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A B S T R A C T

This paper develops a hybrid choice–latent variable model combined with a Hidden Markov model in
order to analyze the causes of aggressive driving and forecast itsmanifestations accordingly. Themodel is
grounded in the state–trait anger theory; it treats trait driving anger as a latent variable that is expressed
as a function of individual characteristics, or as an agent effect, and state anger as a dynamic latent
variable that evolves over time and affects driving behavior, and that is expressed as a function of trait
anger, frustrating events, and contextual variables (e.g., geometric roadway features, flow conditions,
etc.). Thismodelmay be used in order to testmeasures aimed at reducing aggressive driving behavior and
improving road safety, and can be incorporated into micro-simulation packages to represent aggressive
driving. The paper also presents an application of this model to data obtained from a driving simulator
experiment performed at the American University of Beirut. The results derived from this application
indicate that state anger at a specific time period is significantly affected by the occurrence of frustrating
events, trait anger, and the anger experienced at the previous time period. The proposedmodel exhibited
a better goodness of fit compared to a similar simple joint model where driving behavior and decisions
are expressed as a function of the experienced events explicitly and not the dynamic latent variable.

ã 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Aggressive driving in the United States accounts for one third of
vehicular crashes and two thirds of the resulting fatalities
(Martinez, 1997). It may be defined as “operating a motor vehicle
in a selfish, pushy or impatient manner, often unsafely, that
directly affects other drivers” (Neuman et al., 2003). According to
Shinar (1998), both the characteristics of the driver and the driving
situation contribute to aggressive driving. For example, certain
frustrating events occurring on the roads evoke frustration such as
a short green interval and a car blocking traffic, which are
according to Shinar, “illegitimate events that frustrate drivers’
legitimate expectations”. On the other hand, some trait factors also
contribute to aggressive disposition such as hostility and
extroversion (Shinar, 1998).

Several studies have identified a significant relationship
between anger experienced while driving and risky or aggressive

driving behavior (Arnett et al., 1997; Deffenbacher et al., 2003;
Nesbit et al., 2007). Deffenbacher et al. (2003) concluded from a
driving simulator experiment that angry drivers are twice as
likely to be involved in accidents. A considerable number of these
studies were based on the state–trait anger theory proposed by
Spielberger et al. (1983).

1.1. The state–trait anger theory

Anger may be conceptualized through the state–trait anger
model proposed by Spielberger et al. (1983) which differentiates
between two modes of anger: state anger and trait anger.
Spielberger et al. (1983) defined trait anger as a chronic tendency
of experiencing state anger, or propensity towards anger, while
state anger was described as a measure of feeling angry
like expressing anger at a particular time. They developed the
state–trait anger scale (STAS), which is a 30-item questionnaire
measuring state anger and trait anger (15 items each).

Spielberger (1988) then combined the STAS with the anger
expression scale (AX) (Spielberger et al., 1985) in order to develop
the state–trait anger expression inventory (STAXI), which is a
44-item questionnaire assessing the intensity of anger at a
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particular time and the means of anger expression. The question-
naire included two 10-item subscales which are the state anger
subscale (SAS) and the trait anger subscale (TAS) in addition to
three subscales distinguishing among different types of anger
expression labeled as: anger-in, anger-out, and anger control.
Anger-in refers to the tendency of suppressing one’s anger inside.
Anger-out refers to the tendency of expressing anger physically or
verbally. Anger control refers to the tendency to control one’s
temper using adaptive methods.

In 1999, Spielberger introduced the STAXI-2, a revised
version of STAXI which included 42 of the 44 original items
in addition to 15 new items. In this revision, five items were
added to the state anger scale, and the anger control subscale
was replaced with two subscales labeled as anger control-in
and anger control-out. Three subscales were extracted from the
state anger subscale: feeling angry, feeling like expressing anger
physically, feeling like expressing anger verbally. On the other
hand, two subscales were extracted from the trait anger
subscale: whether people have an overall angry or hotheaded
temperament or whether people tend to respond with anger
when they feel they are being treated unfairly or being
criticized by others (Spielberger, 1999).

1.2. Driving anger

Deffenbacher et al. (1994) extended Spielberger’s definition to
include driving anger, which they defined as a personality trait that
is related to trait anger but is more situation-context bound.
Driving anger was defined as the frequency and intensity of
experiencing anger behind the steering wheel. A 33-item driving
anger scale (DAS) was developed with six subscales labeled as
hostile gestures, illegal driving, police presence, slow driving,
discourtesy, and traffic obstructions. According to Deffenbacher
et al. (2000), individuals with high driving anger are more likely to
engage in aggressive driving behavior, risky maneuvers, traffic
violations, and automobile accidents.

The British version of the driving anger scale (UK DAS) was used
by Laujen and Parker (2001) to study the relationship between
self-reported driving aggression and self-reported general
aggressiveness, measured using the aggression questionnaire (AQ)
(Buss and Perry, 1992). The results indicated that self-reported
general aggressiveness is related to self-reported aggression on the
roads. In addition, different types of aggression (physical aggression
and verbal aggression) were found to be correlated with driving
aggression.

Deffenbacher et al. (2002) then introduced the driving
anger expression inventory (DAX) which consisted of 62 items
reflecting how people express their anger while driving. After
asking 290 participants to fill out the questionnaire, the authors
deduced four different means of driving anger expression:
verbal aggressive expression (insults, cursing, yelling, etc.),
personal physical aggressive expression (e.g., engaging in physical
fights with other drivers or pedestrians), use of a vehicle to
express anger (flashing the headlights, cutting off the other driver,
etc.), and the adaptive/constructive expression (relaxation and
focusing on safe driving).

Several studies have examined the effect of each anger mode
on aggressive driving. Nesbit et al. (2007) reviewed several
surveys/questionnaires to examine the relationship between
different modes of anger (trait anger, state/mood anger, and
driving anger) and aggressive driving. Although the researchers
were able to develop significant correlations between aggressive
driving (expressed through driving violations, accidents, and
physical or verbal aggression) and each type of anger, they could
not find significant differences in these correlations between
each type of anger. On the other hand, Deffenbacher et al. (2001)

found significant correlations between state anger experienced
while driving and risky and aggressive behavior.

1.3. Integrated driving behavior models

Traditional driving behavior models (such ascar following
models, lane changing models, passing models, etc.) aim at
explaining independent driving behaviors (Toledo, 2003). After
reviewing these models, Toledo (2003) concluded that an
integrated model which captures interdependencies between
the different driving behaviors such as acceleration and lane
changing is needed.

Therefore, Toledo proposed an integrated driving behavior
model expressing acceleration and lane changing as a function of
drivers’ short term goals and short term plans. In this model, short
term goals are defined by the target lane, while a short term plan
represents the target gap a driver chooses to reach his/her target
lane. In order to execute the short term plan, a driver executes
certain actions such as acceleration and lane changing. Toledo
(2003) developed a four-level decision making process (target
lane, gap acceptance, target gap, and acceleration), where the
target lane and target gap were considered as latent variables.
According to Toledo (2003), this model captures three interde-
pendencies across driving actions which are causality (where the
decisions made at the lower levels of the decision making process
are conditional on those made at the higher levels), unobserved
variables (where the plans are latent and an individual specific
latent variable with an assumed distribution is used to model
unobserved driver/vehicle characteristics such as aggressiveness,
driving skill, or acceleration capabilities of the vehicle), and state
dependency (where a driver performs one action of the short term
plan then re-evaluates the plan and decides on the following
action).

Choudhury (2007) extended Toledo’s framework and
developed an advanced model utilizing Hidden Markov Models
where the actions of a driver depend on the current latent plan,
which depends on previous plans and anticipated future
conditions. Choudhury (2007) applied this model for four traffic
scenarios: freeway lane changing, freeway merging, urban
intersection lane choice, and urban arterial lane changing.
Choudhury (2007) then showed that latent plan models exhibit
a significantly better goodness-of-fit compared to simpler models
where latent plans are ignored. However, Choudhury (2007) also
treated drivers’ aggressiveness as a static continuous latent
variable to capture heterogeneity among drivers (agent effect).

1.4. Aggressive driving behavior models

While these integrated models have been developed for general
driving behavior, studies focusing on modeling aggressive driving
behavior have not yet captured all of the factors affecting aggressive
driving (which according to Shinar (1998) can be attributed to the
driverand tothesituation). Inaddition, thesemodelsdidnotaccount
for the three interdependencies suggested by Toledo (2003)
(causality, unobserved variables, and state dependency).

A few studies modeled aggressiveness or aggressive driving
behavior as a function of contextual and situational factors.
Hamdar et al. (2008) used structural equation modeling to
develop an aggressiveness propensity index (API) for signalized
intersections as a function of five situational factors (traffic
performance dimension, intersection geometry dimension, signal
timing, law enforcement dimension, and transit dimension).
Similarly, Benavente et al. (2007) focused on the effect of general
roadway characteristics (roadway type, number of lanes, median
type, etc.) on aggressive driving related crashes in Massachusetts
using logistic regression models.
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On the other hand, Dahlen et al. (2012) focused on the
psychological characteristics of the drivers. The authors used
structural equationmodeling in order to express aggressive driving
behavior as a latent variable that is affected by driving anger and
the Big Five personality factors (emotional stability, extraversion,
openness, agreeableness, and conscientiousness). Aggressive
driving was then linked to driving performance, which was
measured using the number of crashes and moving violations. The
results indicated that aggressive driving increases with driving
anger and decreases with agreeableness, and results in more
crashes and violations.

Based on the above, the models developed to study aggressive
driving do not depict driving behavior, and therefore, cannot
be considered as driving behavior models. For example, the
aggressiveness propensity index proposed by Hamdar et al. (2008)
is specific to an intersection, and the framework developed by
Dahlen et al. (2012) represents general driving psychology.

1.5. Study motivations and objectives

Most of the literature on aggressive driving behavior has
either focused on the individual traits and characteristics, or on
traffic and transport related aspects, but did not consider all of
these factors simultaneously. The conclusions of this literature
were rather abstract and rarely provided insights to policy
makers on immediate measures that can be taken to mitigate
aggressive driving. Even when policy implications could be
derived from this literature, it was hard for policy makers to
quantify how the application of these policies will adjust the
behavior of drivers. In addition, aggressive driving was studied
at a specific point in time; researchers have not yet studied how
anger experienced while driving accumulates (or diminishes)
over time. For example, in the integrated driving behavior
models proposed by Toledo (2003) and Choudhury (2007),
aggressiveness was modeled as a static latent variable used as
an “agent effect”.

The main motivation of this study is to utilize the previous
findings on anger and aggressive driving, and assemble these
findings in a mathematical modeling framework similar to
the integrated driving behavior models discussed above. This
framework should take into consideration the different causes of
aggressive driving (including both individual characteristics and
traffic related and contextual aspects), its possible manifestations
(speeding, acceleration, violations, etc.), and its evolution over
time. The proposed framework is grounded in the state–trait anger
theory (Spielberger et al., 1983), and assumes that anger
experienced while driving is the main predictor of aggressive
driving behavior.

Thismodeling framework allows researchers and policymakers
to investigate the extent to which each factor contributes to
aggressive driving, and to quantify the resulting changes in driving
behavior under different hypothetical scenarios aimed at testing
aggressiveness mitigation policies. This modeling approach can be
also used in micro-simulation packages in order to represent the
aggressive driving behavior of the simulated vehicles as a function
of the traffic conditions and the sequence of experienced events
and delays, thus adding more realism to the representation of
driving maneuvers.

The remainder of this paper is organized as follows: the second
section presents the driving behavior model derived from the
state–trait anger theory. The third section demonstrates a direct
application of themodel to a driving simulator experiment. Finally,
the fourth section discusses the theoretical merit and practical
contributions of this research in terms of testing measures and
anger mitigation policies, discusses its limitations and possible
extensions, and concludes the paper.

2. Modeling driving anger and aggressive driving: framework
and formulation

2.1. Modeling approach

The proposed model utilizes latent variable models in order to
express state anger and trait anger. It assumes that state anger is a
dynamic continuous latent variable that evolves over time due to
events that a driver experiences on the road and affects the driver's
behavior and decisions. Under this assumption, we can use a
Hidden Markov Model in order to represent the evolution of state
anger. Thus, we can estimate state anger at any time period based
on the sequence of events experienced by the driver until that
period, and forecast the resulting driving performance and
decisions. On the other hand, trait anger is represented as a latent
individual characteristic that affects state anger. Therefore, driving
dynamics such as speed and acceleration are used tomeasure state
anger, while survey responses are used to measure trait anger.

The model also utilizes discrete choice models in order to
quantify the effect of state anger on drivers’ discrete decisions and
choices, such as the decision whether to cross an intersection
during the red interval.

In addition, the model is able to capture the incremental
amplification of anger as drivers experience more frustrating
events through the use of HiddenMarkov chains. This is realized by
assuming that the state anger experienced at a specific time period
is dependent on the state anger experienced at the previous time
period. The observed driving behavior at a given time period is
affected by the latent state anger in the same time period. Thus, the
dynamics in the driving performance are explained through the
dynamics in the underlying latent anger.

Therefore, the model combines hybrid choice models, which
integrate latent variable models with discrete choice models
(Ben-Akiva et al., 2002a,b; Walker and Ben-Akiva, 2002), and
Hidden Markov models (Ben-Akiva, 2010) to account for dynamics
in the driving behavior and the latent variables.

The notation used in the model is presented below. Vectors and
matrices are shown in bold font.

� TA: Trait anger
� SA: State anger
� I: Indicators of trait anger (e.g., responses to survey questions)
� R: Number of indicators of trait anger (r is an index for a given
indicator)

� O: Indicators of state anger (e.g., observed driving behavior such
as speed, acceleration, etc.)

� L: Number of indicators of state anger (l is an index for a given
indicator)

� S: Vector of dummy variables representing the occurrence of
events which are frustrating to the subject while driving or other
contextual/situational factors

� y: Vector of a driver’s sequence of choices (whether to violate a
red light or not, whether to honk the horn or not, etc.)

� U: Vector of utilities of different choice alternatives
� T: Total number of analysis time periods (t is an index for a time
period)

� N: Total number of individuals/drivers (n is an index for an
individual)

� X:Vector of observed individual characteristics (e.g., age, gender,
etc.)

Fig. 1 presents a framework of the model. In this figure, latent
variables are represented in ellipses while observed variables
are represented in rectangles. Structural (causal) relationships
are represented through solid arrows, while measurement
relationships are represented through dashed arrows.
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2.2. Latent variable models

The latent variablemodels include structural andmeasurement
equations for the two latent variables mentioned above: state
anger and trait anger.

2.2.1. Structural equations
State anger for individual n at a time period t depends on the

state anger experienced at the previous time period, the frustrating
events/situational factors in effect at that time, and the individual’s
trait anger characteristic:

SAn;t ¼ CteSAtþbSAðt�1ÞSAn;t�1þbSSn;t þbTATAn þ en;t t ¼ 1;2; . . . ; T

(1)

where CteSAt ;bSAðt�1Þ,bs and bTA are parameters to be estimated
and en;t represents an iid disturbance with a standard deviation set
(to be estimated):

en;t � Dð0;s2
et Þ t ¼ 1;2; . . . ; T (2)

The symbol D denotes a generic distribution. The probability
density function of SA at a time t conditional on the scenario
events/situational factors, the trait anger, and the state anger at
time t�1 is given by f 2ðSAn;tjSn;t ; SAn;t�1; TAnÞ. It is assumed that
the initial state of state anger SAn,0 is 0, i.e., that the individual
starts from rest.

The second latent variable, trait anger, is assumed to be
an individual characteristic that is dependent on the indi-
vidual’s observed characteristics (socio-economics, demo-
graphics, etc.):

TAn ¼ CteTA þ bXXn þ hn (3)

where CteTA and bX represent parameters to be estimated and hn

represents an iid disturbance with a standard deviation sh (to be
estimated):

hn � Dð0;s2
hÞ (4)

The probability density function of TA conditional on the
individual characteristics X is given by f 1ðTAnjXnÞ.

2.2.2. Measurement equations
State anger at time period t is manifested in risky or aggressive

driving behavior expressed at time period t (such as speeding,
accelerating rapidly, weaving in and out of traffic, intermittent
braking, etc.). Therefore, certain measures (Ol) can be extracted
from these actions and used as indicators ormanifestations of state
anger, such as the maximum/average speed, the maximum/
average acceleration, the standard deviation of lateral position,
the standard deviation of speed, etc., over a certain road stretch.
These driving behavior measures can be expressed as follows:

Ol;n;t ¼ aSA;l þ lSA;lSAn;t þvl;n;t t ¼ 1;2; . . . ; T and l ¼ 1;2; . . . ; L

(5)

where vl;n;t represents an iid error term with standard deviation
svl

to be estimated:

vl;n;t � Dð0;s2
vl
Þ l ¼ 1;2; . . . ; L (6)

And the parameters aSA,l and lSA,l are also to be estimated. One of
the aSA,l terms and one of the lSA,l terms need to be normalized to
0 and 1, respectively, for identification purposes.

[(Fig._1)TD$FIG]

Fig. 1. Model framework.
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On the other hand, indicators that always take positive values
can be assumed to be log-normally distributed (e.g., maximum
speed):

Ol;n;t ¼ eaSA;lþlSA;lSAn;tþvl;n;t t ¼ 1;2; . . . ; T and l ¼ 1;2; . . . ; L (7)

whereOn,t is a vector of indicators of state anger observed at time t
(e.g., the maximum speed or the maximum acceleration).

The joint probability density function of the indicators of state
anger at time t conditional on SA is denoted by gðOn;t jSAn;tÞ.

Similarly, indicators of trait anger can be used to ease the
identification of the model. These indicators can be survey
responses Ir,n and are expressed as follows:

Ir;n ¼ aTA;r þ lTA;r � TAn þ vr;n r ¼ 1;2; . . . ;R (8)

where nr;n represents an iid error termwith standard deviation svr
to be estimated:

vr;n � Dð0;s2
vr Þ r ¼ 1;2; . . . ;R (9)

And the parameters aTA,r and lTA,r are also to be estimated. One
of the aTA,r terms and one of the lTA,r terms need to be normalized
to 0 and 1, respectively, for identification purposes.

The joint probability density function of the indicators
conditional on TA is denoted as hðInjTAnÞ, where In is a vector of
indicators of trait anger.

2.3. Choice model

Discrete choice models are used to predict the drivers’ discrete
choices and decisions that are affected by anger. The utility
equation for each alternative (i) is expressed as follows:

Ui;n;t ¼ bZi
Zi;n;t þ bXXn þ bSASAn;t þ ei;n;t t ¼ 1;2; . . . T (10).

The probability of a choice indicator yn,t conditional on Zn,t, Xn and
SAn,t is denoted as Pðyn;tjSAn;t;Zn;t;XnÞwhere Zi,n,t represents a
vector of attributes of alternative i at time t and Zn,t is a matrix of
attributes of all alternatives at time t, Xn represents a vector of the
observed characteristics of individual n, and bZi

and bX represent
vectors of parameters to be estimated, and bSA represents a
parameter to be estimated, and ei;n;t represents an iid disturbance
whose variance is normalized to set the scale of the utility.

2.4. Likelihood function

Due to the Hidden Markov assumptions, the resulting joint
probability of choices yn (yn,1, yn,2,..., yn,T) and indicators of state
anger On (On,1,On,2,...,On,T) and trait anger In is expressed for a
given individual as follows (see, for example, (Ben-Akiva, 2010) for
an analogous formulation using discrete latent variables):

3. Application to a driving simulator experiment

Themodel formulated abovewas applied to data obtained from
a driving simulator experiment in which a sample of 81 students
from the American University of Beirut (AUB) participated and
filled out a post driving survey.

3.1. The driving simulator experiment

The driving simulator used was the DriveSafety DS-600c
research simulator, which consists of a full-width, half cab
Ford Focus automobile with standard driver controls and
instrumentation, and three projectors projecting the view onto a
180� display. It covers various kinds of driving scenarios and
settings (weather conditions, time of day, land use, roadway type,
etc.), and the behavior of ambient vehicles and pedestrians can be
fully controlled.

The experiment first included a short practice session in order
to make sure participants do not suffer from simulator sickness,
and to familiarize them with the simulator. They were asked to
drive until feeling totally confident in controlling the vehicle, as
long as they drive formore than fiveminutes. After practicing, they
were informed that the next session involves data collection, and
that they must consider traffic regulations and drive in the same
manner as they do in real life, avoiding collisions with other
vehicles or objects.

The actual driving experiment took place in a suburban setting,
with normal weather conditions and clear visibility. The roadway
consisted of two lanes in each direction separated by double yellow
lines, and the posted speed limit was 30miles per hour. Speed limit
signs were placed regularly after each intersection. Billboards and
sound messages were used in order to provide driving directions
for participants to reach their final destination. Ambient traffic was
only present in the opposite direction in order to give drivers the
freedom to maneuver, or during a specific simulated event
involving other vehicles.

The experiment consisted of 9 signalized four-leg
intersections classified as control intersections (3 intersections),
treatment intersections (4 intersections), and dummy
intersections (2 intersections) which are neither treatment
nor control. A treatment in this context refers to the occurrence
of a frustrating event at an intersection. The roads consisted of
two lanes in each direction.

Thefirst, sixth, and ninth intersectionswere designed as control
intersections. No exceptional events took place except for the
signal state changing from green to yellow, then red before the
subject arrived at the intersection. Traffic in the opposite direction
stopped at the red light. No vehicles traversed the intersection in
the perpendicular direction.

f ðyn; In;OnjSn;Zn;XnÞ ¼
Zþ1

TA¼�1

Zþ1

SAT¼�1

P yn;T jSAn;T ;Zn;T ;Xn
� �� gðOn;T jSAn;TÞ

Zþ1

SAT¼�1

P yn;T�1jSAn;T�1;Zn;T�1;Xn
� �� f 2ðSAn;T jSn;T ; SAn;T�1;TAnÞ � gðOn;T jSAn;TÞ . . .

Zþ1

SAT¼�1

P yn;1jSAn;1;Zn;1;Xn
� �� f 2ðSAn;2jSAn;1; Sn;2; TAnÞ � gðOn;1jSAn;1Þ � f 2ðSAn;1jSn;1; SAn;0; TAnÞ

�hðInjTAnÞ � f 1ðTAnjXnÞdTA� dSA1 � dSA2 . . . dSAT

(11)
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Each of the second, third, and fourth intersections was a
treatment intersection involving a single frustrating event. Three
events were designed and each was assigned to one of these
three intersections only. However, the pattern in which the events
are ordered differed among subjects, resulting in 6 different
combinations (each subject experienced a single combination).
These combinations were assigned to subjects consecutively to
ensure an equal distribution that balances the order effect (for
example, the first combinationwas assigned to thefirst subject, the
second combination to the second subject, and so on).

The first frustrating event represented a “short green” scenario:
subjects approached a signalized intersection and saw a red light.
The signal state turned green for a short duration, but then it
turned yellow then red just before they arrived. The duration of the
green interval ranged between 5 and 7 s depending on the subject’s
speed. No vehicles were present in the perpendicular direction.

The second frustrating event represented a “violations”
scenario: subjects approached a signalized intersection where
the light turned red before they arrived. Two vehicles approached
the subjects from behind and passed them, violating the red light.
Another two vehicles waited at the intersection behind the
subjects. Moreover, some vehicles in the opposite direction
violated the red light too. The violating vehicles in the subject's
direction took a right turn into a minor road after crossing the
intersection in order not to interfere with the following scenarios.

The third event represented a “blocked intersection” scenario:
the subjects arrived at an intersection where the light turned
red. Vehicles then started flowing in all four lanes of the two
perpendicular approaches in a congested way until reaching a full
stop. The stopped vehicles maintained short distance headways in
order to prevent the drivers from weaving through. Sustained
noisy horn-honking sounds were played while vehicles were
stopping. When the signal turned green again in the subjects'
direction, the roadwas blocked by these vehicles until the subjects
saw the red light again at which time the road was totally cleared.
Vehicles in the opposite direction waited until the light turned
green again after the road was cleared.

The fifth and seventh intersections were designed as dummy
intersections at which the signals always displayed green lights.
This was to ensure that the experiment felt realistic to the subjects,
and that they did not encounter red lights consecutively.

The eighth intersection was a treatment intersection involving
two of the events described before. For each combination of these
events (at the second, third, and fourth intersections), the eighth
intersection included the first two events combined.

At each of the seven control and treatment intersections,
subjects had a choice whether to violate a red light or not. The road
sections following these intersections were identical, and no
ambient traffic existed in the subjects' direction, which gave the
subjects the total freedom to maneuver.

3.2. The post driving survey

After completing the simulator experiment, subjects were
asked to fill out a post driving surveywhich included four sections.
The first two sections of the survey represented the English version
of the Dula Dangerous Driving Index (Dula and Ballard, 2003) but
with some slight modifications as follows:

� One statement asking about the subjects’ behavior at railroad
crossings was removed due to the absence of these features in
Lebanon;

� Two statements related to intoxicated or drunk driving were
excluded for their irrelevance to the objectives of this study; and

� Other statements have been modified in order to be consistent
with the objectives of the experiment and the expected

characteristics of the sample (for example, some unclear
statements have been explained further after testing the survey).

A few statements have been added from the Driver Stress
Inventory (DSI) (Matthews et al., 1997) and the Driving Behavior
Questionnaire (DBQ) (Reason et al., 1990) to capture attitudes
and perceptions that the researchers were interested in. These
statements asked subjects about the frequency of their red light
and speed limit violations, their confidence as drivers, and their
perception of their driving experience when dealing with risky
situations on the road.

The first section asked the subjects about their driving
attitudes and habits. Subjects were asked to indicate their level
of agreement with certain statements on a 5-point Likert scale
(strongly disagree, disagree, neither agree nor disagree, agree,
strongly agree).

The second section asked the subjects to indicate how often
they undertake certain actions while driving on a 5-point Likert
scale (never, rarely, sometimes, often, always).

In the third section, subjectswere asked about some factors that
might affect their driving behavior or anger (such as their
workload, how often they drive, what type of vehicle they drive,
etc.) in addition to their previous crash and ticket history.

In the fourth section, subjects were asked about their
experience in the driving simulator (how realistic it was, whether
they felt dizzy or suffered from simulator sickness, and whether
this sickness or other factors induced certain biases to their
driving). This survey was filled out after the simulator experiment
so as not to affect the driving behavior of subjects in the simulator,
and not to expose the real purpose of the study.

3.3. Data collection

AUB students were invited to volunteer for the experiment
through flyers distributed all over the campus. A screening
interview was used to verify that volunteers were physically
and mentally eligible to participate and whether they had a
driving license and currently drive. A total of 100 students
participated in the experiment, 96 of whom successfully
completed the driving simulator session. Two students were
dropped from the experiment for not taking it seriously, and two
others decided to withdraw after experiencing simulator sickness.

The data cleaning process aimed at ensuring consistency across
participants. This resulted in the exclusion of 15 records:

� Students who had accidents while driving (9 students) because
this caused them to be alarmed later, and their whole driving
patterns were changed;

� Students who were over-speeding and missed the occurrence of
a scenario (5 students); and

� One student who did not follow the posted road directions.

The remaining sample consisted of 81 students, 62 of whom
were males and 19 were females.

Ages ranged between 18 and 29, with an average age of
19.84 and a standard deviation equal to 2.00. The majority of the
participants were 18 or 19 years old (24 and 19 participants,
respectively) while only 8 participants were 23 or older.

The overall duration of the experiment ranged between 30 and
45min. The time to complete the simulator drive ranged between
10 and 15min. The experimental results were obtained from the
simulator output (with a frequency of 10 readings per second) and
the post-driving survey.

A total of 28 red light violations were recorded in the
experiment. The distribution of these violations by scenario type
is presented in Table 1 below.
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Other variables of interest (including speed, acceleration,
and pedal depression) were extracted for the 400-meter stretches
after each intersection. No significant differences in these variables
or in red light violations were related to the age or gender of the
participants.

3.4. Modeling

3.4.1. Latent variable models

3.4.1.1. Structural equations. At intersections 1, 6, and 9, subjects
do not experience any frustrating event. Therefore, the state anger
is only a function of the trait anger and the state anger experienced
at the previous scenario:

SAn;t ¼ CteSAt þ bTATAn þ bSAðt�1ÞSAn;t�1 þ en;t t ¼ 1;6;9 (12)

At intersections 2–4, subjects are subjected to one of the three
scenarios: short green, blocked intersection, or violations by other
vehicles. Therefore, the equations of state anger are normalized
with respect to the short green scenario. Thus, the coefficients of
the other scenarioswill be analyzedwith respect to the short green
scenario:

SAn;t ¼ CteSATreatment þ bSAðt�1ÞSAn;t�1 þ bBIBIn;t

þbVioVion;t þ bTATAn þ en;t t ¼ 2;3;4 (13)

where BI takes a value of one if the blocked intersection scenario
occurs at the intersection and zero otherwise, and Vio takes a value
of one if the violations scenario occurs at the intersection and zero
otherwise.

Similarly, at intersection 8 subjects experience two combined
scenarios at the same intersection. The equation of state anger
therefore is similarly normalized with respect to combination A
(violations and blocked intersection), and the coefficients of
combination B (short green and violations) and combination C
(short green and blocked intersection) will be analyzed with
respect to the base combination.

SAn;t ¼ CteSACombination
þ bSAðt�1ÞSAn;t�1 þ bCombBCombBn;t

þbCombCCombCn;t þ bTATAn þ en;t t ¼ 8 (14)

where CombB takes a value of one if Combination B occurs at the
intersection and zero otherwise, and CombC takes a value of one if
Combination C occurs at the intersection and zero otherwise.

All disturbances en;t were assumed to be iid normally
distributed with a mean of zero and a variance s2

et to be estimated.
Trait anger was first modeled as a function of individual

characteristics (age, gender, frequency of driving, workload, etc.).

However, these characteristics were dropped from the model
because they appeared to be insignificant and their coefficients
were very small inmagnitude. Therefore, trait anger was treated as
an exogenous latent variable that is normally distributed with a
mean of zero and a variance s2

h. Trait anger and its indicators were
expressed in deviations form, and therefore, the constants were
eliminated from the measurement equations of trait anger and the
mean of trait anger was taken as zero.

3.4.1.2. Measurement equations. State anger is manifested in risky
and aggressive behavior on the road. Three simulator output
measures were used as indicators of state anger, which are the
maximum speed, the maximum acceleration, and the standard
deviation of speed. The log-normal distributionwas used for these
three indicators to avoid negative values. Therefore, the natural
logarithm of these measures was modeled as a function of state
anger only and the error terms (vl;n;t) were assumed to be iid
normally distributed with a mean of zero and a variance s2

vl
.

On the other hand, three responses to the survey statements
were used as indicators of trait anger. Those three statements were
chosen based on the results of exploratory factor analysis; all had
high loadings on the same factorwhichwas labeled as “tendency to
violate”.

These three survey statements are presented below:

1. I feel that most traffic laws can be considered as suggestions
(r =1).

2. I tend to disregard traffic laws when I see others disregarding
them (r=2).

3. I will illegally pass a car/truck that is going too slowly (r=3).

The indicators were modeled as a function of trait anger only,
and the error terms (nr;n) were assumed to be iid normally
distributed with a mean of zero and a variance s2

nr .
Although the original definition of trait anger is different from

the one implied here (suggesting the tendency to experience state
anger rather than the tendency to violate), these questions were
chosen because they had positive and significant correlations with
speeding, acceleration, pedal depression, and the frequency of red
light violations observed in the simulator.

3.4.2. Choice model
The choice at each intersection (whether to violate the red

light or not) was assumed to be only dependent on state anger,
which was used as an explanatory variable in the systematic
utility equation of crossing (Vcross,n,t). Other explanatory variables
such as individual characteristics were not significant in this
equation and no measurable attributes were available. The
parameter of state anger was first specified as a random parameter
in order to introduce some heterogeneity in the model. However,
the estimation results indicated that the standard deviation of this
parameter was not significant at the 90% level of confidence.
Therefore, this parameter was used as a constant parameter across
individuals.

On the other hand, the systematic utility equation of not
crossing (Vdon’t-cross,n,t) was normalized to zero. The disturbances
ecross,n,t and edon’t-cross,n,t were assumed to be distributed as iid
extreme value type I, and thus the choice was modeled as a binary
logit model.

3.5. Results

The model was estimated in Python Biogeme (Bierlaire and
Fetiarison, 2009) using maximum simulated likelihood due to the
high dimensionality of the integral in the likelihood function.

Table 1
Observed red light violations.

Scenario type in the simulator
experiment

Number of violations following the scenario
(percentage of violations of all occurrences
of that scenario is reported in parentheses)

Initial control scenario (no
frustrating events)

0 (0%)

Short green interval 4 (4.94%)
Intersection blockage by
perpendicular traffic

4 (4.94%)

Violations by other vehicles 6 (7.41%)
Second control scenario (no
frustrating events)

1 (1.23%)

Any combination of two
frustrating events mentioned
above

5 (6.17%)

Third control scenario (no
frustrating events)

8 (9.88%)

Total violations 28 (4.94%)
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70,000 pseudo-random draws were generated for each latent
variable (trait anger and 7 state anger latent variables). The number
of drawswas varied (by increments of 10,000) until the differences
in the obtained parameter estimates were less than 10% for two
successive trials (the obtained differences between 70,000 and
80,000 draws were negligible).

The estimation results are presented in Table 2 below and are
also shown in Fig. 2 (except the constants and the standard
deviation terms).

After testing and analyzing several alternative model specifi-
cations, this model was found to have the highest explanatory
power, since most of the variables of interest were significant and
their signswere intuitive. The final log-likelihood of themodel was
equal to �300.321 and the final gradient form was equal to
+1.381e-3.

3.6. Analysis of results

3.6.1. Choice model
The alternative specific constant in the utility equation of

crossing is negative and statistically significant, implying that

subjects are not likely to violate a red light (assuming the rest of the
utilities are the same).

The coefficient of state anger is positive, implying that subjects
become more likely to violate a red light as they experience this
anger. This is in accordance with the findings of Shinar (1998)
stating that the anger resulting from frustrating events (short
green intervals, congestion, etc.) causesmore red light violations at
signalized intersections. In another driving simulator based study,
Abdu et al. (2012) concluded that state anger encourages drivers to
violate yellow lights.

These two parameters are both statistically significant at the
95% level of confidence.

3.6.2. State anger–structural equations
The coefficient of trait anger is positive, which supports the

state–trait anger theory stating that individuals with higher trait
anger tend to experience state anger more intensely. This is in
accordance with the findings of Deffenbacher et al. (2003), who
state that high anger drivers (drivers with high levels of trait
driving anger) are more likely to engage in moving violations
compared to low anger drivers.

Table 2
Estimation results for the dynamic hybrid choice model.

Choice model (binary choice whether or not to violate a red light)

Parameter/variable Parameter estimate Robust standard error Robust t-test p-value

ASC cross �2.96 0.250 �11.85 <0.01
State anger–specific to cross alternative 1.23 0.252 4.89 <0.01

State anger–structural equations

Parameter/variable Parameter estimate Robust standard error Robust t-test p-value

Trait anger 1.28 0.255 5.01 <0.01
Constant (intersection 1) �0.550 0.113 �4.86 <0.01
Constant (intersections 2–4) �0.309 0.0674 �4.59 <0.01
Constant (intersection 6) �0.110 0.115 �0.95 0.34
Constant (intersection 8) �0.246 0.0602 �4.09 <0.01
Constant (intersection 9) �0.196 0.0582 �3.37 <0.01
Violations by other vehicles 0.123 0.0554 2.22 0.03
Intersection blockage by perpendicular traffic 0.125 0.0676 1.84 0.07
Short green interval and violations by other vehicles 0.0137 0.106 0.13 0.9
Short green interval and intersection blockage 0.0308 0.0671 0.46 0.65
Previous anger 0.209 0.0576 3.63 <0.01

State anger–measurement equations

Parameter/variable Parameter estimate Robust standard error Robust t-test p-value

aSA,2 (constant–max. Speed) 0.0719 0.0076 9.46 <0.01
aSA,3 (constant–max. Acc.) 0.0214 0.0219 0.98 0.33
lSA,2 (Factor loading–max. speed.) 0.383 0.0134 28.63 <0.01
lSA,3 (factor loading–max. acc.) 0.333 0.0331 10.05 <0.01

Trait anger–measurement equations

Parameter/variable Parameter estimate Robust standard error Robust t-test p-value

lTA,2 (factor loading–survey indicator 2) 0.633 0.261 2.42 0.02
lTA,3 (factor loading–survey indicator 3) 1.28 0.328 3.91 <0.01

Standard deviation of disturbances and error terms

Parameter/variable Parameter estimate Robust standard error Robust t-test p-value

sh (trait anger–structural equation) 0.484 0.0881 5.50 <0.01
se1 ¼ se6 ¼ se9 (state anger–structural equations) 0.354 0.0872 4.05 <0.01
se2 ¼ se3 ¼ se4 (state anger–structural equations) 0.280 0.0353 7.93 <0.01
se8 (state anger–structural equation) 0.194 0.0645 3.01 <0.01
sv1 (std. dev. of speed) 0.320 0.0226 14.16 <0.01
sv2 (max. speed) 0.0627 0.00477 13.14 <0.01
sv3 (max. acceleration) 0.325 0.0251 12.93 <0.01
sn1 (survey indicator 1) 0.778 0.0576 13.51 <0.01
sn2 (survey indicator 2) 0.952 0.0920 10.34 <0.01
sn3 (survey indicator 3) 1.04 0.0746 13.89 <0.01
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The coefficient of previous anger is also positive, which implies
that as the state anger experienced at a specific intersection
increases, the state anger at the following intersection increases too.

These two coefficients are statistically significant at the 95%
level of confidence.

Comparing the constant terms in the structural equations of
the state anger variables, the smallest coefficient appears in
the equation of the first intersection, implying that subjects
experience the lowest anger levels at the first intersection.

Since Eq. (13) is normalized for the “short green” scenario, it
can be concluded from the positive coefficients of “blocked
intersection” and “violations” that these scenarios induce more
frustration compared to the short green scenario. The impact of
the “violations” scenario is significantly different from that of
short green (the difference is statistically significant at the
95% level of confidence), while the impact of the “blocked
intersection” scenario is only significantly different at the 90%
level of confidence. A possible explanation for this may be that
scenarios involving interaction with other vehicles (blocked
intersection and violations) may trigger more driving anger than
scenarios where such interactions are not present (short green).
In a simulator experiment studying aggressive driving behavior,
Matthews et al. (1998) concluded that aggression predicts
performance primarily in the case of active interaction with
other traffic.

On the other hand, the estimated parameters of the two
combinations of scenarios (combination B and combination C)
appeared to be statistically insignificant, which means that no
significant differences were observed between these two
combinations and combination A. Furthermore, the t-test was
used to show that the difference between the coefficients of
combination B and combination C was also insignificant (t-
statistic = 0.44). However, this might be because of the small
sample sizes which were used in the estimation of these
parameters (unlike the three individual scenarios mentioned

above, each of these combinations was experienced by only one
third of the sample).

3.6.3. State anger–measurement equations
Both factor loadings (lSA,2 and lSA,3) are positive, which implies

that the more the subjects experience state anger, the more they
tend to have higher values of maximum speed and maximum
acceleration following the events that trigger anger. These two
parameters are statistically significant at the 95% level of
confidence. This is also in accordance with the findings of Abdu
et al. (2012), who concluded that state anger increases the chances
of risk taking and particularly speeding.

3.6.4. Trait anger–structural equations
As mentioned earlier, individual characteristics (namely age

and gender) were not significant predictors of trait anger.
Although this result was not expected, it is consistent with
some studies on anger and aggressive driving. For example, in a
driving simulator experiment, Deffenbacher et al. (2003) found
that gender could not be related to anger, but to speed, as males
were more likely to engage in more speeding compared to
females. Similarly, in a survey experiment, Suhr and Nesbit
(2013) found no gender effects on trait anger and driving anger.
Wickens et al. (2012) also concluded that gender was not a
significant predictor of driving aggression, and that factors
predicting this aggression were the same for males and females.
As for age, no solid conclusions can be drawn from the results
because of the age homogeneity across the sample (most
participants were young students with their ages ranging
between 18 and 22).

3.6.5. Trait anger–measurement equations
Both factor loadings (lTA,2 and lTA,3) are positive, which implies

that the more the subjects exhibit trait anger, the higher their
survey responses are expected to be, indicating a higher propensity

[(Fig._2)TD$FIG]

Fig. 2. Estimation results with t-statistics shown in parentheses (* indicates that the variables blocked intersection and violations/combination B and combination C are
compared to short green/combination A; constants and standard deviations are not shown in the figure).
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towards violations. These two parameters are statistically signifi-
cant at the 95% level of confidence.

3.7. Comparison to simpler traditional models

In order to demonstrate the robustness of this model and its
relevance to studying aggressive driving behavior, it was compared
to a simpler jointmodel consisting of a simple latent variablemodel
(representing trait anger), a choice model, and three regression
models (pertaining to the three observed driving behaviors
previously used as indicators of state anger). The corresponding
equations were estimated simultaneously and frustrating events
were explicitly used as independent variables in the choice and
regressionmodels rather thanpredictors of state anger. That is, state
angerwas not explicitlymodeled as a dynamic latent variable. Fig. 3
below illustrates the framework of the simpler joint model.

The model was estimated in Python Biogeme using numerical
integration (since simulation was not needed as for the integrated
dynamic model since there is only one latent variable, trait anger,
in the simpler model). Compared to the dynamic hybrid choice
model, this model had more parameters because the coefficients
of trait anger and scenario variables were different in the four
sub-models (the choice model and the three regression models).
The results of this model are presented in Appendix A.

The two models were compared based on the adjusted-rho bar
squared (r2) and the Akaike Information Criterion (AIC) (Akaike,
1973, 1974). These two statistics account for model complexity by
penalizing the models for additional estimated parameters as
shown in Eqs. (15) and (16).

r2 ¼ 1� L b�� �� K
Lð0Þ (15)

AIC ¼ �2Lðb�Þ þ 2K (16)

where K represents the number of estimated parameters, L(b*)
represents the final log-likelihood, and L(0) represents the
log-likelihood of the model where all parameters are zero. The
results of this comparison are presented in Table 3 below.

The results indicate that the adjusted rho-bar is larger for the
dynamic hybrid choicemodel, while its AIC statistic is smaller. This
indicates that it has a better goodness-of-fit.

4. Discussion

4.1. Contributions and policy implications

The proposed modeling approach has several theoretical and
practical contributions. The main theoretical contribution of this
study is the implementation of a dynamic hybrid choice model in
the context of aggressive driving. This framework allows us to
quantify aggressiveness as a function of covariates and model its
evolution over successive time periods. Hence, it enables us to
forecast successive choices and variables that are affected by
aggressive driving such as speeding and red light violations.

The developed model framework also contributes to the
emerging literature on dynamic hybrid choice models (e.g.,
Choudhury, 2007; Choudhury et al., 2010; Vij 2013). Based on
the frameworks proposed by Toledo (2003) and Choudhury (2007),
this model considers that drivers’ actions depend on an unob-
served state, which is state driving anger. The current model also
uses a Hidden Markov Model to represent transition probabilities
among the different states. Therefore, this model is also able to
capture the three interdependencies stated by Toledo (2003):

1. Causality: where drivers’ actions and behaviors are conditional
on the state anger at a given time period;

2. Unobserved variables: where state anger and trait anger are
modeled as latent variables; and

3. State dependency: where Hidden Markov Models are used to
consider the transition from one state to another.

Unlike the models proposed by Toledo (2003) and Choudhury
(2007), this model treats aggressiveness as a dynamic latent

Table 3
Model comparison.

Statistic Simpler joint
model

Integrated dynamic hybrid choice
model

Final log-likelihood �447.32 �300.321
Number of parameters (K) 44 29
Adjusted rho-bar squared
(r2)

0.79 0.87

Akaike information
criterion (AIC)

982.64 658.64
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Fig. 3. Modeling framework for the simpler joint model.
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variable depending on the experienced frustrating events and
the previous state anger. In addition, while Toledo (2003),
Choudhury (2007), Choudhury et al. (2010), and Vij (2013)
considered discrete latent plans, the current model treats state
anger as a continuous latent variable, and measured using
continuous indicators. For example, rather than considering two
discrete states of anger (whether a driver is angry or not angry),
the proposed model considers to what extent a driver would
be angry.

As for practical contributions, this approach can be used in
order to enrich driving behaviormodels, which are often calibrated
using video trajectory data only, by including data on drivers’
socio-demographics, attitudes, and driving habits. The data
collection approach used in this experiment (driving simulation),
and other emerging approaches (such as naturalistic driving
experiments where data on the subject drivers are available)
facilitate the collection of these comprehensive data, which
allows the estimation of advanced behavioral models that
incorporate both the driving environment variables and the
drivers’ characteristics in order to explain driving behavior and
aggressiveness.

This modeling framework can also be used to study the extent
to which different factors contribute to state anger and aggressive
driving. For example, the model used in this study examined the
effects of three of these factors (short green intervals, intersection
blockages, and ambient red light violations). A similar model can
consider a different set of independent variables affecting state
anger depending on the context. These factors can either be
frustrating events (such as random pedestrian crossings, sudden
braking of a leading vehicle, etc.), or other factors related to traffic
characteristics, geometric characteristics, law enforcement factors,
land use characteristics, and other factors thatmay also instigate or
contribute to anger while driving (such as bottlenecks, time
pressure, traffic congestion, etc.). For example, Hamdar et al.
(2008) study the effects of other factors affecting aggressive
driving at signalized intersections such as the number of heavy
vehicles, number of crossing pedestrians, number of lanes,
intersection grade and angle, presence of cameras and other
enforcement measures, and other timing and performance
characteristics. As such, this model can be used to test hypothetical
scenarios and perform policy analysis to test the effectiveness of
aggression mitigation measures by predicting the resulting
changes in driving behavior if these factors were eliminated or
changed.

In addition, the model results provide useful insights for
policy makers regarding the prioritization of policy measures. For
instance, the three scenarios in the application above were chosen
because of their frequent occurrence in Beirut. The results indicated
that the blocked intersection scenario had the highest impact on
state anger, and thus policy makers should primarily focus on
treating intersections at which blockages occur frequently.

The quantitative analysis of these interventions can contribute
significantly to improving road safety, especially that the observed
manifestations of aggressive driving (drivers' choices and indica-
tors of state anger) are often associated with accidents and
fatalities. For example, speeding, which was a significant outcome
of driving anger in this study, is involved in about one third of the
total crash fatalities in the United States (NHTSA, 2007). Similarly,
red light violations cause 700–1000 fatalities each year in the
United States, accounting for about 10% of the total intersection
fatalities (FHWA, 2009).

The robustness of the proposed model is substantiated by the
findings of its application to the driving simulator experiment
mentioned above. Even though the numerical findings are sample
specific and cannot be generalized, they are consistent with the
premises of the state–trait anger theory (which states that

individuals who exhibit higher levels of trait anger tend to
experience state anger more frequently and intensely) and other
findings on effects of state and trait anger on driving behavior
(stating that speeding, acceleration, and moving violations are
correlated with state anger).

4.2. Comparison to simpler models

Compared to the proposed dynamic hybrid choice model, the
simpler joint model does not capture interdependencies and
causal relationships between the different manifestations of state
anger. In addition, this model does not capture the effect of anger
intensification; the predicted probability of a red light violation is
identical at all control intersections, and at all intersections
experiencing a specific event regardless of the intersection number
or the events experienced before.

On the other hand, the integrated model disaggregates the
causal relationship by representing anger as a result of scenario
variables, and representing driving behavior and red light
violations as a function of this state anger which at a given time
step is influenced by state anger in a previous time step. Thismodel
also has a smaller number of estimated parameters and an overall
better goodness of fit according to the adjust rho-bar squared and
AIC statistics.

On the other hand, the simpler joint model has some
advantages compared to the integrated dynamic model. Since
frustrating events are directly used as independent variables in the
choice and regressionmodels, these models are able to account for
other factors affecting drivers’ choices and behavior. For example,
the ambient traffic violations scenariomight not have caused anger
only; driversmight have felt that their violation is justified because
others are violating too. Therefore, this model predicts that more
red light violations will occur in this scenario, while the dynamic
hybrid model indicates that red light violations are most likely to
happen at the blocked intersection scenario (where state anger is
experienced the most). However, this could have also been
captured in the dynamic hybrid model by including the scenario
variables also in the utility andmeasurement equations in addition
to including them in the state anger equation. In addition, these
simpler models can be estimated through numerical integration.
Therefore, the time required for their estimation is significantly
shorter than that needed to estimate the dynamic hybrid choice
model.

4.3. Limitations

The adopted modeling approach has some theoretical and
practical limitations. While state anger is thought to change
continuously with time, this model only considers its variations at
discrete intervals or periods. As a consequence, the spacing of
these discrete intervals might affect the validity of the results. In
the above application, these intervals were approximately
constant throughout the experiment as the intersections were
equally spaced. However, further modeling considerations are
needed to account for continuous (or variable discrete) time
representations.

Unlike the integrated driving behavior models mentioned
above, this model does not account for interactions with other
vehicles, and only considers unrestrained driving behavior. This
limitation was accounted for in the driving simulator experiment,
where ambient traffic did not interferewith the drivers' path in the
data collection sections.

In addition, some limitations were encountered in the
application of this approach to the results of the driving simulator
experiment. First, themodel was estimated using a small sample of
AUB students. Although small sample sizes are common in most
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driving simulator experiments (Papantoniou et al., 2013), they can
increase the risks of having a non-representative sample and
biased parameter estimates. However, the experimental design
and the adopted modeling approach accounted for the small
sample size used in this study since seven observations
were collected from each individual (corresponding to seven
intersections), which resulted in 567 records to be used in the
model estimation. Moreover, the model consisted of multiple
equations, and when these equations are considered separately,
the given number of participants is deemed sufficient to estimate
the small number of parameters of each equation.

Second, the results obtained from this model cannot be
generalized or used for representing general driving behavior on
the roads due to several external validity issues. The driving
behavior observed in the simulator might not be identical to
that observed on the roads; as is typical of driving simulator
experiments in general, it can be affected by several factors such as
the lack of risk perception and simulator sickness. Although
those who felt dizzy were allowed to withdraw from the
experiment in order to mitigate this effect, some subjects reported
dizziness after completing the simulator drive. In order to have
reliable results, the driving simulator needs to be validated for the
variables of interest (such as speed and acceleration). Simulator
validity is achieved either when the observed values in the
simulator are numerically identical to those observed on the road
(absolute validity), or when the same trend of an effect is observed
in the two systems (relative validity) (Blaauw, 1982; Yan et al.,
2008). Nevertheless, relative validity, which is a necessary and
sufficient condition for validity (Mullen et al., 2011) is often
achieved by most mid-level simulators.

Third, selection biases might have affected the representa-
tiveness of the sample and the accuracy of the results. The sample
included AUB students only, and thus, it might not be
representative of typical drivers (due to homogeneity among
ages, social statuses, and environment). Therefore, the results
obtained from this model are specific to the studied sample, and
cannot be generalized to typical Lebanese drivers. Furthermore,
self-selection might have also caused biases to the results, as
students who chose to participate might have a different driving
behavior compared to students who did not participate. The
exclusion of drivers who had accidents or felt dizzy might have
also resulted in selection biases. Even thoughwe could not test for
the presence of self-selection bias (as we do not have a sample of
non-participants to compare their driving behavior to), the
preliminary analysis of the survey results indicated that
participants were not inclined towards aggressive responses, as
the average value of these responses ranged between 2 and 4 on
the Likert scale (except for 5 statements where the average
ranged between 1 and 2). Nevertheless, the responses to
the survey questions might have been biased by the driving
simulator experiment. Participants might have chosen these
responses in such a way as to justify their driving behavior in the
simulator.

Finally, the model above defined an adjusted definition of trait
anger, representing “the tendency to violate”, while its original
definition according to Spielberger et al. (1983) and Deffenbacher
(1992) is “the tendency to experience anger more frequently and
intensely”. Nevertheless, the indicators used in the model were
obtained from widely recognized surveys used to quantify
aggressive driving and appeared to be directly correlated with
the observed aggressive driving behavior of the subjects.

5. Conclusion

This paper presented a mathematical framework for
predicting driving behavior and decisions based on the
state–trait anger theory. The suggested model combined latent
variable models, choice models, and a Hidden Markov Model.

Latent variable models were used in order to represent state
and trait anger. Trait anger was expressed as a stable individual
characteristic that can be measured using survey responses.
On the other hand, state anger was expressed as a latent variable
that is affected by trait anger and the occurrence of frustrating
events, and manifested in aggressive driving behavior such as
speeding, acceleration, and red light violations. The evolution of
state anger over time was represented using Hidden Markov
Chains.

The proposed framework was used to model the driving
behavior of a sample of students at the American University of
Beirut who participated in a driving simulator experiment. The
results were in accordance with the state–trait anger theory as
state anger was found to be directly dependent on trait anger;
subjects with higher trait anger are likely to experience state anger
at elevated levels. It was also found that state anger caused
students to drive faster, accelerate more, vary their speed more
often, and violate red lights. The results also indicated that the
state anger experienced by students accumulated over time, as a
portion of the state anger experienced at a time period t was
retained to the following time period t +1.

Future research should focus on applying this model to
representative samples in order to obtain generalizable results. It
should also utilize existing instruments for quantifying trait anger
(such as the DAS and DAX) in order to develop a more
representative demonstration of trait anger and state anger. In
addition, the modeling approach may be applied to study other
causes of aggressive driving such as the effect of time pressure,
congestion, unexpected delays, and other possible scenarios that
cause anger, as well as to study other possible manifestations of
aggressive driving such as lane changing. Consequently,
similar models that allow for testing policies intended for
curbing/mitigating aggressive behavior should be developed.
The model can also be used to compare the driving behavior
of different populations in cross-cultural studies. A similar
analysis is currently being conducted by the authors in
order to compare the driving behavior of students from two
different cultures: students from AUB and students from
the George Washington University (GWU), and preliminary
descriptive results from this analysis are reported in Danaf
et al. (2014).
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