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Revisiting spatial correlation in crash injury severity: A Bayesian generalized ordered probit 1 

model with Leroux conditional autoregressive prior 2 

 3 

ABSTRACT 4 

 5 

To properly account for the spatial correlation of the crashes that are in close proximity, this study 6 

proposes a Bayesian spatial generalized ordered probit (SGOP) model with Leroux conditional 7 

autoregressive (CAR) prior for crash severity analysis, using the comprehensive crash data of Kaiyang 8 

Freeway in Guangdong Province of China in 2014. The proposed model can accommodate the ordinal 9 

nature of injury severity and relax the assumption of monotonic effects of explanatory factors on the 10 

crash injury severity. More importantly, strength of spatial correlation is considered in the proposed 11 

model. Results indicate that the proposed SGOP model with Leroux CAR prior outperforms the 12 

conventional generalized ordered probit (GOP) model and SGOP model with intrinsic CAR prior in 13 

terms of model fit and classification accuracy. Also, there is moderate spatial correlation for the crashes 14 

that are in close proximity. Results of parameter estimation indicate that factors including vehicle type, 15 

horizontal curvature, vertical grade, precipitation, visibility, traffic composition, day of the week, crash 16 

type, and response time of emergency medical service all affect the crash injury severity. Additionally, 17 

the marginal effects of explanatory variables on the probabilities of slight injury and fatal and severe 18 

injury (FSI) crashes are estimated. Findings of this study can advance the understanding on the 19 

relationship between crash injury severity and possible factors, and indicate the effective engineering 20 

countermeasures that can mitigate the risk of more severe crashes on the freeways. 21 

 22 

Keywords: Traffic crash; injury severity; generalized ordered probit model; spatial correlation; Leroux 23 

conditional autoregressive prior. 24 



3 
 

 1 
1. INTRODUCTION 2 
 3 

Road crash is one of the leading causes of deaths resulting from injuries round the world. More 4 

than 1.3 million peoples die on the roads every year. It costs up to 3% of GDP in some developing 5 

countries (World Health Organization, 2018). In China, there were more than 240,000 road crashes in 6 

2018. It resulted in about 63,000 deaths, 260,000 personal injuries, and property loss of 1.4 billion 7 

CNY (i.e. 0.2 billion USD), according to the Annual Statistical Report on Roadway Traffic Accidents 8 

published by the Ministry of Public Security of China (2019). Therefore, it is of paramount importance 9 

to understand the effects of contributory factors on the crash and injury risk. This can then facilitate 10 

the development of effective policy initiatives and engineering countermeasures of government 11 

agencies, transport planners and engineers, and vehicle manufacturers that can mitigate the potential 12 

road safety hazards and minimize the toll of road death and casualty. 13 

 14 

Discrete outcome models based on logit and probit regression approaches have been extensively 15 

adopted to examine the relationship between possible contributory factors and crash injury severity. 16 

To address the problems including endogeneity, unobserved heterogeneity, and multivariate correlation, 17 

advanced methodological approaches like generalized ordered model (Eluru et al., 2008; Xie et al., 18 

2009), bivariate and multivariate models (Dong et al., 2016; Winston et al., 2006), random parameter 19 

model (Milton et al., 2008), latent class model (Yasmin et al., 2014), Markov switching model 20 

(Malyshkina and Mannering, 2009), and Bayesian hierarchical model (Huang et al., 2011) are 21 

proposed. As revealed in two comprehensive reviews on the methodological developments of crash 22 

data analytics, it is crucial to accommodate the effect of spatial correlation (also known as “spatial 23 

dependence”) when modelling the prevalence of crashes that are in close proximity (Savolainen et al., 24 

2011; Mannering and Bhat, 2014). This is sensible because crashes and related attributes are location 25 

specific and are often mapped to some spatial units of analysis (e.g. intersections, roadway segments, 26 

and areal units, etc.). There are often unmeasured (or ‘unobserved’) factors that affect the severity 27 

levels of crashes that are in close proximity in the same way (Castro et al., 2013).  28 

 29 
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Spatial correlation does not only exist in crash severity models, but also in crash frequency models 1 

(Wen et al., 2019a). Several advanced spatial modeling approaches including simultaneous 2 

autoregressive model (Quddus, 2008), conditional autoregressive (CAR) model (Quddus, 2008), and 3 

generalized estimating equations (Abdel-Aty and Wang, 2006), have been advocated to account for 4 

the effect of spatial correlation in crash frequency models (Ziakopoulos and Yannis, 2020). Results 5 

indicate that problem of model misspecification can be resolved, and prediction performance can be 6 

improved when spatial correlation among neighboring units are accounted (Aguero-Valverde and 7 

Jovanis, 2008). Otherwise, variances of parameters would be underestimated, and some (statistically) 8 

insignificant factors can be misinterpreted as ‘significant’ (Zeng et al., 2019b).  9 

 10 

Spatial analyses of crash frequency, whether or not accounting for spatial correlation, are prevalent 11 

(Cai et al., 2019; Huang et al., 2016; Soroori et al., 2019; Wen et al., 2019b; Zeng et al., 2020b; Zhai 12 

et al., 2019). However, spatial correlation is often ignored in crash severity models (i.e. individual 13 

crashes are often assumed to be spatially ‘independent’). Nevertheless, Xu et al. (2016) first developed 14 

a spatial binary logit model with CAR prior to account for the spatial correlation when modeling the 15 

injury severity of pedestrians involving in the crashes at signalized intersections. Later on, Meng et al. 16 

(2017) extended the spatial model to account for spatio-temporal correlation when modeling the injury 17 

severity of occupants of taxi-related crashes. Furthermore, Prato et al. (2018) proposed a linear spatial 18 

binary logit model, with which the spatial correlation was accounted for using a spatial lag structure, 19 

to analyze the pedestrian injury severity in Denmark. For multi-level crash outcomes (i.e. more than 20 

two), Castro et al. (2013) developed a spatial generalized ordered probit (SGOP) model, with which 21 

the spatial dependency was accounted using a spatial lag in the error terms. It was adopted in the truck-22 

related crash severity model in New York (Zou et al., 2017). Recently, Zeng et al. (2019a) proposed a 23 

Bayesian spatial generalized ordered logit model with CAR prior to analyze the freeway crash severity 24 

in China.  25 

 26 

Previous studies indicate that overall model fit can be improved and precision of parameter 27 

estimation can be enhanced after accounting for the spatial correlation in the crash severity model. In 28 
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particular, Bayesian spatial model with CAR prior is more commonly used, considering the 1 

computation efficiency, compared with the models based on spatial lag and spatial error structures 2 

(Quddus, 2008). Nonetheless, the CAR prior adopted in these studies is intrinsic. It is a conditional 3 

specification of the Gaussian Markov random field. Intrinsic CAR prior specification indicates the 4 

presence of spatial correlation, regardless of the degree of strength, across the entire study area. This 5 

may hinder the identifiability and convergence of Bayesian estimation (Eberly and Carlin, 2000). To 6 

this end, alternate CAR prior specifications have been proposed (Cressie 1993; Leroux et al., 1999). 7 

In particular, the CAR formulation proposed by Leroux et al. (1999) (known as “Leroux CAR” in the 8 

rest of the paper) specifies the joint distribution of independent and spatially structured random effects. 9 

It is capable of representing varying degree of spatial correlation (i.e., strong, medium and weak, etc.), 10 

compared with the intrinsic CAR prior. Lee (2011) compared the performances among the models 11 

using different CAR prior formulations. Results indicate that the Leroux CAR prior is superior. In 12 

addition, it is suitable to model the spatial distribution of crash frequency (Xu et al., 2017). Despite 13 

that there are possible improvements in modeling efficiency and model fit, it is rare that the Leroux 14 

CAR prior is applied to model the spatial correlation in the crash severity models. 15 

 16 

Therefore, in this study, we aim to: (1) propose a SGOP model with Leroux CAR prior to model 17 

the crash severity, with which the spatial correlation in the injury severities of crashes that are in close 18 

proximity are controlled; and (2) assess the performances of the SGOP model with Leroux CAR prior, 19 

a SGOP model with intrinsic CAR prior, and a conventional generalized ordered probit (GOP) model, 20 

using the comprehensive crash data of a freeway in Guangdong Province of China. In particular, the 21 

models are estimated using the Bayesian approach, given its superior performance as compared to the 22 

maximum likelihood estimation approach (Xie et al., 2009). 23 

 24 

The rest of this paper is structured as follows. Crash data used are described in Section 2. Model 25 

formulation and estimation method are specified in Section 3. Results are presented and possible 26 

implications are suggested in Section 4. Finally, concluding remarks and recommendations for future 27 

research are provided in Section 5. 28 
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 1 

2. DATA 2 

 3 

In this study, comprehensive dataset of the Kaiyang Freeway in Guangdong Province of China in 4 

2014 is used. Figure 1 illustrates the location of Kaiyang Freeway.  5 

 6 

Figure 1 Illustration of the Study Sites 7 

 8 

As shown in Figure 1, Kaiyang Freeway is a part of the national level expressway, G15 Shenyang–9 

Haikou Expressway, of China, starting from the kilometer marker K79 and ending at K204. Total 10 

length of Kaiyang Freeway is 125 kilometers. The dataset consists of four parts: (i) crash data, (ii) 11 

roadway inventory, (iii) traffic flow characteristics, and (iv) weather data.  12 

 13 

2.1. Crash data 14 

 15 

Crash data are extracted from the Highway Maintenance and Administration Management System, 16 

which is administered by the Guangdong Transportation Group. For each crash, injury severity level 17 

is defined based on that of the most severely injured person. Crash injury severity is divided into four 18 

classes: (i) no injury (i.e., property damage only), (ii) slight injury, (iii) severe injury, and (iv) fatality. 19 

In China, fatality refers to the one who dies within 7 days after crash. There were 691 crashes in total 20 

at the Kaiyang freeway in 2014. In particular, there were 556 (80.5%) no injury crashes, 95 (13.7%) 21 

slight injury crashes, 21 (3.0%) severe injury crashes, and 19 (2.8%) fatal crashes. Consider the 22 

modeling deficiency attributed to small sample sizes, severe injury crashes and fatal crashes are 23 



7 
 

combined into one class as “fatal and severe injury (FSI) crashes”. 1 

 2 

Other than crash severity, data including response time of emergency medical service (EMS), 3 

vehicle class (i.e., passenger car, bus, truck, and other vehicles), license type (i.e. whether the vehicle 4 

is registered in the Guangdong Province), crash type (i.e., single vehicle crash, rear-end crash, and 5 

angled crash), day of the week (i.e., weekday and weekend), crash time (i.e., before dawn, morning, 6 

afternoon, and evening), and crash location (in term of mileage) of every crash are also available in 7 

the dataset.  8 

 9 

2.2. Roadway inventory 10 

 11 

For the road geometry, the freeway profile is obtained from the Guangdong Province 12 

Communication Planning and Design Institute. As the characteristics including number of lanes, lane 13 

width, pavement type, central median, shoulder type and posted speed limit are fixed across the whole 14 

freeway sketch in accordance with Design Specification for Highway Alignment (2006), we only 15 

include the factors that have considerable variations, e.g., horizontal curvature, vertical grade, presence 16 

of bridge, and presence of entrance and exit ramps, etc., among the individual segments in the proposed 17 

crash severity models. The freeway under investigation is divided into 154 consecutive segments, each 18 

of which have homogeneous horizontal curvature and vertical grade (Ahemed et al., 2011; Wen et al., 19 

2019a). Figure 2 illustrates the distribution of crashes across different segments. 20 

 21 

Figure 2 Distribution of crashes across different segments 22 

 23 
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To indicate whether the crashes are spatially correlated, an indicator that is commonly adopted in 1 

geo-informatics - Moran’s I is determined as: 2 

 𝑀𝑜𝑟𝑎𝑛 𝐼
∑ ∑ ,

∑ , ∑
                            (1) 3 

where N is the sample size, 𝐶  and 𝐶  are the numbers of crashes of segment 𝑚 and segment 𝑛, 4 

𝐶 is the overall mean, and ω ,  is the spatial adjacency weight between 𝑚 and 𝑛.  5 

 6 

The spatial adjacency weight is defined using the first-order neighboring structure (Wen et al., 2019b, 7 

Xu et al., 2016; Zeng et al., 2019a). Hence, ω , 1 when 𝑚 and 𝑛 are neighbors (i.e. sharing a 8 

common end) and ω , 0 otherwise. Overall, the value of Moran’s I is 0.203 (Z-score = 2.605). 9 

This implies that the crashes are spatially clustered at the 5% level of significance. 10 

 11 

2.3. Traffic flow characteristics 12 

 13 

Comprehensive traffic data are obtained from the database of Guangdong Freeway Network Toll 14 

System. In accordance to the standard of the Guangdong Transportation Department, there are five 15 

vehicle classes: (i) Vehicle Class I - with two axles, two to four wheels, wheelbase less than 3.2 m, and 16 

height less than 1.3 m, i.e., passenger cars; (ii) Vehicle Class II - with two axles, four wheels, wheelbase 17 

greater than 3.2 m, and height greater than 1.3 m, i.e., light trucks; (3) Vehicle Class III - with two 18 

axles, six wheels, wheelbase greater than 3.2 m, and height greater than 1.3 m, i.e., medium trucks and 19 

light buses; (4) Vehicle Class IV - with three axles, six to ten wheels, wheelbase greater than 3.2 m, 20 

and height greater than 1.3 m, i.e., large trucks and buses; and (5) Vehicle Class V - with more than 21 

three axles, more than ten wheels, wheelbase greater than 3.2 m, and height greater than 1.3 m, i.e., 22 

super large trucks and trailers. 23 

 24 

Traffic flow data are aggregated at daily level. Considering the differences in the velocity and 25 

acceleration performances, normalized daily traffic volume is calculated based on the weighted sum 26 

of traffic by vehicle classes (with weight equal to 1, 1.5, 2, 3 and 3.5 for Vehicle Class I, II, III, IV and 27 

V respectively) as, 28 
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𝑁𝐷𝑇𝑉 , 𝑇𝑉_1 , 1.5𝑇𝑉_2 , 2𝑇𝑉_3 , 3𝑇𝑉_4 , 3.5𝑇𝑉_5 ,         (2) 1 

where 𝑁𝐷𝑇𝑉 ,  denotes the normalized daily traffic volume at Segment 𝑖 on Day 𝑡 and 𝑇𝑉_1 , , 2 

𝑇𝑉_2 ,  , 𝑇𝑉_3 ,  , 𝑇𝑉_4 ,  , and 𝑇𝑉_5 ,   are the observed daily traffic at Segment 𝑖  on Day 𝑡  for 3 

Vehicle Class I, II, III, IV and V respectively. 4 

 5 

To reflect the effect of traffic composition on crash injury severity, proportions of different vehicle 6 

classes in the traffic flow mix are also estimated and considered in the proposed analysis as: 7 

𝑃𝑉𝐶_1 ,
_ ,

_ , . _ , _ , _ , . _ ,
                   (3) 8 

𝑃𝑉𝐶_2 ,
. _ ,

_ , . _ , _ , _ , . _ ,
                   (4) 9 

𝑃𝑉𝐶_3 ,
_ ,

_ , . _ , _ , _ , . _ ,
                   (5) 10 

𝑃𝑉𝐶_4 ,
_ ,

_ , . _ , _ , _ , . _ ,
                   (6) 11 

𝑃𝑉𝐶_5 ,
. _ ,

_ , . _ , _ , _ , . _ ,
                   (7) 12 

where 𝑃𝑉𝐶_1 , , 𝑃𝑉𝐶_2 , , 𝑃𝑉𝐶_3 , , 𝑃𝑉𝐶_4 , , and 𝑃𝐶𝑉_5 ,  are the proportions of Vehicle Class 13 

I, II, III, IV and V respectively at Segment 𝑖 on Day 𝑡. 14 

 15 
2.4. Weather data 16 
 17 

The meteorological observation and measurement data at three county-level weather stations along 18 

the Kaiyang Freeway are obtained from the Meteorological Information Management System, which 19 

is maintained by the Guangdong Climate Center. For every crash, the weather data is matched in 20 

accordance to the distance from the nearby weather station (Naik et al., 2016; Yu and Abdel-Aty, 2014). 21 

Information on the wind speed, precipitation, temperature, humidity, and visibility in the hour of crash 22 

are available.  23 

 24 

 Table 1 summarizes the distribution of the sample (i.e. 691 crashes). We have conducted the multi-25 

collinearity test for the candidate variables. In particular, variables that have high variance inflation 26 

factor (VIF) values (i.e. % of Vehicle Class V) would not be considered in subsequent analyses. 27 
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Table 1. Descriptive statistics of the sample 1 

Scope of 
work 

Variable Description Mean S.D. Min. Max. Proportion 

Vehicle 
involved 

Car^ All vehicles involved are cars = 1; else = 0 — — — — 0.57
Bus Not less than one bus involved = 1; else = 0 — — — — 0.07
Truck Not less than one truck involved = 1; else = 0 — — — — 0.32
Others Not less than one other vehicle involved = 1; else = 0 — — — — 0.08

Non-local vehicle 
No less than one non-local (e.g. Guangdong Province) 
registered vehicle involved = 1; else = 0

— — — — 0.27

Road 
geometry 

Horizontal curvature Horizontal curvature of crash location (0.1 km-1) 1.9 1.2 0.0 4.4 —

Vertical grade Vertical grade of crash location (%) 0.8 0.7 0.0 2.9 —

Bridge Crash located on a bridge = 1; else = 0 — — — — 0.57
Ramp Crash located near the freeway ramp = 1; else = 0 — — — — 0.24

Traffic 
composition 

% of Vehicle Class 
I^ 

Percentage of Class I vehicle 42.2 12.2 24.9 79.6 —

% of Vehicle Class II Percentage of Class II vehicle 2.5 0.7 1.4 5.7 —

% of Vehicle Class 
III 

Percentage of Class III vehicle 21.3 3.3 13.5 33.7 —

% of Vehicle Class 
IV 

Percentage of Class IV vehicle 6.1 2.1 1.5 9.4 —

% of Vehicle Class V Percentage of Class V vehicle 27.9 9.7 3.6 43.1 —

Weather 
condition 

Wind speed Average wind speed in the crash hour (m/s) 2.9 2.0 0.0 16.7 —

Precipitation Total precipitation in the crash hour (mm) 0.8 3.6 0.0 54.8 —

Temperature Average temperature in the crash hour (℃) 23.2 6.5 4.8 36.8 —

Humidity Average humidity in the crash hour (%) 78.6 16.1 21.0 100.0 —

Visibility Average visibility in the crash hour (km) 17.6 18.7 0.1 80.0 —

Time of the 
day 

Before dawn^ Crash time is within [12:00 a.m., 5:59 a.m.]= 1; else = 0 — — — — 0.22
Morning Crash time is within [6:00 a.m., 11:59 a.m.] = 1; else = 0 — — — — 0.39
Afternoon Crash time is within [12:00 p.m., 5:59 p.m.]= 1; else = 0 — — — — 0.21
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Evening Crash time is within [6:00 p.m., 11:59 p.m.] = 1; else = 0 — — — — 18 

Crash type 

Single-vehicle 
crash^ 

Crash involved one vehicle only = 1; crash involved 
multiple vehicles = 0

— — — — 44 

Rear-end crash A rear-end crash = 1; else = 0 — — — — 26 
Angled crash An angled crash = 1; else = 0 — — — — 30 

Day of the 
week 

Weekend 
Crash occurred on weekend = 1; crash occurred on 
weekday = 0

— — — — 33 

Traffic flow Traffic volume 
Normalized daily traffic volume at the crash location 
(103 passenger car unit, PCU)

5.66 1.07 2.25 10.17 — 

EMS 
response 

EMS response time 
Time interval between crash reporting and EMS arrival 
on the scene (min)

20.7 18.0 2 260 — 

^ Reference category 1 
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3. METHOD 1 

 2 

Crash injury severity is often modeled using the ordered response models (e.g. ordered probit/logit 3 

model) given its ordinal nature (Savolainen et al., 2011). In this part, the formulations of conventional 4 

GOP model and two proposed SGOP models (i.e. SGOP with intrinsic CAR prior and SGOP with 5 

Leroux CAR prior) are specified. Also, the formulations of Bayesian estimation process, assessment 6 

criteria, and compution of marginal effect would be given. 7 

 8 

3.1. Model formulation 9 

 10 

3.1.1. Conventional GOP model 11 

 12 

In the standard ordered response model, effects of explanatory variables on the outcomes are 13 

restricted to be monotonic. In the conventional GOP model, such restriction is relaxed by allowing the 14 

thresholds to vary with explanatory variables (Yasmin et al., 2014). Specifically, a latent injury severity 15 

propensity 𝑧  is denoted as the base for the rank ordering (i.e. crash injury severity) of 𝑖th observation. 16 

Propensity is formulated as a linear function of the explanatory variables 𝐗  as, 17 

𝑧 𝛃𝐗 𝜀 .                                (8) 18 

where 𝛃 is a vector of estimable coefficients (including a constant) associated with the explanatory 19 

variables 𝐗 ; and 𝜀  is a residual term following a standard normal distribution. 20 

 21 

The latent propensity 𝑧  of 𝑖th crash is mapped to the observed injury severity level 𝑦  using the 22 

thresholds  𝜇 , 𝑘 1,2, ⋯ , 𝐽 1  as, 23 

𝑦

⎩
⎪
⎨

⎪
⎧

1, 𝑧 𝜇 ,

2, 𝜇 , 𝑧 𝜇 ,

⋮  ⋮
𝑗 𝜇 , 𝑧 𝜇 ,

⋮ ⋮ 
𝐽 𝑧 𝜇 ,

,              (9) 24 

where 𝑗 ∈ 1, 2, … , 𝐽   represents the ordinal injury severity outcome in an ascending order (i.e. 1 25 
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refers to ‘no injury crash’, 2 refers to ‘slight injury crash’ and 3 refers to ‘FSI crash’ respectively).  1 

 2 

To increase the model flexibility, the thresholds are parameterized as follow (Eluru et al., 2008), 3 

𝜇 , 𝜇 , exp 𝛂 𝐙 , , ∀𝑘 ∈ 2, … , 𝐽 2 ,                (10) 4 

where 𝐙 ,  is the vector of covariates associated with the 𝑘th threshold and 𝛂  is the vector of 5 

corresponding parameters (also include constant).  6 

 7 

For the uniqueness of identification, value of 𝜇 ,   is fixed at zero. Therefore, the model 8 

generalization process will not be affected (Yasmin et al., 2014). In other word, it is necessary to 9 

estimate parameter 𝛂  only when establishing the threshold between slight injury and FSI crashes, 10 

𝜇 ,  in the empirical analysis. 11 

 12 

As the residual term 𝜀   is standard normally distributed, for some crash 𝑖 , the cumulative 13 

probability of having a crash with injury severity level of 𝑗 or below, 𝑃 , , can be calculated as, 14 

𝑃 , Φ 𝛃𝐗 ,                               (11) 15 

𝑃 , Φ 𝜇 , 𝛃𝐗 Φ ∑ exp 𝛂 𝐙 , 𝛃𝐗 , ∀𝑗 ∈ 2, … , 𝐽 1 ,          (12) 16 

𝑃 , 1.                                (13) 17 

 18 

In Eqs. (4) and (5), Φ ∙  is the cumulative distribution function of standard normal distribution. 19 

 20 

Therefore, the probability of crash 𝑖 of injury severity level 𝑗, 𝑝 , , is calculated as: 21 

𝑝 , 𝑃 , Φ 𝛃𝐗 ,                           (14) 22 

𝑝 , 𝑃 , 𝑃 , Φ 𝜇 , 𝛃𝐗 Φ 𝜇 , 𝛃𝐗 , ∀𝑗 ∈ 2, … , 𝐽 1 ,         (15) 23 

  𝑝 , 1 𝑃 , 1 Φ 𝜇 , 𝛃𝐗 .                   (16) 24 

 25 

3.1.2. SGOP model with intrinsic CAR prior 26 

 27 



14 
 

In the GOP model framework, spatial correlation of the crashes that are in close proximity can be 1 

accounted in the latent propensity formulation, by incorporating a residual term with intrinsic CAR 2 

prior (Zeng et al., 2019a). This reflects the effects of common (unobserved) factors in the neighboring 3 

spatial units on crash injury severity. Specifically, the latent injury propensity 𝑧  for crash 𝑖 at road 4 

segment 𝑚, is formulated as: 5 

𝑧 𝛃𝐗 𝜙 𝜀 ,                           (17) 6 

in which the residual term 𝜙  denotes the spatial effects of crashes at roadway segment 𝑚, and is 7 

specified using the intrinsic CAR prior advocated by Besag et al. (1991) as, 8 

𝜙 ~𝑁
∑ ,

∑ ,
,

∑ ,
 ,                       (18) 9 

where 𝜎 0  denotes the standard deviation parameter of the spatial term. 10 

 11 

Therefore, probability for crash 𝑖 having the outcome of injury severity level 𝑗 is specified as, 12 

𝑝 , Φ 𝛃𝐗 𝜙 ,                           (19) 13 

𝑝 , Φ 𝜇 , 𝛃𝐗 𝜙 Φ 𝜇 , 𝛃𝐗 𝜙 , ∀𝑗 ∈ 2, … , 𝐽 1 ,           (20) 14 

  𝑝 , 1 Φ 𝜇 , 𝛃𝐗 𝜙 .                      (21) 15 

 16 

The intrinsic CAR prior specified in Eq. (18) is one of the possible ways to model the spatial 17 

correlation. However, strength of correlation as specified by the intrinsic CAR prior is restrictive. For 18 

example, the spatial correlation structure remains unchanged even if the values of spatial term 𝜙  19 

and 𝜎  increase. It implies that the correlation structure as specified by the intrinsic CAR prior is not 20 

sensitive enough to the degree of spatial correlation. This may result in estimation bias if the degree of 21 

correlation is not considered (Lee, 2011). 22 

 23 

3.1.3. SGOP model with Leroux CAR prior 24 

 25 

To avoid possible drawbacks of the intrinsic CAR prior, Leroux et al. (1999) proposed a modified 26 

specification for the spatial term 𝜙 . It can be easily incorporated into the latent propensity function 27 
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and formulated as, 1 

𝜙 ~𝑁
∑ ,

∑ ,
,

∑ ,
 ,                (22) 2 

where 𝜌 0 𝜌 1  is the weight parameter that reflects the strength of correlation. 𝜌 0 means 3 

that two crashes are spatially independent. Increase in 𝜌 implies that the spatial correlation is stronger. 4 

𝜌 1 is a special case of Leroux CAR prior (i.e. intrinsic CAR prior). Therefore, the strength of 5 

spatial correlation (i.e. weak, medium and strong) can be accommodated. 6 

 7 

3.2. Bayesian estimation and performance assessment 8 

 9 

Before obtaining the Bayesian estimates of the parameters of interest, it is necessary to specify 10 

their prior distributions. If the prior information is available, it should be adopted to formulate the 11 

informative priors (Yu and Abdel-Aty, 2013); otherwise, uninformative prior distributions can be used. 12 

Specifically, we have used a diffused normal distribution, normal 0, 10 , as the priors of 𝛃 and 𝛂 . 13 

A uniform distribution, uniform 0.01, 10 , is specified as the prior of the spatial standard deviation 14 

parameter 𝜎. For the weight parameter, 𝜌, in the model with Leroux CAR prior, a uniform distribution, 15 

uniform 0, 1 , is used as the prior. 16 

 17 

The Bayesian posterior distributions of the parameters can be achieved using the Gibbs sampling 18 

algorithm in WinBUGS (Lunn et al., 2000). For each alternative model, we run a chain of 100,000 19 

Markov chain Monte Carlo (MCMC) simulation iterations, with which the first 50,000 iterations are 20 

treated as burn-in to achieve the model convergence. The convergence is assessed by visual inspection 21 

using the trace plots for the model parameters, and the ratios between Monte Carlo simulation errors 22 

and standard deviations of the estimates (i.e. less than 0.05). For details, readers may refer to the 23 

WinBUGS User Manual (Spiegelhalter et al., 2005). 24 

 25 

Deviance information criterion (DIC) and classification accuracy of every crash outcome and 26 

overall are adopted to assess the performances of the proposed models. DIC is deemed as a Bayesian 27 

equivalent of Akaike information criterion and Bayesian information criterion. It provides a hybrid 28 
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measure of model complexity and goodness-of-fit and is defined as (Spiegelhalter et al., 2002), 1 

DIC 𝐷 𝑝𝐷,                                                     (23) 2 

where 𝐷 is the posterior mean deviance that can be used as a fitness measure of the model, and 𝑝𝐷 3 

is the effective number of parameters that are used to measure the model complexity. Generally, a 4 

model with a lower DIC value is preferred. Particularly, difference in DICs greater than 10 implies that 5 

model with higher DIC value can be ruled out; and difference between 5 and 10 indicates that 6 

improvement in model fit is considerable (Spiegelhalter et al., 2005). 7 

 8 

The classification accuracy for crash severity level 𝑗 is calculated as (Zeng et al., 2019a), 9 

CA
∑

∑
100%, ∀𝑗 ∈ 1,2, … , 𝐽 ,                (24) 10 

where 𝑦  represents the predicted outcome of crash 𝑖. 11 

 12 

In a similar vein, the classification accuracy for the whole dataset is computed as, 13 

CA
∑ ⁄

∑ ⁄
100%.                        (25) 14 

 15 

3.3. Marginal effect 16 

 17 

Although the Bayesian estimates of the coefficients in the proposed models can directly indicate 18 

whether an explanatory variable may significantly affect the crash injury severity, it does not provide 19 

a clear sense of the direction and magnitude of the effect on the propensity of each injury severity level. 20 

Therefore, the marginal effects of significant explanatory variables should be computed. Specifically, 21 

the marginal effect of a continuous variable 𝑥  is calculated using the first-order derivative with 22 

respect to 𝑥 (Zeng et al., 2019a): 23 

, 𝛽 φ 𝛃𝐗 𝜙 ,                       (26) 24 

, 𝜇 , 𝛼 𝛽 φ 𝜇 , 𝛃𝐗 𝜙 𝛽 φ 𝛃𝐗 𝜙 ,          (27) 25 

, 𝛽 𝜇 , 𝛼 φ 𝜇 , 𝛃𝐗 𝜙 ,                  (28) 26 
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where φ ∙  is the probability density function of standard normal distribution, 𝛽  and 𝛼  are the 1 

parameters of covariate 𝑥 in the functions of injury propensity 𝑧  and the threshold between slight 2 

injury and FSI crashes 𝜇 , . 3 

 4 

For a dummy variable 𝑥, the marginal effect refers to the change in the estimated probability when 5 

x changes from zero to one (∆𝑥 1): 6 

∆ ,

∆
Φ 𝛃𝐗 𝛽 𝜙 Φ 𝛃𝐗 𝜙 ,            (29) 7 

∆𝑝 ,

∆𝑥
Φ exp 𝛂 𝐙 , 𝛼 𝛃𝐗 𝛽 𝜙 Φ exp 𝛂 𝐙 , 𝛃𝐗 𝜙  8 

Φ 𝛃𝐗 𝛽 𝜙 Φ 𝛃𝐗 𝜙 ,           (30) 9 

∆ ,

∆
Φ exp 𝛂 𝐙 , 𝛃𝐗 𝜙 Φ exp 𝛂 𝐙 , 𝛼 𝛃𝐗 𝛽 𝜙 ,    (31) 10 

where 𝐗   and  𝛃  are the vectors 𝐗   less 𝑥  and 𝛃   less 𝛽   respectively; and 𝐙 ,   and 𝛂   are 11 

the vectors 𝐙 ,  less 𝑥 and 𝛂  less 𝛼 , respectively.  12 

 13 

Noticeably, Eqs. (19)-(24) are applicable to the SGOP models only. For the conventional GOP 14 

model, the spatial term 𝜙  should be removed. In addition, the marginal effects estimated are specific 15 

to particular crash 𝑖. For the entire dataset, the average marginal effect of every significant variable 16 

would be estimated. 17 

 18 

4. RESULTS AND DISCUSSIONS  19 

 20 

4.1. Model comparison 21 

 22 

Table 2 illustrates the results of model assessment and Bayesian estimates of the hyper-parameters 23 

specified to CAR priors, and Table 3 shows the results of parameter estimation of the models with 24 

which the factors that have significant effects, at the 10% level, on the latent injury propensity and the 25 

threshold between slight injury and FSI are included. Marginal effects of significant factors of the GOP 26 

model, SGOP model with intrinsic CAR prior, and SGOP model with Leroux CAR prior are presented 27 
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in Table 4 to 6, respectively.   1 

 2 

As shown in Table 2, values of 𝐷 of the two SGOP models are much lower (differences greater 3 

than 10), compared to conventional GOP model. This indicates that the former is superior in term of 4 

the improvement of goodness-of-fit when modeling the crash injury severity. This is consistent to that 5 

of extant research (Meng et al., 2017; Xu et al., 2016; Zeng et al., 2019a) which suggest that it is 6 

necessary to account for the spatial correlation of crashes that are in close proximity. On the other hand, 7 

the classification accuracies of SGOP models (with intrinsic CAR prior and Leroux CAR prior) are 8 

higher than that of conventional GOP model. Particularly, the classification accuracies of FSI crashes 9 

(which have much higher economic and social implications than slight injury and no injury crashes) 10 

of SGOP models are 4 times greater than that of GOP model. As also shown in Table 2, the spatial 11 

standard deviation parameters 𝜎 of SGOP models are statistically significant, both at the 5% level. 12 

Significant spatial effects are anticipated. It may be attributable to the unobserved factors (i.e. terrain 13 

and road layout) which are spatially clustered and have common effects on the outcome of crashes that 14 

are in close proximity (Zeng et al., 2019a). In addition, proposed model with which the spatial 15 

correlations are accommodated can improve the accuracy of crash hotspot identification (Huang et al., 16 

2016). 17 

 18 

While the spatial correlations are found significant in the two spatial models, as indicated by the 19 

Bayesian estimates of 𝜎. Posterior mean of the weight parameter 𝜌 in the SGOP model with Leroux 20 

CAR prior is estimated at 0.67. This suggests that the spatial correlation is moderate. In contrast, SGOP 21 

model with intrinsic CAR prior is not capable of accommodating the strength of spatial correlation. As 22 

mentioned, SGOP model with intrinsic CAR prior can only indicate the presence of (strong) spatial 23 

correlation, but SGOP model with Leroux CAR prior can generalize the formulation by stratifying the 24 

spatial correlation into weak, medium, and strong (Lee, 2011). Therefore, the possible identifiability 25 

and convergence problems of Bayesian inference can be resolved (Eberly and Carlin, 2000). In 26 

addition, improvements in model fit (difference in DICs of seven) and overall classification accuracy 27 

are considerable. This justifies the suitability of SGOP model with Leroux CAR prior, particularly 28 
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when the strength of spatial correlation of crashes that are in close proximity can vary. 1 

  2 

As also shown in Table 3, results of parameter estimation of SGOP model with Leroux CAR prior 3 

are comparable to that of SGOP model with intrinstic CAR prior. However, there are slight derivations 4 

of the results of SGOP model with Leroux CAR prior (with greater posterior standard deviations) from 5 

that of GOP model, even not all. This is consistent to the findings of previous studies that suggest the 6 

precision of parameter estimation could have been overestimated if the spatial correlation was ignored 7 

(Quddus, 2008; Zeng et al., 2019a). This again justifies the needs of considering the spatial correlation 8 

when modeling the crash severity. Nonetheless, directions of the effects of all parameters are consistent 9 

among the proposed models. In addition, as shown in Table 4-6, differences in the marginal effects of 10 

significant factors that affect the crash injury severity, across the three models, are considerable. For 11 

example, probability of no injury is reduced by 6.7% for the crashes that involve truck as indicated in 12 

the SGOP model with Leroux CAR prior, however, the probability reduction of no injury is magnified 13 

to 8.0% (magnified by 19.4%) as indicated in the GOP model. On the other hand, probability of no 14 

injury is reduced by 11.7% for the angled crashes as indicated in the SGOP model with Leroux CAR 15 

prior, however, the probability reduction of no injury is magnified to 13.3% (magnified by 13.7%) as 16 

indicated in the SGOP model with intrinsic CAR prior. In general, effects of significant factors on 17 

crash injury severity are seemingly overestimated as indicated in the conventional spatial models, as 18 

compared to the proposed SGOP model with Leroux CAR prior. 19 

 20 

Table 2. Performance assessment of proposal models 21 

Assessment 
criterion 

Model 1: GOP 
Model 2: SGOP with 
intrinsic CAR prior 

Model 3: SGOP with 
Leroux CAR prior 

𝐷 790 735 733 

𝑝𝐷 49 90 85 

DIC 839 825 818 

CA  98.4% 96.9% 97.5% 

CA  6.3% 11.6% 11.6% 

CA  2.5% 12.5% 12.5% 
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CA 80.2% 80.3% 80.7% 

𝜎 — 0.44 (0.06, 0.99)a 0.49 (0.21, 0.79) a 

𝜌 — — 0.67 (0.13, 0.99) a 

a Estimated mean and 95% Bayesian credible interval for the hyper-parameters. 1 

 2 

Table 3. Results of parameter estimation 3 

 GOP 
SGOP with intrinsic CAR 

prior 
SGOP with Leroux CAR 

prior 

Variable 
Latent injury 

propensity 

Threshold 

between 

slight injury 

and FSI 

Latent 

injury 

propensity 

Threshold 

between 

slight injury 

and FSI 

Latent 

injury 

propensity 

Threshold 

between 

slight injury 

and FSI 

Constant -3.35 (0.86)*  -12.2 (0.90)* — -3.14 (0.72)* — 

Truck 0.32 (0.14)* — 0.31 (0.15)* — 0.30 (0.16)* — 

Others — -0.71 (0.43)^ — -0.76 (0.46)^ — -0.80 (0.45)^ 

Non-local 

vehicle 
0.27 (0.14)* — 0.33 (0.16)* — 0.33 (0.14)* — 

Horizontal 

curvature 
— -0.19 (0.10)^ — -0.20 (0.11)^ — -0.19 (0.11)^ 

Vertical grade — -0.86 (0.24)* — -0.86 (0.25)* — -0.89 (0.24)* 

% of Vehicle 

class III 
0.05 (0.02)* — 0.04 (0.02)* — 0.04 (0.02)* — 

Precipitation — 0.25 (0.18)* — 0.26 (0.20)* — 0.28 (0.21)* 

Visibility 0.007 (0.004)^ — 
0.007 

(0.005)^ 
— 

0.008 

(0.004)^ 
— 

EMS response 

time 
0.008 (0.003)* — 0.01 (0.004)* — 

0.009 

(0.004)* 
— 

Weekend — 0.60 (0.33)^ — 0.57 (0.30)^ — 0.54 (0.30)^ 

Rear-end crash 0.75 (0.15)* — 0.77 (0.17)* — 0.77 (0.17)* — 

Angled crash 0.46 (0.16)* — 0.65 (0.19)* — 0.57 (0.18)* — 

Note: Standard deviation of coefficients are shown in parentheses. 4 

* Statistically significant at the 5% level.  5 

^ Marginally significant at the 10% level. 6 

 7 

Table 4. Marginal effects of significant factors in GOP model 8 

Scope of work Variable No injury Slight injury FSI 



21 
 

Vehicle involved Truck -8.0% +4.6% +3.4% 

Other vehicle 0.0% -3.7% +3.7% 

Non-local vehicle -6.8% +3.9% +2.9% 

Road geometry Horizontal curvature 0.0% -5.9% +5.9% 

Vertical grade 0.0% -26.9% +26.9% 

Traffic 
composition 

% of Vehicle Class 
III 

-6.9% +4.0% +2.9% 

Weather 
condition 

Precipitation 0.0% +7.8% -7.8% 

Visibility -1.0% +0.6% +0.4% 

EMS response EMS response time -1.2% +0.7% +0.5% 

Day of the week Weekend 0.0% +2.9% -2.9% 

Crash type Rear-end crash -18.5% +10.4% +8.1% 

Angled crash -10.3% +6.1% +4.2% 

 1 

Table 5. Marginal effects of significant factors in SGOP model with intrinsic CAR prior 2 

Scope of work Variable No injury Slight injury FSI 

Vehicle involved Truck -6.9% +3.9% +3.0% 

Other vehicle 0.0% -4.0% +4.0% 

Non-local vehicle -7.3% +4.1% +3.2% 

Road geometry Horizontal curvature 0.0% -6.5% +6.5% 

Vertical grade 0.0% -27.4% +27.4% 

Traffic 
composition 

% of Vehicle Class 
III 

-5.1% +2.9% +2.2% 

Weather 
condition 

Precipitation 0.0% +8.5% -8.5% 

Visibility -0.9% +0.5% +0.4% 

EMS response EMS response time -1.3% +0.7% +0.6% 

Day of the week Weekend 0.0% +2.8% -2.8% 

Crash type Rear-end crash -16.3% +9.3% +7.0% 

Angled crash -13.3% +7.7% +5.6% 

 3 

Table 6. Marginal effects of significant factors in SGOP model with Leroux CAR prior 4 

Scope of work Variable No injury Slight injury FSI 

Vehicle involved Truck -6.7% +3.9% +2.8% 

Other vehicle 0.0% -4.2% +4.2% 

Non-local vehicle -7.6% +4.3% +3.3% 

Road geometry Horizontal curvature 0.0% -6.0% +6.0% 

Vertical grade 0.0% -28.3% +28.3% 

Traffic 
composition 

% of Vehicle Class 
III 

-5.9% +3.4% +2.5% 
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Weather 
condition 

Precipitation 0.0% +9.0% -9.0% 

Visibility -1.0% +0.6% +0.4% 

EMS response EMS response time -1.3% +0.7% +0.6% 

Day of the week Weekend 0.0% +2.6% -2.6% 

Crash type Rear-end crash -16.9% +9.6% +7.3% 

Angled crash -11.7% +6.8% +4.9% 

 1 

4.2. Parameter and mariginal effect interpretation 2 
 3 

As the SGOP model with Leroux CAR prior is superior, implications of Bayesian parameter 4 

estimates (Table 3) and marginal effects of significant factors (Table 4) are elaborated. 5 

As shown in Table 3, for vehicle type, involvement of truck significantly increases the crash injury 6 

propensity, as compared to passenger car, at the 5% level. Involvement of truck is correlated with 3.9% 7 

and 2.8% increases in slight injury crash and FSI crash respectively. This could be attributed to the 8 

increase in the amount of energy dissipation for crashes involving trucks. Therefore, harms on the 9 

casualties, especially in other vehicles involving in the same crash, can increase (Huang et al., 2011; 10 

Zeng et al., 2016). Involvement of other vehicle type (i.e. vehicle with a trailer) marginally affect the 11 

propensity of FSI crash at the 10% level. In particular, crashes involving other vehicle type are 12 

correlated with 4.2% reduction in the probability of slight injury crash and 4.2% increase in the 13 

probability of FSI crash. In addition, there is no change in the probability of no injury crash. This 14 

demonstrates the relaxation of the monotonic effects of explanatory factors on crash severity. Moreover, 15 

involvement of non-local vehicle (not registered in the province where crashes occurred) significantly 16 

increase the crash injury propensity at the 5% level. Specifically, when a non-local vehicle involves, 17 

probabilities of slight injury crash and FSI crash can increase by 4.3% and 3.3% respectively. This 18 

may be attributed to the route unfamiliarity of non-local drivers. Hence, defensive action would be 19 

absent when one is in emergency and/or driving in the adverse road environments. Hence, propensities 20 

of severe crashes increase (Wen and Xue, 2020; Zeng et al., 2020a). 21 

 22 

For the road geometry, horizontal curvature and vertical grade significantly affect the threshold 23 

between slight injury and FSI levels at the 10% and 5% levels respectively. In particular, per unit 24 

increase (i.e. 10-1 km) in horizontal curvature is correlated with 6.0% increase in the probability of FSI 25 
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crash, and 1% increase in vertical grade is correlated with 28.3% increase in the probability of FSI 1 

crash respectively. Such findings are reasonable and consistent to that of previous studies (Wang and 2 

Prato, 2019; Zeng et al., 2020a). In particular, Labi’s study (2011) indicates that greater horizontal 3 

curvature would result in stronger centrifugal force exerted on the vehicle and harsher transition 4 

between tangent sections. Therefore, likelihood of run-off crash and overturn crash would increase. 5 

Also, increase in vertical grade would result in shorter sight distance. This would reduce the time 6 

available for emergency response before collision (Christoforou et al., 2010). 7 

 8 

For the traffic composition, increase in the percentage of Class III vehicle significantly increase 9 

the crash injury propensity at the 5% level. 1% increase in Class III vehicles is correlated with 3.4% 10 

and 2.5% increases in the probabilities of slight injury crash and FSI crash respectively. A plausible 11 

reason is that the dimensions of Class III vehicles (constitute to 21.3% of overall traffic) are 12 

substantially greater than that of Class I vehicles (42.2% of overall traffic). Presence of Class III 13 

vehicles may obstruct the field of vision of the drivers of following vehicles. Therefore, likelihoods of 14 

severe crashes increase (Zeng et al., 2019a). 15 

 16 

For the weather condition, visibility and precipitation significantly affect the crash injury severity 17 

at the 5% and 10% level respectively. Per unit increase in precipitation (i.e. 1 mm) is correlated with 18 

0.9% reduction in FSI crash and per unit reduction in visibility (i.e. 1 km) is correlated with 0.4% 19 

reduction in FSI crash respectively. It could be attributed to the risk compensation behaviors of drivers 20 

when driving in the inclement weather conditions (e.g., rainy and low visibility) (Christoforou et al., 21 

2010; Quddus et al., 2002). Drivers could adapt to the adverse driving environments by slowing down 22 

and being more cautious. Hence, the crash severity may reduce (Zeng et al., 2020a). This is indicative 23 

to the deployment of effective traffic engineering and traffic control measures, i.e. variable message 24 

sign, that can increase the safety awareness of drivers when driving in the rainy and foggy days. 25 

Additionally, the transport agencies can launch targeted road safety campaign in rainy season. 26 

 27 

For the crash time, probabilities of FSI crashes on weekdays are 2.6% lower than that on weekends. 28 
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It could be because majority of drivers driving on the weekdays are commuters (Christoforou et al., 1 

2010; Quddus et al., 2010). They are more familiar with the driving routes. Therefore, risk of FSI crash 2 

reduces. However, risk of slight injury crash can increase, as the commuter drivers tend to be less 3 

attentive and over-confident. They could overestimate their own driving capability and undermine the 4 

potential hazards on the roads (Christoforou et al., 2010; Quddus et al., 2010).  5 

 6 

For the medical service and emergency response, increase in EMS response time significantly 7 

increases the crash injury propensity at the 5% level. In particular, one-minute increase in EMS 8 

response time is correlated with 0.7% and 0.6% increases in slight injury crash and FSI crash 9 

respectively. As expected, improvement in emergency medical service upon crash (i.e. on-site first-aid 10 

treatments and transport of victims to nearby hospitals) can reduce the probabilities of severe injury 11 

and mortality of casualties (Lee et al., 2018; Ma et al., 2019; Zeng et al., 2020a).  12 

 13 

Last but not least, for the crash type, injury propensities of rear-end crashes and angled crashes are 14 

significantly higher than that of single vehicle crashes, both at the 5% level. Specifically, probabilities 15 

of slight injury and FSI of rear-end crashes are 9.6% and 7.3% higher than that of single vehicle crashes 16 

respectively. On the other hand, probabilities of slight injury and FSI of angled crashes are 6.8% and 17 

4.9% higher than that of single vehicle crashes respectively. This could be because of the number of 18 

casualties involved in multiple vehicle crash, regardless of collision direction, tends to be higher than 19 

that involved in single vehicle crash (Castro et al., 2013; Meng et al., 2017). 20 

 21 
5. CONCLUSIONS AND FUTURE RESEARCH 22 
 23 

This study proposes a Bayesian SGOP model with Leroux CAR prior for crash injury severity 24 

analysis. Proposed model accounts for the ordinal nature of crash injury severity, relaxes the 25 

assumption of monotonic effects of explanatory factors on crash injury severity, and more importantly, 26 

provides a generalized structure of spatial correlation of the crashes that are in close proximity.  27 

 28 

A comprehensive traffic, weather and crash dataset of Kaiyang Freeway in Guangdong Province 29 
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of China in 2014 is used. Factors including traffic flow, traffic composition, road geometry, weather 1 

condition, crash time, and emergency medical services are considered. In addition, prediction 2 

performances of conventional GOP model, SGOP model with intrinsic CAR prior and SGOP model 3 

with Leroux CAR prior are compared. Results indicate that goodness-of-fit of SGOP model with 4 

Leroux CAR prior is better than that of the counterparts. SGOP model with Leroux CAR prior is 5 

capable of capturing the statistically significant while moderate spatial correlation of the crashes that 6 

are in close proximity. In addition, Bayesian parameter estimates of SGOP model with Leroux CAR 7 

prior are generally more precise. More importantly, current results generally conform with the road 8 

safety literatures. They all justify the suitability of the Leroux CAR prior formulation for the 9 

accommodation of spatial correlation in crash severity models. 10 

 11 

To sum up, this study demonstrates the advancement of Bayesian SGOP model with Leroux CAR 12 

prior and underscores the importance of considering the strength of spatial correlation when modeling 13 

crash severity. In addition to spatial correlation, accounting for spatial heterogeneity (i.e., variations in 14 

the safety effects of contributing factors) using the methods like geographically weighted regression 15 

would be beneficial (Wang et al., 2016). Furthermore, it is worth exploring the use of advanced model 16 

formulations that can address other issues including underreporting (Yamamoto et al., 2008), 17 

unobserved heterogeneity (Dong et al., 2016; Mannering et al., 2016), and temporal correlation (Cheng 18 

et al., 2018; Meng et al., 2017; Zeng et al., 2018) simultaneously, when more comprehensive dataset 19 

is available in the extended study. Moreover, application of machine learning technique for crash 20 

severity models would be an interesting extension. Nevertheless, results of parameter estimation are 21 

based on the crash data of one freeway in China in 2014. Transferability of the results by time and 22 

location should deserve further investigation. 23 
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