
In silico ideotyping

1. Define ranges/statistical distributions for trait values
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In silico ideotyping

1. Define ranges/statistical distributions for trait values

• Phenotyping barley lines (e.g., k)

 line7165

o χ = 0.527

o k = 0.38
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In silico ideotyping

1. Define ranges/statistical distributions for trait values

• Phenotyping barley lines (e.g., k)

 Calanque

o χ = 1.537

o k = 0.76
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In silico ideotyping

1. Define ranges/statistical distributions for trait values

• Phenotyping barley lines (e.g., k)

 Cometa

o χ = 1.835

o k = 0.84
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In silico ideotyping

1. Define ranges/statistical distributions for trait values

• Phenotyping rice varieties (e.g., k)
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In silico ideotyping

1. Define ranges/statistical distributions for trait values

• Phenotyping bean lines (e.g., k)
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In silico ideotyping

1. Define ranges/statistical distributions for trait values
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In silico ideotyping

1. Define ranges/statistical distributions for trait values

2. Identify most

relevant traits

 Global sensitivity

analysis 
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Sensitivity analysis

• Objective: quantifying the role of uncertain input factors in 

explaining the variability of the outputs of mathematical models.

• It is often used to identify the model parameters that – under 

specific conditions – have the largest effect on model outputs.
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Sensitivity analysis

• The rationale is to quantify changes in model outputs occurring 

because of changes in model inputs.

• The first idea could be:

 Dividing the biophysical range of each input in a certain 

number of regular intervals.

 For each input, running simulations assigning to the input the 

value of each interval.

 One input at a time

 N-dimensional grids (N being the number of inputs)

Development of crop ideotypes



Sensitivity analysis

• Problems:

 How many intervals? (response functions often discontinuous)

 If many intervals and N-dimensional grids  the number of 

simulations can be huge
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Sensitivity analysis

• Sensitivity analysis methods were proposed to efficiently explore

the parameter hyperspace

Development of crop ideotypes

• Screening methods (mean and standard 
deviations of incremental ratios)

 Morris

• Regression-based methods

 Latin Hypercube Sampling (LHS)

 Random

 Quasi-Random LpTau (LpTau)

• Variance-based methods

 Sobol’

 Fourier Amplitude Sensitivity test (FAST)

 Extended FAST



Sensitivity analysis

Morris method

• It is very fast (few model executions are needed).

• Useful in case of models with many inputs and/or very demanding

in terms of computational time.

• Sometimes used to identify parameters with a low impact on 

output variability

 The others are then analyzed using methods requiring many 

executions (2-step approach).

• In comparative studies, it demonstrated effectiveness in ranking

parameters according to their relevance

 Used alone (1 step) when the aim is obtaining a qualitative 

ranking of inputs.
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Sensitivity analysis

• Assuming

 𝑋 = 𝑥1, … , 𝑥𝑖 , … , 𝑥𝑁 as the vector of the 𝑵 inputs on which the 

sensitivity analysis is being performed

 𝑦 𝑋 as the model output.

• Rescale each parameter 𝑥𝑖 in the interval 𝟎, 𝟏 .

• Force each 𝑥𝑖 to assume values in the set 

0,  1 𝑝 − 1 ,  2 𝑝 − 1 ,… , 1 , 𝒑 being the number of levels.

• The parameter space Ω is then defined as a 𝑁-dimensional,

𝑝-level unit hypercube.
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Sensitivity analysis

• Assuming 𝜟 as  1 2 𝑝 − 1 , a number of incremental ratios

(elementary effects) (𝑅𝑖) is calculated as:

𝑅𝑖 𝑥1, … , 𝑥𝑁, ∆ =
𝑦 𝑥1, … , 𝑥𝑖−1, 𝑥𝑖 + ∆,… , 𝑥𝑖+1, … , 𝑥𝑁 − 𝑦 𝑥1, … , 𝑥𝑁

∆

• 𝜴 is randomly sampled over 𝑟 different trajectories.

• After the sampling, parameters are scaled back to their 

biophysical values.

• The total number of model executions is 𝒓 𝒌 + 𝟏 .

• Mean (𝜇𝑖) and standard deviation (𝜎𝑖) of each distribution of 𝑅𝑖
are then calculated

 𝜇𝑖 represents the overall influence (total effect) of the 

parameter 𝑥𝑖

 𝜎𝑖 identifies (for high values) non-linearities or interactions with 

other parameters.
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Sensitivity analysis

• Sample results

 WARM rice model, northern Italy

 Output: aboveground biomass at maturity
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Sensitivity analysis

Regression-based methods (LHS, Random, LpTau)

• The rationale is approximating the relationship between inputs (𝑥𝑖) 
and output (𝑦) through the following equation:

𝑦 = 𝑏0 + 

𝑖=1

𝑁

𝑏𝑖 ∙ 𝑥𝑖 +𝜀

where 𝑏𝑖 is the coefficient to be estimated for 𝑥𝑖 and 𝜀 is the 

random error.

• When the inputs 𝒙𝒊 are independent, it is possible to use the 

standardized regression coefficient (SRC) to get an estimate of 

the sensitivity index:

𝑆𝑅𝐶 𝑥𝑖 = 𝑏𝑖 ∙
 𝑠𝑖
 𝑠

where  𝑠𝑖 and  𝑠 are the standard deviations of the input and of 

the output
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Sensitivity analysis

• Each SRC gives information about the effect of changing the 

value of an input from its standard value by a fixed fraction of its 

standard deviation, while maintaining the other factors at their 

default values.

• This family of methods also provides the coefficient of 
determination (R2), indicating the portion of total variance 

explained by the regression model.

• If the regression model is actually able to explain the relationship 

between inputs and output, the larger the value of a SRC, the 

more sensitive the model to that input.

• Among the sampling techniques more popular for generating the 

combination of model inputs, a key role is played by Latin 

Hypercube, Random and Quasi-Random LpTau.
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Sensitivity analysis

Variance-based methods (Sobol’, FAST, E-FAST)

• Variance-based methods use a variance ratio to estimate the 

importance of inputs.

• The rationale is the partitioning of the total variance of model 

output 𝑽 𝒀 (analogous to ANOVA) using the following equation:

𝑉 𝑌 = 

𝑖=1

𝑁

𝐷𝑖 +  

𝑖≤𝑗≤𝑁

𝑁

𝐷𝑖𝑗 + …+  

𝑖≤ …𝑁

𝑁

𝐷𝑖 …𝑁

where:

 𝐷𝑖 = 𝑉 𝐸  𝑌 𝑥𝑖 is the first order effect for each input 𝑥𝑖

 values from 𝐷𝑖𝑗 = 𝑉 𝐸  𝑌 𝑥𝑖 , 𝑥𝑗 − 𝐷𝑖 − 𝐷𝑗 to 𝐷1 …𝑁 are the 

second to 𝑵° order effects (interactions).
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Sensitivity analysis

• The sensitivity index for the first order effect (effect of the single 

input, no interactions) of the input 𝑥𝑖 is:

𝑆𝑖 =
𝑉 𝐸  𝑌 𝑥𝑖
𝑉 𝑌

• According to most implementations, the number of iterations

(decidedly larger than in other methods) is kept to a 

“reasonable” value by calculating only first and total order (St) 

effects (no explicit estimates of second, third, … orders).

• All the effects for orders higher than first

𝑆𝑡𝑖 = 𝑆𝑖 + 

𝑗≠𝑖

𝑆𝑖𝑗 + …+ 𝑆1 … 𝑁

are estimated together (total – first order).

• Sobol’ is based on the Monte Carlo integration method, FAST and 

E-FAST use the Fourier series (approximation but more efficient).
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Sensitivity analysis

• Sample results

 WOFOST model

 Rice in Northern Italy

 Output: yield
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