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ABSTRACT 

The competition on the non-life insurance market is as fierce as ever. This 

situation leads many insurers to develop more and more sophisticated 

pricing structures trying to implement an efficient segmentation to reach 

expected profitability. This makes the comparison of an insurer’s prices with 

its competitors’ prices more difficult and less transparent. Relevant price 

analysis techniques must therefore be implemented to clearly identify an 

insurer’s positioning on the market and take the adequate decisions in order 

to improve its profitability. 

In order to respond to such needs, Reacfin’s team developed some 

methodologies and a tool that enable the user to perform many comparative 

analyses with the aim to assess and benchmark the prices of other market 

participants.  Machine learning and statistical predictive modelling combined 

with data visualization techniques allow to build practical indicators and help 

in taking decisions regarding an insurer’s positioning and strategy. 
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CONTEXT 

Non-Life insurance is facing many challenges ranging from fierce competition on the market 

or evolution in the distribution channel used by the consumers to evolution of the regulatory 

environment (Solvency 2, IFRS). 

Pricing is the central link between solvency, profitability and market shares (volume). 

Improving pricing practice encompasses several dimensions: 

 Technical: is our pricing adequate to cover the underlying cost of risk of my 

policyholders and the other costs we are facing? Which are the key variables driving 

the risk? Are they adequately taken into account in our pricing? What’s the impact 

of the claims history of my policyholder on its expected risk? In which segment are 

we profitable and in which are we not profitable? 

 Competition: at what price will we attract the segments that we target and price out 

those that we do not want? Is the positioning of our competitors influencing our 

pricing practice and our profitability? What’s my position with respect to my 

competitors in term of pricing? What are the segments in which I am well positioned 

and the segments where I am not well positioned? 

 Elasticity: what price (evolution) are our existing customers prepared to accept? 

Does the sensitivity to price evolution depend on the profile of my customer? At 

which pace the rates can be increased so that the customer accepts the change and 

on which segments is it more convenient? What are the Sales & Marketing 

procedures/ideas to increase the retention of the good risks? 

 Segmentation: is our segmentation granular enough for a profitable growth? How 

should we adapt our segmentation to select greater risks and higher profitability? 

 

Figure 1 - Multi-layer segmentation of the pricing structure 

In this paper, we focus on the analysis of competitor’s prices for non-life insurance product. 

We present some methodologies implemented by Reacfin in the context of consulting 

assignments as well as a simple application of the demo version of the Non-Life Competition 

Analysis Tool recently developed by Reacfin to perform a commercial tariff comparative 
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analysis between several so-called competitors. This demo version is available on the website 

of Reacfin www.reacfin.com (in the section ‘OnlineApp’). 

When developing a new commercial tariff, the first step consists in the calculation of the 

technical tariff (or pure premium) which is by definition the amount the insurer should charge 

as a result of a zero sum game where, given the accepted risk drivers, there should be neither 

gain nor loss. In practice, however, the policyholder will pay a higher premium in order to 

accommodate for additional costs (e.g. running costs, fees and taxes). Additionally, a properly 

designed commercial tariff should accommodate for the market exogenous factors (e.g. 

competitor prices) and for the company’s strategy (e.g. level of mutualisation/segmentation, 

positioning on some segments…). In other words, the commercial tariff takes into account 

commercial arbitrages on the technico-commercial tariff.  

The arbitrages reflect the management adjustments due to competition or to the positioning 

of the company on the market. 

The purpose of the solutions developed by Reacfin on this topic is to provide a user-friendly 

environment allowing a comparative analysis between several competitors regarding their 

commercial tariff. As a result, it will facilitate the implementation of the necessary 

management adjustments in order to obtain an optimal commercial tariff calibrated to the 

market conditions. 

PRICE IDENTIFICATION IS A DIFFICULT EXERCISE 

Being able to identify the price of the competition is a must for an insurance company as it 

enables to assess its position (ranking) on the target segments the company has defined. It is 

also useful in order to determine the margin of increase by segment in case of segmented 

price increase, refine the discount policy taking into account the positioning of the 

competitors as well as to identify policyholder’s profiles more likely to lapse due to better 

opportunities at competitors. 

Identifying the price of competitors is a difficult exercise. Indeed, prices are usually not public, 

data from aggregators are not always fully reliable or well-structured, prices are not available 

for all competitors, and structured data collection is costly and more complex. There are 

mainly 2 solutions for data collection: 

 Price simulation on predefined profiles 

 External database from aggregators 

The optimal price analysis strategy is function of the available data and both data sources 
have their advantages and disadvantages. Indeed, it takes a lot of time to collect the prices of 
different competitors for predefined profiles. Using an external database doesn’t need any 
profile definition whereas the price simulation method requires well-thought and well-
structured predefined profiles. But an external database may not be completely 
representative of the corresponding market. Nevertheless, acquiring an external database is 
often cheaper than collecting prices for each predefined profile. The use of an external 
database can make the analysis more complex since the data can present an unstructured 
pattern while the price simulation, based on well predefined profiles, is very often easy to 
work with. Table 1 summarizes the pros and cons of the two data collection solutions. 

 

http://www.reacfin.com/
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Topic Price simulation External Database Analysis 

Data availability 
Usually limited as it takes time to 
collect 

Function of the aggregator 
number of profiles but can be 
huge 

Definition of 
profiles 

Prior definition should be well-thought 
and structured 

No profile definition and 
maybe not completely 
representative of the market 

Cost Price per profile is usually higher Price per profile is reasonable 

Difficulty of 
analysis 

Easy analysis if profiles are well defined 
Unstructured pattern makes 
the analysis more complex 

Table 1 - Characteristics of data collection sources 

PRICE ANALYSIS STRATEGY 

A sound strategy for the analysis of competitors’ prices could be to mix both sources of data 

 External Database analysis for structure and main parameters estimation 

 Price simulation for refinement of the model 

 
 

 

 

 

 

 

 

 

External Database Analysis 

External database analysis can help in assessing the global positioning of the company and 

identifying the price structure and main parameters. Thanks to adequate regression models,  

 one can identify the pricing structure of the competitors and obtain an estimation for 

most of the parameters of the model 

 one can test the relevance of variables in the pricing structure 

 one can compute the relativities for the available modalities 

 one can evaluate the global positioning of the company through a large number of 

different profiles 

If external database analysis is the only source of data collection available, the following 

drawbacks could nevertheless be observed:  

 inability to get an estimation of the relativity for each modality of the pricing variables 

if some modalities are not represented in the database, 

 uncertainty around the discount level included in the collected prices (Is it the best 

price? Is it an average price? Is it the highest price?) which could lead to inadequate 

conclusions. 

Pricing 
Analysis 

Price 
Simulation 

External DB 
analysis 

Data Analysis 

Data Collection 
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Price Simulation 

By an adequate definition of the simulated profiles, one can refine the identification of the 

competitor pricing structure and the estimation of the model parameters. Moreover the 

relativities for specific modalities of tariff variables can be computed, variables interactions 

can be identified, the discount level of the tariff can be assessed, and the prices obtained by 

another way (e.g. external database) can be credibilized.   

If price simulation is the only source of data collection available, the following drawbacks 

could be observed:  

 inability to get a relativity estimation of each modality of the pricing variables as it 

would require a very large number of profiles,  

 difficulty to test the overall positioning with respect to the competitors as profiles 

could be concentrated around one (or several) basis profile(s). 

REACFIN’S SUPPORT ON THIS MATTER 

Reacfin has developed over the past few years different tools and methodologies in order to 

analyze the prices of non-life insurance companies and help to fine-tune its pricing structure: 

 Reacfin Competition Tool: allows a graphical identification of the structure of a 

competitor tariff (including interactions between 2 variables) as well as the global 

positioning of the company; 

 Pricing Analysis methodologies: 

o Identification of interactions between variables, 

o Implementation of regression models to identify the price structure, 

o Regression tree techniques for identifying specific segments/characteristics 

(e.g. large differences between 2 prices), 

o Regression tree techniques for the ranking of competitors; 

 Reacfin Dispersion Tool: allows for a graphical visualization of the price difference 

between two reference prices and the identification of the segments where the 

differences are large (e.g. heatmpas, regression trees,…); 

 Reacfin Pricing Tool: allows for the fit of GLM and GAM models for technical pricing 

purpose; 

Some of these tools and methodologies are presented in the following sections through some 

case studies. All the figures presented in these examples are fictitious and have been 

developed for illustration purposes. 

We also refer to our previous white paper “Machine Learning applications to non-life pricing - 

Frequency modelling: An educational case study” (September 2017) for a comparison of 

statistical predictive modelling techniques (GLM, GAM) with machine learning techniques 

(regression trees, bagging, random forest, boosting and neural networks) in non-life pricing. 

The methods are explained in more details in that white paper. 
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PRACTICAL CASE STUDY I: PRICING ANALYSIS TECHNIQUES FOR NON 

STRUCTURED PROFILES 

The goal of this case study is to detail a Pricing Analysis performed on five insurers. The data 

file contains a set of different profiles, explanatory variables and premium prices obtained 

from an aggregator. The number of profiles is limited (+/-1.000) as this example was 

developed for educational purpose. 

It is important to mention that the data received was not built with the purpose of doing a 

structured Pricing Analysis (see case study III infra) but results from random price requests 

formulated by potential policyholders. This means for example that the profiles making up 

the data were not selected such that for all the modalities it would be possible to compute a 

relativity by simply dividing the prices of two profiles which explanatory variables only differ 

on one variable. This case study aims at developing a strategy of Pricing Analysis which is 

relevant when an insurer holds non structured profiles on the competition. 

The goal is to estimate as accurately as possible the commercial tariffs of the competitors in 

order to position its own tariff with respect to the competition. This allows an insurer to 

identify the cheaper or more expensive segments and to adjust his commercial strategy 

accordingly.  

Because the profiles analyzed are unstructured we use a statistical methodology consisting in 

fitting a Generalized Linear Model (GLM) on the available prices of the competitors. This has 

the advantage of selecting statistically the variables that are relevant in the tariff of a 

competitor (using significance testing of the parameters). Other more advanced machine 

learning techniques could be used in order to identify the pricing structure of the competitors 

but have not been tested in this case study. We refer to our white paper “Machine Learning 

applications to non-life pricing - Frequency modelling: An educational case study” (September 

2017) for a presentation of these techniques. 

The process described in Figure 2 ensures an adequate treatment of the data and a good 

fitting of the model: 

 

 

 

 

 

 

 

 

 
Figure 2 –Competition data analysis process for non-structured profiles 

 Fitting GLM without 
zip code variable 

 Creation of zones 
with GLM residuals 

 Fitting GLM with a 
« class » variable 
giving the zone 

 If needed: fit a GLM 
with an additive term 
and interactions 

 Deleting non 
varying variables 

 Formatting all 
variables to 
factors 

 Computing the 
mean absolute 
relative error 
on the initial 
observed prices 

 Significant 
variables 
comparison 

 Reference prices 
comparison 

 Relativities 
comparisons 

Relativities 
estimation 

Data File 
treatment 

Errors 
computation 

Insurers 
comparisons 

1 3 4 2 
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If the data file is large enough, then a cross-validation approach can be implemented in order 

to fit the data and to calculate errors. Cross-Validation is a recursive validation method based 

on multiple statistical sampling. The full dataset is partitioned in k sub-sets, (k-1) of which are 

considered as “calibration sets” on which the calibration is performed and one is used as 

“validation set” on which the model’s predictive ability is assessed. This was not tested in this 

simplified case study 

After treating the data, a GLM model is fitted on the prices leaving out the variable “zip code” 

and using a Gamma law (always strictly positive and continuous): 

𝑃𝑟𝑖𝑐𝑒 = 𝐺𝑎𝑚𝑚𝑎(𝑒𝛽𝑋) 

where 𝛽𝑋 = ∑ 𝛽𝑖𝑋𝑖  is the score (i.e. the linear combination of the available explanatory 

variables) with 𝑋𝑖 = 1 if the profile has the characteristic 𝑖 and 0 otherwise. Therefore 𝑒𝛽𝑖 is 

the correction to the intercept (𝑒𝛽0) when the characteristic 𝑖 is present. 

We identify geographical zones where the current predictor 𝑒𝛽𝑋 needs to be corrected by a 

similar multiplicative factor by computing the zip codes residuals and averaging them over 

each INS (code of five numbers attributed to each specific municipality in Belgium). The zones 

are defined by classifying the different INS with respect to their mean zip codes residuals. The 

variable « class » describes the different zones created that way. Let us mention that this 

approach could prove inadequate as more and more insurance companies are using a more 

granular geographical classification (e.g. MOSAIC code).  

𝑅𝑒𝑠(𝐼𝑁𝑆) =
∑ 𝑃𝑟𝑖𝑐�̂�(𝐼𝑁𝑆)

∑ 𝑃𝑟𝑖𝑐𝑒(𝐼𝑁𝑆)
 

Then we fit a GLM including all the initial variables as well the variable « class »: 

𝑃𝑟𝑖𝑐𝑒 = 𝐺𝑎𝑚𝑚𝑎(𝑒𝛽𝑋+𝛽𝐶𝑋𝐶 ) 

If the prediction error of this GLM is sufficiently low we move on to the stepwise selection of 

the variables in order to reach a model as simple as possible and including only the most 

relevant variables for each competitor. At each step of the stepwise procedure the most 

insignificant variable is rejected and a new GLM is fitted on the remaining variables.  

If the prediction error computed when all the initial variables are included is too high we first 

try to fit a GLM including an additive term. The geographical classes determined before are 

kept:  

𝑃𝑟𝑖𝑐𝑒 − 𝛼 ~ 𝐺𝑎𝑚𝑚𝑎(𝑒𝛽𝑋+𝛽𝑐𝑋𝑐) 

We select the optimal additive term 𝛼∗ by looping over possible candidates 𝛼 and computing 

each time the prediction error. Then a GLM including the additive term 𝛼∗ as well as 

interactions is fitted:  

𝑃𝑟𝑖𝑐𝑒 − 𝛼∗~𝐺𝑎𝑚𝑚𝑎(𝑒𝛽𝑋+𝛽𝑐𝑋𝑐+𝛽𝑖𝑛𝑡𝑋𝑖𝑛𝑡) 

In order to include relevant interactions in the model we try to identify how the current 

predictor 𝑒𝛽𝑋+𝛽𝑐𝑋𝑐 of 𝑃𝑟𝑖𝑐𝑒 − 𝛼∗ could be improved by fitting a regression tree on the 

current predictor residuals: 
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𝑅𝑒𝑠 =
𝑃𝑟𝑖𝑐𝑒 − 𝛼∗

𝑃𝑟𝑖𝑐�̂� − 𝛼∗
 

The two first split variables in the regression tree are likely to be the two variables between 

which setting an interaction in the GLM would lead to the best improvement of the current 

predictor as the first splits in a tree are usually the ones giving the best improvement on the 

prediction (here on the prediction of what remains to be explained by the GLM). 

We can fit recursively the following model by removing at each step, among all the variables 

with p-values bigger or equal than 5%, the one with the highest p-value until all the remaining 

variables show a p-value strictly smaller than 5%:  

𝑃𝑟𝑖𝑐𝑒 − 𝛼∗~𝐺𝑎𝑚𝑚𝑎(𝑒𝛽𝑋+𝛽𝑐𝑋𝑐+𝛽𝑖𝑛𝑡𝑋𝑖𝑛𝑡) 

Doing this procedure on the analyzed data for insurer1, it turns out that the simple GLM 

without additive term nor interaction is adequate.  

When performing the stepwise selection of the variables it turns out that 12 explanatory 

variables are insignificant and can be removed from the model:  

 

 

 

 

 

 

 

 

 

 

This process allows to put in evidence the variables that are relevant in the commercial tariff 

of the analyzed competitors as well as to assess the relativities linked to the modalities of the 

relevant variables. 

Variable n° Insurer1 Insurer2 Insurer3 Insurer4 Insurer5 
1      

2      

3      

4      

5      

6      

7      

8      

9      

10      
 

Stepwise 
selection 

Initial GLM Final GLM 

Figure 3 - GLM results for the price identification (competitor 1) 

 

 significant  insignificant 
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For every insurer and every variable the modality that is the most often present is fixed as the 

reference modality. Since the profiles in the data file are different for each insurer the 

reference class is different for each of them. 

Predicted vs observed prices for insurer1 when zip code is left out: 
 

 

 

 

 

 

 

 

 

 

 

 

 

The evolution of the mean absolute relative error of the GLM predictor on the observed 

prices for insurer1 can be represented as function of the dropped variables: 

 

 

 

 

 

 

As the illustration above shows, the relative error of the GLM predictor is about 2.1% after 

dropping all the insignificant variables whereas the trivial mean predictor (simple mean of all 

observed prices of the whole data file) has an error of 32%. Thus, one can say that the GLM 

predictor of insurer1 is quite good since the error is very limited and the difference between 

the relative error of the GLM predictor and the trivial mean predictor is quite high (32% - 2.1% 

= 29.9%) (segmented estimation has a big added value). This factor is also depending on the 

insurer and thus on the underlying data. 

Figure 4 - GLM results for zones identification 

Figure 5 - Evolution of the relative error of the GLM predictor in function of the number of 
dropped variables 
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Finally, one can do a comparison between the different insurer’s prices, predictors and 

relative errors by computing these indicators for every insurer in the data file. 

Since the reference class is different across the different insurers we cannot directly compare 

the relativities. In order to compare two GLM fittings and their estimated parameters, a 

unique reference class needs to be fixed. Each reference class is changed to this unique 

reference class by a simple scaling factor to the current intercept of the model. 

In this case study, we get the following results: 

 Insurer1 Insurer2 Insurer3 Insurer4 Insurer5 

Relative errors of GLM 
predictor 

2,1% 1,6% 1,5% 4,4% 1,7% 

Reference prices 245 200 190 203 190 

Table 2 - Relative errors of GLM predictors for every competitor 

The relative error of insurer4 is bigger than all the others, i.e. the prediction for Insurer4 is 

less precise than for all the other insurers.  

As already mentioned before, if the data file is large enough, then a cross-validation can also 

be performed in order to fit the data on a training set and to calculate the errors on a 

validation set. 

Since all the insurers have now the same reference class, relativities can be compared. The 

relativity for modality x is a multiplicative correction factor applied to the reference price 

when the modality x is present. 

In case of the variable « nrBedroom », we get the following relativities table (reference class is 

modality 3): 

Modality Insurer1 Insurer2 Insurer3 Insurer4 Insurer5 

0 71,0% 
   

64,0% 

1 78,6% 
 

77,4% 70,8% 76,3% 

2 90,0% 89,5% 88,5% 87,2% 88,6% 

3 100,0% 100,0% 100,0% 100,0% 100,0% 

4 112,9% 115,5% 114,6% 106,2% 114,1% 

5 127,3% 131,5% 132,4% 107,5% 132,6% 

6 144,4% 133,6% 152,3% 114,5% 152,0% 

7 171,4% 147,9% 172,9% 128,3% 172,7% 

8 204,2% 162,2% 189,4% 141,4% 193,1% 

 

In this example, the price for a policyholder having a house with one bedroom is (100% - 

76,3%) =  23,7%   cheaper at Insurer5  than for a person that has three bedrooms (reference 

class). 
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PRACTICAL CASE STUDY II: REGRESSION TREES FOR COMPETITORS 

RANKING 

The goal of this section is to present a methodology to identify the segments in which the 

insurance company is well-positioned with respect to its competitors. This step is an 

important driver of the dynamic pricing process for which several techniques can be put in 

place, such as 

• the use of graphical tools and analysis on the price difference (e.g. Reacfin Dispersion 

Tool), or 

• the clustering of segment in function of the ranking of the competitors with 

regression trees. 

The regression tree ranking technique has many advantages such as the positioning of the 

competitors and the identification of the segment(s) that is (are) essential for the 

competitor’s tariff structure. Decision trees are easy to understand and interpret.  

The case study relies on the same data as for the Case Study I presented above. 

Quick presentation of regression trees 

A regression tree technique is a data-analysis method that recursively partitions data into sets 

each of which are modeled using regression methods. The regression tree is composed of a 

root, several nodes and leaves. The tree is generally presented upside down, with the root 

node at the top and the leaves nodes at the bottom (see Figure 6). Initially, all data is grouped 

into the same partition. Then, the regression tree begins allocating the data into the first two 

partitions. The algorithm selects the split that minimizes the sum of the squared deviations 

from the mean in two separate partitions. This splitting rule is then applied to each of the 

new branches. This process continues until each node reaches a user-specified minimum 

node size and becomes a terminal node. It should be noted that if the sum of squared 

deviations from the mean in a node is zero, then that node is considered as a terminal node 

even if it has not reached the minimum size. We refer to our white paper “Machine Learning 

applications to non-life pricing - Frequency modelling: An educational case study” (September 

2017) for more explanations on regression trees. 

In our case we apply a regression tree to a categorical response variable: the 

positioning/ranking of an insurer with respect to its competitors. The tree will therefore try to 

minimize the proportion of prices which are wrongly positioned. In each node the predicted 

positioning is the positioning for which the number of miss ranked prices is the lowest in the 

node.  

Illustration 

Assume you want to detect the segmented positioning of insurer2 with respect to the other 

competitors. 

Initially, the root node contains all observations of the original data set and so it represents 

the prediction of the positioning of insurer2 without any segmentation. In our illustration, the 

most observed ranking of 2 (second best) is assigned to the root node when no segmentation 

is performed (equal to 100% of the data set). All nodes can be split exactly into two branches. 
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The first split separate the complete set of observations in two sets of observations with 

respect to the variable “nBedroom” (Number of bedrooms): 

- For the policyholders with two or three bedrooms (node #2 in the tree – 56% of the 

portfolio), insurer2 has position 1 on average. 

- For the policyholders with one or with four or more bedrooms (node #3 in the tree – 

44% of the portfolio), insurer2 has position 2 on average. 

 

This “splitting process” then continues until we reach a leaf which is a node that is not further 

split.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

There are no nodes with position 3 or 5 the most observed (so they are never kept as the 

node predictor). In fact position 5 is never taken by insurer2 in the database (that is why there 

are only 4 percentages given in each node).  

To wrap up, insurer2 has globally the cheapest tariff in front of his competitors if  

 the person has two or three bedrooms (node #2) 

 the person has two or three bedrooms and one or two garages (node #4); 

 the person has two or three bedrooms, more than 2 garages, one attic and no cellar 

(node #20); 

 the person has one, four or more bedrooms and the house was recently built (after 

2006) (node #6). 

This segmentation of its positioning can then help an insurer to adjust its premium in order to 

reach its strategic (positioning, profitability…) objectives.  

Figure 6 - Regression Tree for insurer positioning 

Root node 

Branch 

Leaf node 

Node 

Node number 

Split condition: left branch 

is always for condition 

satisfied and right branch 

for condition not satisfied 
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PRACTICAL CASE STUDY III: REACFIN COMPETITION TOOL FOR 

STRUCTURED PROFILES 

In this case study, we present the methodology of competition analysis and the user-friendly 

competition tool produced by Reacfin. This tool is well suited for analyzing data coming from 

price simulation on predefined profiles but has also been completed recently to analyze data 

coming from aggregators (unstructured profiles). 

The goal is to predict the prices of the competitors by minimizing the prediction error and the 

number of profiles collected (price simulation perspective). The profiles are defined in a 

structured way (e.g. by defining a base profile and then let only one variable vary at a time for 

the others profiles) in order to optimize the process.  

Before going deeper into the case study, let’s present the basic formula used for premium 

identification that is currently implemented in the demo tool: 

𝑃𝑟𝑒𝑚𝑖𝑢𝑚 = 𝑒𝑥𝑝 (𝛽0 + ∑ 𝛽𝑗𝑥𝑗

𝑁∗

𝑗=1

+ ∑ 𝛽𝑘𝑙𝑥𝑘𝑥𝑙

𝑁∗

𝑘,𝑙=1
𝑘<𝑙

) + 𝛼 

where  

− the 𝛽𝑗’s (𝑗 ∈ {1, … , 𝑁∗}) are the parameters that we want to estimate for each 

explanatory variable and for each competitor; 

− the additive term 𝛼 is a fix loading. 

More complex tariff structures have been implemented in the context of Reacfin’s projects 

but we use this simplified structure for educational purpose. 

The target is to collect a set of structured profiles that permit to develop a good view on the 

tariff of the competitor, i.e. that enable to estimate the 𝛽𝑗’s. If we want to estimate a price of 

a non-collected profile, we should use the estimated parameters as well as some 

approximations (e.g. interpolation). 

The main features of the tool are the following: 

 The Univariate Reference Profile interface which allows the user to analyze the 

relative impact of the available explanatory variables with respect to the defined 

reference profile(s), 

 The Bivariate Reference Profile interface which allows the user to perform an analysis 

based on two underlying risk drivers to detect potential interactions as well as the 

fixed loading, 

 The Global Positioning interface which aims to provide a comparative analysis with 

respect to a reference insurer, 

 The Bivariate Global Positioning interface which enables the user to perform a more 

in-depth analysis not only at the global level, but also as a function of two variable risk 

drivers. 
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The Univariate Reference Profile interface 

When an insurer is fixing or reviewing his tariff, it is important to analyze his position with 

respect to his competitors on the market by focusing on the target segments. For each of the 

competitors, the ratio between the premium of a policyholder in a specific segment versus 

the premium of the designated base profile is computed with the condition that only the 

specific variable changes with respect to the base profile, e.g. the age of the insured person. 

These ratios should be compared over all competitors for the underlying explanatory variable. 

Basically this allows the insurer to compare the relative impact of the selected variable on the 

tariff of each competitor, giving an idea of the segmentation level of each competitor.  

In the illustration above, the relativities for all competitors are represented as a function of 

the selected risk driver “Age_ass” for the reference profile.  

One can see that all competitors are requiring a higher tariff for younger drivers compared to 

mid-age drivers and for the specific 18 year old tariff, the greatest difference is recorded for 

Competitor 1 vs Competitor 4. 

The analysis on the different segments allows adapting the tariff in order to rectify 
deficiencies with respect to competitors’ tariff but also to limit the portfolio on segments the 
insurer doesn’t want to underwrite in its portfolio by an adequate price increase on these 
segments. 

The Bivariate Reference Profile interface 

The tool provides also a two-dimensional view: indeed it is possible that there exist 

interactions between two explanatory variables. When there is an interaction term, the effect 

of one of the variables on the others differs depending on the level of the other variable. In 

general, two variables interact if a particular combination of variables leads to results that 

would not be anticipated on the basis of the main marginal effects of those variables. 

Figure 7 - Relativities in function of selected risk driver 
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If there is an interaction between two variables, the tool produces the following kind of table: 

 

Figure 8 - Table presenting the interactions between two variables. 

For instance, based on the illustration above, we can observe that 

 for contracts subscribed at competitor_3 for a car age of 8 years and a driver age of 40 years, 

we have an additional discount on the premium amounting to  6%  as compared to the 

corresponding tariff that would result from the product of the marginal relativities of these 2 
variables; 

 for contracts subscribed at competitor_1 for a car power of 218kw and a driver label Audi, we 

have an additional loading on the premium amounting to  9%  as compared to the 

corresponding tariff that would result from the product of the marginal relativities of these 2 
variables; 

 

The Global Positioning interface 

Next to this, the tool allows a comparative analysis guarantee by guarantee with respect to a 

reference insurer, i.e. that one compares the price of the reference insurer with respect to its 

competitors. This allows identifying global differences of the tariff of one insurer with respect 

to the others. 
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The illustrative graph here above shows that  

- Competitor_3 is slightly cheaper than the selected reference insurer on Garantie_1, 

- Competitor_5 is cheaper than the selected reference insurer on Garantie_2, 

- Competitor_4 is at the same price level than the selected reference insurer on 

Garantie_2, 

- Competitor_2 is more expensive than the selected reference insurer on Garantie_1, 

Garantie_2 and both together (cfr Total). 

The Bivariate Global Positioning interface 

The same type of analysis can be done in function of two variable risk drivers and with respect 

to every competitor of the reference insurer.  

Figure 9 - Position of the reference insurer with respect to its competitors on a global level 
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The result is presented as a table containing the ratio between the competitors price in the 

targeted segment (variable1; variable2) vs the price of the reference insurer within the same 

segment. A table per competitor as well as the heat map feature allows the user to have a 

better overview of the results.  

For example, looking at the results for “Competitor_2”, the heat map shows that the latter is 

less expensive than the reference insurer (much more red and orange cells, with a ratio <1, 

than green ones). Precisely, for a person aged 21 driving a car with an insured value between 

40.000 and 50.000, the total price of “Competitor_2” is  33%  cheaper than the price of the 

reference insurer for this type of person. But for a person aged 65 and having a car of insured 

value between 25.000 and 30.000, “Competitor_2” is only  5%  cheaper than the reference 

insurer. Besides, the heat map for “Competitor_4” shows that it is in a lot of cases more 

expensive than the reference insurer (a lot of green cells). So for a 55 year-old person driving 

a car of a value between 50.000 and 60.000, ”Competitor_4” asks a price that is  12%  higher 

than the reference insurer. 

 

A free simplified demo of this tool is available on http://www.reacfin.com/en/know-how-to-

risk/non-life-competitor-analysis-tool. A more developed version of the tool including 

regression trees and heat maps is also available. 

  

http://www.reacfin.com/en/know-how-to-risk/non-life-competitor-analysis-tool
http://www.reacfin.com/en/know-how-to-risk/non-life-competitor-analysis-tool


 

20 

 © Reacfin s.a. –June 2016 

A Reacfin White Paper on Non-Life Insurance: 
 

Competition price analysis in non-life insurance - How machine learning and statistical predictive models can help 
by Annick Biver, Michaël Lecuivre and Xavier Maréchal 

Reacfin – November 2017  

 

 

 

 

  

Reacfin s.a. is a consulting firm, spin-off of the University of 
Louvain.  

Our mission is to develop innovative solutions to manage 
our customers’ risks, products, capital & portfolios. 

Our company’s goals are to:  

 Develop state-of-the-art consulting services and 
robust and practical tools 

 Reach a balanced profitability coming from several 
sources (consulting services, training and 
commercializing tools & methods) and sectors 
within the financial industry. 

To do so…  
• We are the bridge linking academic excellence and 

market best practice 
• We attract and develop the best people, sharing 

strong common values 

 

What we do 

• Quantitative Finance and 

Actuarial  Science  

• Data Analytics & Predictive 

Modeling 

• Model design & implementation    

• (including calibration, testing, 

operational processes & model 

reviews) 

• Risk governance framework & 

policies advisory 

• Specialized strategic risk 

consulting 

 

Only those that truly share and apply our company’s values can be part of our consultant’s team. 
Reacfin’s management thus put great emphasis at enforcing in the firm: 

 

 

our 
outstanding

feature

our  
founding 
ambition

our 
every-day

commitment

our 
primary

focus

our 
deliverables
characteristic

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

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

We are dedicated at 
clearly understanding 

the needs of our 
clients

We deliver solutions 
that produce 

measurable value 

Our deliverables are 
tailored and actionable 

solutions  to our 
clients’ challenges

We develop 
sustainable 

partnerships with our 
clients

We never compromise 
on our commitments 

including level of 
quality, budgets & 

deadlines

All our deliverables are 
designed, developed 

and tested to last over 
time with constant 

efficiency
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E-mail  xavier.marechal@reacfin.com 
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Reacfin is a consulting firm focused on setting up top quality, tailor-made Risk 

Management Frameworks and offering state-of-the-art actuarial and financial 

techniques, methodologies and risk strategies. We focus primarily on serving 

Financial Institutions. 

Developments in finance and actuarial techniques are progressing at a rapid 

pace. Reacfin assigns highly skilled and experienced practitioners employing 

advanced analytics and complex predictive models. Our support, which is 

strongly rooted in the spirit of co-development, allows for an effective transfer 

of knowledge such that your firm will achieve sustainably improved 

performance and new competitive advantages. 

Reacfin is a spin-off of the University of Louvain (which ranks 1
st
 globally for 

Master degrees in Actuarial Sciences for the 3
rd

 consecutive year according to 

EdUniversal). We maintain strong links with the academic world which allows 

us to stay current and guarantees the independence, robustness and 

appropriateness of the advice and services we offer. 

 

 

 

 

www.reacfin.com 
info@reacfin.com 
+ 32 (0)10 84 07 50 

Linking Academic Excellence 

with Market Best Practice 


