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Introduction 

Use of credibility and penalisation in the literature: 

 

 

 

 

 

 

 

 

 

But how are these approaches related? 
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Example 

Consider workers’ compensation  relativity estimation 

Industry 
Observed 
Company 
Relativity 

Company A Mining 5.0 

Company B Mining 2.4 

Company C Agriculture 0.7 

Company D Manufacturing 1.2 

… 

Industry 
Adopted 
Industry 

Relativity 

Mining 3.0 

Agriculture 0.7 

Manufacturing 1.2 

… 

Observed Required 



Example (2) 
Problem setup: 

• 𝑛 companies  

• 𝑝 industries 

• Industry relativities 𝑅𝑗~𝑁 𝜇, 𝜏2  with 𝜇 = 1 

• The observed company relativities are distributed 

around their corresponding industry relativity, 

𝑌𝑖~ 𝑁 𝑅𝐽(𝑖), 𝜎
2  

 

In our example, we take 10 industries, companies per 

industry ranging from 2 to 39, 𝜏2 = 0.22, 𝜎2 = 0.32 

 



A credibility approach 

We apply Bayes’ theorem to obtain the posterior: 
 

  

𝑖

2𝜋 −1 2 exp − 𝑦𝑖 − 𝑟𝐽(𝑖)
2

2𝜎2  × 

   

j

2𝜋 −1 2 exp − 𝑟𝑗 − 1
2

2𝜏2  

 

Then obtain updated normal distribution for relativities, 

with mean: 

𝑅 𝑗 = 1 +
𝑛𝑗

𝑛𝑗 + 𝜎2 𝜏2 
(𝑌 𝑗 − 1) 

Standard expressions exist for estimating 𝜎2, 𝜏2 

 



A credibility approach (2) 

One important result is that this solution is optimal 

under squared error, for unseen data: 
1

𝑝
 𝑌 𝑗,𝑛𝑒𝑤 − 𝑅 𝑗

2

𝑗

 

In our example we can compare the credibility 

estimate against two alternatives: 

• The constant model (𝑅 𝑗=1)  

• Full weight to the observed average (𝑅 𝑗=𝑌 𝑗) (‘OLS’) 

 Approach Avg squared error on 

unseen (test) data 

Global average relativity (‘constant model’) 0.107 

Bayesian credibility estimates 0.097 

Industry average (‘OLS model’) 0.102 



Thought experiment 

What if 𝜏2 unknown, and didn’t have a formula? 

• Setting 𝜏2 large is a weak prior, solution favours 

observed data (tends towards OLS solution) 

• Setting 𝜏2 small is a strong prior, solution favours small 

credibility factors (tends towards constant model) 
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Thought experiment (2) 

The ‘optimal’ choice on test data corresponds to 

𝜏2 = 0.2022. The adopted relativities vary with 𝜏 
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A penalised regression approach 

Let 𝑋 be an 𝑛 × 𝑝 matrix,  
 

𝑋𝑖𝑗 =  
1    if 𝐽 𝑖 = 𝑗
0   otherwise

 

 

A penalised version of ordinary least squares 
regression is choosing parameters to minimise: 

1

𝑛
 𝑌𝑖 − (𝜇 + 𝑋𝑖

𝑇𝛽) 
2
+ 𝑃(𝛽)

𝑛

𝑖=1

 

With 𝜇=1 and Rj = 1 + 𝛽𝑗 the 𝑗th relativity. 
 

If there was no penalty term, solution is OLS solution, 
each relativity is the observed average 



A penalised regression approach (2) 

A popular penalty is ridge regression: 

1

𝑛
 𝑌𝑖 − (𝜇 + 𝑋𝑖

𝑇𝛽) 
2
+ 𝜆 𝛽𝑗

2

𝑗

𝑛

𝑖=1

 

Here 𝜆 controls the degree of penalisation: 

• 𝜆 → ∞ forces 𝛽𝑗 → 0 (constant solution) 

• 𝜆 = 0 gives the OLS solution 

So we again we have an index of models, can see 

how performance and adopted relativities vary with 𝜆 

 

A test dataset could be used to determine the best 

choice 



Hmmmm… 
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Why? 

General result: Any posterior can be recast as a 
penalised regression problem. The penalised 
regression solution corresponds to the mode of the 
posterior 

 

In the example: As the posterior is normal in the 𝑅𝑗, the 
mean and mode coincide. Taking the negative log of 
the posterior leaves us with the task to minimise: 

 
𝑌𝑖 − 𝑅𝐽 𝑖

2

2𝜎2
𝑖

+  
𝑅𝑗 − 𝜇

2

2𝜏2
𝑗

 

Substituting 𝛽𝑗 = 𝑅𝑗 − 𝜇 gives the penalised solution 
with 𝜆 =  𝜎2 (𝑛𝜏2) . 



Other penalties 

Another popular penalty is the Lasso which produces 

sparse solution curves 

1

𝑛
 𝑌𝑖 − (𝜇 + 𝑋𝑖

𝑇𝛽)
2
+ 𝜆 |𝛽𝑗|

𝑗

𝑛

𝑖=1
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Comments 

• Numerical approaches in penalised regression well 
developed  ability to create new & better priors 

• The Lasso and other sparse methods are useful for 

over-specified problems and have attractive 

properties for problems such as relativity estimation 

• Continuous variables can be treated similarly in the 

penalised regression framework 

• Alternative framework for finding variance terms 

• Applies naturally to other loss functions (e.g. GLMs) 

 



Applications 

1. Reserving triangles: can encode common fitting 

strategies via a sparse penalty 

2. Pricing: can reduce the ‘winner’s curse’ effect by 

introducing 

– Reversion to the mean (penalising coefficients) 

– Reversion to previous prices (penalising the 

difference between old and new price) 

3. Hierarchical credibility: also handled naturally 

1

𝑛
 𝑌𝑖 − (𝜇 + 𝑋𝑖

𝑇𝛽 + 𝑍𝑖
𝑇𝛾)

2
+ 𝜆1  𝛽𝑗

2

𝑗

+ 𝜆2  𝛾𝑘
2

𝑘

𝑛

𝑖=1

 

 



Applications (2) 

4. Automatic curve fitting: For example, 

− 𝑌𝑖𝛽𝑖 − 𝑒𝛽𝑖

𝑛

𝑖=1

+ 𝜆2  | 𝛽𝑖+2 − 𝛽𝑖+1 − 𝛽𝑖+1 − 𝛽𝑖 |

𝑛−2

𝑖=1
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Links to other approaches 

• Penalised regression solution curves are closely 

related to ‘boosting’ approaches 

• Mixed models are increasingly the standard way 

that credibility type models are specified in 

statistical packages 

 

 

 

See paper for further discussion 

 



Final comments 

• Reframing the problem is often instructive. Both 

frameworks have relative advantages 

– Formal priors and plug-in estimates in credibility 

– New penalties and computation in regression 

• Offers an intriguing possibility for formalising 

judgement actuarial assumption setting 

• Further work in developing 

– the framework for specific problems 

– practical tools that are fast, intuitive and 

adaptable 

 

 

 


