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Abstract

Motor vehicle crash rates are highest immediately after licensure, and driver error is one of the 

leading causes. Yet, few studies have quantified driving skills at the time of licensure, making 

it difficult to identify at-risk drivers before independent driving. Using data from a virtual 

driving assessment implemented into the licensing workflow in Ohio, this study presents the 

first population-level study classifying degree of skill at the time of licensure and validating these 

against a measure of on-road performance: license exam outcomes. Principal component and 
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cluster analysis of 33,249 virtual driving assessments identified 20 Skill Clusters that were then 

grouped into 4 major summary “Driving Classes”; i) No Issues (i.e. careful and skilled drivers); 
ii) Minor Issues (i.e. an average new driver with minor vehicle control skill deficits); iii) Major 
Issues (i.e. drivers with more control issues and who take more risks); and iv) Major Issues 
with Aggression (i.e. drivers with even more control issues and more reckless and risk-taking 

behavior). Category labels were determined based on patterns of VDA skill deficits alone (i.e. 

agnostic of the license examination outcome). These Skill Clusters and Driving Classes had 

different distributions by sex and age, reflecting age-related licensing policies (i.e. those under 18 

and subject to GDL and driver education and training), and were differentially associated with 

subsequent performance on the on-road licensing examination (showing criterion validity). The 

No Issues and Minor Issues classes had lower than average odds of failing, and the other two 

more problematic Driving Classes had higher odds of failing. Thus, this study showed that license 

applicants can be classified based on their driving skills at the time of licensure. Future studies will 

validate these Skill Cluster classes in relation to their prediction of post-licensure crash outcomes.

Keywords

New Driver Skills; License Examination; Virtual Driving Assessment; Novice Drivers; Driver 
Safety

1. Background

Motor vehicle crashes –the leading cause of death and injury among US adolescents 

(Centers for Disease Control and Prevention, 2021; Insurance Institute for Highway Safety, 

2021) – are one of the most significant, yet preventable, public health problems. Large 

population-level epidemiological studies have shown that average crash rates are highest 

immediately post-licensure and then decline over the first 1 to 2 years of licensed driving 

(Curry, Metzger, Williams, & Tefft, 2017; Curry, Pfeiffer, Durbin, & Elliott, 2015; Tefft, 

2017). Graduated Driver Licensing (GDL) policies have reduced adolescent driver crash 

incidence principally by delaying licensure to older ages and allowing teens to gain 

experience under lower-risk conditions, rather than by ensuring adequate skill at the time 

of licensure (Watson-Brown et al., 2021; Williams, 2017). Despite the increased crash risk 

for novice drivers, not all new drivers crash, which indicates variable risk across individuals. 

Identifying those most at risk of crashing allow us to implement precision interventions. 

(Winston et al., 2016).

With some notable exceptions in California (Chapman et al., 2014) and Ohio, (Walshe et al., 

2022) work to date shows that the youngest novice drivers have higher crash risk. (Curry et 

al., 2017; Tefft, 2017) In New Jersey, Curry et al. quantified the relationship between age 

at licensure and sex on crash outcomes (Curry et al., 2017; Curry, Hafetz, Kallan, Winston, 

& Durbin, 2011; Curry et al., 2015), finding that crash rates in the first month of licensure 

were 50% higher for 17 versus 20 year old (Curry et al., 2015). The authors further found 

that crash rates for males were higher than for females in the first month of licensure. 

Furthermore, crash types have been shown to vary by age, sex and experience (Bingham 

& Ehsani, 2012; Swedler et al., 2012). However, Ohio and California data show a different 
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trend whereby the youngest drivers were less likely to crash, and in Ohio, there were no sex 

differences in crash rates post-licensure. Of note, both California and Ohio mandate driver 

education including professional behind-the-wheel training for license applicants under age 

18, in addition to GDL restrictions. Furthermore, naturalistic studies of on-road driving 

using in-vehicle monitoring and lab-based driving simulation studies have shown that one 

critical reason for over 93% of young driver serious crashes is driver error (Curry et al., 

2011; Khattak, Ahmad, Wali, & Dumbaugh, 2021; Seacrist et al., 2021).

Previous attempts have been made to identify young drivers who might be at higher risk 

for crashes using a variety of data sources (naturalistic, self-report and simulator studies) 

(Elander & French, 2014; Hooft van Huysduynen, Terken, & Eggen, 2018; Ishibashi et 

al., 2007). For example, drivers have previously been classified as careful, aggressive/risky, 

or anxious based on self-reported driving behaviors (and more so habits and risk-taking 

choices than skills) (Taubman-Ben-Ari et al., 2004). Others have analyzed naturalistic 

driving behavior in order to categorize driving and/or identify at-risk driver (Feng et al., 

2017; Gershon, Ehsani, & Zhu, 2018; Khattak et al., 2021). However, these studies require 

capture of actual driving behavior and, therefore, are lagging indicators of risky driving; 

given that crash risk is highest in the month after licensure. A safer approach would be 

to categorize and identify at-risk drivers based on their skills prior to licensure, before 

they begin independent driving and enter the period of highest risk (Curry et al., 2015). 

However, few have focused on identifying specific skill deficits that predict future on-road 

driving outcomes. Driving simulation provides an opportunity to safely assess skill deficits 

under risky conditions and thus to potentially identify drivers at risk for on-road collisions 

(McDonald et al., 2012; McDonald, Kandadai, & Loeb, 2015). However, driving simulation 

studies, to date, are typically laboratory-based with convenient and small samples that may 

limit generalizability and categorization of drivers according to future behavior (Mcdonald 

et al., 2013). Categorizing driving skills (and risk) at the time of licensure through simulated 

assessment, if given to a large population, has the potential to identify at-risk drivers before 
they begin independent driving.

We collaborated with the State of Ohio where a Virtual Driving Assessment (VDA) has 

been implemented in the licensing workflow so that license applicants must complete the 

VDA immediately before their Road Safety Examination (RSE: i.e. the license examination) 

(Walshe et al., 2020, 2008). This allowed for the first population-level study classifying 

degree of virtual driving skill at the time of licensure and validating these against a measure 

of on-road performance: license exam outcomes. The VDA evolved from a validated 

laboratory-based simulated driving assessment (McDonald et al., 2015) to a shorter and 

more scalable assessment that can be delivered in the field. The VDA provides ecologically-

relevant scenarios based on the most common serious crash scenarios (McDonald et 

al., 2012; National Highway Traffic Safety Administration, 2018) to identify deficits in 

operational skills (e.g., basic car control and lane position) and tactical skills (e.g., following 

distance, gap selection, and hazard awareness and avoidance) (Michon, 1985; Walshe, 

Romer, Kandadai, & Winston, 2020) (for more details on the scientific foundation and 

development of the VDA, see (McDonald et al., 2012; McDonald et al., 2015; Walshe 

et al., 2020). Our prior work in Ohio used the user-generated time-series data from the 

VDA (vehicle control inputs and other attributes) and a novel application of time-series 
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data clustering methods to automatically classify applicants likely fail the RSE (Grethlein 

et al., 2020) The resultant VDA score is highly accurate at classifying those who go onto 

fail the RSE. However, the current study takes a different approach using the derived 

driver performance variables to identify distinct classes of virtual skill deficits at the 

time of licensure that can inform targeted interventions, and which show validity in their 

relationship to (i) subsequent performance on the on-road examination for licensure as 

determined by Ohio’s driving evaluators (criterion validity), as well as (ii) known risk 

factors for crashes, including age and sex (construct validity).

We hypothesize that there will be some classes representing (i) careful or skilled drivers, 

(ii) anxious or uncontrolled/unskilled drivers, and (iii) risk-taking drivers, and that these 

classes will be differentially associated with licensing outcomes and other crash-risk factors. 

Following prior work in Ohio showing that the youngest drivers under age 18 years, who are 

mandated to complete driver education including behind-the-wheel driving instruction, had 

both lower fail rates on the licensing examination and lower crash rates in the early months 

post-licensure, we expect drivers under age 18 to be more likely to demonstrate skilled 

and safe performance than those age 18 (Walshe et al., 2022). Conversely, we expect 18- 

and 19-year old drivers to be more likely to be unskilled (poor vehicle control). Lastly, we 

hypothesize that the male drivers will be more likely to belong to the risky driving class that 

demonstrates more speeding and tailgating. (Bingham & Ehsani, 2012; Scott-Parker, Hyde, 

Watson, & King, 2013).

2. Materials and methods

2.1. Dataset

A data operations team at the Children’s Hospital of Philadelphia (CHOP) prepared a de-

identified analytic dataset in accordance with data privacy agreements between the State of 

Ohio and CHOP. Thus, this study was considered exempt from IRB oversight by CHOP. Our 

analytical sample consists of 33,249 VDA tests taken by 32,836 individuals immediately 

before the RSE, between July 2017 and December 2019. We noted that 390 individuals took 

the VDA twice, 7 took it three times, and 3 took it four times. These VDA tests were taken 

at five licensing sites in Ohio (three in the urban Columbus area, and one each in suburban 

Springfield and rural Zanesville). Ohio licensing database records were exact matched to 

VDA records using a unique driver ID (the temporary instruction permit identification card 

number), that was then de-identified through an Honest Broker at CHOP. As part of this 

process, all dates were converted to age in days from the birthdate (no dates were in the final 

analytical data set); this included age at start of permit, age at first RSE, and age at issuance 

of license. The driver license addresses were geo-coded into Federal Information Processing 

(FIPS) codes using ESRI geocoder, and FIPS codes were subsequently matched to American 

Community Survey (2015) (US Census Bureau. American Community Survey) data to 

obtain tract-level sociodemographic variables. Some drivers in our sample had missing 

sociodemographic information because not all addresses could be geo-coded (0.7%). See 

Fig. 1 for sample derivation.

In order to reduce the large number of available metrics from the VDA into distinct classes 

of skill-deficits, the first analysis of this study uses principal component and Gaussian 
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mixture model clustering methods on all VDA tests taken from July 2017 through December 

2019, including repeat attempts (i.e., no tests were excluded; n = 33,249). The second 

analysis was to validate the Driving Classes against on-road performance on the RSE. For 

this analysis, only applicant’s first attempt of the RSE and VDA were included (i. e., repeat 

VDA attempts were excluded). The 2,982 drivers who had previously obtained a license in 

Ohio were dropped from this analysis. We further restricted our sample by dropping 3,925 

applicants who lacked information on their testing location, license examination outcomes, 

census tract location and learner permit dates, for a total of 25,929 subjects. This is the final 

analytical sample. Of these 25,929, there were 112 applicants missing median household 

income data, which appeared to reflective of predominantly single occupant accommodation 

tract in University areas where household income is not collected because of group quarter 

(dormitory) residences. To retain these individuals, census tract individual level income data 

were used in place of the missing median household income values.

2.1.1. Ohio licensing database—This investigation used the VDA test data collected 

in Ohio (maintained by Diagnostic Driving Inc., Philadelphia, PA) matched to the Ohio 

state-wide licensing database (maintained by the Ohio Department of Public Safety). The 

licensing database contains detailed information on each driver’s interactions with the Ohio 

Bureau of Motor Vehicles, including driver demographics (date of birth, gender, address), a 

driving school completion date, and licensing history (permit dates, RSE dates, license issue 

dates, and license status). Of note, the gender variable only includes “male”, “female” and 

“unknown” responses (0.04%) so hereafter is referred to as sex. In addition, the database 

includes outcome variables (pass, fail) for the two RSE subtests: the maneuverability subtest 

and the driving skill subtest. An overall RSE fail outcome was determined by failure on 

either or both of the RSE subtests, and this binary variable was used as the ultimate outcome 

in this study for validating the driving skill classes.

2.1.2. VDA database—The VDA data were acquired from Diagnostic Driving Inc. 

who collected it in Ohio via the VDA software referred to as Ready-Assess™, which is 

implemented in the Unity game engine. In a self-directed workflow, (lasting approximately 

15 min), license applicants drove within a typical driving route (from a bank of 10 randomly 

presented routes) that incorporates common serious crash risk scenarios, (McDonald et al., 

2012; National Highway Traffic Safety Administration, 2018) including: rear-end events, 

intersections, curved roads, merges, and hazard zones. These routes also had varied settings 

(urban and suburban), physical road features, and other road users (for example, crosswalks 

and merges, construction zones and vehicles, school buses, and pedestrians). A limited 

number of real-time response measures of driving performance are tracked during the drive 

and tabulated at 60 Hz within the Unity simulated environment, and a multivariate, time 

series file is saved at 10 Hz, from which Diagnostic Driving Inc. derived and provided 

69 variables that capture aberrant or hazardous driving performance across the drive 

(e.g., number of red traffic light runs). These 10 Hz variables were designed to capture 

negative outcomes (e.g. simulated crashes) as well as the nuances of an individual’s driving 

performance in known domains of driving: motor vehicle operation, speed management, 

collision avoidance, control of the vehicle, and obeying the rules of the road.. Some of 

these measures, like standard deviation of lane position (SDLP) and time-to-collision (TTC), 
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were inspired by similar efforts to characterize dangerous modes of driving (Verster & Roth, 

2011; Vogel, 2003).

All VDA applicant data was indexed by a unique identifier, that was an exact match in 

the Ohio licensing database, and was securely transferred to CHOP via a data sharing 

agreement. The study analysis team reduced the VDA dataset to 32 variables that had 

sufficient variability based on an initial visual inspection of histograms, and these were 

included in all further analyses. See Table 1 for a list of these variables, a lay definition, and 

the driving skill domains they capture.

2.2. Statistical analysis

2.2.1. Deriving VDA Clusters and Driving Classes—We created a set of 20 clusters 

(hereafter, called “Skill Clusters”) based on the VDA output for each applicant as follows. 

First, we used principal component analysis to create summary scores from the 32 VDA 

measures outlined above. To accommodate the fact that 10 different testing scenarios were 

used, each of these variables was standardized by subtracting the mean and dividing by the 

standard deviation of a given scenario, and these standardized variables were used in the 

principal component analysis. This resulted in 15 principal components (linear combinations 

of these 32 variables) that explained 90% of the variance in these variables. These 15 

components were in turn fed into a Gaussian mixture model, which assumes that each 

individual’s principal component score Xi is drawn from one of K multivariate normal 

distributions:

P Xi = x = ∑k = 1
K πkN15 x; μk, Σk

where Np(x; μ, Σ) = (2π)−p/2 |Σ |−1/2exp − 1
2 (x − μ)TΣ−1(x − μ)  is a p-variate normal 

distribution with mean μ and variance–covariance Σ. To choose the value of K, we 

considered the penalized likelihood Bayesian Information Criterion (BIC), choosing K = 

20 as the value at which the BIC stabilized. The model was fit using the Mclust function in 

R.

Each subject can be assigned a posterior probability of being in a given Skill Cluster based 

on Bayes’ Rule:

P Ki = k ∣ Xi = xi =
P Xi = xi ∣ Ki = k P Ki = k

P Xi = xi
=

πkN15 xi; μk, Σk
∑k = 1

K πkN15 xi; μk, Σk

and assigned to a Skill Cluster based on the modal value max
k

P Ki = k|Xi = xi .

We utilized the authorship team’s subject matter expertise to review the 20 Skill Clusters 

(and associated driving performance variable weights), and qualitatively identified patterns 

of skill deficits, agnostic of the outcome of the RSE. This group consisted of established 

traffic safety, young driver and simulated driving experts in the fields of public health, 

epidemiology, engineering, cognitive neuroscience as well as social and developmental 
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psychology. This group reached consensus on identifying four Driving Classes (i.e. four 

categorical patterns of Skill Cluster deficits reflecting negative or positive weights that 

varied in strength), with confidence in assigning 15 of the 20 Skill Clusters to these Driving 

Classes (with uncertainty for classifying five Skill Clusters). A second principal component 

analysis of the 20 Skill Clusters was conducted to determine which Skill Clusters were 

closely related and these patterns largely confirmed the classifications made by the subject 

matter experts, and informed the assignment of the remaining five Skill Clusters to the 

Driving Classes (where the SMEs were uncertain).

2.2.2. Predicting RSE outcomes—The second analytical step validated the 20 Skill 

Clusters and 4 Driving Classes against on-road performance on the RSE. Overall RSE 

Fail was used as the primary outcome variable. We adjusted for licensing center location 

and considered age groups (16, 17, 18, 19, 20, 21–24, 25–34, 35–49, 50 +) and sex (male/

female) as potential confounders, along with time in learner permit (TLP: for the active 

permit at the time of license examination attempt), tract-level sociodemographic measures 

summarized by six principal components from the three following categories of Census 

variables: income/education; transportation; and urbanicity (see Walshe et al., 2022 for more 

details). We used logistic regression for fail outcomes. To estimate the odds of passing the 

exams, we used effect coding, so that each category was compared to the overall average 

score or odds of failing.

We also considered measures of model fit: area under the curve (AUC) for logistic 

regression. This is a measure of the ability of the Skill Clusters, licensing center location, 

age, sex, TLP, and sociodemographic factors to classify the testing outcomes of license 

applicants. The AUC can be interpreted as the probability that the passing applicants in a 

random pair of passing and failing applicants will have the higher probability (of ½ if they 

are tied), and ranges from 0.5 (if there is no relationship between the predicted probabilities 

and the outcome) to 1.0 (if the model perfectly classifies passing and failing). All analyses 

are adjusted for the site where the test was taken. To account for potential correlations 

among drivers at each location, a generalized estimating equation model is used with a 

working independence matrix. All analyses were completed using SAS V9.4.

3. Results

3.1. Sample demographics

Table 2 describes the sample demographics for all first-time license applicants who also took 

the VDA at one of 5 licensing centers (described above) in Ohio, and the sub samples of 

those who passed and failed the RSE on first attempt. Two thirds of the applicants were 

under the age of 25 years. Drivers aged 16 years made up 25% of the sample, with fewer 

applicants aged 21 years and above. This sample is skewed older compared to the entire 

state-wide license applicant population age distribution (see prior work (Walshe et al., 2022; 

Walshe et al., 2020). Relative to tract distribution across the whole state, this sample was 

slightly more highly educated and from more urban tracts. Furthermore, relative to those 

who passed their first RSE, there were slightly more applicants from urban tracts and less 

from rural tracts that failed their first RSE.
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3.2. Driving Skill Clusters

Table 3 describes the 20 Skill Clusters and 4 Driving Classes, each with a succinct 

descriptive summary name, and their relationships to eight domains of virtual driving skills 

measured by the VDA. To summarize the output, plus and minus signs indicate positive 

or negative loading on each skill domain (for example, a “+” on speed control indicates 

good speed control, and a “−” indicates poor speed control). To see in more detail how 

the individual VDA metrics loaded onto each Skill Cluster, please see whisker plots in 

Appendix A: Fig. 1–32 in the supplemental documentation. Most cases were assigned to 

a Skill Cluster with relatively high probability − 90% had posterior probabilities greater 

than 0.5 and 42% greater than 0.9 (note that random assignment would yield a probability 

of 1/20 = 0.05). The following 8 Skill Clusters were particularly well defined: 11. Skilled 
Rule Breaker; 13. Less Control, Rule Breakers; 14. Extremely Slow & Poor Control, Rule 
Breaker; 16. Extremely Aggressive, Reckless; 17. Controlled Jackrabbit; 19. Risky, Poor 
Control, Jackrabbit; and 20. Risky, No Control, Jackrabbit. The least well-defined were Skill 

Clusters 7. Skilled Average and 8. Below Average Control. In general, the No Issues Driving 

Class represents no negative weights on any of the VDA skill domains, the Minor Issues 
Driving Class largely represents some vehicle control and lane position problems in the 

VDA, and the Major Issues Driving Class consists of more lane position issues and route- 

and rule-following errors. The Major Issues with Aggression Driving Class was marked 

by poor vehicle control and positioning, in combination with rule breaking and crashes in 

the VDA (in the Risky labelled Skill Clusters). All Driving Classes were represented in 

the sample, with the most common being the Minor Issues and No Issues Driving Classes 

(collectively: 59% of VDA records), the least common was the Major Issues Driving Class 

(16%).

3.3. Licensing examination outcomes

Table 4 presents the percentage of drivers who failed the RSE (subtests and overall) and 

the association between the odds of failing and the 4 Driving Classes and 20 Skill Clusters, 

with and without adjusting for licensing center location and covariates. For the most part, 

there were modest changes in odds ratios (ORs) from the model adjusting for license 

center to the model including covariates (age, sex, tract-level sociodemographic variables). 

Overall, the No Issues and Minor Issues classes had below-average risk of failing the RSE 

overall, while the Major Issues and Major Issues with Aggression Driving Classes were 

more likely to fail the RSE overall. The Major Issues Driving Class had the highest odds 

of failing (OR: 1.34 in the covariate adjusted model). Furthermore, the ORs of failing the 

RSE overall were distinctly worse from the No Issues (OR: 0.71) to Minor Issues Classes 

(OR: 0.89), and from there to the two Major Issues (OR: 1.34). Driving Classes. In general, 

it appears the VDA derived Driving Classes and Skill Clusters were more related to the 

Driving Skill subtest and overall RSE failure outcome than the Maneuverability subtest. 

When examining the association between RSE fail outcomes and Driving Classes and Skill 

Clusters, we find that the AUC measure for the Driving Skill subtest (0.663) is higher than 

the Maneuverability subtest (0.626), with the overall RSE failure (failure on either or both 

subtest) as an outcome having an intermediate model fit (0.637). While all Skill Clusters 

in the No Issues class had a similar pattern of significantly lower likelihood of failing the 

RSE and both subtests, there was some differentiation among the specific Skill Clusters in 
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the other Driving Classes. At the Skill Cluster level, 14. Extremely Slow, Poor Control, Rule 
Breaker had the highest odds of failing the RSE (OR: 1.81), followed by the 19. Risky, Poor 
Control, Jackrabbit Skill Cluster (OR: 1.84).

3.4. Driving Classes and Skill Clusters by Age

Table 5 shows the estimated modal probability of Skill Cluster membership for each age 

group with a p-value for differences across age groups. All of the Skill Clusters except 

for 15. Aggressive Tailgaters were significantly associated with age group. In general, the 

No Issues class was negatively and monotonically associated with age and this pattern was 

consistent across the Skill Clusters within this Class. The Minor Issues Driving Class was 

positively associated with age, but there was little variation among age groups under 25, 

and there was deviation within the specific Skill Clusters. Major Issues was also positively 

associated with age, although the greatest difference was between those under 18 (14%) 

versus those age 18–55 (18%), versus greater than 55 years (23%). Again, there was some 

deviation at the specific Skill Cluster level. The Major Issues with Aggression Skill Clusters 

collectively peaked at 19–24 (22% vs. 16–19% for those < 18 and ≥ 25 years), however this 

pattern wasn’t consistent across the specific Skill Clusters, and the 15. Aggressive Tailgaters 
was not associated with age group.

Of particular interest are differences between applicants < 18 years, who were subject to 

driver license policy (required to hold a permit for 6 months and complete driver education 

including behind-the-wheel training before applying for a license), versus those 18–19 who 

are exempt from such Ohio license policy. Generally, those under 18 were more likely to be 

in the No Issues and Minor Issues Driving Classes and less likely to be in the Major Issues 
and Major Issues with Aggression Driving Classes (however there was deviation among 

the Skill Clusters for all classes except for those in the No Issues Driving Class). More 

specifically, applicants < 18 tended to be in the more positive Skill Clusters than those age 

18–19 years, including: 1. Good Steering Control; 2. Cautious; 3. Good Brake & Steering; 

4. Skilled with Hard Throttle and 7. Skilled Average. Furthermore, those < 18 years were 

less likely to be in the 3 of the 4 Skill Clusters in the Major Issues Driving Class and 

16. Extremely Aggressive, Reckless Skill Cluster from the Major Issues with Aggression 
Driving Class vs. those 18–19 years.

3.5. Driving Classes and Skill Clusters by Sex

The distribution of Driving Classes and clusters varied by males and females among drivers 

on their first attempt at the licensing examination: see Table 6. Male drivers were more 

likely to belong to the No Issues and Minor Issues Driving Class, while females were 

more likely to belong to the Major Issues Class. There was no statistically significant 

associations with sex for the Major Issues with Aggression Class. However, there was 

deviation in some of the specific Skill Clusters within each Driving Class. For example, 

male drivers were more likely to belong to the 15. Aggressive Tailgaters and 16. Extremely 
Aggressive, Reckless skill clusters, whereas females were more likely to belong to the 18. 
Less Controlled Jackrabbit cluster of the Major Issues with Aggression Class.
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4. Discussion

This study presents the first population level study of new driver skills at the time of license 

examination. Using data from a virtual driving assessment implemented into the licensing 

workflow in Ohio, the results confirmed that new drivers can be classified into distinct 

skill clusters, which can then be further collapsed into four major Driving Classes: No 
Issues (i.e. careful and skilled drivers), Minor Issues (i.e. an average new driver with minor 

vehicle control skill deficits), Major Issues (i.e. drivers with more control issues and who 

take more risks), and Major Issues with Aggression (i.e. drivers with even more control 

issues and more reckless and risk-taking behavior). These Driving Classes were associated 

with subsequent performance on the on-road licensing examination, whereby the No Issues 
and Minor Issues classes had lower than average odds of failing, and the other two more 

problematic Driving Classes had higher odds of failing. Furthermore, the odds ratios only 

changed modestly when covariates were included in the model, suggesting that the effect 

of driving skills in the model was robust. This study also noted that a number of drivers 

who were classified as having Major Issues or Major Issues with Aggression still went on 

to pass the Ohio License examination. One way to intervene with these drivers is to deliver 

a personalized feedback report from the VDA, highlighting where the new driver still has 

room for improvement (e.g. in car following distance, speed management, etc.) even if they 

pass the licensing examination, and recommend continued practice in the early months of 

licensure.

Age was associated with class membership: the youngest drivers subject to Ohio’s 

comprehensive driver training policy (mandated driver education including behind-the-wheel 

training for applicants < 18 years and a 6-month permit holding period), were more likely 

to belong to the No Issues and Minor Issues Driving Classes (as we hypothesized) which 

were less likely to fail the licensing examination than the other Classes. This finding is 

consistent with a prior examination of age-trends in Ohio’s state-wide licensing and crash 

data (Walshe et al., 2022). The results also showed that there were more male than female 

drivers in two of the aggressive Skill Clusters in the Major Issues with Aggression Driving 

Class (specifically, 15. Aggressive Tailgaters and 16. Extremely Aggressive, Reckless), 

supporting our hypothesis and corroborating some prior findings (Bingham & Ehsani, 2012; 

Scott-Parker et al., 2013). However, there was no overall difference at the aggressive Driving 

Class level.

Taken together, these results indicate that new drivers can be categorized into distinct 

Driving Skill Classes that show construct validity (being differentiated by age and sex) 

and some preliminary evidence for criterion validity (against the on-road examination 

for licensure). Thus, future users of the VDA can be classified based solely on their 

performance on the VDA (and without input from subject matter expertise). However, 

future work is needed to validate these Skill Clusters and Driving Classes against crash 

outcomes post-licensure and examine driver characteristics beyond skills, age, and sex that 

may explain differences in driver behavior and performance on the VDA. For example, our 

prior work has shown that executive function abilities associated with the frontal-lobe and 

rate of development during adolescence, as well as impulsive personality traits, may explain 

Walshe et al. Page 10

Transp Res Part F Traffic Psychol Behav. Author manuscript; available in PMC 2022 October 19.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



some of the variance in young driver behavior and crash outcomes (Walshe et al., 2019; 

Walshe, Ward McIntosh, Romer, & Winston, 2017; Walshe, Winston, & Romer, 2021).

5. Limitations

While most of the categories were well-identified by the VDA data and there were 

substantial differences in risk of licensing exam failure, the VDA-based Skill Clusters were 

far from perfect predictors of exam outcomes, with a slight majority of the Skill Clusters 

classified as most likely to fail still passing, and a some of the Skill Cluster classified 

as least likely to fail (Good Steering Control) still failing. Although a large sample of 

drivers with a wide age range was used, we must also acknowledge that some of the older 

drivers may have had past licenses from other states that we could not control for in our 

analyses. Furthermore, while the VDA captures key tactical and operational driving skills 

during common and serious crash scenarios, the VDA database provided did not contain 

visual-scanning metrics that are also important skills that may reveal further individual 

variability. The VDA has these capabilities and can also deliver performance metrics in 

crash or hazard specific events, so these will be examined in future studies. Lastly, while the 

VDA performance was associated with on-road licensing examination outcomes, this is not 

the gold standard of on-road performance and likely does not accurately reflect crash risk 

post-licensure. Specifically, a numeric error score cut-off is used to determine failure on the 

RSE, but this binary outcome does not capture those on the border of failing and passing. 

Indeed, this study shows that some drivers who pass the RSE still exhibit skill deficits 

on the VDA. Thus, future work will validate these Skill Clusters against crash outcomes 

post-licensure.

6. Conclusions

This study supports the construct and criterion validity of the VDA for classifying new 

drivers according to skill deficits at the time of licensure. These results pave a way 

for identifying individuals who are at elevated risk for unsafe driving, and informing 

targeted interventions for improving new driver skills before licensure, immediately before a 

driver’s crash risk peaks. However, future work needs to validate these VDA classifications 

against crash outcomes post-licensure. In addition, future work needs to examine driver 

characteristics beyond age and sex that may underlie driving behavior beyond skill deficits 

(such as cognitive and personality factors).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Sample Derivation Flow Diagram.
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Table 1

Virtual Driving Assessment System variables, definitions, and skill domain.

VDA Skill 
Domain VDA Variables Definition (unit)

Speed-related Max Speed Maximum speed value (mph)

Mean Speed Mean speed value (mph)

SD Speed Standard deviation of speed (mph)

Max Throttle Maximum accelerator depression (%)

Mean Throttle Mean accelerator depression (%)

SD Throttle Standard deviation of accelerator depression (%)

Drive Duration Time to complete assessment drive (seconds)

Throttle 
Control Max Acceleration Maximum vehicle acceleration (mph/s)

Mean Acceleration Mean vehicle acceleration (mph/s)

SD Acceleration Standard deviation of vehicle acceleration (mph/s)

Max Jerk Maximum vehicle jerk (mph/s2)

Mean Jerk Mean vehicle jerk (mph/s2)

SD Jerk Standard deviation of vehicle jerk (mph/s2)

Braking 
Control Max Brake Maximum brake depression (%)

Mean Brake Mean brake depression (%)

SD Brake Standard deviation of brake depression (%)

Lane Position Max Heading-Error Maximum angle between vehicle’s heading vector and road-following vector (degrees 
[0,180])

Mean Heading-Error Mean angle between vehicle’s heading vector and road-following vector (degrees [0,180])

SD Heading-Error Standard deviation of angle between vehicle’s heading vector and road-following vector 
(degrees [0,180])

Max Lane Deviation Maximum vehicle lateral displacement from the center of lane (meters)

Mean Lane Deviation Mean vehicle lateral displacement from the center of lane (meters)

SD Lane Deviation Standard deviation of vehicle lateral displacement from the center of lane (meters)

Max Road-Center Deviation Maximum distance from vehicle to center of the road (meters)

Mean Road-Center Deviation Mean distance from vehicle to center of the road (meters)

SD Road-Center Deviation Standard deviation of distance from vehicle to center of the road (meters)

Route 
Following Off-Route Driving off-road or off-route (count of incidences)

Car Following Time to Collision < 3 s Time spent driving at < 3 sec to crash (seconds)

Miles Driven TTC < 3 s Distance driven while < 3 sec to crash (miles)

Time to Collision 3–5 s Time spent driving at 5–3 sec to crash (seconds)

Miles Driven TTC 3–5 s Distance driven at 5–3 sec to crash (miles)

Rule Following Failures to Stop Failures to stop at stop signs/red lights (count)

Crash 
Avoidance Crashes Crashes with vehicle, pedestrian or object (count)
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Table 2

Sample demographics of first-time license applicants who also took the VDA in Ohio, with breakdown by 

those who passed and failed the RSE (number and percentage of applicants is presented).

Variable All Applicants First Time Applicants Applicants who Passed 
RSE

Applicants who Failed 
RSE

All N = 32,836 (100%) N = 25,929 (100%) N = 18,389 (100%) N = 7,540 (100%)

Age

16 years 8314 (25.38%) 7717 (29.76%) 5964 (32.43%) 1753 (23.25%)

17 years 2700 (8.24%) 2410 (9.29%) 1686 (9.17%) 724 (9.60%)

18 years 4181 (12.77%) 3627 (13.99%) 2355 (12.81%) 1272 (16.87%)

19 years 2050 (6.26%) 1717 (6.62%) 1051 (5.72%) 666 (8.83%)

20 years 1339 (4.09%) 1090 (4.20%) 642 (3.49%) 448 (5.94%)

21–24 years 3555 (10.85%) 2351 (9.07%) 1442 (7.84%) 909 (12.06%)

25–34 years 6132 (18.72%) 3912 (15.09%) 2806 (15.26%) 1106 (14.67%)

35–49 years 3530 (10.78%) 2425 (9.35%) 1911 (10.39%) 514 (6.82%)

50 + years 951 (2.90%) 680 (2.62%) 532 (2.89%) 148 (1.96%)

Sex Male (%) 17,545 (53.43%) 13,927 (53.71%) 10,175 (55.33%) 3752 (49.76%)

Time in Learner Permit

< 14 days 7255 (23.89%) 5416 (20.89%) 4258 (23.16%) 1158 (15.36%)

14 days to < 6 months 9790 (32.24%) 8443 (32.56%) 5560 (30.24%) 2883 (38.24%)

6–12 months 13,319 (43.86%) 12,070 (46.55%) 8571 (46.61%) 3499 (46.41%)

Tract-Level Median Household 
Income

Low: bottom 10th percentile 5649 (17.41%) 4137 (15.96%) 2965 (16.12%) 1172 (15.54%)

10th – 90th percentile 22,892 (70.57%) 18,092 (69.78%) 12,730 (69.23%) 5362 (71.11%)

High: top 10th percentile 3899 (12.02%) 3700 (14.27%) 2694 (14.65%) 1006 (13.34%)

Tract-Level College Degree 
Education

Low: bottom 10th percentile 3142 (9.64%) 2458 (9.48%) 1770 (9.63%) 688 (9.12%)

10th – 90th percentile: 22,114 (67.88%) 17,622 (67.96%) 12,578 (68.40%) 5044 (66.90%)

High: top 10th percentile 7324 (22.48%) 5849 (22.56%) 4041 (21.98%) 1808 (23.98%)

Neighborhood Urbanicity

Urban 10,305 (31.63%) 7806 (30.11%) 5385 (29.28%) 2421 (32.11%)

Suburban 18,732 (57.50%) 15,119 (58.31%) 10,735 (58.38%) 4384 (58.14%)

Rural 3543 (10.87%) 3004 (11.59%) 2269 (12.34%) 735 (9.75%)

Tract-level Average Number of 
Vehicles per Household 0.482 0.482 0.482 0.482

Note: Average number of vehicles per household was derived by taking the average number of vehicles per tract, and taking the average of all 
tracts. There was some minor data missing on age, sex, licensing and SES variables within our sample which is detailed in the Derivation of Sample 
Fig. 1.
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Table 3

Driving Classes and Skill Clusters, comprised of performance on VDA metrics across 8 skill domains.

Virtual Driving Assessment Skill Domain

Driving Classes, 
Skill Clusters

All VDA 
32,836 
(100%)

Speed 
Control

Throttle 
Control

Brake 
Control

Lane 
Position

Route 
Following

Car 
Following

Rule 
Following

Crash 
Avoidance

No Issues 7841 
(23.88%)

+ + + + +

1. Good Steering 
Control

2757 
(8.40%)

+

2. Cautious 2757 
(8.40%)

+ + + +

3. Good Brake & 
Steering

2327 
(7.09%)

+ +

Minor Issues 11,506 
(35.04%)

− − − +

4. Skilled with Hard 
Throttle

2759 
(8.40%)

− +

5. Jerky Braking 2092 
(6.37%)

− − +

6. Speeder, Tailgater, 
Rule Breaker

1930 
(5.88%)

− − −

7. Skilled Average 1880 
(5.73%)

+

8. Below Average 
Control

1753 
(5.34%)

− −

9. Quick with 
Controlled Braking

1594 
(4.85%)

− − −

10. Mild Control 
Issues

1428 
(4.35%)

+ −

Major Issues 5449 
(16.59%)

+ + + − − + −

11. Skilled Rule 
Breakers

2441 
(7.43%)

+ + −

12. Slow, Poor 
Control, Rule 
Breakers

1220 
(3.72%)

+ + − + −

13. Less Control, Rule 
Breakers

982 
(2.99%)

− + − −

14. Extremely 
Slow,Poor Control, 
Rule Breaker

806 
(2.45%)

+ + + − − + −

Major Issues with 
Aggression 

8040 
(24.49%)

− − − − − − − −

15. Aggressive 
Tailgaters

1352 
(4.12%)

− − − −

16. Extremely 
Aggressive, Reckless

1317 
(4.01%)

− − − − − −

17. Controlled 
Jackrabbit

1265 
(3.85%)

− − −

18. Less Controlled 
Jackrabbit

1020 
(3.11%)

− − −

19. Risky, Poor 
Control,Jackrabbit

815 
(2.48%)

− − − − − − −
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Virtual Driving Assessment Skill Domain

Driving Classes, 
Skill Clusters

All VDA 
32,836 
(100%)

Speed 
Control

Throttle 
Control

Brake 
Control

Lane 
Position

Route 
Following

Car 
Following

Rule 
Following

Crash 
Avoidance

20. Risky, No 
Control,Jackrabbit*

341 
(1.04%)

− − − − + − −

Note: Sample size is all 1st time VDA assessments. The + and − indicate positive or negative loading on each skill domain (for example, a “+” 
on speed control indicates good speed control, and a “−” indicates poor speed control). Weight strengths are not indicated here but please see 
Appendix for more detailed cluster loading information.

*
The Risky, No Control, Jackrabbit Skill Cluster is distinguished from Risky, Poor Control, Jackrabbit, by higher negative loadings on throttle 

control and lane position.
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Table 4

Percent of drivers who fail the RSE subtests and overall, with odds ratio of failing by Driving Classes and Skill 

Clusters, adjusting for licensing center location (“Center”) and when controlling for covariates.

Driving Classes, 
Skill Clusters

Maneuverability Subtest Driving Skill Subtest Overall RSE

% of 
Drivers 
who 
Fail

OR 
Adjusted 
for 
Center 
(CI: 
95%)

OR 
Adjusted 
for Center 
& 
Covariates 
(CI: 95%)

% of 
Drivers 
who 
Fail

OR 
Adjusted 
for 
Center
(CI: 
95%)

OR 
Adjusted 
for Center 
& 
Covariates 
(CI: 95%)

% of 
Drivers 
who 
Fail

OR 
Adjusted 
for 
Center
(CI: 
95%)

OR 
Adjusted 
for Center 
& 
Covariates 
(CI: 95%)

No Issues 13.9 0.78 
(0.75, 
0.80)

0.8 (0.76, 
0.83)

12.70 0.63 
(0.61, 
0.65)

0.64 (0.63, 
0.66)

23.1 0.63 
(0.61, 
0.65)

0.71 (0.69, 
0.72)

1. Good Steering 
Control

13.1 0.69 
(0.65, 
0.73)

0.73 (0.68, 
0.77)

11.30 0.51 
(0.48, 
0.54)

0.53 (0.48, 
0.58)

21.2 0.58 
(0.56, 0.6)

0.61 (0.57, 
0.64)

2. Cautious 13.0 0.69 
(0.62, 
0.78)

0.69 (0.62, 
0.78)

12.80 0.61 
(0.55, 
0.69)

0.61 (0.53, 
0.69)

22.5 0.65 
(0.57, 
0.73)

0.64 (0.58, 
0.72)

3. Good Brake & 
Steering

15.9 0.87 
(0.85, 
0.91)

0.89 (0.86, 
0.92)

14.30 0.68 
(0.59, 
0.78)

0.68 (0.61, 
0.76)

26.0 0.77 
(0.68, 
0.87)

0.77 (0.71, 
0.84)

Minor Issues 15.5 0.91 
(0.86, 
0.96)

0.93 (0.88, 
0.98)

16.80 0.84 
(0.81, 
0.88)

0.87 (0.84, 
0.89)

27.3 0.84 
(0.81, 
0.88)

0.89 (0.85, 
0.92)

4. Skilled with 
Hard Throttle

15.1 0.85 
(0.79, 
0.92)

0.91 (0.85, 
0.97)

15.00 0.69 
(0.58, 
0.82)

0.73 (0.66, 
0.79)

25.8 0.76 
(0.66, 
0.87)

0.8 (0.74, 
0.87)

5. Jerky Braking 16.0 0.95 
(0.88, 
1.03)

0.99 (0.93, 
1.05)

18.80 0.91 
(0.77, 
1.07)

0.98 (0.86, 
1.09)

29.1 0.91 
(0.82, 
1.02)

0.97 (0.9, 
1.05)

6. Speeder, 
Tailgater, Rule 
Breaker

18.9 1.09 
(0.99, 
1.20)

1.07 (0.98, 
1.16)

20.20 0.98 
(0.86, 
1.13)

0.95 (0.82, 
1.11)

32.4 1.03 
(0.95, 
1.11)

1.0 (0.92, 
1.08)

7. Skilled Average 13.0 0.69 
(0.65, 
0.74)

0.71 (0.67, 
0.75)

13.70 0.65 
(0.59, 
0.72)

0.67 (0.62, 
0.74)

23.1 0.67 
(0.64, 0.7)

0.69 (0.65, 
0.72)

8. Below Average 
Control

15.7 0.9 (0.80, 
1.00)

0.94 (0.85, 
1.03)

15.40 0.71 
(0.62, 
0.81)

0.73 (0.65, 
0.82)

26.4 0.77 
(0.69, 
0.86)

0.81 (0.73, 
0.9)

9. Quick with 
Controlled Braking

13.9 0.76 
(0.64, 
0.90)

0.8 (0.68, 
0.94)

14.70 0.68 
(0.61, 
0.76)

0.69 (0.63, 
0.75)

24.9 0.72 
(0.65, 
0.79)

0.74 (0.69, 
0.8)

10. Mild Control 
Issues

15.3 0.89 
(0.75, 
1.06)

0.85 (0.72, 
1.01)

20.60 1.04 
(0.86, 
1.26)

1.01 (0.82, 
1.24)

29.9 0.95 
(0.78, 
1.16)

0.92 (0.74, 
1.13)

Major Issues 19.4 1.24 
(1.15, 
1.34)

1.18 (1.1, 
1.27)

25.30 1.47 
(1.34, 
1.61)

1.42 (1.3, 
1.56)

36.7 1.47 
(1.34, 
1.61)

1.34 (1.23, 
1.45)

11. Skilled Rule 
Breakers

18.4 1.07 
(0.89, 
1.29)

1.01 (0.85, 
1.2)

23.20 1.24 
(1.07, 
1.42)

1.17 (0.99, 
1.38)

34.7 1.19 
(1.06, 
1.33)

1.11 (0.99, 
1.25)

12. Slow, Poor 
Control, Rule 
Breakers

18.1 1.14 
(0.96, 
1.36)

1.15 (0.96, 
1.37)

26.30 1.47 
(1.33, 
1.63)

1.59 (1.46, 
1.73)

36.1 1.32 
(1.21, 1.6)

1.39 (1.21, 
1.6)

13. Less Control, 
Rule Breakers

20.6 1.32 
(1.15, 
1.51)

1.24 (1.1, 
1.41)

24.10 1.3 (1.21, 
1.4)

1.21 (1.13, 
1.31)

37.5 1.39 
(1.34, 
1.43)

1.29 (1.2, 
1.39)
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Driving Classes, 
Skill Clusters

Maneuverability Subtest Driving Skill Subtest Overall RSE

% of 
Drivers 
who 
Fail

OR 
Adjusted 
for 
Center 
(CI: 
95%)

OR 
Adjusted 
for Center 
& 
Covariates 
(CI: 95%)

% of 
Drivers 
who 
Fail

OR 
Adjusted 
for 
Center
(CI: 
95%)

OR 
Adjusted 
for Center 
& 
Covariates 
(CI: 95%)

% of 
Drivers 
who 
Fail

OR 
Adjusted 
for 
Center
(CI: 
95%)

OR 
Adjusted 
for Center 
& 
Covariates 
(CI: 95%)

23.4 33.10 43.7

14. Extremely 
Slow, Poor Control, 
Rule Breaker

1.68 
(1.49, 
1.91)

1.58 (1.39, 
1.82)

2.05 
(1.49, 
2.82)

2.03 (1.44, 
2.86)

1.85 
(1.43, 
2.39)

1.81 (1.37, 
2.39)

Major Issues with 
Aggression 

18.3 1.15 
(1.11, 
1.19)

1.14 (1.11, 
1.17)

23.80 1.28 
(1.17, 1.4)

1.26 (1.14, 
1.39)

34.4 1.28 
(1.17, 1.4)

1.19 (1.21, 
1.26)

15. Aggressive 
Tailgaters

14.7 0.86 
(0.76, 
0.97)

0.88 (0.79, 
1)

16.60 0.79 
(0.65, 
0.95)

0.79 (0.65, 
0.96)

27.3 0.84 
(0.76, 
0.92)

0.85 (0.78, 
0.94)

16. Extremely 
Aggressive, 
Reckless

19.7 1.19 
(0.99, 
1.43)

1.19 (1.01, 
1.4)

25.80 1.33 
(1.17, 
1.51)

1.3 (1.14, 
1.47)

36.7 1.25 (1.1, 
1.42)

1.22 (1.08, 
1.39)

17. Controlled 
Jackrabbit

15.1 0.84 
(0.71, 
1.01)

0.83 (0.69, 
0.99)

21.70 1.08 
(0.96, 
1.21)

1.04 (0.93, 
1.17)

31.2 0.98 
(0.85, 
1.13)

0.95 (0.81, 
1.11)

18. Less Controlled 
Jackrabbit

20.2 1.27 
(1.14, 
1.42)

1.24 (1.11, 
1.39)

23.60 1.21 (1.1, 
1.34)

1.19 (1.03, 
1.37)

35.0 1.20 
(1.12, 
1.28)

1.17 (1.06, 
1.29)

19. Risky, Poor 
Control, Jackrabbit

24.9 1.74 
(1.39, 
2.19)

1.71 (1.34, 
2.18)

33.60 1.98 
(1.73, 
2.27)

1.92 (1.71, 
2.15)

45.6 1.88 
(1.73, 
2.04)

1.84 (1.67, 
2.02)

20. Risky, No 
Control,Jackrabbit

18.8 1.23 
(0.88, 
1.72)

1.23 (0.87, 
1.73)

31.20 1.78 
(1.07, 
2.98)

1.78 (1.05, 
3)

39.6 1.49 
(0.96, 
2.29)

1.48 (0.94, 
2.35)

Note: Covariates include age, sex, time in learner permit, and sociodemographic factors. Statistically significant odds ratios at p <.05 are in bold.
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Table 5

Driving Class and Skill Cluster distributions by age for the first VDA for each driver, with p-values for age 

group differences.

Driving Classes, 
Skill Clusters

Overall 
N = 
25,929

16 
years

17 
years

18 
years

19 
years

20 
years

21–24 
years

25–34 
years

35–49 
years

greater 
than 50 
years

p value

No Issues 24.8% 31.4% 27.5% 25.6% 22.1% 22.8% 20.8% 19.8% 18.0% 11.6% <0.001

1. Good Steering 
Control 8.6% 11.3% 9.3% 8.2% 7.0% 6.2% 7.0% 7.0% 7.6% 5.4% <0.001

2. Cautious 8.6% 9.9% 8.6% 8.7% 7.1% 9.7% 7.7% 8.0% 7.3% 4.8% <0.001

3. Good Brake & 
Steering 7.6% 10.2% 9.5% 8.8% 8.0% 7.0% 6.1% 4.8% 3.0% 1.0% <0.001

Minor Issues 40.8% 38.8% 41.3% 39.4% 38.2% 37.3% 39.4% 43.4% 48.1% 46.3% <0.001

4. Skilled with 
Hard Throttle 8.7% 11.5% 11.5% 9.3% 7.5% 6.6% 6.2% 6.2% 5.9% 4.4% <0.001

5. Jerky Braking 6.2% 4.4% 5.1% 5.4% 6.0% 6.0% 5.6% 8.1% 9.4% 13.2% <0.001

6. Speeder, 
Tailgater, Rule 
Breaker

6.0% 5.9% 6.9% 7.0% 8.3% 7.1% 6.7% 4.6% 4.4% 4.4% <0.001

7. Skilled 
Average 5.6% 5.7% 5.5% 4.8% 3.9% 4.5% 5.0% 6.4% 7.8% 6.5% <0.001

8. Below 
Average Control 5.2% 3.5% 3.4% 4.0% 3.5% 4.2% 5.6% 7.9% 9.4% 10.2% <0.001

9. Quick with 
Controlled 
Braking

4.8% 4.1% 4.6% 4.3% 4.5% 4.6% 4.6% 5.4% 7.0% 4.7% <0.001

10. Mild Control 
Issues 4.3% 3.6% 4.4% 4.6% 4.6% 4.3% 5.5% 4.9% 4.1% 2.6% <0.001

Major Issues 16.4% 13.6% 14.6% 17.4% 18.2% 18.2% 18.0% 17.8% 17.5% 23.2% <0.001

11. Skilled Rule 
Breakers 7.7% 7.6% 8.0% 10.0% 9.3% 9.4% 8.0% 6.2% 5.0% 4.4% <0.001

12. Slow, Poor 
Control, Rule 
Breakers

3.5% 2.0% 1.8% 2.3% 2.3% 2.2% 3.3% 5.5% 6.7% 15.3% <0.001

13. Less Control, 
Rule Breakers 3.1% 2.8% 3.1% 4.0% 4.4% 4.3% 4.0% 2.8% 1.6% 0.7% <0.001

14. Extremely 
Slow, Poor 
Control, Rule 
Breaker

2.1% 1.2% 1.7% 1.0% 2.2% 2.2% 2.7% 3.3% 4.2% 2.8% <0.001

Major Issues 
with Aggression 18.1% 16.2% 16.6% 17.6% 21.5% 21.6% 22.0% 19.0% 16.4% 18.8% <0.001

15. Aggressive 
Tailgaters 4.1% 3.9% 4.0% 3.9% 4.3% 4.7% 4.2% 4.4% 3.7% 4.6% 0.7

16. Extremely 
Aggressive, 
Reckless

3.9% 3.8% 3.4% 4.7% 5.4% 5.1% 4.7% 3.3% 2.5% 2.8% <0.001

17. Controlled 
Jackrabbit 3.8% 3.6% 4.3% 4.0% 4.7% 5.1% 4.2% 3.5% 2.7% 3.3% <0.001

18. Less 
Controlled 
Jackrabbit

3.0% 2.2% 2.5% 2.3% 3.3% 3.2% 4.2% 3.7% 4.2% 4.8% <0.001
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Driving Classes, 
Skill Clusters

Overall 
N = 
25,929

16 
years

17 
years

18 
years

19 
years

20 
years

21–24 
years

25–34 
years

35–49 
years

greater 
than 50 
years

p value

19. Risky, Poor 
Control, 
Jackrabbit

2.3% 1.9% 2.0% 2.0% 2.8% 2.4% 3.2% 2.8% 2.4% 2.1% <0.001

20. Risky, No 
Control, 
Jackrabbit

0.9% 0.7% 0.4% 0.7% 1.0% 1.2% 1.4% 1.4% 0.8% 1.6% <0.001

Note: Statistically significant p-values are in bold, according to a Bonferroni corrected p-value of 0.0014.
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Table 6

Driving Class and Skill Cluster distribution by sex, including p-values for the null hypothesis of no difference 

in male and female distributions across Skill Clusters and Classes.

Driving Classes, Skill Cluster Overall N = 25,929 Male N = 13927, 53.7% Female N = 12002, 46.3% p-value

No Issues 24.8% 25.5% 23.9% 0.011

1. Good Steering Control 8.6% 9.1% 8.2% 0.014

2. Cautious 8.6% 8.3% 8.9% 0.098

3. Good Brake & Steering 7.6% 8.2% 6.9% <0.001

Minor Issues 40.8% 42.4% 39.0% <0.001

4. Skilled with Hard Throttle 8.7% 9.7% 7.6% <0.001

5. Jerky Braking 6.2% 6.6% 5.6% 0.001

6. Speeder, Tailgater, Rule Breaker 6.0% 5.9% 6.2% 0.443

7. Skilled Average 5.6% 5.1% 6.3% <0.001

8. Below Average Control 5.2% 5.5% 4.8% 0.022

9. Quick with Controlled Braking 4.8% 5.5% 3.9% <0.001

10. Mild Control Issues 4.3% 4.0% 4.6% 0.031

Major Issues 16.4% 13.9% 19.2% <0.001

11. Skilled Rule Breakers 7.7% 6.6% 8.9% <0.001

12. Slow, Poor Control, Rule Breakers 3.5% 2.9% 4.2% <0.001

13. Less Control, Rule Breakers 3.1% 3.0% 3.3% 0.138

14. Extremely Slow, Poor Control, Rule Breaker 2.1% 1.5% 2.9% <0.001

Major Issues with Aggression 18.1% 18.2% 17.9% 0.635

15. Aggressive Tailgaters 4.1% 4.5% 3.5% <0.001

16. Extremely Aggressive, Reckless 3.9% 4.4% 3.4% <0.001

17. Controlled Jackrabbit 3.8% 3.6% 4.0% 0.072

18. Less Controlled Jackrabbit 3.0% 2.6% 3.6% <0.001

19. Risky, Poor Control, Jackrabbit 2.3% 2.1% 2.5% 0.076

20. Risky, No Control, Jackrabbit 0.9% 0.9% 0.9% 0.787

Note: significant p-values at < 0.05 are in bold.
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