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Zonal crash prediction has been one of themost prevalent topics in recent traffic safety research. Typically, zonal
safety level is evaluated by relating aggregated crash statistics at a certain spatial scale to variousmacroscopic fac-
tors. Another potential solution is from the micro level perspective, in which zonal crash frequency is estimated
by summing up the expected crashes of all the road entities located within the zones of interest. This study
intended to compare these two types of zonal crash prediction models. The macro-level Bayesian spatial
model with conditional autoregressive prior and the micro-level Bayesian spatial joint model were developed
and empirically evaluated, respectively. An integrated hot zone identification approachwas then proposed to ex-
ploit themerits of separatemacro andmicro screening results. The researchwas based on a three-year dataset of
an urban road network in Hillsborough County, Florida, U.S.
Results revealed that themicro-level model has better overall fit and predictive performance, provides better in-
sights about the micro factors that closely contribute to crash occurrence, and leads to more direct countermea-
sures. Whereas the macro-level crash analysis has the advantage of requirement of less detailed data, providing
additional instructions for non-traffic engineering issues, as well as serving as an indispensable tool in incorpo-
rating safety considerations into long term transportation planning. Based on the proposed integrated screening
approach, specific treatment strategies could be proposed to different screening categories. The present study is
expected to provide an explicit template towards the application of either technique appropriately.

© 2016 Published by Elsevier B.V.
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1. Introduction

Crash prediction model (CPM) is an essential tool in traffic safety
analysis. Numerous studies have been conducted to evaluate the safety
level of various types of road entities, to identify hotspots or sites with
promise, and tofind appropriate countermeasures. Recently, an increas-
ing research effort is being focused on a higher aggregated level of crash
analysis, which could be referred to as zonal CPM. Traffic crashes are
typically aggregated at a certain spatial scale and researchers usually
seek to relate safety to zone-level covariates. These macro-level CPMs
may aid transportation agencies inmore proactively incorporating safe-
ty consideration into long term transportation planning process
(Washington et al., 2006).

Last decade has witnessed fast growing scope of scientific research
to investigate crash propensity on macroscopic levels. Different area-
wide characteristics were considered, including road characteristics
such as intersections density (Huang et al., 2010; Xu and Huang,
2015), road length with different speed limit (Abdel-Aty et al., 2011;
Siddiqui et al., 2012), road lengthwith different functional classification
(Quddus, 2008; Hadayeghi et al., 2010), junctions and roundabouts
(Quddus, 2008); traffic patterns such as traffic flow and vehicle speed
(Quddus, 2008; Hadayeghi et al., 2010); trip generation and distribution
(Abdel-Aty et al., 2011; Dong et al., 2014, 2015); environment condi-
tions such as total precipitation/snowfall, and number of rainy/snowy
days per year (Aguero-Valverde and Jovanis, 2006); land use
(Pulugurha et al., 2013); and socioeconomic factors such as population
density (Huang et al., 2010; Siddiqui et al., 2012), age cohorts
(Aguero-Valverde and Jovanis, 2006; Dong et al., 2015; Hadayeghi
et al., 2010), household incomes (Xu and Huang, 2015) and employ-
ment (Quddus, 2008; Hadayeghi et al., 2010).

A wide array of spatial units have been employed, such as
regions (Washington et al., 1999), counties (Miaou et al., 2003;
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Aguero-Valverde and Jovanis, 2006; Huang et al., 2010; Li et al., 2013),
districts (Haynes et al., 2007), wards (Quddus, 2008), zip codes
(Girasek and Taylor, 2010; Lee et al., 2014a), census tracts (Ukkusuri
et al., 2011, 2012; Wang and Kockelman, 2013), block groups (Levine
et al., 1995), and traffic analysis zones (i.e. TAZs1; Hadayeghi et al.,
2010; Abdel-Aty et al., 2011; Siddiqui et al., 2012; Pulugurha et al.,
2013; Wang et al., 2013; Dong et al., 2014, 2015; Xu and Huang,
2015). Among them, TAZs are now the only traffic-related zone system
and are superior in being easily integratedwith the transportation plan-
ning process, thus having been widely adopted.

However, the efficiency of macro-level traffic safety analysis
may be subject to the well-known modifiable areal unit problem
(Abdel-Aty et al., 2013; Lee et al., 2014b; Xu et al., 2014) and bound-
ary issue (Siddiqui and Abdel-Aty, 2012; Cui et al., 2015). From an-
other perspective, the safety problem is anyhow a microscopic
problem and the direct contributing factors could be related to
micro-level factors for a specific road segment or intersection, or the
driver-vehicle units involved. In additional to macro level CPMs, an al-
ternatively potential solution estimating zonal safety situation is to
sum up crash predictions of all entities (i.e. road segments and intersec-
tions) located within the zones of interest, which could be regarded as
micro level CPMs.

As road entities located in close proximity may share confounding
factors, spatial correlation (or spatial dependency) tends to be a major
concern. Research demonstrated that the consideration of spatial effect
of adjacent road segments in crash prediction contributes to an unbi-
ased parameter estimation, and significantly improvesmodel predictive
performance (Wang et al., 2009; Aguero-Valverde and Jovanis, 2010;
Xie et al., 2013). Nevertheless, previous studies are mostly limited to
individual types of road entities, i.e. either intersection or segments.
Undoubtedly, spatial correlation exists not only between adjacent
road segments or between adjacent intersections, but also, even more
importantly, between road segments and their connected intersections.
To this end, Zeng and Huang (2014) proposed a Bayesian spatial joint
approach to simultaneously model crash frequency of intersections
and the feeding road segments. Results revealed that the spatial
correlation between segments and the connected intersections are
more significant than those solely between segments or between
intersections.

To our knowledge, there is no research comparing macro-level and
micro-level models in predicting zonal safety levels. A comparative anal-
ysis could be interesting and beneficial to reveal the associations and dif-
ferences between those two methods, as well as to provide an explicit
template towards the application of either technique appropriately.

This study intends to empirically compare two types of zonal CPMs
by evaluatingmodel fitting and predictive performance, as well as iden-
tifying crash hot zones. Two state-of-art methods, i.e. the macro level
Bayesian spatial model with conditional autoregressive (CAR) prior
and micro level Bayesian spatial joint model are developed and empiri-
cally evaluated, respectively. The analysis is based on an urban road net-
work with 346 segments and 198 intersections of 155 TAZs in
Hillsborough County, Florida, U.S.

2. Methodology

2.1. Bayesian spatial model with CAR prior

Traditional CPMs such as Poisson lognormal model and negative
binomial model have largely ignored the issue of possible spatial

correlation of traffic crashes among adjacent zones, which would be
misleading as this cannot reflect the true underlying data generating
process (Huang and Abdel-Aty, 2010). For this reason, by incorporat-
ing an error term followed by the CAR prior into the link function,
the Bayesian spatial model with CAR prior has been widely
applied in current macro-level crash prediction (Miaou et al., 2003;
Aguero-Valverde and Jovanis, 2006; Quddus, 2008; Huang et al., 2010;
Siddiqui et al., 2012; Wang et al., 2013; Dong et al., 2014; Xu et al.,
2014; Xu and Huang, 2015).

Let Yit denote the number of crashes in TAZ i during period t (in
years), eit the exposure function, Xit the vector of explanatory variables.
The CAR model could be expressed as:

Yit � Poisson λitð Þ
logλit ¼ logeit þ X0

itβþ θi þ ϕi
ð1Þ

where λit is the parameter of Poissonmodel (i.e. the expected crash fre-
quency in TAZ i at time t), β is the vector of coefficient estimates. The
variables of daily vehicle miles traveled (DVMT) and total population
are simultaneously selected as the measures of exposure, as the model
with combination of exposure variables outperforms the counterpart
with a single exposure measure (Pirdavani et al., 2012; Lee et al.,
2015). Hence:

eit ¼ DVMTα1
it � POPα2

it ð2Þ

in which DVMTitα1 and POPitα2 denote DVMT and total population with
coefficients α1 and α2, respectively.

θi is a random effect to account for the unstructured over-
dispersion, which is specified via an ordinary, exchangeable normal
prior:

θi � normal 0;
1
τh

� �
ð3Þ

where τh is the precision parameter (reciprocal of the variance),
which follows a prior gamma (0.5, 0.0005).

For the spatial correlation term ϕi, the intrinsic CAR prior proposed
by Besag et al. (1991) is adopted:

ϕi � N
∑i≠ jωijϕ j

∑i≠ jωij
;

1
τc∑i≠ jωij

 !
ð4Þ

inwhichϕi is a conditional randomvariablewith the CAR prior, which is
used to account for the spatial correlation among adjacent TAZs. ωij is
the binary entries of proximity matrix, and if i and j have a shared bor-
der, ωij=1, otherwise, ωij=0. τc is the precision parameter also as-
sumed to be a prior gamma (0.5, 0.0005) as suggested by Wakefield
et al. (2000).

The proportion of variability in the random effects due to spatial cor-
relation is of interest:

α ¼ sd ϕð Þ
sd ϕð Þ þ sd θð Þ ð5Þ

where sd is the empirical marginal standard deviation function.

2.2. Bayesian spatial joint model

In a road network, compared with spatial correlation solely
between segments or between intersections, the effect between
adjacent segments and intersections may be more significant as
they directly connect with each other. Since intersections and road
segments necessarily have different sets of risk factors, the joint
model employs an indicator variable ri to suggest whether the road

1 TAZ is the geography unit defined delineated by the state Department of Transporta-
tion and/or localMetropolitan Planning Organizations (MPOs) for collecting and reporting
traffic-related census data (e.g., journey-to-work statistic) in United States. The spatial ex-
tent of zones typically varies in models, ranging from very large areas in the exurb to as
small as city blocks or buildings in central business districts.MostMPOswho conductmet-
ropolitan travel demand models use TAZs that dovetail with census geography.
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