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Empiricalrisk minimization
principle

Č Bayesianinferenceparticularcase
Č Most usedapproachin classicalstatistics

Č Supervisedlearningproblems
Č Becamepopularin early2000s
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Č Robust and easy to implement

Č Easilyinterpretable results

Č Assumes an a priori distribution of the 

phenomenon to be modelled (often false)

Č Not suitablefor large dimensions :

- Complexconfiguration

- High riskof overfitting

Č Optimal in results

Č Suitable for high dimensionality

Č Learning protocol difficult to implement

Č Hardly interpretableresults

GeneralizedBinomial Estimator

Č Interpretable results

Č Efficient

Č Allowto work in high dimensionality

Č Learning protocol difficult to implement

Maximum likelihood
estimation

Empiricalrisk minimization
principle
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Deathcontribution [a] Exposurecontribution [b] ▲●[a/b]

Real 2 3

BinomialEstimator 1 4

GBE
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Č In nextsession,GBEwill beappliedon a real portfolio of CNPAssurances

ČD.9Ωǎresultswill beconparedto .9Ωǎresults(BE= BinomialEstimator)

Č Datahasbeenanonymized(in particularconcerningdeathrates)

Č Dataquality ishigh (externalaudit)

Annual average exposure 2 251 380

Total number of observed deaths 60 752

Averageage(years) 51

Averageseniority (years) 6

Č Some(real)statisticson the portfolio
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Evenif none information isavailable, 93% of dead
insuredsare still predictedby GBE
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Multi layersmodel & «Golden Features»

Studyprotocol

Convergence properties

‐ᶅ πȟɱά ὸὩὰήόὩίὭὲ ά ὥὰέὶίὖή ή ‐ ρ
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From« almostsure convergence» to
« approximatelyalmostsure» concept 


