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Abstract

Background Survey studies in medical and health sciences predominantly apply a conventional direct questioning
(DQ) format to gather private and highly personal information. If the topic under investigation is sensitive or even
stigmatizing, such as COVID-19-related health behaviors and adherence to non-pharmaceutical interventions

in general, DQ surveys can lead to nonresponse and untruthful answers due to the influence of social desirability bias
(SDB). These effects seriously threaten the validity of the results obtained, potentially leading to distorted prevalence
estimates for behaviors for which the prevalence in the population is unknown. While this issue cannot be completely
avoided, indirect questioning techniques (IQTs) offer a means to mitigate the harmful influence of SDB by guarantee-
ing the confidentiality of individual responses. The present study aims at assessing the validity of a recently proposed
IQT, the Cheating Detection Triangular Model (CDTRM), in estimating the prevalence of COVID-19-related health
behaviors while accounting for cheaters who disregard the instructions.

Methods In an online survey of 1,714 participants in Taiwan, we obtained CDTRM prevalence estimates via an Expec-
tation-Maximization algorithm for three COVID-19-related health behaviors with different levels of sensitivity. The
CDTRM estimates were compared to DQ estimates and to available official statistics provided by the Taiwan Cent-

ers for Disease Control. Additionally, the CDTRM allowed us to estimate the share of cheaters who disregarded

the instructions and adjust the prevalence estimates for the COVID-19-related health behaviors accordingly.

Results For a behavior with low sensitivity, CDTRM and DQ estimates were expectedly comparable and in line

with official statistics. However, for behaviors with medium and high sensitivity, COTRM estimates were higher

and thus presumably more valid than DQ estimates. Analogously, the estimated cheating rate increased with higher
sensitivity of the behavior under study.

Conclusions Our findings strongly support the assumption that the CDTRM successfully controlled for the validity-
threatening influence of SDB in a survey on three COVID-19-related health behaviors. Consequently, the CDTRM
appears to be a promising technique to increase estimation validity compared to conventional DQ for health-related
behaviors, and sensitive attributes in general, for which a strong influence of SDB is to be expected.
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Introduction
In recent years, the daily lives of large segments of the
global population have been severely impacted by the
effects of the COVID-19 pandemic. Seeking to mitigate
the spread of the SARS-CoV-2 coronavirus, government,
and public health institutions provided behavioral rec-
ommendations, restrictions, and protective measures,
including physical distancing, wearing masks, following
personal hygiene rules, getting vaccinated, and isolating
in case of a positive test. To evaluate the effectiveness
of these measures, obtaining valid prevalence estimates
for people’s compliance with such interventions is of
the utmost importance. To this end, numerous online
surveys based on conventional self-reporting in a direct
questioning (DQ) format have been conducted [1-6].
When answering questions on COVID-19-related
issues, and generally, on the adherence to non-phar-
maceutical interventions, respondents should primar-
ily refer to their actual behavior; yet, responses are also
likely influenced by personal beliefs, attitudes and
expectations. These influences can have dramatic con-
sequences for the validity of the results obtained if the
topic under investigation is perceived as highly sensitive.
To this end, [7] assume that the perceived sensitivity of a
question is mainly determined by its intrusiveness, threat
of disclosure, and social desirability. For example, a ques-
tion about an individual's COVID-19 vaccination status
will likely be perceived as intrusive and therefore highly
sensitive by participants who consider health-related
information as something innately private. The perceived
threat of disclosure reflects personal concerns about
potential consequences associated with either answer
option; for example, if revealing one’s vaccination status
likely results in negative consequences such as legal sanc-
tions or social stigma, this will result in high perceived
sensitivity. Finally, a topic will be perceived as sensitive
if one of the answer options is regarded as more socially
desirable than the other; for example, if a respondent
decided against a vaccination while the social norm is to
get vaccinated, the respondent may perceive a question
about the individual vaccination status as highly sensi-
tive. As a consequence, when questioned about sensitive
behaviors, some participants might decide in favor of
protecting their individual privacy by denying a response.
Alternatively, as nonresponse may also be perceived as
indicative of a specific sensitive behavior, some partici-
pants might provide an answer that is socially desirable
rather than truthful. This response behavior is typically
referred to as social desirability bias (SDB) and results
in the underreporting of socially undesirable, as well as
the overreporting of socially desirable behaviors, respec-
tively. In DQ surveys on COVID-19-related behaviors
as well as sensitive issues in general, nonresponses and
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untruthful responses represent nonsampling errors that
are chronically difficult to address; these errors severely
threaten data quality and, therefore, the validity of results
obtained in subsequent analyses.

Anonymous online survey situations make direct dis-
approval highly unlikely because of the absence of social
peers. However, cognitive dissonance due to participants’
actions contradicting social norms can still lead to misre-
porting. For example, overreporting of desirable behav-
iors has been shown to inflate estimates of COVID-19
vaccination rates in specific populations [8]. In other
populations, the individual vaccination status may be
perceived as less (or non-) sensitive, resulting in an
attenuated influence of SDB. Understanding and address-
ing these complex issues is essential for obtaining accu-
rate prevalence estimates for COVID-19-related health
behaviors in a population under study. In summary,
researchers from the medical, health, and social sciences
must carefully and thoroughly consider all aspects of the
data collection process, and should specifically focus on a
potentially harmful influence of nonsampling errors if the
topic under investigation may be perceived as sensitive.

While nonresponse and untruthful responses can
hardly be completely avoided, numerous approaches
have been developed to mitigate their negative influence
by guaranteeing the confidentiality of individual answers,
and thereby increasing respondents’ cooperation (for an
overview, see [9, 10]). One promising approach is given
by indirect questioning techniques (IQTs), a class of
data-collection methods that rely on the randomization
of individual answers. These techniques allow partici-
pants to truthfully respond to sensitive questions without
revealing anything about their true status with respect to
the behavior under study.

Questions in the randomized response technique
(RRT) format, the first IQT introduced by [11], rely on
randomization of individual answers to maximize confi-
dentiality and cooperation, but at the cost of lower esti-
mation efficiency. When answering an RRT question,
participants are instructed to use a randomization device
(e.g., a die or a spinner) to determine whether to respond
to a positively or negatively formulated sensitive state-
ment. Since the individual outcome of the randomization
remains unknown to the experimenter, respondents can
reply “true” or “false” without revealing their true sta-
tus regarding the sensitive attribute, thereby guarantee-
ing confidentiality of individual answers and presumably
increasing the willingness to respond truthfully. The dis-
tribution of randomization outcomes is however known
to the experimenter, thereby allowing for estimating the
prevalence of the sensitive attribute on sample level with
potentially higher validity than with a conventional DQ.
IQTs are expected to provide higher and thus presumably
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more valid prevalence estimates for socially undesirable
attributes (“more-is-better” assumption) and lower esti-
mates for socially desirable attributes (“less-is-better”
assumption). However, the “more-is-better” and “less-
is-better” assumptions may fail in cases where the direc-
tion of SDB is unclear. Recent evidence suggests that the
“more-is-better” principle may be problematic, as the
validity of estimates could be threatened by false posi-
tives and false negatives [12].

Since Warner’s original model [11], many advanced
IQTs have been proposed that aim at further improv-
ing prevalence estimation for sensitive attitudes and
behaviors (comprehensive overviews are provided in the
monographs by [13-20]). Relating to the purposes of the
current work, several previous studies in the field of pub-
lic health policies and services have investigated whether
SDB influences self-reports of compliance with non-
pharmaceutical interventions. Specifically relevant here
are studies that used the indirect questioning approach to
investigate potentially sensitive attributes in the context
of the COVID-19 pandemic (e.g., [8, 21-24]).

In the present paper, we applied the recently proposed
Cheating Detection Triangular Model (CDTRM) [25]
to estimate the prevalence of several COVID-19-related
health behaviors in an online survey in Taiwan, and
experimentally compared its performance to a conven-
tional DQ control condition. Extending on the results of
the work cited above, the application of the CDTRM in
our study not only allows to control for nonresponse and
SDB, but also for a dual assessment of the influence of
social desirability on self-report data. First, this influence
is visible in the form of differences between CDTRM and
DQ prevalence estimates for sensitive behaviors; sec-
ond, the CDTRM allows for the direct estimation of the
proportion of respondents who are non-compliant to
the instructions and provide a self-protective response
(referred to as “cheaters” in the CDTRM framework) by
means of a dedicated model parameter.

The Cheating Detection Triangular Model

While IQTs generally aim at increasing respondents’
cooperation in sensitive surveys and reducing nonre-
sponse and untruthful responding, many of the available
models do not account for potential problems during the
answering process and introduce new issues to be ade-
quately considered.

The validity of IQTs such as the original RRT by [11],
basically relies on two tacit assumptions: (i) all survey
participants are completely honest when answering the
statement chosen by the randomization procedure; (ii) all
participants correctly execute the instructions prescribed
by the procedure. However, some respondents may fail to
understand the instructions and unintentionally provide
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an answer that does not actually apply to them. Others
may distrust the method because they do not understand
how it protects the confidentiality of their answer; some
may even believe that there is a mathematical trick that
somehow links their response to a specific status with
respect to the sensitive attribute. Consequently, these
respondents might deliberately disregard the instructions
and resort to a presumably self-protective response (e.g.,
“no” in the sense of “I don’t possess the sensitive attrib-
ute”), irrespective of the randomization outcome. In gen-
eral, respondents who, for one reason or another, do not
adhere to instructions are widely referred to as “cheaters”.
Outside the field of IQT research, the term “cheating”
often carries negative connotations, implying that survey
participants are intentionally behaving in an undesirable
manner. However, it is important to recognize that par-
ticipants have the right to choose responses that do not
accurately represent their true behavior, and that such a
choice is not inherently negative but may merely reflect
a self-protective answering strategy. In the context of the
CDTRM, the term “cheating” refers to non-compliance
with the method’s instructions, which could stem from
either insufficient comprehension of the somewhat com-
plex procedure, or mistrust towards the confidentiality
protection of individual answers. Thus, in this study, we
use the term “cheating” to denote non-compliant answer-
ing behavior.

Empirical studies have shown that participants’ trust
towards, and comprehension of, IQTs is often far from
perfect [26], potentially resulting in questionable data
quality. While compared to conventional DQ, IQTs are
plausibly expected to attenuate the problem of cheating
on the instructions, any substantial cheating rate may still
negatively affect the prevalence estimates obtained by
introducing a form of bias that needs to be controlled for.
Hence, more sophisticated IQTs have been proposed that
allow for detecting and estimating the share of cheaters
in the sample. Among these are the Cheating Detection
Model (CDM) [27] and the Stochastic Lie Detector [28],
empirically applied by, for example, [23, 25, 26, 29-31].
As a current advancement of the IQT method, [25]
recently proposed the CDTRM with the cheating detec-
tion mechanism of the CDM. Without loss of generality,
let us consider here and ahead a survey that requires a
binary response (“true” or “false”) to a sensitive state-
ment, with a “true” response implying carrying the sensi-
tive attribute.

In the CDM format, respondents are presented with
a sensitive statement with unknown population preva-
lence 1 (e.g., “I have at least once tested positive for
COVID-19”) as well as a nonsensitive statement used
for randomization (e.g., “I was born between January
and April”). The answer to the randomization statement
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determines whether they are instructed to respond hon-
estly to the sensitive statement with probability p (e.g.,
if they were born between January and April, p = 4/12),
or to simply answer “true” with probability 1 — p (if they
were born in any other month, 1 — p = 8/12) irrespec-
tive of their true status. Note that the randomization
probability p denotes a design parameter with known
value as it is controlled by the researcher. In addi-
tion, the CDM accounts for the possibility that some
respondents disregard the instructions. Accordingly, the
population is ideally classified into three nonoverlap-
ping groups. The first two groups consist of respond-
ents following the instructions, that is, honest carriers
(in a proportion equal to ) and honest noncarriers of
the sensitive attribute (in a proportion equal to 8). The
third group represents cheaters (in a proportion equal
to y =1—m — B), that is, respondents who disregard
the instructions and choose the self-protective response
(“false”), possibly due to insufficient trust or understand-
ing. Notably, the true status of cheaters with respect
to the sensitive attribute remains unknown; it is pos-
sible that none, some, or all of them carry the sensitive
attribute. Therefore, it can be reasonably assumed that
the true population prevalence of the sensitive attribute
falls between the lower bound of 7 (if no cheater is a car-
rier) and the upper bound of 7 + y (if all cheaters were
carriers), so that # < n <m 4+ y. As the CDM has two
unknown parameters that need to be estimated (7 and
y), two independent samples s; and s, with different ran-
domization probabilities (p1 # p2) are required.

The Triangular Model (TRM) [32] was designed to pro-
vide comparatively simple instructions. Thereby, instead
of a post-hoc detection of cheaters in the sample (e.g.,
via the cheating detection mechanism of the CDM), the
TRM aims at reducing the cheating rate preventively by
maximizing respondents’ comprehension. Using the same
example as for the CDM, the TRM presents respond-
ents with two statements simultaneously: the sensitive
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statement A with unknown population prevalence 7 (e.g.,
“I have at least once tested positive for COVID-19”) and
a nonsensitive statement B with known prevalence p
used for randomization (e.g., “I was born between Janu-
ary and April”). In a joint response to both statements A
and B, participants are then simply required to indicate
whether “at least one of the statements is true” or “none of
the statements is true” While the second response option
(“none of the statements is true”) can of course be chosen
truthfully, it is also a self-protective option that precludes
being a carrier of the sensitive attribute.

The CDTRM now combines the favorable properties
of the CDM and the TRM aiming at: (i) maximizing the
proportion of respondents adhering to the instructions
(i.e., minimizing the cheating rate); (ii) detecting the
proportion of nonadherent respondents (i.e., the cheat-
ing rate); and (iii) providing a lower and an upper bound
for the prevalence estimate of the sensitive attribute,
thereby accounting for the estimated prevalence of cheat-
ers. In analogy to the CDM, respondents in the CDTRM
framework are reasonably classified into the three
groups of honest carriers (proportion ), honest non-
carriers (proportion ), and cheaters (proportion y, with
7 + B+ y = 1); they receive the same instructions and
answer options as in the TRM, while cheaters who delib-
erately try to conceal their status are expected to choose
the self-protective option “none of the statements is true”
irrespective of the instructions. As in the CDM, estimat-
ing two unknown parameters in the CDTRM requires
two independent samples s; and sy with different rand-
omization probabilities (p1 # p2). A graphical represen-
tation of the CDTRM is provided in Fig. 1. It is worth
observing that the model assumptions of the CDM and
the CDTRM are actually far more liberal than those of
competing models incorporating different types of cheat-
ing such as, e.g., the Stochastic Lie Detector [28], which
assumes that only carriers have a motivation to cheat,
while all non-carriers respond with perfect honesty.

bi “At least one true”
Honest Carrier <
“At least one true”

il 1-— Di
s bi “At least one true”
Honest Non-carrier <:
1—-p; “None true”
Y pi “None true”
Non-adherent
respondents
1—p; “None true”

Fig. 1 Tree diagram of the CDTRM
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In order to derive the estimates for 7, 8 and y in a
closed-form framework, let A4; be the probability of
responding “at least one of the statements is true” in the
sample s; selected according to a simple random sampling
design with replacement, i = 1,2:

i =T + Bpi.

Solving a system of two equations in the unknowns 7
and g yields to:

M=
p1— Pz'

A — A
_— 1P2 2P1
pP2—p1

and 8=

From 7 4+ B8 + y = 1, it readily follows that:

Aol —p1) — (1 —p2)
b2 —p1 )

y=1

Replacing 4; with its sample counterpart i represent-
ing the observed proportion of respondents who answer
“at least one of the statements is true” in sample s;, the
method-of-moments unbiased estimators of 7, 8 and y
are straightforwardly obtained as:

. apr—tapt o =
T=—"—" B= and
P2 —p1 P1—p2
. Aa(1 —p1) — 41(1 — p2)
y=1- .

P2 —p1

The corresponding variances of the estimators are:

1 ~ —~
Var(7) = —— |p2Var(41) + p?Var(Ja)|,
() = (o [PAVarCin) + pivar )|
Var(f) = — {Var&l) +Var(12)},
(p1 — p2)?
and
1 ~ .
Var(y) = m [(1 —P1)2Var()»2) + 1 —P2)2Var(/11)],

(1 —2)

~ A
with Var(};) = = while #; denotes the sample

size of sample s;, i = i, 2. The above variance can be esti-
mated unbiasedly by replacing Var(4;) with
2i(1 — A7)

n; —
poses in subsequent analyses, it may also be useful to
obtain the covariance between 7 and y:

v/a\r(z‘) = . Finally, for hypothesis testing pur-

Cov(#, 7) = [0 = poVarG) + @ — po)Vari) |

_
(p1 —p2
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It is worth observing that, while the method-of-
moments provides closed-form solutions and is often
convenient due to its simplicity, the resulting estimates
may not always be feasible. In fact, the estimation pro-
cedure may lead to point and interval estimates for 0
(0 = m, B, y) outside the interval [0,1], which is meaning-
less in practice. The Maximum Likelihood (ML) method
improves on this issue by truncating point estimates to
[0,1] which leads to the estimator:

6* = min (max(O, 9), 1) (1)

However, despite the favorable statistical properties of
the ML method, interval estimates may still fall outside
the interval [0,1]. To overcome this problem, the Expec-
tation-Maximization (EM) algorithm [33, 34] is a broadly
applicable and widely accepted approach to the iterative
computation of ML estimates, which has the advantage
of producing both reliable point and interval estimates
and is often associated with a smaller standard deviation.
In the current work, we derived and applied an EM algo-
rithm to obtain prevalence estimates, standard errors,
and confidence intervals based on CDTRM response
data. Algebraic details about the implementation of
the expectation and maximization steps are provided
in Appendix 1, which is in the supplementary material
available only online.

In the only empirical application of the CDTRM
reported to date [25], the model was shown to produce
higher, and thus potentially more valid, prevalence esti-
mates for experimentally induced cheating behavior than
conventional DQ; moreover, the CDTRM estimate was
substantially closer to the known true value than the DQ
estimate. Finally, in a direct comparison, the CDTRM
was evaluated more favorably than its predecessor mod-
els, the TRM and the CDM. In the CDTRM, a substantial
cheating rate was determined; in contrast, a considera-
tion of cheaters is generally not possible in the TRM,
potentially biasing the prevalence estimates obtained.
Estimation validity was comparable between the CDTRM
and the CDM; however, the CDTRM increased both
objective comprehensibility and subjective evaluation by
participants, presumably due to its simplified instruc-
tions. Against this background, for the current study, the
CDTRM appeared to be a promising means to reduce the
influence of SDB with easy-to-understand instructions,
a dedicated cheating detection mechanism, and a high
level of acceptance by respondents.
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Aims of the current study

Our study aimed at obtaining accurate prevalence esti-
mates for several COVID-19-related health behav-
iors using self-reports. By obtaining potentially
unbiased and comprehensive data on these behaviors,
we intended to contribute to a better understanding of
the COVID-19 situation in Taiwan and, most impor-
tantly, to validate a methodology designed to control for
the influence of socially desirable responding that could
be extended to other similar research questions, for
instance on the adherence to non-pharmaceutical inter-
ventions, and inform public health strategies and meas-
ures. To meet our research objectives, we conducted an
online survey on a sample drawn from the general pub-
lic in Taiwan and collected responses to questions about
three COVID-19-related health behaviors differing in
their assumed level of sensitivity:

+ Topic 1: Having received at least one dose of a
COVID-19 vaccine (low sensitivity);

+ Topic 2: Having at least once tested positive for
COVID-19 (medium sensitivity);

+ Topic 3: Having at least once intentionally concealed
a positive COVID-19 test result from others (high
sensitivity).

While the terms “low’, “medium’, and “high sensitivity”
might suggest a quantitative metric, it should be explicitly
noted here that we chose these terms arbitrarily without
any pretests, for the sole purpose of plausibly ordering
them from least sensitive to most sensitive. This choice
allowed a test of hypotheses pertaining to relative topic
sensitivity; an absolute interpretation of the assumed
sensitivity was not intended, nor it is recommended.

When investigating sensitive issues such as COVID-
19-related health behaviors, it is important to take
potential consequences of the sensitivity of these behav-
iors on participants’ response patterns into account.
To this end, concerns regarding an invasion of pri-
vacy, stigmatization, and negative legal or social con-
sequences can result in nonresponse, untruthful, or
biased responses, threatening the validity of the results
obtained. Online surveys such as the current one are
expected to result in comparatively high levels of per-
ceived anonymity, confidentiality, and trust among
participants. In contrast to nonanonymous personal
interviews, participants generally do not have to fear
direct disapproval from interviewers or any third par-
ties due to their absence during the online survey situa-
tion. However, even in anonymous online surveys, some
participants choose to respond dishonestly to sensitive
questions in DQ format, or not respond at all, in an
effort to present themselves in a socially desirable light.
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Against this background, the conventional DQ survey
mode appears inappropriate for assessing the preva-
lence of sensitive behaviors because of its susceptibility
to nonresponse and response biases.

To address this issue, we applied the CDTRM, an IQT
designed to increase response rates and control for the
harmful influence of SDB in sensitive surveys. In an
experimental design, the prevalence estimates obtained
in a CDTRM condition were compared to estimates
from a DQ control condition, as well as to available
official data provided by the Taiwan Centers for Dis-
ease Control. To evaluate the validity of the estimates
obtained and the effectiveness of the CDTRM to con-
trol for SDB, we resorted to a comparative validation
approach (i.e., the “more-is- better” criterion for socially
undesirable behaviors). Additionally, we estimated the
cheating rate associated with each of the topics under
study, that is, the share of participants who disregarded
the instructions and provided a self-protective response
to CDTRM questions. Finally, we conducted exploratory
analyses to examine the influence of potential modera-
tors such as gender and age.

In summary, our study was designed for the empiri-
cal evaluation of two research questions. Specifically, we
intended to assess whether:

1. For socially undesirable COVID-19-related health
behaviors, prevalence estimates obtained in the
CDTRM condition are higher and thus presumably
more valid than estimates obtained in the DQ control
condition.

2. The difference between CDTRM and DQ preva-
lence estimates, as well as the CDTRM cheating
rate, increase with higher levels of topic sensitivity.
Specifically, both the difference between CDTRM
and DQ estimates and the CDTRM cheating rate are
expected to be negligible or small for Topic 1 with
low sensitivity, larger for Topic 2 with medium sensi-
tivity, and largest for Topic 3 with high sensitivity.

The following section provides a detailed description of
the methodology applied in the current study including
all relevant details of the survey design and the data col-
lection process. Subsequently, we will present the results
obtained and discuss their implications.

Methods

Participants and procedure

Our study was part of the probability-based web panel
conducted by the Center for Survey Research (CSR)
at the Research Center for Humanities and Social Sci-
ences, Academia Sinica, Taiwan. This panel includes
respondents who have previously been selected for
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Table 1 Distribution of demographic variables by experimental condition
General sample DQ CDTRM
(n=1,714) (npo = 573) (m +ny=1,141) x2Test
Frequency Percentage Frequency Percentage Frequency Percentage (p-value)
Gender
Male 821 47.90 272 4747 549 48.12 0.041
Female 893 52.10 301 52.53 592 51.88 (.804)
Age (years)
Age18 — 34 465 2713 152 26.53 313 2743 0432
Age 35 —49 720 42.01 247 43.11 473 4146 (.806)
Age 50 or older 529 30.86 174 30.36 355 31.11
Education
College degree or lower 449 26.20 140 2243 309 27.08 1.564
Bachelor's degree 825 48.13 279 48.69 546 47.85 (457)
Master’s degree or higher 440 2567 154 26.88 286 25.07

probability-based samples and participated in sur-
veys conducted by CSR using various methods such as
face-to-face interviews, telephone, and online surveys
via short message services. An initial sample of 3,296
adults at least 18 years of age (1,102 [33%] assigned
to the DQ and 2,194 [67%] to the CDTRM condition)
received an invitation email from CSR to participate
in the survey; data were collected online from Octo-
ber 11 to 25, 2022. At the beginning of the survey,
participants were explicitly informed about the con-
fidentiality of their responses, and were assured that
all information they provided would only be used in
a strictly anonymized format, and exclusively by the
research group that conducted the survey. Ethical
approval for the survey was obtained from the Institu-
tional Review Board on Humanities and Social Science
Research at the Academia Sinica, Taiwan (No. AS-IRB-
HS07-111165). All participants who completed the
survey received financial compensation in the form of
a NT$50 e-voucher for a convenience store, right after
submitting their responses. The mean time respondents
needed for completing the survey was 14 minutes.
After removing invalid email addresses and incom-
plete data sets, a final sample of 1,714 participants
(response rate: 52%) was obtained and used for subse-
quent analyses. Of these participants, 52% identified as
female; with respect to age group, 27% reported to be
18-34 years old, 42% 35-49 years old, and 31% 50 years
or older. These respondents provided complete infor-
mation for all questions of the online survey described
below, including the three questions assessing sensitive
COVID-19-related health behaviors. An analysis of the
allocation of the final sample to experimental condi-
tions revealed that npg = 573 (33%) respondents were

assigned to the DQ control condition, and 1,141 (67%)
respondents to the CDTRM condition; within the
CDTRM condition, n; = 545 (32%) respondents were
assigned to sample s; with randomization probability
p1 =5/6, and ny = 596 (35%) to sample sy with rand-
omization probability py = 1/6.

The final sample size and the allocation of respondents
to experimental conditions ensured sufficient statisti-
cal power for estimating the prevalence of the behaviors
under study. This assumption is supported by the power
analyses for the CDM - which is mathematically equiva-
lent to the CDTRM used in our study — discussed in [35].
In the final sample, there were no significant differences
between experimental conditions with respect to the dis-
tribution of the demographic variables gender, age group,
and educational achievement (see Table 1).

Materials and design

The online questionnaire began with a brief introduc-
tion explaining the purpose and content of the study, as
well as questions on demographic variables, and contin-
ued with questions on participants’ personal satisfac-
tion with respect to general well-being (quality of life
and happiness) and environmental factors (air quality,
behaviors, and attitudes towards air pollution). Par-
ticipants were then surveyed about the three COVID-
19-related health behaviors in either CDTRM or DQ
format, depending on the experimental condition they
had been assigned to. In the CDTRM condition (sam-
ples s1 and s, respectively), a training phase preceded
the actual questions on COVID-19-related behaviors.
In this phase, participants first received comprehen-
sive instructions and an explanation of how the novel
CDTRM format protected the confidentiality of their
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answers. Subsequently, participants were presented
with two fictitious examples and a total of three ques-
tions pertaining to these examples, which were designed
to measure objective and subjective comprehension of
the instructions. Details on the comprehension ques-
tions and a discussion of the potential influence of
instruction comprehension are provided in Appendix 2.
After the training phase was over, participants in the
CDTRM condition with randomization probability p;
(sample s1) were assured that their status with respect to
the statements used for randomization (their own month
of birth, and that of their parents) were not known and
would not be asked for. Subsequently, they were required
to answer the three questions on COVID-19-related
health behaviors adhering to the following instructions:

CDTRM question 1: (for Topic 1 with low sensitivity)

Please think about your previous behavior with respect
to a COVID-19 vaccination. You are now presented with
two statements labeled Statement A and Statement B:

— Statement A: I have received at least one dose of
a COVID-19 vaccine.

— Statement B: I was born between January and
October.

Instead of answering each statement individually, pro-
vide a joint response to both statements simultaneously.
Please choose one of the following response options:

1. Both statements are false.
2. At least one statement is true, irrespective of
which one.

CDTRM question 2: (for Topic 2 with medium sensitivity)

Please think about your previous COVID-19 test
results. You are now presented with two statements
labeled Statement A and Statement B:

— Statement A: I have at least once tested positive
for COVID-109.

— Statement B: My father was born between Janu-
ary and October.

Instead of answering each statement individually, pro-
vide a joint response to both statements simultaneously.
Please choose one of the following response options:

1. Both statements are false.
2. At least one statement is true, irrespective of
which one.
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CDTRM question 3: (for Topic 3 with high sensitivity)

Please think about your previous behavior with
respect to the nondisclosure of COVID-19 test
results. You are now presented with two statements
labeled Statement A and Statement B:

— Statement A: I have at least once intentionally con-
cealed a positive COVID-19 test result from others.

— Statement B: My mother was born between Jan-
uary and October.

Instead of answering each statement individually, pro-
vide a joint response to both statements simultaneously.
Please choose one of the following response options:

1. Both statements are false.
2. At least one statement is true, irrespective of
which one.

For participants in the CDTRM condition with ran-
domization probability p, (sample s3), instructions and
questions were identical to the participants in sample con-
dition s; (with randomization probability p;) with the only
exception that the nonsensitive Statement B used for rand-
omization referred to the birth month of respondents and
parents falling into November or December (p2 = 1 — p1).

Participants in the DQ control condition were pre-
sented with the three sensitive statements only (identi-
cal to Statement A in each of the examples above) and
required to respond either “True” or “False”. The wording
of the statements was as follows:

DQ question 1: I have received at least one dose of a
COVID-19 vaccine.

DQ question 2: I have at least once tested positive for
COVID-19.

DQ question 3: I have at least once intentionally con-
cealed a positive COVID-19 test result from others.

The three questions on COVID-19-related health
behaviors were presented in consistent and identical
order in all experimental conditions.

Statistical analyses

In the current study, we provided a plausible range for the
prevalence estimate of three COVID-19-related health
behaviors among Taiwanese individuals in a CDTRM
and a DQ control condition as described in the previ-
ous sections. To ensure transparency and reproducibility
of our results, we report observed response frequencies
by experimental questioning technique conditions and
demographic subgroups in Appendix 3.
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Table 2 Prevalence estimates for COVID-19-related health behaviors by questioning technique

DQ CDTRM

fino SE 95% Cl 7 SE 95%Cl 7y SE 95%Cl
Topic 1 0.925 0.011 [0.903,0.947] 0.874 0.017 [0.839, 0.906] 0.936 0.026 [0.886, 0.987]
Topic 2 0.384 0.020 [0.344,0.424] 0417 0.026 [0.368,0.471] 0.554 0.041 [0.477,0.640]
Topic 3 0.045 0.009 [0.028,0.062] 0.184 0.023 [0.140,0.229] 0.362 0.039 [0.280, 0.438]

7, denotes the lower bound estimate in the CDTRM condition (if none of the cheaters were carriers of the sensitive attribute: 7, = 7); T denotes the upper bound
estimate (if all cheaters were carriers: Ty = 7 + ¥); SE: the standard error; 95% Cl: the 95% confidence interval

In the CDTRM framework, in addition to estimates for
the share of honest carriers of the sensitive attribute and
honest noncarriers, an estimate for the share of participants
disregarding the instructions and choosing a self-protective
response is provided (cheating rate). Notably, the status
of cheaters with respect to the sensitive attribute remains
unknown; cheaters could be carriers of the sensitive attrib-
ute, noncarriers, or a mixture of both. Consequently, the
true prevalence of the sensitive attribute 7 is expected to fall
within the range of the lower bound 7 (if none of the cheat-
ers were carriers of the sensitive attribute) and the upper
bound v + y (if all cheaters were carriers).

To obtain estimates, standard errors, and confidence
intervals for 7, 8 and y based on observed response data,
we derived and applied an EM algorithm detailed in
Appendix 1. In contrast to other procedures such as, for
example, closed-form estimation or the application of the
function RRuni from the R package RRreq [36], our EM-
based procedure has the advantage that parameter esti-
mates will always fall into the range of [0,1].

To test for significant differences in the population
between the prevalence estimates obtained (7)po in the
DQ condition; 7, = 7 and 7y = 7 + ¥ in the CDTRM
condition), we considered the Z-test statistics

Z:—AZDQ_HLAA and Z:—AWADQ_NL/[\A s
v/ var(ipq) + var(wr) v/ var(npq) + var(wy)

where var(pq) = 1ipQ(1 — pQ)/npq, while var(wr)
and 7y obtained in a bootstrap setting as described in
Appendix 1.

As the majority of comparisons referred to directed
research questions, we mostly applied one-sided tests
representing the expected direction of the differences
between estimates on population level. Specifically, for
the sensitive Topics 2 and 3 for which a substantial influ-
ence of social desirability was to be expected, we tested
the null hypothesis that the lower and upper bound
CDTRM prevalence estimates were identical to the DQ
estimate in the population (npg = 71, npQ = 7y) against
the alternative hypothesis that the CDTRM prevalence
estimates were higher than the DQ estimate (7pg < 7y,

npQ < my). In contrast, for Topic 1, the low sensitivity
of the topic did not suggest any substantial influence of
social desirability bias. Therefore, we had no clear expec-
tations with respect to the direction of potential effects
relating to the first two research questions, and conse-
quently based all respective comparisons on two-sided
Z-test. Similarly, we considered tests for the significance
of the cheating rate () comparing the null hypothesis of
no cheaters in the population (y = 0) against the alterna-
tive hypothesis of any cheaters (y > 0).

Moreover, pairwise comparisons of cheating rates (see
Tables A3 and A4 in Appendix 2) allowed for testing the
null hypothesis that in the population, participants with
low comprehension would show a comparable or lower
cheating rate than participants with high comprehension
(V1o < i) against the alternative hypothesis of a higher
cheating rate in case of low comprehension (y;, > yy).

Results

The main findings of our analyses are summarized in
Tables 2 and 3, and in Fig. 2. Table 2 provides prevalence
estimates, with the corresponding standard error (SE)
and 95% confidence interval (95% CI), for the three sur-
veyed topics in the general sample by questioning tech-
nique as well as by participant gender and age group.
In Table 3, we report the observed value of the Z-test
statistic, say z, and the respective p-value for pairwise
comparisons between prevalence estimates, and for the
significance of the cheating rate. Figure 2 shows that
prevalence estimates differed significantly, and mostly
in the expected direction, between DQ and CDTRM
experimental conditions, specifically for the topics with
medium (Topic 2) and high sensitivity (Topic 3). In the
general sample, we evaluated whether for socially unde-
sirable attributes, the CDTRM would result in higher and
thus presumably more valid prevalence estimates than
DQ as well as substantial estimated cheating rates, and
whether these effects would be more pronounced with
increasing topic sensitivity (the two research questions).
In the following, we present results obtained for Topics 1
to 3, differing in sensitivity from low to high.
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Table 3 Results of tests for the significance of differences between prevalence estimates in DQ versus CDTRM conditions, and of the

cheating rate in the CDTRM condition

npo — 7L z p-value npQ — U z p-value y z p-value
Topic 1 0.051 2.563 010 -0.011 -0.406 685 0.063 4328 < .001
Topic 2 -0.033 -1.013 156 -0.170 -3.741 < .001 0.137 5.907 < .001
Topic 3 -0.139 -5.612 < .001 -0.317 -7.845 < .001 0.178 7.280 < .001
Two-sided test for Topic 1 and (left) one-sided test for Topics 2 and 3
1.0
=~ [ g
0.8 O =
[
0.6
/
*
04 T
0.2 x
/ /
*
0.0
DQ CDTRM DQ CDTRM DQ CDTRM
Topic 1 Topic 2 Topic 3

(low sensitivity)
Fig. 2 Comparison between CDTRM and DQ

For having received at least one dose of the COVID-19
vaccine (Topic 1), prevalence estimates were high, and
widely comparable between DQ and CDTRM condi-
tions. The DQ estimate (92.5%) and the CDTRM upper
bound estimate (93.6%) were not significantly differ-
ent. Therefore, the CDTRM estimate did not suffice the
“more-is-better” assumption; this finding was actually
in line with our expectations due to the presumably low
sensitivity of Topic 1 in Taiwan. Notably, both the DQ
and the CDTRM upper bound estimates closely aligned
with the official vaccination rate for Taiwanese adults as
of October 24, 2022, which was approximately 95.6%".
Unexpectedly, however, the lower bound estimate in
the CDTRM condition (87.4%) was significantly lower
than the DQ estimate (92.5%), and an estimated cheat-
ing rate in the CDTRM condition significantly higher
than zero was observed (¥ = 6.3%). A potential explana-
tion for these findings is that in the collectivistic society

! The vaccination rate was calculated as the ratio between the cumula-
tive number of first doses administered to individuals aged 18 and above
(18,894,367) as of October 24, 2022, and the total population of individuals
in the same age group (19,752,983). Official data (in Chinese) are available
from the Taiwan Centers for Disease Control via the following link: https://
www.cdc.gov.tw/En/File/Get/Ct02SqB4T U8XxCKkRJfnkUQ.

(medium sensitivity)

(high sensitivity)

of Taiwan, unvaccinated individuals surrounded by vac-
cinated people may choose to conceal their vaccination
status in fear of social stigma. Consequently, participants
in the DQ condition may have actually overreported their
vaccination status, as being vaccinated was presumably
perceived as socially desirable. The significant share of
non-compliant respondents in the CDTRM condition is,
however, hardly attributable to the influence of SDB, but
rather to insufficient comprehension of the instructions
among some participants. Previous applications of the
CDTRM have similarly reported that insufficient com-
prehension of the method may result in slightly biased
estimates, and increased cheating rates [25]. Considering
the cheating rate in the CDTRM, both the upper bound
CDTRM estimate and the DQ estimate closely repro-
duced the true COVID-19 vaccination rate in the Taiwan-
ese population, as indicated by official statistics. Previous
studies on public compliance with COVID-19 measures
have similarly reported that no substantial influence of
SDB was observed when using IQTs [37-39] or face-sav-
ing strategies [40]. Most importantly, results for Topic 1
are widely in line with the two research questions of the
current work, stating that differences between DQ and
CDTRM estimates are expected to be small (or even neg-
ligible) in the case of low topic sensitivity.
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For having at least once tested positive for COVID-
19 (Topic 2), an attribute with medium sensitivity,
Tables 2 and 3 show that prevalence estimates were in
the medium range, and differed somewhat between DQ
and CDTRM conditions. In the CDTRM condition,
the prevalence was estimated to fall between 41.7% and
55.4%, and the cheating rate was substantially and signifi-
cantly above zero (¥ = 13.7%). Expectedly sufficing the
“more-is-better” assumption, the CDTRM upper bound
estimate (55.4%) significantly exceeded the DQ estimate
(38.4%); the CDTRM lower bound estimate (41.7%) did
however not differ significantly from the DQ estimate.
Notably, all prevalence estimates obtained in the DQ and
CDTRM conditions were substantially higher than the
rate of confirmed COVID-19 cases for individuals aged
20 or older in Taiwan as of October 25, 2022, which was
approximately 30.7%2. One potential explanation for
these discrepancies could be that participants may have
been more honest when answering our survey due to
the strictly anonymous survey situation, and the meth-
odology applied. Moreover, survey participants in our
study may have included positive results of home rapid
tests that had not been included in official data. Finally,
a potential explanation for the specific observation that
CDTRM estimates exceeded DQ estimates and official
statistics is that the influence of SDB on participants from
collectivistic cultures may be particularly strong. This
influence may result in a high pressure to underreport
socially undesirable behaviors under non-confidential
conditions, thus biasing both DQ estimates and official
data. Importantly, results for Topic 2 were widely in line
with the two research questions, showing that for a topic
with medium sensitivity, the upper bound CDTRM esti-
mate was higher and thus presumably more valid than
a DQ estimate and that a significant rate of participants
cheated by choosing a self-protective response.

For having at least once intentionally concealed a
positive COVID-19 test result from others (Topic 3), a
behavior with high sensitivity, the results reported in
Tables 2 and 3 paint a very clear picture. While the DQ
estimate (4.5%) suggests a relatively low rate of individu-
als having concealed a positive test result, this estimate
was significantly and substantially exceeded by both the
CDTRM lower bound (18.4%) and the CDTRM upper
bound estimates (36.2%). Moreover, the cheating rate in
the CDTRM condition was estimated at 17.8% which was
well above zero. Unfortunately, our results for Topic 3

2 The rate of confirmed COVID-19 cases was calculated as the ratio of
the cumulative number of confirmed cases among individuals aged 20 and
above (5,927,140) as of October 25, 2022, and the total population of indi-
viduals in the same age group (19,306,244). Official open-access data (in
Chinese) are available at: https://data.gov.tw/dataset/151770.
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could not be compared to official data as no official statis-
tics on the prevalence of intentionally concealed positive
test results were available. The current findings how-
ever suggest that for the highly sensitive Topic 3, socially
desirable responding has likely resulted in an underesti-
mation in the DQ condition; this was to be expected, as
the intentional concealment of a positive COVID-19 test
is very plausibly considered to be socially undesirable in
Taiwan. The CDTRM, on the other hand, has provided
higher and thus presumably more valid prevalence esti-
mates through a successful control of SDB, and addition-
ally provided an estimate for a substantial rate of cheaters
choosing a self-protective response. To this end, results
for Topic 3 were in full support of the two research ques-
tions of this work.

To further validate the empirical results observed in
our study, and to explore the usefulness of the CDTRM in
other health-related contexts such as the general adher-
ence to non-pharmaceutical interventions, we realized
a simulation study considering five different hypotheti-
cal situations. Across these situations, we systematically
varied the population prevalence (1), and the propor-
tion of cheating (y). The simulation results reported in
Table A6 (see Appendix 4) clearly show that all estimate
intervals [777, 777] include the respective true value of n; in
some cases the true value is closer to the upper bound,
in others it is closer to the lower bound. Moreover, the
simulation shows that the CDTRM does not accidentally
overestimate the cheating rate, but rather provides very
precise estimates of y. Therefore, the apparently rather
high estimates for y in our empirical study on COVID-
19-related health behaviors (for Topic 2, and especially
for Topic 3) are very likely a precise representation of
intentional or unintentional non-compliance (in case of
Topic 1, probably unintentional), rather than a statistical
artifact.

In summary, across Topics 1 to 3, the observed dif-
ferences between prevalence estimates in the DQ and
CDTRM conditions and the estimated cheating rates in
the CDTRM condition strongly support the two research
questions of this work. Differences between DQ and
CDTRM estimates and the CDTRM cheating rate were
least pronounced for Topic 1 with low sensitivity, more
pronounced for Topic 2 with medium sensitivity, and
most pronounced for Topic 3 with high sensitivity. These
results, and the confirmation of a precise estimation of
the cheating rate from our simulation study, suggest that
the CDTRM is a promising tool for controlling for the
influence of SDB on self-reports, and for providing addi-
tional estimates for the rate of non-compliant respond-
ents also when attitudes or behaviors with low prevalence
are surveyed.
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For a deeper analysis of the results in the general sam-
ple, we also examined prevalence estimates and compari-
sons across subgroups by gender and age. Results of these
analyses along with a few comments on their implica-
tions are presented in Appendix 5. We observed a signifi-
cant CDTRM cheating rate for COVID-19 vaccination
(Topic 1), particularly among women. This aligns with
findings of gender-related differences in health behaviors
during pandemics [41]. Additionally, older participants
(50+) showed higher cheating rates for testing positive
for COVID-19 or concealing a positive test (Topics 2 and
3). These findings suggest increased SDB among older
individuals. This contrasts with studies showing older
people were generally more truthful about following
health guidelines [42] and underscores the need for fur-
ther research on factors affecting honesty in self-reports
of sensitive health behaviors.

Overall, our findings provide comprehensive insights
into the prevalence of the COVID-19-related health
behaviors under study and strongly support the assump-
tion that the CDTRM provides increased estima-
tion validity. In general, our results indicate that the
method can be used effectively to survey public health
issues beyond pandemic-specific behaviors, particu-
larly with regard to adherence to non-pharmaceutical
interventions.

Discussion

In the current study, we assessed the prevalence of three
COVID-19-related health behaviors differing in sensi-
tivity in a large online survey in Taiwan. To control for
the potentially validity-threatening influence of SDB,
we applied the CDTRM, a current indirect question-
ing technique with particularly simple instructions and
a dedicated cheating detection mechanism. This model
guarantees the confidentiality of individual responses
while maintaining the possibility of obtaining preva-
lence estimates at the sample level, presumably leading
to a higher willingness of participants to provide truth-
ful responses compared to conventional DQ. Addition-
ally, the model provides an estimate for the share of
participants disregarding the instructions and provid-
ing a self-protective response (i.e., the cheating rate). In
an experimental design, we compared prevalence esti-
mates for the three behaviors under study obtained in
a CDTRM condition to those obtained in a DQ control
condition. According to the “more-is-better” assumption,
and as reflected in our a priori-formulated research ques-
tions, we expected prevalence estimates in the CDTRM
condition to be higher and thus potentially more valid
than DQ estimates if the CDTRM would indeed be capa-
ble of controlling for the influence of SDB. This differ-
ence between conditions as well as the cheating rate in
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the CDTRM condition were expected to be positively
associated with topic sensitivity, that is, to increase from
small or negligible effects for Topic 1 (low sensitivity)
over medium effects for Topic 2 (medium sensitivity) to
large effects for Topic 3 (high sensitivity). Additionally,
we explored potentially moderating influences of partici-
pant gender and age group.

For having received at least one dose of the COVID-
19 vaccine (Topic 1), we expected rather high prevalence
estimates and a low (if any) effect of SDB. Official sta-
tistics indicated that the vast majority of the Taiwanese
population had been vaccinated, and the sociopolitical
climate emphasized being vaccinated as the social norm;
consequently, this behavior was expected to be of low
sensitivity in Taiwan although, in other societies (e.g.,
Germany), this topic may indeed be considered sensitive
[8]. Consistent with these expectations and with the two a
priori-formulated research questions of the current work,
prevalence estimates for Topic 1 in our study were high,
largely comparable between the DQ and the CDTRM
condition, and close to official statistics; furthermore, the
share of participants choosing a self-protective response
in the CDTRM condition (i.e., the cheating rate) was
small, although unexpectedly significant. For having at
least once been tested positive for COVID-19 (Topic 2),
we expected a somewhat stronger influence of SDB. This
topic was presumably of medium sensitivity, as testing
positive for COVID-19 is not necessarily a result of disre-
garding social norms or official behavioral guidelines, but
may nevertheless be perceived as indicative of less-than-
optimal behavior during the pandemic. As expected, the
CDTRM (higher bound) prevalence estimate exceeded
the estimate in the DQ condition, presumably due to a
successful control of SDB; the CDTRM cheating rate was
also substantial, and higher than that for Topic 1. Having
at least once intentionally concealed a positive COVID-
19 test result from others (Topic 3) was expected to be
highly sensitive, as it clearly violated social norms — espe-
cially within the socio-political climate of Taiwan. Con-
sistent with these expectations, a very low DQ estimate
was obtained; both CDTRM lower and upper bound esti-
mates were found to be substantially higher, thus presum-
ably less distorted by SDB, and ultimately more valid. For
Topic 3, the highest cheating rate was observed, indicat-
ing a strong tendency of participants towards choosing
a self-protective response. Taken together, the observed
results strongly support both of our research questions.

Unexpectedly, prevalence estimates for having at least
once been tested positive for COVID-19 (Topic 2) in
both the DQ and CDTRM conditions exceeded respec-
tive numbers from official statistics. Similar findings have
been reported by [43] who found that certain aspects
of the testing and reporting process may have led to an
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underestimation of COVID-19 cases in official statistics
for various countries. In particular, the increasing avail-
ability of home antigen tests (rapid tests) over the course
of the pandemic may have introduced specific challenges
in accurately capturing COVID-19 cases via official sta-
tistics. From May 12, 2022, the Taiwanese government
had implemented a new policy stating that individuals
with a positive rapid test result subsequently confirmed
by a medical unit would officially be recognized as con-
firmed cases of COVID-19, and would have to undergo
home isolation. However, some individuals with a posi-
tive rapid test result, especially if they were asymptomatic
or had only mild symptoms, may have decided against
reporting their status to the authorities, for example,
due to aversion to home isolation, fear of being stigma-
tized, or concerns with respect to a necessary disclosure
of detailed information about their personal contacts. In
contrast, participants in our study may have been more
honest in reporting previous positive test results due to
the strictly anonymous survey situation, and the method-
ology applied to guarantee the confidentiality of individ-
ual answers, especially in the CDTRM condition. These
factors could contribute to discrepancies between survey
estimates and official statistics, with survey data poten-
tially resulting in higher prevalence estimates such as
those observed in the current study.

Our results clearly indicate that the CDTRM is effec-
tive in controlling for the validity-threatening influence
of SDB in surveys on sensitive topics, and that its supe-
riority in validity over conventional DQ as well as the
utility of the CDTRM cheating detection mechanism
increase with higher sensitivity of the topic under study.
Notably, estimating the CDTRM cheating rate also allows
for identifying subgroups in which the pressure of SDB
towards choosing a self-protective response is particu-
larly high.

Limitations and future research directions

One important limitation of our study is that the dif-
ferent levels of sensitivity prescribed to the three topics
under investigation was based on our a priori assump-
tions, rather than tested empirically (e.g., in a dedicated
pre-study). To this end, we were unable to quantify the
extent to which our survey participants actually regarded
having received at least one dose of the COVID-19 vac-
cine (Topic 1) as low in sensitivity, having at least once
been tested positive for COVID-19 (Topic 2) as medium
sensitive, and having at least once intentionally concealed
a positive COVID-19 test result from others (Topic 3) as
highly sensitive. Specifically, with respect to Topic 1, we
explicitly acknowledge that the low sensitivity assumed
in the current study due to the socio-political climate
in Taiwan cannot be generalized to any population, as
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the individual vaccination status has been shown to be
(more) sensitive in other societies, such as in Germany
[8]. However, notably, a specific quantification of the sen-
sitivity of the three topics under investigation was neither
an aim of the current study, nor necessary for testing our
main research questions. Due to the experimental design,
the differences observed between DQ and CDTRM con-
ditions are most likely attributable to a successful control
of SDB by the CDTRM,; this assumption is further sup-
ported by the expected and observed positive association
of these differences, and of the CDTRM cheating rate,
with the assumed sensitivity of the three topics under
study. Whether our findings can be replicated for other
sensitive attributes and in different populations should be
the subject of future research projects.

The current study shares a second limitation with
any study employing an indirect questioning tech-
nique including a cheating detection extension such as
the CDM or the CDTRM: the status of cheaters in the
CDTRM condition with respect to the sensitive attrib-
ute under study remains explicitly unknown. To this
end, the estimated share of cheaters could be entirely
comprised of carriers, entirely comprised of noncarri-
ers, or comprised of a mixture of both groups (which
currently seems most likely given the findings of [25]).
Consequently, in applications of the CDTRM such as
the current one, an estimate for the true prevalence
of the sensitive attribute is only provided in terms of
an interval ranging from the lower bound (if none of
the cheaters were carriers of the sensitive attribute:
7L = 7) to the upper bound estimate (if all cheaters
were carriers: 7y = 7 + 7). Compared to other IQTs
providing a single estimate, the comparatively broad
CDTRM interval could sometimes be at odds with the
requirements for high precision in prevalence estima-
tion, especially when the cheating rate is high. Addi-
tionally, estimating the cheating rate in the CDTRM
does also not allow any inferences about participants’
motivation for disregarding the instructions. Plausi-
bly, some participants may have intentionally decided
to provide a self-protective response; others may have
failed to understand the instructions and provided a
self-protective response without the specific intention
to do so. Our data indeed suggest that both intentional
and unintentional cheating may have occurred, while
this assumption cannot be explicitly tested within the
CDTRM framework. These apparent weaknesses of the
CDTRM may lead researchers to consider IQTs that
include more explicit assumptions about the status of
cheaters. However, empirical studies have shown that
such stronger assumptions in models such as, for exam-
ple, the Stochastic Lie Detector [28] are often violated
and may result in potentially invalid estimates [44]. The
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obvious alternative of not accounting for cheaters at all
also seems rather unreasonable given that the estimated
cheating rate in the current study, especially for the
sensitive Topics 2 and 3, was well above zero. Therefore,
despite its apparent drawbacks, the CDTRM currently
appears to be a reasonable choice among the available
models offering a cheating detection extension.

Related to this point, it should also be noted that
other models with a cheating detection mechanism
have recently been proposed. For example, a refined
version of the Unrelated Question Randomized
Response Model [45], the Unrelated Question Model
with Cheating Extension (UQMC) [23], allows for the
detection of cheaters in a way similar to the CDM, or
CDTRM. The UQMC has been empirically shown
to outperform its predecessor model without cheat-
ing detection in a survey on intimate partner violence
victimization and perpetration during the COVID-
19 pandemic [31]. Following a different approach, the
Extended Crosswise Model (ECWM) [46], an exten-
sion of the Crosswise Model [32] with a mechanism
to detect instruction nonadherence in the sample, has
been researched intensively over the past few years.
In contrast to the CDTRM or the UQMC, the ECWM
does not allow for a quantitative assessment of the
share of participants cheating on the instructions.
Instead, the model aims at minimizing the proportion
of nonadherent respondents by providing particularly
simple instructions and symmetric response options.
In the context of the COVID-19 pandemic, the ECWM
has been successfully applied in a survey on the socially
desirable attribute of personal hand hygiene, in which
it obtained a presumably more valid prevalence esti-
mate than conventional DQ [21]. In this light, both the
UQMC and the ECWM appear to be promising alter-
natives to the CDTRM in sensitive surveys.

In our opinion, now that the CDTRM has repeatedly
been shown to successfully control for the influence of
SDB and provide valuable additional information in terms
of the estimated cheating rate (see the current study and
[25]), the model should be further explored with respect
to its capability of obtaining valid estimates for other sen-
sitive attributes. With regard to the COVID-19-related
health behaviors surveyed in the current study, it is still
likely that their sensitivity will decrease further over the
course of time. The more time that has passed since the
acute phase of the pandemic, the lower the actual partici-
pants’ perceived probability of being subject to social or
legal sanctions for past misbehavior should be. Accord-
ingly, self-reports should also be less and less influenced
by SDB with increasing temporal distance from the end
of the pandemic.
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A key limitation of the current study pertains to the
type of cheating behavior that can be detected via the
CDTRM (and the predecessor CDM). Due to the cen-
tral model assumptions, honest respondents strictly fol-
low the instructions, while cheaters always respond with
“none true” However, other forms of cheating, such as
partial (dis-)honesty or misunderstanding of the instruc-
tions, could lead to misclassifications of participants,
affecting the overall accuracy of results. This issue is
notably not an exclusive threat to the CDTRM, but to all
questioning techniques including DQ and other IQTs.
The results reported in the current study are valid only
to the extent that the central model assumptions of the
CDTRM hold. Future research should therefore critically
evaluate these assumptions, and work towards models
that are capable of detecting a wider range of different
types of cheating behavior.

Finally, the results of the current study leave open
whether cheating behavior is influenced not only by
the sensitivity of the topic but also by the order of the
questions, especially when similar, nonsensitive state-
ments are used for randomization. In this respect, the
repeated use of birthday randomizers could possibly
promote distrust in the procedure. To address this
issue, [47] suggested replacing birthday randomiz-
ers with number sequence randomizers to potentially
increase trust among participants and prevent evasive
responses. In future implementations of the CDTRM
involving multiple questions, it would be interesting
to explore the usefulness of such number sequence
randomizers, and to compare their performance with
birthday randomizers in terms of perceived trust, com-
prehension, and the validity of the prevalence estimates
obtained.

Conclusions

The findings of the current study support the assump-
tion that the CDTRM successfully controlled for the
validity-threatening influence of social desirability bias
in a survey on three COVID-19-related health behav-
iors. As expected, the advantage of the CDTRM in esti-
mation validity over a conventional DQ survey, as well
as the utility of the CDTRM’s cheating detection mech-
anism, increased with higher topic sensitivity. In sum-
mary, our results suggest that IQTs in general, as well
as the CDTRM in particular, are a promising means
to increase the validity of prevalence estimates based
on self-reports for health-related behaviors, and for all
sensitive personal attributes for which a strong influ-
ence of social desirability bias can be expected. To this
end, techniques such as the CDTRM can help to better
inform political and societal decisions in the context
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of current and future pandemics, in cases in which the
adherence to non-pharmaceutical interventions in gen-
eral is important, as well as in any other situation in
which an accurate knowledge of the prevalence of sensi-
tive attributes is essential.
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