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Abstract

Low-rank approximation of data matrices is used in many statisti-
cal methods, including principal component analysis, and is commonly
obtained through singular value decomposition (SVD) by retaining the
leading singular values and their associated principal components. A
key challenge is determining the optimal rank of the approximation.
Cross-validation for rank selection was pioneered by Wold [8] and East-
ment and Krzanowski [4, 7]. Several alternative approaches have been
proposed, see for example [2, 3, 6]. More recently, Arciniegas-Alarcón
et al. [1] introduced a leave-one-out cross-validation procedure in which
each observation is omitted in turn, imputed, and subsequently pre-
dicted using an SVD-based low-rank approximation. The optimal rank
is then selected as the one that minimises the prediction error in a
least-squares sense.

This study extends the method of Arciniegas-Alarcón et al. [1]
in two respects. First, leave-group-out cross-validation is adopted in
place of leave-one-out cross-validation since the latter may be asymp-
totically inconsistent [5] and thus could have lower predictive ability.
Second, several alternative imputation methods are evaluated. The
proposed approaches are assessed through simulation studies and ap-
plications to real genotype-by-environment data matrices. The results
indicate that the most effective strategy combines an initial imputa-
tion based on either projection onto the model plane or an approximate
Bayesian bootstrap with subsequent fitting of an SVD-derived multi-
plicative model.
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