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Abstract: Collaborative evasion of taxes and social security fees isepalent in
household services, when a household hires a service prewignd no third party
is involved. However, evidence on the determinants of collafative tax evasion in
general and the household context in particular is lackingThis paper examines
two coordination mechanisms of collaborative tax evasiorA partner's signaled
intention and information about majority's evasion behawr (empirical evasion
expectation). We implement an interactive tax evasion gami an online labor
market (MTurk) with 560 participants. Our ndings show that priming with an
empirical evasion expectation increases the fraction ofaged transactions by 20
percentage points. Our treatment manipulation of intentio signals does not ren-
der a signi cant e ect on evasion. However, when willingnes® evade is signaled
rst in the chat, the probability of evasion increases by 45 prcentage points.
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1 Introduction

Evasion of taxes and social security contributions is a widespread pm®menon in private
households. In the European Union, 57 % of non-care household work is prowd
without registration or declaration of services to the authorities (OECD, 2021). In
Germany, this estimate amounts to 88 % (Enste, 2020). For the US, Erard (2018) ms
that only 5.3 % of households remit Nanny Taxes for their domestic employes. These
are prevalent cases of collaborative tax evasion, where households and seevproviders
jointly evade taxes as well as social security contributions.

Although tax withholding schemes and third-party reporting have been found to
e ectively increase tax compliance (Pomeranz, 2015; Kleven et al., 2011), wdn two
parties collude, they can bypass third-party reporting. This has only recently received
attention in the literature (see Doerr & Necker, 2021; Bjrneby et al., 2021; Kotakorpi
et al., 2021). In collaborative tax evasion, two parties engage in coordination abdu
compliance. Decision-making is interactive since it involves commmication and exchange
of intentions. By o ering a discount (Chang & Lai, 2004; Doerr & Necker, 2021) or
discussing the risk of detection (Lohse & Simon, 2021), parties can conviie each other
of evasion. Moreover, the behavior and acceptance of others impact joint etision-
making (Abraham et al., 2017), suggesting that we should examine social norms ane
speci cally.

Our paper examines two mechanisms that coordinate decisions towardsollaborative
tax evasion: empirical evasion expectations as a subtype of social norms @rintention
signals. Regarding the rst coordination mechanism, norms have beenound to sig-
ni cantly a ect collaborative tax evasion (Abraham et al., 2017). However, studies on
tax evasion focus on compliance norms instead of settings where non-corigice is con-
sidered common or acceptable (see Luttmer & Singhal, 2014, for an overview)Social
norms are often understood as only normative expectations, that isvhat individuals
believe others approve or disapprove ofBicchieri, 2006; Bicchieri & Dimant, 2019).%
Empirical expectations that depict what individuals believe others ddhave rarely been
studied, although according to Bicchieri & Dimant (2019), a social norm onl exists
when empirical and normative expectations are aligned.

As for our second coordination mechanism, a pair's decision to evade hingaipon
intentions that are signaled prior to the transaction (Doerr & Necker, 2021; Balafoutas
et al., 2015). When partners discuss the declaration of a transaction, theyeveal their

1Social psychologists often distinguish descriptive and injunctie norms (Cialdini et al., 1991).
In their understanding, empirical expectations would be descriptve norms and normative expec-
tations are referred to as injunctive norms.

2Hallsworth et al. (2017) point to the importance of empirical compliance expetations for the
propensity to declare taxes. In the literature on lying, the signi cance of empirical expectations as
opposed to normative expectations in shaping behavior is more empiradly established (Bicchieri
et al., 2020; Bicchieri, Dimant, Gachter, & Nosenzo, 2021; Bicchieri, Diman, & Xiao, 2021,
Danilov et al., 2021; Danilov & Sliwka, 2017).



intentions to each other (Balafoutas et al., 2015). As Doerr & Necker (2021) showthe
signal of an evasion intention signi cantly increases the probability of e/asion. However,
with the exception of Balafoutas et al. (2015) who examine the e ect of evasiolintentions
on credence goods provision and Doerr & Necker (2021) who vary householdsvasion
signals in the eld, there is no causal evidence on how signaled int¢ions generally
impact the joint decision to evade.

We implement a collaborative tax evasion game (TEG) that models the intgaction
between a household and a service providet. Players receive a xed endowment, are
randomly matched into pairs and assigned the role of either a household or aervice
provider. We individually elicit whether players intend to e vade or declare the transac-
tion. After a chat stage, where they may communicate about their decisbn, the service
provider sends an o er, which the household can accept or reject. Fial transactions are
subject to random audits. If caught evading, both parties have to pay a penalty.

We implement our experiment in an online labor market (MTurk) and inc lude three
treatments and a control group in a 2-by-2 between-subjects design. Alhg the rst
treatment dimension, we prime subjects with an empirical evasion epectation prior to
the interaction. Along the second dimension, we vary whether househdk receive service
providers' intentions to evade or declare the transaction before theg start chatting. Our
third treatment combines both dimensions. The control treatment neither includes ex-
pectation priming nor intention signal. The main outcome variable is the rate of evaded
transactions. Moreover, we analyze chat protocols to explore whethempgci ¢ arguments
drive the propensity to evade.

We nd that the prime with an empirical evasion expectation signi cant ly increases
the rate of evaded transactions by 19 percentage points. Signaled intemns only have
a small and insigni cant positive e ect on the rate of evaded transactions This may
be due to a higher fraction of rejected o ers in the intention signal treatment. We
can further show that when the rst proposal in the chat was evasion, thefraction of
evaded transactions signi cantly increases by 56 percentage points. Tl indicates that
there is a signal e ect that our treatment might have been too weak to manipulate.
The chat analysis shows that arguments about risk are exchanged the mostdguently
over all treatments and honesty arguments signi cantly decrease therfction of evaded
transactions.

This study contributes to our understanding of the prevalence of cdiaborative tax
evasion. First, we show that empirical evasion expectations signi catly increase evaded
transactions, which expands our comprehension of how social norms a edax compli-
ance in general (see Luttmer & Singhal, 2014, for an overview) and the role of guirical
expectations in particular (Romaniuc et al., 2021; Hallsworth et al., 2017; Biccleri et
al., 2020; Bobek et al., 2013). Second, we extend the limited understandingf the role

3For a recent meta-analysis of tax evasion games, see Alm & Makzieux (2020).



of revealed and signaled intentions in tax evasion decisions (Doerr & Né&er, 2021; Bal-
afoutas et al., 2015). Third, we contribute to the growing literature on collaborative tax
evasion in the lab (Fochmann et al., 2021; Lohse & Simon, 2021; Abraham et al., 2017;
Balafoutas et al., 2015; Kotakorpi et al., 2021; Derrenberg & Duncan, 2019) and in the
eld (Doerr & Necker, 2021; Bj rneby et al., 2021) by implementing the rs t interactive
tax evasion game with non-standard subjects in an online labor market.

The remainder of this paper proceeds as follows. In Sectio, we describe the
experimental design, hypotheses and implementation. Sectio presents the results.
We discuss our ndings in Section4. Section5 concludes.

2 Experiment

We conduct a one-shot experiment, in which subjects decide on théeclaration of a
household service in pairs of two. The experiment only includes oneound because
we aim to avoid that the initial expectation priming is neglected if t he game is played
over multiple rounds. Moreover, our objective was to keep the expgment as short as
possible as participants' attention spans are lower in online experirants (Chandler et al.,
2014). We use a tax-related framing with terms such as tax rate, audit rate ompenalty
to explicitly place our experiment in the tax context that we want to investigate.*

2.1 Treatments

We implement a 2x2 between-subjects design (see TablB. The rst dimension varies
the priming with an empirical expectation to evade. By this, we identify the e ect of
information about the majority's evasion behavior on collaborative decisons to evade
taxes. The second dimension varies whether we show the servicegeider's intention to
the household. The intention may either be to evade or to declare théransaction. This
allows us to identify the e ect of signaling of one party's intention on the nal decision
of a pair.

4The code and all screens of the experiment are available upon request



2nd Dimension
1st Dimension No Signal Signal
No Expectation Priming ControlT SignalT
N =138 N =144
Empirical Evasion Expectation | ExpectationT ExpectationSignalT
N =132 N =146

Table 1: Treatment overview

2.2 Detailed Procedure

The set-up of our collaborative tax evasion game is as follows. When enterinthe study,

subjects rst complete a captcha-test and then proceed through thenstructions, control

questions and an attention check (see selected screens in Appendd}. Upon completion

of the control questions, subjects enter the main experiment. Ouexperiment comprises
of six or seven stages, depending on the treatment condition (see Figairl).

ControlT SignalT ExpectationT ExpectationSignalT
1 Matching into pairs on first come first serve basis
2 Priming with empirical evasion expectation
3 Elicitation of intentions
4 Chat box Intention signal + Chat Chat box Intention signal + Chat
5 Service provider decides on evasion or declaration offer
6 Household decides to accept or reject offer
7 Information on tax audit and payoff

Figure 1: Experimental design

All subjects enter a lobby stage on which they are matched into pairs on arst come
rst serve basis. Once they are matched to a partner, they receivdurther information
on their role and a xed endowment (400 ECU). Next, there is a separate sige for
subjects in ExpectationT and ExpectationSignalT. On this stage, they are primed with
an empirical evasion expectation. We give information about participants' behavior in
similar studies (\In a similar study, the majority of participants d id not declare the
transaction."). Subjects in ControlT and SignalT are not primed.

On the next stage, we elicit subjects' intention to evade or declarghe transaction on
a likert scale. Following this elicitation of their preferences,subjects enter the chatting



stage. Subjects that are assigned the role of the household iSignalT and Expecta-
tionSignalT receive information about their service provider's willingness b declare or
evade the transaction, which is displayed above the chat-box. Seiee providers as well as
all subjects in ControlT and ExpectationT receive no such information. In the chat-box,
partners can communicate with each other and discuss whether to deatfe the transaction
or not for up to 2.5 minutes.

After chatting, the service provider chooses between a declaratiomnd an evasion
o er. The o eris then sent to the household, who accepts or rejects he o er. On the nal
stage, transactions are audited at a random probability of 15 % and information abot
payo and audit is displayed. For simpli cation reasons, there is no redistribution of the
tax payment. Subjects are informed about the tax rates and payo s in theinstructions.

If households reject the o er, payo s from the study correspond to the initial endow-
ment (400 ECU). If they agree on the o er, households' payo s increase by he value
of the service (600 ECU) minus the price of the service (390 ECU if deated, 300 ECU
if undeclared). Service providers' payo s increase by the prie of the service (390 ECU
if declared, 300 ECU if undeclared). In case of detected evasion, pays decrease by
the ne of twice the evaded tax payment (180 ECU), which both parties have to pay
(see Table2). During the experiment, the monetary value of transactions and payo s
is indicated in Experimental Currency Units (ECU) and converted to US Dollars at an
exchange rate of 0.003 only at the end of the experiment.

Transaction No Transaction
Declared | Evaded w/o audit | Evaded w/ audit Rejection
ECU 610 700 520 400
Dollar ($) 1.83 2.10 1.56 1.20

Table 2: Payo s

2.3 Hypotheses

The payo structure is such that the expected payo is the highest if a pair decides on
evasion. Therefore, compliance decisions must be motivated by non-peniary factors,
such as an intrinsic motivation to behave honestly. As our treatments @ not change
the monetary payo , treatment di erences in behavior will be inte rpreted as an e ect of
the treatment manipulations: The priming with an empirical evasion expectation and
signaled intentions.

Priming with an empirical evasion expectation may trigger various e eds. First,
it draws attention to a prevalent dishonesty standard, forming taxpayers' perception of
what is normal (Bicchieri, Dimant, Gachter, & Nosenzo, 2021). Second, it a ects how
taxpayers justify their own behavior. Knowing that others evade too, gives scope for
self-serving justi cation of their own dishonest behavior (Bicchieri et al., 2020). Third,
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expectation priming a ects the priors that individuals have when engaging with their

partners. When an empirical evasion expectation is prevalent, indiiduals perceive eva-
sion as the majority behavior, increasing the probability that partners are willing to

evade (Abraham et al., 2017). Assuming that the partner is willing to evade educes the
barrier to propose evasion, for example through reduction of the fear of regtation loss

(Besley et al., 2019; Benabou & Tirole, 2011).

Hypothesis 1: Priming with an empirical evasion expectation increases the fractio
of evaded transactions.

Furthermore, we assume that receiving a signal about the partner's itention in an
interaction a ects an individual's behavior through reinforcing the ir intentions to evade
or through persuading undecided or indi erent individuals of evasion (Doerr & Necker,
2021; Boadway et al., 2002). In individual tax evasion, tax morale is adapted among so-
cially or geographically close individuals (Di Gioacchino & Fichera, 2020; Taexler, 2010).
Note that intention signals include declaration as well as evasion signals. Abng as the
baseline evasion intention is unknown, we cannot predict the diretion of the e ect of
SignalT. However, if we assume equally distributed evasion intentions andhat evasion
signals are more contagious Blaufus et al. (2017), the fraction of evaded transactis
should increase.

Hypothesis 2:  Signaling of the partner's intention increases the fraction of evade
transactions.

In addition to our two main hypotheses, we explore the combined e ectof an evasion
expectation and signaling of intentions. As we expect the fraction of evaen intentions to
increase as a response to priming with an evasion expectation, housetslobserve more
evasion signals inExpectationSignalT than in SignalT. This breaks the overall empirical
expectation down to the individual, transaction-speci ¢ level, which may reinforce the
evasion expectation and increase the fraction of evaded transactions. Bihieri, Dimant,
Gachter, & Nosenzo (2021) make a similar argument stating that the observabity of
non-compliance to a norm leads to an erosion of the norm itself. However, a§ino
et al. (2009) show, observing unethical behavior may also lead individals to aim to
compensate for certain partners' behaviors. Therefore, the currerstate of the literature
does not allow us to state an explicit hypothesis forExpectationSignalT.



2.4 Implementation

The experiment was programmed with LIONESS Lab, an online platform developed
speci cally for conducting interactive experiments (Giamattei et al., 2020).> We ran
our experiment in an online labor market (MTurk) and used CloudReseart to recruit
highest-ranked workers that provide high-quality data (Litman et al., 2017). Each ex-
perimental session was administered as a Human Intelligence Task (HITpn MTurk.
For each treatment we ran multiple sessions.

Compared to using a sample of students in a supervised laboratory, comuting
the experiment online creates a trade-o between the reduced lesl of control on the
one hand and a more diverse and experienced subject pool on the other l&n As is
standard in the literature (see Arechar et al., 2018; Peer et al., 2014), we régct our
sample to participants that are US citizens, with a geographical location n the US,
and only allow workers with an approval rate of 95% and above 500 completed HITSs.
We choose US citizens because they make up the largest share of workers Miurk,
facilitating our matching procedure with the two partners (Difall ah et al., 2018).The non-
observability of subjects may result in the inclusion of bots or lessattentive subjects in
the experiment. We control for the former with a captcha-test that stops non-human
subjects from entering the experiment. Using a quiz with control questions and an
attention check, we additionally screen subjects for their undertanding of the experiment
and their attention. Subjects that failed to successfully complet the control questions
or the attention check in two attempts are excluded from the experiment. We also block
duplicate participation as participants that take part in the study more than once may
seriously a ect the validity of our results.

3 Results

We structure the results as follows. First, we describe our samgl. Second, we explain
our main outcome variable. Third, we analyze whether the fraction of evadd transac-
tions varies between our main treatmentsExpectationT and SignalT. We conduct non-
parametric comparisons and multivariate analyses to test our hypothesesMoreover, we
examine the expectations we enquired after the experiment and the interaction with
the treatments and decisions. Last, we explore how subjects commurated in the chat.

5A LIONESS demo experiment can be found herenttps:/lioness.uni-passau.de/bin/
demo.php
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3.1 Sample

Of the 1.193 individuals who clicked on the link to enter our experirrent, 470 dropped out
of the experiment before being matched into pairs (32.6 %$. 215 participants terminated

the experiment on their own before being matched to another partigbant or during the

matching process. An attrition analysis shows a small but signi cant wrrelation of age
and experience with MTurk with the probability to drop out of the exp eriment before
being matched with a partner (see AppendixC). Moreover, 163 subjects dropped out
after being matched with a partner. Note that once one of the partners dropg out of
the experiment, the other is terminated as well since we cannot obsee a joint decision

for this pair.” Comparing the dropout rate in our experiment to that of other online

experiments, we observe a similarly high rate (Keith et al., 2017). Thenumber of total

dropouts did not vary signi cantly between treatments.

In total, we collected valid data from 560 subjects across the four treatmats (see
Table 1 for an overview of the allocation of subjects into treatments). On aveage,
subjects completed the experiment in 8 minute$ The average earning wa$2.29, which
is equivalent to an hourly wage of$17.17. Participants received a xed show-up fee of
$0.50 and an additional bonus payment betweer$1.20 and $2.10 depending on their
decision. Subjects were paid within three days after completinghe HIT.

3.2 Descriptive statistics

The mean age in our sample is 40.8 years and 47.2 % of subjects are female. 69.9 % of ou
sample have at least a bachelor's degree and 62.1 % are full-time emplayeMoreover,
57.0 % have submitted their own tax declaration before and 14.9 % have exience
with household employees. See AppendiX for the distribution of socio-demographic
characteristics over treatment groups and Table3 for an overview of all variables and
means in the experiment.

60f the 470 dropouts, 134 did not complete the captcha-test and 121 were exaled because
they failed the quiz twice. 32 % of 121 did not pass the attention check. & in total, 255
observations were dropped because of bots, insu cient understandig or inattention.

’In those cases, participants only earned the show-up fee .50, which is less than expected
and may damage the experimenter's reputation. However, alternative aproaches such as imple-
menting computer-generated decisions would have serious conseqges for internal validity and
may imply deception if participants are not informed in advance (Arechar et al., 2018; Giamattei
et al., 2020). Note that participants who dropped out before or on the chat stage spnt around
5.6 minutes in the experiment, which is equivalent to an hourly pgo of $5.35.

8Note that we cannot account for the waiting time of the matching of two participants as
LIONESS does not collect the time spent on this particular stage. Howewe only 33 subjects in
the total sample waited longer than 3 minutes to be matched to a partner.



Variable Description Mean

Intention Evasion intention = 1; declaration intention = 0
Rejection O er accepted = 1; o er rejected = 0
Evader Transaction evaded = 1; transaction declared = 0

Pre-experimental questionnaire

Female Female = 1; male = 0 47.2 %
Age In years (18 to 100) 40.8
Bachelor At least bachelor's degree = 1; elsewise = 0 69.9 %
Fulltime Works fulltime = 1; elsewise = 0 62.1 %
Low Income 0 -$19.999 = 1, elsewise = 0 121 %
Experience MTurk Weekly hours worked on MTurk 18.4

Post-experimental questionnaire

Empirical Expectation Evasion common = 1; compliance common = 10 5.0
Normative Expectation Evasion expected by others = 1;

compliance expected by others = 10 5.5
Personal Normative Belief Evasion justi able= 10; evasion not justi able= 1 3.8
Experience Tax Declaration Own tax declaration led = 1; elsewise = 0 57.0%
Household Experience Experience with household employees = 1;

elsewise = 0 149 %
Loss Income Lost income due to Covidl9 = 1; elsewise = 0 37.9%
Risk Aversion Risk-averse=1; risk-loving=0 58.7 %

Table 3: Overview of variables

Notes: This table provides an overview of the individual characterisics and main outcome
variables of the 560 participants.

3.3 Main outcome variable

Pairs can reach three outcomes. They may decide to jointly evade, d&re or, if they fail
to coordinate towards the same decision, the household may reject thservice provider's
o er. The main outcome variable, the fraction of evaded transactions, can bede ned in
two di erent ways: First, as the fraction of evaded transactions relative to all possible
transactions and, second, as the fraction of evaded transactions relativeotall successful
transactions. The two de nitions di er with regard to rejections. | n total, 9 % of o ers
are rejected. Evasion o ers are rejected more frequently than declation o ers, with 60
% of rejected o ers being evasion o ers. Rejections occur most freqently in SignalT,
were 17 % of all o ers are rejected. Our main aim is to identify mechanims that
determine whether a successful transaction is evaded or declaredVe therefore follow

10



the second de nition for our main analysis?®

3.4 Non-parametric comparisons

We compare the fraction of evaded transactions across treatments. Evasiorates vary
signi cantly over treatments. While in ControlT 26 % of pairs jointly decide to evade,
this fraction amounts to 28 % in SignalT, 45 % in ExpectationT and 41 % in Expecta-
tionSignalT (see Figure2b).

Fraction of subjects with evasion intention
Fraction of evaded transactions

Figure 2: Intentions to evade (a) and evaded transactions (ljy treatment

We summarize our results with respect to our hypotheses. We rst lypothesized that
priming subjects with an empirical evasion expectation increaseshe fraction of evaded
transactions compared to the control treatment where no expectation igprimed. We nd
that the fraction of evaded transactions increases signi cantly when sbjects are primed
with an empirical evasion expectation. Comparing the fraction of evaded tansactions
in ControlT with ExpectationT renders a 19 percentage point increase when subjects
are primed (Mann-Whitney test, p = 0.0009). This di erence in evasion rates is ob-
servable in intentions diverging between treatments as well. We ogerve a 17 percentage
point increase in evasion intentions inExpectationT, indicating that knowledge of evasion
expectations drives the nal decision to evade through individuals' changed intentions

®We deviate from our pre-registration in this respect. However, our reults are robust to the
use of the fraction of evaded transactions relative to all possible transdions, as we show in
Section 4.
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(Mann-Whitney test, p = 0.0054, see Figure2a). The di erence in intention to evade be-
tween SignalT and ExpectationSignalT is also highly signi cant at 17 percentage points
(Mann-Whitney test, p = 0.0047), indicating a robust e ect of expectati on priming on
intentions.

Result 1: Priming with an empirical evasion expectation signi cantly increases the
fraction of evaded transactions by 19 percentage points.

Second, we hypothesized that receiving a signal about the partner'sntention would

increase the fraction of evaded transactions. Our results show that pas in SignalT
agree more frequently on evasion than inControlT . More speci cally, knowledge of the
partner's intention increases tax dishonesty by 2 percentage point¢ésee Figure2b). How-

ever, this e ect is small and not statistically signi cant (Mann-Whi tney test, p = 0.7495).

While subjects in SignalT intend to evade slightly more frequently and while evasion
0 ers are more common, neither of the treatment di erences is statisically meaningful

(Mann-Whitney test, p = 0.2157 and p = 0.1301).

Result 2:  We cannot reject the null hypothesis that signaling of a partner'sinten-
tion does not increase the fraction of evaded transactions.

We explore whether evasion or declaration signals are more contagious. Seagiproviders
signal their intention to evade in 47 % of pairs in SignalT (see Figure3). SignalT sig-
ni cantly increases the fraction of pairs in which the service provder has an intention to
evade by 17 percentage points compared t€ontrolT (Mann-Whitney test, p = 0.0039).
One possible interpretation is that when service providers knowabout their signaling
power, they decide to abbreviate the communication and bargaining proess by signaling
their intention to evade beforehand. Neither evasion nor declaration ginals, however,
change the fraction of evaded or declared transactions meaningfully betvem treatments
(Mann-Whitney test, p = 0.6941 and p = 0.5892).

12



3 ControlT
= SignalT

Fraction of pairs where service provider has an intention to evade
N
1

Figure 3: Service providers' evasion intentions by treatmén

The question remains, why intention signaling does not signi cantly increase the
fraction of evaded transactions, if there are signi cantly more pairs in which service
providers have an intention to evade. First, rejections are more fequent in SignalT
than in other treatments. There is a signi cant 10 percentage point inaease in rejections
from ControlT to SignalT (Mann-Whitney test, 0.0153). This is driven by rejections
of evasion o ers, which occur signi cantly more often in SignalT (Mann-Whitney test,
p = 0.0536). Rejections also happen particularly often in pairs with mixed intentions.
Second, communication between service providers and households ynaverride the rst
intention that is signaled. We will further elaborate on this in Section 3.7 when we
analyze chat protocols.

We examine whether empirical evasion expectations and intention sigals enhance
each other in ExpectationSignalT. Pairs in ExpectationSignalT are primed with an em-
pirical evasion expectation and households receive an intention signalybthe service
provider to explore their combined e ect. We cannot nd evidence of an enhancement
e ect between empirical evasion expectation and intention signals. @mparing the frac-
tion of evaded transactions shows a signi cant 15 percentage point increasin evasion
from ControlT to ExpectationSignalT (Mann-Whitney test, p = 0.0076).

13



3.5 Parametric regressions

Using a parametric regression model we explore whether our non-paranrét results hold
to the inclusion of control variables and robust clustered standard erors. We estimate
the following model:

Evader; = + Treatg+ Xijg+ g

where subscripts indicate a subjecti in group g = 1;2;3;4 (with g = 1. ControlT,
g = 2: SignalT, g = 3: ExpectationT, g = 4. ExpectationSignalT). The main decision
of our experiment is taken jointly, and thereby observed on the pair leel. However, we
record the decision for each individual, allowing us to connect jointdecisions to individ-
ual socio-economic characteristics. The dependent variable evades & binary variable
indicating whether a transaction is evaded as de ned aboveTreatg is a categorical vari-
able indicating a subject's treatment and is the coe cient of interest. We add robust
clustered standard errors on the pair level in Models (2) - (4) as well asocio-economic
controls (Xig) in Models (3) - (4) to the regression.

The regression results con rm the sign and signi cance of our main treatnent e ects.
ExpectationT increases the probability that a transaction is evaded by 19 percentage
points. This e ect size is robust over all speci cations and signi cant at the p<0.01
level without controls and p< 0.05 level with controls. SignalT does not have a signi cant
e ect on the probability that a transaction is evaded as suggested by the n-parametric
comparison. ExpectationSignalT increases the probability of an evaded transaction by 14
percentage points at the p< 0.1 level. Regarding our control variables, we nd that being
female, having experience with tax declarations and risk aversionaduce the probability
of evasion, whereas experience on MTurk increases the probability olasion.

3.6 Analysis of stated expectations

We investigate the e ect of treatments and behavior on reported empifcal and norma-
tive expectations. In the post-experimental questionnaire, we aslksubjects about their
empirical and normative expectations as well as their personal normativebeliefs. We
enquire subjects' personal normative beliefs by asking them whéer they nd it jus-
ti able to \cheat on taxes, when [they] have a chance"!® The question on empirical
expectations is \Please indicate whether you think that the other participants in this
study declared the transaction”. For normative expectations, we ask wheher partici-
pants think \it is justi able not to declare the transaction in this st udy". We code this
information as dummy variables, where 0 indicates a declaration expeation/ belief and
1 an evasion expectation/ belief.

First, we observe whether our treatment manipulation changes subjes' perceived

10This is the common tax morale question from the World Value Survey.
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Probit (ME) { Evaded Transaction

(1) (2) (3) (4)
SignalT 0.017 0.017 0.034 0.018
(0.053) (0.075) (0.076) (0.077)
ExpectationT 0.194** (0.194**  0.204**  0.182**
(0.057) (0.081) (0.081) (0.082)
Age -0.000 0.000
(0.002) (0.002)
Female -0.098*  -0.104**
(0.051) (0.043)
Bachelor -0.030 -0.005
(0.045) (0.039)
Fulltime -0.006 0.064
(0.056) (0.048)
Low Income 0.013 -0.003
(0.081) (0.067)
Experience MTurk 0.002 0.003**
(0.002) (0.002)
Loss Income -0.050 -0.037
(0.048) (0.042)
Experience Household -0.043 -0.027
(0.071)  (0.058)
Experience Tax Declaration -0.056 -0.117%**
(0.049) (0.041)
Risk Aversion -0.103**  -0.128***
(0.048) (0.041)
ExpectationSignalT 0.140*
(0.078)
Observations 414 414 384 525
Cluster NO 207 197 270
PseudoR? 0.026 0.026 0.067 0.077
Controls NO NO YES YES

Table 4: Multivariate analysis of evaded transaction

Notes: The table presents marginal e ects of probit speci cations with evaded transaction

(binary variable) as the dependent variable. ExpectationT, SignalT, ExpectationSignalT are
treatment dummies. The reference group iControlT without a signal or expectation. See
Table 3 for an overview and description of the control variables. Robust standarderrors in

models (2)-(4) clustered on pair level in parentheses. *** g 0.01, ** p<0.05, * p<0.10.
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expectation. To do so, we collapse treatmentsControlT and SignalT as well asExpec-
tationT and ExpectationSignalT with and without priming of expectations respectively.
We nd that while the fraction of subjects with empirical and normativ e evasion expec-
tations is signi cantly higher in treatments with priming, this is n ot the case for personal
normative beliefs (see Figured). Priming seems to directly translate into expectations
about others' behavior and beliefs, while the personal belief of whats justi able does
not change.

g 5 l l

2,

% I 3 ControlT and SignalT

B 4 @ ExpectationT and ExpectationSignalT
S l T i 95% Cl

g | |

£ 3 I

T T T
Empirical Normative Normative personal
expectation expectation belief

Figure 4: Expectations over treatments

Besides the treatment manipulation, stated empirical and normative epectation
may also be a ected by own behavior. While this e ect is not causal, t gives us insight
into how behavior is related to expectations. To disentangle this eect, we compare
declarers and evaders (see Figur). We nd di erences in stated expectations between
individuals that declare and individuals that evade the transaction. For stated empirical
expectations in treatments without priming, this di erence amount s to 62 percentage
points (Mann-Whitney test, p=0.0000). When expectations are primed, this di erence
is still 59 percentage points (Mann-Whitney test, p=0.0000). For normative evasion
expectations, we nd smaller but also highly signi cant di erences.
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Figure 5: Empirical and normative evasion expectations by al decision and
treatment

3.7 Chat analysis

An analysis of the chat protocols provides further explanation for partidpants' decisions
in our treatments.'* Overall, 93.0 % of participants used the chat. In 13.9 % of pairs,
only one participant wrote messages, however. On average, pairs exchamgé messages
and average duration of the chatting stage was 1.5 minute$?

We categorize arguments in the chat protocols into \Risk", \Honesty", \Money",
\Others" and \Rules". 3 Pairs discussed risk most frequently. This category covers
statements about risk attitudes and the chance of being detected. Horsy refers to self-
image, moral concerns or personal normative beliefs, whereas money argunteaddress
the experimental payo or the monetary consequences of a decision. @ers' behavior
and experimental rules were hardly discussed in the chats in our greriment. This overall
picture is similar to Lohse & Simon (2021), who found that subjects mentoned risk the

1\We use a similar chat coding as Lohse & Simon (2021) and Kocher et al. (2018) to be lketto
compare the results. Chat coding was done independently by threeesearch assistants according
to a pre-de ned codebook (see AppendixB). For each conversation, we calculate the median
evaluation of coders. There might be zero, one or several arguments perath so that frequencies
do not add up to 1.

12This duration is considerably lower than the maximum possible time © chat of 2.5 minutes.

13 ohse & Simon (2021) also include \Previous Audits", but since our experimat is one-shot,
previous audits did not occur and are not part of the conversation.
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most and others' behavior or adherence to rules the least.

Figure 6: Exchanged arguments in the chat by treatment and nladecision

When examining arguments by treatment and compliance decision, di eences in
addressing risk, honesty and money appear (see Figur6). Risk is discussed in all
treatments to the most extent. It appears that subjects are consciousabout the risk of
their decision and knowingly take it into account. A closer analysis of isk arguments
shows that evading pairs in our experiment talk about the audit and penaty rate more
frequently than pairs who declare. Honesty plays a bigger role in commmication that
leads to declaration decisions than to evasion decisions.

Models (1) and (2) in Table 5 regress the probability of an evaded transaction on
arguments of risk, honesty, money, and rules that were exchanged in thehat. Model
(1) shows that honesty arguments have a signi cantly negative e ect on the probability
of evading the transaction, even if we include socio-economic controlsThey reduce
the probability of evasion by 40 percentage points. In addition, model (2)includes
dummy variables for the treatments. This does not change the signi care or size of
the negative e ect of honesty arguments. ExpectationT and ExpectationSignalT still
signi cantly increase the rate of evaded transactions in comparison taControlT .

We use the chat protocols to analyze an additional channel for communicatig an
intention signal. We examine whether pairs' nal decisions are in lire with the rst
argument presented in the chat. Hence, we coded the type of rst argurant as a binary
variable with evasion being 1. If the type of the rst argument has a signicant e ect
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Probit (ME) { Evaded Transaction

1) 2)
Risk 0.090 0.091*
(0.054) (0.053)
Honesty -0.406*** -0.401***
(0.098) (0.093)
Money -0.056 -0.048
(0.072) (0.073)
Rules -0.032 -0.108
(0.269) (0.260)
SignalT 0.024
(0.074)
ExpectationT 0.194**
(0.079)
ExpectationSignalT 0.162**
(0.077)
Observations 523 523
Cluster 269 269
PseudoR? 0.102 0.128
Controls YES YES

Table 5: Evaded transactions and arguments used in chat

Notes: The table presents marginal e ects (ME) of a probit speci cation with evaded
transactions (binary variable) as the dependent variable. \Risk", \Honesty", \Money" and
\Rules" are the categories we used for the chat coding. The category \Othes" is omitted due
to collinearity. ExpectationT, SignalT and ExpectationSignalT are treatment dummies. The
reference group isControlT without a signal or priming. \Female" is signi cantly negatively
and \Experience on Mturk" signi cantly positively related to the pr obability of an evaded
transaction. Socio-economic controls are included. Robust standard eors clustered on pair
level in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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on the fraction of evaded transactions, it provides evidence that rstsignals in a conver-
sation shape nal decisions. This was the aim ofSignalT, which might have been too
weak to represent an exchange of intentions.

Figure 7: Fraction of evaded transactions by type of rst argment and treatment

We nd a mixed picture regarding the direction and e ect of rst argum ents. The
fraction of rst evasion arguments is signi cantly di erent in ExpectationT compared to
ControlT (Mann-Whitney test, p= 0.0283). Nevertheless, rst arguments that are di-
rected towards evasion signi cantly increase the fraction of evaded tansaction compared
to rst arguments towards declaration (Mann-Whitney test, p=0.0000) (se e Figure 7).
This implies that when evasion is mentioned rst in the chat, the probability that the
transaction is evaded is signi cantly higher.
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Probit (ME) { Evaded Transaction

(1) (2) (3)
First Argument 0.423*** (0.416*** 0.407***
(0.020) (0.020) (0.021)
SignalT -0.007 -0.015
(0.066) (0.065)
ExpectationT 0.140* 0.124*
(0.072) (0.073)
ExpectationSignalT 0.118* 0.109*
(0.064) (0.064)
Risk Aversion -0.081***
(0.030)
Observations 501 501 501
Cluster 258 258 258
PseudoR? 0.310 0.334 0.343
Controls YES YES YES

Table 6: Multivariate analysis of rst arguments in chats

Notes: The table presents marginal e ects (ME) of a probit speci cation with evaded
transaction (binary variable) as the dependent variable. \First Argument" is a dummy variable
that refers to the rst argument in the chat being an argument for evasion. SignalT,
ExpectationT and ExpectationSignalT are treatment dummies. The reference group is
ControlT without a signal or priming. Socio-economic controls are included. Robusstandard
errors clustered on pair level in parentheses. *** g 0.01, ** p<0.05, * p<0.10.

We estimate a probit model to examine whether the e ect of the rst argument
holds when controlling for socio-economic characteristics, expenmge and risk aversion
(see Table6). Model (1) regresses a dummy for the rst argument in the chat men-
tioning evasion on the probability of an evaded transaction. First argumens that refer
to evasion remain a highly signi cant predictor for evaded transactions when control
variables are added. They increase the probability of an evaded transaain by around
42 percentage points. In model (2), we add treatment dummies. While he e ect of
the rst evasion argument remains stable at 41 percentage pointsExpectationT and
ExpectationSignalT remain only weakly signi cant with an 14 and 11 percentage point
increase in the probability of evasion, respectively. Adding a highy signi cant dummy
for risk aversion in model (3) reduces the e ect sizes of the treatrants further.
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4 Discussion

In our experiment, we model collaborative tax evasion with a coordinaton stage in-
cluding a chat-box to communicate, followed by an o er by the servie provider that is
accepted or rejected by the household. Hence, coordination is impleemted in two ways:
First, by enabling communication in the chat, second, by sequentialdecision-making in
which the household knows about the partner's preference.

In our design, both declaration or evasion are only established if both parters agree.
The transaction could also be declared by default in case of disagreeme(dee Lohse &
Simon, 2021). However, nding an alternative service provider that o ers the aspired
conditions may involve additional search costs in real life. In the meatime, a household
needs to provide the service on its own and loses the value of the s&e provision. This
is why in our design, if partners do not come to an agreement, households reject the
o er, leaving them and the service provider with only the initial endowment.

While we claim that the sequential nature of our game re ects coordinaton about
collaborative tax evasion outside the laboratory more accurately, we may owveemphasize
the role of the service provider. Service providers are the rstmovers and households
accept or reject their o er, which could be interpreted as silent apgproval to evasion if
households intended something else in the beginning and feel fokkéo accept the o er.
We asked subjects in the role of households to what extent they felt pssurized to take
the o er in the post-experimental questionnaire. A majority of 75.6 % responded that
they do not feel obliged to take it. Reported pressure is not signi carly di erent between
treatments. Ideally, we would vary the rst mover position between households and
service providers. However, since pressure does not seem topatt households' decisions
and incentives are the same for both roles, we believe that this doesoh systematically
in uence our results.

Unlike Doerr & Necker (2021) or Naritomi (2019), we cannot interpret evasion rens
as we have simpli ed the decision to a discrete choice between aed evasion price and a
xed declaration price. This implies that we can only interpret evasion decisions on the
extensive margin, that is the probability of evasion. Our aim was to investigate treatment
e ects given xed monetary incentives. However, more exible price negotiations should
be examined in follow-up studies, as we might underestimate evasiohehavior due to
this simpli cation. If prices were more exible, service providers could have tried to
persuade households by o ering lower prices for an evaded transaction.

5 Conclusion

When businesses directly transact with consumers, tax evasion haseen found to be
particularly pronounced because the incentives to evade taxes arersinger than the in-
centives to report the transaction (Doerr & Necker, 2021; Naritomi, 2019; Kleen et al.,
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2011; Pomeranz, 2015). This is very common in private households (Doerr & Necke
2021; OECD, 2021). However, the literature on collaboration between householdsnd
service providers or, more generally, between sellers and buyeis scarce. Only a hand-
ful of studies experimentally examine collaborative tax evasion (Lohse &Simon, 2021,
Kotakorpi et al., 2021; Abraham et al., 2017; Bjrneby et al., 2021; Doerr & Necker,
2021). Our experiment aims to contribute to this literature.

In this study, we investigate the compliance decision of pairs in an iteractive tax
evasion game in an online labor market. We vary the priming with an empirial eva-
sion expectation and intention signals in a 2x2 between-subjects degp and examine
the fraction of evaded transactions. We nd that priming with an empiri cal evasion
expectation signi cantly increases the fraction of evaded transactionsby 19 percent-
age points. This implies that enforcement of tax compliance should conder empirical
evasion expectations, especially in areas with low detection (e.g.,rivate households).
Signaling of partners' intentions does not signi cantly a ect the join t decision to evade
taxes. We show that this nding may be due to a weak manipulation of sigrals rather
than a non-existence of the e ect of signaled intentions.

Future research may explore the causal e ect of signaled intentions orthe decision
to collaboratively evade taxes further. Moreover, tax evasion researcin various settings
may prot from a more nuanced view on social norms that incorporates empircal and
normative expectations. This would contribute to the understanding of how tax evasion
is coordinated and help designing e ective policy measures to combait.
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Selected Experimental Screens and Question-
naires

Figure 8: Elicitation of intention

Figure 9: Priming with evasion expectation
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Figure 10: Chat-box in ControlT

Figure 11: Chat-box in SignalT including the service providés intention
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Figure 12: Service providers' o er stage

Figure 13: Households' reaction
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Figure 14: Information on transaction and audit

Figure 15: Pre-experimental survey
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Figure 16: Pre-experimental survey

Figure 17: Post-experimental survey
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Figure 18: Post-experimental survey

Figure 19: Post-experimental survey
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B Codebook Chat Analysis
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C Additional Analyses

ControlT SignalT ExpectationT ExpectationSignalT Total
Age 41.04 40.12 38.46 41.01 40.19
(13.49) (11.29) (10.58) (11.88) (11.88)
Female 0.45 0.49 0.47 0.43 0.46
(0.50) (0.50) (0.50) (0.50) (0.50)
Bachelor 0.54 0.50 0.58 0.54 0.54
(0.50) (0.50) (0.49) (0.50) (0.50)
Fulltime 0.56 0.66 0.70 0.59 0.63
(0.50) (0.48) (0.46) (0.49) (0.48)
Low Income 0.14 0.12 0.07 0.12 0.11
(0.35) (0.33) (0.25) (0.33) (0.32)
Experience MTurk 18.01 16.76 17.93 17.32 17.49
(12.15) (11.91) (11.59) (11.90) (11.87)
Loss Income 0.41 0.35 0.33 0.42 0.38
(0.49) (0.48) (0.47) (0.50) (0.49)
Experience Household 0.13 0.17 0.15 0.14 0.15
(0.33) (0.38) (0.36) (0.35) (0.36)
Experience Tax Declaration 0.64 0.58 0.57 0.49 0.57
(0.48) (0.50) (0.50) (0.50) (0.50)

Table 7: Socio-demographic characteristics over treatmsn

Notes: This table provides an overview of the socio-demographic charaetistics over the four
treatment groups. The variables Age and Experience MTurk are reported in absolute values, all
remaining variables are recoded as dummy variablesBachelor indicates that an individual

possesses at least a bachelor's degree.
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Female 0.0123
(0.0320)

Age 0.00261**
(0.00130)

Bachelor -0.0338
(0.0320)

Fulltime 0.0482
(0.0369)

Low Income 0.0345
(0.0513)

MTurk Experience 0.00302**
(0.00128)

Observations 1,004
2=11.14
p-value = 0.0840

Table 8: Attrition analysis

Notes: Results of an attrition analysis, where a dummy for dropout was regresed on the
socio-demographic characteristics surveyed before the experimerCoe cients are marginal
e ects. Standard errors in parentheses.
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