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INTRODUCTION

During the Dutch Golden Age, in the 1630s, tulips, once an exotic flower, triggered a frenzy that swept
the Netherlands when a single flower could reach a price greater than ten times the annual salary of a
skilled artisan. At that time, the possession of a tulip was a symbol of richness, making its sales literally
explode and pushing investors to eagerly chase any of the existing bulbs in the market. The price of
tulips evidently reached extraordinary heights, driven by speculation and irrational exuberance of
investors. However, as quickly as prices had risen, they collapsed when investors realized they were
spending astronomical sums only on short-lived and fragile flowers. It was the first speculative bubble,
known as “Tulipomania”. This historical episode illustrates the profound impact of human psychology
on financial decision making, laying the foundations for what have been the conceptual framework of
our study, behavioral finance (Kapoor & Prosad, 2017).

While traditional financial theories postulate that investors are entirely rational and markets perfectly
efficient, behavioral finance dig into the psychological factors and cognitive biases that often underpin
irrational investors behaviors (Veni & Kandregula, 2020). This research field aims at understanding how
emotions and irrational thinking can lead to market anomalies such as speculative bubbles which are
frequently observed in financial markets (Kapoor & Prosad, 2017).

One of the motivations for writing this study was inspired by a similar paper that explored behavioral
finance from an original angle. Brunen (2019) examined the effect of moral licensing in Socially
Responsible Investing and its interaction with behavioral biases. Moral licensing refers to the
phenomenon according to which individuals justify risky behaviors by relying on their previous actions,
that they perceive as morally positive. She found that investors who had already engaged in Socially
Responsible Investments felt entitled to take greater risks in other areas (Brunen, 2019). This
observation really sparked our interest and provided a good basis for a further investigation into how
psychological mechanisms might influence broader financial decision making.

We decided, based on discussions with our supervisor and resources available, to focus our work on
examining the potential influence of consumption patterns — both risky and healthy — alongside the
Big Five personality traits (extraversion, openness, conscientiousness, agreeableness and neuroticism)
and the impact of the Covid-19 pandemic shock on the investment risk profiles of the elderly across
Europe.

For our study, we used the secondary data from the Survey of Health, Ageing and Retirement in Europe
(hereafter referred to as "SHARE"). The longitudinal nature of the data enabled us to analyze periods
both pre- (2019 to early 2020) and post-Covid-19 (2022) pandemic for each individual. We also added
sociodemographic and health status control variables to ensure a comprehensive analysis. Once our
primary dataset established, we employed two statistical methods: (1) a series of random-effects
probit regression models and (2) a fixed-effects multinomial logit regression model.

The first one aimed at incrementally testing the different independent variables for each of the six
dummies investment risk profiles (i.e. risk seeker, risk diversifier — whether dynamic, perfect or
defensive — defensive and risk averse). With the second the goal at determining whether there had
been a change in risk profiles, using a categorical variable representing these six profiles, as a result of
the Covid-19 pandemic shock.



The primary objectives of our study were centered around testing the following hypotheses derived
from existing literature (see the next section “Literature review and Study Scoping”) concerning the
investment risk profiles of elderly across Europe:

=  Firstly, whether the elderly consumption patterns consistently and significantly influenced
their investment risk profiles. Specifically, it was assumed that elderly individuals who engaged
in risky behaviors, such as consuming alcohol or smoking, were more likely to have riskier
investment profiles. Conversely, those who adopted healthier lifestyle behaviors, including
regular consumption of fruits, vegetables, dairy products, meat and engaging in regular
physical activity, were expected to exhibit less risky investment profiles.

= Secondly, as regards personality traits, whether the elderly with high levels of extraversion
would have high risk tolerant profiles, while those with higher levels of openness and
conscientiousness were expected to have moderate risky investment profiles. Furthermore,
we assumed that elderly with high levels of agreeableness tended to have less risky investment
profiles, whereas those with high levels of neuroticism were more likely to exhibit risk free
behaviors.

=  Thirdly, whether the Covid-19 pandemic influenced the investment behaviors of the elderly.
The hypothesis was that the pandemic had prompted elderly to invest in less risky assets,
thereby adopting less risky investment profiles leading to a change from their initial profile.

=  Finally, whether personal sociodemographic and health characteristics had any role in shaping
investment risk profiles of the elderly.

Following the introduction, the first chapter provides a comprehensive literature review for the
scoping of our study. It starts by examining foundational theories, including traditional finance and
rationality of investors, as well as behavioral finance and its focus on their discovered irrationality. It
then sketches out an overview of previous empirical studies and our hypothesis on consumption
patterns, personality traits, crisis shocks and their respective influences on elderly risk profiles. The
chapter concludes by identifying gaps in the existing literature and outlines our study contribution to
the research field.

The second chapter digs into the data and variables used in our study. It describes the database and
data sources and introduces the key variables, including the target variable (investment risk profiles),
the independent variables (consumption patterns, personality traits and the Covid-19 pandemic) as
well as the control variables related to personal sociodemographic and health characteristics. This
chapter also presents summary statistics for each investment profile analyzed.

The third chapter focuses on the methodology employed in our study and discusses the treatment of
multicollinearity through correlation analysis and variance inflation factor assessments. This chapter
then details the two statistical models applied to test our hypothesis.

The fourth and last chapter touches on the results and discussion. It opens with an in-depth analysis
of the relationships between the elderly consumption patterns, personality traits, Covid-19 pandemic
shock and their investment risk profiles. It then examines the role of personal characteristics and
conducts heterogeneity tests for five major investment risk profiles.

Our study then concludes with an assessment of its limitations and paves the way for future research
opportunities.



1 LITERATURE REVIEW AND STUDY SCOPING

1.1 Foundational Theories

1.1.1 Traditional finance and rationality

Traditional finance has evolved through several key major theories and concepts, each providing a new
perspective on how financial markets would operate, how investors would make decisions and how
risks and returns would be evaluated based on the primary assumption that investors are purely
rational (Veni & Kandregula, 2020). The following paragraphs only outline these major theories, but
we thought important to properly grasp them first to introduce those that followed in their wake and
focused on the behavioral aspects of risk perception.

In 1844, John Stuart Mill, a British philosopher and economist, introduced the concept of the Economic
Man or Homo Economicus. This theoretical model proposed that individuals would act rationally,
seeking to maximize their personal satisfaction (Chen & Potters, 2021). According to Mill, the Economic
Man would be a rational being, capable of making logical and reflected decisions by weighting costs
and benefits to achieve maximum satisfaction (Bee & Desmarais-Tremblay, 2022) under three
conditions: complete information, self-interest and perfect logic (Veni & Kandregula, 2020). This basis
economic decision-making model was the first introduction of economic rationality and cost-benefit
analysis (Kapoor & Prosad, 2017).

In 1738, Daniel Bernoulli proposed the Expected Utility Theory (hereafter referred to as “EUT”) but
which was only formalized in 1954. He introduced the idea of the “diminishing marginal utility”,
according to which each additional unit of wealth would provide less satisfaction (Samuelson, 1977).
The EUT postulates that individuals would make decisions in order to maximizing their expected utility
(Friedman & Savage, 1952) but under uncertainty as all information available would never be fully
known (Dimand & Dimand, 1995).

In 1944, John Von Neumann and Oskar Morgenstern published Theory of Games and Economic
Behavior making the EUT applicable (Dimand & Dimand, 1995) by introducing four axioms that
underpin it (completeness, transitivity, continuity and independence). An individual adhering to these
rational behavior axioms would act in a way that maximizes its gain in risky circumstances and
confronted with several options (Von Neumann & Morgenstern, 1944). In this EUT, the first
classification of individuals based on their choices concerning risk was established (Zhang et al., 2014).
Individuals unwilling to take risks were categorized as “risk averse”, those with a neutral stance
towards risk were termed “risk neutral” and those showing an appetite for risks were identified as “risk
takers” (Veni & Kandregula, 2020). This classification would help to understand and predict how
different types of individuals would behave in various financial scenarios.

In 1952, Harry Markowitz revolutionized traditional finance theories with his Modern Portfolio Theory
(hereafter referred to as “MPT”) assuming that all investors would be risk averse and always seek to
minimize the risk taken while maximizing their return (Veni & Kandregula, 2020). He highlighted the
concept of diversification to reduce uncertainty and suggested that diversifying assets would decrease
the total risk of a portfolio, expressed as variance of the portfolio return (Elbannan, 2014), because of
the correlations between those assets (Markowitz, 1991). As a matter of fact, MPT introduced the idea
of the efficient frontier, which denoted the best asset pairings that would minimize risk for a given
projected return or maximize return for a given level of risk (Markowitz, 1952).
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Jack Treynor (1961), William Sharpe (1964), John Lintner (1965) and, independently, Jan Mossin (1966)
developed the Capital Asset Pricing Model (hereafter referred to as “CAPM”). This model underlined
the distinction between systematic risk, inherent to the market and not diversifiable and specific risk,
unique to an asset. This model helped pricing an individual asset (Veni & Kandregula, 2020) as in the
CAPM, systematic risk is quantified by the beta, which would represent its sensitivity to market
movements (Elbannan, 2014). CAPM is still widely used in the literature for determining the expected
return of an asset based on its beta (Veni & Kandregula, 2020).

In 1970, Eugene Fama formalized the Efficient Market Hypothesis (referred to as “EMH”) which
postulates that financial asset prices would reflect all available information on the market, making it
impossible to consistently achieve superior returns without additional risk. This model integrates the
concept of informational efficiency in financial markets and stated that all markets would be efficient
(Fama, 1970).

In 1976 Stephen Ross introduced the Arbitrage Pricing Theory (hereafter referred to as “APT”) as a
response to some limitations of the CAPM. APT focuses on how rational traders would exploit
mispriced securities created by irrational traders. Unlike the CAPM, which relies on a single market risk
factor, the APT considers that asset returns would be influenced by multiple sources of systematic risks
(betas). As arbitrage would correct mispricing, the prices of securities would more accurately reflect
all available information, leading to a more efficient allocation of capital in the market (Ross, 1976).

1.1.2 Behavioral finance and irrationality

Behavioral finance emerged as a subfield challenging traditional assumptions of market rationality as
introduced in the previous section. Unlike traditional theories that assume investors would act entirely
rationally and markets would be perfectly efficient, behavioral finance explores market anomalies and
irrational behaviors of investors which would lead, for instance, to underreaction, overreaction or
speculative bubbles (Kapoor & Prosad, 2017) regularly observed in markets. These mechanisms would
arise because people tend to think and act emotionally rather purely rationality (Veni & Kandregula,
2020). This section aims at introducing the fundamental concepts of behavioral finance, examining
how cognitive biases would impact financial decisions and, ultimately, markets.

1.1.2.1 Heuristics

The three first Heuristics, one of the keys first concepts in this discipline, were introduced in 1974 by
Amos Tversky and Daniel Kahneman. These Heuristics would be mental shortcuts used by individuals
to simplify their decision-making process when facing uncertainty (Veni & Kandregula, 2020).

With the first Heuristic representativeness, individuals would evaluate the likelihood of an event by
comparing it to an existing archetype. When estimating this likelihood, individuals would typically
neglect other relevant statistical information by focusing on how much an event would match previous
events they are acquainted with (Tversky & Kahneman, 1974). Waweru et al. (2008) highlighted that
these biased individuals would tend to prefer assets that have performed well in the past and dislike
those that have poorly performed. This type of reactions would ultimately lead to overreaction (Bondt
& Thaler, 1985), as decisions are made precipitously and without prior and proper study of the market
based on actual facts (Ferdinand, 2023).
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According to the second Heuristic availability, individuals would estimate the likelihood of an event by
considering how readily past similar examples are remembered. Something would be sometimes
thought to be more common or likely if it can immediately be recalled (Tversky & Kahneman, 1974).
Veni and Kandregula (2020) underlined that individuals would be used to rely on information coming
from close friends or family members rather than from unknown people. They would also prefer to
invest in national known assets rather than in international unfamiliar ones, even if they would get
lower returns (Veni & Kandregula, 2020).

The third Heuristic adjustment and anchoring would imply a subsequent revision of an initial value
(Tversky & Kahneman, 1974). Individuals would tend to place more importance on the first piece of
information they received when deciding. Subsequently, even if that initial information turns to be
unfounded (Lai, 2023), they would continue basing their conclusion on it. For example, an individual
exhibiting this type of heuristic behavior buys an asset at a given purchased price. This price would
then serve as an anchor and the individual would not sell the asset unless its price would be above the
purchase price, regardless of whether this decision would negatively impact its portfolio strategy
(Matsumoto et al., 2013).

1.1.2.2  Prospect theory

Prospect theory, developed by Daniel Kahneman and Amos Tversky later in 1979, introduced a more
realistic decision-making model that accounted for individuals' irrational behaviors. It offered a critique
of the EUT, proposing an alternative that would better explain how individuals actually make choices
under risk when facing uncertainty (Kahneman & Tversky, 1979).

According to this theory, individuals would evaluate outcomes in relation to a reference point, often
the status quo or an initial expectation (Kahneman & Tversky, 1979). From this reference point,
individuals would generally be more sensitive to losses than to gains, a phenomenon known as Loss
Aversion. The perceived loss would have a stronger emotional impact than a gain of the same size. This
would manifest a behavior, known as the “disposition effect”, according to which investors would
hesitate to sell assets with a loss, hoping that prices will rebound (Summers & Duxbury, 2007). The
theory postulates that the value function would be concave for gains and convex and steeper for
losses. This S-shaped value function would explain why people tend to avoid risks when it comes to
gains but seek risks when trying to avoid losses (Kahneman & Tversky, 1979).

Beside these two theories, there are many other theories and concepts that make up behavioral
finance as a new discipline. However, for the purpose of our study, we decided to present only an
outline of fundamental theories of traditional and behavioral finance. This approach provides the
necessary framework for how various factors influence investment behaviors and, hence, risk profiles.
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1.2 Previous Empirical Studies

This section, which digs into empirical studies, examines the relationship between external factors and
individuals’ risk tolerance.

1.2.1 Consumption patterns and risk propensity

1.2.1.1 Risky consumption patterns and risk seeking

The consumption of tobacco and alcohol documented in the existing literature would be associated
with certain risky behaviors. Wittgens et al. (2022) investigated the underlying mechanisms linking
alcohol use to other risky behaviors. They demonstrated how psychological factors such stress feeling
as well as sensation seeking and impulsivity (Peretti-Watel et al., 2013), would be frequently
exacerbated by the consumption of tobacco and alcohol and could lead to questionable decisions in
various aspects of life (Wittgens et al., 2022).

Mudryj et al. (2019) also showed that risky behaviors, such as drinking or smoking, would be frequently
accompanied by other harmful habits such as poor sleep hygiene, a lack of healthy eating habits (eating
fruits and vegetables on regularly basis) or physical activity, all indicating a general risk taking way of
life (Mudryj et al., 2019).

For younger people, the consumption of alcohol and tobacco would also be frequently accompanied
with hazardous sexual behaviors such as having several partners at the same time or engaging in
repeated unprotected relations (Cho & Yang, 2023; Choudhry et al., 2014), showing that risky
behaviors would not occur in isolation; they would be frequently interconnected, forming a network
of risk taking (Connell et al., 2009; Kipping et al., 2012). Furthermore, when beginning in the
adolescence, the likelihood of these risky behaviors influencing the risk profile for the individual's
future life would be high (Griffin et al., 2019).

From this trend one could believe that risky consumption extends to financial behaviors, such as in
investment decisions-making.

1.2.1.2  Healthy consumption patterns and risk aversion

Healthy lifestyle behaviors, such as balanced eating and regular physical activity, would be frequently
associated with better physical and mental health. Ding et al. (2015), among others, investigated risk
behaviors related to lifestyle, emphasizing the need of a healthy diet and regular physical activity in
maintaining good health. Such discipline and awareness of the long-term consequences could also
result in more cautious way of taking decisions (Ding et al., 2015).

Selivanova and Cramm (2014) and Wong et al. (2023) went one step further by investigating the
relationship between physical activity, healthy lifestyle behaviors and health outcomes. They observed
that physically active individuals with a balanced diet would have better mental and cognitive health
(Li et al., 2024; Serra et al., 2020), which could impact their judgment and decision-making.
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Moreover, individuals’ emotional responses would also be influence by their way of life. De Rezende
et al. (2014) discussed the influence of sedentary versus physical activity on mental health outcomes.
A lack of physical activity would lead to diseases like dementia, resulting in a higher mortality rate
among sedentary people. On the other hand, individuals who would combine regular physical activity
with a healthy diet would tend to have a better life balance (Lacombe et al., 2019) and less stress
(Wong et al., 2023), both of which could positively influence their decision as they would be less prone
to rush and make risky choices (Peretti-Watel et al., 2013).

The benefits of a healthy diet extend well beyond their physical and mental effects. This would have a
significant influence on mental health, making people who would eat healthy more satisfied with their
lives, encouraging social interaction and networking (Sowa et al., 2016). In contrast, unhealthy eating
habits could promote negative emotions such as isolation for instance (Schrempft et al., 2019).
Moreover, Ford et al., (2011) demonstrated that low risk lifestyle behaviors would be associated with
a significant reduction in mortality from all causes.

By analogy, one could believe that individuals who engage in healthy behaviors in their daily lives also
take a wise approach as regards their financial decisions.

1.2.1.3 Influence of consumption patterns on risk profiles hypothesis

Despite the absence of specific studies on the influence of smoking and alcohol consumption on
investment decisions, other studies on behavioral mechanisms suggest a general tendency towards
risk taking, when individuals consume risky product, which could be extended to financial decisions.

Similarly, existing literature suggests a general tendency of healthy individuals for cautiousness with
regard to risk, which could be extended to their financial decisions as well.

Therefore, one could believe that individuals who engaged in a risky or a healthy behavior in their daily
consumption also take a consistent approach as regards their financial decisions.

Hypothesis 1 (H1): Elderly consumption patterns significantly influence consistently their investment
risk profiles. In particular, among our sample:

= Hla: Elderly who consume alcohol or smoke in a risky manner are significantly more likely to
have riskier investment risk profiles.

= Hib: Elderly adopting healthy lifestyle behaviors, such as regular consumption of fruits,
vegetables, dairy products, meat and regular physical activity, are significantly more likely to
have less risky investment profiles.
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1.2.2 Personality traits and risk propensity

As seen in the previous sections, behavioral finance is based on the fact that investors would make
their decisions more emotionally than rationally. Therefore, it seemed relevant to examine which
personality traits would shape risk tolerance, as does frequently the Big Five Theory, a growing topic
of interest in behavioral finance. This theory postulates that each individual possesses five main
personality traits, to varying degrees, making personality unique (Novikova, 2013). These five traits are
extraversion indicating sociability, energy and assertiveness, openness referring to imagination,
curiosity and openness to new experiences, conscientiousness reflecting organization, responsibility
and diligence, agreeableness corresponding to empathy, pleasantness and cooperativeness and finally
neuroticism expressing negative feeling such as anxiety, stress or anger (Raad & Mlacic, 2015).

1.2.2.1 Extraversion and risk seeking

Individuals considered risk takers would often exhibit high levels of extraversion. Sahinidis et al. (2020)
and Joseph and Zhang (2021) showed that extraverted individuals would be more inclined to seek
thrills (Nicholson et al., 2005) and demonstrate optimism (Lai, 2019), which could drive them to engage
in riskier investments.

1.2.2.2 Openness, conscientiousness and risk diversifying

Individuals considered as moderate risk takers would often exhibit high levels of openness and
conscientiousness. Researches by Lai (2019) and Wang et al. (2016) highlighted that individuals with
high level of openness would tend to diversify their portfolios and explore new investment
opportunities, corresponding to a moderate risk tolerance. Moreover, Yadav and Narayanan (2021)
indicated that individuals with high level of conscientiousness would be more prone to biases even
though they would generally tend to take fewer risks when getting older (Isidore & Arun, 2021). These
methodical individuals would also be excessive risk takers if they have confidence in their thorough
analyses and well-structured plans, offering them a biased vision of risks (Yadav & Narayanan, 2021).

1.2.2.3 Agreeableness, neuroticism and risk aversion

On the other side, individuals considered as less likely to be high or moderate risk takers would often
exhibit high levels of agreeableness and neuroticism. Ahmad and Maochun (2019) showed that highly
developed agreeableness trait highly developed, would make individuals prefer prudent financial
behaviors, avoiding high financial risks to maintain harmonious relationships and avoid conflicts. This
tendency to seek security and stability would be reinforced by stressful events such as crises (Ahmad
& Maochun, 2019).

De Bortoli et al. (2019) added that individuals with high scores of neuroticism would prefer less risky
investments (Oehler et al., 2018) due to their tendency to avoid stressful and uncertain situations.
Additionally, these risk averse individuals (Oehler & Wedlich, 2018) would exhibit biased behaviors
that soften their risk aversion when it comes to losses (De Bortoli et al., 2019).

1.2.2.4 Influence of personality traits on risk profiles hypothesis

Based on the aforementioned research that showed the effect of the Big Five personality traits on
individuals risk perception, one could believe that highly developed extraversion trait is associated with
high risk takers, highly developed openness and conscientiousness is with moderate willingness to take
risk and high levels of agreeableness and neuroticism with low and risk free seekers.
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Hypothesis 2 (H2): Elderly personality traits significantly influence their investment risk profiles. In
particular, among our sample:

= H2a: Elderly with high level of extraversion have significantly high risky investment profiles.

= H2b: Elderly with high level of openness have significantly moderate risky investment profiles.
= H2c: Elderly with high level of conscientiousness have significantly moderate risky investment
profiles.

= H2d: Elderly with high level of agreeableness have significantly low risky investment profiles.

= H2e: Elderly with high level of neuroticism have significantly risk free investment profiles.

1.2.3 Crises shocks and risk propensity

Crises, either economic, health related or financial, would significantly impact individual behaviors,
particularly in terms of risk perception and decision-making. Indeed, Cori et al. (2020) and Li et al.
(2020) analyzed how risk perception evolved during the Covid-19 pandemic and how it influenced
individual behaviors. They demonstrated that the uncertainty and severity of the infection would
strongly influence negative emotions such as fear and anxiety, having an effect on daily decisions and
creating more vulnerability among individuals (Millroth & Frey, 2021), resulting in a drop of risk
tolerance (Heo et al., 2021).

This fear, and hence the perception of risk that each person has, would be influenced by factors other
than rationality (Manzoor et al., 2023). These factors, such as knowledge, direct perception of the
threat or even confidence in a remedy or government actions (Zivi et al., 2023), would either have
increased or decreased fear (Cori et al., 2020). Individuals showing higher levels of anxiety or a negative
opinion towards government measures would have a lower risk profile. During a health crisis,
individuals would have a general tendency to reduce their willingness to take risks in a wide range of
situations, including in investment decisions (Dita et al., 2023). This reduction would be attributable to
the increased sense of risks and uncertainty about the economic future (Zivi et al., 2023).

In addition, the effects of crises on mental health seemed to be important and were addressed by
Dettmann et al. (2022) who highlighted also the increase in anxiety and depression levels during the
Covid-19 pandemic. These mental disorders directly would have affected risk perception and decision-
making behaviors. Lockdowns experienced by persons would have had a strong impact on depression
and it was observed that this social isolation would have increased uncertainty and exacerbated
mental health problems (Probst et al., 2020).

Regarding financial decision-making, Dita et al. (2023) investigated how Covid-19 pandemic would
have altered investment behaviors. They noted that increased uncertainty would have led to greater
risk aversion among many investors, thus confirming the tendency towards a more risk averse
perception. The study also highlighted biased behaviors that investors would have exhibited during
periods of uncertainty, such as loss aversion (Kahneman & Tversky, 1979). This bias was assessed being
predominant during the pandemic leading investors to avoid risky investments even if it had meant
forgoing potential returns (Dita et al., 2023).
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Regarding the socio-economic impacts of the Covid-19 on household financial behaviors, Martin et al.
(2020) conducted a study revealing that loss of income and economic uncertainty would have led many
households to reduce their spending and increase their savings as a precautionary measure. This trend
was attributed to several key factors. Firstly, uncertainty about the duration and severity of the
pandemic would have driven households to adopt a more conservative approach toward financial
management, prioritizing short-term financial stability during the crisis (Vu et al., 2021). Secondly,
concerns about job stability and future economic prospects would have encouraged households to
increase their precautionary savings to prepare for unforeseen contingencies (Martin et al., 2020).

1.2.3.1 Influence of Covid-19 shock on risk profiles hypothesis

Based on the above mentioned studies on the influence of a global crisis on investors' risk profiles, one
could believe that the impact of Covid-19 pandemic made investors more risk averse, thereby changing
their risk tolerance profiles.

Hypothesis 3 (H3): Covid-19 pandemic shock pushed significantly elderly to change their investment
risk profiles.

1.2.4 Individuals’ personal characteristics and risk propensity

The fact that many factors would influence investors' risk profiles has become a common given, be
their decision-making in daily activities, personality traits or external factors such as a global crisis.
Sociodemographic and health personal characteristics would also be elements potentially shaping a
risk profile.

1.2.4.1 Age and risk propensity

Research showed that older investors would be less inclined to take financial risks. Brooks et al. (2018)
and Saivas and Lokhande (2022) demonstrated that this increased risk aversion in elderly would be
due to a shorter investment horizon, an increased need for financial security (Malik & Sharma, 2024)
and would likely reduce cognitive abilities (Brooks et al., 2018).

1.2.4.2 Gender and risk propensity

In addition to the influence of age, the gender would also imply significant differences in risk
perception and tolerance. Alsharawy et al. (2021), Barasinska et al. (2009) and Thanki (2015), among
others, showed that women would tend to have higher risk aversion and greater fear during financial
crises, while men would tend to have a higher appetite for risk. Desmoulins-Lebeault et al. (2022)
justified this biologically by studying the influence of hormones such as testosterone, present at higher
levels in men, on risk taking. They stated that this hormone would have a direct relationship with risk
seeking behavior, pushing men with more testosterone to seek more risk than women with less of this
hormone. They noted that women with high cortisol levels, a hormone related to stress (Katsu & Baker,
2021), would also be inclined to seek risk (Desmoulins-Lebeault et al., 2022).
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1.2.4.3 Relationship status and risk propensity

This gender dynamic would also be reflected in the risk taking stance of individuals with stability in
their personal relationships. Abdellaoui et al. (2013) showed that women in couples would tend to be
more conservative in their investment choices due to the need for consensus and risk sharing
dynamics. Thanki (2015) confirmed this trend of risk aversion for married individuals compared to
single ones, as partnering with someone would entail responsibilities that could reduce risk tolerance
in investments (Thanki, 2015).

1.2.4.4  Education and risk propensity

Education would also play a crucial role in risk tolerance. Hastings and Mitchell (2020), Muhammad
Khurram Shehzad and Qaisar Ali (2019) and Outreville (2015), among others, noted that individuals
with higher education levels and better financial literacy, i.e. understanding and knowledge of the
global and fundamental principles of finance (Hastings & Mitchell, 2020), would be less risk averse
(Outreville, 2015). This could result in a more well diversified portfolio (Muhammad Khurram Shehzad
& Qaisar Ali, 2019) and more effective financial decisions (Fong et al., 2021).

1.2.4.5 Employment status and risk propensity

Lippi et al. (2022) added that employment status would also influence risk tolerance. Individuals with
stable employment would be more inclined to take financial risks compared to those with precarious
or no employment status. This observation seemed to be in line with the idea that perceived security,
be it financial or employment-related, would play a role in the willingness to take risks (Lippi et al.,
2022).

1.2.4.6  Health status and risk propensity

Addoum et al. (2017), found that better perceived health status and increased social activity would as
well be factors that increase the likelihood of holding risky assets. Households with better perceived
health would be more inclined to take financial risks (Vu et al., 2021).

1.2.4.7 Influence of sociodemographic and health characteristics on risk profiles hypothesis

Based on the above mentioned studies on the influence of a personal characteristics (i.e.
sociodemographic and health) on investors' risk profiles, one could believe that:

Hypothesis 4 (H4): Sociodemographic and health personal characteristics significantly influence
financial investments risk profiles of the elderly in Europe. In particular, among our sample:

= Hd4a: Over seventy, individuals have significantly less risky profiles.

[]
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4b: Men have significantly riskier profiles and women less risky profiles.

[ ]
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> Individuals in couples have significantly less risky profiles.

[ ]
I
IS
o

> Individuals with the highest education levels have significantly riskier profiles.
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: Employed or self-employed individuals have significantly riskier profiles.
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= HA4f: Individuals with a good health status have significantly riskier profiles.
1.3 Identified Gaps in Existing Literature

The field of traditional and behavioral finance extensively studied factors influencing investment
decisions and risk profiles of investors. However, we identified several gaps in understanding how the
elderly consumption patterns, personality traits and the impact of the Covid-19 pandemic shock
influenced their investment risk profiles across Europe.

Firstly, although previous studies documented general consumption patterns and associated risk
behaviors, there was a substantial lack of research directly linking these consumption patterns to
investment risk profiles of the elderly. So far, existing studies have tended to focus on individuals and
their behaviors in other situation than financial decisions, leaving a gap on how the elderly
consumption behaviors impacted their financial decisions.

Secondly, while personality traits were studied concerning risk behaviors, there was also a notable gap
in research focusing on how these traits specifically impacted the investment decisions of the elderly.
Existing studies have tended to generalize the influence of personality on financial behavior without
digging into how these traits interacted with age-related factors shaping risk profiles of the elderly.

Finaly, crises such as the Covid-19 pandemic also introduced new dynamics in risk perception and
investment behavior, but there was little research on how this health crisis altered the investment risk
profiles of the elderly.

1.4 Contribution to the Research Field

Our study aims at filling the previous identified gaps in the literature by providing a comprehensive
analysis of how elderly consumption patterns, personality traits and the Covid-19 pandemic shock
influenced their investment risk profiles across Europe.

By exploring the interaction between risky and healthy consumption behaviors of the elderly and their
corresponding investment decisions, our study investigates whether regular consumption of alcohol
or tobacco among the elderly have been consistent with a greater risk tolerance to invest in riskier
assets, whereas healthy consumption habits have been consistent with a greater risk aversion
regarding the same risky assets.

By focusing on personality traits as measured by the Big Five model, our study outlines how these traits
would have specifically affected the investment risk profiles of the elderly, shaping their strategies.

By analyzing changes during and after the Covid-19 pandemic, our study provides insights into
behavioral adjustments induced by global crises. Principally, how the Covid-19 pandemic reshaped the

risk tolerance and investment behaviors of the elderly.

Our study therefore contributes to the field of behavioral finance and risk management by providing a
deeper understanding of factors influencing investment risk profiles of the elderly.
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2 DATA AND VARIABLES

2.1 Database

Addressing the study objectives required the recourse to a robust and comprehensive data source
across Europe. Using secondary data on a larger scale was deemed more appropriate to obtain a
sufficiently large sample of respondents, the reason why the external SHARE database was exploited
throughout the study process.

SHARE is a comprehensive database that compiles responses from over 140,000 individuals aged 50
and above. The database contains data from all member states of the European Union, providing a
meaningful overview of varied national situations (Survey of Health, Ageing and Retirement in Europe,
n.d.).

Detailed information on various aspects of people's lives, including health, social, economic and
environmental factors, is collected by SHARE during multiple periods of time, known as waves. Those
waves extend over more than two decades and, therefore, provide a valuable longitudinal perspective
allowing for the analysis of trends and developments over time. This database is widely recognized as
a valuable resource in research as it has already grounded more than 3,000 scientific publications
(Survey of Health, Ageing and Retirement in Europe, n.d.).

2.2 Data

The objective of our study is to explore the relationship between individuals' risk profiles, by examining
their portfolio allocation, their consumption behavior and their personality traits during two periods
of time, pre- and post-Covid-19 pandemic. The data used for this purpose were obtained from the
guestionnaires available in SHARE, as explained above.

The initial step involved sorting and cleaning the data to create a dedicated sample. One of the
challenges encountered from the outset was dealing with many missing values. The period under this
study was marked by significant disruptions in the collection of data as a results of Covid-19 pandemic
worldwide lockdowns (Probst et al., 2020). Fortunately, SHARE provides files for each study period that
were already imputed using complex methods for estimating missing values. Whenever possible, data
were sourced directly from these imputed documents. This is the case for data used to create variables
such as the healthy consumption, personality traits and various demographic variables. The process to
create them is explained in detail in the next section “Variables”.

To represent the time horizon corresponding to the impact of Covid-19 pandemic, our sample was
organized by retaining individuals who responded from 2019 onwards, thus focusing on the most
recent waves of data available. There were nine waves in total, with the first dating back from 2004.
For the purposes of this study, the pre- and post-Covid-19 pandemic periods were chosen to evaluate
its impact using panel data. This corresponds to waves eight and nine, covering the years 2019 to early
2020 and year 2022, respectively. With this constraint, our sample was composed of 3,933 individuals
who responded in both periods which made 7,866 observations over time.

2.3 Variables

For our study, we decided to create dummy and categorical variables. Also, since this study is based
on a temporal shock, we applied a longitudinal approach, which means studying the same individuals
over time. Each variable is listed and defined synoptically in Table 1 (see Appendix A).
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To illustrate the dependent and independents variables, raw and imputed data from SHARE were
converted into key variables to be tested in our models: risk profiles in investment decisions, risky
consumption and healthy consumption behavior and personality traits to study the relation and the
consistency of risk profiles of individuals over time.

2.3.1 Target variable: investment risk profiles

The dependent or target variable in our models, referred to as risk profiles, was obtained based on the
portfolio distribution into six distinct categories of financial assets. Assets were categorized according
to the level of risk they entailed for the individuals (Delen Private Bank, 2020).

= Very risky assets: This category comprises the allocation in stocks, considered having the
highest level of risk due to the volatility and potential for high returns or significant losses
associated with stock investments.

= Diversified risky assets: This category comprises the allocation in mutual funds with a fully or
a majority of stocks picking. Mutual funds in stocks generally carry a moderate level of risk
compared to direct stock investments.

= Diversified assets: This category comprises the allocation in mutual funds with an equality of
stocks and bonds picking. Mutual funds with a balanced composition generally carry a
moderate level of risk.

= Diversified less risky assets: This category comprises the allocation in mutual funds with a fully,
or a majority of, bonds picking. Mutual funds in bonds generally carry a moderately higher
level of risk compared to direct bonds investments which usually give a certain return at the
end of the time horizon.

= Less risky assets: This category comprises the allocation in bonds, typically viewed as less risky
than stocks and mutual funds because they offer fixed interest payments and the refund of
principal upon maturity.

= Risk free assets: This category comprises money held on bank and savings accounts.

After this first classification and the calculation of proportions to determine the global portfolio
allocation of each individual, the primary category within each portfolio was identified. This could be
achieved straightforwardly, as there was systematically one of these six categories being predominant
for each individual. The SHARE database, as its name indicates, focuses mainly on health and
demographic data of the population. Consequently, our sample was predominantly composed of
individuals who, due to health factors, demographic constraints, a lack of necessary knowledge or
other factors not developed in our study, were unable to engage in complex investment strategies.
Thus, for the sake of simplicity, we only considered the asset with the largest share in the portfolio to
define the risk profile. This approach eased the analysis while still ensuring clarity for the categorization
of risk profiles.
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Risk profiles were split into the following six sub-profiles according to the same level of risk they
entailed for the individuals, as previous seen for assets categorization (Delen Private Bank, 2020):

= The portfolio of the risk seeker is primarily composed of stock investments, entailing the most
aggressive and high risk strategy, therefore focusing mainly on very risky assets, stocks. Those
individuals are willing to accept significant volatility and potential losses in exchange for the
possibility of substantial gains. The risk seeker’s portfolio reflects a strong appetite for risk,
prioritizing potential capital appreciation over stability and income.

= The risk diversifier invests primarily in mutual funds, known for providing a significant level of
diversification, especially for retail investors who generally lack the means to invest directly in
a sufficiently diversified package of stocks and bonds.

This profile is further divided into three distinct categories to capture the varying levels of risk
taken by the individuals when they invest in mutual funds:

o The diversifier - dynamic primarily invests in mutual funds that focus on the stock
market, in diversified risky assets. This allows for diversification across the stocks
market, reducing the risk associated with individual stock investments.

o The diversifier - perfect invests in mutual funds with an equal split between stocks and
bonds. This balanced approach aims at achieving a perfect balance between risk and
return, leveraging the higher potential income of stocks while mitigating risk through
the stability of bonds.

o The diversifier - defensive invests in mutual funds that focus mainly on the bonds
market, in the diversified less risky assets. It seeks to minimize risk and get higher
income by spreading investments across a range of bonds, benefiting from the relative
safety and steady income provided by bond investments while still maintaining some
level of diversification within its portfolio.

= The defensive primarily invests in individual bonds, less risky assets, prioritizing stability and
consistent returns over high risk, high reward opportunities.

= The risk averse does not invest in risky assets, ensuring the stability and security of its financial
resources. As previously mentioned, not investing is not solely a matter of choice due to high-
risk aversion, it can also be a necessity due to factors other than the unwillingness to invest.
For the sake of simplicity and completeness of our models, it was considered that risk averse
individuals are risk averse by choice not to invest in risky assets, exclusively as a result of risk
aversion (i.e. any other external reasons affecting this choice were excluded).

When observing the variations in risk profiles pre- and post-Covid-19 pandemic in the following Table
2 showing their respective distribution within the sample, we note some variations. These latter
suggest adjustments in investment behaviors that could have been influenced by external factors. This
prompted us to explore further the potential causes of these changes to better understand their
underlying dynamics.
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Table 2: Risk profiles over Covid-19 pandemic

(1) 2019-2020 period: (2) 2022 period: (3) Variation from Wave 8
PRE Covid-19 (Wave 8) POST Covid-19 (Wave 9) to 9
[(Wave9 — Wave8)/Wave8|

Risk profiles categorial Freq. Percent Freq. Percent A Risk profiles
Risk seeker 293 7.45% 292 7.42% -0.003
Risk diversifier - dynamic 151 3.84% 167 4.25% + 0.106
Risk diversifier - perfectly 362 9.20% 336 8.54% -0.072
Risk diversifier - defensive 67 1.70% 58 1.47% -0.134
Defensive 50 1.27% 48 1.22% - 0.040
Risk averse 3,010 76.54% 3,032 77.09% + 0.007
Total 3,933 100.00% 3,933 100.00%

Note: Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in
Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

2.3.2 Independent variables: consumption patterns

This study also tries to understand the relationship that could exist between individuals’ consumption
patterns and their profile in investment decisions. In this context, consumption patterns were
represented through two types of consumption: the risky consumption and the healthy consumption,
the first one being based on the consumption of alcohol and tobacco (through different types of
smoking) and the second on the consumption of healthy food and physical activities habits.

2.3.2.1 Risky consumption

To analyze individuals’ daily risky consumption habits, data describing drinking habits in the SHARE
database were selected. First, a dummy indicating whether individuals have consumed alcohol in the
last seven days, enabled the distinction between regular and occasional drinkers. Then, a quantitative
variable measuring the total number of alcoholic drinks consumed by individuals in the last seven days
allowed the identification of risky drinking levels, classifying individuals according to their risk
associated with alcohol consumption. In short, individuals were first sorted based on whether they
consumed alcohol or not and this consumption was then quantified to incorporate risk thresholds in
their alcohol consumption.

Using thresholds defined by previous studies (Paille et al., 2015), individuals that showed an emerging
or a confirmed problematic alcohol consumption were considered in our study as risky drinkers.
Emerging problematic drinking was defined as nine to fourteen drinks per week for women and
fourteen to twenty-one drinks per week for men, while confirmed problematic drinking was defined
as being over these two thresholds.

Another dummy alcohol risk was created to represent this risk associated with alcohol consumption.
Individuals with a consumption below the previous thresholds were assigned the value zero, indicating
they did not show an emerging or confirmed problematic consumption of alcohol, while those above
these thresholds were assigned the value one (Paille et al., 2015).
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To further enhance the risk profile regarding daily risky consumption habits, a dummy smokers
representing the smoking status was included. This latter indicated tobacco consumption among
participants, giving the value zero when an individual did not smoke and the value one, when its
smoked. Quantifying the number of cigarettes or other forms of smoking was deemed unnecessary as
literature indicated that even light or intermittent smoking would already present significant health
risks (Underner & Peiffer, 2010).

After having created the two previous dummies, the final independent dummy risky consumption was
added. The value one was assigned to this dummy for indicating risky consumption if the individual
either smoked or drank. No specific risk quantification was established for consumption because the
goal was to identify whether an individual exhibited any risky consumption behavior. Therefore, even
if an individual only smoked or only drank, it was considered a risky consumption, equivalent to
engaging in both behaviors in parallel.

Looking at the below Table 3, we observe that the share of individuals engaging in risky consumption
behaviors slightly decreased from one period to another. This prompted us to explore further the
potential causes of these changes to better understand their underlying dynamics.

Table 3: Risky consumption over Covid-19 pandemic

(1) 2019-2020 period: (2) 2022 period: (3) Variation from Wave 8
PRE Covid-19 POST Covid-19 to 9
(Wave 8) (Wave 9) [(Wave9 — Wave8)/Wave8]
Risky consumption dummy Freq. Percent Freq. Percent A Risky consumption
0 3,277 83.32% 3,319 84.39% +0.013
1 656 16.68% 614 15.61% -0.064
Total 3,933 100.00% 3,933 100.00%

Note: Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in
Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

2.3.2.2 Healthy consumption

We created the dummy healthy consumption representing another aspect of individuals consumption
patterns, the daily healthy consumption. This dummy indicated whether individuals engaged in regular
physical activities of any kind, including basic sports as well as whether they moved frequently during
the day for housework or physical work. Moreover, their good eating habits, such as consumption of
fruits, vegetables, dairy products and meat, were also considered. This dummy took the value one if
the individual did sport and ate good products mentioned above. It took the value zero if at least one
of these habits was not followed on a regular basis.

Healthy consumption was developed independently and not assumed to be the oppositive of the risky
consumption, as an individual may not have engaged in risky behaviors like smoking or drinking but
may have still not maintained a healthy lifestyle.

Based on the data included in the following Table 4, we observe that the share of individuals having
engaged in healthy consumption behaviors increased from one period to another. This prompted us
to explore further the potential causes of these changes to better understand their underlying
dynamics.
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Table 4: Healthy consumption over Covid-19 pandemic

(1) 2019-2020 period: (2) 2022 period: (3) Variation from Wave 8
PRE Covid-19 POST Covid-19 to 9
(Wave 8) (Wave 9) [(Wave9 — Wave8)/WaveS]
Healthy consumption dummy Freq. Percent Freq. Percent A Healthy consumption
0 3,358 85.38% 3,195 81.24% -0.049
1 575 14.62% 738 18.76% +0.283
Total 3,933 100.00% 3,933 100.00%

Note: Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in
Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

The combined variations appearing in Table 3 and Table 4 above suggested shifts in consumption
patterns that may have been influenced by factors other than the simple passage of time, prompting
further investigation. Together with these healthy and risky consumption classifications, the risk
appetite or aversion could be analyzed for determining whether the same individuals were consistent
while adopting a healthy diet, potentially indicating risk aversion or neglecting their health (i.e.
engaged in excessive drinking and/or smoked) suggesting a tendency to take risks.

In the Table 5 below, cross tabulating the two types of consumption, we can already observe that some
individuals exhibited irrational behavior due to inconsistencies in their consumption patterns. For
instance, 5,469 observations were neither risky nor healthy over the two periods. Additionally, there
were 186 observations where individuals were both risky and healthy simultaneously. This indicates,
as seen in previous section “Literature Review and Study Scoping”, that individuals did not always make
rational decisions. It was therefore interesting to examine whether both type of consumptions
influenced their investment decision profiles.

Table 5: Cross-tabulation of risky consumption and healthy consumption dummies

Healthy consumption dummy
Risky consumption dummy 0 1 Total
0 5,469 1,127 6,596
1 1,084 186 1,270
Total 6,553 1,313 7,866

Note: Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in
Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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2.3.3 Independent variables: personality traits

The personality of individuals was represented through their self-reported level of each of the Big Five
Model traits. In the SHARE raw questionnaire, to evaluate each trait, their level was assessed as
follows:

= Extraversion based on self-perception as not being a reserved person and as someone
outgoing and sociable.

= Openness based on self-perception as someone who has artistic interests and has an active
imagination.

= Conscientiousness based on self-perception as someone who does not tend to be lazy and does
a thorough job.

= Agreeableness based on self-perception as someone generally trusting and not finding fault
with others.

= Neuroticism based on self-perception as someone who is not much relaxed, does not handle
stress well and gets nervous easily.

In the imputed file on SHARE, we accessed variables that were created based on their answers to the
previous different questions and that represented the assessment of individuals’ level of each trait on
a scale ranging from one to five. The levels were defined as follows: one, “Not at all”; two, “Not that
much”; three, “Neutral”; four, “Little”; five, “High”.

Using these responses, five dummies were created for each personality trait. A trait took the value one
when the score was greater than or equal to four (i.e., “High” or “Little” in SHARE first categorization),
for extraversion, agreeableness, conscientiousness and openness and less than or equal to two for
neuroticism (i.e. “Not at all” or “Not that much” in SHARE first categorization), as this trait captures
emotional stability and positive emotions (Soto, 2015). The value zero was assigned to each trait in all
other cases.

For the scope of our study, we chose to examine the risk reactions of each personality trait
independently to simplify the analysis and ensure clarity. This approach avoids the complexity of
interactions between traits, making it easier to identify the specific influence of each of them on risk
investment profiles.

According to the below Table 6, the analysis of personality traits pre- and post-Covid-19 shows minimal
changes among individuals, with agreeableness being the most adopted traits among our sample.
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Table 6: Personality description over Covid-19 pandemic

Extraversion dummy

Openness dummy

Conscientiousness dummy

(1) 2019-2020 (2) 2022 (3) Variation (1) 2019-2020 (2) 2022 (3) Variation (1) 2019-2020 (2) 2022 (3) Variation
period: period: from Wave 8 to period: period: from Wave 8 to period: period: from Wave 8 to
9 9 9
PRE Covid-19 POST Covid-19 PRE Covid-19 POST Covid-19 PRE Covid-19 POST Covid-19
[(Wave9 — [(Wave9 — [(Wave9 —
v v, v v e AV
(Wave 8) (Wave 9) Waves)/Waves] (Wave 8) (Wave 9) Waves)/Waves] (Wave 8) (Wave 9) Waves)/Waves]
Freq. Percent Freq. Percent A Extraversion Freq. Percent Freq. Percent A Openness Freq. Percent Freq. Percent A Consc.
0 2,364 60.11% 2,370 60.26% 0.003 2,706 68.80% 2,704 68.75% -0.001 1,073 27.28% 1,063 27.03% ~0.009
1 1,569 39.89% 1,563 39.74% -0.00 1,227 31.20% 1,229 31.25% 0.002 2,860 72.72% 2,870 72.97% (
0.004 0.003
Total | 3,933  100.00% 3,933  100.00% 3,933 100.00% 3,933  100.00% 3,933 100.00% 3,933  100.00%
Agreeableness dummy Neuroticism dummy
(1) 2019-2020 (2) 2022 (3) Variation from (1) 2019-2020 (2) 2022 (3) Variation from
period: period: Wave 8 to petiod: petiod: Wave 810
9 9
PRE Covid-19 POST Covid-19 PRE Covid-19 POST Covid-19
[(Wave9 — [(Waved —
X av Tave O U av -
(Wave 8) (Wave 9) Wave8)/Waves] (Wave 8) (Wave 9) Waves)/Waves)]
Freq. Percent Freq. Percent A Agreeableness Freq. Percent Freq. Percent A Neuroticism
0 1,833 46.61% 1,825 46.40% -0.004 2,288 58.17% 2,292 58.28% 0.002
1 2,100 53.39% 2,108 53.60% 0.004 1,645 41.83% 1,641 41.72% -0.002
Total 3,933 100.00% 3,933 100.00% 3,933 100.00% 3,933 100.00%

Note: Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in
Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

2.3.4 Independent variable: Covid-19 pandemic shock

To represent the Covid-19 pandemic shock and clearly distinguish between the pre- and post-periods
across the two waves, a dummy variable post-Covid was created. This variable took the value zero for
the pre-Covid-19 period and the value one for the post-Covid-19 period.

2.3.5 Control variables: personal sociodemographic characteristics

In exploring how the elderly consumption patterns, personality traits and the Covid-19 pandemic
influenced investment decisions across Europe, it was essential to control the personal
sociodemographic characteristics of our sample.

2.3.5.1 Country

The first variable is the country which specifies from where the participants originated. Our sample

included individuals from eleven European countries and we therefore decided to regroup them into
four geographical regions.
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In Table 7 (see Appendix A), we can observe the sample distribution across these four regions. The
Northern European group (NC) (country categorial variable took value one), consisting of Sweden and
Denmark accounted for 21.6%. The Central European group (CC) (country categorial variable took value
two), including Austria, Germany, France, Switzerland and Belgium constituted the largest segment
representing 42.3% of the sample. Eastern Europe (EC) (country categorial variable took value three),
composed solely of Poland accounted for 6.3% while Southern Europe (SC) (country categorial variable
took value four), including Spain, Italy and Greece made up 29.8% of the sample in each period.

2.3.5.2 Age

Age is another variable chosen for representing the age distribution within the sample. Initially, age
data was collected as a continuous variable measured in years within SHARE. For the purpose of our
study, we converted it into a categorical variable to facilitate analysis, which took the value one for
“Under 60”, two for “Between 60 and 69” and three for “Over 70”.

This categorial age distribution, also represented in Table 7 (see Appendix A), revealed that the
majority of the sample consisted in individuals aged over 70 with an increase from a period to another
in all geographical regions.

As multicollinearity was created with this categorization (see next section “Methodology”), we added
a dummy which took the value one for individuals over 70 and the value zero under this age. The initial
age categorization was only applied for the basic sample description of Table 7 (see Appendix A) to
illustrate the overall trend, whereas the added dummy was used in all other analysis of our study.

2.3.5.3 Gender

Another critical piece of information about the population is the gender dummy which took the value
one for female and zero for male. Table 7 (see Appendix A) shows a slight male dominance in both
periods and across regions.

2.3.5.4  Relationship status

The dummy relationship status indicates whether individuals were in a couple relationship status orin
single one. It took the value one for couple situation and zero for single situation. Table 7 (see Appendix
A) indicates that the majority of the sample were in couple in both periods and across all regions, with
a slight decrease from a period to the other.

2.3.5.5 Educational level

The education level variable indicates the highest level of education reached by the individuals. Initially,
this variable was an imputed variable indicating the number of years of schooling completed. For our
study, the data was categorized into three distinct levels of education. This categorization was based
on the International Standard Classification of Education (hereafter referred to as “ISCED”) by SHARE.
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The variable took the value one for “Low”, two for “Medium” and three for “High” educational level.
These levels are described as follows (United Nations Educational, Scientific and Cultural Organization,
2006):

= Low educational level corresponds to pre-primary education (Level O of ISCED 1997), primary
education or first stage of basic education (Level 1 of ISCED 1997) and lower secondary or
second stage of basic education (Level 2 of ISCED 1997).

=  Medium educational level includes upper secondary education (Level 3 of ISCED 1997) and
post-secondary non-tertiary education (Level 4 of ISCED 1997).

= High educational level encompasses the first stage of tertiary education (Level 5 of ISCED 1997)
and the second stage of tertiary education (Level 6 of ISCED 1997).

The education level distribution shows different tendencies across regions, as observed in Table 7 (see
Appendix A). We note that Northern regions were mostly composed of high educated individuals while
Southern countries mostly had lower educated individuals. The two other regions were composed of
medium educated individuals. These tendencies remained unchanged from a region to another in post-
Covid-19 period.

2.3.5.6  Employment status

Lastly, the employment status indicates the job situation of the participants and took the value one for
“Retirement”, two for “Employment or Self-employment”, three for “Unemployment”, four for
“Permanently Sick”, five for “Homemaker” and six for “Other”, also shown in Table 7 (see Appendix A).
The data reveals that retirement was the most prevalent status, with a noticeable increase from one
period to another in line with the evolution of the average age of our sample.

2.3.6 Control variables: personal health characteristics

When controlling the effects of the previous personal sociodemographic variables, we also considered
worthwhile incorporating an analysis of the personal health characteristics of our sample.

2.3.6.1 Number of chronic diseases

The first health characteristic is the number of chronic diseases variable. This variable records the
number of chronic diseases individuals had experienced at the time of the interview. It took the value
one for “None”, two for “One to two” and three for “Three or more” chronic diseases.

In Table 8 (available in Appendix A), we see a general tendency of individuals suffering from one or
two chronic diseases for Northern, Central and Southern regions and three or more for Eastern
countries. We can also observe that this situation remained similar from one period the another with
a shift from one or two diseases to three or more.
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2.3.6.2 Body mass index

The Body Mass Index (hereafter referred to as “BMI”) variable is another important health indicator
included in our study. BMI was calculated by SHARE in the imputed file directly based on the height
and weight of individuals. This variable took the value of one if an individual was “Underweight”, two
with a “Normal” corpulence, three if “Overweight” and four if in “Obesity” state (Lebiedowska et al.,
2021).

As reported in Table 8 (see Appendix A), normal weight individuals were most common in Northern
and Central Europe while overweight individuals were most prevalent in Southern and Eastern regions.
This distribution remained the same from a period to the other.

As for the age dummy explained previously, multicollinearity was also created with this first BMI
categorization (see section “Methodology”). We added another dummy which took the value one if
individuals were in an alarming weight situation (i.e. underweight, overweight or in obesity status) and
the value zero if they had a normal corpulence. The initial BMI categorization was only applied for the
basic sample description of Table 8 (see Appendix A) to illustrate the overall trend, whereas the added
dummy was used in all other analysis of our study.

2.3.6.3 Self-perceived health status

Lastly, the Self-Perceived Health Status variable captures individuals’ subjective assessment of their
health. This variable, directly categorized by SHARE, took the value one for “Excellent” health
perception, two for “Very Good”, three for “Good”, four for “Fair” and five for “Poor”. As Table 8
shows, a similar good health perception was noted across all regions and for both periods.

2.4 Summary Statistics

The tables below provides the descriptive profiles according to our independent variables, control
variables and the periods pre- (Table 9) and post- (Table 10) Covid-19 pandemic. Each variable is listed
and defined synoptically in Table 1 (see Appendix A). In these summary statistics tables, we applied
Chi-square tests of independence since all these variables are dummies and categorical (Jmp Statistical
Discovery, 2024). This test aimed at examining the potential dependencies that may have existed
between our risk profiles and explanatory variables independently.

The purpose of this section is to describe the potential association independently between each
categorical variable and the various investment profiles. We do not yet consider the complexity of
interactions that are addressed with our models in the subsequent sections.

2.4.1 Risk seeker investment profile

Individuals with a risk seeker profile would exhibit a high tolerance for risk and tend to engage in risky
behaviors. Our sample was composed of 293 risk seekers pre- and 292 post-Covid-19 pandemic, a
relatively stable profile.

Before the Covid-19 pandemic, their consumption patterns were not significantly different from other
profiles. However, after the pandemic, both risky and healthy consumption increased and became
significant at a low level of 10%. This suggest that the pandemic might have influenced a portion of
these individuals to adopt more risky consumption behaviors and/or healthier dietary habits,
prompting further analysis.
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Personality traits dummies such as extraversion and neuroticism were highly significant both pre- and
post-Covid-19. This indicates, as their means were higher or close to half, that risk seekers would be
typically sociable, energetic, assertive and emotionally unstable.

The profile also shows a significant dominance of females, with stable significative influences from
other sociodemographic and health characteristics.

2.4.2 Risk diversifier —dynamic investment profile

Risk diversifiers — dynamic individuals would be risk tolerant who tend to diversify their portfolio while
investing. As profile, they would usually show a medium high risk appetite. We observe a shift from
other profiles to this one after pandemic, as it grew from 151 to 167 individuals post-Covid-19 (an
increase of 10%). It is therefore suggested that the Covid-19 pandemic might have had a significant
positive impact on this profile.

This profile had non-significant risky consumption patterns before the pandemic and this trend
continued after, indicating that risky consumption did not significantly impact this profile. However,
healthy consumption, which was non-significant pre-pandemic, became significant and increased post-
pandemic, suggesting a notable shift towards healthier eating habits.

Examining personality traits dummies, extraversion was significant before the pandemic, however, this
latter lost its significance after the pandemic, suggesting that these characteristics became less
influential. Conversely, conscientiousness gained significance post-pandemic, highlighting an increased
importance of characteristics like organization, responsibility and diligence in managing risks
dynamically, with its mean closed to one. Neuroticism remained significant in both periods and even
increased, underscoring persistent emotional instability within this profile as its mean was above half.
These findings suggest that risk diversifiers - dynamic would be usually characterized by structure,
reliability and commitment as well as tendency for dominance of negative emotions.

This profile tended to be predominantly held by women. Demographic factors such as country of
origin, education level, job situation and health status consistently showed significant impacts,
highlighting stable influences on this profile, prompting further analysis.

2.4.3 Risk diversifier — perfectly investment profile

Risk diversifier — perfectly individuals would be those with a balanced diversification strategy in their
investment decisions, considered as medium risk in their investment risk profiles. We observe a
decrease of about 7% from one period to the other, moving from 362 to 336 individuals having this
strategy and profile.

Individuals with a risk diversifier - perfectly profile exhibited significant healthy consumption both
before and after the pandemic. However, the extent of their healthy eating habits decreased post-
pandemic. This indicates a consistent but slightly diminished emphasis on maintaining a healthy diet
over time.

Personality traits such as extraversion were significant before the pandemic, suggesting that
sociability, energy and assertiveness had a moderate influence on this profile. Indeed, the mean was
lower than half, which indicates that individuals with fewer of these traits were predominant. Post-
pandemic, extraversion remained significant but decreased, indicating that these traits were even less
pronounced among this profile. Neuroticism maintained its stability and significance in both periods.
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For this profile, the mean was also below half, indicating that the majority held low levels of
neuroticism, which meant having emotional stability.

Moreover, this profile was predominantly held by males and by individuals in a relationship before the
pandemic but shifted to being significantly dominated by females and over 70 individuals after the
pandemic. Other socioeconomic and health status remained stable and significant in both periods,
indicating that these factors too had influence on these profiles, prompting further analysis.

2.4.4 Risk diversifier — defensive investment profile

Risk diversifier - defensive profile would be composed of individuals choosing a relatively low risk
diversification strategy in their investment decisions, considered as medium low risk profile. We also
observe a shift from this profile to the others, from 67 to 58 individuals.

For them, consumption patterns did not show significant effects before or after the Covid-19
pandemic. This suggests that individuals within this profile did not exhibit distinct differences in their
risky or healthy consumption behaviors compared to other profiles, regardless of the pandemic's
impact.

In terms of personality, before the pandemic, extraversion and openness were significant. However,
their respective means were below half, indicating that individuals in this profile predominantly had
lower levels of these two traits. After the pandemic, these latter were no longer significant, suggesting
an end of their influence. Neuroticism, with a mean above half, was significant both before and after
the pandemic, although it slightly decreased post-in the second period. This suggests that emotional
instability remained an important trait for this diversified defensive profile, although slightly less
pronounced after the pandemic.

Demographically, this profile was predominantly held by males before the pandemic but shifted to a
predominance of females after the pandemic. Additionally, age became a significant factor post-
pandemic, with over 70 individuals being more prevalent in this profile. In both periods, country of
origin and education level remained stable and significant for risk Diversifier — defensive profile,
prompting further analysis.

2.4.5 Defensive investment profile

The defensive profile, being the one with the fewest individuals in our sample, 50 pre-Covid-19 to 48
post-Covid-19, would be individuals showing the less willingness to take risk in their investment
decisions. They were considered has having a low risk profile (while still investing).

Defensive profile showed a possible relationship with the trait of openness. This trait was very low
among defensive individuals and remained consistently so after the pandemic, with the tendency to

further decrease, prompting further analysis.

2.4.6 Risk averse investment profile
Risk averse profile was the biggest profiles, with 3,010 individuals pre- and 3,032 post-Covid-19

pandemic. In this category individuals would not invest for several reasons as explained in the previous
section “Target Variables”.
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The risk averse profiles demonstrated significant healthy consumption both before and after the
pandemic, with an increase observed in the second period. This suggests a stable but growing
preference for healthy eating.

In terms of personality, extraversion was low and significant in both periods, with an increase noted
post-pandemic and means below half, indicating that these individuals generally possessed lower
levels for such a cautious profile. Similarly, openness was significant in both periods, showing an
increase post-pandemic but still staying below half, indicating a general tendency towards lower
openness. Neuroticism remained also significantly low both before and after the pandemic, reflecting
persistent emotional stability.

Gender was consistently significant, initially male-dominated but shifted to a female dominance post-
pandemic. Moreover, before the pandemic, individuals in this profile tended to be single and this
tendency became non-significant after the pandemic. Other factors such as socioeconomic and health
status remained stable and significant in both periods, indicating enduring influences, prompting
further analysis.
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2.4.7 Tables of summary statistics

Table 9: Summary statistics for pre-Covid-19 pandemic period, wave 8

Wave 8 (2019-2020): Pre-Covid19 N= 3,933

Risk seeker RD - dynamic RD - perfectly
N =293 N =151 N =362

Mean (SD) p-value Mean (SD) p-value Mean (SD) p-value
Risky consumption 0.191 (0.394) 0.245 0.209 (0.410) 0.686 0.179 (0.384) 0.406
Healthy consumption 0.116 (0.321) 0.129 0.075 (0.265) 0.986 0.146 (0.354) 0.001#+*
Exctraversion 0.539 (0.499) 0.000##¢ 0.567 (0.499) 0.012%* 0.497 (0.502) 0.000#**
Openness 0.362 (0.481) 0.056 0.478 (0.496) 0.291 0.351 (0.478) 0.628
Conscientionsness 0.727 (0.445) 0.993 0.701 (0.461) 0.205 0.754 (0.431) 0.227
Agreeableness 0.543 (0.499) 0.756 0.569 (0.497) 0.371 0.569 (0.496) 0.160
Neuroticism 0.587 (0.493) 0.000%** 0.552 (0.501) 0.005%* 0.491 (0.501) 0.000%+*
Age 0.730 (0.445) 0.032%* 0.687 (0.467) 0.623 0.656 (0.479) 0.814
Gender 0.570 (0.495) 0.000%** 0.552 (0.501) 0.007#** 0.492 (0.501) 0.038**
Couple 0.610 (0.490) 0.519 0.507 (0.504) 0.809 0.622 (0.486) 0.003%*
Country 1.480 (0.653) 0.000%** 1.790 (0.862) 0.000%** 1.701 (0.781) 0.000#**
Education 2.190 (0.760) 0.000%** 2.210 (0.770) 0.000%** 2.320 (0.743) 0.002%*
Job situation 1.270 (0.921) 0.004** 1.240 (0.818) 0.000%** 1.210 (0.686) 0.219
Chronic diseases 2.050 (0.719) 0.002%* 2.060 (0.625) 0.645 2.080 (0.673) 0.014%*
BMI 0.590 (0.495) 0.181 0.540 (0.503) 0.293 0.560 (0.498) 0.000#**
Health status 2.740 (1.073) 0.000#** 2.790 (1.038) 0.007#** 2.770 (1.021) 0.135
Wave 8 (following)

RD - defensive Defensive Risk averse
N =67 N=50 N =3,010

Mean (SD) p-value Mean (SD) p-value Mean (SD) p-value
Risky consumption 0.182 (0.387) 0.350 0.160 (0.370) 0.897 0.161 (0.368) 0.085
Healthy consumption 0.086 (0.280) 0.094 0.120 (0.328) 0.598 0.158 (0.365) 0.000#+*
Extraversion 0.488 (0.501) 0.005%* 0.380 (0.490) 0.783 0.366 (0.482) 0.000#+*
Openness 0.323 (0.468) 0.003** 0.440 (0.501) 0.049* 0.298 (0.457) 0.001#**
Conscientionsness 0.727 (0.440) 0.634 0.760 (0.431) 0.600 0.726 (0.446) 0.812
Agreeableness 0.569 (0.4906) 0.351 0.540 (0.503) 0.931 0.528 (0.499) 0.195
Neunroticism 0.530 (0.501) 0.025%* 0.480 (0.505) 0.373 0.378 (0.485) 0.000%**
Age 0.679 (0.467) 0.825 0.720 (0.454) 0.485 0.668 0.471) 0.130
Gender 0.494 (0.502) 0.062* 0.500 (0.505) 0.391 0.411 (0.492) 0.000%**
Couple 0.561 (0.497) 0.809 0.580 (0.499) 0.444 0.646 (0.478) 0.001#**
Country 1.690 (0.721) 0.000%** 2.520 (1.2106) 0.638 2.680 (1.114) 0.000%**
Education 2.160 (0.764) 0.000%** 2.020 (0.742) 0.195 1.773 (0.766) 0.000#+*
Job situation 1.210 (0.7006) 0.219 1.340 (0.982) 0.702 1.620 (1.385) 0.000%+*
Chronic diseases 2.130 (0.696) 0.111 2.080 0.674) 0.320 2.210 (0.681) 0.000%**
BMI 0.560 (0.498) 0.142 0.560 (0.501) 0.351 0.640 (0.484) 0.000%**
Health status 2.740 (0.970) 0.663 2.980 (1.059) 0.135 3.200 (0.975) 0.000%**

Note: The p-values presented in this table were derived from Chi-square tests of independence conducted for each variable across different

risk profiles.

Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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Table 10: Summary statistics for post-Covid-19 pandemic period, wave 9

Wave 9 (2022): Post-Covid19 N= 3,933

Risk seeker RD- dynamic RD - perfectly
N =292 N =167 N =336
Mean (SD) p-value Mean (SD) p-value Mean (SD) p-value
Risky consumption 0.205 (0.405) 0.016* 0.121 (0.329) 0.523 0.174 (0.380) 0.475
Healthy consumption 0.137 (0.344) 0.021* 0.103 (0.307) 0.007** 0.108 (0.311) 0.000%**
Extraversion 0.486 (0.501) 0.001#** 0.500 (0.504) 0.217 0.443 (0.498) 0.000%**
Openness 0.342 (0.475) 0.251 0.414 (0.497) 0.515 0.335 0.474) 0.999
Conscientionsness 0.702 (0.458) 0.269 0.707 (0.459) 0.005%* 0.635 (0.483) 0.207
Agreeableness 0.599 (0.491) 0.024* 0.655 0.479) 0.384 0.569 (0.497) 0.561
Neuroticism 0.599 (0.491) 0.000%** 0.586 (0.497) 0.048* 0.491 (0.501) 0.007#**
Age 0.795 (0.405) 0.564 0.655 (0.479) 0.068 0.838 (0.369) 0.032*
Gender 0.575 (0.495) 0.000%** 0.621 (0.489) 0.005%* 0.545 (0.499) 0.007#**
Couple 0.586 (0.493) 0.401 0.586 (0.497) 0.386 0.641 (0.481) 0.143
Country 1.541 (0.724) 0.000%** 1.966 (1.008) 0.000%** 1.581 (0.714) 0.000%**
Education 2.243 (0.741) 0.000%** 2.293 (0.7206) 0.000%** 2.234 (0.744) 0.000%**
Job situation 1.178 (0.705) 0.000%** 1.155 (0.834) 0.037* 1.198 (0.7406) 0.000%**
Chronic diseases 2.127 (0.674) 0.037* 2.207 (0.585) 0.166 2.126 (0.678) 0.026*
BMI 0.572 (0.496) 0.166 0.534 (0.503) 0.151 0.557 (0.498) 0.047*
Health status 2.692 (0.999) 0.000%** 3.000 (0.838) 0.000%** 2.701 (1.009) 0.000%**
Wave 9 (following)
RD - defensive Defensive Risk averse
N =58 N=48 N=3,032
Mean (SD) p-value Mean (SD) p-value Mean (SD) p-value
Risky consumption 0.170 (0.376) 0.454 0.104 (0.309) 0.318 0.150 (0.358) 0.070
Healthy consumption 0.110 (0.314) 0.098 0.104 (0.309) 0.136 0.208 (0.406) 0.000%#**
Exctraversion 0.494 (0.501) 0.108 0.396 (0.494) 0.982 0.374 (0.484) 0.000%#**
Openness 0.313 (0.464) 0.094 0.479 (0.505) 0.012* 0.304 (0.460) 0.030*
Conscientionsness 0.759 (0.428) 0.693 0.792 (0.410) 0.331 0.734 (0.442) 0.286
Agreeableness 0.521 (0.500) 0.067 0.479 (0.505) 0.427 0.528 (0.499) 0.079
Nenroticism 0.506 (0.501) 0.009** 0.479 (0.505) 0.381 0.382 (0.486) 0.000%**
Age 0.827 (0.378) 0.019* 0.833 (0.377) 0.378 0.773 (0.419) 0.026*
Gender 0.524 (0.500) 0.005%* 0.458 (0.504) 0.798 0.408 (0.492) 0.000%**
Couple 0.571 (0.496) 0.724 0.542 (0.504) 0.338 0.615 (0.487) 0.152
Country 1.735 (0.756) 0.007** 2.271 (1.144) 0.261 2.667 (1.115) 0.000%**
Education 2.196 (0.767) 0.000%** 2.021 (0.758) 0.291 1.770 (0.766) 0.000%**
Job situation 1.161 (0.707) 0.242 1.313 (0.993) 0.812 1.543 (1.347) 0.000%**
Chronic diseases 2.125 (0.697) 0.108 2.083 (0.613) 0.112 2.247 (0.681) 0.000%**
BMI 0.560 (0.497) 0.235 0.583 (0.498) 0.703 0.624 (0.484) 0.007#**
Health status 2.735 (0.970) 0.318 2.938 (0.976) 0.305 3.213 (0.979) 0.000%**

Note: The p-values presented in this table are derived from chi-square tests of independence conducted for each variable across different risk
profiles.

Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

We can observe that there were relationships within each profile. However, no definitive conclusions
could be drawn from only these basic observations. After this initial understanding of the composition
of each profile, these relationships are analyzed in a more complex manner, considering the
interactions and multiple influencing factors, in the following section “Methodology”.
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3 METHODOLOGY

As a reminder, the purpose of this study is to investigate how the elderly consumption patterns,
personality traits and the Covid-19 pandemic shock influenced their investment risk profiles. These
complex relationships were examined using two statistical models to determine causality and
understand the factors influencing investment decisions among this particular population.

To explore the relationship between independent variables and investment risk profiles given the
longitudinal nature of the data, (1) a series of random-effects probit regression models and (2) a fixed-
effects multinomial logit regression models are conducted.

3.1 Treatment of Multicollinearity

Prior to the main analysis, the first step was to test whether our main variables were multicollinear.
Multicollinearity arises when variables in a regression model are strongly linked, resulting in incorrect
and unstable regression coefficient estimations. It was important to detect and address
multicollinearity upfront to ensure the validity of the models results (Anesthesiol, 2019).

3.1.1 Correlation analysis

We first generated the correlation matrix of the dependent and independent variables for both waves
eight (Table 11, see Appendix B) and nine (Table 12, see Appendix B), corresponding to pre- and post-
Covid-19 periods. Correlation analysis is a foundational step for understanding the relationships
between variables within a dataset as it provides insights into how variables moved together, which
could, in turn identify patterns and potential multicollinearity issues.

One of the most interesting observations from both correlation matrices is the absence of extremely
high or low correlation coefficients, with no value exceeding 0.8 or falling below -0.8. This absence
suggests that while there were relationships between variables, none were strong enough to indicate
direct dependence. This lack of extremely high correlations implies a lower risk of multicollinearity
(Anesthesiol, 2019).

Moreover, these correlation matrixes give a first insight on moderate correlations observed, which
suggested that each variable contributed independently to the investment risk profiles, without any
single variable dominating the influence. This allows for a more nuanced understanding of how various
factors collectively shaped investment behaviors and highlights the importance of a deeper empirical
research.

3.1.2 Variance inflation factor

Although the above correlation analysis suggested a low risk of multicollinearity, it was still essential
to conduct formal tests such as the Variance Inflation Factor (hereafter referred to “VIF”) to confirm
this result (Anesthesiol, 2019). In our initial analysis (Table 13, see Appendix B), the VIF test indicated
severe multicollinearity issues for the age and BMI variables when treated as categorical variables, i.e.
both VIF above 10 (Anesthesiol, 2019). To address this, we converted these variables into dummies
based on relevant thresholds (see section “Variables” or Table 1 in Appendix A).

After having considered the new dummies, the updated VIF test did not result anymore in
multicollinearity issues i.e. all VIFs were largely under 10 (Table 14, see Appendix B).
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3.2 Random-effects Probit Regression for Panel data

The initial phase of the main analysis employed a series of probit regressions for panel data to examine
the relationship between the dependent variable (investment risk profiles) and the independent
variables (consumption patterns, personality traits and other control variables). Each variable is listed
and defined synoptically in Table 1 (see Appendix A).

Incremental random-effects probit models were used to begin the analysis. The models started with
simpler version and we then incrementally added our variables in order to observe changes in the
coefficients. This stepwise approach helped understanding the individual and combined effects of the
variables on the dependent variable. The probit model was suitable for binary dependent variable and
could handle the panel structure of the data (Gibbons & Hedeker, 1994). Moreover, the use of a
random-effects model in this study allowed for capturing the complexity of panel data while
considering the non-observed effects specific of each individual (Stata.com, n.d.).

We created the four following models:

Model 1: Base model with sociodemographic and health characteristics to control:
P(Risk_Profiles;; = 1) = ¢(Bo + B1Xit + €ir)

= Model 2: Addition of consumption patterns:
P(Risk_Profiles;y = 1) = ¢(Bo + P1Xit + B2Cit + &it)

= Model 3: Inclusion of personality traits:

P(Risk_Profiles;y = 1) = ¢(Bo + B1Xic + B2Cit + P3Pir + &it)

* Model 4: To investigate the impact of the Covid-19 pandemic, we included terms of interaction
of post-Covid-19 dummy with our consumption and personality dummies:

P(Risk_Profiles;; = 1) = ¢p(By + B1Xit + B2Cit + B3Pt + B4(Cit X Post_Covid19;) +
(BsP; X Post_Covid19;) + &;it)

With,

P(Risk_Profiles;; = 1) being the probability that individual i at time t was in the corresponding risk
profile;

X;; being the vector of individuals’ personal characteristics (sociodemographic and health);

C;; being the vector of individuals’ consumption patterns (healthy and risky);

P;; being the vector of individuals’ personality traits (extraversion, openness, conscientiousness,
agreeableness and neuroticism);

Post_Covid19 being the dummy corresponding to post Covid-19 period (wave 9).
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3.3 Fixed-effects Multinomial Logit Regression for Panel data

To complement the analysis, we used a fixed-effects multinomial logit regression for panel data (Liu,
2016). This method allowed evaluating the impact of the Covid-19 pandemic on different risk profiles
by comparing changes in profiles within the same individuals before and after the pandemic.

The fixed-effects multinomial logit model was justified for the following reasons: it allowed for intra-
individual comparisons, which is crucial for observing behavioral changes within the same individuals
over different periods. Additionally, the multinomial approach was suitable for dependent categorical
variables with more than two categories, such as the various investment risk profiles when using the
categorial variables instead of six dummies (see Table 1, Appendix A for variables synoptic description)
(Liu, 2016). This allowed us checking whether Covid-19 pandemic caused a change in risk profiles.

The second model equation is specified as follows:

exp(ay + PostCovid19
Pr(Risk_Profiles, = 1) =1+ = P + Pu , )
u Yo exp(a; + By PostCovidl9,)

With,
Pr(Risk_Profilesl.t = l) being the probability that individual i at time t was in risk profile [;
k being the initial risk profile and [ the post-Covid-19 risk profile;

PostCovid19, being the dummy corresponding to post Covid-19 period (wave 9).
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4 RESULTS & DISCUSSION

The initial model, tested in an incremental approach, is a random-effects probit regression for panel
data analysis used to understand the relationship that potentially existed between consumption
patterns, personality traits, Covid-19 pandemic and each risk profile. The results are fully available in
Tables 15 to 20 (see Appendix C) while a summary of the significant coefficients for each profile is
available in the next section “Tables of random-effects probit regression (panel data) results” (Tables
21to 26).

All six tables of results follow the same methodology, based on four increments where the basic model
(Model 1) includes the relationships with the sociodemographic and health personal control variables.
The second model (Model 2) adds the two consumption pattern variables, the third one (Model 3) the
five personality traits and finally the fourth one (Model 4) includes the interactions of the latter
independent variables with the post-Covid-19 pandemic period.

The second model, the fixed-effect multinomial logit regression for panel data, is used to understand

the Covid-19 pandemic impact on risk profiles. The related results are available in Table 27, in the
corresponding section.
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4.1.1 Tables of random-effects probit regression (panel data) results

Table 21: Summary of significant random-effects probit regression (panel data) results for RISK

SEEKER'
Variables Model 1 Model 2 Model 3 Model 4
Gender: Female 0.4624%+* 0.4632%+* 0.441 3% 0.447 5%+
(0.1051) (0.1055) (0.1065) (0.1079)
Country region: Central -1.0888*+* -1.09214* -1.1156%** -1.1317#k%
(0.1172) (0.1173) (0.1233) (0.1252)
Country region: Eastern -2.7390%%* -2.7469%** -2.7575%F* -2.7970%F*
(0.4145) (0.4148) (0.4189) (0.4252)
Country region: Southern -2.5088*** -2.5053%F* -2.4868%F* -2.5200%F*
(0.2264) (0.2263) (0.2291) (0.2329)
Education level: Medium 0.3319%¢* 0.3297*+¢ 0.2810%* 0.2872%*
(0.1277) (0.1279) (0.1283) (0.1299)
Education level: High 0.487 5%+ 0.4792%%* 0.4339%* 0.4418%+*
(0.1333) (0.1339) (0.1344) (0.1361)
Health status: Poor -0.4470* -0.4273* -0.3731 -0.3493
(0.2456) (0.2465) (0.2474) (0.2501)
Personality: Openness - - 0.1892* 0.2063
(0.1044) (0.1258)
Personality: Agreeableness - - -0.1993* -0.3534#+*
(0.1021) (0.1242)
Personality: Neuroticism - - 0.2143%* 0.1932
(0.1010) (0.1227)
Extraversion * post Covid-19 - - - -0.2640**
(0.1341)
Agreeableness * post Covid-19 - - - 0.2999**
(0.1362)
Observations 7,778 7,778 7,778 7,778
Pscudo R? 0.211 0.211 0.215 0.217

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.
Coefficients are first written and standard errors are in parentheses.

PseudoR? =1 — (Veall & Zimmermann, 1994).

Log Likelihood entire model

Log Likelihood Iteration 0
Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.
The results of random-effects probit regression (panel data) for this profile are fully available in Table 15.
Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

1 This Table 21 was only used for simplicity in the core text to have an overview of the significant relations directly. These results took in account all of

the interactions with independent and control variables as the equation (see “Methodology” section) indicated.
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Table 22: Summary of significant random-effects probit regression (panel data) results for RISK

DIVERSIFIER - DYNAMIC?

Variables Model 1 Model 2 Model 3 Model 4
Gender: Female 0.2969%+* 0.301 5%+ 0.2919%** 0.291 8%
(0.0931) (0.0933) (0.0938) (0.0942)
Country region: Central -0.442074* -0.4445%+* -0.4352%%* -0.4380#+*
(0.0964) (0.0964) (0.1004) (0.1008)
Country region: Eastern -2.0480r* -2.0544xx¢ -2.0884*** -2.1018%**
(0.4745) (0.4748) (0.4812) (0.4855)
Country region: Southern -1.3839%x* -1.3833%x* -1.3741%%* -1.3771F%*
(0.1814) (0.1813) (0.1834) (0.1844)
Education level: Medium 0.2973%%* 0.2977*+F* 0.2924x** 0.2934x%¢
(0.1170) (0.1170) (0.1170) (0.1174)
Education level: High 0.5167+** 0.5175%** 0.5088** 0.507 7
(0.1209) (0.1210) (0.1212) (0.1217)
Job: Permanently Sick 0.7525* 0.7695%* 0.7792%* 0.7715%*
(0.3880) (0.3892) (0.3877) (0.3896)
Health status: Fair -0.3054* -0.2999* -0.3396** -0.3370**
0.1614) (0.1614) (0.1628) (0.1630)
Health status: Poor -0.4843** -0.4663* -0.5041#* -0.4957**
(0.2384) (0.2395) (0.2405) (0.2421)
Personality: Conscientionsness - - -0.2499%** -0.1641
(0.09406) (0.1240)
Observations 7,840 7,840 7,840 7,840
Pscudo R? 0.131 0.131 0.134 0.136

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.
Coefficients are first written and standard errors are in parentheses.

PseudoR?2=1— Veall & Zimmermann, 1994).

Log Likelihood entire model (
Log Likelihood Iteration 0

Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.
The results of random-effects probit regression (panel data) for this profile are fully available in Table 16.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

2 This Table 22 was only used for simplicity in the core text to have an overview of the significant relations directly. These results took in account all of
the interactions with independent and control variables as the equation (see “Methodology” section) indicated.
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Table 23: Summary of significant random-effects probit regression (panel data) results for RISK

DIVERSIFIER - PERFECT?

Variables Model 1 Model 2 Model 3 Model 4

Gender: Female 0.2627*+* 0.2659%** 0.2498*+* 0.25024#¢
(0.0877) (0.0875) (0.0881) (0.0885)

Relationship status: Couple -0.1649%* -0.1711% -0.1813** -0.1800+*
(0.0863) (0.0861) (0.0864) (0.0868)

Country region: Central -0.3721 %% -0.3751%%* -0.3720%* -0.3746%**
(0.0925) (0.0922) (0.0968) (0.0972)

Country region: Eastern -2.9466%F* -2.9498%%* -2.9636*** -2.9721 %%
(0.5596) (0.5577) (0.5565) (0.5573)

Country region: Southern -1.6352%%* -1.6227%%* -1.6017#%* -1.6099*+*
(0.1617) (0.1608) (0.1634) (0.1642)
Education level: Medium 0.2138** 0.2103** 0.1946* 0.1945*
(0.10406) (0.1043) (0.1044) (0.1049)

Education level: High 0.3877#+* 0.3809%* 0.387444* 0.3889**
(0.1099) (0.1097) (0.1102) (0.1107)

Job: Employed/self-employed -0.3672** -0.3635%* -0.3501** -0.3559%*
(0.1741) (0.1734) (0.1730) (0.1737)

Health status: Fair -0.3571%** -0.3409** -0.3249+* -0.3419**
(0.1512) (0.1510) (0.1520) (0.1528)

Health status: Poor -0.4661*+* -0.4164* -0.3979* -0.4275%*
(0.2150) (0.2157) (0.2165) (0.2181)

Consumption: Healthy - -0.2242%* -0.2278** -0.3273**
(0.1084) (0.1084) (0.1545)
Personality: Agreeableness - - -0.1888** -0.0946
(0.0849) (0.1027)

Observations 7,840 7,840 7,840 7,840
Pseudo R? 0.173 0.174 0.176 0.178

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.
Coefficients are first written and standard errors are in parentheses.

Log Likelihood entire model

PseudoR? =1 — (Veall & Zimmermann, 1994).

Log Likelihood Iteration 0
Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.
The results of random-effects probit regression (panel data) for this profile are fully available in Table 17.
Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

3 This Table 23 was only used for simplicity in the core text to have an overview of the significant relations directly. These results took in account all of
the interactions with independent and control variables as the equation (see “Methodology” section) indicated.
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Table 24: Summary of significant random-effects probit regression (panel data) results for RISK

DIVERSIFIER - DEFENSIVE*

Variables Model 1 Model 2 Model 3 Model 4
Age: Older (+ 70 years old) -0.2626* -0.2535% -0.2437%* -0.2429%*
(0.1336) (0.1341) (0.1341) (0.1375)
Gender: Female 0.3998++* 0.4116%** 0.421 244 0.432443%
(0.1317) (0.1325) (0.1347) (0.1387)
Relationship status: Couple -0.2824%* -0.2942% -0.2650** -0.2796**
(0.1285) (0.1290) (0.1290) (0.1333)
Country region: Central -0.2938** -0.3002** -0.3229%* -0.3292%*
(0.1366) (0.1368) (0.1444) (0.1482)
Country region: Eastern -1.0127%%¢ -1.0364*** -0.9875%** -1.0218%**
(0.3950) (0.3964) (0.3995) (0.41306)
Country region: Southern -0.6736%+* -0.6700%+* -0.6389%+* -0.6510%+*
(0.2037) (0.2035) (0.2100) (0.2163)
Education level: Medium 0.3003* 0.3023* 0.2559 0.2646
(0.1621) (0.1622) (0.1620) (0.1669)
Education level: High 0.4979%%* 0.5003%* 0.4330%* 0.4495%*
(0.1683) (0.1689) (0.1691) (0.1738)
Consumption: Healthy - -0.2904 -0.3142* -0.4114
(0.1841) (0.1855) (0.2713)
Personality: Extraversion - - 0.2209* 0.3431**
(0.1239) (0.1622)
Personality: Openness - - 0.2973%* 0.3769**
(0.1272) (0.1626)
Personality: Agreeableness - - -0.0827 -0.3214%*
(0.1241) (0.1640)
Agreeableness * post Covid-19 - - - 0.5109**
(0.2183)
Observations 7,752 7,752 7,752 7,752
Pseudo R? 0.166 0.168 0.172 0.174
Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.

Log Likelihood entire model .
PseudoRZ =1 — =% (Veall & Zimmermann, 1994).

Log Likelihood Iteration 0
Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.
The results of random-effects probit regression (panel data) for this profile are fully available in Table 18.
Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4 This Table 24 was only used for simplicity in the core text to have an overview of the significant relations directly. These results took in account all of
the interactions with independent and control variables as the equation (see “Methodology” section) indicated.
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Table 25: Summary of significant random-effects probit regression (panel data) results for

DEFENSIVE®

Variables Model 1 Model 2 Model 3 Model 4
Age: Older (+ 70 years old) 0.3599* 0.3577* 0.3749* 0.3742*
(0.2067) (0.2067) (0.2077) (0.2101)
Education level: Medium 0.4492+* 0.4472%* 0.3885* 0.3912*
(0.2079) (0.2074) (0.2061) (0.2085)
Personality: Openness - - 0.4319** 0.3709*
(0.1734) (0.2132)
Observations 7,644 7,644 7,644 7,644
Pseudo R? 0.164 0.165 0.167 0.169

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.
Log Likelihood entire model
PseudoRZ =1 — =% (

— - Veall & Zimmermann, 1994).
Log Likelihood Iteration 0

Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.
The results of random-effects probit regression (panel data) for this profile are fully available in Table 19.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

> This Table 25 was only used for simplicity in the core text to have an overview of the significant relations directly. These results took in account all of
the interactions with independent and control variables as the equation (see “Methodology” section) indicated.
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Table 26: Summary of significant random-effects probit

regression (panel data) results for RISK

AVERSE®
Variables Model 1 Model 2 Model 3 Model 4
Age: Older (+ 70 years old) -0.1710 -0.1844 -0.1782 -0.1856*
(0.1047) (0.1048) (0.1049) (0.1057)
Gender: Female -0.7646%** -0.7694xx* -0.7333%x* -0.7395%F*
(0.11406) (0.1145) (0.1151) (0.1160)
Relationship status: Couple 0.2035* 0.2139** 0.2027* 0.2013*
(0.1074) 0.1072) 0.1077) (0.1085)
Country region: Central 1.4301#%* 1.4334F% 1.4620%%* 1.4743%%%
(0.1312) (0.1308) (0.1367) (0.1378)
Country region: Eastern 4.584 (% 4.5933#¢* 4.6152%+* 4.651 3%+
(0.4523) (0.4496) (0.4517) (0.4572)
Country region: Southern 3.3485%* 3.334 43¢ 3.3039%4* 3.3328%*
(0.2130) (0.2123) (0.2161) (0.2183)
Education level: Medium -0.64806%+* -0.643 14 -0.5837#** -0.5895%+*
(0.1322) (0.1319) (0.1320) (0.1330)
Education level: High -1.0707#%* -1.059 7+ -1.0067*** -1.0166%+*
(0.1442) (0.1439) (0.1442) (0.1454)
Job: Unemployed 1.8315 1.8446%* 1.8070* 1.8126*
(0.9370) (0.9373) (0.9327) (0.9431)
Health status: Fair 0.4787+%* 0.4700%** 0.4247** 0.4232%*
(0.1630) (0.1635) (0.1645) (0.1658)
Health status: Poor 0.6279%** 0.5781#%* 0.5275%* 0.5193**
(0.2224) (0.2228) (0.2238) (0.2254)
Consumption: Healthy - 0.301 3% 0.3079F** 0.3587**
(0.1101) (0.1103) (0.1530)
Personality: Extraversion - - -0.1471 -0.2758**
(0.1076) (0.1215)
Personality: Openness - - -0.2043* -0.2574%*
(0.1109) (0.1249)
Personality: Agrecableness - - 0.3527++ 0.4225%%*
(0.1081) (0.1225)
Personality: Nexroticism - - -0.3298*** -0.3772%%*
(0.1082) (0.1222)
Extraversion * post Covid-19 - - - 0.2602%*
(0.1109)
Observations 7,866 7,866 7,866 7,866
Pscudo R? 0.188 0.189 0.190 0.191

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

6 This Table 26 was only used for simplicity in the core text to have an overview of the significant relations directly. These results took in account all of

the interactions with independent and control variables as the equation (see “Methodology” section) indicated.
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Coefficients are first written and standard errors are in parentheses.

Log Likelihood entire model .
Pseudo RZ = 1 — —& X1 - (Veall & Zimmermann, 1994).
Log Likelihood Iteration 0

Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.
The results of random-effects probit regression (panel data) for this profile are fully available in Table 20.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4.2 Elderly, Consumption Patterns and Investment Risk Profiles

Our study's primary objective is to explore the potential relationship between individuals' investment
behaviors, which delineates their risk profiles and their consumption patterns. To this end,
consumption is analyzed by incorporating from the first incrementation (Model 2) these individuals'
choices in distinct aspects of their lives, characterized by risky and healthy behaviors.

4.2.1 Elderly risky consumption and their investment risk profiles

The first consumption patterns studied focused on risky consumption, examining whether individuals
who drank and/or smoked alarmingly were consistent as regard their investment strategy.

Although the literature is sparse on the direct connection between risky consumption and investment
risk profiles, it suggests general trends regarding individuals' willingness to take risks in other aspects
of their lives, such as smoking or drinking alarmingly. It also clearly indicated that risky behaviors would
not occur in isolation (Connell et al., 2009; Kipping et al., 2012) but could impact various aspects of life
(Wittgens et al., 2022).

Hence, it was suggested through Hypothesis 1a that elderly individuals who consumed alcohol
alarmingly - defined as above fourteen drinks per week for women and twenty-one for men - and/or
smoked regularly, would also be likely, if consistent, to exhibit the same risk taking tendency in their
investment strategies (Allard, 2009; Paille et al., 2015). Consequently, they would tend to have a profile
of risk seeker or risk diversifier - dynamic, meaning they would invest the majority of their portfolio in
the riskier assets such as individual stocks or through investment funds.

None of the incremented models (Model 2, 3 and 4) show significant relationships between any
profiles and the dummy risky consumption of alcohol and/or tobacco.

Consequently, we rejected Hypothesis 1a, which assumed that individuals were consistent by
maintaining the same risky profile in their consumption of harmful products as in their investment
decisions.

4.2.2 Elderly healthy consumption and their investment risk profiles

The second consumption patterns studied focused on healthy consumption, examining whether
individuals who regularly consumed fruits, vegetables, dairy products and meat as well as regularly
engaged in physical activities were consistent as regard their investment strategy.
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The literature indeed suggests that, similarly to risky consumption, daily healthy behavior could also
be reflected in other aspects of life. This would be explained by the fact that healthy eating and physical
activities would lead to better overall hygiene, resulting in improved mental health and cognitive
abilities (Li et al., 2024; Serra et al., 2020). This enhanced mental capacity would partly be due to
reduced stress levels associated with a better quality of life (Wong et al., 2023), which would positively
influence decision-making processes. As a result, individuals would be less likely to make impulsive,
poorly thought-out decisions and would be more likely to take less risks (Peretti-Watel et al., 2013).

Building upon these premises, we assumed with Hypothesis 1b that elderly individuals who exhibit
healthy behaviors in their eating and regular physical activities would rationally maintain a similarly
cautious profile in their investment decisions, thus being less risk tolerant or risk averse. This cautious
approach would be translated into investing in less risky assets, such as bonds, either individually or
through diversified mutual funds. It could also involve not investing at all (i.e. keeping their money on
risk free bank or savings accounts).

As from all incremented models (Model 2, 3 and 4) for the risk diversifier — perfect and risk averse
profile, the coefficients of the dummy healthy consumption are significant, negative and positive,
respectively. This indicates that the more cautious investors tended to be, the healthier they would be
in their daily consumption patterns. While moderate risky investors would tend to be less healthy.

Therefore, we confirmed Hypothesis 1b according to which a healthy lifestyle, reflected through
healthy eating and regular physical activity, would positively influence the likelihood of being risk
averse, aligning with the existing literature.

4.2.3 Elderly consumption patterns and their investment risk profiles

While risky consumption patterns would not appear to significantly influence investment risk profiles
among the elderly, healthy consumption behaviors would be positively associated with more risk
averse investment strategies, confirming partially Hypothesis 1 on the consumption patterns
influence.

4.3 Elderly, Personality Traits and Investment Risk Profiles

4.3.1 Elderly extraversion trait and their investment risk profiles

The first trait based on the Big Five model examined in our study on the potential existence of a
relationship between an individual's personality and their investment risk profile was extraversion. As
areminder, this trait encompasses levels of sociability, energy and assertiveness (Raad & Mlacic, 2015).

The literature teaches us that individuals with a high tolerance for risk would be those with high levels
of extraversion in their personality (Joseph & Zhang, 2021; Sahinidis et al., 2020). This would be
because individuals with this strong personality trait would tend to seek intense sensations (Nicholson
et al., 2005) and therefore seek out risk.

Based on this premise, we assumed, with Hypothesis 2a, that individuals with high levels of
extraversion in their personality would be those who seek risk, which would also be reflected in having
a risk seeker profile in their investment strategy, looking for riskier assets such as stocks.
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As from the incremented Model 3, in opposition to the existing literature, our findings indicate a more
nuanced relationship between this trait, when being at high level, compared to low (reference
category), and investment risk profiles. In particular we found:

= Asignificant positive impact for the risk diversifier - defensive profile for all incremented probit
models. This suggests that individuals in this profile, who typically adopt a more cautious
approach towards risk diversification, might have exhibited high characteristics of
extraversion, as compared to low ones.

= That the risk averse profile is negatively significant for this trait in the last incremented probit
model (Model 4) indicating that individuals with high extraversion would be less likely to be
risk averse, as compared to low ones. Moreover, the interaction term with the post-Covid-19
dummy shows that the pandemic significantly would have influenced extraverted individuals
to become more risk averse, as the coefficient is positive.

= That Covid-19 pandemic would also have influenced extraverted individuals to be less risk
seeker in the last incremented probit model, as the interaction term shows a negative
significant relationship.

On this basis, we rejected Hypothesis 2a assuming that a high level compared to a low ones of
extraversion would be associated with a greater propensity to take risks. Indeed, our findings from our
elderly sample indicate, on the contrary, a tendency for this trait at high level to diversify cautiously,
predominantly into bonds through mutual funds. This trait at high level would still have encouraged
investment, as it is negatively associated with the risk free profile and this latter is even more
pronounced post-Covid-19 pandemic.

4.3.2 Elderly openness trait and their investment risk profiles

The second trait based on the Big Five model examined in our study was openness. This trait, when
highly present in an individual's personality, would be characterized by a propensity for discovering
new experiences, marked by curiosity, imagination and empathy (Raad & Mlacic, 2015).

Similarly to extraversion, openness is characterized in the literature by a profile with a tolerance for
risk. However, this trait is less strongly associated with high risk taking than extraversion. Openness is
typically linked to moderate risk tolerance, with individuals seeking diversified risk (Lai, 2019; Wang et
al., 2016).

We therefore assumed with Hypothesis 2b that individuals with high levels of openness in their
personality would be those who seek moderate risk. In the context of our study, this would be reflected
in the risk diversifier (either dynamic, perfectly or defensive) profile, with a preference for assets
providing good diversification, such as mutual funds.

As from the incremented Model 3, the results indicate:

= That risk diversifier — defensive and defensive profiles are significantly and positively impacted
by high levels of openness, as compared to low ones (reference category). This suggests that
individuals with higher openness compared to low ones would be more likely to adopt these
profiles.
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= That the risk averse profile shows a significant negative coefficient, suggests that individuals
with higher levels of openness, as compared to low ones, would be less likely to adopt a risk
averse profile.

This finding aligns with the notion from existing literature indicating individuals who have a high level
of openness would tend to have moderately risky investment strategies. However, it is important to
note that the significance level for defensive profile is at 10%, indicating a need for cautious
interpretation, as it could have been influenced by sampling variability or other external factors.

Therefore, we confirmed the Hypothesis 2b that higher levels of openness would positively influence
the likelihood of adopting risk diversifier — defensive profile while negatively impacting the likelihood
of a risk averse profile. The findings from our elderly sample are in line with the existing literature
indicating that individuals with high level of this trait compared to low ones would tend to diversify,
by mainly investing in bonds through mutual funds. Additionally, we can infer that this trait would also
still promote investment activity, given its negative association with the risk averse profile.

4.3.3 Elderly conscientiousness trait and their investment risk profiles

The third personality trait considered in our study was conscientiousness, which, with a high score,
reflects tendencies towards organization, responsibility and diligence (Raad & Mlacic, 2015).

As the literature states, this trait would have a stronger tendency towards biased behaviors concerning
risk (Isidore & Arun, 2021). Indeed, individuals with high conscientiousness would generally tend to
take fewer risks as they get older. However, they would also become risk takers when they have strong
confidence in their analysis (Yadav & Narayanan, 2021).

Therefore, we assumed with Hypothesis 2c, the possibility that individuals with high conscientiousness
would exhibit moderate risk tendencies due to our older sample population. In the context of our
study, this would be reflected in profiles such as risk diversifier (either dynamic, perfect or defensive),
with a moderate risk compared to other profiles due to diversification.

In the results of incremented Model 3, a negative relationship is identified for individuals having a high
level of conscientiousness, as compared to low ones (reference category) with the risk diversifier -
dynamic profile. However, this trend disappeared once interaction terms were incremented in Model
4.

As a result, we rejected hypothesis 2c which suggested that individuals with a high level of
conscientiousness would be significantly associated with a moderate risk profile.

4.3.4 Elderly agreeableness trait and their investment risk profiles

The fourth trait examined in this theory was agreeableness, which is associated with high levels of
empathy, pleasantness and cooperativeness (Raad & Mlacic, 2015).

The literature suggests that individuals with this calm and serene trait, who tend to avoid conflict in
favor of maintaining harmonious relationships (Ahmad & Maochun, 2019), would be more likely to
reflect these characteristics in their investment decisions.
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In our study, we assumed with Hypothesis 2d, that a high level of agreeableness would be reflected in
low risk profiles, such as defensive or risk averse ones. When considering having a high level of
agreeableness, as compared to a low one (reference category), we found the following:

= Asfrom the incremented Model 3, we observe a negative relationship between agreeableness
and the risk seeker profile. Additionally, the interaction between this trait and the post-Covid-
19 dummy variable is also significant but positive.

= Asimilar trend, only for the incremented Model 4, is noted for the risk diversifier — defensive
profile, with a negative coefficient for agreeableness standalone and positive for the
interaction term. On the other hand, for the risk diversifier — perfect profile, a significant
negative coefficient is noticed but it was only for the incremented Model 3, with this trend
disappearing once interaction terms were incremented in Model 4.

= For the risk averse profile, there is a positive relationship with agreeableness for both
incremented models.

All of these findings suggest that individuals exhibiting a high level of agreeableness, as compared to a
low one, would be more likely to shy away from higher risk investments, this behavior being
exacerbated by the Covid-19 pandemic (they instead showed preference for risk free assets).

We therefore confirmed Hypothesis 2d as our results are in line with existing literature suggesting that
individuals with higher agreeableness would be associated with more conservative investment
profiles.

4.3.5 Elderly neuroticism trait and their investment risk profiles

The last trait in the Big Five Model examined in our study was neuroticism, which at high levels
encompasses negative emotions such as anxiety, stress and anger (Raad & Mlacic, 2015).

Existing literature on the relationship between high levels of neuroticism and willingness to take risks
suggests that individuals who score high on this trait — meaning they would be more sensitive to
negative emotions — would tend to take fewer risks (Oehler et al., 2018) in order to avoid situations
that could potentially increase their stress levels (De Bortoli et al., 2019).

In our study, we assumed with Hypothesis 2e whether a high level of neuroticism would be reflected
in risk free profiles, such risk averse profile. When considering having a high level of neuroticism, as
compared to a low one (reference category), we found the following:

= A significant positive coefficient is noticed for risk seeker profile but it was only for the
incremented Model 3, with this trend disappearing once interaction terms were incremented
in Model 4.

= A significant negative relationship with the risk averse profile in both incremented Model 3
and 4. This suggests that individuals who score higher on this trait would be less likely to adopt
a risk averse investment profile. This is somewhat counterintuitive because one would have
expected, with regard to existing literature, individuals with higher levels of neuroticism to
prefer safer, less risky investment strategies due to their sensitivity to potential losses (De
Bortoli et al., 2019). However, the negative coefficient indicates the opposite—that these
individuals may either not have engaged in risk averse behaviors as strongly as expected or
may have been inclined to take on more risk despite their emotional predispositions.
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These findings suggest that while neuroticism involved a predisposition to negative emotions, it would
not have necessarily been translated into conservative financial behavior. Instead, the elderly might
have reacted differently under stress. We therefore rejected Hypothesis 2e suggesting individuals with
high level of this neuroticism would have risk averse profile.

4.3.6 Elderly personality traits and their investment risk profiles

Our analysis of the Big Five personality traits—extraversion, openness, conscientiousness,
agreeableness and neuroticism—revealed nuanced relationships with the investment risk profiles of
the elderly. While existing literature often associates certain traits with specific risk taking behaviors,
our findings indicate that these relationships were more complex among this specific population.

= Extraversion, typically linked to risk seeking behavior, would instead be associated with more
cautious investment strategies, particularly in the post-Covid-19 period.

= Openness, often connected to a moderate tolerance for risk, would be associated with a
tendency toward diversified, yet still conservative, investment profiles.

= Conscientiousness, which we assumed being linked to lower risk profiles, did not show
significant relationship in our models, leading to the rejection of the idea that this trait would
influence investment behavior in our sample.

= Agreeableness, characterized by a preference for harmony and avoidance of conflict, would
indeed be associated with less risky investment profiles, confirming the hypothesis that
individuals with high agreeableness would tend to favor safer investment options.

= Neuroticism, contrary to expectations, would negatively be associated with the risk averse
profile, suggesting that the elderly with higher levels of this trait would not have necessarily
engaged in the risk free investment behavior, typically expected from those, prone to negative
emotions.

While the majority of Big Five personality traits would influence investment risk profiles among the
elderly, their impact would be moderated by various factors, confirming partially Hypothesis 2 on the
personality traits influence.

4.4 Elderly, Covid-19 pandemic shock and Investment Risk Profiles

One of our study objectives is also to assess whether the Covid-19 pandemic impacted the evolution
of investment risk profiles among the elderly. Additionally, through the use of interaction terms, we
explored whether the Covid-19 pandemic had any effect on independent variables such as
consumption patterns and personality traits (see Tables 15 to 20, Appendix C or summary Tables 21 to
26, at the end of this chapter).

Our initial random-effects probit panel models suggested that the Covid-19 pandemic might have had

an impact on two personality traits: extraversion and agreeableness, as discussed in the previous
section on personality traits.

51



Regarding the potential impact of the pandemic on the target variable of our study - investment risk
profiles - the literature suggests that global crises could be accompanied by uncertainty (Millroth &
Frey, 2021) and fear (Cori et al., 2020), emotions that would likely be associated with greater risk
aversion (Heo et al., 2021). This increase in risk aversion could be explained by several factors, such as
the vulnerability associated with these emotions (Millroth & Frey, 2021), trust in government-
proposed solutions (Zivi et al., 2023), cognitive decline due to isolation and confinement-related issues
like depression (Probst et al., 2020) and the need for precaution by limiting expenditures (Martin et
al., 2020). All of these factors might have contributed to increased risk aversion among investors during
the Covid-19 period, potentially leading to biased behaviors such as loss aversion (Dita et al., 2023).

This is the reason why we tested, through Hypothesis 3, whether the investment profiles of the elderly
in our sample might have been impacted by the Covid-19 pandemic. To this end, we conducted a fixed-
effect multinomial logit regression in panel data to determine whether this dummy might have caused
elderly to change their investment risk profiles.

Our results included in Table 27 below, demonstrate that none of the coefficients for the post-Covid-
19 variable across the various risk profiles are statistically significant. This finding challenge the initial
assumption that the Covid-19 pandemic, characterized by widespread uncertainty and economic
volatility, might have driven elderly to reassess and adjust their investment strategies.

However, the lack of significant change in our elderly sample suggests a certain resilience or
consistency in their risk preferences, even when facing an unprecedented global crisis. It indicates that
while the pandemic introduced many external stressors, these latter would not have had
fundamentally altered the risk tolerance levels of the elderly in our sample.

In other words, our analysis suggests that the Covid-19 pandemic, despite its widespread effects on
various aspects of life, would not have significantly influenced elderly investment risk profiles and we,
therefore, rejected Hypothesis 3.

Overall, the Covid-19 pandemic would not have directly influenced investment risk profiles among the
elderly but would have indirectly influenced them through some Big-Five model personality traits.

Table 27: Fixed-effects multinomial logit regression (panel data) results for risk profiles

Risk profiles (base: Risk averse) Coefficient Std. error P-value
Risk seeker
Post-Covid-19 -0.0524 (0.1282) 0.683

Risk diversifier - dynamic
Post-Covid-19 0.0437 (0.14906) 0.770
Risk diversifier - perfectly
Post-Covid-19 -0.1617 (0.1191) 0.175

Risk diversifier - defensive

Post-Covid-19 -0.2391 (0.2101) 0.255
Defensive

Post-Covid-19 -0.1067 (0.2398) 0.656
Observation 1,536

N 768
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Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4.5 Elderly, Personal Characteristics and Investment Risk Profiles

4.5.1 Elderly age and their investment risk profiles

Regarding the age dummy, the literature suggests that when getting older, individuals would tend to
take fewer risks (Brooks et al., 2018; Saivas & Lokhande, 2022), as assumed with Hypothesis 4a.

As from the incremented Model 1, our results, however, indicate that being over 70 are negatively
significant for the risk diversifier defensive and risk averse (only in Model 4) profiles but positively
significant for the defensive profile.

These findings suggest that individuals over 70 in our sample would be likely to adopt more
conservative profile, typically associated with lower risk investment strategies. This implies that they
would not become totally risk averse as they get older, but these individuals would be more willing to
explore investment strategies involving the lowest degree of risk.

This finding confirmed Hypothesis 4a suggesting that older individuals are more inclined towards lower
risk profiles. However, as this result are significant at the 10% level, it should be interpreted with care.

4.5.2 Elderly gender and their investment risk profiles

Concerning the gender dummy, the literature suggests that men would tend to have a higher risk
tolerance, while women would generally exhibit greater risk aversion (Alsharawy et al., 2021;
Barasinska et al., 2009; Thanki, 2015), as assumed with Hypothesis 4b.

As from the incremented Model 1, the results of our analysis suggest that elderly women, contrary to
what might have been expected, would not be solely inclined towards conservative investment
strategies. On the contrary, they would show a propensity to adopt high risk profiles (risk seeker
profile) or diversification strategies (risk diversifier, whether dynamic, defensive or perfect profile)
while, with a negative significant relation with risk averse profile, would be less inclined to be risk
averse.

This indicates that elderly women would significantly be more likely to adopt high risk and diversified
profiles. Therefore, the hypothesis that men would have higher risk profiles and women lower risk
profiles, Hypothesis 4b, was rejected.

4.5.3 Elderly relationship status and their investment risk profiles
Regarding the relationship status dummy, the literature suggests that single individuals would be more

likely to have a higher risk tolerance, while those in a couple would tend to be more risk averse (Thanki,
2015), as assumed with Hypothesis 4c.
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As from the incremented Model 1, our results indicate that being in a couple would be associated with
a lower likelihood of adopting risk diversifier - perfect and risk diversifier - profiles, as they show a
negatively significant impact. This suggests that individuals in a relationship would be more cautious
and prefer less diversified and more conservative investment strategies, likely due to considering the
preferences and needs of both partners, which would favor financial stability over diversification.

This tendency is further confirmed by the risk averse profile, where the couple dummy is positively
significant. However, since this last tendency is significant at the 10% level, it should be interpreted
with care.

Therefore, the hypothesis 4c suggesting that individuals in a couple would have lower risk profiles, was
confirmed.

4.5.4 Elderly education level and their investment risk profiles

Education level, as highlighted by existing literature, would tend to positively impact risk tolerance
(Muhammad Khurram Shehzad & Qaisar Ali, 2019; Outreville, 2015). Indeed, individuals with higher
financial literacy and educational attainment would be more likely to exhibit greater risk tolerance
(Hastings & Mitchell, 2020), as assumed with Hypothesis 4d.

As from the incremented Model 1, our results confirm that education would play a crucial role in an
individual's ability to understand and manage financial risks. Better educated, either medium nor high,
individuals, as compared to low ones (reference category) would be more likely to invest with different
level of risk, corresponding to a positive relation with all five profiles risk seeker, risk diversifier (either
dynamic, perfect or defensive) and defensive, while those with lower education levels would tend to
prefer risk free investment strategies.

Therefore, Hypothesis 4d suggesting that individuals with higher education levels, as compared to low
one, would have riskier profiles was confirmed.

4.5.5 Elderly employment status and their investment risk profiles

Regarding the current employment status of individuals, the literature suggests that having a stable
job could make individuals more inclined to take risks (Lippi et al., 2022), as assumed with Hypothesis
4e.

As from the incremented Model 1, our results indicate that employed or self-employed individuals, as
compared to retired ones (reference category), would be less likely with a significant negative
coefficient to adopt risk diversified - perfect strategies, possibly due to their continuous income
sources.

Non-employed individuals, on the other hand, would seem more inclined to seek stability, as they are
positively associate with a risk averse profile while those permanent sick would look after risk

diversified - dynamic strategies.

Therefore, Hypothesis 4e suggesting that employed or self-employed individuals, as compared to
retired ones, would have higher risk profiles was rejected.
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4.5.6 Elderly country of origin and their investment risk profiles

In our study, we adopted an exploratory approach to examine the relationships between the regions
of origin of individuals and their risk profiles. We did not formulate specific hypotheses based on
existing literature because no relevant prior research was identified. Instead, our model tested directly
the presence and statistical significance of these potential relationships.

As from the incremented Model 1, our results reveal some trends, such as the preference of elderly
individuals from the Central, Eastern and Southern regions, compared to Northern region (reference
category), for risk free investment strategies, like the risk averse profile and a lower inclination, with
negative significant coefficients, to adopt investment strategies leading to variate level of risk like the
risk seeker and risk diversifier (either dynamic, perfect or defensive) profile.

Although these relationships were not predicted by specific hypotheses, they emerged from our data
analysis. Therefore, we accepted the results of our model as an indication of potential trends, while
remaining aware that these relationships would still need to be confirmed by additional studies.

4.5.7 Elderly health status and their investment risk profiles

With regard to the personal characteristics representative of the individual's health situation, the
literature indicates that a good health status would generally goes hand in hand with a greater
tendency to take risks (Addoum et al., 2017; Vu et al., 2021), as assumed with Hypothesis 4f.

As from the incremented Model 1, the impacts of BMI and number of known chronic diseases on
investment risk profiles are minimal. Across all risk profiles, the coefficients are not significant,
indicating that being in an alarming BMI state (either too low or too high) compared to having a normal
weight (reference category) would not have significantly influenced individuals' investment risk
profiles.

Being sick compared to being in good health (reference category), with no known chronic diseases,
would not have significantly influenced risk profiles in their investment decisions neither. This suggests
that BMI and known chronic diseases would not have played a critical role in determining the risk
tolerance or aversion in investment decisions among the elderly.

In contrast, the analysis of self-reported health status reveals a more nuanced impact on investment
risk profiles. For risk seeker, risk diversifier - defensive and defensive profiles, the coefficients across all
health statuses are not significant, indicating that self-reported health status would not have
significantly affected the likelihood of adopting these risk profiles. However, we should note that when
the model was simpler, such as models 1 and 2, feeling in a poor health condition, would indicate a
lower tendency to have a high tolerance, but this conclusion becomes less likely for both incremented
models 3 and 4.

Conversely, risk diversifier — dynamic and risk diversifier - perfect profiles have negative and significant
coefficients, indicating a decreased likelihood of adopting a dynamic nor perfect diversification
strategy among those with fair and poorer health condition.

Moreover, risk averse profile with positive and significant coefficients, indicate a higher likelihood of

risk aversion among individuals reporting fair or poor health, highlighting that poorer health status
would be associated with a greater tendency towards risk averse investment behaviors.
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We therefore confirmed Hypothesis 4f according to which individuals with poor health conditions
would have less risky profiles.

4.6 Heterogeneity Testing per Investment Risk Profiles

In this section, we analyze the results of the heterogeneity tests for various profiles, excluding the
defensive profile (as previous models did not yield significant results). We focus on examining the
estimated coefficients for different covariates such as gender, country regions and education level, as
these factors were highly significant across all five profiles studied. The results are summarized in the
tables below (Tables 28 to 32), which present the associations between these covariates and various
dimensions of consumption patterns and personality traits. These results are compared with the
estimated coefficients without specific conditions included in the last lines of each Table (from
random-effect probit regression for panel data Model 4), to assess the heterogeneity of the effects.

4.6.1 Risk seeker profile heterogeneity testing

The results in Table 28 below show a notable variation in the associations of our main independent
variables and the tendency to be a risk seeker depending on different personal characteristics such as
gender, country regions and education level, suggesting heterogeneity among our elderly sample.

Firstly, when observing risky consumption, the incremented Model 4 shows a negative non-significant
relationship. However, when considering individuals with a low education level, this relationship
becomes much more negative and significant. This indicates that for less-educated individuals, risky
consumption behaviors would strongly be associated with a decreased tendency to be a risk seeker
which differed from the global model.

When looking at healthy consumption, the incremented Model 4 also shows a negative coefficient
which is not significant, suggesting a negative but non-robust relationship between healthy behavior
and high risk taking. However, for men, this relationship becomes significantly more negative,
indicating that men with healthy behaviors would be significantly less likely to engage in high risk taking
profile compared to the general trend. A similar result is observed in the Central regions, where the
relationship is also significantly negative but at a lower level.

For the dimension of extraversion, the incremented Model 4 shows a coefficient which is not
significant either, implying that there is no relationship between extraversion and high risk taking
profile across the entire sample. However, among those with a medium education level, this
relationship becomes significant suggesting that extraversion would be a more important risk factor in
this subgroup compared to the general population.

For the dimension of openness, the incremented Model 4 indicates a coefficient not significant
suggesting no relationship on the whole sample between openness trait and high risk taking profile.
However, for individuals with a low level of education, this relationship becomes significant implying
that in this subgroup, a higher level of openness would be associated with an increased tendency to
take risks compared to the general trend.

Finally for risk seekers when regarding agreeableness, we notice that incremented Model 4 coefficient
is highly negatively significant indicating that overall, more agreeable individuals would tend to have a
significantly reduced tendency to take risks. This result is even more pronounced among women, in
the Central regions and for medium educated individuals. This suggests marked heterogeneity, with
the effect of agreeableness on the tendency to be a risk seekers being stronger among those three
control variables.
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Table 28: Heterogeneity test for risk seeker profile

Risk seeker profile

Covariables

Risky
consumption

Healthy
consumption

Extraversion

o)

P

Consci

1.
't

Gender

Country regions

Education level

Male

Female

-0.146 (0.218)

-0.073 (0.197)

0.558%* (0.281)

0.097 (0.233)

0.200 (0.164)

0.260 (0.182)

0.265 (0.166)

0.154 (0.193)

20.190 (0.178)

0.277 (0.205)

20.225 (0.169)

-0.455%* (0.185)

20.146 (0.218)

-0.073 (0.197)

Northern -0.196 (0.209) 0.028 (0.237) 0.136 (0.181) 0.183 (0.201) -0.100 (0.189) -0.186 (0.192) -0.196 (0.209)
Central -0.047 (0.225) -0.558* (0.310) 0.118 (0.189) 0.191 0.187) 0.234 0.226) 0.628%* (0.195) 0.047 (0.225)
Eastern No estimations because too little observations (only Poland)

Southern -0.306 (0.740) 0.575 (0.620) 0.961 (0.628) 0.584 (0.536) -0.347 (0.600) 0.114 (0.516) -0.306 (0.740)
Low 1.100%* (0.529) 0551 (0.400) 0.239 (0.264) 0.562% (0.291) 0.081 0.299) 0175 (0.276) 0.220 (0.267)
Medium 0.149 (0.233) 0.207 (0.265) 0.564** (0.212) 0.021 (0.215) -0.090 (0.230) -0.583%** (0.215) 0.236 (0.212)
High 0.014 (0.214) 0447 (0.311) 0,061 (0.195) 0.301 (0.195) 0.145 (0.214) 0275 (0.195) 0.148 (0.192)

~0.108 (0.145)

20172 (0172)

0.217 (0.122)

0.206 (0.126)

0.016 (0.134)

20.353%%*(0.124)

0.193 (0.123)

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4.6.2 Risk diversifier — dynamic profile heterogeneity testing

The results for the risk diversifier — dynamic profile included in Table 29 below, show less marked
associations between our main independent variables and the tendency to diversify high risks
depending on the same control variables as for the first profile. Moreover, it is crucial to approach
these findings with care as all incremented Model 4 results are not statistically significant, which
suggest that the observed relationships may not have been consistent or robust across the population.

For risky consumption, the incremented Model 4 shows a non-significant coefficient indicating no
strong overall relationship between risky consumption and this profile. However, this relationship
becomes positive and significant among individuals with a low level of education, suggesting that less-
educated individuals who engage in risky consumption would have a slightly higher tendency to
diversify their risky assets, resulting in our study to a risk diversifier — dynamic profile.

Regarding agreeableness, while the global coefficient is non-significant either, there is a significant and
negative association in the Southern region. This finding implies that in the Southern region, more
agreeable individuals would be less inclined to diversify risks.

However, for both of these significant findings, previous tendencies should again be interpreted with
care due to the low level of significance and the fact that the results from the global model are not
significant at all.
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Table 29: Heterogeneity test for risk diversifier — dynamic profile

Risk diversifier — dynamic profile

Covariables

Gender

Country regions

Education level

Risky Healthy Extraversion Openness Conscientiousness Agreeableness Neuroticism
consumption consumption

Male -0.301 (0.258) -0.067 (0.277) 0.111 (0.181) -0.035 (0.185) -0.241 (0.194) -0.265 (0.188) 0.056 (0.182)
Female -0.005 (0.176) 0.184 (0.200) 0.023 (0.153) 0.051 (0.160) -0.114 (0.164) 0.039 (0.154) -0.008 (0.153)
Northern -0.026 (0.220) -0.018 (0.256) 0.144 (0.187) 0.089 (0.205) -0.285 (0.189) -0.033 (0.199) -0.091 (0.183)
Central -0.149 (0.205) 0.187 (0.224) 0.035 (0.159) 0.034 (0.160) -0.229 (0.176) 0.056 (0.159) -0.089 (0.159)

Eastern No estimations because too little observations (only Poland)
Southern -0.575 (1.504) 0.407 (1.554) 0.229 (1.129) 0.907 (1.122) 2.123 (1.876) -2.234% (1.239) 1.024 (1.111)
Low 0.581* (0.343) -0.157 (0.409) 0.397 (0.293) 0.043 (0.330) -0.306 (0.298) -0.262 (0.296) 0.172 (0.285)
Medium -0.104 (0.228) -0.020 (0.257) -0.251 (0.184) 0.098 (0.186) -0.229 (0.176) -0.143 (0.181) -0.141 (0.182)
High -0.326 (0.242) 0.279 (0.275) 0.258 (0.197) -0.161 (0.197) -0.313 (0.209) 0.012 (0.200) 0.181 (0.197)
All -0.092 (0.144) 0.068 (0.161) 0.065 (0.116) 0.017 (0.120) -0.164 (0.124) -0.074 (0.117) 0.048 (0.116)

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4.6.3 Risk diversifier — perfect profile heterogeneity testing

The results for the risk diversifier — perfect profile included in Table 30 below show variations in the
associations between our main independent variables and the tendency to diversify perfectly
according to personal characteristics such as gender, country regions and education level suggesting
heterogeneity among our elderly sample.

Looking at healthy consumption, the incremented Model 4 shows a significant negative coefficient
suggesting that, overall, individuals who engaged in healthy consumption behaviors would be less
likely to diversify their risks perfectly. This negative association is more pronounced among men, with
a coefficient of significantly negative coefficient indicating that men with healthy consumption habits
would be less inclined to diversify risks perfectly compared to the general trend. A similar pattern is
observed in the Central regions and among individuals with a medium level of education, where
negative associations are also significant.

Openness shows a non-significant incremented Model 4 coefficient suggesting no strong relationship
with perfect risk diversification profile. However, in the Southern region, this relationship becomes
significantly positive indicating that individuals who were more open would be more likely to perfectly
diversify risks in this region, while in the Central regions, with a significant negative one, they would
tend not to diversify risks perfectly compared to the general trend.

In contrast, for neuroticism, the incremented Model 4 coefficient is not significant. However, among
men, this relationship becomes significantly positive suggesting that neurotic men would be more
likely to diversify risks compared to others. This finding is also positively significant for individuals from
Southern regions and also with a low level of education implying that more neurotic individuals in this
regions or educational group would have a higher propensity to diversify risks perfectly.
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Table 30: Heterogeneity test for risk diversifier — perfect profile

Risk diversifier — perfect profile

Covariables Risky Healthy EXxtraversion Openness Conscientiousness Agreeableness Neuroticism
consumption consumption
Gender Male 0.121 (0.194) -0.517** (0.244) 0.086 (0.149) -0.123 (0.154) 0.091 (0.170) -0.016 (0.153) 0.305%* (0.150)
Female -0.039 (0.163) -0.166 (0.203) 0.035 (0.144) -0.032 (0.151) 0.074 (0.157) -0.159 (0.142) 0.001 (0.143)
Country regions Northern -0.129 (0.179) -0.299 (0.218) 0.042 (0.148) -0.081 (0.168) 0.207 (0.159) 0.036 (0.161) -0.023 (0.149)
Central 0.175 (0.187) -0.407* (0.245) 0.121 (0.158) -0.281* (0.159) -0.047 (0.182) -0.224 (0.156) 0.182 (0.158)
Eastern No estimations because too little observations (only Poland)
Southern -0.355 (0.458) -0.152 (0.422) 0.068 (0.295) 0.716** (0.290) 0.303 (0.374) 0.072 (0.286) 0.548* (0.296)
Education level Low -0.101 (0.281) -0.441 (0.301) -0.095 (0.190) 0.113 (0.208) -0.035 (0.210) -0.154 (0.192) 0.429%* (0.190)
Medium -0.096 (0.208) -0.618** (0.279) 0.100 (0.171) -0.104 (0.176) 0.070 (0.193) -0.005 (0.170) 0.159 (0.172)
High 0.183 (0.197) 0.044 (0.255) 0.280 (0.182) -0.258 (0.183) 0.165 (0.201) -0.083 (0.183) -0.068 (0.181)
All 0.006 (0.124) -0.327%* (0.154) 0.071 0.102) -0.080 (0.106) 0.067 (0.114) -0.095 (0.103) 0.156 (0.102)

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4.6.4 Risk diversifier — defensive profile heterogeneity testing

The results for this fourth profile included in Table 31 below reveal several significant associations
between our main independent variables and the tendency to diversify risks defensively under specific
conditions, suggesting heterogeneity among our elderly sample.

For the extraversion trait, the incremented Model 4 shows a significant positive coefficient suggesting
that individuals with higher levels of extraversion would be more likely to diversify their risks
defensively. This relationship is even stronger among men, with a significant positive relation,
indicating that extraverted men would be significantly more inclined to adopt defensive risk
diversification strategies.

Similarly, positive associations are significant for individuals with medium and high levels of education
suggesting that more educated extraverted individuals would tend to adopt this strategy.

For openness, the incremented Model 4 coefficient is also significant indicating that individuals with
high levels of this traits would be more likely to engage in defensive risk diversification. This effect is
similarly significant among men and those with medium levels of education. In the Southern region
this relationship is also highly strong, although this result needs to be handled with care due to the
small sample size in that region. This suggests that men with higher openness, those with a medium
level of education or individuals from the Southern region would be more inclined to exhibit this
profile.
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In contrast, agreeableness shows a significant negative incremented Model 4 coefficient, suggesting
that more agreeable individuals would be less likely to diversify risks defensively. This effect is more
pronounced among women and in the Central regions, with both negative significant coefficients,
indicating that agreeableness would play a critical role in reducing the likelihood of defensive risk
diversification in these subgroups.

Table 31: Heterogeneity test for risk diversifier — defensive profile

Risk diversifier — defensive profile

Covariables Risky Healthy Extraversion Op Conscientic Agreeabl Neuroticism
consumption consumption
Male 0.145 (0.300) 20.125 (0.380) 0.653% (0.268) 0,591+ (0.252) 20,045 (0.263) 20.208 (0.253) 0.082 (0.245)
Female -0.185 (0.273) -0.686 (0.426) 0.116 (0.231) 0.220 (0.239) -0.049 (0.248) -0.451* (0.235) 0.229 (0.233)
Country regions Notthern -0.314 (0.317) -0.226 (0.353) 0.238 (0.244) 0210 (0.251) ~0.178 (0.236) -0.228 (0.247) 0.062 (0.241)
Central 0.015 (0.316) -1.060 (0.644) 0.438 (0.279) 0.254 (0.270) -0.015 (0.314) -0.665** (0.299) 0.112 (0.272)
Eastern No estimations because too little observations (only Poland)
Southern 4.073 (2.313) -0.453 (2.735) 3.847 (2.480) 6.935%* (3.091) 1.839 (3.387) -0.717 (2.273) -1.007 (2.439)
Education level Low 0.034 (0.610) ~0.870 (0.882) 0,061 (0.447) 0.660 (0.507) -0.304 (0.480) 10.283 (0.444) 0.202 (0.453)
Medium -0.020 (0.326) -0.229 (0.465) 0.486* (0.292) 0.529* (0.290) 0.010 (0.316) -0.209 (0.284) 0.167 (0.285)
High -0.231 (0.339) -0.625 (0.515) 0.612%* (0.307) 0.208 (0.283) -0.127 (0.303) -0.488 (0.300) 0.091 (0.287)
All -0.029 (0.192) -0.411 (0.271) 0.343** (0.162) 0.377%* (0.163) -0.089 (0.173) -0.321%** (0.164) 0.146 (0.162)

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.

Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.

4.6.5 Risk averse profile heterogeneity testing

The results for the last profile, risk averse included in Table 32 below, reveal several of the most
significant associations between personality traits, consumption behaviors and the tendency to avoid
risks under specific conditions, suggesting heterogeneity among our elderly sample.

Starting with healthy consumption, the incremented Model 4 shows a significant positive coefficient
suggesting that individuals who engaged in healthy consumption behaviors would be more likely to
adopt a risk averse profile. This relationship is particularly strong among men, in the Northen and also
in Central regions and among individuals with a low level of education. This indicates that these groups
would be more inclined to avoid risks when maintaining healthy consumption habits.

For Extraversion, incremented Model 4 displays a significant negative coefficient suggesting that
individuals with higher levels of this trait would be less likely to exhibit a risk averse profile. This
tendency is even more pronounced among men and those with medium and high levels of education.
This indicates that these groups would be less inclined to avoid risks in their investment decisions while
having a high level of extraversion trait.
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When examining openness, the global coefficient is significantly negative indicating that more open
individuals would be less likely to be risk averse. This trend is particularly strong in the Southern region
and for individuals with a low level of education, suggesting that open individuals with these
characteristics would be willing to take risks when investing.

For conscientiousness, while the incremented Model 4 coefficient is not significant, there is a
significant negative association in the Southern region. This suggests that individuals in the Southern
region who were more conscientious would be less likely to adopt a risk averse profile.

Agreeableness also shows a significant positive coefficient in the global model, suggesting that more
agreeable individuals would be more likely to adopt a risk averse profile. This effect is particularly
evident among both genders, in the Central regions and among those with a medium and a high level
of education. This means that individuals with a level of agreeableness exhibiting these personal
characteristics would be more inclined to be risk averse.

For neuroticism, the incremented Model 4 coefficient is significantly negative indicating that
individuals with higher levels of neuroticism would be less likely to be risk averse. This relationship is
particularly strong among men, in the Southern and Northen regions and among those with a low and
high level of education.

The observed heterogeneity across different demographic groups among majority of risk profiles
highlights the complexity of risk profiles and underlines the importance of considering individual
differences when analyzing the impact of consumption patterns, personality traits on elderly
investment risk profiles.

Table 32: Heterogeneity test for risk averse profile

Risk averse profile

Covariables Risky Healthy Extraversion Op Consci Agreeabl Neuroticism
consumption consumption
Gender Male 0.054 (0.201) 0.650%F* (0.225) -0.339** (0.161) -0.233 (0.162) 0.145 (0.178) 0.345% (0.164) -0.462¥% (0.163)
Female 0.079 (0.184) 0.077 (0.219) -0.216 (0.187) -0.295 (0.196) -0.254 (0.206) 0.474%++ (0.187) -0.211 (0.187)
Country regions Notthern 0.378 (0.234) 0427+ (0.259) -0.366 (0.226) 0.214 (0.255) 0.154 (0.238) 0390 (0.244) ~0.381% (0.229)
Central -0.011 (0.193) 0.564** (0.236) -0.200 (0.172) 0.012 (0.171) 0.013 (0.200) 0.558*** (0.171) -0.260 (0.174)
Eastern No estimations because too little observations (only Poland)
Southern -0.238 (0.354) -0.436 (0.357) -0.284 (0.301) -1.210%%* (0.322) -0.734* (0.382) 0.121 (0.286) -0.729%* (0.304)
Education level Low -0.090 (0.282) 0.571%* (0.288) -0.067 (0.217) -0.550%* (0.234) 0.089 (0.239) 0.268 (0.220) -0.659*F%* (0.221)
Medium -0.048 (0.225) 0.331 (0.254) -0.346* (0.208) -0.272 (0.213) -0.153 (0.233) 0.556*F* (0.210) -0.247 (0.210)
High 0.262 (0.226) 0.306 (0.286) -0.518** (0.230) 0.022 (0.226) 0.044 (0.246) 0.425* (0.227) -0.377%* (0.122)
All 0.089 (0.134) 0.359** (0.154) -0.276%%* (0.122) -0.257** (0.125) -0.013 (0.134) 0.423%%* (0.123) -0.377%%% (0.122)

Note: Significance levels are indicated by stars: *p < 0.05, **p < 0.01, ***p < 0.001.
Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe
(SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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4.7  Limits of our Study

Our study presents several potential limitations that could have impacted its robustness and the
extrapolation of its findings.

4.7.1 Database and sample limitations

The SHARE database is, as its name suggests, primarily focused on the acquisition of health and
demographic data. While it includes monetary data, they are not the main focus of these
guestionnaires, so it should be kept in mind that the information may not be complete nor an accurate
representation of reality for the entire elderly population.

The sample size of 3,933 individuals, while substantial, might still be considered too small to fully
capture the diversity and complexity of the population under study. With such a limited sample, there
is a greater risk that the results may be influenced by outliers, which could skew the overall findings.

The extrapolation of the findings could also be limited due to the focus on the elderly in Europe. While
this focus provides valuable insights, the results might not be applicable to younger populations or
those outside Europe. Moreover, the sociodemographic and health characteristics of the elderly in
Europe could restrict the applicability of the conclusions to other demographics or regions.

Additionally, our study control of personal health characteristics might be limited by the simplified
measures used, such as the number of chronic diseases or BMI. These indicators may not fully capture
the complexity of an individual’s health status. Other relevant factors, not considered in this study,
could also lead to omit important influences on the investment behaviors of the elderly.

4.7.2 Methodology limitations

The issue of missing data could also be an important limitation of our study. Although imputation
methods are used by SHARE to estimate missing values, this process might introduce inaccuracies,
potentially affecting the validity of our conclusions.

Methodologically, the cross-sectional nature of our study, despite using longitudinal data, might still
face limitations in establishing causality between variables. The temporal sequence of waves may not
perfectly cover this aspect, leading to possible misinterpretations of cause-and-effect relationships.

Additionally, the simplification of our primarily variables, such as risk profiles, consumption patterns
and personality traits into categorical or dummies, could result in a loss of nuance, failing to fully grasp
the variability and complexity of these traits or behaviors. This could lead to oversimplified conclusions
that do not account for the nuanced ways in which individuals' behaviors and traits interact with their
investment profiles.

4.7.3 Pathways for futures research

Given the results of our study, several pathways for further research have emerged, which could
deepen the understanding of the relationships between risk profiles, consumption patterns,
personality traits and the impact of external shocks like the Covid-19 pandemic.
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One key area for future exploration could be to investigate why the expected relationships between
risky consumption or conscientiousness traits and investment risk profiles did not materialize. It would
be worthwhile to explore whether our findings are specific to elderly sample or whether they reflect
broader trends, potentially requiring more nuanced measures of risky consumption behaviors or
conscientiousness trait.

Similarly, the unexpected results concerning extraversion and neuroticism have prompted further
investigation. Contrary to the literature, our study found that risk diversifier - defensive, rather than
risk seekers, had higher levels of extraversion, while risk averse did not display elevated levels of
neuroticism. Future research could delve into these surprising findings by examining whether these
traits influence investment behaviors differently across age groups or in different economic contexts.

Another path for further research lies in the analysis of the Covid-19 pandemic influence. Although the
study did not find direct evidence linking the pandemic to changes in risk profiles, there are indications
of indirect effects on personality traits like extraversion and agreeableness. Future studies could
employ longitudinal methods to track changes in these traits over time and assess how they interact
with external shocks to influence financial behaviors.

Our findings regarding sociodemographic variables such as age, gender, relationship status, education,
employment status and health status are in line with existing literature in some areas but diverge in
others, particularly concerning gender and employment status. Contrary to previous studies, our
research found that women would be more inclined to take risks and those with stable employment
would be less likely to engage in risky investments. Future research could investigate these
discrepancies, perhaps by examining how gender and/or employment stability interact with other
factors.

Our study findings on regional differences, though exploratory, suggest that cultural and economic
contexts would significantly have impacted investment behaviors. Further research could also
compare how these factors influence risk profiles in regions or countries other than these within the
scope of our study.

Finaly, the study brought to light significant heterogeneity across gender, regions and education level,
indicating that sociodemographic personal characteristics could have played a crucial role in shaping
investment behaviors. Understanding this heterogeneity could be essential for developing a
comprehensive understanding of investment decisions making across diverse populations.
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CONCLUSION

The problematic of our study, within the theme of behavioral finance, was to examine how
consumption behaviors — both risky and healthy — the Big Five personality traits and the Covid-19
pandemic shock influenced investment risk profiles of elderly across Europe.

Contrary to what might have been expected, we found no significant link between risky consumption
behaviors, such as alcohol use or smoking and the likelihood of adopting riskier investment profiles.
However, a healthy lifestyle would indeed be consistent and associated with more risk averse
investment behaviors, indicating that elderly individuals who prioritized their health would tend to
reflect it in being more risk averse in their financial decisions.

In terms of personality traits, our findings challenged some established views. While extraversion
would be often linked to high risk tolerant behavior, we found that individuals with high levels of this
trait would be more likely to exhibit a defensive diversification strategy rather than taking on high risks.
Openness, as anticipated, was also associated with moderate risk willingness, in line with existing
literature. We found no clear connection between conscientiousness and any of our specific
investment profiles. However, agreeableness was strongly linked to risk aversion, confirming the
expectation that more agreeable individuals would tend to be more cautious investors. Finally, higher
levels of neuroticism were not common among risk averse individuals, suggesting that those with
greater emotional instability might have been less likely to avoid risk than previously thought.

Regarding the impact of the Covid-19 pandemic, our analysis did not find conclusive evidence that the
crisis led elderly to shift towards other investment risk profile. Although there were some interactions
identified between the pandemic and certain personality traits like extraversion and agreeableness,
the overall effect of the Covid-19 pandemic on altering investment risk profiles was not significant.

These results require further work to be confirmed with more statistical confidence and obviously
represent a drop is the ocean of the behavioral finance research field. This latter, despite its recent
and growing recognition, still remains largely unchartered territories. But its effects seem to be
increasingly relevant in today's volatile markets. This was again observed, while still drafting this thesis,
on Monday August the 5" 2024 when the Nikkei 225 in Tokyo plummeted by 12.4%, the deepest fall
ever recorded in one day for this index. The cause of this new “Black Monday” (which recovered largely
in the following days)? Probably another overreaction of global investors. Indeed, analysts in the
United States had forecasted a probable recession following the release of alarming July
unemployment figures (Leparmentier, 2024), which were exacerbated by the Federal Reserve's
delayed response in lowering their interest rates. According to them, this could potentially lead to an
economic slowdown in the United States, which, in turn, triggered a worldwide markets drop (Courrier
International, 2024).

This event underscores the profound impact that investor psychology and behavior can have on
financial systems. It serves as a reminder of the power of emotions and cognitive biases in driving
financial decisions - a core focus of behavioral finance. As the world becomes increasingly
interconnected and markets more susceptible to collective actions, how can behavioral finance
research be leveraged to foster greater market stability and prevent such precipitous declines in the
future?
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APPENDICES

Appendix A: Data and Variables description

Table 1: Variables summary

Target Variable

Measure

Dummy variable equals to one for individual
whose portfolio is primarily composed of stock
investments. It can also be a sub-category of

“Risk profiles” coded as 1 for risk seeker.

Dummy variable equals to one for individual
whose portfolio is primarily composed of
mutual fund with a majority of stock

investments. It can also be a sub-category of
“Risk profiles” coded as 2 for risk diversifier -

dynanmic.

Dummy variable equals to one for individual
whose portfolio is primarily composed of
mutual fund with a 50/50 strategy of stocks and

bonds investments. It can also be a sub-category
of “Risk profiles” coded as 5 for risk diversifier -

perfect.

Dummy variable equals to one for individual
whose portfolio is primarily composed of
mutual fund with a majority of bonds

investments. It can also be a sub-category of
“Risk profiles” coded as 3 for risk diversifier -
defensive.

Dummy variable equals to one for individual
whose portfolio is primarily composed of bonds
investments. It can also be a sub-category of
“Risk profiles” coded as 4 for defensive.

Dummy variable equals to one for individual
who do not invest in risky assets. It can also be
a sub-category of “Risk profiles” coded as 6 for
risk averse.

Risk Profile
O  Risk seeker
O  Risk diversifier — dynamic
O Risk diversifier — perfectly
O  Risk diversifier — defensive
O  Defensive
O  Risk averse

Independent Variables
Consumption O  Risky consumption
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Measure

Dummy variable equals to one if individuals
either smokes or drinks in an alarming way.




O  Healthy consumption

Personality O Extraversion

O Openness

O Conscientiousness

O Agreeableness

O Neuroticism

Dummy variable equals to one whether
individuals engage in regular physical activity
and maintain good eating habits, such as
consuming fruits, vegetables, dairy products and
meat.

Dummy variable equals to one if extraversion is
high (= 4), indicating a high level of sociability
and outgoingness.

Dummy variable equals to one if gpenness is high
(= 4), indicating a high level of creativity and

openness to new experiences.

Dummy variable equals to one if conscientiousness
is high (= 4), indicating a high level of
organization and reliability.

Dummy variable equals to one if agreeableness is
high (= 4), indicating a high level of friendliness
and cooperation.

Dummy variable equals to one if neuroticism is
low (= 2), indicating a low level of emotional
instability and anxiety.

Control Variables

Sociodemographic personal traits O  Countty of origin

O Age

O  Older individuals

O  Gender

O  Relationship status
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Measure

Categorial variable coded into four geographical
regions:

1 = Northern Europe (Sweden, Denmark).

2 = Central Europe (Austria, Germany, France,
Switzerland, Belgium).

3 = Eastern Europe (Poland).

4 = Southern Europe (Spain, Italy, Greece).

Categorial variable coded into three groups to
representant the age distribution of the
population:

1 = People under 60 years old.

2 = People between 60 and 69 years old.

3 = People over 70 years old.

Dummy variable equals to one if individuals are
aged above 70 and zero if they are younger
(dummy used to avoid multicollinearity)

Dummy variable equals to one if individuals are

female and zero if they are male.

Dummy variable equals to one if individuals are
in couple and zero if they are single.




O  Educational level

O  Employment status

Health personal characteristics O Number of chronic diseases

known

O  Body Mass Index (BMI)

O  Alarming BMI

O  Self-perceived health status

Categorial variable coded into three groups to
representant  the  maximum  educational
individuals reached:

1 = Low level.

2 = Medium level.

3 = High level.

Categorial variable coded into six groups to
representant the current employment status of
individuals:

1 = Retirement.

2 = Employed or Self-employed.

3 = Unemployed.

4 = Permantely sick.

5 = Homemaker.

6 = Other.

Categorial variable coded into three groups to
representant the number of current known
chronic diseases individuals suffer from:

1 = None.

2 = One or Two chronic diseases.

3 = Three or more chronic diseases.

Categorial variable coded into four groups to
indicates the BMI of participants, calculated
based on their height and weight:

1 = Underweight.

2 = Normal weight.

3 = Overweight.

4 = Obesity.

Dummy variable equals to one if individuals
have an alarming body mass index such as be
underweighted, overweighted or obese and zero
if they have a normal BMI.

(dummy used to avoid multicollinearity)

Categorial variable coded into five groups to
captures participants subjective assessment of
their health:

1 = Excellent.

2 = Very Good.

3 = Good.
4 = Fair.
5 = Poor.
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Table 7: Sample description of sociodemographic characteristics based on Europe regions distribution

(1) 2019-2020 period: PRE-Covid-19 (Wave 8) (2) 2022 petiod: POST-Covid-19 (Wave 9)
Total Total
NC CC EC SC (Pre- Covid) NC CC EC SC (Post-Covid)
Age groups
Under 60 9 (1.1%) 16 (1.0%) 1 (0.4%) 16 (1.4%) 42 (1.1%) 6 (0.7%) 11 (0.7%) 0 (0.0%) 6 (0.5%) 23 (0.6%)
60-69 260 (30.6%) 513 (30.9%) 120 (48.2%) 347 (29.6%) 1,240 (31.5%) 165 (19.4%) 335 (20.2%) 80 (32.1%) 258 (22.0%) 838 (21.3%)
Over 70 582 (68.4%) 1,133 (68.2%) 128 (51.4%) 808 (69.0%) 2,651 (67.4%) 680 (79.9%) 1,316 (79.2%) 169 (67.9%) 907 (77.5%) 3,072 (78.1%)
Gender
Male 466 (54.8%) 919 (55.3%) 146 (58.6%) 671 (57.3%) 2,202 (56.0%) 466 (54.8%) 919 (55.3%) 146 (58.6%) 671 (57.3%) 2,202 (56.0%)
Female 385 (45.2%) 743 (44.7%) 103 (41.4%) 500 (42.7%) 1,731 (44.0%) 385 (45.2%) 743 (44.7%) 103 (41.4%) 500 (42.7%) 1,731 (44.0%)
Relationship status
No 373 (43.8%) 674 (40.6%) 70 (28.1%) 331 (28.3%) 1,448 (36.8%) 385 (45.2%) 701 (42.2%) 78 (31.3%) 375 (32.0%) 1,539 (39.1%)
Yes 478 (56.2%) 988 (59.4%) 179 (71.9%) 840 (71.7%) 2,485 (63.2%) 466 (54.8%%) 961 (57.8%) 171 (68.7%) 796 (68.0%) 2,394 (60.9%)
Level of education
Low 192 (22.6%) 473 (28.5%) 57 (22.9%) 775 (66.2%%) 1,497 (38.1%) 192 (22.6%) 473 (28.5%) 57 (22.9%) 773 (66.0%) 1,495 (38.0%)
Medium 310 (36.4%) 715 (43.0%) 164 (65.9%) 257 (21.9%) 1,446 (36.8%) 310 (36.4%) 714 (43.0%) 164 (65.9%) 258 (22.0%) 1,446 (36.8%)
High 349 (41.0%) 474 (28.5%) 28 (11.2%) 139 (11.9%) 990 (25.2%) 349 (41.0%) 475 (28.6%) 28 (11.2%) 140 (12.0%) 992 (25.2%)
Current job
situation
Retired 730 (85.8%) 1,484 (89.3%) 219 (88.0%) 775 (66.2%) 3,208 (81.6%) 775 (91.1%) 1,552 (93.4%) 239 (96.0%) 805 (68.7%) 3,371 (85.7%)
Employed or self-
employed 93 (10.9%) 93 (5.6%) 8 (3.2%) 64 (5.5%) 258 (6.6%) 57 (6.7%) 56 (3.4%) 3 (1.2%) 30 (2.6%) 146 (3.7%)
Unemployed 2.(0.2%) 6 (0.4%) 1(0.4%) 11 (0.9%) 20 (0.5%) 1(0.1%) 2 (0.1%) 0 (0.0%) 3 (0.3%) 6 (0.2%)
Permanently sick 8 (0.9%) 7 (0.4%) 13 (5.2%) 21 (1.8%) 49 (1.2%) 8 (0.9%) 2 (0.1%) 3 (1.2%) 26 (2.2%) 39 (1.0%)
Homemaker 3 (0.4%) 63 (3.8%) 1.(0.4%) 274 (23.4%) 341 (8.7%) 1(0.1%) 48 (2.9%) 1(0.4%) 270 (23.1%) 320 (8.1%)
Other 15 (1.8%) 9 (0.5%) 7 (2.8%) 26 (2.2%) 57 (1.4%) 9 (1.1%) 2 (0.1%) 3 (1.2%) 37 (3.2%) 51 (1.3%)
N 851 (21.6%) 1,662(42.3%) 249 (6.3%) 1,171 (29.8%) 3,933 (100.0%) 851 (21.6%) 1,662 (42.3%) 249 (6.3%) 1,171(29.8) 3,933 (100.0%)

Note: NC = Northern Countries; CC = Central Countries; EC= Eastern Countries; SC= Southern Countries.
Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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Table 8: Sample description of health characteristics based on Europe regions distribution

(1) 2019-2020 period: PRE-Covid-19 (Wave 8) (2) 2022 period: POST-Covid-19 (Wave 9)
Total Total
NC CcC EC SC (Pre- Covid) NC CcC EC SC (Post-Covid)
Number of
chronic diseases
None 178 (20.9%) 274 (16.5%) 25 (10.0%) 161 (13.7%) 638 (16.2%) 146 (17.2%) 268 (16.1%) 29 (11.6%) 132 (11.3%) 575 (14.6%)
1or2 440 (51.7%) 853 (51.3%) 95 (38.2%) 575 (49.1%) 1,963 (49.9%) 441 (51.8%) 815 (49.0%) 99 (39.8%) 562 (48.0%) 1,917 (48.7%)
3+ 233 (27.4%) 535 (32.2%) 129 (51.8%) 435 (37.1%) 1,332 (33.9%) 264 (31.0%) 579 (34.8%) 121 (48.6%) 477 (40.7%) 1,441 (36.6%)
BMI groups
Underweight 15 (1.8%) 21 (1.3%) 1 (0.4%) 4(0.3%) 41 (1.0%) 21 (2.5%) 28 (1.7%) 2 (0.8%) 7 (0.6%) 58 (1.5%)
Normal weight 377 (44.3%) 691 (41.6%) 64 (25.7%) 349 (29.8%) 1,481 (37.7%) 380 (44.7%) 707 (42.5%) 68 (27.3%) 379 (32.4%) 1,534 (39.0%)
Overweight 303 (35.6%) 603 (36.3%) 98 (39.4%) 510 (43.6%) 1,514 (38.5%) 300 (35.3%) 606 (36.5%) 94 (37.8%) 505 (43.1%) 1,505 (38.3%)
Obesity 156 (18.3%) 347 (20.9%) 86 (34.5%) 308 (26.3%) 897 (22.8%) 150 (17.6%) 321 (19.3%) 85 (34.1%) 280 (23.9%) 836 (21.3%)
Self-perceived
health status
Excellent 122 (14.3%) 95 (5.7%) 1 (0.4%) 28 (2.4%) 246 (6.3%) 127 (14.9%) 90 (5.4%) 2 (0.8%) 21 (1.8%) 240 (6.1%)
Very good 266 (31.3%) 331 (19.9%) 18 (7.2%) 151 (12.9%) 766 (19.5%) 242 (28.4%) 331 (19.9%) 18 (7.2%) 163 (13.9%) 754 (19.2%)
Good 255 (30.0%) 749 (45.1%) 110 (44.2%) 452 (38.6%) 1,566 (39.8%) 283 (33.3%) 749 (45.1%) 113 (45.4%) 448 (38.3%) 1,593 (40.5%)
Fair 170 (20.0%) 392 (23.6%) 90 (36.1%) 415 (35.4%) 1,067 (27.1%) 166 (19.5%) 380 (23.4%) 79 (31.7%) 410 (35.0%) 1,044 (26.5%)
Poor 38 (4.5%) 95 (5.7%) 30 (12.0%) 125 (10.7%) 288 (7.3%) 33 (3.9%) 103 (6.2%) 37 (14.9%) 129 (11.0%) 302 (7.7%)
N 851 (21.6%) 1,662(42.3%) 249 (6.3%) 1,171(29.8%) 3,933 (100.0%) 851 (21.6%) 1,662(42.3%) 249 (6.3%) 1,171(29.8%) 3,933 (100.0%)

Note: NC = Northern Countries; CC = Central Countries; EC= Eastern Countries; SC= Southern Countries. Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and
Retirement in Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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Appendix B: Methodology

Table 11: Correlation coefficients of variables (wave 8: pre-Covid-19 period)

Risk Healthy Risky Extra-  Agreeable-  Conscious- Open-  Neuro- Age Gender Couple Country Education Employment Chronic BMI Self-
Profile consumption consumption version ness ness ness ticism regions status status perceived
health
status
Risk profile 1.00
Healthy 0.04 1.00
consumption
Risky -0.02 -0.01 1.00
consumption
Extraversion -0.11 0.02 0.03 1.00
Agreeableness -0.01 0.00 -0.04 0.12 1.00
Consciousness 0.01 -0.06 -0.03 0.08 0.08 1.00
Openness -0.05 -0.03 -0.02 0.09 -0.01 0.05 1.00
Neuroticism -0.13 -0.02 0.04 0.15 0.17 0.07 0.07 1.00
Age -0.03 0.09 -0.10 -0.01 0.01 0.00 -0.02 0.02 1.00
Gender -0.11 -0.02 0.10 -0.02 -0.04 -0.01 -0.03 0.11 0.06 1.00
Couple 0.03 -0.06 0.00 -0.02 -0.06 0.05 -0.01 -0.05 -0.16 0.25 1.00
Country 0.33 0.07 -0.07 -0.21 -0.12 -0.01 -0.07 -0.2 -0.01 -0.02 0.13 1.00
regions
. -0.20 -0.10 0.10 0.05 -0.02 0.01 0.13 0.08 -0.10 0.10 0.01 -0.35 1.00
Education
Empl nt
mployme 0.10 0.08 -0.06 -0.05 0.02 -0.01 -0.03 -0.09 -0.16 -0.26 0.04 03 -0.18 1.00
status
Chronic 0.07 0.09 -0.03 -0.03 -0.05 -0.08 -0.03 -0.09 0.16 -0.04 -0.05 0.10 -0.09 0.03 1.00
Diseases
BMI 0.06 0.03 -0.03 0.03 -0.02 -0.07 -0.05 -0.03 -0.03 0.07 0.05 0.13 -0.13 0.06 0.20 1.00
Self-perceived 0.16 0.19 -0.03 -0.12 -0.07 -0.09 -0.09 -0.18 0.14 -0.06 -0.03 0.26 -0.21 0.08 0.40 0.15 1.00

health status

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI:
10.6103/SHARE.w9.900.
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Table 12: Correlation coefficients of variables (wave 9: post-Covid-19 period)

Risk Healthy Risky Extra- Agreeable- Conscious- Open-  Neuro- Age Gender Couple Country Education Employment Chronic BMI Self-
profile consumption consumption version ness ness ness ticism regions status status perceived
health
status
Risk Profile 1.00
Healthy 0.08 1.00
consumption
Risky -0.04 -0.03 1.00
consumption
Extraversion -0.07 -0.01 0.04 1.00
Agreeableness -0.04 0.02 -0.02 0.12 1.00
Consciousness 0.03 -0.05 -0.03 0.08 0.08 1.00
Openness -0.03 -0.05 -0.02 0.09 0.00 0.05 1.00
Neuroticism -0.13 -0.02 0.05 0.15 0.17 0.07 0.07 1.00
Age -0.02 0.10 -0.09 0.00 -0.01 -0.02 -0.03 0.03 1.00
Gender -0.11 -0.04 0.07 -0.03 -0.04 -0.01 -0.03 0.11 0.07 1.00
Couple 0.01 -0.05 -0.01 -0.02 -0.06 0.06 -0.01 -0.04 -0.17 0.27 1.00
Country 0.33 0.12 -0.07 -0.22 -0.11 0.00 -0.07 -0.20 -0.03 -0.02 0.11 1.00
regions
. -0.21 -0.14 0.10 0.06 -0.02 0.00 0.13 0.08 -0.08 0.10 0.02 -0.35 1.00
Education
Employment 0.10 0.09 -0.06 -0.03 0.02 -0.01 -0.04 -0.08 -0.12 -0.26 0.02 0.34 -0.20 1.00
status
Chronic 0.06 0.08 -0.07 -0.03 -0.03 -0.06 -0.02 -0.07 0.16 -0.01 -0.06 0.09 -0.09 0.02 1.00
diseases
BMI 0.05 0.04 -0.04 0.04 -0.02 -0.07 -0.04 -0.04 -0.01 0.06 0.05 0.12 -0.11 0.05 0.19 1.00
Self-perceived 0.17 0.23 -0.04 -0.12 -0.10 -0.08 -0.08 -0.18 0.10 -0.06 -0.04 0.26 -0.22 0.11 0.37 0.16 1.00

health status

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI:
10.6103/SHARE.w9.900.
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Table 13: First variance inflation factor analysis

Variables VIF
1.10
Healthy consumption
1.04
Risky consumption
1.10
Exctraversion
1.11
Agreeableness
1.05
Conscientionsness
1.07
Openness
1.13
Nenroticism
25.96
Age (Between 60 and 70)
Age (Over 70) 27.08
19.71
BMI (Normal)
BMI (Overweight) 19.91
BMI (Obesity) 14.8
1.26
Gender
1.1
Relationship status 6
1.94
Country (Central)
Country (Eastern) 1.41
Country (Southern) 2.33
1.46
Education (Medium level)
Education (High level) 1.52
1.19
Job (Employed or self-employed)
Job (Unemployed) 1.03
Job (Permantely sick) 1.05
Job (Homemaker) 1.29
Job (Other) 1.03
2.
Chronic diseases (One or two) 30
Chronic diseases (Three or more) 2.59
. 3.41
Self-perceived health status (Very Good)
Self-perceived health status (Good) 4.94
Self-perceived health status (Fair) 4.58
Self-perceived health status (Poor) 2.42

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE)
Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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Table 14: Second variance inflation factor analysis with new updated dummies (in bold)

Variables VIF
1.10
Healthy consumption
1.04
Risky consumption
. 1.10
Extraversion
1.10
Agreeableness
1.04
Conscientionsness
1.07
Openness
1.13
Nenroticism
1.22
Older individuals (Over 70)
Alarming BMI (Underweight or overweight 1.07
or obesity)
1.24
Gender
1.16
Relationship status
1.94
Country (Central)
Country (Eastern) 1.41
Country (Southern) 2.33
1.46
Education (Medium level)
Education (High level) 1.52
1.14
Job (Employed or self-employed)
Job (Unemployed) 1.02
Job (Permantely sick) 1.05
Job (Homemaker) 1.28
Job (Other) 1.03
2.29
Chronic diseases (One or two)
Chronic diseases (Three or more) 2.57
. 3.41
Self-perceived health status (Very Good)
Self-perceived health status (Good) 4.94
Self-perceived health status (IFair) 4.58
Self-perceived health status (Poor) 2.42

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE)
Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI: 10.6103/SHARE.w9.900.
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Appendix C: Results

Table 15: Random-effects probit regression (panel data) for RISK SEEKER profile

Variables Model 1 Model 2 Model 3 Model 4
Post Covid-19 dummy -0.0148 -0.0113 -0.0089 -0.0039
(0.0654) (0.0655) (0.0655) (0.1685)
Age: Older (+ 70 years old) 0.1015 0.1098 0.1078 0.1090
(0.1083) (0.1086) (0.1080) (0.1098)
Gender: Female 0.4624%%* 0.4632%%* 0.4413%%* 0.4475%%%
(0.1051) (0.1055) (0.1065) (0.1079)
Relationship status: Couple -0.0029 -0.0063 0.0055 0.0067
(0.1033) (0.1034) (0.1040) (0.1052)
Country region: Central -1.0888#* -1.0921 k¢ -1.1156%* -1.131 7k
(0.1172) (0.1173) (0.1233) (0.1252)
Country region: Eastern -2.7390k* -2.7469%* -2.757 5%k -2.7970x*
(0.4145) (0.4148) (0.4189) (0.4252)
Country region: Southern -2.5088#* -2.5053%%* -2.4868%* -2.5200%%*
(0.2264) (0.2263) (0.2291) (0.2329)
Education level: Medium 0.3319%%* 0.3297#¢* 0.2810%* 0.2872%*
(0.1277) (0.1279) (0.1283) (0.1299)
Education level: High 0.4875%** 0.4792%** 0.4339%%* 0.4418%%*
(0.1333) (0.1339) (0.1344) (0.1361)
Job: Employed/self-employed -0.1587 -0.1568 -0.1507 -0.1381
(0.1843) (0.1842) (0.1839) (0.1858)
Job: Unemployed -0.0499 -0.0672 -0.0360 -0.0619
(0.8020) (0.8052) (0.8043) (0.8207)

Job: Permanently sick
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Table 15: Random-effects probit regression (panel data) for RISK SEEKER profile

Job: Homemaker

Job: Other

BMI: Alarming situation

Chronic diseases: 1-2 diseases

Chronic diseases: 3+ diseases

Health status: Very good

Health status: Good

Health status: Fair

Health status: Poor

Consumption: Risky

Consumption: Healthy

Personality: Extraversion

Personality: Openness

0.2534
(0.2500)
-0.4052
(0.4389)
0.0473
(0.0934)
-0.0844
(0.1129)
-0.1614
(0.1326)
-0.1253
(0.1467)
-0.2193
(0.1506)
-0.2346
(0.1669)
-0.4470%
(0.2456)

75

0.2599
(0.2502)
-0.4041
(0.4388)
0.0468
(0.0934)
-0.0825
(0.1129)
-0.1603
(0.1327)
-0.1327
(0.1468)
-0.2225
(0.1506)
-0.2322
(0.1668)
-0.4273*
(0.2465)
0.0309
(0.1122)
-0.1413
(0.1214)

0.2691
(0.2506)
-0.3802
(0.4369)
0.0336
(0.0936)
-0.0777
(0.1131)
-0.1569
(0.1328)
-0.1209
(0.1470)
-0.1926
(0.1513)
0.1883
(0.1684)
-0.3731
(0.2474)
0.0201
(0.1127)
-0.1521
(0.1217)
0.0852
(0.1003)
0.1892*
(0.1044)

0.2706
(0.2540)
-0.4105
(0.4453)
0.0372
(0.0948)
-0.0734
(0.1143)
-0.1674
(0.1344)
01141
(0.1490)
0.1835
(0.1533)
0.1741
(0.1707)
-0.3493
(0.2501)
-0.1076
(0.1446)
-0.1724
(0.1721)
02172
(0.1218)
0.2063
(0.1258)



Table 15: Random-effects probit regression (panel data) for RISK SEEKER profile

Personality: Conscientionsness - -0.0610 0.0157
(0.1097) (0.1343)
Personality: Agrecableness - -0.1993* -0.3534k¢
(0.1021) (0.1242)
Personality: Neuroticism - 0.2143** 0.1932
(0.1010) (0.1227)
Risky consumption * post Covid-19 - - 0.2463
(0.1761)
Healthy consumption * post Covid-19 - - 0.0335
(0.2182)
Extraversion * post Covid-19 - - -0.2640%*
(0.1341)
Openness * post Covid-19 - - -0.0293
(0.1372)
Conscientiousness * post Covid-19 - - -0.1525
(0.1472)
Agreeableness * post Covid-19 - - 0.2999**
(0.1362)
Neuroticism * post Covid-19 - - 0.0473
(0.1338)
Observations 7,778 7,778 7,778
Pseudo R? 0.211 0.215 0.217

Note: ¥*p<0.01, **p<0.05, *p<0.1 Coefficients are first written and standard errors are in parentheses.

Done based on « Sutvey of Health, Ageing and Retitement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retitement in Europe (SHARE) Wave 9». (2024). Data sets: DOIL 10.6103/SHARE.w8.900 & DOI:

10.6103/SHARE.w9.900.

Pscudo R? = 1 — Log Liketihood entire model (Veall & Zimmermann, 1994). Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.

Log Likelihood Iteration 0
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Table 16: Random-effects probit (panel data) regression for RISK DIVERSIFIER - DYNAMIC profile

Variables Model 1 Model 2 Model 3 Model 4
Post Covid-19 dummy 0.0560 0.0561 0.0556 0.2832
(0.0704) (0.0704) (0.0703) (0.1700)
Age: Older (+ 70 years old) 0.1255 0.1269 0.1222 0.1263
(0.1031) (0.1034) (0.1030) (0.1035)
Gender: Female 0.2969%** 0.3015%F* 0.2919%** 0.2918%+*
(0.0931) (0.0933) (0.0938) (0.0942)
Relationship status: Couple 0.0301 0.0261 0.0411 0.0426
(0.0922) (0.0923) (0.0920) (0.0930)
Country region: Central -0.4420%** -0.4445%+* -0.4352%%% -0.4380%***
(0.0964) (0.0964) (0.1004) (0.1008)
Country region: Eastern -2.0480%** -2.0544# ¢ -2.0884*+* -2.1018%**
(0.4745) (0.4748) (0.4812) (0.4855)
Country region: Southern -1.3839%k* -1.3833%#¢ -1.3741%%¢ -1.3771k
(0.1814) (0.1813) (0.1834) (0.1844)
Education level: Medium 0.2973%** 0.2977#%* 0.2924%* 0.2934x**
(0.1170) (0.1170) (0.1170) (0.1174)
Education level: High 0.5167*** 0.5175%F* 0.5088*** 0.5077***
(0.1209) (0.1210) (0.1212) (0.1217)
Job: Employed/self-employed 0.2023 0.2066 0.1984 0.2029
(0.1690) (0.1689) (0.1683) (0.1695)
Job: Unemployed (empty) (empty) (empty) (empty)
Job: Permanently sick 0.7525%* 0.7695%* 0.7792%* 0.7715%*
(0.3880) (0.3892) (0.3877) (0.3890)
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Table 16: Random-effects probit (panel data) regression for RISK DIVERSIFIER - DYNAMIC profile

Job: Homemaker

Job: Other

BMI: Alarming situation

Chronic diseases: 1-2 diseases

Chronic diseases: 3+ diseases

Health status: Very good

Health status: Good

Health status: Fair

Health status: Poor

Consumption: Risky

Consumption: Healthy

Personality: Extraversion

Personality: Openness

-0.1879
(0.2827)
-0.0472
(0.4394)

0.0066
(0.0860)
0.0659
(0.1138)
0.0913
(0.1304)
-0.1848
(0.1447)
-0.1240
(0.1432)
-0.3054*
(0.1614)

-0.4843%*
(0.2384)

78

-0.1869
(0.2826)
-0.0438
(0.4385)
0.0083
(0.0859)
0.0669
(0.1138)
0.0914
(0.1304)
-0.1852
(0.1446)
-0.1239
(0.1431)
-0.2999*
(0.1614)
-0.4663*
(0.2395)
-0.0552
(0.1072)
-0.0716
(0.1180)

-0.1962
(0.2826)
-0.0398
(0.4349)
-0.0052
(0.0860)
0.0612
(0.1136)

0.0807
(0.1300)
-0.1982
(0.1443)
-0.1466
(0.1436)

10.3396%*
(0.1628)

-0.5041%*
(0.2405)
-0.0680
(0.1075)
-0.0751
(0.1177)
-0.0079
(0.0895)

0.0190
(0.0926)

-0.1971
(0.2840)
-0.0404
(0.4382)
-0.0045
(0.0864)
0.0612
(0.1140)

0.0776
(0.1305)
-0.1952
(0.1450)
0.1418
(0.1440)

-0.3370%*
(0.1636)

-0.4957%*
(0.2421)
-0.0923
(0.1442)

0.0679
(0.1605)

0.0648
(0.1159)

0.0166
(0.1204)



Table 16: Random-effects probit (panel data) regression for RISK DIVERSIFIER - DYNAMIC profile

Personality: Conscientionsness - - -0.2499%k* -0.1641
(0.0940) (0.1240)

Personality: Agrecableness - - -0.0514 -0.0743
(0.0898) (0.1174)

Personality: Neuroticism - - -0.0053 0.0478
(0.0891) (0.1160)

Risky consumption * post Covid-19 - - - 0.0522
(0.1889)

Healthy consumption * post Covid-19 - - - -0.2833
(0.2202)

Extraversion * post Covid-19 - - - -0.1438
(0.1435)

Openness * post Covid-19 - - - 0.0052
(0.1479)

Conscientiousness * post Covid-19 - - - -0.1624
(0.1505)

Agreeableness * post Covid-19 - - - 0.0454
(0.1452)

Neuroticism * post Covid-19 - - - -0.1025
(0.1428)

Observations 7,840 7,840 7,840 7,840

Pseudo R? 0.131 0.131 0.134 0.136

Note: ¥*p<0.01, **p<0.05, *p<0.1 Coefficients are first written and standard errors are in parentheses.
Done based on « Sutvey of Health, Ageing and Retitement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retitement in Europe (SHARE) Wave 9». (2024). Data sets: DOIL 10.6103/SHARE.w8.900 & DOI:
10.6103/SHARE.w9.900.

Pseudo R? = 1 — Loglikelihood entire model (Veall & Zimmermann, 1994). Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.

Log Likelihood Iteration 0
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Table 17: Random-effects probit regression (panel data) for RISK DIVERSIFIER - PERFECT profile

Variables Model 1 Model 2 Model 3 Model 4
Post Covid-19 dummy -0.0898 -0.0854 -0.0843 0.0189
(0.0577) (0.0576) (0.0576) (0.1487)
Age: Older (+ 70 years old) 0.0325 0.0426 0.0348 0.0374
(0.0913) (0.0913) (0.0912) (0.0910)
Gender: Female 0.2627+%* 0.2659%+* 0.2498%+* 0.2502%**
(0.0877) (0.0875) (0.0881) (0.0885)
Relationship status: Couple -0.1649* -0.1711+* -0.1813** -0.1800**
(0.0863) (0.0861) (0.0864) (0.0868)
Country region: Central -0.3727%%¢ -0.3751%%¢ -0.3720%** -0.3746%*+*
(0.0925) (0.0922) (0.0968) (0.0972)
Country region: Eastern -2.9466%** -2.9498* ¢ -2.9630%+* -2.97271%%¢
(0.55906) (0.5577) (0.5565) (0.5573)
Country region: Southern -1.6352%F* -1.6227*** -1.6017*** -1.6099%**
(0.1617) (0.1608) (0.1634) (0.1642)
Education level: Medium 0.2138** 0.2103** 0.1946* 0.1945*
(0.10406) (0.1043) (0.1044) (0.1049)
Education level: High 0.3877** 0.3809#** 0.3874%+* 0.3889***
(0.1099) (0.1097) (0.1102) (0.1107)
Job: Employed/self-employed -0.3672** -0.3635** -0.3501** -0.3559**
(0.1741) (0.1734) (0.1730) (0.1737)
Job: Unemployed (empty) (empty) (empty) (empty)
Job: Permanently sick -0.1264 -0.1069 -0.1160 -0.1275
(0.4645) (0.4671) (0.4672) (0.4702)
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Table 17: Random-effects probit regression (panel data) for RISK DIVERSIFIER - PERFECT profile

Job: Homemaker -0.2191 -0.2067 -0.2118 -0.2215
(0.2193) (0.2188) (0.2189) (0.2207)
Job: Other 0.1984 0.2117 0.2233 0.2144
(0.3183) (0.3172) (0.3153) (0.3182)
BMI: Alarming situation -0.1136 -0.1113 -0.1170 -0.1170
0.0791) (0.0788) (0.0791) (0.0794)
Chronic diseases: 1-2 diseases 0.0042 0.0055 0.0144 0.0130
(0.0981) (0.0979) (0.0977) (0.0982)
Chronic diseases: 3+ diseases -0.0250 -0.0261 -0.0213 -0.0196
(0.1144) (0.1141) (0.1139) (0.1144)
Health status: Very good 0.1191 0.1154 0.1193 0.1055
(0.1330) (0.1328) (0.1328) (0.1334)
Health status: Good -0.0220 -0.0198 -0.0110 -0.0219
(0.1352) (0.1348) (0.1353) (0.1359)
Health status: Fair -0.3571%* -0.3409** -0.3249%* -0.3419%*
(0.1512) (0.1510) (0.1520) (0.1528)
Health status: Poor -0.4661** -0.4164* -0.3979* -0.4275%*
(0.2150) (0.2157) (0.2165) (0.2181)
Consumption: Risky - 0.0055 -0.0107 0.0059
(0.0978) (0.0979) (0.1236)
Consumption: Healthy - -0.2242%* -0.2278** -0.3273%*
(0.1084) (0.1084) (0.1545)
Personality: Extraversion - - 0.0975 0.0711
(0.0844) (0.1020)
Personality: Openness - - -0.1045 -0.0798
(0.0880) (0.1062)
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Table 17: Random-effects probit regression (panel data) for RISK DIVERSIFIER - PERFECT profile

Personality: Conscientionsness - - 0.0900 0.0671
(0.0940) (0.1140)

Personality: Agrecableness - - -0.1888** -0.0946
(0.0849) (0.1027)

Personality: Neuroticism - - 0.1024 0.1562
(0.0845) (0.1021)

Risky consumption * post Covid-19 - - - -0.0259
(0.1567)

Healthy consumption * post Covid-19 - - - 0.1924
(0.1968)

Extraversion * post Covid-19 - - - 0.0557
(0.1167)

Openness * post Covid-19 - - - -0.0523
(0.12106)

Conscientiousness * post Covid-19 - - - 0.0469
(0.1312)

Agreeableness * post Covid-19 - - - -0.1960
(0.1177)

Neuroticism * post Covid-19 - - - -0.1135
(0.1168)

Observations 7,840 7,840 7,840 7,840

Pseudo R? 0.173 0.174 0.176 0.178

Note: ¥*p<0.01, **p<0.05, *p<0.1 Coefficients are first written and standard errors are in parentheses.
Done based on « Sutvey of Health, Ageing and Retitement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retitement in Europe (SHARE) Wave 9». (2024). Data sets: DOIL 10.6103/SHARE.w8.900 & DOL:
10.6103/SHARE.w9.900.

Pscudo R? = 1 — Log Liketihood entire model (Veall & Zimmermann, 1994). Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.

Log Likelihood Iteration 0
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Table 18: Random-effects panel probit regression for RISK DIVERSIFIER - DEFENSIVE profile

Variables Model 1 Model 2 Model 3 Model 4
Post Covid-19 dummy -0.0793 -0.0780 -0.0772 -0.1387
(0.1003) (0.1005) (0.1008) (0.2611)
Age: Older (+ 70 years old) -0.2620* -0.2535% -0.2437* -0.2429*
(0.13306) (0.1341) (0.1341) (0.1375)
Gender: Female 0.3998%** 0.4116%F* 0.4212%%* 0.4324%%%
(0.1317) (0.1325) (0.1347) (0.1387)
Relationship status: Couple -0.2824* -0.2942%* -0.2650** -0.2796**
(0.1285) (0.1290) (0.1290) (0.1333)
Country region: Central -0.2938** -0.3002%* -0.3229%* -0.3292+*
(0.1366) (0.1368) (0.1444) (0.1482)
Country region: Eastern -1.0127+** -1.0364*** -0.9875%+* -1.0218***
(0.3950) (0.3964) (0.3995) (0.4130)
Country region: Southern -0.6736*** -0.6700%* -0.6389%+* -0.6510%**
(0.2037) (0.2035) (0.21006) (0.2163)
Education level: Medium 0.3003* 0.3023* 0.2559 0.2646
(0.1621) (0.1622) (0.1620) (0.1669)
Education level: High 0.4979%** 0.5003#** 0.4330%+* 0.4495%**
(0.1683) (0.1689) (0.1691) (0.1738)
Job: Employed/self-employed -0.1982 -0.1936 -0.2148 -0.2074
(0.2517) (0.2519) (0.2538) (0.2595)
Job: Unemployed (empty) (empty) (empty) (empty)
Job: Permanently sick (empty) (empty) (empty) (empty)
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Table 18: Random-effects panel probit regression for RISK DIVERSIFIER - DEFENSIVE profile

Job: Homemaker -0.3292 -0.3160 -0.2990 -0.2937
(0.3849) (0.3840) (0.3857) (0.3938)

Job: Other 0.2376 0.2464 0.2527 0.2701
(0.4452) (0.4442) (0.4500) (0.4570)

BMI: Alarming situation -0.1198 -0.1207 -0.1494 -0.1549
(0.1184) (0.1184) (0.1190) (0.1225)

Chronic diseases: 1-2 diseases 0.2519 0.2553 0.2435 0.2398
(0.16706) (0.1680) (0.1684) (0.1722)

Chronic diseases: 3+ diseases 0.0250 0.0233 0.0131 -0.0007
(0.1951) (0.1955) (0.1957) (0.2004)

Health status: Very good -0.0315 -0.0399 -0.0056 0.0160
(0.2278) (0.2280) (0.2297) (0.2355)

Health status: Good 0.1197 0.1129 0.1915 0.2113
0.2217) (0.2215) (0.2245) (0.2305)

Health status: Fair 0.0699 0.0884 0.1796 0.2000
(0.2422) (0.2421) (0.24063) (0.2531)

Health status: Poor -0.0140 0.0516 0.1609 0.2071
(0.3322) (0.3337) (0.3373) (0.3460)

Consumption: Risky - -0.1096 -0.1125 -0.0293
(0.1505) (0.1508) (0.1925)

Consumption: Healthy - -0.2904 -0.3142* -0.4114
(0.1841) (0.1855) (0.2713)
Personality: Extraversion - - 0.2209* 0.3431%*
(0.1239) (0.1622)
Personality: Openness - - 0.2973%* 0.3769**
(0.1272) (0.1620)
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Table 18: Random-effects panel probit regression for RISK DIVERSIFIER - DEFENSIVE profile

Personality: Conscientionsness - - -0.1062 -0.0890
(0.1325) (0.1725)
Personality: Agrecableness - - -0.0827 -0.3214x
(0.1241) (0.1640)
Personality: Neuroticism - - 0.1541 0.1458
(0.1243) (0.1615)
Risky consumption * post Covid-19 - - - -0.2421
(0.2850)
Healthy consumption * post Covid-19 - - - 0.1496
(0.3564)
Extraversion * post Covid-19 - - - -0.2447
(0.2080)
Openness * post Covid-19 - - - -0.1532
(0.2079)
Conscientiousness * post Covid-19 - - - -0.0490
(0.2257)
Agreeableness * post Covid-19 - - - 0.5109%*
(0.2183)
Neuroticism * post Covid-19 - - - 0.0398
(0.2106)
Observations 7,752 7,752 7,752 7,752
Pseudo R? 0.166 0.168 0.172 0.174

Note: ¥*p<0.01, **p<0.05, *p<0.1 Coefficients are first written and standard errors are in parentheses.

Done based on « Sutvey of Health, Ageing and Retitement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retitement in Europe (SHARE) Wave 9». (2024). Data sets: DOIL 10.6103/SHARE.w8.900 & DOL:

10.6103/SHARE.w9.900.

Pscudo R? = 1 — Log Liketihood entire model (Veall & Zimmermann, 1994). Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.

Log Likelihood Iteration 0
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Table 19: Random-effects probit (panel data) regression for DEFENSIVE profile

Variables Model 1 Model 2 Model 3 Model 4

Post Covid-19 dummy -0.0525 -0.0449 -0.0471 -0.0297
(0.1240) (0.1240) (0.1240) (0.3073)

Age: Older (+ 70 years old) 0.3599* 0.3577* 0.3749* 0.3742*
(0.2067) (0.2067) (0.2077) (0.2101)

Gender: Female 0.1701 0.1798 0.1874 0.1899
(0.1748) (0.1740) (0.1751) (0.1771)

Relationship status: Couple -0.2426 -0.2504 -0.2705 -0.2805
(0.1723) (0.1720) (0.1728) (0.1752)

Country region: Central -0.1174 -0.1348 -0.2746 -0.2781
(0.20506) (0.2051) (0.2145) (0.2166)

Country region: Eastern -0.6361 -0.6684 -0.7608 -0.7642
(0.4984) (0.4983) (0.5049) (0.5091)

Country region: Southern 0.2106 0.2105 0.1352 0.1392
(0.2397) (0.2382) (0.2459) (0.2480)

Education level: Medium 0.4492%* 0.4472%* 0.3885* 0.3912*
(0.2079) (0.2074) (0.20061) (0.2085)

Education level: High 0.3225 0.3237 0.2520 0.2559
(0.2292) (0.2285) (0.2275) (0.2296)

Job: Employed/self-employed 0.4591 0.4550 0.4625 0.4696
(0.3207) (0.3198) (0.3190) (0.3220)

Job: Unemployed (empty) (empty) (empty) (empty)
Job: Permanently sick (empty) (empty) (empty) (empty)
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Table 19: Random-effects probit (panel data) regression for DEFENSIVE profile

Job: Homemaker -0.0344 -0.0374 -0.0448 -0.0265
(0.3140) (0.3140) (0.3161) (0.3175)

Job: Other (empty) (empty) (empty) (empty)
BMI: Alarming situation -0.0049 -0.0082 0.0012 0.0045
(0.1587) (0.1581) (0.1580) (0.1601)

Chronic diseases: 1-2 diseases 0.0624 0.0614 0.0585 0.0549
(0.2040) (0.2035) (0.2037) (0.2050)

Chronic diseases: 3+ diseases -0.3050 -0.3088 -0.3075 -0.3126
(0.2479) (0.2470) (0.2477) (0.2500)

Health status: Very good 0.0315 0.0223 0.0057 -0.0035
(0.2989) (0.2977) (0.2962) (0.2989)

Health status: Good -0.0250 -0.0267 -0.0221 -0.0268
(0.2965) (0.2948) (0.2935) (0.2959)

Health status: Fair -0.1725 -0.1553 -0.1450 -0.1647
(0.3248) (0.3235) (0.3237) (0.3275)

Health status: Poor 0.1773 0.2443 0.2548 0.2448
(0.3902) (0.3925) (0.3942) (0.3985)

Consumption: Risky - -0.1635 -0.1639 -0.0301
(0.2106) (0.2120) (0.2642)

Consumption: Healthy - -0.2712 -0.2680 -0.1562
(0.2180) (0.2187) (0.3001)

Personality: Extraversion - - -0.0731 -0.0821
(0.1692) (0.2117)

Personality: Openness - - 0.4319%* 0.3709*
(0.1734) (0.2132)
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Table 19: Random-effects probit (panel data) regression for DEFENSIVE profile

Personality: Conscientionsness - - 0.1535 0.0952
(0.1881) (0.2345)

Personality: Agrecableness - - -0.2080 -0.1004
(0.1665) (0.2068)

Personality: Neuroticism - - 0.0449 0.0381
(0.1653) (0.2079)

Risky consumption * post Covid-19 - - - -0.3136
(0.3817)

Healthy consumption * post Covid-19 - - - -0.2378
(0.4004)

Extraversion * post Covid-19 - - - 0.0191
(0.2588)

Openness * post Covid-19 - - - 0.1335
(0.2522)

Conscientiousness * post Covid-19 - - - 0.1273
(0.2970)

Agreeableness * post Covid-19 - - - -0.2268
(0.2560)

Neuroticism * post Covid-19 - - - 0.0144
(0.2552)

Observations 7,644 7,644 7,644 7,644

Pseudo R? 0.164 0.165 0.167 0.169

Note: #*p<0.01, **p<0.05, ¥p<0.1 Coefficients are first written and standard errors are in parentheses.
Done based on « Sutvey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI:
10.6103/SHARE.w9.900.

Pseudo R? = 1 — LegLikelihood entire model (Veall & Zimmermann, 1994). Although Pseudo R? values are small, they increase progressively, indicating that the model increasingly explains the variability in the data.

Log Likelihood Iteration 0
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Table 20: Random-effects probit (panel data) regression for RISK AVERSE profile

Variables Model 1 Model 2 Model 3 Model 4
Post Covid-19 dummy 0.0874 0.0786 0.0765 -0.1231
(0.0545) (0.0546) (0.0546) (0.1375)
Age: Older (+ 70 years old) -0.1710 -0.1844 -0.1782 -0.1856*
(0.1047) (0.1048) (0.1049) (0.1057)
Gender: Female -0.7646%** -0.7694xx* -0.7333%** -0.7395%**
(0.11406) (0.1145) (0.1151) (0.1160)
Relationship status: Couple 0.2035* 0.2139%* 0.2027* 0.2013*
(0.1074) (0.1072) (0.1077) (0.1085)
Country region: Central 1.4301%+* 1.4334%+* 1.462070+* 1.4743%%%
(0.1312) (0.1308) (0.1367) (0.1378)
Country region: Eastern 4.584(pk+k 4.5933%xk 4.6152%x* 4.6513%%*
(0.4523) (0.4496) (0.4517) (0.4572)
Country region: Southern 3.3485%F* 3.3344%F* 3.3039%* 3.3328%#*
(0.2130) (0.2123) (0.2161) (0.2183)
Education level: Medium -0.6486*** -0.6431wx* -0.583 7%+ -0.5895%**
0.1322) (0.1319) (0.1320) (0.1330)
Education level: High -1.0707+** -1.0597** -1.0067*+* -1.0166%**
(0.1442) (0.1439) (0.1442) (0.1454)
Job: Employed/self-employed 0.1700 0.1648 0.1583 0.1528
(0.1837) (0.1833) (0.1836) (0.1854)
Job: Unemployed 1.8315 1.8446** 1.8070* 1.8126*
(0.9370) (0.9373) (0.9327) (0.9431)
Job: Permanently sick 0.3419 0.3139 0.2778 0.3069
(0.5070) (0.5090) (0.5076) (0.5123)
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Table 20: Random-effects probit (panel data) regression for RISK AVERSE profile

Job: Homemaker

Job: Other

BMI: Alarming situation

Chronic diseases: 1-2 diseases

Chronic diseases: 3+ diseases

Health status: Very good

Health status: Good

Health status: Fair

Health status: Poor

Consumption: Risky

Consumption: Healthy

Personality: Extraversion

Personality: Openness

-0.0391
(0.2213)
0.1021
(0.3565)
0.1114
(0.0923)
-0.0994
(0.1071)
0.0710
(0.1261)
0.0787
(0.1458)
0.1972
(0.1501)
0.4787%+*
(0.1636)
0.6279%+*
(0.2224)

-0.0558
(0.2211)
0.0831
(0.3542)
0.1100
(0.0921)
-0.0986
(0.1070)
0.0723
(0.1260)
0.0886
(0.1457)
0.2024
(0.1499)
0.4700%%*
(0.1635)
0.578 1%+
(0.2228)
0.0299
(0.1105)
0.3013%%+
(0.1101)
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-0.0561
(0.2214)
0.0701
(0.3533)
0.1226
(0.0924)
-0.1030
(0.1071)
0.0662
(0.1260)
0.0746
(0.1459)
0.1704
(0.1504)
04247+
(0.1645)
0.5275%*
(0.2238)
0.0470
(0.1108)
0.3079%*+
(0.1103)
-0.1471
(0.1076)
-0.2043*
(0.1109)

-0.0695
(0.2234)
0.0529
(0.3561)
0.1184
(0.0930)
-0.1066
(0.1077)
0.0711
(0.1269)
0.0743
(0.1471)
0.1716
(0.1516)
0.4232%*
(0.1658)
0.5193**
(0.2254)
0.0892
(0.1338)
0.3587%*
(0.1536)
-0.2758%*
(0.1215)
-0.2574%*
(0.1249)



Table 20: Random-effects probit (panel data) regression for RISK AVERSE profile

Personality: Conscientionsness - 0.0577 -0.0134
(0.1182) (0.1343)
Personality: Agrecableness - 0.3527*** 0.4225%**
(0.1081) (0.1225)
Personality: Neuroticism - -0.3298*+* -0.3772%%*
(0.1082) (0.1222)
Risky consumption * post Covid-19 - - -0.0983
(0.1511)
Healthy consumption * post Covid-19 - - -0.0900
(0.1860)
Extraversion * post Covid-19 - - 0.2602**
(0.1109)
Openness * post Covid-19 - - -0.1329
(0.1110)
Conscientiousness * post Covid-19 - - 0.1408
(0.1221)
Agreeableness * post Covid-19 - - 0.1049
(0.1124)
Neuroticism * post Covid-19 - - 0.0908
(0.1103)
Observations 7,866 7,866 7,866
Pseudo R? 0.188 0.190 0.191

Note: #*p<0.01, **p<0.05, ¥p<0.1 Coefficients are first written and standard errors are in parentheses.

Done based on « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 8 » & « Survey of Health, Ageing and Retirement in Europe (SHARE) Wave 9». (2024). Data sets: DOI: 10.6103/SHARE.w8.900 & DOI:

10.6103/SHARE.w9.900.

Log Likelihood entire model
PseudoR?=1— ——
Log Likelihood Iteration 0
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EXECUTIVE SUMMARY

This study, as a contribution to the behavioral finance research field, aimed at understanding how risky
consumption behaviors (i.e. smoking and/or alarming drinking) and healthy consumption patterns (i.e.
daily consumption of fruits, vegetables, meat and dairy products, along with regular physical activities),
the big Five personality traits (extraversion, openness, conscientiousness, agreeableness and
neuroticism) and the Covid-19 pandemic shock influenced the investment risk profiles (risk seeker,
dynamic or perfect or defensive risk diversifier, defensive and risk averse) of the elderly across eleven
European countries, while taking into account the effect of personal sociodemographic and health
characteristics.

Using secondary data from SHARE, the study focused on both pre- (2019 to early 2020) and post-Covid-
19 pandemic (2022) periods. This longitudinal study employed a methodology that first applied a series
of four incremental random-effects probit panel regressions to analyze the relationships between
these independent variables and each of the six investment profiles independently. Then, to assess
whether the Covid-19 pandemic had a causal effect on potential changes in these profiles, we used a
fixed-effects multinomial logit panel regression.

The initial panel regression models showed that, for our sample of elderly, risky consumption
behaviors would not have had a significant relationship with any investment risk profiles. However,
the literature suggests that risky behaviors would tend to be interconnected and are often found in
other aspects of life (Mudryj et al.,, 2019; among others). This would also be true for healthy
consumption behaviors (Peretti-Watel et al., 2013; among others). Our study confirmed the latter, that
elderly who maintained healthy daily consumption habits would be risk averse.

The same models showed that among the five personality traits, extraversion, which is typically
associated with a greater propensity for risk taking (Sahinidis et al., 2020; among others), was
correlated in our study to cautious risk diversification, indicating a moderately low level of risk. The
trait of openness is also associated in literature with risk taking but in a more moderate way (Lai, 2019;
Wang et al., 2016). Our study similarly found that a high level of openness would correspond to
cautious diversification, resulting in a moderate level of risk. The third trait, conscientiousness, is
generally associated with moderate risk taking and could sometimes lead towards both risk seeking
and risk averse behaviors (Isidore & Arun, 2021; Yadav & Narayanan, 2021). However, our study did
not find a significant relationship between conscientiousness and risk profiles in our sample. The fourth
trait, agreeableness, is typically associated with risk aversion at high levels (Ahmad & Maochun, 2019)
and our findings were in line with this, showing that a high level of agreeableness would be linked to
risk aversion. Finally, the trait of neuroticism, at high levels, is generally associated with risk aversion
(De Bortoli et al., 2019; Oehler & Wedlich, 2018). However, our study found a negative influence of
high neuroticism on risk aversion, suggesting a tendency towards risk seeking rather than risk
avoidance, although our model did not specify the exact level of risk.

Regarding the Covid-19 pandemic shock, although the literature suggests that a crisis bringing
uncertainty would typically lead to increased risk aversion (Heo et al., 2021; among others), our
multinomial logit panel model did not show any significant influence on the evolution of the
investment profiles of the elderly from a period to the other. However, we found an indirect effect of
Covid-19 pandemic on the personality traits of extraversion and agreeableness, which in turn would
have impacted their influence on these investment profiles.
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