4432-4439 

Banerjee S, Mazumdar S (2012) Electrospray Ionization Mass Spectrometry: A Technique to Access the 

Information beyond the Molecular Weight of the Analyte. International Journal of Analytical Chemistry 

2012 

Bantscheff M, Schirle M, Sweetman G, Rick J, Kuster B (2007) Quantitative mass spectrometry in proteomics: a 

critical review. Anal Bioanal Chem 389: 1017-1031 

Barak S, Mudgil D, Khatkar BS (2013) Relationship of gliadin and glutenin proteins with dough rheology, flour 

pasting and bread making performance of wheat varieties. Lwt-Food Science and Technology 51: 211-

217 

Bard JAM, Goodall EA, Greene ER, Jonsson E, Dong KC, Martin A (2018) Structure and Function of the 26S 

Proteasome. Annual Review of Biochemistry, Vol 87 87: 697-724 

Barron C, Surget A, Rouau X (2007) Relative amounts of tissues in mature wheat (Triticum aestivum L.) grain and 

their carbohydrate and phenolic acid composition. Journal of Cereal Science 45: 88-96 

Bassham DC (2007) Plant autophagy-more than a starvation response. Current Opinion in Plant Biology 10: 587-

593 

Beynon RJ, Pratt JM (2005) Metabolic labeling of proteins for proteomics. Molecular & Cellular Proteomics 4: 

857-872 

Boersema PJ, Raijmakers R, Lemeer S, Mohammed S, Heck AJ (2009) Multiplex peptide stable isotope dimethyl 

labeling for quantitative proteomics. Nat Protoc 4: 484-494 

Bogard M, Allard V, Brancourt-Hulmel M, Heumez E, Machet JM, Jeuffroy MH, Gate P, Martre P, Le Gouis J 

(2010) Deviation from the grain protein concentration-grain yield negative relationship is highly 

correlated to post-anthesis N uptake in winter wheat. Journal of Experimental Botany 61: 4303-4312 

Bollini R, Chrispeels MJ (1979) Rough Endoplasmic-Reticulum Is the Site of Reserve-Protein Synthesis in 

Developing Phaseolus-Vulgaris Cotyledons. Planta 146: 487-501 

Bonnot T, Bancel E, Chambon C, Boudet J, Branlard G, Martre P (2015) Changes in the nuclear proteome of 

developing wheat (Triticum aestivum L.) grain. Frontiers in Plant Science 6 

Boston RS, Viitanen PV, Vierling E (1996) Molecular chaperones and protein folding in plants. Plant Molecular 

Biology 32: 191-222 



20 
 

Brouns F, Hemery Y, Price R, Anson NM (2012) Wheat Aleurone: Separation, Composition, Health Aspects, and 

Potential Food Use. Critical Reviews in Food Science and Nutrition 52: 553-568 

Brown JW, Shaw PJ, Shaw P, Marshall DF (2005) Arabidopsis nucleolar protein database (AtNoPDB). Nucleic 

Acids Res 33: D633-636 

Brown JWS, Flavell RB (1981) Fractionation of Wheat Gliadin and Glutenin Subunits by Two-Dimensional 

Electrophoresis and the Role of Group-6 and Group-2 Chromosomes in Gliadin Synthesis. Theoretical 

and Applied Genetics 59: 349-359 

Bussell JD, Behrens C, Ecke W, Eubel H (2013) Arabidopsis peroxisome proteomics. Front Plant Sci 4: 101 

Calikowski TT, Meulia T, Meier I (2003) A proteomic study of the arabidopsis nuclear matrix. J Cell Biochem 90: 

361-378 

Cánovas FM, Dumas-Gaudot E, Recorbet G, Jorrin J, Mock HP, Rossignol M (2004) Plant proteome analysis. 

Proteomics 4: 285-298 

Cao H, He M, Zhu C, Yuan LL, Dong LW, Bian YW, Zhang WY, Yan YM (2016) Distinct metabolic changes between 

wheat embryo and endosperm during grain development revealed by 2D-DIGE-based integrative 

proteome analysis. Proteomics 16: 1515-1536 

Chahrour O, Cobice D, Malone J (2015) Stable isotope labelling methods in mass spectrometry-based 

quantitative-proteomics. Journal of Pharmaceutical and Biomedical Analysis 113: 2-20 

Chen MX, Lu CC, Sun PC, Nie YX, Tian Y, Hu QJ, Debatosh D, Hou XX, Gao B, Chen X, Liu SX, Zheng CC, Zhao XY, 

Dai L, Zhang J, Liu YG (2020) Comprehensive transcriptome and proteome analyses reveal a novel 

sodium chloride responsive gene network in maize seed tissues during germination. Plant Cell Environ  

Chen WP, Yang XY, Harms GL, Gray WM, Hegeman AD, Cohen JD (2011) An automated growth enclosure for 

metabolic labeling of Arabidopsis thaliana with C-13-carbon dioxide - an in vivo labeling system for 

proteomics and metabolomics research. Proteome Science 9 

Chrispeels MJ (1991) Sorting of Proteins in the Secretory System. Annual Review of Plant Physiology and Plant 

Molecular Biology 42: 21-53 

Ciechanover A (1994) The Ubiquitin-Proteasome Proteolytic Pathway. Cell 79: 13-21 

Courtin CM, Delcour JA (2002) Arabinoxylans and endoxylanases in wheat flour bread-making. Journal of Cereal 

Science 35: 225-243 

Cox J, Mann M (2008) MaxQuant enables high peptide identification rates, individualized p.p.b.-range mass 

accuracies and proteome-wide protein quantification. Nat Biotechnol 26: 1367-1372 

Cuervo AM, Stefanis L, Fredenburg R, Lansbury PT, Sulzer D (2004) Impaired degradation of mutant alpha-

synuclein by chaperone-mediated autophagy. Science 305: 1292-1295 

Dai Z, Plessis A, Vincent J, Duchateau N, Besson A, Dardevet M, Prodhomme D, Gibon Y, Hilbert G, Pailloux M, 

Ravel C, Martre P (2015) Transcriptional and metabolic alternations rebalance wheat grain storage 

protein accumulation under variable nitrogen and sulfur supply. Plant J 83: 326-343 

Dam S, Laursen BS, Ornfelt JH, Jochimsen B, Staerfeldt HH, Friis C, Nielsen K, Goffard N, Besenbacher S, Krusell 

L, Sato S, Tabata S, Thogersen IB, Enghild JJ, Stougaard J (2009) The proteome of seed development in 

the model legume Lotus japonicus. Plant Physiol 149: 1325-1340 

Davies DD, Humphrey TJ (1978) Amino-Acid Recycling in Relation to Protein Turnover. Plant Physiology 61: 54-

58 

de Duve C (2005) The lysosome turns fifty. Nature Cell Biology 7: 847-849 

de Godoy LM, Olsen JV, Cox J, Nielsen ML, Hubner NC, Frohlich F, Walther TC, Mann M (2008) Comprehensive 

mass-spectrometry-based proteome quantification of haploid versus diploid yeast. Nature 455: 1251-

1254 

Delcour JA, Joye IJ, Pareyt B, Wilderjans E, Brijs K, Lagrain B (2012) Wheat Gluten Functionality as a Quality 

Determinant in Cereal-Based Food Products. Annual Review of Food Science and Technology, Vol 3 3: 

469-492 

Dever TE, Green R (2012) The Elongation, Termination, and Recycling Phases of Translation in Eukaryotes. Cold 

Spring Harbor Perspectives in Biology 4 



21 
 

Dhondt I, Petyuk VA, Bauer S, Brewer HM, Smith RD, Depuydt G, Braeckman BP (2017) Changes of Protein 

Turnover in Aging Caenorhabditis elegans. Mol Cell Proteomics 16: 1621-1633 

Ding WX, Ni HM, Gao WT, Yoshimori T, Stolz DB, Ron D, Yin XM (2007) Linking of autophagy to ubiquitin-

proteasome system is important for the regulation of endoplasmic reticulum stress and cell viability. 

American Journal of Pathology 171: 513-524 

Doherty MK, Beynon RJ (2006) Protein turnover on the scale of the proteome. Expert Review of Proteomics 3: 

97-110 

Donnelly BE, Madden RD, Ayoubi P, Porter DR, Dillwith JW (2005) The wheat (Triticum aestivium L.) leaf 

proteome. Proteomics 5: 1624-1633 

Dubcovsky J, Dvorak J (2007) Genome plasticity a key factor in the success of polyploid wheat under 

domestication. Science 316: 1862-1866 

Duncan O, Trosch J, Fenske R, Taylor NL, Millar AH (2017) Resource: Mapping the Triticum aestivum proteome. 

Plant J 89: 601-616 

Eldakak M, Das A, Zhuang YB, Rohila JS, Glover K, Yen Y (2018) A Quantitative Proteomics View on the Function 

of Qfhb1, a Major QTL for Fusarium Head Blight Resistance in Wheat. Pathogens 7 

Elmore JM, Liu J, Smith B, Phinney B, Coaker G (2012) Quantitative Proteomics Reveals Dynamic Changes in the 

Plasma Membrane During Arabidopsis Immune Signaling. Molecular & Cellular Proteomics 11 

Evers T, Millar S (2002) Cereal grain structure and development: Some implications for quality. Journal of Cereal 

Science 36: 261-284 

Fan KT, Rendahl AK, Chen WP, Freund DM, Gray WM, Cohen JD, Hegeman AD (2016) Proteome Scale-Protein 

Turnover Analysis Using High Resolution Mass Spectrometric Data from Stable-Isotope Labeled Plants. 

Journal of Proteome Research 15: 851-867 

Feng YC, He D, Yao ZY, Klionsky DJ (2014) The machinery of macroautophagy. Cell Research 24: 24-41 

Fenn JB, Mann M, Meng CK, Wong SF, Whitehouse CM (1989) Electrospray Ionization for Mass-Spectrometry 

of Large Biomolecules. Science 246: 64-71 

Ferranti P, Mamone G, Picariello G, Addeo F (2007) Mass spectrometry analysis of gliadins in celiac disease. J 

Mass Spectrom 42: 1531-1548 

Ferrington DA, Krainev AG, Bigelow DJ (1998) Altered turnover of calcium regulatory proteins of the 

sarcoplasmic reticulum in aged skeletal muscle. Journal of Biological Chemistry 273: 5885-5891 

Foley JA, Ramankutty N, Brauman KA, Cassidy ES, Gerber JS, Johnston M, Mueller ND, O'Connell C, Ray DK, 

West PC, Balzer C, Bennett EM, Carpenter SR, Hill J, Monfreda C, Polasky S, Rockstrom J, Sheehan J, 

Siebert S, Tilman D, et al. (2011) Solutions for a cultivated planet. Nature 478: 337-342 

Ford KL, Cassin A, Bacic A (2011) Quantitative proteomic analysis of wheat cultivars with differing drought stress 

tolerance. Front Plant Sci 2: 44 

Fra-Mon P, Salcedo G, Aragoncillo C, Garciaolmedo F (1984) Chromosomal Assignment of Genes-Controlling 

Salt-Soluble Proteins (Albumins and Globulins) in Wheat and Related Species. Theoretical and Applied 

Genetics 69: 167-172 

Frukh A, Siddiqi TO, Khan MIR, Ahmad A (2020) Modulation in growth, biochemical attributes and proteome 

profile of rice cultivars under salt stress. Plant Physiology and Biochemistry 146: 55-70 

Fu Y, Zhang H, Mandal SN, Wang CY, Chen CH, Ji WQ (2016) Quantitative proteomics reveals the central changes 

of wheat in response to powdery mildew. Journal of Proteomics 130: 108-119 

Fuchs P, Rugen N, Carrie C, Elsasser M, Finkemeier I, Giese J, Hildebrandt TM, Kuhn K, Maurino VG, Ruberti C, 

Schallenberg-Rudinger M, Steinbeck J, Braun HP, Eubel H, Meyer EH, Muller-Schussele SJ, 

Schwarzlander M (2020) Single organelle function and organization as estimated from Arabidopsis 

mitochondrial proteomics. Plant J 101: 420-441 

Galili G, Altschuler Y, Levanony H (1993) Assembly and transport of seed storage proteins. Trends Cell Biol 3: 

437-442 

Gallastegui N, Groll M (2010) The 26S proteasome: assembly and function of a destructive machine. Trends in 

Biochemical Sciences 35: 634-642 



22 
 

Geiger T, Cox J, Ostasiewicz P, Wisniewski JR, Mann M (2010) Super-SILAC mix for quantitative proteomics of 

human tumor tissue. Nat Methods 7: 383-385 

Giavalisco P, Nordhoff E, Kreitler T, Kloppel KD, Lehrach H, Klose J, Gobom J (2005) Proteome analysis of 

Arabidopsis thaliana by two-dimensional gel electrophoresis and matrix-assisted laser 

desorption/ionisation-time of flight mass spectrometry. Proteomics 5: 1902-1913 

Godfray HCJ, Aveyard P, Garnett T, Hall JW, Key TJ, Lorimer J, Pierrehumbert RT, Scarborough P, Springmann 

M, Jebb SA (2018) Meat consumption, health, and the environment. Science 361 

Gong FP, Yang L, Tai FJ, Hu XL, Wang W (2014) "Omics" of Maize Stress Response for Sustainable Food 

Production: Opportunities and Challenges. Omics-a Journal of Integrative Biology 18: 714-732 

Groll M, Ditzel L, Lowe J, Stock D, Bochtler M, Bartunik HD, Huber R (1997) Structure of 20S proteasome from 

yeast at 2.4 angstrom resolution. Nature 386: 463-471 

Gupta RB, Shepherd KW, Macritchie F (1991) Genetic-Control and Biochemical-Properties of Some High-

Molecular-Weight Albumins in Bread Wheat. Journal of Cereal Science 13: 221-235 

Herman EM, Larkins BA (1999) Protein storage bodies and vacuoles. Plant Cell 11: 601-613 

Horiguchi G, Van Lijsebettens M, Candela H, Micol JL, Tsukaya H (2012) Ribosomes and translation in plant 

developmental control. Plant Science 191: 24-34 

Huang SB, Nelson CJ, Li L, Taylor NL, Stroher E, Peteriet J, Millar AH (2015) INTERMEDIATE CLEAVAGE 

PEPTIDASE55 Modifies Enzyme Amino Termini and Alters Protein Stability in Arabidopsis Mitochondria. 

Plant Physiology 168: 415-+ 

Hurkman WJ, Tanaka CK, Vensel WH, Thilmony R, Altenbach SB (2013) Comparative proteomic analysis of the 

effect of temperature and fertilizer on gliadin and glutenin accumulation in the developing endosperm 

and flour from Triticum aestivum L. cv. Butte 86. Proteome Science 11 

Itzhak DN, Sacco F, Nagaraj N, Tyanova S, Mann M, Murgia M (2019) SILAC-based quantitative proteomics using 

mass spectrometry quantifies endoplasmic reticulum stress in whole HeLa cells. Disease Models & 

Mechanisms 12 

Jackson RJ, Hellen CUT, Pestova TV (2010) The mechanism of eukaryotic translation initiation and principles of 

its regulation. Nature Reviews Molecular Cell Biology 11: 113-127 

Jacoby RP, Millar AH, Taylor NL (2013) Investigating the Role of Respiration in Plant Salinity Tolerance by 

Analyzing Mitochondrial Proteomes from Wheat and a Salinity-Tolerant Amphiploid (Wheat x 

Lophopyrum elongatum). Journal of Proteome Research 12: 4807-4829 

Jia J, Zhao S, Kong X, Li Y, Zhao G, He W, Appels R, Pfeifer M, Tao Y, Zhang X, Jing R, Zhang C, Ma Y, Gao L, Gao 

C, Spannagl M, Mayer KF, Li D, Pan S, Zheng F, et al. (2013) Aegilops tauschii draft genome sequence 

reveals a gene repertoire for wheat adaptation. Nature 496: 91-95 

Jian MY, Zhang DZ, Wang XY, Wei SW, Zhao Y, Ding Q, Han YC, Ma LJ (2020) Differential expression pattern of 

the proteome in response to cadmium stress based on proteomics analysis of wheat roots. Bmc 

Genomics 21 

Jiang LG, Li B, Liu SX, Wang HW, Li CP, Song SH, Beatty M, Zastrow-Hayes G, Yang XH, Qin F, He Y (2019) 

Characterization of Proteome Variation During Modern Maize Breeding. Mol Cell Proteomics 18: 263-

276 

Jiang Y, Yang B, Harris NS, Deyholos MK (2007) Comparative proteomic analysis of NaCl stress-responsive 

proteins in Arabidopsis roots. J Exp Bot 58: 3591-3607 

Jiménez T, Martínez-Anaya MA (2001) Amylases and hemicellulases in breadmaking. Degradation by-products 

and potential relationship with functionality. Food Science and Technology International 7: 5-14 

Jouanin A, Gilissen LJWJ, Boyd LA, Cockram J, Leigh FJ, Wallington EJ, van den Broeck HC, van der Meer IM, 

Schaart JG, Visser RGF, Smulders MJM (2018) Food processing and breeding strategies for coeliac-safe 

and healthy wheat products. Food Research International 110: 11-21 

Kamal AM, Cho K, Choi JS, Bae KH, Komatsu S, Uozumi N, Woo SH (2013) The wheat chloroplastic proteome. 

Journal of Proteomics 93: 326-342 



23 
 

Karas M, Hillenkamp F (1988) Laser Desorption Ionization of Proteins with Molecular Masses Exceeding 10000 

Daltons. Analytical Chemistry 60: 2299-2301 

Kaul S, Koo HL, Jenkins J, Rizzo M, Rooney T, Tallon LJ, Feldblyum T, Nierman W, Benito MI, Lin XY, Town CD, 

Venter JC, Fraser CM, Tabata S, Nakamura Y, Kaneko T, Sato S, Asamizu E, Kato T, Kotani H, et al. 

(2000) Analysis of the genome sequence of the flowering plant Arabidopsis thaliana. Nature 408: 796-

815 

Kaushik S, Cuervo AM (2012) Chaperone-mediated autophagy: a unique way to enter the lysosome world. 

Trends in Cell Biology 22: 407-417 

Khatkar BS, Bell AE, Schofield JD (1995) The Dynamic Rheological Properties of Glutens and Gluten Subfractions 

from Wheats of Good and Poor Bread-Making Quality. Journal of Cereal Science 22: 29-44 

Kim DE, Roy SK, Kamal AH, Cho K, Kwon SJ, Cho SW, Park CS, Choi JS, Komatsu S, Lee MS, Woo SH (2014) 

Profiling of mitochondrial proteome in wheat roots. Mol Biol Rep 41: 5359-5366 

Kiszonas AM, Morris CF (2018) Wheat breeding for quality: A historical review. Cereal Chemistry 95: 17-34 

Kleiger G, Mayor T (2014) Perilous journey: a tour of the ubiquitin-proteasome system. Trends in Cell Biology 

24: 352-359 

Koller A, Washburn MP, Lange BM, Andon NL, Deciu C, Haynes PA, Hays L, Schieltz D, Ulaszek R, Wei J, Wolters 

D, Yates JR, 3rd (2002) Proteomic survey of metabolic pathways in rice. Proc Natl Acad Sci U S A 99: 

11969-11974 

Komatsu S, Muhammad A, Rakwal R (1999) Separation and characterization of proteins from green and 

etiolated shoots of rice (Oryza sativa L.): Towards a rice proteome. Electrophoresis 20: 630-636 

Korolchuk VI, Menzies FM, Rubinsztein DC (2010) Mechanisms of cross-talk between the ubiquitin-proteasome 

and autophagy-lysosome systems. Febs Letters 584: 1393-1398 

Le Signor C, Aime D, Bordat A, Belghazi M, Labas V, Gouzy J, Young ND, Prosperi JM, Leprince O, Thompson 

RD, Buitink J, Burstin J, Gallardo K (2017) Genome-wide association studies with proteomics data 

reveal genes important for synthesis, transport and packaging of globulins in legume seeds. New Phytol 

214: 1597-1613 

Lew EJL, Kuzmicky DD, Kasarda DD (1992) Characterization of Low-Molecular-Weight Glutenin Subunits by 

Reversed-Phase High-Performance Liquid-Chromatography, Sodium Dodecyl Sulfate-Polyacrylamide 

Gel-Electrophoresis, and N-Terminal Amino-Acid Sequencing. Cereal Chemistry 69: 508-515 

Li L, Nelson CJ, Solheim C, Whelan J, Millar AH (2012) Determining Degradation and Synthesis Rates of 

Arabidopsis Proteins Using the Kinetics of Progressive N-15 Labeling of Two-dimensional Gel-separated 

Protein Spots. Molecular & Cellular Proteomics 11 

Li L, Nelson CJ, Trosch J, Castleden I, Huang SB, Millar AH (2017) Protein Degradation Rate in Arabidopsis 

thaliana Leaf Growth and Development. Plant Cell 29: 207-228 

Li L, Xu YH, Ren YZ, Guo ZY, Li JJ, Tong YP, Lin TB, Cui DQ (2019) Comparative Proteomic Analysis Provides 

Insights into the Regulatory Mechanisms of Wheat Primary Root Growth. Scientific Reports 9 

Li XN, Cai J, Liu FL, Dai TB, Cao WX, Jiang D (2014) Physiological, proteomic and transcriptional responses of 

wheat to combination of drought or waterlogging with late spring low temperature. Functional Plant 

Biology 41: 690-703 

Liu L, Ikeda TM, Branlard G, Pena RJ, Rogers WJ, Lerner SE, Kolman MA, Xia XC, Wang LH, Ma WJ, Appels R, 

Yoshida H, Wang AL, Yan YM, He ZH (2010) Comparison of low molecular weight glutenin subunits 

identified by SDS-PAGE, 2-DE, MALDI-TOF-MS and PCR in common wheat. Bmc Plant Biology 10 

Long JJ, Luna EK, Jackson M, Wheat W, Jahn CE, Leach JE (2019) Interactions of free-living amoebae with the 

rice fungal pathogen, Rhizoctonia solani. BMC Res Notes 12: 746 

Lyon D, Castillejo MA, Mehmeti-Tershani V, Staudinger C, Kleemaier C, Wienkoop S (2016) Drought and 

Recovery: Independently Regulated Processes Highlighting the Importance of Protein Turnover 

Dynamics and Translational Regulation in Medicago truncatula. Mol Cell Proteomics 15: 1921-1937 



24 
 

Ma CY, Zhou JW, Chen GX, Bian YW, Lv DW, Li XH, Wang ZM, Yan YM (2014) iTRAQ-based quantitative 

proteome and phosphoprotein characterization reveals the central metabolism changes involved in 

wheat grain development. Bmc Genomics 15 

Ma Z, Wang L, Zhao M, Gu S, Wang C, Zhao J, Tang Z, Gao H, Zhang L, Fu L, Yin Y, He N, Zheng W, Xu Z  (2020) 

iTRAQ proteomics reveals the regulatory response to Magnaporthe oryzae in durable resistant vs. 

susceptible rice genotypes. PLoS One 15: e0227470 

Majoul T, Bancel E, Triboi E, Ben Hamida J, Branlard G (2004) Proteomic analysis of the effect of heat stress on 

hexaploid wheat grain: Characterization of heat-responsive proteins from non-prolamins fraction. 

Proteomics 4: 505-513 

Mann M (2006) Functional and quantitative proteomics using SILAC. Nature Reviews Molecular Cell Biology 7: 

952-958 

Marcon C, Malik WA, Walley JW, Shen Z, Paschold A, Smith LG, Piepho HP, Briggs SP, Hochholdinger F (2015) 

A high-resolution tissue-specific proteome and phosphoproteome atlas of maize primary roots reveals 

functional gradients along the root axes. Plant Physiol 168: 233-246 

Marcussen T, Sandve SR, Heier L, Spannagl M, Pfeifer M, Jakobsen KS, Wulff BBH, Steuernagel B, Mayer KFX, 

Olsen OA, Rogers J, Dolezel J, Pozniak C, Eversole K, Feuillet C, Gill B, Friebe B, Lukaszewski AJ, 

Sourdille P, Endo TR, et al. (2014) Ancient hybridizations among the ancestral genomes of bread wheat. 

Science 345 

Martin SF, Munagapati VS, Salvo-Chirnside E, Kerr LE, Le Bihan T (2012) Proteome Turnover in the Green Alga 

Ostreococcus tauri by Time Course N-15 Metabolic Labeling Mass Spectrometry. Journal of Proteome 

Research 11: 476-486 

Marx H, Minogue CE, Jayaraman D, Richards AL, Kwiecien NW, Siahpirani AF, Rajasekar S, Maeda J, Garcia K, 

Del Valle-Echevarria AR, Volkening JD, Westphall MS, Roy S, Sussman MR, Ane JM, Coon JJ (2016) A 

proteomic atlas of the legume Medicago truncatula and its nitrogen-fixing endosymbiont 

Sinorhizobium meliloti. Nat Biotechnol 34: 1198-1205 

McLoughlin F, Augustine RC, Marshall RS, Li F, Kirkpatrick LD, Otegui MS, Vierstra RD (2018) Maize multi-omics 

reveal roles for autophagic recycling in proteome remodelling and lipid turnover. Nat Plants 4: 1056-

1070 

Mergner J, Frejno M, List M, Papacek M, Chen X, Chaudhary A, Samaras P, Richter S, Shikata H, Messerer M, 

Lang D, Altmann S, Cyprys P, Zolg DP, Mathieson T, Bantscheff M, Hazarika RR, Schmidt T, Dawid C, 

Dunkel A, et al. (2020) Mass-spectrometry-based draft of the Arabidopsis proteome. Nature 579: 409-

414 

Meziani S, Nadaud I, Gaillard-Martinie B, Chambon C, Benali M, Branlard G (2014) Proteomic Comparison of 

the Aleurone Layer in Triticum Aestivum and Triticum Monococcum Wheat Varieties. Current 

Proteomics 11: 71-77 

Michaletti A, Naghavi MR, Toorchi M, Zolla L, Rinalducci S (2018) Metabolomics and proteomics reveal drought-

stress responses of leaf tissues from spring-wheat. Scientific Reports 8 

Michel S, Loschenberger F, Ametz C, Pachler B, Sparry E, Burstmayr H (2019) Simultaneous selection for grain 

yield and protein content in genomics-assisted wheat breeding. Theor Appl Genet 132: 1745-1760 

Miki Y, Takahashi D, Kawamura Y, Uemura M (2019) Temporal proteomics of Arabidopsis plasma membrane 

during cold- and de-acclimation. J Proteomics 197: 71-81 

Millar AH, Sweetlove LJ, Giege P, Leaver CJ (2001) Analysis of the Arabidopsis mitochondrial proteome. Plant 

Physiology 127: 1711-1727 

Min CW, Hyeon H, Gupta R, Park J, Cheon YE, Lee GH, Jang JW, Ryu HW, Lee BW, Park SU, Kim Y, Kim JK, Kim 

ST (2020) Integrated Proteomics and Metabolomics Analysis Highlights Correlative Metabolite-Protein 

Networks in Soybean Seeds Subjected to Warm-Water Soaking. J Agric Food Chem 68: 8057-8067 

Moldave K (1985) Eukaryotic Protein-Synthesis. Annual Review of Biochemistry 54: 1109-1149 

Moon J, Parry G, Estelle M (2004) The ubiquitin-proteasome pathway and plant development. Plant Cell 16: 

3181-3195 



25 
 

Mullins C, Bonifacino JS (2001) The molecular machinery for lysosome biogenesis. Bioessays 23: 333-343 

Nadaud I, Girousse C, Debiton C, Chambon C, Bouzidi MF, Martre P, Branlard G (2010) Proteomic and 

morphological analysis of early stages of wheat grain development. Proteomics 10: 2901-2910 

Nadaud I, Tasleem-Tahir A, Chateigner-Boutin AL, Chambon C, Viala D, Branlard G (2015) Proteome evolution 

of wheat (Triticum aestivum L.) aleurone layer at fifteen stages of grain development. J Proteomics 123: 

29-41 

Nautrup-Pedersen G, Dam S, Laursen BS, Siegumfeldt AL, Nielsen K, Goffard N, Staerfeldt HH, Friis C, Sato S, 

Tabata S, Lorentzen A, Roepstorff P, Stougaard J (2010) Proteome analysis of pod and seed 

development in the model legume Lotus japonicus. J Proteome Res 9: 5715-5726 

Nelson CJ, Alexova R, Jacoby RP, Millar AH (2014) Proteins with High Turnover Rate in Barley Leaves Estimated 

by Proteome Analysis Combined with in Planta Isotope Labeling. Plant Physiology 166: 91-108 

Nelson CJ, Hegeman AD, Harms AC, Sussman MR (2006) A quantitative analysis of Arabidopsis plasma 

membrane using trypsin-catalyzed O-18 labeling. Molecular & Cellular Proteomics 5: 1382-1395 

Nelson CJ, Li L, Jacoby RP, Millar AH (2013) Degradation Rate of Mitochondrial Proteins in Arabidopsis thaliana 

Cells. Journal of Proteome Research 12: 3449-3459 

Nelson CJ, Li L, Millar AH (2014) Quantitative analysis of protein turnover in plants. Proteomics 14: 579-592 

Nelson CJ, Millar AH (2015) Protein turnover in plant biology. Nature Plants 1 

Neufeld JD, Wagner M, Murrell JC (2007) Who eats what, where and when? Isotope-labelling experiments are 

coming of age. Isme Journal 1: 103-110 

Nguyen-Kim H, San Clemente H, Balliau T, Zivy M, Dunand C, Albenne C, Jamet E (2016) Arabidopsis thaliana 

root cell wall proteomics: Increasing the proteome coverage using a combinatorial peptide ligand 

library and description of unexpected Hyp in peroxidase amino acid sequences. Proteomics 16: 491-

503 

Niedzwiecki A, Fleming JE (1990) Changes in Protein-Turnover after Heat-Shock Are Related to Accumulation of 

Abnormal Proteins in Aging Drosophila-Melanogaster. Mechanisms of Ageing and Development 52: 

295-304 

Osborne TB (1907) The Proteins of the Wheat Kernel. Carnegie Inst., Washington  

Osipova SV, Permyakova MD, Permyakov AV (2012) Role of Non-prolamin Proteins and Low Molecular Weight 

Redox Agents in Protein Folding and Polymerization in Wheat Grains and Influence on Baking Quality 

Parameters. Journal of Agricultural and Food Chemistry 60: 12065-12073 

Overmyer KA, Tyanova S, Hebert AS, Westphall MS, Cox J, Coon JJ (2018) Multiplexed proteome analysis with 

neutron-encoded stable isotope labeling in cells and mice. Nat Protoc 13: 293-306 

Pan R, He D, Xu L, Zhou M, Li C, Wu C, Xu Y, Zhang W (2019) Proteomic analysis reveals response of differential 

wheat (Triticum aestivum L.) genotypes to oxygen deficiency stress. BMC Genomics 20: 60 

Payne PI (1987) Genetics of Wheat Storage Proteins and the Effect of Allelic Variation on Bread-Making Quality. 

Annual Review of Plant Physiology and Plant Molecular Biology 38: 141-153 

Pechanova O, Takac T, Samaj J, Pechan T (2013) Maize proteomics: An insight into the biology of an important 

cereal crop. Proteomics 13: 637-662 

Pendle AF, Clark GP, Boon R, Lewandowska D, Lam YW, Andersen J, Mann M, Lamond AI, Brown JW, Shaw PJ 

(2005) Proteomic analysis of the Arabidopsis nucleolus suggests novel nucleolar functions. Mol Biol Cell 

16: 260-269 

Peng ZY, Wang MC, Li F, Lv HJ, Li CL, Xia GM (2009) A Proteomic Study of the Response to Salinity and Drought 

Stress in an Introgression Strain of Bread Wheat. Molecular & Cellular Proteomics 8: 2676-2686 

Perera RM, Zoncu R (2016) The Lysosome as a Regulatory Hub. Annual Review of Cell and Developmental Biology, 

Vol 32 32: 223-253 

Pfeifer M, Kugler KG, Sandve SR, Zhan B, Rudi H, Hvidsten TR, International Wheat Genome Sequencing C, 

Mayer KF, Olsen OA (2014) Genome interplay in the grain transcriptome of hexaploid bread wheat. 

Science 345: 1250091 



26 
 

Primo-Martín C, Valera R, Martínez-Anaya MA (2003) Effect of pentosanase and oxidases on the characteristics 

of doughs and the glutenin macropolymer (GMP). Journal of Agricultural and Food Chemistry 51: 4673-

4679 

Pryor PR, Luzio JP (2009) Delivery of endocytosed membrane proteins to the lysosome. Biochimica Et Biophysica 

Acta-Molecular Cell Research 1793: 615-624 

Qiu H, Nadaud I, Ledoigt G, Piquet-Pissaloux A, Branlard G (2016) Interruption of magnesium supply at heading 

influenced proteome of peripheral layers and reduced grain dry weight of two wheat (Triticum aestivum 

L.) genotypes. J Proteomics 143: 83-92 

Quan S, Yang P, Cassin-Ross G, Kaur N, Switzenberg R, Aung K, Li J, Hu J (2013) Proteome analysis of 

peroxisomes from etiolated Arabidopsis seedlings identifies a peroxisomal protease involved in beta-

oxidation and development. Plant Physiol 163: 1518-1538 

Rakwal R, Komatsu S (2000) Role of jasmonate in the rice (Oryza sativa L.) self-defense mechanism using 

proteome analysis. Electrophoresis 21: 2492-2500 

Ravid T, Hochstrasser M (2008) Diversity of degradation signals in the ubiquitin-proteasome system. Nature 

Reviews Molecular Cell Biology 9: 679-U625 

Ray DK, Mueller ND, West PC, Foley JA (2013) Yield Trends Are Insufficient to Double Global Crop Production 

by 2050. PLoS One 8: e66428 

Redaelli R, Pogna NE, Ng PKW (1997) Effects of prolamins encoded by chromosomes IB and 1D on the 

rheological properties of dough in near-isogenic lines of bread wheat. Cereal Chemistry 74: 102-107 

Rix U, Superti-Furga G (2009) Target profiling of small molecules by chemical proteomics. Nat Chem Biol 5: 616-

624 

Robison FM, Heuberger AL, Brick MA, Prenni JE (2015) Proteome Characterization of Leaves in Common Bean. 

Proteomes 3: 236-248 

Rocco M, Arena S, Renzone G, Scippa GS, Lomaglio T, Verrillo F, Scaloni A, Marra M (2013) Proteomic analysis 

of temperature stress-responsive proteins in Arabidopsis thaliana rosette leaves. Mol Biosyst 9: 1257-

1267 

Rolland N, Ferro M, Seigneurin-Berny D, Garin J, Douce R, Joyard J (2003) Proteomics of chloroplast envelope 

membranes. Photosynth Res 78: 205-230 

Roos-Mattjus P, Sistonen L (2004) The ubiquitin-proteasome pathway. Annals of Medicine 36: 285-295 

Roy N, Islam S, Ma JH, Lu MQ, Torok K, Tomoskozi S, Bekes F, Lafiandra D, Appels R, Ma WJ (2018) Expressed 

Ay HMW glutenin subunit in Australian wheat cultivars indicates a positive effect on wheat quality. 

Journal of Cereal Science 79: 494-500 

Roy N, Islam S, Yu ZT, Lu MQ, Lafiandra D, Zhao Y, Anwar M, Mayer JE, Ma WJ (2020) Introgression of an 

expressed HMW 1Ay glutenin subunit allele into bread wheat cv. Lincoln increases grain protein content 

and breadmaking quality without yield penalty. Theoretical and Applied Genetics 133: 517-528 

Sabelli PA, Shewry PR (1991) Characterization and Organization of Gene Families at the Gli-1 Loci of Bread and 

Durum Wheats by Restriction Fragment Analysis. Theoretical and Applied Genetics 83: 209-216 

Sadanandom A, Bailey M, Ewan R, Lee J, Nelis S (2012) The ubiquitin-proteasome system: central modifier of 

plant signalling. New Phytologist 196: 13-28 

Sahu R, Kaushik S, Clement CC, Cannizzo ES, Scharf B, Follenzi A, Potolicchio I, Nieves E, Cuervo AM, 

Santambrogio L (2011) Microautophagy of Cytosolic Proteins by Late Endosomes. Developmental Cell 

20: 131-139 

Salih KJ, Duncan O, Li L, O'Leary B, Fenske R, Tr?sch J, Millar AH (2020) Impact of oxidative stress on the function, 

abundance, and turnover of the Arabidopsis 80S cytosolic ribosome. Plant Journal 103: 128-139 

Sanderfoot AA, Raikhel NV (1999) The specificity of vesicle trafficking: Coat proteins and SNAREs. Plant Cell 11: 

629-641 

Sazuka T, Keta S, Shiratake K, Yamaki S, Shibata D (2004) A proteomic approach to identification of 

transmembrane proteins and membrane-anchored proteins of Arabidopsis thaliana by peptide 

sequencing. DNA Res 11: 101-113 



27 
 

Schutz W, Hausmann N, Krug K, Hampp R, Macek B (2011) Extending SILAC to Proteomics of Plant Cell Lines. 

Plant Cell 23: 1701-1705 

Senkler J, Senkler M, Eubel H, Hildebrandt T, Lengwenus C, Schertl P, Schwarzlander M, Wagner S, Wittig I, 

Braun HP (2017) The mitochondrial complexome of Arabidopsis thaliana. Plant J 89: 1079-1092 

Shewry PR (2007) Improving the protein content and composition of cereal grain. Journal of Cereal Science 46: 

239-250 

Shewry PR (2009) Wheat. J Exp Bot 60: 1537-1553 

Shewry PR, Halford NG (2002) Cereal seed storage proteins: structures, properties and role in grain utilization. 

Journal of Experimental Botany 53: 947-958 

Shewry PR, Halford NG, Belton PS, Tatham AS (2002) The structure and properties of gluten: an elastic protein 

from wheat grain. Philos Trans R Soc Lond B Biol Sci 357: 133-142 

Shewry PR, Halford NG, Tatham AS (1992) High-Molecular-Weight Subunits of Wheat Glutenin. Journal of Cereal 

Science 15: 105-120 

Shewry PR, Tatham AS (1997) Disulphide bonds in wheat gluten proteins. Journal of Cereal Science 25: 207-227 

Shiio Y, Aebersold R (2006) Quantitative proteome analysis using isotope-coded affinity tags and mass 

spectrometry. Nature Protocols 1: 139-145 

Sieńko K, Poormassalehgoo A, Yamada K, Goto-Yamada S (2020) Microautophagy in Plants: Consideration of 

Its Molecular Mechanism. Cells 9: 887 

Singh J, Skerritt JH (2001) Chromosomal control of albumins and globulins in wheat grain assessed using 

different fractionation procedures. Journal of Cereal Science 33: 163-181 

Szponarski W, Sommerer N, Boyer JC, Rossignol M, Gibrat R (2004) Large-scale characterization of integral 

proteins from Arabidopsis vacuolar membrane by two-dimensional liquid chromatography. Proteomics 

4: 397-406 

Tahir A, Kang J, Choulet F, Ravel C, Romeuf I, Rasouli F, Nosheen A, Branlard G (2020) Deciphering carbohydrate 

metabolism during wheat grain development via integrated transcriptome and proteome dynamics. 

Molecular Biology Reports 47: 5439-5449 

Tang Y, Huang A, Gu Y (2020) Global profiling of plant nuclear membrane proteome in Arabidopsis. Nat Plants 

6: 838-847 

Tasleem-Tahir A, Nadaud I, Chambon C, Branlard G (2012) Expression profiling of starchy endosperm metabolic 

proteins at 21 stages of wheat grain development. J Proteome Res 11: 2754-2773 

Tasleem-Tahir A, Nadaud I, Girousse C, Martre P, Marion D, Branlard G (2011) Proteomic analysis of peripheral 

layers during wheat (Triticum aestivum L.) grain development. Proteomics 11: 371-379 

Taylor NL, Heazlewood JL, Millar AH (2011) The Arabidopsis thaliana 2-D gel mitochondrial proteome: Refining 

the value of reference maps for assessing protein abundance, contaminants and post-translational 

modifications. Proteomics 11: 1720-1733 

Tilman D, Cassman KG, Matson PA, Naylor R, Polasky S (2002) Agricultural sustainability and intensive 

production practices. Nature 418: 671-677 

Timabud T, Yin X, Pongdontri P, Komatsu S (2016) Gel-free/label-free proteomic analysis of developing rice 

grains under heat stress. J Proteomics 133: 1-19 

Toyooka K, Okamoto T, Minamikawa T (2001) Cotyledon cells of Vigna mungo seedlings use at least two distinct 

autophagic machineries for degradation of starch granules and cellular components. Journal of Cell 

Biology 154: 973-982 

Unno M, Mizushima T, Morimoto Y, Tomisugi Y, Tanaka K, Yasuoka N, Tsukihara T (2002) The structure of the 

mammalian 20S proteasome at 2.75 angstrom resolution. Structure 10: 609-618 

Vanderwilden W, Herman EM, Chrispeels MJ (1980) Protein Bodies of Mung Bean Cotyledons as Autophagic 

Organelles. Proceedings of the National Academy of Sciences of the United States of America-Biological 

Sciences 77: 428-432 

Vierstra RD (1993) Protein-Degradation in Plants. Annual Review of Plant Physiology and Plant Molecular Biology 

44: 385-410 



28 
 

Vitale A, Denecke J (1999) The endoplasmic reticulum - Gateway of the secretory pathway. Plant Cell 11: 615-

628 

Voges D, Zwickl P, Baumeister W (1999) The 26S proteasome: A molecular machine designed for controlled 

proteolysis. Annual Review of Biochemistry 68: 1015-1068 

Vonheijne G (1984) How Signal Sequences Maintain Cleavage Specificity. Journal of Molecular Biology 173: 243-

251 

Waltz F, Nguyen TT, Arrive M, Bochler A, Chicher J, Hammann P, Kuhn L, Quadrado M, Mireau H, Hashem Y, 

Giege P (2019) Small is big in Arabidopsis mitochondrial ribosome. Nat Plants 5: 106-117 

Wang W, Chen LN, Wu H, Zang H, Gao S, Yang Y, Xie S, Gao X (2013) Comparative proteomic analysis of rice 

seedlings in response to inoculation with Bacillus cereus. Lett Appl Microbiol 56: 208-215 

Wang X, Hou L, Lu Y, Wu B, Gong X, Liu M, Wang J, Sun Q, Vierling E, Xu S (2018) Metabolic adaptation of wheat 

grain contributes to a stable filling rate under heat stress. J Exp Bot 69: 5531-5545 

Wang Y, Li X, Liu N, Wei S, Wang J, Qin F, Suo B (2020) The iTRAQ-based chloroplast proteomic analysis of 

Triticum aestivum L. leaves subjected to drought stress and 5-aminolevulinic acid alleviation reveals 

several proteins involved in the protection of photosynthesis. BMC Plant Biol 20: 96 

Wei J, Liu X, Li L, Zhao H, Liu S, Yu X, Shen Y, Zhou Y, Zhu Y, Shu Y, Ma H (2020) Quantitative proteomic, 

physiological and biochemical analysis of cotyledon, embryo, leaf and pod reveals the effects of high 

temperature and humidity stress on seed vigor formation in soybean. BMC Plant Biol 20: 127 

Wieser H (2007) Chemistry of gluten proteins. Food Microbiol 24: 115-119 

Wieser H, Kieffer R (2001) Correlations of the amount of gluten protein types to the technological properties of 

wheat flours determined on a micro-scale. Journal of Cereal Science 34: 19-27 

Wilkins MR, Pasquali C, Appel RD, Ou K, Golaz O, Sanchez JC, Yan JX, Gooley AA, Hughes G, HumpherySmith I, 

Williams KL, Hochstrasser DF (1996) From proteins to proteomes: Large scale protein identification by 

two-dimensional electrophoresis and amino acid analysis. Bio-Technology 14: 61-65 

Wu YQ, Mirzaei M, Pascovici D, Haynes PA, Atwell BJ (2019) Proteomes of Leaf-Growing Zones in Rice 

Genotypes with Contrasting Drought Tolerance. Proteomics 19 

Xiong QQ, Zhong L, Shen TH, Cao CH, He HH, Chen XR (2019) iTRAQ-based quantitative proteomic and 

physiological analysis of the response to N deficiency and the compensation effect in rice. Bmc 

Genomics 20 

Xu W, Lv H, Zhao M, Li Y, Qi Y, Peng Z, Xia G, Wang M (2016) Proteomic comparison reveals the contribution of 

chloroplast to salt tolerance of a wheat introgression line. Sci Rep 6: 32384 

Yan Y, Prodanovic S, Mladenov N, Milovanovic M (1999) Studies on genetic control of low-molecular-weight 

glutenin subunits in wheat endosperm by A-PAGE analysis. Cereal Research Communications 27: 251-

257 

Yang F, Melo-Braga MN, Larsen MR, Jorgensen HJL, Palmisano G (2013) Battle through Signaling between 

Wheat and the Fungal Pathogen Septoria tritici Revealed by Proteomics and Phosphoproteomics. 

Molecular & Cellular Proteomics 12: 2497-2508 

Yang L, Cao Y, Zhao J, Fang Y, Liu N, Zhang Y (2019) Multidimensional Proteomics Identifies Declines in Protein 

Homeostasis and Mitochondria as Early Signals for Normal Aging and Age-associated Disease in 

Drosophila. Mol Cell Proteomics 18: 2078-2088 

Yang PZ, Fu HY, Walker J, Papa CM, Smalle J, Ju YM, Vierstra RD (2004) Purification of the Arabidopsis 26 S 

proteasome - Biochemical and molecular analyses revealed the presence of multiple isoforms. Journal 

of Biological Chemistry 279: 6401-6413 

Yang XY, Chen WP, Rendahl AK, Hegeman AD, Gray WM, Cohen JD (2010) Measuring the turnover rates of 

Arabidopsis proteins using deuterium oxide: an auxin signaling case study. Plant Journal 63: 680-695 

Yang ZF, Klionsky DJ (2010) Eaten alive: a history of macroautophagy. Nature Cell Biology 12: 814-822 

Yang ZJ, Li GR, Liu C, Feng J, Zhou JP, Ren ZL (2006) Molecular characterization of a HMW glutenin subunit allele 

providing evidence for silencing of x-type gene on Glu-B1. Yi Chuan Xue Bao 33: 929-936 



29 
 

Yao SX, Zhang Y, Chen YL, Deng HT, Liu JY (2014) SILARS: An Effective Stable Isotope Labeling with Ammonium 

Nitrate-N-15 in Rice Seedlings for Quantitative Proteomic Analysis. Molecular Plant 7: 1697-1700 

Yates JR (2004) Mass spectral analysis in proteomics. Annual Review of Biophysics and Biomolecular Structure 

33: 297-316 

Yu XR, Wang LL, Ran LP, Chen XY, Sheng JY, Yang Y, Wu YF, Chen G, Xiong F (2020) New insights into the 

mechanism of storage protein biosynthesis in wheat caryopsis under different nitrogen levels. 

Protoplasma 257: 1289-1308 

Zabrouskov V, Giacomelli L, van Wijk KJ, McLafferty FW (2003) A new approach for plant proteomics: 

characterization of chloroplast proteins of Arabidopsis thaliana by top-down mass spectrometry. Mol 

Cell Proteomics 2: 1253-1260 

Zhang JT, Wang ZM, Liang SB, Zhang YH, Zhou SL, Lu LQ, Wang RZ (2017) Quantitative study on the fate of 

residual soil nitrate in winter wheat based on a N-15-labeling method. Plos One 12 

Zhen SM, Deng X, Li MF, Zhu D, Yan YM (2018) 2D-DIGE comparative proteomic analysis of developing wheat 

grains under high-nitrogen fertilization revealed key differentially accumulated proteins that promote 

storage protein and starch biosyntheses. Analytical and Bioanalytical Chemistry 410: 6219-6235 

Zhou HH, Li WY, Wang SP, Mendoza V, Rosa R, Hubert J, Herath K, McLaughlin T, Rohm RJ, Lassman ME, Wong 

KK, Johns DG, Previs SF, Hubbard BK, Roddy TP (2012) Quantifying apoprotein synthesis in rodents: 

coupling LC-MS/MS analyses with the administration of labeled water. Journal of Lipid Research 53: 

1223-1231 

Zhou J, Liu D, Deng X, Zhen S, Wang Z, Yan Y (2018) Effects of water deficit on breadmaking quality and storage 

protein compositions in bread wheat (Triticum aestivum L.). J Sci Food Agric 98: 4357-4368 

Zhouravleva G, Frolova L, Le Goff X, Le Guellec R, Inge-Vechtomov S, Kisselev L, Philippe M (1995) Termination 

of translation in eukaryotes is governed by two interacting polypeptide chain release factors, eRF1 and 

eRF3. EMBO J 14: 4065-4072 

Zhu K, Dunner K, McConkey DJ (2010) Proteasome inhibitors activate autophagy as a cytoprotective response 

in human prostate cancer cells. Oncogene 29: 451-462 

Zorb C, Ludewig U, Hawkesford MJ (2018) Perspective on Wheat Yield and Quality with Reduced Nitrogen 

Supply. Trends in Plant Science 23: 1029-1037 

 

  



30 
 

 

 

 

 

 

 

 

 

 

Chapter Two: 

Increased wheat protein content via introgression of a 

HMW glutenin selectively reshapes the grain proteome 

 

 

 

 

 

 

 

 

  



31 
 

Abstract 

Introgression of a high molecular weight glutenin subunit (HMW-GS) allele, 1Ay21*, into commercial 

wheat cultivars increased overall grain protein content and bread-making quality by unknown 

mechanisms. As well as increased abundance of 1Ay HMW-GS, 115 differentially expressed proteins 

(DEPs) were discovered between three cultivars and corresponding introgressed near-isogenic lines 

(NILs). Functional category analysis showed that the DEPs were predominantly other storage proteins, 

and proteins involved in protein synthesis, protein folding, protein degradation, stress response and 

grain development. Nearly half the genes encoding the DEPs showed strong co-expression patterns 

during grain development. Promoters of these genes are enriched in elements associated with 

transcription initiation and light response, indicating a potential connection between these cis-

elements and grain protein accumulation. A model of how this HMW-GS enhances the abundance of 

machinery for protein synthesis and maturation during grain filling is proposed.  This analysis not only 

provides insights into how introgression of the 1Ay21* improves grain protein content, but also directs 

selection of protein candidates for future wheat quality breeding programmes.  
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Introduction 

Hexaploid wheat (Triticum aestivum L. 2n = 6x = 42, AABBDD) is cultivated worldwide due to its value 

as a staple food and protein source. Apart from the relatively high starch content (60-70% of the whole 

grain dry weight), wheat grain protein content varies from 8-15%, and this determines bread-making 

qualities (Shewry, 2009). Grain protein content largely consists of storage proteins including glutenins 

and gliadins, of which glutenins determine the dough viscoelasticity and elasticity while gliadins 

contribute to dough extensibility (Shewry and Halford, 2002; Rasheed et al., 2014). Glutenins can be 

further divided into two groups, namely high molecular weight glutenin subunits (HMW-GS, 70-140 

kDa) and low molecular weight glutenin subunits (LMW-GS, 30-80 kDa) (Shewry et al., 1992; Shewry 

and Halford, 2002). 

Generally, HMW-GS encoding genes are located at the Glu-1 loci on the long arms of chromosomes 

1A, 1B and 1D. Each Glu-1 locus consists of two tightly linked genes with one gene encoding an x-type 

small subunit and the other gene encoding an y-type large subunit, named according to molecular 

weight differences between the encoded HMW-GS proteins (Payne, 1983; Nakamura, 1999). Among 

these six subunits, three subunits (Glu-1Bx, Glu-1Dx and Glu-1Dy) are always expressed in bread wheat 

cultivars while two subunits (Glu-1Ax and Glu-1By) are sometimes expressed, but the Glu-1Ay subunit 

is rarely if ever expressed (Waines and Payne, 1987). As a result, most common bread wheat cultivars 

usually have three to five expressed HMW-GSs. However, the Glu-1Ay gene has been found to be 

functionally expressed in wild diploid and tetraploid wheats (Ciaffi et al., 1993; Jiang et al., 2009). 

Grain protein content and composition are important traits in global bread wheat breeding 

programmes due to the continuous growth in demand for specified industrial end-use (Shewry, 2007; 

Kiszonas and Morris, 2018). Glutenin in particular, has become one of the main breeding targets 

because of its critical role in determining bread-making quality. For example, it has been previously 

reported that allelic variation of HMW-GS contributes to about 45-70% of the variation in bread-

making quality, although it only contributes to about 10-12% of total grain protein content (Branlard 

and Dardevet, 1985; Payne et al., 1987; Liu et al., 2007). Furthermore, y-type HMW-GSs are generally 

considered to be more valuable for dough quality improvement than x-type HMW-GSs because they 

are longer and possess more cysteine residues for forming inter- and intra-molecular disulphide bonds 

during dough development (Shewry and Halford, 2002). Genetic engineering strategies have been 

widely used to improve protein content and composition in wheat breeding, which includes the use 

of conventional cross breeding processes to integrate additional genes into background genotypes to 

produce extra protein functionality and increase protein content (Shewry, 2007). Margiotta et al. 

(1996) reported the identification of active 1Ax and 1Ay genes in several Swedish bread wheat lines, 
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and a year later Rogers et al. (1997) demonstrated that 1Ay HMW-GS had positive effects on bread-

making quality, such as improved dough stability during mixing and enhanced gluten strength 

(Margiotta et al., 1996; Rogers et al., 1997). Since then, attention has been drawn to understanding 

the biological function of 1Ay HMW-GS and to estimate its value in wheat breeding programmes. Li et 

al. (2006) reported the investigation of HMW-GS variation amongst 205 cultivated emmer accessions, 

which led to the successful identification of novel 1Ay subunits and the recommendation of emmer 

accessions as a valuable genetic resource for quality improvement of common wheat (Li et al., 2006). 

Another study, focusing on genetic variation of HMW-GSs in 1051 accessions from 13 Triticum 

subspecies including diploid, tetraploid and hexaploid wheat, identified the expression of 1Ay subunits 

in T.urartu and suggested these unique HMW-GS alleles could be further utilized through direct hybrid 

production for quality improvement of common wheat (Xu et al., 2009).  

Recently, Roy and co-workers integrated an expressed 1Ay allele from an Italian line into Australian 

commercial cultivars using a conventional breeding approach, and observed better dough rheological 

properties and bread-making quality without significant changes in agronomic traits. Improved quality 

traits observed including higher protein content, Glutenin/Gliadin ratio and unextractable polymeric 

protein proportion (UPP%), stronger dough strength and better water absorption (Roy et al., 2018; 

Roy et al., 2020). It is well known that improving grain yield and grain protein content simultaneously 

is difficult due to their inverse correlation (Iqbal et al., 2007). However, the introgression of the 1Ay21* 

HMW-GS in the Lincoln cultivar background, resulted in an increase in both grain yield and protein 

content in glasshouse and field conditions (Roy et al., 2020). Yu et al cloned and characterized the Glu-

1Ay gene sequence identified in the Italian line and suggested that it has a close evolutionary 

relationship with Ay genes of T. urartu (Yu et al., 2019).  

However, how the introgressed Glu-1Ay gene increases bread wheat protein content without 

changing other agronomic traits is still unknown. Here we have undertaken a systematic proteome 

analysis for three Ay introgressed near isogenic lines (NIL) in Australian cultivar backgrounds. Our 

findings provide new insights into which grain proteins are increased or decreased in abundance in 

introgressed lines and proposes a common link between them. 
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Materials and Methods 

Plant materials 

The introgression of the expressed Glu-1Ay gene from an Italian wheat line N11 into Australian wheat 

cultivars EGA Gregory, EGA Bonnie Rock and Yipti, were completed using conventional cross breeding 

processes as previously reported (Roy et al., 2018; Roy et al., 2020). Near isogenic lines (NILs) for each 

cultivar were developed through the above cross breeding process and materials including one 

parental cultivar and two Glu-1Ay21* NILs were selected for this study. The NILs and their 

corresponding parental cultivars were grown at the experimental field station of Department of 

Primary Industries and Regional Development (DPIRD) at South Perth, Western Australia in 2017 

following a Complete Randomised Design (CRD) with three replicates. Grains were harvested from the 

field plot at full maturity, and 100g of subsamples of each replicate was prepared for phenotyping. 

Grain protein content (GPC) and gluten were measured using Near Infrared Transmission 

Spectrophotometry through the “CropScan 3000F Flour and Grain Analyser” (Next Instruments, 

Condell Park, NSW-2200, Australia). Each measurement was taken by averaging the data of 10 

individual scanning events.  

Grain protein sample preparation 

Protein extraction involved a very fine grinding of whole grains with excess reductant and a high SDS 

concentration in order to combine the so called extractable polymeric protein (EPP) and unextractable 

polymeric protein (UPP) fractions from wheat grains (Vensel et al., 2014) into a single sample. Samples 

of 4 biological replicates for each line and 20 seeds per replicate were ground with mortar and pestle 

under liquid nitrogen. 200 mg fine ground power were weighed for further total protein extraction 

using a chloroform/methanol precipitation approach (Wessel and Flugge, 1984). Briefly, samples were 

thoroughly mixed with 400 µL extraction buffer that contains 125 mM Tris–HCl pH 7.5, 7% (w/v) 

sodium dodecyl sulfate, 10% (v/v) b-mercaptoethanol, 0.5% (w/v) PVP40 and Roche protease inhibitor 

cocktail (1 tablet per 50 ml of extraction buffer, Roche). After rocking on ice for 10 min, mixture was 

centrifuged at 10,000 x g, 4°C for 5 min to separate the supernatant and pellet. About 200 µL 

supernatant was then moved into a new tube following by a precipitation step via adding 800 µL 

methanol, 200 µL chloroform and 500 µL distilled deionized water. With another centrifugation at 

10,000 x g, 4°C for 5 min, the upper aqueous phase was carefully removed and the protein pellet was 

washed twice with 500 µL methanol. The protein pellet was then incubated with 1 mL 90% (v/v) 

acetone at -20°C for at least one hour for two times. After drying at room temperature, the dried 

protein pellet was resuspended with 40-100 µL resuspension buffer (50 mM Ammonium bicarbonate, 
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1% sodium dodecyl sulfate and 10 mM DL-dithiothreitol). Amido black quantification method was 

applied for protein concentration measurement (Schaffner and Weissmann, 1973). 

For protein digestion, 200 µg of proteins first incubated with 20 mM DL-dithiothreitol for 30 min in 

the dark, which then followed by a second incubation with 20 mM iodoacetamide for 30 min in the 

dark. After diluting the concentration of sodium dodecyl sulfate to 0.1% (v/v), the overnight protein 

digestion was conducted using trypsin (sigma, USA) with the trypsin-protein ratio at 1:50. Sodium 

dodecyl sulfate removal was performed using the method reported by Yang et al with minor 

modifications (Yang et al., 2012). Briefly, peptide samples were injected into an off-line Agilent 1200 

series HPLC configured with two J4SDS-2 guard columns (PolyLC, Columbia, USA). Peptides were 

eluted by 60% (v/v) acetonitrile at the time window from 2-5 min, and target peptides were collected 

from 3.7 min to 4.5 min. After drying down in a vacuum centrifuge, dried peptides were resuspend 

with 5% (v/v) acetonitrile and 0.1% (v/v) formic acid in water following a further filtering with 0.22 µm 

centrifugal filter units (Millipore, USA) to remove any undissolved pellets. Purified peptide suspensions 

were stored at -80°C for further use. 

Mass spectrum acquisition 

Purified peptide suspension was injected into a HPLC-chip (Polaris-HR-Chip-3C18) using a capillary 

pump with a flow at 1.5 μL/min, 2 μL. Peptides were eluted from the C18 column and into an online 

Agilent 6550 Q-TOF (Agilent Technologies, USA). A two-hour gradient generating by a 1200 series nano 

pump (Agilent Technologies, USA) with the nano flow at 300 nl/min was conducted for LC-MS/MS. 

The elution gradient started with 5% (v/v) solution B (0.1% (v/v) formic acid in acetonitrile), following 

gradients 5 to 6% in 6 min, 6-22% in 84 min, 22-35% in 5 min, 35-90% in 3 min, remained 90% for 4 

min, 90-5% in 2 min. Parameters setting for mass spectrum acquisition were previously reported by 

Duncan et al., (Duncan et al., 2017). Briefly, data dependent mode and a scan range from 300 to 1750 

mz was used for MS acquisition. MS data was collected at eight spectra per second and MS/MS data 

was collected at four spectra per second. Ions were dynamically excluded for 6 sec following 

fragmentation. In total, MS data for 36 samples were successfully collected. The primary MS data files 

are available via ProteomeXchange (https://www.ebi.ac.uk/pride/) with identifier PXD021706. 

Label free quantification of precursor ion intensities  

To obtain protein relative and absolute abundances, label free quantification was performed using 

MaxQuant (version 1.6.1.0) (Cox and Mann, 2008). For protein relative abundance, 36 Agilent .d files 

collected from mass spectrometry analysis for 9 lines and 4 bio-replicated per line were upload to 

MaxQuant and searched against the wheat protein database (IWGSC, http://www.wheatgenome.org/, 

https://www.ebi.ac.uk/pride/
http://www.wheatgenome.org/
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version 1.0, 137029 sequences) with reversed decoy sequences automatically attached by MaxQuant 

(Appels et al., 2018). The search was conducted under general LFQ model with 20 ppm for mass 

tolerance and 1% FDR. The LFQ-intensity of each biological sample was used as relative abundance for 

downstream data analysis. Protein groups were considered if they were identified ≥2 replicates with 

at least 6 independently quantified peptides from the 4 bio-replicates. In order to further improve 

data quality, an additional filter of relative standard deviation by mean was also used, in which only 

those protein groups having rsd ≤ 30% or sd ≤ 30% of overall mean abundance were retained, and 

~15% of data from each genotype was trimmed off (Supplemental Fig. S1). In terms of the estimation 

of protein absolute abundance, MaxQuant search with the same parameter sets as mentioned above 

and the additional iBAQ (intensity Based Absolute Quantification) model was performed.  

To detect the presence of 1Ay21* HWM-GS in integrated lines and to estimate its absolute abundance 

along with the other five HMW-GSs, the iBAQ search of each cultivar against a dedicated 6 HMW-GSs 

sequences database collected from UniProt (https://www.uniprot.org/) was conducted. The detailed 

HMW-GSs composition for each cultivar was summarized in Supplemental Table S1A. The fold change 

in abundance was calculated using the iBAQ protein abundance of integrated lines divided by its 

corresponding parental cultivar, while one-way ANOVA with post-hoc Tukey HSD test was performed 

for statistical analysis. Proteins with fold change ≥ 1.2 or ≤ 0.83 and p-value ≤ 0.05 were defined 

as differentially expressed proteins (DEPs). Uniquely present or absent proteins were also considered 

as DEPs. Common DEPs were defined as DEPs with the same fold change direction in both integrated 

lines compared to a parental cultivar. 115 common DEPs were identified including 48, 38, and 29 DEPs 

for Gregory, Bonnie Rock, and Yitpi, respectively (Supplemental Table S3A). The functional category of 

DEPs were collected from MapMan (Thimm et al., 2004).  

Gene co-expression analysis 

Gene expression data under non-stress conditions were collated from the Wheat Expression Browser 

website (http://www.wheat-expression.com/) and used for gene co-expression profiles of the 

common DEPs (Borrill et al., 2016; Ramirez-Gonzalez et al., 2018). The first protein IDs of the protein 

groups, as the representative protein ID of the group, were used for transcript data collection. The 

averaged gene expression abundance of A, B and D genome homologues were calculated and used in 

this analysis. The gene co-expression relationship was estimated by Spearman coefficient correlation 

(R), and conducted on multi-organ, grain only, leaf only, spike only and root only datasets. Two of the 

115 genes were homologues resulting to only 114 triads remaining for gene co-expression analysis. 

Gene pairs are significantly co-expressed if R ≥ 0.7, while gene pairs are considered as not co-

expressed if R ≤ -0.7. 

https://www.uniprot.org/
http://www.wheat-expression.com/
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Identification of cis-acting regulatory elements on promoter regions 

The Chinese Spring genome sequence published by IWGSC as reference sequence was used for this 

analysis. The 1500-bp upstream promoter sequences starting from the translation initiation codon 

were downloaded from Ensembl Plants (https://plants.ensembl.org/index.html). In total 107 of 144 

common DEPs encoding genes were successfully collected. The 1500-bp upstream promoter 

sequences for two background data sets were also collected. Background dataset 1 included 894 genes 

representing 1827 redundant non-DEPs over three cultivars, while the background dataset 2 

contained 964 genes that were randomly sampled from the IWGSC database (137052 total genes, 

sampled 1000 genes and 36 genes failed promoter sequence collection). These promoter sequences 

were then submitted to plantCARE (http://bioinformatics.psb.ugent.be /webtools/plantcare/html/) 

for cis-element identification (Lescot et al., 2002). 

Data statistical analysis and visualization 

Data processing and statistical analysis was performed using R (version 3.5.1), including PCA, one-way 

ANOVA, Fisher’s Exact Test and coefficient correlation. 

  

https://plants.ensembl.org/index.html
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Results 

Alteration in HMW-GSs composition and total grain protein content 

Through a conventional cross breeding process, an expressed Glu-Ay allele from an Italian wheat line 

was successfully introgressed into three Australian bread wheat cultivars, namely Gregory, Bonnie 

Rock and Yitpi. In each cross Ax1 or Ax1* and AyNE (Not Expressed) genes were replaced by Ax21 and 

Ay21* genes, respectively (Supplemental Table S1A) (Roy et al., 2018). From these crosses, near 

isogenic lines (NILs) were developed in each cultivar at the BC4F4 generation (Backcross for 4 

generations and followed by self-pollinating for 3 generations starting from the F1 seeds). In this study, 

three lines including one parental cultivar and two Ay integrated NILs for each of the three cultivars 

were subjected to a quantitative proteome analysis. Total protein extracts from mature grain samples 

were extracted, digested with trypsin and analysed by LC-MS/MS. This yielded large spectral libraries 

of MS/MS data and comparable datasets of precursor ion intensities that were amenable to label free 

quantification (LFQ). 

Initially we sought to use these data to confirm the presence of the Ay HMW-GS protein in NILs and 

measure the abundance of other HMW-GSs in parental cultivars by searching the data against the 

peptide sequences listed in Supplemental Table S1A. These data were expressed as iBAQ (Intensity 

Based Absolute Quantification) values which allow comparison between the same protein in different 

genotypes and also between different protein types within the genotype (Tyanova et al., 2016). This 

confirmed that five HMW-GSs were detected in parental cultivars and peptides matching to the sixth 

Ay HMW-GS protein were only detected in significant abundance in NILs (Fig. 1). The Ay HMW-GS 

amount detected in NILs was approximately 15% of all y-type HMW-GS protein abundance and 

approximately 6% of total HMW-GS content. There was some background detection of Ay HMW-GS 

like peptides in Gregory, but these were only approximately 11% of the peptide abundances of Ay 

HMW-GS in the Gregory NILs (Supplemental Table S1). Apart from the presence of Ay HMW-GS, no 

significant absolute abundance changes were detected for peptides matching the other five HMW-

GSs in any of the NILs compared to their corresponding parental cultivar. This evidence that 

introgression of Ay HMW glutenin subunit did not affect the absolute abundance of the other five 

HMW-GSs is consist with previous results based on HPLC analysis of HMW-GS subunits (Roy et al., 

2018).  

The x-type to y-type HMW-GS ratio is critical to dough quality and bread-making quality with lower 

numbers correlating with higher quality (Leon et al., 2010; Roy et al., 2018). Our label free quantitative 

analysis showed x-type/y-type ratio of 1.48, 1.41 and 1.11 for Gregory, Bonnie Rock and Yitpi parental 

cultivars, respectively (Fig. 1). This ratio marginally decreased in the presence of Ay HMW-GS in NILs, 
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although only one was statistically significant, the decrease found in Bonnie Rock integrated line 1 (Fig. 

1B). We also found that some of the glutenin subunits, including Ay HMW-GS, Bx and Dx HMW-GSs in 

Bonnie Rock integrated line2 and Dy HMW-GS in Yitpi integrated line2, significantly decreased in their 

relative contribution to the whole HMW-GS pool (Supplemental Table S1B-D). Overall, this showed 

that while the introgression of Ay HMW-GS significantly changed the composition of the HMW-GSs 

pool in some lines, the absolute abundance of all HMW-GSs and x-type to y-type HMW-GS ratio of 

majority lines did not statistically change.  

 

Figure 1. HMW-GSs abundance in parental and Ay integrated lines. HMW-GSs abundance estimated through 

Intensity Based Absolute Quantification (iBAQ) analysis (MaxQuant) for four biological replicates. Detailed 

results are shown in Supplemental Table S1. The hollow bars on the right panel represent the ratio of x-type and 

y-type HMW-GSs for each line. A, HMW-GSs absolute abundance for cv. Gregory lines. B, HMW-GSs absolute 

abundance for cv. Bonnie Rock lines. C, HMW-GSs absolute abundance for cv. Yitpi lines. Significant abundance 

changes between lines are marked by asterisks, * ≤ 0.05; ** ≤ 0.01. 

It has been reported that the introgression of Ay HMW-GS can increase the total protein content and 

gluten content of the grain (Roy et al., 2018; Roy et al., 2020). Total protein content on a dry weight 

basis showed a significant increase in grain protein in 5 of the 6 integrated NIL lines compared to their 

parental cultivar with the amount of grain protein on a grain weight basis being approximately 1% 
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(w/w) higher in the NIL lines (Table 1). Total gluten content on a protein basis increased by about 5% 

in the NILs. Given total HMW glutenin content contributes 2-3% to grain weight (Zorb et al., 2018), the 

increased amount of Ay HMW-GS alone would contributed to less than 0.2% (w/w) of the total protein 

amount increase observed, suggesting that a substantial proportion of the observed increase was not 

derived from the extra Ay HMW-GS but from other grain proteins increasing in abundance. 

Table 1. Changes in total wheat grain protein and gluten content in Ay integrated lines. The averaged % protein 

(w/w) on a grain weight basis and % gluten content (w/w) on a total protein basis with standard deviation (± sd) 

were presented (n = 3). Significant changes were determined using t-test *p ≤ 0.05, **p ≤ 0.01.  

  Total Protein Content Gluten Content 

Cultivar Line Protein (%) Net Increase (%) Gluten (%) Net Increase (%) 

Gregory Parent 11.76 ± 0.36 -- 22.07 ± 0.87 -- 
Line 1 12.40 ± 0.10 0.64 * 22.80 ± 0.91 0.73 
Line 2 12.06 ± 0.23 0.30 23.93 ± 0.31 1.86 * 

Bonnie Rock Parent 11.77 ± 0.29 -- 21.97 ± 0.42 -- 
Line 1 12.47 ± 0.15 0.70 * 27.30 ± 0.56 5.33 ** 
Line 2 12.33 ± 0.17 0.56 * 27.42 ± 0.26 5.45 ** 

Yitpi Parent 12.10 ± 0.31 -- 25.07 ± 0.62 -- 
Line 1 13.43 ± 0.28 1.33 ** 30.39 ± 0.64 5.32 ** 
Line 2 13.23 ± 0.11 1.13 ** 30.03 ± 0.80 4.96 ** 

 

Impacts of the introgression of 1Ay21* HMW glutenin subunit on grain proteome profiles 

To find out which other wheat grain proteins changed in abundance and were contributing to the 

protein content increase (Table 1), we conducted a systematic analysis of the proteomics data from 

both parental and integrated lines for all three cultivars. There were high correlations between 

peptide relative abundances measured across the four bio-replicates. The Pearson coefficient 

correlation ranged from 0.70 to 0.90 between replicates, with an average value of 0.79. In total, over 

11,000 quantifiable peptides were detected across three cultivars and these mapped to 683, 648 and 

722 proteins from EGA Gregory, Bonnie Rock and Yitpi, respectively (Supplemental Table S2). A 

principal component analysis of protein relative abundance showed that the three cultivars could be 

separated by a single principal component explaining nearly 62% of the variation, while there were 

only minor variations observed between NILs of the same cultivar (Fig. 2A). PCA analysis of data from 

each individual cultivar indicated that 50%-60% of the variation could be explained by two 

components and the parental cultivars were clearly separated from the integrated lines (Fig. 2B). 

Further hierarchical clustering analysis of protein relative abundance data showed that the Ay 

integrated lines were more similar to each other than to the parental cultivar, for both Bonnie Rock 

and Gregory. Similarly, replicates of the same line had a closer relationship to each other than to other 

lines with some exceptions found in Gregory samples (Fig. 2C). 
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Figure 2. Principal component analysis of protein abundances from parental and Ay integrated lines.  A, the 

PCA for all 35 samples from three cultivars. B, the individual PCA for each cultivar. C, the dendrogram of 

hierarchical clustering analysis for the same data used in A. A data set of 185 proteins that have relative protein 

abundance value across all 35 samples was used in A, while the data set in B included 353 proteins for cv. Gregory, 

404 for cv. Bonnie Rock and 432 for cv. Yitpi. The full data used in this analysis is provided in Supplemental Table 

S2D-G. The dashed circles outline biological replicates for each cultivar in A and each line in B. YP and YL 

represent the cv. Yitpi parental and integrated line, while G and B represent cv. Gregory and cv. Bonnie Rock, 

respectively. 

Focusing on proteins found in a parental cultivar and that had the same pattern of change in 

abundance across both of the integrated NILs, we identified 34 DEPs that increased in abundance and 

13 DEPs that decreased in abundance in Gregory (Fig. 3A). For Bonnie Rock and Yitpi these numbers 

were 14 and 16, and 6 and 10, respectively (Fig. 3B and C). While ribosome protein subunits where 

found as DEPs both increasing and decreasing in abundance, storage proteins typically increased in 

abundance while biotic and abiotic stress response proteins typically decreased in abundance. This 

approach to analysis, however, filtered out present/absent differences that could only be uniquely 

detected in either parental cultivar or the NILs. Including such present/absent proteins (Fig. 3D) more 

than doubled the number of DEPs that could be considered in the analysis (Supplemental Fig. S2 & 

Supplemental Table S3H and I). 

To investigate the biological functions of this expanded set of DEPs (Fig. 3A-D), functional categories 

of all proteins increasing in abundance (Fig. 3E) and decreasing in abundance (Fig. 3F) were analysed. 
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The most frequent DEPs increasing in abundance were storage proteins (33 proteins in total), which 

were more than 3 times the number of storage proteins decreasing in abundance (Fig. 3F). Most of 

the storage proteins present in higher abundance were identified from protein sets found in parent 

and NILs (Fig. 3A-C), while storage proteins with lower abundance were typically identified from the 

present/absent lists (Fig. 3D). Protein synthesis related proteins and chaperones involved in protein 

folding and stabilisation were similarly abundant amongst the DEPs increasing and decreasing in 

abundance. A higher proportion of the DEPs with low abundance were in the stress response 

functional category (Fig. 3F).  

 

Figure 3. Differentially expressed proteins following integration of Ay HMW-GS across three wheat cultivars. 

The relative abundance for each protein was calculated through MaxQuant LFQ analysis. Fold changes in 

abundance for each protein were calculated by dividing the integrated line value by the parental cultivar value. 

Only uniquely detected proteins and commonly detected proteins that had fold change ≥ 1.2-fold or ≤ 0.83-

fold and one-way ANOVA p-value ≤ 0.05 were defined as differentially expressed proteins (DEPs). The full data 

is shown in Supplemental Table S2. Heat maps only showed DEPs that have same fold change pattern (increase 

or decrease) in both integrated lines. Abbreviation protein names were attached on the right side of heat maps. 

The first number of the protein label represents t-test p-value ≤ 0.05 in both lines (0), in line 1 only (1) and in 

line 2 only (2). A, DEPs for cv. Gregory. B, DEPs for cv. Bonnie Rock. C, DEPs for cv. Yitpi. D, The number of 

uniquely detected proteins for three cultivars. Parent only, Line 1 only and Line 2 only represent those proteins 

were only detectable in parental cultivar, integrated line 1 or 2, respectively. Parent missing, Line 1 missing and 

Line 2 missing represent those proteins were not detectable in one of the three lines. E, MapMan functional 

category analysis for 294 redundant DEPs that increased in abundance were collected from all three cultivars. F, 

MapMan functional category analysis for 209 redundant DEPs that decreased in abundance were collected from 
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all three cultivars. Only the top 10 functional categories are displayed. The summed proportion of all four groups 

for each functional category are shown. 

As the Ay introgression events in each cultivar were on the long arm of chromosome 1A, we mapped 

the genome location of the genes encoding DEPs to see if there were any patterns that could have 

arisen from this genetic location. In total, 159 DEPs from Gregory were successfully mapped, of which 

the number on the D sub-genome was double that on the A and B sub-genome (Supplemental Fig. 

S3A). Except for the apparent absence of Bonnie Rock DEPs mapped to chromosome 7B, the same 

pattern was also observed from the other two cultivars. The higher number of DEPs arising from genes 

located in the D sub-genome was consistent with the higher number of total identified proteins also 

mapping to the D sub-genome, and there was no significant differences between sub-genomes in 

terms of this proportion (Supplemental Fig. S3B). From this we concluded there was no gene location 

pattern of DEPs associated with the chromosome 1A integration site. 

To determine which DEPs contributed most to the absolute protein abundance difference between 

parent and integrated lines, the 20 DEPs with the highest abundance for each parental cultivar were 

selected based on their absolute abundance estimated by intensity based absolute quantification 

(iBAQ) scores. These 20 DEPs made up 12-17% of the absolute protein abundance detected by MS in 

each cultivar, and consisted mainly of storage proteins, stress response proteins and ribosomal 

proteins (Table 2). With net increase of abundance defined via subtracting the iBAQ values of DEPs in 

integrated lines from its parental cultivar, the total contributions of these 20 abundant DEPs varied 

from 1% to 5% of total protein abundance. The serpin protein (TraesCS5D01G368900.1), the most 

abundant DEP in Gregory, contributed most to the total protein abundance increase in both integrated 

lines, being responsible for a net increase of 0.45% in line 1 and 1.59% in line 2. Likewise, the most 

abundant two DEPs of Bonnie Rock, alpha-amylase inhibitor (TraesCS4B01G328100.1) and 11S 

globulin (TraesCS1D01G067100.1), were the biggest contributors in line 1 (1.23%) and line 2 (0.98%) 

respectively. The heat shock protein (TraesCS3A01G033900.1) and globulin 1 (TraesCS5B01G434100.1) 

of cultivar Yitpi were the top contributors to integrated line 1 (0.96%) and line 2 (0.81%), respectively.  
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Table 2. The 20 most abundant differentially expressed proteins in the Ay introgression lines of each of three wheat cultivars. 

First Accession Protein Name iBAQ score Proportion Line 1 Line 2 

   (%) FC P-value FC P-value 

cv. EGA Gregory        
TraesCS5D01G368900.1 Serpin family protein 1511675 5.9 1.08 0.684 1.27 0.036 
TraesCS1A01G066100.1 11S globulin seed storage protein 979705 3.82 0.98 0.974 1.34 0.025 
TraesCS5D01G425800.1 Serpin family protein 447442.5 1.75 1.22 0.247 1.7 0.001 
TraesCS3B01G111200.1 Dimeric alpha-amylase inhibitor 199942.5 0.78 1.42 0.029 1.46 0.018 
TraesCS6B01G383500.1 Dehydrin 178020 0.69 1.54 0.063 1.62 0.033 
TraesCS5B01G012300.1 Enolase 147929.3 0.58 1.2 0.091 1.24 0.046 
TraesCS5A01G469300.1 40S ribosomal protein S26 140878.3 0.55 1.17 0.067 1.27 0.007 
TraesCS1D01G067100.1 11S globulin seed storage protein 138015 0.54 0.97 0.948 1.39 0.014 
TraesCS3A01G305400.1 Aspartate aminotransferase 108183.8 0.42 1.14 0.102 1.24 0.008 
TraesCS5D01G395600.1 Late embryogenesis abundant D-like protein 96284 0.38 1.34 0.037 1.38 0.022 
TraesCS1B01G144300.1 50S ribosomal protein L5 93947.25 0.37 1.3 0.01 1.14 0.216 
TraesCS5D01G479200.1 Wound-induced protease inhibitor 62676.5 0.24 0.61 NA Absent NA 
TraesCS1A01G372700.1 Late embryogenesis abundant protein 54874 0.21 1.2 0.099 1.27 0.028 
TraesCS7D01G313800.1 60S acidic ribosomal protein P1 48198.5 0.19 Absent NA 0.89 NA 
TraesCS6B01G424800.1 50S ribosomal protein L14 42962.25 0.17 0.75 0.016 0.72 0.009 
TraesCS7D01G239400.1 Caffeoyl-CoA O-methyltransferase 36792 0.14 Absent NA 0.94 NA 
TraesCS7B01G067000.1 Aldose 1-epimerase 36131 0.14 0.65 0.011 0.84 0.248 
TraesCS5B01G179800.1 Phosphoenolpyruvate carboxylase 34152 0.13 0.81 0.04 0.96 0.765 
TraesCS2D01G206300.1 Aquaporin 33047.5 0.13 1.06 0.61 1.3 0.003 
TraesCS5D01G454800.1 Thioredoxin 23402 0.09 Absent NA 1.2 NA 
cv. Bonnie Rock        
TraesCS4B01G328100.1 Dimeric alpha-amylase inhibitor 2569800 5.97 1.21 0.019 0.98 0.926 
TraesCS1D01G067100.1 11S globulin seed storage protein 1155700 2.68 1.35 0.002 1.37 0.002 
TraesCS1B01G330000.1 High molecular weight glutenin subunit 517415 1.2 1.58 0 1.51 0.001 
TraesCS4B01G262700.1 Vicilin-like antimicrobial peptides 2-2 371162.5 0.86 0.82 0.024 0.8 0.021 

TraesCS7D01G133500.1 
Alkaline alpha-galactosidase seed imbibition 
protein 330510 0.77 1.17 NA Absent NA 

TraesCS4A01G214200.1 Protein disulfide-isomerase 329817.5 0.77 1.22 0 1.29 0 
TraesCS5D01G425800.1 Serpin family protein 223240 0.52 1.23 0.012 1.18 0.062 
TraesCS2B01G381600.1 Glutaredoxin 152480 0.35 0.82 0.008 0.78 0.004 
TraesCS4D01G046400.2 14-3-3 protein 129182.5 0.3 0.83 0.019 0.85 0.055 
TraesCS7D01G335000.1 60S ribosomal protein L22, putative 105966.3 0.25 1.21 0.114 1.33 0.027 
TraesCS1D01G266100.1 Wound-induced protease inhibitor 85674.67 0.2 0.81 0.206 0.57 0.012 
TraesCS4D01G109200.1 Ribosomal protein L3 77344.25 0.18 1.38 0 1.28 0.003 
TraesCS5A01G385600.1 Late embryogenesis abundant D-like protein 70333 0.16 1.1 0.195 0.79 0.01 
TraesCS6A01G093200.1 Endoglucanase 68401.25 0.16 1.21 0.048 1.2 0.085 
TraesCS6A01G049400.1 Alpha-gliadin 50441 0.12 Absent NA 1.31 NA 
TraesCS2B01G004800.1 Alpha amylase inhibitor protein 39659 0.09 Absent NA 0.51 NA 
TraesCS5D01G150000.2 ADP-ribosylation factor 35927.25 0.08 1.12 0.494 1.33 0.04 
TraesCS5B01G478200.1 Wound-induced protease inhibitor 32010.5 0.07 0.74 0.235 0.54 0.04 
TraesCS7D01G340400.1 Late embryogenesis abundant D-like protein 31912 0.07 0.96 0.534 0.73 0.001 
TraesCS1D01G144000.2 60 kDa chaperonin 31585.75 0.07 1.3 0.01 1.26 0.029 
cv. Yitpi        
TraesCS5D01G368900.1 Serpin family protein 1485900 2.05 1.08 0.467 1.29 0.004 
TraesCS5B01G434100.1 Globulin-1 1450825 2 1.1 0.517 1.4 0.003 
TraesCS3A01G033900.1 Heat shock protein 1261755 1.74 1.55 0 1.26 0.021 
TraesCS5B01G488800.1 rRNA N-glycosidase 1144263 1.58 1.02 0.965 1.3 0.022 
TraesCS1D01G317300.1 High molecular weight glutenin subunit 1069063 1.47 1.11 0.628 1.55 0.002 
TraesCS7D01G066400.1 Peroxidase 539750 0.74 1.05 0.798 1.26 0.015 
TraesCS5A01G417800.1 Serpin family protein 392782.5 0.54 1.35 0.073 1.53 0.009 
TraesCS1B01G034400.1 Chymotrypsin inhibitor 278293.3 0.38 0.63 0.03 0.63 0.029 

TraesCS1B01G081000.1 
Protease inhibitor/seed storage/lipid transfer 
protein family protein 195055 0.27 0.93 0.55 0.75 0.012 

TraesCS2D01G261500.1 Eukaryotic translation initiation factor 5A 109729 0.15 1.31 0.033 1.18 0.217 
TraesCS2B01G047400.1 Heat shock protein 90 109451.8 0.15 1.25 0.01 1.03 0.868 
TraesCS6D01G049100.1 Heat shock 70 kDa protein 80967.75 0.11 0.8 0.002 0.85 0.014 
TraesCS2D01G128900.1 Cysteine proteinase inhibitor 72805.75 0.1 0.59 0.003 0.96 0.899 
TraesCS2D01G348800.1 Chitinase 35795.5 0.05 0.57 0.016 1.14 0.522 
TraesCS7D01G411700.1 Defensin 32103 0.04 0.4 NA Absent NA 

TraesCS7B01G184100.1 
HSP20-like chaperones superfamily protein 
isoform 3 31421.5 0.04 0.87 0.315 1.27 0.043 

TraesCS1D01G424500.1 Programmed cell death protein 4 29581 0.04 1.25 0.036 1.17 0.105 
TraesCS5B01G003500.1 Grain softness protein 25665 0.04 Absent NA 0.32 NA 
TraesCS1D01G306800.1 60S ribosomal protein L30 25076 0.03 Absent NA 0.86 NA 
TraesCS6A01G371100.1 Aldehyde dehydrogenase 24480.5 0.03 1.17 0.006 0.96 0.611 

The proportion column contains the percentage of iBAQ score of each protein to summed protein iBAQ score. The fold change (FC) and t.test P-

value were collected from Supplemental Table S2. 
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Common changes in protein abundance induced by the introgression of 1Ay21* HMW-GS 

Among the redundant set of 503 DEPs across all the cultivars shown in Fig. 3, we defined the common 

DEPs as those that had the same pattern of change in abundance across both integrated lines 

compared to their parental cultivar. In total 115 DEPs were selected including 86 that increased in 

abundance and 29 that decreased (Supplemental Table S3A). Nearly half of the common DEPs were 

storage proteins, or proteins annotated to be involved in stress response, protein synthesis, protein 

degradation or grain development. All the storage proteins in the set of 115 common DEPs showed 

higher abundance in integrated lines than in their parental cultivar (Supplemental Table S3A). 

Gene co-expression profiles of the DEPs common to introgression lines 

Expression of a gene that encoded a particular protein during grain development is likely to be a 

significant factor in determining the final abundance of a protein product. To determine if there was 

co-expression of the genes encoding common DEPs, we investigated their RNA expression profiles 

across multiple wheat varieties, organs and growth stages. Due to the fact that wheat genes have 

three homologues on A, B and D subgenomes respectively, and that homologues from the D 

subgenome show significantly higher expression levels than those from B and A subgenomes 

(Ramirez-Gonzalez et al., 2018), the averaged gene expression abundance of all three homologues 

were used for this analysis. Transcript data for 292 homologous genes representing the common DEPs 

from 177 samples (23 wheat varieties, 21 organs and 37 growth stages; Wheat Expression Browser: 

http://www.wheat-expression.com/) were downloaded and collated and Spearman coefficient 

correlation analysis was performed (Supplemental Table S3). Hierarchical clustering analysis revealed 

two distinct gene clusters; a strong co-expression was present within one cluster while weak co-

expression was found in the other (Fig. 4A). In terms of functional categories, 46 genes for storage 

proteins, late embryogenesis abundant proteins (LEA) and heat shock proteins (HSP) (cluster 1) were 

strongly co-expressed, while 68 genes encoding proteins involved in protein synthesis and degradation 

were not co-expressed. One exception was a carboxypeptidase that was present in cluster 1 (Fig 4A). 

Co-expression profiles of the genes for the 114 common DEPs were also conducted for single organs, 

including grain, leaf, spike and root. In comparison with the multi-organ analysis, in the grain, genes 

encoding storage proteins showed strong co-expression with each other but not with LEA and HSP 

genes, while genes for protein synthesis and degradation relevant proteins showed similar co-

expression profiles (Fig. 4B). A similar gene expression profile was observed in leaf compared to grain, 

while less significant co-expression was found between genes of the 114 common DEPs in spike and 

root (Supplemental Fig. S4). 

 

http://www.wheat-expression.com/
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Figure 4. Correlation coefficients of gene expression profiles of the 114 common differentially expressed 

proteins. A, Coefficients of the gene co-expression profiles across 23 varieties, 21 organs and 37 growth stages 

(Supplemental Table S3). B, Coefficients of the gene co-expression profiles in grain only samples. The gene 

expression data of these general DEPs were collated from the Wheat Expression Browser (Borrill et al., 2016; 

Ramirez-Gonzalez et al., 2018). Spearman correlation analysis and hierarchical clustering for both columns and 

rows was used in data visualization. The abbreviation protein names are shown. Pairs with P-value ≥ 0.05 were 

removed leaving blank cells on the plot.  
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Analysis of cis-acting elements present in associated wheat gene promoter regions 

As gene co-expression can indicate co-transcriptional activation by common transcription factors (TF), 

common TF binding sites (TFBSs) may be present in upstream promoter regions of the genes of 

interest in this analysis. To assess this, the cis-acting regulatory elements located in the upstream 

promoter region of gene homologues representing common DEPs and non-DEPs were analysed using 

plantCARE (Supplemental Table S4A-C). In total, 140 cis-elements belonging to 7 sub-categories were 

identified. Most of these cis-elements are associated with physiological processes including light 

response, developmental regulation, hormonal response and environmental stress response. A total 

of 894 genes that encode non-DEPs identified in grain proteomes were used as control. Statistical 

analysis suggested that promoter related elements (TATA-box and CAAT-box), and the majority of light 

responsive (G-box, G-Box, Box-4, GATT-motif, GT1-motif and Pc-CMA2c) and hormone responsive 

(ABRE, P-box and AuxRR-core) cis-elements were significantly enriched in the DEP set compared to 

the control non-DEP set (Table 3). Cis-elements related to development (circadian and MBS) and 

environmental stress response (GC-motif and Sp1) showed the opposite pattern with higher 

enrichment in the non-DEP background genes than in common DEP genes. This analysis was repeated 

using a randomly sampled set of 1000 wheat genes as a background dataset, and that returned a result 

highly consistent with using the 894 non-DEP gene set as control (Supplemental Table S4E). 

Comparison of the two background datasets showing no statistical differences in cis-element 

enrichment between them (Supplemental Table S4F). 
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Table 3. Cis-acting regulatory element analysis of upstream 1500bp promoter region of genes encoding differentially expressed proteins in Ay introgression lines. 

 No. Cluster 1 No. Cluster 2 No. Background P-value (Fisher’s Exact Test)  

Element Name Total Mean Total Mean Total Mean Cluster 1 vs 
Background 1 

Cluster 2 vs 
Background 1 

Cluster 1 vs 
Cluster 2 

Function category 

 
Cluster 1 enriched cis-element sites 
TATA-box 1504 15.67 2274 15.79 12265 13.72 0 0 0.129 Promoter related elements 
WUN-motif 35 0.36 30 0.21 186 0.21 0.006 0.921 0.043 Environmental stress-related elements 
G-box 308 3.21 336 2.33 2410 2.7 0.013 0.024 0 light responsive elements 
G-Box 117 1.22 121 0.84 852 0.95 0.027 0.281 0.012 light responsive elements 
Box 4 73 0.76 69 0.48 457 0.51 0.004 0.751 0.013 light responsive elements 
GATT-motif 5 0.05 1 0.01 9 0.01 0.009 1 0.045 light responsive elements 
ABRE 454 4.73 400 2.78 3109 3.48 0 0 0 Hormone responsive elements 
P-box 37 0.39 37 0.26 225 0.25 0.029 0.857 0.124 Hormone responsive elements 
 
Cluster 2 enriched cis-element sites 
CAAT-box 1823 18.99 2888 20.06 16178 18.1 0.263 0 0 Promoter related elements 
AT-rich element 7 0.07 16 0.11 55 0.06 0.67 0.037 0.397 Site-binding related elements 
GT1-motif 45 0.47 91 0.63 445 0.5 0.649 0.032 0.066 light responsive elements 
Pc-CMA2c 1 0.01 5 0.03 6 0.01 0.518 0.011 0.411 light responsive elements 
AuxRR-core 10 0.1 27 0.19 104 0.12 0.875 0.029 0.095 Hormone responsive elements 
 
Non-DEPs enriched cis-element sites 
motif I 9 0.09 1 0.01 46 0.05 0.113 0.017 0.002 Development related elements 
circadian 6 0.06 4 0.03 111 0.12 0.088 0.001 0.335 Development related elements 
MBS 72 0.75 68 0.47 579 0.65 0.323 0.018 0.012 Environmental stress-related elements 
GC-motif 58 0.6 75 0.52 673 0.75 0.081 0.003 0.537 Environmental stress-related elements 
Sp1 70 0.73 105 0.73 1107 1.24 0 0 0.817 light responsive elements 
3-AF1 binding site 0 0 4 0.03 34 0.04 0.045 0.813 0.15 light responsive elements 
A-box 63 0.66 113 0.78 875 0.98 0.001 0.041 0.167 Hormone responsive elements 

Fisher’s Exact Test was applied for statistical analysis, and only those known functions and significantly changed sites are included in this table. The detailed cis-element information of each 

gene and full summary table are listed in Supplemental Table S4. 
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Discussion 

Introgression of Ay genes has been trialled for grain protein content improvement in wheat breeding 

programmes worldwide (Payne, 1983; Waines and Payne, 1987; Rogers et al., 1997; Shewry and 

Halford, 2002). Many studies have been conducted to either characterize Ay gene structures or 

explore its economic potential in modern wheat breeding programmes (Margiotta et al., 1996). These 

reports have mainly focused on gene discovery and gene structure characterization (Bai et al., 2004; 

Jiang et al., 2009; Gutierrez et al., 2011; Bi et al., 2014; Yu et al., 2019), and the influence of Ay HMW-

GS introgression on agronomic and quality traits, including grain yield, grain protein content, storage 

protein composition and dough quality (Rogers et al., 1997; Roy et al., 2018; Roy et al., 2020). By 

studying the proteome of Ay integrated near isogenic lines we have provided insights into the nature 

of the changes in the wider grain protein profile of bread wheat induced by Ay introgression events 

and propose a model to explain the molecular events observed. 

Introgression of the expressed Ay gene changes more than the abundance of Ay itself. 

The initial intent of cross breeding the Glu-1Ay gene into hexaploid wheat was to improve the grain 

protein content and quality by addition of an extra Ay HMW glutenin subunit. Previous work has 

proved that the Ay HMW-GS integrated lines have higher grain protein content (Rogers et al., 1997; 

Roy et al., 2018). However, it was unknown whether the increased protein abundance was solely from 

the Ay HMW-GS protein itself, or if there were other wheat grain proteins contributing to the protein 

content improvement. Our results showed that the integrated lines had significantly higher protein 

content compared to parental cultivars as well as an increase of gluten content (Table 1). Calculations 

based on the contribution of HMW-GS to total gluten (Zorb et al., 2018) showed that the total increase 

in all gluten proteins represented on average only 52% of the total protein content increase. The 

proteome data showed that approximately a quarter of the proteins identified in wheat grains by MS 

significantly changed in their abundance in Ay integrated lines (Fig. 3). The most abundant 20 DEPs of 

each cultivar (predominantly storage proteins, stress response proteins and ribosomal proteins) 

contributed most of the remaining 48% increase of total protein abundance (Table 2). The MapMan 

functional category analysis showed these common DEPs belonged to 36 different functional 

categories, indicating it is not a single system or a discrete part of the cellular machinery that is altered 

following Ay introgression. The genomic locus analysis showed that DEPs arise from genes that are 

relatively evenly distributed across the 21 chromosomes of bread wheat, so changes in gene 

expression that might be driving these changes in protein abundance are not tightly associated with 

the introgression event on chromosome 1A. It appears expression of Ay HMW-GS has a significant 

downstream impact resulting in alterations to the wheat grain proteome which causes the significant 
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increase in grain protein. The cis-element analysis conducted provides support for Ay HMW-GS 

integration-dependent activation of genes encoding common DEPs because their promoters were 

enriched with TATA-box and light response elements (Table 3). Specific downstream targets involved 

in ATP synthesis, amino acid synthesis and degradation, protein folding and RNA regulation 

(Supplemental Table S2H and I) can be treated as valuable protein candidates for future breeding 

programmes of grain protein content and bread-making quality improvement. However, it was the 

changes in abundance of three major groups of proteins that dominated the protein response; storage 

proteins, proteins of the protein synthesis machinery, and proteins involved in protein stability and 

degradation systems.  

Ay HMW-GS expression triggers changes in the abundance of other storage proteins 

A total of 43 storage proteins, other than Ay HMW-GS, were defined as DEPs in this analysis, among 

which 33 had higher abundance and 10 had lower abundance in Ay integrated lines. All the HMW-GS 

(7 proteins), Globulin-11S (5 proteins) and all but one of the Serpins (10 proteins) increased in 

abundance. These HMW glutenin subunits are key determinants in dough quality formation and 

bread-making quality and may be important contributors to the quality traits attributed to Ay 

introgression lines (Shewry and Halford, 2002; Roy et al., 2020). Globulin-11S is the main form of the 

water-soluble globulin proteins that account for approximately 10% of grain storage protein 

(Hellemans et al., 2018; Zorb et al., 2018). Although the role of globulin-11S in bread-making quality 

is not very clear, evidence indicates that it is able to form inter- and intra-chain disulfide links and 

partially contributes to variations found in dough quality (Inquello et al., 1993; Jung et al., 1997; 

Hellemans et al., 2018). Serpins make up 4% of total grain protein and may contribute to the increase 

of grain protein content through their role in inhibiting proteases, thereby increasing the stability of 

storage proteins (Ostergaard et al., 2000; Cane et al., 2008). Serpins can influence bread-making 

quality either via modifying the molecular structure of prolamin storage proteins or by forming 

intermolecular disulfide bridges between serpins, and between serpins and β–amylase proteins 

(Roberts and Hejgaard, 2008). Taken together, the accumulation of these three protein families 

(especially HMW-GSs) are likely to be the major driving force in the improvement of grain protein 

content and bread-making quality observed in Ay integrated lines. Better bread-making quality in Ay 

integrated lines in the Bonnie Rock genetic background have been reported (Roy et al., 2018), and it 

was in this background that the largest and most consistent increases in gluten content and HMW-

GSs were observed in this study (Fig 1 and 3, and Table 1). 
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Ay HMW-GS induced selective changes in protein synthesis machinery 

As the basic functional units of protein synthesis machinery, ribosomes and their function throughout 

grain development will be important to higher grain protein content. Eukaryotic ribosomes are 

composed of small 40S and large 60S subunits containing up to 100 different proteins. Ribosomes are 

initially assembled in the nucleolus and then released into the cytoplasm as pre-ribosomal particles 

(Fromont-Racine et al., 2003; Panse and Johnson, 2010). In plants, the specific isoforms of a given 

ribosome protein can differ between tissue types (Salih et al., 2020) and are exchanged during 

environmental stress like cold and oxidative stress (Bailey-Serres and Freeling, 1990; Byrne, 2009; Salih 

et al., 2020). Ribosome composition is critical for the speed and efficiency of protein synthesis, 

especially of proteins containing rare codons (Novoa and Ribas de Pouplana, 2012). In this study, 43 

specific ribosomal proteins showed significant changes in abundance, even though the overall net 

increase in amount was minor within Ay integrated lines compared to parental cultivars (Supplemental 

Table S2H and I). Non-ribosomal proteins that support translation, such as the eukaryotic translation 

initiation factor 3B and 5A and elongation factor 1 alpha were DEPs that increased in abundance 

(Supplemental Table S2H and I). These complicated patterns might imply that protein synthesis 

machinery regulation is initiated in Ay lines that may support changes in storage protein synthesis.  

Ay HMW-GS induced changes to the protein folding, stability and proteolysis systems in 

grains 

There is no doubt that keeping newly assembled proteins stable can be as important as making new 

proteins to achieve higher protein content (Fink, 1999; Lee et al., 2003). Summing up the total 

abundance increases and decreases for 34 molecular chaperones showed a net accumulation of 2.3-

fold. During the grain maturation period, protein aggregation is triggered by desiccation, hence having 

more molecular chaperone proteins will better prevent irreversible protein aggregation and help 

wheat grain withstand severe desiccation (Liberek et al., 2008). The accumulation of late 

embryogenesis abundant (LEA) proteins usually occurs during mid to late embryogenesis and 

correlates with the acquisition of seed desiccation tolerance (Wise and Tunnacliffe, 2004). Summing 

up the net impact of 30 changes to LEA protein abundance (16 increases and 14 decreases) showed a 

net increase of 1.7-fold. The combination of accumulation of chaperones and LEA in Ay integrated 

lines may benefit higher grain protein content through improving the stability of storage proteins 

during grain development. To maintain protein homeostasis, proteolysis is also required to remove 

damaged, mis-folded and dysfunctional proteins. The ubiquitin-proteasome system is the principal 

mechanism responsible for degrading short-lived regulatory proteins and soluble mis-folded proteins 

(Zhang et al., 2007; Marshall and Vierstra, 2019). Autophagy, by contrast, can eliminate larger protein 
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complexes and insoluble protein aggregates and it has been reported to be involved in the degradation 

of storage proteins during seed germination (Vanderwilden et al., 1980; Toyooka et al., 2001; Bassham, 

2007). Our results indicated that proteasomal proteins, such as the 26S protease regulatory subunit 

and proteasome β subunit, showed an increase pattern in abundance while most lysosomal proteases 

like carboxypeptidase and leucine aminopeptidase decreased in abundance in Ay introgression lines 

(Supplemental Table S2H and I). Thus, we could hypothesize that the autophagy-lysosome system was 

suppressed to stabilize newly synthesized storage proteins during the accumulation of storage protein 

in Ay lines. In contrast, increased 26S proteasome system could recycle nutrients from regulatory or 

incorrectly folded proteins to optimise protein abundance. 

A putative model of Glu-Ay induction of high grain content and bread-making quality 

Combining our results and previous reports, we proposed a model that can now be tested of how 

introgression of the Glu-1Ay21* allele improves wheat grain protein content and bread-making quality 

(Fig. 5). This proposal begins with the expression of the extra Ay gene taking the total number of HMW 

glutenin subunits from 5 to 6. Increased HMW-GS content is deposited into protein storage vacuoles 

through either the Golgi apparatus into the vacuole or the protein body accumulating directly within 

the lumen of the ER (Muntz, 1998; Tosi et al., 2009). By unknown mechanisms, this increased rate of 

protein body accumulation activates transcription factors that bind sites in the promoter regions of a 

suite of genes that already form a developmental gene expression program to enhance storage 

proteins and protein synthesis regulatory proteins in wheat grains. Ribosomal composition changes 

may then fulfil the higher demand for protein synthesis and more molecular chaperones assist nascent 

proteins to fold properly and be stored. Due to the protection from higher abundances of chaperones 

and LEA, other storage proteins are deposited into protein storage vacuoles with enhanced stability, 

which led to less need of the lysosome system and a broad increase in the abundance of HMW-GS, 

Globulin-11S and Serpins. Boosting of the ubiquitin-proteasome system recycles nutrients from 

unwanted proteins, providing a positive reinforcement and resources for more storage protein 

synthesis and deposition. As a consequence of these concerted actions, the grain protein content for 

Ay HMW-GS introgressed lines increases, leading to improvement of dough quality and bread-making 

quality because of the alteration of gluten composition. 
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Figure 5. Model of a putative pathway for grain protein accumulation triggered by the introgression of 1Ay 

21* HMW-GS. Black arrows represent general protein trafficking pathway; red dashed arrows represent the 

positive regulation effects while the blue dashed flat-headed arrow represent negative regulation effects. TF: 

Transcription factor; ER: Endoplasmic reticulum.  

  



55 
 

Literature Cited 

Appels R, Eversole K, Feuillet C, Keller B, Rogers J, Stein N, Pozniak CJ, Stein N, Choulet F, Distelfeld A, Eversole 

K, Poland J, Rogers J, Ronen G, Sharpe AG, Pozniak C, Ronen G, Stein N, Barad O, Baruch K, et al. (2018) 

Shifting the limits in wheat research and breeding using a fully annotated reference genome. Science 

361: 661-+ 

Bai JR, Jia X, Liu KF, Wang DW (2004) Cloning and characterization of the coding sequences of the 1Ay high 

molecular weight glutenin subunit genes from Triticum urartu. Acta Botanica Sinica 46: 463-471 

Bailey-Serres J, Freeling M (1990) Hypoxic stress-induced changes in ribosomes of maize seedling roots. Plant 

Physiol 94: 1237-1243 

Bassham DC (2007) Plant autophagy-more than a starvation response. Current Opinion in Plant Biology 10: 587-

593 

Bi ZG, Wu BH, Hu XG, Guo XH, Liu DC, Zheng YL (2014) Identification of an Active 1Ay Gene from Triticum 

turgidum ssp dicoccoides. Czech Journal of Genetics and Plant Breeding 50: 208-215 

Borrill P, Ramirez-Gonzalez R, Uauy C (2016) expVIP: a Customizable RNA-seq Data Analysis and Visualization 

Platform. Plant Physiology 170: 2172-2186 

Branlard G, Dardevet M (1985) Diversity of Grain Proteins and Bread Wheat Quality .1. Correlation between 

Gliadin Bands and Flour Quality Characteristics. Journal of Cereal Science 3: 329-343 

Byrne ME (2009) A role for the ribosome in development. Trends Plant Sci 14: 512-519 

Cane K, Sharp PJ, Eagles HA, Eastwood RF, Hollamby GJ, Kuchel H, Lu MQ, Martin PJ (2008) The effects on grain 

quality traits of a grain serpin protein and the VPM1 segment in southern Australian wheat breeding. 

Australian Journal of Agricultural Research 59: 883-890 

Ciaffi M, Lafiandra D, Porceddu E, Benedettelli S (1993) Storage-protein variation in wild emmer wheat (Triticum 

turgidum ssp.dicoccoides) from Jordan and Turkey. I. Electrophoretic characterization of genotypes. 

Theor Appl Genet 86: 474-480 

Cox J, Mann M (2008) MaxQuant enables high peptide identification rates, individualized p.p.b.-range mass 

accuracies and proteome-wide protein quantification. Nat Biotechnol 26: 1367-1372 

Duncan O, Trosch J, Fenske R, Taylor NL, Millar AH (2017) Resource: Mapping the Triticum aestivum proteome. 

Plant J 89: 601-616 

Fink AL (1999) Chaperone-mediated protein folding. Physiological Reviews 79: 425-449 

Fromont-Racine M, Senger B, Saveanu C, Fasiolo F (2003) Ribosome assembly in eukaryotes. Gene 313: 17-42 

Gutierrez MV, Guzman C, Martin LM, Alvarez JB (2011) Molecular characterization of the Glu-Ay gene from 

Triticum urartu for its potential use in quality wheat breeding. Plant Genetic Resources-Characterization 

and Utilization 9: 334-337 

Hellemans T, Landschoot S, Dewitte K, Van Bockstaele F, Vermeir P, Eeckhout M, Haesaert G (2018) Impact of 

Crop Husbandry Practices and Environmental Conditions on Wheat Composition and Quality: A Review. 

J Agric Food Chem 66: 2491-2509 

Inquello V, Raymond J, Azanza JL (1993) Disulfide interchange reactions in 11S globulin subunits of Cruciferae 

seeds. Relationships to gene families. Eur J Biochem 217: 891-895 

Iqbal M, Navabi A, Salmon DF, Yang RC, Spaner D (2007) Simultaneous selection for early maturity, increased 

grain yield and elevated grain protein content in spring wheat. Plant Breeding 126: 244-250 

Jiang QT, Wei YM, Wang F, Wang JR, Yan ZH, Zheng YL (2009) Characterization and comparative analysis of 

HMW glutenin 1Ay alleles with differential expressions. BMC Plant Biol 9: 16 

Jung R, Nam YW, Saalbach I, Muntz K, Nielsen NC (1997) Role of the sulfhydryl redox state and disulfide bonds 

in processing and assembly of 11S seed globulins. Plant Cell 9: 2037-2050 

Kiszonas AM, Morris CF (2018) Wheat breeding for quality: A historical review. Cereal Chemistry 95: 17-34 

Lee S, Sowa ME, Watanabe YH, Sigler PB, Chiu W, Yoshida M, Tsai FTF (2003) The structure of clpB: A molecular 

chaperone that rescues proteins from an aggregated state. Cell 115: 229-240 



56 
 

Leon E, Piston F, Aouni R, Shewry PR, Rosell CM, Martin A, Barro F (2010) Pasting properties of transgenic lines 

of a commercial bread wheat expressing combinations of HMW glutenin subunit genes. Journal of 

Cereal Science 51: 344-349 

Lescot M, Dehais P, Thijs G, Marchal K, Moreau Y, Van de Peer Y, Rouze P, Rombauts S (2002) PlantCARE, a 

database of plant cis-acting regulatory elements and a portal to tools for in silico analysis of promoter 

sequences. Nucleic Acids Res 30: 325-327 

Li QY, Yan YM, Wang AL, An XL, Zhang YZ, Hsam SLK, Zeller FJ (2006) Detection of HMW glutenin subunit 

variations among 205 cultivated emmer accessions (Triticum turgidum ssp dicoccum). Plant Breeding 

125: 120-124 

Liberek K, Lewandowska A, Zietkiewicz S (2008) Chaperones in control of protein disaggregation. Embo Journal 

27: 328-335 

Liu SW, Zhao SY, Chen F, Xia GM (2007) Generation of novel high quality HMW-GS genes in two introgression 

lines of Triticum aestivum/Agropyron elongatum. Bmc Evolutionary Biology 7 

Margiotta B, Urbano M, Colaprico G, Johansson E, Buonocore F, DOvidio R, Lafiandra D (1996) Detection of y-

type subunit at the Glu-A1 locus in some Swedish bread wheat lines. Journal of Cereal Science 23: 203-

211 

Marshall RS, Vierstra RD (2019) Dynamic Regulation of the 26S Proteasome: From Synthesis to Degradation. 

Frontiers in Molecular Biosciences 6 

Muntz K (1998) Deposition of storage proteins. Plant Molecular Biology 38: 77-99 

Nakamura H (1999) Identification of alleles for complex gene loci Glu-A1, Glu-B1, and Glu-D1, which code for 

nigh molecular weight subunits of glutenin in Japanese hexaploid wheat varieties. Journal of 

Agricultural and Food Chemistry 47: 5273-5277 

Novoa EM, Ribas de Pouplana L (2012) Speeding with control: codon usage, tRNAs, and ribosomes. Trends 

Genet 28: 574-581 

Ostergaard H, Rasmussen SK, Roberts TH, Hejgaard J (2000) Inhibitory serpins from wheat grain with reactive 

centers resembling glutamine-rich repeats of prolamin storage proteins - Cloning and characterization 

of five major molecular forms. Journal of Biological Chemistry 275: 33272-33279 

Panse VG, Johnson AW (2010) Maturation of eukaryotic ribosomes: acquisition of functionality. Trends in 

Biochemical Sciences 35: 260-266 

Payne PI, Nightingale MA, Krattiger AF, Holt LM (1987) The Relationship between Hmw Glutenin Subunit 

Composition and the Bread-Making Quality of British-Grown Wheat-Varieties. Journal of the Science of 

Food and Agriculture 40: 51-65 

Payne PIL, G.J. (1983) Catalogue of alleles for the complex gene loci, Glu-A1, Glu-B1, and Glu-D1 which code for 

high-molecular-weight subunits of glutenin in hexaploid wheat. Cereal Research Communications 11: 

29-35 

Ramirez-Gonzalez RH, Borrill P, Lang D, Harrington SA, Brinton J, Venturini L, Davey M, Jacobs J, van Ex F, 

Pasha A, Khedikar Y, Robinson SJ, Cory AT, Florio T, Concia L, Juery C, Schoonbeek H, Steuernagel B, 

Xiang D, Ridout CJ, et al. (2018) The transcriptional landscape of polyploid wheat. Science 361 

Rasheed A, Xia XC, Yan YM, Appels R, Mahmood T, He ZH (2014) Wheat seed storage proteins: Advances in 

molecular genetics, diversity and breeding applications. Journal of Cereal Science 60: 11-24 

Roberts TH, Hejgaard J (2008) Serpins in plants and green algae. Functional & Integrative Genomics 8: 1-27 

Rogers WJ, Miller TE, Payne PI, Seekings JA, Sayers EJ, Holt LM, Law CN (1997) Introduction to bread wheat 

(Triticum aestivum L) and assessment for bread-making quality of alleles from T-boeoticum Boiss ssp 

thaoudar at Glu-A1 encoding two high-molecular-weight subunits of glutenin. Euphytica 93: 19-29 

Roy N, Islam S, Ma JH, Lu MQ, Torok K, Tomoskozi S, Bekes F, Lafiandra D, Appels R, Ma WJ (2018) Expressed 

Ay HMW glutenin subunit in Australian wheat cultivars indicates a positive effect on wheat quality. 

Journal of Cereal Science 79: 494-500 



57 
 

Roy N, Islam S, Yu ZT, Lu MQ, Lafiandra D, Zhao Y, Anwar M, Mayer JE, Ma WJ (2020) Introgression of an 

expressed HMW 1Ay glutenin subunit allele into bread wheat cv. Lincoln increases grain protein content 

and breadmaking quality without yield penalty. Theoretical and Applied Genetics 133: 517-528 

Salih KJ, Duncan O, Li L, O'Leary B, Fenske R, Tr?sch J, Millar AH (2020) Impact of oxidative stress on the function, 

abundance, and turnover of the Arabidopsis 80S cytosolic ribosome. Plant Journal 103: 128-139 

Schaffner W, Weissmann C (1973) A rapid, sensitive, and specific method for the determination of protein in 

dilute solution. Anal Biochem 56: 502-514 

Shewry PR (2007) Improving the protein content and composition of cereal grain. Journal of Cereal Science 46: 

239-250 

Shewry PR (2009) Wheat. J Exp Bot 60: 1537-1553 

Shewry PR, Halford NG (2002) Cereal seed storage proteins: structures, properties and role in grain utilization. 

Journal of Experimental Botany 53: 947-958 

Shewry PR, Halford NG, Tatham AS (1992) High-Molecular-Weight Subunits of Wheat Glutenin. Journal of Cereal 

Science 15: 105-120 

Thimm O, Blasing O, Gibon Y, Nagel A, Meyer S, Kruger P, Selbig J, Muller LA, Rhee SY, Stitt M (2004) MAPMAN: 

a user-driven tool to display genomics data sets onto diagrams of metabolic pathways and other 

biological processes. Plant Journal 37: 914-939 

Tosi P, Parker M, Gritsch CS, Carzaniga R, Martin B, Shewry PR (2009) Trafficking of storage proteins in 

developing grain of wheat. J Exp Bot 60: 979-991 

Toyooka K, Okamoto T, Minamikawa T (2001) Cotyledon cells of Vigna mungo seedlings use at least two distinct 

autophagic machineries for degradation of starch granules and cellular components. Journal of Cell 

Biology 154: 973-982 

Tyanova S, Temu T, Cox J (2016) The MaxQuant computational platform for mass spectrometry-based shotgun 

proteomics. Nature Protocols 11: 2301-2319 

Vanderwilden W, Herman EM, Chrispeels MJ (1980) Protein Bodies of Mung Bean Cotyledons as Autophagic 

Organelles. Proceedings of the National Academy of Sciences of the United States of America-Biological 

Sciences 77: 428-432 

Vensel WH, Tanaka CK, Altenbach SB (2014) Protein composition of wheat gluten polymer fractions determined 

by quantitative two-dimensional gel electrophoresis and tandem mass spectrometry. Proteome 

Science 12 

Waines JG, Payne PI (1987) Electrophoretic analysis of the high-molecular-weight glutenin subunits of Triticum 

monococcum, T. urartu, and the A genome of bread wheat (T. aestivum). Theor Appl Genet 74: 71-76 

Wessel D, Flugge UI (1984) A Method for the Quantitative Recovery of Protein in Dilute-Solution in the Presence 

of Detergents and Lipids. Analytical Biochemistry 138: 141-143 

Wise MJ, Tunnacliffe A (2004) POPP the question: what do LEA proteins do? Trends in Plant Science 9: 13-17 

Xu LL, Li W, Wei YM, Zheng YL (2009) Genetic diversity of HMW glutenin subunits in diploid, tetraploid and 

hexaploid Triticum species. Genetic Resources and Crop Evolution 56: 377-391 

Yang F, Shen YF, Camp DG, Smith RD (2012) High-pH reversed-phase chromatography with fraction 

concatenation for 2D proteomic analysis. Expert Review of Proteomics 9: 129-134 

Yu ZT, Peng YC, Islam MS, She MY, Lu MQ, Lafiandra D, Roy N, Juhasz A, Yan GJ, Ma WJ (2019) Molecular 

characterization and phylogenetic analysis of active y-type high molecular weight glutenin subunit 

genes at Glu-A1 locus in wheat. Journal of Cereal Science 86: 9-14 

Zhang FX, Hu Y, Huang P, Toleman CA, Paterson AJ, Kudlow JE (2007) Proteasome function is regulated by cyclic 

AMP-dependent protein kinase through phosphorylation of Rpt6. Journal of Biological Chemistry 282: 

22460-22471 

Zorb C, Ludewig U, Hawkesford MJ (2018) Perspective on Wheat Yield and Quality with Reduced Nitrogen 

Supply. Trends in Plant Science 23: 1029-1037 

 

 



58 
 

Supplementary Figures 

 

Supplemental Figure S1. Data quality verification of quantitative peptide mass spectral data. Representative scatter plots showing the Pearson coefficient correlation of 

peptide relative abundances between biological replicate 1 and 3, while the density plots showing the distribution of the relative standard deviation of the mean (RSD) of 

protein relative abundance between biological replicates before and after quality control filters. The solid grey line indicates the linear regression model. Data size in peptide 

number (n) and the correlation coefficient (R) shown on the top-left corner of scatter plots. Data size in protein number and the median RSD is shown within the brackets on 

the top-right corner of density plots for the parental cultivar and introgression lines 1 and 2. Tables show the Pearson coefficient correlation of all possible pairs for each 

cultivar. A, data for cv. Gregory. B, data for cv. Bonnie Rock. C, data for cv. Yitpi. The biological replicate 2 of integrated line 2 for Bonnie Rock was excluded as it was not 

qualifiable through the above quality verification pipeline. 
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Supplemental Figure S2. Fold-changes in abundance of commonly detected wheat grain proteins presented as volcano plots. Only those proteins that were detectable and 

quantified across both parental cultivar and each integrated line were included for this visualization (Supplemental Table S2A-C). Those proteins with fold change ≥ 1.2 and 

P-value ≤ 0.05 were defined as proteins significantly increased in abundance (red), while those proteins with fold change ≤ 0.83 and P-value ≤ 0.05 were defined as proteins 

significantly decreased in abundance (blue). The number of proteins in each statistical category is shown as a table on the top-left corner of the volcano plot. 
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Supplemental Figure S3. The distribution of the genome location of the genes encoding differentially expressed proteins (DEPs). The first protein Traes ID of each DEP 

protein group were used in this analysis. The genome location was extracted based on the protein Traes ID and unknown locations were excluded. A, the distribution of the 

genome location of genes encoding DEPs on 21 wheat chromosomes. B, the proportion of genes encoding DEPs to genes of all identified proteins on each of three sub-

genomes.  
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Supplemental Figure S4. Correlation coefficients in individual organs of gene expression profiles for the 114 common differentially expressed proteins. A, coefficients of 

the gene co-expression profiles in leaf samples. B, coefficients of the gene co-expression profiles in spike samples. C, coefficients of the gene co-expression profiles in root 

samples. The gene expression data of these general DEPs were collated from the Wheat Expression Browser (http://www.wheat-expression.com/). Spearman correlation 

analysis (red >0, blue <0) and hierarchical clustering for both columns and rows was used in data visualization. The abbreviation protein names are shown. Pairs with P-value > 

0.05 were removed, leaving blank cells on the plot. 
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Abstract 

Cellular protein abundance results from the relative rates of protein synthesis and protein 

degradation. Through combining in vivo stable isotope labelling and in-depth quantitative proteomics, 

we created a protein turnover atlas of wheat grain proteins during grain development. Our data 

demonstrate that protein turnover rates for 1447 unique wheat grain protein groups have an apparent 

spatiotemporal pattern that aids explanation of the 60% of variation in protein abundances that are 

not attributable to gene expression. Protein synthesis rates of individual proteins vary over 100 fold 

and degradation rates over 20 fold. Storage proteins have both higher synthesis and degradation rates 

than the overarching average rates of grain proteins in other functional categories, while those 

proteins involved in photosynthesis, DNA synthesis and glycolysis, by contrast, are house-keeping 

proteins that show low synthesis and degradation rates at all times. Approximately 20% of total grain 

ATP production through respiration is used for grain proteome biogenesis and maintenance, and the 

grain invests nearly half of this budget in storage protein synthesis alone. Degradation of storage 

proteins as a class of grain proteins also consumed a significant amount of the total ATP allocated to 

protein degradation processes. This analysis suggests that 25% of newly synthesized storage proteins 

are turned over rather than stored suggesting that this process is not energetically optimal. This 

approach to measure protein turnover rates at the proteome scale shows how different functional 

categories of grain proteins accumulate, calculates the costs of futile cycling of protein turnover during 

wheat grain development and identifies the most and the least stable wheat grain proteins. 
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Introduction 

Maintaining cellular proteome homeostasis is critical for maintenance, growth and development 

processes. To do so, new complements of proteins need to be synthesized while unwanted or 

dysfunctional proteins are degraded and recycled by a process collectively termed protein turnover 

(Nelson et al., 2014; Nelson and Millar, 2015; Li et al., 2017). Turnover rates of individual proteins, 

including their protein synthesis rate and degradation rate, define the abundance of each component 

in a proteome and their changing profile over time (Li et al., 2017). Coupling advanced proteomics 

technologies that routinely provide identification and abundance of hundreds or thousands of 

proteins in a single experiment, with 2H, 13C, 18O and 15N based labelling of plants, allows protein 

turnover rates to be measured for individual proteins, on a total plant protein basis and on a proteome 

scale (Baerenfaller et al., 2008; Yang et al., 2010; Chen et al., 2011; Li et al., 2012; Zhou et al., 2012; 

Nelson et al., 2014; Li et al., 2017; Mergner et al., 2020). 

As one of the three most important crop plants worldwide, wheat (Triticum aestivum L.) is valued for 

its proteins, carbohydrates and minerals deposited in mature grain. Wheat is a trusted source of 

protein and calories for human consumption serving as the staple food for 30% of the human 

population (Shewry and Hey, 2015). Although global wheat production continues to grow steadily, it 

is not sufficient to meet predicted demand, especially when the global population is projected to 

exceed 9 billion by 2050 requiring an increase of wheat production by about 70% to meet these future 

demands (Tilman et al., 2002; Foley et al., 2011). To cope with such a challenge, researchers, breeders 

and wheat-processing industries have been working collaboratively to enhance specific grain-quality 

attributes, such as yield and grain protein content. This collaboration has generated a fully annotated 

and ordered genome sequence providing access to genome sequences and genome-diversity 

information as a fundamental resource to accelerate breeding programmes worldwide (Choulet et al., 

2014; Mayer et al., 2014; Appels et al., 2018). The extent and characteristics of gene expression 

divergence between genomes in different varieties, tissues, growth stages and stress conditions at the 

whole-genome scale has subsequently been developed (Pfeifer et al., 2014; Ramirez-Gonzalez et al., 

2018). This was followed by the establishment of a wheat proteome resource, including protein 

identification and relative abundance information for multiple tissues and developmental stages 

(Duncan et al., 2017). However, knowing protein abundance alone is not enough to link proteins with 

gene expression data, further knowledge of factors that contribute to individual protein abundance 

and changes in abundance profiles over time has become essential for the interpretation of many 

biological events. Such knowledge requires the combination of information on protein abundance and 

its turnover rate. Several protein turnover rate studies have been reported in plants, however they 

were focusing on either model plants such as Arabidopsis or non-food tissues of crops, such as 
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seedlings or leaves (Martin et al., 2012; Galland et al., 2014; Nelson et al., 2014; Yao et al., 2014; Fan 

et al., 2016; Lyon et al., 2016; Li et al., 2017). To date, there is no systems-scale protein turnover study 

of a crop grain during grain filling, thus we lack comprehensive knowledge of grain protein 

accumulation in harvested products that are of key importance for modern agriculture.  

Here, we established an in vivo stable isotope (15N) labelling system to enable turnover rate 

measurement of wheat grain proteins during grain development. Mass spectrometry data analysis 

revealed that 15N provided in hydroponic media reached the grain in one day and its incorporation 

rate was sufficient to monitor synthesis and degradation rates of over 1400 different wheat protein 

groups.  ATP energy usage for protein synthesis and degradation was estimated by combining ATP 

production rate derived from grain respiration with protein abundance and protein turnover rate 

during grain filling. The wheat grain protein turnover rate atlas generated can help scientists and 

breeders to gain a quantitative and more in-depth understanding how each wheat grain protein 

accumulates, influencing modern wheat breeding programmes and ultimately aiding the feeding of 

the population.  
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Materials and Methods 

Plant materials and growth condition 

Wheat plants of Wyalkatchem, an Australian cultivar, were grown in an indoor chamber under 16/8-

h light/dark conditions with 26/18°C, 60% humidity and light intensity of 800 µmol m-2 s-1. The 

hydroponic growth system used for plant growth is described by Munns and James (Munns and James, 

2003). Fifty litres Hoagland solution was used for 24 plants and changed weekly (Duncan et al., 2017). 

Seeds were vernalized under 4°C for 3 days before being transferred to the growth chamber followed 

by 3 to 5 days germination until two leaves emerged at which point they were transferred to the 

hydroponic growth system. Plants were firstly grown with natural abundance N medium, which was 

then replaced with 15N (15NH4
15NO3, 98 %, Sigma fine chemicals) medium for a labelling programme 

when plants reached the required growth stage (eg. 7DPA). Plants were rinsed three times with 

distilled deionized water before being transferred to the 15N medium. A set of fully labelled plants to 

generate the spike-in standard samples were grown with 15N medium at all times after germination. 

Grain samples, including unlabelled, progressive labelled and fully labelled samples, were harvested 

at multiple time points as shown in Extended Data Fig. 1 and 2. Only 8 grains from the middle of the 

ear (both floret 1 and 2) were collected in each case. Grain tissues of embryo, endosperm and pericarp 

were hand-dissected by scalpel. Due to the challenge of separating embryo from endosperm in young 

grain, only 14 and 17DPA-old grain were used for dissection and tissue samples of two time points 

were pooled together. Samples were snap frozen in liquid nitrogen and stored in -80°C for further 

protein extraction. 

Grain respiratory oxygen consumption rate measurement 

Respiration rates of single premature grain at different growth age (7, 10, 14, and 17DPA-old) were 

measured using a Q2 oxygen sensor (Astec-Global) in sealed 2 mL capacity tubes at 24°C. The O2 

concentration within tubes were measured at an interval of 5 min for 16 h. In total, 64 replicates, 

including 8 biological replicates (from different plant) with 8 technical replicates (8 grains from the 

same ear), were performed for each growth stage. The O2 consumption rate (RN) trace was generated 

using a moving slope of O2 consumption in a 2 h window and the formula reported by Scafaro et al in 

2017 (Scafaro et al., 2017). The representative RN was calculated using the O2 consumption slope in 

the 2 h window from 1-3 h. Fresh weight of the 64 grains were also calculated, and the RN was 

expressed as nmol g-1 FW s-1. Total ATP production of a single wheat grain at each growth stage was 

also estimated based on the ATP production rates of 1 O2 to 4.5 ATP (Li et al., 2017).  
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Spike-in approach for individual wheat grain FCP measurement 

To precisely measure individual FCP of wheat grain proteins during grain development, a spike-in 

approach was developed. Briefly, an equal number (8 grains) of 15N fully labelled grains of each time 

points (7, 10, 14 and 17DPA) were pooled together and ground using mortar and pestle under liquid 

nitrogen. The fully labelled fine sample powder of 100 mg was spiked into four unlabelled grains at 

each time point as an internal standard, followed by another grinding (Extended Data Fig. 2b). These 

spike-in containing samples were store in -80°C for subsequent protein extraction, mass spectrometry 

data acquisition and FCP measurement. 

Sample preparation 

A chloroform/methanol extraction protocol (Wessel and Flugge, 1984) was applied for total protein 

extraction in this study. Briefly, 200 mg sample powder generated by extensive grinding in liquid N2 

was mixed with 400 μL extraction buffer (125 mM Tris-HCl pH 7.5, 7% (w/v) SDS, 0.5% (w/v) PVP40, 

Roche protease inhibitor cocktail (Roche, 1 tablet per 50 ml)) and rocked on ice for 10 min. After a 

centrifugation at 10,000 g for 5 min, about 200 μL supernatant was transferred into a new 2ml 

eppendorf tube, followed by protein precipitation through mixing the supernatant with 800 μL 

methanol, 200 μL chloroform and 500 μL distilled deionized water. The pellet was washed twice using 

methanol and then incubated with 90% (v/v) acetone at -20 °C twice for at least 1 hour each time. 

After drying at room temperature, protein pellet was resuspended using resuspension buffer (50 mM 

Ambic, 1% (w/v) SDS and 10 mM DTT). Protein concentration was quantified by an amido black 

method (Schaffner and Weissmann, 1973).  

Proteins (200 μg) were incubated with 20 mM DL-dithiothreitol for 20 min in darkness at room 

temperature, followed by a second incubation with 25 mM iodoacetamide for 30 min in darkness at 

room temperature. After diluting the SDS to its working concentration at 0.1% (w/v) via adding 

distilled deionized water, proteins were digested overnight using trypsin (Promega, Sequencing Grade 

Modified Trypsin, USA) at 37°C with protein-trypsin ratio of 50:1. The SDS removal and high-pH, 

reversed phase peptide fractionation for digested peptide solution (Wang et al., 2011) were 

conducted on an off-line HPLC (1200 series, Agilent Technologies) combining with two J4SDS-2 guard 

columns (PolyLC) and an XBridgeTM C18 3.5 μm, 436 x 250 mm column (Waters). The pump flow was 

set at 0.5 ml/min using the following solution B (90% acetonitrile with 10 mM ammonium formate (pH 

10/NH4OH) gradient: 2 to 5% in 6 min, 5 to 35% in 60 min, 35 to 70% in 13 min, 70 to 100% in 10 min 

and 100 to 2% in 3 min. In total, 64 fractions for each sample were collected from 15 to 79 min in 1 

min windows. The first 12 and last 4 fractions were discarded and the rest of the fractions in the same 
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column of the 96 well plate were combined together. The final 12 fractions of each sample were dried 

down through a vacuum centrifuge and store in -80°C for further mass spectrometry analysis. 

LC-MS data acquisition and processing 

Peptide fractions were resuspended with 25 μL of 5% (v/v) acetonitrile and 0.1% (v/v) formic acid in 

HPLC grade water followed by a filtering step using 0.22 μm centrifugal filters (Millipore). Purified 

peptide suspensions (2 μL each) were injected into a HPLC-chip (Polaris-HR-Chip-3C18, Agilent 

Technologies) through a capillary pump with a flow at 1.5 μL/min. Peptides were eluted from the C18 

column online into an Agilent 6550 Q-TOF. Gradients were generated by a 1200 series nano pump 

(Agilent Technologies) with the nano flow at 300 nl/min, of which 5-35% (v/v) solution B (0.1% (v/v) 

formic acid in acetonitrile) in 35 min, 35-95% in 2min and 95-5% in 1 min. Parameters setting in MS 

acquisition was as described previously (Duncan et al., 2017). In total, LC-MS data of 516 fractions 

were successfully collected (Extended Data Fig. 2d). 

To measure individual FCP of wheat grain proteins during grain development, LC-MS data stored in 

Agilent .d files of 288 fractions of spike-in and unlabelled samples (144 fractions each) were first 

converted to mzML files using the online Trans Proteomic Pipeline (TPP, v.5.2.0) (Deutsch et al., 2015). 

The Comet search of above mzML files was conducted against protein database from IWGSC (v.1.0, 

137029 sequence) (Appels et al., 2018) using decoy search, 20 ppm peptide mass tolerance and 

maximum 2 missed cleavage (Eng et al., 2013). Further PeptideProphet search was performed for each 

replicate at each time point (eg. 12 fractions of day 0 (7DPA) replicate 1 for spike-in data and 12 

fractions of day 0 replicate 1 for unlabelled data) and results were merged into single analysis file using 

PPM to accurate mass binning and decoy hits to pin down negative distributions. Protein identification 

and corresponding LPF for each protein were obtained by using an in-house pipeline written in R, of 

which 12 mzML files of spike-in data for each replicate were mapped back to its corresponding 

PeptideProphet file (.pep.xml file). Filters of probability > 0.8, FDR < 3%, rsd <= 25% or sd <= 25% of 

overall mean LPF were applied for peptide list, while filters of probability > 0.95, FDR < 1%, rsd <= 25% 

or sd <= 25% of overall mean LPF, independent identifiers >= 3 across all samples, and total quantified 

peptides >= 4 were used in protein list. As LPF is the ratio of heavy nitrogen to total nitrogen H/(H+L), 

the relative abundance for each protein in the ratio of heavy to light (H/L) was estimated by (1-

LPF)/LPF. Individual FCP of each protein was calculated using the relative abundance at each time 

point dividing by its value at day 0. The same strategy as the FCP dataset with further LPF >= 0.2 was 

applied to progressive labelling dataset to obtain LPF values of each protein. 

The LC-MS data of unfractionated 30-h labelling samples (Extended Data Fig. 2) were processed 

through Agilent MassHunter Workstation (v.10.1) to determine the ratio in abundance of heavy (15N 
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partially labelled peptide) to light (14N natural peptide). Peptide peak area was used as peptide relative 

abundance. 

GC-MS data acquisition and processing 

Grain sample powder of 30 mg were mixed with 250 μL metabolite extraction buffer (85% (v/v) 

methanol, 15% (v/v) distilled deionized water, and 0.1mol L-1 sorbitol (D-Sorbitol-13C6) as the internal 

standard), and subsequently incubated on a thermomixer at 75°C and 950 rpm for 10 min. After mixing 

with 125 μL of chloroform and 250 μL of distilled deionized water, sample solutions were centrifuged 

for 15 min at 2,000g, of which 50 μL of supernatant was transferred to a new tube and dried out using 

a vacuum centrifuge. Sample derivatization started with incubation in 20 μL of 20 mg mL-1 

methoxyamine hydrochloride in pyridine for 2 h at 37°C, followed by a second incubation in 20 μL of 

N-methyl-N-(trimethylsilyl)-trifluoroacetamide (SIGMA, USA) for 30 min at 37°C. Incubations were 

conducted on a thermomixer at 950 rpm. Volume of 40 μL derivatized sample was transferred to glass 

vials for GC-MS analysis. Metabolites samples of 1 μL were injected into an Agilent 7890A gas 

chromatograph coupled with a Varian CP9013-Factor 4 column (40 m 3 0.25mm i.d.) and an Agilent 

5975 quadrupole mass spectrum detector. GC-MS data acquisition was performed following 

descriptions reported by O’Leary and co-workers (O'Leary et al., 2017). GC-MS data were processed 

and analysed using Agilent MassHunter Workstation (v.10.1). 

Label free quantification using MaxQuant 

The same unlabelled LC-MS data of 144 fractions were processed by searching against IWGSC 

database through MaxQuant (v.1.6.1.0, http://www.maxquant.org/) with the iBAQ quantitation 

algorithm, 20 ppm peptide mass tolerance, maximum 2 missed cleavage and FDR < 1% for absolute 

abundance estimation (Cox and Mann, 2008; Tyanova et al., 2016). Using the same parameter setup 

and LFQ search algorithm instead of iBAQ, the relative protein abundance of grain tissue samples 

(including endosperm, embryo and pericarp, 108 fractions in total) were also obtained. The reported 

protein lists were further filtered with rsd <= 25% or sd <= 25% of overall mean abundance, 

independent identifiers >= 3 across all samples, and total quantified peptides >= 4. The protein 

contributions of each single of the three tissues to the total protein abundance were calculated using 

formulas (Ramirez-Gonzalez et al., 2018) as follows  

𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝐸𝑛) =
Abun(En)

Abun(En) + Abun(Em) + Abun(Pe)
                                                                     equation (1) 

𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝐸𝑚) =
Abun(Em)

Abun(En) + Abun(Em) + Abun(Pe)
                                                                    equation (2) 
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𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝑃𝑒) =
Abun(Pe)

Abun(En) + Abun(Em) + Abun(Pe)
                                                                     equation (3) 

where En, Em and Pe represent endosperm, embryo and pericarp, and Abun represents the protein 

relative abundance. Proteins with a relative contribution >= 66% in one tissue and a protein 

concentration >= 3-fold that in the other two tissues are defined as tissue-specific proteins (shown 

close to triangle vertices), while non tissue-specific proteins with a relative contribution <= 17% of a 

tissue are defined as tissue-low proteins. The remaining proteins are found relatively evenly balanced 

across grain tissues. Protein category definition was further confirmed by the independent Tau 

method (Kryuchkova-Mostacci and Robinson-Rechavi, 2017). Ternary diagram visualization was 

performed using the ggtern R package (Hamilton and Ferry, 2018). 

Protein turnover rates calculation and ATP energy budget for protein turnover 

Protein synthesis rates and degradation rates were calculated using formulas as follows 

𝐾𝐷 = −
ln𝐹𝐶𝑃·(1−𝐿𝑃𝐹)

𝑡
                                                                                                                           equation (4) 

𝐾𝑆

𝐴
= −

𝐹𝐶𝑃−𝑒−𝐾𝐷·𝑡

1−𝑒−𝐾𝐷·𝑡 · 𝐾𝐷                                                                                                                        equation (5) 

Where A is the protein starting abundance at the beginning of the labelling programme (day 0). 

According to previous reports, protein synthesis cost was 5.25 ATP per residue including ribosome 

translation, protein transport and amino acid biosynthesis (Piques et al., 2009; Kaleta et al., 2013), 

while the cost for protein degradation was approximately 1.25 ATP per residue through proteasome 

degradation pathway (Peth et al., 2013). The ATP energy cost for protein turnover were therefore 

estimated by combining absolute protein abundance, amino acid length, protein turnover rates, grain 

ATP production and ATP energy cost per residue, and expressed as µmol ATP per grain per day. 

Detailed step-by-step explanations of both protein turnover rates and its ATP energy cost calculation 

were previously reported by Li et al., (Li et al., 2012; Li et al., 2017). 

Statistical analysis 

Data processing, statistical analysis and visualization were performed in the R environment (v.3.5.1). 

Statistical tests and replicate number are as shown in figure and figure legends. 
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Results 

In vivo stable-isotope (15N) labelling in wheat grain 

Measuring the synthesis and degradation of individual wheat proteins requires the labelling new 

proteins in grains by incorporation of 15N into the amino acids used for their synthesis (Nelson et al., 

2014; Nelson and Millar, 2015). Wheat grain development can be generally described by three major 

events, which includes cell division and expansion until 14 days post anthesis (DPA), grain filling (14 to 

28 DPA), and desiccation and maturation (28 to 42 DPA) (Rogers and Quatrano, 1983). To pinpoint the 

first labelling time point, optimized for measuring turnover rate of wheat grain proteins during grain 

development, 4 sets of plants of the Australian cultivar Wyalkatchem were initially raised in 

hydroponic medium with N salts of natural isotope abundance (99.6% 14N, 0.4% 15N) until plants 

reached 7, 14, 21 and 28DPA, respectively, before growth media with natural isotope abundance was 

replaced by heavy labelled media (2% 14N, 98% 15N). Grain samples were harvested after 7 days of 

continuous labelling (Extended Data Fig. 1a). Mass spectrometry analysis showed that nearly 25% of 

N atoms in newly synthesised proteins in wheat grain were 15N after the 7-day labelling period, 

regardless of the grain DPA (Extended Data Fig. 1b), while younger grains showed a higher proportion 

of newly synthesised proteins in each total protein pool (labelled protein fraction, LPF) than older 

grains (Extended Data Fig. 1c). At least 20% of 15N incorporation is required to make high-quality 

protein turnover rates measurements with FDR < 1% (Nelson et al., 2014). Hence, we used 7DPA-old 

grain as our first time point for subsequent labelling experiments. In addition, to cover major events 

of grain development, progressive labelling samples were collected after 3, 7 and 10 days of 

continuous labelling to cover the 7DPA to 17DPA period (Extended Data Fig. 2). A significant expansion 

was seen in grain size over this time with grain fresh weight tripling in 10 days from 24.9 mg at 7DPA 

to 78.4 mg at 17DPA (Fig. 1a,b). The 15N enrichment level gradually increased over time from 19.5% at 

day3 (10DPA) to 29.2% at day10 (17DPA) (Fig. 1d). 

Grain respiration rate and ATP production 

Using a fluorophore-based oxygen sensor, we measured the grain respiration rate during grain 

development and found younger grains had double the respiration rate of older ones on a FW basis 

(Fig. 1c). Given the assumption of that cellular respiration is the primary ATP production source in 

wheat grain and the cellular ATP production ratio is 1 O2 to 4.5 ATP (Li et al., 2017), the total ATP 

production of a single grain was 37, 60, 54 and 54 µmol d-1 for grain from 7, 10, 14 and 17DPA, 

respectively (Supplementary Data 1d). 
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Figure 1. Time-dependent changes in grain size, fresh weight, respiration rate and 15N labelling of newly 

synthesised protein. a, A representative image of wheat grain at different developmental stages. b, The fresh 

weight of individual grain at different developmental stages (n = 64, 8 biological replicates x 8 technical 

replicates). c, The 15N enrichment in newly synthesised proteins at 10, 14 and 17DPA after a switch to 15N media 

at 7DPA. d, Respiration rate (RN) of wheat grain at different developmental stages expressed as O2 consumption 

rate (nmol O2 per gram fresh weight per second; n = 64). Detailed data used in this analysis are list in 

Supplementary Data 1. 

The lag time in wheat grain labelling 

Incorporation of nitrogen into the developing grain requires long-distance transport from the roots, 

through the phloem (Fischer et al., 1998) before assimilation, use and storage. Thus, the incorporation 

of heavy nitrogen is a multi-step process, the time required for which we termed ‘lag time’. It was a 

requirement to calculate the lag time before 15N reached grains and take it into account in turnover 

calculations in order to produce accurate synthesis and degradation rates. Using a linear regression 

model of the inverse of the natural log of natural abundance (1-LPF) versus labelling time, previous 

studies suggested the lag time was about 8.6 h in barley leaves (Nelson et al., 2014) and less than 5 h 

in Arabidopsis leaves of younger, vegetative plants (Li et al., 2017). Adapting the same model, we 

obtained a negative value of x-intercept, representing the lag time, implying the linear regression 

model is not suitable in this case. Hence, we used a logarithmic regression model, and the new model 

showed an x-intercept of 1.15 days suggesting a significant lag effect of incorporating nitrogen into 

wheat grain (Fig. 2a). To confirm the lag time estimated by the logarithmic model we used both GC-
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MS analysis of free amino acids and LC-MS analysis of peptides whereby the ratio of heavy (+1) to 

mono abundance of amino acids and peptides maintained at their natural abundance level before 24 

h but rapidly raised upon 15N incorporation between 24-30 h (Fig. 2b, c). 

 

Figure 2. The time lag of label incorporation into wheat grain proteins. a, The estimation of lag time of 

incorporation into proteins via logarithmic regression of the inverse of the natural log of natural abundance 

protein (1-LPF). The dashed red line demonstrated the logarithmic regression model using the mean value (red 

dots) of each time point. The formula of the logarithmic regression model and its R-square are shown on the top 

of the scatter plot. b, The ratio of heavy (+1) to mono abundance over the time course of 4 example amino acids 

measured by GC-MS. Six biological replicates were conducted. c, The ratio of heavy (+1) to mono abundance 

over time course of 4 example peptides measured by LC-MS/MS. Three biological replicates, three of the six 

used for the GC analysis, were conducted. The shade area represents night time. Actual mass spectrum peaks of 

these amino acids and peptides are shown in Extended Data Fig. 3. Detailed data used in this analysis and 

statistical analysis results are listed in Supplementary Data 2. 

Variations of Individual Fold Changes in Protein (FCP) Abundance 

To obtain precise individual FCP for each protein of the wheat grain proteome, a spike-in procedure 

was developed that involved adding a standard amount of a fully 15N labelled wheat grain standard 

(see methods) into 4 grains at each time point to exclude any differential starch accumulation effects 

over time (Extended Data Fig. 2b). Overall, FCP of 2307 non-redundant grain proteins were 

successfully measured from over 71,000 independently quantified peptides (Supplementary Data 4). 

The principal component analysis (PCA) of the FCP data set showed that grain samples separated  
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Figure 3. Fold change in abundance (FCP) of 2307 proteins during wheat grain development. a, Volcano plots 

of all fold changes in protein abundance at each time point. Proteins with a fold change in abundance >= 2 or <= 

0.5 and with a p-value <= 0.05 are shown by red circles (increase abundance) or blue circles (decrease 

abundance), respectively. All other data points are show as black circles. The number of proteins of each colour 

is shown on the top-left corner of each plot, and dashed lines indicate the cut-off value of fold change in protein 

abundance and p-value. b, Examples of slow FCP of ribosomal proteins compared to the rapid accumulation of 

storage proteins during grain development. c, Proteins with fold change in abundance between 7DPA and 17DPA 

are shown in 34 functional categories (>= 10 proteins) within 7 broad functional categories. Proteins in all other 

categories (<= 10 proteins per category) are grouped into the ‘Others’ category. The number of proteins in each 

category is displayed along with x-axis, and functional categories were sorted within each super category by 

increasing median FCP. The y-axis is log2 transformed FCP and the dashed line shows the overall median FCP 

across all wheat grain proteins. Pairwise t-test results between categories are listed on Supplementary Data 4b. 

Broad functional categories are: Amino acid metabolism (Green), Carbohydrate metabolism (Orange-red), 

Nucleotide metabolism (Purple), Lipid metabolism (Pink), Energy producing (Lawngreen), Stress response (Gold) 

and ‘Other’ categories (Black). 

according to DPA and were located in 4 different sectors with PC1 explaining nearly 94% of the 

variation. Only minor variations were observed in PC2 as biological replicate samples of the same time 

point were closely clustered together (Extended Data Fig. 4a). Over half of the identified proteins 

showed abundance increase >= 2-fold in 10 days from 7DPA to 17DPA with a few exceptions that 

showed an opposite pattern, consistent with the large scale of protein accumulation during grain 

development (Fig. 3a). A wide range of FCP variation (from 0.018-fold to 126-fold) was detected, and 

examples illustrate the different dynamics of protein groups such as ribosomal proteins (slow FCP 
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changing proteins with FCP < 3-fold over 10 days) and storage proteins (fast FCP changing proteins 

with FCP > 25-fold in average and up to 126-fold over 10 days) (Fig. 3b). 

Referring to MapMan bins (Thimm et al., 2004), the data set was grouped into 34 major functional 

categories (>= 10 proteins), and this showed that most protein categories maintained median FCP of 

1.38-, 2.31- and 2.45-fold at 10, 14 and 17DPA compared to 7DPA, respectively (Fig. 3c and Extended 

Data Fig. 5). Exceptions were found in the categories of storage proteins, major CHO metabolism and 

stress response, where relatively higher FCP than the overall median FCP were observed. Possible 

explanations are that the biogenesis and accumulation of starch and storage proteins are the major 

events during grain development, moisture loss in ripening and maturation stage is treated as a post-

anthesis stress without mentioning the external stress condition the plant might experience (Blum et 

al., 1983). Additional exceptions were protein groups that participate in protein folding, TCA cycle, 

DNA synthesis and photosynthesis that showed relatively lower FCP than the overall median FCP 

because they are the least active cellular events during grain development. Together this evidence 

drew a clear temporal regulation pattern of grain protein abundance during grain development. 

Wheat grain protein synthesis and degradation rates during grain development 

Labelled protein fraction (LPF) is the ratio of peptide with greater than natural abundance (labelled) 

to the sum of natural abundance and greater than natural abundance peptide [15N/(14N + 15N)], 

representing the ratio of newly synthesized protein to total protein. These measurements are derived 

from quantitation of deviation of the isotopic envelope from what would be expected at natural 

abundance (Nelson et al., 2013; Li et al., 2017). LC-MS/MS results from 252 fractions including 108 

fractions of progressive labelling samples and 144 fractions of unlabelled samples provided over 

44,000 independently quantified peptides, which allowed us to measure the LPF of 1711 non-

redundant wheat grain proteins with the median of relative standard deviation by mean (RSD) less 

than 11% across all three time points (Supplementary Data 5a). Spearman correlation coefficient 

analysis showed relatively high correlation between biological replicates ranging from 0.81 to 0.95 

(Extended Data Fig. 4g). The PCA analysis suggested that up to 97% of variation can be explained by 

PC1 alone (Extended Data Fig. 4d). Through combining the individual FCP and LPF values for specific 

proteins, we calculated synthesis rates and degradation rates of 1447 non-redundant proteins 

(Supplementary Data 5b). This robust list demonstrated that relative protein synthesis rates (KS/A) 

ranged from 0.057 d-1 to 5.27 d-1 with median rate of 0.35 d-1; indicating a variation range of nearly 

100 times. By contrast, protein degradation rates (KD) had a median rate of 0.11 d-1 and ranged from 

effectively zero up to 0.94 d-1 representing some proteins with a half-life of less than one day (0.74).  
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To examine how subcellular location influenced protein turnover rates in wheat grain, we grouped the 

data set by their subcellular location retrieved from cropPAL (Hooper et al., 2016). We reassigned 

storage proteins into vacuole because once assembled in ER, storage proteins are transported to 

storage protein vacuole (PSV) for storage (Herman and Larkins, 1999). As a result, vacuole proteins, 

predominantly storage proteins, showed relatively higher both median synthesis and degradation 

rates. The same pattern was found in proteomes of extracellular (Et), peroxisome and Golgi as well, 

but the opposite pattern was seen in proteomes of mitochondrion, cytosol, plastid and the 

endoplasmic reticulum (ER) (Fig. 4a). These observations generally agreed with previous results found 

in Arabidopsis leaves whereby organelles that physically separated from cytosolic proteolysis system 

had relatively lower degradation rate, and cellular structures such as Golgi that frequently update 

protein complement had relatively higher degradation rate (Li et al., 2017).  

We further arranged the data set by their biological functions using MapMan bins to explore the 

connection between protein functions and protein turnover rates. Most of the 37 major categories 

(>= 10 proteins), as shown in Figure 4b, maintained the median KS/A of 0.35 ± 0.15 d-1 and median KD 

of 0.11 ± 0.05 d-1. However, exceptions were found, notably photosynthesis proteins located in 

plastids defined as house-keeping proteins that had median KS/A of 0.24 d-1 and median KD of only 

0.03 d-1, and storage proteins located in vacuole that had median KS/A of 2.17 d-1 and median KD of 

0.48 d-1, indicating the latter contains some rapidly-cycling storage proteins. In addition, variation of 

turnover rates was also observed in proteins that are located in the same organelle or subcellular 

structure but belonged to different functional categories, and vice versa, such as cytosolic proteins 

involved in ATP synthesis, protein folding and protein synthesis, and glycolysis proteins located in 

cytosol, Golgi and plastid (Fig. 4b). To comprehensively understand the connection between protein 

functional roles and their turnover rates, we compared turnover rate profiles between rapidly-cycling 

proteins and house-keeping proteins. The top 3 functional categories of proteins based on net 

accumulation rate (the gap between KS/A and KD) were chosen for demonstration purposes (Fig 4c). 

The results showed that KS/A of proteins in rapidly-cycling functional categories gradually increased 

or stayed steady over time, while a much lower synthesis rate and pattern of decreasing KS/A over 

time were observed in the top 3 house-keeping functional categories (Fig. 4c). Much lower KD was also 

determined in house-keeping proteins in comparison with rapidly-cycling proteins, but unlike protein 

synthesis rate, both protein types shared a similar changing pattern, notably that KD dropped from its 

peak at 10DPA to its lowest level at 14DPA followed by a slight recovery by 17DPA. 
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Figure 4. Rates of synthesis and degradation of 1447 wheat grain proteins during grain development. a, The averaged protein synthesis (KS/A) and degradation (KD) rates 

calculated across all three time points grouped by the subcellular location of each protein (CropPAL.org). The major subcellular locations highlighted are Mitochondria (Mt, 

Pink), Cytosol (Cyt, Green), Plastid (Pt, Lawngreen), Nucleus (Nc, Gold), Golgi Apparatus (Gl, Purple), Extracellular (Et, Orange-red), and Vacuole (Vc, Peru). Dashed lines 

indicate the overall median KS/A and KD across all proteins. The number of proteins in each subcellular location is displayed next to the y-axis. Boxes are sorted by increasing 

order of median KS/A. b, The averaged protein synthesis and degradation rates calculated across the three time points grouped by both subcellular location and functional 

category. Only major functional categories with protein no. >= 10 were displayed, and minor categories with protein no. < 10 were grouped into ‘Others’. The colour scheme 

was the same used in a. c, Examples of 6 functional categories of interest showing the largest difference (upper panel) and smallest difference (lower panel) between KS/A 

and KD at each time point. Detailed statistical analysis are explained and relevant results are listed in Supplementary Data 5c.  
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Storage proteins were dominant on both lists of the top 20 fastest synthesized proteins (55%) and top 

20 fastest degraded proteins (30%); this included gliadins, globulins, high-molecular-weight glutenin 

subunit (HMW-GS) and low-molecular-weight glutenin subnit (LMW-GS) (Extended Data Table 5). 

Proteins that respond to stress conditions were the second most abundant in number on both lists; 4 

stress proteins were on the top 20 fastest KS/A list and 3 stress proteins on the top 20 fastest KD list. 

An alpha-amylase inhibitor (TraesCS6D01G000200.1) was top of the KD list with a half-life of 0.74 d-1. 

We also defined a set of 149 relatively fast synthesized wheat proteins (KS/A >= 2*median KS/A of 0.71 

d-1) and a set of 67 relatively slow synthesized wheat proteins (KS/A <= 0.5*median KS/A of 0.18 d-1), 

representing roughly 10% and 5% of all measured proteins, respectively (Supplementary Data 5b). 

Adapting the same principle, 291 (~20%) and 320 (~22%) proteins were listed as relatively fast and 

slow degraded proteins, respectively. These groups were then further clustered as house-keeping 

proteins (both relatively slow KS/A and KD, SS), induced but stable proteins (relatively fast KS/A and 

slow KD, FS), and rapidly-cycling proteins (both relatively fast KS/A and KD, FF) (Extended Data Fig. 6a). 

Functional category analysis showed that house-keeping proteins mainly participated in 

photosynthesis, DNA synthesis and glycolysis; induced but stable proteins participated in major CHO 

metabolism, transport and amino acid synthesis proteins; while the rapidly-cycling protein set was 

dominated by storage proteins, proteins involved in stress response and proteins involved in protein 

degradation (Extended Data Fig. 6b-d). 

To better understand how protein turnover rates influence protein accumulation over time, a set of 

proteins that have FCP and/or protein turnover rates at all three time points was selected. Using this 

set, we detected two distinct patterns that linked protein turnover rates with grain protein 

accumulation during grain development. High FCP proteins generally had a net accumulation rate that 

increased over time, whereas low FCP proteins showed a net accumulation rate that decreased over 

time (Extended Data Fig. 7).  
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Figure 5. Changes in protein abundance and protein synthesis and degradation rate profiles of proteins 

expressed in different grain tissue types during grain development. a, A ternary plot of the abundances of 5550 

protein groups measured in Endosperm, Embryo and Pericarp extracts from grain. Each circle represents a 

protein and its position indicates the relative contribution of each protein to grain tissue in grain protein 

abundance. Proteins with a relative contribution >= 66% in one tissue and a protein concentration >= 3-fold that 

in the other two tissues are defined as tissue-specific proteins (shown close to triangle vertices), non tissue-

specific proteins with a relative contribution <= 17% of a tissue are defined as tissue-low proteins (between 

vertices and close to edges), while the remaining proteins are found relatively evenly balanced across grain 

tissues (grey circles in the middle). b, Box plots of the relative protein contribution (upper panel) and actual 

relative abundance estimated via label free quantification (lower panel) for each tissue in each protein 

expression category. c, Line plots showing FCP (Blue), protein synthesis rate (Orange) and protein degradation 

rate (Green) of balanced and tissue specific protein sets during grain development. Only proteins having values 

(FCP or turnover rates) at all three time points are included. The dashed line demonstrates the mean values, and 

the grey shade area shows the 95% confidence intervals. The optimized y-axis scale version are inserted for 

embryo and pericarp specific proteins to highlight the change pattern. 
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Protein turnover rates explain the spatiotemporal abundance of grain proteins  

To find connections between protein turnover rates and the spatiotemporal expression patterns of 

grain proteins, we quantified the abundance of 5550 grain protein groups in three tissues (endosperm, 

embryo and pericarp) summarized from nearly 300,000 independently quantified peptide 

measurements (Supplementary Data 6). The high quality of the data set was evident from the 

spearman coefficient correlation of 0.99 between replicates across all three tissues, and by PCA 

analysis that showed the three tissues could be separated by a single principal component 

representing 84% of the variation and only minor variations between samples of the same tissue 

(Extended Data Fig. 8). This list was then assigned into seven tissue expression categories using the 

definition and equations explained in the Method section. Forty percent of these proteins were found 

evenly balanced across grain tissues, the rest were assigned as ~32% tissue-specific proteins (7% for 

endosperm, and 12.5% for embryo and pericarp, respectively) and ~29% tissue-low proteins (14% for 

endosperm, and 7.5% for embryo and pericarp, respectively) (Fig. 5a). The endosperm-specific 

proteins (Fig. 5c) shared the same pattern as the rapidly-cycling proteins discussed earlier (Extended 

Data Fig. 6) in having high FCP and increasing net accumulation rate over time, while pericarp-specific 

proteins (Fig. 5c) shared the same pattern as house-keeping proteins (Extended Data Fig. 6) in having 

low FCP and decreasing net accumulation rate over time. In comparison, embryo-specific proteins had 

an increasing net accumulation rate over time but very low turnover rates and FCP values (Fig. 5c). 

The tissue-balanced proteins, showed a moderate FCP and the net accumulation rate remained stable 

over time (Fig. 5c). This pattern was also observed in the tissue-low protein groups to a lesser extent 

(Extended Data Fig. 9). 

ATP Energy budget for wheat grain proteome synthesis and maintenance 

Intensity Based Absolute Quantification (iBAQ) was used to estimate the absolute abundance of 5108 

non-redundant protein groups during wheat grain development (Supplementary Data 7a). Through 

combining the iBAQ abundance, turnover rates, amino acid length, and the ratio of 5.25 ATP per amino 

acid residue for protein synthesis energy cost and 1.25 ATP per amino acid residue for protein 

degradation energy cost (Piques et al., 2009; Kaleta et al., 2013; Peth et al., 2013), the ATP energy cost 

for both synthesis and degradation of 1123 proteins in the wheat grain proteome were calculated 

(Supplementary Data 7b). Overall, the grain spent about 20% of its total grain ATP production on 

proteome biogenesis and maintenance, of which the ATP budget for protein synthesis of 9.79 µmol 

grain-1 d-1 was nearly 9 times higher than that for protein degradation of 1.14 µmol grain-1 d-1 (Fig. 6a). 

This was relatively similar to the calculations undertaken in Arabidopsis leaf protein turnover which 

varied from 16-42% of total ATP depending on the leaf examined (Li et al., 2017). Grains would also 
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be expected to have a high ATP commitment to starch synthesis at the same duration in development 

(Keeling et al., 1988; Jenner et al., 1991). 

 

Figure 6. ATP energy budget used in wheat grain proteome synthesis and maintenance during grain 

development. a, The overall proportion of cellular ATP budget used for protein synthesis, protein degradation, 

and other cell events and maintenance. b, proportional distributions of protein absolute abundance (iBAQ) and 

ATP cost of protein building and maintenance of major cellular organelles and subcellular structures. Proteins in 

location groups sorted by decreasing ATP usage for protein synthesis. The number of proteins in each category 

is included within brackets. c, proportional distributions of protein absolute abundance (iBAQ) and ATP cost of 

protein building and maintenance of protein in major functional categories. d, Bubble plots showing, by the size 

of circles, the changing profiles of cellular ATP energy budget for different classes of proteins during grain 

development. The top three functional categories having both fast KS/A and KD rates (Orange-red), fast KS/A and 

slow KD rates (Violet-red), and both slow KS/A and KD rates (Blue) are highlighted. Calculations are based on grain 

total ATP production in a, but based on total ATP energy budget for protein synthesis or degradation in b, c and 

d. 
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Grouping the ATP usage data set by protein subcellular location allows us to access the relative energy 

cost for each subcellular location and structure. The proteins of the vacuole, the destined subcellular 

location of storage proteins, used one third of total ATP budget for protein synthesis although this 

group contained only 24 unique protein groups. This was followed by the largest category, cytosolic 

proteins (469 protein groups), that cost another 25% of the ATP, and plastid and Golgi with equal costs 

of ~13% of ATP used for protein synthesis (Fig. 6b).  The cytosol proteome cost 36% of total ATP budget 

for protein degradation, which is more than twice that of the vacuole. Expressing the ATP usage rate 

as µmol grain-1 d-1 %protein-1 (% against total protein abundance), the vacuole proteome was the most 

expensive for protein synthesis on a final location basis, costing 0.52 µmol ATP grain-1 d-1 %protein-1, 

which was 15 times higher than the lowest cost compartment, the nucleus, at only 0.034 µmol ATP 

grain-1 d-1 %protein-1. Peroxisomes reached the top as most protein degradation energy cost organelle 

consuming of 0.044 µmol grain-1 d-1 %protein-1, but cytosol, by contrast, used only 0.008 µmol grain-1 

d-1 %protein-1 for this purpose.  

When the data set was grouped by functional category, we observed that the categories of storage 

proteins and major CHO metabolism were the most costly in terms of both protein synthesis and 

degradation, together they used half of total protein synthesis energy budget and a quarter of the 

total protein degradation energy budget (Fig. 6c). Storage proteins were the most expensive 

functional category for synthesis and maintenance of proteins, costing 0.55 µmol grain-1 d-1 %protein-

1 for synthesis and additional 0.027 µmol grain-1 d-1 %protein-1 for degradation. Cheaper protein 

synthesis and maintenance expenses were measured for ribosomal proteins (of ~0.26 µmol grain-1 d-

1 %protein-1 for synthesis and ~0.003 µmol grain-1 d-1 %protein-1 for degradation). As expected, the list 

of top 20 proteins with the highest ATP cost for biogenesis and maintenance during grain development 

were dominated by storage proteins and major CHO metabolism proteins, among which the most ATP 

energy cost individual protein was a globulin-11S (TraesCS1A01G066100.1) that used nearly 2% of 

grain total ATP in its production (Extended Data Table 2). 

Collectively, storage proteins dominate the wheat grain proteome in terms of abundance, FCP, 

turnover rates and ATP energy usage, but this predominance builds up over time. The grain invested 

only 9% of the total ATP energy budget for synthesis on the synthesis of storage proteins at the early 

grain filling stage (10DPA), but this subsequently grew over 5 times in the next 4 days, approaching 

nearly half of the total ATP budget for protein synthesis of 46%, and ending up a 36% at ATP costs for 

synthesis by 17DPA (Fig. 6d). The ATP energy budget for degradation of storage proteins showed a 

similar pattern, increasing at the early stage of grain filling and decreasing at later stages, although it 

remained at a relatively high level over time. The machinery of major CHO metabolism, as the second 

highest energy cost protein category, had a rather stable status of energy usage over time compared 
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to storage proteins. Likewise, house-keeping proteins in functional categories such as photosynthesis, 

DNA synthesis and glycolysis showed a relatively stable status of energy usage over time and only 

consumed a minor proportion of grain total ATP production (Fig. 6d). 

Discussion 

One of the greatest challenges in modern agriculture is to meet the unprecedented food demands 

raised by the continuously growing population relying on limited croplands. Traits of high grain protein 

content and diverse grain protein components are critical both in nutritional terms and for the 

agricultural industry due to the rapid growth in demand of daily nutrient consumption and industrial 

end-use of wheat products (Shewry, 2007; Kiszonas and Morris, 2018). This is especially challenging 

when grain yield and grain protein content are widely reported to be inversely correlated (Iqbal et al., 

2007). Here, we attempted to achieve an extensive and quantitative understanding of how different 

wheat grain proteins accumulate during grain development, effectively creating a grain protein 

turnover atlas that systematically measures protein turnover rate of wheat grain proteome by 

combining in vivo stable isotope labelling and in-depth non-targeted quantitative proteomics. This 

approach allows individual proteins, protein functional groups, and cell structures to be highlighted in 

terms of their contribution and cost to grain development, providing a new foundation for grain 

protein engineering. 

A key concern in applying in vivo isotopic labelling to intact plants and interpreting the results is the 

time lag involved in isotopes reaching the tissue under examination. It involves several steps for plants 

to incorporate inorganic nitrogen salt into an organic component of amino acid and proteins, including 

uptake, assimilation and translocation. Once taken up, the nitrate is reduced to nitrite by nitrate 

reductase (NR), followed by an additional reduction to ammonium by nitrite reductase (NiR) before 

being fixed into glutamine by glutamine synthetase (GS) (Masclaux-Daubresse et al., 2010). This is 

even more important an issue when trying to incorporate isotopes into grain tissue of an older annual 

cereal crop, post flowering. Prior studies of young vegetative tissues suggested the delay of nitrogen 

incorporation was about 5 h in leaves of 21 day old Arabidopsis seedlings (Li et al., 2017) and roughly 

9 h into leaves of 21 day old barley plants (Nelson et al., 2014). Our logarithmic regression modelling, 

GC-MS data and LC-MS data consistently observed an approximate 27 hour lag before the 15N labelled 

amino acid and peptides are visible by mass spectrometry in grains (Fig. 2). Several interconnected 

factors may contribute to this notably long lag effect. First, N salts or assimilated amino acids have to 

travel through a significant distance between root and grain and across a series of cell membranes to 

reach they destined location of the grain through the phloem. Secondly, despite the demand for 

protein synthesis, our data showed that glutamine synthetase, the enzyme that catalyses the first step 
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of nitrogen assimilation, barely changed in abundance during grain filling coupled with KS/A of 0.23 d-

1 and KD of 0.18 d-1 (Supplementary Data 4 and 5), suggesting the grain may gain its amino acids from 

a secondary source. Third, the labelled amino acid pool is likely diluted by nitrogen remobilization 

from existing proteins in vegetative tissues. Consistent with this, it is reported that grain filling involves 

an extremely high nitrogen demand in a short period and regular nitrogen uptake and assimilation is 

insufficient, thus significant nitrogen source remobilization from vegetative tissues is needed, in fact 

up to 91% of wheat spike nitrogen accumulation could be remobilized from leaves (Vansanford and 

Mackown, 1987; Masclaux et al., 2001; Feller et al., 2008). Last but not least, the diurnal cycle may 

also contribute to the long delay of nitrogen incorporation because nitrate assimilation rate was 

slower in the dark than in the light (Aslam and Huffaker, 1982; Nelson et al., 2014). Our plants 

underwent a night cycle from 12 h to 20 h after nitrogen source swap (Extended Data Fig. 2c). 

Therefore, even though the lag effect in intact plant labelling may be not significant in certain 

scenarios such as labelling of root and/or young seedling leaf, it has to be taken account when focusing 

on reproductive tissues in order to achieve accurate measurements. 

A key assumption, widely used in previous studies, for protein turnover calculation is that the cellular 

proteome was in steady state and tissue fresh weight highly correlated with each protein’s FCP (Yang 

et al., 2010; Li et al., 2012; Nelson et al., 2014; Fan et al., 2016; Lyon et al., 2016; Li et al., 2017). 

However, this assumption does not hold for plant tissues undergoing a developmental process like 

wheat grain filling in this study. It has been well documented that the wheat grain is composed of 

about 70% starch and 12% proteins, and a large amount of starch and proteins are synthesized and 

subsequently deposited in the endosperm during grain filling. The dry weight growth during filling is 

mostly derived from the accumulation of starch (Shewry, 2007; Zorb et al., 2018). Storage proteins in 

wheat grain proteome accumulated at a much faster rate than other non-storage proteins over the 

same duration (Gupta et al., 1996; Shewry, 2009). As a consequence, conventional methods grossly 

under-estimate the FCP of storage proteins but over-estimate FCP of non-storage proteins. To address 

this issue, we developed a novel spike-in approach that provided a solution to both issues by tracing 

total proteins per grain over time instead of assessing the same amount of protein at each time point 

(Extended Data Fig. 2b). The strengths of this approach are: 1) the use of a fully labelled 15N sample 

powder as an internal standard allowed minimisation of the experimental errors produced during 

sample preparation; 2) the spike-in method of a standard amount 15N sample powder to the same 

number of wheat grains at different time points allowed the tracking of proteome changes of wheat 

grains over the time course without having to back calculate the dilution effects caused by fresh 

weight growth; 3) the applicability to both reproductive and vegetative tissues. The value of this 

approach is evident in the observation that it can resolve the nearly 200-fold variation for individual 
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FCPs in the wheat grain proteome over 10 days and rank the storage proteins as a group with an 

averaged FCP over 25-fold that of other protein groups (Fig. 3 and Supplementary Data 4). 

Plants must quickly respond during vegetative and reproductive growth, and/or during environmental 

perturbation, to maintain cellular proteome homeostasis for some processes but also develop new 

cellular machinery and metabolic capabilities from scratch. This simultaneously requires numerous 

closely linked processes, including gene transcription and protein translation, post-transcriptional 

modification, relocation and degradation. How plants achieve this homeostasis with limited resources 

and to what extent each process contributes is an open question. Extensive effort has been placed on 

surveys of the correlation coefficient between transcript level and protein abundance, however only 

~40% of the variation in protein abundance can be explained by transcript data in both mammalian 

and plant cells (Abreu et al., 2009; McLoughlin et al., 2018; Reich et al., 2020; Zander et al., 2020). 

Even in wheat it is evident that an overall of 32% concordance between protein and transcript 

expression profiles was observed in grain during grain development (Tahir et al., 2020). This wheat 

grain protein turnover atlas during grain filling can therefore contribute to the remaining variations in 

protein abundance not explained by transcript levels. The atlas shows that despite variation of 

turnover rate for different proteins approaching 100 fold, protein turnover rates are highly correlated 

with their FCP changing profiles over time when the net accumulation rate is considered as the key 

driver of protein abundance alterations (Fig. 4 and Extended Data Fig. 7). 

It is well established that spatiotemporal regulation mechanisms broadly exist in live-systems and play 

essential roles in protein abundance regulation to meet various biological scenarios (Brady et al., 2007; 

Pfeifer et al., 2014; Li et al., 2017; Selkrig et al., 2020). This pattern is evident in these wheat grain data 

and shows how the relatively higher turnover rates of storage protein when compared to other 

protein groups drive the preferential accumulation of storage protein as one of the biggest events 

during grain filling (Fig. 3 and Fig. 4). However, an apparent inefficiency of this process is evidenced by 

the high turnover rates of some specific storage proteins (Extended data Fig. 7). Proteins involved in 

photosynthesis by contrast, had lower FCPs and turnover rates than other grain proteins because the 

green pericarp contributes to only a minor amount of total photosynthesis in spite of that it can make 

a net contribution to photosynthesis during grain filling (Caley et al., 1990).  

As autotrophs, plants have access to a large energy source captured from light source via 

photosynthesis in source leaves. However, the ATP yielded by this process is largely invested in sucrose 

synthesis that is transported to sink tissues, this leaves oxidative phosphorylation by respiration as the 

primary source of ATP for cytosolic ATP-dependent processes like protein synthesis and degradation 

(Flugge et al., 2011; Li et al., 2017). Based on this we calculated the proportional energy cost for 
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synthesis and degradation of the wheat grain proteome during grain filling (Fig. 6). Our data suggested 

that the grain invested nearly 20% of total grain ATP production into protein synthesis. Half of this 

budget was allocated to storage protein synthesis and maintenance alone making it the most energy 

intensive category as a percentage of total protein abundance. In the ideal scenario, storage proteins, 

which will serve as protein reserves during germination, should be efficiently stored in protein storage 

vacuole in the endosperm after biogenesis to maximise the energy use efficiency (EUE) of the process. 

However, our data shows that storage proteins as a group also consumed over 16% of the total ATP 

used in protein degradation (Supplementary Data 7b), implying wheat has an inbuilt inefficiency of 

cycling the synthesis and degradation of storage proteins during grain development. As each 

degradation event requires a new storage protein to be made, at an ATP usage of 5.25 ATP per residue 

for synthesis compared to 1.25 ATP per residue for degradation, this translates to ~25% of newly 

synthesized storage proteins being degraded before they are stored. Future studies may focus on 

revealing why wheat grains partake in such futile cycles and potential biological functions of this futile 

cycles, and finding approaches to block this futile cycling or knockout unstable storage proteins and 

express more stable storage proteins. Success in this pursuit could increase grain protein content, 

improve energy use efficiency, and help meet the unprecedented food demand for more plant-based 

protein in modern agriculture. 

Conclusion 

This study created a robust wheat grain protein turnover rate atlas and revealed that wheat grains 

undergo significant futile cycling of protein turnover during grain filling that incurs potentially 

unnecessary degradation of over 25% of newly synthesized storage proteins. Our findings have help 

fill the knowledge gap that the 60% of spatiotemporal variation of protein abundance that cannot be 

explained by transcripts abundance alone. It has provided quantitative insight into how sets of 

proteins accumulate, and has provided a new perspective on EUE and protein content improvement 

for wheat-based agriculture. 
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Supplemental Materials 

Extended Data Tables 

Extended Data Table 1. The 20 fastest synthesized and degraded wheat grain proteins during grain development. 

Accession Protein Name Location Functional Category Rates 

(d-1) 
Brep 
No. 

Pep 
No. 

Spectra 
No. 

Half-Life 
(d) 

Top 20 fastest synthesized proteins 
TraesCS1D01G000300.1 LMW-GS vacuole storage protein 5.27 5 8 15 NA 
TraesCS1A01G007400.1 Gamma-gliadin vacuole storage protein 4.37 7 7 19 NA 
TraesCS1D01G000200.1 LMW-GS vacuole storage protein 4.27 6 8 30 NA 
TraesCS1A01G066100.1 Globulin-11S vacuole storage protein 4.22 6 27 49 NA 
TraesCS7B01G072000.1 Alpah-AI extracellular stress response 3.96 7 8 11 NA 
TraesCS1B01G084300.1 Globulin-11S vacuole storage protein 3.41 6 13 21 NA 
TraesCS3A01G095600.1 Alpha-AI golgi stress response 3.3 4 4 8 NA 
TraesCS4B01G328000.1 Alpah-AI extracellular stress response 3.27 4 6 8 NA 
TraesCS1B01G330000.1 HMW-GS vacuole storage protein 3.16 7 21 32 NA 
TraesCS5A01G554200.1 Beta-amylase golgi major CHO metabolism 3.02 6 14 21 NA 
TraesCS7D01G031700.1 Gliadin-like avenin vacuole storage protein 2.89 6 14 32 NA 
TraesCS4A01G296000.1 Globulin 1 vacuole storage protein 2.85 4 6 8 NA 
TraesCS1A01G007700.1 Gamma-gliadin vacuole storage protein 2.84 3 5 12 NA 
TraesCSU01G032700.1 Beta-amylase golgi major CHO metabolism 2.8 8 44 92 NA 
TraesCS4D01G325000.1 Alpah-AI extracellular stress response 2.77 4 8 22 NA 
TraesCSU01G103300.1 Peroxidase extracellular redox 2.69 5 13 21 NA 
TraesCS1B01G013500.1 LMW-GS vacuole storage protein 2.46 5 7 13 NA 
TraesCS4A01G112300.1 GILT extracellular not assigned 2.35 5 16 27 NA 
TraesCS1D01G317300.1 HMW-GS vacuole storage protein 2.21 3 4 5 NA 
TraesCS6D01G356600.1 Aspartic proteinase golgi protein degradation 2.19 9 37 57 NA 

Top 20 fastest degraded proteins 
TraesCS6D01G000200.1 Alpha-AI golgi stress response 0.94 3 11 16 0.74 
TraesCS4D01G212300.1 HSP cytosol chaperone 0.92 3 3 4 0.75 
TraesCS2A01G310300.2 SBE NA major CHO metabolism 0.91 3 4 4 0.76 
TraesCS7A01G035600.1 Gamma-gliadin vacuole storage protein 0.85 3 3 4 0.81 
TraesCS6D01G089200.1 Endoglucanase golgi misc 0.82 4 9 10 0.84 
TraesCS6D01G230000.1 SAM cytosol AA synthesis 0.82 3 13 16 0.85 
TraesCS1A01G033600.1 TIM17 mitochondrion protein targeting 0.8 3 6 11 0.86 
TraesCS7D01G307500.1 UGE golgi cell wall relative 0.78 3 4 6 0.89 
TraesCS4A01G250800.1 ERO1 golgi protein targeting 0.77 3 11 13 0.9 
TraesCS7D01G031700.1 Gliadin-like avenin vacuole storage protein 0.74 6 14 32 0.94 
TraesCS4D01G252100.1 Beta-xylosidase golgi cell wall relative 0.73 3 6 7 0.94 
TraesCS4A01G406200.1 ADH cytosol fermentation 0.73 3 9 9 0.95 
TraesCS5D01G135900.1 UTase NA AA metabolism 0.72 3 4 5 0.97 
TraesCS4D01G250000.1 Alpha-AI golgi stress response 0.71 3 12 16 0.98 
TraesCS1D01G001000.1 Gamma-gliadin NA storage protein 0.7 5 5 6 0.99 
TraesCS5D01G004000.1 GSP golgi storage protein 0.69 3 4 6 1 
TraesCS7D01G364600.1 ABA receptor cytosol stress response 0.69 3 4 4 1.01 
TraesCS5D01G210000.1 TPS cytosol minor CHO metabolism 0.68 3 5 5 1.01 
TraesCS1A01G007400.1 Gamma-gliadin vacuole storage protein 0.68 7 7 19 1.02 
TraesCS7D01G031800.1 Gliadin-like avenin vacuole storage protein 0.67 4 9 24 1.04 

The first wheat genome Traes ID number of the protein group, short protein name, subcellular location (from cropPAL.org) and 

functional category (MapMan) are included. The number of biological replicates (Brep No.), number of unique peptides (Pep No.) 

and number of mass spectra hits (Spectra No.) for each protein are also shown.  
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Extended Data Table 2.The 20 wheat grain proteins with the highest ATP cost for biogenesis and maintenance during grain 

development. 

Accession Protein Name Location Functional Category ATP Cost (µmol 
grain-1 d-1) 

ATP Cost 
(%) 

Brep 
No. 

Pep 
No. 

Spectra 
No. 

Top 20 proteins with the highest ATP cost for synthesis 
TraesCS1A01G066100.1 Globulin-11S vacuole storage protein 0.943 1.692 6 27 49 
TraesCS1B01G013500.1 LMW-GS vacuole storage protein 0.764 1.37 5 7 13 
TraesCS7D01G031700.1 Gliadin-like avenin vacuole storage protein 0.534 0.957 6 14 32 
TraesCS1D01G067100.1 Globulin-11S vacuole storage protein 0.341 0.611 5 13 25 
TraesCS5A01G554200.1 Beta-amylase golgi major CHO metabolism 0.276 0.494 6 14 21 
TraesCS2A01G168200.1 Susy cytosol major CHO metabolism 0.261 0.468 9 144 358 
TraesCS1A01G007400.1 Gamma-gliadin vacuole storage protein 0.243 0.437 7 7 19 
TraesCS4A01G296000.1 Globulin 1 vacuole storage protein 0.171 0.306 4 6 8 
TraesCSU01G032700.1 Beta-amylase golgi major CHO metabolism 0.17 0.304 8 44 92 
TraesCS1B01G449700.1 AGPase plastid major CHO metabolism 0.147 0.264 7 73 121 
TraesCS7B01G072000.1 Alpah-AI extracellular stress response 0.12 0.216 7 8 11 
TraesCS4A01G214200.1 PDI endoplasmic reticulum redox 0.12 0.216 9 214 400 
TraesCS5D01G368900.1 Serpin golgi protein degradation 0.113 0.203 3 14 20 
TraesCS4D01G192900.1 GILT extracellular not assigned 0.104 0.187 6 8 10 
TraesCS6A01G372500.1 Aspartic proteinase golgi protein degradation 0.097 0.174 5 9 12 
TraesCS1B01G102700.1 Aminotransferase plastid AA synthesis 0.095 0.17 9 114 175 
TraesCS7D01G284900.2 AGPase plastid major CHO metabolism 0.095 0.17 4 4 5 
TraesCS7D01G535400.1 SBE plastid major CHO metabolism 0.089 0.159 4 11 11 
TraesCS7D01G031800.1 Gliadin-like avenin vacuole storage protein 0.083 0.149 4 9 24 
TraesCS7D01G232300.1 FDH mitochondrion C1-metabolism 0.08 0.144 7 68 97 

Top 20 proteins with the highest ATP cost for degradation 
TraesCS7D01G031800.1 Gliadin-like avenin vacuole storage protein 0.045 0.081 4 9 24 
TraesCS1A01G007400.1 Gamma-gliadin vacuole storage protein 0.025 0.045 7 7 19 
TraesCS1B01G449700.1 AGPase plastid major CHO metabolism 0.025 0.044 7 73 121 
TraesCS5A01G554200.1 Beta-amylase golgi major CHO metabolism 0.025 0.044 6 14 21 
TraesCS1B01G013500.1 LMW-GS vacuole storage protein 0.024 0.043 5 7 13 
TraesCS7D01G168000.1 Alpah-AI extracellular stress response 0.021 0.038 6 11 22 
TraesCS7D01G284900.2 AGPase plastid major CHO metabolism 0.021 0.037 4 4 5 
TraesCS1B01G330000.1 HMW-GS vacuole storage protein 0.019 0.033 7 21 32 
TraesCS1B01G294300.1 HSP70 cytosol chaperone 0.017 0.031 7 18 32 
TraesCS1A01G066100.1 Globulin-11S vacuole storage protein 0.017 0.03 6 27 49 
TraesCS7D01G031700.1 Gliadin-like avenin vacuole storage protein 0.014 0.025 6 14 32 
TraesCS5D01G268000.1 HSP90 cytosol chaperone 0.014 0.025 9 234 432 
TraesCS5D01G020100.1 Enolase cytosol glycolysis 0.011 0.021 9 14 28 
TraesCS2A01G385900.1 VPE vacuole protein degradation 0.009 0.017 3 6 8 
TraesCS3B01G186100.1 RBCL plastid photosynthesis 0.009 0.016 7 10 17 
TraesCS4D01G267600.2 CDC48-like cytosol cell function 0.009 0.015 6 6 11 
TraesCS1B01G443100.1 GTP-binding protein cytosol signalling 0.009 0.015 6 12 19 
TraesCS4D01G250000.1 Alpha-AI golgi stress response 0.008 0.015 3 12 16 
TraesCS4A01G281500.1 SND1 cytosol RNA regulation 0.008 0.014 9 66 93 
TraesCS7D01G454200.1 Beta-tubulin cytosol cell function 0.008 0.014 9 121 260 

The wheat genome first Traes ID of the protein group, short protein name, subcellular location (from cropPAL.org) and functional 

category (from MapMan) are included. The number of biological replicates (Brep No.), number of unique peptides (Pep No.) and 

number of mass spectra hits (Spectra No.) for each protein are also shown. ATP Cost (%) column shows the proportion of ATP 

energy cost to total ATP production (55.77 µmol grain-1 d-1) based on respiratory rate measurements. 
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Extended Data Figures 

 

Extended Data Figure 1. Optimisation of in vivo grain protein labelling approach during grain development. a, 

The nitrogen stable-isotope 15N was used in this research and provided to plants as N-salts in hydroponic 

solutions. A fixed period of 7 days of continuous labelling was performed but was started at 7, 14, 21 or 28 days 

post anthesis (DPA), respectively. A representative grain image from each time point and a brief grain growth 

stage description is shown. b, The degree of nitrogen incorporation in the labelled peptides after 7 days of 

labelling at each growth stage is shown as 15N enrichment level. c, The labelled protein fraction (LFP) showing 

the ratio of the abundance of 15N labelled protein to total peptide abundance (natural abundance protein + 15N-

labelled protein) after 7 days of labelling at each growth stage. 
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Extended Data Figure 2. A flow diagram of experiment design, sample preparation, MS data acquisition and analysis. a, 10-day progressive labelling experiment for grain 

protein turnover rates measurement. Labelling started at 7DPA, and samples were collected after 3 days (S3), 7 days (S7) and 10 days (S10) of 15N labelling. The unlabelled 

samples (C0 to C10) and fully labelled samples (F0 to F10, internal reference) at corresponding time points were also collected. Eight grains from the middle of an ear were 

collected as a biological replicate, and in total three biological replicates were harvested. b, A spike-in approach was developed to measure individual wheat grain protein 

FCP during grain development. The same amount of a fully labelled reference mixture (100 mg in this study) was spiked into four grains at each time point, where the 

reference mixture powder was prepared by pooling together eight fully labelled grains of each time point. c, 30-h progressive labelling experiment for lag time estimation. 

Using 7DPA plants, samples were collected at 0, 12, 24, 30 hours after labelling, and 8 grains from the middle of an ear were collected as a biological replicate and six biological 

replicates were collected. d, a flow diagram of sample preparation, mass spectrometry data acquisition and afterward data analysis. The 12 30-h progressive labelling samples 

were used for metabolite measurements by GC-MS/MS and peptide measurements by LC-MS/MS.  
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Extended Data Figure 3. Mass spectrum of the change from mono to mono + labelled abundances of amino 

acids and peptides over a 30-h time course to estimate labelling lag time. a, Example mass spectrum peaks of 

mono and mono + labelled abundance of alanine over the 30h time course. Unlabelled m/z: 161.1; +1 m/z: 117.1. 

b, Mass spectrum peaks of mono and mono + labelled abundance of the representative peptide (AVDSLVPIGR) 

over the 30h time course. Unlabelled m/z: 513.8; +1 m/z: 514.3, +2 m/z: 514.8 and +3 m/z: 515.3. 
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Extended Data Figure 4. Data quality verification of spike-in and progressive labelling data. A series of data 

quality verifications were conducted before further downstream data analysis. The raw data used for this 

analysis are provided in Supplementary Data 3. The high quality of raw data was supported by three factors, 

namely the high correlation coefficient (0.84 average) between biological replicates; clear separation of different 

time point samples in PCA; and consistent nitrogen incorporation (15N enrichment) between biological replicates 

at a timepoint. a, Principal component analysis of spike-in data. The dashed circles outline biological replicates 

for each time point. b, The 15N enrichment level of spike-in data of each time point shown in overlapped density 

plots. The number of proteins and median of 15N enrichment of each time point are shown within brackets (day0: 

indigo; day3: purple; day7: orange; day10: turquoise). c, Representative scatter plot showing Pearson correlation 

coefficient between biological replicate 1 and 2 of spike-in data in light to heavy ratio at each time point. The 

solid grey line indicates the linear regression model. Data size in number of proteins and the correlation 

coefficient shown on the top-left corner of the plot. Correlation coefficient of all possible pairs are shown in the 

upper panel in g. d, e and f showing data verification result of progressive labelling data using the same analysis 

strategies as in A, B and C respectively. G, The Pearson correlation coefficient of all possible pairs of spike-in 

(upper panel) and progressive labelling data (lower panel). 
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Extended Data Figure 5. The individual FCP of wheat grain proteins at DPA 10 and DPA 14 summarized by their 

functional categories. 34 categories (>= 10 proteins) were displayed, and the rest of the categories (< 10 

proteins) were grouped into ‘Others’. The number of proteins for each functional category (MapMan bin) is 

displayed along with x-axis, and boxes within each superior category are sorted by increasing order of median 

FCP. The y-axis is log2 transformed, and the dashed line shows the overall median FCP. Pairwise t-test results 

between categories are listed on Supplementary Data 4b. Colours represent to broad categories: Amino acid 

metabolism (Green), Carbohydrate metabolism (Orange-red), Nucleotide metabolism (Purple), Lipid metabolism 

(Pink), Energy producing (Lawngreen), Stress response (Gold) and ‘Other’ categories (Black). 
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Extended Data Figure 6. Relatively slow and fast turning over wheat grain proteins during grain development. 

A total of 678 proteins, defined as relatively fast or slow turning over proteins, were identified within the dataset 

(Supplementary Data set 5B). These proteins were further grouped into three categories according to their 

turnover characteristics, house-keeping proteins (SS: having both relatively slow KS/A and KD rates), induced but 

stable proteins (FS: having relatively fast KS/A but relatively slow KD) and rapidly-cycling proteins (FF: having both 

relative fast KS/A and KD rates). a, Box plots of the averaged KS/A and KD rates calculated over three time points 

for the SS, FS and FF categories. The number of proteins in each category are shown along with x-axis. Statistical 

results derived from one-way ANOVA and Tukey's HSD were shown in Supplementary Data 5c. b, Pie plot of 

functional categories of house-keeping proteins (SS). c, Pie plot of functional categories of induced but stable 

proteins (FS). d, Pie plot of functional categories of rapidly-cycling (FF). Only top 10 categories are shown if total 

functional categories >= 10, and the rest of categories are assigned into Others. 
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Extended Data Figure 7. Changes in turnover rates of proteins with high (top 6 graphs) and low (bottom 6 

graphs) FCP during grain development. Each pattern includes three example functional categories. FCP (Blue), 

protein synthesis KA/S (Orange) and protein degradation KD (Green) values are shown. In each functional 

category, only proteins with FCP or turnover rates measured at all three time points are included. The number 

of proteins included in each functional category is shown. Dashed lines indicate the mean values, and the grey 

shade areas show the 95% confidence intervals. The optimized y-axis scale version of turnover rates data are 

inserted to highlight the change pattern. 
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Extended Data Figure 8. Data quality verification of wheat grain tissue data sets. a, Principal component 

analysis of 5550 protein abundances used for this analysis (Supplementary Data 6). Dashed circles encompass 

three biological replicates for each time point. b, Representative scatter plots showing Pearson correlation 

coefficient between biological replicate 1 and 2 of log2 transformed protein abundance intensity for each tissue. 

The solid grey line shows the linear regression model. The number of proteins identified and the correlation 

coefficient between replicates is shown on the top-left corner of the plot. The table shows correlation 

coefficients of all possible pairs. c, The box plot of Tau value for the seven protein expression categories. 
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Extended Data Figure 9. Changes in FCP and turnover rate profiles of proteins present in a lower abundance 

in a given tissue type during grain development. Only proteins having values (FCP or turnover rates) at all three 

time points are included in the analysis. The dashed lines demonstrate the mean values, and the grey shade 

areas show the 95% confidence intervals. 
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Historical data shows that global crop production has substantially increased in past decades at a 

growth rate greater than 2% per annum from 1965 to 1985 and approximately 1% from 1985 to 2005 

(Tilman et al., 2002; Foley et al., 2011). This indicates that while global crop yields are increasing, the 

rate of global crop yield increases is decreasing, and will not meet requirements if current population 

growth trajectories are sustained. Along with the need for more food to achieve zero hunger 

worldwide, increasing the quality and diversity of food is also desirable, going hand in hand with the 

improvement of living standards in many parts of the world (Tester and Langridge, 2010; Foley et al., 

2011; Reganold and Wachter, 2016). In wheat, the demands of high grain protein content and/or 

specific grain quality characteristics by the food processing industry have increased, primarily resulting 

from the rapid growth in diversity of food products (Kumar and Prabhasankar, 2014; Jouanin et al., 

2018). The application of nitrogen fertilizers, especially synthetic nitrogen fertilizers such as NH4
+ and 

NO3
-, has been widely used to increase both grain production per unit farmland and grain protein 

content over the past century. As a result, the average global crop yield has increased by 20% between 

1985 and 2005 (Foley et al., 2011). However, besides the significant increase of production cost 

introduced by nitrogen fertilizers, the biggest drawback of their usage in modern agriculture is the low 

nitrogen use efficiency of crops. Over half of the applied nitrogen fertilizer is lost into the environment 

by leaching, runoff and emission causing series environmental contamination and pollution of the air, 

ground water and soil (Reganold and Wachter, 2016; Coskun et al., 2017). Therefore, it is important 

in the future to discover new pathways to an efficient and sustainable modern agricultural system that 

can produce more grain yield and grain protein content with less environmental costs. 

The genetic improvement of wheat grain yield and protein content simultaneously stands to improve 

this situation. However, finding such a solution has been difficult due to the widely reported negative 

correlation between grain yield and grain protein content in wheat (Iqbal et al., 2007). This trade-off 

between grain yield and grain protein content has to be made during a breeding programme, and 

often grain protein content is sacrificed for higher grain yield because making proteins, gram for gram, 

is at least twice the energy cost of making starch (Jenner et al., 1991). Under the same conditions, the 

financial benefit of premium protein content for growers is not currently sufficient to cover the 

financial loss caused by reduced yield. As a result, a gradual lowering of grain protein content has 

become a significant issue in some countries due to the heavy breeding focus on the improvement of 

grain yield (Michel et al., 2019). In order to avoid this trend to low grain protein content in modern 

wheat agriculture, an economically viable approach is to maximize the outcome per unit farmland 

either by enhancing yield per hectare while maintaining protein content with less nitrogen fertilizer 

usage or by maintaining yield per hectare while increasing protein content with less nitrogen fertilizer. 

To facilitate this, future breeding work on the grain level should focus on the improvement of grain 
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protein accumulation per grain without reducing grain sink capability (starch accumulation) or try to 

enhance grain sink capability without compromising grain protein accumulation. Apart from genetic 

controls, wheat grain yield and protein content are also regulated by other factors such as sowing time 

(Siracusa et al., 2017), nitrogen supply (Abedi et al., 2011; Tamang et al., 2017), water availability 

(Elbasyoni et al., 2018; Zhou et al., 2018), temperature (Talukder et al., 2014; Tao et al., 2018), disease 

and pathogen resistance (Salgado et al., 2015; Mondal et al., 2016). Within this thesis, I have focused 

on better understanding grain protein content as a foundation for differentially expressing more 

energy efficient proteins to enhance grain energy use efficiency (EUE) and ultimately achieve higher 

grain protein content without losing grain yield. This increased understanding comes from (1) a 

recognition and quantification of grain protein turnover during grain development, (2) an exemplar of 

altering storage protein content and assessment of the complex responses in the proteome, and (3) 

an in-depth atlas of the variation in EUE of grain proteins as an inventory for re-designing the most 

cost-effective wheat grain. 

Futile grain protein turnover causes a remarkable loss in wheat grain protein content 

Wheat grain storage proteins are accumulated and stored in the endosperm as protein reserves that 

will be used as a nitrogen source to support seed germination (Muntz, 1998). Findings from this thesis 

showed that storage proteins as a group have a significantly higher median synthesis rate compared 

to other functional categories of proteins, as well as a median degradation rate of 0.48 d-1 that is more 

than 4 times faster than the overarching median protein degradation rate of 0.11 d-1 (Fig. 4 in Chapter 

3). Due to this high degradation rate, I have calculated that approximately 25% of newly synthesized 

grain storage proteins are degraded before harvest which leads to a significant grain protein content 

loss and cellular energy waste (Fig 6 in Chapter 3). These results indicated a poor EUE in cellular 

proteome maintenance of wheat grain during grain development; in particular, storage proteins are 

not as stable as commonly thought but rather undergo notable cycles of synthesis and degradation 

which could be unnecessary. The cycling of non-storage proteins was also observed within this thesis. 

Most enzymes and other functional proteins are degraded and their amino acids recycled during grain 

maturation after completing their functional roles (Vensel et al., 2005). Results obtained in Chapter 2 

of this thesis demonstrated that some functional proteins, such as ribosomal subunits and molecular 

chaperones, were in higher abundance in higher grain protein content Ay integrated lines compared 

to their respective parental cultivar (Fig 3 in Chapter 2). Protein turnover data showed that these same 

classes of proteins typically act in house-keeping roles and have both relatively low synthesis and 

degradation rate (0.27 d-1 and 0.35 d-1 median synthesis rate; 0.04 d-1 and 0.16 d-1 median degradation 

rate for ribosomal subunits and chaperones, respectively). One the one hand, the long life of ribosomal 

subunits could boost grain protein synthesis machinery to meet the high demand of protein synthesis 
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during grain filling, while chaperones enhance the stability of newly synthesized proteins. On the other 

hand, the enhanced abundance of these proteins also contributes to higher grain protein content in 

mature grain of Ay integrated lines. In future experimentation, an interesting strategy would be to 

block this degradation of storage proteins during grain filling stage using advanced gene editing 

technique to determine whether this turnover is a requirement of grain formation. If not, perhaps 

blocking this degradation could increase the sink strength of the grain, increasing protein content 

while also improving the energy efficiency. Furthermore, if the amount of energy saved from the futile 

cycle could be reallocated for starch synthesis, improvement of both grain protein content and grain 

yield could be achieved simultaneously. 

Ay HMW-GS introgression improved energy use efficiency in grains 

Expression of genes that encode particular proteins during grain development is likely to be a 

significant factor in determining the final abundance of each protein product. Gene expression can 

generally explain about 40% of the variation of protein abundance in plant tissues (McLoughlin et al., 

2018). Gene co-expression analysis of the DEPs common to Ay HMW-GS introgression lines 

demonstrated that genes for storage proteins, late embryogenesis abundant proteins (LEA) and heat 

shock proteins (HSP) as a large cluster are strongly co-expressed (cluster 1) (Fig. 4 in Chapter2). Genes 

for those proteins that participated in protein synthesis and degradation as a cluster were strongly co-

expressed as well (cluster 2) but not co-expressed with cluster 1. Protein turnover data further showed 

that cluster 1 proteins were rapidly turning over (1.73 d-1 median KS/A and 0.47 d-1 median KD), which 

was about 5 times faster in both synthesis and degradation rate than proteins in cluster 2 (0.39 d-1 

median KS/A and 0.10 d-1 median KD) (Supplementary Data 5 in Chapter 3). This evidence suggests a 

strong connection in the wheat grain between protein turnover rate and protein encoding gene co-

expression profile. 

A protein has a better EUE if it has a relatively high synthesis rate and a relatively low degradation rate. 

Along with the expression of Ay HMW-GS, 187 unique DEPs that increased in abundance and 167 

unique DEPs that decreased in abundance in integrated lines compared to their parental cultivar were 

identified within Chapter 2 of this thesis. By combining DEP data and protein turnover data generated 

in Chapter 3, it is clear that DEPs that increased in abundance in Ay HMW-GS introgression lines 

generally showed higher protein net accumulation rate in Wyalkatchem than those DEPs that 

decreased in abundance. For example, storage proteins with increased abundance as a group have 

averaged protein turnover rate of 2.79 d-1 in KS/A and 0.48 d-1 in KD, while those with decreased 

abundance had KS/A of 1.82 d-1 and KD of 0.49 d-1 . Likewise, averaged synthesis rate of 1.33 d-1 and 

0.55 d-1, and averaged degradation rate of 0.14 d-1 and 0.23 d-1 were observed for major CHO 
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metabolism relevant DEPs that increased and decreased in abundance, respectively. Therefore, the 

results obtained within this thesis as a whole imply that the introgression of Ay improves the EUE in 

wheat grain overall by accumulating more high EUE proteins and less low EUE proteins. 

Protein turnover rates regulated by multiple factors 

In plants, simultaneously maintaining cellular proteome homeostasis and enabling quick responses to 

other biological events, such as reproductive growth and environmental perturbation, is a complicated 

cellular process that requires constant synthesis of new proteins and degradation of unwanted and 

dysfunctional proteins (Nelson et al., 2014; Nelson and Millar, 2015). It is well established that protein 

stability is affected by many factors, including biological functions, cellular location, molecular 

structure, post-translational modification (PTM) et al., (Pakula and Sauer, 1989; Sanchez-Ruiz, 2010; 

Li et al., 2017; Martin-Perez and Villen, 2017). The protein turnover atlas of wheat grain proteins 

during grain development generated within Chapter 3 of this thesis provides a foundation to examine 

how these factors influence protein turnover rates, as well as the possible mechanism of how wheat 

grains achieve cellular proteome homeostasis during grain development.  

Starch makes up 60-70% of wheat grain dry weight (Shewry, 2009), which makes the synthesis and 

accumulation of starch one of the most important events of wheat grain development. To meet such 

a high demand of starch synthesis at a short period time, a significant increase in the abundance of 

starch synthesis enzymes is needed. Forty-three starch biogenesis relevant enzymes were detected in 

this thesis. Most of them showed rapid accumulation during grain development associated with a 

relatively fast median synthesis rate (0.68 d-1) but median degradation rate (0.11 d-1) (Fig. 4 and 

Extended Data Fig. 7 in Chapter 3). Data from Arabidopsis leaves at the seedling stage has illustrated 

that ribosomal proteins are some of the most stable and long-lived proteins in plants (Li et al., 2017). 

From an EUE perspective, the low degradation rate of ribosomal proteins will allow them to serve their 

functional roles as the fundamental component of protein synthesis machinery for a long time period 

because they are generally needed at all times in living cells. Consistently, in this study ribosomal 

proteins showed relatively low protein synthesis rate and degradation rate (Fig. 4 in Chapter 3). 

Likewise, proteins involved in glycolysis, ATP synthesis, DNA synthesis, and photosynthesis showed 

similar patterns in protein turnover rates at wheat grain during grain development. These results 

proved that protein turnover rates are tightly regulated to support protein functions. An exception to 

this rule was the storage proteins. The rapid biogenesis and accumulation of storage proteins is the 

second most important event during grain filling. Storage proteins as a group were determined to be 

the most rapidly synthesized proteins in this study with a median relative synthesis rate of 2.17 d-1 

(Fig. 4 in Chapter 3). However, the fact that storage proteins as a group also have a degradation rate 
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much higher than functional proteins, appears incongruous with the accumulation of storage proteins 

as provision as a nitrogen source for later seed germination. 

Protein stability is also influenced by subcellular location, as the proteolysis machinery of the cell is 

spatially separated in different subcellular locations, notably the cytosol, the vacuole and amongst 

metabolic organelles (plastid, mitochondrion and peroxisomes) (van Wijk, 2015). This intraorganellar 

proteolysis is complemented either by the cytosolic ubiquitin-proteasome system (UPS) that can 

select organellar content for degradation or by the autophagy-lysosome system that can destabilise 

the protein content of whole organelles. Previous study in human cells has suggested that protein 

turnover rates depend on their subcellular localization (Boisvert et al., 2012). Data collected from 

Arabidopsis young leaves also demonstrated that metabolic organelles have relatively lower protein 

degradation rate and the endomembrane systems have relatively higher protein degradation rate, but 

the variation in median degradation rates is less than 2-fold (Li et al., 2017). Studies included in this 

thesis illustrated similar complexity in the wheat grain, the proteome in mitochondria, cytosol and 

plastids showed relatively lower protein degradation rates while relatively higher protein degradation 

rates were seen in protein sets derived from the peroxisome, plasma membrane and extracellular 

proteome (Fig. 4a in Chapter 3). Exceptions were found in the proteome of the vacuole, due to vacuole 

proteome predominantly being storage proteins, where both higher protein synthesis and 

degradation rates were seen. 

Numerous other contributing factors are also considered to have impacts on protein turnover rates. 

The N-terminal residue (Li et al., 2017), PTMs (Swaney et al., 2015; Martin-Perez and Villen, 2017), 

complex membership (Li et al., 2017), protein-protein interactions (Bozaykut et al., 2014), and diurnal 

fluctuation (Nelson et al., 2014) have previously been demonstrated. Although impacts of above 

factors on protein turnover rates of wheat grain proteins during grain development were not the focus 

of this study, findings gained from this thesis can generally suggest that protein synthesis and 

degradation rate, as the primary determinants of protein abundance, are closely associated with 

protein biological functions and the data are available for a more detailed analysis of other 

contributing factors in the future. This robust list also demonstrated that protein net accumulation 

rate is strongly correlated with protein abundance change profiles in different parts of the wheat grain 

during grain development. This contributes to the spatiotemporal expression pattern in wheat grain 

proteins and can potentially explain a significant portion of the 60% variation in protein abundance 

that cannot be explained by transcript data alone (see details in discussion section of Chapter 3). 
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Conclusions and future directions 

Knowing that clear benefits of introgression of 1Ay21* into commercial wheat cultivars to improve 

both grain protein content and grain yield simultaneously as well as bread-making quality (Roy et al., 

2018; Roy et al., 2020), this thesis has provided a possible model that reveals how this introgression 

makes its improvements. This model highlights the probable importance of protein synthesis 

machinery, protein synthesis rates and the stability of key proteins in attaining protein content 

improvements. To gain a comprehensive and quantitative understanding of how wheat grain storage 

proteins accumulate during grain development, I also measured the protein synthesis rate and 

degradation rate of wheat grain proteins during grain development at proteome scale using the 

Australian cultivar Wyalkatchem through combining the in vivo stable isotope labelling and in-depth 

quantitative proteomics. The protein turnover atlas that has resulted can serve as a fundamental 

resource additional to conventional proteome data for the wheat community worldwide, and help to 

accelerate modern wheat breeding programmes in improving grain quality. 

While the ~1% increase of total grain protein content on a grain weight basis by the 1Ay21* 

introgression strategy is an important advance, it alone is not sufficient to meet the food demand 

challenge in the modern agriculture. With the findings in this thesis that wheat grain storage proteins 

undergo significant futile cycling during grain development which leads to unnecessary degradation 

of about 25% of newly synthesized storage proteins, future studies can now attempt to combine these 

findings. Key issues that will need to be focused on to achieve this are: 

1) Understanding why there are significant futile cycles in wheat grain storage proteins during grain 

development; 

2) Identifying factors that have significant impacts on protein turnover rates, such as protein 

subcellular location, 3D structure, N-terminal residue, solubility et al; 

3) Exploring strategies and approaches that can particularly express more stable storage proteins or 

block these futile cycles of storage proteins, thus to increase grain protein content by about 25% on a 

total protein basis; 

4) Designing how we can improve the energy use efficiency (EUE) of wheat plants by reallocating 

cellular energy saved from the blockage of futile cycling of storage proteins to useful grain traits. 

5) Applying the method developed in this study to other crops (eg. rice, maize, barley etc), tissues (eg. 

flag leaf, aleurone layer, root etc) and growth stage (eg. germination and vegetative growth). 
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Appendix 
 

Chapter 2  

Supplemental Table S1 The list of absolute abundance (iBAQ) of 6 HMW-GSs for each of 

the three cultivars. 

Supplemental Table S2 The list of relative abundance of all quantified proteins for each of 

the three cultivars. 

Supplemental Table S3 The gene co-expression data of the homologous genes of the 114 

common DEPs. 

Supplemental Table S4 The cis-acting regulatory element data of the homologous genes of 

the 107 common DEPs. 

  

  

Chapter 3  

Supplementary Data 1 Full data list of grain fresh weight, grain respiration rate and total 

grain ATP production for Fig. 1. 

Supplementary Data 2 Full data list for lag time modelling, and GC-MS/MS and LC-MS/MS 

data for Fig. 2. 

Supplementary Data 3 Full data list for Extended Fig. 4. 

Supplementary Data 4 Full data list of wheat grain individual FCP values during grain 

development. 

Supplementary Data 5 Full data list of wheat grain protein turnover rates during grain 

development. 

Supplementary Data 6 Full data list of protein relative abundance for embryo, endosperm 

and pericarp proteomes. 

Supplementary Data 7 Full data list of ATP energy budget used for wheat grain protein 

turnover during grain development. 

 

Supplementary documents can be found in the folder supplied with this thesis. 

 

 

 

 

 




