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ABSTRACT This study aimed to examine the driving actions of at-fault older drivers, and investigate the
interrelations between the unobservable factors. To reach the goal, a Bayesian bivariate ordered probit model
was proposed, which addressed the driving actions of different drivers simultaneously, and accommodated
the interrelations between the unobservables by covariance. The data with 27 arterials from 2014 to
2017 were collected from ArcGIS open data site maintained by Nevada Department of Transportation
(NDOT). Compared to individual Bayesian random parameter ordered probit model, the proposed model
outperformed according to goodness-of-fit. Results revealed that injury severity and total vehicles were
potentially significant factors for actions of at-fault older drivers, while total vehicle and vehicle condition
were significant for actions of not-at-fault drivers. The findings can provide potential insights for practition-
ers to apply the new technology and remind the driving actions of older drivers.

INDEX TERMS Driving action, older driver, Bayesian bivariate ordered probit model, Bayesian seemingly
unrelated bivariate ordered probit model, Bayesian random parameter ordered probit model.

I. INTRODUCTION
According to the standard of United Nation, the area with
7% population aged 65 years is considered as ageing society,
which is one of the most significant social transformation
and challenges in this century. With more and more coun-
tries and regions stepping into ageing society, this trend is
expected to accelerate, and older drivers are regarded as
one of most vulnerable and the highest risk road users in
terms of crash-related severe injuries and fatalities [1]. Due
to the declines of older drivers in the sensory, cognitive
and decision-making abilities, these changes may cause the
driving behavior to be risky and unpredictable. Accompanied
with the progress of artificial intelligence, connected and
autonomous vehicles (CAVs) technologies may substitute
human drivers for the decision-making process for a variety
of driving tasks [2], especially for older drivers. In this way,
the injury due to ageing will be reduced significantly, and the
potential benefits will bring a substantial payback. Therefore,
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if in the future the CAV technologies are mature adequately
to be utilized, driving behavior will be changed completely
and enormous safety improvements for the older drivers will
be achieved. Based on this point, the objective of this study
is to investigate the factors manipulating the driving behavior
of the older drivers and avoid them possibly in the future with
new technologies.

Among various driver behaviors, driving action plays
an important role in crash injury severity including more
than one driver. When the crash happens, drivers need
to take different responsibilities, main or minor, espe-
cially for older drivers since the injury severity may be
worse. The responsibility division can be helpful to clar-
ify the drivers’ liability and determine the corresponding
personal status and actions. In the dataset from NDOT,
the drivers with main responsibility are considered as at-
fault, while the drivers with minor responsibility are as not-
at-fault. Consequently, another objective of this study is
to address the driving actions of at-fault older drivers so
that the severity can be alleviated and less damage can be
reached.
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Various studies have shown that driving behavior is
highly related to crashes and severe injury. At early stage,
Dobson et al. [3] examined factors affecting driving behavior
and accident rates in women Australia. A mail questionnaire
on driver behavior and road accidents were completed, and
the results showed that risky driving behavior for the young
women were associated with stress and habitual alcohol con-
sumption, while in the 45-50 years old group, poorer driver
behavior were associated with higher levels of education,
higher habitual alcohol consumption and lower life satisfac-
tion. Paleti et al. [4] examined the impact of aggressive driv-
ing behavior on injury severity of drivers. Young drivers, not
wearing seat belt, under the influence of alcohol, not having
a valid license and driving a pick-up were found to be most
likely to behave aggressively. From the gender difference,
Jiménez-Mejías et al. [5] analyzed the distances travelled,
driving behavior and the frequency of involvement in traffic
accidents. During three consecutive years the questionnaire
was completed, and the results revealed that men drove more
kilometers, drove faster, used safety devices less frequently
and were involved in risky driving behavior more often than
women. Similar study by Lyu et al. [6] focused on the effect
of gender, occupation and experience on behavior on freeway
deceleration lane.

Through the wrist breaking, Mussewhite et al. [7] inves-
tigated the changes of people’s travel behavior. The ques-
tionnaire was performed, and it was found that wearing
the plaster cast didn’t compromise safety, although com-
pensatory behaviors took place. Ma et al. [8] analyzed
the effect of aggressive driving behavior on driver’s injury
severity at highway-rail grade crossings. Mixed logit model
was proposed and younger male drivers and driving during
peak-hours were found to be significant factors for high level
injury severity with aggressive driving behavior. Focusing
on taxi drivers, Ba et al. [9] developed a negative-binomial
regression model to forecast the risk of personal injury col-
lisions. The risky driving behaviors (e.g. disregarding red
lights, speeding, aggressive driving, fatigue driving, etc.)
were highly concerned with the risk of personal injury col-
lisions. Similar study by Wang et al. [10] explored the rela-
tion between working conditions, aberrant driving behavior
and crash propensity among taxi drivers in China. A hybrid
bivariate model of crash involvement was specified to capture
the unobserved traits and unobserved correlation between
error terms. The findings revealed that heavy workload
was correlated with the higher propensity of crash involve-
ment, as well as covariate of fatigue and aberrant driving
behavior. From the perspective of psychophysical conditions,
García-Herrero et al. [11] estimated the variations in injury
severity and distraction probability based on drivers’ behav-
ior. Combining the driver fatigue, gender, with distracted
driving, Fountas et al. [12] provided further insights on
perceived and observed aggressive driving behavior. The cor-
related grouped random parameters bivariate probit model-
ing framework was employed, and the results showed that
the effect of socio-demographic and behavioral factors on

perceived and aggressive driving behavior may vary across
the groups of drivers in terms of magnitude and directional
effect. Similarly, Oviedo-Trespalacios et al. [13] proposed the
grouped random parameters random threshold ordered model
to initiate risk-compensating behavior. Panagopoulos and
Pavlidis [14] proposed amethod forecastingmarkers of habit-
ual driving behaviors associated with crash risk. An extreme
gradient boosting algorithm was fed; alerting drivers when
distractions and aggressiveness have taken hold on them
can provide sobering awareness, provided that people drift
into these states subconsciously. The research above provides
some foundation for our study.

Driving behavior may have relation with certain vehicle
type. Wenzel and Ross [15] examined the effect of vehi-
cle type and driver behavior on risk. It was found that the
higher aggressivity of SUVs and pickup trucks imposedmuch
greater risk than cars on drivers, and more subtle differences
in drivers and the driving environment by vehicle type may
cause more risks, which provides some insights of our study.
Dandona et al. [16] explained the risky behavior of drivers
for motorized two wheeled vehicles in India, and drivers
over 16 years were interviewed at petrol filling stations. The
results showed that driver license ownership, use of helmet,
lower education gender were significant factors.

Behaviors of older drivers (due to the frailty and high
fatality) have been paid much attention. Charlton et al. [17]
described characteristics of older drivers who adopted self-
regulatory driving behaviors. Logistic regression modeling
revealed that those most likely to adopt avoidance behavior
were female, 75 years and older reported vision problem and
lower confidence ratings. Sargent-Cox et al. [18] provided
health literacy of older drivers and the importance of health
experience for self-regulation of driving behavior. A tele-
phone interview was completed with drivers aged 65 years
and over, and the results showed that being older and having
more than one medical condition was found to increase the
likelihood of self-regulation of driving, but health knowledge
was less important for predicting driving behavior than health
experience. Continuously, Hassan et al. [19], [20] explored
the process of self-regulation and driving cessation among
older drivers over 70 years. The findings suggested that fur-
ther elaboration of the precaution adoption processmodel was
required to take into account the role of insight and feed-
back on the process of self-regulation among older drivers.
Devlin and McGillivray [21] explored self-regulatory driving
behavior amongst older drivers in terms of cognitive sta-
tus. Telephone interviews were conducted and self-regulation
was found to be common with the majority of drivers aged
65 years and above, i.e. the largest discrepancy between
passenger and driver reports of self-regulation behavior was
found for the drivers with cognitive impairment.

Using a portable driving simulator, Devlin et al. [22]
investigated driving behavior of older drivers with mild
cognitive impairment (MCI). The simulation displayed that
MCI patients performed more poorly than controls across
a number of variables, but the trends failed to reach

45804 VOLUME 9, 2021



D. Xiao et al.: Addressing Driving Actions of At-fault Older Drivers: Bayesian Bivariate Ordered Probit Analysis

statistical significance. From the visual search behavior,
Dukic and Broberg [23] identified to what degree the visual
behavior could explain older driver’s involvement in inter-
section accidents. The results showed that the older drivers
looked more at lines and markings on the road to position
them in the traffic.

Distracted and aggressive driving also plays an important
role in older drivers’ behavior. Charlton et al. [24] examined
older driver engagement in distracting behavior at intersec-
tions. Drivers between 65 and 83 years drove an instrumented
vehicle on their regular trips for about two weeks, and the
most frequently observed distracting behavior were scratch-
ing/grooming. At intersection the key variables in distracting
behavior were intersection complexity, vehicle status and
traffic density. Speeding behavior can be one characterization
of aggressive driving. Chevalier et al. [25], [26] explored the
older drivers’ speeding behavior. The results suggested that
older drivers with poorer cognition and visual attention may
drive more cautiously. Kidd and Buonarosa [27] compared
distracting behaviors among different age groups, teenagers
and young, middle-aged, and older adult drivers. The results
showed that collision warnings were not related to significant
increase or decreases the overall likelihood of distracted driv-
ing for teen and adult drivers.

From the perspective of route choice,
Payyanadan et al. [28] developed a route risk measure, and
quantified the risk of driving challenges using older driver
crash statistics. Results showed that the low-risk alternative
reduced risk for 77.7% of the older drivers’ trips on average
by 61.4%. Similarly, Payyanadan et al. [29] used trip diaries
to mitigate route risk and risky driving behavior among older
drivers.

Summarized from the literature above, there have been
various methods and approaches about the driving behavior
and behavior of older drivers. However, there are no specific
studies focusing on the driving actions and there may exist
interrelations between the unobservables of at-fault older
drivers and not-at-fault drivers. Therefore, the purpose of this
study is to estimate the driving actions and to control for inter-
relations with bivariate ordered probit models in Bayesian
framework, which can address driving actions of both
drivers simultaneously, and accommodate the interrelations
between the unobservables by covariance, so that the findings
can provide some potential insights for the application of
CAV technologies in the future to improve the driving actions
of older drivers.

II. METHODOLOGY
A. BIVARIATE ORDERED PROBIT MODEL
It is assumed that two ordered dependent variables
Yj(j = 1, 2) are the outcome of a joint decision, while the
decisions depend on individual characteristics of each probit
equation and the two equations’ errors are correlated. Thus,
the model can be described as:

y∗i1 = x′i1β1 + εi1 y∗i2 = x′i2β2 + εi2 (1)

where y∗ij represents latent variables denoting a threshold for
choosing one alternative to the other, in which i = 1, . . . n,
is the number of observations. xij represents individual spe-
cific covariates, and βj denotes the regression coefficients.
Here εij are normally distributed errors correlated with a
correlation parameter ρ. Specifically, y∗i1 and y

∗

i2 here denote
the driving behavior of older drivers with main responsibility
and that of drivers involved in the same injury, respectively,
and xi1 and xi2 include various influencing factors, injury
severity, driver conditions, vehicle conditions, and environ-
mental conditions.

The observed ordered dependent variable follows the rule
by:

Yij =



1 if y∗ij = backingup

2 if y∗ij = changing lanes

3 if y∗ij = going straight

4 if y∗ij = making U− turn

5 if y∗ij = passing other vehicle /speeding

6 if y∗ij = stopped

7 if y∗ij = turning left

8 if y∗ij = turning right

9 if y∗ij = other

0 if y∗ij = unreported

(2)

In the bivariate probit model, however, the joint response
as a bivariate standard normal cdf is modeled. More details
about bivariate probit model and estimation can be referred
to Zhou et al.[30] and Yuan et al. [31].

B. SEEMINGLY UNRELATED BIVARIATE ORDERED
PROBIT MODEL
Different from bivariate ordered probit model, the seemingly
unrelated bivariate ordered probit model can be expressed as
follows:

y∗i1 = x′i1β1 + δ
(
y∗i2
)
+εi1 y∗i2 = x′i2β2 + εi2 (3)

where all the variables represent the same meaning as
Equation (1), and the Wald test can provide evidence on the
correlation between the unobserved explanatory variables of
both equations so that if ρ = 0 then y∗i2 is exogenous for the
second equation.

The bivariate probit model can be estimated by full-
information maximum likelihood or Bayesian approach.
Bayesian estimation has more advantages over other meth-
ods [30], which considers both prior distribution and posterior
density. In this study, Markov ChainMonte Carlo (MCMC) is
conducted to compute the joint posterior distribution. In order
to determine the significance, the results consider Bayesian
credible interval (BCI) as a probability statement about the
parameter itself, i.e. a 95% BCI involves the true parameter
value with ∼95% certainty. If the 95% BCI of the posterior
mean does not involve 0, it indicates that this impact is
statistically significant at the 95% level [30].
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For model comparison, as provided by previous studies
under the Bayesian [31], [32], the Deviance Information Cri-
terion (DIC) is employed tomake the comparison, meanwhile
Akaike Information Criterion (AIC) and Bayesian Informa-
tion Criterion (BIC) are adopted to assess the goodness-of-fit
for maximum likelihood, thus, DIC is utilized to compare the
models abovementioned:

DIC = D
(
θ̄
)
+ 2pD = D̄+ pD (4)

whereD
(
θ̄
)
is the deviance evaluated at θ̄ , the posterior mean

of the parameter of interest, pD is the effective number of
parameter in the model, and D̄ is the posterior mean of the
deviance statistic D

(
θ̄
)
. The lower the DIC, the better the

model is. Usually differences in DIC of more than 10 defi-
nitely rule out the model with the higher DIC, and differences
between 5 and 10 are considered substantial, while the differ-
ence less than 5 reveals that the models are not statistically
different.

III. DATA DESCRIPTION
ArcGIS open data site maintained by Nevada Department
of Transportation (NDOT) from 2014 to 2017 was consid-
ered as the data source, and 27 major and minor arterials in
the metropolitan Las Vegas area were the target population
selected in this study, which included City of Las Vegas, City
of North Las Vegas, City of Henderson, and Clark County.
Four main aspects were collected and considered: the driver
features, the vehicle profiles, roadway characteristics and the
injury features and environment.

According to Charlton et al. [24] and Devlin and
McGillivray [21], drivers aged 65 and more are regarded
as older drivers. As described, 27 arterials were elaborately
selected, in which driving action observations of at-fault
older drivers reach 2,302. In order to examine the correlation
between driving action of at-fault older drivers and that of
not-at-fault drivers involved in the same injury, the dependent
variables in the proposed model were considered as bivariate,
and the driving action from Equation (2) was considered as
ordered, which can estimate the equation less complicated
than multinomial model, therefore, the dependent variables
can be matched with bivariate ordered probit model.

As stated above, the explanatory variables here include
the vehicle, roadway, injury and environment. In accordance
with the classification by NDOT, when the crash happens,
if there are two or more vehicles included, the at-fault vehicle
is regarded as vehicle 1, while the not-at-fault vehicle is
considered as vehicle 2, in this way the at-fault and not-
at-fault drivers can be sorted out from the dataset. Fol-
lowed this category, the vehicle-related variables include the
total vehicle, vehicle types, vehicle direction, vehicle action
(e.g. changing lanes, making U-turn, passing other vehicles,
etc.), vehicle conditions (e.g. hit-and-run,mechanical defects,
driving too fast, etc.), vehicle driver’s age and driver’s condi-
tions (e.g. normal, fatigue, physical impairment, distracted,
etc.) for at-fault and not-at-fault drivers.

FIGURE 1. Selected arterials in las vegas.

The roadway characteristics include the number of vehicle
lanes, roadway conditions (e.g. dry, wet, ice, snow, etc.),
while the injury includes the time, location, severity and the
environment involves the weather, lighting conditions, and
first harm (e.g. median, fence, pedestrian, etc.)

In order to assess the proposed models in Stata software,
the categorical parameters are digitalized and standardized,
and all the parameters categorized are listed and summarized
in Table 1 with the proportions of each parameter.

IV. RESULTS
Based on the variables selected from the four components,
the correlation between main influencing factors needs to be
examined before running the model. The Pearson correlation
test was performed to avoid the co-linearity among the inde-
pendent variables. Shown from the test result, crash type is
highly related to total vehicle, thus, in the final results the
crash type and total vehicle may not occur at the same time.

The Bayesian bivariate ordered probit and Bayesian seem-
ingly unrelated bivariate ordered probit models are proposed
to assess the actions of at-fault older drivers and that of not-
at-fault drivers. In order to make the comparison, the indi-
vidual Bayesian random parameter ordered probit model is
performed to examine whether the single or bivariate model
is more suitable for this problem. Table 2 and Table 3 give the
results of single and bivariate models.
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TABLE 1. Summary of parameters. TABLE 1. (Continued.) Summary of parameters.
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TABLE 1. (Continued.) Summary of parameters.

Shown from Table 2 and Table 3, significant variables of
Bayesian random parameter ordered probit model are lit-
tle different from those of Bayesian bivariate ordered pro-
bit model and seemingly unrelated bivariate ordered probit
model. Injury severity is significant for both random parame-
ter ordered probit models, but is only significant for actions of
at-fault older drivers in bivariatemodels. The covariances ρ of
both models are not equal to 0 and both are significant, imply-
ing that correlation indeed exists between the actions of at-
fault older drivers and that of not-at-fault drivers. Moreover,
the absolute value ρ (0.344) from Bayesian bivariate ordered
probit models is larger than that (0.336) from Bayesian seem-
ingly unrelated bivariate ordered probit model. Furthermore,
the DIC values (1419.021 and 1432.931) from bivariate mod-
els are much smaller than those (6754.678 and 4462.689)
from single models, and the difference is beyond 10, which
indicates the models are statistically different. Combined the
two criteria, the goodness-of-fit of bivariate models performs
better, whereas the Bayesian bivariate ordered probit model

is a little better than the corresponding seemingly unrelated
bivariate one, thus the explanation would concentrate on the
Bayesian bivariate ordered probit model.

As for the actions of at-fault older drivers, injury severity
and total vehicle are significant variables, while as for the
actions of not-at-fault drivers total vehicle and vehicle 2 con-
dition are significant. As seen, injury severity is positively
associated with actions of at-fault older drivers, indicating
that the severe injury may cause the older drivers in going
straight action to convert into turning left or right. This is in
agreement with common sense. Making right or left turning
requires more decision-making process than going straight,
thus leading to more chances of running into severe injury.
It can be calculated that the actions changing probability may
rise 22.9% if the injury severity changes from PDO to injured
and fatality.

Total vehicles involved play a positive role in actions of
at-fault older drivers, i.e. the more number of total vehicles
involved, the more actions the older drivers need to make,
which is understandable. Among all the older drivers’ actions,
going straight and turning left occur frequently, account-
ing for about 45.2%, and 27.5%, respectively. When more
vehicles are included during driving, the older drivers need
to determine whether going straight or making turns. The
possibility of changing from going straight to turning left
is increased 19.9% when one more vehicle is added during
driving.

Similarly, total vehicles have positive association with
actions of not-at-fault drivers with the same injury, and com-
pared to the at-fault older drivers, the possibility of changing
from going straight to turning left or stopped is increased over
400 percent when one more vehicle is added, which indi-
cates that the actions of not-at-fault drivers would definitely
change.

Another significant variable, the vehicle 2 condition
(i.e. the vehicle with the same injury) is positively related
to drivers’ actions, which indicates that when the vehicle
conditions vary from ‘‘failed to yield right-of-way’’ and ‘‘hit
and run’’ to ‘‘other improper driving’’, the actions of drivers
with the same injury is changed from going straight to turning
left or stopped, and the possibility is increased 22.9% during
this variation.

V. DISCUSSION
As stated above, there have been various methods and
approaches about the driving behavior analysis of older
drivers. However, most of the studies address the behavior of
older drivers generally and individually, and there may exist
interrelations between the unobservables of at-fault older
drivers and not-at-fault drivers with the same injury. In this
study, in order to estimate the two (seemingly unrelated)
driving actions and to control for interrelations between their
unobservables, the Bayesian bivariate probit models are pro-
posed, which can address the driving actions of at-fault older
drivers and that of not-at-fault drivers simultaneously, and
accommodate the interrelations between the unobservables.
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TABLE 2. Estimation results of Bayesian random parameter ordered probit models.

TABLE 3. Results for Bayesian bivariate probit and Bayesian seemingly unrelated bivariate probit models.

Shown from Table 2 and 3, the closer examination of the
estimated results displays some similarities and differences
between individual and bivariate models. First, the similarity
lies in that among all the influencing variables injury severity
is of significance for actions of at-fault older drivers, and
vehicle 2 condition is significant for not-at-fault actions of
drivers. This indicates that injury severity is critical for the
older drivers’ actions, and not-at-fault drivers involved in the
same injury needs to pay more attention to vehicle 2 con-
dition. Second, the difference is that significant variable of
bivariate models are fewer than those of single models, and
the correlations are highlighted. This implies that the actions
of at-fault older drivers are associated with themselves as well
as not-at-fault drivers involved in the same injury risk.

In accordance with the results obtained, for the at-fault
older drivers empirically, injury severity should be reduced

as much as possible and if in the future CAVs are realized,
it would be decreased to a great extent. Moreover, the number
of vehicles involved will be reduced if CAV technologies
were employed; as for the not- at-fault drivers, keeping vehi-
cle itself condition is the emphasis, and under autonomous
driving condition the vehicles may avoid this situation and
select other routes in advance.

VI. CONCLUSION
In this study Bayesian bivariate probit model was presented to
examine the driving actions of at-fault older drivers, in which
driving actions were addressed by bivariate ordered probit
model simultaneously within Bayesian framework, and the
interrelations between the unobservables were accommo-
dated by covariance. The results revealed that injury severity
and total vehicles were potentially significant factors for
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driving actions of at-fault older drivers, while total vehi-
cles and vehicle 2 condition were significant for not-at-fault
drivers.

Two main findings can be obtained from the results of the
work. First, there does exist correlation between actions of
at-fault older drivers and that of not-at-fault drivers, com-
pared to individual random parameter ordered probit models.
Second, Bayesian bivariate ordered probit model can address
the driving actions simultaneously, and accommodate the
interrelations between the unobservables, which expands the
range of bivariate probit analysis.

Some drawbacks may need to be considered in the future.
More variables related to older drivers’ characteristics need
to be collected, such as driver personal status (e.g. gender),
physical and psychological status, education level, driving
habits (passive or aggressive) etc., and with those variables
the driving behavior can be reflected completely. Another
weakness is that the results of the work are founded on the
dataset from Las Vegas, and it is worthy of employing differ-
ent data sources to ascertain the findings and transferability
in the future work. Further study may consider the space and
time, so that spatial and temporal issues can be addressed
concretely.
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