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Why ALl in plant breeding?

Breeders equation
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O = Genetic variance

L, = Length of breeding cycle

Rod Snowdon 2



Why ALl in plant breeding?

Breeders equation
<0G
Lg

AG =

How to improve AG?

| = Selection intensity Select more intensely
r = Selection accuracy Select more accurately
O = Genetic variance Introduce new variation

L, = Length of breeding cycle Do all faster!

Rod Snowdon 3



Why ALl in plant breeding?

Breeders equation
<0G
Lg

AG =

How to improve AG? ML models?
| = Selection intensity Select more intensely Digital phenotyping, drones (MLP, NN)
r = Selection accuracy Select more accurately 3D plant phenomics (FS, RF, CNN)
O = Genetic variance Introduce new variation Conserve/increase diversity (GA, NLP)

L, = Length of breeding cycle Do all faster! Genomic selection (SVM, GBM, NN)



Breeders equation

B i*r<0gG
AG = B
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Reducing dimensionality in big-data

|dea:
|dentify the most important SNP for each Trait-SNP association (feature selection) and use them for
training and predictions.

. = = = = =
Avoid the curse of dimensionality and overfitting !
Underfitting Just right Overfitting
= High training error + Training error slightly lower « Very low training error
» Training error close to test than test error s Training error much lower
Symptoms
Error than test error
= High bias « High variance
Regression
illustration

Classification
illustration

two wind turbines in two dimensional and three dimensional space

Deep learning
illustration




Using linear and non-linear models in canola genomic selection

|dea:
|dentify the most important SNP for each Trait-SNP association (feature selection) and use them for

training and predictions.

Testing:

Used three linear and non-linear approaches for feature selection:
- PCA - data reduction (100 features)
- RF-based reduction (1000 features)
- Random selection of features (1000 features)

Statistical models used in a cross validation pipeline:
- Ridge-Regression Best Linear Unbiased Prediction (RR-BLUP)
- Least Absolute Shrinkage and Selection Operator (LASSO)
- "general" Linear Model (GLM)
- Gradient Boosting Machine (GBM)
- Artificial Neural Network (ANN)
- Random forest (RF)



Hybrid canola dataset

PREDICT data set — spring-type B. napus were evaluated at four different locations across Denmark, Germany,
Poland and Estonia. Jan et al., 2016 PLoS ONE 11(1): e0147769.

Design:
two male sterile testers (MSL-T1 and MSL-T2, NPZ Lembke, Hohenlieth, Germany) and a diverse population of 475
spring-type “00” B. napus cultivars = 950 hybrids

SNP genotyping
Brassica 60K lllumina Infinium™ SNP genotyping array of parental lines

Population

950 F1 hybrids — in silico crossing scheme (0, 1, 2)
Werner et al. 2018 Theor Appl Genet 131, 299-317

Phenotype data of hybrids (14) :
Yield [dt/ha],Qil-Yield [dt/ha],Moisture [%],0il [%],Protein Seed [%],Protein Meal [%]
GSL Meal ymol/g seed,GSL ymol/g seed, TSW [g], Days to flower, Straw length [cm]
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FIGURE 1 | Machine learning (ML) workflow that include feature selection (FS) methods [principal component analysis (PCA)], nonlinear dimensionality reduction
[random forest (RF)], and random selection using 80% of the input data set, while the evaluation of prediction accuracies was done with the remaining 20%, the
validation populations (VPs). Features abtained from the FS filter methods were combined with ridge regression best linear unbiased prediction (mBLUP), least
absolute shrinkage and selection operator (LASSO) regression, gradient boosting machines (GBM), artificial neural networks (ANN), and RF predictors.

Gabur et al (2022) Front. Artif. Intell. 5:876578




Top 100 PCs explain 87% of genetic variation in the canola dataset

S . d . :
T =[r,Ts,...,74, TER 1. Select k eigenvectors for k largest eigenvalues (k < d).
lzW. W e Rd=k 2. Construct matrix W from the ‘.‘top” Kk eigenvectorg o
" 3. Transform the d-dimensional input dataset X using the projection
— [= - - H . . . .
z=|z1,22,..., %] z e matrix W to obtain the new k-dimensional feature subspace.
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Random forest (RF) based data reduction for identification of top 1000 features

Identify the maximum variance in SNP matrix and calculate feature importance scores for each feature based on
the ‘Gini’ criterion (RF trees).

PREDICTION PREDICTION PREDICTION
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|
MAJORITY VOTE TAKEN
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FINAL PREDICTION MADE

Siddharth Misra, Yaokun Wu, in Machine Learning for Subsurface Characterization, 2020



1000 trees reduce the error rate of Random Forest model
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Gabur et al (2022) Front. Artif. Intell. 5:876578



Random Forest — based selection using features importance (top 1000)

PCA-based selection
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Predictions using the entire canola dataset are time consuming

Phenotypic trait : hybrid yield
Models: RR-BLUP, LASSO, GLM, GBM, ANN, RF
Cross-validation: 10x — 80%/20%

Entire set prediction — approx. 1200 min/20h
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Predictions using the PCA-based FS are 200x faster !

Phenotypic trait : hybrid yield

Models: RR-BLUP, LASSO, GLM, GBM, ANN, RF
Cross-validation: 10x — 80%/20%

Matrix : first 100PCs

Entire set prediction — approx. — 6.7 min (200 x faster then the SNP matrix X)
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Similar results for all investigated traits using PCA-based FS
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Predictions using the RF-based FS are 10x faster !

Phenotypic trait : hybrid yield

Models: RR-BLUP, LASSO, GLM, GBM, ANN, RF
Cross-validation: 10x — 80%/20%

Matrix : first 1000 RF features

Entire set prediction — approx. — 119.6 min (10 x faster then the SNP matrix X)
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Feature selection improves prediction accuracies of non linear models
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FIGURE 2 | Boxplots for (A) hybrid yield and (B) days to flower predictions of the B. napus data set obtained on 10-fold cross-validation (CV) sats, using Pearson
correlations, with mBLUP, LAS30, GBM, ANN, and RF, with 100, and 1,000 SNP subsets selected with different filter methods and the entire SMIP data sat (colored in
gray). Filtter mathods: principal component analysis 100 PCA (red), 1,000 RF (green), 1,000 RS (blue), and 14,718 (gray, no FS using the total number of markers after
Qc).

Gabur et al (2022) Front. Artif. Intell. 5:876578



Feature selection improves prediction accuracies of non linear models
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FIGURE 2 | Boxplots for (A) hybrid yield and (B) days to flower predictions of the B. napus data set obtained on 10-fold cross-validation (CV) sats, using Pearson
correlations, with mBLUP, LAS30, GBM, ANN, and RF, with 100, and 1,000 SNP subsets selected with different filter methods and the entire SMIP data sat (colored in
gray). Filtter mathods: principal component analysis 100 PCA (red), 1,000 RF (green), 1,000 RS (blue), and 14,718 (gray, no FS using the total number of markers after
Qc).
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