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Abstract: Incident clearance time (ICT) is impacted by several factors, including crash injury severity.
The strategy of most transportation agencies is to allocate more resources and respond promptly
when injuries are reported. Such a strategy should result in faster clearance of incidents, given the
resources used. However, injury crashes by nature require extra time to attend to and move crash
victims while restoring the highway to its capacity. This usually leads to longer incident clearance
duration, despite the higher amount of resources used. This finding has been confirmed by previous
studies. The implication is that the relationship between ICT and injury severity is complex as well
as correlated with the possible presence of unobserved heterogeneity. This study investigated the
impact of injury severity on ICT on Louisiana’s urban interstates by adopting a random-parameter
bivariate modeling framework that accounts for potential correlation between injury severity and
ICT, while also investigating unobserved heterogeneity in the data. The results suggest that there is a
correlation between injury severity and ICT. Importantly, it was found that injury severity does not
impact ICT in only one way, as suggested by most previous studies. Also, some shared factors were
found to impact both injury severity and ICT. These are young drivers, truck and bus crashes, and
crashes that occur during daylight. The findings from this study can contribute to an improvement in
safety on Louisiana’s interstates while furthering the state’s mobility goals.
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1. Introduction

Traffic incidents, such as vehicular crashes, breakdowns, construction-related closures,
adverse weather conditions, or distinctive non-emergency circumstances like sporting
events, are non-recurrent events that can considerably reduce roadway capacity or lead
to an abnormal increase in traffic demand [1,2]. The substantial attention given to these
incidents in both academic and industry contexts arises from their unpredictable nature
and the extensive impact they have on traffic flow and safety.

Vehicular crashes are one of the most frequent events requiring multi-agency incident
response on roadways. In particular, vehicular crashes on interstate highways, due to their
high-speed and heavy traffic conditions, not only cause fatalities and severe injuries but
also negatively affect mobility and economic productivity [3]. Crashes on interstates also
present notable challenges for traffic incident response management due to the expansive
geographic spread [4]. These incidents further amplify in implication due to secondary
crashes and substantial congestion [2,5].

An estimate by the National Highway Traffic Safety Administration (NHTSA) suggests
that crashes on interstates, depending on the severity of the incident; can result in costs
per hour of delay that can be up to 72 times higher than on local streets in urban areas
and up to 652 times higher than in rural areas [6]. At the state level, the Federal Highway
Administration (FHWA) emphasizes tracking and setting up goals for travel time reliability
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measures such as a travel time index (a measure of average congestion) and a planning time
index (95th percentile travel time to the free flow travel time) to ensure that non-recurrent
congestion is under control [7,8]. In this field, traffic incident management (TIM) by the
Departments of Transportation (DOTs) makes it a huge priority to have a rapid and effective
response to traffic incidents for restoring normal traffic conditions.

The relation between incident clearance time (ICT) and crash injury severity has been
established in numerous studies [9–12]. Clearance times for crash-related incidents are
generally longer in comparison to other incident types. By nature, crashes involving injuries
and fatalities require a multi-agency response effort to attend to such incidents. This may
lead to a longer clearance time due to the extra work required to coordinate these responses
as well as the time needed to attend to victims. Also, incidents that involve crashes
may also require police investigations and documentation, which adds to the incident
duration. However, the strategy of most agencies with respect to incident management is
to respond more quickly when injuries are reported. This means that more resources (for
example, more manpower and equipment) are allocated to severe crashes to quickly clear
the incident of the roadway and restore the highway to its capacity. The higher resources
allocated may consequently result in a reduced incident duration in comparison to other
incidents which do not have the advantage of such urgency and promptness. However,
the majority of studies have reported an increase in ICT with higher crash severities [9,13].
The implication is that the relationship between injury severity and incident duration is not
straightforward. Additionally, several unobserved factors may actually be impacting ICT
for crashes such as the training of responders, the degree of coordination between agencies,
and the accessibility of the crash location.

The traditional approach adopted by most researchers in analyzing the impact of injury
severity on incident duration has been to include severity as an independent variable in the
analysis. However, these studies failed to take into proper account the potential correlations
of inter-related variables that influence both injury severity and ICT. To this end, this
study examines factors that influence ICT and crash injury severity while simultaneously
accounting for unobserved heterogeneity that may affect ICT. A bivariate probit model that
accounts for the correlation between injury severity and ICT was used for this study. The
results of this study can further the understanding of how incidents affect ICT.

2. Literature Review

To date, a multitude of studies have been conducted to analyze factors that affect
incident duration. Previous studies have found that the severity and the number of people
involved influence incident duration [10,11,14,15]. Other factors that have been found to
impact incident duration include the number of lanes impacted by the incident [16,17],
weather conditions [11,18], and time of day [9,14,16].

The vast majority of researchers engaged in incident duration modeling have relied on
hazard-based duration analysis. Hazard-based duration models establish the relationship
between the duration of an incident and the probability that the duration of the incident
will end in the next short time interval [11]. Covariates are sometimes included in hazard
models, which operate under the assumption that these covariates act multiplicatively
on a baseline hazard function [19]. These models are referred to as accelerated failure
time models (AFTs). Different parametric distributions including Weibull, log-normal, and
log-logistic distributions can be specified for the AFT model.

Golob et al. analyzed the severity and incident duration of truck-involved incidents
using an AFT model with a log-normal distribution with incident data from Los Ange-
les [15]. It was found that non-injury crashes with rear-end, and sideswipe collsions had
the shortest incident durations. Single-truck vehicle crashes were found to be more severe
than two-vehicle crashes in terms of injuries and fatalities. In particular, hit object crashes
were found to result in a longer incident duration. However, their study failed to explicitly
link incident duration to injury severity. Another study predicted the severity and duration
of crash-related incidents [20]. The study used an ordered probit model and a hazard-based
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duration model with different distributions to predict crash severity and the duration
of crash-related incidents, respectively. A support vector machine model was also used
to predict crash severity and was eventually compared with the ordered probit model.
The results of the study showed that fatalities and injuries increased incident duration.
However, the study failed to investigate the correlation between crash severity and incident
duration. The authors indicated in their analysis that it is necessary to combine predictions
of crash severity and duration in one model system.

Other studies have considered the impact of crash injury severity on incident duration
by considering severity as an independent variable [10,16]. It is then regressed against
incident duration, the response variable, along with several other independent variables.
Though this approach establishes a relationship between incident duration and injury
severity, it fails to account for correlation between the two. Also, such a framework does
not allow for a simultaneous analysis of the inter-relationships between variables that affect
both incident duration and crash injury severity simultaneously.

From the foregoing, it is clear that several studies have analyzed the impact of injury
severity on incident duration. However, the authors did not find a study that has inves-
tigated the impact of injury severity on incident duration by employing a simultaneous
modeling approach. This study seeks to fill this knowledge gap by employing a bivariate
probit model to investigate the inter-relationships of factors simultaneously impacting
incident duration and injury severity. Specifically, the contributions of this study are to
(i) investigate factors that contribute to ICT and injury severity on Louisiana’s interstates,
and (ii) to understand the inter-relationships between incident duration and injury severity.

3. Methodology

The bivariate random-parameter logit model is a statistical model used in choice mod-
eling and econometrics to analyze discrete choice data where individuals make decisions
among multiple alternatives. It extends the traditional random-parameter logit model
by allowing for correlation between the random parameters across two or more choice
dimensions.

This study hypothesizes that injury severity impacts the duration of incident clearance.
To find the effect of injury severity on ICT, it is important to predict the probability of a long
ICT, depending on whether an injury crash has occurred or not. This is achieved by treating
the injury crash as an instrument variable. That is, the injury severity variable is first
estimated from a model and the estimated value is then used as an explanatory variable
instead of the observed value. This would mean that the injury severity variable while
serving as a dependent variable in the severity model would also serve as an independent
variable in the incident clearance model. An easy solution to this would require two logistic
regression models to establish the association between injury crashes and ICT. However,
this raises an issue with heterogeneity, as a dependent variable in one model cannot be
used as an explanatory variable in another model [21,22].

To overcome this limitation, several traffic safety studies have utilized bivariate probit
models to jointly model inter-related response variables [23–26]. The use of the bivariate
probit model is advantageous as it is able to account for the potential correlation of “unob-
served” effects between inter-related responses, such as the occurrence of injury crashes
and the duration of incident clearance.

The bivariate probit model is specified as follows [19,27]:

Zi,1 = βi,1Xi,1 + εi,1, yi,1 = 1 i f Zi,1 > 0, and yi,1 = 0 otherwise
Zi,1 = βi,2Xi,2 + εi,2, yi,2 = 1 i f Zi,2 > 0, and yi,2 = 0 otherwise

(1)

and the cross-equation correlated error term is defined as follows:(
εi,1
εi,2

)
∼ N

[(
0
0

)
,
(

1 ρ
ρ 1

)]
(2)
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where Zi,1 is the latent response variable indicating whether an injury crash has occurred,
yi,1 is the observed choice (1 = injury crash, 0 = no injury crash), Zi,2 is the latent variable
indicating whether the ICT is long, and yi,2 is the observed choice for ICT (1 = long clearance
time, 0 = short clearance time). Also, X is a vector of explanatory variables related to the
observed choices, β is a vector of estimable parameters, and ε is a random error term
(assumed to be normally distributed with zero mean and a variance of one).

The bivariate probit model setup allows the two choices to be sequentially inter-related
by predicting the possible outcome of the first and second choice models based on the
possible outcome of the first choice model. In other words, the dependent variable in the
first model Z1 is defined as one of the independent variables in the second choice model Z2.
From the model specification, if the two choices (Z1 and Z2) are inter-related, this would
mean that the two error terms (ε1 and ε2) are correlated. Just as in any other probit model,
estimated positive coefficients are associated with a higher likelihood of y1 = 1 and y2 = 1,
as the values of the independent variables increase and vice versa.

Research has shown that the effects of explanatory variables may vary across observa-
tions due to unobserved heterogeneity [28–31]. Heterogeneity refers to latent factors that
may vary systematically across observations. A random-parameter approach is applied
to account for heterogeneity across the observations. The random parameter is defined
as follows:

β j = β + ε j (3)

where β is a vector of estimable parameters, and ε j is a randomly distributed error term with
a mean of zero and a variance of σ2. To evaluate the statistical superiority of the random-
parameter model specification, a likelihood ratio test was conducted. The likelihood ratio
test [19] is specified by Equation (4).

χ2 = −2
[
LL(βi)− LL

(
β j
)]

(4)

where LL(βi) is the log-likelihood at convergence of the fixed-parameter bivariate model,
and LL

(
β j
)

is the log-likelihood at convergence of the random-parameter bivariate probit
model. The test statistic is χ2 distributed with degrees of freedom equal to the difference in
the number of model parameters between the two model specifications.

4. Data
Data Preparation

The Louisiana highway crash databases are comprehensive compilations of crash-
related information, compiled from multiple tables detailing roadway conditions, driver
characteristics, and specific crash details, encompassing incidents involving all road users
as reported by law enforcement officers. Crash information with limited attributes can be
accessed from the user-restricted online repository, “Crash1” [32]. This study used specially
accessed versions of the data, which included detailed incident response information,
thereby enabling the extraction of precise incident duration times. The data encompassing
interstate crashes spanning three years (2017–2019) were compiled, focusing on crash
variables encompassing the roadway, driver, and crash environment with the potential to
influence both crash injury severity and incident durations. In the context of this study,
the dataset was systematically restructured into a crash-centric format, where each record
distinctly represents an individual crash incident. Table 1 provides an overview of the
different traffic incident-related variables considered for the analysis, showcasing statistics
such as their mean values and standard deviations. Injury severity data were categorized
on a scale from KABCO to KABC (K: Fatal Injury, A: Incapacitating Injury (disabling), B:
Non-Incapacitating Evident Injury, C: Possible Injury (not evident), and O (No Injury). A
binary variable was created for the injury severity category, with KABC categorized as
injury (coded 1) and O categorized as no injury (coded 0). For this study, ICT is defined
as the length of time between notification of an incident and the opening of all roadway
lanes to traffic. ICT was dichotomized between a duration of more than thirty minutes
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(long clearance time) and less than thirty minutes (short clearance time), as identified in
standard traffic management analysis [33].

Table 1. Descriptive statistics of some variables used in model.

Variable Category Type Description Mean Standard Deviation

Response

ICT Binary Long clearance (ICT > 30 min) 0.31 0.462

Crash severity Binary Injury crash 0.30 0.456

Driver characteristics

Driver age Binary Young age (age ≤ 25 years) 0.25 0.435

Middle age (age between 25 and 60 years) 0.60 0.491

Old age (age > 60 years) 0.18 0.384

Alcohol/drugs Binary Driver under the influence 0.02 0.151

Hospitalization Binary Crash victim hospitalized 0.13 0.332

Crash characteristics

Manner of collision Categorical Non-collision crash 0.14 0.344

Rear-end crash 0.51 0.500

Sideswipe crash 0.21 0.410

Other (head-on, angle, turning) 0.10 0.298

Vehicle type Binary Truck or bus 0.06 0.235

Crash type Binary Multi-vehicle crash 0.85 0.359

Rescue Binary Rescue involved 0.07 0.254

Area designation Categorical Industrial district 0.07 0.257

Business district 0.29 0.452

Mixed district 0.19 0.391

Open-area district 0.24 0.426

Residential/school district 0.20 0.398

Temporal characteristics

Day of week Binary Weekday 0.74 0.440

Time of day Categorical AM peak 0.14 0.348

Midday 0.36 0.481

PM peak 0.24 0.426

Night 0.26 0.437

Environmental characteristics

Lighting conditions Categorical Daylight 0.73 0.443

Dark 0.24 0.424

Dusk or dawn 0.03 0.167

Weather conditions Categorical Clear 0.72 0.448

Rain 0.12 0.328

Cloudy 0.14 0.350

Other weather condition (hail, snow, etc.) 0.01 0.111

Traffic/geometric characteristics

ADT/1000 Continuous Average daily traffic 100.90 42.898

Length Continuous Segment length (miles) 0.74 0.440

5. Results and Discussions

Fixed-parameter and random-parameter bivariate probit models were estimated using
a random sample of 5000 crashes with ICT as the response variable. These models were



Stats 2024, 7 868

analyzed using NLOGIT (version 6) statistical software [34]. Fixed-parameter models were
estimated using maximum likelihood methods due to their constant parameters across
the dataset, while random-parameter models employed simulated maximum likelihood
methods to accommodate the variability in parameters across observations. The random-
parameter model was estimated using 1000 Halton draws. The normal distribution was
found to provide the best statistical fit for the random parameters.

Table 2 presents the estimated results of the bivariate random-parameter model. Ten
variables were found to contribute to the injury severity model. Among these, two vari-
ables were found to produce random parameters. For the incident duration model, nine
variables were found to be significant, with three producing random parameters. The
estimated correlation coefficient between the error terms (p) was estimated at 0.9808, which
is statistically significant and shows the existence of common unobserved heterogeneity
between injury severity and incident duration.

Table 2. Bivariate random-parameter probit model.

Variable Injury Severity Model Incident Clearance Model

Coefficient Standard Error Z-Score Coefficient Standard Error Z-Score

Constant −0.992 0.0557 −17.81 −0.509 0.0720 −7.07

Standard Deviation 0.763 0.0226 33.74 0.116 0.0176 6.57

Driver Characteristics

Alcohol and/or
Drugs Used 0.545 0.1050 5.17 - - -

Young Age 0.042 0.0573 0.73 0.131 0.0451 2.90

Standard Deviation 0.757 0.0418 18.10 - - -

Middle Age 0.191 0.0453 4.21 - - -

Crash Characteristics

Injury Crash - - - 1.001 0.0611 16.40

Standard Deviation - - - 1.988 0.0832 23.89

Truck-Involved Crash 0.719 0.0820 8.77 0.668 0.0833 8.02

Non-Collision Crash - - - 0.187 0.0698 2.68

Standard Deviation - - - 1.116 0.0639 17.47

Rear-End Crash 0.241 0.0383 6.30 - - -

Rescue Involved 1.818 0.0727 25.02 - - -

Crash Victims
Hospitalized - - - 1.200 0.0816 14.71

Multi-Vehicle Crash - - - −0.427 0.0642 −6.65

Environmental Characteristics

Rainy Weather Crash 0.171 0.0533 3.21 - - -

Daylight Crash −0.194 0.0501 −3.87 −0.185 0.0442 −4.18

Area of Crash

Business District - - - −0.163 0.0402 −4.04

Temporal Characteristics

Midday −0.117 0.0433 −2.70 - - -

5.1. Model Comparison

Table 3 shows the model fit statistics of the bivariate fixed-parameter and bivariate
random-parameter model. The bivariate random-parameter model has a higher cross-
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equation correlation (0.9808) compared to the bivariate fixed-parameter model (0.754). This
indicates a better relationship between the estimated parameters in the random-parameter
model. A comparison of the two models was also performed using the likelihood ratio
test (Equation (4)). The χ2 statistic is −2 × (−5722.33 − [−5534.37]) = 375.92, which is far
greater than the critical threshold of 5.99 (two degrees of freedom). The test shows that the
bivariate random-parameter model outperformed the bivariate fixed-parameter model. A
lower AIC value typically suggests a better model fit, considering both the goodness of
fit and complexity (number of parameters estimated). In this case, the bivariate random-
parameter model has a lower AIC (11,119) compared to the bivariate fixed-parameter model
(11,498). Given that both models were applied to the same dataset, all statistical estimates
suggest that the random-parameter bivariate model provides a superior fit.

Table 3. Performance comparison of fixed- and random-parameter model.

Variable Bivariate Fixed-Parameter Model Bivariate Random-Parameter Model

Cross-equation correlation, p 0.754 0.9808

Number of parameters 27 25

Log-likelihood at convergence −5722.33 −5534.65

Akaike information criterion (AIC) 11,498 11,119

5.2. Injury Severity Factors

In terms of driver demographics in this study, unlike prior studies [35,36], young
and middle-aged drivers have a higher likelihood of being involved in injury crashes in
comparison to older drivers. However, this finding may be accounting for the relatively
small number of elderly drivers involved in injury crashes despite their crash risks. Older
persons are known to have a smaller rate of licensure and drive fewer miles on average
in comparison to other age groups [37]. The results show that the variable for young
drivers produced a random parameter with a mean of 0.042 and a standard deviation
of 0.757. Given these estimates, the parameter was less than zero for 47.8% of young
drivers and greater than zero for 52.2% for young drivers. The implication is that 52.2%
of young drivers were more likely to be involved in injury crashes than not. Alcohol and
drug use are particularly influential in causing injury crashes on interstates, a finding that
aligns with several prior studies [38–40]. Driving under the influence has been consistently
identified as a significant risk factor, as the resultant drowsiness from drug and/or alcohol
use can diminish driving capabilities, leading to hazardous movement and increased risk
for other interstate users [41]. This is further substantiated by Alrejjal et al., who identified
drug/alcohol use as one of the main violations significantly influencing crash severity [42].

The involvement of trucks in crashes has been identified as a significant factor con-
tributing to injuries on interstates in this study. Conventionally, collisions involving large
trucks on interstates tend to result in more severe injuries [43], primarily due to their
substantial size and weight, often 20–30 times that of an average passenger car. Moreover,
their elevated height and ground clearance increase the likelihood of a smaller vehicle
under-riding the trailer in the event of a crash [44,45]. These findings further indicate a
significant association between injury crashes and the presence of rescue units at the crash
scene. It is a logical conclusion that the necessity for services like fire departments often
aligns with more severe injury crashes.

Rear-end crashes, identified as a significant factor causing injuries on interstates in
this study (as presented in Table 3), are among the most prevalent types of incidents on
these roads. However, research indicates that rear-end crashes can be particularly severe
on urban interstates [35,46]. Chen et al. suggest that the increased severity of crashes
on urban interstates may be attributed to high-speed driving [47]. This study recognizes
rainy weather as a consequential factor in injury crashes on interstates, a finding that
aligns with previous Louisiana studies investigating the impact of inclement weather on
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statewide accidents [48,49]. For instance, Rahman et al. found a correlation between rainy
weather and both KA and B injury crashes on interstates, particularly those with speed
limits exceeding 60 mph and featuring barriers [48]. A plausible reason for these incidents
on high-speed interstates might be the inability to maintain a safe speed and sufficient
headway for speed adjustments [50].

Rainy weather was found to increase the likelihood of injury crashes. This parameter
was fixed across observations. This finding is expected as rainy weather is known to
provide challenging driving conditions such as reducing pavement friction, decreasing
vehicle stability, and contributing to poor visibility [51]. Conversely, the model results
suggest that crashes that occur in daylight have a lower likelihood of being injury crashes.
This finding is intuitive as daylight hours provide better visibility and drivers are less likely
to be involved in injury crashes in comparison to dark conditions [52]. Similarly, midday
crashes were less likely to be associated with injury crashes. This finding is supported by
a previous study indicating that the probability of crashes decreases during the midday
period [53]. The effects of congestion during the midday period are known to decrease
the risk of injury crashes while increasing the probability of non-injury crashes during
this period.

5.3. Incident Duration Factors

The bivariate random-parameter logit model indicates that three significant factors,
truck involvement, young drivers, and incidents, necessitating hospitalization are positively
associated with prolonged incident durations in urban interstate crashes.

A factor that has been identified in the model as increasing incident duration is
the involvement of young drivers in crashes. Though many elements can influence the
duration of a crash with young drivers, the presence of young drivers could extend it.
One possible explanation is that crashes involving young drivers often necessitate more
in-depth investigations by law enforcement due to the higher likelihood of these drivers
participating in risky behaviors like drinking, speeding, or distracted driving [54,55].

The variable for injury severity produced a random parameter with a mean of 1.001
and a standard deviation of 1.988. Given these estimates, the parameter was less than zero
for 30.7% of observations and 69.3% of observations. This implies that for 69.3% of injury
crashes, the likelihood of experiencing a longer ICT is increased, while 30.7% of injury
crashes are likely to result in a shorter clearance time. As noted in this study previously, the
response for injury crashes usually involves multiple agencies and requires more resources
in comparison to other crashes. With injury crashes, there may also be a need to carefully
move crash victims before attending to them, which could contribute to longer clearance
times. For other injury crashes, the strategy of agencies to allocate more resources when
injuries are reported may be leading to quicker clearance times of incidents. The increase
in labor and equipment may offset the effort and care required to attend to crash victims,
thereby leading to shorter ICTs.

Crashes involving trucks extend the duration of incident clearance time on interstates,
as supported by several prior studies [16,56]. This parameter was fixed across observations.
Trucks, due to their large size and heavy mass, tend to cause more damage when involved
in collisions, which naturally necessitates more time for clearance [57,58]. Additionally,
incidents such as rollovers/overturns, in addition to being more severe [59], further prolong
the clearance time [10,15,60]. This may be because the removal of damaged trucks often
involves unique logistical challenges, such as the necessity to disentangle them from other
vehicles, tow them away, or even unload their cargo, which can significantly delay the
reopening of roadways. Moreover, responding to and clearing truck crashes frequently re-
quire coordination among various emergency service entities, leading to extended response
and clearance times.

The results also suggest that non-collision crashes lead to longer ICTs on urban in-
terstates. This variable had a random parameter with a mean of 0.187 and a standard
deviation of 1.116. The parameter was less than zero for 43.4% of non-collision crashes and
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greater than zero for 56.6% of non-collision crashes. The implication is that for the majority
of non-collision crashes, there is an increased likelihood of longer ICTs. As noted earlier,
this finding may be attributed to the fact that non-collision crashes such as run-off road and
overturn crashes are associated with higher crash severities [59]. Also, more effort related
to manpower and inter-agency coordination is needed to respond to injury crashes, which
may be contributing to longer clearance times. However, for 43.4% of crashes, ICTs are
likely to decrease, a finding that may be attributed to the additional resources allocated to
injury crashes, which may offset some of the time needed to respond to injuries.

The hospitalization of victims involved in a crash could potentially lengthen the
incident duration due to the time required for emergency response and medical proce-
dures [18,61]. This could further depend on the severity and frequency of injuries sustained
in the crash, with more severe injuries possibly necessitating longer durations for adequate
rescue, emergency care, and response.

Multi-vehicle crashes were associated with shorter ICTs. This finding at first seems
counterintuitive, but consideration of this variable’s effect in the context of urban interstates
makes the result reasonable. The relatively higher traffic volume and congestion associated
with urban interstates means crashes are not usually severe when they occur. Though
frequent, multi-vehicle crashes in urban areas can quickly be moved to the shoulder of the
road, restoring the highway to its original capacity.

The factors that have been negatively associated with incident duration are daylight,
business district, and multi-vehicle crashes. During the daytime, the ICT is lower due to
the higher visibility compared to the nighttime [62], which enables responders to attend
to incidents faster. The business district has been negatively linked to incident duration
potentially because of the shorter distance to traffic incident management services including
emergency and medical services (EMSs) [18,62]. Contrary to the common perception of
multiple vehicle involvement delaying incident response time, this study found that crash
incidents with more than one vehicle are negatively associated with incident response time.

6. Conclusions

Incident clearance duration is impacted by several factors including injury severity.
The strategy of most transportation agencies is to allocate more resources to injury crashes in
comparison to other incidents. The expectation is that such a strategy should result in faster
clearance times. However, given that injury crashes require multi-agency collaboration and
coordination, care in moving and attending to crash victims, and a greater response effort,
injury crashes usually take longer to clear. The implication is that the relationship between
injury severity and ICT is complex and not straight forward.

This study contributes to the existing knowledge in the investigation of crash-related
incidents and incident duration. The present study identified factors contributing to injury
severity and ICT on Louisiana’s urban interstates by developing a bivariate probit model.
This modeling approach was adopted to investigate unobserved shared heterogeneity
between injury severity and ICT. The use of bivariate models results in more efficient esti-
mates when the response variables are inter-related. The results of the analysis confirm that
there is statistical significance in the error correlation between the inter-related responses
of crash injury severity and ICT. This correlation has been overlooked in previous studies
of incident duration analysis. Importantly, the model suggests that ICT is not impacted by
injury crashes in only one way. The injury severity variable produced a random parameter,
suggesting that some injury crashes result in shorter clearance times, while others increase
the clearance duration. Specifically, the results indicate that about 70% of injury crashes
increase the likelihood of having longer ICTs, while approximately 30% decrease the proba-
bility of longer ICTs. The model results also show the diversity of other factors impacting
crash injury severity and ICT on Louisiana’s urban interstates. These factors include driver,
crash, environmental, and temporal characteristics.

This study provides an in-depth analysis of factors influencing injury severity and ICT
on urban interstates, as indicated by strong correlations found in the bivariate models. The
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key findings reveal that young and middle-aged drivers are more likely to be involved in
injury crashes compared to older drivers, with alcohol and drug use significantly exacer-
bating the risk, especially among younger demographics. The presence of trucks markedly
increases both the severity and duration of incidents due to their substantial size and mass,
often requiring extensive clearance efforts. Additionally, environmental conditions such as
rainy weather heighten the likelihood of injury crashes by impairing driving conditions.

Notably, rear-end crashes and the timing of incidents (daylight versus nighttime)
substantially influence both the severity of injuries and the duration of incident clearance.
Daylight hours and multi-vehicle crashes are associated with quicker incident response
times, likely due to better visibility and faster roadside assistance. Conversely, incidents
during rainy weather or involving impaired drivers result in longer clearance times, em-
phasizing the challenges of managing urban interstate safety efficiently.

This study provides important knowledge on quantifying the influence of various
factors on injury severity and ICT. With this knowledge, an appropriate strategy can be
crafted to reduce crash injury severity on Louisiana’s urban interstates while improving
mobility and the environmental well-being of the state through reduced congestion. A
limitation of this study is that it only focused on crash-related severity. Future studies
should analyze more incidents with respect to their impact on ICT and safety as more data
become available.
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