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Powde ildew ( Erysiphe cichorcearum) on Arabidopsis thaliana




Metabolite profiling technologies

Robust, though does not
offer global metabolite profile
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Relative sensitivities of various
metabolomic tools (Sumner et al/,, 2003)




Metabolomics: Our
standardised approach
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Experimental SOP
e Biological Replication

10 Replicates for each genotype / treatment at each time points

e Machine Replication

Many multiples for FT-IR fingerprinting
Typically, two for ESI-MS

e Experimental Replication

Typically, two experimental replicates.

e Validation
Comparisons of training and test sets in projection analysis. Targeted metabolite analysis

e Extractions
FT-IR = water,
ESI-MS Chloroform methanol and water based solvent mixture 6 (at 1:2.5:1 ratios)
Samples were reconstituted in propan-2-ol (70%) and water (30%) for analysis

e Metabolite quenching Quenching metabolism will be performed by
e (@) -58°C methanol, (b) 60% buffered methanol at -40°C, (c) Liquid N2.
e Use of internal standards (for MS)




Pathosystems under
Investigation




Fungal interactions

Rice Blast: (Maganpothe grisea). Allwood et a/., Plant Journal (/n press)
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Arap/aopsis— Bacteriall Pathegen; :
Pual Metaboelomics

The aim is/ to develop a pathosystem where host and pathogen
responses can be modelled.

We employed Arabidopsis thaliana suspension cultures inoculated
WIth' Pseudornionas syringae




Plant reprogramming by bacterial pathogens
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Glucocortocoid — inducible switch

GR
CaMV 35S Gluccocotocoid
promoter Receptor

Dexamethasome
. BIOLOGICAL
- EFFECTS

GR activated
promoter

IS a cysteine protease — transgenic line
provided by John Mansfield (Imperial College, UK) and
Greg Martin (Purdue, USA)




Dexamethasome induced avrPtoB effects

—

234(avrPtoB)

236 (empty vector) Older leaves
exhibited most

0 24 48 72 hpost induction
234 236 234 236 234 236 2236




Discriminant function analysis (DFA)
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Feature Selection




Approach One : Loading Vectors

Loading (Eigen ) vectors making up the PC on which
DFA discriminatory models are based.

Spectra
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Two component
chemometric models

for 72 h
(1) AvrPtoB effect at (e.g.) 72h
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Approach Two : Genetic Algorithms —
imicking evelution
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Selection of key mass ions via GA-DFA
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Hierarchical Cluster Analysis (HCA) of most
discriminatory polar metabolites
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Delivering the promise in plants?

Demonstrating added value
Confirmation of discriminatory m/z
Biological validation

1) Arabidopsis mutants .
1) Addition of chemicals/inhibitors
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