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OFFICIALIntroduction – Wheat

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

Its hexaploid genome (AABBDD; 2n = 6x = 42) originated from 
two polyploidization events.

de Souza et al, 
2021

The genome was sequenced in 2018 by the International 
Wheat Genome Sequencing Consortium IWGSC. 

The chromosomes from each closely related progenitor 
are grouped into homeologous groups. 

IWGSC, 2018

IWCSG, 2018
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High isoelectric point (pI) α-amylase is normally synthesized after maturity in seeds when they may sprout in response to rain or 
germinate following sowing the next season’s crop. 

Late maturity α-amylase (LMA) is a wheat genetic defect causing the synthesis of high pI α-amylase in the aleurone as a result of 
a temperature shock during mid-grain development or prolonged cold throughout grain development. 

In LMA-affected grains, the activated enzyme prematurely degrades the starch leading to grain discount downgraded to animal 
feed, which incurs a loss of profit for the producers.

Whilst the physiology is well understood, the biochemical mechanisms involved in grain LMA response remain unclear.  

Galex et al 2020
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OFFICIALIntroduction – LMA: a hidden trait that prevails

GRDC https://groundcover.grdc.com.au/innovation/plant-breeding/multi-pronged-strategy-tackles-lma-wheat-quality-defect

Because of its stochastic nature, LMA is difficult to predict and invisible 
to the naked eye. Measurements involve laborious methods (falling 
number and Ceralpha assays) but alternatives are being investigated 
(hyperspectral tools).

(Panozzo et al)

LMA is more prevalent than originally thought, with reports arising from 
North America, Japan, Canada, South Africa, China, Mexico, Germany, 
and the United Kingdom (Cannon et al, 2022). 
In Australia, it mostly affects SW VIC and SE SA (red areas on map).

(Potgieter et al)
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GRDC https://groundcover.grdc.com.au/innovation/plant-breeding/multi-pronged-strategy-tackles-lma-wheat-quality-defect

LMA has a genetic (G) component (α-amylase gene required), yet it is only expressed and enzymatically active under particular environmental (E) 
conditions (temperature shock) at a given developmental stage (mid-grain) making it the product of a GxE interaction. 
“A comprehensive understanding of LMA from the underlying molecular aspects to the end-use quality effects will greatly benefit the global 
wheat industry and those whose livelihoods depend upon it.” (Cannon et al, 2022)
Post-genomics would deliver such deep understanding. Yet, to date, only one transcriptomics study has been published and no proteomics work 
has been attempted. 
In 2014, using microarray technology, Barrero et al. reported that LMA resulted from very narrow and transitory peak of expression of genes 
encoding high pI α-amylase during grain development and triggered phytohormone responses, in particular elevated gibberellins. 

Barrero et al, 2014

α-amylase content α-Amy gene expression Hormonal analysis
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Source: whealbi.eu

GRDC Project

Improved phenotyping for late maturity α-amylase (LMA) susceptibility in wheat 

Aim: to develop an innovative proteomics screening method with increased throughput, scalability, and 
repeatability and apply it to wheat germplasm to identify protein biomarkers involved in LMA response. 

“Mass spectrometry (MS)-based proteomics is the 
most comprehensive approach for the quantitative 
profiling of proteins, their interactions and 
modifications. 
It is a challenging topic requiring expertise in 
biochemistry for sample preparation, analytical 
chemistry for instrumentation and computational 
biology for data analysis.” 
(Sinha and Mann, 2020)

Particularly when thousands of samples are 
processed!
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4,061 grain samples from 858 wheat genotypes sourced from all over the world, grown/harvested in Horsham from 2012-2018 
and stored in optimal conditions.

LMA assay 

BU Proteomics 
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LC-MS1 quantitative results

LC-MS2 
identification 
results

LMA 
biomarkers

My talk in a snapshot

Now let’s confuse you 
with the details…

LMA trait
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Today’s 
presentation

Presented in 
Oct 2021

*Vincent et al. Mining the Wheat Grain 
Proteome. Int. J. Mol. Sci. 2022, 23, 713. 
https://doi.org/10.3390/ijms23020713
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OFFICIALHigh throughput workflow

Requirements to minimise batch to batch 
variation:
1/ accurate sample weights
20 (+/- 0.2) mg flour was weighed to 
maximise sample preparation 
reproducibility

2/ internal standard (IS)
A pure peptide foreign to wheat spiked into 
all samples post-digestion and prior to LC-
MS analysis

3/ quality control (QC)
An homogenous mix of 100 samples 
processed the same way as samples and 
analysed at regular intervals

4/ regular LC-MS maintenance
Consistent peptide separation and mass 
accuracy over time (5 months of continuous 
run for LC-MS1 acquisition)
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Dataset: 3990 reproducible wheat samples  x 32336 tryptic peptides (clusters) from LC-MS1 analyses
Trait: LMA measurements (with 5.4% (217) missing values)
Protein identification: LC-MS2 experiment performed post-hoc LC-MS1 acquisition.

Challenges:
Big dataset = big file size (2.5 Gb). Couldn’t open it with excel. Super slow analysis in Genedata Analyst which often crashed.
Eliminate protein sequence redundancy. 
Homoleogous proteins.
Finding appropriate ways to represent/mine the data.

Software/Systems used (in no particular order):
Excel, Word, Powerpoint, Sharepoint, Sharedrive, Teams, OneNote, Endnote, P-Touch Editor, Xcalibur Qual Browser, Orbitrap LTQ Tune, Vanquish UPLC SII Direct 
Control, Genedata Refiner, Genedata Analyst, Mascot, Galaxy Australia, Veed.io, Circos, X2GO Client, WinSCP, RStudio, UniProt, EnsemblPlants, ShinyGO, Power BI, 
KEGG, Clustal Omega, Pathway Tools

Data files:
4400 raw files (MS1 and MS2)
>1000 files generated during data analysis/mining (20 Gb)

Aim of the analyses:
1/ raw data correction
2/ checking for normality of trait and corrected data
3/ data reduction 
4/ predicting AAA missing values
5/ finding peptide biomarkers responding to AAA measurements
6/ linking MS1 to MS2 data and checking for MS2 method efficacy
7/ data mining tools
8/ finding biomarkers
9/ data representation

Overall
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LC-MS1 quantitative results

Screening the wheat grain samples
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LC-MS1 →       
peptide quantities
→ stats
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OFFICIALProteomics data transformation and normalisation

Serial transformation steps

Despite capturing all experimental steps and making provisions to minimise 
technical variation, the only way to completely get rid of it was achieved by 
applying a linear regression and retrieving the residuals.
The last z-transformation was needed to achieve data normalisation. 
          → 32,336 peptides quantified in 3,990 wheat samples.
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LC-MS2 
identification 
results

Identifying wheat grain proteins
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OFFICIALLC-MS2 maps of wheat grain

MS2 spectrum →       
peptide AA sequence
→ protein hit
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OFFICIALWheat non redundant protein database with decoy sequences

Example of Uniprot protein sequence: Alpha-amylase
>sp|P08117|AMY3_WHEAT Alpha-amylase AMY3 OS=Triticum aestivum OX=4565 GN=AMY1.1 PE=2 SV=1
MGKHSATLCGLLVVVLCLASSLAQAQILFQGFNWESWKTQGGWYKFMQGKVEEIASTGATHVWLPPPSQSVSPEGYLPGQLYNLNSKYGSGADLKSLIQAFRGKNISCVADIV
INHRCADKKDGRGVYCIFEGGTSDNRLDWGPDEICSDDTKYSNGRGHRDTGGGFDAAPDIDHLNPRVQRELSAWLNWLKTDLGFDGWRLDFAKGYSAAMAKIYVDNSKPAF
VVGELYDRDRQLLANWVRGVGGPATAFDFPTKGVLQEAVQGDLGRMRGSDGKAPGMIGWMPEKTVTFIDNHDTGSTQRLWPFPSDKVMQGYAYILTHPGIPCIFYDHVFD
WKLKQEITALATVRSRNGIHPGSTLDILKAEGDLYVAKIGGKVITKIGSRYNIGDNVIPSGFKIAAKGNNYCVWEKSGL

Example of TRAES protein sequence: Alpha-amylase
>TraesCS5A02G464500.1 pep chromosome:IWGSC:5A:643924798:643926446:-1 gene:TraesCS5A02G464500 transcript:TraesCS5A02G464500.1 
gene_biotype:protein_coding transcript_biotype:protein_coding gene_symbol:AMY1.1 description:Alpha-amylase AMY3 [Source:UniProtKB/Swiss-
Prot;Acc:P08117]
MGKHSATLCGLLVVVLCLASSLAQAQILFQGFNWESWKTQGGWYKFMQGKVEEIASTGATHVWLPPPSQSVSPEGYLPGQLYNLNSKYGSGADLKSLIQAFRGKNISCVADIV
INHRCADKKDGRGVYCIFEGGTSDNRLDWGPDEICSDDTKYSNGRGHRDTGGGFDAAPDIDHLNPRVQRELSAWLNWLKTDLGFDGWRLDFAKGYSAAMAKIYVDNSKPAF
VVGELYDRDRQLLANWVRGVGGPATAFDFPTKGVLQEAVQGDLGRMRGSDGKAPGMIGWMPEKTVTFIDNHDTGSTQRLWPFPSDKVMQGYAYILTHPGIPCIFYDHVFD
WKLKQEITALATVRSRNGIHPGSTLDILKAEGDLYVAKIGGKVITKIGSRYNIGDNVIPSGFKIAAKGNNYCVWEKSGL

Step 1 - 4 fasta files merged
• 142,969 sequences from uniprot_Triticum-

aestivum_142969entries_2020-02-26.fasta (UniprotKB)
• 143,241 sequences from Triticum_aestivum.IWGSC.pep.all.fasta (IWGSC 

wheat consortium)
• 116 sequences from Protein-DB-cRAP.fasta (contaminants)

Step 2 - Redundancy removed based on AA sequence (using Uniprot sequences as 
a template*-- 143,241 sequences left, none from IWGSC)
Step 3 – Decoy created (reversed sequences indexed with DECOY_)
Step 4 – download final file (286,482 sequences in Triticum-aestivum_Uniprot-
Traes-cRAP_non-redundant_with-DECOY_2022-03-17.fasta)

*TRAES annotations refer to UniprotKB. Therefore Uniprot sequences were used as a template to eliminate 
the redundancy.
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LC-MS2 experiment not performed on all samples; random subsampling and pooling of 400 samples.
Multiple rounds (63) of MS2 methods on the single pooled sample for deeper proteome coverage.
Hit yield varied greatly from method to method. 
          → 6,550 unique peptides identified.
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Inhibitor (26)

Numerous α-amylase inhibitors 
preventing premature starch digestion. 
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Deamidated (646)

Deamidations of glutamine residues 
in glutenins have been reported. 
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LC-MS1 quantitative results

LC-MS2 
identification 
results

Linking MS1 to MS2
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29,908 clusters from 63 LC-MS2 files had to be matched to 
32,336 clusters from 3990 LC-MS1 files  

Parameters used: 
• m/z (20 ppm tolerance)
• Mass (20 ppm tolerance)
• Retention time (RT, 1 min tolerance) 

 
 → 5,414 (17%) clusters with peptide IDs could be linked; 
they belonged to 8,044 protein accessions

Items quantified Occurences

Number of wheat genotypes 858

Number of wheat samples 4061

Sampling years 8 (2012-2019)

Trait (LMA) 1

Digestion types 1

Number of reproducible LC-MS1 files 3990

Number of LC-MS1 peaks 137669

Number of reproducible LC-MS1 clusters 32336

Cluster size range 2 - 10

Cluster charge range 2 - 7

Cluster m/z range 300.13 - 1921.55

Cluster mass range 598.26 - 6527.06

Base peak range 120 - 520083

Number of clusters with peptide identity 5414

Number of identified accessions 8044

Range of peptides/accession 1 - 64

Range of accessions/peptide 1 - 212
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Lots of homeologous protein accessions due to genome polyploidisation.
Example: gliadin/glutenin.
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Example:
Peptide “VLQQLNPCK” (Cluster_29452) 
matches 212 different protein accessions 
of “Low Molecular Weight Glutenin 
Subunit”.

However, anything goes as far as naming 
is concerned 
from vey concise 
“LMWGS1” (6 characters) 
to lengthy 
“LMW-D7 (LMW-glutenin P3-42) (LMW-
m glutenin subunit 0275P20-M) (Low 
molecular weight glutenin) (Low-
molecular-weight glutenin subunit) 
(Low-molecular-weight glutenin subunit 
group 7 type IV” (190 characters).

Protein annotations in databases ought to 
be tidied up and a naming convention 
agreed upon.

Protein description No characters

Glutenin, low molecular weight subunit PTDUCD1 46

Low-molecular-weight glutenin subunit 37

HMW glutenin i-type subunit 3A 30

Low molecular weight glutenin subunit P-14 42

Low molecular weight glutenin subunit P-13 42

Low molecular weight glutenin subunit P-15 42

Low molecular weight glutenin subunit A3-8 42

Low molecular weight glutenin subunit A3-3 42

Low molecular weight glutenin subunit A3-6 42

LMWGS1 6

LMWGS2 6

LMW-glutenin 12

Low molecular weight glutinin subunit 37

Low molecular weight glutenin 29

LMW-m glutenin subunit 22

LMW-m glutenin subunit (Low-molecular-weight glutenin subunit) 62

Low molecular weight glutinen subunit 37

Low molecular weight glutenin subunit A3-4 (Low-molecular-weight glutenin subunit) 82

LMW-m glutenin subunit (Fragment) 33

Low molecular weight glutenin subunit A3-2 42

Low molecular weight glutenin subunit D3-7 42

Low molecular weight glutenin subunit A3-2 (Low-molecular-weight glutenin subunit) (Fragment) 93

LMW glutenin subunit Glu-D3 (Fragment) 38

Low-molecular-weight glutenin subunit (Fragment) 48

Low-molecular-weight glutenin subunit LMW-H6-5-2 48

LMW-m glutenin subunit 9 24

LMW-m glutenin subunit 14 25

LMW-m glutenin subunit 18 25

LMW-GS (Fragment) 17

Low molecular weight glutenin subunit (Fragment) 48

Low molecular weight glutenin subunit t128 42

Low molecular weight glutenin subunit t128 (Fragment) 53

Low-molecular-weight glutenin subunit (Low-molecular-weight glutenin subunit Glu-B3) 84

Low molecular weight glutenin subunit LMW-10 44

Low molecular weight glutenin subunit 37

LMM glutenin 1 (Fragment) 25

Low-molecular-weight glutenin storage protein 45

Low-molecular-weight glutenin storage protein (Low-molecular-weight glutenin subunit) 85

LMW-D6 (LMW-GS) (LMW-GS P-11) (LMW-m glutenin subunit 3) (LMW-m glutenin subunit 51) (Low molecular weight glutenin subunit D3-6) (Low-molecular-weight glutenin subunit) 169

Low molecular weight glutenin subunit K1 40

Low molecular weight glutenin subunit GF-1 42

LMW-glutenin P3-41 (Low-molecular-weight glutenin subunit) 58

Low-molecular-weight glutenin subunit Glu-A3 (Fragment) 55

Low molecular weight glutenin subunit Glu-A3 (Fragment) 55

(T.aestivum) gamma-gliadin class B-I (Fragment) 47

Low molecular weight glutenin (Fragment) 40

LMW-GS (LMW-GS P-12) (LMW-m glutenin subunit 1238L16-M) (Low molecular weight glutenin) (Low-molecular-weight glutenin subunit) 127

LMW-i glutenin pGH3.1 21

LMW-GS (LMW-i glutenin subunit 1594F5-I) (Low molecular weight glutenin) (Low-molecular-weight glutenin subunit) 112

LMW-GS (LMW-i glutenin subunit 19) (Low molecular weight glutenin) (Low-molecular-weight glutenin subunit) (Low-molecular-weight glutenin subunit Glu-A3) 153

Low molecular weight glutenin (Low-molecular-weight glutenin subunit) 69

LMW-A2 (Low molecular weight glutenin) (Low-molecular-weight glutenin subunit) 78

Low-molecular-weight glutenin subunit group 12 type VI 54

Low-molecular-weight glutenin subunit group 11 type VI 54

LMW-D7 (LMW-glutenin P3-42) (LMW-m glutenin subunit 0275P20-M) (Low molecular weight glutenin) (Low-molecular-weight glutenin subunit) (Low-molecular-weight glutenin subunit group 7 type IV) 190

Low-molecular-weight glutenin subunit group 6 type IV 53

LMW glutenin subunit group 5 type II (Low-molecular-weight glutenin subunit group 5 type III) 93

Low-molecular-weight glutenin subunit group 5 type III 54

LMW-GS 6

Low-molecular-weight glutenin subunit Glu-B3 (Fragment) 55

LMW-m glutenin subunit 5 (Fragment) 35

LMW-m glutenin subunit 15 (Fragment) 36

LMW-m glutenin subunit 47 (Fragment) 36

LMW-i glutenin subunit 1 24

LMW-m glutenin subunit 11 (Fragment) 36

LMW-m glutenin subunit 16 (Fragment) 36

LMW-m glutenin subunit 21 25

LMW-m glutenin subunit 31 (LMW-m glutenin subunit 35) 53

LMW-m glutenin subunit 14 (Fragment) 36

LMW-m glutenin subunit 34 25

LMW-m glutenin subunit 39 25

LMW-m glutenin subunit 45 (Fragment) 36

LMW-m glutenin subunit 8 24

LMW-m glutenin subunit 13 25

LMW-m glutenin subunit 18 (Fragment) 36

LMW-m glutenin subunit 28 25

LMW-m glutenin subunit 7 (Fragment) 35

LMW-m glutenin subunit 17 (Fragment) 36

LMW-m glutenin subunit 32 (Fragment) 36

LMW-i glutenin subunit 37 25

LMW-m glutenin subunit 43 (Fragment) 36
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OFFICIALConversion of wide tables into long tables

Our strategy was to consider all 8,044 protein hits identified from the 5,414 sequenced peptides irrespective of their homology.
Wide table (5414 identified peptides x up to 212 accessions) converted into a long table (32347 protein accessions).
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LMA trait
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0 < LMA activity < 8 u/g flour but heavily biased towards very small values. Arbitrary cutoff of 0.17 u/g flour to subsample data.  
→ 934 samples chosen to create a balanced dataset.

Keeping all 467 samples 
> 0.17 u/g flour

Randomly selecting 467 
samples < 0.17 u/g flour

467 < 0.17 + 467 > 0.17 
= 934 unbiased samples

0.17 cutoff

Some stats require normal data.
→ Inverse or standardised of inverse function to normalise LMA distribution.



OFFICIAL
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217 samples without LMA measurements. 
Predicted using a univariate partial least square (PLS) regression model.  
→ LMA missing values predicted with 93% accuracy (98% accuracy for values > 0.17 u/g).

Incorporating LMA trait at the peptide level for biomarker discovery to detect peptides that behave 
similarly or conversely to LMA trait (Cluster_AAA)
→ assessed the relevance of the statistical tests carried out by validating anticipated results
→ improved biomarker discovery

Bag 
of 

tricks
#6
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OFFICIALBinning samples to improve LMA representation

Bag 
of 

tricks
#7

Our data matrix of 3,990 columns by 32,337 rows contained 129,024,630 quantities which posed 
representation challenges. 
We adopted a data reduction strategy involving binning the samples into 8 or 2 arbitrary bins based on 
their LMA values in order to produce simpler more legible graphs for individual peptide profiling.
• 8 bins = 499 samples each (total 3,990 samples = full dataset)
• 2 bin = 467 samples each (total 934 samples = unbiased dataset)

8 bins are enough to 
emulate LMA distribution.
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LC-MS1 quantitative results

LMA 
biomarkers

Finding LMA biomarkers

LMA trait
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OFFICIALPartial Least Square (PLS) analysis with LMA as a response and variable importance in projection (VIP) 

PLS VIP scores > 1.5 = 2996 (9.3%) peptides used for regression
PLS VIP scores > 1.0 = 7254 (22.4%) peptides used for SOM, HCA, K-Means
PLS VIP scores > 0.5 = 14490 (44.8%) peptides used for linear models and correlation

The higher the VIP score, 
the greater the 
contribution of the 
peptide to the PLS and 
the closer to LMA 
response. 

By setting up 3 VIP score 
thresholds of increasing 
stringency, we created 
three subsets of peptides 
of decreasing sizes that 
could be used in more 
computationally 
demanding processes. 
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OFFICIALSelf Organising Map (SOM) and heat map

Cluster (4,3) with 26 peptides 
included Cluster_AAA

→ All these peptides are 
candidate biomarkers for LMA 
response

Contains 
Cluster_AAA

A SOM (Kohonen 1982) is an unsupervised machine learning technique that generates a low-dimensional representation (2 
dimensions are usually enough) of a higher dimensional dataset while preserving the topological structure of the data. Heat 
maps offer an efficient method of visualizing complex quantitative data sets organized as matrices (Key 2012).
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OFFICIALDivisive Hierarchical Clustering Analysis (HCA) with heat map

Cluster_AAA

Group with clusters ordered from 1915-1947 (33 
peptides) contains Cluster_AAA.

→ All these peptides are candidate biomarkers for LMA 
response

In divisive HCA, two vectors are randomly initialized and assigned each peptide using a probability function; the vectors are 
iteratively recalculated to form the centroids of two clusters (Sherlock 2000).
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Contains Cluster_AAA

K=20: Cluster (14) with 93 peptides including Cluster_AAA

→ All these peptides are candidate biomarkers for LMA response

K-means is another unsupervised machine learning method. Its ease of implementation, simplicity, computational efficiency, and 
empirical success make it one of the most popular clustering methods (Jain 2010). n observations are segmented into k clusters 
in which each observation belongs to the cluster with the nearest mean, thereby minimising within-cluster variances. 
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Correlation spans -7% < R2 < 30% 
R2(Cluster_AAA)=1
 
28 peptides with R2>15%

→ All these peptides are candidate 
biomarkers for LMA response

Formulated in 1895 (Pearson 
1895), correlation analysis aims 
at measuring an association or 
linear relationship between two 
continuous variables, by which 
the change in the magnitude of 
one variable (LMA) is associated 
with a change in the magnitude 
of the other variable (peptide 
abundance), either in the same 
(positive correlation) or in the 
opposite (negative correlation) 
direction (Schober, Boer, and 
Schwarte 2018). 

Correlation coefficients (R2 or r) 
are scaled from -1 to +1, where 0 
denotes no association and the 
relationship gets stronger 
towards an absolute value of 1.
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One factor linear model:  y = Inv(AAA) + e

False discovery rates (FDR) using 
Benjamini-Hochberg method to compute 
q-values. 

q-values spans 6x10-8 < q values < 1 
q-value(INV(AAA))=0

494 peptides with q values < 0.05

→ All these peptides are candidate 
biomarkers for LMA response

Cluster_AAA

Simple linear regression dates from 1805 (Legendre 1805) and determines the relationship between a quantitative outcome 
and a single quantitative explanatory variable (Seltman 2018), such as LMA.
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531 LMA biomarkers selected with at least one of the 

following criteria:

• Linear model p-value < 5%, and/or

• Correlation>15%, and/or

• SOM group (4,3), and/or

• K-means group 14, and/or

• Divisive HCA Group 1915-1947
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OFFICIALT test, volcano plot, and heat map on 531 LMA biomarkers

A volcano plot is a type of scatterplot that shows statistical significance (q-value) versus magnitude of change (effect size or fold 
change). It is often utilised for biomarker discovery in differential expression studies (Li 2012). 

Using the 2-bin strategy on the unbiased dataset 
allowed to categorise biomarkers as being either 
up-regulated or down-regulated.

The heat map shows their full expression pattern.
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LC-MS1 quantitative results

LC-MS2 
identification 
results

Identified biomarkers

IDed 
bmks

LMA trait
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OFFICIALIdentified proteins – qualitative data mining – description and gene ontology (GO) classes

Filtered to Filtered to

8,044 identities mapped in UniProtKB.

Described by 1,385 unique protein names. 
Glutenins are prominent (word cloud).

They were GO-classified with:  
• 6,457 MF terms, 
• 3,769 CC terms, 
• 3,991 BP terms. 
Sugar, starch, cytoplasm and nutrient reservoir dominate the 
wheat grain proteome (Tree maps).

α-amylase 
was not 

identified
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OFFICIALIdentified proteins – qualitative data mining – KEGG pathways to visualise metabolisms involved in grain metabolisms

677 unique KEGG Orthologs (KOs) could be retrieved and mapped 
to 327 KEGG pathways, 41 brites and 117 modules. 
Unexpectedly, 62 KOs (exclusively ribosomal proteins) were 
associated with “Coronavirus disease – COVID 19” pathway. 
There are limitations to using generalist databases like KEGG that 
are mostly relevant to human research to map plant proteins.
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OFFICIALIdentified proteins – qualitative data mining – ShinyGO to easily retrieve chromosomal locations of protein-expressed genes

ShinyGO works very well on 
non-model plant species.
It offers nice enrichment 
visualisations but also 
provides wheat protein 
chromosomal positions.
TCA cycle was the most 
enriched pathway.
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OFFICIALIdentified proteins – quantitative data mining – Pathway Tools and 8-bin profiles to highlight perturbed pathways

Pathway Tools can map quantitative data.
It displays protein expression data on pathway diagrams in a 
dynamic and interactive way.
This was the only tool that flagged phytohormones in the LMA 
response.
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Figure legend:
A karyotype with centromere
B all identified proteins with known position
C expression profile of all proteins along 8 bins
D LMA biomarkers
E LMA biomarkers Volcano plot effect size
F LMA biomarker up/down regulation
G expression profile of LMA biomarkers along 8 bins
H LMA biomarker accession names
I biomarkers positively or negatively correlated with LMA

Identified LMA biomarkers – Circos plots

Circos plots (Krzywinski 2009) efficiently capture 
qualitative and quantitative information. 

Being infinitely flexible, Circos plots can chart any 
data as multiple concentric circular layers 
provided the correct file format is applied. 

We opted to chart proteins encoded by genes we 
could locate on the genome (chromosomal 
positions retrieved from ShinyGO analysis) and 
overlay their expression profiles, along with some 
statistics of candidate LMA-responsive biomarkers.

Plotting their fold changes outlined that most 
genome areas hosted both up- and down-
regulated biomarkers bar a few exceptions on 
chromosomes 4, 6 and 7 for all 3 genomes A, B, 
and D. 
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LC-MS1 quantitative results

LC-MS2 
identification 
results

How far we have travelled….

IDed 
bmks

LMA trait

Lots (too many?) of 
details indeed…
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Wheat grain 
germplasm

High-throughput 
MS-proteomics 

workflow

Big data analysis for 
biomarker discovery

Data mining for 
biological relevance

Understanding 
LMA response

Community resource Application

• For the first time, LMA phenotype was explored via proteomics. 

• All the differentially regulated biological processes highlighted in this study required various data mining tools.

• Whilst we did not find the LMA needle in the proteome haystack, proteomics deserves to be part of the wheat LMA 

molecular toolkit and should be adopted by LMA scientists and breeders in the future.

• We have a resource that can be applied to any other trait(s) and any other species.

Conclusions
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• In this work, stored LMA-affected grains activated their primary metabolisms such as glycolysis and 

gluconeogenesis, TCA cycle. 

• It also including DNA- and RNA binding mechanisms, as well as protein translation. 

• This logically transitioned to protein folding activities driven by chaperones and protein disulfide 

isomerase, as well as protein assembly via dimerisation and complexing. 

• The secondary metabolism was also flagged notably with the up-regulation of phytohormones, 

chemical and defense responses. 

• LMA further invoked cellular structures among which ribosomes, microtubules, and chromatin. 

• Finally, and unsurprisingly, LMA expression greatly impacted grain starch and other carbohydrates with 

the up-regulation of alpha-gliadins and starch metabolism, while LMW glutenin, stachyose, sucrose, 

UDP-galactose and UDP-glucose were down-regulated. 
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Meules a Giverny, Monet 1891

Thank you!
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