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1 Introduction

In many fields of research, experiments are conducted to measure differences between sub-
ject groups of interest. Experimenters are interested in the behavior of groups of subjects
which are influenced by a factor and, within a factor, by different factor levels. For exam-
ple, in medical statistics dose finding studies aim at finding a medication dose, at which a
certain medication is effective, but not harmful. In such a study, subjects are commonly
split into different groups, a placebo group and several groups of different dosage. Then,
the medication is referred to as the factor and the different dosage levels as factor levels.
After having allocated the subjects into distinct groups, a relevant parameter of interest is
measured, the so called dependent variable. This can be a blood parameter from a metric
scale, like the C-reactive protein (CRP), or a discrete scale in which the subjects describe
their own well-being, like the visual analogue scale (VAS). Frequently, more information,
such as the age of the subjects, is taken to provide for typical descriptive statistics. These
parameters, which are not relevant for the hypothesis of the experiment, but might have
an influence on the dependent variable, are referred to as concomitant variables or covariates.

When trying to verify a difference in the dependent variable between experimental groups,
the most common tests are the t-test Student (1908), in the case of only two experimental
groups, and the analysis of variance (ANOVA), see e.g. Timm (1975) p.359, for inference in
more than two groups. These methods require the dependent variable to follow a normal dis-
tribution. Should this not be the case, for example when the dependent variable is collected
on a discrete scale, non-parametric alternatives like Wilcozon-Mann- Whitney-Test Mann
and Whitney (1947), in the case of two experimental groups, and the Kruskal-Wallis-Test
Kruskal and Wallis (1952), for more than two groups, can be applied to test for differences
in the dependent variable between the experimental groups.

While these procedures are adequate when testing the global hypothesis, i.e. “there is
no effect between the experimental groups”, in the case of more than two groups they do
not provide the experimental supervisor with an answer to which groups differ. This ques-
tion is answered by conducting pairwise-comparisons, comparing all groups or only selected
groups of interest with each other. To cope with a-inflation, the p-values from the pairwise-
comparisons are commonly adjusted using the Bonferroni correction or the less conservative
Bonferroni-Holm correction Holm (1979).

In recent years, procedures have been developed which make the testing of the global hy-
pothesis and afterward sequential testing obsolete. These new procedures are often referred
to as simultaneous test procedures. For a semi-parametric model, like the case of a normal
distributed dependent variable, Hothorn et al. (2008) developed procedures for simultaneous
inference, replacing the ANOVA with subsequent p-value correction. In a non-parametric
setting, Konietschke et al. (2012a) provide for simultaneous inference in factorial designs.

When additionally taking into account covariates, other procedures have to be applied for
statistical inference. In place of the ANOVA, the so called analysis of covariance (AN-
COVA), an ANOVA model with an additional regression term (3.1) is used instead. The
procedures developed by Hothorn et al. (2008) allow for simultaneous inference in the AN-
COVA and ANOVA model alike. In a non-parametric setting, several works provide for
statistical analysis, among them Quade (1967), Langer (1998) and Siemer (1999). These
merely provide for testing of global hypothesis though, making a pairwise-comparisons and
subsequent correction of the p-values necessary when investigating for differences between
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the groups. So far, no simultaneous test procedures for the non-parametric setting exist,
which are capable of considering covariates. The aim of this thesis will be to provide for a
non-parametric simultaneous test procedure which considers covariates.

1.1 Motivating Covariates

When taking into account covariates in a parametric setting we assume a linear dependency
between the covariate and the dependent variable (3.1). By taking this dependency into
account in the statistical inference we hope to reduce the variance of the error term, giving
more precise testing results and thus a higher power of the test. Figure 1 illustrates how
covariates are supposed to reduce the error term and increase the power of the test statistic.

ANOVA Model Regression Model ANCOVA Model
S

B Regression +_ Total Regression

Residual LS ) %, ST )
—— Dependent Variable ’5/,') —— Dependent Variable
—— Dependent Variable ---- Covariate ---- Covariate

Within

Figure 1: Variance partitioning for the ANOVA model (left), the regression model (center) and the
ANCOVA model (right), according to Huitema (1980) p.26.

Figure 1 shows how the ANOVA partitions the variance into between and within variance,
where the between variance is explained through the factor levels while the within variance
is not. On the other hand, the regression model tries to explain as much of the variance of
the residual as possible through the regressor, or in this case, through the covariate, leaving
the unexplained variance to the residual. The ANCOVA model combines these two models,
and therefore leads to a reduced variation of the error term.

In a non-parametric setting we also aim at reducing the variation of the dependent variable
by partially explaining the dependent variable through the covariates, but using the ranks
of the observations. More precisely, we assume a linear dependency between the rank of the
dependent variable and the rank of the covariate (2.8). Within this setting, we are able to
reduce the variance of the dependent variable by adjusting through the covariates.

It is important to understand, that this is the sole purpose of using covariates. Many
experimenters wish to correct the dependent variable through covariates, especially when
the covariate is unequally distributed among the factor levels and a correction promises more
favorable results. Huitema (1980) comments on this issue:

“If a non-randomized design other than the biased assignment design [a design
with sufficiently randomized covariates] is employed and the covariate is mea-
sured after treatments are administered, the ANOVA on the covariate will be es-
sentially uninterpretable because treatment effects and pretreatment differences
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among the populations will be confounded.” (p.190)

In fact, the overwhelming majority of opinions condemns the logic of correcting for covariates
as not consistent and an abusive use of covariates, see Miller and Chapman (2001) for a full
list of comments out of a broad range of literature. Covariates are not intended to correct
a bias caused by bad or unhappy pre-experiment randomization. From this argumentation
it immediately follows, that covariates should be chosen to be independent from the factor
levels and equally distributed among the factor levels, otherwise interpretation difficulties
will arise when conducting statistical analyses.

The thesis is structured as follows. In Section 2 we present the basic notation used through-
out the thesis, as well as the underlying non-parametric model with and without covariates.
We continue by explaining how hypotheses are formed and how they differ between the mod-
els presented. Afterwards, estimators are presented which will be used to conduct statistical
analyses. In Section 3 we then continue by introducing parametric and non-parametric pro-
cedures for statistical inference with covariates. Then, the simultaneous test procedure for
considering covariates in a non-parametric model is derived. In Section 4, the introduced
procedures are compared in an extensive simulation study. Section 5 shows how the newly
derived procedure can be applied on an example, the Bogalusa Heart Study. Section 6
concludes the thesis, giving an outlook on possible improvements and discussing the results
attained. Section 7 contains supplementary material like theoretical results used throughout
the thesis, as well as supplementary simulation results and programming code.
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2 Preliminaries

2.1

Basic Notation and Important Definitions

To begin with, we introduce the basic notation which is used throughout the thesis. While
some of the notation mentioned is widely spread, it is still listed here to avoid any confusion.
Following notation will be used:

The indicator function will be denoted by 1iogical request}- 1f the logical request is true,
then the term 1(jogical request} 15 €qual to 1, else it is equal to 0.

The term 1, = (1,1,...,1) denotes a vector of ones of length n. Although there is
a symbolic similarity to the indicator function, the two terms differ in the choice of
their index, and therefore in their meaning.

The unit matrix of dimension n x n is denoted by I,,.
The centering matrix of dimension n x n will be denoted by P, =1, — 1/n-1,1/.

The term 0 denotes either a vector (0,0, ...,0)" or a matrix of 0’s of appropriate size
for the setting it is used in.

The operator @ denotes the direct sum, i.e. for two matrices A € R**™ and B € R**?:

_ (A O (n+s) X (m-+t)
A@B(O B>6R .

The operator @ denotes Kronecker’s product, i.e. for two matrices A € R™"*™ and
B e Rs*%:

a11B a12B . almB
A®B= ; : € R(s)x(mt)

apmB a2B ... apn,B

For values X1,...,X,, let X. = 1/n Z?:l X, denote the mean of these values.

The rank and trace of a matrix A € R™*™ are denoted by rank(A) and tr(A) respec-
tively.

The diagonal matrix of a matrix A € R"*™ is denoted as:

a;; O 0
diag(A) = 0 6.122 0
0 0- Ann
The diagonal matrix of a set of values {a1,...,a,} ist denoted as:
ai 0 ... 0
dia(ay,...,a,) = 0 a 0
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Definition 2.1.1 (Convergence types). Let X denote a random variable with distribution
function F and X1, ...,X, denote a sequence of random wvariables with corresponding dis-
tribution functions Fy,..., F,. If:

1. For all continuity points of F it holds, that nh—>Holo F,(x) = F(z), then X,, converges
wn distribution to X and we write: X, 2> X.

2. For all € > 0 it holds that ni%POXn — X| > ¢) = 0, then X,, converges in
probability to X and we write: X, LS

3. It holds, that P(nlingo X, = X) =1, then X,, converges almost surely to X and we
write: X, 3 X.

4. It holds, that nth;O E(|X, — X|") = 0, then X,, converges to X in the rth mean
and we write: X, Ex.

Almost sure convergence and convergence in the rth mean imply convergence in probability,
and convergence in probability implies convergence in distribution. The opposite is generally
not true, see Van der Vaart (1998) p.10.

Definition 2.1.2 (Asymptotic Equivalence). Let (X, )nen and (Yn)nen denote two se-

quences of random wvariables, such that | X, — Y| £> 0 for n — oco. Then X, and Y,
are asymptotically equivalent and we write:

X =Y.

This relation is particularly useful when one is interested in the asymptotic distribution of
a sequence of random variables. Then, it is sufficient to know the asymptotic distribution
of an asymptotically equivalent sequence of random variables.

Definition 2.1.3 (Asymptotic Distribution). Let (X, )nen and (Up)nen denote two se-
quences of random variables. Further denote F a distribution function and U a random

variable with distribution function F (we write U ~ F), such that U, 55U ~F. If
X, = U, we say X,, asymptotically follows the distribution F' and write:

X, ~ F.

Now that basic notations and definitions have been introduced, we will continue by intro-
ducing the non-parametric model, both with and without covariates.

2.2 The Non-Parametric Model

The statistical inference procedures presented in this master’s thesis are supposed to be
derived with minimal technical assumptions. Most importantly, we wish to derive statis-
tics in a non-parametric environment, meaning we do not assume that the data has any
characteristic structure or follows a certain distribution. The only assumption we make
on the data provided is that it is at least ordinal. This allows us to examine data not
only from continuous scales, but also from discrete scales. Further, we will be examining
a one-factorial design with factor A and factor levels 1,...,a, also referred to as groups of
the factor A. The results presented will technically allow for unequally distributed covari-
ates between the groups, which is why we do not assume a completely randomized factorial
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(CRF) design. However, we strongly advise the user to provide for a CRF design, as unequal
distributions of the covariates among the factor levels will inevitably lead to interpretation
difficulties, see Miller and Chapman (2001). Although we will only present the calculations
for a one-factorial design, the presented results can certainly be used for more complex
factorial designs.

2.2.1 The Non-Parametric Model without Covariates

Let X;; denote the kth observation in the ith group, kK = 1,...,n; and ¢ = 1,...,a. The
total number of observations will be denoted by N = Z?zl n;. Further, let:

Fi(z) = P(Xu < z) + %P(Xik =) (2.1)

denote the normalized version of the distribution function, first mentioned in the context of
non-parametric models by Lévy (1925). It was later used by numerous personalities, among
them Ruymgaart (1980), Akritas et al. (1997), Munzel (1999) and Gao et al. (2008), for
deriving asymptotic results for rank statistics. In the following, we will assume that:

ii.d. .

Xik ~ Fi; Z:].,...,(l, k= 1,...,’)74.

Thus, X;r and Xg; are independent whenever i # s or k # t. In the non-parametric model,
relative treatment effects are defined as:

p,»:/HdFi,izl,...,a, (2.2)

where H denotes the mean distribution function, i.e. H(z) = Y7, w;F;(x) with weights
w;, fulfilling w; > 0 for all4 =1,...,a and > i, w; = 1. We will be using the unweighted
form, i.e. w; = 1/a, discussed by Brunner and Puri (2001), Gao et al. (2008), opposed to
the weighted form using w; = n;/N, introduced by Kruskal and Wallis (1952). Unweighted
relative treatment effects have “..the advantage of not being influenced by the allocation of
sample sizes in the data.” Gao et al. (2008) p.2575. More specifically, the hypotheses stated

on the relative treatment effects are not influenced by the allocation of sample sizes.

Relative treatment effects are of high importance in the non-parametric model, as they
can be used to uncover differences between factor levels. They can be interpreted in such
a way, that if p; < p;, then the observations from the ith group, i.e. observations from the
normalized version of the distribution function Fj, tend to be smaller than the observations
from the jth group. If the relative treatment effect p; < 1/2, then observations from the
normalized distribution function F; tend to be smaller than observations from the mean
distribution function H, while p; > 1/2 indicates that observations from the normalized
distribution function F; tend to be larger than observations from the mean distribution
function H.

Figure 2 shows different distribution functions and the resulting properties for the relative
treatment effects.
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Figure 2: Possible properties of relative treatment effects, p; < p; (left), pi = p; (center) and
pi > pj (right).

By comparing the normalized distribution functions of the factor levels F; with the mean
distribution function H, paradox statements like Efron’s Dice cannot occur, see Thangavelu
and Brunner (2007). Further we will denote pairwise relative treatment effects with:

pij:/FidFj,izl,...,a,jzl,...ﬂ, (23)

which can be very helpful when representing relative treatment effects, their corresponding
estimators, and which will be used to represent the covariance matrix of derived pivotal
quantities in a more elegant way. We observe, that the relative treatment effects p; (2.2) are
in fact a weighted sum of the pairwise relative treatment effects p;; (2.3) such that:

a
bj :Zwipij7 .7: 17"'50“
i=1

For more information on relative treatment effects in theory and in practice, we refer to
Brunner and Munzel (2013). We will now continue by introducing covariates to the model.

2.2.2 The Non-Parametric Model with Covariates

Covariates were introduced into the non-parametric model by Quade (1967) and thor-
oughly discussed by Langer (1998), Domhof (2001), Siemer (1999), Bathke (1998) and
Christophliemk (2001). The aim of using covariates in a non-parametric setting is to improve
the estimation of the relative treatment effects of the dependent variable, by reducing the
variation of the estimation through consideration of the covariates. As mentioned before,
regarding covariates in a non-parametric setting cannot, just as it cannot in a paramet-
ric setting, correct the dependent variable for attaining “unbiased” results, see Miller and
Chapman (2001) for details.

For denoting covariates we will introduce a further index on the observed data. Let Xi(,:)
denote the kth replicate in the ith group of the rth covariate, i =1,...,a, k=1,...,n; and
r=0,...,d, where r = 0 refers to the dependent variable and » = 1, ..., d to the covariates.
Table 1 gives a comprehensive overview of the underlying data.
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Table 1: The underlying data setting when considering covariates.

Factor level Dep. variable 1st Covariate ... dth Covariate

0 1 d

1 Xlié; Xé; - Xlié;

1 x$ x{ . x!

0 1 (d

o i T

2 X1 Xo X1
a x9) x5, . x4

Analogously to the non-parametric model without covariates, we denote the normalized
version of the distribution function by:

T T 1 T
F{(2) = P(X[{) <)+ 5P(X{) =) (2.4)
and assume that:
(X XDy R =1, e, k=1,

Now X Z(;;) and X S(f ) are still independent whenever i # s or k # ¢, but may be dependent
over the indizes 7 and u. The covariates are therefore assumed to be random variables and
not fixed constants. In this setting, the relative treatment effects are defined as:

P = /H(’“)dFi(T), i=1,....a, 7r=0,...d, (2.5)

with the mean distribution function H"), i.e. H™ () = 3¢ | wiFi(T) () and weights w;,
fulfilling w; > 0 for all ¢ = 1,...,a and Z;.l:l w; = 1. As in the non-parametric setting
without covariates, when using the unweighted form of H( with w; = 1/a, the relative
treatment effects do not depend on the allocation of the sample size and will therefore be
favored over the weighted form using w; = n;/N. The pairwise relative treatment effects are

denoted by:
p) = /F}’“)dFj(”, ij=1,...,a, r=1,....d, (2.6)

which can, just as in the case of no covariates, be used for a more elegant representation of
the relative treatment effects p§”. Further we denote:

v =X, =1, a k=1,...,n;, r=0,....d, (2.7)
the asymptotic rank transformation of X 1(1:)
This notation will help us introduce a model which considers covariates in a non-parametric
setting. To adjust the dependent variable for covariates, we need some sort of connection

between the dependent variable and the covariates. This connection we will be considering
throughout this thesis is the same as can be found in Langer (1998) and Siemer (1999).
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The proposed model takes into account covariates by assuming a connection between the
covariates and the dependent variable in the asymptotic rank transformation, of the form:

(0) Z 5 (T) }/;2597 (28)

where Y;,% is an unobservable random variable and 7", for r = 1,...,d, are unknown but
fixed regression parameters. This type of connection between the dependent variable and
the covariates implies a connection between the relative treatment effects of the dependent
variable and the covariate, described through the adjusted relative treatment effect, which is

given by:
0 T
: _pE ) E :’y ( ).

It is important to state, that p} is not a relative treatment effect, but behaves similarly, in
a sense that differences between factor levels will result in differences between the p;. This
can already be seen in the fact, that the adjusted relative treatment effect is a weighted sum
of relative treatment effects which does not have to be within the interval [0,1]. The value
p; cannot be interpreted in another meaningful manner, therefore solely being useful for the
testing of hypotheses.

2.3 Formulation of Hypotheses
2.3.1 Formulation of Hypotheses without Covariates

In a one-factorial design, the usual parametric approach lies in comparing the groupwise
means, denoted by u; = E(Xk), i = 1,...,a, to discover differences between the factor
levels. Hypotheses are therefore formulated over p = (p1,...,1,)". In a non-parametric
model, hypotheses are often formulated over the marginal distributions of the factor levels,
F = (Fy,...,F,) (2.1) or over relative treatment effects p = (p1,...,pq)" (2.2). To compare
the groupwise means, marginal distributions or relative treatment effects, so called contrast
matriz are used.

Definition 2.3.1 (Contrast matrix). A matriz C € R?** is called contrast matriz, when
C # 0 and the row sums of C are equal to 0, i.e. C1, = 0.

Using a contrast matrix C, hypotheses in the parametric setting can be formulated by
Hy : Cu = 0. In a non-parametric setting, contrast matrices are also used, but to formulate
hypotheses for the marginal distributions of the data, i.e. Hy : CF = 0, or for relative
treatment effects by Hy : Cp = 0. It can easily be seen, that if the marginal distributions
are equal, i.e. if Hy : CF = 0 is true, then the other hypotheses over the groupwise means or
the relative treatment effects also have to be true, see Brunner and Munzel (2013) p.190. The
other direction is generally not true though, see Example 1. Furthermore, the implications

:Cp=0=Hy:Cu=0and Hy: Cu=0= Hp:Cp = 0 are generally not true, as
can be seen in Examples 2 and 3.

— Ezample 1: Consider two groups, i.e. a=2. Assume that F; = N(0,1) and Fy =
N(0,2). Then the groups have unequal marginal distributions, but equal means and
equal relative treatment effects.

— Ezample 2: Consider two groups and assume that F; = N(1,1) and F» = Exp(1).
Then py = pa, but p; # po.
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— Ezample 3: Again, consider two groups and assume that F; = N(§,1) and F» =
Exp(1). The shift parameter 6 can be chosen such that p; = po, but in that case,
B F# pha.

When testing hypotheses under consideration of covariates, we find a similar constellation.

2.3.2 Formulation of Hypotheses with Covariates

When considering covariates in a parametric setting, hypotheses are formulated through ad-
justed population means, see Section 3.1, denoted by b*. Hypotheses are therefore formulated
by Hy : Cb* = 0. In a non-parametric setting, two possibilities of formulating hypotheses
have been discussed. For developing hypotheses, Langer (1998) pp.26, 40-41 assumes equal
marginal distributions in the covariates, i.e. Fl(T) =...= Fy) forallr =1,...,d, and states
hypotheses over the marginal distributions of the dependent variable. The developed tests
therefore test the hypothesis Hy : CF(©) = 0, where F(O) = (Fl(o), e ,Féo))’. On the other
hand, Siemer (1999) p.25 does not assume equal marginal distributions in the covariates and
therefore develops tests for the hypothesis Hy : Cp* = 0, where p* = (p3,...,p%)’. In fact,
both Langer (1998) and Siemer (1999) see in this hypothesis the only reasonable hypothesis
when confronted with unequal marginal distributions in the covariates. The multiple con-
trast test procedures derived in this thesis will also test for the hypothesis Hy : Cp* = 0, but
because we would like to provide for confidence intervals for the adjusted relative treatment
effects, which can be used for testing hypotheses. This is not possible when formulating the
hypothesis over the marginal distributions of the dependent variable. The advantage of al-
lowing for unequal marginal distributions in the covariates when formulating the hypotheses
over the adjusted treatment effects will be technically allowed, but treated with caution, as
interpretation difficulties will arise when such covariates are used.

The connection between the hypothesis for the parametric setting Hy : Cb* = 0 and the
hypothesis for the non-parametric setting Hy : Cp* = 0 is not as clear as it was in the
case without covariates. The most simple connection between the two hypotheses is given,
when the covariates have no influence on the dependent variable. In this special case, the
regression parameters of the parametric and the non-parametric model are all equal to 0,
and the hypotheses are related to each other as if no covariates were involved. As soon
as the covariates have an influence on the dependent variable, it becomes very difficult to
compare these two hypothesis, because the regression parameters for the linear dependency
between the covariates and the dependent variable calculated in the parametric setting and
in the non-parametric setting are very different from each other. The relation between the
regression parameters from the non-parametric model and the parametric model though, is
crucial for deriving implications between the two corresponding hypotheses. The only state-
ment which can surely be made is that if the covariates have equal marginal distributions,
then sufficient differences between the factor levels will subsequently lead to a rejection of
both hypotheses. For equal marginal distributions of the covariates and if Hy : CF = 0 is
true, then the hypotheses Hy : Cb* = 0 and Hj : Cp* = 0 are also true, see Langer (1998)
p-41. This again shows how important equal marginal distributions of the covariates are for
attaining interpretable results.

We will now continue by showing how the adjusted treatment effects can be estimated
and derive test statistics for testing the mentioned hypotheses. Estimating p; amounts to
two steps. In the first step, the relative treatment effects of the dependent variable and
the covariates (2.5) are estimated for r = 0,...,d and ¢ = 1,...,a. In a second step, the
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unknown regression parameters (") are estimated for r = 1,...,d.

2.4 Estimation of the Relative Treatment Effects

Until now we have been working with non-observable random variables }/7;5:) fori=1,...,a,
k=1,...,n;and r =0,...,d, from the asymptotic rank transformation (2.7), and unknown
regression parameters 71, ... ~4(9 originating from the underlying model (2.8). Now we

will introduce estimators for the relative treatment effects when considering covariates, p( ")
forr=0,...,dand i = 1,...,a, defined in (2.5). The main idea when deriving estlmators
for relative treatment effects lies in replacing the unknown normalized distribution functions
Fi(r) (z), defined in (2.4), with their empirical counterpart:
1 &
ﬁi(r)(x) = n—i;c(aj—Xi(;)), i1=1,...,a, r=0,...,d,

the empirical cumulative distribution function, where c(y) = 1g,~0y + % - 1¢y—0}- Using the
empirical cumulative distribution function, we can approximate the non-observable random

variables Yig) through the so called rank transformation:

v = BO(X ij FOXIY, i=1,..a, k=1,...,n, (2.9)

with weights w; as described in Section 2.2.2. Apart from the representation through the
empirical cumulative distribution function, there also exist rank representations for the
values from the rank transformation. In non-parametric literature, results are often derived
by using a rank notation for the observations. Therefore, we will briefly present how the
rank transformation and ranks of observations are interconnected. To denote the values
from the rank transformation using mean ranks, let us introduce a mean rank notation.

— The mean rank of observation X -(,: ) within the rth covariate is denoted by:

7+ZZ ( s?).

s=1t=1

— The mean rank of observation X Z(,:)

level is denoted by:

within the rth covariate, but without the jth factor

R =233 e (x - x0).

s#£j t=1

l\D\H

— The mean rank of observation X 1(1:) within the rth covariate, but only within the ith
factor level is denoted by:

R0 f+z (¥l - xi7).

— The mean rank of observation X f,:) within the rth covariate, but only within the jth
and 7th factor level is denoted by:

R (i) = % - gc (XfZ) T)) + Z ( “T)> ‘
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Through this notation of the mean ranks of observations, we attain a mean rank notation
for the rank transformation ngc , by:

(7 1 r),. 1 - 1 r r . .
YZSC) = Wi (ng)(l) - 2) ij; (ng) — RZ(-,C)(—])> ,i=1,...,a, k=1,...,n,.
i J
Using the cumulative distribution function, estimators for the relative treatment effects are
given by:
Py = /H JaF") = sz B =10, =0, (2.10)
i=1
=) _ () () _ N ) oy () i - :
where p;;’ = [F;VdF;"” = 1/n; 37,7, F;7(X};”) is an estimator for the pairwise relative

treatment effects defined in (2.6). It is also possible to notate the estimators for the relative
treatment effects using the mean ranks notation. It holds that:

(r) n;+1 r 1 (=m,.. n;+1
Z“ (B0 =20 ) ana ) = (R - 5.

4) (r).

The estimator p; ° has been shown to be unbiased and consistent for estimating p;

Theorem 2.4.1. Let ﬁjr and pjr be as defined in (2.10) and (2.5), respectively. If N — oo
such that N/n; < Ny < oo for a Ny € N, then:

E (ﬁ?‘)) — pgﬂ”) and E <(1/5(jr) _p;r))Q) —0forj=1,...,a
Proof. The theorem can be proven analogously to Proposition 4.7 from Brunner and Munzel

(2013) p.180. We will prove the unbiasedness of the estimator, to demonstrate how the
additional index for the covariates is added.

4” ( / H®aF" ) —E (Z / wiﬁ}”dﬁj@)

—ZE< sz T)X(r>> Z ZwE(F(” X(T))>

i=1 n]kl i1 =
DI zc<x;;>xff>>)
i=1 k=1 i
DIE T ZE( P -xD)
i=1 ch 1 i

-y L sz JEar =3 L z rly = Y =l
i=1 i=1

O

For further details on the estimation of relative treatment effects, their representation with
mean ranks and their properties, as well as the subject of pseudo ranks, we refer to Brunner
and Munzel (2013) and Gao et al. (2008). Now that we have appropriate estimators for

the relative treatment effects, it remains to find estimators for the regression parameters
¢Y) (r)
A,
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2.5 Estimation of the Regression Parameters

The basis for our estimation of the regression parameters is equation (2.8). Using this equa-
tion, a natural way of estimating the constants ("), for » = 1,...,d, would be a linear
regression. The only problem with directly performing a linear regression is that, contrarily
to a usual linear regression, no intercept is specifically stated, but instead the intercept is
hidden within the terms of the asymptotic rank transformation. Therefore we will perform
a linear regression on the mean adjusted form of (2.8). Langer (1998) also uses a mean ad-
justed form for the estimation of the regression parameters ("), but assumes equal marginal
distributions of the covariates, i.e. FZ-(T) =F" i=1,...,a, forall7r=1,...,d. The valid-
ity of this assumption and the consequences for the null hypothesis have been thoroughly
discussed by Langer (1998) pp.40-41. A different approach using an adjusted means regres-
sion was given by Siemer (1999), who does not assume equal marginal distributions within
the covariates. This setting was also shortly discussed by Bathke and Brunner (2003), who
give a different possibility from the estimation proposed by Langer (1998) for adjusting the
regression model, to cope with unequal marginal distributions within the covariates. We
will not assume equal marginal distributions within the covariates and therefore use a mean
adjusted regression model as can be found in Bathke and Brunner (2003).

Taking (2.8), we can transfer the model into the mean adjusted form:

d
AR DR EER
r=1

d
= }/lgco) — ?Z(O) = ZV(T’) . (}/zgcr) _ ?z(r)) + (}/iv’;eg _ ?f.eg).

i
r=1

Because Y;(,:) are non-observable random variables, we will approximate the values from the
asymptotic rank transformation with corresponding values from the rank transformation
Yig) defined in (2.9). Having done this, the least squares estimator for v = (v, ..., (@Y
is given by:

3= (X'X)"'Xy, (2.11)
where X and ¥ denote:
~ =(1) o~ =(d) -~ =(0)
1 d 0
v - Y%i) N Tt Y(ld) 0 _ Y%b)
e 5 o) _ 5 50 5
il RIS CRENTRR £ Shb (i (NP RS e 2.12)
~ ' =(1) - ~ . =(d) o~ ' =(0)
v -y, ... v v, 1

In the following, we will further denote the non-empirical counterparts of X and y as X and
y, respectively. When introducing the non-parametric model with covariates, we noticed
that the covariates are assumed to be random variables and not fixed values. Therefore,
the regressors within X are random variables and we need a conditional assumption on the
residuals, i.e. Y} — YV, to justify this approach.
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For a consistent estimation of v we make the following technical assumptions:

(A1) There exists a number Ny € N such that nﬂ <Ny<ooforalli=1,...,a.

i —

—reg

(A2) E(Y;jg—y \sz):Oforalli:1,~--,a,kzl,-~-7m—.

7-

(A3) Let A\ be the smallest eigenvalue of the matrix %X’ X. Then there exists a constant
ko such that A\, > ko > 0 almost surely for all N € N.

Using these technical assumptions, we are able to prove the consistency of our estimator &
for the regression parameters.

Theorem 2.5.1. Under the assumptions (A1)-(A83) and as N — oo it holds that:
~ P
Y=

Proof. For a detailed proof see Langer (1998) Lemma 4.6-4.7 and Theorem 4.8, as well as
Siemer (1999) p.59. O

Note that every time « has to be estimated for one of the upcoming test statistics, the
assumptions (A1)-(A3) have to apply. By plugging in the estimator 4 = (F(),... Ay
for «, we attain estimators for the adjusted relative treatment effects p} given by:

d
0 ~ Y.
Dy :§§ ) —Zy(r)ﬁET), 1=1,...,a.
r=1
These estimators will be the basis for the upcoming simultaneous inference.

2.6 Properties of the Adjusted Relative Treatment Effects

From the previous section we have attained an estimator for the adjusted relative treatment
effects, given by:

d
0 ~ .
ﬁj:ﬁg)—ZV(r)j)\g”’ Z:L"'7a7 (213)
r=1
where definition and properties of the estimators for the regression parameters 7, ... 5@

are given in Section 2.5, and definition and properties of the estimators for the relative

treatment effects ﬁ), i=1,...,aand r =0,...,d, are given in Section 2.4.

This estimator, for the adjusted relative treatment effect, can be shown to be asymptot-
ically unbiased and consistent.

Lemma 2.6.1. Under the assumption (A1), i.e. N/n; < Ny < oo for some Ny € N, and
for N — oo it holds that:

E@) > E®) and pt Spr for i=1,....a (2.14)
Proof. From (2.5.1) and (2.4.1) we know that:

~(r) (r)

b; 5 p; and 7 5 ~7.
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(r

By Slutsky’s theorem it follows that /7\(7’)]3(;) 2N 'y(’")p(r). However, because p; ) and A7) are

)

constants it follows that ﬁ(”;bf-r) i 'y(T)pl(-T). Then:
d - d
By =0 =3 AR 5 p” =>4 = pr
r=1 r=1

With Portmanteau (7.1.2) it immediately follows that p; is asymptotically unbiased. O

The most important remark which has to be made when interpreting p; is, that it is not
an estimator for the relative treatment effect of the dependent variable. Instead, it is a
consistent and asymptotically unbiased estimator for the relative treatment effect of the de-
pendent variable, shifted by a part influenced through the covariates. The estimator for the
adjusted relative treatment effects p} can be interpreted in the same manner as the estimator
for the relative treatment effects of the dependent variable when not regarding covariates,
Di, in a sense, that the relative asymptotic comparison of the factor levels is given by both
estimators. This means that differences between p; and p} can be interpreted as differences
between the factor levels ¢ and j of the dependent variable, but it is not possible to interpret
the estimator p} as a relative treatment effect. For more details on the interpretation on
the estimators for the shifted relative treatment effects we refer to Langer (1998) p.25.

Since an estimator which can be interpreted as a relative treatment effect would be highly
desirable, we will give thoughts on a possible estimator further in this thesis, in Section 3.6.
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3 Simultaneous Inference

In the literature, several procedures for testing with covariates in a non-parametric environ-
ment have been developed. Taking an arbitrary contrast matrix C € R**% Langer (1998)
derives two test statistics for the hypothesis Hy : CF(©) = 0, a Wald-Type statistic and an
ANOVA-Type statistic. Siemer (1999) then uses this as a basis for developing Wald-Type
and ANOVA-Type test statistics for the hypothesis Hy : Cp* = 0, which becomes neces-
sary, because unlike Langer (1998), Siemer (1999) does not assume equal distributions of
the covariates between the groups. Christophliemk (2001) decided to take the test statistics
proposed by Siemer (1999) and improve these using transformation methods on the relative
treatment effects.

In addition to some of the existing test statistics, we would like to develop a further test
statistic based on the work of Konietschke et al. (2012a). This test, for the hypothesis
Hy : Cp* = 0, will be a multiple contrast test procedure, giving us the ability not only to
say if there is a group effect, but additionally also where this group effect can be observed,
without having to perform post-hoc analysis.

Before we do so, we briefly introduce the parametric ANCOVA, the parametric multiple
contrast test procedures and the methods used by Siemer (1999), as these will be compared
to the newly derived multiple contrast test procedure in an extensive simulation study.

3.1 Parametric ANCOVA

The ANCOVA is an extension of the well-known ANOVA, which tests for differences between
blocks of observations, by a regression parameter. It is well described in Timm (1975),
Huitema (1980), Kirk (1982), Seber (1977) and many other works. The described model in
Timm (1975) pp.471-474 is given by:

0) —
X Mlb + Mg,@ + € 5 (31)

ANOVA component  Linear regression component Error term
where the components of this model are given by:

— The dependent variable X(© = (x(@ x O ... x{)y

a
The design matrix My = @ 1,
i=1

— The parameter vector of factor level means b = (u1, ..., uq)’
1 d
Xy Xy
X (@
— The regressor matrix Mo =
x&, - X
— The vector of regression parameters 8 = (f1,- -+, Ba)’

— The error term € = (£11,€12,"** ,€an,) ~ N(0,0% - Iy).
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Contrarily to our model assumptions, Timm (1975) states that the covariates need to be fixed
and continuous values. While it is possible to cope with random covariates by stating condi-
tional assumptions on the residuals, i.e. E (6| My = my) = 0 and Cov (¢|Ms = my) = 021,
we will not do so, to avoid unforeseen consequences for the interpretation of the adjusted
population means. Therefore the multiple contrast test procedures will be compared to the
model as explained in Timm (1975), which assumes continuous fixed observed variables as
covariates. The aim of the ANCOVA model described is to test for differences between the
levels of the adjusted population means, given by b* = b — (M} M;) 1M/ M. As long as
the upper assumptions and the conditions that M} M; and M,M, are regular are fulfilled,
we attain estimators for 3, b, the adjusted population means b* and o2 through (3.2), (3.3),
(3.4) and (3.5), respectively.

= (M}, (Iy — J2) Ma) " M), (Iy — J00) X© with Ty, = My (M, M;)"'M},  (
= (M;M;) ' M X (
b* =b — (M{M;)""M{M:B = (MjM,) ' M{ (X — M) (
0" = (X(O)/ (In — Jr) XO - B/MIQ(IN - JM)M2B) /f (
where f = N — rank(M;) — rank(Ma)

o)

Using these estimators, we can attain test statistics for testing the hypothesis Hy : Cb* = 0,
where C denotes an arbitrary contrast matrix. Timm (1975) p.474 further shows that with:

S = Var [E*]
2 [V M)+ (VM) MM (M (T = Jar)Ma) ™' MM, (MGM) ™
Qr = b*'C’'(CSC’)~Cb*
Following equation holds:

Tr =

(g, f), (3.6)

where g = rank(C) and f = N —rank(Mj)—rank(Ms). The test statistics T, as one of the
most widely spread test statistics for statistical inference with covariates, will be compared
to the multiple contrast test procedure in terms of a-level and power.

QT/Q Hoy
52

3.2 Parametric Multiple Contrast Test Procedures

Additionally to the parametric ANCOVA, multiple contrast test procedures exist for the
parametric setting given in (3.1). These procedures allow not only for testing the global
hypothesis Hy : Cb* = 0, but also for investigating between which groups differences occur,
without having to perform post-hoc tests. A simultaneous test procedure for general linear
models, and thus for the parametric ANCOVA, was developed by Hothorn et al. (2008).
The procedure assumes an underlying semi-parametric model:

M: ((X1,~~~,Xn)a077—)a

with a fixed but unknown parameter 6 € R? and other random (or nuisance) parameters
7. Further it is required, that if 8, is an estimator for 6 and S, an estimator for Cov( n)s
then following equation has to hold:

al/?@, - 6) B N(0,®),
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for some multivariate central limit theorem and some positive non-decreasing sequence

(an)nen, such that a,S, L ®. Under these assumptions, Hothorn et al. (2008) develop
simultaneous test procedures for the hypothesis Hy : CO = 0 through a test statistic:

Ty =D, "2, - 6) 3 N(O,R), (3.7)

where D, = diag(CS,,C’). Then the components of the test statistic Ty are asymptoti-
cally N(0,1) distributed, and a testing procedure is conceived by estimating the unknown
correlation matrix R and using appropriate critical values from the multivariate normal
distribution, a similar approach as we will follow when deriving the multiple contrast test
procedures in this thesis, derived in Section 3.5. For more information on the technical
details of the procedure, we refer to Hothorn et al. (2008).

The implementation developed by Hothorn et al. (2008) is given in statistics program R,
with the multcomp package. This package contains a function glht which can be used as a
wrapper for many functions treating general linear models in R, among them the function
aov, which allows for global inference in the parametric ANCOVA model. Since our upcom-
ing simulation study is conducted in R, we will use the function aov for statistical inference,
and the wrapper glht to allow for simultaneous inference. The procedure can be applied by
calling following functions in R:

ancova<—aov (X0 ~ group+X1,data=datalm)
result<—glht (ancova,linfct=mcp(group="‘‘Tukey’’))

where datalm is an appropriate data frame containing the data, X0 refers to the dependent
variable, group refers to a group variable employed as a factor and X1 refers to a covariate.
The result from the simultaneous inference will then be compared to the multiple contrast
test procedure for the non-parametric setting, derived in Section 3.5. For more details on
the implementation of the simultaneous test procedures, as well as examples, we refer to
Hothorn et al. (2008).

3.3 Wald-Type Statistic

One of the methods we will be comparing the multiple contrast test procedures to is the non-
parametric approach using a Wald-type statistic proposed, by Siemer (1999). The reason
we do not compare the Wald-type statistic of Langer (1998) with the multiple contrast
test procedure, is that Langer (1998) tests a different hypothesis, namely Hy : CF© =0
opposed to Siemer (1999), who tests for the hypothesis Hy : Cp* = 0, the same hypothesis
which is tested by the multiple contrast test procedure. For this denote:

Ay = Cov <\/N ( / HO AR — / F<T>dﬁ<">> > , (3.8)
r=0 d

where F() = (ﬁl(r), cee ﬁér))’ and F(") = (Fl(r), cee F(ET))’. Furthermore denote:
V=" ®L) Ay (y®1.). (3.9)

A detailed description on estimating V y can be found in in the upcoming Section 3.5.1. For
the Wald-type statistic proposed to work properly, following technical assumptions have to
hold:
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(A1) - (A3) For estimating the regression coefficients.

(A4) The matrix Vy — V such that rank(Vy) = rank(V) for all N > Ny € N.

(A5) Let 95\7;’)“ i=1,...,aand r =1,...,d, denote the eigenvalues of Ay. Then NG%L =0
or NOW), »ocoforalli=1,...,aandr=1,...,d.

Under these assumptions, Siemer (1999) pp.54-55 shows that under Hy : Cp* = 0 following
equation holds: R
Qwrs = Np*'C'(CVyC)~Cp™ + x5}, (3.10)

with f = rank(C{/'N). For a full proof we refer to Siemer (1999) Theorem 4.20.

3.4 ANOVA-Type Statistic

The following ANOVA-type statistic proposed by Siemer (1999) is supposed to perform
better for smaller sample sizes than the Wald-type statistic. For this we define a matrix
K = C'(CC’)"C. Instead of estimating the complete matrix (CV yC)~, the ANOVA-type
statistic only requires the traces of the matrices K\A/N and K\A/NK\A/N to be estimated.
Using the so called Box-approximation Box (1954), we are then able to construct a test
statistic for the hypothesis Hy : Cp* = 0.

When constructing the ANOVA-type statistic, we first reformulate our hypothesis.

Lemma 3.4.1. Let K = C'(CC’)~C and U denote an arbitrary vector of appropriate size.
Then the hypotheses Hy : CU = 0 and Hy : KU = 0 are equivalent.

Proof. For a detailed proof see Langer (1998), Lemma 5.2. O

Under the assumptions (A1)-(A5) and additionally:

(A6) For all N there exists a ¢y € R such that: tr(K{/'N) = Ai > co >0, where A\y,..., A\,

ol

1=1

are the eigenvalues of KV N
Siemer (1999) pp.56-59 shows, that under Hy : Cp* = 0 following equation holds:

/\Nﬁ*/Kﬁ*

Qv =7 (0. o (3.11)

1L 7 tr(KVy)?
with f = tr(KVNKVy)'
to the multiple contrast test procedure.

Both test procedures were implemented in R and will be compared

3.5 Multiple Contrast Test Procedures

We will now commence with deriving multiple contrast test procedures (MCTP) for the
non-parametric setting including covariates. Multiple contrast test procedures are simulta-
neous test procedures, which allow for simultaneously testing multiple contrasts. As we have
already mentioned in the introduction, the aim of MCTP is to not only provide a testing
procedure for global hypotheses, but additionally make post-hoc tests, such as the Bon-
ferroni or Bonferroni-Holm correction, unnecessary, by considering dependencies between
individual hypotheses and providing for adjusted p-values of the individual hypotheses.
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The main motivation for the MCTP in this thesis comes from Konietschke et al. (2012a),
where MCTP for relative treatment effects are derived without covariates. The key in
providing for MCTP lies in deriving asymptotic distribution properties of the estimator
p* = (p1,...,D:) . More specifically, we will commence by proving that the pivotal quantity
VN(p* — p*) asymptotically follows a multivariate normal distribution with mean vector 0
and covariance matrix Vy, i.e.:

VNP —p*) ~ N(0,Vy).

Using this result, we will then derive a simultaneous test procedure. To simplify the calcu-
lations in this section, we will calculate asymptotic results by assuming that ~ is known.

For a more elegant representation of the upcoming equations, we further set v(©) = —1.
Then it holds, that:

r=1 r=1
VN(p* —p*) = VN : (3.12)
d
% Zli)mv(’“) —(p - ;p(”%”)
0 0 r r
5 — pi” o (B —p”
=VN -VN> : )
/\20) pg[)) r=1 I/)\gr) _ pgr)
o (A7 =5

r=0 ﬁz(zr) _ pEzT)

To continue our calculations we need a result from non-parametric theory.

Theorem 3.5.1 (Asymptotic Equivalence). Let Xi(lr), ... ,Xf;) be the observations from the

rth covariate, r = 0,...,d in the ith group, i = 1,...,a. Then, assuming that XZ-(,:) and Xi(lr)
are independent for k # 1, following equation holds for r =0,...,d:

(3.13)

1J

R0 £ VR
i=1

where the unweighted form is given by w; = 1/a, and:

nj n;

m_ 1 " yr)y 1 (") [y (r) (r)
Zij —EZFZ (Xjk)_TTiZFj (Xik)+1_2pij'
k=1 k=1

Proof. By adding an index r to the mean distribution functions, Brunner and Munzel (2013)
p-192 prove that:

\/N/ﬁmd (ﬁ]” —Fj“)) - \/JV/H“’)d (F}” —Fj@) j=1,....a, r=0,....d.
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Following Brunner and Munzel (2013) p.210 and Konietschke et al. (2012a) it follows that:

\/ﬁ(ﬁj” —pﬁ”) =VN (/ H(’“)dﬁj(r) +1— /Fj(ﬂdﬁ(r) _ Q/HmdFj(r))

a a
=VN </ZwiFi(r)dﬁj(r) — /Fj(r)d <Z wiﬁi(r)> +1-— 2p§r)>

=1
() (1) 45" (r)
_\szl(/ gy /Fj dF; —|—1—2pij)
- \szz <ZF(T) (x5 - ZF 1—2p§.;)>
i k=1

= \/N Z wZZZ(;)
i=1

Using Theorem (3.5.1) we attain:

S (r)
r r CUZZl
. (B0 = L | &
_\/NZ 5 7<r>%_\/ﬁz : A,
= \p - pl) 0 zwzm

so we attain random variables which are asymptotically equivalent to the pivotal quantity we
are examining. This approach bears the advantage, that instead of examining the asymptotic
properties of the pivotal quantity v/ N (p* —p*), we are now able to examine the asymptotic
distribution of the asymptotically equivalent term instead, as the asymptotic distributions
will be the same. Using the asymptotic equivalence from (3.13), the covariance matrix of
the asymptotically equivalent variable is given by:

a

d a
32OV 3wy

r=0

Vy = Cov } COV[\/N’I(L@(’Y(O),---,’Y(CI))‘
d a
5 AV 3 w2

i=1

r=0

4 d
Z WiZi(1)

Z wiZ (0)

Z wZZ(d)
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=Cov|VN I, @ (v, ..., 7 D) Tg @ (wi,...,wa)-

= (I,®7) - W-Cov[VVNZ] - W' - (I, ®~')". (3.14)
=XN

Now the main task for calculating Vy lies in calculating Cov(v/NZ) = Xy. For this, let
us compute the pairwise covariances for all possible indizes, Cov ( 7z z (u)) From Section

ij
2.2.2 we remember that XZ.(I:) and X](-ZL) are independent if i # j or if k # [, and XZ.(;) e Fi(r)

for k =1,...,n;. Using these properties, we attain:

Cov (Z(T) Zg?)

’Lj’

=Cov (1 i:Fi(r)(Xj(Z)) - ni O x) %Z X)) ZF(u) X (@) )
k=

n
J k=1 v k=1

ST GG R .

—cov< ZF( ‘x, = F(“)(Xt(;:))>

(et (g

T 1 - u u
( o) Y )<X£k>>>
S k=1

Lo ) vy LS o
~ Cov <n STED XL, o S >(Xt<;;>)>
k=1

1 r r 1 o (u u
*ZFJ( )(Xi(k)) ) ;ZFt )(ng))
S k=1

1 r
- F,(

_ Z ZCOV( (T) (T’)) ’ Ft(u)(Xilu)))

[ L
B TT Z Ty Z COV (F(T) X(r)) S(u) (Xt(lu)))
v k=1

+ ni i ni Z Cov (FV(x) . FM (X))
Yk=1 "7 I=1

=0 for i#s or k#l
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_ Cov EF( (X0, FM (X ) 1o S}}
- L [cov (FO(). F “’(X( ") 1=
_cov( FOE). FO X)) - 14,0]
- [Cov (F“")(Xf{)),Fs(“)(X( ") L=

— Cov (F]»(T)(Xi(lr)),Ft(u) (Xz(f))) '1{i=s}}

—.g(rw

jit
1

:n—j(efjs) Tgimy — 00" 1gm S}) 12_ (9](”) gy — 00 1 S})

Using the upper calculations, all possible index combinations are listed in the following table:

For i=jVt=s: Cov( J),Z("))—O
u T,u 1 U
For (i#jAt#s)AN(j=tANi=3s): Cov IJ),ZEt) = 0;5)—# Hj(n)
L - AR () WY _ _ (ru) (ru)
For (i£jAt#s)AN(J=sNi=1t): Cov(Z;;"Zy" ) = Gm Gﬂs

J
_70(ru

jis

For (i#jAt#s)N(F#s,tNi=1t): Cov

For (i #jAt#S)N({G#s,tNi=5s): Cov

jJit

9(T u)

ijs

For (i£jANt£S)N(J=tNi#s,t): Cov

For (i jAt#s)N([F=sNi#s,t): Cov (27 Zs(g)

)=
)
)
7(r) Z(u)) _ 9(7" u)
)
)
)

For (i ZjAt#8)N(J#s,tANT#s,t): COV(Z-(-T) ng)

We have now successfully calculated the covariance matrix 3y, by calculating the covari-
ances of Zl(; ) and Zs(f) for all possible index combinations, and therefore the covariance
matrix Vy = (I, ®~') - WXy - W' (I, ®4')". It remains to show the asymptotic multi-
variate normality of the pivotal quantity v/ N (p* — p*) and conclude the connection to V.
This is done in the following theorem.
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Theorem 3.5.2. Let Vi be as given in the upper calculation. Under the assumptions
(A1), i.e. there exists Nog € N such that & < Ny < oo fori=1,...,a, and that Vy — V
such that rank(Vy) = rank(V) > 1 for all N > My < oo is fulﬁlled the rank statistic
\/ﬁ(f)* — p*) asymptotically follows a multivariate normal distribution with expectation 0O
and covariance matriz V.

Proof. The theorem can be proven analogously to Theorem 2 in Konietschke et al. (2012a).
First we take a close look at the covariance matrix Vy. Let A; v, i = 1,...,a, denote the
eigenvalues of V  where )\%in =min{An;|An; > 0,i =1,...,a} is the smallest eigenvalue
larger than zero. Then, by the assumptions of this theorem, there exists a constant ¢y > 0
such that A" > ¢y for all N > My. Without loss of generality let A1 n,...,Ajn — 0
and Aj11,N,...,Aa,N = Co. Since Vy is a covariance matrix and therefore a symmetric
matrix, by the spectral decomposition theorem there exists an invertible matrix B such
that BVyB’ = D = Dy & Dy where Dy = dia(M, v, ..., Aj,n) a diagonal matrix with the
first j eigenvalues and Dy = dia(Aj41,n,...,Aq,n) & diagonal matrix with the remaining
eigenvalues. The asymptotic normality of v N (I, ® ¥'YWZ is now established through the
Cramer-Wold device (7.1.9). Let k = (kq,...,k,)" denote an arbitrary vector of constants.
Since B is invertible, there exists a vector k such that k' = kB. From Lindeberg-Feller limit
theorem it follows that:

VNK'(I,®y)WZ  NK(I,®+)WZ

= B N(0,1)
\/Var(\/ﬁk/(la wyywz) VVar(VK (I, @ v )WZ)

Because:
Var(NK' (I, ® ¥ YWZ) = N - Var(VNK'(I, ® v )WZ) = NK'V vk

= NK'BVyB'k = NK'(D; @ Do)k > N+ Y kaco — oc.
s=j+1

Therefore the sum of variances of Nk'(I, ® v')WZ diverges for N — oo and Lindeberg’s

condition (7.1.7) is fulfilled, because the random variables - - F, m(X (7)) are uniformly

bounded, because N/n; < Ny < oco. Since it might not be clear how the term Nk'(I, ®
~"YWZ is written as a sum of independent variables, further calculations can be attained

from the appendix in Lemma (7.1.11). O

Theorem (3.5.2) is a central result for developing the multiple contrast test procedure.
Before calculating test statistics however, it remains to find an appropriate estimator for the
covariance matrix V, or subsequently Xy, as can be seen through (3.14). An estimator
will be provided in the next section.

3.5.1 Estimating the Covariance Matrix

Through the upper calculations of the covariance matrix X it becomes obvious that for
(r,u)

estimating ¥, and thus Vy, it is sufficient to estimate the parameters 6;;.".

Normally,

we would estimate Gg;s u) through:

o u 1 < r r 1 e r u u 1 o n u
o = T (Fé X)) - S RO >>) (F§ (X = — > F ><X§k>>) 7

e —
J k=1 J =1 J =1
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but because the random variables F\" (X J(Z)) are non-observable random variables, 67" is

not a valid estimator for 6;;,. Therefore, we will replace Fi(r) (X j(,:)) by ﬁi(r)(X ;('Z))v random

variables which are observable and presumably close enough to the non-observable random
(ryu)
ijs

Aru) 1 e ’\(7 (T) (r) (T) 7(u) ¢y () i .- (u) [y ()
0, _nj—1Z<Fi ZF (X; ><Fs (X5)) - ZF x|

k=1

variables for a valid estimation. The resulting estimator for 6{"") is then given by:

Using the mean rank notation introduced in Section 2.4 enables us to denote the proposed
glrw

estimator ;. using ranks by:

52 = g Yo (R - R0 - R i)+ )

- (R ~ B - Ry + ).

With these estimators, we are able to estimate V v consistently. Let the proposed estimator,
(r,u) b é\(T u)

YE ijs

consistency of \Y% N 1s proven in the following theorem.

replacing 6, , be denoted by \Y% N, and > ~ the estimator for ¥y accordingly. The

Theorem 3.5.3. Under the assumption (Al) i.e. N —> oo such that N/n; < Ny < oo for
NoeNandalli=1,...,a, it holds that: VN Vy 3

Proof. The theorem can be proven analogously to Lemma A.2 and Theorem A.4 from
Konietschke et al. (2012a). The key in proving the consistency of V  lies in proving the
consistency of Zy. By the strong law of large numbers it holds that éf;su) - Hgfsu) %0
when nj,n, — oo . Because the number of groups a and number of covariates d is bounded,
it is sufficient to prove the consistency of > ~ componentwise. Therefore, the proof amounts
to showing: [0\ — )| “% 0. For this denote:

Y] E
. 1 <
Dy = FP(XG) = =S FOXR),
J =1

and its empirical counterpart by:
ﬁ( ) F(T) X(T) F(T) X(")
o Z

Then it holds that:

(ru) _ plru)) _ () ;y(u)
|92]s - eijs ‘ - T 1 ZDZJk SJk DZ]]CDS]]C
— ) »u) (r) p(w)
- -1 Z ngk s_]k: Dz]k:DSJk + Dz]kDSJk
_ (w) _ ) ) () (r)
- _ 1 Uk Dsyk Dsyk) D@jk(Dij Dz]k)
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"
L SO pmpm _ By _ 5w (B _ /)
Snj 1 Dz]k(Dejk Ds;k) Dsyk(Dmk Dz]k)‘
k=1
1 nJ u u u T
STL*I Dz(]l)c Dijl)c Dijl)é ’ngk ‘Dmk Dl(jl)c
J k=1
1 nJ u u T
Sn_ 1 qu])g ngk Z ‘Dzjk Dz(jk?
J k=1
< max |D®) — D(lf) + L max (D) — D7) (3.15)
nj — 1 k=1,..n,; | 5F SIRL Ty — 1 k=1, n, | R ijk|
where we used ‘D”k <1 and ‘Dsjk‘ < 1. Considering that:
r) ~(r (r 1 RN r (r r) r 1 nj r) r
DL = DG =| 760 = 3 RD D) = ED GG + 3RO
=1 =1
A(r r 1 T r A(r r
< PO = FOGG)| + |3 (RO GG - B x| h)’

< 2. max
k=1,...,n;

and denoting the supremum norm by |||, equation (3.15) yields that:

n; W) _ B n; 5(r) (r)
. pW _pwi T Dy, - Dj
oy =12, [ Paie = D]+ (D= D
2-n; (W) v\ _ Bu) y () My 5 ()
=1 (k_l?axnj F* (Xjk ) — F" (Xjk )‘ + k:I{lf{’fnj F; (Xjk ) — F; (Xjk )‘
< 2n ( Pl _ Fwl 4 Hpm _ B ) ag
- n; — 1 s 8 S s s %9 ’

where we used that 2nj/(nj - 1) — 2 and from the Glivenko-Cantelli theorem (7.1.4) it
follows that ||[F{") — F(™)

same manner, only with different indexing.

“% 0. Other index combinations of the 0( ) are proven in the

From the upper calculations and the assumption (A1) it follows, that:

Vy=Vy=I2y) W-Zy W (Loy) - (Ley) W Iy W ()
= (Ia ®»7/) W . (f:N _ EN) W' . (Ia ®’7/)I a;5>- 0,
—
as0
which proves the claim. Note, that plugglng in the estimator 4 for 4 as proposed in Section
3.7, will weaken the convergence to \Y% N—Vn *) 0. O

The results from this section, Theorem (3.5.2) and Theorem (3.5.3), will now be used to
derive the MCTP.
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3.5.2 Derivation of Test Statistics

In Theorem (3.5.2) we have shown that:
VN(p* —p*) ~ N(0,Vy). (3.16)

The main motivation for using MCTP lies in testing hypotheses to uncover differences
between factor levels. We will be testing hypotheses using a contrast matrix C € R%*¢
(2.3.1) with row vectors c1,..., ¢4, the desired contrasts, i.e. ¢; = (¢1,...,¢,)". Our goal
will be to derive multiple contrast test procedures for the family of hypotheses:

Qf::{Hﬁ*:dp*:0|l:1w.qq}, (3.17)

by providing compatible simultaneous confidence intervals for the effects §; = ¢;p*. Simul-
taneous confidence intervals are confidence intervals for the effects §;, [l = 1,..., ¢, such that
if 0 is not contained within at least one of the confidence intervals, then the global hypothesis,
ie. ﬂ?zl{Hg* s ¢p* = 0} or simply Hy : Cp* = 0, can be rejected to a pre-specified level
«. In order to do this, we will begin by deriving test statistics for the individual hypotheses
Hg* s cpt=0,forl=1,...,q. We define test statistics for the individual hypotheses by:

TP = VNei(p* — p7)/Viu, (3.18)

where U, = cg\Achm. Then by Theorem (3.5.2), Theorem (3.5.3) and Slutsky’s theorem

it follows, that Tlp* N N(0,1) under the null hypothesis Hy : ¢;p* = 0. For developing
MCTP we will require not only the distribution of an individual test statistic, but more
importantly the joint distribution of all individual test statistics, i.e. we further need the
covariance structure of the vector of test statistics, T = (Tlp*,...,T(;’*). Denote R =
Cov(T), and assuming V  is known, with:

Cov(TP",TE ) = Cov(VNc|(p* — p*) /v » VN, (B* —P*)/v/Umm)
=Cov | VN i@y = ;) VN Y mj (@5 = }) | /vV/0umm
=1 j=1

a b
=" e Y emgCov (VN (; = 91), VNG = 1)) /v/ouvmm
=1 =1
= CEVNCm/\/ ViUmm = Ulm/\/ VilVmm,s

we can calculate the covariance matrix of T, Cov(T) = R = (7}m)1,m=1,... ¢ Where ry, =
Vim/A/ViiVmm- From Theorem (3.5.2), Slutsky’s theorem and the upper calculations, it
follows that:

T < N(0,R). (3.19)

Our goal will be to use this multivariate asymptotic property of the vector of test statis-
tics T for conceiving simultaneous test procedures. The idea behind a simultaneous test
procedure is to control the type I error for the global hypothesis ﬂ?zl{Hg* s cjp* = 0}
by properly adjusting the individual hypotheses from QP (3.17). The global hypothesis
is rejected, when any adjusted individual hypothesis is rejected. To better understand the
notion of simultaneous test procedures, let us introduce some important terminology from
this field, before theoretically justifying this testing approach. Most of the terminology on
simultaneous testing, and the ideas represented, can be found in a similar manner in Gabriel
(1969) and Konietschke et al. (2012a).
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Definition 3.5.4 (Joint testing family). Let II = {m; | i € I} be a family of hypotheses.
Further let S; be a real valued statistic corresponding to the hypotheses m; and S = {S; | i €
I}. The collection {II, S} of hypotheses and their corresponding statistics will be called a
testing family, provided the distribution of S; is completely specified under m;, for alli € I.
If, for any subfamily I1 = {m; | i € I} where I C I, the joint distribution of all S;, i € I, is
completely specified under 7o = (\j 7, the testing family will be called joint.

Definition 3.5.5 (Simultaneous Test Procedure). Let {II, S} be a joint testing family.
Further, let & be a critical value, then a simultaneous test procedure is defined as the
family of tests of all m; € II which reject any m;, v € I, if S; > &, using the same constant &
for all S; € S. Such a simultaneous test procedure will be denoted {I1,S,&}. The probability:

Oézl—PHO(Sl<f,...,Sq<§) (320)

of falsely rejecting the intersection hypothesis, or global hypothesis, is referred to as the level
of the simultaneous test procedure.

Our goal now will be to first prove, that {Qp* , T} is in fact a joint testing family, before de-
riving a simultaneous test procedure for testing the global hypothesis through the individual
hypotheses within QP . This gives way to following Lemma.

Lemma 3.5.6. The family of hypotheses QP and the corresponding test statistics T asymp-
totically constitute a joint testing family.

Proof. The proof can be shown analogously to Lemma 1 Konietschke et al. (2012a). We have
shown that T asymptotically follows a multivariate normal distribution with expectation 0
and correlation matrix R. Therefore, the joint distribution of T is completely specified
under H(I))* cep*=0foralll=1,...,q. We have also shown, that each test statistic Tlp*
converges in distribution to the standard normal distribution. In particular, the asymptotic
distribution of Tlp* is independent from the distribution of TP for m # I. Therefore, the

asymptotic joint distribution of TV = (T]P* l7 € J) is completely specified under arbitrary
intersections of the hypotheses (), ; {H{)’ Lclp* = 0}, where J C {1,...,q} denotes an

arbitrary set of indizes. Therefore, {QP", T} is per Definition (3.5.4) a joint testing family.
O

Now that we have proven, that {Qp*,T} constitutes a joint testing family in the sense of
Definition (3.5.4), we further need an appropriate critical value for deriving a simultane-
ous test procedure. Let z1_q 2 r denote the two-sided equi-coordinate (1 — a)-quantile of
N(O,R), ie.

q
P (ﬂ{zl—a,Q,R <X < Z1—a,2,R}> =1-a (3.21)
=1

for (X1,...,X4) ~ N(0,R). Then this is, as we will yet see, an appropriate choice for a
critical value.

Figure 3 illustrates the use of equi-coordinate quantiles for a 2-dimensional multivariate
normal distribution:
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Figure 3: Two-sided (left) and one-sided (right) equi-coordinate 95%-quantiles of a 2-dimensional
multivariate standard normal distribution with correlation p = 0.5.

We write 21_4,2,r to emphasize that it is the two-sided equi-coordinate quantile; one-sided
quantiles are written as z;_q,1 r. For further details on equi-coordinate quantiles and their
numerical computation we refer to Bretz et al. (2001) and Genz and Bretz (2009).

The only problem which remains is that the correlation matrix R is unknown and must
be estimated. For this, we can use the estimator Vy for Vy, given in Section 3.5.1.
Then by Slutsky’s theorem, an estimator for R is given by R = (7im)im=1,..,q Where
Tim = Otm/VUuUmm. Taking the estimator R into consideration instead of the unknown
correlation matrix R, the set {QP", T, Z1-a,2,ﬁ} asymptotically constitutes a simultaneous
test procedure, which controls the family wise error rate in the strong sense. This is shown
in the next theorem.

Theorem 3.5.7. The simultaneous test procedure {Qp* T, 2, o rt asymptotically controls
the family wise error rate in the strong sense.

Proof. The theorem can be proven analogously to Theorem 3 from Konietschke et al.
(2012a). From Lemma (3.5.6) we know that {QP", T} asymptotically constitutes a joint
testing family. By construction, the simultaneous test procedure {Qp*,T7 Z1—a,2 R} IS cO-
herent, i.e. a hypothesis is rejected if any hypothesis implied by it is rejected. Then the
assumptions of Theorem 7.1.1 are fulfilled. Now we replace R by its consistent estimator
R. Since the map f : R7*? — R with f(R) = 21_4,2,r is continuous, by the continuous
mapping theorem it follows that f(R) — f(R) = Z1-a2R ~ % _40R £ 0. Therefore, the
assumptions of Theorem 7.1.1 are asymptotically fulfilled and the probability of rejecting
one or more true hypotheses Hé’* : ¢jp* = 0 if all hypotheses are true for | = 1,...,¢q is
equal to the a-level of the simultaneous test procedure. Additionally, if not all hypotheses
are true, but Hg* cep* =0forl € J C{l,...,q} is true, the probability of rejecting at
least one true hypothesis is at most a. O

Theorem (3.5.7) justifies a test decision on the global hypothesis ﬂlqzl{Hé’* :cp* =0} by
calculating confidence intervals for the individual hypotheses and performing a simultaneous
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test procedure. More precisely, Theorem (3.5.7) allows us to construct confidence intervals
for the individual hypothesis Hy : ¢;p* by using the test statistics 7}° with a critical value
2_o 0@ The simultaneous confidence intervals for a two-sided individual hypotheses are
given by:

OB = 21w VAU/N 5 B+ 2 mVa/N| =1, (3.22)

By the construction of these simultaneous confidence intervals, a test decision for the hy-
pothesis HY . c;p* = 0 can be made, i.e. whenever zero is not contained within the
corresponding confidence interval, the hypothesis is rejected. In such a case, the global hy-
pothesis HY . Cp* = 0 would also be rejected, at level a. One-sided testing is also possible
by using the one-sided equi-coordinate quantiles:

005 efB" 2y mVa/N| or [ep" =2, mvVau/N 5 |, (3.23)

where the confidence interval on the left corresponds to the hypothesis Hy : ¢;p* > 0
and the confidence interval on the right to the hypothesis Hy : ¢;p* < 0. The derived
simultaneous confidence intervals in (3.22) are the heart and soul of the multiple contrast
test procedures and give the possibility not only to decide on the global hypothesis, but more
importantly to know between which groups a difference occurs, without having to perform
post-hoc procedures. Of course, we could have just as well calculated the p-values of the test
statistic T through a multivariate normal distribution (this is done as well in the presented
R-script, Section 7.3), but often confidence intervals give the applicant a better feeling for the
significance of the result and are therefore required. For example, the European Medicines
Agency’s guideline on clinical evaluation of diagnostic agents states that:

“The impact on diagnostic thinking may be presented numerically; the rate of
cases where diagnostic uncertainty with a new agent has decreased as compared
to pre-test diagnosis should be reported (percentage, and confidence intervals).
Positive and negative predictive values may help clinicians modify diagnostic
thinking if reasonable thresholds have been reached.”(EMEA 2009, Section 7.3,

p.15)

Since the multivariate normal distribution of the test statistic T is only valid asymptotically,
it is not clear how good the procedure will perform on finite data. The performance in terms
of a-level and power on finite data can be attained from a simulation study in Section 4.
In the next section, we will try to approximate the distribution of the test statistic T to
improve the test procedure in terms of a-level and power.

3.5.3 Small Sample Size Approximation

Although the above procedure has been proven to work asymptotically, the convergence to
the multivariate normal distribution tends to be rather slow, especially when confronted
with small sample sizes or a large number of treatment groups. For this, we propose a
further approach which is supposed to approximate the multivariate distribution of the test
statistics faster, hence being more suited for small sample sizes.

The small sample size approximation we consider is an adaptation of Gao et al. (2008)
and Konietschke et al. (2012a) multivariate t-approximation, to which we introduce co-
variates. The idea behind this approximation is that instead of taking equi-coordinate
quantiles from the multivariate normal distribution, we take equi-coordinate quantiles from
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a multivariate t-distribution with v degrees of freedom, in hopes of improving the si-
multaneous confidence intervals (3.22) in terms of coverage probability. The only ques-
tion which remains is how many degrees of freedom the multivariate t-distribution should
have for a useful approximation. For this, let ¢; = (¢i1,...,¢4), I = 1,...,q denote

the [th row of the contrast matrix C, of which hypotheses are formed. Further, de-

note p(" = (pgT), . ,pgr)) , its estimator as p(") = (;E(f),...,ﬁy))’ and a further term

Az(fzz = ¢y (H(T) (XZ(,:)) — w; ") (Xl(,z))) = D cswi Y (Xf]:)) Then we can calculate a

Satterthwaite approximation for the degrees of freedom by:

VN¢j(p* —p”) ¢7§:% )
- mz - Z A G 0y
—Zv chzz =)
- ZWWME@(M —p™)
—vaf[z PWIED Wl -
2
—Ny L ZZMEQ—mzw-zicﬁpw

11 ¥ k=1r=0

where the asymptotic equivalence in (3.24) is proven in Lemma (7.1.10). Because the terms
Al(;z and Al(,ri,)k, are independent for k # k' and i # i/, we obtain:

a d
Var Z Z Z V(T)A(T) - N Z iVar Z 7<T)A§:1)
=1r=0 1=1 T r=0
’ AR ’
—NZ—’)/COV 'y:NZ%,
i=1"" A@D =1
lil
=:Ay

with 7;; = 4/ Ay7y. Since the covariance matrices Ay; are unknown, they have to be estimated.

Using 21(213 =y (ﬁ(r) (XZ(;)) — wifi(")(Xi(;'))) =D i clswiﬁs("')(Xi(g)), an estimator for Ay
is given by:

Ao ARy (A AW

Ay = : : P, - : :

A0 A@ o) A@

lin; te ling lin; ce ling

(3.25)

This enables us to estimate n;; using 7j;; = ’y’K”'y. Following Gao et al. (2008), we can
approximate T by a multivariate t-distribution, ¢(v, 0, R) with v = max{1, min{w1,...,v}}
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degrees of freedom, where:

a

a 2 ~
v = (2@3%) /Zm I=1,...,q (3.26)

=1

This approximation will be especially useful for small sample sizes. How good it performs,
in comparison to the MCTP using equi-coordinate quantiles from the multivariate normal
distribution can be obtained from the simulation study in Section 4.

3.6 Another Approach

In Section 2.6 we shortly mentioned that estimators for the adjusted relative treatment ef-
fects, p¥, which can be interpreted as relative treatment effects would be desirable. We will
now give some thoughts on a procedure in which such an estimator is seemingly attained,
but which has not been proven to be correct. The reason why we present it here and not only
as an outlook for future works is, that it will be part of the simulation study and therefore
should be presented before the simulation results are discussed.

The basic idea is to undertake the data a two-step procedure. In a first step, the regression
parameters ("), r = 1,...,d, are estimated and the data is adjusted by the covariates within
the rank transformation. For this, we take a look at our underlying model (2.8) and take it
from there.

The underlying model gave us a presumed connection between the dependent variable and
the covariates in the asymptotic rank transformation by:

d
Vil =300 Y0 + v (3.27)

r=1
From here, differences between the factor levels ¢ = 1,...,a were tested for, by testing for

differences between the adjusted relative treatment effects. But instead, we could use the
adjusted terms Y}, to estimate the relative treatment effects of the factor levels. Hopes
are, that the resulting estimates for the relative treatment effects correspond to the relative
treatment effects of the dependent variable, and are still useful for testing hypotheses. For
this, we define the adjusted random variables by:

d
vre (0 ~(r)<(r
Vi =Y =3 Ay, (3.28)

r=1

In a second step, the multiple contrast test procedures are performed on the data ?izeg s 1=
1,...,a,k=1,...,n; as described in Konietschke et al. (2012a), i.e. as if no covariates were
involved. Under circumstances yet to be studied, the resulting estimates for the adjusted
relative treatment effects can be seen as estimates for the relative treatment effects of the
dependent variable, and test results using the these estimators remain valid. A similar
approach was also discussed by Siemer (1999) p.25, who does not follow it any further,
arguing that it is unprovable. Nevertheless, we will take a look as to how good this procedure
works, to validate if it is even worth following.
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3.7 Multiple Contrast Test Procedures with Unknown Regression
Parameters

Until now, we assumed that « (2.11), the vector of regression parameters, is known. In
practice however, the parameter is unknown and has to be estimated. We have shown a
possibility of estimating « in Section 2.5. Further, in Theorem (2.5.1), we have seen that:

~ P
Y

Since 4 is an unknown but fixed parameter, using Theorem (2.5.1) and Slutsky’s theorem, the
results presented, especially the main results Theorem (3.5.2), Theorem (3.5.3) and Theorem
(3.5.7), remain valid. That is, the MCTP developed in Section 3.5 is still asymptotically
correct when plugging in 4 for ~.
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4 Simulation Study

We will now compare the presented procedures, in terms of power 1 — 8 and a-level, in
an extensive simulation study. These settings include altering group numbers (a = 3,5),
number of covariates (d = 1,2,5), changing sample sizes (n;, = 7,10, 15,25, 50) and different
distributions of the given data. Further we will also simulate an unbalanced design and
compare four different contrast matrices, the Tukey (all-pairs), the Dunnett (many-to-one),
the centering matrix and the changepoint contrast matrix. Each data setting presented was
simulated 10,000 times. We will commence by giving an overview over the different contrast
matrices, before presenting the simulation results. For a more convenient readability, we will
only present representative simulation results, while further results can be attained from the
appendix in Section 7.2.

4.1 Contrast Matrices

As mentioned before in Definition (2.3.1), a contrast matrix C # 0 € R?7*% is a matrix,
which row sums are zero, i.e. C1l, = 0. Although there exist infinitely many possibilities for
contrast matrices, some are of higher practical interest than others. Four contrast matrices
of high practical interest will be presented here, for more information on contrast matrices
we refer to Bretz et al. (2001). The first presented contrast matrix is the Tukey contrast
matrix Tukey (1953), given by:

-1 1 0 ... ... 0 0
-1 0 1 0 ... ... 0
c -1 0 0o o ... 0 1
Tukey = g 1 1 0 0 0
0O -1 0 1 0 0
0O ... ... ... 0 -11

The Tukey contrast matrix compares all factor levels to each other, and is therefore referred
to as the all-pairs contrast. The Dunnett contrast matrix Dunnett (1955) is given by:

-1 1 0 0

-1 0 1 0 0
CDunnett = :

-1 0 0 1

The Dunnett contrast matrix compares all factor levels to one specific factor level, e.g. the
first factor level. It is therefore referred to as the many-to-one contrast. The centering
matrix is given by:

11 _1 _1 _1
LTS R | _1
a a a a

Pa = . .
1 _1 1 q_1
Lo 1l

The centering matrix also is a contrast matrix, which compares the relative treatment effect
of every factor two the mean of all relative treatment effects. The centering matrix is also



4 SIMULATION STUDY 35

used for testing global hypotheses in the ANOVA and ANCOVA models, and therefore of
practical interest. A more complex contrast matrix is the changepoint contrast matrix, or
changepoint comparisons, given by:

_1 no Mg —1 Ng
Nas - - Now Noo
_ni _ no ns Na—1 Ng
Ni2 Ni2 Nzo 77 N3a N3q
CChangcpoint = . . . . . .
_ ni _ na _ _Ma-1
Ni(a-1) Ni(a-1) T T Ni(a-1)

where N;; = Zfe:l ng. The changepoint contrast matrix compares the relative treatment
effects in such a way, that change points of the relative treatment effects are uncovered.
While these contrasts were used for our simulations, we will only present the results attained
using the Tukey or all-pairs contrast matrix, the reason being, that the other simulated
contrasts behaved very similarly. Therefore, all simulation results are attained using a Tukey
contrast matrix, unless stated otherwise. Nevertheless, we will compare the performance of
the test procedures for different contrasts for one selected data setting in Section 4.2.5.

4.2 Type I Error Simulation

Before taking a look at the power 1 — 8 of the test procedures, we will first simulate the
a-level, or type I error of the test procedures. Table 2 gives a comprehensive overview of
the power 1 — 8 and the a-level.

Table 2: Type I and type II errors of statistical inference.

‘ Hj is not rejected Hy is rejected
Hy is true 1-—« a (Type I error, level)
H, is false | 8 (Type II error) 1 — 8 (Power)

The a-level, or type I error, refers to the probability of a test procedure rejecting the null
hypothesis, although the null hypothesis is true. The power on the other hand, refers to the
test procedure rejecting the null hypothesis under alternative. While the nature of statistical
inference makes it inevitable for type I errors to occur, the type I error can be freely chosen
when testing, provided the corresponding test behaves accordingly. In other words, if the
test user decided to test with a certain a-level, the test should hold this level. The type II
error on the other hand is harder to control and should tend to 0 as differences in the factor
levels of the data increase. It is desirable for a test to show a steep increase in power as
differences in factor levels increase.

For the upcoming simulation results, an a-level of 0.05 was chosen. It is therefore preferable
for the compared procedures to have a type I error of exactly 0.05. Should a test show a type
I error less than «, it is referred to as being conservative, because it tends to under reject
the corresponding hypothesis. If a test shows a type I error higher than «, it is referred to
as being liberal, because it tends to over reject the corresponding hypothesis.

4.2.1 Multivariate Normal Distribution

In the first part of the simulation, the covariates are simulated from a multivariate normal
distribution,

(X, XDy N0,), i =1, a0, k=1,...,n;, (4.1)
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where ¥ denotes a covariance matrix of compound symmetry structure with parameter p:
‘I’:p-ld].;l-i-(l—p)':[d.

The covariates were simulated to be independent, slightly dependent and strongly dependent
through p = 0, p = 0.5 and p = 0.9, respectively. In the first simulation result presented,
the dependent variable follows a standard normal distribution and is not influenced by the
covariates, i.e.:

XD N©,1), i=1,...,a, k=1,...,n,. (4.2)

Taking into account covariates in this setting cannot improve the test and will, in the worst
case, lead to erroneous results. Table 3 shows the type I error rates of the compared proce-
dures.

Table 3: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: standard normal distributed (4.2).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par

1 7 01389 0.0824 0.0662 0.0913 0.1458 0.0680 0.0515 0.0502
10 0.1051 0.0723 0.0576 0.0788 0.1100 0.0641 0.0491  0.0506
15 0.0856 0.0652 0.0544 0.0682 0.0886 0.0587 0.0519 0.0519
25 0.0689 0.0560 0.0505 0.0579 0.0705 0.0525 0.0458 0.0469
50  0.0599 0.0557 0.0515 0.0573 0.0623 0.0544 0.0520 0.0537

2 7 0.1575 0.1001 0.0905 0.1166 0.1656 0.0721 0.0502  0.0509
10  0.1204 0.0816 0.0682 0.0923 0.1250 0.0632 0.0479  0.0490
15 0.0935 0.0712 0.0632 0.0762 0.0991 0.0588 0.0498 0.0494
25 0.0783 0.0687 0.0597 0.0699 0.0812 0.0594 0.0539 0.0533
50 0.0635 0.0571 0.0532 0.0571 0.0629 0.0539 0.0509  0.0500

5 7 0.2613 0.1804 0.1890 0.2246 0.2699 0.0735 0.0564 0.0570
10 0.1752 0.1272 0.1195 0.1459 0.1776 0.0639 0.0485 0.0508
15 0.1272 0.1029 0.0928 0.1113 0.1327 0.0649 0.0524 0.0534
25 0.0872 0.0734 0.0675 0.0800 0.0890 0.0532 0.0484 0.0480
50 0.0677 0.0620 0.0584 0.0630 0.0684 0.0512 0.0490 0.0486

The multiple contrast test procedure using equi-coordinate quantiles from the multivariate
normal distribution is denoted by mctp.n (Section 3.5), the multiple contrast test procedure
using equi-coordinate quantiles from the multivariate t-distribution is denoted by mcip.t
(Section 3.5.3), the 2-step procedure, which remains unproven, is denoted as 2-step (Section
3.6), the ANOVA-type statistic (Section 3.4) from Siemer (1999) and the Wald-type statis-
tic (Section 3.3) are denoted by sie.ats and sie.wts respectively. Furthermore, the multiple
contrast test procedure not using covariates from Konietschke et al. (2012a), thus only us-
ing the dependent variable for statistical inference, is denoted by mctp.nc, the parametric
multiple contrast test procedure is denoted by mctp.par (Section 3.2) and the parametric
f-test is denoted by f.par (Section 3.1). Note that the procedure not considering covariates
presented here is the procedure using the multivariate t-approximation from Konietschke
et al. (2012a). While better procedures have been proposed within the same paper, this
procedure is best compared to the mctp.t derived here.
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All procedures show asymptotic properties, performing better for high sample sizes (n; = 50)
than for low sample sizes (n; = 7). Of the non-parametric approaches, aside from the 2-step
procedure, the mctp.t performs best in all displayed settings. However, the mctp.t is very
liberal, especially for a large number of covariates and few observations (d = 5, n; = 7).
The type I error is as large as 0.1804, far higher than the targeted 0.05 and unaccept-
able for a good statistical inference. For a high number of observations and few covariates
(d =1,n; = 50), the type I error improves to a satisfactory level of 0.0557.

The reason for such a high type I error, especially considering that not using the covariates
would result in a drastically improved type I error (mctp.nc), could lie in the estimation of
the regression parameters v, ... ~(@ d=1,... r. In this setting, an optimal estimation
would be v(") = 0 for all » = 1,...,d, as it is in the case of mctp.nc. While the estimation
in a parametric setting is adequate, in a non-parametric setting the number of combinations
in the rank transformation is limited, especially for few observations, and the regression
parameters are estimated erroneously, causing the procedure to detect a false coherence be-
tween the dependent variable and the covariates, more frequently than in the parametric
setting.

This simulation shows that adding covariates to the model in hopes of attaining signifi-
cant results will work, but yields erroneous results. To attain credible results, the sample
size needs to be accordingly high when planning to use covariates. Only then will falsely
chosen covariates be ignored by the non-parametric procedures.
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In the second simulation result presented, covariates are attained from a multivariate normal
distribution as in (4.1). The dependent variable is chosen to be the unweighted sum of the
covariates, plus an additional independent random variable, i.e.:

d
X =" XE + Ui where Uy "% N(0,1), i =1,....0, k=1,...,n;. (4.3)

r=1

Thus, in this case the dependent variable is influenced by the covariates and taking into
account the covariates should yield better results. Table 4 shows the results for p = 0, i.e.
for independent covariates.

Table 4: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: @ = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: unweighted sum of covariates (4.3).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par

1 7 01024 0.0596 0.0694 0.0734 0.1078 0.0705 0.0506 0.0503
10 0.0778 0.0501 0.0570 0.0620 0.0810 0.0611 0.0485 0.0483
15 0.0710 0.0531 0.0606 0.0611 0.0728 0.0599 0.0518 0.0516
25 0.0606 0.0514 0.0503 0.0521 0.0607 0.0520 0.0472  0.0487
50  0.0532 0.0486 0.0495 0.0512 0.0550 0.0534 0.0506 0.0517

2 7 0.1125 0.0645 0.0940 0.0870 0.1170 0.0715 0.0581 0.0580
10 0.0851 0.0555 0.0745 0.0696 0.0887 0.0675 0.0528 0.0522
15  0.0680 0.0493 0.0617 0.0569 0.0707 0.0586 0.0466 0.0467
25 0.0627 0.0523 0.0587 0.0588 0.0638 0.0542 0.0532 0.0536
50 0.0526 0.0475 0.0508 0.0491 0.0532 0.0513 0.0449 0.0449

5 7 0.1548 0.0935 0.1849 0.1290 0.1609 0.0714 0.0516 0.0518
10 0.1108 0.0754 0.1248 0.0964 0.1142 0.0618 0.0513 0.0544
15 0.0842 0.0641 0.0948 0.0736 0.0860 0.0586 0.0516 0.0527
25 0.0701 0.0584 0.0752 0.0662 0.0705 0.0537 0.0489  0.0496
50  0.0547 0.0500 0.0550 0.0527 0.0545 0.0504 0.0481  0.0490

In this setting, the mctp.t again performs better than the other non-parametric alternatives
in almost all parameter combinations displayed. The procedure still performs poorly for a
high number of covariates and a low number of observations, but not as dramatically as in
Table 3. Out of a methodological point of view, taking into account covariates now would be
the correct decision and, as long as the ratio between the number of covariates and sample
sizes remains healthy, the a-level of 0.05 is met more often when considering covariates,
opposed to not considering covariates.
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In a further simulation study, the covariates were generated in the same way as described
in (4.1), with the only difference being, that the dependent variable was chosen to be a
weighted sum of the covariates, i.e.:

d
r .
XY= 5 X0 4 Ui where Uy, "% N(0,1), i=1,...,a, k=1,...,n;.  (4.4)
r=1
The corresponding simulation results can be attained from Table 5.
Table 5: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor

levels: @ = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: weighted sum of covariates (4.4).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par

1 7 01294 0.0765 0.0724 0.0913 0.1368 0.0733 0.0512 0.0521
10 0.0967 0.0663 0.0588 0.0737 0.1035 0.0624 0.0483 0.0496
15 0.0791 0.0594 0.0552 0.0642 0.0822 0.0572 0.0500 0.0509
25 0.0614 0.0502 0.0461 0.0540 0.0620 0.0498 0.0457  0.0455
50 0.0584 0.0523 0.0512 0.0547 0.0588 0.0532 0.0496 0.0511

2 7 0.1280 0.0706 0.0992 0.0982 0.1341 0.0716 0.0515 0.0520
10 0.0885 0.0579 0.0714 0.0688 0.0933 0.0606 0.0487  0.0487
15 0.0744 0.0563 0.0617 0.0640 0.0772 0.0629 0.0487  0.0490
25 0.0657 0.0543 0.0591 0.0603 0.0666 0.0540 0.0478 0.0491
50 0.0567 0.0526 0.0541 0.0548 0.0579 0.0558 0.0530 0.0530

5 7 01221 0.0714 0.1888 0.0947 0.1278 0.0686 0.0516 0.0513
10 0.0808 0.0531 0.1233 0.0709 0.0864 0.0638 0.0514 0.0526
15 0.0642 0.0459 0.0925 0.0555 0.0665 0.0594 0.0511  0.0508
25 0.0554 0.0466 0.0732 0.0521 0.0560 0.0556 0.0498 0.0503
50  0.0498 0.0457 0.0539 0.0471 0.0494 0.0521 0.0479 0.0485

The mctp.t again performs very well compared to the other non-parametric procedures, but
not as well as in the case of unweighted covariates (Table 4). Not taking the covariates
into account partially promises even better results in terms of a-level. It becomes clear
though, that the 2-step procedure seems to perform good for a low number of covariates
and devastating for small sample sizes and a large number of covariates. As this procedure
is unproven, we leave it to the reader to decide on further interpretations. Supplementary
results can be attained from the appendix in Section 7.2.1.

4.2.2 Multivariate Log-Normal Distribution

After having tested the procedures in different settings involving the multivariate normal
distribution, we will now regard simulation results involving the log-normal distribution.
For this, the covariates were generated to be multivariate normally distributed as described
in (4.1). Then, the components of the vector were transformed to:

(exp(Xi(,i)), .. .,exp(Xi(g))), i=1,...,a, k=1,... 0 (4.5)

where exp denotes the exponential function. Thus, the covariates now follow a multivariate
log-normal distribution with parameters 0 and covariance matrix I' given by:

T = (e (¥ —1))ic1, ajer1,..d-
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For the following simulation result, the dependent variable was chosen to be an unweighted
sum of the covariates, with a log-normal error term, i.e.:

d
Xi(lg) = Zexp(Xi(,:)) + Uji, where Uy, bl logN(0,1), i=1,...,a, k=1,...,n; (4.6)

r=1

where logN (0, 1) denotes the distribution function of exp(X), where X denotes a standard
normal random variable. Under these circumstances, neither the dependent variable, nor
the covariates are normally distributed. Therefore, the assumptions for using the parametric
approaches to considering covariates are no longer fulfilled. Nevertheless, we will compare
these procedures to see how well they perform compared to the non-parametric approaches.
Table 6 shows the results for this simulation.

Table 6: An a-level simulation. Design: balanced with n; = 7,10, 15, 25,50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate log-normal distributed
(4.5), p = 0. Dependent variable: unweighted sum of covariates (4.6).

d n; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par

1 7 01025 0.0550 0.0689 0.0739 0.1096 0.0716 0.0348  0.0369
10 0.0794 0.0507 0.0572 0.0611 0.0858 0.0627 0.0321  0.0343
15 0.0723 0.0520 0.0566 0.0605 0.0778 0.0632 0.0369 0.0402
25 0.0591 0.0479 0.0502 0.0516 0.0604 0.0554 0.0369 0.0381
50  0.0543 0.0498 0.0505 0.0526 0.0556 0.0518 0.0428 0.0428

2 7 0.1204 0.0675 0.0962 0.0912 0.1277 0.0790 0.0356 0.0371
10 0.0920 0.0546 0.0718 0.0707 0.0936 0.0587 0.0348 0.0370
15  0.0736 0.0548 0.0643 0.0614 0.0769 0.0594 0.0364 0.0378
25 0.0636 0.0532 0.0578 0.0568 0.0685 0.0549 0.0379 0.0389
50  0.0537 0.0485 0.0531 0.0517 0.0555 0.0531 0.0419 0.0431

5 7 01975 0.1256 0.1856 0.1671  0.2055 0.0663 0.0398  0.0407
10 0.1419 0.0972 0.1275 0.1194 0.1461 0.0624 0.0388 0.0386
15 0.1048 0.0797 0.0929 0.0922 0.1088 0.0616 0.0386 0.0391
25 0.0785 0.0661 0.0727 0.0713 0.0794 0.0573 0.0359 0.0372
50 0.0586 0.0519 0.0543 0.0553 0.0597 0.0514 0.0397  0.0398

As in the simulation results already presented, the mctp.t performs very well. Only for
low sample sizes and a high number of covariates the procedure becomes very liberal, still
performing better than the non-parametric alternatives. The parametric approaches now
turn out to be slightly conservative, which might be because of the underlying skewness in
the distribution of the data.

4.2.3 Binomial Distribution

One simulation study was conducted using covariates which follow a binomial distribution
with parameters m = 4 and ¢ = 0.5. The dependent variable was chosen to be an unweighted
sum of the covariates plus an additional standard normal distributed error term. In other
words, the covariates were chosen to be:

Xi(;? bt Bin(m,q) fori=1,...;a, k=1,...,n;, r=1,...,d, (4.7)
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and the dependent variable was calculated as:

d
X2 =" X3 + Uik, where Uy "% N(0,1), i=1,....a, k=1,...,n,. (4.8)

r=1

The simulation results are given in Table 7.

Table 7: An a-level simulation. Design: balanced with n; = 7,10, 15, 25,50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: binomial distributed (4.7). Dependent
variable: unweighted sum of covariates (4.8).

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par

1 7 01106 0.0606 0.0730 0.0806 0.1180 0.0765 0.0504 0.0501
10 0.0832 0.0541 0.0587 0.0665 0.0858 0.0648 0.0479  0.0486
15 0.0680 0.0491 0.0520 0.0572 0.0703 0.0589 0.0475 0.0457
25 0.0602 0.0504 0.0518 0.0553 0.0638 0.0551 0.0529 0.0517
50 0.0578 0.0531 0.0518 0.0546 0.0576 0.0566 0.0518  0.0503

2 7 0.1163 0.0646 0.0900 0.0912 0.1202 0.0712 0.0511  0.0510
10 0.0906 0.0601 0.0760 0.0733 0.0962 0.0694 0.0477 0.0484
15 0.0758 0.0582 0.0674 0.0654 0.0772 0.0612 0.0519 0.0510
25 0.0666 0.0539 0.0589 0.0584 0.0663 0.0545 0.0524 0.0511
50 0.0576 0.0516 0.0546 0.0555 0.0574 0.0542 0.0519 0.0513

5 7 01715 0.1046 0.1916 0.1407 0.1762 0.0693 0.0475 0.0494
10 0.1181 0.0801 0.1261 0.1053 0.1242 0.0637 0.0525 0.0507
15  0.0834 0.0632 0.0864 0.0757 0.0862 0.0544 0.0493  0.0506
25 0.0730 0.0609 0.0725 0.0660 0.0723 0.0593 0.0505 0.0505
50  0.0609 0.0563 0.0580 0.0566 0.0602 0.0524 0.0504 0.0501

As seen in the previous simulation results, the mctp.t performs very well in comparison to
the other non-parametric results, but still very liberal for a high number of covariates and a
low sample size. Given the standard normal error term, the parametric approaches perform
excellent.

4.2.4 Further Distributions

Apart from the multivariate normal, the multivariate log-normal and the binomial distribu-
tion, simulation studies were also conducted for covariates from a Poisson, an exponential,
a Bernoulli and a Chi-squared distribution. In these settings, the dependent variable was
chosen to be an unweighted sum of the covariates, plus a standard normal error term. The
results attained are very similar to those of the binomial distribution, and are therefore
listed in the appendix, Section 7.2.1. Other simulation results for the multivariate normal
and the multivariate log-normal distributions can also be attained from Section 7.2.1.

4.2.5 Comparing Contrast Matrices

As mentioned before, we would like to compare the contrast matrices, presented at the
beginning of this section, in terms of a-level. For comparing contrast matrices, we chose to
use covariates generated from a multivariate normal distribution as in (4.1) with dependency
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parameter p = 0 and the dependent variable being an unweighted sum of the covariates,
plus an additional standard normal error term, as in (4.3). The results for d = 2 covariates
can be attained from Table 8.

Table 8: An a-level simulation. Design: balanced with n; = 7,10, 15, 25,50 observations. Factor
levels: a = 3. Number of covariates: d = 2. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: unweighted sum of covariates (4.3). Contrast matrices (Con): Centering
(Cen), Changepoint (Cha), Dunnett (Dun) and Tukey (Tuk).

n; Con mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par

7 Cen 0.1023 0.0531 0.0984 0.0792 0.1111 0.0648 0.0494 0.0499
Cha 0.0960 0.0543 0.0835 0.0803 0.1122 0.0621 0.0503  0.0503
Dun 0.0928 0.0575 0.0817 0.0803 0.1096 0.0642 0.0500 0.0502
Tuk 0.1125 0.0645 0.0940 0.0870 0.1170 0.0715 0.0581  0.0580

10 Cen 0.0858 0.0525 0.0805 0.0705 0.0888 0.0611 0.0506 0.0523
Cha 0.0762 0.0503 0.0729 0.0678 0.0855 0.0567 0.0489 0.0509
Dun 0.0771 0.0509 0.0654 0.0659 0.0878 0.0576 0.0505 0.0502
Tuk 0.0851 0.0555 0.0745 0.0696 0.0887 0.0675 0.0528 0.0522

15 Cen 0.0719 0.0513 0.0709 0.0639 0.0731 0.0546 0.0506  0.0505
Cha 0.0695 0.0531 0.0650 0.0622 0.0738 0.0570 0.0533  0.0525
Dun 0.0672 0.0513 0.0610 0.0588 0.0717 0.0547 0.0515 0.0500
Tuk 0.0680 0.0493 0.0617 0.0569 0.0707 0.0586 0.0466 0.0467

25 Cen 0.0616 0.0516 0.0586 0.0541 0.0630 0.0582 0.0497  0.0505
Cha  0.0577 0.0495 0.0536 0.0542 0.0612 0.0535 0.0502  0.0503
Dun 0.0574 0.0483 0.0537 0.0518 0.0567 0.0499 0.0488 0.0478
Tuk 0.0627 0.0523 0.0587 0.0588 0.0638 0.0542 0.0532  0.0536

50 Cen 0.0504 0.0453 0.0496 0.0495 0.0495 0.0491 0.0463 0.0469
Cha 0.0541 0.0505 0.0538 0.0548 0.0574 0.0508 0.0518 0.0542
Dun 0.0512 0.0480 0.0519 0.0503 0.0544 0.0509 0.0481 0.0490
Tuk 0.0526 0.0475 0.0508 0.0491 0.0532 0.0513 0.0449 0.0449

Taking a look at Table 8, it becomes clear that the type of contrast matrix does not make
a big difference in terms of a-level, independent from the procedure chosen. Further results
can be attained from the appendix in Section 7.2.1.

4.2.6 Unbalanced Design

Although most experiments aim at having a balanced design, i.e. an equal number of ob-
servations per group, only few experiments actually meet this criterion in the end. Unequal
group sizes can have many reasons like dropouts, subjects who do not return for an eval-
uation, or natural restrictions, like in gene datasets, where certain genes simply occur less
frequently than others. In statistics, it is therefore very important for a test procedure to
allow for unequal sample sizes between the experiment groups, otherwise the test procedure
is highly restrictive and can only be applied very seldom.

The derived MCTP (mctp.n, mctp.t) allow for an unbalanced experiment design. In this
part of the simulation study, we would like to examine how good the procedures perform in
terms of a-level when confronted with an unbalanced design. For this, we will examine two
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different degrees of imbalance, a low degree of imbalance with n; = 10, no = 15 and ng = 20
observations in the groups, and a high degree of imbalance with n; = 10, no = 50 and
ng = 100 observations. Further, we examined three different distributions of the data. Here
we only present the results from the multivariate normal distribution, with covariates gen-
erated as in (4.1) with dependency parameter p = 0 and the dependent variable generated
as in (4.3), an unweighted sum of the covariates with standard normal error term, which
results are given in Table 9. The results for the other distributions, namely the log-normal
and the binomial distribution, can be attained from the appendix in Section 7.2.1.

Table 9: An a-level simulation. Design: unbalanced with ny = 10, na = 15, ng = 20 (low) and
n1 = 10, ng = 50, n3 = 100 (high) observations. Factor levels: a = 3. Number of covariates: d =
1,2,5. Covariates: multivariate normal distributed (4.1), p = 0. Dependent variable: unweighted
sum of covariates (4.3). The degree of imbalance is abbreviated by Imba.

d Imba mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par

1 low 0.0733 0.0518 0.0528 0.0624 0.0749 0.0499 0.0576  0.0505
high  0.0731 0.0623 0.0423 0.0723 0.0744 0.0478 0.0479  0.0490
2 low 0.0792 0.0547 0.0640 0.0672 0.0802 0.0528 0.0608 0.0531
high  0.0776 0.0633 0.0465 0.0713 0.0764 0.0490 0.0470 0.0510
5 low 0.0883 0.0662 0.0872 0.0771 0.0906 0.0495 0.0548  0.0492
high 0.0734 0.0625 0.0501 0.0735 0.0732 0.0535 0.0481 0.0502

Comparing the mctp.t in the unbalanced design with the prior balanced designs, the unbal-
anced observation numbers do not seem to have a strong effect. It seems though, that an
increasing imbalance between the factor levels results in slightly liberal test decisions. This
is not true, when taking into account 5 covariates, where the estimation of the regression
parameters seems to profit more from the higher observation numbers, than the imbal-
ance does damage. As in the prior simulation results, the mctp.t performs better than the
non-parametric alternatives, but not as good as the parametric procedures. The mctp.par
however, seems to be more conservative when confronted with a higher imbalance between
the factor levels.

4.2.7 Higher Number of Factor Levels

We shortly mentioned that we would also like to compare the performance of the test
procedures when confronted with a higher number of factor levels. Now we would like
to compare the test procedures when confronted with a = 5 factor levels. Due to the high
numerical computation times, we will only present the results for one data setting. The
covariates were generated to be multivariate normal distributed as in (4.1), with dependency
parameter p = 0, and the dependent variable was generated to be an unweighted sum of
covariates with an additional standard normal error term, as in (4.3). We simulated the
case of d = 2 covariates. Table 10 yields the results of this simulation.
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Table 10: An a-level simulation. Design: balanced with n; = 7,10, 15, 25,50 observations. Factor
levels: @ = 5. Number of covariates: d = 2. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: unweighted sum of covariates (4.3).

n; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par

7 01309 0.0510 0.0857 0.0711 0.1397 0.0852 0.0495 0.0487
10 0.1024 0.0514 0.0651 0.0629 0.1101 0.0716 0.0517 0.0517
15 0.0798 0.0514 0.0570 0.0553 0.0828 0.0657 0.0501  0.0495
25 0.0660 0.0499 0.0525 0.0505 0.0652 0.0599 0.0479 0.0510
50  0.0585 0.0522 0.0504 0.0509 0.0569 0.0530 0.0480 0.0478

Comparing the results with the results attained when considering a = 3 factor levels, see
Table 4, the mctp.t does not perform worse. In fact, in performs better, which could be
because the additional observations lead to a better estimation of the regression param-
eters v, ... 4@ The sie.ats procedure also performs slightly better, while the sie.wts
procedure, the mctp.n and mctp.nc perform worse.

4.3 Power Simulation

We will now continue with comparing the power of the simulated procedures. As mentioned
in Section 4.2, it is desirable for a procedure to maintain the a-level as long as the null
hypothesis is fulfilled, and then show a steep increase in power under the alternative. Under
the alternative, the best procedure in terms of power is the procedure which power is closest
to one.

4.3.1 Multivariate Normal Distribution

In a similar manner as for the type I error simulation, we simulated data from the mul-
tivariate normal distribution. Analogously to (4.1), the covariates were generated to be
multivariate normal distributed, slightly dependent with parameter p = 0.2. The dependent
variable was chosen do be the sum of covariates, with a standard normal distributed error
term and a shift term § on each factor level, i.e.:

d
XP =3 X0 U +0-(-1), i=1,...,a, k=1,...,n;, (4.9)

r=1

where the shift term 0 varied from 0 to 1 in steps of 0.2. All procedures should increase in
power, as d increases, and thus the differences between the factor levels of the dependent
variable increase. Figure 4 shows selected results from the power simulation. For reasons
of readability, we have chosen to compare only 4 procedures, the newly developed multiple
contrast test procedure considering covariates, mctp.t, the current procedure for coping
with covariates in a non-parametric setting, sie.ats, the parametric alternative to multiple
contrast test procedures, mctp.par, and finally the case of ignoring covariates, mctp.nc.
Further comparisons can be attained from the appendix in Section 7.2.2.
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Figure 4: Simulation results for the power (1 — ). Design: balanced with n; = 10 and n; = 25
observations on the left and right figure, respectively. Factor levels: a = 3. Number of covariates:
d = 2. Covariates: multivariate normal distributed (4.1), p = 0.2. Dependent variable: unweighted
sum of covariates (4.9).

In this power simulation, we have chosen a balanced data set with n; = 10 and n; = 20
observations on the left and on the right figure, respectively. Further, d = 2 covariates were
observed. On both figures it becomes clear, that considering covariates can dramatically
improve the power of the test statistic. Compared to the sie.ats procedure, mctp.t does not
perform as good, which could be because the sie.ats procedure is slightly liberal. In this
setting, the mctp.par performs better than both non-parametric approaches.

4.3.2 Multivariate Log-Normal Distribution

Similar to the type I error simulation, we also conducted a power simulation using the
multivariate log-normal distribution. The covariates were generated in the same manner as
in (4.1) and then transformed analogously to (4.5). The dependent variable was then given
as in (4.6), but with an additional shift parameter J, i.e.:

d
X9 =3 eap(X)) + U +06-(i-1), i=1,....a, k=1,...,m, (4.10)
r=1

where Uji, i logN(0,1). The simulation results can be attained from Figure 5.
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Figure 5: Simulation results for the power (1 — ). Design: balanced with n; = 10 and n; = 25
observations on the left and right figure, respectively. Factor levels: a = 3. Number of covari-
ates: d = 2. Covariates: multivariate log-normal distributed (4.5), p = 0.2. Dependent variable:
unweighted sum of covariates (4.10).

As in the case of the multivariate normal distribution, we chose a balanced design with
n; = 10 and n; = 25 observations per group on the left and on the right figure, respectively.
The number of covariates was chosen to be d = 2 and the number of factor levels is given
by a = 3. For n; = 10 observations, the power of the statistics is almost equal, with the
sie.ats procedure being slightly liberal. For n; = 25 observations, the non-parametric pro-
cedures for considering covariates, sie.ats and mctp.t, perform equally well, but better than
the parametric alternative mctp.par. As in the case of multivariate normal distributed data,
not considering covariates, given this data setting, will lead to a loss in power.

It is important to mention that, while this is a setting in which the non-parametric pro-
cedures perform better than the parametric alternatives, this is not always the case when
considering the log-normal distribution. As can be seen in the Appendix 7.2.2, raising the
number of covariates leads to the parametric procedure being better than the non-parametric
procedure.

4.3.3 Binomial Distribution

The final power simulation was conducted using binomial distributed covariates, as done for
the type I error simulation in (4.7), with parameters m = 4 and ¢ = 0.5. The dependent
variable was calculated analogously to (4.8) with an additional shift term §, ranging from 0
to 1 in steps of 0.2, i.e.:

d
XP=3"X0 U +0-(-1), i=1,...,a, k=1,...,n;, (4.11)
r=1

where Uy bk N(0,1). The simulation results can be attained from Figure 6.



4 SIMULATION STUDY 47

o o
- 7| — mctp.t o mctp.t
---- sie.ats e ---- sie.ats
mctp.par L mctp.par
o | - mctp.nc ‘ o | - mctp.nc
°© --- a-level e a-level
a < a <9 |
T o T o
o o
g g
3 <« 3 <
T S S
N ] N
o o
o _| o | Tt

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

Deviation () Deviation (d)

Figure 6: Simulation results for the power (1 — 3). Design: balanced with n; = 10 and n; = 25
observations on the left and right figure, respectively. Factor levels: a = 3. Number of covariates:
d = 2. Covariates: binomial distributed (4.7). Dependent variable: unweighted sum of covariates
(4.11).

The figures show a similar result as for the multivariate normal distributed data. The para-
metric alternative shows the best results in terms of power, while the sie.ats procedure is
the best for non-parametric procedures, which may very well be because it is slightly liberal.
The mctp.t still performs adequately.

Concluding the power simulation for balanced designs, we have seen that the slight dif-
ferences between the non-parametric procedures, i.e. sie.ats and mctp.t, probably result
from the sie.ats procedure being slightly liberal, opposed to the mctp.t. The difference is
only very small and both procedures perform well in terms of power. Comparing the para-
metric alternative mctp.par with the mctp.t, we do not have a clearly better procedure, as
results vary according to the data setting. Under the presented data settings, an increase
in power was always observed when considering covariates, opposed to ignoring these.

4.3.4 Unbalanced Design

In Section 4.2.6 we examined the performance of the test procedures in terms of a-level,
when confronted with an unbalanced design. The aim of this part of the simulation is to
verify whether or not the derived procedure mctp.t is still effective in terms of power, when
confronted with unequal sample sizes. As in the a-level simulation, we chose to compare
two different degrees of inequality, a slight inequality between the experiment groups, where
sample sizes are n; = 10, no = 15 and n3 = 20, and a grave inequality with sample sizes
n1 = 10, no = 50 and ng = 100. Furthermore, we will compare the results for two differently
generated datasets. In the first simulation, the underlying data is multivariate normal
distributed as described in (4.9), but with dependency parameter p = 0, i.e. independent
covariates, and in the second simulation the data is multivariate log-normal distributed as
described in (4.10), again with independent covariates. The results for the first simulation
are attained from Figure 7.
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Figure 7: Simulation results for the power (1 — 8). Design: unbalanced with n1 = 10, ny = 15
and ng = 20 (left) and n1 = 10, no = 50 and ng = 100 (right). Factor levels: a = 3. Number of
covariates: d = 2. Covariates: multivariate normal distributed (4.1), p = 0. Dependent variable:
unweighted sum of covariates (4.9).

As in the power simulation for a balanced design and multivariate normal distribution (Fig-
ure 4), the best performance is achieved by the parametric approach, metp.par. Not regard-
ing covariates (mctp.nc) will again yield a lower power. In a slightly unbalanced design, the
non-parametric approach sie.ats performs better than the mctp.t, which could be because
the sie.ats procedure is more liberal than the mctp.t. This changes though, as the degree of
unbalance in the design increases. When increasing the difference of the sample sizes, the
mctp.t tends to perform better than the procedure sie.ats.

In the second data setting considered for the power simulation in an unbalanced design,
the covariates were chosen to be log-normal distributed as described in (4.5) and the depen-
dent variable was calculated as in (4.10). The results can be attained from Figure 8.
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Figure 8: Simulation results for the power (1 — 8). Design: unbalanced with n1 = 10, ny = 15
and n3 = 20 (left) and n1 = 10, ng = 50 and ng = 100 (right). Factor levels: a = 3. Number
of covariates: d = 2. Covariates: multivariate log-normal distributed (4.5), p = 0. Dependent
variable: unweighted sum of covariates (4.10).

For a small imbalance between the factor levels, the mctp.t and the sie.ats procedure do
not seem to differ much. The parametric alternative mctp.par on the other hand, shows an
increase in power later than the non-parametric procedures. For a high imbalance between
the factor levels, the procedures perform very different from each other. The mctp.t performs
best, with a power always higher than that of the other procedures. The sie.ats procedure
does not rise as quickly in power, as it did for a low imbalance. The parametric alternative,
mcept.par, again rises in power a little bit later than the non-parametric procedures, this time
ending up being better than the sie.ats procedures for § > 0.5. As in the prior simulations,
not considering covariates yields the worst power in both degrees of imbalance.
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5 Example - The Bogalusa Heart Study

Now that the newly developed procedures have been shown to be asymptotically correct and
the validity for finite sample sizes has been confirmed through simulations, the procedure
will be applied to an example.

The example we will be considering is referred to as the Bogalusa Heart Study (BHS),
and was previously used as a motivating example in Konietschke et al. (2012b). The aim
of this study was to validate a statistical association between a certain genotype and total
cholesterol values of participants. For this reason, 525 unrelated individuals of European
descent were recruited and 545,821 single-nucleotide polymorphisms (SNP’s) of interest were
examined on each participant. Additionally to the genomic sequence, 12 clinically relevant
traits were examined for each participant.

For the motivating example in Konietschke et al. (2012b), the SNP rs7738656 in the gene
C6orf170/GJA1 was chosen for statistical analysis. This SNP can have three different geno-
types, GG, AG and AA. AA indicates that a subject has an adenine nucleobase on both
chromosomes at the relevant SNP. AG indicates that a subject has an adenine nucleobase on
one chromosome and a guanine nucleobase on the partner chromosome at the SNP position.
GG indicates that a subject has guanine nucleobases on both chromosomes, at the SNP
position. The aim of the statistical analysis was to test if carrying a certain genotype, either
AA; AG or GG, is responsible for differences in total cholesterol of participants. For the
analysis, the multiple contrast test procedure without covariates Konietschke et al. (2012a)
was applied. We will now test for differences between the genotypes, but this time regard-
ing some of the 12 additionally examined traits as covariates. More specifically, we will be
considering the traits age, heart rate and body mass index as covariates in the statistical
analysis, as these traits might also have an influence on the total cholesterol of participants.

5.1 Descriptive Statistics

Before going into the analysis, let us take a descriptive look at the given data. For a
good interpretation of the analysis, it is important to control the covariates for unequal
distributions between the different genotypes. Figure 9 shows boxplots with the covariates
split into the genotypes.
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Figure 9: Boxplots showing the distribution of the covariates age, body mass index and heart rate.
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All covariates seem to be sufficiently equally distributed among the different genotypes and
are therefore statistically a good choice, as unequally distributed covariates could results
in interpretation difficulties. Figure 10 shows boxplots and histograms for the dependent
variable, according to the genotypes.
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Figure 10: Boxplots showing the distribution total cholesterol of subjects with genotypes AA, AG
and GG.

While genotypes GG and AG do not seem to show large differences, genotype AA shows
higher values for total cholesterol than the other genotypes. Genotype GG shows a symmet-
ric distribution of the total cholesterol, very close to the distribution function of the normal
distribution. Genotype AG shows a small amount of skewness to the left. The histogram of
genotype AA shows a very skewed distribution. This may very well be because of the two
extreme values in only 12 observations for this genotype. Because of this, the assumption
of a normal distribution is questionable, and non-parametric procedures should be applied.

5.2 Analysis Using R

To allow for the usage of non-parametric multiple contrast test procedures including co-
variates, an R-script was written (R version 3.0.1). The R-code can be attained from the
appendix 7.3 in full detail, while we will explain the application in this section.

The function used for statistical analysis is called mctp.cov. The inputs described below
can be passed on to the function:

— formula: A formula of the form y ~ group + cov has to be passed on, where y refers
to the dependent variable, group to the group variable and cov to a covariate. The
number of covariates is technically not limited. The dependent variable and covariates
have to be numerical, while the group variable has to be a factor.

— data: A data frame containing the data used in the formula.
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— type: An argument in which the contrast matrix is passed on. It can be either “Tukey”,
“Dunnett”, “Sequen”, “Williams”, “Changepoint”, “AVE”, “McDermott”, “Marcus”,
“UmbrellaWilliams” or a contrast matrix, for user defined contrasts. By default, the
Tukey matrix is chosen as a contrast matrix.

— conf.level: A number between 0 and 1, giving the confidence level to which the global
hypothesis is tested. The default confidence level is set to 0.95 (95%).

— alternative: The alternative to which the test should be performed. It can be either
“two.sided”, “less” or “greater”. By default, a two sided alternative is tested.

— asy.method: The asymptotic method to use. It can be either “mult.t” or “normal”,
where the multivariate t-approximation is used by default.

— info: A logical parameter giving whether or not to post additional information when
calling the function.

— rounds: The number of digits to which the results should be rounded.

— effect: A parameter indicating whether to use unweighted or weighted relative treat-
ment effects. It can be either “unweighted” or “weighted”, where unweighted relative
treatment effects are chosen by default.

The data set given for the Bogalusa Heart Study was transferred into a data frame suited
for the analysis, with following structure:

Table 11: Outtake of the Bogalusa Heart Study

rs7738656 tc¢  AGE BMI hr

1 AG 209 388 42.0 63
2 GG 190 449 342 64

525 AG 144  38.0 205 71

In genetic models, an allele can either be dominant, additive or recessive. Since it is not
known whether the allele is dominant, recessive or additive, we will test for differences
between the genotypes by first assuming that G is a dominant allele, secondly by assuming
that G is an additive allele and finally by assuming that G is a recessive allele, in a multiple
contrast test procedure. A common contrast matrix for this type of testing is the Marcus
type contrast matrix, given by:

,1 no n3
na+ns no+ns
CMarcus = -1 0 1 . (51)
_m o no 1
nit+nsz ni+na

For testing the hypothesis no global effect, i.e. the total cholesterol is not different among
the genotypes, or equivalently Hy : Cp* = 0, the R-script can be called using following
R-code:

test<—mctp.cov(tc ~ rs7738656+AGE+BMI+hr,data=BHS,
info=T, type="Marcus” ,rounds=6)
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Executing this code line gives back following result through the console:

16
17
18
19
20
21
22
23
24
25

26

H— Nonparametric Multiple Comparisons for relative effects +#
— Null Hypothesis: Contrasts of adj. relative treatment effects
are unequal 0
— Estimation Method: Global pseudo ranks
— Type of Contrast: Marcus
— Confidence Level: 95 %
— Method: Multivariate t—approximation with 66 df
# #
Group Observations
1 A A 12
2 AG 140
3 G G 369
Number of covariates used: 3 (AGE BMI hr)
# #
Estimator Lower Upper Statistic p.Value
C 1 —0.268235 —0.395816 —0.140654 —4.852423 0.000017
C 2 —0.277234 —0.405204 —-0.149264 —4.999993 0.000009
c 3 —0.052023 —-0.111314 0.007268 —2.025061 0.095119
# #

Would the parameter info have been set to false, then this output would not have been
visible and accessible merely over the newly defined variable test.

The visible output gives us some information on the processed data, as well as the test
results. The first part (lines 3-8) is intended to confirm the given input by the user. The
second part (lines 12-17) helps control for the number of observations processed. In this case
for example, not all observations were used, because some covariates were not available on
all subjects, and the corresponding subjects were therefore excluded from the analysis. The
third part of the visible output (lines 21-24) is the analysis result. Each line corresponds
to one individual hypothesis, i.e. one row of the contrast matrix. For example line 22 cor-
responds to the hypothesis: Hy : ¢;p* = 0. The column Estimator is equal to Cp*. The
column Lower lists the lower limits of the simultaneous confidence intervals for the given
contrasts (3.22). The column Upper lists the upper limits of the simultaneous confidence
intervals for the given contrasts (3.22). The column Statistic lists the value of the test
statistics for the contrasts (3.18), and finally, the column p. Value lists the p-values of the
test statistics, calculated by a multivariate t-distribution.

All of the calculated variables can be attained by accessing the newly defined variable test.
The variable test has following structure:

[
1> str(test)

2
3|
4|

5

List of 7
$ Data.Info :’data.frame’: 3 obs. of 2 variables:
..$ Group : Factor w/ 3 levels "ALA” AG,’G.G": 1 2 3

..$ Observations: int [1:3] 12 140 369



16
17
18
19
20

29
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$ Contrast : contrMat [1:3, 1:3] -1 —1 —0.0789 0.275 0
..— attr(*, "dimnames”)=List of 2

.$ : chr [1:3] ”C.1” 7C.2” "C.3”

.8 ¢ chr [1:3] "ALA” "ALGQ "G

..— attr(*x, "type”)= chr ”Marcus”

..— attr(*, ”class”)= chr [1:2] ”contrMat” ”matrix”
$ Analysis : "data.frame’: 3 obs. of 5 variables:
..$ Estimator: num [1:3] —0.268 —0.277 —0.052

..% Lower : num [1:3] —0.396 —0.405 —0.111

..$ Upper : num [1:3] —0.14065 —0.14926 0.00727

..$ statistic: num [1:3] —4.85 —5 —2.03
..%$ p.Value : num [1:3] 1.71e—05 9.30e—06 9.51e—02

$ gamma : num [1:4] -1 0.0799 0.1951 0.0783
$ formula :Class ’formula’ length 3 tc ~ rs7738656 + AGE + BMI + hr
.. ..— attr(x, ”.Environment”)=<environment: R_GlobalEnv>
$ data :’data.frame’: 525 obs. of 5 variables:
..$ rs7738656: Factor w/ 3 levels "ALA” A ,”’G.G": 2 3 3 2 3 3
.. % tc : int [1:525] 209 190 240 219 142 163 197 196 232 233
..$ AGE : num [1:525] 38.8 44.9 43.2 38.3 41.9
..$ BMI . num [1:525] 42 34.2 28.7 31.3 30.2
..$ hr : int [1:525] 63 64 59 53 77 59 71 57 66 65
$ Text.Output:List of 5
..% null.hyp : chr ”"Contrasts_of.adj._.relative_treatment._effects....”
..$ est.method: chr ” Global_pseudo._ranks”
..$ contr.type: chr ”Marcus”
..$ conf.level: num 0.95
.$ method : chr ”"Multivariate .t—approximation._with_66_df”

from which even more estimates, parameters and variables can be accessed, if necessary.
For example, the estimated vector of regression parameters v can be accessed through
testbgamma, where the order corresponds to the order in which the covariates were added
through the formula.

5.3 Evaluation of the Results

In this particular example, the global hypothesis is rejected to the a-level of 0.05, be-
cause at least one p-value was lower than 0.05. Konietschke et al. (2012b) come to the
same result, only that the p-values for all three individual hypothesis are slightly higher,
with (0.0058,0.0043,0.13) opposed to (0.00002,0.00001,0.09512) when considering covari-
ates. Considering that the first and the second individual hypothesis were rejected, the
experimenter can now conclude that, under the assumption that the allele G is dominant or
additive, the genotype has an effect on the total cholesterol of the subjects. Subjects with
an AA genotype show a significantly higher total cholesterol value, than subjects with an
AG or GG genotype.
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6 Discussion and Outlook

In this thesis we provided for a multiple contrast test procedure for relative treatment ef-
fects in a one-factorial design considering covariates. To improve the performance of the
test procedure a small sample size approximation using the multivariate t-distribution was
introduced. Additionally, an R-script, which can be used for applications of the procedure,
was written and demonstrated.

In an extensive simulation study, the validity of the procedure and the small sample size
approximation were verified. The simulation results show, that, in terms of a-level, the de-
veloped small sample size approximation is an improvement over using the asymptotic mul-
tivariate normal distribution, and an improvement over using the current non-parametric
alternatives for considering covariates, developed by Siemer (1999). It still performs poorly
though, especially when the number of covariates is high compared to the number of obser-
vations. Simulations showed that to maintain the a-level in a balanced design, there should
be at least 10 observations per group for each covariate considered. In terms of power,
the developed MCTP can compete with current approaches of considering covariates and,
in some cases, performs better than parametric alternatives. The developed small sample
size approximation should therefore be considered when considering covariates in a non-
parametric one-factorial design.

Although the small sample size approximation presented is an improvement over the cur-
rent non-parametric approaches to considering covariates, it still performs poorly in some
data settings. A possible improvement could be considering a transformation of the rel-
ative treatment effects. Christophliemk (2001) presented transformation methods for the
relative treatment effects when considering covariates, which could still be weaved into this
procedure and could yield better results. Another remaining problem is that the resulting
estimator for the adjusted relative treatment effects cannot be interpreted as relative treat-
ment effects. The 2-step procedure presented here promises to be a possible alternative, but
was not proven to be correct. In fact, it performed poorly in the simulation study, especially
when considering a large number of covariates. This could however be, because of a wrong
estimation of the degrees of freedom of the multivariate t-distribution which, in the case of
the 2-step procedure, does not depend on the number of covariates considered. More insight
on this procedure could help understand why it performed so poorly and how it could be
improved.

A more elemental point of criticism is the model assumption (2.8) itself. While the assump-
tion of a linear connection between the asymptotic rank transformations of the dependent
variable and the covariates is useful for establishing a connection between the two, it is prone
to errors. Especially for small sample sizes and a large number of covariates, false coherences
between the covariates and the dependent variable are quickly discovered, as the number of
permutations a data set can show in the rank transformation is limited. Simulations have
shown, that this is a problem which has to be dealt with.

Apart from theoretical improvements, the evaluation program for the user could also be
improved. A question which frequently arises when considering covariates, is whether or
not covariates even influence the dependent variable. Tests for the influence of covariates on
the dependent variable in a non-parametric setting were introduced by Bathke (1998). As
we have seen in the simulation study, taking into account covariates which do not influence
the dependent variable can lead to a high type I error rate. Testing for effects between the
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dependent variable and the covariate, and taking into account only covariates which show a
significant influence on the dependent variable might improve the test procedure. Further-
more, the one-sided confidence intervals could be improved by deriving results for upper and
lower bounds of the adjusted relative treatment effects. While the relative treatment effects
are easily covered, it is more difficult to provide upper and lower bounds for the regression
parameters.

Concluding we can say, that although there are many points of criticism and research is not
yet finished at this point, the derived simultaneous test procedure for considering covari-
ates in a non-parametric design is applicable and superior to the established non-parametric
alternatives, but still performs poorly in some data settings.
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7 Appendix

7.1 Applied Theoretical Results

Theorem 7.1.1. The probability that a coherent simultaneous test procedure {I1,S,(} of
level v rejects at least one true w € 1l is « if mo is true; it is at most « irrespective of
the truth of mo provided {I1,S} is either closed or joint. The probability of rejecting any
particular true m € II s no more than the above probability.

Proof. See Gabriel (1969) Theorem 2. O

Lemma 7.1.2 (Portmanteau). Let X,, and X be two random vectors. Then it holds that:

Xo B X & E(f(X,) = E(f(X))
for all continuous and bounded functions f.

Proof. See Van der Vaart (1998) p.6. O

Lemma 7.1.3 (Slutsky). Let X,,, X and Y be random vectors or variables. If X, B x

and Yy, e for a constant c, then:
L X, +Y, B X+
2. XY, B eX
Proof. See Van der Vaart (1998) p.11. O

Theorem 7.1.4 (Glivenko-Cantelli Theorem). Let X;,...,X,, denote independently and
identically distributed random wvariables with distribution function F. Further let d, =
sup, |Fn(x) — F(x)| denote the supremum of the absolute difference between the distribu-
tion function F and the empirical distribution function F. Then:

P ( lim d, = o) =1 (7.1)

n—oo
Proof. See Van der Vaart (1998) p.266. O

Theorem 7.1.5 (¢,-Inequality). Let X and Y denote two random variables. Then:
BIX + Y[ < e - (BIX]T+E[Y]]),

where

1 , forO<r <1,
cr =
2r=t  forr > 1.

Proof. See Loeve (1977) p.157. O

Theorem 7.1.6 (Jensen’s Inequality). Let X denote a random wvariable with E[X] < oo
and g(+) a convex function. Then:

9(E[X]) < E[g(X)].

Proof. See Loeve (1977) p.161. O
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Theorem 7.1.7 (Lindeberg-Feller). Let Xy,...,X, "% F denote random variable with

mean E[X;] = p; and Var[X;]| = 0? >0, i =1,...,n. Further denote C2 =%, 0?. Then
for it holds that:

n

1
lim max - Oand—Z(Xi—ui)gUwN(O,l)

n—o0 i= , ,nC Cn 7
i=

if and only if for all € > 0 the Lindeberg condition is fulfilled:

1 n
lim — Z/ (x — p;)dF; = 0.
|z—p;|>eC,

n—00 C’?L

While the Lindeberg condition seems unhandy, it can be verified through Corollary (7.1.8).
Proof. See Gnedenko (1962). O

Corollary 7.1.8. Let X1,...,X, be independently distributed and uniformly bounded ran-
dom wvariables. Let Var(X;) = 02 > 0 for i = 1,...,n. Then the Lindeberg condition is
fulfilled iff 7 | 07 — 0o for n — .

Proof. See Gnedenko (1962). O
Theorem 7.1.9 (Cramer-Wold Technique). Let X,, = (Xp1,..., Xna) and X = (X1,..., Xq)’

denote two d-dimensional random vectors. Then X, B x if and only if all linear combi-
nations of X,, converge in distribution against the corresponding linear combinations of X,
i.e.:

X, B3 X o t'X, B X vteRr?

Proof. See Cramer and Wold (1936). O
Lemma 7.1.10 (Asymptotic Equivalence). Let C € R7*® be an arbitrary contrast matriz
with row vectors ¢; = (¢i1,...,¢4), L =1,...,q. Define:

AD — ¢ ( HOXD) - w0 FO(xD) ) S i FO (X))

s#£1
Then it holds that:

uz
VN — p)) = (Z I T Z cmn)

n;
=1 " k=1

Proof. From Brunner and Munzel (2013) p.210 it follows that:

VN (7 -p) = VN { / HMAF" - / FOAAE® 41 —2p§-’“)}

1 i i a ,
— VN | =S HOX) - S ZF(r) X0) 11— 2
_ni k=1 j=1 et
n; P zk zk — ’I’Z] — i
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= \/>c( (r) _ ))
S VF Y [ L35 (HOXD) - b0 (K)o L S EO ) 41— 27
i=1 b k=1 i nj
a 1 n; ‘
=VN =N "¢, (H“)(Xi(,;)) wFD (X0 ) Zchz% ZF(T) X)) - ZC )
| i=1 i3 =1 A Y4
a 1 n; a ‘
V[ LS e (O — ) = 3 LSS O (X)) - 23 el
| i=1 i3 i1 M 1 s i=1
a g M . i . ) )
S5 (00 ) - S ) 5l
_z:l k=1 s#i
M a 1 2 , a ;
=VN 7ZAl(ilz_2ZClip1(')
Lim1 ™M= i=1

O

Lemma 7.1.11. Let the notation be given as in Theorem (3.5.2). In this lemma we will
prove that the term NX' (I, @ v YWZ can be written as a sum of independent random vari-
ables. For this, denote p\™) = (ﬁf), .Y )) and p") = (p(lr), . ,p((f)) .

Proof. Using Theorem (3.5.1) and Lemma (7.1.10) and defining:

By = ki (HOX) = wiFO(X)) = S ke EO (X)),
s#£i

we attain:

d
VNK (3" —p*) =Y +"KVNE" - p™)
r=0

n;g

) ]
= 3 VN za:k %Z(H(r)(x(r))_wF ) Z% ZF gt
r=0 i=1 v

=1 VED " =1

d ng
— Z,}/(r)\/ﬁ za:niz k; (H(r)(Xi(lr)) —WFT) X(T) ) Zk. wlF(T) l +Zk 1—2p1
r=0 Y=1

i=1 = s#£1

d
DSRL)S

r=0

S|

a

3‘»—!

(2

B Y k(- 2p7)
=1 =1

d a
Denoting C;; = Z ’y(T)B( and pp=— 3 S AMk(1 —QpET)), we continue our calculations:
r=0i=1

r=0

i=1 " =1 =0 r=0 i=1
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=Z§é¢n.ﬁ@l—ﬂ

i=1 1=1
=> 2(\2&@1 = pit),
i=1 1=1 g

where fi;; are chosen such that E(Cy) = py, which implies Y% S uy = p. By con-
struction, Cj; are independent over the indizes ¢ and [. With > ¢ , Zln:l(nﬁC’zl — vV Npup)

we therefore attain a term which is applicable as the enumerator for the Lindeberg-Feller
theorem (7.1.7). O
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7.2 Supplementary Simulation Results
7.2.1 Type I Error Simulation
Table 12: An a-level simulation. Design: balanced with n; = 7,10, 15, 25,50 observations. Factor

levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0.5. Dependent variable: standard normal distributed (4.2).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par

1 7 01353 0.0842 0.0713 0.0973 0.1441 0.0708 0.0529  0.0525
10 0.1017 0.0725 0.0599 0.0764 0.1070 0.0636 0.0480 0.0496
15 0.0848 0.0641 0.0529 0.0661 0.0874 0.0583 0.0478 0.0476
25 0.0719 0.0615 0.0539 0.0631 0.0739 0.0584 0.0505 0.0508
50 0.0611 0.0565 0.0528 0.0566 0.0622 0.0546 0.0512  0.0507
2 7 0.1625 0.1001 0.0907 0.1186 0.1697 0.0718 0.0504 0.0512
10 0.1251 0.0883 0.0743 0.0963 0.1310 0.0674 0.0512 0.0516
15 0.0873 0.0676 0.0584 0.0717 0.0917 0.0536 0.0454 0.0451
25 0.0798 0.0673 0.0593 0.0681 0.0816 0.0585 0.0504 0.0507
50  0.0619 0.0569 0.0532 0.0581 0.0626 0.0501 0.0505 0.0509
5 7 02579 0.1742 0.1831 0.2150 0.2641 0.0734 0.0490 0.0512
10 0.1708 0.1265 0.1188 0.1448 0.1772 0.0628 0.0495 0.0485
15 0.1273 0.1029 0.0919 0.1099 0.1317 0.0620 0.0515 0.0504
25 0.0856 0.0736 0.0658 0.0784 0.0882 0.0488 0.0457  0.0475
50 0.0692 0.0645 0.0591 0.0651 0.0690 0.0517 0.0503 0.0510

Table 13: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0.9. Dependent variable: standard normal distributed (4.2).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mcetp.par f.par

1 7 01428 0.0878 0.0724 0.0984 0.1525 0.0752 0.0576 0.0557
10 0.1029 0.0703 0.0595 0.0768 0.1068 0.0622 0.0475 0.0473
15 0.0857 0.0662 0.0553 0.0694 0.0886 0.0586 0.0501  0.0505
25 0.0688 0.0596 0.0528 0.0596 0.0716 0.0553 0.0495 0.0497
50 0.0627 0.0566 0.0534 0.0584 0.0632 0.0566 0.0516 0.0519
2 7 0.1599 0.0980 0.0854 0.1179 0.1690 0.0697 0.0463 0.0483
10 0.1211 0.0841 0.0708 0.0939 0.1259 0.0654 0.0531 0.0533
15 0.0905 0.0679 0.0607 0.0745 0.0922 0.0564 0.0463 0.0457
25 0.0764 0.0655 0.0580 0.0659 0.0787 0.0557 0.0501  0.0488
50  0.0655 0.0608 0.0566 0.0601 0.0657 0.0568 0.0524 0.0527
5 7 02570 0.1731 0.1830 0.2125 0.2638 0.0709 0.0500 0.0500
10 0.1710 0.1263 0.1152 0.1446 0.1780 0.0628 0.0469 0.0460
15 0.1247 0.0991 0.0877 0.1065 0.1254 0.0611 0.0514  0.0506
25 0.0903 0.0771 0.0677 0.0805 0.0926 0.0566 0.0522 0.0538
50 0.0706 0.0645 0.0595 0.0642 0.0691 0.0516 0.0500 0.0490
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Table 14: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: unweighted sum of covariates (4.3). Contrast matrix: Centering.

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 0.1020 0.0511 0.0790 0.0737 0.1072 0.0639 0.0477  0.0480
10  0.0784 0.0469 0.0649 0.0621 0.0818 0.0564 0.0480 0.0489
15 0.0688 0.0492 0.0619 0.0565 0.0724 0.0564 0.0509 0.0510
25 0.0623 0.0521 0.0591 0.0562 0.0626 0.0527 0.0543 0.0539
50  0.0558 0.0512 0.0537 0.0536 0.0562 0.0515 0.0532 0.0531
2 7 0.1023 0.0531 0.0984 0.0792 0.1111 0.0648 0.0494 0.0499
10 0.0858 0.0525 0.0805 0.0705 0.0888 0.0611 0.0506 0.0523
15 0.0719 0.0513 0.0709 0.0639 0.0731 0.0546 0.0506 0.0505
25 0.0616 0.0516 0.0586 0.0541 0.0630 0.0582 0.0497  0.0505
50 0.0504 0.0453 0.0496 0.0495 0.0495 0.0491 0.0463 0.0469
5 7 0.1563 0.0931 0.1985 0.1305 0.1621 0.0668 0.0487 0.0490
10  0.1097 0.0713 0.1387 0.0974 0.1141 0.0554 0.0530 0.0538
15 0.0837 0.0634 0.1015 0.0758 0.0882 0.0599 0.0492 0.0481
25 0.0667 0.0537 0.0744 0.0608 0.0653 0.0561 0.0494 0.0495
50 0.0586 0.0526 0.0635 0.0561 0.0606 0.0488 0.0497 0.0491

Table 15: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),

p = 0. Dependent variable: unweighted sum of covariates (4.3). Contrast matrix: Changepoint.

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 7 0.0931 0.0513 0.0677 0.0750 0.1099 0.0618 0.0518 0.0517
10 0.0718 0.0455 0.0566 0.0598 0.0827 0.0566 0.0468 0.0477
15 0.0647 0.0477 0.0514 0.0598 0.0724 0.0562 0.0535 0.0536
25 0.0605 0.0521 0.0552 0.0543 0.0628 0.0528 0.0518 0.0491
50 0.0546 0.0507 0.0525 0.0538 0.0570 0.0503 0.0513 0.0524
2 7 0.0960 0.0543 0.0835 0.0803 0.1122 0.0621 0.0503 0.0503
10 0.0762 0.0503 0.0729 0.0678 0.0855 0.0567 0.0489 0.0509
15 0.0695 0.0531 0.0650 0.0622 0.0738 0.0570 0.0533 0.0525
25 0.0577 0.0495 0.0536 0.0542 0.0612 0.0535 0.0502 0.0503
50 0.0541 0.0505 0.0538 0.0548 0.0574 0.0508 0.0518 0.0542
5 7 0.1437 0.0915 0.1754 0.1318 0.1683 0.0602 0.0489 0.0497
10 0.0996 0.0707 0.1132 0.0900 0.1102 0.0578 0.0496 0.0484
15 0.0747 0.0577 0.0818 0.0705 0.0799 0.0502 0.0508 0.0522
25 0.0627 0.0541 0.0674 0.0616 0.0680 0.0494 0.0503 0.0482
50 0.0585 0.0537 0.0612 0.0605 0.0616 0.0498 0.0528 0.0532
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Table 16: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0. Dependent variable: unweighted sum of covariates (4.3). Contrast matrix: Dunnett.

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 0.0877 0.0538 0.0622 0.0722 0.1067 0.0630 0.0479  0.0477
10  0.0805 0.0538 0.0576 0.0657 0.0875 0.0638 0.0534 0.0558
15 0.0650 0.0501 0.0561 0.0577 0.0713 0.0549 0.0491 0.0516
25 0.0558 0.0482 0.0487 0.0515 0.0575 0.0558 0.0465 0.0484
50 0.0528 0.0486 0.0494 0.0505 0.0544 0.0494 0.0510 0.0514
2 7 0.0928 0.0575 0.0817 0.0803 0.1096 0.0642 0.0500 0.0502
10 0.0771 0.0509 0.0654 0.0659 0.0878 0.0576 0.0505 0.0502
15 0.0672 0.0513 0.0610 0.0588 0.0717 0.0547 0.0515 0.0500
25 0.0574 0.0483 0.0537 0.0518 0.0567 0.0499 0.0488 0.0478
50 0.0512 0.0480 0.0519 0.0503 0.0544 0.0509 0.0481 0.0490
5 7 0.1461 0.0941 0.1695 0.1314 0.1652 0.0651 0.0461 0.0490
10  0.1039 0.0758 0.1166 0.0950 0.1133 0.0587 0.0522 0.0516
15 0.0797 0.0629 0.0851 0.0736 0.0852 0.0561 0.0487 0.0494
25 0.0632 0.0554 0.0669 0.0639 0.0693 0.0529 0.0512 0.0512
50  0.0547 0.0518 0.0554 0.0545 0.0565 0.0518 0.0484 0.0490

Table 17: An a-level simulation. Design
levels: a = 3. Number of covariates: d =
p = 0.5. Dependent variable: unweighted sum of covariates (4.3).

: balanced with n; = 7,10, 15, 25,50 observations. Factor
1,2,5. Covariates: multivariate normal distributed (4.1),

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 7 0.1428 0.0878 0.0724 0.0984 0.1525 0.0752 0.0576 0.0557
10 0.1029 0.0703 0.0595 0.0768 0.1068 0.0622 0.0475 0.0473
15 0.0857 0.0662 0.0553 0.0694 0.0886 0.0586 0.0501  0.0505
25 0.0688 0.0596 0.0528 0.0596 0.0716 0.0553 0.0495 0.0497
50  0.0627 0.0566 0.0534 0.0584 0.0632 0.0566 0.0516 0.0519
2 7 0.1599 0.0980 0.0854 0.1179 0.1690 0.0697 0.0463 0.0483
10 0.1211 0.0841 0.0708 0.0939 0.1259 0.0654 0.0531 0.0533
15 0.0905 0.0679 0.0607 0.0745 0.0922 0.0564 0.0463 0.0457
25 0.0764 0.0655 0.0580 0.0659 0.0787 0.0557 0.0501  0.0488
50  0.0655 0.0608 0.0566 0.0601 0.0657 0.0568 0.0524 0.0527
5 7 0.2570 0.1731 0.1830 0.2125 0.2638 0.0709 0.0500 0.0500
10 0.1710 0.1263 0.1152 0.1446 0.1780 0.0628 0.0469 0.0460
15 0.1247 0.0991 0.0877 0.1065 0.1254 0.0611 0.0514  0.0506
25 0.0903 0.0771 0.0677 0.0805 0.0926 0.0566 0.0522 0.0538
50 0.0706 0.0645 0.0595 0.0642 0.0691 0.0516 0.0500 0.0490
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Table 18: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),
p = 0.9. Dependent variable: unweighted sum of covariates (4.3).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 0.1078 0.0587 0.0745 0.0761 0.1130 0.0709 0.0515 0.0518
10  0.0809 0.0518 0.0574 0.0646 0.0848 0.0621 0.0488 0.0502
15 0.0681 0.0527 0.0560 0.0587 0.0704 0.0607 0.0512  0.0520
25 0.0569 0.0451 0.0470 0.0492 0.0572 0.0520 0.0465 0.0459
50  0.0551 0.0507 0.0534 0.0519 0.0558 0.0523 0.0493 0.0497
2 7 0.1081 0.0594 0.0934 0.0797 0.1132 0.0735 0.0520 0.0534
10  0.0810 0.0504 0.0726 0.0648 0.0837 0.0595 0.0482 0.0484
15 0.0690 0.0510 0.0613 0.0574 0.0710 0.0603 0.0495 0.0486
25 0.0605 0.0505 0.0584 0.0561 0.0610 0.0526 0.0534 0.0531
50 0.0517 0.0468 0.0525 0.0512 0.0520 0.0544 0.0497 0.0492
5 7 0.1535 0.0908 0.2032 0.1268 0.1580 0.0729 0.0516 0.0512
10  0.1075 0.0727 0.1330 0.0937 0.1128 0.0639 0.0547 0.0548
15 0.0765 0.0587 0.0911 0.0675 0.0757 0.0622 0.0505 0.0507
25 0.0656 0.0555 0.0726 0.0612 0.0665 0.0526 0.0502  0.0492
50  0.0526 0.0478 0.0556 0.0504 0.0540 0.0524 0.0491 0.0463

Table 19: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),

p = 0.5. Dependent variable: weighted sum of covariates (4.4).

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 7 01227 0.0726 0.0701 0.0870 0.1304 0.0725 0.0522 0.0518
10 0.0969 0.0658 0.0598 0.0752 0.1013 0.0624 0.0495 0.0506
15 0.0787 0.0601 0.0543 0.0658 0.0819 0.0580 0.0511  0.0504
25 0.0636 0.0530 0.0493 0.0547 0.0632 0.0544 0.0475 0.0464
50  0.0597 0.0549 0.0521 0.0568 0.0595 0.0542 0.0531 0.0543
2 7 0.1215 0.06564 0.0996 0.0947 0.1266 0.0763 0.0562 0.0552
10 0.0829 0.0506 0.0662 0.0670 0.0855 0.0600 0.0460 0.0444
15 0.0732 0.0539 0.0627 0.0622 0.0738 0.0582 0.0490 0.0481
25 0.0660 0.0560 0.0597 0.0582 0.0654 0.0538 0.0527 0.0518
50 0.0565 0.0512 0.0560 0.0532 0.0555 0.0583 0.0502  0.0504
5 7 0.0944 0.0513 0.1928 0.0708 0.1001 0.0684 0.0537 0.0530
10 0.0578 0.0356 0.1216 0.0474 0.0600 0.0653 0.0518 0.0532
15 0.0493 0.0339 0.0955 0.0415 0.0490 0.0556 0.0519 0.0515
25 0.0459 0.0377 0.0784 0.0425 0.0451 0.0584 0.0527 0.0516
50 0.0422 0.0385 0.0573 0.0407 0.0407 0.0546 0.0494 0.0478
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Table 20: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate normal distributed (4.1),

p = 0.9. Dependent variable: weighted sum of covariates (4.4).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 0.1326 0.0768 0.0739 0.0926 0.1395 0.0742 0.0527 0.0528
10 0.0957 0.0656 0.0581 0.0745 0.1020 0.0637 0.0498 0.0506
15 0.0811 0.0623 0.0585 0.0660 0.0841 0.0603 0.0531 0.0521
25 0.0618 0.0517 0.0486 0.0538 0.0631 0.0518 0.0439 0.0431
50 0.0596 0.0547 0.0524 0.0554 0.0596 0.0537 0.0527 0.0528
2 7 0.1268 0.0728 0.0981 0.0983 0.1337 0.0773 0.0533 0.0531
10  0.0895 0.0590 0.0740 0.0726 0.0945 0.0603 0.0469 0.0487
15 0.0780 0.0575 0.0661 0.0649 0.0793 0.0619 0.0505 0.0491
25 0.0684 0.0551 0.0596 0.0606 0.0666 0.0575 0.0539 0.0537
50  0.0527 0.0480 0.0512 0.0499 0.0535 0.0522 0.0467 0.0465
5 7 0.1170 0.0671 0.1875 0.0917 0.1210 0.0733 0.0507 0.0499
10  0.0785 0.0526 0.1219 0.0645 0.0802 0.0678 0.0525 0.0525
15 0.0598 0.0463 0.0879 0.0514 0.0618 0.0626 0.0524 0.0522
25 0.0521 0.0422 0.0683 0.0467 0.0507 0.0543 0.0502  0.0495
50  0.0485 0.0431 0.0570 0.0457 0.0474 0.0547 0.0462 0.0467

Table 21: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate log-normal distributed
(4.5), p = 0.5. Dependent variable: unweighted sum of covariates (4.6).

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 7 0.1042 0.0570 0.0703 0.0736 0.1143 0.0731 0.0343 0.0364
10 0.0831 0.0519 0.0586 0.0630 0.0871 0.0646 0.0317 0.0333
15 0.0749 0.0546 0.0617 0.0629 0.0794 0.0622 0.0363 0.0375
25 0.0617 0.0503 0.0527 0.0544 0.0633 0.0578 0.0351 0.0352
50 0.0583 0.0527 0.0535 0.0546 0.0590 0.0533 0.0450 0.0466
2 7 0.1049 0.0537 0.0939 0.0784 0.1107 0.0731 0.0355 0.0361
10 0.0815 0.0497 0.0727 0.0652 0.0868 0.0660 0.0331 0.0364
15 0.0677 0.0494 0.0624 0.0552 0.0738 0.0596 0.0372  0.0400
25 0.0597 0.0495 0.0590 0.0565 0.0635 0.0572 0.0395 0.0399
50  0.0565 0.0510 0.0527 0.0528 0.0590 0.0533 0.0422 0.0439
5 7 0.1514 0.0883 0.1881 0.1270 0.1575 0.0720 0.0375 0.0377
10 0.1080 0.0683 0.1338 0.0932 0.1154 0.0607 0.0352 0.0370
15 0.0764 0.0565 0.0926 0.0702 0.0801 0.0594 0.0363 0.0388
25 0.0658 0.0537 0.0770 0.0613 0.0708 0.0556 0.0399 0.0405
50  0.0558 0.0508 0.0603 0.0546 0.0591 0.0487 0.0436  0.0441
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Table 22: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate log-normal distributed
(4.5), p = 0.9. Dependent variable: unweighted sum of covariates (4.6).

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 0.1074 0.0563 0.0724 0.0746 0.1157 0.0764 0.0336  0.0356
10 0.0794 0.0524 0.0592 0.0592 0.0850 0.0635 0.0321 0.0349
15 0.0694 0.0522 0.0550 0.0563 0.0733 0.0621 0.0364 0.0374
25 0.0579 0.0469 0.0478 0.0507 0.0597 0.0531 0.0350 0.0365
50  0.0555 0.0515 0.0503 0.0518 0.0553 0.0533 0.0429 0.0434
2 7 0.0937 0.0457 0.0933 0.0766 0.1011 0.0727 0.0354 0.0371
10 0.0746 0.0443 0.0751 0.0624 0.0809 0.0639 0.0306 0.0330
15 0.0638 0.0429 0.0618 0.0555 0.0685 0.0530 0.0349 0.0369
25 0.0598 0.0491 0.0602 0.0556 0.0635 0.0554 0.0386 0.0393
50  0.0527 0.0482 0.0504 0.0502 0.0564 0.0537 0.0408 0.0411
5 7 0.1357 0.0738 0.1961 0.1129 0.1357 0.0714 0.0376  0.0376
10 0.0930 0.0563 0.1285 0.0830 0.0975 0.0632 0.0405 0.0415
15 0.0708 0.0492 0.0970 0.0647 0.0735 0.0603 0.0358 0.0373
25 0.0551 0.0424 0.0680 0.0533 0.0595 0.0513 0.0397  0.0420
50 0.0516 0.0452 0.0604 0.0503 0.0572 0.0567 0.0403 0.0407

Table 23: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: Poisson(1) distributed. Dependent

variable: unweighted sum of covariates with standard normal error term.

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 7 01118 0.0635 0.0745 0.0788 0.1168 0.0742 0.0536 0.0533
10 0.0891 0.0562 0.0640 0.0700 0.0919 0.0590 0.0497 0.0493
15 0.0687 0.0506 0.0519 0.0549 0.0709 0.0547 0.0453 0.0455
25 0.0637 0.0544 0.0536 0.0598 0.0650 0.0529 0.0527 0.0527
50  0.0590 0.0537 0.0537 0.0550 0.0588 0.0547 0.0505 0.0503
2 7 0.1194 0.0651 0.0878 0.0922 0.1216 0.0694 0.0488 0.0501
10 0.0877 0.0554 0.0694 0.0703 0.0885 0.0638 0.0478 0.0482
15 0.0728 0.0539 0.0602 0.0629 0.0732 0.0586 0.0486 0.0473
25 0.0618 0.0519 0.0551 0.0548 0.0622 0.0559 0.0488 0.0489
50 0.0574 0.0526 0.0559 0.0525 0.0553 0.0523 0.0524 0.0517
5 7 0.1882 0.1178 0.1914 0.1599 0.1941 0.0680 0.0512 0.0533
10 0.1318 0.0886 0.1268 0.1126 0.1352 0.0658 0.0470 0.0459
15 0.0930 0.0731 0.0955 0.0827 0.0979 0.0581 0.0509 0.0509
25 0.0725 0.0614 0.0695 0.0659 0.0731 0.0586 0.0519 0.0522
50 0.0592 0.0544 0.0584 0.0555 0.0593 0.0505 0.0531 0.0519
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Table 24: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: Exp(1l) distributed. Dependent

variable: unweighted sum of covariates with standard normal error term.

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 0.1072 0.0575 0.0694 0.0759 0.1135 0.0691 0.0491 0.0492
10  0.0887 0.0570 0.0604 0.0677 0.0947 0.0630 0.0507 0.0505
15 0.0693 0.0517 0.0530 0.0582 0.0734 0.0564 0.0492  0.0480
25 0.0609 0.0516 0.0532 0.0568 0.0628 0.0567 0.0503 0.0490
50  0.0556 0.0500 0.0490 0.0531 0.0562 0.0524 0.0497 0.0493
2 7 0.1201 0.0648 0.0908 0.0903 0.1272 0.0715 0.0491 0.0491
10 0.0928 0.0604 0.0711 0.0774 0.0974 0.0649 0.0499 0.0507
15 0.0767 0.0554 0.0628 0.0635 0.0769 0.0601 0.0495 0.0497
25 0.0656 0.0562 0.0586 0.0609 0.0673 0.0616 0.0503 0.0493
50 0.0576 0.0518 0.0542 0.0536 0.0567 0.0577 0.0508 0.0520
5 7 0.1897 0.1161 0.1880 0.1641 0.1940 0.0749 0.0519 0.0521
10 0.1323 0.0900 0.1221 0.1116 0.1339 0.0633 0.0509 0.0502
15 0.0972 0.0760 0.0916 0.0893 0.1008 0.0572 0.0487 0.0493
25 0.0705 0.0578 0.0677 0.0638 0.0700 0.0548 0.0491 0.0501
50 0.0640 0.0600 0.0616 0.0597 0.0654 0.0514 0.0507 0.0522

Table 25: An a-level simulation. Design: balanced with n; = 7,10, 15,25, 50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: Bernoulli(0.5) distributed. Dependent

variable: unweighted sum of covariates with standard normal error term.

d n; mctpn mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 7 01320 0.0809 0.0727 0.0965 0.1371 0.0750 0.0531 0.0526
10 0.0981 0.0671 0.0594 0.0753 0.1032 0.0643 0.0476 0.0478
15 0.0785 0.0611 0.0542 0.0637 0.0811 0.0596 0.0474 0.0495
25 0.0678 0.0559 0.0542 0.0584 0.0710 0.0541 0.0488 0.0495
50  0.0573 0.0529 0.0517 0.0535 0.0585 0.0546 0.0495 0.0512
2 7 0.1447 0.0856 0.0933 0.1128 0.1482 0.0701 0.0548 0.0535
10 0.1061 0.0712 0.0710 0.0832 0.1102 0.0663 0.0470 0.0468
15  0.0820 0.0636 0.0608 0.0685 0.0853 0.0583 0.0488 0.0482
25 0.0684 0.0572 0.0552 0.0615 0.0701 0.0564 0.0527 0.0517
50  0.0571 0.0527 0.0504 0.0548 0.0588 0.0532 0.0518 0.0509
5 7 0.2333 0.1497 0.1887 0.1983 0.2390 0.0699 0.0491  0.0498
10 0.1491 0.1048 0.1189 0.1308 0.1546 0.0661 0.0514 0.0504
15 0.1115 0.0874 0.0941 0.0992 0.1171 0.0625 0.0516 0.0500
25 0.0818 0.0708 0.0685 0.0752 0.0826 0.0581 0.0505 0.0486
50  0.0659 0.0596 0.0597 0.0639 0.0673 0.0533 0.0523 0.0544
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Table 26: An a-level simulation. Design: balanced with n; = 7,10, 15, 25,50 observations. Factor
levels: a = 3. Number of covariates: d = 1,2,5. Covariates: Chi?(1) distributed. Dependent
variable: unweighted sum of covariates with standard normal error term.

d mn; mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 7 01060 0.0587 0.0737 0.0782 0.1150 0.0698 0.0521  0.0527
10 0.0880 0.0556 0.0611 0.0677 0.0933 0.0622 0.0499 0.0511
15 0.0701 0.0526 0.0552 0.0573 0.0726 0.0612 0.0556  0.0555
25 0.0600 0.0510 0.0529 0.0554 0.0617 0.0552 0.0520 0.0526
50  0.0560 0.0518 0.0524 0.0531 0.0559 0.0521 0.0493 0.0476
2 7 0.1098 0.0583 0.0855 0.0835 0.1159 0.0688 0.0447  0.0450
10  0.0986 0.0630 0.0770 0.0800 0.1027 0.0681 0.0516 0.0516
15 0.0766 0.0579 0.0617 0.0666 0.0769 0.0613 0.0496 0.0483
25 0.0605 0.0517 0.0573 0.0564 0.0642 0.0541 0.0491  0.0469
50 0.0623 0.0583 0.0565 0.0592 0.0632 0.0579 0.0527 0.0524
5 7 0.1934 0.1227 0.1821 0.1653 0.2016 0.0687 0.0503 0.0493
10 0.1385 0.0945 0.1246 0.1182 0.1435 0.0652 0.0506 0.0515
15 0.0991 0.0753 0.0914 0.0890 0.1010 0.0590 0.0511 0.0510
25 0.0754 0.0621 0.0706 0.0698 0.0777 0.0498 0.0470 0.0452
50 0.0626 0.0587 0.0601 0.0613 0.0653 0.0491 0.0505 0.0505

Table 27: An a-level simulation. Design: unbalanced with ny = 10, no = 15, ng = 20 (low) and
ny = 10, na = 50, nz = 100 (high) observations. Factor levels: a = 3. Number of covariates:
d = 1,2,5. Covariates: multivariate log-normal distributed (4.5), p = 0. Dependent variable:
unweighted sum of covariates (4.6). The degree of imbalance is abbreviated by Imba.

d Imba mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc mctp.par f.par
1 low 0.0769 0.0534 0.0551 0.0661 0.0799 0.0549 0.0379  0.0385
high  0.0752 0.0618 0.0378 0.0763 0.0754 0.0430 0.0528 0.0517
2 low 0.0811 0.0579 0.0643 0.0675 0.0839 0.0574 0.0388 0.0392
high  0.0828 0.0705 0.0452 0.0847 0.0841 0.0444 0.0530 0.0525
5 low 0.1041 0.0756 0.0845 0.0891 0.1088 0.0581 0.0411 0.0401
high  0.0837 0.0696 0.0408 0.0824 0.0834 0.0438 0.0528 0.0519

Table 28: An a-level simulation. Design: unbalanced with ny = 10, no = 15, ng = 20 (low) and
n1 = 10, no = 50, ng = 100 (high) observations. Factor levels: a = 3. Number of covariates: d =
1,2,5. Covariates: binomial distributed (4.7). Dependent variable: unweighted sum of covariates
(4.8). The degree of imbalance is abbreviated by Imba.

d Imba mctp.n mctp.t 2-step sie.ats sie.wts mctp.nc  mctp.par f.par
1 low 0.0758 0.0529 0.0526 0.0660 0.0790 0.0553 0.0494 0.0492
high  0.0744 0.0618 0.0423 0.0705 0.0734 0.0487 0.0485 0.0511
2 low 0.0764 0.0559 0.0619 0.0656 0.0780 0.0588 0.0497  0.0493
high  0.0725 0.0596 0.0428 0.0746 0.0703 0.0444 0.0505 0.0510
5 low 0.0859 0.0636 0.0824 0.0758 0.0870 0.0562 0.0483 0.0483
high  0.0745 0.0612 0.0451 0.0756 0.0743 0.0487 0.0495 0.0520
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7.2.2 Power Simulation
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Figure 11: Simulation results for the power (1 — ).
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Design: balanced with n; = 7,10, 15,25, 50
observations. Factor levels: a = 3. Number of covariates: d = 1,2,5. Covariates: multivariate
normal distributed (4.1), p = 0.2. Dependent variable: unweighted sum of covariates (4.9).
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Figure 12: Simulation results for the power (1 — ).
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Design: balanced with n; = 7,10, 15,25, 50

= 3. Number of covariates: d = 1,2,5. Covariates: multivariate
log-normal distributed (4.5), p = 0.2. Dependent variable: unweighted sum of covariates (4.10).
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Figure 13: Simulation results for the power (1 — ).
observations.
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distributed (4.7). Dependent variable: unweighted sum of covariates (4.11).

1.0

0.8

04 06

0.0 0.2

04 06 08 10

0.2

0.0

0.8

02 04 06

0.0

72
d=1n=25
_I — 1 T 1
0.00 0.50 1.00
Deviation (3)
d=2n=15
_I — 1 T 1
0.00 0.50 1.00
Deviation (5)
d=5n=10
//
_I 1 T 1
0.00 0.50 1.00

Deviation (3)

mctp.n
mctp.t
2-step
sie.ats
sie.wts
mctp.par
mctp.nc
chisq.par
f.par
a-level

EEENE EER

Design: balanced with n; = 7,10, 15,25, 50
Factor levels: a = 3. Number of covariates: d = 1,2,5. Covariates: binomial
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7.3 R-Code

In this section we present the R-script written for the user, which was used to evaluate
the example in Section 5. The R-code for the simulations and graphics is not listed in this
thesis. If you are interested in the R-code for the simulations and graphics, please write me
an email: thomas.asendorf@stud.uni-goettingen.de.

mctp . cov<—function (formula, data,type=c(” Tukey”, ”Dunnett”, ”Sequen”,
”Williams” , ” Changepoint” , "AVE” | ”McDermott” , ”Marcus” ,
?UmbrellaWilliams” ) ,conf .level=0.95,alternative=c (" two.sided”,
”?less”, 7greater”),asy.method=c(”mult.t” ;”normal”),info=T, rounds=3,
effect=c(”unweighted” ,” weighted”)){
input.list<—1list (formula=formula,6data=data,type=type[l],
conf .level=conf.level ,alternative—alternative[l],
asy.method=asy.method [1] ,info=info ,rounds=rounds,
effect=effect[1])
#
#Loading required packages
#
require (mvtnorm,quietly=T)

require (MASS ,quietly=T)
require (nparcomp ,quietly=T)

#

7

#Definition of custom functions
#
P<—function (n){

diag(1,abs(n))—1/n
}

"Yot%’<—function (A,B){
a.l<—nrow (A)
a.2<—ncol (A)
b.l<—nrow(B)
b.2<—ncol(B)

cbind (rbind (A, matrix (0, ncol=a.2 ,nrow=b.1)),
rbind (matrix (0, ncol=b.2 ,nrow=a.l) ,B))

}

tr<—function (A){

38 sum (diag(4))

39/ }

40| 4

41

42| #

43|#Possible input errors

44|44

45| if (conf.level >=1 || conf.level <=0){
46 stop (”The_confidence_level _must_be_between._.0_and._1")
47|}

48| if (length(formula) !=3){
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stop (”You_can._only._analyse._one—way._layouts”)
}
type<—match.arg(type)
alternative<—match.arg(alternative)
asy.method<—match.arg(asy.method)
effect<—match.arg(effect)

#

#
#Preparing the data
#
dat<—model . frame (formula,h data)
data.sav<—data

if (ncol(dat)==2){
return (mctp(formula=formula ,data=data,type=type,
conf .level=conf.level,
alternative—alternative ,asy.method=asy.method,
info=info ,rounds=rounds,effect=effect))

}

resp.covs<—dat [, —2]
factorx<—as.factor (dat[,2])
samples<—split (resp.covs, factorx)

a<—nlevels (factorx)
d<—ncol(resp.covs)

n<—sapply (samples ,nrow)

N<—sum (n)

contrast<—type
pseudo<—(effect=—"unweighted”)

if (any (n<=1)){
stop (”At_least _one_group._has_only._one_observation”)
}

data<—as.matrix (samples [[1]])
for(i in 2:a){
data<—rbind (data,as.matrix (samples [[i]]))

F* 3k

#Analyzing the data
#

#
#Calculating inner Ranks

#Fs[i,,r] contains F_i"r(X_11"r),.. ,F_i"r(X_an_a"r)
Fs<—array (0 ,dim=c(a,N,d))

for(i in 1l:a){
for(r in 1:4){
h<—t (matrix (1,ncol=N,nrow=n[i]) *
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data[(sum(n[0:(i—1)])+1):sum(n[l:i]),r])
Fs[i,,r|<-rowSums((data[,r]|>h)+1/2%(data|,r]J==h))*1/n[i]

1}
#

#Estimating the p’s
M.1<—t(as.matrix(rep(1,n[1]))/n[1])

for (i in 2:a){

} M.1<—M1%+%t (as . matrix(rep (1,n[i])) /n[i])

#p.pairs[i,j,r] contains p_-ij r
p.pairs<—array (0,dim=c(a,a,d))
for(i in 1l:a){

p.pairs[i, ,|]<-M.1%«%Fs[i,,]
}

p.hat<—array (0,dim=c(a,d))
if (pseudo=T){

for(r in 1:4){

t[

p-hat[,r]<—colMeans(p. pairs|[,,r])
telse{
for(r in 1:d){
p-hat[,r]<—t(n/N)%+%p. pairs|[,,r]
}
}
#

#Estimating the gamma’s
y.hat<—rep (0,N)

#data.r[j,r] contains Y_ik"r where ik are chosen accordingly
data.r<—array (0,dim=c (N,d))

if (pseudo=T){
for(r in 1:4){
data.r[,r]|<—t(rep(l/a,a))hs%Fs[, ,r]

}
telse{
for(r in 1:4){
data.r[,r]<—t(n/N)%«%Fs[,,r]
}
}
D<—P(n[1])

for(i in 2:a){
D<—IYoA7P (n[i])
}

y. hat<-D%s%data.r[,1]
X.hat<-DY%*%data.r[, —1]

gamma . hat<—solve (t(X.hat)%«%X. hat)%«%t (X.hat)%*%y . hat
gamma<—c(—1,gamma. hat)
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#

#Estimating p*

p.star<—p. hat%*%gamma

#

#Estimation of VN

theta<—function(i,j,s,r,u,Fs,n){

n.j<—c(0,n)

1/(n[j]—-1)*(Fs[i,(sum(n.j[1:3])+1):sum(n.j[1:(j+1)]),r] %%
P(n.jlj+1])%*%Fs[s,(sum(n.j[1:j])+1):sum(n.j[1:(j+1)]),u])

}

Sigma<—matrix (0, ncol=a"2%d,nrow=a"2xd)

for(t in 1l:a){

for(u in 1:4){

for(s in 1l:a){

for(j in 1l:a){

for(r in 1:4){

for(i in 1l:a){

if(i=—j | t=s){

Sigma[axdx(j—1)+a*(r—1)+i,axdx(t—1)+ax(u—1)+s]<—0
}
if((il=j & tl=s) & (j=t & i=—s)){
Sigma[axdx(j—1)+a*(r—1)+i,axdx(t—1)+a*(u—1)+s]<—1/n[j]*
theta(i,j,s,r,u,Fs,n)+1/n[i]«theta(j,i,t,r,u,Fs,n)
if ((il=j & tl=s) & (j=s & i=t)){
Sigma[axdx(j—1)+ax(r—1)+i,axd*(t—1)+ax(u—1)+s]<—
—1/n[j]*theta(i,j,t,r,u,Fs,n)—1/nf[i]=*
theta(j,i,s,r,u,Fs,n)
}
if((il=j & tl=s) & (jl=s & jl=t & i=t)){
Sigma[axdx(j—1)+a*(r—1)+i,axdx(t—1)+ax(u—1)+s]<—
—1/n[i]*theta(j,i,s,r,u,Fs,n)
if((il=j & tl=s) & (j!=s & jl=t & i=s)){
Sigma[axdx(j—1)+ax(r—1)+i,axd*(t—1)+ax(u—1)+s]<—
1/n[i]*theta(j,i,t,r,u,Fs,n)
if ((il=j & tl=s) & (j=t & il=s & i!=t)){
Sigma [axd*(j—1)+ax(r—1)+i,axd*(t—1)+a*(u—1)+s]<—
1/n[j]*theta(i,j,s,r,u,Fs,n)
}
if((il=j & tl=s) & (j=s & il=s & il=t)){
Sigma[axdx(j—1)+a*(r—1)+i,axdx(t—1)+ax(u—1)+s]|<—
—1/n[j]*theta(i,j,t,r,u,Fs,n)
}
if((il=j & tl=s) & (jl=s & jl=t & il=s & i!=t)){
Sigma[axdx*(j—1)+a*(r—1)+i,axdx(t—1)+ax(u—1)+s]<—0
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if (pseudo=T){
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W<—diag(axd)%x%t (rep(1/a,a))
telse{
W<—diag (axd)%x%t (n/N)
}
VN<—N=x (diag (a)%x%t (gamma ) ) %*+%W%*%Sigma % *%
t (W) %*%(diag (a)%x%gamma )
#
#Making of the contrast matrix

if (is.matrix (contrast)){
CM<—contrast
telse{

}

g<—nrow (CM)

CM<—contrMat (n, contrast)

#
#ICTP with normal distribution
if (asy.method=—"normal” ){

CV<—CMY% +%VN%+%t (CM)
R.hat<—cov2cor (CV)

switch (alternative,
"two.sided”={

quantile<—qgmvnorm(conf.level,tail="both” ,corr=R.hat)$quantile

upper . SKI<—CM%+«%p . star+quantilexsqrt (diag (CV) /N)
lower . SKI<—CM%*%p . star—quantilexsqrt (diag (CV) /N)
T.mctp<—(CM%+%p .star)/sqrt (diag (CV) /N)

mctp . pvalue<—rep (0,nrow (CM))

for (i in l:nrow(CM)){

mctp . pvalue [i]<—round(l—pmvnorm(lower=—abs(T.mctp[i]),
upper=abs (T.mctp[i]) ,mean=rep (0,nrow (CM)),
corr=R.hat)[1],7)

}

}s

7less”={

quantile<—qgmvnorm(conf.level ,tail="lower. tail”,
corr=R.hat)$quantile

upper . SKI<—Inf
lower . SKI<—CM%*%p . star—quantilexsqrt (diag (CV) /N)
T.mctp<—(CM%+%p .star)/sqrt (diag (CV)/N)

mctp . pvalue<—rep (0,nrow (CM))
for (i in 1l:nrow(CM)){
mctp . pvalue [i]<—round (pmvnorm(lower=T.mctp[i],
upper=Inf ,mean=rep (0 ,nrow(CM)) ,

7
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265 corr=R.hat)[1],7)
266 }

267
268 1,

269 7greater”={
270
271 quantile<—qgmvnorm(conf.level,tail="lower. tail”,
272 corr=R.hat)$quantile

273
274 upper . SKI<—CM%+«%p . star+quantilexsqrt (diag (CV) /N)
275 lower . SKI<—Inf

276 T.mctp<—(CM%+%p.star)/sqrt (diag (CV)/N)

277
278 mctp . pvalue<—rep (0,nrow (CM))

279 for (i in l:nrow(CM)){

280 mctp.pvalue [i]<—round (pmvnorm(lower=—Inf ,

281 upper=T.mctp[i],mean=rep (0,nrow (CM)),
282 corr=R.hat)[1],7)

283 }

284
285| }
286/ )
287
288/ h.mctp<—data. frame (row.names=row.names(CM) ,Estimator=CM%*%p . star,
289 Lower=lower .SKI  Upper=upper.SKI,Statistic=T.mctp,

290 p.Value=mctp.pvalue)

291/ }
292
293 | 44
294 #MCTP with student—t distribution
295| if (asy.method=—="mult.t"){

296
297| CV<—CM%+%VN % +%t (CM)
298| R. hat<—cov2cor (CV)
299
300| eta<—array (0,dim=c(q,a))
301| nu<—rep (0,q)

302
303| for (1 in 1l:nrow(CM)){
304| for (i in 1:a){

305 if (pseudo=T){

306 W<—matrix (1/a,ncol=d,nrow=a*n[i])

307 telse{

308 W<—matrix (n/N,ncol=d,nrow=a*n[i])

309 }

310 hi<—matrix (as.vector (Fs[,(sum(n[0:(i—1)])+1):

311 sum(n[1:i]),]) ,ncol=d,nrow=axn[i])*W

312 h2<—diag(—1,a);h2[i,]<—1;h2[i,i]<-0

313 A li<—(diag (1,n[i])%x%t(CM[1,])) h+%(diag (1 ,n[i])%x%h2)%+%h1
314 eta[l,i]<—t(gamma)%*%t (A.11)%«%P(n[i]) %*%A.1i%*%gamma
315 }

316/ nu[l]<—sum(eta[l,] /n)"2/sum(eta[l,]"2/(n"2%(n—1)))

317| }

318
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ft<—round (max(1,min(nu)))

switch (alternative,
"two.sided”={

79

quantile<—qmvt (conf.level ,df=ft,tail="both” ,corr=R.hat)$quantile

upper . SKI.t<—CM%+%p.star+quantilexsqrt (diag(CV)/N)
lower . SKI.t<—CM%*%p.star—quantilexsqrt (diag (CV)/N)
T.mctp.t<—(CM%*%p.star)/sqrt (diag (CV)/N)

mctp . pvalue.t<—rep (0,nrow (CM))

for (i in l:nrow(CM)){

mctp.pvalue.t[i]<—round(l—pmvt (lower=
as.numeric(—abs(T.mctp.t[i])),
upper=as.numeric (abs(T.mctp.t[i])),
df=ft,delta=rep(0,q),corr=R.hat)[1],7)

}

"greater”={
quantile<—qmvt (conf.level ,df=ft,tail="lower. tail”,
corr=R.hat)$quantile

upper . SKI.t<—CM%+%p.star+quantilexsqrt (diag(CV)/N)
lower . SKI.t<—Inf
T.mctp . t<—(CM%+%p .star)/sqrt (diag (CV)/N)

mctp . pvalue.t<—rep (0,nrow(CM))
for (i in 1l:nrow(CM)){
mctp.pvalue.t[i]<—round(pmvt(lower=1Inf,
upper=as.numeric (T.mctp.t[i]) ,df=ft,
delta=rep (0,q),corr=R.hat)[1],7)

}

"less”={
quantile<—qmvt (conf.level ,df=ft,tail="lower. tail”,
corr=R.hat)$quantile

upper . SKI.t<—Inf
lower .SKI.t<—CM%«%p.star—quantilexsqrt (diag(CV)/N)
T.mctp.t<—(CM%+%p .star)/sqrt (diag (CV)/N)

mctp . pvalue.t<—rep (0,nrow(CM))
for (i in 1l:nrow(CM)){
mctp.pvalue.t[i]<—round(pmvt(lower=
as.numeric(T.mctp.t[1i]) ,upper=Inf,
df=ft,delta=rep (0,q),corr=R.hat)[1],7)

}
)

h.mctp<—data.frame (row.names=row.names(CM) ,Estimator=CM%*%p .star,
Lower=lower .SKI.t,Upper=upper.SKI.t,Statistic=T.mctp.t,
p.Value=mctp.pvalue.t)
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}

#
#Writing the ouput

switch (as.character (pseudo),
"TRUE”={est .method<—" Global_pseudo._ranks” },
"FALSE”={est .method<—” Global_ranks” }
)
switch (asy.method,
"normal”={asy.text<—" Multivariate._.normal_approximation”},
"mult . t”={asy. text<—paste (” Multivariate _t—approximation._with” ,
ft,”.df” ;sep="")}
)
switch (alternative,
"two.sided”={alt.text<—" Contrasts_of_adj._relative_treatment
effects_are_unequal.0”},
7less”={alt.text<—" Contrasts_of_.adj._relative._treatment
effects_are_less_than.0”},
7greater”’={alt.text<—" Contrasts_of_adj._relative._treatment
effects_are_greater _than_0"}

)

group.info<—data.frame (Group=levels(factorx),Observations=n)
rownames (group . info )<—NULL
if (info=T){
cat ("\n”, "# Nonparametric.Multiple .Comparisons
for_relative_effects #7
"\n”, "\n”, ”=”, "Null_Hypothesis:” ,alt.text,
"\n”, ”=7, ”Estimation_Method:” ,est.method,
"\n”, "=, "Type_of_Contrast:”, type, ”"\n”, 77,
”Confidence_Level:” | conf.level *x 100, "%, ”\n”
-7 "Method:”, asy.text, "\n”, "\n”,
i
L ) .
” n” , 2 n77
print (group.info)
cat (”\n” ,” Number_of_covariates._used:.")
cat (d—1,” (" ,sep="")
cat (colnames(dat)[3:(d+1)])
cat (7).”,7\n” ,sep="")
cat ("\n”,
i
L ) .
” n” , 2 n77
print (round (h.mctp,rounds))
cat (”\n”,
i
# )
cat ("\n” " \n")

return(list (Data.Info=group.info,Contrast=CM,
Analysis=h.mctp, gamma=gamma , formula=formula ,6 data=data.sav,
Text.Output=list (null.hyp=alt. text
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est.method=est .method,
contr.type=type,conf.level=conf.level ,method=asy.text)))

telse{

return(list (Data.Info=group.info,Contrast=CM, Analysis=h.mctp,
gamma=gamma , formula=formula,6 data=data.sav,

Text.Output=list (null.hyp=alt.text ,

est.method=est .method,
contr.type=type,conf.level=conf.level ,method=asy.text)))

}
}
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