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Abstract
Using surveys of the Czech Republic taken in 2000, 2002, 2004, and 2006 we measure
how the percentage of tax evaders evolved from 1995 until 2006. We find that at first
evasion rose, leveled off, and then fell along a quadratic path, suggesting the existence of
what we call an evasional Kuznets curve. Our paper is the first to document the existence
of an evasional Kuznets curve and to show how it can help improve Markov-chain
predictions of tax evasion. We conclude by suggesting that the evasional Kuznets curve
may be a subset of a larger trend in evasion for both transitional and developed
economies.
Abstrakt
V této studii jsme měřili pomocí výběrových šetření provedených v letech 2000, 2002,
2004 a 2006, jak se vyvíjela šedá ekonomika v České republice v období 1995-2006.
Zjistili jsme, že nejprve šedá ekonomika rostla, dosáhla svého maxima a potom začala
klesat podle kvadratické křivky, kterou nazýváme Kuznetsovou křivkou šedé ekonomiky.
Naše studie je první, která dokumentuje existenci Kuznetsovy křivky šedé ekonomiky a
ukazuje, jak tuto skutečnost využít k predikcím šedé ekonomiky využívajících
Markovských řetězců. Domníváme se, že Kuznetsova křivky šedé ekonomiky může být
podmnožina trendů v chování šedé ekonomiky, které pozorujeme jak v rozvinutých, tak i
v tranzitorních ekonomikách.
Keywords: Underground economy, tax evasion, Markov chains, transition, evasional
Kuznets curve.
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1. Introduction
All tax evasion research can be divided into three parts: measuring the value of evaded
taxes, theorizing about and estimating the structural equations that predict the partial
equilibrium response of an individual to a change in preferences or incentives, and
measuring the social costs of evasion. Of all these, measurement of evasion has, in recent
years, become a growth industry. Schneider and Enste (2000) provide a recent overview of
efforts to measure the monetary value of the underground economy.
Knowing the value of tax evasion is important for those who worry about the excess
burden of taxation. A high value of evasion relative to declared income forces a large tax
burden on a small economic base. High burdens on small bases produce what Browning
(1976) calls the social cost of public funds. Knowing the number of evaders and how this
number is changing may be of equal importance to makers of tax policy, but studies of the
number of evaders are few.
As evaders grow in number their example may tempt non-evaders to join their ranks.
Gordon (1989) observed that “individuals are more likely to evade once they are aware of
others evading, a phenomenon which does not square with the Allingham-Sandmo model
where evasion reflects an independently made portfolio decision.” If tax evasion is in part
a herd phenomenon, as the research cited above suggests, policy makers should be aware
that past a critical level, as Davis et al. (2003) have shown through simulation, the number
of evaders may grow explosively. Research interest in the dynamics of the number of
evaders has taken on new importance in light of the recent revisionist movement in the tax
evasion literature, exemplified by Frey and Jegen (2001) and surveyed by McCaffrey and
Slemrod (2006), which emphasizes sociological reasons for the individual’s decision to
evade. Knowing the number of evaders may also be of interest simply because the number
of evaders is a rough proxy for the value of underground activity. We are interested in
measuring the number of evaders because we want to sketch the dynamics of evasion in a
transition country. Understanding the dynamics of evasion is crucial for predicting future
evasion.
There is nothing new about the study of individual level tax evasion data. Clotfelter
(1983) and Slemrod (1985) were among the first to analyze individual level tax data, but
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they confined their efforts to the search for factors that influence evasion. They had no
interest in estimating either the number of evaders or the dynamics of evasion. An
authoritative empirical study of the individual’s choice to participate in the underground
economy is that of Lemieux et al. (1994), but as with Clotfelter and Slemrod, they ignored
the dynamics of evasion. The dynamics of individual tax evasion has been largely a
theoretical pursuit, as exemplified by the works of Niepelt (2003), Davis et al. Busato et
al. (2005). Engel and Hines (1999) draw conclusions about individual level evasion
dynamics, but do so from aggregate data they feed into their model of individual evasion.
Ours is the first study to use individual data to track aggregate dynamics.
With surveys we conducted in 2000, 2002, 2004, 2006 we track the transitions individuals
make between evading and paying taxes. These surveys asked individuals whether they
were presently evading and whether they evaded taxes two and five years in the past
(section 4.2 explains how we asked these questions in a non-threatening manner). The data
can help answer three questions:
1) Between 1995 and 2006 how did the percentage of evaders change? We find that
within a 95% confidence interval the number and percentage of evaders rose until
the early millennium and then started to fall. This rise and fall can also be gleaned
from macroeconomic estimates of the value of the shadow economy in the Czech
Republic, provided by Schneider et al. (2004), and Schneider (2005, 2006, 2007).
We call this inverse-U path an evasional Kuznets curve and explain how
knowledge of this curve is vital to predicting aggregate tax evasion. Simon
Kuznets did not research tax evasion, but we invoke his name because through
long use it has become associated with the rise and fall of undesirable by-products
of economic development such as income inequality, and pollution. We avoid
referencing formally the term “Kuznets Curve” because Kuznets never used it
explicitly and it is not clear who introduced the term into economics.
2) Is there a ratchet effect for evaders? In labor economics a ratchet effect is called
hysteresis. We lack the extended time-series necessary for a formal test, but we
present some evidence that hysteresis may not be a feature of evasion in a
transition economy.
3

3) How will evasion evolve? Using estimates of Markov transition probabilities we
suggest that the number of evaders will flatten or fall in the decade to come. No
Markov method will be able to predict the entire path of evasion in the presence of
an evasional Kuznets, because Markov methods rely on linear matrix operators in
their prediction formulas whereas the evasional Kuznets curve follows a quadratic
path. Markov methods can be trusted only if we know on which side of the
evasional Kuznets curves the economy lies.
The above three questions grew out of our desire to make practical use of tax evasion
dynamics. The government that can predict whether evasion will rise or fall is a
government alerted to the need to fight tax evasion. Our investigation of evasion dynamics
suggests a method for predicting evasion. Two elements are needed for prediction: a
mechanistic approach, such as that provided by Markov chain methods, and a more global
approach which is the recognition of the side of the evasional Kuznets curve on which an
economy lies. Prediction relies on a macro view (evasional Kuznets curve) allied to a
micro method (Markov prediction).
Our paper is the first to note the existence of an evasional Kuznets curve. While we study
a transition economy, our methods apply to tax evasion in developed economies. We are
the first to analyze the dynamics of tax evasion using survey data, whether these data for
transition economies or developed economies. In aid of this analysis we have developed a
statistical methodology for merging seemingly unrelated surveys. The present paper does
not simply contribute an interesting “stylized fact” about evasion, but identifies the
questions that set apart the analysis of evasion dynamics from the analysis of dynamics in
other fields such as labor studies.
Part 2 of the present paper describes the dataset on which we base our analysis and shows
how tax evasion evolved in the Czech Republic over the last ten years. Part 3 presents
evasion dynamics in the Czech Republic. Part 4 justifies using non-panel data to analyze
evasion dynamics. Part 5 explains how to predict the number of people who will evade,
based on our survey data of transitions between the state of evading and not evading. Part
6 explains the theoretical basis of the evasional Kuznets curve.
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2. Data
Tax evasion is a broad term. Mirus and Smith (1997) provide a matrix covering
conceivable notions of evasion but it is too complex to explain to respondents. We limited
ourselves to asking respondents whether they worked without declaring the income from
their labors.
Our data come from four face-to-face surveys made up of random stratified samples of
residents of the Czech Republic. The surveys were done at our request in 2000, 2002,
2004, and 2006 by the firm MEDIA on samples ranging in size from 1041 to 1066
respondents.
Almost all respondents were Czechs or naturalized Slovaks, all with an excellent
command of Czech. Our surveys are similar to those of Lemieux at al. (1994) and Fortin et
al. (2000). Their interviews (in their case as well as in ours, face-to-face interviews)
gathered information about how much tax people evade and why they evade. Their
surveys differed from ours in that they did not ask questions pertaining to the dynamics of
tax evasion. Fortin et al. (2000) were interested in the link between buying goods and
services on which taxes were not declared, and evasion. Lemieux et al. (1994) were
interested in the structural determinants of the decision to participate in the underground
economy.
Table 1 cross-tabulates the decision to evade or not evade with some characteristics of
Czech respondents but is much less detailed than the tables provided in Hanousek and
Palda (2003). We present a limited portrait of evaders to show that our results are in line
with the works of prominent researchers in the field of the survey analysis of evasion.
[Table 1]
Table 1 corresponds to the summary statistics of Lemieux et al.’s (1994) survey of tax
evasion in Quebec City. Labor on which taxes are avoided tends either to rise and then fall
with age or simply to fall. Our response rates for whether or not a respondent had worked
in the underground economy in the previous year were close to 100% for all four surveys.
In concordance with Lemieux et al. (1994) we also find (but do not show) that reported
purchases of untaxed goods exceed reported work in the underground sector.
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Our surveys differ from that of Lemieux et al. (1994) in that our Czech respondents
admitted to rates of evasion between two and five times larger than those admitted in
Quebec. The high number admitting they had evaded is not surprising in light of
Schneider and Enste’s (2000) survey article on evasion, showing much higher values of
tax evasion as a percentage of GDP in transition economies than in developed economies.
Our result may also be due to the manner in which we framed our questions about evasion.
The obvious problem when asking people about their participation in the underground
economy is that they will be reluctant to confess their participation. To avoid this problem
we called our surveys “Satisfaction with government services”. We started the surveys
asking our respondents general demographic questions and questions related to
government efforts to battle corruption and what they thought of the quality of services
provided by government. When answering these questions respondents had no idea that
questions about tax evasion would follow and they were probably put at ease by thinking
that our interest in evasion motivated a minor part of the surveys. Flexman (1997) is the
pioneering survey pointing the way to asking such questions.
3. Dynamics
Labor economic analysis of dynamics usually begins with time trends of variables of
interest, be they labor force participation, or welfare dependency. In the present context of
tax evasion the variable of interest is how many people evade taxes in different years.
Table 2 uses contemporary as well as retrospective answers from our surveys on evasion
to show the rates of evasion and their 95% confidence intervals (formulas for these are in
part A of the Appendix) for the 2000, 2002, 2004, and 2006 surveys of the Czech
Republic. The column labeled 2000 survey shows rates of evasion based on respondents’
retrospective answers concerning 1995 and 1999 and their present answer concerning
2000. Other columns can be similarly read.
[Table 2]
To better grasp Table 2 we have mapped the confidence intervals it contains into Figure 1.
[Figure 1]
Some of the bars in Figure 1 are for different surveys but for overlapping years. The
overlap accounts for the repeated values of certain years on the time axis. For example, the
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figure shows evasion for 2000 drawn from our 2000 survey, and evasion for 2000 drawn
from our 2002 survey. There are also overlaps for 2002 and 2004, as can be gleaned from
Table 3, from which Figure 1 derives. Overlaps appear in Figure 1 as bars encircled by
ovals.
The pattern to emerge from Figure 1 is that evasion rose throughout the 1990’s and
leveled off since the new millennium. Chi-square tests indicate that between 1995 and
1997 tax evasion, as measured by the percentage of evaders, was rising but that after this
evasion continued to fall into 2006.
The dynamics of the rates of evasion revealed by the surveys are similar to the dynamics
of the value of evasion to be found in the macroeconomic estimates of evasion provided
by Schneider (2005, 2006, 2007) and Schneider and Klinglmair (2004). These estimates
appear in Figure 2. Figure 2 indicates that macroeconomic estimates of the value of
evasion rise steeply for the 1990’s and decline after the new millennium.
[Figure 2]
Both microeconomic data (Figure 1) and macroeconomic data (Figure 2) suggest that the
Czech Republic may have turned the peak of what might be called an “evasional Kuznets
curve.”
The evasion literature does not discuss an evasional Kuznets curve. How such a curve
might arise and what forces compose it are points that need to be clarified but we leave a
detailed discussion for the last. For the moment we simply note that we have invoked
Kuznets’ name because it has become standard to associate with his name a rising and
then falling undesirable feature of economic development.
3.1 Evasion by age
With most kinds of survey data it is possible to get an idea of how time influences a
variable by looking at the value of this variable for different age groups. Actuaries
concerned with pension plans formulate their future payouts based on current
demographic profiles. Future demographics are based on current demographic snapshots.
An example comes from Constantatos and West (1991) who use a snapshot of ageearnings profiles to calculate the future benefits of investment in education.
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Figure 3 shows evasion rates for each age group between 18 and 65 for each of our four
surveys. These are not individual data as we have been discussing to this point, but
averages taken for each age group. For example, the first row of Figure 3 is drawn from
the 2000 survey. The leftmost cell of the first row of Figure 3 maps the age of respondents
against the average calculated from each age group of their answer to the question of
whether they evaded in 1995. Each point on this graph is the evasion rate for an age
group, not for an individual. We calculated this average by isolating from the survey all
persons of a certain age and calculating the rate of evasion for that age. The graphs in
Figure 3 are not a time-series of evasion, but rather snapshots of evasion for a particular
year, across age groups.
[Figure 3]
For all our surveys, answers to evasion in the present and two years past show a clear
downward tendency (last two columns of figures) as established by the Wilcoxon (1985)
rank-sum test across ordered groups (using the standard Stata 9 ‘nptrend’ command). For
answers to evasion five years past, non-parametric tests confirm no downward tendency.
Clotfelter (1983), Pommerehne and Weck-Hannemann (1996), and Orviska and Hudson
(2003), have found that the money value of evasion diminishes with age. The tendency of
evasion displayed in the last two columns of Figure 3 accords with these studies. The rise
and fall of rates of evasion with age in the first column of Figure 3 may be random. The
further back one is asked to remember one’s evasion the less well one may remember how
one behaved.
Earlier we suggested the Czech Republic might have passed the turning point of its
evasional Kuznets curve. The age-evasion profiles in Figure 3 lend further support to this
suggestion. As the Czech population ages, ceteris paribus, the Czech Republic may
continue down the eastern slope of its evasional Kuznets curve.
3.2 Multivariate analysis
So far this paper has focused on averages and cross-tabulations. Researchers have used
surveys to analyze why people evade. We do not make the reasons for evasion the subject
of this paper but we can use multivariate analysis to help us understand some aspects of
evasion dynamics. Labor economists interested in dynamics, such as Blanchard and
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Summers (1986), use multivariate analysis to determine where there is inertia in some
variable of interest, such as unemployment. We follow their lead to ask whether there is
inertia in tax evasion. We conducted regressions and logits (not shown here) of evasion in
the current year on retrospective evasion, and a list of variables such as age, sex, income,
education and other variables it is common to include in a multivariate examination of the
causes of tax evasion. Our goal was to keep to a minimum the number of potentially
endogenous variables on the right hand side of the equation so as to examine the
coefficients that are most relevant to our discussion of evasion dynamics. The coefficients
of greatest interest were those attached to retrospective answers.
Age had a negative but insignificant coefficient. This is due in part to the high correlation
between age and retrospective answers on evasion. The two coefficients of greatest
interest were the coefficients attached to the retrospective answers on evasion. These
coefficients showed that evasion in the near past has a much stronger positive influence
(ten times as much using point estimates) on current evasion than evasion five years ago.
Results were robust to inclusion of different variables and runs conducted using different
methods such as regressions and logits.
We have not formally tested for the absence of hysteresis. A formal test requires a timeseries of panel data much longer than ours as Im et al. (1997) have shown, but the above
results are interesting because they hint that hysteresis may not be a problem in tax
evasion. Hysteresis is best known as a hypothesis from labor economics that holds that
past increases in unemployment can permanently shift upward the natural rate of
unemployment. In the present context, hysteresis would hold that past evasion does not
have a decaying effect on current evasion. The very small value of the coefficient we
found on evasion five years ago compared to evasion two years ago suggests that
hysteresis of tax evasion may not be a problem Czechs need fear.
4. Using non-panel data to analyze dynamics: consistency of surveys
4.1. Survey consistency test
Juxtaposing surveys that are not panel data gives rise to the question of whether such
juxtaposition has meaning. One of the main variables of interest in the surveys is the
individual’s answer to whether or not he or she evaded taxes. Each survey asked people
9

about their current and past evasion. If answers about evasion in 2002 given to questions
in the 2004 survey are statistically indistinguishable from answers about evasion in 2002
given by respondents in the 2002 survey one might conclude that memory is good and that
surveys in 2002 and 2004 are consistent with each other. Consistency means that answers
in surveys conducted at different times do not contradict each other.
To test the consistency of present answers about evasion with retrospective answers for
the same year from a later survey, consider two independent sample surveys of n and m
observations respectively x1=(x11, x12, …, x1n) and x2=(x21, x22, …, x2m), where xij denotes
the jth observation of the ith survey. Survey 1 is taken in the year 2000 and survey 2 is
taken in the year 2002. The x’s in the 2000 survey are the answers of each respondent to
whether he or she evaded in 2000 and the x’s in the 2002 survey are the answers to
whether a respondent remembered evading in 2000. “ Yes” answers are coded as ones, no
answers as zeroes. The data are non-panel. Our variables of interest are the proportions of
evaders in each sample p1 =

1 n
1 m
x1i , and p 2 = ∑ x 2i and we wish to test the
∑
n i =1
m i =1

hypothesis
H0: p1=p2,
i.e., that the proportion tax evaders in both samples is the same. Consider the following u
test statistic
u=

where p =

p1 − p 2
⎛1 1 ⎞
p (1 − p )⎜ + ⎟
⎝n m⎠

(1)

1
(np1 + mp 2 ) , Under the null hypothesis, the test statistic u has a
( n + m)

standard normal distribution in large samples. The above is a test statistic that allows us to
distinguish whether certain variables have been drawn from different distributions. Our
results are summarized in Table 3.

10

[Table 3]
Table 3 indicates that:
1) No difference can be found for the 2000 survey estimate of evasion in 2000 and
the 2002 survey retrospective estimate of evasion in 2000 because the U-statistic of
U = -0.359 is not significant.
2) The same can be said of the 2002 survey estimate of evasion in 2002 and the 2004
survey estimate of evasion in 2002 (U = 0.382, not significant).
3) The same can be said of the 2002 survey estimate of evasion in 1999 and the 2000
survey and its estimate of evasion in 1999 (U = -0.863, not significant).
4) Similarly, the 2006 survey estimate of evasion in 2004 and the 2004 survey and its
estimate of evasion in 2004 show a consistent pattern (U = -0.955, not significant).
The apparently strong consistency between surveys gives some justification for building
time-series from the surveys, indicates that answers to questions about past evasion in a
survey taken in one year are statistically indistinguishable from answers to questions about
contemporary evasion given in a survey two years earlier. Even though the surveys are
independently drawn, we are tempted to say that people remember.

4.2. Credibility and usefulness of the answers
Individuals lie in surveys. The percentage of respondents to political surveys who claim
they vote in US federal elections is consistently above 80% (Matsusaka and Palda 1999)
but the real figure is closer to 55%. Lying about tax evasion is more difficult to measure
than lying about voter participation because no satisfactory objective data exists on the
rate of evasion. There are no exit polls for tax evasion.
Audits and penalties by tax authorities give biased estimates of evasion because tax
auditors do not perform random samples from the population in deciding whom to audit.
Without much academic precedent we venture that more survey respondents seek to hide
their evasive activities than there are respondents who falsely boast of having evaded.
Average rates of evasion calculated from all respondents will underestimate evasion. To
test this idea we asked respondents to estimate what percentage of other people in their
11

country evaded taxes. We believe this an unthreatening question to which people will
respond honestly. In 2000 respondents believed that on average 38.3% of the population
evaded taxes. The average for their answers to the more threatening question of “did you
evade in 2000?” is 25.2% (see Table 1). Similar discrepancies arise for the other surveys.
If respondents are on average correct in their estimation of how much other people evade
then the above comparison suggest that answers to personal questions underestimate the
rate of evasion. Our estimates may also underestimate evasion because almost all of our
respondents were native Czech speakers. The Czech Republic is home to an unknown
number of illegal immigrants working in the underground economy. Omitting these
workers from our surveys may bias downwards our estimates of evasion rates.
Hanousek and Palda (2006) explain in their critique of tax evasion measures that lying
about evasion, or forces that bias estimates downwards (such as a large illegal immigrant
population) may vex those who wish to know the absolute rate of evasion. Hanousek and
Palda argued that to those interested in evasion dynamics, lying might be less of a problem
provided the lies are systematic. If 20% of respondents lie about evasion and the same
20% lie equally the following year then taking the difference between evasions in the two
years will cancel the lies. We take a similar position in the present paper. Our interest is in
dynamics and not in absolute levels. Our estimates of the dynamics of evasion will be
biased to the degree that liars and honest respondents differ in their transition from evasion
to non-evasion. To this potential problem with our estimates we have no satisfactory
answer.
5. Predicting evasion

Dynamic analysis is not just about rummaging through the past, but about looking into the
future. Our data can give some idea of how tax evasion will evolve. We can use Markov
chains to predict evasion, but Markov chains do not suffice because their perspective is
linear. To predict the future we might be helped by knowing on which side of the nonlinear evasional Kuznets an economy lies. Prediction must proceed in two steps. First
establish a method for predicting the future, and then judge this method by determining on
which side you sit of the evasional Kuznets curve.
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To see how tax evasion will evolve in the Czech Republic we focus on the probability of
changing between states of evasion. A proportion of the new labor force arriving on the
market will not evade and others will jump to evading. Those who are not new to the labor
force and do not evade can make similar jumps. Those who evade may jump to not
evading. The 2x2 “stage/transition matrix” can summarize these flows in and out of tax
evasion for each individual for the t+1 survey given in Table 4:
[Table 4]
Each cell gives for an individual the probability he or she will go from one state in t to
another state in t+1. For example, Pen gives the probability an individual who evaded in t
will never evade in t+1.
We assume that the transitions from evader to non-evader (and vice-versa) satisfy the
Markov property; that is, the best forecast of future transitions depends on the current
behavior of the taxpayer. Stated differently, the Markov assumption says that the path by
which one has arrived at one’s current state has no influence on the probability of
acceding to a future state. Evading in previous states then has no bearing on evading in a
subsequent state. To those who believe in learning-by-doing our Markov assumption will
seem objectionable. We do not model current transition probabilities as depending on past
behavior for practical reasons. To forecast with path dependency means that one must
know the contributions of the path and the contributions of individual characteristics that
determine jumps from one state to another. We do not have a long-enough time series to
isolate both effects nor do we know how this omission in our modeling might bias or not
bias our forecasts. Given the novelty of the present research we wish to lay bare what will
need to be done in future research and also to state that if the Markov assumption seems a
strong one, we have not made this assumption gratuitously.
Each individual’s transition probability will differ from the transition probability of other
individuals. To precisely estimate how total evasion will evolve we would need to
calculate a stage-transition matrix for each individual and then see what "percentage" of
that individual moves from cell to cell. We would then add all these percentages in each
year to arrive at the total number of evaders in each of the two categories. A simpler,
13

though somewhat less precise way of arriving at the same calculation is to calculate
aggregate transition probabilities. Calculating the percentage of people who moved from
cell to cell between 1999 and 2000 does this. Aggregate probabilities are slightly less
accurate than if we used a transition matrix for each individual, but given the large
numbers we surveyed, the central limit theorem suggests that the variance of our
calculations around the true mean (provided that individual transition probabilities are
uncorrelated with each other) will not be far off their true values.
Our technique for predicting the evolution of tax evasion is new and needs to be
considered in the context of past research on evasion prediction. Engel and Hines (1999)
have built a model to simulate long-term evasion dynamics in the US using aggregate
data. Aggregate evasion shows cycles if a sufficiently large number of individual
taxpayers cycle together, as happens under the influence of aggregate shocks, which tend
to influence all in the same direction. In the absence of such shocks Engle and Hines find
the interesting result that the cross-section of evasion rates converges to a steady state and
aggregate tax evasion approaches a limit even though individual rates cycle. The
distinction between aggregate and individual cycles arises because an individual’s steady
state is conditional on not being audited, while the economy’s steady state is conditional
on a distribution of individual audits across taxpayers with differing evasion histories.
The distinction between aggregate and individual cycles in tax evasion is similar to the
distinction between family and societal sex ratios.
We can use Engle and Hines’ (1999) insight that tax evasion converges to a steady state to
draw conclusions about the evolution of tax evasion in the Czech Republic. Engle and
Hines used their model to examine continuous aggregate data on tax evasion. Our data is
on individuals, is discrete, and spans five years over which we can see how the respondent
jumped between the categories of evading and not evading. As far as we know, such a
dataset is unique.
Using the formulas described in Appendix B we calculated the short-term transition
matrices and present these in Table 5.
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[Table 5]
The value of 0.21 in the upper left cell of the top matrix indicates the probability an
individual will go from a “state” of evading in 1999 back to the same state in 2002. The
sum of values in the cells of each matrix must come to one because the individual must
move from one state to another state or the same state with complete certainty.
Table 6 shows what evasion rates were in fact, and compares them to our projections using
short-term transition probabilities (formulas for projections are in Appendix C).
[Table 6]
Values on the diagonal (bold faced numbers) have been estimated from the survey
(already presented in the Table 1). Outside of the diagonal are predictions that used shortterm transition matrices with the Markov property. Their confidence intervals were
constructed using a bootstrap procedure (for formulas and technical details see the
appendix). To understand how to read this table consider the first column. The top cell of
this column indicates that the true evasion rate in 2000 was 25%. The cell below is the
prediction that based on the 2000 survey, evasion in 2002 would be 29%. Now jump one
cell right of the cell containing the 29%. The bold-faced number 0.24 indicates that actual
evasion rates, based on the 2002 survey were 24%. As we work our way down the first
column we see that the furthest prediction is also the least accurate. The 2000 survey
predicts evasion in 2006 will be 36%. Actual evasion, as read from the last cell of the last
column was 22%. More formally, for the shaded cells we reject the hypothesis that
predicted values based on the 2000 survey are statistically indistinguishable from the
actual values as given on the diagonal.
The inability of the 2000 survey to give credible forecasts of evasion is due to the Kuznets
property of evasion, which we documented in Table 2 and Figure 1. Around 2002 it
appears that the Czech Republic had gone over the peak of the evasional Kuznets curve.
Any survey taken before 2002 will be inappropriate for prediction because Markov
predictions are based on linear formulas whereas the evasional Kuznets curve is quadratic.
Surveys on or after 2002 predict evasion quite well, as Table 6 shows, because the linear
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equations on which the predictions are based past 2002 are fair approximations of the
downward sloping part of the evasional Kuznets curve.
In calculations not shown here we found that whatever survey we used, predictions about
the percent of evaders and non-evaders converge to some constant percentage. Such
convergence is similar to Engle and Hines’ (1999) discovery of a steady state in evasion.
However, our work goes a step further than theirs in that we use transition probabilities
estimated from individual data to make our projections. We must of course be sensitive to
the criticism that our convergence to a steady state is an artifact of the computational
method we use. The essence of this computation lies in the assumption of stable transition
probabilities. Our finding of an evasional Kuznets curve suggests that transition
probabilities are not constant and that as a result evasion may not be predicted by a
mechanical application of linear formulas such as those derived from a Markov model. To
predict with some success using linear methods we need to know on which side of the
evasional Kuznets curve an economy sits.
To test our view that Markov transition probabilities are not stable we can resort to a Chisquare test, which asks whether the probabilities calculated from each of our four surveys
are drawn from the same distribution of variables that underlie the calculation of our
probabilities.
For the test of stability (homogeneity) of the Markov transition matrices, both short and
long-term, let us consider the four following categories: [E->E] (someone who evaded in
an earlier period continues to evade in the current period), [E->N] (someone who evaded
in an earlier period no longer evades in the current period), [N->E] (someone who did not
evade in an earlier period begins to evade in the current period) and [N->N] (someone
who did not evade in an earlier period continues to not evade in the current period). The
numbers n transiting from one state to another are the basis of the calculation of our
transition probabilities. A non-parametric test that the underlying transition matrices are
the same across all surveys can be carried out by using a standard test of homogeneity of
distributions. Let us summarize all outcomes in the Table 7.
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[Table 7]
Under the null hypothesis, the test statistic is
2

4

χ2 = ∑
i =1

1
⎛
⎞
n − ni. n. j ⎟
4 ⎜ ij
4
n
⎝
⎠ = n.
∑j 1
∑
i =1
ni. n. j
n

4

nij

2

∑n n
j

−n

(2)

i. . j

a chi-square distribution with 9 degrees of freedom. The test statistic of 60.45 indicates
that jointly the surveys cannot be said to be drawn from the same distribution as far as
transition probabilities are concerned.
Is there any contradiction between the non-stability of transition probabilities and our
earlier finding that all four surveys were consistent with each other? When we tested for
the consistency of surveys we looked at tax evasion for the same year measured using
current and retrospective answers from different surveys. As we expected, we found that
we could not statistically distinguish between answers about evasion for a particular year
drawn from different surveys. The consistency of those surveys does not mean that there is
no change in evasion probabilities or that the Markov probability matrix cannot change
from year to year. We expect the probability of evasion and the Markov matrix to change
as demographic variables change. Similar tests of stability for variables, which could be
linked to change in evasion status, such as household income (compared to one year and
five years ago, respectively), and satisfaction with government services, also reject the
stability of these variables.

6. Components of the evasional Kuznets curve

The present paper has so far only documented the possible existence of a curve that maps
a rising and then falling level of tax evasion against time in the Czech Republic. We have
called this relation an evasional Kuznets curve without explaining why it should exist or
why it should not provoke skepticism. A critique of our findings is implicit in the work of
Enste (2005) who found that evasion was consistently higher in high-tax OECD countries
than in low-tax OECD countries. Does Enste’s cross-sectional analysis of countries not
suggest that as the Czech Republic passed from low taxation in the early 1990’s to everhigher taxation, evasion there should have done nothing but rise?
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The answer is “yes” if we believe the only change gripping the Czech economy in this
period was the rise of taxes. The answer is closer to “no” if we allow that different forces
affected tax evasion and that over time some of these forces worked against each other in a
way that produced at first a rising, and then a falling level of evasion. An illustrative
example appears in Figure 4.
[Figure 4]
From period one to period ten an index of tax rates T rises from one to ten. In this period
an index of the perceived quality of government services Q also rises from one to ten.
Evasion for this example is an additive function of the tax and quality indices taking the
general form E=f(T)+g(Q). The particular form we give this function for illustrative
purposes is
1
2

E = 50
T3 − (Q 2 + 49)
12
1424
3
f (T )

(3)

g (Q )

Evasion is a rising function of taxes and a falling function of the quality of government
services. Figure 4 maps both the f and g functions and their sum, which gives the rate of
evasion over time and resembles an evasional Kuznets curve. The above exercise proves
nothing, but suggests that the evolution of evasion over time depends on:
1) The functional dependence of evasion on possibly countervailing forces such as
quality of government services, and tax rates.
2) The evolution of quality and tax rates. Had we joined unchanging quality to rising
tax rates evasion would have risen steadily over time, as Enste’s (2005) work
suggests it might. Instead, we joined rising quality with rising tax rates in a way
that produced an evasional Kuznets curve.
The above example is simplistic because it deems tax rates and the quality of government
services are the only influence on evasion, or that changes in these factors are the only
influence on evasion over time. We formulated the example in such a manner as to join
the two forces that students of evasion believe to be among the most potent determinants
of evasion. We also chose this example because it has some empirical backing. Taxes rose
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in the Czech Republic after1989. Perceived quality of government services are harder to
measure than taxes, but following the methodology of Hanousek and Palda (2004) we
found from our four surveys that since 2000 Czechs are increasingly satisfied with
government services, and see corruption as declining. Czechs also increasingly believe it
is immoral to evade and that family reactions to evasion are becoming increasingly
negative. If both taxes and quality were rising and working against each other in their
effect on evasion, the sum of their opposite influences might have given rise to an
evasional Kuznets curve over the period we studied.
The challenge the above interpretation of a Kuznets curve raises to the theme of the
present paper is that trends in countervailing forces such as taxes and quality may change.
The right tail of the evasional Kuznets curve may flatten out, or may start to rise again if
taxes continue to rise and the quality of government services stagnates. We have proposed
a method for predicting evasion using Markov chains, provided one knows on which side
of the Kuznets curve one lies. The above example suggests that the evasional Kuznets
curve may be a feature particular to transition economies. After a country passes through
its transition, the useful horizons of predictions may shrink. The challenge for prediction is
knowing whether one is still in transition. To this question we provide no answer as yet.
Future efforts might bend themselves to answering this question.
7. Conclusion

The present paper has laid out how the percentage of tax evaders in the Czech Republic
has evolved since 1995. We have argued that surveys may be merged to provide a timeseries of evasion. Surveys hold two keys to predicting evasion. Surveys may show on
which side of an evasional Kuznets curve and economy lies. Once one knows where one
lies on such a curve Markov methods may be used to predict how evasion will evolve.
Our work may be of interest to scholars of transition economies but we believe it is also
the first attempt to analyze the dynamics of tax evasion using survey data, whether for
transition or for developed economies. We have explained how non-panel survey data may
be used with confidence to track the evolution of evasion. Our discovery of an evasional
Kuznets curve is a first in the tax evasion literature and has not been anticipated by
theoretical developments or by previous empirical studies. We have gone beyond simply
19

noting the existence of an evasional Kuznets curve to show how it may be wedded to
Markov prediction techniques to foretell trends in tax evasion.

In sum, the present paper has contributed not only an interesting “stylized fact” about tax
evasion but has show how this stylized fact can be of practical use to the forecaster.
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Appendix:
A. Calculating confidence intervals for estimated probabilities of evasion

The sample relative frequencies pe, p and pn allow us to construct confidence intervals for
underlying probabilities Pe, and Pn and for a transition matrix Πij . Since we analyze a
random sample from the Czech population, population size, N, will refer to several
millions, and therefore we can use the well-known normal approximation to show that
p−P
p (1 − p ) N − n
n −1
N

≈

p−P
p (1 − p )
n −1

~ N (0,1) ,

(A.1)

where p and P can refer to pe, and pn and Pe, and Pn , respectively. Hence, a (1- α)%
confidence interval is simply determined by (we use 1/2n correction for non-continuous
random variables)
p−

1
− u1−α / 2
2n

1
p (1 − p )
< P< p+
+ u1−α / 2
2n
n −1

p (1 − p )
,
n −1

(A.2)

where u denotes the quintile of the standard normal distribution.

B. Estimating the probability of evasion and transition probability matrices

Let

⎡T
T = Tt = ⎢ EE
⎣TNE

TEN ⎤
TNN ⎥⎦

(A.3)

denote the transition probability matrix between evading and non-evading states. Each cell
holds for an individual the probability he or she will go from one state in period (t-1) to
another state in period t. For example, TEN gives the probability an individual who
evaded in (t-1) will not evade in the period t, etc.
Similarly,

⎡ EE ⎤
E = Et = ⎢
⎥
⎣EN ⎦

(A.4)
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is a vector containing probabilities of an individual evading ( E E ) and non-evading ( E N )
at time t.
Using individual responses to the set of the retrospective questions, we can construct the
following set of dummy variables:
e t = et , i =

1 if individual i evaded in period t
0 otherwise

(A.5)

i
t EE , t = t EE
,t =

1 if et,i = 1 & et −1,i = 1
0 otherwise

(A.6)

i
t EN , t = t EN
,t =

1 if et,i = 1 & et −1,i = 0
0 otherwise

(A.7)

i
t NE , t = t NE
,t =

1 if et,i = 0 & et −1,i = 1
0 otherwise

(A.8)

i
t NN , t = t NN
,t =

1 if et,i = 0 & et −1,i = 0
.
0 otherwise

(A.9)

Realizations of the random variables defined above in (3)-(7) form sample counterparts to
the probabilities of evasion and the transition probability matrix, respectively.
Therefore,

and

1 n
Eˆ E = Eˆ E , t = ∑ et ,i and Eˆ N = Eˆ N , t = 1 − Eˆ E , t
n i =1
1 n i
TˆEE = TˆEE , t = ∑ t EE
,t ,
n i =1

1 n i
TˆNE = TˆNE , t = ∑ t NE
, t , and
n i =1

(A.10)

1 n i
TˆEN = TˆEN , t = ∑ t EN
,t
n i =1
1 n i
TˆNN = TˆNN , t = ∑ t NN
,t .
n i =1

(A.11)

Since all variables defined in (3)-(7) are sample realizations of Bernoulli (0-1) variables,
their estimated sample variance is equal to

()

ˆ = 1Θ
ˆ (1 − Θ
ˆ),
est. var Θ
n
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(A.12)

for all estimators defined in (A.10)-(A.11).

C. Prediction of future evasion using current evasion and transition probability
matrices

We assume that we know (at time t) the probability of evasion and the past transition
probability matrix. Using the Markov-type computation, we can construct the predicted
probability of evasion as:
Eˆ E = Eˆ E , t +1 = E E , t P( evading (t + 1) | evading (t )) + E N , t P( evading (t + 1) | non − evading (t )) =
TNE
TEE
= E E ,t
+ E N ,t
(A.13)
TEE + TEN
TNE + TNN
The above says that the probability of evading at the time t+1 is equal to probability of
evading at time t times the probability that those evading at the time t will be still evading
at the time t+1 plus the probability of non-evading, times the probability that those not
evading at the time t will start evading at t+1.
Similarly
Eˆ N = Eˆ N , t +1 = E E , t

TNE
TEE
+ E N ,t
= 1 − Eˆ E , t +1 .
TEE + TEN
TNE + TNN

(A.14)

Point estimates of the predicted probabilities of evasion can be easily constructed from
(A.12) and (A.13). Because of the non-linear relationship and possible interdependence
between estimates of T̂ and Ê , estimation of the variances of (A.12) and (A.13) is not

straightforward. One could try to employ a delta method to get an estimated asymptotic
variance of the predicted probability of evasion at time (t+1), however, one would still
need to compute/estimate the covariance between T and E, which together with the first
derivatives will lead to a complicated formula. In addition, computing the variance via
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delta methods relies on a certain set of assumption and more importantly, it gives the
asymptotic behavior of the variance. Let us note that its finite sample properties could be
rather different. Therefore, we opted for a simpler method that uses the bootstrap method
(for the original setup see Efron , 1979 and 1982; Efron and Tibshirani, 1993).
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Table 1: Descriptive statistics for tax evasion in the Czech Republic
for the 2000, 2002, 2004, 2006 surveys

% of evading individuals by category
survey
Total
Sex: Male
Female
Age: 18 to 25 years
26 to 35 years
36 to 45 years
46 to 55 years
56 to 65 years
Education: Primary
Without GCE
With GCE
Higher
Income[CZK]: < 10,000
10,001 to 15,000
15,001 to 20,000
20,001 to 25,000
25,001 to 30,000
30,001 to 40,000
Rejected

2000
25.2%
34.6%
16.4%
30.3%
25.9%
31.4%
22.2%
13.3%
29.0%
32.6%
14.6%
14.8%
22.1%
33.1%
23.1%
50.0%
55.6%
100.0%
15.9%

Source: 2000-2006 survey’s, authors’ computations
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2002
23.9%
29.8%
17.8%
29.6%
26.1%
26.6%
18.6%
16.3%
25.1%
26.0%
23.3%
13.6%
19.5%
24.5%
30.7%
42.9%
50.0%
25.0%
20.5%

2004
21.4%
29.9%
12.6%
25.1%
23.3%
16.5%
23.0%
18.2%
28.3%
24.5%
16.4%
13.9%
17.6%
23.9%
23.7%
39.0%
28.6%
0.0%
15.8%

2006
22.0%
29.5%
14.5%
29.0%
21.4%
27.5%
18.9%
12.5%
29.5%
26.5%
16.1%
12.4%
19.2%
25.7%
20.5%
29.6%
20.8%
27.3%
8.5%

Table 2: Tax evasion rates and confidence intervals for the 2000, 2002, 2004, and
2006 surveys

Year
1995
1997
1999
2000
2001
2002
2004
2006

2000 survey
2002 survey
2004 survey
2006 survey
15.4%
NA
NA
NA
(13.3%, 17.6%)
NA
23.1%
NA
NA
(20.5%, 25.7%)
20.6%
NA
22.2%
NA
(18.2%, 23.1%)
(19.7%, 24.7%)
25.2%
25.9%
NA
NA
(22.6, 27.9%) (23.2%, 28.6%)
NA
NA
NA
21.2%
(18.7%, 23.8%)
NA
23.9%
23.2%
NA
(21.3%, 26.5%) (20.6%, 25.7%)
NA
NA
21.4%
23.4%
(18.9%, 23.8%) (20.8%, 26.1%)
NA
NA
NA
22.0%
(19.4%, 24.5%)

Source: Our 2000, 2002, 2004, 2006 surveys of tax evasion in the Czech Republic. NA indicates “not
applicable”. The first lines contain the mean of each category expressed in percents, the second lines give
estimated 95% confidence interval.
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Table 3. Tests of consistency of surveys: comparison of retrospective estimates
of evasion.
A. Tax evasion in 2000 (test of consistency 2000&2002)

Survey

Evaders

Non-evaders

Total

2000

268

794

1062

2002

268

766

1034

Test statistics

p-value:

-0.359

0.360

B. Tax evasion in 2002 (test of consistency 2002&2004)

Survey

Evaders

Non-evaders

Total

2002

247

788

1035

2004

245

813

1058

Test statistics

p-value:

0.382

0.649

C. Tax evasion in 1999 (test of consistency 2000&2004)

Survey

Evaders

Non-evaders

Total

2000

219

843

1062

2004

234

822

1056

Test statistics

p-value:

-0.863

0.194

D. Tax evasion in 2004 (test of consistency 2004&2006)

Survey

Evaders

Non-evaders

Total

2000

227

836

1062

2004

229

762

991

Test statistics

p-value:

-0.955

30

0.170

Table 4. Markov transition matrix between years t and t+1.

Tax evasion

t+1

Never evade

Evade

Pee

Pen

Never evade

Pne

Pnn

t

Evade
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Table 5. Estimated short-term transition matrices, with 95% confidence intervals.

1999

1999/2000

Evaders

Non-evaders

Evaders

0.21
(0.18 , 0.23)

0
(0.0 , 0.0)

Non-evaders

0.05
(0.03 , 0.06)

0.75
(0.72 , 0.77)

2000

2000/2002

2002

2002
Evaders

Non-evaders

Evaders

0.21
(0.18 , 0.24)

0.05
(0.04 , 0.06)

Non-evaders

0.03
(0.02 , 0.04)

0.71
(0.69, 0.74)

2002/2004

2004
Evaders

Non-evaders

Evaders

0.18
(0.16 , 0.21)

0.05
(0.03 , 0.06)

Non-evaders

0.03
(0.02 , 0.04)

0.74
(0.71 , 0.76)

2004/2006

2004

2000

2006
Evaders

Non-evaders

Evaders

0.19
(0.17 , 0.22)

0.04
(0.03 , 0.05)

Non-evaders

0.03
(0.02 , 0.04)

0.74
(0.71 , 0.77)

Source: Authors’ computation using 2000-2006 surveys. The first lines contain mean of each frequency
expressed in percents, the second lines give estimated 95% confidence interval. Confidence interval
formulas are given in the appendix.
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Table 6. Predictions using fixed Markov (short-term) transition matrices.

year

2000
2002
2004
2006

Estimation (and prediction) is based on survey conducted in:
2000

2002

2004

2006

0.25
(0.23, 0.28)
0.29
(0.26, 0.32)
0.32
(0.29, 0.36)
0.36

0.24
(0.21, 0.27)
0.22
(0.19, 0.26)
0.21

0.21
(0.19, 0.24)
0.2

0.22

(0.31,

(0.17,

(0.17,

0.40)

0.25)

0.23)

(0.19,

0.25)

Note: As before, the first lines of each cell contain estimated probability expressed in percentages, the
second lines give estimated 95% confidence interval. Shaded cells indicate predicted values statistically
significantly different from actual values.
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Table 7. Contingency table for test of stability of transition matrices.

Sample
(survey)
1 (2000)
2 (2002)
3 (2004)
4 (2006)

Change in evasion categories

Total

1 [E->E]

2 [E->N]

3 [N->E]

4 [N->N]

n11

n12

n13

n14

n1.

168

0

100

795

1063

n21

n22

n23

n24

n2.

194

44

73

720

1031

n31

n32

n33

n34

n3.

148

78

86

741

1053

n41

n42

n43

n44

n4.

188

40

30

733

991

n.1

n.2

n.3

n.4

n

817

122

160

3043

4142
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Figure 1. Trends in estimated confidence intervals for percentage of tax evaders.
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Figure 2: Evasion as a percentage of GDP in the Czech Republic 1991-2003
according to Schneider et al.
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Figure 3: Evasion rates by age groups for all four surveys
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