On selected problems in multivariate analysis

Von der Fakultat fiir Mathematik und Physik
der Gottfried Wilhelm Leibniz Universitdt Hannover

zur Erlangung der Habilitation

genehmigte wissenschaftliche Arbeit
von

Dr. rer. nat. Daniel Gaigall

2023



Abstract

Selected problems in the field of multivariate statistical analysis are treated. Thereby, one focus is on
the paired sample case. Among other things, statistical testing problems of marginal homogeneity are
under consideration. In detail, properties of Hotelling’s T2 test in a special parametric situation are
obtained. Moreover, the nonparametric problem of marginal homogeneity is discussed on the basis of
possibly incomplete data. In the bivariate data case, properties of the Hoeffding-Blum-Kiefer-Rosenblatt
independence test statistic on the basis of partly not identically distributed data are investigated. Similar
testing problems are treated within the scope of the application of a result for the empirical process of
the concomitants for partly categorial data. Furthermore, testing changes in the modeled solvency
capital requirement of an insurance company by means of a paired sample from an internal risk model
is discussed. Beyond the paired sample case, a new asymptotic relative efficiency concept based on the
expected volumes of multidimensional confidence regions is introduced. Besides, a new approach for the
treatment of the multi-sample goodness-of-fit problem is presented. Finally, a consistent test for the
treatment of the goodness-of-fit problem is developed for the background of huge or infinite dimensional
data.



Zusammenfassung

Es werden ausgewéhlte Probleme aus dem Bereich der multivariaten statistischen Analyse behandelt.
Ein Schwerpunkt stellt dabei die statistische Analyse von gepaarten Stichproben dar. Unter anderem
werden hierbei statistische Testprobleme der marginalen Homogenitdt betrachtet. Konkret werden in
einer speziellen parametrischen Situation Eingenschaften des Hotellingschen T2-Tests erhalten. Dariiber
hinaus wird die Behandlung des nichtparametrischen Problems der marginalen Homogenitdt auf der
Basis von méglicherweise unvollstdndigen Daten diskutiert. Im Fall von bivariaten Daten werden Eigen-
schaften der Hoeffding-Blum-Kiefer-Rosenblatt Teststatistik fiir das Testproblem der Unabhingigkeit
auf Basis von teilweise nicht identisch verteilten Daten untersucht. Ahnliche Testprobleme werden im
Rahmen der Anwendung eines Resultats fiir den empirischen Prozess der Konkomitanten von teilweise
kategoriellen Daten behandelt. Weiter wird das Testen von Verdnderungen in der modellierten Sol-
venzkapitalanforderung eines Versicherungsunternehmens anhand einer gepaarten Stichprobe aus einem
internen Risikomodell diskutiert. Uber den gepaarten Stichprobenfall hinaus wird ein neues Konzept
flir eine asymptotische relative Effizienz basierend auf den erwarteten Volumina von mehrdimensionalen
Konfidenzbereichen vorgestellt. Aulerdem wird ein neuer Ansatz zur Behandlung des Anpassungsprob-
lems bei multiplen Stichproben prasentiert. Schliellich wird vor dem Hintergrund von hoch- bzw. un-
endlichdimensionalen Daten ein konsistenter Test zur Behandlung des Anpassungsproblems entwickelt.
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Introduction

In multivariate statistical analysis the paired sample case is of particular interest. Classical examples
for a paired sample are values for the systolic and diastolic blood pressure of patients, see Kossmann
(1946), or the values of the head length and head breadth of the sons in different families, see Frets
(1921). Other examples from more modern research are concentrations of potent broadly neutralizing
antibodies, which can prevent a HIV infection at genital surfaces in males, from both inner and outer
foreskin from male persons, see Fong et al. (2018), or bivariate data obtained by antidepressant clinical
trials for the degree of depression, measured in terms of the Hamilton 17-item rating scale, before and
after an intake of a drug or a placebo, see Detke et al. (2004) and Goldstein et al. (2004).

On Hotelling’s T? test in a special paired sample case

In Baringhaus and Gaigall (2017a), we consider the paired sample case that Xi,...,X,, and Y7,...,Y,
are random d € N column vectors with the property that the random 2d column vectors

are independent and identically distributed, where n € N is a given sample size. One statistical problem
of interest is the testing problem of marginal homogeneity, i.e., verifying whether or not the first and
second marginal distributions coincide. We focus on the 2d dimensional multivariate normal model with
complete block symmetric covariance matrix, see Perlman (1987), i.e., the underlying distribution is the

multivariate normal distribution
N (el [ ZiA
M\ [ATE])

where the mean vectors @ € R? and b € R? of X j and Yj, the common covariance matrix X of X; and Yj
as well as the cross covariance matrix A of X; and Y; are unknown, A is symmetric, and the covariance
matrix

is positive definite. Here, the testing problem of marginal homogeneity reduces to the testing problem
H:a=0b, K:a#b,

where H stands for the null hypothesis that the marginal distributions coincide and K represents the
alternative that this is not the case. As a problem of a multivariate normal model with special symmetric
covariance structure it belongs to the family of statistical problems called “amenable problems of classical
multivariate analysis” (Perlman (1987)), i.e., problems marked in the way that explicit expressions
for maximum likelihood estimators and likelihood ratio statistics, for example, are available. In fact,
Arnold (1973) and also Olkin (1974) especially deals with the family of normal distributions with so-
called complete block symmetric covariance matrix. The problem of testing that the mean vector is
also complete block symmetric can be transformed to the product of a trivial problem and a certain
multivariate analysis of variance testing problem. The likelihood ratio test of the latter is identified to
be the likelihood ratio test for the hypothesis that the mean vector is complete block symmetric. For
a specific dimension under consideration, the 2d dimensional multivariate normal model with complete
block symmetric covariance matrix and the testing problem of marginal homogeneity obtain. Then, the
likelihood ratio test is Hotelling’s T test based on the differences W;=X;-Y;,7j=1,...,n, that is
the test at significance level « € (0, 1) witch rejects the null hypothesis if and only if

din—1
Tg > (n )Fd,nfd;lfom
n—d

where Fy ,,—4.1— denotes the 1 — a: quantile of the Fy ,,_4 distribution, and

_ _ 1 & _ _
T? = (n — 1)WIS{7V1WW’ Sww = - Z(Wj — W (W; — W)
j=1



In fact, Hotelling’s T2 test based on the differences is also the uniformly most powerful invariant test
(Arnold (1973), p.690). We give an elementary straightforward proof of this result, which is of special
interest in practice. Without using distributional results on matrix transformed random normal vectors
and Wishart matrices, and avoiding the general technical apparatus developed and described by Arnold,
the proof essentially takes advantage of the fact that explicit expressions of the inverse and the positive
definite square root of 2d x 2d covariance matrices with complete block symmetry are available; indeed,
the inverse and the positive definite square root are seen to be of complete block symmetry as well.
The testing problem is of interest even if the assumption of complete block symmetry of the covariance
matrix cannot be accepted. Then, the likelihood ratio test for the testing problem is not Hotelling’s
T? test based on the differences X; —Y;, an explicit expression of the likelihood ratio statistic does
not exist, optimality results are not available. Thus, the gain ensued from the assumption of complete
block symmetry of the covariance matrix is obvious. Needless to say that a check of this assumption is
indispensable. The likelihood ratio test for testing the hypothesis of complete block symmetry is easily
derived. As asserted by Perlman (1987), the likelihood ratio statistic is the ratio of the determinants of
the maximum likelihood estimators of the covariance matrix in the hypothesis case and the general case.

Testing marginal homogeneity of a continuous bivariate distribution with possibly
incomplete paired data

Inference on the basis of a paired sample is a classical statistical problem. For an overview over problems
arising with bivariate data and well-known or rather new testing procedures, we refer to Gaigall (2020a).
In Gaigall (2020a), we consider the full nonparametric testing problem of homogeneity of the marginal
distributions on the basis of a possibly incomplete paired sample from a continuous bivariate distribution.
To the best of the author’s knowledge, this testing problem had not yet been studied rigorously in this
general form, not even for a complete paired sample. We discuss a plausible testing criterion which
reaches the significance level and is consistent as the sample size tends to infinity. A sample of size n € N
of independent and identically distributed bivariate random vectors

Xl,l Xl,n

Xoa | [ Xom
is considered. Denoting by F; and Fy the first and second marginal distribution of the (unknown)
underlying bivariate distribution F', the testing problem

HZF1=F2, ]CIF1¢F2

is treated. Clearly, tests for detecting a difference in the means of the first and second components of
the bivariate random vectors are not suitable. Moreover, tests for verifying symmetry about zero of the
differences of the first and the second components are not applicable in this general situation, and the
same result applies to tests for verifying exchangeability of the first and the second components. For a
simple example which illustrates this fact we refer to Gaigall (2020a). We consider the complicating case
that some components in the paired sample are missing, where n; € {1,...,n} and ns € {1,...,n} are
the numbers of data remaining in the first and second components. It is assumed that F' is absolutely
continuous with density f, where R = {(z,y) € R?; f(z,y) > 0} is open as well as convex and f is
continuous and bounded on R. Furthermore, it is supposed that the data are missing completely at
random such that

lim L = p; € (0,1], lim 22 = py e (0,1].
n—a€ n n—w n

Denoting by F} ,, and F;,, the empirical distribution functions of the data remaining in the first and
second components, the application of the two-sample Cramér-von-Mises distance, see Anderson (1962),
yields the test statistic

ning 2 =
Thine = m J (Fl,m(x) — s, (x)) dFn, n, (),
where - n -
Fpyn,(z) = Fin (x) + ——Fp,(z), zeR.

n1 + neo ni + ng

Because of the dependencies in the data, 71}, , is not distribution free under H but the distribution
depends on F'. Application of empirical processes theory, in particular under usage of results in Dudley
(1984), Ganfller & Ziegler (1994), van der Vaart & Wellner (1996), and Ziegler (1997), yields the following
result for the limit distribution of the test statistic under the null hypothesis.



Theorem 1. Under H, it holds
Ty ns 4T asn— 0,

where
©
T=> N2},
i=1
71,75, ... 1s a sequence of independent standard normal distributed random variables, A1, Aa, ... are the

non-negative eigenvalues of a certain integral operator, and \; > 0 for at least one i € N. In particular,
the distribution function of T is continuous on R and strictly increasing on [0, 00).

For a proof we refer to Gaigall (2020a). To obtain critical values, we suggest a resampling procedure.
By rearranging the incomplete observations we obtain three independent samples

X1,k X1,k

K k1,

X gy e 3 X17k2~1 PR ,Xl,kzgmwv X2,k3,1 P ;X2,k:31mS
2,k11

X2 k1,
of sizes my, mg, mg € {0, ...,n} of independent and identically distributed random variables, respectively,
where (k11,3 k1,my> k2,15 k2.mas k3,1, - - -, k3,ms ) 18 & suitable permutation of (1,...,n). Given that

a € (0, 1) is the significance level, sampling with replacement from the three samples and the application

of a specific statistic yields a critical value émhmz’ms,l,a. For details we refer to Gaigall (2020a). Finally,
we obtain the following properties of the test.

Theorem 2.

a) Under H : Fy = Fy, the test asymptotically reaches the significance level

lim P(Tnlan > Cm1,m2,m3,1fa) = Q.

n—o0
b) Under K : Fy # Fy, the test is consistent

lim P(Tnlan2 > thmz,ma,l*a) =1

n—a0
¢) Under suitable local alternatives IC,,, the test is asymptotically unbiased

lim P(Tnl,ng > le,nLg,'rng,l—a) = /8 = Q.

n—aL

For details and proofs we refer to Gaigall (2020a).

Hoeffding-Blum-Kiefer-Rosenblatt independence test statistic on partly not identically
distributed data

Another problem of interest in the bivariate data case is the question of independence. The paper
Gaigall (2020b) deals with the Hoeffding-Blum-Kiefer-Rosenblatt independence test statistic, that is an
established test statistic for the treatment of the nonparametric testing problem of independence. If
the data are independent and identically distributed, standard regularity assumptions ensure that the
Hoeffding-Blum-Kiefer-Rosenblatt independence test statistic is distribution-free under the null hypoth-
esis of independence and converges in distribution to a real-valued random variable as the sample size
tends to infinity, see Hoeffding (1948) and Blum, Kiefer, and Rosenblatt (1961). Recent studies for
the classical Rothman-Woodroofe symmetry test demonstrate that the application of classical statistical
procedures to not identically distributed data is possible in specific cases, see Gaigall (2020c). In fact,
a bulk of works treat statistical problems on the basis of independent but not identically distributed
data; for a list of literature with a focus on statistical tests, we refer to Gaigall (2020c). We apply the
Hoeffding-Blum-Kiefer-Rosenblatt independence test statistic to partly not identically distributed data.
Given that k € N and nq,...,n; € N let

(Xi,j;}/i,j)a jzlv"'vniv i:17"'7k7



be n = nj +--- + ng independent bivariate random vectors with values in R x R. Using F' as a generic
notation for the distribution (function), we assume

kafjﬂﬁJ) = EEXFYU’ j = 1,...,n¢,i ==17...,k,

where in general
fﬁ@ #.Fyﬂ h,7=1,...,k, 1 # J.

Here, (X,Y;), 4 =1,...,k, are bivariate random vectors with values in R x R. We assume that the distri-
bution functions Fx y,), i = 1,...,k, are uniformly continuous. The Hoeffding-Blum-Kiefer-Rosenblatt
independence test statistic on the partly not identically distributed data is

~ ~ ~ 2 A
HBKR, = [ (Fixyya(e:0) = Fral@Fra(®) By (o).

with the empirical distribution functions

k
~ 1
}QXZYLn(I7y):: E:}: H(A%J < xa}QJ < y)v(xay)EIRa

i=1j=1
and
R 1 k n;
F = — <
X, n () - Z , I(X;; <xz), veR,
i=175=1
as well as
R 1 k n;
Fyn(y) = — DI IV <y), yeR,
i=1j=1

where I is the indicator function. Consider the null hypothesis of independence
H: Pleyn ==I?X'C)lzn, 7 ==1,...,k.

We investigate asymptotic properties of the Hoeffding-Blum-Kiefer-Rosenblatt independence test statis-
tic. In this regard, we point out that n tends to infinity if some of the nq,...,n; tend to infinity or
(possibly simultaneously) k tends to infinity. Throughout the paper, we suppose that n — oo such that
n;/n — p; for all i, where p; € [0,1] and >}, p; = 1. Although the mentioned result for the distribution-
freeness of the classical Hoeffding-Blum-Kiefer-Rosenblatt independence test statistic in the finite sample
case does not apply in this situation, we obtain that the statistic converges to the same distribution-free
random variable as the classical criterion if the null hypothesis of independence is true. Defining the

stochastic process U,, = (Un(x,y), (z,y) € @2) by

Un(2,9) = N (Exyym(@,y) = Fxn(@) Byn(v), (2,y) € R,

the Hoeffding-Blum-Kiefer-Rosenblatt independence test statistic can be rewritten as

HBKR,, = J Un(z, y)Qdﬁ(X,Y),n(xa y).

We will deduce the limiting null distribution of the test statistic from the convergence in distribution
of the stochastic process U, under the null hypothesis of independence and from the convergence of
the distribution function F(x y),. The latter one is separately treated in Gaigall (2020b). We speak
about convergence in distribution of stochastic processes in the sense of van der Vaart & Wellner (1996).
Firstly, let us go to the stochastic process U,,. We obtain the following convergence in distribution.

Proposition 1. Let the null hypothesis of independence H be true. Then, we have the convergence in
distribution
Up U,

where U = (U(z,y), (z,y) € RQ) is a centered Gaussian process with a.s. uniformly ds-continuous sample
paths and covariance function

u(x,y,r,s) = (Fx(x A1) — Fx(2)Fx(r)) (Fy(y A s) = Fy (y)Fy (s)), (z,y),(r,s) € R,

and Y denotes a real-valued random variable with distribution function

Fy(y) = 2 0Py (), y e R,



For a proof we refer to Gaigall (2020b). We note the surprising observation that the stochastic process
U has the structure of the well-known Brownian pillow, also called Wiener pillow, completely tucked
Brownian sheet, or tied-down Kiefer process, see p. 137 in Piterbarg (1996), p. 368 in van der Vaart
& Wellner (1996), p. 320 in Csorgd and Horvath (1997), or Koning and Protasov (2003), arising with
the classical independence empirical process based on independent and identically distributed bivariate
random vectors. Finally, we obtain the limiting distribution of the Hoeffding-Blum-Kiefer-Rosenblatt
independence test statistic under the null hypothesis of independence.

Theorem 3. Let the null hypothesis of independence H be true. Then we have the convergence in
distribution
HBKR,,»»HBKR,

where the real-valued random variable HBKR is given by
HBKR = fo(x, r)2dFx (z)dFy (y).

In particular, HBKR is distribution-free, has a continuous and strictly increasing distribution function,
and the characteristic function

For a proof we refer to Gaigall (2020b). We make the interesting observation, that the characteristic
function pupkr is the well-known characteristic function of the limiting null distribution of the classical
Hoeffding-Blum-Kiefer-Rosenblatt independence criterion if the approach based on independent and
identically distributed bivariate random vectors with continuous marginal distributions, see Hoeffding
(1948) and Blum, Kiefer, and Rosenblatt (1961). As an application, we consider a nonparametric random
effects meta-regression model, which is very popular in meta-analysis. Here, the statistical problem of
interest is testing goodness-of-fit for the regression function. The Hoeffding-Blum-Kiefer-Rosenblatt
independence test statistic is applied to pairs of inputs and residual, which are partly not identically
distributed. We use a quantile of the limit distribution of the classical criterion and obtain a test which
reaches the significance level exactly as the number of data tends to infinity and is also consistent.

Empirical process of concomitants for partly categorial data and applications in statistics

Similar testing problems are treated within the scope of the application of a result for the empirical
process of the concomitants for partly categorial data in Gaigall, Gerstenberg, and Trinh (2021). Given
that n € N is the sample size, let (X1,Y7),...,(X,,Y,) be independent and identically distributed.
We suppose that the random variable X is categorial with values in a set ¥ of cardinality m € N,
¥ = {1,...,m}, say, and that the probability that X; takes the value 1,...,m is different from zero,
respectively. In addition, we assume that the random variable Y takes values in R with continuous
distribution function. It is supposed that the joint distribution of (X7, Y7) and the marginal distributions
of X; and Y; are unknown. Concomitants (also called induced order statistic) appear when we sort the
values of X-attributes according to real-valued Y-attributes. There is a large number of works dealing
with concomitants. For a list of literature we refer to Gaigall, Gerstenberg, and Trinh (2021). Let us
assume that Y7,...,Y,, are pair-wise distinct without loss of generality. Let Ry.p, ..., Rp.n be the ranks
Ole,...7Yn,

n
Rim = Y, 1Y <Y)), j=1,.m,
k=1

and denote by Ry, ..., R} the inverse ranks of Y7,...,Y, such that

Vg, <0 <V

Then, the random variables
X[j:n] = XR_—.I, ] = 1,...,n,



are called the concomitants, also called induced order statistic. Suppose we have only the concomitants

X[1:n]s - -+ » X[n:n] as our observations. We define the empirical distribution function of Y3, ...,Y, by
1 n
— Z , teR,
n =

and set

The unknown joint distribution of X; and F(Y}) is determined by

p(i,t) = P(X, =i, F(Y;) < 1), (i,) € T x [0,1].

The latter term can be consistently estimated only on the basis of the concomitants X(y.p], - -, X[n:n] by
[nt] n
1. 1 1 ]
NG dnt]) = = 31 (X = 1) = — 21 (Xpay = i 2 <)
j=1 j=1
1 ¢ J 1 ¢ Rjn
= D (X =iy <) = L Ra(X =i <)
j=1 Jj=1
1 < .
=— Z U(X; =i, F,(Y;) <), (i,t) e ¥ x [0,1]
j=1

This estimator is strong uniformly consistent in ¢ € ¥, ¢ € [0, 1] meaning that

‘Nn(L |7t])

n

sup

— p(i,t)‘ — 0 almost surely as n — 0.
i€X,te[0,1]

We define .
Gnlist) = JE(M - p(i,t)), (i,t) € £ x [0,1],

and introduce the empirical process of the concomitants G,, = (Gn(i,t))(,1)exx[o,1] s the subject of
our investigation. A functional Central Limit Theorem for the concomitants is under consideration in
Theorem 24.3.1 in Davydov and Egorov (2001) in a very general setting. In particular, the concrete
structure of the related limit processes are not transparent there. We obtain a functional central limit
theorem for the empirical process of the concomitants G,,, where the argumentation in our proof is rather
straightforward and use classical empirical process theory such as in Ziegler (1997) and knowledge about
the well-known Bahadur-Kiefer process, see Bahadur (1966). We obtain the concrete structure of the
limit process and we deal with a fairly general setting of triangular arrays of random variables and by
that extend the result of Davydov and Egorov (2001). For the detailed formulation of the theorem and
the related proof, we refer to Gaigall, Gerstenberg, and Trinh (2021). We consider the testing problem
of independence

H:V(i,t)eSxR: P(X, =4,Y;
K:3@G,t)eSxR:P(X,=4,Y3

1) = P(X1 = )P(Ys
1) # P(Xy = ) P(Y;

//\ //\

<
<

as an example for the application of our main result, noticing that another application in the context
of a two-sample homogeneity problem is given in Gaigall, Gerstenberg, and Trinh (2021). For literature
about tests of independence for partly continuous and partly categorial data, see Gaigall, Gerstenberg,
and Trinh (2021) for details. Defining

piZP(Xl Zi), ’iEZ,
it is clear that the testing problem is equivalent to

H: VY (i,t) X x [0,1]: p(i,t) =tp;, K: 3 (i,t) € X x [0,1] : p(i,t) # tp;.



Similar as above, we can estimate p1, . .., p,, consistently on the basis of the concomitants Xpi.,1, -+, X[pin]
by

1 &
f21X[Jn]—Z 1€ .
j=1

SM—‘

n

It is easily seen that

sup Ny (i, |nt]) — tNp(i,n)

‘ —— ‘ — 0 almost surely as n — o0
iex,te[0,1] Ny (i, n)

holds under the null hypothesis H as well. These deliberations motivate to use the test statistic

S

Large values of T,, should be significant. In fact, by splitting the integration in parts of length 1/n we
obtain the following simple expression of the test statistic

—i_,_f S0 a0 )?
T = 6n ;;nﬁfn(z,n)’

useful for calculation purposes in practice. A simple consequence of our results is that under the null
hypothesis of independence H it holds the following convergence in distribution

where Wy, k € N, is a sequence of independent y2-distributed random variables with m — 1 degrees of
freedom. In particular, T is distribution free. For that reason, the related asymptotic test at significance
level a € (0,1), that is the test which rejects the null hypothesis #H if and only if T;, > ¢, where ¢ is the
(1 — a)-quantile of T, is suitable for the treatment of the testing problem of independence. Under the
null hypothesis H, the test reaches the significance level exactly in the limit. Under any fixed alternative
KC, the test is consistent, i.e.,

P(T, >c)—> 1.

Based on the full observations (Xi,Y7),...,(X,,Y,) it is possible to translate our testing problem of
independence to the multi-sample testing problem of homogeneity in Kiefer (1959) by grouping the
Y-observations with respect to the X-observations. Among others, Kiefer (1959) treat a Cramér-von-
Mises type test statistic. It is not obvious at first sight that the Cramér-von-Mises type test statistic
introduced by Kiefer (1959) is measurable with respect to the concomitants. Local alternatives are
of interest, e.g., for efficiency deliberations, in particular for the Pitman-efficiency, see Puri and Sen
(1971), or the Volume-efficiency, see Baringhaus and Gaigall (2019). Under suitable local alternatives,
see Gaigall, Gerstenberg, and Trinh (2021) for details and proofs, we obtain

k=11i=2 ke
where Zi ;, k € N, ¢« = 2,...,m, are independent standard normal distributed random variables and
ki € R, ke N, i =2 ... m, are constants (depending on the local alternative), where the explicit

expression is given in Gaigall, Gerstenberg, and Trinh (2021), and the test is asymptotically unbiased,

P(T, >¢) - B € [a,1].

Test for changes in the modeled solvency capital requirement in an internal risk model

Paired samples also occur in the context of the validation of an internal risk model of an insurance
company in Gaigall (2021). Requests on the internal risk model are the modeling of a forecast distribution



of the own funds of the insurance company and a related modeled solvency capital requirement based on
the Value-at-Risk at level 99.5% of the modeled forecast distribution of the own funds, where the time
horizon is one year. We consider two different model runs. The source of the internal risk model in model
run k = 1,2 is an input (Xl(k), e ,X;k)), where Xl(k)7 . ,Xék) are d € N risk factors, given by real-valued
random variables. The joint distributions of these risk factors model the framework conditions for the
insurance company with a forecast horizon of one year and are assumed to be known. The modeled
forecast of the own funds of the insurance company in model run k = 1,2 is obtained by the application
of a company specific deterministic and measurable function #*) : R — R, which models the current
asset and liability portfolio of the corporate. For the reasons explained in Gaigall (2021), we deal with
this function as unknown. The forecast of the own funds in model run £ = 1,2 is modeled by the
real-valued random variable

Y& = px® xRy,

Reminding that the Value-at-Risk at level (1 — ) € (0,1) of a real-valued random variable Y is defined
as

VaR; (YY) =inf{z e R; P(Y <z) > 1 -7},

we suppose that the distributions F(¥) of Y(*) k = 1,2, are absolutely continuous, where the related
densities f*) satisfy f (k)(VaR,Y(Y(k))) > 0. We define the modeled solvency capital requirement at level
v in model run k = 1,2 as the Value-at-Risk at level 1 — ~y of the difference of the (known) current own
funds of the corporate y*) € R and the modeled forecast of the own funds Y *) in one year, that is

SCR™ = VaR,_,(y® — Y®)) = y® —vaRr, (v*¥).

For v = 0.5% we obtain the modeled solvency capital requirement of the insurance company. We suppose
that the modeled solvency capital requirement at level v in model run k£ = 1,2 does not vanish, and that
the modeled solvency capital requirements at level v for model runs 1 and 2 do not coincide. We are
interested in the relative change of the modeled solvency capital requirement from model run 1 to model
run 2, defined by

SCR® — scrM
A =
SCR™M

We aim to check whether there is a significant change in the modeled solvency capital requirement in the
sense that the relative change of the modeled solvency capital requirement from model run 1 to model
run 2 exceeds a given level § € (0, 00), that is the testing problem

Hy: A > 6 versus Hy : A < 6.

In practice, a Monte-Carlo procedure is customary to generate a model output. For validation purposes,
an appropriate implementation of the Monte-Carlo simulation is suggested to obtain corresponding results
for the empirical own funds for different model runs. As a result, we obtain the empirical own funds in
model run k£ = 1,2 by

k k k
v =Wt X)),

7 =1,...,n, and we have that

is a paired sample of independent bivariate random vectors, each with the same bivariate distribution
function F', which will be used as data for the treatment of the testing problem. Because %) is unknown,
k = 1,2, the underlying bivariate distribution F' is unknown as well. To circumvent technical problems,
we suppose that F' is uniformly continuous. We obtain the empirical solvency capital requirement at
level v of the own funds in model run k = 1,2 by

SCRW = y®) _ y (k)

[ynln



where Y[E,krz];n is the sample quantile at level ~ of the Yl(k)7 . ,Y,Sk). The relative change of the empirical

solvency capital requirement from model run 1 to model run 2 is defined by

SCR® —sCRWY
N SCR(D

n

We suggest the test statistic
T, = /n(A, —9)

for the implementation of the test. In mathematical terms, we treat the testing problem whether or not
the absolute value of the relative deviation between two quantiles exceeds a given level on the basis of
a paired sample as data. There is a lot of literature about inference for two quantiles, where usually
the two samples case is considered and two independent samples from the underlying distributions are
used as data. For a list of references, we refer to Gaigall (2021). Our inference based on a paired sample
as data. Because the paired sample case can be seen as a generalization of the two samples case if the
sample sizes for both samples coincide, our approach can be regarded as an extension in this sense. We
investigate asymptotic properties of the suggested test statistic, where we apply empirical process theory
in Dudley (1984), van der Vaart & Wellner (1996), and Ziegler (1997), combined with the concept of
Hadamard differentiability and the functional Delta method in van der Vaart (1998).

Theorem 4. a) In the interior of the null hypothesis A > §, the divergence of the test statistic holds
almost surely

T, — 400 as n — o0.

b) On the boundary of the null hypothesis A = §, the convergence in distribution of the test statistic holds

d
T, — N asn — o0,

where N is a real-valued random variable with a centered normal distribution and variance
(SCRM)2 fW(VaR,, (Y1) 4 (SCR®))2 f@) (VaR,, (Y 2)))2
FO (VaR,, (Y (0))2 £C) (VaR,, (v )))2(SCRD)
SCRYSCR®
FO(VaR, (YD) ) (VaR, (Y ®))(SCRM)*

o =y(1-7)

+2(F(VaR, (Y), VaR,, (Y ?))) = 7%)

c¢) Under the alternative hypothesis A < ¢, the divergence of the test statistic holds almost surely

T, — —0 as n — 0.

For a proof we refer to Gaigall (2021). The results motivate a bootstrap procedure for the approximation
of the standard deviation of the test statistic and finally for the determination of critical values. Using
that the theory is available in a general setting of triangular arrays of random variables and a Glivenko-
Cantelli result in Génfller & Ziegler (1994), we obtain that the bootstrap procedure is suitable.

Dealing with given testing problems, statisticians usually try to pick up or develop statistical tests being
most efficient in a certain sense. Thereby, as in finite sample cases such tests often do not exist, the
main focus is on efficiency concepts, that enable the comparison of competing procedures by means of
its specific asymptotic properties. The most familiar concepts in this respect are the concepts of Pitman,
Bahadur and Hodges-Lehmann. For a systematic overview of these and other approaches we refer to
the books Serfling (1980) and Nikitin (1985). In typical cases, the (local) asymptotic efficiencies of tests
compared are seen to be ratios of (local) slopes of functions related to its power functions in different
specific ways. Taking into account the correspondence principle, comparison of statistical tests can be
also done via its associated confidence regions.



On an asymptotic relative efficiency concept based on expected volumes of confidence
regions

Beyond the bivariate case, we introduce a new asymptotic relative efficiency concept based on the ex-
pected volumes of multidimensional confidence regions in Baringhaus and Gaigall (2019). The expected
volume Ey(V;,) is a quality criterion for a confidence region B, see, e.g., Baringhaus and Gaigall (2017b)
and Baringhaus and Gaigall (2018). Here the symbol 9 can be seen as a generic notation for the param-
eter of the underlying distribution; we refer to Baringhaus and Gaigall (2019) for details and a precise

formulation of the model under consideration. It is
N,y =inf{n e N;Ey(V;,) <v Vm = n}

the smallest sample size from that Ey(V,,) does not exceed a given value v € (0,1). We define the
asymptotic relative volume efficiency of B’ with respect to B as

Ny oy
B',B) =1i 2Ly
arvey(B', B) lim N,

if the limit exists. The crucial condition to obtain the asymptotic relative volume efficiency in applications
is
lim n"Ey(V,) = ¢y € (0,00)
n—o0
for some r € (0, 00). If this condition is satisfied for B and B’ with the same r, we obtain the asymptotic
relative volume efficiency by
1/r
c
arvey(B', B) = (?) :
Co
For details, see Baringhaus and Gaigall (2019). Given a dimension d € N, let us consider the case of a

multivariate normal distribution Ny(p, ), pe R?, 3 e R4*4 symmetric positive definite. On the basis
of a sample from this distribution, a confidence ellipsoid for p is obtained by

- i~ d
B, = {77 e RG (X =) ST (X =) < — dFd,n—d;l—a} :

where X, is the sample mean, S,, is the sample covariance matrix, and Fj 4.1 denotes the quantile
of order (1 — ) € (0,1) of the F distribution with d and n — d degrees of freedom. In this situation, the
expected volume of B,, satisfies the condition

df2,df2

2
lim n¥?Ey(V,) = (i) det ¥1/2,

R T(d/2 +1)

This follows from the more general results in Baringhaus and Gaigall (2019). As an example, we con-
sider the common distributional model for 2 x 2 contingency tables is the 4-dimensional multinomial
distribution family

{M4(1;p11, P12, P21, P22); Pij € (0,1),1 < 0,5 < 2,p11 + p12 + pa1 + pa2 = 1}.

-
We are interested in confidence regions for the parameter vector (m 1ler1;Dz1 - ffp 22) that is of special

interest in various studies in applied sciences; in fact, the fractions o f’fpm and o ff -, are known there

as the positive predictive value and the negative predictive value. We use the different alternative
parameterisation

{M4(1; 683, (1= &2)(1 —&3), (1 —&1)€3,82(1 = &3));6 € (0,1),i =1,2,3}

of the distributional model obtained by putting

T
T P11 P22 3
=(&,86,8)" = , + € (0,1)".
¢ (51 &2 55) (pn +p217p12 + P22 P p21> ( ’ )

Given 5 = (517§2a§3)—r € (07 1)37 let
Xj = (Xj11, X2 Xj21, Xjo2) | ~ Ma(L; 663, (1 — &)(1— &), (1 — &1)&s, E(1 — &)).

10



The confidence regions to be derived for the subvector (&;,&)T are based on the sufficient statis-
tic N, = (Nna1, Nn12, Naot, Npoo) | = Z?Zl X, that for given { has the multinomial distribution
My (n; 6183, (1 — &)(1 = &), (1 — €1)€3,&2(1 — &3)) - Setiting

Nn,ll "~ Nn,22

~ 1
o 2= &z =— (Np11 + Npoi),
Npi1+ Npor' " Npi2+ Npao' " no " "

gn,l =

It is easily seen that observations of (gn,l,én,g,gmg)T in (0,1)% are maximum likelihood estimates of
€ = (£&1,&,&)T. For other observations, a redefinition of the estimators is appropriate, see Baringhaus
and Gaigall (2019) for details. Motivated by the correspondence principle for confidence regions and
statistical tests, we consider the confidence regions

BY = {ne (0.1)% T}, < x3u-a)-
BY = {ne (0, )TV, <x31_ .},
Byt ={ne (0,)%: T < x31-a}

where

~ gn,iﬁ 2 1- gn,B
Ty, =n ((fn,l —m)P et (b — ) — |,

En,l(l - é\n,l) fn,2(1 - 671,2)
W &2 gn,3 S \2 1 - En,s
Tmn =n ((fn,l M) m—m) + (fn,Q 72) (1 — 772)) ,

~

” 1— An 1-— An An
T#f? =2| Ny 11log fnt + Ny,12 log 1=bn2 + Ny 21 log 1=&nt + Nn,22 log Sn2 J
, m 11—y I—m 2

that are a plug-in type test statistic, a Wald type test statistic, and a likelihood ratio test statistic for
testing the hypothesis (£1,&2) = (n1,7m2). Applying the asymptotic relative volume efficiency concept
and the more general results in Baringhaus and Gaigall (2019), we obtain that the asymptotic relative
volume efficiency of each of these three statistics with respect to each one of its competitors is equal to
1, ie.,

arveg(BY, BV) = arvey(BY | BER) = arvey(BY

n 7B3:R) =1L

For a rough impression on the finite sample performance we refer to the following Figure. There,
for given a = 0.05 are shown the observed associated confidence regions for the pair (£1,&2) of the
positive predicted value & = m lpjr;m and the negative predicted value & = o fﬁ)zz based on the value
(35,23,12,30) of the sufficient statistic N,, obtained by generating by Monte Carlo simulation a single
sample of the multinomial distribution M4(n;p11, p12, P21, p22) where n = 100 and py;; = 3/8, p12 =
1/4, p21 = 1/8, paa = 1/4, equivalently, p11/(p11 + p21) = 3/4, p2a/(p12 + p22) = 1/2, p11 + pa1 = 1/2.
The observed region BY is an ellipse with half axes a = 0.1556841 and b = 0.1666392.

0.
0.4
0.

0.3
0.3
0.3

: 5 X 7 . 5 X
o o o

Confidence regions BY (left), BYW (middle), and BL® (right)

n

A lot of well-known statistical problems are related to statistical inference for multiple samples. Some
popular and very basic data examples, originally intended for ANOVA, are online available and provided

11



by the Cengage College (2018). The examples include data for the depths for significant archaeological
discoveries at different excavation sites at an archeological area in New Mexico. Another data set
represents the extension growth after four years for different types of root-stock used in an apple orchard
grafting experiment. Moreover, the result of a study is presented, where the researchers fed mice different
doses of red dye number 40 and recorded the time of death in weeks for female mice. A further data
set gives business startup costs for different types of businesses, namely pizza startups, baker or donut
startups, shoe stores, gift shops, and pet stores. Finally, data for the weight of professional football
players of the Dallas Cowboys, the Green Bay Packers, the Denver Broncos, the Miami Dolphins, and
the San Francisco Forty Niners are provided.

On a new approach to the multi-sample goodness-of-fit problem

A new approach for the treatment of the multi-sample goodness-of-fit problem is presented in Gaigall
(2019). Suppose we have k € N samples X11,..., X1y, Xg1,..., Xk n, with different sample sizes
n1,...,n, and unknown underlying distribution functions Fi, ..., F} as observations plus k families of
distribution functions {G(-,9); 9 € ©},...,{Gk(-,9); ¥ € O}, each indexed by elements ¢ from the same
parameter set ©, we consider the new goodness-of-fit problem whether or not (Fi, ..., Fy) belongs to the
parametric family {(G1(-,9),...,Gr(-,9));9 € ©}. We study this new multi-sample goodness-of-fit prob-
lem and new test statistics as a generalization and unification of the one-sample goodness-of-fit problem
in Stute, Gonzdles-Manteiga and Presedo-Quindimil (1993) and the multi-sample goodness-of-fit problem
in Kiefer (1959) (null hypothesis H3). The new test statistics are presented and a parametric bootstrap
procedure for the approximation of the unknown null distributions is discussed. Under regularity as-
sumptions, it is proved that the approximation works asymptotically, and the limiting distributions of
the test statistics in the null hypothesis case are determined. If the null hypothesis

H:(Fr,. .., ) e {(Gi(-D),...,Gi(-,9));9 € O}

is true, the statistician does not know the true underlying parameter ¢ € ©. An estimation on the basis
of the pool of all N = nj + --- 4+ ni observations is necessary. For this purpose, let

7977, = Un(Xl,la~'~7X1,n1a~~'7Xk,17'~~an,n;€)

be an estimator of ¢. For i = 1,..., k, we define the empirical distribution function based on the sample
from the i-th population by

~ 1
Fin,(2) = o Z I(X;; <z), zeR,
1 le

where I(-) denotes the indicator function. We suggest the test statistic

or the test statistic

for verifying the null hypothesis . For details and necessary measurability assumptions we refer to
Gaigall (2019). In general, the distributions of the test statistics in the null hypothesis case depend on
the underlying parameter 9 € ©, likewise asymptotically. Because the true parameter is unknown in ap-
plications, we suggest a parametric bootstrap procedure for the approximation of the distributions of the
test statistics under the null hypothesis. Under regularity assumptions, it follows from the deliberations
in Gaigall (2019) that this approximation works asymptotically. Moreover, the limiting null distributions
of the test statistics are determined there. In particular, the special case G; = --- = Gj of the testing
problem is of interest. Here, the null hypothesis is given by

H F1 == Fk € {G1(719),19 € @}
This special case is in itself already a generalization of the one-sample goodness-of-fit problem in Stute,

Gonzéles-Manteiga and Presedo-Quindimil (1993) and of the multi-sample goodness-of-fit problem in
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Kiefer (1959) (null hypothesis Hs). As examples, we consider two parametric families of distributions for
the null hypothesis, namely the family of inverse Gaussian distributions, denoted by 1G(u, A), i € (0, 00),
A € (0,00), and the family of Rayleigh distributions, denoted by R(c), o € (0,00). Denoting by ®
the distribution function of the standard normal distribution, the null hypothesis of inverse Gaussian
distribution is given by

Gi(x,(m)\)'):@( 2(2—1)>+exp<2:>(1)(— i(z+1>>,x>0, (u, N\ €0, i=1,... k,

where © = (0, 00)2. Maximum-likelihood estimator (fi,, Xn)' is given by

1 k n; . 1
ﬁn:*ZZXi;j’ An = k . ’
NSoa ¥ et 25t (Xi,j - %)

n

The null hypothesis of Rayleigh distribution is given by

2
Gi(x,02)=1—exp(—x—2>, r>0,0%2€0,i=1,...,k,
20

where © = (0, 00). Maximum-likelihood estimator 62 is now

R 1 k n;
R T DIDIR G

i=1j=1

Huge dimensional data analysis and functional data analysis are two topics which are discussed frequently
in current statistic literature. Although both fields deal with the same problem of large dimensional data
they were developed mainly independently of each other. Both fields would benefit from more interaction.
One possibility to achieve this is working on a very general space including both fields, like a separable
Hilbert space. Applications are given, e.g., for stock market returns, see Ditzhaus and Gaigall (2021).

A consistent goodness-of-fit test for huge dimensional and functional data

In Ditzhaus and Gaigall (2018), we consider a goodness of fit problem in a separable Hilbert space. We
develop a non-parametric goodness-of-fit test which can be applied in functional data analysis for infinite
dimensional spaces, for data of huge but finite dimension or even for the more common low dimensional
data case. For real-valued data our approach coincides with the well-known Cramér-von-Mises test,
which was discussed by Anderson (1962) and, in the multivariate case, by Rosenblatt (1952). Our test’s
basic idea is projecting the data from the Hilbert space to real numbers and then applying an appropriate
Cramér-von-Mises test. Using projections is not new at all, for example, Cuesta-Albertos et al. (2006)
and Cuesta-Albertos et al. (2007) used a finite number of random projections in order to obtain real-
valued data and applied a Kolmogorov-Smirnov goodness-of-fit test to these data. In contrast to these
papers, we will not work with random projections but with all projections from an appropriate set. The
advantage is that the result of the test only depends on the data and not on some additional randomness.
Let H be a separable Hilbert space with countable orthonormal basis {e;;i € I'}, where I is an index set.
Given that (92, .4,, P) is a probability space, we denote by Y : O — H some (A, B(H))-measurable
random variable with respect to the o-algebra A and the Borel o-field B(H) on H, where PY is assumed
to be known, and by X : Q@ — H some (A, B(H))-measurable random variable,where PX is assumed
to be unknown. On the basis of X1, Xs,..., given by independent and identically distributed copies of
X, we study the null hypothesis

H: PX = pY.

Let 7 : H — R be a linear and continuous map, F (7, -) be the distribution function of 7(Y’), and ﬁ‘n(w, 2
be the empirical distribution function of 7(Xy),...,m(X,). It is

To(m) = nf (Ey(m,t) — F(m, 1)) F(r, dt)

13



the classical one-sample Cramér-von-Mises type test statistic on the basis of the distribution function
F(m,+) and the real-valued random variables w(X1),...,7(X,). We consider the test statistic

T, = Jn(w) P(dr) = n f f F(x, 1)) F(x,dt)P(dn)
for a probability measure P on (H,B(H)) chosen by the statistician. We have
VeeH:z= Z(x, €€,

iel
and the characteristic function ¢y : H — C,
vy(z) =E (ei<w’y>) , T € H,
determines the distribution of Y uniquely. It holds that
Vo e H\{0} : oy (2) = oovaalp(12]]) = ocv.—apieln (=l2]])-

Focusing on

k
h = {Z mjeij;kef7(i1,...,ik)eIi,(ml,...,mk)eSi_l}

j=1
k
withS_]ffl:{(ml,..., ) €RFmy >0 Z =}
and]ﬁz{(ih...,ik)ef;zl<22<---<zk}forkef,

we have h € B(H), and it is sufficient to consider P on B(H) with
P(h)=1
to obtain a consistent testing procedure. In the case of H = R the property P(h) = 1 leads to
h={1} and P = ¢,

and so

1 n 2

T, = nf < DX <t)-P(Y < t)) P(Y < dt),
n
j=1

i.e. our approach is a direct generalization of the classical one-sample Cramér-von-Mises test. Although
the results obtained in Ditzhaus and Gaigall (2018) covers more general cases we limit ourselves to the
consideration of specific P in what follows, determined by the following procedure for the generation of a

realization from P. At first, the statistician chooses two distributions ¢ and 1 on (I,3(1)) with support
I. Then the following steps are conducted.

1. Generate a realization k of the distribution &.

2. Independently of Step 1, generate (iy,...,ix) € IX by k-times sampling from I according to law
n without replacement and by arranging the sample according to size.

3. Independently of Steps 1 and 2, generate a realization (myq,...,mg) of the uniform distribution
U on (S_’fl,%k(S_’fl)).

k
4. Set m=;_ mje;;.
The convergence in distribution of the test statistic under the null hypothesis is proved and the test’s
consistency is concluded. A general approach enables the treatment of incomplete data. Properties

under local alternatives are also discussed. With the help of the theory of U-statistics, see Koroljuk &
Borovskich (1994), we obtain for local alternatives of the form

where 1 is in L2(H,B(H), PY), the following result for the limit distribution of the test statistic under
local alternatives.
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Theorem 5. Suppose the distributions of (X, e;» and {Y,e;y are continuous for alli € I. Then we have
x$L
T 2 ) Ml + Blor(YYE(Y)? as n — o,
k=1

where (7;)ien 18 a sequence of independent standard normal distributed random variables and (\;)ien 18
a sequence on non-negative numbers with \; > 0 for at least one i € N.

For a proof we refer to Ditzhaus and Gaigall (2018). Applications are given for data of huge but finite
dimension and for functional data in infinite dimensional spaces. Application to huge dimensional data
takes place for the Hilbert space H = R?, where d € N. Here the random variables X and Y are random
vectors

X = (X(1),...,X(d) and Y = (Y(1),...,Y(d)).

With yu = 141 and ¥ = ﬁ‘ll(Id— ﬁldxd), where 14, denotes the d x s matrix of ones and I, represents

the d x d identity matrix, we test the null hypothesis
PY =t4(p, %)
versus contamination alternatives of the form
PX = (1 —a)ly(p, 2) + aNg(5p, %) or PX = (1 —a)ly(p, X) + atq(p, 2%),

i.e., we consider the d-dimensional Laplace distribution ¢4(u,Y), the d-dimensional normal distribu-
tion Ny(u,Y) and the d-dimensional ¢ distribution t4(u,Y) with one degree of freedom, where all
these distributions are parametrized by a location parameter u € R? and a symmetric positive def-
inite covariance matrix ¥ € R%*¢. Application to functional data takes place for the Hilbert space
H = L£2(]o, 1],%B0,11, A[0,1]) With orthonormal basis given by the normalized Legendre polynomials.
Here the random variables X and Y are stochastic processes

X = (X(t);te[0,1]) and Y = (Y (t);¢ € [0,1]).
We test the null hypothesis
Y (t) = B(t), t€[0,1],
for a standard Brownian bridge B = (B(¢);t € [0, 1]) versus alternatives of the form

X(t) = aB(t) + bt(t — 1), te [0,1].
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