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Applying “Benford’s law” to the Crosswise
Model: Findings from an online survey on tax
evasion
THORBEN KUNDT

Zusammenfassung/ Abstract
Many surveys on sensitive topics such as tax evasion suffer from the reluctance of
respondents to provide truthful answers which can cause downward-biased estimates. This
paper addresses this problem by making use of a recent survey method (Crosswise Model)
designed to provide positive incentives for respondents to answer sensitive questions more
truthful. We extend the Crosswise Model by applying the so-called “Benford Illusion” which
allows us to increase the precision of the Crosswise Model that is less statistically efficient
than other methods. To test the effectiveness of the model in providing privacy protection, we
carried out an online survey in which the respondents were randomly allocated into two splits
differing only by the questioning technique applied. Our results suggest that the Crosswise
Model can help to increase privacy protection compared to a simple direct questioning
approach. As a consequence, survey estimates of tax evasion using the Crosswise Model are
likely to become more valid. At the same time, we show that were able to obtain an efficient
estimator without substantially decreasing privacy protection, even for a relatively small
sample size.
JEL-Klassifikation / JEL-Classification: C83; H26
Schlagworte /Keywords: tax evasion; survey methodology; Crosswise Model; Benford’s law

1. Introduction
The intense use of large-scale surveys such as the World Values Survey in the empirical tax
compliance literature (see e.g. Torgler, 2007) emphasizes the role that surveys play as a relatively easy accessible means for researchers and policy makers for studying the anatomy of
tax compliance. A major challenge for the design and implementation of surveys dealing with
sensitive topics such as tax evasion, however, is to create positive incentives for respondents
to answer these kind of questions truthfully.
There are various reasons why survey respondents might understate the true extent of tax evasion or even completely refrain from answering questions: some might have the feeling that
their answers could be disclosed to third parties such as public authorities, others might overstate their tax honesty for reasons of social desirability, and some others might simply feel
that questions on tax evasion are too intrusive (or, of course, a combination of these reasons)
(Tourangeau and Yan, 2007). Consequently, survey estimates of tax evasion may be downward-biased which has serious implications for the assessment of costs and benefits of different policy measures taken to counter tax evasion (Kundt et al., 2013).
In order to cope with respondent dishonesty, a number of questioning strategies have been
developed over the last decades. These techniques usually aim at increasing the (perceived)
anonymity of questions on sensitive topics, thereby creating positive incentives for respondents to give true answers. Most prominently, various studies have applied (different variants
of) the Randomized Response Technique (RRT)1 (Warner, 1965). To increase privacy protection, RRT combines sensitive items with non-sensitive, usually unrelated ones for which the
researcher knows the distribution of answers in advance. A randomization device determines
which question is to be answered. Of course, the interviewer is unaware of the result of the
randomization process and cannot directly observe which question the respondents answered.
Yet, it is still possible to estimate the share of respondents for whom the sensitive question
applied. However, a central drawback of the RRT is that it still leaves the respondents the
opportunity to choose a self-protective strategy by ignoring the RRT mechanism and simply
answering “no” in any case (Jann et al., 2012).
To overcome this problem, this study employs a recent survey method, the Crosswise Model
(CM) (Yu et al., 2008). Comparable to RRT, the interviewer asks two questions under CM, a
sensitive one with an unknown distribution, and a non-sensitive one with a known distribution. CM provides privacy protection because the respondents are offered two options to
jointly answer both questions: (A) “yes” or “no” on both questions, or (B) a different answer
on both questions. Thus, the interviewer can make no inferences about the respondent’s answer on the individual level. Yet it is possible to estimate the prevalence of the sensitive item
for the sample as a whole.
CM seems better suited to study sensitive topics compared to RRT because it is designed such
that a “no”-bias is ruled out (Jann et al., 2012). The only option not to reveal sensitive information is to refuse answering, but this option also applies for other questioning techniques
(Kundt et al., 2013). Furthermore, CM does not rely on any kind of physical or digital randomization device. Jann et al. (2012) and Höglinger et al. (2014) argue that it is not easy to
implement a suitable randomization procedure in online surveys and make respondents trust
in it. A drawback of CM, however, is that the unrelated question adds noise to the data and
the estimator becomes less efficient (Jann et al., 2012). For this reason, we apply a lowvariance version of CM in our study.
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Lickteig (1982), Houston and Tran (2001), and Musch et al. (2001).

Despite its potential to elicit more truthful answers, there are only few studies that have empirically applied CM so far. The thematic foci of these studies varied, covering tax evasion at
the firm level (Kundt et al., 2013), plagiarism and cheating among students (Jann et al., 2012,
Höglinger et al. 2014), and illicit drug use of students (Shamsipour et al., 2014), all of which
representing presumably sensitive topics for the respondents. To assess the effectiveness of
CM in providing privacy protection, the studies compared it to more conventional questioning
methods such as asking respondents directly (direct questioning, DQ) which deliver no additional individual privacy protection. Throughout the surveys, CM systematically yielded
higher prevalence estimates for the sensitive topics than the benchmark approaches; given that
survey respondents are likely underreport social undesirable behavior, it follows that CM elicited more truthful answers (“more-is-better-assumption”, Tourangeau and Yan, 2007).
This paper presents the results of a recent online survey on tax evasion that was designed to
assess the benefits of studying tax evasion by means of CM. The study contributes to the literature as follows. First of all, there is only one study so far that implemented CM in an online survey (Höglinger et al., 2014) but which did not focus on tax evasion. Secondly, we are
(to our knowledge) the first to focus on individual-level tax evasion using CM. Thirdly, we
apply a low-variance version of CM by using a non-sensitive item that follows a logarithmic
Newcomb-Benford distribution. By doing so, we are able to make use of the so-called “Benford Illusion” (Diekmann, 2012) which was successfully introduced for RRT, but not yet used
for CM.2
We show that the prevalence of tax evasion for CM is significantly higher compared to a direct questioning approach. Multivariate analysis reveals that this result is robust. Utilizing the
“Benford Illusion”, we find that the estimator variance for CM remains fairly low. Moreover,
our results suggest that CM significantly reduces item nonresponse, and that the “Benford
Illusion” applies. The remainder of the paper is organized as follows. Section 2 introduces the
Crosswise Model and discusses the application of the “Benford Illusion”. Section 3 presents
the research design and the hypothesis. Section 4 presents the results that are discussed in the
concluding Section 5.
2.

The Crosswise Model

2.1. Properties
The Crosswise Model is a recent approach suggested by Yu et al. (2008) aiming to reduce
biased answers in surveys on sensitive topics3. Under the CM-design, the respondent is asked
a non-sensitive question in addition to the sensitive one. The prevalence of the non-sensitive
characteristic Y is known in advance and given by p = Pr(Y = 1) . The probability that a respondent shares the sensitive characteristic X, on the other hand, cannot be observed and is
noted with π = Pr(X = 1).
Unlike the RRT, CM “bundles” both the sensitive
and the non-sensitive question by offering
€
the respondent the following two options for a joint answer (Jann et al., 2012):
€
(A) Yes to both questions, or no to both questions
(B) Yes to one of the questions, and no to the other one
Option (A) (same answer) can be described with {X = 0 ∩ Y = 0} ∪ {X = 1∩ Y = 1} and option (B) (different answer) with {X = 1∩ Y = 0} ∪ {X = 1∩ Y = 0} , respectively.!The probabil2
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Combining Benford’s Law and the Crosswise €
Model was suggested by Mark Trappmann at the 2012 FAU
Workshop on Tax Compliance.
€
3
The derivation of CM is largely based on Yu et al. (2008).

ity that a respondent opts for option (A) is given by λ = (1 − p)(1 − π ) + pπ . For option (B), the
probability is 1 − λ = p(1 − π ) + (1 − p)π , respectively.
Both options do not reveal anything definite about the respondent’s true answers; with a
larger p, the chances that the respondent€ answered “yes” to the non-sensitive question increases,
€ or in other words, privacy protection rises with p. Because both questions are jointly
answered, the respondent is unable to choose a self-protective strategy by simply saying “no”
regardless of his true answer (Jann et al., 2012).
The unbiased maximum-likelihood estimate for the prevalence of the sensitive characteristic
is given by (see Appendix):

πˆ =

( λˆ + p −1)
(2 p −1)

(1)

with p ≠ 0.5 , and λˆ being the observed proportion of respondents picking option (A).

€

The estimator variance is formally identical to the original RRT model as proposed by
€
Warner (1965) (see Appendix):
€
λˆ (1 − λˆ )
πˆ (1 − πˆ )
p(1 − p)
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(2)

Non −sensitive question

From the right hand side of equation (2) can be seen that the estimator variance can be decomposed into a sampling part, and an additional source of error resulting form the introduction of the€non-sensitive question. Hence, CM is statistically less efficient than other questioning methods. One straightforward way to deal with this loss of efficiency is to increase the
sample size n. Yet, depending on the mode of data-collection, large samples are not always
feasible. For face-to-face interviews, for example, recruiting and interviewing a large number
of respondents can become very expensive.
A second way to improve the precision of CM estimator is to choose a non-sensitive item
with a low prevalence (Jann et al., 2012) because the CM-variance is positively related with p,
as demonstrated on the left hand side of equation (2). Lowering the level of p, on the other
hand, comes at the expense of a decrease in privacy protection. This trade-off between efficiency and privacy protection is a drawback of CM (and some variants of RRT). However, in
the next subsection we will argue that it is possible to obtain an efficient estimator while at
the same time keeping privacy protection on a reasonable level.
to
Moriarty and Wieseman (1976)
is to make respondents believe that it
is more likely to ob-serve the non-sensitive item than actual data suggests. As Diekmann
(2012) proposes, this discrepancy between perceived probability (p*) and objective
probability (p) could be ob-served for non-sensitive items that obey Benford’s aw of the
leading digits.
2.2. Applying Benford’s law
Benford’s law of the leading digits goes back Benford (1938) who observed that the leading
digits d = 1,2,3,…,9 in many, seemingly unrelated datasets follow a common logarithmic
distribution which was first described by Newcomb (1988):

! 1$
Pr(d) = log10 #1+ &
" d%

(3)

Equation (3) shows that the probability to observe, for instance, the first digit 1 in a dataset
that obeys Benford’s law is 30.1% and thus much higher than for a uniform distribution. By

contrast, the probability decreases to 4.6% at the rightmost tail of the distribution, that is, for
the leading digit 9 (see also Section 3).
Although it has been claimed to be “a mathematic curiosity with no apparent useful application“ (Bolton and Hand, 2002, p.237) in the past, Benford’s law has received growing attention among social scientists over the last years. Table 1 displays some examples for recent
applications. A particular area of interest was the detection of fraudulent or corrupted data.
Based on the observation that human choices do not tend to be random (Nigrini, 1996),
datasets created “by hand” should systematically deviate from Benford’s law (Hill, 1999).
Table 1: Recent applications of Benford’s law of the leading digits
Study
Nigrini (1996)

Type of data
Individual taxpayer data

Summary
The violations of Benford’s Law found in official taxpayer
records are assumed to be a result of unplanned tax evasion
(item overdeduction and income underdeclaration).

Diekmann (2007),
Günnel and Tödter
(2009),
Tödter (2009)

Regression coefficients and
standard in original research
articles

The leading digits of regression coefficients and standard
errors roughly approximate Benford’s law. Deviations could
be a result of manipulated data.

Giles (2007)

Prices of eBay auctions

The first digits of pro-football ticket prices on eBay follow
Benford’s Law. Violations of this pattern can be interpreted as
a hint for collusion among bidders.

Mir (2012)

Country-level adherents of
different world religions

Observed total count of countries for which the number of a
religions’ adherents starts with 1,2,3,…,9. Except from Christianity, all major world religions follow Benford’s Law.

Diekmann (2012)

Swiss house-numbers

The leading digits of Swiss house-numbers obey Benford’s
law. The perceived distribution among survey respondents,
however, is more close to uniform (“Benford Illusion”).

More important for our study, Benford’s law has recently been used in survey research to improve the efficiency of the Randomized Response Technique. Analogous to CM, some common variants suffers of RRT suffer from a trade-off between statistical precision on the one
hand, and anonymity on the other hand (see Section 2.1). The RRT-model proposed by
Diekmann (2012) was modified such that the distribution of the non-sensitive item followed
Benford’s law. In particular, respondents in a survey on plagiarism were asked about the leading digit of a friend’s house-number. Benford (1938) observed that leading digits of housenumbers were a typical example for a logarithmic distribution similar to equation (3); the data
presented by Diekmann (2012) (for Switzerland) and in Section 3 of this paper (for Germany)
confirm this observation.
Diekmann (2012) assumed that respondents were likely to systematically make false assumptions about the prevalence of the leading digits of house-numbers (“Benford Illusion”). As
outlined in Section 2.1, creating this kind of discrepancy between perceived and objective
probabilities is a reasonable way to increase the efficiency of methods such as RRT and CM.
The survey results presented by Diekmann (2012) suggested that the respondents’ subjective
assessments of the probabilities significantly deviated from what could be observed from the
data. Thus, the “Benford Illusion” successfully allowed for decreasing the RRT-variance
(which depended on the objective probability p) without suffering from a loss in anonymity
(which depended on the perceived p*). By the same line of reasoning, we apply the “Benford
Illusion” to CM in order to improve the statistical efficiency of the estimator, as we will demonstrate in the next section.

3. Research design and hypotheses
Our data comes from a short online survey (average time for responding in minutes: 5.49, SD
= 6.32) on tax-related topics carried out in 2014. The survey was implemented using the
commercial provider Unipark. Respondents were actively recruited online via university mailing lists and in business- as well as social networks. In an introductory statement, respondents
were informed about the survey content. They were assured complete anonymity and that the
data provided by them would be solely used for scientific purposes.
In the survey, interviewees were randomly allocated to one of two splits that solely differed
by questioning method.4 In the first split, respondents were asked directly about tax evasion
(direct questioning, DQ); in the second split, we applied the Crosswise Model. Net of refusals, 137 respondents answered the question on tax evasion in the DQ condition, and 256 in
CM condition. The CM-split was oversampled by approximately two (1.87) to further increase precision of the CM-estimator (see Jann et al., 2012). In the CM-split, the respondents
were given additional information on how the method worked and then told to think of the
first digit of a friend’s house-number in Germany. They were encouraged to look for the address in their mobile phones or an address-book if they did not remember it by heart. We
chose the leading digits of German house-numbers because they nearly perfectly obey Benfords’s law (Figure 1). Another advantage of using house-numbers is that credible data (at
least for Germany) is relatively easy to access and that respondents should be able to recall a
friend’s house-number.
Figure 1: Relative frequencies of the first digits of German house-numbers

Notes: N = 3,326,422; own calculations based on data collected via the open
source project “OpenStreetMap"

After having finished the instructions, respondents had to answer the following non-sensitive
question in conjunction with the sensitive one, with two response options (A) and (B) analogous to those described in Section 2.1:
“Is the first digit of your of your friend’s house-number 7, 8, or 9?”

4
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At the very beginning of the survey, a uniformly distributed variable c with c = 1,2,3 was randomly generated
for each respondent. If c = 1, respondents were allocated to the DQ-split, if c = 2 or c = 3, respondents were
allocated to the CM-split, respectively.

We focused on the right tail of the distribution with the leading digits 7,8 and 9. From Figure
1 we can see that the chances to pick a German house-number starting with 7,8, or 9 are p =
14.1 percent. For the “Benford Illusion” to work, respondents have to believe that this figure
is higher and closer to uniform. Based on this assumption, which is central for the “Benford
Illusion”, we make to following hypothesis:
Hypothesis 1 (“Benford Illusion”): The mean perceived probability of observing a
German house-number starting with 7,8, or 9 is larger than the objective probability
(Null-hypothesis: p* ≤ p; Alternative hypothesis: p* > p).
Question wording of the sensitive item was identical for both conditions and chosen such that
it came close to the definition of tax evasion as provided by §370 of the German tax code
(“Abgabenordnung”). Specifically, we asked the respondents the following question (translated from German):
“Have you ever intentionally underdeclared income and/or made false statements
to the tax office in order to pay less or no income taxes?”
As it is common practice in the literature, we compare CM to DQ serving as benchmark. DQ
provides no additional privacy protection and allows the respondents to give a false negative
answer. As a consequence, the share of dishonest answers is likely to be higher for the
benchmark approach.
Hypothesis 2 („More is better assumption“): The prevalence estimate for tax evasion
will be higher for CM (πCM) than for DQ (πDQ) (Null-hypothesis πCM ≤ πDQ; Alternative
hypothesis: πCM > πDQ).
4.

Results

4.1. Sample description
In Table 2 we present summary statistics for the respondents’ socio-demographic background
and the experience in paying income taxes (filed income tax return)5 for the total sample and
differentiated by questioning method (p-values for the differences between DQ and CM are
reported in the rightmost column; Null-hypothesis: MeanDQ = MeanCM). None of the variables
differ significantly between splits and we can infer that the prevalence estimates were driven
by heterogeneous subgroups.
Table 2: Summary statistics
Total
Variable
Age
Male
German
Net-income
Self-employed
Filed income tax return
(one time or more)

5

DQ

CM

Mean

SD

Mean

SD

Mean

SD

p-value

30.8
0.66
0.98
2038.69
0.15
0.89

10.7
0.47
0.15
1666.86
0.36
0.31

31.2
0.69
0.99
2022.94
0.16
0.92

11.3
0.46
0.12
902.89
0.37
0.21

30.6
0.62
0.97
2117.66
0.17
0.88

10.4
0.48
0.17
1970.16
0.35
0.33

0.53
0.43
0.40
0.61
0.68
0.19

!

Some of the respondents who did not file an income tax return might still have been subject to income taxation
without explicitly mentioning it, for example if they had exclusively worked in the informal economy.

4.2. Perceived probabilities
The central assumption of the “Benford Illusion” as applied in our design is that respondents
systematically overestimate the prevalence of the non-sensitive item which on the one hand
increases the perceived privacy protection of CM, and on the other side reduces the variance
of the CM-estimator which depends on the objective probability to observe the non-sensitive
item (Hypothesis 1). To evaluate the effectiveness of the “Benford Illusion”, respondents were
asked to estimate the probability for a German house-number to start with 7,8, or 9 after they
had finished the crosswise questions. We explicitly informed the respondents not to recall of
the house-number of their friends (as they did before), but to think of Germany in general in
order not to raise suspicion about the anonymity provided by CM.
The mean perceived value chosen by the respondents was 0.27 (SD = 0.14) which turns out to
be significantly larger than the empirically observed value of 0.14, t(236) = 13.94, p < .01
(one-tailed). This results supports our hypothesis of the “Benford Illusion” and consequently,
we were able to increase precision of the CM-estimator while at the same time keeping anonymity up.
4.3. Prevalence estimates
Figure 2 displays the prevalence estimates for tax evasion (i.e., the percentage of positive answers) using direct questioning and the Crosswise Model.
Figure 2: Prevalence estimates of tax evasion and item nonresponse

In the DQ-sample, 14.6 (SE = 3.0) percent of the respondents admitted that they have cheated
on their income taxes by making false statements to the tax authorities and/or underdeclaring
income. The relatively higher level of anonymity provided by the online mode might explain
this surprisingly large fraction (Musch et al., 2001). Additionally, we framed the question in a
rather neutral way without explicitly mentioning the term tax evasion, which may have also
increased the percentage of truthful answers (see Section 3).
Taking a look at the results of the CM-questions, we find the prevalence estimate of 30.0 (SE
= 4.2) percent to exceed the result for direct questioning. The difference of 15.4 percentage
points between the two questioning methods is highly statistically significant, z = 3.00, p <
.01 (one-tailed). Following Cohen’s (1988) criterion, the effect size of d = 4.14 further em-

phasizes the relevance of this result. Taken together, we can confirm Hypothesis 2 which
stated that CM would increase anonymity and deliver higher point estimates for the sensitive
question on tax evasion (“more-is-better assumption”). At the same time, the standard error of
4.2 percent remains comparably low.
Figure 2 also shows that item nonresponse was only 3% under CM. When being asked directly, 9% of the respondents refused to answer. A two-sample proportion test reveals that the
share is significantly larger than for CM, z = -2.53, p < .01 (one-tailed), d = 3.27. Given that
refusing to answer represents another respondent strategy not to reveal sensitive information,
CM might be well suited to study sensitive behavior from this perspective.
4.4. Robustness of results
Complexity of CM
A critique of rather complex techniques such as RRT or CM is that they require a high level
of cognitive effort and might lead to confusion among respondents, especially when they involve physical or digital randomization devices (Umesh and Peterson, 1991; Höglinger et al.,
2014). To control for this, our questionnaire included a question that assessed whether respondents understood the CM-mechanism and that it protected their privacy. We did not explicitly ask respondents how much they trusted the technique because this might have raised
suspicion, given that we assured privacy in the first place. Yet, 63.0 percent of the respondents fully understood CM-mechanism and that it protected their privacy; another 21.0 percent knew that CM delivered privacy protection without understanding the exact mechanism;
the remaining 16.0 percent told us that they did not understand CM. However, restricting the
sample to the first two categories of respondents only marginally changes the results (prevalence estimate: 31.7%, SE = 4.6%).
Multivariate analysis
The particular design of CM prevents us from using standard multivariate techniques to check
the robustness of our results. Given that respondents jointly answered both sensitive and nosensitive items, we are unable to correctly assign the “yes” and “no”-answers to the respective
questions (Jann et al., 2012). Yet, we can use a modified version of the standard logistic regression approach introduced by Jann (2011) (randomized response logit, rrlogit). Although
originally designed to analyze data from RRT-models, rrlogit is also applicable to CM. The
rrlogit-model differs from the regular logistic regression approach because it allows for including the probability for a positive answer on the non-sensitive item that is known in advance. The dependent variable is defined as a response variable that takes the value one if the
respondent provided the same answer on both CM-questions, and zero otherwise.
A particular advantage of the model is that we can jointly analyze data from both splits by
using observation-specific probabilities because asking respondents directly represents a special case of CM with no additional privacy protection (Jann et al., 2012): if we assume that p
= 0, then the only possible outcome for option (A) (same answer) is “no to both questions”
and (A) reduces to λ = (1 − π ) ; likewise, we can directly infer from option (B) (different answer) that the respondent’s answer on the sensitive question was “yes” ( λ = π ) .
The results of the multivariate analysis are presented in Table 3. In addition to sociodemographics,
the models include a dummy variable that indicates whether the respondent
€
has been self-employed, and the self-reported knowledge of
€ the German tax system (Tax
knowledge, 1 = Very poor; 6 = Very good). The models (2) and (3) also feature questions particularly related to CM and are restricted to a sub-sample of respondents (CM-split only). As
noted above, participants were asked whether they understood CM which is covered by the

variable Understood CM. The variable Perceived probability indicates how participants estimated the chances to pick a German house-number starting with 7,8, or 9. Furthermore, we
included a dummy (Benford Illusion) that takes on the value zero if the estimated probability
was below or equal to the observed probability of 14.1%, and one otherwise.
Table 3 : Results from the randomized response logit
Variable
Split
(ref.: DQ)
Socio-demographics
Age
Gender
(ref.: Male)
Net-income
Self-employed
(ref.: No)
Tax knowledge
Understood CM
(ref.: No)
Partially
Fully
Perceived probability
Benford Illusion
(ref.: p* < 0.141)
Constant
No. observations
Pseudo R2

Model (1)
Coef.
SE

Model (2)
Coef.
SE

Model (3)
Coef.
SE

0.96***

0.33

-0.00

0.02

-0.00

0.02

-0.00

0.02

0.13

0.36

-0.02

0.49

0.04

0.48

0.00

0.00

-0.00

0.00

-0.00

0.00

-0.16

0.47

-0.48

0.59

-0.48

0.59

-0.02

0.01

-0.02

0.02

-0.02

0.02

0.28
0.10
0.01

0.76
0.65
0.02

0.28
0.11

0.76
0.65

0.11

0.60

0.28
225
0.01

1.34

-1.93
365
0.03

**

1.02

0.19
225
0.01

1.32

Notes: *p < 0.1, **p < 0.05, ***p < 0.01

Most coefficients turned out to be insignificant because of the low statistical power of the
randomized response logit (Jann et al., 2012). However, the split-dummy is highly significant
and positive which confirms our hypothesis that CM is better suited to study tax evasion than
asking directly, given that the “more-is-better” assumption holds. Furthermore, he variables
related to CM in models (2) and (3) are in the direction that we expected. There is a positive
effect on tax evasion when the respondents (either partially or fully) understood the method
and that it protected their privacy compared to those who did not. We also find a positive effect of the perceived probability and the dummy capturing the “Benford Illusion”. Yet, these
effects remain insignificant due to the lack of statistical power of the rrlogit.
5. Discussion and conclusions
This paper implemented a recent questioning technique (Crosswise Model, CM) to study selfreported tax evasion in an online survey. CM seems well-suited to study sensitive topics such
as tax evasion because it increases the (perceived) level of question anonymity and may thus
lead to more truthful answers among respondents. One particular advantage of CM over other
methods such as RRT is that it prevents the respondents from answering “no” on sensitive
questions even if the true answer is positive by combining sensitive and non-sensitive items
which have to be answered jointly. Our research design differed from previous surveys because we applied a non-sensitive item for which the known distribution of answers obeyed
“Benford’s Law” of the leading digits. We chose this particular design to make use of the
“Benford Illusion” in order to let participants believe that the prevalence of the non-sensitive
item (in our case: the first digits 7,8, and 9 of German house-numbers) was higher than actual
data tells us. By doing so, we could obtain an efficient estimator for CM without decreasing
the level of anonymity for the sensitive item.

We tested the effectiveness of CM by randomly allocating respondents into two splits, one
asking survey participants directly about tax evasion, and the second one applying CM. Our
focus was on tax evasion because questions on this topic are likely to provoke biased answers
and item non-response. As a central result of this study, we showed that the prevalence estimate for tax evasion using CM was significantly higher than for the benchmark approach. If
the “more is better”-assumption holds, than CM should have provided a higher level of anonymity, leading to more valid results. In addition, CM also helped to reduce item nonresponse. This finding complements the results of Shamsipour et al. (2014) who showed that
applying CM in a survey on drug use decreased item nonresponse compared to asking directly. Furthermore, although being relatively complex, most of the respondents understood
the mechanics of CM and, even more importantly, that it protected their privacy.
On average, respondents in our survey thought that the probability to observe a German
house-number that starts with a 7, 8, or 9 was 27%. However, using a large-scale dataset with
more than 3 million observations, we showed that the probability is only 14% and, what is
also important, that the first digits nearly perfectly fit a Newcomb-Benford distribution. We
could thus confirm the observation of the “Benford Illusion” which was successfully implemented for RRT by Diekmann (2012) and Höglinger et al. (2014). The “Benford Illusion”
helped us to reduce the standard error of the Crosswise-estimator that remained low even for
our relatively small sample.
Of course, there are some limitations for our study. With respect to external validity, our results should be treated with caution because our sample is not necessarily representative for
German taxpayers. However, the majority of the respondents could at least be characterized
as experienced income-taxpayers. Furthermore, because this study was primarily intended to
assess the effectiveness of (a low-variance version) of CM, our main task was to ensure that
the splits did not vary with respect to certain important respondent characteristics. We showed
that the splits did not significantly differ in this respect, and we can rule out the possibility
that our results were driven by heterogeneous treatments. Upcoming surveys might apply CM
to a representative and maybe larger sample of respondents, if the purpose is to generalize the
results to the whole universe of (German) taxpayers.
From an economic perspective, the prevalence estimate of 30% for tax evasion seems to be
substantial. However, our sample primarily consisted of wage earners who usually have fewer
possibilities to evade income taxes than self-employed. Moreover, although CM offered a
high level of privacy protection, some of the respondents might still have not been convinced
by the technique, causing them to provide wrong answers. Taken together, the estimated proportion of 30% might be interpreted as a lower bound.
Finally, as outlined by Kundt et al. (2013), CM only allows for studying the prevalence of tax
evasion or other types of sensitive behavior by using dichotomous questions (i.e., “yes” or
“no”). Policy makers might be also interested in the overall scope of revenues foregone. To
gather quantitative data it would be necessary to ask a whole set of CM questions (Kundt et
al., 2013) or to apply a modified version of CM.
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Appendix: Derivation of the Crosswise Model
The appendix is largely based on Warner (1965) because both the CM-estimator and –
variance are formally identical to the original RRT-model.
In the first step, we recall the unobserved probabilities for options (A) and (B) which are
given by λ = (1 − p)(1 − π ) + pπ and 1 − λ = p(1 − π ) + π (1 − p) , respectively. If n1 respondents
chose option (A), and the remaining respondents (n - n1) opted for option (B), we can formulate the following log-likelihood function:
€

L€
= [(1 − π )(1 − p) + πp]n1 [π (1 − p) + p(1 − π )]n −n1

(A1)

log L = n1 log[(1 − π )(1 − p) + πp] + (n − n1 )log[π (1 − p) + p(1 − π )]

(A2)

The first order€condition is given by:
€

(n − n1 )(2 p −1)
n
n1 (2 p −1)
=
⇔ (1 − π )(1 − p) + πp = 1
πp(1 − π )(1 − p) π (1 − p) p(1 − π )
n

(A3)

With λˆ = n1 n representing the maximum likelihood estimate for λ , solving for π gives the
unbiased estimator πˆ :
€
( λˆ + p −1)
€
€
(A4)
, p ≠ 0.5
πˆ =
€
(2
p
−1)
€
Because n1~ binomial(n, λˆ ) , with E(n1 ) = nλˆ and Var(n1 ) = nλˆ (1 − λˆ ), the variance is derived
as follows (Yu et al., 2008; Kundt et al., 2013):
€
€
% ( λˆ + p −1) ( nλˆ (1 − λˆ )
λˆ (1 − λˆ )
** = 2
=
Var(
€ €
€ πˆ ) = Var'' €
(A5)
& (2 p −1) ) n (2 p −1) n(2 p −1)
Finally, correcting (A5) by n (n −1) (Bessel’s correction) gives:
€

Var(πˆ ) =
€

λˆ (1 − λˆ )
πˆ (1 − πˆ )
p(1 − p)
+
2 =
2
(n −1)(2 p −1)
(n"
−1)
(n #
−1)(2
!
#
#
$ !
#"p#−1)
#$
Sampling

(A6)

Non −sensitive question

As (A6) demonstrates, we can disaggregate the variance into a sampling part, and an additional part which results from the introduction of the non-sensitive question.
€
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