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Abstract To collect sensitive data, survey statisticians have designed many strategies
to reduce nonresponse rates and social desirability response bias. In recent years, the
item count technique has gained considerable popularity and credibility as an alterna-
tive mode of indirect questioning survey, and several variants of this technique have
been proposed as new needs and challenges arise. The item sum technique (IST),
which was introduced by Chaudhuri and Christofides (Indirect questioning in sample
surveys, Springer-Verlag, Berlin, 2013) and Trappmann et al. (J Surv Stat Methodol
2:58-77,2014), is one such variant, used to estimate the mean of a sensitive quantita-
tive variable. In this approach, sampled units are asked to respond to a two-list of items
containing a sensitive question related to the study variable and various innocuous,
nonsensitive, questions. To the best of our knowledge, very few theoretical and applied
papers have addressed the IST. In this article, therefore, we present certain method-
ological advances as a contribution to appraising the use of the IST in real-world
surveys. In particular, we employ a generic sampling design to examine the problem
of how to improve the estimates of the sensitive mean when auxiliary information
on the population under study is available and is used at the design and estimation
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stages. A Horvitz—Thompson-type estimator and a calibration-type estimator are pro-
posed and their efficiency is evaluated by means of an extensive simulation study.
Using simulation experiments, we show that estimates obtained by the IST are nearly
equivalent to those obtained using “true data” and that in general they outperform the
estimates provided by a competitive randomized response method. Moreover, variance
estimation may be considered satisfactory. These results open up new perspectives for
academics, researchers and survey practitioners and could justify the use of the IST
as a valid alternative to traditional direct questioning survey modes.

Keywords Auxiliary information - Calibration estimator - Domain estimator - Item
count technique - Horvitz—Thompson estimator - Randomized response - Sensitive
characteristic

Mathematics Subject Classification 62D05 - 62P25

1 Introduction

In many fields of applied research, and particularly in sociological, economic, demo-
graphic, ecological and medical studies, the investigator very often has to gather
information concerning highly personal, sensitive, stigmatizing and perhaps incrimi-
nating issues such as abortion, drug addiction, HIV/AIDS infection status, duration of
suffering from a disease, sexual behavior, domestic violence, racial prejudice or non-
compliance with laws and regulations. In these situations, collecting data by means
of survey modes based on direct questioning (DQ) methods of interview is likely
to encounter two serious problems: (i) participants in the survey may deliberately
release untruthful or misleading answers, or (ii) participants may refuse to respond
(“‘unit nonresponse” or “item nonresponse’) due to the social stigma or because they
feel threatened by such inquiries and fear that their personal information may be
released to third parties for purposes other than those of the survey. Misleading infor-
mation and refusal to answer are nonsampling errors that are difficult to deal with
and can seriously flaw the validity of final analyses. To reduce this problem, the level
of cooperation obtained from the respondent must be increased. Since the decision
to cooperate, in terms of providing complete and honest answers, depends on how
interviewees perceive their privacy will be protected, survey modes which ensure full
anonymity go some way to increasing the probability of cooperation and, consequently,
that of obtaining more reliable information on sensitive topics. In this respect, survey
statisticians and practitioners have developed many different strategies to ensure inter-
viewees’ anonymity and to reduce the incidence of evasive answers and underreporting
of social taboos when direct questions are posed on sensitive issues. One possibility is
to limit the influence of the interviewer, by providing self-administered questionnaires,
enabling computer-assisted self-interviews or by conducting online surveys. Alterna-
tively, the randomized response (RR) theory (RRT), conceived by Warner (1965),
may be employed. In its original version, this nonstandard survey approach adopts a
randomization device such as a deck of cards, dice, coins, colored numbered balls,
spinners or even a computer to conceal the true answer, in the sense that respondents
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reply to one of two or more selected questions depending on the result of the device.
Specifically, the randomization device determines whether respondents should answer
the sensitive question or another, neutral, one or even provide a pre-specified response
(e.g., “yes”) irrespective of their true status concerning the stigmatizing behavior. The
randomization device generates a probabilistic relation between the sensitive question
and a given answer which is used to draw inference about unknown parameters of
interest, for instance the prevalence of a sensitive attribute in the target population.
The rationale of the RRT is that interviewees are less inhibited when the confidential-
ity of their responses is guaranteed. This goal is achieved because all responses are
given according to the outcome of the randomization procedure, which is unknown
both to the interviewer and to the researcher and, consequently, respondents’ privacy
is preserved.

Since Warner’s pioneering work, a large number of RR mechanisms have been
considered, with continual innovations of existing devices as well as novel proposals.
Such procedures have been amply discussed, for example, by Fox and Tracy (1986),
Chaudhuri and Mukerjee (1988), Chaudhuri (2011) and Chaudhuri and Christofides
(2013). Contextually, many studies have assessed the validity of RR methods, showing
that they can produce more reliable answers than conventional data collection methods
(e.g., DQ in face-to-face interviews, self-administered questionnaires with paper and
pencil and computer-assisted self-interviews). In this respect, see van der Heijden
et al. (2000), Lara et al. (2004) and Lensvelt-Mulders et al. (2005), to name just a few.
Finally, let us note that considerable use is made of the RRT and its variants in real-life
studies of a great variety of topics including, for instance, the use of drug, athletic and
cognitive performance-enhancing substances (Goodstadt and Gruson 1975; Kerkvliet
1994; Simon et al. 2006; Striegel et al. 2010; James et al. 2013; Stubbe et al. 2013; Dietz
et al. 2013; Shamsipour et al. 2014), the estimation of the prevalence of fraud in the
area of disability benefits (van der Heijden et al. 2000; Lensvelt-Mulders et al. 2006),
racial prejudice in Germany (Ostapczuk et al. 2009; Krumpal 2012), the impact of
HIV/AIDS infection in Botswana (Arnab and Singh 2010), the prevalence of induced
abortion in the United States, Mexico, Botswana, Taiwan and Turkey (Lara et al.
2006; Oliveras and Letamo 2010), voting turnout (Holbrook and Krosnick 2010a),
tax evasion (Houston and Tran 2001; Korndorfer et al. 2014), plagiarism in Swiss and
German student papers (Jann et al. 2012), induced abortion and irregular immigrant
status among foreign women in Calabria (Perri et al. 2016) and the illegal use of natural
resources (Chaloupka 1985; Schill and Kline 1995; Solomon et al. 2007; Blank and
Gavin 2009; Arias and Sutton 2013; Conteh et al. 2015).

Despite the good reputation that the RRT has acquired over time as a tool to obtain
reliable data while protecting respondents’ confidentiality, avoiding unacceptable rates
of nonresponse and reducing social desirability response bias, the approach, at least in
its basic idea, suffers from some inadequacies that have limited its complete acceptance
among survey statisticians and practitioners. The main limitations may be summarized
in the following points: (i) RRT surveys are, in general, more time-demanding and
costly than other types of survey modes; (ii) RRT estimates are subject to greater
sampling variance (i.e., lower efficiency) than DQ estimates. This loss of efficiency
represents the cost of obtaining more reliable information by reducing response bias.
Consequently, achieving estimates which are comparably efficient with those obtained
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under DQ may require a considerably larger sample with the consequent increase in
cost, an aspect which is rarely acceptable; (iii) RRT surveys lack reproducibility, in the
sense that the same respondent may give different information if asked to repeat the
survey. This is because his/her answer depends on the outcome of the randomization
device. Hence, conditioned to a selected sample of respondents, the estimation process
may yield different estimates according to the outcome of the device; (iv) lack of under-
standing and trust among respondents. Chaudhuri and Christofides (2007) observed
that the RRT basically asks respondents to provide information that may seem use-
less or even deceitful. When the respondent does not understand the mathematical
logic underlying the technique, then the entire procedure may be suspect, leading the
respondent to believe there might be a way for the interviewer to determine his/her
exact status regarding the sensitive characteristic by processing the response provided.
Moreover, respondents may not understand the instructions for using the RR device
and/or not trust the privacy protection offered. Hence, they might intentionally refuse
to participate in the survey or break the rules of the RR design; (v) RR procedures
require a randomization device to drive the answer. In Warner’s original model, the
suggested device was a spinner but any other physical device, like dice, a deck of cards
or colored numbered balls, could be used. Using physical devices limits the application
of the RRT exclusively to face-to-face personal interviews and may also be more time
consuming (the procedure must be explained to each survey participant) and costly
(the devices must be obtained) than DQ. Other means of survey administration, such
as telephone interview, self-administered mail questionnaire and internet-delivered
interviews, seem to be precluded. In addition, respondents could find it difficult to
use a physical device, for instance due to reduced motor capacity, or be suspicious of
using something provided by the interviewer.

Mindful of these drawbacks, alternative indirect questioning techniques have been
proposed which overcome some of the limitations affecting the RRT and enable sen-
sitive information to be acquired while preserving respondents’ confidentiality. Such
alternative methods are encompassed in different approaches which include the nom-
inative technique (Miller 1985), the three card method (Droitcour and Larson 2002),
the nonrandomized response technique (Tian and Tang 2014) and the item count tech-
nique (hereafter ICT; Raghavarao and Federer 1979; Miller 1984; Droitcour et al.
1991). All of these alternatives were originally conceived for surveys requiring a
“yes” or “no” response to a sensitive question, or a choice of responses from a set of
nominal categories, and do not address quantitative sensitive characteristics. Recently,
Chaudhuri and Christofides (2013) and Trappmann et al. (2014) have proposed a gen-
eralization of the ICT that can be used to survey a quantitative sensitive characteristic
and to estimate its mean. This variant of the ICT is called the item sum technique
(hereafter IST) and is the focus of the present article, which has a twofold aim: (i) to
provide a general framework for the IST by extending the results of Chaudhuri and
Christofides (2013) and Trappmann et al. (2014) from simple random sampling to a
generic complex sampling design; (ii) to investigate the effectiveness of employing
auxiliary information to improve, without incurring additional costs or increasing the
sample size, the efficiency of estimates when the IST is used to obtain data from a
complex survey. The first of these study aims is motivated by the fact that real sur-
veys are customarily conducted by using complex sampling designs such as stratified
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and/or cluster sampling, with units selected according to a specific varying probability
scheme. The second concerns the fact that, in sampling practice, DQ techniques for
collecting information about nonsensitive characteristics make use of auxiliary vari-
ables to improve sampling designs and to achieve higher precision in the estimates
of unknown population parameters. Nevertheless and although a number of proposals
have been made to improve the estimation of the population proportion and the pop-
ulation mean of sensitive variables in the RRT (see, among others, Diana and Perri
2009, 2010, 2011, 2012; Perri and Diana 2013), very few such procedures have been
suggested to improve the performance of the IST. To the best of our knowledge, there
is only the paper by Trappmann et al. (2014) who outlined a procedure to estimate
regression models for the IST, and that of Hussain et al. (2017) who discussed ratio,
product and regression methods. Hence, we seek to fill this gap, giving prominence to
the use of auxiliary information.

The rest of this article is organized as follows. Sections 2 and 3 describe the ICT
and the IST, respectively. In Sect. 4, we discuss methodological advances for IST
estimation under a generic sampling design. Specifically, a Horvitz—Thompson-type
estimator is examined in Sect. 4.1, a calibration-type estimator is proposed in Sect. 4.2,
and in Sect. 4.3 the calibration approach is employed for domain estimation. The results
of various simulation experiments are presented and commented in Sect. 5. In par-
ticular, Sect. 5.1 includes: (i) a numerical comparison of DQ, IST and RR estimates
under three sampling designs; (ii) an analysis of the effect on the Horvitz—Thompson
and calibration-type estimators caused by the presence of a different correlation coef-
ficient between the target variable and the innocuous variable; (iii) an analysis of the
performance of the Horvitz—Thompson and calibration-type estimators for the domain
of interest. Section 5.2 is then devoted to an analysis of just the IST calibration esti-
mators, investigating their performance when the number of nonsensitive variables
used in the IST design is increased. The accuracy of the variance estimator is also
investigated. Section 6 concludes the paper with some final remarks.

2 The item count technique

Assume that the researcher wishes to use the ICT to determine the prevalence of a
sensitive attribute A in a population, for instance the amount of work performed and
not declared to the tax authorities. The ICT (also known as “the unmatched count
technique,” “block total response” or “list experiment”) was originally conceived by
Raghavarao and Federer (1979) and Miller (1984) and consists of drawing two inde-
pendent samples from the target population, say s1 and s». Without loss of generality,
units belonging to sample s are provided with a long list (LL) of items containing
(G + 1) dichotomous questions, of which G are nonsensitive, while the remaining
one refers to the sensitive attribute A. The sampled units are instructed to consider
the LL, and to count and report the number of items that apply to them (i.e., the num-
ber of “yes” responses) without answering each question individually. Consequently,
respondents’ privacy is protected since their true sensitive status remains undisclosed
unless they report that none or all of the items in the list apply to them. By con-
trast, units belonging to sample s> are asked to make a similar response to a short list
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(SL) of items, containing only the G innocuous questions which are identical to those
present in the LL. The innocuous items should be chosen and worded in sufficient
quantity as to ensure the necessary variability in their application to the units in the
population.

The answers given by samples s1 and s are then pooled to obtain an estimate of the
prevalence 14 of units bearing the sensitive attribute A. An unbiased estimator of 74
is termed the difference-in-means estimator and is obtained as the difference between
the means of the answers in sample s and in sample s5:

A =1 — o (1)

Following Miller (1984), the body of research literature on the subject expanded
rapidly, discussing alternative techniques and item count schemes to increase the effi-
ciency of the estimator of 74 and to overcome some shortcomings of the original
version. For instance, Chaudhuri and Christofides (2007) proposed a modification of
the method aimed at protecting against a possible “negative” value for the estimate,
which might arise from (1), and at increasing privacy protection should all or none of
the (G + 1) items be applicable to a respondent in sample s;. The revised ICT requires
that an innocuous characteristic B, unrelated to the sensitive one and possessed by
a known proportion g of the population, be considered. Then, units in sample s
are presented with a list of (G + 1) items of which the first G are innocuous and the
(G + 1)stitem stands for “I have the characteristic A, or B or both.” Similarly, units
in the second sample s are given a list of (G + 1) items, of which the first G items are
exactly the same as those in sample s; while the (G + 1)st item stands for “I do not
have either characteristic A or B.” Using the same notation as in the original ICT, an
unbiased estimator of 74 is obtained as 74 = [t; — fio + 1 — g. Under this variant,
privacy protection is guaranteed, provided that at least one of the innocuous items
applies. In order to overcome this minimum requirement, Christofides (2015) pre-
sented a new version of the ICT in which respondents’ privacy is fully protected since
no answer reveals whether the sensitive attribute is possessed. Subsequently, Shaw
(2016) revised Chaudhuri and Christofides” method (2007) and proposed a procedure
based on a single sample. Other attempts to improve the ICT and thus contribute
to its growing use among survey practitioners have been made, among others, by
the following: Droitcour et al. (1991) proposed a design in which w4 is estimated
by using two-list experiment applied to the same units in such a way as to reduce
sampling variability; Glynn (2013) suggested an adjustment to the estimator given
in (1) which yields greater efficiency, although at the cost of greater bias; Blair and
Imai (2010) introduced the list R package to conduct statistical analysis for the ICT,
implementing the methods described by Imai (2011), Blair and Imai (2012), Blair
et al. (2014), Imai et al. (2015), Aronow et al. (2015) and Hussain et al. (2012) pro-
vided the variance expression of the estimator 74 under simple random sampling
and suggested an improved ICT that does not require two samples; Aronow et al.
(2015) proposed a method to combine ICT and DQ estimates; Holbrook and Krosnick
(2010b), in order to compare direct and list experiment estimates within the same
target population in a real-world study, randomly split the selected sample into three
groups: the first received the SL, the second received the LL and the third was surveyed
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only by DQ, with no list at all; Chaudhuri and Christofides (2013) discussed a three-
sample procedure, extending the variant suggested by Chaudhuri and Christofides
(2007).

3 The item sum technique

Standard item count methods are primarily used in surveys which require a binary
response to a sensitive question, and seek to estimate the proportion of people bear-
ing a given sensitive characteristic. Nevertheless, in practice many situations may be
encountered in which the response to a sensitive question results in a quantitative
variable. For instance, sensitive questions may refer to the number of extramarital
relationships, the amount of personal income or wealth, the number of times income
taxes are evaded, and so on. For situations like these, Chaudhuri and Christofides
(2013) presented a variant of the ICT, suitable for quantitative sensitive characteris-
tics, that Trappmann et al. (2014) termed the item sum technique (IST) and used in a
CATT survey on undeclared work in Germany. The IST works in a similar way to the
ICT. Two independent simple random samples are drawn from the population. Units
belonging to one of the two samples are presented with the LL of items containing the
sensitive question and a number of nonsensitive questions; units in the other sample
receive only the SL of items consisting of the nonsensitive questions. All of the items
refer to quantitative variables, possibly measured on the same scale as that of the sen-
sitive variable. Respondents are then asked to report the total score of their answers
to all of the questions in their list, without revealing the individual score for each
question. Like the ICT, the mean difference of the answers between the LL-sample
and the SL-sample is then used as an unbiased estimator of the population mean of
the sensitive variable.

Hussain et al. (2017) proposed a one-sample variant of the IST, in which each
of the units in the simple random sample is provided with a list of items and just
one of these items contains queries about stigmatizing and nonstigmatizing variables.
These authors also considered ratio, product and regression estimators to incorporate
auxiliary information into the IST estimation procedure. The one-sample approach to
the IST has also been considered by Shaw (2015).

To the best of our knowledge, to date there have been no other contributions regard-
ing the IST. Motivated by this perceived research gap, and seeking to contribute to
the development of the IST in real-world studies, we suggest some methodological
advances based on the use of auxiliary information at both the design and the estimation
stages. Specifically, we introduce a general framework for estimating the population
mean of a sensitive quantitative variable by assuming that the samples are randomly
obtained under a generic sampling design. Hence, we discuss the use of the calibration
technique to improve the efficiency of the estimates and then extend this calibration
approach to the estimation of domains. In addition, we discuss variance estimation
and the impact on the estimates of including an increased number of innocuous ques-
tions in the list of items. Part of the discussion is based on an extensive simulation
study.
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4 Advances in IST estimation

4.1 Estimation under a generic sampling design: the Horvitz—Thompson-type
estimator

Consider a finite population U = {1, ..., N} consisting of N different and identifiable
units. Let y; be the value of the sensitive character under study, say y, for the ith
population unit. Our aim is to estimate the population mean ¥ = N~' }~ iy Vi

Let us assume a generic sampling design p(-) with positive first- and second-
order inclusion probabilities 7r; = »_ ., p(s) and 7;; = } ., : p(s),i,j € U. Let
di = rrl._l denote the known sampling design-basic weight for unit i € U, and E,
and V, the operators expectation and variance under the sampling design p(-). Two
independent samples, s1 and s7, are selected from U according to the design p(-).
One of the samples, say s, is confronted with a LL of items containing (G + 1)
questions of which G refer to nonsensitive characteristics and one is related to the
sensitive characteristic under study. The other sample s, receives a SL of items that
only contains the G innocuous questions. All sensitive and nonsensitive items are
quantitative in nature. Respondents in both samples are requested to report the total
score of all the items applicable to them, without revealing the individual score on each
of the items. Without loss of generality, let ¢ be the variable denoting the total score
applicable to the G nonsensitive questions, and z = y + ¢ the total score applicable
to the nonsensitive questions and the sensitive question. Hence, the answer of the ith
respondent will be z; = y; +1; ifi € s; ort; ifi € s,. We observe that for G = 1, the
variable ¢ simply denotes the innocuous variable and #; its value on the ith unit.

Under the design p(-), let

2 1 2 1
Zyur = N Zdizi and Tgr = N Zditi
€8] [ASRY)

be the unbiased Horvitz—Thompson (hereafter HT; Horvitz and Thompson 1952) esti-
mators of Z = N1 Yiecvi+t)and T = N~y ti, respectively. Hence, a
HT-type estimator of Y can be immediately obtained as:

Yur = Zur — Tur. (2)

From the unbiasedness of Zyr and Ty, it readily follows that the estimator Yyr is
unbiased for Y. In fact

~ ~ ~ 1 1
E)(Yur) = Ep(Zur) — Ep(Tur) = %;zl- -5 2{; t
1 l

= %Z(Zi — 1) = %Z)’i'

ieU ieU

The variance of Yy, as long as the two samples s; and s> are independent, can be
expressed as:
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V,(Yur) = V,(Zur) + Vp(Tur)

= 7 | X A @z + 3 3 agdn @i |

ieU jeU ieU jeU

where A;; = m;; — m;7;. Finally, an unbiased estimator of V(Yqr) is achieved by
means of

WA/,:&HT)Z% ZZAij(dizi)(djzj)+22Aij(diti)(djtj) ,

i€sy jEs] i€sy jes

where Aij = Al‘j/Tl’ij.

4.2 Estimation in the presence of auxiliary information: the calibration-type
estimator

The growing availability of population information derived from census data, admin-
istrative registers and previous surveys provides a wide range of variables that can be
used to increase the efficiency of the estimation procedure. In this respect, a useful
approach is that calibration by which new sampling weights are constructed to match
benchmark constraints on auxiliary variables while remaining “close” to the design-
basic weights (Deville and Sdrndal 1992). Sirndal (2007) provides an overview of
several developments in calibration estimation, showing that this tool can be used to
combine and/or align estimates from different surveys. Calibration is also widely used
as a tool to reduce nonresponse and coverage error. This aspect has been discussed
at length by Sérndal and Lundstrom (2005), and further explored by Kott and Chang
(2010) and, more recently, by Kott (2014).

Let us now discuss how calibration estimation may be extended to address IST
surveys. In so doing, we assume that a vector x of Q auxiliary variables is available from
different sources such that the vector of values x; = (x;1, ..., X; Q)t isknownVi € U.
Additionally, let X = N~! Y icy Xi denote the vector for the known population means
of the Q auxiliary variables. Our goal is to estimate the population mean ¥ by using
the observations of the variables z, ¢ and x in the samples s; and s>, and the known
vector values X in the population. In order to obtain a calibration estimator of Y in the
IST setting, we follow Deville and Sérndal (1992) to obtain a new system of weights
w;j based on sample 5;, j = 1, 2, by minimizing the x? distance function

(@ij —di)*
¢Sj<di,wij>=2#, j=1.2 3)
Y1

ies j
subject to the calibration equations
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1 _
N > wijxi =X, “)

LES)

where the ¢;’s are known positive constants unrelated to the d;’s. Minimization of (3)
under (4) then yields the weights w;; given by:

digiN'x;

wij =d; + N

. J=12 (%)
where A = (A1 ..., Ag)" is the vector of the Lagrange multipliers given by:
A= N2 (X — Xun),

with st =3 es; diqiX; xf and where Xyt denotes the vector of the HT estimators of

the population means X based on the sample s j
According to the calibration weights obtained from (5), we define a calibration-type

estimator of ¥ as: . . .
Yo =Zc —Tc, (0)

where

2 1 2 _ 2 A
Ze = 2 onz = Zur+ (X = Xun)'By,

1ES]
i§ the calibration estimator of Z obtained on the basis of the LL-sample sy, with
le = F;ll Ziem d,'in,'Z,', and

a 1

Te=+ > wint; = Tar + (X — Xur)'B,,

i€

is the calibration estimator of T obtained from the SL-sample s, with ]ASSZ =
Fx_zl > ies, diqiXiti.

Following Deville and Sérndal (1992), it can be shown that the estimator Yc is
asymptotically unbiased for Y and its asymptotic variance is given by:

V,(Ye) = Vp(Ze) + Vp(Tc)

:% ZZAij(diEi)(djEj)+ZZAij(diGi)(dej) ’

ieU jeU ieU jeU

where

-1
E; =z —x;B; with B; = (Zqixixl’) ZQixiZi

ieU ieU
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and

-1
Gi=t — X§B2 with By = (Z q,-x,xf) Zq,’X,‘t,'.

ieU ieU

An estimator for this variance is:

A 2 1 v v
Vp(e) = <5 | 2202 Aijiendep) + 3 Y Aijdigidjg)) | ()

ies) jesi i€sy jEs

where

A

x; By, .

i

ei=zi —X;B;, and g =1 —

4.3 Estimation for domains

As in Sect. 4.1, let U denote the target population from which two samples, s1 and
52, are drawn according to the sampling design p(-). Let U; C U denote a domain
of interest of Ny units, §4; the domain identifier taking the value 1 if i € Uy, and
sjq the subset of s; containing units from Uy, sjq = s; N Ug, with j = 1,2. It is
straightforwardly determined that the sizes of 514 and S24 are random variables.
In order to obtain an estimate of the domain mean Y; = N P Zl cuy Vis let us first
consider, following (2), the HT-type estimator defined as:

HTd— Zd,z,——Zdtl

lES‘]d lEVZd

The estimator f’HT,d is design-unbiased. In fact,

]Ep(;vHT,d) = Z dizi | — — Z dit;

i€S1q [€524
= Zdlzlsdl - Zd 1;84i
i€s] i€sy

= NidZZiSdi - Nidzti(sdi
T DR

leUd lEUd
=— Z(z, ) = Z Vi
lEUd lEUd
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The variance of Yy 4 is given by:

2 1
Vp(Yut,0) = V2 Z Z Aij(dizi)(djzj) + Z Z Aij(diti)(djty) |,

d \ieUy jeUy ieUy jeUy

which can be unbiasedly estimated with

~ 2 1 v v
Vp(Yur,a) = V2 Z Z Ajj(dizi)(djzj) + Z Z A;j(diti)(djt))
d

i€ES1d JESId [€52d4 €S2

This variance may be unacceptably large for certain domains. Notwithstanding,
it may be improved by using calibration when (multi-)auxiliary information on the
domains is available. In this paper, however, we only discuss design-based estima-
tion for sufficiently large domains. If the (random) size of the domain sample s; is
insufficient to meet demands concerning the precision of the estimates, small-area
(model-based) estimation may be needed.

Using the same notation as in Sect. 4.2, if the vector of the population means X is
known in the domain Uy, the domain calibration-type estimator can be defined as:

~ 1 1
Yeu=— E wi12i8di — — E wi21i84i,
Ny - Ny
1ES] 1ES)

where weights w;;, j = 1, 2, are determined by minimizing the x? distance function

(wij — di)*

@, (di, wij) = Z —, j=12
— d;q;
LESjqd
subject to the conditions
- 1
XUd—N— X; = Ndzwljxlsdl
ieUy i€s;

and
Ng = szj&zi, Jj=12.
i€s;
The expressions of Yc,d, of its variance, and of the variance estimator can easily be

obtained by adapting the results given in Sect. 4.2.

5 Simulation study

This section presents two simulation studies to numerically investigate the perfor-
mance of the HT and calibration-type estimators when sensitive quantitative data are
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to be obtained by the IST. The first study is designed to: (i) compare the proposed
IST estimators and a competitor RRT estimator which uses two different scrambling
variables; (ii) evaluate, within the IST framework, the effects of using innocuous items
with different correlations with the target sensitive variable; (iii) evaluate the perfor-
mance of the IST for domain estimation. The second simulation study highlights the
accuracy of the variance estimators and enables us to evaluate the effects of using
more than one nonsensitive item in the calibration setting.

5.1 Simulation 1: comparisons and correlations

The study is based on real data obtained by World Bank Enterprise Surveys compiled
in China between December 2011 and February 2013 (http://www.enterprisesurveys.
org). During this period, 2700 privately owned firms and 148 state-owned firms were
interviewed. The total sales value for 2011 was taken as the study variable (y). In
order to perform the IST procedure, the total annual cost of electricity was taken as
the innocuous variable (¢). The estimation for the entire population and for the study
domains are discussed below. To estimate the population mean Y in the IST setting,
we first calculated the HT-type estimator (2) and compared it with the calibration-
type estimator (6). Calibration was performed with respect to the following auxiliary
variables: total annual sales 3years ago (2009), permanent/full-time workers three
fiscal years ago (2009), and firm’s yearly average inventory of finished goods in 2011.
To determine the cost in terms of loss of efficiency of using the IST to increase
respondents’ privacy protection, we also considered the corresponding estimators of

Y, say )_’HT)_ and fc)_, which were computed on the basis of the true value of the
target variable. Additionally, the HT and calibration-type estimates were compared
with the estimates derived from another indirect questioning method referable to the
RRT. Thus, the responses were assumed to be randomized by the scrambled response
model (SRM) proposed by Bar-Lev et al. (2004). According to this model, the ith
survey unit provides the randomized response z; defined as:

-}y with probability ¢
% =] yiw; with probability 1 — 6,
where w; is a random number generated from the scrambling variable w whose dis-

tribution is completely known to the researcher. Hence, an unbiased HT estimator for
Y is obtained as:

= 1
YsrMm = N Zdiria

with
Z

T o+(-—0W

T
and where W denotes the known mean of w. We assumed 6 = 0.5 and then investi-

gated the performance of the estimates under two different distribution laws for the
scrambling variable w:
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e w ~ Fjg,10 as in Eichhorn and Hayre (1983) and Arcos et al. (2015). We refer to
this choice as SRM;
e w ~ exp(l) as in Rueda et al. (2017). We refer to this choice as SRM».

In our study, available data at firm-level were taken as the target population from
which a sample of size n was selected according to: (i) simple random sampling with-
out replacement (SRSWOR); (ii) stratified SRSWOR; (iii) Midzuno sampling design
(see, e.g., Sukhatme et al. 1984). The sample size ranges from 25 to 200 firms. The
population was then stratified into three industrial sectors, termed “manufacturing,”
“retail” and “other services,” after recoding the available variables. From each stra-
tum, a number of samples were selected according to SRSWOR with proportional
allocation from 5 to 15% of the population size. The Midzuno sampling design was
implemented with first-order inclusion probabilities proportional to the number of
establishments owned by the firm.

In order to evaluate the performance of the HT and calibration estimators
under the DQ, IST and RRT survey modes, the absolute relative bias (RB) and

relatlve mean squared error (RMSE) were computed for the estimator Y* =
YHTyv YC), YHT, Yc, YSRMI, YSRMZ, YC]: YCZ

Ep (V) — s, Ey(Y*—T)?
% and RMSE(pH) = MY =17

2 _
IRB(Y*)| = =

where YC,- denotes the calibration estimator of ¥ under the SRM;, i = 1, 2, while Ej,
denotes the mean operator evaluated on the basis of 10,000 Monte Carlo replications
for different sample sizes.

The results of the simulation study for the three different sampling designs are
illustrated in Fig. 1. Although the behavior of the SRM estimates appears irregular,
there is no evidence of any significant bias for all the estimators considered, at least as
the sample size increases. In fact, for all the estimators, the absolute RB falls within a
reasonable range. In terms of RMSE, the IST estimators perform well. Overall, these
findings are very interesting and highlight the successful use of auxiliary information
at the IST estimation stage. While the HT estimator based on the true values y; slightly
outperforms, as expected, the HT-type estimator based on the IST values z;, the cali-
bration estimators are unexpectedly nearly equivalent, both in terms of (absolute) bias
and of mean squared error. On the other hand, the behavior of the SRM estimators is

less stable and less satisfactory than that of the IST estimator Yyyr. This is particularly
true for the estimates obtained using SRM», which are generally less efficient than

those provided by Y. As regards the estimates under SRM, in some cases across

the three sampling designs, they appear to be slightly more efficient than Yy but, in
general, the IST seems to outperform the RRT approach, at least for the scrambling
models considered in the present study. This results also holds when SRM and IST
estimates are compared under the calibration setting.

For all the estimators considered, it is also evident that using auxiliary information
at the design stage through stratification and sampling with varying probability can
improve the efficiency of the estimates with respect to SRSWOR. In this study, the
improvement obtained by stratification is notable.
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Fig. 1 Performance of the HT and calibration estimators under DQ, IST and RRT survey modes

Finally, the mean squared error of the estimators tendentially decreases as the
sample size increases, which is an evident indication of the consistency of all the
estimates produced.
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We then focused on the IST approach and investigated the influence on the estimates
produced by innocuous variables which exhibit different degrees of correlation with the
target variable. Therefore, the above simulation was repeated, but considering, as well
as the nonsensitive variable “total annual cost of electricity” (t = #; with py,, = 0.753),
the variable “total annual rental cost of machinery, vehicles and equipment” (f = #»
with py;,, = 0.526) and the variable “total annual cost of raw materials” (t = t3 with
Py = 0.811).

The results of the simulation concerning only the performance of the estimators in
the IST framework are illustrated in Fig. 2.

We observe that two HT-type estimators I_’HT] and I?HTZ, which employ #; and 7,
as auxiliary variables, show a similar performance while, when using the auxiliary
variable #3, the efficiency of the estimates decreases. Hence, the choice of which
innocuous variable to use is a matter of some importance for the researcher. On the
contrary, no striking differences are apparent when the IST calibration estimators are
considered, and the results appear to be robust to the choice of the innocuous variable.
For the IST calibrated estimators, the correlation between the target variable and the
calibration variable is more important than that between the target and the innocuous
variable.

Finally, we investigated the behavior of the estimators when we wish to obtain
estimates for population domains. For this purpose, the above study was repeated, but
splitting the firms into domains according to the numbers of employers. In this case,
three domains were considered: small, medium and large firms. Again, we focused
only on the IST approach. For brevity, Fig. 3 shows only the outcomes of stratified
sampling. The results obtained are very similar to those of the first simulation study
and confirm that the IST can also be profitably used in more complex survey situations.

5.2 Simulation 2: focusing on the IST calibration estimator

In the previous simulation study, we ascertained the very good performance of the IST
calibration estimators. Accordingly, we then focused on the calibration approach and
ran a new simulation in order to explore some additional features concerning: (i) the
influence on the estimates of the length of the list; (ii) the accuracy of the variance
estimation.

For this purpose, we considered the population included in Shaw (2015). This
population is composed of N = 117 units and includes, beside the target variable
y, five innocuous variables. To perform the calibration we generated a new variable
(x) correlated with y (pyx = 0.754). The population was stratified into three strata
using the cut-off values 4 and 7 of y. Hence, 10,000 samples of several sample sizes
were selected from the population according to SRSWOR and stratified SRSWOR. In
this process, for each sample, the calibration estimates are obtained by increasing the

number of innocuous items. Let Y, c.c denote the IST calibration estimator for the list

of items which includes G innocuous variables, G =1, ..., 5. Hence, for each ;ng,
we computed the absolute RB and RMSE as in Sect. 5.1.
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Fig.2 Performance of the HT and calibration estimators under DQ and IST survey modes and for different
correlations

The results obtained are shown in Fig. 4. Clearly, the performance of the estimators
strongly depends on the length of the list. As the number of innocuous items increases,
both the absolute RB and the RMSE increase, although the RB always remains within
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Fig. 3 Stratified domain estimates by the HT and calibration estimators under DQ and IST survey modes

an acceptable range of values. The fact that the efficiency of the estimates deteriorates
as the length of the list increases is not surprising, since the more innocuous items are
included, the higher the variance of the total score ¢ reported by the respondents. The
best performance of the estimators is achieved when one or two innocuous variables are
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Fig. 4 Performance of the IST calibration estimators with an increasing number of innocuous items

used to perturb the true sensitive response. With respect to this point, Trappmann et al.
(2014) suggested using a single nonsensitive item in order to improve the efficiency
of the procedure.

Finally, another simulation was run to investigate the behavior of the variance

estimator of Y¢ . This experiment is summarized in the following steps:

1. For all the IST situations considered, calibration-type estimates are computed on
the basis of 50,000 samples selected from Shaw’s population (sample sizes ranging
from 10 to 50 units) according to SRSWOR and stratified SRSWOR. Hence, an

approximation of the true theoretical variance of ?c, G is achieved by the simulated

variance:
50,000

~ 2 2
(Y _ § : vk) v
me(YC,G) = 50,000 P (YC,G Y)

where Y, ék)G is the calibration-type estimate computed on the kth sample and G =

1,...,5;
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Fig.5 Performance of the variance estimator for the IST calibration estimators with an increasing number

2. 10,000 Monte Carlo samples are drawn from Shaw’s population according to
SRSWOR and stratified SRSWOR, and variance estimates @(Y c.G) are computed

as reported in (7);

and

@ Springer

IRB(V(Yc.0))| =

RMSE(V(Yc,6)) =

En(V(Yc.6) = Vsim(Yc.6)

Vsim(iC,G)

En(V(Yc.6) — Vim(Ye.6))>
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Figure 5 shows the behavior of the absolute RB and the RMSE for different sample
sizes and under the two sampling designs.

The absolute relative bias and relative mean squared error for the variance estimates
are computed as:
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Overall, both the absolute RB and the RMSE of the variance estimator for the
suggested IST calibration estimator produce very small values. Moreover, we observe
that: (i) the RMSE decreases as the sample size increases; (ii) the satisfactory behavior
of the variance estimator does not seem to be affected by the increased number of
innocuous variables used to perform the IST.

6 Conclusions

This article describes advances that may be achieved in the use of the IST when
auxiliary information is available for the entire population, at no additional cost. This
situation is very common in sampling practice and has given rise to many papers
discussing the situation when nonsensitive parameters must be estimated. However, to
the best of our knowledge, very few studies have addressed the question of estimating
a quantitative sensitive characteristic when using the IST and auxiliary information.
This is probably due to the fact that the IST has only recently been introduced, as a
variant of the much better known ICT, which is suitable for collecting data on sensitive
attributes.

In our work, auxiliary information is employed at both the design and the estima-
tion stages. In particular, under a generic sampling design, we introduce, for a two-list
experiment, a Horvitz—Thompson-type estimator and a calibration-type estimator in
order to efficiently estimate the mean of a sensitive quantitative variable. The per-
formance of the proposed estimators is analyzed extensively by means of simulation
experiments based on two data sets. Specifically, the efficiency of the two estimators
based on “perturbed data” is compared with that of analogous estimators based on
“true data.” This comparison is then extended to include the RRT, an indirect ques-
tioning mode that represents an alternative to the IST. This comparison is effected
under different sampling designs. The results arising from the simulation study are
very interesting and promising. For the data considered, at least, our findings reveal
that IST surveys can provide estimates which are nearly as efficient as those obtained
from a DQ survey while, in general, outperforming RRT estimates. This is particu-
larly true for the calibration-type estimators. Accordingly, we further investigated the
behavior of these estimators by running additional simulations in order to assess vari-
ance estimation and the impact made on the estimates when the number of innocuous
variables is increased.

The idea of using calibration in the IST is certainly original and merits future
research attention. We hope that the promising results obtained from this study will
encourage academics and researchers to incorporate our proposal into applied studies,
to gain a better understanding of the potential of the IST in real-world analyses and
to contribute to extending its use as an alternative indirect questioning technique in
surveys.
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