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A B S T R A C T

This study employs a copula-based multivariate temporal ordered probit model to simultaneously estimate the
four common intersection crash consequence metrics – driver error, crash type, vehicle damage and injury
severity – by accounting for potential correlations due to common observed and unobserved factors, while also
accommodating the temporal instability of model estimates over time. To this end, a comprehensive literature
review of relevant studies was conducted; four different copula model specifications including Frank, Clayton,
Joe and Gumbel were estimated to identify the dominant factors contributing to each crash consequence in-
dicator; the temporal effects on model estimates were investigated; the elasticity effects of the independent
variables with regard to all four crash consequence indicators were measured to express the magnitude of the
effects of an independent variable on the probability change for each level of four indicators; and specific
countermeasures were recommended for each of the contributing factors to improve the intersection safety.
The model goodness-of-fit illustrates that the Joe copula model with the parameterized copula parameters

outperforms the other models, which verifies that the injury severity, crash type, vehicle damage and driver
error are significantly correlated due to common observed and unobserved factors and, accounting for their
correlations, can lead to more accurate model estimation results. The parameterization of the copula function
indicates that their correlation varies among different crashes, including crashes that occurred at stop-controlled
intersections, four-leg intersections and crashes which involved drivers younger than 25. The model coefficient
estimates indicate that the driver’s age, driving under the influence of drugs and alcohol, intersection geometry
and control types, and adverse weather and light conditions are the most critical factors contributing to severe
crash consequences. The coefficient estimates of four-leg intersections, yield and stop-controlled intersections
and adverse weather conditions varied over time, which indicates that the model estimation of crash data may
not be stable over time and should be accommodated in crash prediction analysis. In the end, relevant coun-
termeasures corresponding to law enforcement and intersection infrastructure design are recommended to all of
the contributing factors identified by the model. It is anticipated that this study can shed light on selecting valid
statistical models for crash data analysis, identifying intersection safety issues, and helping develop effective
countermeasures to improve intersection safety.

1. Introduction and motivation

In the United States, improving traffic safety by reducing crashes
has continuously been a prominent goal of transportation agencies due
to the huge societal and economic losses caused by motor vehicle cra-
shes. Statistics show that motor vehicle crashes lead to more than 90

deaths per day (National Highway Traffic Safety Administration
(NHTSA, 2015) and $230.6 billion losses per year (Governors Highway
Safety Association (GHSA, 2009). Therefore, there is an urgent need to
identify the relevant contributing factors of varied crash outcomes and
to implement effective safety strategies and countermeasures to reduce
crash occurrence and minimize crash consequences.
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In the past few decades, injury severity - determined based on the
victim’s responses, descriptions, and complaints, and the police officer’s
judgment after the crash has been considered as one of the most critical
crash outcome indicators/metrics for motor vehicle crashes and has
been modeled to identify the effects of contributing factors on driver
injuries (Wang et al., 2015). One objective indicator – the extent of
vehicle damage based on the destruction/deformation of the vehicle
involved in the crash – has also been used to represent the crash con-
sequence as a supplement of injury severity (Wang et al., 2015; Wang
and Qin, 2014; Qin et al., 2013a, b). Furthermore, due to the ex-
pectation that specific collision types, such as head-on and sideswipe,
have significant impacts on the injury level suffered by drivers or pas-
sengers (Yasmin et al., 2014a, 2014b), researchers have explored the
usage of crash type as the crash outcome. Despite the different crash
indicators used, it is well acknowledged that driver error is a key
contributor to crashes and fatalities especially for intersections, due to
the fact that approximately 90% of motor vehicle crashes are caused by
driver errors (Wang and Qin, 2015). In addition, driver error is highly
correlated with other crash contributing factors such as human char-
acteristics, roadway characteristics, environmental factors and vehicle
factors etc., therefore reducing the driver error by implementing
countermeasures related to those factors can help mitigate preventable
crashes. Considering the significant associations between driver error
and injury severity, driver error has been increasingly modelled to
identify the crash contributing factors, and used along with other three
indicators to investigate the crash consequences and factors leading to
crash occurrence (Wang and Qin, 2015). Although previous studies
have been implemented to estimate one or two of these four metrics, no
research has focused on simultaneously modelling them and exploring
their complicated interrelationships due to the common unobserved
attributes in crash data. In this study, we propose a multivariate copula
approach to simultaneously model the four crash indicators – injury
severity, crash type, vehicle damage and driver error – to identify the
factors contributing to intersection crash consequences and explore the
potential correlations among them using different copula formulation
and parameterization strategies.

2. Previous research and current study in context

2.1. Injury severity literature

Discrete response models have extensively been employed by re-
searchers to explore the relationship between driver, environmental,
roadway, traffic and vehicle attributes and injury severity suffered by
drivers/passengers. The multinomial logit (MNL) and multinomial
probit (MNP) models are the two most common approaches when in-
jury severity is treated as a non-ordinal indicator (Qin et al., 2013a,
2013b, Dissanayake, 2004; Ye and Lord, 2011; Ghulam et al., 2012; Wu
et al., 2013). The ordered logit (OL), ordered probit (OP) and gen-
eralized ordered models are widely used when injury severity is treated
as an ordinal indicator (Qin et al., 2013a, b; Eluru et al., 2008; Yasmin
et al., 2014a, b; Eluru, 2013; Yasmin and Eluru, 2013).
Traditional logit/probit models have assumed constant parameters

across all crashes, which might not always be true due to the un-
observed heterogeneity in the crash data (Mannering et al., 2016;
Savolainen et al., 2011). In order to account for the data heterogeneity,
sophisticated statistical models have been developed to estimate injury
severity, including the markov switching multinomial logit (MSMNL)
model (Malyshkina and Mannering, 2009; Ivan and Konduri, 2018), the
random parameter model (Qin et al., 2013a, b;Ye and Lord, 2011;
Yasmin and Eluru, 2013; Milton et al., 2008; Kim et al., 2010; Wu et al.,
2014; Lee et al., 2018), the latent segmentation model (Yasmin et al.,
2014a, b), the finite mixture model (FMM) or latent class clustering
(LCC) model (Ma et al., 2016; Depaire et al., 2008; Zhao et al., 2018)
and spatio-temporal models (Liu and Sharma, 2018). In order to ac-
commodate the influence of latent/unobserved variables on injury

severity and capture the interrelationships among variables when they
interact in indirect and complicated ways in crash data, the structural
equation modeling (SEM) has also extensively been investigated in in-
jury severity analysis (Wang and Qin, 2014; Ye and Lord, 2011; Hassan
and Abdel-Aty, 2012; Hamdar et al., 2008; Lee et al., 2008; Xie et al.,
2018). A detailed discussion of numerous discrete response models that
are currently being used in injury severity estimation can be referred to
in Savolainen et al. (2011) and Washington et al. (2011).

2.2. Vehicle damage literature

As mentioned earlier, the extent of vehicle damage mainly based on
the destruction and deformation of the vehicle involved in the crash,
which can be easily seen and measured – has been used as a comple-
ment to injury severity to characterize the crash outcome. Of these
studies, Wang et al. (2015) indicated that the vehicle damage level is
significantly associated with the environmental, roadway, traffic and
crash attributes. A study conducted by Wang and Qin (2014) verified
that the vehicle damage is highly correlated with the vehicle speed
when the crash occurred in single-vehicle crashes. Quddus et al. (2002)
found the factors that are most likely to increase the vehicle damage
level in motorcycle crashes include increased engine capacity, headlight
not turned on during daytime, collisions with stationary objects, driving
during early morning hours, having a pillion passenger and when the
motorcyclist is determined to be at fault for the accident. Huang et al.
(2008) created a binary response variable by combining both injury
severity and vehicle damage indicators to identify the significant factors
affecting crash severity. The study found that crashes that occur in the
night time, at T/Y type intersections, and in the right-most lane as well
as those that occur at intersections where red light cameras are installed
lead to more severe consequences. Although numerous studies suc-
ceeded in identifying the primary factors contributing to vehicle da-
mage levels, a limited number of research studies have been conducted
to explore the potential protection to vehicle occupants offered by the
vehicle design. This may be due to the fact that many modern vehicles
are designed to sustain a large percentage of damage to absorb energy
to protect vehicle occupants. Qin et al. (2013a,b) found that the vehicle
damage is an unbiased indicator of kinetic energy in crashes, and ver-
ified that the vehicle deformation in some crashes can serve to absorb
or deflect the impact energy caused by collisions and minimize the
forces transferred to occupants.

2.3. Crash type literature

Due to the expectation that specific collision types, such as head-on
and sideswipe, have significant impacts on the injury level suffered by
drivers or passengers (Yasmin and Eluru, 2014), researchers have ex-
plored the usage of crash type as the crash outcome and identified the
contributing factors on crash type. The research conducted by Yasmin
et al. (2014a,b) indicated that the crash type can be associated with
driver, vehicle, roadway design and environmental characteristics. Ye
et al. (2008) found that the presence of curves, traffic controls, time of
day, weather conditions and driving under the influence of alcohol
(DUI) are the main contributors to different crash types for two-vehicle
crashes. Rana et al. (2010) modeled the crash type using the driver,
roadway, environmental, crash and vehicle factors, and found the crash
type propensity differs among different crash conditions. Bham et al.
(2012) examined the contributing factors to angular, head-on, rear-end
and sideswipe crashes, and illustrated that the risks associated with
different crash types are significantly varied by different vehicle actions
when the crash occurred, including whether the vehicle was changing
lanes and merging on undivided and divided highways, travelling on a
curve, driving on a wet road surface or avoiding objects.
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2.4. Driver error literature

Despite the different crash indicators used, it is well acknowledged
that driver error is a key contributor to crashes and fatalities, due to the
fact that approximately 90% of motor vehicle crashes are caused by
driver errors (Wang and Qin, 2015). In order to effectively reduce the
possibility of crash occurrence, research has focused on studying driver
errors to help identify countermeasures to mitigate crash consequence.
Studies concluded that drivers over 60 years of age are prone to failing
to stop or failing to yield the right-of-way at intersections (Keay et al.,
2009; Braitman et al., 2007). Female, young, and high-income drivers
were found to be more likely to be involved in distracted driving (Zhao
and Khattak, 2017). Lord et al. (2007) indicated that older drivers are
most likely to drive under the influence due to the medication use and
disability. Yang and Najm (2007) found that younger drivers tend to
violate red signals more often than others due to their more aggressive
and risky driving behavior. A study conducted by Papaioannou (2007)
confirmed that female drivers are less likely to violate the yellow sig-
nals and are more likely to driver slower than male drivers. Devlin et al.
(2011) concluded that the probability of failing to notice traffic signals
increases at both vertical and horizontal curves. Bonneson et al. (2003)
suggested that heavy vehicles are prone to running the red light at in-
tersections. Wang and Qin (2015) examined the key contributors to
driver errors at uncontrolled, sign-controlled and signalized intersec-
tions, and provided countermeasures involving engineering, enforce-
ment and education for each type of driver error. Shaon et al. (2018)
explored the typical contributors to driver errors on highway segment,
which can help researchers and safety professionals to develop cost-
effective preventive countermeasures.

2.5. Copula model literature

Recently, extensive attention has been paid to the potential corre-
lations between indicators due to both common observed and un-
observed factors, when the indicators are simultaneously modelled.
Ignoring the correlations may result in incorrect and biased coefficient
estimates (Washington et al., 2011). The copula based model has been
increasingly employed in transportation research to address this issue
because the copula model can jointly model the indicators while also
accounting for their interrelationships through a copula structure. Of
these studies applying the copula based model, Pourabdollahi et al.
(2013) jointly estimated the choice of freight mode and shipment size.
Sener et al. (2010) examined the physical activity participation for all
individuals within the same family. Eluru et al. (2010) modelled the
injury severities suffered by all occupants involved in a crash. Rana
et al. (2010) and Yasmin et al. (2014a, b) simultaneously investigated
the crash type and injury severity. Wang et al. (2015) jointly modelled
the injury severity and vehicle damage for two-vehicle crashes. Wali
et al. (2018) simultaneously estimated the injury severity of at-fault and
not-at-fault drivers in head-on collisions. Laman et al. (2018) extended
the traditional two-dimensional copula framework to a three-dimen-
sional model, and simultaneously modelled the reporting, response and
clearance time after a crash occurred.

2.6. Current study in context

This study attempts to jointly model the four crash consequence
metrics – injury severity, crash type, vehicle damage and driver error –
and is mainly built upon several previous research studies conducted by
the authors. These research studies examined the interrelationships
between two of the four indicators. A previous study authored by
Yasmin et al. (2014a, b) simultaneously modelled the injury severity
and crash type by accounting for their potential correlations. The study
verified that the injury severity and crash type are significantly corre-
lated, and the correlation varies among different collisions types. The
study conducted by Wang et al. (2015) jointly modelled the injury

severity and vehicle damage for two-vehicle crashes. The study illu-
strated that the injury severity and vehicle damage are highly corre-
lated, and their correlation varies among different crash characteristics,
including manners of collision and collision types. Wang and Qin
(2015) explored the interrelationships between the injury severity and
driver error using both the statistical model and data mining tech-
nology, and found severe driver errors, such as reckless driving and
disregard of traffic signals, are prone to lead to more severe injury se-
verity.
Considering the varied and complicated interrelationships among

the injury severity, crash type, vehicle damage and driver error, it is
desirable to propose a joint approach to simultaneously model the four
metrics to identify the factors contributing to intersection crash con-
sequences by accounting for their potential correlations due to common
observed and unobserved factors. Furthermore, research has ex-
tensively drawn attention to investigate the temporal instability of
statistical models for crash data analysis over time. A recent study
conducted by Mannering (2018) indicates that the temporal instability
is likely to exist in crash prediction models using multi-year crash data,
and should be accommodated in crash data analysis. To this end, this
study presents a multivariate copula modeling with a four-dimensional
dependent variable. To accommodate the correlation variations, the
error correlation part of the copula model was examined using different
copula formulations and parameterization strategies (i.e. the de-
pendency parameter is allowed to vary across observations). To account
for the temporal instability of model estimation, the model was esti-
mated using not only the independent variables individually, but also
the interaction variables between the year and each of the other vari-
ables.
The remainder of this paper is organized as follows. The next section

presents the multivariate copula model and the estimation approach.
The fourth section describes the data collection and preparation. The
fifth section compares the model goodness-of-fit and prediction per-
formance. The sixth section analyzes the model estimation results. The
safety countermeasures are recommended in the seventh section. The
concluding remarks are provided in the final section.

3. Methodology

3.1. Ordered probit model framework

Let i (i=1, 2, …, I) be the index for two-vehicle crashes at inter-
sections, j (j=1, 2, …, J) be the index for the driver error, k (k=1, 2,
…, K) be the index for the crash type, p (p=1, 2, …, P) be the index for
the vehicle damage, and q (q=1, 2, …, Q) be the index for the injury
severity. Using the ordered probit formulation, the driver error level (yi)
at intersection i can be specified with a propensity latent variable (yi*)
as:

= + = < <xy y j if y, ,ii i i j ij j
*

1
*

(1)

where xi is a column vector of independent variables, is a column
vector of parameters to be estimated, and i is a random error term
which follows a standard normal distribution. j = = +( , )J0 is
the threshold associated with driver error level j, with the ordinal
nature as: < < < … < < +( )J1 2 1 . The resulting probability
of the jth driver error level in the ith crash can be written as:

= = x xy jPr( ) ( ) ( )i ii j j 1 (2)

where ( ) is the cumulative standard normal distribution.
Similarly, the crash type level (ui) for crash i can be specified with a

propensity latent variable (ui*) as:

= + = < <xu u k if u, ,ii i i k ik k
*

1
* (3)

where is the column vector of parameters to be estimated, i is also a
random error term which follows a standard normal distribution, k is
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the threshold related to the kth crash type level. The probability of the
kth crash type level can be written as:

= = x xu kPr( ) ( ) ( )i ii k k 1 (4)

where ( ) is the cumulative standard normal distribution.
The injury severity level (mi) for crash i can be represented with a

propensity latent variable (mi*) as:

= + = < <xm m q if m, ,ii i i q iq q
*

1
* (5)

where is the column vector of parameters to be estimated, i is a
random error term which follows a standard normal distribution, q is
the threshold related to the qth injury severity level. The probability of
the qth injury severity level can be written as:

= = x xm qPr( ) ( ) ( )i ii q q 1 (6)

where ( ) is the cumulative standard normal distribution.
The vehicle damage level (ni) for crash i can be denoted with a

propensity latent variable (ni*) as:

= + = < <xn n p if n, ,ii i i p ip p
*

1
* (7)

where is the row vector of parameters to be estimated, i is a random
error term which follows a standard normal distribution, p is the
threshold related to the pth vehicle damage level. The probability of the
pth vehicle damage level can be written as:

= = x xn pPr( ) ( ) ( )i ii p p 1 (8)

where ( ) is the cumulative standard normal distribution.

3.2. Multivariate copula model

To simultaneously model the four indicators, the dependency
among the four-dimensional dependent variable is accommodated by
their error terms (i.e. i, i, i, and i) in Eqs. (1,3,5, and 7). The joint
probability function of involving the jth driver error level, kth crash type
level, qth injury severity level and pth vehicle damage level for crash i
can be expressed as (Laman et al., 2018):

= = = =

=

< <
< <
< <
< <

x x
x x
x x
x x

y j u k m q n p

Pr

Pr( , , , )

[( )],
[( )],
[( )],
[( )]

i i

i i

i i

i i

i i i i

j i j

k i k

q i q

p i p

1

1

1

1 (9)

The Eq. (9) can be written as (Laman et al., 2018):

= = = =y j u k m q n pPr( , , , )i i i i

=

< <
< <

= = = =

+ + +

+ +

+ +

x x
x x

Pr

( 1)

, ,
,

i i

i i

a b c d

a b c d

i j a i k b

i q c i p d

1

2

1

2

1

2

1

2

1 1

1 1 (10)

The copula is a function to link the dependency among multiple
variables by generating a multivariate distribution, and can be defined
as (Bhat and Eluru, 2009):

… = < < < … <C Pr H H H H( , , , , ) ( , , , , )t T t1 2 3 1 1 2 2 3 3 (11)

where is a copula parameter representing the dependency among
indicators.
The Eq. (10) can be written as (Laman et al., 2018):

= = = =y j u k m q n pPr( , , , )i i i i

=
= = = =

+ + +
+ + + +C( 1) [ ( , , , )]

a b c d

a b c d
j a k b q c p d

1

2

1

2

1

2

1

2

1 1 1 1i
(12)

In order to account for the correlation variations of the four in-
dicators, in this study, the copula parameter i is allowed to vary among
different crashes and is estimated using the independent variables:

= xC f ( )igi (13)

where is the column vector of coefficients for the copula parameters to
be estimated, and fg is the functional form of copula structure. In this
study, four commonly used Archimedean copula structures are tested.
They are Frank, Clayton, Joe and Gumbel copulas (Bhat and Eluru,
2009; Yasmin et al. (2014a); (2014b)). Based on the permissible ranges
of the dependency parameter in the copula model, different functional
forms are assumed for the parameterization of the four copula struc-
tures in the analysis. The functional forms for them are assumed as

= xf exp ( )iFrank Clayton/ and = +xf exp ( ) 1iJoe Gumbel/ . Details about
these copula structures can be found in Bhat and Eluru (2009); Sener
et al. (2010); Eluru et al. (2010) and Yasmin et al. (2014a); (2014b).
Overall, the parameters to be estimated in the copula model are

, , , , , , , andj k q p . The likelihood function can be expressed
as:

= = = = =
= = = = =

L y j u k m q n p[Pr( , , , )]
i

I

j

J

k

K

q

Q

p

P

i i i i
1 1 1 1 1

jkqp

(14)

where jkqp is a dummy indicator variable with value 1 if the crash i has
the jth level of driver error, kth level of crash type, qth level of injury
severity and pth level of vehicle damage, and 0 otherwise. The coeffi-
cients are estimated by maximizing the likelihood function of Eq. (14)
through the GAUSS programming package. A detailed discussion of the
copula model estimation routines is available in Bhat and Eluru (2009).

4. Data preparation and analysis

In this study, the copula model was estimated using the two-year
(2016–2017) intersection crash data collected from the Connecticut
Crash Data Repository Connecticut Crash Data Repository (CTCDR),
(2018) and only two-vehicle crashes were considered. After removing
those with missing attributes, 20,917 intersection crashes were used in
this study, of which 10,542 crashes occurred in 2016, and 10,375 oc-
curred in 2017. With regard to the model estimation, eighty percent of
crashes were randomly selected as the estimation datasets, which were
used in estimating the model coefficients; the remaining twenty percent
crashes were treated as the validation datasets, which were used to
evaluate the model prediction performance. Table 1 presents the sum-
mary statistics of the variables selected in estimating the copula model.
The last four rows of the table include the four crash consequence in-
dicators which are treated as the four dependent variables in the copula
model. To obtain sufficient observations in each level of different in-
dicators, injury severities were categorized into three levels. They are
1) PDO (property damage only) crashes; 2) B (suspected minor injury)
or C (possible injury) crashes; and 3) A (suspected serious injury) or K
(fatal) crashes. Crash types were also categorized into three ordinal
levels based on the original travel direction of involved vehicles and the
collision angle (Wang et al., 2017, 2018). They are 1) same-direction
crash (SDC) type, which includes turning-same direction crashes,
sideswipe-same direction crashes and rear-end crashes; 2) intersecting-
direction crash (IDC) type, which includes turning-intersecting crashes
and angle crashes; and 3) opposite-direction crash (ODC) type, which
includes turning-opposite direction crashes, sideswipe-opposite direc-
tion crashes and head-on crashes. According to the Model Minimum
Uniform Crash Criteria (MMUCC) guideline (2017), vehicle damage
levels were categorized into three levels, i.e. 1) none (no damage) or
minor (cosmetic damage) damage; 2) moderate (broken or missing
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parts) damage; and 3) disabling (salvageable or total loss) damage.
Referring to the study conducted by Wang and Qin (2015), driver errors
were categorized into four ordinal levels based on the severity of vio-
lation. They are 1) no or minor errors; 2) improper driving errors which
are traffic infractions that are punishable by a fine of no more than
$500, including improper overtaking, improper turning, or driving too
fast for the road conditions; 3) careless driving errors which are nor-
mally defined as unintentionally operating a vehicle in an offensive and
negligent manner, including following too close, failure to keep the
vehicle under control, inattentive driving, left of center or unsafe
backing; and 4) reckless driving errors which are usually defined as
intentionally break the traffic rules, including disregard of traffic con-
trols, failure to yield and exceeding the speed limit.
The upper panel of Table 1 lists the contributing factors selected

from the crash data. The factors were categorized into four groups.
Driver characteristics include the age and gender of the driver, and
whether the driver was driving under the influence of alcohol or drugs.
Highway and traffic characteristics include the crash occurrence time
and the intersection design related geometries. Environmental char-
acteristics include the weather, light and road surface conditions when
the crash occurred. Vehicle characteristics include the type of vehicle
involved in the crash.

5. Model comparison and selection

The empirical analysis involves estimation of models in two dif-
ferent stages. In the first stage, we estimated independent models by
considering the un-pooled sample and pooled sample. The un-pooled
models were estimated by considering the data sample for different
years separately, while the pooled models were estimated by con-
sidering data sample for both years together. Further, in the pooled
independent models, interactions of exogenous variables with the year
indicator dummy were utilized to control the effects of year varying
variable. Then we compared the performance of these independent
models based on the Bayesian Information Criterion (BIC). The BIC
(log-likelihood, number of parameters) values at convergence for the
un-pooled and pooled independent models are 113,449.56 (-56,163.58,
116) and 113,031.55 (-56,201.31, 65), respectively. The comparison
exercise clearly highlights the superiority of the pooled independent
models in the current study context. In the second stage of the empirical
analysis, we estimated joint models building on the pooled independent
models by employing the copula structure. For simplicity, in the fol-
lowing sections, we referred the pooled independent model as the in-
dependent model. As mentioned earlier, four types of copula models
were estimated and compared with the independent model. In order to
account for the variations of the correlations among the four crash
consequence indicators, each copula model was estimated using both a
constant and a parameterized copula structure. The upper panel of
Table 2 presents the performance of both the independent model and
four copula models using the estimation datasets. The Joe copula model
with parameterized copula structure outperforms the other models
based on the goodness-of-fit (with the highest Log-Likelihood value,
and the lowest AIC and BIC values). The lower panel of Table 2 shows
the comparison of model prediction performance between the in-
dependent model and the Joe copula model with parameterized copula
structure, using the validation datasets. It verifies that the para-
meterized Joe copula model favors the independent model in terms of
the prediction accuracy of the four indicators. These findings indicate
that the injury severity, crash type, vehicle damage and driver error are
significantly correlated due to the common observed and unobserved
factors, and their correlation varies among different crashes. Ac-
counting for their correlations can lead to more accurate model esti-
mation results. The parameterized Joe copula model was selected to
simultaneously estimate the four crash consequence indicators in this
study.

Table 1
Description of Crash Data.

Variable Name Variable Type Description Percentage
Driver Characteristics

Age Independent
Variable

Younger Driver (Age
<25)

17.4%

Middle-Aged Driver
(Age 25-55)

57.1%

Older Driver (Age
>55)

25.5%

Gender Independent
Variable

Female 46.6%
Male 53.4%

DUI Independent
Variable

Drugs or Alcohol
Involved

2.1%

Highway and Traffic Characteristics
Crash Year Independent

Variable
2016 50.4%

2017 49.6%
Time Independent

Variable
Afternoon Peak
(4:00pm-6:59pm)

23.3%

Night Time (7:00pm-
6:59am)

15.7%

Morning Peak (7:00am-
9:59am)

35.7%

Day Time (10:00am-
3:59pm)

25.3%

Intersection
Type

Independent
Variable

Four-Leg Intersection 50.3%
T Intersection 44.4%
Y Intersection 3.8%
Five- or More-Leg
Intersection

1.4%

Traffic Control Independent
Variable

None/Yield 26.3%
Stop Sign 7.1%
Signal 66.6%

Speed Limit Independent
Variable

Low (<35mph) 44.5%
Middle (35mph -
45mph)

52.9%

High (> 45mph) 2.6%
Horizontal Independent

Variable
Horizontal Curve
Presence

4.9%

Vertical Independent
Variable

Vertical Curve Presence 17.2%

Environmental Characteristics
Weather Independent

Variable
Clear 2.6%
Cloudy/Windy 82.1%
Rain 5.8%
Snow 9.6%

Light Independent
Variable

Day 80.0%
Night - With Lighting 17.4%
Night - Without Lighting 2.6%

Road Independent
Variable

Dry 82.5%
Wet 14.5%
Snow/Slush 2.6%
Ice 0.4%

Vehicle Characteristics
Vehicle Type Independent

Variable
Passenger Car 89.7%
Light Truck 9.5%
Heavier Truck 0.9%

Crash Consequence Indicators
Driver Error Dependent

Variable
No/Minor Error 40.2%
Improper Driving Error 3.2%
Careless Driving Error 15.7%
Reckless Driving Error 40.9%

Crash Type Dependent
Variable

Same-Direction Crash
(SDC)

61.5%

Intersecting-Direction
Crash (IDC)

35.4%

Opposite-Direction
Crash (ODC)

3.1%

Injury Severity Dependent
Variable

PDO Crash 74.0%
B+C Crash 24.8%
K+A Crash 1.2%

Vehicle Damage Dependent
Variable

None+Minor Damage 41.7%
Moderate Damage 23.8%
Disabling Damage 34.5%
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6. Model estimation results

Table 3 shows the coefficient estimation results of the Joe Copula
model. The upper panel of the table presents the estimated coefficients
for the four indicators. The middle panel of the table presents the es-
timated parameters for the copula structure. Bold coefficients are sta-
tistically significant at the 5% level of significance. A positive coeffi-
cient represents a propensity to increase the severity level of each

indicator and vice-versa for a negative coefficient.

6.1. Driver error

Driver characteristics and behaviors are important factors con-
tributing to the severity of driver errors, and driver error is highly as-
sociated with driver, highway and traffic, environmental and vehicle
characteristics. Reducing the driver error by implementing

Table 2
Model Performance Comparisons.

Model Estimation Log-Likelihood No. of Parameters AIC BIC

Independent Model −56,201 65 112,533 113,032
Frank Copula Without Parameterization −56,175 66 112,482 112,988

With Parameterization −56,119 69 112,377 112,907
Gumbel Copula Without Parameterization −56,150 66 112,432 112,938

With Parameterization −56,093 69 112,323 112,853
Clayton Copula Without Parameterization −56,195 66 112,522 113,028

With Parameterization −56,167 68 112,469 112,991
Joe Copula Without Parameterization −56,145 66 112,422 112,929

With Parameterization −56,084 69 112,306 112,836
Model Validation Predicted Log-Likelihood Predicted BIC
Independent Model −17,644 35,842
Joe Copula Model with Parameterization −17,616 35,820

Table 3
Joe Copula Model Estimation Results.

Variables Driver Error Crash Type Vehicle Damage Injury Severity

Coeff. t-stat. Coeff. t-stat. Coeff. t-stat. Coeff. t-stat.

Driver Characteristics
Age Younger Driver (Age < 25) Base Level Base Level NA Base Level

Middle-Aged Driver (Age 25-55) 0.02 0.95 0.13 4.57 NA 0.16 5.47
Older Driver (Age > 55) 0.05 2.04 0.09 3.23 NA 0.03 0.85

Gender Female Base Level Base Level NA Base Level
Male −0.06 −2.66 0.05 2.19 NA −0.01 −0.47

DUI Drugs or Alcohol Involved 0.11 1.45 0.15 1.93 NA 0.56 7.98
Highway and Traffic Characteristics
Intersection Type Y and Five- or More-Leg Intersection Base Level Base Level Base Level Base Level

Four-Leg Intersection −0.12 −5.02 0.32 6.05 0.24 5.01 0.20 3.78
Four-Leg Intersection * Year (2016) 0.00 −0.09 0.12 3.24 0.03 0.75 0.02 0.49
T Intersection −0.05 −1.08 0.25 5.31 0.23 4.77 0.15 2.79

Traffic Control Signal Base Level Base Level Base Level Base Level
None/Yield −0.29 −8.20 0.34 9.12 0.44 17.26 0.20 7.52
None/Yield * Year (2016) −0.08 −1.77 0.10 1.97 0.02 0.59 −0.01 −0.25
Stop Sign 0.25 4.73 0.58 12.67 0.22 5.64 0.07 1.16
Stop Sign * Year (2016) −0.11 −1.72 0.02 0.23 0.08 1.16 −0.02 −0.28

Speed Limit Low (< 35mph) Base Level Base Level Base Level Base Level
Middle (35mph-45mph) and High (> 45mph) 0.18 8.40 −0.13 −5.41 0.19 9.16 0.08 3.61

Vertical Vertical Curve Presence 0.11 3.93 −0.07 −2.30 0.01 0.37 0.02 0.56
Environmental Characteristics
Weather Clear Base Level Base Level Base Level Base Level

Cloudy/Windy −0.37 −5.65 −0.19 −2.95 0.10 1.68 0.27 3.58
Cloudy/Windy * Year (2016) 0.09 3.18 −0.12 −3.40 −0.03 −0.96 −0.01 −0.19
Rain −0.29 −3.79 −0.31 −3.87 0.14 1.80 0.32 3.67
Snow −0.25 −3.53 −0.21 −2.87 0.18 2.50 0.22 2.67

Light Day Base Level Base Level Base Level Base Level
Night - With/Without Lighting −0.22 −8.23 0.42 11.53 0.27 10.54 0.17 6.13
Night - With/Without Lighting * Year (2016) 0.06 1.62 −0.14 −2.96 −0.08 −1.38 0.08 1.49

Vehicle Characteristics
Vehicle Type Light Truck and Heavier Truck Base Level Base Level Base Level Base Level

Passenger Car 0.12 3.71 0.01 0.44 −0.11 −3.43 0.13 3.43
Threshold u1 −0.53 −7.01 0.57 7.10 0.33 3.93 1.34 13.65

u2 −0.44 −5.89 2.19 27.00 0.96 11.40 2.95 28.92
u3 −0.04 −0.51 NA NA NA

Copula Parameters Coeff. Estimates S.E. t-Stat. P> |t|
Constant −4.20 0.20 −21.51 <0.01
Stop Sign 2.15 0.17 12.59 <0.01
Four-Leg Intersection 0.81 0.18 4.57 <0.01
Younger Driver (Age < 25) 1.01 0.16 6.14 <0.01

Notes: LL=–56,084; No. of significant parameters= 69; AIC=112,306; BIC= 112,836; “NA” represents “not applicable”; Bold coefficients are statistically sig-
nificant at the 5% level of significance.
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countermeasures related to those factors may help traffic engineers and
agencies mitigate preventable crashes. Older drivers are more prone to
make severe driver errors than the other age groups. This indicates that
older drivers usually have challenges to make correct decisions at in-
tersections, due to their deteriorating vision, slower recovery from glare
and misjudging of gap and speed of other vehicles (Wang and Qin,
2015). Males are less likely to be reckless drivers than females at in-
tersections. This may be because females are more prone to making
performance errors during the driving, such as failure to yield the right
of way and failure to keep vehicle under control (Shaon et al., 2018). As
expected, the severity of driver errors dramatically increases if a driver
is driving under the influence of drugs or alcohol. Four-leg intersections
are associated with less severe driver errors, and stop-controlled in-
tersections are associated with more sever errors compared with the
signalized intersections, which indicates that drivers are more likely to
disregard the stop sign compared with the traffic signal. Higher speed
limits and vertical curve tend to increase the driver error severity, due
to the longer stop distance and obstructed driver’s vision. All adverse
environmental conditions are associated with decreased driver error
severity, which indicates that drivers tend to drive more carefully under
these conditions. Passenger car drivers are more likely to make more
severe mistakes than truck drivers, which is possibly due to the higher
travelling speed of passenger cars. Most of these findings are consistent
with those in the study conducted by Wang and Qin (2015).

6.2. Crash type

Older drivers and male drivers are more likely to be involved in the
opposite-direction and intersecting-direction crashes, which is con-
sistent with the findings in the study conducted by Yasmin et al.
(2014a,b). The possibility of opposite-direction and intersecting-direc-
tion crashes is higher at the four-leg intersections and T intersections, as
well as yield- and stop-controlled intersections compared with the
others. This verifies the conclusion made in Yasmin et al. (2014a,b) that
the likelihood of head-on and sideswipe-opposite direction crashes is
lower at signalized intersections and higher at T-type intersections.
Higher speed limits and vertical curve are associated with decreased
likelihood of opposite-direction crashes, and the possibility of opposite-
direction crashes decreases with adverse weather conditions. These
findings indicate that drivers might be more careful about the conflict
vehicles on the road where the curve exists, with higher speed limit and
under adverse weather conditions, and the possibility of opposite-di-
rection crashes is expected to be lower. The possibility of opposite-di-
rection and intersecting-direction crashes increases during the night
times. This may due to the driver’s poor vision at night.

6.3. Vehicle damage

The extent of vehicle damage based on the destruction/deformation
of the vehicle involved in the crash can be used as an objective indicator
to characterize the severity of a crash. The study conducted by Qin et al.
(2013a,b) found that the effectively structural design of the vehicle can
absorb or deflect the impact energy caused by collisions, and minimize
the forces transferred to occupants and protect occupants from sus-
taining injuries. Therefore, investigating the vehicle damage may offer
useful insight about occupant protection during the crash.
Driver characteristics were excluded in the vehicle damage model,

based on the verification made by previous studies (Wang et al., 2015;
Qin et al., 2013a, b) that vehicle damage is mainly affected by roadway,
weather and vehicle factors other than driver factors. Four-leg and T
intersections and sign-controlled intersections are associated with more
severe vehicle damage, and the same conclusion is made for the in-
tersections with higher speed limits. These findings are intuitive which
is possibly due to the reason that the higher speed of these facilities
leads to the larger physical collision force (Qin et al., 2013a, b). The
vehicle damage severity increases under adverse weather conditions

and during night times. This is likely due to the difficulty of properly
controlling vehicles under adverse weather conditions, and the poor
driver’s vision at night times. Trucks suffer more severe damage than
passenger cars, which might be due to their larger body size.

6.4. Injury severity

With regard to the injury severity component, middle-aged drivers
and drivers under the influence of drugs and alcohol are more likely to
suffer severe injuries. This is supported by the study conducted by
Yasmin et al. (2014a,b) that the physiological strength of young drivers
is higher than the other age groups. The injury severity level increases
at four-leg and T intersections, yield-controlled intersections as well as
intersections with higher speed limits. These findings are consistent
with the vehicle damage component, which indicates that the drivers
are more prone to driving faster and failing to yield the right-of-way at
these types of intersections than the others. Severe crashes are more
likely to occur under adverse weather and light conditions than the
normal conditions. This might be counterintuitive to previous studies,
as the drivers are expected to drive slower under adverse weather
conditions. However, similar findings in the study conducted by Yasmin
et al. (2014a,b) indicated that the injury risk propensities of some crash
types including sideswipe and angle crashes are higher during adverse
weather conditions, which may be due to unfavorable driving condi-
tions resulting from the reduced visibility. In addition, the counter-
intuitive coefficient estimates may also be caused by the unobserved
factors in crash data, such as intersection geometric features, vehicle
condition and driver’s maneuver against crashes. Passenger are asso-
ciated with more severe injury severity than trucks, which might be due
to their higher travelling speed.

6.5. Temporal instability of model estimation

The estimation of interaction variables yields the investigation of
temporal instability of model estimation results over time. The results
show that the interaction variables are only statistically significant in
the driver error and crash type model components. Specifically, oppo-
site-direction crashes at four-leg intersections are more likely to occur
in 2016 than 2017. Crashes occurred at none- and yield-controlled in-
tersections in 2016 are less likely to be associated with higher levels of
driver errors, while more likely to be associated with opposite-direction
crash type compared to the crashes occurred in 2017. Stop-sign con-
trolled intersections in 2016 are associated with less severe driver er-
rors than those in 2017. When the weather is cloudy or windy, the
driver error severity reduces from 2016 to 2017 crash data, while the
tendency of opposite-direction crashes increases from 2016 to 2017.
The propensity of involving opposite-direction crashes increases at
night times from year 2016 to 2017.
In general, the temporal instability is mainly associated with

highway and traffic and environmental characteristics. In terms of the
highway and traffic characteristics, the temporal instability may be due
to the changes of driver’s driving attitudes, which leads to the changes
of driver error type and crash type at different time periods at these
types of intersections, by continuously gathering information from both
their own and other driver’s experience, social networks, as well as the
safety improvement countermeasures that have been implemented by
the safety agencies (Mannering, 2018). With regard to the environ-
mental characteristics, the temporal instability may be related to the
different extents of the same weather condition at different time per-
iods, which can further affect driver’s behaviors at the same intersec-
tion. Although testing the temporal instability of the model estimation
with only two-year crash data might not be ideal and so the temporal
effects identified in this study should be considered with caution, the
estimation of interaction variables highlights that the model estimation
results vary over time, and the temporal instability of statistically
models should be appropriately accommodated in crash data analysis.
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6.6. Copula parameters

The estimated copula parameters offer additional insight about the
potential correlations among injury severity, crash type, vehicle da-
mage and driver error, and how the correlation varies among different
crashes. A positive value represents a positive correlation among the
common unobserved factors affecting the four crash consequence in-
dicators, and a negative value indicates a negative dependency among
the common unobserved factors affecting the four crash consequence
indicators (Wang et al., 2015).
The estimation of copula parameters highlights the existence of

dependencies among injury severity, crash type, vehicle damage and
driver error, and the dependency varies among different crashes.
Specifically, the dependencies among the four indicators caused by the
common unobserved factors are all positive for the crashes that oc-
curred at stop-controlled intersections and four-leg intersections, and
the crashes with involved drivers younger than 25. This warrants that
considering the effects of unobserved factors in crash data such as the
intersection geometric features, vehicle condition and driver behaviors
on crash outcomes, the propensities of risky driver errors, opposite-
direction collisions, severe vehicle deformation and occupant injuries
simultaneously increase or decrease. The magnitude of copula para-
meters indicates that the highest level of correlations among the four
indicators is for crashes at stop-controlled controlled intersections,
followed by the crashes with involved drivers younger than 25, and the
crashes at four-leg intersections.
From the safety improvement perspective, these findings suggest

that in the process of selecting or comparing countermeasures for an
intersection, the reduction of crash or crash severity is not the unique
target to be considered. The agencies should also account for the ben-
efits of implementing the countermeasure both on the reduction of
economic losses resulting from the vehicle damage and the prevention
of risky driver behaviors, especially under the three aforementioned
situations. From the crash estimation methodology perspective, these
findings highlight that the four crash outcome related indicators are
highly correlated, and their correlations should be accommodated
when the outcome indicators are analyzed simultaneously to achieve
the unbiased analysis results.

6.7. Elasticity effects

The estimated parameters alone in the copula model might not be
straightforward to express the magnitude of the effects of an in-
dependent variable on the probability change for each level of four
indicators. Therefore, the elasticity effects of the independent variables
with regard to all four crash consequence indicators were measured and
presented in the lower panel of Table 3. Note here that only the vari-
ables that are statistically significant across all four indicators were
considered, and the elasticity effects of them were calculated for the top
two levels of each crash consequence indicator. A detailed discussion of
calculating the elasticity effects in the copula model can be found in
Eluru and Bhat (2007).

In general, the elasticity effects of independent variables on the four
indicators shown in Table 4 are consistent with those described in
Table 3. Moreover, driving under the influence of drugs or alcohol in-
creases the possibility of reckless driving errors, and ultimately leads to
more opposite-direction crashes and severe injuries. Four-leg intersec-
tions have the lowest probability of sever driver errors, but the highest
probability of intersecting-direction and opposite-direction crashes, as
well as severe vehicle damage and injury severity levels. Drivers seem
to drive more carefully and properly at yield- and non-controlled in-
tersections, but the crashes occurred at these intersections are sig-
nificantly higher than the others. Higher speed limit increases reckless
driving behaviors and consequently contributes to severe crash con-
sequences. Adverse weather conditions reduce unlawful driver beha-
viors, but increase the crash severity at intersections. Drivers are more
prone to driving carefully at night, but the crashes occurred at night are
more severe than day time.

7. Countermeasure recommendations

Based on the results of the copula model, we identified and cate-
gorized twelve contributing factors that are associated with severe
crash consequences, and recommended specific countermeasures with
regard to each of the category to improve the intersection safety in
Table 5. The countermeasures are summarized mainly based on the
types of contributing factors and their associations with different crash
consequence indicators, where the law enforcement strategies and
driving related education and training programs are recommended for
the driver and vehicle characteristics, and infrastructure and intersec-
tion design related recommendations are provided to the highway and
environmental characteristics. These countermeasures target on miti-
gating driver errors, and reducing crash occurrence and minimizing
crash consequences for intersections. All of the countermeasures sum-
marized in Table 5 are mainly recommended by the Crash Modification
Factors (CMF) Clearinghouse (FHWA, 2019), Connecticut Strategic
Highway Safety Plan (CTSHSP) (2017) and multiple previous studies
including Wang and Qin (2015) and Devlin et al. (2011).
Specifically, with regard to particular driver groups such as older

drivers, the countermeasures are related to enforced education and
testing for driver license application, which can help reduce the risky
driver errors and improve safety at intersections. Law enforcement and
prosecution and conviction of DUI offenders are recommended for
drivers that drive under the influence of alcohol. With respect to the
unsignalized intersections, appropriate warning signs such as the “in-
tersection ahead” and changing traffic control devices are re-
commended as an effort to increase the visibility of the intersections
and the compliance of traffic right-of-way. Speed limit reconfiguration
is recommended at locations with a higher speed limit to provide dri-
vers with a sufficient stopping sight distance. Road surface friction
improvement and road De-Icing chemicals are recommended for loca-
tions with a higher percentage of adverse weather conditions such as
rain and snow. Appropriate roadway assistant technologies such as
reflective pavement markers and strips are recommended to help

Table 4
Elasticity Effects of the Copula Model.

Elasticity Effects Driver Error Crash Type Vehicle Damage Injury Severity

Careless Reckless IDC ODC Moderate Disabling C+B A+K

Drugs or Alcohol Involved −0.19% 10.78% 12.59% 36.34% NA NA 69.04% 252.69%
Four-Leg Intersection −0.39% −10.74% 31.36% 86.53% 2.09% 24.41% 23.13% 52.07%
None/Yield-Controlled Intersection −3.69% −30.70% 33.34% 100.64% −0.32% 46.72% 24.11% 56.97%
Middle and High Speed Limit 0.79% 16.44% −10.76% −27.34% 1.82% 19.13% 9.31% 20.10%
Cloudy/Windy 2.00% −30.65% −21.42% −64.34% 1.17% 10.18% 30.16% 58.75%
Rain −4.42% −25.93% −26.34% −52.98% 0.45% 14.46% 39.10% 112.79%
Snow −3.23% 22.65% −17.49% −38.75% 0.42% 18.57% 26.73% 69.83%
Night Time −2.08% −19.82% 29.54% 90.59% 0.39% 28.37% 19.93% 47.07%
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increase the visibility of driving lanes at intersections at nighttime.

8. Discussion and conclusions

This study attempts to simultaneously model the four crash con-
sequence indicators – injury severity, crash type, vehicle damage and
driver error to identify the crash contributing factors by accounting for
the potential correlations among the four indicators caused by the
common observed and unobserved factors, and the temporal instability
of model estimation over time. A multivariable copula approach built
upon the ordered probit model is implemented using the intersection
crash data collected from the State of Connecticut. To identify the best
model, four copula methodologies including the Frank, Clayton, Joe
and Gumble copula models were tested and compared in this study. To
investigate the variations of correlations among crash indicators, each
copula model was then estimated using a constant copula parameter
and the parameterized copula parameters, respectively. To verify the
model stability over time, interaction variables between year and each
of the other independent variables were incorporated into the model
coefficient estimation. The model goodness-of-fit shows that the Joe
copula model with the parameterized copula parameters outperforms
the other models, which verifies that the injury severity, crash type,
vehicle damage and driver error are significantly correlated due to the
common observed and unobserved factors, and their correlation varies
among different crashes. Accounting for their correlations can lead to
more accurate model estimation results. The coefficient estimates of
four-leg intersections, yield and stop-controlled intersections and ad-
verse weather conditions varied over time, which indicates that the
model estimation of crash data may not be stable over time and should
be accommodated in crash prediction analysis.
Driver characteristics, highway characteristics, environmental

characteristics and vehicle characteristics were used as the independent
variables in the copula model. The model estimation results identify
twelve important factors contributing to the crash consequences among
them, including the driver’s age, driving under the influence of drugs
and alcohol, intersection geometry and control types, and adverse
weather and light conditions. Based on the findings, specific counter-
measures related to law enforcement strategies, driver education and
training programs, intersection designs and engineering solutions were
recommended for each of these contributing factors to improve the
intersection safety. The copula parameter estimation offers additional
insight about the variations of the correlations among injury severity,
crash type, vehicle damage and driver error. The results show that the
dependencies among the four indicators caused by the common

unobserved factors are all positive for the crashes that occurred at stop-
controlled intersections and four-leg intersections and the crashes with
involved drivers younger than 25. In summary, this study offers a more
accurate model structure to estimate different crash consequence in-
dicators and identify the comprehensive contributing factors of dif-
ferent crash outcomes. It is anticipated that this study can shed light on
selecting valid statistical models for crash data analysis, identifying
intersection design issues and helping to develop effective counter-
measures to improve intersection safety.
This paper is not without limitations. The copula model estimation

results contain some variables that are counterintuitive to the findings
from previous studies, such as the effects of adverse weather conditions
on injury severity. This may indicate the presence of unobserved or
omitted information in crash data. Future research is recommended to
collect extra factors such as intersection geometrics and vehicle con-
ditions to explore their influences on crash consequences. Another
limitation of this paper is that it only employs the two-vehicle crashes in
the analysis. The driver behaviors and crash consequences of single-
and multi-vehicle crashes may not be same as two-vehicle crashes.
Future research can also focus on developing models for these different
crashes to identify their crash characteristics. The investigation of
temporal effects with two-year crash data might not be ideal, multi-year
crash data can be collected to test the temporal instability of model
estimation over time in the future.
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