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INTRODUCTION

• Grapevine downy mildew, caused by biotrophic 

oomycete Plasmopara viticola, is perhaps the 

most detrimental disease on vineyards globally1.

• Marker-assisted selection for host resistance is 

increasingly informed by new –omics approaches.

• >25 P. viticola resistance loci from wild grapes2.

• Resistance outcomes depend on

• host genetic variation3

• pathogen isolate identity3,4

• P. viticola species complex contains five formae 

speciales, three that infect cultivated grapes.

• morphologically and genetically distinct5

• different host species targets6

• geographical ranges differ6,7

• Epidemiological models = field by field level8,9

• to determine local management regimes

• How intense will downy mildew be in a specific area in 

future climates?

• When in the season can we expect disease to develop 

in a particular year?

• Ecological niche models = global picture10,11

• spatial inferences about species ranges

• Where on the globe will the pathogen be able to survive, 

given host presence and effective pathogen dispersal?

• What countries or landscapes are of concern for pathogen 

species range expansions under climate change?

DISCUSSION

CONCLUSION

Plant pathogen models: type, scope, and application

Implications for breeding

MATERIALS + METHODS

• GIS input data

• coordinates of locations for genetically-confirmed 

cultivated grape-infecting P. viticola ff. spp. 

‘aestivalis’, ‘riparia’, and ‘vinifera’ 6

• 19 bioclimatic predictor variables (related to 

temperature and precipitation) from Worldclim14

• Preliminary Maxent models (5 reps)13,15

• reserved occurrences for testing model accuracy

• 25% for ‘aestivalis’ and ‘riparia’

• 10% for ‘vinifera’ due to sparse occurrence data

• regularization multiplier =3 to generalize predictions given the

sparse occurrence data

• observed jackknife graphs, omission rates, and AUC scores

Do projected ranges differ among 
cultivated grape-infecting 
P. viticola formae speciales?

Future directions
• Increase input data13,15

• retrieve more occurrence records from researchers

• field collections

• Perform additional modeling algorithms to determine 

the most biologically relevant one18

• machine learning algorithms such as artificial neural 

networks, decision trees

• climate envelope techniques such as BIOCLIM 

• Optimize final models for current climate and make 
species range projections onto future climates17,18. 
Perform PCAs to determine the core predictors of 
Pv ff. spp. distributions.
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Figure 1. Map of occurrences of 

P. viticola formae speciales. Data 

retrieved from Rouxel et al. (2014).

OBJECTIVE

2070 Habitat suitability projections for P. viticola 
formae speciales through study area visually differ.

‘aestivalis’ ‘riparia’ ‘vinifera’

Figure 2. Habitat suitability projections. 

Data used: intermediate concentration 

pathway RCP4.5; HadGEM2-CC model16,17. 

Suitability values for light shade = 20-60%, 

medium = 60-80%, dark = 80-100%. 

AUC scores in gray.

Thorough transcriptomics study relating 
isolate-specific resistance grapevine genes to 
disease outcomes of different P. viticola ff. spp.  

Different highly permuting 
predictor variables for each 
forma specialis.

forma specialis highest permuting variables
permutation 

importance (%)

aestivalis
annual precip. 58.7

mean temp. of wettest quarter 15.2
temp. annual range (BIO5-BIO6) 8.7

riparia
annual mean temp. 32.8

mean temp. of wettest quarter 16.7
annual precip. 16.6

vinifera
annual precip. 35.9

mean temp. of wettest quarter 26.4
precip. of warmest quarter 18.7

Preliminary ecological niche models 
suggest intraspecific divergence in 
niche and potential geographical ranges 
among cultivated grape-infecting downy 
mildew formae speciales.

• Maxent: maximum entropy species distribution modeling12,13

• machine-learning algorithm

• widely used in ecological studies

• robust for presence-only records

Based on the preliminary model projections into 2070, 
cultivars in the south should incorporate resistance loci 
that target P. viticola f. sp. ‘viticola’, and cultivars in the 
north should incorporate resistance loci that target P. 
viticola ff. spp. ‘aestivalis’ and ‘riparia’.
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Projection of trained model to 2070 climate scenario16,17
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There have been epidemiological models of P. viticola,
but range expansion predictions have yet to be made. 

Grapevine downy mildew

selection of germplasm that contains 
resistance loci for the local P. viticola 
forma specialis of an area
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• Annual precipitation is not nearly 

as important in predicting 

Pv ‘riparia’ compared to 

Pv ‘aestivalis’ and ‘vinifera’.

• Mean temperature of wettest 

quarter is highly important in all 

ff. spp.  This is consistent with 

epidemiological studies showing 

temp. and precip. interactions for 

disease development.8,9

Integrate niche model results for P. viticola ff. spp. 
with molecular tools to suggest targets in 
marker-assisted selection.


