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Résumé. Sur le marché du courtage de produits d’assurance, les commissions perçues par
les courtiers dépendent fortement de la résiliation observée sur les contrats. Dans l’optique
d’optimiser un processus commercial, un scoring de prospects doit donc prendre en compte
cette composante de résiliation. Nous proposons d’utiliser une forêt aléatoire pondérée pour
prédire le facteur résiliation intervenant dans le score. Notre modèle est adapté à la censure
des observations, omniprésente dans l’étude des mécanismes de résiliation. A travers des estimations sur données réelles et simulées, nous comparons notre approche à d’autres méthodes
standards d’étude de variables censurées qui s’appliquent dans notre situation. Nous montrons
que notre approche est compétitive en termes d’erreur quadratique pour répondre au problème
posé.
Mots-clés. Forêt aléatoire, Données censurées, Régression, Assurance
Abstract. In the insurance broker market, commissions received by brokers are closely
related to the surrender of the insurance contracts. In order to optimize a commercial process,
a scoring of prospects should then take into account this surrender component. We propose
a weighted Random Forest model to predict the surrender factor which is part of the scoring.
Our model handles censoring of the observations, a classical issue when working on surrender
mechanisms. Through careful studies of real and simulated data, we compare our approach
with other standard methods which apply in our setting. We show that our approach is very
competitive in terms quadratic error to address the given problem.
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Introduction

Given a quantitative random variable T , a function φ and a vector of covariates X, a common
problem in statistics, called regression, is to estimate E[φ(T )|X] as a function of X. A well
known regression technique brought by L. Breiman in the early 2000s ([2]) is the Random
Forest algorithm. We propose to adapt the Random Forest method to the case where T is rightcensored by a random variable C. Our method inspires from [10] which describes a CART
algorithm for the study of a censored variable. We emphasize practical aspects of our work, as
one of our purposes is to build a scoring system for the use of an insurance broker. Of particular
interest is the computation of the observation weights we use in our method, which we carefully
discuss. We also compare performances of our method to other state of the art models in real
and simulated data studies.
Random Survival Forest have been proposed in [6] and [5] to extend Random Forests to the
censored case. This algorithm aims to model the entire survival function of T , given X, and thus
can be used to estimate E[φ(T )|X]. Our approach is more direct than the latter since it does not
rely on the estimation of the whole conditional distribution of T . Indeed, our algorithm relies on
the weighting of the observations by the inverse-probability-of-censoring weighting principle.
The same idea is studied in [12] and [4] but these articles restrict to single tree models in
the applications and don’t go into details about the practical computation of the weights, two
subjects we believe we bring new contributions.
Before, first regression settings involving a censored variable of interest were developed in
late 70s, beginning with extensions of the linear model : [11], [3]. Also, [7] is to our knowledge
the first apparition of the inverse-probability-of-censoring weighting principle for regression in
the survival field. Many tree-based algorithms, including with bagging extension, have been
investigated in the past for the study of right-censored data and [1] gives an overview of the
state of the art in the domain.
Our work is motivated by an application to insurance that we describe in part 3
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2.1

Mathematical formulation
Definitions

Let T a right-censored random variable. We call C the censoring variable of T . This means
each experiment does not lead to an observation of T . In fact, each experiment leads to an
observation of :
Y = min(T, C)
δ = 1T ≤C
Let X ∈ R p a vector of covariates and φ a real valued function. In this context, we are
interested in estimating the influence of X on φ(T ).
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2.2
2.2.1

Presentation of the method
Weighted Random Forest

We have observations (Yi , δi , Xi )i=1,..,n and we look for estimations of f (x) = E[φ(T )|X = x]. As
we know, f is the solution to the optimization problem :
h
i
f = argmin E (φ(T ) − g(X))2
(1)
g

We then choose the Random Forest algorithm with the mean squared error splitting criteria
to estimate f . This leads us in looking for estimators of quantities of the form : E[ψ(T, X)].
Under some hypothesis it is possible to estimate the quantity E[ψ(T, X)] asymptotically without
bias, with ψ a real valued function. We use the inverse-probability-of-censoring weighting
principle to do so. It is a general principal that provide unbiased estimate of the law of a couple
(Z, X) when observation of X is complete and observation of Z is censored :
(
1 if Z is censored
Proposition 1 Let γ =
and Z 0 = γZ. Let p(X, Z) = P(γ = 1|X, Z)
0 if Z is censored
Then for any function ψ,
#


γ
0
· ψ(Z , X) = E ψ(Z, X)
E
0
p(X, Z )
"

This result states that given a couple (Xi , Zi ) if we only observe (Xi , γi , Zi0 ) we can still get
an unbiased estimator of the distribution of (X, Z). This is done attributing weights p(Xγii,Z 0 ) to the
i
observations, with p(x, z) the probability of Z being non-censored, given X = x and Z = z.
In our case, the probability of being non-censored given X and T is P(δ = 1|X, T ) = P(T ≤
C|X, T ). In the survival censoring scheme, it is impossible to infer the latter since it is well
known it is impossible to estimate the dependence between T and C (see section 4.1 in [8]).
Therefore, we have to make assumptions about the dependence between T and C. Let H1 and
H2 denotes the following hypothesis :
H1 : P(T ≤ C|X, T ) = P(T ≤ C)
H2 : P(T ≤ C|X, T ) = P(T ≤ C|X)
Sufficient conditions for these hypothesis to be satisfied are, respectively, T y C (H1) and
T y C conditionally on X (H2).
Let S C the survival function of C, S C (·|X) the survival function of C given X, and denote by
Ŝ C and Ŝ C (·|X) estimators of these functions. Then, depending on the hypothesis we make, let
Ŵi = Ŝ δ(Yi ) or Ŝ (Yδi |X ) . We estimate E[(φ(T ) − g(X))2 ] by
C

i

C

i

i
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n

1X
Ŵi · (φ(Yi ) − g(Xi ))2
n i=1

(2)

The Random Forest adaptation we propose is then a weighted Random Forest. Weights are
taken into account in the bootstrap procedure. Indeed, during the sampling of a bootstrap set,
we do a sample with replacement where each observation has probability Ŵi of being sampled.
This way, each observation accounts in the growing of the forest proportionally to its weight.
2.2.2

Calculation of the weights

In practice, computation of the weights Ŵi requires to model S C and S C (·|X).
To estimate S C under the H1 hypothesis, we use a Kaplan-Meier estimator [13]. But for
S C (·|X) under H2 it is necessary to use statistical models which take into accounts influences of
covariates. We try and compare 2 techniques to estimate S C (·|X) :
• RSF : Random Survival Forest (see [5])
• Cox model (see [9])
We test performances of our Random Forest model with these different weights and we
analyse our results. We discuss which of these techniques achieves the best performance. In
this step it is necessary to deal with a trade-off between bias and variance : indeed, some S C (·|X)
estimators like RSF may indicate very big weights Ŵi at some points. At the opposite KaplanMeier weights tend to be smoother. Big weights usually reduce bias but if a weight is too big
the model in its x-neighbourhood is too much influenced by a single observation resulting in
very high variance for the prediction.

3
3.1

Results
Application Scheme

Our work is motivated by an application in insurance where T corresponds to termination time
of a contract and φ gives the amounts of commissions received by an insurance broker per unity
of premium. φ then represents the impact of the termination time of a contract on the turnover
this contract brings.

3.2

Performances of the method

We compare the performances of the weighted random forest with 2 benchmarks we call direct
Cox and direct RSF. As there names highlight, these models also rely respectively on the Cox
model and the RSF model. But here we use them differently : in each case (direct Cox and
4

direct RSF), we use the model to estimate S T (·|X) (let Ŝ T (·|X) the estimator)
and then we get an
R +∞
ˆ
estimate of E[φ(T )|X = x] integrating φ against Ŝ T (·|X) : f (x) = − 0 φ(t)dŜ T (t|X = x).
Using a train-test approach, we compute the performances of the 5 models we compare : 3
weighted RF and 2 benchmarks. This is made on both real data and simulated data. We show
that our method is competitive in terms of quadratic error for the prediction of φ.
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