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Non‐Technical Summary 

While  there  is  no  doubt  that  tax  evasion  is  widespread  in  developing  countries,  exact 
measures of  its extent are difficult  to obtain because, by definition,  tax evasion  is hidden. 
However, such estimates are often critical from a policy perspective, for  instance to assess 
the pay‐offs of costly countervailing measures. One obvious and potentially timely source of 
information  are  taxpayer  surveys.  However,  data  on  self‐reported  tax  evasion  obtained 
through surveys are typically not reliable. The reason is that survey respondents can be ex‐
pected to answer questions about tax evasion (or other sensitive topics) not truthfully out of 
fear of the negative consequences that this may entail if their answers are revealed.  

To  overcome  this  inherent  problem  of  surveys,  sophisticated  questioning methods  have 
been developed which protect the privacy of the individual responses by ‘bundling’ sensitive 
and non‐sensitive questions. In other words, these methods do not allow the interviewer to 
identify whether, and to what extent, a particular respondent shows the behavior  in ques‐
tion. This  is  likely  to provide  incentives  to  the  respondent  to answer  truthfully even  if  the 
question is sensitive. At the same time, these questioning methods still allow estimating the 
prevalence of the sensitive behavior across the whole sample of respondents. These meth‐
ods have been mostly applied by  researchers  in  sociology  and psychology  to  study  topics 
such as drug use and sexual behavior. 

The objective of this paper  is to evaluate whether a novel questioning method of this type 
referred to as the crosswise model allows obtaining more reliable estimates about tax eva‐
sion  through  business  surveys.  The main  advantage  of  the  crosswise model  is  that,  com‐
pared to similar methods, respondents are not able to resort to an obvious self‐protective 
strategy  other  than  refusal  to  answer. We  compare  this method  to  the  conventional  ap‐
proach taken in other business surveys such as the World Bank Enterprise Surveys using data 
from a rich firm survey in Serbia carried out  in November and December 2012. Contrary to 
most other surveys that examine tax evasion, we also differentiate between two types of tax 
evasion, namely underreporting of sales and of wages (envelope wages).  

We randomly split our sample  into two subsamples which are almost  identical  in terms of 
their industry‐size‐region distribution. For both subsamples, we estimate the extent of sales 
and wage underreporting, in one case using the CM, and in the other case using the ‘conven‐
tional’ approach. Under  the  latter,  the  framing of  the question  is  ‘forgiving’, and  respond‐
ents are asked to refer to firms that are similar to theirs as an imperfect but standard way to 
entice truthful answers.  In  line with our predictions, we show that the estimated shares of 
firms that underreport sales and wages by at  least 10% are both higher under the CM, alt‐
hough the difference is only robustly significant for the underreporting of sales. We conclude 
that  the CM –  through  fully protecting  the privacy of  respondents – provides better  infor‐
mation about tax evasion and should be increasingly used in business surveys. 

 



Das Wichtigste in Kürze 

Es besteht kein Zweifel, dass in Entwicklungsländern Steuerhinterziehung weitverbreitet ist. 
Dennoch  ist es schwierig,  ihren genauen Umfang   zu schätzen, da sie definitionsgemäß  im 
Verborgenen stattfindet. Um den Nutzen von Gegenmaßnahmen beurteilen zu können, sind 
jedoch solche Schätzungen unabdingbar. Eine naheliegende  Informationsquelle, die zudem 
zeitnah Schätzungen  liefern kann,  sind Befragungen von Steuerzahlern. Allerdings sind Be‐
funde,  die auf der Selbsteinschätzung der Befragten basieren, naturgemäß nicht verlässlich, 
da die Befragten aus Angst vor potentiellen negativen Konsequenzen Fragen  zum eigenen 
Steuerverhalten möglicherweise nicht wahrheitsgemäß beantworten.  

Um dieses generelle Problem von Befragungen zu umgehen, wurde eine Reihe elaborierter 
Fragemethoden  entwickelt,  die  darauf  abzielen,  durch  „Bündelung“  sensibler  und  nicht‐
sensibler Fragen die Privatsphäre der Befragten zu schützen. Da der  Interviewer keine Aus‐
sagen darüber treffen kann, ob und in welchem Umfang ein bestimmter Befragter das spezi‐
fische Verhalten zeigt, ergibt sich für diesen ein Anreiz, selbst sensible Fragen wahrheitsge‐
mäß zu beantworten. Gleichzeitig erlaubt diese Methode eine Schätzung der Prävalenz des 
Verhaltens  in der gesamten Stichprobe. Diese Fragetechniken wurden bisher hauptsächlich 
in  psychologischen  und  soziologischen  Studien  zur  Untersuchen  von  Themenfeldern  wie 
Drogenmissbrauch oder Sexualverhalten angewandt.  

Das Ziel dieser Studie besteht darin zu bewerten,  inwieweit Umfragen, die auf dieser soge‐
nannte Crosswise‐Methode (CM) basieren, verlässlichere Informationen zur Steuerhinterzie‐
hung als herkömmliche Umfragemethoden  liefern. Der zentrale Vorteil der CM besteht da‐
rin, dass die Befragten im Gegensatz zu ähnlichen Umfragemethoden ‐ abgesehen von Ant‐
wortverweigerung ‐ auf keine andere Strategie zum Selbstschutz zurückgreifen können. Wir 
vergleichen die CM mit üblichen Verfahren, die in anderen Unternehmensumfragen wie den 
World Bank Enterprise  Surveys  angewendet werden,  auf Basis einer Befragung  serbischer 
Unternehmen, die Ende 2012 durchgeführt wurde. Anders als die meisten Unternehmensbe‐
fragungen differenzieren wir zwischen zwei verschieden Arten der Steuerhinterziehung.  

Wir  unterteilen  unsere  Stichprobe  durch  zufällige  Ziehung  in  zwei  Teilstichproben, wobei 
deren Struktur hinsichtlich der Unternehmensbranchen, Unternehmensgrößen und Region 
der Unternehmensstandorte  in beiden Teilstichproben sehr ähnlich  ist.   In beiden Stichpro‐
ben wird das Ausmaß der Steuerhinterziehung geschätzt,  in einem Fall mit Hilfe der CM,  in 
dem  anderen  Fall mit Hilfe  eines  konventionellen  Ansatzes.  Im  letzteren  Fall wird  in  der 
Formulierung der Frage Steuerhinterziehung als ‚nicht schlimm‘ dargestellt, und die Befrag‐
ten werden gebeten, sich in ihrer Antwort auf vergleichbare Unternehmen zu beziehen. Die 
vorliegende  Studie  zeigt, dass der geschätzte Anteil  serbischer Unternehmen, die mindes‐
tens 10%  ihrer Umsätze bzw. Lohnsummen gegenüber der Finanzverwaltung verschweigen, 
im Falle der CM höher ausfällt. Der Unterschied  ist allerdings nur hinsichtlich der Umsätze 
signifikant. Die Studie schlussfolgert, dass die CM eine realistischere Schätzung von Steuer‐
hinterziehung erlaubt, da die Privatsphäre der Befragten besser geschützt wird.   
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Abstract 

This  paper  addresses  the  major  weakness  of  measuring  tax  evasion  through  business  and 
household surveys, namely the reluctance of respondents to answer truthfully due to the threat 
of disclosure. First, we assess the merits of a novel questioning method to gather  information 
about tax evasion by means of business surveys. This approach allows estimating the prevalence 
of tax evasion, but it does not allow identifying whether the individual firm engages in tax eva‐
sion or not, therefore providing  incentives for survey participants to answer truthfully. Second 
and contrary to most other business surveys, we differentiate between two common modes of 
tax evasion, namely underreporting of sales and informal supplements to official wages (‘enve‐
lope wages’). Using evidence from Serbia, we show that the estimated share of firms which un‐
derreport  sales and wages,  respectively, by at  least 10%  is higher under  the crosswise model 
compared to the case when conventional questioning methods applied in business surveys such 
as the World Bank Enterprise Surveys are used. However, the difference is only significant with 
respect  to sales. These  results appear  to be  robust  to a number of modifications, and we ex‐
plore various potential causes that lead to these results.  

JEL codes: H20, E62  
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*We thank Aleksandar Dragojloviđ and Friedrich Heinemann  for excellent comments. The views expressed  in this 
paper are the sole responsibility of the authors and do not necessarily reflect those of the Deutsche Gesellschaft für 
Internationale Zusammenarbeit (GIZ) GmbH and those of the German Federal Ministry for Economic Cooperation 
(Bundesministerium für wirtschaftliche Zusammenarbeit und Entwicklung, BMZ). The survey underlying this paper 
was carried out by the “Public finance reform project in Serbia” which is implemented by GIZ on behalf of BMZ. We 
thank Mark Trappmann who implicitly suggested applying the crosswise model to study tax evasion in his presenta‐
tion at the 1st Friedrich‐Alexander University Nuremberg‐Erlangen (FAU) Workshop on Tax Compliance 2012.  

a Address: Helmut‐Schmidt‐University, Hamburg, Germany. E‐mail: kundt@hsu‐hh.de 

b Corresponding author. Address: Centre for European Economic Research (ZEW), Mannheim, Germany. E‐mail: 
misch@zew.de  

c Address : Public Finance Reform, Deutsche Gesellschaft für Internationale Zusammenarbeit (GIZ) GmbH, Belgrade, 
Serbia.  E‐mail: birger.nerre@giz.de 



2 

 

1 Introduction  

While there is no doubt that tax evasion is wide‐spread in developing countries, exact measures 
of its extent are difficult to obtain because, by definition, tax evasion is hidden. However, such 
estimates are often critical from a policy perspective, for instance to assess the pay‐offs of cost‐
ly countervailing measures. One obvious and potentially  timely source of  information are sur‐
veys, but it has long been recognized that respondents in such surveys have strong incentives to 
not answer truthfully questions about tax compliance due to the threat of disclosure.1 The ob‐
jective of this paper is to assess whether this weakness of surveys can be overcome by means of 
a novel questioning method referred to as the crosswise model.  

Of course, there exist at  least two other approaches at the microeconomic  level to assess the 
extent of tax evasion which are summarized by Gemmell and Hasseldine (2012) and Alm (2012) 
and which are part of a broader trend in economics to find evidence of hidden or illicit behavior 
in a variety of settings; see Zitzewitz (2012) for a general survey.2 While these approaches are 
compelling  from  a  conceptual  perspective,  they may  not  always  be  applied  in  a  developing 
countries’  context.  First,  intensive  taxpayer  audits may be  the most obvious  strategy  to  gain 
information about the extent of tax evasion, but they are subject to various caveats: they are 
costly and, as Slemrod and Weber  (2012)  suggest,  there  is no guarantee  that  such  tax audits 
detect all unreported income, especially in an environment with a high presence of non‐tax fil‐
ers, strong reliance on cash  in business  transactions and dishonest or  insufficiently monitored 
tax inspectors. 

The second strategy is to use data on declared income of wage earners and self‐employed and 
to exploit the assumption that both groups show  identical behavior, except that wage earners 
report  income truthfully contrary to the self‐employed who do not, given that they have more 
opportunities  to  evade  taxes.  However,  the  assumption  of  this  strategy,  namely  that  wage 
earners report income truthfully contrary to the self‐employed who do not, is likely to be violat‐
ed in developing countries where firms are likely to evade payroll tax and social security contri‐
butions by underdeclaring wages as well. For  instance, Feldman and Slemrod  (2007) compare 
the correlations between charitable contributions and reported  income for both groups. In or‐
der to study tax evasion of the self‐employed, they assume that differences in this relationship 

                                                            
1  See  for  instance  Long  and  Swingen  (1991).  In  his  paper,  Slemrod  (2007,  p.25)  asks  the  reader  provocatively: 
“Would  you answer  survey questions about  tax evasion honestly?” Hessing et  al.  (1988)  compare  self‐reported 
non‐compliance with findings of intensive audits and find no correlation between both which is likely to result from 
dishonest survey responses. 

2 This branch of the literature is somewhat distinct from the literature examining the determinants of tax evasion; 
see Torgler (2011) for a survey. 
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across  income  types are  solely due  to underreporting;  see Pissarides and Weber  (1989)  for a 
similar approach.3 4 

In this paper, we assess tax evasion by simply asking firm managers in a business survey if they 
evade  taxes. We employ a particular questioning  strategy  to entice  truthful answers which  is 
part of a broader class of methods that dates back to Warner (1965) and that is summarized by 
Tourangeau and Yan (2007) to study sensitive topics  in sociology and psychology such as drug 
use  and  sexual behavior, where  researchers  face  similar problems. Generally  speaking,  these 
methods  protect  the  privacy  of  the  individual  responses  by  ‘bundling’  sensitive  and  non‐
sensitive questions so that the interviewer does not know whether a particular respondent en‐
gages in the type of illicit or sensitive behavior. This, in turn, is likely to provide incentives to the 
respondent to answer truthfully even if the question is sensitive. At the same time, these meth‐
ods still allow estimating the prevalence of the sensitive behavior across the whole sample of 
respondents.  

The first contribution of this paper is a methodological one: we assess the merits of one particu‐
lar and novel method of this class, namely the crosswise model (CM) originally proposed by Yu 
et al. (2008) and applied to plagiarism by Jann et al. (2012), to study tax evasion in business sur‐
veys. We  review  the mechanics of  the CM and  its advantages  in  the next  section. While  this 
class of methods has been used  to  study a variety of  topics  in  the  social  sciences,  they have 
been rarely applied to tax evasion, and there are neither studies that focus on developing coun‐
tries nor studies that make use of the CM ‐ which we argue is by far best suited in this context. 
Our  benchmark method  against which we  evaluate  the  CM  is  the  conventional  approach  to 
study sensitive issues  including tax evasion used in the World Bank Enterprise Surveys (WBES), 
which is the most widely used source of standardized firm‐level data from developing countries. 
In the WBES, the techniques used only  imperfectly protect the privacy of the participants’ an‐
swers.  In most cases, the questions are solely framed  in a way that  justified tax evasion based 
on economic grounds, and/or respondents are asked to refer to firms / households that are sim‐
ilar to themselves. However, respondents are still likely to realize the rationale and may answer 
dishonestly or do not answer at all. This  implies that these surveys are  likely to underestimate 
the extent of illicit behavior including the extent of tax evasion. 

                                                            
3 A related strand of the literature studies the effects of enforcement and audit threats on tax compliance behavior. 
Almunia and Lopez‐Rodriguez (2012) exploit a discontinuity in enforcement in Spain that arises as taxes from firms 
above a certain size threshold are collected by a large taxpayer unit which also monitors firms more intensively. By 
contrast, Slemrod et al. (2001) studies the effects of threat letters send randomly to taxpayers.  

4 There are also macroeconomic approaches often referred to as indirect strategies which are used to estimate the 
size of  the overall  shadow economy which  is broader  than  the concept of  tax evasion;  see Schneider and Enste 
(2000) for a survey of the literature. Henderson et al. (2012)  is one of the more innovative papers taking a macro 
approach: they use luminosity as measured from outer space as an indicator of ‘true’ economic activity.  
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Our second contribution is that, contrary to most other surveys of firms and households, espe‐
cially  those  that employ  related methods, we differentiate between  two  types of  tax evasion 
that are both common  in developing countries, namely underreporting of sales to evade sales 
and/or profit taxes, and ‘envelope wages’ to evade payroll taxes and/or social security contribu‐
tions.

5 Sales underreporting often  implies  that  the  seller does not  issue  invoices and  typically 
asks  for cash payment. Envelope wages  imply  that employers  top up  the official wages using 
undeclared cash payments; the latter type of tax evasion is often referred to as ‘envelope wag‐
es’. From a policy perspective and to design strategies to increase tax compliance, distinguishing 
the modes of tax evasion is important.  

Our data come from a recent survey of small and medium Serbian firms. In Serbia, the shadow 
economy is relatively large compared to other countries in the region according to Krstiđ et al. 
(2013) and envelope wages are  common, given  the high proportion of workers  that are paid 
exactly the minimum wage.6 We randomly split the sample  into two subsamples which are al‐
most  identical in terms of their industry‐size‐region distribution. For both subsamples, we esti‐
mate the extent of sales and wage underreporting,  in one case using the CM, and in the other 
case using the ‘conventional’ approach. Under the latter, the framing of the question is ‘forgiv‐
ing’ and respondents are asked to refer  to  firms that are similar to  theirs as an  imperfect but 
standard way to entice truthful answers. In line with our predictions, we show that the estimat‐
ed shares of firms that underreport sales and wages by at least 10% are both higher under the 
CM, although the difference is only robustly significant for the underreporting of sales. We con‐
clude that the CM – through fully protecting the privacy of respondents – provides better infor‐
mation about tax evasion and should be increasingly used in business surveys. 

The paper is organized as follows. Section 2 provides an overview of survey techniques for sen‐
sitive topics and its applications to tax evasion, and it describes the crosswise model and its ad‐
vantages  in detail. Section 3 describes the data and our survey design. Section 4 presents the 
empirical specification and results. Section 5 concludes. 

                                                            
5 Several empirical studies on the determinants of tax evasion and tax morale rely on data from the World Values 
Survey  (WVS)  (see  for example Torgler, 2011). The WVS only contains one  relevant question about  tax evasion, 
namely respondents are asked to evaluate how “justifiable” tax evasion in general is.  

6 Employers and employees may benefit  from envelope wages and  therefore  jointly agree on  this practice;  see 
Schmidt and Vaughan‐Whitehead  (2011)  for a discussion of envelope wages  in Serbia and other countries of the 
region.  
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2 Literature Review 

This section reviews various methods to assess illicit or otherwise sensitive behavior in surveys 
in general and some of the survey‐based evidence on the extent of tax evasion. Under the most 
obvious method, referred to as ‘direct questioning’ (DQ), respondents are directly asked wheth‐
er they engage in the sensitive behavior in question. However, at least since Barton (1958), sev‐
eral more  sophisticated  survey  techniques have been developed  that aim at eliciting  truthful 
answers to questions about sensitive topics (see Table 1 for an overview). These can loosely be 
divided  in more elaborated approaches that protect the privacy of the  individual answers and 
conventional approaches which do not. We briefly review these techniques before discussing in 
detail the crosswise model which we argue  is the most suitable to estimate the prevalence of 
tax evasion; see Tourangeau and Yan (2007) for a more detailed summary of these techniques. 

2.1 Conventional Approaches 

In economics, the standard methods include the use of ‘forgiving wording’, the ‘everybody’ ap‐
proach, the ‘other people’ approach, or some combination of these approaches, which have all 
been first introduced by Barton (1958). With ‘forgiving wording’, questions are framed in a way 
that  the respective sensitive behavior  is  forgiven or  justified,  thereby supposedly encouraging 
respondents  to  answer more  truthfully. Under  the  ‘everybody’  approach, which  is  intimately 
related  to  the  ‘forgiving wording’  approach,  the  interviewees  are  told  that  it  is  common  for 
many people to show the sensitive behavior (“everybody does it”); the second part of the ques‐
tion  then asks  if  the respondents  themselves engage(d)  in  the respective behavior. Under  the 
‘other  people’  approach,  respondents  are  asked  if  they  know  anybody,  possibly with  similar 
characteristics compared to themselves, who engages or engaged in the respective behavior, or 
to refer to other but similar households / firms in their answers. 

In some questionnaires of the World Bank Enterprise Surveys  (WBES), a combination of some 
variant of the ‘other people’ approach and the use of forgiving wording has been used to obtain 
information about tax evasion. The specific question asked is: “Recognizing the difficulties many 
enterprises  face  in  fully complying with  taxes and  regulations, what percentage of  total  sales 
would you estimate the typical firm  in your area of activity keeps ‘off the books’?”. The corre‐
sponding  variable  has  been  used  in  research  on  the  determinants  of  informality;  see  for  in‐
stance Dabla‐Norris et al.  (2008).7 However, these approaches have  in common that respond‐
ents may not alter their behavior in terms of truth‐telling in response to changes in framing, and 
                                                            
7 Alm and McClellan  (2012)  take a different approach  to estimate  tax evasion among  firms using data  from  the 
World Bank Enterprise Surveys. In the first step, they estimate the determinants of seeing taxation as obstacle; the 
residual is then used as a measure of unobserved tax morale. In the second step, this measure is used as a deter‐
minant of the estimated reporting share of similar firms under the ‘other people’ approach. 
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they may realize that the  ‘other people’ approach  is used to make  inferences about their own 
behavior.

8 Given  the widespread use of  the WBES,  it  is  this  approach  to  ask  firms questions 
about  tax evasion which  serves as our benchmark  to assess  the merits of a more elaborated 
method, namely the crosswise model (CM). By contrast, directly questioning respondents about 
tax evasion has largely been discarded and is likely to result in even larger biases.9  

2.2 Protection of the Privacy of the Individual Responses 

More sophisticated approaches aim at protecting  the privacy of  the  individual answers of  the 
interviewee, while still allowing to compute the prevalence of the  illicit or otherwise sensitive 
behavior  in question which  is  the parameter of  interest. Obviously,  these approaches do not 
allow  for estimating  the determinants of  illicit behavior at  the  individual  level  in  the  spirit of 
Dabla‐Norris et al. (2008). However, they address the source of the bias in answers to questions 
about sensitive and/or illicit activities in the sense that the interviewer does not know whether 
the respondent engages in illicit or otherwise sensitive activities or not. There are only few pa‐
pers that apply these methods to tax evasion.  

Sealed Envelope Technique 

Under  the  sealed envelope  technique  first presented by Barton  (1958),  respondents  fill out a 
questionnaire which  is then sealed  in an envelope and handed over to the  interviewer so that 
the  latter  is  supposedly unaware of  the  respondent’s  answers. However,  this  technique may 
relatively easily be manipulated  in the sense that  it  is possible that the  individual responses of 
the interviewees are revealed after the interview. This in turn may prompt interviewees to not 
answer truthfully.  

Randomized Response Technique 

The randomized response technique (RRT) is a more prominent and compelling method to pro‐
tect the privacy of the individual answers of the respondents and dates back to Warner (1965). 
Under  the original RRT  set‐up,  respondents  face  two  statements on  a  sensitive  topic  (e.g.  “I 
have cheated on an exam” and “I have not cheated on an exam”). A randomization device such 
as a dice or the flipping of a coin determines which question the respondent answers, but the 

                                                            
8 This was indeed suggested by interviewer feedback from the pilot of the survey used in this paper. 

9 Obviously, these techniques may be combined with alternative  interviewing modes  including mail or online sur‐
veys. However, business surveys  in developing countries are typically carried out using  face‐to‐face  interviews to 
encourage participation, given that questionnaires may be demanding for some respondents. In addition, even for 
online  or mail  surveys, manipulation  is  easily  feasible  through  the  interviewers which  the  respondents may  be 
aware of. 
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outcome  from  the  randomization  device  is  not  revealed  to  the  interviewer.  The  only  infor‐
mation  revealed  to  the  interviewer  is  therefore  the  respondent’s answer  (“yes” or “no”), but 
not which statement or question the answer refers to. This implies that it is not possible to es‐
timate the determinants of tax evasion at the individual level. However, given that the probabil‐
ity distribution of different outcomes of the randomization  is known,  it  is possible to estimate 
the prevalence of the illicit behavior across the full population. There are various other versions 
of RRT which we review in the Appendix. However, all RRT survey designs have the general and 
inherent drawback that respondents have always access to an obvious self‐protective answering 
strategy which  they may  choose  regardless of outcome of  the  randomization device and  the 
question asked  in addition  to non‐response  (Yu et al., 2008;  Jann et al., 2012). The crosswise 
model which we present in detail below avoids this drawback which is the main reason why we 
argue that this is the optimal approach to study tax evasion in business surveys.  

Item Count Technique 

Under  the  item count  technique  (also referred to as  the unmatched count  technique,  the un‐
matched block design, or block  total  response)  introduced by Raghavarao and Federer  (1979) 
and described by Droitcour et al.  (1991),  the sample  is split  into  two groups. Both groups are 
presented a list of several types of behavior and are asked to state how many of them apply to 
them. The  lists are  identical, except  that  the  list presented  to one group of  respondents also 
includes the sensitive behavior. The difference  in the mean number of  items reported by both 
groups  is  the  estimated  proportion  reporting  the  sensitive  behavior. While  Coutts  and  Jann 
(2011)  show  that  the  Item Count Technique performs better compared  to a number RRT de‐
signs, it nevertheless has two disadvantages. On the one hand, even if the list includes innocu‐
ous items with a low prevalence, there may still be respondents to whom all types of behavior 
including the sensitive one apply so that his/her privacy is no longer protected (Chaudhuri and 
Christofides, 2007). On  the other hand,  the  sample needs  to be  split  so  that  a  larger overall 
sample  is required, but only one subsample provides  information about the sensitive behavior 
(Kuha and Jackson, forthcoming).  

Empirical Applications to Assess Tax Evasion 

There are only a few papers that apply some of these techniques to analyze tax evasion based 
on surveys among individuals contrary to our paper which is based on firm‐level data. Gërxhani 
(2007) uses  the sealed envelope approach and  finds  that almost 39% of  the  respondents  in a 
survey among Albanian households evade personal income tax. Similarly, using data from a sur‐
vey among German  individuals which  likewise applies  the  sealed envelope  technique, Becker 
and Günther (2004) study the determinants of tax evasion, but do not report the prevalence of 
tax evasion. The analysis of Houston and Tran (2001) may be indeed closest to this paper, even 
though  important differences  remain. Using a mail questionnaire  to  survey Australian house‐
holds, Houston and Tran  (2001) compare both  response  rates  to questions about  tax evasion 
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and the share of individuals reporting tax evasion using the DQ and the RRT approaches. An ear‐
lier, similar study is Aitken and Bonneville (1980) as part of a taxpayer survey in the U.S. which is 
summarized by Boruch (1989). They compare the RRT to the sealed envelope method and find 
that the RRT yields higher estimated levels of tax evasion. Himmelfarb and Lickteig (1982) com‐
pare the RRT to a DQ approach in a survey among students. They find that a significantly higher 
proportion of respondents admit to have falsified their  income tax report when the RRT  is ap‐
plied. Musch et al.  (2001) use an online survey  to study  the prevalence of  tax evasion among 
German  individuals who  self‐selected  themselves  for participation. They  compare  tax evasion 
rates  under  the DQ  and  an  augmented RRT  approach which  addresses  the  problem  that  re‐
spondent may adopt a self‐protective answering strategy. They  find significant differences be‐
tween the DQ method and their specific RRT approach. However, their survey design requires 
three subsamples and therefore a larger overall sample so that we do not discuss their approach 
further.

10  

Table 1: Methods to elicit sensitive information in surveys 

Method  Original Paper 
Application to Tax 

Evasion 
Main drawback 

Forgiving wording and 
the everybody ap‐

proach 

Barton (1958); see 
Näher and Krumpal 
(2012) for a summary  World Bank Enter‐

prise Surveys 
No privacy protection 

The other people ap‐
proach 

Barton (1958) 

Sealed‐envelope tech‐
nique 

Barton (1958) 
Becker and Günther 
(2004), Gërxhani 

(2007) 

Privacy protection mechanism subject to manipu‐
lation 

Randomized response 
technique / Warner’s 

method 

Warner (1965); see 
Lensvelt‐Mulders et al. 
(2005) for a meta‐

analysis 

Houston and Tran 
(2001), Musch et al. 
(2001), Himmelfarb 
and Lickteig (1982), 
Aitken and Bonne‐

ville (1980) 

Respondents have always access to an obvious 
self‐protective answering strategy which they 
may choose irrespective of the true answer  

Randomized response 
technique / unrelated 

question 

Horvitz et al. (1967) and 
Greenberg et al. (1969) 

Randomized response 
technique / forced 

alternative 

Boruch (1971); see 
Tourangeau and Yan 
(2007) for a summary 

Randomized response 
technique / Benford’s 

law 
Diekmann (2012) 

                                                            
10 There are also papers that apply RRT to other tax‐related questions; see for instance Larkins et al. (1997). 
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Item count technique 

Raghavarao and 
Federer (1979); see 

Droitcour et al. (1991) 
for a summary 

n/a  Privacy protection not necessarily guaranteed 

Crosswise model 
Yu et al. (2008), Jann et 

al. (2012) 
this paper 

Non‐response (as in the case of all other strate‐
gies) may still serve as (the only) possible self‐

protective strategy 

2.3 Crosswise Model 

In this paper, we use a more recent and arguable better‐suited method, namely the crosswise 
model  (CM)  introduced by  Yu et  al.  (2008).  Similarly  to  the RRT,  respondents  are  asked  two 
questions, one about a sensitive characteristic denoted by X with an unknown distribution, and 
one about a non‐sensitive characteristic denoted by Y with a known distribution.11  If respond‐
ents have  the sensitive characteristic,  X  1 applies, whereas  X 0 applies  in the opposite case. 
The  same  holds  for  the  non‐sensitive  question,  i.e.  Y  1  for  the  non‐sensitive  characteristic, 
andY  0  otherwise.  In  the  survey,  respondents  face  only  two  options  to  jointly  answer  both 
questions, namely either (1) “no to both questions, or yes to both questions”, or (2) “yes to one 
of the questions, and no to the other one”. This type of bundling of answers ensures that the 
CM does not provide respondents with an obvious self‐protective strategy which they may re‐
sort to if they distrust the questioning strategy. In other words, neither option (1) nor option (2) 
unambiguously negates both the non‐sensitive question and the sensitive question. This  is the 
central advantage of the CM compared to the RRT. Obviously, another self‐protective strategy, 
namely not answering at all is still feasible, but as we show later, this strategy was not chosen in 
our survey. One  reason may be  the possibility  that  respondents may  think  that non‐response 
could raise the suspicion that they engage in the sensitive behavior; in this sense responding is a 
‘safer’ strategy in the context of the crosswise model.   

With two types of characteristics, X and Y, that each have two values, respondents may be di‐
vided in four different subgroups as summarized in Table 2. The prevalence of Y, p Pr(Y  1), is 
essentially set by the researcher through asking an appropriate non‐sensitive question about a 
characteristic with known distribution. With p 1,  the CM  (like  the RRT) becomes  identical  to 
the DQ approach (see Warner, 1965). 

                                                            
11 We follow the notation of Yu et al. (2008). 
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Table 2: Respondent categories and probabilities 

Categories 
Non‐sensitive characteristic Y 

Y  0 Y  1  All 

Sensitive  
characteristic X 

X  0  (1�S)(1� p) )1( S�p   S�1
X  1 S(1� p) pS S  

All  p�1   p 1 

   Source: Adapted from Yu et al. (2008) 

By  contrast,  the unknown prevalence of  the  sensitive  characteristic X ,S  Pr( X  1) ,  is  the 
parameter of interest and may be estimated using Maximum Likelihood based on the empirical 
distribution of the answers; below we summarize the proof by Yu et al. (2008). Table 3 (second 
row) illustrates how the respondent categories summarized in Table 2 map into answer options 
(1) and (2).  It shows that the respondents can always be sure that  interviewer does not know 
the true answer on the sensitive question, irrespective of whether the respondents choose an‐
swer option (1) or (2) because the corresponding subgroups are all non‐sensitive. The third row 
contains  the unobserved probability of each answer category derived  from  the corresponding 
cells  of  Table  2.  The  observed  number  of  respondents  choosing  option  (1)  is  denoted  by 

1n which follows a binomial distribution with E(n1)  nO  and  Var (n1)  nO (1 � O ) . The log Like-
lihood function is

logL  n1log[(1�S)(1� p)� Sp]� (n �n1)log[S(1� p)p(1�S)]  (1)

which is analogous to the likelihood function in the CM presented by Yu et al. (2008) and similar 
to those under the RRT presented by Warner (1965). The first‐order condition is  

n1(2p �1)
Sp � (1�S )(1� p)

 
(n �n1)(2p �1)

S (1� p) � p(1�S )
� (1�S )(1� p) � Sp  n1

n
(2)

Solving (2) for S  allows us to obtain the Maximum Likelihood estimator of S ,  Ŝ : 

)12(
)1ˆ(ˆ

�
��

 
p
pOS

(3)

where
n
n1ˆ  O  is the Maximum Likelihood estimate of O  from (2) and thus equal to the observed

share of respondents choosing answer option (1).   
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Table 3: Answer options and probabilities 

Answer option 
(1) 

“no to both questions, or yes to 
both questions” 

(2)  
“yes to one of the questions, and no 

to the other one” 

Respondent cate‐
gories 

X  0�Y  0^ `� X  1�Y  1^ `  X  1�Y  0^ `� X  0�Y  1^ ` 

Unobserved prob‐
ability 

pp SSO ��� )1)(1(   )1()1(1 SSO ��� � pp  

Observed number 
of respondents  1n 1nn �

Distribution func‐
tion of  1n  

Binomial (n,O)
E(n1)  nO , Var(n1)  nO(1� O)

Estimated proba‐
bility  n

n1ˆ  O Ô1�

Source: Own compilation based on Yu et al. (2008) 

The variance of  Ŝ  can be written as 

� �
� �

� � � � � �22222
1

2

1

12
)ˆ1(ˆ

12
)ˆ1(ˆ

121212
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pnpn

n
pn
nVar

p
n
nVar

p
Var

p
pVarVar OOOOOOS (3)

In order to obtain an unbiased estimate of (3), we have to multiply (3) by n /(n �1) , given that 
the mean of the distribution function is unknown (Bessel’s correction):  

2)12)(1(
)ˆ1(ˆ)ˆ(
��

�
 

pn
Var OOS (4)

As equation (4) demonstrates, increasing the level of privacy protection lowers the efficiency of 
the estimate, as decreasing p raises the variance as well. With  fon , (4) allows constructing 
confidence intervals for Ŝ : 

)ˆ(ˆ 2/ SS D VarZr (5) 

where 2/DZ denotes the  � �� �th1002/1 u�D  percentile of the standard normal variable Z.

The study by Jann et al. (2012), which compares the estimated prevalence of plagiarism under 
CM and DQ, is the only application of this approach so far. The students participating in the sur‐
vey were asked about past  instances of partial and  severe plagiarism  in assignments  such as 
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seminar  and  term  papers. With  respect  to  the  unrelated  question,  Jann  et  al.  (2012)  asked 
whether  the month of birth of a close  family member  (i.e.,  father  in one case, and mother  in 
another case) is January, February or March. Assuming that months of births are equally distrib‐
uted,  the prevalence of Y  in  this case would be 0.25. For partial plagiarism,  the CM yielded a 
significantly higher prevalence estimate than DQ, with a difference amounting to 15 percentage 
points (7.3% vs. 22.3%).  In case of severe plagiarism, the estimates remained  low for both ap‐
proaches (1.0% for DQ and 1.6% for the CM, respectively), and the difference was insignificant. 
The  results  therefore  suggest  that  enhanced  anonymity  of  CM  is  at  least  in  some  cases  im‐
portant for the results. 

3 Data and Survey Design 

In  this paper, we hypothesize  that  the prevalence of  tax evasion estimated using  information 
from business surveys is higher under the CM approach compared to our benchmark approach, 
and  that  these differences arise due  to different  levels of privacy protection. Our benchmark 
approach is the standard one used to study illicit behaviour of firms in business surveys such as 
the World Bank  Enterprise  Surveys  for  instance, namely  a  combination of  the  ‘other people’ 
approach and the use of forgiving wording. Compared to Jann et al. (2012), our benchmark may 
be expected to yield higher estimates of the share of respondents showing the sensitive behav‐
ior compared to direct questioning. 

In order  to  test  this hypothesis, we make use of novel  information  from a  rich survey among 
small and medium firms in Serbia carried out in November and December 2012 on behalf of the 
GIZ Public Finance Reform Project12. The  survey  focuses on  the perceived efficiency and  cus‐
tomer  orientation of  the  Serbian  tax  system  and  administration,  and on  different  aspects  of 
firms’ tax compliance behaviour, as well as on firms’ attitudes towards paying taxes. It was im‐
plemented by a professional survey company, using face‐to‐face interviews with firms. The pri‐
vacy of responses by the interviewees was guaranteed by GIZ as an honest broker. In addition, 
the survey company is not associated as having any connection with the Serbian government or 
the Serbian revenue administration.  

The  survey  covers  422  firm‐level  observations,  and  the  sample was  drawn  from  the  Serbian 
Business Register  (2011).  It  is  representative of micro,  small and medium‐sized Serbian  firms 
with  1  to up  to  99  employees operating  in manufacturing  and  service  sectors.13  In  line with 
standard practice  in business surveys, we excluded agriculture and fishing. Given the  focus on 
taxation, we also excluded firms operating  in the mining and quarrying sectors,  in financial  in‐

12 Deutsche Gesellschaft für Internationale Zusammenarbeit (GIZ) GmbH  is a German aid agency. 

13 The survey is based on the NACE Rev. 1.1 industry classification. 
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termediation as well as real estate and renting because the nature of these firms and/or the tax 
regime they are subject to differs from other firms, complicating comparisons. We also excluded 
firms operating  in various business service sectors (NACE 73 and NACE 74), again, because the 
nature of these firms may differ significantly from other firms in our sample.

14 Finally, given that 
we are  interested  in private sector  firms, we exclude Section L  (public administration and de‐
fence,  compulsory  social  security),  Section M  (education),  Section N  (health  and  social work) 
and Section O (Other community, social and personal service activities), as these activities are 
likely to be carried out to a significant extent by public entities or state‐owned enterprises. Ta‐
ble 4 provides a summary of the sample. 

The  sample was  split  into  two  subsamples which  do  not  show  any  significant  differences  in 
terms of size‐sector‐region structure with an almost identical number of firms in each subsam‐
ple (see Table 4).15  In the beginning of the  interview, firms were told that the objective of the 
survey is to better understand the problems and obstacles that small and medium firms face, in 
particular  in  the  area  of  taxation  to make  tax  policy  and  tax  administration more  business 
friendly. 

Similar subsamples ensure that estimated differences  in tax evasion between both groups are 
most likely not due to differences in actual tax compliance behaviour, but rather due to differ‐
ences in truth‐telling. In order to achieve this, within each size‐sector‐region strata, firms were 
randomly allocated to each of the subsamples. Tax evasion within the first subsample, referred 
to as the ‘benchmark group’, was then estimated using the ‘other people’ approach in combina‐
tion with  forgiving wording, whereas  tax evasion  in  the second subsample,  referred  to as  the 
‘treatment group’, was estimated using the crosswise model approach.  

14 This exclusion restriction covers for instance accounting and tax advisory firms, among others. The views on taxa‐
tion of managers of  these  types of  firms are  likely  to differ  fundamentally  from other  firms, and  their managers 
may answer more strategically in questions about tax evasion, reflecting the ‘self‐interest’ of these sectors.  

15 One reason for the small difference in terms of subsample size relates to differences in participation rates in the 
survey. However, participation in the interview did not depend on whether firms were assigned to the benchmark 
group or the treatment group as this information was only revealed to them in the course of the interview. 
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Table 4: Sample description 

Number of obs. 
Distribution (in %) 

Benchmark  Crosswise 
Firm size  weighted  unweighted  weighted  unweighted 
 1‐4 employees  222  66.49  50.93  66.50  54.37 
 5‐19 employees  112  25.78  27.78  25.78  25.24 
 20‐99 employees  88  7.73  21.30  7.72  20.39 

Sector 
 Manufacturing  117  25.00  27.31  25.00  28.16 
 Retail and wholesale  198  49.96  44.91  49.96  49.03 
 Other services  107  25.04  27.78  25.04  22.82 

Region 
 Belgrade  162  41.15  39.35  41.15  37.38 
 Vojvodina  142  33.15  33.80  32.97  33.50 
 Central Serbia  118  25.70  26.85  25.87  29.13 

Total (number of obs.)  422  216  206 
Source: own compilation 

We distinguish two modes of tax evasion, sales underreporting and envelope wages, which are 
both very common  in Serbia. Since the CM only allows asking dichotomous questions, we esti‐
mate the share of firms that underreport at  least 10% of actual sales and wages, respectively. 
We chose the 10%‐threshold because we consider underreporting above this threshold as sig‐
nificant from an economic point of view. Under the benchmark approach, the  following ques‐
tion was asked to estimate the extent of sales underreporting (an analogous question was asked 
to estimate the extent of envelope wages):        

“Firms often struggle to meet all tax obligations which impose a significant burden on firms. According to 
your experience and judgment, do firms like this underreport at least annual 10% of annual sales to STA 
for VAT and/or profit tax?”  

The  respondents of  the  treatment group  received an  introduction  to  the crosswise model ex‐
plaining that this questioning technique is designed to protect the privacy of their answers while 
acknowledging that this may seem strange to them. Interviewees are unlikely to understand the 
exact mechanism of interfering tax underreporting from the CM design; nevertheless, given the 
questions and the answer options, it does seem likely that they understand that the privacy of 
their  particular  answer  is  protected.  In  the  specific  context  of  this  survey,  the  non‐sensitive 
characteristic used by Jann et al. (2012), namely the birth month of one parent, may be subject 
to  the criticism  that respondents do not know  the birth months of  the parents  (e.g.  if  the re‐
spondent  is an orphan or has been abandoned by one parent as a  result of past armed con‐
flicts). Alternatively, respondents may be afraid that their parents’ month of birth can in princi‐
ple be obtained by the interviewer through official records so that the privacy of the responses 
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is no  longer protected.  In addition, we did not have access  to statistics  that could be used  to 
estimate the distribution of birth months.  

Therefore,  contrary  to  Jann  et  al.  (2012), we  chose  the  last digit of  the best  friend’s mobile 
phone number as the non‐sensitive characteristic and asked if it is “0 or 1” and “8 or 9”, respec‐
tively. Our assumption is that the distribution of the last digit of mobile phone numbers is uni‐
form giving rise to p=0.2. Our results are robust to changes in the underlying distribution and in 
particular to higher prevalence rates which we discuss below, given that the allocation of mobile 
phone numbers by the operators is not known with certainty.  

Nevertheless, we believe that the allocation of mobile phone numbers,  in contrast to  landline 
numbers, can be expected to be done in a rational and well‐defined manner even in developing 
countries which leads to a uniform distribution of the last digits so that Benford’s law which we 
discuss in the Appendix does not apply. The reason is that mobile phone operators that are well‐
run  firms often owned by multinational enterprises are  in charge of  the number allocation  in 
Serbia.

16 Two allocation principles are feasible.  Under the first one, mobile numbers would be 
allocated  in  a  piecemeal  fashion, where  a  new  phone  number  is  simply  the  highest  existing 
number plus 1. Under an alternative approach, mobile phone numbers are allocated randomly. 
Given the  large number of mobile phone subscriptions, both approaches would  imply a nearly 
equal distribution of the last digit. Obviously, there may be preferred numbers allocated to spe‐
cial customers where the  last couple of digits are all  identical. However, such occurrences can 
be expected to be rare thereby not significantly affecting the overall distribution of the last dig‐
its of the phone numbers.

17  

Specifically, under the crosswise model, we asked the following two questions simultaneously to 
estimate the extent of sales underreporting:  

“Is the last digit of your best friend's phone number / of the number of the person you call most often 0 
or 1? Does your firm underreport at least 10% of your annual sales to STA for VAT and/or profit tax?” 

In order  to estimate  the extent of envelope wages,  the  following  two questions were posed 
simultaneously:  

16 The Republic Agency for Electronic Communications  in Serbia allocates the entire range of subscriber numbers 
which follow the network code to the mobile phone operator. This implies that the mobile phone operator is also in 
charge of allocating the  last digit of mobile phone numbers to the  individual subscribers. See Serbian Numbering 
Plan for more details (http://www.ratel.rs/upload/documents/Regulativa/Plan_numeracije/Numbering_plan.pdf).  

17 Obviously, there may be other factors that potentially confound this randomization mechanism. Some partici‐
pants may only know the landline number or imperfectly remember the mobile number, even though participants 
were asked to look up the number in their phone. However, these factors are unlikely to be systematic and/or of 
significance.  
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“Is the last digit of your best friend's phone number / of the number of the person you call most often 8 
or 9? Does your firm pay more than 10% of the total wage bill in cash to avoid wage tax and social securi‐
ty contributions?” 

We  then  compare  estimates  of  both  sales  underreporting  and  envelope  wages  obtained 
through  forgiving wording as our benchmark which  is commonly used  to elicit sensitive  infor‐
mation in business surveys and through applying the crosswise model. We hypothesize that es‐
timated tax evasion is higher under the CM approach because it offers enhanced privacy protec‐
tion.  

Obviously, differences in estimated tax evasion across both groups may also arise due to minor 
difference in the framing and/or the design of the questions, but here we argue that this is high‐
ly unlikely. On  the one hand,  respondents within  the benchmark group are asked  to  refer  to 
firms  similar  to  their own which may however differ  in  terms of  tax  compliance behavior, or 
respondents do not use tax non‐compliance of their own firm to estimate tax non‐compliance of 
similar firms. However,  in the pilot study preceding the actual survey, some respondents even 
told the interviewers that they understand that this question is used to infer their own tax non‐
compliance behavior, and their own behavior is a natural reference point to estimate the behav‐
ior of similar firms.  

On the other hand,  in the benchmark group, spontaneous non‐response was permitted, either 
because the respondent refused to answer, or because the respondent states that she/he does 
not know; however, non‐response was not  read out by  the  interviewers as a possible answer 
option. We assume that non‐responses are equivalent to ‘no’ answers to the tax evasion ques‐
tions, given that non‐response is a common strategy to avoid admitting illicit or otherwise sensi‐
tive  behavior  in  surveys. Overall,  about  23%  of  the  respondents  followed  the  self‐protective 
strategy with respect to the underreporting of sales, and about 22% for the respective question 
on envelope wages. By  contrast,  in  the  treatment group,  spontaneous non‐response was not 
permitted in the sense that interviewers ‘pushed harder’ to obtain answers (but ultimately, non‐
response was still feasible). Here, non‐response is more likely to result from ‘laziness to partici‐
pate’ in the crosswise model which may have seemed odd to respondents, rather than from the 
reluctance  to answer  the questions. Yet, no  respondent  chose  to  refrain  from answering  the 
sensitive questions asked under the CM. In a robustness check, we test whether this minor dif‐
ference  in  the  survey design between both groups on  its own gives  rise  to differences  in our 
estimates of tax evasion between both groups.   
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4 Results 

4.1 Baseline Results 

Specification  (1)  in Table 5 contains our baseline  results. Here,  tax evasion  is estimated using 
sampling weights to ensure that the results are representative. The results show that the esti‐
mated share of firms that underreport at least 10% of sales amounts to 23.9% of the firms un‐
der the FW, and to 33.9% of the firms under the CM. With respect to the payment of wages in 
cash, the analogous estimated share  is 26.5% under FW, which  is comparable to the underre‐
porting of sales. Again, the estimate is larger (30.2%) if we apply the CM. The CM estimates are 
obtained using equation (3) 

From equation 5, we construct confidence intervals to check the significance of the prevalence 
estimates; none of the 99% confidence intervals includes zero, which means that the prevalence 
estimates for both methods are highly significant on the 99% level. To further evaluate the sta‐
tistical significance of the differences between the estimates, we apply a two‐sample proportion 
test. The z‐value is estimated by dividing the difference between the FW‐ and the CM estimate 
by the joint standard error. For the underreporting of sales, the difference between FW and CM 
is statistically significant at the 10% level (the p‐value  is 0.059). By contrast, we find no signifi‐
cant differences for estimates of the prevalence of envelope wages (the p‐value  is 0.167). Our 
results therefore partially confirm our hypothesis, namely that tax evasion estimates are higher 
under the CM approach given that it is designed in a way that the privacy of individual respons‐
es are protected. 

Nevertheless,  the difference  in  terms of  significance between  sales and wage underreporting 
requires  interpretation. The statistical  interpretation  is  that  the difference between estimates 
obtained under FW and CM may be insignificant because under the CM approach, the increase 
in anonymity through the non‐sensitive question also  introduces an additional source of error. 
To compensate for this, a larger sample size or a lower level of anonymity would be necessary. 
However,  large  samples  in business  surveys  are usually  expensive,  especially  for  face‐to‐face 
interviews. Lowering the  level of anonymity to compensate for the higher variance due to the 
sample size decreases chances that respondents answer truthfully or participate at all. Obvious‐
ly, one can only speculate whether a larger sample size or lower levels of anonymity would have 
rendered the estimated difference of the prevalence of wage underreporting between FW and 
CM significant. 

Alternatively, there may be economic factors as well which explain why the CM does not yield 
higher  and  statistically  different  results  compared  to  the  benchmark  approach.  On  the  one 
hand, respondents may believe, at least to some extent, that wage underreporting attracts less 
severe penalties in case it is revealed to authorities, irrespective of whether this is the case. In 
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the survey, respondents were also asked to rate the severity of penalties associated with differ‐
ent  taxes  and  social  contributions.  Indeed, 28.67% of  the  respondents  consider penalties  for 
VAT evasion as most severe, which is larger than the corresponding shares of respondents for all 
other  taxes  and  social  contributions.  On  the  other  hand,  respondents  from  the  benchmark 
group may have believed that information on wage underreporting is less useful for the tax ad‐
ministration if it is revealed. In the latter case, in order to impose penalties, the tax administra‐
tion would probably have to start a formal investigation, rather than imposing penalties simply 
based on the information provided through the survey. Contrary to sales underreporting, which 
can be detected relatively easily by the authorities, for  instance through checking  if customers 
of a particular firm were given correct invoices, investigating whether a particular firm pays en‐
velope wages is more demanding. The reason is that both, employers and employees often have 
strong  incentives  to hide  this practice. Contrary  to  this, customers are  likely  to be  indifferent. 
Both factors imply that protecting the privacy of the individual responses is more important for 
questions addressing the extent of sales underreporting compared to questions addressing the 
extent of envelope wages. This may explain why we do not find significant differences between 
benchmark and CM estimates with respect to the prevalence of envelope wages.  

4.2 Robustness Checks 

We test the robustness of our results in several ways – see the remaining specifications in Table 
5. First, given that most other papers that apply RRT and CM approaches do not use sampling

weights, we re‐assess  the difference between benchmark and CM estimates using no weights 
(specification 2). The difference for estimated sales underreporting remains positive and signifi‐
cant, although it slightly decreases.  

Second, we only  include micro  firms with up  to  4  employees  in our  sample  (specification 3) 
which almost halves the sample (in total, there are 222 firms left). While we recognize that fur‐
ther  limiting the sample size  increases the variance of the CM estimates,  it  is still  insightful to 
exclude  larger  firms. The  latter are  likely  to have access  to  sophisticated,  legal  tax avoidance 
strategies, and they are often monitored more  intensively by the authorities, especially  in de‐
veloping countries, so that estimates of tax evasion that exclude large firms are likely to be larg‐
er. This also implies that the protection of the privacy of the answers of the managers of these 
firms  is  less  important. The difference between the benchmark and CM estimates of sales un‐
derreporting indeed increases to 0.17 and is significant at the 5% level even though the sample 
size decreases. By contrast, the results hardly change with respect to wage underreporting.  

Third, we check whether allowing  for spontaneous non‐response affects the results  (specifica‐
tion 4). Our benchmark question differs  in  the  sense  that  interviewers accepted  spontaneous 
non‐response and push  respondents  ‘less hard’  to provide an answer compared  to  the  treat‐
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ment group, where respondents were  ‘pushed harder’ to answer.  In this specification, we use 
an alternative question  to estimate  the extent of  tax evasion  firms under  the benchmark ap‐
proach which was posed  immediately  after  the questions on  sales  and wage underreporting 
used  in  the baseline  specification. With  respect  to  sales underreporting,  the question  is: “Ac‐
cording  to your experience and  judgment, on average, what percent of  total annual  sales do 
firms  like  this one underreport  to  STA  for VAT and/or profit  tax?” With  respect  to wage un‐
derreporting, the question is: “On average, what share of wages do firms like this one typically 
pay in cash?” The questions do not use forgiving wording, but the questions preceding each of 
these questions do implicitly justify tax evasion.  

For both questions, respondents could select one of the following options, 1) 0%, 2) 1% ‐ 10%, 
3) 11% ‐ 25% or 4) More than 25%. While for simplification, this scale was chosen to be not con‐
tinuous in the survey, we still assume that the combined share of respondents selecting options 
3) and 4) corresponds to the share of respondents that underreport at least 10% of wages and
sales, respectively. Contrary to the questions asked to the benchmark group firms in the remain‐
ing  specifications,  this question did not allow  for  spontaneous non‐response,  similarly  to  the 
questions asked under the CM approach, where interviewers did not accept spontaneous non‐
response, but pushed harder  to obtain  a  response.  Interestingly,  the difference between  the 
benchmark and the CM estimates of sales underreporting are again much higher compared to 
the baseline specification and highly significant at the 1% level, and the difference between the 
benchmark and CM estimates of wage underreporting also increase and are likewise significant 
at the 5% level.  

Finally, one important concern may be related to our assumption about the distribution of the 
last digits of mobile phone numbers  in Serbia.  In particular, the results of the CM also depend 
on the ex‐ante chosen probability that the last digit of the best friend’s mobile phone number is 
0 or 1 (and 8 or 9, respectively). So far, we have assumed a uniform distribution of the last dig‐
its. However, it could be argued that in fact, the probability that the last digit is ‘0’ or ‘1’ is high‐
er than 20%, and that the probability that the last digit is ‘8’ or ‘9’ is below 20%. To address this, 
in specification 5, we reevaluate  the difference between  the benchmark and CM estimates of 
sales and wage underreporting where we assume that the probability is 10% higher (lower) that 
the last digits are ‘0’ or ‘1’ (‘8’ or ‘9’). The difference between the benchmark and the CM esti‐
mate  (0.09)  is only marginally  smaller  than under  specification 1 when  it  comes  to  sales un‐
derreporting, and it remains significant at the 10% level even if we assume that the probability 
increases to p=0.22. We likewise find no evidence that a lower probability that the last digits are 
‘8’ or ‘9’ (p=0.18) affects the estimates for wage cash payments.  
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Table 5: Results 

Specification  Mode of tax evasion  Benchmark 
estimates  

Crosswise 
model  
(CM) 

Difference 

(1) 
Underreporting of sales (at least 10% of total sales)  0.24 

(0.03) 
0.34 
(0.06) 

0.10* 
(0.06) 

Paying wages in cash (at least 10% of wages)  0.27 
(0.03) 

0.30 
(0.06) 

0.04 
(0.06) 

(2) 
Underreporting of sales (at least 10% of total sales)  0.24 

(0.03) 
0.33 
(0.06) 

0.09* 
(0.06) 

Paying wages in cash (at least 10% of wages)  0.26 
(0.03) 

0.33 
(0.06) 

0.07 
(0.06) 

(3) 
Underreporting of sales (at least 10% of total sales)  0.21 

(0.04) 
0.38 
(0.08) 

0.17** 
(0.09) 

Paying wages in cash (at least 10% of wages)  0.25 
(0.04) 

0.31 
(0.08) 

0.06 
(0.09) 

(4) 
Underreporting of sales (at least 10% of total sales)  0.17 

(0.03) 
0.34 
(0.06) 

0.17*** 
(0.06) 

Paying wages in cash (at least 10% of wages)  0.17 
(0.03) 

0.30 
(0.06) 

0.13** 
(0.06) 

(5) 
Underreporting of sales (at least 10% of total sales) 

0.24 0.33 0.09* 
(0.03) (0.06) (0.07) 

Paying wages in cash (at least 10% of wages) 
0.26 0.31 0.05 
(0.03) (0.05) (0.06) 

Source: own compilation 
Notes: Standard errors in parenthesis; significance levels: * p<0.1, **p<0.05, ***p<0.01 
(1) full sample; weighted proportions 
(2) full sample; unweighted proportions 
(3) only micro firms with 1‐4 employees included; weighted proportions 
(4) full sample; weighted proportions; under FW, no spontaneous non‐response accepted 
(5) full sample; weighted proportions; alternative assumptions about prevalence of non‐sensitive characteristic 

5 Conclusions 

This paper uses new evidence  from a business  survey  in Serbia  to measure  the extent of  tax 
evasion. Obviously, respondents  in such surveys can be expected  to have strong  incentives  to 
not answer  truthfully  to questions about sensitive  topics. We  therefore employ a new survey 
method, referred to as the crosswise model, that protects the privacy of respondents through 
bundling of questions about  tax evasion and  ‘harmless’  topics and  that has been  successfully 
applied elsewhere in the social sciences. Contrary to other surveys that examine tax evasion, we 
differentiate  between  two  types  of  tax  evasion,  namely  underreporting  of  sales  when  the 
crosswise model is used and envelope wages. We show that a significantly higher share of man‐
agers of small and medium size firms admits considerable underreporting of sales compared to 
conventional approaches. The result is robust to a number of alternative specifications. We con‐
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clude  that such an approach delivers a more,  though possibly not  fully, realistic picture of tax 
evasion. 

One type of criticism that may apply to our survey design relates to the size of the sample. Ulti‐
mately, based on our  findings,  it  is difficult  to  judge whether  the crosswise model  (CM) does 
indeed not yield statistically different estimates from our benchmark, or whether this result  is 
driven by the limited sample size and the large variance that comes with it. The size of our sam‐
ple was dictated by budget constraints, and given that our data is part of a detailed face‐to‐face 
business survey about  tax  issues,  the size of our overall sample  is appropriate.  In addition,  to 
study the relative merits of the crosswise model compared to our benchmark, we had to split 
the sample which  further reduced the number of observations.  Ideally,  future research would 
therefore carry out a similar survey with a larger sample. 

Our  results are unlikely  to be affected by any bias  relating  to  reluctance  to answer  truthfully, 
and this study is the first attempt to obtain credible and more detailed picture about the extent 
of tax evasion  from businesses who,  from a revenue perspective, are the most  important tax‐
payers as they remit the bulk of taxes to revenue authorities. Nevertheless, the crosswise model 
raises its own issues. One central one is that by definition, this approach does not generate data 
that allow  studying  the determinants of  tax evasion at  the  individual  level. Another one  that 
could be addressed in future research is that currently, the crosswise model only allows obtain‐
ing dichotomous information about tax evasion. Unlike topics such as cheating in exams or drug 
abuse where  a dichotomous  answer  is  revealing  and  informative, more detailed quantitative 
information about the extent of tax evasion is crucial. In other words, from a policy perspective, 
it is also important to obtain the precise estimate of tax evasion and hence of foregone revenue. 
The most obvious methodological extension which we leave for future research would therefore 
be to amend the CM to obtain this type of quantitative information as well, for instance through 
asking several dichotomous questions.  
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7 Appendix: Other Versions of the Randomized Response Technique 

There exist various other versions of the RRT designs. First, under the unrelated question meth‐
od  (Greenberg et al., 1969),  respondents are asked  to answer a  sensitive and a non‐sensitive 
question that is usually unrelated to the sensitive question. For the unrelated question, the dis‐
tribution of  “yes”‐answers  can be either  known  (e.g. birth month) or unknown.  In  the  latter 
case, the proportion of respondents sharing the non‐sensitive characteristic has to be estimat‐
ed. However, in both instances, the unrelated question method is more efficient than Warner’s 
(1965) model because a “yes” statement under the original RRT either implies that the respond‐
ent belongs to the group with the sensitive characteristic, or that the respondent does not be‐
long  to  this group  (Greenberg et al., 1969). For a  true proportion of 5%  sharing  the  sensitive 
attribute, Greenberg et al. (1969) show that the variance of the original RRT  is more than five 
times larger than the variance under the unrelated question method with a known distribution 
of “yes”‐answers, and it is still larger even when the distribution of “yes”‐answers on the innoc‐
uous question is unknown. 
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The forced alternative method represents yet another low‐variance version of the original RRT. 
Depending  on  the  outcome  of  the  randomization  device,  respondents  either  have  to  give  a 
“yes”‐answer  irrespective of  the  true answer on  the  sensitive question, a  “no”‐answer  (again 
irrespective of the true answer), or they have to answer the sensitive question truthfully (Edgell 
et  al.,  1982;  Tourangeau  and  Yan,  2007). Based on post‐experimental  feedback,  Edgell  et  al. 
(1982) argue that the method provides a relatively high level of anonymity, but they also stress 
that participants may feel uncomfortable by being directed to a sensitive question.  In a meta‐
survey on the RRT, Lensvelt‐Mulders et al. (2005) find that the forced alternative method is by 
far the most commonly used version of the RRT.  

Finally, Diekmann (2012) proposes another version of RRT that exploits Benford’s law to reduce 
the  trade‐off  between  efficiency  and  privacy  protection  inherent  to  RRT.  The  choice  of  the 
probability that the respondent answers the sensitive question  is  important because a smaller 
probability decreases the chances to arrive at the sensitive question whereas a larger probabil‐
ity increases privacy protection but also the variance of the estimator. Benford’s law states that 
the empirical distribution of the numbers from 1 to 9 is not uniform in many instances (e.g. the 
first  digits  of  house‐numbers).  Instead,  the  numbers  follow  a Newcomb‐Benford  distribution 
with a probability of roughly 0.7  for  the digits 1,2,3,4, and of 0.3  for  the  remaining ones. The 
advantage of the method  is the  ‘Benford  illusion’,  i.e. many respondents may believe that the 
numbers are uniformly distributed with a perceived probability for the first four digits of 0.4 and 
of 0.6  for  the  remaining ones. This allows designing surveys  in such a way  that  the perceived 
privacy protection is higher than the actual one as a means to increase the efficiency of the es‐
timator.  

8 Appendix: English Translation of Questionnaire 

8.1 Introductory Statement 

Good morning/day/evening, my name is __________________. I am an interviewer in the research agency [name of sur-
vey company] which carries out various types of research on different topics, and I would appreciate if you agreed to 
answer some questions for me.  The survey is carried out on behalf of Deutsche Gesellschaft für Internationale Zusam-
menarbeit (GIZ), a publically owned German organization for international development cooperation. GIZ supports the 
Serbian government in implementing reforms that strengthen the Serbian economy. For this reason, GIZ uses this sur-
vey to better understand the problems and obstacles that small and medium firms face, in particular in the area of taxa-
tion to make tax policy and tax administration more business friendly.  

Your firm has been selected for this survey, and your views are very important to GIZ. Participating will offer you the 
unique opportunity that your views and problems will feed into the policy advice that GIZ gives to the Serbian govern-
ment. This advice improves the conditions of firms like yours.  

Confidentiality is very important for [name of survey company] and GIZ. As a German publically owned company, GIZ 
generally obeys strict international data protection standards. All obtained answers will be treated as group data and 
will be used solely for the purpose of this survey and not passed on to third parties. 
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8.2 Benchmark Questions 

C22 [INT] Ask only if split A. 
Firms often struggle to meet all tax obligations 
which impose a significant burden on firms. Accord-
ing to your experience and judgment, do firms like 
this underreport at least 10% of annual sales to STA 
for VAT and/or profit tax? 

1. Yes
2. No

DK (Do not know – do not read)
REF (Refusal – do not read)

C23 
C23 [INT] Ask only if split A. 

According to your experience and judgment, on 
average, what percent of total annual sales do firms 
like this one underreport to STA for VAT and/or 
profit tax? 

1. 0%
2. 1% - 10%
3. 11% - 25%
4. More than 25%

C24 
C24 [INT] Ask only if split A. 

Paying wages in cash is often easier to handle and 
may be seen as a more immediate reward for their 
work by employees, and some employees may pre-
fer to get some cash, for instance to avoid withdraw-
ing from banks. As another advantage, this avoids 
wage taxes and social security contributions. Ac-
cording to your experience and judgment, on aver-
age, do firms like this one pay more than 10% of the 
total wage bill in cash to avoid wage tax and social 
security contributions? 

1. Yes
2. No

DK (Do not know – do not read)
REF (Refusal - do not read)

C25 
C25 [INT] Ask only if split A. 

On average, what share of wages do firms like this 
one typically pay in cash? 

1. 0%
2. 1% - 10%
3. 11% - 25%
4. More than 25% C26 

8.3 Crosswise model questions 

[INT]  Questions C26-C27 ask only if companies belong to split B! 
[INT] Only if split B. [INT] Must read! The following questions may be sensitive to you. To protect your privacy, we apply a 
new kind of questioning-technique. There are two questions to answer. Please consider carefully how you would answer 
each of the questions (“Yes” or “No”), but do not say it.  Then either choose option A ‘Yes’ to one of the two questions, 
and ‘No’ to the other one  or option B ‘Yes’ to both questions, or ‘No’ to both questions’. 
We understand that you may find this technique odd, but it ensures that your privacy will be fully protected as we do not 
know your specific answers to each of the questions, and we do not know the phone number of your friend. With the 
help of statistical methods, we can only compute the total number of firms for whom the second question applies. An-
swering the question truthfully is therefore riskless for you, but helps us tremendously.  
C26 [INT] Only if split B 

Think of your best friend's mobile phone number or 
of the mobile phone number of the person you call 
most often - please look that number up in your 
mobile if you do not remember it now and identify 
the last digit of the phone number. 

[INT] Wait for the respondent to look at his mobile 
or to signal that he knows the last digit 

[INT] If respondent finds this weird, reassure that 

1. ‘Yes’ to one of the two questions, and ‘No’ to the other
one 
2. ‘Yes’ to both questions, or ‘No’ to both questions

C27 
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we ask this question simply to protect his privacy 

Is the last digit of your best friend's phone number / 
of the number of the person you call most often 0 or 
1? Does your firm underreport at least 10% of your 
annual sales to STA for VAT and/or profit tax? 

C27 [INT] Only if split B. 
Think of your best friend's mobile phone number or 
of the mobile phone number of the person you call 
most often - please look that number up in your 
mobile if you do not remember it now and identify 
the last digit of the phone number. 

[INT] Wait for the respondent to look at his mobile 
or to signal that he knows the last digit 

[INT| If respondent finds this weird, reassure that 
we ask this question simply to protect his privacy 

Is the last digit of your best friend's phone number / 
of the number of the person you call most often 8 or 
9? Does your firm pay more than 10% of the total 
wage bill in cash to avoid wage tax and social secu-
rity contributions? 

1. ‘Yes’ to one of the two questions, and ‘No’ to the other
one 
2. ‘Yes’ to both questions, or ‘No’ to both questions

C28 
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Does the Level of Work Effort Influence Tax Evasion? 

Experimental Evidence 

CHRISTOPH BÜHREN* and THORBEN C. KUNDT** 

Abstract 

Using a real effort experiment, we analyze the dependence of tax evasion on the amount of 

effort invested to generate income. In three treatments, subjects were either endowed with 

income or had to work moderately or arduously to earn it. In line with prospect theory, sub-

jects evaded more taxes when they worked hard for their income. We find little evidence for 

the prediction that tax evasion in the endowed treatment is higher than that in the moderate-

effort treatment.  

Keywords: tax evasion; prospect theory; house money effect; sunk cost effect; real effort 

experiment 

JEL codes: C91, D03, H26 

1. Introduction

Paying taxes is a typical example of decision-making under risk: a taxpayer earns money and 

decides whether she is willing to under-declare some or all of this money. Under-declaring 

carries the risk of being caught cheating and, with a certain probability, fined by the tax au-

thorities. Alternatively, she can choose the safe option and declare honestly (ALLINGHAM and 

SANDMO, 1972). The option preferred by the taxpayer is a question of incremental costs and 

benefits according to the simple model of rational crime (SMORC; BECKER, 1968). This tra-
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ditional view has been frequently challenged by results from economic and psychological 

experiments on tax compliance. Experimental evidence suggests that subjects systematically 

adjust risk-taking in terms of tax evasion in the presence (or absence) of historical costs, such 

as time or effort. BOYLAN and SPRINKLE (2001) compared earned to endowed income and 

observed a positive, albeit insignificant, effect of effort on tax compliance. BOYLAN (2010) 

used a comparable experimental design and reported a significant positive effect, at least for 

the first round of the experiment. MUEHLBACHER and KIRCHLER (2008), KIRCHLER et al. 

(2009), and DURHAM, MANLY and RITSEMA (2014) also found significant compliance effects 

of income sources linked with varying levels of effort. 

From a methodological viewpoint, these findings may have serious implications because ex-

perimenters must be aware of how the results are driven by the underlying earning mecha-

nisms. Recently, prepaid mechanisms (ROSENBOIM and SHAVIT , 2012; CçRDENAS ET AL., 

2013) that try to avoid effort and endowment effects of experimental incomes have been dis-

cussed. From a policy perspective, it is crucial to assess the costs and benefits of different 

monitoring strategies to improve tax compliance because it is impossible for tax authorities to 

audit every single taxpayer. If tax evasion is linked with effort and effort is observable, labor 

intensity may serve as an indicator for the level of compliance in different occupations.  

Given that the previously mentioned results are ambiguous and the experimental designs var-

ied substantially between studies, this paper is intended to complement the existing literature 

and systematically study the effects of varying effort levels on tax evasion. Therefore, we 

apply a real effort task.  

We use prospect theory to analyze effort-dependent tax evasion because our theoretical as-

sumptions are based on the concept of reference dependence. Our line of reasoning is close to 

that of KIVETZ (2003), who proposed a U-shaped relationship between risk-taking and previ-

ous effort. We argue that a U-shaped effect of effort on tax evasion can be explained by dif-

ferent reference points for taxpayers who invest high, moderate or no effort to earn income. 

Reference-dependent tax evasion in the presence of effort has been discussed by KIRCHLER ET

AL. (2009) and is related to various well-documented behavioral effects, namely, the sunk cost 

effect (ARKES and BLUMER, 1985), the reverse sunk cost effect (ZEELENBERG and VAN DIJK, 

1997), and the house money effect (THALER and JOHNSON, 1990). Our paper aims to synthe-

size these effects by allowing for different levels of effort instead of comparing endowed and 

earned income.  
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In our experimental setting, participants have to exert either a moderate or high level of effort 

to earn income, or income is simply endowed. The real effort task the participants have to 

perform is similar to that in ABELER ET AL. (2011) and allows us to precisely link previous 

effort with tax evasion. Our payment is performance-based using a piece-rate scheme, and 

effort requirements are systematically varied between treatments. Real effort tasks are likely 

to add realism to experimental settings and have been previously applied in other effort-

related tax compliance experiments. DOERRENBERG and DUNCAN (2012), for example, used 

the “slider task” introduced by GILL and PROWSE (2012) to study the effect of tax evasion on 

labor supply. More closely related to our research question, BOYLAN and SPRINKLE (2001) 

and BOYLAN (2010) applied a multiplication task as an earning mechanism to study the im-

pact of effort on tax evasion. Other studies that focus on tax evasion in the presence or ab-

sence of effort either contained hypothetical scenario descriptions (MUEHLBACHER and 

KIRCHLER, 2008; KIRCHLER ET AL., 2009)1 or used entitlement as the earning mechanism 

(DURHAM, MANLY and RITSEMA, 2014). 

Taken together, our experimental design differs from previous works by allowing for different 

levels of effort and by linking payment with performance in a real effort task. Our experi-

mental results suggest that tax evasion is highest when earning income requires hard work in 

terms of time and effort. Furthermore, tax evasion is relatively high when income is endowed. 

For a moderate level of effort, tax evasion is least likely to occur. Our regression analysis is 

robust with respect to different measures of effort and implies that – contrary to the assump-

tions of standard economic theory – effort induces behavioral responses in terms of risk-

taking (i.e., tax evasion).  

The remainder of this paper is organized as follows. Section 2 discusses the relationship be-

tween effort and tax evasion. Section 3 introduces the experimental design. Section 4 presents 

our results, which we discuss in Section 5.  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 In a study by KIRCHLER ET AL. (2009), participants also had to complete a multiple-choice test as part of an 
application procedure for a hypothetical architectural project. Although the multiple-choice test can be regarded 
as a real effort task, we categorize the experiment as being hypothetical because earning was not directly related 
to the real effort put into the project but to the hypothetical circumstances described to the participants.  
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2. Theory and hypotheses

We use a prospect theory framework to analyze the link between effort and tax evasion. In 

contrast to expected utility theory, prospect theory assumes that subjects code outcomes as 

gains and losses relative to a reference point. Subjective valuation is represented by a value 

function that is convex for losses and concave for gains – that is, subjects are risk-averse in 

the domain of gains and risk-seeking in the domain of losses. Furthermore, the value function 

is steeper in the domain of losses, which implies that losses loom larger than gains (loss aver-

sion) (KAHNEMAN and TVERSKY, 1979).  

Prospect theory has been frequently applied in the tax compliance literature, mainly to study 

the effect of the taxpayer’s withholding position on tax evasion (e.g., ROBBEN ET AL., 1990, 

and references therein; MARTINEZ-VAZQUEZ, HARWOOD and LARKINS, 1992; SCHEPANSKI 

and SHEARER, 1995; HASSELDINE, 1998; COPELAND and CUCCIA, 2002). Furthermore, it was 

applied to account for the role of social norms (CULLIS, JONES and SAVOIA, 2012).2 An appli-

cation of prospect theory that is particularly relevant for our study is the analysis of tax eva-

sion after the previous investment of time and effort to earn income (MUEHLBACHER and 

KIRCHLER, 2008; KIRCHLER et al., 2009; DURHAM, MANLY and RITSEMA, 2014). The latter 

studies have in common that taxpayers are assumed to adopt different effort-dependent refer-

ence points that systematically influence their compliance decisions. Specifically, two plausi-

ble candidates are discussed: gross income for very low levels of effort or the absence of ef-

fort and expected income for moderate or high levels of effort.  

2.1. Reference points 

There are obviously situations in which earning income is rather easy and requires little time 

or effort; this is true for such income sources as capital gains, inheritances or gifts. When in-

come is obtained in the quasi-absence of effort, a taxpayer is likely to adopt a reference point 

equal to her gross income (KIRCHLER ET AL., 2009), that is, the money “she already has in her 

pocket” (p. 492). This situation is illustrated by Figure A.1 (a), with V0 representing the tax-

payer’s value function and YGross her gross income. 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
2 For a general discussion of social norms and tax compliance, see WENZEL (2004). 
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Figure A.1: Tax evasion with reference points depending on effort 

(a) No effort (b) Moderate or high effort 

Naturally, all possible outcomes of the compliance decision appear in the domain of losses 

because it is impossible for the taxpayer to reach an income level that exceeds her gross in-

come.3 The taxpayer thus faces a decision between a sure loss YNet for full compliance and an 

uncertain but smaller loss YNC if she decides to evade some or all of her taxes and is not audit-

ed. The worst outcome is represented by YC, which occurs when the taxpayer is caught cheat-

ing. The concept of loss aversion implies that the taxpayer will prefer the small, uncertain loss 

to the large, certain loss when gross income serves as a reference point (KIRCHLER ET AL., 

2009). A similar behavioral pattern is described by the house money effect. This effect as-

sumes that subjects use separate mental accounts for different income sources: the level of 

risk-seeking is positively affected in the presence of money that is perceived to come Òfrom 

the houseÓ rather than from the subjectsÕ own pocket because it allows subjects to integrate 

prior gains into subsequent losses, reducing the influence of risk aversion (THALER and JOHN-

SON, 1990). BOYLAN and SPRINKLE (2001) argue that taxpayers separate income by the time 

and effort necessary to generate it and that they are more likely to evade endowed rather than 

earned money.  

So far, we have assumed that the taxpayerÕs gross income, her status quo, serves as a natural 

reference in a situation where she is able to earn income rather easily. The presence of effort, 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
3 Our experimental design prohibited an income above the gross income; see Section 3.3. 
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however, may give rise to expectations of an appropriate reward and shift the reference point 

away from the status quo (KIVETZ, 2003). This was also proposed in the original formulation 

of prospect theory: Òthere are situations in which gains and losses are coded relative to an 

expectation or aspiration level that differs from the status quoÓ (KAHNEMAN and TVERSKY, 

1979, p. 286). The finding that aspirations and expectations play an important role in deci-

sion-making is not new to the psychological literature (e.g., SIEGEL, 1957) and has been relat-

ed to equity theory.4 

The formation of aspirations in the case in which earning income is effortful implies that the 

taxpayer somehow translates previous investments of time and effort into a monetary value or 

reservation wage (BOYLAN and SPRINKLE, 2001). This implication is in stark contrast to eco-

nomic theory, which assumes that only incremental costs and benefits should matter (THALER, 

1980) and has been termed the sunk cost effect (ARKES and BLUMER, 1985). How the taxpayer 

reacts to the presence of sunk costs depends on the aspiration level that follows from effort 

requirements. The right-hand side of Figure A.1 depicts two possible scenarios with moderate 

effort (Vm) and high effort (Vh) and the respective reference incomes Ym and Yh.  

As we can see from Figure A.1 (b), the safe alternative, i.e., declaring honestly appears in the 

domain of gains when the taxpayer invests a moderate level of time and effort. It is high 

enough to satisfy the taxpayerÕs expectation. Loss aversion implies that the taxpayerÕs relative 

preference for the safe alternative will increase because of the inherent risk that her aspira-

tions are not met (KIVETZ, 2003; KIRCHLER ET AL., 2009). ZEELENBERG and VAN DIJK (1997) 

labeled this effect the reverse sunk cost effect to distinguish it from the classical sunk cost 

effect, which assumes that subjects react to the presence of effort with increased risk-seeking 

(ARKES and BLUMER, 1985). The latter effect is relevant for Yh, where effort requirements 

increase to a level such that aspirations are no longer satisfied. In that case, net income is per-

ceived as a loss relative to the reference point, and risk-seeking is facilitated.   

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
4 The basic idea behind equity theory is that rewards match expectations in the sense that outcomes are per-
ceived to be fair relative to what is expected to be fair given the level of effort invested (KIVETZ, 2003). 
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2.2. Hypotheses 

Based on the effects discussed above, it is reasonable to assume that there is a U-shaped rela-

tionship between effort and tax evasion. In the absence of effort, the taxpayer adopts gross 

income as a reference point, and loss aversion and the house money effect imply that tax eva-

sion (denoted by E0) is relatively high; for moderate levels of effort, the taxpayer aspires to a 

certain income level that can be met by declaring honestly, and according to the reverse sunk 

cost effect, tax evasion (denoted by Em) should be low. In conjunction, these effects lead us to 

our first hypothesis: 

H1: Tax evasion is higher for incomes that require no previous effort compared to incomes 

that require a moderate level of effort  (Null hypothesis: E0 !  Em; Alternative hypothesis: 

E0 > Em) 

For hard work, the taxpayerÕs aspiration exceeds the safe alternative, and the sunk cost effect 

suggests that tax evasion (denoted by Eh) is stressed. Thus, we hypothesize that: 

H2: Tax evasion is higher for incomes that require a high level of effort compared to in-

comes that require a moderate level of effort (Null hypothesis: Eh !  Em; Alternative hy-

pothesis: Eh > Em) 

H1 and H2 also imply that we should not find a significant difference between the endowed 

treatment and the hard work treatment. To test the hypotheses, we employ an experimental 

design that systematically varies effort in three treatments (no effort, moderate effort, and 

high effort). The treatments are described in detail in the next section. 

3. Experiment 

3.1. Participants and procedures 

The experiment was conducted in the experimental laboratory of the Economics Department 

at the University of Hamburg in November 2012. All 150 subjects who participated were stu-

dents enrolled at the University of Hamburg and were invited using the web-based recruit-

ment software hroot (Hamburg Registration and Organization Online Tool). A multi-stage 

randomization process of the invitations sent out via hroot prevented the formation of Òquick-

responseÓ groups and supported randomized sampling (BOCK, NICKLISCH and BAETGE, 2012). 

Exactly half of the participants were male, their average age was 25.14 years (SD = 4.71), and 

the majority were native Germans (90%). We carried out three experimental treatments with 
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two sessions each. Forty-nine participants were allocated to the endowed treatment (with no 

effort required to earn income), 50 to the moderate-effort treatment, and 51 to the high-effort 

treatment.  

The participants were randomly assigned to the computer booths in the lab, and the instruc-

tions were read aloud by the experimenter. In addition, participations received a hard copy of 

the instructions, and the instructions for every round were repeated on their computer screens. 

The experiment was fully computerized using z-Tree (FISCHBACHER, 2007), and all decisions 

were made on the screen.5 The treatments consisted of an earning stage directly followed by a 

tax declaration stage, and both stages were repeated three times. The stages will be described 

in detail in the next subsection. 

3.2. Earning stage 

To test the relationship between effort and tax evasion, we varied the effort requirements be-

tween treatments. In the endowed treatment, we paid participants a fixed amount of 1.40 EUR 

per round without any effort.6 

The effort requirements were higher in the moderate-effort treatment and highest in the hard-

effort treatment. In both effort treatments, participants earned income in a real effort task 

similar to that used by ABELER ET AL. (2011). The task involved counting ones in 10 x 15 

digit tables randomly filled with 150 ones and zeros. The digits were generated using a ran-

domized binomial distribution and varied by table and round. In contrast to ABELER ET AL. 

(2011), we did not vary tables across participants, which guaranteed that all subjects in a giv-

en treatment worked on exactly the same task. Thus, we could directly compare performances. 

According to ABELER ET AL. (2011), the counting task has a number of desirable characteris-

tics. Participants do not need any prior knowledge for counting ones, and there are no signifi-

cant learning effects. Because the task is boring and purposeless, participants have a positive 

cost, i.e., they need to invest effort. Experimenter demand effects are ruled out because the 

task is obviously artificial and has no intrinsic value to the experimenter. As another ad-

vantage, we can measure participantsÕ performance easily by recording the accuracy of the 

responses and the counting time for each table the participants worked on.  
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
5 All programs except for z-Tree were deactivated on the client computers, preventing participants from using 
technical help (e.g., Excel) to cheat in the counting task (see Section 3.2.). 
6 On average, participants in the endowed treatment rated the whole experiment as 48.02 (SD = 57.51) on a 220-
point subjectively perceived effort scale (see Section 5.1), while the mean perceived effort for filling out the tax 
declaration was scored as 43.61 (SD = 54.20). This difference is not statistically significant (Mann-Whitney U = 
1146, Z = 0.38, p = 0.70), and we can assume that participants experienced exerting nearly no effort in the earn-
ing stage.!
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We varied the average number of ones as well as the counting time across the two working 

treatments. Thus, we covered both aspects of sunk costs, namely, effort and time, and provid-

ed a strong link between effort and income, because the latter usually reflects the individual 

opportunity costs of time and effort (BOYLAN and SPRINKLE, 2001).  

In the moderate-effort treatment, subjects counted for four minutes per round with approxi-

mately 18 ones per table. They were paid 10 cents per correct table. The counting time per 

round and payment are identical to the first round in ABELER ET AL. (2011). In the high-effort 

treatment, we also paid 10 cents per correct table. However, the counting time was increased 

to 12 min per round, and the average number of ones in each table increased to approximately 

61.7 These parameters were derived from two pretests and ensured that participants earned the 

same income across treatments with different levels of effort.8 The average earnings per hour 

differed by treatment to ensure that subjects perceived different investments of effort and time 

(see Section 3.4). 

3.3. Tax declaration stage 

After each round of the earning phase, we asked our participants to fill in their tax returns. 

Subjects were unable to declare more income than actually earned, but it was possible to 

evade taxes by underreporting income. We levied a 25% flat-tax on the income declared and 

informed participants that there was an audit probability of 30%. The auditing mechanism 

was designed as follows. Participants were instructed to choose a number between one and 

ten and type it into the tax form. If the number matched one of three randomly generated 

numbers between one and ten, the taxpayer was audited. If the taxpayer was audited and the 

reported income was lower than the true income, we charged a penalty amounting to 1.5 times 

the taxes evaded. In that case, the participants had to pay 1) the taxes on their true income and 

2) the penalty on the taxes evaded. 

Participants were allowed to calculate their tax burden and correct their inputs before submit-

ting the tax form to the tax authorities. After the submission, participants were informed of 

whether they had been audited and the value of their earnings in the respective round less tax-

es and possible penalties.  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
7 The exact averages are 17.70 (SD = 5.81) for moderate effort and 60.56 (SD = 6.38) for high effort. 
8 In the first pretest, seven unpaid participants required an average of 15 seconds per table in the moderate-effort 
treatment, 33 seconds in the high-effort treatment, and 42 seconds in a very high-effort treatment that was 
dropped from our main experiment. In the second pretest, we paid 16 participants in the moderate- and high-
effort treatments 10 cents per correct answer. The average earnings in the second pretest did not differ signifi-
cantly when subjects in the moderate-effort treatment counted for four minutes per round and subjects in the 
high-effort treatment for twelve minutes per round: t(14) = -0.89, p = 0.39.!
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We used explicit tax language in the tax declaration stage to avoid context effects induced by 

Ògambling language,Ó as in the latter case, it is likely that Òunderreporting is not cheating, but 

rather a legitimate action explicitly permitted by the rules of the game (É) The results of such 

Ôinvitation-to-gambleÕ experiments may have little to do with actual tax compliance 

decisionsÒ (CADSBY, MAYNES and TRIVEDI, 2006). Indeed, the results of BALDRY (1986) and 

WARTICK, MADEO and VINES (1999) suggest that cheating increases in a non-tax context.  

3.4. Questionnaire and payment 

After all three rounds of the experiment were completed, we applied incentivized HOLT and 

LAURY (2002) lotteries to elicit the participantsÕ risk attitudes (0-1 = highly risk-seeking; 9-10 

= highly risk-averse).9 In a post-experimental questionnaire, we asked participants to state 

their perceived effort in 1) the experiment as a whole, 2) the counting task, and 3) filing the 

tax return. Perceived effort was measured on a continuous 220-point subjectively perceived 

effort scale (SEA) (EILERS, NACHREINER and H€NECKE, 1986) (0 = no effort; 220 = extremely 

high effort).10 Additionally, we retrieved the participantsÕ tax morale as the mean of eight atti-

tudinal items related to tax compliance (CronbachÕs !  = 0.74; 1 = very low tax morale; 5 = 

very high tax morale) as well as their desire for social approval using the German short ver-

sion (10 items) of the CROWNE and MARLOWE (1960) social desirability scale (STOCKƒ, 2003) 

(1 = very low level of social desirability; 10 = very high level of social desirability).11 The 

perceived value of effort was measured as the mean of five items included in the Prescriptive 

Effort Norm Scale (MCCREA, HIRT and MILNER, 2008) (CronbachÕs !  = 0.69; 1 = low value 

of effort; 5 = high value of effort). Finally, we collected socio-demographic information on 

age, gender, nationality, and income. 

We paid participants after the questionnaires were completed. The average earnings were 9.60 

EUR (SD = 1.20 EUR) per subject across treatments, including a show-up fee of 5 ! . The ses-

sions lasted 32.00 min on average (SD = 1.41 min) in the endowed treatment (average earn-

ings: 9.41 EUR, SD = 0.71 EUR), 46.50 min (SD = 4.95 min) in the moderate-effort treatment 

(average earnings: 9.69 EUR, SD = 1.18 EUR), and 75.50 min (SD = 9.19 min) in the high-

effort treatment (average earnings: 9.70 EUR, SD = 1.51 EUR).12 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
9 The scale refers to the number of safe choices in the lotteries (HOLT and LAURY, 2002). 
10 SEA = Subjektiv Erlebte Anstrengung; the question on perceived effort in the counting task did not apply for 
participants in the endowed treatment.  
11 See Appendix for a detailed description of the scale items.!
12 A one-way ANOVA shows that the differences in mean incomes are not statistically significant between 
treatments: F(2, 147) = 0.92, p = 0.40. 
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4. Results 

4.1. Summary statistics 

Homogeneity of treatments 
 
Table A.1 presents summary statistics on participants’ socio-demographics, risk attitudes, tax 

morale and the tendency to seek social acceptance.  

Table A.1: Subject-specific characteristics by treatment 

 Endowed Moderate High 
 

Variable Mean SD Mean SD Mean SD p 

Male 0.56 0.50 0.44 0.50 0.49 0.51 0.43 

Age  25.90 0.77 24.28 0.61 25.26 0.63 0.23 

German 0.88 0.33 0.90 0.30 0.88 0.32 0.47 

Risk classification  4.37 0.25 4.30 0.26 3.98 0.21 0.48 

Tax morale 3.62 0.10 3.79 0.09 3.67 0.08 0.37 

Effort norm 3.39 0.71 3.42 0.78 3.51 0.56 0.61 

Social desirability 4.92 0.29 5.38 0.29 5.43 0.29 0.40 

Notes: p-values were calculated using one-way ANOVA except for gender and nationality (PearsonÕs 
χ2). 

None of the subject-specific characteristics differ significantly by treatment. Thus, we can 

infer that the participants were randomly allocated to treatments and that the sub-samples are 

homogeneous with respect to relevant factors linked with tax evasion. 

Manipulation checks  

We use the participants’ self-reports and two objective performance measures to test the 

prediction that effort varies by treatment. A Kruskall-Wallis test reveals a highly significant 

relationship between perceived effort in general (i.e., for the whole experiment) and 

treatments (χ2(2) = 51.67, p < 0.01, adjusted for ties). The mean perceived effort is 48.02 in 

the endowed treatment (SD = 57.51), 80.10 in the moderate-effort treatment (SD = 48.84), and 

139.00 in the high-effort treatment (SD = 54.47). Pair-wise comparisons show that the 

perceived effort in the endowed treatment is highly significantly different from that in the 

moderate-effort (Mann-Whitney U = 697, Z = 3.75, p < 0.01) and high-effort (Mann-Whitney 

U = 647.5, Z = 4.26, p < 0.01) treatments. For the counting task, we find that participants 

reported an average perceived effort of 101.26 (SD = 60.75) in the moderate-effort treatment 
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and 156.75 (SD = 56.30) in the high-effort treatment. Again, this difference is highly 

significant (Mann-Whitney U = 647.5, Z = 4.26, p < 0.01). 

Performance in the counting task was measured in terms of average time per correct table and 

average error quote. Participants in the moderate-effort treatment needed an average of 15.28 

sec (SD = 5.88 sec) per table with an error quote of 0.14 (SD = 0.12). The respective figures 

increase to 38.35 sec (SD = 7.89 sec) and 0.25 (SD = 0.15) in the high-effort treatment. These 

differences are highly significant (Mann-Whitney U = 40, Z = 8.36, p < 0.01 for counting 

time; Mann-Whitney U = 696, Z = 3.93, p < 0.01 for error quote). 

Taken together, the results strongly suggest that effort requirements varied substantially across 

treatments in the direction that we intended. Thus, we were able to successfully manipulate 

effort.  

Tax evasion across treatments 
 
Figure A.2 presents the relative tax evasion by round and treatment. Relative tax evasion is 

defined as taxes evaded divided by taxes due and is thus naturally censored between 0 

(highest compliance) and 1 (highest tax evasion). 

 

Figure A.2: Relative tax evasion by round and treatment 
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Examining the total values (the averages of our three rounds), we find evidence for a U-

shaped relationship between effort and tax evasion: the relative tax evasion is 43.8% (SD = 

0.36) in the endowed treatment, decreases slightly to 40.7% (SD = 0.39) in the moderate-

effort treatment, and then increases to 48.3% (SD = 0.37) for the high-effort participants.  

The disaggregated results for each round reveal unexpected patterns in round 1. As depicted 

in Figure A.2, tax evasion is nearly identical across treatments in the first round of the 

experiment. The average value of 36.5% (SD = 0.41) in the endowed treatment increases only 

slightly when participants had to exert a moderate level of effort (M = 40.7%, SD = 0.43) or a 

high level of effort (M = 40.9%, SD = 0.44). However, relative tax evasion changes 

dramatically in round 2 and round 3. The average values of the last two rounds are 47.4% (SD 

= 0.39) (endowed treatment), 40.3% (SD = 0.40) (moderate-effort treatment), and 52.6% (SD 

= 0.38) (high-effort treatment). Examining the averages in the last two rounds, relative tax 

evasion in the high-effort treatment is marginally significantly different from the moderate-

effort treatment (Mann-Whitney U = 1028, Z = -1.70, p = 0.09, one-tailed). Additional Mann-

Whitney U tests reveal that there is no significant difference between the endowed and the 

moderate-effort treatment (Hypothesis 1).13 The results presented in this subsection provide 

some initial evidence on the role of effort in tax evasion and partly support our hypothesis 

that, compared to the moderate-effort treatment, tax evasion is higher in the high-effort (and 

endowed) treatment. However, we do not find this relationship in the first round. One 

explanation for this might be that the difference of participants« perceived effort by treatment 

is not large enough in the first round but increases when participants get more exhausted. 

Another reason can be that participants had to become familiar with our setting in the first 

round before the effect of effort could occur (HERTWIG and ORTMAN, 2001). 

In the next subsection, we apply multivariate analysis to account for round effects and other 

control variables that have proven to be of importance for tax evasion (see, e.g., PORCANO, 

1988; TORGLER, 2007).  

 

 

 

 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
13 However, with respect to the proportion of participants who cheated at least once during the experiment, we 
find a significant difference between the moderate-effort treatment (70.00% cheated at least once) and the high-
effort treatment (86.27% cheated at least once): ! 2(1) = 3.92, p = 0.05. 
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4.2. Multivariate analysis  

The results of the random-effects Tobit estimations are presented in Table A.2. We apply Tobit 

regressions because the dependent variable (relative tax evasion) is censored between 0 and 

1.14 The full model in the left-hand panel covers observations from all three treatments. The 

first specification uses treatment dummies to capture the effects of effort, with moderate effort 

serving as the reference category. Specification (2) uses self-reported effort in the experiment 

in general (on the SEA scale, see Section 3) as the dependent variable. Additionally, we 

estimated a restricted model, presented in the right-hand panel, which only includes 

observations of the working treatments. Specifications (3) and (4) use objective information 

on effort in terms of the time participants were effectively working on the counting task and 

the number of tables counted.15 We excluded round dummies in both specifications and the 

income variable in specification (4) because of multicollinearity. 16  The remaining 

specification (5) makes use of the self-reported effort in the counting task. 

Specification (1) shows that participants who invested a large amount of effort cheat more in 

relative terms than those who needed to invest only a moderate level of effort. The effect is 

marginally significant, which supports our hypothesis that subjects may have accounted for 

sunk costs when deciding to opt for the risky choice. The coefficient for the endowed 

treatment is in the expected direction but insignificant. The sunk cost effect receives further 

empirical support when we examine the coefficient for self-reported effort in specification (2). 

Although only marginally significant, relative tax evasion increases with perceived effort on 

the SEA scale; the coefficient suggests that, on average, an increase of 5 points on the SEA 

scale (0 = no effort; 220 = extremely high effort) induces an increase on the uncensored 

relative tax evasion scale by 1 percentage point.   

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
14 The coefficients in Table 2 should be interpreted as the effects of the independent variables xi on an uncen-
sored latent variable y* and not as the effects on the observed outcome y (WOOLDRIDGE, 2012). 
15 z-Tree only records the counting time when a participant entered a number in the respective tables; boxes left 
blank are not counted. This ensures that the counting time varies between participants. We decided to use the 
overall number of tables counted instead of the number of correct tables because the latter case would simply 
replicate the income variable. 
16 Specification (3): ρ(303) = 0.67, p < 0.01 for time counted and round; specification (4): ρ(303) = 0.90, p < 
0.01 for tables counted and round, r(303) = 0.51, p < 0.01 for tables counted and income.!
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Table A.2: Random-effects Tobit regressions

 Full model  Restricted model 

 Specification (1)  Specification (2)  Specification (3)  Specification (4)  Specification (5) 
Variable Coeff. SE  Coeff. SE  Coeff. SE  Coeff. SE  Coeff. SE 
Treatment  
(ref.: moderate) 

              

 Endowed 0.101 0.189             
 Hard 0.318* 0.187             
Effort perception                
 General    0.002* 0.001          
 Counting task             0.004***  0.002 
Time counted       0.012***  0.004       
Tables counted          0.112* 0.007    
Income -0.127 0.110  -0.114 0.110  -0.055 0.092     -0.102 0.106 
Gender (ref.: male) -0.610***  0.162  -0.593***  0.161  -0.570***  0.196  -0.528***  0.199  -0.510***  0.191 
Age -0.025 0.017  -0.022 0.016  -0.019 0.022  -0.013 0.022  -0.020 0.021 
Risk attitude 0.034 0.047  0.031 0.046  0.016 0.058  0.004 0.058  0.018 0.057 
Tax morale -0.134 0.124  -0.136 0.123  -0.021 0.020  -0.025 0.020  -0.021 0.020 
Effort norm -0.047 0.116  0.016 0.118  0.017 0.025  0.015 0.025  0.001 0.025 
Social desirability -0.070* 0.037  -0.066* 0.037  -0.040 0.045  -0.042 0.046  -0.003 0.047 
Audited in t-1  
(ref.: not audited) 

-0.106 0.086 
 

-0.111 0.086  0.014 0.085  -0.021 0.090  -0.024 0.091 

Round               
 2 0.254***  0.076  0.252***  0.076     -0.074 0.154  0.189**  0.086 
 3 0.214***  0.077  0.212***  0.077     -0.336 0.292  0.178**  0.088 
Constant 1.774***  0.854  1.730**  0.846     1.351 1.042  1.214 1.023 
               
SD random effect 0.821***  0.081  0.817***  0.081  0.828***  0.097  0.840***  0.100  0.812***  0.096 
SE error 0.447***  0.030  0.447***  0.030  0.381***  0.030  0.380***  0.030  0.381***  0.030 
               
No. observations 447   447   300   300   300  
No. groups 149   149   100   100   100  
Log-likelihood -361.208   -360.951   -227.083   -227.433   -224.611  
Wald-! 2 33.06   33.59   17.96   17.10   21.97  
Prob > ! 2 0.0009   0.0004   0.0356   0.0723   0.0246  
Notes: * p < 0.1, **  p < 0.05, ***  p < 0.01 
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In the restricted model, counting time and the number of tables counted serve as the 

dependent variables. Both variables are recorded by z-Tree and allow for a very precise 

measure of time and effort investments. As shown in specification (3), the time a participant 

effectively spent counting is highly significantly linked with tax evasion. Additionally, we 

find a significant and positive coefficient for the number of tables counted. The positive effect 

of perceived effort in the counting task in specification (5) complements these findings and 

turns out to be highly significant, indicating that, ceteris paribus, subjects who perceive the 

counting task as being more exhausting also evade more taxes. Again, these findings support 

the hypothesis that subjects take more risks in the presence of historical costs that should be 

irrelevant from a traditional economic perspective. 

Examining the control variables, we find a positive but insignificant effect of Income on tax 

evasion. In line with previous findings, the coefficient for Gender is negative and highly 

significant. Regardless of the specification, male participants evade more than their female 

counterparts.17 Of the remaining control variables, only Social Desirability is marginally 

significant in the full model. The positive sign means that participants who seek social 

approval according to the CROWNE and MARLOWE (1960) scale also evade less taxes.18 The 

coefficient of being audited in the previous round is negative but insignificant. Therefore, tax 

audits might have had a deterring effect, but this effect cannot be statistically confirmed. The 

positive and significant round dummies confirm the graphical evidence provided in the 

previous subsection: tax evasion increases after the first round. 

5. Discussion and conclusions 

In our paper, we raised the question of whether the way in which income is earned systemati-

cally influences tax evasion. We applied the prospect theory framework to capture the effects 

of effort investments and the role of endowed incomes. An improvement of our experimental 

design relative to most experimental studies on tax evasion is that we confronted participants 

with a real effort task, thereby adding realism to the experimental setting. Compared to previ-

ous experiments, we not only focused on the effect of endowed vs. earned income but also 

varied effort requirements, namely moderate vs. high effort, which had only previously been 

implemented by KIRCHLER ET AL. (2009). 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
17 See, e.g., TITTLE, WARD and GRASMICK (2003) for a discussion of gender effects on delinquency. 
18 We originally included this variable to account for a possible social desirability bias in the post-experimental 
questionnaire, especially with respect to questions that covered sensitive topics and that were likely to be influ-
enced by the desire for social approval; see TOURANGEAU and YAN (2007) for an excellent overview.!
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Our results partly confirm the predictions derived from prospect theory, that is, that taxpayers 

are more inclined to cheat on their taxes when income is either 1) endowed (house money 

effect) or 2) the result of extensive time and effort investments (sunk cost effect); we were able 

to show that taxpayers in the high-effort treatment cheated significantly more than those in the 

moderate-effort treatment. This finding was robust to a number of econometric specifications 

and can be attributed to the presence of sunk costs, which induce risk-seeking in the high-

effort condition. We only find weak support that endowed income enhances tax evasion com-

pared to moderate effort requirements; the lack of difference is likely to be driven by the first 

round of the experiment, in which the occurrence of cheating was basically identical for all 

treatments. An explanation for this phenomenon might be that participants needed to become 

familiar with our setting before the effects of effort could emerge (HERTWIG and ORTMAN, 

2001). Given that the effects observed in our experiment cannot be fully explained by pro-

spect theory, future studies may adopt alternative approaches for analysis; one possible way 

would be to use a modified version of the expected utility framework (ALLINGHAM  and 

SANDMO, 1972) which allows for modeling the influence of effort on tax evasion (see, e.g., 

GOERKE, 2004). However, ALM, MCCLELLAND  and SCHULZE (1992) argue that the assump-

tions of prospect theory are better suited to explain high levels of tax compliance than the 

neoclassical model. 

ParticipantsÕ feedback supports our results. A representative statement in the high-effort 

treatment was ÒThe task was too exhausting. The payoffs were too low for such a difficult 

taskÓ. This statement is very similar to the reasoning that the participantsÕ effort-related aspi-

rations were not satisfied by their net income. As argued by KIVETZ (2003), a misbalance of 

expected and actual rewards will be perceived as a loss, leading to increased risk-seeking. In 

the moderate-effort treatment, most subjects thought that Ò[t]he experiment was fun and the 

payoffs were fairÓ. This supports the idea that the sunk cost effect reverses when expectations 

and rewards are balanced (ZEELENBERG and VAN DIJK, 1997). Finally, in the endowed treat-

ment, some subjects thought that the experiment was too short, but most of them described 

the experiment as ÒcoolÓ. 

Our results differ from those of KIRCHLER ET AL. (2009), who found that the presence of low 

effort significantly increases the frequency of tax evasion compared to high effort and en-

dowed incomes. However, they found no effects on the relative amount of tax evasion. One 

explanation of the differences in the results may lie in the experimental designs applied. 



 
!

18!

KIRCHLER ET AL. (2009) used hypothetical scenario descriptions,19 and payment was not per-

formance-based. In our setting, participants had to work in a real effort task and were paid on 

a piece-rate basis. Previous experiments have shown that participants, e.g., in dictator games, 

behaved in a more self-regarding manner when they were making decisions about real money 

compared to situations in which they had to imagine doing so (SEFTON, 1992; DANA, WEBER 

and KUANG, 2007; B†HREN and KUNDT, 2013).  

In contrast to KIRCHLER ET AL. (2009), participants in the earned income condition of BOYLAN 

and SPRINKLE (2001) had to work for one hour on a rather demanding multiplication task, 

which may be comparable to our high-effort treatment. In line with our results, BOYLAN and 

SPRINKLE (2001) found no direct effect of income source, that is, there was no difference be-

tween their endowed and (high) effort treatments. 

In future studies, our findings could be generalized to different samples, tax systems, and 

tasks. 

We chose a convenient sample in our experiment because students are likely to fully under-

stand the instructions and are generally homogeneous across treatments (PETERSON, 2001). 

Our recruiting software ensured a mixture of participants with different majors. Using student 

samples in tax-related experiments has been subject to the criticism that students may not be 

representative of taxpayers (ALM, 2000). CHOO, FONSECA and MYLES (2014) argue that dif-

ferent levels of tax evasion among various samples (students vs. non-students) “[are] driven 

by social norms of compliance” (p.34). However, as argued by Alm et al. (2010), the cogni-

tive processes of students should not be different from those of “real taxpayers”. In contrast to 

CHOO, FONSECA and MYLES (2014), ALM, BLOOMQUIST and MCKEE (2010) provide experi-

mental evidence that compliance behavior does not significantly differ between students and 

experienced taxpayers such as university staff.   

We used a very straightforward tax system. We tried to keep the tax declaration as simple as 

possible to focus on the effect of effort on tax evasion and maintain control over the experi-

ment. However, more realistic and complex tax systems could be implemented, e.g., donating 

the tax revenue to charity organizations, as studied by ANDERHUB ET AL. (2001) and DOER-

RENBERG and DUNCAN (2012); using the tax revenues for financing a public good for the par-

ticipants; rendering the probability of detection endogenous; or applying different regressive 

or progressive tax rates. We also followed the literature by restricting tax evasion to the un-
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
19 As noted earlier, KIRCHLER ET AL. (2009) used a real effort task for an “application procedure”, but perfor-
mance in this task was not directly related to payment and the task was only carried out for the high-effort treat-
ment.  
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der-declaration of incomes, which may be a typical characteristic of self-employed taxpayers. 

Other taxpayer groups may, e.g., rely on the over-deduction of expenses as a means of tax 

evasion when their income is subject to withholding.  

We could confirm the positive characteristics that ABELER ET AL. (2011) attributed to the 

counting task. We were able to effectively vary the perceived effort, and there were only 

small differences across subjects with regard to their performance. However, many different 

real effort tasks exist (e.g., GILL and PROWSE, 2012; VAN DIJK, SONNEMANS and VAN WINDEN,  

2001). Future research could try to find tasks that relate (even) more strongly to everyday 

work. 

As an implication of our study, we suppose that experimenters should be aware of how sub-

jects receive their income because the perceived effort of the experimental task may consider-

ably influence results. Our findings fit into the ongoing discussion on the use of prepaid 

mechanisms in experimental studies (ROSENBOIM and SHAVIT, 2012; CÁRDENAS ET AL., 2013). 

Another important issue (at least in the area of tax compliance experiments) is that there are a 

number of subject-specific characteristics one needs to control for to obtain a clear picture of 

what drives tax evasion. Our regressions may serve as a suggestion for future research on tax 

compliance.  

As a cautious policy implication of our experiment, we suggest that tax authorities adopt ef-

fort requirements in various occupational groups as a possible indicator for tax evasion, given 

that effort is observable. Tax authorities should pay attention to declarations of incomes that 

require arduous work. According to our results, we would expect the highest tax compliance 

in branches where people work moderately hard.  
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Appendix 

Tax morality scale items 

1. Paying taxes is the responsibility of all German people and is good for our society.
2. Not paying taxes is justified if people perceive the revenues as being wasted. (Reversed)
3. I am not really concerned whether my tax payments benefit the country as a whole. (Re-

versed)
4. I donÕt care if other people don't pay their taxes. (Reversed)
5. If people pay taxes, the quality of public services provided by the government increases.
6. Some people are obliged to evade taxes in order for their businesses to survive. (Reversed)
7. The tax system is very complex, so I can understand if people donÕt pay their taxes be-

cause itÕs too difficult. (Reversed)
8. The harm to the community resulting from people not paying tax is regretful.

Notes: All items had to be answered using a five-point scale ranging from Ôstrongly disagreeÕ to Ôstrongly agreeÕ. 
The tax morale scale indicates the mean of all items, with 1 = very low level of tax morale and 5 = very high 
level of tax morale. Items are partially based on BRAITHWAITE and AHMED (2005). CronbachÕs !  = 0.74. 

Prescriptive effort norm scale items (MCCREA, HIRT and MILNER, 2008) 

1. People who keep trying, even in the face of failure, should be admired.
2. I admire people who work hard.
3. Payment should be based in part on how much e! ort you put into your work.
4. People should strive to be the best at whatever they do.
5. Success due to e! ort is more meaningful than success due to ability alone.

Notes: All items had to be answered using a five-point scale ranging from Ôstrongly disagreeÕ to Ôstrongly agreeÕ. 
The prescriptive effort norm scale indicates the mean of all items, with 1 = low value of effort and 5 = high value 
of effort. The wording of some items was slightly changed to fit the particular context. CronbachÕs !  = 0.69. 

Social desirability scale items (MARLOWE and CROWNE, 1960) 

1. Before voting, I thoroughly investigate the qualifications of all the candidates. (T)
2. I sometimes feel resentful when I donÕt get my way. (F)
3. No matter who I am talking to, I am always a good listener. (T)
4. I can remember Òplaying sickÓ to get out of something. (F)
5. There have been occasions when I have taken advantage of someone. (F)
6. I am always willing to admit it when I make a mistake. (T)
7. I always try to practice what I preach. (T)
8. I am always courteous, even to people who are disagreeable. (T)
9. I am sometimes irritated by people who ask favors of me. (F)
10. I have never deliberately said something that hurt someoneÕs feelings. (T)

Notes: Respondents were instructed to state whether each of the respective behaviors applied to them or not. For 
(T), answering ÔyesÕ indicates a desire for social approval; for (F), answering ÔnoÕ indicates a desire for social 
approval. All socially desirable answers are summed up to a scale ranging from 0 (lowest level of social desira-
bility) to 10 (highest level of social desirability). In the questionnaire, we applied the German translation by 
STOCKƒ (2003). 
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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 ÒBenford IllusionÓ 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. 
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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 rela-
tively 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 eva-
sion 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 over-
state 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 down-
ward-biased which has serious implications for the assessment of costs and benefits of differ-
ent 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 respon-
dents to give true answers. Most prominently, various studies have applied (different variants 
of) the Randomized Response Technique (RRT)1 (Warner, 1965). To increase privacy protec-
tion, 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 ÒnoÓ 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 distribu-
tion. CM provides privacy protection because the respondents are offered two options to 
jointly answer both questions: (A) ÒyesÓ or ÒnoÓ on both questions, or (B) a different answer 
on both questions. Thus, the interviewer can make no inferences about the respondentÕs an-
swer 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 ÒnoÓ-bias is ruled out (Jann et al., 2012). The only option not to reveal sensitive infor-
mation 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 ran-
domization device. Jann et al. (2012) and Hšglinger 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 low-
variance version of CM in our study. 

!
1!For a meta-study, see Lensvelt-Mulders et al. (2005); for an application to tax evasion, see Himmelfarb and 
Lickteig (1982), Houston and Tran (2001), and Musch et al. (2001). 
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Despite its potential to elicit more truthful answers, there are only few studies that have em-
pirically 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, 
Hšglinger 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 addi-
tional 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 elic-
ited more truthful answers (Òmore-is-better-assumptionÓ, 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 lit-
erature as follows. First of all, there is only one study so far that implemented CM in an on-
line survey (Hšglinger 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 ÒBen-
ford IllusionÓ (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 di-
rect questioning approach. Multivariate analysis reveals that this result is robust.  Utilizing the 
ÒBenford IllusionÓ, we find that the estimator variance for CM remains fairly low. Moreover, 
our results suggest that CM significantly reduces item nonresponse, and that the ÒBenford 
IllusionÓ applies. The remainder of the paper is organized as follows. Section 2 introduces the 
Crosswise Model and discusses the application of the ÒBenford IllusionÓ. 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 re-
spondent shares the sensitive characteristic X, on the other hand, cannot be observed and is 
noted with 

!

" = Pr(X =1).  

Unlike the RRT, CM ÒbundlesÓ 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 op-
tion (B) (different answer) with

!

{ X =1" Y = 0} # { X =1" Y = 0} , respectively.!The probabil-

!
2 Combining BenfordÕs 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). 
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ity that a respondent opts for option (A) is given by

!

" = (1# p)(1# $) + p$ . For option (B), the 
probability is

!

1" # = p(1" $) +(1" p)$ , respectively. 

Both options do not reveal anything definite about the respondentÕs true answers; with a 
larger p, the chances that the respondent answered ÒyesÓ to the non-sensitive question in-
creases, 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 ÒnoÓ 
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):  

!

ö "  =
( ö # + p $1)
(2p $1)

(1) 

with

!

p " 0.5, and 

!

ö "   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): 

 

!

Var( ö "  ) =
ö # (1$ ö # )

(n $1)(2p $1)2 =
ö "  (1$ ö "  )
(n $1)
Sampling

!  "  #  $  #  
+

p(1$ p)
(n $1)(2p $1)2

Non$sensitive question
!  "  #  #  $  #  #  

(2) 

From the right hand side of equation (2) can be seen that the estimator variance can be de-
composed into a sampling part, and an additional source of error resulting form the introduc-
tion of the non-sensitive question. Hence, CM is statistically less efficient than other question-
ing 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 effi-
ciency 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.���$�Q�D�O�R�J�R�X�V to �W�K�H���V�X�J�J�H�V�W�L�R�Q��
�P�D�G�H���E�\��Moriarty and Wieseman (1976)���W�K�H���E�D�V�L�F���L�G�H�D��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 BenfordÕs �Oaw of the 
leading digits. 

2.2. Applying BenfordÕs law 

BenfordÕs law of the leading digits goes back Benford (1938) who observed that the leading 
digits d = 1,2,3,É,9 in many, seemingly unrelated datasets follow a common logarithmic  
distribution which was first described by Newcomb (1988): 

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

(3) Pr(d) = log10

!
1+

1
d

"
#

$
%
&
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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 Òa mathematic curiosity with no apparent useful applica-
tionÒ (Bolton and Hand, 2002, p.237) in the past, BenfordÕs law has received growing atten-
tion 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 Òby handÓ should systematically deviate from BenfordÕs law (Hill, 1999).  

Table 1: Recent applications of BenfordÕs law of the leading digits 

Study Type of data Summary 
Nigrini (1996) Individual taxpayer data The violations of BenfordÕs Law found in official taxpayer 

records are assumed to be a result of unplanned tax evasion 
(item overdeduction and income underdeclaration). 

Diekmann (2007), 
GŸnnel and Tšdter 
(2009), 
Tšdter (2009) 

Regression coefficients and 
standard in original research 
articles 

The leading digits of regression coefficients and standard 
errors roughly approximate BenfordÕs 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 
BenfordÕs 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 
religionsÕ adherents starts with 1,2,3,É,9. Except from Chris-
tianity, all major world religions follow BenfordÕs Law. 

Diekmann (2012) Swiss house-numbers The leading digits of Swiss house-numbers obey BenfordÕs 
law. The perceived distribution among survey respondents, 
however, is more close to uniform (ÒBenford IllusionÓ). 

More important for our study, BenfordÕs law has recently been used in survey research to im-
prove the efficiency of the Randomized Response Technique. Analogous to CM, some com-
mon 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 
BenfordÕs law. In particular, respondents in a survey on plagiarism were asked about the lead-
ing digit of a friendÕs house-number. Benford (1938) observed that leading digits of house-
numbers 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 assump-
tions about the prevalence of the leading digits of house-numbers (ÒBenford IllusionÓ). 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 respondentsÕ subjective 
assessments of the probabilities significantly deviated from what could be observed from the 
data. Thus, the ÒBenford IllusionÓ 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 ÒBenford 
IllusionÓ to CM in order to improve the statistical efficiency of the estimator, as we will dem-
onstrate in the next section. 
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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 mail-
ing 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 refus-
als, 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 in-
crease 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 friendÕs house-number in Germany. They were encouraged to look for the ad-
dress 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 Ben-
fordsÕs 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 
friendÕs 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 ÒOpenStreetMap" 

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) analo-
gous to those described in Section 2.1: 

ÒIs the first digit of your of your friendÕs house-number 7, 8, or 9?Ó 

!
4 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. 
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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 ÒBenford IllusionÓ to work, respondents have to believe that this figure 
is higher and closer to uniform. Based on this assumption, which is central for the ÒBenford 
IllusionÓ, we make to following hypothesis: 

Hypothesis 1 (ÒBenford IllusionÓ): 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 
(ÒAbgabenordnungÓ). Specifically, we asked the respondents the following question (trans-
lated from German): 

ÒHave you ever intentionally underdeclared income and/or made false statements 
to the tax office in order to pay less or no income taxes?Ó 

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 (ãMore is better assumptionÒ): The prevalence estimate for tax evasion 
will be higher for CM (" CM) than for DQ (" DQ) (Null-hypothesis " CM  !  " DQ; Alternative 
hypothesis: " CM > " DQ).  

4. Results

4.1. Sample description 

In Table 2 we present summary statistics for the respondentsÕ 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 DQ CM 

Variable Mean SD Mean SD Mean SD p-value 

30.8 10.7 31.2 11.3 30.6 10.4 0.53 

0.66 0.47 0.69 0.46 0.62 0.48 0.43 

0.98 0.15 0.99 0.12 0.97 0.17 0.40 

2038.69 1666.86 2022.94 902.89 2117.66 1970.16 0.61 

0.15 0.36 0.16 0.37 0.17 0.35 0.68 

Age 
Male 
German 
Net-income�����(�8�5�� 
Self-employed 
Filed income tax return 
(one time or more) 

0.89 0.31 0.92 0.21 0.88 0.33 0.19 

!
5 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.  
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4.2. Perceived probabilities 

The central assumption of the ÒBenford IllusionÓ 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 ÒBenford IllusionÓ, 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 ÒBenford IllusionÓ and consequently, 
we were able to increase precision of the CM-estimator while at the same time keeping ano-
nymity up. 

4.3. Prevalence estimates 

Figure 2 displays the prevalence estimates for tax evasion (i.e., the percentage of positive an-
swers) 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 CohenÕs (1988) criterion, the effect size of d = 4.14 further em-
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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 (Òmore-is-better assumptionÓ). 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 di-
rectly, 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 in-
volve physical or digital randomization devices (Umesh and Peterson, 1991; Hšglinger et al., 
2014). To control for this, our questionnaire included a question that assessed whether re-
spondents understood the CM-mechanism and that it protected their privacy. We did not ex-
plicitly 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 respon-
dents fully understood CM-mechanism and that it protected their privacy; another 21.0 per-
cent 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 (preva-
lence 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 no-
sensitive items, we are unable to correctly assign the ÒyesÓ and ÒnoÓ-answers to the respective 
questions (Jann et al., 2012). Yet, we can use a modified version of the standard logistic re-
gression 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 in-
cluding the probability for a positive answer on the non-sensitive item that is known in ad-
vance. 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 spe-
cial 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 Òno to both questionsÓ 
and (A) reduces to 

!

" = (1# $); likewise, we can directly infer from option (B) (different an-
swer) that the respondentÕs answer on the sensitive question was ÒyesÓ 

!

(" = #). 

The results of the multivariate analysis are presented in Table 3. In addition to socio-
demographics, 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 par-
ticularly 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 
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variable Understood CM. The variable Perceived probability indicates how participants esti-
mated 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 

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 Òmore-is-betterÓ assumption holds. Furthermore, The 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 ef-
fect of the perceived probability and the dummy capturing the ÒBenford IllusionÓ. 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 self-
reported 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 ÒnoÓ 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 be-
cause we applied a non-sensitive item for which the known distribution of answers obeyed 
ÒBenfordÕs LawÓ of the leading digits. We chose this particular design to make use of the 
ÒBenford IllusionÓ 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. 

Model (1) Model (2) Model (3) 
Variable Coef. SE Coef. SE Coef. SE 
Split 
(ref.: DQ) 

     0.96***  0.33 

Socio-demographics 
Age -0.00 0.02 -0.00 0.02 -0.00 0.02 
Gender 
(ref.: Male) 

 0.13 0.36 -0.02 0.49  0.04 0.48 

Net-income  0.00 0.00 -0.00 0.00 -0.00 0.00 
Self-employed 
(ref.: No) 

-0.16 0.47 -0.48 0.59 -0.48 0.59 

Tax knowledge -0.02 0.01 -0.02 0.02 -0.02 0.02 
Understood CM 
(ref.: No) 

Partially 0.28 0.76 0.28 0.76 
 Fully 0.10 0.65 0.11 0.65 
Perceived probability 0.01 0.02 
Benford Illusion 
(ref.: p* < 0.141) 

0.11 0.60 

Constant    -1.93**  1.02 0.19 1.32 0.28 1.34 
No. observations 365 225 225 
Pseudo R2 0.03 0.01 0.01 

Notes: *p < 0.1, ** p < 0.05, *** p < 0.01 
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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 esti-
mate for tax evasion using CM was significantly higher than for the benchmark approach. If 
the Òmore is betterÓ-assumption holds, than CM should have provided a higher level of ano-
nymity, leading to more valid results. In addition, CM also helped to reduce item nonre-
sponse. 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 di-
rectly. 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 ÒBenford IllusionÓ which was successfully imple-
mented for RRT by Diekmann (2012) and Hšglinger et al. (2014). The ÒBenford IllusionÓ 
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 re-
sults 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 pro-
portion 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., ÒyesÓ or 
ÒnoÓ). 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 Ð
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 

!

" = (1# p)(1# $) + p$  and

!

1" # = p(1" $) +$(1" p), respectively. If n1 respondents 
chose option (A), and the remaining respondents (n - n1) opted for option (B), we can formu-
late the following log-likelihood function: 

The first order condition is given by: 

With 

!

ö "  = n1 n representing the maximum likelihood estimate for 

!

" , solving for 

!

"  gives the 
unbiased estimator

!

ö "  : 

Because

!

n1~

!

binomial(n, ö "  ) , with 

!

E(n1) = nö "   and 

!

Var(n1) = nö "  (1# ö "  ) , the variance is derived 
as follows (Yu et al., 2008; Kundt et al., 2013): 

Finally, correcting (A5) by 

!

n (n " 1)  (BesselÕs correction) gives: 

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

!

L = [(1" #)(1" p) +#p]n1 [#(1" p) + p(1" #)]n" n1  (A1) 

!

logL = n1log[(1" #)(1" p) +#p] +(n " n1)log[#(1" p) + p(1" #)] (A2) 

 

!

n1(2p " 1)
#p(1" #)(1" p)

=
(n " n1)(2p " 1)
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$ (1" #)(1" p) +#p =
n1

n
(A3) 

!
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( ö # + p $1)
(2p $1)

, 

!

p " 0.5 (A4) 
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(A5) 

!

Var( ö "  ) =
ö # (1$ ö # )

(n $1)(2p $1)2 =
ö "  (1$ ö "  )
(n $1)
Sampling

!  "  #  $  #  
+

p(1$ p)
(n $1)(2p $1)2

Non$sensitivequestion
!  "  #  #  $  #  #  

(A6) 



DISKUSSIONSPAPIERE DER F€CHERGRUPPE VOLKSWIRTSCHAFTSLEHRE 

DISCUSSION PAPERS IN ECONOMICS 

Die komplette Liste der Diskussionspapiere ist auf der Internetseite veršffentlicht / for full list of papers see: 
http://fgvwl.hsu-hh.de/wp-vwl 

2014 
147 Beckmann, Klaus; Reimer, Lennart: Dynamiken in asymmetrischen Konflikten: eine Simulationsstudie 
146 Herzer, Dierk: Unions and income inequality: a heterogeneous panel cointegration and causality analysis, 

July 2014 
145 Beckmann, Klaus; Franz, Nele; Schneider, Andrea: Intensive Labour Supply: a Menu Choice Revealed 

Preference Approach for German Females and Males, June 2014 
144 Beckmann, Klaus; Franz, Nele; Schneider, Andrea: On optimal tax differences between heterogenous 

groups, May 2014 
143 Berlemann, Michael; Enkelmann, Sšren: Institutions, experiences and inflation aversion, May 2014 
142 Beckmann, Klaus; Gattke, Susan: Tax evasion and cognitive dissonance, April 2014 
141 Herzer, Dierk; Nunnenkamp, Peter: Income inequality and health Ð evidence from developed and 

developing countries, April 2014 
140 Dewenter, Ralf; Heimeshoff, Ulrich: Do Expert Reviews Really Drive Demand? Evidence from a German 

Car Magazine, March 2014 
139 Dewenter, Ralf; Heimeshoff, Ulrich: Media Bias and Advertising: Evidence from a German Car Magazine, 

March 2014. 
138 Beckmann, Klaus; Reimer, Lennart: Dynamics of military conflict from an economics perspective, 

February 2014. 

2013 
137 Christmann, Robin: Tipping the Scales - Conciliation, Appeal and the Relevance of Judicial Ambition. 
136 Hessler, Markus; Loebert, Ina: Zu Risiken und Nebenwirkungen des Erneuerbare-Energien-Gesetzes, June 

2013. 
135 Wesselhšft, Jan-Erik: The Effect of Public Capital on Aggregate Output- Empirical Evidence for 22 

OECD Countries -, June 2013. 
134 Emrich, Eike; Pierdzioch, Christian; Rullang, Christian: Zwischen Ermessensfreiheit und diskretionŠren 

SpielrŠumen: Die Finanzierung des bundesdeutschen Spitzensports Ð eine Wiederholungsstudie, April 
2013. 

133 Christmann, Robin: Vertragliche Anreize und die Fehlbarkeit des Richters Ð Der ungewisse Gang vor 
Gericht und sein Einfluss auf eine Verhaltenssteuerung im BGB-Vertragsrecht, March 2013. 

132 Gerrits, Carsten: Internetnutzer und Korruptionswahrnehmung - Eine škonometrische Untersuchung, 
February 2013. 

131 Freese, Julia: The regional pattern of the U.S. house price bubble - An application of SPC to city level 
data, January 2013. 

2012 
130 Kruse, Jšrn: UnabhŠngige staatliche Institutionen: FunktionalitŠt und demokratische Legitimation, 

November 2012. 
129 Andrae, Jannis: UnabhŠngigkeit von Institutionen - GrŸnde bzw. Ursachen und Kriterien zur Beurteilung 

der UnabhŠngigkeit von šffentlichen Institutionen im demokratischen Rechtsstaat, November 2012. 
128 Andrae, Jannis: Ideengeschichtliche Aspekte unabhŠngiger Institutionen, November 2012. 
127 Pfeiffer, Christoph P.: Causalities and casualties: Media attention and terrorism, 1970Ð2010, November 

2012. 
126 Pierdzioch, Christian; Emrich, Eike: A Note on the International Coordination of Anti-Doping Policies, 

November 2012. 
125 Berlemann, Michael; Wesselhšft, Jan-Erik: Estimating Aggregate Capital Stocks Using the Perpetual 

Inventory Method Ð New Empirical Evidence for 103 Countries Ð, October 2012. 
124 Berlemann, Michael; Freese, Julia; Knoth, Sven: Eyes Wide Shut? The U.S. House Market Bubble through 

the Lense of Statistical Process Control, October 2012. 
123 Pierdzioch, Christian; Emrich, Eike; Klein, Markus: Die optimierende Diktatur Ð Politische Stabilisierung 

durch staatlich verordnetes Doping am Beispiel der DDR, August 2012. 
122 Flatau, Jens; Emrich, Eike; Pierdzioch, Christian: Zum zeitlichen Umfang ehrenamtlichen Engagements in 

Sportvereinen Ð sozioškonomische Modellbildung und empirische PrŸfung, August 2012. 
121 Pfeiffer, Christoph P.: The curse of anxiety-pleasure: Terrorism, the media, and advertising in a two-sided 

market framework, August 2012. 
120 Pitsch, Werner; Emrich, Eike; Pierdzioch, Christian: Match Fixing im deutschen Fu§ball: Eine empirische 

Analyse mittels der Randomized-Response-Technik, August 2012. 




