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Abstract
Validly measuring sensitive issues such as norm violations or stigmatizing traits through self-reports in

surveys is often problematic. Special techniques for sensitive questions like the Randomized Response

Technique (RRT) and, among its variants, the recent crosswise model should generate more honest answers

by providing full response privacy. Different types of validation studies have examined whether these

techniques actually improve data validity, with varying results. Yet, most of these studies did not consider

the possibility of false positives, i.e., that respondents are misclassified as having a sensitive trait even

though they actually do not. Assuming that respondents only falsely deny but never falsely admit possessing

a sensitive trait, higher prevalence estimates have typically been interpreted as more valid estimates. If

false positives occur, however, conclusions drawn under this assumptionmight bemisleading. We present a

comparative validation design that is able to detect false positives without the need for an individual-level

validation criterion — which is often unavailable. Results show that the most widely used crosswise-model

implementation produced false positives to a nonignorable extent. This defect was not revealed by several

previous validation studies that did not consider false positives — apparently a blind spot in past sensitive

question research.

1 Introduction

Measurements of sensitive issues such as extreme political attitudes, deviant behavior, or

stigmatizing traits through self-reports in surveys are often not reliable. Validation studies show

that a considerable share of respondents falsely denies sensitive behavior when asked about

it (e.g., Preisendörfer and Wolter 2014). Despite this serious flaw, research in deviance, political

science, epidemiology, and many other areas relies heavily on self-report data. Finding ways to

validly measure sensitive items is, therefore, very important.

Special techniques for sensitive questions such as the Randomized Response Technique (RRT,

Warner 1965) are supposed to provide more valid data. Using some randomization procedure,

such as dice, that introduces noise into the response process, this technique grants respondents

full response privacy. While theoretically compelling, respondents in practice sometimes do not

trust the special technique and stillmisreport. Alternatively, theydonot complywith the relatively

special and complicated RRT procedure. Hence, the RRT does not necessarily improve data

quality. While a widely cited meta-analysis (Lensvelt-Mulders et al. 2005) concluded that the RRT

generates more valid data, the literature is not short of examples where RRT applications did not

work aswell as expected (e.g., Coutts andJann2011; HolbrookandKrosnick 2010;Höglinger, Jann,

and Diekmann 2016; Wolter and Preisendörfer 2013).

Authors’ note: We thank Ben Jann, the editor, as well as the two anonymous reviewers for their helpful comments, Thomas

Hinz and Sandra Walzenbach for pointing us to potential problems of the crosswise-model RRT, and Murray Bales for

proofreading the manuscript. An online appendix for this article is available on the journal’s website. For replication data

see Höglinger and Diekmann (2016).
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The recently proposed crosswise-model (CM) RRT variant (Yu, Tian, and Tang 2008) has some

desirable properties that should overcome certain problems found in other RRT variants. Recent

applications include surveys on corruption and involvement in narcotics trade (Corbacho et al.

2016; Gingerich et al. 2015) or a survey on illicit drug use in Iran (Shamsipour et al. 2014). In

the CM, respondents are asked two questions simultaneously, a sensitive one (e.g., “Are you

an active member of the Egyptian Muslim Brotherhood?”) and a nonsensitive one (e.g., “Is

your mother’s birthday in January or February?”). Respondents do not indicate their answers

to the two questions but only whether their two answers were identical (two times “yes”, or

two times “no”) or different (one “yes”, the other “no”). Because a respondent’s answer to the

nonsensitive question is unknown, an “identical” or “different” response does not reveal their

answer to the sensitive question. However, as the overall prevalence of a “yes” answer to the

birthday question is known, the collected data can be used for analysis by taking the systematic

measurement error introduced by the special procedure into account. Compared to other RRT

variants, the CM is relatively easy to explain and does not need an explicit randomizing device

which makes it especially suitable for self-administered survey modes such as paper-and-pencil

or online. Further, the response options “identical” and “different” are obviously ambiguous

which circumvents the problem encountered in some forced-response RRT implementations

wherebydistrustful respondentsunconditionally choose the“no” response irrespectiveof theRRT

instructionsor their trueanswer (Couttsetal.2011). And, indeed, theCMhasbeen judged favorably

in a series of validation studies because it elicited higher and seemingly more valid prevalence

estimates of sensitive behavior or attitudes than direct questioning (DQ) (Hoffmann and Musch

2016; Jann, Jerke, and Krumpal 2012; Korndörfer, Krumpal, and Schmukle 2014; Shamsipour et al.

2014; Hoffmann et al. 2015; Gingerich et al. 2015).

However, we argue that these results must be interpreted with great care because these

validations had severe limitations. The majority of RRT evaluations are comparative validation

studieswhere prevalence estimates of special sensitive question techniques and standard DQ are

compared under the more-is-better assumption: Assuming that respondents only falsely deny

but never falsely admit an undesirable sensitive trait or behavior, higher prevalence estimates

are interpreted as more valid estimates (e.g., Lensvelt-Mulders et al. 2005).1 The more-is-better

assumption is plausible for items that are unequivocally judged as socially undesirable, and

where underreporting is the only likely source of misreporting. However, the social desirability

of some items such as cannabis use or the number of sexual partners might be interpreted in

the completely opposite way by a different subpopulation (e.g., Smith 1992). Moreover, some

respondents actually might falsely admit sensitive behavior, i.e., they respond as if they possess

a sensitive trait although they do not. We call this type of misreporting false positives. While quite

unlikely for DQ, the occurrence of false positives cannot be ruled out a priori with special sensitive

question techniques that require respondents to follow complex procedures. First, intentional or

unintentional noncompliancewith theRRTprocedure likely leads to falsenegatives aswell as false

positives. Second, because the RRT guarantees full response privacy, respondentsmight bemore

prone than in the DQ mode to answer carelessly, including falsely giving a socially undesirable

response. If false positives occur, however, the more-is-better assumption is no longer tenable

since a higher prevalence estimate of a socially undesirable trait might not be the result of more

but of less valid data.

Aggregate-level validation studies that compare estimated prevalence estimates to a known

aggregate criterion such as official voting turnout rates (Rosenfeld, Imai, and Shapiro 2016)

are preferable because they do not need the DQ estimate as a benchmark. However, they too

1 This assumption is alternatively called “one sided lying”, see e.g., Corbacho et al. (2016). The same holds, albeit in the

opposite direction, for desirable traits or behaviors (less-is-better applies then).

Marc Höglinger and Andreas Diekmann � Uncovering a Blind Spot in Sensitive Question Research: False
Positives Undermine the Crosswise-Model RRT 132

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/p

an
.2

01
6.

5 
Pu

bl
is

he
d 

on
lin

e 
by

 C
am

br
id

ge
 U

ni
ve

rs
ity

 P
re

ss

https://doi.org/10.1017/pan.2016.5


Table 1. Sensitive questions surveyed

Item Wording

Never donated blood∗ “Have you ever donated blood?”

Unwilling to donate organs∗ “Are you willing to donate your organs or tissues after
death?”

Excessive drinking “In the last two weeks, have you had five or more drinks in a
row (a drink is a glass of wine, a bottle of beer, etc.)?”

Received a donated organ “Have youever received adonatedorgan (kidney, heart, part
of a lung or liver, pancreas)?”

Suffered from Chagas disease “Have you ever suffered from Chagas disease
(Trypanosomiasis)?”

∗Reverse coded for the purpose of analysis

do not allow a final conclusion to be drawn about a sensitive question technique’s validity

because if the sensitive question technique under investigation produces false negatives as well

as false positives, both errors level each other out to an unknown degree. Hence, a seemingly

more accurate estimate on the aggregate level might not be the result of more valid data on

the individual level. Only individual-level validations, i.e., studies that compare self-reports to

observed behavior or traits at the individual level, have the potential to identify false negatives

as well as false positives. However, for many topics or items of interest they are impossible to

carry out because one needs a validation criterion from typically hard-to-access sources such as

sensitive individual record data. As a consequence, individual-level validations are rare, usually

deal with special populations, and often cannot be replicated. Moreover, many do not consider

false positives in their analysis even though they could (see online Appendix A for details).

Given that one reason for the apparent blind spot in sensitive question research is the difficulty

of carrying out individual-level validation studies, we propose an alternative comparative design

which is able to detect systematic false positives without needing an individual-level validation

criterion. This is achieved by introducing one or more zero-prevalence items among the sensitive

items. If a sensitive question technique systematically leads to false positives, the estimates of the

zero-prevalence items will be nonzero and themore-is-better assumption is no longer tenable. If,

however, the estimates for the zero-prevalence item are correct, and thus no false positives are

produced, relying on the more-is-better assumption is warranted onmuch firmer ground.

We present results of an application of such an enhanced comparative validation in a survey

on “Organ donation and health” (N = 1, 685). Questions on having received a donor organ and

on having suffered from Chagas disease, two items with nearly zero prevalence in the surveyed

population, served as zero-prevalence items. The results show that what is currently the most

widely used implementation of the CM RRT produced positive, i.e. wrong, prevalence estimates

of the zero-prevalence items, and hence generated false positives to a nonignorable extent.

2 Data and design

Our analysis sample consisted of 1, 685 members of a nonrepresentative German online access

panel that tookpart ina surveyon“Organdonationandhealth”.2 Tovalidate the sensitivequestion

techniques we asked respondents a series of five health-related items with varying degrees of

sensitivity: a question on whether they had ever donated blood, on their willingness to donate

organs after death, on excessive drinking in the last twoweeks, onwhether they had ever received

a donated organ, and on whether they had ever suffered from Chagas disease (Table 1). The last

2 See online Appendix B for data and design details, and Höglinger and Diekmann (2016) for replication data.
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two items “ever received a donated organ” and “ever suffered from Chagas disease” have a close

to zero prevalence in the surveyed population and are used to test for systematic false positives.

One-third of the respondents were randomly assigned to the DQ version of the sensitive

questions, and two-thirds to theCMvariant.3 TheCMRRT implementedwasanunrelatedquestion

version as used in Jann, Jerke, and Krumpal (2012) and in most other previous studies using

the CM. Respondents were asked two questions at the same time: A sensitive question and an

unrelated nonsensitive question. Respondents then had to indicate whether their answers to the

two questions were identical or different. Due to the mixing with the nonsensitive question, a

respondent’s answer to the sensitive question remains completely private. The CM procedure

was carefully introduced to the respondents and a practice question preceded the sensitive items

which were asked in randomized order.

3 Results

For the comparative validation we estimated the self-report prevalence of the surveyed sensitive

items for DQ and the CM, as well as the corresponding difference (Figure 1).4 The CM prevalence

estimates arenot significantly different toDQ for the item“neverdonatedblood”, but 5percentage

points higher for “unwilling to donate organs” (albeit not at a conventional significance level,

p = 0.066), and 12 percentage points higher for “excessive drinking”. This fits the pattern found

in previous studies where the CM consistently produced higher prevalence estimates of sensitive

behavior than DQ, which was typically interpreted as more valid estimates.

Looking at the two zero-prevalence items “ever received a donated organ” and “ever suffered

from Chagas disease”, we see that the DQ estimates are zero, as expected. In contrast, the

corresponding CM estimates are with 8% (received organ) and 5% (Chagas disease) substantially

and significantly above zero. The respective false positive rates of 8% and 5% reveal a

nonignorable amount of misclassification that cannot be explained by random error or by

respondents’ ignoranceof their true statusbecause, in the latter case, also theDQestimateswould

deviate from zero.5 The CM’s inaccurate prevalence estimates are largely due to a false positive

bias caused by this special sensitive question technique.6 The more-is-better assumption is

obviously not tenable for the CM. Hence, the CM’s higher prevalence estimates for being unwilling

to donate organs after death and for excessive drinkingmust not be interpreted as being the result

of more respondents honestly giving the correct socially undesirable answer and of more valid

data.

In addition, we carried out an individual-level validation using a barely sensitive question on

whether respondents had (not) completed the “Abitur”, the German general university entrance

qualification. Answers were validated using previously collected self-report information. While

some limitations apply to this validation, the found false positive rate of 7% corroborates

the findings from the zero-prevalence comparative validation above. Most interestingly, the

misclassification of the CM was not revealed in an aggregate-level validation we simulated. The

aggregate prevalence estimate did not deviate significantly from the true value because the false

negatives and false positives canceled each other out almost completely. This demonstrates the

weakness of even an aggregate-level validation strategy (see online Appendix C for details).

Finally, we investigated the causes and correlates of false positives in the CM. However,

the data did not reveal any pattern that would clearly point to a particular explanation we

3 To counterbalance the lower statistical efficiency of the CM.

4 For estimation we transformed the CM response variable to correct for the systematic error introduced by the

randomization procedure and performed a least-squares regression with robust standard errors (see online Appendix B

for details).

5 None of the 548 respondents indicated having received a donated organ in the DQ condition, only 2 of 547 respondents

indicated having suffered from Chagas disease.

6 See below and online Appendix C for a discussion of potential causes such as random answering, problematic unrelated

questions, or omitting a “don’t know” response option.
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Figure 1. Comparative validation of sensitive question techniques (lines indicate a 95% confidence interval,

N from 518 to 549 for DQ, and from 1,120 to 1,123 for CM).

tested. We could, however, identify some candidate causes of false positives whose effect should

be investigated more systematically in future studies: Some problematic, unrelated questions

possibly not producing the expected “yes” answer probability, omitting a “don’t know” response

option, and respondents speeding over the CM instructions. Still, each of these factors accounts

for only a share of the false positives that occurred and, very likely, the resulting false positive rate

was caused by a mix of different mechanisms (see online Appendix C for details).

4 Discussion and conclusion

We introducedanenhancedcomparative sensitivequestionvalidationdesign that is able todetect

falsepositives and therebyallows for testing themore-is-better assumptiononwhich comparative

validations rely. The suggested design does not need an individual-level validation criterion,

making it easily applicable in a broad array of substantive survey topics and populations of

interest. Systematic falsepositivesaredetectedby introducingoneormore (near) zero-prevalence

items among the sensitive items surveyed with a particular sensitive question technique.

Validating an implementationof the recently proposedCMRRT,we found that theCMproduced

false positives to a nonignorable extent. Our evidence is based on a comparative validation with

zero-prevalence itemsandanadditional individual-level validationusing anonsensitive question.

Previous validation studies appraised the CM for its easy applicability and seemingly more valid

results. However, none of them considered false positives. Our results strongly suggest that in

reality the CM as implemented in those studies does not produce more valid data than DQ.

Further, our validation design allowed us to analyze various potential causes and correlates of

false positives. For instance, by excluding responses elicited using some potentially problematic

unrelatedquestions, falsepositives couldbe reducedconsiderably forone item.Still, this aswell as

other candidate causes could account for only a share of the false positives that actually occurred,

suggesting that a mix of mechanisms might be responsible for the substantial amount of false

positives. Possibly, better designed CM implementations are less plagued by false positives. Most

conveniently, our validation design allows for testing such design improvements in an easy and

reproducible way.

Note that the comparative validation with a zero-prevalence item only detects false positives if

they occur systematically across different items. In this sense, it allows for a limited, but still much

more meaningful validation than the comparative and aggregate-level validations used so far. To

draw final conclusions regarding the validity of a particular technique, it should be complemented

by individual-level validation studies. However, the fact that the presented design does not need

a hard-to-achieve individual validation criterion makes it an easy and broadly applicable tool for
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developing and evaluating special sensitive question techniques and even for sensitive question

research in general.

To conclude, in our view the main lesson from this study is not so much that the CM RRT we

implemented did not work as expected but that, had we not considered false positives in our

analysis, we would have never revealed this fact. False positives might also occur in other RRT

variants, and even with other sensitive question techniques such as the item count technique,

forgivingwording or other question format changes. Because validation studies have so far largely

neglected this possibility, we simply do not know. Sensitive question research must stop relying

blindly on the more-is-better assumption and explicitly consider the possibility of false positives.

The zero-prevalence comparative validation presented here as well as some recently proposed

experimental individual-level validation strategies (e.g., Höglinger and Jann 2016) provide useful

tools for overcoming this blind spot in future studies.

Supplementarymaterial

For supplementary material accompanying this paper, please visit

https://doi.org/10.1017/pan.2016.5.
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