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Abstract
Official data about consumers’ qualitative expectation and perception of inflation are derived
from repeated surveys conducted by national statistical institutes. In EU, these data are
published in aggregate form, and cannot be described by means of classical methods based
on cumulative models for ordinal data. This article illustrates an integrated approach that
locates CUB mixture models for ratings in a time series perspective in order to investigate
the joint evolution of inflation judgments and expectations in Italy. In order to measure
the common sentiment of interviewees through the feeling component of the model, net of
possible uncertainty and nuisance effects, its estimation is pursued through profile likelihood
methods given the empirical frequency distributions of consumers’ opinions observed over
time. Then, the relationship between the time series of the estimated feeling parameters is
modelled using a dynamic regression model and the results are compared in three periods
marked by different economic conditions. Results indicate that each series has a substantial
inertial component, and thus it is characterized by a slow variation over time, and that both
judgments about past price levels and previous expectations affect current expectations about
the future in fairly different ways for the three time periods.
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1 Introduction

Consumer opinion surveys are regularly promoted by the European Commission in order to
collect qualitative and quantitative data concerning the past and future development of the
main economic indicators [4]. In particular, the investigation of consumers’ inflation percep-
tions and expectations represents an important issue for the analysis of consumers’ behaviour
in terms of purchase or savings decisions [28, 43]. Experimental studies have shown that
inflation judgments and expectations are formed using various sources of information [38].
Judgments are affected by the personal experience of price changes, the shopping frequency,
the product accessibility, the attitudes towards inflation [17, 20]. Expectations, instead, can
be influenced by the model of economy, the perceived level of inflation, the knowledge of
official data and expert forecasts [3, 8, 14, 38]. Moreover, consumers’ attitude about price
changes varies according to the socio-demographic profile of respondents (such as personal
income, age, gender, level of economic literacy) and the responsiveness to positive/negative
news [42].

The present study examines inflation opinions from monthly surveys conducted by the
Italian National Statistical Institute [23] from January 1994 to January 2019 within the har-
monized European programme of business and consumer surveys. In particular, the analysis
refers to the qualitative assessments of inflation that seem more informative on consumers’
perceptions and expectations than the quantitative one. These are in fact available only from
2004 and are affected by several shortcomings as discussed by Biau et al. [6]; Arioli et al.
[2]; Meyler and Reiche [26, 27].

Qualitative data on inflation beliefs are published in aggregate form as time series of fre-
quency distributions of rating variables and can be downloaded from: https://ec.europa.eu/
info/business-economy-euro/indicators-statistics/economic-databases/business-and-consu
mer-surveys. Then, the subjective factors driving the opinions formation cannot be explicitly
taken into account because individual responses and features are not available: therefore,
the classical approach based on cumulative models for ordinal data is not applicable [1, 44].
This article aims at studying the evolution of qualitative judgments and expectations about
price levels during three periods marked by special economic conditions. This is achieved
by means of a dynamic approach to CUB mixture models [16, 34] that exploits the analytic
advantages of ordinal data and time series models, as firstly discussed in Proietti [36]; Piccolo
and Simone [35]; Simone et al. [41]. The approach has been further extended and applied
to explore gender differences in inflation perception [12, 13]. At a given instant, the chosen
modelling framework allows to parametrize the rating choices by means of the underlying
feeling, the uncertainty and to include, possibly, the presence of inflated frequencies. In this
way, observed time series are considered as realizations of a data generating process by
which respondents react to simple questions by expressing their perception on an ordinal rat-
ing scale. Thus, data are the registration and aggregation of a complex psychological process
which should be analyzed with proper methodological methods and models able to detect
the main components of such a procedure.

The article proposes a comprehensive procedure to assess the feeling component net of
uncertainty. The problem at hand lends itself to introduce the profile likelihood estimation
[31] of the feeling measure across time to describe how consumers’ latent attitude underlying
their opinion has changed over time, net of nuisance effects induced by heterogeneity in the
distribution and possible inflated frequencies.

Further, the analysis examines the relationship between the estimated feeling associated
to the distribution of inflation judgments and expectations using a dynamic linear models
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[19, 30] with the purpose of detecting the extent by which this relationship modifies across
time. This bond has been previously reported by various authors using consumers’ quanti-
tative assessment of inflation from experimental data or ad hoc survey data (see the earliest
contribution by Jonung [24]; Armantier et al. [3]; Axelrod et al. [5]). Inflation perceptions
have been suggested as one of the elements that may justify the deviations of subjective
expectations of individuals from the assumptions of full-information rational expectations
[10].

The paper is organized as follows: Sect. 2 introduces the data motivating the study and
Sect. 3 briefly presents the modelling approach to ordinal data. Section4 discusses univariate
time series models for the proposed feeling series, whereas Sect. 5 investigates the dynamic
relationship between the feeling characterizing judgments and expectation of inflation in
Italy. Some concluding remarks end the paper. Finally, Appendix A illustrates the procedure
for the profile likelihood estimation of the feeling parameter with the support of some simu-
lation experiments, whereas B supplements the discussion with some comparative comments
with the well-known Balance Statistic, an indicator whose usage is popular within official
statistical analysis of price expectations and perception [26].

2 Motivating data

The dataset is part of the consumer confidence survey carried outmonthly by ISTAT.Observa-
tions range from January 1994 to January 2019. Respondents have been asked the following
questions:

• Judgments: How do you think the price level changed over the previous 12 months?
• Expectations: How do you think the price level will change over the next 12 months?

Possible responses are selected over a 5-point scale with categories ordered according to
beliefs of increasing inflation, and are labelled as follows: Those categories do not have a

‘fall’ ‘stay about the same’ ‘rise slightly’ ‘rise moderately’ ‘rise a lot’

central reference point, but three out of the five categories suggest a rising level of prices.
Besides, individual responses are not available and only the ordinal frequency distribution is
published monthly.

Hereafter, three different time windows have been considered on the basis of 107 macro-
eventswhich had high impact on the economic situation: 1) from January 1994 up to the end of
2001; 2) between January 2002 and the end of 2007; 3) from January 2008 up to January 2019.
The first period was characterized by the implementation of economic policies in order to
reduce the inflation rate and satisfy the convergence goals established by theMaastricht Treaty
for the creation of the Euro area. The second period startedwith the introduction of the Euro as
official currency.At that time, European consumers perceived amuch larger rise in prices than
it was recorded in official statistics [15, 18]. In Italy, this gap reached an unprecedented size
and persisted for a long period, and a similar divergent pattern characterized also expected and
perceived inflation. The third period includes some years of financial turbulence that severely
affected the economic growth in Italy. In January 2008 the spread between the Italian and
German sovereign bond started to increase achieving a very high volatility between 2009

123



R. Simone et al.

Fig. 1 Observed frequency distributions of judgments (top) and expectation(down) of price levels at selected
time periods

and 2013 due to the increased risk about the sustainability of the Italian sovereign debt. This
negative outlook was amplified by the worldwide financial crises originated in the United
States in 2008 and by the national debt crises 123 that affected several European countries
and requested the intervention of the European Central Bank. Of course, all these events were
widely covered by media and greatly influenced the formation of consumers’ opinions about
inflation. The time span 2008–2019 was also characterized by a deflationary period between
2014 and 2017 when very low values of inflation, sometimes closely oscillating about zero,
were observed.
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For selected time points, one for each period, Fig. 1 displays the observed frequency
distribution of judgments and expectations about prices level. The shape of the distributions
shows the greater heterogeneity of the future prices expectations as compared to the judgments
over the past year. Sometimes, the distribution of price expectations is bimodal. For this
reason, checking the evolution of responses in terms of the average ratemayyield an important
lack of information [37], although the use of central tendency measures as median or mode
are possible even in case of ordinal scales. As it will be shown in Sect. 3, some indexes
currently used to summarize price expectations and judgments are indeed functions of the
average response. Furthermore, we advocate a parameterization of the latent sentiment that
is possibly covariate-free to make comparisons possible over time and also to compare the
latent sentiment of perceptions and expectations: indeed, no individual data is available, as
the series consist of the aggregated response frequency distribution for each time point. For
the sake of parsimony, we resort to a class of statistical model that uses only one parameter
to shape the underlying feeling, as opposed to the set of four logits required under classical
ordinal models. In this regard, it is worth of noticing that empirical evidence often is against
standard assumptions of classical models [35].

3 A class of mixturemodels with uncertainty

The special nature of the responses suggests to investigate the ordinal structure of the
categories to summarize essential features of the observed distributions derived from intervie-
wees’ opinions. For this purpose, a modelling framework that describes a simplified process
ruling the respondent’s rating choice is introduced. This relies on CUB models [16, 32]
and their many variants introduced for finer specifications [33–35]. CUB is an acronym that
stands for Combination of Uniform and Binomial to indicate the two-component mixture
distributions of uncertainty and feeling.

CUB models provide an effective and parsimonious parameterization of the distributions
of rating data characterized by different shapeswithout requiring necessarily the specification
of covariates. In fact, the class of CUB models interprets the selection of a category out of
m ordered options as a procedure mixing discrete distributions ruled by the feeling, the
overall uncertainty generating heterogeneity, and by a possible over-dispersion or inflated
frequencies.

Assuming the Binomial distribution as a suitable model for feeling, the basic CUB model
for a rating response R is defined by:

Pr (R = r | θ) = π gr (ξ) + (1 − π)
1

m
, r = 1, . . . ,m, (1)

with θ = (π, ξ)′ where π ∈ (0, 1], ξ ∈ [0, 1], gr (ξ) = (m−1
r−1

)
ξm−r (1 − ξ)r−1 being

the shifted Binomial distribution (for short, R ∼ CUB(π, ξ)), and m > 3 (identifiability
constraint). Both 1− ξ (related to the feeling) and 1− π (related to the heterogeneity of the
distribution) range in the unit interval. Thus, the position of the point (1−π, 1− ξ) over the
unit square summarizes the whole distribution, and provides an effective representation of
the intrinsic features of the responses that can be used for comparative analysis. The greater
ξ is, the stronger is the skewness to the right of the distribution. Then, for the data under
consideration, 1 − ξ is a direct indicator of beliefs about the increasing direction of price
changes as perceived in the recent past or expected in the next future. Notice that when π = 1
the model simply describes a shifted Binomial distribution whereas π = 0 is not admissible
since model (1) becomes unidentifiable.
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Fig. 2 CUB models fitted on rating distributions of judgments and expectation about price levels

At each time t = 1, . . . , T , a CUB model can be estimated in order to describe the
response distribution of the price judgments R( j)

t and the price expectations R(e)
t [36, 41].

For illustrative purposes, Fig. 2 displays the estimated CUB probabilitymasses superimposed
to the observed frequency distributions for the time points chosen in Fig. 1. Overall, the
response patterns of judgments on past price trends are rather regular, with some exceptions
in the last period. Conversely, ratings on price expectations show that the second category
(‘stay about the same’) is selected by respondents to a larger extent than expected according
to the CUB model. For this reason, the fitting is poor as indicated by the reported values of
the normalized dissimilarity index1. Plots suggest that the second category is often used by
individuals as a safe and quick refuge against an aware answer.

Thus, to take this shelter effect into account, the basic model is modified and a degenerate
distribution is introduced to account for the category attracting an excess in frequency [11,
21]. Explicitly, a CUB model with a shelter at the category c for the response R (for short,
R ∼ CUBshe(π

(1), π(2), ξ)) is specified by:

Pr (R = r | θ) = π(1)gr (ξ) + π(2) 1

m
+

(
1 − π(1) − π(2)

)
D(c)
r , r = 1, 2, . . . ,m.

(2)

Here, θ = (
π(1), π(2), ξ

)′
, and D(c)

r is the degenerate distribution with mass concentrated
at the category c ∈ {1, 2, . . . ,m}. The parameter δ = 1 − π(1) − π(2) measures the overall
shelter effect, whereas π(2) is the uncertainty measure, meant as importance of the residual
heterogeneity in the distribution.

1 The normalized dissimilarity index between observed frequencies, fr , and fitted probabilities, pr (̂θ) =
Pr

(
R = r | θ̂

)
, is defined by: Diss = 0.5

m∑

r=1

| fr − pr (θ̂) | , as discussed by [34, pp.408–409], among

others.
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Fig. 3 CUB model fitting on ratings for judgments and expectation of price levels after adjusting for shelter

Going back to the previous illustrative example, Fig. 3 shows the CUB models with the
shelter component at c = 2 fitted to the selected distributions. A part from the distributions of
judgements in the first two instants, the goodness of fit substantially improves as confirmed
by the reduction of the dissimilarity index.

The circumstance that a shelter specification at c = 2 improves goodness of fit applies to
several time points, for each period, either to the baseline (shifted) Binomial or to the general
CUB. Notice that the finer model specification achieved while accounting for shelter effect
does not alter the meaning of the feeling component in the chosen series of models: (shifted)
Binomial without or with shelter, CUBwithout or with shelter. In general, parameters of CUB
or CUB with shelter are estimated by maximum likelihood method via an EM algorithm for
mixtures, as implemented in R [22, 39, 40] and STATA packages [9].

Since policy analysis is concerned with people sentiment (feeling), an accurate estimation
of the feeling component should be pursued net of nuisance effects surrounding the rating
choice. In the present study, regardless the specified model, we focus solely on feeling
and thus resort to profile likelihood estimation of ξ to assess this measure net of possible
uncertainty contamination and without the need of pursuing model selection to find the best
fitting model among alternative ones. This methodological approach represents a novelty
within the literature on mixture models with uncertainty: Appendix 1 provides some details
and simulation results that support this choice.

In the next section, the dynamic of respondents’ beliefs about current and future inflation
as expressed by the monthly frequency distributions of opinions is investigated using the
time series obtained by collecting the corresponding estimated feeling parameters over time.
In this way it is possible to study the evolution of the latent response signal changes over
time. In order to investigate how the relative importance of feeling component within mixture
specification varies over time, likelihoodof the binomialmixingweight should be investigated
instead.

123



R. Simone et al.

4 Time series modelling of price level evaluations

Consider the rating responses about price judgement and expectation, R( j)
t and R(e)

t for
t = 1, 2, . . . , T . At each instant, Binomial, Binomial with shelter (at c = 2), CUB and
CUB with shelter (at c = 2) models are candidate to fit the ordinal distributions of R( j)

t

and R(e)
t . Instead of performing a point-wise model-selection, a profile likelihood estimation

of the underlying feeling parameters ξ
( j)
t , ξ

(e)
t is proposed as a straightforward procedure

to assess latent sentiment, net of possible nuisance effects2. Since the feeling parameter
estimates are constrained within the unit range, to facilitate the interpretation of results and
the implementation of adequate models, the logit transformation is considered:

y(e)
t = log

(
1 − ξ

(e)
t

ξ
(e)
t

)

; y( j)
t = log

(
1 − ξ

( j)
t

ξ
( j)
t

)

, t = 1, . . . , T , (3)

so that, when low ratings (corresponding to a decreasing or stable price level) are selected
with higher probability than high ratings, the logit series of feeling tend to assume low values.
Vice versa, when high ratings (corresponding to increasing prices) are selected with higher
probability than low ratings, the logit series of feeling tend to assume high values. Thus, the
time series defined in (3) can be interpreted as point-wise belief that prices have increased
rather than decreased (regarding judgements) or that prices will increase rather than decrease
(regarding expectations), net of uncertainty effects. In the rest of the article, for brevity, these
time series will be simply referred to as ‘feeling series’ omitting the explicit reference to the
logit transform.

Figure 4 shows the time series y(e)
t and y( j)

t in the three time windows defined in Sect. 2.

The inspection of the plots highlights how the pattern of the series y( j)
t , related to judg-

ments, and y(e)
t , corresponding to expectations, reflects the impact of economic events. In

particular, the divergent behaviour of judgments and expectations occurring after the intro-
duction of Euro (with reference to the second period) is evident and quantifiable. The feeling
series of judgments is much higher than expectations. The upward movement of y( j)

t , start-
ing in 2002, is due to the increasing probabilities attached to the categories describing high
inflation. As mentioned previously, in those years consumers judgments remarkably over-
stated the price changes [15]. In the third period, from 2008 to January 2019, it is possible
to recognize various events that characterize those years. The 2008 crisis corresponds to a
rapid decline in the feeling series of judgments indicating that consumers correctly perceived
the declining price level due to the contraction of the economy. In the deflationary period,
between 2014 and 2017, the series y( j)

t assumes low values and shows a very stable pattern.
In those years, the probability of selecting ratings denoting decreasing or stable levels of
prices is high, whereas feeling about expectations increases.

The dynamics of the feeling series is investigated by fitting a linear model to data. The
kernel histograms of the series y(e)

t and y( j)
t are sufficiently smooth and symmetric to assume

that the generating process is Gaussian. The plots of the series, as well as the estimated
autocorrelation functions (here, omitted for brevity), show the presence of strong inertial
components that can be taken into account using either a difference operator or an ARMA
operator with balanced orders.

The selection has been performed by comparing the explained variance of the competing
models. Recalling the basic notation of the Box-Jenkins methodology [7], let ϕ(B) be a

2 The standard hat notation for estimates is omitted for notation simplicity.
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Fig. 4 Feeling series defined in (3) for expectations and judgments about price levels in Italy, in different
periods

linear operator in B such that Bk Xt = Xt−k , k = 0,±1,±2, . . . , and assume that the time

series xt is the realization of the process Xt = ϕ(B)ηt . The index: ν = 1 − Var(ηt )

Var(Xt )
is a

measure of the explanatory ability of the ϕ(B) operator to decrease the variance of Xt down
to the variance of ηt . Assuming that the estimated parameters of ϕ(B) are all significant, the
ν measure allows for a direct comparison of models in terms of explanatory power of that
operator (Table 1).

The inspection of the estimated autocorrelation functions of the feeling series suggests a
model including a generalized ARMA operator (with a possible unit root) as the following
ones:

• First difference model: ARIMA(0,1,0) �⇒ ϕ1(B) = ∇−1 = 1

1 − B
.

• Stationary ARMA(1,1) model: ARIMA(1,0,1) �⇒ ϕ2(B) = 1 − θ B

1 − φ B
.

• Non-stationary model: ARIMA(0,1,1) �⇒ ϕ3(B) = 1 − θ B

1 − B
.
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Table 1 Explanatory ability index ν for the selected estimated models (for each period, the highest value is
highlighted in bold)

Models Expectations Judgments

Per. 1 Per. 2 Per. 3 Per. 1 Per. 2 Per. 3

ARIMA(0,1,0) 0.149 0.713 0.661 0.837 0.884 0.950

ARIMA(1,0,1) 0.353 0.756 0.734 0.851 0.888 0.950

ARIMA(0,1,1) 0.263 0.752 0.731 0.846 0.886 0.950

Table 2 Estimated ARMA(1,1) models for feeling series (standard errors are reported in parentheses)

Estimates Expectations Judgments

Per. 1 Per. 2 Per. 3 Per. 1 Per. 2 Per. 3

φ̂0 1.246 0.590 1.004 0.688 1.053 0.775

(0.035) (0.237) (0.220) (0.130) (0.261) (0.323)

φ̂ 0.708 0.961 0.969 0.941 0.956 0.981

(0.107) (0.035) (0.025) (0.033) (0.034) (0.016)

θ̂ 0.201 0.350 0.517 0.179 0.036 0.038

(0.141) (0.111) (0.092) (0.095) (0.105) (0.082)

Note that ARIMA(0,1,0)model specifies a randomwalk and theARIMA(1,0,1)model repro-
duces the traditional Exponential Smoothing model when φ > θ . Thus, all the considered
models are nested in a generalized ARMA(1,1,1) model.

Table 2 reports the maximum likelihood estimates of the parameters with asymptotic
standard errors (in parentheses). In most cases the roots of the AR operator are close to unit
circle. Apart from the moving average estimates θ̂ of the models for the judgment feeling in
the last two periods, all the estimates are significantly different from zero and are coherent
in terms of sign, dimension and relative ratios. In addition, the autocorrelations of residuals
(Fig. 5) confirms that no further structure can be detected. The estimated relative reduction in
variance, as measured by ν, is reported in Table 1. The best model for each period is denoted
with bold font.

With exception of the feeling series of judgments in the third period (for which models
seem equivalent), a stationaryARMA(1,1)modelwith a constant term seems to be preferable.
For reader convenience, it is useful to recall that, for a time series Xt with expectation μ, this
model is specified by:

Xt = φ0 + φ Xt−1 + at − θ at−1, with φ0 = μ (1 − φ) ,

where a constant φ0 = μ (1 − φ) is necessary when φ �= 1.
The dynamic structure of the estimated models is depicted by the corresponding (nor-

malized) parametric spectra (Fig. 6). Much of the spectral power is concentrated at low
frequencies due to the strong inertia that characterizes the data and the presence of components
near to non stationarity. Some differences can be detected in the first period (1994–2001),
where the spectrum of judgments exhibits a greater weight in a wider frequency band about
zero whereas the spectrum of expectations results more peaked than the others. This reflects
the fact that the shape of the distributions of consumers’ opinions (as measured by the feeling
series) changes very slowly over time.
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Fig. 5 Residual autocorrelation functions from ARMA(1,1) models fitted to feeling series

Fig. 6 Parametric spectra of estimated AR models, in the three periods

5 The relationship between judgments and expectations

As mentioned previously, various experimental studies have related the expectations about
future inflation to a number of variables including the recent judgments about past price
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Fig. 7 Estimated cross-correlations between feeling series of judgments and expectations, in each period

changes [38]. Then, it is interesting to study whether this relationship holds at aggregate
level when the distributions of beliefs concerning past and future inflation are considered,
and more specifically, when the evolution of those distributions over time are described by
the feeling series derived in the previous section.

Figure 7 illustrates the cross-correlation functions of the feeling series of expectations

and judgments, that is Corr
(
y(e)
t+k, y( j)

t

)
, for lags k = 0,±1,±2, . . . . They show a clear

relationship between lagged values of the feeling series of expectation and the corresponding
judgment series. More precisely, a contemporaneous relationship is significant for the last
two periods whereas a sharp correlation is evident between expectations and past judgments.
This relationship has been confirmed to be unidirectional by VARmodels preliminarily fitted
to data and selected using the BIC criterion.

Then, we hypothesize the presence of a relationship acting from judgments to expecta-
tions: Judgments �⇒ Expectations. Thus a dynamic regression (with no-feedback) has been
specified [30]:
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Table 3 Estimation results (standard errors in parenthesis)

Period α̂0 α̂1 α̂2 β̂0 β̂1 β̂2 β̂3 Adj-R2

Period 1 0.448 0.445 0.238 −0.435 0.354 0.424

1994–2001 (0.137) (0.100) (0.101) (0.118) (0.122)

Period 2 0.158 0.806 0.282 −0.622 0.269 0.760

2002–2007 (0.072) (0.071) (0.135) (0.168) (0.142)

Period 3 0.159 0.502 0.378 0.301 −0.342 0.745

2008–2019J (0.061) (0.082) (0.081) (0.171) (0.168)

Fig. 8 Impulse function implied by the operator β(B) α−1(B) for the estimated models in the three periods

y(e)
t = α0 + α1y

(e)
t−1 + · · · + αk y

(e)
t−k + β0y

( j)
t + β1y

( j)
t−1 + · · · + βh y

( j)
t−h + εt ,

where the feeling series of expectations depends on its own past values and on the past and
contemporaneous values of judgments.

Table 3 reports the estimation results. Although the relationship between the feeling series
of judgments and expectations is confirmed, the models differ in the three periods. In the
years 1994–2001, the contemporaneous relationship between the two series is not significant
and the only link is with values at lag 2 and 3. The model fitting is lower than in the other
two periods.

Conditionally to the past, the impact of judgments on expectations is illustrated by the
impulse functions which are defined, for each period, as the coefficients in the expansion
of the β(B) α−1(B) operator, as shown in Fig. 8. Generally, the impact of judgments on
expectations wears off within a few months but the reaction is different in the first period
with respect to the last two. In the first period a modification is evident in months 2 to 4 with
alternating signs (and this cause a fluctuating pattern in the series of feeling). In the last two
periods, instead, the main effect is contemporaneous and positive. As a consequence, when
at a certain month there is a shift from low to high ratings in the probability distribution of
judgments, this has a positive effect on expectations whose probability distribution shows
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Fig. 9 Time series of Balance Statistic for qualitative price judgments and expectations over the three periods
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Table 4 Different scenarios for the simulation plan

Scenario Models Parameters m n

1 Binomial ξ = 0.6 5 2000

2 CUB π = 0.4; ξ = 0.6 5 2000

3 CUB + shelter(c = 2) π(1) = 0.35; π(2) = 0.50; ξ = 0.6 5 2000

4 CUB + shelter(c = 5) π(1) = 0.6; π(2) = 0.25; ξ = 0.3 10 1000

5 Binomial ξ = 0.2 7 1000

6 CUB π = 0.3; ξ = 0.1 5 500

7 Binomial + shelter(c = 1) ξ = 0.75; δ = 0.2 6 800

8 CUB π = 0.2; ξ = 0.5 9 1500

Fig. 10 Contour lines of (theoretical) Balance Statistic for modified Binomial models (with inflation, hetero-
geneity, and both, respectively)

an analogous change. However, the process has a very short memory, and a further effect
of judgments is present after one period. The impulse coefficient at lag 1 is negative. This
implies that the mentioned variation in the shape of the distribution of the expectations is
negatively adjusted the subsequent month. The adjustment is more pronounced in the second
period when the consequences of the Euro cash over had a major effect.
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6 Conclusions

In this article we have discussed a dynamic approach to the class of CUB models for rating
data to describe time patterns of consumers’ beliefs about price levels in Italy. Specifically,
our proposal is to resort to profile estimation of feeling parameters to investigate the evolution
of the latent sentiment conveyed by qualitative judgments and expectations on price inflation,
whose distribution is released monthly by ISTAT. Our analysis has covered a 24-year time
span, from 1994 to January 2019: three different periods, characterized by different economic
conditions, have been studied separately.

Given the feeling series for judgments and expectations, we have first run a search for the
best fitting time series linear model, founding that an ARMA(1,1) can be safely assumed for
their generating process. The inspection of their spectra induces to claim that consumers’
latent sentiment on price inflation has a substantial inertial component, and thus it is charac-
terized by a slow variation over time. Further, we have investigated how feeling on judgments
and expectations interact over time by means of a dynamic regression: specifically, we have
tested how judgments about past price levels affect future expectations, founding somewhat
different results for the three time periods.

Summarizing, our proposal is an inferential procedure to extract the latent feeling about
qualitative judgments and expectations of price levels, net of possible nuisance effects, suit-
able to investigate the dynamics of the underlying consumers’ opinion. The approach is
framed within a lively scientific literature on the topics, and it can be applied whenever a
synthetic measure of feeling is needed to summarize ordinal distributions as they vary over
time. Alternative methods to jointly model the dynamic of CUB parameters and their associ-
ation have been preliminary investigated in Simone et al. [41]: in this setting, further options
could involve non-linear non-Gaussian state space model for time-varying CUB parameters
[25].

As a concluding remark, it is possible to advance a parallelism between the idea of pro-
filing feeling out of a general model for qualitative ordered data and the approach advanced
in Meyler and Reiche [26] for the analysis of quantitative survey measures on inflation per-
ceptions and expectations, which foresees to focus separately on those ‘certain’ respondents
that use figures with digits, assuming that rounded outcomes are deemed to be associated
with uncertainty of the evaluation.
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Appendix A: Profile likelihood estimation of feeling

The feeling parameter in CUB mixture models conveys the underlying sentiment towards
the trait under examine, whereas the uncertainty weight and possible shelter effect represent
a discrete noise surrounding feeling with respect to heterogeneity and inflated frequencies,
respectively. For the purpose of the paper, we resort to profile likelihood methods [29, 31, 45]
to estimate feeling parameters (of both perceived and expected price inflation) by profiling
the nuisance parameters out of the likelihood to be optimized.3

In the following, we will consider the profile likelihood estimator of ξ under the more
general CUB with shelter specification. As a matter of fact, for t = 1, . . . , T , the best model
for R(e)

t and R( j)
t can be either Binomial, Binomial with shelter, CUB or CUB with shelter.4

Thus, instead of performing a point-wise search for the best model, the feeling series analysed
in Sects. 4–5 consider the profile estimation of ξ under CUB with shelter specification (at
the second category) at each time point. More generally, the location of the shelter can be
either fixed based on theoretical or graphical evidence, or parametrized in turn as a further
nuisance parameter: the latter choice has been made for the forthcoming simulation study.

Hereafter, ξ is the parameter of interest whereas η = (π(1), π(2), c)′ is considered as the
nuisance parameter vector (for CUB model, η = π(2) = π , for instance). Let L(ξ, η) be the
log-likelihood function (dependence on the sample is omitted for notational convenience)
of CUB with shelter, with unspecified shelter location. Profile likelihood estimation of ξ

involves the following steps:

1. For each value of ξ in its parameter space [0, 1], determine: η̂ξ = argmax
η

L(ξ, η), that

is, the value of the nuisance parameter that maximises the likelihood L(ξ, η) over η in its
admissible range (η).

2. The profile likelihood function L p(ξ) of ξ is defined as: L p(ξ) = L(ξ, η̂ξ ).

3. Finally, the profile likelihood estimate ξ̂p of ξ is obtained by maximizing L p(ξ) over the
admissible range [0, 1].
To show the usefulness of this approach, a small simulation experiment has been carried

out. For 150 runs, a sample of n ratings over a scale with m ordered categories is generated
according to each of the scenarios listed in Table 4.

Figure 11 shows the boxplot of the empirical distribution of ξ estimators corresponding
to the fit of candidate models and profile methods. Results indicate that profile estimation of
feeling parameter under the general CUB with shelter is a safe method to measure the latent
sentiment, whatever the true generating model is, since it performs always equivalently to
the best fitting model.

Thus, profile estimation of the feeling parameter can be successfully performed within
the class of CUBmodels to assess the latent feeling while not disregarding possible nuisance
effects and avoiding model-selection procedures in cases interpretation of the best model is
not of primary importance for the analysis.

3 For the sake of completeness, it is worth to emphasize that profile likelihood can be performed also to
derive time series of uncertainty parameters in order to assess the dynamics of the propensity to uncertainty
over time.
4 For our empirical analysis, the shelter is considered at c = 2, but it could be itself parametrized as shown
within the simulation experiment.
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Fig. 11 Boxplots of the sampling distribution of ML estimators for ξ under candidate models and profile
methods for CUB and CUB with shelter, for scenarios listed in Table 4

Appendix B: Balance statistic and feeling

In order to support the motivation of resorting to Binomial feeling parameter to assess the
dynamics of latent sentiment expressed with qualitative surveys by consumers over time on
price inflation judgments and expectations, the behavior of the Balance Statistic and feeling
is briefly compared and discussed.

From a comparative perspective, it is worth to emphasize the link that the feeling parameter
haswith the balance statisticB,which is formally defined as aweighted difference between the
proportions of respondents who perceived (expected) a moderate or high increase in the price
level and the proportions of respondents who perceived (expected) a decrease or stability.
Given the observed relative frequencies f1, f2, . . . , f5, and according to our notation, the
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balance statistic is: B = f5 + 0.5 f4 − 0.5 f2 − f1, and B ∈ [−1, 1]. Simple algebra shows

that B = R̄n − 3

2
, where R̄n is the mean rating; as a consequence, the balance statistics is

implicitly assuming discrete equidistant numbers for the ordinal responses.
If a shifted Binomial is assumed as the ratings distribution with m = 5 (that is a CUB

model with π = 1), the maximum likelihood estimate of the parameter is: ξ̂ = 5 − R̄n

4
. As

a consequence, B = 1− ξ̂

2
under the Binomial model. In general, the Balance statistics will

be a function of the model parameters, and not exclusively of the feeling (see Appendix B for
further comparative discussion of the Balance Statistic and feeling parameter). Thus, feeling
estimates obtained with profile likelihood method are better suited for the goal of the paper
since they measure the latent sentiment net of possible nuisance parameters.

With reference to observed data, Fig. 9 shows the corresponding time series for the three
time periods. It is seen that, except for Period 2, for Period 1 and, to a greater extent for Period
3, the Balance Statistic follows a different pattern compared to the feeling series displayed
in Fig. 4.

We have already discussed that, under the Binomial model, the Balance Statistic is indeed
linearly related to feeling ML estimates. However, when the data do not obey to a Binomial
model, we can see from the contour curves of the Balance Statistic, displayed in Fig. 10, that
it cannot be considered as a reliable indicator of the latent feeling only, as this relationship
is modified by possible heterogeneity and inflated frequencies.
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