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Abstract
This thesis involves the investigation and development of methods for analysing data

from variety selection trials in perennial crops. This involves identifying best varieties

from data collected at multiple times in �eld trials, often from multiple locations and

involving multiple traits. For accurate variety predictions the methods for analysis of

such data need to account for the spatial correlation typically present in �eld trials and

the temporal correlation induced by the repeated measures nature of the data. The

methods also need to model the variety e�ects over time. The methods presented are

based on the linear mixed model and estimation is performed using residual maximum

likelihood (REML).

Spatial analysis methods are applied to data from multiple harvest times for two

perennial crop data sets. These analyses show that spatial correlation is evident and

the spatial analysis methods improve model �t. Simulation studies also show the spatial

analysis methods provide better predictions of variety e�ects (closer to the true e�ects).

As the data from perennial crop variety selection trials is measured over time there

is also a need to account for the temporal correlation between measurements. Separable

models are presented that model the spatial and temporal residual covariance structure.

These methods are suitable for large numbers of harvests. Application to a multi-harvest

lucerne breeding data set shows these models to be an improvement on historical analysis

approaches.

At the genetic level the variety e�ects need to be modelled over time. Two approaches

are presented. The �rst approach involves applying factor analytic models to variety

by harvest e�ects and using clustering to aid in interpretation and selection. The second

approach uses cubic smoothing spline random regression. These approaches are applied to

data from two traits from a lucerne breeding trial and are shown to successfully model the

variety by harvest e�ects and aid in selection. As data is usually obtained from multiple

trials at di�erent locations, the above approaches are extended to the multi-environment

situation and applied to a multi-harvest, multi-environment lucerne data set.

While the separable spatio-temporal residual models show an improvement on analysing

each harvest time separately, they are very restrictive in that they assume common spatial

correlation parameters across harvests (or traits). The initial spatial analyses on the two

multi-harvest perennial crop data sets reveal that spatial correlation often varies between

harvests and between traits. A more suitable non-separable covariance model is investi-

gated that allows for di�ering spatial correlation across time or traits. The approach is

based on the Multivariate Autoregressive model, initially for spatial correlation in one di-

rection. Subsequently the model is extended to the two directional row-column situation

using the theory of Multivariate Conditional Autoregressive models. These models are

applied to the lucerne multi-harvest and multi-trait data using code written in R, and

are shown in most cases to be a signi�cant improvement to the separable residual models

previously investigated.
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