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Since crash occurrence are typically aggregated as clusters in space and crash data are always collected with certain spatial
scale, intrinsic spatial effects exist extensively in road safety analysis. It is a common issue for crash prediction models and
has gained lots of focus in the past decades toward different aspects. Therefore, having a comprehensive understanding of
spatially distributed crash data is indispensable for safety inspection, and incorporating spatial effects in both micro-level and
macro-level crash prediction modeling is expected to represent the true underlying data generating processes. This paper
provides a detailed review of the spatial data characteristics in road safety analysis, including three key issues, i.e., multilevel
data structure, spatial dependence and heterogeneity, as well as methodological approaches that have been used to solve these
problems. Whereas these spatial analysis technique substantially improved the accuracy and robustness of crash prediction,
zonal level practice has been highlighted in this study to specify the use of these methods.
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1 Introduction

With the enormous losses to social economy and lives resulting from vehicle crashes, road safety has been attracting more
and more attentions from government to citizens in the past decades. Benefiting from continually research efforts, safety
analysis has been carried out toward many aspects, e.g., micro-level crash prediction models for road entities, macro-level
models for regional units, multivariate analysis considering the correlations between different road users or crash severities,
etal. (see Lord and Mannering 2010).  Although different modeling technique is suited for each research direction, spatial
effects exist extensively in influencing these models’ accuracy, since crashes occurrence are typically aggregated as
clusters in space and crash data are always collected with certain spatial scale. There are two main benefits to include
spatial dependence in safety research, for one thing, spatial effect makes it possible for site estimation to pool strength
from neighbors (Aguero and Jovanis 2008); for another, spatially correlated random effect can serve as a part of structured
disturbance. The absence of spatial effects can lead to biased and inconsistent parameter estimation. There are two
main objectives of this paper, the first one is to provide a review of contemporary thinking in the spatial characteristics of
crash data and show a steady advancement of research in methodological approaches to address these data-relate problems.
With the similar topic, Wang et al. (2012) did a review focusing on four practical issues (i.e., modifiable areal unit problem,
ecological fallacy, spatial dependence and matching individual observations to the correct spatial units) of spatial models
in transport, while this paper is mainly about the crash data characteristics and methodological alternatives in spatial
analysis. The second objective of this paper is to specify the use of these approaches with several previous studies of
zonal level safety analysis, which has been suggested as means of incorporating safety considerations into long term
transportation planning (Washington et al. 2006).

2 Spatial Characteristics of Crash Data

Considering the crash generation process, each crash could be analyzed as a Bernoulli trial. The most natural crash
analysis unit would be in the individual-crash level (e.g., crash sites, drivers, pedestrians) (Jonathan 2013). However,
because of the tremendous data demands for analysis, researchers often aggregate crash data into spatial scales ranging
from road segments or intersections to zonal level. ~ As a result, multilevel data structure exists in the traffic safety analysis

regarding to spatial dimension. Huang and Abdel-Aty (2010) proposed a five-level hierarchy structure to represent
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various traffic entities with spatial distribution including from macroscopic to the microscopic levels, i.e., Geographic
region level — Traffic site level — Traffic crash level — Driver-vehicle unit level — Occupant level.

There are two major problems related to the location data: spatial dependence and spatial heterogeneity (LeSage
1998). For spatial dependence, it refers to the phenomenon that the crash data of a particular area may be intrinsically
correlated with the neighboring attributes. Specifically, spatially observable factors such as road geometry features or
traffic characteristics of neighboring areas may have a ‘spillover’ effect on the interested study unit from the nature of
continuity; and spatially unobservable factors such as zonal regulations at proximity locations may cause a spatial error
correlation effects. There are two main benefits to include spatial dependence in safety research, for one thing, spatial
effect makes it possible for site estimation to pool strength from neighbors (Aguero and Jovanis 2008); for another,
spatially correlated random effect can serve as a part of structured disturbance. Additionally, the relationship between
crashes and risk factors may not be constant over space, and the cross-area variations could be referred to as spatial
heterogeneity. The spatial heterogeneity comes from both area-specific variables and unobserved factors, what’s more,
these unobserved factors may be collected with observed ones (Xu et al. 2017). Without considering the spatial
dependence and spatial heterogeneity, may lead to biased parameter estimation and serious errors (Anselin and Griffith
1988).

3 Methodology toward Spatial Analysis
3.1 Methodology for multilevel data structure

The hierarchical modeling is one of the most pervasive methods in the literature dealing with the multilevel structure of
crash data. Hierarchical models provide an avenue for including different level data information into a model framework
whether in macro or micro crash prediction modeling, for example, Wang and Huang (2016) used the Bayesian hierarchical
joint model composed of a road-entity-level model and a TAZ-level model to identify risk factors at both micro level and
macro level; In Aguero and Jovanis (2010), crash counts by road segment are modeled at the first level of the hierarchy
while the segments are aggregated by road functional class at the second level.

Lately, with the development of computer science, artificial intelligent models (AI) have been widely used with
multilevel data structure such as neural networks (Zeng et al. 2016) and support vector machine (Dong et al. 2015). But
this method has been criticized for being block boxes incapable of generating explicit functional relationships and

statistically interpretable results.

3.2 Methodology for spatial dependence

Generally, there are two main methods in spatial econometrics to specify the spatial dependence: (1) traditional
econometric methods suitable for cross-sectional continuous data, and (2) Bayesian hierarchical methods suitable for non-
negative random count data (Quddus 2008). As discussed above, spatial dependence includes the spatial spillover effect
and the spatial error correlation effect, and two specifications have been used to accommodate them in the conventional
spatial econometric models: (1) the spatial lag specification can identify spatial spillover effects as well as spatial error
correlation effects by adding an explanatory variable in the form of a spatially lagged dependent variable, while (2) the
spatial error specification only considers the spatial error correlation effects by adding spatially lagged error structure
(Anselin 1988). A specification of these two methods could be referred to Quddus (2008), where simultaneous
autoregressive (SAR) model and spatial error model (SEM) were presented. However, because of these methods do not
show the true underlying data generation process, the inferences derived from the traditional spatial models could be
misleading (Bhati 2005). Also, as the analysis units are less aggregated, leading the numbers of units with zero count
increasing, the distribution of crash counts will become highly skewed to the right.

A more flexible and widely used method to model spatial dependence is to incorporate a spatial random effect term,
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which is commonly given a conditional autoregressive prior (CAR, e.g., Quddus 2008, Huang et al. 2010, Siddiqui et al.
2012) or joint prior (e.g., Mitra 2009, Macnab 2004). Such models are primarily based on a Bayesian framework, using
the Markov Chain Monte Carlo (MCMC) method, which has widely been proved advantageous over traditional likelihood
estimation (Dong et al. 2016). These approaches always assume the crash data follows a Poisson or Negative Binomial
(NB) distribution, so they are more appropriate for the count data analysis. ~Unfortunately, these approaches only
consider spatial error correlation effects without spatial spillover effects, and the models estimation can be difficult with
the number of spatial units increases (Narayanamoorthy et al. 2013).

Another potential method that can be used to solve the spatial correlation effect is the generalized estimating equations
(GEEs) (Lord and Persaud 2000, Wang and Abdel-Aty 2006). GEE:s is an extension of generalized linear models to the
analysis of spatially (or temporally) correlated crash frequencies at the intersection level, but it may not be able to capture
spatial dependence at spatial units (Quddus 2008).

A common challenge in most of the spatial correlation models, such as CAR and SAR, is the specification of spatial
neighboring structure. Different correlation structures could be obtained by giving various weight matrix to each
neighbor. The majority of previous studies used the 0-1first order neighboring structure (e.g., Miaou et al. 2003), that is,
the adjacent index equals one when two zones are adjacent and zero otherwise. While most previous studies assumed
equal weights for adjacent zones, several literatures defined varying spatial-proximity structures both in road entity level
and zonal level and studied their effects on model performance. Aguero and Jovanis (2010) and Flask and Schneider
(2013) both compared different neighboring structures, and found the consistent result that first order neighbors are
effective in the analysis, suggesting that spatial correlation is a more significant factor in regions that directly neighbor the
unit of interest. Dong et al. (2014) presented an evaluation of crash prediction models at the level of TAZs with four
types of weight structures: 0-1 first order adjacency, common-boundary length, geometry-centroid distance, and crash-
weighted centroid distance. The results showed that model with 0-1 first order neighboring structure underperformed
compared with the others, and model considering proximity of neighboring zones by weighting their common-boundary
lengths performed the best. Therefore, the selection of proper neighboring structures is important to the spatial
correlation assessment, and the frequently used 0-1 first order method in previous studies may be not very effective for

some case analysis, more comprehensive investigation of different neighboring structures are needed.

33 Methodology for spatial heterogeneity

Models accommodating for spatial heterogeneity could be classified into three types: global models, semi-local models
and local models (Hadayeghi et al. 2010).  Specifically, global models assume that the relationship between the
dependent variables and each explanatory variable does not vary across geographic areas, as a result, fixed coefficients for
the entire study area are estimated. The extensively used Generalized Linear Modeling (GLM) procedure with Negative
Binomial or Poisson distribution are cases of global models. But this approach treats variables dependently across areas,
which may hide some important spatial factors affecting the occurrence of crashes and produce biased results. To address
this problem, spatial correlation methods (demonstrated in the previous section of this paper) are developed to recognize
the local nature of spatial data by relaxing the assumption that the error terms for each observation are independent.
Although spatial relationships are incorporated into the modeling framework through the covariance of the error terms,
such models are not thought of local models, but semi-local models instead, in that these models generate fixed parameters
as global models. However, some explanatory variables may have various predicting force of different areas, it might
be stronger at certain locations while weaker at others. As a consequence, the constant parameters cannot present the
variability. In this way, local models, such as random parameters, geographically weighted Poisson regression (GWPR)
and Bayesian spatially varying coefficients (BSVC) models are promising to evaluate the spatial heterogeneity.

With respect to random parameter model, the parameters are drawn from some univariate distributions, and are

assumed to vary randomly from case to case. Considerable studies have used this approach to accommodate unobserved
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factors at road segment or intersection level (e.g., Milton et al. 2008, Wu et al. 2013), while only a few applied for the
regional crash modeling (e.g., Xu and Huang 2015, Bhat et al. 2017).  Despite the fact that the random parameter models
outperform the traditional fixed parameters models, it was criticized that the parameters are estimated independently
without considering the locations to which the parameters refer, which may be inappropriate when unobserved
heterogeneity are correlated over space (Xu et al. 2017). GWPR and BSVC are two competing approaches can be used
to demonstrate this potential spatial correlation in varying parameters. GWPR for count data was developed by
Fotheringham et al. (2002) to calibrate multivariate regression models of locally non-stationary processes, through the
explicit treatment of spatial coordinates. The output of GWPR is a set of local spatial parameters where the weight are
linked to the distance between the observation and the location where independent variables are measured (Hadayeghi et
al. 2010). In the past decade, GWPR was extensively used in the field of epidemiology, spatial economy and ecology
analysis, with only a few efforts directly towards road safety (e.g., Hadayeghi et al. 2010, Li et al. 2013). A recent study
of Xu et al. (2017) introduced an original BSVC model to interpret the spatially non-constant parameters under the
Bayesian framework, which is the first practice of this method in the traffic safety analysis. In the BSVC approach, the
spatially varying coefficients are modeled as a multivariate spatial process, instead of fitting spatially local regression
models as in the GWPR approach. It is worth noting that, although GWPR and BSVC models are proved better
prediction performance than the fixed effect models, the validity of inferences derived from the GWPR and SVCP models
is needed further assessment (Wheeler and Calder 2007).

4  Zonal Level Spatial Analysis

An increasing research effort has been made on the zonal level safety analysis incorporating the aforementioned spatial
issues, which is supposed to provide viable approaches supporting the transportation safety planning techniques. In zonal
models, area-wide covariates including socio-demographics (e.g., Wang et al. 2007), road characteristics (e.g., Siddiqui et
al. 2012), weather conditions (e.g., Aguero and Jovanis 2006), and commute characteristics (e.g., Abdel-Aty et al. 2013)
are related to road crashes, which are aggregated with specific spatial scale, ranging from states (e.g., Noland 2003),
counties (e.g., Aguero and Jovanis 2006, Huang et al. 2010), traffic analysis zones (e.g., Hadayeghi et al. 2010, Dong et
al. 2015), block groups (e.g., Abdel-Aty et al. 2013), wards (e.g., Quddus 2008). Different zonal levels could be
contained in a hierarchical model, for example, Flask and Schneider (2013) proposed a hierarchical negative binomial
model with mixed effects including two zonal level (county level and township level) to evaluate single vehicle motorcycle
crashes. Within-group correlation and heterogeneity are the two most prevalent topics in the previous research. Huang
et al. (2010) used Bayesian spatial model with CAR prior to relate total crashes and severe crashes with socio-
demographics factors (e.g., median household income, unemployment rate), road characteristics (e.g., freeway density,

principal arterial density, intersection density), and traffic characteristics (e.g., traffic intensity, truck AADT,).

5 Summary and Conclusion

As the preceding discussion indicates, several spatial characteristics of crash data are supposed to be considered in the
crash prediction models, including multilevel data structure, spatial dependence and spatial heterogeneity. With the
progress in methodological technique, a number of innovative approaches have been proposed to deal with these data-
related problems. In the past few years in particular, advanced models, such as hierarchical model for multilevel data,
Bayesian spatial model with CAR prior, random parameter models, GWPR as well as BSVC have been widely introduced
into site-level, zonal level and even recently emerging meso-level crash prediction process. Incorporating these
approaches into crash prediction models helps to reflect the true relationship between crash occurrence and explanatory
variables, especially in the macro analysis framework, it is supposed to provide viable approaches supporting the

transportation safety planning techniques. Although numerous achievements have been gained, the exploration of
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spatially distributed crash data is still in its growing period. In addition, there are several problems related to the spatial

analysis, such as the modifiable area unit problem, the process of border crashes, need to be further resolved.
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