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Abstract
The study aimed to determine the sociodemographic and psychological profiles of drivers with a history of motor vehicle 
crashes (MVCs), following the contextual-mediated model of crash involvement, and trying to define similarities and dif-
ferences with drivers without MVCs. Although road trauma prevention has become a central public health issue, the study 
of psychological determinants of MVCs does not have consistent results due to methodological and theoretical weak-
nesses. Three-hundred and forty-five active drivers (20% females) completed an extensive office-based fitness-to-drive 
evaluation including measures of cognition, personality, self-reported driving-related behaviors, attitudes, as well as com-
puterized measures of driving performance. The Classification and Regression Tree method (CART) was used to identify 
discriminant predictors. The classification identified several relevant predictors; the personality trait of Discostraint (as a 
distal context variable; cut-point: 50 T points) and motor speed (as a proximal context variable; cut-point: 64 percentile 
ranks). The global classification model increased approximately 3 times the probability of identifying people with a history 
of MVC involvement, starting from an estimated prevalence of being involved in an MVC in a period of five years in the 
population of active drivers. Consistent with the ‘contextual-mediated model of traffic accident involvement’, the results 
of the present study suggest that road trauma analysis should focus on both distal and proximal driver-related factors by 
paying attention to their association in determining MVCs. These results represent a valuable source of knowledge for 
researchers and practitioners for preventing road trauma.
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Introduction

Around the world, approximately 1.3 million people die 
each year from injuries resulting from motor vehicle crashes 
(MVCs) (WHO, 2018). Therefore, MVCs constitute a signifi-
cant public health problem in many countries (Gicquel et al., 
2017). The issue, attracting significant research interest and 
prompting authorities to identify the cause of these events 
(Javadi et al., 2015), remains an important research topic as 
MVCs, considered ‘rare’ events (Theofilatos et al., 2016), still 
account for one of the most common causes of death and/or 
serious injuries worldwide. Several factors, acting in isolation 
or in combination, determine MVC involvement, including 
vehicle factors, road environment, and human factors (Eboli 
& Forciniti, 2020). Vehicle-related factors include vehicle type 
and manufacturer, as well as vehicle maintenance and its actual 
performance which are associated with MVC (Mohamed et al., 
2023). Environmental factors, such as increased motorization 
and traffic density, have been found to be positively associ-
ated with increased injuries and deaths (La Torre et al., 2007; 
Yasmeen, 2019). However, human factors have been identi-
fied as the leading factor, directly or indirectly, contributing to 
more than 90% of MVCs (Evans, 1991; NHTSA, 2019). For 
this reason, most studies exploring the causes of MVCs have 
focused on driver-related variables such as individual charac-
teristics (e.g., social, and demographic factors), driving style 
and behaviors, intoxicated driving, cognitive functioning, risk 
perception, disability, personality traits, distraction, drowsiness, 
and fatigue (Wang et al., 2005; Javadi et al., 2015). Moreover, 
social and cultural factors have also been considered because 
of their influence on driving behavior. For example, illegality, 
social needs as well as a feeling of religious and national iden-
tity have been demonstrated to be associated with MVCs in a 
sample of Iranian drivers (Javadi et al., 2015), while observa-
tion and interpretation errors as well as inattention were found 
among main causes of MVCs in the European context (i.e., 
Germany, Finland, Italy, The Netherlands, Sweden, and United 
Kingdom; Thomas et al., 2013).

Early studies on psychological variables influencing MVC 
involvement have proposed a framework of crash-related fac-
tors including those that are extrinsic (but related) to driving 
(i.e., demographic variables, cultural features, cognition, per-
sonality, habits, values, etc.), which are different to those that 
are intrinsic to driving (i.e., driving behavior/performance, 
driving skills/style; Evans, 1991; Elander et al., 1993). Sümer 
(2003) replicated and extended this framework from the point 
of view of the ‘driving context’ by developing and testing the 
‘contextual-mediated model of traffic accidents involvement’. 
According to this model, variables of the distal context (i.e., 
demographics, personality, etc.) influence the likelihood of 
being involved in MVCs both directly and indirectly, through 

the mediation of variables of the proximal context (i.e., driving 
behaviors and driving skills).

The present study focuses on the socio-demographic and 
psychological determinants of MVCs. The following sec-
tion describes main findings of studies on human-related 
predictors of MVCs including drivers’ sociodemographic 
characteristics, cognitive functioning, personality traits as 
well as measures of driving-related behavior, attitudes, and 
performance.

Driver-related factors associated with MVCs

 Sociodemographic characteristics

A recent review has focused on sociodemographic factors 
associated with MVC deaths and reported that most studies 
have found negative associations between education level 
and these events (Saeednejad et al., 2020). The authors also 
found that MVC deaths were positively associated with 
rural settlement and marital status, with higher MVC-related 
deaths for divorced, single, and widowed persons than for 
those who were married (Spoerri et al., 2011; Saeednejad 
et al., 2020). In the study of Meles et al. (2021), involv-
ing a population of Ethiopian drivers, being an experienced 
driver predicted the level of MVC-related injury severity. 
On the other hand, the authors found that being in a pri-
vate vehicle, owning the vehicle, driving a heavy truck or 
cross-country bus, and types of MVCs involving pedestri-
ans were associated with a reduced severity of MVC-related 
injuries. In addition, there is evidence from diverse global 
sources which indicates that individual differences in age 
and sex are the main demographic determinants of MVCs, 
with younger and male drivers being identified as having 
the highest MVC risk (Noland & Quddus, 2004; Ma et 
al., 2021; Saeed et al., 2023). These differences have been 
attributed to various psychological factors, such as person-
ality profiles, cognitive and motor functioning, as well as 
driving-related behaviors and attitudes that influence the 
actual driving performance. The results of the studies of 
Begg and Langley (2001), Clarke et al. (2006), and Curry 
et al. (2012), which were conducted with samples of drivers 
from New Zealand, England, and the United States, respec-
tively, showed that young male drivers are at a higher risk 
of MVC involvement due to engaging in risky behaviors, 
such as speeding and driving under the influence of drugs or 
alcohol, compared to young female drivers.

 Personality

Concerning measures of personality and mental health, 
irritability and anger have been identified in many studies 
as significant contributors to MVCs (Giquel et al., 2017). 
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The findings of Zhang et al. (2019) suggest that individuals 
with high levels of impulsivity and low levels of self-control 
were more likely to engage in risky driving behaviors and 
thus, more likely to be involved in MVCs. Similarly, a study 
by Ünal, (2006) found that individuals with higher levels 
of sensation-seeking and lower levels of self-control had a 
higher likelihood of being involved in an MVC. Specifically, 
the authors reported that males showed greater inclination 
towards sensation seeking, resulting in more self-reported 
MVCs, and driving violations compared to females. On the 
other hand, females displayed higher levels of sensitivity 
to punishment, which has been identified as a protective 
factor against engaging in risky driving behaviors (Costan-
tinou et al., 2011). In their study, Eduardo and Ildefonso 
(2020) found a significant correlation between personal-
ity and MVCs among males, whereas this relationship was 
not significant among females. Considering young drivers, 
previous research has highlighted that sensation-seeking, 
together with trait anxiety and anger, are predictors of aber-
rant driving behaviors and MVCs (Javadi et al., 2015; Zicat 
et al., 2018). Conversely, the association between person-
ality attributes and MVCs in older drivers is less evident, 
since reckless driving tends to be attenuated in this age 
cohort (Alavi et al., 2017). However, studies have shown 
that anxiety, extraversion, conscientiousness, and type A 
personality are associated to risky driving and driving errors 
in older drivers (Lucidi et al., 2019; Adrian et al., 2011). 
Beside personality traits, and interacting with them, cogni-
tive and mobility functioning play a crucial role influencing 
the fitness-to-drive and, in turn, the involvement in MVCs 
(Kwok et al., 2015; Ledger et al., 2019a, 2019b; Tinella et 
al., 2020, 2021a, 2021b).

 Cognition

Driving a motor-vehicle requires an interaction of multiple 
cognitive abilities including attention, psychomotor and 
perceptual skills, executive functions, visuospatial skills, 
and memory (Anstey et al., 2005). Previous research has 
demonstrated that a driver’s cognitive and decision-making 
abilities significantly affects their risk of MVCs (Wang et 
al., 2021). In addition, previous research has demonstrated 
that incomplete maturation of cognitive functioning in 
young drivers, as well as initial cognitive decline in older 
drivers, may contribute to a higher rate of MVCs in these 
age groups (Svetina, 2016; Ledger et al., 2019a; Tinella et 
al., 2020). This is due to the inverted U-shaped relationship 
between age and cognitive functioning (Salthouse, 2000, 
2009). Therefore, the relationship between cognition and 
driving performance shows similar patterns in both young 
and older drivers (Ledger et al., 2019b). In particular, the 
performance in tests of visual attention, visual memory, and 

mental status have shown to similarly predict speeding and 
lane deviation in younger and older drivers. Since driving is 
mainly a visuospatial task (Sommer et al., 2010), numerous 
studies have considered measures of this cognitive domain 
attempting to predict driving behavior and MVCs. Indeed, 
visual acuity, visual attention, motion detection, visuo-
constructive abilities, and immediate visuo-spatial memory 
have been identified as significant predictors of real-world 
driving, especially for older drivers (Anstey et al., 2005; 
Mathias & Lucas, 2009). Other studies have shown that spe-
cific strategies of spatial orientation affect driving behaviors 
(Nori et al., 2020) and that visuospatial representation and 
transformation skills are involved in driving performance 
(Kunishige et al., 2019; Teranishi et al., 2019; Tinella et al., 
2020, 2021a, 2021b). Considering the above, older drivers’ 
errors may be affected by age-related declines in visual, cog-
nitive, and mobility functioning (Janke, 1991; Rolison et al., 
2018). Furthermore, poor visual functioning and cognitive 
abilities are both considered risk factors for older drivers’ 
MVC involvement (Ball et al., 2006, 2010; Owsley et al., 
1991, 1998). Taken together, all the above-mentioned psy-
chological factors contribute to shape and influence more 
specific driving-related constructs such as driving attitudes, 
driving behaviors, and driving performance.

 Behaviors, attitudes, and performance

Young drivers have significantly more road rule violations 
than older drivers (Kweon & Kockelman, 2003; Williams 
& Shabanovab, 2003), and this propensity to engage in 
risky driving may be affected by careless attitudes toward 
traffic safety (Zicat et al., 2018). Positive attitudes toward 
speeding have been found to predict at-fault MVCs in 
young drivers (Hassan & Abdel-Aty, 2013). Compared with 
older drivers, younger are more likely to engage in speed-
ing behaviors and reckless driving, loss of control, failure to 
detect another vehicle, and higher levels of speed deviata-
tion (Doroudgar et al., 2017; Ledger et al., 2019a, 2019b; 
Braitman et al., 2008). In contrast, the MVCs of older driv-
ers are more likely to be affected both by driver errors and 
lapses. Common causes of MVCs in older drivers include: 
failure to yield right of way, non-compliance with signs and 
signals, difficulty seeing objects, making improper turns and 
lane changes, driving error at intersections and when mak-
ing turns (Hakamies-Blomqvist, 1993; McGwin & Brown, 
1999; Langford & Koppel, 2006). The evidence reported 
above suggests that the driver’s demographic characteris-
tics interacts with their cognitive and personality profile 
by determining specific patterns of driving behaviors and 
attitudes towards safety which in turn affect risk of MCV 
involvement.
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belonging to both the distal and the proximal context were 
expected to significantly discriminate participants with and 
without MVC involvement.

Methods

Participants

A total sample of 345 drivers participated in the study 
(Female, 22%). One-hundred and eighty-seven par-
ticipants were recruited from the community-dwelling 
(Females, 34.2%; Age: M ± sd = 38.3 ± 17.8; years of edu-
cation: M ± sd = 12.2 ± 2.3), while one-hundred and fifty-
eight drunk and systemic drivers (Females, 7.7%; Age: 
M ± sd = 50.6 ± 20.4; years of education: M ± sd = 11.4 ± 3.7) 
were recruited with the help of the local healthcare author-
ity. The group of drunk drivers included 90 drivers caught 
for drunken driving (i.e., BAC level between 0.8 and 
1.5 g/l) while the group of systemic drivers included 68 par-
ticipants with a diagnosed systemic and/or multi-systemic 
illness limiting their driving license (i.e., cardiovascular, 
metabolic, pulmonary, rheumatic diseases). All participants 
were required to: have Italian as their mother tongue; hold 
a valid current driver’s license (provisional or above); have 
normal or corrected to normal vision; have driven more than 
one time within the last month; and not currently (or previ-
ously) be a professional driver (e.g., taxi driver, truck driver, 
transporter on delivery, etc.). Considering the ratio between 
independent predictors and number of observations, the 
sample size of the present study was consistent with those 
of previous studies using CART in the field of road safety 
(Faílde-Garrido et al., 2022), and greater than the small-
est sample used for CART simulations in epidemiological 
studies (i.e., 150–200 observations; Venkatasubramaniam 
et al., 2017; Wilcox & Hripcsak, 1999; Chapman & Haug, 
1999). However, the sample size of the present study also 
satisfies the general rule of thumb of 10–20 observations for 
each independent variable (Jerkins & Quintana-Ascencio, 
2020). All participants were able to perform all the tasks 
included in the assessment at the time of data collection 
and provided informed consent prior to the enrolment in the 
present study. The Ethical Committee of the Department of 
Education, Psychology, and Communication approved the 
study protocol (approval code: ET-20-17), and the study 
was conducted following the Helsinki Declaration and its 
later amendments.

Materials and procedures

Participants in the community-dwelling group were recruited 
via proxy informants, generally undergraduate and graduate 

 The present study

According to the ‘contextual mediated model of traffic acci-
dent involvement’ (Sumer, 2003), variables referred to the 
distal context of driving affect the involvement in MVCs 
both directly and indirectly, through the mediation of vari-
ables included in the proximal context. Despite this model 
being highly referenced in driving behavior research, to 
the best of our knowledge, no previous study has sought 
to classify psychological determinants of MVCs by directly 
investigating main effects and interrelationships between 
variables in a classification model. In addition, research on 
contributing factors affecting MVCs historically present 
theoretical and methodological deficiencies. For example, 
Af Wåhlberg (2003) identified three main issues charac-
terizing (psychological) research on predictors of MVCs 
including: (a) information on the time period for MVCs 
used as a dependent variable, (b) the reliability of variables 
used as predictors, and (c) the driver’s culpability for MVCs. 
These limitations still characterize part of research on MVC 
predictors making results often tentative and with scarce 
replicability and/or generalizability. On the other hand, 
obtaining and analysing data in forensic clinical settings can 
be challenging, particularly for MVCs. The validity of the 
data may be affected by various factors such as retrospective 
analysis (archive data), non-standardized assessment proce-
dures, and the risk of bias due to impression management 
by respondents (Bosco et al., 2020; Martino et al., 2016). 
These limitations can undermine the validity of the data at 
the acquisition phase.

The present study sought to address some of the above-
mentioned gaps by investigating sociodemographic and 
psychological predictors of MVCs following the ‘con-
textual-mediated model of traffic accident involvement’ 
(Sümer, 2003). The aim of this study was to analyze both 
sociodemographic and psychological characteristics of driv-
ers who have been involved in MVCs, trying to establish 
relationships and differences with those who have not. The 
study utilized rigorous machine learning techniques such as 
classification trees, which have been employed in previous 
research studies (Abbasi et al., 2021; Portela-Pino et al., 
2021; Faílde-Garrido et al., 2022; Zamzuri and Qi, 2022). 
Unlike previous studies, the current study interpreted the 
results of the Classification And Regression Trees (CART) 
models through a Bayesian factor and conditional prob-
abilities based on frequencies emerged by models’ outputs. 
Additionally, the association between the obtained model of 
classification with the participants’ belonging to different 
groups of drunk drivers (i.e., caught for drunken driving), 
systemic drivers (i.e., with a diagnosed systemic illness), 
and controls (healthy drivers) was also explored. Follow-
ing the above-mentioned theoretical model, predictors 
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participants are given three minutes to complete each part. 
The entire procedure takes approximately 10 min. This test 
showed good reliability (Cronbach’s α = 0.81).

To measure self-based spatial transformation, the Object 
Perspective-Taking Test was administered (OPT; Hegarty 
& Waller, 2004). This paper-and-pencil test consisted of 
12 items, featuring a configuration of seven objects on the 
top half of the page. Participants were instructed to imag-
ine standing at one object, facing another, and identifying 
the direction to a third object (the target). They drew an 
arrow from the center of a circle at the bottom of the page, 
which represented their imagined standing point, towards 
the target direction. The item score was based on the abso-
lute directional error, in degrees, between the participant’s 
answer and the correct target direction. The total score was 
the average deviation across items, with a higher score 
indicating lower OPT ability. The test had a time limit of 
five minutes and took around 10 min to complete. This test 
showed good reliability (Cronbach’s α = 0.79).

Personality measures

The Personality Psychopathology Five (PSY-5) traits were 
measurred using the Minnesota Multiphasic Personality 
Inventory-2 (MMPI-2; Butcher et al., 1989), a 567-item 
questionnaire that measures personality profiles through 
true-or-false answers. T-scores are used to report personality 
scale scores. In the Italian validation of MMPI-2, a T-score of 
65 or higher is considered clinically significant. The PSY-5 
scale comprises traits of aggressiveness (AGGR), psychoti-
cism (PSYC), constraint (DISC), negative emotionality/
neuroticism (NEGE), and introversion (INTR). These traits 
are deemed important in daily life and can impact clinical 
issues according to the Personality Psychopathology Five 
model. The “Gough dissimulation index” (F-K) has been 
calculated by subtracting the raw scores of validity scales F 
and K. All these scales showed moderate reliability coeffi-
cients: AGGR (α = 0.67), PSYC (α = 0.69), DISC (α = 0.64), 
NEGE (α = 0.73), INTR (α = 0.71).

Driving behaviors and attitudes

The Driving Behavior Questionnaire (DBQ; Reason et al., 
1990) was used to measure aberrant driving behaviors. The 
questionnaire consists of 28 items that measure three types 
of driving behaviors: violations, lapses, and errors. Partici-
pants rated how frequently they engage in each behavior on 
a 6-point Likert scale ranging from “never” (0) to “always” 
(5). Higher scores indicate more frequent abnormal driving 
behaviors. The total score was used in the current analy-
ses. The questionnaire showed good reliability (Violations: 
α = 0.73; Lapses: α = 0.79; Errors: α = 0.69).

students, trainees, and employers of the Department. Both 
drunk drivers and systemic drivers were recruited via the 
local health authority (Commissione Medica Locale). All 
participants were enrolled and completed the evaluation 
protocol between October 2019 and February 2021. Par-
ticipants were asked to report if they have been involved 
in an MVC(s) during the previous five years, and if so, to 
provide a detailed description of the event (i.e., the more 
recent MVC if more than one was reported). An indepen-
dent panel of experts (i.e., a coroner and a forensic psychol-
ogist), blind to the study aims, was established to determine 
driver’s culpability in the reported MVC, rating each event 
as “at-fault” or “not-at-fault” based on a chart review and 
following the existing scientific literature. The assessment 
protocol included questions related to participants’ socio-
demographic and driving characteristics, a brief clinical 
anamnesis, questionnaires on driving behaviors, attitudes, 
and personality as well as cognitive tests and a computer-
ized driving task. Detailed descriptions of these measures 
are reported below. All participants were assessed individu-
ally in a quiet and well-lit room without disturbances. Both 
the drunk and systemic groups of drivers were assessed at 
the mobility center of the city, while participants within the 
community-dwelling group were assessed in the Depart-
ment of Psychology of the University using the same appa-
ratus. Each assessment session was conducted by trained 
research assistants and lasted 120–150 min, with breaks 
provided as requested by participants.

Cognitive measures

Global cognitive functioning was evaluated using the 
Montreal Cognitive Assessment (MoCA; Nasreddine et 
al., 2005; Bosco et al., 2020). This test showed good reli-
ability (Cronbach’s α = 0.83) measuring different cognitive 
domains such as visuospatial-executive, naming, memory, 
attention, orientation, and language. The best cut-off used in 
an Italian sample for discriminating participants with prob-
able cognitive impairment was demonstrated elsewhere and 
it was 17 (Bosco et al., 2017).

To evaluate participants’ object-based spatial transforma-
tion, the Mental Rotation Test (MRT) has been administered 
(Vandemberg & Kuse, 1978). The MRT is a paper-and-pen-
cil assessment consisting of 20 items, each of which presents 
a two-dimensional representation of a three-dimensional 
figure made up of cubes. For each item, there is a criterion 
figure and four response options, including two correct and 
two distractors. The correct options are structurally identi-
cal to the criterion but are displayed in a rotated form. Par-
ticipants are required to identify the two figures out of the 
four response options that match the criterion figure in terms 
of their rotation. The MRT is divided into two parts, and 
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test showed moderate to good reliability in its domains (DT: 
α = 0.89; RS: α = 0.91; MS: α = 0.93; ATAVT = 0.70).

Study design

This is a descriptive study using cross-sectional assessment, 
in which the independent variables included demographic 
characteristics (i.e., age, gender, and level of education), 
cognitive measures (i.e., MoCA, MRT, and OPT), person-
ality traits (i.e., AGGR, PSYC, DISC, NEGE, INTR, and 
the dissimulation index), driving behaviors (i.e., violations, 
errors, lapses) and attitudes (i.e., towards: rules, risk, speed, 
drunken driving, and care of other), and prerequisites of 
fitness-to-drive (i.e., DT, RS, MS, ATAVT). On the other 
hand, the presence/absence of an MVC(s) was the depen-
dent variable.

Statistical analyses

The data were analyzed using SPSS 21.0 (IBM Corp., 
2012) and Jamovi 1.0.7 (The Jamovi Project, 2022) statisti-
cal software. After data cleaning and codification, two steps 
of analysis were performed: (a) preliminary descriptive and 
bivariate comparisons, and (b) CART.

Descriptive statistics were performed to analyse the char-
acteristics of the sample. Normality and homoscedasticity 
were also assessed. Normality of the sample distribution 
was assessed using Shapiro-Wilk’s test, while the homosce-
dasticity/heteroscedasticity was examined using Levene’s 
test for equality of variances, as well as using bivariate scat-
ter plots. A one-way ANOVA was conducted to test for dif-
ferences in study measures across the driver groups, with 
the Welch’s/Games-Howell’s statistical indices considered. 
Chi-Square Tests were performed to investigate the inde-
pendence of nominal predictors (i.e., gender and fault) 
across driver groups. Correlation analysess were performed 
using Pearson’s coefficients.

The final stage of the analysis employed the CART mod-
els to achieve the study’s objectives. The calculations con-
sidered to draw conclusions include: (i) classification rules 
for observations, (ii) importance of the predictor in discrim-
inating categories of the dependent variable, and (iii) the 
proportion of categorizing under one of such categories of 
the dependent variable. CART models were performed in 
an iterative manner, considering the groups of variables as 
described in the contextual-mediated model (i.e., distal and 
proximal contexts). The trees were built in steps, consider-
ing early distal predictors (step 1), and then incorporating 
proximal ones (step 2). To assess the stability of the model 
across the driver groups, this stage of the analysis was con-
ducted for each subgroup of drivers as well as for the overall 
sample, resulting in a total of four classification models (i.e., 

The Attitudes Toward Traffic Safety Scale (ATTSS), con-
sisting of 16 items, was developed by Iversen and Rundmo 
(2004) and translated into Italian by Lucidi et al. (2010). 
Participants rated their level of agreement on a 5-point scale 
ranging from “strongly disagree” (1) to “strongly agree” 
(5). A high score indicated a positive attitude towards traf-
fic safety regulations. The reliability of the instrument was 
strong, as demonstrated by the high internal consistency of 
its five subscales: Drink (α = 0.86), Speed (α = 0.75), Rule 
(α = 0.80), Care of others (α = 0.73), and Risk (α = 0.89).

Fitness-to-drive screening

The cognitive prerequisites for fitness-to-drive were 
assessed using the Drivesc package of the Vienna Test Sys-
tem (Schuhfried GmbH, 2016). The test is computerized 
and consists of three subtasks that evaluate the resilience of 
attention (Determination Test; DT), reaction times (Reac-
tion Speed: RS and Motor Speed: MS), and perceptual speed 
(Adaptive Tachistoscopic Traffic Perception Test (ATAVT). 
The apparatus includes an ergonomic response panel, foot 
pedals, a standard audio output device (headset), and a 
video screen. The experimental screening took approxi-
mately 25 min. The DT is a measure of the resilience of 
attention. Participants must react as quickly and accurately 
as possible to changing acoustic and visual stimuli that dif-
fer in frequency and color, respectively. The software varies 
the speed of stimulus presentation through a computer adap-
tive system based on the respondent’s ongoing performance 
in terms of accuracy (i.e., hits, omissions, and false alarms) 
and response delay (i.e., milliseconds), providing a unique 
score. The RT measures the ability to respond as quickly 
and accurately as possible to specific auditory and visual 
stimuli. It provides two distinct measures: Reaction speed 
(i.e., the time taken to initiate the physical movement) and 
Motor speed (i.e., the time between the moment in which the 
participant’s finger leaves the rest button and the moment in 
which the reaction button is pressed). Times are recorded 
in milliseconds. A short reaction time (i.e., high visual and 
motor reaction speed) corresponds to a higher ability to 
quickly respond. The ATAVT measures the ability to quickly 
gain an overview of the traffic scenario. This subtask was 
administered in the right-hand traffic form according to Ital-
ian Traffic Laws. Pictures of traffic scenarios were presented 
briefly after an acoustic cue. After each picture, participants 
must select which one or more objects out of a provided 
list of five (i.e., motorcycles/bicycles, automobiles, traffic 
signs, traffic lights, and pedestrians) they have perceived. 
The total score is the number of correct responses (omis-
sions and false alarms are also recorded). The total scores 
of the three subtasks were reported as percentile ranks, with 
higher scores indicating higher / better performance. The 
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Finally, a Chi-square Test was performed to test the asso-
ciation between the obtained classification model and the 
belonging to different groups of drivers (i.e., drunk, sys-
temic, community dwelling). Figure 1 shows a diagram of 
the performed analyses.

Results

Descriptive and influence statistics

Most variables were not normally distributed in the sam-
ple. However, none of the skewness and kurtosis values 
exceeded the critical thresholds (West et al., 1995). Conse-
quently, all variables were included in the analysis. Addi-
tionally, some variables showed different variances across 
the driver groups. Therefore, various indices were consid-
ered in the preliminary statistics. Significant intergroup dif-
ferences were found in all considered variables except for 
driving frequency and psychoticism.

Considering sociodemographic variables, significant 
differences were found in age and education [Age: F(2, 
342) = 83.42, p < .001; Years of education: F(2, 342) = 3.25, 
p < .05]; post-hoc analyses revealed that drivers with sys-
temic illness are significantly older than the drivers in other 
groups (Drunk: MD = -28.8; p < .001; Community-dwell-
ing: MD = -28.7; p < .001). Significant differences were 
found on self-reported aberrant driving behaviors [Viola-
tions: F(2, 342) = 52.16, p < .001; Lapses: F(2, 342) = 37.10, 
p < .001; Errors: F(2, 342) = 11.54, p < .001], with the drunk 
drivers and the community-dwelling groups showing higher 
violations than the systemic group (Community-dwelling: 
MD = 10.36; p < .001; Drunk drivers: MD = 3.86; p < .001) 
and the drunk driver group showing lower violations than 
community-dwelling (MD = -6.50; p < .001). Regarding 
lapses, drivers in the community-dwelling group reported 
higher scores than drunk drivers (MD = 3.62; p < .001) and 
systemic drivers (MD = 3.64; p < .001). Similarly, Com-
munity-dwelling reported higher driving errors than other 
two groups of drivers (drunk drivers: MD = 1.49; p = .002; 
systemic drivers: MD = 2.00; p < .001)]. Significant results 
emerged for intergroup differences in driving attitudes 
[Rule: F(2, 342) = 12.43, p < .001; Risk: F(2, 342) = 21.24, 
p < .001; Speed: F(2, 342) = 21.47, p < .001; Care of oth-
ers: F(2, 342) = 5.18, p = .006; Drunk: F(2, 342) = 6.38, 
p = .002]; drivers in the community-dwelling group showed 
lower attitudes towards rules (Drunken: MD = -1.79; 
p < .001; Systemic: MD = -1.68; p = .001), risk (Drunk: MD 
= -2.48; p < .001; Systemic: MD = -1.91; p < .001), speed 
(Drunk: MD = -1.65; p < .001; Systemic: MD = -2.09; 
p < .001), care of others (Drunk: MD = − 0.919; p < .001), 
and drunk (Systemic: MD = -1.04; p < .001).

drunken driver group – Model “a”, systemic group - Model 
“s”, and community-dwelling group – Model “c”, and total 
sample - Model “t”). Specifically, the driver groups were 
also analysed separately to assess whether the model pro-
vided informative results even when small, homogeneous 
samples are considered. To balance the depth of the trees 
across the driver groups (i.e., the number of levels or steps 
required to reach the terminal node starting from the root of 
the tree), different growth limits (i.e., minimum number of 
cases included in both the parent and the child nodes) were 
imposed to models depending by the subsamples size and 
producing the same ratio (2).

Moreover, since the CART model returns crosstabula-
tions related to the association between each discriminant 
independent variable and the dependent variable, the data 
was further analysed by calculating the operational char-
acteristics (i.e., sensitivity: proportion of participants who 
scored higher than the cut-off and belonging to the driver 
group with MVCs; specificity: proportion of participants 
who scored under or equal the cut-off and belonging to 
the driver group without MVCs; Fawcett, 2006) for each 
model step, following a sequential approach that considers 
distal and proximal variables, respectively. The associated 
likelihood ratios were also calculated for each step of the 
tree. This approach was adopted trying to limit the strongly 
data-driven nature of the CART technique in which deci-
sion trees are built based on the provided data (e.g., without 
considering theoretical assumptions), sometimes producing 
counterintuitive results compared to the theoretical model 
(Breiman et al., 1984; Hastie et al., 2009). For this reason, 
the models’ error rates have been discussed based on a diag-
nostical approach, for clinical purposes (i.e., false/true posi-
tives/negatives) instead of considering the global models’ 
error rates. Based on the model results, likelihood ratios 
have been identified as risk factors (i.e., positive likelihood 
ratio: calculated as sensitivity divided by one minus speci-
ficity) or protective factors (i.e., negative likelihood ratio: 
calculated as one minus sensitivity divided by specificity). 
At the end of the process, we gathered an a posteriori prob-
ability quantifying the increased of likelihood of belonging 
to one of the categories of the dependent variable starting 
from a priori probability, that is, an estimated probability 
of MVC involvement within the established interval of the 
previous five years (i.e., the ratio between the total number 
of police recorded MVCs and the number of active licensed 
drivers during the five years preceding data collection). As 
results, an approximate prevalence of 5‰ was estimated for 
MVC involvement within the referred population. Diagnos-
tic characteristics (i.e., sensitivity, specificity, and positive/
negative likelihood ratio) were calculated for each discrimi-
nating variable in each tree.
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community-dwelling group scored a higher F-K index 
(Drunk: MD = 8.3; p < .001; Systemic: MD = 7.06; 
p = .028), while drivers in the community-dwelling group 
reported higher negative-emotionality (Drunk: MD = 7.6; 
p < .001; Systemic: MD = 5.10; p < .001), and introver-
sion (Drunk: MD = 6.68; p < .001; Systemic: MD = 5.10; 
p < .001). Regarding disconstraint, drunk drivers showed 
higher scores than those included in the systemic group 
(MD = 9.96; p < .001) and in the community-dwelling group 
(MD = 4.96; p = .003), which in turn showed higher discon-
straint than systemic drivers (MD = 5; p < .001). Finally, 
drivers in the community-dwelling group showed higher 
disconstraint than those with a systemic illness (MD = 4.96; 
p < .001). Table 1 shows means, standard deviations as well 
as significant and non-significant intergroup differences.

The proportion of culpability for individuals reporting 
MVCs was 45.2% in the group of drunk drivers, 37.8% in 
the community-dwelling group, and 0.0% in the group of 
systemic drivers. The results of the Chi-squared test indi-
cated that the group variable was significantly associated 
with gender (χ2 = 35.9; p < .001) and the at-fault status for 
the MVC (χ2 = 22; p < .001). Age showed significant and 
negative associations with aberrant driving behaviors [Vio-
lations: r = − .365; p < .001; Lapses: r = − .170; p = 002], the 
performance in cognitive tests [MoCA: r = .395; p < .001; 
MRT: r = .429; p < .001; OPT: r = .398; p < .001], measures 
of fitness-to-drive [DT: r = − .697; p < .001; RS: r = − .437; 

Significant intergroup differences were also found for 
cognitive variables [MoCA: F(2, 342) = 14.62, p < .001; 
MRT: F(2, 342) = 13.05, p < .001; OPT: F(2, 342) = 7.30, 
p < .001], with drivers in the systemic illness group show-
ing lower cognitive functioning scores (Drunk: MD = 
-2.25; p < .001; Controls: MD = -2.19; p < .001), mental 
rotation abilities (Drunk: MD = -4.09; p = .003; Con-
trols: MD = -6.31; p < .001), and perspective taking per-
formance (Drunk: MD = -22.8; p = .01; Controls: MD = 
-28.1; p = .001). Considering measures of fitness-to-drive, 
significant intergroup differences emerged in all consid-
ered variables [DT: F(2, 342) = 39.34, p < .001; RS: F(2, 
342) = 17.57, p < .001; MS: F(2, 342) = 8.49, p < .001; 
ATAVT: F(2, 342) = 21.84, p < .001]; drivers with a sys-
temic illness showed lower performances in DT (Drunk: 
MD = -26.6; p < .001; Controls: MD = -30; p < .001), RS 
(Drunk: MD = -14.9; p < .001; Controls: MD = -21.9; 
p < .001), MS (Drunk: MD = -16.7; p < .001; Controls: 
MD = -10.8; p = .001), and ATAVT (Drunk: MD = -24.8; 
p < .001; Controls: MD = -24.2; p < .001).

Considering personality traits, significant differences 
emerged among groups [F-K: F(2, 150) = 10.20, p < .001, 
AGGR: F(2, 342) = 3.39, p = .035; DISC: F(2, 342) = 16.28, 
p < .001; NEGE: F(2, 342) = 19.44, p < .001; INTR: 
F(2, 342) = 20.31, p < .001]. Drivers with a systemic ill-
ness reported lower aggression (Alcohol: MD = -4.22; 
p = .025; Controls: MD = -3.07; p = .043), drivers in the 

Fig. 1 Diagram of the performed analyses
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available among Supplementary Figures). However, all the 
performed models are discussed in detail within the follow-
ing sections.

Model “a”

The first model (Model “a”) was performed considering only 
the group of drunk drivers (i.e., caught for drunk driving). 
Results showed that variables related to the distal context 
(specifically sociodemographic variables; Supplementary 
Fig. 1) provided a unique contribution to the classification 
model. Once all the variables were entered in the analysis 
(step 2), the most relevant variable for classification was 
age (cut-off: 28 years; χ2 = 10.2; p < .05), representing the 
only level of the tree (Fig. 2). Following previous studies 
on drunk drivers (McKnight et al., 1995), younger age is a 
risk factor for negative driving outcomes. Thus, belonging 

p < .001; MS = r = − .392; p < .001; ATAVT: r = − .541; 
p < .001], and certain personality traits [AGGR: r = − .112; 
p < .037; DISC: r = − .307; p < .001], while positive asso-
ciations with driving attitudes. Bivariate correlations for all 
variables are reported in Supplementary Table S1.

 Classification and regression tree (CART)

After processing the data and performing influence analy-
sis, classification trees were conducted. In all the consid-
ered models, we first included variables in the distal context 
and then incorporated proximal variables in a second step to 
observe their differential influence. For the sake of clarity, 
figures and tables have been reported only for those mod-
els that successfully extracted the probability to belong to 
the group of participants with MVCs. For the same reason, 
only configurations corresponding to the final step of the 
trees have been reported (trees corresponding to step 1 are 

Table 1 Descriptive statistics and influence analysis. Means (M) and Standard Deviations (SD) for each variable. One-way ANOVAs and Chi-
squared tests are reported

A (N = 90) C (N = 187) S (N = 68) F/X2 df p
M SD M SD M SD

Age 38.1 13.5 38.3 17.8 67.0 16.0 83.42 (2, 342) < 0.001
Gender (F/M; %) (5/90; 5,5%) (64/187; 34,22%) (7/68; 10, 3%) 35.9 2 < 0.001
Years of education 11.4 3.48 12.2 2.27 11.4 3.99 3.25 (2, 342) 0.040
Driving Frequency 3 2 3 2 3 2 0.264 (2, 342) 0.768
DBQ - Violation 8.93 7.09 15.4 8.86 5.07 4.78 52.157 (2, 342) < 0.001
DBQ - Lapses 3.86 3.40 7.47 4.24 3.82 3.53 37.104 (2, 342) < 0.001
DBQ - Errors 2.68 3.24 4.17 3.54 2.16 3.06 11.545 (2, 342) < 0.001
ATTSS - Rule 17.5 2.76 15.7 3.47 17.4 3.19 12.433 (2, 342) < 0.001
ATTSS - Risk 16.9 3.04 14.4 3.30 16.4 3.25 21.244 (2, 342) < 0.001
ATTSS - Speed 12.0 2.36 10.3 2.90 12.4 2.17 21.469 (2, 342) < 0.001
ATTSS - Care 13.8 1.77 12.9 2.32 13.3 2.56 5.176 (2, 342) 0.006
ATTSS - Drink 8.84 2.06 8.30 2.29 9.34 1.78 6.380 (2, 342) 0.002
MoCA 24.9 2.68 24.8 2.98 22.7 3.16 14.62 (2, 342) < 0.001
MRT 15.9 8.22 18.2 9.41 11.8 7.25 13.05 (2, 342) < 0.001
OPT 81.6 50.4 76.3 55.2 104 45.9 7.30 (2, 342) < 0.001
DT 61.8 22.2 65.2 24.9 35.2 25.0 39.34 (2, 342) < 0.001
RS 45.6 23.4 52.5 27.5 30.6 25.5 17.57 (2, 342) < 0.001
MS 54.3 21.0 48.5 25.8 37.7 26.1 8.94 (2, 342) < 0.001
ATAVT 51.2 27.4 50.7 28.5 26.4 23.5 21.84 (2, 342) < 0.001
Dissimulation Index 2.76 15.1 11.1 15.8 4.03 20.1 9.55 (2, 342) < 0.001
AGGR 54.2 11.7 53.0 10.3 50.0 8.38 3.39 (2, 342) 0.035
PSYC 52.8 10.8 55.6 9.31 55.5 13.5 2.29 (2, 342) 0.103
DISC 56.4 11.8 51.4 11.2 46.4 8.80 16.28 (2, 342) < 0.001
NEGE 49.1 9.02 56.7 10.2 51.6 10.6 19.44 (2, 342) < 0.001
INTR 44.0 8.89 50.7 9.36 45.6 7.20 20.31 (2, 342) < 0.001
A drivers caught for drunken driving; C drivers in the community-dwelling group; S drivers with a diagnosed systemic disease; Age = age 
in years, Gender = gender of participants; Years of education = education in years; Driving F.= times of driving per week; DBQ – Viola-
tion = self-reported violations; DBQ – Lapses = self-reported lapses; DBQ – Errors = self-reported errors; ATTS – Rule = attitudes towards 
rule; ATTS – Risk = attitudes towards risk; ATTS – Speed = attitudes towards speed; ATTS – Care = attitudes towards care of other; ATTS – 
Drink = attitudes towards drink and drive; MoCA Montreal cognitive assessment; MRT mental rotation test; OPT object-perspective taking test; 
DT Determination test; RS Reaction Speed; MS Motor Speed; ATAVT Perceptual speed; Dissimulation Index  index of dissimulation in personal-
ity dimensions; AGGR Aggression; PSYC Psychoticism; DISC Disconstraint; NEGE Negative-emotionality; INRT Introversion
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Disconstraint significantly discriminated participants 
in the sample showing 27 true positives (scores above the 
cut-off) on 37 drivers with an MVC and 86 true negatives 
(scores below the cu-off) on 150 drivers without an MVC. 
Thus, sensitivity was equal to 0.73, while specificity was 
0.57. The positive likelihood ratio was equal to 1.70; Driv-
ers with a disconstraint score higher than the cut-off have 
approximately 1.7 times higher the probability of belonging 
to the group of drivers with an MVC then to the non-MVC 
group.

 Model “s”

The third model (Model “s”) was performed considering 
only the group of drivers with a systemic illness. Results 
showed that variables related to the distal context (specifi-
cally personality traits and sociodemographic factors; Sup-
plementary Fig. 3) provided a unique contribution to the 
classification model. Consistent with the previous models, 
the inclusion of proximal predictors did not significantly 
change the model configuration. Once all the variables 
were entered in the analysis (step 2), the most relevant ones 
were negative emotionality (cut-off: 66, T-score; χ2 = 11.2; 
p < .01) and age (cut-off-1: 67 years of age; cut-off-2: 72 
years of age; χ2 = 17.6; p < .01) respectively representing 
the first and second level of classification (Fig. 4). Having 
obtained a score under or equal to the cut-off and being aged 

to the younger age group was considered as the positive test 
in subsequent analysis.

Age significantly discriminated participants in the sample 
identifying 19 true positives (i.e., number of drivers aged 28 
years or younger) on the total of drivers with an MVC (42) 
as well as 41 true negatives (i.e., number of drivers older 
than 28 years) on the total of drivers without an MVC (48). 
Thus, sensitivity was equal to 0.45, while specificity was 
0.85. The positive likelihood ratio was equal to 3.0; Driv-
ers aged 28 years or younger have three times higher the 
probability of belonging to the group of participants with an 
MVC than the non-MVC group.

 Model “c”

The second model (Model “c”) was performed consider-
ing only the community-dwelling group of drivers. Results 
showed that variables related to the distal context (specifi-
cally personality traits; Supplementary Fig. 2) provided a 
unique contribution to the classification model. Even in this 
case, the inclusion of proximal predictors did not change 
the model configuration. Once all the variables were entered 
in the analysis (step 2), the most relevant one for classifi-
cation was disconstraint (cut-off: 50, T-points; χ2 = 10.9; 
p < .01) representing the only level of the tree (Fig. 3). Hav-
ing obtained a score above the cut-off was considered as 
positive test in subsequent analysis.

Fig. 2 Model “a”. Classification model for the group of 
drinker drivers (Step 2)
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 Model “t”

Finally, the model “t” was performed considering the total 
sample of participants. The model showed that variables 
related to both the distal and proximal context (specifi-
cally personality traits and performance-based variables) 
provided contributions to the classification model. Once all 
variables were entered in the analysis (step 2), the most rel-
evant ones for classification were disconstraint (cut-off: 50 
T-points; χ2 = 25.8; p < .001) and motor speed (cut-off: 64 
percentile ranks; χ2 = 7.9; p < .05) showing to be the first and 
second levels of the model (Fig. 5).

Considering the inclusion of distal variables (step 1; Sup-
plementary Fig. 4), disconstraint significantly discriminated 
drivers in the sample showing 81 true positives (scores 
above the cut-off) on a total of 86 drivers with an MVC 
and 157 (scores below the cut-off) true negatives on 259 
drivers without an MVC. Therefore, the sensitivity is equal 
to 0.7. The specificity is equal to 0.6. In turn, the positive 
likelihood ratio is equal to 1.75; Drivers with a disconstraint 
score higher than the cut-off have the 1.75 times a higher 
probability of belonging to the group of drivers with an 
MVC than to the group of drivers without an MVC.

When incorporating proximal predictors, motor speed 
(cut-off: 64 percentile rank) showed to further improve the 
classification model in those participants who scored above 
the cut-off in disconstraint. Results showed that an obtained 

67 years or younger were considered as negative tests in 
subsequent analysis.

Considering the first level of the tree, negative emotion-
ality significantly discriminated participants in the sample 
showing 3 true positives (scores above the cut-off in nega-
tive-emotionality) on a total of 7 participants with an MVC 
and 58 true negatives (participants who scored equal or 
under the cut-off score) on a total of 61 participants without 
an MVC. Thus, sensitivity was equal to 0.42, while speci-
ficity was 0.95. The negative likelihood ratio was equal to 
0.61.

Considering the second level of the tree, age significantly 
discriminated three subgroups of drivers who scored above 
the cut-off in negative emotionality (i.e., younger than/
or aged 67 years; aged from 68 to 72 years; older than 72 
years). Since no drivers with an MVC were included in the 
oldest group, the remaining participants (without an MVC) 
were included in the nearest age group defining a unique 
cut-off: ≤ 67 years. Considering the remaining groups, 
results showed 3 true positives on a total of 4 participants 
with an MVC and 29 true negatives on a total of 58 partici-
pants without an MVC. Thus, sensitivity was equal to 0.75, 
while specificity was 0.50. The negative likelihood ratio 
was 0.50; The probability of being involved in an MVC for 
drivers who scored below or equal to the cutoff in negative 
emotionality and who were also 68 years of age or older is 
reduced by approximately threefold.

Fig. 3 Model “c”. Classification model for the 
community-dwelling group of drivers (Step 2)
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model was 15‰, three times the prior probability (5‰). The 
model error rate was 24.3%.

Associations between the model “t” and the driver 
groups

After performing the final classification model on the total 
sample (“model t”), a Chi-squared test of association was 
conducted among the obtained model and the participants’ 
driver groups. Therefore, participants in the sample were 
assigned to four different subgroups based on their obtained 
scores at those variables defining the nodes of the tree 

score above the cut-off (64 percentile ranks) significantly 
discriminated drivers included in such subsample (DISC 
score > 50) showing 30 true positives (scores above the 
cut-off) on 61 drivers with an MVC and 74 true negatives 
(scores below the cut-off) on 102 drivers without an MVC. 
Therefore, sensitivity was equal to 0.49 while the specificity 
to 0.72. Then, the positive likelihood ratio was again equal 
to 1.75. Considering drivers who scored above the cut-off 
in disconstraint score, those also showing a score above the 
cut-off in motor speed have 1.75 times a higher probabil-
ity of belonging to the group of drivers with an MVC than 
the other group. The posterior probability of belonging to 
the group of drivers with an MVC considering the overall 

Fig. 4 Model “s”. Classification 
model for the group of driv-
ers with a diagnosed systemic 
disease (Step 2)

 

1 3

25694



Current Psychology (2024) 43:25683–25703

shows both observed and predicted frequencies as well as 
standardized residuals.

Discussion

This study aimed to ascertain psychological profiles of driv-
ers with an history of MVCs, controlling for the contribu-
tion of sociodemographic variables. The investigation was 
focused on different driver populations, including drunk 
drivers (i.e., caught for drunk-driving), systemic drivers 
(i.e., with a diagnosed systemic/multisystemic illness), and 
community-dwelling drivers (without these violations/diag-
nosis in their history). The current analyses were conducted 

(disconstraint and motor speed) according to cut-off scores 
emerged in the model (Lower/Equal or Higher).

Results showed that the obtained model of classification 
was significantly associated to the participant’s belonging to 
the driver group (χ2 = 36.1; p < .001). The analysis of stan-
dardized residuals revealed that participants belonging to 
the drunk driver group were mainly characterized by high 
disconstraint and low motor speed, while those belonging 
to the systemic drivers group were mainly characterized by 
low disconstraint and low motor speed. Drunk drivers with 
high disconstraint and low motor speed showed a standard-
ized residual = 1.83; systemic drivers with low disconstraint 
and motor speed: standardized residual = 3.32). Table 2 

Fig. 5 Model “t”. Classification 
model for the whole sample 
(Step 2)
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& Summala, 2003). Considering the analyses performed 
separately on drivers’ groups, the current results provided 
convergent evidence on the importance of distal predictors 
in discriminating participants with and without an MVC. 
Nonetheless, the further inclusion of proximal predictors did 
not significantly change the models’ structures. In line with 
the above-mentioned theoretical framework (Sümer, 2003), 
the results of the present study showed the importance of 
sociodemographic variables (i.e., driver’s age) as well as 
personality traits (i.e., disconstraint and negative emotional-
ity) in classifying drivers who reported (or not) an MVC in 
the past five years. For example, to be aged 28 or younger 
was the most important factor for classifying drivers with 
an MVC in the subsample of participants caught for drunk 
driving. Similarly, negative emotionality, together with age, 
were two variables contributing to the classification model 
in the subsample of participants with a diagnosed systemic 
illness. Finally, disconstraint was the only significant fac-
tor contributing to the classification model performed on the 
community-dwelling group. However, significant predictors 
found in the last two models were not able to significantly 
improve the likelihood of correctly classifying drivers in the 
group of those reporting an MVC. This result likely emerged 
due to a significant imbalance between participants with and 
without an MVC in these two groups. Furthermore, it is pos-
sible that participants with and without an MVC in these 
groups exhibited high variability in the study measures. 
These limitations prevented the attainment of a reliable esti-
mation model for the systemic and the community-dwelling 
groups of drivers.

Results presented here confirms those of previous studies 
suggesting that age is one of the most important human-
related determinants of MVC involvement in the general 
driving population (Oster & Strong, 2013; Fraade-Blanar et 
al., 2018; Castellucci et al., 2020) and particularly for drunk 
drivers (McKnight et al., 1995; Jongen et al., 2016; Tinella 

both separately for these groups as well as on the total sam-
ple following the contextual-mediated model (Sümer et al., 
2003) of traffic accident involvement.

Significant intergroup differences emerged in terms of 
measures of aberrant driving behavior and attitudes toward 
safety: (a) Systemic drivers exhibited the lowest mean 
scores for aberrant driving behaviors, while (b) drivers in 
the community-dwelling group showed the highest frequen-
cies of errors and lapses and expressed the lowest attitudes 
toward safety compared to the other two groups. Consider-
ing the first point, it is known that driving frequency tends 
to decrease with age (Ang et al., 2019), and older driv-
ers are generally less prone to engage in reckless driving 
behaviors (Youssef et al., 2023). They often prefer driving 
during daylight hours and in familiar, well-known envi-
ronments, typically close to their homes (Ang et al., 2019; 
Tinella et al., 2023). In this study, participant belonging to 
the systemic group was composed mainly by mature-adult 
and older drivers. Consequently, the result likely emerged 
due to the intervening effect of age. Concerning the second 
point, instead, it should be noted that drivers in the com-
munity-dwelling group were recruited from the general 
population. Previous studies highlighted the occurrence of 
aberrant driving behaviors in non-clinical samples of non-
professional drivers (Lucidi et al., 2014; Yang et al., 2013). 
Furthermore, this result potentially emerged because of the 
influence of impression management in these scales. It is 
worth noting that community-dwelling group participants 
were assessed at a different institution (the university depart-
ment) compared to the other two groups (the mobility center 
of the city). This difference in assessment location may have 
introduced a degree of impression management in the self-
reported driving measures of participants within both the 
drunk driver and systemic driver groups. This confirms the 
need for cautious consideration of these measures for reli-
censing and fitness-to-drive assessment purposes (Lajunen 

Table 2 Contingency table testing the association between drivers’ group with the obtained psychological profile (model “t”). Observed and pre-
dicted frequencies are reported. St. residuals = Standardized residuals

Psychological profile
Group of drivers High disconstraint - 

High motor speed
High disconstraint 
- Low motor 
speed

Low disconstraint - 
High motor speed

Low disconstraint 
- Low motor 
speed

Total

Drinker drivers group (pre-
viously caught for drunken 
drivers)

Observed 21 37 11 21 90
Predicted 15,1 27,4 12 35,5
St. residuals 1,52 1,83 -0,29 -2,43

Community-dwelling group Observed 34 57 25 71 187
Predicted 31,4 56,9 24,93 73,7
St. residuals 0,46 0,01 0,01 -0,31

Systemic group (with a 
systemic - multisystemic 
disease)

Observed 3 11 10 44 68
Predicted 11,4 20,7 9,07 26,8
St. residuals -2,49 -2,13 0,31 3,32

Total 58 105 46 136 345
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higher than the cut-off showed approximately 1.7 times 
more the probability of belonging to the group of drivers 
with an MVC than the non-MVC group.

Overall, the best and most stable results were identi-
fied in the analysis performed on the whole sample, with 
results showing the contribution of variables included in 
both the distal and the proximal context of driving, that is, 
disconstraint (as a personality trait, included in the distal 
context) and motor speed (as a driving skill, included in 
the proximal context) were identified to be significant pre-
dictors. Both these variables improved the classification 
accuracy. The most likely driver group to be involved in an 
MVC was represented by drivers with high disconstraint 
scores and high motor speed (i.e., above the corresponding 
cut-off scores). Similar results have been showed in previ-
ous studies highlighting both impulse control and motor 
reaction as crucial driver-related factors affecting behav-
iors and performance behind the wheel (Svetina, 2016). 
The result shows that, despite not attaining critical thresh-
olds, a deficiency in impulse control can be viewed as a 
potential risk factor, even in subclinical cases. Therefore, 
the monitoring of such aspects is warranted. However, in 
line with the model proposed by Sümer (2003), the cur-
rent results suggest an influence of variables of distal and, 
in turns, of the proximal context on the involvement in 
MVCs. Following this theoretical framework and consid-
ering results presented here, these findings are compat-
ible with Sumer regarding the indirect influence of distal 
factor (i.e., psychological disconstraint) and, in turns, of 
the proximal ones (i.e., motor speed) on the likelihood of 
being involved in an MVC. It is likely that motor speed 
mediates the distal effects of disconstraint on MVC 
involvement. Consequently, results of the present study 
suggest that drivers with a high level of disconstraint and 
a quicker motor reaction may be most likely included in 
the driver group with MVC involvement. This assump-
tion needs further investigation since the evidence that a 
quicker motor reaction may be a risk-factor for an MVC 
in those drivers with higher disconstraint may find impor-
tant implications, especially in a preventative perspective. 
One might expect that quicker reaction times would be 
advantageous for drivers, helping them respond rapidly to 
potential hazards. However, this result takes on a differ-
ent perspective by considering the role of self-control. In 
this context, impulsivity refers to a trait characterized by 
a lack of self-control and a tendency to act on immediate 
impulses without considering the consequences. A driver 
with a specific difficulty in impulse control, if also possess-
ing high motor speed, may potentially be more prone to 
risky driving behaviors. In fact, an impulsive driver could 
trigger non-adaptive/aberrant and dangerous behaviors 
(i.e., abrupt lane changes, tailgating, or aggressive driving) 

et al., 2021b). On one hand, age was negatively correlated 
with aberrant driving behaviors; thus, the passing of years 
seemed to reduce the likelihood of the engagement in risky 
driving (Ledger et al., 2019a, 2019b). On the other hand, 
the driver’s age was highly correlated with their driving 
experience (Ucińska el al., 2021). Thus, it can be assumed 
that a greater driving experience may reduce the likelihood 
to engage in driving violations such as drunk driving (Liu 
et al., 2021) by mitigating the intention to drink and drive. 
In this study, the results showed that drunk drivers aged 28 
years or younger have three times a higher probability of 
belonging to the group of participants with an MVC than 
the non-MVC group.

Considering the model performed on drivers with a 
diagnosed systemic illness, the results suggest that neg-
ative emotionality may be a contributing factor in the 
classification of MVC involvement. However, the whole 
model did not show any practical benefit in terms of clini-
cal usefulness, as evidenced by its positive likelihood ratio 
lower than one for the probability of MVCs group belong-
ing. Nevertheless, previous studies have demonstrated the 
effects of negative emotionality on driving measures high-
lighting positive associations with aberrant driving behav-
iors, negative driving outcomes (Hu et al., 2013), and 
MVCs (Taubman-Ben-Ari et al., 2004). Moreover, nega-
tive emotionality, defined as “the tendency to show vari-
ous forms of negative affect” (Bhagat et al., 2016, pp.1), 
has been shown to have significant associations with dis-
tracted driving and, in turn, with aberrant driving behav-
iors (Tinella et al., 2022). Personality traits are significant 
factors for the prevention of MVC for vulnerable road 
users (Alavi et al., 2017), including those with a restricted 
driving licence for medical reasons (Graveling & Frier, 
2015; Mikuls et al., 2023). It has been shown that negative 
emotionality is highly recurrent in people with diagnosed 
systemic diseases, including cardiovascular (Balog, 2018), 
neurological (Devins & Seland, 1987), rheumatic (Lu et 
al., 2022), and metabolic (Kalra et al., 2018). Despite this, 
the model provided unclear clinical indications that should 
be considered with caution by practitioners when treating 
drivers with diagnosed conditions.

Considering the model performed on the community-
dwelling group, disconstraint was the only predictor con-
tributing to the classification. Disconstraint can be defined 
as a lack of impulse control (Harkness et al., 2014) and 
higher scores in this scale have been previously found to be 
predictive of road violations, offending attitudes, and MVCs 
(Magallón-Neri et al., 2015; Veltri et al., 2014). Moreover, 
this personality trait has been found to be significantly and 
negatively associated with measures of fitness-to-drive in 
both clinical and non-clinical samples (Tinella et al., 2021b, 
2021c). In this group, drivers showing disconstraint scores 
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Overall, in line with theoretical frameworks proposed in 
early studies on human-related predictors of MVC involve-
ment, the results presented here suggest that MVCs are asso-
ciated with driver-related factors considered both extrinsic 
and intrinsic to the driving task (Evans, 1991; Elander et al., 
1993; Sümer, 2003). In particular, the results suggest that 
variables related to the distal context (i.e., age and personal-
ity traits) play a crucial role for MVC involvement in driv-
ers with clinical/forensic issues (i.e., medical condition and 
drunk driving). The results can have practical implications 
in both contexts, proving valuable for assessment and inter-
vention practices. In terms of preventive measures, these 
findings can be useful to policymakers in planning the shift 
towards safer and more sustainable mobility, especially for 
elderly and vulnerable users (Lin & Cui, 2021). Similarly, 
disconstrant, as a variable related to the distal context, was 
found to be associated with MVCs in the community-dwell-
ing group of drivers and, together with motor speed (proxi-
mal context), was found associated with MVCs in the global 
sample. These results suggest that the contextual-mediated 
model still represent a valid conceptual perspective for the 
classification of correlates of MVCs providing evidence on 
the efficiency of its applicability in samples of drivers with 
very different characteristics. It is likely that by integrating 
self-reported and objective variables included in both the 
proximal and distal context the fitness-to-drive assessment 
accuracy could be further strengthened.

Conclusion

Globally, this study provides evidence on the applicability 
of the contextual-mediated model in the analysis of deter-
minants of MVCs in different populations of drivers. The 
results showed here present some limitations, including the 
unbalanced gender groups sizes, the comparisons among 
groups of drivers who were unmatched for demographic 
characteristics and, more importantly, the self-reported 
nature of the MVCs measure. Further research is needed to 
overcome these limitations and to test the validity of the 
model in different geographical areas. Moreover, results pre-
sented here refer to observational data; more sophisticated 
methodology is needed to test their replicability in a causal 
model. The assessment of groups of drivers took place in 
different locations, potentially leading to a higher likelihood 
of response bias among drivers in the experimental groups 
compared to the community-dwelling group. This limitation 
characterizes self-reported measures of driving as suggested 
in previous study (Lajunen & Summala, 2003). Finally, the 
study does not overcome some of the methodological weak-
nesses highlighted by Af Wåhlberg (2003) concerning stud-
ies on MVCs and particularly that regarding the time period 

more quickly than a person with the same impulsivity level 
but with slower reaction times. Moreover, while fast reac-
tion times can be beneficial in some situations, they must 
be coupled with good judgment and the ability to consider 
the context. Impulsive individuals may react quickly but 
without considering the overall traffic situation, road con-
ditions, or the potential risks associated with their actions. 
Impulsive individuals often have difficulty inhibiting their 
automatic responses, including their motor reactions. This 
lack of inhibitory control can lead to overly hasty decisions 
and actions on the road. Previous studies have shown the 
links between impulsivity, psychomotor speed, and inju-
ries in clinical and non-clinical populations (i.e., ADHD; 
Chamberlain et al., 2017; Rommelse et al., 2007; Dinçer et 
al., 2022). Results of the present study seemed to suggest 
that a fast motor response in the absence of self-control 
can be dangerous for drivers and, more in general, for 
those using potentially hazardous tools requiring attention 
and control. This result aligns with dual-process theories 
of decision-making, which suggest that decisions often 
involve a balance between automatic, impulsive responses 
and more reflective, controlled processes (Kvaran et al., 
2013). Understanding how these processes interact can 
provide valuable insights into various domains, including 
road safety.

Furthermore, a test of association between the grouping 
variable and the obtained classification model “t” was per-
formed. Results showed that the model of classification was 
associated with driver group. While drivers caught for drunk 
driving showed mainly high disconstraint and low motor 
speed (below or above the cut-off score) those with a diag-
nosed systemic/multisystemic illness showed mostly low 
scores in both measures. As expected, participants belong-
ing to both the systemic and the drunk driver groups showed 
motor speed under the 64th percentile. The results are in line 
with a high number of studies indicating changes in reaction 
speed in drunk drivers (i.e., effect of the long-term alcohol 
assumption) as well as in drivers with systemic illness (i.e., 
effect of the medications or the older age). We are aware 
that this result should be considered with caution. Further 
studies should replicate this model by testing for their effi-
ciency in discriminating participants with an MVC on larger 
samples and with objective measures of crash involvement. 
Finally, results presented here suggest that a driver with a 
score higher than the cut-off on the disconstraint scale and 
the motor speed test is three times more likely to be part of 
the population of drivers involved in an MVC (Supplemen-
tary File 1). Considering the above, this evidence confirms 
those of previous studies suggesting a link between impul-
sivity (defined on a behavioral and dispositional level) and 
risky driving.
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of the crash to be controlled in the analysis. However, the 
novelty of the present work consisted in implementing a rig-
orous and innovative techniques as the CART following a 
precise theoretical model of MVCs involvement. Moreover, 
another novelty was the interpretation through a Bayesian 
factor and the calculation of conditional probabilities of the 
frequencies emerged from the CART results. These results 
may represent a valuable source of knowledge for those 
researchers dealing with road safety promotion. Profes-
sionals of mobility centres and occupational therapists may 
find these results useful in order to develop and promote 
tailored road safety interventions as well as for licensing 
and fitness-to-drive assessment purposes. Considering these 
results, future studies may try to define driver-related risk of 
MVC involvement. Finally, these findings can be used by 
insurance companies to target resources and interventions 
towards those at high-risk drivers.
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