
GigaScience , 2023, 12 , 1–25 

DOI: 10.1093/gigascience/giad084 

Research 

A community resource to mass explore the wheat grain 

proteome and its application to the late-maturity 

alpha-amylase (LMA) problem 

Delphine Vincent 1 , * , AnhDuyen Bui 1 , Vilnis Ezernieks 1 , Saleh Shahinfar 1 , Timothy Luke 1 , Doris Ram 

1 , Nicholas Rigas 2 , 

Joe Panozzo 2 ,3 , Simone Rochfort 1 ,4 , Hans Daetwyler 1 ,4 and Matthew Hayden 

1 ,4 

1 Agriculture Victoria Research, AgriBio, Center Centre for AgriBioscience, Bundoora, VIC 3083, Australia 
2 Agriculture Victoria Research, Grains Innovation Park, Horsham, VIC 3400, Australia 
3 Centre for Agricultural Innovation, University of Melbourne, Parkville, VIC 3010, Australia 
4 School of Applied Systems Biology, La Trobe University, Bundoora, VIC 3083, Australia 
∗Corr espondence addr ess. Agricultur e Victoria, AgriBio, 5 Ring road, Bundoora, VIC 3083, Australia. E-mail: delphine .vincent@agriculture .vic.go v.au 

Abstract 

Bac kgr ound: Late-maturity alpha-am ylase (LMA) is a wheat genetic defect causing the synthesis of high isoelectric point alpha- 
amylase following a temperature shock during mid-grain development or prolonged cold throughout grain development, both leading 
to star c h de gr adation. While the physiology is w ell understood, the bioc hemical mec hanisms inv olv ed in grain LMA r esponse r emain 

unclear. We have applied high-throughput proteomics to 4,061 wheat flours displaying a range of LMA activities. Using an array of 
statistical analyses to select LMA-responsive biomarkers, we have mined them using a suite of tools applicable to wheat proteins. 

Results: We observed that LMA-affected grains acti v ated their primar y meta bolisms such as gl ycol ysis and gluconeogenesis; TCA 

cycle, along with DNA- and RNA- binding mechanisms; and protein translation. This logically transitioned to protein folding activities 
dri v en by chaperones and protein disulfide isomer ase , as w ell as pr otein assemb l y via dimerisation and complexing. The secondar y 
meta bolism w as also mobilized with the upr e gulation of phytohormones and c hemical and defence r esponses. LMA further inv oked 

cellular structures, including ribosomes, microtubules, and c hromatin. F inally , and unsurprisingly , LMA expression greatly impacted 

gr ain stor a ge pr oteins, as w ell as star c h and other carbohydr ates, with the upre gulation of alpha-gliadins and star c h metabolism, 
whereas LMW glutenin, stac hy ose , sucrose , UDP-galactose , and UDP-glucose were downregulated. 

Conclusions: To our knowledge, this is not only the first proteomics study tackling the wheat LMA issue but also the largest plant- 
based proteomics study published to date . Logistics, tec hnicalities, requirements, and bottlenec ks of suc h an ambitious large-scale 
high-thr oughput pr oteomics experiment along with the challenges associated with big data anal yses ar e discussed. 

Ke yw ords: Triticum aestivum , lar ge-scale high-throughput workflo w, bottom-up shotgun proteomics, LC-MS/MS, late-maturity alpha- 
amylase, LMA, big data, statistics, data mining, circos plot 
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Key points 

� Largest plant proteomics dataset 
� First LMA proteomics study 
� Molecular toolkit to assist wheat breeders to select for 

or against quantitative traits such as LMA 

Introduction 

Common bread wheat ( Triticum aestivum L .) is the dominant crop 

in temper ate r egions, curr entl y cov ering mor e than 220 million 

hectares worldwide, exceeding 749 million tons in production an- 
nually [ 1 ] and predicted to reach 835 million tons by 2030 [ 2 ]. Mil- 
lennia of domestication have accrued an enormous genetic diver- 
sity in this species, with potentially more than 50,000 T. aestivum 

cultivars [ 3 ]. Wheat o w es its success to adaptability to temperate,
Mediterr anean, and subtr opical climates; high yields; storability; 
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the original work is pr operl y cited. 
ut above all to the unique properties of doughs, which can be
rocessed into a vast range of foods [ 4 , 5 ]. Wheat grains are not
nly a major source of carbohydrate in the form of starch, which
an r eac h le v els of up to 75% in white flour, but also a substan-
ial source of pr otein, r epr esenting up to 15% of grain dry weight
 5 ]. Wheat proteins can, ho w ever, trigger adverse reactions such
s dietary intolerance or food and respiratory allergies [ 5 ]. Cur-
 ent br eeding pr ogr ams mainl y aim at sustaining wheat pr oduc-
ion and quality with reduced agrochemical inputs, as well as de-
 eloping ne w disease-r esistant and str ess-toler ant v arieties with
nhanced quality for specific end uses [ 6 ]. Wheat r esearc h and
r eeding m ust acceler ate genetic gain to k ee p augmenting crop
ield while maintaining or improving grain quality traits if the de-
ands of the growing human population are to be met [ 7 ]. 
A critical element in the equation was the sequencing and

unctional annotation of the genome. Sequencing the hexaploid 

read wheat genome was a gigantic achievement proportion- 
te to its large size, abundance of re petiti ve DNA, and the im-
ense difficulty of discerning homoeologs from subgenomes A,

, and D. Whilst this r equir ed the commitment of 20 countries
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ollaborating as a consortium (International Wheat Genome Se-
uencing Consortium [IWGSC]) and a lot of strategizing from 2005
nw ar d, including sequencing diploid and tetr a ploid ancestors, it
as the advent of next-generation sequencing technologies pro-
ucing long but err or-pr one or accur ate yet short r eads that made
his massive endeavour successful [ 8 ]. A 13-year effort ensued,
rafting in 2014 the T. aestivum genome [ 9 ] and culminating in
018 with the release of the long-awaited fully assembled and
nnotated 14.5-Gb r efer ence genome, cataloguing 107,891 high-
onfidence genes along 21 c hr omosome-like sequence assemblies
IWGSC RefSeq v1.0) [ 7 ]. A refined version of the reference genome
sing optical mapping and long sequence reads was recently re-

eased (IWGSC RefSeq v2.1) [ 10 ]. With such worthwhile genomic
esources in store, wheat can now be instated as a model for
lant genetic r esearc h and employed to tackle complex biologi-
al questions on e volution, domestication, pol yploidization, and
enetic and epigenetic interaction between homoeologous genes
nd genomes [ 8 ]. Genome annotations pave the way to investigate
athways and biochemical attributes behind bread wheat quality
sing transcriptomics [ 11 ] or proteomics [ 2 ] approaches. 

The industry will equally benefit from these latest scientific de-
 elopments since pr ocessing companies , markets , and food indus-
ries demand not only high-yielding and resistant varieties but
lso those with specific end-use qualities [ 1 , 4 ]. Market r equir e-
ents have influenced wheat breeding as not to neglect essential

rotein content and quality. Because wheat is generally traded ac-
ording to gr ain pr otein content and hardness, standards must be
bided to by producers and distributors. Intact starch polymers
rovide the gelatinization and retrogradation needed for an ac-
eptable pr oduct. Failur e to meet r eceiv al standards for milling
rades due to starch degradation measured in the wheat industry
sing the Ha gber g–Perten falling number (FN) method [ 12 ] leads
o grain discount and downgrading to animal feed, which incurs a
oss of profit [ 13 ]. The low FN values manifest as a loss of viscos-
ty upon mixing starc h-degr aded flour with water can alter ap-
ear ance and textur e of end pr oducts [ 14 ], but it might not de-
eriorate baking functionality [ 15 ] and could be used instead in
lternate pr epar ations [ 16 ]. Ther e ar e m ultiple causes of low FN
ymptomatic of starch degradation, including preharvest sprout-
ng, late-maturity alpha-amylase (LMA), and variation in kernel
tarc h and pr otein [ 17 ]. LMA is a wheat genetic defect causing the
ynthesis of high isoelectric point (pI) alpha-amylase in the aleu-
one because of a temperature shock during mid-grain develop-

ent or prolonged cold throughout grain development, leading to
n unacceptable low FN at harvest or during storage [ 18–20 ]. High
I alpha-amylase is normally not synthesized until after maturity

n seeds when they may sprout in response to rain or germinate
ollo wing so wing the next season’s crop [ 21 ]. 

Four alpha-amylase isoforms have been identified to date in
heat. Se v er al alpha-amylase 1 (TaAMY1) loci have been local-

zed on the long arm of group 6 c hr omosomes [ 22 ]. In LMA-prone
heat genotypes and under giv en temper atur es, Amy-1 genes ar e

ranscribed in isolated cells or cell islands distributed throughout
he aleurone system of grains with a 50–60% moisture content be-
ore they have reached physiological maturity [ 21 ]. Appearance of
igh pI alpha-amylase protein is preceded by a short-lived tran-
ient period of mRNA synthesis leading to a stable enzyme and re-
ained through to seed maturity [ 18 , 23 ]. Multiple alpha-amylase 2
TaAMY2) loci are positioned on the long arm of the group 7 c hr o-

osomes and produce a low pI alpha-amylase in the pericarp of
he de v eloping gr ain [ 24 ]. A single locus encodes alpha-amylase
 (TaAMY3) on group 5 c hr omosomes and is tr anscribed thr ough-
ut the grain development, suggesting a role in grain development
nd maturation [ 25 ]. Like T aAMY2, T aAMY3 enzyme mainl y a p-
ears during grain development in the pericarp and would be the
redominant alpha-amylase enzyme throughout grain develop-
ent [ 26 ]. Despite its shorter length and ele v ated pI, TaAMY3 dis-

lays equal numbers of calcium-binding and active sites relative
o the other 3 isoforms; ho w e v er, the distance between k e y AA
esidues and the last 2 active site residues is shortened [ 27 ]. Over-
xpressing TaAMY3 in the endosperm of developing grain to levels
f up to 100-fold higher than the wild-type results in low FN sim-
lar to those seen in LMA-affected grains, yet has no detrimental
ffect on starch structure, flour composition, and baking quality of
read [ 28 ] or on noodle colour or firmness [ 29 ]. A fourth isoform,
lpha-amylase 4 (TaAMY4), is also encoded by a single locus on
r oup 5 c hr omosomes and is coexpr essed with TaAMY1 in LMA-
ffected grains [ 27 ]. Comparison of the 4 isoforms r e v ealed that
hey contain 385 to 439 AAs, with a molecular mass between 45.4
nd 48.3 kD, and a pI ranging from 5.5 to 8.6. All isoforms differ
lightly in their 3-dimensional (3D) protein structure, including
he presence of additional sugar binding domains hinting to vari-
us enzymatic properties [ 27 , 30 ]. 

Although LMA expression correlates with measurable changes
n both hormone content and tr anscript pr ofiles during gr ain mat-
r ation, ther e is no obvious visual effect on grain appearance,
e v elopment, or mor phology [ 20 ], hence the need to perform as-
ays to test for its acti vity [ 12 ]. Enzyme-link ed immunosorbent as-
ay (ELISA) [ 31 ] and quantitative reverse transcription polymerase
 hain r eaction (R T-qPCR) [ 32 ] assays w er e de v eloped to specifi-
all y tar get TaAMY1, the main enzyme involved in LMA. One lim-
tation to the RT-qPCR method relates to the apparent short life
f the high pI alpha-amylase mRN A [ 18 ]. Commonly emplo y ed is
he colorimetric Ceralpha assay [ 33 ], whereby the alpha-amylase
ctivity is expressed in terms of Ceralpha units per gram of flour
U/g). A single unit corresponds to the amount of enzyme r equir ed
o release 1 μM p-nitrophenyl in the presence of excess quan-
ities of alpha-glucosidase in 1 minute at 40 ◦C [ 34 ]. Such mea-
ur ements hav e r e v ealed that LMA is mor e pr e v alent than origi-
ally thought, with reports arising from North America, Australia,

apan, Canada, South Africa, China, Mexico, Germany, and the
nited Kingdom [ 35 ]. The presence of LMA in breeding popula-

ions could be attributed to unexplained positive effects on grain
r oduction/quality or alternatel y simpl y manifest the lac k of sig-
ificant selection pr essur e a gainst this tr ait [ 20 ]. Both a cool tem-
er atur e shoc k near physiological maturity or continuous cool
axim um temper atur es during gr ain de v elopment can induce

MA synthesis in wheat [ 19 ]. The prediction of LMA occurrence
uring LMA dedicated field trial is impeded by the stochastic na-
ur e of LMA expr ession r esulting fr om specific genetics, climatic
onditions, and de v elopmental sta ges. 

LMA has a genetic (G) component (alpha-amylase gene re-
uired), yet it is only expressed and enzymatically active under
articular environmental (E) conditions (temperature shock) at
 given developmental stage, making it the product of a G × E
nter action, whic h lends itself to postgenomic quantitative stud-
es to shed some lights into the biological mechanisms under-
inning LMA expression. Yet, to date, only 1 LMA-related tran-
criptomics study has been published and no proteomics work
as been attempted despite the potential this technology offers to
elp impr ov e br ead wheat quality [ 2 ]. Using micr oarr ay tec hnol-
gy, Barr er o and colleagues [ 18 ] reported that LMA resulted from a
 ery narr ow and tr ansitory peak of expr ession of genes encoding
igh-pI alpha-amylase during grain development. Furthermore,
he LMA phenotype triggered elevated levels of gibberellins such
s GA19 and m uc h lo w er le v els of auxin in the de-embryonated
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fraction of grains sampled shortly after the initiation of LMA syn- 
thesis. A r ecent r eport questions this hormonal r esponse since 
alpha-amylase synthesis by wheat aleurone during grain de- 
v elopment a ppears to be independent of gibberellin [ 36 ]. Even 

though, on one hand, genomics can catalogue genes present 
in a sample and, on the other hand, transcriptomics can vali- 
date expression levels, only proteomics can measure the actual 
pr otein abundance, r ecord posttr anslational modification (PTM),
and identify interacting proteins [ 2 ]. We have developed a high- 
thr oughput pr oteomics method to r a pidl y pr ofile T. aestivum gr ains 
and datamine their proteome [ 37 ]. In the present study, we have 
applied our optimised procedure to a collection of 4,061 wheat 
flours whose LMA content r anged fr om 0 to 8 U/g of flour. We 
hav e a pplied m ultiple statistical anal yses to our big data to select 
LMA-r esponsiv e biomarkers that we have mined using a suite of 
tools applicable to wheat proteins, yet not necessarily embraced 

by grain scientists. To our knowledge, this is not only the first pro- 
teomics study tackling the wheat LMA issue but also the largest 
plant-based proteomics study published to date . Logistics , tech- 
nicalities, r equir ements, and bottlenec ks of suc h an ambitious 
lar ge-scale high-thr oughput pr oteomics experiment along with 

the challenges associated with big data analyses are discussed. 

Results and Discussion 

Resources for scientific studies on wheat 
Wheat resources 
A total 858 wheat genotypes, sourced from all over the world,
gr own ov er 8 years since 2012 and stored in optimal conditions 
amounting to 4,061 grain samples, were analysed in this work 
( Supplementary Table S1 ). Because LMA measurements occurred 

sim ultaneousl y to the proteomics analyses in 2019, we did not 
consider stor a ge time for the statistics. We also did not statisti- 
cally test for varietal differences, which was outside the focus of 
this study. 

High-thr oughput pr oteomics workflow to efficiently process 
and analyse thousands of samples 
We hav e de v eloped a high-thr oughput pr oteomics liquid 

c hr omatogr a phy–mass spectr ometry (LC-MS) method [ 37 ] 
that was applied to 4,061 wheat grain samples following the 
w orkflo w described in Fig. 1 . The technical aspects pertain- 
ing to sample pr epar ation/tr ac king and data acquisition steps 
that ensured a high-throughput w orkflo w are available in 

Supplementary File SF1 . Ov er all, the LC-MS continuous run 

lasted for 143 days (20.4 weeks or 4.5 months) and included 

regular system maintenance (mass calibration, source cleaning, 
high-performance liquid c hr omatogr a phy [HPLC] column swa p- 
ping). A total of 4,370 RAW files wer e acquir ed. A Gantt c hart 
illustrates the timeline of the w orkflo w steps along with data 
accumulation (Fig. 2 ). 

The wet experiment bottlenecks were resolved where possible 
as explained in [ 37 ]. Most time was spent grinding, transferring,
weighing, and extracting the samples as there was no option to 
gr eatl y upscale those steps (Fig. 2 ). The w orkflo w became m uc h 

faster when 96-well plates were introduced (from digestion step 

onw ar d), allo wing for high-throughput multipipetting and multi- 
dispensing activities, as well as minimising the footprint of sam- 
ple fr eezer stor a ge. Although steps wer e sequential, they could 

ov erla p with 2 experimenters operating in a sta gger ed fashion 

from one lab workstation to the next. 
LC-MS1 acquisition started when enough plates were ready to 
nsure continuous instrument run while samples processing was 
till happening. Data acquisition was completed 18 days after the
ast wheat sample was fully processed, demonstrating minimum 

ime loss (Fig. 2 ). The Genedata Refiner w orkflo w used to process
C-MS1 data was pr e viousl y optimised [ 37 ] ( Supplementary Fig.
1 ); its first step was applied to batches of ∼200 LC-MS1 files dur-
ng MS run. The time-limiting factor was the server computing
bility. 

Ov er all, all 4,061 wheat samples were processed and analysed
fr om r eceiving the samples to pr ocessing the LC-MS1 data) in 334
ays ( ∼11 months). Purchasing all required consumables ahead,
 ee ping tr ac k of the samples, well-organised logistics by setting
p working stations for each wet lab step, and ov erla pping ac-
ivities across experimenters guaranteed efficient time manage- 

ent. Stowing samples in the freezer in between steps allowed to
afely interrupt the sample preparation procedure to accommo- 
ate equipment/experimenter downtime without compromising 
he quality of the samples processed so far. 

The subsequent steps had to follow one another. LC-MS2 acqui-
ition necessitated LC-MS1 data processing to be finished to pro-
uce parent mass lists and consequently had to be performed post
oc. Whilst LC-MS2 acquisition was r a pid (2 weeks), its process-

ng took longer (3 months) because it r equir ed another Genedata
efiner w orkflo w ( Supplementary Fig. S2 ), a mor e r ecent nonr e-
undant database with decoy sequences, testing se v er al Mascot
arameters (data not shown), and linking LC-MS2 clusters to LC-
S1 clusters (data not shown). 
The final bottleneck in the w orkflo w pertained to statistical

nalyses and data mining (8 months), which necessitated try- 
ng different statistical methods with multiple trial and error 
tages working out optimal parameters, testing and using dif- 
erent data mining tools, which required training and a lot of
trategizing on how best to present big data. Running such large
atasets pr ov ed computationall y taxing, necessitating extensiv e
well times; it often ran out of memory and triggered server
rashes. 

One way to increase the throughput and therefore shrink the
imeline would be to use an automated sample pr epar ation sta-
ion. A r obot (Br avo Automated Liquid Handling Platform from Ag-
lent) was used to automate peptide clean-up and phosphopep- 
ide enric hment fr om wheat and maize v egetativ e samples [ 38 ].

e could not find any other high-throughput method in wheat or
ereals. 

C-MS1 quantitative data pr ocessing, normalisation, corr ec- 
ion, and standardisation to remove technical biases 
he Genedata Refiner w orkflo w w as applied to 4,147 LC-MS1 files

4,061 wheat + 86 quality controls [QCs]; Supplementary Fig. S1 ).
tep 1 cov er ed noise subtr action nodes that could be run on in-
ividual data file. It was performed throughout LC-MS1 acqui- 
ition activity on weekly batches ( ∼230 files) to optimise server
 well time. Ste p 1 helped assess data r epr oducibility and nonr e-
roducible files (71 samples) were omitted from the remainder of
he processing, leaving 3,990 wheat and 86 QC data files. Step 2
ncapsulated all alignment, peak detection, and quantitation, as 
ell as isotope clustering and singleton filtering activities . T his

tep had to be performed on all 4,076 r epr oducible data files si-
 ultaneousl y and ther efor e could onl y be undertaken when the

C-MS1 run was finalised. The experiment metadata ca ptur ed in
xcel were associated to the quantitative data and exported to
enedata Analyst for data normalisation purpose. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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Figure 1: High-throughput workflow used on the 4,061 wheat samples . T he snowflakes indicate stor a ge in −80 ◦C freezers. 
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The data were normalised as described in [ 37 ] following 3 steps:
sing flour weights, internal standard (IS) cluster, and QC repli-
ates along with LC-MS injection order (Fig. 3 ). 

Ra w data displa yed a clear sample grouping based on injec-
ion order during the LC-MS1 run (Fig. 3 A) and mirr or ed the in-
trument maintenance e v ents (mass calibration, etc.). Two large
r oups a ppear ed that could not be explained by any experimental
teps. Normalising using flour w eight accurac y of 1% helped cre-
te tighter wheat sample groups with 4 outliers and isolated QCs
Fig. 3 B). The 2 larger groups of samples were less distinct. This
rst normalisation step did not significantly impact the peptide
istribution, as can be seen on the principal componcent analy-
is (PCA) loading plots ( Supplementary Fig. S3G, H ). Normalising
gainst the IS shifted the sample groups around but did not com-
ine or homogenise them (Fig. 3 C). The two larger sample groups
bserved in panels A and B became indistinguishable in panel C.
his normalisation step also affected peptide distribution assum-

ng a more oval shape on the loading plot ( Supplementary Fig. S3I ).
he final normalisation step further scattered the samples more
idel y acr oss the PCA plot and accentuated the tec hnical v ari-
tion gr aduall y expanding ov er time during the instrument run
Fig. 3 D). Yet at the peptide le v el, this last normalisation activ-
ty further shrunk the grouping, assuming a more circular dis-
ribution with less outliers ( Supplementary Fig. S3J ). The benefits
f normalisation were discussed before [ 37 ] with respect to pre-
ise sample weights mandated by metabolomics [ 39 ], spiking IS
ostdigestion to alleviate for sample-to-sample variations [ 40 , 41 ],
nd QCs to account for batc h differ ences ov er time and minimise
ross-run effects [ 41–43 ]. In their ground-breaking study to as-
ess and ameliorate the r epr oducibility of lar ge-scale pr oteomics
xperiments , P oulos and colleagues [ 44 ] have highlighted the de-
r ease ov er time in mass analyser sensitivity in between cleaning
 v ents and how technical replicates, such as QCs, help remove
nwanted variation. Despite all the normalisation steps applied
o our data, not all technical biases could be r emov ed, thus ne-
essitating further data correction. 

The fully normalised dataset of 3,990 wheat samples and
2,336 r epr oducible peptides was exported as a CSV file and im-
orted into R to run a linear model fitting the technical factors
hat bore the greatest variance and were associated with LC-MS

aintenance . T he experimental variation was successfully erad-
cated as illustrated by PCA (Fig. 3 E, K). The results sho w ed that
hile instrument mass calibration had a m uc h bigger effect, all 3

echnical factors had a significant effect ( P < 0.05 based on per-
utation testing with 100 iterations) on the spectral data (data

ot shown). This correction method was initially developed in a
etabolomics study to account for uncontr ollable envir onmen-

al effects [ 45 ]. Quantitative geneticists r outinel y exploit linear

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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Figure 2: Gantt chart capturing the timeline for each step of the proteomics w orkflo w and data accumulation during both the method development 
and large-scale analysis of the 4,061 wheat samples. 

Figure 3: Normalisation, correction, and standardisation of the ra w data visualised using PC A projection plots of the samples (A–F) and loading plots 
of the peptides (F–K). Samples are coloured accordingly to LC-MS injection order from blue-green to y ello w-orange-red. (A, G) PC1 vs. PC2 plot based on 
unnormalised LC-MS1 quantitative data. (B, H) PC1 vs. PC2 plot based on data from panels A, G normalised using the sample weights; QCs are all 
condensed in a tight group. (C, I) PC1 vs. PC2 plot based on data from panels B, H normalised using the IS cluster. (D, J) PC1 vs. PC2 plot based using data 
from panels C, I normalised using the injection order and the “intensity drift” algorithm. (E, K) PC1 vs. PC2 plot using normalised data from panels D, J 
corrected using a linear model and k ee ping the residuals. (F, L) PC1 vs. PC2 plot using corrected data from panels E, L and z -transformed per row 

(peptides). 
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odels to measure the influence of systematic environmental ef-
ects (fixed effects), which impact phenotypic variation and un-
cr amble genetic fr om nongenetic factors [ 46 ]. To our knowledge,
his is the first time such correction method was applied to pro-
eomics data. 

The final data transformation step involved a z -transformation
scaling and centring) to le v el out extr eme quantities and facili-
ate the comparison and clustering of peptide profiles during sta-
istical analyses. Finding linear combinations of predictors based
n how m uc h v ariation they explain is ac hie v ed by centring to a
ean of 0 and scaling to a standard deviation of 1 [ 47 ]. Such math-

matical transformation is common practice in postgenomics ex-
ression studies, and MS-proteomics is no exception [ 48 , 49 ]. In
ur study, z -tr ansformation r adicall y modified the data from an
omogeneous plot to defined groups stretching in 4 main direc-
ions (Fig. 3 F, L), which could not be attributed to any of our meta-
ata. Peptide quantities that originall y r anged fr om 0 to 1 × 10 7 

ltimately spanned a mere −22 to 63 scale. 

 nonredundant wheat database to annotate LC-MS2 re-
ults 
 T. aestivum database was created by combining all the protein
equences publicl y av ailable fr om UniPr ot and IWGSC Ensem-
lPlants repositories . T he database was r e v ersed to cr eate a decoy
atabase, which was then concatenated to the latter. This way, not
nly a single file has to be interrogated in the Mascot system, but
lso false positives are only recorded when a match from the de-
oy sequences exceeds any match from the target sequences [ 50 ,
1 ]. All LC-MS2 files were searched using the Mascot algorithm
ith an err or-toler ant searc h to maximise PTM discov ery. 
Our strategy to quickly identify as many peptides as possible

as to m ultipl y the number of data-dependent LC-MS2 methods
ather than multiplying the number of samples analysed. We thus
ooled 10% of the wheat samples r andoml y c hosen into 1 tube
nd subjected this pooled sample to 11 methods (passes) with
 eplicates, v aried ITMS par ameters, and 10 unique parent lists
f 2,000 ions each ( Supplementary Files SF1, SF2 ). Each method
ad a drastic impact on the selection of the precursor ion, with
ome areas being thoroughly sampled whilst others were ignored
 Supplementary Fig. S3 ). 

A total of 63 LC-MS2 files were thus obtained. The LC-MS2
ethods fluctuated in their efficiencies, identifying as few as 104

eptides (pass 7) up to 11,662 peptides (pass 8), irr espectiv e of the
umber of MS2 e v ents ( Supplementary Fig. S4 ). 

Passes 8–10 yielded by far the largest identity counts across all
0 parent lists, even though they did not feature the highest MS2
 v ent counts ( Supplementary Fig. S4 ). We concluded that k e y MS
arameters to maximise peptide identifications were the inclu-
ion of the parent lists into the data-dependent settings (passes
–11), albeit not the at the global le v el (pass 7), as well as allow-
ng for wider mass tolerance window during precursor selection.
he widest tolerance (2 m/z ) achieved the greatest counts (pass 8,
upplementary Fig. S4 ). Ov er all, a total of 315,934 peptides were
dentified, comprising only 6,550 unique peptides, which matched
0,437 unique wheat proteins, 277 decoy accessions, and 3 con-
aminant proteins . T he huge peptide redundanc y w as explained
y the fact that a single pooled sample (from 400 individual sam-
les) was r epeatedl y anal ysed using v arious LC-MS2 methods.
ooling digests erased sample-to-sample variation. More protein
dentities could have been realised with a diverse sample set sub-
ect to all the methods de v eloped her e , but that would ha ve ex-
ended the data acquisition, analysis, and mining by many more

onths . An arra y of strategies can be emplo y ed to increase the
r oteome cov er a ge of plant seeds, including depletion and pr e-
r actionation str ategies as well as exploring differ ent or gans, de-
 elopmental sta ges, and cell cultur es [ 52 , 53 ]. Ho w e v er, these addi-
ional experimental steps are time-consuming, labour-intensive,
nd costly and thus unsuitable for large-scale high-throughput
xperiments like ours. Our strategy was first to quantify pep-
ides r a pidl y and r epr oducibl y fr om thousands of wheat samples
sing a label-fr ee LC-MS a ppr oac h and a ppl y r obust statistical
nalyses to detect potential tr ait-r elated biomarkers and, second,
o quic kl y identify as many peptides as possible using LC-MS2.
ar ge-scale pr oteomics studies hav e been a pplied to humans [ 54 ];
o our knowledge, this is the largest plant proteomics study car-
ied out to date. 

osttranslational modifications (PTMs) 
n this study, we opted for an err or-toler ant searc h, whic h ac-
rued a plethora of modifications ( Supplementary Table S2 ). A to-
al of 21,486 carbamidomethylations of Cys residues were iden-
ified as fixed modifications . T his was expected to occur during
ur denaturing protein extraction procedure . T he most prevalent
ynamic modifications were nonspecific cleavages (5,480), fol-

o w ed b y N-terminal ammonia losses (907) and conv ersion fr om
-terminal Gln to pyroGlu (815). During the digestion process in-
olving trypsin, proteomics studies have often reported the for-
ation of semi-tryptic and nonspecific peptides besides cleav a ges

fter Arg or Lys residues [ 55 ]. T herefore , some of our nonspecific
eptides could have resulted from the digestion step, but we can-
ot rule out that nontryptic peptides were naturally present on
ur stored grains, resulting from residual enzymatic activities. 

Ammonia losses are neutral losses commonly triggered by CID
pon creating b and y ions and can be detected by high-resolution
ass analysers such as FTMS instruments [ 56 ]. C-terminal Arg or

ys of tryptic peptides often leads to abundant y ions with ammo-
ia loss [ 57 ] as well as b ions specific enough to detect the pres-
nce of Gln, Asn, His, Lys, and Ar g r esidues [ 56 ]. Pyr oGlu formation
s a common cyclization side reaction of Glu and/or Gln residues
n peptides and proteins that occurs when those residues are lo-
ated at the N-terminus and under slightly acidic conditions [ 58 ],
uch as our experimental conditions; therefore, this PTM could
lso be a process artefact. Other frequent PTMs in our study were
-terminal ethylation (265 occurrences); deamidation (147 occur-
 ences); guanidylation (141 occurr ences), the latter of whic h could
av e been trigger ed during pr otein r esuspension in Guanidine-
Cl solution as discussed in [ 37 ]; and oxidation of Met (100 oc-
urrences) ( Supplementary Table S2 ). 

Numer ous PTMs hav e been identified in plants [ 52 ] and ce-
eals in particular [ 59 ], including barley [ 60 ] and wheat [ 2 , 61 ,
2 ]. Deamidations of glutamine residues in glutenins have been
eported [ 5 ], along with C-terminal loss of tyr osine, potentiall y
acilitating protein sorting during seed maturation [ 2 ]. Starch
ontent and stor a ge pr oteins ar e pr ominent in wheat gr ain;
TMs involved in starch quality have been reviewed [ 63 ]. Our
tud y lists n umer ous potential PTMs; this warr ants mor e ex-
eriments to validate them and decipher their role in LMA re-
ponse. Futur e pr oteomics experiments should endeavour to ex-
lor e the r elationship between structur e and functionality of
luten proteoforms arising from k e y PTMs in response to the LMA
henotype. 

inking LC-MS1 and LC-MS2 data to annotate quantities
ith identities 

C-MS1 files r esolv ed 32,336 r epr oducible clusters, whic h had to
e matched to 29,908 clusters from LC-MS2 data files. Using tol-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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Table 1: Experiment summary. 

Items quantified Occurrences 

Number of wheat genotypes 858 
Number of wheat samples 4,061 
Sampling years 8 (2012–2019) 
Trait (LMA) 1 
Digestion types 1 
Number of r epr oducible LC-MS1 files 3,990 
Number of LC-MS1 peaks 137,669 
Number of r epr oducible LC-MS1 clusters 32,336 
Cluster size range 2–10 
Cluster c har ge r ange 2–7 
Cluster m/z range 300.13–1,921.55 
Cluster mass range 598.26–6,527.06 
Base peak range 120–520,083 
Number of clusters with peptide identity 5,414 
Number of identified accessions 8,044 
Range of peptides/accession 1–64 
Range of accessions/peptide 1–212 
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erances of 20 ppm for m/z and mass and 1 minute for retention 

times, 16,874 (52%) peptide clusters were matched across both 

datasets, of which 5,414 bore peptide identification results . T hese 
identified peptides matched 8,044 T. aestivum protein accessions. 
Our experimental results are summarised in Table 1 ; number of 
identified peptide numbers aside, they compared well with our 
pr e vious findings during method optimisation [ 37 ]. 

Our strategy was to consider all 8,044 protein hits identified 

from the 5,414 sequenced peptides irr espectiv e of their homology.
We thus turned the wide table of 5,414 peptides × 212 protein ac- 
cessions into a long table containing 32,347 rows of peptides as- 
signed to unique protein entries and replicated the quantitative 
data accordingly for statistical analysis purposes . T he list of all 
identities is ca ptur ed in Supplementary Table S3 . Up to 64 unique 
peptides matched a particular protein with an average of 4 pep- 
tides per hit ( Supplementary Fig. S5A, B ). 

A gi ven pe ptide matched to up to 212 protein accessions with 

an av er a ge of 6 hits per peptide (Cluster_29,452, VLQQLNPCK,
Supplementary Fig. S5C, D ). This mirr or ed the high fr equency 
of homoeologous proteins in the hexaploid wheat samples ex- 
pr essed fr om 3 similar subgenomes, A, B, and D [ 64 ]. Another 
compounding factor was that wheat protein accessions were 
cr eated fr om genomic sequences, r esulting in m ultiple pr otein 

entries bearing identical sequences but arising from different 
gene accessions [ 2 ]. This created, on one hand, protein identi- 
ties labelled as “fr a gments” despite having a complete coding re- 
gion and, on the other hand, other entries lacking this tag de- 
spite having an incomplete coding region ( Supplementary Table 
S3 ). Finall y, the v ast number of PTMs identified here also con- 
tributed to boosting hits against a particular peptide AA se- 
quence . T he most dominant wheat grain proteins are storage 
pr oteins suc h as gliadins and glutenins, which featured promi- 
nently in our proteome ( Supplementary Fig. S5E , Supplementary 
Table S3 ), despite the fact that their low Lys/Arg content makes 
them less prone to trypsin digestion [ 2 ]. Other major pro- 
teins comprised histones , beta-D-glucosidases , and ubiquitin.
This list of identified proteins compared well with our pre- 
vious methodological work [ 37 ]. Other recent studies on ma- 
ture wheat seed proteome using gel-based or gel-free tech- 
nologies also published a comparable list of protein identities 
[ 65–67 ]. 
pplication to a wheat industry problem: late 

a turity alpha-am ylase (LMA) 
y unr av elling the genetic, bioc hemical, and physiological mec ha-
isms that lead to LMA expression, scientists strive to understand
nd eliminate LMA from wheat breeding programs [ 35 ]. Surpris-
ngly, postgenomics is not one of the strategies adopted by re-
earchers to close the biological knowledge ga p, with onl y 1 tran-
criptomics study r egister ed so far [ 18 ]. Our study constitutes the
rst proteomics experiment performed to decipher the mecha- 
isms involv ed. Mac hine learning was performed on the com-
lete dataset to distinguish LMA-susceptible from nonsusceptible 
heat genotypes without success (data not shown). Results from 

tatistics and data mining are described and discussed below. 

etting the quantitative data r ead y f or statistical analyses 
ssessing the normality of LC-MS1 datasets 

o assess whether our LC-MS1 datasets following the correction 

nd z -transformation steps were normally distributed, we plot- 
ed the data as histogram and boxplot. We further performed the
onparametric 1-sample K olmogoro v–Smirno v (K-S) test [ 68 ] well
uited to analysing big data [ 69 ]. Both histogram and boxplot of
he corrected data were asymmetrical, with most values being on
he low range ( Supplementary Fig. S6A, B ), which revealed that
his dataset was not normally distributed. This was confirmed by
he high K-S statistics (D) of 0.41 and a very low P value ( < 2.2 e 16 ).

Using the z -transformed data, the histogram and boxplot were 
ore symmetrical ( Supplementary Fig. S6C, D ). Whilst the K-S

tatistics (D) was reduced to 0.27, it was still too high to conclude
o normality. Even though we did not achieve a Gaussian distribu-
ion by standardising the data, we managed to make it more even,
hic h impr ov ed statistical anal yses for biomarker discov ery. 

artial least squares of unbiased samples to select a mean-
ngful set of LMA-r esponsi v e pe ptides 

nal ysing suc h a lar ge dataset (3,990 columns × 32,337 r ows)
as computationally taxing, necessitating extensi ve d well times 

o finalise statistical analyses and often triggering Genedata sever 
rashes due to out-of-memory failures despite recent upgrades.
onsequentl y, we de vised a str ategy to select a subset of r ele v ant
eptides via the supervised cluster method partial least squares 

PLS). Using the 934 unbiased samples and all 32,337 peptides (in-
luding Cluster_AAA), we executed a PLS analysis with LMA trait
s a response . T he score plot of the first 2 components sho w ed
hat the PLS successfully pulled out the grain samples exhibiting
igh LMA activities ( Supplementary Fig. S7A ). 

The corresponding loading plot allo w ed us to categorise pep-
ides according to their contribution to the PLS model via
heir Variable Importance in Pr ojection (VIP) scor es . T he most-
ontributing peptides (i.e., exhibiting the highest VIP score) 
ere in the plot area equivalent to that of high LMA samples

 Supplementary Fig. S7B ). 
VIP scores indicated the importance of each variable (peptide) 

n the projection used in the PLS model. Peptide VIP scores were
alculated as weighted sums of the squared correlations between 

he PLS components and the original peptides; weights were in-
err ed fr om the percenta ge v ariation explained by the PLS compo-
ent in the model [ 70 ]. VIP scor es gr eater than 0.5, 1.0, and 1.5 seg-
egated 14,440 (45%), 7,252 (22%), and 2,996 (9%) peptides, respec-
iv el y. By setting up 3 VIP score thresholds of increasing stringency,
e thus created 3 subsets of peptides of decreasing sizes that

ould be used in more computationally demanding processes. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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heat subsampling to create an unbiased dataset and
r ansforming LMA tr ait profile to ac hieve normal distribu-
ion 

n the 3,990 r epr oducible wheat samples, 3,773 featur ed LMA
easurements that ranged from 0.04 to 7.95 U/g ( Supplementary

able S1 ), albeit mostly on the low scale with 88% of the values
ecording less than 0.2 U/g (Fig. 4 A), whic h corr esponds to the 300-
econd r eceiv al thr eshold of FN [ 14 , 19 ]. 

Our range far exceeded those reported earlier, spanning either
.08 to 0.67 U/g across 33 spring wheat cultivars grown across
8 field sites [ 71 ], 0.023 to 1.417 U/g over 39 v arieties gr own un-
er controlled and triggering LMA conditions [ 19 ], or 0.002 to
.977 U/g among 196 genotypes from 3 experimental locations
 15 ]. We chose a threshold of 0.17 as a tipping point to delineate
etween grain samples displaying either low (3,306 samples) or
igh (467 samples) alpha-amylase activity. The LMA profiles below
nd above this arbitrary value sho w ed a slow gradual increase of
nzyme activity up to 3.2 units where datapoints became more
cattered (Fig. 4 B, C). Because the LMA distribution was signifi-
antl y ske w ed to w ar ds lo w values and to r estor e balance to the
r ait pr ofile, we r etained all the wheat samples with an LMA abov e
.17 (467 samples) and r andoml y selected 467 samples (out of
,306) for which LMA fell below this thr eshold. The LMA pr ofile
f this unbiased subset of 934 samples (Fig. 4 D) was very similar
o the complete distribution (Fig. 4 A). 

When LMA measur ements wer e plotted as a histogr am, it con-
rmed the skewness to w ar ds lo w activities and highlighted that
ost values fell between 0.068 and 0.203 U/g (Fig. 4 E). A nat-

ral logarithm transformation did not make the data Gaussian
Fig. 4 F), nor did other logarithmic bases (data not shown). A bi-
ary logarithm function was used to transform LMA data to as-
ertain the significant negativ e corr elation with FNs [ 15 , 19 ]. FNs
nferior to 300 seconds, which is the commercial trade cutoff

anifesting significant alpha-am ylase acti vity, corresponded to a
og 2 LMA value of −3 [ 19 ]. In our work, an inverse function nor-

ally distributed LMA values, albeit as a slightly asymmetrical
ell curve (Fig. 4 G). This INV(LMA) data were further standardised
centr ed ar ound zer o and scaled down to compar able v ariance)
hen it was incor por ated at the peptide le v el, whic h did not com-
romise its Gaussian distribution (Fig. 4 H). 

redicting LMA missing values 

ut of the 3,990 r epr oducibl y pr ocessed gr ain samples, 217 wer e
ot measured for LMA. We emplo y ed a univariate PLS regression
trategy to impute them. Using our 2,996 peptide set with the
ighest VIP scores, we tested various PLS regression models (data
ot shown) on a random selection of 179 samples out of the 934
nbiased sample set, which ranged from 0.5 to 4.9. This testing
et was analysed against the remainder of the unbiased set (755
amples). The best r egr ession model utilised 20% of the v alid v al-
es and 20 latent factors; it predicted the 179 tested values with
3% accuracy ( Supplementary Fig. S8A ). 

This model was not accurate for small LMA values with an R 

2 

f 6%, e v en imputing negativ e v alues ( Supplementary Fig. S8B ).
et, it was 98% accurate for LMA measurements greater than
.17 U/g ( Supplementary Fig. S8C ). It was more critical to faith-
ully estimate high LMA values given that it was the criterion for
rain soundness; our PLS regression (PLSR) model fulfilled this. We
pplied the model’s parameters to predict the 217 LMA missing
 alues a gainst the unbiased set of 934 samples; the imputations
 anged fr om −0.29 to 0.63 U/g ( Supplementary Fig. S8D ). The neg-
tiv e v alues wer e conv erted to zer os. LMA pr edictions ar e r eported
n Supplementary Table S1 . 
The simplest method for imputing missing data relied on
ingle-v alue imputation, suc h as the mean [ 72 ], whilst more
omplex methods were based on regression [ 73 ] or K-nearest
eighbours (KNN), which estimates a missing data point using
istances calculated from its most similar neighbours [ 74 ]. In-
ented in 1966 [ 75 ], PLS regression has become very popular no-
ably in the fields of bioinformatics [ 76 ] and spectroscopy [ 77 ].
engsih and colleagues [ 78 ] demonstrated that while compu-

ation times increased with the proportion of missing data, up
o 30% missing values could be imputed using PLSR. In our
tudy, LMA was the single trait provided to analyse LC-MS1
ata. Not imputing missing LMA measurements meant that 5.4%

217/3,990 samples) of our dataset would have been useless;
her efor e, it was a worthwhile effort. Along with PLSR, we have
lso tested m ultiv ariate linear r egr ession (MLR), univ ariate pol y-
omial r egr ession, and KNN imputation by v arying se v er al pa-
 ameters, including v alid v alue percenta ge, number of latent fac-
ors, number of parameters (for MLR), and distance computa-
ion and number of K (for KNN), albeit without success (data not
hown). 

ncorpor ating LMA tr ait at the pe ptide lev el for biomarker
iscov er y 

ecause we only had a single trait to make biological sense of our
ig data, we introduced all 3,990 LMA values (including the pre-
icted v alues), whic h c har acterised wheat samples at the peptide

e v el by transposing it and renaming “Cluster_AAA.” This added
 extra row to our dataset of 32,336 peptides to make a final ma-
rix of 3,990 columns (wheat samples) and 32,337 rows . T his wa y,
e could a ppl y statistical anal yses that would gr oup peptides that
ehav ed similarl y or conv ersel y to our LMA tr ait, ther eby facilitat-

ng biomarker discovery. To permit the comparison between LMA
nd grain peptides, we first needed to normalise and standardise
MA values prior to their transposition. 

Having LMA incor por ated with wheat gr ain peptides (as Clus-
er_AAA) further helped us assess the r ele v ance of the statistical
ests carried out by validating anticipated results. For instance,
hen performing a corr elation anal ysis with LMA, as expected,
luster_AAA ac hie v ed a positiv e corr elation of 1. In another in-
tance, when executing a 1-factor linear model with LMA as a co-
ariate, Cluster_AAA was confirmed to yield a q value of 0. Finally,
hen performing m ultiv ariate clustering anal yses (hier arc hical

lustering analysis [HCA], self-organising map [SOM], k-means),
his strategy assisted us in finding peptides with profiles similar
o that of Cluster_AAA. 

tatistical analyses to discover LMA-responsive biomarkers
ig data produced by gene expression studies are too large to anal-
se by mere sorting in spreadsheets or plotting on few charts. Mul-
ivariate data analyses such as clustering and correlating meth-
ds are required to make sense of the data [ 79 , 80 ]. Yet, as helpful
s these m ultiv ariate anal yses ar e, they ar e not as statisticall y r o-
ust as uni- or bivariate analyses [ 79 ] to test the relationship be-
ween peptides and LMA. We thus performed a few uni-, bi-, and
 ultiv ariate anal yses to explor e our lar ge dataset a gainst our sin-

le LMA trait. 

nsupervised m ulti v ariate clustering anal yses (SOM, k-
eans, HCA) for pattern recognition and peptide profiling

f LMA phenotype 

s m ultiv ariate anal yses handle integr al datasets and iter ativ el y
mpute many statistics, they incur heavy computational costs.
uffering multiple Genedata server crashes, we could only ap-
l y suc h methods to a subset of our data. Using the unbiased set

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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Figure 4: Profiles of LMA measurements for each wheat sample sorted by increasing values illustrated as scatterplots (A–D) and histograms (E–H). (A) 
Scatterplot of LMA values assayed in 3,773 wheat samples. (B) Scatterplot of LMA values less than 0.17 U/g in 3,306 wheat samples. (C) Scatterplot of 
LMA values equal to or greater than 0.17 U/g in 467 wheat samples. (D) Scatterplot of LMA values in unbiased set containing 934 samples (see Section 
2.8.2 for explanation). (E) Histogram of LMA values assayed in 3,773 wheat samples along 30 bins. (F) Histogram of LMA values assayed in 3,773 wheat 
samples and transformed using a natural logarithm (LN) function along 30 bins. (G) Histogram of LMA values assayed in 3,773 wheat samples and 
transformed using an inverse function (1/LMA = INV(LMA)) along 30 bins. (H) Histogram of LMA values assayed in 3,773 wheat samples and 
transformed standardising the inversion function (STD(INV(LMA))) from panel G along 30 bins. 
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of 934 wheat samples and the list of 7,254 peptides with LMA- 
r esponsiv e VIP scor es abov e 1, we hav e performed 3 unsuper- 
vised clustering analyses , SOM, k-means , and di visi ve HCA. Be- 
cause we had incor por ated the LMA tr ait at the peptide le v el as 
Cluster_AAA, we could look for groups resulting from these analy- 
ses, which assembled peptides behaving similarly to Cluster_AAA. 
Clustering or cluster analysis corresponds to a set of learning 
methods grouping observations that share similar characteristics. 
Within a set of related values of the variables analysed, these 
methods find feature patterns that generate clusters that group 

similar observations [ 81 ]. Unsupervised clustering analyses are 
commonly emplo y ed in gene expression studies [ 80 ]. 

In our experiment, the SOM model yielded 48 groups compris- 
ing 8 to 555 peptides with mean distances from 0.09 to 0.80. The 
group including Cluster_AAA (4,3) contained 26 biomarker pep- 
tides; its distance from the group centre ranged from 0.00 to 0.83 
with a mean of 0.38 and an SD of 0.31 ( Supplementary Table S4 ).
Cluster_AAA stood 0.70 from the group centre. While SOM has 
been widely used in exploratory data analyses in diverse fields 
[ 82 ], it has only been applied to proteomics in the context of ani- 
mal cell culture [ 83 ], GPI anchor prediction [ 84 ], transmembrane 
helix predictor [ 85 ], protein conformation [ 86 ], or protein–protein 

interaction [ 87 ] but never in plant grains. 
We tested different number of neighbours (k) and observed that 

the larger k, the greater the variance explained by the k-means 
model (data not shown). Applying the biggest k possible (20 neigh- 
bour groups) produced a model that overall explained 71.1% of the 
v ariance. Neighbour gr oup 14 with a variance of 35% contained 93 
biomark er pe ptides spanning a distance of 0.12 to 0.94, including 
Cluster_AAA, whose distance was 0.79 ( Supplementary Table S4 ).
K-means clustering was well adopted by the proteomics commu- 
nity to group gene products of similar profiles, notably in plants 
such as bamboo [ 88 ], nightshade [ 89 ], or gr a pe [ 90 ] but, to our
knowledge, not in wheat. In de v eloping corn gr ains, coordinated 
r otein expr ession associated with differ ent functional categories 
as r e v ealed by a k-means clustering anal ysis [ 91 ]. 
We successfully applied an agglomerative 2D HCA to cluster 

oth samples and peptides (data not shown) but failed to select
ndividual cluster groups to retain the one hosting Cluster_AAA.
nstead, we performed a di visi v e HCA, whic h order ed the peptides
nto clusters that could then be c hosen individuall y. Cluster_AAA
elonged to a group of 33 biomark er pe ptides (order 1915–1947,
upplementary Table S4 ). We could not find in the liter atur e an y
roteomics study that resorted to di visi ve HCA; conv ersel y, clas-
ic (a gglomer ativ e) HCA cr eated in 1998 [ 92 ] and its extension
D HCA [ 93 ] are widely used by the community, including wheat
cientists [ 94–98 ]. Using a gglomer ativ e HCA on two-dimensional
lectr ophor esis–r esolv ed pr oteins, T asleem-T ahir distinguished 9
xpr ession pr ofiles thr oughout wheat gr ain gr owth, fr om anthe-
is to maturity [ 98 ]. In their gel-fr ee iTRAQ anal ysis of earl y de-
eloping wheat endosperms (from 7–28 days postanthesis [DPA]),
a and colleagues emplo y ed HCA to delineate star c h pr ocesses

 96 ]. Similarly, 5 major protein expression patterns across devel-
pmental stages 4–12 DPA were outlined using HC A [ 99 ]. HC A was
lso emplo y ed to explore the change in expression of embryo and
ndorsperm proteomes during wheat seed germination [ 100 ]. In
heir compr ehensiv e pr oteomics and pr oteogenomics stud y of k e y
e v elopmental sta ges of 24 wheat or gans and tissues, Duncan and
olleagues sho w ed that HCA faithfully assigned samples to 3 main
lusters corresponding to photosynthetic tissues (lea ves , bracts ,
nd other green organs); non-photosynthetic, developmental, and 

 epr oductiv e or gans (pollen, stem, anther, coleoptiles , roots , im-
ature spike); and grain (developmental series, embryo, pericarp,

ndosperm) [ 94 ]. Mor e r ecentl y, Cao and collea gues discriminated
iffer entiall y expr essed pr oteins in 2 wheat lines using HCA [ 65 ].
ll these r eports demonstr ate that genotype , sample , and tissue
pecificity of protein profiles can be highlighted using unsuper- 
ised clustering tools. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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i v ariate anal yses (corr elation and linear r egr ession) to
onsider each individual peptide against LMA 

s biv ariate anal yses handle onl y 2 v ariables at a time, they ar e
ot computationally taxing. We were thus able to a ppl y suc h
ethods on our complete dataset comprising 3,990 samples and

2,337 peptides (including Cluster_AAA). Due to the quantitative
ature of the LMA trait, we could not perform an analysis of vari-
nce (ANOVA). We have thus carried out 2 bivariate analyses: a
orrelation and a linear model. Because we had incorporated the
MA trait at the peptide level as Cluster_AAA, we could assess
he validity of our analyses based on the outputs produced by the
atter. 

In our experiment, correlation coefficients ranged from −0.07
o 0.3, except for Cluster_AAA, which as expected attained abso-
ute positiv e corr elation with an R 

2 of 1 ( Supplementary Table S4 ).
ur coefficients do not show a strong relationship between pep-

ide profiles and LMA. We arbitrarily chose an absolute value of
.15 to retain any LMA-associated peptide, which excluded all
egativ el y corr elated featur es but included 28 positiv el y corr e-

ated biomarkers. Correlation analyses are frequently emplo y ed
n proteomics to unravel proteins underpinning particular sample
ypes , conditions , or traits [ 101 ], and wheat is no exception [ 102–
10 ]. Concordance of transcript and protein profiles in wheat grain
as assessed via corr elation coefficients, whic h incr eased with

eed maturity [ 103 , 109 ]. Grain yield and grain protein content
er e observ ed to be negativ el y corr elated, yet both also positiv el y

orrelated to nitrogen availability in a wheat genotype-specific
anner [ 111 ]. 
The q value for the linear regression slope indicates whether

hanges in the explanatory variable are significantly linked with
hanges in the outcome. In our w ork, w e looked for significant re-
ationships between the 32,337 peptides (including Cluster_AAA)
nd the inverse function of LMA, which assumed normality as
 co variate factor. T he q v alues r anged fr om 6 × 10 −8 to 1, ex-
ept for Cluster_AAA, which exhibited a q -value of 0, as ex-
ected ( Supplementary Table S4 ). We arbitr aril y a pplied a 5%
 -v alue thr eshold to consider 494 biomark er pe ptides whose
 hange in expr ession pr ofiles was significantly linked to varia-
ion in LMA measurements. Linear mixed models are regularly
mplo y ed b y the pr oteomics comm unity for biomarker discov-
ry a ppr oac hes [ 112–115 ] but, as far as w e kno w, not on wheat
rains. 

ompiling all statistical analyses to generate a list of can-
idate peptides and binning LMA values for biomarker pro-
ling and t test 

n this stud y, LMA-responsi ve biomark ers were selected based on
he statistical analyses presented above and had to fulfil at least
ne of the following criteria: belong to the SOM group (4,3), be in-
luded in k-means group 14, bear a di visi ve HCA order from 1915
o 194, exhibit a correlation R 

2 greater than 15%, or display a q
alue inferior to 5%. This created a list of 531 biomarkers, most
f which fulfilled several statistical criteria and all of them ex-
ibiting a VIP score for the LMA-responsive PLS greater than 1
 Supplementary Table S4 ). 

When attempting to chart the biomarker profiles, we were
aced with the challenge of plotting 3,990 datapoints per gene
r oduct, whic h ruled out typical line gr a phs, scatter plots, his-
ograms , or utilising o versized illegible heatmaps to represent all
ata points sim ultaneousl y (data not shown). We consequently
dopted a data reduction strategy involving binning the samples
nto 8 or 2 arbitrary bins based on their LMA values. 
The 8-bin profiling comprised all 3,990 samples sorted by in-
r easing LMA measur ements and partitioned into 8 groups of
qual sample size ( ∼499 samples/bin, Supplementary Table S1 ).
lotting the av er a ge of eac h bin as a line c hart faithfull y main-
ained the pattern of LMA measur ement observ ed in Fig. 4 A with
 flat profile for the first 7 bins follo w ed b y a steep increase in the
ast bin ( Supplementary Fig. S9A ). 

This profiling strategy was not used for statistical purpose but
r ov ed v ery useful during data mining of all identified 5,514 pep-
ides upon using tools that offered quantitative charting such as
athway Tools and Circos (see below). 

The 2-bin profiling only featured the 934 unbiased samples sep-
rated according to an arbitrary 0.17-U/g threshold (Supplemen-
ary Table S1). Plotting the av er a ge of eac h bin as a histogram
learly displayed a marked quantitative increase from bin 1 to
in 2 ( Supplementary Fig. S9B ). This simple r epr esentation tool
llo w ed us to categorise the 531 biomarkers as being either upreg-
lated when bin 2 was taller than bin 1, denoting an accumulation

n samples with LMA > 0.17 U/g, or downregulated when bin 1 was
aller than bin 2, denoting an accumulation in samples with LMA
 0.17 U/g. 
T his o v ersimplified binning sc heme allo w ed us to perform one

ast statistical analysis on the 532 biomarkers (including Clus-
er_AAA) using the unbiased set of 934 samples—namely, a Stu-
ent t test with an effect size. We generated a volcano plot based
n the P values and the directed effect size (i.e., fold change),
hic h clearl y delineated the biomarkers according to their accu-
ulation in bin 1 or 2 (Fig. 5 A). 
Mor e LMA-r elated biomarkers wer e upr egulated (325) than

o wnregulated (206) accor ding to our 2-bin profiling. This was ex-
lained by the fact that all our statistical analyses, bar the PLS
nd linear model, favoured peptides behaving similarly to Clus-
er_AAA, a proxy to LMA actual measurements. Some exemplary
atterns are displayed as histograms with error bars and com-
ared to that of Cluster_AAA to expose the assortment of up- and
ownr egulation pr ofiles (Fig. 5 B). Because the 2-bin r epr esentation
as very reductive, we also present a heatmap of all the intensi-

ies of the 532 biomarkers (including Cluster_AAA) sorted by di-
ected effect size (i.e., fold change) in each of 934 unbiased wheat
amples organised by HCA cluster order (Fig. 5 C). No strong dif-
er ential expr ession tr end a ppear ed a part fr om a horizontal gr a-
ient of colours from left to right denoting the change from up-
o downregulation of the biomarkers and a swap in colour ver-
ically, suggesting that samples were efficiently classified by the
CA. Despite mer el y featuring a small subset (934 × 532) of our
lobal dataset (3,990 × 32,337), the heatmap looked noisy and re-
ained very hard to interpret due to an excessive number of data

oints (469,888 quantities) and the lack of a visually striking pat-
ern. This further reinforced the need to devise simple r epr esen-
ations tools such as a volcano plot when reporting results on big
ata. 

To our kno wledge, v olcano plots have not been widely adopted
y the proteomics community, let alone wheat grain scientists
ith only 1 report so far [ 67 ], unlike heatmaps, which are fre-
uentl y r eported in pr oteomics publications [ 116 ]. In our work,
e sorted the 531 biomark er pe ptides according to their 2-bin fold

hanges and wheat sample based on their LC-MS molecular sim-
larity (Fig. 5 C). Zang and collea gues hav e adopted heatma ps to
rofile the proteins underpinning seed tissue organogenesis [ 117 ].

ining biomarkers to make biological sense of the data 

mong the 531 biomarkers that exhibited significance le v els in r e-
ponse to LMA measurements, 390 were identified by LC-MS2 and

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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A

B

C

Figure 5: Volcano plot from t test and heatmap of up- and downregulated 531 biomarkers using the unbiased set of 934 wheat samples. (A) Volcano 
plot of the 325 upregulated and 206 downregulated biomarkers. Numbers position exemplary peptides plotted in panel B. Cluster_AAA with 
coordinates ( −1.2, −23.5) is an outlier in the upper left corner and is not featured for display purpose. (B) Mean histograms along 2 bins of clusters 
illustrating up- and downregulation patterns and located with numbers on panel A. Standard errors are depicted with the vertical bars. Bin 1 
corresponds to 467 samples with LMA < 0.17 U/g and bin 2 corresponds to 467 samples with LMA > 0.17 U/g. (C) Heatmap corresponding to the volcano 
plot in panel A with peptides sorted according to directed effect size and samples sorted based on HCA cluster order. 
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atched 3,798 protein accessions ( Supplementary Table S5 ). This
ist included the most abundant and homoeologous pr oteins suc h
s the prominent storage and starch-related proteins , gliadins ,
lutenins , a venins , and starch synthases as well as constitu-
iv e pr oteins suc h as histones, pr otein disulfide isomer ases, and
ubulin, or else str ess-r elated pr oteins suc h as heat shoc k and
4–3–3 proteins. We did not identify any peptides belonging to
MA in this stud y, lik ely because we did not target high LMA sam-
les. To visualise our peptides of interest in a biological context,
e have undertaken a series of data-mining steps . We ha ve also
ade use of our 8- or 2-bin profiling strategy when using quan-

itativ e ma pping tools . T he 2-bin pr ofiling is her eafter r eferr ed to
t as up- or downregulated gene products . T he data-mining tools
resented below suited wheat proteins. Many other in silico tools
r e fr eel y av ailable online, whic h we encour a ge the comm unity
o emplo y; ho w e v er, w e w ould not recommend using String or
lantReactome, which in our hands yielded very little results (data
ot shown). 

rotein descriptions and GO terms from UniProtKB 

ut of the 8,044 identities, 7,939 could be mapped in UniProtKB,
hic h fla gged 6,457 GOMF terms , 3,769 GOCC terms , 3,991 GOBP

erms, and 1,385 unique protein names (Supplementary Table S3).
o w er BI pr ov ed v ery useful to mine identified peptides and simul-
aneously plot some of their features as histogram, scatterplot, pie
hart, violin plot, tree map, and w or d cloud into a single dashboar d
 Supplementary Fig. S10A ) and then drill down on some aspects,
or instance, inhibitor ( Supplementary Fig. S10B ) or deamidation
 Supplementary Fig. S10C ). 

The protein names were turned into w or d clouds and the
ost frequent GO terms for each category were presented as

r ee ma ps. Standing out fr om the cloud wer e the w or ds “protein,”
containing, ” “domain, ” “subunit, ” “glutenin, ” “LMW, ” “molecular, ”
nd “weight,” confirming the pr eponder ance of LMW glutenin
ubunits and domain-containing proteins such as AAI domain-
ontaining protein homoeologous to alpha-amylase inhibitors
 Supplementary Fig. S11B –D ). Also predominant among identified
r oteins wer e the w or ds “alpha” and “gliadin.” Wor d cloud is a
ext-processing method that offers an efficient and compact vi-
ualization of the most frequent terms in a text [ 118 ], yet it sel-
om appears in the scientific liter atur e. It has been cle v erl y used
o categorise moonlighting proteins [ 119 ] or depict the history of
OMF terms [ 120 ], but not in the wheat pr oteome. Repr esent-

ng our 390 identified LMA-r esponsiv e biomarkers as w or d clouds
 e v ealed that upregulated peptides belonged predominantly to
lpha-gliadins, wher eas downr egulated peptides mostl y matc hed
MW glutenins (Fig. 6 A, F). 

Rather than adopting a pie chart or histogram to plot the
O terms of all identified proteins as commonly reported, we
pted for tree maps, which were initially implemented for mi-
r oarr ay data [ 121 , 122 ] and later integrated into the web server
EVIGO [ 123 ] used during our wheat method optimisation [ 37 ].
or all 8,044 identified proteins in the present study, we gener-
ted the tree maps for all 3 GO classes using Po w er BI as it af-
orded more display options than REVIGO. The most frequent bio-
ogical pr ocesses (GOBP) wer e “pol ysacc haride catabolic pr ocess”
5,643), “starch biosynthetic process” (3,688), “nucleosome assem-
l y” (3,626), “pr otein folding” (2,950), and “pr otein r efolding” (2,499)
 Supplementary Fig. S11E ). “Cytoplasm” (11,888), “extracellular re-
ion” (9,964), and nucleus” (7,478) were the most common cellu-
ar components (GOCC); recording 3,687 entries, the amyloplast
as listed in the sixth position ( Supplementary Fig. S11F ). With
7,308 occurrences, the “nutrient reservoir activity” was by far
he most r ecurr ent molecular function (GOMF), follo w ed b y “ATP
inding” (7,012) and “serine-type endopeptidase inhibitor activ-

ty” (5,811) ( Supplementary Fig. S11G ). The list of dominant pro-
eins and associated GO terms in this work pointed to a stor-
 ge or gan suc h as the wheat seed and confirmed what has pr e-
iousl y been r eported in wheat gr ain [ 37 , 109 , 117 , 124–126 ]. All
O terms against the 390 identified LMA-related biomarkers are

isted in Supplementary Table S5 . The 207 upregulated biomark-
rs came mostly from cytoplasmic and chloroplastic proteins in-
olv ed in pr otein tr anslation and folding, with ATP binding ac-
ivities (Fig. 6 B). The 183 downregulated peptides pr edominantl y
elonged to cytoplasmic and cytosolic proteins acting in protein
olding and TCA cycle and bearing ATP binding activity (Fig. 6 G). 

EGG to r etriev e Pathw ay, Brite, and Module names 

rom the 8,044 fasta sequences, 677 unique KEGG Orthologs
KOs) could be r etrie v ed, whic h ma pped to 327 KEGG path-
a ys , 41 brites , and 117 modules and annotated 11,888 peptides

 Supplementary Table S3 ). Identified proteins belonged to 179
26%) KEGG metabolic pathways with 109 (16%) KOs involved in
he biosynthesis of secondary metabolites ( Supplementary Fig.
12A ), including sugar-related enzymes such as amylases, sucrose
ynthases , hexokinases , fructokinases , and beta-glucosidases . 

Half of KOs pointed to enzymes (336), then exosomes (71, 10%),
ibosomes (62, 9%), and c hr omosome-associated pr oteins (60, 9%)
 Supplementary Fig. S12B ). Primary metabolisms such as gly-
olysis , TC A cycle , and gluconeogenesis were prominent KEGG
odules ( Supplementary Fig. S12C ). Unexpectedly, 62 KOs (ex-

lusiv el y ribosomal proteins) were associated with the “coron-
 virus disease—COVID 19” pathwa y . Similarly , many proteins were
inked with other human-related afflictions (e .g., sclerosis , neu-
 odegener ation, and P arkinson, Huntington, Alzheimer, and prion
iseases; Supplementary Fig. S12A ). This demonstrated the lim-

tations of using generalist databases like KEGG that are mostly
 ele v ant to human r esearc h to map plant proteins. While KEGG
lant interface exists [ 127 ], plant-related datasets are dispersed
hroughout the whole KEGG server so that one cannot exclusively

ine plant-specific entries . T here is a need for future KEGG it-
r ations to r estrict searc hes to r ele v ant taxa. Notwithstanding
onplant hits , pathwa ys symptomatic of grains were accurately
a ptur ed in this experiment such as the carbon metabolism (42,
%), gl ycol ysis/gluconeogenesis (25, 4%), and the starch and su-
rose metabolism (18, 3%) ( Supplementary Fig. S12D –F ). Despite
he constr aint r aised abov e, KEGG r emains a database widely em-
lo y ed to explore plant proteomes, including wheat grain pro-
eins [ 37 , 128–130 ]. Mapping our 390 LMA-associated biomark-
rs ( Supplementary Table S5 ) highlighted that many upregu-
ated peptides came from ribosomal proteins (Fig. 6 D) while sev-
r al downr egulated peptides belonged to enzymes acting in the
iosynthesis of AAs (Fig. 6 I). 

hin yGO to retrie ve enriched functional categories and
hromosomal positions 

ultiple online tools exist to efficiently mine GO terms, but only a
ew cater for nonmodel species, let alone plants [ 131–133 ]. When
ooking for r ele v ant mining tools during our method de v elopment
ta ge, we r esorted to the AgriGO online pr ogr am, whic h specifi-
ally focused on agricultural species and offered valuable illustra-
ions to display enrichment sets [ 37 ]. Unfortunately, AgriGO server
s no longer a vailable . We ha ve found instead ShinyGO [ 134 ], re-
entl y de v eloped, whic h not onl y sur passed AgriGO in terms of en-
ichment visualisations but also provided wheat protein chromo-
omal positions, desirable for Circos plots. A downside of ShinyGO

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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Figure 6: Data mining of up- and downregulated biomarkers. (A, F) Word cloud of protein names. (B, G) Tree maps of GO terms for BP, CC, and MF 
categories. (C, H) Dot plots from ShinyGO. (D, I) Most significant KEGG pathwa ys , ribosomes for upregulated biomarkers and AA biosynthesis for 
downregulated biomarkers. (E, J) Differ entiall y perturbed pathways (DPPS) fr om P athwa y Tools . 
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was that it did not perform well with UniProt accession IDs, hence 
the pr er equisite to r etrie v e TRAES IDs fr om UniPr otKB. A total of 
6,622 TRAES accessions corresponding to the 8,044 UniProt pro- 
teins were thus retrieved, of which 4,571 could be mapped by 
ShinyGO ( Supplementary Table S6 ). An enrichment analysis en- 
sued and could be visualised as a c hart, tr ee, network, and c hr o- 
mosomal map; density plots and histograms were also produced 

( Supplementary Fig. S13 ). 
The most enriched category was the TCA cycle with a fold en- 

richment in excess of 12.5 and the most significant GO classes 
wer e tr anslation and peptide biosynthesis with an False Discov ery 
Rate (FDR) inferior to e −160 ( Supplementary Fig. S13A, E ). Protein 

folding and ribonucleoprotein complex biogenesis stood out as 
well among the proteins identified in this study ( Supplementary 
Fig. S13B ). Identities cov er ed the whole genome with lo w er den- 
sity ar ound centr omer es ( Supplementary Fig. S13F ). Shin yGO 

and other online data-mining algorithms were employed to pre- 
dict genetic components systems implicated in the plant model 
species Arabidopsis in response to highlight from transcriptomics 
datasets publicl y av ailable [ 135 ]. Our r esults exemplify the r el- 
e v ance of Shin yGO for nonmodel plant species; we could not 
find other cereal reports making use of it, probably due to its 
r ecent emer gence [ 134 ]. A fold enric hment exceeding 200 was 
found among the 207 upregulated peptides from gene products 
involved in protein folding in endoplasmic reticulum (Fig. 6 C),
follo w ed b y gl ycogen metabolism, ener gy r eserv e, and starc h 

biosynthesis. Shin yGO enric hment anal ysis pr oduced v ery dif- 
fer ent r esults for our 183 downregulated peptides, mostly in- 
voking c hr omatin assembl y and r emodeling, nucleosome as- 
sembly and organisation, DNA packaging and conformation 

c hange, and pr otein–DNA complex assembl y and or ganisation 

(Fig. 6 H). 
athway Tools to retrieve differentially perturbed pathways 
ased on 8-bin profiling 

s useful as the pr ogr ams described abov e ar e, they yet do not ac-
ommodate quantitative data, unlike Pathway Tools [ 136 ]. It was
ade available online by the Plant Metabolic Network server and

urating the PlantCyc databases encapsulating 126 plant and al- 
ae species, including BreadwheatCyc [ 137 ]. We could thus display
r otein expr ession data on pathway dia gr ams in a dynamic and

nter activ e way. Using the 6,622 TRAES accessions corresponding
o the proteins identified in this study and the quantitative data
v er a ged along 8 bins, we mapped 1,432 proteins in the T. aestivum
athway Tools website ( Supplementary Fig. S14A ). 

The change in expression profiles along the 8 bins was recorded
nd sho w ed that all peptide quantities v aried acr oss sam-
le groups with multiple trends throughout the whole cellular 
v ervie w ( Supplementary Video SV1 ). As pr e viousl y r eported [ 37 ],
he primary and secondary metabolisms were well cov er ed. Ov er-
ll quantities of homoeologous wheat pr oteins involv ed in TCA
nd glyoxylate cycles declined along 8-bin expression profiles 
 Supplementary Fig. S14B ). 

Also featured was plant hormone biosynthesis ( Supplementary 
ig. S14C ), which was not highlighted in the other exploratory
ools, thus demonstrating the superiority of T. aestivum Pathway 
ools over other databases [ 37 ]. The 8-bin profiling hinted at an
ccumulation of proteins related to auxin, cytokinin, and gib- 
erellin biosynthesis and a reduction of enzymes participating in 

-deoxystrigol, br assinoster oid, and jasmonate synthesis in LMA- 
ich samples. Hormonal response was flagged as one of the bio-
 hemical mec hanisms of LMA expr ession, in particular gibber ellin
nd ABA signalling [ 18 , 21 , 138 ]. Focussing on the ent-kaurene
iosynthesis, expr ession patterns accum ulated in low LMA sam-
les at the initial step of the pathway and diminished in high LMA
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amples at the last step ( Supplementary Fig. S14D, E ). The first
iosynthetic step is controlled by ent-copalyl disphosphate syn-
hase (TaCSP), which was reported to be associated with LMA via
 major locus on wheat c hr omosome 7B, accordingl y r enamed as
MA-1 [ 139 ]. TaCSP (Cluster_22,809 in Supplementary Fig. S13F )
as one of our biomarkers. Even though databases such as Path-
ay Tools mapped TaCSP to the gibberellin metabolism, its func-

ion with this phytohormone was r ecentl y contested, and it was
uggested that high pI alpha-amylase synthesis in the aleu-
one of developing wheat grains would be independent of gib-
erellins during LMA response [ 36 ]. Other biomarkers matching
hytohormone-associated proteins included a cytokinin dehydro-
enase whose decreasing pattern picked up in the bin contain-
ng all the wheat sample registering high LMA (Cluster_24,683
n Supplementary Fig. S14F ) and a r esponsiv e to ABA (Rab) pro-
ein (Cluster_36,748 in Supplementary Fig. S14F ) whose expres-
ion profile closely resembled that of Cluster_AAA. Interestingly,
luster_24,621 with an incr easing expr ession pr ofile belonged to
n unc har acterised pr otein annotated with GO terms “Response
o Auxin” and “Response to ethylene” ( Supplementary Fig. S14F ). 

Because Pathway Tools handles quantitative data, it produced
ists of differ entiall y perturbed pathways (DPPS) for each co-
ort of up- and downregulated biomarkers . Pathwa ys character-

sing wheat grains with high LMA measurements were degrada-
ions of aminobutanoate , glutamate , and stachyose , as well as
iosynthesis of UDP-galactose , UDP-glucose , and sucrose (Fig. 6 E).
PPS-differentiating samples with low LMA activities were AA
etabolisms (A, K, T, and M), rubsico shunt, super oxide r adical

egr adation, starc h biosynthesis , gluconeogenesis , S-adenosyl-M
ycle, and gl ycol ysis (Fig. 6 J). Our method study aside [ 37 ], we
ould not find any other wheat gene expression study utilising
his impr essiv e PlantCyc database. Ho w e v er, work on other plant
pecies has amply demonstrated its value [ 140–145 ]. 

ircos plot to visualise chromosomal positions, expression
rofile, and statistics of identified proteins and biomarkers

n vented o ver a decade ago [ 146 ], Circos plots have proven so valu-
ble to efficiently and enticingly represent qualitative and quan-
itative information that a multitude of emulations have since
risen, including its pac ka ging within the Galaxy server [ 147 ],
hich we took advantage of here. When the IWGSC released the T.

estivum genome and published their findings, the genomic fea-
ur es wer e elegantl y and succinctl y ca ptur ed in a circular plot,
hich highlighted homeologous genes and translocated chromo-

omal regions [ 7 ]. Being infinitely flexible, Circos plots can chart
ny data as multiple concentric circular la yers pro vided the cor-
ect file format is applied. We opted to chart proteins encoded
 y genes w e could locate on the genome (c hr omosomal positions
 etrie v ed fr om Shin yGO anal ysis) and ov erlay their expr ession
rofiles, along with some statistics of candidate LMA-responsive
iomarkers (Fig. 7 ). 

Proteins identified in this experiment aligned with the full
enome , densely co vering each chromosome albeit less so around
entr omeric r egions (Fig. 7 B). Ov er all, expr ession pr ofiles along
-bin accumulated in bins 1–6 corresponding to wheat samples
ith low LMA and decreased in bins 7–8 characterised by high
MA samples (Fig. 7 C). LMA-r elated biomarkers wer e e v enl y dis-
ersed on all c hr omosomes (Fig. 7 D). Plotting their effect size (fold
hanges, Fig. 7 E) outlined that most genome areas hosted both
p- and downregulated biomarkers bar a few exceptions on c hr o-
osomes 4, 6, and 7 for all 3 genomes A, B, and D. Only up-

egulated biomarkers could be seen on chromosome 4A region
00–500 × 10 6 cM and c hr omosome 7A r egion 300–480 × 10 6 
M (replicated on genomes B and D). They matched 3 unchar-
cterised proteins, a 60S ribosomal protein L18a, a glucose-1-
hosphate aden yltr ansfer ase, a pol yaden ylate-binding pr otein, a
4–3–3 protein, and a protein disulfide isomerase ( Supplementary
able S5 ). Conv ersel y, c hr omosome 6A r egion 300–410 × 10 6 cM
replicated on genomes B and D) exclusiv el y located downreg-
lated biomarkers matching a glyceraldehyde-3-phosphate de-
ydrogenase, a glutathione peroxidase, a tripeptidyl-peptidase II,
nd an unc har acterised pr otein. Charting biomarker corr elation
alues with LMA as links failed to isolate stretches of genomic ar-
as specific to LMA-r esponding pr oteins (Fig. 7 I). This could be ex-
lained by the fact that LMA expression in our experiment elicited
 complex metabolic response involving many gene products in-
ependent of their genomic position. LMA is indeed a multigenic
r ait; associated quantitativ e tr ait loci (QTLs) hav e been located
cross all 3 genomes and would contribute to the LMA phenotype
n an independently effective and additive fashion [ 35 ]. 

oncluding remarks 

or the first time, LMA phenotype was explored via proteomics.
ll the differ entiall y r egulated biological pr ocesses highlighted in

his study by the various data mining means have been condensed
nto 1 summarising table and organised into both broad and spe-
ific functional categories ( Supplementary Table S7 ). 

In this w ork, w e observed that grains displaying high alpha-
m ylase acti vities had an acti vated primary metabolism includ-
ng gl ycol ysis , gluconeogenesis , TC A cycle , mechanisms for DNA
nd RNA binding, and pr otein tr anslation. Pr otein folding activ-
ties driven by chaperones and protein disulfide isomerase, as
ell as pr otein assembl y via dimerisation and complexing, were
lso featured. Secondary metabolism was mobilised with the
pregulation of phytohormones and chemical and defence re-
ponses . Furthermore , LMA in voked cellular structures involving
ibosomes , microtubules , and chromatin. Finally, LMA expression
ignificantl y impacted gr ain starc h and other carbohydr ates and
pregulated alpha-gliadins and starch metabolism, while down-
 egulating LMW glutenin, stac hyose, sucr ose, UDP-galactose, and
DP-glucose . T his work demonstrates that proteomics deserves to
e part of the wheat LMA molecular toolkit and should be adopted
y scientists and breeders in the future as part of accelerated
esting pr ogr ams to scr een a gainst this defect. Mor e br oadl y, the
 orkflo w and strategies emplo y ed in the current work could be
dapted to other traits and species as well as sustain proteoge-
omics endea vours . 

aterials and Methods 

 hea t cultiv a tion, sampling, and storage 

he wheat collection of 858 genotypes used in this stud y re pre-
ents a diverse range of cultivars and germplasm sourced through
he Austr alian Gr ains Genebank and r epr esenting worldwide ge-
etic diversity. Wheat was grown in a single location in field trials
t Horsham Victoria from 2012 to 2019 and harvested using a me-
hanical small-plot harvester. 

The thr eshed gr ain was stor ed in sealed containers at 20 ◦C. The
nvironmental conditions (rain and temperature) at the trial site
er e monitor ed thr oughout the gr owing season. No pr eharv est
 ainfall was r ecorded ensuring that any alpha-amylase activity
as nongerminative but associated with LMA. 
The list of wheat samples is supplied in Supplementary Table

1 . 
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F igure 7: Cir cos plot of identified pr oteins and LMA-r esponsiv e biomarkers with expr ession patterns and statistics. (A) T. aestivum karyotype with 
c hr omosome length marked each 10 6 cM and centromeres indicated by the change in shade. LMA is displayed as a c hr omosome to portray the trait’s 
8-bin colour pattern in trace C. (B) Chromosomal positions of all identified proteins as highlights. (C) Profiling of all identified proteins along 8 bins as 
heatmaps. LMA pattern is provided as a reference. (D) Chromosomal positions of all identified LMA-responsive biomarkers as highlights. (E) Volcano 
plot effect size of biomarkers as scatterplot. Red denotes downregulation and green denotes upregulation. (F) Profiling of biomarkers along 2 bins as 
stac ked histogr am. (G) Pr ofiling of biomarkers along 8 bins as stac ked histogr am. (H) Biomarker accession IDs as text labels. (I) Positiv e (gr een) and 
negativ e (r ed) corr elation with LMA as links. Gr een and r ed ta gs under c hr omosomes 4ABD , 6ABD , and 7ABD denote genomic regions exclusive to 
biomarkers up- and downr egulated, r espectiv el y. 
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LMA assay 

T he alpha-amylase assa y was performed using the Megazyme as- 
say according to the pr ocedur e r eported by McCleary and Sheehan 

[ 148 ] on 3,773 grain samples ( Supplementary Table S1 ) in parallel 
to the proteomics w orkflo w. 

The distribution of LMA values was plotted as a histogram 

in Microsoft Excel. Various transformations were performed to 
ac hie v e a normal distribution such as standardisation, log natu- 
ral, log 2, in verse , and standardisation of inversed values (data not 
shown). The transformed values were also plotted as histograms 
to c hec k for Gaussian distribution. 

W hea t gr ain pr ocessing for pr oteomics analyses 

Sample pr epar ation was optimised and thor oughl y described [ 37 ].
Detailed hereafter are technical considerations essential in ef- 
cientl y pr eparing suc h a lar ge volume of samples . T he o v er all
 orkflo w is schematised in Fig. 1 . All sample packages were mixed

or randomisation and assigned a unique number as they were 
rocessed. QR codes on sample bags and tubes were scanned
nd consigned to the Excel spreadsheet using a handheld bar- 
ode scanner (model 1902 GHD-2; Honeywell Australia). All mi- 
r otubes wer e pr elabelled with unique numbers and sample IDs,
oth also consigned to a QR code, using a handheld label maker
PT-E550WVP; Br other) contr olled by the P-touc h editor softwar e
Brother) fitted with 12-mm white laminated tape. 

The gr ains wer e gr ound and the QC contr ol was made as speci-
ed in [ 37 ]. A 20 mg ( ±0.2 mg) aliquot of flour was used for protein
xtraction as described in [ 37 ]. 

Two vials of trypsin/Lys-C mix (100 μg, V5078; Promega) were 
issolved into 1 mL of the resuspension buffer (50 mM acetic
cid) supplied by the manufacturer and k e pt on ice until use to

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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igest 192 wheat samples at a time. Aliquots of 10 μL protein
xtr acts wer e tr ansferr ed into tw o 96-w ell plates (Strata 96-w ell
ollection plate, 350 μL conical pol ypr opylene; Phenomenex), di-
uted 6 times with 50 mM ammonium bicarbonate, and digested
ith 5- μL aliquots of the trypsin/Lys-C solution pr epar ed earlier.
lates were sealed with silicone covers (pierceable sealing mats,
6-square well; Phenomenex) and vortexed for 30 seconds using a
 ac k vortex mixer (MTV1 Multi Tube Vortex Mixer; Ratek) at high
peed. Plates were incubated at 37 ◦C for 17 hours. Volumes of 7
L 10% formic acid (FA)/w ater w ere added to stop the digestion.
n IS ([Glu1]-fibrinopeptide B human, F3261; Sigma) was added at
 final concentration of 1 μg. Protein digests were cleaned, fully
 v a por ated, and r econstituted as described [ 37 ]. 

C-MS acquisition 

ll 4,061 wheat and QC samples wer e pr ocessed using the LC-MS
ethod listed below. 
Liquid c hr omatogr a phy (LC) was optimised [ 37 ]. Our c hosen LC

ethod applied a 0.2-mL/min flow rate, 38-minute LC run dura-
ion, 6% B for 2.5 minutes, 6–36% B gradient for 30.5 minutes, in-
reased up to 98% B gradient for 0.1 minute, 98% B for 5 minutes,
rop down to 3% B in 0.1 minutes, and 6% B for 5 minutes . T he LC
ystem and mobile phases were indicated in [ 37 ]. The rack types
ere specified as DeepWell96 in the LC-MS method and the Sam-
lerModule tab of Xcalibur Direct Control software (version 3.0.63;
hermoFisher Scientific) with a 29,000- μm injection depth. Blanks

0.1% FA/water) and QC were injected from two 10-mL vials. Pep-
ides were separated using an RP-LC column (bioZen 1.7 μm Pep-
ide XB-C18,100 Å, LC column 150 × 2.1 mm; Phenomenex) using
 60 ◦C oven temperature . T he blank, IS, and QC samples were in-
ected e v ery 48 samples for normalisation pur poses . T he IS was
sed to c hec k for mass accuracy ( < 50 ppm). The LC separation
olumn was changed with a new one when peak resolution de-
r aded (e v ery 1,000 samples or so). 

The UHPLC was online with an Orbitr a p Velos hybrid ion tr a p–
rbitr a p mass spectr ometer (ThermoFisher Scientific) fitted with
 heated electr ospr a y ionisation (HESI) source . Every 3 weeks , the
nstrument was mass calibrated, and the sour ce-sw eeping cone
nd the heated capillary were cleaned. HESI parameters and FTMS
pectra acquisition were described in [ 37 ]. 

The sequence lists wer e pr epar ed in advance in Excel as .cvs
les and imported into Xcalibur data acquisition software (version
.0.63); 5 sequences were needed as Xcalibur only accommodated
 maximum of 1,000 lines . T hroughout the LC-MS run, the RAW
les wer e individuall y visualised using the Xcalibur Qual Browser

version 3.0.63). Files that failed to pass our c hec k (loss of peak
esolution, incomplete run, no signal, mass accuracy > 50 ppm,
tc.) were rerun. 

C-MS/MS acquisition 

or protein identification, 400 random samples (10% samples)
ere used following the LC-MS1 analysis. LC, HESI, and full-scan
TMS par ameters wer e as indicated abov e. MS2 data wer e ac-
uired using ITMS in positive mode as centroid values and applied
arious methods summarised below . T o maximise the number of
eptides sequenced, se v er al passes wer e performed with inclu-
ion and exclusion lists, with various parameters summarised in
upplementary File SF2 . 

Pass 1: The minimum signal threshold was 3,000 and the pre-
ursor isolation width was 2 m/z . No inclusion or exclusion list
 as used; ho w e v er, a list of MS2 e v ent was pr oduced by exporting

he “Scan Filters” of the RAW file in Xcalibur Qual Browser (Ther-
oFisher Scientific) and to be used in Pass 2 as an exclusion list
ontaining 2,000 unique m/z values (maximum number allo w ed
n Xcalibur). This method was run in duplicate. 

Pass 2: Same method as Pass 1, except that the list of MS2
 v ents gener ated in P ass 1 was uploaded in the Data Dependent
ettings as a Reject Mass List. Like in Pass 1, a list of MS2 events
 as produced b y exporting the “Scan Filters” of the RAW file and

o be used in Pass 3 as an exclusion list containing 1,997 unique
/z values . T his method was run in triplicate . 
Pass 3: Same method as Pass 2, except that the list of MS2

 v ents gener ated in P ass 2 was uploaded in the Data Dependent
ettings as a Reject Mass List. Like in Pass 2, a list of MS2 events
 as produced b y exporting the “Scan Filters” of the RAW file and

o be used in Pass 4 as an exclusion list containing 1,998 unique
/z values . T his method was run in duplicate . 
Pass 4: Same method as Pass 3, except that the list of MS2

 v ents gener ated in P ass 3 was uploaded in the Data Dependent
ettings as a Reject Mass List. This was the last exclusion list used
n this study. This method was run in duplicate. 

Pass 5: Same method as Pass 1, except that the threshold was
ropped to 500 to perform MS2 on peptides of low abundance . T his
ethod was run in duplicate. 
Pass 6: Same method as Pass 1, except with a Parent Mass List

i.e., an inclusion list) made out of the 2,000 most abundant pep-
ides . T his method was run in duplicate. 

For Passes 7–11, LC-MS1 reproducible peptides for which inten-
ity exceeded 0.0001 (19,956 peptides in total) wer e r andomised
long with retention time (RT) and divided into 10 lists (inclusion
ists 1 to 10 containing < 2,000 m/z values each). 

P ass 7: FTMS par ameters wer e as specified abov e. Using the
lobal MS/MSn method, MS/MS spectra were acquired in non-
ata-dependent mode. ITMS parameters were as in Pass 5. In-
lusion list 1 was uploaded in the inclusion global MS/MS
ass list tab of the Global Non-Data Dependent Settings. All

 emaining 9 par ent lists wer e loaded to individual Pass 7
ethods. 
P ass 8: FTMS par ameters wer e as specified abov e. ITMS par am-

ters were as in Pass 5. Inclusion list 1 was uploaded in the parent
ass list of the data-dependent settings. All remaining 9 parent

ists were loaded to individual Pass 8 methods. 
Pass 9: Same method as Pass 8, except that the precursor iso-

ation width was 1 m/z to increase the mass accuracy the m/z
 alues tar geted in the par ent mass list. All r emaining nine par ent
ists were loaded to individual pass 9 methods. 

Pass 10: Same method as Pass 8, except that the precursor iso-
ation width was 0.5 m/z to further increase the mass accuracy of
he m/z values targeted in the parent mass list. All remaining 9
arent lists were loaded to individual Pass 10 methods. 

Pass 11: Same method as Pass 8, except that the precursor iso-
ation width was 0.2 m/z to target the parent masses as accur atel y
s possible. All remaining 9 parent lists were loaded to individual
ass 11 methods. 

All the Xcalibur parameters of the various MS/MS methods can
e found in Supplementary File SF1 . Exclusion and inclusion lists
an be found in Supplementary File SF2 . A total of 63 LC-MS2 files
er e thus acquir ed; they ar e av ailable fr om the MassIVE r eposi-

ory (MSV000090572 [ 149 ]). 

C-MS quantitation 

he LC–MS RAW files of the 4,061 wheat samples along with the
6 QC and IS replicates (injected once every 48 wheat samples)
er e pr ocessed in the Refiner MS module of Genedata Expr ession-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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ist 13.0 (Genedata AG). To process all files in 1 batch, a stepwise 
w orkflo w w as devised ( Supplementary Fig. S1A, B ). 

In the first ste p, a re petition acti vity was used (processing 1 
file at a time) in which the consecutive subactivities were per- 
formed: (i) load from file, (ii) RT structure removal with a mini- 
mum of 4 scans and m/z structure removal with a minimum of 
8 points, (iii) c hr omatogr am smoothing using a 3-scan RT win- 
dow and a moving av er a ge estimator, (iv) RT structur e r emov al 
with a minimum of 5 scans, and (v) sav e sna pshot to export 
all the processed files individually. The files were individually 
c hec ked for inconsistencies that would invalidate the subsequent 
quantitativ e anal yses. Inadequate files wer e r emov ed fr om the 
dataset, leaving 3,990 r epr oducible wheat files. In the second step 

( Supplementary Fig. S1C ), the activities applied were: (i) load from 

file on the left for all the samples and on the right for the QCs; (ii) 
ada ptativ e grid with 10- m/z scan counts; (iii) av er a ge acr oss exper- 
iments (files) using the arithmetic mean; (iv) r efer ence grid joining 
both sides; (v) c hr omatogr am RT alignment a ppl ying a maximum 

RT shift of 50 scans (30 seconds); (vi) c hr omatogr am peak detec- 
tion using a 12-scan summation window, minimum peak size of 
8 scans, maximum merge distance of 5 points and boundaries 
mer ge str ategy, 10% ga p/peak r atio for peak RT splitting, 3 points 
for m/z smoothing, ascent-based peak detection with 3-point iso- 
lation thr eshold, local maxim um centr e computation, and maxi- 
m um curv atur e boundary determination; (vii) c hr omatogr am iso- 
tope clustering with 0.1-minute RT tolerance and 20-ppm m/z tol- 
erance, the peptide isotope shaping method with protonation ion- 
isation, minim um c har ge of 2 and maxim um c har ge of 10, maxi- 
m um log-r atio distance of 0.8, and v ariable c har ge dependency for 
cluster size restriction; (viii) singleton filter; (ix) metadata import; 
(x) sav e sna pshot; and (xi) export anal yst of the clusters using the 
integr ated maxim um intensity. 

LC-MS pr ocessed quantitativ e data and metadata (sample 
description, LMA measurements, sample preparation technical 
steps , LC-MS sequence , instrument maintenance , etc.) were ex- 
ported into Genedata Analyst (version 13; Genedata AG) for nor- 
malisation purposes ( Supplementary Fig. S1D ). Data file normali- 
sation with 3 consecutive steps was reported [ 37 ]. In brief, first, the 
quantities were normalised using the flour weights (1% accuracy) 
to account for sample pr epar ation v ariation; second, the IS clus- 
ter was used to normalise peptide abundances to take into con- 
sider ation postdigestion tec hnical v ariation; and third, QCs and 

injection or der w er e consider ed to corr ect instrument v ariation 

o ver time . T he normalised quantitativ e data wer e exported as a 
CSV file for further processing. The CSV file contained 44,444 rows 
(peptide clusters) and 3,990 columns (wheat samples). 

Correction of technical biases 

The effects of technical biases on the LC-MS spectra were quan- 
tified using ANOVA simultaneous component analysis (ASCA), a 
generalisation of ANOVA that quantifies the variation induced 

by fixed experimental factors on complex m ultiv ariate datasets 
[ 150 ]. The normalised data were imported into R, where clusters 
containing 100% missing values were removed ( n = 12,108), leav- 
ing 32,336 peptide clusters . T he resulting dataset was a 3,990 ×
32,336 matrix with each row being an individual sample and each 

column an LC-MS cluster. All remaining missing values were then 

imputed to a value zero. A separate metadata matrix (3,990 ×
4), which contained information on the technical conditions in 

the LC-MS run for each sample , was compiled. T hese metadata 
were (i) LC separation column—categorical variable with 4 levels,
(ii) mass calibration—categorical variable with 6 levels, and (iii) 
ource-heated ca pillary—categorical v ariable with 2 le v els. A to-
al of 3,090 samples had complete data (LC-MS spectra and corre-
ponding metadata). This complete dataset was then analysed us- 
ng ASCA in MatLab v.R2017b (MathWorks) utilising the PLS Tool-
ox v. 8.5.2 (Eigenvector Research Inc.) to see which, if any, of the
xed experimental effects had a significant impact on the LC-
S cluster data. The statistical significance of the impact of each

xed experimental effect was estimated by calculating a P value
r om perm utation testing with 100 iter ations. 

The impact of experimental factors with a significant effect on
C-MS cluster data was then accounted for by correcting the data
sing multiple linear regression in R [ 151 ] as described in [ 45 ]. The

inear model was fitted as follows: 

Y ijkl = u + Column ( i ) + MassCal ( j ) + Cap ( k ) + eijk ( l ) 

here y is the signal intensity of a given cluster, u is the ov er all
ean, Column is the ith LC column (4 le v els), MassCal is the jth
ass calibration (6 levels), Cap is kth source-heated capillary (2

e v els), and eijkl is the random error term. The “corrected data”
as a matrix of the residuals of the above model, which was run

ter ativ el y for each of the 32,336 peptide clusters . PC A plots were
roduced using R [ 151 ] and the gg2plot package. 

rotein identification 

he 63 RAW LC-MS2 files were processed in the Refiner MS module
f Genedata Expressionist 13.0 using a stepwise w orkflo w similar
o the one described for LC-MS1 data, except for additional ac-
ivities pertaining to protein database search ( Supplementary Fig. 
2A –C ). 

RAW files were searched using the Mascot program (version: 
.6.1; Matrix Science Ltd) within Genedata Refiner. The wheat 
atabase searched was r etrie v ed fr om 3 independent sources . T he
rst sour ce w as UniProtKB with 142,969 T. aestivum protein se-
uences (accessed on 26 February 2020, [ 37 ]). The second source
as the EnsemblPlants repository hosting the T. aestivum genome 

nitially sequenced by the IWGSC [ 7 ] and containing 143,241 Traes
A sequences. A contaminant database was also r etrie v ed (com-
on Repository of Adventitious Proteins, cRAP). All the FASTA files
ere combined and redundant sequences removed by following 

he GalaxyP tutorial “Protein FASTA Database Handling” [ 152 , 153 ].
he decoy database was created by r e v ersing all the sequences
nd appending them using the GalaxyP tool “DecoyDatabase.”
ur Galaxy w orkflo w is available in Supplementary File SF1 . The
nal FASTA file was imported and indexed in Mascot. It con-
ained 286,482 protein sequences and 1,647,476,761 AA residues; 
ts longest sequence bore 5,359 residues. It is av ailable fr om the

assIVE repository (MSV000090572 [ 149 ]). 
All MS2 files were searched in 1 batch using Mascot Dae-

on (version 2.6.1; Matrix Science Ltd) and the following pa-
 ameters: MS/MS ions searc h; Mascot generic data format; ESI-
RAP instrument; trypsin enzyme; 9 maximum missed cleav- 
ges; carbamidomethyl (C) as fixed modification; guanidyl (K) 
nd oxidation (M) as variable modifications; quantitation none; 
onoisotopic mass, 2 + , 3 + , and 4 + peptide c har ge; 10-ppm pep-

ide toler ance; 0.5-Da MS/MS toler ance; and err or-toler ant searc h
 Supplementary Fig. S2D ). Results were exported as .csv files into
xcel. 

The 32,336 peptide clusters from the corrected dataset pro- 
uced by the LC-MS analyses were matched in R [ 151 ] (version
.1.0-foss-2021a, Supplementary File SF1 ) to the 29,908 peptide 
lusters generated by the LC-MS/MS analyses using their respec- 
ive RT, m/z , and mass values with ±0.1 accuracy and then linked

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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W  
o the Mascot identification results . T he identification results of
he peptide clusters whose RT shifted by more than 1 minute were
ot included. 

ta tistical anal yses of proteomics da ta 

ut of the 4,061 grains samples processed in this work, 3,990
ielded r epr oducible LC-MS data for 32,336 peptide clusters . T he
ull quantitative data are available from the MassIVE repository
MSV000090572 [ 149 ]). The corrected dataset with Mascot identi-
cation results was imported into Genedata Anal yst (v ersion 13,
enedata AG). LMA measurements were obtained on 3,773 (out of
,990) wheat samples. Whilst LMA trait characterised the wheat
amples, we also wanted to analyse it along with the peptides to
acilitate biomarker discovery. To this end, we used the inverse
unction to normally distribute the LMA values (Inv(LMA)) and
ransposed them as a row to incorporate them into the LC-MS
ataset under the label “Cluster_AAA” along with all the other
2,336 peptides, thus bringing the total number of clusters to
2,337. This “Cluster_AAA” ro w w as used in the subsequence sta-
istical analyses to isolate peptides displaying profiles similar to
hat of LMA. 

rincipal component analysis 
 PCA was performed on the full dataset (3,990 samples × 32,336
eptides) in R using the prcomp() function of the stats pac ka ge.
 he eigen v alues wer e plotted using the scr eeplot() function. 

hecking the distribution of LC-MS1 data 

o redistribute data normally, the corrected dataset rows (pep-
ides and Cluster_AAA) were z -transformed and plotted as a
istogram in R. The hist() function was used to plot the cor-
 ected and z -tr ansformed dataset as histogr ams in R. One-sample
 olmogoro v–Smirno v tests were applied to check the normality of

he distribution of both corrected and z -transformed datasets us-
ng the ks.test() function and “pnorm” argument in R. All the sub-
equent statistical analyses were performed on the z -transformed
ataset. 

ubsampling wheat samples to eliminate the bias towards
ow LMA values 
MA values spanned 0 to 8 U/g with the vast majority (95%) below
.2 U/g (which corresponded to FN 300 seconds [ 14 ]); ther efor e,
he LMA distribution was gr eatl y ske wed towards low LMA values.
o eliminate this bias, a subset of wheat samples was selected as
ollows: all the samples bearing a LMA ≥0.17 were selected (467
amples in total) and an equivalent number of samples (467) with
MA < 0.17 were randomly selected among the 3,306 remaining
heat samples . T his subset of 934 wheat samples was no longer

kew ed to w ar ds lo w LMA values and is r eferr ed as “unbiased sam-
les” hereafter. 

LS to subset LMA-responding peptides 
n Genedata Analyst, a PLS 2D plot was created using the 934 un-
iased samples and all the 32,346 peptides r esolv ed in this study.
he parameters were LMA as a response, 3 latent factors, 10%
 alid v alues, and r ow mean imputation. Both scor e and loading
lots were exported along with the VIP scores . T he higher the
cor e, the gr eater the contribution of the peptide to the PLS and
he closer to LMA response . T hese VIP scores were used to se-
ect meaningful subsets of peptides for the subsequent statistical
nalyses. 
nivariate PLS r egr ession to impute LMA missing values 
he missing LMA values were predicted using a univariate PLS re-
ression model in Genedata Analyst. First a model was developed
sing the 934 unbiased samples and 2,996 peptides with PLS high
IP scores ( > 1.5). Second, among the 934 wheat samples, 179 were
 andoml y c hosen so that LMA e v enl y spanned 0 to 5 and those
MA v alues wer e er ased. Se v er al PLSR models wer e tested to ac-
ur atel y pr edict er ased LMA v alues (data not shown). The most
ccurate model applied the following parameters: LMA as a re-
ponse, 20% v alid v alues, and 20 latent factors. The model was
hen applied to the 217 missing LMA values against the 934 unbi-
sed wheat samples. 

OM clustering 

n Genedata Analyst, a SOM was created using the 934 unbiased
amples and 7,254 peptides with VIP scores above 1 (including
luster_AAA) and the following parameters: 6 rows, 8 columns,
ositiv e corr elation distance, 50 maxim um iter ations, and 10%
 alid v alues. 

-means 
n Genedata Analyst, a k-means was performed using the 934 un-
iased samples and 7,254 peptides with VIP scores above 1 (in-
luding Cluster_AAA) and the following parameters: k = 20, pos-
tiv e corr elation distance, mean centr oid calculation, 10% v alid
alues, and 50 maximum iterations. 

ivisive HCA and agglomerative HCA 

 di visi ve HCA was produced in Genedata Analyst using the 934
nbiased samples and 7,254 peptides with VIP scores above 1 (in-
luding Cluster_AAA) and the following parameters: clustering
eptides, tree with tile plot, positive correlation distance, Ward

inka ge, 10% v alid v alues, k-means cluster pr ofile , and split by size .
he outcome of this analysis enabled us to sort the peptides based
n their accumulation patterns in wheat samples. 

Still in Genedata Analyst, we also performed an a gglomer a-
ive HCA using the all the 934 unbiased samples and 532 LMA-
elated biomarkers (including Cluster_AAA) and the following pa-
 ameters: clustering samples, tr ee, positiv e corr elation distance,

ard linkage, and 50% valid values . T he outcome of this analy-
is allo w ed us to sort the grain samples accor ding to their LC-MS
olecular similarity, which was then exploited in a heatmap. 

orrelation 

n annotation correlation was performed in Genedata Analyst
sing the full dataset including Cluster_AAA (3,990 samples ×
2,337 peptides) against standardised LMA values . T his produced
 squared ( R 

2 ) values. 

imple linear mixed r egr ession 

he full dataset including Cluster_AAA (3,990 samples × 32,337
eptides) was used to run a linear r egr ession in Genedata Ana-

yst with 1 explanatory variable using the following model: y =
nv(LMA) + ε, in which Inv(LMA) is the normal inverse function
f LMA measurements and e the error. The false discovery rates
 ere computed accor ding to the Benjamini–Hoc hber g estimates
s q values. 

 eptide expr ession pr ofiles along 2 or 8 LMA bins 
ur data matrix of 3,990 columns by 32,337 rows contained
29,024,630 quantities, which posed representation challenges.
e adopted a data reduction strategy involving binning the sam-
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ples into 8 or 2 arbitrary bins based on their LMA values to produce 
simpler, more legible graphs for individual peptide profiling. 

In the first instance, we sorted all 3,990 wheat samples based 

on an increasing order of LMA values and then split them into 8 
arbitrary bins of 499 samples each. The last bin (0.17132 < LMA < 

7.95442) contained all the 266 unsound grains (LMA > 0.2). 
In the second instance and using the 934 unbiased wheat sam- 

ples, we created 2 bins based on LMA v alue thr eshold of 0.17. The 
bin containing 467 samples with LMA < 0.17 only comprised sound 

grains. All the 266 unsound grains (LMA > 0.2) were comprised in 

the bin containing 467 samples with LMA ≥0.17. 
The peptide quantities were then av er a ged per bin to produce 

mean expression profiles along 2 or 8 bins. 

T test with effect size and volcano plot 
Using the unbiased biomarker dataset (934 samples × 532 pep- 
tides including Cluster_AAA), a t test was performed with the 
LMA threshold of 0.17 as a factor and the following parameters: 
bootstr a p with 10 repeats and balanced permutations, effect size 
based on group means, and 90% valid values. A volcano plot was 
produced by plotting the effect size against P values. 

Data mining 

The LC-MS2 experiments follo w ed b y Mascot search produced 

identification results for 5,414 peptide clusters, which matched 

8,044 protein accessions . T hese identification results were mined 

using the databases and tools described below. Resulting outputs 
were consigned to Supplementary Table S3 . 

UniProt database and gene ontology (GO) 
The list of 8,044 UniProt accessions identified in this study was 
uploaded in the Retrie v e/ID ma pping tool of UniProt (accessed in 

May 2022) [ 154 ] to r etrie v e pr otein descriptions , FASTA sequences ,
GO terms, and TRAES accession IDs. Out of the 8,044 UniProt ac- 
cessions, 5,960 UniProt accessions corresponded to 6,622 TRAES 
accessions. TRAES accessions were needed to interrogate ShinyGO 

and BreadwheatCyc databases (described below). 

KEGG database and pathway maps 
The 8,044 FASTA sequences were uploaded into the Assign KO tool 
(accessed in May 2022) [ 155 ] by specifying the Poaceae family to 
r etrie v e K O identifiers. K O identifiers wer e then ma pped using the 
KEGG Mapper Reconstruct tool (accessed in May 2022) to list path- 
wa ys , brites , and modules involving identified proteins. 

Shin yGO, functional categor y enric hment, and c hromosomal 
positions 
The list of 6,622 TRAES accessions was uploaded into ShinyGO 

[ 134 ] to generate functional category enrichments , dot plots , tree ,
and networks, as well as r etrie v e c hr omosomal positions . P osi- 
tions were obtained for 4,571 TRAES accessions, whic h wer e used 

in Circos plots (detailed below). 

Pathwa y tools , Br eadwheatCyc, and perturbed pathways 
The list of 6,622 TRAES accessions along with quantitative data 
along 8 bins was uploaded into the Pathway Tools software [ 136 ] 
and run online via the BreadwheatCyc database ([ 156 ] accessed 

in June 2022) via the Plant Metabolic Network server [ 137 ] using 
the Omics Dashboard and the Cellular Ov ervie w tools to generate 
Pathw ay P erturbation Scores (PPS). 

The Chrome extension Veed.io was used to create a film captur- 
ing the Cellular Ov ervie w animation ( Supplementary Video SV1 ). 
ircos and chromosomal position 

he 4,571 TRAES accessions whose c hr omosomal positions wer e
nown fr om Shin yGO wer e c harted along a Circos plot invented
y Krzywinski and colleagues [ 146 ] and r ecentl y wr a pped in the
alaxy platform by Rasche and colleagues [ 147 , 152 , 157 ]. The de-

ails of the various layers are indicated in the figure’s legend. 

onverting wide to long tables in R and charting using
ower BI desktop 

ost identified peptides matc hed se v er al UniPr ot accessions,
hic h corr esponded to se v er al TRAES IDs and GO terms . T his pro-
uced wide tables. In R [ 151 ], wide tables wer e conv erted to long
ables using the pivot_longer() function from the tidyr pac ka ge.
ong tables were merged using the merge() function of the R base
ac ka ge using peptide Cluster IDs as unique r efer ences. 

Wheat sample metadata, peptide metadata, and quantitative 
ataset and identities for the biomarkers were imported into Mi-
rosoft Po w er BI Desktop (Version: 2.106.883.0 64-bit June 2022)
nd linked via the Clusters names to produce dashboards using
ultiple visuals (w or d clouds, tree maps , histograms , scatterplots ,
aterfall plots, pie charts, violin plots, and ribbon charts). 

bbreviations 

BA: abscisic acid; ACN: acetonitrile; AA: amino acid; AMY: amy-
ase; ANOVA: analysis of variance; ASCA: ANOVA simultaneous 
omponent analysis; BP: biological process; CC: cellular compo- 
ent; cM: centimorgan; CID: collision-induced dissociation; CSV: 
omma separated value; cRAP: common Repository of Adven- 
itious Proteins; DPA: day post anthesis; DNA: deo xyribon ucleic
cid; DPPS: differ entiall y perturbed pathways; TaCSP: ent-copal yl
isphosphate synthase from Triticum aestivum; ELISA: enzyme- 

inked immunosorbent assay; FN: falling number; FA: formic acid; 
DR: false discovery rate; FTMS: Fourier transform orbitrap mass 
nalyser; GO: gene ontology; GxE: genetic by environment in- 
er action; GA: gibber ellic acid; Gnd-HCl: guanidine hydr oc hloric
cid; HESI: heated electr ospr a y ionisation; HC A: hier arc hical clus-
ering analysis; HMW: high molecular weight; HPLC: high per- 
ormance liquid c hr omatogr a phy; ID: identity; IS: internal stan-
ard; IWGSC: International Wheat Genome Sequencing Consor- 
ium; ITMS: ion tr a p orbitr a p mass anal yser; pI: isoelectric point;
PA: isopropanol; KO: KEGG orthology; kD: kiloDalton; KNN: K- 
earest Neighbours; K-S: K olmogoro v-Smirno v; KEGG: Kyoto En-

yclopedia of Genes and Genomes; LMA: late maturity alpha- 
mylase; LC: liquid c hr omatogr a phy; LMW: low molecular weight;
S or MS1: mass spectrometry; m/z: mass to c har ge r atio; mRNA:
essenger ribonucleic acid; MF: molecular function; MLR: mul- 

iv ariate linear r egr ession; ppm: part per million; PLS: partial
east squares; PLSR: partial least squares regression; PTM: post- 
ranslational modification; PC: principal component; PCA: prin- 
ipal component analysis; QC: quality control; QTL: quantitative 
r ait locus; QR code: quic k r esponse code; RT: r etention time; Rab:
esponsive to abscisic acid; RO: reverse osmosis; RT-qPCR: reverse 
r anscription quantitativ e r eal-time pol ymer ase c hain r eaction;
OM: self-or ganising ma p; SPE: solid phase extraction; MS/MS 
r MS2: tandem mass spectrometry; 3-D: three-dimensional; 
CA: tric hlor oacetic acid; T . aestivum: T riticum aestivum (com-
on bread wheat); TRAES: Triticum aestivum accession; 2-DE: 

wo-dimensional electr ophor esis; 2-D: two-dimensional; UTR: un- 
r anslated r egion; UDP: uridine diphosphate; VIP: variable impor-
ance in projection. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giad084#supplementary-data
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otential Implications 

ince proteome evidence is confirmation that the gene is trans-
ated to a protein, our work can validate wheat genome annota-
ion. Peptides identified in this study can be ma pped a gainst the
heat genome using a proteogenomics strategy. This will confirm

he expression at the protein level of not only “high confidence”
ut also “low confidence” gene models. 

a ta Av ailability 

he LC-MS1 dataset and raw LC-MS2 data generated and analysed
uring the current study are available in the MassIVE repository,
ccession nr. MSV000090572 [ 149 ]. All data generated or analysed
uring this study are included in this published article and its sup-
lementary information files. Supporting data [including Supple-
entary Fig.s S1-S14, Supplementary Tables S1-S7, Supplemen-

ary Video SV1, and Supplementary Files SF1-SF2] is available via
he GigaScience repository, GigaDB [ 158 ]. 

dditional Files 

upplementary Fig. S1: Genedata Refiner w orkflo w to process all
heat, IS and QC LCMS1 RAW files and export them to Genedata
nalyst. 
upplementary Fig. S2: Genedata Refiner w orkflo w to process all
heat LCMS2 RAW files and export them as quantities to Excel

preadsheet. 
upplementary Fig. S3: LC-MS2 RAW maps for each tandem pass.
upplementary Fig. S4: Histogram of the number of peptides

dentified using Mascot algorithm and number of MS2 e v ents in
ach of the LC-MS2 file. 
upplementary Fig. S5: Histograms and box plots of the number
f peptides per accession and number of accessions per peptides.
upplementary Fig. S6: Distribution of LC-MS1 data across 3,990
heat samples and 32,336 quantified peptides. 
upplementary Fig. S7: Partial Least Square (PLS) using LMA as a
esponse on the unbiased samples and the unbiased samples and
ll the quantified peptides. 
upplementary Fig. S8: Partial least square regression (PLSR) to

mpute LMA missing values. 
upplementary Fig. S9: Binning strategies of wheat samples
ased on LMA measurements. 
upplementary Fig. S10: Mining identified proteins using Po w er
I. 
upplementary Fig. S11: Retrie v al of pr otein descriptions and
ene Ontology (GO) terms for Molecular Function (MF), Cellular
omponent (CC), and Biological Process (BP) from UniProtKB us-

ng all 8,044 protein identities. 
upplementary Fig. S12: KEGG output using all 8,044 identified
r oteins matc hing 677 KOs. 
upplementary Fig. S13: ShinyGO outputs using all 6,622 TRAES
ccessions corresponding to the 8,044 UniProt proteins. 
upplementary Fig. S14: Pathway Tools output using 6622 TRAES
ccessions and quantitative data averaged along 8 bins. 
upplementary Table S1: List wheat samples and LMA measure-
ents. 

upplementary Table S2: List of err or-toler ant modifications
ound by Mascot in the wheat grain proteome. 
upplementary Table S3: List of all wheat grain 5,414 peptides

dentified by LC-MS2 and matching 8,092 Unipr ot pr otein acces-
ions. 
upplementary Table S4: LC-MS features and statistical results
or the 532 AAA-r esponsiv e candidate peptides. 
upplementary Table S5: Data mining annotations of the 390
AA-r esponsiv e biomarkers identified by LC-MS2. 
upplementary Table S6: Shin yGO c hr omosomal positions for all

dentified proteins. 
upplementary Table S7: List of mechanisms involved in LMA re-
ponse. 
upplementary Video SV1: Cellular Ov ervie w animation of wheat
roteome using BreadwheatCyc. 
upplementary File SF1: PDF file including more method details
n the high-throughput proteomics w orkflo w of this study, some
ac kgr ound information on statistical analyses for big data, all the
S/MS methods parameters, the Galaxy w orkflo w used to create

ur wheat protein database, and the R script to link LCMS1 and
CMS2 clusters. 
upplementary File SF2: Excel file containing various tabs includ-

ng a summary of MS parameters across all 11 passes, as well as
ll the r eject, par ent and inclusion mass lists used in the ITMS2
ethods. 
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