Old Dominion University

ODU Digital Commons

Psychology Theses & Dissertations Psychology

Summer 2024

Young Driver Training and Socioeconomic Status: A Human-in-
the-Loop Driving Simulator Evaluation

Jeffrey Edward Glassman
Old Dominion University

Follow this and additional works at: https://digitalcommons.odu.edu/psychology_etds

6‘ Part of the Experimental Analysis of Behavior Commons, and the Transportation Commons

Recommended Citation

Glassman, Jeffrey E.. "Young Driver Training and Socioeconomic Status: A Human-in-the-Loop Driving
Simulator Evaluation" (2024). Master of Science (MS), Thesis, Psychology, Old Dominion University, DOI:
10.25777/j108-ax76

https://digitalcommons.odu.edu/psychology_etds/442

This Thesis is brought to you for free and open access by the Psychology at ODU Digital Commons. It has been
accepted for inclusion in Psychology Theses & Dissertations by an authorized administrator of ODU Digital
Commons. For more information, please contact digitalcommons@odu.edu.


https://digitalcommons.odu.edu/
https://digitalcommons.odu.edu/psychology_etds
https://digitalcommons.odu.edu/psychology
https://digitalcommons.odu.edu/psychology_etds?utm_source=digitalcommons.odu.edu%2Fpsychology_etds%2F442&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/1236?utm_source=digitalcommons.odu.edu%2Fpsychology_etds%2F442&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/1068?utm_source=digitalcommons.odu.edu%2Fpsychology_etds%2F442&utm_medium=PDF&utm_campaign=PDFCoverPages
https://digitalcommons.odu.edu/psychology_etds/442?utm_source=digitalcommons.odu.edu%2Fpsychology_etds%2F442&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:digitalcommons@odu.edu

YOUNG DRIVER TRAINING AND SOCIOECONOMIC STATUS: A HUMAN-IN-THE-
LOOP DRIVING SIMULATOR EVALUATION
by

Jeffrey Edward Glassman
B.A. May 2021, University of Connecticut

A Thesis Submitted to the Faculty of
Old Dominion University in Partial Fulfillment of the
Requirements for the Degree of
MASTER OF SCIENCE
PSYCHOLOGY

OLD DOMINION UNIVERSITY
August 2024

Approved by:
Yusuke Yamani (Director)
Jeremiah Still (Member)

Xiao Yang (Member)



ABSTRACT

YOUNG DRIVER TRAINING AND SOCIOECONOMIC STATUS: A HUMAN-IN-THE-
LOOP DRIVING SIMULATOR EVALUATION

Jeffrey Edward Glassman

Old Dominion University, 2024
Director: Dr. Yusuke Yamani

Previous research consistently shows that young drivers are poor at anticipating latent
hazards on the roadway compared to more experienced drivers. The Road Awareness and
Perception Training (RAPT) program is a driver training program that aims to accelerate young
drivers’ learning of hazard anticipation (HA) skills. More recent research has started showing
evidence that RAPT may be even more effective at reducing accidents for young drivers with a
lower socioeconomic status (SES), though the direct impact of RAPT on HA skills in the driver
population is yet unclear. The current experiment thus directly evaluated the effectiveness of
RAPT on the HA performance of drivers differing in SES using a high-fidelity driving simulator.
Fifty-two participants were randomly assigned to the active or passive RAPT training group.
Participants in the active RAPT group completed the original RAPT-3 that provides them the
opportunity to make and mitigate errors and master the skill (3M method) to anticipate HA via
error-feedback mechanism. Participants in the passive RAPT group received the knowledge
about latent HA identical to that of the active RAPT group without the 3M method. Participants
drove a series of eight simulated HA scenarios in the virtual environment immediately before
and after completing the respective training program. The results showed credible improvement
of HA performance in the active but not in the passive RAPT group, indicating the error-
feedback mechanism was crucial for their learning. Additionally, contrary to our expectation,

regardless of their assigned training program, high-SES drivers demonstrated greater HA skills



after completing either training program than before, while low-SES drivers did not. The results
imply that high-SES drivers may employ a different learning mechanism than low-SES drivers to
anticipate latent hazards better on the second encounter to the scenarios. The present work
suggests that the error-feedback mechanism is essential for accelerating young drivers’ learning
for road safety and that low-SES drivers may not benefit equally well even from the RAPT
program. More research is urgent in better understanding and characterizing how SES and other

related variables influence their learning from the available driver training programs.
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CHAPTERI

INTRODUCTION

Statistics indicate a steady decrease in the number of fatal passenger vehicle crashes in
the United States involving young drivers aged between 16 and 19 years old over the past twenty
years (Foss et al., 2014; 11HS, 2022). Unfortunately, though, young drivers still face a
disproportionately higher rate of involvement in fatal vehicular crashes compared to any other
age group of drivers. For example, based on 100 million miles traveled, passenger vehicle crash
rates per mile are roughly five times higher than drivers aged between 30 and 60 years,
contributing to a loss of 2,738 teenagers in 2020 in the United States alone (1IHS, 2022). Despite
the commonly accepted view that young drivers are “careless”, literature on driver’ behaviors
and performance instead suggest the opposite view that young drivers are in fact “clueless” and
that their driving-related cognitive abilities are amenable to training. McKnight and McKnight
(2003), for example, explored factors that predict young driver accidents by analyzing narrative
descriptions of over 2,000 accidents that involved 16-19-year-old drivers in the United States.
The results demonstrate, strikingly, that cognitive factors such as inattention and inadequate
visual search accounted for 23% and 42.7% of the accidents while deliberate risky behaviors
accounted for only 5% (see also Braitman et al., 2008; Curry et al., 2011). This opened the door
to explore, develop and evaluate driver training programs focusing on psychological processes
that are critical for road safety and amenable to training such as attention and visual search.

Experienced drivers display demonstrably different glance behavior when compared to
those of young drivers (Mourant & Rockwell, 1972; Underwood et al., 2003). Specifically,

young drivers constrict breadth of their eye gaze to the road ahead and closer to the vehicle’s



hood compared to more experienced drivers who more broadly scan the road environment.
Underwood et al. (2002) argued that these differences in eye glance behaviors were in large part
driven by young drivers’ lack of cognitive skills necessary to spot information that can indicate
the presence of a road hazard and not driven by the demand of controlling the vehicle.

Latent hazard anticipation.

One of the higher cognitive skills that is critical for young drivers’ road safety is latent
hazard anticipation (HA; Yamani et al., 2016; Crundall & Underwood, 1998; Horswill &
McKenna, 2004; Pradhan et al., 2005). Specifically, latent HA refers to a cognitive skill that
allows drivers to recognize the risk of a dynamic traffic scene and anticipate an imminent latent
hazard that has not yet materialized (Fisher et al., 2007; Unverricht et al., 2018). That is,
successful latent HA requires perception, comprehension, and integration of environmental and
situational data into a coherent mental model of the immediate, surrounding driving
environment. Notably, these driving-critical psychological processes allow the driver to predict
how the driving situation unfolds over time and anticipate latent threats (e.g., situation
awareness; Endsley, 1995). Consider a four-lane road with two lanes for each direction of traffic
with a parked truck on the side obscuring the crosswalk entrance (Figure 1). Using this and
similar risky scenarios, Pradhan and colleagues (2006), showed that young drivers successfully
glanced toward the location of latent hazards in only 35.1% of the scenarios compared to older

drivers in 66.2%, highlighting that young drivers show poorer HA compared to older drivers.



Figure 1

Truck obscures crosswalk HA scenario.
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Note. The parked truck obscures the crosswalk entrance from the view of the driver approaching
in the left lane.

Failure of latent HA in young drivers

One hypothesis that may explain why young drivers fail to anticipate latent hazards on
the forward roadway is that young drivers are particularly poor at selectively perceiving and
identifying precursors (e.g., parked truck) that signal the location of a latent hazard (e.g.,
pedestrian). Previous research suggests that such precursors can be classified into two categories
-- behavioral and environmental precursors (Crundall et al., 2012; also see Pradhan & Crundall,

2016; Yamani et al., 2022). An environmental precursor is an environmental element of a driving



scene that predicts a hazard (e.g., a truck obscuring the right extremity of a crosswalk) while a
behavioral precursor is the same stimulus as the hazard which has not yet materialized as a
hazard (e.g., pedestrian walking towards a crosswalk but has not stepped onto the road yet). To
dissociate these two types of precursors, Crundall and colleagues (2012) examined young and
experienced drivers’ eye fixations on environmental and behavioral precursors in a driving
simulator. The results showed that young drivers anticipated environmental hazards more poorly
than experienced drivers although their fixation patterns on the environmental precursors are
similar between young and experienced drivers. More recently, Crundall (2016) found that
environmental precursors are better than behavioral precursors at discriminating between young
and experienced drivers. These studies not only expose different effects of environmental and
behavioral precursors on eye movement behaviors but also suggest that young driver recognition
of hazards on the roadway may be enhanced through driver training programs (see also Krishnan
et al., 2019). Thus, in this study, | focus on environmental/latent hazards.
Hazard perception and hazard anticipation

Previous research found differences in hazard perception (HP) skills between young
drivers with an accident history and those with accident-free drivers. HP is a cognitive process in
which the driver has an accurate and actionable assessment of their current driving environment
(Horswill & Mckenna, 2004), generally encompassing a broader concept than latent HA. HP
contrasts with the HA process in which, to anticipate a latent hazard, drivers must perceive the
current driving situation picking up on cues and predict hazards that may appear in the near
future. A classic study by Spicer (1964) showed that a driver's likelihood of being in an accident
was related to their HP skills. In the study, eleven 34-minute segment films of traffic situations

were shown to two groups: a group of young drivers with an accident history and a group of



accident-free drivers. At the end of each segment, drivers were given a checklist for which they
marked each element within the film that appeared important to them. The young accident-
involved drivers were shown less able to perceive the critical features of the traffic scenes than
the accident-free drivers (Spicer, 1964; Pelz & Krupat, 1974). Later, researchers developed HP
tests that could identify the drivers most at risk of accidents and developed training interventions
to improve HP skills.

Researchers have developed a variety of HP training programs since Spicer (1964) that
were shown to enhance HP performance among young novice drivers (e.g., Mckenna & Crick
1992; Mckenna & Crick 1997; Grayson & Sexton 2002). One of the most successful HP training
programs was developed for the United Kingdom’s Theory Test which all new drivers must pass
before full licensure in the UK (Grayson and Sexton, 2002). The Driving Standard Agency
(DSA) (currently the Driver & Vehicle Standards Agency; DVSA) developed three 60-minute
training modules, one for basic training and two for advanced training. The training modules
included a combination of video, video-freeze techniques, animations to illustrate points, and
work cards. When the video freezes, the trainees identify situations and indicate if the driving
situation is hazardous. The advanced training modules include more “dynamic situations” than
the basic training module. An analysis compared the HP skills of three groups of learner drivers:
Group A was the control group and did not receive HP training, Group B received the basic
training module, and Group C received all three basic and advanced training modules. Trainees
then completed a HP test in which they analyzed and watched a set of scenarios that contained
hazards. Participants indicated the presence of a hazard by pressing a key on the keyboard within
a predesignated scoring window. The scoring window was determined by an expert, beginning as

soon as the event became hazardous and ending when the hazard passed. In addition, the scoring



window was evenly divided into five sub-time-windows, with the fastest hazard detection (that
occurred within the first sub-time window) being scored a 5, and participants that did not
indicate the presence of a hazard within the time window given a score of 0. An analysis of
trainees HP skills following training indicated that training was highly effective. Group B
showed modest gains from basic training, while Group C showed gains that put them on par with
the HP performance of experienced drivers (Grayson and Sexton 2002). Although this HP
training program was successful, it takes a significant amount of time to administer the program
to trainees, and the presence of instructors is integral to the training procedure. Researchers
recognized that hazard prediction and feedback were a crucial component to detecting and
avoiding hazards (Mckenna and Crick, 1997). Therefore, researchers developed a new training
program known as the Risk Awareness and Perception Test (RAPT) that takes less time and
resources and focuses on training drivers to recognize hazard precursors and predict hazards that
have not yet materialized.

Several iterations of RAPT have been developed to accelerate driver’s learning of HA
skills (Unverricht et al., 2018). The RAPT training program has been extensively evaluated using
both driving simulator and field tests. The first version of RAPT (RAPT 1) utilized top-down
(exocentric) views of each driving scenario, and the training was shown to improve HA
performance in a driving simulator (Pollatsek et al., 2006). RAPT 2 incorporated the birds-eye
view employed by RAPT 1 and added an egocentric (driver’s point of view) as well as three new
scenarios. Improvements in HA skills learned from the RAPT 2 training program were retained
after a period of 4 days on average (Pradhan et al., 2006). Finally, RAPT 3 included perspective

views using a progressively advancing series of snapshots. RAPT-3 has been shown to improve



HA performance in field tests (Fisher et al., 2006) for up to 6-8 months after training (Taylor et
al., 2011).

The training technique used in RAPT is based on empirical evidence in the field of
memory and learning (Unverricht et al., 2018). Specifically, RAPT uses an error-based feedback
mechanism that provides trainees with opportunities to make a mistake, teaches how to mitigate
the mistake, and then master the target skill, also known as the 3M method (Fisher et al., 2004).
Briefly, typical RAPT programs consist of pre-training, training, and post-training parts. In pre-
training, RAPT first asks trainees to view a short video clip of the target scenario and to click
locations of potential hazards in a risky scenario. Then, RAPT evaluates whether the identified
locations contain the target hazard, which serves as a baseline for each trainee. Then, during the
training part, trainees are provided with a top-down view of each risky scenario with descriptions
and detailed explanations on the risky aspects of each scenario. For each scenario, trainees are
again asked to view the video clips and identify areas of potential hazard. Trainees are allowed to
move to the next scenario if they detect the potential hazard correctly, and if not, then the
program asks the trainees to repeat the task up to four times to correctly identify the risky areas
in the video. Finally, the post-training segment of RAPT is identical to the pre-training.
Individual differences in trainees of RAPT

More recent research indicates that effectiveness of RAPT training may not be equal
across the population of young drivers but varies markedly on various individual differences
measures. A recent large-scale evaluation study employing over 5,000 young drivers randomly
assigned to either the RAPT or a control condition showed an interaction between the training
manipulation and gender on crashes (Thomas et al., 2016). The results indicate that RAPT is

partially effective in reducing crashes involving young drivers, particularly among male drivers



but not females. Zhang and colleagues (2018) showed in a driving simulator that a driver training
program that involves HA training like RAPT is only effective on careful drivers but not careless
drivers. In the study, the driver classifications were based on several individual difference
measures such as sensation-seeking (Arnett, 1994), aggression (Buss & Perry, 1992), aggressive
driving (Snow, 2000) and violations and errors. More generally, the literature on young driver
training has started recognizing that the young driver population is not homogenous but
heterogeneous. That is, young drivers vary in different trajectories including personalities,
driving behaviors, demographics, and backgrounds. Thus, it is urgent to characterize
relationships between the effectiveness of RAPT and driver profiles to systematically approach
their learning and development of latent HA skills.
Socioeconomic status as a predictor of the effectiveness of RAPT

A recent work by Roberts and colleagues (2021) examined relationships between
trainees’ socioeconomic status (SES) and the effectiveness of RAPT on crashes. The researchers
reanalyzed the original crash data from Thomas et al. (2016) that gauged the effectiveness of
RAPT on reducing crashes in young, newly-licensed drivers aged between 16 and 17 years to
explore whether two SES metrics relate to the number of crashes within the first 12 months after
licensure. The two measures were poverty rate estimated by a participant’s zip code provided to
California Department of Motor Vehicle (DMV) and SES level determined by whether a
participant resided in a zip code with a poverty level exceeding 20% (Roberts et al., 2021).

Results indicate poverty rate and the interaction term between poverty rate and training
significantly predicted crash rates in the young drivers. Most importantly, crash rates increased
as poverty rate increased in the drivers who received the Placebo training program but decreased

more significantly for RAPT trained drivers with zip codes displaying increasingly higher



poverty rates. Additionally, when the binary SES measure was used in the model, none of the
independent variables were predictive of crashes. Overall, the results are consistent with previous
findings that low-SES driver populations are four times more likely to be involved in motor
vehicle accidents than high-SES populations (Harper et al., 2015; Males, 2009).

Although Roberts et al. (2021) provide novel insights into potential impacts of SES on
the drivers’ learning and driving behaviors, several limitations exist in the study. First, the SES
measure was based on neighborhood level characteristics and was not a granular measure of SES
based on income and education information. Second, accident rate is an indirect measure of HA
skills because accidents can be caused by other drivers other than by HA failures (e.g., driving in
high-crash locations). Third, an accident in which no injuries occur and that do not result in
property damage exceeding $750 are not required to be reported to the state. Thus, some
accidents may not have been included in the analysis. Despite these limitations, low-SES drivers
exposed to RAPT training reported a significantly greater reduction in accident rates, and the
current study seeks to address several of the limitations in a driving simulator experiment.

One factor that may underlie the different effects of RAPT on accident rates between
low-SES and high SES drivers is relative differences in their exposure to driver training
education. Individuals with low-SES have limited access to driver training programs compared
to individuals with high-SES (Curry et al., 2012). Further, when driver training is required (such
as through graduated driver licensing), low-SES populations are more likely to delay obtaining a
license (Tefft et al., 2014) at the expense of not completing driver training. With less driver
training, low-SES drivers may possess worse HA skills than high-SES drivers at the outset of

RAPT training. These characteristics of low-SES drivers may bring an opportunity for
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transportation human factors researchers to develop driver training program tailored to the low-
SES drivers and improve their cognitive skills critical for their road safety.
Cognitive load theory as a framework of the current research

One framework that may explain the influence of SES on the effectiveness of RAPT is
cognitive load theory (CLT). According to CLT, learning is an effortful process, and the design
of training programs should be informed based on the current skill level of the trainee and the
number of resources demanded by the target task (Sweller 2010; Wickens et al., 2013). Training
programs can present three sources of cognitive load on a trainees’ working memory, intrinsic
cognitive load, extraneous cognitive load, and germane cognitive load. Intrinsic cognitive load is
determined by the trainees’ current skill level and the difficulty of the task. The amount of
intrinsic load of a task can be influenced in two ways. The first way is to change the nature of the
task to be learned such that it is more complex (increases cognitive load) or less complex
(decreases cognitive load). The second way is to increase the learner's experience such that the
learner is more familiar with material which decreases the intrinsic load of the task (Sweller,
2010). Extraneous cognitive load is nuisance load that is imposed by the training program itself
(such as a poor user interface). Germane cognitive load is determined by the number of resources
required to learn the task itself. If extraneous cognitive load is low and intrinsic cognitive load is
high, then germane cognitive load will be high (Wickens et al., 2013). Because the experience of
the learner influences the intrinsic cognitive load of the material (Sweller et al., 2010), a training
program may require a greater germane load for individuals with less experience than more
experienced individuals. Thus, the germane load of RAPT may be greater for low-SES
individuals because they have less experience with driving training (Curry et al., 2012; Tefft et

al., 2014).
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Current study
The current study directly examines whether the effectiveness of RAPT training on HA
varies across different levels of SES of participants receiving different versions of RAPT. Family
income and parental education level were employed as a measure of SES (Sackett et al., 2009;
2012). Participants were assigned to either the active or passive RAPT group and completed the
assigned training program. Immediately before and after completion of the training program,
participants navigated in various driving scenarios in a high-fidelity driving simulator with their
eyes tracked via a head-mounted eye tracker for pre- and post-training evaluation. |
hypothesized:
1. Participants that received active RAPT training would detect latent hazards correctly in
more scenarios than participants that receive passive RAPT training (Slamecka & Graf,
1978).
2. High-SES drivers would detect latent hazards correctly in more scenarios than low-SES
drivers (Roberts et al., 2021).
3. The completion of RAPT would offset SES-related declines in HA performance (Roberts

etal., 2021).
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CHAPTER I

METHODS

Participants

Fifty-two participants were recruited from the community of Old Dominion University
(ODU). All participants were screened for holding a valid U.S. driver’s license and for normal or
corrected-to-normal visual acuity using the standard Snellen chart and color perception using the
Ishihara Color Blindness test (2014). Each participant received either 2 SONA credits or $20 for
their participation in the study.
Apparatus
Driving simulator

A Realtime Inc. (RTI) high-fidelity driving simulator at ODU was used for the study
(Figure 2). The driving simulator provides three degrees of freedom of realistic motion along
lateral, longitudinal, and vertical axes on a hydraulic platform (Real-Time Technology, 2020).
The simulator consisted of a single seat with three 65’ screens providing a 205-degree horizontal
view and a 35-degree vertical view. An audio system produced realistic wind, rain, ambient

traffic noise, direction, and doppler shift that matches with the simulated driving scenes.
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Figure 2

The Realtime Technologies RDS 1000 driving simulator

Note. The driving simulator (back left) and researcher’ control center (front center).

Eye tracker

A head-mounted eye tracker (Pupil Labs, 2021) was used to collect eye glance data. The
eye tracker consisted of an eye camera that enabled eye movement data captured at 200 Hz,
while the world camera captured the forward scene at 120 Hz. Pupil Core software superimposed
glance location onto the forward scene represented by a crosshair (Pupil Core V3.5, 2021).
Training Programs
RAPT-3

The latest version of RAPT, known as RAPT-3 (Unverricht et al., 2018), was used for the

active-training group. RAPT-3 has three sections. First, trainees are asked to complete a pretest
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where they are shown a progressively advancing series of snapshots from nine driving scenes.
Trainees are then instructed to click on the areas in each scene to indicate where a latent hazard
may be located. Then, a training section involved a module in which trainees are shown a bird’s
eye view of each of the scenarios identical to those used in the pretest with specific areas
containing latent hazards along with a written description of the reason why each scenario is
risky. Finally, trainees are asked to repeat the task in the pretest. However, when the trainee
failed to identify the hazard correctly, they are instructed to review the training section for the
scenario until they were able to identify the hazard or failed four times. It takes approximately 30
minutes to complete a RAPT training session.
Control training program

For the control, or passive training program, participants read a series of Microsoft
PowerPoint slides containing the same written instructions and illustration examples of HA
identical to that offered in the original RAPT program. Note that the material in the control
training program did not include any modules that involve error-based feedback such as
opportunities to select areas containing latent hazards on the progressive series of snapshots.
Participants were asked to answer multiple-choice questions at the end of the training to gauge
their understanding of the training material.
Measure of SES

Participants’ SES was measured via an unweighted composition of three items, father’s
education, mother’s education, and family income (Sackett et al., 2009; 2012). Specifically, each
score was transformed to a z-score, and the sum of the three z-scores was computed for each
participant. The criterion validity of older adolescent’s (14 — 19 years old) self-report of their

mother’s education level indicated good reliability (Cohen’s k = .70) (Ensminger et al., 2000).



No data related to the validity and reliability of adolescent self-reported measures of father’s

education, or family income is available in the literature.
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Driving scenarios.

Table 1

Latent hazard anticipation scenario names and descriptions.

16

Scenario Name

Description

Top-Down View

S1: Truck Obstructs Crosswalk

S2: Free-Way Truck Obstruction

S3: Hedge Obstructs Crosswalk

The driver is in the left lane of a
divided street approaching a
crosswalk at a T intersection. A
truck parked in the right lane
obstructs the right crosswalk
entrance and any pedestrian that
may be attempting to cross. The
driver must scan the front-left
corner of the truck.

The driver is in the right lane of a
two-lane divided free-way
approaching an intersection with a
truck parked in the left lane
obstructing the view of potential
cross traffic. The driver must scan
the front right corner of the truck
for any traffic that may be
attempting to cross in front of the
driver.

The driver is on a two-lane road
approaching a crosswalk in front of
a T intersection with a hedge
obstructing the right crosswalk
entrance. The driver needs to scan

the right crosswalk entrance beyond

the far-left corner of the hedge
where a pedestrian may emerge.
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Table 1 (Continued)

17

Scenario Name

Description

Top-Down View

S4: Bus Obstruction

S5: Midblock Crosswalk

S6: Car Merge

S7: Obscured Cross-traffic

The driver has a green light as they
pass through a four-way
intersection in the right lane with a
bus parked in the left lane on the
right side of the intersecting cross
traffic. The bus blocks the driver’s
view of vehicles that might be to the
right of the bus. The driver must
glance toward the right lane of the
intersecting cross traffic where a car
may be attempting a right-on-red
turn.

The driver is in the right lane of a
straight two-lane road with a
crosswalk intersecting it. A hedge
obstructs the crosswalk entrance on
the left side along with any
pedestrian that may be attempting to
cross. The driver must scan the gap
just after the near hedge and just
before the far hedge.

The driver is in the left lane of a
four lane road with a line of cars
parked in the right lane. One of the
parked cars signals their left blinker
and is angled toward the left lane.
The driver must watch the signaling
vehicle to ensure it does not intend
to merge in front of their vehicle.

The driver approaches an
intersection controlled by a stop
sign with three vans obscuring the
cross traffic approaching in the right
lane. The driver must look to the
area just beyond the front side of
the front van for any sign of
emerging cross-traffic.

=
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Table 1 (Continued)

Scenario Name Description Top-Down View
S8: Opposite Lane Truck The driver attempts a left hand turn .
Obstruction from the left lane of a four-way y
intersection controlled by a stop i”’i
sign. A truck parked in the left lane __ e |

of the opposing street obstructs the -

driver’s view of traffic approaching
in the right opposing lane. The
driver must look toward the area to
the left side of the truck in the right
lane as they engage in the left-hand
turn.

Note. Launch zones indicated by yellow rectangles, and target zones indicated by red ovals.

Procedure

Each participant was assigned to either the active- or passive-training group. Participants
were asked to read an informed consent document and provide written consent if they agreed to
participate in the study. First, participants were screened for normal near and far visual acuity
using the Snellen chart and color perception using the Ishihara color blindness test (Ishihara,
2014). Next, the participants completed a 5-minute practice session in which they learned basic
skills to operate a vehicle in the driving simulator by weaving in between traffic cones, changing
lanes, and turning at intersections. Then, participants completed a pretest in which they navigated
through eight driving scenarios with their eye movements tracked in an order randomized across
participants. The passive group reviewed a 30-minute PowerPoint about HA behavior in the
RAPT training module. Then, participants completed the same eight driving scenarios in a

different order from that of the pretest with their eye movements tracked. Finally, participants
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completed an SES demographics form and a driving history questionnaire and were remunerated
and dismissed.
Experimental Design

The present study employed a mixed design with Training (Active vs Passive) and SES
(High vs Low) as between-subjects factors and Time (Time 1 vs Time 2) as a within-subject
factor.
Dependent Variables

Participants’ eye movement data were manually coded into latent HA scores by two
experienced researchers. Successful HA is operationally defined as the proportion of the
participants’ glances located at the predefined target zone while within a predefined launch zone
(see Figure 3). The target zone is the area of the visual field that contains a latent hazard while
the launch zone is the area of the roadway immediately preceding the hazard where the driver
must glance toward the target zone. If the participant glanced on the target zone while their
vehicle is within the launch zone, they received a 1 indicating that they anticipated the latent
hazard or 0 otherwise. Any disagreements were discussed by the original two independent coders

until a consensus was reached.
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Figure 3

Perspective view of HA Scenario 2.

Note. The launch zone is indicated by the yellow rectangle and the target zone by the red oval.

Vehicle data captured between 100 feet before and 50 feet after the latent hazard were
analyzed including the average velocity, the standard deviation of velocity, and the average
absolute acceleration (Agrawal et al., 2018; Yamani et al., 2024). The average absolute
acceleration is defined as the average of the absolute value of the acceleration at each point that
was measured 100 feet before the latent hazard and 50 feet after the latent hazard.

Statistical Analysis

Default Bayesian Hypothesis testing (Rouder & Morey., 2012) instead of conventional
null-hypothesis significance tests (NHST) was used for analyzing HA scores and vehicle
measures in the current study. Default Bayesian tests offer at least two advantages compared to
NHSTSs. First, Bayesian tests can provide evidence for alternative hypotheses or null hypotheses,

whereas NHSTSs can only provide evidence for the alternative hypothesis. Second, unlike
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NHSTSs, Bayesian analysis does not force dichotomous decision-making (reject or fail to reject
the null hypothesis) but enables more graded decision-making. That is, Bayesian analysis can
provide relative support for the alternative hypothesis or the null, permitting relative statistical
decision-making. One measure of evidence in default Bayesian analysis is the Bayes factor (BF).
The BF indicates the relative support for the alternative hypothesis compared to the null

hypothesis, given the obtained data. The BF is calculated with the following formula.

BF — p(H1| data) p(data| H1) p(H1)
"~ p(HO|data) p(data|HO) = p (HO)

In this equation, The BF value represents a ratio of the evidence in support of a statistical model
including the effect of interest, p(H1|data), compared to that excluding the effect, p(HO|data).
Therefore, the BF greater than 1 represents statistical evidence for the effect while below 1
represents against the effect. For example, a value of the Bayes factor of 10 indicates that
obtained data are 10 times more likely to have resulted from a statistical model that assumes the
effect of interest than a model that does not. Similarly, a BF value of 1/10 indicates evidence that
data are 10 times more likely to have been produced from a statistical model that assumes the
absence of the effect of interest than the presence. A magnitude of the BF is interpreted using the
nomenclature provided by Jeffreys (1961) (refer to Table 2).

The proportion of correct anticipatory glances were analyzed with a three-way mixed Bayesian
analysis of variance (ANOVA) with Training (Active vs Passive) and SES (High vs Low) as
between-subjects factors and Time (Time 1 vs Time 2) as a within-subject factor. All credible
interactions were followed up with relevant Bayesian t-tests. All the analyses were conducted

using the BayesFactor package in R.



Table 2

Interpretation of Bayes Factor Values.
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B1o Interpretation

<100 Decisive evidence for H1

30-100 Very strong evidence for H1

10-30 Strong evidence for H1

3-10 Substantial evidence for H1

1-3 Not worth more than a bare mention
1/3-1 Not worth more than a bare mention
1/10-1/3 Substantial evidence for HO
1/30-1/10 Strong evidence for HO

1/100-1/30 Very strong evidence for HO
<1/100 Decisive evidence for HO

Note. Descriptive labels for each range of Bayes factors (Jeffrey, 1961).
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CHAPTER Il

RESULTS

Data Preparation

Eye tracking failures and data noise caused the loss of data for a total of 30 scenarios (15
for drivers in the Active-Training group and 15 in the Passive-Training group) resulting in 3.6%
of data excluded.

Missing data for the father’s education subcomponent of the SES composite measure
occurred for five participants and was replaced with the mean father education level of 13.98
years (two for the High-SES group and three for the Low-SES group). For the measure of family
income, 11 participants were missing data that were replaced with the mean value of family
income, which was $88,244 (four in the High-SES group and seven in the Low-SES group).
There was no missing data for mother’s education. To create the SES composite measure the Z-
score was calculated independently for each of the three subcomponents (mothers’ education,
fathers’ education, and family income). The three subcomponent Z-scores were then summed
and a final composite Z-score formed a continuous measure. The median SES score of the
composite measure was calculated and participants with a Z-score that fell above the median of
the composite Z-score were placed in the High-SES group, and participants with SES scores that
fell below the median were placed in the Low-SES group. A Levene’s test of homogeneity of
variance was not significant between High- and Low-SES groups for latent hazard anticipation

scores, F(1, 102) = 0.49, p = .487, supporting equality of variance.



Figure 4

Distribution of fathers’ years of education.
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Figure 5

Distribution of mothers’ years of education.
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Figure 6

Distribution of family income per year.
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To explore the effects of the independent variables on driving performance, a series of 2
(Training) x 2 (SES) x 2 (Time) mixed Bayesian ANOVASs were performed for each of the three
exploratory measures — average velocity, average absolute acceleration, and standard deviation
of velocity. Credible interactions were followed up with Bayesian t-tests.

Hazard Anticipation

Consistent with the previous data, the results indicated substantial evidence for the
presence of the Training by Time interaction, F(1, 48) = 8.83, B1o = 4.50, 5% = .064, showing
the effectiveness of the active training program on improving latent hazard anticipation (Figure
7). Follow-up Bayesian t-tests showed strong evidence that drivers improved latent hazard
anticipation after the completion of the active training program, M = 53.8% vs. 71.7%, t(25) = -

3.47, B1p = 19.40, but not after the passive training program, M = 53.6% vs. 54.6%, t(25) = -
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0.217, B1o = 1/4.72. The main effect of Time remained substantial, F(1, 48) = 9.23, B1o =4.29,
n°c = .067. However, interestingly, collapsing across Time, evidence for the main effect of
Training was only anecdotal, F(1, 48) = 4.77, B1o = 2.96, 5°c = .059.

On the effect of SES on latent hazard anticipation, data gave substantial evidence for the
presence of the SES by Time interaction (Figure 8), F(1, 48) = 10.61, B1o = 7.56, #°c = .076.
Follow-up Bayesian t-tests indicated that drivers in the high SES group anticipated hazards
correctly in decisively more scenarios after completing either active or passive training than
before, M =69% vs. 50.1%, t(25) = -4.37, B1o = 150.64, but this pattern was absent among
drivers in the low SES group, M = 57.3% vs. 57.3% t(25) = - 0.00, B1o = 1/4.83. The remaining

effects were not substantial, 1/3.84 < Bip < 1/2.91.
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Figure 7

Mean proportion of successful HA by training condition and time.
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Figure 8

Mean proportion of successful HA by SES condition and time.
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Vehicle Measures

Below, only analyses with credible results are reported. For full analyses, refer to Table 3
- 10.
Average velocity

No comparisons were substantial 1/6.12 < all B1o < 2.06.
Standard deviation of velocity

No comparisons were substantial, 1/4.20 < all B1o < 2.47.
Average absolute acceleration

Drivers substantially changed their speed more precipitously after the completion of
either training program than before in Scenario 3, M = 1.46 vs. 1.27 m/s?, F(1, 45) = 12.58, Bio =
3.03, #%c = .061, and strongly in Scenario 7, M = 1.75 vs. 1.43, F(1, 44) = 32.56, B1o = 46.96,
n°c =.113. In Scenario 5, drivers in the passive training group adjusted their speed substantially
more quickly than those in the active training group, M = 0.54 vs. 0.34 m/s?, F(1, 42) = 4.58, Bio

= 3.04, #%c = .063. The rest of the effects were not substantial, 1/4.90 < all B1o < 1.79.



Table 3

Results of the statistical analyses on the vehicle control measures for Scenario 1.

Scenario 1
Average Absolute
Average Velocity SD Velocity Acceleration

rainin Béizzé)"b?ﬁa@?yee(ﬁy—: Bio= 1/1.93, Active (M= Bio= 1/3.13, Active (M =
g ' 3'4 e ~ 0.67) vs. Passive (M =0.97) 0.30) vs. Passive (M = 0.39)

Time Bé%zlé?\'gg'ﬂt'nrzezl('\(ﬂ'\"_z Bio=1.4378 Time1(M=  By=1/1.22, Time 1 (M=
' 3'3 81) - 0.57) vs. Time2 (M =1.08) 0.26) vs. Time 2 (M = 0.42)
SES B1o = 1/1.08, High (M = Bio= 1/1.55, High (M= Byo= 1/2.88, High (M = 0.29)

Time:Training

SES:Training

SES:Time

35.95) vs. Low (M = 33.02)

Bio=1/1.11, Active-Time 1
(M = 33.55) vs. Passive-
Time 1 (M = 36.77), Active-
Time 2 (M = 34.85) vs.
Passive-Time 2 (M = 32.78)

B1o= 1/3.75, High-Active (M

= 35.55) vs. Low-Active (M

= 32.84), High-Passive (M =

36.36) vs. Low-Passive (M =
33.19)

Bio=1/3.12, High-Time 1
(M =36.20) vs. Low-Time 1
(M = 34.12), High-Time 2
(M =35.71) vs. Low-Time 2
(M =3192)

0.65) vs. Low (M =0.99) vs. Low (M =0.39)

B10=1.2917, Active-Time 1 Bio= 1.47, Active-Time 1 (M
(M = 0.64) vs. Passive-Time = 0.31) vs. Passive-Time 1 (M
1 (M =0.49), Active-Time 2 =0.21), Active-Time 2 (M =
(M =0.71) vs. Passive-Time 0.28) vs. Passive-Time 2 (M =
2(M=1.44) 0.56)

Bio= 1/1.60, High-Active (M Bio= 1/2.49, High-Active (M
=0.35) vs. Low-Active (M = =0.19) vs. Low-Active (M =

0.99), High-Passive (M = 0.41), High-Passive (M =
0.94) vs. Low-Passive (M = 0.39) vs. Low-Passive (M =
1.00) 0.38)

Bio=1/2.47, High-Time 1
(M =0.45) vs. Low-Time 1
(M =0.68), High-Time 2 (M
=0.84) vs. Low-Time 2 (M

=1.31)

Bio=1/3.12, High-Time 1 (M

=0.23) vs. Low-Time 1 (M =

0.30), High-Time 2 (M = 0.35)
vs. Low-Time 2 (M = 0.49)
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Table 3 (Continued)
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Scenario 1

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

Bio = 1/2.52, Active-
Time 1-High (M = 34.97)
vs. Active-Time 1-Low
(M = 32.13), Passive-
Time 1-High (M = 37.43),
Passive-Time 1-Low (M =
36.10), Active-Time 2-
High (M = 36.14) vs.
Active-Time 2-Low (M =
33.56), Passive-Time 2-
High (M = 35.28) vs
Passive-Time 2-Low (M =
30.28)

Bio=1/2.64, Active-Time
1-High (M = 0.354) vs.
Active-Time 1-Low (M =
0.924), Passive-Time 1-
High (M = 0.55), Passive-
Time 1-Low (M = 0.43),
Active-Time 2-High (M =
0.36) vs. Active-Time 2-
Low (M = 1.06), Passive-
Time 2-High (M = 1.33)
vs Passive-Time 2-Low
(M = 1.56)

Bio=1/2.44 | Active-
Time 1-High (M = 0.224)
vs. Active-Time 1-Low
(M = 0.401), Passive-
Time 1-High (M = 0.23),
Passive-Time 1-Low (M =
0.19), Active-Time 2-
High (M = 0.15) vs.
Active-Time 2-Low (M =
0.41), Passive-Time 2-
High (M = 0.56) vs
Passive-Time 2-Low (M =
0.57)




Table 4
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Results of the statistical analyses on the vehicle control measures for Scenario 2.

Scenario 2

Average Velocity SD Velocity

Average Absolute
Acceleration

Training

Time

SES

Time:Training

SES:Training

SES:Time

Bio = 1/4.65, Active (M =
34.16) vs. Passive (M =
34.59)

Bio = 1/2.74, Active (M =
0.99) vs. Passive (M = 0.74)

Bio=1/1.35, Time 1 (M
=35.61) vs. Time 2 (M =
33.14)

B1o=1/1.20, Time 1 (M =
0.65) vs. Time 2 (M = 1.08)

B1o=1/5.18, High (M =
34.24) vs. Low (M =
34.51)

Bio=1/4.61, High (M =
0.83) vs. Low (M =0.91)

Bio=1/1.95, Active-
Time 1 (M = 34.50) vs.
Passive-Time 1 (M =
36.72), Active-Time 2
(M = 33.81) vs. Passive-
Time 2 (M = 32.47)

Bio=1/2.15, Active-Time 1
(M =0.92) vs. Passive-Time
1 (M =0.38), Active-Time 2
(M = 1.07) vs. Passive-Time
2(M=1.10)

B1o=1/1.21, High-Active
(M =32.83) vs. Low-
Active (M = 35.48),

High-Passive (M =
35.64) vs. Low-Passive
(M =33.53)

Bio= 1/2.54, High-Active (M
=1.07) vs. Low-Active (M =
0.91), High-Passive (M =
0.58) vs. Low-Passive (M =
0.90)

Bio=1/3.10, High-Time
1 (M =34.94) vs. Low-
Time 1 (M = 36.28),
High-Time 2 (M = 33.54)
vs. Low-Time 2 (M =
32.74)

Bio = 1/3.13, High-Time 1
(M =0.66) vs. Low-Time 1
(M =0.64), High-Time 2 (M

=1.00) vs. Low-Time 2 (M =
1.17)

Bio=1/5.09, Active (M = 0.40)
vs. Passive (M = 0.35)

Bio=1.12, Time 1 (M = 0.28)
vs. Time 2 (M =0.47)

B1o = 1/4.58, High (M = 0.35)
vs. Low (M =0.41)

Bio=1/2.24, Active-Time 1 (M
= 0.36) vs. Passive-Time 1 (M =

0.21), Active-Time 2 (M = 0.43)
vs. Passive-Time 2 (M = 0.50)

Bio = 1/2.81, High-Active (M =
0.41) vs. Low-Active (M =
0.39), High-Passive (M = 0.28)
vs. Low-Passive (M = 0.43)

Bio = 1/4.26, High-Time 1 (M =
0.27) vs. Low-Time 1 (M =
0.30), High-Time 2 (M = 0.42)
vs. Low-Time 2 (M = 0.51)



Table 4 (Continued)
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Scenario 2

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

B1o=1.35, Active-Time
1-High (M = 7.27) vs.
Active-Time 1-Low (M =
8.01), Passive-Time 1-
High (M = 7.93), Passive-
Time 1-Low (M = 8.98),
Active-Time 2-High (M =
9.06) vs. Active-Time 2-
Low (M = 9.26), Passive-
Time 2-High (M = 7.74)
vs Passive-Time 2-Low
(M =9.23)

B1o=1/2.02, Active-Time
1-High (M =5.33) vs.
Active-Time 1-Low (M =
5.61), Passive-Time 1-
High (M = 5.54), Passive-
Time 1-Low (M = 5.64),
Active-Time 2-High (M =
6.74) vs. Active-Time 2-
Low (M = 5.29), Passive-
Time 2-High (M = 5.67)
vs Passive-Time 2-Low
(M=5.27)

B1o=1.35, Active-Time
1-High (M =1.17) vs.
Active-Time 1-Low (M =
1.30), Passive-Time 1-
High (M = 1.23), Passive-
Time 1-Low (M = 1.36),
Active-Time 2-High (M =
1.69) vs. Active-Time 2-
Low (M = 1.34), Passive-
Time 2-High (M = 1.29)
vs Passive-Time 2-Low
(M=151)
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Table 5

Results of the statistical analyses on the vehicle control measures for Scenario 3.

Scenario 3

Average Absolute
Average Velocity SD Velocity Acceleration

Bio = 1/4.12, Active (M = _ : _ _ ; —
Training 8.40) vs. Passive (M = Bio=1/3.24, Active (M =5.74) Bio= 1/4.96, Active (M = 1.38)

8.47) vs. Passive (M = 5.53) vs. Passive (M = 1.35)

B1o=1.16, Time 1 (M =

. ! 1= BL=1/310,Time1 (M= Bio=3.03, Time 1 (M= 1.27) vs.

Time 8.05) V5'8Tér2”)e 2M="" 553y vs. Time 2 (M = 5.74) Time 2 (M = 1.46)

sEs Bio=179, High (M=  Buo= 1/1.82, High (M =5.82) Bio= 1/4.83, High (M = 1.35) vs,
8.00) vs. Low (M = 8.87) vs. Low (M = 5.45) Low (M = 1.38)

Bio=1.26, Active-Time 1
(M =7.64) vs. Passive-
Time 1 (M = 8.45),
Active-Time 2 (M =
9.16) vs. Passive-Time 2
(M =8.49)

B1o=1/1.76, Active-Time 1 (M
=5.47) vs. Passive-Time 1 (M
=5.59), Active-Time 2 (M =
6.01) vs. Passive-Time 2 (M =
5.47)

Bio=1/2.13, Active-Time 1 (M
= 1.23) vs. Passive-Time 1 (M =
1.30), Active-Time 2 (M = 1.52)
vs. Passive-Time 2 (M = 1.40)

Time:Training

Bl"(;ll:/ 2é3§é)'vfhiﬁvflt_'ve Bio= 1/2.82, High-Active (M= Bio= 1.1846, High-Active (M =

. ) - . 6.03) vs. Low-Active (M = 1.43) vs. Low-Active (M =

SES:Training  Active (M =8.63), High- 5 4"} iy pacsive (M = 5.61)  1.32), High-Passive (M = 1.26)
Passive (M = 7.84) vs. vs. Low-Passive (M = 5.45) vs. Low-Passive (M = 1.44)
Low-Passive (M = 9.11) ' e ' o

B1o=1/3.05, High—Time _ . . _ . . _
1 (M = 7.60) vs. Low- B1o=1.8671, High-Time 1 (M Bio= 1/2.00, High-Time 1 (M =

; - . =5.43) vs. Low-Time 1 (M = 1.20) vs. Low-Time 1 (M =
Time 1 (M = 8.50), High- . - _ . . A
Time 2 (M = 8.40) 5.62), High-Time 2 (M =6.20) 1.33), High-Time 2 (M = 1.49)

SES:Time
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Scenario 3

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

B1o=1.35, Active-Time
1-High (M = 7.27) vs.
Active-Time 1-Low (M =
8.01), Passive-Time 1-
High (M = 7.93), Passive-
Time 1-Low (M = 8.98),
Active-Time 2-High (M =
9.06) vs. Active-Time 2-
Low (M = 9.26), Passive-
Time 2-High (M = 7.74)
vs Passive-Time 2-Low

B1o=1/2.02, Active-Time
1-High (M =5.33) vs.
Active-Time 1-Low (M =
5.61), Passive-Time 1-
High (M = 5.54), Passive-
Time 1-Low (M = 5.64),
Active-Time 2-High (M =
6.74) vs. Active-Time 2-
Low (M = 5.29), Passive-
Time 2-High (M = 5.67)
vs Passive-Time 2-Low
(M =5.27)

B1o=1.35, Active-Time
1-High (M =1.17) vs.
Active-Time 1-Low (M =
1.30), Passive-Time 1-
High (M = 1.23), Passive-
Time 1-Low (M = 1.36),
Active-Time 2-High (M =
1.69) vs. Active-Time 2-
Low (M = 1.34), Passive-
Time 2-High (M = 1.29)
vs Passive-Time 2-Low
(M=151)

Note. Green shading indicates substantial evidence supporting the effect of interest.
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Table 6

Results of the statistical analyses on the vehicle control measures for Scenario 4.

Scenario 4

Average Absolute
Average Velocity SD Velocity Acceleration

Bio = 1/6.12, Active (M
Training = 38.91) vs. Passive (M
= 38.99)

Bio = 1/2.64, Active (M= By = 1/2.41, Active (M = 0.18)
0.24) vs. Passive (M = 0.18) vs. Passive (M = 0.13)

Bio=1/1.36, Time 1 (M 5 ' 1)1 60 Time1(M= By = 1/1.55, Time 1 (M = 0.12)

Time =38.24) \ésé -EIS-EISTe 2(M= 0.17) vs. Time 2 (M = 0.25) vs. Time 2 (M = 0.18)
SES Bg)s:esg)zl\}?soi_g\i\? TA(AM-: Bio=1/1.95 High (M= Byo= 1/4.63, High (M = 0.14)
a9 27) - 0.17) vs. Low (M = 0.25) vs. Low (M = 0.16)

Bio = 1/2.71, Active-
Time 1 (M = 37.88) vs.
Passive-Time 1 (M =
38.60), Active-Time 2
(M = 39.94) vs. Passive-
Time 2 (M = 39.39)

Bio = 1/2.89, Active-Time 1
(M =0.19) vs. Passive-Time
1 (M =0.14), Active-Time 2
(M =0.30) vs. Passive-Time
2(M=0.21)

Bio = 1/3.21, Active-Time 1 (M
= 0.13) vs. Passive-Time 1 (M =

0.11), Active-Time 2 (M = 0.22)
vs. Passive-Time 2 (M = 0.14)

Time:Training

Bi1o = 1.45, High-Active
(M =37.70) vs. Low-
Active (M = 40.11),

B1o = 1/2.28, High-Active (M

- 0.18) vs. Low-Active (M = Bio = 1/2.33, High-Active (M =

0.15) vs. Low-Active (M =

SES:Training High-Passive (M = 001.%1 z}SHPOm?SZZ;\;%'EAM:_ 0.21), High-Passive (M = 0.13)
39.55) vs. Low-Passive ' 0.19) - vs. Low-Passive (M =0.12)
(M = 38.44) :
Bio = 1/1.96, High-Time . .
1 (M = 38.49) Vo Low. Bio=1344 HighTimel o o High-Time 1 (M =
Time 1 (M =38 04) (M=012) vs. Low-Time 1, 13) vs. Low-Time 1 M=
SES:Time 7t (M=0.21), High-Time 2 (M : )

High-Time 2 (M =
38.82) vs. Low-Time 2
(M =40.51)

0.12), High-Time 2 (M = 0.15)

=0.22) vs. Low-Time 2 (M= "™} o\ Time 2 (M = 0.21)

0.28)
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Scenario 4

Average Absolute
Average Velocity SD Velocity Acceleration

B1o=1/2.48, Active-
Time 1-High (M = 37.41) Bio=1/2.37, Active-Time 1- . .
vs. Active-Time 1-Low High (M = 0.10) vs. Active- Bl.o 1/2'?4’ Active Tlm_e !
= ; . _ High (M = 0.12) vs. Active-
(M = 38.34), Passive- Time 1-Low (M = 0.28), . _
. ! O . - - _ Time 1-Low (M = 0.15),
Time 1-High (M = Passive-Time 1-High (M = . - . _
: : : . Passive-Time 1-High (M =
39.46), Passive-Time 1-  0.15), Passive-Time 1-Low . . _
S a I . - 0.14), Passive-Time 1-Low (M =
Training:Time:SES Low (M = 37.74), (M =0.14), Active-Time 2- . . . _
- . . . i ; 0.08), Active-Time 2-High (M =
Active-Time 2-High (M  High (M = 0.26) vs. Active- 0.18) vs. Active-Time 2-Low (M
=37.99) vs. Active-Time  Time 2-Low (M = 0.33), ' .

2-Low (M=4188),  Passive-Time 2-High (M= . 0-20), Passive-Time 2-High
. : . : ! (M =0.13) vs Passive-Time 2-
Passive-Time 2-High (M 0.19) vs Passive-Time 2- Low (M = 0.16)
= 39.65) vs Passive-Time Low (M =0.24) '

2-Low (M =39.13)
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Table 7

Results of the statistical analyses on the vehicle control measures Scenario 5.

Scenario 5

Average Absolute
Average Velocity SD Velocity Acceleration

B1o = 1/3.83, Active (M =
Training 28.24) vs. Passive (M =
28.67)

Bio = 1/1.10, Active (M=  Bio= 3.04, Active (M = 0.34) vs.
0.86) vs. Passive (M = 1.28) Passive (M = 0.54)

B1o=1/3.65, Time 1 (M =
Time 28.24) vs. Time 2 (M =
28.68)

B1o=1/3.20, Time 1 (M= Byo=1/2.88, Time 1 (M = 0.40)
0.97) vs. Time 2 (M = 1.17) vs. Time 2 (M = 0.48)

B1o=2.06, High (M =
SES 29.77) vs. Low (M =
27.15)

Bio=1/3.75, High (M= Bio= 1/4.90, High (M = 0.42) vs.
0.99) vs. Low (M = 1.15) Low (M = 0.45)

Bio = 1/1.19, Active-Time
1 (M =27.12) vs. Passive-
Time 1 (M = 29.36),
Active-Time 2 (M =
29.38) vs. Passive-Time
(M =27.98)

Bio=2.47, Active-Time 1
(M = 1.02) vs. Passive-Time
1 (M =0.93), Active-Time 2
2 (M =0.71) vs. Passive-Time
2(M=1.64)

Bio=1.65, Active-Time 1 (M =
0.38) vs. Passive-Time 1 (M =
0.41), Active-Time 2 (M = 0.30)
vs. Passive-Time 2 (M = 0.66)

Time:Training

Bio=1/1.33, High-Active  Bio= 1/2.82, High-Active
(M=28.73)vs. Low- (M =0.88) vs. Low-Active
SES:Training Active (M = 27.77), High- (M = 0.85), High-Passive
Passive (M = 30.80) vs. (M = 1.11) vs. Low-Passive
Low-Passive (M = 26.53) (M = 1.46)

Bio = 1/3.54, High-Active (M =
0.34) vs. Low-Active (M = 0.34),
High-Passive (M = 0.51) vs.
Low-Passive (M = 0.57)

Bi1o = 1/2.86, High-Time 1
(M =29.77) vs. Low-
Time 1 (M =26.71),

High-Time 2 (M = 29.77)
vs. Low-Time 2 (M =

27.59)

Bio=1/2.66, High-Time 1
(M =0.81) vs. Low-Time 1
(M = 1.14), High-Time 2 (M
=1.18) vs. Low-Time 2 (M

=1.17)

Bio = 1/2.56, High-Time 1 (M =
0.35) vs. Low-Time 1 (M =
0.45), High-Time 2 (M = 0.50)
vs. Low-Time 2 (M = 0.46)

SES:Time
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Scenario 5

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

B1o=1/1.56, Active-Time
1-High (M = 28.80) vs.
Active-Time 1-Low (M =
25.43), Passive-Time 1-
High (M = 30.73),
Passive-Time 1-Low (M =
27.99), Active-Time 2-
High (M = 28.65) vs.
Active-Time 2-Low (M =
30.1), Passive-Time 2-
High (M = 30.88) vs
Passive-Time 2-Low (M =
25.08)

Bio=1/2.24, Active-Time
1-High (M = 0.88) vs.
Active-Time 1-Low (M =
1.16), Passive-Time 1-
High (M = 0.73), Passive-
Time 1-Low (M = 1.12),
Active-Time 2-High (M =
0.87) vs. Active-Time 2-
Low (M = 0.54), Passive-
Time 2-High (M = 1.48)
vs Passive-Time 2-Low
(M =1.80)

Bio=1/2.49, Active-Time
1-High (M =0.33) vs.
Active-Time 1-Low (M =
0.43), Passive-Time 1-
High (M = 0.36), Passive-
Time 1-Low (M = 0.47),
Active-Time 2-High (M =
0.35) vs. Active-Time 2-
Low (M = 0.25), Passive-
Time 2-High (M = 0.66)
vs Passive-Time 2-Low
(M=0.67)
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Table 8

Results of the statistical analyses on the vehicle control measures Scenario 6.

Scenario 6
Average Absolute
Average Velocity SD Velocity Acceleration
rainin B;%zol)/ %}?8# aAsgit\'/‘ée(l(\AM_: Bio= 1/2.88, Active (M=  Bio = 1/157, Active (M =
g ' 3;8 03) - 0.47) vs. Passive (M =0.36) 0.21) vs. Passive (M = 0.15)

B1o=1/3.31, Time1 (M =

. . 1= Bu=1/255Timel (M=  Bio=1/1.60, Time 1 (M =

Time 36.77) Vg;gg”)e 2MM="" §35) vs. Time 2 (M = 0.47) 0.15) vs. Time 2 (M = 0.21)

sEs Bio= 1/2.74, High (M=  Bio= 1/3.33, High (M= 0.38)  Bio= 1/3.18, High (M =
36.67) vs. Low (M = 37.76) vs. Low (M =0.44) 0.17) vs. Low (M = 0.20)

Bio=1/2.87, Active-Time 1  Byo=1/2.11, Active-Time 1 By = 1/2.27, Active-Time 1
(M = 36.16) vs. Passive-Time (M = 0.36) vs. Passive-Time (M = 0.16) vs. Passive-Time
Time:Training 1 (M =37.39), Active-Time 1 (M =0.35), Active-Time 2 1 (M =0.14), Active-Time 2
2 (M = 36.64) vs. Passive- (M = 0.58) vs. Passive-Time (M = 0.26) vs. Passive-Time
Time 2 (M = 38.66) 2 (M =0.36) 2(M=0.16)

Bi1o = 1/1.36, High-Active (M Big = 1/2.37, High-Active (M Bio= 1/3.79, High-Active (M
= 35.00) vs. Low-Active (M = 0.39) vs. Low-Active (M = =0.17) vs. Low-Active (M =

SES:Training = 38.34), High-Passive (M= 0.37), High-Passive (M = 0.16), High-Passive (M =
37.72) vs. Low-Passive (M = 0.34) vs. Low-Passive (M = 0.15) vs. Low-Passive (M =
37.80) 0.54) 0.25)

Bio=1/2.52, High-Time 1 (M Big=1/2.81, High-Time 1 (M Bio = 1/3.01, High-Time 1
=35.75) vs. Low-Time 1 (M =0.37) vs. Low-Time 1 (M= (M =0.15) vs. Low-Time 1
SES:Time = 37.80), High-Time2 (M= 0.34), High-Time2 (M= (M = 0.16), High-Time 2 (M
37.58) vs. Low-Time 2 (M= 0.39) vs. Low-Time2 (M= =0.18) vs. Low-Time 2 (M
37.72) 0.55) =0.24)
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Scenario 6

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

B1o=1/1.43, Active-Time
1-High (M = 33.73) vs.
Active-Time 1-Low (M =
38.58), Passive-Time 1-
High (M = 37.78),
Passive-Time 1-Low (M =
37.01), Active-Time 2-
High (M = 36.27) vs.
Active-Time 2-Low (M =
37.01), Passive-Time 2-
High (M = 38.89) vs
Passive-Time 2-Low (M =
38.43)

Bio=1/1.41, Active-Time
1-High (M = 0.41) vs.
Active-Time 1-Low (M =
0.31), Passive-Time 1-
High (M = 0.33), Passive-
Time 1-Low (M = 0.37),
Active-Time 2-High (M =
0.37) vs. Active-Time 2-
Low (M = 0.78), Passive-
Time 2-High (M = 0.41)
vs Passive-Time 2-Low
(M=0.32)

B1o=1/1.63, Active-Time
1-High (M = 0.16) vs.
Active-Time 1-Low (M =
0.17), Passive-Time 1-
High (M = 0.14), Passive-
Time 1-Low (M = 0.15),
Active-Time 2-High (M =
0.19) vs. Active-Time 2-
Low (M = 0.33), Passive-
Time 2-High (M = 0.18)
vs Passive-Time 2-Low
(M =0.15)
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Results of the statistical analyses on the vehicle control measures Scenario 7.

Scenario 7

Average Velocity

Average Absolute
SD Velocity Acceleration

Training

Time

SES

Time:Training

SES:Training

SES:Time

B1o = 1/3.99, Active (M
= 9.58) vs. Passive (M =
10.08)

B1o=1/4.37, Time 1L (M
=9.59)vs. Time 2 (M =
10.07)

Bio = 1/3.14, High (M =
9.34) vs. Low (M =
10.33)

Bio = 1/3.76, Active-
Time 1 (M =9.20) vs.
Passive-Time 1 (M =
9.98), Active-Time 2 (M
= 9.96) vs. Passive-Time
2 (M =10.18)

B1o= 1.36, High-Active
(M =10.03) vs. Low-
Active (M = 9.14), Low-
Active (M = 9.14) High-
Passive (M = 8.65) vs.

Bio= 1/3.62, High-Time
1 (M =9.26) vs. Low-
Time 1 (M =9.92),
High-Time 2 (M = 9.41)
vs. Low-Time 2 (M =
10.73)

Bio=1/1.83, Active (M= By =1.79, Active (M = 1.68)
6.59) vs. Passive (M = 6.22) vs. Passive (M = 1.49)

Bio=1/1.83, Time 1 (M= | Byo= 46.96, Time 1 (M = 1.43)
6.22) vs. Time 2 (M = 6.59) vs. Time 2 (M = 1.75)

Bio=1/4.04, High (M = Bio = 1/4.11, High (M = 1.58)
6.44) vs. Low (M = 6.37) vs. Low (M = 1.59)

B1o=1/1.73, Active-Time 1 Bio = 1/1.56, Active-Time 1 (M

(M = 6.25) vs. Passive-Time = 1.46) vs. Passive-Time 1 (M =

1 (M =6.18), Active-Time 2 1.39), Active-Time 2 (M =

(M =6.92) vs. Passive-Time 1.90) vs. Passive-Time 2 (M =
2 (M =6.25) 1.59)

B1o= 1/2.49, High-Active
(M = 6.54) vs. Low-Active
(M = 6.63), Low-Active (M
= 6.63) High-Passive (M =

6.34) vs.

Bi1o= 1/3.34, High-Active (M =
1.68) vs. Low-Active (M =
1.69), High-Passive (M = 1.49)
vs. Low-Passive (M = 1.49)

Bio = 1/3.04, High-Time 1
(M =6.24) vs. Low-Time 1
(M = 6.20), High-Time 2 (M
=6.63) vs. Low-Time 2 (M

=6.54)

Bio=1/2.95, High-Time 1 (M =
1.43) vs. Low-Time 1 (M =
1.42), High-Time 2 (M = 1.74)
vs. Low-Time 2 (M = 1.75)
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Scenario 7

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

Bio=1/2.54, Active-Time
1-High (M = 9.93) vs.
Active-Time 1-Low (M =
8.48), Passive-Time 1-
High (M = 8.59), Passive-
Time 1-Low (M = 11.36),
Active-Time 2-High (M =
10.13) vs. Active-Time 2-
Low (M = 9.80), Passive-
Time 2-High (M = 8.70)
vs Passive-Time 2-Low
(M =11.67)

Bio=1/1.31, Active-Time
1-High (M = 6.03) vs.
Active-Time 1-Low (M =
6.48), Passive-Time 1-
High (M = 6.46), Passive-
Time 1-Low (M = 5.91),
Active-Time 2-High (M =
7.05) vs. Active-Time 2-
Low (M = 6.79), Passive-
Time 2-High (M = 6.22)
vs Passive-Time 2-Low
(M =6.29)

Bio= 1/2.34, Active-Time
1-High (M = 1.44) vs.
Active-Time 1-Low (M =
1.49), Passive-Time 1-
High (M = 1.42), Passive-
Time 1-Low (M = 1.35),
Active-Time 2-High (M =
1.92) vs. Active-Time 2-
Low (M = 1.89), Passive-
Time 2-High (M = 1.56)
vs Passive-Time 2-Low
(M=1.63)
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Table 10

Results of the statistical analyses on the vehicle control measures Scenario 8.

Scenario 8

Average Absolute
Average Velocity SD Velocity Acceleration

Bio = 1/4.11, Active (M
Training = 18.11) vs. Passive (M
=17.57)

Bio=1/1.34, Active (M= Baio= 1/2.80, Active (M = 0.86)
2.01) vs. Passive (M = 2.53) vs. Passive (M = 0.96)

B1o=1/3.96, Time 1 (M
Time =17.59) vs. Time 2 (M
=18.10)

Bi1o=1/4.15, Time 1 (M= By=1/3.97, Time 1 (M = 0.88)
2.37)vs. Time 2 (M = 2.17) vs. Time 2 (M =0.94)

B1o = 1/3.33, High (M =
SES 18.16) vs. Low (M =
17.52)

Bio=1/4.20, High(M=  Bio=1/4.01, High (M = 0.93)
2.34) vs. Low (M = 2.19) vs. Low (M =0.89)

Bi1o = 1/2.95, Active-
Time 1 (M =17.62) vs.
Passive-Time 1 (M =
17.55), Active-Time 2
(M = 18.60) vs. Passive-
Time 2 (M =17.59)

Bio = 1/3.25, Active-Time 1 Bio = 1/3.57, Active-Time 1 (M

(M =2.17) vs. Passive-Time = 0.84) vs. Passive-Time 1 (M

1 (M =2.56), Active-Time 2 = 0.92), Active-Time 2 (M =

(M = 1.85) vs. Passive-Time 0.87) vs. Passive-Time 2 (M =
2 (M=2.49) 1.00)

Time:Training

Bio= 1/2.92, High—
Active (M = 18.73) vs.
Low-Active (M =

Bio = 1/1.74, High-Active

(M = 2.30) vs. Low-Active B1o = 1/1.49, High-Active (M =

0.96) vs. Low-Active (M =

SES:Training 417 48y | ow-Active (M (:M1‘7;)7f|)lgr';°|;’;’3'§f/g"(eM('Z' 0.75), High-Passive (M = 0.90)
= 17.48) High-Passive ' 2.38) vs vs. Low-Passive (M = 1.02)
(M = 17.59) vs. : '
Bio= 1/2.76, High-Time _ . .
1 (M =17.58) vs. Low- Blo__ 1/3.15, ngh—Tl_me 1 Bio=1/3.13, High-Time 1 (M =
Time1(M=17.59), (M= 249)vs.Low-Time 1 ™ o1y o™/ o Time 1 (M =
SES:Time T (M =2.24), High-Time 2 (M . '

High-Time 2 (M =
18.74) vs. Low-Time 2
(M = 17.45)

0.85), High-Time 2 (M = 0.95)

=219)vs. Low-Time2 (M " %) o Time 2 (M =0.92)

= 2.15)
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Scenario 8

Average Velocity

SD Velocity

Average Absolute
Acceleration

Training:Time:SES

B1o=1/2.68, Active-Time
1-High (M = 17.77) vs.
Active-Time 1-Low (M =
17.47), Passive-Time 1-
High (M = 17.39), Passive-
Time 1-Low (M = 17.72),
Active-Time 2-High (M =
19.7) vs. Active-Time 2-
Low (M = 17.5), Passive-
Time 2-High (M = 17.78)
vs Passive-Time 2-Low (M
=17.41)

Bio=1/2.81, Active-
Time 1-High (M = 2.43)
vs. Active-Time 1-Low

(M =1.92), Passive-Time

1-High (M = 2.56),
Passive-Time 1-Low (M
= 2.56), Active-Time 2-

High (M = 2.17) vs.

Active-Time 2-Low (M =
1.53), Passive-Time 2-

High (M = 2.21) vs
Passive-Time 2-Low (M

=2.78)

Bio=1/2.89, Active-
Time 1-High (M = 0.95)
vs. Active-Time 1-Low

(M =0.74), Passive-

Time 1-High (M =
0.87), Passive-Time 1-
Low (M = 0.96),
Active-Time 2-High (M
= 0.96) vs. Active-Time

2-Low (M = 0.77),

Passive-Time 2-High
(M =0.93) vs Passive-
Time 2-Low (M = 1.08)

Exploratory Analyses

Moderation analysis.

It is possible that categorizing participants into high- and low-SES groups may have
reduced the statistical power to detect a potential interaction between SES and Training.
Moderation analysis is a form of multiple regression that explores the conditional effects of
predictors on an outcome variable by including interaction terms (Memon et al., 2019). This
approach can effectively utilize continuous predictors to maintain their variability and increase

the statistical power of the analysis. Thus, in this moderation analysis, SES was treated as a

continuous measure.
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Driver’ SES level did not significantly moderate the effect of Training on HA, S =-.002,
SE =.040, 95% CI [-.080, .077], p = .967, (Table 11). Consistent with the ANOVA results, the
effect of Training on HA was significant, f = -.092, SE =.039, 95% C.I [-.169, -.016], p = .019,
indicating the superior hazard anticipation performance in the active training group (M =.627)
than participants in the passive training group (M = .541). Finally, the effect of SES on HA was

not significant, § =.038, SE =.061, 95% CI [-.082, .158], p = .533.

Table 11

Results of a moderation analysis of Training and SES on HA performance

Variable Coefficient (3)  Standard Error (SE) t Sig 95% CI Lower  95% CI Upper
Training -.092 .039 -2.388 .019* -.169 -.016
SES .038 .061 .626 .533 -.082 .158
Training x SES -.002 .040 -.041 .967 -.080 .077

Note. For the interaction term Training is the focal predictor and SES is the moderator.
Significance levels *p <.05.

Logistic regression.

A follow-up logistic regression was performed to explore whether the driving scenarios
differentially influenced drivers’ hazard anticipation as a function of Time and SES. It is possible
that different characteristics and geometric features of the tested scenarios impacted the
participants’ ability to anticipate hazards depending on their SES levels. Logistic regression is
rooted in the odds of a two-level outcome such as a binary or dichotomous variable (Lavalley,
2008). For example, one level of the outcome variable may represent that an event of interest
occurred, while the other level represents the events absence. The output of logistic regression

analysis are estimates of the probability ratio of the event occurring divided by the probability of
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the event not occurring (LaValley, 2008). For this analysis, the raw binary measure of a "1"

indicating the participant successfully anticipating the hazard, and a "0" indicating their failure to

anticipate the hazard was entered as a dependent variable. The best fitting model was determined

using the glmulti package in R, which determined the most parsimonious models while

penalizing model complexity to avoid overfitting. The best fitting model, model 4 (Table 12),

showed a strong predictive ability (C = .838), and was submitted to the logistic regression

analyses using the glmer package in R.

Table 12

A list of model fits to the current data.

Model Model Structures AIC Residual
deviance
1 Training + Time + Scenario + Time*Training 927.5 853.4
2 Training + Time + Scenario 932.9 869.3
3 Training + SES + Time + Scenario + Time*Training + Time*SES + 939.3 831.4
Scenario*Training + Scenario*SES
4 Training + SES + Time + Scenario + Time*Training + Time*SES 922.0 810.1
+Scenario*Time
5 Training + SES + Time + Scenario + Time*Training +Time*SES + 931.2 808.1

Scenario*Training + Scenario*Time

Consistent with the previous analysis, there was a significant effect of Time, f = 1.90, SE

= .58, Wald’s ¥ = 10.61, p = .001, exp(B) = 6.67, 95% CI [2.13, 20.89]. The odds of successfully

anticipating the hazards were 6.67 times greater during the posttest than the pretest. Once again,
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a significant Training by Time interaction was found, £ =-0.99, SE = .35, Wald’s y>=8.25,p =
.004, exp(p) = 0.37, 95% CI [0.19, 0.73]. The change in the odds of anticipating the hazard from
pretest to posttest was 2.70 times lower for drivers that received passive training than the change
for drivers that received active training. Similar to the previous analysis, there was a significant
interaction between SES and Time, g = -1.14, SE = .35, Wald’s ¥ = 10.72, p = .001, exp(p) =
0.32, 95% CI [0.16, 0.63]. The pretest-to-posttest change in the odds of anticipating the hazard
was 3.13 times greater for high-SES drivers than the change in the odds of anticipating hazards
for low-SES drivers.

There was a significant effect for Scenario 3, f = -1.64, SE = .47, Wald’s x> = 12.42, p <
.001, exp(B) = 0.19, 95% CI [0.08, 0.48], indicating the odds of anticipating the hazard were 5.26
times lower in Scenario 3 than in Scenario 1. There was a significant effect for Scenario 4, f = -
1.81, SE = .48, Wald’s x> = 14.48, p < .001, exp(B) = 0.16, 95% CI [0.06, 0.42]. Thus, the odds
of anticipating the hazard were 6.25 times lower in Scenario 4 than Scenario 1. There was also a
significant effect for Scenario 8, f=-3.81, SE =.71, Wald’s > = 29.07, p <.001, exp(5) = 0.02,
95% CI [0.01, 0.09], indicating the odds of anticipating the hazard were 50 times lower in
Scenario 8 than in Scenario 1. None of the other effects were significant (all p’s >.107; Table

13).



Table 13

The results of the logistic regression analysis.

Predictor B (SE) Wald's 2 Sig Exp(B) 95% CI Lower 95% CI Upper
Training -0.04 (0.24) 0.02 .876 0.96 0.60 1.55
SES 0.35(0.24) 211 147 142 0.88 2.29
Time 1.90 (0.58) 10.61 .001** 6.67 2.13 20.89
Scenario 2 0.10 (0.46) 0.05 .827 111 0.45 2.74
Scenario 3 -1.64 (0.47) 12.42 <.001*** 0.19 0.08 0.48
Scenario 4 -1.81 (0.48) 14.48 <.001*** 0.16 0.06 0.42
Scenario 5 -0.45 (0.45) 1.01 316 0.64 0.26 1.54
Scenario 6 0.35(0.47) 0.54 463 1.42 0.56 3.58
Scenario 7 0.13 (0.46) 0.08 77 1.14 0.46 2.82
Scenario 8 -3.81 (0.71) 29.07 <.001*** 0.02 0.01 0.09
Training:Time -0.99 (0.35) 8.25 .004** 0.37 0.19 0.73
SES:Time -1.14 (0.35) 10.72 .001** 0.32 0.16 0.63
Time:Scenario2  -0.01 (0.72) 0.00 .986 0.99 0.24 4.03
Time:Scenario3  -0.16 (0.66) 0.06 811 0.85 0.23 3.14
Time:Scenario4  -0.68 (0.67) 1.01 315 0.51 0.14 1.90
Time:Scenario5  -0.59 (0.67) 0.79 374 0.55 0.15 2.04
Time:Scenario6  -0.32 (0.72) 0.20 .655 0.72 0.17 2.99
Time:Scenario7  -0.87 (0.68) 1.64 .200 0.42 0.11 1.58
Time:Scenario 8 1.36 (0.84) 2.60 107 3.89 0.75 20.31

Note. Reference groups for predictors are Training-Active, SES-High, Time-Pretraining, Scenario-1. Significance
levels: *p < .05, **p <.01, ***p < .001.
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CHAPTER IV

DISCUSSION

The current study investigated how the effectiveness of an existing driver attention
training program, RAPT, varies across different levels of SES in a high-fidelity driving
simulator. Past research has shown not only that RAPT is proven effective in improving HA
performance in young drivers but also that the performance benefit of RAPT substantially varies
on individual differences such as a driver’s sex (Thomas et al., 2016), personality traits, and
driving behaviors (Zhang et al., 2018). Recently, Roberts and colleagues (2021) proposed that
RAPT training may be more effective for low-SES drivers than high-SES drivers based on their
reanalysis of crash data in Thomas et al. (2016). Their study used the participant’s accident rates
as a dependent variable rather than HA, assuming that latent hazard anticipation skills mediate
the effect of training on the number of crashes, which has not been tested. Furthermore, the
poverty rate of participant’s reported zip codes served as a proxy to their SES levels, while a
more direct measure of SES should be used to measure their SES levels. In the current driving
simulator study, using a high-fidelity driving simulator and eye tracker, young drivers’ (ages 18-
22) latent HA performance was measured in eight driving scenarios that contained latent hazards,
before and after the completion of either an active or passive training program. Instead of zip
codes (Roberts et al., 2021), composite measure of each participant’s SES was calculated based
on self-reported parental education and family income and entered to the analysis.

First, the results suggest that drivers who completed the active training program
anticipated a higher proportion of hazards than drivers that completed the passive training

program, replicating the effectiveness of RAPT on latent hazard anticipation as reported in the
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previous on-road and simulator evaluation studies (Fisher et al, 2007; Pradhan et al., 2009;
Unverricht et al., 2018). Indeed, there was no difference between training groups during the
pretest, but in the posttest active-trained participants showed substantially better HA
performance compared to participants exposed to the passive training. Among other simulator
evaluation studies that analyzed only post-training performance, this study provides additional
support that active learning of the training material via the 3M method (Mistake, Mitigate,
Master) using the error-feedback mechanism is essential for improving young drivers” HA skills.
Socioeconomic Status

HA performance did not credibly vary across SES levels in the current study, indicating
that, among young drivers, low-SES and high-SES individuals demonstrate measurably similar
HA skills in the current simulated scenarios. Though low-SES drivers have been shown to have a
higher accident rate than high-SES drivers (Sehat et al., 2012; Chen et al., 2010), the similar HA
performance between low-SES and high-SES drivers found in this study suggests that HA skills
may not entirely explain the SES-related disparity in accident rates as reported in Roberts et al.
(2021). Surprisingly, there was also no interaction between SES and Training, suggesting that
RAPT training is effective at improving HA performance regardless of SES levels. Therefore,
these current results do not support the interaction between SES and training found by Roberts et
al. (2021). One possibility is that the SES measure used by Roberts et al. (2021) was not valid
because it was derived from the poverty rate of the zip code the participant resided in and did not
include parental education data. In addition, the dependent measure used by Roberts et al.,
(2021) was participant’s accident rate in the six months following training, not HA performance
per se. Thus, the interaction between RAPT and accident rates may have been mediated by an

unknown variable, which warrants further investigation.
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The analysis revealed an unexpected, substantial interaction between SES and Time. This
suggests that young drivers in the high-SES group can improve HA skills after multiple
exposures to the same driving scenarios regardless of the type of training received. In contrast,
low-SES drivers did not show such improvement with multiple exposures to the scenarios. It is
not clear why high-SES drivers demonstrated a greater magnitude of HA improvement than low-
SES drivers, from before to after completion of either type of RAPT. Among many possible
explanations, one likely account is that high-SES drivers remembered the driving scenarios
before they completed the training program when they were evaluated for their HA skills,
incorporated their memory trace to their learning in the program, and demonstrated superior
performance in the post-training evaluation, more than low-SES drivers. Research in Cognitive
Psychology indicates that episodic memory is poorer among individuals with lower SES levels
(Botdorf et al., 2022; Noble et al., 2012; Hackman & Farah, 2009). Episodic memory is a
memory system that is closely associated with time and allows individuals to mentally re-
experience past events along with the event’s contextual and situational information (Tulving,
2002). Therefore, it is possible that high-SES drivers better contextualized scenarios they drove
prior to the introduction of the training material, which led to better recollection and mental
integration of the remembered scenarios to and from their learning of the training materials. This
hypothesis should be tested directly in a driving simulator. Note that this episodic memory
hypothesis does not necessarily explain all of these data in this study. For example, | did not
observe credible interaction between SES and Training with comparable magnitude of the
training effect in both SES groups. This indicates that it is possible that low-SES drivers improve
their HA performance at a similar rate as high-SES drivers following the completion of the

active training program, presumably unrelated to episodic memory abilities. Low-SES drivers
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may recruit a different mechanism that leverages elements from the active training program to
offset SES related declines in episodic memory and boost their HA performance. Future research
should explore how low-SES drivers may benefit more from driver training programs despite
their potentially compromised episodic memory abilities. More generally, more experimentation
IS necessary for examining why low-SES drivers who completed RAPT may not show enhanced
HA performance immediately after their completion of the training program but did show lower
crash rates as reported in Roberts et al. (2021).
Vehicle Control Measures

The analysis of the vehicle control measures yielded just two effects of time, and one
effect of training on average absolute acceleration. For the two effects of time, participants in the
post-training session adjusted their speed more rapidly in Scenario 3 and Scenario 7 than they
did during the pre-training session. Notably, Scenario 3 and Scenario 7 are the only scenarios in
which the hazard was located immediately after a stop sign. Thus, this effect might have
captured differences in deceleration before the stop sign or acceleration after the stop sign
between the pre- and post-training sessions and thus may not be directly related to the latent
hazard. The effect of training observed in Scenario 5 suggests that drivers exposed to passive
training changed their speed more rapidly than active trained drivers. This was a small effect,
and since there was no interaction between training and time for this measure in Scenario 5, it
suggests that the training manipulation was not contributing to this effect.
Follow-up Analyses

The previous analysis showed no evidence that training effectiveness varied significantly
across SES levels. However, one statistical approach with greater statistical power to investigate

the hypothesis that Training effectiveness varies across levels of SES is a moderation analysis.
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Moderation analyses investigate interactions such that a moderator modifies the focal predictor's
effect on the outcome variable at different levels (Baron & Kenny 1986), independent of the
effect of moderator on the outcome variable itself (Andersson et al., 2014). Roberts et al. (2021)
argued that training was less effective for high-SES than low-SES drivers, as high-SES drivers
"may have already been exposed to HA examples that were in RAPT because they were more
likely to have taken driver education and to have driven with their parents.” (Roberts et al., p.
458). This argument implies that SES modifies the main relationship between Training and
accident rates by influencing the level of previous driving experience and training that drivers
have before taking RAPT. Thus, in the current study, hypothesis 3 may have been better
evaluated by testing a moderation effect of SES (moderator) on the effect of Training (focal
predictor) on latent hazard anticipation (outcome variable).

Consistent with the previous analysis, though, SES was not shown to moderate the effect
of Training on the HA performance of drivers. The results of this more powerful analysis suggest
that RAPT training is similarly effective for drivers across SES levels. Thus, despite low-SES
drivers being less likely to have access to driver training (Curry et al., 2012), low-SES drivers
showed similar HA performance at the outset of training and receive measurably similar HA
performance improvements after training.

Why do the results of the current study and a previous study (Roberts et al., 2021) differ
on the impact of SES on the effectiveness of RAPT? First, it is possible that the measure that
Roberts et al. (2021) used may not be the most suited for validly measuring SES. As stated
previously, the interaction reported by Roberts et al. (2021) may be mediated by an unknown
third variable rather than by HA. Second, it is also possible that the current experiment did not

have sufficient power to detect the impact of SES. Given the observed variability of SES scores
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in the current sample, a measure of SES that is more accepted in the literature, and the observed
data patterns, though, it is unlikely that the current experiment was substantially under-powered.
Lastly, an interaction between SES and Training on HA performance reported in Roberts et al.
(2021) may be present among novice drivers within the first six months of licensure, which was
not observable in the 18-22 age group sampled here. Low-SES drivers sampled by Roberts et al.,
(2021) may have possessed worse HA skills before training and their HA performance deficits
may have been offset by training. In contrast, the older drivers in the current study, aged 18-22,
may have eliminated initial HA performance deficits with age as they accumulated driving
experience. This was supported by Pradhan et al., (2005) who found HA performance improves
with age; drivers aged 16-17 years with less than 6 months of driving experience exhibited the
poorest HA skills, and drivers aged 60-75 years old demonstrated the best HA performance.
These points imply that the reported effect of SES on the effectiveness of RAPT should be taken
with caution.

The original analysis did not reveal the three-way interaction among Training, SES, and
Time, while the Training by Time and SES by Time interactions were significant. Anecdotally,
and observed in previous research (Pradhan et al., 2006), driving scenarios modeled in a driving
simulator led to a broad range of hazard anticipation performance indicating different levels of
difficulty across the scenarios tested. To explore this possibility, a logistic regression that
included Scenario as a predictor of a binary response of HA.

Participants anticipated significantly fewer hazards in Scenario 3, Scenario 4, and
Scenario 8, compared to the reference group, Scenario 1. There may be many reasons for
participants poor performance in Scenario 4. One potential explanation is that, in Scenario 4, the

hazard precursors were not as effective in cuing participants to the presence of the hazard as the
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other scenarios, whereas in Scenario 3 and Scenario 8, poor performance may be an artifact of
the HA measure. According to Crundall et al. (2012; also Yahoodik & Yamani, 2021), drivers
use their knowledge of the contextual structure of the environment, known as environmental
precursors, to predict where potential hazards will emerge. For instance, drivers may anticipate
that a high-sided stationary vehicle could mask a pedestrian, or a smaller vehicle if the obscured
area contains another lane, and drivers use these precursors to predict the locations of a latent
hazard (Crundall, 2016). Note that perception of a high-sided vehicle and an obscured lane are
both necessary contextual cues that signal the driver of the presence of a potential latent hazard.
In driving simulators, drivers only receive monocular cues like optic flow, relative size, and
linear perspective to judge relative distance between objects in the simulated environment.
However, binocular cues, such as visual disparity and certain monocular cues like motion
parallax from head movements are missing, which is known to cause drivers to underestimate
relative distances between objects in driving simulators (Schmieder & Schoener 2016; Kemeny
& Panerai, 2003). Without these cues, drivers may have perceived the bus as filling the entire
space between the centerline and curb and inaccurately perceived that the bus was within a two-
lane road, rather than a four-lane road (see Figure 9). Thus, the driver would not have been cued

to monitor the far front side of the bus for a vehicle to emerge.
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Figure 9

Scenario 4 — Latent hazard obscured by bus.

Note. Scenario 4 from perspective view from within launch zone (top), and the lane obscured by
the bus (bottom).
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The poor HA performance in Scenario 3 and Scenario 8 may have been an artifact from
the way HA is measured. For example, in Scenario 3 the target zone was located just after a stop
sign, and the launch zone ended just before the stop sign. Because participants either slowed or
came to a complete stop before reaching the crosswalk, they may not have prioritized checking
for pedestrians emerging from the obscured crosswalk entrance. If participants checked the target
zone for an emerging pedestrian by creeping forward past the stop sign, then it would not have
been counted as a successful anticipation of the hazard because they would have been outside of
the launch zone. In Scenario 8, the launch zone was quite small relative to the other driving
scenarios. In this scenario, a truck in the left opposing lane obscured the right opposing lane
where the latent hazard could emerge. The launch zone begins when drivers initiate the left-hand
turn and ends when they crossed the path of the right lane of the opposing road where an
obscured vehicle may emerge. Thus, the driver may not have had sufficient time to glance at the
target zone while they were traversing the small launch zone. Future research may benefit from
pilot testing scenarios to identify design issues and optimize their structure for exploring HA
performance.

The results were consistent with the previous analysis that found an interaction between
Training and Time, such that drivers exposed to the active RAPT training performed better than
those that received passive training on the immediate evaluation. Thus, these data strongly
support that RAPT training improves HA skills in young drivers. In addition, consistent with the
previous analysis, the results showed an interaction between Time and SES. This interaction
suggests that high-SES drivers were able to improve HA performance in the post-training

evaluation after being exposed to the scenarios in the pre-training evaluation, whereas low-SES
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drivers were not able to improve performance from multiple exposures to simulated driving
scenarios.

None of the Time by Scenario interactions were significant, and the best fitting model did
not include the Training by Scenario interaction term. In addition, the best fitting model did not
include the Scenarios by Training interaction term. Collectively, these results imply that it is
unlikely that scenario difficulties, if any, impact hazard anticipation performance differently
across either time points of evaluation or the types of driver training programs. Instead, different
characteristics of driving scenarios tested in the virtual environment may influence, or determine,
latent hazard anticipation performance regardless of the time and training factors tested here.
Theoretical and Practical Contributions

The current research has novel theoretical and practical implications for the domain of
training and surface transportation. First, the results empirically demonstrate the superiority of
the 3M training method that promotes active learning of HA skills compared to the passive
training program. Past HA research utilized a placebo training program in which drivers were
exposed to information about traffic safety laws (Yahoodik & Yamani, 2021; Taylor et al., 2011;
Pollatsek et al., 2006; Pradhan et al., 2006). Due to the lack of pre-training performance data, the
researchers necessarily assume that participant assignment to the training or placebo group did
not have influence on the differences in HA performance in the post-training simulator
evaluation. Additionally, a comparison between the training and placebo programs did not allow
a direct test of whether the 3M method or the training material itself enhanced HA performance.
This study addressed this gap by using a placebo training program that included information
about HA, but participants were not induced to practice their HA skills, nor did they receive error

feedback. The substantial improvements in HA performance that drivers exposed to active
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training showed, in contrast to the negligible improvements for drivers exposed to passive
training, demonstrates the critical role of error feedback in learning higher cognitive skills. Thus,
this study makes clear that error-based feedback of the sort provided by the 3M method is an
effective means of improving higher cognitive skills like HA.

A practical implication of this study is that it demonstrates that RAPT training is equally
beneficial for drivers across the socioeconomic spectrum. Low-SES drivers showed substantial
improvements after being exposed to active training, an effect that was also observed for high-
SES drivers. This insight may be particularly relevant for driving instructors and educators, as it
suggests they can enhance the quality of the driver training they provide by implementing the
RAPT training program into their education programs regardless of the SES background of their
students. However, this implication should be taken with some caution that there may exist
mechanisms that allow low-SES drivers to offset performance losses due to known differences in
psychological mechanisms among individuals across SES levels such as episodic memory
system.

Limitations

As with any driving simulator study, the results of the current study do not necessarily
generalize to latent hazard anticipation in real-world driving environments. Given the observed
variability in scenario difficulties, more optimized scenario design and rigorous testing of the
scenarios are necessary for further elucidating the impact of the driver training program in young
drivers. In particular, low-SES individuals may be underrepresented in the current sample, and
therefore the results may not necessarily generalize to the general population of lower-SES
drivers. The sample of drivers in this study was drawn from a university population where

individuals typically have a higher SES than the general population, and low-SES individuals are



less likely to attend college than individuals with a medium- and high-SES (Sewell & Shaw,

1967).
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CHAPTER V

CONCLUSIONS

This study evaluated the effectiveness of an active driver attention training program,
RAPT, compared to the passive training program in a high-fidelity driving simulator using eye
tracking technology. Further, I examined how the impact of RAPT varies across different levels
of SES for drivers. Results show that drivers who completed the existing active training program,
which employs the 3M (Mistake, Mitigate, and Master) training mechanism, identified latent
hazards in more simulated scenarios than those who completed the passive training program
which did not use the 3M method. Unexpectedly, the effectiveness of the training programs was
comparable for drivers across the SES spectrum. These data contribute to the theory of HA
training by supporting an active training approach using error-based feedback as the training
mechanism, as opposed to a passive training approach that simply exposes trainees to training
material without the opportunity to make and correct mistakes via specific error feedback.
Further, the results imply that the training programs can be equally effective to trainees in
different SES groups. Yet, this conclusion should be interpreted with caution given that the
current study used only a small sample of the university students and that there exist other
unexplored psychological mechanisms such as episodic memory that are implicated to operate
differently across individuals with different SES backgrounds. However, it is noteworthy that the
effect of the existing training program, regardless of if it is active or passive, does not diminish
in low-SES drivers, and this point can be incorporated into driver education programs to improve

the HA performance of young drivers (cf. Thomas et al., 2016).
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APPENDIX A

INFORMED CONSENT DOCUMENT

OLD DOMINION UNIVERSITY

PROJECT TITLE: Analyzing driving behaviors using a driving simulator with automated features

INTRODUCTION

The purposes of this form are to give you information that may affect your decision whether to say YES or NO to
participation in this research, and to record the consent of those who say YES. This research project, Analyzing
driving behaviors using a driving simulator with automated features, will be conducted in Driving Simulator
Laboratory (ECSB 1001) at Old Dominion University.

RESEARCHERS

Yusuke Yamani, Ph.D., Associate Professor, College of Sciences, Department of Psychology, Principal
Investigator

Sarah Yahoodik, M.S., Ph.D. Candidate, College of Sciences, Department of Psychology

James Unverricht, M.S., Ph.D. Candidate, College of Sciences, Department of Psychology

Jeffrey Glassman, B.S., Ph.D. Student, College of Sciences, Department of Psychology

DESCRIPTION OF RESEARCH STUDY

This research is designed to investigate drivers’ behaviors when using a driving simulator with automated driving
features. We are specifically interested in how drivers control the vehicle with varying levels of support from
automated driving systems in safety-critical situations including intersections and highway on-ramp merging
scenarios.

EXCLUSIONARY CRITERIA
All participants in this research study must be at least 18 years of age with normal or corrected-to-normal visual
acuity and normal color perception.

RISKS AND BENEFITS
RISKS: You will not be subject to any risks or discomforts in this experiment.

BENEFITS: You may not benefit directly from the present study. However, your participation in the study will
serve to enhance our understanding of drivers’ use of automated driving features.

COSTS AND PAYMENTS

The researchers want your decision about participating in this study to be absolutely voluntary. The main benefit
to you for participating in this study is the extra credit or course credit points that you will earn for your
class. Although they are unable to give you payment for participating in this study, if you decide to participate
in this study, you will receive 1 Psychology Department research credit per hour of participation, which may be
applied to course requirements or extra credit in certain Psychology courses. Equivalent credits may be obtained
in other ways. You do not have to participate in this study, or any Psychology Department study, to obtain this
credit.
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CONFIDENTIALITY

The researchers will take reasonable steps to keep private information confidential. The researchers will keep
any record of your participation in locked storage in the psychology department. Furthermore, individual
participants results will not be distributed in any form. The results of the study aggregated across participants
will be published in professional journals and/or book chapters.

WITHDRAWAL PRIVILEGE

It is OK for you to say NO. Even if you say YES now, you are free to say NO later, and walk away or withdraw
from the study at any time. Your decision will not affect your relationship with Old Dominion University, or
otherwise cause a loss of benefits to which you might otherwise be entitled.

COMPENSATION FOR ILLNESS AND INJURY
If you say YES, then your consent in this document does not waive any of your legal rights. However, in the
event of illness arising from this study, neither Old Dominion University nor the researchers are able to give you

any money, insurance coverage, free medical care, or any other compensation for such injury. In the event that
you suffer injury as a result of participation in any research project, you may contact Dr. Yusuke Yamani at 757-
683-4457 or Dr. Tancy Vandecar-Burdin the current IRB chair at 757-6833802 (or at tvandeca@odu.edu) at Old
Dominion University, or the Old Dominion University Office of Research at 757-683-3460 who will be glad to
review the matter with you.

VOLUNTARY CONSENT

By verbally agreeing to this form, you are saying several things. You are saying that you have read this form or
have had it read to you, that you are satisfied that you understand this form, the research study, and its risks and
benefits. The researchers should have answered any questions you may have had about the research. Ifyou have
any questions later on, then the researchers should be able to answer them:

If at any time you feel pressured to participate, or if you have any questions about your rights or this form, then
you should call Dr. Vandecar-Burdin, the current IRB chair, at 7576833802, or the Old Dominion University
Office of Research, at 7576833460.

And importantly, by verbally agreeing, you are telling the researcher that you DO agree to participate in this
study.
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APPENDIX B

APPLIED COGNITIVE PERFORMANCE LAB
DRIVING HISTORY QUESTIONNAIRE

This is a strictly confidential questionnaire. Only a randomly generated participant ID number,
assigned by the research administrator, will be on this questionnaire. No information reported by
you here will be traced back to you personally in any way. You can skip any questions you do
not feel comfortable answering.

Section 1: Demoqgraphics

Sex: o Maleo Female

Date of Birth: (Month / Day / Year): / / Age:

Race / Ethnicity: o Black / African American o Asian

(check all that apply) o Caucasian o American Indian / Native Alaskan
o Hispanic / Latino o Other

Have you participated in a study at this laboratory in the past? o Yes o No

Section 2:  Driving History

Approximately how long have you had your driver’s license? years
months
About how many miles did you drive since your licensure? miles
Does your license require you to wear glasses or contacts while driving? o Yes,
eyeglasses

o Yes,

contacts o No
Do you have any other restrictions on your driver’s license? o Yes o No

If yes, please describe:

Are you currently on any over-the-counter or
prescription medications that make it difficult to drive? o Yes o No

If yes, please describe:

Section 2: Driving History (continued)




7

Do you think text messaging while driving could affect your driving performance? o Yes o
Maybe o No

How frequently do you text message inaday? o Over20 ©010-20 o5-10 o Lessthan5
o Never

Within the last three years, have you had any moving violations? o Yes o No

If so, what type and how many? o Speeding How many times?
o Running red light How many times?
o Running stop sign How many times?
o Failure to yield How many times?
o Other How many times?

Within the last three years, have you been involved

in any automobile crashes? o Yes o No
If so, what type of crashes(s)? o Head-on collision (front of car to front of car contact)
(Please check all that apply) o Rear-end collision (front of car to rear of car contact)

o Side impact or angled collision (front of car to side of car
contact)
o Sideswipe (door to door contact)
o Single car accident (struck tree, sign, pedestrian)
o Multiple car accident (more than two cars involved)
o Other
o I don’t remember



APPENDIX C

DEMOGRAPHIC INFORMATION SHEET

Demographic Information Sheet

Office Use Study ID:
Near Vision: Far:
Color

Applied Cognitive Performance Laboratory

Date of Birth: Age:

Health: 12345

Poor -> Excellent (circle one)

Gender: OOMale CFemale

Race:

Native Language: Second Language:

How many years of education has your father completed? years

How many years of education has your mother completed? years

What was your family’s total yearly income growing up?
Please circle True/False for the following.

Do you wear Glasses/Contacts on a regular basis? True False
Have you been diagnosed with any neuropsychological dysfunction? True False
If so, are you currently taking any medication for this? True False

How many years of education have you completed (Please record a number)?
Please note: grade school through high school is usually 12 years in the US, if needed, add on
how many years of college you have completed.
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APPENDIX D

BAYES FACTOR DESIGN ANALYSIS
Sample Code (Fixed-n design)

sim <- BFDA.sim(expected.ES = rnorm(10000, 0.95, .1), type = "t.paired”, n.max = 48,stepsize
=1, design = "fixed.n", B = 10000, alternative = "two.sided", verbose = FALSE, cores = 1)

BFDA .analyze(sim, design = "fixed", n= 48, boundary = ¢(1/3,3))
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