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1 Introduction

This doctoral thesis is concerned to the multivariate linear error-in-variables
model with fixed unknown design points. Using the notations of the thesis we
suppose

Y = Zβ + ε, X = Z + Θ, (1)

where the observations are given as n× (p+ 1) matrix: [Y,X] . The parameter
of interest is the p × 1 vector β. The n × p matrix Z contains the unknown
not random independent variables. The main part of the thesis is related to
the total least squares estimator (TLS) β̂, which is the maximum likelihood
estimator in the case of i.i.d.normal errors. The error assumption in this thesis
are more general, besides the homoscedasticity of the errors,the errors are not
identically distributed and also some dependency of the errors is allowed.

The model in (1) is a very complicated one. For instance it does not fulfill
the regularity conditions for exponential families in the simple case with p =
1 and i.i.d. normal errors. The n × p matrix Z consists of the unknown
nuisance parameters, which number increases in the same order as the sample
size. Furthermore even for the linear functional relationship in (1) the total least

squares estimator β̂ depends highly nonlinearly on the observations [Y,X] .
On the other hand model (1) is important for applications in chemistry

(calibration, compare also 3.5 in the thesis), in ecology (compare also 5.5 in the
thesis), astrometry, to mention only some of the fields.

2 Content and evaluation of the thesis

Let us now consider the results in the thesis in more detail:
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2.1 Chapter 1

This chapter contains a well written short informative summary on total least
squares estimation from the algebraic point of view and includes also known
asymptotic results on the TLS estimator.

2.2 Chapter 2

Basing on the approach of Gleser (1981),[2] that the TLS estimator β̂ is the
minimizer of

min
Z
‖[Y,X]− Z [Ip, β]‖

for any orthogonally invariant norm, further invariant properties of the TLS
estimator are derived. Interesting is the discussion of other norms (q-Schatten
norm, nuclear norm, trimmed versions of the q-Schatten norm ) and possible
applications to robustness studies of the TLS.

Why was a new estimator (EIV-estimate, Theorem 2.3) introduced, which
coincides with the ”old fashioned” estimator? Furthermore I see no big differ-
ence to Theorem 2.1 of Gleser (1981).

2.3 Chapter 3

This chapter contains bootstrap methods for the TLS estimator in the case
of homoscedastic independent errors. The proposed nonparametric bootstrap
(NB) sampling is a casewise sampling with replacement. This is a usual method
in correlation models where the independent variables Xi,. are random and the
observation [Yi,Xi,.]i=1...n are i.i.d.. But here in the functional model (1) we
have

[Yi,Xi,.] ∼ PZi,.β . (2)

Thus we have to show that NB works. Using the approach of Beljajev that
is done in Theorem 3.12. This result is new. In Theorem 3.12 a correction
β̃ ([Y∗,X∗]) of the bootstrappped TLS estimator β̂ ([Y∗,X∗]) is proposed and
it is shown that the asymptotic distributions of the corrected bootstrapped
estimator and the original estimator are the same. The bootstrap method
with β̃ ([Y∗,X∗]) was called proper bootstrap and the bootstrap method with

β̂ ([Y∗,X∗]) was called improper. In the simulation study (Section 3.4) no
striking difference between proper and improper bootstrap was found.

There is no need to introduce this correction. If we have a close view on
formulary (3.57) we see

β̃ ([Y∗,X∗])− β̂ ([Y∗,X∗]) ∝
[
Ip, β̂

]
[Y,X]

T
[Y,X]

[
β̂
−1

]
.

The TLS estimator β̂ fulfill (1.12) that is

[Y,X]
T

[Y,X]

[
β̂
−1

]
= λ

[
β̂
−1

]
, λ = λmin

(
[Y,X]

T
[Y,X]

)
.
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Hence [
Ip, β̂

]
[Y,X]

T
[Y,X]

[
β̂
−1

]
= λ

[
Ip, β̂

] [
β̂
−1

]
= λ(β̂ − β̂) = 0.

Thus β̃ ([Y∗,X∗]) = β̂ ([Y∗,X∗]) . In Chapter 4 also the residual bootstrap
method is discussed. This would be the classical bootstrap method in a re-
gression model with fixed design points. It is shown that in errors-in-variables
models with fixed unknown design points residual bootstrap does not work. In
Polzehl, Zwanzig (2004),[3] we used a sort of parametric bootstrap.

The simulation study in Chapter 4 demonstrates that the nonparametric
bootstrap (NB) for the TLS estimator works in the set up with small variances
and small sample sizes. What is the advantage of TLS over the ordinary least
squares estimator, when variances are so small?

2.4 Chapter 5

In Chapter 5 model (1) with dependent errors is considered. The dependence
structures are described by α−mixing and by ϕ−mixing, thus similar theorems
to the LLN and CLT exist. The asymptotic properties of the TLS estimator are
shown. The bootstrap sampling is now a moving block bootstrap (MBB). The
application of MBB to errors-in-variables models is new. In Theorem 5.5. the
validity of MBB is shown with a sketched proof. Because of the complicated
error structure more assumptions are needed. Also here it is differentiated
between a proper and an improper bootstrap method - only for the proper
method the validity is shown. By the same arguments as above it can be shown
that both methods are the same. A simulation study was carried out to discuss
rules for the choice of the block length under small variances and small sample
sizes.

A real data set was studied on the length and weights of brown touts. But
this is a structural model, isn’t it ? But assumption (5.16) excludes the classical
structural model with normal distributed Zi.

2.5 Chapter 6

In some way that is the most exiting chapter. The model is now a nonparametric
errors in variables model:

yi + εi = f(xi + θ).

For the unknown regression function f a Sobolev space is proposed. In nonpara-
metric error in variables models kernel densities (Fan Truong (1993),[1]), orthog-
onal series estimators (Zwanzig (1999),[4]) and local linear estimates (Zwanzig
(2007) [5]) have been considered. The estimator defined in (6.1) is new! For a
real data set the implementation and the use of this estimator is demonstrated.
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3 Summary

This doctoral thesis contains a series of new results and new promising ideas.
It is the work of a mature researcher, who is able to have new ideas, to show
theoretical properties, to implement methods in a computer program and to
apply them to real data set.

The work fulfils all requirements on a PhD thesis and I recommend
to accept is as PhD thesis.
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