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policy) determinants of these phenomena. Quantitative information informs the anal-
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variables, and theory should guide the construction and interpretation of evidence of
the “invisible.” In this paper, we address what can be learned using micro or macro
data regarding tax evasion and the informal economy under given conditions and as-
sumptions, and critically review some of the most common empirical methods in light
of our conclusions. We conclude with an entreaty for researchers in this field to enlist
in the “credibility revolution” Angrist and Pischke (2010) in applied econometrics.
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“On principle it is quite wrong to try founding a theory on observable magnitudes
alone. In reality the very opposite happens. It is the theory which decides what we can
observe.” Albert Einstein, quoted by Werner Heisenberg, in Encounters with Einstein,
pp. 62ff.

1 Introduction

1.1 Background

Empirical research about tax evasion and the informal economy has exploded in the
past few decades, seeking to understand the magnitude and (especially policy) deter-
minants of these phenomena. Quantitative information informs the analysis of policy
choices, enables the testing of hypotheses about determinants of this phenomenon,
and can help with the accurate construction of national income accounts. Even as
empirical analysis has burgeoned, some have expressed doubts about the quality and
usefulness of some prominent measures. The fact that high-quality data is elusive is
neither surprising nor a coincidence. The defining characteristic of tax noncompli-
ance1—that it is generally illegal—often renders unreliable standard data collection
methods such as surveys. Moreover, tax noncompliance is hard to measure because
individuals purposely conceal it. This differs from the common situation in the natu-
ral sciences, where observation is often limited only by the measuring technology.2 A
classic example is the invention of microscopes and telescopes, which ended once and
for all serious debate about whether there indeed existed worlds beyond the “naked
eye,” and enabled analysis of the microscopic and celestial worlds. In contrast, tax
noncompliance shares some characteristics with other human activities that social
scientists find difficult to measure: “victimless” crimes such as prostitution and drug
use, for which victim surveys are of no use. Both the threat of punishment and shame
(fear of public exposure) make measurement difficult.3

We share the sentiment expressed in the epigraph by Albert Einstein: analysis of
tax evasion and the informal economy must proceed even in the absence of the direct
observability of key variables, and theory should guide the construction and interpre-
tation of evidence of the “invisible.” In this paper, we address what can be learned
about tax evasion and the informal economy under given conditions and assump-
tions, and critically review some of the most common empirical methods in light of
our conclusions.

We conclude with an entreaty for researchers in this field to enlist in the “cred-
ibility revolution” Angrist and Pischke (2010) in applied econometrics that seeks to
establish credible and explicit identification strategies both in archival research and
randomized field experiments. This movement also aspires to overthrow poorly iden-
tified causal interpretations and casual use of instrumental variables, and to instill a

1 We will use tax term “tax noncompliance” to refer to tax evasion and the informal economy, noting
below the differences.

2 The electron is not difficult to observe because it decides to be.
3 One can, though, think of activities that are shameful for some people but not illegal (obesity, smok-

ing), and some that are illegal but not shameful (speeding). One suspects that some people put tax evasion
in the latter category, and even brag about successful evasion at cocktail parties.
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skepticism with inference based on cross-sectional rather than longitudinal data for
which one can plausibly argue that unobserved influences do not change over time.
We do not attempt a comprehensive survey of the vast literature, and concentrate
more on the tax, rather than the labor market, aspects of this set of issues.4 We will
say little about what has been learned, but will instead focus on how we can learn
more about the methods of obtaining evidence and drawing inferences in a credible
way, so as to facilitate the progressive accumulation of useful knowledge.

1.2 Definitions

To economists, tax evasion generally refers to efforts to not pay taxes by illegal
means.5 It is often contrasted with tax avoidance, which refers to the legal use of
tax provisions to reduce tax liability. In practice, there is often considerable lack of
clarity about whether a behavior is illegal, such that reasonable people (including
the taxpayer and tax authority) may disagree. Definitions of the informal economy,
which also goes by the shadow, black, or underground economy, vary a bit more. A
reasonable one, adapted from Schneider (2005), is all market-based legal production
of goods and services that are deliberately concealed from public authorities to avoid
1) payment of taxes or social security contributions, 2) having to meet labor market
standards, or 3) complying with certain administrative procedures.

Clearly tax evasion and the informal economy are not identical but have some
overlap. For example, overstating income-tax-deductible charitable contributions is
tax evasion but is not part of the informal economy. A small business failing to regis-
ter to avoid regulatory standards is part of the informal economy, but may not consti-
tute tax evasion if the business’s activities trigger no tax liability. Both are motivated
by the desire to reduce the burden of some aspect of government, and may therefore
respond to government policy. However, the informal economy refers explicitly to
production, while tax evasion need not.

2 Theoretical Underpinning

Although in the epigraph Einstein asserts that theory determines what we can observe,
for our purposes we need only claim that theory helps to make sense of the data
patterns we observe. In particular, we need to refer to theory about the choices made
by individuals, businesses, and governments. We therefore begin with an informal
overview of some basic aspects of the relevant theory. This overview is not meant to
be comprehensive, but rather to introduce the important structural relationships that
should be considered in a credible empirical research design.

4 Gërxhani (2004) and Slemrod (2007) offer concise recent surveys of the literature on the informal
economy and tax evasion, respectively. Andreoni et al. (1998) provide a comprensive review of the eco-
nomics of tax compliance.

5 The legal definition varies across countries.
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2.1 A Model of Agent Behavior

2.1.1 Evasion and Evasion-Facilitating Behavior

In the seminal treatment of income tax evasion6 by Allingham and Sandmo (1972),
a risk-averse individual with true income7 Y subject to a flat income tax at rate t may
report R, less than or equal to Y , where evasion, denoted E, is Y −R. If true income
is underreported, there is some probability p that the evasion will be discovered by
the tax authority, whence the true tax liability must be paid plus a penalty rate f that
is related to either the understated income or the evaded tax liability. Although in
the simplest model p is fixed, one can imagine that the probability of detection and
punishment depends on three sets of factors: 1) a set of policy actions taken by the
tax authority,8 which we will denote, inclusive of the tax rate itself, as N; 2) a set
of taxpayer-initiated evasion-facilitating activities, denoted B, designed to reduce the
chance of being penalized; and 3) a set of exogenous characteristics of taxpayers and
the non-tax-system environment they face, denoted H. In general, E declines when
either p (given other choice variables) or f increases, but the effect of t is theoretically
ambiguous.9

A large literature, summarized in Torgler (2007), has argued that the deterrence
model is insufficient to explain variations in compliance behavior, and has introduced
other considerations including social norms, intrinsic motivation such as duty, and
perceptions about the fairness of the tax system and the purposes to which the tax
revenue is directed. We accept that some people’s behavior is affected by factors
outside a simple private cost-benefit calculus.10 This perspective broadens the vector
of policy actions (to include, for example, taxpayer rights) and relevant exogenous
characteristics, and can also blur the expected effect of traditional tax system actions
(so that, for example, a heavy-handed enforcement may backfire by causing some
people to switch how they frame compliance decisions from intrinsic motivation such
as duty to extrinsic motivation based on playing the tax audit lottery).

2.1.2 A Model of the Informal Economy

The basic insights of the Allingham-Sandmo model, amended to allow for “behav-
ioral” considerations, would apply to the informal economy, although some other
issues arise. For example, the vector of tax system aspects N would have to be ex-
panded to include regulations and other administrative burdens. Second, the model

6 Some of the details of the model would be different if the tax in question was, for example, value-
added tax evasion, but the basic points would be the same.

7 True income is assumed to be equal to taxable income.
8 N is exogenous to the taxpayer’s choices but may vary systematically across jurisdictions or across

time. As discussed later, the impact of N may vary across people or firms in a given jurisdiction at a point
in time.

9 As shown by Yitzhaki (1974), the effect of t depends in part on whether the penalty is assessed on the
income understatement or the tax understatement.

10 We do not, though, accept the argument, based on observed low audit coverage, that the deterrence
model grossly underpredicts tax compliance; in fact, for income subject to information reports, the chance
of getting away with evasion in developed coutnries is close to zero, in spite of low rates of formal auditing.
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would have to consider the opportunity costs of informality, i.e. of joining the formal
economy, as stressed by Loayza (1996) and others. This renders decisions about the
informal economy unlike the tax evasion decision, where it is almost always the case
that individuals can be free riders because their decisions do not affect the benefits
they get from government at all.

Importantly, the Allingham-Sandmo model refers to a risk-averse individual.11

Adapting the model to business decisions raises several interesting issues, which are
discussed in Slemrod (2004). Small businesses, which are mostly the type at the mar-
gin for the informal economy, are reasonably thought of as individuals. However, as
Slemrod (2004) points out, it is less clear whether a widely-held business ought to
display risk aversion. It is also important to note that tax compliance decisions of
businesses extend far beyond what are commonly considered “business taxes.” For
example, businesses commonly are required to withhold and remit taxes on behalf of
their employees to meet their labor income tax obligations, and for many other pay-
ments they make. Indeed, recent studies have calculated that, in the U.S. and U.K.,
over 80 percent of all taxes are remitted by businesses,12 and anecdotal evidence sug-
gests that this figure is even higher in developing countries. Thus, noncompliance for
withholding is an important issue. The incidence and efficacy implications of business
noncompliance are certainly different than those of noncompliance by individuals in
their role, say, as consumers.

2.1.3 Other Decisions

At the same time private agents are contemplating noncompliance and evasion-facilitating
actions, they are making scores of other decisions. Individual consumption of any par-
ticular good X (as well as total consumption), depends on true after-tax income, or
more precisely true after-tax expected permanent income.13 Similarly, firms’ demand
for inputs is derived from their desired output. Thus, we might expect that, at the
micro and macro level, there is a relationship between true income or output Y , and
consumption or input demand, X .

2.2 A Model of Government Behavior

It is useful to think of governments and their tax authorities as choosing the tax and
regulation systems to maximize some objective function.14 Thus, the choice of N
depends on H and on the tax authority’s beliefs about how E and R will react to
its choices of N. The tax system vector N includes the tax authority’s attempts to

11 Of course tax evasion may also be done by businesses, from small firms to multinational corporations.
12 See Christensen et al. (2001) and Shaw et al. (2010).
13 We could go further and recognize that labor supply (and therefore true income) is itself a decision

that depends in part on the expected after-tax return to working, and therefore depends on aspects of the
tax system including the tax rate and the enforcement regime. See Slemrod (2001) for a model of the joint
choice of noncompliance and labor income in response to income taxation.

14 The maximand may be a social welfare function of citizens’ utilities, but could also include the private
objectives of policy makers and thus reflect Leviathan considerations.
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acquire information about Y , R, and E, through auditing of self-reports and matching
of third-party information.

Noncompliance research must account for the fact that any analysis is undertaken
in an environment where there are operational attempts by the tax and regulatory
authorities to monitor noncompliance. The tax authority, as well as regulatory au-
thorities, wants to enforce the tax laws and regulations. They also want to understand
the marginal impact of policies, so as to guide rational resource allocation. Indeed,
as we will discuss later, some of the most detailed information about the nature and
magnitude of tax evasion comes from government studies whose main purpose is to
inform the auditing strategies of the tax authority.

One clear implication of this discussion is that government policy cannot be con-
sidered exogenous. For this reason, finding “natural” experiments to exploit is dif-
ficult. Across countries (or other jurisdictions), policies may differ because country
characteristics dictate that different policies are optimal. Unless those characteris-
tics are completely controlled for, a cross-sectional regression analysis may ascribe
the direct effect of these characteristics on noncompliance to the policy variables.
Similarly, within a country over time, policies often change as country characteris-
tics change. Within a jurisdiction at a given time, the policy usually does not vary,
which is not promising for learning about the effect of policy variations. However,
the application of the policy may vary. For example, the probability of detection may
vary across individuals or firms, as might the applicability of the information report-
ing regime. Yet, this variation comes with its own problems. In particular, it is likely
not exogenous, because the impact is likely correlated with preferences or ability to
evade.

2.3 System

Before moving on to empirical research design issues, it will be helpful to collect all
the structural equations our discussion so far suggests:

Noncompliance: E = E(Y,B,N,H) or R = R(Y,B,N,H), where E = Y −R. (1)
Traces of True Income or Output: X = X(Y −T,N,H) or X = X(Y,N,H). (2)
Traces of Noncompliance: B = B(E,N,H). (3)
Policy Determination: N = N(B,H). (4)

3 Micro-based Inference about Noncompliance

3.1 Using Audited Returns or Surveys

There is a good reason why the credibility revolution has been late arriving to the
study of tax evasion and the informal economy. Empirical analysis in this field faces
extraordinary challenges. Many years ago, at a conference on tax evasion, a colleague
and friend of the senior co-author of this paper began his remarks by saying that “the
empirical analysis of the determinants of tax evasion is straightforward except for
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two things: you can’t measure the left-hand side variable, and you can’t measure the
right-hand side variables.”15 This paper focuses mostly on the former problem. We
begin, in this section, by discussing the most direct attempts to address this problem:
intensive audits conducted by the tax authority and surveys conducted by researchers.
Both can examine a random sample of individuals and produce an estimate of non-
compliance for each individual. However, the former applies only to tax evasion, and
can be spearheaded only by the tax authority at substantial resource cost. Despite
its costs, such a study has been done regularly since the 1960’s by the U.S. tax au-
thority, the Internal Revenue Service (IRS). These studies were originally called the
Taxpayer Compliance Measurement Program (TCMP), but more recently the name
has changed to the National Research Program (NRP). The studies generate infor-
mation, by line on the individual income tax form, about what the taxpayer reported
and what the examiner concluded was correct. The primary purpose of this exercise
is to improve the process for selecting returns for operational audits. It is also used to
estimate the magnitude and nature of the aggregate “tax gap” by combining informa-
tion from the intensive audits with information obtained from ongoing enforcement
activities and special studies about sources of income, like tips and cash earnings of
informal suppliers such as nannies and housepainters, that can be difficult to uncover
even in an intensive audit.

Several studies have used the micro data from these IRS studies to examine the
determinants of evasion. For example, Clotfelter (1983) uses the micro data from the
TCMP study for 1969 and examines a regression specification of the following sort:16

ln(E) = λ0 +λ1ln(Y −T )+λ2N +λ3B+λ4H +u, (5)

where E is estimated income understatement, Y −T is true after-tax adjusted gross
income, N includes the marginal tax rate, B includes a dummy variable for whether
or not more than four forms were filed and the ratios of wages, interest and dividends
to adjusted gross income. H includes U.S. region, marital status, and age.

There are several substantive issues with this approach. First, as with any cross-
sectional study of the impact of income taxes on behavior, the approach is made
difficult by the fact that the marginal tax rate is a (complicated, non-linear) function of
income, making it hard to separately identify the tax rate and income effects without
making strong functional form assumptions. Second, a key right-hand-side variable
of the Allingham-Sandmo model, p—more precisely, perceived p—is very difficult
to measure.17 We suppose that the appropriate p varies sharply depending on the type
of evasion and the ability of the relevant tax authority to detect it. It is probably close
to one for wages and salaries in countries with comprehensive employer information
reporting and adequate computer facilities available to the tax authority, and much
closer to zero for self-employment and small business income in all countries. To
partially address this issue, Clotfelter (1983) estimates equation (5) separately for
non-business returns, business non-farm returns, and farm returns. For the remaining

15 Harvey Galper, past president of the National Tax Association.
16 In practice, a Tobit model is used because E frequently takes on a value of zero. Clotfelter (1983)

examines both taxable income understatement and adjusted gross income understatement.
17 The expected punishment for detected evasion f is also difficult to measure, but arguably less so.
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variation within filing class, the controls used in B are meant to partially proxy for
p. The imperfect proxies both necessarily preclude obtaining the exact magnitude of
the effect of p on E, and also make the marginal tax rate coefficient a function of p
to the extent that p is correlated with income level. Third, this approach assumes that
E measures evasion completely; that is, the auditor finds all evaded income and only
evaded income, which is certainly not true in practice, and is especially problematic
for unreported income and, in particular, for income tax non-filers .

Feinstein (1991) addresses both the first and third issue directly. To mitigate the
first problem, he pools data from two separate years in which the tax rate as a func-
tion of income differs. He finds that this is important; the coefficient on the marginal
tax rate becomes negative when two years of data are pooled, whereas both Clotfelter
(1983) and he find a positive relationship when a single year of data is used.18 To
address the third, Feinstein (1991) develops a model of fractional detection, which
allows E to be imperfectly detected by the auditor, where that fraction can depend on
observed characteristics, such as the experience of the auditor.19 Beron et al. (1992)
attempt to address the second issue, by constructing the audit probability as the dis-
trict level audit-rate. However, the district-level audit rate is not exogenous, perhaps
reflecting something about the compliance-related characteristics of the population.20

Surveys of taxpayers are another potential way to obtain data about tax evasion
directly, and such micro data exist, but despite some creative methods developed by
psychologists and sociologists to address the problem of untruthful responses to del-
icate questions, the data are often not highly credible. Lemieux et al. (1994) argue
that their survey is an exception and seek to verify that their survey obtains rea-
sonable measures of noncompliance by examining the aggregate income-expenditure
gap within the informal economy. Examining this gap is useful in understanding the
magnitude of underreporting, but does not necessarily say much about the bias this
would induce in the estimates, where the relevant metric is the degree of correlation
between income underreporting and the independent variables of interest. Note that,
while income underreporting is a substantive concern, the authors point out that such
a survey may actually do better at ascertaining the true income level of individuals
whose income source is such that the probability of evasion detection in an audit is
very low. They analyze individuals’ decisions to operate in the formal or informal
economy using data from a survey of 2,134 adults in Quebec City. Measuring p re-
mains a problem in this context; the authors include no controls to proxy for p, and
note that their estimate of the effect of the marginal tax rate is a function of p. The
authors take advantage of the fact that their survey includes demographic variables
such as age, sex, and marital status and include these as independent variables in their

18 However, note that year fixed effects are not used, which means that the estimates could be inappro-
priately attributing yearly variation in income levels to the independent variables of interest if the variables
and yearly variation are coincidentally correlated.

19 Note, though, that a complete estimate of tax evasion is obtained by this method only if some auditors
are able to find all evasion, which is likely not the case.

20 The authors instrument for the audit rate with the level of IRS resources relative to the number of
returns, arguing that the IRS has not been able to allocate its resources so as to achieve its goals, but this
approach is invalid to the extent that the IRS succeeds in targeting its resources toward areas believed to
be particularly noncompliant or, more precisely, toward areas where enforcement is likely to be relatively
more effective.
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analysis. DePaula and Scheinkman (2010) make use of a survey of entrepreneurs in
Brazil to examine the decision to operate in the formal or informal sector; a major
focus of this study is the joint choice of firm size and whether to register with the
tax authorities. Firm size in this context is an element in the vector B—it allows for
endogenous selection of the firm’s audit probability. The choice to register with the
tax authorities is a binary measure of E—based on this choice, firms are either in the
formal economy or not. Their regression puts B on the left-hand-side and E on the
right-hand-side but, because both are jointly chosen, a causal relationship cannot be
determined.

Research has also focused on survey evidence about attitudes toward tax eva-
sion, sometimes called tax morale, particularly from the World Values Survey. The
correlates and determinants of tax morale have been extensively studied.21 However,
without a direct measure of evasion in the survey, it is difficult to analyze how tax
morale affects evasion levels. Thus, for surveys of this sort to provide quantitative
evidence regarding tax evasion, in particular regarding determinants that may not be
measurable in data sources such as the TCMP, it is important that they be linked to
credible measures of evasion.22

3.2 Using Traces of True Income

For the reasons mentioned above, the brute-force approach of directly measuring tax
noncompliance is rare. In its absence, the primary challenge of empirically examining
the magnitude and determinants of noncompliance is that the variable of interest (E =
Y − R) is not observed. All is not lost, however. In some data sets R (but not Y )
is observed, and in other data sets, Y (but not R) is observed. In conjunction with
observations of aspects of X , B, N, and H, it is possible to make inferences about the
magnitude and determinants of E. But, as we emphasize below, one must proceed
with caution.

We begin by considering what can be learned from micro-economic observations
of R and X by focusing on a methodology used first by Pissarides and Weber (1989)
and, subsequently by Feldman and Slemrod (2007), among others.23 Consider the
following functional forms for equations (1) and (2) :24

R =
Y

α0 +α1BR +α2NR +α3HR
+uR (6)

ln(X) = β0 +β1ln(Y )+β2NX +β3HX +uX . (7)

21 For example, see Torgler (2007).
22 Although see Cummings et al. (2009), which links, and finds internally consistent, survey-based evi-

dence and artefactual field-based evidence.
23 In both cases, we use stripped-down versions of the models and ignore details that are considered

more richly in the papers. For example, in the context of Pissarides and Weber (1989) we ignore that
individuals may base their consumption decisions on permanent, rather than current, income.

24 NR and HR refer to elements of N and H that are determinants of R, and the same is true for X .
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The parameters of equation (6)—our primary interest—cannot be estimated directly
because Y is unknown. Instead, by using (6) to substitute for ln(Y ) in equation (7),
equation (7) can be written as a function of known quantities, as follows:25

ln(X) = β0 +β1ln(α0R+α1BR(R)+α2NR(R)+α3HR(R))+β2NX +β3HX +uX .
(8)

In Pissarides and Weber (1989), X is expenditures on food; in Feldman and Slem-
rod (2007), X is charitable contributions. Estimating equation (8) would not produce
estimates of the α parameters, but rather a mixture of something about evasion (the
α’s) and something about the relationship between X and Y (the β ’s). If one were
certain about how X varies with Y —and this assumption is made in some studies of
the informal economy discussed later—the value of β1 implies certain values for the
α parameters. In contrast, these studies put restrictions on the α parameters instead,
which would rely on the fact that B and N may not be completely observable, but are
different in predictable ways across different sub-groups of earners.

Pissarides and Weber (1989) use data from the Family Expenditure Survey in the
U.K.26 Given that the data are from a survey, they rely on all individuals reporting
the same value of income to the interviewers as they would to the tax authority. They
categorize individuals as being either self-employed or employees and assume that
1) employees do not evade at all, 2) self-employed status (SE) is a sufficient measure
for capturing the ways in which N, B, and H determine evasion for self-employed
people,27 and 3) that the food equation (8) does not differ by employment status.
With these assumptions, expression (8) becomes:28

ln(X) = β0 +β1ln(R)+β2SE +β3NX +β4HX +ux. (9)

The parameter of interest is k = E[Y ]
E[R] = 1

1−e , where e is the evasion rate.29 With the

assumptions noted above, k = 1 for employees. For self-employed individuals, k̂ =
exp(β̂2/β̂1).30

25 The error term in equation (6) is suppressed in this specification, but it should be noted that to the
extent that it exists, β1 would be biased due to measurement error if no instrument is used. This error
would also affect the α coefficients if the bias or uR is correlated with BR, NR, or HR.

26 Recently, Hurst et al. (2010) have applied this methodology to examine income underreporting of
self-employed individuals on surveys in the U.S.

27 The model also imposes a functional form assumption that self-employed individuals choose not to
report a fraction of their income (as opposed to a fixed amount of income, for example).

28 As Pissarides and Weber (1989) observed, R is endogenous, and therefore instruments for R must
be used when equation (9) is estimated. Pissarides and Weber are concerned that SE is also endogenous,
and therefore instrument for it, too. Likely, the endogeneity concerns for SE arise due to unobservable
covariates that reside in the error term. They use a number of instruments for both R and E, including the
number of cars per house, house value, and an indicator for whether the spouse is self-employed.

29 For future reference, note that this procedure yields an estimated true income, and therefore an esti-
mated value of evasion, for each individual. However, this estimate would come with very high standard
errors, so it is not very helpful for assessing evasion for any particular individual. Note, though, that some
tax authorities employ life-style audits, where an assessment of the taxpayers’ consumption patterns and
level can shed doubt on the reported income that presumably support this consumption.

30 It follows that evasion as a percentage of true GDP is

Eagg = (k̂−1)
(

nSE R̄
nSE k̂R̄+nEEȲ

)
,
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Feldman and Slemrod (2007) avoid issues raised by survey data by examining
IRS income tax return data instead, and selecting an X that appears on many tax
returns in the U.S.—charitable giving. They categorize individuals by the sources of
income they receive; however, unlike in Pissarides and Weber (1989), individuals can
belong to more than one category if they have multiple types of income. By assuming
that 1) there is no evasion on wage and salary income,31 2) income sources are a
sufficient measure for capturing the ways in which N, B, and H determine evasion for
each of these sources,32 and 3) that the charitable giving equation (8) does not differ
by tax return form, equation (8) becomes:

ln(X) = β0 +β1ln

(
RW +

n

∑
i=1

ciRE
i

)
+β2NX +β3HX +uX , (10)

where RW is reported wage income and RE
i is reported income from another source

i, in which positive evasion is assumed possible. Under these assumptions, the ci’s
are informative as to the absolute rates of evasion for different income types. In this
context and in Pissarides and Weber (1989), if the evasion rate of those that earn wage
and salary income is not assumed to be zero, the values of ci and k, respectively, are
informative regarding the relative evasion rate between wage and salary income and
another form of income considered.

Both of these approaches assume that individuals do not alter X to change their
probability of being audited. But, if X is observed by the econometrician, presum-
ably it can be observed by the tax authority; in Feldman and Slemrod (2007), it is
actually reported to the tax authority. This provides some motivation for individuals
to alter X to lower their chance of being audited. To see this, suppose that a high
ratio of charitable giving to reported income increases (or is suspected to increase)
the probability of audit (an element of N). Then individuals will likely report (and
donate) lower values of X than otherwise. In this case, regression analysis of the sys-
tem above would suggest low values of evasion, when in fact there may be substantial
evasion accompanied by substantial underreporting of X .33

The parameters c and k are reduced-form, reflecting the cumulative effect of all
elements of N, B, and H that affect evasion levels and differ between income or
employment type. By continuing to split income into more and more categories, one
could learn about a more narrowly defined reduced-form effect. A possible advantage
of this approach is that the researcher need not measure the policy determinants of
interest, as long as one knows what they are and how they vary by income source.

where nSE is the number of self-employed, nEE is the number of employees, R̄ is average reported income
of the self-employed, and Ȳ is average true income of employees.

31 The premise of this assumption is that individuals likely do not evade on wage and salary income,
because the withholding and informational reporting requirements on wage and salary income in the U.S.
make it extremely difficult to successfully evade.

32 The argument of footnote 27 applies here, too.
33 Glazer and Konrad (1996) suggest another possible concern, namely that self-employed people will,

conditional on other factors, donate relatively more to charities, so as to appear civic-minded. This would
bias estimates of self-employed noncompliance upward. Additionally, this procedure would yield biased
estimates if the measures of income for tax purposes are intended to be different as between employees
and self-employed individuals.
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This may be particularly useful in the context of audit and detection probabilities,
which, as we discussed in section 3.1, are extremely difficult to measure directly.
The drawback of this approach is that it is impossible to differentiate the effect of
potential determinants from their actual change across income sources. Neither of
these approaches address the fact that individuals may select into being self-employed
or receiving income in a particular form because they have a higher preference for
evasion. If these unobserved preferences are correlated with charitable giving, then
the third assumption above is violated and the estimates would be biased. If not, the
parameters can be interpreted as the effect conditional on this selection, but it would
still be difficult to justify extrapolating the results across income groups.

3.3 Measuring Traces of Noncompliance

Another approach to learning about tax noncompliance when no direct measure exists
relies on traces of noncompliance. We introduce this method with a non-tax exam-
ple.34 Suppose one were interested in learning about the effect of policy variables on
the extent to which drivers exceed legally posted speed limits (“speeding”). Speeding
(E) is not observed, but we do observe the deployment of radar detectors. Owning
a radar detector makes sense only for those who intend to speed; on the other hand,
many speeders do not own a radar detector. Let there be two policies that potentially
influence speeding, the speed limit and the extent of police monitoring, that vary by
time and jurisdiction (both are elements of N).

One might like to run the following simple regression:

E = λ0 +λ1N +λ2H +uE , (11)

but this is infeasible because E is unknown. Instead, one might make use of the rela-
tionship between unobserved E and the observed element of B, as given by equation
(3). Taking derivatives of both sides yields:

dB
dN

=
∂B
∂E

dE
dN

+
∂B
∂N

. (12)

By estimating the following reduced-form regression:35

B = π0 +π1N +π2H +uB, (13)

one would like to learn about the sign and the relative magnitude of the reduced-
form effect of two different policies on E.36 If one also knew the sign of ∂B

∂E and

34 See Stanley (1995) for an elaboration of this analogy. In the context of noncompliance, traces studied
include such things as cash holdings or bank accounts in tax haven countries.

35 Ideally, one would include jurisdiction fixed effects, so as to identify the parameters off of changes
in jurisdiction enforcement or speed limit policies. Otherwise, it is extremely difficult to draw causal
inference, because jurisdictions likely have varying preferences for evasion, speed limits, and police en-
forcement that are correlated with a variety of unobservable characteristics (that is, one cannot control for
all important elements of H).

36 We do not even consider the possibility of obtaining a clean estimate of the reduced-form impact of
N on E, since it would only be possible if ∂B

∂E = 1 and ∂B
∂N = 0.
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that ∂B
∂N = 0, one could proceed to use the coefficients estimated in equation (13) to

learn about the sign of λ1 and the relative magnitude of the effect of the two different
policies.37 Using the example of police enforcement, it is straightforward to assume
that ∂B

∂E > 0—as speeding increases, so does the use of radar detectors. However,
the element of N considered in this example is clearly one for which ∂B

∂N 6= 0: as
police enforcement increases, the incentive to use a radar detector increases holding
speeding fixed. The direct effect on E is to decrease the incentive to speed. It is
possible that the latter effect, when multiplied by ∂B

∂E , is actually larger than the former
and, if so, the sign of π1 would be incorrect. Therefore, drawing causal inference
should not be done, in general, when the dependent variable is a trace of evasion and
∂B
∂N 6= 0.

An additional problem with this approach is that if some component of B is a good
indicator of evasion, and it is observable, then presumably the tax authority could
use it to detect evasion, have sanctions against B, or investigate B as part of evasion
investigations.38 One can even imagine a presumptive tax on B or, as in Gordon and
Li (2009), a subsidy on substitutes for B. To the extent that components of B trigger
tax liability, they will be used less frequently in equilibrium. As a result, it is unlikely
that a component of B is both a good indicator of evasion and not too difficult for
the researcher to measure accurately. As we discuss in section 4, in some cases it is
possible to obtain a reliable macro estimate of a variable even though measuring it at
the individual or firm level is difficult.

Another “traces of evasion” strategy is to examine data patterns that can be ex-
plained only by evasion.39 One example is to apply Benford’s Law, a property that
provides expected frequencies of the digits in tabulated data, as done by Nigrini
(1996). Slemrod (1985) uses the behavioral response to the $50 notches in the U.S.
individual income tax rate schedule as an indicator of tax evasion. These methods
can be informative with regard to identifying the existence or determinants of non-
compliance, but are not likely to be helpful in quantifying the magnitude of either of
these.

3.4 The Promise of Randomized Field Experiments

Randomized field experiments offer another source of evidence, and are especially
promising for identifying the causal effect of potential evasion determinants. Indeed,
this approach to inference has been prominent in the “credibility revolution” referred
to by Angrist and Pischke (2010). Due to the randomization of the causal variables,
a well-constructed field experiment promises a high degree of internal validity for
the policy treatments that are varied. Conducting an experiment in this context also

37 Even though we are only interested in the relative magnitude of two policies, all elements of N and
H that are correlated with the policies of interest need to be included as independent variables, or else the
relative magnitude of the effect of the two policies would be biased. The only exception is an extreme
case in which the omitted variables generate a bias that rescales both coefficients of interest by the same
proportional constant.

38 Radar detectors are illegal in many countries as well as in Virginia and the District of Columbia.
39 This approach is related to the broader topic of “anomaly detection,” used to assist, for example, in

the detection of credit card fraud; see Chandola et al. (2009).
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allows researchers to side-step the problem of an unknown dependent variable; given
random assignment, a difference-in-differences strategy can be employed, such that
the average change in reported income before and after treatment of the treatment
relative to the control group is the change in evasion due to the policy change.

An early example of the use of field experiments to study noncompliance is Slem-
rod et al. (2001), who analyze the results of a randomized, controlled experiment
conducted by the State of Minnesota Department of Revenue. The treatment group
received a letter which informed them that the returns they filed would be “closely
examined.” Kleven et al. (2010) designed a recent experiment in collaboration with
the Danish tax collection agency. They implement a two-year experiment, where in
the first year, individuals were randomly selected for a comprehensive audit, and in
the second year, individuals were randomly selected to receive “threat-of-audit” let-
ters. In both of these studies, there is at least one treatment that is designed such that
the audit probability post-treatment should be believed to be one. If detection condi-
tional on being audited is also one, then this treatment will provide a measure of total
evasion in the absence of treatment, as complete compliance is optimal in a deter-
rence model when detection is certain. Fellner et al. (2009) set up a randomized field
study in collaboration with the Fee Information Service in Austria to study a differ-
ent type of evasion, namely whether individuals register and thus pay for receiving
public broadcasting, which is required by law. The main results measure the effect of
legal threat letters on the decision to register among individuals who were suspected
of evading.

A key concern for field experiments is external validity, both for an economy-
wide implementation of the piloted treatment and for variations on the precise treat-
ment studied. For the former, general equilibrium effects will likely cause the economy-
wide effect to differ. For the latter, extrapolating the impact of the pilot to a somewhat
different policy requires some knowledge of why the policy change matters. Further-
more, the search for explanations of the observed responses often leads to examina-
tions of determinants that were not randomized. For example, Kleven et al. (2010)
examine the differential effect of the change in audit probability on types of income
that do, and do not, face third-party reporting. Part of the differential effect that they
find is likely due to different perceived initial probabilities of audit and may also
be affected by different underlying preferences for evasion across the two groups. As
noted by Kleven et al. (2010), valid causal inference regarding the effect of third-party
reporting would exist only if it were also randomized. We also note field experiments
are only conducive to examining certain types of policy questions; for example, it is
difficult to measure the effect of varying levels of confidence in the government.

Although field experiments promise an unrivaled degree of internal validity, they
are costly to run, both in terms of time and money. One way to obtain further in-
sight from a field experiment is to use it to evaluate the internal validity of stan-
dard non-experimental results. The seminal paper on this topic, written by LaLonde
(1986), examines non-experimental estimators using the National Supported Work
Demonstration (NSW) experiment. The method compares the control group from the
experiment to a reasonably constructed comparison group (which would be used if
the experiment had not been conducted). If the estimated coefficient on an indicator
variable for being in the control group is reasonably close to zero, this provides evi-
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dence that unobservable differences between the two groups are not inducing omitted
variable biases. This, in turn, suggests that the non-experimental method examined
could be used to obtain valid inference in settings similar to that examined. A similar
approach could be implemented in the context of tax evasion. For example, suppose
one wanted to know whether the method used by Feldman and Slemrod (2007), which
was discussed in subsection 3.2, produced valid estimates. One could ask whether in-
dividuals who chooose to earn income from sources where evasion is more or less
feasible are the same in terms of unobservables that affect their marginal propensity
to give to charity.40 Using the data generated in the experiment conducted by Slem-
rod et al. (2001), one could investigate this question by examining all taxpayers who
were either in the experimental treatment group (received a letter informing them that
they would receive an audit) or a slightly restricted version of the non-experimental
comparison group (individuals who earned only wage and salary income and were
not included in the experiment) and running the following regression:

ln(X) = β0 +β1ln

(
RW +

n

∑
i=1

ciRA
i

)
+β2NX +β3HX +u, (14)

where RW now includes all individuals in the restricted non-experimental compar-
ison group and RA

i is income split by source of all individuals in the experimental
control group.41 Then, one would fail to reject the null hypothesis that the model was
valid if ci was not statistically different from one for each income source. There are
several caveats regarding the application of this method in this context. Most impor-
tantly, the reason why wage and salary income is truthfully reported is a function of
both the probability of audit conditional on evasion and the likelihood that all the
evaded income will be detected if an audit is conducted (both of which are likely
close to one for wage earners). The experiment effectively alters the probability of
audit, but leaves the probability of detection unchanged. For this reason, the marginal
propensity to give to charity out of RA and RW may systematically differ, even if the
non-experimental method is valid. Additionally, this method is not effective at de-
tecting whether or not the non-experimental estimates are biased because individuals
lower their reported charitable giving contributions when they evade to decrease the
probability of audit. When individuals in the experiment receive a letter telling them
that they will be audited with a probability of one, they may well decide to truthfully
report both income and charitable donations.42 In this case, one may fail to reject

40 Note that this is a slightly different question than that being asked in the labor context. In the latter
case, the question is whether individuals who selected into treatment (by signing up for the experiment)
are the same on all unobservables as those who did not. This makes it natural to compare the experimental
control group (which has selection but no treatment) and the non-experimental comparison group. In the
tax evasion context, everyone in the experimental and non-experimental control groups are the same—both
include individuals that have selected into each income source. The closest analog is to examine individuals
who receive the experimental treatment (now they have incentive to report their true income, but still have
the unobservables associated with selection into income sources where evasion is more feasible) and the
non-experimental control group (who have selected into income sources with a high cost of evasion).

41 Wages and salaries are an income source in this context, and the estimated coefficient on this source
provides evidence regarding the assumption that there is no evasion present in wage and salary income.

42 This description is likely consistent with reality if the charitable giving report was false and its purpose
was solely to decrease the probability of audit and not the detection rate once the audit was conducted.
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the null that the non-experimental method is valid even though it is in fact biased.
Thus, while comparisons between field experiments and non-experimental methods
should be a part of the credibility revolution going forward (with an experiment that
is designed to more closely replicate the non-experimental setting), it remains true
that there are some things one would want to study in a non-experimental setting
that one finds it very difficult to examine in a non-experimental setting (e.g., a direct
examination of the effect of a change in audit probability), and this provides an ad-
ditional justification for field experiments even if non-experimental studies provide
valid estimates of evasion and some causal determinants.

3.5 Lab Experiments

A distinct advantage of lab experiments is that researchers have more latitude to ad-
just the environment the taxpayer faces relative to a field experiment. This enables
researchers to study whatever is of interest, whether it be something concrete like an
audit probability or a more attitudinal variable like institutional uncertainty (e.g. Alm
et al. (1992)), and at the same time hold everything else constant. However, there are
also potential disadvantages of this method. While internal validity is high, external
validity is often problematic in this context, because it is not immediately obvious
that individuals would respond the same way in a controlled lab experiment that they
would if a similar policy were implemented in practice. This is both due to the fact
that individuals may behave differently in a lab setting and that there may be addi-
tional unobservables that play an important role in the effect of a given policy. While
the lab experiment may give a cleaner estimate of the effect of a given policy by it-
self, it may not do much in terms of explaining how such a change would actually
alter evasion in practice. Therefore, a potentially valuable approach is to design a
lab experiment in such a way that it has an out-of-the-lab counterpart, which would
facilitate an evaluation of the credibility and information value of lab experiments.
For example, Alm et al. (2010) compare tax compliance estimates from TCMP data
to those generated by a lab experiment, and Cummings et al. (2009) compare lab ex-
periment results to survey responses. Of course, the caveat of any such comparison
is that both may be subject to substantive concerns. Finding similar estimates across
the two methods may suggest their validity or may suggest that the biases in each are
such that the estimates turn out to be roughly the same. However, given the inherent
difficulty of observing exogenous variation of certain potentially important aspects
of the relevant environment outside of a lab, careful lab experiments remain the best
method to gaining broad insights, if not policy-relevant parameters, about the impact
of such factors as taxpayers’ trust in government.

4 Macro-Based Inference about Noncompliance

Suppose instead one would like to draw inferences about the magnitude of aggre-
gate tax evasion or the informal economy, either across countries, or within a country
or countries over time. Perhaps one is also interested in understanding the effect of
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policy variations on these variables, especially if there are policy variables that vary
across time or countries, but not across individuals at a given time within a given
country. There are special challenges for macro-based inference. The sample size
is inevitably much smaller than in micro-based studies and there are certain to be
country-specific variables that affect noncompliance but are difficult, if not impossi-
ble, to measure and which are correlated with the measurable determinants. Unlike
in micro-based inference of tax evasion, we do not observe an analogue to “reported
income.”

4.1 Aggregating Micro Data to get Macro Estimates

One approach is to make use of the TCMP/NRP style studies, and simply add up
the micro estimates to get aggregate estimates, as the U.S. tax gap studies do. The
problem with this approach is that, given the scale of the program required (and per-
haps its political sensitivity), no other tax authority has done such a comprehensive
study–nor allowed scholars’ access to similar data–and so it is impossible to draw
inferences from cross-country studies of this nature. Even for the U.S., where these
studies were done regularly for many years, it is difficult to draw inferences over
time, because the methodologies used have varied. The limited usefulness of these
estimates for these purposes is not really a surprise, because the main objective of the
TCMP/NRP is not to come up with aggregate “tax gap” measures of the magnitude
of evasion or of the nature of evasion. It is rather to help identify returns that are more
likely to feature evasion, so as to guide the allocation of enforcement, usually in the
form of audit resources. The International Labour Organization takes a different form
of micro data—surveys—and aggregates the results by country to focus on a partic-
ular aspect of the informal economy, namely employment.43 A focus of their work
is to obtain estimates that are comparable across countries, which is crucial if these
estimates are to be used for any meaningful analysis.

4.2 Traces of True Income

A large literature has analyzed what we call traces of true income to shed light on the
informal economy rather than tax evasion. A standard focus of attention is electricity
use.44 Electricity use by firms is an input to production, and as such is a derived
demand from value added. Electricity use by final consumers is arguably a function
of true income, as were food and charity in section 3.2. Thus, we may consider it to be
an example of an element of X in equation (2), and expect it to be positively correlated
with true income or output across countries. Moreover, electricity is a good example

43 See Hussmanns (2004). The OECD has also done a recent analysis, building on Hussman’s work, in
Jütting and de Laiglesia (2009).

44 For example, see Johnson et al. (1997) and Lackó (2000). Also, Henderson et al. (2009) develop a new
trace of true income–satellite data on lights at night. While the primary purpose of that paper is to develop
a statistical framework that uses lights data to augment existing measures of true income, it could also be
valuable in the framework discussed here if the assumptions outlined below in the context of electricity
also hold for lights at night.
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of something where aggregate use might be measurable with some accuracy, even
while use by an individual or firm is difficult to ascertain. Intuitively, a high ratio
of aggregate electricity use to formal income is an indication of a relatively large
informal sector, just as a high ratio of expenditure on food or charitable giving to
reported individual income is an indication of relatively high underreporting of true
income. Thus, the insights and caveats drawn from our earlier discussion using micro
data apply. Note, though, that aggregate studies often seek to estimate the extent
of the informal economy for each country, which is not generally the objective of
micro analysis of tax noncompliance, except by the tax and regulatory authorities
themselves.

For now, suppose one is interested in the determinants of the size of the informal
economy across countries. Estimation and inference could be conducted in the same
manner as done in Pissarides and Weber (1989) discussed above, except that obser-
vations are aggregated to the country level, GDP is used instead of reported income,
and SE becomes an indicator for countries that the researcher expects have high lev-
els of informal economic activity. The same assumptions need to hold in order for the
estimation method to be valid. Now, k is interpreted as the relative rate of informal
economic activity between these two types of countries. As discussed in subsection
3.2, this method is good for uncovering the rate of noncompliance when there is a
variable that clearly delineates evading individuals (or in this case countries) from
non-evading individuals. It is not clear what this variable would be in a cross-country
context and, possibly for this reason, this method has never been implemented in the
macro literature to our knowledge.

As a possible alternative, suppose one posits the following functional forms for
equations (1) and (2):

E = λ0 +λ1NE +λ2HE +uE (15)

ln(X) = β0 +β1ln(R+E)+β2NX +β3HX +ux, (16)

where X is electricity usage, R is official income (likely GDP), E is informal income,
NE and HE are the elements of N and H that are causes of noncompliance, and NX
and HX are elements of N and H that are determinants of electricity demand. As E is
not observed, one could substitute for E in equation (16), which yields:45

ln(X) = β0 +β1ln(R+λ0 +λ1NE +λ2HE)+β2NX +β3HX +uX . (17)

Several key assumptions are needed in order for this method to provide consistent
estimates of the causal effects of NE and HE on E. Just as with other trace of true
income strategies, it is important that β1 is the same, on average, for both official
and informal income. In a cross-country context, this means that if the underlying
relationship between electricity demand and GDP varies, it cannot vary systemati-
cally with noncompliance levels in these countries. Similarly, in a cross-time context
within a country, the relationship cannot vary in a systematic way over time that is

45 The error term in equation (15) is suppressed in this specification, but it should be noted that to the
extent that it exists, β1 would be biased due to measurement error. This error would also affect the λ

coefficients if the bias or uE is correlated with NE or HE .
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also correlated with noncompliance levels. Further, the elements of NE and HE cannot
have a direct effect on X beyond their role as a determinant of noncompliance unless
they also show up as control variables in equation (17) (e.g., holding noncompliance
constant, a country’s tax burden level cannot causally alter the demand for X). Addi-
tionally, while the vectors NX and NE could technically have some overlap (and the
same is true for HX and HE ), separate identification of these two effects would rely
on strong functional form assumptions.

One might also be interested in the predicted level of noncompliance for each
country at each point in time, which is given by:46

Ê = λ0 + λ̂1NE + λ̂2HE . (18)

Note that if, after obtaining these predicted estimates, the researcher was interested
in examining an additional determinant of noncompliance, the original regression
specification should be altered to include this determinant. This new specification
would provide evidence regarding the causal effect of this determinant and new pre-
dicted values that could be used to create a more precise measure of noncompliance.
An alternative approach would be to use the noncompliance estimates obtained from
the original regression as a dependent variable to analyze causes of noncompliance.
However, there is a basic conceptual problem with this method. Let N2 include all
the elements of N that were not included in the original model, but would now be
examined in this regression. First, note that the original model could be improved by
including the elements of N2 directly as long as they do not violate the assumptions
of the method. The exclusion of variables that cause noncompliance would, in gen-
eral, lead to incorrect inference and incorrect predicted values of noncompliance in
the original model. Due to the latter problem, correct inference cannot be carried out
in this setting either. To see why, consider the regression one would be running:

Ê = γ0 + γ1N2 + γ2H +u, (19)

where the dependent variable is calculated using equation (18). Since the elements
of N2 were not included in the original regression, the dependent variable does not
include the predicted value of these elements, except to the extent that the elements
of N2 are correlated with the variables in NE and HE that were included in the original
model. Therefore, this regression would simply pick up this correlation, which is not
very informative, and only provides valid inference in the extreme case where the
variables originally included form a perfect proxy for N2. Such estimates are useful
neither for confirming ex-ante hypotheses nor for learning additional information
about what factors cause the size of the informal economy to differ across countries.

The literature on this topic has not employed the estimating equation given by
equation (17). Lackó (2000) pursues a related approach but, instead of estimating

46 Note that the standard errors on each country’s noncompliance level for each time period would be√
n times as large as the standard errors of the average estimated noncompliance level for all countries and

time periods, where n is the number of country-time observations in the sample.
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(17), estimates an equation akin to the following:47

ln(X) = β0 +β1ln(C)+β2NX +β3HX +β4E +uX , (20)

where C is per capita consumption of households at purchasing power parity. Substi-
tuting for E in equation (20) yields:

ln(X) = β0 +β1ln(C)+β2NX +β3HX +β4λ0 +β4λ1NE +β4λ2HE +uX . (21)

It is immediately clear that the λ coefficients of interest cannot be separately identi-
fied from β4, a problem that was not encountered when estimating equation (17).48

Johnson et al. (1997), building on work by Kaufmann and Kaliberda (1996), pur-
sue a simpler approach in their examination of post-communism transition countries.
They use electricity use as a proxy for total economic activity and GDP as a measure
of formal activity, which allows them to back out a measure of informal economic
activity directly.49 They then estimate a regression of the following sort to analyze
the determinants of noncompliance:

E = λ0 +λ1NE +λ2HE +λ3HX +uE . (22)

While Lackó (2000) and others have pointed out that the Johnson et al. (1997) mea-
sure of noncompliance is imprecise due to a variety of other factors that may play
a role in determining the gap between electricity usage and official GDP, it is not
necessarily flawed as a dependent variable in a regression that studies the causal de-
terminants of informal economic activity if additional controls HX are used to control
for all factors that may provide alternative explanations for the gap which are corre-
lated with other causal variables of interest.50

Of course, there is a substantial possibility that unobserved covariates would bias
the results, regardless of which method is used. Robinson and Slemrod (2010) pro-
vide evidence that such a bias likely exists by showing the correlation between co-
variates that were previously unobserved—a variety of tax system measures—and
previously observed, studied covariates. Although some empirical work recognized
the joint importance of tax rates and tax administration, the dearth of empirical prox-
ies for most aspects of tax systems has limited the ability of researchers to pursue
these issues. This data vacuum has now been filled by the Organisation for Eco-
nomic Co-operation and Development (OECD (2006), OECD (2008)) publication of

47 It is not clear what underlying model would be consistent with a specification where C, which is a
function of both R and E, is in logs, but E is not. Also, note that Lackó (2000) is only examining household
electricity use.

48 Lackó (2000) attempts to back out noncompliance from equation (21), but this method faces additional
challenges due to the fact that the λ and β coefficients cannot be separately identified.

49 Johnson et al. (1997) classify the countries into several types, and for each type an electricity-to-
output elasticity is exogenously assigned to convert electricity use to a proxy for total economic activity.
The elasticities are all near or equal to one.

50 In practice, Johnson et al. (1997) use only two Hx variables: the level of informal economic activity
in 1989 and an indicator for whether or not the country belonged to the Soviet Union. These controls are
likely not enough and, if not, some omitted variable bias remains. Note that the same need for including
appropriate independent variables HX applies to all the methods discussed in this section.
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a careful cataloguing of scores of tax system aspects of up to 47 countries’ tax admin-
istration. Robinson and Slemrod (2010) construct summary measures for a subset of
the OECD-assembled information. As expected, they find that tax rate measures are
also correlated with other tax system aspects, so that including only tax rates as an
independent variable presents the danger of assigning to tax rates what is really the
impact of other, unrelated tax system aspects, such as the extent of enforcement. The
lack of such measures also precludes any investigation of non-rate, non-base effects
on outcomes.

For covariates that remain unobserved and do not change over time within a coun-
try, a natural approach is to estimate the relationship in first differences or with coun-
try fixed effects. With country fixed effects, identification comes only from policy
variation within countries over time, although the starkest policy variations are likely
to be across countries. Once the OECD data have been collected for a long time pe-
riod, researchers will be able to pursue cross-country longitudinal analysis of the
effects of a wide array of tax system aspects subject to the measurement-related
caveats discussed elsewhere in this paper. If characteristics and policies within a
country change together, then within-country longitudinal analysis may provide a
relatively small gain relative to cross-country analysis. However, if country charac-
teristics evolve slowly while policy changes abruptly, treating a policy change within
a country as a natural experiment is a reasonably good approximation, conditional on
being able to control for any other factors that affect the dependent variable that occur
in the same year. Another way of addressing remaining endogeneity of the policy-
relevant variables is to employ instruments; however, finding convincing, strong in-
struments for each tax policy variable is not an easy task.

Up to this point, we have assumed that R was measurable. When the focus of anal-
ysis is income tax evasion, R has the natural interpretation of being reported income,
based on tax returns as filed. When the subject of analysis is the informal economy,
R is better thought of as a measure of the formal economy. The researcher is usually
constrained to use figures from national income accounts, such as GDP. But GDP
from national income accounts is not an appropriate measure of the size of the formal
economy, because most countries have some procedure for adjusting GDP to include
an estimate of the informal economy.51 If national income accounts statisticians al-
ready accurately estimate both the formal and informal economy (and separate them
in published data), then the kind of procedure described here is obviously unnec-
essary, as the size of each country’s informal economy is known and published, and
these data could be used directly by researchers to assess the determinants, policy and
otherwise, of the informal economy. More realistically, the success of official GDP in
measuring the informal economy varies significantly across countries and may also
vary within countries over time as countries revise and improve their national ac-
counts procedures to account for the informal economy.52 Thus, GDP is neither true
income, a measure of the formal economy, nor a trace of true income, and is better

51 See Charmes (2006).
52 Note that in practice countries revise their procedures relatively infrequently so as to maintain a sub-

stantial degree of comparability over time Charmes (2006)
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described as
GDP = R+mit(Y −R), (23)

where mit varies across countries and time. In the context of the electricity example
above, this mismeasurement would yield incorrect estimates of the relative rate of
informal economic activity across countries. Instead, the estimates would measure,
in part, the relative ability of the two types of countries to correctly adjust GDP to
account for the informal economic sector.

4.3 Traces of Noncompliance

A substantial literature focuses on what can be learned from a macroeconomic trace
of evasion or informal economic activity. Currency is the most prominent example,
based on the plausible argument that currency, and especially large-denomination
bills, is of particular value to launder illegal transactions or evade regulations. Feige
(1990) estimates the size of the underground economy by assuming that most unre-
ported economic activity takes place in cash, and that there is a “base year” when the
underground economy did not exist. Similarly, Tanzi (1980) (1980, 1983) pursues a
methodology that defines B as the ratio of currency to money more broadly defined
as M2. He interprets the portion of this ratio explained by changes in the tax level
as an indication of changes in the size of the underground economy. In particular, a
regression of the following form is estimated:

ln(B) = β0 +β1ln(N)+β2ln(H)+u. (24)

If one were interested in learning about the causal effect on the informal economy
of policy determinants N from this regression, the same considerations as outlined in
subsection 3.3 apply. Recall that even under the best of circumstances, it is usually
possible to obtain at most the sign and relative magnitude of causal variables when
using a trace of noncompliance, while the absolute magnitude of the effect of these
variables may be obtained if traces of true income are used instead.

To obtain estimates of the informal economy, Tanzi and others assume that the
currency demand in the formal sector CR is given by:

CR = exp(β̂0 + β̂2ln(H))∗M2. (25)

That is, they assume that the preference determinants H only affect formal currency
demand (and have no effect on currency demand in the informal sector) and the policy
determinants N have no direct effect on formal currency demand, both of which are
quite strong and easily violated in practice. For example, Tanzi (1983) uses tax burden
as a measure of N, which likely affects the size of both the formal and informal
economies, and uses the ratio of wage and salary income to total income as a measure
of H, which is indicative of the efficacy of noncompliance enforcement policies such
as informational reporting. Furthermore, this method assumes that all determinants
of currency demand in the formal sector are included and that there are none from the
informal sector which are excluded and correlated with the included determinants of
formal sector demand. Now, CI = C−CR and the velocity of money V is calculated
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as V = R
CR+D . V is assumed to be the same across the formal and informal sectors.53

Given these assumptions, E is derived as E = V ∗CI .
Note that if there is an additional element of N that a researcher wishes to an-

alyze but was not included in the original estimation, the researcher should return
to the original regression and include this causal factor in the analysis. Regressing
the estimates of E obtained above on causal variables N is not advisable in general.
The new analysis cannot do better than the original regression: that is, sign and rel-
ative magnitude are the most information that could possibly be gained from these
regressions, unless one believes literally each of the assumptions made in deriving E.
Furthermore, if the elements of N included in this regression were not included in the
original analysis, the coefficients on these elements would be biased if these elements
of N were correlated with the elements of H included in the original regression.

4.4 Using Traces of Noncompliance, Traces of True Income, and GDP

The most complex empirical approach to measuring the informal economy and its
determinants at a country level makes use of information about traces of true income,
traces of noncompliance, measures of official GDP, and estimates generated by stud-
ies in subsections 4.2 and 4.3. This is a latent variable (LV) approach, also known
as MIMIC (multiple-indicators, multiple-causes) modeling, developed by Zellner
(1970) and first applied to the informal economy by Frey and Weck-Hanneman (1984).
We examine MIMIC as a system of simultaneous equations, which can be estimated
using iterated generalized least squares for seemingly unrelated regressions.54

The MIMIC literature distinguishes between “causes” and “indicators” of the in-
formal economy. Causes line up fairly well with the vectors H and N in our model,
where H refers to aspects of the non-policy environment and N refers to aspects of
the tax and regulatory systems. Indicators comprise a conceptually fuzzier set of vari-
ables, although as we discuss below each must behave as a trace of noncompliance
due to the estimation strategy employed.

One would like to estimate the following regression:

E = λ0 +λ1NE +λ2HE +uE , (26)

but E is not observed. Instead, suppose one observes two traces of noncompliance
given by the vector B. Additionally, suppose all possible variables from the vectors N
and H, that are expected to causally affect noncompliance, denoted NE and HE , are
included as independent variables.55 One could then write down a system of linear

53 These assumptions have been extensively criticized in the literature (e.g. Thomas (1999) and Schnei-
der (2005)).

54 Breusch (2005) shows that this specification is equivalent to MIMIC, when there are two or fewer
indicator variables. When there are more than two indicator variables, there are additional covariance
restrictions that cannot be imposed using a system of simultaneous regressions. Then, MIMIC must be
estimated using maximum likelihood. We choose to focus on the simultaneous equations example because
the intuition, when expressed in this way, is more in line with the discussion in the rest of our paper.
Moreover, the points we make in this section apply to the more general maximum likelihood case as well.

55 Given the discussion in a previous subsection, one would likely estimate this regression in differences,
in order to eliminate the potential for bias arising from country-specific unobservable variables that do not
change over time.
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equations for these traces as follows:

B = β0 +β1E +β2NB +β3HB +uB. (27)

It is in this sense that each element of B must behave as a trace of noncompliance;
if it does not, β1 = 0, which negates any further inference regarding E. Note that in
practice B often includes GDP or the growth rate of GDP, which requires formal GDP
levels to be directly influenced by noncompliance. Note that if one substituted for E
from (26) into equation (27) one could not identify the β parameters if there was any
overlap between NB and NE or HB and HE because these variables appear twice in
the same linear regression. To resolve this problem, the MIMIC literature narrows
its focus to a subset of causal variables, N

′
E and H

′
E that the researcher can plausibly

claim affect B only through E. One could substitute for E from (26) into (27) and
estimate:

B = β0 +β1λ0 +β1λ1N
′
E +β1λ2H

′
E +β2NB +β3HB +β1uE +uB. (28)

Note that this estimating equation is very similar to equation (24), which was dis-
cussed in subsection 4.3. The reduced-form of (28) is given by:56

B = π0 +π1N
′
E +π2H

′
E +π3NB +π4HB +u′, (29)

where π1 and π2 are estimates of β1λ1 and β1λ2 in equation (28), respectively. While
one cannot empirically determine the relationship between B and E, it does seem rea-
sonable to assume that the sign of β1 is known. With this assumption, one could learn
the sign of λ1 and λ2 and the t-statistics for π1 and π2 would provide a lower bound
on the t-statistics for λ1 and λ2. However, these estimates are only informative to the
extent that other possible determinants of B and E have not been excluded, either
because they cannot be measured or because they violate the exclusion assumptions
mentioned above.

Note that, in practice, there are usually no elements of NB and HB employed in
estimation.57 This presumes that any determinants of B that do not cause noncompli-
ance are uncorrelated with determinants that do cause noncompliance. This is a very
strong assumption that need not be imposed, and is not by the studies considered in
either subsection 4.2 or subsection 4.3. It is particularly strong in the case of Schnei-
der et al. (2010) because the equations are estimated in levels, not differences. The
assumption that variables included in N

′
E and H

′
E include only those that could plausi-

bly affect B exclusively through their effect on E is frequently violated in practice.58

These violations have real consequences. By the same logic as given in subsection

56 In practice, the variables in equation (28) are often standardized or transformed into deviations from
the mean. For a discussion of the additional issues that may arise depending on the exact implementation,
see Breusch (2005). For a response, see Dell’Anno and Schneider (2006). Throughout this paper, we
assume no such transformation has taken place.

57 For example, see Schneider (2005) and Schneider et al. (2010).
58 Three examples in Schneider et al. (2010) are: 1) an element of B is the labor force participation rate

and an element of H is the unemployment rate (these two variables have a direct, mechanical relationship),
2) an element of B is M0/M1 and an element of H is the inflation rate, and 3) an element of B is GDP per
capita and an element of N is the unemployment rate.
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3.3, whenever elements from the vector N (or H) are included in a regression using a
trace of noncompliance, neither the sign nor the relative magnitudes of two variables
can necessarily be inferred when ∂B

∂N 6= 0. Furthermore, if these estimates were sub-
sequently used to back out noncompliance, the predicted values would include these
variables that in fact only partially, if at all, predict noncompliance.

As with most of the approaches considered in this section, the most daunting en-
deavor is to attempt to use the regression estimates to back out an estimate of the size
of the informal economy. The way in which these estimates are obtained varies by
study and we will not discuss these issues extensively here.59 For our purposes, it is
sufficient to note that the estimates of noncompliance combine predicted estimates
of noncompliance implied by estimating equation (29) and estimates from studies
discussed in sections 4.2 and 4.3.60 This makes the estimates nearly impossible to in-
terpret, since the estimates for each country are a function of other estimates, where
the exact model used to obtain these other estimates varies by country. Furthermore,
assumptions used (by other researchers) to obtain these other estimates are often di-
rectly violated in MIMIC.

Beyond inferring insights about the causes of noncompliance from estimating a
MIMIC model, some researchers employ the MIMIC model estimates of the shadow
economy as the dependent variable in regression analyses in order to determine what
causes noncompliance. This approach is concerning because neither the predicted
estimates obtained from equation (29) nor the predicted estimates from subsections
4.2 and 4.3 are valid dependent variables.61 Furthermore, the combination of these
methods makes the endeavor even more concerning, since it is possible that the vary-
ing ways in which the estimates are calculated by country may be correlated with
the causal variables of interest. While estimates obtained from such an analysis may
appear reasonable ex-post, they are not interpretable as estimates of any causal effect.
They are useful neither for confirming ex-ante hypotheses nor for learning additional
information about what factors cause the size of the informal economy to differ across
countries.

5 Closing Thoughts

In their contribution to a symposium on applied econometrics in the Journal of Econo-
metric Perspectives, Angrist and Pischke (2010) assert that, in the last twenty-five
years, empirical microeconomics has experienced a “credibility revolution” due largely
to a more careful focus on the quality of research design and an emphasis on random-
ized trials and quasi-experimental studies. In this paper, we argue that, with regard
to the empirical analysis of tax evasion and the informal economy, the credibility
revolution has, for the most part, not yet arrived. The late arrival of the credibility

59 For an extensive discussion regarding the details of the methods employed to obtain informal economy
estimates, the reader is referred to Breusch (2005), who provides a trenchant criticism of three applications
of the MIMIC technique. Dell’Anno and Schneider (2006) respond.

60 For example, the baseline estimates from Schneider (2005) utilize both currency-demand estimates as
well as electricity demand-based estimates, such as Alexeev and Pyle (1972).

61 The predicted estimates obtained from equation (29) are not valid according to the same argument
made earlier regarding the use of predicted estimates given by (18) in subsection 4.2.
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revolution is not because of inattention by creative empirical researchers. Rather, it
is because severe measurement problems plague empirical analysis in this context,
problems that arise not by chance, but because of the nature of the subject matter.
We believe, though, that these problems do not imply that the standards of inference
and identification should be lower. Instead, we suggest four steps that will incite this
literature toward its own credibility revolution.

The first is a renewed call for creativity. Given the absence of direct observabil-
ity of the phenomenon of interest, social scientists must be inventive in their search
for traces of true income and noncompliance, and apply the appropriate econometric
techniques to these variables. In natural science, the search for evidence of the in-
visible rewards creativity. Indeed, the 1960 Nobel Prize in Physics was awarded to
Donald Glaser for his invention of the bubble chamber, which reveals the tracks of
directly unobservable subatomic particles as trails of bubbles in a superheated liq-
uid, generally liquid hydrogen. Not only can the path of the particles be observed,
but bubble density around a track is proportional to a particle’s energy loss, and the
response of a track’s path to a magnetic field can determine the particle’s charge and
momentum.

Second, we believe that empirical analysis should be guided by the theory of tax
noncompliance. Theory provides caveats about identification problems due to endo-
geneity and left-out independent variables, and should guide the econometric analysis
of the traces of true income and traces of noncompliance that creative researchers will
still want to examine. Additionally, the use of lab experiments can facilitate testing of
theoretical predictions that may otherwise be untestable due to the environment and
institutions in place.

Third, a credibility revolution in this field will require more transparency about
assumptions, methods, and what can and cannot be inferred with confidence from
observed traces of true income and noncompliance, particularly with regards to the
macro literature. Substantial advances in the credibility of the macro analysis of
causal determinants could be obtained by abandoning the use of dependent variables
which are a function of predicted values from previous regression analyses. Instead,
traces of true income or noncompliance should be used directly. Researchers should
acknowledge the difficulty of gathering and interpreting evidence of the invisible, but
should not be dissuaded from investigating this crucial aspect of public economics.
However, producing estimates that cannot be interpreted in a meaningful way does
not facilitate the progressive accumulation of useful knowledge.

Finally, we encourage the use of randomized field experiments, as these promise
to provide the most credible estimates of the effect of policy interventions addressed
toward tax evasion and the informal economy. We would ultimately like to see the
treatments for these experiments designed such that the randomized treatment pro-
vides direct evidence on one or more feasible policy changes and an examination of
non-experimental methods using these field experiments as a benchmark.
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