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tools

Dugas et al. (2003) − LR, GLM, DT,
NN, SVM

1 Tech. tariff −

Yang et al. (2018) − TDBoost 1
Tweedie
compound

PDP, VIP

Henckaerts et al. (2018) DT binning GLM 1 Freq, sev −

Wüthrich (2019)
Dummy encoding,
Embedding layers

GLM, NN,
CANN

1 Freq
avg. neuron
activation

Schelldorfer and Wüthrich (2019) Embedding layers CANN 1 Freq −

Ferrario et al. (2020) One-hot encoding
Boosted trees,

NN
1 Freq −

Henckaerts et al. (2021) − DT, RF, GBM 1
Freq, sev,
tech. tariff

PDP, VIP, ICE

Delong and Kozak (2021) Autoencoders NN 1 Freq −

Meng et al. (2022)
Convolutional
autoencoder
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Henckaerts et al. (2022) − GBM 6 Freq
PDP, SHAP,
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Deep
learning

Deep
learning

Surrogate GLM

Technical tariff

+ benchmarking study with multiple data sets

+ comparison of different embedding techniques

+ interpreting the results with a variety of interpretation tools
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Model-Agnostic Interpretable and Data-driven suRRogates

suited for highly regulated industries

Roel Henckaerts roel.henckaerts@kuleuven.be
Department of Accounting, Finance and Insurance
KU Leuven, Leuven, Belgium

Katrien Antonio katrien.antonio@kuleuven.be
Department of Accounting, Finance and Insurance
KU Leuven, Leuven, Belgium

Marie-Pier Côté marie-pier.cote@act.ulaval.ca

École d’actuariat

Université Laval, Québec, Canada

Abstract

Highly regulated industries, like banking and insurance, ask for transparent decision-making
algorithms. At the same time, competitive markets push for sophisticated black box models.
We therefore present a procedure to develop a Model-Agnostic Interpretable Data-driven
suRRogate, suited for structured tabular data. Insights are extracted from a black box via
partial dependence effects. These are used to group feature values, resulting in a segmenta-
tion of the feature space with automatic feature selection. A transparent generalized linear
model (GLM) is fit to the features in categorical format and their relevant interactions.
We demonstrate our R package maidrr with a case study on general insurance claim fre-
quency modeling for six public datasets. Our maidrr GLM closely approximates a gradient
boosting machine (GBM) and outperforms both a linear and tree surrogate as benchmarks.

Keywords: Business Practice & Compliance, GLM, Insurance, Segmentation, XAI

1. Introduction

The big data revolution opens the door to complex artificial intelligence (AI) technology in
search for top performance. At the same time, there is growing public awareness for the
issues of interpretability, explainability and fairness (O’Neil, 2016). The General Data Pro-
tection Regulation (GDPR, 2016) establishes a regime of “algorithmic accountability” and
“the right to an explanation” of decision-making algorithms. Highly regulated industries re-
quire an extensive review of algorithms by supervisory authorities and demand transparent
communication to customers on the reasoning behind an algorithm’s decisions. Examples
from the financial sector are the key information documents (KIDs) for packaged retail and
insurance-based investment products (PRIIPs, 2014), detailed motivations for credit actions
under the Equal Credit Opportunity Act (ECOA, 1974) and filing requirements for general
insurance rates to the National Association of Insurance Commissioners (NAIC, 2012).

Algorithmic comprehensibility hinders AI implementations in business practice due to
regulatory compliance (Arrieta et al., 2020). An explainable AI (XAI) algorithm enables
human users to understand, trust and manage its decisions (Gunning, 2017). There is a
clear distinction between explainability via interpretation techniques after the event and
interpretability or transparency by design (Guidotti et al., 2018). On the one hand, a wide
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[Henckaerts et al., 2022] [Charpentier, 2015][github/henckr/maidrr]

Australian MTPL Belgian MTPL French MTPL Norwegian MTPL

Number of observations

Frequency 67 856 163 212 668 897 183 999

Severity 4 624 18 276 24 944 8 444

Covariates: number and type

Continuous 1 4 2 0

Categorical 4 5 5 3

Spatial 0 1 2 1

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
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Feed-forward neural network 7

Feed-forward neural network characteristics:

▶ x : numerical input

▶ z(1), . . . , z(M): hidden layers

▶ q1, . . . , qM : number of neurons for each
hidden layer

▶ exponential activation in the output layer ŷ

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



Combined actuarial neural network (CANN) 8

CANN characteristics:

▶ ŷ IN : initial model input, i.e., a
GLM or GBM

▶ ŷNN : neural network adjustment
on the ŷ IN

▶ fixed CANN:

ŷ = exp
(
ŷNN + ln

(
ŷ IN

))
▶ flexible CANN:

ŷ = exp
(
wNN · ŷNN + wIN · ln

(
ŷ IN

)
+ b

)



Pre-processing steps



Continuous or spatial input variables 9

Continuous input variables:

▶ we use normalization around zero

▶ for each continuous variable xj we replace the
value xi,j with

xi,j 7→ x̃i,j =
xi,j − µxj

σxj

where µxj and σxj 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

S
oftm

ax transform
ation

S
oftm

ax transform
ation

Autoencoder embedding

▶ create one-hot encoding for each
categorical variable

▶ construct autoencoder with all one-hot
encodings as input

▶ encoded layer zenc of lower dimension
than the input layer

▶ apply softmax transformation on the
output layer

▶ train the autoencoder using
cross-entropy loss function

Delong and Kozak (2023)



Categorical input variables 11

After the autoencoder is trained, we can calculate the embedding of all categorical variables as

zenc
i = σ(enc) (Wenc · x i + benc) .

The vector zenc
i is a compact, accurate and numerical representation of x i .

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

Wenc 7→ W̃enc =



w11
σ1

w12
σ1

. . . w1c
σ1

w21
σ2

w12
σ2

. . . w1c
σ2

...
...

. . .
...

wd−1,1

σd−1

wd−1,2

σd−1
. . .

wd−1,c

σd−1
wd1
σd

wd2
σd

. . . wdc
σd

 ,benc 7→ b̃enc =



b1−µ1
σ1

b2−µ2
σ2
...

bd−1−µd−1

σd−1
bd−µd
σd





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

We use random grid search as tuning strategy (Bergstra
and Bengio, 2012):

▶ for each tuning parameter tk we define a range
[tk,min, tk,max]

▶ the search space S is defined as

S = [t1,min, t1,max]× . . .× [tK ,min, tK ,max]

▶ we draw a random grid R ⊂ S of candidate tuning
parameters.



Cross-validation scheme 15

D1 D2 D3 D4 D5 D6

D2 D3 D4 D5 D6

Train Valid. Test

Full data set D

Data fold 1

Data fold 2

Data fold 3

Data fold 4

Data fold 5

Data fold 6

Zoom in on training in fold 1

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
deviance in bold

▶ All results averaged over three runs to avoid
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
deviance in bold

▶ All results averaged over three runs to avoid
local minima solutions

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



Effect of autoencoder embedding 18
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Results for the Belgian MTPL data set.
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Partial dependency plots 21
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Partial dependency plots 22
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Partial dependency plots 23
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Partial dependency plots 24
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Results for the Belgian MTPL data set.
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Surrogate models 25

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 26

Covariates
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Surrogate models 28

Surrogate GLM fitted on the segmented data

Vehicle
power

Bonus-
malus
score

Policyholder age · · · Region
Frequency
surrogate

1 64 [30, 40) · · · {Champagne-Ardenne, Corse} 0.0099

3 76 [21, 26) · · · {Bourgogne, Limousin,
Pays-de-la-Loire} 0.0857

4 [79, 95] [40, 70) · · · {Bretagne, Centre, Ile-de-France,
Picardie, Rhone-Alpes} 0.1709

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 29

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 22 026.47
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.
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Risk profile comparison
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Portfolio comparison on predicted losses versus observed losses

Observed GLM GBM
CANN GBM

flex
Surrogate

GLM

Observed and predicted losses

Australia (AU$) 9 314 604 9 345 113 9 136 324 9 154 467 9 355 718

Belgium (e) 26 464 970 26 399 027 26 079 709 25 720 143 26 345 969

France (e) 58 872 147 56 053 341 56 207 993 58 629 584 57 048 375

Norway (NOK) 206 649 080 206 634 401 206 475 980 206 494 683 -

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 -
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Risk classification comparison using Lorenz curve
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▶ Our 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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