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A statistical approach for modelling
Urban Audit Perception Surveys

Maria lannario
Dipartimento di Scienze Statistiche, Universita di Nap@derico Il
E-mail; maria.iannario@unina.it

Summary:This work presents a statistical approach to study, measwtevaluate the
perception concerning the most serious problems whicle amisirban areas. It could
also be generalised to understand the perception of citiafter the introduction of
new policies or the activation of different local or globahptices. For this reason, we
have introduced’U B models to analyse ordinal data resulting from a rank proeedu
of several items expressed by a group of raters. Specificaéyclassify some issues
as emergencies and ask a sample of people to rank them witbctes their relevance
in terms of personal concern. The paper discusses the Ib¢iie @pproach and some
interpretative issues arising from the estimaf&id B models with special reference to
the environmental questions related to urban territory.

Keywords:Urban Audit, Ordinal data, CUB models.

1. Introduction

In the cognitive sciences, perception is the process ofianguinter-
preting, selecting and organizing sensory informationmeasurement is
one of the primary elements of consciousness. In order Esassuman
perception, some researchers often rely on surveys cangesvaluation
or preference.

In the classical setup, respondents are asked to selecptioa they
prefer the most out of a discrete set of alternatives. Theuatians for
several items are (generally) strongly correlated, foy #agress a com-
mon (positive/negative) judgement about the problem. rimédion usu-



150 M. lannario

ally may be obtained if respondents are asked to rank thef sdteona-
tives instead. In this case, the answer is the result of gé@equential
selection process which gives a more efficient estimatiothefprefer-
ences.

Systematic approaches to the study of ranks data tend to dm ba
on categorizations and on the location of an item in a givelei@d list.
Ranks expressed for each item are related to the subjeatlsdea given
perception. Obviously, psychological, sociological amyiesnmental
causes influence (and bias) the responses. For instancexttbene an-
swers are more reliable than the middle ones. The respanslemetimes
tend to find the central items less important and rank them avieduced
accuracy. One of the possible reasons is that the persorlegparience
of some items, and hence, he/she is not able to indicate @iprapking
order (Chapman and Staelin, 1982).

In general, ranks data can be found in several situationtisnpa-
per ranking is used for studying how the urban environmegsales of
Naples, a city of the Campania region, are experienced kmeai and
how this perception is influenced by personal attitudes, sowlal and
territorial variables.

This approach could be applied to gain an understandingeo€ith
zens perception after the introduction of new policy or thevation of
different local or global practices.

The purpose is to study the determinants of the degree ofeconc
(judgment) of individuals towards a discrete set of itemanaxted to
serious problems which arise in a large urban area. Thusmnplsaof
people living in the Campania region was asked to rank a ligteats,
according to how relevant they felt the emergency.

This evaluation is a very complex task; the measure is redeto
a person’s behaviour and activity connected to emotiondlcagnitive
effects. Thus, the objectives of the paper are testing venesbme in-
dividuals are able to rank consistently all alternativeslgsing what is
their perception as temergencieand observing if there is a relationship
of ranks with subject’s covariates.

The paper is organized as follows: in the next section, wabéish
the notation for ordinal data and in section 3 we defifiéB models and
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discuss their statistical relevance. Special emphasibwilevoted to the
analysis and testing the covariates significance. Thetipgset presents
some empirical evidences of these models when applied tarlfudit
Perception Survey. Some final remarks conclude the paper.

2. Ordinal data and statistical models

Models are abstract and simplified representations oftyeatich
involve variability due to unknown random factors (Linds&997). The
main focus of these statistical models is to generate daitidia depen-
dent structures in order to interpret, fit and forecast ratd dets.

Models based on ordered responses represent a complexjitgba
structure, that, in general, is included in the domain oflitatave and
multinomial models. For this reasons, they require speniigthods to
avoid difficulties in the interpretation and/or loss of a#fiecy in the anal-
ysis of real data.

In the literature one of the most important examples of addata
models is given by Generalized Linear Model (GLM) introddibg Nelder
and Wedderburn (1972), and McCullagh and Nelder (1989). iiodel
has two main features: it involves a variety of distribus@elected from
the exponential family and it is related to transformatiofighe mean
value through dink functionwhich relates expectation to covariates.

The key point is that these approaches are able to modelghedds
of Pr(R < r), the distribution function of the ranks, as a linear functio
of the subject’'s covariates. In this respect, a simple andipanious
probability structure, that uses cumulative logits to telardinal data to
subjects’ covariates, is th@oportional odds modelMcCullagh, 1980;
Agresti, 2002). Interest in this technique is often derifresn the com-
mon need to report odds ratios of application.

This model presents some characteristics. First of alletfexts of
the rank (choice) and of the subject are clearly separated; the inter-
pretation of the parameters is related to the cumulatives edtios (and
their logarithms); finally, the role of the number of items)(is only re-
lated to the normalization constraint.

The direct investigation of the psychological process teterates



152 M. lannario

the choice mechanism among a discrete set @lternatives, motivates
the need for a new class of models which could overcome samitsli
of ordered logit models. This theory has led to a series aflte®ased
on a class of probability distributions, tiéU B random variable (D’Elia
and Piccolo, 2005a). Then, it has been generalized by imguglibjects’
and objects’ covariates by definidg/ B models (Piccolo, 2006; Piccolo
and D’Elia, 2007), and a marketing oriented study has beesued by
lannario and Piccolo (2007).

The probability distribution of these models does not bglmrthe ex-
ponential class. They express directly the probabilityobadinal choice,
and relate the parameters to the subjects’ covariates witdry reference
to expectations, as in Kingt al. (2000). Thus, they fulfill the objective to
explain, estimate and forecast in a simple way the proligldth (R = r)
for an ordinal variable? assuming values if1,2,...,m}, for a given
integerm > 3.

3. CUB Models: description and inference

Mc Fadden (1974) stated: "Application of the model shouldrbé&éd
to situations where the alternatives can plausibly be asduobe distinct
and weighed independently in the eyes of each decision+rhakieus, it
is important to exploit the background setting and the psiady of the
choice for implementing a new statistical model.

Each choice results from paired or sequentialcomparison of the
items. It can be expressed as the result of two hierarchiepks agen-
eral and immediate evaluation of the feeling (agree/disagrardiifer-
ent), and aspecificand reflective setting, within the global assessment,
for expressing the final rank. Usually, when individuals asked to rank
alternatives or only to choose the most preferred optianpdrameters of
the choice model can be connected with two componde¢dingandun-
certainty These areontinuousandlatentrandom variables that manifest
themselves as discrete responses.

The first componentfeeling is the result of a continuous random
variable that becomes a discrete one. Followinigtant variable ap-
proachwe assume that the observations are generated by an unetserv
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normally distributed random variable (sd&/), and we define a corre-
spondence with a discrete ordinal random varidbley means of ordered
threshold parameters to be estimated. Considering this &eaitable
model for achieving the mapping of the unobserved contisu@uiable
R* into a discrete random variableé may be theshifted Binomiadistri-
bution with a probability mass function defined by:

m—1

bT(g):<T_1)§”(1—§)mr, r=12,....,m. (1)

The second componenincertainty depends on the specific values (knowl-
edge, ignorance, personal interest, engagement, time tpalecide)
concerning people. If the subject shows complete indiffeeetowards

a given item, it seems appropriate to model ranks by meanglisiceete
Uniform random variablé/ with a probability mass function defined by:

Pr(U=r)=—, r=12...,m. (2)

Of course, inreal cases, itis necessary to weight such agreatsituation
to take account of the real expressed uncertainty.

The final result for interpreting the responses of the rasesanixture
model for ordered data in which we assume that the raiskhe realiza-
tion of a random variablé, that is a mixture of an Uniform and a shifted
Binomial random variable, defined on the suppog: 1,2,...,m, with
a probability distribution:

m—1 r—1¢m—r 1
P’I“(R—T)—ﬂ'(r_1>(1 e 4 (1 W)E, 3)
and withw € [0,1] and¢ € [0,1]. Sincem > 3 is fixed and known, we
will denote this random variable &8~ MU B(r, ).

We observe that the parameter is inversely related to the weight of
the uncertainty component: thug, — =) /m is ameasure of the uncer-
taintywhich spreads uniformly over all the support. The exact rnrepof
¢, instead, changes with the setting of the analysis andglibm\/U B
random variable reversible, it depends on how the respdmeses been



154 M. lannario

codified (the first position represents the higher feeliogéern and the
last one the lower, or vice versa).

An important characterization of this random variable &ttve can
map a set of expressed rankings into an estimated modet \§a param-
eters. Thus, an observed complex situation of preferecioa@ises may be
simply related to a unique point in the parametric space.

In this context, better solutions are obtained when we thice the
covariatesfor relating both the feeling and the uncertainty to the sub-
ject’s features. Generally, covariates improve the motteidi and allow
for better discrimination among different sub-populasi@md more accu-
rate predictions. Moreover, the interpretation of the paeters estimates
opens the discussion of different possible scenarios.

In fact, it is reasonable to assume that the main componédriteeo
choice mechanism change with the subjects’ charactevigtmvariates).
Thus,CU B models are able to include explanatory variables which in-
fluence the position of different response choices. It is alseresting
to analyze the values of the corresponding parameterstoamelil to the
covariate values.

Following a general paradigm (Kingt al,, 2000; Piccolo, 2006), we
relater and¢ parameters to the subjects’ covariates through a logistic
function, that is:

-1

1 e

(7? | yz) == m = [1 + e Zs:() Bs yzs:| : (4)
q ws -1

(5 | wl) = w—_m — [1 + e Etzo Yt m‘,i| . (5)

The chosen mapping is the simplest ones among the manydraresf
tions of real variables into the unit interval aagbosterioriit helps inter-
pretation.

In the following, we refer taM/U B random variables to denote the
mixture probability distribution and t6'U B models to the same structure
when one or both parameters are explained by covatiates

! Of course, aU B(0, 0) model is just aV/ U B random variable.
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In fact, when one or both parameters of the mixture proltgiaistri-
bution of aM U B random variable is explained by means of covariates,
the model is denoted &sU B(p, q), with parameter vectd.

Specifically, we define:

CUB(0, 0y without covariates and parameters@ = (r, £)';
CUB(p, 0y with p covariates forr, 6 = (3, £)';

CUB(0, gy with q covariates fot, 6 = (7, v')’;

CUB(p, q) with (p,q) covariates fo(r,¢), 6 = (G, v').

Inferential issues foC’U B models are tackled by maximum likeli-
hood (ML) methods, using —as it is common for mixture modetse-
E-M algorithm (McLachlan and Krishnan, 1997; McLachlan d@rekl,
2000). The related asymptotic inference may be appliedgusia ap-
proximate variance and covariance matrix of the ML estimga¢Piccolo,
2006).

Generally, in order to test the significance of the covasiatethe
model, we compare the log-likelihood of th&/ B(0,0) model (without
covariates) with the log-likelihoods of differefit/ B models with covari-
ates. Thus, we will apply a Likelhood Raio Test considerfilog A ~
X?g) where(g) represents the number of restriction.

Comparisons g
CUB(p,0) versusCUB(0,0) | p
CUB(0, q) versusCU B(0, 0) q
CUB(p, q) versusCUB(0,0) | p+q

It is worth to say that while the sequences:

CUB(0,0) — CUB(p,0) — CUB(p,q);
CUB(0,0) « CUB(0,q) « CUB(p,q);

are nested ones, the modélé¢/ B(p,0) and CU B(0, ¢) are not nested
each other.
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Model validation is a multifaceted activity, based on theerpretative
content, the estimated coefficients, an effective inforomateduction and
a sensible fitting. Then, in this regard, we prefer a norredldissimilar-
ity indexdefined by:

Diss=5 3" | fr—p(0.6)]. ©)
r=1

wheref, andp,(, é) are the observed relative frequencies and the esti-
mated probabilities from th€ U B model, respectivefy

The models we have introduced are able to fit and explain the be
haviour of a univariate rank variable. Instead, we reallz the ex-
pression of a complete ranking list of objects/items/services hysub-
jects should require a multivariate setting. Thus, the yamislthat will
be pursued in this paper must be interpreted as a marginadinoe we
will study the ranks distribution of a single item withoufeeence to the
ranks expressed towards the remaining ones. Although ties i@annot
be strictly independefitwhen the number of the objects is not extremely
limited (in our applicationsyn = 9), we may consider the rank towards
an item as conditionally independent from the others.

4. Urban Audit Perception Survey: some empirical evidence

In this case study we analyse the degree of coricefiindividuals
over a discrete set of 9 itempdlitical patronage and corruptignorga-
nized crimeunemploymenenvironmental pollutionpublic health short-

2 The indexDiss € [0,1] possesses a simple interpretation: it measures the proportion of

subjects which should be moved among the cells of the frequency distribmtioder to achieve a
perfect fit. Moreover, according to the experience (based onalelata sets and some preliminary
bootstrap studies), wheRiss < 0.09, we can be adequately satisfied from the fitting point of
view (Piccolo, 2006).

3 Allthe realizations of the multivariate random variabl,, Rs, . . ., R, ) are permutations
of the firstm integers and, thus, they sum(m + 1) /2.

4 Notice that, in our case study, tfieeling parameter is a direct measure of the degree of
concernabout a problem since we are asking respondents to rank the mostssgrablems in
decreasing order of worry.
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comings petty crimesimmigration streets cleanness and waste disppsal
traffic and local transpoit

We classify these issues as “emergencies” and we ask peordak
them in a decreasing order with respect to the worry they géeeThis
kind of audit survey, submitted for the first time in DecemB@04, was
repeated in December 2006 to an homogeneous sample. Wea dher
last data set for the modelling appro&ch

Several information related to the subjects have beenatetle gen-
der, age, diploma, residence, working condition, etc. Atehd,n = 419
complete questionnaires form the basis of the followindyses.

4.1. Exploratory Data Analysis

In Table 1 we list the expressed frequency distributionsaoks for
each item (bold marks are the maximum frequency for each amd)we
plot each of them in Figure 1, in order to show the differerapss.

To synthesize the ranks for the items, we present some ¢ocatea-
sures in Table 2. Of course, since the rank is just a value fuaditative
judgment, the arithmetic mean should not be computed; hexvés in-
terpretation may be still accepted if we consider the rarska@oxy of
the (latent) continuous variable which subjects expresards the single
item. Moreover, some doubt may be generated by comparingnootie
and/median of the expressed ranks.

For instance, we notice thdraffic and local transportand Streets
cleanness and waste disposale the same mod@&)(but different means
and medians. The firsBfreets cleanness and waste disppsgberceived
as less dangerous than the second dnaffic and local transpoit

5 The survey has been submitted in December 2006 to students attendirtgra lache

Faculty of Political Science, University of Naples Federico Il. Thusait oot be considered as
a random sample of the population living in the area; however, the pecoli@n-demographic
structure of the respondents gives some relevance to survey.tjifasample is made hyg2
(43.44%) males and237 (56.56%) females, with an age betwed® and57 years. They are
students mostly with scientific or technical diplon38.09% and33.5%, respectively), originated
from the metropolitan area88.68%). About 40.09% are full-time students, thus most of the
respondents are part-time or full-time workers.
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Table 1. Main problems frequency distributions

Main problems 1 2 | 3]14] 5 6 7 8 9
Political patronage| 28 | 79 |93 81| 52 | 29| 25 | 23 | 9
Organized crime | 235|111/ 37|15| 10| 3 | 3 3 2
Unemployment 79 | 75 |95 /67| 42 | 31| 16 | 11 | 3
Pollution 2 9 | 9|30 53|63| 89| 92| 72
Public health 14 | 25 14879100 (69| 45| 30 | 9
Petty crimes 45 | 97 |94182| 42 (32| 12 | 12 | 3
Immigration 3 5 8 | 11| 34 | 57| 37 | 63 | 201

Streetsandwaste| 11 | 15 | 25| 36| 44 | 75| 108 | 81 | 24
Traffic-transport 1 3 |10|17] 42 (61| 84 | 105 | 96

Table 2. Location Indexes

Main problems Mode | Median | Average
Political patronage| 4 3 3.96
Organized crime 1 1 1.81
Unemployment 3 3 3.35
Pollution 7 8 6.72
Public health 5 5 4.95
Petty crimes 3 2 3.48
Immigration 8 9 7.55
Streets and waste 7 7 6.08
Traffic-transport 7 8 7.09

A second measure for ordinal data should be related to tlaeir v
ability, and we preférthe index of Laakso and Taagepera (1979) in its
normalized version iff0, 1]:

A= (fjf) 1y ™

5 A discussion about the usefulness of this measureCfotB models with reference to
preliminary estimation and parameters interpretation is reported in D’Eli@amdlo (2005b).
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Table 3 summarizes this measure for both 2004 and 2006 surviéy
seems evident that variability has homogeneously inccbiagbe second
year, and in significant amount for several instances. dustee observe

Table 3. Index of Laakso and Taagepera

Main Problems A(2004) | A(2006) | % increase
Political patronage and corruption | 0.6400 0.6873 6.88
Organized crime 0.1616 0.1918 15.70
Unemployment 0.5078 0.6452 21.30
Environmental pollution 0.5757 0.6211 7.30
Public health shortcomings 0.5625 0.6837 17.74
Petty crimes 0.5183 0.6045 14.26
Immigration 0.2270 0.3107 26.93
Streets cleanness and waste dispgsal.5170 0.6415 19.40
Traffic and local transport 0.5337 0.5363 0.48

that Organized crimeshows a limited heterogeneity denoting a distribu-
tion of responses strongly concentrated on few valueseeTabhd Figure

1 confirm these results. Specifically, we register #38% of respondents
ranked this item ag or 2. Thus, people reacted in a strongly similar
way towards this emergency and we should expect low unogyten the
C'U B model for their responses.

4.2. CUB models for concern towards urban problems

In this subsection, we propose the applicatiolW'af B models to our
data set. In Table 4, we list ML estimates (with asymptotmdard errors
es) and related log-likelihoods and dissimilarity indexestide that log-
likelihoods are inverse measures of goodness of fit, givahathmodels
are estimated with the same sample size The previous maeetfener-
ally satisfying, as confirmed by the significance of the eated parame-
ters and the low values @fiss some problems might be generatedoy-
lution, Traffic and local transporandImmigration whereDiss > 0.13.
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Table 4. Estimation of' U B models for main urban problems

~ =
~

Main problems 7 les(w)| & |es(§ | log-lik Diss
Political patronage| 0.629 | 0.045| 0.704 | 0.013| —843.215 | 0.045
Organized crime | 0.898 | 0.021| 0.936 | 0.005| —522.663 | 0.055
Unemployment 0.674 | 0.045| 0.774 | 0.012| —830.845 | 0.115

Pollution 0.751 | 0.044| 0.236 | 0.011| —815.021 | 0.130
Public health 0.719 | 0.047| 0.506 | 0.013| —838.779 | 0.036
Petty crimes 0.768 | 0.040| 0.736 | 0.011| —804.718 | 0.061
Immigration 0.567 | 0.035| 0.037 | 0.007| —719.248 | 0.154

Streets and waste | 0.665 | 0.040| 0.293 | 0.013| —831.655 | 0.075
Traffic-transport | 0.820 | 0.038| 0.197 | 0.010| —773.402 | 0.136

In fact, these results might be caused by sub-population®f res-
pondents.

To deepen the analysis and the comparison of the estintatég
models, we represent them in a parametric space, as in Rigurethis
way, the measures of concern and uncertainty on differefdhlas and
their relative position are clearly enhanced.

Specifically, Figure 2 shows that respondents classify skads in
four clusters, where the first (CRI) and the last (IMM) expresbe most
and the least serious concern; instead, the second gro&p KDC, CLI,
MAL) is referred to personal care while the third (PUL, INQRA) in-
cludes topics related to environment.

Moreover, on the same space, we may consider the interaxtibase
problems with gender and age. In fact, gender is a dichotsmariable
and age has been made dichotomous by discriminating resptsgnder
and above30 years.

Figure 3 helps in the interpretation of the responses wispeaet to
the gender both for the concern and the uncertainty. Thusnétance,
it seems that women are more concerned than men with respleealth

" In Figg.2-4, the emergencies has been labelled in the following Waljtical patronage
and corruptior=CLI; Organized crimeCRI; UnemploymemtDIS Environmental pollutiorINQ;
Public health shortcomingsviAL; Petty crimesMIC; Immigration=IMM; Streets cleanness and
waste disposaPUL; Traffic and local transpotTRA.
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Figure 2. Parametric representation of the estimateld B models

problems. Similar consideration might be applied to urmety, where
large differences are registered Rwlitical patronage and corruptioand
Streets cleanness and waste disp@s&n give more uncertain answers)
and forEnvironmental pollutiorfwomen are more uncertainty). In Figure
4 we have similar results by differentiating respondentsesehage is un-
der and over 30 years (labelled@and1, respectively). Thus, it turns out
that concern is almost the same, while uncertainty is the miifflerence
caused by the age. Specifically, we observe that uncertdetyeases
in elderly people for problems of general interest Gxganized crime
Public health shortcomingdraffic and local transpostfor instance).

5. CUB models with covariates

The introduction of subjects’ characteristics for expiagnboth feel-
ing and the uncertainty in the previous models improves ¢selts and
the interpretation. More specifically, we will focus oureattion on the
variables which are connected to environmental problemslation to
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Figure 3. Estimated”’U B parameters for men (label3) and women
(label=1)

urban territory Environmental pollution, Streets cleanness and waste dis-
posal, Traffic and local transpoxt They are related to urban policy and,
generally, are not considered among the first worries in tingesits’ re-
sponses.

e Environmental pollution

For this item, the significant covariates aggular jobto improve the
model forr (degree of uncertainty) argenderandagé to explaing (the
degree of concern). Table 5 shows the hierarchical estdmatelels from
CUB(0,0) (without covariates) until ta'U B(0, 2).

The parameters are all significant and consistent with threspond-
ing interpretations. Then, we use the difference betweerd#viances

8 For all the models which we will estimate, we prefer to lis@ge) instead ofagesince, in
general, the logarithmic transformation reduces the variability of the izdear
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Figure 4. Estimated”’U B parameters for people under (labélrand
over30 years (labeld)

as a test for preferring the last model, and we compare tlfisreince
with the critical levels of aX%g), whereg is the difference between the
parameters of the models. Specifically, we get:

this value is highly significant if compared with the quaasilof axfg)
random variable witly = 2.

Thus, we retain the last model for it gives a significant and/owing
interpretation of our data. It results that the expecte# dnvironmen-
tal pollution is modified by the covariates gender and age, according to



A statistical approach for modelling Urban Audit PerceptiBurveys 165

Table 5. CUB models for Environmental pollution

Models # = m(regjob) & = &(gender; In(age)) log-lik
CUB(0,0)| # = 0.751 (0.045) | €= 0.236(0.012) | —815.021
CUB(1,0)| By = 1.547(0.334)| &= 0.233(0.012) | —811.930
B = —1.141 (0.464)

CUB(0,2)| # = 0.792 (0.040)

—3.357 (0.538) | —795.540
—0.378 (0.124)
0.745 (0.163)

0
1
2

the formuld:

6.336

E (R ’ gender, age) = 8.168 — 1 + ¢3-357+0.378 gender—0.745 In(age) *

Given the dichotomous character of the covariate gendsimpdssible
to express this expectation in a more direct way:

6.336
8168 = if gender= 0 (men
1+ 28.703 (agey 045" "9 (men)
Bl o) = 6.336
8.168 — :

1+ 41.388 (age)—0-745” if gender= 1 (women)

Thus, this formula confirms that men are more concerned tloanem
(Figure 5). Moreover, the expected rank reduces for inangasyes, that

is elderly people are more concerned than young with regeEshtiron-
mental pollution

e Streets cleanness and waste disposal

We consider the relationship among the perception of tkim iand
job, age and gender. The main result is that regular job igrafgiant co-
variate for explainingr and gender and (logarithm of) age for explaining
&, as shown in Table 6.

Then, in the last model we observe a barely significant lewette
covariateln(age) of the¢ parameter; also, the increase in log-likelihoods

® We are lettingn = 9 in the general formula of the expectation af'&’ B model computed
with the estimated parameters.
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Figure 5. Environmental pollution: expected ranks as fiorcof gender
and age

from CUB(1,1) to CUB(1,2) is not satisfactory. In fact, if we plot
the expected rank for varying ages, we observe (Figure &)ntlogt of
variation is accounted for the presence/absence of a rggblavhile the
age effect does not seem relevant.

As a consequence, for this item, we choog& a5 (1, 1) model where
regular job acts as a covariate forand only gender is a significant co-
variate foré. It improves the fitting with respect to the previous models,
all the parameters are significant and the increase in kagitioods from
CUB(0,0) to CUB(1,1) model is relevant if we compare:

with the quantiles of a@) random variable witly = 2.
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Table 6. CUB models for Streets cleanness and waste disposal

Models 7 = w(regjob) & = &(gender,In(age)) log-lik
CUB(0,0)| # = 0.665 (0.044) | &= 0.293 (0.013) | —831.655
CUB(1,0)| 3o = 1.265(0.278)] &= 0.288 (0.013) | —825.251
B = —1.439 (0.421)
CUB(0,2)| # = 0.696 (0.044) | 4, = —1.939 (0.565) | —825.732
3, = 0.387 (0.176)
J, = —0.307 (0.118)
CUB(1,1)| 3o = 1.291 (0.278)] 4o = —0.764 (0.085) | —822.733
By = —1.353 (0.428)| 41 = 0.266 (0.118)
CUB(1,2)| o= 1.294 (0.276)| 4o = —1.859 (0.622) | —821.190
By =—1.272 (0.433)| 4 = 0.353 (0.198)
Yy = —0.259 (0.117)

In the preferred model both covariates are dichotomous arseé
their effect on the expected rank we refer to the schemeaielicn Table
7.

Table 7. Expected ranks, gender and regular job

Gender | Regular Job| Expected rank
Males Yes 5.706
Females Yes 5.918
Males No 6.143
Females No 6.487

From this model, we deduce that people without regular joisicter
this item less relevant than the others; similarly, men aseensoncerned
towards this problem than women. Moreover, from the previtable,
the most prominent effect on the graduation of the worry is thuthe
presence/absence of a regular job.
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Figure 6. Streets cleanness and waste disposal: expectdd faom
modelCU B(1,2)

e Traffic and local transport

The last item which we will consider i$raffic and local transport
where the best fitting was obtained byCd/ B(0,2) model with (loga-
rithm of) age and neomelodic mu¥i@s explanatory covariates for the
parameter. Then, the estimatéd B models are summarized in Table 7.

The model explains that the concern towafdsffic and local trans-
port increases with age but it is not so high among people whictege
neomelodic music. We may confirm this aspects if we plot (Feg) the

10 This is a dummy variable that assumes valligrespondents declared to love neomelodic
music, a kind of music quite popular in the Campania region. It segmn®x variable related to
the socio-cultural context of the respondents.
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Table 8. CUB models for Traffic and local transport

Models r € = &(In(age), neomelodic) log-lik
CUB(0, 0)| # — 0.820 (0.038) £= 0.197 (0.010) —773.402
CUB(0, 2)| # = 0.830 (0.037)| 40 — —2.369 (0.505) | —766.391

4 = —0.394 (0.130)
4y = —0.341 (0.154)

expected rank for this item as a function of these covariatesrding to
the formula:

6.640

E (R | age, neomelodiC) = 8.320— 1+ ©2.369+0.394 In(age) —0.341 neomelodic *

The chosen variables have a sensible effect on the maxionzzftthe
likelihood function, and the difference between the devéamounts to:

which is significant if compared with the quantiles ofy&(g) random
variable withg = 2.

6. Concluding remarks

In this paper, we obtained some results about direct inéerem the
expressed ranks by the introduction of feeling and unggstasompo-
nents that drive the choice as explicit parameter§'thB models, with
and without subjects’ covariates. The experiments havérooed that
this innovative approach gave a different perspective &duate the psy-
chological process that drives the choice, the selecti@nafem and the
ranking procedure.

Then, the introduction of covariates is an added value ftarpret-
ing, clustering and discriminating sub-populations wikpect to a fixed
item, and this may open new perspectives for the evaluafiteratorial
data. By using this class of models, we may understand andumeetie
effects of new policies and practices, and to differenttaam with re-
spect to (local/global) area. Moreover, it permits to digghe subjects’
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position and their psychological behaviour with respea tpven stimu-
lus. This conceptualization may help policy makers to impreconomic
and political strategy of good governance and to measurpétseption
of their effect.
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8.00

Figure 7. Traffic and local transport: expected ranks from delo
CUB(0,2)

The empirical evidence supported by a specific survey airhetka-
suring the worry about urban problems in a large metropokiteea has
confirmed its usefulness on a real data set.
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