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Abstract. The insurance sector operates by managing the transfer of risk from
policyholders to insurance providers, where premiums are charged as compensation for
the assumed risk. Traditionally, premium determination in motor vehicle insurance re-
lies on the Generalized Linear Model (GLM), which requires the response variable to
follow a distribution from the exponential family and may have limitations in captur-
ing non-linear relationships and complex interactions among rating factors. To address
these limitations, this study compares the performance of the Generalized Linear Model
(GLM) and the Gradient Boosting Machine (GBM) in modeling claim frequency and
claim severity for motor vehicle insurance premiums. The analysis is conducted using
an insurance dataset obtained from a public data repository, and both models are eval-
uated using K-Fold Cross Validation. Model performance is assessed based on the Root
Mean Square Error (RMSE), which measures the average magnitude of prediction er-
rors and is commonly used to evaluate predictive accuracy. The results indicate that the
GBM consistently produces lower RMSE values than the GLM for both claim frequency
and claim severity modeling, indicating superior predictive performance. However, de-
spite its higher accuracy, the GBM model lacks the interpretability inherent in the GLM
framework, which remains crucial for transparency and regulatory considerations in in-
surance premium determination. These findings suggest that while GBM is effective
for improving prediction accuracy, GLM remains valuable for interpretability, and a
complementary use of both approaches may provide optimal results in actuarial pricing
applications.
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1. Introduction

The insurance industry is one of the financial sectors directly affected by the Covid-
19 pandemic. Motor vehicle insurance premiums experienced a 19.9% decline in the
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first quarter of 2021 compared to the first quarter of 2020. This decline is attributed
to the Covid-19 pandemic, which resulted in policyholders traveling less and con-
sequently a 30.4% decrease in motor vehicle insurance claims in the first quarter
of 2021 compared to the same period in 2020. Despite policyholders traveling less
frequently, the premiums paid did not differ significantly from the pre-Covid-19
pandemic period because the premium rate determination system for motor vehicle
insurance products still relies solely on the insured vehicle’s coverage amount. In-
surance companies are competing to offer their products, and one strategy they em-
ploy is setting lower premium rates. According to Regulation No. Per-07/BL/2009
issued by the Chairman of the Capital Market and Financial Institutions Super-
visory Agency, it stipulates that the premiums imposed on insurance participants
consist of pure premiums plus administrative costs, acquisition costs, and the com-
pany’s profit. Premiums must be calculated based on several aspects possessed by
or characteristics of the insured, commonly known as rating factors. Premiums cal-
culated considering these rating factors are referred to as premium rates.

The calculation of premiums can be performed using the Generalized Linear
Models (GLMs) framework. In [1], as well as in [2], GLMs are utilized to calculate
premiums in general insurance. Additionally, [3] researched a Compound Poisson
model integrated with GLM. In [4], it is demonstrated that the assumption of
independence between frequency and severity claims can be relaxed by employing
Generalized Linear Models and incorporating rating factors into the model as a
modification. In [5], it is stated that for large-sized data, Generalized Linear Models
remain consistent in variable selection, suggesting their suitability for large datasets.

On the other hand, tree-based machine learning is a method that leverages a
tree structure to make decisions without requiring any assumptions. This method
is suitable for datasets with a substantial amount of data, and the distribution of
the data is unknown. Despite the often-perceived ”black box’
learning, numerous studies, such as those by [6], have explored its interpretability.

Based on the background outlined above, the researcher will develop a model
capable of calculating motor vehicle premiums based on rating factors using both
the Generalized Linear Model (GLM) and the Gradient Boosting Machine (GBM)
methods. The criterion used to determine the best method will be the Root Mean

)
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Square Error (RMSE), employing K-fold cross-validation.

2. Theoretical Framework
2.1. Generalized Linear Model

Linear regression analysis is a statistical method aimed at identifying linear rela-
tionships between variables, involving a response variable (the affected variable)
and predictor variables (the influencing factors). This method typically performs
well when the response variable follows a normal distribution and data variabil-
ity remains stable. Generalized Linear Models (GLMs), however, are designed for
cases where the response variable does not conform to a normal distribution and
data variability is constant [7]. GLMs extend linear regression by utilizing distribu-
tions from the exponential family, with the primary goal of estimating the response
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variable based on insights provided by the predictor variables.
The observation variable Y, which follows an exponential family distribution,
has the following probability density function [8]:

yb —b(0)
¢
where y being a response variable, 6 as the canonical parameter, ¢ as the scale
parameter, and S being a subset of the set of natural numbers N or real numbers R,
where b(0) and c(y, ¢) are known functions. In the exponential family distribution,

the following holds: E(y) = b'(6) and Var(y) = ¢b”(0).

GLM has the same objective as linear regression in general, which is to determine
the conditional expectation of the response variable using existing observed data.
In this case, parameters (1, 8, -+ , B, Will be determined through the link function

f(y|97¢) :exp( +C(y7¢))’y €5, (21)

of the mean values of explanatory variables (;), which can be expressed as a linear
combination of explanatory variables x; as follows:

n
glps) =mi =Bo+ Y Bjwiy =] =nii=1,2,--,m,
j=1
The function that links the linear predictor 7; to the mean response p; is de-
noted by g, where g is a monotonic and differentiable function. In the framework of

Generalized Linear Models (GLM), this function g is referred to as the link function.
If the link function satisfies:

(i) =Y Bjwij = i,
j=1

then ¢ is called the canonical link function.

2.2. Pure Premium

Pure premium is defined as the expected value of annual claim costs and is obtained
by multiplying the expected claim frequency by the expected claim severity. Un-
der the assumption that claim frequency and claim severity are independent, the

N
expected aggregate claim amount, denoted by E( > C;) can be expressed as follows:

i=1
N
E(Z C;) =E(N) -E(Cy), (2.2)
i=1
the severity claim (Cy,Cs, -+ ,Cy) are independent of the frequency claim (V).

2.3. Gradient Boosting Machine

The GBM algorithm focuses on the iterative use of weak learners to correct errors.
In other words, GBM examines the errors produced by the previous weak learner
and then constructs a new weak learner based on those error values. The weak
learners to be used in this final project are decision trees. Please observe the GBM
algorithm below.
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(1) Input: Training data {(z;,y;)}", and loss function ((y, f(z)).
(2) Define an initial model fo(z) = argmin 3 £(y;, p).
P =1
(3) For each iteration m = 1,2, -+, M, the model is updated through the following
steps:
M(yi.f(z4)) _

a) the pseudo-residuals are co ted as ri,;, = — ,
(a) pseudo-residu re compu T [ 2w iy (o )

1,2,--+  n.

(b) decision tree for r;ny, give a name to each external node as Rj,, with an
output of pj,, for j =1,2,---, Jp,.

(c) For each terminal node Rj,, an optimal update value p;,, is obtained by solv-

ing j =1,2,--+, Jm, calculate pj,, = argmin ) _p K(yi,fm,l(xi) + p).
o i jm

~ ~ J"YL
(d) Finally, the model is updated as f,,(z) = fm—1(x) + v Y pmI(z € Rjm).
j=1

(4) Output. fus(z).

A decision tree is a weak learner that is prone to overfitting. Therefore, in
GBM, there are hyperparameters that need to be adjusted to achieve the best
results. The selection of hyperparameters is commonly done using the k-fold
cross-validation method. Examples of some hyperparameters are Shrinkage (re-
ferred to as learning rate in R), interaction.depth (referred to as max_depth in
R), n.minobsinnode (referred to as min_samples_leaf in R), and n.trees.

2.4. Machine Learning Interpretation

A single decision tree is straightforward to interpret since it can be entirely repre-
sented and visualized in a two-dimensional graph. In contrast, ensemble models like
GBM do not offer this transparency, making them appear as black-box models. To
demystify and better understand the inner workings of models like GBM, various
tools and methods are available. This section introduces the tools employed in this
project to interpret the functioning of the GBM model.

(1) Variable Importance.
Variable importance was introduced by [9] and is a measure of how important
explanatory variables are in predicting the response. For a specific explanatory
variable z;,1 € {1,2,--- ,p}, in the decision tree m, the variable importance is
given by
J—1
Ii(m) = » 1(v(j) = 1)(AL);. (2.3)
1

<.
Il

To determine the significance of each variable, we calculate the total enhance-
ment in the loss function £ across all internal nodes J—1 where variable x; serves
as the splitting criterion. Variables with higher relevance yield greater cumula-
tive improvements in the loss function at these splits, distinguishing them from
less impactful variables. To assess each variable’s relative impact, we normalize
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the importance scores so that their sum equals 100%. This approach can be
extended to ensemble methods like GBM by averaging the importance score of
variable x; across all trees within the ensemble, as shown by:

1 M
Ii=+; > I(m). (2.4)
m—1

(2) Partial Dependence Plot
After identifying the most important variables, it is important to understand
their influence on the response. Partial Dependence Plot (PDP) shows the
marginal effect of a variable on predictions obtained from a model [10]. This
means that we compute predictions for a particular variable x; while averaging
the values of other variables z¢ according to:

filx) = % > Frmod er(@1,wi0). (2.5)
i=1

Here, C' represents the complement set of [, ensuring that [lUC = 1,2,--- | p;
z;,c denotes the values of other variables for observation ¢; and n indicates the
total observations in the training dataset.

It is essential to recognize that PDP evaluates the influence of z; on f(x)
after averaging the effects of the remaining variables z. on f(z). Consequently,
potential interaction effects between x; and other variables in x. could obscure
the isolated impact of z;.

3. Result and Discussion

In this study, the data used are from one of the insurance companies in the United
States. The data were obtained from the [11]. The data consists of information re-
lated to customers, with a total of 10,302 records. However, there are 1,663 censored
data points. Censored data are observations obtained from incomplete observations,
thus the analysis is only conducted on 8,639 data points. The variables analyzed
in this study include the number of children of the customer, customer age, year
of becoming a customer, monthly income, marital status (2 categories), gender (2
categories), education (5 categories), occupation (9 categories), duration of vehi-
cle usage, vehicle usage (2 categories), legal bluebook levy, vehicle age, red car (2
categories), and vehicle type (6 categories).

3.1. Generalized Linear Model
3.1.1. Frequency Claim

The frequency claim data is suspected to follow one of the discrete distributions,
however, after fitting the discrete distribution using the Anderson-Darling (A-D)
test, the data does not follow any discrete distribution. Based on this, fitting was
done to the Tweedie mixture distribution, using the ”tweedie.profile” function in the
R software. After testing the distribution of the claim frequency data, a p-value of
1.132653 was obtained. This indicates that the p-value is between 1 and 2, or it can
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be said that the response variable of claim frequency follows a Tweedie distribution.
Next, the determination of the best link function was conducted, where the best
link function is the one with the smallest AIC value. Based on the test conducted,
it was found that the log link function is the best link function with an AIC value
of 16312.66. By using the log link function, the claim frequency model is obtained
as follows:

g(i) =l B+ In p; = 2] B+ p; = exp(a] B). (3.1)

The goodness of fit of the claim frequency model in Eq. (3.1) will be tested. The
tests used to assess the goodness of fit of the model are the partial likelihood ratio
test and the Wald test.

Table 1. The estimation of parameters for the claim frequency model

Source B8 Std. Error  p-value
Intercept 0.0519524  0.1494263  0.728092
KidSdriv 0.1090512  0.0323352  0.000749
Age -0.0047564  0.0021432  0.026498
Income -0.0010793  0.0004247 0.011482
MSTATUS = single 0.2029693  0.0355616  1.19e-08
Education = Magister -0.3007894  0.1057419  0.004460
Occupation = Doctor 0.3232653  0.1496905 0.030841
Occupation = Lawyer 0.2241284  0.1102276  0.042058
Occupation = Professional  0.1913213  0.0738336  0.009583
Occupation = etc 0.4264444  0.1143232 0.000193
car use = personal -0.2350002  0.0563800  3.11e-05
Bluebook -0.0077682  0.0030025  0.009695
Car Type = Sports car 0.4132317  0.0753173  4.24e-08
Car Type = SUV 0.2765348  0.0650489  2.15e-05

From the results of the partial tests presented in Table 1, the claim frequency
model is obtained as follows:

BN = g = exp(Bo + pix} + Baxh + fazy + Bsxy + Bray
- i i i : i (3:2)
+ Zﬁs;’xgj + Brozip + Pzl + 2512j$12j)~

Jj=1 Jj=1

3.1.2. Severity Claim

Similar to claim frequency, the claim severity data is suspected to follow one of the
continuous distributions. However, after fitting the continuous distribution using
the chi-square test, the data does not follow any continuous distribution. Therefore,
fitting was done to the Tweedie mixture distribution using the ”tweedie.profile”
function in the R software. After testing the distribution of the claim severity data,
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a p-value of 1.757143 was obtained. This indicates that the response variable of
claim severity follows a Tweedie distribution.

Next, the determination of the best link function was conducted, where the best
link function is the one with the smallest AIC value. Based on the test conducted,
it was found that the log link function is the best link function with an AIC value
of 40390.79. By using the log link function, the claim severity model is obtained as
follows:

g(pi) = xfy & I g = xly & p = explay 7). (3.3)

The fit quality of the claim severity model, as represented in equation 3.3, will
be evaluated. To determine the model’s adequacy, both the partial likelihood ratio
test and the Wald test will be applied.

Table 2. The estimation of parameters for the claim severity model

Source y Std. Error  p-value
Intercept 3.7648081  0.5313250  1.52e-12
Kidsdriv 0.2842356  0.1163967  0.014633
MStatus = Single 0.3163777  0.1273632  0.013013
Bluebook -0.0387866  0.0107378  0.000306
Car Type = Panel Truck  0.6940844  0.3443632 0.043885
Car Type = Pickup 0.5198037  0.2071392 0.012115
Car Type = Sports car 0.5746832  0.2688504  0.032588
Car Type = Van 0.7248252  0.2655623  0.006361
Car Type = SUV 0.5283112  0.2260659  0.019469

From the results of the partial tests presented in Table 2, the claim severity
model is obtained as follows.
6

E[Ci] = pre = exp(yo + 117} + 7575 + 11ly + Y Y12;20s;)- (3.4)
j=1

3.2. Gradient Boosting Machine

The package gbm() will be used to apply the GBM method to the data. First,
hyperparameters such as shrinkage, interaction depth, and minobsinode will be
determined using cross-validation. After determining these three hyperparameters,
the package gbm() will determine the hyperparameter n.trees by reviewing the train
error and test error.

3.2.1. Frequency Claim

We will use 10-fold cross-validation to determine the best shrinkage value. Several
candidate values for shrinkage will be considered, including 0.01,0.05,0.1,0.3,0.5,
and 1.



Tariff Analysis of Motor Insurance Using GLM and GBM 85

Table 3. Cross Validation for Hyperparameter Shrinkage

Shrinkage  RMSE  n.trees
0.01 1.151192 1164
0.05 1.150657 202
0.10 1.151096 222
0.30 1.150924 45
0.50 1.152055 13
1.00 1.155289 20

Based on Table 3, it can be seen that the shrinkage value that provides the
smallest RMSE is 0.05. Therefore, this value will be used in the algorithm.

The next step is to determine the hyperparameters interaction depth and mi-
nobsinnode. These two hyperparameters are often determined together. They will
act as an early stopping rule on the decision tree built to prevent overfitting. Be-
low are the sets of values to be used as candidate values for interaction depth and
minobsinnode.

interaction.depth: {1,2,3,4,5,6,7,8,9,10}

minobsinnode: {16,17,18,19, 20,21, 22,23, 24,25}

minobsinnode

16 17 18 19 20 21 22 23 24
1 1,149815 1,150325| 1,148846 1,149666 1,149903 1,150087 1,150023 1,150401 1,149694
- 2 1,149310 1,149727 1,151557 1,150263 1,151253 1,149746 1,150086 1,150714 1,150298
:‘l,- 3 1,150804 1,152129  1,150952 1,149026 1,150611 1,151442 1,149895 1,149318 1,150045
-g 4 1,151692 1,152184  1,151760 1,151166 1,150325 1,150086 1,150632 1,151340 1,150372
.g 5 1,152256 1,152067  1,150469 1,150208 1,150852 1,150943 1,150167 1,150141 1,150100
E 6 1,151404 1,150444  1,150466 1,150233 1,150680 1,150657 1,151055)1,149606 1,151680
% 7 1,150968 1,151535  1,149985 1,151455 1,151729 1,150795 1,151195 1,151364 1,152890
- 8 1,151388 1,151450  1,152769 1,151675 1,151171 1,150537 1,151926 1,149775 1,151544
9 1,151566 1,152373  1,150427 1,151212 1,152785 1,151348 1,152273 1,151751 1,151528
10 1,151460 1,152238 1,151802 1,151470| 1,153751 1,151453 1,150882 1,149987 1,151878

Figure 1. Cross Validation for hyperparameter interaction.depth dan minobsinnode

We will use the combination that gives the smallest RMSE value, which is when
the interaction depth is 1 and minobsinnode is 18. This combination yields an RMSE
value of 1.148846.

The hyperparameters shrinkage, interaction depth, and minobsinnode have been
determined. The final step is to determine the hyperparameter n.trees. Note that
in Figure 2, the train error starts to increase after entering the 201st iteration.
Therefore, it is decided to use 201 iterations in the final model built, which is the
number of iterations just before overfitting occurs.

The hyperparameters to be used for the GBM algorithm are summarized in
Table 4.

25
1,151145
1,150163
1,150317
1,151196
1,152450
1,151951
1,151200
1,150966
1,151929
1,151320
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Figure 2. Train Error and Test Error for GBM

Table 4. Hyperparameter for GBM

shrinkage interaction.depth — minobsinnode n.trees
0.05 1 18 201

3.2.2. Severity Claim

We will use 10-fold cross-validation to determine the best shrinkage value. Several
candidate values for shrinkage will be considered, including 0.01,0.05,0.1,0.3,0.5,
and 1.

Table 5. Cross Validation for Hyperparameter Shrinkage

Shrinkage ~ RMSE  n.trees
0.01 119.0160 246
0.05 119.0646 55
0.10 119.0799 29
0.30 119.0706 3
0.50 119.1124 2
1.00 119.2548 3

Based on Table 5, it can be seen that the shrinkage value that provides the
smallest RMSE is 0.01. Therefore, this value will be used in the algorithm.

The next step is to determine the hyperparameters interaction depth and mi-
nobsinnode. These two hyperparameters are often determined together. They will
act as an early stopping rule on the decision tree built to prevent overfitting. Be-
low are the sets of values to be used as candidate values for interaction depth and
minobsinnode.
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interaction.depth: {1,2,3,4,5,6,7,8,9,10}
minobsinnode: {16,17,18,19, 20,21, 22,23, 24,25}

minobsinnode

16 17 18 19 20 21 22 23 24

1 119,0149 1189800  119,0687 119,0460 119,0966  119,0487 119,0477 119,0838  119,0673
.2 119,1053  119,1315  119,0092 119,0047  119,0526 119,1328  119,1432  119,0864  119,1004
3 3 119,1880  119,1798  119,1675 1191544  119,1564  119,1874  119,1652  119,1350  119,1624
T 4 119,1621 1191777  119,1027 119,1945 1191982  119,1380 1191671  119,1218)  119,2238
g s 119,1457 1191570  119,1981 119,1828 119,192  119,1440  119,2023  119,1349  119,1189
s 6 119,1370 1191700  119,1468 1191274 119,887  119,1828 119,150  119,1494  119,1992
N 119,1727 1192009  119,1879 1191832 1191834  119,1693 1191774  119,1359  119,1865
T8 119,1028  119,1996  119,1844 1192072 119,684  119,1356  119,1212  119,1433  119,1492

9 119,1308  119,1836  119,1861 119,1825 119,654  119,1791 1191434  119,1723  119,1523

10 | 1192227 119,1868  119,1562 1192410 1192117 1191583  119,1886  119,1687  119,1486

Figure 3. Cross Validation for hyperparameter interaction.depth and minobsinnode

We will use the combination that gives the smallest RMSE value, which is when
the interaction depth is 1 and minobsinnode is 17. This combination yields an RMSE
value of 118.9800.

The hyperparameters shrinkage, interaction depth, and minobsinnode have been
determined. The final step is to determine the hyperparameter n.trees. Note that
in Figure 4, the train error starts to increase after entering the 256th iteration.
Therefore, it is decided to use 256 iterations in the final model built, which is the
number of iterations just before overfitting occurs.
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Figure 4. Train Error and Test Error untuk GBM

The hyperparameters to be used for the GBM algorithm are summarized in
Table 6.

25
119,0492
119,1426
119,1542
119,1505
119,1538
119,1519
119,1274
119,1882
119,2074
119,2232
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Table 6. Hyperparameter for GBM

shrinkage interaction.depth — minobsinnode n.trees
0.01 1 17 256

3.3. Model Evaluation

Please refer to Table 7 to see the comparison of RMSE generated from the GLM
and GBM methods. The RMSE values will be used to compare the accuracy of the
two methods.

6-Fold Cross Validation untuk Frekuensi Klaim 6-Fold Cross Validation untuk Besarnya Klaim
1,7 124,1
. Chart Area
16 124
1,5 123,9 .—Q/.V\

123,8

RMSE
Boe
w
U!

3
RMSE

123,7 —fglm
1236 gbm
123,5

1234

Figure 5. Comparison of RMSE using 6-Fold Cross Validation for Claim Frequency and Claim
Severity

In Figure 5 the RMSE generated by both methods in claim frequency and claim
severity modeling for each fold can be observed. It can be seen that the RMSE
values for the GLM method are larger than the RMSE values for the GBM method.
This indicates that, for the data under consideration, the GBM method is better
suited than the GLM method for predicting claim frequency and claim severity.

Next, we will compare the average RMSE generated using 6-Fold Cross Valida-
tion for each claim frequency and claim severity modeling.

Table 7. Comparison of Average RMSE
Modeling GLM GBM

Frequency Claim  1,26578  1,11990
Severity Claim  123,8225 123,6169

From Table 7 it can be seen that the Gradient Boosting Machine (GBM) algo-
rithm is able to produce models with the lowest RMSE, both for claim frequency
and claim severity modeling. Therefore, it can be said that the Gradient Boosting
Machine (GBM) algorithm is more suitable for modeling claim frequency and claim
severity compared to the Generalized Linear Model (GLM) method.
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3.4. Interpretation Best Model

Gradient Boosting Machine (GBM) has a feature that can be used to identify which
variables contribute most significantly. This feature is known as variable importance.
Variable importance quantifies the influence of a variable by calculating how often
the variable is used as a splitting rule. Figure 6 displays the variable importance for
Claim Frequency and claim severity Modeling with GBM. Based on the figure on the
right-hand side, it can be seen that the customer’s age (AGE), the type of vehicle
(CAR-TYPE), and the customer’s monthly income (INCOME) are the variables
that have the most significant influence. Based on the figure on the left-hand side,
it can be seen that the bluebook variable, customer’s occupation (OCCUPATION),
customer’s age (AGE), and customer’s vehicle type (CAR-TYPE) are the variables
that have the most significant influence.

BLUEBOOK AGE
OCCUPATION CAR_TYPE
INCOME
CAR_TYPE
KIDSDRIV
TRAVTIME
INCOME
EDUCATION
MSTATUS
CAR_USE
CAR_AGE
YoJ
RED_CAR
GENDER

MSTATUS
OCCUPATION
BLUEBOOK
CAR_USE
KIDSDRIV
TRAVTIME
RED_CAR
EDUCATION
YoJ
CAR_AGE
GENDER

T T
0 o
I3

T T 1

o w o
3 2 2 5

0 4=.:.i.lll

5 -
0

|

25
0
5

Relative influence Relative influence

Figure 6. Variable Importance for Frequency Claim (right) and Severity Claim (Left) with GBM

We can see the marginal effect of customer age on claim frequency from the
machine learning model in Figure 7 on the right-hand side. The risk of filing claims
is high for policyholders in early adulthood and gradually decreases with age until
stabilizing around the age of 35. The risk starts to decrease again at around the
age of 40 and increases in elderly policyholders, around the age of 55. The early
adulthood age group has a higher accident rate. This factor is often associated with
a lack of driving experience and more risky driving behavior. Meanwhile, elderly
policyholders are often more cautious in driving, but health factors and decreased
physical response can affect the risk of accidents.

Figure 7. Partial Dependence Plots for Frequency Claim and Severity Claim against age customer

Based on the figure 7 on the left-hand side, we can see the marginal effect of
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customer age on claim severity from the machine learning model. Early adulthood
policyholders tend to have higher claim severity. This may be due to early adult-
hood policyholders often being involved in accidents with significant losses including
repair or replacement costs for vehicles. The comparison of claim severity and cus-
tomer age can be seen that the relationship between the two variables is somewhat
linear.

In Figure 8 we can see the marginal effect of customer vehicle type on claim
frequency (right) and claim severity (left) from the machine learning model. Pickup
trucks and minivans have high claim frequencies, while sports cars and pickup trucks
rank high in claim severity. This may be because some types of vehicles have higher
safety levels than others. Sports cars and other luxury cars usually have higher
premiums due to their high claim frequency and the expensive cost of replacement
parts. SUVs have the lowest claim frequency and claim severity because this type of
vehicle has performance and safety features with varying prices so that the insurance
rates for SUVs can vary depending on various factors such as safety features, size,
and reputation of certain models.

yhat

Figure 8. Partial Dependence Plots for frequency claim and severity claim against car type

In Figure 9 we can see the marginal effect of customer income on claim frequency
(left) and claim severity (right) from the machine learning model. The higher the
customer’s income, the lower the claim frequency tends to be. This could indicate
that people with higher incomes may be more cautious in obtaining insurance claims
or may have access to better services that prevent claims. On the other hand, in
terms of claim severity, we can see a pattern where claim severity tends to decrease
and stabilize with the increase in customer income. This may suggest that people
with higher incomes tend to have lower claim amounts.
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Figure 9. Partial Dependence Plots for frequency claim and severity claim against customer
income
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In Figure 10 we can see the marginal effect of customer age and customer ve-
hicle type on claim frequency (right) and claim severity (left) from the machine
learning model. It can be observed that for all customer vehicle types, the higher
the customer’s age, the lower the claim frequency and claim severity. However, in
comparing claim severity, it can be seen that for all customer vehicle types, the
relationship between customer age and claim severity tends to be more stable. On
the other hand, interactions between customer age and customer vehicle type can
also be observed. In claim frequency modeling, the interaction between customer
age and customer vehicle type is not very significant. It can be seen that the cus-
tomer vehicle types with the highest to lowest claim frequencies for all age points
are pickup trucks, minivans, vans, panel trucks, sports cars, and SUVs. The pat-
terns for each vehicle type are also very similar. Claim severity for each vehicle type
varies in order for each customer age. Therefore, it can be said that there is an
interaction between customer age and customer vehicle type.
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Figure 10. Partial Dependence Plots for frequency claim and severity claim against age and car
type

Furthermore, the pure premiums of motor vehicle insurance can be deter-
mined using the Generalized Linear Model (GLM) and Gradient Boosting Machine
(GBM). The policies whose premiums are to be determined originate from the test
set. By employing GLM, the expected claim frequency and claim severity can be
determined. Table 8 — Table 10 give randomly selected profile from the test set.

Table 8. Single profile Pure Premium

1D Number of Children Age YOJ Income Marital Status Gender

Education

493243717 0 49 8 $39,49 Not Married  Female

High School

Table 9. Single profile Pure Premium

1D Occupation  Travtime Car User Bluebook Car Type Cary Age

493243717  Professional 61 Private $5,450 SUV 1
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Table 10. Single profile Pure Premium

ID Frequency Pred. Severity Pred. Pure Premium
493243717 1.06331 27.98908 29.76114

In the same way, the pure premium values for motor vehicles can be obtained
using combinations of the aforementioned categories.

Table 11. The Premium Rates for GLM

1D Frequency Pred. Severity Pred. Pure Premium
196357678 1.28846 42.82746 55.18150
803846001 0,82219 31,40194 25,81835
798306776 0,67525 23,11107 15,60565
493274156 0,60405 11,65175 7,03830
421896035 0,77836 22,87542 17,80532

Table 11 presents the motor vehicle premium values for several profiles using
the GLM model. The determination of motor vehicle premiums using GBM follows
the same steps as in the GLM scenario. For example, let us consider Table 8 as the
randomly selected profile from the test set. The profile just described was observed
for only 3 months, so we can use the GLM predictions to determine the expected
frequency and severity for that exposure period. However, in practice, premiums are
updated or subscribed to annually, making it inappropriate to calculate premiums
assuming an exposure value of 1. This is why the Annual Pure Premium is also
calculated and included in the last column.

Determining motor vehicle premiums using GBM follows the same steps as in
the GLM scenario. For example, consider a random profile selected from the test
set as shown in Table 8, Table 9, and Table 10.

Table 12. Single profile Pure Premium for GLM & GBM

ID Method Frequency Pred. Severity Pred. Pure Premium Annual Pure Premium
493243717  GLM 1,06331 27,98908 29,76114 119,04460
493243717  GBM 0,82162 32,39270 26,61443 106,45770

In the example from Table 12 it can be seen that the GLM and GBM models pro-
duce distinctly different predictions. In terms of frequency, the GLM yields higher
predicted values, but for claim severity, the GBM model produces the highest pre-
dictions. However, the pure premium calculated is higher for the GLM model. In
the same way, the pure premium values for motor vehicles can be obtained using
combinations of the aforementioned categories.

Table 13 presents the motor vehicle premium values for several profiles using
the GBM model. The profile just described was observed for only 3 months, so we
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Table 13. The Premium Rates for GLM

1D Frequency Pred. Severity Pred. Pure Premium Annual Pure Premium
196357678 1,19318 32,29437 38,53307 154,13226
803846001 0,93637 24,790094 23,21270 92,85079
798306776 0,78555 20,16925 15,84399 63,37598
493274156 0,80321 20,59998 16,54614 66,18457
421896035 0,78937 23,78631 18,77618 75,10471

can use the GBM predictions to determine the expected frequency and severity for
that exposure period. However, in practice, premiums are updated or subscribed
to annually, making it inappropriate to calculate premiums assuming an exposure
value of 1. This is why the Annual Pure Premium is also calculated and included in
the last column. When a particular risk class or group of policies with very similar
characteristics consistently shows higher (or lower) claim frequency and/or higher
(or lower) claim severity, the model will provide higher (or lower) predictions in
terms of frequency and/or severity. The final result will yield premium values that
accurately represent and adjust to the true nature of the risk for each profile.

4. Conclusion

In our study we have shown that by using GBM models by tuning of the model
hyperparameters, we can create highly competitive models of claim frequency and
claim severity in a non-life insurance pricing setting. Given that we do not know
about the interactions of our true frequency and severity function, we have also
shown that the GBM outperforms the GLM in terms of both prediction accuracy
and ranking of the claim frequency and claim severity risk. The results of this
simulation study confirms other studies in that GBM models have the advantage
compared to GLMs that they can automatically detect and model non-linear effects
and interaction effects between explanatory variables. For GLMs, such non-linear
effects or interaction effects need to be manually investigated and included in the
modeling which often is a time consuming effort. On the other hand, we saw that
GLMs are relatively stable to fit whereas the GBMs are more prone to overfitting
the data. Another obvious advantage of GLMs are their immediate transparency,
since the parameter estimates of a GLM directly shows the effect of a variable on
the response. The application of variable importance and partial dependence plots
offers an effective way to interpret ML algorithms like GBM, providing transparency
and explaining the model’s operations. Furthermore, GBM guided us in the right
direction to develop GLMs with enhanced model performance.
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