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Abstract
Advanced analytics plays a vital role in enhancing various aspects of business oper-
ations within the insurance sector by providing valuable insights that drive informed 
decision-making, primarily through effective database utilization. However, open 
access databases in the insurance industry are exceedingly rare, as they are the basis 
of the business, encapsulating all the risk structure of the company. This makes it 
challenging for researchers and practitioners to access comprehensive insurance 
datasets for analysis and assessing new approaches. This paper introduces an exten-
sive database specifically tailored for non-life motor insurance, containing 105,555 
rows and encompassing a wide array of 30 variables. The dataset comprises impor-
tant date-related information, such as effective date, date of birth of the insured, and 
renewal date, essential for policy management and risk assessment. Additionally, it 
includes relevant economic variables, such as premiums and claim costs, for assess-
ments of products’ financial profitability. Moreover, the database features an array 
of risk-related variables, such as vehicle size, economic value, power, and weight, 
which significantly contribute to understanding risk dynamics. By leveraging the 
statistical analysis of this rich database, researchers could identify novel risk pro-
files, reveal variables that influence insured claims behaviour, and contribute to the 
advancement of educational and research initiatives in the dynamic fields of eco-
nomics and actuarial sciences. The availability of this comprehensive database 
opens new opportunities for research and teaching and empowers insurance profes-
sionals to enhance their risk assessment and decision-making processes.
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1 Introduction

Open-access databases in the insurance industry are exceedingly rare. Companies are 
typically reluctant to share their data as it constitutes the core of their business. During 
a research project conducted by the authors within a Spanish insurance company, spe-
cialized in non-life insurance, we gained access to one of their motor vehicle insurance 
portfolio datasets and were authorized to share a sample of anonymized data. The data 
is presented in the form of a structured table, providing valuable insights into a diverse 
range of non-life insurance policies. Finding these data valuable for our own research, 
we believe they can be also of interest to other researchers and educators. This data can 
be used to identify novel risk profiles, reveal variables that influence insured claims 
behaviour, and contribute to training future actuaries.

This paper presents and describes the database designed with a collection of 105,555 
rows of data and encompassing a diverse set of 30 variables. Within this dataset, one 
can find indispensable date-related information, including the effective date of policies, 
the birthdates of insured individuals, and renewal dates. Furthermore, this dataset is 
enriched with pivotal economic variables, notably premiums and claim costs. These 
economic indicators are necessary for conducting in-depth analyses of the financial via-
bility and profitability of motor insurance products.

These data can be used in several areas of an insurance company, being relevant 
for marketing purposes; including customer segmentation, contract renewal processes, 
price renewal strategies, optimization and price sensitivity models, as well as pric-
ing mechanisms for new business. Researches can use these data to test risk selection 
mechanisms and the utilization of risk underwriting standards in the insurance sec-
tor, also in the context of Solvency II framework. Specifically, it could be employed 
to examine how insurance companies determine the acceptance or conditional accept-
ance, as well as the rejection, of risks by adapting their own established underwrit-
ing standards. The database can be utilized not only in the professional and research 
fields but also in the educational sector. It can be applied to non-life insurance subjects, 
allowing students to practice with real data the theoretical techniques learned in class.

The sources of the data originate from a non-life insurance company operating in 
Spain; therefore, the data have been meticulously anonymized to align with the prevail-
ing European legislation, safeguarding individual privacy and confidentiality. For ease 
of access and reference, a supplementary clean data file in spreadsheet format is pro-
vided along with this article. Researchers and stakeholders interested in exploring and 
using these data can access them via the provided DOI link: https:// doi. org/ 10. 17632/ 
5cxyb 5fp4f.2, or by contacting the authors via email. The pre-cleaned raw data can also 
be obtained from the authors.

2  Background

The insurance industry plays an indispensable role in driving and supporting mod-
ern economies. At its core, the purpose of insurance is to safeguard agents and indi-
viduals against adverse events that may lead to economic losses or repercussions. 

https://doi.org/10.17632/5cxyb5fp4f.2
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This crucial function is realized through insurance policies, which aim to provide 
compensation or indemnity in the event of a loss.

In the digital age, the insurance sector is undergoing transformative changes, and 
a key driving force behind this transformation is a more intensive utilization of data. 
Entities within the industry are leveraging data from various sources, both internal 
and external, to improve their decision-making processes. By combining diverse 
information assets, insurers gain a competitive advantage, fostering innovation and 
sector-wide transformation.

Notably, customer behaviour and risk aversion vary among individuals in the 
insurance industry. Therefore, analysing the profitability of customers and policy-
holders becomes crucial for shaping and adapting business strategies. Insurers are 
wary of consistently facing losses from policyholders, making it essential to iden-
tify and engage with customers who contribute positively to the bottom line. In this 
sense, Venkatesan and Kumar [7] highlight that the true measure of success of a 
business lies not in the sheer number of customers in a portfolio, but in the quality 
of the customers and the profitability of the relationships established.

The availability of open access data concerning insured populations is currently 
limited. As exceptions we can list Lledó and Pavía [2], New York State Department 
of Financial Services [3–5], and Department of Health and Human Services [1]. In 
life insurance, Lledó and Pavía [2] offers a large database of a real portfolio con-
taining valuable information concerning, among other issues, ages of insured with 
capital at risks and quarterly identifiers. In the context of non-life insurance, one 
can find databases pertain to particular areas, such as car insurance, property insur-
ance, and health insurance. Regarding car insurance, the database New York State 
Department of Financial Services [3] contains valuable information based on upheld 
consumer complaints as a percentage of their total business over two years. Insur-
ers with the lowest complaint ratios rank higher on the list, while those with the 
highest ratios are placed at the bottom. New York State Department of Financial 
Services [4] determines the number of motorists who have completed the course and 
organize the data into subsets based on the year and month of course completion, 
motorist residency, age, and sex, as well as the course provider and delivery method. 
Similarly, New York State Department of Financial Services [3] and Department of 
Health and Human Services [1] are two datasets for property and health insurance 
sector respectively. Nevertheless, none of the existing databases matches the com-
prehensive nature of the one developed in this study.

3  Data description and general variables of each policy

A sample dataset has been created from a Spanish insurance company specialized 
in non-life insurance. The dataset is presented as a spreadsheet file covering the 
main operations of the company during a period of three completed years (Novem-
ber 2015–December 2018), containing several variables. It includes complete infor-
mation related to the unique characteristics of different lines of motor insurance, 
diverse sales and distribution channels, important client-specific details, technical 
factors, and historical claims data. Each row represents an insurance policy that is 
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automatically renewed annually until either the policyholder decides to cancel it, or 
the insurance company terminates it due to non-payment. The database tracks both 
the addition of new policies and the removal of existing ones from the insured’s 
portfolio. It includes variables to assess the risk, such as the vehicle’s price or engine 
capacity, as well as economic factors impacting the income statement, such as claim 
costs and insurance premiums.

A comprehensive quality control process has been conducted to ensure the reli-
ability of the dataset. Steps have been taken to address missing, duplicated, or erro-
neous data, as well as to amend the presence of zero values with respect to the abso-
lute frequency of each variable. This filtering stage holds significant importance for 
subsequent analyses. The procedure of extracting information from the dataset can 
be likened to a distillation process, involving a series of sequential stages. Within 
this process, the initial phase involves tasks such as data cleaning, conditioning, and 
analysis of the database. These steps ensure the dataset’s integrity and its suitability 
for subsequent analysis. Additionally, the process includes transforming or creating 
new variables based on existing information. It may also entail adjusting date for-
mats and determining qualitative variables as factors, allowing for further analysis 
and interpretation.

Despite all the processing, readers interested in the raw/initial database should 
note that it is available upon request from the authors. We consider this valuable 
because understanding the quality of a real (non-cleaned) database can serve various 
purposes. For example, it allows for measuring potential impacts on operational risk 
in Solvency II due to human errors in data processing or studying the quality of the 
underwriting process. Furthermore, it can also serve as a practical exercise in data 
processing and cleaning for students.

Each entry in the dataset represents a distinct insurance contract or policy, with 
varying maturity dates. Consequently, each policyholder can have multiple rows in 
the dataset, corresponding to annual observation periods, except for policies initiated 
less than a year prior to the valuation date. Utilizing an internal identification code 
( ID , see Table 1), all policyholder-product transactions can be accurately recorded. 
The monetary values considered, such as premiums, are provided after deducting 
applicable taxes. The dataset comprises 105,555 rows and 30 columns, as indicated 
in Table 1. Each row in the dataset represents a policy during a period, and each col-
umn corresponds to a specific variable.

The variable ID corresponds to a unique identification code that is assigned to 
the combination of policyholder and product. For instance, if there are two rows 
in the dataset with the same ID , it indicates that the policyholder is insured for 
two distinct time periods (years) while maintaining the same product. The subse-
quent group of variables, namely Date_start_contract , Date_last_renewal , and 
Date_next_renewal , are associated with important dates relevant to the insurance 
policy. Among these variables, Date_start_contract represents the start date of the 
policyholder’s contract, Date_last_renewal indicates the date of the policyholder’s 
most recent renewal, and Date_next_renewal represents the upcoming renewal 
date for the insurance policy. Date_birth is less than 31/12/2000 and greater than 
01/01/1918 and the variable Date_driving_licence indicates the time when the legal 
driving license was obtained, with the minimum age requirement being 18 years in 



Dataset of an actual motor vehicle insurance portfolio  

Spain. The modal year for this last variable is 2006. The format of all dates in the 
dataset is DD/MM/YYYY, where DD, MM, and YYYY represent the day of the 
month, month of the year, and year, respectively.

The Distribution_channel classifies the method by which the company got the 
policy, with a value of 0 indicating an agent channel and a value of 1 representing 
insurance brokers. The agent channel refers to policies contracted directly through 
an agent, while the insurance broker channel refers to policies contracted through 
independent insurance brokers: 60% of the policies are coded with a value of 0 for 
this variable.

The following group of variables describes the policyholder’s affiliation with 
the insurance company. Figure 1 illustrates the distribution of variables Seniority , 

Table 1  First set of variables in the dataset

Variable Description

ID Internal identification number assigned to each annual contract formalized by an 
insured. Each policyholder can have multiple rows in the dataset, representing 
different annuities of the product.

Date_start_contract Start date of the policyholder’s contract (DD/MM/YYYY).
Date_last_renewal Date of last contract renewal (DD/MM/YYYY).
Date_next_renewal Date of the next contract renewal (DD/MM/YYYY).
Distribution_channel Classifies the channel through which the policy was contracted. 0 for Agent and 

1 for Insurance brokers.
Date_birth Date of birth of the insured declared in the policy (DD/MM/YYYY).
Date_driving_licence Date of issuance of the insured person’s driver’s license (DD/MM/YYYY).
Seniority Total number of years that the insured has been associated with the insurance 

entity, indicating their level of seniority.
Policies_in_force Total number of policies held by the insured in the insurance entity during the 

reference period.
Max_policies Maximum number of policies that the insured has ever had in force with the 

insurance entity.
Max_products Maximum number of products that the insured has simultaneously held at any 

given point in time.
Lapse Number of policies that the customer has cancelled or has been cancelled for 

nonpayment in the current year of maturity, excluding those that have been 
replaced by another policy.

Date_lapse Lapse date. Date of contract termination (DD/MM/YYYY).
Payment Last payment method of the reference policy. 1 represents a half-yearly adminis-

trative process and 0 indicates an annual payment method.
Premium Net premium amount associated with the policy during the current year.
Cost_claims_year Total cost of claims for the insurance policy during the current year.
N_claims_year Total number of claims incurred for the insurance policy during the current year.
N_claims_history Total number of claims filed throughout the entire duration of the insurance 

policy.
R_Claims_history Ratio of the number of claims filed for the specific policy to the total duration 

(whole years) of the policy in force. It provides an indication of the policy’s 
claims frequency history.
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Policies_in_force , Max_policies and Max_products . Specifically, the variable 
Seniority (Fig. 1 left upper panel) indicates the length of time, in years, that the poli-
cyholder has been associated with the insurance company. It represents the policy-
holder’s seniority or tenure within the company with an average duration exceed-
ing 6 years. The variable Policies_in_force (Fig.  1 right upper panel) quantifies 
the number of policies held by each policyholder within the company. On average, 
each policyholder maintains more than 1 policy with the company. The variable 
Max_policies (Fig. 1 left lower panel) build upon the previous information by meas-
uring the maximum number of products that each policyholder has held within the 
company. The difference between Max_policies and Policies_in_force represents the 
lapse in the portfolio over time. It captures the extent to which the policyholder has 
reduced the number of products they have with the company, indicating a poten-
tial contraction in their insurance coverage or a shift in their needs and preferences. 
Finally, the company offers a total of 4 different products (car, household, commerce 
and personal accident) for its policyholders. However, a significant majority of the 
policyholders, more than 99% of them, have had a maximum of 2 products (see, 
right lower panel in Fig. 1).

The variables Lapse and Date_lapse deserve special attention in every insurance 
portfolio. When a policyholder stops paying premiums and the account value of the 
insurance policy has already been exhausted, the policy lapses. Date_lapse only 
activates under that event. When this happen, the company has the option to termi-
nate the contractual relationship and the insured can make an independent decision 

Fig. 1  A graphical summary of policyholders’ affiliation with the insurance company. Top left panel 
displays the distribution of the number of years of seniority. Top right panel shows the distribution of 
the number of policies that policyholders have with the insurance company. Lower left panel presents 
the distribution of the maximum number of policies per insured while the lower right panel exhibits the 
maximum number of products held by policyholders. In all panels, the year of the last renewal is 2018
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of no renewing, citing various reasons for cancelling the coverage. These reasons 
may include, among others, no longer requiring the product, finding better prices 
from competitors, or the product not offering the necessary guarantees. Lapse indi-
cates either non-permanence or permanence and can be used to measure the number 
and the date of policies that the company retains (does not retain). Someway related 
to these variables is the Payment variable, which captures the frequency of the pay-
ment method. A value of 0 indicates an annual payment method and a value of 1 a 
semi-annual payment method.

The following subset of variables collects quantitative variables that are related to 
income and expenses linked to the portfolio. The Premium variable (income) quanti-
fies the amount received by the insurer in connection to a policy during the current 
year after deducting taxes but including both internal (administrative) and external 
(commercial) expenses. Figure 2, left panel, shows a plot density of the Premium 
variable, which presents an asymmetric (positive) distribution. On the other hand, 
Fig. 2, right panel, illustrates the distribution of Cost_claims_year variable, which 
exhibits a comparable pattern to premium figures after excluding, for presentation 
purposes, policies with 0 claims. The Cost_claims_year variable includes both pay-
ments and reserves, with the total claim cost being the sum of these two compo-
nents. The main statistics are accompanied by the right-hand panel, which also dis-
plays the average cost per claim (mean claim). This average is calculated by adding 
all amounts together and dividing them by the total number of claims. All the figures 
are in euros.

Finally, the last subset of variables in Table 1 describes characteristics related to 
the policy and the number of claims. These variables may encompass various factors 

Fig. 2  Graphical representation of income and expenses distributions. A density estimation of the 
amount of insurance premiums is displayed for the range 0–1000 in the left panel. In the right panel, a 
density estimation of the cost of policies that have experienced a claim is presented for the range 0–3000, 
but excluding claims linked to CICOS. The CICOS agreement in Spain facilitates handling claims from 
vehicle collisions, aiming to expedite compensation for material damage. It sets a predetermined amount 
agreed upon by the involved insurance companies, regardless of the actual claim, with costs rising from 
around €800 in 2019 to over €1000 in 2023. In both panels, the year of the last renewal is 2018. As can 
be observed, the summary statistics included in each panel have been calculated without imposing any 
restrictions on the upper amounts



 J. Segura-Gisbert et al.

and attributes that can influence or provide insights into the claim’s behaviour of the 
insured. The variables N_claims_year and N_claims_history represent the number 
of claims that the insured has made during the current year and throughout the entire 
history of the policy, respectively. The presence of zero values in any of the above 
variables implies that the policy has not incurred any claims. The R_Claims_history 
variable is defined as the ratio of the number of claims filed for a particular policy to 
the total duration of the policy in force, measured in whole years. This ratio serves 
as an indicator of the policy’s historical claims frequency. Note that the database 
was extracted in 2019 and includes claims up to 2018. Therefore, the most recent 
claims exhibit a run-off with pending developments that will change slightly over 
time.

4  Deeping on the granularity of the information: disaggregating 
by type of claim

Despite the high level of detail in the described database, some variables, such as 
the number and cost of claims, are presented in an aggregated form for all types 
of claims. As stated by one of the reviewers, this aggregation hides some relevant 
information, and separating the claims by type would add much value. Therefore, 
in order to address this issue, in this section, we describe a second dataset that pre-
sents more granular information for a sample of policies. Unfortunately, we were not 
provided with all the details for the entire set of policies. The company considers 
it risky to reveal the full set of information for all the policies. According to them, 
this could expose a significant part of its underlying distributions of risk, due to the 
specific nature of this information, which determines the full granularity of the risk. 
Hence, the company has provided us with only a sample of the types of claims in 
the database. This subset includes detailed information on the nature of each claim, 
along with a more specific breakdown of the amount for each claim. Although it is 
just a sample, representing around 15% of claims, this information is of great inter-
est for determining the composition of some of the most significant risk variables.

This information is available in the secondary file sample_type_claim.csv , also 
at the URL: https:// doi. org/ 10. 17632/ 5cxyb 5fp4f.2. The file consists of four col-
umns in total. The first two columns, ID and Cost_claims_year , represent the iden-
tifier for each insured and the total cost in the generic database, respectively. The 
third column, Cost_claims_type , specifies the amount of the claim by type. In this 
case, the sum of the Cost_claims_type amounts for each ID corresponds to the 
Cost_claims_year in the primary database. Note that Cost_claims_year is included 
only for identification purposes and that its value is repeated for an ID with multiple 
claims, so the total sample sum does not hold any economic significance.

The final column corresponds to the variable Claims_type , which informs about the 
type of claim linked to the amount detailed in Cost_claims_type . We have identified 
up to nine types of claims in the subset. Travel assistance and broken windows are the 
claims with the smallest amounts of money, causing the least damage to the vehicle. 
The category complaint means that the insured driver is innocent and is seeking com-
pensation for damages from a third party. The option negligence means that the insured 

https://doi.org/10.17632/5cxyb5fp4f.2
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driver is at fault in the accident, such as by hitting another vehicle. There are also clas-
sic claims such as theft and fire, with fire having one of the highest average amounts in 
the sample. Another category includes all risks that means insured person’s own dam-
ages are compensated, minus any applicable deductibles. The injuries category refers 
to damage caused to occupants and represents the type of claim with the highest aver-
age amount. Lastly, there is a diverse category, although much less frequent, labelled as 
other, which includes various types of claims, such as those caused by hitting animals.

5  Factors determining risk associated of vehicles/insured

The previous variables (Table 1) establish the primary characteristics of the policy and 
serve as the main economic indicators. Table 2 set of variables, available in the dataset 
just after the ones described in Table 1, enables a comprehensive analysis of the risk 
undertaken by the insurance company.

The variable Type_risk allows the company to distinguish between various insured 
risk profiles: 1 represents motorbikes (8502 rows, 8.1%), 2 corresponds to vans (13,212 
rows, 12.5%), 3 denotes passenger cars (82,990 rows, 78.6%), and 4 pertains to agricul-
tural vehicles (851 rows, 0.8%). The risk profiles are insured based on their predominant 
Area of circulation, with the rural area accounting for over 70% of the policies. Addi-
tionally, there is the possibility of including multiple regular drivers ( Second_driver ) in 
the policy. Specifically, over 10% of the policies include at least a second regular driver.

The last set of variables of Table 2 defines the specific and technical characteris-
tics of the insured vehicles. Firstly, Year_matriculation shows a prevalence of the years 
2004–2007, reflecting the economic expansion before the onset of the financial crisis in 
2008. The variables Power and Value_vehicle exhibit a wide range of numerical values 
and may demonstrate a degree of linear correlation, depending on the specific variable 
under analysis. Figure 3 illustrates the relationship between these two variables based 
on the Type_risk variable. Power is also typically correlated with Cylinder_capacity 
due to the power of a vehicle’s engine often corresponds to its cylinder capacity, indi-
cating a strong relationship between these two factors.

Continuing the risk description, five new variables provide technical details about 
the vehicles. For motorbikes and agricultural vehicles, the standard value for N_doors 
is 0, whereas for vans and passenger cars, it is typically 5. Within the database, two 
different fuels are identified with the variable Type_fuel: petrol, accounting for 36.8% 
of the rows, and diesel, comprising 61.6%. Additionally, there is a total of 1.7% catego-
rized as “NA” indicating that the fuel type is not available for these entries. The vari-
ables Length and Weight enable the determination of the risk size. Averages of Length 
and Weight are the 4.25 m and 1,191 kg, respectively.

6  Unlimited future case studies

The database presented in this paper offers the opportunity to open a large number 
of possible studies. One block of studies may focus on predicting variables based 
on the behaviours of others, such as those employing machine learning techniques. 
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Variables like claims or vehicle values can be explored in relation to other factors. 
Within this category, classical linear regression or logistic regression models can 
be used, as well as decision trees, support vector machines or artificial neural net-
works. The dataset could be used by actuarial students for exploring and comparing 
different strategies of pricing and can be used by trainers for creating, by conveni-
ently splitting the dataset, proper challenges for testing the students’ ability to rule a 
motor insurance business.

Another critical aspect of top importance of risk management lies in its impact on 
the various sub-modules within the comprehensive Solvency II modular framework. 
Among these, the underwriting policy emerges as a fundamental pillar, having pro-
found influence in risk selection strategies. Insurers are tasked with strategically 
aligning their approaches to increase profitability by grouping their key policyholder 
segments or those contributing the highest potential value [6]. Consequently, seg-
mentation facilitates the design of strategies aimed at retaining policyholders with 
minimal claims history while implementing premium adjustments for those with a 
higher claim’s frequency. The present database allows clustering algorithms to seg-
ment the portfolio into different risk profiles.

Aligned with the modular risks of Solvency II, operational risk—particularly the 
aspect associated with human error—stands out as one of the least explored risks 
in actuarial literature, likely due to the challenge of accessing real data for analysis. 
Upon request to the authors, readers can access the raw database to examine the 
typology or structure of various errors within the data, such as missing values or 
out-of-range values. Furthermore, the repercussions of these errors on critical fac-
tors like premiums or claims can be thoroughly analysed.

Lapse or Lapse rate have emerged as one of the most studied key performance 
indicators (KPIs) within insurance companies in recent years, particularly due to 
the current challenges of increasing inflation, which delay the ability to raise premi-
ums. The database conveniently presents two columns: one for portfolio decline and 
the associated date. We encourage researchers to delve into various aspects, such as 
identifying the variables influencing portfolio decline or indicative the specific tim-
ing when it materializes.

Lastly, and not less important, the database facilitates the execution of classical 
exploratory data analysis (EDA) studies, offering a valuable opportunity to develop 

Fig. 3  Relation between Power and Value_vehicle categorized by Type_risk
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essential skills in initial data processing and variable analysis. Particularly beneficial 
for numerous university studies, this database enables the exploration of numerical, 
categorical and date variables, providing a deeper understanding of their distribu-
tions and extracting various basic statistics. Moreover, it serves as an ideal platform 
for understanding both linear and non-linear relationships between numerical and 
categorical variables, developing a comprehensive learning experience.

7  Conclusions

The dataset presented in this paper comprises information from an insurance com-
pany in Spain, spanning the period from 2015 to 2018. The insurance policy is 
renewable annually and is automatically renewed until either the insured opts to can-
cel or the company cancels due to non-payment. The database inherently includes 
records of new business entries and cancellations within the insured’s portfolio. The 
reference policy’s frequency and claim costs consist of various claim types, such 
as material damage, body injury, vehicle all-risk coverage, travel assistance-related 
claims, glass amounts, and vehicle theft. Regarding the insured person’s premiums, 
these are comprised of the total sum of payments for different guarantees and prod-
ucts included in the policy.

Apart from the variables available in the dataset, additional variables necessary 
for various analyses, such as client profitability, can be derived. Client profitability 
can be determined by considering the premiums paid during a specific period and 
the claims incurred, considering both closed file (claims already settled) and provi-
sioned file (claims yet to be settled). Non-life insurance often involves calculating 
the claims frequency, which is the ratio of the number of claims to the exposure 
period of the insured contract in days. Another significant calculation is the claims 
ratio, expressed as a percentage, which indicates the portion of premium consumed 
by the claims experience. A ratio exceeding 100% signifies losses in the technical 
aspect of the business.

Each of the mentioned economic indicators can be applied to analyse and meas-
ure the variables that influence claim behaviour. Moreover, these indicators can 
be utilized to classify and group variables based on their detection patterns using 
machine learning techniques. By employing classification methods, we can catego-
rize the variables effectively, allowing for a deeper understanding of their impact on 
the claims process. These techniques offer valuable insights into the complex rela-
tionships between the variables and the overall insurance claims behaviour. Finally, 
it is worth noting that while this database provides valuable insights, its coverage 
might not be exhaustive and may have certain limitations. As the insurance indus-
try increasingly embraces data-driven approaches and digital transformations, the 
expansion and enrichment of databases, along with the inclusion of other lines of 
business, become essential for insurers to make more informed decisions, create per-
sonalized policies, and enhance risk management strategies.
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