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Abstract
Autocalibration is a desirable property since it ensures that the information con-
tained in a candidate premium is used without any bias. It turns out to be intimately 
related to the method of marginal totals that predates modern risk classification 
methods. The present note aims to assess the impact of autocalibration on the good-
ness of lift. It is shown on a case study that autocalibration does not only restore 
global and local balances but also improve lift.
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1 � Introduction and motivation

The starting point of the present analysis is that balance is required in ratemaking. 
It is indeed important that the sum of estimates does not deviate too much from the 
sum of actual observations at both the entire portfolio level and also more locally, in 
meaningful classes of policyholders. The reason is that sums of pure premiums must 
match corresponding claim totals as accurately as possible.

Flexible pricing tools like boosting and neural networks are able to produce pre-
miums that correlate a lot with the response compared to models imposing a rigid 
form for the predictor (like Generalized Linear Models or GLMs, for instance). 
But more flexible models often do not impose any constraint on the replication of 
observed totals. With boosting techniques and neural networks, the sum of fitted val-
ues can depart from the observed totals to a large extent and this often confuses 
actuarial analysts (see e.g. [9, 10]). To solve this problem, [3] proposed a new strat-
egy based on the concept of autocalibration (see, e.g., [4]) to restore global balance 
as well as local equilibrium in the spirit of the original method of marginal totals 
dating back to the 1960s. Specifically, after the analysis has been performed with a 
method that does not necessarily respect marginal totals, a local constant GLM fit is 
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achieved. The extra step should not be performed on the same data in order to avoid 
a potential source of overfitting (called nested-model bias). By using a local con-
stant, or intercept-only GLM, uncorrected premiums define optimal neighborhoods 
to perform local averaging of observed losses.

The present note aims to explore the impact of autocalibration on lift charts that 
are often used in practice to assess the performances of a candidate premium. To 
draw such graphs, the data set is sorted based on the values of fitted premiums. 
The data are then bucketed into equally populated classes based on quantiles. The 
average predicted and average actual loss costs are then graphed for each bucket. 
This graph allows the analyst to check whether the actual response monotonically 
increases as we move to higher buckets. Property 3.5 in [2] identifies the condition 
required to observe an increasing trend in such a lift chart (that is, positive regres-
sion dependence). We know that autocalibration purposes to restore global and local 
balance but its impact on goodness of lift has not been assessed so far. Intuition 
suggests that autocalibration should also improve on lift and we confirm this guess 
on the basis on an analysis of a classical motor insurance data set. The case study 
performed in this note thus suggests that autocalibration is also beneficial in terms 
of lift.

The remainder of the text is structured as follows. Section 2 sets up the scene by 
recalling the ratemaking context. Section 3 presents the concept of autocalibration 
and the way it can be implemented. The case study in Sect. 4 assesses the effect of 
autocalibration on goodness of lift using a reference motor insurance database. The 
final Sect. 5 briefly concludes.

2 � Ratemaking problem

Consider a claim-related response Y (frequency, severity or total losses) and a set 
of features X1,… ,Xp gathered in the vector X . In actuarial pricing, the aim is to 
extract the information contained in X about Y in order to evaluate the pure premium 
as accurately as possible. This means that the target is the conditional expectation 
�(X) = E[Y|X] of the response Y given the available information X . Henceforth, 
�(X) is referred to as the true (pure) premium.

The function x ↦ �(x) = E[Y|X = x] is approximated by a (working, or actual) 
premium x ↦ �(x) . Sometimes, the working premium has a relatively simple struc-
ture compared to the unknown regression function x ↦ �(x) . This is the case when 
actuaries resort to GLMs or GAMs (Generalized Additive Models) which are very 
transparent but highly constrained. Boosting for instance is more flexible and better 
captures the structure of the true pure premium, but at the cost of transparency. We 
refer the reader to [6] for more details about the very aim of ratemaking, which is 
not to predict the actual losses Y but to create accurate estimates �̂(X) of unobserved 
�(X).
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3 � Autocalibration

3.1 � Concept

Assume that �̂  has been built from some training set (all formulas in the text are meant 
given this training set). The respective performances of competing models can then be 
assessed on the basis of a validation set {(Yi,Xi), i = 1, 2,… , n} , that has not been used 
to obtain �̂  . Let (Y ,X) be a generic random vector distributed as the observations con-
tained in the training set. The merits of a given pricing tool can be assessed using the 
pair 

(
�(X), �̂(X)

)
 so that we are back to the bivariate case even if there were thousands 

of features comprised in X . To ease the exposition, we assume that the candidate pre-
mium �̂(X) under consideration, as well as the conditional expectation �(X) are con-
tinuous random variables admitting probability density functions. This is generally the 
case when there is at least one continuous feature contained in the available information 
X and the function �̂  is a continuously increasing function of a real score built from X.

What really matters is the correlation between �̂(X) and �(X) but as �(X) is unob-
served the actuary can only use its noisy version Y to reveal the agreement of the true 
premium �(X) with its working counterpart �̂(X) . In insurance applications, �̂(X) is 
supposed to be used as a premium so that correlation is important, but it is also essen-
tial that the sum of predictions �̂(X) matches the sum of actual losses as closely as pos-
sible. This naturally leads to the concept of autocalibration.

Recall that a predictor �̂  is said to be autocalibrated if �̂(X) = E[Y|�̂(X)] . We refer 
the reader to [4] for a general presentation of this concept. Autocalibration ensures that 
the average response in a neighborhood defined with the help of the autocalibrated pre-
dictor under consideration matches premium income. This exactly corresponds to the 
method of marginal totals (except that balance is imposed in groups defined by proxim-
ity with respect to uncorrected premiums, not to features) and is thus desirable for any 
candidate premium.

3.2 � Autocalibrating a given predictor

In [3] proposed an effective method to implement autocalibration in ratemaking stud-
ies. The authors assumed that s ↦ E[Y|�̂(X) = s] is continuously increasing, which is 
a reasonable requirement for any candidate premium and can be tested using the tools 
developed after [1]. Then, they showed that a simple way to restore global balance con-
sists in switching from �̂  to its balance-corrected version �̂BC defined as

that averages to E[Y] , as shown in their Property 5.1. Note that the increasingness of 
the regression function s ↦ E[Y|�̂(X) = s] is actually not needed in Property 5.1 in 
[3] since we directly have

A local polynomial regression approach allows the actuary to implement autocali-
bration, that is, to switch from �̂  to �̂BC . See e.g. [5] for a detailed account. To this 

�̂BC(X) = E[Y|�̂(X)]

E[Y|�̂BC(X)] = E[E[Y|�̂(X), �̂BC(X)]|�̂BC(X)] = E[E[Y|�̂(X)]|�̂BC(X)] = �̂BC(X).
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end, the only feature entering the analysis is the premium �̂  needing autocalibration. 
A local GLM is fitted to (Yi, ei, �̂(xi)) comprised in the validation data set, for some 
relevant exposure ei . Let us consider a specific risk profile x . Uniform weights are 
assigned to each (Yi, ei, �̂(xi)) in the neighborhood V(x) of x . Thus, a rectangular (or 
uniform) weight function is specified. The neighborhood V(x) gathers the fraction 
� of the data with the closest premiums �̂(xi) to �̂(x) . Here, � acts as a smoothing 
parameter and controls the size of sub-portfolios where local balance is imposed. 
The optimal value for the parameter � is selected by likelihood cross-validation.

The local GLM likelihood equation

transfers part of the experience at neighboring �̂  values to obtain �̂BC . A local con-
stant, or intercept-only GLM thus implements local balance in sub-portfolios gather-
ing policyholders with about the same predicted value.

4 � Case study

4.1 � Database

Let us consider the freMTPL2freq data set comprised in the CASdatasets 
package in R. It contains 678 013 observations of the number of claims (response Y) 
in a French motor third-party liability insurance portfolio, together with nine explan-
atory variables (features X = (X1,… ,X9) ). The latter correspond to several char-
acteristics related to the policyholder (age, density of inhabitants in the home city, 
region, area, bonus-malus) and his or her vehicle (power, age, brand, fuel type). An 
exposure-to-risk is also available for each policy, here the duration of observation in 
the portfolio expressed in year. We refer to Noll et al. [7] for an accurate description 
of the data set.

4.2 � Models under consideration

By setting expected claim severities all equal to 1 (thus, adopting the mean severity 
as monetary unit), we can interpret expected claim frequencies as pure premiums. 
We consider three candidate premiums corresponding to the following models in 
our case study: �glm obtained from a Poisson GLM with a log-link function and all 
explanatory variables, �gam obtained from a Poisson GAM with a log-link function 
and all explanatory variables, and �boost obtained from a boosted Poisson model. The 
h2o package is used for boosting, precisely the h2o.gbm function. These models 
are fitted to the database under consideration as described on Arthur Charpentier’s 
github page github.com/freakonometrics/autocalibration.

To perform our analysis, the database has been divided into three sets. The train-
ing set comprising 60% of the data is used to train the “base” model (Poisson GLM, 
Poisson GAM or boosted Poisson model). The validation (or correcting) set with 

∑

i∈V(x)

yi =
∑

i∈V(x)

ei�̂BC(x)
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20% of the data is used to calibrate the local GLM applied in the auto-calibration 
procedure. The test (or final) set with the remaining 20% of the data allows us to 
compare the different models on data that have not been used to train or calibrate the 
models. All the graphs discussed hereafter are based on the data contained in the test 
set.

4.3 � Autocalibration

The optimal value for � is selected with the help of the likelihood cross-validation, 
or LCV plot. This is performed with the help of the lcvplot function, which calls 
the lcv function for a grid of smoothing parameters � . Those functions are built in 
the locfit package implementing local polynomial regression. We obtain the like-
lihood cross-validation statistic against the degrees of freedom (DF) of the fit, for 
each smoothing parameter � . Results are displayed in Fig.  1. The optimum LCV 
chosen correspond respectively to � = 4% for the Poisson GLM, � = 2.5% for the 
Poisson GAM, and � = 2.5% for the boosted Poisson model.

4.4 � Lift charts

These lift charts are described in [8]. To draw such graphs, the data set is sorted 
based on the values of �̂(X) . The data are then bucketed into equally populated 
classes based on quantiles. Within each bucket, the average expected loss is calcu-
lated with the help of �̂  as well as the actual loss Y. The average predictions and 
average costs are then graphed for each class. To make it more readable and inter-
pretable, we normalized the values by dividing them by the average predicted value 
of the whole test set.

The results for Poisson GLM are displayed in Fig. 2. It is important to realize that 
bands on each graph depend on the premiums produced by each model and so do not 
contain the same data. We see that average premiums and average observed values 
follow the same pattern and nearly coincide. This suggests that autocalibration has 
little impact on �̂glm . This was expected since Poisson GLMs with log link impose 
local and global balance constraints. The lifts (value for last band – value for first 
band) for the models before and after auto-calibration are respectively equal to 1.53 
and 1.40.

The results for the Poisson GAM are displayed in Fig. 3. The results are very sim-
ilar to those obtained with the Poisson GLM and the same comments apply. Again, 

Fig. 1   LCV plots for the Poisson GLM (left panel), for the Poisson GAM (middle panel), and for the 
boosted Poisson model (right panel)
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autocalibration has a very limited impact on �̂gam . The lifts for the models before 
and after auto-calibration are respectively equal to 1.55 and 1.51.

The results for boosted Poisson regression are displayed in Fig. 4. Marked differ-
ences before and after autocalibration are clearly visible there so that autocalibration 
greatly impacts on �̂boost . Before autocalibration, the boosting model under-estimates 
on average the observed values. This can be seen as the red curve is below the black 
curve for all bands. This difference increases when the premiums become higher. 
Autocalibration corrects for this bias since both the model curve and the observed 
values curve coincide once it has been implemented. Only for the last bucket we do 
see a small difference. The lifts for the model before and after autocalibration are 
equal to 1.31 and 2.20, respectively. Once autocalibration has been implemented, 
�̂boost clearly outperforms �̂glm and �̂gam in terms of goodness of lift.

4.5 � Out‑of‑sample Poisson deviance

In order to compare the different models, one can also use the out-of-sample 
deviance. The smaller this deviance, the “better” the model. Figure  5 displays 
out-of-sample deviance for the Poisson GLM, the Poisson GAM, and the boosted 

Fig. 2   Lift chart for the Poisson 
GLM, before (predicted, in 
green) and after autocalibration 
(predicted BC, in red)

Fig. 3   Lift chart for the Poisson 
GAM, before (predicted, in 
green) and after autocalibration 
(predicted BC, in red)
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Poisson regression model, before and after autocalibration. We can see there that 
GAM does not outperform GLM on the database under consideration, whereas 
boosting achieves better performances. For the GLM and GAM models, there is 
no difference in deviance before or after the autocalibration procedure. For the 
boosted Poisson regression model, out-of-sample deviance is greatly reduced by 
applying the autocalibration method.

5 � Discussion

Advanced learning models are able to produce scores that better correlate with 
the response, as well as with the true premium compared to classical GLMs. This 
comes from the additional freedom obtained by letting scores depend in a flexible 
way of available features, not only linearly. But breaking the overall balance is the 
price to pay for this higher correlation. Because no constraint on the replication 
of the observed total, or global balance is imposed, machine learning tools often 
substantially increase overall bias.

Fig. 4   Lift chart for the boosted 
Poisson regression model, 
before (predicted, in green) and 
after autocalibration (predicted 
BC, in red)

Fig. 5   Predictive Poisson devi-
ance before (in green) and after 
autocalibration (in red) for the 
GLM, GAM and boosted regres-
sion model
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To prevent this to occur, the balance-corrected version of any predictor can be 
obtained by local GLM, recognizing the nature of the response Y: local Poisson 
GLM for claim counts, local Gamma GLM for average claim severities and com-
pound Poisson sums with Gamma-distributed terms for claim totals. The canonical 
link function is adopted so that maximum-likelihood estimates replicate observed 
totals. An intercept-only GLM is fitted locally, with rectangular weight function, on 
a set of observations close to the one of interest with proximity assessed with the 
help of the predictor to be corrected.

In this approach, the supervised learning model is used to produce a real-valued 
signal �̂  , reducing the high-dimensional feature space to the real line to compute 
�̂BC . The learning model is thus essentially used to assess proximity among indi-
viduals, before performing local averaging. In that respect, the proposed approach 
shares some similarities with k-NN, or k nearest-neighbors except that here, proxim-
ity is assessed with the help of the real-valued �̂  produced by the learning model.

The case study performed in this note shows that autocalibration not only restores 
global and local balance, but also improves performances measured in terms of lift 
induced by the candidate premium. This suggests that autocalibration is a key ingre-
dient of the ratemaking process with advanced machine learning tools, reconciling 
modern tools with old actuarial recipes.
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