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Abstract: The freeway’s operation safety has attracted wide attention. In order to mitigate the losses
brought on by traffic accidents on freeways, discrete choice models were constructed based on the
statistical analysis method to quantitatively analyze the significance and magnitude of the impact of
multiple dimensional factors on crash severity. Based on 1154 accidents that occurred on Zhejiang
Province’s Hang-Jin-Qu Fressway from 2013 to 2018, the distribution characteristics of crash severity
were analyzed. The dependent variable was the crash injury severity, which was categorized into
property damage only (PDO), injury, and fatal. As independent variables, 15 candidate variables
representing four aspects, including driver, vehicle, road, and environmental conditions, were
chosen. Considering the ordered characteristics of the variables, the models developed included the
ordered logit, the generalized ordered logit, and the partial proportional odds models. The Brant
test found that the previous two models had difficulty dealing with the problem of partial variables
that did not fit the parallel-lines assumption, and the conclusions were finally discussed through
the partial proportional odds model results. The findings indicate that 11 factors have significant
consequences. Five variables, namely “mountainous”, “female”, “driving experience 2- years”, “large
vehicle responsible”, and “vehicle not going straight”, violated the parallel-lines assumption. Female
drivers and drivers aged 55+ years were more likely to suffer injuries and fatalities in collisions with
guardrails and other objects. Large vehicles being involved and vehicles not going straight enhanced
the likelihood of injury and fatal outcomes when drivers had 2- years of experience. Wet-skid road
conditions enhanced the likelihood of injury accidents, and driving at nighttime without lighting
increased the likelihood of fatal accidents. Departments responsible for traffic management can take
full account of these variations and develop focused proposals for improvement.

Keywords: traffic safety; freeway crash; injury severity; discrete choice models; exploratory analysis

1. Introduction

Globally, road traffic accidents kill upwards of 1.2 million people each year and injure
more than 50 million people, resulting in economic losses of 3% of the global average
GDP [1]. In order to alleviate the huge losses caused by road traffic accidents, efforts have
been made to reduce the frequency and severity of accidents [2]. The rapid development
of China’s highway system has provided a strong transportation base for rapid economic
growth. Unfortunately, the highways are experiencing considerable road safety problems.
Among the different types of roads in China, freeways typically have the highest mortality
rate [3]. The traffic fatality rate on freeways—the ratio of fatalities to injuries—is as high as
35%, significantly higher than on other types of roads [4]. The design, construction, and
maintenance standards for freeway infrastructure are higher than those for other types of
roads; the traffic flow is more straightforward, and crash rates may be lower [5]. However,
due to the high proportion of heavy and fast-moving vehicles, freeway accidents frequently
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have more severe consequences [3]. According to the Traffic Administration Bureau of the
Ministry of Public Security of China, freeway traffic accidents account for only 5% of road
traffic accidents, but for about 10% of deaths [6]. Therefore, an in-depth study of freeway
safety in China is crucial and urgently needed.

The issue of traffic safety has long been a concern for freeway management agencies
and experts [7–10]. Academics have done numerous studies to examine the freeway crash
frequency, which is important for developing countermeasures to reduce accidents [10–15],
but not enough emphasis has been placed on the severity of the crashes. It is necessary to
explore the mechanism of crash injuries and put forward countermeasures from the source
by considering all relevant factors. Several intricate factors may contribute to the severity
of injuries sustained in collisions [16,17]. How to quantify the impact of multiple factors on
crash severity and further comprehend the interaction mechanism between elements is the
premise of proposing efficient countermeasures. In recent years, there has been a gradual
increase in research on crash severity in other road environments, where both discrete
choice models and emerging data mining techniques have been introduced to solve crash
injury severity problems [5,6,18,19]. However, only the ordered or disordered response
models have been used for analysis in those using the discrete choice models [20,21]. To
bridge the gap between ordered and disordered response models, the partial proportional
odds model will allow some of these independent variables to violate the parallel-lines
assumption [22,23]. The primary motivation of this study is to fully investigate effects
of the key factors related to the driver, vehicle, road, and environmental conditions on
freeway crash injury severity using a partial proportional odds model together with an
ordered logit model and a generalized ordered logit model.

In order to accurately and efficiently identify the key variables that influence the sever-
ity of freeway accidents, data on 1443 historical accidents on 290 km of the Hang-Jin-Qu
Freeway were collected and supplemented with accident-related road and environmental
aspects. The main contribution in the research is the development of three more popular
and promising discrete choice models based on historical accident data to analyze accident
severity, especially the partial proportional odds model that bridges the gap between or-
dered and unordered models. Additionally, specific managerial recommendations were
made based on the varying impacts of various elements. Finally, based on the modeling
results, the potential application areas of the modeling results and the limitations of this
study are discussed.

To describe the flow of the current research in detail, this article is divided into the
following sections: first, the research background and main contributions of the study are
presented in the introduction section; second, there is a literature review section focusing
on the methods for analyzing the factors influencing the severity of accidents. Section 3
provides the databases used in this study and conducts a descriptive exploratory analysis.
Section 4 presents the methods used in the study and the reasons for their selection. Then,
the findings and discussion are detailed in Section 5. Lastly, Section 6 summarizes the main
findings and limitations of this study.

2. Literature Review

In previous studies, a wide range of factors have been found to potentially influence
the severity of road traffic crashes, including attributes of human [24,25], vehicle, road, and
environment conditions [26–28].

In terms of the methodology used, the discrete choice model approach is a new
trend in the literature for analyzing accident injury severity. The logit or probit models
are appropriate and frequently used to solve this kind of problem [29]. Ye et al., (2013)
investigated the crash frequencies by severity level for freeway sections using a joint Poisson
regression model [12]. They discovered that the model could enhance the effectiveness
of most coefficient estimators. Ratanavaraha and Suangka (2014) formulated a multiple
logistic regression model to examine the probability of injury and fatal accidents compared
with property-damage-only (PDO) accidents [27]. However, the model demands that
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each variable be independent and rigorously adhere to the independence from irrelevant
alternative (IIA) features. Based on a random effects negative binomial (RENB) model,
researchers investigated the potential factors contributing to freeway crashes [13–15]. The
RENB and RPNB models significantly outperform the negative binomial (NB) model,
according to research that applied a random parameters negative binomial (RPNB) model
in addition [15,30]. By relaxing the IIA feature, the mixed logit models were also developed
to explore the contribution of predictors of crash injury severity [31,32]. Ye et al., (2021)
investigated the expressway crash severity using a random parameter logit (RPL) model
by considering the potential unobserved heterogeneity [6]. Based on their investigation
of these various factors’ effects on safety using the RENB model, Hou, Tarko, et al., (2018)
created the uncorrelated random parameter negative binomial model (URPNB) and the
correlated random parameter negative binomial model (CRPNB), both of which had better
goodness-of-fit [11].

To forecast the accident injury severity, several researchers have developed artificial
neural network (ANN) [19], support vector machine (SVM) [18], and Markov blanket
(MB) [33] models. Usually, these models provide superior model fits but are targeted at
prediction accuracy and are less interpretable for accident influencing factors. By relaxing
the IIA characteristics, several researchers employed the nested logit model [34] and the
latent class (LC) logit model [35] to analyze the influencing factors of traffic accidents.
However, because all of these models are unordered response models, they cannot capture
the internal relationship between the orderly nature of some influencing factors and the
injury severity.

Some academics have suggested the ordered reaction models to fit the ordered multi-
classification characteristics of accident severity. Chu (2014) used ordered logit (OL) and
latent class models to examine critical factors in the severity of injuries in crashes involving
high-deck buses on freeways [21]. However, the OL model requires that the independent
variables strictly adhere to the parallel-lines assumption (PLA); that is, the regression
coefficients of the independent variables do not change with the accident’s severity. Mergia
et al., (2013) and Ma et al., (2016) applied a generalized ordered logit (GOL) model to
quantitatively analyze the influence of the significant factors on the likelihood of crash
injury severity in selected freeway areas by relaxing the PLA, which allows all independent
variables to violate the assumption [28,36].

To account for the ordered nature of discrete crash severity levels and spatial as-
sociation, Zeng et al., (2019) developed a Bayesian spatial GOL model with conditional
autoregressive priors to assess the severity of freeway crashes. Bayesian inference shows
that the spatial model outperforms the conventional GOL model because of a better model
fit [20]. A partial proportional odds (PPO) model was developed by Wang et al., (2009) to
evaluate the impacts of the factors and predict the injury severity in areas where freeways
diverge. The results indicated that the PPO model is more adaptable and produces signifi-
cantly better results [37]. The common methods used in the literature related to road traffic
accident severity analysis and their advantages are shown in Table 1.

Table 1. The common methods used in the literature related to road traffic accident severity analysis.

Categories Models Objects Advantages References

Parametric predictive
models

MNL Crashes on expressways The most commonly used [27]
OL Crashes of high-deck buses on freeways Account for the ordered nature [21]

GOL Freeway crashes Relaxing the PLA for all variables [20,28,36]
PPO Freeway crashes Allows some variables to violate the PLA [37]

LC Crashes of high-deck buses on freeways
Ability to explain heterogeneity without the
need to realize the form of the distribution of

the assumed parameters
[21]

RPL Freeway crashes, E-cyclists’
injury severity Ability to explain heterogeneity [6,38]
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Table 1. Cont.

Categories Models Objects Advantages References

Non-parametric
predictive models

ANN Motorcyclist crashes Facilitate the analysis of potential nonlinear
relationships between variables [19]

SVM Road traffic crashes Can achieve good performance with less data [18]

MB Road traffic crashes Can select attributes by eliminating
redundant variables [33]

In conclusion, although the ordered response models can capture the ordered nature
of categorical data, they impose a tight PLA on all independent variables. Some indepen-
dent variables do not meet the PLA while creating the ordered response model [39]. All
independent variables, however, are not constrained by the PLA in the GOL model. Both
OL and GOL models lack flexibility. As a comprehensive improvement model of the OL
and GOL models, the PPO model fully captures the ordered properties of each category
variable and allows some variables to violate the PLA. These effects support PPO models
in investigating influencing factors of freeway crash injury severity.

In terms of research contents, some studies have developed statistical models that
consider several variables that can affect the severity of freeway accidents, including the
driver, the vehicle, the road, and the environmental conditions [27,28]. However, not many
studies have been conducted in the context of an entire freeway. The majority of the research
is for a specific stretch of the freeway, such as tunnel sections [11,36,40], freeway merging
and diverging locations [28]. Moreover, differences remain regarding the magnitude of the
impact of various factors on accident severity. Although these problems have been paid
more attention to in the modeling process in recent years, how to improve the accuracy of
model prediction by enhancing the traditional discrete choice model remains to be solved.

3. Data Preparation and Description
3.1. Data Preparation

The Hang-Jin-Qu Freeway in the Zhejiang province served as this study’s dataset
source. The portion is a two-way, six-lane main section with a design speed of 120 km/h.
We obtained the dataset from Zhejiang Traffic Group’s road maintenance management
system, which included details on 1443 traffic accidents over 290 km between 2013 and
2018. By excluding accidents in the service area’s ramp entrance and exit or within the
boundaries of the interchange, the remaining 1154 accidents with complete information
were examined. The data available for each accident contained the following information:
accident injuries and deaths, time and location, accident pattern and cause, vehicle and
occupant characteristics, weather information, and road conditions.

Accident injuries and deaths included total number of deaths and injuries within
7 days, cause of death, and location of injury. This study did not analyze the number of
specific casualties and property damage, so the casualty data were converted to accident
severity levels. The severity of a traffic incident was determined by the level of injuries
sustained by the most seriously injured vehicle occupant. Although there are different ways
to categorize the severity of injuries, the analysis of accident severity frequently uses the
traditional classification into fatal, injury, and PDO crashes [27]. Therefore, we aggregate
minor and severe injuries into injury accidents. The j stands for injury severity; j = 1 denotes
PDO, j = 2 denotes injury, and j = 3 denotes fatal. PDO, injury, and fatal accidents reached
424, 456, and 274, respectively, accounting for 36.7, 39.5, and 23.7% of all accidents.

Accident time records were in the form of year, month, day, hour, and week; acci-
dent location record for the freeway name, administrative level, freeway number, and
specific stake number and location in the road cross-section. Vehicle and driver charac-
teristics included the type of vehicle, nature of use and specific passenger load; driver
and passenger gender, age, work, use of safety facilities, and driver age. The weather
data were all recorded in real time, including sunny days and specific bad weather con-
ditions such as rain, snow, and fog that have an important impact on accidents. Road
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conditions were one of the additional details included in the dataset. Road conditions
included accident road alignment conditions (straight/bend/slope/curve) and road sur-
face conditions (dry/wet/water/snow/ice). The freeway’s horizontal curve properties
and longitudinal profile alignment were extracted from the construction drawing design
documents. The reports of the highway traffic police were used to generate data about
the drivers, vehicles, roads, and environments. The data contained information about
the driver’s gender, age, driving history, road surface, terrain type, alignment, visibility,
lighting, weather, and other factors. It is inevitable to obtain some abnormal values for
reasons such as the police’s record deviation when collecting accident data, or the modeling
manager’s artificial operation deviation. In order to increase the accuracy of the model, a
distance-based outlier detection algorithm was applied to preprocess the missing values,
outliers, and data consistency before statistical modeling [41]. In addition, multicollinearity
between variables, i.e., correlation between two or more explanatory variables, can lead
to larger standard deviations and variances of parameter estimates, and the t-test of the
sample may be smaller than the critical value, thus eliminating explanatory variables that
have a significant impact on the predicted value, so multicollinearity testing was performed
before modeling analysis.

3.2. Data Description

The injury severity was chosen as the dependent variable. Moreover, the independent
variables included drivers, road alignment, vehicle status, and environment, divided
into discrete and continuous variables according to their attributes. The model can be
directly modified by substituting the continuous and binary variables. Table 2 shows
the independent variables’ names, coding, and descriptive statistics. This study selects
15 factors for analysis.

Table 2. Description of injury-severity level frequency and percentage distribution by the explana-
tory variables.

Categorical Variable Variables Freq Percent (%)

Injury severity
Severity = 1, PDO 424 36.7
Severity = 2, injury 456 39.5
Severity = 3, fatal 274 23.7

Environmental conditions

Weather condition = 0, sunny * 982 85.1
Weather condition = 1, rainy/snowy/cloudy 172 14.9

Visibility = 1, high visibility(200+ m) * 968 83.9
Visibility = 2, medium visibility(100–200 m) 126 10.9

Visibility = 3, low visibility(0–100 m) 60 5.2
Lighting condition = 1, daylight * 675 58.5

Lighting condition = 2, night with light 59 5.1
Lighting condition = 3, night without light 420 36.4

Road factors

Road surface = 0, dry * 901 78.1
Road surface = 1, wet-skid 253 21.9

Terrain type = 0, flat * 1121 97.1
Terrain type = 1, mountainous 33 2.9
Vertical alignment = 0, level * 888 76.9

Vertical alignment = 1, upgrade/downgrade 266 23.1

Driver factors

Driver gender = 0, male * 929 80.5
Driver gender = 1, female 225 19.5

Driver age = 1, 26–40 years * 506 43.8
Driver age = 2, 19–25 years 94 8.2
Driver age = 3, 41–54 years 441 38.2
Driver age = 4, 55+ years 113 9.8

Driving experience = 1, 3–10 years * 724 62.7
Driving experience = 2, 2- years 121 10.5

Driving experience = 3, 10+ years 309 26.8
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Table 2. Cont.

Categorical Variable Variables Freq Percent (%)

Vehicle factors

Collision type = 1, collision between vehicles * 869 75.3
Collision type = 2, collision with a guardrail 169 14.6

Collision type = 3, collision with other objects 116 10.1
Vehicle type = 1, small vehicle * 838 72.6
Vehicle type = 2, middle vehicle 60 5.2
Vehicle type = 3, large vehicle 256 22.2

Movement of vehicle = 0, going straight * 1119 97.0
Movement of vehicle = 1, not going straight 35 3.0

Numeric variable

Mean SD
Radius of horizontal curve 0.170 0.462
Length of horizontal curve 0.688 1.239

Longitudinal gradient 0.124 0.928

Note: * The reference category; freq. = frequency; SD = standard deviation.

Figure 1 shows the frequency of accidents under various weather, visibility, and
illumination conditions. Concerning the weather, the accident frequency was 5.7 times
higher on sunny days than on rainy/snowy cloudy days. It was closely related to the
weather along the road. According to statistics, Zhejiang Province accounts for a sizable
percentage of the average yearly sunshine. As a result, 83.9% of accidents frequently
occurred with good visibility. However, the distribution of accident severity proportions
varied little depending on the visibility and weather. More than half of the accidents
happened in daylight, and most injuries occurred during the day, according to the lighting
conditions, whereas 36.4% of the accidents occurred at night without light conditions.
Significant variations can also be seen in the severity levels’ distribution. The frequency of
accidents at night was 7.1 times higher without lighting than with lighting, which is also
related to the freeway lighting distribution features. Except for some tunnels and bridges,
most other sections had no additional lighting equipment.
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Figure 1. Injury severity in different environmental conditions. Figure 1. Injury severity in different environmental conditions.

Figure 2 shows the accident frequency distribution for road surfaces, terrain types, and
vertical alignment. From the perspective of road surface, the frequency of accidents under
dry road surface was 3.6 times that of wet-skid, and this distribution feature was closely
related to the location’s annual average weather distribution and yearly average rainfall
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time ratio. Under the two types of road surfaces, there were significant differences in the
proportional distribution of accidents of varying severity. On the wet-skid surface, there
were more injury accidents than PDO and fatal accidents, but fewer injury accidents overall.
From the perspective of terrain type, most accidents occurred in flat sections, whereas just
2.9% of accidents occurred in mountainous areas. The proportion of accidents varying
in severity was distributed very differently. Mountainous sections had a substantially
higher percentage of injury accidents than the flat sections due to low speed limits, steady
traffic flows, dense concentrations of supervision equipment, and more careful drivers.
The fatal accident rate in flat sections was significantly greater than that in mountainous
sections due to the higher speed limits and unstable traffic flows. According to the vertical
alignment, there was a more significant difference in accident frequency between that
in level and upgrade/downgrade sections, with the former being 3.3 times the latter.
However, the distribution of accident proportions across different severity levels did not
alter significantly.
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Figure 3 displays the distribution of accident frequency by gender, age, and driving
experience. From the perspective of gender distribution, the frequency of male accidents
was 4.1 times that of female accidents, which is closely related to the distribution of the
gender ratio of drivers in the area of a freeway. However, there were also significant
differences in the distribution of the two in terms of severity. The proportion of injury
and fatal accidents in female drivers was significantly higher than that in males. There
were some variations in the severity distribution between various ages. Drivers aged
19–25 years had the highest rates of injury and fatal, possibly related to their risky driving
behaviors. The severity distribution also highly varied for drivers with different levels of
expertise, with drivers with 3–10 years of experience accounting for more than half of the
accidents. Drivers with 3–10 years of experience had the highest percentage of injury and
fatal accidents, while those with 2- years of experience had the lowest rate, which may
reflect the more cautious nature of novice drivers.

The accident frequency distributions for vehicle movement, responsible vehicle type,
and collision type are shown in Figure 4. There are disparities in the distribution of collision
types with variable severity, with collisions between vehicles accounting for 75.3% of
accidents. In contrast to collisions between vehicles, collisions with rigid guardrails and
other objects were much more likely to result in injury and fatal accidents. The high speed
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of cars driving on the freeway was mostly to blame. The risk of injury or fatality increased
dramatically in a collision between vehicles because the way the vehicles travel changed
significantly. The percentage of crashes involving small vehicles was 72.6%, which is
highly correlated with the distributional characteristics of vehicle type. There are apparent
differences in the distribution of injury severity. The proportion of injuries and fatalities
in accidents involving a small vehicle was noticeably higher. A small vehicle is more
likely to cause injury accidents due to its faster speed. Accidents occurred most frequently
(97% of the time) when vehicles were going straight—about 71% of collisions occurred
when a vehicle was not going straight, causing PDO outcomes. The driver is generally
more cautious when the vehicle is not going straight, and driving accidents also involve
minor scrapes.
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4. Methodology

The injury severity level is a discrete dependent variable, and a discrete choice model
is an appropriate method for modeling it. The OL, GOL, and PPO models were built.
Among them, the PPO model can reflect the orderly nature of each variable and allow the
coefficients of some independent variables to vary with different levels, which gives it vital
flexibility. The PPO is an improved model of the OL model and GOL model.

When the severity category is I (I ≥ 3), the probability that a crash severity category i
occurs in an observed crash n can be expressed as Equation (1).

Pn(i) = P(Uin ≥ Ujn), ∀j 6= i; i, j ∈ I (1)

where Pn(i) is the probability that a crash severity category i occurs in an observed crash n ,
and Uin is a linear function that determines the severity of the crash n . Usually, Uin can be
linearly expressed by Equation (2).

Uin = βiXn + εin (2)

where Xn is a vector of measurable characteristics (risk factors) that determine severity, βi
is a vector of computable coefficients to be estimated, and εin is a disturbance term that
considers unobserved effects.

Here, we define j = 1 as the lowest value of the injury severity variable, i.e., PDO.
An ordered discrete choice model is an appropriate method for modeling it [20]. The OL
model probability can be expressed as Equation (3).

P(Yi > j) =
exp(αj + Xβ)

1 + exp(αj + Xβ)
, j = 1, 2, · · · , M− 1 (3)

where P(Yi > j) represents the probability of crash severity for a given accident i. j is the
number of cut points. αj represents the regression intercept of each cut point. β is the
regression coefficient vector that does not change across different logit models. X is the
explanatory variables vector.

However, a strict limitation of using the OL model is the PLA [42]. Therefore, some
scholars put forward the GOL model as an alternative method that can relax the PLA’s
limitations. The only difference between them is that the regression coefficients β j may
differ in severity levels.

The probability calculation expression of GOL is as Equation (4).

P(Yi > j) =
exp(αj + Xiβ j)

1 + exp(αj + Xiβ j)
, j = 1, 2, · · · , M− 1 (4)

where j represents an injury severity category, αj is the cutoff point for the jth cumulative
logit, β j is a vector of model parameters, and Xi is a vector of observed explanatory
variables [43].

In practice, one or several variables may violate the PLA [42]. In such a situation,
some of the parameters of variables satisfying the PLA may be redundant [43]. Hence, a
gamma-parameterized form of the GOL model proposed by Peterson and Harrell (1990)
is commonly used [23]. The gamma-parameterized GOL model is commonly known as
the partially constrained GOL or PPO model. The PPO model is the intermediate method
between the OL and GOL models [22,23]. In the PPO model, the PLA is only relaxed for
some variables. In other words, the regression coefficients of explanatory variables that
violate the PLA vary across the dividing points, while other variables remain unchanged.
The PPO model can be described as Equation (5).

P(Y > j) =
exp

[
αj +

(
Xiβ j + Tiγj

)]
1 + exp

[
αj +

(
Xiβ j + Tiγj

)] , j = 1 , 2 (5)
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where Ti represents a subset of explanatory variables for which the PLA is violated and γj
is a vector of parameters associated with Ti [42]. The γj represent deviations from propor-
tionality. If all gammas are equal to zero, the model reduces to the traditional OL model.
The model’s parameters are estimated using the maximum likelihood procedure [43]. The
probability formula of the PPO model can be expressed as Equations (6)–(8).

P(Y = 1 |X )= 1 − g(Xβ1) (6)

P(Y = 2 |X ) = g(Xβ1) − g(Xβ2) (7)

P(Y = 3 |X ) = g(Xβ2) (8)

The PPO model can fit the command “gologit2 with autofit lrf” written by the user
in the Stata 16.0 [44]. The PPO model results are interpreted similarly to a binary logistic
regression [43]. We can group the three outcome levels into two comparison groups for a
variable with three categories. Consequently, this results in two sets of outcome groups for
each model developed. For j = 1, outcome level 1 is compared with outcome levels 2 and 3;
for j = 2, the comparison is between outcome levels 1 and 2 compared with outcome level 3.
An optimistic coefficient indicates that higher values on the predictor variable increase
the likelihood of an injury being at a more severe level than the current one. Likewise,
a negative coefficient indicates that higher values on the predictor variable increase the
likelihood of an injury being in the present or lower level; that is, it decreases the likelihood
of being in higher injury groups.

The marginal effects provide the effect of a one-unit increase in an explanatory variable
on the injury-outcome probability. The average marginal effects of overall crash observa-
tions will be computed and reported to assess the influence of the explanatory variables
on injury severity outcome probabilities. For the crash i and injury severity level j, the
marginal effects of all variables can be expressed as Equation (9).

E
Pij
Xijk

= Pij(Xijk = 1) − Pij (Xijk = 0) (9)

where E
Pij
Xijk

represents the marginal effects of the kth dummy variable Xijk, and

Pij(Xijk = 1) and Pij (Xijk = 0) denote the probability that the dummy variable Xijk
equals 1 and 0, respectively.

It is usually necessary to test the model’s validity in a regression analysis. The Akaike
information criterion (AIC), Bayesian information criterion (BIC), and McFadden’s pseudo
R2 are usually used to evaluate the fitness of a theoretical model. The calculation method
of each evaluation index can be defined as Equations (10)–(12).

AIC = −2LL(β) + 2K (10)

BIC = −2LL(β) + ln(N)× K (11)

PseudoR2 = 1− LL(β)

LL(0)
(12)

where LL(0) is the initial value of the log-likelihood at zero; that is, the value of the log-
likelihood when no independent variable is included in the model. LL(β) is the convergence
value of the log-likelihood function; that is, the value of the log-likelihood function when
all significant independent variables and constant terms are included in the model, K is the
number of parameters, and N is the number of observations. The best-fitted models have a
lower AIC, BIC, and higher pseudo R2.
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5. Results and Discussion
5.1. Model Parameter Estimation

Table 3 shows the parameter estimation results of the OL model, which only include the
statistically significant variables (90% significance level). The collision type, road surface,
lighting condition, terrain type, driver gender, driver age, driving experience, vehicle type,
and movement of vehicle all affect the injury severity. Consequently, a positive sign for
a variable means that, compared to crashes that correspond to the feature represented
by the variable’s base category, crashes with the variable’s characteristic are more likely
to be assigned to the high injury level relative to the base segment. The “collision type”
results indicate an increased likelihood of injury severity being transferred to a high level
in the case that the vehicle collides with a guardrail or other objects compared to a collision
between vehicles. These results are in line with expectations and are generally consistent
with the findings of previous studies on the analysis of factors influencing the severity of
freeway crashes.

Table 3. Coefficients (and standard errors) of the OL model for injury-severity outcomes.

Variables Description Coef. Std. Err. p > |z| (95% Conf. Interval)

Collision type Collision with a guardrail 0.351 0.161 0.029 0.035 0.666
Collision with other objects 0.835 0.283 0.003 0.281 1.389

Road surface Wet-skid 0.207 0.137 0.031 −0.062 0.475
Lighting condition Night without light 0.309 0.125 0.013 0.064 0.554

Terrain type Mountainous −0.695 0.321 0.030 −1.324 −0.066
Driver gender Female 0.407 0.146 0.005 0.121 0.693

Driver age 55+ years 0.947 0.198 0.000 0.559 1.335
Driving experience 2- years −1.094 0.202 0.000 −1.489 −0.699

10+ years −0.794 0.150 0.000 −1.087 −0.500
Vehicle type Large vehicle −0.885 0.167 0.000 −1.213 −0.557

Movement of
vehicle Not going straight −1.570 0.405 0.000 −2.363 −0.777

cut1 −0.757 0.114 −0.981 −0.534
cut2 1.230 0.118 0.998 1.463

The absolute value of the coefficient can determine the order of effect of independent
variables. The first three most influential factors were “vehicle not going straight”, “driving
experience 2- years”, and “driver aged 55+ years”. The three factors with minor influence
were “wet-skid road surface”, “night without light condition”, and “vehicle collision with
a guardrail”.

The Brant test results in Table 4 show the p-value of five independent variables are
less than 0.1. This indicates that the independent variable is not significant at the 90%
confidence level; that is, the five independent variables violate the PLA. This proves the
limitations of adopting the OL model and confirms the necessity of adopting the PPO
model instead of a GOL model.

Only some of the independent variables violated PLA, so the GOL model could not
be used directly here, and PPO played a key role as an intermediate coordination model.
In order to reflect the effect of the improved model, the GOL model was also used here in
addition to the OL and PPO models for analysis. The goodness of fit of the PPO model was
compared with the OL and GOL model specifications using the AIC, BIC, and the LR test,
as presented in Table 5. Comparing the PPO model to the OL and GOL models, there was a
substantial difference (LR χ2 = 299.39, p = 0.000). Due to its smallest AIC value and five
additional parameters, the PPO model was chosen since it significantly outperformed the
OL model. Additionally, the estimated full model performed better than the intercept-only
model thanks to the predictor variables, which indicates that the results of parameter
estimation were valid and the goodness of fit was appropriate (Pseudo R2 = 0.1205).
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Table 4. Results of Brant test of PLA.

Variable Description Chi2 p > chi2 Df

All 82.80 0.000 11

Road factors
Road surface Wet-skid 2.44 0.118 1
Terrain type Mountainous 6.35 0.012 1

Environmental conditions
Lighting condition Night without light 0.47 0.493 1

Driver factors
Driver gender Female 17.24 0.000 1

Driver age 55+ years 0.01 0.920 1
Driving experience 2- years 7.61 0.006 1

10+ years 2.63 0.105 1

Vehicle factors
Collision type Collision with a guardrail 3.40 0.115 1

Collision with other objects 1.79 0.181 1
Vehicle type Large vehicle 6.46 0.011 1

Movement of vehicle Not going straight 17.69 0.000 1

Table 5. Results of the goodness-of-fit test.

Model Log Likelihood Df-AIC LR AIC BIC LR χ2 Pseudo R2

OL −1131.356 13 5 2288.711 2354.374 221.09 0.0890
GOL −1087.471 24 6 2222.941 2344.165 308.86 0.1244
PPO −1092.208 18 2220.416 2311.334 299.39 0.1205

The parameters of the PPO model were optimized by the maximum likelihood method.
The significance level for selecting explanatory variables was 0.10, and a stepwise selec-
tion process decided the significant explanatory variables. During the modeling process,
variables were retained in the specification if they had t-statistics corresponding to the 90%
confidence level or higher on a two-tailed t-test. Table 6 presents the parameter estimation
results and marginal effects of all statistically significant variables on the probability of
each severity level. The coefficients for nine and five predictor variables were statistically
significant, respectively. A variable that violated the PLA had one beta coefficient, one
gamma coefficient, and two alpha coefficients reflecting the cutoff points. Here, we focused
on the statistically significant predictor factors.

Table 6. Results of factors affecting freeway crash injury severity based on the PPO model (n = 1154).

Variables Coefficient Marginal Effects (%)

βj γj PDO Injury Fatal

Collision type Collision with a guardrail 0.349 ** −6.46 0.64 5.82
Collision with other objects 0.899 *** −16.63 1.66 14.97

Road surface Wet-skid 0.203 −3.76 0.37 3.38
Lighting condition Night without light 0.314 ** −5.80 0.58 5.22

Terrain type Mountainous 0.076 −2.896 *** −1.40 49.60 −48.20
Driver gender Female 1.148 *** 0.040 ** −21.23 20.56 0.67

Driver age 55+ years 1.008 *** −18.64 1.86 16.78
Driving experience 2- years −1.289 *** −0.691 *** 23.83 −12.33 −11.51

10+ years −0.813 *** 15.03 −1.50 −13.53
Vehicle type Large vehicle −1.026 *** −0.246 ** 18.98 −14.88 −4.09

Movement of vehicle Not going straight −2.012 *** −0.538 * 37.20 −28.25 −8.95
Alpha 0.763 *** −1.216 ***

*, **, ***indicate significance at 10%, 5%, and 1% levels, respectively.
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5.2. Discussion
5.2.1. Effects of Driver Factors

The “female” variable violated the PLA. The gamma and the beta coefficients were
0.040 and 1.148, respectively. The coefficient yielded by adding these two numbers indicated
that female drivers were more likely than male drivers to suffer severe injuries in crashes.
A change from a male to a female driver raised the likelihood that the injury-severity level
would fall into the injury category by 20.56%, and into the fatal category by 0.67%, according
to the marginal effects for “female”. Perhaps due to their innate psychology and personality
features, female drivers are less able to withstand physical and emotional damage than
male drivers [45,46]. Consistent conclusions have also been reached in previous studies [47].
Female drivers’ mental capacity, emergency handling ability in the face of crisis situations,
and resilience are lower than those of males, and their judgment of distance and speed is
not as good as that of males. Male drivers are calmer in emergencies than female drivers
are, and they also drive more flexibly and technically, which reduces the likelihood of
serious injury. However, the frequency and probability of accidents involving no injuries
will increase due to male drivers’ proven capabilities, high-speed psychological needs,
more aggressive driving style, and excessive confidence in their driving techniques.

The age of drivers greatly influenced the severity of the accident. The estimation results
indicate that drivers aged 55+ years had a higher risk of severe injuries than drivers aged
26–40. A similar pattern was found in previous studies [47]. According to the marginal
effects, there was a 1.86% rise in the likelihood of injury and a 16.78% increase in the
likelihood of fatal when drivers aged 26–40 years were replaced by those aged 55+ years.
As indicated in earlier research [17], older drivers who are more experienced and confident
in driving and handling crises may, to some extent, cause accidents by carelessness or
aggressive driving. There are no unanimously accepted conclusions from studies on the
effect of driver age on accident severity [48,49]. The older drivers tend to react slowly to
hazardous situations, may not be able to withstand crash impact forces well, may have
a cognitive impairment, and may have other medical conditions. All or some of these
factors may be responsible for their higher risk of injury severity. On the other hand, older
drivers are more skilled, have more safety awareness, and are more patient when driving,
which increases their likelihood of avoiding accidents involving no injuries. However,
the gradual weakening of the physical function of the elderly and their slow response to
emergencies lead to them having a higher probability of fatal accidents [17]. According to
the age difference of those in accidents and preferences in life and entertainment, diversified
traffic safety travel advertising or traffic accident emergency behavior instruction can be
carried out.

The “driving experience 2- years” variable violated the PLA. The gamma and beta
coefficients were −1.289 and −0.691. These two values were combined to yield the “driv-
ing experience 2- years” coefficient. The marginal effects indicated that for drivers with
3–10 years’ experience and those with 2- years’ experience the probability of injury or
a fatality was reduced by 12.33 and 11.51%, respectively. Previous studies have found
that drivers with 10- years of driving experience are more likely to be injured or killed
in an accident [3]. The conclusion of this study digs further into the above findings and
finds that drivers with very little driving experience, such as novice drivers with 2- years’
experience, are instead relatively safer. This is consistent with the results of [47]. The
decreased risk of injury among novice drivers may be due to their greater caution and lack
of expertise on freeways. They drive much more slowly overall and strictly abide by the
speed limit [49]. Of course, some other explanations are also possible. The efficiency of
“driving experience 10+ years” indicates a decreased likelihood of sustaining severe injuries.
The marginal effects show that a change from driving experience 3–10 years to driving
experience 10+ years will reduce the probability of injury or fatality by 1.50 and 13.53%,
respectively. This is consistent with the results of [3]. The potential reason is that drivers
with driving experience 10+ years have more standardized driving behavior, shorter risk
identification and decision-making times, and a lower probability of serious accidents.
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In short, drivers with driving experience 3–10 years generally sustain more severe
injury than other drivers because of their overconfidence in driving skills and risk percep-
tion. Training should also focus on psychological quality training, emergency response
measures training, and enhanced driving standardization for drivers with less vehicle
driving experience.

5.2.2. Effects of Vehicle Factors

Compared to collisions with vehicles, the coefficient for “collision with a guardrail”
showed a higher risk of serious injuries. More specifically, the marginal effects indicate
that a change from a collision between vehicles to a collision with a guardrail increased the
probability that the injury-severity level was in the fatal category by 5.82%. Moreover, the
coefficient of “collision with other objects” implied an increased likelihood of sustaining
severe injuries in case of a collision with other objects compared to a collision with vehicles.
The marginal effects indicate that a change from a collision between vehicles to a collision
with other objects increased the probability that the injury-severity level was in the fatal
category by 14.97%. When the driver reacts in an emergency, the vehicle may turn sharply,
increasing the risk of a continuing accident and the likelihood of casualties. Compared to a
collision with a guardrail, the likelihood of injury and fatality increased when colliding with
other objects, reflecting the adverse effects of rigid obstacles such as piers on traffic safety.

Large vehicle crashes showed a lower likelihood of causing severe injuries. The
marginal effects indicate that change from a small vehicle to a large vehicle being responsi-
ble reduced the probability of injury by 14.88%. Similar results were reported by previous
studies [50,51]. The potential reason is that the driving speed of large vehicles is generally
low, and the cab of large vehicles is usually high, which can protect the driver to a certain
extent, thereby reducing the degree of accident damage. However, this contradicts the
findings of some studies [20,52], and the results need further verification and research.

In terms of the vehicle’s movement, those in a vehicle not going straight in a crash
were at a lower risk of sustaining severe injury than those in one going straight. Finally, the
marginal effects showed that a change in the movement of a vehicle from going straight to
not going straight reduced the probability of injury by 28.25% and that of fatality by 8.95%.
This result was expected because vehicles going straight will likely travel at higher speeds,
and also the driver is always in a highly alert state when not going straight. Drivers are
more reasonable in their handling of accidents in this situation, thus reducing their severity.

In taking speed limit measures, the traffic management department should set the
appropriate speed limit value and speed limit mode in accordance with the running time
and characteristics of large vehicles, and with prominent speed limit warning signs. It
is recommended to install auxiliary stabilization devices for large vehicles to strengthen
the stability of vehicle operation. At the same time, the detection of driver fatigue should
be strengthened. If necessary, through a variety of communication channels, such as
roadside signage, vehicle radio, etc., messages should improve driver awareness of safety
precautions, as well as increase the seat belt wearing rate, because use of a seat belt in the
event of an accident can also to a certain degree reduce the severity of the accident.

5.2.3. Effects of Road Factors

When a collision occurs on a wet-skid road surface compared to a dry road surface,
the coefficient of “wet-skid” implies an increased probability of sustaining severe injuries.
According to the marginal effects, switching from a dry road surface to one that was
wet and slippery raised the likelihood that an injury would be fatal by 3.38%. This is
consistent with previous studies that found abnormal road conditions can cause more
serious accidents [50]. The likelihood of injury accidents increased because, even when the
vehicle speed decreased in wet-skid conditions, the vehicle braking distance increased.

The “mountainous” variable was found to be violating the PLA. The gamma and
beta coefficients were −2.896 and 0.076, respectively. These two were combined to yield
the “mountainous” coefficient. According to marginal effects, the risk of the fatal injury
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category decreased by 48.20% when switching from a flat to a “mountainous” landscape. It
was closely related to road sections’ functional differences, traffic complexity, and structural
diversity. More traffic interference will result from an uneven road layout, which increases
the risk of injury or PDO accidents. Meanwhile, there is an increasing likelihood of fatal
collisions on flat sections due to the faster speeds. Similar conclusions have been reached
in previous studies [16,53]. Traffic managers should consider the effects of various road
alignment characteristics and available locations when creating control measures. It is also
required to improve safety levels, tighten traffic oversight and penalties, and optimize
alignment design.

5.2.4. Effects of Environmental Conditions

Regarding light conditions, the coefficient of “night without light” indicated an in-
creased likelihood of suffering severe injuries in case of a collision that happened at night
without a light environment compared to a daylight environment. The worse the bright-
ness was, the greater the impact on the accident’s severity. Especially in the daytime, the
probability of PDO accidents decreased by 5.80% due to a decrease in traffic volume, and
the decrease of conflict points under the condition of no lighting at night. However, the
probability of injury and fatal accidents increased by 0.58% and 5.22%, respectively. A
similar finding was obtained in previous studies [6,47].

Poor traffic visibility and erratic traffic flow suggest that when there is insufficient
lighting on the road, accidents are more likely to be serious ones [47,53]. Maintaining the
required sight distance for safe freeway driving is difficult when there is no light at night,
and the driver only relies on vehicle lights and reflective signs. The probability of rear-end
collision or side collision increases without timely detection of the presence of vehicles
in front [40]. The likelihood of fatigue in driving and inattention under dark conditions
increases significantly. The accident’s severity increases at night since the driver’s reaction
time increases, and the vehicle is more likely to travel at a higher speed. It is suggested to
reasonably control the lighting time and light intensity of special road sections, increase
the use of intelligent devices for light perception and sound control, repair faulty lamps
in time, or add new light-sensitive materials to the relevant signs and markings. When
visibility is low, the reflective level of the road signage can be appropriately strengthened
through technical means, and the reflective level of the vehicle rear reflective signs can be
enhanced, while reducing the vehicle speed limit.

6. Conclusions

This study aimed to analyze the influence of driver, vehicle, road, and environmental
factors on crash injury severity on the freeway based on three different discrete choice
models. Based on the data from this study, the fit of the PPO model was compared with the
fit of the OL and GOL models. The variables that violated PLA were identified through the
Brandt test. The PPO model was finally applied for detailed analysis because of its potency
in handling a mixture of variables that met or violated the PLA. The results showed that
collision with a guardrail and other objects, female drivers, and drivers aged 55+ years
were more likely to cause injury and fatal outcomes. PDO was more likely, but injury and
fatal accidents were less likely when the driving experience was 2- years, a large vehicle
was responsible, and the vehicle was not going straight. Wet-skid road conditions enhanced
the risk of injury accidents. The severity of an accident typically increased when it occurred
at night on a road without lighting.

This study provides a new methodological reference for the field of freeway traffic
safety research. The research results can provide a decision basis for the freeway man-
agement to take corresponding safety management measures in reducing the severity of
freeway crashes. When rigid obstacles such as piers exist in the middle zone or lateral
clearance range of a high-speed freeway, safety protection or energy absorption facilities
should be added to reduce the severity of accidents. Dynamic variable speed limit signs and
warnings can be installed to limit speed, improve driver vigilance, and reduce the accident
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severity when visibility declines or on wet-skid road surfaces. The lighting conditions of
the corresponding sections should be improved to mitigate severe accidents in the accident-
prone areas without lighting. When selecting the type of intermediate belt guardrail, a
semi-rigid guardrail should be chosen as far as possible to meet the requirements of protec-
tion grade. Passive safety protection facilities can be added to the accident-prone sections
with concrete guardrails. Strengthening drivers’ safety education and training is necessary,
especially for female drivers who have 3–10 years’ experience. For senior drivers, it is vital
to improve the assessment of their physical health status. Increased traffic enforcement and
a decrease in lane-change violations by vehicles are required.

The research has some shortcomings. A variety of factors influence the likelihood of
injury severity outcomes. This study only analyzed the factors for which data could be
collected, but there are still many factors for which data are not easy to assemble or that
have a significant impact on accidents but are unknown, such as instantaneous vehicle
speed, real-time weather, use of seat belts, light conditions, etc. In addition, some of
the influencing factors about human behavior were not considered in this study, such as
fatigue, low performance, and driver vigilance and aggression, but the impact of these
factors on the severity of accidents is very important. In follow-up study, more types of
data can be collected for research to obtain more valuable research results. In addition to
the PPO model, more models, such as the nested logit and RPL models, can be used to
analyze accident severity. A comprehensive comparative analysis of the practicability of
each model is also a direction for subsequent research. This study took only the traffic
accidents on a particular freeway as a sample. It is fair to say there is a possibility that
a wider area will provide insight into what has been documented in the present study.
Different sample sizes will affect the parameter estimation of the model. This paper does
not group the samples in-depth, and statistics of the sample sizes applicable to other models
may also lead to deviations in the calibration results. In follow-up study, we can study
the influence of different sample sizes on parameter estimation and group the samples to
obtain better-fitting results.
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