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Sommario

La letteratura scientifica sui metodi statisticr e valutazione della qualita ha avuto
diversi sviluppi soprattutto con riferimento a notogie di analisi dell'efficacia
relativa (Bird et. al, 2005). Nell'ambito della wtdzione dell'efficacia relativa, si
individua in particolare una fase estremamentecdtli in cui la pluralita degli
indicatori considerati informativi dei diversi asppelell'efficacia stessa, necessita di una
sintesi che consenta in particolare di predisparaduatorie delle diverse unita

confrontate, e che ne fornisca una misura riassudtlla performance.

Dal contesto applicativo emergono spunti per larda di un percorso metodologico
che abbia come obiettivi finali principali: (i) lkelassificazione o I'ordinamento di un
insieme di unita confrontate rispetto ad un fenooneomplesso multidimensionale, e
(i) la sintesi di una pluralita di indicatori.

by

La metodologia considerata per risolvere i problesopra citati € basata sulla
combinazione di test dipendenti e di graduatonpeddenti (NPC test ed NPC ranking;
Pesarin & Salmaso, 2010). Tale metodologia ha ievale vantaggio di non dover
specificare la struttura di dipendenza sottostagle indicatori o test considerati, che
possono essere calcolati ad esempio sulle steste siatistiche. Tale metodologia
rappresenta un importate superamento dell'usualdmedi sintesi di indicatori
costituito dalla semplice media aritmetica.

Il contributo di questa attivita di ricerca consigirincipalmente nell'estensione delle
suddette soluzioni metodologiche non parametrichemodo da renderle fruibili

nell'ambito della valutazione della soddisfazioeeso prodotti o servizi.

Questo lavoro di ricerca ha quindi un duplice scopa una parte si propone di
proporre degli strumenti metodologici innovativspetto ai problemi di ordinamento
multivariato e di combinazione di indicatori e ¢altka di risolvere problemi applicativi
pratici. Le soluzioni metodologiche proposte somates infatti applicate nell’ambito
della valutazione della didattica universitariamnir@ I'analisi dei questionari di
soddisfazione degli studenti universitari e nellamm della customer satisfaction
relativa ai servizi erogati dalle Scuole di Scil'ddéio Adige. Sono stati inoltre discussi
altri tipi di applicazione in ambito industriale fase di sviluppo nuovo prodotto o nella

definizione del ciclo di vita dei prodotti.






Abstract

Scientific literature on statistical methods foratity evaluation within the university

has undergone recent developments particularlglation to methods of analysis of the
relative effectiveness of university activities,sbd on a comparison between various
providers/units. In the field of relative effectness evaluation, an extremely delicate
phase is identified in which the variety of indicta@onsidered to be informative of the
various aspects of the effectiveness itself reguargynthesis that permits the definition
of rankings of the various compared units, and pinavides a summarizing measure of

the differential performance.

From the application context suggestions emergeHherpursuit of a methodological
path, the principal end objectives of which are ¢lassification or ordering of a set of
compared units against a complex multidimensigh&nomenon, and the synthesis of

a variety of indicators.

From the application context suggestions emergeHherpursuit of a methodological
path, the principal end objectives of which are ¢lassification or ordering of a set of
compared units against a complex multidimensiohahpmenon, and the synthesis of a

variety of indicators.

A methodological solution in the nonparametric dieis represented by the
nonparametric combination of dependent tests aperdkent rankings (NPC ranking;
Pesarin & Salmaso, 2010), that allows the comlmnatf rankings derived from

orderings of statistical units against appropriatécators, without the need to specify
the dependence structure underlying the considadkchtors that can be calculated, for
example, on the same statistical units. This meilogy represents an important
surpassing of the usual synthesis of performandeators made up of the simple

arithmetic mean.

The research contribution consists mainly in thetemsion of nonparametric
methodological solutions above, such as those c¢oimge the nonparametric
combination of dependent tests and NPC rankingyrdaer for them to be used in the

evaluation of satisfaction about products or s&wic

Thus this research activity has a twofold purpdsem one side it aims to suggest

innovative methodological tools with reference tolgems of multivariate ranking and



of combination of indicators, from the other hahdliows to solve practical problems.
Indeed methodological solutions proposed in thiskw@ave been applied in the field of
university teaching evaluation by analyzing datarfrstudent satisfaction surveys and
in the field of thecustomer satisfactiorelated to services provided by the ski schools
of Alto Adige. Other kinds of applications in inddal field, in development of new
products and in life cycle of products assessmenakso discussed.
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I ntroduction

Within the assessment of the satisfaction abouvicess such as turism services,
university system etc., complex problems of hypsihetesting often arise. The
complexity of the study is mainly referred to theegence of mixed variables (ordinal
categorical, binary or continuous) and missing ealuSurveys performed to evaluate
the university programs are observational studidgre very little is known about the
multivariate distribution underlying the observedariables and their possible
dependence structure. In such cases conditionglanametric methods can represent a
reasonable approach. In this contribution we carsigdermutation methods for
multivariate testing on mixed variables. Uncondiibparametric testing methods may
be available, appropriate and effective when: tadsets are obtained by well-defined
random sampling procedures on well-specified pangopulations; ii) population
distributions (the likelihood models) for responses well-defined,; iii) with respect to

all nuisance entities, well-defined likelihood mésdare provided with either boundedly
complete estimates ikl or at least invariant statistics; iv) at leastrapfotically, null
sampling distributions of suitable test statisticsnot depend on any unknown entity.
Accordingly, just as there are circumstances inctvhinconditional parametric testing
procedures may be proper from a related inferengslt interpretation point of view,
there are others in which they may be improperv@ndampossible. Conversely, there
are circumstances in which conditional testing pdaces may be appropriate and
sometimes unavoidable. A brief list of some circtanses is as follows:

distributional models for responses are nonpatacne
distributional models are not well-specified;

distributional models, although well-specifiedepgénd on too many nuisance

parameters;

with respect to some nuisance entities, well-Sgetidistributional models do not

possess invariant statistics or boundedly compstienates inH ;

ancillary statistics in well-specified distribomial models have a strong influence on

inferential results;

ancillary statistics in well-specified models amfounded with other nuisance entities;



asymptotic null sampling distributions dependuoknown entities;
sample sizes are smaller than the number of nsgpeariables;

sampling data come from finite populations or gknsizes are smaller than the number

of parameters;
in multivariate problems, some variables are aaiegl and others quantitative ;
multivariate alternatives are subject to ordetrietons;

in multivariate problems and in view of partiaulaferences, component variables have

different degrees of importance;
data sets contain non-ignorable missing values;
data sets are obtained by ill-specified selechi@s- procedures;

treatment effects are presumed to possibly achore than one aspect (a functional or
pseudo-parameter), so that multi-aspect testindhodst are of interest for inferential

problems.

In addition, we may decide to adopt conditionatitgsinferences, not only when their
unconditional counterparts are not possible, bsb akhen we wish to give more

importance to the observed data set than to thelatign model.

Conditional inferences are also of interest when whatever reason, we wish to limit
ourselves to conditional methods by explicitly resing the analysis to the actual data
set. Thus both conditional and unconditional pooftsiew are important and useful in
real problems because there are situations in whkiemay be interested in conditional
inferences, while there are others in which we rbayinterested in unconditional
inferences. Hence, as both points of view are @r@st, both types of inference are of

methodological importance and often they may béyaed using the same data set.

However, we emphasize that, in conditional testipgpcedures, provided that
exchangeability of data in respect to groups idstatl in the null hypothesis,
permutation methods play a central role. This isabee they allow for quite efficient
solutions, are useful when dealing with many diffic problems, provide clear
interpretations of inferential results, and alloar fveak extensions of conditional to

unconditional inferences.



In the present thesis, a nonparametric approactedbas the combination of
permutation of dependent tests (NPC, (Pesarin, 203l provided to solve a
multidimensional testing problem with mixed variedl Moreover, an extension of a
nonparametric method for the assessment of “aatish” with some products or
services is discussed for situations in which sligsfaction depends on values observed
on k>1 variables, where each variable is assumed to geaviformation on a partial

aspect of interest for satisfaction assessment.

A difficult methodological problem arises when thds more than one informative
variableto be taken into consideration. This difficultyimereased by the fact that these
variables can have different degrees of importaas=gned to them. In general, for
each single variable it is rather easy to estaldisiitable assessment criterion leading
to a partial ranking of units or a partial satisi@ge indicator for each unit. At this stage

the first research question immediately arises:

RQ1la. How to obtain a reasonable combination of yndependent partial rankings or

indicators into a combined one?

This task can be performed via principal comporeerdlysis, provided that observed
variables present a rather strong linear relationcgire. Moreover multidimensional
scaling procedures may also be applied. However,stapdard multidimensional
procedures it is rather difficult, if not impossblto take different degrees of

importance into consideration for the many variable

Determine a suitable composite indicator of satisfa requires different

methodological steps:

- choose an appropriate standardization of raw datas{mple partial indicators) into
homogeneous data;
- find a suitable function of synthesis of partiaicators;

Relating to the first point, a literature review standardization methods has been
performed and resulting mathematical and statistaz@s has been studied in order to

make data comparable.

Moreover when determine a composite indicator ¢itfection is of interest, extreme
profiles of satisfactiorshould be taken into account in order to evaldlagedistance

from the global observed value of satisfaction ard optimal desired value of



satisfaction. As Bird, Cox, Farewell, Goldstein,lti& Smith (2005) pointed outthe
principle that being ranked lowest ... does not imatety equate with genuinely
inferior performance should be widely recognized aeflected in the method of
presentation [of ranking] Thus this leads to the subsequent research iquest the

present thesis:

RQ1b. How to include into the analysis differerdafpes of satisfaction?

In this contribution an extension of the nonparaimetombination of dependent
rankings (NPC ranking (Lago & Pesarin, 2000)) ispmsed in order to construct a
synthesis of many partial rankings or indicatorsnaerning satisfaction on different

aspects.

Since in this thesis data coming from customersfatiion surveys are handled, the
methodological approach based on NPC ranking methaablapted for the case of
ordered categorical variables (typical of custoseisfaction data). Such adaptation is
also based on a useful transformation of data ahaws to take into consideration

desirable satisfaction profiles. This happens sutstlly by transforming categorical

data of evaluation into scores weighted by thetikeafrequencies. This led to the

construction of a new composite indicator callohparametric Composite Indicator

(NCI).

Dealing with such kind of surveys, it is very conmmo find a specific question into the
guestionnaire regardingverall satisfactionthought to reflect the global satisfaction of
the respondents considering simultaneously all @spés the answer to this question
sufficient to explain the “satisfaction structuref the respondents? If it is, is the
construction of a composite indicator useful forr quurpose of evaluating the

satisfaction? Thus more formally:

RQ1c. Does there exist a possible association legtvmemeasure of overall satisfaction
and a composite indicator of satisfaction and dneyt complementary/alternative in

explain the ‘satisfaction structure’ of the respents?

In this thesis results on the student satisfacsiavey of the School of Engineering at
University of Padova for three academic years (22012, 2012/2013, 2013/2014) is
shown. In particular methods developed in thisitheave been adopted to analyze data

of the questionnaire of satisfaction about différaspects, such as organizational



aspects, aspects regarding teaching activitiesFaally we compared the results of
using a composite indicator (NCI) with respect tmsidering only answers at the
question of overall satisfaction. The mean of saicéwers indeed represents the current

indicator of global satisfaction.

Facing such problems of satisfaction, the needbtaio also a global ranking of items
under study, i.e. to sort them from the ‘best’he tworst’, is very common. The idea of
ranking in fact occurs more or less explicitly aimype when in a study the goal is to
determine an ordering among several input condittogatments with respect to one or
more outputs of interest when there might be aut@tordering”. This happens very
often in the context of management and engineestindies or in the business world for
many research and development - R&D problems wlileee populations can be
products, services, processes, etc. and the imgmatsfor example the managerial
practices or the technological devices which areipuelation with several suitable
outputs such as any performance measure. Many timeee R&D problems the
populations of interest are multivariate in natureaning that many aspects of that
populations can be simultaneously observed on dhesunit/subject. For example, in
many technological experiments the treatments uedaluation provide an output of
tens of even hundreds univariate responses, drk tn the myriad of automated
measurements that are performed on a silicon vehfeng the manufacturing process

by microelectronics industry.

From a statistical point of view, when the respovesgable of interest is multivariate in
nature, the inferential problem may become quitiecdit to cope with, due to the large
dimensionality of the parametric space. Some imfigae techniques such as multiple
comparison procedures (Westfall, Tobias, Rom, & fWgér, 2011), ranking and
selection (Gupta & Panchapakesan, 2002), ordenatest inference (Silvapulle & Sen,
2005) and ranking models (Hall & Schimek, 2012) renor less directly or indirectly
partially address the issue of population ranking bnly under some additional

assumptions. Thus:

RQ2. How to rank several populations when more esp& quality are of interest?

In this connection the nonparametric combinationhm@ology looks again like a very
useful tool because of its ability to reduce theehsionality in order to compare and

rank the populations under investigation.



Subsequent development of the procedure has bemested the well-known problem
of testing for sharp null hypothesis against twaedi alternatives i.e. for testing
equivalence of two or more aspects of quality/éatison. From a methodological point
of view, when sample sizes diverge and the nutioistrue except for a small quantity,
so that it is practically true except for an irkgat quantity, every consistent test rejects
the null with a probability converging to one. Thiad of problem comes out in almost
all applications of traditional two-sided teststgsically occurs in experimental as well
as in observational designs common of clinicalldriggharmaceutical experiments,
bioequivalence, quality control, and so on. TheitBnof the equivalence null interval
are suitably established by biological or pharmagialal or clinical or economical or

technical or regulatory considerations.

Let us consider the well-known unidimensional tvided problem with two
independent samples whéig: 4, = u, andH;: uq # u,, under the assumption thidg
implies the equality of two underlying distributgni.e. F; = F, (generalized
homoschedasticity), and that the treatment effedixed additive, i.eF;(x) = F,(x +
8) . We qualify "sharp” such a null hypothesis. In sthtontext, if X; =

(le, ...,Xjnj),j = 1,2, are IID and two samples are independent, thari@bt solution

under assumption of normality and homoschedastfoitythe observed variable X is
Student’s t test. If F is unknown and X is continsi@ "good" solution is the Wilcoxon-
Mann-Whitney rank test. When the underlying disttibn is nonparametric, i.e. infinite
parametric, or when the number of parameters iseseavith sample sizes, no
likelihood based solutions are available, unlesgegstringent or even un- natural
restrictions are introduced (Sen, 2007; Romano,5R0These aspects led to the

following research question:

RQ3. How to provide a general solution to the peoblof testing for an interval null
against a two-one-sided alternative overcoming lingitation of likelihood based
methods?

Proposed thesis has a double implication: on ond fspart of the research field of so-
called methods of ranking and selection and integrthat theory from the perspective
of a new nonparametric approach. On the other haisdyery application and problem-
solving oriented, as has been suggested by numeasesstudies that are presented and

solved hereafter.



Chapter 1 is devoted to present a detailed litezataview, showing that problem of
ranking has been faced in different field and pmhtview. We review the basic
procedures proposed in the literature, classifyirem within the main reference field

where they have been developed.

Chapter 2 discusses an appropriate synthesis todi@dCl) of a set ok informative
ordered categorical variables representing judgsnenta specific quality aspect under
evaluation. The application of the nonparametrigrapch based on NPC to the student
satisfaction survey of the School of Engineeringh&f University of Padova is shown.
It represented a significant aspect of the analg$ishe gathered data, in order to
understand the satisfaction structure of the redpats and evaluate the distance from

the observed global level of satisfaction and aimtgd desired value of satisfaction.

The purpose of Chapter 3 is to propose a new appréa the problem of ranking
several multivariate normal populations. It will theeoretically argued and numerically
proved that our method controls the risk of fals@king classification under the
hypothesis of population homogeneity while undex tton-homogeneity alternatives
we expect that the true rank can be estimated satisfactory accuracy, especially for
the ‘best’ populations. A simulation study provdsioathat the method is robust in case
of moderate deviations from multivariate normaliBnally, an application to a real
case study in the field of life cycle assessmentraposed to highlight the practical
relevance of the proposed methodology. This proeeded to the following two
publications in 2014: “A New Approach to Rank SealeMultivariate Normal
Populations with Application to Life Cycle Assessitieon Communications in
Statistics — Simulation and Computation (Carroz8mrain, Musci, Salmaso, &
Spadoni, 2014), and a real application on custosagisfaction survey “Two Phase
Analysis of Ski Schools Customer Satisfaction: Mualtiate Ranking and CUB
Models” on STATISTICA(Arboretti, Bordignon, & Carrozzo, Two Phase Arsadyof
Ski Schools Customer Satisfaction: Multivariate Rag and CUB Models, 2014).

The aim of Chapter 4 indeed is to overcome the irdriguing impasse by considering
a general solution to the problem of testing foirgarval null (also named equivalence
null) against a two-one-sided alternative. In dosw the goal is to go beyond the
limitations of likelihood based methods by workimga nonparametric setting within
the permutation frame. This procedure led in 20d5he publication of the work

“Union-Intersection permutation solution for twoasple equivalence testing” on



Statistics and ComputindPesarin, Salmaso, Carrozzo, & Arboretti, 2015).



Chapter 1. Literaturereview on ranking problem

Since the problem of ranking has been addresstiliterature from a lot of different
points of view, in this chapter we review the bgsioccedures proposed in the literature,
classifying them within the main reference fieldesh they have been developed, that is

statistics and operations research.

1.1 Statistical approaches

There are many situations when we are facing witbrential problems of comparing
several - more than two - populations and the goabt just to accept or reject the so-
called homogeneity hypothesis, i.e. the equalityabbfpopulations, but an effort is

provided to try to rank the populations accordimgdme suitable criterion.

Multiple comparison procedures - MCPs have beempgsed just to determine which
populations differ after obtaining a significant wifsus test result, like the ANOVA F-
test. However when MCPs are applied with the goahhk populations they are at best
indirect and less efficient, because they lack qutidn in terms of a guaranteed
probability against picking out the 'worse' popigiat This drawback motivated the
foundation of the so-called ranking and selectiogthuds (Gupta & Panchapakesan,
2002) which formulations provide more realistic lgoaith respect the need to rank or
select the 'best' populations. A further class rocedures with some connection with
the ranking problem is that of the constrained emler restricted - inference methods
(Silvapulle & Sen, 2005; Robertson, Wright, & Dyilest 1988). Finally, the ranking
problem has been addressed in the literature fhrenpoint of view of investigating and
modeling the variability of sampling statistics dse® rank populations, that is the
empirical estimators whose rank transformation les the estimated ranking of the
populations of interest (Hall & Miller, 2009; Ha& Miller, 2010; Hall & Schimek,
2012).



1.1.1 Multiple comparison procedure

The reference to the so-called MCPs occurs whenoomsiders a set of statistical
inferences simultaneously for example when a getamily, of testing procedures is
considered simultaneously, in particular when wahwio compare more than two
populations (treatments, groups, etc.) in orddini out possible significant differences
between them within th€-samples location testing problem (Westfall et 2011).
Since incorrect rejection of the null hypothesismsre likely when the family as a
whole is considered, the main issue and goal of M@ to prevent this from
happening, allowing significance levels for singlad multiple comparisons to be
directly compared. These techniques generally requstronger level of evidence to be
observed in order for an individual comparison & deemed "significant”, so as to

compensate for the number of inferences being made.

Some contributions proposed in the field of MCPgehanore or less directly to do with
the ranking problem. Hsu and Peruggia (1994) dligcreviewed the graphical
representations of Tukey's multiple comparison wethehind which we can clearly
see the Tukey's attempt to rank the populations fiee 'best’ to the ‘worst’. The popular
Tukey's underlining representation prescribes thtier ordering the populations
according to the increasing values of their estwthiatmeans, all subgroups of
populations that cannot be declared different agetlined by a common line segment.
After that, one can infer at least as many groupsstictly not the best and in this way
arguing which population can be overall consideasdhe best, the second, etc. In fact,
since the set of all pairwise orderings is equintite a set of rankings, from a pairwise
decision-theoretic subset selection procedure erptssible significances and from the
specific directions in which each significance asglt is possible to specify the subset
of rankings selected from the set of all possildekmgs (for details we refer to
Bratcher & Hamilton, (2005); Hamilton, Bratcher, 8tamey, (2008)). Bratcher and
Hamilton (2005) propose a Bayesian decision-theomebdel for producing, via all
pairwise comparisons, a set of possible rankingafgiven number of normal means.
They perform a simulation study where they proveel $uperiority of their model to
popular frequentist methods used to rank normalnsygacluding Tukey's method and
the Benjamini & Hochberg (1995) procedure.

Referring to the so global performance indexes aitd the goal of ordering several

multivariate populations, Arboretti Giancristofar@orain, Gomiero, & Mattiello,



(2010a) proposed a permutation-based method usmgtaneous pairwise confidence
intervals. In this connection, Arboretti Giancrigtia, Corain, Gomiero, & Mattiello,
(2010b) compared two ranking parameters in a sitionatudy that highlighted some

differences between the parametric and nonparasragigroach.

Some additional MCPs techniques are focused omatitig and testing which specific

population can be inferred as the best one amosegt @f several populations. This
situation is called multiple comparisons with thest) or MCB (Hsu, 1992). In the same
direction but in the framework of the order reggetinference, the so-called testing for
umbrella alternatives (Mack & Wolfe, 1981) aims ahirwise testing and

simultaneously estimating among a set of a priateced populations which one can be
considered as the '‘peak’ group where the respaeshes the maximum (or the

minimum) value of its location parameter.

1.1.2 Seection and ranking

The selection and ranking approach, also known w@spie decision procedures, arose
from the need of enabling to answer natural questi@garding the selection of the
'best’ populations within the framework @-sample testing problem (Gupta &
Panchapakesan, 2002). Depending on the formulaifothe procedures two basic
approaches have been developed, namely, the iratiffe zone (1Z) formulation,
originally proposed by Bechhofer, (1954), and theset selection (SS) formulation,
established by Gupta, (1965). The IZ formulatiomsito select one of th€
populationslTy,..., Nc as the best one and if the selected populatidrug the best,
then a correct selection (CS) is said to occur.uaArgnteed minimum probability of a

CS is required when the best and the second bestigimnslly andMp, i.e. those
associated with the largest two estimated rankiratyarpeteré[ll and 5{2] , are

sufficiently apart, that isf41—82>8, where the term ranking parameter refers to a
population parameter of interest, often the locatjaramete® = u, whose rank
transformation define the true population rankihlge IZ approach can be also applied
in case the interest is focused on completely ranpki set of populations (CR-12), that
is from ‘best’, 'second best', ..., down to therstdBeirlant, Dudewicz, & Van Der
Meulen, 1982). In the SS approach for selectingotést population, the goal is to select

a nonempty subset of the populations so that the selected subset includedeést
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(which event defines a correct selection-CS) witQuaranteed minimum probability.
Provided certain distributional assumptions on pagans are met, these methods
usually guarantee that the probability of a corelection will be at least some pre-

specified valueP" that should be specified in advance by the expmntar, that is
P{CS}>P".

A few selection and ranking proposals are concermgith ranking of several
multivariate populations. Under assumption of nvaltiate normal distributions, several
real-valued functiond of population parametepu(y)) have been adopted to rank the
populations, namely, (a) Mahalanobis distance,g@éneralized variance, (c) multiple
correlation coefficient, (d) sum of bivariate praetimoment correlations, and (e)
coefficient of alienation (Gupta & Panchapakesa@02. In case the population
distribution functions are not specified, severahparametric solutions have been
proposed: those procedures are based on more bematang parameters such as the
rank correlation coefficient and the probabilityaaincordance (Govindarajulu & Gore,
1971).

1.1.3 Order restricted inference and stochastic ordering

Prior information regarding a statistical modelquently constrains the shape of the
parameter set and can often be quantified by piagiequality constraints on the

parameters. The use of such ordering informaticreemses the efficiency of procedures
developed for statistical inference (Dykstra, Rédmr, & Wright, 1986). On the one

hand, such constraints make the statistical infargarocedures more complicated, but
on the other hand, such constraints contain statisihformation as well, so that if

properly incorporated they would be more efficidrgn their counterparts wherein such
constraints are ignored (Silvapulle & Sen, 2005vibov & Peddada, (2011) extended
the order restricted inference paradigm to the c&seultivariate binary response data
under two or more naturally ordered experimentaldtons. In such situations one is
often interested in using all binary outcomes stamdously to detect an ordering
among the experimental conditions. To make suchpemisons they developed a
general methodology for testing for the multivagiagtochastic order between the
multivariate binary distributions. Conde, Fernand€ueda, & Salvador, (2012)

developed a classification procedure in case oéred populations that exploits the
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underlying order among the mean values of sevemlps by using ideas from order-
restricted inference and incorporating additionafoimation to Fisher's linear
discriminant rule (Fisher, 1936). However it shobllnoted that the work of Conde et
al., (2012) aims to classify individual observasomto populations by exploiting
restriction constraints on the parameters, white dhjective of our book is to classify
the populations in an ordered sequence accordisgrtpling information and having a

priori no restriction on population parameters.

1.1.4 Ranking models

The ranking problem has been also addressed iiite¢heture from the point of view of
investigating and modeling the variability of samgl statistics used to rank
populations, that is the empirical estimators whomek transformation provides the
estimated ranking of the populations of interestie Tdistribution of ranking
probabilities have been investigated by (Gilbe@03® within the one-way ANOVA
layout under the assumption that parameter estamate well approximated by a
normal distribution, with possible intergroup hetsredasticity and correlation. Gilbert
(2003) proposed several methods for estimatindrthee(objective, frequentist) ranking
probability distribution given historical data afar developing inferences about the
ranking probabilities. Hall and Miller (2009) pragmusing bootstrap to handle with the
variability of empirical ranking and they discusethb theoretical and the numerical
properties of bootstrap estimators of the distidng of rankings. The same authors
(Hall and Miller, 2010) prove that a light or heawajled underlying distribution of
population variables may weakly or strongly affexe reliability of empirical rankings.
Considering the problem whe@items are judged by assessors using their peorepti
of a set of performance criteria, or alternativieyytechnical devices, Hall and Schimek
(2012) consider methods and algorithms that canslked to address this problem. They
studied their theoretical and numerical properiiregshe case of a model based on

nonstationary Bernoulli trials.

Another approach to ranking models is that of fdlyndefining a suitable model
underlying the process of ranki@items, often referred to a behavioural issue where
subject based on its own individual preferencewiléng to order C objects. In this
connection ranking models proposed so far in tteediure fall into four categories: the

Thurstonian models, multistage models, models iadudcom paired comparison, and
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distance-based models (Xu, 2000). The Thurstoniadets (Daniels, 1950; Mosteller,
(1951) extends Thurstone's theory of paired corsparto the full ordering of several
items (Thurstone, 1927). Multistage models spl tanking process intG—1 stages.
Starting with the full set o€ items, at the first stage, one item is selectatlassigned
rank 1; at the second stage, another item is seleitbom the remaining items and
assigned rank 2; and so on. The last remaining iseassigned ran& by default. One
such model is based on Luce's theory of choicevbeh@_uce, 1959). Babington-Smith
(1950) suggested inducing a ranking model fromteobarbitrary paired comparison
probabilities. To reduce the number of parameté&abington Smith's model, Bradley
& Terry (1952) introduced a specific condition dretpaired comparison probabilities
while substituting Bradley-Terry probabilities intlee Babington-Smith model leads to
the well-known Mallows-Bradley-Terry MBT model (MaWws, 1957). Distance-based
models were first suggested by Mallows (1957); they based on the assumption that
there is a modal ranking from where the rankingophilities are the same. Mallows
proposed two metrics used for the distance, nart@lyhe concordance measures,
Kendall’'s (1948) tau and Spearman’s (1904) rhqeesvely.

1.1.5 Heuristic methods

GPS - Global Performance Score Tools is an heargstiering method proposed by
Corain, Cordellina, Crestana, Musci, & Salmaso (30h the context of the so-called
primary performance analysis of laundry industryor{Bini, Corain, Cordellina,
Crestana, Musci, & Salmaso, 2009). Suppose we wbsandependent replicates (e.g.
fabric samples) related 16 treatments to be ranked (e.g. detergents, andftitizes)

on which are observauresponse variables (e.g. the percentage of sabved fromp
stains). In the context of testing for the so-ahlfgimary detergency, tests are carried
out on various washing machines (external repbeel for different fabric samples

(internal replications).
The GPS method is defined by the following algarth

1. calculate the averages and standard deviationsgtatkio account the distinction

between internal and external replications.
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2.

4.

10.

Examine each single variable, then for each rovith =1, ..., p of the matrix
relative to the averages, calculate the K pairwdserences between the

treatment averages sorted in ascending order:

3. Agnyj= m;j — my; with i,h=1,...,C and#h according to the obtained order;

The differences thus calculated are used to caktia index

with i,h=1,...,C and+#h, j=1,...,p and HSD is calculated for each stas |

S.
HSD; = ’—J—
g q(l—%)icic(”‘l) nC

where ¢ is the so-called g-value determined as (Ije_ Z)-
(1-9) P

;C;Cx(n—1)
quantile frpom Tukey’s “studentized range” distriiomt with C and C(n-1)
degrees of freedom; sis calculated as the sum of the squares of #redatd
deviations of all treatments for variable j, andrapresents the number of
replications obtained as the product of the nundfemternal and external

replications.

Alternatively a procedure may be followed in whitte parameter Siggi; IS
calculated in the following way:

Signigny; = Danyj — Cf;

with i,h=1,...,C and+#h, j=1,...,p and ¢fs the so-called calibration factor i.e. the

. 2
factor calculated for each variablegfs= <Zl—( a )/Z>- aj\/%

2xK*p

If the value of Signi; (however it is calculated) is greater than O, thisans
that a difference was observed between treatmeartd h on variable j, and the

one with the higher average is considered the best.

For each variable j, j = 1, ..., p draw a matrixhwtreatments in rows and
columns, ranked from best (the one with the highgstage) to worst, in which
each cell represents the comparison (and the gignde of this comparison)
between the row treatment and the column treatrimetite responses on the
variables under consideration. In particular, & tlow treatment is better than
the column treatment, and the difference is sigaift (value Sigih)y previously
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described), the cell is assigned the value "1"emtise the value is "0". The

cells below the main diagonal are redundant.

11. Starting from the previous matrix, for each rowrtsteom the first treatment and
draw a line that stops before the first "1" of tihheatments to be compared.
Proceed in this way skipping the cases in whicme Wwould end at the same
point as the previous one.

12.Calculate the "rank" values for each column by agddall the row values
divided by the number of rows. Repeat this for eamiiable j. These values will
populate the Counting Table.

13.For the thus obtained Counting Table, calculateaterage along the columns

to obtain g, ..., &;

14.1f at least onejrfor i = 1, ..., C is equal to 1, the treatmentoassted with that
value will be the best. If no for i = 1, ..., C is equal to 1, the values are
normalized by dividing by the minimum value of thus obtaining the best
treatment with value equal to 1 and the worst timgi~or simplicity of notation,
we continue to use to refer to the amount described in step 2, bolleres

normalization is carried out and where it is not;

15.Compare the value of each treatment with the baektev(which, as said, is 1):
calculate the difference between the two values flor every fraction of 0.125 in

the difference there is a jump of half a positioomi the first (maximum 5).

1.2 Operationsresearch literature on the ranking problem

Using the information on the degree of preferenteacset of alternatives to be
compared and starting from a more algorithmic pegpe, the ranking problem can be
seen as the search for an 'optimal’ order, thathst satisfies predetermined criteria of
optimality. In this perspective, operations reshascthe discipline that deals with the
problem of find out an optimal deterministic rardkinVe use the term deterministic to
emphasize the fact that in this context there igeference to any population nor to
samples drawn from populations, i.e. in summaryethe no underlying inference or

pseudo-inference. It follows that it makes no setssespeak of uncertainty of the
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procedure of determining the ranking so that ggsentially a deterministic process in

nature.

To solve the ranking problem within the operatiaesearch literature two main
approaches have emerged: multiple-criteria decisiaking and group-ranking. The
two approaches have been focused on the optimahesis of a multiplicity of

preferences respectively referred to a set of r@itand to a group of subjects. In
practice, while the former emphasizes the multidisi@nal nature of the items to be
ranked, the second focuses on the multiplicitynafividuals who have expressed the

evaluations.

The great amount of work developed around the prolbdf algorithmic ranking drew
big boost from two important theoretical resultise tArrow's impossibility theorem
(Arrow, 1963) which inspired the group ranking aggwh and the analytic hierarchy
process (AHP) proposed by Saaty (1977; 1980), whatame a leading approach to
multicriteria decision making. With reference teetlssue of voting and elections, a
prominent "impossibility” result is Arrow's (1968)ndamental theorem proving that no
voting scheme can guarantee five natural fairnesgpepties: universal domain,
transitivity, unanimity, independence with resptectrrelevant alternatives here referred
to as rank reversal, and non dictatorship. KemenySgell (1962), proposed an
axiomatic approach for dealing with preference nagkthat models the problem as
minimizing the deviation from individual rankinggfthed by the distance between two
complete rankings. In the AHP proposed by Saaty{12980), the decision problem is
modeled as a hierarchy of criteria, sub-criterraj alternatives. The method features a
decomposition of the problem to a hierarchy of $enpomponents, extracting experts'
judgments and then synthesizing those judgmentr Alie hierarchy is constructed,

the decision maker assesses the intensities imaigacomparison matrix.

Hochbaum & Levin (2006) proved that there is a ntiodeoverlap between the
problems of multicriteria decision making and aggtte ranking, although these two
issues have been often pursued separately andidredly are considered distinct.
Authors proposed a framework that unifies sevetr@lass of research and offers an

integrated approach for the group-ranking problewh multicriteria decision making.

An important role in all approaches of operatioasearch to the ranking problem has
been played by the Perron-Frobenius theorem (Ke&868; Hofuku & Oshima, 2006),

which asserts that a real square matrix with pasiéntries has a unique largest real
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eigenvalue and that the corresponding eigenvea®sstrictly positive components, and
also asserts a similar statement for certain ctas@onnegative matrices. In fact, the
idea of using a square matrix A, often called periee matrix, to find a ranking vector
has been around for some time and the idea of pogvdre matrix A to find a ranking
vector was initiated by Wei (1952), Kendall (1954)d revisited often (e.g. Saaty,
1987).

1.21 Themultiple-criteria decision making approach

A lot of contributions to the ranking problem haween proposed within the
management science and operations research lierédausing on the optimisation
point of view and referring to behavioral issuesd @ecision theory. Methods based on
the so-called multiple-criteria decision-making -CEM approach aim at solving
decision-making problems in which more actions eétof individuals are compared to
determine which alternative (among a given sethé best or to establish a ranking
(Koksalan, Wallenius, & Zionts, 2011). Among suchdkof techniques proposed in the
literature, essentially three methods are consitdexggregation methods using utility
functions, interactive methods and outranking meashoThe dominance relation
associated to a multicriteria problem is basedhenunanimity of the point of view;
however, this is usually so poor that it cannotused for solving real problems,
therefore many authors have proposed outrankinchadst in order to enrich the
dominance relation. The most popular methods madbhea are: ELECTRE LI, lll e IV.
However ELECTRE methods are rather intricate bexatley require a lot of
parameters, the values of which are to be fixettheéadecision-maker and the analyst. In
order to avoid these difficulties it was proposed nendified approach called
PROMETHEE (Brans & Vincke, 1985).

MCDM or multiple-criteria decision analysis (MCDAg a sub-discipline of operations
research that explicitly considers multiple crigern decision-making environments.
The main concern of MCDM is to structure and saleeisions, and plan problems that
involve multiple criteria. MCDM'’s purpose is to qugot decision makers facing these
types of problems. Typically, there is no uniqudiropl solution for such problems,

therefore it is necessary to use decision makeaeseences to differentiate between

solutions.
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"Solving" can be interpreted in different ways.cttiuld correspond to choosing the
"best" alternative from a set of available altenred (where "best" can be interpreted as
"the most preferred alternative” for a decision srak Another interpretation of
"solving" could be choosing a small set of goocralatives, or grouping alternatives
into different preference sets. An extreme intdgiren could be to find all "efficient”
or "nondominated" alternatives (which we will defighortly).

The difficulty of the problem originates from theepence of more than one criterion.
There is no longer a unique optimal solution tdVdbDM problem that can be obtained
without incorporating preference information. Thencept of an optimal solution is
often replaced by the set of nondominated solutidnsondominated solution has the
property that it is not possible to move away franto any other solution without
sacrificing in at least one criterion. Therefotemiakes sense for the decision maker to
choose a solution from the nondominated set. Otiservine could do better in terms of
some or all of the criteria, and not do worse ig ahthem. Generally, however, the set
of nondominated solutions is too large to be pregkmo the decision maker for his
final choice. Hence we need tools that help thestt maker focus on his preferred

solutions (or alternatives). Normally one has tadeoff" certain criteria for others.

1.2.2 Thegroup-ranking approach

Still with reference to operations research, anoti@ss of solutions for the ranking
problem is based on the so-called group-rankinghatst which are referred to the
group decision making theory (also known as colathee decision making): a

situation faced when individuals collectively makechoice from the alternatives that
have been submitted to them. The problem of “gnaunking”, also known as “rank-

aggregation”, has been studied in contexts varffiogn sports, to decision-making, to
machine learning, to ranking Web pages, and to\bets issues (Hochbaum & Levin,

2006). The essence of this problem is how to cotat@ and aggregate decision
makers’ rankings to obtain a group ranking thatepgresentative of “better coherent”
ordering for the decision makers’ rankings (CherC&eng, 2009). According to the
completeness of preference information provideddwgision makers, the group ranking
problem can be roughly classified into two majomp@aches, the total ranking
approach and the partial ranking approach. Thedomeeds individuals to appraise all

alternatives, while the latter requires only a st alternatives. Roughly speaking,
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the goal of most total ranking methods is to deteena full ordering list of items that

expresses the consensus achieved among a grougrisfod makers. Therefore, the
advantage of these researches is that no matterrhmiv users’ preferences conflict, an
ordering list of all items to represent the consenis always produced. Unfortunately,
this advantage is also a disadvantage, becausetivienis no consensus or only slight
consensus on items’ rankings, the previous appretktiyenerates a total ordering list
using their ranking algorithms. In such a situatiorhat we obtain is really not a

consensus list, but merely the output of algorithgaditionally, there are three

formats to express users’ preferences about itentisel total ranking approach. These
formats include weights/scores of items, set ofvgae comparisons on the items and

ranking lists of items.

Moreover, the group ranking problem can be clasgifaccording to the format to
express users’ preferences. Depending on the fopuiat used to express preferences,
they can be classified into: weights/scores of geset of pairwise comparisons and
ranking lists of items. The first kind of formatguéres each individual to provide
weights/scores for all items. Thus, the accuracthisf approach would be affected by
personal differences in scoring behavior. The séctormat needs individuals to
provide set of pairwise comparisons on all itemsisTkind of format is a general way
in expressing users’ preference about the itemsveder, providing these comparisons
becomes an awful work, in case of large numbetenfis. The last format is to ask users
to provide lists of ranking items. When items arany it is not easy for users to

determine a full ordering list.
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Chapter 2. Compositeindicators of k informative variables

In this section we define an appropriate synthexigcator of a set ok informative

ordered categorical variables representing judgsenta specific quality aspect under
evaluation (e.g. external effectiveness of eduoatigprocesses within the university
system). Let us denote the responses laglimensional variabl¥ = [Yl,...,Yk], where

each  marginal variable can assumen ordered discrete  scores,
h=1...mmON \{ 0},m>1, and large values di correspond to higher satisfaction
rates. For application reasons these variablegiaea different (non-negative) degrees

of importance:(0<vv; <1l :l...,k). Such weights are thought to reflect the different

role of the variables in representing indicatorstiod specific quality aspect under
evaluation (e.g. indicators of PhD Researcher'sesg in entering the labor market or
academic field), and are provided by responsiblpeds or by results of surveys
previously carried out in the specific context.

The methodological problem we face is to find abglosatisfaction index or a global
ranking of N statistical subjects starting froik dependent rankings on the saie

subjects, each representing a specific aspect @vaduation.

Two main aspects should be considered when fatiagptoblem of finding a global

index or a global ranking of satisfaction:

1. the search of suitable combining function of twormre indicators or rankings;

2. the consideration of extreme units of the globaknag. Bird et al. (2005) pointed
out that “the principle that being ranked loweseslmot immediately equate with
genuinely inferior performance should be recognized reflected in the method of

presentation of ranking”.

The nonparametric combination (NPC) of dependemktings (Lago & Pesarin, 2000)
provides a solution for problem (1). The main pwgof the NPC ranking method is to
obtain a single ranking criterion for the statigtianits under study, which summarizes

many partial (univariate) rankings.

Let us consider a multivariate phenomenon whoséablas Y are observed om

statistical units. Starting from component variabtg,i =1,...,k, each one providing
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information about a partial aspect, we wish to twas aglobal indexor combined

ranking T :
T= (‘(Yl,---,Yk;Wl,...,Wk), ¢:R 2k R
where¢ is a real function that allows us to combine theipl dependent rankings

and (vvl,...wk) is a set of weights which takes the relative degref importance

among thek aspects ofY into account.
We introduce a set of minimal reasonable conditiefeted to variable¥:,i =1,...,k:

1 for each of thek informative variables a partial ordering criteriam well

established, that is to say “large is better”;

2 regression relationships within thie informative variables are monotonic

(increasing or decreasing);

3 the marginal distribution of each informative vai&is non-degenerate.

Moreover, notice that we need not to assume théreoty of Y;,i =1,...k, so that the
probability of ex-equo can be positive. The comtugnreal functiong is chosen from
class® of combining functions satisfying the following mwinal properties:

- ¢ must be continuous in allk2arguments, in that small variations in any

subset of arguments imply small variation in thendex;

- ¢ must be monotone non-decreasing in respect toagcment:
Ao X ) 2 Y W) (LS Y S Y >0 =1,k

- ¢ must be symmetric with respect to permutationthefarguments, in that if

for instanceuy,...,uy is any permutation of 1,.k then:
Ay Yoy W Wi ) = AV Vi W W)

Property 1 is obvious; Property 2 means that ififgtance two subjects have exactly
the same values for a¥s, except for thd-th, then the one witli >Y;' must have
assigned at least the same satisfacfiemdex. Property 3 states that any combining
function ¢ must be invariant with respect to the order inclhinformative variables

are processed.
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For example, Fisher’'s combining functiop= —Zg‘zlwi ><Iog( —Yi) can be useful for

guality assessment. Of course, other combiningtioing previously presented may be
of interest for the problem of quality assessmeete we simply point out that Fisher’'s
combining function seems to be more sensitive wagsessing the best quality than
when assessing lower quality, in the sense thatl ghifferences in the lower quality

region seem to be identified with greater diffiguthan those in the best quality region.

For problem (2), we propose an extension of the M&tking method to the case of
ordered categorical variables based on extremesfaetion profiles. Extreme

satisfaction profiles are defined apriori on a hyetical frequency distribution of
variablesY;,i =1,...,K. Let us consider datX , where the rule “large is better” holds

for all variables. Observed values for thk variables are denoted as

yji.i =1...k;j =1..N. Examples of extreme satisfaction profiles aregitelow.

The strongsatisfaction profile is defined as follows:

a. the maximum satisfaction is obtained when all stisjdave the highest

value of satisfaction for all variables:

1 forh=m _ .
= Oi,i=1..k

=10 otherwisé
where f,, are the relative frequencies of categoieh =1,...,m, for
variableY;,i =1,...k;

b. the minimum satisfaction is obtained when all satgjdhave the smallest

value of satisfaction for all variables:

Oi,i=1...k

i 1 forh=1
hi =10 otherwiseé

Theweaksatisfaction profile is defined as follows:

c. the maximum satisfaction is obtained when the seetaive frequency
(say 70%) of subjects have the highest value offaation for all

variables:
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u forh=m

m-1 Oi,i=1...k;
u, otherwisewhere Y uy, = (1-u) a

h=1

fhi =

d. the minimum satisfaction is obtained when the saatetive frequency
(say 70%) of subjects have the smallest value t&faation for all

variables:

| forh=1

fr. = m Oi,i=1...k
701 otherwisewhere Yy = (L-1) L

h=2
Another way to define weak satisfaction profileslgained when:

e. the maximum satisfaction is obtained when subjbetge the highest

value of satisfaction with relative frequencies ywag across the

variables:
uy forh=m
fli = m-1 i=1..k;
™Yy otherwisewhere Y upi = (L-u;) L
h=1

f. the minimum satisfaction is obtained when subjéase the smallest
value of satisfaction with relative frequencies ywag across the

variables:

l; forh=1

fhi = : m
I, otherwisewhere Y Iy, =(1-1;)

h=2

2.1 Extreme profileranking method
In order to include the extreme satisfaction pesfilin the analysis, we transform

original valuesh,h =1,...,m. At first, we separate the values lofcorresponding to a

judgment of satisfaction, say the last<t < m, from those values corresponding to

judgments of dissatisfaction, i.ém—t). For the last values ofh corresponding to a

judgment of satisfaction, the transformed valuels afe defined as:
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h+ fh; x05 h=m-t+1...m i=1..K.

For the first(m—t) values ofh corresponding to judgments of dissatisfaction, the

transformed values d&f are defined as:
h+(1-fy)x05  h=1..m-t;i=1..k.

Such transformation is equivalent to the assignnewriginal valuesh,h =1,...,m, of
additive degrees of importance which depend ortiveldrequenciesfi, and which

increase the original values up to h+05. Let us suppose, for example, that
h= 1234 and values 3 and 4 correspond to judgments cffaation. By applying the
above transformation, the value of 3 tends to thy@euvalue 4 which represents higher

satisfaction, whenf;z increases. On the contrary the value of 1 tend® t@ess

dissatisfaction), wherfj; decreases. Figure 2 displays the example.

Values corresponding to Values corresponding to
judgments of dissatisfaction judgments of satisfaction
_ __/\,»_ _ _ __/.\___
Original valuesh ~ ~ 1 2 0 4 3 4
/ S~ /_,f" \\ \"\
e N N N\
Ja=1 1>f>0 fy=0 - Jiz=0 O0<fiz<l fiz=1 -
Transformed values 1 1.1-1.4 1.5 2::25 3 3.1-34 3.5 4... 45

Figure 1. Transfor mation of original h values.

The transformation of valuels,h =1,...,m, weighted by relative frequencie, , is

applied to observed valuegji,i=1..k;j=1..N . For the lastt values ofh

corresponding to a judgment of satisfaction, tlaadformed values ojfji are defined

as:
m - -
Zji :yji + Z Ih(yji)x fihx 0.5, I:l,...,k;]:l...,N,
h=m-t+1
where:
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1 if yji =h
Loly )= .
nlvi) {o ity #h

For the first(m—t) values ofh corresponding to judgments of dissatisfaction, the

transformed values of j; are defined as:

m-—t ) _
Zji = yji + hz Ih(yji )X(l— fih)x 05 i :].,...,k;j =1...N.
=1

In this setting, we can consider the following sfommations (partial rankings):

1= (Zji —Z min)"' 05

= , i=1..kj=1...N,
d (Zi max ~ 4 min)"'l

where z; jyin and z; max are obtained accordingly to an extreme satisfagpiwfile. If
we consider the strong satisfaction profile we have

m—t

Zimin = y“ + Z Ih(yji )X(l— fih)x 05=1 Wherefih =1 and y” =h= 1 i :1,...,k
h=1
m
Zmax = Yiji + > Ih(yji)x fih x05=m+ 05 wheref), =1 and Yii =h=m, i=1...k
h=m-t+1

If we consider a weak satisfaction profile, with= 0.7 andl =1, we have:

m—t

Zmin = Yiji + Z Ih(yji )X(l— fih)x 05=1 Wherefih = ]andyji =h=1i=1..k
h=1

m
Zimax=Yjit X Ih(yji )x fih x05=m+ 035 wherefj, = O7andyj =h=m, i =1...k
h=m-t+1

It is worth noting thatz; j,ax represents the preferred value for each variaid, it is
obtained when satisfaction is at its highest leagglordingly to the extreme satisfaction
profile; z; min represents the worst value, and it is obtainedrnwdagisfaction is at its
lowest level accordingly to the extreme satisfattioprofile. Scores

Aji,i=L..m j=1..,N are one-to-one increasingly related with valygs, z;; and

ji
are defined in the open interval (0,1) (+0.5 andat& added in the numerator and

denominator o ; respectively).
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In order to synthesize thepartial rankings based on scorgg,i =1...m,j =1..,N,

by means of the NPC ranking method, we use a cantgpfonction ¢ :
|_Tj = (o(/]jl,...,/]jk;vvl,...,wk), j :].,...,N].
In order the global index varying in the interJgfl] we put:

_ Tj ~ Thin

- 1j ::L...,N,
: Tmax_Tmin

where:

Tmin = ¢(/]1min’---/]k min;le--'Wk)'
Thax = (‘Ulmaw---'/lk max;le--'Wk)’

and A min and 4; max are obtained accordingly to the extreme satisfagbrofiles:

(Zi min ~ 4 min ) +05 .
A =1..k
min (Zimax_zimin)"'l ’ bk
X max = (2 max ~ Zimin) + 05 i=1.. k

(z max = Zimin) +1
Note that valuel i, represents thenpreferred valuef the satisfaction index since it

is calculated fron{)llmin,...,/]kmin), while Tryax represents thpreferred valuesince it

Is calculated fron(AlmaX,...,/]kmaX). Tmin and Trax are reference values in order to

evaluate the “distance” of the observed satisfacti@ues from the situation of highest

satisfaction defined accordingly to the extremeéstattion profile.

Hereafter we will use the acronym NCI (Nonparancet@omposite Indicator) to
indicate the global indes;.

2.2 Areal application: the teaching university assessment

This section reports the results of the analysiieg to data collected from the student
satisfaction survey of the School of Engineeringh@ University of Padova for three

academic years (2011/12, 2012/13, 2013/14) relatimifferent aspects of satisfaction.

The nonparametric composite indicator (NCI) proploisethis chapter has been applied
to analyze data. The idea at the basis of a cortgpasilicator is to break down a

complex variable, such as the global satisfactma component measurable by means

27



of simple partial

indicator (Marozzi,

decomposition of a complex variable.

Contents clearly presented
Examination procedures
clearly defined

Total teaching hours

Teacher encourage/
motivate the interest
Course material
appropriate

Workshops, tutorials and
seminars appropriate

Classroom
Premises and equipments

7

~

Organization of the
courses

(Educalional and study

activities

(

Infrastructures
from 2014 not present

N

/

2009). Figur2 shows an example of

Overall

Satisfaction

Figure 2. Example of decomposition of a complex variable.

The questionnaire of satisfaction of the UniversityPadova presents several questions

relating to the different aspects of satisfaction:

- Satisfaction aboutrganizational aspects

- Satisfaction aboutaching activities
- Satisfaction abounfrastructureg(till 2012/13);

- Overall Satisfaction

In Appendix the questionnaire till the academicry2@12/2013 has been reported in

original language (ltalian; Appendix A.1) and inetlenglish version (for foreign

students; Appendix A.2).

It is also shown that there are questions relaiedtending and not-attending students.

In order to understand the satisfaction relatedtole teaching courses, i.e. in all their

aspects, we considered answer related to atterstiirtgnts (students who attended at

least the 50% of lessons). The application of trethd to questions referred to not

attending students is obviously possible.
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As seen before (and as we can see in the questienimathe Appendix) till the

academic year 2012/2013 there were some questaated to infrastructures, e.g.
related to the classroom for the lecture. From d@lbademic year 2013/2014 these
questions have been deleted from the questionmsoause, previous studies have

shown that they do not impact on the satisfaction.

Since in this section we show results for the asadeyear 2013/2014 we show in
Table 1, the 9 questions for the analysis, seleatedepresenting satisfaction aspects

described above.

Data consist of scores in Likert scale 1-10 whe¥esloptimal evaluation, thus we are
in presence of ordered categorical variables.

The aim of the analysis is not only to assess #tisfaction of students about several
teaching courses belonging to specific degree esutsoth for different areas of
satisfaction separately and jointly showing thegrenances of the new proposal on real
dataset, but in particular to understand which oupments it involves in the analysis.
This study has the significant purpose of compatimg behavior of the NCI with

respect to using only the mean of the answers eafgtlestion of overall satisfaction

(D13), that is currently used as global indicatbsatisfaction.

For the sake of explanation, in order to show priigee and advantages of the NCI let
us consider only the data referring to teachingrses of the degree course in
Management Engineering held in the academic yedi3/2014. Results for other

academic years are close.

29



DO1. At the beginning of the course the
aims and the contents were clearly

presented?

D02. The examination procedures were

Organizational Aspects clearly defined?

D03. The times of teaching activities were

complied with?

D09. The recommended course material

was appropriate?

DO7. The teacher encouraged/motivated

the interest in the subject?

DO08. The teacher set out the topics clearly?

Teaching Activities D10. The professor was during his office

hours for clarifications and explanations?

D11. Workshops, tutorials and seminars| if

any, were appropriate?

D13. How much are you satisfied with th

D

Overall Satisfaction

~NJ

development of the course on the whole

Table 1. Questions selected from each macr o area of satisfaction for the academic year 2013/2014.

Satisfaction profiles. One of the advantages of the NCI is that it cke tato account a

benchmark for maximum or minimum desired satistacfor different aspects.

In order to understand this feature let us consadezry simple example of one teaching
course of the first year in Management Engineerilh 300 students. Suppose we
want to evaluate the teaching course on the bésiesatisfaction about the room (e.g.
enough seats, good acoustics etc.) and the séatistabout the quality of teaching (e.g.
teacher explain well). We can set two different dienarks of satisfaction, since
expected satisfaction for the two aspects is differin a room with a lot of students is
not likely to expect the highest satisfaction frathstudents about the infrastructures.

This is because for example best seats are givgn €hus we can set:
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- maximum satisfaction about room when at least tG& &f students have the
highest satisfaction;
- maximum satisfaction for teachinghen 100% of the students have the highest

satisfaction.

Look at Figure 3. It reports an example of a resching course in Management
Engineering. If we considerstrong satisfaction profile (i.e. highest satisfaction for all
students for all variables) we obtain a composithdator of satisfaction with a median
0.41. Thus if we consider the point 0.5 as pofrdudficient satisfaction, this teaching
course is not sufficiently satisfactory. Whereamgisaweak satisfaction profile (i.e.
setting different benchmark of satisfaction forfeliént aspects) we pass from 0.41 to

0.52 and thus to sufficient satisfaction.

This feature is very significant since current gadors do not take into consideration

benchmarks of satisfaction.

[omissis]

Figure 3. Distribution of NCI for a teaching cour se using different satisfaction profiles. Red dashed
lines represent the point of sufficient satisfaction (0.5). Black dashed lines represent the median of
NCI.

Assignment of external weights. A second advantage of NCI is that for its congtounc

it is based on a transformation of data obtainedyhtmg variables by their relative
frequencies. Thus each variable is already invoiméadl the analysis with its intrinsic
importance. However for application reasons, véesmay also have different (non-

negative) ‘a-priori’ degrees of importan@e< w; < 1,i =1, ..., k.
Such weights

- are thought to reflect different roles of the vhlés in representing indicators of a

specific quality aspects under evaluation;

- are provided by experts or from the results of sysvpreviously carried out in the
specific context.

It takes into account all partial aspects. An important advantage of the NCI is that it

takes into account all partial aspects. We studredl impact of single aspects of
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satisfaction both towards overall satisfaction (pa8d NCI by means of a multiple
linear regression model (other models could be abbopted: latent class, multilevel

models, etc.).
[omissis]

Figure 4. Significance (a < 0.05) of each partial aspectsin the regression model, for some teaching
cour ses, identified by code of teaching cour se and code of teacher.

Figure 4 shows a representative extract of thelteesegarding the significance of each
partial aspect in the regression model, for eaelkhi&g course. A teaching course is
identified by code of teaching course (as well ysdde of degree course) and code of

teacher, so that teachers who teach the same cang@rsensidered separately.

Note that for some teaching courses, Teaching Activityarea presents some ‘critical’
variables i.e. D10 (related to availability of teat) and D11 (related to workshop,
laboratories etc.). When those variables have rimaa 30% of missing values then

they are not considered to avoid biases.

What we can see from Figure 4 is thedcher motivatiorseems to strongly guide the
satisfaction. The result is mostly evident showihg histogram of the significance of
each partial aspect (see Figure B@acher motivationn the 76% of times impacts on

the satisfaction followed bigaching materiahndteacher exploitation

This is a surprising result since the mean of Dli8stjon is actually considered as
indicator of overall satisfaction, whereas it deggeonly upon very few aspects.

Whereas the composite indicator NCI obviously takés account all partial aspects.
[omissis]

Figure5. Histogram of the significance (& < 0.05) of each partial aspectsin theregression model.

Performance with asymmetrical distribution. In Figure 6-7 we show the distribution of
the scores for each aspect, for overall satisfacitd for composite indicator NCI. We
can see how the distribution olerall satisfactionseems to follow that ofeacher

explanation that is one of the aspects which mainly impacsatmsfaction.

Figure 6. Distribution of scores of one teaching course (18.312) for each aspect, for overall
satisfaction and for composite indicator NCI. Red circles indicate aspect with a distribution of
scoresvery closeto that of overall satisfaction. Green circleindicatesdistribution of NCI.
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[omissis]

Figure 7. Distribution of scores of one teaching course (18.312) for each aspect, for overall
satisfaction and for composite indicator NCI. Red circles indicate aspect with a distribution of
scoresvery closeto that of overall satisfaction. Green circleindicatesdistribution of NCI.

Concluding the composite indicator proposed in thsearch presents several original
aspects, so far not present in currently adoptditator thus it can be considered as an
alternative with respect to currently adopted iatties in order to better understand the

‘satisfaction structure’ of the respondents.
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Chapter 3. Rankingsof multivariate populations

The need of defining an appropriate ranking of ssvpopulations of interest, i.e.
treatments, conditions, processes, products/seivate. is very common within many
areas of applied research such as Engineering Sdilences, etc. The idea of ranking in
fact occurs more or less explicitly any time wheraistudy the goal is to determine an
ordering among several input conditions/treatmeuitis respect to one or more outputs
of interest when there might be a “natural ordétinhis happens very often in the
context of management and engineering studies dhenbusiness world for many
research and development - R&D problems where tpmulptions can be products,
services, processes, etc. and the inputs are Bonghe the managerial practices or the
technological devices which are put in relationlvgeveral suitable outputs such as any

performance measure.

Many times in the R&D problems the populationsrdgérest are multivariate in nature,
meaning that many aspects of that populations easirbultaneously observed on the
same unit/subject. For example, in many technoldgexperiments the treatments
under evaluation provide an output of tens of elendreds univariate responses, e.g.
think on the myriad of automated measurementsateperformed on a silicon wafer
during the manufacturing process by microelectr®maclustry. From a statistical point
of view, when the response variable of intereshigtivariate in nature, the inferential
problem may become quite difficult to cope withedo the large dimensionality of the

parametric space.

Some inferential techniques such as multiple comparprocedures (Westfall et al.,
2011), ranking and selection (Gupta & PanchapakeXi0i?), order restricted inference
(Silvapulle & Sen, 2005) and ranking models (HallS&himek, 2012), more or less
directly or indirectly partially address the issofepopulation ranking but only under
some additional assumptions and not in the setsge do with the methodology we

propose in this chapter.

In order to better illustrate the goal behind theking of multivariate populations and
the related concepts such as ordering within aivawniate setting, let us consider three
bivariate normal populationdy, I1> andIls represented by the random variablgs-Y

N(w, 1) forj=1,2,3, where Yis dominated by ¥and Yz with respect to both univariate

35



components, i.e. Yand Y2, while Y- dominates ¥ for the second component and the
vice versa holds for the first component.

As quite often happens in many real situations,assume that all populations can
strictly take positive real values and the rule’thrger the better’ takes place so that the
origin may represent the minimum reference valug.sAggested by the ranking and
selection literature (Gupta & Panchapakesan, 20@2),us choose as multivariate

ranking parameter the Mahalanobis distance fromatigin D; :,uJ.TI'l,uj :Zi:l,ulfj

and let beD, the related sampling estimatojs= 1;2,3; since we are referring to

spherical normal distributions the Mahalanobis atise is equal to the Euclidean

distance, therefore since it happens thjt<D, <D, within this metric the true

underlying population ranking can be defined as2,03, Accordingly, we can

reformulate the multivariate ranking problem into anivariate dominance problem

focused on the sampling estimators[¥f, in particular in this cask, <D, <Ds the

relation takes place. Note that the distributionﬁpfdo depend by the multivariate
characteristics of the related population distidut!1As can be deduced from the
previous example, it is worth noting that possibjgposing dominances of several
univariate components from two or more given popoies do not affect the possibility
of defining and infer on the possible stochastimohmnces and multivariate ordering
among those populations. In fact as in Dudewics #éja (1978), the multivariate
ranking and selection literature highlights thatc® a suitable scalar function of the
unknown parameters has been chosen, this permit®nglete ordering of the
populations and the related inferences are basedsoitably chosen statistic which has
an univariate distribution (Gupta & Panchapake2a02). However, it is worth noting
that when trying to perform parametric pairwise diyyesis testing on the Mahalanobis
distances (via Hotelling-type statistics) with t@al of infer on which ordering can be
supported by sampling data, several complicatiorseacountered as pointed out by
Santos & Ferreira (2012), in particular the joimstdbution for all of pairs of mean
vectors is unknown even under normality assumptfaryway, several bootstrap and
permutation solutions do exist, see from examplat@&@a & Ferreira (2012) and
Minhajuddin, Frawley, Schucany, & Woodward (200%Ag&inos, Salmaso, & Solari
(2007) in case of directional alternatives. Whemrtultivariate population distributions

are not specified, that is considering the rankirgplem from a nonparametric point of
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view, we should refer to a more general and pogsiétric-free distance measure.
Similarly to what has been proposed by several axgthwithin the nonparametric
ranking and selection framework (Govindarajulu &r&o1971), Arboretti, Bonnini,
Corain, & Salmaso (2014) consider, as multivarraeking indicator, a functional of
the distribution function F, specifically a combiioa of the univariate directional
permutation p-values which can be viewed as a mistaneasure among multivariate
distributions. In this connection the combinatiorethodology (Pesarin & Salmaso,
2010) looks like a very useful tool because ohitdity to reduce the dimensionality in
order to compare and rank the populations undessinyation. Informally speaking, the
underlying idea behind the permutation approach fanking of multivariate
populations we propose in this work is quite simgeen two multivariate random
variables Y and Y, if Y; dominates ¥ then the significance level function related to
the combined test statistic suitable for testing thull hypothesis of equality in
distribution against the alternativg>¥ will be stochastically larger under the true
alternative that under the null hypothesis of eiqpaMoreover, the significance level
function under the true alternative will also doates that one under the false
directional alternative (for details see Arboretti al., 2014). Actually, using the
pairwise p-values as tools for ranking univariab@ydations is not entirely a new idea
in the literature. In fact, since from Tukey’s urndeng representation of pairwise
comparison results according to the increasingesbf their estimated means (Hsu &
Peruggia, 1994), one can argue which populationbeaaverall considered as the best,
the second, etc. In this regard Bratcher & Hami@d05) proposed a bayesian subset
selection approach to ranking normal means vipafiwise comparisons and compared
their model with Tukey’s method and the BenjaminH&chberg (1995) procedure. As
it will be shown, actually we intend the rankingplem as a non-standard data-driven
ordering problem, which can be viewed as similaa sort of a special case of post-hoc
multiple comparison procedure related to a multatarranking parameter. In this view,
the ordering procedure is an empirical process tisas inferential tools with the
function of distance indicators and signals ustdutstimate a ranking according to the
possible presence of several dominances among gamsd. In what follows, we
provide details on the proposed methodology to raekeral multivariate normal

populations. A simulation study for unreplicatedide is then presented.
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3.1 A new approach to rank several populations

Let us consider the s@l,,I,,..., I} related to C multivariate p-dimensional normal
populationsY; ~ N(u;,2),j = 1,...,C, where the variance/covariance matix is
assumed to be known so that the C normal popukatiaaty differ only with respect to
their location parametegs;. Assume that the ranking of the C populations ban
established by an additive rule and assume aldothiearule “the higher the better”
takes place for all thp components, so that &t = ﬁzl,u]-k/ak the “true” ranking
parameter related to theh population. Accordingly, the “true” ranking che defined

as
r(l) =7 =1+{#6 <6,),h=1,..,C,j #h}j=1,..,C

when the symbol # means “number of times”. Not¢ ifhhe rule “the lower the better”
was valid instead, then when defining the rankirggsiiould only reverse the direction

of the inequality, i.e.

r=1+{#(6,>0,),h=1,..,C.j#h}j=1,..,C.
[JIn case some components have be interpreted watfirgt rule and some others with
the second rule, therefore a suitable transformadiech as 1/Y or -Y should initially
applied in order that all components can share sdame underlying interpretation
(obviously, in this case we should assume that tthasformed components are
multivariate normal differing only on the locatigarameter). Consider that a random

sample of size; is available from the j-th population and (ﬁ?tz 2:11711«/01« be the

natural estimator fo;, whereY;, = Z?il Yiji/m; is thek-th univariate sample mean for

the j-th population. From standard calculations on fi@mnsations of normal random

variables it can be proved that

~ +2
Hj"’N <9j; [p Zk<spks]>’
n;

j=1,..,C.

In case the variance/covariance mafixannot be assumed as known, the previous

formula is expected to be valid as approximatettidigion, that is

+2 D
. [p Zk<s pks]))}. — 1, . C.
n;

. d
9 - N6

In order to calculaté;, that is to provide an estimaterfit is clear that we need to do

inference on the pairwise differen((esl — Hj),j,h =1,...,C,j # h. For this goal let



us define as

LSD(Qh' Qj) = Za*/z X \/[p +2 Zk<s pks](l/nh + 1/nj)-

It is clear thatL.SD (6, 8;) represents the last significance difference betveagy given
pair of estimated ranking parameters, whege, is the adjusted by multiplicity

standard normal percentile at the desizddvel. In this way, the natural estimator of

rican be defined as
f =1+ {#(6,-0;) >LSD(8,,6,),h=1,..,C,j#h},j=1,..,C.

When performing pairwise comparisons, it is welbwm that results may be affected
by the so-called intransitivity problem (Dayton,03), i.e. the possible inconsistency
arising from pairwise results. For example, in cadethree multivariate normal
populations¥,, Y, andY;, assume tha&l; < 6; < 6, so that the true ranks arg=
2,1, = 3 andr; = 1, but inferential results support only one (theagest) significance
difference out of three pairwise comparisons, tisgd;, — 85| > LSD(64,65) and
|6, — 6,] > LSD(6,,6,) but|f; — 8,| > LSD(65,8,). In this case the estimated
ranks will be{#(Y,) = 1,#(Y,) = 2,7#(Y3) = 1} which is clear an inconsistent ranking.
In fact, from the logical point of view, the firstvo comparisons suggestikg = Y,
andY, = Y5 should implyY, = Y; but on the contrary empirical data support as
conclusion that; # Y;. To overcome the intransitivity issue let us defia new

ranking estimator defined as
r=1+{#F+1)/2>F+170)/2,h=1,..,C,j#h}j=1,..,C
where
7 =1+ {#(C — {(#(6; — 0,) < LSD(6;,00)}) < (C — {#(B; — 6,) >
LSD(6;1,6n)]}.

When applied to previous example, it follows that 2,1, = 3, andi; = 1, because
r’y = 2,7, = 2 andr’; = 1. In general, the revised ranking estimatdully overcame
the intransitivity problem and can be viewed asaherage rank from the ranks derived

from two types of counting: the significant obsehieferiorities (i.e8),, — @1 > LSD)

and the significant observed superiorities @e- 8, > LSD).

Ut is worth noting that, under the hypothesis ofrfogeneity of all populations i.e.,
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u = pp =...= pc by definition all true ranking positiory would necessarily be

equal to one, hence they would be in a full ex-aegjtuation, that is
n={1+#(6; <), h=1,..,Cj#h} =1V

When performing inference ory via pairwise difference6; < 6,), under the
hypothesis of full ex-equo the probability of esttng the correct global ranking -
CGR and the correct individual ranking - CIR arelsthat

Pr{CGR|homogeneity} = Pr{r; = 1,Vj} =1 —q,
Pr{CIR|homogeneity} = Pr{Fj =1}=>1-a"j=1...C

wherea anda* are respectively the significance level and thpistdd by multiplicity

level chosen in the testing procedure.

Under the alternative hypothesis of non-homogeneite. 3 u; + pup,j,h =

1...C,j # h,the following expression takes place if
0; > 6, then Pr{r; > ry|non —homogeneity} > o*,j = 1...C,j # h.

In particular, we can expect that the greater & riflative distance among ranking
parameters the greater will be both Pr{CGR|non-hgeneity} and Pr{CIR|non-

homogeneity}; however, since under the alternative populations at the extreme
ranking positions have a greater probability talbelared as superior/inferior, it is clear

that the highest individual rates will be refertedhe true ‘best’ populations.

Since as the sample sizes increase Pr{CIR|non-hengity} increases as well, it is
worth noting that under the assumption of non-hoenegty, the ranking estimator can
be said to be also @nsistent classifiethat is a procedure such that the probability of
incorrect ranking classification gets arbitrarilpge to the lowest possible risk as the

sample size goes to infinity (Bousquet et al., 3004

3.2 A simulation study

In order to validate the proposed methodology weexh out a Monte Carlo simulation
study in the framework of the unreplicated desifme rationale of the simulation study
was focused on investigating the behavior undemtiiehypothesis of equality of all

populations and how the estimated global rankirgffescted by the different strength of
dependence for random errors and by an increasimgber of populations. More

specifically, the simulation study considered 1,d88ependent data generation of
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unreplicated multivariate normal samples and wasgded to take into account for 54
different settings, defined as combinations offtilwing configurations:

* three values for the number of populations: C=34/Bere the number of response
variables was always kept fixed at p=10;

* three types of multivariate distributions: normhgavy-tailed (Student’'s t with 28
d.f.) and skewed, where the latter has been getklst using the method proposed
by Vale & Maurelli (1983) and programmed in R bypimglu (2011). The non-
normal heavy-tailed and skewed cases (with kur@msisskewness parameters equal
to 0.25 and 0.5 respectively) was considered irerotd evaluate the possible
robustness of the proposed methodology under thescaf moderate heavy-tailed
or asymmetric multivariate distributions;

» two types of variance/covariance matricest;i(heteroschedastic and independent
errors, i.eo, =k andoy, =0,Vk,s =1,...,p) and ii.2, (heteroschedastic and
correlated errors, i.ey, = k andoy, = 0.75,Vk,s = 1, ..., p); anyway, during the
ranking estimation process, the variance/covariavitde assumes as unknown, so
that empirical variance/covariance estimates véluled in the LSD formula;

« three situations for the true meaps; u,, ..., Uc;

i. homogeneity of all populationg; = u, = ... = u¢;
il. non-homogeneity and full ranked populations:
r(Il}) = 1,r(Il,) =2,...,r(l;) = C;
iii. non-homogeneity and some equally ranked pdjmrig, i.e.
r(Il) =r(l,)=1,...,vr(ll;1) =r(l;)C.
Under the non-homogeneity settings, we adoptedulec‘the lower the better” and we

set the true means ag, = (j — D204,k =1, ..., p.

Considering theu-level set as 0.05, the performance of the proposethod has been

evaluated in terms of correct rank classificatiates, more specifically we compute

« the overall Correct Global Ranking - CGR rate, tisathe proportion of times the
method simultaneously classifies all populatiothi@ their correct ranking position;
 the Correct Individual Ranking - CIR rate, thathe proportion of times the method

classifiesa given populatiomn its own correct ranking position.

First of all it is worth noting that, irrespectieé the type of error distribution and of the

possible correlation, under the homogeneity opafulations the proposed method has
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both CGR and CGlI rates rather close or slightlyagethan the nominal value 0.95
when the number of populatidd is greater than three. The reason why the nominal
error rates are not respected in caseCof3 is explained by the poor normal
approximated distribution dfs estimator due to the estimates of correlatioampaters.

In fact, additional simulations (not reported hesdwn that if we replace the estimates
with the true correlation values in the LSD formullaen the estimated rates become
exactly matched with the nominal values also @x3. Under the non-homogeneity
settings the proposed method shows a good behawvierms of detection of the true
rank both partially and globally, especially recall that we are considering an
unreplicated design with a relatively small shiftamong populationss(= 25). As
expected by the LSD formula, simulation results amfirm that the presence of
correlation negatively affects the corrected classtion rates while both estimated
correct individual and global ranking rates areyoslightly smaller in case of non-
normal random errors than in the normal case. Bhimated correct individual ranking
rates are larger for the best population thanHerremaining ones which in turn seem
more or less similar. Finally, another interestirggult is the benefit provided by
including a 'very worst’ population, as in the casknon-homogeneity with some
equally ranked populations when errors are coedladn fact, the inclusion of a 'worst’
population we have whe@=5, with respect to the case whén 4, allows us the obtain
much more higher both corrected global and indigidtiassification rates for the two
tied populations with true rank equal to 3. Foradlston results of the simulation study
see Carrozzo, Corain, Musci, Salmaso, & Spadorii420

In this chapter we proposed a novel parametric ggagr aimed at ranking several
multivariate normal populations assuming that taeking can be established on the
basis of a ranking parameter defined as the sumesifaled univariate means. Our
approach assumes also that the variance/covarrmat@x 2 is known but it could be

easily extended relaxing this condition. In fantthis case the reference distribution for
the estimated ranking parameter becomes a Studdistftibution. The proposed

approach is referred to multivariate normal popatet but the extension to some other
multivariate distributions, i.e. belonging to thepenential family, seems to be not so
complicated and will be the objective of futureaaxh. It is worth noting that the

proposed ranking method is suitable in case ofplitaged design as demonstrated by

the simulation study. The reason why the simulatgindy considered only the
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unreplicated design was to emphasize the abilithefproposed method to handle with
multivariate unreplicated data which are generdityyn the methodological inferential

point of view, quite difficult task to deal with.myway, the method is certainly suitable
for the replicated design as well, and the perforcean terms of matching between the

true and the estimated ranks is expected to impasube sample sizes increase.

3.3 Real applications

This section aims to show two different kinds o&lrepplications of the method
proposed in this chapter.

3.3.1 LifeCycleassessment

In order to illustrate the usefulness of the pracxedwe proposed to rank several
multivariate populations let us consider the sdechlLife Cycle Assessment - LCA,
that is a technique to assess environmental im@esssciated with all the stages of a
product’s life from-cradle-to-grave (i.e., from ramaterial extraction through materials
processing, manufacture, distribution, use, repaid maintenance, and disposal or
recycling). The goal of LCA is to compare the fuinge of environmental effects
assignable to products and services in order taaugprocesses, support policy and
provide a sound basis for informed decisions (USif&nmental Protection Agency,
2010). The procedures LCA are part of the ISO 14800ironmental management
standards: according to the ISO 14040:2006 and4:2006 a Life Cycle Assessment
is carried out in four distinct phases: 1. Goal &@ubpe Definition; 2. Inventory
Analysis; 3. Impact Assessment and 4. Interpratatibhe ranking procedures we

proposed in this work is obviously related to thst two stages.

Indeed, in the framework of LCA several alternatpreducts or production processes
can play the role of the populations under investign which should be ranked
according to their greater or less environmentapaot. Moreover, the ranking
parameterf can be viewed as a multivariate global indicataléx of product’s
environmental performances, more specifically it ba considered as the total number
of “units of environmental impact” so that when qmaring a set of estimatek,
provided that there are some significance diffeeshthe ranking we obtain allows us to
easily support decision on replacing one produstlpction process with greater
environmental impact with another more sustainabie. In this connection, in the

framework of LCA we can call the ranking parametech as the Global Environmental
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Performance Score - GEPS.

To better illustrate this kind of decisional progetet us consider a real case study
concerned with three variants of an establishedsaate product intended to reduce the
effects of limescale in domestic clothes washemelsicale build-up can occur when
conducting domestic clothes washing using unsoftanains water feed from a hard
water source. Hard water is water containing atikely high mineral content and is
determined by the concentration of multi-valent iavag (principally those of
Magnesium and Calcium) in the water. Limescale dup can impair the efficient
operation of the washing machine and shorten teespan of the appliance. To avoid
this, the anti-scale product is intended to redigosition of limescale by preventing
the precipitation of Calcium and Magnesium carbesaand other species on the
surfaces of appliances (principally the heatingnelet). Additionally, Calcium and
Magnesium can interfere with the surfactant proeerbf detergents and therefore
reduce cleaning performance in hard water. By agldmanti-scale product to the wash,
this neutralises the effect of Calcium and Magnmasand allows consumers, instead, to

reduce the detergent dosage to that recommendgt mganufacturer for soft water.

In Table 2 are reported the estimated environmegifakcts of a list of ten relevant

impact categories with respect to UK and Germanyhboge variants of the anti-scale
product under investigation, where the chosen eefss functional unit was a single
domestic wash cycle. As a control, a domestic waghout any anti-scale was

considered as well. Assuming the multivariate nérdistribution of the ten categories,
the application the proposed multivariate rankinggthnodology provides results reported
in the bottom of Table 2.

It is worth noting that the proposed multivariatealysis allows us to rank the
environmental global impact for the three anti-scagrsions in comparison with the
control showing for each county which is the beasidpct from the sustainability point
of view. It should be noted that in LCA often itassumed that response variables, i.e.
the so-called impact categories, are log-normalkyributed. However, in case of log-
normal multivariate populations, the sampling dittions of ranking parametés and
their pairwise differences are very hard to deawd only recently some approximated
results have been proposed in the literature (D@32, although the problem of finding
out quantiles from this kind of complex distributeoshould be numerically addressed.

Anyway, our simulation study proved that in casenafderate skewed distributions the
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proposed solution which uses as reference the narmubivariate distribution may be

considered as acceptable.

LR Cierrnany
Imipacs Cazepories prod.l  prodd  peod3  conmol | sigma | prod.l  prod?  prod.3  conteol | sigma |
Abiptie depletion 198 2137 1939 2169 66 | il T.12 6,97 1.37 037
Acidification 1907 2170 1841 2203 | O3 147 200 1.89 139 .11
Euirophication 21220 1728 3023 2300 | 042 .8 143 251 204 0.10
Global warming (GWEP100) 2135 238 2102 275 [ 3187 92506 930 91132 102400 | 4974
Owaoe layer depletion (ODF) | 17594 2388 1828 2146 | B3 | 4446 4792 4508 5148 253
Human posieity 1708 2331 1720 2457 [ TERTE | 19687 23458 19876 2E601 | 11.36
Fresh water aquanic ecobox., 1691 4200 1507 2247 ) 1397 | 5637 9304 51 061 324
Marine aquatic cooXicity 1773 3704 16800 2288 [ 2200 | 11392 15638 11005 13507 | 637
Tesreatrial seotexicity GE2 2604 1699 25046 | 084 252 323 26T 4102 018
Photochemical oxidation 1673 188X 165] 1542 M 0.1l il 0.11 .14 0
Estimated ¢ - GEPS [B442 25554 19001 22688 17572 19958 17972 2646
L5 LSD=2927 LSD=25.79
Estimated sanking | 3 I 3 i i | 1

Table 2. Environmental effect for each impact category by product and country and multivariate
ranking analysis.

The new quantitative ranking method to analyze Lfi®@ings can be useful to support
the claim, and in general to communicate strategibere it can be highlighted the
smaller "unit of environmental impact” that are el@nined from eco-friendly products
compared to products obtained from conventionatipcton processes (for application
within industrial field see also Bonnini, Corain, 8almaso (2006); Corain & Salmaso
(2007)). The proposed multivariate ranking methoasld effectively be relevant also
for different applied research fields. Among théess, we mention the new product
development where the goal is to find out whichthe product/prototype most
performing. For example, when developing new detetg the laundry industry refers
to the so-called primary detergency, i.e. the assent of benefits of a detergent in
removing several types of stains from a piece d@vipusly soiled fabric. When
performing a primary detergency experiment, giveat the benefits are simultaneously
evaluated on several different types of stains, rdsponse variable can actually be
considered multivariate in nature. So that, assgntimat the underlying random
distribution is multivariate normal and the sum rekcaled univariate means is a
suitable ranking parameter, one can apply the m®gpaanking methodology to rank

the set of investigated products from the 'besthi® 'worst’.

45



3.3.2 Customer satisfaction

In the sport tourism field, customer satisfactiamd eservice dimensions are crucial
points in order to deliver a high quality serviaedao be competitive. Evaluations of
such dimensions with appropriate statistical todds therefore of fundamental

importance.

Sport tourism has been defined as ‘travel for nomimercial reasons, to participate or
observe sporting activities away from the home ean@lall, 1992). Weed & Bull
(2004) suggest five types of sport tourism: tourismith sport content, sport
participation tourism, sport training, sport eveatsd luxury sport tourism. In Weed
(2009) it is reported a meta-review of 18 differegferences (four journal articles, eight
book chapters, three reports, etc.) from 1990 @B82@imed to trace different research
paths undertaken in the sports tourism field. Wg06; 2009) describes the ‘event
sports tourism’ as the main researched area fotlowg ‘active sport tourism’,
particularly golf and ski tourism. Golf and ski tem have been classified as ‘active
sport tourism’ or ‘sports participation tourism’ kBgveral authors (Gibson, 2002; Weed
& Bull, 2004). The following studies have dealt kwithe behaviours of sport tourists:
Petrick & Backman (2002a; 2002b; 2002c) researadreshe satisfaction and value
perceived by golf tourist; the research of Williagagidgeon (2000) on the barriers that
keep many potential skiers off the slopes andstrdik stated by Chalip (2001), sports
tourism field is ‘multi-faceted’ with authors perfoing sport tourism researches from
different disciplinary perspectives. Weed (2009)tlinad the importance of the
contribution of different disciplines to the sptotrism research, highlighting also the
scarcity of studies related to customer satisfacparticularly in winter sports. In a
study on how addressing the participation congtriairpotential skiers, Williams and
Fidgeon (2000) stated that ‘so much of the breaklogn of the barriers to skiing
evolve around treating new skiers in friendly ams$pitable ways’. To accomplish this
aspect seems important not only a customer semgdketing that makes skiers feel
comfortable, but also it seems important to evalwatd monitor customer satisfaction

and service quality.

Within the sport tourism industry, quality of prded services is a relevant issue in
order to be competitive (Kouthouris & Alexandri€)0%; Shonk & Chelladurai, 2008).
Some studies on customers’ perception of servieditgihave been conducted in health

and fitness centers (Alexandris, Zahariadis, Tdadwlis, & Grouios, 2004), golf



courses (Crilley, Murray, Howat, March, & Adams@&02), recreational and leisure
facilities (Ko & Pastore, 2004) and during sporeets (Greenwelkt al. 2002a, 2002b;
Kelley & Turley, 2001; McDonald, Sutton, & Milne,995; (Wakefield, Blodgett, &
Sloan, 1996)).

Customer satisfaction can determine the succeasspbrt organization (Ko & Pastore,
2004). (Matzler, Fuller, Renzl, Herting, & SpathQ08) in a study on customer
satisfaction in Alpine areas claimed that wintemriem is crucial for eastern Alpine
region’s economy, in particular Alpine skiing adiies (Dolnicar & Leisch, 2003;

Franch, Martini, & Tommasini, 2003, Matzler, Pectdg & Hattenberger, 2004,
Matzler & Siller, 2003; Weiermair & Fuchs, 1999; Mams & Fidgeon, 2000). Matzler

et al. (2008) also reported that ‘more and more wintert iew snow and the rapid
growth of long-distance travel increase competitibatween Alpine ski areas’
(Pechlaner & Tschurtschenthaler, 2003). In this pettive market environment, a
careful analysis of tourist motivations, customati$action and loyalty can make the
difference (Yoon & Uysal, 2005).

Requirements for high quality service are also sigeicby ISO 9001 document (2008).
The European regulation ISO 9001 states that aan@gtion needs to show its ability
to regularly provide a product which satisfies ons¢rs’ requirements and wishes to
increase customers’ satisfaction, the former rdlédemonitoring of quality, the latter to
improvement of quality. In this context it is adsikto perform statistical survey and to
apply methods and statistical techniques, in otdenonitor, analyze and improve the

service and customer satisfaction.

The aim of this work is to show a statistical agmio based on a two phase analysis, to

evaluate customers’ opinion scores on several tyugdpects of services or products.

Several multi-criteria approaches to derive overalstomer satisfaction have been
introduced in the literature. Successful examples eelated to MUIti-criteria
Satisfaction Analysis (MUSA) (Ipsilandis, Samar&sMplanas, 2008; Grigoroudis &
Siskos, 2002; Siskos, Grigoroudis, Zopounidis, &ur@ss, 1998). Recently a multi-
phase analysis was applied to measure customefasdion of mobile services by a
two-stage analysis: at first the authors analyz&aguer’s opinion in order to obtain
customer satisfaction criteria and then they peréat an analysis to rank service
aspects (Kang & Park, 2014).
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3.3.2.1 The case study: ski schools customer satisfaction

In the present section we want to propose a twsgshanalysis with the first step aimed
at ranking a sample of ski schools whereas thenskestep aimed to identify specific
component (feeling and uncertainty) in the custosagisfaction process. For first step
the NPC-based procedure proposed in this chapteedfter indicated adPC Global
Ranking has been adopted in order to establish a ran&infe best ski schools by
elaborating raw data from customers’ evaluationsedferal ski service aspects. Since
we are dealing with ordered categorical data, foremt application we considered an
extension of NPC-Global ranking, for this kind odtd. The method considers first
nonparametric tests for pairwise comparisons of@%)/2’ populations of interest for
each variable, and then a combination of directignaalues (through a ranking
parameter) in which all variables are simultanepusinsidered. On the basis of the
ranking parameter a global ranking of the C popatat is derived (Arboretti
Giancristofaro, Bonnini, Corain, & Salmaso (2014y fmore methodological and

computational details).

For the second step, aimed to analyze in detailstthools ranking, we refer to CUB
models (for details see Piccolo, 2003a, 2006; @'BliPiccolo, 2005).

In the winter season of 2011 a large survey has beeducted in 38 ski schools of Alto
Adige (an area of Italian Alps), in which customarsl parents of young children under
the age of 13, who participated in a ski coursegevesked to answer a questionnaire to

express their level of satisfaction about some @sp# the experience.

This study was innovative at a national level: @&swhe first systematic study performed
on different schools, with quantitative evaluatiarsing a questionnaire specifically

designed to measure satisfaction and quality pexddby customers.

The first part of the questionnaire was about damayagics and general information.
The second part asked for opinions about threecespéthe service, each with specific

guality dimensions:

1. booking service, with the following quality dimeoss: adequate opening times;
Cclarity and completeness of informative brochured aebsite information;

staff [Iclarity and completeness of information providddffscourtesy;
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2. course organization: homogeneity of groups aftdectien (for collective
courses);

3. ski lessons: teaching (progress in skiing skillsurtesy of instructors); safety
[I(adequate slopes and lifts, subjective perceptf@afety); general satisfaction

[l(enjoyment & fun, increased passion for skiing skicbmfort, ...).

Each dimension was investigated with specific gaastreporting the score on a scale
0-10 (0: not satisfied, 10: fully satisfied)The aim of the present work was to obtain a
ranking of five selected schools (chosen from thenge of 38 ski schools for

marketing reason) from the ‘best’ to the ‘worst’ tme basis of the responses of
satisfaction about different aspects of the cousshools were codified as A, B, C, D, E

for illustrative purposes. The aspects of satigfactonsidered, were related to:

1. Improvementprogress in skiing skills;
2. Courtesy courtesy and helpfulness of the instructor;
3. Fun: fun during the course.

The NPC Global Ranking has been applied to these dad the summary of the
analysis is shown in Tables 3, 4 and 5. Table 3atos the combineg@-values (after

multiplicity adjustment) of the pairwise compariscemong the five schools.

The value of the ranking parameter which deterntime preliminary ranking are
reported in Table 4. The global ranking of the sdtaeported in Table 5, has been
obtained from significant comparisons in Table B dasignificancex-level equal to
0.05).

After this multivariate analysis (based on the ¢haspects of interest i.e. Improvement,
Courtesy and Fun) also a univariate analysis has Iperformed in order to outline
differences between the ranking obtained by me&ahNP&-Global ranking when multi
items were considered, and the ranking resultea tiee consideration of a single item

(i.e considering the answers abouerall satisfactiorquestion).

Ranking of the five schools obtained by univariatalysis is shown in Table 6. What
we can see in this case is that, even if the ranidrsubstantially maintained (at least
for the first’ and for the ‘last’ position) withesspect to overall multivariate analysis, the
first three positions are not well discriminatechu$ considering only the variable

‘overall satisfaction’ we conclude that A, B, C leahhe same degree of preference.

[omissis]
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Table 3. Combined p-values (after multiplicity adjustment) of the pairwise comparisons.

[omissis]

Table 4. Ranking parameters of the five schools.

[omissis]
Table 5. NPC-Global ranking based on thethree variables: Improvement, Courtesy and Fun
[omissis]
Table 6. Ranking based on univariate analysis (question on overall satisfaction)
In line with NPC-Global ranking results which on#d customers of school A giving
the higher scores to the provided service, CUB nsosleowed for this school a very

positive feeling about the evaluated service.

Furthermore, the introduction of covariates gavenedips on how to improve the

service.

Customers in school E gave worse scores with réspexther schools. In particular the
results of the analysis have shown that foreigntorners were less satisfied than
Italians with respect to the three aspects of thevise under evaluation. Foreign
customers’ perception of improvement, courtesy famdat the ski school E was not so
high as the Italian’s one.

Since the purpose of this section was to show &ulapplication of the NPC-ranking
methodology also associated with other establighvededure, for details on results

about CUB models we refers to Arboretti, Bordign&rCarrozzo (2014).
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Chapter 4. Two-sampletwo-sided test for equivalence

One of the well-known problems with testing for ghaull hypotheses against two-
sided alternatives is that, when sample sizes géjeevery consistent test rejects the
null with a probability converging to one, even whe is true. This kind of problem
emerges in practically all applications of traditi two-sided tests. The main purpose
of the present work is to overcome this very intingy impasse by considering a general
solution to the problem of testing for an equivakemull interval against a two one-
sided alternative. Our goal is to go beyond thetéitions of likelihood-based methods
by working in a nonparametric permutation framewofkis solution requires the
nonparameteric combination of dependent permutati@sts, which is the
methodological tool that achieves Roy’s Union—igéetion principle. To obtain
practical solutions, the related algorithm is présd. To appreciate its effectiveness for
practical purposes, a simple example and some ationlresults are also discussed. In
addition, for every pair of consistent partial tegtistics it is proved that, if sample
sizes diverge, when the effect lies in the openivadgnce interval, the Rejection
probability (RP) converges to zero. Analogouslythié effect lies outside that interval,

the RP converges to one.

As an introduction let us consider the well-knowrealimensional two-sided problem
with two independent samples, wheilg . u; = u, and Hy . u; # u,, underthe
assumption thatl, implies the equality of two underlying distributar¥ = F;, = F,
(note the generalizdabmoschedasticity), and that the additive treatreéfiectis fixed,
.e.Fi(x) = F,(x + §). We qualify such a nulypothesis asharpor point In this
context, itX; = (Xj1,...,Xjn;),j = 1,2, are lID and the two samplese independent,
the well-known optimal solution (UMPU) under the assumptions of normality and
homoschedasticity iStudent’st test, while if F is unknown and continuous good
solution is the Wilcoxon—-Mann—-Whitney rank test.nAn-parametric competitor for
both is the permutation analogbased on divergence of sample averages. This is
conditional on the pooled datas&t= X;lJX,, which is always a set of sufficient
statistics in sharfl,. In turn, if F is unknown or lies outside the regular exponential

family, X is minimal sufficient.

Being conditional orX, this permutation test: (i) is generadgymptotically best

if the population varianc®g(X) is finite; (i) is consistent if the population
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expected valu&r(X) is finite (Pesarin & Salmaso, 2013); (iii) doest require
continuity of X; (iv) underH , requires that eitheét; < F,orF;, > F,, i.e. the
dominance in distribution, which is much less deduag than homoschedasticity in the
alternative when treatment may also affect vaiigbil(v) does not require fixed
additive effects; (vi) enjoys other important mattagical and statistical properties
(Pesarin, 2001Pesarin & Salmaso, 2010gVvii) under mild conditions permutation
tests are found to be asymptotically coincidenthwitose obtained via traditional
likelihood-based techniques, in the most favorabtditions for the likelihood
approach Koeffding, 1952 Good, 2000. Furthermore, when the likelihood formulation
is such that only asymptotic solutions are avadladoid the rate of convergence is slow
or when the number of nuisance parameters to remsdaege (even larger than sample
sizes), permutation solutions are generally muchenaffective than likelihood-based
techniques even within the regular exponential karfPesarin & Salmaso, 201)0dn
addition, when the underlying distribution is norgraetric, or when the number of
parameters increases with sample sizes, no likalitiased solutions are available
unless quite stringent or even unnatural restmetiare introducedPgsarin & Salmaso,
2010a Romano, 2005; Sen, 2007For this reason we have decided to stay withe t
permutation approach. One of the well-known prolslemith testing for a sharp null
hypothesis, as (. u; = u,, against two-sided alternatives (ekyosini, 2004;
Nunnally, 1960; Pantsulaia & Kintsurashvili, 2014he latter enables to recovering
more than 200 references on the subject mattehaiswhen sample sizes diverge and
H, is true, every consistent test always rejeltswith a probability converging to one.
In this respecNunnally (1960)writes: “To minimize type Il errors, large samples are
recommended. In psychology, practically @harp)null hypotheses are claimed to be
false for sufficiently large samples so ... it @8ensical to perform an experiment with
the sole aim of rejecting the null hypothé&siEhis remarkable and meaningful concept
leads to considering the null hypothesisaasequivalence intervatather tharonly one

point, and this not only for practical necessities, &lgb for theoretical requirements.

The main objective of the present paper is to aueee this very intriguing impasse by
considering a general solution to the problem efing forHy: —e; < u, —pu; =98 <
esagainstt; . (6 < —¢)OR (5§ > &), whered is the divergence of effects and
& > 0 are the admitted inferior and superior margnespectively. Margins can be

suitably established by biological, clinical, ecamno, experimental, pharmacological,
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social, technical and/or regulatory consideratiorntss kind of problem comes out in
almost all applications of traditional two-sidedtseas typically occurs in experimental
as well as observational studies. Of course, ifafrthe margins is set to infinity, we lie

within the non-inferiority or non-superiority onéded situation.

A test for these kinds of hypotheses could be coosd within the generalized
likelihood ratio test ifF belongs to the regular exponential family and if foisance
entities theinvariance principle works (Lehmann, 1986). To makeés solution
available in more general situations requires keodgé ofF, including all nuisance
entities. This solution, however, is far from sftsory in practical terms (Cox &
Hinkley, 1974). Alternatively Roy, 1953; Sen, 2007; Sen & Tsai, 1990 can be
constructed within Roy’s Union—intersection (Ul) papach. To the best of our
knowledge, followingthis approach, working within the nonparametric baration
(NPC) of dependent permutation tests is unavoidé®ésarin 1990, 2001; Pesarin &
Salmaso, 201QaIndeed,it is worth noting that wittH,, . § > —e¢; againstH;; § <
—& and Hgg ; 8§ < & againstHg, : 6 > & denoting two one-sided sub-hypotheses,
according to Roy we mawrite H, = H;y N Hso andH, = H;; U Hg;, respectively.
That is, the global nulll, is true if both one-sided null sub- hypothesesjairgly true

and the globaH, is true if at least one of two sub-alternativesue.

In this respect it is also worth noting that wtgnis true, one and only one #f; and
Hg, IS true because the two have no common point—aepippvhich must be taken
into consideration while deriving the Ul solutiofiechnically this approach requires
two one-sided partial tests, such as, for instafices X, — X, — g, andTs = X, —
—&; — X, for respectivelyH;; andH, followed by their combination within Roy’s
(1953 Ul approachT; = UI (T}, Ts). Since their dependence is generally too difficult

to model properly, this combination should be noapeetric.

Regarding the likelihood-Ul approac8en (2007)with whom we substantially agree,
writes: “However, computational and distributional compledtmay mar the simple
appeal of the Ul approach to a certain extent) The crux of the problem is however
to find the distribution theory for the maximumtbése possibly correlated statistics.
Unfortunately, this distribution depends on the nmkn F, even under the null
hypothesis. (...) An easy way to eliminate thisassp is to take recourse to the
permutation distribution theory (..[hot in fact so easy]ln most of the complex sta-

tistical inference problems, the wusual likelihoodrnfiulation stumbles into
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methodological as well as computational difficudtieven in asymptotic setidand
this (Pesarin & Salmaso 2010a) even within the reg@sponential family of
distributions]. We discuss our solution within therpatation NPC essentially because
the underlying dependence structure of partialstgsarticularly for multidimensional
situations, is generally much more complex thaedm We will also prove the main
properties off; , such as that the limiting Rejection probabil®R),RP[X(6), T;] say,
converges to one for all € H,, converges to zero for all in the open interval
(—¢5, &), and converges ta in the extremes of the equivalence interval. Se th
intriguing pitfall of the sharp two-sided test fsié general solution. However, due to
the many different perspectives, we do not consége any comparison with the so-
called Intersection—Unionapproach to the general equivalence and non imfigrio
problems as used in some questions linked to dlirtitals and pharma- costatistics
(Berger 1982; Hung & Wang, 2009; Romano, 2005; Vkel®10.

In the rest of the chapter we will provide: a gah@verview of UI-NPC-based testing;
a detailed description of the proposed univariaemutation solution and some of its
most important limiting properties; a simple illiegive example and a simulation study

to assess the behavior of that solution both utigenull hypothesis and the alternative.

4.1 A reviewon NPC

Let X = {X11, .., X1n,, X21, ., Xon, } € X3 be the two-sampl&-dimensional dataset,
whereQ > 1,n,,n, = 2,n = ny, n,, and X belongs to th@-dimensional sample space
Xo- An alternative representation of data set is Xlso {X; = X(i),i = 1, ...,n;ny, n,}.

The pooled data set is denod= X U X, € x;.

Let [1(u) be the set of permutations of units= (1,...,n) andu™ = (uj, ..., upn) €
[I(u) one of these permutations. The related permutatbrX is: X* = {X; =
X(w;),i=1,..,m;n,n,} and so X;={X;;=Xw)),i=1,..,nq} and X;=

{X3; =XW;),i =n; +1,...,n} are the two permuted samples. Note that individual

data vectors are permuted so as to preserve afindepces among th@ component

d
variables ofX. Suppose thal, true impliesX; =X, that isF; = F,, which then
implies data exchangeability. Suppose, moreovet, tine hypotheses can be broken-

down intoK = 1 sub-hypothesesdiy, againstiy;, k = 1,...,K so that, according to

Roy’s Ul principle,H, =nX_, Hy, is true if all theH,,are true, andl; =UX_, Hy, is
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true if at least one sub-alternative is true. Nibi@t K can be smaller, equal or even
larger thanQ. Indeed, some component variables can be sumrdaiogether in new
derived variables and on some others one may beested in more than one aspect, in
accordance with the so-called multi-aspect analfBestoluzzo, Pesarin, & Salmaso,
2013; Brombin, Salmaso, Ferronato, & Galzignatdl12Marozzi, 2004; Marozzi &
Salmaso, 2006; Pesarin & Salmaso, 2010; Salmasol&iS2005).

Also, suppose that for each sub-hypothékjs againstH;;, a "marginally unbiased"
partial permutation test statisfig; that satisfy the rule "large values are signifitas
available. Suppose, moreover, that at least orihesle partial tests is consistent in the
traditional sense. Note that often but not alwaseparate unbiasedness of all the

T,k =1, .., K, implies that they are "positively dependent” (kxetmn, 1986).
The global hypotheses are then tested by combiKipgrtial dependent permutation
tests by a suitable combining functignthat is

Ty = Ty (T, e, T) =Yg, e, Ag).
wherel,, = Pr{T; > T?|X} is the p-value statistic associated with the phigistT :
Combining functiong) should satisfy:

Cl. ¢ is continuous and non-increasing in each argunfemvexity), i.e.A, < A
impliesy (..., A, o) = P(err, Ay, - ),
C2.y must attain its supremurﬁ if at least one argument attains0;

C3. a > 0 implies the critical value is such tH&g, < 1/7 I.e no concentration points at

zz underH,.

Unless the cardinality di(X) = {Uyrenqy [X(W)),i = 1,..,n;n4,n,]} is very small,
literature Edgington & Onghena, 2007; Good, 2000; Pesarinl2B@sarin & Salmaso
2010) suggests to estimate, aty desired degree of accuracy, e-dimensional
distribution of (Ty,...,T¢ ) by means of a conditional Monte Carlo procedure,
consisting of a random sampleRElements fronil(X) (commonly,R is set at least to
1000) and to proceed according to the followingifegwhich outlines the UI-NPC in

multivariate testing.

In this representation]*(Ty,) = E+ YR I(Ty; = T,;“r)] /(R+1) is the empirical

significance level function, similar to the empaicsurvival function, off, at therth
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permutation, and? is the (estimatedp-value like statistic associated wiklf (Sect.3

of Marozzi 2014 considers estimating errorgnultivariate permutation tests).

PropertiesC.1, C.2 andC.3 of ¢ define a clas€ of possibilities, a sub-class of which,
sayC, < C, contains admissible combining functions [accogdimBirnbaum (1954a;
b), a combining function is admissible if its rejecti region in the(,,..., )

representation is convex].
Usual admissible combining functions are:
Ty = — Y, log(L},), Fisher's [the product rule];

T =Y, ® (1 —L}), Liptak's [suitable if allL} are positively dependenb*being

the standard normal quantile function];

T = Yk Ly, the direct [suitable if alL; share the same null distribution and are

positively dependent];

Tr = mzflx(l — L}), Tippett's [the best at each permutation];

T; = m,?x(l — i), the best partial [suitable when only By, is true or when somg;

are negatively dependent; also equivalennkm(/lk)].

4.1.1 Main NPC properties
The main properties of NPCs are:
P.1 NPC works with both one-sample and multi-sampléydss

P.2If all K partial permutation tests are exagy is exactv ¢ € C.

P.3 If all K permutation tests are separately unbiased! positively dependerflyis

unbiasedv ¢ € C.

P.41f all K permutation tests are separately unbiageasitively dependent and at least

one is consistent (for divergent sample siZEg)s consistent i € C.

P.5 Under mild conditions NPC satisfies the so-calldthite-sample consistency”,
which occurs when K diverges whilg and rp are fixed useful when n < K, with some

stochastic processes as well as with functional@pe datgPesarin 2001; Pesarin &
Salmaso 2010)
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P.6 NPC works even when different degrees of importarare assigned to the K sub-
hypotheses. For example vf, >0,k =1,...,K, withw k > 0 for at least onek,
Fisher's becomesTyr = — Y wy - log(Ly) . Whenw, =w >0, an equivalent

formulation ofTz occurs.

P7 If 0 < Vp(Xy) <0 andTy; = X;, — X51,k = 1,...,K so that each partial test is
asymptotically optimal [conditio® < V(X)) < o« is sufficient for the permutation
central limit theorem], a combined test by awyy € C, results in an admissible
combination of asymptotically optimal tests. It gliobe noted, how- ever, that Liptak’s
combination of optimal partial tests is optimal (W only under some specific
conditionsl](Pesarin & Salmaso 2010, 2010a

P.8 NPC does not require knowledge of dependence ideets among partial

permutation tests.

P.9 NPC achieves Roy’s Ul approach within a permutatidramework.

4.2 Theunivariate case
Let us suppose that the IID two-sample dataXarevithn; > 2,j = 1,2 and and; and

& the inferior and superior limits for the null difential effec. It is assumed that the
variableX, possibly after suitable transformations (likeg(Y), VY , Rank(Y), AUC,
etc.) of the original underlying observed variablés such that its mean vallig (X) is
finite. Without loss of generality, we also assuthat dataX; are belonging to the
control experiment ani, to the competitor. If we cannot assume tiagX) is finite
and variable transformations are not suitable F& problem at hand, we may fall

within a multi-aspect solution.

Indeed, in such a situation multiple use of theesalata could be necessary (Bertoluzzo
et al., 2013; Brombin et al., 2011; Marozzi, 2004rozzi & Salmaso, 2006; Pesarin &
Salmaso, 2010; Salmaso & Solari, 2005).

For testing the one-sidédd},: § > —¢; againstH;;: § < —¢; let us consider the sample
data transformation¥;; = X; andX;, = X, — & and forHg,: § < & againstHg,: 8§ >

g the transformationsX;; = X; and X5, = X, — & . It is worth noting that a
unidimensional problem is then transformed intapparently bivariate one where two

component variable¥, andX; are deterministically related.
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Two one-sided partial test statistics &re= X;; — X,, andTs = X, — X5, large values

of which, as well as smalp-value statistics, are significant for the respecti

P _ _ o
alternatives. Also note that>0 implies thatX;; — X, is equivalent td},/X;,, h=1,
S thus difference intervals and ratio intervals énahie same handling within the
permuta- tion settings [permutation equivalencéaaf tests means that their respective

p-value statistics coincide for every data Xekt xn every effectd, and every pair

(e, €5)]-

Note that wherH,, is true, the pooled da, = X;; W X,;, are exchangeable between
groups at exactly its extremal poifit= —¢;. And so the rejection permutation
probability of testl; isa. Since the permutation rejection probability isxdionally
and unconditionally monotonic i, by emphasizing the role 6fwe have thaé < &'
impliesRP[X(6),T;] = RP[X(6"),T,], so the RP is not smaller tharat§ < —¢;, and
not larger tham at§ > —¢;. This provided that exchangeability conditionsagisfied

in one pointy & Hy, is true uniformly for all sample dake y™ and all underlying

population distributions F (Pesarin & Salmaso 2qil@8).

Correspondingly, wheHs, is true, the pooled daf; = X5; U X, are exchangeable at
é = g5 and so the rejection permutation probability <t is not smaller than at

d > &, is not larger tham for all § < ¢ and equals até = «s.

It is worth noting that two tes® andTs are negatively related, in the sense that when
one tries to reject, the other tries to acceptaflyenvhen, for instance; = ¢ = 0, it is

TP + TY = 0 as well ag}* + T¢ = 0 for every data permutation, provided that both are
calculated on the same permutation of units, thwwipg their dependence. To be
precise, suppose that* = (uj,..,uy) is any permutation of1,..,n) so Xj =
[X;(u3), ..., X;(uy)] and correspondinglyXs = [Xs(uj), ..., Xs(uy,)] are the two
associated permuted pooled sample data thenfiestd the second, of which are
X7, X7, X5, and Xg, respectively. This process defines the bivariagempitation
distribution of (T}, Ts).

As in H; eitherH,;¢ OR H,5 is true—a suitable wayfor defining the Ul global test is
Te; = min(4;,As) [ormin(1 — 1;,1 — As )] where, emphasizing the dependence on
effectsd, A, = Pr{T;;(8) = TP (8)|X,(8)} is the permutatiop-value statistic of partial
testT,, h = I, S (also suitable can be Tippetis and Fisherd , but not Liptak’sT;
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or the directly). Global test; is essentially equivalent to the mak( TS) test.

According to Figure 8 we estimate the bivariaterdiation of (T;",T¢) by means of a
conditional Monte Carlo procedure with R elemeriience two p-vlaue statistics
A, h=1,§ are then estimated a#, = Y*_,I{T;, (8) = TP(8)|X,(8)}/R where
I(*) = 1if (-) is true and O elsewhere, afifj = T[X,,(u;)] is theT, statistic,h =1, S,

calculated at theth permutation.

One of the consequences of negative relation betfgendTs is that P.3 and P.4 do
not apply directly. So it is not possible to prowebiasedness df; for all § and all
(&1 &s).

This consequence is in accordance with standawstded tests for sharp null,
where max(T;,Ts) when g, = &, = 0 always coincides withX; — X,| which is
generally not unbiased, unless the underlying pamn distribution is symmetric (Cox
& Hinkley, 1974; Lehmann, 1986). If both partiapty | error rates are, = a5 = a,
the RP inHyof T;, a; say, is bounded b3a. It is exactly2a whene; = &g = 0. In
practice, however, if the length of the equivalentervale; + &5, measured by the
distribution ofT;is moderately large, three te$isTs andT,; share type | error rate
and thenT; becomes unbiasedlhus, application of multiple testing techniques
becomes easy. For example, if for sufficiently éasgmple sizeg; is rejected at type |
errora, the armh, h = I, S, such thaflY = min(1?,19) is declared active at type | error

not larger thar. In general, however, the exact error lies inrdrege fr/2, a].

Let us consider an example with = n, = 12,& = & = 0.2 and X~N(0,1). Our
UI-NPC usesy, = as; ~ 0.046 for T; sizea; = 0.05. So, if12 < 0.05, the related

armh would be declared significant at sizg in the interval[0.025, 0.05].
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Figure 8. Representation of NPC method in multivariate tests.

To appreciate how far is the type | error ratdofrom a in some typical situations, a

simple simulation study is reported in Table 7.

The whole unidimensional procedure can be realiaedording to the following

algorithm:

1. read the given data s&¥t= (X;,X,) = (X;,i =1,...,n;n,,ny)and two limits
& & > 0;

2. define two data vectorX;, = (X;1,X;5) = (X, =X1i=1,...,n; X =
Xoi+eni=1,..,n,) and Xs = (Xg1, Xs2) = (Xs1; = Xqppi = 1, e, nq; Xy =
Xy —&,i=1,...,ny);

3. compute the observed values of two test statisfifs= X;; — X,, andT? =
Xs2 — Xs1;

4. take a random permutatiari = (uj, ..., uy,) of unit labelsu=(1,...,n);

5. define the two permuted data sets:= [X;(u;),i =1, ..,n;nqy,nyJandXg =

[Xs(u;),i = 1,...,n;nq,n,]; note that two permuted sets are both definechen t
same permutationt®;

compute the permuted values of two statisfigs= X}, — X,andTe = X3, —
Xs1;

independently reped times steps 4 to 6; the result€r;,, Tg,.),r = 1, ..., R]
simulate the bivariate permutation distribution tefo partial test statistics
(T}, Ts);

calculate two estimates of partial p-value statssty = Y*_, I(T. > T°)/R
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and g = YR I(TS, > TE)/R and the estimated global test statistic=
min(4;, Ag);
9. if T, < a reject the global null hypothest,.

4.3 Themultivariate case

1.

From the Q-dimensional original dat&’ form the K-dimensional data s¥t=

X,X,)=X;i=1,..,n;n4,n,) and read it together with two K-dimensional

limits &; andeg;

define two K-dimensional data setsX; = (X;1,X}2) = X1k = Xkl =

1 Xiogi = Xoki —€0i =1,k =1,...,K)  and Xg = (Xg1, Xsy) =

Kori = X i = 1, s s Koot = Xopi + &0 i = 1, gk =1, ., K);

compute the observed values D K statistics: TS = Xjox — X1 and TS, =

Xk — X1k =1, ..., K;

take a random permutatiat = (uj, ..., uy) of unit labelsu = (1, ..., n);

define the two K-dimensional permuted data setX; = (X;(u;),i=

1,..mn,n;uk=1,...,K) and X = (X (), i =1,...,m;;ny,ny k=1, ...,K) ;

note that two permuted sets are both defined osdhee permutation®;

compute the permuted values b K statistics:Ty;, = Xj5, — Xj1x [land T, =

X — X1k = 1, ..., K, and take memory;

independently reped times steps 4 to 6; the result€l’}y,, Texy), 7 = 1,...,R, k =

1,..,K] simulate the permutation distribution @fx K partial test statistics

(T, Ts);

for eachk = 1, ..., K calculate two estimates of marginal p-value diatisl), =
R [T} = TS1/R andAg, = YR, I[Tg,, = TS]/Rand, according to step 8 of

unidimensional algorithnkth global tesf, = min(1%,1%,), and take memory,

take also memory of which subscrigtsuch thal?, = min(1%,,19,);

from the set of simulation resuli§T}y,, Tsx,), 7 = 1,...,R, k =1, ..., K] extract

Th»7=1..,Rk=1,..,K;ie.one line for each sub-hypotheligagainstty;;

10.transform the simulate&-dimensional distribution in step 9 into thempirical

11.define the ¥ -combined permutation empirical distribution e[sb;‘

significance level functionl” = (L}, .,k =1,..,K;r =1,..,R) where L} . =

{05+ X8, I(Ty; » =2 T )}/(R + 1) andTy. = max(T7, Tx);
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(T oo T )7 = 1, R,

12.the NPC p-value statistic for testing global eqlémae is then defined ai%, =
Yo Iy = YO1/R, whereTy) = ¢° = (A7, ..., A7, );

13.if Ay < a then reject global, in favor ofH;.

It is worth noting that: i) step 7 simulates (oloyides exactly, if all possible data
permutations were considered) the multivariate peation distribution of the whole
set of statistics expressed in terms of real valyag p-value statistics are defined in
step 8, also here they were true p-values ontvbere true; iii) step 10 simulates the
multivariate permutation distribution expressedemnms of significance level values; iv)
step 11 simulates the permutation distributionhef &dopted combined statistic where
all kind of dependences in the K-dimensional disttion (L}, k =1,...,K) are
nonparametrically taken into account without theiependence coefficients are
explicitly estimated and processed. It is also warbting that this solution to the Ul
equivalence testing is exact (its p-value statigfican be estimated at any degree of
accuracy). Of course, once the global alternatsv@dcepted at kind | error rate not
exceedingy; by applying any multiple testing procedure formatation tests, while
controlling inferential risks, it is possible tofem which alternative sub-hypothesis is
active, if any (Basso, Pesarin, Salmaso, & Sol2009; Pesarin & Salmaso, 2010,

chapter 5).

4.4 Somelimiting properties
Let us assume that population mé(X) is finite, so thaf(X*|X) is also finite for

almost allX € y™, whereX* is the sample mean of a without replacement random
sample ofn; or n, elements from the pooled s¥t taken as a finite population.

Firstly, consider the behavior of partial t&(8) = Xs, — X&;; where its dependence
on effectd is emphasized. In Pesarin & Salmaso (2013), basethe law of large
numbers for strictly stationary dependent sequenassare those generated by the
without replacement random sampling process, firazved that, amin(n,,n,) — oo,

the permutation distribution & (8) weakly converges tEp( X5, — Xg1) = (6 —

).
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Thus, for anyd > &5 the RP of5(8) converges to on&kP[X(5),Ts] — 1. Moreover,
for anyd < ¢ its RP converges to zero. At the right extrefhe &5, since for
sufficiently large sample siz&%(es) rejects with probability, its limit rejection is also

a.

The behavior of;(§) mirrors that off¢(6). That is, the limiting RP: (i) fof = —¢; is

a; (i) for § > —¢g; is zero; (iii) ford < —¢g; is one.

In the global alternativél;: (6§ < —¢&; ) U (6 > &) since one and only one of either

T, andTs is consistent, thef; is consistent too.

P P P P
Indeed, either (4, > 0andAg —» 1) OR(4;, » 1and A; —» 0) for respectively § €

P
H,;ORS6 € Hig . Thus, V8§ € H;, min(L45) - 0< T

Ga’

Va > 0 (note: for

combining functions we have used condit@:3). Consistency of . follows.

Moreover: in the extreme points Bf whend is either—g; OR &g, as one and only one
can be true if at least one is positive, the RP_d o (if both e, andeg are 0, this RP is
20); when—g; < § < g, i.e. in the open equivalence interval, the lingtiRP is

zero, being such for both partial tests (Figure 9).

- o 1 1 (- -
1ford < -g,0r d > &
aford = -g, or & = &
0for -, < & < &
o o
—— Fa o [y -~
L s -
—~E 0 £, o

Figure 9. Rejection probability (RP) of T.

45 A simulation study
We now present a simulation study in order to as$ies behavior of the permutation

solution both undeiH, and H, . Before presenting such results under different
distribution functions, Table Ppresents a simple study to appreciate how fast the
convergence is to the glohg} of partiala. In practice, unless the standardized length

of (¢, + &)/a(T™) is too small, it is always possible to use= a;. These results,
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except fore; = ¢ =0, were obtained by a simulation study usiRg= 10, 000

permutations ant¥l C = 20, 000 Monte Carlo iterations.

In the following simulation study we generally caes balanced and unbalanced
designs. Five different distributions, namely GausgN(0,1)), Exponential Exp(1)),
Uniform (U(0,1)), ParetoH(3,1)) and GammaQ3(2,1)), have been considered as data
generators and different equivalence ranges. Wenpeed 4000 Monte Carlo iterations
and we recorded the RP of the permutation tesie(basB = 2000 permutations) at
different levelsa under the null hypothesés= —¢;and the rejection probability (RP)

under the alternativé, < —e; or§ > —eg, for 0=0.05 and for increasing valuesdf

Results under the null hypothesis for unbalancesigdefi1 = 12, n2 = 24) with

equivalence ranges = & = 0.5 andg; = &g = 0.25 has showed that the nominal

levelsa are close to the nominal one.

The behavior of the RP when we move from the nuylpdthesis for different
equivalence ranges and sample sizes has showth¢hRIP is close to zero férwithin

the equivalence interval and increase @sncrease (see Figure 10 and Figure 11).
Using the results reported in Sect.irB (Marozzi, 2014) it can be shown that the

maximum estimation error is less than 0.0134.
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Figure 10. Rejection rates at a« = 0.05 of the Ul permutation test for different distribtuions, with
samplesizen; = n, = 20 and equivalence interval g; = g5 = 0.4 for different valuesof §.
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Figure 11. Rejection rates at ¢ = 0.05 of the Ul permutation test for different distribtuions, with
samplesizen; = 40,n, = 60 and equivalenceinterval g, = g = 0.2 for different valuesof &.

It is worth noting that ifX has finite variance, our combined t&st= min(4;, As),
whose rejection region in th@;, As) representation is convex, and so is admissible
(P.7), is an admissible combination of asymptoticalptimal tests, given that in those
conditions, by the permutation central limit thear@esarin 1990, 2001), each partial
test is asymptotically optimal. That is to say thatuniformly better solution thakfy,
does existThis gives our solution good prospects for itacgical uses as well as for
most theoretical inspections.

The UI-NPC of dependent permutation tests, whenpirenutation testing principle
applies, also enables us to deal with the intrigiyproblem of testing for equivalence
and non-inferiority in a general multidimensionattsxg. Two crucial related points, as
pointed out by Sen (2007), are how to go beyondiketihood ratio methods, which
are generally too difficult to apply properly, ahdw to deal with the generally too
complex dependence structure of the several paeslstatistics into which such an
analysis is usually broken down.
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En &€ MNq,Ny a (243

0.000 10  0.01|0.05]0.100.0200] 0.100] 0.200

0.100 * “ 0.0130] 0.067| 0.141
0.250 * “ 0.0103| 0.053| 0.109
0.500 * “ 0.0101] 0.051] 0.101
0.750 * “ 0.0100] 0.050| 0.100
0.000 20 “ 0.0200| 0.100| 0.200
0.100 * “ 0.0102| 0.063| 0.128
0.250 * “ 0.0101] 0.052| 0.103
0.500 * “ 0.0100| 0.050| 0.100
0.000 40 “ 0.0200| 0.100| 0.200
0.100 * “ 0.0101] 0.053] 0.116
0.250 * “ 0.0100| 0.050| 0.102
0.500 * “ 0.0100| 0.050| 0.100

Table 7. Values of ag; of global test when partial tests at « = 0.01,0.05,0.1, withn; =n, =
10,20,40 and &; = & = 0.1,0.25,0.5,0.75 for X~N(0,1).

Using the results and methods discussed in thesboplPesarin (2001) and Pesarin and
Salmaso (2010) concerning the NPC methodology, reeahle to provide a general
solution to testing under the Ul approach which ionally interpret one of the ways
to deal with the equivalence and non-inferiorityollem. Moreover, extensions to
random effect situations, to one sample designsinteariate and multivariate paired
observations, t&€ > 2 samples, to the multi-aspect framework, to wedecategorical
variables, to repeated measurement data, and te swwmations where missing or
censored data are informative on treatment effestsbe obtained within our UI-NPC
approach as an extension of the present solutibthése extensions will be considered

in future works.
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Chapter 5. Discussion and Conclusion

The main purpose of this research activity is tbgetbpment and application to real
data of nonparametric statistical methods for thestruction of composite indicators
for combination of rankings related to differentpasts of quality, with particular

attention for application in customer satisfactieeld and the relative effectiveness of

university activities.

When we want to determine an ordering among/evialuatf items of interest, often we
have to deal with complex variables. A complex afle is such that it is not directly
observable and also not directly measurable (Mar@a09). A typical example of
complex variable is the satisfaction. Let us coaisidr example the university student
satisfaction. It is not directly measurable in thense that it depends upon many
different partial aspects of satisfaction. From emeayal point of view the university
students’ satisfaction may be related to the omgimn of the courses, to educational

experience or also to infrastructure.

In the field of relative effectiveness evaluatian, extremely delicate phase is identified
in which the variety of indictors considered toibrmative of the various aspects of
the effectiveness itself requires a synthesispkamnits the definition of rankings of the
various compared units, and that provides a sunzingrimeasure of the differential

performance.

A detailed literature review shows that problemodittaining a ranking of items of
interest, is very common in many fields of the #gaplresearch. Examples go from
supply chain management in the context of seleatfosuppliers, to the environmental
planning in selecting project with less impactdtelto economy, use of energy etc.), to
the selection of the best design concept and s&wch problems are faced in different

ways and show different opened methodological moisl

From the application context suggestions emergdaHherpursuit of a methodological
path, the principal end objectives of which are ¢lassification or ordering of a set of
compared units against a complex multidimensigh&nomenon, and the synthesis of

a variety of indicators.

Procedures for ranking problems arose from liteeaind showed in Chapter 1 of the

present thesis, substantially may be grouped wonhain groups:
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- Statistical approaches (multiple comparison prooedeelection and ranking,
ordered restricted inference and stochastic ordesio);
- Approaches in Operations research on ranking pmoklae multiple-criteria

decision making approaches and the group-rankipgoagh).

All these procedures substantially are a) in tke&fof parametric approaches and thus
often based on many restrictive and unrealistizragsions for practical cases (e.g.
normality, independency etc.); b) heuristic methadd thus not supported by a robust
inferential theory; c) univariate approaches, tthesy do not specify what to do when

several aspects are of interest.

Therefor among methods present in the literatugestis none suitable for our aim, that
is the construction of a global ranking startingnfir more than one aspect (variables).
This lead us to the first methodological issue tisahow to put together all partial

aspects of interest (i.e. all the measurable commoof the complex variable under

evaluation).

Literature also suggests that “ . . . the principhiat being ranked lowest . . . does not
immediately equate with genuinely inferior perfomna should be widely recognized
and reflected in the method of presentation (okirag)” (Bird et al. 2005). In Chapter
2 of this thesis an extension of nonparametric walogical solutions already existing,
such as those concerning the nonparametric conntainaf dependent tests and NPC
ranking is presented, in order for them to be usethe evaluation of the university

system and customer satisfaction in general, asdlie the problems described above.

In particular, in order to construct a compositdi¢ator the first step is that to find a
standardization of original data which have to bmbined. Thus a literature review on
standardization methods in order to obtain a sl@tabnsformation of raw data (simple
indicators) into homogeneous data for measurehiditia has been performed.

Different kinds of transformations have been stddieorder to make data comparable

both using linear and non-linear transformations.

The second step refers to the choice of a link tfancas synthesis of a plurality of
indicators. In the literature the synthesis of ¥heety of indicators is generally carried
out using simple or weighed arithmetic means. Wtien distribution of data is not
symmetric (very common situation when data commfooistomer satisfaction surveys)

these measure are not appropriate, thus a new esymtlindicator is needed. A
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methodological solution in the nonparametric fildepresented by the nonparametric
combination of dependent rankings NPC since itsnnpairpose is to obtain a single

criterion for the statistical units under study,i@fhsummarizes many partial rankings.

Adopting this methodology and referring to sometloé main synthesis functions
(Fisher’'s omnibus combining function, Tippett's daiming function or Liptack’s
combining function) jointly with different standazdtion functions found in the first
step, a new method of synthesis of partial indisattas been tested. In particular a
comparative simulation study has been performedonder to compare different
composite indicators with respect to different kind transformations and link
functions, and in order to evaluate their behawitth respect to different situations
characterized by different data probability diaitibns. Results from different
composite indicators have been compared with aaeée ranking. Comparisons have
shown promisingly results, leading to the formélima of a composite indicator based
on a non-linear transformation as method to stahzarunits, jointly to the Fisher’s
combination function as method of synthesis of d8tach indicator resulted the best
when data were characterized by an asymmetricdbahéavy tailed distribution. This

is very important when we deal with data from costo satisfaction surveys.

A further contribution has interested the extensidrihe nonparametric combination
methodology in order to include into the analysffedent satisfaction profiles. For this
purpose the composite indicator is constructedntakinto account a benchmark of
maximum or minimum desired satisfaction. This happebstantially transforming
categorical data of evaluations into scores wetjbtetheir relative frequencies.

This is a very original contribution since it allswo take into account an expected

benchmark of satisfaction with which compare thatlsgsis indicator.

Since the overall satisfaction is often measuredabsingle direct question and by
several manifest variables relating to differenmdins of satisfactions, and typically
these different domains are considered separatelyadopted the composite indicator
(resulted by the previous steps, hereafter indicads Nonparametric Composite
Indicator (NCI)) in order to understand how theifattion depends on these different
aspects. We consider the NCI to analyze respoonsssidlent satisfaction survey of the
School of Engineering of the University of Padover fthree academic years
(2011/2012, 2012/2013, 2013/2014) which is charemdd by questions related to

different aspects of satisfaction and by the tylpizeestion of overall satisfaction. The
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main purpose of the analysis was to understand t@vNCI could help to better
explain the satisfaction structure of the respotsiemith respect to use only the
question of overall satisfaction of the questiormathe mean of which is currently

adopted as global indicator of satisfaction.

We studied the impact of single aspects of satisfadoth towards overall satisfaction
and NCI by means of a multiple linear regressiordeidother models could be also
adopted: latent class, multilevel models, etc.).atViamerged is that surprisingly the
overall satisfaction seems to be guided mainlyhgyrhotivational aspect of the teacher,
but it is used as indicator of general satisfacton the other hand NCI depends for its
construction by all partial aspects and thus it lsarconsidered as an overall indicator
of satisfaction.

The result of this first part of the research, pregs a valid alternative with respect to the
currently adopted indicator since it allows to betinderstand the satisfaction structure
of the respondent.

After obtaining a useful synthesis of data we wanlkdew to proceed whenever we
would like to obtain a ranking of the compared sinite. to sort them from thHeestto
theworse

In Chapter 3 of the present thesis a new nonparamegbproach is proposed. The
proposed method has been validated by a robustagiom study both in the situation
of homogeneity of all populations (i.e. under thél inypothesis) and when they differ
that is when existed a real ranking among them (ieder the alternative). The
proposed procedure called NPC-global ranking, ssprea useful solution aimed at
ranking several multivariate normal populationsuasisg that the ranking can be
established on the basis of a ranking parametarateas the sum of rescaled univariate
means. Our approach assumes also that the vagamagance matrixx' is known but it
could be easily extended relaxing this conditiam.fdct, in this case the reference
distribution for the estimated ranking parametecdnees a Student’t distribution. The
proposed approach is referred to multivariate nbmoaulations but the extension to
some other multivariate distributions, i.e. belongto the exponential family, seems to
be not so complicated and will be the objectivefature research. Therefor the
proposed multivariate ranking methods could effetyi be relevant also for different
applied research fields. Among the others, we roantine new product development

where the goal is to find out which is the prodoifotype most performing.
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A further development of the research referrecheodevelopment of a new method of
testing hypothesis when testing the equivalencevofor more aspects of quality is of
interest. Literature showed that for this kind obllem an optimal solution exists but

only under assumptions of normality and homosceézist

Basing the research in the field of the nonparamstatistics and in particular in the
context of permutation tests, a solution has beewigeed also for this problem by

following the so called Union-Intersection (Ul) peiple filling a gap in the literature.

Thus using the results and methods discussed irbdlo&s by Pesarin (2001) and
Pesarin and Salmaso (2010) concerning the NPC nhelibgy, we are able to provide a
general solution to testing under the Ul approadiicivcan rationally interpret one of
the ways to deal with the equivalence and non-oifity problem. Moreover,
extensions to random effect situations, to one $anaesigns, to univariate and
multivariate paired observations, @> 2 samples, to the multi-aspect framework, to
ordered categorical variables, to repeated measmnendhata, and to some situations
where missing or censored data are informativereatrnent effects can be obtained
within our UI-NPC approach as an extension of thesent solution. All these

extensions will be considered in future works.
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Appendix

What follows is the structure of the questionnamfestudents’ satisfaction till the
academic year 2012/2013. Since 2013/2014 someigungsire no more present in the
guestionnaire. We show the questionnaire in origemaguage (Italian) and in English

version for foreign students.

Appendix A.1. Italian version of questionnaire

[omissis]
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Appendix A.2. English version of the questionnaire

[omissig]



