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Situations involving risk are common in human affairs, from financial investments, criminal behavior, 
and health-related decisions. Peoples’ self-reported risk preferences, where individuals in various ways 
report how they feel about risk, have been considered central to understanding why, and predict when, 
people behave differently in real-life situations involving risk. However, various other factors have also 
been suggested as predictors, including age, gender, education, income, anxiety, sensation seeking, 
impulsivity, and personality traits like neuroticism and extraversion. Still, research is limited on which 
factors best predict the frequency of risk-taking in real life. In this study, we asked respondents (n = 760) 
to report how often they engaged in various risk-taking behaviors along with the abovementioned 
variables with the aim of predicting risk-taking frequency. The results from Bayesian multi-model 
inference analyses showed that the most important predictors of risk-taking frequency were 
impulsivity, sensation seeking, health and social risk preferences, and gender. The study highlights the 
importance of examining multiple variables simultaneously when predicting risk-taking frequency. The 
importance of the concept of general risk-preference, which occupies a central role in many influential 
theories of risk-taking, should arguably be reconsidered.
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Risk – referring to situations with known outcome variance or behaviors with short-term rewards but potential 
downsides1–5- is an inherent part of human life, shaping decisions that range from the mundane to the 
extraordinary. Whether deciding to invest in the stock market, partake in extreme sports like bungee jumping, 
or engage in behaviors like smoking, individuals constantly navigate uncertain outcomes. Mapping and 
understanding human behavior in situations involving risk has long been a central research question in the social 
sciences resulting in several prominent theories, both normative (expected utility theory6: and descriptive (e.g., 
[cumulative]prospect theory7,8:, and for understanding clinical outcomes (4,5). One variable that contemporary 
researchers have suggested is critical for predicting an individual’s engagement in risk-taking behavior is risk 
preference—that is, whether a person is attracted to risks or not9–11. From this perspective, individuals who are 
more attracted to risks should also engage more in risk-taking behaviors12,13.

However, risk preferences measured by self-assessment of how people feel about risk, stated risk-preferences 
(SRPs), have shown mixed results regarding to how it is associated with the extent that people actually engage 
in risk-taking behavior12,14. In addition, there are discussions about whether it is best to use general or domain-
specific risk preference in research15,16. For example, it has been argued that both general and domain-specific 
risk preference can predict risk-taking frequency and that the type of behavior to be investigated should govern 
which of them should be used15.

Even more critically, the predictive ability of SRPs have not been directly compared to that of relevant 
associated constructs. In addition to risk preference, other factors have indeed been shown to play a role in the 
number of risk-taking behaviors people engage in outside of the lab, including age, gender, education, income, 
anxiety, sensation seeking, impulsivity, and personality traits (extraversion, neuroticism). We do not claim 
that those variables constitute an exhaustive list of such factors – however, in our opinion, they are the most 
prominent ones suggested in the literature that explicitly focus on understanding risk-taking behaviors outside 
of the lab.

Age plays a critical role in frequency of risk-taking behavior and follows an inverted U-shaped curve, being 
low in childhood, increases during puberty, peaks in adolescence and early adulthood, and declines in later 
adulthood17,18. This trend can be explained by the development of the prefrontal cortex (PFC), which matures 
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gradually into early adulthood and is responsible for cognitive control, decision-making, and inhibition19. 
Adolescents and young adults are more likely to engage in risk-taking behaviors such as high-speed driving, 
smoking, and binge drinking because their cognitive control systems are still developing, while their emotional 
and affective systems are more sensitive to rewards and excitement20. As individuals age, improved cognitive 
control reduces their propensity to take risks.

Gender differences in risk-taking are well-documented, with men engaging in higher levels of risk-taking 
frequency compared to women across domains like substance use, gambling, and financial investments21,22. 
Social norms and gender identity further amplify these differences. For example, men are often socialized to 
view risk-taking as a marker of masculinity, particularly behaviors such as heavy alcohol consumption and 
thrill-seeking23,24. Women, on the other hand, are more likely to take risks in social and career-related domains 
where they feel more confident and value success22. Gendered media portrayals also influence behavior, with 
alcohol consumption depicted as socially desirable for men but stigmatized for women25.

A negative relationship exists between educational level and risk-taking frequency. Individuals with lower 
educational attainment are more likely to engage in risky behaviors such as smoking, substance use, violence, 
and unprotected sex26,27. For instance, adolescents with lower education levels exhibit higher rates of sexual risk-
taking and substance use compared to their more educated peers. One explanation is that lower education may 
be part of a broader cluster of problem behaviors that share common risk and protective factors, such as lack of 
support or impulsive tendencies28.

Similarly, income has a negative correlation with risk-taking across various domains. Individuals with lower 
income levels tend to engage more frequently in health risks like smoking and alcohol abuse, as well as financial 
and traffic-related risks29–31. A possible explanation is that individuals with fewer resources take more risks to 
improve their circumstances, such as taking high-interest loans to resolve debts32. Additionally, poverty may 
encourage a focus on immediate rewards, such as relaxation or social status, over long-term benefits, leading to 
behaviors like substance use30.

The relationship between anxiety and risk-taking frequency is complex, with studies reporting mixed 
findings. Some research suggests a negative relationship, where individuals with higher anxiety avoid risks due 
to cognitive biases such as heightened sensitivity to uncertainty or threat33,34. This manifests in risk-avoidant 
financial decisions, such as abstaining from investments or gambling. In contrast, other studies find a positive 
relationship between anxiety and risk-taking, particularly among adolescents, where risky behaviors serve as a 
coping mechanism to alleviate aversive emotions35,36. This temporary relief reinforces the behavior, contributing 
to increased engagement in risk-taking.

Sensation seeking is one of the strongest predictors of risk-taking frequency. Defined as the pursuit of novel, 
intense, and thrilling experiences, sensation seeking motivates behaviors such as extreme sports, gambling, and 
substance use37. Research consistently shows a positive relationship between sensation seeking and risk-taking 
across multiple domains, including health, recreational, and finances38,39. The excitement and reward associated 
with risky activities act as positive reinforcement, making sensation-seekers more likely to engage in behaviors 
others may avoid40.

Impulsivity, characterized by actions performed without forethought, also predicts higher risk-taking 
frequency. Impulsive individuals struggle with self-control, making them more susceptible to short-term 
rewards despite potential long-term negative consequences36,41. Behaviors such as risky driving, unprotected 
sex, and substance use often provide immediate pleasure or relief, reinforcing the impulsive tendencies of these 
individuals40,42. This lack of self-regulation increases their involvement in behaviors with uncertain outcomes.

Finally, personality traits like extraversion and neuroticism have been linked to risk-taking frequency. 
Extroverted individuals, who are social, energetic, and thrill-seeking, are more likely to take risks to pursue 
excitement and rewards36. Conversely, neurotic individuals, who experience high levels of anxiety, may engage 
in risk-taking as a coping strategy to reduce negative emotions temporarily35. However, the relationship between 
neuroticism and risk-taking can vary based on individuals’ ability to manage their emotions. Research suggests 
that combinations of personality traits are particularly important, as traits like low conscientiousness coupled 
with high extraversion and neuroticism predict greater risk-taking and more frequent accidents43.

By studying the abovementioned variables at the same time as risk preferences, their respective role in 
predicting the frequency of risk-taking behaviors outside laboratory settings can be clarified. Perhaps the role of 
risk preference needs to be neutralized and other variables emphasized as central to research? Another reason 
to test the predictive power of these variables is that many real-life risk-taking behaviors can have profound and 
often polarizing consequences, either strongly positive or strongly negative. For instance, financial investments 
can lead to wealth accumulation and long-term stability, but they can also result in substantial losses and financial 
hardship. Similarly, engaging in extreme sports may bring exhilaration, personal growth, and physical fitness, 
but it also carries the risk of serious injury or death. To design more effective clinical interventions that help 
individuals adjust their natural risk-taking tendencies—whether by encouraging beneficial risks or mitigating 
harmful ones—it is crucial to identify the psychological mechanisms that most strongly predict these behaviors 
and focus on them as targets for intervention.

Here, we address the research gap in a cross-sectional survey study (n = 760) in which participants reported 
their risk-taking frequency across several real-life behaviors, along with filling in validated self-report measures 
of the abovementioned correlates. Table 1 provides an overview of the included variables. More specifically, the 
study addresses the following research questions: (i) Which variables are the most important predictors of real-
life risk-taking frequency when multiple established correlates are modeled simultaneously? (ii) Does general 
risk preference—which occupies a central role in many theories of risk-taking—remain an important predictor 
when other variables are included? (iii) Do domain-specific risk preferences predict risk-taking frequency, and 
if so, which domains are most important? Given the limited prior research directly comparing these predictors, 
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we adopted an exploratory approach using Bayesian model averaging rather than testing specific directional 
hypotheses. (see Method).

Results
Descriptive statistics
Table 1. Descriptive statistics for the non-demographic continuous variables included in the study, including 
means (M), medians (Md.) minimal values (Min.), maximal values (Max.) percentiles, and standard deviations 
(SD).

Bayesian model averaging
The Bayesian regression analysis showed that impulsivity, sensation seeking, health risk preference, social risk 
preference, and gender are important variables for predicting risk-taking frequency. For these five variables, the 
posterior probabilities increased from their prior probabilities to 1.00 for impulsivity, sensation seeking, and 
health risk preference; 0.965 for social risk preference; and 0.918 for gender. Posterior probabilities equal to or 
close to 1.00 indicate that the model most likely to best predict risk-taking frequency includes these variables. 
The five most important variables remained consistent regardless of the prior probability settings used in JASP.

The BFinclusion values revealed that models including impulsivity, sensation seeking, or domain specific risk 
preference were > 1,000 times more likely than models without the terms, and the corresponding value was 
7.11 for social risk preference and 4.56 for gender 7.23. Figure 2 illustrates the change from prior to posterior 
probabilities and presents the BFinclusion for all variables (the full table of estimates along with averaged estimates 
for standardized regression coefficients are provided in Table S1 in the Supplementary Material).

Thus, the most likely variables for predicting risk-taking frequency are impulsivity, sensation seeking, health 
risk preference, social risk preference, and gender. Among these, impulsivity has the strongest predictive power, 
as its standardized regression coefficient is the highest (β = 0.338; SD = 0.033). In descending order of predictive 
power, the next variables are sensation seeking (β = 0.200; SD = 0.036), health risk preference (β = 0.185; 
SD = 0.035), social risk preference (β = 0.111; SD = 0.040), and gender (β = 0.087; SD = 0.040).

Discussion
The purpose of this study was to investigate the potential roles of variables such as risk preference, age, gender, 
education level, income, anxiety, sensation seeking, impulsivity, and the personality traits extraversion and 
neuroticism in predicting individuals’ risk-taking frequency. The variables most likely to predict risk-taking 
frequency from a probabilistic perspective, when considering a comprehensive range of relevant predictive 
models, were impulsivity, sensation seeking, health risk preference, social risk preference, and gender. Impulsivity 
had the strongest predictive power, as its standardized regression coefficient was the highest. In descending order 
of predictive power, the next were sensation seeking, health risk preference, social risk preference, and gender.

The finding that impulsivity and sensation seeking play key roles in predicting risk-taking frequency and 
have the strongest predictive power aligns with previous research, which has consistently shown evidence of 
their relationship with risk-taking38,44. In this study, regression coefficients indicated a positive relationship 
between both impulsivity and sensation seeking and risk-taking frequency.

Theories presented in the introduction can explain why sensation-seekers and impulsive individuals tend 
to engage in more risk-taking behaviors than others. It has been argued that risk taking appeals to sensation-
seekers because such behaviors often involve excitement40. Additionally, many risk-taking behaviors offer short-
term positive consequences36, which, from a learning theory perspective, influence behavior more strongly than 

Variable M Md. Min. Max. 25th perc. 75th perc. SD

General risk preference 17.4 16. 8.00 40.00 12.0 21.0 6.35

Domain-specific (recreational) 2.20 2.00 1.00 5.00 1.00 3.00 1.25

Domain-specific (health) 1.83 1.00 1.00 5.00 1.00 2.00 1.04

Domain-specific (career) 2.10 2.00 1.00 5.00 1.00 3.00 1.13

Domain-specific (safety) 1.86 2.00 1.00 5.00 1.00 2.00 1.03

Domain-specific (social) 2.60 2.00 1.00 5.00 2.00 4.00 1.22

Domain-specific (financial) 1.75 1.00 1.00 5.00 1.00 2.00 1.97

Anxiety 11.1 11.0 5.00 20.00 8.00 14.0 3.83

Neuroticism 5.27 5.00 2.00 10.00 4.00 7.00 1.98

Extraversion 6.88 7.00 2.00 10.00 6.00 8.00 2.07

Sensation seeking 22.3 22.0 8.00 40.00 17.0 27.0 6.70

Impulsivity 31.4 31.0 16.0 56.00 26.0 36.0 6.79

Risk-taking frequency 
(sum of ranks) 6789 6730 4070 10,408 5944 7574 1193

Table 1.  Provide descriptive statistics for the variables presented in the methods section. Figure 1 Provide a 
correlation matrix for (Kendall’s tau) for predictors used in the inference analyses. Note that this matrix is for 
illustrative purposes, aiding the interpreting the multi-model inferences. Thus, they Provide no hypothesis 
testing.
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long-term consequences42. Impulsive individuals’ lack of self-control may make them more susceptible to short-
term rewards, explaining their higher risk-taking frequency36,40,42.

Sensation seeking and impulsivity have also shown consistent evidence of correlation with risk preferences45,46. 
At the same time, prior studies have found a relationship between risk preferences and risk-taking frequency. 
The current study demonstrates that impulsivity and sensation seeking can predict risk-taking frequency when 
risk preferences are included in the analysis and that general risk preference loses its predictive power when 
additional variables are included. One possibility is that impulsivity and sensation seeking influence stated risk 
preferences, which in turn relate to behavior; alternatively, impulsivity and sensation seeking may be more 
proximal predictors of risk-taking, with stated general risk preference serving partly as a downstream reflection 
of these traits. However, the causal ordering among these variables cannot be determined from cross-sectional 
data. One might worry that impulsivity and risk-taking frequency overlap conceptually. However, impulsivity 
predicted domain-specific indices that do not obviously reflect impulsive behavior, such as health and economic 
risks (see Tables S4-S8), suggesting the relationship is not purely tautological.

Consistent with previous studies, the current research also shows that domain-specific risk preferences, 
particularly in health and social contexts, can predict risk-taking frequency47,48. The results also align with prior 
findings indicating that men engage in risk taking more frequently22,23. One possible explanation is that social 
constructions of masculinity often involve risk-taking behaviors24,49.

The results challenge earlier assumptions that risk preference is the central factor in predicting risk-taking 
frequency9–11. While previous research suggests that all domain-specific risk preferences have good predictive 
validity47, the current study does not support this claim. It appears more effective to focus on specific domain-
specific risk preferences, as this study found that only two of the six domains (health and social) are significant 
in predicting risk-taking frequency, while safety, recreational, and career risk preferences showed evidence of not 
being important predictors. One possibility could be that health and social risks are more ubiquitous in everyday 
life compared to recreational risks (e.g., extreme sports) or financial risks (e.g., gambling), which require specific 
opportunities or resources. The everyday prevalence of health and social risk decisions may make preferences 
in these domains more behaviorally consequential for a general adult sample. Additionally, the results indicate 
that general risk preference has moderate evidence for not being a key variable, which also contradicts previous 
research47,50,51.

Beyond general risk preference and the aforementioned domains, extraversion, income, education level, 
and anxiety also showed moderate evidence of not being important in predicting risk-taking frequency. This 
contradicts prior research that found correlations between these variables and risk taking27,30,43,52. These findings 
may reflect the diminishing importance of these variables when additional predictors are included in the analysis. 
To test this, we conducted additional analyses not outlined in the pre-registration protocol where we assessed 
how likely the variables are be predictive when used as standalone predictors. Indeed, all variables except 
education, income, neuroticism, and extraversion should conclusive evidence when examined in isolation. The 
full results are presented in the Supplementary Material (Table S2).

Several limitations should be acknowledged. First, nineteen survey questions were combined into a measure 
of risk-taking frequency, which was deemed appropriate as previous research has suggested that these or similar 
behaviors represent typical risk decisions16,53. However, aggregating the questions into a single scale may be 
problematic for two reasons: (i) if the questions have low internal consistency, resulting in low reliability for the 
aggregated scale, and (ii) if risk-taking frequency is domain-specific rather than general, in which case it should 
be measured separately, as different variables might predict different domains of risk-taking.

To address concerns about psychometric properties, we conducted additional analyses not outlined in the 
pre-registration protocol. First, a principal component analysis (PCA) was conducted to evaluate the questions 
in the aggregated scale. PCA is specifically used to group items into fewer indices, unlike factor analysis, which 
aims to identify underlying constructs54. The PCA revealed that the questions from the risk-taking frequency 
scale grouped into five interpretable indices labeled as health, procrastination, social, safety, and economic (see 
Table S3 in the Supplementary Material). Each of the five identified indices included two or three questions, 
while five questions did not load onto any index. If the scale had unacceptably low reliability, items would not 
have grouped into coherent indices. Furthermore, the scale correlated in expected directions with theoretically 
related constructs such as impulsivity, sensation seeking, and risk preferences (see Fig. 1), providing evidence 
of convergent validity. Relatedly, our scale captures heterogeneous behaviors across domains and is better 
understood as a formative rather than reflective measure—an individual may engage heavily in one type of 
risk-taking (e.g., smoking) but not another (e.g., gambling), and this heterogeneity is substantively meaningful 
rather than indicative of poor reliability55. For formative measures, traditional internal consistency metrics such 
as Cronbach’s alpha are not appropriate and may even be misleading46. A final concern regarding the outcome 
measure is the use of rank-transformed items to handle extreme outliers. This approach preserves information 
about high-risk individuals and improves distributional properties, but it compresses meaningful variation at 
the extremes—for example, someone smoking 40 cigarettes versus one may be only one rank apart. Our outcome 
measure therefore captures relative risk-taking frequency rather than absolute behavioral counts, which limits 
interpretation of effect magnitudes.

To test the argument that risk-taking frequency is domain-specific rather than general, Bayesian regression 
analyses were conducted on each of the new indices (see Table S4-S8 in the Supplementary Material). If the 
variables identified in the study’s main results were not found to be likely predictors when measured against 
domain-specific risk-taking frequency, this would argue against the use of an aggregated scale. The analyses 
showed that sensation seeking and impulsivity were important variables for predicting domain-specific risk-
taking frequency in three and four of the five cases, respectively (health, social, and safety indices for sensation 
seeking; health, procrastination, safety, and economic indices for impulsivity). The domain-specific risk 
preferences for health and social were not important for all indices but most predicted their corresponding 
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indices (health and social). Gender was important in two of the five indices (health and safety). These analyses 
confirm that the most important predictors, in terms of overall likelihood, are impulsivity and sensation seeking 
and that domain-specific risk preference are important predictors when measured within its corresponding 
domain of risk-taking frequency. In none of these analyses was general risk preference found to be a likely 
predictor for any form of risk-taking frequency. The fact that impulsivity and sensation seeking remained 
important in most cases when risk-taking frequency was measured across domains supports the validity of an 
aggregated scale. However, gender, which was presented as important in the main analyses, no longer emerged 
as likely, highlighting limitations in the use of an aggregated scale.

Another limitation is that we did not include a separate measure of self-control, which is commonly studied 
alongside impulsivity and sensation seeking in the risk-taking literature56. Although impulsivity and self-control 
are often considered closely related constructs57, it is fair to say that they have distinct predictive profiles58. 
Future research should include dedicated measures of both to examine their independent contributions to risk-
taking frequency.

Also, our measure of risk-taking frequency relied on self-report, consistent with the ‘frequency measures’ 
tradition in risk research14. Validation studies suggest that self-reported behavioral frequencies show acceptable 
correspondence with objective criteria in several domains: self-reported smoking shows high concordance with 
cotinine biomarkers59,60, and self-reported alcohol consumption correlates moderately with direct biomarkers61. 
However, correspondence varies across domains and populations, and obtaining objective records across 
the diverse behaviors assessed here (substance use, traffic incidents, social risks, financial decisions) was not 
feasible. Future research should further examine the relationship between self-reported risk-taking frequency 
and objectively verified behavior.

Beyond addressing the limitations noted above, several directions for future research warrant consideration. 
As noted in the Introduction, risk can be conceptualized from an economic perspective—emphasizing outcome 
variance—or from a clinical perspective—emphasizing behaviors with potentially harmful consequences- Our 

Fig. 1.  Correlation matrix of included variables. Kendall’s Tau estimates between all variables that were 
considered as predictors in the modeling analyses and the outcome variable (risk-taking frequency).
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operationalization of risk-taking frequency includes items that span both conceptualizations. Some items 
align more clearly with the economic perspective, such as gambling (which explicitly involves probability 
distributions) and extreme sports (which involve known injury probabilities). Other items align more with the 
clinical perspective, capturing behaviors with potential negative consequences where outcome probabilities are 
less precisely defined, such as procrastination, disclosing confidential information, or expressing dissenting 
opinions. Many items involve elements of both—for instance, smoking and traffic violations involve both 
quantifiable outcome variance and potential for harm. While this breadth allowed us to capture a broad ecology 
of everyday risk-taking behaviors62, it also means we cannot determine whether impulsivity, sensation seeking, 
and domain-specific risk preferences would remain the strongest predictors if risk-taking were operationalized 
strictly according to one perspective or the other. Future research should examine more closely whether the 
predictive importance of these variables differs across the economic and clinical conceptualizations of risk.

Relatedly, a distinction can be made between asocial risk-taking—behaviors with consequences primarily for 
the self—and antisocial risk-taking—behaviors involving potential harm to others (e.g., aggression, criminality). 
Our scale included items spanning both types, though it was not designed to systematically distinguish between 
them. Whether asocial and antisocial risk-taking have different predictors, or whether the relative importance 
of impulsivity, sensation seeking, and risk preferences differs across these categories, is an interesting question 
for future research.

Finally, future research should seek to leverage objective data to test the claims brought forward here. Our 
measure of risk-taking frequency relied on self-report, consistent with the ‘frequency measures’ tradition14, 
which captures actual risky activities through retrospective self-assessment.

Conclusions and implications
The results show that the most important predictors of risk-taking frequency are impulsivity, sensation seeking, 
health and social risk preferences, and gender. The study highlights the importance of examining multiple 
variables simultaneously when studying the prediction of risk-taking frequency. The results have potentially 
important implications for several fields within the social sciences. Much research on risk-taking frequency 
has focused on risk preferences but should, in the future, broaden its perspective to focus instead on sensation 
seeking, impulsivity, gender, and the domain-specific risk preferences for health- and social risks. The findings 
suggest that less emphasis should be placed on individuals stated general attraction to taking risks.

Whether an individual chooses to engage in risk-taking behavior can impact life outcomes and quality of 
life63–65. Therefore, it can be important from a clinical perspective to help individuals either increase or decrease 
their risk-taking frequency. Clinicians should be aware that individuals who identify as men, those who score 
high on health and social risk preferences, and individuals with high impulsivity and sensation seeking are 
generally more likely to accumulate engagement in risk-taking behaviors. A focus on methods to reduce or 
increase the impact of traits like sensation seeking and impulsivity may, therefore, be useful for individuals 
struggling with either high or low risk-taking66.

Fig. 2.  Importance of the predictors in terms of posterior inclusion probabilities. BFs depict how much more 
likely models that include a variable are compared to those that exclude it. Dotted line illustrates the prior 
inclusion probability.
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Method
The study design and overarching analysis plan were pre-registered prior to data collection (https://osf.io/54xk3/). 
The study received approval by meeting all the necessary criteria outlined in the Swedish Act concerning the 
Ethical Review of Research Involving Humans (2003:460). The research was conducted in accordance with 
relevant guidelines and regulations, including the Declaration of Helsinki. Informed consents were obtained 
from all the participants.

Participants
The selection for the survey used a snowball sampling method in January and February of 2021. The survey 
was initially distributed to friends and acquaintances, who were asked to share it further with people in their 
networks. It was also shared in approximately 20 different Facebook groups and emailed to organizations where 
participants were expected to live in various parts of Sweden. Posters were put up in Stockholm as well. Since 
the survey was primarily distributed on Swedish platforms, the majority of respondents were expected to reside 
in Sweden. Participants had to be over 18 years old to take part. A total of 825 individuals responded. Due 
to insufficient response rates on certain scales (< 80%; see Sect.  2.5, Data Processing), 7.88% (n = 65) of the 
respondents were excluded from the analysis.

After accounting for the exclusions, 66.8% (n = 508) identified as women, 33.0% (n = 251) as men, 0.1% 
(n = 1) as other, and 0% chose not to answer the question. The average age was 38.4 years (SD = 14.0). The median 
monthly income was SEK 32,000, and the average income was SEK 45,772 (SD = 75,429), aligning rather closely 
with general population data [​h​t​t​p​s​:​​​/​​/​w​w​​w​.​s​c​​b​.​​s​e​/​​e​n​/​​f​i​n​d​​i​​n​g​-​s​t​a​​t​i​s​t​​i​​c​s​/​s​t​a​​t​i​s​​t​i​​c​​s​-​b​y​​-​s​u​​b​j​e​​c​t​​-​a​r​​e​a​/​​l​a​​b​o​u​r​-​​​m​a​r​k​e​​
t​​/​w​a​g​e​​s​-​s​​a​l​​a​​r​i​e​s​-​​a​n​​d​-​l​​a​b​​o​u​r​​-​c​​o​s​t​​​s​/​w​a​g​e​​-​​a​n​d​-​​s​a​l​a​r​y​​​-​s​t​r​​​u​c​t​u​r​e​​s​-​a​n​​d​-​​e​​m​p​l​​​o​y​m​e​n​t​​-​i​n​-​t​h​​e​-​m​​u​n​​i​c​​i​p​a​​l​i​t​i​​e​​s​/​​p​o​n​g​​/​
t​a​​b​l​​e​s​-​a​n​​​d​-​g​r​a​p​h​s​​/​a​v​e​r​a​​g​e​-​​m​o​n​t​h​l​y​-​s​a​l​a​r​y​-​b​y​-​o​c​c​u​p​a​t​i​o​n​/]. Regarding education levels, 0.26% (n = 2) had no 
completed education, 3.42% (n = 26) had completed elementary school, 25.7% (n = 195) had completed high 
school, 16.1% (n = 122) had post-secondary education of less than 3 years, 30.0% (n = 228) had post-secondary 
education of 3 years or more, 21.2% (n = 161) had post-secondary education of 5 years or more, and 3.42% 
(n = 26) had doctoral degrees.

As a token of appreciation for participating, respondents could choose to enter a raffle for a gift card worth 
SEK 500.

Material
Data collection was conducted using a quantitative survey. The survey was primarily based on previously 
validated scales. Below, the scales for all variables are presented.

Demographic variables
Gender was asked based on the gender participants identify with, with the response options being Woman, 
Man, and Other. Education level was assessed by asking participants about their highest completed education, 
with seven response options: No completed education, Elementary school, High school education, Post-secondary 
education, less than 3 years, Post-secondary education, 3 years or more, Post-secondary education, 5 years or 
more, and Doctoral degree. Age and income level were open-ended questions where participants entered their 
responses numerically. Income was specified as monthly income before taxes.

Frequency of risk-taking behaviors
A new scale, based on a frequency measure, was developed by the authors to provide a stronger indication of 
individual engagement in real-life risk-taking behavior and to better highlight differences between individuals 
compared to using pre-existing scales that often rely on a limited set of response options21.

To capture a wide range of real-life risk-taking behavior, 19 questions covering various areas of risk-taking 
were selected (the questions below are translated from Swedish):

	 1.	 How many types of dietary supplements (e.g., vitamins) do you take daily to protect yourself from various 
types of illnesses? Note: Only supplements not prescribed by a doctor.

	 2.	 How much money do you set aside each month as a buffer for “tough times”? Provide the amount in SEK.
	 3.	 How many times have you experienced serious consequences due to alcohol? (e.g., being arrested, severe 

memory loss, hospitalization, relationship problems).
	 4.	 How many extreme sports have you tried? (e.g., bungee jumping, skydiving, mountain climbing).
	 5.	 How many types of insurance do you have? (e.g., accident insurance, home insurance, income insurance, 

insurance for specific items like a phone or TV).
	 6.	 How many times in the past month have you complained to your boss/teacher?
	 7.	 Approximately how many cigarettes have you smoked at most in a single day?
	 8.	 How much money do you spend on various forms of gambling each month? (e.g., lottery tickets, betting, 

online gambling). Provide the amount in SEK.
	 9.	 How many times in the past month have you disclosed a secret a friend told you in confidence to someone 

else?
	10.	 How many times have you been involved in a traffic incident where you were the responsible party? (e.g., 

hitting an object, crashing a car, bike, or scooter).
	11.	 When the sunny season starts, what SPF (sun protection factor) do you typically use?
	12.	 When the sunny season starts, what SPF should you ideally start with?
	13.	 How many times in the past month have you broken traffic rules? (e.g., speeding, running a red light, park-

ing incorrectly). This applies to both driving and walking.
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	14.	 How many times in the past month have you procrastinated work- or school-related tasks until the last 
minute?

	15.	 How many times in the past year have you avoided seeking medical care at a hospital or clinic despite need-
ing it?

	16.	 How many times in the past month have you expressed a differing opinion in a group?
	17.	 How many types of illegal drugs have you consumed? (e.g., cannabis, ecstasy, cocaine, amphetamines, her-

oin, or synthetic variants).
	18.	 How many times in the past month have you missed a deadline?
	19.	 How many times in the past month have you started an argument?

Of these, 13 were adapted from a previous pilot-study where most items showed associations with risk preference 
(see https://osf.io/2cjh3/). That pilot-study also indicated that continuous questions provided stronger regression 
results compared to binary questions. The items used in the pilot-study included questions about risk-taking 
frequency in health (e.g., How many cigarettes have you smoked in a day at most?), economics (e.g., How much 
money do you save each month as a buffer for “tougher times”?), safety (e.g., How many times have you been 
involved in traffic incidents for which you were responsible? Examples: colliding with objects, crashing with a car, 
bike, or scooter.), and recreational activities (e.g., How many extreme sports have you tried? For example, bungee 
jumping, skydiving, mountain climbing.).

To further cover additional areas of risk-taking behaviors, six newly developed items were included, focusing 
on social (e.g., How many times in the past month have you disclosed something a friend confided to you?) and 
career risks (e.g., How many times in the past month have you missed a deadline?). These 19 questions were 
combined into a single measure of risk-taking frequency during the analysis (see Sect. 2.5, Data Processing), 
which was considered appropriate as previous research has suggested that these or similar behaviors represent 
typical risk decisions11,53,62.

Risk preference
Both general and domain-specific risk preferences were included. General risk preference was measured 
using the General Risk Propensity Scale (GRiPSs), which has has demonstrated good reliability and construct 
validity67. Scales measuring domain-specific risk preference, such as DOSPERT16,68, have shown good construct 
validity68 and moderate test-retest reliability16. However, these scales tend to be “pseudo-naturalistic” as they ask 
about the likelihood of engaging in a behavior. In this study, the aim was to make a clear distinction between 
preferences for risks and the actual frequency of behaviors.

To address this, six questions were designed to capture preferences for risks (similar to GRiPS) but tailored 
to the domains previously studied in DOSPERT (i.e., recreational risks, health risks, career risks, financial risks, 
safety risks, and social risks). These six questions were phrased as follows:” I am attracted to risks in the domain 
of recreational activities/health/career/finance/safety/social situations” (see the study’s preregistration: ​h​t​t​p​s​:​/​/​o​s​f​.​
i​o​/​2​c​j​h​3​/​​​​​)​. The scale was translated into Swedish by the authors.

Anxiety
Anxiety was measured using the short version of the Spielberger State-Trait Anxiety Inventory (STAIT-569, 
which assesses how anxious the respondent generally feels. The STAIT-5, consisting of five items, has been 
shown to strongly correlate with the longer version of the scale and demonstrates good internal consistency (α = 
0.82)69. The scale was translated into Swedish by the authors.

Sensation seeking
The Brief Sensation Seeking Scale (BSSS70; was used to measure sensation seeking. This scale is a shorter 
version of the widely used Sensation Seeking Scale V (SSS-V71;, which has demonstrated strong psychometric 
properties32. The BSSS correlates highly with the SSS-V and has shown good reliability72. Other studies have 
confirmed solid psychometric properties, including adequate internal consistency (α = 0.76), and suggest that 
the BSSS provides broad coverage of the sensation seeking construct70. The scale was translated into Swedish by 
the authors.

Impulsivity
Impulsivity was measured using the BIS-15, a shorter version of the BIS-1173. The BIS-11 has demonstrated 
strong test-retest reliability74. The BIS-15 demonstrates good internal consistency (α = 0.79–0.81) and correlates 
strongly with both neurological measures and other scales measuring impulsivity74,75. The scale was translated 
into Swedish by the authors.

Personality traits: neuroticism and extraversion
For measurement of the personality traits neuroticism and extraversion, two items from these subscales in the 
NEO-PI-R76 were used. The NEO-PI-R has demonstrated good internal consistency (α = 0.85–0.94)77, strong 
temporal stability, and good inter-rater reliability76. The scale was translated into Swedish by the authors.

Data processing
Respondents who left ≥ 20% of the questions unanswered on at least one subscale (n = 65, corresponding to 
7.88% of all participants) were excluded from the analysis, as internal missingness exceeding 20% is considered 
problematic78. After excluding these 65 participants, the remaining missing data (n = 167, corresponding to 
0.32% of all responses) were handled using expectation maximization after it was assessed that which was 
found that the missing data could be considered completely random according to Little’s multivariate test79. 
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Expectation maximization was chosen as it better preserves variable variance compared to other methods80,81. 
However, it has been noted that for low levels of internal missingness (< 20%), the choice of imputation method 
is less critical, as different procedures often yield similar results78.

The variable gender, which was measured on a nominal scale, was converted into a dummy variable, where 0 
indicated that the participant did not identify as male. To capture participants’ risk-taking frequency regarding 
sunscreen use, the difference was calculated between the questions “At the beginning of the sunny season, what 
SPF strength do you typically start with?” and “At the beginning of the sunny season, what SPF strength should 
you ideally start with?” A small difference corresponded to low risk-taking. For the questions regarding saving 
(“How much money do you save each month as a buffer for ‘tougher times’? Enter in SEK”) and gambling (“How 
much money do you spend on various types of gambling each month? (e.g., scratch cards, horse betting, or online 
gambling)? Enter in SEK”), the responses were calculated as a percentage of income. A high saving percentage 
corresponded to low risk-taking, while a high gambling percentage corresponded to high risk-taking. Responses 
for the number of dietary supplements, the percentage of savings, and the number of insurance policies were 
reversed so that high scores on all risk-taking questions corre.

Several extreme values (z > 382; were observed for risk-taking frequency and income. Because such values 
may reflect substantively meaningful cases (e.g., the highest-frequency risk-takers) rather than erroneous 
observations, we did not exclude them. Instead, to reduce undue leverage of extreme observations and to place 
variables on a more robust scale, we applied a rank transformation to risk-taking frequency and income—an 
approach commonly used in regression contexts to improve robustness to outliers and distributional irregularities 
while preserving ordinal information about participants’ standing83–85. For the risk-taking frequency measure, 
items also differed markedly in units and range (e.g., high-range counts vs. rare events), such that summing 
raw values would impose an arbitrary weighting scheme in which a few high-variance items could dominate 
the composite; rank-transforming each item prior to aggregation avoids this problem by putting all indicators 
on a common scale. After rank-transforming each item on the risk-taking frequency scale, missing data on this 
scale were imputed using expectation maximization, and each participant’s item ranks were then summed to 
create a composite index. This composite should be interpreted as capturing relative involvement/standing in 
risk-related behaviors across indicators rather than absolute behavioral magnitude, which is also consistent with 
our use of Bayesian model averaging to quantify predictor importance while accounting for model uncertainty 
rather than to interpret effects in absolute outcome units86.

Statistical analyses
The data met necessary criteria for the use of linear regressions, including little to no autocorrelation, little to no 
multicollinearity, homoscedasticity, and all variables being multivariate normally distributed87.

Autocorrelation was tested using a Durbin-Watson test, which showed a value of 2.09. Multicollinearity was 
checked as tolerance was > 0.1 and the variance inflation factor (VIF) was < 10. Homoscedasticity was assessed 
using a residual plot, and multivariate normal distribution was evaluated with a Q-Q plot (see Table S9 and 
Figure S1−2 in the Supplementary Material).

To address the research questions, Bayesian regression analyses were conducted in JASP, as it provides tools 
for Bayesian Model Averaging (BMA88;. BMA makes it possible to assess both the predictive power and the 
likelihood of models that include each predictor variable in predicting the outcome variable, while taking all 
relevant models into account86,88,89. In this study, the relevant models included all main effects, resulting in the 
testing of 65,536 models. Variables were z-transformed to allow for the estimation of standardized regression 
coefficients. A uniform prior was used.

Only main effects were analyzed, as it is unlikely that including interaction effects would alter the results in 
a qualitative sense, given that most interactions also involve main effects79. BMA also controls for “overfitting,” 
allowing all variables in the study to be included in the analysis simultaneously without overestimating the 
variance explained in the true population. This risk is otherwise present in frequentist regression analyses88. 
Including all models simultaneously was advantageous, as the study aimed to examine the extent to which the 
variables predicted risk-taking frequency across the model space.

Another advantage of Bayesian statistics is that it quantifies each variable’s probability given the data, making 
it easier to compare variables to one another without relying on effect sizes or p-values86,90. For example, consider 
two models: M1 and M2. In a frequentist framework, both M1 and M2might be reported as significant (p =.002), 
but these p-values do not indicate how probable the models are relative to one another given the data. Instead, 
they only indicate the likelihood of the data given the null hypothesis. Bayesian statistics, however, allows for the 
use of Bayes Factors (BF) to quantify what is of interest. For instance, if M1 and M2 have BF10 (the probability 
relative to the null hypothesis) values of 10 and 2, respectively, this indicates that M1 is 5 times more likely than 
M2 to be the “correct” explanation (10/2 = 5).

To determine which variables were most likely to predict risk-taking frequency, a comparison of the variables’ 
posterior probabilities was conducted. If the posterior probability of a variable exceeded its prior probability, 
there is evidence that the variable is an important predictor. A posterior probability close to one indicates that 
the variable is a critical predictor91. Furthermore, the BF specifies how much more likely models that include a 
variable are compared to those that exclude it.

In the context of BMA, the BF of interest is BFinclusion, which states the evidence of how much more likely 
it is that the data can be explained by models including a term (e.g., impulsivity) as compared to models not 
including the term.

Data availability
The datasets analyzed during the current study are available in the Center for Open Science repository, ​[​h​t​t​p​s​:​/​
/​o​s​f​.​i​o​/​5​4​x​k​3​/​]​.​​
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