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AIM : ESTIMATE NONPARAMETRICALLY THE
COST OF RBNS CLAIMS

�� ��Estimate some individual claim amount M

given features

T ∈ R+ : duration of the claim,

X ∈ Rd : its characteristics.
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as well as the closing time. This modelling framework can be 
made flexible enough to take into account line-of-business 
specificities, such as recoveries and re-opening.  

FIGURE 1: TYPICAL INDIVIDUAL CLAIMS PATHS 

 

 

 

 

Continuous time modelling provides the most precise 
description of the portfolio time pattern. The mathematical tools 
at the core of the model specification lie in the family of 
continuous-time stochastic processes, known as marked point 
processes and multi-state dynamics, which model all kinds of 
events related to claims history. It is interesting to note that 
stochastic models for unpaid claims reserving appeared at 
around the same time for both individual-based and triangle-
based models. To our knowledge, Norberg (1993) and 
Hesselager (1994) are among the earliest papers which 
introduced a proper probabilistic setting for individual claims 
reserving, recently applied by Antonio and Plat (2014), 
whereas Mack (1993) proposed in his seminal paper a 
stochastic model underlying the triangle-based chain ladder 
technique. To date, we suspect that the greater success of the 
triangle-based models could be driven by their comparative 
ease of use and the lack of inexpensive computing power in 
the early days of these models. 

In order to estimate the parameters for an individual claims 
model, a calibration procedure is performed based on 
likelihood maximisation. Deriving the likelihood associated with 
the observed claims dataset is a challenging step, as reported 
but not settled (RBNS) claims are only partly observed, while 
the so-called IBNyR claims are not observed at all. This 
introduces a sampling bias in the observation process which, 
from a statistical perspective, relates to censoring and 
truncation. As the individual claims model involves a 
reasonable number of parameters, often lower than in a 
triangle-based approach, and as the number of individual 
claims records is large in comparison, the likelihood 
maximisation provides an efficient procedure which estimates 
the model parameters almost instantaneously.  

As an added bonus, estimated parameters typically show 
natural explanatory powers (e.g., occurrence and reporting 
frequencies, average settlement delays, etc.), and separate 
payment distribution specifications can provide information on 
the building blocks of the overall claim development path. This 
way, the parameters allow for a detailed monitoring of key risk 
indicators which, with triangle-based approaches, are hidden in 
aggregate development factors and related volatilities.

As for forecasting, simulation procedures draw on stochastic 
paths of the future development of RBNS and IBNyR claims, as 
well as new claims which will occur in the future. The 
procedure allows the user to forecast future events in a very 
efficient way, whereas the patterns in terms of claims arrival 
and time-to-event frequencies (as reporting and settlement 
delays) can be set as general as possible. Moreover, the 
simulation procedure can explicitly include anticipated changes 
in parameters (e.g., product mix, frequency trends, etc.), which 
helps avoid potential biases in the forecast. In its standard 
parameterisation, the model also allows for closed-form 
formulas which provide overall unpaid claim estimates and the 
related confidence intervals in a straightforward way. The key 
components of the individual reserving methodology are 
illustrated in Figure 2. 

FIGURE 2: INDIVIDUAL RESERVING METHODOLOGY 

 
 

Step-by-step implementation of an 
individual reserving process 
Our team has developed individual claims models as a new way 
for actuaries to efficiently measure and manage risks. Individual 
claims reserving models are very promising. To meet the 
associated challenges, we designed an integrated reserving 
process covering data needs, modelling and risk monitoring: 
� Data collection and preparation: Organise a 

standardised collection strategy focusing only on the 
claims data used by the individual claims model and 
perform the data transformation needed to feed the 
individual claims model 

� Model specification and calibration: Specify the model 
components according to the line(s) of business to be 
addressed and the transformed data and estimate the 
parameters of the individual claims model using 
advanced optimisation procedures combined with 
goodness-of-fit analysis

Time 

Occurrence Reporting Payments Closing 

However, for RBNS claims, we only observe the follow-up time Y
(censored) and features X.

Next

2 / 18

https://www.youtube.com/watch?v=u3ltZmI5LQw&feature=youtu.be&fbclid=IwAR2WoY8K_KgjPj4Gw_n5AfrHVo0nq83Ti96ePVUTfpGWekTZQAaiOXP_t_8


�� ��Main idea 1 : nonparametric models allows for flexibility.

→ Free relationship b/w response & risk factors.

�� ��Main idea 2 : claim lifetime plays a key role to explain claim cost.

→Well-known from claim handling experts, with positive
correlation between duration and amount.

�� ��Main idea 3 : significant impact of reporting on final claim amount.

→ And thus on reserves...

⇒ Two last ideas are extensions to [?]
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DATA AT-HAND

We observe a sample of i.i.d. random variables (Yi ,Ni , δi ,Xi)1≤i≤n

with same distribution (Y ,N, δ,X), where
Y = min(T ,C),
δ = 1T≤C ,

N = δM,

X is the vector of individual characteristics.

C : censoring variable, coming from the censoring mechanism.

⇒ C impacts both T and M at same time.
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REPORTING DELAY AND LEFT-TRUNCATION

In the context of reserving, the reporting delay τ can sometimes be
large, leading to unknown claims.
⇒ The claim is observed conditionally to C ≥ τ.

Usually, the phenomenon is truncated when T ≤ τ...

Here, T ≤ τ means that claim was closed before being reported,
but appears in the database !
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REMIND OUR GOAL

We seek the best prediction for M related to still open claims (from
available data) :

M∗ = E [M | δ = 0, y, τ, x] ,

Or equivalently
M∗ = E [M | T ≥ y, τ, x] .
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REGRESSION TREES (COMPLETE observations)

π0(x) = E0[T |X = x] (1)

→ Most famous : linear relationship b/w T and X (restrictive class).
→ General solution : OLS, solve

π0(x) = argmin
π(x)

E0

[
φ(T , π(x)) |X = x

]
(2)

where φ(T , π(x)) = (T − π(x))2.

→ CART : recursive partitioning of covariate space⇒ minimizes
intra-node variances at each step, maximum homogeneity on T
following the segmentation rule⇒ piecewise-constant estimator !
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EXAMPLE OF TREE, CLASSIFICATION
MORTALITY [Olbricht, 2012])

SwissRe portfolio : ' 1.5M indiv. observed over 4y (gender, age).

conceals it). Imagine that two customers apply for a life insurance policy. You
know that one is male and the other female and you know that one is aged 30
and the other 50. You are allowed to ask either for SEX or for AGE but not for
both and you have to calculate the contract afterwards. Which question should

Fig. 8 Final tree for the standard life table example. For each terminal node the number of cases and the
mortality rate (per mille) are given (the numbers in brackets are the labels for the nodes used in Table 6)
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BACK TO OUR CONTEXT : INCOMPLETE OBSERVATIONS

�� ��T is not fully observed...⇒ Adapt CART, first to censoring

1 “Classical KM weights”⇒ additive version of F̂ : let Ĝ KM
estimator of G(t) = P(C ≤ t), then we have

Wi,n =
δi

n[1 − Ĝ(Yi−)]
⇒ F̂(t) =

n∑
i=1

Wi,n1Yi≤t → F(t)

2 IPCW with KM estimator of G :∑
i

W∗
i,nψ(Yi) =

1
n

∑
i

δiψ(Yi)

1 − G(Yi−)

LLN
−→
as

E
[

δψ(Y)

1 − G(Y−)

]
= E[ψ(T)]
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�� ��Then to reporting delays τ !

⇒ Necessary to modify the classical Kaplan-Meier weights !

Recall that we only get an observation when C > τ...

Assume that (T , τ) ⊥⊥ C, then one may consider

Wi,n =
δi1τi<Yi∑n

j=1 1τj<Yi≤Yj

∏
Yk<Yi

1 − δk 1τk<Yk∑n
j=1 1τj<Yk≤Yj

 .
Weighted CART, interpretation...
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OUR APPLICATION : PREDICT RBNS RESERVE

Recall that we wish to estimate E[M |T ,X].

For RBNS claims, it amounts to estimate

M∗ = E[M |T ≥ y,X]

Problem to use weighted CART (wCART) : T is an incomplete
(censored) explanatory variable when considering RBNS claims !

11 / 18



STRATEGIES TO PREDICT RBNS RESERVE

Use Bayes formula :

M∗ = E[M |T ≥ Y ,X = x] =
E[M11T≥Y |X = x]
E[11T≥Y |X = x]

⇒ Yields to build 2 wCART trees (results presented hereafter)

Use Plug-in principle :
1 build π̂ estimator of π(t , x) = E[M |T = t ,X = x] from wCART.
2 then fit a model for T |T ≥ y,X = x, from which a prediction

T̂(y, x) can be computed (e.g. with Algorithm 1).
3 finally, predict M∗ by using plug-in type estimator π̂(T̂(y, x), x).

Once M∗ predicted, easy to get the associated individual reserve !
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CONTEXT OF APPLICATIONS

Estimate the individual reserves at some given settlement dates.

Use backtesting :
1 consider only closed claims (known final claim amount) ;
2 censoring/truncation variables updated at settlement date ;
3 define learning / test samples to build / validate estimators :
→ predictions compared to actual data on test sample only,
→ get indicators of the predictive power at individual level

4 sum indiv. reserves to get an indicator of overall performance.

Compare results to Chain Ladder ([Mack, 1993]) and Cox
model ([Cox, 1972]) ;

Bootstrap resampling to approximate variance of estimators.
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TPL INSURANCE

Dataset : ausautoBI8999 (in R package CASdatasets) .

Information :

22 036 claims in motor insurance over ten years (1989-1999),

aggregated settled claim amount⇒ M

dates : accident, reporting, closing⇒ T , τ
Individual claim features X :

operational time (indicator for claim management difficulties),
type of injury,
# of injured people,
legal representation of the PH.

⇒ Introduce fictive administrative censoring with settlement dates !
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PREDICTION ERRORS ON THE GLOBAL RESERVES

At , settlement dates.
Censoring rate ' 50%, 1000 bootstrap samples.
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VARIANCE OF THE ESTIMATORS
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FINAL REMARKS

Plug-in strategy confirmed how crucial T is to predict M :To add

|EndObsW< 1142

EndObsW< 640.5

InjType1=cdefg

InjNb< 2.5

ReportDelay>=14

EndObsW< 807

1.509e+04

4.083e+04

7.387e+04

7.149e+04 4.039e+05

2.164e+05

3.636e+05

Our method allows to deal with risk heterogeneity,

Well-suited to large reporting delays and long developments
(without extrapolation).
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