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é an element from the vector é
a2, true variance and standard deviation of €
o estimated variance and standard deviation of €

~

:
z
;

UOLS/ JoLs

>
~

Q
SIS

>

true variance and standard error of 1
estimated nominal variance and estimated nominal standard error of #
estimated nominal variance and nominal standard error of 4

true variance and standard error of fjors



SYMBOLS

XX1il

A2 A
UOLSI OoLs
UICLS! 01cLs
U]CLSI 01cLs

GCV
GCVenm

estimated variance and standard error of fjors
true variance and standard error of #ics
estimated variance and standard error of #ics
number of bootstrap samples
indexb=1,---,B

a bootstrap sample (1 x 1 vector)

a bootstrap sample, multivariate

a bootstrap sample, with sampled residuals
standard deviation of B bootstrap samples
number of simulation samples
indexa=1,---,S

a simulation sample (1 x 1 vector)
parameters binomial distribution

generalized cross-validation statistic

GCV using inequality constrained least squares estimation






