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A B S T R A C T

Highway operations are marred with inherent risks of injury or death, making risk management critical for
ensuring the adequate safety of the people involved. This paper investigates the interaction between various
highway safety risk factors and effective risk mitigation strategies related to such interaction. The Covariate-
Balanced Determinant Detector (CBDD) technique is used to estimate the quantity of both individual and
combined risks, and their effect on highway operations safety. Through this technique, the most dangerous risk
combinations have been identified and corresponding risk mitigation scenarios have been developed. The results
illustrate that the most dangerous scenarios probably result from the interactive effect of risk factors rather than
individual factors, and the effect of mitigation strategies should be evaluated in response to a risk scenario before
it is implemented.

1. Introduction

Highway traffic accidents have become a major concern for the
highway construction and operation administration. Traffic accidents
are consistently one of the top three causes of death for people aged
5–44 years old (Qu et al., 2014), imposing a huge economic loss to
countries (Zhang et al., 2016).

There is still much room for safety improvement on existing high-
ways, even though design specifications stipulate the desirable range of
road geometry parameters to ensure operation safety (Li et al., 2019).
However, meeting the requirements of the codes does not mean that the
risk of traffic accidents has been removed entirely, especially in pre-
cipitous terrain areas. Severe accidents frequently occur on highway
segments with constrained road geometry, adverse weather conditions,
and poor visual distance (Ahmed et al., 2011), which implies an urgent
need for improvements in highway operations.

To improve highway operations safety, risk analysis and mitigation
evaluation plays a very important role in providing theoretical support.
This paper aims to follow the risk analysis framework to first identify
the leading risk scenarios and then investigate the effect of mitigation
strategies related to such risk scenarios. The application value of this
paper is twofold: firstly, to help engineers designing a similar highway
project to avoid significant risk scenarios in the design and to adopt
proper mitigation measures to improve the operational safety of the
project; secondly, to assist highway operation managers in identifying

accident hot spots and formulating decisions on effective mitigation
strategies.

To solve the above problems, this paper proposes a new Covariate-
Balanced Determinant Detector (CBDD) technique to identify the
leading risk scenarios of the highway design as well as the effective risk
mitigation strategies for risk mitigation. The CBDD technique is a
causal-effect analysis method used to explore the association between
different variables, and one of its greatest strengths is that it has little
model assumption and does not need to specify an explicit formula
between the dependent and independent variables. It can bring great
convenience to the data analysts if the function relations between the
dependent and independent variables is very unsure or hard to de-
termine.

This work advances research on highway safety analysis in two
ways: first, a CBDD technique, which improves Geographical Detector
by balancing the covariates vector to eliminate the bias (detailed in
Section 3.1), is proposed in this paper as a new causal-effect analysis
tool in the toolbox for analysts; second, the proposed method is applied
to a high-risk highway section of China in precipitous terrain and ad-
verse weather environment to help engineers identify the most risky
scenario and the corresponding effective engineering countermeasures.

2. Risk analysis and techniques

Risk is generally defined as the probability of an accident adversely
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or unfavorably affecting project objectives due to uncertainty (Al‐Bahar
and Crandall, 1990). The effective systematic framework to manage
risk usually follows three processes (Al‐Bahar and Crandall, 1990; Degn
Eskesen et al., 2004): risk identification, risk assessment and evalua-
tion, and risk mitigation and control. Therefore, exploring the causal
relationship between the accidents and the risk factors, and estimating
the effect of risk mitigation strategies on road safety, are the core of risk
management in highway safety.

There are many methods available to conduct risk analysis but the
most commonly used methods can be summarized into the following
four techniques: Fault Tree Analysis (FTA) (Chi et al., 2014), Bayesian
Networks (BNs) (Wu et al., 2015), the Regression Model (Chen et al.,
2017), and the Geographical Detector Model (Wang et al., 2010).

Both FTA and BN are the ‘decomposition tools’ for accidents, since
they usually construct a tree-like network (Friedman et al., 1997) for an
accident event. In these techniques, the root node (or top event in FTA)
is the accident itself; leaf nodes (or basic events in FTA) describe the
root causes for the accident and the intermediate nodes are used to
describe how the root causes lead to an accident. FTA and BN are
widely used for risk analysis of engineering accidents, especially in
accident chain analysis. However, the chain reaction of basic events
(i.e., the network structure) needs to be specified manually, which
greatly depends on the accuracy of expert judgment. The causal re-
lationship deduction may be misleading due to model misspecification.

The Regression Model (Shankar et al., 1995) primarily consists of
three main steps: the process starts with including all potential ex-
planatory variables into the regression model, then examining the
variables’ impact on the crash rate with a marginal effects analysis or
statistical significance test (Chen et al., 2019) and, finally, estimating
the average treatment effect using a before-after analysis
(Buddhavarapu et al., 2015). However, the regression method some-
times cost the analysts a lot of energy and time in determining the
proper formula relations between the explanatory and response vari-
ables. It may be a heavy task to find a correct model to satisfy the model
assumption for the researchers (Wang et al., 2016a). On the other hand,
when applying the regression model, all possible risk factors are as-
sumed to be independent, which may not exist in some empirical cases.
This hypothesis may lead to a selection of only a few independent
variables according to the expert knowledge or a supplementary
method to reduce the number of variables, such as Principal Component
Analysis (Luo, 2017).

The Geographical Detector Model (GDM) is a powerful method
proposed by Wang et al. (2010) and it has been widely used to identify
the key drivers of various kinds of geographical phenomenon in the
fields of energy, sociology, medical science and ecology. The main
advantages of GDM lie in the fewer model assumptions it makes than
when compared with other methods and its capacity to reveal the
possible interactive relationship between different potential factors
(Wang and Xu, 2017).

However, there are still limitations to the original GDM method.
The most important criticism of GDM is that it neglects the covariate
information when calculating the contributing impacts of driving fac-
tors. The method does not consider the value of covariates between
different units, which can cause bias when estimating the variables’
causal impacts. Covariate balance (Brooks and Ohsfeldt, 2013; Hansen
and Bowers, 2008) is an important concern when estimating the
treatment effect of a policy or risk mitigation strategies; otherwise, the
computing results may be biased and unreliable if there are un-
measured confounders (Imai and Ratkovic, 2014) (The covariate bal-
ance problem will be detailed in Section 3.1).

Based on this, we proposed a new Covariate-Balanced Determinant
Detector (CBDD) technique to identify the leading risk factors and ef-
fective risk mitigation strategies for highway safety based on the acci-
dent data. The CBDD has improved GDM by constructing a weight for
the Sum of Squares (SS), such that the observed covariates are balanced
between different SS’. Moreover, a risk analysis framework is also

presented based on CBDD, which follows the risk management process:
risk identification, evaluation and mitigation.

3. Methodology

This paper investigates the most dangerous risk scenarios for
highway safety improvement by quantifying the individual and inter-
active effects of risk factors, and then identifies the effective strategies
in response to the above risk scenarios.

Given an input data set for risk analysis with N records
=X X Y{ , , }n

r
n
m

n n
N

1, the CBDD technique is proposed to detect the sig-
nificant dominants among pr risk factors = …X x x x( , , , )r r r

p
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1 2 r
and ef-

fective strategies among pm mitigation measures
= …X x x x( , , , )m m m

p
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1 2 r
that may influence the accident rate y. The

CBDD technique is mainly composed of three components: an in-
dividual effect detector, an interactive effect detector, and a mitigation
effect estimator.

In the individual effect detector, the impacts of all the potential
factors on the dependent variable are computed respectively, and the
leading factors are identified according to the relative magnitude of
their impacts. The factors detected with a high impact value are re-
cognized as leading factors, while those with a low impact value are
not.

In the interactive effect detector, the interaction effects of different
combinations of risk factors are quantified. Some factors may show
strongly enhanced impacts through interaction with each other, which
was usually neglected in the previous research.

In the mitigation effect estimator, various kinds of risk scenarios are
recognized and the effects of the mitigation strategies are measured,
which will help support decisions made by the operations managers.

The overall framework of the risk analysis based on the CBDD
technique, is shown in Fig. 1. First, the potential risk factors are iden-
tified according to expert knowledge. Second, the individual effect
detector and interactive effect detector are employed to estimate the
risk factor and risk scenario effects. The risk factors (or risk combina-
tions) detected with the highest impact on the accident occurrence are
identified as leading risk scenarios. Third, the effect of the risk miti-
gation strategies are estimated. The risk mitigation strategies that sig-
nificantly reduce the accident rate in a risk scenario are regarded as the
effective mitigation strategies.

3.1. Individual effect detector

Here, we suppose all risk factors = …X x x x( , , , )r r r
p
r

1 2 r
are catego-

rical variables instead of continuous variables (some discretization
methods (Cao et al., 2013) could be applied to transfer the explanatory
factors into categorical variables if they are continuous variables by
nature), and the dependent variable y is a continuous variable. Based
on this assumption, we can further calculate three important indicators
for a factor: xu

r , i.e., SSW x( )u
r , SSB x( )u

r and SST x( )u
r . The individual

effect of xu
r is computed according to these three indicators.

xu
r is discretized into = …h 1,2, ,L levels, and hth level is composed

of Nh records. We divide the dependent variables (accident rate) y into
L zones according to discrete values of xu

r , = …y y y y{ , , , }h h hL1 2 . We
define the sum of squares within the same level as SSW x( )u

r ,
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and the total sum of squares SST x( )u
r ,
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where yh i, and yi denote the value of record i in the level h and in the

population, respectively; = ∑y N y(1/ )h h
N

h i
¯

1 ,
h and = ∑y N y(1/ ) N
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the level mean and population mean, respectively.

In previous research (Wang et al., 2016b), it has been shown that
there is a relation between these indicators,

= +SST x SSW x SSB x( ) ( ) ( )u
r

u
r

u
r . Furthermore, the individual effect of xu

r

can be computed by the Geographical Detector method (Hu et al., 2011;
Huang et al., 2014; Wang et al., 2010) according to the following
equation:

= −q x SSW x SST x( ) 1 ( )/ ( )u
r

u
r

u
r (4)

where ∈q x( ) [0,1]u
r is the estimated impact of xu

r , which is an effective
indicator showing the explanatory power of the influencing factor. If
the value of q x( )u

r equals 1, it means that xu
r totally explains the var-

iation of the accident rate. If the value equals 0, it means that there is no
relationship between xu

r and the accident rate.
To better understand the q -statistics, we introduce the definition of

variogram(Barnes, 1991) into Eqs. (1) and (3):
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Therefore, SSW x( )u
r refers to the variation of accident rates within

the same level of xu
r , and SST x( )u

r refers to the variation of the accident
rate in a population.

Inspired by Cang’s idea (Cang and Luo, 2018), the weighted means
of Eqs. (5) and (6) can be calculated in Eqs. (7) and (8)
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where wi j, is the weight of the squared difference between yi and yj, and
whi hj, refers to the special wi j, if records i and j belong to the same level h.
It’s noted that the weighted means in Eqs. (7) and (8) are equal to the
variance in Eqs. (5) and (6) respectively, if = ∀ ∈w N1, i, ji j, .

One of the major limitations of the Geographical Detector method is
that it neglects the covariate balance problem when estimating the
individual effect of an influencing factor.

For example, when estimating the impact of x r
1 in Table 1, it is

difficult to determine whether the difference in −y y( )1 2
2 is caused by

x r
1 , since x r

1 and x r
2 vary at the same time between records 1 and 2. In

contrast, the difference in −y y( )1 3
2 is more probably caused by x r

1 ,
since the covariate, x r

2 , is the same between records 1 and 3. There
should be a higher weighting for −y y( )1 3

2 than −y y( )1 2
2, since the

former better explains that the change of accident rate is caused by
target factors instead of the covariates.

Assuming that the covariate vectors for xu i
r
, are represented as

= ∀ ≠x x v u¨ { },u i v i
r

, , . We define wi j, as a similarity measure for the
covariates vectors between items i and j, i.e., xü i, and xü j, . wi j, can be
computed by the Pareto distributions (Newman, 2005) in Eq. (9), which
means that the explanatory power is concentrated on a small number of
record comparisons in which the covariates are well balanced;

=
+ +w k

d( 1)i j
i j

k,
,

1 (9)

where k is a pre-defined parameter showing the model sensitivity to
covariate balancing, and di j, is a Mahalanobis distance between the
covariates vectors of item i and j.

= − −x x x xd W( ¨ ¨ ) ( ¨ ¨ )u i u j u i u jij
T

, , , ,

Fig. 1. Framework of the risk analysis based on the CBDD technique.

Table 1
An illustrative example of the covariate balance problem.

Record ID
i

Dependent variable
yi

Risk factors

Target factor x i
r
1, Covariate x i

r
2,

1 0 0 0
2 1 1 1
3 1 1 0
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W is the covariance matrix, sv is the standard deviation of xv
r ,
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wi j, is a strictly monotonically decreasing positive function of dij. In

extreme cases, =w ki j, if =dij 0, and =w 0i j, if → +∞dij .
Given the weighted means of SSW and SST , a new covariate bal-

ancing estimator q ,c to predict the effect of an influencing risk factor x ,u
r

can be calculated as follows:

= −q x WSSW x WSST x( ) 1 ( )/ ( )c u
r

u
r

u
r (11)

where q x( )c u
r identifies the degree of how much a potential risk factor

xu
r accounts for the changes in a highway accident rate, the value range

of qc is [0,1], and its value indicates that xu
r explains the × q(100 )%c

change of accident rate. In extreme cases, =q x( ) 0c u
r means that there is

no relationship between xu
r and the accident rate, and =q x( ) 1c u

r means
that xu

r completely explains the change in accident rate. The complete
calculation process of the individual effect detector is presented in
Fig. 2.

3.2. Interactive effect detector

An interactive effect detector identifies the interaction of different
explanatory factors on the road accident rate by comparing the sum
contribution of two individual factors with the contribution of these
two factors when taken together. Different types of interactions are
shown in Table 2 according to the comparison results. The symbol ‘∩’
denotes the interaction between these two factors. The calculation of

the interactive effect follows the same procedure of individual effect,
the only difference is that ∩x x( )u

r
v
r is discretized into more levels.

Suppose there are Lu and Lv levels for xu
r and xv

r respectively, the in-
teraction of ∩x x( )u

r
v
r can be discretized into ×L Lu v levels. A measure

of the interactive effect for xu
r and xv

r is defined by:

∩ = ∩ − +x x q x x q x q xI ( ) ( ) [ ( ) ( )]q u
r

v
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v
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c u
r
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if =I 0q , xu
r and xv

r are independent from each other. Otherwise, it
indicates an interactive effect on the factors combination. The greater
the deviation of ∩x xI ( )q u

r
v
r from 0, the more significant the interactive

effect.

3.3. Mitigation effect estimator

The mitigation effect of risk mitigation strategies on a road accident
can be estimated by the following framework using the CBDD tech-
nique, as shown in Fig. 3. First, all the explanatory factors are divided
into two categories, i.e., Risk Factors and Risk Mitigation Strategies.
The former refers to the operational environment that is unavoidable or
difficult to change, e.g., weather or tunnel environment. The latter re-
fers to the risk mitigation strategies that are easily employed in prac-
tice, such as the improvement of pavement materials and road barriers.
Then, steps proceed to identify Leading Risk Factors (LRF), Leading
Risk Combinations (LRC), Risky but Overlooked Combinations (ROC)
and Effective Mitigation Strategies (EMS), respectively. The main ob-
jective of these steps is to identify which level of the explanatory
variables has the highest (or lowest) mean accident rate compared to
others and if it is statistically significant.

Fig. 2. The calculating process of the individual effect detector.

Table 2
Interaction types of two risk factors (Jiang et al., 2018; Zhao et al., 2017).

Graphical representation State Interaction type

∩ <q x x q x q x( ) min( ( ), ( ))c u
r

v
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r Weaken, nonlinear
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r

v
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r
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r Weaken, univariate, nonlinear

∩ >q x x q x q x( ) max( ( ), ( ))c u
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r
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r Weaken, linear, bivariate

∩ = +q x x q x q x( ) ( ) ( )c u
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v
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r

c v
r Independent

∩ > +q x x q x q x( ) ( ) ( )c u
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r Enhance
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Fig. 3. Technical flow for the mitigation effect estimator.
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Step 1: The factors with the highest qc values can be recognized as
the Leading Risk Factors (LRF). Given a risk factor xr as LRF, a risk
scenario S, with respect to LRF, can be defined as the leading impact
type of xr on an accident rate. Suppose xr is discretized into

= …h 1, 2, ,L levels, and the hth level is composed of Nh records, the
estimated accident rate Rh for the hth level (Luo, 2017) can be computed
by:

=
∑ =R

y
Nh

i
N

hi

h

1
h

(13)

given the Rh of all the discretization levels, the leading impact type is
defined as the level of xr with maximized Rh.

=S Rargmax( )
h

h
(14)

Step 2: To identify the Leading Risk Combinations (LRC), the in-
dividual effect and interactive effect detectors are employed to compute
the qc values for all the individual and combinations of RF, and those
with the highest qc values can be recognized as the LRC. The risk sce-
nario S with respect to LRC is computed by Eqs. (13) and (14).

Step 3: In particular, the risk factor combinations with the highest Iq
values are identified as the Risky but Overlooked Combinations (ROC),
since the interactive effects are often hard to observe in practice. The
identification of ROC is important for risk management because its
potential interaction effect could lead to unexpected accidents. The risk
scenario S with respect to ROC is computed by Eqs. (13) and (14).

Step 4: Given a risk scenarioS in steps 1–3, the effect of a miti-
gation strategy xm is computed. Suppose = …h 1, 2, ,L levels for a
mitigation strategy xm and Nh S, records for the hth level in scenario S,
the mitigation effect from αth level to βth level of xm can be quantified
as:

=
∑ ∑ −= =ME

w y y

W

( )
S
α β i

N
j
N

i j i S j S

ij

, 1 1 , , ,
α S β S, ,

(15)

where = ∑ ∑= =W wij i
N

j
N

i j1 1 ,
α S β S, , , ∈ …α β, {1,2, ,L} and yi S, refers to the value

of y in the ith record for a Scenario S. For example, given a scenario
=S x: { 2}r

1 and a mitigation strategy x m
1 , there will be Nα S, records in

which =x 2r
1 and =x αm

1 . The calculation of wi j, is the same as Eq. (9).
It is noted that MES

α β, is different from the average treatment effect
(ATE) (Li and Graham, 2016) in two ways: first, MES

α β, measures the
safety impact of EMS with respect to a certain risk scenario, while ATE
estimates an average impact of EMS for all the records; second, there is
fewer model assumption when computing the MES

α β, value.
Step 5: To compare the difference in the accident rate from αth level

to βth level, the t-test (Luo, 2017) is employed to test whether the

weighted mean difference, i.e., ∑ ∑ −= = w y y W( )/i
N

j
N

i j i S j S ij1 1 , , ,
α S β S, , , is sig-

nificantly different from 0. Let {a }ij and {b }ij be two arrays with Ni S, rows

and Nj S, columns, where = { }aij
w y

W
i j i S

ij

, , and = { }bij
w y

W
i j j S

ij

, , . The compu-

tation formula is as follows:

=
−

+
t

a b¯ ¯
ij

ij ij
σ σ
N N

a b
i S j S, , (16)

where tij is the test value of t; āij and b̄ij are the mean of {a }ij and {b }ij ,
respectively; σa and σb are the variance of {a }ij and {b }ij , respectively.

4. Case study

The proposed method was applied to the Xishang Highway, an
important component of the Shanxi Highway System in China. The
leading risk scenarios and effective risk mitigation strategies identified
by our method would provide valuable information to improve the
safety level of highway design and operation.

4.1. Preprocessing of accident data

To quantify the causal effect of various kinds of risk factors on the
highway crash rate, detailed information of crash data and driving
environmental information should be collected. The accident records of
the Xishang Highway from the Shanxi Traffic Management Bureau were
used in this study. Xishang Highway links two cities from Xi’an to
Shangluo, with a total length of 118.975 km. Between 2013 and 2016, a
total of 3896 traffic accidents were recorded on the highway and 12 of
them were severe accidents (fatal or severely injured). Considering that
the sample of severe accidents is too small to be analyzed in-
dependently, we’ve converted the fatal accidents into non-fatal acci-
dents according to the equivalent accident factors (Washington et al.,
2014) estimated by experts (1:60), which results in a total of 4616
equivalent non-severe traffic accidents. The aerial photographs and GIS
map were obtained to extract the highway information, including the
highway’s geometric and roadside features.

Considering that traffic accidents are distributed in different loca-
tions along the highway, the accident data needs to be organized into
distinct homogeneous segments. The purpose of highway segmentation
is to identify the accident hot spots of highways, which lays the basis for
risk analysis and mitigation.

The current segmentation methods can be divided into two cate-
gories, the static segmentation method and the dynamic segmentation
method. The static segmentation method (Cafiso et al., 2018) splits the
highways into segments with a consistent length, while the dynamic

Fig. 4. The beginning and end of the Xishang Highway.
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segmentation method (Boroujerdian et al., 2014) splits the highway
according to widespread accidents or density. It is obvious that using
the static segmentation method may fail to identify the hot spots on the
highway (as shown in Fig. 4 of Boroujerdian et al. (2014)), while the
dynamic segmentation method adapts the segment length to the acci-
dent density. Therefore, this paper uses the wavelet transform tech-
nique (Cuhadar et al., 2002), one of the dynamic segmentation
methods, to split the highway into homogeneous units. The algorithm
of segmentation has been detailed in (Boroujerdian et al., 2014), which
will not be covered here. There are 112, 121, 103 and 97 segments for
2013–2016, respectively. The segmentation based on the accident data

from 2016 is shown in Fig. 5 (small-scale segmentation, e.g., scale= 5,
is chosen in order to get more segments).

The aim of data preprocessing is to distribute the accident data into
segments where the accidents occurred. The data on traffic accidents
and explanatory variables for each segment of the highway in a year are
aggregated into one record, denoted as R M Y{ , , }i j i j i j, , , , whereYi j, denotes
the accident rate (per km), Ri j, denotes the risk factor vector and Mi j,
denotes the risk mitigation strategies vector for the ith segment and jth
year, =j {2013,2014,2015,2016}. Considering there are 433 segments for
4 years, the number of records after preprocessing is also 433.

According to the definition of SafetyCube, a European Commission

Fig. 5. Segmentation of the Xishang Highway based on the accident data from 2016.

Table 3
Data description.

Variable name Description Min. Max. Mean Std. Dev.

Dependent variables
Accident rate of 2013 Number of crashes

per km, per segment
0 126 10.31 7.33

Accident rate of 2014 0 68 9.89 6.56
Accident rate of 2015 0 59 8.76 6.14
Accident rate of 2016 0 42 8.89 5.27
Independent variables
Roadway Related Risk Factors
LSS Large steep slope indicator (LSS): if the segment is located on a large steep slope defined by CCCC First Highway

Consultants Co. (2017), LSS=1; otherwise, LSS= 0
0 1 0.40 0.49

HCR Horizontal curve radius indicator (HCR): < 2000m=2, 2000m˜3000m=1, > 3000m=0 0 2 0.37 0.59
RC Roadside context indicator (RC): open roadways= 0, tunnel inside=1, tunnel entrance or exit= 2 0 2 0.40 0.72
G Vertical Gradient (G): > 4%=2, 2%˜4%=1, <2%=0 0 2 0.63 0.74
Weather Related Risk Factors
WC Weather condition-affected (WC) segment: agglomerate fog= 2, black ice= 1, other=0 0 2 0.34 0.66
Traffic Related Risk Factors
P_HV Proportion of heavy vehicles (P_HV): > 45%=2, 35%˜45%=1, < 35%=0 0 2 1.21 0.67
AADT Annual Average Daily Traffic: > 30,000veh/d= 1, others= 0 0 1 0.46 0.50
SL Speed limit (SL): 100 km/h=1, others= 0 0 1 0.74 0.44
Mitigation Strategies
GB Guardrail Barrier (GB): Jersey barrier= 1, Two-wave shape guardrail = 0 0 1 0.26 0.44
PM Pavement Material (PM): Asphalt concrete= 1, Cement concrete= 0 0 1 0.32 0.47
RS Rumble Strip (RS): Presence of rumble strip=1, no speed reducing measure= 0 0 1 0.28 0.45
RTR Runaway truck ramp (RTR): Presence of runaway truck ramp=1, other= 0 0 1 0.41 0.40
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with the objective of developing an innovative road safety Decision
Support System (DSS) (SafetyCube, 2016), ‘risk factor’ refers to any
factor that contributes to the occurrence or the consequences of road
crashes. Generally, risk factors associated with crash accidents can be
classified into four categories (Zhang et al., 2013): human related fac-
tors (drivers’ gender, age, behavior, etc.), traffic related factors (ve-
hicles’ types, density, speed, etc.), weather related factors, roadway
related factors (physical parameters of roadway geometry). In principle,
all these factors can have significant influence on the accident rate.
However, Xishang Highway is a special mountainous highway in which
precipitous terrain and adverse weather conditions lead to unfavorable
geometric design and always cause a much higher frequency and se-
verity of traffic accidents than on urban highways. Considering the
specific characteristic of Xishang Highway, a research project was
launched (listed in the acknowledgement of this paper) to investigate
the specific parameters of Xishang Highway that worsen the driving
environment and cause crash accidents. With this aim, we defined risk
factors in this paper as the driving environment parameters that have a
direct influence on the risk of a crash occurring, or on the crash se-
verity. A number of risk factors associated with the driving environ-
ment were explored in this study, which are described in Table 3. It is
noted that the definition and identification of risk factors are based on
the judgement and discussion from many experts with rich engineering
practices experience and domain knowledge.

It is noted that the risk factors and mitigation strategies in Table 3
were identified by the experts in highway operations management, and
the CBDD technique was used to further determine the effect of ranking
of risk factors, combinations and mitigation strategies.

All the risk factors are developed as discrete variables, since CBDD
can only deal with discrete variables. Explanations of the discretization
for risk factors are as follows: The concept of a ‘large steep slope’ is
derived from the Design Specification for Highway Alignment of China
(CCCC First Highway Consultants Co., L., 2017), which is defined as the
slope whose average gradient and its corresponding segment is located
on such a large steep slope length exceed the specification requirement,
as shown in Table 4. If the, LSS=1 for the segment.

The discretization of a horizontal curve radius, vertical gradient are
also based on the specification of CCCC First Highway Consultants Co.,
L. (2017), which is detailed in Table 3. Furthermore, considering the
P_HV value for most segments of the Xishang Highway throughout the
year is between 35% and 45%, the P_HV and AADT are further dis-
cretized according to the judgment of experts. The weather-affected
segment is defined as the highway segment affected by agglomerate fog
(or black ice) of more than 3 times a year. It is noted that definition
criteria of ‘3 times a year’ is proposed by the highway patrol according
to their expert judgment. Those segments located nearing to lakes or
rivers are more likely subject to agglomerate fog, and the bridge seg-
ments located at the tunnel entrance or exit are more likely subject to
black ice. Most of the risk factors remain the same throughout the 4
years (except for the WC, AADT and P_HV), while the mitigation
strategy variables varied in these years.

4.2. Results

The individual effect detector tested the influence intensity of risk
factors on the highway accident rate. Fig. 6 showed the ranking order of
the qc value for all the risk factors, respectively. The qc value of the
vertical gradient (G) was the maximum among all the risk factors,
which meant that G was the leading risk factor (LRF) accounting for the
traffic accidents. The individual effect detector ranked the risk factors
by their influence on the accident rate in the following order:

G(21.4%)>RC(15.3%)>P_HV(15.5%)> LSS(14.2%)>HCR
(14.0%)>AADT(9.4%)> SL(8.6%)>WC(8.5%).

The interactive effect detector classified the interaction types be-
tween two risk factors on the highway crash rate. It is noted that the
analysis method of the three-factor interactions, or even multi-factor
interactions, is the same as that of the two-factor interaction. The in-
teractive impacts measured by the qc values are shown in Fig. 7. In
general, all interaction between risk factors showed varying degrees of
enhanced impacts compared to a single factor. The highest qc values for
a two-factor combination came from the interactions of G∩P_HV
(0.415), G∩HCR (0.384), which were identified as LRC, as shown in
Fig. 7(a). In addition, the highest Iq values came from the interaction of
LSS∩WC (0.117) and P_HV∩LSS (0.070), which were identified as ROC,
as shown in Fig. 7(b). The lowest Iq value came from the interaction of
LSS∩G (-0.088), which indicated that LSS and G were not independent:
for example, a steep road segment (G=2) is very likely a segment in a
large steep slope (LSS= 1).

In order to identify the risk scenario for LRF, LRC and ROC, Rh
values were computed according to Eqs. (13) and (14). The results were
shown in Fig. 6(b) and Fig. 8. The following were the risk scenarios S
identified by Rh values: ① =S G1: { 2}, ② = =S G P HV2: {( 2)&( _ 2)}, ③

= =S G HCR3: {( 2)&( 1)}, ④ = =S LSS WC4: {( 1)&( 1)}, ⑤

= =S LSS P HV5 : {( 1)&( _ 2)}.
Given the five risk scenarios above, the effect of various kinds of

mitigation strategies was estimated by Eqs. (15) and (16). The com-
putation results were shown in Table 5. It is noted that the variable of a
mitigation strategy equals level ‘0′ if the mitigation strategies are not
employed. MES

α β, was estimated by setting α =’level 0′ and β =’level 1′,
and the mitigation strategies with p-values less than 0.05 can be
identified as effective measures for a risk scenario. The results showed
that RS, GB, RTR and GB, were the most effective strategies to mitigate
the risk in scenarios S1-S5, respectively. To confirm the reliability of the
results, we investigated the opinions of experts in highway operations
management and found that the results of the analysis were consistent
with the experts' knowledge, which will be shown in the discussion
section.

5. Discussion

As previously mentioned, risk evaluation and decision support for
mitigation strategies are important concerns in the improvement of
highway operations safety.

5.1. Interpretation of risk evaluation results

A persistent problem in risk analysis is that an accident may occur as
a consequence of multiple risk factors with interactions instead of an
individual factor (Hollnagel, 2002). Different from the existing candi-
date methods for risk analysis, the CBDD technique focuses on the in-
teraction between different risk factors, which were neglected in pre-
vious research. Actually, the interactive effects should be allocated to
individual factors to modify the risk evaluation results (Price and
MacNicoll, 2015).

Suppose the individual effect and interactive effect of a risk factor
xi

r are denoted as q x( )c i
r and ∩I x x( )q i

r
j
r , ≠( j i), the modified effect

Table 4
Definition of large steep slope.

Average Gradient
(%)

2.0 2.5 3.0 3.5 4.0 4.5 5.0

Length of the slopes
(km)

>15 .> 7.5 > 3.5 >3.0 > 2.5 > 2.0 > 2.0

Note: Linear interpolation method is employed to calculate the threshold of
slope length for ‘large steep slope’ if its vertical gradient can not be found in the
above Table.
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E x( ),m i
r compensated by the interactive effect, can be computed as

∑ ∑= + ∩ + ∩ ∩ + …
≠ ≠ ≠

E x q x I x x I x x x( ) ( ) 1
2

( ) 1
3

( )m i
r

c i
r

q i
r

j
r

q i
r

j
r

k
r

j i j i,k i

(17)

To provide a visual comparison, Fig. 9 shows the difference of risk
prioritization results by using a conventional approach and an inter-
action-compensated approach. Compensated by interactive effect,
P_HV, LSS and WC shows a significant difference between the qc value
and Em value, which indicates that the conventional approach may
underestimate the effect of the risk factors with strong interactions.
Therefore, the ranking for risk factors is also different for these two
approaches.

In addition, Fig. 8 provided a new insight into the interactive effect
of risk factors. If factor A and factor B are independent from each other,
their effect on the dependent variable should follow the linear super-
position principle. In other words, the difference in dependent variable
caused by factor A is irrelevant to the value of factor B, which is shown
in Fig. 10. Otherwise, it was observed from Fig. 8 that the accident rate
corresponding to a certain level of a risk factor becomes more and more
unpredictable with the enhancement of the interactive effect. For ex-
ample, the strong interaction of LSS∩WC results in the most severe
scenario (average accident rate= 24.64), which was unexpected by the
highway operations managers. The above examples illustrate that factor
combinations with strong interactions will more likely lead to un-
expected severe consequences than those without.

According to the experts’ experience, serious accidents often occur
as heavy vehicles are out of control when traveling on a large steep
slope. Too frequent braking and black ice on the road surface are the
two main reasons that lead to vehicle brake failure and speeding out of
control. Moreover, a large proportion of the fatal accidents investigated
in this study occurred on the large steep slope with black ice when a
heavy vehicle was traveling on it, which accounts for the high inter-
action of LSS∩WC and LSS∩P_HV.

5.2. Interpretation of mitigation strategies decision results

The results in Table 5 showed that a rumble strip, guardrail barrier
and a runaway truck ramp, were recognized as the most effective
strategies to mitigate the risk for scenarios S1-S5, respectively. Con-
sidering that all scenarios in S1-S5 are related to the vehicle control
problem of a steep slope on the highway, all these mitigation strategies
are designed either to reduce the speed of vehicles or to provide the last
safeguard measurements for runaway vehicles.

However, there are differences between these scenarios. On the one
hand, S1-S3 relates to the large gradient of highway segments, which
can easily lead to rear-end or head-on collisions due to speeding. The
mitigation strategies aimed at these scenarios mainly focus on effective
speed control measures, such as the rumble strip. In particular, an en-
hanced guardrail barrier has a remarkable mitigation effect on pre-
venting fatal accidents at curve segments, such as S3. On the other
hand, S4-S5 relates to the large steep slope of the highway, where

Fig. 6. Effect estimate for individual risk factors.

Fig. 7. Interaction between risk factors.
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vehicles are prone to out-of-control accidents because of frequent
braking for a long time. The role of the rumble strip is negligible in the
case of a vehicle being out of control. Only the protective measures,
such as a runaway truck ramp and guardrail barrier, can reduce the
consequences of the accidents.

Another finding in this study is that the misuse of mitigation stra-
tegies might worsen the situation and possibly lead to more accidents,
which should be avoided. In 2015, many rumble strips were newly
installed into the highway sections where accidents frequently oc-
curred, e.g., tunnel sections. As shown in Fig. 11, the mitigation effect
of RS on segments of different levels of vertical gradient is very dif-
ferent. The rumble strips installed in tunnel sections with a small gra-
dient (G=0) not only failed to reduce the number of accidents but led
to an increase in the accident rate. According to the opinion of traffic
operations managers, the misuse of RS might make vehicle control more
difficult and thus cause rear-end or head-on collisions. Therefore, the
effect of mitigation strategies on various kinds of risk scenarios should
be carefully investigated before being installed.

Fig. 8. Risk scenarios identification by Rh values.

Table 5
Mitigation effect of different strategies for various risk scenarios.

Risk Scenario GB PM RS RTR Effective Strategies
Identification

MES
α β, p-value MES

α β, p-value MES
α β, p-value MES

α β, p-value

S1 2.36 0.04 2.48 0.03 5.86 <0.01 3.16 0.01 RS > RTR > PM > GB
S2 4.65 0.02 5.28 0.02 5.97 0.02 4.86 0.02 RS > PM > RTR > GB
S3 6.82 < 0.01 2.63 0.05 4.74 0.04 0.43 0.82 GB > RS > PM
S4 4.35 0.03 4.49 0.03 0.22 0.92 7.76 < 0.01 RTR > PM > GB
S5 6.58 0.01 4.63 0.03 1.14 0.18 5.42 0.01 GB > RTR > PM

Fig. 9. Risk priority ranking for traffic safety.
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5.3. Model characteristics

In comparison with the existing method, the CBDD technique has
the following strengths. There is fewer model assumption for the CBDD
technique, since it does not specify an explicit function expressions or a
causality graph between accident rate and risk factors. Thus, the CBDD

technique may avoid the bias resulted from model misspecification. As
shown in Fig. 12, different functions expressions lead to different pre-
diction results. Suppose the true model is a quadratic model, severe bias
will be caused if a linear model is employed to fit the data, which has
been fully displayed in Fig.4 of King and Zeng (2006). Moreover, there
is a monotonicity of the generalized linear model (Buddhavarapu et al.,
2015; Li and Graham, 2016), which may not always be met in practice,
such as the accident data of P_HV=1 in Fig. 8(a). In addition, the
CBDD technique can be used to detect the interactive effect between
risk factors as well.

However, this method still has some shortcomings. First, risk factors
and mitigation measures have to be identified by expert judgment.
Second, the classification of risk factors and mitigation strategies also
requires expert knowledge. Sometimes the risk factors and mitigation
strategies are not easy to distinguish, and the proposed method may not
function if these two types of variables are not properly selected. In
summary, although the CBDD technique still requires expert judgment
for risk factor and mitigation strategies identification, it can be re-
garded as a new candidate tool for causal-effect analysis.

6. Conclusion

The frequent occurrence and great damage from traffic accidents,
which has become a serious social problem, is worrying the highway

Fig. 10. An illustrative example showing the interaction effect.

Fig. 11. The mitigation effect of RS on segments of different G values.

Fig. 12. Model misspecification problem.
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operations managers. Risk analysis and mitigation has been a key focus
in response to this grim situation. To effectively manage highway
safety, it is critical to identify the riskiest scenarios and corresponding
effective mitigation strategies. What has not been noticed in previous
studies is that nonlinear interaction between risk factors will most likely
result in severe highway accidents, which is unexpected by the opera-
tions managers.

This paper proposed a new method for highway risk analysis and
management. We considered that not only leading individual factors,
but also the combined effect of risk factors, deserve our attention. The
CBDD technique is employed to quantify the individual and interactive
effects of risk factors, and the mitigation effect estimator is used to
identify the effect of strategies on a risk scenario. The CBDD technique
is applied to the Xishang Highway project to support the mitigation
strategies decision for operations safety improvement. In the case study,
we found that different strategies have different mitigation effects on
the risk scenarios, and the misuse of strategies might not only fail to
reduce the accident rate, but lead to a worse situation. Therefore, the
mitigation effect of strategies should be analyzed before being put into
practice, which also illustrates the application value of this paper.

The biggest limitation in this work which should be noted is that the
risk factors were identified based on the expert knowledge. When ap-
plying this approach to other roadways, risk factors need to be re-
identified and assessed. In future research, a wider variety of risk fac-
tors’ causal effects (e.g., driving experience, vehicle conditions and
drunk driving behavior) on the highway accident rate will be in-
vestigated.
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