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Motivation

I Dirty Money flows impairs economic growth and development
(Unger, 2007), perception of ML-related risks depend on policy
inclinations and size of country/territory

I Offshore Financial Centers (OFCs) as part of growth and
development policies: possible «Seychelles effect» (Unger and
Rawlings, 2008; Gnutzmann et al., 2010)

I Literature of gravity specification to investigate dirty money flows
(see, e.g., Walker 1999 and Walker and Unger, 2009) → several
limitations both because of the lack of a solid theoretical
underpinning and reliable data.
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Research questions

I Is Gravity in International finance (Okawa, van Wincoop, 2012, JIE)
suitable to look at dirty money flows? e.g., providing empirical
evidence on which places attract more funds than expected (i.e. how
much more than expected and where)?

I What are the peculiar characteristics of «anomalies» in
global-finance-flows analysis? Are those related to dirty money
flows? Is it true that OFCs are in general ML-prone?
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Gravity Models of Dirty Money flows

I Walker (1999) model:
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where

Attractivenessj = 3BSj + GAj + Swiftj − 3CFj − CRj + 15

I Limitations: lack of a solid theoretical underpinning connected to
economic theory; weights constructed relying on "inspirational
guess", no data on ML means no empirical testability
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Gravity Models of Dirty Money flows

Our hypotesis
GMs may have not been used in the correct way to estimate dirty money
flows .

I We use a theoretically underpinned gravity model of financial flows
(Okawa and Van Wincoop, 2013) to understand how much of the
international portfolio investment flows may stem from illicit
activities

I No empirical estimation of Okawa and Van Wincoop model until
now → no consolidated parameters to calibrate estimations

I Unger, 2017: Criminal Money often invested into financial assets
to avoid holding large amounts of cash in the layering phase or for
placing the money in its final spot → Cassetta et al. (2014): the
analysis of the residuals from estimated gravity model can reveal
patterns of anomaly which correlate with measures of illicit activity.
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Gravity of finance: Okawa and Van Wincoop (2013)

I We estimate eq. (49) of Okawa and Van Wincoop (2013):
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Gravity of finance: Okawa and Van Wincoop (2013) (2)

Financial gravity eq. Xij = Si Ej
E

Πi Pj
τij

I size factor: Si Ej
E

I Relative friction τij
Πi Pj
⇒ as trade flows ΠiPj are multilateral

resistances → relative financial friction: in trade an ad valorem
tariff, here asymmetric information.

I Substitute
∑M

m=1 φmzm
ij = ln

(
τij) and ln(Si ) + ln(Πi/E ) and

ln(Ej) + ln(Pj) with country/counterpart-time specific dummies
ηit + ξjt
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Identification strategy

I Investigate the «anomalies» emerging from portfolio investment
flows → might indicate a presence of illicit financial activities in the
source and destination countries.

I Robust PPML estimation of gravity model of bilateral portfolio
investment flows → Outliers identification and ranking → Probit
estimation of the impact of variables correlated with the probability
of observing anomalous flows
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Data

I Unbalanced panel merging CPIS data with CEPII gravity dataset.
I Dependent Variable: Annual portfolio investment (2001-2015) from

IMF Coordinated Portfolio Investment Survey (CPIS).
Definition of portfolio investment in CPIS: any cross border
transaction and positions involving debt or equity securities, other
than those included in direct investment or reserve assets (as in
BPM6).
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Summary statistics I

Presence of investment to OFCs by region



Summary statistics II

Flows breakdown by OFC status



Gravity estimation

Table: Gravity Model estimation

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
VARIABLES OLS 1 OLS 1a LSDV 1 LSDV 1a LSDV 2 LSDV 2a LSDV 3 LSDV 3a LSDV 4 LSDV 5 PPML 1 PPML 2

Origin GDP 1.471*** 1.551*** 0.445***
(0.0358) (0.0379) (0.0851)

Destination GDP 0.960*** 1.011*** 1.113*** 0.868***
(0.0271) (0.0279) (0.0247) (0.0631)

Distance -0.418*** -0.643*** -0.405*** -0.688*** -0.695*** -0.836*** 34,350 108,486 -1.133*** -0.383***
(0.0394) (0.0536) (0.0389) (0.0534) (0.0389) (0.0471) (1.580) (2.279) (0.0326) (0.0418)

Common Colonizer -0.510*** -1.706*** -0.437** -1.710*** -0.395** -0.737*** -95,545 -77,245 0.791*** 1.210***
(0.177) (0.269) (0.180) (0.274) (0.165) (0.238) (8.459e+08) (8.462) (0.132) (0.354)

Common Language 1.192*** 0.752*** 1.182*** 0.712*** 0.516*** 0.347*** -17,059 56,914 0.553*** 0.226*
(0.118) (0.158) (0.117) (0.157) (0.110) (0.131) (4.282) (4.934) (0.0836) (0.123)

Common Religion -0.0561 0.837*** -0.114 0.913*** 0.477*** 1.331*** 12,021 -14,651 0.994*** 0.245
(0.139) (0.182) (0.138) (0.181) (0.139) (0.167) (9.478) (7.102) (0.110) (0.199)

Common Legal Origin 0.00687 -0.381*** 0.0419 -0.365*** 0.113 -0.0124 6,364 -30,825 0.0262 0.0806
(0.0859) (0.111) (0.0856) (0.111) (0.0771) (0.0920) (3.071) (5.843) (0.0534) (0.0988)

Common Currency 2.355*** 3.517*** 2.331*** 3.387*** 1.715*** 2.261*** 0.542*** 0.929*** 0.581*** 0.673*** 0.939*** 0.335
(0.155) (0.154) (0.150) (0.156) (0.136) (0.138) (0.142) (0.163) (0.111) (0.160) (0.120) (0.253)

Origin Market Cap. 1.367*** 1.493*** 0.228***
(0.0543) (0.0579) (0.0543)

Destination Market Cap 1.006*** 1.087*** 1.318*** 0.228***
(0.0450) (0.0476) (0.0400) (0.0374)

Constant -2.736*** 14.28***
(0.610) (0.513)

Observations 61,135 30,305 61,135 30,305 61,135 30,305 60,081 29,765 65,004 64,962 127,047 87,828
R-squared 0.330 0.284 0.341 0.300 0.480 0.532 0.894 0.915 0.738 0.905 0.891 0.989
Origin FE no no no no yes yes no no no no no no
Destination FE no no no no no no no no no no no no
Year FE no no yes yes yes yes yes yes no no no no
Multilat.Res.FE no no no no no no Orig. Orig. Orig.+Dest. Orig.+Dest. Orig.+Dest. Orig.+Dest.
Pair FE no no no no no no yes yes no yes no yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1



Residuals statistics

I Studentized residuals → difference between observed and fitted
outcome divided by square root of scale parameters

I Stud. res. normalized on 0-1 scale to construct anomaly index (1 =
most anomalous flow)

Table: Residuals statistics PPML

Variable Obs Mean Std. Dev. Min Max
Residual 141451 238.1628 2.85e+09 -1.06e+11 2.27e+11
Stud. Residual 141451 8.35e-08 1 -37.20852 79.44013
Anomaly Index 141451 .3189794 .0085728 0 1
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Residuals ranking

Table: Top 15 outliers from PPML estimation

Rank Country Counterpart Year
1 United States Cayman Islands 2014
2 United States Cayman Islands 2015
3 United States Ireland 2015
4 United States Cayman Islands 2012
5 United States Cayman Islands 2013
6 Luxembourg United States 2014
7 United States Cayman Islands 2011
8 United States Ireland 2014
9 United Kingdom Germany 2014
10 United Kingdom United States 2008
11 United Kingdom Germany 2015
12 France Luxembourg 2015
13 Luxembourg United States 2013
14 Germany Luxembourg 2008
15 United Kingdom United States 2009



Correlations

I An observation commonly consider outlier if Studentized Residuals
exceed 2 or 3. We use both thresholds for our second step analysis.

Table: Correlation Coefficients

Variable Stud Res > 2 Stud Res > 3 OUT > 2 OUT > 3
Destination FSI 0.2104* 0.2212* 0.0372* 0.0253*
Origin FSI 0.1141* 0.1482* 0.0115*
Destination CPI 0.0550* 0.0338*
Origin CPI -0.0124*
Destination OFC 0.1211* 0.1188*
Origin OFC -0.0661* -0.0462* -0.0483*
Destination EGMONT -0.0147* -0.0266*
Origin EGMONT 0.0825* 0.0984* 0.0139* 0.0106*
Destination Mkt cap. 0.0220* 0.0099*
Origin Mkt cap. 0.0378* 0.0291*



Probit I

Table: Probit estimation
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

VARIABLES OUT > 2 OUT > 2 OUT > 2 OUT > 2 OUT > 2 OUT > 3 OUT > 3 OUT > 3 OUT > 3 OUT > 3

Origin CPI 0.00726*** 0.00278** 0.00406** 0.000375
(0.00150) (0.00112) (0.00159) (0.00117)

Destination CPI 0.0133*** 0.0115***
(0.00149) (0.00161)

Origin Mktcap 0.00115** 0.000881
(0.000543) (0.000624)

Destination Mktcap -0.00227*** -0.00221***
(0.000621) (0.000699)

Origin FSI 0.000158** 0.000110
(6.75e-05) (7.24e-05)

Destination FSI 0.000344*** 0.000198*** 0.000333*** 0.000144**
(6.60e-05) (5.73e-05) (7.04e-05) (6.26e-05)

Origin OFC -0.284*** -0.314***
(0.0481) (0.0518)

Destination OFC 0.0247 0.0267
(0.0468) (0.0487)

Origin EGMONT 0.375*** 0.335***
(0.0781) (0.0782)

Destination EGMONT -0.125*** -0.183***
(0.0354) (0.0362)

Constant -1.973*** -2.933*** -1.975*** -1.783*** -2.123*** -2.053*** -2.726*** -1.890*** -1.815*** -2.089***
(0.0548) (0.134) (0.0811) (0.0211) (0.0812) (0.0592) (0.139) (0.0832) (0.0217) (0.0809)

Observations 14,844 17,104 22,059 72,433 72,433 14,844 17,104 22,059 72,433 72,433
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1



Probit II

Table: Probit estimation with time effects

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES OUT > 2 OUT > 2 OUT > 2 OUT > 2 OUT > 2 OUT > 3 OUT > 3 OUT > 3 OUT > 3 OUT > 3

Origin CPI 0.00729*** 0.00283** 0.00408*** 0.000398
(0.00150) (0.00112) (0.00158) (0.00117)

Destination CPI 0.0131*** 0.0114***
(0.00148) (0.00160)

Origin Mktcap 0.00110** 0.000881
(0.000553) (0.000633)

Destination Mktcap -0.00231*** -0.00220***
(0.000630) (0.000705)

Origin FSI 0.000158** 0.000105
(7.27e-05) (7.85e-05)

Destination FSI 0.000344*** 0.000175*** 0.000330*** 0.000118*
(7.07e-05) (6.27e-05) (7.59e-05) (6.89e-05)

Origin OFC -0.285*** -0.316***
(0.0482) (0.0520)

Destination OFC 0.0251 0.0273
(0.0470) (0.0489)

Origin EGMONT 0.353*** 0.310***
(0.0782) (0.0782)

Destination EGMONT -0.136*** -0.195***
(0.0358) (0.0367)

Constant -2.036*** -2.951*** -2.081*** -1.904*** -2.218*** -2.086*** -2.732*** -1.998*** -1.945*** -2.194***
(0.0820) (0.142) (0.0901) (0.0287) (0.0811) (0.0862) (0.147) (0.0924) (0.0298) (0.0807)

Observations 14,844 17,104 22,059 72,433 72,433 14,844 17,104 22,059 72,433 72,433
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1



Conclusions

I OLS over-estimates the parameters of the gravity model also for
finance, therefore a PPML estimation should be preferred.

I Geographical, social and economic characteristics are highly
significant for portfolio investment flows.

I Most of the outliers include Offshore Financial Centres or countries
with an high degree of financial secrecy as destinations. This might
indicate that when financial secrecy surpasses a certain level a
traditional gravity of finance is not capable of explaining the fluxes
anymore.

I Origin and destination CPI impacts positively on the probability of a
country-pair to be an outlier, while EGMONT membership of the
destination country impacts negatively. ⇒ Non-compliance with
international transparency standards affects the probability of
observing anomalous flows ⇒ an high residual might indicate
presence of illicit flows
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Follow up and issues

I FGLS for second step analysis (EDV approach)
I Insert a risk measure and institutional quality variables in second

step
I Drakos et al. (2014): Global bilateral investment holdings

characterized by substantial number of zeroes and strong serial
persistence. ⇒ Dynamics should be taken into account when
estimating a gravity model of financial flows.

I Possible spatial correlation ⇒ Spatial econometrics approach
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Main problems with CPIS data

I Incomplete country coverage, not all countries participate in the
survey ⇒ We assume that participation decision is random (no
self-selection)

I Possible under-reporting of assets by CPIS participants due to
incomplete institutional coverage ⇒ controlled by variables proxying
for institutional and data collection quality, such as per capita GDP
or country-time and counterpart-time fixed effects.

I Third party holding, survey responses based on custodians ⇒ not
fundamental to consider final destination. ML composed by many
phases of layering and concealing, we can likely understand which
countries register anomalous amounts of transactions and in what
measure these are related to influential variables. Back



PPML estimation of gravity model

I Santos Silva and Teneyro (2006) → Jensen’s inequality:

E (ln y) 6= lnE (y)

→ the practice of interpreting the parameters of log-linearized
models estimated by OLS as elasticities can be highly misleading in
presence of heteroskedasticity (coefficients’ overestimation).

I A pseudo-maximum-likelihood (PML) estimator also provides a way
to deal with zero values of the dependent variable. Back


