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ABSTRACT 

This dissertation aims to explore the factors influencing the severity of motor insurance 
claims, with a specific focus on understanding the differences between electric and traditional 
vehicles. By identifying key variables that impact claim costs, the study seeks to assist 
insurance companies in making informed decisions to enhance profitability and sustainability. 

The research employs a combination of statistical analysis and predictive modeling 
techniques, including Generalized Linear Models (GLM) and Logistic Regression. Data from 
insurance claims with data related to mandatory third-party liability coverage, segmented into 
electric and traditional vehicles, are analyzed to identify patterns and variables that 
significantly affect accident severity. 

The study reveals distinct characteristics between electric and traditional vehicle claims. 
Variables such as vehicle age, geographic location, and type of accident contribute differently 
to the severity of claims in the two segments. For non-electric vehicles, variables such as the 
vehicle's gross weight, the district, the vehicle's year of construction, driver’s age, years of 
driving experience and type of vehicle were obtained; for electric vehicles, only the vehicle's 
year of construction, brand, and the district were found significant. 
Through the study using logistic regression, we concluded that electric vehicles have a higher 
probability of causing severe accidents. 
 
The results provide actionable insights for insurance companies, enabling them to optimize 
premium calculations and reduce financial risks associated with claim payouts. By leveraging 
these findings, insurers can improve their pricing accuracy and competitive positioning in a 
rapidly evolving market. 

Understanding the risk profiles of electric and traditional vehicles supports the development 
of fairer insurance policies. It offers valuable insights for insurers, policymakers, and 
stakeholders, providing a foundation for more effective risk management and promoting 
sustainable growth in the motor insurance industry. 

KEYWORDS 

GLM; Logistic Regression; Non-life Insurance; Pricing; Severity; Predictive Modelling; Electric 
Cars 

Sustainable Development Goals (SDG):  
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1. INTRODUCTION 

An insurance contract is an agreement through which the insurer assumes the coverage of 
specific risks, committing to provide compensation or pay the insured capital in the event of 
a claim, under the agreed terms.   
 
In return, the individual or entity entering into the insurance agreement (the policyholder) is 
required to pay the corresponding premium, which represents the cost of the insurance.   
 
This contract establishes the rights and obligations of both parties, including the insurer's 
responsibility to honor valid claims and the policyholder's duty to disclose relevant 
information and pay premiums promptly. It also outlines the conditions under which coverage 
applies, exclusions, and any limits on indemnity or insured capital.   
 
Insurance contracts play a crucial role in risk management by enabling individuals and 
organizations to transfer financial uncertainty to the insurer, ensuring greater economic 
stability and peace of mind in the face of unforeseen events. 
Sharing or pooling risks is the central concept of the insurance industry. This idea stands out 
for its simplicity coupled with practical utility. If risks, meaning the possibility of loss, can be 
distributed among various members of a group, then the burden becomes lighter for each 
member of that group. In this way, misfortunes that could be overwhelming for an individual 
become manageable for all. 
 
Insurance companies assess risk through a process called underwriting, which involves 
evaluating the likelihood and potential cost of a claim being made on a policy. The goal is to 
determine appropriate premiums and ensure that the insurer can cover potential losses while 
remaining profitable. Insurers use historical data and statistical models to predict the 
likelihood of a claim. For instance, in automobile insurance, insurers assess variables such as 
the car's brand and model, the age of the policyholder, the mileage, and any previous 
penalties incurred by the policyholder, among others.  
 
The insurance sector is complex, and the need to move fast, safeguarding people and places, 
physical and digital assets, becomes even more critical in the face of these challenges. And we 
are already witnessing it, insurers rely on data insights, making more informed and impactful 
decisions with a customer-centric focus. They are exploring the positive impacts of 
technology, such as generative AI, and placing technological innovations at the core of their 
digital transformation journey (Keeney, 2023). 
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In the world of automobile insurance, the development of in-vehicle telecommunication 
devices (telematics)-technology, wireless connectivity, machine-to-machine communication, 
and mobile applications powered the development of usage-based insurance (UBI) tracking 
mileage and driving behavior (Cunha & Bravo, 2022). 
 
However, a significant current risk is adjusting prices to meet competition. Insurers may be 
compelled to continuously lower premiums to remain competitive, potentially leading to 
premiums so low that they fail to cover the cost of claims, which can be disastrous for the 
financial health of the company. 
 
In addition to competitive pricing pressures, insurers must also adhere to minimum capital 
requirements and maintain adequate reserves to ensure their solvency and ability to meet 
claim obligations. These regulatory requirements are designed to safeguard policyholders and 
ensure that insurers can withstand unexpected losses or periods of high claim frequency. 
 
Failing to balance competitive pricing with sufficient reserves and capital adequacy could 
undermine the insurer’s ability to operate, highlighting the critical need for careful risk 
assessment, pricing strategies, and financial planning in the insurance industry. 
 
Therefore, accurately predicting claim severity is crucial for insurance companies. This enables 
them to assess the potential financial impact of future claims and appropriately determine 
premium values based on the level of risk associated with prospective policyholders. By 
forecasting claim severity, insurers can better manage their financial reserves, set appropriate 
pricing strategies, and ensure their long-term solvency and competitiveness. 
 
The Generalized Linear Model is a traditional model frequently used by actuaries in 
determining premiums for non-life insurance. These models are recognized for their 
effectiveness in model fitting and ease of interpreting results. However, they have several 
limitations that may reduce their effectiveness of GLMs in capturing the complexities of 
modern insurance risk assessment. These limitations include the assumption of a linear 
relationship between the predictors and the transformed response variable, with real-world 
insurance data often exhibiting non-linear relationships that cannot be accurately captured 
using this approach. Another limitation is the difficulty of handling interactions. Specifying and 
including all relevant interactions can be challenging and may lead to overfitting. GLMs require 
specifying a distribution for the response variable (eg Poisson, Gamma) which, if 
inappropriately chosen, introduces bias in the predictions of the model. Moreover, they are 
sensitive to outliers. GLMs assume that the relationships between variables are static over 
time. In fast-changing market conditions or emerging risks, these assumptions may fail to 
adapt. 
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To overcome these challenges and limitations, insurers often complement GLMs with novel 
techniques such as Gradient Boosting Machines (GBMs) and Random Forests for better 
handling of non-linearity and interactions. Compared to GLM, GBM does not require prior 
knowledge of the data structure. Alternative methods include Neural Networks (NN) for 
capturing complex patterns and relationships, regularization methods such as LASSO or Ridge 
regression to reduce overfitting, or Hybrid models combining GLMs with machine learning 
approaches to retain interpretability while enhancing predictive power  (Clemente, Guerreiro, 
& Bravo, 2023). One drawback of Machine Learning techniques is that they tend to create 
‘black-box’ models. In other words, explaining how the model works can be a challenge. 
 
This dissertation aims to develop a claims severity model incorporating business attributes 
and insured environment variables to better understand portfolio behavior and identify key 
differences in risk profiles between electric vehicles (EVs) and non-electric vehicles (non-EVs). 
Generalized Linear Models (GLM) will be employed to analyze the factors influencing claim 
costs, while logistic regression models will be used to estimate the likelihood of severe 
accidents. By comparing EV and non-EV risk assessments, this research seeks to provide 
actionable insights for insurers, enabling more accurate pricing strategies and improved risk 
management tailored to the evolving automotive market. 
The data used for this study is only related to mandatory third-party liability coverage. 
 
This thesis is structured into five main chapters that guide the development of the study. The 
first chapter presents the literature review, discussing fundamental concepts and theories 
related to the topic, as well as previous studies that provide context and support for the 
research. Next, the methodology chapter outlines the approaches and techniques used for 
data collection and analysis. The third chapter is dedicated to exploratory data analysis, 
presenting descriptive statistics and visualizations that characterize the variables and reveal 
initial patterns. The fourth chapter, discussion of results, and the findings of this study are 
presented. Finally, the conclusion and limitations chapter summarizes the study's 
contributions, discusses its constraints and potential biases, and suggests directions for future 
research.   
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2. LITERATURE REVIEW 

2.1.  RATEMAKING/PRICING 

An insurance company essentially "buys" claims and "sells" risk protection. If the company 
acquires claims at a lower price than the insurance premium, it makes a profit, but if it acquires 
claims at a higher price than the premium, it incurs losses. In the value chain, a company can 
rely on the Law of Large Numbers, which mitigates market volatility and uncertainty - 
providing security in average terms. 
 

Figure 2.1 - Spheres influenced by insurers' pricing decisions 

 
Source: Rate making: The Power of Adjusted Premiums in Rate Making Strategies. (n.d.). 
FasterCapital.1 

 
The determination of rates refers to setting insurance prices and calculating insurance 
premiums. The premium paid by the policyholder is the result of multiplying a rate, 
determined by actuaries, by the exposure to risk and then adjusting the premium for various 
rating factors (a process known as classification)  (George E. Rejda, 2017). 
  
According to Saha (2023) some of the factors that can influence the non-life insurance 
premiums are: 

 Risk Assessment: Insurers evaluate the risk tied to insured property or liability by 
analyzing historical data, statistical models, and actuarial methods to estimate the 
likelihood of events resulting in a claim. For example, in auto insurance, factors such 
as driver’s age, driving record, and vehicle type influence the premium; 

 Loss Experience: Insurers analyze their historical loss experience to identify trends and 
patterns, aiding in the prediction of future claims. Crucial to this assessment is 
historical data covering the frequency, severity, and type of claims; 

 
1 Retrieved April 24, 2024, from https://fastercapital.com/content/Rate-making--The-Power-of-Adjusted-
Premiums-in-Rate-Making-Strategies.html 
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 Underwriting Factors: "Underwriters assess specific factors related to the insured, such 
as credit history, location, and the value of the insured property. These factors offer 
insight into the policyholder's risk profile and help determine the appropriate 
premium; 

 Market Competition: Insurers take into account their competitive position, market 
share, and the pricing strategies adopted by competitors when establishing premium 
rates. 

 
The primary goal of setting insurance rates is to find the most economical premium that meets 
all the necessary objectives. A crucial aspect of this process involves recognizing all the 
features that can predict future losses, with the aim of charging lower premiums to low-risk 
groups and higher premiums to high-risk groups. By offering lower premiums to those in lower 
risk categories, an insurance company can attract these individuals, thus reducing its own 
losses and expenses. Concurrently, this strategy increases the losses and expenses of other 
insurance companies, as they retain a larger number of policyholders from higher-risk groups. 
This explains why insurance companies invest in actuarial studies, identifying all 
characteristics that can realistically predict future losses as accurately as possible (KAGAN, 
2021). 
 
The need to set the insurance price before knowing its cost underscores the importance and 
relevance of the pricing process. Insurance companies must make estimates on the quantity 
and magnitude of claims that may occur. Furthermore, the pressure to compete on pricing 
within the sector serves as an incentive for the ongoing development of the rate-setting 
process. 
 
In the non-life insurance sector, there is an interest in motor insurance, as it involves managing 
a large number of risk events. Over the years, it has evolved significantly, but there are still 
many challenges that need to be addressed or improved. One of these challenges, which this 
dissertation aims to help address, is severity models. 
 

2.2. FREQUENCY AND SEVERITY MODEL 

Let us think of datasets where there is a large proportion of zeros, corresponding to no claims. 
To address this large proportion of zeros, we consider a two-part model, which is a special 
type of frequency-severity model. In a two-part model, one part shows whether an event 
(claim) occurs, and the second indicates the size of the claim (Frees, Derrig, & Meyers, 2014). 
 
These models decompose the cost of claims into two distinct components. The frequency 
component analyses whether a claim occurs or not (using logistic regression) or the number 
of claims, for instance, through Poisson regression. The severity component examines the cost 
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of claims conditional on occurrence (using, for instance, Gamma or Inverse Gaussian 
Regression). 
Both the frequency and severity of claims are random variables, introducing the risk that 
future experiences may deviate from past events. Therefore, it is very important to employ 
appropriate statistical distributions when modelling (Shi, Feng, & Ivantsova, 2015). 

In general, smaller claims tend to have a higher frequency, whereas larger claims tend to have 
a lower frequency. 
 
This modeling strategy assumes that the occurrence and the financial impact of insurance 
claims are non-correlated. The pure premium at either an individual or class level is obtained 
simply by multiplying the mean estimates for both claim frequency and claim severity.  

However, there are two significant drawbacks in the frequency-severity model. First, the 
model is built using a linear predictor format, which might not adequately address the non-
linear impacts of predictors in real-world situations. For example, in auto insurance, the 
nonlinear correlation between claim severity and the age of the insured highlights the 
constraints of this linear format. Second, the conventional frequency-severity model 
presupposes the independence between claim frequency and severity, whereas in fact, these 
two factors frequently show interdependence (Su & Bai, 2020). 
 
Recent literature on insurance suggests new models that relax the assumption of 
independence by incorporating a shared random effect or a copula. Specifically, Czado, 
Kastenmeier, Brechmann, and Min (2012) introduce the dependence between claim 
frequency and average severity using a Gaussian copula family. Nevertheless, both selecting 
an appropriate copula family and estimating copula parameters prove to be challenging tasks 
in practical applications (Lee, Park, & Ahn, 2019). 
 
In a study conducted by Su & Bai (2020), they forecasted both the frequency and severity of 
Third Party Liability (TPL) motor insurance coverage. They employed a combination of 
stochastic Gradient Boosting and a profile likelihood approach to estimate distribution 
parameters. What distinguishes their work is the incorporation of a connection between claim 
frequency and average claim cost. They included claim frequency as a predictor in the 
regression model for severity.  
The results indicated that the models considering this dependency exhibited superior 
performance compared to other advanced models currently used. 
 
Several actuarial models for claim severity are based on continuous distributions, while 
discrete probability distributions are used for frequencies. The log-normal, gamma or Inverse 
Gaussian Regression distributions are among the most common distributions for modelling 
claim severity. Other distributions for claim size are the Exponential, Weibull, and Pareto 
distributions (Cyprian Ondieki Omari, 2018). 
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2.3. GENERALIZED ADDITIVE MODELS 

Similar to how GLMs are derived from linear models, additive models can be easily expanded 
to GAMs. A GAM represents an additive extension of the GLM family (Hastie & Tibshirani, 
1986). GAMs enhance traditional GLMs by allowing the linear predictor to be influenced 
linearly by unknown smooth functions. Within GAMs, the linear predictor is substituted with 
an additive combination of parametric fits and certain smooth functions to forecast the 
expected response value. The response variable follows an exponential family distribution or 
has a known mean-variance relationship. 

In GLMs, average responses are modelled as monotonic functions of linear scores. While this 
linearity assumption is not restrictive for categorical variables represented by binary 
indicators, its validity is questionable for continuous variables, which may exert a nonlinear 
impact on the score scale. This model maintains the additive breakdown of the score while 
allowing actuaries to uncover nonlinear effects of factors such as policyholder age or 
geographic location (geographic effect). GAMs provide a flexible, data-driven method to 
ascertain the optimal transformation of continuous variables for incorporation into the score 
scale. Specifically, continuous variables are introduced into the model through a semi-
parametric additive predictor (W.N.Venables & C.M.Dichmont, 2004). 

The utilization of cubic penalized regression splines in GAMs gives a more adaptable and 
smooth representation of the relationship between the indicators and the reaction factors 
than GLM's.  

As mentioned before, in auto insurance, there exists a nonlinear relationship between claim 
severity and the insured's age (Su & Bai, 2020). Generalized additive models (GAM), address 
this constraint by incorporating smooth functions, derived from data, to model continuous 
variables. However, the additive structure of GAM models may not automatically capture 
intricate interactions among predictors. Although interaction terms can be physically included 
in the model structure, recognizing these terms can end up difficult, especially when dealing 
with numerous predictors. Failure to account for crucial interactions can decrease the 
accuracy of the prediction (Su & Bai, 2020). 

2.4. TWEEDIE MODEL 

Alternatively to the frequency and severity model, the total loss cost is at times directly 
modelled using the Tweedie distribution. This method, originally introduced by Jørgensen and 
de Souza (1994) and more recently reviewed by Quijano-Xacur and Garrido (2015), entails 
portraying aggregate claims as a combination of Poisson and Gamma distributed variables. 
The resulting Tweedie distribution belongs to the Exponential Family, and hence the inference 
procedure for GLMs directly applies. It is important to note that this approach implicitly 
assumes independence between the number of claims and the size of each individual claim. 
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In reality, there is often a correlation between the frequency and severity of claims. For 
example, in collision automobile insurance, claim counts and amounts might exhibit a negative 
correlation because drivers involved in minor accidents tend to file several claims per year. 
Consequently, there is a need to modify the model for aggregate claims to consider possible 
associations between claim frequency and severity. 

Two general methods have been proposed to address this dependence between frequency 
and severity. Approaches by Frees and Wang (2006), Gschlößl and Czado (2007), and Frees et 
al. (2011) involve conditioning and use the claim count as a factor when modelling the 
distribution of average claim sizes (Garrido, Genest, & Schulz, 2016). 

Each method has its own advantages. For example, the frequency–severity model is more 
flexible in modeling of the occurrence and the size of insurance claims. In contrast, with a 
more parsimonious specification, the Tweedie model simplifies the variable selection process 
(Shi, Feng, & Ivantsova, 2015). 

 

2.5. GENERALIZED LINEAR MODELS 

Generalized Linear Models are frequently used in the pricing of non-life insurance. These 

models encompass various factors and their relationships to estimate the cost of claims. They 

enable insurance companies to analyze historical data and construct statistical models linking 

policyholder characteristics (such as age, location, and coverage limits) to the probability and 

severity of claims. By fitting the model to historical data, insurers can make predictions about 

future claim costs and determine appropriate premium rates (Saha, 2023). 

 

Frees et al. (2014) propose incorporating claim frequency as a covariate in the conditional 

mean model for average severity. An empirical investigation by Garrido, Genest, and Schulz 

(2016) and Shi, Feng, and Ivantsova (2015), employing an advanced version of the Frequency-

Severity model, validates the significance of claim frequency as a covariate in explaining the 

conditional mean of average severity.  

This approach, the simplest among the currently proposed models allowing for dependence 

between severity and frequency, appears to have potential for application in diverse non-life 

rate-making scenarios (Lee, Park, & Ahn, 2019). 

 

The established models for understanding the severity of insurance claims, pioneered by 

Nelder and Wedderburn in 1972, involve using Generalized Linear Models. These models 

assume that the distribution of the response variable follows an exponential family of 

distributions, such as gamma, which are well-suitable for non-life insurance claims.  
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Moreover, a log-normal distribution is frequently applied in these models by taking the 

logarithm of the dependent variable and assuming a normal distribution afterward (Frees, Lee, 

& Yang, 2016). 

 

These models are valuable in the Frequency-Severity approach because the means of the 

frequency and severity processes can be expressed, through specific transformations, as linear 

combinations of variables such as age, gender, and so on. 

 

2.6. GRADIENT BOOSTING MACHINE 

 

Introduced by Friedman in 2001, Gradient Boosting models are characterized as models 

comprising decision trees, where numerous weak models are combined to form a more robust 

predictor. 

 

Machine Learning models, including Decision Trees, Random Forests, and Neural Networks, 

are increasingly utilized in non-life insurance pricing. Insurers can leverage Machine Learning 

algorithms to analyze large datasets, revealing patterns that traditional models may overlook. 

The ability of machine learning models to capture nuanced relationships between risk factors 

and claim outcomes contributes to enhanced pricing accuracy (Saha, 2023). 

 

Fauzan & Hendri (2018) analyze the accuracy of XGBoost in auto-insurance claim prediction 

and conclude that XGBoost shows better accuracy when compared to the alternative 

methods: AdaBoost, Stochastic Gradient Boosting, RF, and ANN (Su & Bai, 2020). investigated 

the use of a Stochastic Gradient Boosting algorithm and a profile likelihood approach to 

estimate parameters for both the claim frequency and average claim severity distributions in 

a French auto insurance dataset and concluded that the approach outperforms standard 

models. 

 

In contrast to other Machine Learning techniques with comparable predictive accuracy, 

Gradient Boosting yields interpretable results, making it especially appealing for modeling 

motor insurance losses. GB models simplify the representation of complex interactions, 

allowing their incorporation into the pricing structure.  

Feature selection is integrated into the model application, offering a flexible approach when 

using these models for insurance pricing (Clemente, Guerreiro, & Bravo, 2023). 
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2.7. DIFFERENCES BETWEEN ELECTRIC AND TRADITIONAL VEHICLES 

Research by McDonnell et al. (2024) on driver behavior and risk profiles of alternative energy 
vehicles reveal critical differences between electric vehicles (EVs), hybrid vehicles (HYBs) and 
traditional internal combustion engine vehicles (ICEs). EVs, with their unique design of engine, 
transmission, and pedal control, exhibit distinct driving behaviors compared to ICEs, including 
fewer harsh events, such as braking and acceleration. However, this reduction in harsh events 
does not translate into fewer at fault claims. In contrast, EV drivers are 4% more likely to 
experience an accident claim than ICE drivers, even with their lower average mileage. Logistic 
regression models confirm that electric vehicles have a statistically significant higher risk 
profile than ICEs, with travel distances identified as a key factor contributing to this increased 
risk. 

HYBs show the fewest harsh driving events per trip but still have a 6% higher crash likelihood 
than ICEs, although no further risk concerns emerge in logistic models. Additionally, financial 
analyses highlight that more than one third of electric vehicles and HYBs incur damages 
exceeding €1,000 in accidents, largely attributed to the high costs of battery replacement. 
Combined with emerging risks like lithium-ion battery fires, these financial and safety 
challenges pose significant barriers to widespread EV and HYB adoption. 

Statistical analyses, such as Kruskal-Wallis and Dunn's tests, confirm that driving behavior 
significantly differs across vehicle types, with HYBs displaying the greatest behavioral shift. 
These findings underscore the need for manufacturers, policymakers, and stakeholders to 
respond to the increased risk and financial burden associated with EVs and HYBs, which could 
otherwise hinder the transition to alternative fuel vehicles. 

In the insurance industry, according to Valdes-Dapena (2024), there has been a long-standing 
correlation between horsepower and the frequency and severity of insurance claims. High-
performance vehicles tend to collide more often and with greater impact, resulting in a greater 
number of accidents, often of greater severity. In addition, electric vehicles (EVs) lack the 
traditional engine noises associated with rapid acceleration and high speeds, potentially 
leading drivers to be less aware of their speed.  
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3. METHODOLOGY 

 

3.1. GENERALIZED LINEAR MODELS 

Generalized Linear Models (GLM) are a means of modeling the relationship between a variable 
whose outcome we wish to predict and one or more explanatory variables. 

It is assumed that the outcome of the target variable is influenced by both a systematic 
component and a random component. The objective in modeling with Generalized Linear 
Models is to "explain" a significant portion of the variability in the outcome through 
predictors. In simpler terms, the goal is to transfer as much variability as possible from the 
random component to the systematic component (Goldburd, Khare, Tevet, & Guller, 2020). 

3.1.1. COMPONENTS OF A GLM 

A GLM consists of three main components. The first is a random component specifying the 
probability distribution of the response variable 𝑌. The random component defines the 
conditional distribution of 𝑌 given the predictors 𝑋. The second component is the systematic 
component representing the linear predictor 𝜂, a linear combination of the explanatory 
variables: 

𝑔(𝜇) = 𝜂 = 𝛽଴ + 𝛽ଵ𝑋ଵ + 𝛽ଶ𝑋ଶ + ⋯ . +𝛽௣𝑋௣, (3.1) 

 where: 

 𝑔(𝜇) is the Link Function, which is a transformation of the mean of the response 
variable 𝜇. This function ensures that the mean of the response variable is in the 
correct range, depending on the distribution of the response variable; 

 𝛽଴ is the intercept (constant) of the model; 
 𝛽ଵ, … , 𝛽௣ are the coefficients of the explanatory variables (predictors); 
 𝑋ଵ, … , 𝑋௣ are the explanatory variables (independent variables or predictors) used to 

model the response variable. 

The third key component is the link function, which links the mean of the response variable 
𝜇 = 𝐸(𝑌) to the linear predictor 𝑔(𝜇) =  𝜂 or, equivalently, 𝜇 = 𝑔ିଵ( 𝜂). Common link 
functions include: Identity (𝑔(𝜇) = 𝜇) for the Normal distribution; Log (𝑔(𝜇) = log (𝜇)) for 

Poisson or Gamma distributions; or the Logit (𝑔(𝜇) = log (
ఓ

ଵିఓ
))) for the binomial distribution. 
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3.1.2. THE EXPONENTIAL FAMILY 

The Exponential family of distributions forms the mathematical foundation for Generalized 
Linear Models (GLMs) and is extensively applied in insurance data analysis. According to the 
work developed by De Jong (2008), the structure of this family is defined by its probability 
density (or mass) function, which can be expressed in a unified form: 

 

𝑓(𝑦) = c(y, ∅) 𝑒𝑥𝑝 ቈ
𝑦𝜃 − 𝑎(𝜃)

∅
቉ 

(3.2) 

where: 

 c(y, ∅): A normalizing constant depending on y and the dispersion parameter ϕ; 
 𝜃: The canonical parameter, which determines how the mean of the distribution 

relates to the linear predictor in GLMs; 
 𝑎(𝜃): The cumulant function, ensuring the probability integrates to 1 and defining the 

mean-variance relationship; 
 ∅ > 0: The dispersion parameter, controlling variability in the distribution. 

This canonical structure is central to the Exponential family and provides a unified way to 
represent many probability distributions. Members of this family include well-known 
distributions such as the Binomial, Poisson, Normal, Gamma, Inverse Gaussian, and Negative 
Binomial. Each of these distributions supports different types of response data, with their 
specific variance-mean relationships playing a critical role in model selection. 

Key properties of the Exponential family are crucial in GLM theory. For example, the expected 
value and variance of the response variable y are derived as: 

𝐸[𝑦] = 𝑎̇(𝜃), 𝑉𝑎𝑟[𝑦] = 𝜙𝑎̈(𝜃), 

(3.3) 

Where 𝑎̇(𝜃) and 𝑎(𝜃),  denote the first and second derivatives of with respect to 𝑎(𝜃) and 𝜃. 
These properties facilitate the specification of the link function and the variance function 𝑉[𝜇] 
in GLMs, directly connecting the mean structure to the dispersion. 

Depending on different choices of 𝑎(𝜃) and 𝜃 we obtain the different distributions mentioned 
earlier. These distributions allow for modelling diverse response types, from counts and 
proportions to continuous variables with non-constant variance: 

 The Binomial distribution usually applies for binary or proportion data with variance 
depending on the mean and success probability; 
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 The Poisson distribution usually applies for modelling count data where the mean 
equals the variance; 

 The Normal distribution applies for continuous data with constant variance; 
 The Gamma distribution is used for modelling positive continuous variables with non-

constant variance, such as waiting times or insurance claims; 
 The Inverse Gaussian distribution applies to heavily skewed positive continuous data; 
 The Negative Binomial distribution is an extension of the Poisson distribution for 

modelling count data with overdispersion. 
 

3.1.3. PARAMETER ESTIMATION 

In the process of developing a generalized linear model, the aspect that garners the most 
attention is the estimation of the regression parameters 𝛽. These parameters are derived by 
maximizing the log-likelihood function (Jong & Heller, 2008). Due to the absence of analytical 
solutions for these equations within the GLM framework, it's customary to employ numerical 
methods for resolution (Clemente C. d., 2022). 

In addressing this challenge, Nelder & Wedderburn (1972) devised an algorithm, referred to 
as Iterative Weighted Least Squares Estimation, rooted in the Fisher scoring method, to arrive 
at a solution for these equations. 

The maximum likelihood estimation is determined by selecting the parameter estimates that 
optimize the likelihood of observing the sample 𝑦ଵ, … , 𝑦௡. Each 𝑦௜ has a probability function 
𝑓(𝑦௜), which consequently relies on 𝜙, if applicable. Due to the independence of 𝑦௜, their joint 
probability function is as follows: 

𝑓(𝑦, 𝜃, ∅) = ෑ 𝑓(𝑦௜, 𝜃, ∅)

௡

௜ୀଵ

 

(3.4) 

The log-likelihood can be determined as the logarithm of the likelihood function: 

𝑙(𝜃, ∅) = ෍ ln 𝑓(𝑦௜, 𝜃, ∅)

௡

௜ୀଵ

 

(3.5) 

To obtain the parameters 𝜃 and ∅ we haver to maximize the log-likelihood function 
represented above. 
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3.1.4. MODEL SELECTION 

The criteria for selecting our model are not one-sided. Intuitively, the objective is to ensure 
that the predicted curve closely matches the observed data without over or underestimation, 
while also preventing overfitting.  

Concerning the variable selection, there are two measures utilized to evaluate whether a 
variable should be incorporated into the model or not: the deviance and the Likelihood Ratio 
test. 

3.1.4.1. AKAIKE INFORMATION CRITERION 

The Akaike Information Criterion (AIC), introduced by Hirotsugu Akaike in 1973, serves as a 
valuable tool for comparing two models when they are not nested. It represents a balance 
between deviance and model complexity. Typically, we compare two models based on their 
AIC values, with smaller values indicating better fit. 

This method relies on the log-likelihood function 𝑙𝑜𝑔𝑙𝑖𝑘(𝛽), which evaluates the fitting 
quality, augmented by a correction factor tied to the model's parameter count, p. This 
correction penalizes models with an increased number of variables. In essence, it equals the 
deviance plus 2 times the number of parameters, expressed as: 

𝐴𝐼𝐶 = −2𝑙𝑜𝑔𝑙𝑖𝑘(𝛽) + 2𝑝 

(3.6) 

3.1.4.2. DEVIANCE AND CHI-SQUARED TEST 

When two models are nested (one being a sub model of the other), we typically compare them 
by examining their deviances. The deviance is essentially minus 2 times the log-likelihood. 
Assuming the two models have 𝑝ଵ and 𝑝ଶ parameters, respectively, where the model with 𝑝ଶ 
parameters is the submodel of the model with 𝑝ଵ parameters. The difference in deviance 
between the two models should asymptotically follow a chi-square distribution with 𝑝ଵ − 𝑝ଶ 
degrees of freedom. The test statistics are given by the equation: 

Δ𝐷𝑒𝑣𝑖𝑎𝑛𝑐𝑒 = −2 ෍ 𝑙𝑜𝑔𝑙𝑖𝑘൫𝑦௜, 𝜂௜௣మ
൯ − (−2 ෍ 𝑙𝑜𝑔𝑙𝑖𝑘൫𝑦௜, 𝜂௜௣భ

൯ ) ∼ 𝒳(௣భି௣మ)
ଶ  

௡

௜ୀଵ

௡

௜ୀଵ

 

(3.7) 

The chi-squared percentage (chi-squared p-value) represents the probability of a random 
variable following a chi-squared distribution with 𝑝ଵ − 𝑝ଶ degrees of freedom to exceed the 
difference in deviance between the two models.  
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If this percentage is smaller than our chosen significance threshold α, then the model with 
more parameters is considered significantly better than the model with fewer parameters 
(Zhifeng, 2020).  

3.1.5. QUALITY OF FITTING 

This step occurs after selecting the variables with the most significant coefficients, meaning 
after identifying the model that best fits the data. This evaluation is conducted by analyzing 
deviance and residuals. 

3.1.5.1. RESIDUALS 

Residual analysis is crucial for diagnosing our model and is valuable for detecting deviations 
such as under or overestimation. 

There are various expressions of residuals, one of them, the standard, is: 

𝑒௟ෝ = 𝑦௜ − 𝜇௟ෝ  

(3.8) 

Deviance residuals, often used for evaluation, represent the difference between the observed 
value 𝑦௜ and the fitted value 𝑦పෝ . These residuals, detailed below, are commonly assessed to 
evaluate the model's performance. 

𝑟஽ = 𝑠𝑖𝑔𝑛(𝑦௜ − 𝜇௟ෝ )√𝑑௜ 

𝑑௜ = 2𝑦௜ log ൬
𝑦௜

𝜇௟ෝ
൰ − (𝑦௜ − 𝜇௟ෝ ) 

(3.9) 

This equation represents the difference between each fitted and observed value. 

Deviance residuals are often favored for diagnosing GLMs over other types of residuals such 
as Pearson's residuals, response residuals, or working residuals. The choice depends on the 
specific characteristics of the data being modeled. 

3.1.6. GENERALIZED LINEAR MODELS ADVANTAGES 

Multiplicative models represent the most prevalent type of rating structure employed in 
pricing insurance, and they offer several advantages over alternative structures. Some of 
these advantages include: 

 Simplicity and Practicality: Multiplicative models are straightforward and practical to 
implement; 
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 Avoidance of Negative Premiums: Additive terms in a model can lead to negative 
premiums, which is illogical. Multiplicative plans ensure positive premiums without the 
need for workarounds like minimum premium rules; 

 Intuitive Appeal: Multiplicative models are more intuitively appealing. Assigning a fixed 
increase in auto premium, regardless of the base premium, may not align with logic.  
It is more sensible to express a violation surcharge as a percentage, providing a clearer 
understanding of the impact relative to the base premium. 
 

3.2. LOGISTIC REGRESSION MODEL 

Logistic Regression is a statistical modelling technique designed to estimate the relationship 
between a binary response variable 𝑌 and a set of explanatory variables. A logistic regression 
model is a specific case of a GLM designed to model binary or categorical outcome variables. 
The model is based on the principle of modelling the probability of a binary outcome (i.e. 𝑌 ∈

{0,1}) as a function of explanatory variables, ensuring that the predicted probabilities fall 
within the interval [0,1]. The model achieves this using the logit link function, which connects 
the linear combination of predictors to the log-odds of the binary response, i.e., 

𝑔(𝜇) = ln ቀ
𝜋

1 − 𝜋
ቁ = 𝜂 =  𝑥ᇱ𝛽, 

(3.10) 

where 𝜋 represents the probability of success (i.e., 𝑦 = 1), 𝑥 is the vector of explanatory 
variables, and 𝛽 is the vector of coefficients to be estimated. This formulation ensures that 
the relationship between the predictors and the binary outcome can be modelled linearly in 
terms of the log-odds, a property that simplifies interpretation while maintaining 
mathematical rigor. By rearranging the logit transformation, the probability of success can be 
expressed directly as: 

𝜋 =  
𝑒௫ᇲఉ

1 + 𝑒௫ᇲఉ
 

(3.11) 

Equation (3.11) maps the linear combination of explanatory variables, 𝑥′𝛽, to a value between 

0 and 1, making it a suitable model for probabilities. The denominator 1 + 𝑒௫ᇲఉ ensures that 

the predicted probabilities are normalized, while the numerator 𝑒௫ᇲఉ controls the relative 
likelihood of success as a function of the predictors. 

The coefficients 𝛽 in Logistic Regression are typically estimated using maximum likelihood 
estimation (MLE). This method identifies the parameter values that maximize the likelihood 
of observing the given data under the assumed logistic model.  
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The likelihood function is constructed based on the Bernoulli distribution of the binary 
response, where each outcome is assumed to follow the probability π predicted by the Logistic 
model. 

Logistic Regression coefficients have intuitive interpretations. For a continuous predictor 𝑥, 
the coefficient 𝛽 represents the change in the log-odds of success associated with a one-unit 
increase in 𝑥.  

Specifically, if the model is expressed as ln ቀ
గ

ଵିగ
ቁ = 𝛼 +  𝛽𝑥, then an increase in 𝑥 by one unit 

multiplies the odds of success by 𝑒ఉ. If 𝛽 > 0, the odds increase, whereas 𝛽 < 0 indicates a 
decrease in the odds. For small values of 𝛽, the term 𝑒ఉ − 1 ≈  𝛽 provides an approximate 
percentage change in the odds. 

When dealing with categorical explanatory variables, Logistic Regression incorporates 
indicator variables to represent different levels of the categorical factor. For a categorical 
variable with 𝑟 levels, 𝑟 − 1 indicator variables are used, with one level serving as the 
reference or baseline category. The model can be expressed as: 

 

ln ቀ
𝜋

1 − 𝜋
ቁ = 𝛽଴ + 𝛽ଵ𝑥ଵ + 𝛽ଶ𝑥ଶ + ⋯ + 𝛽௥ିଵ𝑥௥ିଵ 

(3.12) 

where 𝑥௝ is an indicator variable that takes the value 1 if the observation belongs to level 𝑗 of 
the categorical variable and 0 otherwise. The coefficient 𝛽଴ represents the log-odds of success 
for the reference category, while 𝛽௝ quantifies the change in the log-odds of success for level 
𝑗 relative to the reference category. The corresponding odds for level 𝑗 are obtained by 
exponentiating the log-odds, giving 𝑒ఉೕ, which represents the multiplicative change in the 
odds of success for level 𝑗 compared to the reference level. For instance, if 𝛽௝ > 0, the odds 
of success for level 𝑗 are higher than those for the reference category, while 𝛽௝ < 0 indicates 
lower odds.  

While the logit link is the most commonly used function for binary response modelling, Logistic 
Regression can be generalized to accommodate alternative link functions. The probit link, for 
example, uses the inverse of the cumulative distribution function of the standard Normal 
distribution, 𝜑ିଵ, to model the relationship. Alternatively, the complementary log–log link is 
expressed as ln(−𝑙𝑛(1 − 𝜋)), which is particularly useful in survival analysis and other 
contexts where asymmetric behavior around 𝜋 = 0.5 is expected. Despite these variations, 
the choice of link function retains the key property of mapping predicted values to the interval 
(0,1), ensuring consistency with probability theory.  



18 
 

Logistic regression provides a versatile and theoretically robust framework for modelling 
binary outcomes by linking explanatory variables to the probability of success through the 
logit function. It accommodates both continuous and categorical predictors, allowing for a 
nuanced interpretation of relationships through odds ratios and log-odds transformations. 
With its adaptability to include multiple predictors and its ability to generalize alternative link 
functions, Logistic Regression serves as a foundational tool in statistical modelling.  

3.2.1. ODDS RATIO 

The odds ratio is defined as the ratio between the odds of the event of interest occurring (𝑌 =

1) for individuals with 𝑥 = 1 and the odds of it occurring for individuals with 𝑥 = 0. The odds 

of the event happening for individuals with 𝑥 = 1 is given by గ(ଵ)

ଵିగ(ଵ)
.  

Similarly, the odds of the event occurring for individuals with 𝑥 = 0 is given by గ(଴)

ଵିగ(଴)
. Thus, 

the odds ratio provides a way to compare whether the probability of the event of interest is 
the same for individuals with 𝑥 = 1 and 𝑥 = 0. 

3.2.2. CLASSIFICATION 

A regression model can be statistically significant yet fail to accurately represent the reality 
under study. One way to assess the model's classification efficiency is through classification 
tables. To build these tables, we need to calculate the estimated probabilities of the event 
occurring (the endpoint), and then determine a cut-off value, 𝑐 , for these probabilities. Based 
on this cut-off, we assume that individuals with estimated probabilities higher than c will 
experience the endpoint, while those with probabilities below the cut-off will not. The 
commonly used cut-off value is 0.5, but this is not always the most suitable. To find a more 
appropriate cut-off, we use graphical methods, such as the ROC curve, which helps us identify 
the point where the model’s sensitivity and specificity are balanced. 

Model sensitivity is defined as the probability of correctly predicting the occurrence of the 
endpoint among individuals for whom it was actually observed. Sensitivity gives us the 
proportion of true positives. Specificity, on the other hand, provides the proportion of false 
negatives, indicating the probability of correctly predicting the non-occurrence of the 
endpoint among individuals where it was not observed. 

Table 3.1 - Classification Table 

  Predicted 
  Endpoint=1 Endpoint=0 

Observation 
Endpoint=1 A B 
Endpoint=0 C D 

 Accuracy 
𝐴

𝐴 + 𝐵
 

𝐷

𝐶 + 𝐷
 

Source: Author’s Preparation 
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In a perfect model, all cases would lie on the main diagonal. However, in practice, achieving a 
perfect model is very difficult, so we need to assess its predictive ability. In general, higher 
accuracy indicates a better model because it means the model is correctly predicting a larger 
proportion of outcomes, which reflects its ability to generalize well from the data. Another 
measure that helps evaluate the model's performance is the ROC curve. This method is widely 
used across various models and has already been explained in the next section. 

 

3.2.3. PERFORMANCE MEASURERS  

3.2.3.1. ROC CURVE 

The ROC (Receiver Operating Characteristic) curve plots sensitivity against 1 minus specificity 
(false positive rate) for each threshold. Typically, the horizontal axis represents 1 minus 
specificity, while the vertical axis shows sensitivity. With this axis orientation, a point near zero 
on the x-axis (indicating high specificity) usually corresponds to a low value on the y-axis 
(indicating low sensitivity), and vice versa (De Jong, 2008). 
Here's a breakdown of these terms: 
 

 True Positive (TP): Instances correctly predicted as positive; 

 False Positive (FP): Instances incorrectly predicted as positive when they are actually 
negative; 

 True Negative (TN): Instances correctly predicted as negative; 

 False Negative (FN): Instances incorrectly predicted as negative when they are actually 
positive; 

 Recall/Sensitivity (True Positive Rate): The proportion of actual positive samples 
correctly predicted. A high recall indicates that the model captures most of the actual 
positive cases, reducing the risk of missing important instances; 

 Specificity (True Negative Rate): The proportion of actual negative samples correctly 
predicted; 

 Precision: The ratio of correctly predicted positive instances to all instances predicted 
as positive. It evaluates the accuracy of the model's positive predictions. A high 
precision indicates that the model is very reliable when it predicts a positive outcome; 

 F1 Score: It combines precision and recall into a single metric by calculating their 
harmonic mean. The F1 score can be optimized by adjusting the decision threshold, 
balancing precision and recall for better performance; 

 
As the classification threshold changes, the balance between Precision and Recall alters, 
leading to the creation of the ROC curve. 
In the ROC space, a perfect classifier would occupy the top-left corner, representing high 
Recall and Precision simultaneously. Conversely, a random guess would produce a diagonal 
line from the bottom-left to the top-right, indicating an Area Under the Curve (AUC) of 0.5. 
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The closer the ROC curve is to the top-left corner, the better the model's performance in 
distinguishing between classes. 
 

3.2.3.2. AREA UNDER THE CURVE (AUC) 

The Area Under the ROC Curve (AUC) serves as a comprehensive metric for assessing the 
performance of a classification model. It quantifies the likelihood that the model will correctly 
rank a randomly selected positive instance higher than a randomly chosen negative instance. 
In essence, AUC reflects the model's capability to differentiate between positive and negative 
classes. 

AUC values range from 0 to 1, where: 

  0.5 indicates random classification, suggesting the model performs no better than 
chance; 

 1 signifies a perfect classifier, indicating flawless performance in distinguishing 
between classes. 

ROC curves and AUC are invaluable tools for assessing the performance of classification 
models. They offer a holistic perspective on a model's performance across various 
classification thresholds. By leveraging these metrics, one can gain deep insights into their 
models' capabilities and make informed decisions regarding model selection and optimization. 
Integrating ROC curves and AUC into the evaluation process enhances the robustness and 
accuracy of models, ultimately leading to more reliable and effective solutions. 

 

3.3. VARIANCE INFLATION FACTOR 

The Variance Inflation Factor (VIF) is a metric used in regression analysis to measure the 
degree of multicollinearity among independent variables. Multicollinearity arises when two or 
more independent variables are correlated, which can adversely impact the regression results.  

VIF estimates how much the variance of a regression coefficient is inflated due to 
multicollinearity. 

3.3.1. ADVANTAGES 

To assess the presence of multicollinearity among independent variables in a multiple 
regression model, it is important to understand its implications. While multicollinearity does 
not reduce the overall explanatory power of the model, it can diminish the statistical 
significance of individual independent variables. High values of multicollinearity indicate 
strong collinearity among the variables, which may require adjustments to the model. 

To obtain this factor we have the following formula, 
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𝑉𝐼𝐹௜ =
1

1 − 𝑅௜
ଶ 

(3.13) 

where 𝑅௜
ଶ is the unadjusted coefficient of determination when regressing the i-th independent 

variable on the remaining independent variables. As this value increases the VIF value grows, 
which means higher multicollinearity. If 𝑉𝐼𝐹௜ = 1, then no correlation exists between the 
independent variable and the others (no multicollinearity). If 1 < VIF ≤ 5, variables are 
moderately correlated. Usually, this level of multicollinearity is not a concern. If VIF > 5, there 
is significant collinearity that should be addressed. Finally, if VIF > 10, severe multicollinearity 
is detected, requiring correction before proceeding with the analysis (Variance Inflation Factor 
(VIF), n.d.). 

3.4. CRAMÉR'S V 

Cramér's V (Kearney, 2017) is a statistical measure designed to assess the strength of 
association between two categorical variables, particularly when these variables have more 
than two levels. While the Chi-Square test is widely used to determine whether an association 
exists, it does not indicate the strength or practical significance of that association. Cramér's 
V addresses this gap by providing a measure that normalizes the Chi-Square statistic and 
expresses the strength of association on a standardized scale from 0 (no association) to 1 
(perfect association).  

The foundation of Cramér's V lies in the Chi-Square statistic (χ2), which tests the independence 
of two variables by comparing observed frequencies to expected frequencies under the null 
hypothesis. If the observed and expected frequencies align closely, the Chi-Square value is 
small, suggesting no significant association. Conversely, large differences yield a higher Chi-
Square statistic, indicating that the variables are related.  

However, the Chi-Square statistic is sensitive to sample size, often producing inflated values 
in larger datasets even when the relationship between variables is weak. This limitation makes 
the statistic difficult to interpret directly in terms of effect size.  

Cramér's V builds on the Chi-Square statistic by adjusting for the size of the dataset and the 
smaller dimension of the contingency table. Its formula is: 

𝑉 =  ඨ
χଶ

𝑛(𝐿 − 1)
 

(3.14) 

Here, 𝑛 is the sample size, and 𝐿 represents the smaller number of rows or columns in the 
table. This normalization ensures that the measure remains unaffected by sample size, unlike 
the raw Chi-Square statistic.  
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A key advantage of Cramér's V is its consistency across studies with varying sample sizes and 
contingency table dimensions, making it particularly useful for comparing associations in 
different datasets or research contexts. 

Cramér's V is particularly valuable in fields such as social science, marketing, and public health, 
where categorical data is frequently analyzed. For example, researchers might explore 
associations between educational levels and voting preferences, product categories and 
consumer demographics, or patient characteristics and health outcomes. In such contexts, 
Cramér's 𝑉 can complement the Chi-Square test by quantifying the strength of detected 
relationships, providing a clearer picture of their practical significance. One limitation of 
Cramér's V is that it does not indicate the direction of the association, only its strength. 
Moreover, it assumes that the Chi-Square test's underlying conditions are met, including 
sufficient expected frequencies in the contingency table. When these assumptions are 
violated, the results may not be reliable.  

Despite these limitations, Cramér's 𝑉 is widely regarded as an effective measure for 
categorical data, especially when dealing with variables that have multiple levels.  

Cramér's V is closely related to the phi coefficient, which is used for 2x2 tables, and the 
contingency coefficient. While the phi coefficient also normalizes the Chi-Square statistic, its 
application is limited to binary variables. The contingency coefficient adjusts the denominator 
differently but does not range between 0 and 1, which often makes its interpretation less 
intuitive. For variables with more than two levels, Cramér's V is generally preferred due to its 
bounded range and straightforward interpretation.  

Due to the previously mentioned reasons, Cramér's V is an useful tool for researchers working 
with categorical data, allowing them to move beyond significance testing to evaluate the 
magnitude of relationships.   
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4. EXPLORATORY ANALYSIS OF THE DATASET  

4.1. ABOUT THE DATASET 

The proprietary database used in this dissertation is made up of 224,205 observations 
between 2019 and 2021. This database belongs to an insurance company and is real data on 
its claims for the years mentioned. 

A division was made from this database, that is, two subsets of this database were created in 
which one contains data relating to electric/hybrid cars (886 observations) and the other 
contains the remaining observations (223,319 observations). 

In addition to the response variables, this dataset includes 28 feature variables related to the 
client (such as the client’s age, risk zone or driver’s license age) and the vehicle (such as brand, 
age or horsepower). Table Table A.0.1 in Appendix A presents a summary of the independent 
variables in the original dataset. 

It is also important to mention that in this study the cost variable present in the database is a 
standardized variable to comply with data protection constraints, i.e., this variable is the result 
of the cost of the claim divided by the average cost of all claims multiplied by a hundred. Thus, 
as these values were quite low, they were multiplied by a hundred times again to make them 
as realistic as possible.  

Last but not least, it is also important to mention that this database represents only the 
mandatory civil liability coverage. 

Table 4.1 - Database Information 

Source: Author’s Preparation 

4.2. DATASET TREATMENT 

The pure data was collected from the data warehouse of the insurer in question. As is normal 
in large databases, the quality of the data was not the best, and therefore this database had 
to be treated to achieve consistent results. 

In the database, each line represented the annuity for each policy, that is, in one line we could 
have more than one claim, and then the cost variable was the sum of the costs divided by the 
number of claims there were in that annuity. 

 Total  Electric vehicle Non-electric vehicles 

Number of Claims 224 205 886 223 319 

Total Amount 2 152 838 847€ 7 182 358€ 2 145 656 488€ 
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To work only with claims and to be able to have information related to each claim individually, 
I only considered observations with just one claim. 

Of the 28 variables present in the original database, several variables were removed due to a 
lack of quality or a high correlation with other variables present. Two additional variables were 
created to assist in this study: the district and zone of the district, based on the zone variable. 
To carry out this study, the database was divided into two subsets, one with information 
relating to traditional vehicles and the other only for electric/hybrid cars. 

4.2.1. MISSING VALUES 

In this database there were many missing values, values with the value -1 which here 
corresponded to no information and some values that did not make sense for the respective 
variable and which were therefore removed from the database used to model the data. 
Regarding the claim cost variable, only claims where this variable was greater than €5 were 
considered. 

For the variables “driver’s age” and 'years of driver's licence', a different approach was taken 
due to the significant lack of information available for these variables. Thus, it was assumed 
in these cases that the driver obtained his license at the age of 18, and these fields were 
calculated accordingly for observations where one of these fields was filled in, in order to 
obtain the other. After all this treatment, our database was left with 94 852 observations. 

4.3. DESCRIPTIVE ANALYSIS 

The response variable in the severity model is the claim cost, a continuous variable collected 
directly from the dataset. This section presents a descriptive analysis of the variables, with the 
aim of better describing and understanding them, which will be highly valuable and useful in 
developing the models.  

Given the wide range of trait variables considered, the descriptive analysis in this article will 
focus on the variables that are likely to prove significant for the final models, considering 
previous models developed by the insurer and the typical behavior of the insurance market. 
For the graphics below, to compare non-electric vehicles with electric ones, the y-axis 
represents the percentage of total costs. 

4.3.1. CLAIM AMOUNT 

In Table 4.2 basic statistics pertaining to this variable are shown. For both vehicle types. 

The lower frequency of claims for electric vehicles (EVs) compared to non-electric vehicles 
(non-EVs) can create a data imbalance, making it challenging to identify statistically robust 
patterns for EVs and reducing the model’s reliability for this subgroup. This imbalance also 
increases variability in severity estimates for EVs, leading to higher standard errors and 
complicating direct comparisons with non-EVs. 
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Table 4.2 - Elementary descriptive statistics of Claim Amount 

 Number of claims with costs Average Cost per claim Standard Deviation of Cost per claim 

Non-electric vehicle 80 338 3431.31€ 1876.58€ 
Electric vehicles 502 3644.97€ 1907.81€ 

Source: Author’s Preparation 

Table 4.3 illustrates the right-skewed distribution of claim costs, with 99% of claims having a 
cost below 8999.6€ for the non-electric vehicles and below 8629.8€ for electric vehicles.  

Table 4.3 - Quantiles of Claim Amount 

 Min 25% 50% 75% 90% 92,5% 95% 99% Max 

Non-electric vehicle 9.1€ 1661.4€ 3802.7€ 4440.0€ 5361.3€ 5891.9€ 6755.5€ 8999.6€ 9754.1€ 

Electric vehicles 137.2€ 2151.1€ 3920.7€ 4648.9€ 5727.7€ 6439.9€ 7164.4€ 8629.8€ 9430.4€ 

Source: Author’s Preparation 

This threshold allows for the visualization of the claim’s distribution in Figure 4.1 for both 
vehicle types. 

Figure 4.1 - Claim Amount Density for both vehicle’s type 

 

Source: Author’s Preparation 

As expected, the density is much lower for claims with higher costs. The distribution for non-
electric vehicles (blue line) has a higher density in the lower claim amounts (around 2000€-
3000€) compared to electric vehicles. For electric vehicles (green line), the density appears 



26 
 

more spread out, with a peak around 4000€ and a slower decrease as the claim amounts 
increase.  

Non-electric vehicles show a sharper drop in density after the initial peak, suggesting more 
concentrated lower claims, whereas electric vehicles show a smoother and wider spread. This 
could indicate differences in claim patterns or costs between the two categories. In the 
sections below, we will observe the behavior of our independent variables. 

4.3.2. DRIVER’S AGE 

The discrete quantitative variable "Driver Age" ranges from 16 to 98 years, with an average 
age of 51 years for non-electric vehicles and 48 years for electric vehicles. In the figure below, 
we can observe how the average cost varies with the driver's age.  

The driver's age, as shown in the figure below, was grouped into several categories. This 
segmentation was performed based on a statistical analysis of the data and its behavior.  

Figure 4.2 - %Cost vs Driver's Age 

 

Source: Author’s Preparation 

In adulthood, costs are higher, especially for electric vehicles. Reduced costs for older age 
groups (61-70, 70-79, etc.) in both vehicle types suggest that these drivers are involved in 
fewer high-cost incidents, which could be attributed to safer driving habits or lower accident 
rates among older drivers. 

4.3.3. DRIVING EXPERIENCE  

The discrete quantitative variable "Driving Experience" spans from 0 to 73 years old, with an 
average age of 26 years within the portfolio, for both vehicle types.  

Once again, this segmentation was performed through statistical analysis of the variable and 
its behavior in relation to the cost. 
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Figure 4.3 - %Cost vs Experience Years 

 

Source: Author’s Preparation 

Through the graph, we can observe that for drivers with experience between 16 and 40 years, 
the average cost is higher. Costs are highest for both vehicle types in the 16–24 and 24–32 
year intervals, suggesting that these groups may represent higher risk. Non-electric vehicles 
exhibit higher costs in the 0–8 and 8–16 year intervals, whereas electric vehicles surpass non-
electric ones in the 16–24 and 24–32 intervals. Beyond 32 years of experience, costs decline 
significantly for both groups, with non-electric vehicles generally having slightly higher costs 
in the upper intervals. The chart highlights distinct cost patterns and potential differences in 
risk profiles between vehicle types, particularly at mid-range experience levels. 
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4.3.4. DISTRICT 

From the variable 'zona,' the variable 'Distrito' was created to obtain a feature with less 
granularity.  

In the below figure, we can observe how the average cost of accidents behaves in relation to 
the district where they occurred.  

Figure 4.4 - %Cost vs District 

 

Source: Author’s Preparation 

We can quickly see that for both datasets, the district of Lisbon shows the highest average 
costs, followed by Porto. 
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4.3.5. ZONE 

In the figure below, we can observe the 10 zones with the highest average costs for both 
electric and non-electric cars. We can also see that there are no shared zones between the 
two datasets. 

Figure 4.5 - Top 10 zones with the highest average costs 

 

Source: Author’s Preparation 

4.3.6. VEHICLE BRAND 

Vehicle Brand is a categorical variable that represents the brand of the insured vehicle. This 
variable was created to facilitate the study, since there were several distinct values for the 
vehicle brand variable. Brands were grouped according to the vehicle's value: 'lower-cost' 
brands are in group 1, while 'luxury' brands are in group 10. From the chart below, we can 
conclude that higher-cost brands are associated with higher claim costs. For non-electric cars, 
the category with the highest cost in our dataset includes brands where the vehicle's value is 
above €12,000 and below €19,000, which corresponds to brand category 8. 
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Figure 4.6 - %Cost vs Brand 

 

Source: Author’s Preparation 

Similarly to the variable zona, the chart below shows the top 10 brands with the highest 
average cost for electric and non-electric cars. 

Figure 4.7 - Top 10 brands with the highest average costs 

 

Source: Author’s Preparation 

4.3.7. VEHICLE TYPE 

As expected, the category representing the highest costs in our dataset is category 2, which 
corresponds to passenger cars. This occurs because it also represents the majority of our 
insured vehicles. 
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Figure 4.8 - %Cost vs Category 

 
Source: Author’s Preparation 

Where each value corresponds respectively to:  0: 'Camionetas', 1: 'Ciclomotores', 2: 'Ligeiros', 
3: 'Mistos', 4: 'Motociclos', 5: 'Pesados', 6: 'Pickup’. 

4.3.8. HORSEPOWER 

The chart below shows that, on average, cars with low to medium power—those in a more 
economical range—have higher costs. We can also observe that electric vehicles tend to have 
higher power. 

Figure 4.9 - %Cost vs Horsepower 

 
Source: Author’s Preparation 

4.3.9. GROSS VEHICLE WEIGHT 

The chart below shows the distribution of the gross vehicle weight, for both electric and non-
electric cars, by average cost. We observe that most accidents involved vehicles with a gross 
weight between 1500 and 2500 kg, which are small to medium-sized vehicles. 
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Figure 4.10 - %Cost vs Gross Vehicle Weight 

 

Source: Author’s Preparation 

4.3.10. MANUFACTURE YEAR 

Regarding the construction year of the vehicles in our dataset, we observe that, in general, 
they are vehicles from the year 2000 onwards. As expected, electric vehicles tend to be newer 
than non-electric vehicles. 

Figure 4.11 - %Cost vs Manufacture Year 

 

Source: Author’s Preparation 
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5. RESULTS AND DISCUSSION 

This chapter focuses on presenting the results from the models, including an analysis of data 
distribution, model performance, and the interpretation of key findings. The results of the 
claim severity models will be displayed, examining how different variables influence the 
severity of accidents for both electric and non-electric vehicles. The analysis will provide a 
detailed overview of the model outcomes, highlighting their implications for risk assessment 
and future model improvements. 

For the models created in this section, categorical variables were used, and all variables were 
transformed into categorical ones in order to optimize the results of the models. Here is a 
summary of these variables: 

Table 5.1 - Categorical variables 

CATEGORICAL VARIABLE VALUES 

CATEGORIA_POTENCIA 'Até 75 cv', '76-100 cv','101-150 cv','151-200 cv', '> 200 cv' 

CATEGORIA_CILINDRADA 'Até 1200', '1201-1500','1501-2000', '> 2000' 

CATEGORIA_PESO_BRUTO 'Até 1500 kg', '1501-2000 kg','2001-2700 kg', '> 2700 kg' 

CATEGORIA_ANO_CONST 'Até 2006', '2007-2013','2014-2020', '> 2020' 

MARCA 1-10 

IDADE 1 (ages between 16 and 30), 2(ages between 31 and 50), 3 (ages between 51 and 60), 
4 (ages between 61 and 70) and 5 above 70 years 

ANOS_CARTA 1 (experience under 5 years), 2 (experience between 6 and 15 years), 3 (experience 
between 16 and 25 years), 4 (experience between 26 and 35 years), 5 (experience 
between 36 and 45 years), 6 (experience between 46 and 55 years) and 7 above 56 

5.1. CORRELATION MATRIX 

Before modeling the data, a correlation matrix was created to check for highly correlated 
variables, for both electric and non-electric vehicles, as this can impact the models later on. In 
the figure below, we can see the result of the correlation matrix for non-electric vehicles based 
on Cramér's V values, which measures the strength of association between pairs of categorical 
variables for non-electric vehicles.  
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Figure 5.1 - Correlation Matrix for Non-Electric Vehicles 

 

Source: Author’s Preparation 

There are several notable high correlations, such as: 

 categoria_potencia and categoria_cilindrada (0.46), indicating a moderate correlation 
between power and cylinder category. 

 categoria_peso_bruto and categoria_potencia (0.45), suggesting a moderate 
correlation between weight and power categories. 

 IDADE and ANOS_CARTA (0.59), indicating a relatively high correlation between age 
and experience years. 

 

For electric vehicles, the same graphic was built. 

 



35 
 

Figure 5.2 - Correlation Matrix for Electric Vehicles 

 

Source: Author’s Preparation 

In the graph above, we can observe that the variable categoria shows a strong correlation 
with the variables marca and categoria_peso-bruto, as well as with the variable 
categoria_potencia.  

Variable categoria_peso_bruto also shows a strong correlation with the variable marca. 
Additionally, the variables ANOS_CARTA (years of driving license) and IDADE (age) exhibit a 
strong correlation with each other as well. 

5.2. FITTING THE DISTRIBUTIONS 

Typically, the response variable claim amount follows a distribution from the Exponential 
family. To understand how well my data fit this distribution, I used the AIC method and also 
attempted various transformations on the data to achieve better results. 

5.2.1. NON-ELECTRIC VEHICLES 

For this dataset, the claim amount behaves as shown below: 
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Figure 5.3 - Boxplot of Claim Amount for Non-Electric Vehicles 

 

Source: Author’s Preparation 

The boxplot shows a slight right tail, suggesting that the distribution of the Claim Amount is 
slightly skewed with a tendency towards higher values due to the presence of outliers.  

After calculating the AIC values for various transformations (square root, Box-Cox, and 
logarithmic), the best results were obtained with the logarithmic transformation, yielding the 
following results: 

Table 5.2 - AIC value for different distributions with logarithmic transformation, for Non-
Electric Vehicles 

AIC (Gaussian) 169 295,69 

AIC (Inv_Gaussian) 1 916 298,38 

AIC (Gamma) 173 599,12 

Source: Author’s Preparation 

Upon analyzing the table above, we conclude that the distribution that presents the lowest 
value is the Normal distribution with a logarithmic transformation to the response variable, 
making it the distribution that best fits the data. 

5.2.2. ELECTRIC – VEHICLES 

For electric vehicles, the claim amount variable exhibits the following behavior: 
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Figure 5.4 - Boxplot of Claim Amount for Electric Vehicles 

 

Source: Author’s Preparation 

The distribution of our dependent variable Claim Amount for non-electric cars is relatively 
symmetrical, with most values concentrated between 2000 and around 4000, and there are 
no visible outliers that deviate significantly from this range. 

The same reasoning was applied to the electric vehicle dataset, where the best results were 
obtained without any transformation, using the original data. The distribution that best fits, 
according to the AIC value, is also a Normal distribution with a logarithmic transformation to 
the response variable, as we can confirm from the table below. 

Table 5.3 - AIC value for different distributions with logarithmic transformation, for Electric 
Vehicles 

AIC (Gaussian) 9 005,22 

AIC(Inv_Gaussian) 12 834,68 

AIC (Gamma) 9 006,22 

Source: Author’s Preparation 

 

5.3. GENERALIZED LINEAR MODELS 

We model the data using generalized linear models for both datasets. Based on the variable 
DISTRITO, we created the variable zona_distrito, which is broader and allows for fewer 
possible values, that is, we were able to group the values into larger sets with lower 
granularity. This variable can take the following values: Alentejo, Algarve, Centro, Insular, 
Interior, Metropolitana, and Norte. To use this new variable along with the other categorical 
variables in the models, dummy variables were created with values of 0 or 1 for each of the 
categories. For each variable, the reference category is the most frequent. 
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The Python module statsmodels was used for this models. 

Table 5.4 summarizes the reference categories. Lastly, the datasets were divided into 80% for 
training and 20% for testing. 

Table 5.4 - Reference category per feature 

VARIABLE NON-ELECTRIC VEHICLES ELECTRIC-VEHICLES 

MARCA Group 7 Group 4 

DISTRITO Group Lisboa Group Lisboa 

ZONA_DISTRITO Group Zona Metropolitana Group Zona Metropolitana 

ANOS_CARTA Group 26-35 Group 26-35 

CATEGORIA Group Ligeiros Group Ligeiros 

POT Group 101-150 cv Group 151-200 cv 

CC Group 1501-2000 Group Até 1200 

PB_VEIC 

ANO_CONST 

Group 1501-2000 kg 

Group 2007-2013 

Group 2001-2700 kg 

Group 2014-2020 

IDADE Group 31-50 Group 31-50 

Source: Author’s Preparation 

5.3.1. NON-ELECTRIC 

To model identification strategy required testing first with all the candidate features to get an 
initial general idea of how they behave and check if they are significant. For this, the stepwise 
regression method was used, and the chosen type was backward elimination, this method was 
chosen considering the number of variables that exist. We removed the variables that are not 
significant for the model, meaning those with a p-value greater than 5%, and we are left with: 

Table 5.5 - GLM Regression Results for Non-Electric Vehicles 

 Coef Std err Z P>|z| [0.025 0.975] 

Const 2.0710 0.001 2782.453 0.000 2.070 2.072 

DISTRITO_Aveiro 0.0071 0.001 4.752 0.000 0.004 0.010 

DISTRITO_Açores -0.0106 0.003 -3.913 0.000 -0.016 -0.005 

DISTRITO_Braga 0.0079 0.001 5.734 0.000 0.005 0.011 

DISTRITO_Funchal -0.0236 0.010 -2.371 0.018 -0.043 -0.004 

DISTRITO_Portalegre -0.0099 0.004 -2.775 0.006 -0.017 -0.003 

DISTRITO_Porto 0.0020 0.001 1.947 0.052 -1.34e-05 0.004 

DISTRITO_Santarém -0.0079 0.002 -3.432 0.001 -0.012 -0.003 

DISTRITO_Viseu -0.0079 0.003 -3.015 0.003 -0.013 -0.003 

Categoria_Camionetas 0.008 0.002 4.722 0.000 0.005 0.011 

Categoria_Ciclomotores -0.0209 0.007 -2.893 0.004 -0.035 -0.007 
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Categoria_Mistos 0.0082 0.001 6.286 0.000 0.006 0.011 

Categoria_Motociclos -0.0141 0.003 -5.404 0.000 0.019 -0.009 

Categoria_Pickup 0.0112 0.003 3.682 0.000 0.005 0.017 

Categoria_peso_bruto_> 2700 kg 0.0033 0.002 1.787 0.074 -0.000 0.007 

Categoria_ano_const_2014-2020   -0.0040 0.001 -5.201 0.000 -0.006 -0.003 

IDADE_61-70 -0.0023 0.001 -2.159 0.031 -0.004 -0.000 

ANOS_CARTA_0-5 0.0026 0.001 1.911 0.056 -6.81e-0.5 0.005 

ANOS_CARTA_16-25   -0.0033 0.001 -3.643 0.000 -0.005 -0.002 

zona_distrito_Zona Centro 0.0041 0.002 2.372 0.018 0.001 0.007 

Source: Author’s Preparation 

The table below divides the variables according to the sign of the coefficient obtained for each 
of them: 

Table 5.6 - Significant Variables chosen in the GLM severity model for Non-Electric Vehicles 

Variables with Positive Effect Variables with Negative Effect 

DISTRITO_Aveiro DISTRITO_Açores 

DISTRITO_Braga DISTRITO_Funchal 

DISTRITO_Porto 

Categoria_Camionetas 

Categoria_Mistos 

Categoria_Pickup 

Categoria_peso_bruto_> 2700 kg 

ANOS_CARTA_0-5 

zona_distrito_Zona Centro 

DISTRITO_Portalegre 

DISTRITO_Santarém 

DISTRITO_Viseu 

Categoria_Ciclomotores 

Categoria_Motociclos 

Categoria_ano_const_2014-2020 

IDADE_61-70 

ANOS_CARTA_16-25 

zona_distrito_Zona Algarve 

zona_distrito_Zona Interior 

 

Source: Author’s Preparation 

Through this summary of the model results, we can draw several conclusions. 

It is important to note that since a logarithmic transformation was applied to the data, the 
coefficient presented above in Table 5.5 was also affected by this adjustment. 

Variables with a positive effect, with a coefficient above zero, mean that, for example, for 
variable Distrito, it indicates that, in relation to their reference variable (which is 
DISTRITO_Lisboa), this category has higher costs.  
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For example, in the case of the categorical variable DISTRITO_Aveiro, it means that being from 
this district increases the expected value by 0.0071 compared to the reference variable. The 
same reasoning applies to variables with a negative coefficient, but in that case, the expected 
value decreases compared to the reference variable. 

For example, DISTRITO_Funchal has a negative coefficient wich means that being from this 
district decreases the expected value by 0.0236 compared to the reference variable. This can 
be related to reduced traffic intensity or different driving patterns. 

The results of the GLM model demonstrate that various geographic, demographic, and vehicle 
characteristics significantly influence claim costs. Districts with higher urban density, such as 
Aveiro and Braga, showed slightly higher costs, while more isolated regions, such as the Azores 
and Funchal, had lower costs, reflecting differences in traffic intensity and risk exposure. 
Heavier vehicles (>2700 kg) were associated with marginally higher costs, consistent with their 
potential to cause greater damage in accidents. We can also observe that newer vehicles 
(2014 to 2020) and more experienced drivers (between 16 and 25 years) contributed to lower 
costs, aligning with the expectation of reduced risks for these groups.  

Specific vehicle categories also exhibited significant impacts, with some categories indicating 
higher costs due to the severity of incidents. These findings are consistent with previous 
studies highlighting the influence of regional, demographic, and vehicle characteristics on 
claim costs, underscoring the importance of modeling these variables to improve risk 
prediction and management in automotive insurance. 

Therefore, we obtained a severity model with these 21 variables. The results of the model 
indicate that it does not explain the intended variable well, which is not uncommon for this 
type of model. This is because, for example, it is generally more challenging to explain the cost 
of claims compared to frequency. 

According to previous studies modeling claim severity is inherently more challenging than 
frequency due to the nature and variability of the data. Severity distributions are typically 
highly asymmetric highly skewed, with a long tail of high-cost claims, making them difficult to 
model and interpret. 

5.3.2. ELECTRIC VEHICLES 

Similarly to what was done for non-electric vehicles, testing the model with all the variables 
was the first thing to do and only then removed the variables that were not significant but, in 
this case, a significance level of 10% was used due to the reduced sample size. 

For electric vehicles, unlike what happened with traditional vehicles, a better result was 
obtained in the model without using the created categorical variables. Therefore, the only 
variables used as categorical were those that were originally categorical. 
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Table 5.7 - GLM Regression Results for Electric Vehicles 

 Coef Std err Z P>|z| [0.025 0.975] 

Const 8.4947 4.639 1.831 0.067 -0.598 17.587 

ANO_CONST -0.0031 0.002 -1.385 0.166 -0.008 0.001 

DISTRITO_Leiria 0.0356 0.019 1.848 0.065 -0.002 0.073 

DISTRITO_Setúbal -0.0571 0.045 -1.274 0.203 -0.145 0.031 

Marca_6 0.0292 0.013 2.307 0.021 0.004 0.054 

Marca_8 0.0334 0.018 1.857 0.063 -0.002 0.069 

 

Source: Author’s Preparation 

The table below divides the variables according to the sign of the coefficient obtained for each 
of them: 

Table 5.8 - Significant Variables chosen in the GLM severity model for Electric Vehicles 

Variables with Positive Effect Variables with Negative Effect 

DISTRITO_Leiria 

marca_6 

ANO_CONST 

DISTRITO_Setúbal 

Marca_8  

Source: Author’s Preparation 

The interpretation of the variables follows the same logic as previously explained.  

Categorical variables related to vehicle brands stand out in the model. The brands in group 6 
have a positive coefficient (0.0292) and are statistically significant (P>|z| = 0.021), suggesting 
that these brands may be associated with a higher severity in electric vehicles.  

Brands in group 8 also have a positive coefficient (0.0334) and are marginally significant (P>|z| 
= 0.063), indicating a potential influence, though with a lower confidence.  

It is also important to remember that our data on electric vehicles is a very small sample, which 
negatively impacts on the reliability of the results. 

 

 



42 
 

5.3.3. RESIDUALS 

The residuals were calculated for each dataset, as represented below. This value was obtained 
by taking the difference between the observed value and the value predicted by the model. 

Figure 5.5 - GLM Fitted Values Residuals 

  

Source: Author’s Preparation 

The residuals for non-electric vehicles (left graph) range between -5 and 1, but they are more 
concentrated between -2 and 1.  

In the right graph, pertaining to the electric vehicle dataset range between -3 and 1, we see a 
large dispersion of values due to the lack of data. However, we can observe that most 
observations are closer to zero. 

The residual analysis suggests that the model aligns with its assumptions, particularly for non-
electric vehicles with no discernible trend or pattern. This consistency indicates that the 
assumptions of homoscedasticity and independence are reasonably met.  

High residual values reflect instances where observed claim costs exceed predictions, 
potentially due to unaccounted factors like extreme claims. Low residual values indicate 
overpredictions, suggesting that the model may not fully capture certain patterns. For electric 
vehicles a larger dispersion is observed due to the limited dataset, indicating potential 
challenges in accurately modeling claim costs in this group. 

5.4. LOGISTIC REGRESSION 

A new variable was created in the dataset based on the cost of the claim, where costs above 
4 500€ are considered severe. Thus, this variable acidente_grave takes on only 'yes' and 'no' 
values, which are represented as 1 and 0, respectively. 

The goal is to understand the probability of a claim resulting in a severe accident and to 
analyze the differences between electric and non-electric cars. 



43 
 

The Python library scikit-learn was used for this models. 

5.4.1. NON-ELECTRIC VEHICLES 

5.4.1.1. VARIABLE SELECTION 

The variable selection was made based on the importance of each variable for the model, 
meaning that variables with a p-value below 5% were selected. Alongside this analysis, the VIF 
value for each variable was also considered, and those with excessively high values were 
removed. 

Thus, the variables included in the final model are as follows 

Table 5.9 - Python Output for Significant Variables for Non- Electric Vehicles 

 Coef Std err Z P>|z| [0.025 0.975] 

Const -1.1719 0.020 -58.920 0.000 -1.211 -1.133 

DISTRITO_Aveiro 0.1244 0.038 3.247 0.001 0.049 0.200 

DISTRITO_Açores -0.2093 0.076 -2.740 0.006 -0.359 -0.060 

DISTRITO_Braga 0.1632 0.035 4.720 0.000 0.095 0.231 

DISTRITO_Guarda -0.1986 0.101 -1.973 0.048 -0.396 -0.001 

DISTRITO_Viseu -0.1340 0.058 -2.291 0.022 -0.249 -0.019 

Categoria_Camionetas 0.0752 0.040 1.869 0.062 -0.004 0.154 

Categoria_Mistos 0.0932 0.035 2.648 0.008 0.024 0.162 

Categoria_Motociclos 0.1349 0.070 1.930 0.054 -0.002 0.272 

Categoria_Pickup 0.1017 0.070 1.453 0.146 -0.035 0.239 

Categoria_potencia_151-200 cv 0.0517 0.035 1.472 0.141 -0.017 0.120 

Categoria_cilindrada_< 1200 -0.0426 0.027 -1.559 0.119 -0.096 0.011 

Categoria_ano_const_>2020 0.2221 0.076 2.916 0.004 0.073 0.371 

IDADE_16-30 0.0510 0.030 1.690 0.091 -0.008 0.110 

IDADE_61-70 -0.0639 0.032 -1.992 0.046 -0.127 -0.001 

IDADE_>70 -0.0908 0.043 -2.679 0.007 -0.157 -0.024 

ANOS_CARTA_16-25 -0.0682 0.026 -2.645 0.008 -0.119 -0.018 

ANOS_CARTA_36-45 -0.0866 0.032 -2.695 0.007 -0.150 -0.024 

Source: Author’s Preparation 
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The table below divides the variables according to the sign of the coefficient obtained for each 
of them: 

Table 5.10 - Selected Variables for the Logistical Regression Model 

Variables with Positive Effect Variables with Negative Effect 

DISTRITO_Aveiro 

DISTRITO_Braga 

Categoria_Camionetas 

Categoria_Mistos 

Categoria_Motociclos 

Categoria_Pickup 

Categoria_potencia_151-200 cv 

Categoria_ano_const_> de 2020 

ANO_CONST 

DISTRITO_Açores 

DISTRITO_Guarda 

Categoria_cilindrada_< 1200 

IDADE_26-35 

IDADE_>70 

ANOS_CARTA_16-25 

ANOS_CARTA_36-45 

IDADE_16-30 DISTRITO_Viseu 

Source: Author’s Preparation 

From this output, we can observe for example that higher ages and more driving experience 
have a negative effect, meaning there is a lower probability of causing a serious accident with 
these characteristics. 

To evaluate the model, the chart below was created: 

Figure 5.6 - Confusion Matrix for Non-Electric Vehicles 

 

Source: Author’s Preparation 
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This chart is represented in the table below, where we can see the information in more detail. 

 

Table 5.11 - Classification Table for Non-Electric Vehicles 

 Precision Recall F1-Score Support 
0 0.78 0.80 0.79 18513 
1 0.26 0.23 0.24 5505 
     

Accuracy   0.67 24018 
Macro avg 0.52 0.52 0.52 24018 

Weighted avg 0.66 0.67 0.67 24018 
Source: Author’s Preparation 

This means that the model achieved an accuracy of 67%, indicating that approximately 67% 
of the model's predictions are correct. 
 
Regarding the model's precision, which is the ratio of true positives to the total predicted 
positives, the value was 78% for class 0 and 26% for class 1 (with an severe accident). The 
recall for class 0 is 80%, meaning that the model correctly identifies 80% of the positive cases 
in this class, while it has more difficulty with class 1. The F1-score reflects the values of 
precision and recall, further demonstrating that the model performs well for class 0 but 
struggles significantly with class 1. 
 
Due to the imbalance in our dataset, where there are more observations with the variable 
'acidente grave' equal to 0 than with a value of 1 (indicating a severe accident), the threshold 
used by the model was set at 0.248. This value was obtained by calculating the proportion of 
severe accidents in our dataset. Therefore, probabilities above this value were considered as 
severe accidents, as we can see in the graph below. 
 

Figure 5.7 - Distribution of Predicted Probabilities for Severe Accidents 

 
Source: Author’s Preparation 
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To observe how the False Positive Rate (FPR) behaves in relation to the True Positive Rate 
(TPR), a ROC curve was created with the FPR on the x-axis. The area under the curve was 
calculated as a metric, where the closer this value is to 1, the better our model can predict the 
results.  
The value obtained for our model was 0.54 which indicates that the model has a very limited 
ability to distinguish between the predicted classes, since an AUC of 0.5 represents a model 
with no discriminatory power. 
 

Figure 5.8 - ROC Curve for Non-Electric Vehicles 

 
Source: Author’s Preparation 

 

5.4.2. ELECTRIC VEHICLES 

The variable selection for these vehicles was made based on the importance of each variable 
for the model, meaning that variables with a p-value below 5% were selected. Alongside this 
analysis, the VIF value for each variable was also considered, and those with excessively high 
values were removed. 

Table 5.12 - Python Output for Significant Variables for Electric Vehicles 

 Coef Std err Z P>|z| [0.025 0.975] 

Const -45.1623 117.825 -0.383 0.701 -276.094 185.770 

ANO_CONST 0.0219 0.058 0.376 0.707 -0.093 0.136 

Marca_9 -1.0670 0.435 -2.454 0.014 -1.919 -0.215 

ANOS_CARTA_6-15 0.5925 0.423 1.401 0.161 -0.236 1.421 

ANOS_CARTA_26-35 0.3372 0.253 1.335 0.182 -0.158 0.832 

Source: Author’s Preparation 

Thus, the variables included in the final model are as follows: 
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Table 5.13 - Selected Variables for the Logistical Regression Model 

Variables with Positive Effect Variables with Negative Effect 

ANO_CONST 

ANOS_CARTA_6-15 

ANOS_CARTA_26-35 

Marca_9 

 

Source: Author’s Preparation 

The variable Marca_9, representing a group of more expensive vehicle brands, has a 
statistically significant negative coefficient (-1.0670, P>|z| = 0.014). This indicates that 
vehicles from high-end brands are associated with lower odds of severe claims compared to 
the reference category. A possible explanation is that owners of these more expensive 
vehicles may adopt safer driving behaviors or have access to advanced safety features, 
reducing the likelihood of serious consequences. 

This is consistent with other studies, including international research such as the study by Wu 
et al. (2020), which also states that vehicles from higher-end brands, such as SUVs, are 
associated with less severity in accidents.  

The other variables have a positive effect, meaning that observations with these 
characteristics have higher odds of severe claims compared to the reference category.  

For example, the variable ANOS_CARTA_4.0 (between 26 and 35 years) with a coefficient of 
0.3372 indicates that experienced drivers are associated with higher odds of severe claims 
compared to the reference category. 

Just like for non-electric vehicles, the following chart was also constructed: 
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Figure 5.9 - Confusion Matrix for Electric Vehicles 

 
 
Source: Author’s Preparation 

This chart is represented in the table below, where we can see the information in more detail. 

Table 5.14 - Classification Table for Electric Vehicles 

 Precision Recall F1-Score Support 
0 0.78 0.80 0.79 111 
1 0.39 0.36 0.37 39 
     

Accuracy   0.69 150 
Macro avg 0.58 0.58 0.58 150 

Weighted avg 0.68 0.69 0.68 150 
Source: Author’s Preparation 

This means that the model achieved an accuracy of 69%, indicating that approximately 69% 
of the model's predictions are correct, which is reasonable compared to similar studies. 
 
Regarding the precision of the model, which is the ratio of true positives to the total predicted 
positives, the value was 78% for class 0 and 39% for class 1 (with an severe accident). The 
recall for class 0 is 80%, which means that the model correctly identifies 80% of the positive 
cases in this class, while it has more difficulty with class 1.  
The F1 score reflects the precision and recall, further demonstrating that the model performs 
well for class 0 but struggles significantly with class 1. 
 



49 
 

Figure 5.10 - Distribution of Predicted Probabilities for Severe Accidents 

 
Source: Author’s Preparation 

Due to the imbalance in our dataset, where there are more observations with the variable 
'acidente grave' equal to 0 than with a value of 1 (indicating a severe accident), the threshold 
used by the model was set at 0.3495. This value was obtained by calculating the proportion of 
severe accidents in our dataset, so probabilities above this value were considered severe 
accidents. 
 
To observe how the False Positive Rate (FPR) behaves in relation to the True Positive Rate 
(TPR), a ROC curve was created with the FPR on the x-axis. The area under the curve was 
calculated as a metric, where the closer this value is to 1, the better our model can predict the 
results. The value obtained for our model was 0.57 witch once again indicates that the model 
has a very limited ability to distinguish between the predicted classes, since an AUC of 0.5 
represents a model with no discriminatory power. 
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Figure 5.11 - ROC Curve for Electric Vehicles 

 
Source: Author’s Preparation 

This curve is somewhat atypical,  this can be justified by the characteristics of the dataset like 
class imbalance that typically poses challenges for predictive models, as they tend to favor the 
majority class, leading to reduced discriminatory power for the minority class. Furthermore, 
the small sample size amplifies the variability and uncertainty in the predictions, contributing 
to the shallow curve observed. This limited data volume may also be difficult for the model's 
ability to capture meaningful patterns or relationships, resulting in predictions that are only 
slightly better than random guessing. As a result, the observed ROC curve reflects the inherent 
difficulties associated with modeling severe accidents under these constraints. 

5.4.3. COMPARISON TEST  

The Z-test for proportions is a statistical test used to determine whether there is a significant 
difference between two population proportions. It is particularly useful when comparing 
categorical data.  

In this case, the Z-Test compares the probabilities of severe accidents between electric and 
non-electric cars. The results obtained were as follows: 

Table 5.15 - Output of Z-test 

 Electric Cars Non-Electric Cars 
Severe accident proportion 0.2337 0.2886 
Z-test Statistic 2.8893 
P-value 0.0039 

Source: Author’s Preparation 
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Based on the results of the test, electric cars have a slightly higher probability of causing severe 
accident compared to non-electric cars. 
 
However, these results should be analyzed with caution due to the sample size of electric 
vehicles. 
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6. CONCLUSIONS AND FUTURE WORK 

Insurance companies to ensure that their pricing accurately represents the risks they are 
covering. This is achieved in part by creating and using adequate pricing models. As innovative 
methods for modelling claim severity are introduced, and as the scientific community presents 
evidence that these new methods can yield comparable or superior outcomes, it is logical for 
these companies to explore the potential benefits of adopting these new modelling 
techniques, particularly supervised machine learning. 
 
In this project, a study was conducted on the variables that most impact the cost of claims and 
whether these vary between non-electric and electric vehicles, also addressing the question 
of whether vehicles have more or less severe accidents in terms of cost. 
 
First, considering that this work was based on real data from an insurance company, significant 
initial data cleaning was necessary. This included removing rows with multiple missing 
variables and removing outliers. Through exploratory analysis, we obtained a more detailed 
view of the data and the variables. Regarding our response variable, we concluded that it 
follows a Normal distribution in both datasets with a logarithmic transformation. 
 
For the variables that best explain the claim amount: for non-electric vehicles, variables such 
as the vehicle's gross weight, the district, the vehicle's year of construction, driver’s age, years 
of driving experience and type of vehicle were obtained; for electric vehicles, only the vehicle's 
year of construction, brand, and the district were found. 
 
Through the study using logistic regression, we concluded that electric vehicles have a higher 
probability of causing severe accidents. 
 
Modelling the severity of the claim is challenging due to several factors, including the complex 
influences of multiple variables, such as the nature of the incidents and characteristics of 
insured items. Furthermore, data quality issues, like incomplete, inconsistent, or outlier-prone 
data, can lead to unreliable outcomes. The skewed distribution of claims, where a small 
number of high-cost claims dominate total costs, complicates predictions. Nonlinear 
relationships among variables further complicate standard modelling techniques. These 
challenges require sophisticated techniques to accurately model the severity of the claim. 
 
In the future, it could be interesting to try other methods to model the severity of claims, such 
as GBM, XGBoost, or even neural networks. Regarding the data set itself, it could be beneficial 
to aggregate more variables or obtain additional variables that contribute more to the model. 
For this specific study, having more observations of electric vehicles would have been very 
important, but until 2021, electric vehicles were still relatively few. 
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APPENDIX A  

Variables in Study 

Variable Name Description Levels 
N_REGISTO It is a unique key for each 

Record 
224 205 levels 

VALOR_VEIC The vehicle's current value 24 583 levels 
VALOR_VEIC_NOVO Vehicle price if it were new 20 504 levels 
VEICULO_VALOR_EXTRAS The value of the vehicle’s 

extras (rims, etc.) 
3 580 levels 

DESC_CONC_RISCO The vehicle's circulation area 312 levels 
Categoria Vehicle category (passenger, 

etc.) 
11 levels 

ANO_CONST Year of vehicle construction 71 levels 
TYLACODE It is also a code that will not 

be relevant to the study 
28 462 levels 

MARCA_VEIC Vehicle brand 350 levels 
MODELO Vehicle model 12 510 levels 
VERSAO Vehicle version 34 464 levels 
NUM_LUG Number of seats 98 levels 
POT Power 479 levels 
CC Engine displacement 1 688 levels 
TARA_VEIC Vehicle's curb weight 2 692 levels 
PB_VEIC Vehicle's gross weight 1 344 levels 
COMBUST Fuel type 5 levels 
COR Vehicle color 27 levels 
FORMA Type of body (pick-ups, for 

example) 
3 levels 

SEGURADO_IDADE Policyholder's age 87 levels 
COND_ANOS_CRT Driver's years of license 92 levels 
CAP_CCC Collision, crash, and rollover 

coverage capital (own 
damage) 

25 618 levels 

CAP_RC Civil Liability coverage 
capital 

12 levels 

SIN_RC Number of claims 4 levels 
SIN_CCC Number of claims with CCC 

(Collision, Crash, and 
Rollover) 

6 levels 

CT_RC Total Civil Liability cost 98 536 levels 
CT_CCC Total CCC cost 25 571 levels 

Table A.0.1 - Summary of the initial proposed feature variables 
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