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Editorial

Dans ce numéro spécial du Bulletin de la Société des Sciences Médicales du Grand-
Duché de Luxembour g, nous allons présenter les actes du congres international:
«L’exploration du changement», organisé par la Luxembourg School of Finance, en
collaboration avec le Laboratoire de Recherche en Psychologie clinique (PCSA) de
la Fondation Frangois-Elisabeth.. Le congres a eu lieu du 17 au 20 juin 2009 au Cen-
tre de Rencontre Abbaye de Neumiinster.

11 s’agissait du congres final du projet de recherche FNR 02/05/14: Application de

I’art thérapie a quelques problemes cruciaux de la société luxembourgeoise. Ap-

proche clinique et expérimentale. Ce projet de recherche avait, entre autre, pour ob-
jectif de mettre en place un dialogue entre les chercheurs en mathématiques et statis-

tiques et les chercheurs de terrain, intéressés aux procédures pour groupes restreints

et données non métriques. Le congres final, qui se placait dans la suite d’une série de
colloques antérieurs, organisés en 2005, 2006 et 2007, reprenait les theémes du projet

FNR 02/05/14 et était d’ orientation multidisciplinaire, puisque les mémes procédures

peuvent étre pertinentes pour I’étude des processus de changement en médecine, psy-
chologie, sciences de 1’éducation, économie et sciences naturelles.

Nos actes de congres contiennent des articles représentatifs concernant diférentes mé-
thodes quantitatives et qualitatives, appliquées a des domaines variés, a savoir la clas-
sification (Von Eye; Giebel & al.), I’étude longitudinale (Stemmler & Losel), ’ana -
lyse des tableaux de contingence (Giebel, Romaker & Frechen), la régression PLS
(Maugendre), les réseaux neuronaux (Giebel & Rainer), I’analyse factorielle dynami-
que (Sezgin & Kinay), la régression Logit (Kinay), la modélisation stochastique (Be-
lenkiy & Stepin), la réflexion épistémologique (Barthélémy), I’analyse du discours
(Gawda), la recherche structurale comparée (Schiltz & al.), la modélisation prédictive
(Brytek) et la recherche-action (Scholer; Ciccarello; Kuhn; Ricci-Boyer & al.).

Nous remercions le FNR et tous les autres donateurs dont les subventions généreuses
nous ont permis d’organiser ce congres.

Un grand merci également a tous les participants, dont I’engagement a fait suigir des
débats animés et un foisonnement d’idées nouvelles, préparant la mise en place de fu
turs partenariats de recherche.

Cette publication a été financée grace au support financier du FNR (FNR/10/

AM4/16).
Jang Schiltz Lony Schiltz
Luxembourg School of Finance PCSA
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Fourth Statistical Days

at the University of Luxembourg
17-20 June 2009

Main tropics Invited speakers

Research strategies for small samples Jean-Marie Barthélémy (Université de Savoie)
and nonmetrical data Jiirgen Franke (Universitit Kaiserslautern)
Person - centered research Marc Hallin (Université Libre de Bruxelles)
Dynamic factor analysés (DFA) Mark Stemmler (Universitat Bielefeld)

Partial least square models (PLS) Peter C.M. Molenaar (Pennsylvania State
Configuration frequency analysés (CFA) University)

Statistics in finance Cristian Preda (Université de Lille 1)

Alexander von Eye (Michigan State University)

Organisation: Jang Schiltz (University of Luxembourg), Loni Schiltz (Fondation Frangois Elisabeth)
http://sma.uni.lu/stat4
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Fourth statistical conference at the University
of Luxembourg

- Exploring Change -

Developing adequate research methodologies for the exploration of intra-or inter in-
dividual variations over time is a challenge in evaluation research focused on medical,
psychotherapeutic, psycho pedagogic and psychosocial interventions. The same pro-
cedures can be relevant for process oriented research in natural sciences or econom-
ics and finance.

The aim of the conference is to bring together statisticians with action researchers or
postgraduate students working in research conditions for which the use of classical
parametric statistics is not adequate or unsatisfying.The programme of the conference
will respect the balance between theoretical presentations related to epistemology and
methodology of research, explanation of procedures and presentation of experimen-
tal results in medicine, natural sciences, social sciences and humanities, economics
and finance.

The mathematical foundations and the conditions of application of some multi-dimen-
sional non parametric procedures will be discussed, and the current evolution in this
realm will be outlined. The interaction structure analysis (ISA), partial least squares
(PLS) methods and the dynamic factor model (DFM) will especially be stressed.

As to experimental designs, the holistic approach will be opposed to the reductionis-
tic one. The interest of some recent evaluation tools allowing to link qualitative and

quantitative approaches will be demonstrated with the help of applications. Among
others, the methodological, clinical and experimental results of the multi-annual re-

search project ,,Application of Arts Therapies to some Crucial Problems of our Soci-
ety*, funded by the FNR, will be discussed.

The conference takes place in theAbbey of Neumiinster, and will be organised by the
research unit of the Luxembourg School of Finance of the Faculty for Law, Econom-
ics and Finance and the Research Unit for Clinical Psychology , Health Psychology
and Arts Therapies of the Fondation Francois-Elisabeth, with the participation of the
Mathematical Society of Luxembourg, the Society for Medical Sciences of Luxem -
bourg, the International Association for Art, Creativity and Therapy, the Internation-
al Society for Psychopathology of Expression and Arts Therapies and the French So-
ciety of Psychopathology of the Expression and Art-therapy.

o
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Main Topics of the conference

* Research strategies for small samples respectively non metric data
* Person oriented research

* Dynamic factor analysis (DFA)

 Partial least square models (PLS)

* Configuration frequency analysis (CFA)

* Statistics in finance

* Biostatistics

* Statistical Shape Analysis
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Ministere de I’Economie et du Commerce extérieur
Ville du Luxembourg

ING Luxembourg

Banque Raiffeisen Luxembourg

European Fund Administration

Société des Sciences Médicales du Grand-Duché de Luxembourg

10



Layout Bulletin 02.06.2010 10:31 Uhr Seite 1iE

Conference Program
Wednesday June 17 2009

* 08:00 - 09:00 Registration
* 09:00 - 09:30 Opening session
* 09:30 - 10:30 Plenary session I - Chairperson: Peter C.M. Molenaar

o Marc Hallin: Dynamic Factors in the Presence of Block Structure.

e 10:30 - 11:00 Coffee break
e 11:00 - 13:00 Symposium I - Chairperson: Marc Boissaux

o Funda Sezgin & Bahar Kinay: A dynamic factor model for evaluation of finan-
cial crises in Turkey.

o Chitro Majumdar: Quantile-based DFA (dynamic financial analysis) measures
subjective to risk managers’ perception: DFA-VaR.

o Stefan Giebel & Martin Reiner: Application of neural networks for derivation of
risk profiles and selection of a stochastic model for the corresponding financial
market.

o Stanislaw Belenkiy: Approach to statistical evaluation of the personal perform-
ance.

e 13:00 - 14:30 Lunch

e 14:30 - 15:30 Plenary session II - Chairperson: Marc Hallin

o Peter C.M. Molenaar: Recursive Estimation and Optimal Control of Multivari-
ate Systems with Applications to fMRI BOLD Series and Diabetes Type 1.

* 15:30 - 16:00 Coffee break
* 16:00 - 17:30 Symposium II - Chairperson: Jean-Marie Barthélémy

° Anna Brytek-Matera: La représentation d’image de soi chez les personnes souf-
frant de troubles alimentaires - 1’insatisfaction a I’égard du corps.

o Marjorie Maugendre: Apport de I’approche PLS (partial least squares) dans la
compréhension des ef fets des facteurs motivationnels dans le sport sur la
consommation de produits psychoactifs chez les adolescents.

o Michele Lattarulo: Ranking algorithms for the measurement of intellectual influ-
ence.

o Jan Romaker, Stefan Giebel, Franz-Bernd Frechen & Wolfram Franke: Applica-
tion of configural frequency analysis on odour profiles.
* 18:00 - 19:30 Academic Opening Session

 19:30 - 21:00 Welcoming Reception (offered by the Ministére de I'Economie et
du Commerce Extérieur)

11
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Thursday June 18 2009

09:00 - 10:00 Plenary session III - Chairperson: Mark Stemmler

o Alexander Von Eye: Configural Frequency Analysis of Continuous Variables -
Considering Data Generation Processes.

10:00 - 10:30 Coffee break
10:30 - 12:30 Symposium III - Chairperson: Charles Pull

o Myriam Scholer: Musicothérapie réceptive en situation de handicap.

o Audrey Ciccarello: Etude comparative sur des personnes agées valides et des su-
jets souffrant de différents degrés de démence.

o Maud Kuhn: Ateliers d’expression corporelle a destination de la personne agée
en maison de retraite: le mouvement au profit du bien-étre.

o Laetitia Boyer: Etude comparative sur le fonctionnement psychique de person-
nes présentant différents stades de dépendance.

o Barbara Gawda: Language of love and hate in the narrations created by persons
diagnosed with antisocial personality.

12:30 - 14:00 Lunch
14:30 - 15:30 Reception at the Townhall of Luxembourg city
15:30 - 17:30 Guided tour through Luxembourg City

Friday June 19 2009

09:00 - 10:00 Plenary session IV - Chairperson: Cristian Preda

o Jiirgen Franke: Nonparametric (Financial) Time Series with Sudden Changes in
Structure.

10:00 - 10:30 Coffee break

10:30 - 11:30 Symposium IV - Chairperson: Chitro Majumdar

o Bahar Kinay: Ordered logit model approach at determining financial distress.

o Riturparna Sen: Functional Data Analysis for Volatility.

o Katharina Schiiler & Stefan Giebel: Entwicklung quantitativer und qualitativer
Kennzahlen zur Evaluation des Massregelvollzugs nach Paragraph 64 StGB in
Hessen.

11:30 - 12:30 Plenary Session V - Chairperson: Jirgen Franke
o Jang Schiltz: Group-based trajectory modeling and applications to economics.

12:30 - 14:00 Lunch
14:00 - 15:00 Plenary session VI - Chairperson: Alexander Von Eye

o



Layout Bulletin 02.06.2010 10:31 Uhr Seite 1iE

o Mark Stemmler: A Configural Perspective on the Stability of Externalizing Prob-
lem Behavior in Children: Results from the Erlangen-Nuremberg Development
and Prevention Study.

* 15:00 - 15:30 Coffee break
e 15:30 - 16:30 Symposium VII - Chairperson: Jozef Joosten

o Lony Schiltz, Anna Brytek-Matera & Marjorie Maugendre: L’influence de la
musique sur I’expression picturale d’adolescentes. Une étude comparative entre

différents styles de musique.

o Maud Kuhn: Délinquance et adolescence en difficulté. Prise en charge psycho-
logique a travers I’expression et la créativité.

o Fabrice Chardon: I’ art-thérapie aupres de personnes démentes séniles: comment
apporter une qualité de vie meilleure en modifiant la nature de 1’état pathologi-
que.

* 16:30 - 17:30 Plenary session VII - Chairperson: Jang Schiltz

o Cristian Preda: Statistiques de scan uni et bi-dimensionelles. Théorie et applica-
tions.

e 20:00 Conference dinner - Restaurant Come Prima

Saturday June 20 2009

* 09:00 - 10:30 Plenary session VIII - Chairperson: Lony Schiltz
o Jean-Marie Barthélémy: Changement - transformation - évolution.

e 10:30 - 11:00 Coffee break
* 11:00 - 12:30 Symposium VIII - Chairperson: Jean-Gérald Veyrat

o Laetitia Boyer: Evaluation de I’intérét de la prise en charge par I’art thérapie de
personnes alcooliques hospitalisées pour un sevrage. Présentation de deux
études de cas.

o Ruth Hampe: Zur Wirkung von Bildgestaltungen auf emotionale Gestimmthei-
ten - eine vergleichende Untersuchungsvorlage zur Musikrezeption.

o Stefan Giebel, Jens-Peter Schenk & Jang Schiltz:Application of statistical shape
analysis to the classification of renal tumours appearing in early childhood.

o Lony Schiltz: Projet de recherche FNR 02/05/14. Une meta-analyse des résultats.
e 12:30 - 13:00 Closing session

13
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Examining
distributional characteristics of clusters

A. von LEye

Abstract

Standard cluster analysis creates clusters based on the criterion that their members be
closer to each other than to members of other clusters. In this article, it is proposed to
examine empirical clusters that result from standard clustering, with the goal of as-
sessing whether they contradict distributional assumptions. Four models are proposed.
The models consider two data generation processes, the Poisson and the multinormal,
as well as two convex shapes of cluster hulls, the spherical and the ellipsoidal. Based
on the model, the probability of being in a cluster of a given location, size, and shape
is estimated. This probability is compared with the observed proportion of cases.The
observed proportion can turn out to be larger, as large, or smaller than expected. Ex-
amples are given using simulated and empirical data. The simulation showed that the
size of a cluster, the data generation process, and the true distribution of data have the
strongest effect on the results obtained with the proposed method. The empirical ex-
amples discuss distributional characteristics of cross-sectional and longitudinal clus-
ters of aggressive behavior in adolescents. The examples show that clustering meth-
ods do not always yield clusters that contradict distributional assumptions. Some clus-
ters contain even fewer cases than expected.

Key words: cluster, convex hull, lack of structure, data generation process, Poisson
model, multinormality model, clusters of aggression development

1. Examining distributional characteristics of clusters

Methods of cluster analysis are popular in many empirical disciplinesTypically, clus-
ter analysis is used to identify groups whose members are more similar to each other
than to members of other groups. Applications can be found, for example, in devel-
opmental psychopathology where developmental pathways are clustered. For in-
stance, in a study published by Tubman, Vicary, von Eye, and Lerner (52) (cf. 51),
clusters of the development of drug use in adolescence were formed, and it was shown
that members of different clusters differed significantly on psychiatric scales.

The development of methods of cluster analysis has come a long way (compare 50,
with 18, 12, and 37). Many methods define a clustering criterion, e.g., similarity or
distance, a method of creating clusters, and then produce one or several solutions from
which the user can select (more detail follows below). In addition, most methods are
applied in an exploratory context.

Because of the exploratory nature of most clustering applications, there have been nu
merous attempts to assess and optimize the results of clustering methods. In earlier
studies (e.g. 31, 1), researchers used plasmodes, that is, data sets of known character-
istics, and compared various clustering methods in the recovery of groups that were

14
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known to exist. More recently, researchers applied Monte Carlo methods to explore
the behavior of clustering methods under various and adverse conditions, and to com-
pare clustering methods with each other For example, Beauchaine and Beauchaine (1)
compared the maximum covariance method with the k-means method and found that
k-means has a higher recovery rate when ef fects are weak. When effects are strong,
the maximum covariance method performs better.

Steinley (45, 46) also studied the performance of the k-means method and found that
the solutions of this method are mostly locally optimal. The author, therefore, recom-
mends using cluster validation indices, and he proposes a significance test for the Hu-
bert-Arabie adjusted Rand index. A significance test that is based on intercluster-dis-
tance was proposed by Valdano and Di Rienzo (53). Steinley (47) went one step far-
ther and proposed a diagnostic technique that allows researchers to determine the de-
gree to which a k-means solution can be trusted.

Similarly, and also focusing on k-means, de Craen, Commandeur, Frank, and Heiser
(8) examined whether lack of sphericity and group size affect recovery rates. Results
suggest that both factors have effects and they interact. Brusco (5) went in a different
direction, asking whether, in binary variables, some variables make a contribution to
a clustering structure, whereas others have masking efects on the solution of k-means.
The author proposes a method that allows one to identify the masking variables. Al-
S0 in an attempt to improve the accuracy of clustering proceduresToriandel and Over-
all (49) showed that bootstrapping improves the accuracy with which hierarchical
clustering methods identify the true number of latent populations under practically all
conditions.

Many of these and other approaches share the characteristic that they attempt to as -
sess and improve the solution of clustering proceduresThe number of approaches that
use inference tests for the evaluation of existing cluster solutions is small (e.g., 46,
53). In addition, there has been only a very small number of attempts to answer ques-
tions concerning the characteristics of existing clusters in the face of distributional as
sumptions. For example, Bock (3) and Kopp (24) proposed using the Poisson model
which assumes that the n individual observations follow a uniform distribution (cf.
Dubes & Zeng’s (11) test of spatial homogeneity). The existence of density centers
(clusters) would contradict this assumption.

The current research builds on these attempts. Specifically a method is proposed that
allows one to compare the density in a cluster with the density that is expected based
on some data generation process. This process has the function of a base model in re
lation to an actual cluster solution. The base model represents a hypothesis of lack of
structure. The cluster solution is tested against this hypothesis, at the level of individ
ual clusters.

The method is new in that it allows one to test such hypotheses in a d-dimensional da-
ta space. It involves three steps (a more detailed, algorithmic description follows be-
low). First, a standard cluster solution is selected. When more than one solution is
compared, the new method can be applied to each of these solutions. Second, for each
cluster, the expected density is estimated based on the assumption of a particular da-
ta generation process. This process reflects hypotheses of lack of structure. Third, the

15
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observed and the estimated expected densities are compared. The hypothesis that a
cluster structure exists can be retained if individual clusters contain more (or fewer)
members than expected.

The proposed method does not create clusters. Instead, the method can be used for
cluster evaluation. For this evaluation, criteria are used that are external to the clus-
ter creation process. The proposed method allows one to determine whether a densi-
ty center was expected in the sector of the data space where a cluster was found. For
example, when a cluster analysis indicates that a cluster (density center) was found
near the centroid of a multinormal distribution, the proposed method can be used to
determine whether this cluster contains more cases than would be expected in this sec-
tor of a multinormal distribution. In another application, one can determine whether
merging two significant density centers yields a non-significant center , or whether
splitting a non-significant center yields two significant centers (or one, or none).

The proposed method requires that a cluster solution already exists. The solution that
is evaluated can be the result of any clustering method. However, the method is most
meaningfully applied if the clusters that are evaluated are convex, that is, compact
(more detail follows below).

2. Clustering decisions

When deciding which method(s) of classification to apply, researchers go through a
series of decisions. These decisions depend on the aims of a study and on data char -
acteristics, and largely determine the characteristics of the resulting groups or clusters.
von Eye, Mun, and Indurkhya (57) discussed a series of decisions (for an alternative
taxonomy, see, e.g. 22). The first decision concerns the definition of groups. One can
create groups based on a priori specified criteria and thresholds (supervised classifi -
cation) or using a clustering algorithm (unsupervised classification). In the former
case, each member of a group meets the criteria for group membership, regardless of
their proximity in the data space. In the latter case, members of the same cluster are
positioned relatively close to each other in the data space.

For unsupervised classification, the authors discuss decisions concerning the selection
of a clustering algorithm. These decisions concern 1) the possibility of cluster over-
lap (cf. 48); 2) the cluster formation process liierarchical vs. non-hierarchical); 3) the
degree to which solutions are exhaustive; 4) the characteristic of clustering methods
as stochastic vs.deterministic (cf. 2, 3, 4, 55); 5) the measures used for clusteringdis-
tance vs. correlation); 6) the shape of clusters ( strung-out vs. convex (compact)); T)
latent vs. manifest variable clustering; 8) the number of criteria used for the creation
of clusters (cf. hybrid or multi-objective clustering 9, 6, 26, 54) ; and 9) the assump-
tions made concerning underlying distributions (e.g., model-based clustering; 37).

In this article, assumptions about the distributional characteristics of manifest variable
clusters are discussed. A method is proposed that allows one to evaluate a cluster so-
lution from the perspective of a statistical model that describes a  data-generating
process in the absence of clustering. Based on such a model, tests can be defined to
appraise departures from the model in particular sectors of the data space. These de-
partures can come in the form of clusters. In the following sections, a data example is

16
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presented, and the elements are developed that are needed to inspect a cluster solu-
tion from the perspective of a statistical model.

Data example. Aggressive Impulses and Physical Aggression in Adolescents. The
variables analyzed for this example areAggressive Impulses (AI85) and PhysicalAg-
gression against Peers (PAAP85). These data were collected in 1985, as part of a study
on the development of aggression in adolescents (13). 1985 was the second of three
data waves (the other data were collected in 1983 and 1987). In 1985, the adolescents
were, on average, 13 years of age. 114 participants responded to the questionnaire, 46
of whom were boys. Descriptive statistics for these data appear in Table 1. We ask
whether clusters can be identified that represent specific profiles of aggressive impuls-
es and carried-out aggression against peers.

Table 1: Descriptive Statistics for Physical Aggression Against Peers (PAAP85) and
Aggressive Impulses (AI8S)

PAAPS85 AI85
N of cases 114 114
Minimum 7.000 5.000
Maximum 57.000 29.000
Mean 19.250 17.224
Standard Dev 6.551 4.926
Skewness 1.810 -0.370
SE Skewness 0.226 0.226
Kurtosis 8.485 -0.077
SE Kurtosis 0.449 0.449
SW42 Statistic 0.886 0.982
SW P-Value 0.000 0.121

4SW = Shapiro-Wilks normality test

The results in Table 1 show that P AAPSS is skewed, has excessive kurtosis, and is
deemed non-normal. In contrast, forAI85, the hypothesis of a normal distribution can-
not be rejected. Because PAAP8S is non-normal, multivariate tests of normality do not
need to be performed. Figure 1 displays the bivariate scatterplot oAI85 and PAAPSS.
Cluster membership is labeled for the four clustersolution. The clusters were created
using complete linkage based on Euclidean distances.

It is well known that standard complete linkage is not always able to create a solution
with maximally homogeneous clusters (17). Therefore, in order to avoid severe mis-
groupings, the data were analyzed also usingWard’s (58) method. The four cluster so-
lution was selected based on the change in within-cluster distance calculated for both
methods. The solutions were, up to this point, identical. However , the two methods
take discrepant aggregation steps beginning with the three-cluster solution (see be-
low).

17
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Figure 1. Scatter-
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sion. Complete
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tions would have
fused the compact clusters, and the isolate would have stayed by itself through the end
of the hierarchical procedure. Ward’s method assigned this individual to the third clus
ter three hierarchical levels before the end of the procedure, thus creating a rather het
erogeneous cluster.

The first cluster suggests that a group of adolescents exists that experiences low-lev-
el aggressive impulses and engages in little aggression against peers. Members of the
second cluster experience medium to high levels of aggressive impulses, and still en-
gage in little aggression against peers. Members of the third cluster experience medi-
um to high level of aggressive impulses and engage in medium level aggression
against peers. The isolate is an individual who experiences medium level aggressive
impulses and engages in extreme levels of aggression against peers. Later in this ar -
ticle, we ask whether these density centers contradict hypotheses of lack of structure.
If the clusters represent density centers, the estimated expected density for clusters
will be below the observed. This will be tested for each cluster.

3. Departures from a data-generating process

A Data Generating Process (DGP) is defined as a model that describes how data were
generated. In the context of cluster analysis, DGPs yield the joint probability distri-
bution that is assumed to characterize the population from which a given data set was
drawn. Three DGPs have been discussed in the context of cluster analysis in particu-
lar (for an overview, see 12), therandom dissimilarity matrix model, the Poisson mod-
el, the unimodal model.

18
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The random dissimilarity matrix model uses the ranks of the (dis)similarities of all
pairs of individuals. The null hypothesis of this model states that all permutations of
these ranks are equally likely (cf. the random graph hypothesis; 21). Departures are
compatible with the hypothesis of chistering. The random dissimilarity model has been
criticized because it creates an unrealistic distribution of test statistics under the null
hypothesis (21). Therefore, it will not be discussed in this article in any more detail.

The Poisson model. Consider the distribution of the d-variate observations of the n
individuals under study. The Poisson model assumes that these observations are part
of a uniform distribution over some region A of the d-dimensional data space (d-
space). If this assumption applies,

(i) the underlying frequency distribution has no mode;

(i1) the number of individuals observed within any subregion, Ag, is a random num-
ber;

(ii1) this number follows a Poisson distribution;

(iv) the numbers of observations in non-overlapping subregions are independent;

(v) the number of individuals within Ag is AlAgl, where A is the constant intensity
(mean; see below), and [Agl is the d-dimensional volume of Ag.

The Poisson distribution has the probability density function

f(x)=

>

7\’16-7\
|

X

where x indicates the number of cases under study, and A > 0. E(X) = A, that is, A is
the mean of the Poisson distribution. For A < 1, the distribution has a mode at x = 0,
with the probabilities of larger frequencies tapering off. As A increases, the distribu-
tion becomes more symmetric.

For the clustering problem, one assumes thatA is constant across all subregions of the
d-space (homogeneous Poisson process). Therefore, the expected frequency for a giv-
en subregion depends only on the size of the subregion.

Subregions are defined by clusters. Significance tests have been discussed that allow
one to test the null hypothesis that an agglomeration of cases does not violate the as-
sumption of a uniform distribution. A number of approaches has created test statistics
based on Monte Carlo simulations (see, e.g., Bock$ uniformity hypothesis (3), or Jain
and Dubes’ random position hypothesis (21)). In the present article, the binomial test
is used to evaluate the null hypothesis of a uniform distribution ind-space (cf. Diggle
(10)).

The unimodal model. In contrast to the Poisson model, the unimodal model propos
es that the DGPyields a frequency distribution with one mode. Examples of such dis-
tributions include the binomial and the normal distributions. In the context of cluster-
ing, most of the known tests for this model are limited to univariate data situations (3,
19). In this article, we propose extending this approach to multivariate normal data sit
uations. We use results from Somerville (42, 43, 44; cf. (15, 16)) which allow one to
calculate the probability of subregions ind-space under the assumption of a multivari-
ate normal (multinormal) distribution.
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The null hypothesis for the unimodal model states that the subregions (clusters) do not
contain more (or fewer) cases than expected based on the assumption that the frequen-
cy distribution has one mode. In the approach proposed here, this is the mode of a
multinormal distribution. It should be noted that the joint distribution of several clus-
ters can still be unimodal. However, the individual cluster may nevertheless contain
more or fewer cases than expected under the assumption of a joint unimodal distribu-
tion. The method proposed here allows one to evaluate individual clusters.

4. Testing departures from a distributional assumption

In this article, we present methods that allow one to test departures from distribution-
al assumptions. A system of four methods is introduced.The four methods result from
crossing the variables Shape of Cluster and DGP. Table 2 (below) displays the scheme
of the four methods.

Shape of cluster. The estimation of the size of the density mass that is expected for a
cluster is based on a practical decision. A number of clustering algorithms yield clus-
ters that have been described ascompact (22) or spherical (12, 59). The complete link-
age, average linkage, the centroid algorithms, k-means, and Ward’s algorithm are ex-
amples of such methods. Because of this characteristic, circles and ellipses can be fit-
ted to the clusters in 2-space, and spheroids and ellipsoids in d-space. The volume of
these compact bodies can be determined (see Appendix). This volume can be set in
relation to the overall volume of the data set. From the ratio of these two volumes, the
expected number of cases can be estimated when the Poisson model is the DGP. Us-
ing the methods described by Somerville (44), the probability density mass inside the
hulls can be estimated when the multinormal DGP is used.

Table 2: Four Methods for Examination of Hypotheses Concerning the Absence of
Clustering Structure

Data Generating Process

Poisson multinormal
spherical uniform distribution; multinormal distribution;
Shape of Cluster spherical cluster hulls  spherical cluster hulls
ellipsoidal  uniform distribution; multinormal distribution;

ellipsoidal cluster hulls ellipsoidal cluster hulls

For clustering methods that yield strung-out cluster shapes or, in more general terms,
for methods that create non-convex clusters, the methods discussed here are less use-
ful.

Estimating the probability density mass for a convex cluster under the Poisson
model. Consider a convex subregion, Ag, in 2-space, that can be described by circle
or an ellipse. The convex hull for either is

X, —c) x-¢)
Z + =1

’

a;
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where x, and x, are the two coordinates of a point of the hull, ¢, and ¢, are the coordi-
nates of the center of the hull, and a; and a, are the lengths of semi-axes of the hull.
If a, = a,, the hull circumscribes a circle, otherwise an ellipse. The area inside an el-
liptical hull is a; - a. - * which becomes r*1, the area of a circle with radius r, if a; =
a,=r.

To estimate the expected number of cases for the cluster described by this convex hull,
let A7 be the total region under study and, as before, Ag the subregion of a cluster .
Then, under the Poisson model, the probability density mass for subregion Ag can be
estimated by p., = A,/ A,. The estimated number of cases for this subregion is e4, =
Pag~ n, where n is the total number of cases in the sample. This number can be com-
pared with the observed number of cluster members using, for instance, the binomial
test, the z-test, or the X -test.

Obviously, the case just described is a special case. It describes the hull of a cluster in
2-space. In addition, if the hull is an ellipse, it describes the case in which the axes of
the ellipse are parallel to the axes of the coordinate system. In more general terms, the
hull of an ellipsoid or spheroid is, in d-space,
x'R'VRx,= 1,

where x, is the d x 1 vector of differences of a point on the hull from the center of the
convex body (elements of x, appear in the numerators of the first equation of this see
tion), R is the d x d matrix of the orientation of the ellipse, and V is the inverse of the
d x d matrix that contains the squared lengths of the semi-axes of the ellipsoid in its
diagonal.
In 2-space, for a rotation of the ellipsoid by the angle ¢ about the origin, R is given
by

‘cos ¢ sin @

—sin ¢ cos ¢’

In 3-space, three rotation surfaces about the coordinates axes need to be considered.

These are
1 0 0 cos¢o O sing cos¢ sing 0
Ri=|0 cos¢p sing|, R, = 0 1 0 |,and Ry=|-sin¢@ cos¢ 0.
0 —sin¢g cos ¢ —sing 0 cos o 0 0o 1

d
Accordingly, in d-space, [2] rotation projection surfaces need to be considered.

If rotation around more than one axis is required, matrixR can be created as the prod-
uct of a series of rotations, thatisR=R, - R,-R,- R, - ... - R,dl.

Matrix V contains the reciprocals of the lengths of the semi-axes of the ellipsoid. For
example, in 3-space, this matrix is

/22 0 0
V=0 1a 0
0 0 1=
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Obviously, if the convex hull describes a spheroid, thez, are of equal length, and there
is no need to take orientation into account. The volume of these bodies can be calcu-
lated using the equations given in the Appendix. Given the volume of the total data
body and the volume of a subregion, the number of cases in a subregion that is ex-
pected under the Poisson model can be estimated as indicated above.

Estimating the probability density mass under the multinormal model. To esti-
mate the probability for a case to be located in subregion Ay, we propose using a
method developed by Somerville (42,43). Consider the random variate X = (x,, x,, ...,
x,) which has the distribution f( x) = MVN(U, X6?), that is, is multinormally distrib-
uted. X is known and positive definite, typically a variance-covariance matrix or a cor-
relation matrix, and G* is a constant. Now, consider the subregion Ag which is a sub-
set of the space within which the random variate is multinormally distributed. This
subregion describes the cluster under study In different words, the subregionAg is ei-
ther spherical or ellipsoidal and is given by |x’dR’VRxd | > 1.
Somerville’s (42, 43, 44) method allows one to evaluate f(x) over Ag by
P=]_fixx.
P is the probability density mass of the ellipsoid under the assumption of the multi-
normal DGP . Somerville’ s method first performs a coordinate transformation
(Cholesky decomposition) so that a new coordinate system results with d uncorrelat-
ed normal (or spherically symmetric) random variables with unit variances. The sub-
region under study is bound by the spheroids or ellipsoids that circumscribe the clus
ters. Then, a pre-specified number of points in random directions is obtained. For each
of these points, probability estimates are calculated. This process is repeated a pre-
specified number of times on the same subregion (for the examples in this article, this
number was set to 10.000). The integral is obtained as the average of the probability
estimates (for more technical detail, see 44).

Somerville (42, 43) discusses two cases. First, the constant variance,c?, is known. In
this case, the distribution is multivariate normal. Second,c? is estimated from the da-
ta. In this case, the distribution is multivariate t. Somerville has published a Fortran
program (44) that allows one to evaluate f(x) over Ag for any location and any orien-
tation of an ellipsoid. This program was used for the examples in the following sec-
tions.

Creating the ellipsoids. As was mentioned above, a number of clustering methods
tends to create spheroid clusters. If clusters are perfectly spheroid, they can be de -
scribed using d-dimensional spheres, that is, ellipsoids with axes equal in length.
However, in many data situations, ellipsoids with unequal axes may provide a tighter
description of the subregion that is defined by a cluster. This is the reason why some
authors call the shape of such clusterscompact (22) instead of spheroid (12). One rea-
son for an ellipsoidal shape of clusters is the correlation among variables.

A number of methods has been proposed to determine the optimal ellipsoid for a giv-
en body of data. For example, Kumar and Yildirim (25) proposed a method that min-
imizes the volume of an ellipsoid that encloses a body of data. For the purposes of the
proposed method, the following two criteria are set for such an ellipsoid (also called
Lowner ellipsoid; see (25)):
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1. All data points must be enclosed by the ellipsoid. This criterion makes the method
vulnerable to the presence of outliers. When compact clusters are studied, outliers
are unlikely to exist. They will surface, however, when a cluster results from fus-
ing cases that are far apart from each other. In this case, it is unlikely that the clus-
ter can be qualified as containing more cases than expected based on a particular
DGP.

2. The centroid of the ellipsoid is the midpoint of the line that connects the two data
points that are the farthest apart from each other in the cluster under studyThis cri-
terion guarantees that all data points that belong to a cluster will reside either in-
side the convex hull or on it. In addition, if only the two farthest-apart points are
located on the hull of the ellipsoid, there will always be an ellipsoid that has at least
one axis that is shorter than the distance between these two points. Naturally , the
volume of this ellipsoid will be smaller than the volume of the corresponding sphe-
roid.

These two criteria are met by an ellipsoid that results from shrinking the axes of the

ellipsoid as long as possible before the first data point is no longer located inside the

ellipsoid. This procedure is performed iteratively for all axes. To determine whether
data point X" = {x,, X,, ..., x,} is located inside an ellipse, we insert it into x,R'VRx,.

The data point X is located

« inside the ellipsoid, if | ¥, R'VRx, | < 1
* on the hull of the ellipsoid, if | x,R'VRx, | =1

e outside the ellipsoid, if | ¥, R'VRx, | > 1

The steps of testing for the absence of structure. We now have all the elements we
need for a procedure that allows one to test for the absence of cluster structure. This
procedure involves four steps.

1. Clustering cases. The decision as to which clustering procedure to apply is fueled
by the decisions reviewed above (57). However, for the procedure that is proposed
here to be meaningful, clusters must be created that are compact in the sense that
they can be circumscribed using spheroids or ellipsoids.

2. Circumscribing clusters. In many cases, Lowner ellipsoids may be the shape of
choice because they (1) minimize the volume of the subregion constituted by a clus-
ter, (2) minimize overlap of subregions, and (3) reflect the correlations among vari-
ables. However, when the variables that are used for clustering are independent,
spheroids can be a reasonable choice (and the ellipsoids may not be much smaller
than the spheroids).

3. Determining the expected number of cases. Based on either the Poisson or the
multinormal model, the expected number of cases can be determined for each sub
region Ag, that is for each cluster The multinormal DGPis a good choice if the dis-
tribution under study can be assumed to stem from a multinormal distribution. If
there are clear deviations from multinormality (in particular in kurtosis; see (39)),
lack of structure may be violated even if there is no cluster structure. In these cas-
es, the Poisson model may be preferable (40).
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4. Testing against lack of cluster structure. The binomial test or any of a lar ge num-
ber of approximate tests can be used here.0l protection is highly recommended, for
instance, the Bonferroni or the Holland and Copenhaver (20) methods. Deviations
from the distribution proposed by the DGP suggest the existence of clusters if (1)
the clusters were created using a clustering method, and (2) the test proposed here
suggests that a cluster has more members than expected under the DGP.

5. Data examples

Two data examples are given in this sectionThe four models presented inTable 2 will
be considered for each example. In the first example, we analyze the two variables ag-
gressive impulses and physical aggression against peers in adolescents We use the re-
sults from the example in Figure 1. The questions we ask concern hypotheses of lack
of structure. In the second example, we use the aggression data again and examine
clusters of the development of physical aggression against peers. Following the data
examples, we present results of a simulation study.

Data example 1. Using results depicted in Figure 1, we now perform Steps 3 and 4 of
the cluster evaluation. Results are summarized in Table 3. We use the Bonferroni-ad-
justed ov* = 0.05/(3-4) = 0.0042.The table shows, in subsequent rows, the size of each
cluster, the area covered by the cluster when circles or ellipses are used as hulls, the
probability of the hypothesis of no cluster structure under the Poisson and the multi-
normality data generation processes, and, indicated by m or f, whether a cluster con-
tains more or fewer cases than expected.

Table 3: Testing Hypotheses of Lack of Structure for the Cluster Solution in Figure 3

Cluster
) 1 2 3 4
Size (N)
21 35 57
Poisson Model — circles
Area 145.30 194.11 292.95
P .000079 <.000001 < 0.000001
e>N? m m m
Poisson Model — ellipses
Area 145.30 155.85 292.95
P .001524 <.000001 < 0.000001
e>N? m m m
Multinormality Model — circles
P <.000001 <.000001 .094951
e>N? m m m
Multinormality Model — ellipses
P <.000001 <.000001 <.000001
e>N? m m m
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The results in Table 3 show that each of the cluster contains more cases than expect-
ed (later, we will see that this is by no means always the case). With only one excep-
tion (Cluster 3, circles) the deviations from expectancy are significant. ~ Therefore,
these cluster can be considered density centers even in the light of two different data
generation processes.

Table 3 also shows that the isolate has two efects on the cluster structure. First, it oc-
cupies an area of size zero. Therefore, an evaluation of this cluster would be point-
less. After absorbing this isolate, at least one of the other clusters is much less dense-
ly populated than it would be after absorption of the isolate. This would be cluster 3
when Ward’s method is used. When complete linkage is used, the isolate will stay by
itself until the last agglomeration step.

Shrinking the area of the circles by shortening the axes of the ellipses was possible
only for one Cluster (Cluster 2). Still, the results for the circular and the ellipsoidal
hulls are not the same for Cluster 3. Specifically under the multinormal DGP the cir-
cular cluster does not difer from expectation whereas the ellipsoidal cluster doesThe
reason for this discrepancy is that the overall ellipse occupies less space than the over-
all spheroid.

Data example 2. The development of physical aggression against peers in adoles -
cence. In this example, we use the variable Physical Aggression Against Peers

(PAAP). This variable was observed in 1983, 1985, and 1987 The univariate descrip-
tive statistics appear in Table 4.

Table 4: Descriptive statistics for the variable Physical Aggression against Peers, ob-
served in 1983, 1985, and 1987 (PAAP83, PAAPSS, and PAAPS7)

PAAPS3 PAAPS85 PAAPS7
N of cases 114 114 114
Minimum 8.000 7.000 7.159
Maximum 44.000 57.000 32.244
Mean 21.291 19.250 16.905
Standard Dev 8.254 6.551 5.334
Skewness 0.606 1.810 0.420
SE Skewness 0.226 0.226 0.226
Kurtosis -0.471 8.485 0.102
SE Kurtosis 0.449 0.449 0.449
SW4 Statistic 0.950 0.886 0.977
SW P-Value 0.000 0.000 0.044

The results in Table 4 show that none of the three variables is normally distributed. In
addition, both PAAP83 and PAAPS5 are skewed, and PAAPS85 has excessive kurto-
sis. None of these results is surprising, given that physical aggression is subject to
strong developmental change.

To create clusters, we perform complete linkage analysis. Using the same criteria as
in the previous examples, we decide that 4 clusters may be suficient, one of them be-
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ing constituted by the isolate already discussed in the last data example. Figure 2
shows the developmental trajectories of the four clusters.

Figure 2. Developmental

60 L ] I . . .
trajectories of physical ag-
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. 5 ; e clusters reflect significant

PAAPS83 PAAPSS PAAPS7
Physical Aggression; three waves

departures from the two
DGPs i ncluded h ere, t he
Poisson and the multinor-

mality models. As before, the isolate is not included in the calculations. Table 5 dis-
plays the results. We use the Bonferroni-adjusted o* = 0.0042.

Table 5: Testing Hypotheses of Lack of Structure for the Cluster Solution in Figure 2

26

Cluster
Size (N) ! 2 3 4
68 32 13 1
Poisson Model — spheroids
Area 6406.79 7561.03 4902.87
P <.000001 <.000001 0.002891
e>N? m m m
Poisson Model — ellipsoids
Area 145.30 155.85 292.95
P <.000001 <.000001 0.002891
e>N? m m m
Multinormality Model — spheroids
P <.000001 0.023235 0.000081
e>N? m f m
Multinormality Model — ellipsoids
P <.000001 0.023235 0.000081
e>N? m f m
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The results inTable 5 show that complete linkage was successful againWith only one
exception, each cluster shows significant departures from the two DGPs used in this

comparison. The exception is the second cluster For spheroids (and the ellipse which
is identical in shape and location) under the multinormality model, it neither reflects

a significant deviation from expectation nor a density center . To the contrary, in the

region constituted by the second cluster, the number of observed trajectories is (non-
significantly) smaller than the expected number. Finally, only the first cluster was re-
duceable to an ellipsoid with shorter axes.

6. A Simulation Study

In the following section, we describe the results of a simulation studyWe ask whether
clusters that were created using hierarchical agglomerative methods that are known
to produce convex clusters still stand out when examined under the homogeneous
Poisson and the multinormality models. We do this for both spherical and ellipsoid
cluster hulls. The simulation program was written in FORTRAN 90 and executed un-
der Windows Vista. The following design variables were used in the simulation.

Method of clustering (MC). Six methods of hierarchical clustering were used: Ward’s
method, complete linkage, average linkage, McQuitty3 (32) method, median linkage,
and the centroid method. These methods were selected because they belong to the
family of methods that create convex clusters, are hierarchical, and can be based on
the Euclidean distance among data points.

Number of variables (D). The number of variables ranged from 3 to 8, in increments
of 1.

Data Generation Process (DGP). The Poisson and the multinormality processes were
considered.

Shape of Hull (ICIRC). Ellipsoid and spherical hulls ere considered.

Type of data distribution (DISTRIB). Normal and uniform distributions were created.
Sample size (N). The sample sizes ranged from 90 to 150, in increments of 20.
Cluster size (NCLUSTER). This variable resulted from the simulation. The smallest
cluster that was considered, included four cases.This number may seem small. How-
ever, if cases are close to each otherthat is, if a cluster occupies very little space, even
four cases can be more than expected under a particular data generation process. The
largest cluster included 149 cases.

Intercluster distance (DIST). The Euclidean distance between cluster centroids was al-
so included in the analyses. This variable also resulted from the simulations.

For the following analyses we use all design variables as factors of an ~ ANOVA in
which the tail probability of the individual clusters was used as the dependent vari-
able. The tail probability was calculated using the exact binomial test. Only the sam-
ple size, N, was used as a covariate, along with NCLUSTER and DIST. Table 6 dis-
plays the ANOVA results. All calculations were performed with SYST AT and con-
firmed with Splus. The total sample size (= number of clusters examined) was
147.368. The overall p-value was 0.091 (sd = 0.148).
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Table 6: ANOVA Results for the MC x D x DGP x ICIRC x DISTR Design with the Co-
variates N, NCLUSTER, and DIST

Source Type 111 df Mean F-ratios p-value
SS Squares

MC 5.979 5 1.196 60.701 0.000
D 15.091 5 3.018 153.216 0.000
DGP 62.552 1 62.552 3175.389 0.000
ICIRC 8.681 1 8.681  440.687 0.000
DISTRIB 16.992 1 16.992  862.607 0.000
MC*D 7.240 25 0.290 14.701 0.000
MC*DGP 6.425 5 1.285 65.231 0.000
MC*ICIRC 0.969 5 0.194 9.836 0.000
MC*DISTRIB 1.701 5 0.340 17.271 0.000
D*DGP 1.229 5 0.246 12.477 0.000
D*ICIRC 5.360 5 1.072 54.421 0.000
D*DISTRIB 2.488 5 0.498 25.260 0.000
DGP*ICIRC 11.723 1 11.723  595.102 0.000
DGP*DISTRIB 0.021 1 0.021 1.057 0.277
ICIRC*DISTRIB 0.022 1 0.022 1.131 0.266
MC*D*DGP 9.136 25 0.365 18.551 0.000
MC*D*ICIRC 1.310 25 0.052 2.660 0.000
MC*D*DISTRIB 10.267 25 0.411 20.847 0.000
MC*DGP*ICIRC 0.484 5 0.097 4913 0.000
MC*DGP*DISTRIB 1.577 5 0.315 16.009 0.000
MC*ICIRC*DISTRIB 0.179 5 0.036 1.816 0.106
D*DGP*ICIRC 5.036 5 1.007 51.128 0.000
D*DGP*DISTRIB 3.134 5 0.627 31.824 0.000
D*ICIRC*DISTRIB 0.779 5 0.156 7.912 0.000
DGP*ICIRC*DISTRIB 0.223 1 0.223 11.316 0.001
MC*D*DGP*ICIRC 1.544 25 0.062 3.135 0.000
MC*D*DGP*DISTRIB 8.314 25 0.333 16.882 0.000
MC*D*ICIRC*DISTRIB 1.988 25 0.080 4.037 0.000
MC*DGP*ICIRC*DISTRIB 0.116 5 0.023 1.176 0.318
D*DGP*ICIRC*DISTRIB 0.364 5 0.073 3.692 0.002
MC*D*DGP*ICIRC*DISTRIB 1.115 25 0.045 2.264 0.000
N 0.922 1 0.922 46.826 0.000
NCLUSTER 36.902 1 36.902 1873.288 0.000
DIST 0.041 1 0.041 2.106 0.145
Error 2897.254 147077 0.020
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Table 5 shows that, with a few exceptions, all main efects and interactions are signif-
icant. Considering the large sample size, this is not surprising. One notable exception
is the intercluster distance (DIST). In spite of the lar ge sample, this ef fect remains

non-significant. Overall, 10.3% of the variance were explained by the factors and the

covariates. Also because of the large sample, some effects are significant yet their ef-
fect sizes are small. Some of the effects are so small that they cannot be made out in

a histogram or scatterplot. We now illustrate some of significant ef fects (and one of

the non-significant effects) in graphical form.

First, in order to give an overview of the effects in general, and to show the distribu-
tion of scores, we display the scatter of the dependent variable,p, by type of distribu-
tion, DISTRIB. Figure 3 displays the histograms.
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Figure 3: Density histogram of p, by type of distribution

Figure 3 shows that, under the two distributions, the tests against lack of cluster struc
ture come with very similar distributions of the tail probability, p. About 50% of the

p values are .05 or below. This is not surprising, considering that half of the distribu-

tions under study were approached under the assumption that a dif ferent data gener-

ation process had been at work. Specifically 25% of the distributions were normal but
approached under a homogeneous Poisson (uniform) hypothesis.Another 25% of the

distributions were uniform and approached under a multinormal hypothesis. The dif-

ference between the two distributions in Figure 3 is that the mean of p is higher for

the uniform distribution.

The second histogram shows the effect of shape of cluster (ICIRC in Table 5) on the
distribution of p (Figure 4).
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Figure 4: Density histogram of p, by shape of cluster hull

Figure 4 shows that the mean of p is higher for spheroids than for ellipsoids. This is
as expected, because the ellipsoids are, on average, smaller in volume than the sphe-
roids. Given that the number of cluster members in corresponding ellipsoids and sphe-
roids is the same, the density is bound to be more extreme in ellipsoids. Figure 5
shows the distribution of p by Data Generation Process. This is, by far, the strongest

effect of all.
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Figure 5: Density histogram of p, by data generation process

Figure 5 shows that the mean of  p is higher for the multinormal data generation
process. Not shown here is the interaction DGP x DISTRIB. This interaction shows
that the mean of p assumes the lowest value for uniform distributions that are ap -
proached under the hypothesis of a homogeneous Poisson distribution (which predicts
a uniform data distribution). Under this condition, almost 90% of the clusters deviate
significantly from expectation. In stark contrast, when clusters in multinormal distri-
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butions are tested under the assumption that the DGP is multinormal, less than 40%
of the clusters deviate significantly from expectation. This is as expected because
some of the clusters are located close to the centroid of the distribution were the den-
sity mass is, naturally, higher.

Another strong effect is that of cluster size (NCLUSTER). This effect indicates that
larger clusters are more likely to deviate significantly from expectation than smaller
cluster. This effect is independent of sample size, as is illustrated in Figure 6The grid
inside this scatterplot represents the regression hyperplane of p on N and NCLUS-
TER. It shows that the mean of p increases as NCLUSTER decreases, but it stays the
same as N increases.

Figure 6: (Lack of)
Cluster size by sample
size interaction

Figure 7 displays the distribution of p, by method of cluster analysis.This is the weak-
est of all significant main effects.
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Figure 7: Distribution of p, by method of cluster analysis

31

o



Layout Bulletin 02.06.2010 10:31 Uhr Seite 3%E

Figure 7 shows that the distribution of p changes little across the six methods of hier-
archical cluster analysis. The number of significant deviations is highest for the aver-
age linkage method and lowest for median linkage. Still, the distributions are very
similar. This is as expected as the methods used here belong to the family of hierar-
chical methods that can be expected to create compact clusters, all based on the dis-
tances among members of a sample.

Finally, the scatter of p by intercluster distance is almost rectangular. It is not shown
here.

7 Discussion

It was the goal of the current research to propose and illustrate a method that allows
one to answer the question whether empirically identified clusters still reflect densi-
ty centers when examined with reference to a Data Generating Process.  Two such
processes were studied. One, the homogeneous Poisson model, yields uniformly dis-
tributed data. The other yields multinormal data. In the following paragraphs, we first
discuss the new method in the context of methods of cluster analysis. Then, we dis-
cuss characteristics of the new method.

There have been several attempts to devise probabilistic models for clustering. Four
attempts will be reviewed here. A currently intensively researched attempt involves
latent variable models. Examples include latent class analysis (27, 38) and latent class
mixture models (23, 33, 34, 35). The goal function of these methods is a probability
function. The most likely partition is selected. In contrast to these methods, the
method proposed in this article uses probability functions to evaluate existing clusters,
not to create them. The present method starts from clusters that have been created us-
ing standard methods of cluster analysis, specifically those that tend to create convex
clusters.

Another group of methods can be traced back to an approach proposed by W. Fisher
in 1958. It involves partitioning by exact optimization, at the level of manifest vari -
ables. This method involves creating clusters based on the weighted distance of ob-
jects to the mean of a convex cluster For each partition, a score on a density function
can be estimated. Minimizing this function yields the ML solution of Fisher’s opti-
mization problem. Modern versions of this approach have been developed in the con-
text of image and text processing (36).

Third, there exist many methods to determine the number of clusters statistically
Standard statistical methods such asANOVA are not recommended because the rejec-
tion of the null hypothesis is uninformative. In fact, most non-overlapping sectors in
the data space dif fer from each other in the location of their centroid. Similarly , the
usefulness of methods has been challenged that test against the null hypothesis of ran
dom assignment to the clusters (40). However , there exist useful and practical ap-
proaches. For example, in latent class analysis, the number of latent classes can be de-
termined by way of comparing models that difer in the number of classes.A nonpara-
metric method in the domain of manifest variable clustering was proposed (and im-
plemented in SAS) by Sarle and Kuo (41). This method combines kernel estimation
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with clustering. It creates spherical clusters that can vary in radius. For each cluster ,
the maximum density inside the cluster is compared to the maximum density at its
boundary. Objects are assigned to clusters until each cluster is significant in the sense
that the within-cluster maximum density is greater than the boundary maximum den-
sity. A recent approach is based on the Hubert-Arabie adjusted Rand index (46).

The approach developed in the current research belongs to a fourth groupThis group
considers clusters as modes in a probability density function. Up to 1998, when
Somerville published his program for the estimation of the probability mass in ellip-
soids of arbitrary orientation under the assumption of a multinormal distribution (or
up until 1992, when Genz presented a similar method for rectangular sectors in the
multivariate data space), the analysis of cluster density under the assumption of a DGP
that yields a multinormal distribution was hardly tractable. Indeed, the methods pro-
posed before this time considered only the univariate case (3, 19).

The present research extends these approaches. It starts from solutions that were gen-
erated using such well known clustering methods as complete linkage or Ward’s
method. Then, it asks whether the resulting clusters contradict predictions made from
the assumption that a particular DGP  yielded the data. In the present article, this
method is developed and applied under the Poisson and the multinormal models, in
multidimensional data spaces.

It is important to note that the present procedure is diferent than what is known ashy-
brid clustering methods (see, e.g. (26, 60)). Hybrid methods create clusters based on
the criteria used by two or more clustering methods. For example, Zhang, Ramakr-
ishnan, and Livny (61) proposed an algorithm that creates a tree structure by combin-
ing standard hierarchical clustering with elements of memory optimization (BIRCH
algorithm; balanced iterative reducing and clustering using hierarchies). This algo-
rithm is useful in particular when large data sets are analyzed. The size of memory
needed is smaller than the data set Another example is the method proposed by Kwon
and Han (26) who combine hierarchical clustering with k-means.

In contrast, the method proposed here use the spatial distribution test after the clus -
ters are formed. It does not af fect the process of clustering itself, nor does it af fect
cluster membership of individual cases. Of course, the methods proposed here can al
so be applied to clusters from hybrid clustering (if the clusters can be assumed to be
compact).

We now ask whether the method proposed here can be used 1) in the context of cre-
ating hybrid clusters and/or 2) to guide decisions about the optimal number of clus-
ters. The answer to the first question requires a definition concerning the quality of a
cluster solution. Several definitions are conceivable. For instance, one could require
that each cluster represents a significant departure from the distribution created by
some DGP. Alternatively, one could require exactly this, but exclude isolates or clus-
ters with very small numbers of cases.Also, one could require this and attempt to op-
timize the number of clusters. One could also try to derive amoverall significance test
for all clusters that may be based on using, for instance, probability poolers (7, 57).
Obviously, there is a number of definitions that can be discussed. Future research will
address this issue.
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The answer to the question concerning the optimal number of clusters depends on the
definition of ,,optimal.* The considerations that can be undertaken are similar to the
ones for the question concerning the incorporation of the new method into a method
of hybrid clustering. Again, this is material for future research.

We now ask what a researcher is supposed to do when a compact cluster fails to con-
tain more cases than expected based on a DGP. An example of such a case is a group
of cases that, based on proximity criteria of clustering, forms a cluster near the mode
of a unimodal distribution, and is identified as containing the expected number of cas-
es. In this and similar cases, the researcher may conclude that this concentration of da-
ta points exists. However, with reference to distributional assumptions, this concen-
tration does not surprise. Based on this conclusion, clusters can be grouped into those
that do versus do not contradict an expectancy that is based on a DGP. Comparisons
of clusters on other variables than those used for clustering may use this grouping in-
formation.

The position of the new method in the research process is that the method cannot be
used to confirm or disconfirm a cluster structure. However , the method can be used
to determine whether hypotheses about a cluster structure are tenable when assump-
tions about data generation processes (or underlying distributions) are taken into ac -
count. Typically, these assumptions are unrelated to the decisions that led to the se-
lection of the variables to be clustered, a particular method of cluster analysis, or a par-
ticular number of clusters. The new method, therefore, can be viewed as a method for
evaluation of an existing cluster structure, comparable to an external validation.

In addition, the new method will not help researchers make the practical clustering
choices discussed in the introduction of this article. This includes variable selection
and choosing the number of clusters. However the method will help identify individ-
ual clusters as more (or less) surprising than the statement that, for example, there is
a concentration of data points near the center of a multinormal distribution. In more
general terms, the proposed method allows the researcher to quantify the degree of
concordance between the criteria used to create a cluster solution and specific data
generation processes. The method allows the researcher to formulate testable hypothe
ses about the relationships between data generation processes and proposed cluster
structures.
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Appendix: The volume of spheroids and ellipsoids in p-space

A p-dimensional ellipsoid can be described by
x,R'VRx, =1,

where x, is the p x 1 vector of differences of a point on the hull from the center of the
convex body, R is the p x p matrix of the orientation of the ellipse, andV is the inver-
se of the p x p matrix that contains the lengths of the semi-axes of the ellipsoid. The
orientation has no effect on an ellipsoid’s volume. Therefore, the equation reduces, for
the following considerations, to

x',R'VRx, = 1.
Let the length of the ith semi-axis of an ellipsoid be denoted by a;,, withi=1, ..., p.

Then, the volume (or area, for p = 2) of ellipsoids can, for 2 = p > 10, be calculated
as given in Table A1.

Table Al
Equations for the Area/Volume of Spheroids and Ellipsoids for up to 10-space

Number of dimensions Area/Volume

2 a,a,m
3 4/3(aja,a,)m

4 Hz[]i]a,.]rﬁ

5 8!]5{1?1:1,];13
6 lfﬁ[ﬁal]:r"
7 lG!IOS(Ii[arJ:r"
8 1;24(11[(;{%‘

9 32/945[ fg]HJ

10 mzo[ﬁa,.}r‘

=l

If the convex body is a spheroid, the ai are constant, thatis, a, = r. In this case, the
equations given in Table A1 still apply. They simplify, however. For example, forp =
6, one obtains 1/6 r°7’ for the volume of the spheroid with radius r.
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Formanalyse
in der Magnetresonanztomografie —
Landmarken und Objektdifferenzierung bei
retroperitonealen Tumoren im Kindesalter.

S.M. Giebel, ]. Schiltz, N. Graf & ].-P. Schenk

Zusammenfassung

Die 2D-Formanalyse (Shape Analysis) bei biologischer Objekten mittels des Tests
nach Ziezold (12) wurde 2007 erstmals anhand von MR’ (Magnetoresonanztomogra-
phie)-Daten am Beispiel von Nierentumoren im Kindesalter beschrieben (3). Die
Formanalyse erfordert eine Erhebung von Landmarken (n>2). In der vogestellten ak-
tuellen Studie wurden explorativ 24 Landmarken um den Tumorrand gewéhlt. Die
durch die Landmarken beschriebene Gestalt wurde standardisiert und zentriert. Ana-
lysiert werden Landmarken aus transversalen und coronalen MR-Schnittebenen. Tu-
more unterschiedlicher Topografie und Grofle werden miteinander vergleichbar. Die
Differenzierung relevanter Landmarken sind fiir die Statistik, aber auch fiir die medi-
zinische Anwendung notwendig.

Im folgenden wird ein Weg vorgestellt, die relevanten Landmarken zu finden und auf
ihre Eignung zur Differenzierung zu priifen.

Shape Analysis of retroperitoneal tumors in
childhood in Magnetic Resonance Imaging

Summary

2D-shape analysis of biological objects (12) is described first in 2007 with MRI-data
(magnetic resonance imaging) of renal tumours of infancy (3). For shape analysis the
evaluation of landmarks is necessary (n>2). In this study 24 landmarks are selected.

Every object is described by these landmarks. The shape is the standardised and cen-

tred object. The procedure is applied on transversal as well as on frontal images. The

results for frontal and transversal images are compared. Tumours of different origin,

topography and size can be analysed.The differentiation of relevant landmarks is im-

portant for statistical and medical reason.. In this study, evaluation of landmarks and

their possibility for tumour differentiation is demonstrated.

1. Einleitung

Die Wahrscheinlichkeit fiir ein neugeborenes Kind innerhalb der ersten 15 Lebens-
jahre an einem Malignom zu erkranken betrdgt 215/100 000 (0,2 %). Bei jedem 470.
Kind wird bis zum 15.Geburtstag in Deutschland eine maligne Grunderkrankung dia-
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gnostiziert. Die Behandlung dieser Patienten erfolgt meist durch die aktuellenThera-
pieoptimierungsstudien der GPOH (Gesellschaft fiir pédiatrische Himatologie und
Onkologie). Hierbei hat die radiologische Bildgebung grofle Bedeutung. Die héufig-
sten Tumorerkrankungen des Retroperitonealraumes im Kindesalter sind das Nephro-
blastom und das Neuroblastom. 2005 betrug die relative Hiaufigkeit der gemeldeten
Patienten mit Nephroblastom bezogen auf alle Tumorerkrankungen 5,9 %, die des
Neuroblastoms innerhalb und auerhalb des Retroperitonelraumes 8,2 %. Die Bild-
gebung erfolgt mittels Sonografie und nachfolgender Magnetresonanztomografie
(MRT) oder Computertomografie (CT). Der bessere Weichteilkontrast als auch die
fehlende Strahlenexposition (Schenk- Referenzradiologie) sind der Grund fiir eine zu-
nehmende Anwendung der MRT im Kindesalter. Entsprechend dem Therapieproto-
koll des Nephroblastoms erfolgt eine prioperative Chemotherapie in der Regel ohne
histologische Sicherung nach radiologischer Diagnose in der Bildgebung. Dies erfor-
dert ein hohes Maf3 an diagnostischer Sicherheit und eine Definition von Kriterien in
der radiologischen Bildgebung.

Die entscheidende Dif ferenzialdiagnose zum Nephroblastom ist das Neuroblastom.
Das Spektrum der Dif ferentialdiagnose umfasst aber auch die seltenen Tumore wie
Rhabdoidtumor, Nierenzellkarzinom und Klarzellensarkom. Da keine pathognomoni-
schen Einzelmerkmale der Tumore existieren, erfolgt die Diagnose aus einer Kombi-
nation von Einzelmerkmalen in der Bildgebung in Kombination mit klinischen Para-
metern und dem Patientenalter.

Als einen weiteren potentiell bedeutsamen Parameter der Differentialdiagnose retro-
peritonealer Tumore testeten wir die duBere Tumorform. Empirisch wird beim Ne-
phroblastom von einem runden bis ovalen Objekt ausgegangen. Dies gilt mathema -
tisch zu iiberpriifen.

1994 beschrieb Ziezold (12) dasVerfahren der Formanalyse und eineTechnik zur Dif-
ferenzierung anhand biologischen Materials. Landmarken am Tumorrand beschrei-
ben hierbei das zwei- oder dreidimensionale Objekt. Ziel des mathematischen Ver-
fahrens ist die Herstellung von Vergleichbarkeit von zwei- oder dreidimensionalen
Objekten durch Normierung und Zentrierung.

Im folgenden wird das Verfahren von Giebel (3) vorgestellt, um die fiir die Differen-
zierung von Objektgruppen geeigneten Landmarken zu finden und zu priifen. Der
Einsatz der Formanalyse in der Medizin wird referiert und die Methodik miVerwen-
dung von MRT-Daten am Beispiel der Nierentumore im Kindesalter demonstriertAls
Referenz dient der postoperativ erhobene histologische Befund. Das Verfahren wird
der Clusteranalyse gegeniibergestellt.

2. Statistische Auswertung
2.1 Erhebung von ,,Landmarken*

Ziel der Auswertung ist die geometrische Form der Tumore miteinander zu ver glei-
chen. Unterschiede der Form sollen hinsichtlich ihrer Verwendbarkeit zur Diagnose
untersucht werden. DieTumordiagnose ist im Studienkollektiv histologisch gesichert.
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Definiert ist die Form eines geometrischen Korpers durch mindesten 3 sogenannte
Landmarken. Um fiir alle Tumore vergleichbare Landmarken setzen zu konnen, wird
aus den vorhandenen 2D-Schnittbilder zunéchst ein dreidimensionales Objekt erstellt.

Abbildung 1: Dreidimensionales Objekt aus den 2D-Schnittbildern

Anhand des dreidimensionalen Objekts wird der dreidimensionale geometrische
Schwerpunkt bestimmt. Es wird dann die MR T-Aufnahme gewihlt, die dem dreidi-
mensionalen Schwerpunkt am niichsten liegt.

Ausgehend von dem in die zweidimensionale Ebene projizierten Schwerpunkt wird
in 15°-Abstidnden 24 Landmarken auf demTumorrand ermittelt. Dies erfolgt sowohl
in der Frontal-, als auch in der Transversalansicht.

Abbildung 2: Die Erhebung der Landmarken am Tumorrand in Frontalansicht
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Abbildung 3: Die Erhebung der Landmarken am Tumorrand in Transversalansicht

Die durch die 24 Landmarken
beschriebene ,,Form* wird nun
beziiglich des zweidimensio-
nalen Schwerpunkts zentriert
und normiert. Fiir die Normie-
rung wird die euklidische Norm
verwendet.

Durch die Zentrierung befinden
sich alle weiteren zu untersu-
chenden Objekte in der glei-
chen Lage innerhalb des zwei-
dimensionalen Raumes. Die
GroBenunterschiede der Objek-
te werden durch die Normie-
rung eliminiert.

Die ebenfalls erfasste Niere kann fiir das mathematische Verfahren nicht zu Diagno-
sezwecken verwendet werden, da sie nicht bei allen Patienten in Folge def'umoraus-
dehnung sicher abgrenzbar ist. Teilweise kann das Restnierengewebe nur noch amTu-
morrandbereich erkannt werden.

Die Erfassung der Niere und ihre Position zum Tumor kdnnte bei entsprechender An-
zahl an Patienten ein wichtiges weiteres Kriterium fiir die Diagnose sein.

2.2 Deskriptive Beschreibung der Abstinde in Transversal und Frontalansicht

Die Transversal- und Frontalansicht werden getrennt voneinander ausgewertet und
betrachtet. Aufgrund der unterschiedlichen MRI-Sequenzen und dem unterschiedlich
gut radiologisch definierbaren Tumorrand ist die Landmarkenzuordnung primir fron-
tal gewihlt, additiv wenn moglich auch transversal. In 14 Fillen lagen somit beide
Ebenen zur Landmarkenpositionierung vor und in einem Fall nur die Transversalan-

sicht.

Tabelle 1: Abstan(.i der Wilms- Patient d o Ao

Tumore von der mittleren Form

der ,,W ilms-Tumore® in der Nr. 8 0.1448 0.0998

Frontal-/ Transversalansicht Nt 12 0.0772 0.0966
Nr. 15 0.1126 0.0772
Nr. 6 0.1113 0.1164
Nr. 5 0.1567 0.1791
Nr. 4 0.0968 0.1752
Nr. 2 0.1009 0.1112
Nr. 9 0.1854 0.1414
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Tabelle 2: Abstand der Nicht-
Wilms-Tumore von der mitt-
leren Form der ,,W 1ilms-Tu-
more‘ in der Frontal-/ Trans-
versalansicht

Seite 4§E

Patient d frontal Qusanveral
Nr. 19 Klarzellensarkom 0.2324 0.1182
Nr. 20 Klarzellensarkom 0.1605 | 0.1356
Nr. 21 Neuroblastom 0.2969 | 0.1275
Nr. 22 Neuroblastom 0.1775 | 0.4151
Nr. 23 Nierenzellkarzinom 0.1082 0.0834
Nr. 24 Neuroblastom 0.1227 1 0.1793
Nr. 25 Nierenzellkarzinom | - 0.0822

2.3 Anwendung der hierarchischen Clusteranalyse zur Differenzierung der
Tumore in Frontal- und Transversalansicht

Die hierarchische Clusteranalyse dient dafiir Gruppen zu bilden, die sich untereinan-
der dhnlich sind. Zu vermuten ist, dass Tumore mit dhnlicher Diagnose sich durch e+
ne geringere Distanz von Gruppen mit anderer Diagnose unterscheiden. Zunéchst

wird dies fiir alle erfassten normierten und zentrierten Tumore in der Ndhe der Nie-
re in der Frontalansicht und dann in Transversalansicht durchgefiihrt.

Abbildung 4: Anwendung der hierarchischen Clusteranalyse in der Frontalansicht
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Abbildung 5: An-
wendung der hier- EOoesd0em0Oo0oOoB8n8o

archischen Clu- u 4 —
steranalyse in d er , |
Nihe der Niere | m—
Transversalansicht

In beiden Fillen lassen sich durch die hierarchische Clusteranalyse keine fiir die Dia-
gnose verwendbaren Gruppen bilden. Das bedeutet, daf3 die normierten und zentrier-
ten Tumore nicht allein durch ihre Ahnlichkeit untereinander Gruppen mit gleicher
Diagnose bilden. Um zu priifen, ob sich die Gruppen mit gleicher Diagnose zumin-
dest hinsichtlich ihrer zu erwartenden Form unterscheiden, wird derTest von Ziezold
(12) verwendet.

2.4 Die ,,mittlere Form* und Priifung der Zugehorigkeit des Objektes

Die ,,mittlere Form* einer Menge von Objekten ist nur bei zwei Objekten als ,,einfa-
cher* Mittelwert zu berechnen. Da eine Datenmenge aus mehr als zwei Objekten vor-
lag, verwendeten wir den Algorithmus nach Ziezold (12) zur Bestimmung der ,,mitt-
lere Form*®. Die ,,mittlere Form* hat sich hinsichtlich Drehung und Verschiebung in
einer optimalen Lage zu allen Objekten zu befinden. Das heifit, daf} die ,,mittlere
Form* nach dem Algorithmus den minimalen Abstand zu allen Objekten besitzt.

Fiir die Priifung von Unterschieden zwischen den Objektmengen -in diesem Fall Tu-
more unterschiedlicher Diagnose- wird der Test von Ziezold (12), basierend auf dem
U-Test unter Beachtung aller Permutationen verwendet.

Der u,-Wert wird fiir die vom Anwender vorgegebene Aufteilung berechnet und mit
allen anderen moglichen u-Werten verglichen. Ist der u,-Wert klein, so hat er einen
niedrigen Rang in der Menge aller moglichen u-Werte. Ist der Rang dann niedrig, so
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ist die ,,mittlere Form* der vomAnwender vorgegebenen Aufteilung verwendbar, an-
sonsten erlaubt die ,,mittlere For* keine Aussage. Fiir die endgiiltige Entscheidung
iiber die Aussage wird aus dem Rang der p-Wert bestimmt.

Da der Rang bei mehreren gleichen u-Werten nicht immer eindeutig angegeben wer-
den kann, wird immer der hochste und der niedrigste Rang zur Bestimmung des In-
tervalls, in welchem der p-Wert liegt, verwendet. Als Referenz fiir den u,-Wert wird
einmal die,,mittlere Form* der ,,W ilms-Tumore* und einmal die der Gruppe der
,,Nicht-Wilms-Tumore* verwendet.

2.5 Die Wilms-Tumore im Vergleich zu Klarzellensarkomen,
Nierenzellkarzinomen und Neuroblastomen

Ein weitere zu untersuchende Unterscheidung bei den 24 Nierentumoren von Klein-
kindern ist die zwischen Wilms-Tumoren und Klarzellensarkomen, Nierenzellkarzi-
nomen, sowie Neuroblastomen. Das obigeVerfahren wird fiir die Frontal- undTrans-
versalansicht unter unterschiedlicher Verarbeitung der Daten durchgefiihrt. Zweidi-

mensionale Zentrierung bedeutet dabei, dass zusitzlich auf den zweidimensionalen

Schwerpunkt zentriert worden ist. Dreidimensionale Zentrierung egibt sich bereits im
Vorfeld durch die Erfassung der Daten anhand des dreidimensionalen Schwerpunkts.

Im folgenden die Ubersicht iiber die Ergebnisse des Verfahrens mit der Referenz der
mittleren Form der Wilms-Tumore.

Tabelle 3: Ubersicht der Ergebnisse des Tests nach Ziezold bei der Frontalansicht

Datenverarbeitung | u,-Wert | p-Intervall
Form I ,,.2D zentriert* 28 [0.070, 0.080]
+ ,,normiert*
Form II ,,3D zentriert
+ ,,normiert* 37 | [0.2044, 0.2235]
Gestalt ,,2D zentriert* 43 | [0.2808, 0.3028]
Original ,.3D zentriert* 45 | 10.3306, 0.3538]

Tabelle 4: Ubersicht der Ergebnisse des Tests nach Ziezold bei derTransversalansicht

Datenverarbeitung | u,-Wert | p-Intervall
Form I ,,.2D zentriert* 23 | [0.5419, 0.5849]
+ ,,normiert*
Form 11 ,,3D zentriert
+ ,,normiert* 34 | [0.5071,0.8117]
Gestalt ,,.2D zentriert* 32 | [0.7812,0.8117]
Original ,,3D zentriert* 31 | [0.7453, 0.7789]
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Sowohl in Frontal-, als auch in Transversalansicht erweist sich die Verarbeitung in
Form der Zentrierung auf den zweidimensionalen Schwerpunkt und die Normierung
fiir die Differenzierung der Tumore als sinnvoll. Fiir die Transversalansicht sind im
Vergleich zur Frontalansicht die Ergebnisse noch anhand grosserer Daten zu priifen.
Momentan erscheint sie fiir die Diferenzierung bei jeder moglichen Verarbeitung der
Daten ungeeignet. Anhand der vorhandenen Daten erscheint mit einem p-Intervall von
[0.070, 0.080] die Frontalansicht geeigneter als die Transversalansicht bei einem Si-
gnifikanzniveau von o =0,1. Die Wilms-Tumore in der Frontalansicht bilden eine
,mittlere Form®, die eine Differenzierung der Tumore untereinander zulésst.

2.6 Explorative Auswahl an Landmarken

Das Verfahren von Ziezold (12) wird dahingehend verwendet, dass alle Moglichkei-
ten fiinf von 24 Landmarken auszuwihlen hinsichtlich des u-Wertes gepriift werden.
Um die Aussagen auch fiir die Nicht-Wilms-Tumore verwenden zu konnen, wird die
Betrachtung auf die grofite Gruppe der Nicht-Wlms-Tumore, die Neuroblastome ein-
geschrinkt. Die Gruppe der Tumore wird hierfiir in zwei Gruppen unterteilt: Die er-
ste Gruppe von neun Wilms-Tumore dient dafiir, eine vorher bestimmte Anzahl k£ von
Landmarken fiir die Differenzierung Wilms-Neuroblastome zu finden, und die zwei-
te, um diese zu priifen. Die Neuroblastome werden aufgrund der geringen  Anzahl
nicht aufgeteilt.

Mit einem u,-Wert von 0 mit Referenz der ,,mittleren Form* derWilms-Tumore erge-
ben sich von den 42504 Moglichkeiten 888 Fiinferkonfigurationen.Von den 888 Fiin-
ferkonfiguration wird nur die gewihlt, die den geringsten u ,-Wert mit Referenz der
»mittleren Form* der Neuroblastome erhilt. Das ist die Konfiguration aus den Land
marken: {3, 14, 15, 19, 22}. Auch bei den so gewihlten unbekannten Daten ergeben
sich bei Referenz der ,,mittleren Form* der Wilms-Tumore ein u,-Wert von fiinf und
mit Referenz der ,,mittleren Form* der Neuroblastome ein u,-Wert von vier.

3. Ergebnisse

Die hierarschische Clusteranalyse reicht nicht aus, um Gruppen mit gleicher Diagne
se zu bilden (Abbildung 4 und 5). Di€lumore der entsprechenden Diagnose sind sich
nicht dhnlich genug. Erst derAbstand zur ,,mittleren Form* erlaubtAussagen iiber die
Diagnose.

Erst durch die Normierung und Zentrierung derTumore sind dabei entsprechende Er
gebnisse fiir die Diagnose zu erwarten (Rbelle 3 und 4). Die fiir eine Diferenzierung
geeigneten Landmarken konnen anhand des beschriebenen Verfahrens ermittelt und
gepriift werden.

4. Diskussion

Die Differenzialdiagnose von Nierentumoren und extrarenalen Raumforderungen im
Kindesalter erfolgt nach unterschiedlich zu gewichtenden Kriterien. Die einzelnen ra
diologisch beschreibenden Kriterien wieTumorstruktur, Signalstirke (MR-Intensitit,
CT-Dichte oder Echogenitit), Nachweis vonVerkalkungen und Verteilungsmuster des
Primirtumors (uni-/multilokulédre oder uni-/bilateral) ermdglichen nicht immer eine
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differenzialdiagnostische Zuordnung, welche eine Therapieentscheidung ermoglicht.
Vielmehr miissen sowohl klinisch-radiologische Parameter als auch die Zusammen-
schau einzelner Kriterien in die Diagnose mit einflieBen um die notwendige Sicher-
heit des Befundes zu gewihrleisten, welche der Onkologe wiinscht.

Entscheidend fiir den Befund ist festzustellen, ob es sich um einen intra- oder extra-
renalen Tumor handelt. Bei intrarenalenTumoren entscheidet die weitere Strukturana-
lyse iiber das Vorhandensein solider oder zystischerTumoranteile. Das wichtigste Kri-
terium um ein kongenital mesoblastisches Nephrom (CMN), Nephroblastom und Nie-
renzellkarzinom zu differenzieren ist das Patientenalter. So werden Tumore bei Pa-
tienten im ersten Lebenshalbjahr aufgrund der hoheren Inzidenz als hochwahrschein-
liches CMN angesehen, Patienten ab dem 15. Lebensjahr als mogliches Nierenzell-
karzinom gewertet und therapiert (Primér-Operation).

Renale Tumore mit Pseudokaspel scheinen eine rundliche Form zu bevorzugen, hin-
gegen zeigen extrarenale Tumor auch mit Infiltration in die Niere eine eher abwei-
chende Tumorform. Auch das unterschiedliche Wachstumsverhalten von Neurobla-
stom und Nephroblastom veridndern die geometrischeTumorform. Das Neuroblastom
wichst gefiBummauernd mit Beziehung des Tumors zur Wirbelsdule bzw. den Neu-
roformina. Die besondere Tumortopografie fiihrt zu differenten Landmarken der Tu-
morbegrenzung. Das Nephroblastom kann primér in jede Richtung retroperitoneal
wachsen so dass zunichst keine anatomischen Landmarken i.S. von anatomischen
Grenzen das Tumorwachstum beeinflussen. Erst bei groBen Tumoren wire eine Be-
einflussung durch Wirbelsiule, retroperitoneale Gefafle oder Nachbarogane denkbar.
Gerade das Nephroblastom féllt bei klinischer Untersuchung durch die Vorwdlbung
der Bauchdecke auf. Extrarenale Tumore wie das Neuroblastom oder Nebennieren-
karzinom sind aufgrund der engeren Raumverhilnisse eher von der rundlichen Form
abweichend.

Letztendlich wird jegliche Struktur im Befund durch den Radiologen auch beziiglich
Organform oder Form einer Raumforderung beurteilt. Dies ist die Grundlage einer je
den radiologischen Bildbeschreibung. Sowohl angeboreneAnomalien als auch erwor
bene Erkrankungen gehen hiaufig mit Formveridnderungen von Or ganen einher. Pro-
blematisch erscheint uns jedoch die Einordnung der Tumorformen aufgrund einer vi-
suellen Einschitzung in Grenzbereichen. Das mathematische Verfahren der Shape
Analyse kann mathematisch exakt einzelne Tumorformen trennen und mittels p-Wert
eine Formabweichung des Tumors von der Grundform eines Nephroblastoms ermog-
lichen.

Die verwendete Formanalyse ermoglichtAussagen tiber den Bereich der Nierentumo-
re. Die im Vergleich hierzu angewandte hierarchische Clusteranalyse erlaubt keine
Riickschliisse auf die Diagnose. Erst die Referenz zur ,,mittleren Form* der Wilms-
Tumore in der Frontalansicht bietet Ansitze zur Diagnose. Die unterschiedliche Ver-
arbeitung der Daten hinsichtlich desTests von Ziezold (12) zeigt, dass das vogenom-
mene Verfahren einer Zentrierung und Normierung der geeignete Weg ist, eine ver-
wendbare ,,mittlere Form* zu bestimmen. Die Ergebnisse der Clusteranalyse zeigen,
dass sich aus der Ahnlichkeit der standardisierten und normierten Tumore noch kei-
ne fiir die Medizin verwendbare Gruppen bilden lassen.
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Das explorative Vorgehen bei der Landmarkenauswahl zeigt, dass bei der Dif feren-
zierung von Nephroblastomen zu Neuroblastomen zwei Landmarken (n°® 14,15) in
Richtung Niere und drei Landmarken (n°3, 19, 22) in Richtung obere Korperhilfte fiir
die Differenzierung relevant sind. Keine der Landmarken Richtung Korperrand und
Wirbelsédule sind ausgewihlt worden. Die auszuwihlende Anzahl k an Landmarken
wire weiter zu priifen.

Fiir die Medizin zeigt sich zum einen, dass nicht die Ahnlichkeit der Tumore unter-
einander, sondern erst die ,,mittlere Form* und damit eine klare Referenz eine Mog-

lichkeit fiir die Differenzierung zulisst, und die Auswahl an Landmarken fiir die Dia-
gnose relevante Regionen bestimmt.

Tabelle S: Kriterien zur Differenzierung von retroperitonealen Tumore im Kindesal-
ter

Lokalisation (intra-/extrarenal)

Alter (0-0,5/0,5-15/>15 Jahre)
Feingranuldres Verkalkungsmuster™
Tumorstruktur (zystisch/solide)
Syndromassoziation

Beziehung zu retroperitonealen Gefdflen (Verdriangen oder Ummauern)
Nachweis einer Pseudokapsel]****%**
Tumorthrombus in der Vena cava inferior
Uni-/Bilateralitat™**

Tumorgrofe* *#**

Multi-/ Unilokulidres Vorkommen
Metastasierungsmuster****

Nachweis einer Nephroblastomatose
GroBenwachsstum im Verlauf
Echogenitit in der Sonografie**
Tumorform

* im Fall von Neuroblastom.
ok homogen hyperechogen bei Angiomyolipom.

wAE Bilateralitidt bei Lymphom, Nephroblastom, Nephroblastomatose und Syn-
dromassoziiertem Angiomyolipom.

ok Lungefiliae bei Wilmstun“mor nicht in ersten beiden Lebensjahren, Lunge-
metastase bei Rhabdoidtumor und Klarzellensarkom bereits im ersten Le-
bensjahr.

wkxsk Nierenzellkarzinom oftmals kleiner als Nephroblastom

wkwtckx - Pseudokapsel gegeniiber Nierenparechnym bei kongenitalem mesoblasti-
schen Nephrom weniger ausgeprigt als bei Nephroblastom

50

o



Layout Bulletin 02.06.2010 10:31 Uhr Seite SiE

Literatur

(1) Bookstein, FL. (1986). Size and shape spaces for landmark data in two dimen-
sions (with discussion), Statist. Sci. 1 p.181-242.

(2) Dryden, LL. & Mardia K.V (1998). Statistical Shape Analysis. Chichester: John
Wiley.

(3) Giebel, S.M. (2007). Statistische Analyse der Form von Nierentunoren bei
Kleinkindern. Master thesis of the University of Kassel.

(4) Graf, N., Reinhard H. (2003). Wilms-Tumoren, Diagnsotik und Therapie. Uro-
loge A 42:391.

(5) Kendall, D.G. (1977). The diffusion of shape, Adv. Appl. Probab. 9 p.428-430.
(6) Kendall, D.G. (1984). Shape manifolds, Procrustean metrics and complex pro
jective spaces. Bulletin of the London Mathematical Society 16 p.81-121.

(7) Mardia, K. V. (1977). Mahalanobis distance and angles. In: Krishnaiah, IR. (ed.)

Multivariate Analysis 1V, p.495-511, Amsterdam: North Holland.
(8) Schenk J.P. et al. (2006). Reference radiology in nephroblastoma: accuracy and
relecance fpr preoperative chemotherapy. Fortschr Rontgenstr 178:38.
(9) Schenk J.P. et al. (2008). role of MRI in the management of patients with
nephroblastoma. Eur Radiol 18:683.
(10) Small, C.G. (1996). The Statistical Theory of Shape. New York: Springer Ver-
lag.
(11) Ziezold, H. (1974). On expected figures and a strong law of lar ge numbers for

random elements in quasi-metric spaces. Trans. 7" Prague Conference Inf. Th.
Statistic. Dec. Funct., Vol A. p. 591-602. Prag: Reidel Dordrecht.

(12) Ziezold, H. (1994). Mean Figures and Mean Shapes Applied to Biological Fig-
ure and Shape Distributions in the Plane, Biometrical Journal 36 p.491-510.

Angaben zu den Verfassern

Stefan Giebel, Doktorand in Statistik, Luxembourg School of Finance,
Universitdit Luxemburg
e-mail: stefan.giebel @uni.lu

Jang Schiltz, Luxembourg School of Finance, Universitdit Luxemburg
e-mail: jang.schiltz@uni.lu

Norbert Graf, Universitdtskinderklinik Homburg, Abteilung Hdamatologie und
Onkologie, (Studienzentrale Nephroblastomstudie SIOP 2001 — GPOH)

e-mail: norbert.graf @uniklinik-saarland.de
Jens-Peter Schenk, Universititsklinik Heidelberg, Sektion Pddiatrische Radiologie,

Abteilung Interventionelle und Diagnostische Radiologie
e-mail: Jens-peter.Schenk @med.uni-heidelberg.de

51

o



Layout Bulletin 02.06.2010 10:31 Uhr Seite 5§F



Layout Bulletin 02.06.2010 10:31 Uhr Seite SiE

Different patterns of boys’ externalizing
behavior and their relation to risk factors:
A longitudinal study of preschool children'

M. Stemmler & F. Losel

Abstract

Childrens’ externalizing behaviors such as aggression, delinquency and impulsivity
are serious problems in many societies. In previous person-oriented analyses we found
two types of externalizing problems in boys (51,52). One pattern contained externa-
lizing problems only, whereas the other type showed both externalizing and interna-
lizing problems (anxiety , depression etc.). The present study addressed these two
groups in a prospective longitudinal design. It was investigated whether the previous
descriptive findings remained stable over time and, in particular, whether the two ty-
pes differed in important risk factors for antisocial behaviot The sample consisted of
198 boys from the Erlangen-Nurembeig Development and Prevention Study (29).The
first assessment took place in kindergarten and the second 3.4 years later in elemen-
tary school. The behavior problems were assessed by ratings of kindegarten teachers
and elementary school teachers using the Social Behavior Questionnaire (SBQ) (54).
The risk factors were low socio-economic status of the family , birth complications,
physical punishment in parenting behavior , difficult temperament, low intelligence,
and aggression-prone social information processing of the child.

Approximately 15% of the boys revealed externalizing behavior problems. A varia-
ble-oriented analysis showed significant stability over time. In a person-oriented Con-
figural Frequency Analysis the ‘externalizing only’ and the ‘combined externalizing
and internalizing’ pattern could be replicated. For five of the six risk factors we found
significant differences between the boys with behavior problems and a non-deviant
group. However, the two different patterns of externalizing problems differed only in
intelligence (lower for the group with combined problems). The results confirm mo-
dels of cumulative biological, psychological and social risks for antisocial behavior
over time. Furthermore, specified analyses of the two types and their relation to pro-
active and reactive aggression are recommended.

Key words: externalizing and internalizing problems, risk factors for antisocial be-
havior, stability of behavior problems, proactive and reactive aggression, longitudi-
nal research, Configural Frequency Analysis (CFA)

1. Introduction

In many industrialized countries youth crime and violence is an acute social problem.
Although the most spectacular cases of violence are still rare, approximately ten per

" Note. The data reported in this article are from the Erlangen-Nuremberg Development and Preven-
tion Study which was funded by the German Federal Ministry for FamilyAffairs, Seniors, Women and
Youth.
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cent of youngsters exhibit clinically relevant forms of aggressive, delinquent and ot-
her antisocial behavior (16, 18). Nearly one-third of all young males get at least once
in conflict with the law (17). Whereas the delinquent behavior is transient and not se-
vere in most cases, it is more persistent and serious in those youngsters who are ‘ear-
ly starters’, that is, their problem behavior already begins in childhood (21, 39). Alt-
hough the majority of antisocial children desist from their problem behavior over ti-
me, approximately five to ten percent of male birth cohorts set out on an early star-
ting and long-term persistent pathway of antisociality (30, 40).

However, even relatively persistent antisocial youngsters are not a homogeneous
group. Partially they only exhibit externalizing problems such as aggression and de-
linquency whereas others show comorbidity with internalizing problems such as so-
cial withdrawal, anxiousness and depressed mood (32, 44). The developmental rela-
tionships between externalizing and internalizing problems are not yet much investi-
gated (34). Some studies suggest that anxiety shyness, and internalizing problems can
protect against the development of antisocial behavior (22, 45)According to other re-
search, such personality characteristics may also be a risk factor for late onset crimi-
nality (58) or hinder desistance in already antisocial youngsters (22). A combination
of externalizing and internalizing problems may also be important for gender dif fe-
rences in antisocial development (37).

Against this background we carried out previous studies in which we used a person-
oriented approach to investigate the stability of children’ s externalizing behavior in
relation to internalization symptoms (51, 52). We studied the topic with the help of
Configural Frequency Analysis (CFA) (57, 19). CFA is a statistical tool for the analy-
sis of multi-way contingency tables of categorical data (56). The base line for a CFA
is a prespecified null model. Significant deviations from this null model result either
in so-called types, that is more frequent cases than expected under the null model, or
so-called antitypes, that is less frequent cases than expected under the null model. The
most common null model is usually the model of no association between two varia -
bles (i.e., the independence model consisting of only two main ef fects (57)). In our
CFA analyses we found two patterns that predicted intensive behavior problems from
kindergarten to primary school in boys: One group showed high externalizing beha-
vior at both times but no internalizing problems. A second group was not only stable
in their externalizing behavior but also exhibited internalizing problems in kindegar-
ten. No such patterns could be detected for girlsWe also found that the ‘externalizing
only’ pattern was significantly related to self-reported proactive or instrumental ag -
gression, whereas the subtype of ‘combined externalizing and internalizingproblems
was characterized by a more reactive, emotionally driven and impulsive form of ag-
gression.

The present study aims to go beyond the detection and description of such patterns.
We are now investigating whether there are common or dif ferent risk factors for the
‘externalizing only’ or combined ‘externalizing and internalizing’ groups of youngs-
ter. From a comprehensive model of cumulative risk factors (25, 30) we study five
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prototypical risk variables from different areas: 1. low socioeconomic status/poverty
of the child’s family, 2. preterm birth or low birth weight, 3. inappropriate parenting
behavior in the family (corporal punishment), 4. dif ficult temperament, 5. relatively
low intelligence, and 6. aggression-prone social information-processing of the child.
All these prototypical factors have repeatedly been found as significant predictors of
antisocial development (12, 22, 31). In the present study we investigate whether they
are not only dif ferentiating between antisocial and non-deviant youngsters but also
between the two subtypes described above.

2. Method
Sample

The data were taken from the Erlangen-Nurembeg Development and Prevention Stu-
dy (29, 35) which contains a prospective longitudinal investigation of more than 600
preschool children and their families. The selection of the sample was the same as in
the preceding articles (51, 52), although we now concentrate on the boys because we
previously did not find the two different behavioral patterns in girls. First, the sample
consisted only of those boys for whom kindergarten data and elementary school data
on behavioral problems were available. Second, the time-lag between the first mea-
surement and the school assessment was the same for all boys, taking individual
school-entries into account. Thirdly, the selected boys needed to have data at the fol-
low-up assessment. The average age of the boys at the first measurement point was
M = 69.66 months (SD = 5.55), that is 5.81 years. The average age of the children at
Follow-up was M = 110.58 months (SD = 9.43), i.e. a little more than 9.22 yearsThus
the average follow-up period was 3.41 years. In total N = 198 boys fulfilled the three
inclusion criteria. For the analyses of the risk factors the sample size was partially
smaller because we had missing data for some variables.

Measures

Measures of the dependent variables (DVs). The dependent variables were indicators
of externalizing and internalizing problems. The child’s social behavior in kindergar-
ten and in primary school was assessed by German adaptations of the Social Beha -
vior Questionnaire (SBQ) (53, 54). The SBQ is available in several versions. In this
study we used versions for kindergarten teachers and school teachers (26). The SBQ-
kindergarten and SBQ-primary school teacher versions are identical. They consist of
46 items. Each item is rated on a 3-point scale ranging from0’ = never/not true to 2’
= almost always/true most of the time. Two scales of the SBQ were used: The Exter-
nalizing Problems scale is a second order scale consisting of primary scales on phy -
sical aggression, hyperactivity, delinquency/destroying of things and indirect aggres-
sion (25 items; reliability in kindergarten: o = .89, in school: oo = .91). The SBQ sca-
le on Emotional Problems/Anxiousness measured the children’ s Internalizing Pro-
blems (9 items; reliability in kindergarten: oo = .75, in school: o0 = .78). This scale was
relatively independent from the scale on Externalizing Problems (kinder garten: r =
.11, p =n.s.; school: r = .14, p < .05).
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Measures of the risk factors. The socio-economic status (SES) of the child’s family
was measured by an index which included income, parental education, profession and
housing conditions (14). Higher scores indicate upper SES.

Based on the mother’s report on prenatal and natal care the boys were categorized as
either full term or as havingbirth intricacies such as preterm birth or low birth weight.

Parenting behavior was assessed by self reports in our German adaptation of theAla-
bama Parenting Questionnaire (APQ) (48).We used the subscalecorporal punishment
as a risk variable (3 items; reliability for mothers o = .62, for fathers o = .64). The
scores for both parents were averaged.

The child’s difficult temperament was rated by the parent who was interviewed during
a home visit. The parent present at the interview (mostly the mother) rated whether
their child had a difficult temperament. The ratings were based on a 5-point rating sca-
le ranging from 1 = particularly easy temperament over 3 = normal child to 5 = par-
ticularly difficult temperament.

Social information processing was assessed using the German adaptation of the Pre-
school Interpersonal Problem-Solving Test (PIPS) (6, 49).The test contains drawings
of conflict situations (e.g., a child wants to play with a toy which is desired by anot -
her child at the same time). The children were asked about the scenes, i.e. their inter
pretation of the situation, attribution of hostile or friendly intentions, and assumed ac-
tions of the pictured youngsters. Their answers were categorized as socially compe-
tent, aggressive, unsecure, relevant but not classifiable, and irrelevant.The inter-rater
agreement ranges between 91 and 99 percent for the American version (49) and bet-
ween 87 and 94 percent for the German version (6). We formed a summary score for
the quality of social information processing that contained the number and quality of
action alternatives. Higher scores indicate less aggression-prone and socially more
competent information processing.

The child’s intelligence was assessed using the German version of the Kaufman-As-
sessment Battery for Children - K-ABC (38).The German K-ABC provides two stan-
dardized scores on intellectual abilities that are both dependent and relatively indepen
dent from the children’s education. The split-half reliabilities for children of kinder-
garten age are high (between r = .86 and r = .93) (38). We used the mean of the two
scores as measure of the children’s general intelligence.

3. Results

Table 1 shows the correlations between the kindegarten teachers’ ratings and the pri-
mary school teachers’ ratings approximately three and half years later The longitudi-
nal correlations for externalizing and internalizing problems were significant. This
suggests some stability of problem behavior over time, in particular for the externali-
zing problems. As the two behavior assessments were made by different informants,
the small to medium size of the correlations is quite normal (1, 26) There were no si-
gnificant longitudinal correlations between externalizing and internalizing behavior.
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Table 1: Longitudinal correlations between social behavior in kindergarten (7ime 1)
and in elementary school (Zime 2) for boys

Behavior at Time 2

Behavior at Time 1 Boys
SBQ-Scales Externalizing Internalizing
Externalizing 0.38 0.04
Internalizing -0.08 0.20™

Note. " p <.01, ™ p <.001. Boys: n=198.

In order to investigate whether the two patterns of stable externalizing problems for
boys also exists on the elementary school level, three individual characteristics were
selected for Configural FrequencyAnalysis (CFA): Externalizing in kindergarten, ex-
ternalizing and internalizing behavior in elementary school.All variables were dicho-
tomized close to the 75" percentile. Table 2 shows the observed and expected frequen-
cies for the first-order CFA as well as the resulting standardized residuals, which are
basically the normal approximatgon of they*-component (20). For the CHA, a software
by Alexander von Eye was used .

Table 2: CFA for Externalizing Problems in boys in kindesgarten (7ime 1) and Exter-
nalizing and Internalizing Problems rated by primary school teachers (Time 2)

cell index CFA

Exx Inp, Exr, F(0)i f(e)i Zijx Piix

- - - 89 78.68 1.16 0.122

- + 18 28.87 -2.02 0.022

- + - 26 23.01 0.62 0.267

- + + 6 8.44 -0.84 0.200

+ - - 22 28.87 -1.28 0.101
+ - + 18 10.59 2.28 0.011 T
+ + - 2 8.44 -2.22 0.013 A
+ + + 9 3.10 3.35 0.000 T

Note. N = 190; T = type; Exr| = externalizing problems in kindergarten; Inr, = inter-
nalizing problems in elementary school; Exr, = externalizing problems in elementary
school; ’-” = below the 75" percentile; "+ = above the 75" percentile; f(0);x = obser-
ved frequencies; f(e); = expected frequencies; z; = z-approximation of the chi-squa-
re statistic.

The global chi-square-component was highly significant §>= 27.33,df= 4, p <. 001).
Two significant types and one antitype emeiged. The first significant type for boys (+
- +) represents the ‘externalizing only’ pattern (z = 2.28, p < .05). There were more
boys than expected under the null hypothesis who showed high levels of exter