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In road traffic crashes, although rollover crashes account for a relatively low proportion, those result in a high fatality rate. �e present 
study performed random parameters ordered logit models to examine risk factors as well as their heterogeneous effects on driver 
injury severity in single-vehicle passenger car and SUV rollover crashes. Crash data for the empirical analysis were extracted from 
Texas Crash Record Information System (CRIS) database during the year 2016. Model estimation results show that six variables (male 
drivers, drivers’ age, airbag deployment, failure to drive in single lane, speed limit, and rural area) were found to produce normally 
distributed parameters in passenger car model, while nine parameters (male drivers, safety belt use, airbag deployment, drug or 
alcohol use, failure to drive in single lane, improper evasive action, vehicle model year, friday, and rural area) in SUV model were 
found to be normally distributed. Several other factors with fixed parameters were found to be associated with driver injury severity 
in single-vehicle passenger car or SUV rollover crashes, most notably: ejection or partial ejection, turning le�, intersection, August, 
adverse weather conditions, and night with light. �ese variables were significant in both models; most variables have stronger effects 
on nonincapacitating injury and serious injury outcomes in SUV than in passenger car rollover crashes. �ese findings provide 
a deep insight into causality nature and factor involved in driver injury severity in single-vehicle passenger car and SUV rollover 
crashes and are also helpful for transport agencies to determine appropriate countermeasures aimed at mitigating injuries sustained 
by drivers in single-vehicle rollover crashes.

1. Introduction

Road traffic accidents are the major cause of fatalities and inju-
ries globally. In a worldwide scale, the World Health 
Organization released that nearly 1.25 million citizens died of 
road traffic crashes and nearly 50 million individuals suffering 
nonfatal injuries as a consequence of such accidents [1]. 
Among these accidents, a large number of automotive vehicle 
accidents lead to vehicle rollovers (e.g., in the United States, 
18.9% fatal crashes involved rollovers during the year 2014) 
and rollovers are becoming one of the crucial safety threats in 
road traffic events [2]. A rollover event is defined as [3]: “a 
vehicle involved in a rotation with at least 90 degrees in lon-
gitudinal axis level, regardless of whether the vehicle tips over 
onto its side or roof.” Although rollover crashes constitute a 
small share of total traffic accidents, the number of rollover 

accidents and fatalities are out of proportion. In China, there 
were 5,036 rollover crashes occurring in 2016, which consti-
tuted only 2.68% of the total motor vehicle crashes, but caused 
5.64% of all fatal accidents [4]. In the State of Texas, US, roll-
over crashes made up 6.70% of all traffic accidents during the 
year 2016, while the death toll caused by rollovers were respon-
sible for 14.98% of total fatalities [5]. �ese statistics indicate 
that the number of casualties caused by rollovers is far from 
negligible, and the urgent need of taking in-depth insight into 
rollover crashes to mitigate their injury severity.

In the recent years, many efforts have been taken to ana-
lyze rollover crashes. Among these studies, quantities of stud-
ies mainly focused on the occurrence propensity or the 
frequency of rollover crashes, especially on those which 
involve specific vehicle types such as truck [6, 7], sport utility 
vehicle [8], passenger car [9, 10], tractor [11, 12], and tactical 
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vehicle [13]. For instance, Farmer and Lund [6] observed that 
curved roadways in rural areas had a higher risk of resulting 
in rollovers and that drivers aged less than 25 years and light 
trucks were related to a higher probability of getting involved 
in rollover crashes. Khattak et al. [7] performed a binary probit 
model to explore truck rollover propensity. �e results revealed 
that risky behavior driving, improper turning action, and 
curves were more likely to result in rollovers. From this study, 
[11] found that more than 2/3 of the fatal tractor-related roll-
over crashes involved nonROPS (rollover protective structure) 
equipped vehicles, while only 16.6% of fatal tractor-related 
rollover crashes involved a clear environmental factor. Using 
seven count-data models, [13] observed that the light-vehicle 
traffic (LVT) was positively associated with the crash fre-
quency, while the heavy-vehicle traffic (HVT) were found to 
have the opposite effect. In an interesting study, Reference [14] 
studied occupant injury patterns in high-mobility multipur-
pose wheeled vehicle (a type of tactical vehicle) rollover from 
1992–2013, and reported that 56% of the occupant fatalities 
could have been prevented by restraint use. �e summarized 
results from these studies indicate that aggregating different 
vehicle types (e.g., passenger cars, pickup trucks, SUV’s) into 
one single model when analyzing rollover crashes may be 
inappropriate due to their differences in vehicle stability and 
crashworthiness.

Alternatively, some studies have addressed the issue of 
injury severity in rollover crashes. Conroy et al. [15] employed 
logistic regression models to predict serious injury of rollover 
crashes, using 27 severely injured occupants and 606 control 
occupants without injury or slight injury outcomes. Based on 
the multinomial logit model estimation results, Hu and 
Donnell [16] reported that the gradient of cross-slope and the 
width of median affected injury severity levels of median roll-
over accidents. Chen et al. [17] applied support vector machine 
models to explore contributing factors affecting driver injury 
severity and confirmed that comfortable driving conditions, 
alcohol/drug use, safety belt use, roadway lanes, driver attrib-
utes, vehicle damage severity, crash characteristics were asso-
ciated with severe injury outcomes and fatality in rollover 
crashes. Wu et al. [18] found that wet pavement surface con-
ditions, and alcohol involvement increase injury severities of 
rollover accidents. Reference [19] analyzed SUV and pickup 
truck rollover crashes using mixed logit models and verified 
that separating vehicle types for analysis rollover crash injury 
severity is necessary. More recently, using the random effects 
generalized ordered probit model, Anarkooli et al. [20] found 
that poor light conditions, adverse weather conditions, light 
truck and heavy vehicles, vehicle actions, vehicle mode year, 
traffic volumes, number of travel lanes, speed limits, and 
unsafe roadside conditions were related to severe injury levels 
in rollover crashes. Nevertheless, most of those studies failed 
to consider the unobserved individual heterogeneity which 
may affect injury severity of rollover crashes across 
observations.

Methodologically, there has been great interest in 
approaches that can capture unobserved heterogeneity in 
modeling crash injury severity. Various unobserved heteroge-
neity modeling approaches, such as random parameters 

probability models [21–23], latent-class logit models [24, 25], 
and Markov-switching models [26, 27] were employed to ana-
lyze crash injury severity over the years. Among these models, 
the random parameters approach which captures individual 
heterogeneity through relaxing parameters to vary across 
observations [21], is the most prevalent method. To the 
authors’ knowledge, there have been few studies which applied 
the random parameters logit model to examine the rollover 
crash injury severity and analyzed the heterogeneous impacts 
of risk factors on driver injury outcomes in rollovers. As ver-
ified by previous studies, unobserved heterogeneity among 
some other risk factors may affect injury-severity outcomes, 
such as age [21], pavement conditions [28], roadway align-
ment [29], etc. In addition, the random parameters logit model 
cannot consider the order nature of injury severity crash data 
and thus such information might not be used to the full. 
�erefore, this paper aims to extend the previous study [18] 
and assumes that unobserved heterogeneity potentially exists 
in all explanatory covariates used in the next section on sever-
ity outcomes of single-rollover crashes and utilizes the random 
parameters ordered logit model to determine injury severity 
of rollover crashes.

As noted above, in the case of analyzing rollover crashes, 
separating vehicle types for analysis is more appropriate and 
comparable. Khattak and Rocha [8] found that passenger cars 
were less likely to be involved in rollovers compared with 
sport utility vehicles, probably due to that motor vehicles with 
light weight and small size are less prone to roll over. Similarly, 
Reference [19] reported that SUVs are almost twice as likely 
to be involved in fatal rollover crashes as passenger cars. 
Regarding the purpose and function, both SUVs and 
passenger cars are mainly used to transport people rather 
than goods and are private automobiles in most instances. 
Given the above, a conclusion can be made that the SUVs and 
passenger cars share common features on the purpose, but 
they have much difference in the injury patterns of rollover 
crashes. �erefore, it is important to explore the similarities 
and differences of the injury mechanism between SUV and 
passenger car rollover crashes for improving SUV and 
passenger car safety. In addition, the causality nature and 
factors involved are substantially different between single- 
and multi-vehicle rollover crashes. It appeals that separating 
these two crash types for empirical analysis is more rational, 
which is better to isolate specific vehicle and driver effects. 
Moreover, according to the data sample, single-vehicle 
rollover crashes responsible for more than 90% of all rollover 
crashes. �us, the present study specifically focuses on 
analyzing single-vehicle passenger car and SUV rollover 
crashes separately.

To this end, the main objective of the study is to develop 
random parameters ordered logit models for analyzing driver 
injury severity in single-passenger car and SUV rollover 
crashes that accounts for heterogeneous impacts of risk factors 
across observations. Accordingly, the rest of this study is struc-
tured as follows. Section 2 shows crash dataset and a brief 
description. Section 3 introduces the proposed approach for 
modeling crash injury severity. Section 4 shows detailed 
parameters estimation results and discusses it. Some safety 



3Journal of Advanced Transportation

implications are present in Section 5. Lastly, conclusions and 
recommendations for future research are shown in Section 6.

2. Data

�e single-vehicle rollover crashes during the year 2016 were 
extracted from Texas Crash Record Information System 
(CRIS), published by the Texas Department of Transportation. 
�e CRIS database contains three major sub-database 
including accident, vehicle, and primary person. �e accident 
sub-database describes each accident, including speed limit, 
weather conditions, roadway type, roadway alignment, 
surface conditions, traffic control, the first harmful event, 
manner of collisions, crash date, crash time, crash location, 
total injuries, day of week, level of severity. �e vehicle sub-
database contains each vehicle involved in the accident, 
including vehicle type, factors for the vehicle contributed to 
the crash, vehicle type, vehicle action, model year. �e 
primary person file reports the information of casualty 
involved in the crash, including person type, severity of 
injury, age, gender, ethnicity, ejection, restraint use, airbag 
deployment, alcohol involvement, drug involvement, license 
information.

In the data sample, the variable “THE_Collsn_ID”, is used 
to distinguish collision types. Where the value of “10” means 
that the crash type is rollover. Likewise, the variable “Unit_
Nbr” represents the quantity of motor vehicles involved in 
collision. It is single-vehicle rollover crash when “THE_
Collsn_ID” equals “10” and “Unit_Nbr” equals “1”. Two types 
of four-wheel motor vehicles including passenger car, and 
sport utility vehicle (SUV) were considered in the present 
analysis. A one-year dataset was used because it ensures a suf-
ficient sample size, and meanwhile the short time span is more 
likely to control changes for other factors (e.g., road network 
structure, traffic volumes).

A�er data processing (eliminating unreasonable and 
missing data), there are 2400 single-passenger car and 2360 
single-SUV rollover observations in total for injury severity 
modeling in the present study. According to the CRIS pro-
tocol, five-level scheme for crash injury severity is catego-
rized as: “no injury”, “possible injury”, “nonincapacitating 
injury”, “incapacitating injury” and “fatality”. Driver injury 
severity is the outcome of injury sustained by the most 
severely injured driver in a vehicle. In order not to cause 
ambiguity, it is needed to provide definitions of possible 
injury and nonincapacitating injury. Possible injury is 
defined as injury claimed, reported, or indicated by behavior 
but without visible wounds, includes limping or complaint 
of pain. While nonincapacitating injury is evident injury 
such as bruises, abrasions, or minor lacerations which do 
not incapacitate [30]. Due to the low proportion of fatality 
in rollover observations, the incapacitating injury and fatal-
ity categories were combined into a single serious injury 
category. �erefore, in the present paper, analysis of injury 
severity is based on a four-level scheme: no injury, possible 
injury, nonincapacitating injury, and serious injury. �e 
definitions and summary statistics of the variables used for 
driver injury severity modeling are shown in Table 1. It is 

noteworthy that many previous studies modeled driver age, 
vehicle model year, and speed limit as continuous variables 
[31–33], while this paper treated them as categorical ones 
in order to minimize information loss.

3. Methodology

3.1. Crash Injury Severity Modeling. In the present study, 
the random parameters ordered logit mode is developed for 
driver injury severity modeling. Following previous studies 
conducted by Chang et al. [31], a linear function for injury 
propensity is defined as,

where, �� is a latent variable that determined the injury severity 
propensity for driver �. X� is the explanatory variable set (e.g., 
drivers’ age, safety belt use, airbag deployment, ejection or 
partial ejection, alcohol or drug involvement) associated with 
�� and � is the corresponding parameters to be estimated. �� is 
the unobserved disturbance term. �e traditional ordered logit 
model arises by assuming the disturbance term �� to be iden-
tically and independently standard logistic distributed [34]. 
In the framework of traditional ordered logit model, the 
observed driver injury severity �� can be mapped from ��
through the threshold ��,

where, �� is the threshold for splitting the observed injury 
severity to be estimated and �0 is normalized to 0. �e prob-
ability of observed injury severity outcomes for driver � are 
described as,

where, �(⋅) is the cumulative distribution function for the ��. 
�e traditional ordered logit model assumes that the param-
eters are restricted to be fixed across individual observations, 
thereby failing to account for the unobserved individual het-
erogeneity. �erefore, the random parameters ordered logit 
model is developed, relaxing parameters to be randomly dis-
tributed with the formula as,

where �� is the parameter of �th indicator in vector �, �� and 
�� are the mean and standard deviation of ��, respectively. ��� 
is the individual specific heterogeneity, with mean zero and 
standard deviation one. �e normal distribution is the typical 
distribution for specifying ��� in previous studies [21, 22], thus 
the normal distribution is considered to select the appropriate 
density function in this study.

(1)�� = �X� + ��,

(2)

�� =
{{{{
{{{{
{

0 if �� ≤ 0 (no injury)
1 if 0 < �� ≤ �1 (possible injury)
2 if �1 < �� ≤ �2 (nonincapacitating injury)
3 if �� > �2 (serious injury),

(3)

Prob(�� = �) =
{{{{
{{{{
{

�(−�X�) if � = 0
�(�1 − �X�) − �(−�X�) if � = 1
�(�2 − �X�) − �(�1 − �X) if � = 2
1 − �(�2 − �X�) if � = 3,

(4)�� = �� + �����,
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Table 1: Descriptions and summary statistics of variables.

Variables Description
Passenger car SUV

Count(percent) Count(percent)

Response variable

Injury severity

No injury 1107(46.13) 1102(46.69)

Possible injury 515(21.46) 436(18.47)

Nonincapacitating injury 555(23.13) 584(24.75)

Serious injury 223(9.29) 238(10.08)

Discrete variables

Safety belt use
Yes 2134(88.92) 2120(89.83)

No∗ 266(11.08) 240(10.17)

Airbag deployment
Yes 936(39.00) 627(26.57)

No∗ 1464(61.00) 1733(73.43)

Drug or alcohol use
Yes 139(5.79) 128(5.42)

No∗ 2261(94.21) 2232(94.58)

Failure to drive in single lane
Yes 409(17.04) 367(15.55)

No∗ 1991(82.96) 1993(84.45)

Fatigue
Yes 205(8.54) 137(5.81)

No∗ 2195(91.46) 2223(94.19)

Improper evasive action
Yes 446(18.58) 537(22.75)

No∗ 1954(81.42) 1823(77.25)

Failure to control speed
Yes 324(13.50) 231(9.79)

No∗ 2076(86.50) 2129(90.21)

Driver gender
Male 1433(59.71) 1362(57.71)

Female∗ 967(40.29) 998(42.29)

Ejection
Yes 103(4.29) 110(4.66)

No∗ 2297(95.71) 2250(95.34)

Vehicle action

Turning le� 35(1.46) 40(1.69)

Turning right 33(1.38) 39(1.65)

Going straight∗ 2332(97.17) 2281(96.65)

Intersection
Yes 127(5.29) 97(4.11)

No∗ 2273(94.71) 2263(95.89)

Road class

Interstate 424(17.67) 437(18.52)

US & State highway 792(33.00) 779(33.01)

Farm to market road 495(20.63) 551(23.35)

County road 356(14.83) 355(15.04)

Others (city street, etc.) 333(13.88) 238(10.08)

Road alignment
Curve 746(31.08) 751(31.82)

Straight∗ 1654(68.92) 1609(68.18)

Traffic control type

No control∗ 592(24.67) 515(21.82)

Signal/stop/yield/warning sign 105(4.38) 93(3.94)

Marked lanes 930(38.75) 956(40.51)

Center stripe/divider 531(22.13) 539(22.84)

Other sign (human control, etc.) 242(10.07) 257(10.89)

Month

January 188(7.83) 174(7.37)

February 202(8.42) 204(8.64)

Marth 199(8.29) 210(8.90)

April 181(7.54) 190(8.05)

May 191(7.96) 209(8.86)

June 185(7.71) 185(7.84)

July 185(7.71) 199(8.43)

August 192(8.00) 196(8.31)

September 178(7.42) 159(6.74)

October 235(9.79) 194(8.22)

November 197(8.21) 206(8.73)

December 267(11.13) 234(9.92)



5Journal of Advanced Transportation

where ��(����) and ��(�����) are the log-likelihood function 
of the TOL and RPOL models at convergence, respectively. 
�e degrees of freedom for �2 are the differences between the 
number of parameters of TOL and RPOL models.

In this study, driver injury severity in passenger car and 
SUV rollover crashes were modeled separately. To demonstrate 
the necessity of developing passenger car and SUV models 
separately, likelihood-ratio tests were conducted,

where ��(�����), ��(�������g�� ���), ��(����) are the log-like-
lihood function of the RPOL models at convergence for full 
(aggregated passenger cars and SUVs), passenger car, and SUV 
rollover crash data, respectively. �e degrees of freedom for �2
are the sum of the number of parameters in passenger car and 
SUV models minus the number of parameters in full model.

3.3. Analysis of Marginal Effects. In the random parameters 
ordered logit approach, parameters can only reflect the trends 
of influence of risk factors on driver injury severity, but cannot 
analyze the quantitative effects of explanatory variables on the 
dependent variable. �erefore, to further describe the impacts 
of risk factors on driver injury severity, the marginal effects for 
variables are calculated in this paper. For continuous variables, 
the marginal effects can be calculated as,

(7)�2 = −2[��(�����) − ��(�������g�� ���) − ��(����)],

Since it is difficult to compute the probabilities, hence the 
random parameters ordered logit model is usually estimated 
by simulated maximum likelihood approaches (such as Monte 
Carlo simulation method). �ere have been considerable stud-
ies on how best to draw values of � so that accurate approxi-
mations of the probabilities are obtained with few draws as 
possible. For instance, Bhat [35] verified that Halton draws 
approach developed by Halton [36] was significantly more 
efficient than purely random draws and Halton draws have 
been widely used in previous studies [21, 37].

Additionally, we need to test goodness-of-fit a�er estima-
tion, a common measurement is Akaike information criterion 
(���), �e ��� statistic is

where ��(�) is log-likelihood function of the estimated model 
at convergence and � is the number of parameters in the esti-
mated model.

3.2. Model Specification Tests. In order to demonstrate the 
superiority of the random parameters ordered logit (RPOL) 
model to the traditional ordered logit (TOL) model, the 
likelihood-ratio tests were implemented [31],

(5)��� = −2��(�) + 2�,

(6)�2 = −2[��(����) − ��(�����)],

Note: ∗base category; the actual vehicle model year ranges from 1990 to 2017 and the 1990 year was set as the base year, thus, the model year in Table 1 is the 
actual vehicle model year minus the base year (1990).

Table 1: Continued.

Variables Description
Passenger car SUV

Count(percent) Count(percent)

Day of week

Sunday∗ 429(17.88) 400(16.95)

Monday 323(13.46) 317(13.43)

Tuesday 260(10.83) 289(12.25)

Wednesday 252(10.50) 271(11.48)

�ursday 280(11.67) 281(11.91)

Friday 402(16.75) 353(14.96)

Saturday 454(18.92) 449(19.03)

Time

Peak hour 441(18.38) 487(20.64)

Off-peak hour∗ 834(34.75) 976(41.36)

Night time 1125(46.88) 897(38.01)

Rural area
Yes 1628(67.83) 1675(70.97)

No∗ 772(32.17) 685(29.03)

Adverse weather
Yes 294(12.25) 392(16.61)

No∗ 2106(87.75) 1968(83.39)

Road surface conditions
Wet 472(19.67) 602(25.51)

Dry∗ 1928(80.33) 1758(74.49)

Light conditions

Daylight 1132(47.23) 1360(57.68)

Dawn/dusk 66(2.75) 54(2.29)

Night with light 329(13.73) 249(10.56)

Night without light 870(36.30) 695(29.47)

Continuous variables
Passenger car SUV

Min Max Mean S.D. Min Max Mean S.D.

Age (years) 15 97 29.600 13.339 15 87 32.014 13.984

Model year (years) 0 27 15.738 5.199 0 27 13.132 4.564

Speed limit (mph) 5 85 56.905 15.029 10 85 58.074 14.748
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4.1. Model Comparison. �e summary statistics for six 
models were shown in Table 3. �e random parameters 
ordered logit models are superior to traditional ordered logit 
models in terms of AIC statistics and likelihood-ratio tests. 
More specifically, the AIC statistics in random parameters 
ordered logit models for passenger cars and SUVs are 24 
and 23.7 points lower than that in traditional ordered logit 
models, respectively. Meanwhile, the likelihood-ratio tests for 
passenger car and SUV models are both significant at 0.5% 
level. In addition, the likelihood-ratio test for the necessity 
of developing passenger car and SUV models separately 
is significant at 0.5% level, implying it is rational to model 
driver injury severity in single-passenger car and SUV rollover 
crashes separately. �erefore, the following section shows the 
estimated parameter results and the impacts of significant 
risk factors associated with driver injury severity in single-
passenger car and SUV rollover crashes are described and 
discussed in the following subsections.

4.2. Results Analysis. Table 4 presents the estimation results 
in random parameters ordered logit models for passenger car 
and SUV crashes, respectively. In order to obtain quantitative 
effects for the variables on driver severity levels, the marginal 
effects for the statistically significant variables in the model 
were calculated (as shown in Table 5). �e results clearly 
indicated the similarities and differences between passenger 
car and SUV models in terms of significant variables. A total of 
14 safety factors were found to be significant in both models, 
such as male drivers, safety belt use, airbag deployment, 
ejection or partial ejection, drug or alcohol use, failure to 
drive in single lane, model year, speed limit, adverse weather 
conditions, rural area. Some variables such as driver’s age, 
improper evasive action, turning right, intersection, Friday, 
August, and night with light are found to be significant only 
in one model.

A comparison of differences in the influence of safety fac-
tors that were significant in both models on nonincapacitating 
and serious injury outcomes in single-vehicle passenger car 
and SUV rollover crashes were conducted. As shown in 
Table 6, the marginal effect for the same variable specified to 
nonincapacitating injury or serious injury has the same sign 
in passenger car and SUV models. In addition, most of vari-
ables (such as male drivers, safety belt use) have stronger 
effects on nonincapacitating injury and serious injury out-
comes in SUV than in passenger car rollover crashes.

�Prob(��=�)
���  represents the marginal effects of ��ℎ variable for 

individual �. �e formula (8) is not applicable to 0-1 indicators 
(or discrete variables), following the previous work under-
taken by Kim et al. [21] and Agbelie [22], the marginal effects 
for 0-1 indicators can be computed as,

A marginal effect corresponds to the change in the probability 
of an outcome associated with a one-unit change in a covariate. 
Note that each individual has different marginal effects at dif-
ferent severity levels, thus in this study, the average marginal 
effects across the crash data were computed.

4. Results and Discussion

As shown in Table 1, a lot of independent variables were con-
sidered as underlying risk factors that associated with driver 
injury severity. �us, to avoid the multi-collinearity problem in 
estimating the model, a multi-collinearity diagnosis using the 
variance inflation factors (VIF) method was conducted before 
specifying the model. As show in Table 2, the US & State high-
way has the maximum VIF value with 4.70 in SUV sub dataset, 
which was far less than the threshold value (10). �erefore, 
diagnosis results implied that there was no strong multi-collin-
earity among independent variables in all three datasets.

To demonstrate the validity of the random parameters 
ordered logit model, the traditional ordered logit model was 
also developed. �us, four models with two for passenger cars 
and the other two for SUVs were estimated. In addition, to 
justify the necessity of developing single-passenger car and 
SUV rollover crashes separately, the random parameters 
ordered logit and traditional ordered logit models were also 
developed for conducting the likelihood test. As such, a total 
of six models were estimated eventually. In all these models, 
variables that were statistically significant at the confidence of 
95% were considered to be significant. Notably, explanatory 
variables with a �-Statistic less than 1.96 were removed from 
the final model.

For the random parameters ordered logit models, at the 
beginning, all parameters were assumed to be normally dis-
tributed. Both mean and standard deviation of a random 
parameter estimate were tested whether they were statistically 
different zero at a given significance level. If the standard devi-
ation around the mean is statistically equal to 0, the random 
parameter was reduced to be fixed across observations. In 
order to determine appropriate Halton draws, a series of 
Halton draws (50, 100, 200, 500, and 1000 draws) have been 
investigated to estimate the models. Model results show that 
the estimated parameters and log-likelihood are indistinguish-
able when Halton draws reached to 200, which indicates that 
the model estimation tends to be stable. As such, this paper 
used 200 Halton draws to estimate the random parameters 
ordered logit models eventually.

(8)�Prob(��=�)
��� = �Prob(�� = �)����

(9)

�Prob(��=�)
��� = Prob(�� = �)[��� = 1] − Prob(�� = �)[��� = 0].

Table 2: Summary statistic for VIF value of independent variables 
varying datasets.

Dataset
Min Max Mean

Variable Value Variable Value Value

Passenger 
car sub 
dataset

Age 1.04
US & State 

highway
3.80 1.81

SUV sub 
dataset

Age 1.04
US & State 

highway
4.70 1.92

Full dataset Age 1.03
US & State 

highway
4.12 1.84
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of serious injury for drivers in passenger cars). �is finding 
reveals changes in demographic characteristics that popula-
tion is aging. �is variable is also found to be derived from a 
normal distribution and have a mean of 0.023 and a standard 
deviation of 0.031, implying 22.9% of the population is less 
than 0 and 77.1% is greater than 0. �is indicates that most of 
the older drivers (77.1%) increase the likelihood of fatality, 
while the other 22.9% of the older drivers decline the risk of 
fatality in passenger car rollovers. It is acknowledged that driv-
ers physical abilities, reaction time, and driving behaviors can 
be varied in same ages [28]. Age is just a proxy for these unob-
served factors, which may lead to different impacts of age on 
rollover crash injury severities among drivers within the same 
age group.

Safety belt use results in a 3.01% and 5.28% reduction in 
serious injury for drivers in passenger car and SUV rollover 
crashes, respectively. As noted in previous research, safety belt 
can protect against serious injuries, head injury, and brain 
injury, hence considerable efforts have been taken to examine 
the protective effect of safety belt [16, 17]. In addition, safety 
belt use produces a normally distributed parameter with a 
mean −1.592 and standard deviation 0.712 in SUV model, 
implying 98.7% of drivers fastened safety belt are less likely to 
suffer severe injury outcomes, while 1.3% of safety belt users 
are more likely to be involved in severe injuries. �is heterog-
enous effects could be caused by some uncover factors such 
as the service life of safety belt, driver’s physical conditions, 
and etc.

A notable finding is that airbag deployment increases 
driver injury severity outcomes in both passenger car and SUV 
rollover crashes, which contradicts the traditional belief that 
airbag deployment can reduce injury severity outcomes. For 
instance, Wallis and Greaves [38] reviewed a series of studies 
about the relationship between airbag deployment and injuries 
in accidents, showing that airbags provide excellent protection 
against serious injury but are more likely to lead to minor 
injury. �is disturbing result in the current study reflects the 
fact that the airbag fitted in motor vehicle is designed for 

Model results also found that a host of risk factors have 
heterogeneous effects on driver injury severity in single-
vehicle passenger car and SUV rollover crashes. More 
specifically, six parameters (male drivers, drivers’ age, airbag 
deployment, failure to drive in single lane, speed limit, and 
rural area) were found to be normally distributed in passenger 
car model, while nine variables (male drivers, safety belt use, 
airbag deployment, drug or alcohol use, failure to drive in 
single lane, improper evasive action, vehicle model year, 
Fridays, and rural area) were found to have a normally 
distributed parameter in SUV model. A further discussion on 
the significant variables is shown below.

4.2.1. Driver Characteristics. Turning to driver characteristics, 
the model results indicate that drivers gender is significantly 
associated with driver injury severity in rollover crashes. 
Male drivers are less likely to sustain serious injury by 
1.53 and 2.18% in single-passenger car and SUV rollover 
crashes, respectively. Furthermore, empirical results show 
that male drivers in passenger car are normally distributed 
with mean −0.807 and standard deviation 1.406, showing that 
about 71.7% of the population is below zero, and 28.3% of the 
population is above zero. �is indicates that 71.7% of the male 
drivers decreases the risk of severe injury, while 28.3% of such 
a group elevates the probability of severe injury in passenger 
rollovers. �e SUV model also captures similar results that 
male drivers have a normally distributed parameter with 
mean −1.145 and standard deviation 1.638. �us implying 
that approximately half the male drivers are more likely to 
be injured severely, while the other half of male drivers have 
a lower probability to get involved in severe injury in SUV 
rollover crashes. �is gender difference can be caused by 
some unseen factors including drivers height, weight, and 
perceptions of risk that are not included in the model.

Driver’s age has significant impacts on driver injury sever-
ity in passenger car rollover crashes. �e results show that 
older drivers are more likely to result in severe injuries (one-
year increase in age result in a 0.04% increase in the probability 

Table 3: Summary statistics and the likelihood test results for six models varying datasets.

Note: TOL represents traditional ordered logit model, while RPOL represents random parameters ordered logit model, all TOL models have a constant.

Dataset
Passenger car SUV Full dataset

TOL RPOL TOL RPOL TOL RPOL

Number of observations, � 2400 2400 2360 2360 4760 4760

Number of parameters, � 17 22 16 24 17 22

Log likelihood at zero, ��(0) −2991.7 −2991.7 −2937.1 −2937.1 −6168.4 −6168.4

Log likelihood at convergence, ��(�) −2747.4 −2730.4 −2701.7 −2681.9 −5669.0 −5651.8

AIC 5528.8 5504.8 5435.4 5411.7 11372.0 11347.6

Likelihood-ratio tests for the superiority of the RPOL model

�2 = −2[��(����) − ��(�����)] 34 39.6

Degrees of freedom 5 8

�-value <0.005 <0.005

Likelihood-ratio tests for the necessity of developing passenger car and SUV models separately

�2 = −2[��(�����) − ��(�������g�� ���) − ��(����)] 439.8 479

Degrees of freedom 16 24

�-value <0.005 <0.005
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injury by 2.54% (or 1.30%) in passenger car (or SUV) rollovers. 
It can be explained that alcohol or drug impairs drivers rec-
ognition and reaction ability, which always leads to improper 
driving behaviors [17]. Failure to drive in single lane results 
in a higher likelihood of severe injury severity levels in both 
passenger car and SUV rollover crashes. Failure to drive in a 
single lane is one of the types of lane departure, which is a 
major consequence of rollovers. Elzen et al. [41] reported that 
about 90% of all rollovers in Europe and more than 40% of all 
fatalities in U.S. are caused by lane departure. Vehicle dri�s 
out of its lane is an extremely dangerous behavior which tends 
to result in lane departure accidents and potentially fatal med-
ical problems. As expected, drivers taking improper evasive 
action to deal with emergencies result in a slightly (0.62%) 
higher probability in serious injury in SUV rollover crashes.

4.2.2. Vehicle and Road Attributes. Towards the vehicle 
and road attributes, by comparing with other vehicle 
actions including going straight, turning le�, turning right 
contributes to a lower risk of possible injury by 22.15%, of 
nonincapacitating injury by 16.79%, and of serious injury by 

horizontal collision and it is unlikely to trigger its deployment 
in a rollover [15]. However, airbag deployment produces a 
normally distributed parameter with a mean of 1.061 (or 
0.398) and a standard deviation of 0.559 (0.644) in passenger 
car (or SUV) model. 2.9% (26.8%) of the distribution is less 
than zero in passenger car model, indicating that the minority 
of drivers with airbag deployed sustained a lower probability 
of severe injury outcomes in both passenger car and SUV 
models.

Ejection or partial ejection increases driver injury severity 
outcomes in both passenger car and SUV rollover crashes. For 
example, ejection or partial ejection aggravate the likelihood 
of nonincapacitating injury by 29.59%, and of serious injury 
by 44.05%, but result in a lower of no injury by 44.15%, and of 
possible injury by 29.49%, which is in line with previous studies 
[8, 15, 39, 40]. As these studies explained, casualties ejected 
from vehicles are more likely to collide with fixed objects or 
moving vehicles, thereby increasing the crash injury severity.

As can be expected, drivers involved with drugs or alcohol 
increase risk of possible injury by 0.38% (or 1.34%), of non-
incapacitating injury by 17.55% (or 11.05%), and of serious 

Table 4: Estimation results for mixed ordered logit models.

Variables
Passenger car SUV

Coef. Std. Err. � Coef. Std. Err. �
Male −0.807 0.089 −9.06 −1.145 0.096 −11.90

s.d. Male 1.406 0.070 20.14 1.638 0.077 21.15

Age 0.023 0.003 7.34

s.d. Age 0.031 0.002 19.41

Safety belt use −1.113 0.142 −7.84 −1.592 0.166 −9.58

s.d. Safety belt use 0.712 0.077 21.15

Airbag deployment 1.061 0.097 10.92 0.398 0.111 3.59

s.d. Airbag deployment 0.559 0.070 7.98 0.644 0.089 7.26

Ejection or partial ejection 4.025 0.278 14.50 3.959 0.301 13.17

Drug or alcohol use 0.957 0.199 4.82 0.596 0.211 2.83

s.d. Drug or alcohol use 1.880 0.226 8.30

Failure to drive in single lane 0.394 0.120 3.29 0.682 0.125 5.45

s.d. Failure to drive in single lane 1.158 0.115 10.07 0.751 0.116 6.49

Improper evasive action 0.339 0.109 3.12

s.d. Improper evasive action 0.802 0.097 8.28

Turning right −1.837 0.462 −3.98

Model year −0.017 0.008 −2.13 −0.052 0.011 −4.92

s.d. Model year 0.030 0.003 8.82

Intersection 0.384 0.060 6.37

Speed limit 0.020 0.003 7.45 0.028 0.003 8.35

s.d. Speed limit 0.009 0.001 11.65

Friday −0.657 0.136 −4.85

s.d. Friday 1.279 0.133 9.60

August 0.436 0.165 2.64

Adverse weather conditions −0.683 0.144 −4.74 −0.681 0.128 −5.31

Night with light −0.500 0.134 −3.74

Rural area −0.491 0.107 −4.60 −0.411 0.106 −4.92

s.d. Rural area 1.396 0.066 21.20 1.680 0.070 23.84

�reshold 1 1.594 0.064 24.96 1.437 0.063 22.79

�reshold 2 4.380 0.129 33.82 4.359 0.129 33.70
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In terms of speed limit, crashes occurred on roadways 
with a higher speed limit which would result in a higher prob-
ability of severe injury severity outcomes in both passenger 
car and SUV rollover crashes. For example, an increase of 
1 mph in speed limit will increase the probability of serious 
injury by 0.04–0.05% in passenger car and SUV crashes, 
respectively. �is finding has been widely discussed in previ-
ous studies [17, 20]. Notably, speed limits are found to be 
normally distributed parameter with mean −0.67 and stand-
ard deviation 16.27 in SUV rollover crashes, implying about 
50% of drivers in SUVs are less likely to be involved in severe 
injury severity outcomes on roadways with high speed limits. 
�e possible reason for this finding is that the mismatch 
between actual vehicle running speed and roadway speed 
limits.

1.50% in passenger car rollover crashes. Consequently, two 
reasons might be responsible for this finding: (a) lower speed 
when turning right, and (b) less conflicts from the opposite 
directions. Vehicle model year is associated with driver injury 
severity significantly in both models, but it has a bigger impact 
on driver injury severity in SUV than in passenger car rollover 
crashes. �is reflects the fact that the newer vehicles have 
better safety performance with the progress of science and 
technology. �e model year of SUVs also produces a normally 
distributed parameter with a mean of −0.052 and a standard 
deviation of 0.030, implying 4.2% of the population greater 
than zero. �is means that 4.2% of drivers in the newer SUVs 
are more likely to sustain severe injury outcomes, which can 
be attributed to the difference in drivers physical conditions, 
vehicle use frequencies, and vehicle mileages.

Table 5: Estimated marginal effects of safety factors in mixed ordered logit models (%).

NI: No injury, PI: Possible injury, NII: Nonincapacitating injury, SI: Serious injury.

Variables
Passenger car SUV

NI PI NII SI NI PI NII SI

Male 19.07 −4.49 −13.05 −1.53 26.91 −5.10 −19.63 −2.18

Age −0.57 0.16 0.36 0.04

Safety belt use 23.62 −0.27 −20.34 −3.01 31.48 4.35 −30.55 −5.28

Airbag deployment −24.66 5.17 17.36 2.12 −9.54 1.89 6.92 0.73

Ejection or partial ejection −44.15 −29.49 29.59 44.05 −45.43 −26.84 30.73 41.54

Drug or alcohol use −20.47 0.38 17.55 2.54 −13.69 1.34 11.05 1.30

Failure to drive in single lane −9.28 1.97 6.55 0.77 −15.57 1.82 12.48 1.45

Improper evasive action −8.14 1.62 5.90 0.62

Turning right 40.44 −22.15 −16.79 −1.50

Model year 0.41 −0.12 −0.27 −0.03 1.28 −0.32 −0.88 −0.09

Intersection −9.41 2.33 6.44 0.64

Speed limit −0.50 0.14 0.32 0.04 −0.67 0.17 0.46 0.05

Friday 16.27 −5.63 −9.75 −0.89

August −10.13 1.82 7.41 0.90

Adverse weather 16.89 −6.70 −9.26 −0.93 16.85 −5.80 −10.12 −0.93

Night with light 12.34 −4.54 −7.08 −0.73

Rural area 11.65 −2.74 −7.99 −0.92 9.87 −1.99 −7.13 −0.75

Table 6: Comparison of selected variable marginal effects (%).

�e difference sign is “↑” if the absolute value of marginal effects in SUV model is greater than that in passenger car model and “↓” otherwise. For instance, 
for male variable specified to SI, the absolute values of marginal effects in passenger car and SUV models are 1.53% and 2.18%, where 2.18% is greater than 
1.53%. �us, the different sign is “↑”.

Variables
Passenger car SUV Difference sign

NII SI NII SI NII SI

Male −13.05 −1.53 −19.63 −2.18 ↑ ↑
Safety belt use −20.34 −3.01 −30.55 −5.28 ↑ ↑
Airbag deployment 17.36 2.12 6.92 0.73 ↓ ↓
Ejection or partial ejection 29.59 44.05 30.73 41.54 ↑ ↓
Drug or alcohol use 17.55 2.54 11.05 1.3 ↓ ↓
Failure to drive in single lane 6.55 0.77 12.48 1.45 ↑ ↑
Model year −0.27 −0.03 −0.88 −0.09 ↑ ↑
Speed limit 0.32 0.04 0.46 0.05 ↑ ↑
Adverse weather −9.26 −0.93 −10.12 −0.93 ↑ ↑
Rural area −7.99 −0.92 −7.13 −0.75 ↓ ↓
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Moreover, previous studies have strongly proven that 
wearing a safety belt effectively mitigate the prevalence of seri-
ous injuries or fatalities resulted in traffic accidents. �e pres-
ent study also shows that safety belt can reduce the likelihood 
of fatality in rollover crashes. However, Lorini et al. [44] 
reported that the safety belt wearing rates in low and mid-
dle-income countries (6% and 43%, respectively) is lower rel-
ative to high-income countries (80%). To achieve a high safety 
belt wearing rate, in the case of United States, three levels of 
effort can be conducted. First, the government should enact 
primary enforcement laws instead of secondary enforcement 
laws or no laws of safety belt. García-España et al. [45] 
addressed that primary enforcement laws are related to higher 
safety belt wearing rates, but merely half the states in United 
States have primary enforcement laws indeed. Second, the 
legal authorities need to strengthen the law enforcement and 
improve the penalties for driving without wearing safety belt. 
�ird, public education programs targeted for all drivers and 
occupants are extensively needed to raise public awareness of 
using safety belt. With the popularity of smart phones, people 
can get any information they want from smart phones. 
�rough integrating multiple safety educational resources 
from Internet and implanting it into mobile APP, people can 
learn traffic safety knowledge whenever and wherever possible 
from the online platform.

Furthermore, the analysis shows that the occurrence of 
rollovers in rural area has a 18.27% higher likelihood of inca-
pacitating injury than in urban area. Reducing the speed limit 
might be a cost-effective countermeasure to mitigate crash 
injury severity in rural area. Meanwhile, fully popularizing the 
vehicle active safety technology such as intelligent speed assis-
tance and independent emergency development to avoid acci-
dents through active speed limit. Extra efforts such as adding 
more roadside warning signs, upgrading the road system and 
setting more reflective pavement markings are also needed to 
prevent injuries in rural area. Finally, some other efficiently 
proven programs, including license suspension laws, lower 
blood alcohol content (BAC) laws, enforcement of speed vio-
lation and roadway lighting, can also be undertaken to miti-
gate crash injuries [46].

6. Conclusion and Future Research Directions

�e present study examined the contributing factors as well 
as their heterogeneous impacts on driver injury severity in 
single-vehicle passenger car and SUV rollover crashes sepa-
rately. Using detailed policed data from Texas Department of 
Transportation in 2016, the random parameters ordered logit 
models were developed for analyzing the driver injury severity 
conditional on rollover crashes occurrence. �e models were 
estimated by simulated maximum likelihood approaches with 
200 Halton draws. �e likelihood-ratio tests results showed 
that the random parameters ordered logit models are superior 
to traditional ordered logit models and it is necessary to model 
driver injury severity in passenger car and SUV rollover 
crashes separately. �e model estimation results clearly indi-
cated the similarities and differences between passenger car 
and SUV models in terms of safety factors associated with 

4.2.3. Environment Factors. Day of week also influences driver 
injury severity in SUV rollovers as indicated by the computed 
marginal effects. Rollover crashes occurring on Friday have 
a 16.27% greater probability of being no injury. In addition, 
this variable also results in a random parameter following a 
normally distribution with a mean of −0.657 and a standard 
deviation of 1.279, indicating almost 70% of the distribution 
is below 0, while 30% of the distribution is bigger than 0. �is 
result illustrates the complex driving behaviors of drivers a�er 
a week’s work. Drivers face a higher probability of severe injury 
outcomes in August in both passenger car and SUV crashes, 
which is in line with previous studies [42].

Adverse weather conditions lead to a reduction of the like-
lihood of nonincapacitating injury by 9.26%, and of serious 
injury by 0.93% in passenger car rollover crashes. Similar 
effects are also found in terms of SUV crashes that adverse 
weather conditions suppresses the risk of nonincapacitating 
injury (10.12%) and incapacitating injury (0.93%). �is may 
be attributed to the fact that drivers are more cautious when 
driving in adverse weather conditions. Compared with other 
light conditions, drivers involved in passenger car crashes are 
7.08% and 0.73% less likely to sustain nonincapacitating injury 
and serious injury in the night with light. �e result can be 
ascribed to the possibility that drivers have better vision under 
light conditions [25].

Passenger car (or SUV) rollovers occurred in rural area has 
a 0.92% (or 0.75%) lower probability of serious injury than in 
urban area. Again, the parameter of rural area in passenger car 
model (or SUV model) obeys a normal distribution with mean 
−0.491 (or 0.411) and standard deviation 1.396 (or 1.680), 
implying 36.3% and 40.3% drivers are more likely to suffer 
severe injury outcomes in passenger car and SUV rollover 
crashes, respectively. As verified by many studies, rural area is 
likely to result in severe injury severities. For example, Chen 
et al. [17] pointed out that rural roadways always have higher 
speed limits, hence the probability of speeding on rural roads 
are increased. �e inexplicable result in the current study could 
be caused by some unobserved factors that are not included in 
the model or may be a finding specific to this dataset.

5. Safety Implications

Considering the risk factors which significantly related to driver 
injury severity, several potential safety countermeasures can be 
developed to mitigate injuries sustained by drivers in rollover 
crashes. �e empirical research shows that failure to drive in 
single lane has a 18.16% higher likelihood of fatality, which 
implies that it is urgent to investigate a driving safety assistance 
system which can remind a driver to avoid leaving the lane. 
Previous studies strongly supported that the lane departure 
warming system is a safe and effective solution to prevent lane 
departure incident [43]. �ereby assembling a lane departure 
warming system for each vehicle before leaving the factory is 
an effective countermeasure to avoid lane departure accident. 
�e research results also showed that drivers in the newer 
SUVs, on average, are less likely to sustain severe injury out-
comes. �e traffic management department should carry out 
strict annual inspection for the old SUVs on a regular basis.
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heterogeneity in means and variances of parameters [47, 48]. 
�erefore, future research by extending simple random 
parameters to include heterogeneity in the means and vari-
ances would better account for unobserved heterogeneity in 
modeling driver injury severity in SUV and passenger car 
rollover crashes.
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