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,e objective of this study is to analyse the relationship between secondary crash risk and traffic flow states and explore the
contributing factors of secondary crashes in different traffic flow states. Crash data and traffic data were collected on the I-880
freeway in California from 2006 to 2011. ,e traffic flow states are categorised by three-phase traffic theory. ,e Bayesian
conditional logit model has been established to analyse the statistical relationship between the secondary crash probability and
various traffic flow states. ,e results showed that free flow (F) state has the best safety performance of secondary crash and
synchronized flow (S) state has the worst safety performance of secondary crashes. ,e traditional logistic regression model has
been used to analyse the contributing factors of secondary crashes in different traffic flow states. ,e results indicated that the
contributing factors in different traffic flow states are significantly different.

1. Introduction

Exploring the crash mechanism and contributing factors
plays an important role in preventing crash and reducing
crash severity to freeway traffic surveillance systems. ,e
occurrence of a crash can generate the turbulence of traffic
flow which may lead to further crashes. Secondary crash
(SC) occurs within the spatial and temporal impact ranges of
the turbulent traffic conditions caused by the primary crash
(PC). Previous studies suggested that 2.2% to 3.9% of
freeway crashes can result in SC [1–3].

With the widespread use of freeway real-time traffic
surveillance systems, researchers have started using high-
resolution dynamic traffic flow data to identify the traffic
condition before SC occurrences. In general, SC can be
affected by various contributing factors, including traffic
flow characteristics, geometric design factors, weather
conditions, PC characteristics, etc. [4–7]. In addition, many
researchers have paid close attention to the identification

method of SC. ,e common methods include static
threshold method (STM) [8–10] and dynamic methods
(DM) [11–14].

Although many studies have studied the identification
method and crash mechanism of SC, few studies focused on
the difference of SC in various traffic conditions. In different
traffic conditions, there is a significant difference of traffic
flow characteristics that affect the spatial-temporal evolution
[15–18] and safety performance [19,20]. ,e typical divided
methods of traffic flow include three-phase traffic theory
[15,16], four-phase traffic theory [17], six levels of services
[18], etc. It has been proved that the safety performance of
SC associated with various traffic conditions has a significant
difference [3,21].

In this study, the traffic flow is divided by three-phase
traffic theory. ,e main purpose is to analyse the difference
of safety performance for SC in different traffic flow sates
and explore how contributing factors affect the probability of
SC in different traffic flow sates. ,e SC related data were
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collected from the I-880 freeway in the United States from
2006 to 2011. ,e Bayesian conditional logit models have
been established to analyse the statistical relationship be-
tween the SC probability and traffic flow states. ,e tradi-
tional logistic regression models were established to quantify
the effects of various variables on the SC probability in
different traffic flow states. ,is research can help traffic
management personnel better understand which traffic flow
state is more dangerous for the occurrence of SC and realize
the contributing factors of SC in different traffic flow states.
,e results can be applied to develop effective counter-
measures and reduce the SC probability in different traffic
flow states.

2. Literature Review

In early studies, STM was usually applied to identify SC. ,e
STM is defined by the fixed spatial and temporal influence
areas of traffic flow caused by a prior crash. Numerous
studies have utilized the STM to analyse SC, such as Raub
[22], Karlaftis et al. [23], Moore et al. [8], Zhan et al. [9],
Hirunyanitiwattana and Mattingly [10], etc. However, there
is an obvious limitation for STM. ,e determination of the
scope in STM is too subjective to have objective and rea-
sonable identification method [24]. In subsequent studies, to
overcome the limitation of STM, many researchers adopt
DM to identify SC [25–28]. DM has a dynamic boundary of
influence area based on speed contour plot [14], shock wave
[27], etc.

In recent studies, many researchers have analysed and
predicted SC with statistical method or intelligent learning
approaches. For example, Wang and Jiang proposed an
identification method of SC by the speed contour plot and
the spatiotemporal evolution of shockwaves [4]. ,e results
indicated that the identification method based on an integer
programming model can reduce the misidentification
probability of SC. Kitali et al. used random forest to extract
the important variables [5]. ,e results of Bayesian random
effect complementary log-log model showed that some
traffic flow variables, the PC types, and severities can sig-
nificantly affect the probability of SC. In subsequent studies,
Kitali et al. utilized the penalized logistic regression model to
improve the predictive accuracy of the SC risk model [6].
,e results of model indicated that the traffic flow variables
and the PC characteristics can significantly affect the
probability of SC. Specifically, the traffic flow variables in-
clude the occupancy, speed, variation of hourly flow, etc.,e
PC characteristics include the impact duration, types, oc-
currence time, etc. Yang et al. confirmed the PC boundary
with the clustering method and metaheuristic optimization
algorithm [7]. ,en, a novel identification method is in-
troduced to identify SC.,e results showed that the accuracy
of identifying SC can rise to 95% with the market pene-
tration rate increasing from 5% to 25%. Subsequently, Yang
et al. summarized and discussed the previous studies from
three perspectives, including the identification method of
SC, the predictive models of SC risk, and the prevention
measures of SC [11]. Goodall predicted the probability of SC
by empirical queuing and estimated volumes [12]. It was

found that SC occurred on average once every 10 crashes and
54 disabled vehicles. In the author’s previous study, a two-
step identification method of SC combined with the speed
contour map and the shock wave was applied, and the
random effect logit regression was utilized to analyse the
contributing factors of SC [13].,e results indicated that the
number of significant contributing factors increases with
increasing of the threshold value. In addition, the collision
type, road surface, speed, and traffic flow can significantly
affect the probability of SC.

However, few researchers have analysed SC combined
with the traffic flow states. Park et al. applied stochastic
gradient boosting and rule extraction techniques to improve
the accurate and comprehensible predictions of SC [21]. ,e
results indicated that the unexpected traffic congestion
caused by a crash has a significant effect on the occurrence of
SC. Xu et al. used the zero-inflated ordered probit regression
model to explore the relationship between the SC risk and
traffic related variables, including traffic flow variables,
geometric design factors, weather conditional factors, and
PC characteristics [3]. ,e results showed that there is a
significant difference of contributing factors between the SC-
prone state and the SC-free state.

Although some researchers have considered the traffic
flow states into the studies of SC, no researchers have studied
the difference of SCmechanism in different traffic flow states
divided by classical macroscopic traffic flow theory. ,e
common methods of classical macroscopic traffic flow
theory have been widely used in numerous areas of trans-
portation engineering, including six levels of service [18],
four-phase traffic theory [17], and three-phase traffic theory
[15,16]. In these common theories, the three-phase traffic
theory is one of the accepted approaches for modelling
freeway traffic flow [15,16]. According to the three-phase
traffic theory, freeway traffic flow can be classified into three
phases, including free-flow phase (F), synchronized flow
phase, and wide moving jams [15,16].

To make up for the shortcomings of previous studies
without considering the classical macroscopic traffic flow
theory in the analysis of SC, the three-phase traffic theory is
applied in this study to explore the difference of SC
mechanism in various traffic flow states.

3. Materials and Methods

3.1. Data Sources. Data were obtained from a 34-mile sec-
tion on the I-880 freeway in the California, United States,
between 2006 and 2011. ,ere are 119 loop detector stations
along the selected freeway section with an average spacing of
0.5 miles. A total of 3 weather stations are located along the
selected freeway section. ,e weather data were obtained
from the National Climate Data Center (NCDC) website
which provides hourly weather information. ,e geometric
and traffic data were collected from the nearest loop detector
stations to each collision location and obtained from the
Highway Performance Measurement System (PeMS)
maintained by the California Department of Transportation
(Caltrans). Crash data were obtained from the Statewide
Integrated Traffic Records System (SWITRS) of the Caltrans.
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Specifically, vehicle count, speed, and occupancy were
collected in 30 s for each lane. ,e related crash data in-
cluded traffic flow variables, environmental factors, geo-
metric design factors, and others. A total of 9,919 crashes
were used in this study. ,ere were three types of crashes,
including SC, PC, and NC. PC are defined as the crashes that
led to SC, while NC are defined as the crashes that did not
lead to SC. ,e method of identification of SC and the
number of SC, PC, and NC are given in Section 2. For each
crash, to compensate for the possible inaccuracies in the
reported collision occurrence time and identify hazardous
traffic conditions ahead of the crash occurrence time, traffic
data were collected for the 5–10min prior to crash occur-
rence [13,19]. Non-crash cases were extracted based on crash
locations and times, and the ratio between crash and non-
crash is 1 : 4 [19].

In Table 1, the 30 s raw data of 5-minute intervals for
each crash were further converted into the 19 traffic flow
variables, in addition to 4 environment variables, 4 geo-
metric characteristics variables, and 5 crash characteristics
variables. A total of 32 candidate variables were considered.

3.2.-e Identification of Traffic Flow States. Previous studies
have suggested that the traffic states defined by the three-
phase traffic theory can be identified by the traffic flow
characteristics measured from loop detector stations.
According to the three-phase traffic theory, the traffic flow is
separated into three steady states, including free flow (F),
synchronized flow (S), and widemoving jams (J). In addition
to the three steady states, there are four traditional states in
this study, including the transitional state from free low to
synchronized flow (F⟶S), the transitional state from
synchronized flow to free flow (S⟶F), the transitional state
from synchronized flow to wide moving jams (S⟶J), and
the transitional state from wide moving jams to synchro-
nized flow (J⟶S). However, previous studies have dem-
onstrated that the wide moving jams generally do not
emerge with the free flow phase [25]. ,us, the transitional
state from free flow to wide moving jams was not considered
in the present study. ,e identification method of these
traffic flow states has been introduced as follows [29–32]:

(1) ,e free flow (F) is characterized by high vehicle
speeds and low traffic density. ,e free flow phase
can be easily distinguished from congested flow
using the time series plot of speed and occupancy.

(2) ,e synchronized flow (S) is characterized by weak
correlation between flow rate and density, with a
correlation parameter lower than 0.2.

(3) ,e wide moving jams (J) are identified by strong
correlation between density and flow rate, with a
correlation parameter greater than 0.5.

(4) ,e transitional states between free flow (F) and
synchronized flow (S) are identified by a sudden
change in the time series plot of speed and occu-
pancy.,e reduction in speed overtime is considered
an indicator for the transitional state from free flow
to synchronized flow (F⟶S), and vice versa.

(5) ,e transitional states between synchronized flow (S)
and wide moving jams (J) are identified by the
correlation between density and flow rate, with a
correlation parameter between 0.2 and 0.5. ,e re-
duction in speed overtime is considered an indicator
for the transitional state from synchronized flow to
wide moving jams (S⟶J), and vice versa.

3.3.-e Identification of SecondaryCrash. ,emethod based
on speed contour figure was applied to identify SC in this
study. ,is method uses real-time traffic flow data to de-
termine the spatial and temporal influencing range of a prior
crash and simultaneously takes the effects of recurrent
congestions into account. ,e identification method is in-
troduced in detail as follows [13]:

(1) ,e 5min speed data were extracted to produce a speed
contour figure for a prior crash. Specifically, the speed
data were extracted from the loop detectors within 10
miles upstream and 10 miles downstream the prior
crash during the time interval between 6 hours before
and 6 hours after the prior. Figure 1(a) shows an
example of a speed contour figure. It can be clearly seen
from the figure that congestions and queue formations
occur after the prior crash. However, less information
has been offered by the figure about whether the queue
formations resulted from recurrent congestions or the
prior crash. To eliminate the effects of recurrent
congestions, the spatial and temporal influencing range
of the prior crash should be determined, which is given
by the following two steps.

(2) ,e 5 min speed data for the same time and same
location in step one, however, from crash-free days,
were extracted for the whole year in this step. For
instance, the prior crash in Figure 1(a) happened at 11 :
45 am on September 20, 2010, at milepost 3.95. Fol-
lowing this step, the speed data for the same time and
location in Figure 1(a) were collected from all crash-free
days in 2010. Subsequently, the speed data for each time
and location were averaged over all the crash-free days.

(3) To eliminate the potential effects of recurrent con-
gestions, the average speed in step two was sub-
tracted from the speed data for each time and
location in step one. A new speed contour figure was
developed using the differences between speeds in
step two and step one for various times and locations.
,e new speed contour figure as shown in
Figure 1(b) was then used to determine the spatial
and temporal influencing range of the prior crash.

(4) ,e crashes that happened within the spatial and
temporal influencing ranges of a prior crash were
identified as SC. ,e crashes that did not lead to SC
were identified as NC.

Following the above four steps of identification method,
the summary of SC, PC, and NC in different traffic flow
states is given in Table 2, respectively. Compared to the
previous study by authors, only speed contour figure was
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used to identify SC without considering the shockwave in the
present study [13], because this study focused on the dif-
ference in safety performance of SC associated with various
traffic flow states.

3.4. Bayesian Conditional Logit Model. As discussed in the
literature review section, although some researchers have
considered the traffic flow states into the studies of SC, no
researchers have studied the difference in safety perfor-
mance of SC associated with various traffic flow states di-
vided by classical macroscopic traffic flow theory. ,e
conditional logit model was applied to quantitatively analyse
the relative safety performance of SC in different traffic flow
states while controlling for the effects of other traffic related
variables, such as weather condition, geometric metric de-
sign, road pavement, etc. ,e model can be written as
[33–37]

yijk ∼ Bernoulli pijk ,

P yitk(  �
1

1 + exp −αi + 
K
k�1βkxijk  

,
(1)

where xijk is the kth unmatched variable for the case
(j � 0) or the jth control in the ith matched set. ,erefore,
X � {xijk} consists of all the cases, and all matched sets are
controlled, where i � 1, 2, . . . , I; j � 0, 1, ... , J; k � 1, 2, . . . ,
K. I represents the total number of matched sets; J
represents the number of controls in each matched set;
and K represents the number of contributing variables.

αi is the effect of matching variables on the probability of
SC occurrence for each matched set; βk represents the
estimated coefficients for explanatory variables; and xk is
the unmatched contributing variables applied in this
study.

A conditional probability is used to account for the
selection bias of the matched case-control design. ,e
conditional probability that the first vector of the con-
tributing variables xi0 in the ith matched set corresponds
to the case, conditional on xi0, xi1, . . ., xiJ being the vectors
of contributing variables in the ith matched set, is shown
as

P
c
i �

exp 
K
k�1βkxi0k 

exp 
K
k�1βkxi0k  + 

J
j�1 exp 

K
k�1βkxijk 

. (2)

Table 1: Candidate variables.

Variable category Symbol Variables

Traffic flow
characteristics

C Correlation coefficient between occupancy and flow during 5–10 minutes

Cnt/Spd/Occ Average 30 s vehicle count/speed/detector occupancy during 5–10minutes (veh/30 s)/(mile/h)/
(%)

Stdc/Stds/Stdo Std. dev. of 30 s vehicle count/speed/detector occupancy during 5–10 minutes (veh/30 s)/(mile/
h)/(%)

Cc/Cs/Co Coefficient of variation of 30 s vehicle count/speed/detector occupancy during 5–10 minutes
(veh/30 s)/(mile/h)/(%)

Dc/Ds/Do ,e difference in average 30 s vehicle count/speed/detector occupancy between 15–20min and
5–20min (veh/30 s)/(mile/h)/(%)

Lcnt/Lspd/
Locc

Average difference in 30 s vehicle count/speed/detector occupancy between adjacent lanes
during 5–10 minutes (veh/30 s)/(mile/h)/(%)

LstdcLstds/
Lstdo

Std. dev. of difference in 30 s vehicle count/speed/detector occupancy between adjacent lanes
during 5–10 minutes (veh/30 s)/(mile/h)/(%)

Environmental
characteristics

Vi Visibility (mile)
We 1� bad weather condition; 0� otherwise
Rs 1� otherwise; 0� dry road surface
Li 1� bad light; 0� otherwise

Geometric
characteristics

Lw Lane width (ft)
Is Inner shoulder width (ft)
Os Outer shoulder width (ft)
Ra 1� ramp segment; 0� otherwise

Crash characteristics

Tr 1� the crash including a truck; 0� otherwise
Se 1� the injury crash; 0� otherwise
Ho 1� the hit object crash; 0� otherwise
Ss 1� the sideswipe crash; 0� otherwise
Re 1� the rear end crash; 0� otherwise

Table 2: ,e summary of different crash types in different traffic
flow states.

Traffic flow
states

Normal
crash

Primary
crash

Secondary
crash Total

F 7584 50 27 7661
S 825 14 16 855
J 273 4 15 292
F⟶S 367 8 10 385
S⟶F 336 8 10 354
S⟶J 195 10 11 216
J⟶S 145 3 8 156
Total 9725 97 97 9919
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,erefore, the probability function of the conditional
logit model is expressed as

f(Y | β) � 
I

i�1
f yi0 �1 | β(  � 

I

i�1
P

c
i

� exp 

I

i�1


K

k�1
βkxi0k(  − 

I

i�1
log 

J

j�0
exp 

K

k�1
βkxijk

⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦
⎧⎪⎨

⎪⎩

⎫⎪⎬

⎪⎭
.

(3)

,is study applied the Bayesian inference method based
on Markov Chain Monte Carlo (MCMC) for the specifi-
cation of the conditional logit model. Compared to the
point estimations of the traditional maximum likelihood
estimation (MLE) method, the Bayesian modelling tech-
nique regards all unknown parameters as random variables
with a prior distribution. ,e estimates of the mean,
standard deviation, and quartiles of the coefficients can be
affected by the posterior distribution. Based on the Bayes’

theory, the posterior distribution of parameters can be
expressed as

f(β | Y) �
f(Y, β)

f(Y)
�

f(Y | β)π(β)

 f(Y, β)dβ
∝f(Y | β)π(β), (4)

where f (β|Y) is the posterior joint distribution of parameters
β conditional upon dataset Y, f(Y, β) is the joint
probability distribution of dataset Y and model parameters
β, f (Y|β) denotes the likelihood conditional on model pa-
rameters β, and,e function π (β) is the prior distribution of
model parameters β. ,e non-informative prior distribu-
tions were applied for the model parameters, which can be
written as

β ∼ Normal 0K, 106IK , (5)

where 0K represents a K× 1 vector of zeros and IK represents
a K×K identity matrices. Based on the specification of the

Primary crash: mile post = 3.95
Time = 11:45 Sep. 20th, 2010
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Time = 12:15 Sep. 20th, 2010
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Figure 1: Initial identification of SC. (a) Speed contour plot without accounting for the recurrent congestions. (b) Speed contour plot
accounting for the recurrent congestions.
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prior distributions for the model parameters β, the posterior
joint distribution f (β|Y) is expressed as

f(β | Y)∝f(Y | β)π(β) � 
I

i�1
f yi0 �1 | β(  × 

K

k�1
N βk μk, 

k
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K

k�1
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(6)

,e Markov Chain Monte Carlo (MCMC) method was
used to generate realizations from the posterior joint dis-
tribution of the model parameters and draw parameters
sequentially from equation (6). Compared to the nonstan-
dard conditional distributions in equation (6), the Me-
tropolis-Hasting sampling approach was applied to generate
random draws. ,e inference was used based on the
remaining draws after discarding the draws during the burn-
in period.

In the present study, only Bayesian conditional logit
model was used to analyse the difference in safety perfor-
mance of SC associated with various traffic flow states. To
compare themodels, in terms of which one is better in future
studies, DIC and AUC values can be adopted. DIC is rec-
ognized as Bayesian generalization of AIC (Akaike infor-
mation criterion) and it was adopted for model
comparisons. DIC is a combination of model fit measure-
ment and the effective number of parameters; the smaller
DIC indicates a better model fit. AUC value, which is area
under the receiver operating characteristic (ROC) curve, was
chosen to evaluate and compare these models; larger AUC
values indicate a better goodness-of-fit and classification
power [38].

4. Results and Discussion

4.1. Safety Performance of Secondary Crash inDifferent Traffic
Flow States. In this study, compared to other studies based
on the Bayesian conditional logit model, the Bayesian
conditional logit model was used to quantify the difference
in the safety performance of SC associated with various
traffic flow states divided by three-phase traffic theory. ,e
group variables are separated based on case and control
samples. In models, the events (the value of dependent
variable is 1) are PC that induced SC and the non-events (the
value of dependent variable is 0) are NC that did not induce
SC. Because the traffic flow in this study is divided into seven
states, including free flow (F), synchronized flow (S), wide
moving jams (J), the transitional state from free low to
synchronized flow (F⟶S), the transitional state from
synchronized flow to free flow (S⟶F), the transitional state
from synchronized flow to wide moving jams (S⟶J), and
the transitional state from wide moving jams to synchro-
nized flow (J⟶S), thus, in this method, the free flow (F)
state is considered as the reference level, and the other six

traffic flow states are considered as six independent vari-
ables. Finally, the odds ratio can be used to quantify the
difference in the safety performance of SC between free flow
(F) and the other six traffic flow states. ,is model did not
include other traffic flow variables such as speed and density,
because the traffic flow states were highly correlated with
traffic flow variables [39].

,ree parallel MCMC chains were constructed for
Bayesian inference. Each MCMC chain consisted of 10 000
iterations, including an initial “burn-in” period of 4000 it-
erations [39]. ,e estimations of each parameter from the
MLE method were considered initial values. ,e initial
values for multiple MCMC chains were dispersed
throughout the 90% confidence intervals of the estimated
parameters from the MLE. ,e convergence of the posterior
distribution samples was checked by the visual inspection of
the trace plots, posterior density plots, and autocorrelation
function plots. In addition, the Gelman Rubin potential scale
reduction (PSR) was also checked. If the PSR was lower than
1.1, the multiple chains were considered converged [39]. ,e
estimation results of the Bayesian conditional logit models
are given in Table 3. ,e 95% credible interval for each
parameter in Table 3 indicates that the traffic flow states
significantly affect the probability of SC occurrences. ,e
odds ratio for each variable was used to quantify the safety
performance of SC in different traffic flow states.

In the Bayesian conditional logit models, as shown in
Table 3, the results suggest that the odds ratios of syn-
chronized flow (S), the transitional state from free flow to
synchronized flow (F⟶S), the transitional state from
synchronized flow to free flow (S⟶F), the transitional state
from synchronized flow to wide moving jams (S⟶J), and
the transitional state from wide moving jams to synchro-
nized flow (J⟶S) are significantly greater than free flow (F),
and the odds ratio of wide moving jams (J) is not signifi-
cantly greater than free flow (F). Accordingly, free flow (F)
has the best safety performance in terms of the lowest SC
likelihood. However, synchronized flow (S) has the highest
SC likelihood, followed by the transitional state from syn-
chronized flow to wide moving jams (S⟶J). ,e proba-
bilities of SC occurrence associated with F⟶S, S⟶F, and
J⟶S are very similar to each other. In detail, the SC
probability of synchronized flow (S) is 8.561 times higher
than free flow (F).,e SC probability of the transitional state
from free low to synchronized flow (F⟶S) is 2.488 times
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higher than free flow (F). ,e SC probability of the tran-
sitional state from synchronized flow to free flow (S⟶F) is
3.535 times higher than free flow (F). ,e SC probability of
the transitional state from synchronized flow to wide
moving jams (S⟶J) is 7.943 times higher than free flow (F).
,e SC probability of the transitional state from wide
moving jams to synchronized flow (J⟶S) is 3.881 times
higher than free flow (F).

4.2. -e Contributing Factors of Secondary Crash in Different
Traffic Flow States. To identify how different contributing
factors affect the SC probability in different traffic flow states,
the traditional logistic regression models were applied [40].
,e events are PC that induced SC and the non-events are
NC that did not induce SC. In models, 1 is PC and 0 is NC. P
value of 0.1 was employed for parameter estimate signifi-
cance in these models. ,e models were estimated using the
software package STATA. To avoid the biased results caused
by multicollinearity, the Pearson correlation parameters
between different candidate variables were calculated. ,e
highly correlated explanatory variables were avoided to be
included into the model simultaneously. ,e significant
variables of the traditional logistic regression models in
different traffic flow states are presented in Table 3. ,e
meaning of symbols in Table 4 has been explained in Table 1.

In free flow (F), as shown in Table 4, Stdc and Lstdo were
found to be positively related to the SC probability, but Spd and
Sswere found to be negatively related to the SC probability.,e
difference of occupancy between adjacent lanes was found to
be related to lane-change frequency [41]. ,e results indicated
that the free flow with low speed and more lane changing
behaviours can result in the increasing of SC risk. Moreover,
the non-sideswipe prior crash can significantly increase the SC
risk in free flow. In summary, the preventive measures for SC
in free flow (F) are rapid evacuation of congestion and de-
creasing the interaction between vehicles.

In synchronized flow (S), Lw, Os, Occ, Lspd, and Ho
were found to be positively related to the SC probability, and
Stdo was found to be negatively related to the SC probability.
In synchronized flow, there is a tendency to the synchro-
nization of speeds on each lane and across different lanes
[19]. ,e results showed that the congested flow and syn-
chronization of traffic flow can lead to the increasing of SC
likelihood. In addition, larger lane width and outer shoulder
widthmay encourage drivers to take advantage of large space

to pass the congested flow which is caused by a prior crash.
,us, the SC probability will increase in larger lane width
and outer shoulder width situation. If the prior crash is a hit
object crash, the SC probability will also increase. In sum-
mary of the preventive measures for SC in synchronized flow
(S), relieving the traffic congestion as soon as possible, re-
ducing the number of lanes, and reducing outer shoulder
width can decrease the SC risk while a prior crash occurs,
especially a hit object prior crash.

In wide moving jams (J), Stdo was found to be positively
related to the SC probability, and Lcnt was found to be
negatively related to the SC probability.,e results indicated
that the synchronization of vehicles between different ad-
jacent lanes can significantly increase the SC likelihood. ,e
large variation of occupancy in wide moving jams can

Table 3: ,e estimation results of Bayesian conditional logit
models.

Traffic flow states Mean MC error 2.50% 97.50% Odds ratio
S 2.258 0.016 1.368 3.190 9.561
J 1.258 0.025 −0.115 2.634 3.519
F⟶S 1.249 0.018 0.445 2.066 3.488
S⟶F 1.512 0.019 0.627 2.434 4.535
S⟶J 2.191 0.018 1.082 3.327 8.943
J⟶S 1.585 0.025 0.430 2.769 4.881
Fa
aFree flow (F) is the reference level.

Table 4: ,e estimation results of the traditional logistic regression
models.

Variables Coefficient S.D. P>|z| 2.50% 97.50%
Free flow (F)
Spd −0.144 0.022 0.0001 −0.187 −0.100
Stdc 0.472 0.146 0.001 0.185 0.759
Lstdo 13.093 4.187 0.002 4.886 21.300
Ss −1.306 0.533 0.014 −2.351 −0.261
Cons 2.511 1.487 0.091 −0.403 5.425
Synchronized flow (S)
Lw 3.295 1.005 0.001 1.325 5.264
Os 0.274 0.126 0.029 0.027 0.520
Occ 12.822 4.849 0.008 3.318 22.325
Stdo −9.711 4.097 0.018 −17.742 −1.681
Lspd 0.087 0.043 0.043 0.003 0.171
Ho 1.403 0.829 0.091 −0.222 3.027
Cons −48.560 13.309 0.0001 −74.645 −22.476
Wide moving jams (J)
Stdo 20.025 8.668 0.021 3.037 37.014
Lcnt −1.685 0.576 0.003 −2.813 −0.556
Cons −6.809 1.697 0.0001 −10.135 −3.483
,e transitional state from free flow to synchronized flow (F⟶S)
Is −0.275 0.126 0.029 −0.521 −0.029
Dc −0.764 0.280 0.006 −1.313 −0.215
Occ 26.222 9.524 0.006 7.556 44.888
Co 8.109 2.639 0.002 2.936 13.281
Lstdo −23.091 10.220 0.024 −43.122 −3.060
Cons −8.399 2.144 0.0001 −12.602 −4.197
,e transitional state from synchronized flow to free flow (S⟶F)
C −4.475 1.635 0.006 −7.681 −1.270
Ds 0.077 0.047 0.100 −0.015 0.170
Ss 1.459 0.789 0.065 −0.088 3.005
Cons −1.254 0.912 0.169 −3.041 0.534
,e transitional state from synchronized flow to wide moving
jams (S⟶J)
Is −0.241 0.118 0.041 −0.473 −0.010
Dc −0.695 0.288 0.016 −1.258 −0.131
Stdo 9.106 4.366 0.037 0.548 17.663
Cons −1.586 1.119 0.156 −3.780 0.607
,e transitional state from wide moving jams to synchronized
flow (J⟶S)
Tr 7.849 3.412 0.021 1.161 14.536
Cs −27.593 14.976 0.065 −56.945 1.759
Cons 0.442 2.240 0.844 −3.948 4.831
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significantly increase the SC likelihood. ,erefore, making
full use of available lanes and relieving the traffic congestion
quickly, while a prior crash occurs, can help to reduce the SC
risk in wide moving jams (J).

In the transitional state from free flow to synchronized
flow (F⟶S), Occ and Co were found to be positively related
to the SC probability, but Is, Dc, and Lstdo were found to be
negatively related to the SC probability. ,e results implied
that the significant tendency from free flow to synchronized
flow can result in more congestion, less space, and more
lane-change behaviours; the SC likelihood will increase with
the traffic flow more and more congested in F⟶S. In
addition, the evacuation of congested flow can benefit from
the larger inner shoulder width, and the larger inner
shoulder width can provide more space for drivers to apply
crash avoidance measures. ,us, the larger inner shoulder
width can decrease the SC likelihood.

In the transitional state from synchronized flow to free
flow (S⟶F), Ds and Ss were found to be positively related
to the SC probability, and Cc was found to be negatively
related to the SC probability. Similar to the results of F⟶S,
the more congested the transitional state tends to be, the
larger the SC probability will get. In addition to the traffic
flow characteristics, if the prior crash is a sideswipe crash, the
SC probability will also increase. In summary of the pre-
ventive measures for SC in S⟶F state, relieving the traffic
congestion quickly can help to reduce the SC risk while a
prior crash occurs, especially a sideswipe prior crash.

In the transitional state from synchronized flow to
wide moving jams (S⟶J), Stdo was found to be posi-
tively related to the SC probability, but Is and Dc were
found to be negatively related to the SC probability.
Synchronized flow and wide moving jams are both
congested flow. In this transitional state, more congested
flow will decrease the SC probability. ,is result is op-
posite to the results in F⟶S and S⟶F. It is because the
less available space for drivers will lead to less dangerous
driving behaviours. In this transitional state, similar to
the results of F⟶S, the larger inner shoulder width can
provide more space for drivers to apply crash avoidance
measures.

In the transitional state from wide moving jams to
synchronized flow (J⟶S), Tr was found to be positively
related to the SC probability, and Cs was found to be
negatively related to the SC probability. In previous studies,
it has been proved that the prior crash including a truck is
found to be a significant factor of SC [11]. In this transitional
state, the results showed that the prior crash including a
truck also significantly affects SC risk.

5. Conclusion

In this study, the traffic flow is divided by three-phase traffic
theory. ,e main purpose is to analyse the difference of
safety performance for SC in different traffic flow sates and
explore how contributing factors affect the probability of SC
in different traffic flow sates. ,e SC related data were
collected from the I-880 freeway in the United States from
2006 to 2011. ,e Bayesian conditional logit models have

been established to analyse the statistical relationship be-
tween the SC probability and traffic flow states. ,e tradi-
tional logistic regression models were established to quantify
the effects of various variables on the SC probability in
different traffic flow states.

More specifically, the results of the Bayesian conditional
logit model have been summarized as follows:

(1) F has the best safety performance in terms of the
lowest SC likelihood

(2) S has the highest SC likelihood, followed by S⟶J
(3) ,e probabilities of SC occurrence associated with

F⟶S, S⟶F, and J⟶S are very similar to each
other

(4) J is not significantly greater than F

In addition, the results of the traditional logistic re-
gression model have been summarized as follows:

(1) In free flow (F), rapid evacuation of congestion and
decreasing the interaction between vehicles can re-
duce the SC risk while a prior crash occurs, especially
a non-sideswipe prior crash

(2) In synchronized flow (S), relieving the traffic con-
gestion as soon as possible, reducing the number of
lanes, and reducing outer shoulder width can de-
crease the SC risk while a prior crash occurs, es-
pecially a hit object prior crash

(3) In wide moving jams (J), making full use of available
lanes and relieving the traffic congestion quickly,
while a prior crash occurs, can help to reduce the SC
risk

(4) In the transitional state from free flow to synchro-
nized flow (F⟶S) and the transitional state from
synchronized flow to wide moving jams (S⟶J),
larger inner shoulder width can decrease the SC
likelihood

(5) In the transitional state from synchronized flow to
free flow (S⟶F), relieving the traffic congestion
quickly can help to reduce the SC risk while a prior
crash occurs, especially a sideswipe prior crash

(6) In the transitional state from wide moving jams to
synchronized flow (J⟶S), the prior crash including
a truck also significantly affects SC risk

,is research can help traffic management personnel
better understand which traffic flow state is more dangerous
for the occurrence of SC and realize the contributing factors
of SC in different traffic flow states. ,e results can be
applied to develop effective countermeasures and reduce the
SC probability in different traffic flow states. However, there
are still several issues and potential future studies as follows:

(1) More PC characteristics need to be considered in the
analysis of SC risk. In this study, only four crash
types were taken into account in models

(2) In this study, the traffic flow is only divided by three-
phase traffic theory. More macroscopic traffic flow
theories should be studied in the future
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(3) Additional research is needed to test for the trans-
ferability of the research findings to other freeways

(4) In future studies, more models should be used to
compare with the Bayesian conditional logit model
and the traditional logistic regression model in this
study

Data Availability

,e weather data were obtained from the National Climate
Data Center (NCDC) website which provides hourly
weather information. ,e geometric and traffic data were
collected from the nearest loop detector stations to each
collision location and obtained from the Highway Perfor-
mance Measurement System (PeMS) maintained by the
California Department of Transportation (Caltrans). Crash
data were obtained from the Statewide Integrated Traffic
Records System (SWITRS) of the Caltrans.
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