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Abstract

This paper analyzes the vulnerability of the legattor to money laundering at local level. Assuntimat
criminals are rational investors who account feksiand returns of both legal and illegal investisiene define
vulnerability as a function of well identified dexs. Proxies of these latter ones are used to wmalpjir
investigate the relationship between institutice@dhomic factors and vulnerability of Italian prosgs in the
period 2008-2013. Exploiting instrumental variatdehniques, we focus on the impact of suspicicarsstaction
reporting to the Financial Intelligence Unit. Rasuighlight positive effects of crime preventioalipies and
activities of suspicious transaction reporting tipaftarly. Further dimensions of local vulneralyildre outlined:
the unmeasurable heterogeneiggross provinceshows that some areas are systematically moresrabite
because of persistent local features that cannospeifically identified; theidiosyncratic vulnerabilig

pinpoints that some provinces have been occasjosatiject to abnormally intense money launderirityiae
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Introduction

It is long recognized that criminals, especiallgamized crime, not only operate on illegal markstgroducing
and supplying illegal goods (i.e. drug traffickifgyiman trafficking and smuggling, prostitution, onterfeiting,

etc.), but also operate on legal markets and iafétlegal economies. The main driver of crimimdiltration in

the legal sector is money laundering, a crimefit3dle presence of criminal activities in a giveraais usually
recognized as a negative externality that can fiegmitly depress local legal economy (Asmundo aisgiandra
2008, Costa 2011, Labsdorff 2002, Shelling 1967 29iil). However, criminal infiltration in legal agties

may even represent a more dangerous phenomenanisgan seriously threaten the physiology of & $adal
economy (Burdet et al. 2003, Cook 1986, Di Nicdd@&, Kelly 2000, Coniglio et al. 2010, Daniele avdrani,

2006, Pinotti 2010, Van Dijk, 2007).

The assessment of the presence and the exteninoha&l activities in the illegal sector is a chalgng issue
given the intrinsically elusive and concealed ratof criminal behavior. Typically, statistics conuag
suspected, investigated, or prosecuted crimes gnalgp the tip of the iceberg (Cornwell and Trumiigb4,
Dalla Pellegrina 2008, Trumbull 1989, Saffer andalobpka 1999, Marselli and Vannini 1997). Measuring
criminal infiltration in the legal economy is evanmore serious problem since the legal nature epdttiuted
activities makes detection extremely difficult (Ben et al. 1994, Carr-Hill and Stern 1973, Chemy &ist
2002, dalla Pellegrina et al. 2005). Certainlyadatd statistics concerning (detected) money lainglerovide
useful information (Masciandaro 1998, 1999, 2006& 2000b). However, the resulting picture remains

incomplete (Benson and Zimmerman 2010, Cook, 1986).

The problem of evaluating the presence and thenegfecriminal infiltration probably benefit fromsémations

and analyses of thdriversthat can influence both the supply and the denmdritegal funds in both legal and
illegal markets. From a conceptual perspectivasgess theulnerability of a given area to criminal infiltration
it is necessary to identify those local factorst than significantly drive criminal activities, ohd one hand

(ilegal markets), and money laundering, on theeptiand (legal markets).

The aim of this paper is to identify those instiotl (i.e. detection, prosecution, etc.) and ectindactors that
are relevantly associated to crimes and money knimgl (nstitutional vulnerability, and then provide a
possible assessment ofhmeasurable heterogeneigcross provinces which makes some of them more
vulnerable than others. Finally, we intend to etei a measure ddiosyncratic vulnerabilitywhich, on the one
hand, cannot be directly grasped by usual measirdstected and prosecuted crimes and, on the bted,

does not systematically affect some specific prosgn

From a methodological perspective, it is worth ciafi that criminal investors consider both legadl ditegal

markets when facing the decision to invest illefgaids. It is sound considering criminal investossrational



and well prepared individuals who take into accosmecific risks and returns that are associated ¢iven
project when deciding their investment strategieslirect consequence of criminal investment choisethe
degree of penetration into legal and illegal losattors. Therefore, the analysis should carefullyirgjuish

specific features characterizing local project@éstment both in terms of return and risk.

The purpose of the empirical analysis is to idgntd#) factors that contribute to increasimggtitutional
vulnerability of a given area to money laundering with spediairéion to the mechanism of reporting suspicious
transactions to the Financial Intelligence Unitl{}3Ib) local heterogeneitiethat are significantly associated to
money laundering; and finally, c) areas thatidiesyncratically affected by criminal infiltration

The paper is organized as follows. Section 2 ptesarsimple theoretical model to describe the dmtief a
criminal investor who has to allocate an illegapital; Section 3 presents the empirical analysectisn 4
concludes and discusses policy implications. Detafl the model and additional tables are preseintetie
Appendix.

2. The model

To frame the empirical analysis of Section 3 wdioeta simple theoretical framework: it sketchesvhroain

economic and institutional factors affecting invesht choices can influence local vulnerabifity.
2.1. Hypothesis

We consider a risk neutral investor who has aiiriapital Ky that has been illegally generated in the past. The
investor's problem is to decide his/her optimalestment strategy according to a multi-period schéraeis

illustrated in Figure 1:

At time 0, the investor decides how to allocatgbietween a legal project and an illegal one. Weaafthe
capital share that is invested in the legal agtiwhile the remaining share (&) is allocated to the illegal

activity (crime).

It is worth noticing that the legal investment & tin fact implies money laundering. Given thecitliorigin of
Ko, the investment in a legal asset (i.e. real estatestment, purchase/establishment of firms/comsares,
purchase of capital goods and factors of produgtpyactically corresponds to a process of transiiognthe
proceeds of crime into ostensibly legitimate moasgéts - as to say money laundering.

1 Here we generalized the intuition originally prepd in Masciandaro (2001), Cifarelli et al. (2062)d Masciandaro
(2002) to analyze the optimal investment choicesmditernative (legal and illegal) financing pdigiare available.
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On the other hand, the illegal activity is some sbrsource-crime that can produce a monetary mefiug. drug
trafficking, human trafficking and smuggling, prisgtion, counterfeiting, etc.). For the sake of gilitity, we
assume that the illegal investment is carried aihgi only dirty money; however, we can remove this

assumption without loss of generality.

At time 1, if the underlying illicit activity (monelaundering or source-crime) is not detected,itivestment

generates a returthat is re-invested for a further period.

* The legal investment is assumed to be highly assetific so that the return from the legal activiy
automatically reinvested in the same activity. Thssumption is related to the fact that the legal
investment implies money laundering: any switchnfrthe legal to the illegal sector - and vice versa
involves a higher probability of detection of ilEgactivities.Indeed, the same regulation is applied to
identify both the flows between illegal and legahrkets — as it is the case, for example, for drug
trafficking — and the flows between legal andgééactivities — as, for example, in the case obtesm
financing. Defineia as the return rate of the legal activity. Thisesraén even be near the zero lower

bound, considering that money laundering can beeewxly costly.

« Defineic as the return rate of the illegal activity. Congrto the legal return, the return from the illegal

activity can be, once again, split between thellagévity (sharea;) and the illegal activity.

If the underlying illicit activity (money laundeignor source-crime) is detected, the criminal inmet punished
with a sanction depending on the severity of theitibehavior. Obviously, specific risks of detiect must be
considered. We assume that, after one period witl@regal economy, illegal proceeds are “cleard amoney

laundering cannot be detected anymore. Converselyce-crime can be detected and punished at eaiciup

« Define pa as the probability of detection for money laundgrassociated to the legal investment pad
as the probability of detection for the source-eiiNote that the first time an illegal amount iméites
in the legal economy there is a certain risk ohgeletected and punished for money laundering.

* In the case of detection, the illicit behavior ignjshed with a sanctiofl; that is assumed to be
increasing in the severity of misbehavior thatium, is measured by the funds invested in thevitacti;
(d</dl.>0). For the sake of simplicity, we assume thatghection corresponds to the invested amount
squared S =I{)2. This assumption can be justified by noticingtfton the one hand, the invested amount
is confiscated, on the other hand, both money lexing and typical source-crimes imply high criminal

sanctions, including conviction.

2 Consumption may be considered as a form of ungtoduinvestment.
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At time 2, if the possible underlying illicit actty is not detected, investments generate retwitherwise the
illicit activity is punished. Finally, time endsh€& latter assumption helps making tractable thegmteanalysis

without loss of generality.
Definer as the relevant discount rate
2.2. How investment determinants affect vulnerabity to criminal infiltrations

Proceeding backward, the criminal investor at tiirsets his/her optimal shaaeby
max, I,
where

My = (1 pa)ay(-a, )Ko (B i+ o) = pa(a (180 Ko (i ) + (1-pe J1-ay Ji-ag )Ko (i ¢ ) = pe (-2, (i-ag )K (14 )

Note that the first term of the sum which is defirbove is the expected return resulting from ¢himvestment
in the legal activity of a sham of the capitalized illegal investment at the end=df when money laundering is
not detected. The second term is instead the eeghgmtnishment if money laundering is detected. fhiel
term is the expected return resulting from thenrestment in the illegal activity of a sharealof the
capitalized illegal investment at the end of t=1ewlhe source-crime is not detected. The fourth te instead

the expected punishment if the crime is detected.

The resultinga, (a,, P4, Pc i a»ic, Kp) iS @ reaction function that depends ap which is our main variable of

interest since it can be considered as a measunelrdrability of the legal sector to criminal itfation given
that the criminal faces a multi-period investmestidion.

Now, the criminal defines his/her optimal shasdy

mase, Mo (2.1)
where
0" 11_+prA 85K (I 1)’ _[F’A(aoKo)2 + P ((1-a0)K0)2]+
' 11_"pfc [(1_ Py (106 Ko (1 i )~ pa (e (g Ko (i) + (e ia; Jarao Ko (i )2 = pec (e Xl-ao)Ko(l+ic))2:|

Note that the first term of the sum which is defirebove is the present value of the expected reasulting
from investing a sharay of the initial capital for two periods in the legadtivity when money laundering is not

detected. The second term is the expected punighiimtre first period.
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The third term is the present value of the expeptdrn resulting from the re-investment of shafeéao,.).

By solving the optimization problem described inj2ave obtain two solutions. However, model calilora
allows selecting one admissible solution correspundo the functional form ofag(pA, Pedasic Ky )

Details are provided in Appendix 1.

The optimal shares, can be interpreted as a measure of vulnerabditgriminal infiltration of the legal

sector since it corresponds to the share of capftdlegal origin that infiltrates the legal ecang though

money laundering when criminals face a multi-pehodizon.

By inspectinga, (.)we conclude the following:

day/dp, <0, day/dp. >0,

2.2
0ay/di, 20, day/dic 2<0 (2.2)

day/or <0,  day /oK, =<0

(2.2) shows the impact of institutional factorsofpabilities of detection, and implicitly, sanctipnsnd
economic factors (return and discount rates antiaincapital) on the optimal decision of investment

corresponding to our measure of vulnerability.

The institutional factors seem to affect the vultdity as expected. A greater effort in detectargl then
punishing money laundering results in a minor vidbdity to infiltration of the legal sector. Cormgely a
higher probability of detection of source-crime msaknvestment in the legal sector more appealifgu(é
A.1 and A.2 in Appendix 1). From this perspectitlee relation of substitution between legal andgdle
sectors emerges clearly.

Concerning the economic factors, a higher legatstment return is associated to a major vulnetglsince
legal activities represent a good opportunity afestment (Figure A.3). Conversely, vulnerability tbe

legal sector is decreasing in the discount ratgu(fei A.5).

The role of the illegal return ratnd the initial capital is uncertain and dependghenparameters of the
model. In this respect, it is worth noticing thaturce-crime and money laundering (here the legal
investment) might be seen both as complements dsaxrime feeds money laundering) and as substitutes

(money laundering is an investment alternativertme). The uncertain sign of both the first denvatof

3 We calibrated the model by setting variables ataberage levels of the variables that we uselderempirical model
(see Table 1 and Appendix 1).
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a, with respect td. and the first derivative of, with respect td<, seems to capture this mixed nature of
complementarity and substitution. Whéag/aiC <0, the dimension of substitution prevails. Conversely,

when aa;/aiC >0 complementarity emerges between illegal investnagt money laundering. Once the

model is calibrated with parameter values corregpmnto the average of the variables that have been
selected to carry out the empirical analysis, cemgntarity would seem to prevail (see Figure A.4).

Parameter calibration also allows concluding thaherability is expected to be decreasing in thain
capital (see Figure A.6). This is consistent whke fdea that the penetrating the legal sector septs a

decreasing returns-to-scale opportunity for crinsina

The next empirical section aims at analysing th@aot of institutional and economic factors on the

vulnerability to criminal infiltration of the legalector of Italian provinces.

3. Empirical analysis

The purpose of the empirical analysis is threefdluoist, we want to test the predictions of the ntode
illustrated in the previous section with the aimigdlating the individual contribution of some acts of
crime prevention on the vulnerability of Italianogmces to money launderingngtitutional vulnerability.

Policy provisions consisting intensifying “law aontder” activities should follow from this stage.

Second, the analysis is intended to identifyobserved heterogeneitgcross provinces, that is local
characteristics which are not individually measigatvhich embed some incentives or restraints tbagkn
on money laundering activities. Such phenomenarasstly related to time-persistent institutionalttas
which are proper of a given geographical areaumcase coinciding with the province. Some examaptes
the efficiency of local administrations, local agstion, clusters of population specialized in sariginal
activities, the presence of different levels ofigbcapital, a social environment favoring moneyrdering,
etc. This should provide suggestions in terms afveging crime prevention activities and “educationa

activities” aimed at improving social, cultural,dasystemic antibodies against money laundering.

Third, we seek to pinpoint the geographical arded thave been occasionally subject to “abnormally
intense money laundering activitidipsyncratic vulnerability. This is particularly relevant for preventing

this crime in correspondence of similar events thigtt further take place elsewhere in the country.

We have information about law reporting and proxiésther variables included in the model whicloail
us to quantify the extent of their contributionrteney laundering. However, we cannot observe djrect

neither the true incidence of money laundering that of other (source-) crimes because of theidédrid
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nature. Criminal activities are indeed part of thmelerground economy and, as we mentioned eardier, |
reports flenuncg can grasp only a share of the overall phenomeRorthermore, a relatively high number
of reports in a given province may provide contregtndications. On the one hand, their increasg lead
to infer that the latent phenomenon (actual inatgeof crime) has also increased. On the other haode
law reports could also suggest that either the cailis have become more efficient in detectinggéll

behaviors, or citizens have become more willingefmort other people’s misconducts.

Such difficulties are common to all empirical céimiitions dealing with underground phenomena anduto
knowledge, it has not so far been disentangledryyearlier study. To cope with this problem, weyreh
two main assumptions. The first is that the nundddaw reports is positively correlated with théelat fact
(actual crime intensity). According to the discossiabove, this is reasonable to the extent thaetme
available information regarding the ability of tha@w enforcement authorities in preventing criminal
activities so as to exclude that an increasing rermolb reports reflects more efficient crime repi@ssThe
second assumption is that the share of law reportthe actual dimension of money laundering in\eeigi
area is not dissimilar from the share of law repddr source-crimes on their actual dimension (he.
degree of hidden phenomenon is similar for thetypes of crime). If this assumption holds, thecatf law
reports for money laundering to law reports forrsetcrimes can indeed represent a fair measurgminal

infiltration in the legal economy.

According to the model illustrated in Section %, éach province we collected information regardinglaw
reports and the probability of detection and prasen of both money laundering and source-crimis, t
discount rate on investment in legal and illegdivities, and proxies for the return on legal inwvesnts? In
addition, we have information on the numbeisogpicious transactionsansmitted to the FIU by financial
intermediaries and other professionals (signaliodiés)® This variable represents the focus of this anslysi
because, since the risk based approach has beeduicéd in 2007 — and actually implemented in 2008

the establishment of the mechanism of reportingpisimis transactions — the issue regarding its

effectiveness has not yet been rigorously addreisstbe literature.

The problem of interpreting the causal effects ldnges in the number of suspicious transactionsacai
vulnerability to money laundering (money laundefsogirce-crimes) is like the one discussed abovk wit

regards to law reports. Going back to that argumerilausible proxy of local vulnerability relies ¢he

4 Further developments of the research aim at imedud measure of social capital to account forrdtarn on illegal
investment. The idea is that a high level of socegital in a given geographical area should makaecless worthy
due to a lower demand for illicit activities frortizens living in that area.
5 The FIU is an autonomous body incorporated int® Bank of ltaly since the Legislative Bill No. 22007 was
enacted as an implementation of the Directive enpttevention of money laundering and terrorismrfoiag (see dalla
Pellegrina and Masciandaro 2009 for details).
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observable incidence of crimes, and again thehiétiaon law reports as a proxy for the actualidence of

crimes raises some worthwhile issues.

On the one hand, an increasing number of suspitramsactions conveyed towards the FIU in relatmn
some specific geographical area should in princiigléuce the share of laundered funds the spirit of
deterrence, given the stock of source-crimes cotachih that area. In this vein, criminals woulceipret an
intensified number of suspicious transactions aseghanism that harshens the reprehension activity o
money launderin§.A measure of vulnerability based on law reportsrifmney laundering to total source-
crimes would eventually indicate that the area umuesstigation is less vulnerable.

On the other hand, much depends on how both crimiaad the enforcement authorities react to the
information content of a change in the signalingchamism. If an intensified signal enhances the
reprehension activity, whereas criminals do nongeatheir attitude in terms of both money laundgand
source-crimes committed, the number of law repftsmoney laundering increases given the stock of
source-crimes. This would artificially increasedbgulnerability although this would be a pure aute of

an improvement in the efficiency of the detectioectmanism based on the system of suspicious tramsact
Conversely, more reports of suspicious transactmrssource-crime may as well represent a confogndi
factor, bringing efficiencies to the investigatigpparatus. In this situation, a higher nhumber gpglous
operations transmitted to the FIU would imply léss reports, thus misleadingly lowering our measafre

vulnerability.

It is worth noticing that in this discussion we aggiely treated the reaction of criminals and autiles to an
increase in the number reported suspicious traiesactHowever, any unmeasurable event affecting the
willingness to undertake money laundering may teisubh combined response which could affect boh th
volume of law reports and reported suspicious &atsns in any direction, with a net impact whishin
principle indeterminate. For instance, if for soomknown reason it becomes more profitable to ua#tert
money laundering in a given area, we might obsargentemporaneous increase of both reported saspici
operations and law reports for money launderingvéieer, this spurious evidence would not be indieatif

the fact that there is a positive causal link betwsignaling and law reports (and eventually vidbgity to
money laundering). This calls for a careful managieimand a wary interpretation of the results of the
empirical analysis. To avoid such misleading wagaiand address a causal response, we ought tedind
elements that impact on the signaling mechanisriwowi being related to unmeasurable determinantseof

volume of law reports.

6 In addition, a fact which is not contemplated lre fprevious section, dirty money accruing from \wlsere to be
washed in that area could also be curtailed.
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The first step towards curbing these possible ssuot bias is to make use of variables that asgaelto
widely recognized tools exploited by criminal orgaations to carry out money laundering operatidgmghe
specific, we account for the volumes of cash aoguod the banking system (and ultimately to thet@én
Bank), the stock of bank deposits, and the numbegal estate transactions in each provihée. aggregate
increase in these variables, given the economiemnéon of the geographical areas under investigatio
should be indicative of an increase in the monendaring activity and therefore intensify both tredume

of suspiciousperations and the number of law reports.

However,anomaliesin these variables (such as for example their drigiolatility) may instead alter the
signaling activity to the FIU withoudlirectly impacting on law reports. For example, it is rewmdde to
suspect that more instability of cash transactiteesying their aggregate volume unaffected, migptesent

a confounding factor for financial intermediari@$ie latter, fearing of missing some relevant intiocafor
the FIU, increase the volume sidispiciousoperations transmitted. At the end, more suspicipesations are
conveyed per crime committed. This helps identtdyihe causal effect of changes in the volume obntepl
suspicious operations on law reports for moneydaung. Then, whether vulnerability is driven updomwn

is a matter of the combined reaction of both cratsnand the reprehension authorities, as extemysivel

discussed above.
3.1 Dataset

Data have been drawn from the Italian Nationalituist of Statistics, the Bank of Italy, and Guardia
Finanza. We concentrate on the period 2008-20X3ynfich data on suspicious transacti@me available.
Information is either quarterly, biannually, or aafly available, depending on the series. We choseet

observations on a quarterly basis, interpolatirgnbiial and annual series where needed.

Table 1 reports the summary statistics of the manmables used to perform the empirical investigatior
the entire period of analysis. We provide inforroaton means, standard errors, min and max, eitindne

absolute value of the variables and on some raitiosh are used to perform the analysis.

As for source-crimes, previous studies have es#ich#tat the highest yielding activities for the amized
crime are drug trafficking, prostitution, racketegr and counterfeiting. It has been assessedXample,
that drug trafficking is the most profitable criméth an estimated turnover of a 7.7 billion eurdyereas
prostitution and counterfeiting have an estimateddver of 4.6 and 4.5 billion euro respectively &anual
report 2013). According to this information, we uke total number of reported crimes for drug tckfhg,

prostitution, racketeering, counterfeit goods, eids and frauds as a proxy of the capital thatbeen

7 According to the FIU (biannual reports, variougieds) most part of the signaling bodies is repreed by financial
intermediaries and notaries.
https://uif.bancaditalia.it/pubblicazioni/quadea@i09/boll-sem-2009-1/Bollettino_semestrale | send920df
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illegally generated by source-crimé&: (in the model). The average number (by provinééaw reports for
these crimes in the period of analysis is 1,86&wmnnual basis, with a minimum of 21 cases insthall
province of Vibo Valentia in the first quarter 0@ (referred to the period 1/4/2008 to 31/3/208%) a
maximum of 23,060 in the province of Naples thraughyear 2011. Law reports for money laundering are
in much lower proportion compared to source-crirfles per year on average, with a peak of 165 in the

province of Naples in 2012).

We employ the annual interest rate paid on dep¢mit®rdinary bank customers, according to thendtedn

of the Bank of ltaly) as a proxy of the discounter& in the model). This series is available only at a
regional level. Its minimum level (0.18%) is receddin Calabria the period 1/7/2009 to 30/6/2010 revaae
the maximum level is observed in Lazio throughaan?2011 (1.09%).

To account for the return on legal investmeidsr( the model) we use the ratio of GDP at the proiail
level to total bank loans. The GDP is on averag838Bmil. euro on an annual basis, the highest lisve
recorded in Milano at the end of 2011 (167,592 milro). Average bank loans are 16,425 mil. eurd wit
peak of 560,072 mil. euro in the province of Milaatdhe end of 2013.

As for the instruments through which money launutgtakes place bank deposits exhibit the samerpaite
loans (8,811 mil. euro on average with a varianc@0p756). Also for this variable the highest vaise
observed in Milano at the end of year 2013. Cashuatg to the Bank of Italy are in the amount ofi 84il.
euro on average, with a maximum value recordedomé&throughout year 2013 (8,925 mil. euro). Finally
the number of real estate transactions involvingetary payments is 9,300 on average, with a maximium
89,005 in Milano in the period from 1/4/2008 to 32009.

Regarding the variables reflecting crime apprelmensive use the share of crimes with known authassa
proxy of the efficiency of the investigation authies in detecting illegal conducts. These are varage
59% and 69% for source-crimes and money laundeesgectively fic andps). In particularpahas peaks of
88% in the province of Matera from 1/4/2008 to 32089 and 100% in some very small provinces (Aosta,
Trento, Campobasso, Bolzano, and Isernia). Anotheiable related to crime deterrence is the lemfth
criminal trials (see dalla Pellegrina, 2008). Tdalration is 332 days on average, the maximum te(&f8

days) is registered in Perugia at the end of 2013.

To define the local vulnerability to money launderia: in the model) we computed the ratio of law reports
for money laundering accrued to the FIU in the Ighths before the observation to the total numbéawf

8 See dalla Pellegrina (2008a).
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reports for source-crimes one quarter in advdribee variable ranges from 0 (several small proshde
31% (Vibo Valentia from 1/7/2008 to 30/6/2009) anthibits an average value of 0.8%.

Finally, we consider both province and time fixdtkets. The former are intended to capture timexfrant
unobserved heterogeneity. Year dummies, insteadratidor the consequences of the economic cycte an
the evolution of the reporting mechanism to the Bicrime rated’

Table 1: Summary statistics — Italian provinces 208-2013

Variable Unit Mean Std. Dev. Min Max
ML suspicious transactions nr. 407 822.970 0 7137
GDP (Real, at 2010 price level) Milion euro 13820 20882.980 1524 167592
r Interest rate paid on deposits Million euro 0.481 0.178 0.18 1.09
Bank loans Million euro 16424.98319374.170 486 560072
Bank deposits Million euro 8811.3020752.610 358 200582
Cash accruing to Central Bank Millions euro 844.187003.385 43 8925
Real estate transactions nr. 930M®796.050 1031 89005
ML law reports nr. 14  24.785 0 165
K  Source crime law reports nr. 18633107.790 21 23060
pa ML crimes with known author % of tot. nr. of ML anes 69 20.802 0 100
pc Source-crimes with known author % of tot. nr. ofis®@ crimes 58.673 4.006 49 88
pa, Length of criminal trials days 332 99.576 126 598
gc ML law reports/Source crime law % 0.808 1.297 0 30.588
reports_1
in Real GDP/Bank loans Milion euro/Milion euro 1.398 0.594 0.298 3.608
pa ML suspicious transactions/ GDP Bilr./Billion euro 27 24 0 226
Bank deposits/ GDP Milion euro/Milion euro 0.524 0.132 0.235 1.201
Cash accruing to Central Bank/ GDP  Milion euroibfil euro 0.070 0.024 0.026 0.154
Real estate transactions/ GDP nr./Milion euro P.78 0.220 0.341 1.686

(a) Data are on a yearly basis. Obs. 2060. Fitstwo refers to the variables of the model in Secfo

3.2 Methodology

We focus on the following (fully-comprehensive) atjan:**

Air = Po + Bi7je + Bainir + P3bDair + BaML devices; 1 + BePcir-1 + BrKir-1 + uit + 8¢
+ e/,
(3.1)

% Lags are intended to capture the time needed Hectqrofits from illicit source activities and tsep money
laundering operations.
10 See Figure A.1 in the appendix.
11 According to the frequency of the dataefers to quarters. As for stock measures (sudiaak loans and deposits)
and interest rates the variables report the balaht¢be end of each quarter, whereas for flow nreaslike reports
accrued to the Authorities the variables report tiienber of inflows recorded in the last 12 monthi®rpto the
observation.
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wherei refers to the province and, according to the feeqy of the observationstefers to the quartes; is
the ratio between law reports for money laundeand law reports for source crimes registered ivipoei
in the 12 months preceding timeand represents our measure of criminal infilbrainto the legal economy,

i.e. provincial vulnerability.

ri. is the discount rate on investment in both legal #legal activities (since data on interest ratashank
deposits are on a regional bgsis an index of region), whereas: is the return on legal investments, i.e. the
ratio of real GDP to total bank loans in our cq®g. is the percentage of source-crimes with known @uth
that is our measure of the likelihood of sourceaeriapprehension, whilg,: is related to the activities set
up by different authorities in order to contrastnap laundering. Parallel to source-crimes, we idelin

Pair the percentage of crimes for money laundering Witbwn author.

Among the tools set up to contrast money laundewegare particularly interested in the lagged vaitie
suspicious transaction reports in relation to tbenemic dimension of the province, captured bydRP
(p(suspair1). We also account for all the three variables @senting the instruments through which money
laundering takes place (bank deposits, cash agrtoirthe Central Bank, and real estate transagctialhs
divided by GDP) ML devicesir.1). We also add the length of criminal trials as eneral measure of

deterrence against illegal conducts (bpthandpci,).

Next, according to the theoretical model we usedihe-quarter lagged absolute value of source clawe
reports in order to include a measure of the initital originating from illicit activitiesKir1).** Finally, 12
ando? are respectively province and time fixed-effeutsile €% is an idiosyncratic error term.

To concentrate on the mechanism of reporting si@mctransactions we initially estimate equatiori)3
including only the ratio of transactions transndtte the Bank of Italy(susp) to provincial GDP, along
with time and province fixed-effects (model (a)h & second specification (model (b)) we add the
instruments used to set up money laundering opaatML deviced. In model (¢) we include a second

equation (3.2) modelling the mechanism of reporingpicious operations:

p(Susp)it—1 = Yo + Valjt-1 + Valait-1 + V3Paic—1 + YaML devices;,_,
+ vsV(ML devices); 1 + VeDc it-1 + V7Kir-1 + ui+ 67 + eis,t
(3.2)

12 Note that equation (3.1) is set up so as to remedhe structure of the model of section 2 in y¥iene period. In
details, in every quarter (time 0 in the modelyiental must decide how to allocate a given amafritlicit revenues
realized in the previous period to either legaillegal activities (i.e. the percentage to be washgainst the percentage
to be kept in the illegal sector). The choice dejsampon the factors representing incentives tosiniveone or the other
sector in the current time period (0) and in thetmeeriod (1). Due to autocorrelation of most odégh factors (i.e., the
independent variables) we only consider their qurtiene value (at time 0). We lag suspicious tratiea reports and
money laundering devices to account for the timguired for the former to eventually evolve into laeports.
Regressions performed using the variables oneequanead (at time 1) provide similar outcome.
14



whereV(ML device} is a measure of volatility (the standard deviatiof each ML device computed across
the four quarters preceding the time in which digigatakes place. The inclusion of equation (32) i
important for two main reasons.

First, the system of two jointly estimated equatidB.1)-(3.2) allows identifying to what extent negn
laundering operations are detected by the susmcomeration signaling mechanism. More preciselg, th
vector of parameterg indicates how efficiently each individual deviceédxploited by intermediaries and
professionals to filter money laundering operatitmeugh the signaling mechanism. In the first ¢iguaof
the system, insteafls captures the share of money laundering operatiamstly accruing to the National
Investigation Authoriti€’$ (as an outcome of apprehension mechanisms othardbnveying information
towards the FIU, such as investigations on othienes which incidentally detect money launderinghjch

therefore elude the suspicious operation signatieghanism.

Second, provided that the variables related tostispicious operations transmissiM{ML device} 1) are
not correlated with unmeasurable characteristicsutiierability €%), this enriched version of the model
helps addressing the causal relationship betweeimagease in the frequency of signals for suspiio
operations on vulnerability to money laundertfg.

Finally, we further deepen the analysis includitgegressors indicated in equation (3.1) (modeditd e)).

The model in all its five variants ((a)-(e)) isiested through Three-Stage Least Squares (seecZd862).
Results are reported in Table 2 (equation for thi@erability to money laundering), Table 3 (equatfor

suspicious transactions reports).
3.3 Results

Throughout this section we will mostly concentrateinterpreting the regression output in Table Biclw
corresponds to the estimation of equation (3.1anm#igg the impact of suspicious transactions regbto
the FIU on vulnerability to money laundering) @nd the relationship between the latter and othgnbles
related to crime apprehension. We mainly addressa@mments on model (e) since this specificatiotinés
most comprehensive and reliable version among thosgosed in the empirical analysis. Estimateshef t
vulnerability to money laundering correspond toucah (el) in Table 2, while the estimated parameiérs
the other equations belonging to model (e) arertegan Table 3 (column (e23).

Focusing on column (el) in Table 2, it is intemegtio observe that the parameter associated tratieof

suspicious transactions reports to GDP is negafemsidering that all variables are in logs, we odar

13 Nucleo Speciale di Polizia ValutariaGuardia di FinanzaNSPV), Anti-Mafia Investigation Directorat®ifezione
Investigativa AntimafiaDIA), and National Anti-Mafia ProsecutdPiocura Nazionale Antimafid?NA).
14 Statistical tests support the absence of coroslafee Wooldridge, 2010 for details on identifimaissues.
15 Note that estimates are for the period 2009-2@i&swve lose 4 quarters due to lags.
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that an average increase of 10% in the numbersgfiGious transactions reported every billion eurGDBP

(approximatively from 27 to 30) ends up decreasulgerability to money laundering by 1%s.

Going back to the discussion in the first parthoé tsection we offer at least two possible explanat for
this outcome. The first is that an increasing numdfesuspicious transaction reports conveyed tosvaing
FIU reduces law reports for money laundering beedtsould be interpreted by criminals as a way of
strengthening the reprehension activity on moneydaring. Data on suspicious transactions are thdee
publicly available on the welf,and therefore their increase could represent eathfor criminals, to the
same extent as an increase in the crime detectemray warn them (see below). The second exptangsti
that an increasing number of suspicious transasttmuld make the National Investigation Authoritiess
efficient in managing the information coming frohetsignaling bodies. This may slow down the prooéss

screening, thus producing less law repants$eris paribus

It is unquestionable that these two contrastinglamaiions deserve future research to be disentdngle
However, we are in the position to exclude thas tieisult is a spurious one, i.e. driven by the gores of
unmeasurablefactors in equation (3.1) that may contemporangoaffect the number of suspicious
operations/GDP and our measure of vulnerabilitymoney laundering. As in a previously mentioned
example more suspicious operations transmittecbaginated by an intensified activity on sourceswes,
botha and the ratio of suspicious transaction reportSBd could be affected. Both a proxy of the volume
of source-crime activities among the regresskrs.{) and the presence of(ML device} 1) in equation
(3.2) allow excluding the possibility that any urasarable elements in (3.1) create bias.

All the other parameters in Table 2 have almostekgected sign, according to the theoretical madel
section 2. First, the investment discount rateefest rate paid on deposits) is negatively asstitt our
measure of vulnerability, whereas the rate of retarthe legal investment (Real GDP/Bank loans)sdbe
opposite, although the evidence is weakly signific&econd, there is a significant negative refetiip
between the share of money laundering crimes witwk author and vulnerability, plausibly indicatitigt
the probability of detection is accounted for byminals (this is in line with dalla Pellegrina, Z4%). A
similar explanation holds also for the length afrinal trials though this effect appears less systitc as
involving only one specification over five (colunidl), Table 2). Third, as predicted by the modeg t

initial quantity of funds to be invested eithertlre legal or in the illegal sector (proxied by smicrime law

16 For simplicity define the dependent variable Misgigious transactions/ GDP (lag) as the ratio betwbe number
of ML suspicious transactions and GDP _in billionewReferring to Table 1 this transformation implibat there are
on average 27 suspicious transactions per provaveey billion euro. The estimated parameter aststito ML
suspicious transactions/ GDP (lag) in column (@lJable 2 would end up being divided by 1,000 aadome 0.014
We could interpret it as follows: For a 10% incee@sthe dependent variable, the expected incrieabe independent
variable when suspicious transaction reports/GRReases by 10% is [1-1.017°(-0.014)]% = -1%.
http://www.ats.ucla.edu/stat/mult_pkg/fag/genecoal/ltransformed_regression.htm
17 https://uif.bancaditalia.it/pubblicazioni/guadegfi09/boll-sem-2009-1/Bollettino_semestrale | _send926df
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reports), exhibits negative sign. Fourth, the niggasign associated to the share of source- criwids
known author and vulnerability does not seem tocmdhe predictions of the theoretical model. The
emerging negative relation between the share atteewrimes with known author and vulnerability htig
be interpreted as the fact that efficient detecigainst source-crimes discourages even money éaimgd
because both criminals perceive the institutioeabonse to crime as strong and effective in genanal

funds to be laundered are riskier to be generatgarticular.

There is also some noteworthy evidence from the agsociated to the vectbh. devicesCombining the
output of Tables 2 and 3 we can infer that finanicitermediaries are far more likely to report susus
operations when the latter involve abnormal amowfitsash transactions, particularly when thereris a
increase of the volume of inflowing currency, whicheventually transferred to the Central Bank (the
parameter associated to Cash accruing to Centralt/BaDP in Table 3 is always positive and strongly
significant). However, it seems that intermedia@es less likely to account for anomalous changethe
volume of deposits when transmitting informationthe FIU (the parameter associated to Bank deposits
GDP in Table 3 is never significant). However, loakat Table 2 (columns (b1)-(el)), the positivgnsi
associated to Bank deposits/GDP suggests that mlanegering operations conducted using the deposit
device, although significantly evolving into lawpats (perhaps stemming from investigations on rothe
crimes), elude the FIU signaling mechanism. Re@tedransactions, instead, do not provide anyifszgnt
evidence in terms of evolution into law reports fooney laundering, neither direct, nor intermediaby

notaries'®

As for the variables exploited to address the af@m@tioned causality problems/(ML device)) , a strongly
significant positive relationship is observed bedwéhe volatility of all bank tools (cash, depqsieal estate
transactions) and the number of suspicious traisgectlf, according to the discussion above, weesmily

interpret volatility as a confounding factor foetkignaling bodies, estimated parameters inditatevihen
signals become less cleareteris paribus,intermediaries and notaries tend to report morgpisious

transactions to the FIU.

18 One possible explanation is that we are endowdt thie number of transactions, whereas the amofititeo
transactions could provide more clear-cut insights.
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Table 2: Vulnerability to Money Laundering — Italian provinces 2009-2013

Dependent variable:
ML law reports/Source crime law
reports_1 (al) (b1) (cl) (d1) (el)
Interest rate paid on deposits -0.163** -0.143**
(0.078) (0.069)
GDP/Bank loans 0.211 0.036*
(0.337) (0.019)
ML suspicious transactions/ GDP (lag) -1.287** -4.471% -25.258**  -18.035***  -13.796***
(0.006) (0.908) (7.034) (4.200) (3.292)
Cash to Central Bank/ GDP (lag) 0.752 1.219 0.827 0.771
(0.481) (3.380) (2.094) (1.658)
Bank deposits/ GDP (lag) 0.970*** 0.991* 0.741** 0.814***
(0.266) (0.427) (0.346) (0.283)
Real estate transactions/ GDP (lag) 0.028 0.161 0.161 0.153
(0.184) (0.298) (0.250) (0.204)
ML crimes with known author -0.091* -0.107*
(0.034) (0.027)
Source crimes with known author -1.407* -1.320***
(0.246) (0.208)
Length of criminal trials 0.095* 0.067
(0.055) (0.067)
Source crime law reports (lag) -0.490*** -0.437%*
(0.066) (0.054)
Constant 0.499*** 0.516** 0.427 9.084*** 8.528***
(0.050) (0.201) (0.420) (1.146) (0.958)
Year fixed-effects yes yes yes yes yes
Province fixed-effects yes yes yes yes yes
R2 0.5982 0.6092 0.2777 0.3521 0.4805

Columns: (cl) jointly estimated with equation (i) Table 3; (d1) jointly estimated with equatior2)dn Table 3; (el) jointly estimated with
equation (e2) in Table 3 and equation (e3) in Tdble

All variables are in (natural) logs. * p<0.1; *&p.05; *** p<0.01. Obs. 1,648.

Frequency of data: quarterly. Each observationsetethe variable measured on an annual basis.
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Table 3: Suspicious transactions transmitted to thé&IU — Italian provinces 2009-2013

Dependent variable:
ML suspicious transactions/ GDP (lag) (c2) (d2) (e2)
Interest rate paid on deposits (lag) 0.001 0.001
(0.003) (0.003)
GDP/Bank loans (lag) -0.051%** -0.052***
(0.010) (0.010)
ML suspicious transactions/ GDP (lag)
Cash accruing to Central Bank/ GDP (lag) 0.374*** 2Tp*** 0.267***
(0.048) (0.055) (0.057)
Bank deposits/ GDP (lag) -0.009 -0.014 -0.012
(0.014) (0.014) (0.014)
Real estate transactions/ GDP (lag) 0.015 0.004 020.0
(0.010) (0.010) (0.001)
ML crimes with known author (lag) 0.004*** 0.004***
(0.001) (0.001)
Source crimes with known author (lag) -0.022%** -0.024***
(0.008) (0.008)
Length of criminal trials (lag) 0.007** 0.007**
(0.003) (0.003)
Source crime law reports (lag) -0.006*** -0.005**
(0.002) (0.002)
Std. Dev. Cash accruing to Central Bank/ GDP (lag) 0.535%** 0.584*** 0.552*
(0.172) (0.197) (0.242)
Std. Dev. Bank deposits/ GDP (lag) 0.240*** 0.272* 0.301***
(0.074) (0.076) (0.085)
Std. Dev. Real estate transactions/ GDP (lag) 305 0.072*** 0.072***
(0.015) (0.013) (0.014)
Constant -0.040*** 0.108*** 0.112%**
(0.012) (0.039) (0.040)
Year fixed-effects yes yes yes
Province fixed-effects yes yes yes
R2 0.7802 0.7878 0.7878

Columns: (c2) jointly estimated with equation (dt)Table 2; (d2) jointly estimated with equationl)dn Table 2; (e2) jointly estimated with
equation (el) in Table 2 and equation (e3) in Tdble

All variables are in (natural) logs. * p<0.1; *&p.05; *** p<0.01. Obs. 1,648.

Frequency of data: quarterly. Each observationsetethe variable measured on an annual basis.

19



L ocal specificities of vulnerability and areas that are idiosyncratically vulnerable

From the broad concept of institutional vulnerapjlwe can extrapolate the contribution of chandsties
that systematicallyaffect each province with different intensity. Sorprovinces, in fact, are steadily
vulnerable to money laundering, regardless chaitgdmth detection and prosecution devices, inrthei
economic performance, and in all other elementistthee been individually specified in equation §3.1

As aforementioned, some examples of unmeasuratdeogeneities across provinces could be relatéheto
characteristics of the local administrations, aalkufactors, population specialization in specifiéminal
activities, and all phenomena that can be congiddeeply rooted in the society. It is not by chatie in

the graph reported in Figure 2 some notorious piaBs stand out more than others. One is Naples,(NA)
which has worldwide recognized propensity towaniinie tolerance. The second is Prato (PR), a previmc
Tuscany where a Chinese community has long edtallits business activities in the textile seatgrich is
particularly vulnerable to counterfeiting and supsent money laundering activiti&s.

The policy implication stemming from this stage tbhé analysis is to set up the conditions to promote
cultural changes in the areas of the country whigsystematicallywulnerable to money laundering. Such
activities will not typically involve police inteention, or crime repression to a large extent,ghatuld be
rather intended to act on crinpeeventionand social capital increase, so as to enhances @wmareness and

social stigma against illegal attitudes.

Figure 2. Unmeasurable heterogeneity across provies Italian provinces 2009-2013
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As anticipated at the beginning of this empiricattton we seek to identify the areas that have been
occasionallysubject to “abnormally” intense money launderimtj\ity. Therefore, we concentrate on the
estimated residual component of equation (3.1) klr@pat random peaks in the residuals’ distributisee

19 A recent investigation for money laundering haeetapalace in province of Prato. It has involve® 2&ople,
including the Bank of China for not reporting suspiis transactions.
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Figure 3) we can detect in which provinces and qguerivulnerability to money laundering has been
particularly intense.

Figure 3. Random peaks in the residuals’ distributbn: idiosyncratic vulnerability

VEI =T
VERBAMO CUSIO 03504

AHELLU 4T

ALCSTANCRIA 0 |

-1.5 -1 .5 U 0.5 1 1.5 2

Distribution of the residuals from the estimatidneguation (2), model (e). Mean value: 485E-8. @el.: 0.556. Provinces with
residuals exceeding 2.5 standard deviations aréidered outliers (idiosyncartically vulnerable tomey laundering).

Statistical diagnostics suggest that residualmamnally distributed with mean value equal to 485Ehat is
approximately zero. Hence, to identify the mosévaht outliers in the distribution we use the Cleset's

criterion, finding a probability band, centered tre mean of the residuals’ distribution, that sHoul
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reasonably contain all plausible values of theduls. Values that lie outside this probability daran be
considered as outliers. We set the band heightfasstandard deviations from the mean of the residua
distribution.

There are some recognizable events that can bibeddo occasional vulnerability to money laundgrin
The province of Crotone, for instance, is known foe presence of firms involved in the business of
recovery and disposal of toxic wadtedccording to our data Crotone exhibits a consiacriease in the use
of cash throughout all the period of analysis. Bdekosits also show a growing pattern from 200dngfr
which we have information) until the peak of 20@ella, the second most idiosyncratically vulneeabl
province, shows anomalous peaks in the use of eagtecially in 2008. It is worth noticing, howevtrat
Biella and Crotone resulted vulnerable to monewdining in 2012 and 2013. This suggests that deposi
and cash movements - the second often identifienigin the system of reporting suspicious transastas
highlighted by our empirical analysiscan be a valuable predictors of successful-motiey laundering
operations. According to our analysis, other idiasgtically vulnerable provinces are Prato, Gorizia

Pesaro-Urbino, Ascoli Piceno, Siracusa, Floreneeni] Macerata, and Oristano.
4, Conclusions

The aim of this paper was to identify indicatordarfal vulnerability to money laundering which aethe

same time scientifically robust and empiricallydisde.

From a methodological perspective, we have consiteriminals as rational investors who accounbfath
risks and returns of investing illicit revenueseither legal or illegal markets. Money launderirensforms
the proceeds of crime into legitimate assets, theracreasing the degree of penetration of criminal
organizations into the legal sector, and enhanitiegliversification of criminals’ income and wealthen
deciding the dimension of their money launderingvéy criminals evaluate specific features chaegizing
legal and illegal projects of investment, bothamis of return and risk. They also account forptabability

of detection and incrimination of different typekilkegal activities, that is both source-crimesdamoney
laundering. The optimal decision regarding the mixte which money is laundered rather than (revg#ted

in the illegal sector defines geographical vulngitgtas a function of the parameters of our model.

The model has been used in the empirical analgsiaviestigate the impact of institutional and eaqoim
factors on the vulnerability of the legal sectorctominal infiltration in the Italian provinces. Wabtained

three results.

First, testing the predictions of the theoreticad®l, we have highlighted the effects of crimevention
policies on the vulnerability of Italian provincesmoney launderingnstitutional vulnerability) Reporting

20 A large investigation against money laundering ltesn conducted in 2013 by the Financial Police.
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suspicious transactions to the Financial Intellgebnit (FIU) deserves attention. We found thateerage
increase of 10% in the number of suspicious traimas reported every billion euro of GDP ends up
decreasing vulnerability to money laundering by M/ interpreted this result as a positive signalhef
deterring effect of an increasing number of suspigitransaction reports in shaping criminal investm

decisions.

Second, the analysis has identifigdobserved heterogeneity across provingkat is local characteristics
which are not individually measurable, which emispécific incentives or restraints to embark on nyone
laundering activities. Such phenomena are mosthtee to time-persistent institutional factors whiare
proper of a given province. Some features seemetpasticularly relevant: other things being eqtiaé
econometric results show that the most vulneraldeipces are likely to be those where ports andhoas

are located.

Finally, we have pinpointed the areas that haven lmmeasionally subject to “abnormally” intense mpne
laundering activityifliosyncratic vulnerability.
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Appendix 2

Figure A.1 — Suspicious transaction reports, 2008012
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Figure A.2 — Signalling bodies, 2008-2012
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Figure A.3 — Law reports for money laundering everyl00,000 inhabitants, 2008-2012
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Figure A.4 — Law reports with known author (%), 2008-2013
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