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Abstract
We study deception choices and deception detection in a tax compliance experiment. We …nd large systematic di¤erences in individual
deception abilities among tax payers. Also, individuals are conscious
about their own deception abilities. Further, individuals who rate the
tax payers score worse than if they applied pure random mechanisms.
Their scores are even worse if they rate tax payers in a treatment in
which the …ne for underreporters is high. The empirical outcomes are
in line with a theory suggesting that tax payers make their choices
whether to underreport or report truthfully on the basis of their own
deception ability. Tax payers with high deception ability are more
likely to underreport, and this selection e¤ect is stronger if the …nes
for underreporting are higher. These results provide an (additional)
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reason why random audits are superior to audits based on discretionary
choice.
Keywords: lie-catching, self-selection, tax compliance, deception
JEL Classi…cation Codes: M42, K42, H26
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Introduction

Individuals have a choice whether to lie or to tell the truth. This choice
depends on a number of issues. One important aspect is how individuals assess their own subjective probability that their deception would be detected.
Detection may occur through a speci…c audit mechanism, such as a faceto-face control by an inspector. We conduct a tax compliance experiment
combined with a lie-catching experiment to study the role of this probability
assessment for deception choices. We study, …rst, whether individuals di¤er
in their deceptive abilities and try to measure these di¤erences. Second,
we analyze if the individuals’self-assessed audit probabilities are correlated
with the inspectors’assessments of them being honest or not. Third, if individuals base their deception choices on their self-assessed deceptive abilities,
we ask if there is evidence for self-selection by which more capable liars are
more likely to lie. Thereby, we also consider how self-selection depends on
the incentive structure, and on the …nes for detected deception. From these
insights gained, we draw conclusions about the optimal design of the audit
mechanism.
Choice problems for which the attempt to deceive involves a material
risk are rather common. When …ling for income taxes, people may report
all their income truthfully. Alternatively, they may underreport their income. Underreporting leads to lower tax payments if it remains undetected,
but triggers a …ne and leads to higher payments if it is detected.1 Inside
an organization people may be upfront about what went wrong and may
apologize, or they may apply deceptive strategies and try to avoid taking
responsibility for mistakes.2 Job applicants may report truthfully or lie
about their competences and skills.3 Salesmen may report truthfully, or in‡ate their expense claims or shirk on their working hours.4 And supervisors
1
This choice between a safe tax payment outcome and a gamble involving a possible
…ne is at the heart of much of the tax compliance literature (see, e.g., Allingham and
Sandmo 1972 or more advanced models such as Rheinganum and Wilde 1985).
2
See, e.g., Kellerman (2006) for a discussion of the high stakes for corporate leaders
and the optimal choice problem of whether to apologize or to deny or remain silent.
3
Deception in employment interviews has attracted considerable interest among social
psychologists. A survey and meta-study is by Barrick, Sha¤er and DeGrassi (2009).
4
Such choice problems are the starting point of the literature on e¢ ciency wages
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may misreport the performance of their workers.5 In each of these cases individuals choose whether to report truthfully, or to attempt to deceive their
counterparts.
To study individual deception ability and its role for deception choices
we conduct a lie-catching experiment that is framed in the context of tax
compliance with 231 subjects - "judges" - who rate videotaped tax declarations of 80 subjects - "tax payers" leading to 9240 observations. These
videotapes were taken from a tax compliance experiment. The tax payers
had a face-to-face interview with an interviewer who had the role of a tax
inspector in a laboratory environment. Tax payers had to decide whether to
underreport taxes, or to pay taxes truthfully. They knew about the possible
monetary upsides and downsides of underreporting compared to truthful
compliance: underreporting was rewarding if they were not caught, and
more costly than truthful compliance if they were caught. The data show
tax payers in two di¤erent treatments. One treatment had high …nes and
a second one had low …nes. The treatment di¤erence in …nes allows us to
focus on self-selection among the tax payers. A high …ne should discourage
underreporting in general, and it should discourage low-ability liars more effectively than high-ability liars. For this reason, the sets of individuals who
choose to underreport income in the two treatments should have di¤erent
deception abilities. Selection, and, hence, average deception ability should
be higher among individuals who choose to underreport in the treatment in
which underreporting is discouraged by higher …nes.
The answers to the research questions outlined above are: First, tax
payers exhibit systematic di¤erences regarding their probability of being
correctly classi…ed. This heterogeneity is found for both truthful and underreporting tax payers. There are underreporting tax payers who are consistently classi…ed as dishonest (measured by a high number of judges who
classify them as untruthful) and there are underreporting tax payers who
are systematically wrongfully classi…ed as truthful by a majority of judges.
And similar heterogeneity exists for honestly reporting tax payers.6 Second,
subjects can to some extent correctly assess how truthful they are perceived
(Shapiro and Stiglitz 1984) or the principal-agent literature on moral hazard.
5
See, for instance, the experimental evidence by Rosaz and Villeval (2012).
6
Perhaps surprisingly, the judges do not show systematic di¤erences in their ability
to detect liars. Ekman and O’Sullivan (1991) found di¤erences in accuracy for deception
detection among occupational groups. However, the issue whether experienced lie-catchers
have higher detection rates remains controversial among psychologists. In particular,
experience seemingly loses much impact if the assessment context is changed. We do not
contribute much to this controversy, as all our subjects are students. We …nd that the
heterogeneity in lie-catching ability among the student judges is low.
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by others. We …nd subjects’self-assessed likelihood for an audit to be positively correlated with their dishonesty scores as stated by the interviewers.
The dishonesty score for each subject is equal to the fraction of interviewers who assess this particular subject as dishonest, i.e., the score is equal
to zero if all interviewers assess this subject as honest and equal to one
if all interviewers assess this subject as dishonest. Thus, the self-assessed
deception ability in‡uences tax compliance choices. We …nd several pieces
of evidence con…rming this. A …rst indication is the low lie-catching rates:
the underreporters manage to be detected with a probability lower than the
probability that could be obtained by a pure random audit device. They
manage to look more truthful on average than the truthful low-income earners with whom they are pooled. Further, fewer tax payers underreport if the
…nes for detected deception are higher, and these fewer underreporters have
an even higher deception success rate than underreporters in a treatment
with low …nes. As we will argue, this is evidence for self-selection based on
self-assessed deception ability.
Our …ndings have implications for the design of auditing procedures
which, generally speaking, can be based either on face-to-face contact with
discretion about who to audit, or on a pure random mechanism. The choice
of procedure may cause di¤erent psychological costs for the individuals who
may be audited, including feelings of anxiety, ambiguity or a general uneasiness. Also, the size of transaction costs may di¤er, and, as a major
disadvantage of face-to-face contact, an encounter between an auditor and
the individuals who report may facilitate undesirable collusion between the
parties. As analyzed theoretically by Chander and Wilde (1992), Hindriks,
Keen and Muthoo (1999) and Ksh (2008), corrupt tax inspectors may accept bribes or extort money from tax payers. Direct personal contact and
unrecorded communication may simplify or may even be a prerequisite for
bribery. On the other hand, an advantage of face-to-face contact and direct
communication is the potential of more successful detection of misreporting.
This would be an important justi…cation for such costly audit procedures.
However, our results do not provide support for the bene…ts of personal contact as they suggest that personal contact and subjective assessments that
are based on face-to-face communication may be inferior to strict random
audits –even disregarding their direct and indirect cost of implementation –
for two reasons. First, the lie-catching ability of assessors is seemingly low.
Second, we draw attention to the self-selection forces among tax payers as a
response to auditing procedures. High-powered incentives seemingly cause
stronger selection, such that deception is used only by individuals who have
high deception skills. An implication is that a non-randomized audit mech4

anism, where people have discretion about who to audit, may perform worse
than a random audit. Discretionary decision making discourages deception
by weak liars more e¤ectively, and it may discourage liars of superior deception ability less e¤ectively. As a result, the set of individuals who lie consists
of individuals who have superior deception abilities. This result also speaks
to Becker’s (1968) theorem on the optimality of maximum …nes. High …nes
may invite subjects with superior deceptive abilities. The composition of
subjects from which an auditor has to choose may be adversely chanced.
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Related Literature

Considerations about deception and deception detection date back to Darwin (1872), Lombroso (1876) and Freud (1959). A milestone in the experimental work on lie-detection was conducted by Ekman and Friesen (1974).
Since then, research on lie-catching and deception detection has been analyzed in more than 200 experiments, mostly by social psychologists. Much is
known by now about deception and the ability to detect lies. Overall, much
evidence suggests that the ability to detect lies is limited, but controversy
about this continues. For recent surveys and meta-studies see DePaulo et
al. (2003), Bond and DePaulo (2006), Vrij (2008) and Hartwig and Bond
(2011). Much of this literature has concentrated on what are the cues that
subjects use to detect liars, whether di¤erent status groups, and interrogation experts or professionals in particular, have a higher ability to detect
lies. Whether or not to use a deception strategy typically was not a matter
of choice in the experiments; people were often told to deceive. This is one
of the points of criticism by DePaulo et al. (2003, p. 106) in their metastudy. Other important points are the lack of incentives and of major types
of feedback. Our set-up takes into account these points. First, the subjects
("tax payers" as well as "judges") earn money if they are successful. Second, all persons which are seen in the videotapes perform an action which
they have chosen, based on their monetary incentives, their true taxable incomes and their perceptions about their own deception abilities. This is an
important departure, as it may potentially lead to self-selection: the more
capable deceptors may choose to deceive. As a consequence, the "quality of
liars" is di¤erent as compared to a setting in which all subjects who lie are
forced to, or advised to lie, and this self-selection is presumably causal for
the low lie-detection rate. In addition, we study the e¤ect of changes in the
monetary incentives for the self-selection among subjects according to their
deceptive abilities. Self-selection can also explain our …nding that the rate
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of correct judgements was even lower for tax payers if the punishment for
underreporting that was detected was higher.
Our analysis is also related to several lines of literature in economics.
The management science literature addressed a number of aspects of audit
design. Yim (2009), for instance, discusses audit sampling plans and their
relationship with the audit budget. Erat and Gneezy (2012) highlight the
role of consequences for others for individual choice of a deception strategy.
Brandts and Charness (2003) conducted an experiment on the role of deliberate deception for the willingness to exercise costly punishment. Fagart
and Sinclair-Desgagné (2007) and Dionne, Giuliano and Picard (2009) study
the design of monitoring systems in dynamic contexts. From a perspective
of theory, Crawford (2003) considers the strategic incentives for deception.
Holm (2010) considers signaling and signal extraction if the recipient of the
signal has (and is believed to have) a probabilistic truth telling detection
technology.
The importance of an individual’s face in a situation of economic interaction has been pointed out by Eckel and Petrie (2011). They conduct a
trust game experiment in which indiviudals are allowed to buy a photo of
their counterpart beforehand. From such a photo individuals may infer some
characteristics that have been idenditi…ed to play an important role such as
beauty (Mobius and Rosenblat (2006), Wilson and Eckel (2006)), ethnicity
(Habyarimana, Humphreys, Posner and Weinstein (2007)), gender (Solnick
and Schweitzer (1999), Andreoni and Petrie (2008)) or race (Castillo and
Petrie (2010)). Similarly, Eckel and Petrie (2011) …nd the informational
value of a face to be non-zero and observe a change in economic behavior
once the veil of anonymity is lifted. Konrad, Lohse and Qari (2013) consider
the role of face value in a tax compliance game.
Experimental work on whether individuals can unveil incomplete information in a strategic situation that involves face-to-face communication was
carried out by Frank, Gilovich and Regan (1993), Brosig (2002), Ockenfels and Selten (2000), Sánchez-Pagés and Vorsatz (2007) and Holm and
Kawagoe (2010). The …rst three papers consider strategic interaction with
face-to-face contact. They ask whether the veil of incomplete information
about each other can partially be lifted by the fact that individuals see each
other face-to-face, and see their actions. Ockenfels and Selten (2000) study a
bargaining context with face-to-face interaction and incomplete information.
They …nd that subjects’bargaining o¤ers in the course of bargaining provide
cues about players’types.7 Holm and Kawagoe (2010) consider an experi7

Even though Ockenfels and Selten (2000) is not a lie-catching experiment, it relates
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ment which resembles a matching-pennies game and in which players earn
money if they can correctly assess whether their counterpart lies or tells the
truth. In their set-up, this counterpart has an incentive to choose a mixed
strategy and mix lying and truth-telling equally in the theory equilibrium.
None of these experiments focus on the role of heterogeneity in deception
ability for the choice about deception and for the self-selection of players by
which only the players with higher deceptive abilities use deception.
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Methodology

We use videoclips of tax compliance interviews which were generated in
the context of a tax compliance experiment. A randomly selected subset
of these videotapes was shown to a large number of students whose task
was to assess which videotape shows a liar and which shows a truth-teller.
These lie-catching interviews are the core of the experiment which we report
about in this paper.8 However, it is important to get a clear picture about
the set of videos we used. Therefore, we …rst explain the experimental
conditions and the process that led to the compliance videotapes in greater
detail. Then we describe the design of the actual lie-catching experiment
that draws on these videos. We discuss the two-level structure of the data
with the potential sources of heterogeneity. Further, we discuss the role
of heterogeneity for self-selection, and how heterogeneity interacts with a
change in the incentives to lie.

3.1

The compliance interview clips

The videoclips have been produced in the context of an economic experiment on tax compliance that was conducted at MELESSA, the experimental
laboratory at the University of Munich in March 2012. Each video shows
the tax declaration of a "tax payer" as part of a short standardized dialogue
face-to-face to a person with the role of a "tax inspector". Each video took
about 20 seconds and the questions and answers followed a strict protocol.
The tax payers were students recruited by the MELESSA laboratory in Munich using the software ORSEE (Greiner 2004); tax inspectors were student
to our study. A major di¤erence with what we do is that the hidden characteristics of
individuals led them to di¤erent, seemingly informative behavior (immediate consensus
versus bargaining delay - in their set-up).
8
The use of videoclips for lie-catching studies is common and traces back to Ekman
and Friesen (1974).
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assistants of the Max Planck Institute.9
Subjects’true laboratory income was assigned to them. This income was
either high (1000 Taler) or low (400 Taler). In the compliance dialogue, a
tax payer could claim to have nothing to declare (meaning that he or she
has low income resulting in a zero tax liability), or declare high income. No
taxes had to be paid on low income, whereas declaring high income triggered
a positive tax liability (200 Taler). Tax payers with low income had a unique
best choice: declare that they have low income. Empirically they behaved in
line with this dominant strategy. Tax payers with high income had to make
the choice whether to report truthfully and pay a tax, or to underreport. If
they reported truthfully they paid 200 Taler in taxes. If they reported low
income, half of them received an audit. The outcome of who received an
audit was in‡uenced by student research assistants who performed the task
as tax inspectors.10 If an audit took place, the audit revealed with certainty
whether or not the person underreported. A person who underreported then
had to pay the tax plus a …ne. This …ne was small (100 Taler) in some of
the sessions. We refer to these sessions as the "low-…ne treatment" sessions.
The …ne was high (300 Taler) in other sessions, and we refer to these as the
"high-…ne treatment" sessions.11

3.2

The assessment experiment

For the assessment interviews we used a randomly composed subset of the
compliance videoclips that show persons who truthfully report low income
and of clips of persons who have high income but underreport and claim to
have low income. This generates samples of clips showing subjects who all
9

In a situation with face-to-face communication deceptive behavior may invoke speci…c psychological e¤ects such as higher mental cost of lying (Vanberg 2008, Lundquist,
Ellingsen, Gribbe and Johannesson 2009), shame (Coricelli, Jo¢ ly, Montmarquette and
Villeval 2010) or guilt aversion (Charness and Dufwenberg 2006, among others). Konrad,
Lohse and Qari (2012) also con…rm that face-to-face interaction has a (weak) e¤fect for
deception choices compared to a fully anonymous computerized treatment.
10
More speci…cally, the tax inspectors had to assess a series of declarations and had
to rank the tax payer subjects who declared low income with respect to whether they
perceived them as more or less honest. This ranking a¤ected who of the underreporting tax
payers received an audit. Accordingly, tax payers made their declaration choice knowing
that their appearance a¤ected their audit probability.
11
Besides the …ne and the audit probability, other determinants have been identi…ed to
a¤ect individuals’compliance decision. These include intrinsic motivation (Frey 1997), an
inclination for pro-social behavior (Frey and Torgler 2007), fairness considerations (Hartner, Rechberger, Kirchler and Schabmann 2008), religiosity (Torgler 2006), and patriotism
(Konrad and Qari 2012) among others. Andreoni, Erard and Feinstein (1998) and Slemrod
(2007) provide in-depth surveys of this large literature.
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make the same statement: they claim that they have low income. Some tell
the truth while others lie.12 We used 80 clips, each clip showing a di¤erent
tax payer. Of these, 40 clips show low-income tax payers who truthfully
declared low income and paid no taxes. Furthermore, 40 clips show individuals who had high income but made the choice to underreport. Of these, 20
clips were randomly picked from the underreporters who underreported in
the low-…ne treatment, and 20 videos showed underreporters in the high-…ne
treatment.
We partitioned the 80 videoclips in two disjoint subsets of 40 videos, consisting of 20, 10 and 10 videos, respectively. These were shown to students
whose task was to assess the truthfulness of persons shown in these clips.
We refer to these students as "judges". In total, 231 students were invited
to the laboratory at the Technical University of Berlin for this purpose in
November 2012.13 Judges were from diverse …elds of study. One set of 40
videos was shown to 120 judges, the other set was shown to 111 other judges.
These students were grouped in 10 sessions of up to 24 participants each,
re‡ecting the capacity in the laboratory.
The judges were told that they will see a sequence of 40 clips with tax
compliance dialogues on their computer screens, and roughly how these
videos were produced and what they show. Judges did not receive any
additional information about which video came from which treatment. In
fact, they did not even receive information about the fact that the videoclips
emerged from two di¤erent treatments, one with low …nes and one with high
…nes. However, we informed judges that the share of truthful reports among
the 40 videos was about one half. Each judge watched the fourty clips on the
computer screen and had a headphone to listen to the tax payers’reports.
The videos were shown in a random order. Judges were not allowed to return to previous clips they had already assessed and change their judgement
in the course of the experiment.
Judges had monetary incentives to make correct judgements. Out of
the 40 assessments of a judge, the computer randomly selected …ve rounds
for payment. This was in order to provide them with a stronger feeling
12
There were also compliance interviews in which subjects with high income declared
high income. These were not useful and not used for the assessment experiment: these clips
show people who always truthfully report high income. They were trivially distinguishable
from clips showing individuals who (truthfully or falsely) report low income.
13
These students were in the subject pool of the TU lab in Berlin. Subjects in the
compliance videos were students at the University of Munich. This makes an overlap of
subjects almost impossible. All participants were recruited using the software ORSEE
(Greiner, 2004).
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that their judgement matters and to make a simple hedging strategy less
attractive by which subjects may simply rate the …rst half, or every uneven
video, as truthful. Judges were paid EUR 5 for each correct assessment
among these …ve assessments that were selected to be paid for, and they
received a show-up fee of EUR 5. Accordingly, realized …nal payments were
between EUR 5 and EUR 30 with an average of EUR 17.99 (SD=6.23).

3.3

Theory predictions

Our set-up allows to inquire into the heterogeneity of tax payers and the
implications of this heterogeneity for their behavior. We ask: do tax payers
di¤er in their deception ability? And do they know about their own ability?
We further ask: if tax payers di¤er in their deception ability, how should this
heterogeneity a¤ect their choice behavior? How is their decision whether to
underreport a¤ected by their own ability? How is this relationship between
their own deceptive ability and choice a¤ected by di¤erent monetary disincentives for underreporting?
From a decision theory point of view, consider the speci…c choice problem. Let there be two possible levels of income: Y0 and Y1 , with Y0 < Y1 .
Let the statutory taxes be T (Y1 ) and T (Y0 ) with T (Y1 ) > T (Y0 ) = 0. Consider a tax payer who has high income Y1 . The tax payer may declare this
high income truthfully and pay a tax T (Y1 ). In this case the …nal income
is Y T (Y1 ). If the tax payer underreports, given that there are only two
possible levels of income, the tax payer declares low income Y0 . The statutory tax on low income is T (Y0 ) = 0. The tax payer knows by design and
in the aggregate, a share p of the persons who underreport receive an audit.
And in the experiment that led to the videoclips, tax payers were explicitly
informed about this aggregate audit rate. If the tax payer falsely reported
low income, and receives an audit, the …nal income is Y1 T (Y1 ) D,
where D is a monetary …ne that can be either high or low. If the audit
probability is p and exogenous, then, a tax payer who maximizes his monetary payo¤ reports truthfully if (T (Y1 ) + D)p > T (Y1 ) and underreports
if (T (Y1 ) + D)p < T (Y1 ). Even if p is objectively and exogenously given,
other considerations such as risk attitudes, or other behavioral attitudes or
a mental bene…t or cost from truth telling or lying may make individuals
deviate from this decision rule.14 Statistically speaking, however, we would
14

The tax payers’decisions may also depend on other, also unobserved aspects. These
other dimensions have several possible underpinnings. Sánchez-Pagés and Vorsatz (2007)
consider possible norms about truth-telling; according to Gneezy (2005) a subject may
prefer truth-telling, but may lie if other reasons make lying attractive.
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expect that fewer individuals choose to underreport if the …ne D is higher.
The individual tax payer may assess his or her own probability for an
audit and conclude that their self-assessed subjective audit probabilities deviate from the average audit probability. If this is the case, a tax payer’s
self-assessed ability, but also the expectations about the deception abilites of
other tax payers and their choice behavior matter for each single tax payer’s
assessment of their own subjective audit probability. The outcome could be
characterized as an equilibrium of a Bayesian game that can be established
if each tax payer knows their own deception ability and the distribution of
deception abilities from which other tax payers’ abilities are drawn. We
do not outline this game in full. But a tax payer’s own audit probability
should be a function of self-assessed deception ability in equilibrium in this
case, and it should hold that a tax payer’s own subjective audit probability
is decreasing in self-assessed deception ability: higher own ability does not
change the bene…ts of truth telling, but increases the bene…ts from underreporting. Accordingly, tax payers who have a higher self-assessed deception
ability should be more inclined to underreport.
Recall that we have two treatments of the tax compliance game. One has
a low …ne, the other has a high …ne. For the low …ne treatment, the decision
to underreport may pay o¤ in expected value terms, even if the subjective
audit probability is slightly higher than 1/2. Individuals who think that their
deceptive ability is very low may still prefer truth telling, but individuals
with a medium or high deception ability may prefer to underreport. For
the high …ne treatment, the decision to underreport pays o¤ in expectation
only for a su¢ ciently low own subjective audit probability. Individuals who
think that their deception ability is just average or below average may prefer
truth telling. Only individuals who think that their deception ability is
su¢ ciently high may prefer to underreport in the high-…ne treatment. This
consideration leads to suggestions about the number of underreporters and
about the composition of underreporters in our experiment. We expect that
fewer individuals choose to underreport in the high-…ne treatment. And we
expect that, on average, the members of the group of underreporters in the
high-…ne treatment have higher deception ability than the members of the
group of underreporters in the low-…ne treatment.
To summarize these considerations, we formulate three hypotheses:
Hypothesis 1 : We ask if there are systematic di¤erences between tax
payers with respect to how they are assessed by the judges. Are there
tax payers who are judged as honest systematically more often than
average and others who are judged as being dishonest systematically
11

more often than average? For a theory that bases the choice of whether
or not to choose a deception strategy on di¤erences about deceptive
ability, the existence of systematic heterogeneity as regards this dishonesty score is an important pre-requisite and one of the most fundamental building blocks.
Hypothesis 2 : Suppose such di¤erences in dishonesty scores exist. Deception choices are made by the tax payers and not by the judges.
Therefore it is important that tax payers themselves are aware of these
di¤ernences, or at least have other means to base their choices on their
deception abilities. To explore this we consider if tax payers’own assessments about their subjective audit probabilities are correlated with
the judges’assessments. As a measure of their self-assessement at the
end of the compliance experiment, tax payers were asked whether they
think their probability for receiving an audit was below 50 percent,
above 50 percent or equal to 50 percent. While for several reasons this
is not the perfect variable to measure self-assessed deception ability,
our theory suggests that this measure is positively correlated with the
dishonesty score of tax payers.
Hypothesis 3 : If tax payers di¤er in their dishonesty score and are
aware of these di¤erences, we can ask what is the relationship between
a tax payer’s dishonesty score and the compliance decision. We expect
that tax payers with higher deception ability are more inclined to
underreport. We also expect that this self-selection e¤ect is stronger in
an environment in which deception detection leads to a higher …ne. For
an empirical assessment, we can use the treatment di¤erences in …nes
to test this prediction. We expect that the tax payers who underreport
in the high-…ne treatment have lower dishonesty scores than tax payers
who underreport in the low-…ne treatment.

4

Results

As described above, one set of 40 tax-payer videos was assessed by 120
judges, while the second set of 40 videos was assessed by 111 judges. This
led to 9240 judgements in total. The heterogeneity on the tax-payer level
and the judge level generate the two sources of variation that we exploit to
examine our main research questions.
The hit rate, i.e., overall number of correct judgements compared to
the total number of judgements, was 47:35 percent. The correct share of
12

judgements on truthful reports was 48:23 percent, on judgements on clips
that showed a person underreporting was 47:66 percent in the treatment with
low …nes and 45.28 percent for underreporters in the high-…ne treatment.
These numbers fall below a hit rate of 50 percent that emerged from a
simple pure random device. This deviation may be surprising because judges
could have used a simple randomization mechanism that would have led to
improved hit rates. The overall hit rate of 47:35 percent is close to, but
outside the boundary of previous …ndings surveyed in the meta-study by
Bond and DePaulo (2006). Figure 1 shows a modi…ed plot from Bond and
DePaulo (2006, p. 222) and depicts the relationship between sample size
and the measured hit rates; the center of the large red square represents the
coordinate with 9240 observations and a hit rate of 47:35 percent from our
experiment.
Figure 1 about here
In the following, we sequentially test the three hypotheses outlined in the
theory section. We …rst analyze whether the tax payers have systematically
di¤erent dishonesty scores, and we quantify the extent of this heterogeneity.
We then consider how this heterogeneity squares with self-assessed audit
probabilities. Then we turn to the evidence regarding the self-selection
hypothesis 3.

4.1

Tax payer heterogeneity

A …rst way to assess the heterogeneity of tax payers’ deception ability as
stated in hypthesis 1 is to consider the hit rate, i.e., to count for each tax
payer how often she/he was correctly assessed. Figure 2a and 2b depict the
frequency distribution that emerged from the experiment for sample 1 and
2, respectively. E.g., some tax payers were assessed correctly only in 30-40
of the more than 100 assessments, and very few tax payers were correctly
assessed in about 90-100 of the 111 or 120 assessments, respectively.
Figure 2a and 2b about here
At …rst glance, these distributions are compatible with two very distinct
processes that generate these outcomes: In the …rst process there would be
little or no systematic heterogeneity between tax payers as regards the probability that a tax payer is assessed correctly, such that this hit probability is
constant for all tax payers and close to the overall hit rate of sample 1 and 2
13

of 47:35 percent. In this scenario, the variation in the number of hits would
re‡ect a sampling error. For instance, if judges simply randomized in their
assessments, or if there is considerable noise in their assessments, this would
generate a frequency distribution that follows a binomial distribution. In
the second process, the observed heterogeneity in the hit rates across tax
payers re‡ects systematic di¤erences in the tax payers’probability of being
assessed as being honest.
We obtain a …rst intuitive indication in favor of the second process to be
relevant by a comparison of the frequency distributions with the probability
distributions that emerged from pure random choice. As noted above, if
each tax payer is correctly assessed with the same probability, then the
number of hits follows a binomial distribution. The binomial distributions
have a constant probability equal to the average hit rate of 47:35 percent
and an associated parameter of 120 and 111, respectively, and are displayed
in …gure 2a and 2b. As a comparison of each binomial distribution with the
observed frequency distribution in both …gures reveals, the probability that
the latter is a realization of the former is small for both samples. In sample
1, for instance, the theoretical probability to observe only up to 40 hits in a
sample of size 111 is roughly equal to one percent. However, Figure 2a shows
that the fraction of tax payers who are assessed correctly by up to 40 of the
111 judges equals almost twenty percent. Thus, the observed variation in
the number of hits is simply too large to be compatible with a uniform hit
probability for all tax payers.
A second descriptive technique to discriminate between the two abovementioned scenarios is as follows. Consider a single videoclip of an underreporting person that has been shown to 120 judges, of which, say, m > 60
judges said that the subject’s report is likely to be truthful. This individual
has a below average dishonesty score. Is this score and the deviation from
60 simply an outcome of noise, or is this a systematic e¤ect? To analyse
this, one can separate the total number of assessments for this person into
the assessments of the …rst half of the judges and into the assessments by
the second half of judges. Suppose m1 judges among the …rst 60 judges
declared that the individual looks trustworthy, and 60 m1 judges declared
that the individual looks dishonest. Let these numbers be m2 and 60 m2
for the second half of the judges. Evidently, m1 +m2 = m. If the assessment
of the individual is simply noise, then m1 and m2 should be uncorrelated.
However, if the e¤ect that causes the positive rating of the individual is
systematic, then m1 and m2 should be positively correlated.
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Figure 3 about here
Figure 3 shows a scatter-plot that emerges if we plot the corresponding
hit rates for the pairs mn1 and mn2 for all 80 subjects into the same diagram
with mn1 and mn2 on the two axes, where n is the total number of judgements
for this individual, that is, n = 120 for half of the tax payers and n = 111
for the other half. The plot uses a decomposition into the …rst half and
the second half of judgements. Other decompositions could also be used.
The positive correlation that emerges in Figure 3 provides a second descriptive indication for systematic heterogenity of tax payers. It suggests that
judges to some extent agree regarding their assessment of the di¤erent tax
payers. In turn, this agreement implies that tax payers di¤er systematically
regarding their dishonesty scores.
We now employ mixed-e¤ects models that allow to quantify the extent
of heterogeneity on the tax-payer level to analyse hypothesis 1 econometrically.15 The models also incorporate the possibility of systematic heterogeneity of judges in their assessment abilities. Let yij denote realizations
of the 9240 assessments where yij is equal to one if tax payer j is classi…ed
correctly (both for liars and truthful reporters) by judge i. Let x0j denote a
vector of explanatory variables. These variables include in particular dummy
variables that indicate in which treatment tax payer j participated, but also
demographics, e.g. the tax payer’s gender. is the vector of …xed e¤ects. In
addition, there are two random e¤ects: ui is a judge-speci…c random intercept and vj is a tax-payer-speci…c random intercept. The …rst set of models
are logistic mixed-e¤ects models that predict the hit probability for a tax
payer-video as follows:
prob(Yij = 1 ui ; vj ) = f (x0j

+ ui + vj )

(1)

where f ( ) is the logistic cumulative distribution function.
Intuitively, this logistic regression provides estimates for an unobserved
linear-additive score that describes how easily tax payers are correctly classi…ed. For instance, assume that older tax payers are easier to read than
young ones. In this case, the coe¢ cient for a variable Age would be positive
and the size of the Age-coe¢ cient describes the linear relationship between
age und the unobserved score. The score can be negative or positive and
the logistic distribution function transforms this score to a probability. Since
15

The term "mixed e¤ects model" refers to the fact that both …xed e¤ects, e.g. dummy
variables or demographic variables, and random e¤ects for the unobserved heterogeneity
are estimated.
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the logistic distribution is symmetric around zero, a tax payer with a score
of zero has a predicted hit probability of 50 percent.
For ease of exposition, we now rewrite the regression equation by explicitly refering to the treatment variables. In this formulation, the vector of
explanatory variables x0j contains all remaining variables:
prob(Yij

= 1 jui ; vj )

= f (b0 + b1 HighP enalty + b2 Liar
+b3 (HighP enalty

Liar) + x0j + ui + vj )

The hit probability is a function of the 2 2 possible treatment conditions
emerging from the two possible conditions in each of two dimensions: penalty
size, and truthfulness. Recall that only subjects are included in the sample
who report a low income/endowment, such that, for a subject from this sample, …ling a dishonest report is equivalent to having a high endowment and
…ling a truthful report is equivalent with having low income/endowment.
The dummy variables modeling the treatment conditions are coded as follows: High Penalty is equal to one if the tax-payer videoclip is from the
high penalty treatment. Liar is equal to one if the tax payer’s true endowment is high and equal to zero if the true endowment is low. Finally, there
is an interaction term (High Penalty
Liar ). This term is equal to 1 if
the videoclip is showing a tax payer in the high-penalty treatment condition
whose true endowment is high. This coding scheme implies that the omitted
reference group is composed of those videos showing truthful reports (i.e.,
low endowment subjects) in the low penalty treatment condition. We …rst
present the main results from a regression without further control variables,
but we will discuss these controls jointly later.
While the …xed e¤ects model reports the average score for the respective treatment condition, the normally distributed tax-payer-speci…c random
intercept vj allows tax payer j to deviate from this average score. Both negative and positive values are possible and a positive intercept implies that
the speci…c hit probability of tax payer j is larger compared to an average
tax payer. The random intercepts follow a normal distribution with mean
zero such that the standard deviation is the only parameter left to estimate.
Therefore, the coe¢ cients of main interest are the two parameters modeling
the heterogeneity on the judge level and the individual tax-payer level: u is
the estimated standard deviation for the judge-speci…c random intercepts,
while v is the corresponding estimate for the tax-payer intercepts.
Table 1 about here
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The …rst column of Table 1 compiles the results. The estimate for v is
roughly equal to 0:28. Recall that this parameter implies that the tax-payerspeci…c random intercepts vj are normally distributed with mean zero and
the estimated standard deviation of v = 0:28. Applying the usual "2- rule", 95% of the tax-payer-speci…c random intercepts lie within the interval
[ 0:56; +0:56]. In turn, this large interval translates into a wide range of taxpayer-speci…c hit probabilities. For example, the underreporting tax payer
from the low penalty treatment condition with the smallest intercept from
this interval is detected with probability f (^b0 +^b2 0:56) = 0:34.16 Similarly,
the underreporter having the largest intercept is detected with probability
f (^b0 + ^b2 + 0:56) = 0:61. Thus, there is a huge range of 27 percentage
points between the underreporter with the largest and respectively smallest
detection probability.
Similar calculations apply for the other treatment conditions. For example, honest tax payers from the low penalty condition with the smallest/largest intercept are correctly detected with probability f (^b0 0:56).
Once again, this corresponds to a range of roughly 27 percentage points
between the maximum and minimum hit probability of 57:25% and 30:40%,
respectively. To summarize, there is a considerable amount of tax-payer heterogeneity. The tax-payer-speci…c hit probabilities cover a range of about
27 percentage points between the maximum and the minimum. These …ndings quantitatively con…rm the impression from the descriptives that the
observed variation in the number of hits is too large to be compatible with
a uniform hit probability for each tax payer.
It is useful to consider also the possibility of systematic heterogeneity on
the judge-level. However, the corresponding estimate for the judge-speci…c
random component ( u ) is equal to zero. Thus, the estimation indicates
that the subject pool of judges shows no systematic variation in their deception detection abilities. The heterogeneity in lie-catching ability among
the student judges is low and they perform poorly.17
One concern is that the relationships are the result of unobserved variables that in‡uence both explanatory and explained variables. Of course, we
16
Recall that for the logistic mixed e¤ects model, f ( ) is the logistic cumulative distribution function (cdf). Thus, the predictions are obtained by simply evaluating the logistic
cdf.
17
As mentioned earlier, the issue whether experienced lie-catchers have higher hit rates
is essentially a research topic for psychologists and remains controversial among them. Ekman and O’Sullivan (1991) found di¤erences in hit rates for deception detection among occupational groups ranging from 53% (university students) to 64% (Secret Service agents).
Subsequent literature shows that experience seemingly loses much impact if the assessment
context is changed. We do not enter this debate as all of our judges are students.
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cannot rule this out completely. Column (2) of Table 1 checks whether the
heterogeneity of tax payers can be explained by observable characteristics,
including, for example gender or age. Using all socio-economic characteristics we have, however, the small di¤erence in the loglikelihoods indicates
that these further characteristics practically have no explanatory power.18
The estimated standard deviation of the tax-payer-random intercept and the
estimated treatment coe¢ cients are also similar across the two models. This
indicates that both the small di¤erence in the average detection probabilities
across the penalty conditions and the estimated tax-payer heterogeneity are
unrelated to these additional control variables.
In summary, the analysis shows that it is important to account for the
two-level structure of the data. By simply inspecting the number of hits for
each tax payer (Figures 2a and 2b), it is not obvious whether the variation
shown in the …gures re‡ects noise or heterogeneity on the judge-level and/or
on the tax-payer level. The mixed-e¤ects model takes the data structure
into account and shows that the variance component associated with tax
payers is fairly large. The judges’ assessments of the underreporters are
highly consistent across judges. The descriptive and quantitative results are
in line with the hypothesis that subjects di¤er in their deception abilities:
some individuals are - in a probabilistic sense - perceived by others as being
honest, other individuals are perceived as dishonest, and this heterogeneity
exists within the group of individuals who declare honestly as well as within
the group of individuals who underreported.
How can tax payers’ individual dishonesty scores have implications for
tax payers’choices whether to report truthfully or whether to underreport?
If a tax payer is aware of how he or she is perceived by other people, then
a tax payer who is perceived as an truthfully-looking person may be more
inclined to underreport, and a less truthfully-looking tax payer may be more
inclined to report truthfully. Of course, this logic implies that the tax payers
make use of how they are perceived by others. Whether or not they do is
generally di¢ cult to measure.
We asked tax payers at the end of the tax compliance game to rate
their own subjective probability for receiving an audit. Three answers were
possible: higher than 50 percent, lower than 50 percent, and equal to 50
18

There are also no learning or time e¤ects. Estimating the models using only the
second half of the sample yields qualitatively the same results as the coe¢ cients for the
…rst and second half of the sample are not signi…cantly di¤erent. Therefore judges do not
seem to gain experience or su¤er from fatigue over time. There is also no evidence for
catch-up e¤ects: judges do not classify signi…cantly more (or less) individuals as liars in
the …rst versus second half of displayed videos. These results are available on request.
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percent. Many aspects may a¤ect this answer, including the actual experience in the experiment. Also, it is well-known that self-assessed data may
be problematic. But notwithstanding these problems, we would expect a
positive correlation between the dishonesty scores of subjects obtained received by the judges and their self-assessments about their subjective audit
probabilities.
As de…ned above, the dishonesty score for each tax payer is equal to the
fraction of judges who assess this particular tax payer as dishonest, i.e., the
score is equal to zero if all judges assess a speci…c tax payer as honest and
equal to one if all judges assess this tax payer as dishonest. Given this coding
scheme, a positive correlation between the self-assessed audit probability
and the dishonesty score would support hypothesis 2, i.e., it would suggest
that the tax payers to some extent correctly assess how truthful they are
perceived by others.
Figure 4 about here
Figure 4 shows the distribution of dishonesty scores for each of the three
self-assessed audit probability categories. The boxplots clearly suggest a
positive correlation between the two variables. For example, the median
dishonesty score within the …rst category (self-assessed audit probability
smaller than 50%) is roughly equal to 0:42, while it is equal to 0:6 within
the third category. We further summarize this positive correlation by running a linear regression. First, we create dummy variables for the three
audit probability categories. Second, these dummy variables are entered as
regressors to predict the average dishonesty score. The omitted reference
category is “smaller than 50% ”.

Table 2 about here
The results in Table 2 con…rm the positive correlation found in the boxplots (Figure 4). The average dishonesty score for tax payers in category 1
(self-assessed audit probability smaller than 50%) is equal to 0.4258. The
average dishonesty score for tax payers in category 2 (self-assessed audit
probability equal to 50%) is roughly 7 percentage points higher compared
to taxpayers in category 1. Finally, the average dishonesty score for tax
payers in category 3 (self-assessed audit probability above 50%) is roughly
14 percentage points higher compared to taxpayers in category 1.
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4.2

Evidence for self-selection

Having established that individuals di¤er in how they are perceived as honest or less honest, we are ready for hypothesis 3 to consider how these
assessments a¤ect tax payers’ choice of their deception stategies. We discussed why self-selection should make tax payers with a better (i.e., lower)
dishonesty score more inclined to use deception strategies, and why this selfselection should be stronger for the high-penalty treatment conditions than
for the low-penalty treatment conditions. The descriptive statistics indicate
that this is indeed the case: the hit rate for underreporters is equal to 47:66
percent in the treatment with low …nes and equal to 45:28 percent in the
high …ne treatment.
We now use our logistic mixed model (see the Table 2, equation (1) in
column (1)) to check whether this model – which takes the heterogeneity
of tax payers into account–generates the same …ndings as the descriptives.
Evaluating the coe¢ cients from this table yields predictions that are very
close to the descriptives: the detection probability of an average liar is equal
to f (^b0 + ^b2 ) = 47:70% in the low penalty setup, whereas it is 44:97% in
the set-up with high penalty. A likelihood-ratio-test indicates that the difference between these probabilities is marginally signi…cant (p < 0:1). The
individuals who choose a deception strategy in the high-penalty treatment
are more successful than the individuals who choose to underreport in the
low-penalty treatment. The liars in the high-penalty treatment are, on average, the better liars.
The di¤erence between the groups is small compared to the variation in
dishonesty scores modeled by the tax-payer-video random intercept. However, from a theory point of view, it is surprising that there is an e¤ect at
all: sophisticated judges should essentially correct for the adverse incentives
of individuals who have the "honest look" when they make audit choices,
and when they make judgements about the likely truthfulness of a person.
The data show that they may partially use such sophisticated judgements.
Also, a close relationship between dishonesty scores and deception success
requires that individuals’ self-selection is based on their dishonesty scores.
If they do not perfectly know how they are perceived by judges, or if the
"honest look" is correlated with unobservable variables that make such individuals more averse towards using deception strategies, this can also weaken
the relationship between dishonesty scores and the strength of self-selection.
We run two additional robustness checks regarding the selection hypothesis. First, we use only the observations that show clips with underreporting high-endowment tax payers and calculate for each judge two dif20

ferent hit rates: one for low penalty observations and the second one for
the high penalty observations. This generates a paired dataset, where each
of the n = 231 judges provides one pair of hitrates (xi1 ; xi2 ). A Wilcoxon
signed rank test for paired data supports the conclusions from the mixede¤ects model; the di¤erence in the hitrates for liars is marginally signi…cant
(p < 0:1).
Second, we use the same paired dataset to …t a third mixed-e¤ects model,
in this case a linear mixed model. Thus, we use the 462 observations of the
paired dataset to estimate the equation
xit = a0 + a1 High Penalty + ui +

it :

(2)

As before, High Penalty is a dummy indicating observations from the high
penalty condition and ui is a judge-speci…c random intercept. Table 3 compiles the results.
Table 3 about here
Note that the coe¢ cients are normalized to re‡ect deviations from a
deception detection rate of 50 percent. The results are in line with the previous results: The detection rate for high penalty videos is 2:38 percentage
points smaller than the detection rate for the low penalty videos (t = 1:69,
p < 0:1). Further, the small point estimate of 2u indicates that the variation
of the hit rate due to unobserved judge-heterogeneity is very close to zero.
Finally, it is worth noting that the hit rate for low penalty videos (47:66 percent) is signi…cantly smaller than 50 percent (p<0:05). As the hit rate for
high penalty videos is even smaller, the deviation from chance is signi…cant
as well.

4.3

Summary of results

In summary, there are two main …ndings: First, the data suggests that the
videotaped tax payers have di¤erent detection probabilities. This holds for
both honest und underreporting tax payers. As a side remark: the judges in
our experiment do not di¤er regarding their detection ability. The variation
of tax payers’hit probability is large and is unrelated to observable characteristics like age or gender. Second, we …nd some evidence for a selection
e¤ect along the dimension of deceptive ability: The hit rate of judges is
smaller for videos showing underreporters in the high-…ne treatment than
the respective hit rate for observations from the low-…ne treatment. Questionnaire data on self-assessed audit probabilities further corroborates this
21

evidence. The presence of self-selection may also explain the low overall hit
rate of less than what could be obtained from pure random assessment.

5

Conclusion

This paper investigates experimentally the choice problems for which the
attempt to deceive involves a material risk. Major motivational factors for
this choice should be the bene…t of successful deception and the cost if
the deception attempt is detected, in comparison to the outcome in case
of truth telling, and the likelihood for successful deception or detection.
Individuals who feel con…dent about their deception abilities should, hence,
be less likely to tell the truth. This reasoning suggests that choice and the
self-selection implied is an important aspect for lie-catching in a natural
compliance environment.
The insights from our experiment are threefold: First, and in line with
hypothesis 1, we …nd major heterogeneity in the deception abilities among
the individuals. Some individuals are poor liars and easily classi…ed as
deceivers, others are gifted in deceiving and hardly ever classi…ed as liars.
This classi…cation of single individuals is consistent across judges. This
consistency pattern holds for individuals who make deceptive statements as
well as for individuals who make truthful statements. In contrast, we do not
…nd heterogeneity among the judges’ ability to detect deception. Second,
subjects’self-assessed likelihood for an audit is positively related with their
dishonesty score as conjectured by hypothesis 2. Hence, subjects can to some
extent correctly assess how truthful they are perceived by others. Third the
self-assessed deception ability in‡uences compliance choices. As a …rst hint,
we …nd that liars whose deception is the outcome of their own choice are
less frequently detected than in standard experiments where individuals are
regularily forced to give a certain statement. In our data set, the overall hit
rate of correctly classi…ed statements is 47:35 percent. This deviation from
pure chance is statistically signi…cant. Moreover and in line with hypothesis
3, we …nd mild evidence for a selection e¤ect: Tax payers who choose to
underreport in a situation with high …nes have lower dishonesty scores and
are, therefore, perceived as more honest than the set of tax payers who
choose to underreport in a situation with low …nes. More precisely, the share
of successfully detected deceptions drops from a 47:66 percent hit rate in
the low-…ne treatment to a 45:28 percent hit rate in the high-…ne treatment.
This is in line with the interpretation that, on average, individuals with
stronger deception abilities choose to underreport if underreporting is more
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strongly discouraged by higher …nes.
Our …ndings are have implications for audit design, and the implications are not necessarily limited to tax compliance situations. The …ndings uncover a possible drawback of an audit mechanism that gives discretion to inspectors about who to select for an audit may result in poor
results: discretionary decision making may discourage deception by weak
liars more strongly, and it may discourage liars of superior deception ability less strongly. As a result, the set of individuals who doy lie consists of
individuals who have superior deception abilities. And this selection e¤ect
is stronger the more high-powered the incentives are: the higher the …nes,
the more individuals with low deception abilities are discouraged and the
more capable deceivers are the individuals who choose to apply a deception
strategy. This self-selection may lead to low detection rates - rates that even
fall below the rates that can be achieved by a purely random audit.
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Are there any important differences between their deceptions? Algernonâ€™s deceptions are less serious than Jackâ€™s. He appears
never to hurt anyone with his fiction of Bunbury.Â In 1895, shortly after The Importance of Being Earnest opened, Wilde was charged
and sentenced for â€œgross indecencyâ€ for having homosexual affairs; sex between men was called sodomy, and sodomy was an
illegal act. Well into the second half of the twentieth century, the social stigma attached to homosexuality meant that much homosexual
activity took place in anonymous places such as public toilets (then often called cloak-rooms as the two functions were combined in one
area). 3. How does Wilde use inversions in the play? Only RUB 220.84/month. The Importance of Being Earnest (Setting). STUDY.
Flashcards. Learn. Write. Spell. Test.Â What is the geography of Hertfordshire, England? low-lying, with the Chiltern Hills in the
northwest. Agricultural with many farms. What is the climate of the setting? Described as "Charming"; moderate temperatures; average
summer high temperature is around 70-75Â°F. What is the historical era? late Victorian period -- the Victorian era lasted from 1837 until
1901 (Victoria was Queen of England); It was a time of peace and prosperity for England. Socially, it was highly moralistic with strict,
"goody-goody" behavior and language. It was also a romantic period in regards to t Practice AP multiple choice questions for The
Importance of Being Earnest.Â PRACTICE MULTIPLE CHOICE QUESTIONS 6-10: Carefully read the following passage from Act I of
The Importance of Being Earnest before choosing your answers: Jack. You really love me, Gwendolen? Gwendolen. Passionately!
Jack. Darling! You dont know how happy youve made me. importance-being-earnest-Lesson Plan 19. The Importance of Being Earnest.
Chapter Guide - Teacher Edition. portmanteaus: suitcases or bags for travel precept: directive as to moral conduct Primitive Church:
early Christian church Quixotic: (from theÂ What stereotype does he represent? Dr. Chasuble is meek and prim. He fits the stereotype
of the repressed â€œgood man,â€ the minister who is. anxious to do the right thing yet clearly wants to do the wrong thing. CGT:16.
The Importance of Being Earnest. Chapter Guide - Teacher Edition. 7. What object does Algernon use to show he is Ernest Worthing?
Having trouble understanding The Importance of Being Earnest? Here's an in-depth analysis of the most important parts, in an easy-tounderstand format.Â By entering your email address you agree to receive emails from Shmoop and verify that you are over the age of
13.

