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Truncation Issues in Insurance Fraud Modeling

Standard Truncation Fraud Truncation
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AGLM (1/2)

Augmented Linear Models (AGLM) assume the following:

*

- Y (— jvlle )mdependent variables V i
Z{1IN; = Ny, ., Zin,IN; = n; are i.i.d. random variables V i following a
lognormal distribution with parameters Ln(ﬂ(’f + ,Bf Xi;0)

¢ Vi Ni*~P0iS(eﬁ%+ﬁ%xi)
The conditional expected value (with a logarithmic link) may be written as:
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AGLM (2/2)

The Log-Likelihood function is: 52
mp = (1 — Fyloghorm < Bo* —7'*' ,31”xi;0>)
l(X’ X; EO’Z c)

n
= Z n(,b’o’1 + ﬁllxi) + nlog(m;) — (eﬂOAJrﬁllxi)rri —log(n;!)
i=1
ni
o2
+ Z log (fYLognOtrm <Zjiﬁoﬂ ) + B1" x;; U)) - log(ﬂi)]
=1

This is possible thanks to a property of the Poisson distribution and, in general,
of the Panjer Class:

N
Np=) Izsy Pr(Z>c)=m N~Pois(A1) => Np ~ Pois(mh)
i=1

Glionna A., Torelli N. , Millo G.



Computational Challenges

The numerical calculation of both
confidence intervals and p-values are very
time-consuming exercises given the
complexity associated with the numerical
optimization of the Log-Likelihood
function

Original Database

Luckily, bootstrap simulations, being
independent calculations, are often
eligible for parallelization

Bootstra
The package parallel allowed for a distrib:tionpof
practical implementation of the AGLMs the estimator

overcoming one of their main limitations
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High Performance Computing in R (1/2)

Evaluate F(x) n times

Vs
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Insurance |
2o High Performance Computing in R (2/2)

Benchmarks with different CPUs
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Back Up
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Back Up
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Estimate BootStd.errors 5% Boot P 95% Boot Upper Percentile Pvalue AGLM OLS MODEL

sigma 3.5227 0.0396 3.4526 3.5829 0%
freq_intercept 6.2982 0.0642 6.1894 6.4008 0% ) e 8
freq_GDP.g 0.0001 0.0000 0.0000 0.0001 7% 5 M '§”
freq_EU.28.core.cpi 1.2749 0.1372 1.0932 1.5445 28% é s | £§> o | &’
freq_X10Y.bund..price. -0.5243 0.0362 -0.5859 -0.4670 1% 2 é&” 2 0 o’ f
freq_Ftse.Europe 0.0002 0.0007 -0.0008 0.0014 47% § (D P § &mf,"
freq_usd.eur -62.4089 0.8765 -63.5263 -60.6429 0% § Cl @(j’ ;: Q4 P
freq_Non.Performing.loans  2.1563 0.0834 2.0303 2.3048 21% '3‘_“ & 2 6‘59 "
freq_Default_Probabilities  -0.0035 0.0001 -0.0037 -0.0033 7% % s 4 M ”é < | 0 ',,
sev_intercept 2.2461 0.0581 2.1720 2.3631 0% § ; g ° f .
sev_GDP.g -0.0001 0.0000 -0.0001 0.0000 % E ,0 = Go'
sev_EU.28.core.cpi 16302 0.3023 -2.0253 -1.0307 8% £ © ,'(é? E 24 3
sev_X10Y.bund..price. 0.5807 0.0384 0.5276 0.6539 1% 3 f@ = a7 g
sev_Fise.Europe 0.0001 0.0011 -0.0018 0.0018 s0% S e s _'009
sev_usd.eur 73.2776 1.9904 71.2863 77.8341 0% ! y ! ’ ! ‘ = { { ! J !
sev_Non.Performing.loans -15149 01037  -16406 12995 10% @ 02 s 8 08 10 bz 04 05 08 0
sev_Default_Probabilities 0.0023 0.0013 -0.0005 0.0039 0% Empirical Residulas Distribution, AD test of coerence = 0.7¢ Empirical Residulas Distribution, AD test of coerence =0
Bootstrap simulations : Default Probs Bootstrap simulations : Interest Rate

_ | - | Frequenza Media mensile 5,494 Frequenza Media Annua 65,929

= . N = Importo medio per evento € 23,119.32 Totale medio annuo € 1,524,244 ,758.27
é 8 foc § = Totale medio mesile € 127,020,396.52
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