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Abstract
Research was conducted to identify a series of neuropsychological tests to assess the ability to drive. Driving performance of
young and old UK drivers was modeled through multiple linear regression and univariate logistic regression tools. The UFOV3
test (i.e. the third subtest of the UFOV test) had comparatively high discriminating ability in separating poor-drivers from not-
poor-drivers, with 92.86% of the drivers correctly classified; the UFOV3 test resulted in a Sensitivity of 62.5%. Age and a
composite cognitive measure were also found to be sound discriminators of poor-drivers and not-poor-drivers with 91.07% and
89.28% of the drivers correctly classified respectively; both age and the composite cognitive measure resulted in a Sensitivity of
50%. It was found that the commonly recommended Clock Drawing Test and the Trail Making-B test were insignificant
predictors of driving ability. Results suggest that for a score greater than 220 on the UFOV3 test, the driver may be further
evaluated by a driving specialist to ascertain questionable driving behavior. Also, drivers above the age of 77 were more
susceptible to exhibiting unusual driving behavior; if such drivers have UFOV3 scores greater than 220 it would be more
appropriate to evaluate driving behavior through a driving specialist.
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1 Introduction

The proportion of licensed drivers is increasing in the general
driving population and a substantial number within this popula-
tion group are experiencing a neuropsychological decline in
functions that are critical to the driving task. According to one
estimate, about 40% of the driving population will be over the
age of 60 by the year 2020 in the UK and currently, several
hundred thousand drivers with dementia hold driving licenses
[15]. In police reported crashes, older drivers are 2.9 times more
likely to die than middle aged drivers [9]. Researchers point out
that since older drivers are susceptible to easily get injured and
accidents are reported on the basis of personal injury or fatality,
this leads to a sampling bias which shows an increase in age

related risk for older drivers according to official statistics [18].
Using the decomposition method of analysis, it was shown that
sustained serious injury rates of the younger driver group (30 to
50 years) was less than half that of the older driver group (above
the age of 70) [30]. On the contrary, young drivers’ crash rates
surpass those of older drivers when evaluated based on crashes
per kilometer driven [22]. It was also pointed out that the higher
casualty rate per mile reported for the older driver group was on
account of the fact that as drivers get older they tend to have
lower annual mileage driven [4]. According to the OECD
(Organization for Economic Cooperation and Development)
working group, older drivers do not present an unacceptable risk
to other drivers/pedestrians but rather are more prone to be self-
injured in accidents [44]. Researchers while studying two-
vehicle crashes for 1992–1994 as recorded by police found that
when risk estimates for elderly drivers are based on the number
of licensed drivers, they do not constitute an accurate analysis of
the issue [11]. Furthermore, utilizing US data from 1994 to 1996
relevant to crashes with regard to age and sex of road users, it
was found that when seventy-years-old male drivers had their
annual license renewal, on average they posed 40% less of a
threat to other drivers/pedestrians than the annual license renew-
al of forty-year-old male drivers [13]. Older healthy drivers
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perform the driving task at a level that is comparable with fit
young adults. Since dementing illnesses are common in old age,
a certain proportion of older drivers are in the early stages of a
dementing illness or already clinically demented.

Since the neuropsychological decrement associated with
normal ageing cannot be readily distinguished from that of
very early stage dementia, and it is very difficult to diagnose
the disease in the early stage; a considerable number of older
drivers may continue driving because many of them will not
be diagnosed as having the disease by physicians [6, 33, 40].
Brown and Ott [5] report that there is evidence to support that
not all persons in the early stages of dementia are incompetent
drivers. In fact, the performance of drivers with mild neuro-
psychological impairment is not consistently significantly
worse than their healthy counterparts on the on-road test
[35]. For individuals that have moderate to severe dementia,
there is strong consensus that they should not drive, however
decisions regarding those having mild dementia are problem-
atic [7]. Therefore, some individuals who have mild dementia,
possess sufficient driving skills to be designated as fit drivers;
however, a stage/time will come when their neuropsycholog-
ical impairment will exacerbate and will ultimately render
them unfit drivers. It was ascertained that all European coun-
tries do not conduct cognitive screening of older drivers and
the advantages of driver screening based on age do not out-
weigh its dis-benefits [38]. This asserts the necessity of neu-
ropsychological testing in context of driver screening.

The most challenging assessment and decision for the li-
censing authority/physician as regards fitness to drive lies in
drivers who are questionably demented or are in a state of very
mild dementia. In the United Kingdom, more emphasis is
placed on self-declaration of illness (to the DVLA) i.e., license
holders are required under the law to inform the DVLA
(Driver and Vehicle Licensing Agency) of any health condi-
tion that may influence their ability to drive. Subsequently, it
is the responsibility of the DVLA Medical Branch to make
judgment regarding a person’s fitness to drive. Before making
a judgment, the DVLA may adopt the following course of
actions [10]: (a) request additional information from the GP/
Consultant, (b) referral for specialist clinical assessment, or (c)
acquiring an independent medical opinion. Some times as the
DVLA deems necessary, it may require individuals to re-take
the standard driving test or may refer him or her to a specialist
driving assessment centre. Sometimes the family doctor/GP
on his own initiative may contact the Medical Advisory
Branch of the DVLA.

While carrying out a meta-analysis of 27 studies of drivers
with dementia and their neurophysiological ability, there was
wide variance among the findings [37]. The development of a
particular selection of neurophysiological tests for the screen-
ing of drivers has been prevented by hurdles like unawareness
of specific neurophysiological domains that are relevant to
driver behavior [29]. Also, sound neurophysiological testing

protocols and service policies are lacking which would allow
the integration of neurophysiological, driving evaluation data
and medical data in order to facilitate DVLA and drivers make
decisions regarding fitness to drive [10]. While evaluating neu-
rophysiological status in primary care settings, researchers
through survey data established that physicians exhibited a lack
of confidence in assessment of drivers [31]. There is no single
neuropsychological test that can reliably and economically sep-
arate safe older drivers from those that are distinctly unsafe by
identifying all deficits that are crucial to driving. Even the on-
road driving tests may not identify important driving deficits in
older drivers. Hence there is no standard testing protocol (that is
reliable) for assessing a person’s fitness to drive after the onset
of neurological disease/trauma and/or natural ageing.
Therefore, different neuropsychological tests tapping different
cognitive domains are in use. Hence, in the absence of a stan-
dard reliable protocol, the decisions regarding fitness to drive,
are doubtful and exude a low level of confidence on part of the
clinicians/professionals. Due to the lack of a reliable standard
protocol, some clinicians make their judgments based on self-
report (of drivers), which has risks associated with it as lack of
insight and judgment are potential common traits of the popu-
lation experiencing neuropsychological decrements. In this
context, Christie et al. [10] while carrying out a survey of clin-
ical psychologists with regard to neuropsychological settings in
the UK in assessing fitness to drive after head injury, observed:
“Overall, clinicians’ decisions about a client’s fitness to drive
seem to be based on an eclectic approach with considerable
reliance on clinical impression”. Seldom is recourse made by
health professionals to driving assessment as a first alternative
as it requires a fee and such centres are not readily available
everywhere. Thus there exists a need for more information on
assessment of fitness to drive with regard to neuropsychologi-
cal tests, since medical information alone is not sufficient to
assist in decision making of fitness to drive. This will also
alleviate the need for the requirement of an on-road
evaluation/assessment or can be a supplementary tool in addi-
tion to on-road assessment and will instill more confidence in
decision making on part of the clinician. The Driver and
Vehicle Licensing Agency (DVLA) of the UK publishes and
updates a guide for medical professionals with a view to
assisting them in assessing fitness to drive [12].

The objective of this research was the identification of a
series of neuropsychological tests suitable to be used to assess
an individual’s ability to drive and especially of those individ-
uals that are questionably demented or are in a subtle state of
cognitive decline (and therefore are the most difficult to iden-
tify). The relative ability of the neuropsychological tests to
discriminate between “poor-driving” and “not-poor-driving”
and the effect of other factors such as age and a composite
cognitive measure (based on all nine neuropsychological
tests) was also evaluated in discriminating “poor-drivers”
and “not-poor-drivers”.
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2 Methodology

A schematic diagram of the methodology adopted in carrying
out this research is shown in Fig. 1. Since drivers crash more
frequently in a simulator than in real life [28], it was decided to
use a comparative approach to evaluate driving performance (or
decline in driving competence) by testing experienced younger
drivers and experienced older drivers. The selection of a random
sample of drivers was neither feasible nor desired. Therefore, a
convenient sample of volunteers (from both age groups) was
sought. The selection bias introduced as a result of the non-
random sample was not of much concern as it was not intended
to generalize the estimated percentage of drivers (with impaired
driving ability etc.) to the entire driving population i.e., we were
not interested in estimating the proportion of drivers (with dec-
rements in driving ability) in the population but rather were
interested in the range of performance capabilities of drivers.
Also, there were good prospects that the non-random sample
may enable the testing of some “information rich” cases of older
drivers which were really crucial and valuable.

For the younger age group, the statistically safest age group
of 26 to 40 years was selected whereas for the older group the
age limit was fixed as above 60 years [16, 17]. Researchers
studied older driver in a driving simulator of ages 55 and older
[2]. Younger-onset dementia (early-onset dementia) occurs
before the age of 65 [19, 20]. In this study, the older group
of drivers was of ages 60.3 to 88.4 years (Table 1). All drivers
were to have a valid UK driving license and be current drivers
with at least 5 years of driving experience. Also, all drivers
were to have adequate visual, hearing, communication and
physical capabilities to complete the simulator driving tests/

assessment. In total, fifty six drivers (28 from each group)
were successfully tested. The demographic detail of the
successfully-tested subjects may be seen in Table 1.

Approval for the research was obtained from the School
Research Ethics Committee. Advertisement leaflets were dis-
tributed in the Southampton area and in a number of bowling
clubs. All subjects were tested in the morning so as to avoid
systematic effects of fatigue. The participants were first given a
short (3 to 4 min) run on the practice drive (the beginning
portion had S-curves, which can expose drivers prone to
simulation sickness) in the driving simulator to ensure that
the driver was not prone to simulation sickness syndrome.
Nausea, disorientation and ocular problems such as eyestrain,
blurred vision and eye fatigue have been reported as some of
the indicators of simulation sickness in fixed-base simulators
[27, 32]. If a participant experienced the syndrome, the practice
drive was immediately terminated and the participant was
deemed unfit to take the simulation drive. If a participant did
not feel any discomfort in the practice drive, then the rest of the
protocol followed. The sample of drivers was tested over a
period of 3 months. The annual road mileage of participants
was not considered as most drivers (especially older drivers)
confessed to its inaccuracy. This inaccurate reporting of annual
mileage by older drivers may have been consciously reported
because of its roots in the low-mileage bias phenomena [26].

Participants were given the following neuropsychological
tests in random order: (1) UFOV Test (consisting of UFOV1,
UFOV2 and UFOV3) (2) Dichotic Listening Test (3) Trail-
Making Test (4) Rey-Osterrieth Test (5) Paper Folding Test (6)
Clock Drawing Test (Freedman scoring algorithm). This was
followed by a practice drive for the Main Drive (Drive-I) and
then the Main Drive (Drive-I). This procedure was repeated
for the DA and Car-Following Drive (Drive-II). Frequent
breaks for refreshments were provided (but not in the middle
of a simulation run or a neuropsychological test).

Drive-I consisted of a 21 mile drive (duration approximate-
ly 40 min). Some of the elements incorporated into the drive
were: (a) Controlled Hazards (pedestrian/dog intrusions, inter-
section intrusions, sudden-braking, intrusions with limited
sight distance etc.) (b) Right turns across oncoming traffic
(c) Left turns (involving cyclist) (d) Dangerous overtaking
by opposing vehicle (e) Lane changingmanoeuvres (in traffic)
and lane drops (f) Stop controlled intersections (gap selection)
(g) Overtaking manoeuvres in the wake of a stream of oncom-
ing vehicles (h) Transiting construction zones (i) Signalized
intersections (j) Signalized intersections with dilemma zones.
(k) Gas station manoeuvres. (l) Tracking task (boxes fallen
from truck on the road, mountain S-curves). The drive was
predominantly rural with an urban flavour in certain reaches.
Infrastructure consisting of static objects such as buildings,
parked cars, trees, and road signs etc. was added and was
thoughtfully designed giving due regard to as to how they
would affect a driver’s visual search pattern, perception,
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Fig. 1 Schematic diagram showing the methodology of research
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attention and/or driving behaviour in context of the critical
event. Telephone poles at a spacing of 200 ft were placed
along the road alignment to give drivers cues as to their speed.

The DA (Divided Attention) and the Car-Following drive
collectively designated as Drive-II, was a 14 mile drive with a
total duration of 16 min, with about 8 min consumed by the
DA portion. The first portion of the drive comprised of a DA
task while the second portion was a Car-Following task. In
order to assess continuous measures of driving ability (e.g.,
speed, steering control/lane keeping), the driver or the vehicle
can be stimulated in a controlled manner e.g., by the applica-
tion of wind gust, lead vehicle with a controlled velocity pro-
file or a divided attention task etc., and the driver’s response to
the stimulus measured [1]. Due to the workload from compet-
ing sources, it is not possible for the driver to respond in an
optimum manner to the primary task (driving) and secondary
task (e.g., DA task) and one or both are bound to suffer. This
trade-off can be measured and may show up as unfavourable
performance on one or more driving performance parameters
such as an increased reaction time, deterioration in lane posi-
tioning or speed adherence [23].

The differences between driving performance may also re-
flect the ability to drive in a simulator; in order to minimize
this effect, we included (a) a practice drive on the simulator
and only when the participants felt comfortable and at ease
with the simulator did we proceeded further with the full test
in the simulator, (b) neither participants in either group (old
and young) had previous experience of driving in a simulator,
thereby minimizing the confounding effect of practice.

Note: The UFOV3 test is the third subtest of the UFOV
(Useful Field of View) test and takes up the most cognitive
effort compared to UFOV1 and UFOV2. This test cannot be
administered in isolation, because the examinee has to get
gradually accustomed to the difficulty of the task by first fa-
miliarizing himself with UFOV1 andUFOV2. TheUFOV test
takes only 15 min to administer using an ordinary on-the-
market personal computer with a 17 in. monitor and does
not require computer literacy

2.1 Simulation

Usually, the normal on-road test is insufficiently challenging to
identify risky driving behavior due to cognitive impairment
[34]. Therefore, it was decided to address the research objec-
tives through the application of Driving Simulation. Also it has

been found that there is significant correlation between the on-
road driving index and the driving simulator [8]. A simulation
drive was programmed using the STISIM® software [41].

Previous studies have categorized drivers as having “failed”
when their driving performance score (as gauged by some kind
of a driving performance index/score) fell more than 2 standard
deviations below the mean of the control group (the normal
group); this criterion ensures that, in a normally distributed
population, approximately 2.3% (probability Z ≤ −2 is 0.023)
of the normal drivers will always be considered as abnormal
even if their performance does not qualify for a “poor/failed”
status; besides, this criterion cannot be used for categorization
of drivers if more than one driving performance measure is
used simultaneously to assess driver performance (which is
crucial). In fact in a study [8], the authors have acknowledged
the non-discriminatory nature of using a single “driver error”
variable i.e. a single driving performance index.

In order to identify especially those drivers that are the most
challenging to identify (because they are questionably dement-
ed or are in a state of very mild dementia), a methodology was
developed by which drivers were categorized by considering
more than one (i.e. three) driving performance indices/
parameters simultaneously and a “poor driver” group identi-
fied; detailed methodology is given in the author’s thesis [23].
This methodology entailed: (1) testing a diverse sample of sub-
jects (non-clinical sample of Table 1), (2) simulation drive-
designs (Drive-I and Drive-II) based on specific psychometric
principles wherein 24 driving performance parameters were
monitored, (3) calculation of driving performance indices by
removing parameters contributing to “noise” and keeping the
ones contributing to “signal” through the concept of
Cronbach’s Alpha Reliability Coefficient and weighting, and
(4) the technique of Normal-Mixture-Model Cluster Analysis.

Three different kinds of unit nominal weight indices
were computed. These were: (1) Index obtained by con-
sidering all 24 driving performance parameters (Index
named = DPI1). (2) Index obtained by considering all
24 driving performance parameters except No. of Total
Hazards (Index named = DPI2). (3) Index obtained by
considering all 24 driving performance parameters ex-
cept No. of Total Hazards and No. of Low-Speed
Warnings (Index named = DPI3).

Weighted versions of the indices DPI1, DPI2 and DPI3 were
called DPI1-weighted, DPI2-weighted and DPI3-weighted re-
spectively and were arrived at by the multivariate statistical

Table 1 Demographic detail of the successfully-tested younger and older driver groups

Group No. of
Males

No. of
Females

No. of Total
Subjects

Minimum Age
(yrs)

Maximum Age
(yrs)

Mean Age
(yrs)

Median Age
(yrs)

Standard Deviation of Age
(yrs)

Young 14 14 28 26.3 40 32.3 32.3 4.4

Old 16 12 28 60.3 88.4 68.7 66.2 7.4
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technique of Principal Component Analysis. Principal
Component Analysis was used to find differential weights so
as to maximize Alpha. The use of differential weights was used
to maximize reliability (Alpha). More reliability translates to
more variance of the composite score (i.e., more dispersion of
composite score) and therefore yields more discrimination
among individuals [24]. The first Principal Component of the
standardized variables (parameters) maximizes the explained
variance and therefore, its eigenvector furnishes the weights that
maximize Cronbach’s Alpha. Using the technique of Normal-
Mixture-Model Cluster Analysis [14] where six models/
scenario were used resulted in the best model which included
the simultaneous use of the three variables DPI3-weighted, No.
of Total Hazards and No. of Low-speed Warnings.

This approach resulted in the identification of a “poor driver”
groupwhich even included some individuals exhibiting relative-
ly subtle changes in their driving performance. Table 2 shows
the group means of the three cluster/group (i.e. three categories
of drivers) model finally selected on account of its higher BIC
value in cluster analysis that was based on the driving perfor-
mance parameters/index No. of Total Hazards, No. of Low-
Speed warnings and DPI3-weighted. The driving performance
parameter “No. of Total Hazards” was the sum of No. of Off-
road Accidents, No. of Collisions, No. of Pedestrian Hits, No. of
Traffic Light Tickets, No. of Stop Signs Missed, No. of Illegal
Turns and No. of Stops in Middle of Traffic. All these parame-
ters are discrete events that represent a substantial risk of crashes
and traffic conflicts and they signal declining driving skill. The
driving performance parameter “No. of Low-Speed Warnings”
enumerated the number of “ding” sounds played every three
seconds when the driver’s speed was more than 5 mph below
the posted speed limit. Overcautiousness (e.g., driving slowly)
has been classified as a discriminating error [35, 39, 43].
Discriminating errors are potentially dangerous errors that sig-
nify degradation in driving skill [23].

Groups of drivers (driving proficiency wise) identified
through cluster analysis shown in Table 2 indicate that on

average, group no. 3 had the highest scores on the index DPI3-
weighted, the lowest No. of Total Hazards and the lowest No. of
Low-speed Warnings compared with group no. 1 and 2. Also,
group no.1 had higher score on the index DPI3-weighted, lower
No. of Total Hazards and lower No. of Low-speed Warnings
compared with group no.2. Therefore, driving performance in
decreasing order of skill by group number is: group no.3, no.1
and no. 2. Despite the fact that drivers inGroup no.2were driving
on average at the lowest speeds, they had the greatest number of
accidents etc. (i.e. no. of total hazards) and had low rating on all
other driving performancemeasures (i.e. DPI3-weighted). Group
no.2 was the smallest group (comprising of 8 drivers all from the
older driver group) and may be considered as possessing poor
driving skills. Table 3 shows neuropsychological performance on
the nine neuropsychological tests on average was the highest by
group no.3, then group no. 1 and then group no. 2. This same
order was also observed in decreasing order of driving-
performance-skill among the three driver groups (Table 2).

Figure 2 shows a driver-classification graph of No. of Low-
speed Warnings against No. of Total Hazards for the driver
groupings of Table 2; the ellipses superimposed on the classi-
fication plot in Fig. 2 correspond to the multivariate analogs of
the standard deviations for each mixture component (i.e. they
correspond to the covariances of the components) with centers
at the means μk. Table 2 and Fig. 2 indicate that the attributes
of group No. 2 were quite deviant from the other two groups
(i.e. group No. 1 & 3), which were relatively quite close. It
was logical to merge group No. 1 and 3 to form a “not-poor-
drivers” group and designate group No. 2 as the “poor-
drivers” group. Thus the “poor drivers” group consisted of 8
drivers and the “not-poor-drivers” group of 48.

2.2 Neuropsychological tests

It is possible to predict fitness to drive through neuropsycho-
logical tests or psychiatric measures. Multiple cognitive do-
mains are called upon when an individual is negotiating

Table 2 Mean values of DPI3-weighted, No. of Total Hazards and No. of Low-speed Warnings for model EEV with BIC of −1075.63

Groups for model EEV* with 3 clusters/groups having BIC of −1075.63

Group no. Number of drivers Mean
No. of total hazards

Mean
No. of low-speed warnings

Mean
DPI3-weighted

1 20 8.10 441.55 −0.26
2 8 16.50 553 −0.90
3 28 7.32 381.04 0.44

Maximum & Minimum value of No. of Total Hazards = 30, 2

Maximum & Minimum value of No. of Low-Speed warnings = 656, 286

Maximum & Minimum value of DPI3-weighted = 1.16, −2.08
BIC, Bayesian Information Criterion

*= EEV is a specific Model selected in cluster analysis
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driving scenarios/situations [35]. We must bear in mind that
many of the cognitive constructs themselves are interrelated
[3] and interact with each other [2]. Nine neuropsychological
tests were identified to cover key cognitive domains necessary
for safe driving. These tests assess a broad range of neuropsy-
chological skills and are in the public domain with the excep-
tion of one test (i.e. UFOV test). Significant diversity with
regard to administration of these tests is exhibited as they
include paper and pencil tests, listening test and visual com-
puter controlled test. Also, these tests are quite sensitive to the
effects of ageing and to a range of diseases that are well known
to impair driving performance. With regard to neuropsycho-
logical tests we must bear in mind that a single test does not
reflect a pure measure of a single cognitive domain, but rather
each test taps more than one cognitive domain. Also, each test
only partially taps a specific domain. Therefore, keeping these
key points in view, we selected more than one test that tapped
the same domain that is very critical relevant to the driving
task e.g., there was more than one test that tapped visuospatial
abilities and attention (because these are highly crucial do-
mains relevant to driving) [35]. Relevant to the neuropsycho-
logical tests, detailed literature review and instructions
(adopted) can be found in Khan [23].

2.3 Linear and logistic regression models

Parsimonious multiple linear regression models were devel-
oped using the nine neuropsychological tests as predictors in
order to predict general driving ability. To model (linear re-
gression model) the driving performance indices through the
different neuropsychological tests it was necessary that the
indices included the effects of all viable driving performance
parameters i.e. the indices that were derived by considering all
24 driving performance parameters, which were DPI1 and
DPI1-weighted. Since the Pearson Moment Correlation coef-
ficient between DPI1 and DPI1-weighted was very high
(0.9975), it was decided to model DPI1-weighted (dependent
variable) through neuropsychological tests (independent vari-
ables), as this index was geared to provide maximum discrim-
ination between drivers because of Principal Component
weights.

Logistic regression models were developed in order to dis-
criminate “poor-drivers” from “not-poor-drivers” by using:
(1) A single neuropsychological test amongst the nine that
brought about the best discrimination (2) Age as predictor
(3) A composite measure of all nine neuropsychological tests
as a predictor. To model the “poor-drivers” through logistic
regression using different neuropsychological tests, it was
necessary that the dependent variable (driver grouping) be
dichotomized into “poor drivers” and “not-poor-drivers” from
the three-group classification of Table 2. Table 2 and Fig. 2
indicate that the attributes of group No. 2 are quite deviant
from the other two groups (i.e. group No. 1 & 3), which are
relatively quite close. Thus the “poor drivers” group consisted
of 8 drivers and the “not-poor-drivers” group of 48. Following
the conventions of logistic regression and our objective, the 8
drivers were coded as 1 (i.e. the event of interest occurred) and
the remaining 48 as zero (i.e. the event of interest did not
occur) under the dependent variable category. Keeping in
view the overall sample size, the number of candidate predic-
tors, and the lop sidedness of the dependent variable (i.e. 8
versus 48), the decision to develop a multivariate logistic
model based on all possible predictors (trail, clock, rey-copy,
rey-recall, dichotic, paper, UFOV1, UFOV2, UFOV3) or a
smaller subset of them was not appropriate as it would have
resulted in a numerically unstable model (thereby making use

Table 3 Average scores on Neuropsychological Tests

Group No. Trail* Clock Rey-Copy Rey-Recall Dichotic* Paper UFOV1* UFOV2* UFOV3*

1 81.75 14.80 32.05 19.45 1.85 38.47 18.90 31.30 113.45

2 114.87 14 29.37 15.93 7 24.75 20.12 86.75 241

3 64.78 14.92 33.50 23.82 1.41 52.01 17.10 19.39 75.64

*Higher score corresponds to lower neuropsychological performance on the Neuropsychological Test
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of the likelihood ratio tests unreliable). Instead, as per recom-
mendation of Hosmer et al. [21] it was decided to fit nine
univariate logistic regression models, one for each predictor
(i.e. each neuropsychological test) and use a variety of
Goodness-of-fit statistics/criterion such as Deviance, BIC
(Bayesian information criterion), AIC (Akaike’s information
criterion), Pseudo-R2 and p-values (likelihood ratio test) to aid
decision making in selecting the best model.

3 Analysis and results

The best/parsimonious model developed was:

DPI ¼ 104:31þ 23:40 dichoticþ 1ð Þ‐0:5‐7:83 loge ufov3ð Þ þ 0:72 rey‐recallð Þ
ð1Þ

This model developed with dichotic, UFOV3 and rey-
recall as independent variables (equation1) had the lowest
BIC value (267.95) and a higher R2 value (0.59). The
Driving Performance Index (DPI) in this model may be
regarded as a general driving performance index that was ob-
tained by considering all 24 driving performance parameters.
As a guide for prediction, predicted scores less 96 (i.e. 2 stan-
dard deviations below the mean of the younger group) would
signify poor driving proficiency and greater than 110 (median
of the younger group) would signify good driving proficiency.
This index gives an idea of the general driving skill of a driver
with essentially the same emphasis being placed on each driv-
ing performance parameter, be it for example the No. of Total
Hazards, Over Speed Limit (Percent of Time) or Standard
Deviation in Speed DA Task and therefore, cannot be used
in the identification of drivers exhibiting risky driving behav-
ior due to neuropsychological impairment. In order to identify
drivers exhibiting risky driving behavior due to neuropsycho-
logical impairment, it was necessary that the effects of param-
eters that assess driving skills at the “controlled processing
level” (“effortful” processing) be isolated from the rest of the
parameters, before undertaking evaluation of risky-driving be-
havior based on these broader categories of parameters. Since
these effects were not isolated in the Driving Performance
Index (DPI) in the model, therefore this index is not capable
of discriminating between risky driving behavior due to neu-
ropsychological impairment and normal driving behaviour.

The best logistic regression model was the univariate mod-
el based on the UFOV3 neuropsychological test because of
the lowest BIC, AIC and even Deviance. The Pseudo-R2 of
this model was also the highest and the P-value (0.0001) for
the likelihood ratio test indicated that the model was statisti-
cally highly significant. The next best univariate models in
decreasing order of overall fit were the models based on dich-
otic, trail, rey-copy and paper neuropsychological tests. The
best logistic regression model (based on the UFOV3 test, i.e.

equation 2) was subjected to diagnostic checks/goodness-of-
fit test and confirmed through model validation.

π̂̂¼ 1

1þ e− −4:591905þ0:019135 ufov3ð Þ ð2Þ

Where π is the probability of the outcome of interest (i.e.
probability of being a “poor-driver”). An Odds Ratio (based
on a unit increase in UFOV3) of 1.019319 and 2.15 (based on
a 40 unit increase in UFOV3) was obtained. Tables 4 and 5
show standard errors and confidence intervals for coefficient
of UFOV3 and odd ratio (based on unit increase in predictor)
of the model. Tscore_cognitive is a composite neuropsycho-
logical measure of the nine neurophysiological tests.

This means that the odds of being a “poor-driver” increase
over 2.15 fold for drivers having an increased (i.e. difference
on the higher side) UFOV3 score of 40 compared with the
UFOV3 scores of other drivers or in other words, the odds of
being a “poor-driver” increase 115% for drivers having an
increased (i.e. difference on the higher side) UFOV3 score
of 40 compared with the UFOV3 scores of other drivers. An
area under ROC curve (Receiver Operating Characteristic
curve) of 0.8659 was obtained (Fig. 3) which is considered
excellent discrimination [21]. According to Kutner et al. [25],
selecting a cut-point value (of predicted probability) of 0.5 is
only reasonable when (a) it is equally likely for the outcome of
interest (i.e. “poor-drivers”) and the complementary outcome
(i.e. “not-poor-drivers”) to occur in the population of interest;
and (b) the cost of incorrectly predicting the outcome of inter-
est (i.e. “poor-drivers”) and the complementary outcome (i.e.
“not-poor-drivers”) are approximately the same. Since these
two conditions were not satisfied therefore a cut-point of 0.5

Table 4 Coefficients for univariate logistic regression using UFOV3,
age and Tscore_cognitive

Predictor Coefficient Standard
Error

z P > | z | 95% Conf.
Interval

UFOV3 0.019135 0.0064765 2.95 0.003 0.0064412 0.0318288
age 0.1654765 0.0659499 2.51 0.012 0.0362171 0.2947359
Tscore_

cognitive
0.1067349 0.0366649 2.91 0.004 0.034873 0.1785968

Table 5 Odd Ratios for univariate logistic regression using UFOV3,
age and Tscore_cognitive

Predictor Odds Ratio
(based on unit
increase
in predictor)

Standard
Error

z P > |
z |

95% Conf.
Interval

UFOV3 1.019319 0.0066017 2.95 0.003 1.006462 1.032341
age 1.179955 0.0778179 2.51 0.012 1.036881 1.342772
Tscore_

cognitive
1.112639 0.0407948 2.91 0.004 1.035488 1.195539
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was avoided. As an alternative, Kutner et al. [25] suggest to
use a cut-point value such that the proportion of incorrect
predictions is lowest (or the proportion of correct predictions
is highest). A cut-point of 0.4 provided the highest correct
classification rate of drivers and resulted in the following fig-
ures: (i) Sensitivity = 62.5%, (ii) Specificity = 97.92%, (iii)
positive predictive value = 83.33%, negative predictive val-
ue = 94%, correct classification = 92.86% (Table 6). The cut-
point value of predicted probability of 0.4 when used in logis-
tic regression Eq. 2 corresponds to a cut-point value of 219
(after rounding) of UFOV3. At this threshold, three “poor-
drivers” and one “not-poor-driver”’ were misclassified (i.e.
false negatives = 3, false positives = 1). 92.86% of the drivers
were correctly classified as either being “poor-drivers” or
“not-poor-drivers” by the diagnostic test (neuropsychological
test i.e. UFOV3). Only one “not-poor-driver” out of 48 was
classified as a “poor-driver” by the test and three “poor-
drivers” out of 8 as “not-poor-drivers”. In total, out of the 56
drivers only 4 drivers were misclassified by the test

(neuropsychological test i.e. UFOV3). Positive and negative
predictive values of the test were high.

In order to determine the extent to which age alone can
discriminate between “poor-drivers” and “not-poor-drivers”,
a logistic regression model using age as a predictor was de-
veloped (Eq. 3) and was subjected to diagnostic checks/good-
ness-of-fit test and confirmed through model validation.

π̂̂¼ 1

1þ e− −12:49311þ0:1654765 ageð Þ ð3Þ

Where π is the probability of the outcome of interest (i.e. prob-
ability of being a “poor-driver”). An Odds Ratio (based on a
unit increase in age) of 1.179955 and 5.23 (based on a 10 year
increase in age) was obtained. Tables 4 and 5 show standard
errors and confidence intervals for coefficient of age and odd
ratio (based on unit increase in predictor) of the model. An area
under ROC curve (Receiver Operating Characteristic curve) of
0.9062 was obtained which is considered excellent discrimina-
tion [21]. A cut-point of 0.56 provided the highest correct clas-
sification rate of drivers and resulted in the following figures:
(i) Sensitivity = 50%, (ii) Specificity = 97.92%, (iii) positive
predictive value = 80%, negative predictive value = 92.16%,
correct classification = 91.07%. The cut-point value of predict-
ed probability of 0.56 when adopted in Equation 3 corresponds
to a cut-point value of 77 years (after rounding) of age. 91.07%
of the drivers were correctly classified as either being “poor-
drivers” or “not-poor-drivers” by the diagnostic test (i.e. age).
Only one “not-poor-driver” out of 48 was classified as a “poor-
driver” by the test and four “poor-drivers” out of 8 as “not-
poor-drivers”. In total, out of the 56 drivers only 5 drivers were
misclassified by the test (i.e. age). Positive and negative predic-
tive values of the test were high.

To explore if a cognitive measure based on a composite
score of a l l n ine neuropsychologica l tes ts ( i .e .
Tscore_cognitive) was a better discriminator than the
UFOV3 test alone, a univariate logistic regression model
based on Tscore_cognitive was developed. This model
(Equation 4) was subjected to diagnostic checks/goodness-
of-fit test and confirmed through model validation.

π̂̂¼ 1

1þ e− −12:91376þ0:1067349 Tscore cognitiveð Þ ð4Þ

Where π is the probability of the outcome of interest (i.e.
probability of being a “poor-driver”). An Odds Ratio (based
on a unit increase in Tscore_cognitive) of 1.112639 and 2.91
(based on a 10 unit increase in Tscore_cognitive) was obtain-
ed. Tables 4and 5 show standard errors and confidence inter-
vals for coefficient of Tscore_cognitive and odd ratio (based
on unit increase in predictor) of the model. An area under
ROC curve (Receiver Operating Characteristic curve) of
0.9010 was obtained which is considered excellent discrimi-
nation [21]. A cut-point of 0.49 provided the highest correct
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Fig. 3 Receiver Operating Characteristic (ROC) curve for different cut-
pints (predicted probabilities used as cut-points). Area under ROC curve
is 0.8659

Table 6 The Sensitivity, Specificity, Positive Predictive Value,
Negative Predictive Value and Correct Classification of the UFOV3 test

Driver status (from
Driving simulator)

Poor Driver
(positive)

Not-poor
Driver (Negative)

Test (Ufov3) Test is positive (poor driver) 5 1
Test is negative

(Not-poor driver)
3 47

Total 8 48

Sensitivity = 5/(5 + 3) = 62.5%

Specificity = 47/(1 + 47) = 97.92%

Positive Predictive Value = 5/(5 + 1) = 83.33%

Negative Predictive Value = 47/(3 + 47) = 94%

Correct Classification = (5 + 47)/56 = 92.86%
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classification rate of drivers and resulted in the following fig-
ures: (i) Sensitivity = 50%, (ii) Specificity = 95.83%, (iii) pos-
itive predictive value = 66.67%, negative predictive value =
92%, correct classification = 89.28%.

That is, 89.28% of the drivers were correctly classified as
either being “poor-drivers” or “not-poor-drivers” by the diag-
nostic test (i.e. Tscore_cognitive). Only two “not-poor-driver”
out of 48 were classified as a “poor-driver” by the test and four
“poor-drivers” out of 8 as “not-poor-drivers”. In total, out of
the 56 drivers 6 drivers were misclassified by the test (i.e.
Tscore_cognitive). Positive predictive value was relatively
not high but negative predictive value of the test was high.

4 Discussion on results

The UFOV3 test had the highest discriminating ability in
separating poor-drivers from not-poor-drivers. The next
best discriminating ability in decreasing order of strength
is that of dichotic, trail, rey-copy and paper. This high-
lights the relevance of visuospatial skills and attention in
gauging risky driving behavior, as the UFOV test primar-
ily evaluates visual processing speed and divided and
spatial attention. Although the UFOV3 test resulted in
high Specificity but it furnished a relatively lower
Sensitivity. The lower Sensitivity probably resulted from
the fact that our sample consisted of active drivers from
the general driving population and not from a clinical
population; this sample apparently had good mental and
physical constitution (and therefore, the differences be-
tween the younger group and the older group were much
subtler). Had the older group come from a clinical pop-
ulation, the effects would have appeared stronger with
consequent higher Sensitivity for the UFOV test. Some
misclassification by using the test i.e. UFOV3 is bound
to happen no matter how we ascertain the cut-point be-
cause of the overlap of the distributions of the “poor-
drivers” and the “not-poor-drivers” i.e. some “poor
drivers” will tend to have UFOV3 scores lower than
“not-poor-drivers” while some “not-poor-drivers” will
have UFOV3 scores higher than “poor drivers” (note:
higher UFOV3 scores translate to lower cognitive status,
see Table 3). This compromise will happen because we
are using a simpler test (i.e. the UFOV3 test) as a proxy
for a more elaborate, time consuming, expensive and
accurate test (i.e. the driving simulator test) for ascertain-
ing “poor-drivers” with the understanding that some mis-
classification will result. In practice, the test is most
likely to be applied in a clinical setting, thereby giving
much higher Sensitivities.

Similarly, age test also resulted in relatively lower
Sensitivity. However, age cannot solely be made as a
criterion for the discrimination of drivers as its effects

are confounded by neurological diseases. Also, certain
medical conditions/neurological diseases that have a ten-
dency to bring about cognitive impairment to the extent
that safe operation of motor vehicles is not possible and
increasingly, such medical conditions have started to af-
flict people at relatively early ages. Even a small but
significant number of younger people suffer from demen-
tias that are likely to drive a motor car.

The compos i t e neu ropsycho log i c a l measu r e
(Tscore_cognitive) is not a better discriminator than the
UFOV3 test alone in separating “poor drivers” from “not-
poor-drivers”. Using this composite neuropsychological mea-
sure as a discriminator, four “poor-drivers” and two “not-poor-
driver”’ were misclassified. Even age as a discriminator is
slightly better in performance than this composite neuropsy-
chological measure. It shows that the UFOV3 test alone is
tapping relevant cognitive constructs (with regard to driver
discrimination) compared to the “test all” cognitive skills ap-
proach that is being exercised through the composite neuro-
psychological measure. Also, this is testament to the much
needed parsimony/economy in neuropsychological testing
for driving and implies that preliminary driving-status can be
determined without extensive investment in time (UFOV
takes 15 min to administer).

The neuropsychological tests UFOV3, dichotic and rey-
recall as a group emerged as the best predictors of a general
driving skills index in this research (i.e. Eq. 1). This index is a
measure of the general driving skill of a driver with essentially
the same emphasis being placed on each driving performance
parameter and therefore cannot be used to assess risky driving
behavior due to neuropsychological impairment. However, it
is a useful general index that can be used to gauge driving
proficiency.It is reiterated that this research involved evalua-
tion of driving performance as gauged by a driving simulator
alone and no recourse was made to on-road driving test.
Significant correlations have been found between the on road
driving index and the driving simulator [8]. Participants in
both the younger group and the older group had no previous
experience in driving a driving simulator. Compared to the
sample of 56 drivers in this work, a larger sample would have
further enriched/improved the models.

The clock drawing test (clock) and the trail making test
(trail) often used to clinically assess dementure did not emerge
as significant predictors of driving ability in this research.
Both tests are quick and easy to administer (are paper-and-
pencil tests) and are recommended by the American Medical
Association (AMA) for screening unsafe drivers. However,
studies [36, 42] have shown the clock drawing test not to be
a good screening instrument for detecting the very earliest
signs of dementia. One potential draw-back of especially
using the trail test for such predictive purposes is that a can-
didate could get hold of a standard testing sheet and through
practice acquaint himself with the spatial configuration of
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letters and alphabets which would allow him to get a higher
but biased score.

A larger sample size and cognitive status evaluation of
drivers (through clinical/hospital evaluation) was precluded
because of limited financial resources; although recourse to
such a strategy would have immensely enriched this research
and would have enabled the framing of conclusions in a much
favorable manner. Further research should encompass a much
larger sample of drivers along with their cognitive status
(through qualified clinicians) evaluation before recommenda-
tions can be framed for driver screening.

5 Conclusions

Acknowledging the limitations (small sample size and lack of
cognitive status), our research highlights are as under:

1) For a UFOV3 score greater than 220, the driver may be
evaluated further by a driving specialist to ascertain ques-
tionable driving behavior.

2) Drivers above the age of 77 were more susceptible to
exhibiting unusual driving behavior.

3) In place of currently used tests, the UFOV test may show
more promise in driver evaluation.

4) On average cluster analysis/driving performance and neu-
ropsychological tests show comparatively low scores for
poor drivers (group 2).

Further research using a larger sample of new drivers (both
young and old) will confirm results before any firm conclu-
sions can be drawn on practical implications with regard to
driver screening.
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