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Truncated regression models for the 
analysis of operational losses due to fraud:

A high performance computing implementation in R
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• Alberto Glionna
• Senior Risk Analyst 

• Alberto has a MSc in actuarial science and has 4 years of 
working experience gained in the non life insurance 
industry

▪ Assicurazioni Generali 

▪ The 3rd largest insurer in Europe

▪ Over 70 thousands employees around the World

▪ Operating in more than 100 countruies

About the speaker
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Agenda
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• Truncation Issues in Insurance Fraud Modeling

• AGLM

• Computational Challenges 

• High Performance Computing in R

• Q&A

• Back Up
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𝑌𝑖
∗ =  𝑋𝑖𝛽 + 𝜀𝑖    ≤  𝐿        𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑑 

𝑌𝑖
∗ =  𝑋𝑖𝛽 + 𝜀𝑖  ≥  𝐿        𝑒𝑥𝑐𝑙𝑢𝑑𝑒𝑑 

𝐿 𝛽, 𝜎2| 𝒚, 𝑿 = ෑ

𝑖=1

𝑛 1
𝜎
𝜑

𝑦𝑖 − 𝒙𝑖𝛽
𝜎

1 − ϕ
𝐿 − 𝒙𝑖𝛽

𝜎

Standard Truncation Fraud Truncation

𝑌𝑖
∗ = ෍

𝑗=1

𝑁𝑖
∗

𝑍𝑗
∗

𝑌𝑖
∗ = 𝑋𝑖𝛽 + 𝜀𝑖 𝑍𝑗

∗ ≤ 𝐿 𝑒𝑥𝑐𝑙𝑢𝑑𝑒𝑑

𝑌𝑖
∗ = 𝑋𝑖𝛽 + 𝜀𝑖 𝑍𝑗

∗ ≤ 𝐿 𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑑

The truncation has an impact on
both Frequency and Severity

Standard Normal Truncated OLS may
not be accurate to model these
effects

Truncation Issues in Insurance Fraud Modeling
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The conditional expected value (with a logarithmic link) may be written as:

𝑙𝑜𝑔 𝜆𝑖 +  µ𝑖 +
𝜎2

2
 = 𝛽0 + 𝛽1𝑥𝑖  

𝑙𝑜𝑔 𝜆𝑖 +  µ𝑖 +
𝜎2

2
 = 𝛽0

𝜇 + 𝛽0
𝜆 +  𝛽1

𝜇 + 𝛽1
𝜆 𝑥𝑖  Linear Model  there are two nested

linear model: one for the Frequency and
one for the Severity

• 𝑌𝑖
∗ = σ

𝑗=1

𝑁𝑖
∗

𝑍𝑗
∗ independent variables ∀ 𝑖

• 𝑍𝑖,1
∗ |𝑁𝑖

∗ = 𝑛𝑖 , … , 𝑍𝑖,𝑛𝑖

∗ |𝑁𝑖
∗ = 𝑛𝑖 are i.i.d. random variables ∀ 𝑖 following a

lognormal distribution with parameters 𝐿𝑛 𝛽0
𝜇
+ 𝛽1

𝜇
𝑥𝑖; 𝜎 

• ∀𝑖 𝑁𝑖
∗~𝑃𝑜𝑖𝑠 𝑒𝛽0

λ+𝛽1
λ𝑥𝑖 

AGLM (1/2)
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Augmented Linear Models (AGLM) assume the following:
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The Log-Likelihood function is:

𝑙  𝑦, 𝑥;  𝛽 𝜎2 𝑐 

= ෍ 𝑛 𝛽0
𝜆 + 𝛽1

𝜆𝑥𝑖 + 𝑛𝑙𝑜𝑔 𝜋𝑖 −  𝑒𝛽0
𝜆+𝛽1

𝜆𝑥𝑖 𝜋𝑖 − 𝑙𝑜𝑔 𝑛𝑖! 

𝑛

𝑖=1

+ ෍𝑙𝑜𝑔 𝑓𝑌
𝐿𝑜𝑔𝑛𝑜𝑡𝑟𝑚  𝑧𝑗 ; 𝛽0

𝜇 −
𝜎2

2
+ 𝛽1

𝜇𝑥𝑖 ; 𝜎  − 𝑙𝑜𝑔 𝜋𝑖 

𝑛𝑖

𝑗=1

  

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

𝑁𝐷 = ෍𝐼 𝑍𝑖>𝑐 

𝑁

𝑖=1

     𝑃𝑟 𝑍 > 𝑐 = 𝜋 𝑁~𝑃𝑜𝑖𝑠 𝜆      =>   𝑁𝐷   ~ 𝑃𝑜𝑖𝑠 𝜋𝜆  

𝜋𝑖 =  1 − 𝐹𝑌
𝐿𝑜𝑔𝑁𝑜𝑟𝑚  𝑐, 𝛽0

𝜇 −
𝜎2

2
+ 𝛽1

𝜇𝑥𝑖 ; 𝜎   

AGLM (2/2)
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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

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

The package parallel allowed for a
practical implementation of the AGLMs
overcoming one of their main limitations

Computational Challenges 
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Evaluate F(x) n times

cl = makeCluster(4)

clusterExport(cl, ls(), envir = environment())

system.time(parLapply(cl,1:100,function(x)

Parametric_bootstrap_sample(a,b,c,d,sigma,Regr

essore,truncation))

)

stopCluster(cl)

Socket

Forkingn/2 on core B n/2 on core A
Vs

High Performance Computing in R (1/2)
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High Performance Computing in R (2/2)
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Benchmarks with different CPUs



Internal

Internal
Anno Accademico 2016/2017

Insurance

Data

Science

Glionna A. , Torelli N. , Millo G.                                                                               2018 10

Thanks for your
attention

Contacts:

albertgl@me.com (Alberto Glionna personal)                    Assicurazioni Generali S.p.a
alberto.glionna@generali.com (Alberto Glionna work)    Università Degli Studi Di Trieste

nic.torelli@gmail.com (Nicola Torelli personal)                  Università Degli Studi Di Trieste

Giovanni.millo@generali.com ( Giovanni Millo work)       Università Degli Studi Di Trieste
Assicurazioni Generali Trieste

mailto:albertgl@me.com
mailto:alberto.glionna@generali.com
mailto:nic.torelli@gmail.com
mailto:Giovanni.millo@generali.com
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Back Up
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Back Up


