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Abstract

The paper extends the standard tax evasion model by alldairgpcial interactions. In
Manski’'s (1993) nomenclature, our model takes into accendbgenous interactionse.,
social conformity effectsexogenous interactions, i.efairness effects, andorrelated effects
Our model is tested using experimental data. Participantt oecide how much income to
report given individual and group tax rates and audit prdhis, and given a feedback on the
other members’ reporting behavior. Myopic and self-caesisexpectations are considered in
the analysis. In the latter case, the estimation is basedwa-amit simultaneous tobit with
fixed group effects. A unique social equilibrium exists whiea model satisfies coherency
conditions. In line with Brock and Durlauf (2001b), the ingic nonlinearity between individual
and group responses helps identify the model. Our reswdisge evidence of fairness effects but
reject social conformity.

JEL: H26, D63, C24, C92, Z13.
Keywords: Social interactions, tax evasion, simultaneous tobipiatory experiments.

*Département d’économique, Cirpée and Cirano, Unitetsaval, Québec, Canada.
E-mail: Bernard.Fortin@ecn.ulaval.ca

tDépartement d’eéconomique, Cirpée and Cirano, Unitetsaval, Québec, Canada.
E-mail: Guy.Lacroix@ecn.ulaval.ca

IGATE-CNRS, Lyon, France, and IZA, Bonn, Germany. E-mailleval@gate.cnrs.fr
The authors are grateful to Jordi Brandts, Leonard Dudleyl&ime Fréchette, Thierry Magnac, Charles Man-
ski, Jean-Marc Robin, Jean-Louis Rulliere and John Rustdeful discussions. They are also grateful to seminar
participants at the University Autonoma of Barcelona, aths School of Business, at Pompeu Fabra University,
Université d’Aix-Marseille, Université Lyon 2, Univeité Paris-1 Sorbonne, and participants at the 2004 Eco-
nomic Science Association Conference in Amsterdam, thd 2ablic Economic Theory conference in Beijing,
the 2005 Experimental Public Economic Conference at Gadstate University, and to seminar participants
at the 2004 AEA Meetings in San Diego. They also wish to thankRin Zeiliger for programming the ex-
periment. The research was supported by the Région RhipesAthe Fonds FQRSC and the Canada Chair
on the Economics of Social Policies and Human Resources.p@per was partly written while Lacroix was
visiting the Instituto de Analisis Econbmico de Barcedpwhose hospitality and financial support are gratefully
acknowledged. He also received financial support from thes€jo Superior de Investigaciones Cientificas.



1 Introduction

In the standard model of tax evasion first proposed by Allalghand Sandmo (1972) and
Yitzhaki (1974), the taxpayer is treated as an isolated eegleutility maximizer who makes
a portfolio decision under uncertainty. Cheating on taxa@ksldown to a risky activity whose
payoff is either a lower tax burden or a penalty imposed bytdiReauthority. This theoretical
framework assumes that the taxpayer is completely indalidtic and amoral. His willingness
to underreport income is not affected by social norms norryyfarm of social interactions.
Consequently, predicting the effects of tax or fraud préeanpolicies can be seriously mis-
lead if social interactions do indeed play a significant inleax evasion behavior. Thus, as is
well known since Schelling (1978) and Akerlof (1980), ikependent behavior may generate
multiple equilibria and exhibit contagion and epidemictégas through a “social multiplier
effect” [see Glaesegt al. (2003) for a recent discussion].

There are many reasons to believe that individual tax exmasgzisions are affected by
social norms and social interactioresd., Andreoniet al. 1998). First, Erard and Feinstein
(1994) insist on the role of guilt and shame in tax compliabebavior. Alm, McClelland
and Schulze (1999) show that social norms play a crucialantethat voting on fiscal rules
or communication can affect these norms. Likewise, Gord@89) and Myles and Naylor
(1996) argue that an individual can derive a psychic payaiinf adhering to the standard
pattern of reporting behavior in his reference grasgc{al conformity effe¢t Second, through
learning from his peers, a taxpayer may find less costly waysitlerreport income, to lower
the risk of being caught or to reduce penalties associatéu tak audits $ocial learning
effec). Finally, the individual’s perception of the fairness a$ hax burden may influence
his tax evasion decisions. Indeed, Spicer and Becker (188@ provided evidence that those
who believe they are treated unfairly by the tax system aneriicely to evade taxes to restore
equity fairness effegt

While most economists probably agree with this taxononerédlis certainly no consensus
as to the magnitude of social interaction effects. Inddeglyery existence of these effects has
become a controversial area of research in economics. Megsocial interactions effects
raises difficult identification problems (Manski 1993) ahey may prove hard to estimate
when they are identifiable (Moffitt 2001, Blume and DurlauD3) Yet, even when appro-
priate data and econometric methods are used, they ofteroturto be small or negligible
determinants of individual outcomes.§, Spicer and Hero 1985, Evaret,al. 1992, Aaron-
son 1998, Krauth 2006).

The identification problem arises from the fact that intpeledent behavior takes differ-
ent forms that are difficult to isolate. In Manski’'s (1993)nténology, the propensity of an
individual to evade may genuinely vary according to the behraf the group éndogenous
interactionssuch as social conformity and social learning effects),itoonay also vary with



the exogenous characteristics of the group memlsxagenous interactiorsich as fairness

effects). Further, correlated outcomes need not arise iinbendependent behavior alone. In-
deed, members of a given group may behave similarly bechegenave similar unobserved
characteristics or face similar institutional environnsecorrelated effecis

In a linear-in-means regression-like model with sociakiattions, Manski (1993) has
shown that equilibrium outcomes cannot distinguish scaffalcts (endogenous + exogenous)
from correlated effects. Moreover, even in the absence weladed effects, simultaneity in
behavior of interacting agents introduces a collinearéy®en the mean outcome of the group
and its mean characteristics. This so-calledftection problem™inders the identification of
the endogenous effects from the exogenous effects. A nuofilbesearchers€.g, Brock and
Durlauf 2001b, Moffitt 2001) have analyzed alternative medkat allow for identification
(e.g, nonlinearity of the mean endogenous group effect on iddai behavior, exclusion
restrictions on exogenous interaction variables, randechgroup composition). However,
the validity of these models rests on the credibility of theritifying assumptions imposed to
the model which in turn may depend on the nature of the datd tosestimate the model.

Even when an interactions-based model is identified, iimasbn raises serious econo-
metric problems. In particular, the mean group decision¢lvhppears as a regressor, is likely
to be endogenous for two reasons. First, since individwafssslect within groups, they are
likely to face common shocks and their unobserved chaiatiterare likely to be highly cor-
related (sorting bias). Second, because individual andpgoehavior feed on one another, the
two variables are potentially simultaneously determirsdeast when the groups are small
(simultaneity bias).

Several studies that correct for the sorting bias show tireenhdogenous interaction ef-
fects shrinks and sometimes completely disappear. For g@eatnased on micro-simulation
estimation, Krauth (2006) has found that the actual peecedin teen smoking is halved when
compared to standard estimation procedures. This regydests that papers reporting impor-
tant peer effects should be taken cautiously if they ignatemial selection effects. Krauth
has also shown that the simultaneity bias may be importasml groups. Therefore the use
of appropriate data and econometric models is requiredoaige a robust test of the existence
of social interactions effects.

In this paper we estimate the impact of social interactiomgax evasion based on the
results of a laboratory experiment. Our approach takesdntmunt both the identification
and estimation problems related with the estimation of suetodel. Moreover, we provide a
test for the existence of multiple equilibria. Participargceive a fixed endowment and must
decide how much income to report given their tax rate andtgudbability, given those faced
by the other members of their group, and given the group’syne@aorted income. Each game
is repeated a sufficient number of periods to insure converyt a (Nash) social equilibrium.
We first develop a theoretical model of tax evasion with boithogienous and exogenous social
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interactions. We thus extend the standard Allingham-San¥itzhaki model by allowing for
social conformity and fairness effectsThe model allows two types of two corner solutions:
no tax evasion or no tax compliance. This is important sir8% 4f all observations turn out
to be censored in our data.

Social interaction effects crucially depend upon how agemtticipate group behavior.
Two alternatives are considered. The first assumggpic expectationghereby decisions
are based on lagged group mean response. The second as&lfreemsistent expectations
whereby decisions are based on the contemporaneous graup negponse. In the former
case, a simple two-limit tobit model yields consistent paeter estimates under mild con-
ditions. In the latter case, a two-limisimultaneoustobit model must be used to account
for the endogeneity between individual and group respongésexploit the non-linearities
generated by the truncated normal distribution of the eadogs variables to help identify
the model. We show that a unique social equilibrium existeno-called “coherency con-
ditions” (Gouriérouxet al. 1980) are satisfied. In a sense, this approach extends Brack a
Durlauf’s (2001a) discrete choice model to the case whexeémsored choice variable is a
mix of discrete and continuous variables.

For the purpose of estimating the impact of social inteoadtion tax evasion, experimen-
tal data such as those we use have many advantages oveatlesources of information
(audited tax returns or randomized surveys). In partictiteay allow to control the reference
group with whom individuals interact in the laboratdryHence, because group size is de-
termined exogenously and membership assigned randorahjfidation of social interaction
effects is easier to achieve (Moffitt 200°%LAIso, insofar as correlated effects persist, they can
be dealt with though the use of group fixed effects, as longasyrgames are played by the
participants. This also help identify the model.

Experiments are useful in circumventing problems that anenisic to audit and survey
data. For instance the probability of auditing is generadlated to the extent of underreport-
ing. Analyzes that use either type of data have to controbdential endogeneity biases. In
an experiment, the audit probability can be randomly agsigand unrelated to the intensity

!Because agents share the same information in our expedhsattip, we do not consider social learning.
We nevertheless present a simple test for dynamic socialifepand reject it strongly. See section 5.

2Audited tax returns usually do not reveal the nature of tifieremce group within which an individual may
interact. This information is required to estimate soc@hformity effects (Manski 2000). Also, though ran-
domized surveys can provide subjective information on éxpayer’s reference group..,Sheffrin and Triest
1992), a substantial fraction of tax evasion activities|dely to be underreported in these data (Elffetsal.
1987). Moreover tax evaders may overestimate the amoueported by their peer group in order to better
justify their own behavior (cognitive dissonance bias).

3In practice however, random assignment may not wash awaglgrdorrelated effects since participants are
usually drawn from a restricted pool of volunteers who dtelli to have similar unobserved characteristeg(
students from a business school and from engineering sghamIn our experiment).



of evasion, thus avoiding the problem. In addition, the useomputerized devices avoids
measurement errors likely to distort field data since deosin the laboratory are perfectly
recorded.

Few attempts have been made to document the impact of so@ehctions on tax com-
pliance using experimental data. What little evidencetexs rather inconclusive. Recent
attempts have focused on criminal activities such as sigéltalk and Fischbacher 2002) or
free riding in public goods games (Fadk al. 2004), but none has focused on tax compliance
per se One notable exception is Bosco and Mittone (1997). In theiting, individuals re-
ceive a public good commensurate to the tax contributioral @roup members. They have
found strong evidence that individual compliance is infeeshby the reporting behavior of
other group members. In an older experiment, Adtral. (1992) have similarly found that
compliance increases when taxpayers receive a public goexthange for their payment. In
our setup, contrary to most experimental studies, indafigdoonetary payoffs do not depend
on the other participants’ behavior. This allows us to lyatelate the effect of social inter-
actions. To our knowledge, this is the first attempt to aralye reflection problem using
experimental data.

The rest of the paper is organized as follows. In Section 2pmsent the theoretical
model. Section 3 describes the experiment. Section 4 dissutie econometric approach.
Section 5 discusses the main features of the data and psekenéconometric results. Ac-
cording to our findings, equilibrium outcomes are consisteith (anti-)conformity effects
when expectations are assumed to be self-consistent arddiogeneity of group response is
not accounted for. When expectations are assumed to be opybei(anti-)conformity effect
is still significant but much less important. Finally, it is fonger statistically significant when
endogeneity is taken into account and self-consistentatapens are assumed. Our results
also provide some evidence of fairness effects but systeatigitreject correlated effects. As
expected, individual tax rates, audit probabilities, ganand inequality aversion all have a
significant influence on tax compliance behavior. Sectioor&tudes the paper.

2 A Modd of Tax Evasion with Social I nteractions

2.1 Modédling theindividual tax evasion decision

In this section we introduce endogenous and exogenoud smeigctions among taxpayers
into the standard Allingham-Sandmo-Yitzhaki tax evasiadel? Consider individuai who

4In the literature, not all models rely on the expected wtitiieory. For instance, Dahmi and al-Howaini
(2003) show that the positive link between tax rates andevéakes can be rationalized by the “prospect theory”.



belongs to a reference group of si2é N being exogenous. His decision horizon is one
period. His before-tax incomé, normalized to 1, is unknown to the tax authority and is
exogenous. For simplicity, assume all individuals in theugr have the same income. The
individual faces a flat tax rate on his reported incomel);. He must decide how much
income to report knowing that with probabiligy his tax return will be audited. If caught
cheating he must pay the amount of evaded#a¥, with F; = 1 — D,, plus a commensurate
penaltydt; F;, with & > 0. For simplicity, the penalty rate is assumed the same faryeve.

If the individual is not audited, his net income will he- ¢, D;. If he is audited his net income
willbe 1 —-t,D; — (1+0)t;F; = 1—t,D; — (1+0)t;({ — D;). Expected utility,£U;, is assumed
to consist of two separable components:

The first component within braces is the private expectddyuéissociated with tax compli-
ance behavior, that is, with a choicedf. Assuming that the individual is risk averse, private
utility «(-) is increasing and concave in consumption. The second coempdf( D;, X;) , is
the social éx-ante utility associated with tax compliance. This componergssumed to de-
pend on reported incomé),, and on a vectok; of exogenous variables to be defined betow.
The marginal social utility of tax compliance; = 05/0D;, is assumed to depend only on
X; . s; = s(X;). ThereforeS(D;, X;) is an affine function oD; and can be written as:

S(Di, Xi) = s(X;)D; (2
S(Eiiuf—iaﬁ—iaAi7z—i7€i)-Di‘ (3)

The vectorX; includes a number of variables. First, we assume that thginarsocial util-
ity of tax compliance depends dn_, , individuali's subjective expectation of the mean tax
compliance of the other members of his reference group. Atipeffect corresponds to a
social conformity effect. In that case, preferences exhibit so-called strategic tammgntar-
ities (Brock and Durlauf 2001a). A negative effect corregmto a social anti-conformity
effect (strategic substitutabilities). In that case thdividual prefers to deviate from the tax
compliance behavior of his reference group. Second, givehparticipants receive the same

Both Kahneman and Tversky (1979) and Alm, McClelland andu&eh(1992) provide some evidence that
individuals overweight low probabilities of audit. RobhaNebley, Weigel et al. (1990) show that taxpayers
evade more when they perceive the tax system to be unfaithenaudit probability low (“equity theory”). On
the other hand, King and Sheffrin (2002) have conducted parixent based on framed questions that lead them
to conclude that subjects behave more in accordance witbogag utility theory than with either the prospect
theory or the equity theory.

5The separability assumption between private and soclilesiis relatively common. See Brock and Durlauf
(2001a).

5Myles and Naylor (1996) assume that the conformity effetinisted to the evasion decision. In our more
general approach, the evaded amount (not only the evastsiat® can be influenced by the behavior of other
group members (see Gordon 1989).



before-tax income, the individual’'s marginal social tjiis assumed to be increasing with his
group’s tax ratef_;, and his group’s audit probability, ; , given his own tax rate and audit
probability rate (fairness effect§)Finally, X; includes a sub-vectot; of observable attributes
(e.g., gender), a sub-vectot_; of the corresponding mean observable attributes of the othe
members and the realization of a random terthat captures unobservable individual-specific
attributes and attributes that are common to all individirathe groug. The theoretical model
and its econometric counterpart are linked throegh

We assume that the public goods funded by the tax receipt®denter the individual’s
utility and therefore have no bearing on tax evasion degssiGubstituting equations (3) and
(2) into (1) and assuming that preferences satisfy the VaimMNen-Morgenstern axioms, the
individual’s problem is to choose how much income to repart, so as to maximize his
expected utility (1) subject to the inequality conditigns. D; < 1.

The optimal level of reported income can be derived from tharikTucker conditions.
Instead, we present an equivalent formulation that is moti&e with our econometric spec-
ification. Let us first solve the optimization problem whiggoring the inequality conditions
on D;. The equation foD;, the latent variable associated with, can be written as:

D;k = D*(tiaphbe_mgfhz_)fi?Ai?Z*i’gi)' (4)

Because the individual’'s income and penalty raéee assumed constant they are omitted from
(4). Given the inequality conditions ab; , the relationship between the (observed) variable
D, and the latent (unobserved) varialdk is:

Di=1(0 < D! < 1)D: + (D! > 1), (5)

where(a) is an indicator function for the event

From this model we can derive six predictions regarding tesmn:

1. A risk-averse individual will always underreport hisamge (i.e., D; < 1) whenever
1 —s(X;)/tu'(1 —t) — pi(1 4+ 0) > 0, that is, whenever the expected return on evaded
taxes is strictly positive, with due allowance for the magdisocial cost of tax evasion,
s(X;)/tu'(1 — t).The latter will be positive if tax compliance yields a positisocial
marginal utility (s(X;) > 0). Interestingly, simple expected utility models predictahu
lower compliance rates than what is usually observed intjpea¢see Andreonet al.

"To simplify the presentation, we do not inclutieandp; in the vectorX;, that is, we ignore the fairness
effects associated with changes in the individual's tag cataudit probability. However, these effects are taken
into account in the estimation of the reduced-form model.

8The vectorsd andA_; and the scalas; could also influence the private utility component of thevrdlal’s
expected utility. However this would not change the comipaatatics of the model in any significant way.

6



1998). The difference may be partly attributable to the smisof this marginal social
cost.

The next five predictions concern the impact of exogenoumms on the amount
reported by individual assuming an interior solution:

0D;/0t; =7, assuming decreasing absolute risk aversion;
dD;/0p; > 0;

oD, /0D, =7

OD;/ot_; > 0;

o g k~ w N

0D;/0p_; > 0.

Proposition (2) states that the impact of an increase inakedte on tax compliance can
be positive or negative. The impact can be decomposed imatwponents of opposite sign.
The first is positive (see Yitzhaki 1974) and has raised afldiszussion in the literature since
it is rather counter-intuitive. It arises because the pgnalproportional to the amount of
evaded tax. Therefore an increase in the tax rate involvesihstitution effect between the
individual’s private consumption when he is audited andmhe is not. Because it reduces
income, however, the individual is induced to cheat lesssifilvsolute risk aversion decreases
with income. The second effect derives from the social camepb in the utility function.
Because the marginal cost (in terms of paid taxes) of tax dange increases with the tax
rate, the individual reduces his level of tax compliance.er€fore, our model shows that
adding a social component to the utility function may getesggpositive relationship between
tax rates and tax evasion.

Proposition (3) was first derived by Allingham and Sandmor@)%nd states that an in-
crease in the audit probability increases tax complianogpdzition (4) states that an increase
in the mean reported income by the reference group may iset@a compliance (social con-
formity effect) or decrease it (anti-conformity effectjnglly, propositions (5) and (6) indicate
that an increase in the tax rate or in the audit probabilitgroindividual’s group increases his
tax compliance (fairness effects). Propositions (4)—€)ve from the fact that an increase in
the marginal social utility of tax compliance, induces the individual to report more income
to the tax authority.

2.2 Social equilibrium with tax evasion

We assume that an individual acts non-cooperatively and doetake into account the effect
of his decision on the choices made by the others. In ordedsybie makes his tax compliance
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decision conditional upon his expectations about his gsoopgean reported incomd_;)e_i.
To close the model, we must state explicitly how individualsn their expectations and in
particular how these relate to the information availablghattime the decision is made. This
issue is crucial because the estimates of the social coitfoeffiect are intimately related to
the expectations formation mechanism.

Prior to discussing how expectations are formed, some eltnoé the experimental setup
must first be described. Each group plays five separate atitezaounds. At the beginning
of each round, tax rates and audit probabilities are rangasgigned to group members and
remain constant for the duration of the round. Each roundakdn-down into periods. At
the end of each period, once every group member has recoisldddision,D _; is computed
and reported to each membefThe game is repeated a sufficient number of periods to insure

convergence is reached. The convergence criterion is m@d@%(ﬁfﬁl - 3772)/3772 <
.05.°

Given the above experimental setup, we consider two aligenaexpectation formation
mechanisms. The first assumes expectations are based amtipsgnean reported income
in the preceding period (myopic expectations). An impdrtadvantage of assuming myopic
expectations is its simplicity. If one further assumes thatrandom terms are not autocorre-
lated, the variabl®® , (which, in this case, is equal ", for ¢ > 2) is exogenous!® The
model is thus identified if the correlated effects can be antad for by group fixed effects.
The main weakness of this approach are that is it based @ &mocassumption about the
appropriate lag length. Also, it implies that individuaésxanake systematic forecasting errors
without ever adjusting their expectations.

The second alternative assumes that expectations aredragieelcontemporaneous group
mean reported incomesélf-consistenexpectations). If there exists a social equilibrium, it
follows thatD® ; ~ D_; which is a property of the (Nash) social equilibridiThis approach
thus allows us to assume self-consistent beliefs when astigithe model. The equilib-
rium condition of the model is thus obtained by settilg, = D_, and replacingD_; by
ﬁ(ﬁ]\f — D;) in the latent equation (4). Substituting this equation i{®pand solving for
D; as a function ofD andx;, we getD,; = D(ﬁ, x;). Adding overN and dividing byN we

9Obviously the convergence criterion can only be computtst &0 periods. After ten iterations, the round
is stopped if no convergence has been reached and the rodisdasded. See Section 3.

100ur econometric model allows for autocorrelation due tohseovable (to the econometrician) invariant
group characteristics, since the latter are taken intowrdday group fixed effects.

f there are innovations in the random teem at each periods; becomes:;;) and individuals do not
communicate, the perfect foresight equilibrium will be leeyed by a rational expectations equilibrium with:
D, =E(D_;).



finally get:
N

>~ Di(D, ;)

D="=——=G(D,), (6)
wherez is the vector of all exogenous individual and policy varezbbf the model. Since
G(D, x) is continuous and the support bfis compact, it follows from Brouwer'’s fixed point
theorem that there must exist at least one solutiofthat satisfies this condition. As argued
by Brock and Durlauf (2001b), multiple equilibria are a coomfeature of interactions-based
models such as (6). We will take up this issue in Section 4 amevil show that it is related
to the coherency conditions in the model to be estimated.

3 TheExperiment

The purpose of our experiment is to generate data to estamdttest our model of tax evasion
with endogenous and exogenous social interactions. Thigosepresents the experimental
design and discusses its external validity, that is, howessilts could be generalized to the
larger population.

3.1 Experimental Design

Our experiment comprises two parts (see instructions inefdigpx A). The first part of the
experiment, which is mainly used to help participants torldeow to play the games, consists
of 5 rounds. To facilitate decision-making, this part exidls endogenous social interactions
and therefore information on group behavior is not disaoSBIOINFO” treatment). Each
group is composed of 15 participants. At the beginning oheacind, each participant re-
ceives the same initial exogenous “endowment” of 100 erpemial currency units (ECU)
which constitutes his income. He is requested to give backraegptage of his income (a
“deduction rate”). There are 5 different tax rates, withreeate randomly assigned to 3 par-
ticipants. This is common knowledge. Each participantls tisat these paybacks will go into
scientific research fundsé€., the lab gets this amount of money back). To satisfy thisest
the participant must report an amount between 0 and 100 tHddenpartly taxed back. He is
informed that his reported income can be audited accordirggdertain probability and that
this audit will entail the payment of a fine (a “penalty”) ifdlmeported income is less than his
endowment. The penalty is fixed at 100% of unpaid taxes. Tdrerd audit probabilities, with



each audit probability randomly assigned to 3 particip&hThis is also common knowledge.
The participants are informed that the probabilities adependent of the reported amounts.
It should be noted that the distribution of individual tatesis independent of the distribution
of the audit probabilities.

To simplify decision-making, a scrollbar on the computeesa indicates for each possi-
ble value of reported income the payoffs if not audited armhifght cheating® At the end of
each round, once all participants have validated theirsttion the keyboard, a new round
starts automatically. There is no feed-back about actuditaand payoffs before the whole
session is completed. This limits the presence of wealécesfduring the experiment that
may distort compliance behavior. At the beginning of eaclw neund a new series of tax
rates and audit probabilities are reassigned to the groupbemes. We deliberately alternate
between medium, low and high tax and audit regimes and thlisraos kept constant across
sessions to ease comparisons. This was however not comnoariedge. Even if subjects
had been able to anticipate this order, it could not affeeirthehavior after being audited
since they received no feed back on actual audits.

The second part of the experiment also consists of 5 rourtdsoriesponds to the so-
called information condition (“INFO” treatment). Two maamanges are introduced in the
protocol. The first change relates to the structure of thedeu The second to the informa-
tional feedback. Each round now includes up to 10 periods.idéa is to allow convergence
in decision making to reach social equilibrium. In the firstipd of a new round, new tax and
audit regimes are assigned for the whole round. From thenslggeriod on, each participant
receives a feedback about the group behavior in the preyered. Hence, the number of
evaders among the 14 other group members and their mearia@gpocome appear on the
screen. During a round, individual tax rates and audit godibi@s are fixed. A new period
is launched until the convergence criteria is equal to oelotian 5% in absolute value. All
the other parameters of the protocol remain unchangedglarmund. If convergence is not
achieved within 10 periods, a new round is initiated.

By combining various tax rates and audit probabilities tkeegiment mimics a large range
of tax regimes (see Appendix B). A total of 12 sessions wergezhout, each involving 10
rounds. The sessions were subdivided into 3 sets. For eagh3odifferent tax and audit
regimes (high, medium, low) were used. In all, we thus expented with 9 tax regimes and
9 audit regimes, yielding as many as 45 individual tax andtaates.

2Allocating audit probabilities as a function of past de¢ectheating behavior would have increased the
realism of the experiment and enabled social learning,tbubuld also have made the results less comparable
with past experiments, the rules of the game considerabhg mmmplex and the convergence process slower.

B3Therefore, during the experiment, the subjects were fullgra of the risk of losses associated with each of
their decision. 61 observations indicate a loss in a roundhase losses were largely compensated by earnings
in other rounds. All subjects earned considerably more thaim show-up fee and nobody left the laboratory
with having to pay money out of their pocket.
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At the end of their session, participants were asked to fidlreanymous post-experimental
guestionnaire. This questionnaire aimed at collectingrmftion about individual charac-
teristics such as age, gender and college major. An addltim was added to elicit the
individual degree of inequality aversion. Participantd tmimagine a situation involving the
sharing of a pie among two persons (excluding themselvesdier do get less emotional de-
cision). They were asked to indicate their favorite shareragritwo possibilities. They had to
make three consecutive choices. The alternative shareg #eh0) against55, 65), (50, 50)
against(45, 70), and (50, 50) against(35, 85). Rejection of a greater pie but more unequally
shared can be considered a signal of a high inequality @rersin index of inequality aver-
sion (between 0 and 2) is included in some specificationseofitbdel as a control variabté.

This experiment was performed at GATE (Groupe d’AnalyseeeTéorie Economique,
France) using the Regate software (Zeiliger 2000). Ppdidis were volunteer undergrad-
uate and graduate students from four business and engicle@ols and university. A total
of 180 students participated in this experiment. Since sasision consisted of 10 rounds,
this provides a total of 1800 observations (900 for each ofNNED and INFO treatments).
Excluding rounds which did not achieve convergence leaviesah of 795 observations for
the INFO treatment. Participants were paid in cash in a s¢gpaoom. A show-up fee of 3
€, was added to cover participation expenses and partigpemd answered the questions on
inequality aversion received an additional £5The average earning was 13€7

3.2 External Validity

Laboratory experiments are often criticized because they mot properly reflect natural en-
vironments. In our particular setting, one may questiorettiécial character of the reference
groups, the contextual framework and the nature of the médion made available to the
participants in each round. We address each in turn.

We acknowledge that interacting with an artificial refelgecoup may be a poor proxy for
real-life interactions. In our game, the reference grougxisgenously imposed and consists
of all those who happen to show-up at a given session. Yeafipsoach presents an important
advantage: Every subject interacts with a single well-@efireference group of the same size.
Analyzing social interactions is thus made much easier tfaen using survey data. Indeed,
because these hardly ever provide any information aboetaete groups, the analyst often
assumes individuals interact with those who share simitabates: age, education, income,
vicinity, etc. (e.g.,van Praag and Frijters 1999). This is precisely what we daumexper-

1The index,F, is constructed as followed. We first define three dumriig¢s = 1,2, 3) associated to the
three consecutive choices above, with= 1 when the choice i$50, 50). We setF' = 0 whenV; = 0,V, =0
andV; = 0 orwhenV; = 0,V, = 0 andV; = 1 (low aversion),F' = 2whenV; = 1,V, =1andVz =1 or
whenV; = 0,V, =1 andV3 = 1 (high aversion), and’ = 1 in all other cases (average aversion).
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iment: participants are all students of nearly the same eg®|led in the local engineering
and business schools, and living in the vicinity of Lyon. pi&sbeing artificially generated,
laboratory reference groups may nevertheless closely enigai-life reference groups.

In designing the experiment, we have purposely chosen nobritextualize the game:
Participants were not told the decisions were about tax@vasd neutral wording was used
throughout to avoid framing effects.Although we have refrained from using terms such as
“fraud” or “tax evasion”, we can reasonably assume thatesttbjunderstood they were re-
quired to report the entirety of their endowment to avoidipiment. The notion of “penalty”
and “fine” should have made it clear that under-reportingmheheating. Lastly, contrary to
previous experiments, subjects were informed about tlesr'p behavior. It was nevertheless
important to keep the rest of the protocol as standard aslpes® that our results could be
compared to those of previous experiments. This is why teesrar audit probabilities were
randomly assigned.

Finally, the external validity of the experiment may be jeapzed by the fact that partic-
ipants are probably more informed than real-life tax evadéndeed, tax evasion is usually
not observed or revealed to peers or outsiders to avoid, gh#tme or being reported to the
tax authority. The reason participants are provided infdrom about the true mean reported
income and the number of evaders is to avoid strategic beha&ilowing individual misre-
porting would have made the mean uninformative and woule Isaviously compromise our
ability to identify the impact of social interactions.

4 Econometric model

In this section we discuss the econometric methodology tsedtimate the model. In the
presentation, we assume that individual expectationsasedon contemporaneous values of
the group’s mean reported income (self-consistent explens) 1 To ease our task, the latent
equation (4) is linearized as follows:

Dgl: = x?kﬁ + 75941@ + Egik(s +c7+ 77?@ (7)

where DY’ is a latent variable for the desired amount of income repobteindividuali in
groupg atroundk,i = 1,...,N, g = 1,..G, k = 1...K; z7, is a corresponding row vector of

15SAIm (1988) suggests that decisions made in a such a settitey beflect subjects’ preferences. Aihal.
(1992) conclude that the use of neutral rather loaded wgrdides not change behavior, while King and Sheffrin
(2002) show that subjects are reluctant to evade taxes elven using frames to stress the unfairness of the tax
regimes.

®\When expectations are assumed to be based on lagged graagesiea simple two-limit tobit is used to
estimate the model.
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observable exogenous variables (including a constan) téramdj are vectors of parameters,
¢’ represents unobservable group-specific attributesrénés an error term capturing the
effects of unobservable individual-specific attributesttimay vary across rounds. Since the
correlation between participants is taken into accounhleycomponent?, one assumes that
n?. is distributed asV (0, 2). The normal density and cumulative functiorvgf are denoted
by f(n7.) andF'(n,) respectively. In addition, let

— jR—
D!iik: T N_-1 Z D?im Tl = N_1 Z x?k‘
i i

In this modely is the endogenous social interaction effect. If positivatipipants conform
to group behavior, while if negative, they deviate from thheup behavior. The vectar
captures the exogenous effects (including the fairness®ffTo model the correlated effects
two approaches can be used. Treup random effectapproach treate’ as a random term
assuming it is orthogonal to the exogenous variabigs= ¢ + .. Thegroup fixed effects
approach allows? to be arbitrarily correlated with the exogenous variablébis method
is more general and in fact much easier to implement thandimedr approach. We follow
Aronssoret al. (1999) and use the group fixed effects approach. There aséthul dummy
variables to be estimated, one for each group, save onedw akntification. Following
Kooreman (2006), théV equations in (7) corresponding to those associated withdéwof
sessiory can be written in matrix notation as

D" = X{B+TD{ + X0+ C/uy + 0,  for g=1,--- .G k=1,--- K, (8)

where
0 -2 v
N—-1 N—-1
9l 0 N’Y
F _ lel Tl 7
v YL
N—-1 N—-1 0

CY9is a(G — 1) row vector of group-specific fixed effectg? is a (G — 1) column vector

of dummy variablesyy is a N x 1 column vector of ones, ang is a vector of error terms
distributed asV (0, 02I). Recall that the reported income is normalized between Qlaiithe
relationship between the observed vedigr of reported incomes and the corresponding la-
tent vector is given byD{ = (0 < D" < 1)D{* + #(D/* > 1), where as beford/ (-) is

a vector of indicator functions which take the value one gpzeEquation (8) corresponds
to a simultaneous equation two-limit tobit with within- aabss-equation restrictions on pa-
rameters (see matrixX) and with error terms uncorrelated across equations. twes both
latent variables and their observed counterparts. Ameifiyg@4) was the first to consider
such mixed models and the approach we use to estimate oansisbased on his work.
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The estimation of (8) raises two distinct problems that ninesaddressed separately: the
so-called coherency problem and the identification probléffhe coherency problem (see
Gouriérouxet al. 1980) consists in finding the condition which guaranteessyfséem has a
well-defined unique reduced form. In a general linear-irengemodel, the coherency condi-
tion reduces to the invertibility of — I', the matrix of coefficients of the endogenous vari-
ables. In a latent linear-in-means model with censored gaulaus variables such as (8) the
coherency condition is more restrictive. Indeed, Amemg®7@) has shown that every prin-
cipal minor of the matrix — I' must be positive. This coherency condition clearly implies
existence of a unique social equilibrium at each roumd sessiony. In the empirical section,
this condition is verified for each specification of the stanal model.

In a sense, the coherency problem precedes the identifigatalblem. Indeed, the latter
refers to the uniqueness of the parameters of the structwdél given the parameters of the
reduced form model. Identification therefore assumes tistamce of a well-defined reduced
form. As discussed above, estimating social interactioodets raises serious identification
problems. Results from Manski (1993) imply that it is impbssto identify the structural
parameterg, v, 6 andc? (g = 1, ..., G — 1) when the model involves no censored endogenous
variables 077 = Dy, for all i, k andg) and withouta priori restrictions on the parameters
of § or on the distribution of)]. The reason is that the order condition for identificatiomin
structural linear model is not satisfied (Moffitt 2001).

Two reasons explains why our model is identified. First, n®d&th endogenous censored
variables such as (8) may be easier to identify than lineanéans models. Due to the non-
linear relationship between observed reported income lamdarresponding latent variable,
the model imposes a nonlinear relationship between theithdl behavior and the mean be-
havior of the reference group. As emphasized by Brock andaDii(2001b), this is likely to
solve the identification problem since nonlinear model$self-consistent beliefs are most
likely to be identifiedt” From the econometric point of view, this result is consitteith the
idea that nonlinearity generally helps rather than hamidergtification. It is important to note
however that identification hinges on knowing the specifiaf@f nonlinearity which, in our
case, depends on the assumption of normality of the ernmsteBecond, our model imposes
restrictions on the covariance matrix @f sincen? ~ N(0,c%I). These restrictions follow
from the fact that the correlations between individualwisances are assumed to be taken
into account by the group fixed effects. The latter can bened&d because participants play
many games.

To derive the likelihood function of our model, 1&, = (x%,D’,,,7%,,1) anda =
(3,7,6,¢7) so that from (7) we can writeD?%’ = Z%a + n%.. For any given round: in

They derive conditions for identification in the case of acti$e-choice generalized logistic model of social
interactions and show that they are much less restrictize tor the linear-in-means model. However they do
not analyze the case of a mixed discrete-continuous tgpé-4mnodel such as the one used in this paper.
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sessiory define:

R{ : the number of players who reported< Df, < 1,
Sy : the number of players who reportétf, = 0,
T : the number of players who reporte®?, = 1.

with R} + 5] +T;) = N.

Divide the observations on all the rounds (for= 1,..., K andg = 1, ..., ) into seven
subsets:

S : R{>0,5/=0T=0.
Sy : R} >0,5]>0,T=0.
S3 : R} >0,8]=0,T]>0.
Sy : R} >0,8]>0,T >0
Ss : Ry =0,57>0,T7 =0.
S¢ : Ry=0,5/=0,1T¢>0.
S; : R} =0,5]>01T¢>0.

The likelihood function of the model (7) is given by:

L = [[IBwl [ (D%~ Zhe)| x ©
S1 N
TT |11 |Ba| 105 - Z5) [T P(=Z50) |
S2 | R} 57

IT (T |Ba| (05— Z2o) TT £ (20~ 1|

S3 | RY T3

IT|IT |3

S | RY 57 T




with

1 - - -
1

r
X

By

-0 __a_ ...
N-1 1

the determinant of the corresponding matfiX x R;]. Maximizing the log of (9) with respect

to a and o yields the full information maximum likelihood estimatestbe model. Under
standard regularity assumptions, these estimates arestamtsand asymptotically efficient.

=

5 Resaults

Table 1 provides descriptive statistics of our sample. Masjects are young and males out-
number females. Both tax rates and audit probabilitiedaysp large standard deviation (see
also Appendix B). This helps to identify their impact on taogliance behavior. Over 88%
(53/60) of all rounds with feedback information on the taxngiance satisfy the convergence
criterion and therefore correspond to a social equilibriurhis leaves 795 observations on
reported income in part Il of the experiment (INFO treatmenit of 900 potential observa-
tions!® In the INFO treatment, 24.5% of these observations (195¢@nsored at zero while
19% (151 observations) are censored at 100 for a total of48eénsored observations (346).
The corresponding percentages in the NOINFO treatments8ue(164 observations), 21%
(189 observations) and 39% (353), respectively. Findtilg,dverage reported income in the
INFO treatment (50.15) is about half the initial endowmenrt alightly lower than the average
reported income in the NOINFO treatment (53.92).

Table 2 reports detailed estimation results for variousidpations of the model. The
econometric results focus mainly on the INFO treatmentygicathe last column of the table
(column (8)) reports results from the NOINFO treatment. udah (1) provides results for a
full linear-in-means model in which individual and correspling group mean variables are
included as regressors. There are thus no exclusion testscon exogenous interactions
variables. Correlated effects are taken into account girdll group dummies. While the

8In the econometric analysis, we excluded rounds that didcoweerge after ten rounds to avoid a misspec-
ification bias. Basically, we assumed (but could not test} these rounds would have converged to a social
equilibrium had we allowed the rounds to include more tharpieriods. Of course, this may generate a selection
problem (due to choice-based sampling). To provide sondeeace on this point, we estimated the probability
that round j converges as a function of the characterisfitlseoround and of the participants in this round (age,
gender, individual tax rate, the probability of being aadit..) and none of these variables was significant at the
5% level. This indicates that the presence of a selectionibiaot likely to be an important problem here.
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audit probabilityp;, is entered linearly, the tax ratg, is entered with a linear and a quadratic
term since our theoretical model predicts its impact on @xgliance can be decomposed
into the sum of two opposite effects. No other individualrelageristics are included in this
specification. Importantly, results in column (1) assunae ihdividual expectations are based
on contemporaneous group mean reported income (selfstensexpectations). The model
is estimated by a simple two-limit tobit model and thus igrsothe potential simultaneity
between group and individual behavior. Since there are dalgarticipants in each session,
this omission may significantly bias the estimate of the gedous social effect. Results in
column (1) show that, contrary to expectations, the paranesttimate oD _, is negative and
statistically significant at the 5% level. This is oppostétte social conformity effect because
an increase in mean group tax evasion induces individudds taore compliant.

There are at least four reasons why such a result may obtast, tex evasion behavior
may induce a social anti-conformity rather than a sociaf@onity effect. In other words,
participants may be inclined to deviate from the referenoeig's behavior. Wenzel (2004)
argues that, at least in the field of tax evasion, social nenag induce deviation from mean
group response if the latter is inconsistent with individueternal norms. Kooreman (2006)
obtains such an anti-conformity effect when studying stiidelf-esteem: the lower the group
self-esteem, the higher the individual self-esteem. Intaxrevasion experiment social anti-
conformity is unlikely, although it can not be completelyed out. Second, since the tax
yields are used to finance scientific research, altruisttabier may induce individuals to
contribute more when the others reduce their contributims explanation is also unlikely
to explain much of the tax evasion behavior of the participaA third interpretation is that
individuals may reduce their tax evasion whenever the gevaples more out of fear this may
trigger a higher audit rate in further rounds. This is alsbkety because participants were
instructed at the outset that audit regimes are exogenaslly; the most likely explanation
is that the parameter estimate Bf ; is biased because the simple two-limit tobit omits the
potential simultaneity between individual and group resas. Recall that this bias may arise
from the fact that individual and group behavior feed on onetlaer. Moffitt (2001) and
Krauth (2006) insist on the potential importance of thisshidnen the number of individuals
in the reference group is small.

As mentioned earlier, two alternative approaches are wsttkle the simultaneity prob-
lem. Results in columns (2) and (3) assume that expectaamnmyopic and that the error
terms are not autocorrelated. Under these assumptiormapéesiwo-limit tobit provides con-
sistent estimators. In column (2), the parameter estinmafe_g (= 5:1), while still nega-
tive, is now much smaller (-0.813 rather than -2.966). Mwuegpit is no longer statistically
significant at the 5% level, though it remains significant&t 10% level (Studerit= 1.74).
This indicates that the simultaneity problem is potentiathportant and may partly explain

the strong negative coefficient in column (1). The secondag assumes self-consistent
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expectations and uses a simultaneous two-limit tobit m¢skd equation (9)). Columns (4)
to (6) provide results based on this approach. Note firsttheatnodel in column (4) imposes
no exclusion restrictions. Identification of the parametstimates thus rests entirely on the
response variables being censored and on the error termmsi@ddo be normally distributed
with zero covariances. The second thing to notice is thaspleeifications of columns (4)—(6)
all satisfy the coherency condition since the principalongof the matrix —I" are positive in
each case. This implies that there are no multiple equéliloriour experiment. In column (4)
the parameter estimate &f_; is now close to zero<{ —0.046) and is no longer statistically
significant even at the 10% level (Student 0.99). This result is robust to changes in model
specification and indicates that there is no endogenousastien effects in our experiment,
either under the assumption of myopic expectations (at #adéevel) or self-consistent ex-
pectations (even at the 10% level). These results are ¢ensigith the hypothesis that when
the mean behavior of the group does not affect the individuaetary payoffs, there is no
endogenous social interactions associated with tax avgSgicer and Hero 1985).

The results allow us to investigate the existence of exogemuteractions since the tax
rate and the audit probability are included both at the iidial, ¢;, p;), and group, #_;,
p_,), levels in all specifications. Because the parameter astsnofi_; andE are not
individually significant in specification (2) but are joiptkignificant at the 5% levely
= 6.37 ~ x?(2,.05) = 5.99), we have excludetf , in specification (3) to ease interpretation.
The parameter estimate of; is positive and significant at the 5% level.This lends supfmor
the existence of a fairness effect in terms of horizontaltgdpecause individuals are inclined
to report more when the fiscal treatment of their group wassespicer and Becker (1980)
have also found that individuals who were told their tax satere below average reported
relatively higher amount¥. On the other hand, the parameter estimatg_ofis not signifi-
cantly different from zero in all specifications (except aliemn (1)) thereby rejecting fairness
effects relative to the fraud preventing policy.

According to the parameter estimatestpandt? in column (5), a one percentage point
increase in the individual tax rate decreases desired texparcome by a small amount(
—0.0426) at the mean tax rateé & 0.38). The estimates also predict that the positive impact
occurs only at tax rates above 39.1%. Below that level theatnegeffect dominates and
induces more tax evasion. As discussed in the theoreticdkmboth positive and negative
effects are consistent with our model when tax compliane&gia positive social marginal
utility.

Interestingly, experimental results on the impact of tarsan compliance are not clear
cut. Some studies have found that increased tax rates decceapliance (Friedlanet al
1978; Collins and Plumlee 1991), while others have foundoihygosite to hold (Almet al.

191n an experiment similar to that of Spicer and Becker (198@bley et al. (1991) found no such fairness
effect.
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1995). Studies based on survey data yield similarly conttaexy results (see Andreoet al.
1998). Feinstein (1991) and Alet al. (1993) conclude that an increase in the marginal tax
rate lowers tax evasion, whereas Clotfelter (1983) obtaipssitive elasticity of underreport-
ing with respect to the marginal tax rate.

In all specifications, the parameter estimateppis positive and significant at the 5%
level. This result is consistent with the Alingham-Sandmappsition according to which an
increase in the audit probability reduces tax evasion, lsat\&ith evidence based on survey
data (Friedlanet al. 1978, Klepper and Nagin 1989, Dubin, Graetz and Wilde 198m&d
et al. 2001).

In column (6), the gender variabl&4{z;) and the inequality aversion indeders;) are
added to the model with self-consistent expectatioffs.As in many studies, women are
found to evade less than mead.,Spicer and Becker 1980, Baldry 1986). According to the
parameter estimate of gendeeteris paribusfemales report on average 14.7 more units than
males. As for the inequality index, its parameter estimsigasitive and significant at the
5% level, thus indicating that those with a high inequal¥grsion are likely to evade less,
ceteris paribus. Note however that including the gender variable and theuakty aversion
index has little impact on the other parameter estimatekeftodel (compare columns (5)
and (6))?* With respect to correlated effects, only one group dumimgyi6 significant at the
5% level. However, a likelihood ratio test based on columnéfects the null assumption that
all group dummies are zero. Our results are thus consistiénttiae presence of correlated
effects??

Column (7) reports estimation results where endogenoestsfare assumed away. As
expected, the fairness effect on taxation is significanh@to level and its value is close to
the one obtained when expectations are assumed to be mgepicglumn (3)).

Finally, column (8) provides results of a simple two-limibit using information from
the NOINFO treatment (900 observations). Results are tqtiakly quite similar to those
obtained using the INFO treatmene(g.,compare with columns (6) or (7)) though the co-
efficients oft; and¢? change signs. Interestingly, the coefficients associaiéd the audit
probability, the gender and the inequality aversion indexadl smaller in the NOINFO treat-
ment. This is consistent with the existence of a social mligti effect. However it would
be premature to draw any strong conclusion from these oasens since learning effects

20The estimation never converged when we included the growgmrgender variable. This variable was thus
excluded from the specification. Besides, no other indizidharacteristic was significant.

2lwe also tested for “dynamic social learning effects” by intthg dummy variables for each round. None
were ever significant at the 5% level.

22In the specification where the group dummies are removedyéaa group gender variable_ ;) becomes
significant at the 5% level. This indicates that gender casitjpm is presumably correlated with group dummies.
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in the latter treatment (that was implemented earlier inetkigeriment)are likely to be much
important than in the INFO treatment.

6 Conclusion

Research on tax evasion usually ignores “peer effects” acié interactions effects”. This
omission is due to the fact that testing for such effects temausly difficult for two reasons.
First, outcomes data rarely reveal the reference group ositign, whether it is the family,
the neighborhood, or work colleagues. Second, even whegrtwp composition is known,
estimating interaction-based models raises severe fabatiton problems.

The identification problem arises from the fact that intpefedent behavior takes differ-
ent forms that are difficult to isolate. In a linear-in-meaegression-like model with social
interactions, equilibrium outcomes cannot distinguistween endogenous effects from ex-
ogenous effects or correlated effects. Furthermore, evenwan interactions-based model is
identified, its estimation raises serious econometric lprab.

In this paper we argue that laboratory experiments can Haluseolving these problems.
Reference groups are naturally defined as participantscim garticular session. Randomiza-
tion of participants across groups limits correlated éff@and sorting biases. Moreover, group
fixed effects can be used to take into account correlatedtsff€his clearly helps identify the
endogenous and exogenous interactions effects. Theydarteetup of our experiment has an
added benefit. Because it generates censored data, itlhaitugaies a nonlinear relationship
between individual and group responses, assuming noynadlthe error terms. Assuming
that the group fixed effects wash away the correlated effgatsnonlinearity allows identifi-
cation of the model without the need to impose any identgymstrictions.

In line with the recent empirical literature on social irstetions, we find that the esti-
mation method is crucial in obtaining consistent estimafasateraction effects. Thus when
we assume that individual tax evasion behavior is affectieddmtemporaneous mean group
behavior (self-consistent expectations) but ignore thrikaneity of individual and group re-
sponses, we find strong evidence of social anti-confornfigcts. This effect is considerably
reduced when we assume expectations are based on group ageaa response (myopic
expectations). Moreover, the effect completely disappeader self-consistent expectations
once the simultaneity between individual and group resg®mstaken into account using an
appropriate estimation method (two-limit simultaneoustjo

We also find fairness effects in term of horizontal equityr &ogiven gross income and
a given personal tax rate, the individual will report lessewlfacing a reduction in the mean
tax rate of his group. Perceived unfair taxation may thud teancreased tax evasion. At the
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policy level this means that a taxation system that is morebotally equitable is likely to
improve tax compliance.

As noted by manyd.g., Manski 2000), experimental research has its own limitatidn
our experiment groups are formed artificially for the sakeéhef experiment. Caution must
thus be exercised when extrapolating our findings to the latipn of taxpayers.
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Appendix A: Instructions

You will be taking part in an experiment on decision-makimgler the aegis of both Université Laval in Québec
and Université Lumi ére Lyon 2. The experimentis desigswethat your earnings will depend on your decisions.

The session consists of 10 rounds. The first five rounds imn@kingle-period,e. require a single decision.
The next five rounds include several periods, with each gaequiring one decision. In each round you will
receive a score based on your decisions. The average scarermtire session will determine your earnings.
Scores are converted into Euros at the following rate: 1@@emental currency units = 5. In addition, you
will receive a show-up fee of 1.&. Your earnings will be paid in cash at the end of the sessiansaparate
room to preserve the confidentiality of your earnings.

You will be part of a group of 15 participants from the sameosth All your decisions are anonymous.
Talking is not allowed throughout the entire session. Amlation of this rule will result in being excluded from
the session and not receiving any payment. If you have angtigmeregarding these instructions, please raise
your hand; your question will be answered publicly.

ROUNDS1to5

Each round consists of a single period. At the beginning cheaund, each participant receives an en-
dowment of 100 experimental currency units . You are requaest give back a percentage of this endowment
according to a “rate of deduction”. There are 5 differenesaand each of these is randomly assigned to 3
participants. The sum of the deductions from the group mesmserves to finance scientific projects.

The rate of reduction will be applied to the amount you repdiiu must use the scrollbar to report any
amount between 0 and 100 (100 corresponding to the endovihanytou received).

This amount can be audited according to a certain audit pitityeand this audit may entail a penalty. There
are 5 different audit probabilities and each of these isoamy assigned to 3 participants. The consequences of
an audit are indicated below. There are 3 possible cases.

e If the amount you report is not audited, your deduction rateapply to your reported amount. In this
case, no penalty applies. Your payoff is given by the follogiormula:

Payoff = Endowment- Deduction
Deduction = Deduction ratex Reported amount

e If the amount you report is audited and is equal to your endemtiryour deduction rate applies to this
amount and consequently no penalty applies. Your payoff/engoy the following formula:

Payoff = Endowment - Deduction
Deduction = Deduction ratex Endowment
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e If the amount you report is audited and is less than your enaent, your deduction rate applies to your
endowment. In addition, you will be charged a penalty equgbur deduction rate times the non reported
fraction of your endowment. Your payoff is then equivalent t

Payoff = Endowment - Deduction - Penalty
Deduction = Deduction ratex Endowment
Penalty = Deduction ratex Endowment - Reported amount

What information do you receive at the beginning of each round?

At the beginning of each round, you are informed about thieiohg:

the 5 different deduction rates.

e your own deduction rate.

the 5 different audit probabilities.

e your own audit probability.
On your computer screen you will find a scrollbar ranging frorro 100 which you must use to indicate
the amount you wish to report. As you move the scrollbar, ydusse both your payoffs if audited or not. To

validate your decision, you must stop the scrollbar on treirdd amount and then click the "OK” button. Once
all the participants have clicked the "OK” button, the neodimd will begin automatically.

You will be informed about the following at the end of the sesnly:

e the actual audit of your reported amounts and the numbereofdbinds in which an audit actually took
place.

e the payment of a penalty when applicable.

e your payoff.

What changes from oneround to the next ?

Each round is independent from the previous ones. At thenbagd of each new round, you will receive a
new endowment of 100 experimental currency units. Likewissv deduction rates and audit probabilities will
be assigned randomly to participants.

[THE FOLLOWING INSTRUCTIONS WERE DISTRIBUTED TO THE PARTICANTS ONLY AFTER ROUND 5
WAS COMPLETEQ
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ROUNDSG61t010

The session will continue in a moment, but with two changegdver.

1. From now on, each round consists of several periods.

At the beginning of each new period of a round, you will reeedn endowment of 100 experimental
currency units. Everyone keeps the same deduction rate witimobability for all the periods of a

given round. When a new round begins, new deduction ratesadit probabilities will be assigned
randomly to all participants, including you.

2. As of the second period of a round, and for each successivedserou will be given two additional
pieces of information:

e how many participants among the other 14 participants hegperted less than their endowment in
the preceding period.

e the average amount reported by the other 14 participaniteiprieceding period.
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Appendix B: Values of tax rates and audit probabilities

The values of the tax rates and the audit probabilities usedch session are the following:

SESSIONS1TO 4
Distribution of the audit probabilities
Standard
Regime Individual Probability Mean Deviation
Low 0.04 0.08 0.11 0.33 0.37 0.18 12.2
Medium 0.07 0.22 0.27 0.32 0.37 0.25 10.3
High 0.24 0.27 0.33 0.37 0.43 0.33 6.2
Distribution of thetax rates
Standard
Regime Individual tax rates Mean Deviation
Low 0.05 0.10 0.15 0.30 0.70 0.26 235
Medium 0.20 0.35 0.40 0.50 0.55 0.40 12
High 0.40 0.45 0.50 0.55 0.60 0.50 7
SESSIONS5TO 8
Distribution of the audit probabilities
Standard
Regime Individual Probability Mean Deviation
Low 0.08 0.12 0.15 0.37 0.41 0.23 13.6
Medium 0.13 0.27 0.32 0.37 0.42 0.30 9.95
High 0.28 0.30 0.37 0.40 0.47 0.36 6.89
Distribution of thetax rates
Standard
Regime Individual tax rates Mean Deviation
Low 0.10 0.15 0.20 0.35 0.75 0.31 23.54
Medium 0.25 0.40 0.45 0.55 0.60 0.45 12.25
High 0.45 0.50 0.55 0.60 0.65 0.55 7.07
SESSIONS9TO 12
Distribution of the audit probabilities
Standard
Regime Individual Probability Mean Deviation
Low 0.02 0.04 0.07 0.29 0.33 0.15 13.22
Medium 0.03 0.18 0.23 0.28 0.33 0.21 10.29
High 0.20 0.23 0.29 0.33 0.40 0.29 7.13
Distribution of thetax rates
Standard
Regime Individual tax rates Mean Deviation
Low 0.05 0.10 0.15 0.25 0.65 0.24 21.54
Medium 0.15 0.30 0.35 0.45 0.50 0.35 12.25
High 0.35 0.40 0.45 0.50 0.55 0.45 7.07
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Tablel
Descriptive Statistics

Mean Stand. Min Max

Dev.
Amount reported in Part | 53.92 37.54 0 100
Amount reported in Part Il 50.15 38.68 0 100
Age 23.61 594 17 50
Tax rate 0.38 0.16 0.05 0.75
Audit probability 0.25 0.11 0.02 047
Sex (Female=1) 040 0.49 0 1
Inequality aversion index 1.33 0.84 0 2
Number of observations

Groups 12
Rounds Part | + Part Il 120
Rounds that converged in Part Il 53
Participants per group 15
Observations on amount reported in Part | 900
Observations on amount reported in Patt Il 795

- Censored at 0 in Part | (Part I1) 164 (195)

- Censored at 100 in Part | (Part I1) 189 (151)

- Not censored in Part | (Part ) 547 (449)

x Observations are limited to games that converged.
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Table 2
Estimation Results of the Tax Compliance Model
Dependent variable: Reported Individual Inconig (100)

1) (2 (3 4)
Two-Limit Two-Limit Two-Limit Simultaneous
Tobit Tobit Tobit Tobit

Group: D7,  Group:D™;'  Group:D™;!  Group:D7,

Para. Std. Para. Std. Para. Std. Para. Std.
Error Error Error Error

Intercept 0.692 0.529 0.039 0.461 0.344 0.202 -0.021 0.405

ti -0.969 0.782 -1.348 0.792 -1.139 0.725 -1.524 0.701
t? 1.311 1.017 1.797 1.026 1505 0.923 1.955 0.907
Di 1.780 0.224 1.802 0.235 1.808 0.231 1914 0.210
t; 1576 2930 2.871 2.710 1.046 0.433 1.248 2.261
2, -0.393 3.683 -2.321 3.404 -0.747 2.836
D 2479 0.683 0.420 0.834 0.447 0.700 -0.304 0.524
G 0.455 0.134 0.199 0.139 0.202 0.138 0.117 0.116
92 0.099 0.120 0.010 0.124 0.015 0.122 0.012 0.110
g3 0.094 0.127 0.008 0.132 0.011 0.131 0.000 0.117
g4 -0.061 0.133 0.061 0.137 0.068 0.135 -0.077 0.121
g5 -0.148 0.131 -0.143 0.136 -0.143 0.135 -0.112 0.122
96 -0.636 0.140 -0.397 0.151 -0.397 0.144 -0.285 0.123
g7 -0.413 0.134 -0.272 0.142 -0.273 0.138 -0.222 0.122
Js -0.014 0.150 -0.091 0.155 -0.097 0.154 -0.033 0.138
9o 0.634 0.126 0.343 0.130 0.344 0.129 0.231 0.104
910 0.283 0.120 0.190 0.124 0.186 0.123 0.086 0.110
J11 0.487 0.115 0.322 0.117 0.322 0.117 0.144 0.102
D_; -2.966 0.407 -0.813 0.468 -0.817 0.414 -0.046 0.046
o 0.630 0.024 0.651 0.024 0.651 0.024 0.588 0.022
Log-Lik -745.556 -770.544 -770.809 -727.665
Obs. 795 795 795 795
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Table 2
(continued)

(5) (6) (7) (8)
Simultaneous  Simultaneous Two-Limit Two-Limit
Tobit Tobit Tobit Tobit (NOINFO)
Group: D7, Group: D7, Group: Nil Group: Nil
Para. Std. Para. Std. Para. Std. Para. Std.
Error Error Error Error
Intercept 0.076 0.185 -0.092 0.341 -0.164 5.368 -0.204 31.21
t; -1.457 0.627 -1.529 0.643 -1.306 0.723 1.294 0.560
t? 1.861 0.806 1.899 0.821 1.666 0.921 -1.578 0.709
D 1.915 0.212 1913 0.207 1.835 0.230 1.597 0.173
t_; 0.661 0.403 0.727 0.385 1.005 0.429 -0.193 0.319
D_i -0.297 0.660 -0.300 0.530 -0.324 0.577 0.165 0.452
g 0.118 0.128 0.117 0.116 0.088 0.298 0.222 0.111
Jo 0.014 0.103 0.041 0.108 0.001 0.121 0.121 0.097
g3 0.001 0.116 -0.007 0.116 -0.021 0.551 0.220 0.159
Ja -0.075 0.119 -0.100 0.149 0.007 1.616 0.092 0.377
Js -0.112 0.118 -0.058 0.122 -0.113 0.136 0.059 0.109
J6 -0.285 0.130 -0.212 0.123 -0.228 0.567 0.182 0.178
g7 -0.222 0.122 -0.197 0.141 -0.250 1.083 0.060 0.258
g3 -0.035 0.129 -0.007 0.138 -0.091 0.556 0.155 0.172
Jo 0.231 0.109 0.226 0.103 0.240 0.290 0.165 0.112
J10 0.085 0.103 0.117 0.120 0.214 1.078 0.421 0.266
11 0.145 0.104 0.109 0.102 0.232 0.292 0.329 0.110
Sex;(1=female) 0.147 0.049 0.105 0.056 0.098 0.042
Avers; 0.082 0.030 0.088 0.270 0.046 0.065
Avers_; -0.013 0.188 0.144 3.756 0.144 0.865
D_; -0.046 0.389 -0.045 0.046
o 0.588 0.023 0.578 0.022 0.648 0.024 0.531 0.023
Log-Lik -727.698 -717.043 -766.723 -676.465
Obs. 795 795 795 900
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