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Tis study proposes random-parameters multinomial logit models, with heterogeneity in means and variances, to explore the
diferences in the factors infuencing injury severities of drivers involved in diferent types of two-vehicle crashes. Te models are
verifed using crash data from the United Kingdom (UK) over three years (2016–2018). Tree types of crashes are separately
identifed (car-car, car-truck, and truck-truck crashes). In this study, a wide variety of potential variables, including the driver,
vehicle, road, and environmental characteristics, are considered, with two possible injury-severity outcomes: severe and slight
injury.Te results show that unobserved heterogeneity existed for young drivers in both car-car and truck-truck crash models and
the 30mph speed limit in the three separate models. Remarkably variations are observed in crashes involving diferent types of
vehicles. Te driver’s age and gender, speeding, sideswipes, presence of junctions, weekdays, unlit, and weather conditions
signifcantly impact driver-injury severities in various types of vehicle crashes. Tese fndings are expected to help policymakers
seek to improve highway safety and implement proper safety countermeasures.

1. Introduction

Trafc crashes, particularly those involving severe and fatal
injuries, have resulted in an enormous loss in terms of
human, economic, and social aspects. Worldwide, almost 1.3
million deaths were caused yearly by road trafc crashes [1].
Furthermore, 62% of the crashes across six years
(2012–2018) reported by the police were two-vehicle crashes
[2, 3]. Te Crash Report Sampling System (CRSS) analysis
also illustrated that the drivers are the most afected group

injured or killed in trafc crashes. Specifcally, over 75% of
all drivers in the US were injured or killed in 2018.

In addition, the injury-severity levels of both parties are
expected to diferentiate involving diferent vehicle-type
crashes (such as car-car, car-truck, and truck-truck
crashes). In 2017, among the 4,761 people killed in
crashes with the involvement of large trucks, 72% were
occupants of other vehicles [3]. Moreover, the drivers of
passenger cars tend to sustain serious injuries when colliding
with trucks. Furthermore, almost half of the motor vehicle
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crashes that occurred on I-80 from Wyoming were crashes
involving trucks, with a remarkable proportion of fatalities
caused by car-truck crashes [4]. Concerning the consider-
able variations in injury outcomes among vehicles of light
and heavy weights, the type of vehicles is suggested to be
a critical element in injury modeling analysis.

Overwhelming evidence illustrated the unobserved
heterogeneity in current trafc safety literature. Numerous
economic modeling approaches were recently used to an-
alyze the injury severities of crashes on highways to address
this critical challenge. Examples include the latent class
models [5], random-parameter ordered models [6], and
random-parameters logit models [7–9]. By accommodating
variations of the explanatory variables across the observa-
tions and factors afecting the means and variances of the
parameter density functions of the random parameters, the
random-parameters logit models with heterogeneity in
means and variances approaches are supposed to be more
fexible in accounting for the unobserved heterogeneity,
specifed by the statistical superiority in terms of accuracy
and reduced heterogeneity [10–12].

Given this, this study comprehensively estimates the
injury severities of two-vehicle crashes using advanced
statistical models given the types of vehicles involved in the
crash. Te study methodology is shown in Figure 1. Te
methodology involves a literature review of the injury se-
verities involving two-vehicle crashes. Ten, the data used
for this study are described, followed by an introduction to
the methodological approach. Ten, a detailed discussion of
the model estimation results is presented. Finally, the last
section summarizes the fndings of this study and discusses
potential future directions. As shown in Figure 1, by col-
lecting the characteristics of driver, vehicle, roadway, and
environment among the car-car, truck-truck, and car-truck
crashes, a series of models will be estimated based on the
random-parameters multinomial logit models. Ten, based
on the random parameters, signifcant factors, and marginal
efects, some valuable fndings can be revealed, and practical
applications can be implemented.

2. Literature Review

Table 1 briefy summarizes the signifcant factors de-
termining driver’s injury-severity outcomes in previous two-
vehicle crash studies. Varieties of explanatory factors re-
garding driver, vehicle, roadway, and environmental char-
acteristics have been found to afect the injury severity in
two-vehicle crashes. As for vehicle characteristics, most
relevant studies have investigated the infuence of vehicle
types on injury severity. Few studies have focused on
comparing injury severity between diferent vehicle crashes
to identify diferential efects of the same explanatory var-
iables. However, the authors in [28] used binary logistic
modeling with a Bayesian inference approach to investigate
occupant injury severity of truck-involved crashes based on
vehicle types on a mountainous freeway. However, their
study was constrained to truck-involved crashes. Further-
more, the authors in [29] developed the heteroscedastic
ordered logit models to analyze driver’s injury severity in

single- and two-vehicle crashes and compare how the efects
of explanatory variables vary across various types of crashes.
However, traditional logit and probit models assume that the
estimated parameters are fxed for all observations, causing
biased parameter estimates and erroneous inferences [30].
Previous reviews summarized by several researchers have
presented comprehensive studies of unobserved heteroge-
neity [30–32].

Recently, a more advanced statistical method has been
used to fully address possible unobserved heterogeneity in
the means and variances of the random parameters [33].Te
application of this advanced modeling framework enables
capturing the multilayered unobserved heterogeneity of the
crash data in terms of (a) estimated parameters varying
across the observations; (b) factors afecting the mean of the
parameter density function of the random parameters (and
thus shifts in the peak of the distribution of the betas); and
(c) factors afecting the variance of the parameter density
function of the random parameters (and thus changes in the
tails of the distribution of the betas). However, research
utilizing random-parameters logit models with heteroge-
neity in means and variances models in the context of
diferent types of vehicle crashes is limited.

To fll this research gap, a random-parameters logit
model with heterogeneity in means and variances model is
estimated to examine the diference in contributing factors
of injury severity of drivers involved in diferent types of
vehicle crashes.

3. Data Description

Tree-year crash data from the United Kingdom (UK) were
drawn from the STATS19 dataset, the most comprehensive
and publicly available crash database in the UK containing
information obtained from police crash reports [34]. Te
dataset comprises three fles: accident, vehicle, and casualty.
We used this study’s accident and vehicle reference numbers
to merge the three subsets. After merging, the analysis unit
in the current paper is the accident. Each case contains the
time/date of accident occurrence, weather, road, light
conditions, posted speed limit, road type, driver’s age and
gender, vehicle type, frst impact point of the vehicle, ve-
hicles’ maneuvers, and injury-severity level. A total of
8,373 two-vehicle crashes were extracted (missing and un-
reliable data were removed): 4,992 crashes involving car-car
crashes, 2,770 crashes involving car-truck crashes, and 681
crashes involving truck-truck crashes.

Te dependent variable of the models is the “injury-
severity level.” Following the STATS19 injury classifcation,
three injury-severity outcomes are considered in this study:
slight injury, severe injury, and fatality. Crashes resulting in
no injuries are not recorded in the dataset [35]. Because of
the relatively low number of fatality crashes (1.33% of total
two-vehicle crashes), fatal injuries and serious injuries were
combined into one category of injury severity. Terefore,
this study reclassifes cases using two severity levels: slight
injury and severe injury (including serious injury and fa-
tality) (86.02% and 13.98% for slight injury and severe injury
in car-car crashes, note that 89.56% and 10.44% for slight
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injury and severe injury of car drivers in car-truck crashes,
80.19% and 19.81% for slight injury and severe injury of
truck drivers in car-truck crashes, whereas 80.91% and

19.09% for slight injury and severe injury in truck-truck
crashes, respectively). Table 2 presents the descriptive sta-
tistics of these variables in injury-severity models.

- Driver
- Vehicle
- Roadway
- Environmental

Characteristics
Literature review

Data collection

Logit model with
heterogeneity

- Car-driver model
- Truck-driver model

- Car-car crashes
- Truck-truck crashes
- Car-truck crashes

Practical applications

- Random parameter
- Significant factor

Data analysis

Figure 1: Flowchart of the study methodology.

Table 1: A summary of studies on the severity of two-vehicle crashes.

Variable names Key fndings
(a) Driver characteristics

Gender Female drivers are more likely to be injured [13–15]. In contrast, the authors in [16]
found that male drivers are more likely to sustain the probability of severe injury.

Age
Older drivers are usually more severely injured [13–15, 17–19]. However, the
authors in [16] found that middle-aged drivers are more likely to sustain the

probability of severe injury.
Seatbelt used Drivers without use of safety equipment are more likely to be injured [13, 20, 21].

Alcohol involved Te alcohol involvement variable is more likely to sustain the probability of severe
injury outcomes [16, 19, 20, 22, 23].

Fault status
Te authors in [13] found that not-at-fault drivers are more likely to be injured.
Furthermore, the authors in [18] examined and compared the efect of selected
variables on driver-injury severities of both at-fault and not-at-fault drivers.

(b) Vehicle characteristics

Vehicle type
Te involvement of trucks tends to increase the probability of more severe injuries
[13, 22, 24]. In contrast, the authors in [14, 23] found that passenger cars are usually

associated with increased injury severity.

Age of vehicle Te increased age of a vehicle is found to increase the injury severity of drivers
[13–15].

Vehicle action Some vehicle actions before the crash (i.e., left turn) signifcantly infuence
driver-injury severities [20].

(c) Roadway characteristics

Speed limit Posted speed limit variable considerably afects the injury-severity outcomes
[15–17, 21, 23, 25].

Road grade Te author in [20] found that road grade variable imposes signifcantly infuences
driver-injury severities.

(d) Environmental characteristics

Weather condition
Weather conditions (such as windy, rainy, or snowy) could signifcantly increase
driver-injury severities [22, 24, 26, 27]. Te authors in [14] found that adverse

weather conditions have no similar efect.

Lighting condition Lighting conditions are found to be signifcant factors infuencing multiple-vehicle
crashes [14, 20–22, 24].
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Table 2: Descriptive statistics of signifcant variables in the injury-severity model.

Variables
Car-car Truck-truck Car-truck Car-truck
CD TD CD TD

Mean SD Mean SD Mean SD Mean SD
Day of week (1 if weekdays, 0 otherwise) 0.687 0.464 0.797 0.402 0.717 0.451 0.717 0.451
Day of week (1 if weekends, 0 otherwise) 0.313 0.464 0.203 0.402 0.283 0.451 0.283 0.451
Road type (1 if roundabout, 0 otherwise) 0.033 0.178 0.015 0.120 0.031 0.174 0.031 0.174
Road type (1 if one-way street, 0 otherwise) 0.006 0.077 0.003 0.054 0.003 0.058 0.003 0.058
Road type (1 if dual carriageway, 0 otherwise) 0.173 0.378 0.410 0.492 0.191 0.393 0.191 0.393
Road type (1 if single carriageway, 0 otherwise) 0.777 0.416 0.555 0.497 0.762 0.426 0.762 0.426
Road type (1 if slip road, 0 otherwise) 0.010 0.100 0.015 0.120 0.010 0.098 0.010 0.098
Road type (1 if unknown, 0 otherwise) 0.001 0.028 0.003 0.054 0.003 0.058 0.003 0.058
Speed limit (1 if 20mph, 0 otherwise) 0.027 0.163 0.021 0.142 0.013 0.113 0.013 0.113
Speed limit (1 if 30mph, 0 otherwise) 0.473 0.499 0.188 0.391 0.340 0.474 0.340 0.474
Speed limit (1 if 40mph, 0 otherwise) 0.137 0.344 0.117 0.322 0.141 0.349 0.141 0.349
Speed limit (1 if 50mph, 0 otherwise) 0.069 0.253 0.059 0.235 0.089 0.285 0.089 0.285
Speed limit (1 if 60mph, 0 otherwise) 0.232 0.422 0.289 0.454 0.305 0.460 0.305 0.460
Speed limit (1 if 70mph, 0 otherwise) 0.063 0.242 0.326 0.469 0.112 0.315 0.112 0.315
Light conditions (1 if daylight, 0 otherwise) 0.703 0.457 0.803 0.398 0.772 0.419 0.772 0.419
Light conditions (1 if darkness-lights lit, 0 otherwise) 0.207 0.405 0.082 0.275 0.117 0.322 0.117 0.322
Light conditions (1 if darkness-lights unlit, 0 otherwise) 0.006 0.075 0.003 0.054 0.004 0.061 0.004 0.061
Light conditions (1 if darkness-no lighting, 0 otherwise) 0.074 0.262 0.097 0.296 0.091 0.288 0.091 0.288
Light conditions (1 if darkness-unknown, 0 otherwise) 0.011 0.103 0.015 0.120 0.016 0.124 0.016 0.124
Weather conditions (1 if fne, 0 otherwise) 0.797 0.402 0.838 0.368 0.828 0.378 0.828 0.378
Weather conditions (1 if raining, 0 otherwise) 0.174 0.380 0.138 0.345 0.138 0.345 0.138 0.345
Weather conditions (1 if snowing, 0 otherwise) 0.003 0.057 0.009 0.094 0.004 0.067 0.004 0.067
Weather conditions (1 if fog or mist, 0 otherwise) 0.005 0.069 0.012 0.108 0.009 0.094 0.009 0.094
Weather conditions (1 if other, 0 otherwise) 0.020 0.140 0.003 0.054 0.021 0.144 0.021 0.144
Road surface (1 if dry, 0 otherwise) 0.627 0.484 0.698 0.460 0.660 0.474 0.660 0.474
Road surface (1 if wet or damp, 0 otherwise) 0.353 0.478 0.285 0.452 0.319 0.466 0.319 0.466
Road surface (1 if snow, 0 otherwise) 0.002 0.045 0.006 0.076 0.003 0.058 0.003 0.058
Road surface (1 if frost or ice, 0 otherwise) 0.013 0.114 0.009 0.094 0.016 0.127 0.016 0.127
Road surface (1 if food over 3 cm deep, 0 otherwise) 0.004 0.065 0.003 0.054 0.001 0.038 0.001 0.038
Urban area (1 if urban, 0 otherwise) 0.504 0.500 0.223 0.417 0.343 0.475 0.343 0.475
Rural area (1 if rural, 0 otherwise) 0.494 0.500 0.777 0.417 0.657 0.475 0.657 0.475
Vehicle maneuver (1 if reversing, 0 otherwise) 0.003 0.057 0.003 0.054 0.002 0.043 0.004 0.067
Vehicle maneuver (1 if parked, 0 otherwise) 0.007 0.083 0.040 0.195 0.011 0.105 0.024 0.153
Vehicle maneuver (1 if waiting to go, 0 otherwise) 0.022 0.147 0.047 0.212 0.027 0.161 0.029 0.169
Vehicle maneuver (1 if slowing or stopping, 0 otherwise) 0.039 0.193 0.103 0.304 0.049 0.216 0.048 0.214
Vehicle maneuver (1 if moving of, 0 otherwise) 0.038 0.192 0.023 0.152 0.041 0.198 0.026 0.158
Vehicle maneuver (1 if turning, 0 otherwise) 0.194 0.395 0.078 0.268 0.152 0.359 0.153 0.360
Vehicle maneuver (1 if changing lane, 0 otherwise) 0.013 0.115 0.019 0.137 0.015 0.121 0.012 0.110
Vehicle maneuver (1 if overtaking, 0 otherwise) 0.024 0.154 0.019 0.137 0.037 0.190 0.018 0.132
Vehicle maneuver (1 if going ahead other, 0 otherwise) 0.659 0.474 0.668 0.471 0.666 0.472 0.685 0.465
First point of impact (1 if did not impact, 0 otherwise) 0.010 0.102 0.015 0.120 0.013 0.115 0.007 0.081
First point of impact (1 if front, 0 otherwise) 0.651 0.477 0.580 0.494 0.625 0.484 0.639 0.481
First point of impact (1 if back, 0 otherwise) 0.096 0.294 0.236 0.425 0.131 0.338 0.128 0.334
First point of impact (1 if ofside, 0 otherwise) 0.158 0.365 0.115 0.319 0.146 0.353 0.152 0.359
First point of impact (1 if nearside, 0 otherwise) 0.085 0.278 0.054 0.227 0.084 0.277 0.075 0.264
Age of vehicle (1 if data missing, 0 otherwise) 0.096 0.294 0.160 0.367 0.085 0.279 0.143 0.350
Age of vehicle (1 if below three years, 0 otherwise) 0.151 0.359 0.241 0.428 0.165 0.371 0.280 0.449
Age of vehicle (1 if 3–10 years, 0 otherwise) 0.451 0.498 0.465 0.499 0.427 0.495 0.410 0.492
Age of vehicle (1 if above ten years, 0 otherwise) 0.301 0.459 0.134 0.341 0.323 0.468 0.167 0.373
Sex of driver (1 if male, 0 otherwise) 0.575 0.494 0.975 0.156 0.601 0.490 0.931 0.253
Sex of driver (1 if female, 0 otherwise) 0.425 0.494 0.025 0.156 0.399 0.490 0.069 0.253
Age band of driver (1 if below 25 years, 0 otherwise) 0.204 0.403 0.084 0.277 0.187 0.390 0.111 0.314
Age band of driver (1 if 26–45 years, 0 otherwise) 0.403 0.491 0.461 0.499 0.412 0.492 0.485 0.500
Age band of driver (1 if 46–65 years, 0 otherwise) 0.271 0.445 0.411 0.492 0.273 0.446 0.363 0.481
Age band of driver (1 if above 65 years, 0 otherwise) 0.123 0.328 0.044 0.205 0.128 0.334 0.041 0.199
Driver home area type (1 if data missing, 0 otherwise) 0.079 0.269 0.132 0.339 0.089 0.284 0.097 0.297
Driver home area type (1 if urban area, 0 otherwise) 0.683 0.465 0.646 0.479 0.610 0.488 0.667 0.471
Driver home area type (1 if small town, 0 otherwise) 0.100 0.299 0.109 0.311 0.125 0.331 0.100 0.300
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4. Logit Model

Separate random-parameter logit models with heterogeneity
in means and variances (RPLHMV) were estimated to
identify the factors infuencing the driver’s injury and se-
verity involved in diferent vehicle crashes. To begin with, an
injury-severity function, Yin, that determines the driver-
injury-severity level i in crash n, is specifed as follows
[36–38]:

Yin � βiXin + εin, (1)

where Xin are vectors of explanatory variables that afect
driver-injury-severity level i (slight injury or severe injury)
in crash n, βi is a vector of corresponding estimable pa-
rameters, and εin is an error term assumed to follow an
independent and identical distribution with zero mean and
variance σ2. To account for unobserved heterogeneity,
random parameters with heterogeneity in means and var-
iances are introduced as follows [30, 38, 39]:

βin � βi + ΘinZin + σinEXP ψinWin(  + υin, (2)

where βi is the mean parameter estimate across all crashes,
Zin are vectors of explanatory variables that infuence the
mean, Θin are vectors of corresponding estimable param-
eters, Win are vectors of explanatory variables that capture
heterogeneity in variances, σin, ψin is a vector of corre-
sponding estimable parameters, and υin is a disturbance
term. Ten, the outcome probability of the RPLHMVmodel
formulation can be expressed as follows [26]:

Pn(i|φ) � 
exp βiXin( 

i∈Iexp βiXin( 
f βi|φ( dβi, (3)

where pn(i|φ) is the probability of injury-severity level i

conditional on f(βi|φ) andf(βi|φ) is the density function of
βi, with φ referring to a vector of parameters (means and
variances).

Te RPLHMV model is estimated with a simulated
maximum likelihood method, and 1,000 Halton draws are
used to achieve stable parameter estimates [40]. Regarding
the distribution of the random parameters, the normal
distribution is used to achieve the best goodness of ft
[7, 41–44].

Te pseudo-elasticities are computed to quantitatively
describe the impact of explanatory variables on the driver-

injury severities. In this paper, all variables used in the
estimated models are binary indicator variables. Terefore,
the pseudo-elasticities quantify the change in outcome
probability when an explanatory variable changes from “0”
to “1” [37, 43].

We conducted chi-square distributed likelihood ratio
tests to determine whether there is any diference between
injury-severity outcomes for vehicle types. To begin, like-
lihood ratio tests were conducted to compare injury-severity
outcomes for vehicle types. Te test statistic is [45–48]

χ2t � −2 LL βcombined,t  − LL βcar−car,t  − LL βcar−truck,t 

−LL βtruck−truck,t ,

(4)

where LL(βcombined,t) is the log-likelihood at the convergence
of the model using all of the available two-vehicle crash data
in the year t, LL(βcar−car,t) is the log-likelihood at the
convergence of the model using car-car crash data only in
year t, LL(βcar−truck,t) is the log-likelihood at the convergence
of the model using car-truck crash data only in year t, and
LL(βtruck−truck,t) is the log-likelihood at the convergence of
the model using truck-truck crash data only in year t. Te
model estimate gained from the test gave an χ2 values of
61.64 with 12 degrees of freedom. Te modeling approach
specifed the null hypothesis that statistically signifcant
parameters in truck-car crash models are stable and can be
rejected at 99.99% confdence level.

5. Results

Table 3 presents the model estimation results based on the
random-parameter logit models with heterogeneity in
means and variances, indicating a very good overall model ft
with McFadden R-Squared between 0.374 and 0.478. Based
on the estimated results, a detailed discussion is shown as
follows.

5.1. Random-Parameters Insights. For the car-car model,
there are two statistically signifcant variables as random
parameters (see Table 3), including young car driver (be-
tween 26–45 years) and the 30mph speed limit. Among
them, the young car-driver (between 26–45 years) indicator
is signifcant as a normally distributed random parameter,
wherein 92.44% of the observations increase the probability

Table 2: Continued.

Variables
Car-car Truck-truck Car-truck Car-truck
CD TD CD TD

Mean SD Mean SD Mean SD Mean SD
Driver home area type (1 if rural, 0 otherwise) 0.138 0.345 0.113 0.317 0.176 0.381 0.136 0.343
Month (1 if spring, 0 otherwise) 0.236 0.425 0.213 0.410 0.214 0.410 0.214 0.410
Month (1 if summer, 0 otherwise) 0.249 0.433 0.267 0.443 0.257 0.437 0.257 0.437
Month (1 if autumn, 0 otherwise) 0.270 0.444 0.279 0.449 0.269 0.443 0.269 0.443
Month (1 if winter, 0 otherwise) 0.245 0.430 0.241 0.428 0.261 0.439 0.261 0.439
Crash time (1 if of-peak time, 0 otherwise) 0.632 0.482 0.681 0.466 0.611 0.488 0.611 0.488
Crash time (1 if morning peak, 0 otherwise) 0.165 0.371 0.213 0.410 0.230 0.421 0.230 0.421
Crash time (1 if evening peak, 0 otherwise) 0.203 0.402 0.106 0.308 0.159 0.366 0.159 0.366
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of severe injury (and in a reduction in the rest 7.56%).
Furthermore, the male indicators increase the mean of this
young car-driver indicator, thus increasing the likelihood of
severe injuries. Most young male car drivers tend to be
overconfdent in their driving skills and are more likely to
exhibit improper actions. However, they lack enough
emergency response capabilities, resulting in severe and fatal
injuries. Terefore, more enforcement and education pro-
grams about young male car drivers should be enhanced.
Te 30mph speed limit indicator is signifcant, with a lower
probability of severe injury for 99.22% of the observations.

Tere are two statistically signifcant variables as random
parameters for the truck-truck model (see Table 3). Te
30mph speed limit is also signifcant, with a low probability
of severe injury for 80.62% of the observations. Te young
truck driver (between 26 and 45 years) indicator is signif-
cant as a normally distributed random parameter, wherein
74.49% of the observations increase the probability of severe
injury (and a reduction in the rest of 25.51%). Furthermore,
the dark-lighted indicator decreases the mean of this young
truck driver indicator, thus decreasing the likelihood of
severe injuries. Driving at night, truck drivers are more likely
to be tired, leading to misjudgment of the driving speed,
thereby inducing severe crashes. Terefore, when making
the nighttime scheduling plan, the truck drivers should be
arranged reasonably to prevent fatigued driving. To that end,
highly efcient street lighting over road segments with a high
proportion of large trucks should be considered to improve
visibility during nighttime conditions. Also, drivers should
be careful with relatively lower speeds when driving on
artifcially lit road sections.

For the car-truck model, there is only one statistically
signifcant variable (see Table 3). However, the 30mph speed
limit indicator is also signifcant, where 70.19% of the ob-
servations decrease the probability of severe injury. Note
that the weekday indicator increases the mean of the 30mph
speed limit indicator, making severe injuries more likely.
Our fnding seems to be consistent with the literature in
which the author clarifed that lower proportions of trucks
characterize weekends compared to weekdays [28, 49].
Again, note that the variance of the speed limit indicator is
afected by the rural area indicator, which increases its
variance (it makes the distribution tail of the parameter
density function fatter and thus ofers a more uniformly
shaped distribution of the betas), refecting higher
variability.

5.2. Signifcant Factor Analysis

5.2.1. Car-Car Crashes (Car Driver Model). As shown in
Table 4, there are three statistically signifcant driver-related
variables in the car-car crash model. Female drivers are
associated with a 15.56% risk of severe injury compared to
male drivers. A possible explanation for these results may be
the lack of enough emergency response capabilities,
resulting in serious and even fatal injuries. Young drivers are
linked to a 10.71% increased risk of severe injury. Most
young drivers (between 26 and 45 years) tend to be

overconfdent in their driving skills and are more likely to
exhibit improper actions. However, they lack enough
emergency response capabilities, resulting in severe injury.
More enforcement and education programs about young
drivers should be enhanced. In addition, old drivers
(65 years above) are associated with a 2.76% increased risk of
severe injury. Te physical function of old drivers is pro-
grammed to diminish with age. And the reaction lag is also
more likely to lead to severe injury crashes. Consequently,
old drivers should attend regular physical check-ups and
driving safety education; if failing a driving test, they could
be considered to take the initiative to return their driver’s
license or take compulsory license suspension.

Four vehicle-related variables, speeding, turning, head-
on collision, and sideswipes collision, all have statistically
signifcant efects on the injury severity of drivers in the car-
car crash model. Among them, speeding is associated with
a 3.54% increased risk of severe injury. When speeding while
driving, the view of drivers becomes narrower. Furthermore,
more kinetic energy after the collision is more likely to result
in severe and fatal injuries. Turning is associated with
a 6.01% increased risk of severe injury. When a vehicle turns,
the view of drivers also becomes narrower, and they are
more inattentive. Notably, the study found that both side
and frontal crashes increased the risk of severe injury in car-
car crashes and that side crashes are more likely to result in
severe injury than frontal crashes (38.46% vs. 4.27%). Te
main reason may be that the impact of the hit vehicle was on
the side, meaning that at least one driver did not pay at-
tention to oncoming trafc in the other direction. Hence,
a high-speed collision is more likely to result in severe injury.
More importantly, the vehicle’s protection does not even
work for the driver in the side direction.

Four roadway-related variables, including roundabouts,
dual carriageway, 30mph speed limit, and urban areas, are
statistically signifcant in afecting the driver-injury sever-
ities in the car-car crash model. Among them, crashes that
occurred at roundabouts are associated with a 1.96% in-
creased risk of severe injury. Te speed of vehicles is gen-
erally slower at roundabouts, reducing the likelihood of
serious crashes. However, due to improper actions (such as
speeding or running a red light), they often collide with the
other vehicles at the roundabout, thereby increasing the
probability of slight crashes. Compared with single lanes,
automotive vehicles driving in dual lanes are prone to
frequent lane change behavior, increasing the risk of severe
injury by 4.20%. Te 30mph speed limit indicator decreases
the probability of severe injury by 23.18%. Finally, compared
to rural roads, the overall lower vehicle speeds on urban
roads reduce the risk of severe injury by 14.33%.

Five environment-related variables, including dark
lighted, dark no light, sunny, of-peak crash time, and
summer, have a statistically signifcant efect on the injury
severity of drivers in the car-car crash model. It is high-
lighted that under the dark lights, the perception of the
external environment weakened the perception abilities of
hazardous situations. When driving at night after working
for long hours during the daytime, car drivers aremore likely
to be tired, leading to misjudgment of the driving speed,

8 Journal of Advanced Transportation



Ta
bl

e
4:

M
ar
gi
na
le

fe
ct
s
re
su
lt
of

in
ju
ry

se
ve
ri
ty

of
dr
iv
er
s
in
vo
lv
ed

in
di
fe
re
nt

ty
pe
s
of

ve
hi
cl
e
cr
as
he
s.

V
ar
ia
bl
es

C
ar
-c
ar

cr
as
he
s

Tr
uc
k-
tr
uc
k
cr
as
he
s

C
ar
-t
ru
ck

cr
as
he
s

C
D

m
od

el
a

TD
m
od

el
a

C
D

m
od

el
TD

m
od

el
M
I

SI
M
I

SI
M
I

SI
M
I

SI
Ra

nd
om

pa
ra
m
et
er
s

A
ge

ba
nd

of
ca
r
dr
iv
er

(1
if
26
–4

5
ye
ar
s,
0
ot
he
rw

ise
)

−
0.
01
46

0.
10
71

A
ge

ba
nd

of
tr
uc
k
dr
iv
er

(1
if
26
–4

5
ye
ar
s,
0
ot
he
rw

ise
)

−
0.
03
11

0.
16
05

−
0.
00
70

0.
06
66

Sp
ee
d
lim

it
(1

if
30

m
ph

,0
ot
he
rw

ise
)

0.
02
32

−
0.
23
18

0.
02
10

−
0.
20
30

0.
02
45

−
0.
18
55

0.
01
21

−
0.
18
32

Fi
xe
d
pa
ra
m
et
er
s

D
ri
ve
r
ch
ar
ac
te
ri
st
ic
s

G
en
de
r
of

ca
r
dr
iv
er

(1
if
fe
m
al
e,
0
ot
he
rw

ise
)

−
0.
02
33

0.
15
56

−
0.
07
02

0.
26
95

G
en
de
r
of

tr
uc
k
dr
iv
er

(1
if
m
al
e,
0
ot
he
rw

ise
)

−
0.
19
17

0.
79
50

−
0.
00
82

0.
03
18

−
0.
02
54

0.
21
46

A
ge

ba
nd

of
ca
r
dr
iv
er

(1
if
65

ye
ar
s
ab
ov
e,
0
ot
he
rw

ise
)

−
0.
00
50

0.
02
76

−
0.
03
26

0.
06
55

A
ge

ba
nd

of
tr
uc
k
dr
iv
er

(1
if
65

ye
ar
s
ab
ov
e,
0
ot
he
rw

ise
)

−
0.
00
79

0.
01
85

−
0.
00
05

0.
00
34

V
eh
ic
le

ch
ar
ac
te
ri
st
ic
s

A
ge

of
ca
r
ve
hi
cl
e
(1

if
3–
10

ye
ar
s,
0
ot
he
rw

ise
)

0.
00
10

−
0.
00
43

A
ge

of
tr
uc
k
ve
hi
cl
e
(1

if
ab
ov
e
te
n
ye
ar
s,
0
ot
he
rw

ise
)

−
0.
00
99

0.
05
66

C
ar

ve
hi
cl
e
m
an
eu
ve
r
(1

if
sp
ee
di
ng

,0
ot
he
rw

ise
)

−
0.
00
17

0.
03
54

−
0.
03
38

0.
11
80

−
0.
00
12

0.
00
60

Tr
uc
k
ve
hi
cl
e
m
an
eu
ve
r
(1

if
sp
ee
di
ng

,0
ot
he
rw

ise
)

−
0.
00
01

0.
00
02

C
ar

ve
hi
cl
e
m
an
eu
ve
r
(1

if
tu
rn
in
g,

0
ot
he
rw

ise
)

−
0.
00
67

0.
06
01

Tr
uc
k
ve
hi
cl
e
m
an
eu
ve
r
(1

if
ch
an
gi
ng

la
ne
,0

ot
he
rw

ise
)

−
0.
02
08

0.
17
99

−
0.
00
28

0.
01
03

Fi
rs
t
po

in
to

fi
m
pa
ct

(1
if
fr
on

t,
0
ot
he
rw

ise
)

−
0.
00
56

0.
04
27

−
0.
02
64

0.
08
90

−
0.
00
57

0.
09
80

Fi
rs
t
po

in
to

fi
m
pa
ct

(1
if
of

sid
e,
0
ot
he
rw

ise
)

−
0.
07
17

0.
38
46

−
0.
02
45

0.
30
38

−
0.
00
91

0.
09
46

Ro
ad
w
ay

ch
ar
ac
te
ri
st
ic
s

Ro
ad

ar
ea

ty
pe

(1
if
ru
ra
l,
0
ot
he
rw

ise
)

−
0.
01
13

0.
09
28

0.
01
84

−
0.
09
29

−
0.
00
14

0.
00
85

Ro
ad

ar
ea

ty
pe

(1
if
ur
ba
n,

0
ot
he
rw

ise
)

0.
01
49

−
0.
14
33

Ro
ad

ty
pe

(1
if
du

al
ca
rr
ia
ge
w
ay
,0

ot
he
rw

ise
)

−
0.
00
53

0.
04
20

−
0.
00
71

0.
03
81

Ro
ad

ty
pe

(1
if
ro
un

da
bo

ut
,0

ot
he
rw

ise
)

−
0.
00
14

0.
01
96

Ro
ad

ty
pe

(1
if
ju
nc
tio

ns
,0

ot
he
rw

ise
)

−
0.
01
07

0.
07
52

En
vi
ro
nm

en
ta
lc

ha
ra
ct
er
ist
ic
s

Li
gh

t
co
nd

iti
on

s
(1

if
da
rk
ne
ss
—
no

lig
ht
in
g,

0
ot
he
rw

ise
)

−
0.
00
04

0.
01
15

−
0.
01
63

0.
04
04

−
0.
00
02

0.
00
07

−
0.
02
39

0.
22
31

Li
gh

t
co
nd

iti
on

s
(1

if
da
rk
ne
ss
—
lig
ht
s
lit
,0

ot
he
rw

ise
)

−
0.
01
28

0.
09
10

W
ea
th
er

co
nd

iti
on

s
(1

if
fn

e,
0
ot
he
rw

ise
)

0.
02
42

−
0.
14
59

W
ea
th
er

co
nd

iti
on

s
(1

if
ra
in
in
g,

0
ot
he
rw

ise
)

−
0.
12
64

0.
49
58

−
0.
00
25

0.
02
80

Se
as
on

(1
if
su
m
m
er
,0

ot
he
rw

ise
)

−
0.
01
01

0.
05
30

D
ay

of
w
ee
k
(1

if
w
ee
kd

ay
s,
0
ot
he
rw

ise
)

−
0.
01
07

0.
04
61

−
0.
00
73

0.
09
20

C
ra
sh

tim
e
(1

if
of

-p
ea
k
tim

e,
0
ot
he
rw

ise
)

−
0.
01
80

0.
10
32

−
0.
04
32

0.
15
43

a T
D
:t
ru
ck

dr
iv
er
,C

D
:c
ar

dr
iv
er
,S

I:
se
ve
re

in
ju
ry
,a

nd
M
I:
m
in
or

in
ju
ry
.

Journal of Advanced Transportation 9



thereby inducing severe crashes. A sunny environment
decreases the likelihood of severe injury by 14.59%. Te of-
peak time and summer indicators increase the estimated
odds of a severe injury by 5.30% and 10.32%, respectively.

5.2.2. Truck-Truck Crashes (Truck Driver Model). As shown
in Table 4, there are three statistically signifcant driver-
related variables in the truck-truck crash model. Male
drivers are associated with a 79.50% increased risk of severe
injury compared with female drivers. On the one hand, due
to the particularity of the truck occupation, the proportion of
male drivers is more than females. On the other hand,
compared to car drivers, truck drivers often need to drive
longer to reach their destination. Drivers’ fatigue driving is
a signifcant cause of trafc accidents. Terefore, truck
drivers should ensure sufcient sleep before driving, and if
tired when driving, they should immediately go to the
nearest service area and rest to ensure safe driving. Young
drivers (26–45 years) and older drivers (65 years above)
increase the odds of a severe injury by 16.05% and 1.85%,
respectively.

Two vehicle-related variables, including speeding and
sideswipes collision, have a statistically signifcant efect on
the injury severity of drivers in the truck-truck crash model.
Among them, speeding contributes to more severe injuries.
Te reason could be a signifcant speed diference between
trucks based on their loads and weight-to-power ratio. It is
also a common occurrence that trucks pass each other using
the left lane. Lower severe injuries are found during side-
swipes compared to diferent collision types. It seems pos-
sible that sideswipes contribute to more slight injury crashes
compared to severe injuries. A recent study by the authors in
[50] reported that sideswipes have diferent levels of impact
on injury severity under other weather conditions.

Tree roadway-related variables, including junctions,
30mph speed limit, and rural areas, have a statistically
signifcant efect on the injury severity of drivers in the
truck-truck crashes model. Among them, the presence of
junctions increases severe injuries by an estimated odds of
7.52% on average, compared to no junction conditions,
respectively. Te results are consistent with the previous
studies where higher injury severity was reported for the
presence of freeway merging and diverging segments
[28, 51]. Te speed limit indicator decreases the probability
of severe injury. Finally, drivers drive faster on rural roads,
which are mostly single lanes (such as no clear division of
trafc direction, no intermediate guardrail, shoulder width is
limited, etc.), resulting in severe injury or fatality crashes.
Terefore, truck drivers should look at the rural road before
starting the heterogeneous section and slow down. In ad-
dition, advance warning signs should be implemented ahead
of the heterogeneous section to warn drivers.

Tree environment-related variables, including dark, no
light, weekdays, and rainy, have a statistically signifcant
efect on the injury severity of drivers in the truck-truck
crash model. Te inclement weather conditions increase the
severe injuries by an estimated odd of 49.58% on average
compared to clear weather, which is opposite to the previous

truck occupant model. Unlit conditions increase severe
injuries by an estimated odd of 4.04% on average compared
to light. Te results are consistent with the previous studies
where higher injury severity was reported for the presence of
unlit conditions [28, 50]. Finally, among the crash charac-
teristics, severe injury is increased during weekdays. Tis
result complies with other studies where the author clarifed
the presence of a lower percentage of trucks on weekends
compared to weekdays as the possible reason behind this
[48, 50, 52, 53].

5.2.3. Car-Truck Crashes

(1) Car Driver Model. As shown in Table 4, there are three
statistically signifcant driver-related variables in the car-
truck crash model. Among them, the estimated odds of
a severe injury increased by 6.55% and 26.95% on average,
with the car drivers being old and female, respectively. Te
previous study on driver-injury severities at various loca-
tions also reported that older and female drivers have
a higher probability of more severe injuries [28]. Note that
young male truck drivers increase their risk of serious injury
or fatality crashes and increase the probability of severe
injury crashes for car drivers. Young male truck drivers are
often overconfdent in their driving skills. As a result, they
are more likely to engage in dangerous driving behaviors,
leading to serious and fatal injuries while hindering other
vehicles from driving normally on the road. Terefore, it is
necessary to strengthen safety education for young male
truck drivers and, at the same time, increase the punishment
for the corresponding improper driving behavior. However,
some studies have also shown that young drivers are less
likely to be involved in serious injuries and fatal injuries in
car-truck crashes due to their physical strengths and
emergency response capabilities [10].

Five vehicle-related variables, including speeding car,
changing truck, age of the car (3–10 years), head-on colli-
sion, and sideswipes collision, have a statistically signifcant
efect on injury severity of car drivers in the car-truck crashes
model. While investigating driving errors, car drivers’ im-
proper actions signifcantly increase the estimated odds of
car and truck driver severe injuries by 11.80% and 0.60% on
average, respectively. Te results also show that car drivers
are more responsible than truck drivers for contributing
more severe injuries to truck drivers in car-truck crashes
[28]. More enforcement and education programs about car
drivers should be enhanced. Truck changing lane behavior
signifcantly increases the probability of severe injury and
fatality crashes for both car and truck drivers. Due to the
large size of trucks, there is a blind-vision zone when
changing or turning, leading to serious injury crashes.
Terefore, some interventions should be implemented, such
as reminding the rear car to pay attention to avoid, but also
through the vehicle’s advanced equipment to increase the
back view of the truck driver. Older cars between 3 and
10 years reduce the probability of severe injury for drivers of
cars. It is recommended that vehicles need regular servicing
(3–10 years) and reach a longer service life (such as more
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than ten years) to consider scrap processing and replacing
the new car to get safer driving. Notably, the study found
that both side and frontal crashes increased the risk of severe
injury of car drivers in car-truck crashes and that side
crashes are more likely to result in severe injury than frontal
crashes.

Tree roadway-related variables, including dual car-
riageway, 30mph speed limit, and rural areas, have a sta-
tistically signifcant efect on the injury severity of car drivers
in the car-truck crashes model. Among them, the 30mph
speed limit indicator decreases car drivers’ probability of
severe injury.Te result is easy to understand intuitively, and
a higher speed limit has been found in the literature to be
related to severe injury crashes [50, 54]. Te rural roadway
indicator decreases the car drivers’ probability of severe
injuries [52]. Compared with single lanes, automotive ve-
hicles driving in dual lanes are associated with a risk of
severe injury by 3.81%. Te authors in [55] found that a car
driver has a greater response to stimulus than a truck driver
and maintains as small a front gap as possible. In addition,
trucks generally have fewer braking capabilities than cars.
Te authors in [28] show that car drivers are more re-
sponsible than truck drivers for contributing to more severe

injuries to truck drivers in car-truck crashes. Terefore,
when the road conditions allow, it is appropriate to set up
separate lanes for passengers and trucks or large trucks’
special lanes. Still, on the other hand, we must also prevent
other vehicles from occupying the truck lane.

Tree environment-related variables, including dark no
light, of-peak time, and rainy, have a statistically signifcant
efect on the injury severity of car drivers in the car-truck
crashes model. Te unlit conditions, rain conditions, and
of-peak times increase the estimated odds of a severe injury
of car drivers by 0.07%, 2.80%, and 15.43% on average,
respectively.

(2) Truck Driver Model. As shown in Table 4, there are three
statistically signifcant driver-related variables in the car-
truck crash model. Among them, the estimated odds of
a severe injury increased by 6.66%, 0.34%, and 21.46% on
average, with the truck drivers being young, old, and male,
respectively.

Four vehicle-related variables, including speeding car,
changing truck, age of truck (10 years above), and head-on
collision, have a statistically signifcant efect on injury se-
verity of truck drivers in the car-truck crash model. While

Table 5: Model comparisons.

Variables Car-car crashes Truck-truck crashes Car-truck crashes
CD model TD model CD model TD model

Driver characteristics
Sex of car driver (1 if female, 0 otherwise) ↑ ↑
Sex of truck driver (1 if male, 0 otherwise) ↑ ↑ ↑
Age band of car driver (1 if 26–45 years, 0 otherwise) ↑
Age band of truck driver (1 if 26–45 years, 0 otherwise) ↑ ↑
Age band of car driver (1 if 65 years above, 0 otherwise) ↑ ↑
Age band of truck driver (1 if 65 years above, 0 otherwise) ↑ ↑
Vehicle characteristics
Age of car vehicle (1 if 3–10 years, 0 otherwise) ↓
Age of truck vehicle (1 if above ten years, 0 otherwise) ↑
Car vehicle maneuver (1 if speeding, 0 otherwise) ↑ ↑ ↑
Car vehicle maneuver (1 if turning, 0 otherwise) ↑
Truck vehicle maneuver (1 if speeding, 0 otherwise) ↑
Truck vehicle maneuver (1 if changing lane, 0 otherwise) ↑ ↑
First point of impact (1 if front, 0 otherwise) ↑ ↑ ↑
First point of impact (1 if ofside, 0 otherwise) ↑ ↓ ↑
Roadways characteristics
Speed limit (1 if 30 mph, 0 otherwise) ↓ ↓ ↓ ↓
Road type (1 if roundabout, 0 otherwise) ↓
Road type (1 if junctions, 0 otherwise) ↑
Road type (1 if dual carriageway, 0 otherwise) ↑ ↑
Road area type (1 if urban, 0 otherwise) ↓
Road area type (1 if rural, 0 otherwise) ↑ ↑ ↑
Environment characteristics
Light conditions (1 if darkness–no lighting, 0 otherwise) ↑ ↑ ↑ ↑
Light conditions (1 if darkness–lights lit, 0 otherwise) ↑
Weather conditions (1 if fne, 0 otherwise) ↓
Weather conditions (1 if raining, 0 otherwise) ↑ ↑
Season (1 if summer, 0 otherwise) ↑
Day of week (1 if weekdays, 0 otherwise) ↑ ↑
Crash time (1 if of-peak time, 0 otherwise) ↑ ↑
↑indicates an increase in the likelihood of severe injuries; ↓indicates a decrease in the likelihood of severe injuries. TD: truck driver and CD: car driver.
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investigating driving errors, truck drivers’ improper actions
have no statistically signifcant impact on the injury severity
of car drivers. Terefore, it can be concluded that car drivers
are more responsible for severe injuries in car-truck crashes.
Similar results were found in previous studies [28]. Likewise,
truck changing, head-on collisions, and older trucks
(10 years above) increase the estimated odds of a severe
injury of truck drivers by 1.03%, 9.80%, and 5.66% on av-
erage, respectively.

Two roadway-related variables, including the 30mph
speed limit and rural areas, have a statistically signifcant
efect on the injury severity of truck drivers in the car-truck
crashes model. Among them, the speed limit indicator
decreases truck drivers’ probability of severe injury. In
contrast, the rural roadways indicator increases truck
drivers’ likelihood of severe injuries.

Two environment-related variables, including dark, no
light, and weekdays, have a statistically signifcant efect on
the injury severity of truck drivers in the car-truck crash
model. Unlit conditions and weekdays increase the truck
drivers’ estimated odds of a severe injury by 22.31% and
9.20% on average, respectively. Drivers are driving at night
with inadequate road lighting and a limited range of vehicle
lights, making it more difcult for drivers to judge the road
conditions and speed.Terefore, it is appropriate to increase
the lighting at night and the length of lighting, especially for
some roadways sections with a high proportion of large
trucks. Among the crash characteristics, the severe injury of
truck drivers also increased during weekdays. Tis result
complies with other studies [50, 55].

To that end, Table 5 summarizes the efects of statistically
signifcant variables on injury severity by vehicle and
driver type.

6. Conclusions

Using three-year crash data from the UK, this study develops
a random parameters logit model with heterogeneity in
means and variances to explore the injury severity of drivers.
Te estimated models reveal that varieties of drivers, ve-
hicles, roads, and environment attributes afect drivers’
injury severities. Te main conclusions are summarized as
follows:

(1) Te random parameters logit with heterogeneity in
the means and variances (RPLHMV)model provides
a superior statistical ft. It ofers additional insights
compared to the traditional lower-order logit model
counterparts by accommodating variations of the
explanatory variables across the observations and
factors afecting the means and variances of the
parameter density functions of the random param-
eters.Tis allows us to identify additional factors that
may play a role in determining a parameter’s true
efect on injury severity.

(2) More importantly, concerning the contributing
factors afecting the driver’s severe injuries, separate
injury-severity models based on vehicle and driver
types ofer valuable insights. However, inconsistency

exists in the determinants of each model. For ex-
ample, only the speed limit is statistically signifcant
in all the models, while others show signifcance, not
in all models. In addition, young car drivers, car
turning, roundabouts, urban areas, dark lights lit,
fne conditions, and summer indicators have a sig-
nifcant efect only in car-car crash models. Similarly,
some variables, including the age of drivers, gender,
speeding, sideswipes, and weekdays, are signifcant
in one driver model (truck driver or car driver) but
not in other driver models.

(3) Te fndings ofer numerous practical implications:

(a) More enforcement and education programs
about young and male drivers should be en-
hanced. Old truck drivers should attend regular
physical check-ups and driving safety education;
if failing a driving test, they could be considered
to take the initiative to return their driver’s
license. And car drivers are more responsible for
respective severe injuries in car-truck crashes.

(b) It is recommended that vehicles need regular
servicing (3–10 years) and reach a longer service
life (such as more than ten years) to consider
doing vehicle scrap processing and replace the
new truck to get safer driving. Due to the large
size of trucks, there is a blind-vision zone when
changing or turning, leading to serious injury
crashes. Terefore, some interventions should be
implemented, such as reminding the rear car to
pay attention to avoid, but also through the
vehicle’s advanced equipment to increase the
back view of the truck driver.

(c) Our fndings indicate that young drivers either
lack adequate knowledge or experience com-
plying with the highway code at junctions or
violate trafc laws, as this results in severe
crashes. Tus, more educational programs
should be implemented to prevent young drivers
from illegally driving, such as disobeying right-
of-way, stop signs, and road markings.

(d) Serious injury crashes are more likely to occur
when driving at night. Terefore, truck service
time must be carefully considered while creating
the evening schedule plan to prevent drowsiness.
Additionally, drivers should take precautions
while traveling at a comparatively slower speed
on the areas of the road that are artifcially lit.

(e) Among the crash characteristics, severe injury is
increased during weekdays for truck-involved
crashes. Terefore, warning signs should be
implemented to warn car drivers, especially for
some roadways sections with a high proportion
of large trucks during weekdays.

(4 )Tis study also has some limitations. Firstly, it is
noted that certain data-specifc biases, particularly
resulting from the shortcomings of the crash
reporting system, may afect the empirical
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conclusions of the analysis (for example, the omis-
sion of no-injury crashes). In addition, the injury
severity of both drivers might be correlated with
being involved in the same crash. Another natural
extension would be to examine the potential cor-
relation considering the crash injury-severity levels
of both parties. Lastly, more two-vehicle crash
datasets should be included in the future to in-
vestigate the temporal stability and then to help
policy-makers to take necessary measures in re-
ducing motorcycle-involved crashes by forming
appropriate and time-efcient strategies.
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