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Abstract: Pricing extreme risks is difficult given the rarity of these events, the small volume of severe observations, and the peculiarity
of their statistical distribution. Thus, traditional methods such as generalized linear models are unable to model the frequency and
severity of extreme claims more accurately. On the other hand, most of the work put forward in the literature has required the formulation
of assumptions on the distribution of extreme data, which depend on the threshold of severe claims used. In this regard, this study
proposes a new approach to pricing extreme disasters based on artificial intelligence instead of the models traditionally used in this type
of modeling. The proposed approach makes it possible to exploit artificial intelligence throughout the pricing process for extreme risks,
from identifying the threshold to determining the pure premium. To achieve this, a k-means algorithm is used to determine the threshold
for extreme losses. The occurrence of these losses is predicted by using machine learning methods adapted to classification problems.
An actuarial model of pure premium insurance is developed to accommodate extreme losses, while the frequency and average cost of
major losses are estimated using machine learning algorithms. The results of this study demonstrate the effectiveness of the proposed
approach, based on artificial intelligence algorithms, in offering fair prices tailored to the high level of risk involved. This approach
allows insurance companies to optimize the pricing of high-risk insurance contracts.

Keywords: Artificial Intelligence, Extreme risks, Extreme value theory, Machine Learning, Non-Life Insurance, Pure Premium
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1 Introduction the type of extreme claims modeling. In this perspective, a
fairly large number of research works have been initiated.
Insurance companies place great importance on modeling
extreme risks such as fires and natural disasters due to the
colossal compensation costs in the event of claims.
Therefore, insurance companies are seeking to better
price these products at the right price to be able to cope
with the losses inherent to these risks, to achieve a profit
margin, and to ensure the company’s solvency.

However, pricing extreme risks is difficult given the
rarity of events, the small volume of data and the
peculiarity of their statistical distribution. Thus,
traditional methods such as generalized linear models are
unable to model the frequency and severity of extreme

Among these works, [1] propose two approaches to
model asymmetric insurance claims data containing large
extreme values. The first approach is to use the
generalized lambda distribution, while the second
approach is based on the use of the semi-parametric
transformed kernel density. Their results demonstrate the
advantage of these approaches over the generalized Pareto
distribution [1].

[2] use a parametric approach to model the severity of
fire losses in Norway. For this, [2] consider a set of
probability distributions, including the generalized Pareto

losses more accurately.

According to the theory of extreme values, a loss of
an amount above a threshold is qualified as an extreme
claim and if the amount is lower than this threshold by
an attritional claim. However, the problem that persists is
the choice of the extreme claim’s threshold, and therefore

distribution as well as other models proposed more
recently in actuarial literature, such as the
log-normal-Pareto and Weibull-Pareto distributions.

[3] develop a severity threshold model that divides the
claim size distribution into two zones, a lower zone,
where the claim size is below a given threshold, and an
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upper zone, where the claim size exceeds this threshold
[3]. [3] model extreme claims above the threshold
according to the Peaks-Over-Threshold (POT)
methodology of extreme value theory, using the
generalized Pareto distribution for the excess distribution
[3]. Claims below the threshold are modeled by a
generalized linear model based on the truncated gamma
distribution [3]. [3] demonstrate the advantage of the
severity threshold model over the commonly used

generalized linear model based on the gamma
distribution.
[4] examine various composite models with

commonly used global distributions combined with a
two-parameter Pareto distribution above a certain
threshold [4]. [4] explore the effectiveness of several
threshold selection methods in reserve estimation, as well
as the effect of choosing the global distribution,
depending on sample sizes and varying tail properties [4].
The study by [4] reveals that, when data are sufficient, the
empirical rule generally performs best in terms of reserve
estimation quality [4].

[S] propose a method for analyzing cyber claims
using regression trees to identify criteria for classifying
and evaluating claims [5]. They focus on extreme claims
[5], combining generalized Pareto modeling from extreme
value theory with a regression tree approach [5]. Coupled
with a frequency assessment, their procedure allows for
the calculation of central scenarios and extreme loss
quantiles for a cyber portfolio [5].

[6] focus on one of the methods of extreme value
theory, namely “Peaks-Over-Threshold” (POT), where the
thresholds of a generalized Pareto distribution (GPD) are
determined from a Hill diagram [6]. [6] propose a new
approach to select k via the Hill estimator obtained using
a quantile function of type 8 [6]. [6] use the obtained
threshold to identify the Value at Risk (VaR) and the
expected deficit for an event.

[7] explore the estimation of the Expectile conditional
on extreme tails using quantile regression and Expectile
regression models [7]. [7] propose three methods to
perform extrapolation based on a second-order condition
in a framework of so-called conditionally heteroscedastic
and unconditionally homoscedastic extremes [7].

[8] develop a methodology to automatically classify
claims into severe or not, based on the information
contained in text reports [8]. [8] propose different
rebalancing algorithms to solve the problem of
imbalanced data, where few observations are associated
with the extreme claim label. In addition, they use
different methodologies to process text data from reports
[8].

[9] Seek to apply extreme value theory to actuarial
science using an innovative parameter estimator, allowing
the calculation of pure reinsurance premiums and the
choice of retention limit for insurance companies [9]. [9]
conclude that extreme value theory is a powerful tool for
insurance, better capturing the behavior of extreme claims
compared to traditional models [9].

[10] seek to improve the ability of deep learning to
model extreme events for time series prediction. [10] find
that the weaknesses of deep learning methods stem from
the conventional form of quadratic loss. To address this
issue, [10] draw inspiration from extreme value theory
and develop a new loss function, called Extreme Value
Loss (EVL), to detect the future occurrence of extreme
events. Furthermore, [10] propose the use of Memory
Networks to memorize extreme events from historical
data. [10] develop an end-to-end framework for time
series prediction with extreme events, by integrating
Extreme Value Loss with a suitable Memory Network
module.

Most of the work is based on Extreme Value Theory
(EVT), that is the theoretical framework for models
analyzing extreme values. Some models, such as
Log-Normal, Weibull, and Pareto [1], fail to model
extreme observations of atypical nature. In contrast,
several models proposed in the literature use the
Generalized Pareto Distribution (GPD) to model extreme
claims. However, these approaches require the
formulation of assumptions on data distribution, which
depend on a threshold that separates extreme claims from
attritional claims.

In this perspective, this work presents a new approach
to pricing extreme risks based on exploiting the capacity
of artificial intelligence tools as a substitute for traditional
methods throughout the pricing process. Indeed, this
approach makes it possible to determine the threshold of
extreme claims using unsupervised machine learning
methods, in this case the K-means algorithm. In addition,
we model the occurrence of extreme claims using
machine learning methods. We also propose actuarial
modeling tailored to the pure premium for extreme losses,
while exploiting the performance of artificial intelligence
to determine the average cost and frequency of severe
claims.

To put our extreme loss pricing approach into
practice, we determine the pure premiums for an
insurance product covering fire risk. The results
demonstrate the advantages of pricing extreme claims
using artificial intelligence over traditional methods,
allowing us to offer fair-value premiums based on the
degree of risk assumed. The implications of this study
contribute to actuarial science, particularly regarding
pricing issues within the framework of extreme value
theory.

This article is developed as follows. In the second
section, we present our methodology adopted to propose
our approach to pricing extreme claims. In this
methodology section, we present the theoretical
framework of extreme claims modeling. We also proceed
to the theoretical development of our approach that
consists of defining the actuarial model of the technical
premium of extreme claims, the severity threshold model,
the extreme claims prediction model and the pure
premium prediction model. We present the results of this
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Fig. 1: Extreme Risk Pricing Diagram (by us)

study in the penultimate section. And finally, we close
this work with a conclusion in the last section.

2 Methodology

2.1 Proposed approach for pricing extreme
claims

In order to develop our extreme claims pricing model, we
establish three essential phases as illustrated in Fig. 1,
namely the phase of determining the extreme claims
threshold, the phase of modeling extreme claims
occurrence and the phase of modeling the pure premium
associated with the extreme claim.

The first phase consists of determining the extreme
loss threshold ¢. To do this, we use two methods
commonly used in extreme value theory, namely the Hill
estimator and the mean excess function estimator.

In this article, we propose to use an alternative
method derived from artificial intelligence, in this case an
unsupervised statistical learning method, namely
K-means, to determine the extreme loss threshold.

This threshold will be used in the second phase,
which consists of modeling extreme losses. We construct
a new claims database with a new variable indicating that
the loss is normal if the loss amount is below the
estimated threshold, or that the loss is extreme when the
loss amount is above the estimated threshold.

We then develop an extreme loss prediction model,
which consists of modeling the occurrence of extreme
losses in order to estimate the indicator variable using the
new claims database.

The nature of fire insurance claims allows us to
observe that the insured can suffer either a normal loss or
an extreme loss. The insured cannot suffer more than one
extreme loss per year of coverage. Indeed, it is unlikely
that there will be two serious losses in a single year in fire
insurance due to the time taken to assess and restore the
property to its initial condition following an extreme fire.
Based on this observation, our extreme loss prediction
model is a binary classification. This model then consists
of predicting whether the insured may suffer an extreme
lossY =1g=1,ornotY =1 =0.

To do this, we use five machine learning algorithms,
namely the Support Vector Machine algorithm, the K
Nearest Neighbors algorithm, the Isolation Forest
algorithm, the One Class SVM algorithm, and the
Auto-encoder algorithm. In order to choose the most
appropriate model for predicting extreme losses, we
evaluate these models based on performance measures
adapted to a binary classification (Table 1). The model
elected as efficient will be used as a model for predicting
the occurrence of extreme losses.

We then divide the database into a database with
normal claims and a database with severe claims. The first
database will be used to model the average cost and the
frequency of attritional claims, and the second database
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Table 1: Performance measures of a binary predictive
model

Measure Description

Accuracy = Accuracy measures the proportion of

% correctly classified observations among
all observations [11].

Precision = Precision measures the proportion

% of  correctly predicted positive
observations among all predicted
positive observations [11].

Recall = TPZ% Recall measures the proportion of actual
positive observations that are correctly
identified by the model [11].

Specificity = Specificity measures the proportion

T[\/Tiﬁ"P of correctly identified negative
observations among all actual negative
observations [11].

F1-Score = The Fl-score combines Precision and

PrecisionxRecall

PrecisiontRecall Recall into a single metric, providing

a balanced evaluation of the model
performance, especially for imbalanced
datasets.

will be used to model the pure extreme premium in the
third phase.

The pure extreme premium corresponds to the
increase that the policyholder must pay if they are at risk
of suffering an extreme claim by determining the
frequency of an extreme claim and the average amount of
the difference between the extreme claim amount and the
extreme claim threshold.

With this in mind, we add a new variable to the
second database of severe claims, which indicates the
difference between the extreme claim amount and the
extreme claim threshold. This variable is used to model
the extreme excess. Furthermore, it is necessary to merge
the second database, including the excess variable, with
the contract database, adding another variable for the
frequency of extreme claims to develop the extreme
frequency model.

We use a basket of machine learning algorithms to
develop the extreme frequency model and the extreme
surplus model. These algorithms are the XG Boost
algorithm, the Light GBM algorithm, the Cat Boost
algorithm, the Random Forest algorithm, the Deep
Learning algorithm, the Support Vector Machine
Regressor SVR algorithm, the Classification And
Regression Tree CART algorithm, the AdaBoost
algorithm, the Bagging algorithm, the Extra Trees
algorithm, the Gradient Boosting algorithm, and the ELM
Extreme Learning Machine algorithm.

In order to measure the performance of these
algorithms, we use Root Mean Square Error (RMSE) the
most used in the context of regression.

1 n
=Y =5 )

i=1

RMSE =

In the different phases of our approach, we divide
each database used into two subsets, a training set and an
evaluation set with respective proportions of 70% and
30%. Thus, we use the cross-validation technique which
allows us to search for the optimal values of the
hyperparameters of the algorithms.

2.2 Description of the pure premium model for
extreme claims

The famous approach to P&C Property and Casualty (Fire,
Accident and Miscellaneous Risks) insurance pricing, in
this case the “Frequency * Average Cost”” method, consists
first of all in determining the technical premium or in other
words the pure premium which corresponds to the cost of
the risk.

The pure premium is only the expectation of the total
claims burden.

pure  premium = E|[S] 2)

where S is a random variable representing the total claims
load [12].

In order to determine the law of the random variable S,
there are two models in the actuarial literature, namely the
individual model and the collective model [12]. According
to the collective model consists of analyzing all claims in a
combined manner. For this, the total load of claims is then
written:

Scoll = Z Xi 3
i=1

where: N is a random variable representing the number of
declared claims, and X; is a random variable designating
the cost of claim i. Using the collective model and
assuming that the number of claims N is independent of
the cost of claims and that the random variables of the
costs of claims have the same distribution, we can write
the expectation of the total load of claims according to the
famous model in P&C insurance pricing, in this case the
“Frequency * Average Cost” method [12]:

E[S] = E[N]«E[X] 4)

This approach consists in modeling the pure premium
by estimating separately the average number of claims
E[N] and the average cost of claims E[X] [12,13] in order
to multiply them afterwards.

Pure Premium = Average Number of Claims

&)

x Average Cost of Claims
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However, this modeling only allows pricing for
attritional claims. It does not take into account the pricing
of extreme claims. To do this, we propose an approach
that makes it possible to integrate the pricing of extreme
claims into the calculation of the pure premium.

To qualify a disaster as extreme, it must exceed a
threshold. Therefore, by exceeding this threshold, the
insured is no longer within the framework of normal
claims. To this end, this category of insured must be
penalized by an additional premium that compensates for
the higher risk incurred by the insurer.

In other words, if an extreme loss is predicted for the
insured, the insured will pay a pure premium composed
of two premiums. A pure premium for attritional losses
that are below the chosen threshold, and an extreme pure
premium for the excess, which corresponds to the
difference between extreme losses and the chosen
threshold.

From this perspective, we model the pure premium in
the following form, keeping the same assumptions made
in the frequency-cost model:

E[S] = E[N]*E[X] + 1p E[Ng| *E[Xg —1]  (6)

Where E [N} is the average number of normal claims,
E[X] is the average cost of normal claims, 1g is an
indicator variable for the occurrence of the extreme
claim,(1gz = O if the loss is normal and 1z = 1 if the loss
is extreme), E[Ng] is the average number of extreme
claims and E[Xg —t] is the average excess amount
resulting from the difference between the amount of the
extreme loss Xg and the extreme claim threshold 7.

Pure Premium = Attritionnel pure premium + 7

1g x Extreme pure premium ™

If the policyholder is not at risk of suffering a serious
loss, they will only pay the pure attritional premium.
However, if the policyholder is potentially at risk of
suffering an extreme loss, they will pay the pure
attritional premium plus a surplus in the form of a pure
extreme premium, which represents the average amount
of the excess of extreme losses over the serious loss
threshold.

The calculation of the pure premium, taking extreme
losses into account, involves performing four models:
modeling the frequency of attritional losses, modeling the
average cost of attritional losses, modeling the frequency
of extreme losses, and modeling the average cost of the
excess of extreme losses.

2.3 Theoretical framework for modeling
extreme losses

Extreme value theory (EVT) focuses on the study of the
tail of a claims distribution, that represents the highest

claim amounts, and measuring the probability of
occurrence in high quantiles, unlike classical statistical
theory, that focuses mainly on studying the behavior of
values around the mean or median of a distribution [14,
15].

Indeed, extreme value theory (EVT) makes it possible
to isolate large (extreme) values that are random and rare
events but which have a potentially significant impact
[16], and to model them separately from the rest of the
distribution, in order to improve their prediction as well
as that of ordinary values [17].

There are two main extreme value theory approaches
used to model extreme values, namely the generalized
extreme value (GEV) approach based on the maxima
(minima) block [18] and the generalized Pareto
distribution (GP) method based on the POT
Peaks-Over-Threshold approach [19,20].

The block-based approach models the maximum or
minimum of a very large sample, while the
peak-over-threshold (POT) approach studies the
distribution of excess losses above a threshold.

2.3.1 Maxima (minima) block approach

The maximum limit law approach was developed through
the Fisher-Tippett extreme value theorem [21], the work
of Gumbel [22], and the work of Gnedenko [23] that
provided the final version of the extreme value theorem.
Let be X1, ..., X, a sequence of i.i.d. random variables with
distribution function F, with
M, = max(X;)1<i<n = max(Xi,....,X,) is the maximum.
We denote F' the distribution function of the variable X.
Then [24]

Fy, = Pr(M, <x)
=Pr(X) <x,..., X, <x)
=Pr(X; <x)x..xPr(X, <x)

.- @®)

We are interested in an approximation of the
asymptotic distribution of the maximum.

lim Fy, (x) = lim [F(x)]" =

n—oo n—soo

0, ifx<uxp,
1, otherwise,

where xp = sup{x € R: F(x) < 1} is the extreme
point of the distribution function F [25]. Then,
M, — xp in probability when n — oo.

Fischer-Tippett Theorem [21]
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Assume n ii.d. random variables Xj,...,X, with
distribution function F. If there exist two real sequences
(an)n>1 and (b,),>1 with b, > 0, and a non-degenerate
distribution function G [26] such that

M, —a,
bn

when n tends to infinity, then G is of the same type as
one of the following three laws [23,24]:

G, (10)

—Fréchet’s law

x>0,
a>0. (11
0, otherwise,

[27]

The Fréchet distribution was introduced by the French
mathematician Maurice René Fréchet [28] as a law of
extreme values.

—Weibull’s law

x <0,
) a <O0.
1, otherwise,

(12)
The Weibull distribution was introduced by the
Swedish mathematician Waloddi Weibull [29].

—Gumbel’s law

Y(x) = exp(—exp(—x)) (13)

The Gumbel distribution was introduced by the
American mathematician Emil Julius Gumbel as an
extreme value distribution [22].

Generalized extreme value (GEV) distribution

The three distributions, namely Fréchet, Gumbel, and
Weibull, are special cases of the most general form of the
generalized extreme value distribution. [30] proposed the
generalized extreme value distribution (GEV), which
allows the three distributions to be combined into a single
distribution [31], [32]. The distribution function of a GEV
is generally expressed as [33]:

Gpo.z(x) = exp { - [1 +& (x;“)} o } (14)

with p the position parameter, ¢ the dispersion
parameter, & the shape parameter (or the tail index, which
depends only on the law of X).

The possible limiting distributions are parameterized
by the extreme value index &, that makes it possible to
divide the limiting distributions into three domains of
attraction, Fréchet, Weibull and Gumbel [14]: - If
& = o' > 0, the distribution is **Fréchet** (heavy tail).
-If € = a~! < 0, the distribution is **Weibull** (light
tail). - If & = 0, the distribution is **Gumbel**
(intermediate tail).

To estimate the GEV, we assume that the limiting
distribution is approximated by:

p(Mb— gx):ma,,xm)]" — GEV(1,0,£)

(15)
Thus, to model the maximum limit distribution, it is
sufficient to estimate it directly using a GEV distribution.
The GEV parameters are estimated using the “Block
Maxima” method. To do this, it is necessary to ensure that
the blocks are sufficiently large.

2.3.2 The Peaks-Over-Threshold (POT) approach

The threshold exceedance approach, proposed by [34],
consists of choosing a threshold high enough to determine
the excess values that exceed this threshold, and modeling
these excesses by an asymptotic distribution given by
Pickands’ theorem [34].

Law of Excesses

The threshold exceedance method is used to model
extreme values by approximating the law of excesses
exceeding a threshold u.

Let X —u an excess be above a threshold u. The
excess value represents the difference between the value
exceeding the threshold u and the threshold u [25]. This
threshold u# must be sufficiently large and less than the
maximum value of the actual random variable X [25,35].

The law of excesses is approximated using the
conditional law of the strictly positive random variable
X —u (with X > u). In fact, we seek to determine a
conditional distribution F, of the random variable X — u
from the distribution Fx [36]. The conditional distribution
function F,, of excesses beyond the threshold u is defined
by:

Fu(y)=PX-u<y[X >u)

F(u+y)—F(u)
= 1—F(u)
0, siy<0

1y >
siy >0, (16)

Generalized Pareto Law

Pickands’ theorem [34] allows us to determine the
form of the limiting distribution of excesses that can
converge to a generalized Pareto distribution (GPD) under
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certain conditions. According to the
Pickands—-Balkema—-De Haan theorem [27,34,37], a
distribution function F belongs to the domain of
maximum attraction Gg if and only if there exists a
positive function ¢ and a real number & such that [38]:

lim  sup
U 0 <y<xp—u

F(y) = FSoto =0 (7
where F,(y) is the conditional excess distribution
function for u high, xg is the extreme point of F [38],
x; =sup{x € R: F(x) < 1} and F?ﬁﬁt)(y) is the
Generalized Pareto function. '
The Generalized Pareto function is defined by:

- - [e ()] s

1—e/ol), si & =0,

(18)

wherey > 0if £ >0;and 0 <y < —o(u)/& if £ <O0.

The generalized Pareto distribution is denoted

GPD(&,0(u)) by the shape parameter or tail index & and

the scale parameter o(u). Thus, the GPD distribution

groups together three distributions according to the values

of the shape parameter. When & = 0, it is the

**exponential distribution**, when & > 0, it is the

**gtandard Pareto distribution**, and when & < 0, it is
the **type II Pareto distribution** [39].

2.3.3 Methods for determining the extreme threshold

According to extreme value theory, a loss exceeding a
given threshold is classified as an extreme loss, while a
loss below this threshold is classified as an attritional loss.
However, the challenge remains to determine the optimal
severe loss threshold before proceeding with extreme
value modeling. Indeed, a threshold must be chosen that
both isolates extreme losses and retains a sufficient
number of claims for modeling. A threshold that is too
low allows for a sufficiently large sample size, but it
negatively impacts the estimation; however, a threshold
that is too high does not provide enough data for
estimation. To choose the most appropriate threshold for
estimation, the literature on extreme losses presents
several methods for estimating the severe loss threshold,
namely the Hill estimator and the mean excess function
estimator.

The estimator of the mean excess function

The mean excess function describes the prediction of
whether the threshold u is exceeded when an excess occurs
[40]. It is defined as the ratio between the total amount
of excesses relative to a certain threshold u and the total

number of points exceeding this threshold u [41,42]. The
estimator of the mean excess function is written as follows:

Y (Xi—u)y

ba(u) =EX —u|X >ul ==,
i=1]X,~>u

19)

where é,(u) is the empirical estimator of the excess
function. To choose the threshold u, this approach
involves plotting the curve of the empirical estimator of
the residual expectation of X. We choose u such that &, (u)
is approximately linear for all x > u. We seek the optimal
threshold at which the curve has a linear shape [17]. If, at
a certain threshold, the empirical mean excess function
has a positive slope, then the data follow a Generalized
Pareto distribution with a positive tail parameter [40,43].
When the empirical mean excess function has a horizontal
slope, the data follow an exponential distribution. Finally,
when the empirical mean excess function has a negative
slope, the data follow a light-tailed distribution, i.e., a
negative tail parameter [43].

Hill estimator

The Hill estimator, the most widely used in extreme
value theory, was introduced in 1975 by [6,44]. It can
only be used for distributions belonging to the Fréchet
domain £ > 0 [14]. The Hill estimator ensures a good
bias-variance balance [45]. Given X| > ... > X,the order
statistic, n the number of observations, and k an integer
less than or equal to n, the Hill estimator is given by the
following formula [46,47]:

k

P |
il = i Y In(X;) — In(Xi11)] (20)
i=1

2.4 Selection of Machine learning algorithms
2.4.1 K-means

The K-Means algorithm was introduced by James
MacQueen in 1967 [48]. K-Means is a classification
algorithm belonging to the family of unsupervised
machine learning techniques. K-Means algorithm aims to
divide data into K clusters by grouping similar
observations into a single cluster distinct from the other
clusters [49]. To group data into the same cluster, the
algorithm measures dissimilarity distances. If the distance
between two observations is small, the two observations
belong to the same cluster.

2.4.2 Support Vector Machine
Support Vector Machine (SVM) is a supervised machine

learning tool suited to classification and regression
problems [50]. The Support Vector Machine technique
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allows the construction of a classifier that aims to create a
decision boundary, called a hyperplane, between two
classes such that it is as far as possible from the nearest
data points of each class [51].

2.4.3 K Nearest Neighbors

In 1951, E. Fix and J.L.. Hodges introduced, in a technical
report on nonparametric discrimination analysis and
probability density estimation [52], a nonparametric
classification method that became known as k-nearest
neighbors [53]. K-nearest neighbors is a supervised
machine learning algorithm suitable for both regression
and classification problems. KNN classifies unlabeled
observations by assigning them to the class of the most
similar labeled examples [54,55].

2.4.4 Isolation Forest

The Isolation Forest algorithm is like the random forest
algorithm but differs in that the forest’s decision trees are
built without any supervision, meaning without labels
associated with the data. It is particularly well-suited for
anomaly or outlier detection problems. The Isolation
Forest algorithm randomly divides the data by randomly
choosing an attribute and a division value, until no further
divisions are possible.

2.4.5 Classification and Regression Tree

Classification and Regression Tree (CART) was
developed by Leo Breiman in 1984 [56]. The decision
tree is a supervised machine learning algorithm
distinguished by its simplicity in understanding,
interpreting, and explaining [57]. Furthermore, the
decision tree is well-suited for solving regression and
classification problems. Decision trees are hierarchical
models that behave as a successive series of conditional
tests [12,58]. This structure takes the form of a tree,
comprising a root, internal nodes, and leaves, also called
terminal nodes [59,60]. The leaves, or terminal nodes,
represent the final predictions and labels resulting from
the sequence of divisions performed [59].

2.4.6 Random Forest

Random Forest, a supervised machine learning method,
was introduced by Leo Breiman in 2001 [61]. Random
forests are an improved extension of Breiman’s 1996
concept of bagging [62]. As its name suggests, a random
forest is formed from multiple trees constructed
simultaneously, rather than a single decision tree. What
particularly ~ distinguishes random forests is the
introduction of randomness during the construction of the

trees to be aggregated. This is achieved by randomly
drawing a number of explanatory variables to select the
optimal variable for each division. The predictions
obtained from the collection of random trees are
aggregated by calculating their mean or majority vote
[63].

2.4.7 Boosting methods

Boosting, introduced by Freud and Schapire in 1996 [64],
involves building individual models sequentially. Each
new model is created by learning from the errors of the
previous model. In other words, each model is an adaptive
and improved version of the previous one, penalizing
poorly predicted observations [65]. Among the boosting
methods used in this work are XG Boost, Light GBM, Cat
Boost, AdaBoost, and Gradient Boosting.

2.4.8 Bagging

Bagging, short for ”Bootstrap Aggregating,” one of the
first ensemble classifiers [66], is an aggregation technique
proposed by Leo Breiman in his article “Bagging
Predictors” (1996) [62]. This method involves generating
multiple versions of a predictor simultaneously and
independently from a single training dataset (Bootstrap)
and then aggregating them to obtain an overall predictor
(Aggregating). This is achieved either by averaging the
different versions for numerical values or by performing a
majority vote when predicting a final class for
classification [60,62,67].

2.4.9 Artificial Neural Network Algorithms

The history of artificial neural networks dates back to the
1950s [68] and the work of psychologists like Frank
Rosenblatt, who introduced the perceptron algorithm
[69]. The architecture of artificial neural networks was
inspired by biological neural networks to mimic the
human brain [67]. A neural network is composed of three
distinct types of layers: an input layer, which is the first
layer containing the input data; one or more hidden
(intermediate) layers, which are inserted between the
input and output layers; and an output layer, which is the
final layer generating predictions [70]. In this work, we
use three types of artificial neural network algorithms: the
Autoencoder algorithm, the Deep Learning algorithm,
and the Extreme Learning Machine (ELM) algorithm.

2.5 Data

To implement our proposed approach, we use an
open-source database representing the fire claims
portfolio [71]. This portfolio includes 27 variables and
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11,214 observations. Among the explanatory variables to
be considered are: Area of origin, Fire extent, Impact of
the fire alarm system on evacuation, Operation of the fire
alarm system, Presence of the fire alarm system, Ignition
source, Fire control method, Possible cause, Property use,
etc. The area of origin of 2 870 fires was the kitchen. 5
123 fires were confined to the object of origin and 4 084
fires were confined to a part of the room or area of origin.
According to the ignition source, 1 356 fires were caused
by smoking materials (e.g., cigarettes, cigars, already lit
pipes). The ignition source of 2 471 fires was
undetermined, and 1 916 fires were caused by stove
burners. 3 719 fires occurred in multi-unit buildings with
more than 12 units.

Table 2: Descriptive statistics of the variable “estimated
loss in Dollars”

Estimated loss in Dollars Value
Mean 42943
Standard deviation 53 3936
Min — Max 0 - 50 000 000
25% 250
50% 2 500
75% 15 000
99% 500 000
Sum 481 570 578

As reported in Table 2, losses from fires range from
zero to a maximum value of 50 000 000 with an average
loss amount per claim of 42 943. The total amount of
claims that exceed the 99th percentile of claims with a
value corresponding to 500 000 weighs 49.95% of the
total burden of fire claims. In other words, 1% of claims
generate almost 50% of losses.

3 Results and Discussion

3.1 Results of extreme losses threshold
estimation

We first applied the Hill estimator to determine the
threshold for extreme claims. However, we must ensure
that we are in a Fréchet domain. To do this, we estimated
the tail index & for the different possible numbers of
excesses.

Fig. 2 shows the Hill estimator plot, which plots the
tail index estimates £ as a function of the number of
excesses. From this plot, we see that the tail estimator for
each number of excesses is strictly positive. In this case,
we can use the Hill estimator since we are in a Fréchet
domain, and therefore the Hill estimator is well-defined
for £ > 0. However, we note that the estimator is volatile
when the number of excesses is high, specifically when
the number of excesses is greater than 2 000.
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Table 3: Hill Estimator Results

Hill estimator
Extreme claims threshold 75 000
Number of extreme claims 1121
Total burden of extreme losses 392367 102

As shown in (Table 3), the threshold for extreme losses
is estimated at around 75 000 by Hill estimator. According
to this estimator, a loss can be classified as extreme if the
loss amount exceeds an estimated threshold of 75,000. We
note that 9.49% of losses are extreme. The total burden of
extreme losses represents 81.48% of the total loss burden,
with an amount equal to 392 367 102. However, the burden
of 90.51% of normal losses represents only 18.52% of the
total loss burden.

We then determined the threshold for extreme losses
using the mean excess function estimator.

According to Fig. 3, there is a change in the slope
starting at the threshold of 13 000 000. Indeed, from this
amount, the average excess decreases as the threshold
increases. This decrease means that the number of claims
exceeding this threshold is low. We note that it is not easy
to determine the optimal threshold using the graph of the
average excess function. To do this, we fitted the excess
data to the Pareto distribution to estimate the distribution
of extreme values and identify the threshold that stabilizes
the average excess. For a basket of potential thresholds,
we calculated the average excesses and fitted a Pareto
distribution to the excess data. Finally, we chose the
optimal threshold that minimizes the difference between
the average excess and the Pareto distribution prediction.
Fitting to a Pareto distribution allows us to choose the
threshold where the model is most stable. In this sense,
the threshold of extreme losses according to the estimator
of the average excess function is 251 256.

Table 4: Results of the mean excess function estimator

The estimator of the mean
excess function

Extreme claims threshold 251256

Number of extreme claims 300

Total burden of extreme losses 284 767 000

Table 4 presents the results of the threshold estimation
using Excess Function Estimator. According to this
estimator, a loss can be classified as extreme if the amount
of the loss exceeds a threshold of 251 256. We note that
2.53% of the losses are extreme, representing 59.13% of
the total loss burden. However, 97.47% of normal losses
represent only 40.87% of the total loss burden.

Determining the threshold with classical estimation
methods from extreme value theory, including the POT
Peaks Over Threshold method, has some limitations.
Indeed, we note that the tail parameter estimates for the
Hill estimator are unstable even if the necessary condition
for the Hill estimator is satisfied (tail parameter estimates
are positive). This indicates some limitations of the Hill
estimator, including the need to make the assumption
about the underlying distribution whose domain of
attraction is Fréchet. In this case, the data may not be well
modeled by a heavy-tailed distribution. Moreover, if the
data do not belong to a homogeneous distribution or if
there are temporal effects that cannot be captured by the
Hill estimator, there will likely be an impact on the
stability of the Hill estimator. Thus, the Hill estimator is
not effective when the number of severe values in the data
is insufficient. Therefore, the tail parameter estimates are
unstable. Regarding the estimator of the mean excess
function, this estimator requires an assumption about the
distribution of the data. The limitation of this estimator is
that the data must follow a Generalized Pareto
distribution.
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To overcome the limitations of traditional estimators,
we determined the threshold for extreme losses using the
K-means algorithm as an innovative alternative to
traditional methods.

First, we performed an optimization of the
hyperparameters of the K-means algorithm. As illustrated
in Fig. 4, the optimal number of clusters is 2 with a better
silhouette score (0.9576). Indeed, the higher the silhouette
score, the better the quality of the clusters formed by the
K-means algorithm.

As shown in Fig. 5, the threshold for extreme losses
is estimated to be around 1 421 672. According to the K-
means estimator, a loss can be classified as extreme if the
amount of the loss exceeds a threshold of 1 421 672.

Table 5: The results of the K-means estimator

K-means estimator
Extreme claims threshold 1421672
Number of extreme claims 25
Total burden of extreme losses 70 350 000

According to Table 5, We note that 0.22% of claims
are extreme, their share in the total amount being equal
to 17.65% of the total claims burden. However, 99.78% of
normal claims represent 82.35% of the total claims burden.

Table 6: Results of the estimation of the threshold of
extreme losses

Extreme claims threshold

Hill Estimator 75000
Estimator of the mean excess function 251256
K-means estimator 1421672

From Table 6, we conclude that the three estimators
gave different results, that makes the choice a little
complicated.

In Fig. 6, we observe that the Hill threshold is lower,
which risks including attritional claims as extreme claims.

This can distort subsequent analysis. Similarly, the mean
excess function estimator yields a threshold higher than
that of Hill but much lower than that of K-means, which
risks considering moderate claims as extreme. However,
we observe that the K-means estimator captures a
reasonable number of extreme claims without risking
including values that are too low or moderate. This is
confirmed by the proportion of extreme claims isolated by
the K-means algorithm, which does not exceed 0.5%, in
line with the rare nature of extreme values.

We can conclude that the threshold estimated by the
K-means algorithm is the most appropriate for the nature
of our problem. Indeed, this threshold allows us to create
a small set of extreme claims without including too many
observations. In this sense, we use in the following the
threshold of the K-means estimator which is worth 1 421
672 as the threshold for serious claims.

3.2 Results of Extreme Loss Prediction

First, we created a new claims database to which we added
a new column named “grave_index.” This variable has two
categories: 0 if the claim is attritional or 1 if the claim is
extreme and the loss amount is greater than $1 421 672.

We have a database with 28 variables and 11 214
observations, of which 25 are extreme. However, this data
is highly unbalanced, which negatively impacts the
prediction performance of extreme claims due to the
small number of observations in the minority class.
Therefore, before modeling the indicator variable, we
attempted to rebalance the data using the Synthetic
Minority Over-sampling Technique SMOTE [72] to
address the problems associated with modeling minority
observations.

To ensure the correct choice of parameters for the
SMOTE algorithm, we used the Random Forest algorithm
as a classifier to train the model and verify the
performance of the SMOTE technique in data
rebalancing. In other words, we used the SMOTE
algorithm to generate samples and then applied the
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Random Forest algorithm to train it on these samples.
This process 1is repeated during hyperparameter
optimization. We optimized two parameters for SMOTE:
the “smote sampling strategy” parameter, which
determines the proportion of minority classes generated
relative to majority classes. The “smote k neighbors”
parameter indicates the number of k nearest neighbors
used to generate new observations. We found that the
optimal number of nearest neighbors is 5, and the optimal
proportion of severe claims is 75% compared to normal
claims in the new samples.

Fig. 7 illustrates the distribution of claims before and

after using SMOTE. After using SMOTE, we have a
database of 19 573 observations, including 8 388 extreme
cases. We rebalanced the data by increasing the number
of serious claims from 0.26% to 42.85%, compared to
57.15% of normal claims, instead of 99.74%, using the
SMOTE technique.
Once the synthetic sample was generated, we modeled the
occurrence of a serious claim using five machine learning
algorithms: the Support Vector Machine algorithm, the K
Nearest Neighbors algorithm, the Isolation Forest
algorithm, the One Class SVM algorithm, and the
Auto-encoder algorithm.

11185

8388

29

Avant SMOTE Apres SMOTE

Hsinsitres attritionnels sinistres graves

Fig. 7: Distribution of claims before and after SMOTE

We coded the categorical variables and scaled the
explanatory variables using the data normalization
technique. However, we end up with a database composed
of 519 explanatory variables.
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However, the use of all these explanatory variables
impacts the modeling process in terms of time cost. This
is why we carried out a variable selection using the
Random Forest algorithm which allows us to evaluate the
influence of each explanatory variable on the
“grave_index” variable and to take into account the
interaction between the explanatory variables. According
to this algorithm, we select 50 most important
explanatory variables.

Fig. 8 only shows the first 10 most important explanatory
variables.

The optimization of the hyperparameters of each
algorithm was carried out wusing the 5-fold
cross-validation technique and the Fl-score metric as
optimization criterion. This optimization made it possible
to determine the best hyperparameters to consider in the
construction of each algorithm (Table 7).

We present below the results of these developed
models.

From the calculated performance metrics (Table 8),
we observe that the Isolation Forest model correctly
predicts 47% of all observations. However, the algorithm
fails to correctly detect severe losses, with a precision and
recall rate of almost zero. With a specificity rate of
approximately 0.82, the algorithm is able to correctly
identify 82% of normal losses. However, the balance
between recall and precision is not achieved, with an
Fl-score of almost zero. With the One-Class SVM
algorithm, the model correctly predicts 59% of all
observations. The algorithm successfully detects 63% of

severe losses, with a precision rate of 51%. With a
specificity rate of 55%, the algorithm can only correctly
identify half of normal losses. Therefore, the F1-score is
around 57% on average.

Regarding the SVM algorithm, the model
successfully predicts 99% of all observations. Thus, the
algorithm demonstrates better performance in detecting
serious claims. Indeed, the model successfully detects
99% of serious claims with an accuracy rate of 99%. With
a specificity rate of approximately 99%, the algorithm can
correctly identify all normal claims. Therefore, the
balance between Recall and Precision was satisfied with
an F1-score of approximately 99%.

With the KNN algorithm, the model exhibits
satisfactory performance. Indeed, the model successfully
predicts 99% of all observations. In addition, the
algorithm correctly detects 98% of serious claims and
predicts 99% of serious claims correctly among all
predicted serious claims. Similarly, the model correctly
identifies 98% of normal claims. These results allowed to
have a good balance between Recall and Precision with
an Fl-score of 99%.

Using an Autoencoder algorithm, the model correctly
predicts half of all observations with an Accuracy rate of
52%. However, the algorithm fails to detect severe claims
with near-zero Recall and Precision rates. With a
Specificity rate of 91%, the algorithm correctly identifies
all normal claims. However, the model fails to achieve a
balance between Recall and Precision with a near-zero F1
score.
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Table 7: The best hyperparameters for each algorithm

Algorithm The best hyperparameters

Isolation Forest

’contamination’: 0.1, *'max_samples’: "auto’, 'n_estimators’: 50

One Class SVM  ’kernel’: ’linear’, 'nu’: 0.1
SVM ’C’: 10, ’kernel’: 'rbf’
KNN ’n_neighbors’: 3, *weights’: distance’
Autoencoder ’input_dim’: X_train_scaled.shape[1], ’encoding_neurons’: [32, 16], ’decoding_neurons’: [32], ’activation’:

[‘relu’, ’sigmoid’], ’optimizer’: *adam’, "loss_function’: mse’

Table 8: Performance of extreme loss prediction models

Metric Isolation Forest One Class SVM SVM KNN Autoencoder
Accuracy 0.4734 0.5909 0.9971 0.9918 0.5212
Recall 0.0003 0.6355 0.9988 0.9988 0.0003
Precision 0.0017 0.5189 0.9944 0.9824 0.0034
Specificity 0.8288 0.5574 0.9958 0.9865 0.9126
F1 score 0.0006 0.5713 0.9966 0.9905 0.0007

We also analyze the performance of each model based
on the Receiver Operating Characteristic (ROC) curve
and the Area Under the Curve (AUC) value to further our
analyses.

According to Fig. 9, we observe that the ROC curve
of the Isolation Forest model is very close to the upper
left corner with an AUC of 0.98, indicating better model
performance. We note that the ROC curve of the One-Class
SVM model is close to the diagonal with a low AUC of
0.37, indicating the poor capacity of this model.

The SVM and KNN models exhibit perfect curves
with an AUC of 1, demonstrating perfect performance
and a better ability of these two models to correctly
distinguish between severe and normal claims. However,
the Autoencoder model exhibits poor performance in
terms of the ROC curve and the AUC, which is only 0.07.
The model is unable to distinguish severe claims from
normal claims.

In general, the SVM, KNN, and Isolation Forest
models are the best models, representing good
performance in classifying claims into extreme and
normal. However, the One-Class SVM and Autoencoder
models are the least effective models in terms of
distinguishing claims.

To choose the best model to use for predicting the
occurrence of serious claims, we use the Fl-score
performance measure as a model selection criterion to
ensure a balance between recall and accuracy.

As shown in Fig. 10, the Support Vector Machine
algorithm exhibited the best performance among all the
models used. Indeed, this model had the highest F1-score
of 0.9966, followed by the KNN model with a value of
0.9905, and in third place, the One Class SVM model
with an F1-score of 0.5713. However, the Isolation Forest
and Autoencoder models had the lowest F1-score values,
which were almost zero.

In addition, the Support Vector Machine model also
demonstrated the best performance in terms of Recall,
Precision, and Accuracy, with values close to 100%. The
superior performance of the Support Vector Machine
(SVM) model suggests that it is better suited for
predicting the occurrence of extreme losses. In practice,
the insurer can distinguish with high precision between
attritional claims and extreme claims, thereby enabling
the offer of an appropriate premium for each policyholder
profile, particularly for those presenting a high risk.

3.3 Results of Extreme pure premium estimation

For the extreme loss frequency modeling framework, we
used the same extreme loss modeling database with a
change in the problem type. Instead of binary
classification, we performed regression to determine the
extreme loss frequency.

To this end, we used a basket of 12 machine learning
algorithms, namely the XG Boost algorithm, the Light
GBM algorithm, the Cat Boost algorithm, the Random
Forest algorithm, the Deep Learning algorithm, the
Support Vector Machine Regressor (SVR) algorithm, the
Classification and Regression Tree (CART) algorithm, the
AdaBoost algorithm, the Bagging algorithm, the Extra
Trees algorithm, the Gradient Boosting algorithm, and the
Extreme Learning Machine (ELM) algorithm.

We used the extreme claims database with the 50
most important variables selected using the Random
Forest algorithm.

To ensure the development of optimal severe claims
frequency models, we performed hyperparameter tuning
for each algorithm using 3-fold cross-validation and the
root mean square error (RMSE) as the optimization
criterion.

Table 9 presents the best parameters obtained during
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Fig. 10: F1 scores result for extreme loss prediction

hyperparameter optimization, which must be considered
in the construction of each algorithm.

Below we present the performance measures of the
developed models.

From Fig. 11, we observe that the AdaBoost, SVR,
CART, and XG Boost models have the highest root mean
square errors. These are the worst-performing models for
modeling the frequency of extreme claims. However, the
Light GBM, ELM, Random Forest, Deep Learning, and
CAT Boost models perform best on the test set, with the
lowest RMSEs around 0.04. The Cat Boost model has the
lowest root mean square error among all the models in the
test set, with a value of 0.043383. This model performs
well in predicting the frequency of extreme claims in both
the test set and the training set, where it achieved an
acceptable error of 0.0166. The Cat Boost model is the
best model for modeling the frequency of extreme claims.

In practical terms, the high performance of the Cat
Boost model enables the insurance company to more
accurately estimate the frequency of extreme claims,

information required to calculate the pure premium for a
policyholder with an extreme risk profile.

We move on to the presentation of the results of the
extreme loss cost modeling. To model the cost of extreme
losses, we created a database of extreme loss amounts.
We therefore created a new variable representing the
difference between the extreme loss amount and the
selected extreme loss threshold. These difference amounts
will be used to model the excess that the policyholder will
have to pay in the event of an extreme loss. However, this
new database only contains 29 observations of severe
losses. Therefore, we used a technique to generate
additional data, in this case the Bootstrap technique. This
technique allows us to have a fairly large database.
Thanks to this technique, we obtain a database composed
of 10 000 observations.

A step to select the most important variables was
performed using the Random Forest algorithm. This
algorithm allows us to build a database with only 50
explanatory variables. We developed extreme loss cost
models using the 12 machine learning algorithms used in
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Table 9: The best hyperparameters for each algorithm

Algorithm The best hyperparameters

XG Boost ’learning_rate’: 0.1, 'max_depth’: 7, *n_estimators’: 500
Light GBM "learning_rate’: 0.1, *n_estimators’: 500, *num_leaves’: 50
Cat Boost “depth’: 7, iterations’: 300, ’learning_rate’: 0.1

Random Forest ’max_depth’: 10, 'n_estimators’: 10

Deep Learning “hidden_layer_sizes’: (100,), 'learning_rate_init’: 0.01
SVR ’C’: 0.1, ’kernel’: 'rbf’

CART max_depth’: 10, *'min_samples_split’: 2

AdaBoost ’learning_rate’: 0.1, n_estimators’: 500

Bagging ’max_samples’: 1.0, 'n_estimators’: 10

Extra Trees
Gradient Boosting
ELM

’max_depth’: 20, 'n_estimators’: 30
’learning_rate’: 0.1, 'max_depth’: 3, *n_estimators’: 500
neurons’: 1000, activation_function’: ’sigmoid’

0,088114

0,083213

AdaBoost SVR

0,066795
0,058922 0,056587
0,051432  0,050982
| I I I 1 |
CART  XGBoost Gradient Extra Trees Bagging Light GBM Random
Boosting Forest

Fig. 11: RMSE:s for testing extreme loss frequency prediction models

Table 10: The best hyperparameters for each algorithm

0,04584

Deep
Learning

0,043383

Cat Boost

Algorithm The best hyperparameters

XG Boost ’learning_rate’: 0.01, ‘'max_depth’: 3, "n_estimators’: 10
Light GBM "learning_rate’: 0.01, *n_estimators’: 10, *num_leaves’: 31
Cat Boost “depth’: 3, ’iterations’: 100, ’learning_rate’: 0.01

Random Forest
Deep Learning
SVR

CART

AdaBoost
Bagging

Extra Trees
Gradient Boosting
ELM

’max_depth’: 10, 'n_estimators’: 10
“hidden_layer_sizes’: (100,), ’learning_rate_init’: 0.001
’C’: 0.1, ’kernel’: 'rbf’

"max_depth’: 10, *min_samples_split’: 2

’learning_rate’: 0.5, *n_estimators’: 10

’max_samples’: 0.5, 'n_estimators’: 10

"max_depth’: 10, 'n_estimators’: 50

’learning_rate’: 0.01, 'max_depth’: 3, "n_estimators’: 10
"neurons’: 1000, *activation_function’: *sigmoid’
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Fig. 12: RMSEs of testing extreme loss surplus prediction models

extreme loss frequency modeling. We adjusted the
algorithms’ hyperparameters using 3-fold cross-validation
and the root mean square error (RMSE) as the
optimization criterion. Table 10 presents the optimal
parameters required to build the most efficient models.

Below we present the performance measures of these
models in predicting extreme claim costs.

From Fig. 12, we found that Deep Learning, SVR,
XG Boost, Gradient Boosting, Light GBM, CAT Boost,
and AdaBoost were the worst performing models in
predicting extreme loss costs, with the highest RMSE
values exceeding 1 808 429. These models demonstrated
limited capabilities in modeling excess extreme loss
costs. However, Extra Trees, CART, Bagging, ELM, and
Random Forest models demonstrated remarkable
capabilities in predicting excess extreme loss costs.
Indeed, these models performed best on both the test and
training datasets, with the lowest RMSE values, with
values below 74 233.

We observed that the Random Forest model exhibited
the lowest root mean square error compared to all other
machine learning algorithms used, with a value of 26 953
on the test base. This model demonstrated good
performance in predicting the cost of extreme claims both
on the test base and on the training base, where it
achieved a minimum error of 29 161. We then used the
Random Forest algorithm to model the cost of extreme
claims. In fact, this model enables the insurer to predict
with high precision the amount of excess claims that
might be paid out if the insured presents an extreme risk
profile. Using these two models, the insurer will be able
to estimate the pure premium for extreme risks, the
amount that the policyholder would pay if classified

within the extreme-risk profile category. This premium
will be calculated by multiplying the frequency estimated
via CatBoost by the estimated cost of extreme claims
derived from the Random Forest model. The results of
this study highlight the potential of using artificial
intelligence algorithms throughout the pricing process for
extreme-risk insurance. Given the lack of data to model
the frequency of normal claims and therefore the normal
pure premium, and since modeling the pure premium for
attritional claims is addressed in other works, we limited
the scope of the application of the total pure premium
proposed in this study to the calculation of the surplus
that the insured must pay if the risks incurred are
classified as extreme.

4 CONCLUSION

In this study, we proposed an innovative approach to
extreme loss pricing, allowing us to determine the
extreme loss threshold and estimate the pure extreme
premium, using machine learning algorithms. The
actuarial model developed penalizes policyholders whose
risk is classified as extreme with a surplus called a pure
extreme premium. This surplus was modeled by
multiplying the extreme loss indicator variable by the
frequency of extreme losses and the average cost of
extreme losses. The results of this study demonstrate the
advantages of modeling the occurrence of extreme claims
using the Support Vector Machine algorithm, the cost of
extreme claims using the Random Forest algorithm, and
the frequency of extreme claims using the Cat Boost
model. The approach adopted in this work represents a
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theoretical and practical advance over traditional methods
in literature on extreme loss modeling. This work lays a
cornerstone for future empirical research aimed at
modeling extreme risks other than fire such as
catastrophic risks that, although outside the scope of the
present study, merit examination.
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