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Abstract

We propose ordinary least squares estimators of the feeling parameter in a rating
model as tools for an effective selection of significant covariates. After reviewing some
preliminary concepts in this area, we implement the proposal, discuss its properties and
check its usefulness and consistency by means of some empirical evidences. Some final
remarks conclude the paper.
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1. INTRODUCTION

In several fields data are collected for surveying preference, evaluation, opinion

about goods, services, people by asking a sample of respondents to rate their

perception on a ordinal scale. Survey may include the selection from a numeric

scale (from 1 to 7, for instance) or from some description (from “extremely un-

satisfied” to “extremely satisfied”, for instance); anyway, people are requested to

give a qualitative and ordinal response. In this context, several information about

subjects are generally obtained for interpreting the results, examining differential

aspects with respect to clustering, segmenting the market, and so on.

Thus, data consist of an ordinal vector expressing subjects’ ratings and a cor-

responding matrix of covariates. This set should be put in a well defined frame-

work for pursuing a correct statistical inference. Specifically, significance of a

possible observed relationship among responses and covariates requires a model

and the standard cycle of specification, estimation and validation is necessary for

1 The research has been partly supported by submitted PRIN-2008: “Modelli per variabili latenti
basati su dati ordinali: metodi statistici ed evidenze empiriche” and proposed FIRB: “Modelli
statistici di analisi di dati per i servizi accademici” projects. ISFOL survey data has been used
under the agreement ISFOL/PLUS 2006/430.
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2. SPECIFICATION OF A RATING MODEL

reaching helpful conclusions. In our opinion, responses are realizations of a mix-

ture random variable whose parameters are related to the feeling towards the item

and some intrinsic uncertainty that refers to the operational aspects of the final

choice. These models have been fully discussed elsewhere; thus, in this paper,

we limit ourselves to investigate some proposal for relating subjects’ covariates to

feeling component by quick and consistent estimation procedures.

In fact, selection of sensible covariates may be useful for at least two objec-

tives: the first one is for starting estimation by means of more efficient iterative

methods and the second one for helping in the interpretation of the role of the

covariates. In this respect, a different proposal has been introduced by Cappelli

and D’Elia (2006a, 2006b) by using tree methods. In the following, instead, we

motivate the approach within a regression framework since it simplifies the related

inferential decisions.

The paper is organized as follows: in the next section we briefly specify the

class of models we will apply for the study of ratings. Then, in section 3 we

formalize the proposal for expressing Ordinary Least Squares (OLS) of the effect

of covariates on the responses and in section 4 we check its validity on several

real data sets in order to confirm the usefulness of the approach. Some concluding

remarks end the paper.

In a survey, we collect a vector of ratings rrr = (r1,r2, . . . ,rn)′ generated by

a random sample (R1,R2, . . . ,Rn)′ of n independent and identically distributed

random variable Ri, i = 1,2, . . . ,n. We assume that, for a given m, the probability

mass function of this random variable, R, is defined by:

Pr (R = r) = π br(ξ ) + (1−π)Ur , r = 1,2, . . . ,m , (1)

which is a mixture of a shifted Binomial br(ξ ) and discrete Uniform Ur distribu-

tions, both defined on the discrete support {1,2, . . . ,m}, that is:

br(ξ ) =
(

m−1

r−1

)
(1−ξ )r−1ξ m−r; Ur =

(
1

m

)
, r = 1,2, . . . ,m .

This model is identifiable for any m > 3 (Iannario, 2009a) and it is well defined

when π ∈ (0,1] and ξ ∈ [0,1]. Thus, the parametric space is the (left open) unit

square:

Ω(π,ξ ) = {(π,ξ ) : 0 < π ≤ 1; 0 ≤ ξ ≤ 1}.
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The probability distribution (1) has been defined a CUB random variable2 and it

turns out to be a very flexible parametric family with only two estimable parame-

ters.

Preference towards items increases with 1−ξ (high values of responses im-

ply low ξ , and vice versa) and uncertainty in the responses with 1−π (high values

of π imply a minimum contribution of the Uniform component to the mixture).

Thus, in CUB models terminology, π and ξ are denoted as uncertainty and feel-
ing parameters, respectively, and it is often convenient to relate these quantities

directly to subjects’ characteristics.

However, since the expectation of R is given by:

E(R) = π (m−1)
(

1

2
−ξ

)
+

(m +1)
2

, (2)

infinitely many values (π,ξ ) of the parameters are admissible for a given E(R).

2 CUB models have been introduced by Piccolo (2003), D’Elia and Piccolo (2005a) and further
developed by Piccolo (2006), Piccolo and D’Elia (2008). For more extensive discussion about
specication, estimation and validation of these models we defer to Iannario (2008a) and Corduas
at al. (2009). The acronym CUB is derived from the introduction of Covariates in the models
specied by a mixture of dicrete Uniform and shifted Binomial distributions.

Last expression confirms a not unique relationship between feeling parameter

(ξ ) and expectation, and this circumstance requires some further comment about

its interpretation. In fact, since the skewness of the distribution (1) changes with

(1
2 − ξ ), it would be better to say that (1− ξ ) measures the stochastic amount of

positive responses over the negative ones, if one defines as unfavourable (favourable)
the responses lesser (greater) than the midrange (m + 1)/2. As a matter of fact,

ξ = 1/2 implies a symmetric distribution with E(R)= (m+1)/2 where favourable

and unfavourable responses exactly balance.

Then, it is more convenient to relate parameters to subjects’ covariates by

means of a direct link (a logistic function, for instance), and this introduces CUB

models with covariates. In this way, parameters are subject-dependent and co-

variates are introduced for interpreting both feeling and uncertainty (if they are

found to be really significant). Formally, we will define a CUB (p,q) model with

p covariates (specified in the observed YYY matrix) for the uncertainty parameters πi

and q covariates (specified in the observed WWW matrix) for the feeling parameters

ξi if we add to the specification (1) the following systematic relationships:

πi =
1

1+ e−yyyi βββ ; ξi =
1

1+ e−wwwi γγγ ; i = 1,2, . . . ,n; (3)
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3 In this respect, we quote evaluations of attributes of goods and services (Corduas, 2008; Iannario,
2008b), qualitative assessment (Piccolo, 2008) and rating analyses in social problems (Iannario,
2007; 2008a), medicine (D’Elia, 2008), sensometric studies (Piccolo and D’Elia, 2008) and
linguistics (Cappelli and D’Elia, 2004; Balirano and Corduas, 2008).

where yyyi and wwwi are the subjects’ covariates for explaining πi e ξi, respectively.

We observe that the set of covariates YYY ,WWW may also present some overlapping.

In several empirical applications3 , we found significant improvement for in-

terpretation and fitting real data by inserting significant covariates, and quite often

this effect has been generated by the feeling parameter. Indeed, in several disci-

plines, feeling is the main motivation for empirical analysis and its exact meaning

changes with the predefined setting. Thus, the ξ parameter may be a degree of
perception, a measure of closeness, a rating of concern, an index of selectiveness,
a pain threshold, a subjective probability, and so on.

In fact, although it is reasonable to assume that both uncertainty and feeling

might be related to subjects’ covariates, the feeling parameter deserves more at-

tention. In a sense, we admit that the final choice is mainly generated by a sound

feeling towards objects, services, sentences, and so on, whereas uncertainty acts

as a secondary effect. Thus, it would be more relevant to look for motivations

and causes of the final choice as derived by feeling component and its relationship

to subjects’ characteristics. Then, we focus the rest of paper on the preliminary

estimation of the effect of covariates on the feeling parameter and on using this

tool as an effective mean for their selection from a given set.

In this regard, it is worthwhile to note that for inferring on ξ we cannot rely

on the sample mean of the ratings since this quantity is modified by uncertainty

parameter, as shown by (2). In fact, when we discuss of qualitative variables, it is

better to refer to indices suitable for such circumstance. Thus, the ξ parameter is

inversely related to the location of the distribution and modifies itself as long as

the skewness of responses increases. Then, a whole class of estimators could be

introduced as:

ξ̃ = a+bLn , b < 0 ,

where Ln is a sample location measure to be specified. The sample mean Rn is a

biased and not consistent choice; moreover, sample median is not resistant even

to a minimum amount of changes in the centre of sample data. Instead, the mode

is invariant with respect to π , and the sample mode has been proved a convincing

preliminary estimator of ξ ; moreover, it is strictly derived from the qualitative

nature of data.
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3.  FEELING PARAMETERS AND COVARIATES

Specifically, given a random sample (R1,R2, . . . ,Rn) and the corresponding

multinomial random samples (N1,N2, . . . ,Nm) and (F1,F2, . . . ,Fn) of absolute

and relative frequencies, respectively, we define the sample mode Mn as the integer

value of the support such that:

Mn = j ⇐⇒ F j > Fk,∀k �= j = 1,2, . . . ,m .

Then, the proposed estimator4 of ξ is defined by:

ξ̂ =
m−Mn +0.5

m
= 1+

0.5−Mn

m
. (4)

This is the starting point for the formal proposal we put forward in the next

section.

Some preliminary estimators for the γγγ parameter vector has been already ad-

vocated by Iannario (2008c) when covariates are dummies. The approach may

be further generalized when politomous covariates are present. This strategy is

worthwhile but requires ad hoc specifications and it cannot be simply adapted

when continuous covariates are to be introduced. Instead, the following OLS

estimator may be applied without modifications to dichotomous, discrete or con-

tinuous covariates.

Indeed, feeling parameters ξi are inverse functions of ratings and, starting

from the established correspondence (4) between the sample mode Mn and the ξ
estimator, we introduce a similar relationship among feeling parameters ξ i and

expressed ratings (r1,r2, . . . ,rn)′, that is:

ξi → 1+
0.5− ri

m
= 1+

1

2m
− ri

m
. (5)

As a consequence, from the systematic relationship (3) for ξi, we derive:

log

(
ξi

1−ξi

)
= γ0 w0i + γ1 w1i + · · ·+ γq wqi , i = 1,2, . . . ,n, (6)

4 In fact, any sample mode only species a nite interval for ξ and this would induce innitely many
values admissible for ξ; then, the proposed solution is just the midpoint since this choice
minimizes the maximum error. Extensive simulations confirm properties and usefulness of this
approach and also enhance some limitations in extreme cases, that is when π → 0.
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5 There is some resemblance between the empirical scores defined in (7) and empirical logits, as
in Agresti (2002), 168; however, formulas are derived from different principles.

6 Of course, since this result stems from a non-linear relationship with the original OLS estimator,
the standard Gauss-Markov properties hold only asymptotically.

3.1 OLS FEELING ESTIMATOR IN ABSENCE OF COVARIATES

where w0i ≡ 1, i = 1,2, . . . ,n, for compactness. If we substitute ξi in (6) as derived

by (5), we get:

log

(
m− ri +0.5

ri −0.5

)
= γ0 w0i + γ1 w1i + · · ·+ γq wqi + εi , i = 1,2, . . . ,n, (7)

and we added a zero-mean homoscedastic and independent sequence of random

variables εi for taking non-deterministic relationships into account.

Finally, we define the empirical scores5:

vi = log

(
m− ri +0.5

ri −0.5

)
, i = 1,2, . . . ,n (8)

and the vectors vvv = (v1,v2, . . . ,vn)′ and εεε = (ε1,ε2, . . . ,εn)′. Then, equations (7)

in matrix form:

vvv = WWW γγγ + εεε ,

for a full rank matrix WWW , admit the unique OLS solution:

γ̂γγ =
(
WWW ′WWW

)−1 WWW ′ vvv . (9)

In the next section, we will check the relevance of the estimator (9) and its

effectiveness on real data. In the following, we will test the interpretation and the

usefulness of OLS estimator in the simple cases of CUB models without covariates

and with a single dummy covariate, introduced for explaining the feeling.

An interesting result may be achieved from (9) if we regress scores on the

constant w0i ≡ 1, i = 1,2, . . . ,n, that is if we assume a CUB model without covari-

ates. This is equivalent to specify (1) with a new parametrization:

ξ =
1

1+ exp(−γ0)
.

In this case, OLS estimate γ̂0 is just the average of empirical scores v = n−1 ∑i vi,

and thus the derived6 OLS estimate of ξ may be formally expressed as:
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7 This quantity may be indifferently obtained by regressing the empirical scores on the constant 1
or by computing standard error of their sample mean.

ξ̂ =
1

1+ exp(−γ̂0)
=

1

1+ exp(− 1
n ∑i vi)

.

Now, if we define with G(xi) the geometric mean of the positive sequence

xi , i = 1,2, . . . ,n, that is:

G(xi) = n

√
n

∏
i=1

xi = exp

(
1

n ∑
i

log(xi)

)
,

a simple algebra shows that the previous estimator may be written as:

ξ̂ =
1

1+
G(ri −0.5)

G(m− ri +0.5)

. (10)

By exploiting delta method, from the standard error es(γ̂0) of OLS estimator7

of γ0, one obtains the approximate standard error es(ξ̂ ) of the OLS estimator of

ξ , that is:

es(ξ̂ ) 	 es(γ̂0)
√

ξ̂ (1− ξ̂ ) .

The OLS estimator ξ̂ may be consistently interpreted as follows: since

1 ≤ ri ≤ m , i = 1,2, . . . ,n, each rating ri may be considered as favourable or un-

favourable to the requested item according to ri > (m + 1)/2 or ri < (m + 1)/2,

respectively, or equivalently if m− ri + 0.5 < ri − 0.5 or m− ri + 0.5 > ri − 0.5.

Globally, a sample may be judged favourable (or unfavourable) to a given item

if a statistical synthesis of the expressed favourable (or unfavourable) ratings is

greater (lesser) than the unfavourable ones (favourable ones). If we adopt the

geometric means as a synthesis, then we conclude that feeling increases when

G(m− ri + 0.5) > G(ri − 0.5); as a consequence, if the inverse relationship be-

tween feeling and ξ has been taken into account, the estimator (10) may be inter-

preted as a normed measure derived by the previous argument.

Finally, we observe that 1 ≤ ri ≤ m implies | γ̂0 |≤ log(2m−1), and so:

1

2m
≤ ξ̂ ≤ 1− 1

2m
;

thus, there is room for some bias-correction, for instance, by considering:
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4. EMPIRICAL EVIDENCE

4.1 EVALUATION OF ORIENTATION SERVICES

8 A more detailed discussion of this survey for both 2007 and 2008 is presented by Iannario
(2008b) and Corduas at al. (2009).

ξ ∗ =
m

m−1

(
ξ̂ − 1

2m

)
= ξ̂ − 1

m−1

(
1

2
− ξ̂

)
;

however, we will not pursue this further refinement in the following.

3.2 OLS FEELING ESTIMATOR FOR A DUMMY COVARIATE

The presence of a dummy covariate for explaining the feeling component is

a common situation in rating surveys where people information include, for in-

stance, gender, marital status, job situation, travel options, presence of symptoms,

and so on.

Since OLS solutions are invariant for any corresponding row permutations of

vvv and WWW , let us suppose that the first n0 respondents are characterized by a dummy

covariate such that Di = 0 (this is the group C0) and the next n1 = n− n0 are the

respondents characterized by Di = 1 (this is the group C1); the corresponding

vvv vector is partitioned by vvv0 and vvv1, respectively. After a simple algebra, it is

immediate to deduce from (9) that:

γ̂(0) =
1

n0
∑

i∈C0

vi; γ̂(1) =
1

n1
∑

i∈C1

vi − 1

n0
∑

i∈C0

vi .

This implies that OLS solutions are only functions of the averages of empirical

scores of the two groups. With obvious notation, previous formulas may be writ-

ten as:

γ̂(0) = v0; γ̂(1) = v1 − v0 .

Now, we will show for three real data sets, generated in different contexts,

how the previous proposal turns out to be effective. Specifically, we check its

usefulness with regard to evaluation services, qualitative assessment of grades

and subjective survival probabilities.

We apply the preliminary estimation of ξi parameters of CUB models fitted

to a real data set consisting of a survey8 aimed at measuring students’ satisfaction



Selecting feeling covariates in rating surveys 129

9 For a derivation of ML estimators of CUB models by EM algorithm, see Piccolo (2006) and
Corduas et al. (2009).

Tab. 1: OLS and ML estimates for CUB models of Opening hours.

Covariates Parameters OLS estimates ML estimates

• ξ =  f (log(age))

constant γ̂
0

1.649 (0.338) 1.464 (0.347)

log(age) γ̂
1 -0.765 (0.110) -0.722 (0.113)

• ξ= f (gender)

constant γ̂
0

-0.812 (0.025) -0.747 (0.025)

gender γ̂
1 0.097 (0.033) 0.071 (0.034)

• ξ= f (log(age), gender)

constant γ̂
0

1.665 (0.338) 1.505 (0.348)

log(age) γ̂
1 -0.768 (0.110) -0.756 (0.114)

gender γ̂
2

0.088 (0.033) 0.116 (0.037)

towards orientation services organized by University of Naples Federico II during

2007. Although a stratified analysis with respect to faculties would be more spe-

cific, a global sample of n = 3511 observations has been validated and we limit

ourselves to study the ordinal responses given to the item concerning satisfaction

for the Opening hours of the service.

In this case study, we would check if age and gender of respondents are

significant covariates affecting the expressed feeling. The first one has been

transformed by logarithms whereas gender is a dichotomous variable (men=0,

women=1). Then, formula (7) for the preliminary OLS estimation of γγγ parameters

is applied, firstly in a CUB model with only age or gender as a single covariate, and

then by inserting both of them. In Table 1, OLS and maximum likelihood (ML)

estimates are presented and estimated standard errors are shown in parentheses9 .

Table 1 confirms for both models that OLS are quite close to ML estimates

(in values and signs); moreover, their standard errors are absolutely similar. This

achievement implies that OLS estimation is a valid tool for assessing in a simple

way the statistical significance of covariates for explaining the feeling of respon-

dents.
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Tab. 2: OLS and ML estimates for CUB models of University Grades assessment.

Covariates Parameters OLS estimates ML estimates

• ξ = f (gender)

constant γ̂
0

 -0.180 (0.036) 0.180 (0.042)

gender γ̂
1 -0.462 (0.049)  -0.591 (0.062)

• ξ = f (log(duration))

constant γ̂
0

-2.625 (0.140) -3.217 (0.199)

log(duration) γ̂
1 1.134 (0.071) 1.520 (0.099)

• ξ = f (gender, log(duration))

constant γ̂
0

-2.295 (0.143) -2.615 (0.188)

gender γ̂
1

-0.390 (0.047) -0.494 (0.053)

log(duration) γ̂
2 1.075 (0.071) 1.356 (0.092)

• ξ = f (gender, log(duration), gender × log(duration))

constant γ̂
0 -1.542 (0.190) -1.258 (0.230)

gender γ̂
1

-2.011 (0.276) -3.557 (0.378)

log(duration) γ̂
2

0.692 (0.095) 0.687 (0.111)

gender × log(duration) γ̂
3

0.840 (0.141) 1.545 (0.187)

4.2 QUALITATIVE ASSESSMENT OF UNIVERSITY GRADES

This data set consists of the final assessment degrees received by n = 2324

graduates in Political Sciences at University of Naples Federico II after a 4-years

course. Experience shows that the final grade (expressed as a number V between

66 and 110, even cum laude) may be considered as a qualitative assessment about

the candidate, as argued in Piccolo and Iannario (2008). Then, we arrange the

final grades by making a correspondence among the numeric evaluation V and an

ordinal variable R with m = 7, where increasing value of R are related to a better

proficiency (for instance, R = 6 is for V = 110 and R = 7 is for first class honors,

and so on).

The observed frequency distribution (here not reported) enhances a strong

atypical value at R = 7, and requires some modifications for obtaining a better

fitting of CUB models. However, we limit ourselves to detect the importance of

some explaining covariates and compare OLS and ML estimates (as in Table 2).

The good performance of these results should be emphasized as this data

set is generated by a critical structure where more refined CUB models should be

implemented, as a consequence of a high value at (R = 7). Anyway, the proposed

estimators seem sufficiently robust with respect to some departures from standard

hypotheses (for instance, a single mode in the distribution).
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4.3 SUBJECTIVE SURVIVAL PROBABILITIES

10 Further discussion is reported in Peracchi and Perotti (2008).
11 A further refinement would be to compute the partial correlation matrix, since partial correla-

tions measures a linear relationship between two variables after removing the effect of all the
others belonging to the given data set: Whittaker (1990).

We refer to a vaste sample survey organized by ISFOL during 2006 where,

among several other information, the quantitative expression of subjective survival

probability has been collected10 by asking people to answer to these questions:

For scientific purposes only, we would like to ask you: “In your opinion,
what is the probability that you will reach age 75, and age 90?” Please provide a
value between 100 (certain event) and 0 (impossible event).

1. Probability of reaching age 75: . . . . . . out of 100

2. Probability of reaching age 90: . . . . . . out of 100

Validated questionnaires are n = 20184 and Iannario and Piccolo (2009) ar-

gued that the numeric response given by people, that is Pr (S), is indeed a qual-

Tab. 3: Qualitative assessment of subjective survival probability  Pr(S).

Class Subjective survival probability Ordinal rating

1 0.00 ≤ Pr (S) ≤ 0.05 IMPOSSIBLE/Almost IMPOSSIBLE

2 0.05 < Pr (S) ≤ 0.25 LOW

3 0.25 < Pr (S) ≤ 0.45 Moderately LOW

4 0.45 < Pr (S) ≤ 0.55 About FIFTY/FIFTY

5 0.55 < Pr (S) ≤ 0.75 Moderately HIGH

6 0.75 < Pr (S) ≤ 0.95 HIGH

7 0.95 < Pr (S) ≤ 1.00 SURE/Almost SURE

itative and ordinal assessment generated by both psychological and numerical

causes; thus, a rating analysis may be derived from Table 3.

Since data set includes a large mass of covariates for respondents (dichoto-

mous or politomous, discrete or continuous), it seems relevant to apply a method

for a quick screening of sensible relationships among the expressed perception and

subjects’ characteristics. For this aim, we compute the correlation matrix among

the scores (8) and several meaningful subjects’ covariates available in the data set

in order to look for some significance11 . To simplify the analysis, we only select

the following covariates: Gender, Marital status, Family composition, Primary ed-
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Tab. 4: Correlations between survival probabilities scores and subjects’ covariates.

Covariates Scores(age 75) Scores(age 90)

o Gender 0.042 0.017

o Marital status:
married -0.005 0.081
single -0.005 -0.094
divorced 0.017 0.024
widowed 0.020 0.026

o Family composition:
presence of children 0.002 0.093
numbers of members -0.008 -0.040

o Primary education -0.016 -0.005

o Working status 0.002 0.037

o log(Age) -0.012 0.100

12 For testing H0 : ρ = 0 for a sample correlation coefcient at a given level α we may exploit both
the asymptotic Normality of the z-transformation, by which we reject H0 when

            or an exact t-test, by which we reject H0 when

where we adopt standard notations for Normal and Student quantiles, respectively. In our case
study, given the large sample size and for α = 0.05, such criteria reject H0 if  |  ρ̂n  |> 0.013796
and |  ρ̂n  |> 0.013795, respectively; thus, they are practically equivalent.

ucation, Working status, Age and present the correlation coefficients between the

scores (8) and these subjects for both subjective survival probabilities to age 75

and 90 years, respectively. Notice that all categorical covariates are transformed

into dichotomous dummies but Number of family members (a discrete one) and

Age (a continuous covariate, transformed by logarithms).

These results enhance the role of a strategy for selecting covariates and thus

for explaining feeling in the expressed ratings of the subjective survival probabil-

ities (by showing also the modifications induced by responses to age 75 and 90

years, respectively). Moreover, the relevance of each covariate may be tested by

standard correlation inference. Since n = 20184, any estimated correlation coeffi-

cient ρ̂n greater than 0.014 should be judged as significant12 , and these coefficients

| ρ̂n |> exp(2zα/2/
√

n−3)−1
exp(2zα/2/

√
n−3)+1

, | ρ̂n |>
√

t2
α/2,n−2

n−2+t2
α/2,n−2

,

are denoted in bold in Table 4; a borderline significance for log(Age) is shown in

italics. Indeed, CUB models with covariates selected in this way confirm all these

preliminary achievements, when efficiently estimated by ML methods.
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5. CONCLUDING REMARKS
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SELEZIONE DELLE COVARIATE RELATIVE AL FEELING
NELLE ANALISI PER DATI ORDINALI

In questo contributo sono stati proposti stimatori dei minimi quadrati per la stima del
parametro di feeling relativo ad una classe di modelli utilizzati  per l’analisi di dati ordinali.
Scopo principale di tale introduzione è il miglioramento del processo di selezione delle
covariate significative.

Dopo aver approfondito alcuni concetti preliminari relativi al contesto di riferimento
e alla classe di modelli, il lavoro presenta  l’implementazione degli stimatori, la discussione
delle proprietà e il controllo dell’utilità e della coerenza dei risultati mediante una serie di
evidenze empiriche. Alcune note di sintesi concludono il contributo.


