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Pricing in non-life insurance

Historical data ———— Modelling tools ———— Technical tariff



Introduction

Pricing in non-life insurance: frequency-severity modelling with GLMs

Frequency — GLM \
Historical data / Technical tariff

Severity — GLM

Henckaerts, R., Antonio, K., Clijsters, M. & Verbelen, R. (2018). A data driven binning strategy for the
construction of insurance tariff classes. Scandinavian Actuarial Journal, 8, 681-705.



Introduction

Pricing in non-life insurance: machine learning techniques

DT
Frequency — RF .
GBM .
Historical data X Technical tariff
DT R

Severity — RF
GBM

Henckaerts, R., Cote, M-P., Antonio, K. & Verbelen, R. (2021) Boosting insights in insurance tariff plans
with tree-based machine learning methods. North American Actuarial Journal, 25, 255-285.



Introduction 3

Pricing in non-life insurance: machine learning techniques and GLM as global surrogate model

DT
Frequency —» RF
GBM \
Historical data Surrogate GLM
DT /
Severity — RF

GBM 1

Technical tariff

Henckaerts, R., Antonio, K. & Cote, M-P. (2022). When stakes are high: balancing accuracy and trans-

parency with model-agnostic interpretable data-driven surrogates. Expert Systems with Applications, 202,
117230.



Contribution Categorical Model # Data Case study Interpretational
treatment architecture sets tools
LR, GLM, DT, .
Dugas et al. (2003) — NN, SVM 1 Tech. tariff —
Yang et al. (2018) - TDBoost 1 Tweedie PDP, VIP
compound
Henckaerts et al. (2018) DT binning GLM 1 Freq, sev =
. Dummy encoding, GLM, NN, avg. neuron
Wiithrich (2019) Embedding layers CANN ! Freq activation
Schelldorfer and Wiithrich (2019) Embedding layers CANN 1 Freq =
Ferrario et al. (2020) | One-hot encoding Boost;\slc’i\ltrees, 1 Freq -
Henckaerts et al. (2021) - DT, RF, GBM 1 Freg, sev,  pop vip, ICE
tech. tariff
Delong and Kozak (2021) Autoencoders NN 1 Freq —
Convolutional
Meng et al. (2022) — GLM 1 Freq =
Henckaerts et al. (2022) — GBM 6 Freq PDP, SHAP,

Surrogates



https://www.worldscientific.com/doi/abs/10.1142/9789812794246_0004
https://www.tandfonline.com/doi/full/10.1080/07350015.2016.1200981
https://www.tandfonline.com/doi/full/10.1080/03461238.2018.1429300
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3491790
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3320525
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3226852
https://www.tandfonline.com/doi/full/10.1080/10920277.2020.1745656
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3952470
https://www.sciencedirect.com/science/article/pii/S016792361930185X
https://www.sciencedirect.com/science/article/pii/S0957417422006042

Research contributions 5

Deep

Frequency — learning

Historical data \ Surrogate GLM
Deep /
learning

Technical tariff

Severity —

+ benchmarking study with multiple data sets
+ comparison of different embedding techniques

+ interpreting the results with a variety of interpretation tools



[github/henckr/maidrr]  [Henckaerts et al., 2022] [Charpentier, 2015]

Used data sets

Computational
Actuarial Science

maidrr

Australian MTPL  Belgian MTPL  French MTPL  Norwegian MTPL

Number of observations

Frequency 67856 163212 668 897 183999
Severity 4624 18276 24944 8444
Covariates: number and type
Continuous 1
Categorical 4 5

Spatial



https://henckr.github.io/maidrr/
https://www.sciencedirect.com/science/article/pii/S0957417422006042
https://www.routledge.com/Computational-Actuarial-Science-with-R/Charpentier/p/book/9781138033788

Deep learning architecture




Feed-forward neural network 7

Feed-forward neural network characteristics:

» Xx: numerical input

» z(D . z(M): hidden layers
> g1,...,qnm: number of neurons for each
hidden layer

» exponential activation in the output layer y

» Poisson deviance for frequency modelling,
gamma deviance for severity modelling




Combined actuarial neural network (CANN) 8

CANN characteristics:

» §!N: initial model input, i.e., a

GLM or GBM
\ » $MN: neural network adjustment
S @_+@ on the p/N
/ » fixed CANN:

y = exp ()A/NN + In ()A/'N))

» flexible CANN:
D@ o o )53




Pre-processing steps




Continuous or spatial input variables

Continuous input variables:

» we use normalization around zero

» for each continuous variable x; we replace the
value x; ; with

Xij = Hx;

O

Xij 7 Xij =

where (15, and o are calculated on the
training data

Spatial input variables
» AUS, FR, NOR, low number of levels:

categorical

» BE, very high number of levels: continuous
latitude & longitude



Categorical input variables 10

Autoencoder embedding

» create one-hot encoding for each
categorical variable

» construct autoencoder with all one-hot
encodings as input

uoljewJojsuel) Xxewyos
T

encoded layer z®"¢ of lower dimension
than the input layer

» apply softmax transformation on the
output layer

» train the autoencoder using
cross-entropy loss function

OO

L LIO!lELLLIO}SLITEJl Xewyos J L

Delong and Kozak (2023)



Categorical input variables

11

After the autoencoder is trained, we can calculate the embedding of all categorical variables as
Z?nc = O_(enc) (Wenc - Xi+ benc) .
The vector z5"¢

N is a compact, accurate and numerical representation of x;.

Therefore we need to normalise the values in z"¢ to be used in our FFNN and CANN models.

w11 wi Wic bi—p
o1 o1 e o1 o1
wor wip Wic by—po
o2 [op) Tt 02 lop)
Wenc — Wene = : : : : abenc = Denc = :
Wd—1,1 Wd—1,2 Wd—1,c bg_1—ptd—1
Od—1 Od—1 U Od—1 od_1
Wd1 Wd2 Wdc byg— g
od od od

od



Categorical input variables

12

Advantages of autoencoder embedding:

» allows for cross-effects between variables in the
embedding

» tunable autoencoded dimension

» unsupervised learning, so the autoencoder can be
trained on the entire training set, and learned
encoding can be used for both frequency and
severity modelling.



Combining neural networks with autoencoder embedding

13



Out-of-sample performance




Random grid search strategy 14

ts We use random grid search as tuning strategy (Bergstra
4 S and Bengio, 2012):
tomax [~ F === =======-=== 1

» for each tuning parameter t, we define a range
[tk7min7 tk,max]

» the search space S is defined as
S = [tl,mim tl,max] X ... X [tK,miny tK,max]

e » we draw a random grid R C S of candidate tuning
t1,min timax parameters.




Cross-validation scheme

Full data set D

Dy | Do | D3 | Dy | Ds | D Zoom in on training in fold 1

Data fold 1 D, D3 Dy Ds Deg

Data fold 2

Data fold 3

Data fold 4

Data fold 5

Data fold 6

Henckaerts et al. (2020)



Out-of-sample performance: frequency 16

Austalian data Belgian data French data Norwegian data

GLM* 0.3816 0.5314 0.2762 0.2779

GBM* 0.3804 0.5295 0.2714 0.2778

Neural Network 0.3816 0.5319 0.2706 0.2799

CANN GLM fixed 0.3820 0.5307 0.2765 0.2778

CANN GLM flexible 0.3793 0.5283 0.2743 0.2779

CANN GBM fixed 0.3805 0.5295 0.2711 0.2777

CANN GBM flexible 0.3782 0.5279 0.2695 0.2778

» Measured in Poisson deviance, lowest » All results averaged over three runs to avoid

deviance in bold local minima solutions

*GLM as constructed in Henckaerts et al. (2018)
*GBM as constructed in Henckaerts et al. (2020)



Out-of-sample performance: severity 17

Austalian data Belgian data French data Norwegian data

GLM* 1.5562 2.2280 1.7093 1.1355

GBM* 1.5359 2.2365 1.6471 1.1370

Neural Network 1.5752 2.2436 1.6104 1.1353

CANN GLM fixed 1.5414 2.2284 1.7132 1.1373

CANN GLM flexible 1.5508 2.2284 1.7124 1.1358

CANN GBM fixed 1.5357 2.2364 1.6472 1.1374

CANN GBM flexible 1.5395 2.2365 1.7153 1.1378

» Measured in gamma deviance, lowest » All results averaged over three runs to avoid

deviance in bold local minima solutions

*GLM as constructed in Henckaerts et al. (2018)
*GBM as constructed in Henckaerts et al. (2020)



Effect of autoencoder embedding

Poisson deviance

Gamma deviance

Australian data

0.404

—_—
0.394
0.384 —_—
0.374

One-Hot  Autoencoder

1.58 4
1574 =
1.56 4
1.554
1.544 \
1.534

T T
One-Hot  Autoencoder

Belgian data French data Norwegian data
0.540 0.35 0.31
———
— 0.304
0.5351 0.344
0.294
0.530 0.331
PO —— 0.284 ——
0.525 0.32 0.274
One-Hot Autoencoder One-Hot  Autoencoder One-Hot  Autoencoder
2.250 1.9 1.150
2.245 \ 1.1454
1.8
2.2404 \ 1.1404
1.7+
2.2354 1.135+
2.230 1.6 1.130

T T
One-Hot  Autoencoder

T T
One-Hot  Autoencoder

Model === CANN GBM flex === FFNN

T T
One-Hot  Autoencoder

18



Interpretation tools




Variable importance

Frequency modelling

Bonus-malus scale

Policyholder age

Vehicle power

Postalcode

Coverage type

Policyholder gender

Covariates

Fuel type

Vehicle age

Fleet car

Vehicle usage
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0.1 0.2
Importance

Model [ cem [l cann Gam fexivie [l FENN

Results for the Belgian MTPL data set.
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Severity modelling

Bonus-malus scale +

Policyholder age

Vehicle power +

Postalcode -

Coverage type 4

Policyholder gender

Covariates
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Vehicle usage +
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Variable importance

Frequency modelling

Bonus-malus scale

Vehicle age

Vehicle brand

Policyholder age

District of residence

Covariates

Vehicle power

Population density of area

Fuel type

Area of residence

T!IIIIIII

o
o
o
o

0.1
Importance

Model || cem [l Fenn [l cANN GBM flexible

Results for the French MTPL data set.
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Severity modelling

Bonus-malus scale

Vehicle age

Vehicle brand

Policyholder age

District of residence

Covariates

Vehicle power

Population density of area

Fuel type

Area of residence

i

0.05 010 015 020 0.25
Importance
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Model || cem [l Fenn [l cANN GBM flexible



Partial dependency plots

Frequency modelling

0.15

0.12

Partial dependence effect

0.09

25 50 75
Policyholder age

Model == GBM === FFNN === CANN GBM flexible

Results for the Belgian MTPL data set.

Partial dependence effect

1450

1400

1350

1300

1250

Severity modelling

/

50 75
Policyholder age

Model === GBM === FFNN === CANN GBM flexible
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Partial dependency plots

Frequency modelling

0.06 -

0.04 4

0.02-

Partial dependence effect

0.00+

<21 [2126] [2630[ [3040[ [40.50[ [50.70[ =70
Policyholder age

Model [ cem [l Fenn [l cann GBM fexible
Results for the French MTPL data set.

Partial dependence effect
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Severity modelling

2000

1500

1000

500

<21 [2126] [2630[ [3040[ [4050[ [50.70[ =70
Policyholder age

Model [ eam I Fenn [l cAnN GBM flexivle



Partial dependency plots

Partial dependence effect

0.05
0.10
0.15
0.20

Results for the Belgian MTPL data set.

CANN GBM flexible

Partial dependence effect

0.05
0.10
0.15
0.20
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Partial dependency plots

Partial dependence effect
0.05
0.10
0.15
0.20

Results for the Belgian MTPL data set.
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Premium structure




Surrogate models 25

Black box Model insights Segmentation Surrogate

Henckaerts, R., Antonio, K., & Cote, M-P. (2022). When stakes are high: balancing accuracy and trans-
parency with model-agnostic interpretable data-driven surrogates. Expert Systems with Applications, 202,
117230.



Surrogate models

Covariates

Bonus-malus
score

50
51
52
53
54
55
168
169
170
171
172
173

14

—

Vehicle power

Region

Rhone-Alpes

Picardie
Aquitaine

Franche-
Comte
Limousin
Haute-
Normandie

Partial dependency effects

Bonus-malus

score

0.0431
0.0547
0.0550
0.0489
0.0729

0.1910
0.1912
0.1918
0.1919
0.1926

0.1941

0.0445

Vehicle power

0.0515
0.0589
0.0623
0.0576
0.0492
0.0684
0.0634
0.0620
0.0587
0.0605
0.0600

0.0581

Results for French MTPL data set; CANN GBM flexible model.

Region

0.0595
0.0610
0.0507

0.0491
0.0566
0.0524
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— Segmentation
Bonus-malus

score
[50, 54]
[55,57]
[58,61]

62 Vehicle power

63 4

64 5 Region

: 6 {Zone 1}
[73,75] 7 {Zone 2}

76 8 {Zone 3}
[77,78] 9 {Zone 4}
[79,95] [10,11]  {Zone 5}

[96,100]  [12,15]
(101,173,



Surrogate models

0.15- E
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0.05 ]\ ||‘|I ‘l‘ll
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100 125 150 175 9 10
Bonus-malus score Vehicle power

Results for French MTPL data set; CANN GBM flexible model.

27

Spatial partial
dependency effect
per group

0.0452
0.0516
0.0563
0.0604
0.0671



Surrogate models

Surrogate GLM fitted on the segmented data

28

Bonus-

Vehicle malus Policyholder age Region Frequency
power surrogate
score
1 64 [30, 40) {Champagne-Ardenne, Corse} 0.0099
{Bourgogne, Limousin,
3 76 [21,26) Paye.de-ln-Loire} 0.0857
4 [79, 95] (40, 70) {Bretagne, Centre, lle-de-France, 0.1709

Picardie, Rhone-Alpes}

Out-of-sample performance comparison

Austalian data Belgian data French data
Binned GLM* 0.3817 0.5314 0.2761
Surrogate GLM 0.3805 0.5308 0.2738

*GLM as constructed in Henckaerts et al. (2018)



Surrogate models

Risk profile comparison

Variables Low risk Medium risk High risk
Vehicle power 4 6 9
Vehicle age 3 2 1
Policyholder age [21,26] [30, 40[ > 70
Bonus-malus scale 50 70 190
Vehicle brand B12 B5 B11
Fuel type Regular Regular Diesel
Population density of area 2.71 665.14 22026.47
District of residence Midi-Pyrenees Basse-Normandie Corse

Predicted number of claims

Surrogate GLM 0.020 0.106 0.361
CANN GBM flexible 0.021 0.101 0.519

Results for French MTPL data set.



Surrogate models

Risk profile comparison

Low risk

Area=A
DrivAge=2
VehBrand=B12
VehPower=4

VehGas=Regular {

VehAge=3

CANN GBM flexible

Region=Midi-Pyrenees
BonusMalus=50{

Density=1

-0.008

-0.006 -0.004 -0.002  0.000

Shapley value

Density_Region
BonusMalus_Region
BonusMalus_VehBrand
VehBrand_Region
DrivAge_Region
DrivAge_BonusMalus

=
@  VehBrand_Density L
3 VehPower=4 R
T VehPower_VehBrand [
8 VehPower_Region [
g VehGas=Regular *
% VehAge=: ] i
DrivAg —e—
VehBrand=B12 o !
BonusMalus=50 1 . |
Density=1 —— I
Region=Midi-Pyrenees { —@——t !
08 12

BonusMalus=704

VehBrand=B5
VehAge=2
Density=6.5
Area=B

VehGas=Regular

Region=Basse-Normandie {

VehPower=6
DrivAge=4

-0

BonusMalus=701

BonusMalus_Region
BonusMalus_VehBrand
VehPower=6
VehBrand=B5
VehAge=2
Density=6.5
VehPower_Region
DrivAge_Region
Density_Region
VehBrand_Density
VehBrand_Region
VehPower_VehBrand
VehGas=Regular
Region=Basse-Normandie
DrivAge=4

DrivAge_

Medium risk

0.00 0.02
Shapley value

High risk

BonusMalus=190
DrivAge=7
VehBrand=B11
VehPower=9{
Area=C
VehAge=1
VehGas=Diesel
Density=10

Region=Corse

0.1 02
Shapley value

190

Density=10
VehBrand=B11
DrivAge=7
VehPower=9 1
VehBrand_Density
Region=Corse
VehGas=Diesel
VehAge=1
VehPower_Region
DrivAge_BonusMalus
VehBrand_Region
Density_Region
BonusMalus_VehBrand
BonusMalus_Region
VehPower_VehBrand
DrivAge_Region

10.0

30



Managerial insights




Managerial insights

Portfolio comparison on predicted losses versus observed losses

Observed GLM cem CANN Gﬁzﬂ S”"°Ggflt\:
Observed and predicted losses

Australia (AU$) 9314604 9345113 9136324 9154 467 9355718
Belgium (€) 26464970 26399027 26079709 25720143 26 345969
France (€) 58872147 56 053 341 56207 993 58629 584 57048375
Norway (NOK) 206 649 080 206 634 401 206 475980 206494 683 -

Ratio of predicted losses over observed losses
Australia - 1.00 0.98 0.98 1.00
Belgium - 1.00 0.99 0.97 1.00
France - 0.95 0.95 1.00 0.97
Norway - 1.00 1.00 1.00 -

31



Managerial insights 32

Risk classification comparison using Lorenz curve

Australia Belgium French Norwegian
100 1.00 1.00
075+ 075 075
o o o 3
2 2 2 2
5 5 5 5
3 3 3 3
N 050~ N 050 N 050 N
g c c g
2 2 o o
o o o o
3 3 3 3
0.25- 025 025
0.00- 0.00 0.00
0.00 025 050 075 1.00 0.00 025 050 075 1.00 0.00 025 050 075 1.00 0.00 025 050 075 1.00
Risk score Risk score Risk score Risk score
1.00- 1.00 1.00
0.75- 075 075
o o 3
< < <
3 3 5
3 3 3
N 050+ N 050 N 050
e < <
2 o o
o o o
3 3 3
0.25- 025 025
0.00- 0.00 0.00
0.00 025 050 075 1.00 0.00 025 050 075 1.00 0.00 025 050 075 1.00
Risk score Risk score Risk score

Model — GBM — CANNGBMflex — GLM — Surrogate GLM



Conclusions




Conclusions 33

» Qur deep learning structures have a higher performance on multiple data sets, in both
frequency and severity modelling

» With interpretation tools we can get insights into the deep learning models

» We can construct interpretable and easy to use surrogate GLMs, based on the insights of
the deep learning models, including the predictive power of the deep learning models
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