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The Extended Crosswise Model is a popular randomized response 
design that employs a sensitive and innocuous statement, and asks 
respondents if one of these statements is true, or if none or both are 
true. Although the model has a degree of freedom, it is unable to 
detect random answering. In this article, we propose a new method 
to detect and correct for random answering. This method makes use 
of a non-sensitive control statement and a quasi-randomized innocu
ous statement to which both answers are known, which allows for 
the detection of and correction for random answering. A simulation 
study shows that this method yields unbiased estimates of the preva
lence of sensitive attribute. For four surveys among elite athletes, we 
present prevalence estimates of doping use that are corrected for 
random answering.
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1. INTRODUCTION
The randomized response technique is an interview method introduced 
by Warner (1965) to eliminate evasive response bias when sensitive ques
tions have to be asked. The main idea of this method is that respondents 
become more inclined to answer sensitive questions truthfully when they 
believe that their privacy is protected and their individual responses can
not be traced back to them. It involves the use of a randomizer (e.g., a die 
or a spinner) that perturbs respondents’ answers so that no direct link can 
be established with their true, non-randomized answers. Two meta- 
analyses (Lensvelt-Mulders et al. 2005; Sagoe et al. 2021) have shown that 
RR tends to yield more valid responses than direct questioning. However, 
it has been shown that Warner’s design and many of its variants do not 
completely eliminate evasive response bias due to respondents who give 
the non-incriminating response irrespective of the outcome of the ran
domizer (Boeije and Lensvelt-Mulders 2002; B€ockenholt et al. 2009). For 
this reason randomized response designs have been proposed that avoid 
the use of incriminating responses. The most well-known are the cross
wise model (CWM, Yu et al. 2008) and its extension, the extended CWM 

Statement of Significance  
The extended crosswise model is a popular indirect interview 
design for surveying sensitive topics while protecting respondents’ 
privacy. In this article, we addressed the issue of random answer
ing. Random answering biases the prevalence estimates of the sen
sitive attribute towards 50 percent, but cannot be detected by the 
goodness-of-fit test. This article proposes a new method to estimate 
and correct for random answering by estimating the prevalence 
of random responders using a non-sensitive control statement for 
which both the true and randomized answers are known at the 
individual level. The method is illustrated on data from four surveys 
on doping use by elite athletes. The results suggest that correcting 
for random responding can substantially reduce the prevalence esti
mates for a socially undesirable attribute. However, evaluating the 
validity of these corrected estimates requires validation studies, in 
which the true prevalence of the sensitive attribute is known.
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(ECWM, Heck et al. 2018). In these designs, respondents are shown two 
statements: one about a sensitive attribute with unknown prevalence, for 
example, “I have used illegal drugs,” and an innocuous one with known 
prevalence, for example, “I was born in January or February.” 
Respondents are instructed to indicate whether their answer is 
“DIFFERENT,” that is, one “yes” and one “no” answer, or “SAME,” that 
is, two “yes” or two “no” answers. Unlike designs such as the unrelated 
question model (Greenberg et al. 1969) and the triangular design 
(Meisters et al. 2022; Hsieh et al. 2024), these neutral answer options 
make it easier to give an honest answer, while at the same time they make 
it more difficult to infer the incriminating answer, and thus to give a eva
sive answer. The statistical model of the CWM is saturated, that is, it has 
only one non-redundant randomized response proportion to estimate the 
prevalence of the sensitive attribute, and therefore does not allow for a 
goodness-of-fit test. The ECWM extends the CWM by randomly splitting 
the sample into two non-overlapping sub-samples with complementary 
probabilities of answering “yes” to the innocuous statement. The model 
for this design has a degree of freedom that allows for a goodness-of-fit 
test. Despite these advantages, the additional complexity of the (E)CWM 
instructions may make it vulnerable to forms of response bias, such as 
random answering, which can distort prevalence estimates of sensitive 
attributes.

The (E)CWM has been investigated in several validation studies of 
socially undesirable attributes such as plagiarism (Coutts et al. 2011; Jann 
et al. 2012; Hopp and Speil 2019), tax evasion (Kornd€orfer et al. 2014), xen
ophobia and Islamophobia (Hoffmann and Musch 2016; Hoffmann et al. 
2020; Meisters et al. 2020b), socially desirable attributes such as personal 
hygiene behaviour during the COVID-19 pandemic (Mieth et al. 2021), 
and voluntary work in the social sector (Meisters et al. 2023). Compared 
to the prevalence estimates obtained with the direct questioning method, 
the prevalence estimates of the (E)CWM were higher for undesirable 
attributes and lower for desirable ones, and therefore considered more 
valid according to the “more/less-is-better” criterion (Umesh and Peterson 
1991; Sagoe et al. 2021; Schnell et al. 2021). These validation studies pro
vided evidence for the validity of the (E)CWM with a birthday randomizer. 
In a systematic review on the (E)CWM applications, Sagoe et al. (2021)
highlighted some concerns of using the birthday randomizer, for instance, 
using birth dates as “innocuous question” may undermine the perceived 
anonymity of the design and reduce its effectiveness in eliciting truthful 
responses. To address these limitations, Sayed et al. (2022) proposed a 
refinement of the ECWM that replaces the birthday randomizer with a 
number-sequence randomizer. This randomizer avoids the use of personal 
information, enhances the perceived anonymity of the response process, 
and reduces biases related to informed self-protection or the non-uniform 
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distribution of birthdays. However, the (E)CWM is considered be more 
prone to random answering than other randomized response designs. The 
reason for this is that the meaning of its answer categories “DIFFERENT” 
and “SAME” is not well understood by the respondents, and may there
fore incite indifference. Another factor that may contribute to random 
responding is the symmetrical response format of the (E)CWM (i.e., both 
answer options are neutral and have no obvious incriminating connota
tions). This symmetrical property makes the design less susceptible to self- 
protective responses, and potentially more susceptible to random respond
ing. In studies where respondents were asked directly if they had answered 
the (E)CWM statement randomly, 2 to 19 percent of the respondents 
admitted having answered randomly (Enzmann 2017; Schnapp 2019; 
Meisters et al. 2020a). However, these findings should be interpreted with 
caution. Respondents who report having answered “randomly” may not 
necessarily have chosen their answers with equal probability 50 percent, 
but rather haphazardly, inattentively, or as a result of misunderstanding 
the design instructions. To our knowledge, there is little direct cognitive- 
psychological evidence on what respondents actually do when they say 
they answered “randomly.” As noted by Boeije and Lensvelt-Mulders 
(2002), qualitative cognitive-interview studies are essential for evaluating 
respondents’ comprehension and execution of randomized-response tasks. 
Future cognitive research would be valuable to clarify the mechanisms 
underlying random answering in the (E)CWM.

Some studies suggest that the higher presumed validity of the (E)CWM 
prevalence estimates according to the “more/less is better criterion” may 
(partly) be explained by random answering (H€oglinger et al. 2016; H€oglinger 
and Jann 2018; Enzmann 2017; H€oglinger and Diekmann 2017), as random 
answering biases the prevalence estimates towards 50 percent (Walzenbach 
and Hinz 2019). Meisters et al. (2023) investigated how the validity of the (E) 
CWM is affected by random answering by manipulating the direction of 
social desirability (undesirable vs. desirable) and the prevalence of sensitive 
attributes (high vs. low). While random responding cannot be ruled out com
pletely, Meisters et al. (2023) found that its influence on prevalence estimates 
according to the “more/less-is-better” criterion was not substantial. The 
degree of freedom of the ECWM can detect systematic response biases such 
as preferring one answer option as being safer (Heck et al. 2018; Cruyff et al. 
2024), but it is unable to detect random answering (Heck et al. 2018; 
Meisters et al. 2023). As a consequence, other solutions have been proposed 
to address the issue of random answering.

One such solution is to provide detailed instructions and use compre
hension checks to improve respondents’ understanding of the design 
instructions (H€oglinger and Diekmann 2017; H€oglinger and Jann 2018; 
Meisters et al. 2020a). This method presupposes that random answering 
can be explained by (a lack of) comprehension and is not associated with 
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the sensitive attribute, but it does not allow individual identification of 
random responders. Respondents who fail comprehension checks may 
have misunderstood the instructions rather than answered randomly, and 
conversely, some random responders may still pass comprehension checks 
by chance. Enzmann (2017) and Schnapp (2019) suggested asking the 
respondents whether they answered the statements at random, and adjust
ing the (E)CWM estimate accordingly. This approach also allows for the 
individual identification of random responders, but it presupposes that 
random responders do not answer this question randomly. Alternatively, 
Atsusaka and Stevenson (2023) suggested estimating the prevalence of 
random responders using a sensitive anchor statement with known preva
lence. For instance, for sensitive statement of interest is “In order to avoid 
paying a traffic ticket, I would be willing to pay a bribe to a police officer,” 
the anchor statement is “I have paid a bribe to be on the top of a waiting 
list for an organ transplant,” with a known prevalence of zero. This anchor 
statement uses the same format as the CWM (i.e., it is paired with an 
innocuous statement with known prevalence). Due to the CWM format of 
the anchor statement, however, individual identification of random res
ponders is no longer possible. Consequently, the estimation of the preva
lence of random answering is less efficient than in the previously 
mentioned approaches. Additionally, a challenge of this method is to for
mulate a relevant sensitive anchor statement that matches the sensitive 
statement of interest.

The Present Study
In this article, we propose a new method to estimate and correct for ran
dom answering in the (E)CWM design. This method involves a non- 
sensitive control statement with known prevalence of 0 or 1 in combina
tion with an innocuous statement with the probability of a “yes” answer 
set to either 0 or 1. To avoid confusion, we distinguish clearly between 
two types of non-sensitive statements used in the ECWM framework; (i) 
control statement: a non-sensitive statement with a known answer at the 
individual level. It is used to check respondents’ understanding and adher
ence to the ECWM instructions, and it allows for estimating the preva
lence of random responding, and (ii) innocuous statement: a neutral 
statement without a sensitive connotation, such as the number sequence 
randomizer or “I was born in March or April.” The innocuous statement 
is paired with the sensitive statement of interest to form the crosswise 
question. To mimic the ordinary ECWM procedure as closely as possible, 
the suggestion is raised that the answers to the innocuous statement are 
randomized. This is achieved by using the number sequence randomizer 
(Sayed et al. 2022), which asks respondents to memorize one number 
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from a sequence of five numbers and to indicate whether this number 
reappears in a second sequence of five, in which either all or none of the 
numbers from the first sequence reappear (e.g., see section 5). This 
method has three major advantages over the previously mentioned meth
ods. First, it tests the comprehension of the ECWM answer procedure by 
using an ECWM question. Second, in contrast to Enzmann-Schnapp 
method, the use of a non-sensitive control statement eliminates the risk of 
social desirability bias. Third, the fact that the true answers to the control 
question are known allows us to directly check their correctness on the 
individual level. By attributing the proportion of incorrect “DIFFERENT” 
or “SAME” answers to random answering, a more efficient estimate of 
random answering is obtained than the estimates of the previously men
tioned methods.

To illustrate the new method, it is applied to data from four ECWM sur
veys on doping use by elite athletes. These data were analyzed before by 
Cruyff et al. (2024), who found convincing evidence for one-saying. 
The term one-saying is derived from the answer option “I have One ‘yes’ 
and One ‘no’ answer” used in some of the surveys instead of the equiva
lent answer option “DIFFERENT”. In order to take one-saying into 
account, we develop our method for both the standard ECWM and the 
one-sayers model.

The article is structured as follows. Section 2 reviews the ECWM, the 
one-sayer model and random answering. Section 3 derives the method to 
correct for random answering, and presents the moment and maximum 
likelihood estimators of π. Section 4 presents a simulation study to evalu
ate the proposed method. Section 5 provides a description of the data. It 
also presents an adjusted procedure to account for random answering 
because the control statements in these surveys contain measurement 
errors. Section 6 presents the prevalence estimates of doping corrected for 
random answering. Section 7 discusses the results of our analyses and 
ends with some concluding remarks.

2. THE MODELS
This section reviews the ECWM and the one-sayers model using matrix 
notation, and extends both models to account for random answering. 
Before presenting the models, we describe our assumptions with respect 
to one-sayers and random responders in detail.

By one-sayers, we mean respondents who seriously and attentively 
answer the survey questions but who, when the questions are sensitive, 
have a tendency to answer evasively. Given that in the ECWM design with 
a number sequence randomizer it is practically impossible to infer which 
of the two response options is the incriminating one, one-sayers will select 
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the response that they perceive as the non-incriminating one. Cruyff et al. 
(2024) provided empirical evidence that this is the “DIFFERENT”/“I have 
One ‘yes’ and One ‘no’ answer” option.

By random responders, we mean respondents who either do not answer 
the survey questions seriously and/or attentively or do not comprehend 
the answer instructions of the ECWM sufficiently well to know which 
answer they should give. In an attempt to find evidence for the former cat
egory of random responders, we conducted a series of logistic regressions 
predicting the probability of doping use from the time it took the respond
ents to complete the survey. Given that random answering biases these 
probability estimates towards 50 percent, we expect fast respondents to be 
more likely to be random responders than those who took their time. 
Figure 1 presents the estimated prevalence of doping use across comple
tion time quantile bins (blue points), along with the fitted logistic regres
sion curves (red lines). It shows the empirical variability in the data while 
also showing the smooth trend implied by the logistic regression model: 
the fast respondents have higher estimated probabilities of doping use 
than the slower ones in all four surveys. This pattern is consistent with 
our hypothesis that random responding inflates prevalence estimates 
among fast respondents, but it does not imply that random answering is 

Figure 1 The Estimated Prevalence of Doping Use Across Completion 
Time Quantile Bins (Blue Points with 95 Percent Confidence Intervals), 
Together with Fitted Logistic Regression Curves (Red Lines), Shown 
Separately For Each Survey Event. Bins are based on quantiles of completion 
time, so that each bin contains approximately the same number of respondents.
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the underlying bias mechanism; alternative explanations, such as cogni
tive or motivational differences, may also play a role. In the article by 
Cruyff et al. (2024), a similar effect for the doping data was found by ana
lyzing the same dataset with a logistic regression that included a one-sayer 
parameter and completion time as a covariate for both prevalence and 
one-saying.

In the models presented below, one-sayers and random responders are 
treated as two mutually exclusive categories. The motivation for this is 
that one-sayers are assumed to answer the question seriously, but only 
edit their response when the questions are perceived as sensitive. Random 
responders on the other hand are assumed to give random answers to all 
CWM questions, irrespective of the sensitivity of the question.

2.1 The ECWM
Consider a CWM with a sensitive statement with unknown prevalence π 
and an innocuous statement with known randomization probability p of 
answering it with “yes” (e.g. “Is your birthday in the first two months of 
the year?”). Let π�y be the probability of observing randomized response y, 
for y 2 f1� “DIFFERENT”; 2� “SAME”g; π the prevalence of the sensi
tive attribute, and q the randomization probability of answering the innoc
uous statement with “yes,” for q¼ 1 − p 6¼ :5. The model consists of the 
vectors π� with the randomized response probabilities and π with the 
probabilities that the sensitive attribute is present or absent, and a 2×2 
transition matrix with the randomization probabilities: 

π�1

π�2

 !

¼
p q

q p

 !
π

1 − π

 !

¼
pπþ q 1 − πð Þ

qπþ p 1 − πð Þ

 !

: (1) 

The ECWM divides the sample into two sub-samples with the respective 
complementary probabilities p and q of answering “yes” to the innocuous 
statement. Let π�yjs be the conditional probability of observing randomized 
response y given membership of sub-sample s, for s 2 f1;2g. The ECWM 
is given by 

π�1j1

π�2j1

π�1j2

π�2j2

0

B
B
B
B
B
B
B
@

1

C
C
C
C
C
C
C
A

¼

p q

q p

q p

p q

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

π

1 − π

 !

¼

pπþ qð1 − πÞ

qπþ pð1 − πÞ

qπþ pð1 − πÞ

pπþ qð1 − πÞ

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

: (2) 
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Eq. (2) shows that π�1j1 ¼ π�2j2 and π�2j1 ¼ π�1j2. The model estimates the 
parameter π using two non-redundant observed response frequencies 
(as the conditional probabilities π�yjs within each sub-sample s need to sum 
to 1) and therefore has one degree of freedom.

2.2 The ECWM Correcting for Random Answering
To account for random responders in the ECWM, let γ denote the preva
lence of random responders. Assuming equal probabilities of random 
answering for all randomized responses, the model is given by 

π�1j1

π�2j1

π�1j2

π�2j2

0

B
B
B
B
B
B
B
@

1

C
C
C
C
C
C
C
A

¼

ð1 − γÞpþ :5γ ð1 − γÞqþ :5γ

ð1 − γÞqþ :5γ ð1 − γÞpþ :5γ

ð1 − γÞqþ :5γ ð1 − γÞpþ :5γ

ð1 − γÞpþ :5γ ð1 − γÞqþ :5γ

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

π

1 − π

 !

: (3) 

We refer to this model as “ECWMþRA,” where RA stands for random 
answer. In (3) the equality relations π�1j1 ¼ π�2j2 and π�2j1 ¼ π�1j2 are not 
affected by random answering. This means that multiple combinations of 
γ and π give the same parameter vector π�, and therefore the model is not 
identified, as was noted before by Heck et al. (2018).

2.3 The One-Sayers Model Correcting for Random Answering
The one-sayers model (Cruyff et al. 2024) accounts for evasive respondents 
who answer “DIFFERENT” (or equivalently “I have One ‘yes’ and One 
‘no’ answer”), irrespective of the outcome of the randomizer. With θ 
denoting the prevalence of one-sayers, the model is given by 

π�1j1

π�2j1

π�1j2

π�2j2

0

B
B
B
B
B
B
B
@

1

C
C
C
C
C
C
C
A

¼

ð1 − θÞpþ θ ð1 − θÞqþ θ

ð1 − θÞq ð1 − θÞp

ð1 − θÞqþ θ ð1 − θÞpþ θ

ð1 − θÞp ð1 − θÞq

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

π

1 − π

 !

; (4) 

This model shows that π�1j1 6¼ π�2j2 and π�2j1 6¼ π�1j2 for θ>0. Now each com
bination of θ and π yields a unique parameter vector π�, and therefore the 
model is identified.
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The one-sayers model that additionally accounts for random answering 
(One-sayers þ RA) is given by 

π�1j1

π�2j1

π�1j2

π�2j2

0

B
B
B
B
B
B
B
@

1

C
C
C
C
C
C
C
A

¼

ð1 − γ − θÞpþ θþ :5γ ð1 − γ − θÞqþ θþ :5γ

ð1 − γ − θÞqþ :5γ ð1 − γ − θÞpþ :5γ

ð1 − γ − θÞqþ θþ :5γ ð1 − γ − θÞpþ θþ :5γ

ð1 − γ − θÞpþ :5γ ð1 − γ − θÞqþ :5γ

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

π

1 − π

 !

;

(5) 

with the restriction that θþ γ≤1 because one-saying and random answering 
are mutually exclusive response categories. A diagram of the ECWM account
ing for the one-saying and random answer is depicted in figure 2. This model 
is over-parameterized, but it can be identified by fixing the parameter γ. 
To do so, a reasonable estimate of the prevalence of random responders 
has to obtained by other means (e.g., by the use of a control question).

2.4 Expected Bias Resulting from Non-Zero γ and θ Parameters
In the presence of one-saying and random responding, the standard ECWM 
estimator bπ of model (2) yields a biased estimate of π (i.e., EðbπÞ ¼ πþBias). 
The size of this bias equals ðθþ γÞð:5 − πÞ (see appendix A on OSF (https:// 
osf.io/ekcjb/?view_only=e5ad20e51f2c4b4ea3816d5281350782), please see 
the supplementary data online for a derivation). Figure 3 shows the expected 
estimates of π when response bias due to random answering and one-saying 
is not taken into account.

The top-left plot in figure 3 depicts the expected estimates of π when 
random answering is present but there is no one-saying. It shows that as 
the value of γ increases, the expected estimate of π approaches 50 percent. 
In the case that all respondents answer randomly, EðbπÞ ¼ 0:5, irrespective 
of the value of π. The remaining three plots show the expected estimates 
of π for the prevalence of one-saying θ 2 f:1; :2; :3g with the restriction 
that γþθ≤1, because one-saying and random answering are two mutu
ally exclusive phenomena. This explains why fewer values of γ are shown 
with the increasing values of θ. The plots show similar patterns for γ as in 
the top-left panel, but with higher expected estimates of π as the value of γ 
increases. For instance when π ¼ :25, the standard ECWM of (2) yields 
biased expected estimates of bπ 2 f:31; :38; :44; :5g for γ 2 f:25; :5; :75;1g, 
and θ ¼ 0. For γ 2 f:25; :5; :75g, and θ ¼ :1, the ECWM yields biased 
expected estimates of bπ 2 f:34; :4; :46g, respectively. In summary, the fig
ure shows that both random answering and one-saying bias the preva
lence estimates towards 0.5.
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Figure 2 The one-Sayers Model Accounting for Random Answering, with 
Self-Protective “One” Answers And Random Answer In Gray. The ECWM 
with random answering is obtained as a special case of this model by setting the 
one-saying probability θ 5 0; hence, no separate diagram is provided for that case. 
The parameter π represents the unknown prevalence of the sensitive attribute, q 
and p denote the known probabilities of answering “yes” to the innocuous ques
tion in sub-samples 1 and 2, θ denotes the prevalence of one-sayers and γ repre
sents the prevalence of random responders.
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3. ESTIMATION
This section presents moment and maximum likelihood estimates of the 
model parameters presented in the previous section.

3.1 Estimation of γ on the Basis of the Control Question
In this section, we derive our method to correct for random answering. It 
estimates its prevalence γ on the basis of the incorrect answers to the non- 
sensitive control question under the assumptions that (i) all respondents 
know the correct answer to the control statement, (ii) random responders 
answer all (E)CWM statements randomly, and (iii) random answering is 
independent of the sensitivity of the ECWM statement.

If all respondents know the correct answer to the control statement, the 
prevalence of random answering is estimated as bγ ¼ 2 � ec, where ec 
denotes the observed proportion of errors on the control question. The 
multiplication by two is necessary because on average half of the random 
responders will answer the control question correctly by chance.

Our estimate of γ is derived from a control statement about a non- 
sensitive characteristic with known prevalence of 0 or 1. Since this statement 
is not sensitive, the answers are assumed not to be affected by one-saying. 
The control statement is combined with a number sequence statement with 
probability of answering “yes” set to either 0 or 1, which makes it statistically 
equivalent to a direct question. Since the answers to both the control and the 

Figure 3 The Expectation EðbπÞUnder the ECWM as a Function γ, θ and π.
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number sequence statement are known, the incorrect “DIFFERENT/ 
SAME” answers can be individually identified and attributed random 
answering. Since random responders have 50 percent chance to have a cor
rect “DIFFERENT/SAME” answer, our estimate of γ is twice the propor
tion of incorrect “DIFFERENT/SAME” answers.

In appendix C, please see the supplementary data we compare the 
power and the relative efficiency of our estimator of γ with respect to the 
Atsusaka and Stevenson (2023) and Schnapp (2019) estimators. The power 
curves show that our estimate of γ as twice the error rate of the control 
question: (i) it is about 3 to 20 times more efficient than the Atsusaka and 
Stevenson (2023) estimator when γ approaches .5, and .05, respectively, (ii) 
it is about 2 to 3 times more efficient than the Schnapp (2019) estimator, 
and (iii) it requires smaller sample sizes to test for γ with the same power.

3.2 Moment Estimation
The unidentified ECWM correcting for random answering (3) is identified 
by using a value for γ derived from the non-sensitive control statement. 
The estimator bπra of the sensitive attribute is given by 

bπ ra ¼
π�11þ π�22 − ð1 − γÞq − :5γ

ðp − qÞð1 − γÞ
: (6) 

where π�ys ¼ ðns=nÞπ�yjs is the unconditional probability of observing 
response y in sub-sample s, ns is the sub-sample size and n¼

P
s ns the 

total sample size. The moment estimator in (6) is computed by plugging in 
the observed sample proportions nys=n as estimates for π�ys, and bγ for γ. 
This estimator is identical to the ones presented by Schnapp (2019) and 
Atsusaka and Stevenson (2023), but the difference is in the method of esti
mating γ (see appendix C, please see the supplementary data for relative 
comparison).

For the one-sayers model correcting for random answering (5), the 
moment estimator of θ is 

bθ ¼ π�1j1þ π�1j2 − 1; (7) 

which is identical to the estimator of one-sayers in model (4), that is, the 
presence of random responders does not affect the estimate of one-sayers. 
The estimator bπoneþ ra of the sensitive attribute is 

bπoneþ ra ¼
pπ�2j2 − qπ�2j1 − γðp − :5Þ
ðp − qÞðπ�2j1þ π�2j2 − γÞ

; p 6¼ 0:5 (8) 
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The analytical variances of the estimators bπ ra and bπ raþone are presented in 
appendix A, please see the supplementary data on OSF (https://osf.io/ 
ekcjb/?view_only=e5ad20e51f2c4b4ea3816d5281350782). Substituting γ ¼
0 in (6) and (8) yields the moment estimators of π of the standard ECWM 
of (2), and the one-sayers model of (4), respectively.

3.3 Maximum Likelihood Estimation
The parameters π and/or θ of models (3) and (5) can alternatively be esti
mated by maximization of the log-likelihood 

ln ‘ðπ; θ j n;bγÞ ¼ n
0

ln π�; (9) 

where n is the vector with the observed randomized response frequencies 
nys corresponding to the elements π�yjs. If the model includes the parameter 
γ, then bγ is treated as a fixed value.

4. SIMULATION STUDY
This section presents a simulation study to evaluate the performance of the 
proposed method. In 10;000 samples of n¼ 5;000 we drew “doping users” 
with prevalence π 2 f:05; :1; :2;g and, independently thereof, random res
ponders with probability γ 2 f:05; :1; :2g. For the control statement, we 
generated the responses given a true prevalence of 100 percent in combina
tion with an innocuous statement with probabilities of a TRUE answer of 
zero in one sub-sample and of one in the other sub-sample to check the 
answers at the individual level. We then let the random responders answer 
the sensitive doping statement and the non-sensitive control statement ran
domly and let the remaining respondents answer according to the ECWM 
design. We then fitted the ECWM and ECWM-RA, for which we used 
twice the percentage of errors on the control statement as an estimate of γ.

Figure 4 depicts the estimates of the ECWM and ECWM-RA models, and 
shows that the latter estimates π unbiasedly, indicating that the estimates of 
γ as twice error rate of the control statement are unbiased and irrespective 
the values of π. appendix B, please see the supplementary data on OSF 
(https://osf.io/ekcjb/?view_only=e5ad20e51f2c4b4ea3816d5281350782) also 
includes some examples for smaller sample sizes. These show that the maxi
mum likelihood estimator of (9) is biased in case that random answering 
results in estimates of π on the boundary. In that case the moment estimator 
of (6) is unbiased because it allows for negative estimates of π.

5. DATA
The data are from four surveys on doping use which were conducted as a 
part of the World Anti-Doping Agency (WADA) anti-doping program. 
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A previous analysis of these data showed the presence of one-saying 
(Cruyff et al. 2024). Data analysis was approved by the Ethics Review 
Board of the Faculty of Social and Behavioural Sciences of Utrecht 
University in application 22–0185.

Procedure and Measures
Surveys A and D were accessed via a web-link and administered on an 
online platform, while Surveys B and C also offered the possibility of 
administration on mobile phones/tablets. The respondents in these sur
veys were elite athletes over the age of 16 years. The numbers of athletes 
that completed the surveys A to D were respectively 354, 325, 915, and 
813. In these surveys, the sensitive statement “I have intentionally used a 
prohibited substance or method without a Therapeutic Use Exemption 
(TUE) in the last 12 months.” was paired with the number sequence ran
domizer as the innocuous statement (Sayed et al. 2022). Figure 5 shows 
how this works. Respondents are first presented with a sequence of five 
randomly generated two-digit numbers, and are asked to memorize one. 
Then they are shown a second sequence of five numbers in which either 
one or four numbers of the first sequence reappear, with the innocuous 
statement B asking whether the memorized number is in this sequence. 
In figure 2 only one number reappears. The respondents are then asked to 
indicate whether their answers to these two statements are the “SAME” 
(both statements are true or false) or “DIFFERENT” (only one statement 
is true). In this example, the probability of answering “yes” to the 

Figure 4 Box-Plots of the Estimates Under the ECWM, and the Model 
Corrects for Random Answering “ECWM-RA” At Different Values of 
γ ‰f:05; :1; :2g.
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innocuous statement B is p¼ 1=5 because only one of the five numbers 
from the first sequence reappears in the second. In the surveys, respond
ents were randomly assigned to a condition with p¼ 1=5 (when one num
ber reappears) or with p¼ 4=5 (when four numbers reappear).

To check the understanding and adherence to the ECWM instructions, 
the athletes were also presented with the control statement A “I am a 
licensed/accredited athlete” in combination with a number sequence 
statement B. The answers to statement B were quasi-randomized, because 
the probability of a “yes” answer set either to 1 by letting all the numbers 
of the first sequence reappear in the second sequence, or to 0 by letting 
none of the numbers reappear. The probability of a “yes” answer to the 
control question was assumed to be 1, because for all athletes in the sur
veys having a license/accreditation is mandatory. However, it appeared 
that the athletes were not always aware of being licensed/accredited. The 
reason for this is that the license/accreditation it is often arranged by their 
sports associations. Consequently, some of the athletes may have believed 

Figure 5 Example of the Number Sequence Randomizer for the 
Statement on Doping Use.
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that they were not licensed/accredited, and may therefore have given the 
wrong answer to the control question.

Adjusting for Measurement Error in the Control Question
This section describes a procedure to correct for random answering when 
the correct answer of the control question is not known by some respond
ents. For the data at hand, we expect that some respondents answered the 
control question incorrectly because they did not know the correct answer 
(see section 5). If we denote the prevalence of these respondents by ϕ, 
then ec ¼ :5γþϕ (see appendix A, please see the supplementary data for a 
derivation) is a mixture of random respondents with prevalence γ and 
respondents who think they are not licensed/accredited with prevalence 
ϕ. Under the assumption that ϕ is independent of doping use, the conclu
sion is justified that ϕ has no effect on the validity of the answers to the 
doping statement. The problem then reduces to the estimation of γ.

The procedure to estimate γ is as follows. Let bπ in and bπout respectively 
denote the doping prevalence estimate of the ECWM (2) with the respond
ents who answered the control question incorrectly in- and excluded from 
the data. Their exclusion implies that approximately half of the random 
respondents are eliminated from the data, since the other half answered 
the control question correctly by chance. If random answering is com
pletely absent we expect that bπ in � bπout. If not, the expectation is that 
bπ in>bπout, because random answering biases the prevalence estimate 
toward 0.5. Since the exclusion of the incorrect answers to the control 
question excludes only half of the random responders, the difference 
between the two estimates Δbπ ¼ bπ in −bπout is due to :5γ. Given the linearity 
of the relationship between EðbπÞ and γ as depicted in figure 3, the estimate 
bπ ra that is corrected for random answering is thus given by 

bπ ra ¼ bπout −Δbπ : (10) 

The estimate of γ can be obtained by rearranging (6) to yield a closed-form 
expression for γ in terms of bπ ra, the randomization probabilities p, q, and 
the observed unconditional probabilities π�11 π�22 as 

bγra
¼

π�11þ π�22 − ðp − qÞbπra − q
ðp − qÞbπ ra − ðp − 0:5Þ

: (11) 

The same procedure is followed for the one-sayers model (4) by estimating 
bπone; in and bπone; out with the one-sayers model, and defining Δbπone ¼

bπone; in −bπone; out and bπ raþone ¼ bπone; out −Δbπone. By rearranging (8), the 
estimate of γ is given by: 
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bγraþ one
¼
bπ raþ oneðp − qÞðπ�2j1þ π�2j2Þ− pπ�2j2þ qπ�2j1

bπraþ oneðp − qÞ− ðp − :5Þ
: (12) 

Given that the adapted procedure to estimate γ is rather complex; it is 
illustrated for Survey A in the next section with figure 6.

6. RESULTS
In this section, we present the prevalence estimates of doping use for the 
Surveys A to D of the ECWM (2), the one-sayers model (4), and the one- 
sayers model with correction for the control statement (5).

Before presenting the parameter estimates of these models, table 1
shows how the estimates of γ for the one-sayers model were obtained. The 
column 2ec of table 1 shows twice the observed error rates on the control 
statement, which would have been our estimate of γ if all athletes would 
have known that they were accredited/licensed. The columns bπone; in and 
bπone; out show the prevalence estimates of doping use obtained with the 
one-sayers model, and Δbπone is the difference between the two. As 
expected in the presence of random answering, the Δbπone are all positive. 
The bπoneþ ra ¼ bπone; out −Δbπone are prevalence estimates corrected for ran
dom answering. The values of bγ are obtained by fitting the one-sayers 
model to the data with all respondents included, with bγ chosen such that 
these models yield bπ raþone. The bγ values are all smaller than 2ec, suggest
ing that part of incorrect answers to the control question are due to igno
rance with respect to the accreditation/licensing.

Figure 6 Schematic Representation of the Estimation of γ in Survey A.
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To illustrate the procedure in more detail, figure 6 presents it schemati
cally for Survey A. The first layer shows a prevalence estimate of the one- 
sayers model for the complete data of .130. The second layer shows an esti
mate of .114 when the respondents with an incorrect answer to the control 
question are deleted from the data. These include both random responders 
and respondents who did not know the correct answer. The difference of 
.016 is attributed to random answering, because the deletion of respond
ents who did not know the correct answer is not expected to have an effect 
on the prevalence estimate under the assumption that not knowing the 
correct answer to the control question is independent of doping use. 
The difference of .016 is assumed to be due to 50 percent of the random 
responders, because the other 50 percent answered the control statement 
correctly by chance. So the .114 estimate is adjusted for 50 percent of 
the random responders, and therefore the third layer adjusts for the 
50 percent random responders who answer the control statement cor
rectly. The doping prevalence estimate corrected for random answering is 
therefore bπ raþone ¼ :098. In the fourth level the estimated prevalence of ran
dom responding bγraþone is obtained directly by substituting bπ raþone ¼ :098, 
p¼ :8, q¼ :2, and the observed conditional proportions π�2j1 ¼ 109=169, 
π�2j2 ¼ 46=185 into (12), yielding bγraþone

¼ :072.
Table 2 shows the prevalence estimates of of doping of the three mod

els. The goodness-of-fit statistics show that for none of the surveys the 
ECWM fits the data, and therefore we started by fitting the one-sayers 
model. This model is saturated, and therefore yields a zero G2 statistic. 
The column with %bπECWM shows the percentage reduction in the cor
rected estimates relative to the uncorrected estimates of the ECWM. For 
instance, in survey A the corrected estimate for one-saying and random 
answer is ð:098=:166Þ � 100¼ 59% of the uncorrected estimate of the 
ECWM. The correction for one-saying results in a reduction of the uncor
rected estimates of approximately 5 percent to 20 percent. The model with 
corrections for one-saying and random answering yields prevalence esti
mates that are between 18.2 percent and 25.9 percent lower than the 
uncorrected estimates, but for Survey A the difference of 41 percent is 
much larger. Here 21.7 percent is due to one-saying, so that the further 
reduction of 19.3 percent is due to random answering.

Table 1. Estimation of bγ for the One-Sayers Model

2ec bπone; in bπone; out Δbπone bπraþone bθ bγ

A 0.254 0.130 0.114 0.016 0.098 0.106 0.072
B 0.270 0.357 0.331 0.026 0.306 0.115 0.233
C 0.394 0.213 0.194 0.019 0.176 0.131 0.099
D 0.268 0.129 0.126 0.003 0.124 0.088 0.013
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To account for the uncertainty in the estimate bγ , the 95 percent confi
dence intervals of bπoneþ ra are obtained with the non-parametric bootstrap. 
For 10;000 bootstrap samples of the doping statement and the control 
question bπoneþ ra are estimated in the same way as for the original data, 
and from these estimates the 95 percent confidence intervals are obtained 
with the percentile method.

7. DISCUSSION
In this study, we proposed a new method to estimate and correct for ran
dom answering of the (E)CWM. It estimates the prevalence of random res
ponders by employing a non-sensitive control statement for which both 
the true and randomized answers are known at the individual level. This 
method identifies (half of the) random responders by their incorrect 
answers to the control statement. This may include inattentive respond
ents who answer fast, but also respondents who try their best to compre
hend the instructions but fail to do so and thus take longer to complete 
the survey. The results of the simulation study show that correction for 
random answering yields unbiased estimates of the true prevalence of sen
sitive attribute if random answering is independent of the status on the 
sensitive attribute.

The analyses of the data have shown that our corrections for random 
answer invariably result in substantially lower prevalence estimates for a 
socially undesirable attribute (doping use) with a relatively low preva
lence. These findings were obtained by fitting only the ECWM model with 
both random answering and one-saying (i.e., ECWM þ RA þ one-saying). 
We did not apply ECWM þRA to the survey data because empirical evi
dence for one-saying was found in all four surveys. Our results are in line 
with the previous studies (H€oglinger et al. 2016; Enzmann 2017; 
H€oglinger and Diekmann 2017; H€oglinger and Jann 2018; Schnapp 2019), 
suggesting that higher prevalence estimates of sensitive attributes cannot 
be interpreted as evidence for a successful control of evasive response bias 
and random answering provides an alternative explanation for these high 
estimates. Unfortunately, the significance of these effects cannot be tested 
with goodness-of-fit tests, because the one-sayers model is a saturated 
model. That is, it perfectly reproduces the observed data, resulting in a test 
statistic of G2

0 ¼ 0. Introducing the random answering parameter γ along
side the one-saying parameter θ does not alter this statistic. However, this 
does not imply that the model fits the data adequately, it simply reflects 
that the model is saturated. This limitation should be taken into account 
when interpreting the corrected prevalence estimates. For the data at 
hand, the quality of the estimates may have been be negatively affected by 
measurement errors in the answers to the control statement due to the 
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ignorance of being accredited/licensed. These measurement errors 
unnecessarily complicated the analyses but, as we will argue, can be easily 
avoided by taking the necessary precautions.

If all athletes would have been aware of being licensed/accredited, γ could 
have simply been estimated by twice the error rate ec on the control state
ment. Since this was not the case, the rather complicated method presented 
in section 5 and table 1 had to be applied to distinguish between random res
ponders and respondents who were unaware of being accredited/licensed. 
While this method seems to be valid under the assumption that the differ
ence between the estimates with and without the incorrect answers to the 
control statement are due to random answering, it decreases the reliability 
of the γ estimates. These errors can be avoided by formulating an unambigu
ous, non-sensitive control statement. An example is to show respondents a 
picture of a street either with or without a bicycle in it, and ask them if there 
is a bicycle in the picture. Combined with a quasi-randomized number 
sequence statement this would leave no room for error.

A remarkable finding was the high error rate of 19.7 percent on the con
trol question of Survey C, while in the other three surveys it ranges from 
12.7 percent to 13.5 percent. A substantial part of the surveys was adminis
tered in the registration hall where the athletes collected their accredita
tion pass, so that it seems likely that these athletes should have been 
aware of being accredited. While it is important to understand the causes 
of this high error rate, we do not have a conclusive explanation for it as 
yet. In a future study we will explore potential explanations for it.

The current paper has some limitations concerning the assumptions 
underlying the present models. First, it is assumed that respondents who 
answer the control statement randomly do so consistently for the sensitive 
question. While this assumption is necessary for identification in our set
ting with only a single sensitive question per respondent in the four sur
veys, it is not empirically testable within the current model. As pointed 
out by both the referees and the associate editor, respondents might treat 
the non-sensitive control question with less attention, as the purpose of 
the ECWM format may be less apparent, which could result in more ran
dom responding on the control question. Conversely, respondents might 
take the sensitive question more seriously. If true, this asymmetry would 
lead to an overestimation of γ and, consequently to a misleading over- 
correction of the prevalence estimate of the sensitive question. To investi
gate the potential effect of such an asymmetry, we carried out a small sim
ulation study (see appendix D, please see the supplementary data). We 
generated 10;000 pairs of randomized responses to the sensitive doping 
question and the control question from a sample of size n¼ 1;000, with 
different combinations of random responding probabilities γc 2 f:2; :3g for 
the control item and γs 2 f:05; :1;15; :2g for the sensitive item, with the 
constraint that γc≥ γs. The results show that when γc> γs, using the 
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control question to estimate γ leads to downward-biased corrected preva
lence estimates. For example, with γc ¼ :20 and a true prevalence π ¼ :10, 
the corrected estimates deviated from the true value of π on average by 
.026 to .075 percentage points for γs 2 f:05; :1;15g. Summary statistics of 
the simulation results can be found in table 1 of the appendix file D, please 
see the supplementary data on OSF (https://osf.io/ekcjb/?view_only= 
e5ad20e51f2c4b4ea3816d5281350782). An alternative to assuming equal 
random responding across control and sensitive question would be to treat 
the control-based estimate of γ as prior information about the sensitive- 
question parameter. This approach relaxes the assumption of equality 
while still making use of the control question. Such an extension would be 
best implemented using a Bayesian framework, and further research is 
recommended to investigate this.

Second, our approach to estimating the prevalence of random responding 
(γ) ideally requires a non-sensitive control question with a known prevalence 
of 0 or 1. In such cases, γ can be estimated directly as twice the error rate on 
the control question, and no assumption about the independence between 
ignorance of the true answer of the control question and the sensitive ques
tion is needed. For the current data, however, this condition was not met, 
which necessitated the more complex procedure described in section 5. This 
assumption cannot be empirically verified within the present model and 
may be implausible in some contexts, for example if doping users are more 
likely to have obtained legal advice and thus be informed about their accredi
tation status. Therefore, the corrected prevalence estimates reported in this 
paper should be interpreted as conditional on this assumption.

Third, it is assumed that the prevalence of random responding (γ) and 
the prevalence of one-saying (θ) are constant across respondents and 
across sensitive questions. In principle, these parameters could vary 
between respondents or across items, and random-effects models could be 
used to capture such variation (see, e.g., B€ockenholt and van der Heijden 
(2007); Wl€omert et al. (2019); Fox (2005)). However, such extensions 
require multi-item survey designs with several sensitive and control ques
tions, while our application (elite-athlete surveys) involves only a single 
sensitive item. For this reason, we restricted our focus to the single-item 
case, which is both practically relevant and identifiable. Extending the 
model to multi-item designs with random effects is an important avenue 
for future methodological research.

Fourth, our correction method assumes that participants in the survey 
had an equal chance of being selected. In other words, it is based on a sim
ple random sampling approach. This assumption is reasonable given the 
sampling procedures followed in collecting the data from the elite athletes 
in the four surveys. However, considering complex sample designs 
(Arnab 2025; Chaudhuri 2001) like stratification, clustering, and unequal 
probabilities of selection can be the appropriate selection method in many 
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practical surveys especially for multistage recruitment. For our method, it 
might be interesting to investigate how the demographic characteristics of 
elite athletes like gender, competition level, and survey completion time 
affect the likelihood to answer inattentively or evasively by one-saying.

Fifth, the question order may influence the likelihood of random 
responding, but in the four surveys, athletes were first presented with the 
sensitive questions, followed by the control question. In our future 
research, we will investigate the impact of randomized order on the preva
lence of random responding, as question order may influence respondents’ 
comprehension or motivation.

A further limitation of the present paper concerns the behavioral 
assumptions underlying the distinction between random answering and 
one-saying. While these two behaviors are mutually exclusive, the psycho
logical reality is more complex. In practice, respondents’ behavior may 
reflect a more complex interaction of distrust in the anonymization proc
ess, misunderstanding of the randomization procedure, inattentiveness, or 
deliberate self-protection. Individual differences in cognitive processing, 
perceived anonymity, and motivation further complicate this picture, 
making it impossible to determine whether “random answering” truly cor
responds to random choice (i.e., selecting each response option with prob
ability 0.5). This limitation underscores the need for future research that 
allows these behaviors to vary across individuals and questions, for exam
ple by analyzing one-saying and random answering in a design with mul
tiple sensitive and control questions.

The main aim of randomized response techniques like the (E)CWM is 
to increase respondents’ willingness to answer sensitive questions truth
fully by protecting their privacy and ensuring that their individual 
answers cannot be linked back to them. However, the effectiveness of 
these methods depends not only on their statistical properties but also on 
respondents’ psychological trust and understanding of the anonymization 
mechanism (Landsheer et al. 1999). In a qualitative study of the forced 
response design by Boeije and Lensvelt-Mulders (2002), some respondents 
admitted to have modified their responses because they feared being 
falsely incriminated when forced by the randomizer to give the incrimi
nating “yes” response. In this article, respondents’ answers to the number 
sequence randomizer are not known to investigators, ensuring that indi
vidual responses can not be traced. However, respondents may suspect 
that their answers can still be traced to them, which can undermine the 
perceived anonymity of the method. Indeed, Cruyff et al. (2024) found 
empirical evidence for one-saying bias in the four surveys analyzed here 
and proposed a correction for it, while other studies have demonstrated 
the presence of random responding (Enzmann 2017; Schnapp 2019; 
Walzenbach and Hinz 2019). Other forms of evasive behavioral responses, 
however, may also occur. In this sense, the ECWM including the 
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correction proposed in this paper cannot by themselves overcome psycho
logical distrust or misunderstanding.

A final remark concerns the reasons for random responding. In survey 
methodology, such behavior is well documented and often attributed to 
factors such as cognitive load, time pressure, survey fatigue, and general 
inattentiveness or low motivation. In the context of ECWM, there is little 
cognitive research directly addressing why respondents might answer ran
domly. The additional complexity of the ECWM instructions may increase 
cognitive burden and misunderstanding, which could increase the likeli
hood of inattentive or haphazard responding. Our findings should there
fore be interpreted with caution; the statistical model identifies random 
answering patterns, but it does not reveal the psychological processes that 
generate them. Future cognitive psychology research would therefore be 
valuable to better understand the mechanisms behind random answering 
in randomized-response formats, for example by the use of qualitative 
thinking-aloud research, as done by Boeije and Lensvelt-Mulders (2002)
in the cognitive survey labs.

Overall, the findings of this article suggest that correcting for random 
responding result in substantially lower prevalence estimates for a socially 
undesirable attribute. However, the validity of these corrected estimates 
cannot be assessed within the present study. Evaluating the validity of the 
corrections requires carrying out validation studies in which the true prev
alence of the sensitive attribute is known and that allow for a comparison 
of the prevalence estimates obtained with and without correction. 
Additionally, the corrections we presented in this article are suboptimal 
due to measurement errors in the answers to the control question because 
of the athletes who were unaware of the correct answer to the control 
question about accreditation or licensing. The suggested improvements of 
the control question would avoid such measurement errors. In future sur
veys we use such control questions in order to obtain better estimates of 
the prevalence of random answering and, consequently, obtain more valid 
estimates of the prevalence of the sensitive attribute.

SUPPLEMENTARY MATERIAL
Supplementary materials are available online at academic.oup.com/jssam. 
All supplementary files are available online on the OSF repository via: 
https://osf.io/ekcjb/?view_only=e5ad20e51f2c4b4ea3816d5281350782.

DATA AVAILABILITY
The data sets analyzed during the current study are available on the GitHub 
page https://github.com/MaartenCruyff/RRsp1, R code to reproduce the 
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results and an appendix of all derivations are available on the OSF repository 
via: https://osf.io/ekcjb/?view_only=e5ad20e51f2c4b4ea3816d5281350782.
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