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To predict the probability of roadside accidents for curved sections on highways, we chose eight risk factors that may contribute to
the probability of roadside accidents to conduct simulation tests and collected a total of 12,800 data obtained from the PC-crash
software. &e chi-squared automatic interaction detection (CHAID) decision tree technique was employed to identify significant
risk factors and explore the influence of different combinations of significant risk factors on roadside accidents according to the
generated decision rules, so as to propose specific improved countermeasures as the reference for the revision of the Design
Specification for Highway Alignment (JTG D20-2017) of China. Considering the effects of related interactions among different
risk factors on roadside accidents, path analysis was applied to investigate the importance of the significant risk factors.&e results
showed that the significant risk factors were in decreasing order of importance, vehicle speed, horizontal curve radius, vehicle type,
adhesion coefficient, hard shoulder width, and longitudinal slope. &e first five important factors were chosen as predictors of the
probability of roadside accidents in the Bayesian network analysis to establish the probability prediction model of roadside
accidents. Eventually, the thresholds of the various factors for roadside accident blackspot identification were given according to
probabilistic prediction results.

1. Introduction

Roadside accidents occur when a vehicle leaves the travel line,
crosses an edge line or a centre line, collides with trees,
guardrails, utility poles, and other natural or man-made
objects located on roadsides, or overturns or falls into deep
ditches or rivers. According to the Fatal Accident Reporting
System (FARS), these accident types account for more than
39% of fatal accidents in the United States [1]. In China,
roadside accidents account for approximately 50% of the
collisions in which more than three people perish [2]. A
European study also shows that 20% of all traffic accidents
every year are roadside accidents; however, the fatality rate is
over 35% in these accidents, and approximately one-third of
run-off-road (ROR) collision fatalities occurred on curved
road sections [3], the road type upon which this study focuses.

&ere are several complex reasons a vehicle departs from
the travelled path, such as an inappropriate avoidance

manoeuvre or inattention of a driver, crossing a curve
segment with a high speed, or understeering. A variety of
contributing factors to roadside accidents have been iden-
tified based on various collected data and data analysis
methods. Numerous studies have confirmed that highway
geometric design indexes (i.e., roadway characteristics and
roadside characteristics) play a significant role in whether a
crash occurs resulting from driver error [4], especially for
curve sections on highways. In terms of roadway charac-
teristics, a wider shoulder has been found to decrease the
occurrence of ROR accidents on horizontal curves [3, 5], but
the increase of the shoulder width is also associated with an
increasing vehicle operating speed [6]. &e frequency of
ROR accidents will increase if vehicles travel in a narrower
lane because the requirement for sharing the roadway with
other vehicles increases the chance of conflicts, whereas
driveway density has little impact on ROR accidents [3, 5].
Moreover, some research has confirmed that pavement edge
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drop-off and low friction of pavement surfaces tend to cause
a high frequency of single-vehicle accidents [7]. Sharp curves
are also a key factor contributing to roadside accident oc-
currence and approximately 30% of the ROR events occur
on road curves [8–10]. In an attempt to identify roadside
design risk factors, a large number of studies have been
implemented, involving analysis of the relationship between
the frequency of roadside accidents and critical slope, fences,
bridges, guardrail, ditches, utility pole density, distance to
pole and distance to tree, and so on [3, 11–17].

Among the environmental factors, most ROR accidents
tend to occur on weekends [3, 5]. Area type and lighting
conditions are found to be significant factors contributing to
the probability of roadside accidents [9]. A study investi-
gated whether road type and local amenities are associated
with single-vehicle accident frequency [18]. Additionally,
local population density is also related to accident occur-
rence [19].

In terms of human factors, the National Highway Traffic
Safety Administration (NHTSA) suggested that driver dis-
traction, fatigue, driver’s degree of familiarity with the
roadway, blood alcohol presence, age, and gender were the
most significant factors contributing to roadside accidents
[18], and 30% of these accidents occurred due to driver
inattention [8–10]. All of these factors have a direct or in-
direct effect on changes in vehicle speeds, and the risk of
accidents increases, followed by an increase in vehicle
speeds.

From a methodological perspective, different methods
have been employed to determine these factors. Originally,
Zegeer and Deacon [20] developed a lognormal regression
model to investigate the relationship between ROR accident
frequencies and various variables, such as average annual
daily traffic (AADT), shoulder width, lane width, terrain
type, and clear roadside recovery distance (CRRD). In a
further study, they added some variables (i.e., density and
lateral offset of the roadside object) to the previous model
[21]. However, this conventional linear regression model has
been demonstrated as inappropriate and to be often erro-
neous [22–24]. More appropriate prediction models for
accident frequency (i.e., Poisson and negative binomial (NB)
regression models) have been widely used in recent decades
[22, 25–27]. To address the problem of zero-inflated
counting processes in accident frequency analysis, the zero-
inflected Poisson (ZIP) and zero-inflected negative binomial
(ZINB) regression models have gained considerable ac-
ceptance [28–32].

Although there have been a considerable number of
roadside accident frequency studies, few studies have fo-
cused on the quantitative analysis of roadside accident
probability. Various approaches (i.e., Poisson model, NB
model, ZIP model, and ZINB model) are capable of pre-
dicting the number or frequency of roadside accidents based
on mass accident data but cannot precisely calculate
probability values under the effects of various variables.
Moreover, the research results based on the prediction of
accident frequency or number are often influenced by dif-
ferent traffic characteristics in various regions, which is not
universal. Considering that accident probability is more able

to represent the degree of frequent accidents, it is better to
carry out the prediction of accident probability than to carry
out the prediction of accident frequency or number. To
identify the roadside accidents blackspot and reduce the
accidents probability, we therefore used a data mining
technique (i.e., CHAID decision tree technique) to identify
significant risk factors contributing to roadside accidents
and another data mining technique (i.e., Bayesian network
analysis) to establish the probability prediction model of
roadside accidents. Additionally, we investigate the im-
portance of various variables under the interactions of ac-
cident occurrence by developing a path analysis based on a
logistic regression model. To the best of our knowledge, no
research has used these three methods together in the study
of the probability of roadside accidents.

2. Data and Methodology

2.1. Data. Substantial statistical analysis generally relies on
historical accident data. However, the constantly changing
traffic environment, the high cost of maintaining or col-
lecting roadside accident data, and the long-term lack of
detailed data have formed a barrier to developing a study of
the relationship between road design and the probability and
severity of accidents [25, 33]. Automobile dynamics simu-
lation technology, regarded as an alternative approach, has
been popularly applied to obtain accident data in recent
years. Compared to collected accident data, the data from
simulation software has the following advantages: (1)
comprehensive accident information, (2) no consideration
of the impact of time and traffic condition on accident data,
(3) universal applicability in the absence of regional char-
acteristics, (4) low cost of research, and (5) free choice of
variables according to your interest. In the present study, we
used accident data obtained from PC-crash simulation
software. &is software is primarily developed to take ac-
cident reconstruction and has been used for collisions be-
tween vehicles [34] and accidents involving vehicles and
pedestrians [35], as well as single-vehicle accidents [36, 37].
It has been demonstrated that PC-crash has good perfor-
mance in simulating single-vehicle (rollover) accidents
[36–40].

We chose highway geometric design indexes (horizontal
curve radius, hard shoulder width, longitudinal slope, su-
perelevation slope, and width value of the curve), pavement
condition (adhesion coefficient), and traffic characteristics
(vehicle speed and vehicle type) as input variables, and
vehicle final states as the output variable. In the present
study, the final states of vehicles include departing from the
roadway and not departing from the roadway. &e former
state refers to the circumstances of vehicle rollover or any of
the vehicle wheels entering the slope represents the oc-
currence of a roadside accident (see Figure 1), and the latter
state involves a vehicle running normally and represents no
occurrence of a roadside accident.

Consider that the values of slope gradient and slope
height mainly affect the severity of the roadside accident
when the vehicle enters the slope and have little effect on the
occurrence of the roadside accident. In addition, in
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combination with the provisions of carriageway width and
crown slope in the Design Specification for Highway
Alignment (DSHA) (JTG D20-2017) of China [41], in the
PC-crash simulation software, we built a two-way two-lane
road model with a carriageway width of 3.75m, a crown
slope of 2%, a slope gradient of 1 :1 and a slope height of 5m
as a typical representative, and two rigid models for the car
and truck. “BMW-116d autom” and “ASCHERSLEBEN
KAROSS” were chosen as the represented car and truck
model, respectively, and the initial position of the vehicles
were set on the centre of the one-way lane; their parameters
are shown in Table 1.

Notably, in the vehicle parameter setting, the steering of
the vehicle was set ahead to match with different horizontal
curve radii because we are unable to involve the driving
behaviour factors considering the characteristics of the
simulation software. For instance, when the horizontal curve
radius is 200m, the steering degree of the car is automatically
updated to 1.57° and 1.54° to match the above radius by
setting the turning radius of the vehicle as 200m in the
simulation software (see Figure 2(a)). In terms of the width
value of the curve setting, according to the DSHA [41], the
widened value was set only when the horizontal curve radius
was no more than 250m (see Figure 2(b)), and in case the
horizontal curve radius was 200m∼250m, the widened value
was 0.4m for car and 0.6m for truck. &erefore, the cor-
responding widened values were set for different vehicle
types in the simulation test.

Each variable value is shown in Table 2. Among these
variables, horizontal curve radius, hard shoulder width, width
value of the curve, adhesion coefficient, vehicle speed, and
vehicle type can be set directly in the simulation software;
however, longitudinal slope and superelevation slope need
some complex operations to be set. For instance, the setting of
the longitudinal slope can be achieved by adjusting the dif-
ference in height from the beginning to the end of the test
section, and the difference in height h1 is calculated as follows:

h1 � l1 × sin arctan i1( ( , (1)

where l1 represents the length of the test section (m) and i1
denotes the longitudinal slope (%) (the value of the downhill
slope is positive).

Similarly, the setting of superelevation slope can be
achieved by adjusting the difference in height from the
outside to the inside of the test section, and the difference in
height h2 is shown as follows:

h2 � l2 × sin arctan i2( ( , (2)

where l2 is the width of the test section (including hard
shoulder width) (m) and i2 denotes the superelevation slope
(%), which is set in themiddle of the test section and its value
is positive when the outside height is greater than the inside
height of the test section.

According to the value of each variable (excluding the
width value of the curve) from the highway geometric
design indexes and pavement condition (see Table 2),
5× 4× 4× 4× 4�1280 combinations were established, and
then two kinds of the flat curve and curved slope combi-
nation sections were constructed corresponding to different
hard shoulder widths, adhesion coefficients, and superele-
vation slopes. By applying 5 initial speeds to the vehicle and
setting the width value of curve according to different vehicle
types, simulation experiments were carried out for truck and
car. Eventually, 1280× 5× 2�12800 simulation data were
collected, in which the data of no roadside accidents oc-
currence was 9,973 (77.9%) and the data involving the oc-
currence of roadside accidents was 2,827 (22.1%).

2.2. CHAID Decision Tree Technique. &e CHAID decision
tree, as a data mining technique, has been widely applied in
various fields, such as the airline industry and public
transport management. However, few studies have inves-
tigated traffic risk, especially for roadside accidents.

&e CHAID decision tree is a technique of database
segmentation that is capable of extracting significant in-
formation from a large quantity of data [42, 43]. After a test
order is conducted, the data are split by means of a statistical
algorithm in CHAID. &e original node on the independent
variable is split into as many subgroups as possible, which
are significantly different from binary variables. &e process
then splits these new nodes according to the variables that
distinguish each of them. &is process continues until no
other splits are significant.

&e CHAID analysis is generally called tree analysis,
similar to a trunk (i.e., original node) being split into
multiple branches; then, more branches until the trunk
cannot be split any further in which case overfitting occurs.
To identify optimal splits, the chi-square independence test
is employed to examine and test the cross tabulations be-
tween each of the input variables (i.e., predictors of the
occurrence of roadside accidents) and the outcome variables
(i.e., occurrence of roadside accidents).&e CHAID decision

(a) (b)

Figure 1: Occurrence of roadside accidents. (a) Vehicle rollover. (b) Wheel of vehicle entering slope.
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tree is, therefore, capable of providing detail that identifies
the significant factors that result in the highest or lowest risk
of roadside accidents using a series of if-then-else rules.

Furthermore, to prevent the occurrence of overfitting,
CHAID usesP values with a Bonferroni correction as splitting
criteria; P value criteria are sensitive to the number of data
involved in the split and tend to avoid splitting into too small
groups [44]; the smaller the P value is, the greater the
goodness of treemodel fitting.&eP value of the F statistic for
the difference in mean values is shown as follows [45]:

F �
TSS − WSS(WSS/(g − 1))

WSS/(n − g)
∼ F(g−1),(n−g), (3)

where TSS denotes the total sum of squares before the split,
WSS is the variance, g represents the nodes generated by the
split, and n is the number of categories of variables.

2.3. Path Analysis. Path analysis is a form of structural
equation modelling (SEM), in which all the variables are
observed variables. In the present study, SEM was used
because the mediated andmoderated relationships of a set of
variables can be tested in SEM. In other words, SEM can not
only test the direct impact of independent variables on
dependent variables but also analyses the indirect effect on
dependent variables through other variables (mediators). In
path analysis, mediation, moderation, moderatedmediation,
and mediated moderation can all be tested [46], and me-
diation is a statistical approach applied to understand how a
variable x delivers its effects to another variable z. In other
words, whether the effect of x on z is direct only, indirect
only or both direct, and indirect can be obtained in me-
diation analysis [47].

A simple mediation model describes a model in which
the independent variable x has an impact on the dependent

Table 1: Vehicle parameter.

Parameter
Value

Car Truck
Length (m) 4.325 6.370
Width (m) 1.765 2.500
Height (m) 1.420 3.100
Wheelbase (m) 2.690 3.700
Weight (kg) 1385 7200
Height of centre of gravity (m) 0.450 1.200
Distance of height of centre of gravity from front axle (m) 1.210 1.070
Tyre pattern 215/50 R 16 (621mm) 7.50 R 16 (719mm)
ABS Yes Yes
ESP Yes No

(a)

0.6m

(b)

Figure 2: Setting (a) the steering degree for the vehicle and (b) the width value of the curve.

Table 2: Description of variables.

Variable Value

Highway geometric design indexes

Horizontal curve radius (m) 200 300 400 500 600
Hard shoulder width (m) 0.75 1.5 2.25 3.00
Longitudinal slope (%) 0 2 4 6
Superelevation slope (%) 0 2 4 6
Width value of curve (m) 0.4 0.6

Pavement condition Adhesion coefficient 0.2 0.4 0.6 0.8

Traffic characteristics Vehicle type “Truck”� 0 “Car”� 1
Vehicle speed (km/h) 40 60 80 100 120

Output variable Vehicle final state “No departing
from road”� 0

“Departing from
road”� 1
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variable z through a single mediator variable y (i.e., x is
assumed to have an impact on y, and this impact then
transmits to z, apart from the direct relationship between x
and z). Two basicmediationmodels are built in equations (4)
and (5). In particular, equation (4) represents the combi-
nation of the paths from x to z and y to z, and equation (5)
represents the path from x to y:

z � α0 + α1yi + α2xi + ε1, (4)

yi � β0 + β1xi + ε2, (5)

where z is the outcome variable, yi is the mediator variable,
xi is the independent variable, ε1 and ε2 are the errors, α0 and
β0 are the intercepts of the models, and α1, β1, and α2 are
partial regression coefficients of the models.

However, these partial regression coefficients in the
above models denote the direct effect of various variables but
cannot reflect the magnitude of impact from these variables
on the outcome variable due to the presence of their different
units and standard deviation. For this purpose, a binary
logistic regression model was fitted to obtain a standard
regression coefficient that can meet the demand of testing
the magnitude of direct effects from input variables on the
outcome variable as follows:

αi
′ � αi

Si

SZ

 , (6)

where αi
′ is the standard regression coefficient of xi; αi is the

partial regression coefficient of xi; Si is the standard deviation
of xi; and SZ is the standard deviation of the Z random
variable in the logistic regression model, set as π/

�
3

√
[48]. αi
′

represents the magnitude of the direct effect of xi on the
outcome variable (z).

&en, the indirect effect of x on z through all other
mediator variables (yi) can be estimated using the product-
of-coefficient estimator as in [46]

ci � 
n

j�1
βijαj
′, (7)

where ci represents the magnitude of the indirect effect of xi
on z and βij is the correlation coefficient between xi and yj.
Finally, the overall effects χi (i.e., both the direct and indirect
effects) of xi on z can be computed as follows:

χi � ci + αi
′. (8)

2.4. Bayesian Network Analysis. &e Bayesian network be-
came popular in the late 1990s and has been increasingly
used since 2000. &e Bayesian network, also known as the
belief network, is regarded as one of the most effective
theoretical models applied for representation and reasoning
of uncertain knowledge. Bayesian nets and probabilistic
directed acyclic graphs are technologies for graphically
representing the joint probability distribution of a set of
selected variables [49, 50]. &e structure of the Bayesian
network is a directed acyclic graph, in which node sets
represent various variables and directed edges denote the

dependencies between variables. &e confidence level or
correlation strength between variables can be described using
a conditional probability table (CPT). Tasks such as predic-
tion, diagnosis, and classification can be realized through
statistical inference functions and automatic learning of the
Bayesian theorem. &e structure of the Bayesian network can
be regarded as the qualitative part of the model, while the
added probability parameter represents a quantitative di-
mension to the model [51]. &e Bayesian network represents
various forms of uncertainty by using probability and applies
probabilistic rules for achieving the training and reasoning
processes, as shown in equations (9) and (10), respectively:

P Bij Aj

  �
P Aj Bij

 P Bij 



m

j�1
P Aj Bij

 P Bij 

,
(9)

P Aj B1j

 · · · Bnj  �
P B1j Aj

 P B2j Aj

  · · · P Bnj Aj

 P Aj 



m

j�1
P B1j Aj

 P B2j Aj

  · · · P Bnj Aj

 P Aj 

,

(10)

where P(Aj | Bij) (i � 1, 2, . . . , n; j � 1, 2, . . . , m) repre-
sents the prior probability of Aj (i.e., the final state of the
vehicles in the accident simulation) under the effect of
variable Bij (i.e., the risk factor leading to roadside accident),
P(Bij | Aj)denotes the conditional probability of variable Bij
under the premise of Aj occurrence, and P(Aj | Bij . . . Bnj) is
the posterior probability of Aj under the effects of a set of
variables (B1 . . . Bnj). &e above processes can also be
achieved by efficient algorithms, such as the gradient descent
(GD) algorithm in Netica software.

Compared to other theoretical models, the Bayesian
network is suitable for traffic safety studies based on the
following advantages: (1) combining data with expert ex-
perience and prior knowledge, (2) avoiding overfitting, (3)
dealing with missing data, and (4) denoting causality by
means of providing an understandable graph [52]. &e
Bayesian network, as an effective tool for developing an
accident prediction model, has been widely used to predict
accident injury [53–56] and frequency [57–59] and has
demonstrated higher accuracy in predicting crash severity
compared to regression models [60]. However, few studies
have involved quantitative analysis of the probability of
roadside accidents using the Bayesian network.

3. Results and Discussion

3.1. Identification of Risk Factor. For crossvalidation, we
divided the accident data obtained from the simulation into
a training dataset (70%) and a test dataset (30%). &e
training data were applied to fit the model and estimate the
model parameters, while the test data were used to deter-
mine the model for its ability to generalize and confirm the
model’s applicability to independent variables. In the
present study, we used exhaustive CHAID because it is
superior in checking all possible splits [61]. To limit the
growth of decision trees, we set the classification level to
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four. Additionally, to minimize the intrinsic imbalanced
nature of the data, a misclassification cost ratio of 100 :1 was
selected to promote CHAID to identify roadside accidents
accurately more often.

CHAID provides the percentage of records with a
particular value to the outcome variable, and the given value
represents the confidence (accuracy) of the generated rules
for the input variables. &e overall classification accuracy of
both the training set and testing set was 94% using the
CHAID decision tree. Moreover, the p value in each node of
both the training set and testing set was 0.001< 0.05 (sig-
nificance level), which indicates quite accurate classification
with no overfitting.

CHAID analysis took 3,783 samples from the overall
dataset for testing, and the percentage of roadside accident
data was 22%. All data involving roadside accidents and
nonroadside accident occurrences were divided into 67
subgroups from the parent node to child nodes through
different branches. &e percentage of roadside accidents
varied from 0% to 100%. &e decision tree included hori-
zontal curve radius, hard shoulder width, longitudinal slope,
adhesion coefficient, vehicle speed, and vehicle type in the
final structure, which indicates that these variables are
significant risk factors in determining the occurrence of
roadside accidents. Other predictors not involved in the tree
structure (i.e., superelevation slope and width value of the
curve) only play a slight role in improving roadside safety
performance.

Figure 3 only displays major tree structures that have a
higher accuracy of generated classification rules due to the
limitation of scope. &e split at the first classification level
was according to vehicle speed, which indicates that the
influence of vehicle speed on the roadside accidents is rel-
atively significant, while other risk factors are considered as
nonsignificant risk factors at this classification level. By
analogy, the classification of data at the second to four level
could be obtained. &rough the analysis of 3 783 test data,
the generated decision rules were screened and sorted, as
shown in Table 3.

Each decision rule in Table 3 corresponds to different
combinations of risk factors. By analyzing the influence of
these combinations on the percentage of roadside accidents,
some important conclusions and specific improved measure
were obtained as follows:

(1) According to decision rule 1, when V≤ 40 km/h,
other risk factors had no significant effect on the
roadside accidents, and the percentage of roadside
accidents was 0%. 40 km/h is, therefore, considered
as the relatively safe speed to ensure the no occur-
rence of roadside accidents. Decision rules 2∼12
presented that when V> 40 km/h, there was a sig-
nificant influence of horizontal curve radius on
roadside accidents, and roadside accidents tend to
decrease with an increase in the horizontal curve
radius. Decision rules 12 showed that only when
100 km/h<V≤ 120 km/h and 200m<R≤ 300m, the
longitudinal slope had a certain impact on the oc-
currence of truck roadside accidents, and in case of

longitudinal slope ≥4%, the accidents percentage
increased to 100%. &is finding shows that the fre-
quency of roadside accidents increases with a larger
longitudinal slope.

(2) Decision rules 6 and 9 presented that the percentage
of roadside accidents for trucks was larger than that
for cars under the same road condition, which can be
concluded that trucks have a higher risk of roadside
accidents compared to accidents involving cars be-
cause the higher centre of gravity for trucks cause
them to be more likely to rollover than cars.

(3) It can be seen from decision rules 2 and 5 that, in case
of 40 km/h<V≤ 60 km/h and R≤ 200m, as well as
when 60 km/h<V≤ 80 km/h and R≤ 300m, adhe-
sion coefficient showed a significant impact on
roadside accidents, and the percentage of roadside
accidents gradually decreased as adhesion coefficient
increased. &erefore, antislip measures should be
strengthened for the highway with the above oper-
ating speed and horizontal curve radius. &e
abovementioned conclusion can be used as a sup-
plement to the revision of the DSHA.

(4) According to decision rule 7, when 60 km/
h<V≤ 80 km/h and 300m<R≤ 400m, hard
shoulder width played a certain role in reducing
roadside accidents, but the improvement is not
obvious. According to decision rules 8 and 9, in case
of 80 km/h<V≤ 100 km/h and 300m<R≤ 600m,
hard shoulder width had a significant impact on
roadside accidents, and setting hard shoulder width
≥1.5m could obviously reduce the percentage of
roadside accidents. &erefore, for the highway with
the above operating speed and horizontal curve
radius, the width of hard shoulder should be set as
≥1.5m.

(5) Decision rule 9 showed that, in case of 80 km/
h<V≤ 100 km/h and 400m<R≤ 600m, if the width
of hard shoulder≤ 0.75m, the percentage of truck
roadside accidents was 34.2% and that of car
roadside accidents was 0%; if the hard shoulder
width ≥1.5m, the percentage of roadside accidents
was only 0.4% for both trucks and cars. &is finding
adequately illustrates that the hard shoulder width
has more significant impact on the frequency of
roadside accidents involving trucks than cars.

(6) It can be seen from decision rules 10 and 11 that when
100 km/h<V≤ 120 km/h and 300m<R≤ 600m, a
setting of hard shoulder width ≥2.25m can effectively
avoid the occurrence of truck roadside accidents.
&erefore, for freeway with the above operating speed
and horizontal curve radius, the width of hard
shoulder should be set as ≥2.25m to ensure driving
safety of trucks.

Using decision tree analysis, we discussed the rela-
tionship between different combinations of risk predictors
and the occurrence of roadside accidents and identified the
significant risk factors resulting in roadside accidents.
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Vehicle speed
≤ 40km/h > 40km/h, ≤ 60km/h

Horizontal curve radius

≤ 200m > 200m

Adhesion coefficient
≤ 0.2 ≥ 0.6, ≤ 0.8

Hard shoulder width
≤ 0.75m ≥ 1.5m> 0.2, ≤ 0.8

Vehicle type
Truck Car

> 60km/h, ≤ 80km/h

≤ 300m > 300m, ≤ 400m > 400m

≤ 0.2

Horizontal curve radius

Adhesion coefficient

Node 0
Category % n
No 78.0 2949
Yes 22.0 834
Total 100.0 3783

Node 3
Category % n
No 86.3 622
Yes 13.7 99
Total 19.1 721

Node 2
Category % n
No 97.5 740
Yes 2.5 19
Total 20.1 759

Node 1
Category % n
No 100.0 803
Yes 0.0 0
Total 21.2 803

Node 6
Category % n
No 88.1 140
Yes 11.9 19
Total 4.2 159

Node 7
Category % n
No 100.0 600
Yes 0.0 0
Total 15.9 600

Node 8
Category % n
No 39.5 60
Yes 60.5 92
Total 4.0 152

Node 9
Category % n
No 94.9 129
Yes 5.1 7
Total 3.6 136

Node 10
Category % n
No 100.0 433
Yes 0.0 0
Total 11.4 433

Node 47
Category % n
No 100.0 83
Yes 0.0 0
Total 2.2 83

Node 46
Category % n
No 95.8 23
Yes 4.2 1
Total 0.6 24

Node 24
Category % n
No 69.7 53
Yes 30.3 23
Total 2.0 76

Node 44
Category % n
No 40.6 13
Yes 59.4 19
Total 0.8 32

Node 45
Category % n
No 90.9 40
Yes 9.1 4
Total 1.2 44

Node 21
Category % n
No 99.2 124
Yes 0.8 1
Total 3.3 125

Node 22
Category % n
No 0.0 0
Yes 100.0 42
Total 1.1 42

Node 20
Category % n
No 47.1 16
Yes 52.9 18
Total 0.9 34

(a)

≤ 0.75m ≥ 1.5m≤ 0.6

≤ 300m

≥ 1.5m

Truck Car

> 80km/h, ≤ 100km/h

> 300m, ≤ 400m

> 0.6, ≤ 0.8

> 400m, ≤ 600m

≤ 0.75m

Vehicle speed

Horizontal curve radius

Adhesion coefficient Hard shoulder width Hard shoulder width

Vehicle type

Node 0
Category % n
No 78.0 2949
Yes 22.0 834
Total 100.0 3783

Node 4
Category % n
No 63.8 490
Yes 36.2 278
Total 20.3 768

Node 13
Category % n
No 74.5 123
Yes 25.5 42
Total 4.4 165

Node 11
Category % n
No 5.0 8
Yes 95.0 152
Total 4.2 160

Node 28
Category % n
No 0.0 0
Yes 100.0 37
Total 1.0 37

Node 29
Category % n
No 19.5 8
Yes 80.5 33
Total 1.1 41

Node 50
Category % n
No 33.3 18
Yes 66.7 36
Total 1.4 54

Node 51
Category % n
No 89.3 25
Yes 10.7 3
Total 0.7 28

Node 34
Category % n
No 82.9 63
Yes 17.1 13
Total 2.0 76

Node 35
Category % n
No 99.6 224
Yes 0.4 1
Total 5.9 225

Node 54
Category % n
No 65.8 25
Yes 34.2 13
Total 1.0 38

Node 55
Category % n
No 100.0 38
Yes 0.0 0
Total 1.0 38

Node 14
Category % n
No 95.3 287
Yes 4.7 14
Total 8.0 301

(b)

Figure 3: Continued.
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However, the magnitude of the importance of these factors
has not been investigated. To obtain a deeper insight into the
interactions of factors and their impacts on roadside

accidents, a path analysis based on a logistic regression
model was built.

3.2. Importance of Risk Factors. We input the risk factors
(horizontal curve radius, hard shoulder width, longitudinal
slope, adhesion coefficient, vehicle speed, and vehicle type)
into the path analysis model and found that these factors
were also statistically significant because they were all
retained by the model. &e coefficient of determination
R2 � 0.868, illustrating the model fit, is good. Table 4 shows
the outcomes of the model and represents the direct effects
of different variables on roadside accident occurrence.
According to the magnitude of direct effects, the most
important risk factors were in decreasing order of impor-
tance, vehicle speed (3.321), horizontal curve radius
(−2.572), vehicle type (−1.005), adhesion coefficient
(−0.827), hard shoulder width (−0.812), and longitudinal
slope (0.314). As expected, vehicle speed and longitudinal
slope were found to be positively correlated with the oc-
currence of roadside accidents. In contrast, horizontal curve
radius, vehicle type, adhesion coefficient, and hard shoulder
width were inversely related to roadside accidents.

It is important to note that unlike real accident data,
there seemed to be no interaction between factors in the
present study because the values of all these factors were set
artificially in the simulation. However, to investigate the
indirect effects caused by the interaction of variables on the
occurrence of roadside accidents, we assumed that the
correlation coefficient between variables could be regarded
as their interaction.

A structural diagram of path analysis is shown as Fig-
ure 4.&is figure represents that all risk factors are correlated

Truck Car

≤ 1.5m ≥ 2.25m ≤ 1.5m ≥ 2.25m ≤ 1.5m ≥ 2.25m

≤ 200m > 200m, ≤ 300m > 300m, ≤ 400m > 400m, ≤ 600m

> 100km/h, ≤ 120km/h
Vehicle speed

Horizontal curve radius

Vehicle type Vehicle type
Truck Car

Hard shoulder width Hard shoulder width Hard shoulder width

Vehicle type
Car Truck

< 4% ≥ 4%
Longitudinal slope

Node 5
Category % n
No 40.2 294
Yes 59.8 438
Total 19.3 732

Node 38
Category % n
No 9.9 7
Yes 90.1 64
Total 1.9 71

Node 58
Category % n
No 19.4 7
Yes 80.6 29
Total 1.0 36

Node 59
Category % n
No 0.0 0
Yes 100.0 35
Total 0.9 35

Node 62
Category % n
No 23.3 10
Yes 76.7 33
Total 1.1 43

Node 63
Category % n
No 67.5 27
Yes 32.5 13
Total 1.1 40

Node 64
Category % n
No 78.1 25
Yes 21.9 7
Total 0.8 32

Node 65
Category % n
No 97.1 34
Yes 2.9 1
Total 0.9 35

Node 66
Category % n
No 32.4 12
Yes 67.6 25
Total 1.0 37

Node 67
Category % n
No 100.0 44
Yes 0.0 0
Total 1.2 44

Node 39
Category % n
No 68.1 49
Yes 31.9 23
Total 1.9 72

Node 40
Category % n
No 44.6 37
Yes 55.4 46
Total 2.2 83

Node 41
Category % n
No 88.1 59
Yes 11.9 8
Total 1.8 67

Node 43
Category % n
No 96.9 63
Yes 3.1 2
Total 1.7 65

Node 42
Category % n
No 69.1 56
Yes 30.9 25
Total 2.1 81

Node 17
Category % n
No 39.2 56
Yes 60.8 87
Total 3.8 143

Node 16
Category % n
No 15.8 23
Yes 84.2 123
Total 3.9 146

Node 18
Category % n
No 64.0 96
Yes 36.0 54
Total 4.0 150

Node 19
Category % n
No 81.5 119
Yes 18.5 27
Total 3.9 146

Node 0
Category % n
No 78.0 2949
Yes 22.0 834
Total 100.0 3783

(c)

Figure 3: Decision tree for the identification of risk factors. (a) Tree 1. (b) Tree 2. (c) Tree 3. Note. “No” represents “no roadside accident
occurrence” and “Yes” represents “roadside accident occurrence”.

Table 3: Decision rules.

No.
Classification level Percentage

(%)1 2 3 4
1 ≤40 — — — 0

2 40<V≤ 60 R≤ 200 μ≤ 0.2 — 52.9
0.2< μ≤ 0.8 0.8

3 200<R — — 0

4
R≤ 300 — — 60.5

300<R≤ 400 — — 5.1
400<R — — 0

5 60<V≤ 80 R≤ 300 μ≤ 0.2 — 100
0.6≤ μ≤ 0.8 — 30.3

6 0.6≤ μ≤ 0.8 Truck 59.4
Car 9.1

7 300<R≤ 400 w≤ 0.75 — 4.2
w≥ 1.5 0

8 80<V≤ 100 300<R≤ 400 w≤ 0.75 — 66.7
w≥ 1.5 10.7

9 400<R≤ 600 w≤ 0.75 Truck 34.2
Car 0

w≥ 1.5 — 0.4

10 100<V≤ 120 300<R≤ 400 Truck w≤ 1.5 76.7
w≥ 2.25 32.5

11 400<R≤ 600 Truck w≤ 1.5 67.6
w≥ 2.25 0

12 200<R≤ 300 Truck α< 4 80.6
α≥ 4 100

Note:V represents the vehicle speed (km/h),R is the horizontal curve radius (m),
μ represents the adhesion coefficient, w denotes the hard shoulder width (m), α
represents the longitudinal slope (%), and— indicates that the risk factors at the
corresponding decision rules have no significant impact on roadside accidents.
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and indicates that apart from direct effects, all risk factors
had indirect effects on roadside accidents through other
factors based on these correlations in the model. Among
these interactions, the combination of vehicle speed-hori-
zontal curve radius had the largest impact of interaction
(−0.891) on roadside accident occurrence, and the negative
interaction indicated that there was a mutually restricted
relationship between these two factors.&ere were also other
large interactions involved in Figure 4, including vehicle
speed-vehicle type (−0.684), horizontal curve radius-vehicle
type (0.679), vehicle speed-adhesion coefficient (−0.614),
horizontal curve radius-adhesion coefficient (−0.606), and
vehicle speed-hard shoulder width (−0.596).

Table 5 mainly shows the indirect effect of each risk
factor through another mediating factor and the overall
effect on roadside accident occurrence. It can be observed

that vehicle speed transmitted its largest indirect effect
(2.292) on roadside accidents through the horizontal curve
radius than other factors, while horizontal curve radius had
the largest indirect effect (−2.960) on accidents by vehicle
speed. In addition, it was interesting to note that all other
factors also had their largest and second indirect effects on
roadside accidents by means of vehicle speed and horizontal
curve radius. &ese results emphasize that vehicle speed and
horizontal curve radius are still the most significant risk
factors causing roadside accidents.

According to the overall effect of each risk factor on
roadside accidents shown in Table 5, the most important risk
factors were in decreasing order of importance, vehicle speed
(7.749), horizontal curve radius (−7.644), vehicle type
(−6.086), adhesion coefficient (−5.496), hard shoulder width
(−5.373), and longitudinal slope (2.607). It is significant to

Table 4: Modelling results.

Variable Parameter estimate S.E.a S.D.b P value Standard parameter estimate
Horizontal curve radius −0.033 0.001 141.388 <0.05∗∗ −2.572
Hard shoulder width −2.527 0.108 0.583 <0.05∗∗ −0.812
Longitudinal slope 0.430 0.027 1.325 <0.05∗∗ 0.314
Adhesion coefficient −6.699 0.279 0.224 <0.05∗∗ −0.827
Vehicle speed 0.213 0.006 28.282 <0.05∗∗ 3.321
Vehicle type −3.645 0.136 0.5 <0.05∗∗ −1.005
Note. ais standard error. bis standard deviation. ∗∗indicates 95% confidence level is used (i.e., P value <0.05 is statistically significant).

Vehicle
speed

Horizontal
curve radius

Adhesion
coefficient

Hard 
shoulder

width

Longitudinal
slope

Vehicle type

Roadside
accidents

3.321

0.314

0.592

–0.586–0.684
–0.891

–0.614

–0.596
–0.606

0.587

0.679 –2.572

–0.392

–0.827

0.398 0.454

–0.385

0.443
–0.812

–1.00

–0.438

Figure 4: Structure diagram of path analysis.
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note that the order of importance of these risk factors was
not changed by the overall effects compared to the direct
effects. &is finding indicates that the indirect effects of
different factors are not expected to play an important role in
the occurrence of roadside accidents.

3.3. Probability of Roadside Accidents. Given that Bayesian
network performs best with a small set of variables [62] and
the least impact was longitudinal slope on roadside accidents
compared to other important factors, we input the first five
important factors (i.e., vehicle speed, horizontal curve ra-
dius, vehicle type, adhesion coefficient, and hard shoulder
width) into a Bayesian network analysis to establish the
probability prediction model for roadside accidents.

In the present study, the Bayesian network structure was
developed based on the results of path analysis, and the
Bayesian network parameter learning of roadside accidents
was performed using the GD algorithm in Netica software,
in which the prior and conditional probability distribution
of each node could be obtained. In addition, according to the
sensitivity analysis (see Table 6), the order of nodes (vari-
ables) based on the magnitude of mutual information
(impact on roadside accidents) was consistent with the order
obtained from path analysis, indicating that an accurate
Bayesian network model used to predict the probability of
roadside accidents was built (see Figure 5).

&e probability of roadside accidents (i.e., posterior
probability) under different combinations of variables can be
obtained in this prediction model. For instance, assuming that
a road section was a dry asphalt pavement with a speed limit of
80 km/h, a horizontal curve radius of 235m, and a hard
shoulder width of 0.75m, then the probability of roadside
accidents for truck passing through above road section need be
predicted. First, the state of 60 km/h<V≤ 80 km/h,
200m<R≤ 300m, 0.6≤ μ≤ 0.8, w≤ 0.75m, and vehicle type
of 0 were as 100%, and after automatically updating the
probabilities of the whole network, the calculated probability
of roadside accidents for truck driving at a speed of 60 km/
h<V≤ 80 km/h was 38.7% (see Figure 6).

Furthermore, the developed prediction model can also
predict probabilities under the effects of any number (from 1
to 5) of factors (i.e., in the absence of some factors). For
example, given that the speed limit of a road section was
80 km/h and the width of hard shoulder was 0.75m, but lack

of other indicators, and it could also be calculated that the
probability of roadside accidents for car with a speed of
60 km/h<V≤ 80 km/h was 18.2% (see Figure 7(a)).

For another example, assume a road section was a dry
asphalt pavement and horizontal curve radius and hard
shoulder width were unknown. If the speed limit of this
section was 80 km/h, the probabilities of roadside accident
were 3.52% for car and 14.9% for truck (see Figures 7(b) and
7(c)), whereas the same probabilities were 14.3% for car and
44.5% for truck if the speed limit was 100 km/h (see
Figures 7(d) and 7(e)), which further indicates that trucks
have a higher risk of rollover than cars, especially when the
vehicle speed was great than 80 km/h. Of course, the more
factors involved, the more precise the obtained probability.

It is important to note that when various variables were
in extreme states tending to avoid roadside accidents, even if
vehicle speed was set as 120 km/h, whether for car or truck,
and the probability of roadside accidents was, not as ex-
pected, only 1.31% (see Figure 7(f)), which adequately il-
lustrates the importance of reasonable road design in
situations where the driver’s behaviour cannot be controlled.
&erefore, in the purpose of further improving roadside
safety and identifying the road conditions in which roadside
accidents occur frequently, a variety of thresholds of hori-
zontal curve radius, adhesion coefficient, and hard shoulder
width corresponding to different vehicle speeds and vehicle
types are given based on the Bayesian network prediction
model, as shown in Table 7.

3.4. Identification of Roadside Accident Blackspot. We con-
sidered that there was a high frequency of roadside accidents
(i.e., accident blackspot) when the probability of roadside

Table 5: &e magnitude of the impact of factors on roadside accidents.

Variable Direct
effect

Indirect effect
Vehicle
speed

Horizontal curve
radius

Adhesion
coefficient

Hard shoulder
width

Longitudinal
slope

Vehicle
type

Overall
effect

Vehicle speed 3.321 — 2.292 0.508 0.484 0.461 0.684 7.749
Horizontal curve
radius −2.572 −2.960 — −0.501 −0.477 −0.456 −0.679 −7.644

Adhesion
coefficient −0.827 −2.040 −1.559 — −0.323 −0.305 −0.443 −5.496

Hard shoulder
width −0.812 −1.979 −1.510 −0.329 — −0.300 −0.443 −5.373

Longitudinal slope 0.314 1.066 1.007 0.124 0.013 — 0.083 2.607
Vehicle type −1.005 −2.272 −1.746 −0.366 −0.360 −0.341 — −6.086

Table 6: Sensitivity analysis result of the node “roadside accident.”

Node Mutual
info Percent Variance in

beliefs
Roadside accident 0.84054 100 0.1968046
Vehicle speed 0.13101 15.6 0.0358728
Horizontal curve
radius 0.07927 9.43 0.0220364

Vehicle type 0.01063 1.27 0.0028862
Adhesion coefficient 0.00959 1.14 0.0026972
Hard shoulder width 0.00731 0.87 0.0020842
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accidents occurrence was greater than that of no roadside
accidents occurrence (i.e., the probability of roadside acci-
dents was greater than 50%). According to the results from
Table 7, a range of vehicle speeds corresponds to 1 to 4
identification rules for roadside accident blackspots. When
the value of each risk factor from a certain road section
meets any of these 18 identification rules, this road section is
then judged to be the road section with frequent occurrences
of roadside accidents.

In this paper, a section (K2639 + 498.02 to K2679 + 170)
from G105 was selected to confirm the effectiveness of the
proposed method of identification. &e G105 is a first-class
road with a design speed of 80 km/h. By collecting road
design documents and data of annual operating speed, the
location of K2669 + 256.378 is determined to be the road
section with frequent accidents according to the risk factor
threshold, as shown in Table 7. &e horizontal curve radius
of this location is 280m, the width of the hard shoulder is

Roadside accident
0
1

73.2
26.8
0.268 ?0.44

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

26.4
27.8
26.8
19.0

0.377 ?0.22

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

23.3
26.8
25.3
24.7

1.51 ?0.85

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

17.1
18.2
20.6
23.8
20.3

70.7 ?31

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600

21.0
25.5
16.3
17.6
19.6

329 ?160

Vehicle type
0
1

56.0
44.0
0.44 ?0.5

Figure 5: Bayesian network prediction model of roadside accidents. Note: 0 represents “truck” and 1 represents “car” in vehicle type; 0
denotes “no roadside accident occurrence” and 1 denotes “roadside accidents occurrence” in roadside accidents.

Roadside accident
0
1

61.3
38.7
0.387 ?0.49

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

0
0
0

100
0.7 ?0.058

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

100
0
0
0

0.375 ?0.22

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

0
0

100
0
0

70 ?5.8

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600

0
100

0
0
0

250 ?29

Vehicle type
0
1

100
0
0

Figure 6: Probability calculation of roadside accidents.
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Roadside accident
0
1

81.8
18.2

0.182 ?0.39

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

26.4
27.8
26.8
19.0

0.377 ?0.22

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

100
0
0
0

0.375 ?0.22

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

0
0

100
0
0

70 ?5.8

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600
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25.5
16.3
17.6
19.6

329 ?160

Vehicle type
0
1

0
100

1

(a)
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0
1

96.5
3.52

0.0352 ?0.18

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

0
0
0

100
0.7 ?0.058

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

23.3
26.8
25.3
24.7

1.51 ?0.85

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

0
0

100
0
0

70 ?5.8

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600

21.0
25.5
16.3
17.6
19.6

329 ?160

Vehicle type
0
1

0
100

1

(b)

Figure 7: Continued.
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Roadside accident
0
1

85.1
14.9

0.149 ?0.36

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

0
0
0

100
0.7 ?0.058

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

23.3
26.8
25.3
24.7

1.51 ?0.85

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

0
0

100
0
0

70 ?5.8

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600

21.0
25.5
16.3
17.6
19.6
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Vehicle type
0
1

100
0
0

(c)

Roadside accident
0
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0.143 ?0.35

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

0
0
0

100
0.7 ?0.058

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

23.3
26.8
25.3
24.7

1.51 ?0.85

Running speed
0 to 40
40 to 60
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80 to 100
100 to 120

0
0
0

100
0

90 ?5.8

Horizontal curve radius
0 to 200
200 to 300
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16.3
17.6
19.6

329 ?160

Vehicle type
0
1

0
100
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(d)

Figure 7: Continued.
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1.5m, the operating speed of cars are mainly distributed in
120 km/h>V≥ 100 km/h (see Figure 8(a)), and that of
trucks are mainly distributed in 100 km/h>V≥ 80 km/h
(Figure 8(b)). &e above indicators, respectively, conform to
the 7 and 17 identification rules. According to the traffic
police department’s accident records, there were more than
80 roadside accidents in the above section from 2014 to 2018,
which has been classified as the roadside accident-prone
road. Based on the above analysis, the reliability of the
proposed identification method for roadside accident
blackspot in this paper is, therefore, verified.

&e importance of such a study lies in the fact that it can
help authorities identify significant risk factors that result in

frequent roadside accidents in small curve segments to
implement effective countermeasures or optimize alignment
design in the process of future road construction and re-
construction. For instance, most of the thresholds for trucks
were larger than those for cars at the same vehicle speed in
Table 7, which suggests that the higher designed standard of
geometric design and pavement condition is required for
truck driving safety. Furthermore, for curve sections with
truck speeds of no less than 60 km/h or car speeds of no less
than 80 km/h, some thresholds of adhesion coefficients had
almost reached the maximum 0.8. &erefore, we can reduce
the risk of roadside accidents by optimizing other factors
according to their respective thresholds.

Roadside accident
0
1

55.5
44.5
0.445 ?0.5

Adhesion coefficient
0 to 0.2
0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

0
0
0
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0.7 ?0.058

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

23.3
26.8
25.3
24.7

1.51 ?0.85

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

0
0
0
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0

90 ?5.8

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600
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25.5
16.3
17.6
19.6
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Vehicle type
0
1

100
0
0

(e)
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0
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0.2 to 0.4
0.4 to 0.6
0.6 to 0.8

0
0
0

100
0.7 ?0.058

Hard shoulder width
0 to 0.75
0.75 to 1.5
1.5 to 2.25
2.25 to 3

0
0
0

100
2.63 ?0.22

Running speed
0 to 40
40 to 60
60 to 80
80 to 100
100 to 120

0
0
0
0

100
110 ?5.8

Horizontal curve radius
0 to 200
200 to 300
300 to 400
400 to 500
500 to 600

0
0
0
0

100
550 ?29

Vehicle type
0
1

56.0
44.0
0.44 ?0.5

(f )

Figure 7: Probability calculation of roadside accidents. (a) Result 1. (b) Result 2. (c) Result 3. (d) Result 4. (e) Result 5. (f ) Result 6.

14 Mathematical Problems in Engineering



4. Conclusions and Recommendations

&e issue of roadside safety is crucial, especially for curve
sections. In the present study, we employed CHAID decision
tree analysis to identify significant risk factors resulting in
the occurrence of roadside accidents, explored the impact of
different combinations of risk factors on roadside accidents,
and then used path analysis to determine the importance of
these significant risk factors by investigating their direct and
indirect effects on roadside accident occurrence. According
to the results of the CHAID technique and path analysis, the
significant predictors were in decreasing order of impor-
tance, vehicle speed, horizontal curve radius, vehicle type,

adhesion coefficient, hard shoulder width, and longitudinal
slope. &e first five important factors were included as
predictors of the probability of roadside accidents in the
Bayesian network analysis to establish the probability pre-
diction model of roadside accidents. Based on the results of
probabilities of roadside accidents, the thresholds of hori-
zontal curve radius, adhesion coefficient, and hard shoulder
width corresponding to different vehicle speeds and vehicle
types for accident blackspot identification in curve section
were given.

&ese findings contribute to improving roadside safety
in curve sections with a small radius. For instance, we
confirmed again that vehicle speed and horizontal curve

Table 7: &reshold of significant factors leading to frequent roadside accidents.

No. Vehicle speed
(km/h) Vehicle type Horizontal curve radius (m) Hard shoulder width (m) Adhesion coefficient Probability (>50%)

1
80≥V> 60 Truck

300<R≤ 400 w≤ 0.75 μ≤ 0.2 ≥55.9
2 200<R≤ 300 w≤ 0.75 μ≤ 0.6 ≥54.3
3 R≤ 200 w≤ 1.50 μ≤ 0.8 ≥54.9
4

100≥V> 80

500<R≤ 600 w≤ 0.75 μ≤ 0.2 ≥54.2
5 400<R≤ 500 w≤ 0.75 μ≤ 0.8 ≥55.0
6 300<R≤ 400 w≤ 1.50 μ≤ 0.8 ≥54.8
7 R≤ 300 w≤ 2.25 μ≤ 0.8 ≥55.3
8

120≥V> 100 500<R≤ 600 1.50<w≤ 2.25 μ≤ 0.2 ≥55.3
9 w≤ 1.50 μ≤ 0.8 ≥54.3
10 R≤ 500 w≤ 2.25 μ≤ 0.8 ≥54.2
11 80≥V> 60 Car R≤ 300 w≤ 0.75 μ≤ 0.2 ≥54.2
12

100≥V> 80
300<R≤ 400 w≤ 1.50 μ≤ 0.2 ≥55.3

13 200<R≤ 300 w≤ 1.50 μ≤ 0.4 ≥55.3
14 R≤ 200 w≤ 2.25 μ≤ 0.8 ≥54.2
15

120≥V> 100

300<R≤ 400 w≤ 2.25 μ≤ 0.4 ≥54.5
16 200<R≤ 300 w≤ 1.50 0.4< μ≤ 0.6 ≥54.6
17 w≤ 2.25 μ≤ 0.8 ≥55.9
18 R≤ 200 w≤ 3.00 μ≤ 0.8 ≥54.3
Note. V represents the vehicle speed, R represents the horizontal curve radius, μ denotes the adhesion coefficient, and w is the hard shoulder width.
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Figure 8: Operating speed distributions. (a) Car. (b) Truck.
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radius are still the most critical factors leading to roadside
accidents, whether in this study or other previous literature
[63–66], and road sections with a high running speed and
small radius are usually regarded as accident blackspot areas.
Furthermore, based on the results of CHAID analysis, some
specific recommended countermeasures as a supplement or
reference for the revision of the DSHA of China were
proposed as follows:

(i) For the highway with an operating speed of 60 km/
h and a horizontal curve radius ≤200m or an
operating speed of 80 km/h and a horizontal curve
radius ≤300m, antislip measures should be
strengthened

(ii) For the highway with an operating speed of
100 km/h and a horizontal curve radius of
300m <R ≤ 600m, the width of hard shoulder
should be set as ≥1.5m

(iii) For the freeway with an operating speed of 120 km/h
and a horizontal curve radius of 300m<R≤ 600m,
the width of hard shoulder should be set as ≥2.25m
to ensure driving safety of trucks

Another important findings is that compared with cars,
the width of the hard shoulder has a more significant in-
fluence on roadside accidents involving trucks, and trucks
are more likely to have roadside accidents, especially in case
of the vehicle speed >80 km/h. To ensure truck driving
safety, the design standards of the horizontal curve radius,
adhesion coefficient, and hard shoulder width should be
further improved by decision makers in future highways
construction. Additionally, limiting the load and running
speed can be the most effective measures to mitigate the risk
resulting from a higher centre of gravity. In recent years, a
real-time monitoring system transmitting warning messages
to truck drivers in cases of overload or overspeed has been
designed by combining embedded technology and GPRS
technology [67]. &is system is expected to perform well in
reducing truck roadside accidents. Another countermeasure
is that regular maintenance of the truck, in case the brake
failed in an emergency, also contributes to a decrease of
accident rate [68].

&e most remarkable result in this paper is that the
developed Bayesian network prediction model can achieve
the quantitative analysis of the probability of roadside ac-
cidents under the effects of any number (from 1 to 5) of
factors. &e resulting threshold of factors leading to accident
blackspot can be a guide for authorities to identify and check
roadside accidents prone areas located in small curve sec-
tions. In fact, if there are obstacles to promoting safe design
standards for the horizontal curve radius, the adhesion
coefficient, and the hard shoulder width due to high con-
struction cost or unrealistic issues, many other effective
countermeasures, such as setting deceleration strips in the
pavement or related warning signs to control running
speeds, widening the road in curve sections to provide a
fault-tolerant space for drivers [69], and removing roadside
hazards to reduce the loss of run-off-road accidents [70],
could also be implemented.

Despite these promising results, some limitations exist in
this paper. For example, this paper mainly predicts the
roadside accident probability for two-way two-lanes or outer
lanes of more than two lanes. &erefore, it remains to be
further studied whether the prediction model is applicable to
other road types (e.g., inner lanes of more than two lanes). In
future studies, given the important impact of vehicle speed
on roadside accidents, the limitation of maximum safe speed
corresponding to different road geometric designs will be an
additional research direction.
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