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Scientists are often asked to answer questions 
of (strong) societal interest



Aspirin to reduce risk for cardiovascular disease?



What is the impact of neonicotinoids (pesticide) on honey bees?



What is the impact of drought on yield? 



What is the impact of frost on yield? 



What is the impact of plant diseases? 



What is the impact of pollinators on yields? 

L

A Y

Flower density

Pollinators Crop yield



A Y
?



A Y
?

Three types of causality:

• For one individual     A → Y for an individual
• In average in a population of individuals  A → Y in average
• Conditionnal causality    A → Y under certain conditions



What is an individual causal effect?

A has a causal effect on an individual’s outcome Y if

for the individual 

A: Treatment variable (either 0 or 1, here)
Y: Outcome for an individual



What is an individual causal effect?

Neonicotinoid has a causal effect on the bee survival if

for the individual bee

A: Exposition to neonicotinoid (0 or 1)
Y: Bee alive, Bee dead (0, 1)



What is an individual causal effect?

This is the same bee!

Neonicotinoid has a causal effect on the bee survival if

for the individual bee

A: Exposition to neonicotinoid (0 or 1)
Y: Bee alive, Bee dead (0, 1)



What is an average causal effect?

There is an average causal effect in the population if:



Causal effect of drought on crop production

The drought occurrence A has a causal effect on an individual’s outcome Y if

for the site-year considered (same site-year!) 

• A: Drought occurrence (0 or 1)
• Y: Crop yield in a site-year, e.g., wheat field in a given field in 2023



• A: Drought occurrence (0 or 1)
• Y: Crop yield in a site-year
• Population: All wheat site-years in France

There is an average causal effect of the drought on wheat yield in France if:

Causal effect of a drought on crop production



Causation vs. Association

Drought A=0No drought



Causal analysis

Causal discovery Causal inference
« Learning causal relationships among 

variables from observational data »
« Estimating the causal effect of a specific variable 
(treatment) over a certain outcome of interest »

https://doi.org/10.1002/widm.1449
https://doi.org/10.1177/25152459241236149

Objective: estimating E(Ya=1) – E(Ya=0) 

https://doi.org/10.1002/widm.1449
https://psycnet.apa.org/doi/10.1177/25152459241236149
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Randomized controlled trial (RCT)
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Randomized controlled trial (RCT)
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Origins of modern experimental trial



Origins of modern experimental trial

Karl Pearson in 1910
English mathematician

From Gamsjager (2015)





Disease incidenceVolunteers for 
inoculation

Disease incidenceNot volunteers 
for inoculation



Disease incidenceVolunteers for 
inoculation

Disease incidenceNot volunteers 
for inoculation

High caution toward 
infection

Low caution toward 
infection

-

+



Origins of modern experimental trial

https://doi.org/10.1113/jphysiol.1907.sp001215

1907

https://doi.org/10.1113/jphysiol.1907.sp001215


A key tool to avoid confounding:
 

Randomized controlled trial



Rothamsted (UK), 1914

https://www.adelaide.edu.au/library/special/exhibitions/significant-life-fisher/rothamsted/ 

https://www.adelaide.edu.au/library/special/exhibitions/significant-life-fisher/rothamsted/
https://www.adelaide.edu.au/library/special/exhibitions/significant-life-fisher/rothamsted/
https://www.adelaide.edu.au/library/special/exhibitions/significant-life-fisher/rothamsted/
https://www.adelaide.edu.au/library/special/exhibitions/significant-life-fisher/rothamsted/
https://www.adelaide.edu.au/library/special/exhibitions/significant-life-fisher/rothamsted/


Ronald A. Fisher (1890-1962)

Fisher's idea: 

Control the identifiable factor(s) in the design and randomise over the others. 



Randomized controlled trial is now often viewed 
as a gold standard in science

• It is used to control factors not under direct experimental interest. 

• It can achieve sufficient control over confounding factors to deliver 
a meaninful comparison of the treatments studied. 



Hydroxychloroquine in nonhospitalized adults 
with early COVID-19
A randomized trial

Skipper et al. (2020)
https://doi.org/10.7326/M20-4207

https://doi.org/10.7326/M20-4207
https://doi.org/10.7326/M20-4207
https://doi.org/10.7326/M20-4207


Randomized controlled trial is now often viewed 
as a gold standard in science



Randomized controlled trial is now often viewed 
as a gold standard in science

Question Randomized 
controlled trial

Answer

A Y
?



… Why it does not always work well



… Why it does not always work well

• Lack of power
•Heterogeneity of conclusions
•Restricted conditions



A solution: combining trials by meta-analysis

A.L. Cochrane (1909-1988)



March, 2018

https://www.nature.com/articles/nature25753

The Cochrane 
organization





Why RCT is not always possible

• Not always possible to apply the treatment A
• Not always easy to randomize
• Costly
• Limited sample sizes
• Unpopular



Non-RCT studies are common

• Non-randomized experiments
• Surveys
• Observational studies
• Expert-based studies



https://doi.org/10.1177/25152459241236149

Potential-outcome framework

https://doi.org/10.1177/25152459241236149






https://doi.org/10.1016/j.eja.2024.127254 

https://doi.org/10.1016/j.eja.2024.127254


Plot Drought Yield after drought
Y1

Yield without drought
Y0

Observed yields

1 No 4 8 8
2 No 5 6 6
3 No 9 10 10
4 Yes 6 9 6
5 No 7 7 7
6 No 2 5 5
7 Yes 6 8 6
8 No 3 7 7

Effect of drought on yields in France?
A=1 : drought occurrence
A=0 : absence of drought
Y1 : yield value in a given plot if A=1
Y0 : yield value in a given plot if A=0 Average drought effect = E(Y1) – E(Y0) 



Plot Drought Yield after drought
Y1

Yield without drought
Y0

Observed yields

1 No 4 8 8
2 No 5 6 6
3 No 9 10 10
4 Yes 6 9 6
5 No 7 7 7
6 No 2 5 5
7 Yes 6 8 6
8 No 3 7 7

How can we estimate the average drought effect E(Y1) – E(Y0) 
from observed yield data only, without RCT?
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L

A Y

Confounding factors

Treatment (0, 1) Response 

What is the effect of A on Y?



L

A Y

Confounding factor
(High temperature)

Adverse weather event
(Drought)

Crop yield in a site-year



L

A Y

Confounding factor
(Low radiation due to clouds)

Adverse weather event
(Water excess)

Crop yield in a site-year



L

A Y

Confounding factor
(Excess of water)

Adverse event
(Disease)

Crop yield in a site-year



Causal inference methods to deal with confounding 
factors to estimate the effect of A on Y

• Inverse probability weighting with propensity scores
• Matching with propensity scores
• Standardization (g-computation)
• Double robust inference
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Model computing the probability of A
(propensity score) as a function of L



Causal inference methods to deal with confounding 
factors to estimate the effect of A on Y

• Inverse probability weighting with propensity scores
• Matching with propensity scores
• Standardization (g-computation)
• Double robust inference

Model computing Y (outcome) as a 
function of L and A



Provide unbiased estimation of E(Ya=1) – E(Ya=0) if

• Exchangeability
•Positivity
•Consistency
•Noninterference



Inverse probability weighting

𝐸 𝑌! = 𝐸
𝐼 𝐴 = 𝑎 𝑌
𝑃(𝐴 = 𝑎|𝐿)

Idea: Compute the mean of Y weighted by the inverse probability of A=a



Implementation

!𝐸
𝐼 𝐷𝑟𝑜𝑢𝑔ℎ𝑡 𝑌
𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)

=
1
𝑛
4
!"#

$
𝑌!	𝐼(𝐴! = 𝐷𝑟𝑜𝑢𝑔ℎ𝑡)
!𝑃 𝐴! = 𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿!

Develop	a	model	 !𝑃 𝐴! = 𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿! : « Propensity score »

• Logistic regression (glm)
• Machine learning for classification (random forest, gradient boosting etc.)



A L1 … LK Y

0 (no drought) Irrigated Temperature=15 9.2

0 (no drought) Rainfed Temperature=21 7.2

1 (drought) Irrigated Temperature=11 8.5

0 (no drought) Irrigated Temperature=24 7.9

1 (drought) Rainfed Temperature=14 7.1

… … … … …

0 (no drought) Rainfed Temperature=19 6.8

!𝑃 𝐴 = 1|𝐿 = 𝑓(𝐿)
glm(A~L1+L2+…+LK, family=binomial)
randomForest(A~L1+L2+…+LK)
Xgboost, neuralnet etc.



Implementation

!𝐸
𝐼 𝐷𝑟𝑜𝑢𝑔ℎ𝑡 𝑌
𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)

− !𝐸
𝐼 𝑁𝑜	𝑑𝑟𝑜𝑢𝑔ℎ𝑡 𝑌
1 − 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)

Run the model over all data and compute:



Implementation

!𝐸
𝐼 𝐷𝑟𝑜𝑢𝑔ℎ𝑡 𝑌
𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)

− !𝐸
𝐼 𝑁𝑜	𝑑𝑟𝑜𝑢𝑔ℎ𝑡 𝑌
1 − 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)

Run the model over all data and compute:

• The probabilities of drought and no drought should be non-zero!
• Numerical issues and instability when these probabilities are too extreme.
• Various tricks +- efficient to deal with this issue.
• Confidence intervals can be computed by bootstrap.



Variant: Matching

• Compute 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿) for all data

• Create pairs of values of Y based on the calculated probabilities
ØSelect an observed value Yd with drought and 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)=Pd

ØSelect an observed value Ynd without drought and 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)=Pnd

ØMatch the two values (Yd, Ynd) if Pd and Pnd are « similar » 
ØRepeat the procedure for all the observed Y

• Compute the mean difference of Y based on the pairs

• Confidence intervals can be computed by bootstrap



Variant: Matching

• Compute 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿) for all data

• Create pairs of values of Y based on the calculated probabilities
ØSelect an observed value Yd with drought and 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)=Pd

ØSelect an observed value Ynd without drought and 𝑃(𝐷𝑟𝑜𝑢𝑔ℎ𝑡|𝐿)=Pnd

ØMatch the two values (Yd, Ynd) if Pd and Pnd are « similar » 
ØRepeat the procedure for all the observed Y

• Compute the mean difference of Y based on the pairs

• Confidence intervals can be computed by bootstrap

Many different ways 
to define « similar » !



Standardization



Standardization

A=Drought
L=Irrigated/Rainfed

𝐸 𝑌%&'()*+ = 𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑒𝑑 𝑃 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑒𝑑
																											

																										+ 𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝑅𝑎𝑖𝑛𝑓𝑒𝑑 𝑃 𝑅𝑎𝑖𝑛𝑓𝑒𝑑
                          



Implementation
𝐸 𝑌!"#$%&' = 𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿 = 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑒𝑑 	𝑃 𝐿 = 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑒𝑑

	 	 			+ 𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿 = 𝑅𝑎𝑖𝑛𝑓𝑒𝑑 	𝑃 𝐿 = 𝑅𝑎𝑖𝑛𝑓𝑒𝑑
                          

Require	an	«	outcome	model	»	𝑔 𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝑁𝑜	𝑑𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿 	able	to	compute	 B𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿

•  Linear regression
•  GAM
•  Machine learning (RF, xgboost, neuralnet etc).



Implementation
𝐸 𝑌!"#$%&' = 𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿 = 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑒𝑑 	𝑃 𝐿 = 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑒𝑑

	 	 			+ 𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿 = 𝑅𝑎𝑖𝑛𝑓𝑒𝑑 	𝑃 𝐿 = 𝑅𝑎𝑖𝑛𝑓𝑒𝑑
                          

Step	1: Develop	a	model	𝑔 𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝑁𝑜	𝑑𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿 	computing	 B𝐸 𝑌|𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿
•  Linear regression
•  GAM
•  Machine learning (RF, xgboost, neuralnet etc).

Step 2: Run the model two times over all data, with Drought and No droughts, successively

Step 3: Compute the average difference  

1
𝑛
#
!"#

$

𝑔(𝐷𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿!) −
1
𝑛
#
!"#

$

𝑔(𝑁𝑜	𝑑𝑟𝑜𝑢𝑔ℎ𝑡, 𝐿!)



A L1 … LK Y

0 (no drought) Irrigated Temperature=15 9.2

0 (no drought) Rainfed Temperature=21 7.2

1 (drought) Irrigated Temperature=11 8.5

0 (no drought) Irrigated Temperature=24 7.9

1 (drought) Rainfed Temperature=14 7.1

… … … … …

0 (no drought) Rainfed Temperature=19 6.8

lm(Y~L1+L2+…+LK)
randomForest(Y~L1+L2+…+LK)
Xgboost, neuralnet etc.

!𝐸 𝑌|𝐴, 𝐿 = 𝑔(𝐴, 𝐿)



A L1 … LK Y 𝑔(𝐴 = 0, 𝐿) 𝑔(𝐴 = 1, 𝐿)
0 (no drought) Irrigated Temperature=15 9.2 9.6 9.1

0 (no drought) Rainfed Temperature=21 7.2 8.1 7.9

1 (drought) Irrigated Temperature=11 8.5 8.0 7.2

0 (no drought) Irrigated Temperature=24 7.9 7.2 6.5

1 (drought) Rainfed Temperature=14 7.1 7.9 6.1

… … … … … … …

0 (no drought) Rainfed Temperature=19 6.8 5.5 4.1

Mean yield
 without drought

Mean yield
 with drought



Double robust

• Combine Inverse probability weighting and standardization
• Rely on two models

• Unbiased if one of the two models is unbiased 

!𝑃 𝐴|𝐿
!𝐸 𝑌|𝐴, 𝐿 = 𝑔(𝐴, 𝐿)

L

A Y



Double robust

!𝐸 𝑌123 = 3
4
∑5234 𝑔 𝐴 = 1, 𝐿5 + 6!

7(623|9!)
𝑌5 −𝑔 𝐴 = 1, 𝐿5



Double robust

!𝐸 𝑌123 = 3
4
∑5234 𝑔 𝐴 = 1, 𝐿5 + 6!

7(623|9!)
𝑌5 −𝑔 𝐴 = 1, 𝐿5

Predicted effect of A=1 on Y Error of prediction of Y

Probability of A=1 estimated 
as a function of L



Double robust

!𝐸 𝑌123 = 3
4
∑5234 𝑔 𝐴 = 1, 𝐿5 + 6!

7(623|9!)
𝑌5 −𝑔 𝐴 = 1, 𝐿5

!𝐸 𝑌12: = 3
4
∑5234 𝑔 𝐴 = 0, 𝐿5 + 3;6!

7(62:|9!)
𝑌5 −𝑔 𝐴 = 0, 𝐿5
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A L1 … LK Y 𝑔(𝐴 = 0, 𝐿) 𝑔(𝐴 = 1, 𝐿) P(A=1|L)

0 (no drought) Irrigated Temperature=15 9.2 9.6 9.1 0.4

0 (no drought) Rainfed Temperature=21 7.2 8.1 7.9 0.7

1 (drought) Irrigated Temperature=11 8.5 8.0 7.2 0.2

0 (no drought) Irrigated Temperature=24 7.9 7.2 6.5 0.8

1 (drought) Rainfed Temperature=14 7.1 7.9 6.1 0.3

… … … … … … … …

0 (no drought) Rainfed Temperature=19 6.8 5.5 4.1 0.6
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Causal analysis methods for estimating the impact of drought and cold events 
on crop yields in France.





Confounding variables

Treatment variables





Naive comparison can be wrong because of confounding!







Double robust

• Combine Inverse probability weighting and standardization
• Rely on two models

• Unbiased if one of the two models is unbiased 

!𝑃 𝐴|𝐿 = 𝑓 𝐿
!𝐸 𝑌|𝐴, 𝐿 = 𝑔(𝐴, 𝐿)

L

A YDrought
Cold wave

Other climate variables

Model predicting drought and cold wave occurrences

Model predicting crop yield

Yield maize
Yield sunflower



Models predicting crop yields



Model predicting drought occurrences





Naive estimates (« direct » comparison of yield 
mean values) led to stronger yield loss values



Inverse probablity weighting led to very large 
confidence intervals (instability)



Double robust provided intermediate 
estimated and narrow confidence intervals 
(no instability).



Yield data

Simulations

Climate data

Fitted GLM

Drought occurences

Fitted LM

Simulated drought occurences

Simulated yield data

Effect of drought

Dought effects estimated 
with causal methods 

RMSE

x 200



Results of simulations for estimating the drought effect on yield



Results of simulations for estimating the drought effect on yield

Overestimation



Results of simulations for estimating the drought effect on yield

Instability



Results of simulations for estimating the drought effect on yield

Accurate results
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• Objective
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• Application 1: Maize and Sunflower
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• Conclusions



Effects of high spring rainfall on downy mildew and grapevine yield in France



Effects of high spring rainfall on downy mildew and grapevine yield in France

A Y Y



Confounding 
variables L

Treatment 
variable A







Double robust

• Combine Inverse probability weighting and standardization
• Rely on two models

• Unbiased if one of the two models is unbiased 

!𝑃 𝐴|𝐿 = 𝑓 𝐿
!𝐸 𝑌|𝐴, 𝐿 = 𝑔(𝐴, 𝐿)

L

A YHigh precipitation

Other climate variables

Model predicting high precipitation occurrences

Model predicting vine yield

Vine yield
Disease



Model predicting yields



Model predicting « high precipitation » occurrence 





Estimated yield loss due to high precipitation



Estimated effect of high precipitation on disease severity





Conclusion
• Randomized control trials (RCTs) are commonly used to identify causal effect
• Meta-analysis is now very popular in agricultural science to synthetize RCTs and 

increase their statistical power
• However, often, RCTs are not available
• Recently, causal inference methods were developed to identify causal effect 

when RCTs are not available
• These methods are promising but not frequently used in agricultural & 

environmental science
• All these methods rely on one or two models, and model selection may have 

strong impacts 
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