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Although most of the literature on traﬃc safety analysis has been developed over areal zones, there is a growing
interest in using the speciﬁc road structure of the region under investigation, which is known as a linear network
in the ﬁeld of spatial statistics. The use of linear networks entails several technical complications, ranging from
the accurate location of traﬃc accidents to the deﬁnition of covariates at a spatial micro-level.
Therefore, the primary goal of this study was to display a detailed analysis of a dataset of traﬃc accidents
recorded in Valencia (Spain), which were located into a linear network representing more than 30 km of urban
road structure corresponding to one district of the city. A set of traﬃc-related covariates was constructed at the
road segment level for performing the analysis. Several issues and methodological approaches that are inherent
to linear networks have been shown and discussed. In particular, the network was deﬁned in a way that allowed
the explicit investigation of traﬃc accidents around road intersections and the consideration of traﬃc ﬂow
directionality.
Zero-inﬂated negative binomial count models accounting for spatial heterogeneity were used. Traﬃc safety at
road intersections was speciﬁcally taken into account in the analysis by considering the higher variability and
number of zeros that can be observed at these road entities and the diﬀerential contribution of the covariates
depending on the proximity of a road intersection. To complement the results obtained from the count models
ﬁtted, coldspots and hotspots along the network were also detected, with explanatory objectives.
The models conﬁrmed that spatial heterogeneity, overdispersion and the close presence of road intersections
explain the accident counts observed in the road network analyzed. Hotspot detection revealed that several
covariates whose contribution was unclear in the modelling approaches may also be aﬀecting accident counts at
the road segment level.

1. Introduction
Traﬃc accidents are still a quite frequent cause of death for the
European population, especially in the younger age groups. Even
though the number of accidents has gradually decreased in the most
developed countries of the world during the last decade, many eﬀorts,
in terms of prevention and road planning, are still being made to reduce
their occurrence and severity. In this regard, studies aimed at analyzing
the occurrence and distribution of traﬃc accidents can be very helpful,
and could be broadly classiﬁed according to three main objectives:
ﬁnding road and/or traﬃc characteristics associated with a higher occurrence of accidents, detecting zones with a high concentration of
accidents and discovering the types of accidents that tend to produce
more serious consequences for the vehicle passengers or road users
involved. In this paper, the modelling of accident counts at the road
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segment level with explanatory purposes is the main goal, although the
detection of microzones of the network that show a singular risk of
accident is also carried out. This section starts with a literature review
on both topics: modelling traﬃc accidents outcomes and ﬁnding zones
of high accident risk. This is followed by a review of the literature on
the analysis of traﬃc accidents occurring in intersection and non-intersection zones. This issue has also been addressed in the analysis
contained in this paper.
1.1. Review of models and methods
Many important quantitative studies that have focused on factors
that may be aﬀecting traﬃc safety have been carried out through areal
units of analysis. For instance, Quddus (2008) modelled traﬃc accident
counts at the census ward level, which made it possible to explain the
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above, some of them showed that the use of non-spatial models can lead
to either spatially autocorrelated model residuals Quddus (2008),
Huang et al. (2010) or to a signiﬁcantly lower ﬁt to the data (AgueroValverde and Jovanis, 2008). Both facts suggest that overlooking spatial
eﬀects is inappropriate. Moreover, Xu et al. (2017) tested a modiﬁcation of the model proposed in Huang et al. (2010) that allowed the
eﬀects of the covariates to vary spatially. These authors observed that it
is even advisable to include such variations, as otherwise biased estimates of the model's coeﬃcients may arise.
Besides the consideration of spatial heterogeneity, other issue that
often arises when performing a road segment level modelling of accident counts is the high presence of zeros (segments where no accident
has been recorded). Zeng et al. (2017) used a Tobit model to control for
left-censored accident rates that may be the consequence of under-reporting. Speed was associated with higher crash rates, whereas average
annual daily traﬃc displayed a signiﬁcant negative correlation.
Anastasopoulos (2016) compared multivariate Tobit and zero-inﬂated
models for modelling accident counts with a high percentage of zeros.
Both strategies showed their own limitations, but each was capable of
capturing zero-state heterogeneity across the road network.

number of accidents from information related to traﬃc characteristics
(volume and speed), road design and socio-demographic factors. Traﬃc
volume and a proxy for poverty showed a signiﬁcant positive association with traﬃc accidents. Similarly, Huang et al. (2010) studied traﬃc
accident frequency at the county level considering traﬃc-related, demographic and socioeconomic characteristics of the counties being
studied. This work focused on distinguishing two types of exposure
variables: population and average daily vehicle miles travelled (DVMT)
per county. The model using DVMT as the exposure yielded more signiﬁcant associations with traﬃc accidents, some of which were positive
(traﬃc intensity, density of principal and minor arterials, and percentage of young population) and others were negative (freeway density
and average travel time to work).
In order to favour more accurate investigations, road networks have
increasingly been used in traﬃc safety analysis in the last few years.
The use of these structures, composed of links (segments) and vertices
(points where two or more links meet), is becoming more popular, in
spite of the technical diﬃculties their use entails. In this regard, it is
worth noting that many of the factors that have been proved to generally increase the occurrence of traﬃc accidents require a road segment level analysis. Indeed, the list of infrastructure characteristics that
were determined to be risky for drivers and users in a recent systematic
review of published studies by Papadimitriou et al. (2019) included
traﬃc volume, road surface (low friction), low curve radius, number of
lanes, absence of paved shoulders, narrow shoulders, diﬀerent junction
types, etc. Although an areal-based analysis may also help to gain
knowledge about the association of traﬃc accidents with any of these
road characteristics, a road segment level analysis would be recommended to guarantee an appropriate investigation.
Given the convenience of using road networks for analyzing traﬃc
accident outcomes, this paragraph includes a description of several
studies that were performed at the road segment level, which enabled
their corresponding authors to properly investigate certain infrastructure characteristics. For example, Aguero-Valverde and Jovanis
(2008) found a positive association of traﬃc volume and certain
shoulder widths with traﬃc accidents. In addition, Guo et al. (2017)
developed a measure (integration) which reﬂects the accessibility of a
node in the network, depending on its neighbourhood geometry. It was
found that networks with a high integration value, which usually resemble a grid pattern, tend to be associated with more traﬃc accidents.
Finally, Barua et al. (2016) analyzed severe and no-injury traﬃc accidents at the road segment level, ﬁnding that road segment length,
average annual daily traﬃc, density of unsignalized intersections,
business land use and the number of lanes showed a signiﬁcant and
positive association with both accident types.
On the other hand, several studies that have incorporated linear
networks to treat accident datasets have only focused on detecting
zones with a high concentration of accidents (hotspots). Indeed, Huang
et al. (2016) suggested that the detection of hotspots at the micro-level
is more accurate and useful for revealing risky road conﬁgurations than
the use of areal macro-zones. For example, Xie and Yan (2013) applied
kernel density estimation (KDE) to a linear network structure to evaluate distribution of traﬃc accidents and to ﬁnd clusters of roads with a
high proportion of accidents. They studied the impact of subdividing
the network into shorter spatial units (segments), called lixels (Xie and
Yan, 2008), and the variations observed depending on the choice of the
kernel bandwidth parameter. A similar approach was taken by Nie et al.
(2015) to prove that the application of network KDE improved the
performance of local indicators of spatial association (LISA) to better
identify accident hotspots.
To ﬁnish our literature review, we need to highlight certain aspects
that deserve attention every time a statistical modelling of accident
counts is performed. First, regardless of the choice of areal units or road
segments for conducting the analysis, the consideration of spatial effects has almost become a requirement (Mannering and Bhat, 2014;
Mannering et al., 2016). Getting back to some of the studies described

1.2. Traﬃc safety at road intersections
The high rates of traﬃc accidents that are usually observed in
proximity to road intersections is the reason for the existence of many
studies on this topic. Thus, this paragraph includes a literature review
(in chronological order) on the topic of modelling the occurrence of
traﬃc accidents around road intersections. For instance, Castro et al.
(2012) studied the spatio-temporal incidence of accident counts at
urban intersections. It proved to be advisable to consider both the
spatial and the temporal eﬀect, and a signiﬁcant eﬀect was found for
roadway conﬁguration, approach roadway typology and traﬃc ﬂow,
among other factors. Xie et al. (2014) also developed several modelling
approaches to analyze accident occurrence at intersections. The consideration of a hierarchical spatial model accounting for the eﬀects
produced at intersections by contiguous segments (corridor-level)
clearly outperformed the rest of the models applied. Huang et al. (2017)
analyzed accident counts at road intersections considering types of
users (pedestrians, bicycles or motor vehicles) involved in accidents
with a multivariate Poisson lognormal regression model. Moreover, Lee
et al. (2017) used a mixed eﬀects negative binomial model accounting
for macro-level and micro-level factors to study accident counts at road
intersections. Several covariates constructed at both levels of spatial
resolution were found to be associated with more accidents at intersections. Cai et al. (2018) implemented a grouped random parameters
multivariate spatial model at two levels, segments and intersections.
Covariates were deﬁned separately over segments, intersections and
wider zones (allowing the inclusion of covariates, such as socio-economic characteristics, at a lower spatial resolution). Zhao et al. (2018)
used multivariate Poisson log-normal and zero-inﬂated univariate and
multivariate Poisson models to study accident frequency (by severity
level) at signalized intersections, consisting of the road segments at 200
ft upstream from the signal controlling the intersection. Lastly, Alariﬁ
et al. (2018) proposed the use of a multivariate hierarchical Poisson
lognormal model that accounts for the spatial relationships between
road segments and intersections located along the same corridor.
Average annual daily traﬃc variables at roadway segments and intersections, absolute speed limit diﬀerence between a major and a minor
road meeting at an intersection, and driveway density showed positive
associations with the number of traﬃc accidents.
With regard to the distance threshold of 200 ft chosen by Zhao et al.
(2018), it needs to be highlighted that the deﬁnition of intersectionrelated traﬃc accidents presents a low level of agreement. For instance,
Miaou and Lord (2003) considered a distance of 15 m (≃50 ft) from
intersection locations, Ye et al. (2009) 75 m (≃250 ft), Zhao et al.
(2018) 60 m (≃200 ft) and Das et al. (2008) analyzed the range 0 to 60
2

Accident Analysis and Prevention 132 (2019) 105252

Á. Briz-Redón, et al.

altering its basic geometrical structure in order to reduce the number of
short road segments which could hinder the subsequent modelling of
the data. Moreover, network preprocessing included the slight modiﬁcation of highly complex intersections and the removal of pedestrian
streets, which were performed with the SpNetPrep R package (BrizRedón, 2019).
In addition, for the purpose of improving the analysis, the network
was given directionality according to the traﬃc ﬂow of this district of
Valencia as of the end of December 2017 (see Fig. 1b). Some of the road
segments of the network were deﬁned as bidirectional, representing
two-way streets present in the district where no median strip separates
the two ﬂows of vehicles. However, bidirectional road segments were
only 5% of the total, a fact that completely justiﬁes the deﬁnition of
traﬃc ﬂow directionality along the network. In addition, for road
segments divided by a median strip two (parallel) road segments were
available in the network at a distance proportional to the width of the
strip.
Finally, the possible changes in direction of traﬃc that could have
been made during the period of years considered have not been taken
into account due to the diﬃculty of tracking them. However, as
Eixample District is very close to the centre of Valencia and is part of a
very well-established area of the city, it can be assumed that changes of
traﬃc direction must have been minimal in the period 2005–2017.

m at increments of 15 m. Furthermore, besides the lack of agreement,
intersection zones are not clearly deﬁned in many of the papers in the
ﬁeld. Finally, it is also highly remarkable how several of these papers
focused entirely on intersection entities alone, avoiding consideration
of the road segments surrounding intersections. Although Lee et al.
(2017) and Cai et al. (2018) considered zonal eﬀects that were shared
by close segments and intersections, only Alariﬁ et al. (2018) have
conducted a uniﬁed consideration of road segments and intersections.
In this regard, Miaou and Lord (2003) pointed out the advisability of
modelling data taking all kind of road entities simultaneously, which
according to these authors would include segments, intersections and
ramps. The implicit assumption of independence between entities may
lead to ignoring many important spatial relationships that are likely to
exist between them.
This study presents a statistical modelling of traﬃc accidents at the
road segment level. In order to represent true neighbouring relationships between road segments, a directed road network structure accounting for traﬃc ﬂow has been used. In summary, we had three
methodological objectives: to present and discuss some issues that arise
when conducting a spatial analysis of traﬃc accidents located on a road
network, to analyze traﬃc accidents at road intersections, including a
speciﬁc strategy that draws together both road intersection and nonintersection zones along the network, and to combine the results produced by the two statistical approaches ﬁnally chosen, spatial count
models and coldspot/hotspot detection, in order to achieve more
complete conclusions regarding the eﬀect of various road characteristics on the occurrence of traﬃc accidents for the road network of
interest.
The rest of the paper is structured as follows. The next section
contains a complete description of the data employed for the analysis,
including the traﬃc accident dataset recorded during the period of
study and the network structure that represents the underlying space
where these accidents occurred. This is followed by a methodological
section that provides a description of the procedure followed to include
the consideration of intersection zones, the deﬁnition of spatial neighbourhoods between road segments of the network, the speciﬁcation of
the spatial count models used to ﬁt the data, the methods employed to
assess the performance of such models, the deﬁnition of one class of
network-constrained kernel density estimation and the procedure applied to locate zones of high and low risk along the network. Finally,
there is a discussion of the performance and implications of the
methods applied.

2.3. Network-related covariates
Several factors that could be associated with vehicle collisions are
considered at the road segment level. These mainly include the presence of speciﬁc public services in the road segment (parking slots,
traﬃc lights and bus stops) and basic characteristics of the roads that
the links in the network represent. The latter include the number of
lanes in the road, the presence of a bus lane (binary), the type of road
(main or not, binary), the number of roads that directly connect to each
road segment of the network, distinguishing whether they allow traﬃc
to enter or leave it, a categorical covariate representing average annual
daily traﬃc (AADT) and a categorical covariate assigning a geometric
typology to each road segment (this one is described in the
Methodology). In this regard, we should note that AADT is not available
for every road segment in Valencia, but only for the most travelled
avenues and streets. Hence, the data available was used to deﬁne a 5level categorical covariate representing the following ranges for
AADT: < 7000 (level 1), 7000–16000 (level 2), 16000–25000 (level 3),
25000–55000 (level 4) and > 55000 (level 5). These ranges represent
the least travelled road segments of the city for which scarce data is
available (level 1) and the four quartile-based intervals that follow from
the available AADT values (levels 2 to 5). It is worth noting that the
strategy of categorizing AADT values has already been tested by several
authors (Hao and Daniel, 2014; Fan et al., 2015; Yasmin et al., 2016).
Furthermore, numbers of lanes and neighbouring roads (referred to
here as neighbours) were truncated and recoded for values higher than
5 and 3, respectively. To obtain the number of neighbours the network
that was considered was actually an extension of the ﬁnal one employed
for the analysis, in order to avoid an unrealistic low number of neighbours for the road segments at the edge of the network. Finally, as the
network of study represents a fairly small and homogeneous population
area, we concluded that the inclusion of demographic or socioeconomic
variables was not of interest. Table 1 includes a description and statistical summary of the covariates introduced in this section.

2. Data
2.1. Accident information
A total of 5738 traﬃc accidents recorded by the Local Police
Department of the city of Valencia (Spain) during the years 2005 to
2017 in the Eixample District of the city were used. Each of these accidents was geocoded from the address information recorded by the
Police minutes after the accident had occurred. Once the coordinates of
each accident were obtained, these were projected onto a linear network representing the traﬃc streets of the Eixample District of
Valencia. This two-stage process was supervised by all the authors in
order to ensure a high level of accuracy.
2.2. Network structure

3. Methodology

A linear network composed of 279 vertices and 444 road segments,
representing a total length of 33.57 km, was used for the analysis. The
vertices where more than two segments meet correspond to road intersections, which were 227 in the case of this network. Fig. 1a contains
a map (Graul, 2016; OpenStreetMap contributors, 2017) that shows the
zone of the city of Valencia where the road network of interest is located. Some parts of this network were previously simpliﬁed without

3.1. Software
The R programming language (3.4.1 version, R Development Core
Team, Vienna, Austria) (R Core Team, 2017) was used to obtain all the
results presented in this study. The R packages bayesplot (Gabry and
3

Accident Analysis and Prevention 132 (2019) 105252

Á. Briz-Redón, et al.

Fig. 1. Road structure of study displayed over a map of the city of Valencia (a) and its representation as a linear network made of links and vertices, with arrows
indicating traﬃc ﬂow directionality (b).

Mahr, 2018), brms (Bürkner et al., 2017), ggmap (Kahle and Wickham,
2013), spatstat (Baddeley et al., 2015), spded (Bivand and Piras, 2015)
and SpNetPrep (Briz-Redón, 2019) were speciﬁcally required for performing the analysis and the data curation process.

3.2. Deﬁnition of intersection zones
In order to capture the diﬀerential risk between road locations
around intersections and road segments between them, the original
network structure was modiﬁed by creating shorter road segments in
the proximity of each road intersection. The insertVertices function of
the R package spatstat (Baddeley et al., 2015) was key for performing
this task.
Speciﬁcally, road segments of 20 meters were inserted around intersection neighbourhoods (so that the furthest point of the segment
from the intersection was at a distance of 20 m), which were determined to be intersection analysis zones (IAZs). On the other hand,
segments not satisfying this condition, most of which are between two
IAZs, were declared as middle analysis zones (MAZs). Thus, the original
network of study was divided into 683 IAZs and 292 MAZs, leading to
the formation of a new road network (referred to from now on as a split
network) made up of 810 vertices and 975 road segments (the original
had 279 vertices and 444 road segments). As an illustration, Fig. 2
displays the distribution of IAZ and MAZ along the split network.
Therefore, the deﬁnition provided for IAZ and MAZ allowed for the
coexistence of street zones subject to diﬀerent rules and causalities
while being represented by a unique geometrical entity: the road segment (note that the sum of the number of IAZ and MAZ coincides with
the number of road segments of the ﬁnal network). This fact led to a
uniﬁed deﬁnition of neighbourhood relationships and covariates for the
two types of zone that mainly arise when dealing with traﬃc accident
datasets. Indeed, the term segment is used without distinction for both
types of zone throughout the paper, even though in related literature it
is only used for what it has been deﬁned as MAZs.

Fig. 2. Graphical description of the split network showing the locations of IAZs
and MAZs.

The choice of a distance of 20 meters was mainly based on knowledge of the road network of study and on similar distances used in
literature (Miaou and Lord, 2003). Indeed, this distance allows a fair
representation of IAZs as intersection-approaching or intersectionleaving segments. The selection of a shorter threshold distance was
rejected due to the lack of suﬃcient certainty on the data collection
procedure to guarantee the correct location of accidents at such a level
of resolution around intersections. Furthermore, the objective was to
employ the road segment as the only spatial unit of study, and this
would be undermined if a threshold very close to 0 were chosen (as the
IAZ would almost become the intersection point itself).
Regarding the deﬁnition of the covariates at the level of the new

Table 1
Variables description and basic statistics, where SD denotes the standard deviation.
Variable

Description

Mean

SD

Main road
Parking slots
Traﬃc light
Bus stops
Bus lane
No. of lanes
No. of in-neighbours
No. of out-neighbours
AADT

Main road segment of the city (binary)
Existence of public parking slots in the road segment (binary)
Presence of a traﬃc light in the road segment (binary)
Existence of public bus stops in the road segment (binary)
Presence of a bus lane in the road segment (binary)
Number of traﬃc lanes in the road segment
Number of neighbouring road segments allowing traﬃc to enter the road segment
Number of neighbouring road segments allowing traﬃc to leave the road segment
Average annual daily traﬃc (5 levels)

0.626
0.613
0.617
0.110
0.572
2.176
1.770
1.775
2.286

0.484
0.671
0.487
0.314
0.495
1.349
0.631
0.629
1.539
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Fig. 3. Graphical description at the road segment level of the following network-related variables: (a) main road indicator, (b) parking slot presence, (c) traﬃc light
presence, (d) bus stop presence, (e) bus lane presence, (f) number of lanes, (g) number of in-neighbours (h) number of out-neighbours and (i) AADT.

split road network, these simply follow the values available for the
original network. Hence, each IAZ or MAZ of the split road network
acquires the value (for a given covariate) of the corresponding whole
road segment in the original non-split network. An exception was made
with traﬃc lights, given their frequent location around road intersection zones. For this reason, a value of 1 was assigned to an IAZ or MAZ
for the indicator related to traﬃc light presence if and only if a traﬃc
light was present in the same road segment (before splitting) at a distance lower than 20 m from the middle point of the IAZ/MAZ. As an
illustration, Fig. 3 provides a graphical description of every covariate
considered for the analysis, which enables us to appreciate the distinction made for traﬃc lights (Fig. 3c).

Fig. 4. Examples of types of neighbourhood in a directed linear network. The
six road segments that are contiguous to road segment i allow the construction
of the neighbourhoods N(i) = {a, b, c, d, h, j}, Ndir(i) = {b, d, h, j},
in
out
Ndir
(i ) = {b, h} and Ndir
(i ) = {d, j} .

3.3. Concept of neighbourhoods

3.4. Road segment neighbourhood geometry

The road segments that form the already deﬁned directed network
structure constitute the basic spatial units on which to perform the
statistical analysis. Given a road segment, i, in the directed linear network, its neighbourhood, N(i), can be deﬁned in four diﬀerent ways
depending on whether the traﬃc ﬂow information available is used. At
the simplest level, if this information is not used, two road segments i
and j are neighbours if they are connected by a vertex of the network.
However, the use of the traﬃc ﬂow leads to the deﬁnition of three other
types of neighbourhoods. First, neighbourhood between i and j can be
established if it is possible to travel from i to j or from j to i, in either
direction, without passing through another road segment of the network; this is denoted Ndir(i). In addition, if a distinction is made between travelling from i to j or vice versa, it is possible to separate the
in
(i) ) from
neighbouring road segments that allow you to reach i (Ndir
those that allow you to leave from i to another road segment of the
out
network (Ndir
(i) ) (see Fig. 4 for examples of all these types of neighbourhood). From now on these last two types of neighbours are referred
to as in-neighbours and out-neighbours, respectively.
The four deﬁnitions of neighbourhood structures can lead to the
construction of four diﬀerent adjacency matrices. Thus, a Wdir matrix
based on Ndir neighbourhoods was the only one employed as it was
considered the most suitable for the goals established. Regarding this
matrix, its entries, wij, are called weights and it holds that wij = 1/|N (i)|,
if j ∈ N(i) (row normalization), and 0 otherwise.

The geometric structure surrounding each road segment of the
network was studied, a procedure made possible by the road network
structure. Given a road segment of the network, the factors considered
for each neighbouring road segment were the neighbourhood type (in
or out) and the angles formed between the road segment and its
neighbours. Road segment length and the number of in and out
neighbours were also included to better discriminate between road
segments. As was done with the other covariates previously deﬁned
(with the exception of the indicator factor for traﬃc lights), the geometry is studied from the perspective of the original network. Later, the
values obtained are assigned to the road segments of the split network
accordingly.
A total of six types of neighbours were deﬁned by combining the
angles of the road segments and the direction of the traﬃc. Angles
between road segments were classiﬁed (measured in [0°, 180°]) into
three groups: straight (]150°, 180°]), right (]60°, 120°[) and sharp ([0°,
60°]⋃[120°, 150°]). Each of these types of angle was then crossed with
the in/out information associated with each neighbouring road segment
to create the six possible scenarios.
The same strategy was followed with the lengths of the neighbouring road segments. In this case, the road segments were divided
into three groups (short, medium and long) according to the 33.33%
and 66.67% quantiles of the road segment length distribution. Again,
the three groups created were crossed with the in/out information,
5
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Table 2
Mean values of the variables used to perform the clustering of the road segments according to their geometry.
Cluster

Straightin

Rightin

Sharpin

Straightout

Rightout

Sharpout

Shortin

Mediumin

Longin

Shortout

Mediumout

Longout

Length

in |
|Ndir

out |
|Ndir

1
2
3
4

0.45
0.45
0.21
0.25

0.81
0.93
0.46
0.59

0.48
0.63
0.88
0.84

0.40
0.42
0.21
0.29

0.74
0.98
0.52
0.53

0.74
0.59
0.86
0.78

0.21
0.28
0.75
0.53

0.64
0.58
0.48
0.75

0.88
1.15
0.31
0.39

0.29
0.27
0.74
0.52

0.69
0.57
0.50
0.77

0.90
1.15
0.34
0.31

170.66
115.84
23.80
68.40

1.83
2.17
1.58
1.77

1.98
2.11
1.61
1.78

Fig. 5. (a) Clustering of the road segments of the spatial network
according to their neighbourhood geometry. (b) Detailed neighbourhood of an road segment, i, of the directed network. Six road
segments share a vertex with i, but only four of these allow traﬃc
to ﬂow from i or to i. The values of the geometric variables for
road segment i are: Straightin = 1, Rightin = 0, Sharpin = 1,
Straightout = 1, Rightout = 0, Sharpout = 1, Shortin = 1, Mediumin
= 1, Longin = 0, Shortout = 1, Mediumout = 0, Longout = 1,
in
out
Length = 41.7, |Ndir
(i )| = 2 , |Ndir
(i )| = 2 .

Then, on the basis of the choice of a ZINB distribution for the response (accident counts) the next spatial model (Model 1) was speciﬁed:

producing six new classiﬁcation groups.
The k-means algorithm (Hartigan and Wong, 1979) was then applied to a total set of ﬁfteen geometric-related variables for each of the
road segments: the number of neighbours belonging to each of the six
angle-direction and length-direction combinations, the road segment
length and the number of in and out neighbours. A value of k = 4 was
chosen, since convergence was not reached for higher values of k, and
this made it possible to form four clusters of 42, 130, 163 and 109 road
segments, respectively.
Table 2 summarizes the mean values for the variables employed in
the clustering procedure and Fig. 5 includes the graphical representation of the four clusters and an example of construction of the geometric-related variables for a speciﬁc road segment. According to these
results, Cluster 2 is mainly composed of medium-long road segments
with a high average number of neighbouring road segments that form a
right angle, which is associated with being part of a crossroads (90degree intersection). Cluster 3 is formed by very short road segments, a
high proportion of which involve acute angles, representing abrupt
changes of direction in the directed network. Cluster 1 clearly presents
the highest road segment length and an high number of neighbours.
Finally, Cluster 4 is made up of short-medium length road segments and
quite high connectivity with short-length road segments compared with
Clusters 1 and 2.

Yi ∼ ZINB(μi , ψ, z )
log(μi ) = log(Lengthi) + x i β + ϕi (Model 1)
where Yi is the number of accidents observed at road segment i, μi and ψ
are the mean (for road segment i) and overdispersion (shape) values for
the ZINB distribution, z is the probability of value 0 for the ZINB distribution, the natural logarithm acts as a link function for the mean risk
at segment i (μi), the natural logarithm of each segment's length is
added as an oﬀset, xi is a vector that contains the values for the covariates described in Table 1 corresponding to segment i along with a
factor indicating whether the road segment belongs to the IAZ class, β is
a vector of coeﬃcients to control the eﬀect of these predictors and ϕi
represents a spatial eﬀect for road segment i.
The spatial eﬀect was modelled using a conditional autoregressive
(CAR) structure (Besag, 1974; Besag et al., 1991):
n

ϕi ∣ϕj , j ≠ i ∼ N (α ∑ wij ϕj , τi−1)
j=1

where α ∈ [0, 1] is a spatial dependence parameter that measures the
strength of spatial autocorrelation (α = 0 reﬂects the complete absence
of such eﬀect), τi is a precision parameter that varies with i and wij the
entry at the (i, j) position of the neighbourhood matrix Wdir
(wii = 0, ∀ i ).
In particular, the joint distribution of Φ = (ϕ1, .. ., ϕn) satisﬁes the
Gaussian multivariate probability distribution (Banerjee et al., 2004):

3.5. Accident count modelling
A Bayesian spatial model with Zero-Inﬂated Negative Binomial response (ZINB) was implemented to ﬁt the observed accident counts for
the split network structure (composed of 975 road segments). If Y∼ NB
(μ, ψ) (basic negative binomial distribution of mean μ and shape ψ) then
it

holds
x+ψ−1

that
ψ

E(Y) = μ,

V (Y ) = μ +

μ2
ψ

Φ ∼ N (0, [τ (D − αWdir )]−1).

and

where D is a diagonal matrix that contains the number of in- and outneighbours of each spatial unit.
Moreover, a second model (Model 2) speciﬁcally focused on the
eﬀect of the covariates on IAZs was implemented with the following
linear predictor for log(μi):

μ

P (Y = x ) = ( ψ − 1 )( μ + ψ )ψ ( μ + ψ ) x . The zero-inﬂated version of the NB
distribution acts as a double-stage process that makes it possible to
increase the probability of value 0. Thus, if z denotes the structural
probability of 0 for the ZINB distribution, its probability mass satisﬁes
the next stepwise function:

log(μi ) = log(Lengthi) + x i β + x i γIIAZ + ϕi (Model 2)

z + (1 − z ) P (Y = 0), x = 0
P (Z = 0) = ⎧
⎨
(1
x>0
⎩ − z ) P (Y = x ),

where IIAZ is an indicator function for IAZ and γ represents the vector of
coeﬃcients that measure the eﬀect of the covariates at IAZ. Hence,
Model 1 only considers the eﬀect of IAZ as one of the factors being

where Y∼ NB(μ, ψ) and Z∼ ZINB(μ, ψ, z).
6
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studied, whereas Model 2 allows the determination of the diﬀerential
eﬀect that each covariate can produce at the road segment level depending on the zone of analysis (IAF or MAF). Furthermore, for these
two models, the inﬂation probability, z, was modelled through a logit
equation that makes it possible to estimate a diﬀerent value of z for
each zone type:

logit(z ) = zIntercept + z Slope IIAZ ⟷z =

Γ=

(1)

where IIAZ is again an indicator function for IAZ.
The estimation of the parameters of the two models was performed
with the brms R package (Bürkner et al., 2017), which is based on the
statistical software Stan (Carpenter et al., 2017).

aij = riobs − r jobs, bij = riexp − r jexp
where sgn(x) = x/|x| (sign function). A high value of Γ, regardless of
the speciﬁc selection of aij and bij, indicates a high level of agreement
between the ranked observed accident counts and the ones predicted by
a model. This is a clear sign of a good model ﬁt.
Finally, Moran's I (Moran, 1950a,b) consists in a global estimation
of the spatial autocorrelation of a variable indexed in according to a
system of spatial units. Its deﬁnition is the following:

Several techniques were applied in order to check for the propriety
of the diﬀerent models employed for representing the observed accident
counts. In this section, the methods used for this task, which included
conditional predictive ordinate (CPO), general correlation coeﬃcients
and Moran's I, are brieﬂy described.
The CPO method (Stern and Cressie, 2000; Marshall and
Spiegelhalter, 2003) requires data simulation from the posterior distribution of a ﬁtted Bayesian model. Indeed, if the values for the covariates of the models are left ﬁxed as in the data used to ﬁt the model,
the accident counts simulated at each draw behave like replicates of the
original counts (y) and are denoted by Yrep (Gelman et al., 2013). If a
model represents the counts properly, the observed counts should agree
with the distribution of a simulated dataset of Yrep. Then, a high departure between y and Yrep may indicate a poor performance from the
model. In this regard, CPO is a simulation-based tool that has already
been used in similar research studies (Yang et al., 2013; Xie et al., 2014)
with the main purpose of identifying outliers within the data, which in
this case correspond to road segments. For this purpose, the distribution
of Yirep for every spatial unit (road segment) i is evaluated from all the
original data except yi itself (in a similar way to the leave-one-out crossvalidation procedure). Thus, the goal is to ﬁnd spatial units whose
observed count value is far enough from the simulated distribution of
Yirep |y−i , where y−i denotes the original data with the exclusion of yi. The
determination of a p-value that tests this question for unit i is done
through a reweighting of the Yrep with the choice of the following
weight:

n

I=

P (Yirep ≤ yi |y−i ) ≈

∑
g=0

fσ (i) =

(x i − x¯)2

∑

k (dL (x , mi )) aC (π )
(3)

x ∈ A (mi, σ )

where mi is the middle point of the road segment i of the linear network,
σ is the kernel's bandwidth, A(mi, σ) is the set of points of the network at
a distance from mi up to σ where an accident took place,
−u 2
1
k (u) = σ π e ( σ ) is the kernel function (Gaussian), dL is the distance
m

along the network and aC (π ) = ∏ j = 1

2
,
deg(vj )

where π = [v1, ...,vm] de-

notes the set of vertices of the network that have to be passed through
to travel the shortest path that joins mi with x and deg() represents the
degree of a vertex of the network, meaning the number of road segments incident to the vertex. It needs to be remarked that the computation of the distance dL between any two points of the network makes
use of its directed structure, providing a realistic measure of the distance between the two points according to traﬃc ﬂow.
A Gaussian kernel was selected because it is the most common option, and no other kernel functions were explored because this choice
usually has little eﬀect on the results (Silverman, 2018). On the choice
of the bandwidth parameter, a value of around σ = 50 m would be
optimal if the non-parametric test proposed by Cronie and Van Lieshout

K

k=1

− x¯)(x j − x¯)

Kernel Density Estimation (KDE) is commonly used to obtain the
intensity of a point pattern that lies on a space. Particularly, it can be
used to estimate the intensity of a point pattern along a linear network,
requiring modiﬁcations of the classical formulas (valid for areal units)
to account for the particularities of this spatial structure (Okabe et al.,
2009; Okabe and Sugihara, 2012). In this study, the equal-split continuous kernel density deﬁned by McSwiggan et al. (2017) is computed
at the middle point of every road segment i of the linear network following the next equation, by which the fσ(i) values are obtained:

P (Yirep = g|Λ(k ) ) ρ−(ki )
K
∑k = 1 ρ−(ki )

rep
(k ) (k )
1 ∑k = 1 P (Yi = yi |Λ ) ρ−i
+
K
(
)
k
2
∑ ρ−i

n
∑i = 1

1
(x
ni i

3.7. Kernel Density Estimation

where k is the index for the simulation, yi is the number of accidents
observed for spatial unit i, Λ(k) represents the parameters sampled for
the model at simulation number k (which includes the corresponding
values for λi's, ψ, z and Φ) and P represents the probability function of a
ZINB distribution that follows the parameters in Λ(k). Then, a p-value
that allows outlier identiﬁcation is approximated with the next expression (Marshall and Spiegelhalter, 2003):
K
∑k = 1

∑i = 1 ∑j ∈ Ndir (i)

where xi is a variable indexed by spatial unit and x̄ its average. Thus,
Moran's I makes use of the predeﬁned neighbourhood structure and
behaves as a correlation between the variable of interest and a variable
that assigns to each of the spatial units a weighted average of the values
of its neighbours. Under the hypothesis of no spatial autocorrelation, it
holds that E(I) =−1/(n − 1), where n is the number of spatial units
(975). Hence, negative Moran's I values for the residuals of the model
would be an indicator of a good performance from the ﬁtted Bayesian
count models in capturing the spatial eﬀect.

1
P (yi |Λ(k ) )

yi − 1

n

aij = sgn(riobs − r jobs), bij = sgn(riexp − r jexp)

3.6. Model checks

ρ−(ki ) =

n

∑i = 1, j = 1 a ij2 ∑i = 1, j = 1 bij2

where the coeﬃcients aij and bij must be anti-symmetric (aij =− aji,
bij =− bji). As two important particular cases, if robs and rexp denote the
ranks (in decreasing order) of the observed and ﬁtted accident counts
per spatial unit (respectively), the following choices of aij and bij correspond to Kendall and Spearman correlation coeﬃcients (Kendall,
1938; Spearman, 1904):

exp(zIntercept + z Slope IIAZ)
1 + exp(zIntercept + z Slope IIAZ)

∑i = 1, j = 1 a ij bij

(2)

General correlation coeﬃcients are an extension of Pearson's correlation coeﬃcient (Pearson, 1896) making it possible to compare two
possibly related numerical vectors of the same length. Speciﬁcally, it
can be employed to compare the distribution of ranks shown by the
observed accident counts and the counts ﬁtted by any statistical model
applied. The formula for a general correlation coeﬃcient, Γ, is:
7

Accident Analysis and Prevention 132 (2019) 105252

Á. Briz-Redón, et al.

pattern (number of events per unit length) in each of the zones of interest was compared with the mean intensity in its ﬁrst-order neighbourhood (the set of all the ﬁrst-order neighbours of the road segments
composing the zone), which made it possible to detect both low-intensity (coldspot) and high-intensity (hotspot) parts of the network
showing a diﬀerential incidence of traﬃc accidents in comparison with
the road segments in their surrounding areas.
Finally, once the coldspots and hotspots had been located in the
network, the values of the covariates of the road segments that formed
them were individually analyzed to conﬁrm or put into question the
conclusions that could be drawn from the use of the count models.

Table 3
Summary of the response (counts at the road segment level) for the original and
the split road network.
Original network

Mean
Variance
Variance/Mean
% Zeros
Gini Index
No. of accidents
No. of segments
Road length (m)

12.92
403.46
31.22
23.20
0.67
5738
444
33571.09

Split network
IAZs

MAZs

5.75
189.94
33.06
49.19
0.80
3924
683
14166.96

6.21
123.25
19.84
18.84
0.66
1814
292
19404.13

4. Results and discussion
(2018) were followed. However, the larger value of σ = 100 m was
applied in agreement with previous studies on road networks that have
employed KDE for hotspot detection (Xie and Yan, 2013; Nie et al.,
2015).
Finally, edge eﬀects (Okabe and Sugihara, 2012) need to be discussed because the network used for the analysis is to a certain extent
artiﬁcially bounded, being only a part of the larger road network of
Valencia. First, it needs to be remarked that the kernel construction
chosen (Equation (3)) alleviates edge eﬀects, as stated by McSwiggan
et al. (2017). Second, Eixample District is delimited by pedestrian and
secondary roads (to the north and south), a train station (to the west)
and a green area (to the east), which to some extent make the district
naturally bounded (Fig. 1a enables us to appreciate some of these
points). Furthermore, the two roads bordering the network of analysis
to the north and south are important avenues of Valencia which account for most of the accidents in the vicinity (these avenues are part of
the network analyzed). All these facts allow us to conclude that accident densities estimated along the four roads that form the border of the
network are reasonable.

A total of four Monte Carlo Markov chains (MCMC) of length 30000
were run for the two models starting from non-informative priors for
the parameters involved. The length of the chains was chosen to be
large enough to ensure the convergence of the estimates of all the
parameters involved in the models, which was afterwards checked
using common validation tools (scale reduction factor close to 1 for all
estimates and visual inspection of the chains). The choice of a ZINB
model is sensible according to the values in Table 3, which was validated through subsequent predictive checks of a graphical nature. First,
accident counts are clearly overdispersed with a variance-to-mean ratio
of 31.22 for the original network. Second, 23.2% of the road segments
(103 of the 444 road segments that form the original network) have no
accidents recorded for the period being considered, which leads to the
choice of a zero-inﬂated response. Furthermore, the inequality observed
in the accident counts per road segment leads to a Gini index (Gini,
1912) of 0.67, with more than the 50% of the accidents recorded
concentrated in 52 of the segments of the original network (these segments represent only 15% of the length of the network), in agreement
with previous studies of a similar nature (although not focused on
traﬃc accidents) referring to the law of crime concentration (Weisburd,
2015). These particularities of the data of study are also present when
the network is split into IAZs and MAZs. However, whereas the variance-to-mean ratio is not so heavily aﬀected, the number of zeros is
much higher in IAZs. For this reason, the estimation of the zero-inﬂated
probability was made dependent on the zone, as described in the previous methodological section regarding count model speciﬁcations.
Table 4 displays the values obtained for the three kinds of validation
tools that were applied. Moran's I values were negative for both models,
which is a sign of good performance as it indicates the absence of
spatial autocorrelation between model residuals. Correlation coeﬃcients (Γ) derived from the comparison of observed and expected counts
at the road segment were very similar and signiﬁcantly greater than 0
for both models, although a slight improvement can be appreciated for
Model 1. Regarding the percentage of potential outliers according to the
CPO method (IAZs and MAZs showing a p-value lower than 0.05 according to Equation (2)), the results are again very close, but better
again for Model 1. In conclusion, Model 1 presents better results than
Model 2 by a narrow margin, but both models oﬀer a reasonable basis
to allow conclusions to be drawn from them regarding the occurrence of
traﬃc accidents in the network of analysis.
Therefore, let us now concentrate on model parameters and on the
eﬀects that the covariates being considered could have had on the

3.8. Coldspot/hotspot detection
The use of the count models was supplemented with a search for
zones of the network with a particularly low or high incidence of traﬃc
accidents; these are usually known as coldspots and hotspots, respectively. Several approaches to this problem coexist in recent literature on
traﬃc accident data, including some of the studies already mentioned
in the Introduction (Xie and Yan, 2013; Nie et al., 2015; Thakali et al.,
2015; Harirforoush and Bellalite, 2016). These methods mainly agree in
the use of KDE to obtain a smooth representation of the observed point
pattern, a process which is commonly followed by the detection of
zones of the network whose KDE values present a signiﬁcant spatial
autocorrelation.
Here, KDE was computed with σ = 100 m at the middle point of
each road segment of the network considering the dL distance along the
network that accounts for traﬃc ﬂow (following Equation (3)). Then,
the local version of Moran's I statistic known as LISA (Anselin, 1995)
was obtained for each road segment following the next formula:

Ii =

x i − x¯
∑i (x i − x¯)2 / n

∑ wij (xj − x¯)
j

The road segments showing a signiﬁcant local association (a
threshold of 0.1 was used for the p-value instead of the usual 0.05 to
minimally extend some of the coldspots/hotspots, allowing a wider part
of the network to be analyzed) were selected and grouped according to
their contiguity. Other inputs such as the accident count per road segment or the accident rates were also considered for computing the LISA
values, but KDE was the only one capable of providing a sensible
number of zones along the network presenting similar behaviour in
terms of dangerousness. Finally, the basic average intensity of the point

Table 4
Values obtained for the statistical tools employed for model comparison.

Γ (Kendall)
Γ (Spearman)
% Potential outliers
Moran's I

8

Model 1

Model 2

0.37
0.47
13.85
−0.06

0.34
0.43
15.28
−0.04
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very similar estimates for the two models. The higher percentage of
zeros in IAZs is clear from the estimates obtained for the slope parameter (zSlope > 8), which models z through a logit equation. This
particularly
means
(for
instance,
for
Model
1)
that
exp(−8.69 + 8.32)
z = 1 + exp(−8.69 + 8.32) ≃ 0.41 in IAZs (following Equation (1)), a value that
is not surprising in view of Table 3. On the other hand,
exp(−8.69)
z = 1 + exp(−8.69) < 2·10−4 indicates that zero-inﬂation is not needed for
modelling accident counts in MAZs, that is, a non-modiﬁed NB distribution would be suitable enough.
With regard to covariate eﬀects, Model 1 indicates that main roads,
roads containing a bus lane and approaching-intersection segments
(IAZs) are associated with a higher accident count. In contrast, the
existence of parking slots in the road and geometries of type 3 and 4
correlate with fewer traﬃc accidents at the road segment level for the
network of study. Regarding these two geometry types, as mentioned
previously, they mainly include short and sharp road segments (Cluster
3) and short-medium segments that are highly connected with the latter
(Cluster 4). The sign of the coeﬃcient related to Cluster 3 may be
considered inconsistent with literature reporting higher crash risks for
skewed road intersections (Harwood et al., 2000; Nightingale et al.,
2017; Kumfer et al., 2019), which is supported by the fact that skewed
intersections cause longer traverse times than 90-degree intersections
and poor visibility for drivers, among other things (Gattis and Low,
1998). However, it is worth noting that most of the research regarding
skewed intersections is based on high-speed rural intersections. The
Eixample network analyzed in this study represents a low-to-moderatespeed urban area. No signiﬁcant associations are found for the rest of
the covariates, including the multilevel categorical ones representing
the number of lanes in the road, the number of entrances/exits and the
AADT level.
On the other hand, Model 2 provides a more complex depiction of
the eﬀect of the covariates being studied, as it considers a diﬀerential
eﬀect for each of them depending on the zone type (IAZ or MAZ).
Among the β parameters, which now represent eﬀects within MAZs,
only the one representing the eﬀect of Cluster 3 remains signiﬁcant
(with the same sign as in Model 1). Despite not being signiﬁcant with
90% credibility, the eﬀects of main roads and the presence of a bus lane
should not be completely overlooked according to the conﬁdence intervals obtained. In addition, Model 2 points out the diﬀerent contribution that some factors may make to the risk of traﬃc accidents in
IAZs or MAZs. Road geometry reﬂected by Cluster 4 now appears as
signiﬁcant only for IAZs, presenting a even more negative coeﬃcient
than in the case of Model 1. Moreover, the association of the two
highest levels of AADT, 4 and 5, with traﬃc accidents presents a differential behaviour between MAZs and IAZs. Indeed, both β parameters
are signiﬁcant and positive, suggesting an increase in the number of
traﬃc accidents in MAZs, but the two corresponding γ parameters are
negative, indicating a protective eﬀect (or, at least, a less detrimental
eﬀect) against traﬃc accidents in the most travelled road segments
when a road intersection is near. Therefore, the distinction between
IAZs and MAZs has allowed us to ﬁnd a signiﬁcant association between
some AADT levels and traﬃc accidents that depends on the proximity
to road intersections, a result that somehow compensates the surprising
(according to previous research) non-signiﬁcant estimates found for the
AADT levels in Model 1.
The computation of network-constrained KDE values with σ = 100
m leads to the smooth representation of traﬃc accidents shown in
Fig. 6a. This Figure shows that one of the main avenues located in the
network (which also has the highest values for AADT) has a very high
accident rate along all its length. Similarly, avenues and main roads
bordering the network contain some zones of high accident rates. In
contrast, the central part of the network shows much lower values than
neighbouring locations. Therefore, the KDE values computed at the
middle points of the 975 segments forming the split network were used
to ﬁnd (through LISA values) coldspots and hotspots accurately located

Table 5
Summary of the results obtained with Models 1 and 2. Coeﬃcient estimates (β
and γ) in bold represent covariates signiﬁcant with 90% credibility, whereas Lo
and Up denote the lower and upper bounds (respectively) of the 90% credible
intervals for such estimates.
Model 1
Lo
Up

Covariate

β

(Intercept)
Main road
Parking slots
Traﬃc light
Bus stops
Bus lane
No. of lanes (2)
No. of lanes (3)
No. of lanes (4)
No. of lanes (≥ 5)
No. of in-neighbours (2)
No. of in-neighbours (≥ 3)
No. of out-neighbours (2)
No. of out-neighbours (≥
3)
Cluster (2)
Cluster (3)
Cluster (4)
AADT (2)
AADT (3)
AADT (4)
AADT (5)
IAZ

-3.01
0.41
-0.27
−0.08
0.02
0.36
−0.29
0.20
0.36
−0.04
0.05
0.05
0.04
0.29

−3.42
0.04
−0.51
−0.30
−0.25
0.04
−0.64
−0.23
−0.22
−0.64
−0.16
−0.38
−0.19
−0.15

0.06
-0.43
-0.59
0.10
−0.15
0.28
0.48
1.58

−0.23
−0.81
−0.91
−0.32
−0.58
−0.31
−0.10
1.35

β

Model 2
Lo
Up

−2.60
0.78
−0.02
0.14
0.30
0.68
0.05
0.65
0.94
0.56
0.27
0.48
0.26
0.73

-3.43
0.50
−0.14
−0.20
0.21
0.39
0.01
0.00
−0.06
0.01
0.03
−0.07
0.03
−0.04

−3.99
−0.09
−0.49
−0.68
−0.19
−0.09
−0.50
−0.67
−1.02
−0.87
−0.31
−0.70
−0.31
−0.71

−2.88
1.09
0.20
0.28
0.60
0.88
0.53
0.68
0.89
0.90
0.36
0.56
0.37
0.63

0.35
−0.06
−0.28
0.51
0.29
0.88
1.06
1.79

0.04
-1.24
0.05
0.11
−0.26
1.22
1.34
2.43

−0.35
−2.25
−0.41
−0.52
−0.94
0.32
0.36
1.67

0.44
−0.25
0.49
0.74
0.42
2.13
2.34
3.18

Covariate∣IAZ

γ

Lo

Up

γ

Lo

Up

Main road∣IAZ
Parking slots∣IAZ
Traﬃc light∣IAZ
Bus stops∣IAZ
Bus lane∣IAZ
No. of lanes (2)∣IAZ
No. of lanes (3)∣IAZ
No. of lanes (4)∣IAZ
No. of lanes (≥ 5)∣IAZ
No. of in-neighbours (2)∣IAZ
No. of in-neighbours (≥ 3)∣IAZ
No. of out-neighbours (2)∣IAZ
No. of out-neighbours (≥ 3)∣IAZ
Cluster (2)∣IAZ
Cluster (3)∣IAZ
Cluster (4)∣IAZ
AADT (2)∣IAZ
AADT (3)∣IAZ
AADT (4)∣IAZ
AADT (5)∣IAZ

-

-

-

−0.27
−0.22
0.07
−0.30
−0.04
−0.33
0.42
1.05
−0.07
0.09
0.19
0.01
0.70
0.00
0.68
-1.19
0.03
0.04
-1.76
-1.55

−1.01
−0.68
−0.47
−0.83
−0.66
−1.01
−0.43
−0.12
−1.21
−0.33
−0.64
−0.42
−0.16
−0.54
−0.40
−1.79
−0.76
−0.81
−2.91
−2.76

0.46
0.25
0.61
0.23
0.58
0.34
1.28
2.24
1.08
0.51
1.01
0.44
1.57
0.55
1.79
−0.59
0.82
0.89
−0.61
−0.36

Parameter

Est.

Lo

Up

Est.

Lo

Up

ψ
zIntercept
zSlope
α

1.71
-8.69
8.32
0.11

1.06
−15.87
4.30
0.01

2.65
−4.68
15.49
0.32

1.56
-8.61
8.27
0.17

1.07
−15.63
4.28
0.01

2.33
−4.63
15.30
0.47

accidents that occurred in the network of study during the period
2005–2017. Table 5 shows the results for Model 1 and Model 2, in
which the missing levels of any covariate are implicitly present as they
are considered the reference levels for the covariate (the other levels are
estimated in relation to the missing one). If the estimation for the
coeﬃcient corresponding to a covariate (β's and γ's) or a structural
parameter (ψ, z and α) lies in the 90% credible interval (all derived from
the MCMC procedure), then the eﬀect of that covariate or structural
parameter is signiﬁcant with 90% credibility. All structural parameters
were found to be signiﬁcant in all models. Hence, a modelling approach
that includes spatial heterogeneity (α > 0), overdispersion (ψ > 0)
and a zero-inﬂated distribution that depends on the zone (MAZ or IAZ)
is justiﬁed. Parameters ψ and z driving the ZINB distribution present
9
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Fig. 6. Quintile distribution of the KDE values for σ = 100 m (a) and coldspots (green) and hotspots (red) detected after the computation of LISA statistics from these
KDE values for the split network made of 20 m IAZ. In (a), each road segment of the split linear network is coloured according to the KDE value at its middle point.

Table 6
Relative frequencies of the covariates in the road segments that form the coldspots, average zones and hotspots detected. Each frequency is obtained by averaging the
values of the covariates for all the road segments in each set, but weighting them according to their corresponding lengths. For the binary variables only the
frequencies of presence at the road segment (value of 1) are shown.
Covariate

Main road (1)
Parking slots (1)
Traﬃc light (1)
Bus stops (1)
Bus lane (1)
No. of lanes (1)
No. of lanes (2)
No. of lanes (3)
No. of lanes (4)
No. of lanes (≥ 5)
No. of in-neighbours (1)
No. of in-neighbours (2)
No. of in-neighbours (≥ 3)
No. of out-neighbours (1)
No. of out-neighbours (2)
No. of out-neighbours (≥ 3)
Cluster (1)
Cluster (2)
Cluster (3)
Cluster (4)
AADT (1)
AADT (2)
AADT (3)
AADT (4)
AADT (5)
Total road length (m)
No. of road segments
No. of accidents

Coldspots

Average

Hotspots

IAZ

MAZ

IAZ

MAZ

IAZ

MAZ

0.33
0.63
0.25
0.08
0.33
0.71
0.25
0.04
0.00
0.00
0.28
0.61
0.08
0.16
0.84
0.00
0.12
0.20
0.09
0.59
0.71
0.04
0.25
0.00
0.00
506.87
25
7

0.00
0.65
0.00
0.00
0.00
1.00
0.00
0.00
0.00
0.00
0.26
0.74
0.00
0.39
0.61
0.00
0.00
0.39
0.00
0.61
1.00
0.00
0.00
0.00
0.00
144.95
3
1

0.53
0.65
0.52
0.14
0.52
0.56
0.21
0.13
0.07
0.04
0.26
0.63
0.11
0.27
0.63
0.10
0.13
0.40
0.20
0.28
0.60
0.13
0.12
0.07
0.07
10969.22
538
1989

0.47
0.77
0.07
0.20
0.50
0.59
0.21
0.12
0.04
0.04
0.24
0.63
0.14
0.21
0.67
0.12
0.31
0.51
0.02
0.16
0.67
0.13
0.08
0.08
0.04
17626.74
256
1066

0.94
0.23
0.63
0.13
0.82
0.17
0.09
0.12
0.40
0.21
0.46
0.36
0.18
0.42
0.37
0.21
0.04
0.22
0.49
0.25
0.11
0.12
0.09
0.13
0.55
2682.96
120
1928

0.94
0.34
0.29
0.15
0.98
0.07
0.11
0.23
0.21
0.38
0.34
0.37
0.30
0.33
0.34
0.33
0.00
0.62
0.00
0.37
0.06
0.11
0.13
0.40
0.30
1632.44
33
747

road characteristics particularly represented in hotspots/coldspots to
display a signiﬁcant association with traﬃc accidents from a global
modelling perspective. Hence, the combination of two statistical
methodologies can either strengthen the validity of the conclusions or
call them into question.

in the network, which are displayed in Fig. 6b. Identifying coldspots
and hotspots enables us to compare the values presented by the covariates in the road segments forming them, but also in the rest of the
network. Table 6 contains the mean values (weighted by each road
segment's length) of the covariates at coldspots, hotspots and average
road segments (neither a coldspot nor a hotspot), which enables us to
check the high relative frequency of main roads, bus lanes, 4 or more
lanes, 3 or more in- and out-neighbours and levels 4 and 5 of AADT in
the road segments belonging to hotspots in comparison to those in
coldspots or in average microzones. On the latter, it must be remembered that many of these covariates or levels were not yielded as a
signiﬁcant factor by the count models. Finally, the geometries of type 3
(for IAZs), 2 and 4 (for MAZs) are particularly high in hotspots, which
may be unexpected according to the results shown by the two models
ﬁtted. In this regard, it is worth remarking that one should not expect

5. Conclusions
Traﬃc safety analyses set over areal spatial units have been of interest for many years, but the recent development of statistical techniques on linear networks is bringing new advances and challenges for
this subject. Speciﬁcally, in this study, a linear network has been used
to analyze a geocoded dataset of accidents that took place in the city of
Valencia (Spain) during the period 2005–2017. In this regard, the
proper consideration of road intersections and the combination of
10
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Conﬂicts of Interest

several statistical techniques have been emphasized.
Indeed, the study of traﬃc accidents around road intersections is of
special interest given the high percentage of them that occur close to
these road entities. Typically, these analyses are done independently of
the values observed for road segments between intersections. This
strategy can potentially lead us to miss important relationships (mainly
of a spatial type) between intersections and segments in between which
may detract from the validity of the results. In this article, the deﬁnition
of IAZs and MAZs along the directed linear network available has
provided a uniﬁed approach (involving spatial relationships and the
deﬁnition of covariates) to this issue that does not exclude any type of
road entity.
On the other hand, from a modelling perspective, the coexistence of
multiple methodologies to treat accidents datasets provides a ﬂexible
framework for analyzing many kinds of speciﬁc questions of interest,
but this fact also leads to great diﬃculties when trying to decide on a
particular approach. In this study, overdispersion of accident counts
and the disparate eﬀects that arise at road segments near intersections,
producing both a high concentration of traﬃc accidents and a high
presence of zeros, were addressed through a zero-inﬂated negative binomial distribution. In addition, spatial relationships between road
segments were included with a CAR distribution based on a neighbourhood matrix that accounted for traﬃc ﬂow. Later, model quality
was assessed employing several validation tools, including checks based
on simulated data that led to outlier detection, but also more classical
techniques such as correlation coeﬃcients and Moran's I.
Furthermore, this study has combined the use of spatial count
models with the detection of coldspots and hotspots. The results derived
from each of the approaches have been discussed and compared, providing coherent results even though some diﬀerences were noted. This
kind of local analysis could be very useful for validating the results from
the statistical models and and questioning some of the conclusions
yielded by the former, increasing the robustness of the ﬁnal results. In
this regard, the nature of KDE alleviates the existence of geocoding
inaccuracies that may arise when conducting a spatial analysis of this
kind, especially when it is done at the road segment level. Indeed, the
risk of making mistakes as a consequence of bad geocoding are higher
for the construction of the response variable representing accident
counts at the road segment level. Here, a small inaccuracy can lead to
situating a traﬃc accident in the wrong road segment, altering the
counts of two segments. Kernel density estimation, however, produces a
smooth representation of the intensity of traﬃc accidents along the
network that can even absorb some of the geocoding inaccuracies that
usually occur, as suggested by Harada and Shimada (2006) and
Zandbergen (2009).
Overall, the modelling approach revealed that spatial heterogeneity,
overdispersion and the eﬀect of road intersections on adjacent road
segments (including zero-inﬂation) must be accounted by analyzing the
distribution of accident counts in the Eixample District of Valencia. The
generalization of these ﬁndings to other urban areas may be risky,
because this kind of analysis is always data-dependent, but it should
always be reasonable to consider it. In addition, the detection of hotspots and coldspots identiﬁed the fact that main roads, the existence of
a bus lane in the road, 4 or more lanes and high AADT values are associated with higher accident counts at the road segment level. The
eﬀect of other covariates remained unclear or non-signiﬁcant and may
require further analysis. In any case, this study was slightly limited in
terms of covariates, which should be addressed in the future with the
availability of more complete and accurate geographic information
systems.
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