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Genomic Prediction (GP)
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Multi-type Data and Classification

• Modern plant breeding programs collect several types of data
• Phenotypic trait data, genomic data 
• HTP, weather, image data

• Categorical phenotypic traits
• Susceptibility to disease
• Resistance to drought/salinity
• Number of tassels

• How do we leverage other data types to improve prediction? 
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Developing Methods for 
Classification using Multi-Type 
Data

• Combine three types of data:
• Secondary traits
• Weather
• Genomic data

• Predict multi-class categorical 
response
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Key Challenges

• High-dimensionality of genomic data

• Genomic covariates (R) >> weather covariates (Q) > secondary trait (P)

• Confounding: Genomic & weather covariates affect main trait and secondary traits.

• Threshold optimization for classification
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Step 1: 
Intrinsic Effect of Secondary Traits
• Regress each secondary trait on the set of weather variables and 

obtain residuals:
ො𝑢𝑖𝑝 = 𝑢𝑖𝑝 − 𝑤𝑖

𝑇 𝑏𝑝

where 𝑏𝑝 = (𝑏𝑝1, 𝑏𝑝2, … , 𝑏𝑝𝑄).

• The regression coefficients are estimated by minimizing:
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• Penalty functions: LASSO, aLASSO, RR, SCAD.
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Step 1: Contd.

• Regress each residual on the set of genomic variables and obtain 
double residuals:

ො𝑢𝑖𝑝 = ො𝑢𝑖𝑝 − 𝑣𝑖
𝑇 መ𝑑𝑝

where መ𝑑𝑝 = ( መ𝑑𝑝1, መ𝑑𝑝2, … , መ𝑑𝑝𝑅).

• The regression coefficients are estimated by minimizing:
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• Penalty functions: LASSO, aLASSO, RR, SCAD.
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Step 2: 
Logistic Regression with Penalized Forward 
Selection
• Forward selection

• Differing sizes of data types

• Penalized logistic regression

• Advantages:
• Sparse Models – Interpretability
• Control on data type entering model
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Step 3:
Threshold Optimization for Classification
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Step 4:
Model Evaluation
• Classify test observations

• Coefficients from step 2 
• Threshold from step 3

• Compute classification errors for evaluation
• Accuracy
• TPR
• TNR
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Data Description
• Chickpea Data set with 278 lines
• Main Trait: Days to Maturity –

Low/High
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Secondary Traits – 6 traits

Weather – 4 × 100 weather 
covariates

Marker Data – 10000 markers



Preliminary Results
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Conclusions

• Promising preliminary results
• Outperforming ML methods

• Future work:
• Imbalanced classification
• Multi-class classification
• Weather window optimization

• Applications:
• Genomic Prediction
• Biomedical precision medicine
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