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a b s t r a c t

Understanding the underlying relationship between pedestrian injury severity outcomes and factors
leading to more severe injuries is very important in addressing the problem of pedestrian safety. This
research combines data mining and statistical regression methods to identify the main factors associated
with the levels of pedestrian injury severity outcomes. This work relies on the analysis of two unique
pedestrian injury severity datasets from New York City, US (2002–2006) and the City of Montreal, Canada
(2003–2006). General injury severity models were estimated for each dataset and for sub-populations
obtained through clustering analysis. This paper shows how the segmentation of the accident datasets
helps to better understand the complex relationship between the injury severity outcomes and the con-
tribution of geometric, built environment and socio-demographic factors. While using the same method-
ology for the two datasets, different techniques were tested. Within the New York dataset, a latent class
with ordered probit method provides the best results. However, for Montreal, K-means with a multino-
mial logit model proves most appropriate. Among other results, it was found that pedestrian age, location
type, driver age, vehicle type, driver alcohol involvement, lighting conditions, and several built environ-
ment characteristics influence the likelihood of fatal crashes. Finally, the research provides recommenda-
tions for policy makers, traffic engineers, and law enforcement in order to reduce the severity of
pedestrian–vehicle collisions.

� 2012 Elsevier Ltd. All rights reserved.

1. Introduction

Pedestrian safety is a vital transportation issue when promoting
active transportation. Pedestrians are vulnerable road users often
suffering serious consequences when involved in motor-vehicle
crashes. Therefore, it is important to understand the factors associ-
ated with pedestrian injury severity levels. This will help traffic
engineers, planners and decision makers to target the injury-re-
lated factors through various engineering counter-measures (such
as improvements to motorized vehicles, pedestrian facility designs,
and built environment and road geometric design), as well as edu-
cation and enforcement actions (referred to as the 3-E approach).

This paper combines the use of regression modeling techniques
with clustering analysis to identify the main contributing factors

associated with pedestrian–vehicle injury severity levels in two
case study locations: New York City, US and Montreal, Canada.
The relationship of injury severity levels and a large set of factors
(covering built environment, geometric design, and vehicle–pedes-
trian characteristics) is investigated.

The paper is organized into five sections. The following section
provides a review of previous studies on injury severity modeling.
The methodologies used in this research are described in the third
section. The fourth section presents the data, to which a clustering
algorithm and injury severity regression model are applied. The
fifth section reports and analyzes the results of the different meth-
ods and the final section concludes the work.

2. Related work

Many researchers have attempted to establish crash conse-
quence models to determine the injury severity of pedestrians
involved in motor-vehicle accidents. Eluru et al. (2008) categorized
the risk factors considered in earlier studies into the following six
categories: (1) pedestrian characteristics (e.g. age, gender, state of
soberness), (2) motorized vehicle driver characteristics (e.g. state
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of soberness, age), (3) motorized vehicle characteristics (e.g.
vehicle type, speed), (4) roadway characteristics (e.g. speed limit,
road system) (5) environmental factors (e.g. time, weather
conditions), and (6) crash characteristics (e.g. vehicle motion prior
to accident).

In addition to these variables, researchers recently started look-
ing into characteristics of the built environment (Aziz et al., 2012;
Clifton et al., 2009; Ukkusuri et al., 2012; Zahabi et al., 2011). Clif-
ton et al. (2009) studied the effect of built environment and other
characteristics on pedestrian–vehicle crashes. Regarding the indi-
vidual and behavioral variables, they found that older individuals
are more likely to be fatally injured. With respect to characteristics
of the built environment, although they examined many built envi-
ronment variables, only network connectivity and transit access
had a significant influence in non-fatal injury and were negatively
associated with sustaining minor injury. They concluded that built
environmental characteristics should be considered when evaluat-
ing and planning for pedestrian safety. Zahabi et al. (2011) esti-
mated the effects of road design, built environment, speed limit,
and other factors on the injury severity levels of pedestrians and
cyclists involved in a collision with a motorized vehicle. Their re-
search found that factors significantly increasing pedestrian colli-
sion severity include presence of a major road, vehicle straight
movements, darkness, median income, transit access, mixed land
use, and park presence within 10 meters. Furthermore, they found
that accidents occurring at an intersection and near a school have a
lower pedestrian severity. In another study (Sze and Wong, 2007),
the authors explored the contributing factors that lead to mortality
and severe injury in crashes involving pedestrians in Hong Kong
during the period of 1991–2004. They considered the effect of
demographic, crash, environmental, geometric, and traffic charac-
teristics. They found that the factors that increase the probability
of fatal and severe injury include elderly people above 65, head
injuries, a speed limit above 50 km/h, and if a crash is at either a
crossing or close to a crosswalk, at a signalized intersection, or
on a road with two or more lanes. In contrast, some factors that
are associated with lower injury severity include male, time of
day, and if the footpath is obstructed or overcrowded.

Recently, Ukkusuri et al. (2012) investigated the link between
the frequency of pedestrian–vehicle accidents classified by injury
severy types and built environment variables, including land use
patterns, demographics, transit charactristics and road network
characteristics. The authors used the same accident dataset from
New York City (NYC) as in this paper. The analysis was conducted
at the zip code and census tract levels. The results showed the ef-
fect of built environment on pedestrian safety. For example, multi-
lane roads increase the likelihood of fatal and total pedestrian
crashes. In addition, land use patterns affect the likelihood of pe-
destrian crashes; commercial, industrial and open land use types
increase the likelihood for crashes while residential land use has
opposite effect. A borough level analysis using the same NYC data-
set was conducted by (Aziz et al., 2012). They divided the dataset
into five separate datasets depending on the borough of the acci-
dent location. Then, they explored the contributing factors associ-
ated with the levels of pedestrian injury severity outcomes in each
borough. The findings showed the importance of using separate
models for each borough instead of analyzing the whole dataset
as one. Consequently, the suggested countermeasures are different
in each borough.

There are several statistical methods that can be used for ana-
lyzing the crash severity, such as ordered logit or probit models
(Lee and Abdel-Aty, 2005; Zahabi et al., 2011), generalized logit
models (Clifton et al., 2009), multinomial logit models (Tay et al.,
2011), and binary logit models (Sze and Wong, 2007). Data mining
has been used for data exploration and analysis in many scientific
areas for years. Among the data mining techniques, classification

methods such as decision trees, non-linear regression, and cluster-
ing techniques such as latent class (LC), K-means have been the
most popular data mining techniques. In the field of safety analy-
sis, some researchers trained a decision tree to analyze the injury
severity (Chang and Wang, 2006; Prato et al., 2010) and reported
satisfying results in prediction and classification. Other researchers
analyzed accidents by clustering using K-means (Kim and Yamash-
ita, 2007; Prato et al., 2010) and LC (Depaire et al., 2008). Finally,
some researchers have recommended combining data mining
and statistical techniques. Kuhnert et al. (2000) combined a non-
parametric model like Classification And Regression Trees (CARTs)
and Multivariate Adaptive Regression Splines (MARSs) with logis-
tic regression to analyze motor vehicle injury data. They suggested
that CART and MARS can be used as a precursor to a more detailed
logistic regression analysis. Depaire et al. (2008) used LC as a pre-
liminary analysis to identify hidden relationships between severity
outcomes and contributing factors, and then applied the multino-
mial logit model to injury analysis. They found that this methodol-
ogy is more powerful compared to applying only a multinomial
logit model to the whole dataset. More recently, Eluru et al.
(2012) have used a latent segmentation based ordered logit model
for identifying vehicle driver injury severity factors at highway-
railway crossings.

3. Methodology

While each of the models used in the safety literature has its
advantages, it appears that the injury severity regression model
is the most common technique used to identify the relationship be-
tween the dependent and independent variables. Also, it calculates
the significance level of each variable, although there may be hid-
den significant variables that must be considered in specific cases.
However, the effect of a particular factor might vary across colli-
sion subgroups. To address this issue, one solution is to classify
homogeneous accidents into clusters that can make other relation-
ships appear.

3.1. Clustering analysis

Clustering means to classify the data into groups (clusters) with
similar characteristics. It is a category of unsupervised learning
methods developed in the discipline of machine learning that has
been applied to data mining, pattern recognition, and image pro-
cessing. There are many clustering algorithms. The most popular
clustering algorithms are hierarchical, partitioning, density based,
and grid based. For further reading, the readers are referred to
(Berkhin, 2002; Xu and Wunsch, 2005). In this study, we focus
on partitioning clustering, which divides the data into k clusters
with no hierarchical relationship. There are two approaches for
clustering:

� The first approach relies on a distance between the dataset ele-
ments. The algorithm attempts to maximize the similarity
within each cluster and the dissimilarity between clusters.
The best known algorithm in this category is K-means.
� The second approach is probabilistic. It considers that the

data comes from a mixture model of several probability
distributions.

Both approaches, in the form of K-means and latent class (LC),
are used in this study. LC is known as a finite mixture model and
theoretically is similar to fuzzy clustering as it considers each ele-
ment class membership uncertainty. The main difference is that in
fuzzy clustering, the membership levels are the estimated param-
eters, while in LC, each element cluster membership is computed
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