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4.1  
   

 
Data 0  4.4.2  

 
Data 1  Predictive Modeling vol.2 [13]  

Chap.1 sim-modeling-dataset.csv  
Data 2  NL Ins Pricing with GLM [14] 

Case Study mccase.txt  [15] 
Data 3  MACQUARIE University [16] car.csv  

 
Data 4  R CASdatasets [17]  

freMTPLfreq/sev  
Data 5  R CASdatasets freMPL1  

 
Data 6  MACQUARIE University persinj.xls  

 
Data 7  kaggle Automobile Dataset [18] 

 
Data 8  kaggle Medical Cost Personal Datasets [19] 

 
 

4.2 Data 

6 Data 8 NA  

Data 2 Duration 0 0

 
 

4.2  
  

 
 

 
Data 0 50,000 8,543 
Data 1 40,760 3,169 
Data 2 64,548 670 
Data 3 67,856 4,624 
Data 4 413,169 15,390 
Data 5 30,595 3,265 
Data 6 NA 22,036 
Data 7 NA 164 
Data 8 NA 1,338 

 

  
  

AGLM
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 gender Male/Female   
area Urban/Rural   
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 freq   
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: / /

4.6 Male/Urban/25
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/ 4.6  

                                                   
 
13 AGLM/Full AGLM

 

AGLM
1 GLM O Lasso

0.39128 0.39684 699147833.77139 0.39037

2 GLM Lasso O
0.39128 0.39063 0.39553 0.39037

3 GLM Lasso O
0.39128 0.39684 0.39553 0.39037
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AGLM GAM

 

λ λ α β α/β
Base 0.16 0.16 1 50
gender Male/Female M + 0.02 + 0.02 + 0 + 0

F + 0 + 0 + 0 + 0
area Urban/Rural U + 0.02 + 0.02 + 0.20 + 10

R + 0 + 0 + 0 + 0
age 20-79 20-29 + 0.02 + 0.02 + 0 + 0

30-69 + 0 + 0 + 0 + 0
40-49 + 0 + 0 + 0.2 + 10
50-59 + 0 + 0 + 0.2 + 10
60-69 + 0 + 0 + 0 + 0
70-79 + 0.02 + 0.02 + 0 + 0

50,000 8,543

Freq Sev
~Poisson(λ) ~Gamma(α, β)

0.02
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4.2

4.2 Data 6 Data 8

 
4.11 AGLM w/Elastic Net ( ) Lasso ( ) 4.11

Freq Freq 14

 
 

4.11  

 

1 10
NA Data 6 Data 8

 

 

AGLM GLM GLM AGLM AGLM

O
4.12  

 

4.12 AGLM  

  

 Freq Freq Freq Freq
 

AGLM Freq Freq AGLM
 

 

                                                   
 
14  

Data1 Data2 Data3 Data4 Data5 Data6 Data7 Data8

Freq GLM/full 7 8 8 10 NA 8.3
Freq GLM/Penal/α=0 5 7 4 9 1 5.2
Freq GLM/Penal/α=0.5 3 6 5 8 4 5.2
Freq GLM/Penal/α=1 4 5 6 7 3 5.0
Freq AGLM/full 10 10 9 5 NA 8.5
Freq AGLM/Penal/α=0 8 3 1 4 2 3.6
Freq AGLM/Penal/α=0.5 1 2 3 2 6 2.8
Freq AGLM/Penal/α=1 2 4 2 3 5 3.2
Freq GAM/full 6 1 7 1 8 4.6
Freq CART/full 9 9 10 6 7 8.2
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4.13 GLM AGLM w/ Ridge ( ) 4.13 Sev
 

 

4.13  

 
1 10

NA  

 

AGLM O

4.14 AGLM GLM
 

 

 
AGLM

AGLM
O AGLM GLM

 
AGLM

AGLM
AGLM AGLM

 
EDA  

 
 

 
 

 

Data1 Data2 Data3 Data4 Data5 Data6 Data7 Data8

Sev GLM/full 8 9 7 9 8 5 8 5 7.4
Sev GLM/Penal/α=0 1 6 1 7 2 4 3 1 3.1
Sev GLM/Penal/α=0.5 4 5 2 3 3 7 6 3 4.1
Sev GLM/Penal/α=1 5 4 2 3 3 6 2 4 3.6
Sev AGLM/full 10 10 10 10 10 3 9 10 9.0
Sev AGLM/Penal/α=0 7 1 6 2 1 2 1 7 3.4
Sev AGLM/Penal/α=0.5 3 8 2 3 3 9 5 6 4.9
Sev AGLM/Penal/α=1 2 3 2 3 3 9 4 9 4.4
Sev GAM/full 9 2 9 1 9 1 NA 2 4.7
Sev CART/full 6 7 8 8 7 8 7 8 7.4
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4.14 AGLM  

  

 Sev Sev Sev Sev
 

AGLM Sev Sev AGLM

 

 

 

4.15 100 10 10
15  

 

4.15  

 
Tweedie 1 100

Data 6 Data 8  

 

AGLM w/ ENET ( ) Lasso ( )  4.15 Freq

AGLM w/ Ridge ( ) Lasso ( ) 4.15 Sev
 

 

  
GLM

AGLM

 

Data1 Data2 Data3 Data4 Data5 Data6 Data7 Data8

Freq *Sev 19 4 26 24 26 19.8
Freq *Sev 37 11 39 17 5 21.8
Freq *Sev 17 3 30 29 30 21.8
Freq *Sev 42 12 38 16 4 22.4
Freq *Sev 3 32 44 28 9 23.2
Freq *Sev 20 21 26 24 26 23.4
Freq *Sev 2 30 45 33 11 24.2
Freq *Sev 51 7 34 18 13 24.6
Freq *Sev 28 20 26 24 26 24.8
Freq *Sev 75 2 3 23 21 24.8
Freq *Sev 18 19 30 29 30 25.2
Freq *Sev 29 23 26 24 26 25.6
Freq *Sev 21 18 30 29 30 25.6
Freq *Sev 22 22 30 29 30 26.6
Freq *Sev 56 27 41 15 2 28.2

15
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Tweedie AGLM R h2o
 [20] A1.1  

 

A1.1 Tweedie AGLM  

Aggregate Loss

Twd  AGLM/Penal/ /VarPower /LinkPower  

Twd  AGLM/Penal/ /VarPower /LinkPower  

Twd  AGLM/Penal/ /VarPower /LinkPower  

 

VarPower Tweedie  

15 LinkPower 16

LinkPower LinkPower
 

4.4.3 Freq Sev Tweedie AGLM
103 Data 1 Tweedie

A1.2 1 103  
Tweedie AGLM 50 70

 
 

A1.2 Tweedie  

 
1 103  
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AGLM: an extension of GLM for actuarial practice 
using data science techniques 

 
Suguru Fujita*, Toyoto Tanaka†, Hirokazu Iwasawa‡ 

 
Abstract 

Predictive modeling in machine learning and data science is paid much attention in recent years, and it is 
now one of the most important tasks for actuaries to apply it in practice. However, due to the characteristic 
features of insurance data and such priorities as the interpretability of models and regulatory 
requirements in their decision-making, most actuaries may find difficulties in using those advanced 
techniques. The aim of our research is not to apply existing methods per se into actuarial practice, but 
rather to construct methods to fulfill the actuary’s original needs. We propose, from this standpoint, 
Accurate GLM (AGLM), a modeling method that is developed by combining data science techniques with 
the generalized linear model (GLM). 
 
Keywords: Regression Analysis, Generalized Liner Model (GLM), Discretization, Dummy Variable, 
Regularization 
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