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EU coexistence framework

In principle, farmers should be able to cultivate the
types of agricultural crops they choose - be it GM
crops, conventional or organic crops;

The adventitious presence of GMOs above 0.9%
triggers labelling « as containing GMOs »;

The presence of traces of GMOs in particular food
crops - even at a level below 0,9% - may cause
economic damages to operators;

Many of the influencing factors are specific to
national, regional and local conditions;

- Principles of subsidiarity and of proportionality



Various sources of adventitious presence

Factors affecting gene flow

Landscape patterns

— Distance between donor and
recipient fields

— Field sizes and shapes

— Topology
Wind direction and speed
Flowering time-lag

— Sowing dates, earliness of
varieties and climate

Crop management practices
Genetics

— Pollen, persistence




Uniform coexistence measures are
not uniform

A statistical approach which takes advantage of gene flow studies
and which determines adequate isolation distances
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How to set up coexistence measures

2. A mechanistic approach which aims at considering the
effects of landscapes, climate and agricultural practices
on gene flow at the landscape level
— Adaptation to regional contexts
— Flexible coexistence measures (may change from field to field);
— More difficult to implement under a regulatory framework;

Adaptation to local conditions are necessary to meet the
proportionality principle =2 gene flow models can help



Field pattern || Sowing date Maize Climate

MAPOD
{

For each non — GM plant in each field: number of

orains with the transgene

J

Proportion of GM grains in
non OGM harvest

(Angevin et al., 2008)



Assessment of Agronomic Scenarios with MAPOD

Effect of
climate

Computing aspects limit its practical use
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—>Three major steps forward

PRactical Implementation of Coexistence in Europe

 Develop a dynamic and operational decision-support
tool to help secure compliance with given thresholds

— Development of a web-based prototype
e Associate confidence intervals to AP predictions by
taking into consideration uncertainty/variability
— Design of a Bayesian framework

 Develop cost-effective sampling strategies

— Use of predictive models to optimize sampling
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Scenarios for the DST

Ex ante o . Ex post 1 Ey post 2
- (?M malze fields location = Actual spatial location of | | - %bserved flowerin
(if registered) GM and non GM fields . 8
= Hypotheses on allocation | . Sowing dates and da.tes,-
of non GM fields estimation of flowering " Climatic dat'a for the
= Historical climatic data . whole growing season

More precise climate

Flowering Harvesting
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Distribution of GM AP in every non-GM field of
the landscape rather than one single value
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Bayesian models

e Observation model = Zero-inflated Poisson
Ye ~ ZIP(1 — qs, pi2)

e = ps X FD

of In(ul) ~N(n(us x FD), ¢?)

e 3 pollen dispersal models: exponential, 2Dt, NIG
e 3 « co-variate » models

_ Distance Variability

— Distance + Wind

— Distance + Wind + Flowering



Datasets used
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Correct prediction of AP and of its within-
field variability
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Model-based sampling strategies

Simulation of the within-field spatial
distribution of GMO AP using our Bayesian
gene flow model predictions

Calculation of mean and variance of the
simulated AP values

Possible stratification of fields (mean and
variance)

Comparison of various estimation strategies
with random sampling



Random sampling

e The random sampling without replacement
was used as a reference method, since it does

not need any prior information. The estimator
of the field AP is the sample mean.




1.The field is divided in strata of
same surface, created by ranking
each ear with the model output.

Low AP

1% of the samples

2. Samples are distributed in each
stratum according to the intra-
stratum uncertainty of the model.

96% of the samples
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False decision rate (%)

Simulation study on real datasets

*Using the gene flow information helps reduce the sampling effort
«Stratification further reduces the effort

o False decision rate
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Decision support tool taking
into account local conditions
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Simulated Distribution of AP (%) at the Landscape Level
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Conclusions

A comprehensive Bayesian statistical approach has
been successfully implemented (for the first time) to
the case of gene flow and has made it possible to:

— Give information on the uncertainty related to adventitious
presence in non-GM fields;

— Inform the decision-maker on adventitious presence
whatever is the level of information available on practical

situations;
— Model the variability of adventitious presence within a field;



Conclusions (2)

e The cost-effectiveness of conventional

sampling strategies is poor when the AP is
close to targeted thresholds;

 More cost-effective sampling strategies can be
proposed by:

— Using the information given by the above Bayesian

gene flow models to optimize sampling within
fields;



Conclusions (3)

e A prototype of a web-based platform implementing

decision-tools to support coexistence at the landscape level
has been desighed;

— To allocate GM and non-GM fields meeting given uniform isolation
distances, directly applicable to a wide range of crops (soybean,
rapeseed) or cropping systems (seed production);

— The Bayesian approach featuring the adaptability to available
information and reflecting the level of uncertainty has been
implemented for maize;

 The Bayesian approach can be extended to cover other
compartments of the coexistence supply chain as well as
other dispersal issues (pests)
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