KOCHI UNIVERSITY OF TECHNOLOGY
Social Design Engineering Series SDES-2015-21

Who is audited? Experimental study on rule-based tax
auditing schemes

Yoshio Kamijo
Kochi University of Technology
Research Center for Social Design Engineering, Kochi University of Technology

Takehito Masuda

Japan Society for the Promotion of Science

Hiroshi Uemura
Kochi University of Technology
Research Center for Social Design Engineering, Kochi University of Technology

30th July, 2015

School of Economics and Management
Research Center for Social Design Engineering
Kochi University of Technology

KUT-SDE working papers are preliminary research documents published by the School of Economics and Management jointly with the Research
Center for Social Design Engineering at Kochi University of Technology. To facilitate prompt distribution, they have not been formally reviewed
and edited. They are circulated in order to stimulate discussion and critical comment and may be revised. The views and interpretations expressed
in these papers are those of the author(s). It is expected that most working papers will be published in some other form.



Who is audited? Experimental study on rule-based tax auditing schemes

Yoshio Kamijo# b, Takehito Masuda ¢ 4, Hiroshi Uemuras b
a School of Economics and Management, Kochi University of Technology, Fikokuji-cho, Kochi-city,
Kochi 780-8515, Japan
b Research Center for Social Design Engineering, Research Institute, Kochi University of Technology,
Fikokuji-cho, Kochi-city, Kochi 780-8515, Japan
¢ Japan Society for the Promotion of Science, Kojimachi Business Center Building, 5-3-1 Kojimachi,
Chiyoda-ku, Tokyo 102-0083, Japan
d Institute of Social and Economic Research, Osaka University, 6-1, Mihogaoka, Ibaraki-city, Osaka,
567-0047, Japan
July 2015

Abstract
In this study, we employ a game theoretic framework to formulate and analyze tax audit
schemes. We test the theoretical predictions in a laboratory experiment. We compare
audit schemes based on three audit rules: random audit rule, cut-off audit rule, and
lowest income reporter audited rule (LIRA). While the cut-off audit rule is known to be
optimal in theory, it has not been examined in a controlled laboratory experimental
setting. The primary experimental finding is that LIRA rule yields the highest degree of
truthful reporting among the rules, contrary to the theory. Moreover, the regression
analysis shows that individual social norms regarding tax payment as well as the cut-off
rule and the LIRA significantly increase the degree of truthful reporting. Our
experimental finding that the LIRA yields the highest degree of truthful reporting is
practically important because the tax authority in most countries assigns higher
priority for enhancing tax compliance.
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1. Introduction
Securing government tax revenues is a persistent and fundamental problem for all
nations (Webber and Wildavsky 1986). The incentive for individuals and companies to
avoid excessive tax payments is high, which leads to tax avoidance, tax evasion, and
payment delays. The results of a well-known audit program—the National Research
Program, conducted by the US Internal Revenue Service (IRS)—estimated the tax gap
(i.e., tax that is due but not paid in a voluntary or timely manner) in 2006 to be 450
billion dollars; this amount represented approximately 3.2% of the nominal GDP for
that year (Alm et al. 2015). Although the analyses of the tax gaps in other countries are
limited for several reasons (such as resource constraints and non-publication of survey
results), the gaps are estimated or speculated to be considerable (see Slemrod (2007) for
details). Thus, research on policy devices to enhance tax compliance has become
increasingly significant. Therefore, this study intends to analyze various rule-based
audit schemes.

A basic theoretical model of tax evasion is presented in Allingham and Sandmo
(1972) and Yitzhaki (1974). Following the criminal decision model of Becker (1968),
these prior studies assume that a taxpayer chooses the extent of tax evasion by
comparing the expected benefit from the evasion and the expected cost of the evasion,
similar to the gambling decision. An implication of the findings of these studies is that
the audit probability, the tax rate, and the penalty rate affect tax compliance. These
findings are partly supported by the results of empirical research (Clotfelter 1983;
Kleven et al. 2011; Slemrod et al. 2001) and laboratory experiment (Beck et al. 1991;
Collins and Plumlee 1991; Gérxhani and Schram 2006).1

Another implication of the basic individual decision-making model is that
under-reporting is a very common phenomenon, especially when the actual audit
probability and penalty rate are taken into account. In other words, the deterrent effect
of a random audit rule is weak. Obviously, tax compliance can be improved by
increasing the audit probability and penalty rate. However, most governments face
severe budget restrictions related to auditing, and changing the penalty rate would be
controversial. Thus, if there is another audit rule that does not involve too much
additional cost and does not change the penalty rate, that rule should be worth
considering for actual use. A more sophisticated formulation of auditing would be to
consider the auditor as the principal who designs the audit rules—that is, ways to

choose whom to audit among many taxpayers as agents—in order to enhance the

1 For a survey on experimental research, see Alm (1991, 2012).



taxpayers’ compliance behavior under the audit resource constraint.

The extant literature on tax auditing rules focuses on three types of auditing
rules: one is a simple random rule and the other two are elaborate rules. In the first rule,
a taxpayer is randomly chosen and inspected, irrespective of the reported incomes of the
taxpayers. This rule is adopted quite often. It is the most common rule used in
experiments to examine the canonical tax-evasion model of Allingham and Sandmo
(1972) and Yitzhaki (1974) and to measure behavioral aspects of tax evasion
decision-making (Baldry 1986; Kastlunger et al. 2009).

The second rule is the cut-off rule where the probability of inspection is high
for taxpayers whose income is less than some threshold; taxpayers whose income is over
the threshold are never inspected. Based on their working experience with the federal
tax authority and several state tax authorities in the US, Andreoni et al. (1998)
reported that “many tax agencies apparently do establish cut-off points and focus their
audit resources on returns falling below the cut-offs” (p. 832). Based on the
principal-agent theory, Reinganum and Wilde (1986) and Sanchez and Sobel (1993)
show that the cut-off rule enhances tax compliance and net tax revenue. Some prior
empirical studies (Alm et al. (1993) conducted a laboratory experiment, and Dwenger et
al. (2014) conducted a field experiment) examine the usefulness of this rule. However,
the empirical research on the cut-off rule is limited, and no study checks the cut-off rule
using the optimal audit probability and threshold.

The third rule is one where lower reported incomes have higher probability of
being audited. Under the restriction that an auditor can inspect only one reported
income, this rule becomes a lowest income reporter audited (LIRA) rule where among
the category of taxpayers who are considered a priori homogeneous, the auditor
investigates the taxpayer whose reported income is the lowest. One justification for
implementing the LIRA is that in the US, the IRS calculates a discriminant inventory
function (DIF) score for each return and determines which tax returns to audit based on
the DIF. Alm and McKee (2004) model an audit rule based on the DIF score such that
the most downward deviating income from the average of the reported incomes is
inspected, i.e., the LIRA rule. They analyze the LIRA rule theoretically and
experimentally in a complete information setting with identical taxpayer incomes. Prior
studies such as Collins and Plumlee (1991) and Coricelli et al. (2010) experimentally
examine the LIRA rule in an incomplete information setting with multiple types of
taxpayer income; however, these studies do not theoretically investigate the LIRA rule.

In this study, we compare three audit rules (the random rule, the cut-off rule,

and the LIRA rule) theoretically and experimentally. Our approach significantly differs



from the extant literature on these rules in three ways. First, we compare the rules in
the same environment and with the same restriction, while prior studies typically
investigate these rules one by one. We compare them in the setting of an incomplete
information game with continuous type of taxpayers. Additionally, we impose the
restriction that the expected number of audited taxpayers in equilibrium is the same
across the three rules. Second, we choose the optimal parameters (audit probability and
threshold) for the cut-off rule that would maximize the basic tax revenue (.e., tax
collected based on voluntary reporting). Moreover, we examine the cut-off rule with
different parameters to validate the robustness of the rule. The third difference from
the extant literature is that we derive an equilibrium strategy of a taxpayer in the LIRA
rule under an incomplete information game. Thus, we can compare the experimental
data with the theoretical prediction.

In our experiment, four players with different taxable incomes
simultaneously and privately report their incomes; based on their reports, tax
proportionate to the reported incomes is levied. The true income of each taxpayer is
private information. Each player has an incentive to under-report the true income in
order to reduce the tax burden. Following the taxpayers’ reporting decisions, some of
them may be inspected by the auditor. The audited taxpayer is determined by the rules
(the random rule, the cut-off rule, or the LIRA). If an inspected taxpayer is found to
have concealed income, the tax for this concealed income is levied, multiplied by the
penalty rate.

The theoretical analysis shows that the cut-off rule with an optimal choice of
threshold dominates the other rules in terms of increasing compliance rate (the ratio of
reported income to true income), minimizing evaded income, and maximizing tax
revenue. The LIRA yields higher compliance rate and less evaded income than the
random rule does; however, the random rule yields higher penalty and total tax revenue
than the LIRA does.

Our experimental findings are summarized as follows. The primary finding is
that, contrary to the theory, the LIRA ranks first in terms of compliance rate among the
rules, with significance for the optimal cut-off and random audit rules. On the other
hand, the optimal cut-off audit rule does not induce the compliance rate of one under the
cut-off point. Moreover, the compliance rate under the LIRA shows a significantly
negative correlation with income. The logic behind the negative correlation is simple.
Once the subjects in the LIRA understand that lower-income subjects have a higher
chance of being audited (note that the reported income must be less than the true

income), they naturally conceal more income as the true income becomes larger, as



predicted by the equilibrium strategy. Although we observe that the LIRA yields the
highest basic tax, penalty, and total revenue, the ranking in revenue among the rules is
vague because in pairwise comparison, the difference among the audit rules often does
not achieve statistical significance. Similarly, although the random audit and optimal
cut-off rule rank first in terms of penalty and total tax revenue, respectively, they do not
achieve significance for the other rules.

Second, the positive impact of the LIRA and cut-off audit rules on compliance
rate is corroborated through the regression analysis by controlling the subjects’ identity
and characteristics measured by the questionnaire related to tax payment awareness
and risk attitude. Further, we found that tax awareness and the subjects’ need for tax
audit are positively correlated with the compliance rate. In contrast, aggressiveness
toward tax evasion is negatively correlated with the compliance rate. The latter result is
in accordance with the findings of prior studies such as Kirchler (2007), which report
that the social norms of the subjects related to tax payment influence the choice of tax
evasion.

The rest of this paper is organized as follows. In the following section, we
present a basic theory of tax evasion decision-making; subsequently, we present our
theoretical predictions related to several tax audit schemes. Section 3 describes our
experimental design and procedure. In Section 4, we report the results of our

experiment and statistically analyze them. Section 5 concludes the paper.

2. Theory of tax audit rules

2.1. Basic model

This section summarizes the canonical model of taxpayer decision-making proposed by
Allingham and Sandmo (1972) and Yitzhaki (1974). A taxpayer decides whether and to
what extent to evade taxes in the same way that an individual would weigh a risky
gambling decision. The taxpayer (an individual or a firm) has a true taxable income of
Y, where Y > 0; the true taxable income is private information. Let ¢ be the basic tax
rate. The taxpayer pays ¢Y as tax if (s)he reports his/her true income. However, if the
income 1s under-reported, the taxpayer should pay ¢F, where K represents the
under-reported income (R <Y), and Y-FR represents the amount of evaded or

concealed income.2 However, detailed auditing is randomly executed in probability p,

2 There are other types of reporting decisions such as non-filing and late payment of taxes owed.
However, according to the 2001 IRS estimate of the tax gap, under-reporting represents approximately
82% of the gap, and non-filing and late payment represent 8% and 10% of the gap, respectively (see
Slemrod (2007)). Thus, the major source of the tax gap is under-reporting.



where the tax evasion is detected. In our model, tax evasion is revealed if the tax
authority inspects the under-reporting taxpayer. In the event of an inspection, the
individual must pay #g(Y — R), as penalty for the tax evasion, where ¢ represents the
penalty rate for the illegal activity (g >1). Thus, the penalty is proportional to the
concealed income.

The expected utility for an individual reporting his/her income as R (where
0<R<Y) is E’U:(1—p)U(Y—tR)+pU(Y—tR—tq(Y—R)) , where U is a utility

function with U/(Y)>0 and U'(Y)>0 forany Y >0. By differentiating ZUby R and
ORU

evaluating it at £ =Y , we obtain le_y=t(pq —1)U’((1 - t)Y). Thus, tax evasion

occurs when pg <1l or p<l/q.

While the evasion decision depends on neither the basic tax rate ¢ nor the true
income Y, the extent of the evasion may depend on these variables.? However, if we
assume risk neutrality, the taxpayer fully evades tax liability (.e., reports O income)
whenever (s)he decides to evade taxes. In the discussion that follows, we assume risk
neutrality for the taxpayers. A comprehensive review of the theory is presented in
Andreoni et al. (1998).

The canonical model does not deal with how the detection probability (p) is
determined. Studies such as Alm and McKee (2004) reported that the determination of
p is the result of the strategic interdependence between auditors and taxpayers. Thus,
the detection probability seems to vary with the reported incomes (Reinganum and
Wilde 1986; Sdnchez and Sobel 1993), the past experience of cheating or auditing (Clark
et al. 2004; Friesen 2003; Greenberg 1984; Harrington 1988), the relative positions of
the reported income (Alm and McKee 2004; Collins and Plumlee 1991), etc. In order to
ensure strategic interdependence among taxpayers, we assume that there are n
taxpayers. In the following subsections (Sections 2.2—2.4), we describe three audit rules
(random audit rule, cut-off rule, lowest income reporter audit rule), and we theoretically
show how the taxpayer decisions are different in the context of these three rules.

We explain the three audit rules using the following parameters: n=4,
t=0.2, and g =3. This simplification facilitates the understanding of the rules, and
we adopt this setting in our experiment. To compare these audit rules in a fair manner,

we propose the condition that the (expected) number of investigated taxpayers in

3 Yitzhaki (1974) shows that under the assumption of decreasing absolute risk aversion, the extent of
evasion decreases as the basic tax rate increases, and the extent of evasion increases as income
increases.



equilibrium is one because of the resource constraints of the audit authority. We assume
that the true income of each player is selected independently from an identical uniform
distribution on [0, 1000]. For each taxpayer i (1 €{1,2,3,4}), Y; and FE; denote 7% true

income and reported income, respectively.

2.2. Random audit rule

In the random audit rule, the auditor chooses one of the four taxpayers at random,
irrespective of their reported incomes. The chosen taxpayer is inspected. Under our
setting, the probability of detection (p) is 1/n=1/4 and the penalty rate ¢ is 3. Thus,
P <1/q holds true, indicating that the optimal strategy for each taxpayer is to report 0
income. Thus, the random audit rule does not incentivize the taxpayers to report their

true income.

2.3. Cut-off audit rule
In the cut-off audit rule, the detection probability varies according to the reported
incomes. In particular, we choose the cut-off audit context where the reported income in
the income class [0, 750] is inspected with probability 1/3, and the reported income of
the class with income more than 750 is never inspected. According to our selected
parameters, the detection probability of 1/3 is the smallest probability for a taxpayer to
report his/her income truthfully. The range of [0, 750] is determined by the restriction
that the expected number of inspections is one out of four taxpayers
(@/3)x(750/1000) =1/ 4). The optimal strategy for a taxpayer in the cut-off audit rule is
to report his/her income truthfully when the income is less than 750 and to report the
threshold when the income is more than 750. Thus, in this audit rule, a taxpayer with
higher income evades the tax burden. It is theoretically known that the cut-off rule
discussed here is the tax-revenue maximizing audit rule (Sdnchez and Sobel 1993).
Additionally, we test the robustness of the cut-off rule with another parameter
selection. In the second version of the cut-off rule, the reported income in the income
class [0, 500] is inspected with probability 1/2, and the reported income of the class with
income over 500 is never inspected. We name the first version Cut-off Optimal (Cut-off
0) and the second version Cut-off Suboptimal (Cut-off S).

2.4. Lowest income reporter audited rule
In the lowest income reporter audited (LIRA) rule, the auditor investigates the lowest
income among the four reported incomes. Thus, a strategic interdependence exists

among the taxpayers. Since the true income of each taxpayer is private information,



this rule involves incomplete information (Harsanyi 1967).

Under the LIRA rule, the lower the reported income is, the more likely the
income is to be inspected. Therefore, the optimal strategy for the taxpayers is to report
their income truthfully if the true income is less than some critical value ¢, and to cheat
otherwise. The critical value c is calculated as follows. Assume that the four players
follow the same strategy; thus, they report the true income when their income is less

than c¢. Consider a taxpayer whose true income is ¢. The probability of detection when
(s)he reports ¢ is (1—€/1000)°, and this probability decreases in c. According to our

selected parameters, a detection probability greater than or equal to 1/3 (= 1/¢) is

needed for truthfully reporting income (see Section 2.1). Since income cis the marginal

value between the true income and the income when cheating, (1-c/ 1000)3 must be

equal to 1/¢ =1/3. Thus, we have c*=1000x(1—(1/q)1’3) ~306. In fact (as shown in

the Appendix), in the LIRA rule, the equilibrium strategy of each 7 becomes the one
where (s)he truthfully reports the income (£; =Y;) if Y; <c*, and (s)he cheats by
elY;) (R, =Y.-e(Y,)) if Y, >c* where e represents the extent of cheating with
elex)=0, eY;)>0 for ¥; >c*, and €(Y;)>0 for ¥, >c*,

Comparing the equilibrium strategies in the cut-off and LIRA rules, the income
range of those who truthfully report income is larger in the cut-off rule than in the LIRA.
Moreover, for any income Y >c*, the taxpayer of type Y reports more income in the
cut-off rule than in the LIRA (see Figure 1). Thus, the cut-off rule theoretically
dominates the LIRA.

2.5. Summary of theoretical predictions under our parameter selection

Figure 1 summarizes the equilibrium tax-reporting behaviors under the audit rules
described in the preceding sections. The left panel of Figure 1 shows the prediction of
the taxpayers’ reporting strategy under each audit rule. We see that the cut-off rule
dominates the other rules, and the LIRA dominates the random audit rule. The

predicted strategies under the LIRA and the two cut-off rules have kinks at
Y =306.6,500and 750, respectively.

[Figure 1 here]

To understand the right panel, we introduce a frequently used measure for the

8



degree of truthful reporting called the compliance rate, r = R /Y, which means that a
player with true income Y >0 reports £ . Note that the definition of compliance rate
in Alm et al. (2009) is (tax paid)/(tax owed); however, under the proportional tax model,
this reduces to r. For example, if a player with income of 500 reports 220, the
corresponding compliance rate is r =220/ 500 = 44.0% . Suppose that the compliance
rate is sufficiently close to one (90%, for instance), and the tax is almost correctly levied;
we can say that such an audit rule works. Hence, it seems natural to use the compliance
rate. Given an audit rule 2, B?(Y) denotes the taxpayers’ reporting strategy predicted
in Section 2. R =R%(Y) yields the predicted compliance rate r*(Y)=R*(Y)/Y for
every Y > 0. The right panel of Figure 1 illustrates r?(-) by audit rule a. Although the
ranking among the mechanisms is preserved when converting the reporting strategy to
the induced compliance rate, this normalization is useful for the mechanisms.

Given the taxpayers’ reporting strategy, we can calculate the predicted revenue
under each audit rule. Table 1 presents the expected tax revenue per taxpayer under
these three rules, with revenues from the ordinal tax and the penalty. Consistent with
the reporting behaviors, the tax revenue from reported income is highest in the cut-off
rule, second highest in the LIRA, and lowest in the random rule. However, for the
revenue from the penalty, this order is reversed. Overall, the total tax revenue is

highest in the cut-off rule, second highest in the random rule, and lowest in the LIRA.

[Table 1 here]

3. Experimental design
We experimentally compare the audit rules discussed in Section 2. We have four
treatments: Random, Cut-off O, Cut-off S and LIRA. Each of these treatments has two
sessions. We conducted all the sessions at Kochi University of Technology’s
Experimental Social Design Lab in July 2014 and April 2015. Each session lasted one
and a half hours. We used the experimental software z-Tree (Fischbacher 2007). We
recruited 140 student subjects from Kochi University of Technology through
campus-wide advertisements. The number of subjects for each treatment is 24 for
Random, 36 for Cut-off O, 40 for Cut-off S, and 40 for LIRA. No subject participated in
more than one session. Moreover, none of them had prior experience in a similar type of
experiment. The subjects were seated at individually partitioned computer terminals
assigned by lottery. We did not allow any communication among the subjects.

Each subject received a copy of the instructions. Additionally, the instructions

were read aloud by an experimenter. Subsequently, the subjects answered a quiz about



the audit rule in which they participated. Following the quiz, an experimenter publicly
announced the answers of the quiz. The subjects then proceeded to 20 payment periods.
In every session, we employed the stranger matching protocol so that every group in
every period included four reporters. The subjects were informed that they would be
randomly re-matched in every period.

First, we explain the process followed in one period of the Random, Cut-off O,
Cut-off S, and LIRA treatments. Once a group was formed, every reporter faces the
reporting screen. At the reporting screen, (s)he privately receives and confirms his/her
income, which is drawn independently from the uniform distribution on [0, 1000] (yen),
with an increment of 10. Note that income is newly drawn by period, so that we have a
one-shot incomplete information environment. Every reporter can confirm ¢#=0.2 and
g =3. Given this information, the reporter determines how much income to report, and
(s)he inputs a number that is between 0 and his/her income, with an increment of 10.
Once every subject inputs the reported income and clicks the OK button, the subjects
proceed to the results screen. The results screen displays (from the top) one’s own
income (Y ), one’s reported income ( R ), one’s concealed income (¥ — &), tax on reported
income (¢R ), penalty (¢g(Y — R)), and one’s payoff in the period. In every period after
the second period, the history box appears, where the subjects can confirm the
information contained in the results screen in all of the previous periods. Once all the
subjects click the Next button, the subjects proceed to the next period.

After participating in 20 payment periods, the subjects completed two sets of
the questionnaire. The first set is related to taxpayer awareness. The questionnaire on
taxpayer awareness is adapted from the one that is widely used in the literature (for
instance, Gérxhani 2004; Lefebvre et al. 2015). For details about our questionnaire on
taxpayer awareness, see Section 4.4. The second set included questions on lottery vs.
safe cash choice to elicit the risk preferences of the subjects. After the questionnaires
were completed, the subjects were immediately paid in cash (privately). Each subject
was paid the show-up fee of 800 yen plus the total earnings over three periods, which

were randomly decided by a lottery.

4. Experimental results
4.1. Tax gap
We start with an overview of the distribution of tax gap. Given an observation

(v,

1,t°

Rj’t) where 7and ¢ are subject and period indices, respectively, the corresponding
tax gap (or the foregone tax) is g;,=0 if audited, and
g.,=tY,,-R; )=02(Y,,-R;,) if not audited.
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Figure 2 is the histogram of the tax gap by rule, with a bin size of 10. The
horizontal and (reverse) vertical axes represent the fraction and tax gap, respectively.

Table 2 presents the summary statistics for the tax gap by rule.
[Figure 2 here]
[Table 2 here]

Although Cut-off O yields the lowest median tax gap of 2, Cut-off O simultaneously
yields the highest standard deviation of tax gap of 44.87. This is attributed to the large
tax gap under Cut-off O. In particular, 3.82% of the Cut-off O data are in the high range
of tax gap over 150, which is achieved if a subject evades income over 750 and is not
audited. Moreover, note that the maximum possible tax gap per report (200) is achieved
only when a subject with (Y} ,, R, ,)=(1000,0) is not audited. In contrast, Cut-off S and
LIRA succeeded in mitigating large evasion over 150 (1.00% for Cut-off S and 0.50% for
LIRA) associated with lower standard deviation of tax gap, compared to Cut-off O. The
data suggest that optimal cut-off does not incentivize subjects to report truthfully as

much as expected, and that non-optimal cut-off and LIRA are better ways to do so.

4.2. Subjects’ reporting behavior

In this subsection, we focus on reporting behavior, considering the reporting strategy
averaged across subjects. Figure 3 is a counterpart of Figure 1 illustrating the subjects’
mean reporting strategy and compliance rate induced by the strategy by audit rule,

with a bin size of 100. Capped spikes denote the standard error of the mean.
[Figure 3 here]

Figure 3 shows that the data highly deviate from the theoretical prediction.
First, we consider the subjects in Random, shown in Figure 3 with dash-dot lines with
diamonds. Although the theory predicts zero reporting for any income as shown in
Figure 1, the left panel of Figure 3 shows that the subjects in Random report some
fraction of their income. In particular, the compliance rate in Random fluctuates around
50%; i.e., the subjects report about a half of their true income, regardless of their income,
as shown in the right panel of Figure 3. The second notable deviation from theory is that
Cut-off O does not fully induce the compliance rate of one (that is, £ = ¥) for Y <= 750.

Instead, the average compliance rate is less than 0.8 for any bin. A similar tendency is

11



observed in Cut-off S.

Arriving at a consistent explanation for the upward shift in Random and the
downward shift in Cut-offs is difficult. For example, in order to explain why the
compliance rate in Random is higher than expected, assume that a fixed fraction of the
subjects is the honest type; i.e., they unconditionally report their true income. The curve
of observed strategy would be pushed up in every treatment, which contradicts the fact
that the Cut-off O subjects under-report their income. A similar argument holds if we
consider the tendency to obey the authority (i.e., the experimenters). Despite this
difficulty, in section 4.4, we conduct a regression analysis controlling for individual
attitudes toward tax payment.

In contrast to the unclear basis of the compliance behavior under Cutoff O and
Random, we can provide an intuitive explanation for the LIRA data (indicated with red
dash lines with triangles) presented in Figure 3, which exhibit an almost monotonically
decreasing compliance rate. This tendency is confirmed by the Spearman rank
correlation test using individual observed income Y;, >0 and r,, =R, /Y, . The test
finds a significantly negative correlation between the two variables ( p=-0.3789,
p<0.001).4 The logic behind this negative correlation is simple. Once subjects in LIRA
understand that lower-income subjects have a higher chance of being audited (the
reported income must be less than the true income), they naturally conceal more income
as the true income becomes larger. Hence, even if the subjects under LIRA do not
calculate the audit probability based on a candidate equilibrium strategy profile and
uniform income distribution, they can mimic such behavior.

To present the following result related to compliance rate, we classify the
income range into four quarters (Q) since the predicted strategies have kinks at Y= 250,
500, and 750: Q1: 10-250, Q2: 260-500, Q3: 510-750, Q4: 760-1000. The next result
summarizes the result of the comparison test of the compliance rates of the various

audit rules.

Result 1. Based on the compliance rates, we obtain the following results.
(i) The compliance rate significantly negatively correlates with income under the LIRA
and Cutoff S rules, while the correlation is not significant in the Cut-off O and

Random rules.

4 Results of Spearman rank test in other treatments are as follows. While under Cut-off O and
Random there is no significant correlation between income ( p = 0.0271, p =0.4699 and

p=-0.0181, p=0.6937), under Cut-off S there is a significant negative correlation between
compliance rate and income ( p = -0.2883, p < 0.001).

12



(1) In the combined data, the LIRA generates the highest mean and the lowest standard
deviation in terms of compliance rates, with significant difference compared to both
Cut-off O and Random.

(ii) In the QI range of income, the LIRA yields the highest mean compliance rates,
while in the @2, €3, and Q4 ranges of income, the Cut-off treatments do so.

Support. We had presented the support for result (i) in the above. The evidence for
result (i) is presented in the first section of Table 3, which lists the compliance rates by
mechanism in the five data sets: all the data (except 0 income) and income in Q1-Q4.
When we consider all the data, the LIRA yields the highest compliance rate (66.34%)
among the different audit rules.

A pairwise comparison using f-test, where individual observed compliance rate
r;, is treated as a single unit, shows that any pair of rules (except Cut-off S and LIRA)
has statistically significant differences in the mean compliance rate (#=statistic =
-2.4975 for Cut-off O vs. Cut-off S; ¢statistic = -3.9413 for Cut-off O vs. LIRA; ¢-statistic
= -3.3682 for Cut-off O vs. Random; ¢=statistic = 3.3682 for Cut-off S vs. Random;
tstatistic = 7.9929 for LIRA vs. Random). Moreover, the standard deviation of
compliance rate is the lowest under the LIRA (0.27). The two-sample variance
comparison test shows that standard deviation under the LIRA is significantly different
from that under the other rules (F*statistic = 2.4127 for LIRA vs. Cut-off O; F*statistic =
1.7052 for LIRA vs. Cut-off S; F*statistic = 0.4182 for LIRA vs. Random). This suggests
that the LIRA collects more basic tax revenue across a wide range of income classes
compared to the other two rules.

The subsequent sections of Table 3 suggests that the LIRA’s high overall
compliance rate is attributed mainly to reports from the Q1 and Q2 income ranges. This
result is intuitive since the subjects with low income under the LIRA become truthful to
avoid having the lowest reported income. If we focus on the data of the Q1 income range,
the LIRA yields statistically significant higher compliance rate compared to the other
rules (¢statistic = -7.0950 for LIRA vs. Cut-off O; ¢statistic = -4.9868 for LIRA vs.
Cut-off S; ¢statistic = 8.0052 for LIRA vs. Random). In the Q2 range, the compliance
rate under the LIRA is second highest, but it is not significant from the highest one,
which is that under the Cut-off S rule (¢statistic = -4.0161 for LIRA vs. Cut-off O;
tstatistic = 1.4226 for LIRA vs. Cut-off S; ¢=statistic = 5.4935 for LIRA vs. Random).

In Q3 and Q4, the Cutoff treatments outperform the other rules. In Q3, Cut-off
S yields the highest compliance rate of 69.32%, with significant difference compared to
the other rules (¢statistic = -1.7560 for Cut-off S vs. Cut-off O; ¢statistic = 2.9635 for
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Cut-off S vs. LIRA; ¢statistic = 3.3649 for Cut-off S vs. Random). In Q4, Cut-off O yields
the highest compliance rate of 64.19%, with significant difference compared to the other
rules (¢statistic = 3.7814 for Cut-off O vs. Cut-off S; ¢statistic = 2.7903 for Cut-off O vs.
LIRA; tstatistic = 3.4126 for Cut-off O vs. Random).

[Table 3 here]

4.3. Revenue

In this subsection, we compare the amount of tax collected, the amount of penalty
collected, and the total revenue. In order to understand the data comprehensively, our
analysis related to revenue involves two dimensions, i.e., a comparison among the rules
and a comparison between the theory and the data for each rule. Table 4 presents the
tax collected per report generated by each audit rule (in contrast, Table 1 presented the

theoretical predictions of tax revenues).

[Table 4 here]

The rows are broadly categorized into tax revenue (Tax), penalty revenue (Penalty), and
their total. For each category, we calculate the actual mean and the expected mean
under the assumption that the subjects always followed the equilibrium report;
subsequently, we calculate the difference between the actual mean and the expected
mean. In the following discussion, subscripts 7 and ¢ represent subject 7 and period ¢,
respectively. Superscript e denotes the prediction. Based on Table 4, we get the

following results.

Result 2. With regard to revenue, the following hold true:

() The LIRA generates the highest basic tax revenue among the four rules, with
significant difference compared to Random.

(i) Random ranks highest in terms of penalty revenue among the four rules, with
significant difference compared to Cut-off'S and LIRA.

(ii) Cut-off O yields the highest total tax revenue, but there is no significant difference
In total revenue among the rules except for Cut-off O vs. Cut-off' S.

(iv) Moreover, Cutoff’s total revenue is not significantly different from the predicted
level, while the total revenues of Cut-off S, LIRA, and Random are significantly
higher than the predicted level.
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Support. For result (i), we focus on the category Tax. Notably, the LIRA yields the
highest average tax revenue per report of 62.6 = 1.53 (mean + standard error), followed
by Cut-off O (61.41 + 2.23), Cut-off S (60.42 + 1.52), and Random (52.28 + 2.52). We run
a ttest in which the individual observed tax (7ax;,) is treated as a single unit.> The
results of this test show that the mean tax values under the LIRA and Cut-off O are
significantly higher than the ones under Random (¢statistic = 3.7285 for LIRA vs.
Random; ¢statistic = 2.6711 for Cut-off O vs. Random). Hence, the data partially
support the ranking among the rules in terms of the basic tax revenue. In all the rules,

the difference between the actual tax revenue and its theoretical benchmark (the mean
of TaXf,t) is statistically significant. In particular, the Cut-off O, Cut-off S, and LIRA

data are significantly lower than predicted (#statistic = -18.0018 for Cut-off O;
t-statistic = -12.1194 for Cut-off S; ¢statistic = -5.8881 for LIRA), while the Random
data are significantly higher than predicted (#=statistic = 20.7713).

As for penalty, Random ranks highest (40.16 + 5.05), followed by Cut-off O
(32.68 = 3.63), Cut-off S (25.60 + 3.10), and LIRA (23.96 + 2.87). These findings are
associated with a statistically significant difference between Cut-off O and LIRA
(¢-statistic = 1.9007), Cut-off S and Random (¢statistic = 2.9444), and LIRA and
Random (¢statistic = -3.0042). The findings contradict the theoretical predictions that
Cut-off O would have no penalty revenue, and Random would have only penalty
revenue. Simultaneously, each rule exhibits statistical differences in terms of penalty
between the data and the theoretical benchmark, with an increase under Cut-off O
(¢-statistic = 8.9949), Cut-off S (¢=statistic = 8.259), and LIRA (¢statistic = 6.7357), and a
decrease under Random (¢=statistic = -7.3564).

Finally, we consider the total revenue from tax and penalty. The empirical
ranking among the rules in terms of total revenue is qualitatively consistent with the
theoretical one presented in Table 1. In the experiment, Cut-off O yields the highest
total revenue per report (94.1), associated with a statistically significant difference
compared to Cut-off S (¢statistic = 1.7174). However, Cut-off O’s revenue is not
significantly different from that under LIRA (86.6; ¢statistic = 1.5929) or Random (92.5;
tstatistic = 0.2658). Moreover, the mean revenue under Cut-off O is not significantly
different from the predicted one (¢statistic = 0.2190), while the mean revenues under

the other rules are significantly higher than the predicted ones (#statistic = 5.2416 for

5 We run hypothetical tests, where each observation (e.g., R:.¢, Taxi,:, Penaltyi,c and so on) is
treated as a single unit.
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Cut-off S; ¢statistic = 4.8469 for LIRA; ¢=statistic = 3.3885 for Random). In short, we
find some revenue smoothing among the rules. The breakdown of the revenue shows
that the subjects report their income truthfully even under Random, while Cut-off O

does not incentivize the subjects to report income truthfully.

4.4. Regression results

In this subsection, using multiple regression analyses, we confirm that audit scheme,
amount of income, and awareness about tax payment affect the tax evasion decision.
The regression analysis involving tax payment awareness enriches our understanding
of the data. The analysis is in line with the claims put forward in the extant literature
that the motivation to comply depends on the subjective constructs related to the tax
phenomenon and the collective sense-making of subjective tax knowledge, the myths
and legends about taxation and others’ tax behavior, the subjective constructs and
evaluations of perceived and internalized norms, the perceived opportunities not to
comply, and the perceptions of fairness (Braithwaite 2003). The aggregation of these
variables results in the motivation and drive of taxpayers to behave honestly. The
aggregation of subjective constructs and socially shared beliefs and evaluations is
related to motivational postures (Braithwaite 2003).

Each subject answered the question about tax awareness (tax payment
awareness, acceptable tax rate, aggressiveness toward tax evasion, need for audits,
satisfaction for public service) after the experiment. Moreover, all the participants
completed the questionnaires for the measurement of risk preference. In order to
measure the subjects’ degree of risk aversion, we set 11 lotteries vs. safe constant cash
questions, varying the winning probability of the lottery from 0% to 100% with an
increment of 10%. We measured each subject’s switching point where (s)he begins to
prefer the lottery to safe constant cash. We included the tax awareness and risk
appetite of the participants (each answer to the questions) in the regression model as
independent variables.

We present the descriptive statistics before considering the determinants of
cheating behavior. The definitions of the variables for the descriptive statistics and
multiple regressions are presented in Table 5. The total number of observations is 2,800
(140 subjects x 20 times). From these, 240 observations were excluded from the
analyses since the subjects did not reply to the questions after the experiment. Further,
14 observations for which we were unable to calculate the decision time were excluded.

Thus, 2,546 observations were used as the sample in our statistical analysis.
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[Table 5 here]

4.4.1. Comparison of true income reporting and under-reporting

Table 6 presents the descriptive statistics for true income reporting and untrue
income reporting (i.e., under-reporting). Subjects with high awareness regarding tax
payment are less likely to cheat about their income (tax awareness: ¢= 4.08, p < 0.001).
Moreover, subjects who do not feel the necessity for tax audits are more likely to evade
tax payments (need for audit: ¢ = 4.45, p < 0.001). Our results support the results
reported in prior studies such as Braithwaite (2003). Moreover, the risk attitude of
individuals affects their decision to evade tax. Subjects who dislike risky choices are
likely to report their income truthfully (risk appetite: £= 3.02, p = 0.030). Finally, when
a penalty was imposed on a subject, the probability that the subject would cheat about
his/her income becomes high (Penalty(#1): t=-5.52, p <0.001).

[Table 6 here]

4.4.2. Multiple regression analyses
By including the compliance rate as a dependent variable, we get Result 3, which is a

counterpart of Result 2 (Section 4.3).

Result 3. The linear regression model (Std. Err. adjusted for 20 clusters in task period)

presents the following results.

(i) All the audit rules have a positive correlation with the compliance rate.

(1) The tax awareness and the need for a tax audit institution of the subjects have a
positive correlation with the compliance rate.

(ii) The aggressiveness toward tax evasion and gender (specifically, male) have a
negative correlation with the compliance rate.

(v) The time spent in order to report income has a positive correlation with the
compliance rate.

(v) The previous penalty has a negative correlation with the subsequent compliance

rate.

Support. Table 7 presents the results of the regression analysis. In our model, standard
error is adjusted for 20 clusters in the task periods because each subject repeats the
task 20 times. The dependent variable is the compliance rate. The independent

variables include each income category (the low-income category being the omitted
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reference category) and the tax payment awareness and risk appetite of each subject.
Moreover, the model includes gender (1 if male and 0 if female), the time spent in order
to report income, and the previous audit and penalty (Alm 1988; Coricelli et al.2010;
Kastlunger et al. 2009).

[Table 7 here]

The main result of the regression analysis indicates that all the audit rules are
positively correlated with the compliance rate (Cut-off O: £= 3.52, p=0.002; Cut-off S: ¢
=5.01, p<0.001; LIRA: £=6.98, p < 0.001). This supports the result of the analysis of
the subjects’ reporting behavior (Result 2(i)). That is, after controlling for the subjects’
attitudes toward tax compliance, the LIRA still leads to an increase in the compliance
rate.

Many factors such as personal norms, perceptions of fairness, and individual
personality traits may affect the taxpayers’ income-reporting decision (Alm 2012;
Cadsby et al. 2006; Kirchler 2007). For instance, Porcano (1988) finds that a person’s
honesty and tax compliance are significantly related to the under-reporting of income
and tax evasion. Ahmed (2004) finds that shame displacement processes (i.e., anger
toward the tax office) are negatively related to personal norms of tax honesty. Our
results indicate that the tax awareness and the need for tax audit of the subjects have a
positive correlation with the compliance rate (tax awareness: ¢ = 2.84, p = 0.010; need
for audit: #=5.43, p < 0.001), and that the subjects’ aggressiveness toward tax evasion
has a negative correlation with the compliance rate (aggressiveness: t=-2.03, p=0.057).
Moreover, some prior studies included gender as an independent variable in the
regression model for the determinants of tax evasion. Lefebvre et al. (2015) find that
male taxpayers tend to evade taxes. Our result supports this finding (male: #=-5.14, p<
0.001).

Whether audits and fines can actually deter evasion is often debated (Kastlunger
et al. 2009). Penalties are frequently assumed to be useful measures in prohibiting
undesired behavior (Landsberger and Meilijson 1982). However, the results of prior
studies examining the effects of fines on tax compliance are mixed. Friedland et al.
(1978) find that higher punishment seems to be slightly more efficient in preventing
evasion compared to higher audit rates. In contrast, Weck-Hannemann and
Pommerehne (1989) find no significant effect of punishment. There are many
explanations as to why fines do not have the predicted high effect on tax compliance.

Kirchler (2007) suggests that taxpayers try to avoid taxes when the benefits that they
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could gain are uncertain. Halperin and Tzur (1990) show that the proportion of evaders
is not a sufficient reason to explain the low penalty rate. Our result shows that the
previous amount of penalty has a negative correlation with the subsequent compliance
rate (Penalty (#1): £=-10.31, p< 0.001).

5. Conclusion

The contributions of this study are as follows. We confirm that tax revenue can be
improved by deciding the scheme for choosing the audited target, controlling tax, and
penalty rate, and determining the auditing resources. Although this suggestion is based
on theoretical predictions, we show that this actually works in a laboratory setting.
Among the auditing rules considered, the LIRA ranks first in terms of the compliance
rate contrary to the theoretical prediction that setting the appropriate cut-off point is
optimal. A symmetric equilibrium strategy under the LIRA as a Bayesian game, which
has been derived for the first time to the best of our knowledge, is qualitatively
supported in the lab by the significant negative correlation between the compliance rate
and true income. The fact that the LIRA ranks first in terms of basic tax revenue shows
that the LIRA improves voluntary truthful reporting; however, this r