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Plants, especially sorghum are experiencing
strong GxE interaction.

Sorghum shows a wide range of adaptation
(plasticity).

GxE is a challenge for breeders, especially in the
context of marker assisted selection

How to meet the demand of farmers that
experience extremely diverse cultivation
conditions?

-> Advanced genetic resources + Envirotyping +
statistical methodology + decision support tools

The challenge of the genotype by environment (GxE) interaction



Advanced genetic resources: West and Central Africa (WCA) BCNAM population 

WCA-BCNAM populations: 41 crosses between central parent Grinkan, Kenin-Keni, and Lata3 
(N=3901) and 24 donors parents with a wide diversity of traits.



Envirotyping: Multi-environment phenotyping

Multi-environments characteristics:

Four testing sites: Sotuba, Cinzana,
Samanko, Kolombada

Two sowing dates (Sot, Cin): End june,
End July

Trait: Flag leaf, plant height, number of internodes, average internode length, peduncle length, panicle length, yield



Envirotyping: 15 environmental covariates (EC)

Category EC Unit Observed/

inferred

Sum/mean

Atmospheric cumulated rain mm obs sum

humidity % obs mean

vapour pressure deficit kPa inf mean

slope of saturation VP curve kPa/d inf mean

potential evapotranspiration mm/day inf mean

deficit by precipitation mm/day inf mean

Temperature minimum temperature d obs mean

maximum temperature d obs mean

temperature range d obs mean

cumulated degree day dd obs sum

T effect on radiation use efficiency 0-1 inf mean

Radiation cumulated hour of sun h obs sum

photoperiod h inf mean

solar radiation MJ/m^2/day inf sum

Photothermal Photothermal (photoperiod * DD) h*dd obs sum

EnvRtype: Costa-Neto et al. (2020)
Nasapower: Sparks (2018) 



Statistical methodology: MPP-ME QTL detection model

We assumed that each parent carries a different allele at the QTL position that can have a different effect 
in each environment (N_par x N_Env effect) estimated compared to reference (central parent).



Statistical methodology: Variance covariance structure

V

Compound 
symmetry (CS)

Unstructured 
(UN)

(uniform gene action)

(Set of gene act differently in each E)



QTL term

𝑥𝑖𝑝 ∗ (𝛽𝑝+𝐸𝐶𝑒 ∗ 𝑆𝑝 + 𝑙𝑝𝑒)

Bp: parental allele main effect across environment

ECe: value of the environmental covariate in environment E

Sp: Sensitivity of the parental QTL allelic effect to the EC

Bp

Sp

ECe

𝑦𝑖𝑐𝑗 = 𝑒𝑛𝑣𝑗 + 𝑐𝑟𝑜𝑠𝑠𝑐𝑗 + 𝑥𝑖𝑝 ∗ 𝛽𝑝𝑗 + 𝐺𝐸𝑖𝑐𝑗 + 𝑒𝑖𝑐𝑗 2

Statistical methodology: QTLxEC model



Statistical methodology– QTL allele effect projection in the Malian environment

𝑄𝑒𝑓𝑓 = 𝛽𝑝 + 𝐸𝐶𝑒 ∗ 𝑆𝑝

෠𝑄𝑒𝑓𝑓 = 250 + 𝐸𝐶𝑒 ∗ 0.05

෠𝑄𝑒𝑓𝑓(𝑙𝑎𝑡,𝑙𝑜𝑛) = 250 + 𝐸𝐶𝑒 ∗ 0.05 ෠𝑄𝑒𝑓𝑓(12.5,−5)

[…]
෠𝑄𝑒𝑓𝑓(13.5 −10)

a) Estimation of the QTL allele sensitivity to the EC

b) Projection of the QTL effect given new EC values



Statistical methodology – mppR R package



Results – General QTL detection results

Good explanation (R2) of FLAG, PH, NODE_N and PED. Less QTL and lower R2 for PAN and YIELD.



Results – Large QTL effect with candidate genes

Large QTL effect with underlying candidate genes for FLAG and PH



Results – Complex genetic pattern at large effect QTL positions

Parental QTL allelic effects are modulated by genetic background and environment



Results – Environmental sensitivity of FLAG and PH large QTLs
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Results – Projection of expected QTL allelic effect in the Malian environment



Decision support tools – R shiny application for interactive QTL effect database

https://github.com/vincentgarin/SQE



The last mile – Integrating better farmers needs and context

Tricot experiment (van Etten et al. 2019) for sorghum participatory variety selection with 200 farmers from 20 
villages of the Adilabad district (India)



The last mile – Integrating better farmers needs and context



Conclusion – Better integration of developed technologies and farmers need



Questions
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