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ABSTRACT
Since last decade, the insurance sector has evolved a lot. Indeed, thanks to
the internet, more contracts are now subscribed online, modifying the
insurance contract sales architecture. However, this rise in the use of
internet has also been affecting the insurance business in another way;
policyholders are now able to compare insurers’ rates easily without even
going to their insurer or broker. This level of transparency leads to a
competition among insurers which is now fiercer than ever.
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In order to help the different market players in this new environment,
Reacfin has developed a framework which enables them to gain insights on
the premiums offered by multiple insurance companies over different
segments. This premium benchmark allows an insurer to review their
positioning or a broker to identify the cheapest insurer for their client.
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Nowadays, with the development of the internet and the arrival of
the generation Z on the insurance market, this latter has evolved
considerably. Indeed, insurers must now regularly review their
distributions channels to adapt to this new clientele, which favors
quick access and 24-hour availability when it comes to underwriting
a policy or filling a claim. In this direct underwriting process, it is
now possible for someone to put in competition various insurance
companies by comparing their tariff in a few clicks. To do so, one
can either go on each individual insurer’s website to perform a price
simulation or go on an aggregator, which is a website already
gathering different prices from different insurers. These tariffs can
be related to health insurance, car insurance, home insurance,
borrower’s insurance, credit insurance,…
Nowadays, insurers must therefore ensure themselves a good
visibility on these new web channels such as aggregators. These
aggregators, which are sometimes managed by insurance brokers,
also have offers and insurance proposals negotiated directly with
companies –such as preferential tariffs-, which encourages even
more potential consumers to use them. With this increased
accessibility, customers now have a greater view of all the rates and
offers. The “lowest price” factor has never been so important,
bringing a strong risk of commoditization of insurance products.
Indeed, what was once a distinguishable way to propose insurance
contracts ended up becoming simple commodities in the eyes of the
consumers market. The various competitors are then forced to offer
rates closer to the market to avoid losing a whole segment of
customers. In this atmosphere of tense competition, it is thus
becoming more and more important for an insurance company to
price its contracts as fairly and as wisely as possible.
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However, even though these insurance comparators gather a lot of
information about the tariffs offered for a particular customer, it is
hard to imagine getting these data for an entire portfolio through
an aggregator platform or a price simulation engine. In order to
estimate market prices for all segments insurance company must
therefore develop a market price model for each insurer’s tariff.
In this paper we aim at providing the reader with an insight of how
market pricing models can be developed and assessed. Given a
sample of collected profiles and prices from different insurers, the
goal will be to rebuild the pricing models of these insurers as
accurately as possible. This way, an insurer with a limited pricing
samples of its competitors would be able to estimate their
premiums over segments for which no premiums are available.
Therefore, even if it is not possible to get an online quote in a
simple and swift way, the insurer would have an accurate price
estimation.
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In order to achieve this goal, we will go through all the steps needed
to obtain a reliable model. First, we will see why coming up with a
transparent and accurate model is complicated. Then, we will focus
on how data should be prepared and cleaned before proceeding
properly towards the next phase: developing the model and
understanding its results. Finally, a method measuring the quality of
the prediction will be provided.
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ON ALL THE DIFFICULTIES TO RETRIEVE THE ORIGINAL MODEL
Retrieving an insurer’s model seems trivial on paper, since insurers lean on the
same customer characteristics and have the same goal: to be profitable in the long
run. However, it is nearly impossible to determine in a thoroughly accurate manner
the “commercial” or “market” pricing model used by an insurer. When the insurer
develops its tariff, the characteristics of the insured person mainly enter into
account when calculating the technical premium (also called pure premium). It is, by
definition, the amount that the insurer should charge in order to cover the risk
without profit or loss.

Figure 1 : Example of a commercial tariff decomposition

However, in the real world, the insured person pays more than this pure premium
because of additional loadings such as acquisition costs, management fees, taxes
and also a profit margin. Depending on the type of insurance or the insurer’s
position in the market, the ratio between pure premium and loaded premium (also
called loss ratio) will not be the same. In addition to that, rates can also be adjusted
according to the insurance company’s strategy: if it seeks to conquer a particular
segment of the population, it will tend to lower its prices on that segment, even if it
means deteriorating the profit margin. In the same way, an insurer can decide to
reduce the share of a particular segment in its portfolio and therefore offer higher
prices than the market. The final market tariff is therefore no longer based entirely
on the objective risk linked to the characteristics of a customer but also on
commercial arbitrations applied on the loaded premium. Those commercial
arbitrations make the standard multiplicative technical tariff way more complex as
they can consist in additional correction factors which can add interactions and
additive terms in the model. Moreover, those commercial arbitrations are likely to
change in time at a higher frequency than the true underlying risk, likely requiring a
model on commercial premium to be updated more often than a pure premium
model. A given dataset used to calibrate a commercial premium model may include
many changes in these commercial adjustments leading to a less reliable model.
Finally, since each company has their own commercial policy there is no universal
commercial premium model as there could be for a pure premium model (with
widely used GLM). All these elements illustrate why performing a reverse
engineering on a commercial tariff is way harder than performing it on a technical
REACFIN S.A./N.V. PLACE DE L'UNIVERSITE 25 B-1348 LOUVAIN-LA-NEUVE (BELGIUM)
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tariff. Nevertheless, what matters in the end for the positioning of an insurer is to
know the commercial premium of its competitors not the technical one. Besides it is
anyway the only premium observable from the competitors to calibrate a model. In
this paper we will therefore focus on building commercial premium models based
on observed commercial premiums.
Despite all those difficulties, modelling the commercial prices of some competitors
of a dedicated market is still feasible. The quality of these models can also be
assessed both globally and individually in order to provide the insurer with a level of
confidence on the estimated rates. Those models, besides providing predictions,
also help insurers getting a view on the segmentation drivers of their competitors
by outputting the relative importance of each explanatory variable.

Knowledge is power
Being able to estimate the price of its competitors is a must for an insurance
company. Indeed, as in most businesses, the more information you have, the easier
it is to position yourself and develop a sustainable strategy. This is why prices
provided by insurance companies are not public, let alone their internal pricing
models. Two solutions are then available to collect the data on which we will base
our further analysis:
- Price simulation on predefined profiles
- External database provided by aggregators
These two solutions have each their advantages and disadvantages, such as their
price, quality and quantity. The best compromise remains to mix the two methods1,
in order to avoid under-representation or the absence of certain profiles, both of
which lead to inadequate conclusions.
Price simulation
(predefined profile)

Topic
Data availability
Definition of
profiles
Cost
Difficulty of
analysis

External Database Analysis

Function of the aggregator but
Usually limited as it takes time
number of profiles can be
to collect
huge
No profiles definition and
Prior definition should be wellmaybe
not
completely
thought and structured
representative of the market
Price per profile is usually
Price per profile is reasonable
higher
Easy analysis if profiles are well Unstructured pattern makes
defined
the analysis more complex
Table 1 - Characteristics of data collection sources

Once the data has been collected comes the cleaning phase. There, the main goal is
to delete useless and/or redundant columns. Similarly, if some observations show
an “NA” (Not Available/Applicable) or an aberrant value, the treatment of these
‘characteristics’ must be decided: replace the NA with the average/most frequent
value, set it to zero, try to exploit the adjacent data to extrapolate the missing
1

See Reacfin Whitepaper “Competition Price Analysis in non-life insurance – How machine learning and statistical predictive
models can help” by Annick Biver, Michaël Lecuivre and Xavier Maréchal. Avaliable on www.reacfin.com
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value… Indeed, the initials tariff were built on non-missing data, or had to adapt to
these missing data; so we must try to have the more complete data before starting
to replicate the tariff.
For example, if too many “NA” are present compared to the total number of data,
replacing them with the average value would affect the relevance of the variable. In
that case, one should consider removing either the variable or the observations
with missing rows. Furthermore, some variables are unsuited to “taking the
average/most common” method. Indeed, if the brand of a car is Maserati, the
horsepower is quite unlikely to be around 90. In that case, one should consider
applying a different treatment on some modalities; however it would turn out to be
more time-consuming. Imputation can also be an alternative in some cases, (eg.
some cars are quite common and are likely to have the same characteristics) but
once again, it cannot be applied to any type of variable. Dealing with missing data
should be done with particular attention otherwise, the model quality will be
affected. This problematic happens mostly in pricing, and really requires a lot of
attention. In our case, we have to replicate this process, but maybe not as
thoroughly, to ensure to have viable data. However, we cannot be sure that our
way to handle missing data will be the same as the way an insurer chose to handle
them.
During the cleaning phase, one can also regroup different modalities (for example,
in the socio-professional category). Since each insurer has a different segmentation,
the modalities might not form the same groups, depending on which segments the
insurers is specialized in. This kind of grouping can be done manually with a study of
different graphs allowing one to see similarities on the final tariff between
modalities of a variable. Indeed, when trying to mirror an insurer’s model, our data
have to be as close as possible as the one he used when pricing was made.
The purpose of this step is then to reduce the number of variables to be
manipulated later, because some algorithms react poorly when confronted to too
many variables. This is particularly the case for algorithms that automatically
encode the factors into one-hot-encoding, ie each category becomes a new binary
variable, coded by 0 or 1, depending on whether or not this profile possesses this
modality.
It is also during this data pre-treatment step that new categorical variables are
created in order to capture the behavior of some continuous variables. Indeed, in
some case, it does not make sense to treat linearly a variable. For example, as
illustrated in Figure 2, if we take the driver’s age, a young driver is expected to pay
more than a 30 years-old, but the decrease between these two ages has no reason
to be the same as the one between a 50 years-old and a 60 years-old.
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Figure 2 : Example of premium’s evolutions related to driver's age

Without knowing the binning procedure used by each insurer, one can just attempt
to find the perfect cuts, according to the premium sample at disposal, and build the
model, looking for the best accuracy.
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TURNING THE PROCESS BACK
The data pre-treatment step completed, we can move on to the modeling stage.
In order to deliver an efficient and adaptive tool, many methods have been
implemented beforehand to determine the most robust one that we will fine-tune
afterwards.

A classical approach
Since many insurers still use the Generalized Linear Model (GLM), it made sense to
start with this method. However, even if the results were satisfying compared to an
average estimate of the premiums, some limitations arose. Automatic variable
selection procedures, using stepwise methods (forward, backward or bidirectional),
can become problematic in case of many features if model construction is to remain
within a realistic time interval. One should also notice that GLM cannot capture
variable interactions unless they are known a priori. In addition, GLM cannot easily
handle multi-levels factor variables like postcodes or activity codes.
The GAM (Generalized Additive Model) share the same drawbacks.

Figure 3 : Variable importance in a GLM, ordered by relative importance

In the above table, we can see that, by treating ZIP code with a one-hot-encoding
approach (i.e having one parameter in the model for each zip code), we have
around 1000 variables in total. Nevertheless, the fact that ZIP codes appear in the
table above showing the most important variables means that it would be
inconsistent to remove this variable. The limitations of statistical models lead us to
consider an evolution towards other methods.

REACFIN S.A./N.V. PLACE DE L'UNIVERSITE 25 B-1348 LOUVAIN-LA-NEUVE (BELGIUM)
TVA: BE 0862.986.729 - TEL: +32 (0) 10 68 86 07
INFO@REACFIN.COM - WWW.REACFIN.COM

10

Market pricing benchmarking
by Marie Hainneville, Michaël Lecuivre, Xavier Maréchal and Samuel Mahy
® Reacfin White Paper Vol.1 2020 – April 2020

Evolution towards other approaches
We thus left the environment of classical statistical models to give a closer look to
Machine Learning (ML) models.
Popular in recent years, thanks to the democratization of computational power,
these models are ideal for dealing with problems related to large amounts of data.
Unlike classical statistical models, Machine Learning’s algorithms aim to find the
pattern of the model by themselves, whereas in the classical case, the statistician
must make assumptions on the model and then validate it. If the model is not a
good-fit, then he must correct his hypotheses and train a new model, and so on.
Thus, ML algorithms will more easily approximate a model created by insurers who
have decided to get off track from the typical GLM, than more conventional
statistical methods; especially since we do not know anything about the
transformations made on the data set nor the type of model used. Another
advantage of ML algorithms is that they allow interactions in between variables.
Interactions can also be measured in classical statistical models, but only if they are
specified a priori meaning that one should add them manually; moreover,
interactions of degree three or above are usually hard to detect.
Besides that, ML algorithms often provide the most accurate models. That also
explains why they become so important in various sectors such as finance and
insurance or even in medicine where ML is used for genome sequencing and image
recognition amongst others. However, their adoption has not become systematic
yet because of their main drawback: the lack of transparency. Indeed, because of
their complex structure, these models are often considered as black-boxes. Some
output characteristics (model summary, scoring history, graphs…) can help
understand their outcome, but it would be hard, if not impossible, to recreate it
manually. Nevertheless some methodologies are currently developed (using
surrogate models or Local Interpretable Model-agnostic Explanations aka LIME, …)
in order to “white-wash” these black box models, by enabling the user to know, at
least locally, how each features contributed to the output prediction. These
methods are promising to the future of machine learning and will be covered in a
future Reacfin White Paper, “Making machine learning techniques interpretable
with applications in non-life pricing”. Indeed, if nowadays people are quite reluctant
to use these new techniques, it is mainly because interpreting them remains tricky.
However, if that drawback came to disappear, then there would only be positive
aspects in using machine-learning methods: faster, more accurate and more
reliable.

Delivering the most efficient model
Here, multiple supervised learning algorithms have been tested on different data
sets: Random Forest, boosting, bagging, Support Vector Regression (SVR), Neural
Network (NN) and Gradient Boosting Machine (GBM).
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A benchmark of the various techniques was thus performed and they highlighted
the Gradient Boosting Method algorithm, which turned out to be, in 90% of cases,
the most efficient model.

Figure 4 : Performance benchmark of different ML algorithms

The mechanics of the Gradient Boosting Machine is quite simple and rely on a weak
learner, the regression/decision tree2.
This is one of the most common and basic algorithm used in supervised machinelearning models. Visually, if the number of features is quite restricted, it is quite
easy to understand. Indeed, with If-Then rules the results is easily replicable.
In a very simplified way, a decision-tree sequentially splits the data set in smaller
and smaller regions while assigning each time a prediction to each of the segments
created. The final segments are the leaves of the tree and contain the final
predictions. At each step the model will split an existing region on the variable and
splitting point allowing the within segments heterogeneity to be reduced the most.
In other words the model will each time split a region in two regions in a way which
increases the most the homogeneity inside regions. The algorithm stops when
there is no need for further splitting because the groups are as homogeneous as
they can be, or when the model becomes too complex and creates a risk of
overfitting3.

2

See Reacfin White Paper “Some basic machine learning techniques used in the financial industry and a practical case study” by
Arnaud Deltour and François Ducuroir. Available on www.reacfin.com
3

See Reacfin white paper “Machine Learning applications to non-life pricing” by Julien Antunes Mendes, Sebastien de Valeriola,
Samuel Mahy and Xavier Maréchal. Available on www.reacfin.com
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Figure 5 : Head of a decision tree computing the premium (depth = 2)

Here we can see that, at this particular insurer, a client with a small bonus-penalty
and a car of small value is more likely to pay a small premium (around 640€)
whereas a client with the same bonus-penalty but a more expensive car will
probably have to pay a more consequent premium (around 920€). Nevertheless,
the tree keeps getting deeper and deeper to refine this prediction and to get
prediction as accurate as possible.
The GBM algorithm is a tree-based algorithm and thus derives from this technique.
It was developed in the late 90’s by Jerome H. Friedman 4. Over time, it has proven
itself, even becoming a staple in major data science competitions. However, it is
trickier to tune than basic decision trees. It takes into account many parameters
such as : depth of the tree (how many ‘levels’ it has), loss function (commonly Mean
Squared Error, Root Mean Squared Error, Mean Absolute Error, Poisson deviance or
Gamma deviance), and shrinkage parameter (how much the newly added tree will
influence the previous results). These parameters will be explained further.
A quick and easy way to explain how GBM works is through these steps:
- A regular decision-tree, 𝑓̂0, is fitted on the data. Its height is small. The
criteria to respect when building the tree is the loss function minimization
- Since the tree is small, its leaves (endpoints) are still quite heterogeneous
- A new tree, 𝑓̂1 is computed on the residuals (observed value (𝑦) – predicted
value (𝑦̂ = 𝐹̂1 (𝑥)) and this tree is added to the model with a weight λ
- New residuals 𝑟2 are computed and again a tree 𝑓̂2, fitting these new
residuals, is computed;
- The process goes on until the improvement is too small to be relevant
̂𝑗 = 𝑓̂0 +
The next graph summarizes the main steps in a boosting process, where 𝐹
𝑗
̂𝑗 (𝑥𝑡 ) stands for the
∑𝑖=1 𝜆𝑓̂𝑖 is the model at the jth iteration. 𝑟𝑗+1 (𝑥𝑡 ) = 𝑦𝑡 − 𝐹
residuals of the tth observation at the jth iteration and 𝑓̂𝑗 is the jth tree, fitted on the
residuals 𝑟𝑗 .

4

“Greedy Function Approximation : A Gradient Boosting Machine”, J.H. Friedman (February 1999)
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Figure 6 : Boosting process for m observations

By fitting small trees to the residuals, the prediction function is slowly improved in
areas where it used to not perform well. A shrinking parameter λ can slow down
even more the process by allowing more and different shaped trees to attack the
residuals. The shrinkage parameter can be considered as the speed of the gradient
boosting. Smaller shrinkage rate ensures to find an optimum.
In a GBM, a large number of tree is necessary in order to have a performant
prediction. However, using a great number of trees can lead to overfitting, meaning
that the model becomes too specific with regard to the training data (i.e. it captures
the noise in the data rather than the underlying pattern) and does not respond well
to a new set of data. Choosing a small shrinkage parameter helps prevent this
overfitting.
Since a GBM model relies on multiple parameters, a phase of tuning is necessary to
reach the best possible model. During that phase, multiple models are built, with
different sets of parameters each time. Each model is calibrated on a training set
and assessed on a test set (data unseen during the calibration). Then the model
with the best metric result on the test set is saved. One should not compare the
models based on their performance on the training set as this could lead to
selecting a model which overfits the data. Using a test set allows to really measure
the prediction power of each model on unseen data.
To avoid the arbitrary split between training and test sets, a k-fold cross-validation
process can be performed as illustrated in Figure 7. The advantage of this method is
that all observations are used for both training and validation, and each observation
is used for validation exactly once. The best set of parameters is not determined
based on a unique test set but on many of them which increases the likelihood of
the model to generalize well on different possible unseen data.
If k=5 for example, the k-fold algorithm starts by dividing the original database (or
the original training dataset) into five equal parts. The model is then trained 5
times, each time leaving out of the training data one of these 5 equal parts. The leftout parts are validation parts whose purpose is to measure the prediction error of
each of the 5 models. The best set of parameters is the one leading to a model with
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the smallest mean validation error (also called cross validation error). The final
model is then calibrated on the entire database using this optimal set of
parameters. The prediction error of this final model is approximated by the cross
validation error associated to the optimal set of parameters.

Figure 7 : Description of K-Fold procedure

As it is illustrated on figure 8, the GBM produces our models for the different
insurers, with error (set as the absolute ratio | real premium / estimated premium
|) varying from 0.001% to 4%, depending on the quality of the database and the
complexity of the underlying pricing model.
Tests have shown that having a lot more data for an insurer does not guarantee to
have good models. It could indeed happen that in the data available a same insurer
offers very different prices for clients with exactly the same profiles. In this case the
database likely lacks some additional segmenting variable(s) used by the insurer
which would explain the price difference. A model, even complex, will therefore not
be able to perform well if lacking some important segmenting information. .
Of course, not having enough data could also be damaging, as in this case some
segments would likely be under represented. Predictions on those segments would
afterwards be highly uncertain. The performance of the algorithm also depends on
the number of profiles available for every categorical type of guarantee. Below you
can find a table summarizing the error obtain through a small panel of insurers. We
can thus see the percentage of mean absolute error of each model for each insurer
(mean of : |true value – predicted value| divided by the true value). The last column
indicates how close the predictions are from the true value: for insurer 1, 82% of
the predicted values are at plus or minus 50€ of the true value. It gives a good idea
of how good our prediction model is.
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Figure 8 : Errors obtained on a different set of insurers with GBM method

Using GBM process also makes it possible to highlight the variables that are relevant
in the calculation of the commercial premium for the insurers analyzed. Thus, we
can see that some variables are very influential for some insurers (car age for
example) and almost absent for others.

Figure 9 : Variable importance in GBM for two different insurers

Another way to visualize how the variables influence the prediction is through
Partial Dependence Plot (PDP). A PDP shows the marginal effect one or two features
have on the predicted outcome of a machine learning model. It means that we can
get insights on the relationship between one or two explaining variable.
In our case, we should expect a more substantial effect of the variable age of the
driver on young drivers, as they are less experienced. Indeed, that is what reflects
the PDP regarding the feature ‘Driver Age’; one can see on the graph below that the
younger the driver, the more the feature affects the predicted premium.
REACFIN S.A./N.V. PLACE DE L'UNIVERSITE 25 B-1348 LOUVAIN-LA-NEUVE (BELGIUM)
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PDP can also be drawn for categorical variable. Here, it was performed on the
variable ‘province’. Globally, it does not affect much the prediction, except for some
provinces such as Brussels or Henegouwen, in which the mean premium is slightly
more expensive.

One can also visualize the partial dependence of two features at once, which
translates their combined effect on the response variable and potentially highlight
2-level interactions.

PDP are part of the new methodologies used to ‘white-wash’ black box models (i.e.
brings transparency to black box models). They became quite popular as a first
simple ‘decoding’ tool when people gained interest in bringing transparency in ML
models. However, more cutting-edge methods exist and will be developed in
another Reacfin White Paper.
Following all these steps, the tool developed by Reacfin allows to have a benchmark
of the different prices offered by a pool of insurers for different types of
guarantees, given a specific client profile. The benchmark price for an insurer is
either an observation (if the segment is present in the database) or a prediction (if
the segment is not in the database). On the graph below we see for a given profile
the predictions of the premiums of different insurers (bars) as well as the observed
premiums (points) when available. The difference between the prediction and the
observed value allows us to assess the quality of the model. We can for example
observe that, given a particular profile, the error on the prediction is below 5€.

REACFIN S.A./N.V. PLACE DE L'UNIVERSITE 25 B-1348 LOUVAIN-LA-NEUVE (BELGIUM)
TVA: BE 0862.986.729 - TEL: +32 (0) 10 68 86 07
INFO@REACFIN.COM - WWW.REACFIN.COM

17

Market pricing benchmarking
by Marie Hainneville, Michaël Lecuivre, Xavier Maréchal and Samuel Mahy
® Reacfin White Paper Vol.1 2020 – April 2020

Figure 10 : Premium benchmark for same profile but different type of guarantee

Some insurers are absent because they do not offer a policy coverage for the type
of guarantee/deductible wanted, or at least they did not provide a price linked to
that coverage in this simulation. Some insurers are also absent because of their
underwriting rules (for example they don’t accept drivers which are too young).
Another tab panel of the Reacfin’s tool also enables to have an overview over all
prices proposed by all companies without choosing a particular type of guarantee.
An option allows the user to download the table in an Excel or PDF files.

Table 2 : Prices proposed by each insurer for each combination of guarantees/cover characteristics
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Figure 11 : Head of the PDF file presenting all tariffs for various insurers

Another important aspect to keep in mind is that it is possible that during the time
the prices and profiles were collected, a change in the pricing method has occurred.
Or even more likely, a discount rate could have been applied for a few months only,
making it wrong to construct a model on the whole data. If such a thing happened,
then the tool developed by Reacfin would be able to detect it. The final model, built
on the ‘currently valid’ data, is validated on the last ten days of the data base to
ensure its accuracy. The tool also provides an approximate date of the pricing
rupture. Thus, an insurer can be sure to have the latest models implemented by its
competitors.

SEIZING THE ACCURACY
In order to assess the quality of a model it is necessary to measure how accurate it
is, meaning we have to measure the distance between its prediction and the true
observed values. Asides from that, we also have to compare how much better the
model is compared to the simplest model possible, the non-segmented mean. This
allows one to decide if the added complexity of the model is worth it.
Considering the mean absolute error only gives an idea of the average performance
of a model. It does not ensure that all predictions are within an acceptable distance
from the observations. It could be that the model performs very well on most
segments of the database and very badly on few of them which are nevertheless of
interest for the insurer. The volatility around the mean absolute error should
therefore also be investigated.
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Figure 12 : Example of data having the same mean but not the same variance

Therefore, Reacfin’s tool not only provides predictions of commercial premiums but
also prediction intervals. The user can set a prediction interval of level α%, meaning
there is a probability of α% for the true premium value to lay in this interval around
the prediction.

Prediction intervals & Machine Learning
In contrary to traditional statistical techniques that try to model the causal effects
between explanatory variables and a response variable, machine learning
algorithms have mainly been used as black box tools of predictions. The confidence
in the prediction of a model lies in its estimated capacity in being able to predict
well on new unseen data. At worst, this estimation is performed based on a single
validation set and is therefore subject to the choice of this validation set. At best
the estimation of the prediction error is taken as a cross validation error which
takes into account the volatility in future unseen data. But in any cases there is
usually no single point prediction interval which is produced. In the context of a
reverse engineering on insurers’ tariffs it means that the ML model can make a
prediction for a profile not available in the database but can’t assign an interval
within which the true value has a given probability of laying.

This is where the concept of “conformal predictions” comes into play. Developed by
G.Shaver and V.Vovk 5, conformal predictions use past experience to determine
strong prediction intervals for future predictions. Their theory was next studied and
reshaped by H.Papadopoulos & al. 6, who managed to extract an inductive
algorithm based on conformal predictions, algorithm that can be generalized to any
supervised learning model.
Thus, by working with a predetermined nonconformity function (usually the
absolute value of the difference between the predicted value and the real one, aka
the Euclidian distance in dimension one, in the case of regression), it is possible to
obtain an individual interval prediction.

5

“A tutorial on conformal prediction”, Journal of Machine Learning Research 9, by Glenn
Shafer and Vladimir Vovk (June, 2007)
6
“Normalized nonconformity measures for regression Conformal Prediction”, by Harris
Papadopoulos, Alex Gammerman and Volodya Vovk (February, 2008)
REACFIN S.A./N.V. PLACE DE L'UNIVERSITE 25 B-1348 LOUVAIN-LA-NEUVE (BELGIUM)
TVA: BE 0862.986.729 - TEL: +32 (0) 10 68 86 07
INFO@REACFIN.COM - WWW.REACFIN.COM

20

Market pricing benchmarking
by Marie Hainneville, Michaël Lecuivre, Xavier Maréchal and Samuel Mahy
® Reacfin White Paper Vol.1 2020 – April 2020

In this way, each client profile would have its own customized prediction interval.
An insurer can thus have a more precise idea about how confident it must be
towards each prediction for each particular profile.

Table 3 : Insurer's premium recap for a specific client, with a 95% confidence

The global accuracy of the predictions is then enhanced, as proposing a prediction
interval is much more reliable than just giving a prediction and an overall mistake
rate determined through the test set. In the latter, it is easy to imagine a case
where the test set turn out to be unrepresentative of the training set, and thus
provide a completely biased estimate of the true tariff.
The tool developed by Reacfin also offers a visualization of these intervals, allowing
the comparison between the various premium predictions and but also their
uncertainties. Thus, when the rates offered by different insurers are fairly tight, the
user can immediately have an idea of which insurers offer the lowest rates, given
this error margin.
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Figure 13 : Set of estimated premium for different profiles but same guarantee with a 95%
confidence

CONCLUSION
Benchmarking competitors’ insurance premium is a difficult task given the
complexification of pricing models (e.g. pricing with a finer mesh according to the
exact address instead of the ZIP code) and the limited access to detailed
competition data. Nevertheless, when such data are available, Machine Learning
techniques offer tools to help insurance companies better understand the
positioning and strategy of their competitors.
Although they are not able to perfectly replicate the true pricing structure of an
insurer, the tools developed in this white paper allow product managers to enhance
their decision-making capabilities and their ability to react on a market becoming
more and more competitive.
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ABOUT REACFIN

Reacfin s.a. is a Belgian-based consulting firm specialized in
• actuarial science,
• risk,
• portfolio management and
• data science.
We develop innovative solutions and robust tools for Financial institutions.

The company started its activities in 2004 as a spin-off of department of statistics and actuarial science of the
University of Louvain.
In its early days, we focused on actuarial consultancy services for Belgian Pension Funds, Insurance Companies
and Mutual organizations. Rapidly, in the following years, we expanded our business internationally and
broadened our scope of services to Risk Management, Quantitative Finance, Portfolio Management and Data
Science for Financial Institutions in the broader sense (i.e. including banks, asset managers an Financial Market
Infrastructure companies).
Spread over its 2 offices in Louvain-La-Neuve and Luxembourg, Reacfin employs today about 30 consultants
most of which hold PhD’s or highly specialized university degrees.

Over the years we have now served in excess of 150 different financial institutions, the vast majority of which
are recurrent clients, which we see as the most convincing indicator of our clients satisfaction.
Missions we regularly perform consist of models design, developments & deployment, model validations,
definition of risk- & portfolio management policies, organization & governance advisory, strategic asset
allocations or specialized management consulting with regard to Risk & Portfolio management problems.
We organize our consulting services along 4 Center of Excellence:

Risk & Finance












Life, Health and Pension

Implementation/calibration of stochastic models
Valuation/Pricing of financial instruments
Development of AM & ALM models
Credit Portfolio Management Models (incl. IRB, IFRS9, etc.)
Asset allocation, (Automated) trading & hedging strategies
Quantitative Risk Management models
Strategic opportunities assessment and business valuations
Industrialization of processes & organizational optimization
Business intelligence, benchmarking & surveys
Internal & regulatory reporting (KRI’s & KPI’s dashboards)
Validations, model review frameworks and model documentation







Pricing , product development & reserving
Dynamic Financial Analysis (DFA)
Capital Requirement optimization
Business valuation support
Actuarial function outsourcing







Implementation or review of reserving methodologies
Development of innovative pricing methodologies and tools
Valuation & profitability analysis models
Risk mitigation optimization
Business valuation , capital management and actuarial function

Non-Life

Artificial Intelligence & Data Science





Machine learning models and processes robotization
Text mining solutions and qualitative financial environment analysis
Data visualization (dynamic dashboards, automated reports,, etc.)
Creation of structured dataset thanks to scraping methodologies
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We deploy material efforts at ensuring that Reacfin deliverables systematically have the following characteristics:
State of the art
technical skills

 Expertise in most advanced quantitative modelling & academic excellence of a spin-off
 All our consultants hold multiple masters or Phd.
 Best-in-class qualitative risk management leveraging on highly experienced senior consultants

Balanced and
pragmatic
approach

 Client-centric solutions focussed on deliverables
 Respecting the principle of proportionality
 Cost efficient within tight pre-agreed budgets

No black box
Solutions

 Hands-on implementation tested for
real-life conditions
 Open source solutions on request
 Close cooperation with our clients

Clearly structured
processes

Documentation,
coaching &
training

 Lean & efficient tailored project management
 Regular progress reviews
 Agile approach to adapt to the evolving needs of our clients
 Clear & comprehensive documentation compliant existing or upcoming regulation
 Adapted trainings at all levels of the organisation
 Coaching support for implementation and operationnalisation of processes

We articulate our offer along 3 brands:
Technical advisory in model development, deployments, validation and maintenance.
Specialized consulting in Financial Institutions organization, governance and business strategy
Tailored computational solutions designed and developed to integrate smoothly into your
company’s systems and processes (incl. open-source offerings)
Combination of On-Site and On-Line Executive Education solutions including theoretical and
methodological concepts, real-life case studies and exercises
Reacfin’s management puts great emphasis at sharing and embedding our driving values within the company :
We attract the best
people

We develop their skills
and career through
diversified missions and
rigorous knowledge
management
We go the extra-mile to
deliver the best quality in
our work & services

By acting as a bridge
linking academic
excellence with best
market practices, we
select the latest
research that best
serves our clients
Through out of the box
thinking, we apply
state-of-the-art
techniques that offer
our clients pragmatic
added-value solutions
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We put work ethics,
client's best interest
and confidentiality as
the foundation of our
work
We commit at
promoting the greatest
transparency and
knowledge sharing in
all our clients’
solutions
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We are dedicated at
clearly understanding
the needs of our
clients

We develop
sustainable
partnerships with our
clients

We deliver solutions
that produce
measurable value

We never compromise
on our commitments
including level of
quality, budgets &
deadlines

Our deliverables are
tailored and actionable
solutions to our
clients’ challenges

All our deliverables are
designed, developed
and tested to last over
time with constant
efficiency
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CONTACT DETAILS

Xavier Maréchal
Managing Partner
xavier.marechal@reacfin.com
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Feel free to check our online resources for more information and free material

Check our online resources on
www.reacfin.com
Online Apps
& Tools demo’s

Latest research &
programs of training
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Reacfin s.a. is a Belgian-based consulting firm
specialized in actuarial science, data science, risk
& portfolio management.

We develop innovative solutions and robust tools
for Financial Institutions.

As a spin-off of the University of Louvain we maintain
strong ties with the latest academic research.

www.reacfin.com
info@reacfin.com
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