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1 Introduction

Tax evasion isa seriousissue in Italy. According to recent estimates it seems that between 27% and
48% of officia Italian GDP is hidden. By using different methodologies, these estimates show that
Italy is the country where tax evasion is the highest among maor OECD countries (Schneider,
20004). These figures rise concerrs at a macro level, for instance as for the reliability of official
statistics and the efficiency of national productions, however they say little as for who are tax
evaders and they do not provide much insights about how to develop policies for reducing tax
evasion. Measuring tax evasion is a formidable task. Schneider (2000b, p. 1) describes tax evasion
measurement “as a scientific passion for knowing the unknown”. However, a deeper
comprehension of tax evasion is necessary for public policy design and to estimate the biasthat tax
evasion introduces in many statistics. For instance, let us look at inequality figures. According to
recent comparative studies on OECD countries, the highest income inequality is found in the US,
followed by the UK and Italy, the latter two presenting similar figures using standard inequality
measures (Atkinson et al., 1995; Smeeding, 2000). However, how relevant is the bias due to tax
evasion and how much would it modify the inequality figures?

In this paper we provide a first attempt to quantify the effect of tax evasion on inequality indices.
Section 2 provides a brief review of recent contributions in the estimation of tax evasion in Italy,
focussing mainly on microeconomic approaches and in particular on direct methods of tax evasion
estimation. Some of the direct methods of tax evasion estimation are based on the comparison
between different data sources under the assumption that the degree of truthfulness of respondents
is different depending on whether the interviewer is the fiscal authority or an ingtitution granting
anonymity. This methodology will also be used in the rest of this paper. However, before
implementing it Section 3 analyses how representative of the underlying population is the survey
data set used and a grossing-up procedure is implemented to correct major deviations from true
figures. Section 4 presents some estimates of tax evasion focussing on employment and self-
employment income. Section 5 shows the extent of tax evasion on inequality indices and finally
Section 6 concludes.

2 Available evidence about tax evasion in Italy

There are two main methods to estimate tax evasion: the direct and the indirect approach. Direct
methods aim at estimating tax evasion through the use of microdata coming from sample surveys
based on voluntary replies or auditing activity conducted by fiscal authorities. Indirect methods
deduct tax evasion considering it equal to the difference between aggregated macro indicators, for
example discrepancy between income and expenditures or difference between the actual demand
for money and the demand for money estimated in absence of taxes (currency demand approach).
Many of these methods have been applied to provide a measure of tax evasion in Italy. In



particular, Marenzi (1996), Cannari et al. (1995) and Calzaroni (2000) used direct methods while
Zizza (2002) and Schneider (2000a), among others, employed an indirect method.

Marenzi (1996) and Cannari et al. (1995) assume that individuals report a more truthful income to
an anonymous interviewer than to fiscal authorities. Comparing the Survey of Household Income
and Wealth (SHIW) by the Bank of Italy (Bl) and the analysis of tax forms by the Ministry of
Finance (MF), the former data set provides larger estimates of income variables. The differerce
between Bl and MF disposable income is then considered as hidden income and, loosely speaking,
referred to as evasion. Cannari et al. (1995) and Marenzi (1996) considered years 1989 and 1991,
respectively. Marenzi (1996) finds evidence of positive tax evasion in the two first deciles of
employment income and negative evasion in the following ones, an evasion increasing in the level
of income for pension income and a tax evasion that is decreasing, in relative terms, in the leve of
income for entrepreneus and professionals income. Cannari et a. (1995) reach similar
conclusions. tax evasion is on average zero for employment income and increasing in the level of
income for professionals and entrepreneurs. As for the issue of how representative of the true
population is the survey, Marenzi (1996) does not consider the issue and Cannari et a. (1995)
declare to use post-stratification techniques though details are overlooked and a proper analysis of
resultsis difficult.

Calzaroni (2000) uses a different the method to measure the incidence of the hidden economy.
Labour supply and labour demand by sectors is estimated from household and firm surveys,
respectively and compared at a national and regional level. The difference between the two is
considered to be the number of the irregular workers. This figure, multiplied for the average
sectorial productivity estimated for regular workers gives a first measure of the underground
economy. The overall incidence of the underground economy is calculated integrating this figure
with coefficients correcting for the underestimation of the turnover and the balancing between
aggregated input and output. The results indicate that, for 1998, the share of the underground
economy on GDP in Italy is between 14.7 and 15.4%. Among the mgor advantages of direct
methods is that they are more suitable to discuss the tax evasion phenomenon at the micro level and
they can point out directions for policies.

Zizza (2002) and Schneider (2000a), estimate the extent of the aggregate underground economy in
Italy using an indirect methods such as the factorial analysis and the currency demand approach
Zizza estimates the share of the underground economy (excluding illegal and criminal activities)
on GDP for the years 1984-2000 between a maximum of 17.6% (1991) and a minimum of 14.3%
(2000). Schneider’s estimates include also the illegal and criminal activities. According to him the
share of the underground economy on the italian GDP is very high and increasing (from 25.8% in
1994 to 27.8% in 1998), the highest rate among the OECD countries.

3 Theissue of grossing-up

Whenever a direct methodology for tax evasion estimation based on the comparison between a
survey-based data set and tax forms is undertaken, it is important to analyze the nonresponse bias,
I.e. the fact that decision to not-respond is not random The nonresponse bias is larger the larger is
the rate of non-response and the larger are the difference between respondents and non-respondents
(see, Little and Rubin, 1987). Unfortunately the nonresponse rate in the SHIW is high rather high
(Table 1) and previous studies show that nonresponse decision is not random. Cannari and
D’Alessio (1992) analyzed the non-response hias to the SHIW using the second wave of the panel
ub-sample (the first wave was interviewed in 1987, the second in 1989). Knowing the



characteristics of who refused to respond in 1989, they expanded the results to the whole sample.
This method assumes that the panel attrition bias presents the same causes as the non-response bias
in the whole sample, which is debatable. They found that nonresponse characterizes households
living in urban areas and those residing in the North. The participation rates decline as income
risess and household size decreases, while the relationship with the age of the head of the
households is ambiguous. D’ Alessio and Faiella (2002) also showed that nortresponse behaviour is
dependent on net financia wealth. They found this result using a supplementary sample of about
2,000 households, clients of a leading commercial bank and through a strict protocol devised to
guarantee full protection of the interested clients' confidentiality, acquired data on financial assets
both for respondent and nornrespondent households. Although the sample can hardly be considered
representative of the whole population and sub-samples size are not very large, individua with
financial wealth larger than Lit 1 billion (about €0.5 million) have about half the respose rates of
other groups.

+*

yEAr  response rate

1987 B4 3
1984 354
1951 33,2
19593 &7 5
1954 56 9
1958 4359

Table 1: Response rate in SHIW. Sources: Brandolini (1999) and Banca d’ Italia (2000); * Ratio of
responses to selected households net of indligible units.

D’ Alessio and Faiella (2002) tried to estimate nonresponse bias using different methodologies. For
instance they used information about those who refused the interview on the first contact and
accepted it on the second to infer about the characterstics of those who did not decide to participate.
However, this is not a random sample of the nonrespondent household, since decisions to
participate to the interview after the first contact can depend on a large set of factors, and this
methodology might introduce an additional bias which cannot be easily quantified. D’ Alessio and
Faiella (2002) used aso aternative methodology reaching the conclusion that non-response
behaviour is not random, and is more frequent among wealthier households. This implies that the
poststratification techniques traditionally employed on a few known demographic characteristics of
the population, such as sex and age, cannot fully account for the non-response bias.

Since the aim of the paper is to provide an estimate of the propensity of tax compliance by type of
occupation, it isimportant that the characteristics of the individual in the SHIW data set are as close
as possible to those of the population. The procedure of grossing-up is concerned with generating
figures to cover the population being modelled from the data set under use. The procedure should
adjust for differences between the sample data and the characteristics of the population to be
modelled at the date of sampling.The grossing-up procedure is basically aimed at adjusting the data
set to reflect differential nonresponse between different groups in the sample. It involves
gratifying the sample, after the data have been collected, by some relevant characteristics, and
applying known proportions. This procedure is also sometimes referred to as post-stratification (see
for instance Atkinson and Micklewright (1983)).

The grossing-up procedure consists in assigning to each unit in a sample of dimension N a weight
pj, with j=1,...,N, such that some chosen statistics of interest calculated on the weighted sample
coincide with the population statistics. The procedure is trivia if we want to reconcile the sample
with the population using only one discrete statistic, sc with k =1,...,K, such as family types or
income ranges. In this case, we compute the probability of having the characteristic s in the



sample, say P(s), and make it equal to the probability of having the same characteristic in the
population, say p(s). If the dimension of the sample and of the population are N and n respectively,
then the grossing-up weight is pj=np(s)=NP(s), i.e. the size of the cell with characteristic s¢ in the
population divided by the size of the cell with characteristic s¢ in the sample. If more variables are
considered for the grossing-up procedure it should be necessary to consider the interactions
between the different variables, i.e. consider the joint distribution of the control variables
considered. However, this conflicts with available information from external sources, that in
genera, do not report the joint distribution of population variables but only the totals for each
variable. For instance, it is generaly possible to know the total number of single-parent families
and the total number of self-employed in the population but not how many single-parent family
have self-employment income. Hence, the conditions imposed on the weights p; are far less
stringent than in the “full information” case we would have if the joint distribution were known,
and in general there are many possible sets of weights p; achieving the desired adjustment. To
choose among them Atkinson et al.(1988) suggest the requirement that given a data set of
dimension N, with original sampling weights g;, j=1, 2,...,N, the set of grossing-up weights p; have
the least deviation from original weights, ¢ . The original weights could reflect the sampling
procedure or be uniform. Both grossing-up and initial weights have to sum up to the population

size: é q; = é p; =n. If original and sample weights sum up to the sample dimension, they first
have to be multiplied by n=N. It is then common practice to impose the condition that the new
weights minimize the distance from initial weights.In order to avoid negative weights, Atkinson et
al. (1988) suggest minimizing a measure of distance derived from information theory (see for
instance Cowell, 1980):

o ap, 0
d(p,g)=a p;logc—=
9a

As for the optimal number of control totals to be included, no result is currently available. Although
it is more common to face the problem of not having enough external sources than to have too
many, Sutherland (1989, p. 15) warns on the risk of increasing the variance of weights since the
larger the number of control totals becomes, the smaler the number of observations in each
“cell”(i.e. with each combination of characteristics being controlled for). Moreover, a particular set
of grossing-up weights can be able to closely reflect the characteristics of the population as for
some variables but not for others.

The SHIW data set is post-stratified using the variables sex, age class, area and dimension of the
town of residence (Banca d'ltalia, 2000, p. 40). However, it is not clearly stated what methodology
was used and, for instance, which age classes were considered. Table 3 shows the population totals
taken for ISTAT (ltalianInstitute of Statistics) as for a set of variables.

Using the weights provided in the SHIW data set, the differences between the grossed-up and
actual figures are lessthan 0.2% for sex and area of residence (North-West (NW), North-East (NE),
Center (C) and South (S)). Asfor the age classes, the difference between grossed-up and population
figures is however more relevant: for instance, the grossed-up totals are under-estimated by 3.7%
and over-estimated by 6.4% for the 18-30 and the over-65 years groups, respectively. Since the
Bank of Itay does not make public the age groups considered, it could be possible that this
difference is due to the different age groups used here. None the less, this shows a problem with
grossed-up simulation: a redistributive policy in favor of the old age would imply an overstatement
of its cost due to the over-sampling of this age group. These distortions could be even worse for
other subsamples. For instance, using the same age groups divided in the 4 macro areas considered
before, Table 3 shows that the SHIW grossed-up weights would over-represent the elderly living in
the South (S) by about 25%. They would also induce an over-representation of the self-employed in
the Center (C) and an under-representation the self-employed in the S (Table 3). Moreover, while
the difference between the actual and the grossed- up total number of employed and self-employed



is smaller than 1%, these figures hide a 29% over-representation of the self-employed in the C and
an under-representation of self-employed in the NE and in the S by 13% and 21%, respectively. All
these issues are of relevance whenever an analysis of income by population sub-groups is
performed. For these reasons a set of alternative grossing- up weights were estimated using the same
methodology as Atkinson et a. (1988) using control totals found in ISTAT(2004); CNEL (2004).
Table 4 shows the results for six different weights: “weight 1" uses total population, by area, by
sex, by age groups (below 18, between 19 and 30, between 31 and 65, over-65). Although the
grossing-up methodology performs well for the variables considered, it does also have an effect on
other variables. For instance, it has a positive effect on the over-65 living in the S, reducing its
over-representation but it has a negative effect on the over-65 living in the C, increasing its under-
representation. The “weight 2" improves on “weight 1” for grossing-up also on the age groups by
area of residence. Although for some variables its effect is positive, reducing the discrepancy from
actual totals, it is still rather unsatisfactory as for the number of employed and self-employed in
different part of the countries. Since this is relevant for detecting the possibility of tax
evasion/avoidance, some more grossing-up weights are estimated. Eventually, “weight 6” is chosen
to replace the SHIW initia weights. It allows one to gross-up the sample to a population that is
very close to the true population for a large number of relevant variables, including occupation by
area of residence, education and sector of activity. However, as the last column of Table 4 shows,
thisweight is still unable to represent correctly the distribution of family by type: single households
tend to be under-represented while couple with kids tend to be over-represented. It is chosen not to
perform the grossing-up procedure also for type of families mainly because external data refer to
families and SHIW refers uniquely to households. In choosing “weight 6" as fina weight it was
also considered the risk of increasing the variance of weights with respect to initial weights. The
increased variance could come from two type of factors. First, in contrast to SHIW initial weights
“weight 6” is not uniform within the household since the grossing-up procedure is performed at the
individual level. Second, the larger the number of control totals the smaler the number of
observations with each combination of characteristics being controlled (Sutherland, 1989).
However, as Table 5 shows, the variance of “weight 6” is not larger than origina SHIW weights.



External sources Bl Weight

Tatal Tatal Diff
hzles* 27 967 670 27951136 -0.06%
Females* 29 644 945 | 29 6B1 432 0.06%
Pog b 15,068,493 15083 744 0.20%
Pop ME* 10,560,520 10547 936 -012%
Pop C* 11,071,715 11064505 -007%
Pop S* 20910557 | 20900355 -0.05%
ages15* 10545419 11 032,994 1.75%
18=age=30* 9 957 651 9619324 | -369%
JO0=agesG3* 27 215646 26757 452 -1.56%
apge=55* 9560899 | 10172795 5.40%
ages] SR 2,408 663 2497 552 365%
ages]SMNE 1,687 699 1,853 756 9.54%
ages15C* 1,673,809 2073762  1067%
ages]55* 4 874 248 4 BO7 894 | -5.46%
13=ages30MA* 2,495 154 2411 373 -347%
18=age=30 MNE* 1,766,221 1,630,855 -7 BG6%
18=aye=30 C* 1,524 073 18585 102 5.99%
18=ayges30 5* 3899171 3585994 -7O5%
30=agesBs My* T 508 728 T 523,230 0.18%
30=ages65 ME* 5,174 474 5070504 | -201%
30=ages6s C* 5,365 587 5,191,858 | -3.30%
30=aye=Es =* 9,165,557 9001 860 | -1.79%
age=65 M 2 651 9138 2 BEY 569 0.59%
age=E5 ME* 19352 426 1,992 791 312%
age=65 C* 2,004 944 1810783 -8968%
age=G5 5 24971 611 3701 635 | 2457%
employec** 14549000 14530169  -013%
self-employed™ 3,556,000 59,092 853 | -0.56%
employecd MO 4,470,000 4345113 | -279%
employecd MNE** 3,104 000 3,198,310 307%
employec C** 24911 000 2821 364 | -3.05%
employecd 5=* 4 056 000 4 164 352 1.92%
=elf-empl NO* 1,643,000 1,793 760 9.18%
=elf-empl ME** 1,330,000 1,136 244 | -1353.06%
=elf-empl C** 1,154 000 1532649 | 29.45%
=elf-empl 5** 1,730,000 1,370,300  -20.79%
Elementary schooling® 16,104 000 15625930 @ -297%
Compulzory schooling® 16115000 13975447 -1329%
High Schoal degree* 13365000 15402757 15.25%
Laurea* 3 066 000 3641 053 | 15.76%
Agricuture** 1,201,000 1,038,245  -15355%
Inciustry** 5,730,000 G545 247 | -270%
Services*® 12504000 12796 330 2.34%
Single* 4 952 000 4380 481  -12.07%
Single parent* 1,655,000 1,666,509 0.71%
Couple no kids* 3,825,000 4373753 | 14 26%
Couple wei kids* 9,410,000 9975 556 5.04%
Cthers* 1,440,000 773,930  -46.25%
Al families* 21315000 0 21173529 -066%

Table 3: Original and grossing- up weights. External sources. * ISTAT (2004) and ** CNEL (2004).



External sources Weight 1 Weight2 Wizight3 Wizightd Weights Weights

Total Tatal Diff Total Diff Total Ditf Total Ditf Total Ditf Total Ditf
Males* 27 OBT 70 27.86773&  0.00% 27 967,745 O00% 27 967768  000% 27,057 691 000% 27067666  000% 27,067,812  000%
Females* 29644945 29644996  000% 29645024 000% 29644921  000% 29645047 000% 209645027  000% 20645007  0.00%
Pop A 15060493 15068523  000% 15069538 000% 15089537 000% 15060535 000% 15060524 000% 15069552  0.00%
Pop ME* 10,560,820 10560844  0.00% 10560808 0O00% 10560852 000% 10,560,850 000% 10560811 000% 10,560,825  000%
Pop C* MO71 715 11071708  000% 11071783 000% 11071708  000% 11,071,746 000% 11,071,785  000% 11,011,777 000%
Pop 5* 20910567 20810659  000% 20210640 000% 20910592 000% 20910605 000% 20910603 000% 20910665  0.00%
ages1g 10545419 10845442  000% 10845466 000% 10845422 000% 10845437 000% 10845455 000% 10,845487  0.00%
18<ages30* 9987651 0887ES3  000% 0987658 000% 0987698 000% 9057679 000% 9057642  000% 0057667 0.00%
30=ageshs* 7218646 27218712 000% 27216727 000% 27218684 000% 27218670 000% 27218696 000% 27,218,729  000%
age=f5 9560,609 9,560,697 000% 0560918 000% 0560885 000% 95600952  0O00% 9,560,800  000% 9560936  0.00%
ages] BMA® 2400663 2448122 160% 2409678  0O00%% 2452333 177% 2462053 247% 2464446 227% 2400685  0.00%
anes] SNE* 1687609 1825501  &47%  16&F702  000% 1829320 839% 1813836 747% 1816658 764% 1687714 0.00%
ages16CH 1673800 2036606 ©69% 1673838 000% 2040402 889% 2122875 1329% 2146916 1457% 1673829 0.00%
ages1 G5t 4574245 4535213 -GO6% 4674248 OO0 4523367 T20% 4446673 BF7% 4417435 037% 4574250 000%
18<agesI0MA" 2498184 2496025 -0.05% 2495198 0009 2485397 -0S51% 2498413 001% 2508562 042% 2,495,199 0.00%
18=age=30 NE* 1766221 1B96552 -3.94% 1766211  000% 16E5S16  -455% 1680691 -484% 167353 528%  17EE212  0.00%
1G-ages30 C* 1624075 2062713 1308% 1624076 000% 2064014 1315% 2052503 1252% 2,036,362 1164% 1,624073  000%
1G=ages30 5t 3,899,171 3731493 -430% 3899173 0008 3752471 -376% 3756072 -367%  G7B9183  -333%  3,899183  0.00%
30=agesEs NA 7500728 TE24243  152% 709742 000% FE28840  159%  7EO0S7R 128% 7EOFEIS  130% 7500730 0.00%
30=agesEs NE* 5174474 5162376 -023% 5174474  000% 5164466 -019% 5194626 039% 5205307  060% 5174472  0.00%
I=ageshs ¢t 5,360,067 5271826 -181% 5366918  000% 5265679 -192% 5136223 -433% 5117600 -468% 5368921 0.00%
30=agesEs St 9165557 960267 -0.06% 0165593 0009 0159699 -006% 9282000 127% 0288084 134% 0165606 0.00%
anE=65 N 2651918 2500233 -572% 2651920 000% 2502967 5E2% 2503338 -560% 2488901 BA5%  2)65193&  0.00%
age=65 NE* 1932426 1876415 -290% 1932421 000% 1,881250 -265% 1871697 314% 1865311  347% 1932427 0.00%
age=f5 C* 2004844 1700563 -1518% 2004951  000% 1701613 1513%  ATE0147 1221%  1TFO7ET -1168% 2004954 0.00%
age=E5 5* 2971611 3483686 17.23% 2071626 0009 3475055 16.94% 3425770 1528% 3435901 1562% 2071617 0.00%
employed* 14540000 14,532997  1.95% 14830481  103% 14549021  000% 14549021  000% 14549022  000% 14,549,025  000%
self-employed* 586,000 5851123 111% 5942476 096% 586031 000% 5585096 000% 5885999 000% 5806023 0.00%
employed MO 4470000 4426138 -0.94% 4351285 1089% 4346883 -275% 4470026 000% 4470001 000% 4470008 0.00%
amployed MNE* 3104000 3276169 555% 3317881 BAU% 3218263 368% 3103098 000% 3103935 000% 3103999  0.00%
employed C** 211,000 2877905 -114% 2636694 -248% 2824913 296% 2911003 000% 2911012 000% 2811011 000%
employed S 4086000 4250785  403% 4202621 S06% 4158962  179% 4063004 054% 4064024 054% 4064007 .054%
self-empl MO 1643000 1817118 1060% 1802766  O72% 1798636  047% 1542005 000% 1,642994  000% 1,643006  0.00%
self-empl NES 1,330,000 1178261 -11.41% 1190283 1051% 1167382 -1223% 1,330,003 000% 1,330,004 000% 1,320990  0.00%
self-empl C** 1184000 1560118 77 1548420 3078% 1543659 3038% 1,184,001 000% 1,184,002  000% 1184014  0.00%
seli-empl S* 1730000 1395631 -19.33% 1400037 19023% 1376354 -2044% 1726007 -006% 1728009 -006% 1720013  -008%
Elementary schooling® 16,104,000 15303360 -497% 15235698 -530% 15381891 -448% 15397753 -445% 16104016 000% 16104072  000%
Compulzary schooling* 16118000 14110613 -12.48% 14156361 1217% 14100825 -1252% 14,121,594 1239% 16118021  000% 16118041  000%
High School degree® 13,365,000 15692853 17.42% 15725012 1766% 15646311 17.07% 15619639 1667% 13365006 000% 13365007  000%
Laurea* 3086000 3691111 2039% S6S7272 2026% S663811  1050% G3661.008 1944% 3065999 000% 3066023 0.00%
Agricutture* 1,201,000 1058337 -11.88% 1064699 -1135% 1039454 -1345% 1055137 -1215% 1,200,897 000% 1,201,005  0.00%
Indlustry** 6,730,000  6ES6S66  -065% G6G4699 06T% 6579136 -224% 6574007 230% 6730011 000%  B7I0026  0.00%
Services* 12,504,000 13039223  428% 13023559  416% 12816462 250% 12804973 241% 12504013 000% 12504015 0.00%
Single* 4982000 4245860 -14.78% 4251030 -14673% 4240840 -14.88% 4226747 -1516% 4,230,030 -1509% 4236900 -1495%
Single parert* 1655000 1676363 1.29% 1664537 058% 1674495 118% 1860811  089% 1685693 185% 167208  1.03%
Couple no kids* 3,828,000 4280382 1205% 4296591 12243% 4297 968 1228% 4200629 1209% 4278283 1176% 4280241 1205%
Couple v/ kics* 9410000 10061245 692% 10052744 6839 10059334 690% 10089620 701% 10056183 687% 10047003 677%
Others* 1,440,000 TEOESS -4706% 753073 -47.70%  TE0403 47A9%  7E2475 4705% 762400 47.05%  7S4.047 4757
Al tamilies* 2135000 21033714 1.32% 2,0M7975  130% 21032840 132% 210109482 -139% 21012598  142% 21,000,360  -1.48%

Table 4 Grossed-up variables using Banca d'ltalia (2000) grossing-up weights compared with
population totals. * External source: ISTAT (2004); ** CNEL (2004).

weight ohs mean std.dev. mir max

SH 20801 2706453 ZBS3 614 228136 2839524
weight 1 20901 2736 453 2ET2.35 X322 074 25745
weeight 2 20901 2756453 2BEAD14 232 B42 20236
weeight 3 20901 27EE A5 ZET1 AN 228 081 285695
weeight 4 20901 2756453 ZEBA1T2 220504 274908
weeight S 20901 2786453 ZTE0EIS 186 943 F35262
weeight B 20801 2756453 2759995 183,083 3711

Table 5: Summary statistics for initial SHIW and final grossing-up weights.

4 Estimating tax evasion

The first difficulty that authors have to face in measuring tax evasion is how to define it. Tax
evasion is sometimes referred to as income produced in the underground economy, however thisis
not completely correct. Table 6 provides a taxonomy of what are underground activities
distinguishing between illegal and lega activities, between monetary and nonmonetary



transactions. In this paper illegal activities are not considered. In fact the methodology adopted here
is a direct methodology whose basic assumption is that an income receiver who decides to evade
tax payment will in part or in total under-report her taxable income tax authorities and declare the
true income, or at least closer approximation to the true income, to an interviewer who grants
anonymity. Survey-based data tend to grant anonymity to increase the probability of participation
in the survey and of truthful declarations. Hence, the comparison of income distribution using the
tax records and survey-based data sets allows one to have a picture of tax evasion behaviour,
possibly across different income levels and different type of incomes. Criminal or illegal economy
(tax avoidance and evasion due illegal activities such as drug trafficking or unauthorised medical
practice) is not included since we believe that those incurring in such activities are very unlikely to
accept the interview or respond truthfully even to an anonymous interviewer.

Type of Activity Monetary Transactions Hon Monetary Transactions
llegal Activities Trade with stolen goods; drug dealing and Barter of drugs, stolen goods, smudgling etc.
manufacturing, prostitution; gambling, Produce or growing drugs for own use. Theft
smuggling and fraud for own use.
Tax Evasion Tax Avoidance Tax Evasion Tax Avoidance
Legal Activities Unreported incame Employee dizcounts,  Barter of legal All do-it-yaurself wiork
from self-employment;  fringe benefits zetvices and goods  and neighkar help
Wages, salaries and
assets from

Table 6: A Taxonomy of Types of Underground Economic Activities. Source Schneider (2000b)

In this paper on Italian tax evasion we use the 1998 Survey of Household Income and Wealth
dataset (SHIW), produced by the Bank of Itay (BI) through anonimous interview of a random
sample from the Italian household population. The 1998 SHIW data set is then compared with the
tables of the Ministry of Finance (MF) (Ministero delle Finance, 2004) on tax returns for incomes
produced in 1998.

Although this methodology is widely used in datistical officies and was already exploited by other
authors before (recall Section 2), it presents a bunch of complications, which is worth pointing out.
The sampling design of the SHIW data set is meant to provide a representative sample of the
household population in the MF tables instead we only have information on individual incomes
since personal income tax is on individua base. SHIW data are detailed at the micro unit, while MF
tables report information by income classes. SHIW collects information about a representative
sample of the population, MF tables about the whole population: a discrepancy might also come
from sampling error. In the SHIW data set we can connect individua characteristics to each
income, in MF tables only aggregate data are reported and division of the population among
different occupation is feasible to the cost of some approximations. SHIW data are based on recall
guestions and are known to be highly unreliable as for some type of incomes (in particular capital
income), MF tables are developed from tax forms, hence collecting detailed information on all
types of declared taxable incomes. The SHIW data collect information on disposable income only,
and not on amount of taxes paid. Finally, SHIW data are likely to present measurement error due to
recording mistakes of the interviewer, imprecise answers of the interviewed household who are not
required to provide evidence of their incomes, MF data instead, come directly from tax forms and
they might include mainly tax-payer mistakes in tax form filling and tax form data elaboration
mistakes.



Notwithstanding these limitations we believe that such a comparison is informative, though it
presents wide margins of improvement mainly depending on data quality and availability. The
exercise we perform here s similar to that of Marenzi (1996) and it can be seen as an update to
1998 of that paper. However, our work differs from Marenzi (1996) for two main reasons: (a) we
carefully consider the issue of grossing-up, (b) we analyze employment and self-employment
income only. As described in Section 3, the sampling weights provided by the Bl are far from
providing a reliable picture of the underlying population especialy if particular sub-samples are
considered. The Atkinson et a. (1988 ) procedure we adopted is meant to reduce such biases in
comparing incomes by types. The focus on employment and self-employment income was decided
since capital and building and estate income is very noisy in SHIW data set (for instance, see
Brandolini (1999) referred to 1995 SHIW) and differences in pension income might reasonably
come only from measurement error rather than to explicit underreporting behaviour since the
probability of being caught evading tax on pension income is nearly one as the pension system is
mainly managed by the state.

According to the methodology adopted, the SHIW disposable income is expected to be higher than
MF data. This difference can be considered as the sum of underground economy (tax avoidance and
evasion concerning legal activities) and of informal economy (individual activity with low level of
organization, based on individual and familiar relationship, such as baby sitting, domestic cleaning,
etc.). In what follows we will briefly refer to is as tax evasion. Criminal or illegal economy (tax
avoidance and evasion due illegal activities such as drug trafficking or unauthorised medical
practice) is reasonably not included since we believe that those incurring in such activities are very
unlikely to accept the interview or respond truthfully even to an anonymous interviewer.

Table 7 shows that employment income is underdeclared in bottom deciles. The first income
deciles of employment income present a non negligible rate of tax evasion. As for the first decile,
the actual income is underdeclared by about 55%. Then, employment income evasion decreases
regularly and is smaller than 5% after the median. There are might be two main reasons for such a
pattern First, informal economy with low level of organization, based on individual and familiar
relationship, is likely to be wide spread at low level of incomes. Second, it is well-known that
SHIW data set does not present a satisfactory representation of the bottom tail of the income
distribution, hence it might be that the income which is larger than the 10% of all employment
incomes in the SHIW data set is actually larger of alarger share of al employment income in the
population.

Self-employment income presents instead a clearly different pattern of tax evasion. The amount of
nondeclared self-employment income ranges between 27% and 9%, being rather stable between
the 3% and the 8" decile. In the 1* quantile on average 27% of income is evaded though in the
following decile income is underdeclared by 6% only. The picture thet emerges from Table 7 is that
tax evasion is present in both employment and self-employment income and that it is mainly
concentrated in lower deciles for employment incomes and uniformly distributed for self-
employment income. The share of nondeclared income in sdf-employment income is
approximately 17%.



Employees Self-employed

Decile

hF Ewazion (el B hF Ewaszion (&)
1 9000 4036 52 85% 55896 431350 2%
2 15162 1084312 28% 10000 9413579 B
3 19000 1535280 19% 14000 1204984 14%
4 22000 1969204 10% 18000 14901 BO 17%
5 24000 2269342 S0 22500 1860020 17%
E 26000 2603532 0% 25000 2057973 18%
¥ 30000 2922610 F% 307V 2942241 17%
G 35000 3347000 4% 36000 30395.035 16%
9 40000 395357 .50 1% 50000 4530535 A%

Table 7: Difference of individual income declared to the Bank of Italy (BI) and to the Ministry of
Finance (MF), by decilesin Lit ‘000 (Lit 1936.27=€1).

Of course some caveats should be mentioned. This analysis shows a picture that is roughly
comparable to other previous analysis. However, some bias in these estimations might come from
various sources and mainly from measurement errors. In fact the SHIW questionnaire asks
interviewees a rather complicated question to recall their year before income. For employee it is
asked their 1998 income net of taxes, socia contributions, severance pay, withholding tax and
socia security contributions but including additiona monthly salary, bonuses, special emoluments
and other compensations. For self-employed earnings net of taxes are asked, which are computed as
revenues from sales of goods and services net of VAT plus other revenues minus ordinary
maintenance expenditures, purchase of raw material and goods, employee compensation, current
expenses, rent of premises, taxes and other expenditures. It is likely that such a calculation might
present a high degree of approximation. Since there is no way to properly account for such a
measurement error, we assume that at this level of disaggregation it might be negligible. However it
is likely to significantly increase the lower is the reliability of income variables and the thinner is
the break-down of the sample. Asfor the MF tables we refer to, some level of approximation is also
involved. MF tables are not presented by deciles of income but by income classes and deciles have
been obtained by considering the number of people in each income class. This procedure clearly
assumes that the distribution within each income class is uniform, however it is a smdler
approximation than using the nearest income class.

5 Tax evasion and inequality

The results presented in the Section 4 rise a set of concerns about equity and distorsion effects of
taxation. It was shown that probability of evading taxation is not evenly distributed across different
income levels and across different types of incomes We do not consider the case of individuas
belonging to the same income quantile and equal type of income and deciding different tax
compliance behaviour. However, even with this ssmplifying assumption these different probability
of tax evason might ater the distribution of income and measures of poverty and income
inequality. They might vastly reduce the amount of tax revenues. They might induce employees to
move to a self-employed position to be able to reduce their tax burden. They might induce people at
lower levels of income not to enter the official labour market and to remain employed in the hidden
economy reducing the participation to the labour market or refusing to move into enployment
increasing unemployment rate.
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Here we focus on effects of tax evasion on income inequality. The analysis is performed creating
some counterfactuals, where it is assumed that tax-payers declare what is their true income, the
latter assumed to be as the one declared in the SHIW. Such counterfactuals are not created
multiplying individual incomes by the evasion coefficients in Table 7 because it would involve
major re-rankings around each income decile. For instance, if we multiplied by 37% the income of
the individual whose self-employment income is equal to the first decile and by 6% that of the
individual whose self-employment income is just above the first decile it is likely that the latter
would move the the first decile and viceversa. A piece-linear evasion function for both employed
and self-employed income is applied instead. Let Y; be the SHIW after-tax income, E; be the evaded
income, & the marginal evasion rate of individual i, Bj the j-th income decile, with By=0,

9
E :é. Zj(Bj - Bj-l)ej +l ](Y| - Bj-l)ej

where
I 11 if B, <Y £B,
P70 if oW
and
Zj=}1 if B, <Y,
10 if O.W.

The margina evasion rates, g, are taken from Table 7. For instance the imputation of tax evasion
for employment income can be seen in Figure 1.

Imputation of tax evasion, employee

Evasion

Income decile

Figure 1: the evasion function for employment income

As SHIW records only disposable income after al taxes and social contributions (AT), a
microsimulation model is used to simulate before-tax income (BT). The TABEITA98 model used
is a static microsimulation model which simulates IRPEF and “imposte sostitutive” on 1998 SHIW
(for details about the model see Fiorio, 2004). Analysis of inequality is performed using Lorenz
curves and some Generalized Entropy indices, with parameter a=0,1,2 in order to have an idea of
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the effects of the simulation along income range*. The simulation of tax evasion as describe above
does produce large changes in both BT and AT income. Looking at all taxpayers, the GE indices
change between 5.9% and 10.9%. It is worth noting that main changes comes from simulated
evasion of employment income and, especially in the bottom part of the distribution, as shown by
the GE(0) index (Table 8). This is clearly due to the fact that tax evasion simulation highly
increases bottom decile employment income while the simulation of tax evasion in self-
employment income is more evenly spread across different deciles.

Tipaology of taxpayer Income considered G GECT) CE2)
Walue War. Walue War. Walle War,
Declared BT income 0,7326 0,5497 1,257
o Dizposable BT income 0,6291 -5,9% 051049 - 1% 1,1436 -8,1%
Declared AT income 06201 04210 0,7449
Dizposable AT income 055836 -5,9% 0,3863 -8,2% 0 EE35 -10,8%
Declared BT income 04414 04452 1,0746
T e Dizposable EIT income 0,3442 S22 0% 0,3532 -14.1% 09252 -13,6%
Declared AT income 0,3439 03252 06276
Dizposable AT income 0,2556 -25, 7% 0,2652 -18,4% 05166 A7 7%
Declared BT incame 03470 02743 0,360
Taxpayers with employment  Disposable BT income 0,23649 -3, T 0,2142 -2 9% 02937 -18,4%
income: Declared AT income 02735 02114 02420
Dizpozable AT income 0,1783 -36,2% 0,1529 -27 B% 0,1835 -2 2%
Declared BT incame 0,6055 06614 16213
Taxpayers with zelf- Dizposable BT income 05446 -10,5% 0,5973 -9,7% 14210 12, 4%
emploment income: Declared AT income 04697 0,497E 10465
Dizpozable AT income 04121 -12,5% 04344 -12,7% 05737 -16,5%

Table 8: Simulated change in inequality indices due to tax evasion

These results are also confirmed by Lorenz curves (Figures X1-X4).

Proportion of total BT income

Lorenz Curve
All the Taxpayers

-

4 6 8
1 1 1

Proportion of total AT income
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4 6 8
Proportion of population

[
o4

BT decl. inc.
BT disp. inc.

4 6 8
Proportion of population

Bisector

AT decl. inc.
AT disp. inc.

Bisector

Figure 2

! The smaller is the coefficienta the more sensitive is the generalized entropy index to changesin the bottom of the

distribution, and viceversa (see Cowell, 1995).
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Lorenz Curve
Taxpayers with work income
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Lorenz Curve
Taxpayers with self employment income
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6 Discussion and conclusions

This paper updates to 1998 the estimation of tax evasion in Italy using a direct methodology, which
is based on the assumption that an individual who decides to partly or completely hide income to
tax authorities is ikely to be more truthful with an institution that grants anonymity. The 1998
SHIW and the analysis of tax forms are then compared. However, it is highlighted that 1998 SHIW
has some problems of representativeness of the true population. Using the sample weights provided
in the data set some statistics, such as the number of self-employment in the Center or the over 65
are seriously biased upward, some others, such as self-employed in the South, seriously biased
downward.

In order to reduce such a problem a procedure of grossing-up the sample to known totas is
performed prior to any tax evasion estimation. The results found are comparable to that of previous
studies. It is found that tax evasion is a phenomenon that affects both employment and self-
employment income. However, it is large only for bottom deciles of the employment distribution
and negligible for larger ones, probably because of part-time or irregular occupations. As for self-
employment income, instead, chances of tax evasion is more evenly oread across al income levels
and amount to about 17% on average. This difference of tax evasion among employment and self-
employment income is likely to introduce some distortion as for the individual decision to work as
an employee or a self-employed.

The ssimulation of tax evasion effects on income inequality shows that had all individuals declared
their true income to tax authorities, overal inequality would have been reduced by 6-11%,
depending on the inequality index used. The reduction of inequality would have been larger for
employment income as evasion imputation would imply a large increase of bottom deciles with no
large change of the others.

However some caveats should be put forward. First, it should be noticed the importance of the

assumption that tax evaders trust an institution that collects household survey data granting
anonymity and decide to declare to its interviewers an income that is closer to true income than
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what stated in tax forms. For this reason, tax evasion estimation provided here are likely to be
conservative. Second, sample selection is likely to be an issue. Although the grossing-up procedure
undertaken in this paper is aimed at reducing under-sampling of relevant population subgroups, it is
likely to remain a problem especially since the survey presents a response rate lower than 50%.
Third, the tax form data provided by the Ministry of Finance are at a high level of aggregation and
their use needs a large amount of approximation. Finally, the focus of the paper has been on work
income, because SHIW data for capital and estate and building income is less reliable. It is likely
that evasion of tax on capital, estate and building income would have an inequality increasing effect
since it is likely to benefit more higher incomes.
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