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For example, weerall tax gap estimates made lmoadly comparable countrieto
Australia,such as the UK, USA and Denmahlaveusad an ensemble of:
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Atthe +05& TV UHTXH W&Viewatke UR Japproach and founghe models
and methodologies used by HMRC to estimate the tax gap across taxes are sound and
consistent with the general approaches used by other codfitries2013)

While SHUKDSV WKH FXUUHQW EHQFKPDUN DSSURDFK IRU
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Table 1: UK tax gap estimation componentsxIMF analysis
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Source International Monetary Fund, 2013

The UK HMRC use of a mix of data sources and approaches to construct an overall
tax gap estimaté¢hatis broadly similar tahe methodlogy used bythe USinternal
Revenue ServicdRS).

Table 2: UStax tap estimation components

Source: Treasury Inspector General of Taxation (TIGTA), 2013 (p.7)
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The UK HMRC
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Ten years orthere appars to have beenchange of view on thias more recently the
ATO Commissioner Chris Jordan stated:

Following extensive consultation with Tax Gap experts and representatives
from jurisdictions already publishing estimates, the ATO executive endorsed
extending our Tax Gap estimation program to cover all taxes administered.
(Page 2%Awustralian House of Repsentatives Standing Committee on Tax
and Revenue, 20)3

This will include the use of random audits for some of the estimate, largglgears
for credibility purposes:

credible Tax Gap estimates cannot be produced for individuals and small
businessewithout subjecting a small proportion ofgtpopulation to random
audits.(Ibid Page 30)

ThoughCommissionedordandid note

3, KDYH H[SUHVVHG LQ SULRU KHDULQJV P\ FRQFHU
audits].We are subjecting citizens to an intervention fothe sake of

collecting data.But we have committed to this [Tax Gap] measurement now,

DQG , DEVROXWHO\ JHW DQG VKDUH \RXU FRQFHUQ
for reliability +and the experts advise ushere does need to be an element

of that randomD X G L W L(Bolavahphadis 4dded. Ibid Page 31)

15 Causes of &x gap uncertainty

As is noted in the013
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Bottomup methods (both random and operational auditésy) have uncertainties
with:

X the detection of the level of mistakes, evasion and contestable avoidance,
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Table 5: UK 2008tax gap uncertainty estimates

Source: HMRC, 2009

For bottomup estimates, the width of the standard statistical component of the
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X Reliable means the estimate is robust to the effect of extreme sample,values
outliers or changes in approach.
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Figure 5: IRS detectionvariation example2 wages ersusrents
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Figure 6: US Tax gap 2 information reporting and levels of misreporting 2006

SourcelRS 2012

The construction of detection control estimate multipliers (DCE) verg complex
statistical undertaking requirirgn audit of the data byauditor and sufficient sample
sizes per auditor (>15) to form useful distribution&or this reason, without a
relatively large scale weltonstructed audit program, deriving reliable, precise and
accurate DCEs is quite problematitrard& Feinstein 2011).

Given the sample sizes armther data needed, the HMR@sed the US DCE
multipliers which created a point etiggested improvement by the IMF review panel,
but one that is very difficult to correct with the samp#es actually used in the UK.

Because of the significant skew of consequences ofcompliance coupled with a
relatively high proportion of complia taxpayers, the sample size producing robust
and reliable views of the dollar value distributignagnitude of nortompliancé are
much larger than the sample size for thge of norcompliance For example, a 90%
compliant population will, on averagenly have 10% of the sample providing data on
the distribution and magnitude of nreompliance. With a modest random sample of
2,500 that is only about 250 values of rammpliance, on average.

Here is asimple analogyThink of a pocket full of coins.
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2.1 Disclosing the uncertaintyin tax gap estimates

The IMF review of the HMRQ@ax gap analysis notes thatu *h&ve@s a clear benefit in
cautioning the audience about the inherent difficulties in providing precise point
estimates, although margins of errfoernselves are not exact science eitfi€@ddly it

then suggests thapurRbalance, it seems sensible to not publish specific margins of
error. However, broad indications of margins of error could still be u$efor
example, by grouping gap estimateshwatmiar level of margins of errdf MF 2013,
fn.31).

More positively for well informed decision making, the recdbstimates Of
Uncertainty Around Budget Forecagtaper from the Australian Treasury states:

Estimates of uncertainty around such foré&za@san help convey to readers a

better appreciation of the risks associated with the economic and fiscal

R X W O ReRtimhates of forecast uncertainty can also improve the credibility

DQG WUDQVSDUHQF\ « ([SOLFLW HVWLPDeArHV RI XQ
that point forecasts may turn out to be incorrect and that forecasts may be

more usefully considered as a range rather than a point estirBaiag

explicit about inherent uncertainties may lead to fewer misunderstandings

about the forecasts and whhey represen{AustralianTreasury 2014, Page

1)

2.2 Imputing changes in compliance levels

Imputingchangesn compliance levels from tax gap estimation is particularly difficult
and is generally considered unreliableoder (200B) notes that while the U&x gap
estimate is a good order of magnitude estimate, it should not be used for measuring
trends or evaluating IRS performanmecausethere is so much noise and uncertainty

in the compliance estimates that changes in year to year tax gap numberbecould
purely randond]
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A revised estimate of 16.3% was made in 2006 in the National Research Project
(NRPY.

Figure 9: Tax gap map for TY 2001 (inUS hillions)

Source: IRS, 2006.

In an IRS report to Congress, the cost of the NRP, ignoring compliance costs imposed
upon taxpayers, for the period 2000 to 2004 was catmlilas being)S$119,689,770

(IRS 2004).While there g&e some significant internal variations in the estimdias,
example the estimate of underreporting by individuals changed from US$148.8 b to
$197 b, the refinement in the overall point estimate of thegagmonly changed
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Figure 10: Australian federal governmenttax to GDP ratio over time

Source Australian Treasury 2013

It should be obvious at this stage of the paper thatgmificantly reduce the overall
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3. A POTENTIAL METHODOLOG
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These relatively fewariables are used to construct a relatively &mpodel for
further analysis.The first step is to set up a contingency table reflecting the relative
aspects ideified and their probabilities:

Table 9:
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screening check everyone through the scannee).if [N x (1 £P) x Spx $TN] < [N
X Px (1 £Se)x $FN] W K #bQllfi

JRU DOO RWKHU VLWXDWLRQV LQ WKLV L& H PRGHC
namelyn*.

That is,if [N x (1 +P) x (1£Sp)x $FP] < [N x P x Sex $TP] and[N x (1 +P)x Spx
$TN] >[N x P x (1 £Se)x $FN] W K #bQomen* = TP* + FP*

3.4 Estimating the compliance gp

The gross compliance gap in this simple binary moddIX<? clients =N x (TP +FN)
=NXxPx Se + NxPx (1 £Se)and the value of thgross compliance gag:

Equation 1:Nx P x Sex $TP + (Nx P x (1 +Se)x $FN)

Putting some illustrative values on these ($P = 15,$FP = 2,$FN=5,$TN=0)
using the same probabilities and prevalence of the earlier examplgrake
compliance gap is:

(NX P x Sex $TP) + (Nx P x (1-Se)x $FN) =
(100 x D% X 70% x $15) + (100 x 10% X 30% X $5) = $120

After selectingn cases for review, ifi is less than or equal ", thenetcompliance
gapis:

Equation 2: (Nx P x Sex $TP) + (Nx P x (1- Se)x $FN) (N x P x Sex $TP)x n/n*
achievedat a compliance cost of:
Equation 3: N x (1-P) x (1- Sp)x $FP x n/n*

If nis greater tham* (i.,e.n > (Nx P x Se) + (Nx (1 £P) x (1 £Sp) then additional
non FRPSOLDQW FOGHYWRYaAd @@ HEN/(RN+TN) and thenet
compliancegapbecomes:

Equation 4: (N x P x (1-Se)x $FN) BFNx (n +n*) x FN*/(TN*+FN*)
achieved at a compliance cost of:
Equation 5: N x (1-P) x (1- Sp)x $FP + $FPx (n +n*) x TN*/(TN*+FN¥*)

So using the probabilities and prevalence of the earlier exawifte34 (h = n*)
clients for reviewthe residual compliance ga (100 x 10% x 70% x $15) + (100 x
10% x 30% x $5% (100 x 10% x 70% x $15) x 1 = $15, a reduction of $105, achieved
at a cost of 100 x 90% x 30% x $2 x 1 = $BMet benefit of $105t$54 =$51.

If the samplerf) were to increase to 45, which in this example is 11 ahdythen the
residual compliance gap becomes the value of the remaining undiscovered false
negatives: (100 x 10% x 30% x $5)($5 x 11 x 4.5%) = $15+$2.5 = $12.5, a
reducton of $107.5 on the initial compliance gap achieved at a cost of: 100 x 90% X
30% x $2 + ($2 x 11 x 63)/(63+3) = $54 + $21 = $75 giving a net benefit at this
coverage point of $107.%5$75 = $32.5 with a residual gap remaining of $12.5.
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curve provides, when coupledith relative cost data, the information to decide the
optimum tradeoff point and what classifier performs better at which coverage point,
across the entire selection thresholil. is also relatively robust to differences in
prevalence and skew (Fawc2@06).

Better classifiers (thatjSEHWWHU FDVH VHOHFWLRQ V\VWHPV KDY
FXUYHY $8& WKRXJK WHFKQLFDOO\ WKH PRUH DFFXUD
is the one further left and wgi the pointwhere the relative cost cle$FP/$FNx (1
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In the simple binary model illustrated in this paper one can Ségune 24 that if the
detection capability is very much less than discovBey € Sp, then for thesamearea
under the curve the range of values by whi$FP/p$FN VXJIJHVWYV pGR QRQH

651



eJournal of Tax Research



eJournal of Tax Research Regulatory



eJournal of Tax Research Regulatorycompliance, case selection and coverage

prevalence of 73% with a selection sensitivity of 10% and Specificity of 100% (so all
of the compliant cases were selected from the population).

Possible prevalencd3 lower than this, which produce the observed strike rate, then
form narrow bands given by particular sensitivity and specificity combinations. Only
those combinations obe and Sp produce the observed strike rate for a particular
prevalence® of nornrcompliance in a populatiod with a sample size.

Figure 27: Possibleprevalencebands for givensensitivity / specificity

By restricting the viable spaagsing for example a panel of evideduzsed expert
views, each providing a value foat least most likely at most for Sensitivity,
Siecificity and Prevalence, a range of probable underlying-onompliance can be
derived®

In the example given, based kmowing that selection system was better than random,
but unlikely to be very good to excelm
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Figure 28 Updated view of prevalence using constrained values Bf Seand Sp.

Possible Prevalence P
14% 16% 19% 21%

Sensitivity
Se

Specificity (Sp)

This fairly rough triangulation culd be updated with information from small
random selection of cases to provide additional intelligence and ascertain / check the
robustness of the assumptions madtowever,in the real world thats not always
possble for a variety of reasons.

Alternatively more sophisticated Bayesianodelling (Joseph, Gyorko& Coupal
1995) usingMarkov chainMonte Carlomethods(HajianTilaki, Hanley, Josepl&
Collet 1997) and probability distributions could ene though the relative gain in
confidence regarding the underlying prevalence would not be significant in most
practical situations, particularly for a regulatory agency.

3.8 $GMXVWLQJ IRU DQ XQUH oth®usedfimuliipiedsGC VWDQGDUG

Bottomup compiance gap estimation methods such as random audits, as well as the
approach outlined in this paper, are known to miss some level efaropliance.

This can be compensatdd\ XVLQJ RWKHU LQIRUPDWLRQ WR HVWL
then use this to adjuttie detected rate (Feinstein 1980ard& Feinstein 201). The
SUREOHP RI SRRU pJROG VWDQGDUGVY LV QRW FRQIL
epidemiology Bayesian approaches are often used to estimate a range of likely
underlying prevalenc@losephGyorkos& Coupal 1995)

As the approach outlined in this paper explicitly allows for a level of undetected non
FRPSOLDQFH FDUH GRHVY QHHG WR EH WDNHQ- QRW WR
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compliance via the inappropriate use of prevalence multipleexs sensitivity
decreasesThe following diagram illustrates the issue:

Figure 29: Undetected nonrcompliance: P multiplication or Sereduction

Sensitivity

0XOWLSOLHU QGMXVWPHQRossible Prevalence
4% 6% 8% 10% 12% 14% 16% 19% 21%

f
¢
Sensitivity |
adjustment !
‘Ser
\\\ ;
.\
o Multipliers
.. Non-detection can be factored in via
adjusting sensitivity downwards or by
\‘ad}us"ging detected prevalence.
&DUH QHHGV WR EH WDNHJ ¢
DGMXVWY IRU X@ddMheeF WHQ (
Specificity

Essentially, if the implied prevalenéeis adjusted by a multiplier to take into account
undetected neonompliancewhen a review is undertakethen the sensitivity of
detectionSeshould not be reduced for the samesoea

3.9 Applying the approach to some real world data

Using a real world scenariin thelargemarket in Australia there are roughly 1,400
economic groups with a tusmer of more than $250 million.

Detecting norcompliance in thdarge market is particularly problematic.Large
MDUNHW WDJ[ GDW Draxpayafs] eMenpui@ ®dervinflustry, are often less
alike than they are alikeso in the data another company in another industry will
often be a closer match for an item than a company in theiadomry.

Industries in the large marlesuch asbanking mining or retail are den highly
skewed and oligopolistic, where differently funded competitors carve out particular

niches, generating wide differences in tax return dal® SUDFWLFH WKLYV PDNHYV
DYHUDJHVY D UDWKHU SRRU JXLGH WR whexe §pecifib QFH FD'
industry law or practices exist:t KHUH PXOWLSOH EXVLQHVYVY DFWLYLW
into a single return, such as diverse mining operations or banking and insurers, the

GLYHUJHQFH DZD\ IURP DQ pLQGXVWU\Y YLHZ LV H[DFHU
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In the higlly heterogerous, heteroscedastic large market, the size of the data set
needed to build a robust parametric case selection model for a single risk type is
generally much larger than our entire annual audit é@ad for the large market.

Typically a
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From 2005 to 2010 themean adjustment was about $40m/case from an average of
about 50 cases per annum, with tmedal adjustment of ~$12m/case, producing
average aggregate adjustments of about $2 billion, derived from an aamyalk of
about 300 reviewsThis gives the average per annum strike rate from case selection
as 50/300 = 16.79% (The aggregation of the data reduces sample size variability
concerns somewhat.)

3.10 What kind of population compliance rate migh give rise to these outcomes?

By testing various values fd?, Seand Spit is possible to see what combinations
produce the observed strike rate for the selected caselaad populatiorN; various
scenarios can be identified.
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3.11

Figure 37: Large market per annum averageincometax gap estimate 20050

TAX GAP CALC's

B P Se Sp
10% 28% 90%
Tax Gap High Low Mid

Gross $5,600 $3,086 $3,714 weighted (H+3L)/:

As indicated earlier, the high tax gap calculation vahlesoncompliant cases at the
average (mean) case value of $40m. The low tax gap estimate values missed cases at
the model case value of $12m per case. The mid estimate uses a weighted value per
missed case of ($40 + 3*$12)/4 = $19m.

This simple weighting procedure attempts rtodel the skew typically seen in
compliance results.

Volatility of outcomes

While the distribution otase results shown in Figure B&duces an average adjusted
amountof $40m/case, there is obviously considerable annual variation associated with
this average outcome.
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Figure 38 Large market incometax audits results 2003/4 to 2010/11

This distribution of actual compliance results can be roughly simwideal positively
skewed distribution with a 5% probability of $500m adjustment, 20% probability of a
$50m adjustment, a 45% probability of a $12m adjustment and a 30% probability of a
$0 adjustmentSuch a simulation of 750 periods produces the followiag of
outcomes:

Figure 39 Simulation of annual aggregated large market case outcomes over
time
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3.13 What factors might explain the observed changes?
3.13.1 Coverage

Changes in case selection mix, between prudential compliance work and targeted
compliance work, could have merit in explaining most of the declines, as significant
numbers of reviews were undertaken in the last two years to check compliance with
consolidaion exit requirements, and Secrecy and Low Tawrisdiction (SALT)
reviews. For example, adding 100 prudential reviews to 300 risk targeted reviews
with 90% compliance rate and 70% detection, the conversion rate would decline from
21% to 15%.

The increasen coverage from 120 to 400, even if risk focussed, could explain some
of the decline from ~21% to ~15%, but is unlikely to explain all of the movement
observed down to 9%When combined with the inclusion of ~100 ndsk targeted
reviews it could explia most of the movement observed, however it does appear more
likely that compliaace changes were also involved.

3.13.2 Compliance wKHUH WKH pOLQHY LV GUDZQ
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4, CONCLUSIONS

Evaluating (1) the effectiveness of case selection for compliance activities and (2)
estimating the possible compliance gaptar@ interlinked and enduring iges for any
regulatory agency.

Views of the level of compliance go to the heart of community trust in the regulatory
DIJHQF\YVY DGPLQLVWUDWLRQ RI WKH V\VWHP DQG LW L)\
potential magnitudetat a reasoable costand ideally one that is not imposed upon
FRPSOLDQW WD[SD\H Ut daplQ X ROBWK BigriRfiEam Dric€rtainky

7KH FXUUHQW DFFHSWHG pJROG VWEQ®2uedapEsd aZ KLFK W
significant, and here expensive, random audit process (GemnielHasseldine

2012).
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HM Revenue & ustoms (HMRCR005b,Measuring thepax gapf+an updateHMRC working
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