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Abstract  

Traditional motor insurance pricing relies on demographic proxies to assess risk. 

These methods often fail to capture individual nuances namely, risk appetite. This 

research delves into past literature from sociology, psychology, and behavioural 

economics to establish a grounding of behavioural theory and decision making 

processes. The ultimate goal is to establish whether educational level, proxied by 

occupation, can serve as an effective approximator for driving behaviour, claims 

frequency, and claims severity.  

 

A dataset from Maltese insurers was used for the statistical analysis between the 

above mentioned factors where several statistical techniques were applied to assess 

correlations between education and claims outcome. The findings do suggest some 

correlations and associations, however they are not as statistically significant as the 

ones observed in other countries.  

 

This study aims to enrich current literature associated with decision-making and 

risk appetite within the insurance industry, through thorough review of 

interdisciplinary literature.  
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Chapter 1 - Introduction 

1.1 Background 

Chapter 104 of the laws of malta stipulates that motor insurance is a legal requirement in Malta 

as well as many other countries. A motor insurance agreement is a contract whereby the insurer 

agrees to cover certain damages related to the use of a vehicle. Such costs can be repairing the 

insured vehicle after a claim or covering the damages of third parties. Third-party damages often 

relate to the reinstatement of third-party property or compensation for injuries caused. Motor 

insurance has been a legal requirement since 1947, since it ensures that innocent third parties are 

always protected from damage in the operation of motor vehicles. (MFSA, 2025) 

The increasing prevalence of motor vehicles has been a persistent trend since the mid-20th 

century. According to data published by the National Statistics Office (NSO), the first quarter of 

2024 saw the registration of 821 newly licensed vehicles, equating to an approximate daily 

average of 62 new registrations. The majority of these newly registered vehicles were passenger 

cars, which reflects the continuing importance of personal transportation across all age groups. 

Driving has become an essential element of daily life for the general public. 

Insurance providers operate on the principle of risk assumption, wherein they underwrite risks 

that individuals prefer not to bear themselves. This is why it is crucial for insurers to carefully 

select the risks they take on to maintain sufficient loss ratios and thus be financially stable. A key 

part of this process involves choosing which risks to underwrite, helping them maintain a healthy 

balance between claims paid and premiums collected, known as loss ratios. To avoid excessive 

losses, insurers create an underwriting policy that outlines the procedures under which 

underwriters must evaluate potential policyholders, set relevant terms, and adjust premiums. 

These variables are then adjusted depending on the perceived risk of the potential policyholder. 

Traditionally, insurers established risk profiles and levels through factors such as age, gender, 

geographic location, driving history, engine capacity, and type of vehicle. While these factors 

offer a general view of the risks insured, they may not sufficiently cover the nuances associated 

with individual characteristics and driving behaviour. As a result, a lot of innovation is 
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happening in the underwriting sphere, such as the introduction of ai models that interpret 

telematics data. (Espinoza and Johnston, 2025) 

Modern infrastructure developments, including speed enforcement systems, improved road 

quality, and evolving social attitudes toward road safety, have significantly contributed to a safer 

road environment. Even so, many insurance companies still employ traditional underwriting 

methods that rely on outdated risk models. These models are often rigid and fail to consider the 

dynamic aspects of the modern environment and culture. Shifts in driver behaviour or 

socioeconomic changes are often unaccounted for under these models. The use of traditional 

models, which are based on broad assumptions, can lead to premiums that are mismatched and 

may be unfair to drivers. This risk is further exacerbated when considering modern driving habits 

and road conditions. 

 

1.2 Gap in the literature 

 

There is extensive research that studies well-documented determinants of risk associated with 

motor insurance claims, namely age, gender, and past driving offences. However, there are 

minimal studies that explore the correlation between socioeconomic indicators, namely, 

education and occupation, and road risk behaviours.  

 

In other fields, such as finance, health, and sociology, there is growing evidence that these 

factors influence people’s risk behaviour; however, few studies extend this reasoning and 

research to the domain of driving behaviour. For example, Koekemoer (2019) found that people 

with higher education levels tend to be more risk-averse when making financial decisions.  

Koekemoer’s research suggested that a positive relationship between one’s level of education 

and their risk tolerance exists. His research was founded on prior research that had also reached 

the same conclusion. Similarly, a study by Lindblom and Weidenmark in 2022 assessed the role 

that education has on individuals’ financial risk appetites. They found that education plays a 

significant role in one’s risk appetite in the domain of financial risk tolerance.  
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Interestingly, a contrasting study from Iran, published in the Chinese Journal of Traumatology in 

2013, found that there was an association between education level and road traffic accidents. 

This points to a valuable and unexplored link between education and behavioural risk factors.  

Existing work relies heavily on pre-established metrics such as age, experience, and gender. 

Many studies often default to age-based classifications with little or no analysis of any potential 

underlying factors. 

1.3 Why is this project needed? 

As previously mentioned, traditional underwriting models heavily rely on demographic 

stereotypes and historical data that may not be fully applicable or entirely relevant in modern 

contexts. As a result, certain policyholders may be unfairly categorised, leading to higher 

premiums.  

On the other hand, other policyholders may be inaccurately assessed due to generalised 

underwriting strategies. These policyholders may benefit from premiums that are lower than 

their actual risk level. In both cases, a premium-to-risk mismatch is present. 

A small motor insurance industry, such as Malta’s, may benefit from refined risk models that 

incorporate indicators such as education and occupation. These variables may provide a clearer 

picture of the policyholder’s risk perception, sense of responsibility, and long-term planning. 

Such factors can contribute to driving behaviour and may provide valuable insights into 

insurance underwriting procedures. Furthermore, the addition of such a metric to proposal forms 

comes at little to no cost to insurers, as it only involves the addition of a question or two during 

the underwriting stage. 

People engaged in higher education or employed in roles that demand discipline, 

problem-solving, or compliance with safety standards often adopt these qualities in their 

everyday behaviour, including when driving. Such individuals may also have a stronger 

awareness of the personal, professional, and financial repercussions of reckless driving. 

On the other hand, those with limited educational backgrounds or working in less specialised 

jobs may not demonstrate the same degree of caution. In such cases, short-term convenience or 
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gratification can take precedence over long-term considerations, potentially leading to riskier 

driving habits. 

Incorporating these factors into underwriting decisions allows insurers to tailor policies more 

closely to individual risk profiles. This can make pricing appear fairer and strengthen customer 

confidence. When policyholders believe that the coverage they receive aligns with their actual 

level of risk, they are more likely to remain loyal to their insurer. Furthermore, a product that 

feels tailored to an individual’s circumstances is often perceived as more valuable. Lastly, the use 

of a personalised cover may provide a competitive advantage over competitors using traditional 

models, leading to a larger market share. 

The objectives of this research are as follows: 

●​ Explore existing literature that connects education and occupation to risk behaviour in 

various domains (finance, health, sociology, and economics), and evaluate its 

applicability to driving behaviour 

●​ Analyse motor insurance claims data to examine the relationships between 

socioeconomic factors and claims frequency and severity. 

●​ Provide a real-world interpretation of the results of the statistical analysis. 

1.4 Importance and limitations 

The Maltese insurance market is renowned for being both highly competitive and lucrative, with 

numerous companies vying for market share and continually seeking innovative ways to 

differentiate themselves from their competitors. In such a dynamic environment, insurance firms 

continually seek new opportunities and strategies that can give them a competitive edge.  

Accurate risk modelling will not only benefit insurers through improved loss ratios and enhanced 

customer segmentation, but also benefit consumers by providing fairer and more customised 

coverage. Furthermore, the adoption of such metrics will ultimately benefit consumers by 

creating a more transparent insurance landscape. Lower-risk drivers, based on their educational 

level and occupation, can be rewarded with lower premiums, thereby encouraging safe driving. 
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1.5 Steps to complete the thesis 

 

The first stage of the literature review involves a comprehensive review of the academic 

literature on education, occupation, and risk attitudes in the context of decision-making, level of 

risk aversion, and driving. 

 

The second stage is that of data collection. The researcher will see anonymised claims data from 

Malta’s leading motor insurers, GasanMamo Insurance, Mapfre Middlesea, Elmo Insurance, 

Atlas Insurance, and Citadel Insurance. These companies represent almost all of the Maltese 

motor insurance market, thus ensuring a representative dataset. 

 

The next stage is data analysis. Claims data will be categorised by claims severity, person at 

fault, and the presence of injuries. These categories will be compared against occupation (acting 

as a proxy for level of educational attainment). Statistical methods will then be used to identify 

significant patterns. 

 

The final stage will involve integrating the findings from the data analysis as well as insights 

from previous literature. Here, recommendations and suggestions for further research will also be 

made. 

 

Conclusion 

This thesis attempts to challenge traditional procedures of motor insurance underwriting by 

proposing the inclusion of education and occupation as supplementary indicators of risk. 

Traditionally, underwriting relied heavily on metrics such as age, claims history, and vehicle 

type; these will still be important; however, the addition of behavioural and personalised metrics 

will result in a fairer underwriting assessment that benefits both the insurer and the policyholder. 

 

By exploring these indicators, this research hopes to contribute to the development of more 

accurate and innovative underwriting practices. Ultimately, as with any study, the objective is to 

keep enriching knowledge and create a more nuanced understanding of driving behaviour that 

aligns with modern practices.  
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Chapter 2 - Literature Review 

Understanding how individual characteristics influence driving behaviour has long been a focus 

of research across psychology, sociology, and behavioural economics. Among these disciplines, 

risk aversion is a concept that has been deeply studied. Ted O’Donoghue and Jason Somerville, 

in their paper "Modelling Risk Aversion in Economics," define risk aversion as a general 

tendency for a person to choose the option with the lowest likelihood of occurrence 

(O’Donoghue and Somerville, 2018). This can be portrayed using a simple example, if a person 

is offered two lotteries of equal value with different likelihoods of winning, the logical, 

risk-averse choice would be the one with the higher chance of winning. Thus, risk aversion is 

defined as the tendency to avoid situations that involve risk. 

Determining risk aversion is crucial for this study, as it influences road safety, accident 

prevention, and future policies and legislation (Peltzman, 1975). This topic has been the subject 

of numerous studies over the years, particularly those examining how psychological and 

demographic factors influence driving behaviour (Rhodes and Pivik, 2011). However, the role of 

educational attainment as a predictor or determinant of risk aversion while driving has remained 

relatively underexplored. 

To assess whether and how a person's educational attainment influences their inclination to 

engage in or refrain from risky driving behaviour, this literature review will examine the existing 

academic research. This study will take insights from different disciplines ranging from, 

theoretical models of risk perception from psychology, understanding the role of education from 

a sociological perspective, as well as behavioural economics to understand decision-making 

strategies and patterns.  

Key terms, such as risk aversion, educational attainment, and risky driving behaviour, will be 

defined and explored in this review. Risk aversion refers to a behavioural tendency to prefer 

certainty over uncertainty, especially in contexts where potential adverse outcomes are involved 

(Kahneman and Tversky, 1979). In the context of driving, risk-averse individuals may be more 

likely to obey traffic laws, avoid speeding, and engage in defensive driving. In contrast, 

risk-tolerant individuals may be more prone to aggressive or inattentive behaviours.  
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A study was conducted in which researchers compared a questionnaire with a GPS tracking 

device in the participants’ vehicles. Greaves and Ellison found that those who showed higher 

levels of risk aversion were less likely to engage in speeding. This would mean that individual 

personality traits, such as risk aversion, greatly influence driving habits (Greaves and Ellison, 

2011). Such a conclusion is supported by a similar study conducted in China. Researchers used 

drivers’ economic preferences as a measure of risk aversion and examined the relationship 

between the mentioned level of risk aversion and their propensity to commit traffic violations. It 

was discovered that economically more risk-averse people had fewer traffic violations, 

suggesting that individuals’ risk preferences materialise when driving. (Hu et al., 2024) 

Educational attainment refers to the highest level of formal schooling an individual has 

completed and is often used as a proxy for cognitive ability, social capital, and access to 

information (Cutler and Lleras-Muney, 2010). 

This study assessed the foundational theories underlying risk-taking and general risk attitudes, 

and applied them in a driving context, using education as a measure of variation in risk aversion. 

To prepare the empirical portion of the thesis, which will examine the possible relationship 

between education and risk aversion in actual driving situations, this review identifies the 

advantages, disadvantages, and gaps in the body of existing literature. 

2.1 Theoretical Foundations 

Understanding the link between education and driving-related risk aversion is a complex issue 

with roots in multiple disciplines, including psychology, sociology, and behavioural economics. 

These disciplines provide context for interpreting how individuals make decisions and behave 

when dealing with uncertainty, such as driving. This section outlines the principal theories that 

underpin this area of research and inform the hypothesis that higher levels of education may be 

associated with greater risk aversion on the road. 
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Psychological Theories of Risk Aversion 

The basis of psychological explanations for risk aversion is Prospect Theory, which was 

developed by Kahneman and Tversky (1979). This groundbreaking theory posits that individuals 

do not evaluate potential gain and potential loss equally; instead, individuals faced with 

uncertainty are drawn more to the prospective gain than to the potential loss. Kahneman and 

Tversky pose that an individual who is investing their money has an equal chance of making a 

return and an equal chance of making a loss; however, the possibility of the gain occurring is 

perceived as more significant. Kahneman and Tversky utilise the function below, which is 

concave for gains and convex for losses. (Kahneman and Tversky, 1979) 

 

 

 

 

 

Figure 1: Theory value function 

(Sciencedirect.com, 2014) 

 

As stated above, the value function is concave for gains. This indicates that the sensitivity to risk 

is increasing at a decreasing rate, suggesting that they are risk-averse. Therefore, it is evident that 

individuals prefer a certain gain over a probabilistic one of equal expected value. On the other 

hand, the function is convex for losses, which indicates that generally individuals are 

risk-seeking when it comes to mitigating losses. This means that individuals are more willing to 

gamble if it means avoiding a sure loss, which is the logical thing to do. 

Furthermore, the function is steeper for losses than for gains. This captures a fascinating 

phenomenon called the ‘Loss Aversion Bias’. Under this phenomenon, losses are perceived as 
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more psychologically impactful than equivalent gains. A study in 1990 called this phenomenon 

the ‘endowment effect,’ which is a manifestation of loss aversion bias, whereby people place a 

higher value on items they own compared to identical items not owned by them.  

This research was conducted by means of three groups: buyers, sellers, and choosers. The sellers 

were given a mug and asked how much they would be willing to sell it for. The buyers were not 

given a mug but were asked how much they would pay for one. The choosers were asked 

whether they would prefer a certain sum of money or the mug. The findings were that he sellers 

demanded approximately double as much as the buyers were willing to pay for the mug, showing 

that they value their belonging more than it is actually worth, thus proving that the potential loss 

of giving up the item (for the seller) is perceived as more significant than the gain from acquiring 

it (from the perspective of the buyer). (Kahneman, Knetsch, and Thaler, 1990) 

Therefore, the asymmetric S-shaped curve helps explain a wide range of real-world behaviours, 

such as why people may reject fair bets or make inconsistent choices depending on whether 

outcomes are framed as gains or losses. 

The shape of the curve shows that individuals overall tend to exhibit loss aversion, meaning a 

preference for avoiding losses over an equivalent gain. On the contrary, individuals tend to value 

additional gains less and less, which results in the S-shaped curve. In the context of driving, this 

might explain why individuals avoid speeding or reckless manoeuvres that could lead to 

accidents or fines, even when time-saving is a potential gain. 

Risk perception, another important psychological construct, refers to how individuals 

subjectively evaluate the danger associated with specific actions. Slovic (1987) emphasised that 

risk perception is influenced by both cognitive and emotional factors, including personal 

experience, perceived control, and familiarity, which will be further explored later.  

Sociological Perspectives on Education and Behaviour 

Education plays a significant role in society. Sociologists emphasise that education’s role is not 

simply a vehicle for transmitting knowledge and skills, but also plays a vital role in shaping 

identities, attitudes, and social behaviour. These institutions can be considered as agents of 

socialisation. Educational institutions serve the purpose of preparing students to navigate the 
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world. This is done by embedding norms, values, and expectations that influence how 

individuals interact with the world. Such a function is central to understanding the role that 

education plays in the context of risk aversion, particularly in driving. (Hartlaub and Schneider, 

2012) 

One of the most influential frameworks for examining this phenomenon is Pierre Bourdieu’s 

theory of cultural capital (Bourdieu, 1986). According to Bourdieu, education is a mechanism 

through which dominant cultural values are reproduced and internalised. Schools and universities 

transmit not only cognitive and technical competencies but also habits. These habits include 

attitudes toward authority, social norms, discipline, and delayed gratification, all of which are 

closely linked to risk-averse tendencies. 

Since the role of educational institutions is to instil social norms and values, Bourdieu suggests 

that individuals with higher levels of educational attainment would be much more likely to have 

accepted and internalised social norms. This can materialise in many forms, such as respect for 

rules, obeying laws, and a more substantial commitment toward long-term outcomes. These 

factors will materialise in the context of driving through compliance with traffic laws, avoidance 

of aggressive manoeuvres, and most importantly, the awareness of social and legal 

consequences. From a Bourdieusian perspective, the effect of education goes far beyond 

intellectual competence and extends to ingrained social values and behavioural tendencies. 

So it is established that education plays a vital role in shaping social identity and social status. In 

fact, in many societies, educational attainment is the primary determinant of socioeconomic 

status. Research suggests that individuals with higher education, as well as socioeconomic 

backgrounds, generally align their everyday behaviour to reflect their social identity. This 

materialises in avoiding actions that can be considered irresponsible, deviant, or inconsistent 

with the values of their socioeconomic class. Therefore, behaviours such as aggressive driving 

may be seen as inconsistent with the traditional middle or upper-class values. This will result in 

individuals who form part of these socioeconomic classes often being more cautious and having 

more normative behaviour when driving. (Nickerson, 2024) 

The relationship between education and social identity also relates to other sociological theories 

related to self-regulation and impression management. Individuals with higher education are 
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often urged into professional environments where self-control, planning, and adhering to norms 

are expected and rewarded. Such traits start from the school level, and by the time the student is 

ready for their professional occupation, they are ingrained within them. Such traits are positively 

reinforced within an educational context using good grades, these continue to be positively 

reinforced in the occupational context using performance reviews and promotions. Such traits 

will continue to influence one’s day-to-day decision-making patterns, resulting in  a greater 

sensitivity to risk and a preference to minimise uncertainty, key characteristics of risk aversion. 

(Vaughn et al., 2012) 

Furthermore, education exposes individuals to diverse social networks, institutional settings, and 

discourses about public health, legal systems, and civic responsibility. This exposure may allow 

individuals to develop a better understanding of social and systemic consequences; thus, they are 

automatically more cautious in avoiding situations that can harm them or bring legal 

consequences. (Vaughn et al., 2012) 

In conclusion, this sociological perspective posits that education goes beyond the transfer of 

knowledge but also shapes behaviour through enhancing decision-making processes and 

embedding individuals into social systems, norms, and values. Such systems, norms, and values 

are traditionally risk-averse. This will result in educated individuals becoming law-abiding and 

disciplined citizens with an inclination towards safety over uncertainty and risk-taking. Thus, 

such individuals will be more risk-averse in all contexts, one of which is driving. 

Behavioural Economic Models of Risk and Education 

Behavioural economics integrates insights from psychology and traditional economic theory to 

better understand decision-making under uncertainty better. Economists measure the usefulness 

or satisfaction that a product or service offers an individual in terms of utility. When it comes to 

insurance, there is an element of uncertainty, which is why economists measure utility about 

uncertain events using expected utility.  

The Expected Utility Theory was created by John von Neumann and Oskar Morgenstern in 1944. 

It establishes that individuals make decisions based on multiple factors and not necessarily the 

expected monetary value in isolation. People make decisions based on the expected utility that 
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the commodity offers them. This can create added complications for economists since this 

expected utility is often subjective. Von Neumann and Morgenstern (1944).  

Edwin Mansfield and Gary Yohe, in their ‘Microeconomics Theory/Application, tenth edition, 

2000), define risk averters as ‘When confronted with gambles with equal expected monetary 

values, risk averters prefer a gamble with a more-certain outcome to one with a less-certain 

outcome.’ Mansfield and Yohe (2000). Empirical research directly correlates evaluated risk 

aversion with personal traits (Hartog, Ferrer-i-Carbonell, and Jonker, 2002). Thus, risk aversion 

can be considered as one’s attitude towards risk preference. In this context, risk aversion is often 

modelled through concave utility functions, as is shown below, where the marginal utility of 

wealth or outcomes decreases with increasing magnitude, as shown below. The y-axis represents 

the individual’s utility, while the x-axis represents wealth or, in other words, monetary risk. 

Conversely, risk-seeking individuals will have a convex expected utility function, meaning that 

as the wealth (or monetary risk) increases, so does their utility, as can be seen below. 

 

 

 

 

 

 

 

 

Figure 2: Risk Averse & Risk Seeking Utility Function (Harris and Wu, 2014) 

Kenneth Arrow, in his paper ‘Uncertainty and the Welfare Economics of Medical Care,’ applied 

expected utility theory to demonstrate that risk-averse consumers were much more willing to 
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purchase insurance. This is because the risk-averse individuals were much more content 

spending a proportionally small amount as an insurance premium than risk the loss of the 

underlying asset, which represents a proportionally larger amount. In economic terms, the utility 

obtained from peace of mind is greater than the monetary value of the premium itself. 

More educated individuals may demonstrate greater risk aversion due to enhanced analytical 

abilities and greater exposure to formal training in probability and logic, which can improve 

decision-making under uncertainty. 

Researchers have also explored how education changes people’s attitudes towards risk-taking. A 

study conducted by Tanaka, Camerer, and Nguyen (2010) studied individuals in Vietnam and 

found that those with higher levels of education were more willing to take calculated risks. Such 

a conclusion is corroborated by the conclusion of Vaughn et al. (2012). This Vietnamese study 

suggests that education helps people better understand and manage uncertain situations, a 

conclusion shared by Vaughn. However, the study also showed that this relationship depends on 

external factors such as personality traits.  A key trait was that of the “locus of control,” which 

essentially means whether someone believes they have control over their own life. So, while 

education can improve how people think about and respond to risk, their personality and 

confidence also play a role in their risk-related decision-making process. 

Furthermore, the risk compensation theory (Peltzman, 1975) suggests that individuals adjust 

their behaviour in response to perceived safety. If more educated individuals have a better 

understanding of road safety systems and legal consequences, they may be more likely to adopt a 

cautious driving style. Conversely, overconfidence in knowledge or control might reduce 

perceived risk, thereby moderating the effect of education on actual behaviour. 

2.2 Education and General Risk Aversion 

As shown previously, a growing body of research supports the conclusion that education plays a 

crucial role in shaping an individual’s risk preferences. However, most research is focused on 

financial or health-related risk preferences. These insights are helpful since they create a 

foundation for understanding the role of education and general risk aversion, and by extension, 

driving. (Obermeier and Schneider, 2015) 
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Education and Financial Risk Aversion 

As stated above, a substantial amount of research has explored the relationship between 

educational attainment and risk preference. These studies generally conclude that education plays 

a crucial role in shaping people’s perception, evaluation, and response to risk and risky 

situations. This relationship is founded on the idea that education is pivotal to the development of 

cognitive and analytical skills needed for sound decision-making in uncertain situations. (Cutler 

and Lleras-Muney, 2010) 

A study in Turkey found that education, especially at a university level, enhances 

decision-making in key aspects such as cognitive capacity, numerical reasoning, and critical 

thinking. (İsmail Karakuş, 2024) Such abilities are crucial in assessing probabilities, 

understanding statistical risks, and weighing the consequences of different decisions. 

Furthermore, individuals with such educations are likely to have knowledge and training in 

disciplines such as economics and maths, which are largely logic-based disciplines. These 

disciplines will help in making logical and utility-based decision-making. As such, education 

equips individuals with the correct frameworks that allow for informed and less impulsive 

decisions when encountering uncertainty. (Cutler and Lleras-Muney, 2010) 

Empirical evidence strongly supports this view. In their recent study, Le Fur and Outreville 

(2022) conducted a detailed survey among French university students. They uncovered a clear 

correlation between educational background, especially in economics and finance, and levels of 

financial risk aversion. They found that students enrolled in quantitative and analytical fields 

preferred safer and more predictable outcomes over those with more uncertainty and higher 

returns. Such a preference for certainty is a clear indicator of risk aversion. Furthermore, Le Fur 

and Outreville suggest that the relationship between these analytical fields and risk aversion is 

not simply due to financial knowledge but due to broader educational exposure, which results in 

more structured decision-making processes. 

Barsky et al. confirm this pattern in their foundational study in 1997. The researchers used data 

from the US Health and Retirement Study and developed a measure of risk tolerance based on 

participants’ reactions to hypothetical financial gambles with different income variations. Their 

results revealed that those participants with higher levels of education were much more 
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risk-averse, often opting out of high-risk, high-reward scenarios, even if the expected reward was 

much greater than the guaranteed alternative. The researchers interpreted their findings as proof 

that education impacts both economic behaviours and preferences for risk. 

These studies support the hypothesis that education has a pivotal impact on individuals’ risk 

preferences and that education goes beyond fostering technical ability and provides a foundation 

for calculating and understanding risk. Furthermore, it creates a framework for a cautious, 

structured, and forward-thinking decision-making process. This results in a general preference 

for certainty and predictability, indicators of risk-averse behaviour. 

Education and Health Risk Behaviour 

The relationship between education and risk aversion has also been observed in the domain of 

health behaviours. Cutler and Lleras-Muney (2010) conducted a study using large-scale 

databases that were representative of the United States. They found that education had a 

substantial effect on health behaviours. They concluded that individuals with a higher level of 

education were generally healthier and did not engage in practices that compromised their health, 

such as smoking, eating a poor diet, and not exercising. 

This suggests that education may enhance forward-looking behaviour and awareness of negative 

externalities, both of which could translate into more cautious attitudes in other areas of life, 

including driving. 

Education, Cognitive Ability, and Risk Preferences 

Researchers have also considered whether education itself makes people more risk-averse, or 

whether the risk aversion observed among educated people is there just because those who seek 

education happen to be more cautious. Dohmen et al. (2011) studied this and found that cognitive 

ability is strongly related to lower risk-taking. When the variable of cognitive ability was 

controlled, the relationship between education and risk preference became weaker, thus 

indicating that cognitive ability is part of the reason why more educated people happen to be 

more risk-averse. Their results suggested that educated individuals tended to be more 

risk-averse; however, the reason for this risk-averse attitude may not be education itself. Instead, 

it is due to educated individuals having higher cognitive capacities, which leads them to pursue 
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education. Education then improves their cognitive abilities, making them better at evaluating 

and avoiding risk, resulting in a risk-averse individual with a disposition to safer choices. (Ma et 

al., 2010) (Stephens & Ukpere, 2011) 

This distinction is important because it implies that education is not merely a proxy for cognitive 

ability but rather an active agent that shapes behavioural tendencies. Education tends to instil 

structured problem-solving skills, formal reasoning, and consequence analysis that instil habits 

that favour risk-averse choices. 

2.3 Risk Aversion in Driving Behaviour 

The act of driving itself involves risk. All decisions, from speed to overtaking, require careful 

judgment of the danger involved. Researchers have been trying to identify what determines 

individuals’ different risk tolerances behind the wheel for decades. Several factors have emerged 

as a result of these efforts. 

Demographics and Risk Profiles 

Many studies consistently show that young male drivers are the least risk-averse when compared 

to other groups (Williams, 2003).This group is often associated with risky driving, speeding, 

tailgating, and running red lights. A key factor in this group’s risk-taking is the tendency towards 

sensation-seeking behaviour combined with an undeveloped perception of risk. 

Similarly, gender also plays a significant role. Men generally have lower levels of risk aversion 

when it comes to driving. (Rhodes & Pivik, 2011) This is corroborated by the fact that before 

2012, men were charged higher motor insurance premiums when compared to women due to the 

higher risk they posed. This practice was since changed due to legal intervention by the Court of 

Justice of the European Union, which made it illegal to use gender as a factor in setting insurance 

premiums. These patterns suggest that risk aversion in driving is subject to various individual 

characteristics and cannot be accurately generalised across populations. 
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Psychological Drivers of Risk-Taking on the Road 

Fuller’s (2005) general theory of driver behaviour offers a comprehensive framework for 

understanding how individuals assess and respond to risk while driving. According to Fuller, 

risk-taking behaviour in driving is determined by four factors: environmental conditions (such as 

traffic or road conditions), vehicle controls (the complexity of the vehicle's controls), weather, 

and the driver’s perceived skill level. Confident drivers or drivers who perceive their skills as 

greater than the demands of the driving task tend to take more risks. These additional risks can 

materialise in the form of speeding, sudden lane changes, or aggressive overtakes. On the other 

hand, drivers who are not as confident or who perceive the situation as challenging are likely to 

be risk-averse and engage in defensive driving behaviour. (Danciu et al., 2012) 

Under this model, risk perception acts as a ‘cognitive filter’, meaning mental biases through 

which drivers perceive, interpret, and respond to certain situations (Kouabenan, 2002). Wang et 

al. (2018) delve into the concept of a cognitive filter concerning driving behaviour. This study 

presents a framework that illustrates how various individual factors, such as perception, 

attention, and personality traits, shape a cognitive filter. One such factor that can shape one’s 

cognitive filter is educational attainment. As shown previously, education can allow for more 

accurate assessment, information processing, and awareness of consequences. Such factors can 

result in a more accurate cognitive filter since the perceived risks can be more accurately 

measured, thereby promoting safer and more risk-averse behaviour while driving. (Wang et al., 

2018), (Chung et al. 2021), (Piccardi et al. 2021) 

2.4 Education and Driving Behaviour 

The relationship between education and driving behaviour is less researched than similar studies 

that also incorporate education as a primary metric. However, in recent years, education’s role in 

driving behaviour has been an evolving area. Currently, the primary focus of driver education 

programs is formal driving seminars that promote safer driving; however, there may be broader 

educational attainment factors that can influence attitudes towards road risks that are often 

overlooked. 
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Driver Education and Training 

Traditional driver education programs’ syllabi aim to teach knowledge of fundamental driving 

operations such as traffic rules, vehicle operation, and safe practices. Evaluations of these 

programs reveal mixed results. A study conducted by Lonero and Mayhew in 2010 found that 

drivers who attended such seminars and programs had better knowledge and awareness than 

those who did not. Similarly, Topolšek et al. (2019) showed that road safety education affects the 

relationship between driving mistakes, infractions, and engagement in accidents. However, 

attendance at such programs did not consistently reduce crash involvement. Thus, researchers 

have been trying to determine whether general education levels, not just driving-specific training, 

can truly impact risk attitudes. 

General Education and Risk-Taking in Traffic 

As seen above, a growing body of interdisciplinary research suggests that general education 

plays a pivotal role in influencing individuals’ risk attitudes and likelihoods of engaging in risky 

driving behaviours. Empirical findings indicate a negative correlation between educational 

attainment and risk-taking, a sentiment that also extends to risky driving behaviour. A study by 

Sivak et al. (2007) discovered that educated individuals were significantly less likely to be 

involved in a fatal motor vehicle crash. This is consistent with research by Borrell et al. (2005), 

who found a direct correlation between variations in educational attainment and the mortality 

rate from transport accidents. Under the same premise, educated individuals were less likely to 

commit traffic violations such as speeding and reckless driving. This conclusion suggests that 

education enhances cognitive ability by improving judgment, understanding, and 

decision-making, thus creating safer driving patterns. 

Such safe driving patterns may be created by multiple factors. Firstly, individuals with higher 

education may possess higher cognitive abilities, allowing for better information processing 

skills, therefore making them more effective at making decisions under pressure. Secondly, 

individuals with higher education may be better at regulating their emotions, limiting road rage, 

aggressive driving, or impulsive decisions. Lastly, education can be considered a socialising 

factor by instilling norms, civic responsibility, and legal compliance, all factors that are relevant 

in safe driving behaviour. (Sivak, et. al, 2007)  
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In summary, general education appears to function as a protective factor against risky driving 

through a combination of cognitive, behavioural, and social pathways. Furthermore, it enhances 

cognitive ability, leading to increased information processing, effective emotional control, 

adherence to norms and rules, and increased sensitivity to the consequences of breaking rules. 

Therefore, educational attainment may serve as a predictor of safe driving practices. (Abdul Aziz 

Sabri, 2015) Furthermore, it can be used for future methods aimed at reducing driving-related 

risks and providing a broader driving education syllabus. 

2.5 Gaps in the Literature 

Despite a strong theoretical and empirical foundation linking education, risk aversion, and 

driving behaviour, the existing literature reveals several critical gaps that require further research. 

Firstly, there is a lack of direct studies that examine the influence of educational attainment on 

risk aversion in driving as a construct. Education has been well studied when associated with 

general risk aversion as well as safe driving practices; however, few studies connect these areas 

and assess the impact of education on driving risk preferences. Secondly, there is a 

population-specific focus of much of the current research, with particular focus on populations 

such as university students or urban drivers. Few studies consider the broader population as a 

whole. This lack of diverse samples limits studies. There is a need for general frameworks to be 

set in place to understand how education interacts with general risk aversion and driving among 

different cultures and populations. Thirdly, the literature is restrained in disciplinary boundaries, 

without proper collaboration among disciplines. A more interdisciplinary approach, 

incorporating economics, psychology, and sociology, could yield more profound insights into the 

complex mechanisms at play.  
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Chapter 3 - Methodology 

 

This chapter outlines the methodology employed to investigate whether education is a 

determining factor in individuals’ risk appetite while driving. The subject of measuring 

risk-taking behaviour is quite complex and challenging to examine without long-term 

observation of direct driving behaviour. Therefore, this study employs an indirect approach by 

analysing insurers' claims data, focusing on key variables such as occupation, claim severity, 

fault, and injuries. The primary variable is occupation, as it serves as an indicator of educational 

attainment. Insurers do not directly ask for the level of education; therefore, assessing claimants’ 

occupations, i.e., ‘professional’ or ‘non-professional’, will allow the researcher to determine 

whether individuals with differing education levels exhibit distinct patterns in driving-related 

risks. 

 

A practical methodology is essential to ensure a valid and reliable analysis. This chapter will 

detail the research design, data sources, variables, analysis techniques, ethical considerations, 

and even limitations. 

 

3.1 Research Design 

 

This study employs a quantitative and correlational research design, utilising secondary data 

collected from multiple insurance companies in Malta. The central objective is to determine 

whether the level of education is correlated with driving behaviour. A key challenge encountered 

was the lack of direct data on the policyholders' educational levels. Therefore, occupation was 

used as an approximation to claimants’ level of education. To more accurately measure driving 

risk appetite, several variables were taken into consideration. Namely, the occurrence of injury in 

the claim, the severity of the claim, and the fault determination. Since this is an observational 

study of the data, the objective of the study is to explore associations rather than establish 

causality; therefore, a non-experimental research approach was taken. 
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A cross-sectional design was employed, which analyses the data collected at a single point in 

time. Such an approach was deemed suitable due to the large amount of data, allowing for the 

practical examination of patterns and relationships. This cross-sectional design enables the 

simultaneous assessment of multiple variables. The evaluation of these variables enables the 

discovery of associations between the level of education and individuals’ risk appetite while 

driving. While a longitudinal design could also create these relationships, a cross-sectional 

approach would facilitate analysis, as the data would be subject to similar conditions, rather than 

being influenced by multiple external factors that can impact individuals’ risk appetites. 

 

The use of a quantitative method enables effective statistical analysis and objective 

measurement. Quantitative data allows for unbiased, realistic, and relevant data, providing a 

solid foundation for relationships and patterns. The variables chosen were identified in 

collaboration with different experts within the motor insurance industry. The focus on the data, 

with no tampering or experimental manipulation, ensures this study is valid and ethical.  

 

3.2 Data Source and Sampling 

 

The core data for this study comprises a set of secondary datasets on insurance claims. This 

dataset includes individual-level records related to motor vehicle insurance claims over three 

years, 2022 to 2024. Each record contained details such as the level of cover (ie, Fully 

comprehensive, Third-Party Fire and Theft, Third party only), description of incident, fault, 

injury, claim severity, and similar claim-related and policyholder information such as age of 

driver, occupation, vehicle, and engine capacity. These variables, although not all applicable to 

this study, serve as key indicators for examining risk appetite within a driving context. 

 

The sample was obtained by contacting various insurance companies and requesting their 

anonymised claims data for this study. The dataset is comprised of a diverse cross-section of 

drivers, occupations, ages, and even geographical regions (such as the separation of claims and 

vehicles in Malta and Gozo). Only claims for vehicles that were considered private use cars, and 

thus, no fleet claims or commercial claims were included. These criteria for inclusion and 
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exclusion were established purposefully to minimize the occurrence of false relationships or 

links, while also maximizing comparability across cases. 

 

The list contained around 800 self-reported occupations. These occupations were split into 

‘Professional’ and ‘Non-Professional’ categories based on the criteria that an individual would 

need a tertiary education to perform a given occupation.  This method has some limitations, such 

as the ambiguity of certain occupations, including ‘Retired’, ‘Manager’, ‘Assistant Manager’, 

and ‘Bank Executive’, among others. 

 

The final sample size, after applying all screening criteria, includes approximately 18,000 claims. 

This volume is considered sufficient for the statistical analysis conducted, allowing for a fair 

comparison and investigation. 

3.3 Variables and Operational Definitions 

 

This section explains the variables used in this study and describes how they were defined based 

on the data available. The primary focus of the study is to determine whether education is 

associated with behavioural indicators of driving-related risks, namely risk aversion. 

 

Independent Variable - Education  

 

The primary independent variable was educational attainment. Such information was not 

available in insurance databases, as they do not request it on their proposal forms. Therefore, 

occupation was used as a proxy. This approach is supported by established research indicating a 

strong correlation between occupation type and educational level. (Robst, 2007) Occupations 

were classified into two categories to facilitate analysis: Professional and Non-Professional.  

The ‘Professional’ classification contained occupations that require a tertiary education. 

Lawyers, accountants, architects, doctors, and academics are some of the professions within this 

classification. The ‘Non-Professional’ classification encompasses occupations that generally 

don't require a tertiary education to be occupied, with a greater emphasis on experience, such as 

waiters, clerks, police officers, and builders, to name a few.  
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Dependent Variables - Proxies for Risk Appetite 

 

Risk appetite is a psychological trait that cannot be directly measured from claims data. 

However, risk appetite can be inferred from behavioural indicators commonly associated with 

risk-taking, such as claim severity, injury involvement, and fault status. 

 

Fault status was provided by the insurers themselves, where they indicated whether the person at 

fault was the ‘OI’ (Own insured), TP1/2/3/4 (Third party 1,2,3, or 4), or ‘BO’ (Both at fault). 

Being deemed at fault was considered an essential indicator of poor judgment or risky driving 

tendencies. Injury involvement may reflect higher-risk incidents, which may in turn suggest 

more dangerous driving behaviour. This variable was coded as a binary variable within the data 

(0 = no injury, and 1 = injury). 

 

Lastly, claims severity was measured in monetary value. This variable was placed into four 

different buckets, which are also related to injury involvement. Considering that claims involving 

injuries are generally substantial, they were categorised into claims involving minor injuries and 

those involving major injuries. As shown in the table below, minor injury claims totalled €5000 

or less, while major claims exceeded €5000. The non-injury claims were split similarly, into 

minor and major claims; however, the claim amount was adjusted to be less than €2500 or more 

than €2500. Higher claim severity may indicate more aggressive or riskier behaviour.  

 

Claim Category Injury Involved Claim Amount (€) Severity Label 

Non-Injury – Minor No ≤ 2,500 Low 

Non-Injury – Major No > 2,500 Moderate 

Injury – Minor Yes ≤ 5,000 High 

Injury – Major Yes > 5,000 Very High 

Figure 3: Categorisation of claims severity and amount. 
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3.4 Data Analysis Techniques  

 

The study employed quantitative statistical methods to examine the relationship between an 

individual’s occupation (and hence level of occupational attainment) and their likelihood and 

severity of claims. The analysis process was carefully structured to ensure accuracy, reliability, 

and relevance to the research objectives, while also protecting the interests of both the insurers 

and the claimants.  

 

Firstly, the data was organised and cleaned using Microsoft Excel, which facilitated preliminary 

analysis and allowed the researcher to understand the data through descriptive statistics and 

frequency distributions. During this stage, claims with missing data points were omitted, and 

professional classifications were assigned. Through descriptive statistics, the researcher 

determined that the data were not normally distributed, indicating that non-parametric tests 

would be necessary in the subsequent stages, given the nature of the data.  

 

Next, the true statistical analysis was done using SPSS for its various capabilities and ability to 

handle complex statistical operations. Here, inferential statistical techniques such as correlation 

analysis, the Mann-Whitney U test, and the Kruskal-Wallis test were employed, depending on 

the nature of the variables and the hypotheses being tested. These methods allowed the 

researcher to determine the presence of any relationships and their strength, understand the levels 

of statistical significance, and evaluate the predictive abilities of variables. All of these statistical 

tests were performed with a confidence level of 95% and the results were interpreted in a 

real-world context. The true details of the statistical analysis will be explained in depth in 

Chapter 4. 

 

3.5 Ethical Considerations 

 

Given that this study relied on data provided by insurers, the primary concern was the protection 

of personal information within the insurance claims records. To mitigate any ethical risks 

associated with the data, the following safeguards were implemented. 
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1.​ Firstly, through careful planning, the necessary information was identified. Only this 

information was requested from the insurer to avoid any potential identification of 

policyholders and claimants. Furthermore, all of the data used in the study was fully 

anonymised before being made accessible to the researcher. Any identifiable information, 

such as names, addresses, contact details, license plate numbers, or ID card numbers, was 

removed by the insurance companies before the data was provided to the researcher. As a 

result, no individual could be identified from the data.  

 

2.​ Secondly, there was the case of data sharing agreements. The participating insurers were 

informed about the use and handling of the data. It was explicitly stated that the data 

provided would be strictly limited for the use of the study and that only the researcher 

and the researcher’s supervisor would have access to it. 

 

3.​ Lastly, the data were stored on a secure, password-protected computer with restricted 

access, available only to the researcher. There was no data sharing of any kind to preserve 

the privacy and security of both the participating insurers and the claimants involved. 

Adhering to these ethical standards ensures the integrity and confidentiality of the data 

used, thereby supporting a responsible research process. 

 

3.6 Limitations of the Methodology  

 

While several measures were taken to mitigate limitations, some factors may still limit the 

interpretation or generalizability of the findings. The primary limitation is the use of occupation 

as a proxy for educational level. Despite research supporting this correlation, occupation does 

not perfectly reflect the level of education. Furthermore, this categorisation fails to capture 

nuances such as informal education or on-the-job training. In some instances, misclassification 

may be present, such as in underemployed individuals. 
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The study’s cross-sectional and non-experimental design restricts its ability to establish causality. 

Statistical associations between occupation and claim characteristics can be identified; it is 

difficult to conclude without altering the variables and seeing how that would impact the result, 

as is done in experimental research. 

 

Acknowledging these limitations is crucial to the transparency of this study and provides context 

for interpreting the findings in the next chapter. While these challenges are substantial, the 

methodology employed attempts to minimise them as much as possible to explore the 

relationship between the level of education and risk-related driving behaviour, a field that is 

relatively unexplored. 

 

3.7 Chapter Summary  

 

This chapter has outlined the methodology adopted to investigate the relationship between 

education level and risk appetite in driving, using proxies and claims data. The use of a 

quantitative and cross-sectional research design was ideal due to the large amount of data. As 

such, the reliability of the findings is ensured. Furthermore, the study's use of real-world data 

ensures that its findings are grounded in a context relevant to the Maltese insurance sector. 

 

This chapter covered the main variables, data analysis techniques, and the process of identifying 

patterns and relationships. Along with the constraints, especially those related to the use of 

proxies and secondary data, it also addressed the ethical considerations involved in the research. 

When combined, the methodology outlined here provides a solid and moral basis for answering 

the research questions posed in Chapter 1. The analysis's findings and their interpretation will be 

presented in the upcoming chapter. 
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Chapter 4 - Data Analysis and Findings 

 

The chapter presents the analysis and key findings of this study. The purpose of this research was 

to investigate the relationship between educational attainment and driving behaviour from motor 

insurance claims data. Insurers did not ask their policyholders for their level of educational 

attainment; therefore, this was approximated through occupational categories.  

The analysis is based on anonymised claims records provided by several motor insurers 

operating in Malta. The size of the dataset obtained from multiple insurers ensures that the data 

obtained is robust and representative of the population being studied. 

 

The central hypothesis of this research is that educated drivers with higher educational 

attainment exhibit greater risk aversion. This results in lower claims amounts, a lower likelihood 

of being at fault in accidents, and is less likely to create injury claims. To test this hypothesis, 

several statistical analyses were used to explore patterns between variables.  

 

This chapter is structured as follows. Section 4.2 provides an overview of the dataset, detailing 

the scope, key characteristics of claims data, and the steps taken to prepare the data for analysis. 

Section 4.3 will explain the statistical analysis approach, including the statistical methods 

employed and the rationale behind their selection. Section 4.4 will present the findings of the 

statistical analysis. The final section, section 4.5, will summarise the key findings and provide an 

analysis of the results. 

 

4.1 Data overview and preparation 

 

As previously stated, the analysis of this study is based on anonymised claims data provided by 

multiple Maltese motor insurers. This dataset was comprised of all private motor insurance 

claims from 2022 to 2024, covering a wide range of policyholders across Malta and Gozo. 

Commercial motor insurance claims were excluded from the dataset. The use of multiple 

insurers’ claims data was done to ensure that the consolidated dataset reflects a diverse 
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cross-section of policyholders across a broad spectrum of occupations (and thus, educational 

level), ages, and vehicle types. 

 

4.2 Scope of data and variables 

 

The consolidated claims data contained approximately 30000 claims. Each claims record 

included information such as: 

●​ The type of cover 

●​ The sum insured of the claimant’s vehicle 

●​ The occupation of the claimant was used as a proxy for educational attainment. 

Occupations were self-declared by the policyholder at the underwriting stage since this 

was part of the proposal form. The occupations were coded into the database in 

accordance with standardised occupational classifications. These were then coded as 

binary variables to be statistically assessed. 

●​ The claim amount was the total cost associated with the claim, in Euro (€), following 

recoveries through subrogation rights. 

●​ The blame attribution was the insurer’s choice in determining who was at fault in the 

course of the damage or injury occurring. There were four types of blame attribution: 

own insured (OI), third party (TP), both (BO), and unknown (UN). The ‘Unknown’ 

attribution was removed from the dataset since it provided no meaningful insight. The 

remaining attributions were coded to ‘0’, ‘1’, and ‘2’ for analysis in SPSS.  

●​ The injury presence was a binary variable, ie, ‘0’ or ‘1’. ‘0’ meant that there were no 

injuries associated with the claim, and ‘1’ meant that there were. 

 

Further information was included, such as the type of vehicle, engine capacity, sum insured, and 

date of accident; however, these variables were not the primary focus of this study.  
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Data cleaning and preparation 

 

The data could not be analysed in the state provided by the insurers; therefore, several cleaning 

and preparation steps were taken to ensure consistency and reliability: 

●​ Occupational grouping. Occupation data was split into two groups: ‘Professional’ and 

‘Non-Professional’. The ‘Professional’ group consisted of occupations that required a 

tertiary education, such as doctors, accountants, and actuaries, to name a few. On the 

other hand, the ‘Non-Professional’ group consisted of occupations that did not require 

any education, required on-the-job training only, or required an educational level lower 

than tertiary education. These groups were transformed to binary, where ‘0’ and ‘1’ 

represented ‘Professional’ and ‘Non-Professional’ classifications. 

●​ Missing data. There were various missing variables within the claims data, such as 

‘Unknown’ occupations and ‘Unknown’ blame. Excluding these records resulted in a 

final sample size of ‘26652’ claims. 

●​ Codification of data. In order for the data to be statistically analysed, the raw data must 

be codified into a set of numbers that represent the data. The occupational groupings, 

blame attribution, and injury presence were transformed into binary variables. 

 

Descriptive summary 

 

An initial review of the data revealed variations in claim amounts, blame attribution, as well as 

injury presence among occupational groups. Firstly, non-professionals represented 65% of the 

total sample, with the remaining 35% being professionals. The average claim amount across all 

occupations was €1,637. The majority of the claims were the fault of the own-insured for both 

professionals and non-professionals. 64% of total claims were considered to be caused by the 

Own insured (ie, OI) while the remaining 36% were comprised of 1% and 35% for both parties 

(BO) and third parties (TP) respectively. 
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4.3 Analytical approach 

 

The analysis was conducted using SPSS (Statistical Package for the Social Sciences). 

 

The statistical analysis was structured around 3 variables. Firstly, it is the claim amount - a 

continuous and descriptive variable that represents the cost of settling the claim. Secondly, it is 

the blame attribution - a categorical variable that indicates whether the insured, a third party, or 

both parties were considered to be at fault by the insurer. Lastly, it is injury presence - a binary 

categorical value that indicates whether the claim involved any injuries or not.  

Professional status is the main variable. It is also a categorical variable with 2 variations being 

‘Professional’ and ‘Non-Professional’. Both of these groups represent different levels of 

education as well as socioeconomic status.  

 

Descriptive statistics were used to analyse the categorical variables. Categorical variables refer to 

nominal variables that can be distinctly placed in non-ordered categories. In the case of injury 

involvement and professional status, this was done through a binary where ‘No injury’ and 

‘Professional’ were coded as ‘0’ and ‘Injury’ and ‘Non-Professional’ were coded as ‘1’. 

Similarly, blame status was coded as ‘1’ for ‘BO’ (Both parties), ‘2’ for ‘OI’ (Own insured), and 

‘3’ for ‘TP’ (Third party). Categorical variables were analysed through descriptive statistics 

since counts and percentages allowed for the initial assessment of patterns and relationships 

through the use of counts and percentages across professional and non-professional groups. 

 

As a continuous numerical variable, claim data requires descriptive statistics such as the mean, 

median, and standard deviation. As such, the following steps were testing whether claims were 

normally distributed. Determining if it is normally distributed is a crucial part of the statistical 

analysis since it determines which tests and methods can be used. A normality test - The 

Kolmogorov-Smirnov test was done to check if the data were normally distributed.  

 

The objective of the Kolmogorov-Smirnov test is to check whether a sample’s distribution differs 

significantly from a specified theoretical distribution, in this case, the normal distribution. The 

test statistic refers to the maximum distance between one sample’s cumulative distribution 
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function (CDF) and the CDF of a normal distribution. The significance refers to the probability 

of observing a difference at least as large as the one measured, assuming that the data is normally 

distributed. The idea behind this test is a goodness-of-fit whereby the claims data’s cumulative 

distribution function is compared to the CDF of a normal distribution and compared to see how 

similar they are.  

 

As can be seen from the results below, the test resulted in a test statistic of 0.378 and a 

significance of less than 0.001. This suggests that there is a significant difference between the 

data and a normal distribution. It is highly unlikely that the claim amounts are normally 

distributed, less than 0.1% in fact, as can be seen from the probability of observing such a 

deviation from normality (0.378). 

 (Sean Borda, SPSS- IBM Corp., 2023) 

Figure 4: Test of Normality 

 

This is confirmed by the skewness and kurtosis found in the descriptives below. Skewness refers 

to the asymmetry of the probability distribution of a real-valued random variable about its mean. 

Kurtosis refers to how light or heavy the tails of the distribution are. The high skewness of 61.50 

and kurtosis of 5784.60 support the conclusion that the sample is not normally distributed. 
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(Sean Borda, SPSS - IBM Corp., 2023) 

Figure 5: Descriptive statistics 

 

The use of descriptive analysis was an important first step in understanding the data and 

establishing an appropriate analytical approach. Had the data been normally distributed, 

parametric tests such as an independent samples t-test or ANOVA would have been used. 

However, due to the significant deviation from normality observed by the Kolmogorov-Smirnov 

test, non-parametric alternatives such as the Mann-Whitney U test and Kruskal-Wallis test were 

used. 

 

4.4 Findings 

 

This section presents the findings of the statistical analyses explained in the previous section. 

The analysis undertaken was to examine the relationship between the professional classification 

variable (used as a proxy for educational attainment) and claim amount, blame attribution, and 

injury presence. An additional analysis also explored whether vehicle value and cover type 

resulted in any difference in claim amounts between the different professional classifications. 
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4.4.1 - Descriptive statistics 

 

Figure 2 shows the characteristics of the distribution of claim amounts. The figure shows the 

results of descriptive statistics. This was informative since it allowed the researcher to 

understand the shape of the distribution and decide upon an appropriate analysis approach. The 

mean claim amount was €1,637.14, while the median was €884.18. The notable disparity 

between the mean and median provided an early indication of substantial positive skew, 

reflecting the influence of a small number of very large claims that pulled the mean to the right. 

The standard deviation was €5,331.07, indicating wide dispersion in claim amounts. Skewness 

and kurtosis were observed to be at 61.50 and 5784.80, respectively. Both values significantly 

exceed thresholds indicative of normal distribution (typically ±2 for skewness, and ±7 for 

kurtosis). Thus, these statistics confirmed the presence of extreme asymmetry and heavy tails 

within the dataset. 

 

The minimum claim amount was -€ 588.76, likely due to recoveries, while the maximum claim 

amount was € 532,779.46. The wide range further reinforced the non-normal nature of the 

distribution. The Kolmogorov-Smirnov test was performed to test whether the claim amount data 

conformed to a normal distribution. Figure 1 shows the test statistic result of 0.378 with a 

significance value of less than 0.001, indicating a statistically significant deviation from 

normality. As a result, non-parametric tests were used in the subsequent analyses, since 

parametric tests would not have produced accurate results due to the sample's characteristics 

deviating significantly from a normal distribution. 

 

4.4.2 - Claim amount by professional classification 

 

The Mann-Whitney U test (results shown below in Figure 3) was applied to assess for 

differences in claim amounts among professional and non-professional groups. This test 

evaluates whether the distributions of two independent groups differ significantly by comparing 

the ranks of values rather than the values themselves. The U statistic reflects the number of 

instances where a value from one group ranks higher than one from the other. ‘P’ or the 

‘asymptotic significance’ indicates the probability of obtaining a test statistic at least as extreme 
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as the one observed, assuming the null hypothesis is true. In this case, the ‘U’ result was 

33,177,215.5, and ‘p’ was 0.009. Such results indicate a statistically significant difference 

between the populations. From descriptive statistics shown in Figure 4, it was observed that the 

professional population had a higher mean claim amount of €1,753 with a standard deviation of 

€4207. Conversely, the non-professional population had a mean claim amount of €1573.55 with 

a standard deviation of €5847.26. While the difference in mean claim amount is substantial, the 

large variance in claim amounts observed in the non-professional population suggests that the 

practical significance of this difference may be limited. 

 

 

 

 

 

 

 

 

 

 

(Sean Borda, SPSS - IBM Corp., 2023) 

Figures 6 and 7: Mann-Whitney and Kruskal-Wallis output 

 

Further analysis using the Kruskal-Wallis test was done to test differences in claim amounts 

across combinations of occupational status and blame groups. The purpose of this test is to 

determine whether multiple independent groups come from the same distribution. Six groups 

were created: three for the professional category, own insured to blame, third party to blame, and 

both to blame, and three for the non-professional category with corresponding blame categories. 

The test revealed a statistically significant difference between groups with an ‘H’ or ‘test 

statistic’ of 6,242.37, 5 degrees of freedom, and a ‘p’ or ‘asymptotic significance’ of < 0.001. 

Mean claim amounts ranged from €2,415.02 for professionals at fault to €576.88 for 

non-professionals not at fault. Pairwise comparisons confirmed that most group differences were 
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statistically significant, particularly between at-fault and non-fault groups within both 

occupational categories. 

 

4.4.3 - Blame attribution and professional classification 

 

Descriptive statistics were used to determine the distribution of blame attribution. 63.6% of 

claims were attributed to the insured driver, 35.2% were attributed to the third parties, and 1.2% 

involved shared blame.  A chi-square test was conducted to reveal associations between 

occupational status and blame attribution. The purpose of a chi-square test is to determine 

whether two categorical variables, in this case, blame attribution and professional classification, 

are related or independent of each other. A larger χ² indicates a greater difference between the 

observed and expected counts, ie, a statistically significant association. 

 

Thus, a test statistic of 9.839 indicates that the observed frequencies differ from the frequencies 

expected if independence is assumed. The degrees of freedom relate to the number of categories 

in each variable; in this case, 2 degrees of freedom, using the following formula: df =  (rows − 

1)(columns -1). The p-value is the probability of obtaining a test statistic as large or larger than 

the one calculated if there is no relationship between variables. It indicates the probability of 

observing a test statistic as extreme as the one calculated, assuming that the null hypothesis is 

true (i.e. that blame attribution and professional classification are independent). A p-value of 

0.007 (p < 0.05) indicates a statistically significant association between occupational 

classification and blame attribution. 

 

4.4.4 - Injury presence and occupational status 

 

Injury-related claims were relatively rare in the dataset, representing only 1.1% of all claims. 

When analysed by professional status, only 0.9% of claims from professionals involved injury, 

compared to 1.2% for non-professionals. While the difference appears small in absolute terms, a 

chi-square test revealed that the difference between professional status and injury presence was 

statistically significant.  
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The purpose of this test is to determine whether or not there is an association between two 

categorical variables. This is done by comparing frequencies in each category combination with 

the frequencies that would be expected if the variables were independent. In other words, it 

compares the observed frequencies with those expected under the assumption of independence 

between variables.  

 

The result of the test was a chi-square statistic of 4.129 with 1 degree of freedom. The degrees of 

freedom represent the number of independent comparisons that can be made. In this case, since 

the variables are binary, the degree of freedom was 1. The p-value result was 0.042, which is 

below the common alpha threshold of 0.05. This value represents the probability of observing a 

chi-square statistic as extreme or more extreme than the one calculated from the data if the null 

hypothesis is true. The null hypothesis is that the two variables are independent. As a result, the 

null hypothesis is rejected, meaning that there is a statistically significant association between 

occupational status and injury presence. 

 

4.4.5 - Cover type and professional classification 

 

A crosstab analysis was used to summarise and examine the relationship between cover type and 

professional classification. This type of analysis is often used to display the frequency 

distribution of the two categorical variables in the form of a matrix. This allows the relationship 

of the variables to be examined and analysed. Such a test is used in preparation for a chi-square 

test to determine whether an association between the variables exists, as was done in the previous 

analysis. The crosstabs analysis showed that professionals were significantly more likely to have 

comprehensive cover (81.9% vs. 76.1% for non-professionals). In contrast, non-professionals 

were more likely to hold third-party or third-party fire and theft policies. A chi-square test was 

conducted to examine potential associations between occupational status and cover type. The 

result of the chi-square test was (χ² = 94.046, df = 2, p < 0.001). This indicated statistical 

significance. In other words, cover type and occupational status were not independent. 
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4.4.6 Vehicle Value by Professional Classification 

 

A Mann-Whitney U test was done to assess whether professionals drove higher-value vehicles 

when compared to non-professionals. This test compares the rank values in two independent 

groups rather than their raw values. This means that rather than comparing the raw data 

individually, the vehicles were ranked by means of vehicle value. These ranks are then compared 

between the professional and non-professional classifications. The U statistic is based on the 

number of times values from one group rank higher than values from the other group. A small U 

value typically suggests more differences between groups. However, given the size of this data 

set, the mean ranks need to be analysed to provide the full picture of the analysis. The mean 

ranks were 8300 for professionals and 6847 for non-professionals, meaning that vehicle value 

was generally higher among professionals since they ranked higher in the rankings. Lastly, the 

p-value of 0.001 means that the probability of observing such a difference in rankings purely out 

of luck is small. Thus, this resulted in a statistically significant difference, meaning that 

professionals tended to drive higher-value vehicles. 

 

4.4.7 Claim Amount by Profession within Cover Types 

To further investigate whether the difference in claim amounts between professionals and 

non-professionals was influenced by the type of insurance cover held, three separate 

Mann-Whitney U tests were conducted for each category type. This was done to target specific 

groups of policyholders and their cover types.  

 

The first test was done with a comprehensive cover. A statistically significant difference in claim 

amounts was found between occupational groups, with a higher mean rank for professionals 

(6926 vs 6655). The U statistic was 20344980.5 with a p-value of less than 0.001. This suggests 

that professionals with comprehensive cover tend to file higher-value claims than their 

non-professional counterparts. The tests for third-party and third-party fire and theft cover 

showed no statistically significant differences between the two groups. These results indicate that 

the difference in claim amounts between professionals and non-professionals was limited to 
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those holding comprehensive cover. Other levels of cover had similar claim amount distributions 

between professional classifications. 

4.4.8 Correlation Between Vehicle Value and Claim Amount 

To explore whether the value of the vehicle influenced the amount claimed, a Spearman’s 

rank-order correlation was conducted between vehicle value (sum insured) and claim amount. 

Spearman’s correlation is a non-parametric measure of association that evaluates the strength and 

direction of a monotonic relationship between two continuous or ordinal variables. It is 

particularly appropriate when the data are not normally distributed, as was the case here. 

The test produced a correlation coefficient (rho) of 0.006, with a p-value of 0.434. The 

correlation coefficient ranges from -1 to +1, where values close to ±1 indicate a strong 

relationship, while values near 0 indicate no association. A rho of 0.006 suggests an extremely 

weak, almost nonexistent relationship between the two variables. The p-value further indicates 

that this result is not statistically significant. The non-significant p-value provides insufficient 

evidence to reject the null hypothesis of no association.  

This finding implies that higher vehicle values do not correspond to higher claim amounts, at 

least not in a consistent or predictable way. Thus, vehicle value does not consistently predict 

claim amount. Despite professionals tending to drive higher-value vehicles, this does not appear 

to account for their higher average claim costs. Therefore, other factors—potentially behavioural 

or circumstantial—may be influencing the differences in claim amounts between occupational 

groups. 

 

4.4.9 - Summary of findings 

The findings above clearly show that the professional classification had higher mean claim 

amounts. An initial interpretation of this finding suggested it might be explained by a tendency to 

drive higher-value vehicles and a higher likelihood of having comprehensive cover. While it was 

statistically true that the professional group had higher-value vehicles and more comprehensive 

coverage, the results from the Chi-square and Mann-Whitney tests were not sufficient to account 
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for the higher claim amounts observed. The difference in claim amount between professional and 

non-professional claimants was evident when assessing comprehensive cover; however, no 

statistically significant difference was observed concerning third-party or third-party fire and 

theft coverage. Furthermore, vehicle value was not meaningfully correlated with claim amount.  

In summary, the analyses revealed several statistically significant relationships between 

occupational status, claim amount, blame attribution, and injury presence. Professionals were 

more likely to purchase comprehensive cover and drive higher-value vehicles. Claim amounts 

were also higher for professionals; however, this difference was not explained by higher vehicle 

values. Blame attribution and injury presence showed some statistically significant associations 

with professional status. These findings set the stage for a deeper interpretation of the results, 

their implications, and the potential factors that may underlie the observed patterns, as discussed 

in the following section. 

4.5 Interpretation of results 

The primary objective of this study was to investigate whether occupational status, used as a 

proxy for educational attainment, is associated with indicators of driving behaviour, as reflected 

in motor insurance claims data. Claim amount, blame attribution, and injury presence were used 

as proxies for driving behaviour, while vehicle value (sum insured) and level of cover were 

examined as possible explanatory factors for any observed occupational differences. These 

results provide important insights into the relationships between these variables and bring to light 

important considerations regarding the use of socioeconomic proxies in insurance risk 

assessment. 

The analysis revealed that professionals had higher mean claim amounts compared to 

non-professionals. While this difference was statistically significant, the absolute difference in 

mean claim amounts between the two groups was quite modest when the high variance and 

skewness were taken into consideration. It was evident that the distribution of claim amounts 

was heavily influenced by a small number of very large claims, as evidenced by the extreme 

skewness and kurtosis values. This means that while professionals on average had higher claim 

amounts, the median claim cost and spread of claims values suggest that the difference in risk 

profile may not be as pronounced as the means alone might suggest. In other words, the major 
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outliers in claims have a major impact on the averages. Relying solely on the mean claim amount 

could lead to misleading results. The use of median and spread of claims costs serves as a way to 

mitigate the large impact of the outliers on the mean claim cost. 

When claim amounts were examined within specific insurance cover types, a clearer picture 

emerged. The higher claim amounts among professionals were found predominantly in 

comprehensive cover policies. For third-party and third-party fire and theft (TPFT) policies, 

there was no significant difference in claim amounts between professional and non-professional 

drivers. This finding suggests the possibility that the relationship between occupational status 

and claim amount is influenced by the type of insurance product selected. Therefore, there might 

be external factors foreign to the professional category that may influence the rationale behind 

choosing one level of cover over another. The higher mean claim costs for professionals may 

reflect the nature of the claims under comprehensive policies, often including own damage cover, 

rather than the inherent differences in driving behaviour or risk propensity. 

Further analysis examined if vehicle value was a factor in professional classification and claim 

amounts, ie, why professionals had a higher mean claim amount compared to non-professionals. 

Professionals were more likely to drive higher-value vehicles, as was shown by the claims data. 

This makes sense with the idea that professionals likely have greater disposable income or 

preferences for more expensive vehicles. Despite this logic, the correlation between vehicle 

value and claims amount, while present, was negligible. Regression analysis also confirmed that 

vehicle value was not a substantial predictor of claims cost. Moreover, when both vehicle value 

and occupational status were included in the regression model (with log-transformed claim 

amount as the dependent variable), neither emerged as a meaningful predictor, and the model as 

a whole explained only a tiny fraction of the variance in claim costs (R² = 0.001). This indicates 

that neither occupation nor vehicle value, at least in isolation, is sufficient to account for 

differences in claim outcomes. 

In relation to blame attribution, the findings showed that professionals were slightly less likely to 

be deemed at fault compared to non-professionals. Although this difference was statistically 

significant, the absolute difference was small (around two percentage points) and therefore 

unlikely to represent a meaningful difference in driving behaviour. A similar pattern was 
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observed for injury presence: while non-professionals were slightly more likely to have 

injury-related claims, the difference in proportions was minimal, and the low overall injury rate 

suggests that occupational status is not a strong determinant of injury risk in motor claims. 

Collectively, these results suggest that occupational status, while associated with certain 

policyholder characteristics (such as cover type and vehicle value), does not provide substantial 

explanatory power in relation to claim outcomes once these factors are accounted for. The 

tendency for professionals to have higher claim amounts within comprehensive cover may reflect 

differences in claims reporting behaviour, the types of incidents leading to claims, or even 

variations in repair and replacement costs that are not directly tied to vehicle value. It is possible 

that external factors not considered in this study, such as geographical location, driving areas 

(such as commuting patterns or general errand routes, or annual mileage, play a role in claims 

amount and frequency. 

An important implication of these findings is that occupation acting as a proxy for educational 

attainment may have limited utility as a standalone predictor of insurance claims risk. While this 

variable may capture some underlying socio-economic differences that correlate with certain 

behaviours or preferences, its ability to meaningfully predict claims outcomes appears 

constrained in this context. Given the legal scrutiny around indirect discrimination and the need 

for risk models to accurately reflect actual variations in risk exposure, there are potential 

concerns for insurers regarding the fairness and predictive validity of using occupation as a 

rating factor. This is particularly important under EU and UK regulations, where socio-economic 

variables are likely to be scrutinised for fairness. 

These results underscore just how complex insurance risk modelling can be and highlight the 

importance of having richer, more detailed datasets to truly grasp what drives claim costs. 

Incorporating information on exposure factors—such as how far people drive, the kinds of 

journeys they take, or the conditions under which they typically drive—would allow insurers to 

build more accurate risk models. In addition, data drawn from behavioural sources like 

telematics could significantly sharpen predictions of claim outcomes. It’s also worth considering 

that qualitative aspects—such as drivers’ attitudes towards making claims, their preferences 
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when it comes to repairs, or what they expect in terms of service—might shape claim costs. 

These factors are likely to vary across different socio-economic groups. 

In summary, while this study did find some links between occupational status and how claims 

play out, the differences were generally small and couldn’t be accounted for simply by looking at 

the value of the vehicle or the level of cover. This suggests that other factors outside of this study 

are at play and have an influence on the cost of claims. Overall, the findings highlight the 

limitations of using education proxies like occupation in isolation for insurance risk assessment 

and underscore the value of richer behavioural and exposure data. 
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Chapter 5 - Conclusion 

 

5.1 - Summary of Key Findings 

 

This study aimed to examine whether occupational status, used as a proxy for educational 

attainment, was associated with motor insurance claim outcomes. The chosen indicators of 

driving behaviour were claim amount, blame attribution, and injury presence. Apart from these 

variables, the study also explored whether the relationships observed between professional status 

and claims outcome were due to differences in vehicle value and level of insurance cover. The 

analysis was based on anonymised claims data obtained from local motor insurers. This data was 

analysed using a variety of non-parametric methods due to the characteristics of the claim 

amount and vehicle value distributions.  

 

Claim amount and occupational status 

 

A key finding was that professionals exhibited higher average claim amounts compared to 

non-professionals. This difference was identified using the Mann-Whitney U test (U = 

33,177,215.5, p = 0.009). This result indicates a statistically significant difference between 

statistically significant difference in mean claim amounts of the professional population 

compared to the non-professional population. The observed discrepancy is relatively modest 

when observed in absolute terms. The mean claim amount for the professional population was 

€1,753.23, while the non-professional population had a mean claim amount of €1,573.55. It was 

evident that the mean differences were heavily influenced by a small number of very large 

claims. This is evidenced by examining the standard deviations and skewness of the claims data. 

As such, the practical significance of this observed difference in claim amounts between the two 

groups is somewhat limited. 

 

Analysis of claim amounts within specific insurance cover types revealed clear patterns. The 

higher claim amounts among professionals were primarily observed within comprehensive cover 

policies. Among policyholders with third-party or third-party fire and theft (TPFT) cover, there 
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was no statistically significant difference in claim amounts between professionals and 

non-professionals. This suggested that the differences identified between occupation and claims 

cost were linked to cover type. Interestingly, an analysis of the relationship between professional 

classification and cover type revealed a statistically significant correlation between the two. The 

professional population was significantly more likely to opt for comprehensive cover over TPFT 

and TP options compared to the non-professional population (81.9% vs. 76.1%). This, combined 

with the wider coverage and therefore, higher claims cost offered by comprehensive policies, 

justifies this relationship. 

 

Blame attribution and injury presence. 

 

The study also examined the relationship between blame attribution and professional 

classification. Overall, 63.6% of claims were attributed to the insured driver, 35.2% to the third 

party, and 1.2% involved shared blame. A chi-square test revealed a statistically significant 

association between occupational status and blame attribution (χ² = 9.839, df = 2, p = 0.007). 

This revealed that the professional classification drivers were less likely to be found at fault than 

non-professional classification drivers. 62.2% of professionals were deemed to be at fault, while 

64.4% of non-professionals were deemed to be at fault. This difference was found to be 

statistically significant using a chi-square test. While the difference is quite small in this sample, 

this could be even more significant when the entire population is considered. A similar outcome 

was discovered for injury-related claims, with professionals having fewer injury-related claims 

(0.9%) compared to non-professionals (1.2%). Once again, the difference may seem small; 

however, it was observed to be statistically significant (χ² = 4.129, df = 1, p = 0.042) and may be 

even more significant in the context of the entire population. 

 

Vehicle value, cover type, and their explanatory power 

 

As previously stated, professionals were significantly more likely to hold comprehensive cover. 

It was also discovered that they drove higher-value vehicles, as indicated by the sums insured. A 

Mann-Whitney U test confirmed that vehicles owned by professionals had significantly higher 
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insured values (U = 18,702,043.5, p < 0.001). However, no significant correlation was found 

between vehicle value and claim amount (Spearman’s rho = 0.006, p = 0.434).  

 

5.2 - Implications 

 

The findings of this study have several important implications for insurers, risk modelling, and 

the use of occupational status as a factor in insurance underwriting. Occupational status was 

associated with certain policyholder choices, such as the selection of cover type and vehicle 

value. Professional classification was found to be statistically significant in relation to injury 

claims and blame attribution. However, professional classification was found not to be a 

meaningful predictor of claim amount.  

 

For insurers, the result highlights the limitations of relying on socio-economic proxies like 

occupation to differentiate risk. The use of the level of educational attainment directly may 

alleviate some of the limitations and distortions brought about by the inaccuracies of using 

proxies. The differences observed in the claim amounts between professionals and 

non-professionals appeared to be driven more by cover type than intrinsic differences in risk 

behaviour. These findings support a move towards more data-driven approaches that focus on 

direct indicators of risk, such as telematics data, driving behaviour, commuting patterns, and 

annual mileage.  

 

From a risk modelling perspective, these results illustrate the importance of incorporating a rich 

set of variables when assessing driver risk. The combination of telematics data and 

socioeconomic factors may allow for better relationships and comparisons to be drawn.  

 

5.3 - Limitations 

 

While this study provided valuable insights into the relationship between occupational status and 

insurance claim outcomes, several limitations must be acknowledged. Consideration of these 
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limitations is crucial when interpreting the findings and drawing broader conclusions about the 

role of occupational status in motor insurance risk. 

 

Measurement of educational attainment 

 

The most significant limitation is the use of occupational status as a proxy for educational 

attainment and socioeconomic status. Insurers do not ask for information such as the level of 

education; therefore, such a proxy was employed. Unfortunately, it is not a perfect measure and 

may not fully capture the complexities of an individual’s socioeconomic position or associated 

risk factors.  

 

Available data 

 

Insurers either don't have access to data such as annual mileage, commuting distance and 

patterns, or driving behaviour. The absence of such variables somewhat limits the ability to 

control for confounding variables and makes it difficult to isolate the impact of professional 

classification on claim outcomes. Driving behaviour could only be approximated through proxies 

such as claim amount, blame attribution, and injury presence. It may not fully capture the 

nuances of an individual’s socioeconomic position or driving behaviour. 

 

5.4 Recommendations for future research 

 

The results of this study suggest several potential directions for future research in the field of 

motor insurance and driver risk analysis. First, future studies should seek access to more robust 

datasets that include behavioural variables such as annual mileage, commuting patterns, vehicle 

usage, and telematics data. Having access to such data would provide a more accurate and 

comprehensive understanding of risk factors.  

 

The use of longitudinal data would allow researchers to track changes in policyholder behaviour 

and claim outcomes over time. This would enable a better understanding of how changes in 
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socioeconomic factors such as employment, vehicle ownership, and driving patterns evolve in 

changing economic and sociological conditions.  

 

5.5 Final Conclusion 

 

In conclusion, this study found that while occupational status correlates with certain 

insurance-related choices, namely, cover type and vehicle value, it does not serve as a sufficient 

predictor of actual claim behaviour. Crucially, these findings support an industry-wide shift 

towards personalised, data-driven risk models that prioritise real-world behaviour over the 

traditional socio-demographic approximations. This shift is underscored by the popularity of 

telematics technology, enhancing pricing fairness, improving risk prediction, and better aligning 

premiums with true driving behaviour.  

 

The purpose of this study was to explore whether a person’s level of educational attainment, in 

this case proxied by occupation, had an impact on driving behaviour and insurance claims. Using 

anonymised claims data from Maltese insurers, occupations were split into ‘professional’ and 

‘non-professional’ classifications. They were then assessed for differences in the size of claims, 

who was at fault, and whether there were injuries involved. 

 

Interestingly, professionals tended to have higher claim amounts and were more likely to hold 

comprehensive insurance policies. They also drove higher-value vehicles. However, occupational 

classification was found not to be a reliable predictor of risk. This means that while occupation 

may be linked to certain choices that drivers make, such as the type of cover they buy, it may not 

be linked to driving behaviour.  

 

These findings highlight the move forward towards detailed and personalised premiums and 

data, which tells us how individuals behave rather than who they are on paper. This is accelerated 

through the rapid advancements in technology, with telematics becoming increasingly nuanced. 

As the industry continues to embrace data-driven information, findings such as these reinforce 

the importance of aligning pricing models with real-world behaviour, fairness, and transparency.
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