
Survey Research Methods (2026)
Vol. 20, No. 1, pp. 59-79
https://doi.org/10.18148/srm/2026.v20i1.8555
European Survey Research Association

©2026 Author(s)

CC BY 4.0

Measuring the effect of questionnaire design on rating
responses with the class of CUB models

Stefania Capecchi1 · Romina Gambacorta2 · Rosaria Simone1 ·
Domenico Piccolo1

1University of Naples Federico II
2Bank of Italy

Responses to questionnaire items can be influenced by various factors including sample design,
interview mode and/or how questions are phrased. To analyse these aspects, this paper draws
on the Bank of Italy’s surveys of households and firms, which employ different survey modes
or questions with different phrasings, response options, or graphical features for sub-samples
of respondents. We exploit the potential of CUB (Combination of Uniform Discrete and shifted
Binomial random variables) modelling for the analysis of ordinal data. CUB models are able to
capture and identify the different components of the cognitive process behind the responses and
to study how these are related to the relevant covariates (such as respondents’ characteristics).
The results show that in general, although diverse survey modes and a different phrasing or
graphical representation of questions may yield somewhat different findings in terms of uncer-
tainty, responses to relevant questions such as those on reported satisfaction or expectations did
not produce pronounced differences in data reliability.
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1 Introduction

Data from households and firms’ sample surveys represent
the primary data collection method in microeconomic re-
search and a relevant source of information for policymak-
ers, increasingly used to assist economic policy choices. For
this reason, the accuracy of survey data assumes a growing
importance, and a large part of the literature investigated
the presence of any feature capable of distorting the in-
formation collected (Batini et al. 2009, Bound et al. 2001,
Braunsberger et al. 2007, DeCastellarnau 2018).

Answers to survey questionnaires may be influenced by
many factors, leading in some cases to the collection of
biased information. These effects may be sometimes exten-
sive, especially when sensitive or complex information is
collected, or, in other cases, related to specific segments of
the population or subjects. Therefore, to optimize survey
questions, it is necessary to implement effective measure-
ment instruments, which are able not only to gauge the la-

Corresponding author: Rosaria Simone, University of Naples
Federico II, Naples, Italy (Email: rosaria.simone@unina.it)

tent trait under evaluation but also to adjust for the impact
of the design features on empirical evidence and resulting
interpretation.

To date, the literature has mainly focused on the influ-
ence of survey mode, questions’ wording, and response
format on measurement errors and non-response patterns
(Bowling 2005; Dillman et al. 2009; Jäckle et al. 2015;
Jäckle et al. 2010; Roberts et al. 2014; Vannieuwenhuyze
et al. 2010) without clarifying the effects of these elements
on the subjective cognitive process underlying the forma-
tion of the response.

The goal of this paper is to analyze how response choices
may be influenced by three specific factors: mode of inter-
view, visual formulation of the question (in the case of
a self-administered questionnaire) and the presence or ab-
sence of the “don’t know” option. These issues are pa-
rticularly relevant when dealing with data collected with
mixed-mode surveys or questionnaires administered in dif-
ferent countries or periods, using diverse survey modes,
questions’ wording or visual representations Vannieuwen-
huyze 2013.

Our research goals will be addressed by resorting to the
class of CUB models (D’Elia and Piccolo 2005; Piccolo
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2003), specified as a mixture of a (discrete) Uniform and
a (shifted) Binomial distribution.

These models allow disentangling the respondent’s in-
ner feeling towards the item (which represents the intrinsic
awareness of the respondent and that can be interpreted as
the agreement towards the object) while accounting for fac-
tors contributing to the fuzziness of the response choice, in-
cluding both subjective elements (personal indecision, lack
of knowledge, interest or comprehension of the question,
time dedicated to the choice, response styles, among oth-
ers) and concomitant circumstances (presence of the inter-
viewer and resulting social desirability bias, survey mode,
type of response scales and categories, for instance). All
these factors may bias the correct assessment of the gen-
uine latent feeling expressed through the ordinal score, and
thus they are assumed to concur in forming the uncertainty
component of the rating choice under the selected CUB
rationale.

Furthermore, CUB models enable in a simple way to
study the effect of specific covariates on the aforemen-
tioned components, to investigate how such components
are related to subjective characteristics and, as this paper
would confirm, to modalities of the questions (included as
object’s covariates).

The empirical analysis draws from data collected by
the Bank of Italy on households and firms, and in partic-
ular from the Survey on Households Income and Wealth
(SHIW), the Survey on Italian Households (SHIW-I),
the web survey on Italian households (WEBIT), and the
Business Outlook Survey of Industrial and Service Firms
(BOSIF). These data are particularly challenging for our
analysis as they have collected with different survey modes
and different formulations of the questions, including al-
ternative graphical representation in a self-administered
questionnaire and the inclusion or the exclusion of the
“don’t know” option for sub-samples. Notice that data
are the results of representative samples obtained by na-
tion-wide survey agencies with well-trained professional
interviewers.

The paper is organized as follows. Section 2 provides
an overview of the relevant literature on the factors affect-
ing the cognitive response patterns to survey questions with
a focus on the modality of responses. Section 3 introduces
CUB models and the specific extensions needed to address
our research questions. Section 4 briefly describes the Bank
of Italy surveys on households and firms used in the empir-
ical analysis, and discusses the results obtained. Section 5
concludes.

2 A review of the effect of questionnaire design

Due to the increasing use of survey data in supporting both
economic research and policy decision, a large share of the
literature has tried to identify all the causes of possible dis-
tortions in the collection of sample data to warn users of
their potential effects on data accuracy (for an extensive re-
view, see DeCastellarnau 2018). In this section, we report
research on the three main sources of bias that may be influ-
enced by decisions taken by the survey agency and related
to the choices of (i) the mode of questionnaire administra-
tion, (ii) the visualization of the categories of responses and
(iii) the presence of don’t know option. These factors may
affect respondents’ behaviour in different ways, also in an
interrelated manner.

A. Survey mode may induce differences in the way re-
spondents are contacted or recruited, and thus affect their
response rate. Furthermore, the vehicle of delivering the
questionnaire may affect respondents’ ability to focus and
provide accurate answers.

The main methods of mode collections are:

– Paper-and-pencil interviewing (PAPI): the questionnaire
is face-to-face administered by an interviewer using a tra-
ditional paper questionnaire.

– Computer-assisted personal interviewing (CAPI): the
questionnaire is face-to-face administered by an inter-
viewer using an electronic device (PC, tablet, mobile),
which manages the questionnaire through a specifically
designed program/application.

– Computer-assisted telephone interviewing (CATI): the
interview is administered on the telephone. Interview-
ers insert responses directly into the computer where
the questionnaire is managed by a specifically designed
program.

– Computer-assisted web interviewing (CAWI): the ques-
tionnaire is self-administrated by the respondent using
a web questionnaire specifically programmed.

Among these methods, PAPI is gradually falling into dis-
use as the other methods, based on the aid of a computer
program, allow reducing considerably the errors associated
with data entry, as the software can customize the flow of
the questionnaire based on the answers provided and per-
form pre-established consistency or range checks. Although
CAPI can be considered the survey mode which ensures
the greatest data accuracy, it also embeds the greatest costs,
due to the necessity for interviewers to physically reach
respondents, while CATI and CAWI questionnaires can be
administered remotely.

In particular, the CAWI mode has gained popularity in
recent years due to its low cost, the high potentiality to reach
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a global audience, the possibility to assist in the adminis-
tration of the questionnaire with pictures, audio and video
clips, links to different web pages, etc. Moreover, with re-
gard to the specific topic of the research study, web-based
surveys seem to be more effective especially when deal-
ing with sensitive themes. Likely reasons may be related to
the anonymity of the process leading to an increased level
of willingness to answer truthfully, as well as to a lower
feeling of stigmatisation Rhodes et al. 2003. This evidence
seems to be more marked in the case of young people and
young adults using mobile devices in answering online self-
administered questionnaires Regmi et al. 2016. Using this
survey mode, respondents may also choose to respond at
their own convenience, thus, in principle, increasing their
ability to focus on the topics covered Couper 2013.

The main distinction among survey modes is related to
the presence of the interviewer. As a matter of fact, the in-
terviewer can introduce distortions in the answers induced
by his specific behaviour, such as directly or indirectly sug-
gesting answers (interviewer effect), or simply because of
his presence, leading the respondent to provide answers
more in line with behaviours or opinions considered as
convenient or adequate (social desirability bias). The ef-
fect of the interviewer may vary between face-to-face and
telephone interviews and it can be linked to the specific
socio-demographic characteristics of the interviewers with
respect to those of the respondents Davis et al. 2009. As
a consequence, the absence of the interviewer in the CAWI
mode allows for the social desirability bias to be reduced,
making this method more appropriate for sensitive ques-
tions (Kreuter et al. 2008; Montagni et al. 2019; Tourangeau
and Yan 2007). More generally, respondents to CAWI sur-
veys show a lower social desirability bias and tend to be
more honest about their inner feelings due to the absence of
the interviewer (Chang and Krosnick 2010; Sarracino et al.
2017; Tourangeau et al. 2020).

Empirical evidence also indicates that, in the self-admin-
istered mode, answers are more accurate and respondents
show less satisficing behaviours Krosnick 1991, as they
have more time to check for relevant information before
answering the questions and can choose when to fill the
questionnaire, in order to be more focused and less dis-
tracted Fricker et al. 2005. While self-administered surveys
have the advantage of making respondents feel freer to ex-
press their opinion, they may, on the other hand, encounter
problems, mainly related to the rate of participation and
misunderstanding of the questions. The presence of a pro-
fessional interviewer is, in fact, able to favour the active
involvement of the respondent, clarify questions in case of
doubts, motivate and avoid respondents from dropping the
interview, and support the completion of the entire ques-
tionnaire.

B. Visual features of survey questions may affect respon-
dents’ choices in several ways (Maloshonok and Terentev
2016; Tourangeau et al. 2004), and the effects are mostly
consistent even when varying the mode of survey adminis-
tration (De Leeuw et al. 2011; Melani et al. 2008). The re-
sponse order itself (positively/negatively oriented) may af-
fect the selected category in several ways Keusch and Yang
2018. In general, in multiple choice questions, respondents
are more prone to choose the first options available (primacy
effect), especially when the options are positively ordered
Tourangeau et al. 2013, for less educated respondents or for
those who fill out the questionnaire most quickly Malho-
tra 2008. There is also evidence that some interviewees fill
the first category that (approximately) matches his/her basic
orientation towards the item. The use of different response
formats such as radio buttons, slider scales, Likert scales,
and text boxes, which requires a higher effort for respon-
dents, may also influence the responses provided and the
respondent’s involvement. Slider user interface and text an-
swer box may increase item non-response and dropout rate
(Couper et al. 2001; Funke 2016). In scales, full labelling is
in general preferred to labelling endpoints only De Leeuw
et al. 2011 as the former adds further information, in prin-
ciple reducing respondents’ indecision. Furthermore, some
response formats, such as the use of a grid in web surveys,
may induce respondents to speed and straight-line their re-
sponses Chan and Conrad 2014.

C. Finally, the presence or absence of a “neutral” response
category Kankaras and Capecchi 2025, as well as that of the
“don’t know/no answer” option (DK hereafter) can influ-
ence the information provided, and the effect on the qual-
ity of the response Velez and Ashworth 2007. For some
Authors, respondents may yield no opinion or don’t know
answers if they are not able to understand the question Dill-
man 2002. In this perspective, the selection of “don’t know”
could be also regarded as a proxy for the respondent’s lack
of knowledge of the answer. According to other interpreta-
tions, this option, if “neutral”, may be treated as a midpoint
response on an ordinal scale Coombs and Coombs 1976 or
merely as missing data. Furthermore, if, on the one hand,
the presence of the “don’t know” option could induce the
respondent to adopt a satisficing behaviour Simon 1957,
thus avoiding providing an adequate answer in the attempt
to reduce its burden, especially in the case of a complex
question, on the other hand, forcing the respondent to pro-
vide an answer when he couldn’t, may introduce another
source of errors. The pros and cons of using this option
have been extensively discussed in the literature and the
most widely reached conclusion is that the “don’t know”
choice should be used only for more complex topics and
in general avoided in other cases Krosnick et al. 2002. The
optimal approach can only be obtained through the help of
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the interviewer that can be trained to maximize the benefit
of the inclusion of this option. In particular, the interviewer
should try to get the answer to the question, proposing the
“no answer” option only when he/she has the impression
that the respondent wouldn’t be able to provide useful in-
formation.

Summing up the aforementioned literature only found
marginal differences between answers provided using al-
ternative survey modes and question designs (Melani et al.
2008; Sarracino et al. 2017). Some evidence, for instance,
emerged that individuals’ characteristics, such as age or
education, may affect respondents’ cognitive skills (Chang
and Krosnick 2010; Malhotra 2008). With respect to this
state of the art, the application of CUB models hereafter
proposed can provide added value to disentangle the ef-
fects of survey features on respondents’ inner feelings and,
in particular, on the fuzziness of the rating choices when
faced with different questionnaire designs. Thus, the ap-
proach can be useful in determining which survey charac-
teristics affect the measurement of the actual signal the
most, by generating a greater uncertainty around the signal.

3 The methodological setting

Ordinal evaluations are a very popular tool to survey ques-
tions since they allow us to assess the extent by which
agreement, belief, satisfaction, etc. hold for respondents.
In this regard, scholars involved in psychological, medi-
cal, social sciences and marketing disciplines have different
approaches and introduced varied methodologies to tackle
with responses which are substantially qualitative in nature.

3.1 Statistical models for rating data in brief

The literature on statistical methods and regression for or-
dinal data analysis follows two main research threads.

The apparently most consolidated ones, also for histori-
cal contingencies, adheres to the general construct of latent
variables: these include generalized linear models, hierar-
chical models for longitudinal and nested responses, as well
as structural equation modelling (see Agresti 2010; McCul-
lagh and Nelder 1989; Skrondal and Rabe-Hesketh 2004;
Tutz 2012 for general references). In this setting, cumula-
tive link models McCullagh 1980 have gained over time
the role of a benchmark statistical setting for regression
of ordinal data, lending themselves to a variety of appli-
cations, and both computational and methodological devel-
opments. The paradigm is grounded on a regression con-
struct over the latent continuous trait underlying a given
ordinal response, with variants to account for category-spe-
cific effects of covariates, or dispersion and hierarchical

structures (see Tutz for a collection of recent results). With
respect to psychometric studies, there has been a signifi-
cant focus on Item Response Theory Hambleton 1991 to
provide a unified framework to jointly measure person and
item-specific effects of responses to multiple survey items,
typically addressing a unique trait. The most popular and
versatile specifications include the graded response model
Samejima 1969 and the partial credit model Masters 1982,
mostly used in the educational setting. Being specified on
multiple ordinal responses, item response models are also
a fruitful setting to investigate response styles, occurring
when consistent response patterns are observed, indepen-
dently of the actual content of the questions and of individ-
ual perceptions and opinions Van Vaerenbergh and Thomas
2012.

The second research thread involves directly the discrete
support to parameterize relevant features of the ordinal dis-
tribution: two of the most versatile instances are provided by
the Binomial and the Discretized Beta models (see (Scian-
dra et al. 2024; Ursino and Gasparini 2018) and the refer-
ences therein), as well as finite mixtures of discrete distri-
butions to deal with multimodal responses (Simone 2022;
Sur et al. 2015). Mixture modeling on the discrete support
can be also exploited to operationalize a relevant amount
of psychological literature that casts the paradigm that the
response choice can be assumed to be a combination of
perceptual aspects of the selection and of the uncertainty
surrounding the choice due to non-contingent aspects, as
the response support, the time dedicated to the answer and
so on Tourangeau et al. 2000. According to this paradigm,
an increasing number of statistical structures have been suc-
cessfully introduced leading to the so-called class of CUB
MODELS, a general mixture representation for rating data
(Piccolo and Simone 2019a; Piccolo and Simone 2019b)
which includes several parsimonious and flexible models
able to assess both feeling and uncertainty of ordinal evalua-
tions, where those components may eventually be functions
of subjects’ and objects’ covariates. This setting forms the
reference model for the forthcoming investigation: Sect. 3.2
is dedicated to dwell in its statistical background and frame
it with respect to the research goals of the paper.

3.2 The reference model

Let us assume that a sample R1; R2; : : : ; Rn consists of the
ordinal responses of n interviewees, collected along with
some subjects’ characterizations (socio-demographic, cul-
tural and economic variables, for instance). For a given
number of ordinal categories m> 3, a CUB model for the
response Ri is defined as a Combination of a (shifted) Bino-
mial distribution for feeling and a (discrete) Uniform dis-
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tribution for uncertainty. Formally, Ri � CUB.ˇ; �/ if its
probability distribution is specified by:

Pr.Ri = r jˇ; � ; y i ; wi / = �i br .�i / + .1 − �i /
1
m

;

r = 1; 2; : : : ; m
(1)

for i = 1; : : : ; n and:

logit.1 − �i / = −ˇ0 −
Pp

j =1 ˇj yij I logit.1 − �i / =
−�0 −

Pq

l=1 �l wi l :
(2)

The estimable parameters are ˇ = .ˇ0; ˇ1; : : : ; ˇp/0, and
� = .�0; �1; : : : ; �q/0, whereas y i = .yi1; : : : ; yip/; wi =
.wi1; : : : ; wiq/ are row vectors of the covariates values for
the i-th respondent. In (1), the probability mass of a (shifted)
Binomial distribution at category r is denoted by: br.�i / =�

m−1
r−1

�
�m−r

i .1 − �i /
r−1, r = 1; : : : ; m.

Among possible alternatives, the selection of such distri-
butions obeys the criteria of parsimony and consistency: the
Binomial accounts for the combinatorial alternatives faced
by respondents when ordinal ratings have to be singled out,
whereas the Uniform is the least informative distribution
among the discrete ones with finite support. In addition, this
choice for the uncertainty component yields model parsi-
mony, since no estimable parameter is involved, and it bears
an evocative interpretation of intrinsic fuzziness of the re-
sponse, due to both subjective and contingent factors (see,
also, Golia 2015 for a discussion on further interpretation
of uncertainty parameters1). The selected parametrization
implies that 1 − �i is the weight attached to the uncertainty
distribution, and 1 − �i is a measure of feeling towards the
item in a positively oriented scale. Although several sta-
tistical implications are discussed in Piccolo and Simone
2019a and related references, a fundamental issue should
be emphasized with regard to CUB models in order to cor-
roborate its application finalized to our research goals: CUB
specification implies that the response of each individual is
a mixture between the expression of the substantial feel-
ing (driven by 1 − �i ), and an individual propensity to be
influenced by contingent factors when marking a score to
evaluate the item (conveyed by 1 − �i ), letting the feel-
ing assessment be more or less fuzzy accordingly. In other
words, CUB prescribes that �i quantifies the probability
that an observed score is generated solely from the back-
ground overall feeling. Finally, among several admissible
alternatives, the logistic link: logit.´/ = log

�
´

1−´

�
, for any

´ 2 .0; 1/, is motivated by easiness and robustness reasons
(Iannario et al. 2016; Iannario et al. 2017).

1 More complex structures for explaining the uncertainty component
have been proposed: for the sake of simplicity, these extensions will
not be considered in this paper. For a broad discussion, see: (Piccolo
and Simone 2019a, p. 391–393).

With respect to the classical approach to ordinal regres-
sion models (see (Agresti 2010; Tutz 2012), among others),
a remarkable advantage of the class of CUB models is that
subjects’ covariates are an important qualification of model
(1), yet they are not compulsory. Indeed, assuming a unique
probability model for the respondents, a CUB model can be
estimated for the ordinal response R, in which case � = �i

determines the relative weight of the feeling component,
or dually, its complement to 1 quantifies the heterogene-
ity of the distribution, whereas the probability parameter
1 − � = 1 − �i summarizes the overall feeling gauged from
the ordered evaluations. Although a full interpretation of
parameters is related to the context of analysis (appreci-
ation, evaluation, fear, worry, etc.), generally the feeling
measure is simply associated to the location of the distribu-
tion (in terms of modal value), whereas uncertainty relates
to heterogeneity in the responses (in terms of Gini hetero-
geneity index, see Capecchi and Iannario 2016). Beyond
allowing a twofold interpretation of the response distribu-
tion, evidence is found that properly accounting for CUB
uncertainty in preference models enhances also prediction
performance Simone 2023.

Different survey items or groups of responses can be
compared by plotting estimated feeling and uncertainty co-
efficients as points over the parameter space .0; 1� � Œ0; 1�.
This visual representation, firstly proposed in (D’Elia and
Piccolo 2005; Piccolo and D’Elia 2008), offers distinctive
insights of the CUB modelling approach since the possible
effects of covariates (hereafter, the different modes of pre-
sentation of the questionnaire) may be immediately checked
in size, direction and significance. This circumstance should
not be underestimated since, in many instances, ordinal re-
gression models may identify different significant covari-
ates for different item, letting less straightforward the com-
parisons among respondents and items.

Further refinement of CUB models can be obtained to
take into account the presence of an inflated category (Cor-
duas et al. 2009; Iannario 2012). A shelter category s 2
1; :::; m is a modality of the support of Ri which receives
an upward bias of preference with respect to the expected
response pattern. This effect can be accommodated in CUB
model by specifying a degenerate distribution D

.s/
r = I.R =

s/, with probability mass concentrated at r= s. Thus, the in-
flated CUB model becomes:

Pr.Ri = r j�/ = ıi D.s/
r + .1 − ıi /

�

�ibr .�i / + .1 − �i/
1

m

�

;

(3)



64 STEFANIA CAPECCHI, ROMINA GAMBACORTA, ROSARIA SIMONE, DOMENICO PICCOLO

for r = 1; 2; : : : ; m and i = 1; 2; : : : ; n. Here, ıi 2 Œ0; 1� so
that logit.ıi / = xi � if relevant covariates xi are possibly
modifying the shelter effect2.

Then, the special case in which the mixing weight of
Binomial distribution collapses to zero leads to a CUSH
model, that is a Combination of a discrete Uniform and
a SHelter effect Capecchi and Piccolo 2017. It is defined
by:

Pr.Ri = r j�/ = ıi D.s/
r + .1 − ıi /

1

m
; ıi 2 Œ0; 1�; (4)

where s 2 f1; : : : ; mg is the known location of theshelter
effect.

Thus, exploiting the CUB paradigm, the objective of this
paper will be pursued with the following approach: ad-hoc
dummy variables will be included within the specification
of CUB regression models with both subjects and objects’
covariates on the grouped responses to:

– test and compare the effect of the mode of interview
and/or the visual layout for the rating questions;

– check the effect of the presence/absence of DK option on
the response support.

If necessary, CUB extensions will be considered under
the same research scheme to encompass the presence of
a shelter effect.

From the methodological point of view, it is worth to
emphasize that CUB methods currently lack of a complete
multivariate extension that would render possible its appli-
cation and validation to consolidated scales in psychomet-
ric and educational studies. Some extensions to multivariate
ordered ratings have been proposed in Ip and Wu 2024 us-
ing copula-based approaches assuming CUB margins, in
Colombi and Giordano 2016 by assuming a mixture of
multivariate uniform and Sarmanov distributions with CUB
margins, and in Simone et al. 2020 in the setting of ran-
dom effect models to account for subjective heterogeneity
in response attitude: the latter proposal included a subject-
specific random intercept in the regression link involving
the uncertainty parameter �i to account for the individual
propensity to a meditated response choice following the
feeling model.

2 In the formal specification of model (3), s is known: as a matter of
fact, it seems consistent to admit that a refuge category is well quali-
fied in terms of location over the support or for its peculiar wording. If
this assumption cannot be maintained, a sequential testing procedure
for varying s 2 f1; 2; : : : ; mg should be considered, with possible cor-
rections for multiple testing (Benjamin and Hochberg 1995)..

3.3 Modelling the effects of survey modes and
questionnaire features

CUB models with covariates have been broadly applied to
identify response profiles in terms of subjects’ character-
istics (Capecchi and Piccolo 2017; Corduas et al. 2009;
Fin et al. 2017) or objects’ features (Capecchi et al. 2016;
Piccolo and D’Elia 2008). With respect to the state of the
art on the topics, we propose to resort to CUB models to
identify if there is any significant difference in response fea-
tures (feeling, uncertainty, possible shelter effects) among
independent groups of responses corresponding to different
survey modes or questionnaire features. This circumstance
applies, for instance, if a given ordered evaluation is col-
lected on independent groups of respondents (yet homo-
geneous with respect to relevant covariates) via different
survey modes (CATI, CAPI, CAWI), various visual layouts
(vertical, horizontal, etc.), or with different scales (with or
without a don’t know option, with different numbers of cat-
egories, labelled or not labelled categories, etc.). This task
can be accomplished with the definition of suitable dummy
variables identifying the different groups of responses, to be
then included as covariates in a CUB model specification.

Then, the proposed method is analogous to the introduc-
tion of objects’ covariates in the CUB statistical framework
(Capecchi et al. 2016; Piccolo and D’Elia 2008), with the
important difference that the requirement of independence
of the response groups is strictly respected under our set-
ting: thus, all the inferential results are enforced.

The general CUB model specification with covariates
could be usefully applied also to determine if independent
groups of respondents to the same ordinal evaluations ex-
press different feelings and/or uncertainty. Assume, for in-
stance, that two independent and homogeneous samples:

R.1/ =
�
R

.1/
1 ; : : : ; R.1/

n1

�0 I R.2/ =
�
R

.2/
1 ; : : : ; R.2/

n2

�0 I

of ordinal evaluations are collected for the same survey
item over a scale with m categories, but the survey has been
administered in two different ways to the two samples (say,
different survey modes or questionnaire features). Then,
the two samples can be merged to derive a unique sample
R = .R.1/; R.2// of n1 +n2 observations for the given survey
item. Therefore, a dummy variable Di can be defined to flag
the two samples according to the way the survey has been
administered, namely:

Di =

(
0; for i = 1; : : : ; n1 I
1; for i = n1 + 1; : : : ; n1 + n2:
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Specifying a CUB model with Di explaining the possible
effect on feeling and uncertainty

logit.1 − �i/ = −ˇ0 − ˇ1 Di I logit.1 − �i / = −�0 − �1 Di ;

(5)
or also on the shelter category, when present, with the extra
specification of:

logit.ıi / = �0 + �1 Di ; (6)

for i = 1; : : : ; n1; n1 + 1; : : : ; n1 + n2, could reveal if the
chosen survey feature entails any difference in either uncer-
tainty or feeling components of the rating response process
or modifies the refugee attitude.

To this aim, it is sufficient to test the significance of
β1 and/or γ1 according to classical likelihood-based infer-
ence. As to interpretation, the positive (resp. negative) sign
of these parameters implies that the survey feature iden-
tified by Di = 1 (namely, the one corresponding to R(2)),
decreases (resp. increases) the corresponding uncertainty
1 − �i and/or feeling 1 − �i , respectively. Eventually, by
including more respondents’ covariates in the model spec-
ification (5), possible interaction effects could be further
tested. For instance, to check if covariate X has an effect on
either feeling .�2/ or uncertainty .ˇ2) of the response, as
well as if there is any interaction effect of X with the sur-
vey feature identified by Di, the following model (7) can be
fitted to the observations drawn from the grouped sample R:

logit.1 − �i / = −ˇ0 − ˇ1Di − ˇ2Xi − ˇ3Di Xi I
logit.1 − �i / = −�0 − �1Di − �2Xi − �3Di Xi :

(7)

Then, −ˇ3 and −�3 measure the contribution that the
combination of covariate value Xi and survey mode Di in-
duces on uncertainty 1 − �i and feeling 1 − �i (on the logit
scale), respectively, with respect to the linear effect of both
covariate and survey mode/design feature.

Analogously, to analyse the direct effect of covariate X
on the shelter category or its interaction with the survey
feature identified by Di, we use the following model:

logit.ıi / = �0 + �1 Xi + �2 Di + �3 Di Xi ; (8)

so that ν3 measures the contribution that the combination
of covariate value Xi and survey mode Di induces on the
probability to shelter ıi with respect to the linear effect of
both covariate and survey mode/design feature (on the logit
scale).

For CUB models, parameters can be effectively esti-
mated by maximum likelihood (ML) methods using avail-
able software. A devoted library for the R environment is
available on the official CRAN repository (Iannario et al.
2024). Dedicated libraries for CUB models are available

also for Gretl (Simone et al. 2019), and for STATA (Cerulli
2020; Cerulli et al. 2022). An accelerated version of the EM
algorithm and the corresponding implementation of best-
subset variable selection is available within the R library
(Simone 2020), also on CRAN. To address the research
goals of the paper, the CUB estimation procedure has been
adapted to account for sample weights: the code is available
as online supplementary material.

4 Empirical evidence from the bank of Italy’s surveys

To check for the usefulness of the proposed approach three
datasets will be considered: the first case study concerns
measurements of the perceived value of future inheritance
collected within the 2016 questionnaire of the Survey on
Households Income and Wealth (SHIW) in order to verify
the possible modifications induced by the presence/absence
of a DK option in the response support (see Sect. 4.1). Then,
two case studies based on the WEBIT/SHIW-I survey on
households (Sect. 4.2) and the BOSISF survey on enter-
prises (Sect. 4.3) will be discussed to investigate the effects
of different survey modes in the cognitive response process.
The WEBIT survey will be used also to test for the ef-
fects of different visual representations in self-administered
questionnaires.

4.1 Estimating the DK effect on SHIW dataset

To analyse the effect of the introduction of the “don’t know-
no answer” option we gather from the dataset which stems
from the 2016 edition of the Survey of Households Income
and Wealth (SHIW). The survey, conducted periodically by
the Bank of Italy since 1962, collects information about
the economic conditions of Italian households both with
respect to real and financial assets held and to their sources
of income together with a complete set of information about
the socio-demographic characteristics of each of the family
members (Baffigi et al. 2016; Bank of Italy. 2018). Data are
collected from professional interviewers specifically trained
using the CAPI method.

The SHIW adopts a two-stage stratified sampling de-
sign. Provided weights adjust for unequal selection proba-
bility and non-response, account for the correlation in the
panel component and are post-stratified to external infor-
mation about the socio-demographic characteristics of the
reference population3. In order to deal with the complex
survey design, without sharing respondents’ characteristics

3 See Faiella and Gambacorta (2007) for detailed information about
the weighting process in the SHIW and the resulting efficiency of
weighted sampling estimates.
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Table 1

Distribution of response options for expected value or
real assets future inheritance

Categories
Absolute
frequencies Relative frequencies

Without
DK

With
DK

Without
DK

With
DK f(reduced)

(1) up to 50,000 euros 60 55 0.088 0.087 0.094

(2) from 50,000 to
150,000 euros

273 239 0.403 0.376 0.408

(3) from 150,000 to
300,000 euros

228 192 0.336 0.302 0.328

(4) from 300,000 to
500,000 euros

79 61 0.117 0.096 0.104

(5) over 500,000 euros 38 38 0.056 0.060 0.066

(6) Don’t know (DK) – 50 – 0.079 –

Total 678 635 1.000 1.000 1.000

Laakso and Taagepera
index

– – 0.584 0.572 0.589

protected by privacy (such as the stratum they belong to),
replication weights are disseminated with data.

Among several questions listed in the questionnaire sub-
mitted in the 2016 survey, the main interest of this paper
concern the item related to the interviewee’s opinion about
the global monetary value of the parent’s house, on Decem-
ber 31, 2016. More specifically in the 2016 questionnaire,
a section was dedicated to inspecting the value of future
inheritance, asking first for the number of dwellings owned
by parents not living in the households and then for an
estimate of their value. Due to the potential difficulty on
the part of the respondents to provide an answer to this
question, amounts have been expressed using ordinal cat-
egories. Furthermore, the “don’t know-no answer” option
was randomly inserted for half of the sample (leading to
two formulations of the question, D50a and D50b), allow-
ing us to test whether only those who were not aware of the
phenomenon or even those who adopted a satisficing be-
haviour, made use of it. In fact, to limit this latter conduct,
interviewers were trained not to explicitly read this option
even when available.

Both the formulations of the question are expressed with
the same wording and m= 5 ordinal categories are offered
for an orderly evaluation; the only difference consists in the
absence (Question D50a) and presence (Question D50b),
respectively, of a sixth possibility of response, denoted as
“I don’t know/I don’t remember”, which will be simply de-
noted by DK.

Can you give me even a rough estimate of the total
value of these properties on 31/12/2016? Choose one of the
ranges listed below:

0.0

0.1

0.2

0.3

0.4

R
el

at
iv

e 
fr
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1 2 3 4 5 DK

without DK
with DK

Fig. 1

Frequency distribution for responses without (blue, points)
and with (red, stars) DK option

– up to 50,000 euros ... 1
– from 50,000 to 150,000 euros ... 2
– from 150,000 to 300,000 euros ... 3
– from 300,000 to 500,000 euros ... 4
– over 500,000 euros ... 5
– Don’t know ... 6

The statistical problem is to measure the significance of
the effect of option DK on the expressed evaluations and
if this situation is different with respect to definite clusters
(with respect to gender, age, family composition, marital
status, geographical area, income, financial education, etc.).
Thus, the sample has been randomly split into two groups
–statistically equivalent with respect to the main demo-
socio-economic variables—which consist, respectively, of
678 interviewees who received a questionnaire with Ques-
tion D50a (without DK) and 635 interviewees who received
a questionnaire with Question D50b (with DK).

Table 1 and Figure 1 show the different frequency dis-
tributions among the groups. The normalized Laakso and
Taagepera index4 confirms a substantially equal heterogene-
ity for the distributions of the two sub-samples. Further-
more, the DK option was selected approximately only by
8% of respondents,5 therefore the distributions on the or-
dered support are quite similar, except for categories 2; 3; 4

4 Laakso and Taagepera index is a monotonic transformation of the
Gini heterogeneity index and it has the advantage to better discriminate
in the comparison of frequency distributions. More details in Gapecchi
and Piccolo (2017).
5 In Manisera and Zuccolotto (2014), an extension to CUB model is
introduced to measure the impact of the presence of a DK option on
the heterogeneity of the distribution (see also Fin et al. (2017) for more
applications). For responses to D50b, the circumstance that only 50 in-
terviewees have selected the DK option limits the possibility to test this
approach.
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Table 2

Parameter estimates and corresponding standard errors
(in parentheses) for Model (5) and Model (6) (with shel-
ter at second or third category)

Ǒ
0

Ǒ
1 O�0 O�1 O�0 O�1

Model
(5)

2:101
(0.526)

−0:820
(0.654)

0:417
(0.062)

−0:033
(0.107)

– –

Model
(6,
she(2))

1:900
(0.527)

−0:807
(0.721)

0:350
(0.078)

−0:059
(0.129)

−2:377
(0.584)

0:046
(0.806)

Model
(6,
she(3))

1:763
(0.456)

−0:781
(0.530)

0:469
(0.077)

−0:015
(0.136)

−2:791
(0.826)

0:156
(1.305)

whose relative frequencies reduce in the presence of DK
(see Fig. 1). However, after removing the DK responses,
the (relative) frequency distribution of the observed rating
variable, denoted as f .reduced/ for convenience and reported
as the last column in Table 1, appears more similar to the
distribution of responses to Question D50a.6

Thus, according to the exploratory evidence, the pres-
ence/absence of a DK option has no relevant impact on
the rating distribution. To verify this statement with suit-
able statistical models introduced in paragraph Sect. 3.3,
Table 2 reports the estimation results for the model (5).
Standard errors of parameters are obtained via replication
weights using JRR (Jackknife Repeated Replication). Re-
sults indicate that the presence of a ‘don’t know’ response
option does not significantly modify either the uncertainty
or the actual feeling of the observed scores.

Since a certain amount of inflation in frequency at the
second and at the third response options is observed with re-
spect to CUB fit, a CUB model with shelter at each of these
categories was tested to check if the presence of the “don’t
know” option in the response scale significantly modifies
the refuge attitude.

Results for model (6) are reported in Table 2 as well,
showing that no significant effect is found.

Thus, it may be safely inferred that the presence of a DK
option with the rating scale does not modify the way the
rating options are perceived and used.

Model (7) can be considered to check if there is any co-
variate effect and interaction with the presence of a DK
option in the rating scale. Accordingly, Table 3 reports
the Wald statistics for the test of significance of the cor-
responding effects. Aside from identifying effects provided

6 This evidence has been numerically confirmed by computing the nor-
malized dissimilarity index, to compare the relative frequency distribu-
tions of D50a and D50b also considering the reduced distribution.

Table 3

Wald statistics for parameters of model (7)

Ǒ
0

Ǒ
1

Ǒ
2

Ǒ
3

Has
children

2.579 –0.700 –0.569 0.194

Gender* 2.796 –1.427 –0.056 0.773

Income 2.219 6.304* –0.396 –29.632*

Northern
Italy

2.216 –1.760 –1.904 1.661

Central
Italy

3.412 0.089 3.760* –3.074*

University
Degree

4.676 0.254 0.232 –0.154

Home
ownership

2.950 0.323 0.932 –1.144

Other real
estate

0.580 –0.437 –0.502 0.452

– O�0 O�1 O�2 O�3

Has
children

4.534 –0.906 –0.766 0.873

Gender 5.009 –0.207 –1.174 0.131

Income 7.531 –0.568 –5.084* –0.581

Northern
Italy

7.859 –0.640 –1.118 0.419

Central
Italy

6.521 0.244 –3.149* –1.643

University
Degree

9.781 0.012 –5.120* –1.446

Home
ownership

3.881 –0.832 –1.456 0.699

Other real
estate

6.273 –0.107 0.022 –0.500

* Male= 0, Female= 1.
*p < 0.05

by increasing income, having a university degree and living
in central Italy, all of which act by increasing the feeling
1 − �i of the respondents (i.e., they report on average higher
values for parents’ dwellings), interaction effects between
subjects’ characteristics and presence of DK option that
are relevant for our analysis are found only with respect to
the uncertainty component. Specifically, ceteris paribus for
a fixed level of income, heterogeneity is lower if the DK op-
tion is present (D50b) than if there is no DK option (D50a).
In addition, for D50a there is no significant income effect on
the heterogeneity of the distribution, whereas heterogeneity
of D50b increases with income. Responses of individuals
from Central Italy are significantly less heterogeneous than
those of the rest of the respondents, to a greater extent for
respondents to D50a than for respondents to D50b. It is
worth stressing that these results are only revealed by the
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Table 4

Distribution of response options for the subjective eco-
nomic condition between CAPI and CAWI surveys

Categories
Absolute
frequencies Relative frequencies

CAWI CAPI CAWI CAPI

(1) with great difficulty 115 359 0.136 0.181

(2) with difficulty 90 277 0.106 0.140

(3) with some difficulty 207 522 0.245 0.264

(4) fairly easily 237 576 0.280 0.291

(5) easily 122 190 0.144 0.096

(6) very easily 75 54 0.089 0.028

Total 846 1978 1.000 1.000

Laakso-Taagepera
Index

– – 0.816 0.723

use of the specific extension of CUB models derived for
this analysis.

4.2 Modelling the effects of CAWI and CAPI survey
modes and visual representations on WEBIT/SHIW-I
dataset

To investigate the effect of the survey mode for house-
holds, we gather information from the Web Survey on Ital-
ian Households (WEBIT) and the Intermediate Survey in
Italian Households (SHIW-I) administered using the CAWI
and the CAPI modes, respectively. The two surveys have
been conducted in parallel, between two editions of the
SHIW, with a shorter questionnaire containing mainly qual-
itative items. The WEBIT has been managed in collabor-
ation by the Bank of Italy and ISTAT (the Italian National
Institute of Statistics) to investigate the use of web sur-
veys in collecting data on households income and wealth on
a probabilistic sample of about 1000 individuals (Barcaroli
et al. 2019). At the same time, the SHIW-I was carried out
by the Bank of Italy using the traditional CAPI mode on
a sample of about 2000 households selected from those who
had participated in the 2014 edition of the SHIW. To make
the two surveys as much comparable as possible, partici-
pants to both surveys were drawn from the population of the
same municipalities, with a similar two stage sample design
and the questionnaires were designed to contain common
questions and the same information about respondents so-
cio-demographic characteristics and their economic condi-
tions that could be used as covariates in the analysis (Gam-
bacorta et al. 2018).

To compare answers using different survey modes, we
refer to the question regarding the subjective perception of

Table 5

Horizontal response options to question: “Is your house-
hold’s income sufficient to see you through to the end of
the month ...?”

1 2 3 4 5 6

� � � � � �
With great
difficulty

Very
easily

the economic condition of the household. The question was
present in both questionnaires adopting the same wording
as follows:

Is your household’s income sufficient to see you through
to the end of the month ... ?

– with great difficulty ... 1
– with difficulty ... 2
– with some difficulty ... 3
– fairly easily ... 4
– easily ... 5
– very easily ... 6

Table 4 presents the corresponding frequency distribu-
tions for the CAPI and the CAWI surveys. The normalized
Laakso and Taagepera index indicates a larger heterogene-
ity within the CAWI results than within the CAPI results.

The same question can be used also to investigate how
visual features of survey questions may influence respon-
dents’ choices. Indeed, in the WEBIT survey, this question
was asked using two different visual presentations on ran-
dom sub-samples of respondents. In particular, response
options were organized in a traditional vertical list of cate-
gories, as reported above, for half of the sample (vert-tradi-
tional) and with horizontal radio buttons for the remaining
part (horiz-radio) (Table 5).

Table 6 summarizes the frequency distributions for the
vertical and the horizontal option layouts. In this compari-
son, it turns out that an important difference between het-
erogeneity measured by Laakso and Taagepera index is ob-
tained when comparing horizontal-radio versus vertical-tra-
ditional layouts.

To test the effect of both survey mode and visual rep-
resentation on the feeling and the uncertainty components,
we modify the model (5) to include two dummy variables
as covariates: (1) the CAPI dummy variable to identify
the survey mode (CAPIi = 1 for CAPI respondents, and
CAPIi = 0 otherwise) and the Horiz dummy variable used
to identify the different visual presentations of the ques-
tion (Horizi = 0 for the vertical list of response options
and Horizi = 1 for the horizontal sequence of response op-
tions). Thus, the reference survey mode is the CAWI-ver-
tical combination, against which the effect of CAPI mode
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Table 6

Distribution of response options for subjective economic
condition by options visualization feature

Absolute
frequencies Relative frequencies

Categories Vert-trad
Horiz-
radio Vert-trad

Horiz-
radio

Midrule

(1) with great difficulty 51 64 0.122 0.150

(2) with difficulty 45 45 0.107 0.105

(3) with some difficulty 115 92 0.274 0.215

(4) fairly easily 135 102 0.322 0.239

(5) easily 56 66 0.134 0.155

(6) very easily 17 58 0.041 0.136

Total 419 427 1.000 1.000

Laakso-Taagepera
Index

– – 0.690 0.915

and horizontal layout will be separately tested under the
model:

logit.1 − �i/ = −ˇ0 − ˇ1 CAPIi − ˇ2 Horizi I
logit.1 − �i / = −�0 − �1 CAPIi − �2 Horizi :

No significant effect has been found of survey mode
and visual representation for the feeling component. With
respect to the uncertainty component, no significant differ-
ence is found between CAPI respondents and CAWI re-
spondents, while we observe a significant difference be-
tween vertical and horizontal layouts for CAWI mode (see
Eqs. 9 and 10)7.

logit.1 − O�i / = −1:229
(0.635)

+ 0:254
(0.727)

CAPIi + 3:254
(0.771)

Horizi (9)

1 − O� = 0:426
(0.014)

(10)

In particular, results show that uncertainty rises when the
horizontal layout is considered, thus leading to less homo-
geneous response patterns and, subsequently, higher fuzzi-
ness around the actual response signal. These results are in
line with what is generally found in the literature, i.e. that
the use of radio buttons increases uncertainty such as the la-

7 Maximum likelihood estimation has been performed via a weighted
version of the EM algorithm: estimates of standard errors for param-
eters were obtained via a Jackknife Repeated Replication method, ex-
ploiting available replication weights.

belling of only extreme categories with respect to providing
labels for all items.

Next, we investigate if there is any interaction between
vertical and horizontal layouts with relevant socio-demo-
graphic covariate X (gender: male= 0, female= 1, presence
of children in the household, having a university degree,
age: young if under 35 years and elderly if aged more
than 64-, households main residence ownership, number
of household components). Specifically, the following CUB
specification with covariates effects only for the uncertainty
component has been tested:

logit.1−�i/ = −ˇ0 −ˇ1Horizi −ˇ2 Xi −ˇ3Horizi � Xi (11)

Results are reported in Table 7:
It turns out that responses given by homeowners are more

homogeneous than responses given by people not owning
their homes. The general conclusion that CAWI responses
given on a horizontal layout are more heterogeneous than
responses collected via CAPI or CAWI responses on the
vertical layout is not modified if one controls for covariates.

Next, we performed a model selection within the class
of CUB models for each response group separately to test
possible different shelter effects. Table 8 reports some in-
dicators of fitting performances for competing models. Ac-
cordingly, Fig. 2 shows that a richer CUB model specifica-
tion is needed to account also for the inflation in frequency
at the first category for all the groups.

Table 9 reports estimated parameters and standard er-
rors: when focusing on responses on the vertical scale, one
notices that the CUB with shelter at c= 1 reduces to a Bino-
mial with shelter. In particular, the weight of the Binomial
in the mixture is similar in the two groups, whereas the
feeling measure 1 − � is higher for CAPI than it is for
CAWI. Although the difference is not statistically signifi-
cant, this circumstance could be due to a social desirability
bias manifest for CAPI respondents along the whole scale.

As a matter of fact, between CAPI and CAWI vertical
responses we observe a larger tendency in CAWI mode to
choose options that identify relevant economic difficulties,
possibly due to the presence of a social desirability bias,
which reduces the choice of these categories in favour of
those who identify a better economic situation when the
interviewer is present. Furthermore, while in the vertical
layout, there is a larger tendency to choose more often the
category “fairly easily” (a circumstance that can be identi-
fied as a central tendency bias as this option can be seen
close to a neutral category, not identifying economic dis-
tress neither an extreme affluence), there is a larger tendency
to choose the extreme categories when the horizontal layout
is adopted. These are the only labelled ones, and thus they
can be more clearly identified by the respondents, whereas
neutral responses between the third and fourth categories
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Table 7

Estimates of parameters and standard errors for Model (11)

X

Gender Has children Degree Young Elderly Homeowner Household size

Ǒ
0 1:013

(0.25)
1:018
(0.291)

1:018
(0.524)

0:916
(0.258)

0:805
(0.368)

−0:545
(0.862)

1:29
(0.467)

Ǒ
1 −1:999

(0.635)
−1:981

(0.633)
−1:284

(0.523)
−1:848

(0.507)
−2:318

(1.174)
−8:912

(8.237)
4:61

(10.465)

Ǒ
2 −0:019

(0.585)
−0:025

(0.413)
0:04
(1.116)

2:386
(3.955)

0:559
(0.503)

1:925
(0.842)

−0:12
(0.136)

Ǒ
3 −0:605

(4.309)
−0:763

(4.65)
−13:664

(7.892)
−7:349
(14.206)

0:087
(1.829)

7:048
(8.197)

−5:775
(9.337)

Table 8

Fitting results for competing models for different sub-groups of responses (best performances highlighted in bold fonts)

CAPI (SHIW-I) CAWI-vert (WEBIT) CAWI-horiz (WEBIT)

Loglik BIC Loglik BIC Loglik BIC

CUB –3148.101 6311.381 –581.228 1174.532 –681.710 1375.534

CUB + she(1) –3018.891 6060.551 –556.097 1130.308 –674.446 1367.062

CUB + she(3) –3148.255 6319.279 –581.315 1180.744 –679.107 1376.385

CUB + she(4) –3078.720 6180.209 –566.933 1151.979 –681.710 1381.591

Table 9

Estimated parameters (and standard errors) of CUB and CUB with shelter(1), given survey mode (see Table 8)

CUB CUB+she(1)

O� O� Binomial weight Uniform weight O�
CAPI 0:721

(0.063)
0:568
(0.018)

0:856
(0.020)

0:000
(0.000)

0:509
(0.014)

CAWI-
vert

0:810
(0.103)

0:598
(0.022)

0:856
(0.037)

0:000
(0.000)

0:534
(0.015)

CAWI-
horiz

0:219
(0.073)

0:594
(0.159)

0:353
(0.092)

0:548
(0.114)

0:519
(0.050)

cannot be clearly distinguished due to the absence of com-
plete labelling of all categories.

To test for these hypotheses (social desirability bias and
central tendency bias) we report the z-test for the compari-
son of two independent proportions8.

To verify the presence of a social desirability bias we
compare responses concerning the two lowest categories
(conveying actual economic difficulties) obtained using the

8 Notice that the application of this inferential procedure—computing
the proportion of lowest scores on the basis of the weighted frequency
distribution and with respect to the observed sample sizes for the two
groups—is a stretch in view of the sampling design.

CAPI mode with those coming from the CAWI, consid-
ering in the latter survey first only responses to questions
using the vertical representation (Table 10) and then all an-
swer (Table 11). Both the results confirm evidence of social
desirability bias at significance level ˛ = 0:05.

Similarly, Table 12 reports relevant information on the
z-test to compare the frequency of the central categories
(third and fourth, conveying pseudo-neutral evaluation) be-
tween vertical response mode (with all labelled categories)
and the horizontal mode (with radio-buttons, and labels only
for the extreme categories). Significant evidence is found
for a strong tendency to central categories characterizing
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Fig. 2

Graphical check of the goodness of fit of candidate models for (weighted) observed distributions, given survey mode

Table 10

Testing for social desirability bias for CAPI versus CAWI
respondents on the basis of the observed weighted distri-
bution for responses collected on vertical scales

2P

r=1

f
.w/

r

CAPI 0.295

CAWI-vert 0.337

p-value for one-sided z-test 0.045

Table 11

Testing for social desirability bias for CAPI versus CAWI
respondents on the basis of the observed weighted distri-
bution

2P

r=1

f
.w/

r

CAPI 0.295

CAWI 0.334

p-value for one-sided z-test 0.021

Table 12

Testing for central tendency bias for Vertical versus Hor-
izontal response layout on the basis of the observed
weighted distribution

4P

r=3

f
.w/

r

4P

r=3

fr

Vertical 0.593 0.562

Horizontal 0.424 0.454

p-value for one-sided z-test 1 � 10−11 1 � 10−5

responses collected on vertical layout, due to the complete
labelling of categories.

4.3 Comparing the effect of CATI and CAWI survey
mode on firms data with the BOSISF dataset

The Business Outlook Survey of Industrial and Service
Firms (BOSISF hereafter) is annually conducted by the
Bank of Italy since 1993 to collect qualitative information
on firms’ performance and on the main economic variables
(Bank of Italy 2017b). The survey is conducted on about
4500 firms (3000 firms in industry with 20 and more work-
ers, 1000 firms in non-financial private services and 500
construction firms with 10 and more workers). Firms are
contacted by e-mail and can decide either to fill in the ques-
tionnaire on the web (CAWI) or to provide the information
by telephone (CATI).9 Interviews by phone are administered
by officials of the Bank of Italy’s local branches, specially
trained to conduct business surveys (Bank of Italy 2017a).

To study the effect of survey mode on businesses’ an-
swer elicitation mechanism we consider two questions. The
first question collect the “realization rate of investment”, i.e.
how much of the investment expenditure that was planned
in the previous year has been actually realized in the cur-
rent year (Q1). The second question collects the “expected
investment growth rate”, that is the change in investment
expenditures expected in the future year with respect to the
current one (Q2). Particularly, we refer to the 2020 edition
of the survey since more answer options were provided for
these questions due to the larger volatility of investment as-
sociated with the economic crisis resulting from the Covid-
19 pandemic.

9 In few cases interviews are conducted with a personal visit. These
only represent about 1 per cent of the sample in the used 2020 wave
and have been excluded from this study.
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Table 13

Distribution of response options for realized investment
variation (Q1) in CATI and CAWI surveys

Categories Absolute
frequencies

Relative
frequencies

CATI CAWI CATI CAWI

(1) Lower by more than
–50%

173 227 0.111 0.086

(2) Lower by between –50%
and –25%

111 264 0.071 0.100

(3) Lower by between –25%
and –10%

139 259 0.090 0.099

(4) Lower by between –10%
and –3%

102 200 0.066 0.076

(5) Stable between –3% and
+3%

819 1297 0.527 0.494

(6) Higher by between +3.1
and 10%

82 138 0.053 0.053

(7) Higher by between +10.1
and 50%

68 90 0.044 0.034

(8) Higher by more than
+50%

31 31 0.020 0.012

(9) Do not know, do not wish
to answer

28 122 0.018 0.046

Total 1553 2628 1.000 1.000

Laakso-Taagepera Index – – 0.274 0.316

Namely, the questions are the following:

Q1: Compared to the level planned at the end of 2019, nom-
inal expenditure on (tangible and intangible) fixed invest-
ment in the current year will be:

Q2: How does planned nominal expenditure on fixed invest-
ment in 2021 compared with that in 2020? with the same
response options:

– Lower by more than –50% ... 1
– Lower by between –50% and –25% ... 2
– Lower by between –25% and –10% ... 3
– Lower by between –10% and –3% ... 4
– Stable between –3% and +3% ... 5
– Higher by between +3.1 and 10% ... 6
– Higher by between +10.1 and 50% ... 7
– Higher by more than +50% ... 8
– Do not know, do not wish to answer ... 9

Tables 13 and 14 summarize the frequency distributions
respectively of the variation in realised (Q1) and expected
(Q2) investment for CATI and CAWI respondents.

It should be noted that the intrinsic uncertainty within
the answers to the two questions is by construction dif-

Table 14

Distribution of response options for expected investment
variation (Q2) in CATI and CAWI surveys

Categories Absolute
frequencies

Relative
frequencies

CATI CAWI CATI CAWI

(1) Lower by more than
–50%

76 94 0.049 0.036

(2) Lower by between –50%
and –25%

33 105 0.021 0.040

(3) Lower by between –25%
and –10%

68 131 0.044 0.050

(4) Lower by between –10%
and –3%

68 99 0.044 0.038

(5) Stable between –3% and
+3%

663 1201 0.427 0.457

(6) Higher by between +3.1
and 10%

221 367 0.142 0.139

(7) Higher by between +10.1
and 50%

162 205 0.104 0.078

(8) Higher by more than
+50%

69 49 0.045 0.019

(9) Do not know, do not wish
to answer

193 377 0.124 0.143

Total 1553 2628 1.000 1.000

Laakso-Taagepera Index == == 0.401 0.352

ferent since the first question concerns an observable item
while the second requires the formulation of an expecta-
tion. Therefore, considering both items, we can test how
respondents’ choice is realized with different survey modes
in dissimilar uncertainty frameworks.

Before dwelling into a model-based analysis, it is worth
pursuing a preliminary investigation of the target rating
variables Q1 and Q2: from Tables 13 and 14, it can be in-
ferred that, overall, the number of “don’t know” responses is
higher when evaluations refer to the future (Q2) with respect
to evaluations referring to the past (Q1) (the association is
highly significant according to the X2 test).

With respect to survey mode and according to a stan-
dard X2 test, it follows that don’t know options occur more
frequently for respondents answering via CAWI than for
those answering via CATI only for Q1: there is no signif-
icant association between the occurrence of “don’t know”
responses and survey mode (CATI-CAWI) for Q2. This first
result might indicate that there is a tendency to adopt a sat-
isficing behaviour when providing information concerning
variation between planned and realized investments when
the interview takes place via the web.

In order to provide a unified summary of these results,
we fitted a logistic regression on the indicator variable Di
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Table 15

Estimation results for CUSH model for Q1 and Q2 in
terms of CAWI covariate

ν0 ν1 BIC

Q1 0:019
(0.106)

−0:121
(0.140)

10942.01

Q2 −0:281
(0.115)

0:281
(0.147)

11061.26

reporting if the response is “don’t know” (Di = 1) or ob-
served Di = 0, after merging Q1 and Q2 evaluations and
thus assuming that they are conditionally independent given
the chosen explanatory variables, namely a dummy variable
CAWI to flag the survey modality (CAWI = 1 for CAWI re-
spondents, CAWI = 0 for CATI respondents), and a dummy
variable Xi created to identify past (Xi = 0, namely Q1)
from future evaluations (Xi = 1, namely Q2). It follows
that, overall, both the modality CAWI of the questionnaire
and the fact that the question requires an assessment about
the future (rather than about the past) contribute to signifi-
cantly increase the probability of observing a “don’t know”
response. This result confirms the findings that satisficing
behaviours that may lead to the DK choice are better con-
trasted by the interviewer with CATI mode with respect to
a self-administered mode and that expectations are gener-
ally more subject to uncertainty than realized outcomes.

After omitting “don’t know” responses from the analysis,
the Spearman correlation coefficient for the observed rat-
ings for Q1 and Q2 amounts to � = −0:0381, indicating poor
dependence between the two ratings, with a slightly nega-
tive direction: it follows then that for increasing observed
variation in the current year for nominal expenditure, there
is a slight tendency to expect a lower variation in 2021 than
that observed in 2020. This result is in line with the fact that
the latent continuous variables to which the two qualitative
outcomes refer to contain the realized investment in the cur-
rent year, respectively in the numerator for the realized rate
and in the denominator for the expected rate.

With reference to the observed frequency distributions
reported in Tables 13 and 14, it is seen that response dis-
tributions to Q1 and Q2 present both a strong frequency
inflation in category 5 (conveying overall stability). This
result, referred to as central tendency bias (Pimentel 2019),
reflects the tendency to choose the neutral category in a Lik-
ert scale, when available: this circumstance is particularly
relevant in this case. Thus, CUB models cannot be expected
to be sufficiently adequate to fit the data, even after includ-
ing a possible shelter effect: indeed, the shelter parameter δ
is not significant. This circumstance may be due to the fact
that the modal value coincides with the category where the
inflation is observed and to the large heterogeneity of the
distribution. This conclusion continues to hold even after

controlling for selected covariates. For this reason, in the
following discussion we focus on fitting results obtained
with the CUSH model (4) (Capecchi and Piccolo 2017),
which allows investigating more carefully the variables re-
lated to the central tendency bias (even if the scale is not
balanced with respect to the centre), which assumes extreme
importance in this circumstance10.

First, consider the CUSH model:

logit.ıi / = �0 + �1 CAWIi (12)

for both Q1 and Q2, where CAWI is a dummy factor iden-
tifying CAWI respondents .CAWIi = 1/ against CATI re-
spondents .CAWIi = 0/. Results are reported in Table 15.11

Significant differences in central tendency bias between
CAWI and CATI respondents are found only for Q2 eva-
luation. In particular, the positive sign of estimated ν1 for
Q2 is in line with the finding that the interviewer may help
to reduce satisficing behaviours, in this case, related to the
tendency to choose the neutral category due to the difficulty
to provide information with respect to a future event.

When stratifying responses across sectors of activity,
there is a significant CAWI effect for inflation in category
c= 5 for chemicals, rubbers and plastics industry in Q1 and
for retail trade and food industries in Q2. For the sake of
completeness, Table 16 reports estimates of parameters and
standard errors (in parentheses) for Model (12) fitted to Q1

and Q2 responses provided by enterprises in each economic
sector to check for differences in inflation at c= 5.

For both Q1 and Q2, no significant effect modifying
central tendency bias are found due to covariates and their
interactions with survey mode: this statement follows from
the estimation of model (8) for each covariate X (geograph-
ical region, dimensional class and export quota).

Next, with focus on responses to Q2 only, the follow-
ing model (BIC = 10592) can be estimated to explain if
frequency inflation at c= 5 can be interpreted in terms of
negative variation declared for Q1 (I.Q1 � 4/) or positive
variation declared for Q1 (I.Q1 � 6/):

logit.ıi / = 0:418
(0.143)

+ 0:420
(0.162)

CAWIi − 1:910
(0.192)

I.Q1i � 4/

−1:550
(0.266)

I.Q1i � 6/

(13)

10 CUB estimation results are omitted for this case study since this
model has poor fitting performance with respect to the proposed CUSH
model.
11 For model-based inference within the class of CUB models, esti-
mates of standard errors for model parameters have been obtained via
Taylor linearization method given the sampling design and the avail-
ability of strata allocation.
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Table 16

Estimates of parameters and standard errors for CUSH,
Model (12) fitted to Q1 and Q2 responses for each eco-
nomic sector.

Economic
Sector Q1: O�0 Q1: O�1 Q2: O�0 Q2: O�1

Food
beverages
and
tobacco

−0:024
(0.241)

0:347
(0.319)

−0:681
(0.262)

0:775�
(0.335)

Textiles,
clothing,
leather,
footwear

−0:163
(0.381)

−0:501
(0.517)

−0:473
(0.398)

−0:371
(0.540)

Chemi-
cals,
rubber,
plastics

0:343
(0.304)

−1:028�
(0.402)

−0:080
(0.319)

−0:375
(0.407)

Basic
metals

−0:223
(0.451)

0:519
(0.574)

−1:093
(0.488)

1:055
(0.613)

Enginee-
ring

0:052
(0.185)

−0:188
(0.234)

−0:160
(0.188)

0:416
(0.234)

Other
manufac-
turing

−0:145
(0.351)

0:243
(0.442)

−0:180
(0.352)

−0:047
(0.449)

Energy
and
mining

−1:087
(0.442)

0:303
(0.585)

−0:484
(0.424)

0:520
(0.556)

Retail
trade

0:080
(0.228)

0:169
(0.293)

−0:319
(0.239)

0:705�
(0.301)

Hotels and
restaurants

−0:701
(0.712)

−0:143
(0.978)

−4:459
(7.231)

3:529
(7.268)

Transport,
storage
and
communi-
cation

0:470
(0.272)

−0:392
(0.350)

0:055
(0.281)

−0:173
(0.359)

Other
services

0:182
(0.374)

−0:198
(0.461)

0:730
(0.383)

−0:443
(0.468)

*p < 0.05

All the effects are significant: then, it follows that in-
flation at c= 5 for Q2 increases for CAWI respondents,
also when accounting to responses provided to the ques-
tion about current investment Q1. Notice also that inflation
at c= 5 for Q2 decreases for negative or positive variations
reported for Q1 evaluations (mostly, for negative variations).
This means that people reporting either Q1 � 4 or Q1 � 6

Table 17

Estimates of parameters and standard errors for model
(14) for ratings on Q2.

Economic
Sector O�0 O�1 O�2

Food
beverages
and tobacco

−1:646
(0.799)

0:802�
(0.356)

0:205
(0.138)

Textiles,
clothing,
leather,
footwear

−1:984
(0.761)

−0:329
(0.559)

0:379�
(0.163)

Chemicals,
rubber,
plastics

−0:715
(0.799)

−0:386
(0.454)

0:151
(0.168)

Basic metals −3:532
(5.426)

1:122
(1.618)

0:534
(0.94)

Engineering −1:637
(0.448)

0:511�
(0.247)

0:333�
(0.086)

Other manu-
facturing

−2:377
(0.951)

0:010
(0.528)

0:517�
(0.186)

Energy and
mining

−1:831
(1.575)

0:638
(0.737)

0:267
(0.277)

Retail trade −1:04
(0.558)

0:723
(0.32)

0:161
(0.110)

Hotels and
restaurants

−23:253
(2803139.009)

17:093
(2803130.832)

1:406
(2.437)

Transport,
storage and
communica-
tion

−2:297
(0.973)

−0:048
(0.414)

0:509�
(0.191)

Other
services

−0:959
(1.037)

−0:399
(0.585)

0:395
(0.206)

*p < 0.05

have lower probability to inflate frequency 5 for Q2, and
thus expect unstable variation for Q2.12

Finally, to investigate differences across economic sec-
tors in the joint effect of Q1 ratings and survey mode on
Q2 evaluations we estimate, for each sector, the following
model:

logit.ıi / = �0 + �1 CAWIi + �2 Q1i : (14)

Results are reported in Table 17 and indicate that infla-
tion in the category conveying stability c= 5 is significantly

12 Further specifications of the model including the stability for Q1

(namely, Q1 = 5) among covariates confirm the persistence of shel-
ter effect at c= 5 : i.e. those who reported the stability for Q1 are more
likely to shelter at c= 5 also for Q2, regardless of the survey mode.
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higher for CAWI respondents for sectors of food, beverages
and tobacco, retail trade and engineering (in decreasing or-
der of O�1). Ratings on Q1, instead, significantly affect central
tendency bias for other manufacturing industries, transport,
storage and communication, textiles, clothing, leather and
footwear, engineering and transport, storage and communi-
cation (in decreasing order of O�2)13.

5 Conclusions

In order to contribute to the literature that investigates the
presence of possible sources of distortion in micro-data
from sample surveys, this work investigated many of the
factors related to survey mode and questionnaire design that
can potentially influence the response choice. In particular,
using data from official surveys on both households and
firms, we focus on the effects of different survey modes,
visual representation of survey questions and the presence/
absence of the don’t know (DK) option.

The novelty of the approach here introduced with re-
spect to the state of the art on CUB models applications
consists in the possibility to test for a possible effect of the
different survey modes or questionnaire features (DK op-
tion, visual features) on both the feeling and uncertainty of
the responses in a more straightforward way than classical
methods, as scale-location cumulative link models.

Although referring to specific cases, the results show
that, with respect to the feeling component, neither the pres-
ence of the “Don’t know” option, nor the survey mode or
the graphical representation appear to significantly modify
the way the rating options are perceived and used. On the
other hand, we found evidence of the effects of these fea-
tures on uncertainty and on shelter choices. In particular:

– Survey mode: Our study provided evidence that CAWI
collection mode leads to an increase in propensity to
CUB uncertainty in responses provided by firms regard-
ing expected investment. For the same question, we also
find that firms choose more often the options related to
a neutral position or to the absence of knowledge when
the CAWI mode was used. This result may be due to the
fact that, in the absence of an interviewer, respondents
may adopt more easily satisficing behaviour to reduce
their effort, especially when more complex questions are
concerned. On the other hand, when household surveys
are concerned, results show that the social desirability

13 Notice that the variance-covariance matrix for the estimation of
CUSH model (14) is ill-conditioned for the sector “Hotels and restau-
rants” due to small sample sizes overall and also within certain strata,
given the survey mode: as a consequence, standard errors are divergent
indicating that the model could be unstable for this economic sector.

bias is reduced when using CAWI mode with respect to
CAPI.

– Don’t know option: This option is more frequently used
when questions about expectations are concerned and
sometimes interacts with variables regarding the size of
the phenomenon. In the case of reported estimates of the
value of parents’ dwellings, the weight of CUB uncer-
tainty was higher when the DK option was present for
households with a higher level of income or leaving in
the Centre of Italy, who were also reporting on average
higher evaluations for the item.

– Visual representation: Comparing a horizontal layout,
where labelling is provided only for extreme classes, with
a classical vertical representation, where all options are
labelled, we observe an increase in the heterogeneity of
the responses in the former layout, and an increase in
central tendency bias in the latter.

These results are in line with what is suggested by the
literature, providing evidence that CUB models are a ro-
bust tool to interpret and compare data collected with with
different survey techniques and questionnaire design. How-
ever, the peculiar nature of these results suggests consider-
ing these findings as non-exhaustive and continuing to carry
out appropriate tests whenever different techniques are used
in sub-samples in order to exclude any possible source of
distortion in the results relating to the examined population.
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