Exploration of trait relationships in mungbean
using a multivariate linear mixed model
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1. Introduction

2. Objectives

 Breeders select the best genotypes based on the analysis of multiple traits which could often
be correlated [1,2].
 It is important to obtain the predictions of the traits with the best possible accuracy.
 Multi-variate analysis using a multivariate linear mixed model can increase the accuracy with
which the traits are predicted, compared to separate univariate analyses.

 Present a trivariate linear mixed model based on the bivariate
analysis proposed by Ganesalingam et al. (2013) [3].
 Evaluate the accuracy increment of the trivariate method when
applied to two scenarios (two sets of three traits each).

3. Materials
 Both scenarios are from the same replicated field trial with 25 diverse mungbean inbred genotypes.
Scenario 2: Less heritable traits
Scenario 1: Highly heritable traits
Pod dissection traits: pod length, seeds per pod, and 50 seed weight
Seed colour traits: L*, a*, b*. Measured using a scanner (each observation is
(calculated from the average weight of all seeds in the pod). The data is
the average of 20 seeds – one observation per plot).
unbalanced (different number of samples per plot).

4. Methods
3𝑁×1

 Trivariate linear mixed model for each scenario: 𝒚

= 𝑿 𝝉 + 𝒁𝑔 𝒖𝑔 + 𝒁𝑑 𝒖𝑑 + 𝒆

Accuracy measure for the genotypic predictions [4]

𝒚3𝑁×1 : data for the traits stacked under each other
𝝉: fixed effects

𝒖𝑔 : genotypic effects, 𝒖𝑔 ~𝑴𝑵 𝟎, 𝑮𝑔

𝑟𝑖𝑤 =

𝒖𝑑 : design effects, 𝒖𝑑 ~𝑴𝑵(𝟎, 𝑮𝑑 ) 𝒆: residual effects, 𝒆~𝑴𝑵 𝟎, 𝑹
𝑿, 𝒁𝑔 , and 𝒁𝑑 are the associated design matrices

𝑮𝑔3𝑁

𝜎𝑔12
2
𝜎𝑔2

=

𝜎𝑒21

𝜎𝑔13
𝑁

𝜎𝑔23 ⊗ 𝑰
𝜎𝑔23

3𝑁

𝑹

=

𝜎𝑒12

𝜎𝑒13

2
𝜎𝑒2

𝜎𝑒23 ⊗ 𝑰𝑁
𝜎𝑒23

𝜎𝑔 2
𝑤

, where

𝑠𝑒𝑝𝑖𝑤 : standard error of prediction for genotype 𝑖 at trait 𝑤
𝜎g 2 : genotypic variance component for trait 𝑤

 Different covariance structures were proposed for the genotypic and residual effects.
• Unstructured (all variances and covariances can differ)
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This measure will increase when the model can account for the
residual covariance between traits.

• Diagonal, where 𝜎𝑔 𝑗𝑘 = 0 and 𝜎𝑒 𝑗𝑘 = 0 ∀𝑗 ≠ 𝑘 (equivalent to fitting three univariate models)

Accuracy gain (%): quantifies the gains in accuracy for each
trait when using a trivariate analysis instead of three univariate
analyses.

5. Results
 The genotypic effect was significant in the analyses of both scenarios and the main source of variability was the genotypic variance.
 The covariance structures of best fit for both scenarios were the unstructured at the genotypic and residual levels (REML ratio test).
Scenario 1: Highly heritable traits

Scenario 2: Less heritable traits
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Figure 1. Genotypic correlations between traits (lower
diagonal). Genotypic predictions (upper diagonal).

Figure 2. Genotypic correlations between traits (lower
diagonal). Genotypic predictions (upper diagonal).

Figure 2. 3D interactive plot of genotypic predictions.

Figure 4. 3D interactive plot of genotypic predictions.

Although the trivariate model provided a better fit, the accuracy gains were
negligible due to the highly heritable nature of the traits.

The accuracy gains for the trivariate model were higher for the two less heritable
traits, which had more residual variability.

6. Discussion
 The trivariate model allowed for the examination of the genotypic effects individually for each trait while accounting for the correlations between the traits through
the use of a more appropriate correlation structure (for both the genotypic and residual effects).
 The main gains in prediction accuracy occurred for the less heritable traits when the residual variability was modelled appropriately.
 Future work will aim to enable the multivariate analysis of more than three traits, as well as the incorporation of spatial variability within each trial.
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