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ABSTRACT 
 

Safety is one of the primary issues of transportation. Ensuring the different users to 

perform their activities in a safety environment enables the sustainability of the 

transportation network. In urban areas, this becomes a complex problem, as vehicles 

interact with different modes of transportation, such as pedestrians, bicyclists and transit 

users. This interaction can result in an accident that causes the death or injury of 

pedestrians and drivers. Therefore, the study of pedestrian-vehicle crashes is of primary 

importance to ensure a safe environment for the users of the transportation system. 

The use of crash-cause models that identify the affecting parameters is critical and 

has become exceptionally important for the most complex urban environments. This 

thesis focuses on pedestrian crashes in New York City and the specific characteristics 

that caused the fatalities and determined their level of injury. This study is the first in 

recent times to model pedestrian accidents in New York City. The study uses an 

extensive data set collected from several different sources over a period of five years that 

provide a rich source of independent variables for crash frequency and severity 

modeling. Different modeling methodologies are applied to estimate the parameters that 

affect the number of accidents and their level of injury. A simplified negative binomial, 

negative binomial with heterogeneity in dispersion parameter, and the zero-inflated 

negative binomial model is estimated to determine frequency of accidents. Additionally, 

a binary logit model is estimated to capture the factors affecting the level of severity of 

pedestrian crashes. Finally, important policy implications are drawn from the modeling 

results, and recommendations are made to reduce pedestrian risk in New York City. This 

are expected to reduce the risk of pedestrians through engineering measures, 

enforcement, ITS technologies, and educational and outreach programs. The results can 

be used as a guide to improve pedestrian safety in New York City and metropolitan areas 

with similar characteristics. 
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1. CHAPTER I: INTRODUCTION 

Over the last decade, the number of motor vehicles and people has increased 

significantly, augmenting the interaction of different entities in the road network. As 

a result, pedestrian-vehicle accidents have increased dramatically creating a 

dangerous environment for pedestrians. Pedestrian accidents are an important 

measure of traffic safety. Pedestrian accident frequency and severity provide an 

index of accident risk in the transportation network. Every year pedestrian fatalities 

comprise about 11.5% of all traffic fatalities and there are approximately 4,800 

pedestrian deaths (National Highway Traffic Safety Administration 2008). 

Additionally, 70,000 pedestrians are injured in roadway crashes annually (Federal 

Highway Administration 2009). This effect tends to be concentrated in large urban 

areas given the higher pedestrian-vehicle interaction.  This is a major concern to all 

regions in the country and to transportation agencies which oversee the safety of 

pedestrians. Therefore, if not properly understood and mitigated, pedestrian 

casualties will increase in numbers and severity thereby increasing the risk of 

pedestrians. 

There are numerous alternatives which could be implemented to combat growing 

pedestrian accident and fatality rates. The first of which is the identification of high-

risk regions through statistical analysis. These techniques are typically used to 

evaluate pre-post effects of implemented policies and countermeasures. These are 

usually combined with other practical evaluation techniques to identify related 

factors in the short term. However, for pedestrian accidents these methodologies 

cannot capture several of the contributory factors that are related with the overall 

performance of the system, due to the individual nature of the analysis. Thus, 

empirical pedestrian accidents models are used to analyze the causal factors affecting 

the final level of safety in a specified study region. These models can also be used to 

assess the implementation of policies and countermeasures, and to forecast future 

accident and fatality rates. The estimation of transportation safety models provides a 

robust approach for the development of safety improvement programs that can be 

applied at a desired level of aggregation.  
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In large urban areas, walking represents one of the most frequent modes of 

transportation due to higher levels of transit ridership, exposing the users of the 

system to pedestrian-vehicle crashes. In highly dense urban areas, such as New York 

City, this exposure is expected to be more significant because of the higher traffic 

volumes that increase pedestrian-vehicle interactions. In order to address the effects 

of this transportation phenomenon in a cost effective manner, the decision maker has 

to understand where the maximum number of accidents are occurring and their 

causality. Therefore, the development of safety models that capture the causalities of 

pedestrian-vehicle accidents are needed to assist practitioners and transportation 

agencies in the creation of pedestrian safety improvement programs.  

The United States suffered a dramatic increase in pedestrian crashes during the 

late 1970’s (U.S. Department of Transportation 2006), this created a momentum that 

pushed research in pedestrian safety to identify causes that affected pedestrian 

crashes. In the beginning, research was done to identify causalities that affected 

pedestrian-vehicle accidents. Later, with the identification of high-risk regions or 

“hot spots” the modeling and improvement efforts were concentrated to address 

accidents in a more efficient and cost effective manner. Through the years several 

techniques have been developed to identify and rank these different areas, and 

measure the level of fatality affecting pedestrian-vehicle crashes. This enabled 

transportation planners and practitioners to plan for safety and addressed the 

problems in specific target regions. 

Similarly, other countries of the world have improved safety through the 

investigation of causality factors and the development of mitigation strategies, and 

have demonstrated to be successful in these tasks. European countries have 

experienced lower pedestrian accident rates in comparison to the United States given 

the higher awareness and sensitivity of pedestrian traffic. European cities, such as 

Germany and Netherlands, have long recognized the importance of pedestrian and 

bicyclist safety introducing rigorous traffic calming measures and pedestrian friendly 

environments (J.P. Pucher and L. Dijkstra 2000). Additionally, Danish cities 

presented lower rates of accidents, however, this have been due to reduce exposure 

of pedestrians as a result of less people walking in the streets (S.U. Jensen 2007). 
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Moreover, studies in Australia demonstrate the improvement in safety achieved 

through the development of safety models that identified causality factors to create 

policies and countermeasures for mitigation (M. Haque 2009). This shows the 

importance of safety as an international issue and the lessons that can be learned 

from countries across the world. Thus, given the historic development of US cities 

towards the use of automobiles, a review of international sources could enrich the 

countermeasures that can be applied to increase pedestrian awareness, sensitivity, 

and safety in cities of the United States.  

New York City presents one of the most critical and interesting cases for the 

study of pedestrian-vehicle accidents, as a result of the higher level of vulnerability 

that the city presents for pedestrians. The share of pedestrian fatalities as a percent of 

total motor vehicle-related fatalities in 2005 was significantly higher for New York 

City than for New York State or the United States as a whole (see Table 1) 

(Governor's Traffic Safety Committee 2006; U.S. Department of Transportation 

2006; U.S. Department of Commerce 2008). This is expected given that New York 

City is the most populated city with very high density. The population of New York 

City (8.3 million) is more than twice that of Los Angeles (3.8 million), the second 

largest city in the United States (U.S. Census Bureau 2004). Moreover, there are 

more people walking in New York City than any other city. According to the 2005 

American Community Survey’s journey-to-work data (2008), 9.4 percent of New 

York City residents walked to work, while only 3.2 percent and 5.5 percent of the 

residents in Los Angeles and Chicago, respectively, walked to work (U.S. 

Department of Commerce 2008). The results of these differences demonstrate the 

higher level of exposure of pedestrian in New York City than any other large central 

cities around the United States.  
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Table 1 Comparison of Pedestrian Fatalities and Injuries in 2006: New York City vs United States 

Total 

Number of 

Fatalities 

from Motor 

Vehicle-

related 

Accidents

Number of 

Pedestrian 

Fatalities

Pedestrian 

Fatalities as 

a percent of 

Total 

Fatalities

Pedestrian 

Fatality 

Rates per 

100,000 

population

Total 

Number of 

Injuries from 

Motor 

Vehicle-

related 

Accidents

Number of 

Pedestrian 

Injuries

Pedestrian 

Injuries as a 

percent of 

Total 

Injuries

Pedestrian 

Injury Rates 

per 100,000 

population

The Bronx 51 11 21.6 0.81 12,516 1,645 13.1 120.82

Brooklyn 88 43 48.9 1.71 24,166 3,384 14.0 134.88

Manhattan 67 46 68.7 2.85 13,868 3,290 23.7 204.15

Queens 92 34 37.0 1.51 21,818 2,115 9.7 93.78

Staten Island 24 10 41.7 2.10 3,987 310 7.8 64.94

NYC Total
1 322 144 44.7 1.75 76,355 10,744 14.1 130.79

NY State
1 1,433 315 22.0 1.63 195,644 15,369 7.9 79.61

United States
2 42,642 4,784 11.2 1.60 2,575,000 61,000 2.4 20.37

NY Boroughs
1

 

New York City presents one of the friendliest pedestrian environments in the 

United States. Even with a greater level of exposure, which increases the frequency 

of accidents, fatality rates are typically lower in dense urban centers. This is notable 

in New York City where agencies have integrated the walking mode share as one of 

the primary means of transportation. Several characteristics, such as pedestrian-

oriented streets, universal provision of sidewalks, and an increasing number of 

signalized intersections, have made of New York City one of the most pedestrian 

sensitive areas. Additionally, this urban center has specific characteristics that may 

temper the severity of pedestrian crashes, including tight intersection geometry with 

no offset from intersection to crosswalk, relative absence of curb cuts, a longstanding 

ban on right-turns-on-red, and the use of pedestrian signal heads and crosswalks at 

all signalized intersections. These and other measures reduce the vulnerability of the 

pedestrians and improve safety in the interaction of vehicle and pedestrians.  

Furthermore, safety improvement programs carried by New York City agencies 

have increased the sustainability of walking as a mode of transportation. New York 

is one of the few cities, that has used the support from the Federal Government 

SAFETEA-LU program to increase bicycle transportation and pedestrian walkways, 

increasing traffic safety (Y. Freemark 2009). Additionally, the creation of safety 

programs, such as “Safe Streets NYC” has targeted specific locations, reducing 

fatalities in the five boroughs (Transportation 2007). Other programs focus on the 

safety of children walking to school, seniors and transit users to reduce fatality and 
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severity rates (New York City Department of Transportation 2009).However, despite 

these recent improvements, pedestrians in New York City are still highly vulnerable, 

and as safety projects have covered many problematic locations, the remaining 

locations where effective interventions can be made are less obvious than in the past. 

Therefore, the estimation of pedestrian safety models is needed to uncover the zones 

of high incidence of pedestrian crashes and the specific characteristics that caused 

the severe injuries and fatalities. The modeling process will provide New York City 

agencies a set of models to implement safety programs at the metropolitan level. 

This thesis focuses on pedestrian crashes in New York City and the specific 

characteristics that caused the fatalities and their level of severity. This is the first 

study in recent times to model pedestrian accidents in New York City. The study 

uses an extensive data set collected from several different sources over a period of 

five years that provides a rich source of area-specific attributes as explanatory 

variables for crash frequency and severity. Several alternate modeling methodologies 

are estimated enabling the comparison of the results across the different models for 

both frequency and severity of pedestrian accidents. The final modeling results 

demonstrate three types of models for the analysis of frequency of accidents 

(simplified negative binomial, negative binomial with heterogeneity in dispersion 

parameter, and the zero-inflated negative binomial model) and a discrete outcome 

model (Binary Logit model) to determine the level of severity of pedestrian 

accidents. 

The rest of the thesis is organized as follows: Chapter 2, presents a review of 

previous pedestrian studies and the alternative models for frequency and severity 

analysis; Chapter 3, provides a brief description of the database and the compilation 

process, along with the case study; Chapter 4 and 5, present the calibrated models 

along with their analysis and implications; finally, Chapter 6 and 7, summarize the 

results and the set of policy and countermeasures recommended to improve 

pedestrian safety at the metropolitan level. 
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2. CHAPTER II: LITERATURE REVIEW 

This chapter is intended to provide background knowledge on the topic of 

pedestrian safety modeling, from its theoretical inception to the actual 

implementation for transportation safety analysis. The different impacts and 

affecting variables from past studies are presented to illustrate the analytical power 

of the safety models. Finally, a review of lessons learned from pedestrian safety 

studies of different regions is presented. 

Two types of safety models are reviewed, frequency and severity models. These 

models are typically applied in safety analysis to measure the exposure and risk of 

pedestrians in a certain environment. Frequency models capture the variables that 

affect the number of pedestrian accidents within a specific geographic unit. On the 

other hand, severity models capture the elements affecting the fatality or injury 

severity of pedestrian crashes. Together, these models provide a measure to assess 

policies and countermeasures to tackle the effects of the identified affecting 

parameters. This ensures a sound approach to improve pedestrian safety for any 

given study region. 

2.1 Frequency Modeling Research  

Frequency analysis models the number of crashes which occur in an identified 

geographic unit, as a function of a variety of risk factors to predict crash occurrence 

and reveal crash causes. This analysis is usually performed using count data models. 

Count data models consist of non-negative integer values that result in a number of 

outcomes, which vary according to different explanatory variables. Poisson 

regression model and negative binomial (NB) have been the most widely used to 

capture the frequency of accidents (R.D. Austin and Carson 2002; F. Saccomanno, L. 

Miranda-Moreno et al. 2004). Extensions of some of the assumptions of these 

models have also been applied to estimate the parameters that affect the number of 

accidents in an area, such as the zero inflated Poisson (ZIP) (V. Shankar, G. 

Ulfarsson et al. 2003) and zero inflated negative binomial model (ZINB) (P. 

Anastopoulos and F. Mannering 2009). Other studies have also accounted for spatial 

correlation using Bayesian techniques (B. Persaud, C. Lyon et al. 1999).  
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Count data models have been widely applied to investigate vehicle-pedestrian 

accident frequency. At the micro-level, Lee and Abdel-Aty studied this type of 

accidents at intersections in Florida (C. Lee 2005). Using a NB model and ordered 

logit models for categorical data, they found that middle age drivers and pedestrians 

of increase the expected number of crashes, while narrow streets reduce the expected 

number of crashes. While this model produced statistically significant results, the 

study did not include a pedestrian exposure measure or even a proxy variable to 

capture pedestrian exposure. That is, the study’s finding of an association of crashes 

and middle age is somewhat obvious, given the fact that their share of the total 

population is large. Without having crash rates controlled by a pedestrian exposure 

measure, this finding can be misleading. Additionally, Ballesteros et al. (2004), 

applied logistic regression analysis to control for vehicle weight and speed in order 

to determine injury crashes in the state of Maryland (M.F. Ballesteros, P.C. 

Dischinger et al. 2004). However, some bias might have been introduced by the 

sampling procedure implemented. Other studies have used extensions of Poisson and 

NB count models to predict accident occurrence for safety analysis (L. Chang 2005; 

P. Anastopoulos, A.P. Tarko et al. 2008). 

Moreover, vehicle-pedestrian crashes have also been widely studied at the area-

level of aggregation, that is, macro-level models for pedestrian accidents. A study in 

San Francisco applied simple bivariate models to predict vehicle-pedestrian injury 

collisions based on changes in traffic volumes, and multivariate area-level regression 

models based on environmental and population data aggregated at the census tract 

level (M. Wier, J. Weintraub et al. 2009). These models were developed to predict 

vehicle-pedestrian injury collisions for land use and transportation planning decision. 

Their findings provide evidence that traffic volume is a primary environmental cause 

of vehicle-pedestrian crashes, and demonstrate the significance of additional network 

and land use explanatory variables. Further research estimates a spatial model at a 

disaggregate level to demonstrate the impact of urban scale, density and land use in 

the outcome of pedestrian casualties (D. Graham and S. Glaister 2003). Their results 

show how the characteristics of local environment, particularly scale of population 

and employment density, can have a powerful influence on pedestrian casualties.  



8 

Similarly, various studies have obtained different conclusions from the 

interaction of independent parameters using count models. Vasin et al. (2008), 

modeled frequency of ‘injury’ crashes and ‘fatal injury’ crashes using NB models. 

They found that crash rates for freeway segments influenced by interchanges are 

considerably higher than those for segments located away from interchanges (K. 

Vasin, A. Chatterjee et al. 2008). Others have used hierarchical binomial techniques 

to include environmental and network conditions, these have found a strong 

correlation between weather and road surface conditions which can introduce 

additional bias to the model prediction (H. Huang, C.H. Chor et al. 2008). Similar 

studies used time series count data to model integer-valued autoregressive Poisson 

models for traffic accidents, this study presents the need of exposure variables to 

control for total road traffic movements within the road network (Quddus 2008). 

Additionally, others considered a two state counting process, safe and unsafe state, to 

determine vehicle accident frequency using Markov switching NB (N. Malyshkina, 

F. Mannering et al. 2008). Their findings show how safety varies under different 

environmental conditions, driver reactions and other factors. Zero-inflated models 

are applied on the existence of the two-state process to determine the number of 

accidents in each segment.  

Several of the modeling methodologies are considered for the estimation of 

pedestrian casualties in New York City. The frequency model estimation process is 

performed for different types of accidents and at different levels of aggregation, 

which has not received adequate attention in the literature. The results are compared 

across the different models, in order to obtain the “best-fit” overall. A simplified 

negative binomial, negative binomial with heterogeneity in dispersion parameter, and 

the zero-inflated negative binomial model are estimated to analyze frequency of 

accidents in New York City. 
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2.2 Severity Modeling Research 

The estimation of frequency models alone is not sufficient to obtain a complete 

understanding of the factors affecting pedestrian safety. Therefore, the estimation of 

severity models is needed to determine the degree of fatality or injury of accidents 

within a region. This captures the parameters that are making an accident more fatal 

than not, helping to determine appropriate countermeasures that reduce the severity 

of accidents within a study area. This is particularly important in large urban centers 

where the factors affecting severity tend to be less obvious given the slower speeds 

and the higher level of pedestrian awareness.  

The analysis of the severity of pedestrian accidents complements safety studies 

by targeting investments to locations not only based on the number but also based on 

severity of crashes. Severity analysis can help identify micro-scale design features, 

such as design of crosswalks and intersections that influence the outcomes of 

pedestrian crashes. Moreover, severity models can provide additional insight into 

pedestrian behavior (e.g. impairment by alcohol or drugs) that contributes to the 

fatality of the accidents. In the past, this parameter has accounted for 32% of total 

motor vehicle traffic fatalities, which includes pedestrian accidents (National 

Highway Traffic Safety Administration 2008). While frequency models are built at 

the aggregated geographic level, the severity models can analyze individual accident 

records that identify the specific characteristics that made the accident more or less 

severe, at a disaggregate level. For this reason, previous research has focused on 

estimating the injury level or severity according to pedestrian risk taking (E.A. 

LaScala 2000; D.E. Lefler and H.C. Gabler 2004) .Thus, the analysis of the causal 

factors that affect the fatality level of pedestrian crashes will help assess the 

implementation of countermeasures for the improvement of pedestrian safety by 

reducing pedestrian fatality rates. 

Two types of models are frequently applied in the analysis of pedestrian crash 

severity, the binary logit and ordered response models. Each type of model uses a 

different set of data for analysis. When the focus of a study is to identify the 

probability of occurrence from a binary form of data, the binary logit model is 

generally used. In this type of model, the dependent variable of interest is the relative 
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likelihood of an injury severity level, for example, injury versus non-injury, or fatal 

versus injury (V.N. Shankar, S. Sittikariya et al. 2006). For example, Roudsari et al. 

(2004), measured pedestrian injuries using an injury severity score (ISS) in a binary 

fashion (ISS<15 vs. ISS≥15) as a function of pedestrian and vehicle characteristics 

(B.S. Roudsari, C.N. Mock et al. 2004). The study found that adult pedestrians are 

more likely to die in crashes than child pedestrians. They also demonstrated that 

traffic speed is significant in affecting injury severity, and collision with light trucks 

and vans is more likely to cause death than collision with passenger cars, controlling 

for pedestrian age and vehicle speed. 

Moreover, using the binary logit models, additional insights can be obtained 

related to modeling injury of pedestrian accidents. A study of crashes in Washington 

State applied binary and ordinal logistic models to capture the level of injury in 

pedestrian accidents. They found that fatal crashes were strongly associated with 

pedestrians crossing unsignalized intersections and vehicles moving straight ahead 

on a roadway (A.V. Moudon, L. Lin et al. 2007). The findings also demonstrated a 

lack of association between injury and frequency of crashes, which justifies the 

approach of using both types of models. Sze and Wong (2007), explored the effects 

of demographic, environmental, geometric and traffic characteristics on pedestrian 

mortality, by applying binary logistic regression (N.N. Sze and S.C. Wong 2007). 

They showed that signalized intersections and crossings, higher speed limits (over 

50km/h or 30 mph), multiple lanes (over two lanes), and age (over 65 years) 

increased the level of injury in pedestrian crashes. Furthermore, a study using binary 

logit models and probabilistic neural networks demonstrated the importance of 

pedestrian age, collision speed and vehicle type in pedestrian fatality (C. Oh, Y.S. 

Kang et al. 2008). This was designed to identify countermeasures that effectively 

reduce the effects of pedestrian-vehicle collisions.  

While the binary logit model is relatively simple to use, it has a key shortcoming: 

injuries can have multiple severity outcomes, but it can only model a binary 

situation. Crash outcomes are typically categorized into five levels of severity: (1) no 

injury; (2) possible injury; (3) non-incapacitating injury; (4) incapacitating injury; (5) 

and fatal injury (K.J. Clifton and K. Kreamer-Fults 2007). Being able to determine 
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what level of injury is likely to occur is critical, since decision makers must often 

choose between countermeasures that are likely to result in a lower number of 

crashes but more severe injuries, this allows the comparison and raking of locations 

to target the most critical sites for implementation of mitigation measures. In contrast 

to the binary logistic model, the ordered response model allows for multiple 

categories of severity levels to be modeled under one framework. Lee and Abdel-Aty 

(2005) modeled crash severity as a function of age groups, gender, roadway 

geometry, vehicle speed and weather conditions (C. Lee 2005). The study found that 

injury severity is closely related to pedestrian age and alcohol/drug use, pedestrian 

and driver gender, vehicle speed, vehicle size/type, and weather/lighting conditions. 

Additionally other studies have explored the effects of the built environment in the 

severity of injury in pedestrian vehicle crashes (K.J. Clifton, C.V. Burnier et al. 

2009). Clifton et al. (2009) demonstrate the effect of age, gender and pedestrian 

behavior in the outcome of pedestrian-vehicle crashes. This was done by performing 

disaggregate analysis that permitted the retention of individual characteristics, which 

are usually lost in aggregate models.  

The aforementioned approaches serve to determine the level of injury or severity 

for a specific study area. This measure helps to complement to reduce fatality rates 

and improve pedestrian safety. These models along with the frequency models can 

provide an understanding of the parameters affecting pedestrian safety. Then, 

pedestrian safety can be improved through the implementation of policies and 

countermeasures that mitigate the impacts of the identified factors. Typically, these 

impacts are applied focusing on engineering, enforcement, education, and outreach 

countermeasures. Depending on the results obtained from the analysis several 

improvement programs can be developed. However, this is not an easy task and has 

to be addressed in a cautious and proper manner. Therefore, the next section presents 

a review of lessons learned from previous safety improvement programs in order to 

identify challenges that could affect the application in the New York City region.  
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2.3 Previous Studies of Pedestrian Safety: Lessons Learned 

This section presents a review of previously developed pedestrian safety 

improvement programs. This is done to illustrate the practical implications of 

implementing the policy and countermeasures identified in the modeling process.  

Three different US cities were selected for their similarity in scale to the New York 

City region, these were: Las Vegas, Miami, and San Francisco. A summary review 

of their experiences and challenges is presented in order to educate decision makers 

and prepare them for the implementation of measures that improve pedestrian safety 

in New York City. 

2.3.1 Las Vegas Safety Improvement Plan: Lessons Learned 

The city of Las Vegas, Nevada, developed a pedestrian safety improvement plan 

in the year 2008. The pedestrian fatality rate in the State of Nevada has been among 

the 10 worst states for pedestrian safety since the last two decades (National 

Highway Traffic Safety Administration 2004). The average pedestrian fatalities per 

100,000 population in the State of Nevada was 3.13 for the periods between 1994 

and 2003 (National Highway Traffic Safety Administration 2004). Thus, this 

presents an interesting case that can provide insights for safety improvement in other 

regions, such as New York City. The primary goal of the study was to deploy and 

evaluate countermeasures identified in a statistical modeling process that preceded 

the implementation. A secondary goal was to set an example of appropriate ways to 

develop countermeasure evaluation for the rest of the nation. This was done with the 

support of the USDOT and in cooperation with other cities that developed similar 

programs (US Department of Transportation 2008). 

The study area presented similar characteristics with other southwestern regions. 

Las Vegas is the highest populated city in Clark County, which has an estimated total 

population of 1.871 million residents. In addition, about 40 million people visit Las 

Vegas from across the world. This resembles the increased touristic pedestrian traffic 

experienced in New York City. However, the urban sprawl development of Las 

Vegas valley has to be considered prior to stating any further comparisons.  
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Herein, to minimize the risk of pedestrians and assure walk-ability several 

countermeasures in identified high-risk regions. A set of GIS tools were used to 

identify the high frequency zones for further evaluation and countermeasure 

implementation. The different countermeasures included advance yield markings, 

smart lighting, pedestrian channelization, portable speed trailer, pedestrian 

countdown signals, and others. These were implemented and then post-evaluated 

using statistical tests, such as the t-student test, and several measures of effectiveness 

to assure the efficiency of the adopted measure. Finally, a total of fifteen engineering 

countermeasures were installed at fourteen sites across the Las Vegas metropolitan 

area to enhance pedestrian safety. Some of these measures focused on changing 

motorist/pedestrian behavior and others on reducing the risk or exposure of 

pedestrians along the road network. From the list some measures were not able to 

work efficiently due to physical or behavioral factors. However, given their low cost 

these measures were feasible and were implemented. Therefore, this can serve as an 

example of practical considerations for the utilization of some of these measures in 

New York City. 

2.3.2 Miami-Dade Safety Improvement Plan: Lessons Learned 

A similar program was developed in the Miami-Dade metropolitan area. This 

project had three main purposes; (1) the installation of pedestrian countermeasures; 

(2) the scientific evaluation of the countermeasures to determine their efficacy; and 

(3) the production of significant crash reduction along the treated high crash 

corridors. The program creates a conceptual blueprint of the pedestrian safety 

implications of the metropolitan area, and uses different novel approaches to mitigate 

the apparent affecting factors (US Department of Transportation 2008).  

The socio-demographic characteristics of the Miami-Dade metro area presented a 

particular interest for the project. Miami-Dade had a population of 2.25 million in 

2000 which accounts for about 14% of the total population in Florida state. The 

population is particularly diverse, with a predominant Hispanic population (57.3%). 

The injury and fatality rates were considerably high in the metro area, experiencing 

82 pedestrian deaths in 1999 with the majority of these being older pedestrians 
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(above 55 years). A little more than half of this crashes occurred on state or county 

roads, while 46% of the remaining crashes occurred on local roads. Additionally, 

alcohol and lighting were apparent affecting factors in pedestrian fatalities. Alcohol 

use in pedestrian fatalities represented nearly 17% compared to 35% for the whole 

state. Lighting conditions were a considerable factor, where young adult (18-24 

years) pedestrians had the highest incidence during nighttime collisions (US 

Department of Transportation 2008).  

In order to address the high fatality rates a set of countermeasures were 

developed for high frequency crash spots. Using GIS tools, different high crash 

frequency locations were identified using reported data. A total of nine general 

engineering countermeasures and six intelligent transportation systems 

countermeasures were implemented. Additionally, education and outreach programs 

were developed given the diversity of the demographic parameters. This could be 

mimicked in other cities, such as New York City, where there is a large share of 

ethnic variability.  

The project was an overall success that obtained statistically significant reduction 

of crash rates in the selected areas. Several practical challenges were confronted 

during the development process. Such as weather phenomenon that delayed the data 

collection and calibration process, this delayed translated into longer contracts with 

researcher and other practical implication that slowed the analysis process. However, 

these challenges effectively overcome and the primary objectives were achieved. 

Several insights from this study can be adopted for implementation of safety 

improvement measures in New York City, primarily educational and outreach 

programs can be adopted to address any socio-demographic variables that affect the 

final casualties of pedestrians in the road network.     
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2.3.3 San Francisco Safety Improvement Plan: Lessons Learned 

The city of San Francisco developed a comprehensive pedestrian safety planning 

and engineering project. This is similar to the previously cited projects which are 

supported by the National Highway Traffic Safety Administration. The focus of this 

project was to target high-injury areas and provide a set of low-to-moderate-cost, 

innovative safety improvements. This case was of particular interest given the 

educational and outreach programs developed to mitigate the effect of the elements 

affecting pedestrian safety. 

San Francisco metro area is characterized by their reliance on alternative modes 

of transportation. In 2000, the metro about 9.5% of the workforce commuted by 

public transit and 3.6% walked, while 68.3% drove alone. By comparison, in the 

Miami and Las Vegas metro had approximately 4.2% and 1.8%, 2.3% and 3.7%, and 

75.3% and 74.3 of public transit, walking and driving alone shares, respectively. This 

shows the particular case of higher walking tendency in San Francisco in comparison 

to the other two metro areas. 

The project was divided into two phases that comprised the improvement plan. 

The phase I consisted on identifying citywide, corridors, and zones with higher 

levels of pedestrian injuries. Later, these were divided into study zones for specific 

target intersection improvements. The implementation process considered 68 

potential countermeasures, of which only nine general engineering and ten intelligent 

transportation systems measures were selected for the final implementation on 

specific locations. Additionally, outreach programs were integrated to increase 

pedestrian awareness into ongoing efforts of different agencies, such as Public 

Health Department and Police Departments (US Department of Transportation 

2008). This consisted on development and distribution of safety advertisement, 

presentations to schools and senior citizen, and distribution of retro-reflective 

materials at presentations and through different organizations.  

The objectives were proven to be successfully reached after the evaluation of the 

different selected countermeasures. Measures of effectiveness were developed, 

which included collisions and surrogate measures of pedestrian and driver behavior, 

to compare among the potential improvements for the final selection.  
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The safety improvement plans for the different cities serve as the base case for 

the development of countermeasures for New York City. The cities mentioned each 

had some particular characteristics that were of special interest to the case study. For 

example, Las Vegas had a high inflow volume of pedestrian tourism; Miami-Dade 

had a highly diversified population; and San Francisco, had a high share of public 

transportation and walking modes, in comparison to other modes. These are all 

characteristics typical of the New York City environment. Therefore, the analysis of 

the practical implications for previous safety improvement programs is of particular 

interest for policy and countermeasure evaluation. The next section provides a 

summarized overview of the data collection process and the particular case study 

area of New York City. 
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3. CHAPTER III: CASE STUDY AND DATA SOURCES 

This section gives a brief overview of the New York City Pedestrian Safety 

project that is the focus in this thesis. The primary scope of this work was on 

identifying the multitude of factors that impact pedestrian safety. This was done by 

identifying the priority locations using empirical modeling techniques to recommend 

safety countermeasures that mitigate the apparent affecting factors of pedestrian 

safety in New York City. A short review of the data sources is provided, along with 

an overview of the data collection and compilation process to understand the current 

status of pedestrian risk along the New York City road network. 

3.1 Data Sources and Compilation Process 

The data set used for the modeling process was developed to create a complete 

set of motor vehicle-related pedestrian deaths and serious injuries in New York City 

and a rich assortment of data on explanatory variables. To create this database, 

several sources made available by the New York City Department of Transportation 

and other organizations were compiled. The files were cross-referenced for a period 

of five years. Four types of datasets were used in the frequency and severity models, 

which included: geo-coded locations of pedestrian severe injuries and fatalities, GIS 

land use data, GIS infrastructure data (e.g. roadway characteristics, intersection 

characteristics, and transit network), and socio-economic data (U.S. Census Bureau 

2004). To compile pedestrian fatality and injury data, Death Certificate/Vital 

Statistics, NYS MV 104A (Source Police Accident Reports), and NYSDOT Safety 

Information Management System (SMS) files were reviewed. In addition, other 

available data sets were considered, such as the geo-coded Facility Analysis 

Reporting System (FARS) by the National Center for Statistical Analysis (NCSAO), 

and the Multiple Cause of Death Files maintained by the Centers for Disease Control 

and Prevention. The following figure illustrates the data compilation process that 

preceded the modeling procedure undertaken in this thesis (Figure 1). 
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The data compilation process was done in four steps: development of case 

inclusion criteria; validation of the completeness of the data; acquisition and linking 

of databases; and documentation. The first step consisted in evaluating the different 

available databases to include them into the final project data. The following criteria 

were revised in order to assess the inclusion of the data into the project database: 

crashes had to be between 2002 through 2006; crashes had to involve pedestrians; 

crashes had to be within the five boroughs of NYC; and crashes had to result in a 

death or severe injury. Further, after including the data an assessment was made on 

their completeness and accuracy by evaluating missing values, and comparing the 

different datasets and the data from different years (e.g. past vs. present records). The 

third step consisted on building a geo-database which included the different crashes 

along with their attributes using Geographic Information Systems. This is considered 

an appropriate approach given the complexity of pedestrian accident data. Finally, 

the results were compiled using GIS and mapping tools, and the geo-coded data was 

available for developing descriptive statistics, spatial analysis, and crash cause 

modeling.  

Here, the data was used to develop the descriptive statistics and crash cause 

models that determined the frequency and severity of accidents. Additional 

formatting was required, in order to prepare the data for modeling purposes. The 

total number of crash records for severity modeling was reduced from 7,354 to 3,677 

Figure 1 Data Collection and Compilation Process 
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records to consider data points for which all variables are present (no missing data). 

Frequency data didn’t present this issue and the same number of records contained in 

the data base was used. This consisted of a total of 739 fatal pedestrian crashes and 

6,615 pedestrian crashes that resulted in severe injuries. These records were 

comprised by the socio-economic characteristics of the drivers and pedestrians 

involved in the accidents, along with roadway characteristics and other 

environmental parameters captured by the data compilation process.  

The aggregation levels were different for frequency and severity modeling. For 

frequency analysis, the data was aggregated at two different levels: zip code and 

census tract level. The zip code level presented a greater number of crashes in each 

geographic area. Thus, two different independent variables were considered for 

analysis at this level: severe crashes and fatal crashes. For the census tract only one 

independent variable was considered – total severe and fatal pedestrian crashes – 

given that fewer cases were present. Similarly, the data was compiled for severity 

modeling. However, this was not aggregated and individual records were used for 

determining the final level of pedestrian injury.  

The final database included important explanatory variables that can be used for 

crash frequency and severity analysis. Using alternative modeling techniques the 

data was used to identify the relationship between crash severity and crash frequency 

with socio-economic, behavioral, and physical parameters. This relationship can be 

used to obtain insights to develop policy and countermeasure recommendations for 

New York City. The following two sections describe the frequency and severity 

modeling process in which the data was applied to obtain the final results. 
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4. CHAPTER IV: FREQUENCY MODELS 

 

Frequency models have been highly used in the past to capture the causality of 

pedestrian-vehicle accidents. In this section, an analysis of pedestrian crash 

frequency is conducted by performing statistical analysis of the input data, 

considering; crash data, roadway and land use characteristics, traffic controls, motor- 

vehicle operator characteristics, among others. This is aimed at determining the 

factors associated with crash frequency at specific levels of spatial aggregation. The 

analysis was conducted at two different levels of aggregation: zip code and census 

tract. This approach targets specific locations (e.g. roadways and intersections) that 

have experienced an increasing amount of crashes while accounting for 

neighborhood characteristics. At the zip code level, pedestrian crashes were 

classified into two categories according to crash severity – fatal and severe (injury) 

crashes. For the census tract level the model was estimated for total crashes (fatal + 

severe injury crashes). Further classification of crashes was not included given that 

the outcomes did not present enough variability to support the appropriate statistical 

parameters. This classification of crashes was selected to estimate more robust and 

accurate models that capture the affecting factors for frequency of pedestrian 

accidents. 

This chapter presents the process of modeling frequency of pedestrian accidents 

along with the final models and results. First, an overview of the preliminary analysis 

is presented. Second, the methodology and models of pedestrian frequency are 

shown. Finally, the results are analyzed to obtain insights that will aid in the 

development of policy and engineering measures that reduce the number of 

pedestrian-vehicle accidents in the city of New York.  
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4.1 Frequency Models for Pedestrian Accidents 

Pedestrian crashes result from the interaction of motor vehicles, pedestrians, and 

elements such as weather, roadway environment, and others. Crash frequency 

models are estimated to determine the factors that affect the frequency of crashes. 

Different crash frequency models, such as standard Negative Binomial (NB), Zero-

Inflated Negative Binomial (ZINB), and Negative Binomial with heterogeneity 

(NB+) in dispersion parameter models are estimated here to determine crash 

causality. The latter two account for variability introduced by zero values and 

variability in dispersion parameter as a function of covariates. The dispersion 

parameter captures the difference between the mean and the variance. If the mean 

and variance are unequal the difference is captured by the dispersion parameter. 

These models (NB, ZINB, and NB+) are used when the data is over-dispersed, that is 

when the estimated variance is greater than the estimated mean.  

The modeling approach adopted for crash-cause modeling in New York City is 

done to better select the variables that will finally go into the models. This process 

was created to follow a comprehensive and parsimonious modeling process which 

avoids the introduction of bias encountered in more subjective methodologies. This 

is done by performing a thorough preliminary analysis of the independent variables, 

to capture their independent effect and correlation. First, preliminary analysis is 

performed using descriptive statistics, cross tabulation and correlation analysis to 

group variables in subsets. All variables in a subset are such that they each represent 

a unique characteristic and do not have a high correlation index. Next, each of these 

subsets is used to run the three different modeling techniques (NB, NB+, and ZINB). 

The model building process progresses from all the variables in a subset to a few 

significant variables, with variables eliminated using likelihood ratio tests. Then, the 

output of the models are compared to select the group of best fit models for both the 

zip code level (fatal and severe crashes) and census tract level (total crashes) 

aggregations. Finally, a set of ‘best’ models are presented, with their corresponding 

statistical parameters, followed by the analysis and interpretation of the results and 

implications.  
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4.1.1 Preliminary Analysis of Frequency  

The preliminary analysis was performed to best understand the data and the 

corresponding distribution of the dependent and independent variables. This was 

done by using descriptive statistics, cross tabulations, and correlation analysis at both 

zip code and census tract levels for the dependent variables, and for selected 

important independent variables.  

The preliminary results were preceded by certain expectations for the New York 

City area, based on the particular characteristics of large urban centers. The number 

of pedestrian crashes was expected to increase as pedestrian risk exposure increases. 

Pedestrian risk exposure is usually defined as a function of population, car and 

pedestrian volumes or walking trips data (B. Bowman, R. Vecellio et al. 1994; C. 

Lee 2005; A. Loukaitou-Sideris, R. Liggett et al. 2007). Therefore, variables that 

increase the concentration of pedestrians (e.g. population and subway ridership) were 

expected to have an augmenting effect on the final number of pedestrian accidents. 

In this study, population, vehicle registrations, and presence of signals as well as 

transit usage, were used to control for pedestrian exposure.  

The preliminary analysis of the dependent variables demonstrated interesting 

observations that led to additional assumptions in the modeling process. Figure 2 and 

Figure 3 plot the count of fatal and severe accidents at the zip code and census tract 

level. On both, high numbers of zero variables were observed. This led us to consider 

Zero Inflated models (ZINB) to account for the possible existence of a two state 

(zero and non-zero) process. Furthermore, as expected, there was significantly 

greater variation at the zip code level, due to the higher level of spatial aggregation. 

This was identified by comparing the coefficient of variation (COV) at the census 

tract level and then at the zip code level (Table 9 through Table 18, Appendix A). 

Additionally, independence tests and correlation analysis were used, in order to 

identify correlation between independent variables. This and other descriptive 

analysis for the frequency variables are presented in Appendix A. 
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Figure 2 Histogram of Fatal (1) and Severe (2) Crash Count at the Census Tract Level 

    
 

Figure 3 Histogram of Fatal (1) and Severe (2) Crash Count at the Zip Code Level 

    
 

After identifying initial correlation, ratio or fraction variables were created. 

These variables breakdown the correlation and at the same time provide more 

intuitive crash cause results. This normalizes the value by spreading the dependency 

of one variable against another (e.g. Hispanic Population / Total Population). For 

both levels of aggregation, the following control variables were used: 

 

• Population: this variable was used to control for socio-demographic 

variables (e.g. age, gender, ethnicity, language, education, etc.). 

• Length (miles): this variable was used to control for some longitudinal 

roadway characteristics that included transit and geometric parameters (e.g. 

type of roadway, number of lanes, vehicle routes, width of lanes, etc.). 



24 

• Total area: this variable was used to control for different land use 

characteristics (e.g. types of development area, land use variables, etc.). 

• Other: specific variables such as total intersection were used to control for 

type of intersection or similar characteristics, however, the first three were 

the predominant ones. 

 

Finally, after checking for possible correlations between the existing and newly 

created variables, the final variable subsets were constructed. These subsets were 

intuitively selected for both zip code level and census tract level, with additional 

guidance from New York City Department of Transportation (NYCDOT). At the 

end, these groups of variables were used for the initial models, given that they 

possess the appropriate statistical characteristics (correlations ρ ≤ 0.3 for census tract 

level dataset and ρ ≤ 0.4 for zip code level dataset). These subsets are shown for both 

levels of aggregation in Table 21 and Table 22, for the zip code and census tract 

level respectively (Appendix B). The next section presents the modeling techniques 

utilized to estimate the final models from the subsets of variables. 

4.1.2 Models for Frequency Analysis 

Accident frequency analysis models the number of crashes of an identified 

geographic unit as a function of a variety of area-specific factors and risk exposure to 

predict crash occurrence and reveal crash causes. To represent the crash occurrence, 

a binomial distribution is often assumed representing two possible outcomes, success 

or failure (e.g. a pedestrian crosses an intersection safely or is involved in a crash) 

(D. Lord, S. Washington et al. 2005). This distribution can be then approximated 

using Poisson regression, a well known model for predicting rare events (W. Greene 

2003). Despite its popularity and relative ease of computation, the Poisson regression 

has a limitation that prevents it from being widely applied in crash modeling, in 

particular its inherent assumption that requires an equal mean and variance (R. 

Schneider and A. Khattak 2002). Since crashes are rare events, this assumption does 

not usually hold. That is, usually the variance is much larger than the mean (S. Mitra 

and S. Washington 2007). For example, if one tries to model intersection accidents in 
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New York City, the majority of intersections will have zero crashes, while some may 

have many and others few. In contrast, the negative binomial model developed to 

analyze crash count data relaxes the assumption of equal mean and variance (i.e. 

allows over-dispersion). In a study by (B. Bowman, R. Vecellio et al. 1994), which 

compared the Poisson and Negative Binomial models for examining pedestrian-

vehicle crashes at median locations the researchers found that with the existence of 

many zero accident locations, the Negative Binomial performed better. In addition, 

when an increased number of zero values are detected in the data set, other modeling 

settings can be applied such as the zero inflated or latent-class models to account for 

these variations in the count models (S. Washington, M. Karlaftis et al. 2003). 

Negative Binomial models are the most widely applied in traffic safety studies 

due to its ability to account for between-location heterogeneity or over-dispersion of 

crash variations, and its computational simplicity for model calibration and 

application. When the mean and variance are not equal the parameter vector 

estimated with a Poisson regression is biased. This can be corrected using Negative 

Binomial models. Thus we employ this modeling technique by rewriting the Poisson 

regression form: 
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Where Г(.) is a gamma function, and the other parameters are as previously 

defined. Therefore, by using this form we allow the error term to become inflated as 

over-dispersion and the estimated variance increases. The negative binomial with 

heterogeneity in dispersion parameter (NB+) is an extension of the above simple 

negative binomial model. Here, the dispersion parameter α, is assumed to be a 

function of covariates. Consequently, the dispersion is allowed to vary (is 

heterogeneous) depending on the covariate values. α = EXP(β’z) where z is a set of 

covariates and β are parameters that can be estimated in the model. 

Given the characteristics of large urban areas several zero values were observed 

in the dependent variables. This may happen in places where no pedestrian 

movement occurs (i.e. some industrial areas) or where no pedestrian-vehicle 

interaction exists (i.e. inside some large parks). These are often called zero-count 

states and lead to over-dispersion if considered as part of a single normal count 

process. This could be taken into account in the modeling process through the use of 

Zero Inflated models (ZIM). Zero Inflated Negative Binomial (ZINB) regression 

models assume that the events, Y=(y1,y2,…,yn), are independent and the model is 

defined by: 
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Where y is the number of events per period and ui=(1/α)/[(1/ α)+λi]. Maximum 

likelihood estimates are used to estimate the parameters of the ZINB regression 

model and confidence intervals are constructed by likelihood ratio tests.  

Zero-inflated models imply that the underlying data-generating process has a 

splitting regime that provides for two types of zeros. The splitting process is assumed 

to follow a logit (logistic) or probit (normal) probability process, or other probability 

processes. To use this type of models there should be a good understanding of the 

reasons of the high number of zero values. 

After reviewing the alternative modeling techniques a systematic approach was 

used to aid practitioners in the assessment of safety improvement projects. Using the 

clusters of variables created and grouped in the previous subsets, alternative models 

(NB, NB+, and ZINB) were applied. Then, the results were contrasted to obtain the 

best mix of variables. Finally, the models with the best goodness-of-fit were selected 

and the final outcome from each alternative was compared for the two levels of 

aggregation (census tract level and zip code level). The methodology was applied to 

the New York City area to capture the causality of pedestrian accidents within the 

study region.  The next section presents the modeling results along with the findings 

obtained from the frequency modeling process. 

4.2 Frequency Modeling Implications and Results 

The final models were developed at two levels of spatial aggregations, zip code 

and census tract levels. The zip code level presented bigger spatial cluster of 

accidents. Furthermore, two different variables were considered for analysis at this 

level – severe crashes and fatal crashes separately. For the census tract only one 

dependent variable was considered – total crashes – given that fewer cases were 

present.  

As mentioned before, a comprehensive modeling process was performed in order 

to reduce bias and include the most significant variables into the final models. To 

illustrate, the model building process is presented, the development of the NB model 

with subset #1 is shown step-by-step for the census tract data (see Figure 4). The 

base model has all the variables listed earlier in subset #1. The log likelihood value 
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for this base model was -4305.116. The first restricted model was obtained by 

restricting the parameter coefficients of variables residential land use (RES_LU) and 

subway ridership (SUBRDR) to zero, given that insight of their significance were 

obtained from the preliminary analysis. The restricted model’s log likelihood value 

was -4305.346. To compare, the likelihood ratio (LR) test statistic was performed to 

accept or reject the hypothesis, this result was -2 (log likelihood of unrestricted 

model – log likelihood of restricted model). Then, the LR test statistic was compared 

to the chi-squared statistic with appropriate degrees of freedom. If the LR test 

statistic was greater than the corresponding chi-squared statistic, then the hypothesis 

was rejected. Otherwise the hypothesis (and the restricted model) was accepted. 

Proceeding in this manner, the final parsimonious models were obtained for both 

levels of aggregation. 

Figure 4 Illustrating the Modeling Process for NB Subset #1 of Census Tract Data 
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Descriptive statistics are presented for the dependent and independent variables 

that were significant in the final models (Table 23, Appendix B). The New York 

Metropolitan area has 180 zip codes and 2216 census tracts. The mean number of 

fatal accidents at zip code (census tract) level was 3.4 (0.29) and the standard 

deviation was 3.3 (0.61). The rest of the descriptive statistics provide information 

about New York City demographics, land use, and road network characteristics 

(Appendix A). The model variables represented the affecting factors of frequency of 

severe and fatal crashes in the New York City region.  

4.2.1 Census Tract Level Models 

First, the census tract level model is presented. The final model estimates for the 

census tract model can be observed in Table 2. The table lists the variable name 

followed by the parameter estimate (and t-statistic) for the three types of models 

(NB, NB+, ZINB) for the two different sub-sets of variables and a final sub-set 

which includes significant variables from both sub-sets #1 and #2. Since the census 

tract level is a smaller level of aggregation than the zip code level, there are more 

variables available for inclusion in the model. There is greater variability at the 

census tract level in terms of the independent variable values than at the zip code 

level. A richer model can therefore be specified at the census tract level. The 

independent variables can broadly be classified into four categories: proxies of 

exposure (given that observed pedestrian volumes are not available), socio-

demographic, land-use, road network and travel characteristics.  

The exposure variables capture the inherent likelihood of accidents due to greater 

risk from pedestrian-vehicle interactions. In frequency analysis, risk exposure has 

been found to be a function of pedestrian activity and traffic volume (R. Greene-

Roesel, M. Diogenes et al. 2007; L. Miranda-Moreno, P. Morency et al. 2009). The 

population (POP2000) and number of signals (SIG) in a census tract directly affect 

the number of crashes. The greater the population and more signals, the greater the 

exposure and more the likelihood of crashes. It is important to first control for 

exposure before interpreting other effects. Both exposure variables are highly 

significant. 
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In terms of socio-demographics, both race and education levels were examined. 

The variables were modified as fraction variables; the Black population variable 

(BL_POP) is the fraction of Black population in the census tract. The results show 

that census tracts with greater fraction of Black and Hispanic population have a 

higher likelihood of crashes. In terms of education, a greater fraction of residents 

with no school education or high school education increases the likelihood of crashes 

in the tract. Both the exposure variables and the socio-demographic variables are 

significant across all models tested indicating the robustness of the estimates.  

Land-use is another important category for crash cause modeling. The results 

indicate that tracts with greater fraction of industrial, commercial/office, and open 

land use types have greater likelihood for crashes while a significantly higher 

residential land use fraction reduces  the likelihood of crashes (this effect was not 

significant in all models). Residential land use may be associated with lower speed 

limits as well as lesser pedestrians. On the other hand, industrial and commercial 

areas are likely to have higher speed limits and more pedestrians (transit access) and 

therefore greater risk of crashes. Two other land use variables that were significant 

were number of schools and park area. A greater number of schools in a census tract 

are likely to increase the chances of crashes while crash likelihood reduces in tracts 

with more park coverage. These effects may be linked directly to the higher exposure 

due to presence of schools and lack of exposure because of less density of roads in 

parks. 

The final category of variables analyzed was road network and travel 

characteristics. In terms of intersection geometry, three way intersections were 

associated with reduced likelihood of crashes while the presence of five way 

intersections increased crash likelihood. These results may be attributed to the risk of 

exposure which is greater in five way intersections compared to three way 

intersections. Several different variables were available to study the type and width 

of roadway. Census tracts with greater fraction of primary roadways with limited 

access, local roads, and other thoroughfares had lower likelihood for crashes while a 

greater fraction of primary roadways without access restriction increased the 
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likelihood of crashes. This clearly outlines the importance of access restriction on 

high speed, high volume roadways. Moreover, a greater fraction of roads (width less 

than 30 feet) reduced the likelihood of crashes. Finally, a measure of transit density – 

the fraction of bus route length to total roadway length – also increased crash 

likelihood. 

The set of variables presented was used for the first time in a safety study in New 

York City. This modeling approach for identifying pedestrian frequency of crashes 

was a primer for New York City. The variables obtain are of primary interest for 

New York City agencies, given that these are the first set of variables obtained from 

a comprehensive modeling approach applied in New York City. Additionally, some 

of the variables are a novelty for safety modeling, meaning that some of these have 

not been previously used before. For example, the measures for connectivity and 

pedestrian activity were of particular interest given their effect was more exploratory 

than not. The set of variables presents a rich source of information for future safety 

studies at the metropolitan level. In terms of the different modeling methods, the 

zero-inflated negative binomial (ZINB) model with the final sub-set of variables 

performed the best. To test the appropriateness of using a zero-inflated model rather 

than a traditional model, the Vuong statistic was used (Q. Vuong 1989). The Vuong 

statistic for the model is 4.3259 which is significant and favors the use of the ZINB 

model. Further, the negative binomial model with heterogeneity in dispersion 

parameter (NB+) performed better than the ordinary negative binomial model. It was 

particularly observed that census tracts with a greater fraction of Black population 

had lesser dispersion (variability in terms of number of crashes) while tracts with 

more length of roadways had greater dispersion. There were no major differences 

both in terms of significance and parameter estimate across the three models 

indicating the robustness of the estimates.  
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4.2.2 Zip Code Level Models 

The zip code level model was estimated for the two different crash severities – 

severe (injury) and fatal – separately. The model for severe (injury) crashes is 

presented first (Table 3), followed by the model for frequency of fatal accidents 

(Table 4). Since most variables average out at the higher spatial aggregation level of 

zip codes (as compared to census tracts) the number of independent variables 

available for model estimation is lesser. Also, as can be appreciated on Table 2, the 

model specification affects the parameter estimates as well as the significance 

values. The interpretation presented here is for the best model for the zip code level 

which is the negative binomial model with heterogeneity in dispersion parameter. 

Population and number of registered commercial vehicles were used as control 

variables for capturing exposure. Both of these variables were highly significant. A 

third exposure variable – the number of registered passenger vehicles was not 

significant. Given the high use of transit in New York, owning a passenger vehicle 

does not automatically translate into greater vehicle miles traveled using the vehicle. 

The remaining categories of variables included are similar to census tract level but 

fewer in total number of variables.  

Similar to the census tract level results, a greater fraction of Black population 

translates to greater likelihood of severe accidents. Similarly, a greater fraction of 

population without school education also translates to greater likelihood of severe 

accidents. The land use effects are less prominent at the zip code level compared to 

the census tract level. The only land use variable significant across all models is the 

fraction of industrial land use type. The likelihood of severe accidents increases with 

increase in fraction of industrial land use.  

There are several road network and travel characteristic variables in the final 

best-fit model. Zip codes with greater number of five way intersections are more 

likely to have severe accidents. The likelihood of severe accidents is also higher in 

zip codes with greater fraction of single lane roads and primary roads without access 

restriction. Finally, signal density (number of signals divided by area) and number of 

bus stops both which represent the likely exposure of pedestrians to conflicts have 

significant effect on frequency of severe crashes.  
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Comparing across the models, there is substantial variability in parameter values 

and significance levels. Therefore, model specification is more important an issue at 

zip code level than at census tract level. All the above interpretations are based on 

the best-fit model which allowed for heterogeneity in dispersion parameter. In 

general, a greater fraction of Black population, more number of signals, and greater 

fraction of residential land use, all translated to lower values of dispersion. 

The model for fatal accident frequency at the zip code level has fewer significant 

independent variables compared to severe accident frequency model. Once again the 

NB+ model is the best-fit model. The interpretations are mainly restricted to this 

model. The control variable is again the population residing in the zip code. None of 

the other control variables were significant while the total number of signals was 

highly correlated with several other variables and hence has not been included. 

Contrary to the census tract level result, the findings show that zip codes with greater 

fraction of Hispanic population have lesser likelihood of fatal crashes. Recall that the 

effect was reverse for the model at the tract level and was only marginally significant 

in one of the models for severe accidents at the zip code level. Industrial land use 

continued to have a similar effect as above (positive correlation) while another 

variable measuring the area under office land use type had a negative effect. Once 

again this effect is contradictory to that observed in earlier models. The results 

suggest that the causal factors for severe accidents are not always the same for fatal 

accidents making a case for analyzing the two severity types differently. The road 

network and travel characteristics results were similar to earlier models: the 

likelihood of fatal accidents is higher in zip codes with greater fraction of primary 

roads without access restriction, higher signal density, and more bus routes. Finally, 

the heterogeneity in dispersion parameter had only one significant variable – fraction 

of Black population. Once again, the effect is contrary to the effect observed in 

severe crash model – greater the fraction of Black population greater is the 

dispersion parameter value.  
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4.2.3 Sensitivity Analysis of Frequency Model Variables 

To ensure the reliability of the selected countermeasures and the individual effect 

of variables, sensitivity analysis is performed on the independent variables of the 

final sets of frequency. Sensitivity analysis is used to determine how sensitive a 

model is to changes in the value of the parameters and changes in the structure of the 

model. The analysis also illustrates the dynamics of the model for better 

understanding of the results. This is done by testing a wide range of values that can 

offer insights into the model’s outcomes in normal and extreme situations (e.g. a 

normal speed or increasingly high speeds). Finally, by analyzing the effects of each 

individual variable the level of influence of each parameter on safety of pedestrians 

can be identified.  

Therefore, to obtain additional insights from the modeling results two different 

types of analysis can be performed parameter sensitivity and elasticity of variables. 

Parameter sensitivity is usually performed as a series of test in which the modeler 

sets different parameter values to see how a change in the parameter causes a change 

in the modeling results, in this case the severity or frequency of pedestrian accidents. 

However, this type of analysis is usually utilized when the dependent variable is 

explained by a limited number of independent variables, therefore, the model is 

explained by a fewer set of parameters. Given the large set of factors influencing 

pedestrian accidents, a more specific approach is used, the calculation of the 

elasticity of independent variables.  

The elasticity of the independent variables is calculated to provide some insight 

into the implications of parameter estimation results by determining their marginal 

effect. The elasticity measure provides an estimate of the impact of a variable on the 

expected frequency and severity of accidents. This is interpreted as the effect of a 1% 

change in the variable on the expected frequency or severity. For example, an 

elasticity of -1.45 is interpreted to mean that a 1% increase in the variable reduces 

the expected frequency or severity by 1.45%. Elasticities are the correct way of 

evaluating the relative impact of each variable in the models (Washington et al., 

2003). This will help in the selection of the final set of countermeasures, by 
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providing additional information and, thus, increasing the certainty of the 

conclusions and recommendations. 

The following analyzes individually the frequency models by evaluating the 

mathematical expressions that will determine the marginal effect of independent 

variables.  The analysis of the frequency model variables will be presented. This will 

lead to the final interpretation and recommendations for the improvement of 

pedestrian safety in New York City.  

4.2.3.1 Sensitivity Analysis of Frequency Models 

The analysis of frequency model variables illustrates the influence of 

independent variables in the final modeling results. The final set of models for both 

levels of aggregation can be reviewed in Table 2 through Table 4. These variables 

were analyzed by obtaining the elasticity of the probability function of the negative 

binomial models. From Washington et al (2003) we know that the elasticity of 

frequency of accidents (λi) is defined as: 
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Where E represents the elasticity, xik is the value of the kth independent variable 

for observation i, βk is the estimated parameter for the kth independent variable and 

λi is the expected frequency for observation i. Note that the elasticity of each 

independent variable is computed for each observation i (e.g. pedestrian accident 

observation i). It is common to report a single elasticity as the average elasticity over 

all i, therefore, the following table (Table 2) illustrates the computed elasticities for 

the independent variables of both zip code and census tract level models. 

From the table, important insights of the effect of the independent variables can 

be drowned. Several parameters were almost inelastic (E<0.10). This means that the 

marginal effect of those independent variables alone was not influencing the final 

pedestrian outcome. However, this doesn’t mean that they are not explaining part of 

the model, rather that their combined effect is more important than their individual 

effect. Other variables, such as black population (0.17), and population with no 
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education (0.29), introduced a marginal effect into the dependent variable of the 

specified models. However, this effect is still in a lower level (e.g. a 1% increase 

increases the expected frequency of accidents by 0.17% and 0.29% respectively). 

Variables such as industrial land use (0.45), signal density, and one lane roadways 

(0.62) were having a considerable marginal effect on the dependent variables, and 

should be considered for future recommendations. Lastly, the variable with the 

highest marginal effect was the variable for bus routes (1.01) which was elastic. This 

means that a 1% increase of this variable would increase the final number of 

pedestrian accidents. These insights can be used in the recommendation of 

countermeasures to reduce the amount of pedestrian accidents at the zip code and 

census tract levels. 
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Table 2 Computed Elasticity for Frequency Models Independent Variables 

Variable Description Units 

Elasticity of Model Variables 

Zip Code 

Census 

Tract  

Severe Fatal 

Total 

Crashes  

Dependent  Variables 

FATALCRA Severe Accidents Number of Crashes 

SEVERECRA Fatal Accidents Number of Crashes 

TOTALCRA Total Accidents Number of Crashes 

Socio-demographic Variables 

BL_POP Black/Population Ratio Black Pop./Total Population 0.17 0.05 

HIS_POP Hispanic/Population Ratio Hispanic Pop./Total Population -0.24 0.05 

NS25_POP No Education/Population 

Non Educated ./Total 

Population 0.29 0.05 

HSG_POP 

High School 

Grad/Population 

High School Grad Pop./Total 

Pop. 0.09 

Land Use Variables 

COMOF_LU 

Commercial/Total Land 

Use Square Foot of Land Use 0.06 

IND_LU Industrial / Total Land Use Square Foot of Land Use 0.07 0.45 0.11 

OPEN_LU Open /Total Land Use Square Foot of Land Use 0.02 

SUM_OFFI Office Space/Total Area Square Foot of Area -0.21 

SCHOOLS Total Number of Schools Number of Schools 0.03 

PRK_ACRE Total Acres of Parks  Number of Acres of Parks -0.01 

Road Network and Travel Characteristics 

FCC_A1 

Primary Hgwy/Total 

Length Length of Roadways in Miles 0.03 

FCC_A2 Primary Road/Total Length Length of Roadways in Miles 0.07 0.09 0.03 

FCC_A4 Local-Rural Road/Length Length of Roadways in Miles -0.04 

FCC_A7 Other Thoroughfare/Length Length of Roadways in Miles -0.01 

TRAV_1 One Lane/Length Length of Roadways in Miles 0.62 

TRAV_4 Four Lanes/Length Length of Roadways in Miles 0.07 

TRAV_5 Five Lanes/Length Length of Roadways in Miles 0.02 

W_LT_30 Less 30ft Width/Length Length of Roadways in Miles 0.01 

INT_3W 3Way Intersections 3 Approach Intersections -0.02 

INT_5W 5Way Intersections 5 Approach Intersections 0.21 

SIG_DEN Signalized /Total Inter Signalized/Total Intersection 0.53 0.14 

Vehicle Variables 

BUS_LENG Bus Length/Length Bus Routes in Miles/Total Miles -1.01 

BUS_RTS Total Bus Stops Length of Bus Routes in Miles 0.21 0.26 

COM Commercial Vehicles 

Number of Commercial 

Vehicles 0.12     
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4.2.4 Frequency Modeling Implications 

To summarize the frequency models, three modeling methodologies (negative 

binomial, negative binomial with heterogeneity in dispersion parameter, and zero 

inflated negative binomial) were estimated for different subsets of variables at both 

the census tract level and zip code level. The census tract level model treated the 

total number of accidents as the dependent variable while the zip code level models 

were estimated separately for severe (injury) and fatal accidents. The following 

variables were consistent in all the different models estimated: 

 

• Greater the fraction of industrial land use greater the likelihood of crashes. 

• Greater the number of five way intersections greater the likelihood of 

crashes. 

• Greater the fraction of primary roads without access restriction higher the 

likelihood of crashes. 

• Greater the transit density (bus routes/stops) higher the likelihood of crashes. 

The above results make a strong case for focusing on mitigation and education 

efforts in areas with greater land use, five way intersections, and on primary roads 

that lack access restriction and on bus routes. 

The following results had significant support at the census tract level model as 

well as for severe crashes at zip code level: 

 

• Areas with greater fraction of Black population (and to a lesser extent, 

Hispanic population) have a greater likelihood of crashes. 

• A greater fraction of population without school education also translates to a 

higher likelihood of crashes. 

 

While it is important to provide education and outreach to all population, the 

above results provide a target population base (Black, Hispanic, and pedestrians 

lacking school education) for greater education and outreach efforts to reduce 

crashes.  
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The aggregation level plays an important role in modeling results. A finer 

aggregation level (census tract) provides richer resolution and more data variability 

and therefore greater explanatory power for variations in accident frequencies. 

Furthermore, the best model for census tract level aggregation was the zero-inflated 

negative binomial while at the zip code level the negative binomial model with 

heterogeneity in dispersion parameter was most significant. The census tract level 

models provided fairly consistent results across all models while there was 

noticeable variation in the results for different modeling techniques at the zip code 

level. The rich data set comprising socio-demographic, land use, and road and travel 

characteristics allowed the development of fairly rich crash cause models and policy 

implications. These results can be used for the assessment of important policy and 

engineering measures for the reduction of frequency of accident in New York City. 

These are presented in a later chapter of this thesis (see Chapter 6).  

 

 

 



44 

5. CHAPTER V: SEVERITY MODELS 

The analysis of severity of pedestrian accidents complements safety studies by 

targeting investments to specific locations, based upon the number and severity of 

crashes that occurred. Severity analysis can help identify micro-scale design features, 

such as design of crosswalks and intersections that influence the outcomes of 

pedestrian crashes. Moreover, severity models can provide additional insight into 

pedestrian behavior (e.g. impairment by alcohol or drugs, infringement of traffic 

laws, etc.) that contributes to the fatality of the accidents. Therefore, the analysis of 

the factors that affect the level of severity of pedestrian accidents will help assess the 

implementation of countermeasures that reduce pedestrian fatality rates.  

Severity modeling has been usually approached using discrete outcome models. 

These models are based in probabilistic theory which measures the utility of one 

outcome against another (e.g. fatal accident or severe (injury) accident). As 

mentioned in Chapter 2 herein, two types of models are usually applied in the 

analysis of crash severity, binomial logistic and ordered response models. Each type 

of model uses a different set of data for analysis. When the focus of a study is to 

identify probability of occurrence from a binary form of data, the binary logistic 

model is generally used. The Binary Logistic (BL) model was used to determine the 

level of severity (injury) of pedestrian accidents in New York City given the detailed 

injury classification codes that the data provided. In this model, the dependent 

variable of interest is the likelihood of an injury severity level, fatality versus severe 

(injury) accidents. This type of models is easier to understand conceptually and 

simpler to implement computationally. This model will provide additional insights to 

identify policies and countermeasures that reduce the fatality rates for pedestrian 

accidents in New York City.  
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5.1 Severity Models of Pedestrian Accidents 

The following sections provide a description of the model building process used 

to estimate the severity of pedestrian accidents in New York City. Once a 

comprehensive crash frequency analysis was conducted, using the described 

database, discrete outcome models were developed to evaluate the associations 

between injury risk and possible contributory factors. For the modeling process, 

pedestrian accidents were classified into two categories based on the severity of 

injury: fatal and severe (injury) accidents. A Binary Logit (BL) model was used to 

determine the severity levels for the accidents in New York City. This was selected 

based on the classification of crash outcomes in the database. The results identify the 

contributing factors related to the fatality of pedestrian accidents for 

countermeasures and policy recommendations to reduce the fatality rate of 

pedestrian accidents in New York City.  

5.1.1 Preliminary Analysis of Severity  

The distribution and correlation of the dependent and independent variables were 

analyzed to have an understanding of the affecting factors and their variations. The 

preliminary analysis is comprised of a set of descriptive statistics, cross tabulations, 

and correlation analysis. The list of potential contributing factors was taken from the 

data compilation process. 

The description of the independent variables captured the characteristics of the 

dataset and the interrelation of affecting factors. The effect of temporal variations 

was observed by analyzing accidents by day, month and year (Figure 5). From these 

graphs we can observe an approximate uniform distribution for the different years 

which is appropriate for the modeling purposes. Moreover, monthly and daily 

patterns have some small peaks and valleys respectively. This may be because of 

variations in travel patterns. For example, during the holiday seasons in the summer 

(May – July) and the winter break – Thanksgiving and Christmas (November and 

December) one is likely to see an increased pedestrian flow which increases 

exposure. Similarly, daily variations have a valley on Sundays because of lower 

levels of pedestrian flows. 
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Figure 5 Accidents per Year, Month and Day, respectively. 
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Moreover, variation between boroughs also showed an important effect that 

could help target policy measures at the county level (see Figure 6). The variation 

between boroughs is illustrated for the five boroughs of New York City. The greatest 

number of observations is for the Brooklyn and Manhattan boroughs. Additionally, 

cross tabulation of accidents by borough was computed and is presented in Table 24 

– Table 28 (see Appendix C). From this it is expected that Brooklyn will be the 

borough that affects the most the probability of non-fatal accidents. 

Figure 6 Accidents per Year, Month and Day, respectively. 
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Furthermore, the effect of individual variables was analyzed by reviewing the 

frequency of fatal crashes. Details of descriptive statistics and cross tabulations are 

presented in Appendix C. Pedestrian accidents are observed to be comparatively 

more fatal when they occur at intersections (60%) then when they occur at other 

locations (40%) (see Table 29). The data also shows a greater amount of fatal and 

severe accidents occurring at intersections with traffic signals than any other type of 

control (e.g. yield or stop sign) (see Table 30). Other roadway characteristics, such as 

roadway width increased the total number of fatal and severe accidents, where 

roadway widths from 30 to 60 feet have the greatest quantity of accidents reported 

(see Table 31). Lastly, land use characteristics show that commercial and residential 

land use may have a greater effect on the severity of pedestrian accidents, meaning 

greater amount of reported crashes (see Table 32). These results will be contrasted 

with the model findings to obtain insights for safety improvements. Additional 

analysis of the dependent and independent variables is provided at the end of this 

thesis in Appendix C.  

5.1.2 Discrete Outcome Models for Severity of Accidents 

Discrete outcome models often play a dominant role in transportation safety 

analysis because of the interesting policy-sensitive analyses they provide. From a 

conceptual perspective, the data can be classified to describe discrete outcomes of a 

physical event (e.g. type of pedestrian accidents). Models of physical phenomena are 

derived from simple probabilistic theory, unlike behavioral phenomena which are 

derived from economic theory that often leads to additional insights in the analysis of 

the modeling results (S. Washington, M. Karlaftis et al. 2003). This section provides 

a review of the theoretical base of discrete choice models and the application of the 

selected modeling methodology, Binary Logit models (BL). The section concludes 

with a discussion on the necessary conditions to obtain a discrete outcome model that 

is both statistically significant and conceptually valid. Furthermore, we apply this 

technique to obtain the causal factors of severity accidents in New York City. 
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5.1.2.1  Review of Utility Theory 

The first studies of probabilistic choice theories were in the field of psychology 

(L. Thurstone 1927). These arose from the explanation of experimental observation 

of inconsistent and non-transitive preferences through the use of utility functions that 

define the different alternatives with their characteristics (R. Lucce and P. Suppes 

1965). Random utility theory comprises the theoretical base for discrete choice 

models (T. Domencich and D. McFadden 1975). This probabilistic mechanism can 

be used to capture the effects of unobserved phenomena taking into account pure 

random behavior as well as errors due to incorrect perception of attributes, 

alternatives, and data sampling errors made by the analyst. Utility can be defined as a 

measure of satisfaction or dissatisfaction derived from the attributes of given 

alternatives. This can also be interpreted as the measure of likeliness that an outcome 

would occur (e.g. likeliness of a fatal crash rather than a severe crash). The basic 

postulate of random utility theory is that decision makers try to maximize the utility 

derived from their alternatives. Utility is used as a method to rank alternatives 

assuming that all decision makers are rational beings and will always select the 

alternative that yields the highest level of satisfaction (C. Manski 1977). 

Alternatives, per se, do not produce utility; utility is derived from characteristics of 

both the alternative and the decision maker (K. Lancaster 1966). However, when 

utility theory is applied to describe events of physical nature, and there is no decision 

maker, the likelihood that estimates the utility of one outcome against another will be 

described by the probabilistic process. For example, when estimating the “utility” of 

severe accidents in comparison to fatal accidents, the “utility” of one outcome 

against the other will depend on the number of fatal and severe accidents along with 

the causal factors that affected the likelihood of the final outcome. Therefore, from 

the modeler’s perspective, the “utilities” of the different alternatives are viewed as 

random variables. The users are expected to behave with probabilities defined by the 

alternative “utilities” that are comprised of a group of parameters. For that reason, in 

the following definitions probability and “utility” are inter-changeable parameters. 
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Mathematically speaking the probability is when an individual n is charged with 

selecting an alternative i that is contained within choice set Cn and is defined as 

                                                           ( , )in in nU U Z S=                                                     (5) 

Where Zin is defined as the attributes of alternative i sustainable to individual n 

and Sn is defined as the socio-economic characteristics of individual n.  The 

alternative that is selected will have the highest probability (U) out of any of the 

other alternatives as seen in 

                                                           in jnU U> .                                 (6) 

The probability can be broken down into two components, which include the 

systematic component, Vin which is explained by the model and the random 

component, εin which cannot be explained by the model. These two components of 

the probability function are seen in the following equation. 

                                              ( , ) ( , )in in in n in in nU V Z S Z Sε= +          (7) 

 

(M. Ben-Akiva and S. Lerman 1985) state that it is important to stress that Vin is 

a function that is assumed to be deterministic or nonrandom and εin  is another 

function, however, is random from the observational perspective of the behavioral 

modeler.  Essentially, Vin can be thought of as the means of Uin.  “Utility” is 

described as ordinal and not cardinal. Ordinal as described by Ben-Akiva and 

Lerman (2000) is a mathematical expression of a preference ranking of alternatives 

where cardinal utility implies some uniqueness of its numerical assignment and is 

therefore more restrictive that ordinal utility.  The scale of measurement is then 

shifted by transforming Uin by any strictly monotonically increasing function.  In 

summary since utility is an arbitrarily defined scale, to speak of it as having a mean 

without first providing some referent against which the utility is measured does not 

make any sense (M. Ben-Akiva and S. Lerman 1985). 

(C. Manski 1977) theorizes that the utility functions derived via behavioral 

modeling are not known with certainty and are therefore treated as random variables. 

(C. Manski 1973) identified four distinct sources of random error that affect a utility 

function. Among them include (1) unobserved attributes, (2) unobserved taste 
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variations, (3) measurement errors and imperfect information, and (4) instrumental 

(or proxy) variables. 

Herein, the level of severity of an accident could be defined using probability 

theory. Where the event probability is modeled as the decision maker n, and the 

alternatives or outcomes, severe (injury) or fatal accident, are described by a utility 

function Uin. Therefore a decision maker n would choose alternative i from a set of 

alternative j with different attributes Cn, this is denoted by P(i|Cn). The usual 

theorems of probability are assumed to hold, and are shown as follow: 

( , | ) 0nP i j C =
            ni j C≠ ∈

                                      (8) 

And  

 

( , | ) ( | ) ( | )n n nP i j C P i C P j C= +
       ni j C≠ ∈

                         (9) 

 

The inconsistencies in choice behavior are taken to be a result of experimental 

observations. This leads to the notion of random utility theory, defined by (C. 

Manski 1977). Here, models in which the probability of any alternative i being 

selected by a person n from choice set Cn is given by the following: 

 

( | ) Pr( , )n in jn nP i C U U j C= ≥ ∀ ∈
                                       (10) 

 

Where the probability of alternative i, Uin, is greater than or equal to the 

probabilities of all other alternatives in the choice set. We ignore the probability that 

Uin=Ujn for any i and j in the choice set. Formally, the distribution of Uin and Ujn can 

be characterized by a probability density function, Pr(Uin=Ujn)=0. For the modeling 

of severity of pedestrian in New York, we consider the special case where Cn 

contains exactly two alternatives, fatal and severe crashes, and these are defined by 

the components that affect their utilities. 
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5.1.2.2 Binary Logit Models 

The research in this section will focus on discrete outcome models to estimate the 

probability of the level of severity of pedestrian accidents. These particular models 

capture individual behavior along with socioeconomic and geometric characteristics 

in the form of a discrete data from a finite set of alternatives. The models are 

estimated from crash records where each “crash” is a record and could have multiple 

fatalities or injuries. The models are probabilistic which indicates that the expected 

number of people involved in a certain alternative accident equals the sum over each 

individual of the probabilities of being involved in that alternative accident.   

Typically, there are many model structures that can be used for pedestrian 

severity analysis. Some of the forms include: binary logit and ordered probit models. 

It should be noted that each of the aforementioned forms are part of different types of 

structures, for example binary models include; linear probability model, binary logit, 

binary probit, and binary mixed logit. The model technique used in this research will 

be binary model which will obtain statistically significant and conceptually valid 

estimations of the affecting factors of severity of pedestrian accidents 

The estimation of any binary outcome model is conceptually straightforward. 

The difference between discrete binary outcome models is made by the different 

assumptions made of the error terms of the respective utility functions. For the 

modeling of severity of pedestrian safety a Binary Logit (BL) was selected. A 

complete description of this type of models can be found in Ben Akiva and Lerman 

(2000). The Binary Logit model arises from the assumption that is logistically 

distributed, namely: 
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Where µ is a positive scale parameter, under the assumption that εin is logistically 

distributed, the choice probability of alternative i is given by: 
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Therefore, the probability of severe (injury) crash, Ps, will be given by the 

previous probability function, and the probability of fatal accident would be provided 

by the subtraction of the probability function (Pf = 1 – Ps). Based on this we can now 

estimate the utility functions that define the likelihood of having a fatal or a severe 

accident. Thus, the proposed technique is used in the following sections to model the 

factors that affect the utility of fatal and severe accidents in New York City.  

5.1.2.3 Statistical Significance and Conceptual Validity 

There are many tests which can be performed to analyze the statistical 

significance of a discrete choice model. These include asymptotic t-test, Log-

Likelihood test, and the likelihood ratio index and adjusted likelihood ratio index. 

The other aspect of a valid discrete choice model is its conceptual validity. This 

states that the sign of the parameter variable in the utility function makes sense and 

does not deviate from conventional notions. In order for a model to be accepted all 

parameter variables in the utility function must be both statistically significant and 

conceptually valid. This will be taken into account when using commercial 

econometric software to develop the models in this thesis. 

 

The asymptotic t-test 
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This is used to test whether individual parameter estimates βk are equal to the 

population parameter βk. Practice has shown that using t≥1.00 leads to “sound” 

results. However, for the presented model significance greater than 1.30t ≥ was 

assumed, given that the model results will affect the safety of pedestrians. This 

critical t value will be used as the acceptance criteria to determine whether a 

parameter variable is statistically significant. 
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The Log-Likelihood test 

2ˆ2 (0) ( ) ~L L β χ 
 
 

− −                                                (15) 

This is used to test the statistical quality of the entire model. This particular 

method is used to test the hypothesis that all parameters are simultaneously equal to 

zero where L(0) is the log-likelihood value at the start and L(β) is the log-likelihood 

value at convergence. This test is analogous to the chi-squared )( 2χ distribution with 

k degrees of freedom. It should be noted that the chi-squared test is very easy to pass, 

however, it does provide insight as to which model is better, with the higher the chi-

squared value the more significant the discrete choice model. 

 

The likelihood ratio index  
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This parameter is used to determine whether good correlation exists between the 

parameter variables and if collinearity exists. This particular test does not consider 

degrees of freedom, which is why it is advisable to look at the adjusted likelihood 

ratio test. 

 

The adjusted likelihood ratio index 
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This test is the same as the likelihood test, however, includes in it, k degrees of 

freedom. Practical range of values for these two tests is 0 ≤ ρ,ρ ≤ 0.3. If ρ or 

ρexceeds 0.3 then this tends to indicate collinearity between independent variables. 

This particular test is only a rough guideline; therefore it will be taken very lightly 

when it comes to determine the “best” Binary Logit model. 
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The presented tests will be used to determine the final set of models that are 

statistical significance and conceptually valid. These will be used for the 

determination of the final factors that affect pedestrian severity in New York City. 

5.2 Modeling Implications and Results 

The modeling process followed a comprehensive approach that considered the 

individual and combined effect of independent variables on the utility functions. As 

demonstrated previously, preliminary analysis was performed in order to obtain 

insights of the individual effects of variables, and the correlation between them. 

Later, preliminary models were developed. This preliminary modeling process was 

divided in three modeling phases (e.g. Phase I, II, and III). Each of these phases 

captured the individual effect, then combined effect and the interacting effect of 

variables respectively. Finally, after the preliminary models were developed, a final 

set of models was estimated to address comments and observations obtained from 

feedback from NYCDOT. A complete picture of the modeling process and detailed 

description is presented below (see Figure 7). 

 

Figure 7 Severity Modeling Process Flowchart 
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The first sets of models were developed based on insights obtained from the 

preliminary analysis and on feedback from NYCDOT. The primary focus of the first 

preliminary models (Phase I) was to obtain a sense on how the data was behaving 

and the significance of each individual variable (see Table 37). No combination or 

high order variables were created, given that the focus was to capture the individual 

effect of variables on the severity of pedestrian accidents. Following, the continuing 

modeling process (Phase II) concentrated on adding some additional characteristics 

(e.g. pedestrian and vehicle characteristics) by creating new variables (e.g. pedestrian 

action variables) (see Table 38). Finally, the final models (Phase III) were obtained 

by creating higher order variables that captured the interactive effect of individual 

variables (e.g. crossing multilane roads x pedestrians with over 65 years of age) (see 

Table 39). This final set of variables was presented to the researchers from New 

York City Department of Transportation (NYCDOT) in order to obtain additional 

insights on any effect that they were particularly interested on capturing with the 

severity models. Appendix D contains the set of variables included in the preliminary 

models for phase I, II, and III (see Table 37 - Table 39) of the severity modeling 

process. 

The final models were estimated capturing the affecting factors that lead to 

important implications for policy and countermeasure implementation. In the final 

model, the dependent variable is estimated for severe accidents against fatal 

accidents. The final set of variables and the descriptive statistics for each are shown 

below inTable 3, along with the final model in Table 4. 
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Table 3 Descriptive Statistics of Severity Model Variables 

Dependent Variable: Severe Accidents 

Variable Description Mean Std. Dev. 

BRNX_INT Bronx x Intersections 0.104 0.306 

MANT_INT Manhattan x Intersections 0.207 0.405 

WINTER Winter Season 0.247 0.431 

AUTUMN Autumn Season 0.268 0.443 

CT_STRT City Streets 0.964 0.184 

CHL_SIG Children x Signalized Inter. 0.006 0.078 

PLAY_RD Playing on Road 0.013 0.114 

STR_GR Grade Streets 0.057 0.232 

DARK_LGT Dark Lighted Street 0.354 0.478 

DARK_UN Dark Unlighted Street 0.013 0.114 

DAWN Dawn 0.019 0.135 

AVE_SPD Average Speed 0.065 0.249 

SPD_ABOV Speed Above 5568 71160 

TRUCK Accident with Truck 0.037 0.189 

BIKE_ONS Bike lane on Street 0.085 0.277 

LN_CHAN Lane Changing Action 0.003 0.052 

ELDER Pedestrian/Driver 65+ years 0.087 0.281 

OLD_SIG Over 65+ years x Signalized Inter 0.019 0.136 

OLD_MULT Over 65+ years x Multilane Road 0.022 0.146 

ALCOH Pedestrian/Driver under alcohol 0.013 0.114 

DRINA1 Driver inattention 0.006 0.079 

YIELD Yield Control Sign 0.001 0.024 

BUS_WI Bus x Road Width over 60 feet 0.071 0.083 

MULT_LN Multilane Road 0.271 0.444 
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Table 4 Severity Model for Pedestrian Accidents in New York City 

Binary Logit Model For Severity of Pedestrian Accidents 

Injury Level: (1 = Severe Accidents; 0 = Fatal Accident)                Final Model 

Variable Description Coefficient Z Value 

Constant Severity Model Constant 1.776 7.166* 

BRNX_INT Bronx x Intersections 0.794 3.421* 

MANT_INT Manhattan x Intersections 0.592 3.582* 

WINTER Winter Season -0.31 -2.206* 

AUTUMN Autumn Season -0.307 -2.226* 

CT_STRT City Streets 0.821 3.428* 

CHL_SIG Children x Signalized Inter. -1.178 -2.145* 

PLAY_RD Playing on Road 1.347 1.327 

STR_GR At Grade Streets (Grade = 0%) -0.609 -2.781* 

DARK_LGT Dark Lighted Street -0.329 -2.725* 

DARK_UN Dark Unlighted Street -0.994 -2.753* 

DAWN Dawn -0.726 -2.057* 

AVE_SPD Average Speed -0.617 -2.206* 

SPD_ABOV Speed Above 0.007 2.031* 

TRUCK Accident with Truck -1.424 -6.610* 

BIKE_ONS Bike lane on Street 0.431 1.684* 

LN_CHAN Lane Changing Action -1.299 -1.820* 

ELDER Pedestrian/Driver 65+ years -0.316 -1.316 

OLD_SIG Over 65+ years x Signalized Inter 0.845 1.331 

OLD_MULT Over 65+ years x Multilane Road 1.268 2.182* 

ALCOH Pedestrian/Driver under alcohol -0.959 -2.517* 

DRINA1 Driver inattention -1.391 -2.513* 

YIELD Yield Control Sign -2.546 -1.784 

BUS_WI Bus x Road Width over 60 feet -1.664 -3.683* 

MULT_LN Multilane Road -0.467 -3.534* 

*Statistically significant at the 5%. 

A negative sign means a more fatal crash and a positive means less fatal crash 

 

From the final model (Table 4) we can observe the different effects of the 

different influencing variables. In the model, seasonal characteristics were captured; 

winter (WINTER) and autumn (AUTUMN) were the seasons that represented an 

increased level of fatality in the accidents of pedestrians. This may be given the 

higher levels of pedestrians and traffic during the vacation and holiday seasons that 

increases exposure. However, more pedestrians doesn’t  necessarily mean a greater 

level of severity. Thus, the effect of extreme weather conditions may also cause the 
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increase in the level of risk in pedestrian-vehicle accidents. This was expected from 

the preliminary analysis. Additionally, intersections in the Bronx and Manhattan 

were less likely to experience fatal crashes compared to other boroughs. This finding 

was obtained by analyzing the individual effect and the interaction effect of 

accidents at intersections and at each borough, and then combining this effect in 

higher order variables (BRNX_INT and MANT_INT).  

Further, roadway and pedestrian/driver characteristics were analyzed in order to 

obtain their effects in the severity of pedestrian accidents. The use of zero grade or 

leveled streets (STR_GR) increased the fatality of accidents by allowing higher 

speeds. Similarly, dark lighted (DARK_LGT; which are streets with illumination in 

dark environments) and unlighted streets (DARK_UN; which are streets without 

illumination on dark environment) increase the severity of pedestrian accidents since 

they reduce the visibility in the streets. The same effect happens in the early morning 

(DAWN), here there is less visibility and an increase in number of vehicles going in 

the home-to-work trip that may introduce higher risk for pedestrians in roadways. 

Increased ranges of average speed (AVE_SPD) negatively affects the outcome of 

pedestrian accidents, this coincides with previous models which have found this 

variable to be significant and with the same effect. Having a bike lane on the street 

(BIKE_ONS) reduced the likelihood of a fatality. This may be due to a reduction in 

vehicle speeds that results when traffic calming strategies, such as bike lanes, are 

implemented. Also, streets with yield traffic controls (YIELD) also have higher fatal 

accidents than any other control type signal. This may be because of driver illegal 

crossings, an inappropriate sight distance or due to bad signalization of streets. 

 Other pedestrian/vehicle characteristics can be combined with other variables to 

obtain additional insights. The results demonstrate that pedestrians over 65 years of 

age (ELDER) are more likely to die in the accidents. However, when analyzing 

signalized intersections and multilane roads together with age characteristics we can 

see that the combined effect of signalized intersection accidents (SIG(+)) and 

pedestrian over 65 years (ELDER),and  multilane roads (MULT_LN(-)) and 

pedestrian over 65 years (ELDER), results in less fatal accidents (OLD_SIG and 

OLD_MULT, respectively). This can happen because older pedestrians are more 
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careful when crossing intersections and multilane roads. Moreover, children under 

the age of 15 years (CHILD) have a higher likelihood of being involved in a fatal 

accident when crossing intersections against the traffic signal (AG_SIG), therefore, 

the outcome (CHILD_SIG) is more likely to be fatal than severe. Other pedestrian 

actions such as playing in roadway (PLAY_RD) increase the likelihood of a fatal 

accident rather than a severe accident. Additionally, vehicle and vehicle/pedestrian 

actions augment the negative impact on the accidents. Similarly, lane changing 

actions (LN_CHAN), driving without attention to roadway (DRINA1), and driving 

or walking under the influence of alcohol (ALCOH) increase the fatality of the 

pedestrian accidents. From the data, a differentiation between inebriated driver and 

inebriated pedestrian was not possible, therefore it was considered a combined effect 

for drivers and pedestrians.  

Finally, vehicle characteristics have an individual and combined effect on the 

severity of accidents. For example, accidents incurred with trucks (TRUCK) are 

more fatal than severe, as expected given the dimensions of a truck. Furthermore, 

streets with roadway widths over 60 feet (WI60UP) and bus traffic (BUS) have a 

combined effect (BUS_WI) that results in more fatal than severe accidents.  

5.2.1 Sensitivity Analysis of Frequency Models 

In previous sections sensitivity analysis was applied to frequency variables, here, 

a similar analysis was performed in the severity model variables. This was done by 

studying the probabilistic function that determined the severity of severe (injury) 

accidents (see Table 4). Similar to frequency models, the elasticity of severity model 

variables measures the magnitude of the impact of specific variables on the outcome 

probabilities. The elasticity was computed from the partial derivative of each 

observation n (S. Washington, M. Karlaftis et al. 2003): 
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Where P(i) is the probability of outcome i and xki is the value of variable k for 

outcome i. It is readily shown by taking the partial derivative of the Binary Logit 

model that the equation above becomes: 
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Elasticity values are interpreted as the percent effect that a 1% change in xki has 

on the outcome probability P(i) (e.g. probability of severe accident rather than fatal). 

If the computed elasticity value is less than one, the variable xki is said to be 

inelastic, otherwise, it is said to be elastic. This means that a 1% change in xki will 

have more than a 1% change in outcome i selection probability. 

However, there are several factors to consider when computing elasticities. First, 

the values are point elasticities and, as such, are valid only for small changes in xik 

and considerable error may be introduced when an elasticity is used to estimate the 

probability change caused by a doubling of xik. Second, elasticities are not applicable 

to indicator variables. For this type of variables some authors have computed a 

pseudo-elasticity to obtain some measure of the sensitivity of the indicator variable 

(V. Shankar and F. Mannering 1996; L. Chang 2005). However, these are mere 

approximation that may not result in intuitive conclusions for the dependent 

variables. 

Therefore, given the large set of indicator variables within the severity model the 

calculation of elasticities was limited only to the non-indicator variables. These 

resulted in more intuitive insights that help in the determination of further 

countermeasures, and are shown in the table below (see Table 5). Two of the 

variables were inelastic and their marginal effect was comparatively lower than the 

other variables (ALCOH=-0.50; DRINA1=-0.33). The speed above variable was also 

inelastic, however, it had considerable marginal effect given that the value was close 

to being elastic (0.95). On the other hand, variables such as average speed, accidents 

with trucks, and older pedestrian/drivers were elastic, and a 1% increase in each of 

this variables resulted in a greater likelihood (1.61%, 2.11%, and 1.10%, 

respectively) of being involved in a fatal accident rather than a severe. 
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Table 5 Computed Elasticity for Severity Models Non-Indicator Variables 

Dependent Variable: Severe Accidents   

Variable Description Elasticity 

AVE_SPD Average Speed -1.61 

SPD_ABOV Speed Above -0.95 

TRUCK Accident with Truck -2.11 

ELDER Pedestrian/Driver 65+ years -1.10 

ALCOH Pedestrian/Driver under alcohol -0.50 

DRINA1 Driver inattention -0.33 

 

The findings can now be applied for practical implementations in order to reduce 

the severity of pedestrian accidents in New York City. From the previous 

conclusions several policy recommendations and enforcement measures can be 

implemented to reduce the fatality of pedestrian accidents. Further, Chapter 6 of this 

thesis analyzes the combined effect of frequency and severity models to define these 

measures in greater detail for implementation in New York City. 
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6. CHAPTER VI: POLICIES AND RECOMMENDATIONS 

Pedestrian accident deaths are a highly sensitive issue that affects transportation 

agencies, drivers and commuters. For this reason, the safety studies are a key factor 

in understanding the affecting elements, to control or implement safety measures that 

reduce accident and fatality rates for pedestrian crashes. In this chapter, a review of 

previous implemented safety countermeasures along with their relationship to the 

modeling results is performed.  This leads to the final set of policy and 

countermeasure recommendations for implementation in New York City.  

6.1 Causal Factors and Countermeasures for Pedestrian Accidents 

From the study of accident records several contributory factors that affect 

pedestrian accidents frequency and severity can be identified. However, in some 

cases the apparent affecting factor may be different that the real causal factor. Thus, 

the application of models, such as the ones presented in this thesis, is needed to 

identify the influential elements that caused the final pedestrian outcome. By 

analyzing the results several recommendations can be made for the improvement of 

pedestrian safety. For this to happen a good understanding of the typical elements 

that affect pedestrian safety, as well as, the countermeasures to counter met the 

affecting elements, should be acquired. Therefore, the following sections provide an 

overview of each of these elements prior the implementation of the final set of 

recommended countermeasures.  

6.1.1 Causal Factors Related to Pedestrian-Vehicle Crashes 

The application of crash-cause modeling methods is intended to identify causal 

factors in order to determine appropriate countermeasures (D. Harkey and Zegeer 

2004). Therefore, prior to any statements or conclusions regarding the apparent 

related factors of pedestrian-vehicle crashes a review of previous studies is done. The 

existing literature identifies a number of factors related to pedestrian crashes and 

injury severities, which can be broadly grouped into the following categories: (1) 

traffic flow and road infrastructure; (2) demographics and human behavior; (3) 

community characteristics; and, (4) land use and physical environment.  
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Traffic Flow and Road Infrastructure  

Pedestrian and traffic volumes are associated with the frequency of pedestrian 

crashes. For example, a study of King County, WA, using crash data between 1999 

and 2004, found that an increase in average annual daily traffic (AADT) correlates to 

an increase in crashes (A. Moudon, P. Hess et al. 2004). An increase in AADT leads 

to higher exposure, which increases the risk of a crash. This is not the case for 

pedestrian fatality given that higher volumes lead to slower speed which leads to less 

severe accidents. 

Beyond traffic volumes, certain design features can also increase the risk to 

pedestrians. For example, a 2002 study found that in high traffic areas (above 12,000 

vehicles per day), multilane streets with marked crosswalks were associated with 

higher pedestrian crash rates (C. Zegeer 2002 ). The marked crosswalks gave 

pedestrians a misguided sense of safety, since many drivers do not yield the right of 

way, especially when driving at high speeds. Similarly, a study found the effect of 

left-turn movements on pedestrian-vehicle crashes at intersections (D. Lord 1996). 

This showed that drivers reduce visibility given the difficulty of the left-turn 

maneuver and didn’t identify pedestrians crossing the intersection, on the contrary 

pedestrian with appropriate visibility walked at slower speeds under the perception 

that drivers would have a better visibility and performance because of the slower 

speed of the left-turn maneuver.   

Traffic speeds also increase the frequency and severity of pedestrian crashes 

(Garder 2004). Higher speeds reduce the time available for drivers and pedestrians to 

react. While increasing the time needed for drivers to successfully brake, greatly 

increasing the likelihood of a collision. Higher speeds at impact increase the kinetic 

energy that has to be released and which is then absorbed in part by the pedestrian, 

thus increasing the likelihood of serious injury or death. In addition to speeds and 

volume, others have found that the number of traffic lanes (three or more versus two) 

is a statistically significant predictor of collisions, as the wider roadway may be 

related to higher vehicle speeds (C.V. Zegeer 2001). Narrower streets and/or longer 

signal timing can prove safer for pedestrians, especially for the elderly, many of 

whom have difficulty in crossing streets within the times allowed by signals (J.A. 
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Langlois 1997). For population groups requiring special attention (e.g., elderly, 

children, people with disabilities), redesign and/or reconfiguration of pedestrian-

safety related facilities needs to be considered. According to a study by Lee and 

Abdel-Aty (2005), pedestrian infrastructure, including signalized crossings, median 

barriers and islands, and wide sidewalks, all contribute to the safety of pedestrians 

(C. Lee 2005). 

Theoretically, congestion has a double effect in affecting pedestrian safety. On 

the one hand, congested roads tend to have more motorist/pedestrian conflicts, 

leading to a higher frequency of crashes. On the other hand, congested roads also 

slow down the traffic, resulting in lower levels of injury severity when collisions 

occur (D. Graham and S. Glaister 2003). Dense urban environments have unique 

characteristics, including highly variable traffic speeds, a large portion of VMT 

occurring on arterial and local streets, close spacing of intersections, a high degree of 

signalization, and nearly universal curbside parking. New York City has specific 

characteristics that may temper the severity of pedestrian crashes, including tight 

intersection geometry with no offset from intersection to crosswalk, higher presence 

of sidewalks, relative absence of curb cuts, nearly-universal use of a 15’ curb radius, 

a longstanding ban on right-turns-on-red, and the use of pedestrian signal heads and 

cross walks at all signalized intersections. Therefore, a less notable set of factors may 

be affecting the pedestrian crashes. The developed models can help identify which 

characteristics are negatively affecting the frequency and severity of pedestrian-

vehicle accidents. Furthermore, New York City has several unusual driver and 

pedestrian characteristics, including very high rates of walking and transit 

commuting, and a high rate of pedestrian shopping trips.  It also has large proportion 

of professional and semi-professional drivers (commercial, taxi, and delivery 

drivers), due to its low automotive commuting rates. These characteristics are 

expected to affect the location of pedestrian crashes. For example, areas with high 

subway and bus ridership and large numbers of bus stops have large pedestrian 

volumes.  These locations may also be associated with the location of arterial streets, 

where bus and subway routes are likely to be located. 
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Demographics and Human Behavior 

A number of demographic factors also contribute to pedestrian-vehicle crashes. 

Pedestrians over the age of 65 are more likely to be struck by motor vehicles as a 

result of slower reaction times, and are more likely to be injured in a crash as a result 

of their physical condition (B.J. Campbell 2004). In addition to slower walking 

speeds, the cognitive ability of older adults may slow their reaction time. Oxley et al. 

(2005) conducted experiments to examine how age affects safe road crossing 

decisions when selecting appropriate gaps and found that age is associated with an 

increase in risky decisions to cross roads. Those in the oldest group (>75 years) most 

frequently made unsafe decisions (i.e., selected smaller gaps) when crossing streets, 

especially considering their slower walking speeds and slower reaction-times to 

oncoming traffic (J. Oxley 2005). However, a study by Lobjois and Cavallo (2007) 

contradicts the findings from Oxley’s study, finding no association between unsafe 

decisions and age. Instead, elderly participants made safe decisions by selecting 

larger gaps to compensate for their slower walking speed, thereby ensuring enough 

time to cross streets (R. Lobjois and V. Cavallo 2007). It is possible that the different 

grouping of the participants made a difference (> 75 in Oxley et al., vs. 70-80 in 

Lobjois and Cavallo).  

Behaviorally, alcohol and drug impairment of both drivers and/or pedestrians 

increases the likelihood and severity of pedestrian crashes. Again, this can be 

attributed to the inept response of inebriated individuals in traffic conflicts. Of 

concern, alcohol involvement in pedestrian-vehicle crashes appears to be related to 

certain population groups. Ryb et al. (2007) found that the blood alcohol content 

(BAC) over 200 mg/dl, as well as socioeconomic characteristics such as “low 

income, low educational achievement, younger age,” are strongly linked to be 

injured by pedestrian-vehicle crashes (G.E. Ryb 2007). Of note, other studies have 

found that pedestrian-vehicle crashes involving alcohol and/or drugs are especially 

high among Hispanics and Native Americans (W. Leaf and Preusser 1999). 
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Community Characteristics 

 A number of studies have examined the relationship between pedestrian-vehicle 

collisions and the social and physical characteristics of neighborhoods. Researchers 

have found a relationship between an area’s socioeconomic composition and 

pedestrian crash frequency. For example, LaScala (2000) examined environmental 

factors related to child pedestrian crashes in four communities in California, finding 

that higher rates of crashes are associated with higher youth population densities, 

higher unemployment, lower household income, and higher traffic flow (E.A. 

LaScala 2000). 

Indeed, while some studies have pointed to ethnicity and race as factors in 

pedestrian safety, socioeconomic conditions appear to be more relevant of pedestrian 

related factors. In Arizona for example, Hispanics were 60 percent more likely to be 

involved in pedestrian-vehicle crashes, and higher fatalities were observed in areas 

with high-density and lower incomes (D. Campos-Outcalt, C. Bay et al. 2003; A. 

Loukaitou-Sideris, R. Liggett et al. 2007). At first glance, one might think that 

Hispanics are at increased risk of being involved in crashes. However, according to 

the study, Hispanics tend to have lower incomes, show lower vehicle ownership, live 

in high-density areas with high traffic volumes, and walk more (R. Voas and Fisher 

2000). The combination of these factors leads to their much higher rate of pedestrian 

exposure to vehicles. The same happens to residents of New York City. The National 

Household Survey (NHTS) supports this reasoning: in 2001, walking was a primary 

means of transportation for 11.8 percent of Hispanics, compared to 8.6 percent of 

Whites (J. Pucher and J. Renne 2001). A similar effect could be happening in New 

York city given the higher share of walking mode by Hispanics in comparison with 

Whites, for example, 8.9 percent of Hispanics use public transportation versus 3.1 

percent of whites; all of which walk to connect to the public mode of transportation 

(U.S. Census Bureau 2004). Knoblauch et al. (1998), suggest that the issue may not 

really be related to Hispanics as a group at all, but may be more correlated to low 

socioeconomic status (R. Knoblauch, B. Tustin et al. 1998).  
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Land Use, Physical Environment, and Location of the Crashes 

Land use has been found to be associated with the frequency of pedestrian 

crashes, but the findings are often contradictory. The presence of retail and 

entertainment uses (especially liquor stores, bars and restaurants that serve alcohol 

and other retailers) tends to be predictive of higher levels of vehicle-pedestrian 

collision rates (E.A. LaScala 2000). Dense urban areas also tend to have higher 

frequencies of pedestrian-vehicle collisions (A. Loukaitou-Sideris, R. Liggett et al. 

2007). On the other hand, another study argued that high density pedestrian activity 

areas could also congest traffic flow, reduce traffic speeds, and therefore reduce 

frequency of pedestrian crashes (D. Graham and S. Glaister 2003). Schools, 

commercial facilities, and multifamily housing are frequently found to be linked to 

high collision frequency(N. Levine and K. Kim 1998). 

Many of these conditions are relevant in New York City, and may interact with 

infrastructure characteristics. Retail streets in New York City are likely to be truck 

routes and bus routes with metered parking, resulting in large vehicles, high 

pedestrian volumes, and many parking maneuvers, which might increase either the 

severity or frequency of pedestrian crashes. Both public housing and large private 

multifamily buildings are likely to be located near large arterial streets.   Hence, a 

modeling strategy based on isolating and then re-grouping these often interactive 

factors was used to identify the primary determinants of pedestrian crash frequency 

and severity in New York City. 

6.1.2 Approaches to Pedestrian Safety Countermeasures 

Improving pedestrian safety involves the consideration of four elements 

influencing traffic operations: the pedestrian, the driver, the vehicle, and the roadway 

(R. Roess, E. Prassas et al. 2004). Usually, the roadway is effectively controlled by 

transportation engineers. These can also assist in the decision making processes that 

are part of political and legislative procedures, to affect the remaining influential 

elements. This can be done through educational programs, licensing procedures, 

incorporation of safety features in vehicle design, and safety policies that have a 

direct impact in the frequency and severity of pedestrian-vehicle accidents. To 
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implement the appropriate policy programs and countermeasures, a good 

understating of the available strategies is needed. The Institute of Transportation 

Engineers (ITE) lists three basic strategies that may be employed to improve traffic 

safety (E. Dalere 1993). 

• Exposure control: this involves strategies that reduce the number of vehicle-

miles of travel by motorists (e.g. increase public transportation, reorganization of 

land uses, driver and vehicle licensing and registration restrictions, etc.). 

• Accident risk control and prevention: this implies actions that reduce the 

number of accidents that occur for a given demand level. Further, it incorporates 

measures that reduce the severity of an accident when it occurs (e.g. provision of 

better geometric design and control devices, removal of drivers with “bad” 

driving records, etc.). 

• Injury control: this focuses on crash survivability of occupants in a vehicle-

pedestrian accident. This is primarily affected by better vehicle designs that are 

usually encouraged by acts of congress (e.g. seat belts, and laws requiring their 

use, etc). 

These general guidelines can be combined with findings from previous studies to 

obtain the set of countermeasures for the improvement of pedestrian safety. The 

Federal Highway Administration (FHWA) provides a set of safety improvements 

that depend on an integrated approach that involves engineering, enforcement, 

education, and emergency services. Additionally, experience from safety 

improvement programs in different cities in the United States (US Department of 

Transportation 2008; US Department of Transportation 2008; US Department of 

Transportation 2008) helped analyze the effect of several countermeasures 

implemented. Some of the countermeasures involved are: automated (video) 

detection of pedestrians to extend crossing time, flashing beacons, “in street” 

pedestrian signs, “turning traffic must yield to pedestrians” signs, median refuge 

islands, pedestrian push button acknowledgement, LED “no turn on red” signs, 

reduce minimum green time (hot button), “smart” crosswalk lighting , and pedestrian 

countdown signals. Similarly, studies done in Australia (M. Haque 2009) and 

selected places in Europe (J. Assailly 1997; G. Yannis, G. Kanellaidis et al. 2007) 



70 

have found important effects of different implemented policies and countermeasures. 

It would be impossible to compile the thousands of legislative and programmatic 

measures that have been developed in the past to improve safety. However, a 

comprehensive review of safety improvement countermeasures is provided in Table 

40  through Table 44, this was obtained from several local and international 

resources that have implemented safety improvement programs (see Appendix E). 

These lists are intended to be purely illustrative, as it is certainly not exhaustive, 

given the variety of measures available to reduce pedestrian-vehicle accident 

frequency and severity. The lists are used along with the modeling results to 

recommend the “best fit” countermeasures for implementation in New York City. 

 

6.2 Recommendations of Safety Countermeasures for New York City 

This section summarizes the findings from the data analysis and model building 

tasks into a set of countermeasures and policy recommendations for the improvement 

of pedestrian safety in New York City. These are related to policy, operational and 

design recommendations when and where appropriate. The elaboration summarized 

in three groups, based on the review of previous studies and on the 5 E’s of safety – 

Engineering, Enforcement, Encouragement, Education, and Evaluation – presented 

by the Federal Highway Administration. The following section comments on the 

recommended measures according to the different types of intervention. 

6.2.1 Engineering Countermeasures 

  Several factors were identified in the modeling process, some of this can be 

contra rested with the appropriate engineering countermeasures. These measures 

comprise geometric changes, traffic control measures and technology applications 

that improve pedestrian safety. The majority of these are related to the improvement 

of pedestrian severity rather than frequency, given that this were disaggregated 

accident records that identified more design-specific problems. However, all of the 

previous models and analysis were taken into account to obtain the final set of 

engineering measures. The following table summarizes the set of recommended 
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engineering countermeasures to reduce the amount of accidents and their severity 

level (Table 6). 

These variables were identified through the analysis of the modeling results. For 

example, are wide pedestrian bike networks and bike lanes were observed to reduce 

the severity of pedestrian accidents. Measures that provided adequate roadway 

lighting, illuminated streets, and removed obstacle that reduce sight distance were 

considered to also reduce the severity of pedestrian accidents. Similarly, traffic 

calming techniques and speed management strategies were included to further reduce 

the level of fatality, given that this variable had a considerable combined and 

marginal effect on the final level of severity. Other measures that controlled the 

operation of trucks and public transit vehicles were considered (e.g. curb radii) given 

the strong effect that this had on pedestrian safety, both frequency and severity. 

Additionally, several ITS technologies were considered as part of the safety 

improvement plan in order to reduce the number of severity of pedestrian accidents. 
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Table 6 Engineering Countermeasure for the Improvement of Pedestrian Safety 

General  Improvement Objectives 

Improvements 

Frequency Severity 

Exposure control: promoting safe walking 

Area wide pedestrian and bike networks X 

Efficient and safe public transport  X X 

Reducing the risk of pedestrians near roadways 

Provide adequate roadway lighting X 

Install illuminated street signs  X 

In-pavement crosswalk lights in complex intersections X 

Remove hazardous trees or other natural vision barriers X 

Install breakaway sign and lighting posts. X 

Geometric Design 

Provide adequate channelization of left turn maneuvers X 

Increase curb radii for buses and trucks X X 

Implement safer walking facilities in school zones X 

Shorten lane width principally in bus routes X 

Install pedestrian barriers  X 

Increase grades for intersections X 

At-grade separation of traffic (traffic signals and roundabouts) X 

Distribution of Retro-Reflective Materials X 

Recessed or offset stop lines for intersections with traffic signals X 

Raised medians in multilane roads X X 

Traffic Control and Management  

Provide left-turn signal phase X 

Prohibit left and/or right turn movement X 

Reroute left-turn traffic X 

"Pedestrian Head Start" X 

In-Street Pedestrian Crossing (Impactable "Yield to Pedestrians" Signs) X 

Install stop sign X 

Pedestrian Countdown Signals X 

Eliminate permissive left turns at signalized intersections  X 

Traffic Calming, speed management X 

Create bike lanes X 

Intelligent Transportation System Technology Improvements 

Flashing beacons (both automated detection and push button-actuated) X 

Portable changeable message speed limit sign X 

Automated (Video) detection of pedestrians to extend crossing time X 

Changeable message speed limit (fixed) X 

Rectangular LED rapid flash beacons crosswalks X 

ITS smart lighting at crosswalks with nighttime crashes X 

Advance warning for motorists (Roving Eyes)   X 
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6.2.2 Enforcement Countermeasures 

The implementation of engineering countermeasures alone would be insufficient 

to have an impact that would be maintained through time. For this, enforcement of 

policies and surveillance of vehicle/pedestrian traffic should be considered to 

improve and ensure pedestrian safety. Thus, the following table summarizes the 

enforcement measures provided by the modeling results and data analysis (Table 7). 

Table 7 Enforcement Countermeasures for the Improvement of Pedestrian Safety 

General Objective 

Target 

Improvement 

Frequency Severity 

Ensuring driver competency 

Implement graduated licensing system X X 

Increase effectiveness of license suspension and revocation X 

Points demerit systems for infraction follow-up X 

Alcohol Education Mandatory Course X X 

Reducing impaired driving 

Implement stronger legislation to reduce drinking and driving X 

Develop sobriety checkpoints and saturation enforcement blitzes X 

Zero BAC for novice drivers and public transportation drivers X X 

Implement aged driver licensing programs for elders X 

Intelligent Transportation System Technology Improvements 

Speed trailers X 

Red light cameras X X 

Automated methods to monitor and enforce intersection traffic X X 

Enforcement  

Enforcement of driver yielding behavior X 

Police pedestrian safety training programs X 

Provide additional patrols to capture driver awareness X X 

 

Enforcement measure improve frequency and severity of pedestrian accidents 

almost on a equal level, given that driver awareness increases as there is an increase 

in the level of surveillance of the traffic system. Speed trailers, red light cameras, and 

automated monitoring systems can be applied to improve pedestrian safety. These 

systems should be highly promoted to increase driver/pedestrian awareness and 

reduce the illegal behavior in the road network. Further, additional patrolling and 

enforcement of driver yielding behavior is strongly needed, given the previous 



74 

modeling results. Implementation of graduated licensing, points of demerits systems, 

and effective license suspension can increase the driver competency and reduce the 

exposure of pedestrian in the network. This can also be complemented with novice 

and aged driver programs to reduce the pedestrian’s exposure. Similarly, strong 

policies and programs on drinking and driving behavior can reduce the severity of 

pedestrian accidents. This can be done by stronger legislation and increasing 

awareness with sobriety checkpoints and saturation of enforcement blitzes. These 

enforcement programs are very costly, therefore, a more detailed analysis should be 

considered prior to further implementation.  

6.2.3 Educational and Outreach Countermeasures 

The implementation of countermeasures has to be complemented with outreach 

and educational programs to ensure a system wide impact. These programs are topic 

of specific studies, given that their designs have to be tailored to the socioeconomic 

characteristics of the study area. However, given the strong influence that ethnicity 

and education variables had on the frequency of pedestrian accidents some 

recommendations are made. Additionally, because these variables were significant at 

both levels of aggregation, zip code and census tract, these programs have to be 

strongly considered for the improvement of pedestrian safety in New York City. A 

summarize set of potential programs recommended below (Table 8).  

Table 8 Educational and Outreach for the Improvement of Pedestrian Safety 

Description of Measure 

Target Improvement 

Frequency Severity 

Annual traffic calming/pedestrian safety media campaigns   X X 

Safety campaign using flyers, TV, radio, and visual media. X X 

Safety programs to schools and senior citizen facilities X X 

Children oriented programs to reduce the accidents of children X X 

Safety campaigns for intercultural outreach X X 

Pedestrian Safety Workshops for older population X X 

Hispanic Pedestrian Education Center, outreach program X X 

Safety Campaign for guidelines for parents in English and Spanish X X 

Alcohol Education Mandatory Course X X 

Nighttime Conspicuity Enhancement  X X 
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These programs are expected to reduce frequency and severity of accidents given 

that they are focus on increasing pedestrian/driver awareness. Special programs 

focused on children and elder pedestrians are needed to improve safety among this 

age classes, these variables were influential in the models of severity. Additionally, 

safety improvement programs can be targeted at different ethnic groups with 

different languages, principally Hispanics and Black population, given their 

important effect throughout the frequency models. Similarly, specific land use types, 

such as industrial land use, can be the main focus for the delivery of visual 

advertisement to improve driver/pedestrian awareness. 

Pedestrian safety can be considerably improved by the implementation of safety 

measures. While it is important to provide safety improvement measures to all 

populated geographic areas the above results provide targets to improve safety in an 

effective and cost-effective manner. The recommendations provided make a strong 

case for focusing on design, control, enforcement and educational strategies to 

improve pedestrian safety. These recommendations are just intended to serve as 

guidelines for more detailed site-specific evaluation and implementation. These have 

to be followed by a continuous reevaluation process that confirms the effectiveness 

of the safety improvement program adopted. The results should be in accordance 

with the estimated models and safety recommendations, and are expected to provide 

a positive impact in the improvement of pedestrian safety in New York City. 

 



76 

7. CHAPTER VII: SUMMARY AND CONCLUSION  
 

In this thesis, crash frequency and severity models were developed based on 

accident data from New York City between 2002 and 2006. The study is the first in 

recent times to model accident frequency and severity in New York City. A rich 

database was constructed abstracting data from several sources. The data was 

aggregated at two different levels for frequency modeling (zip code and census tract 

level) and individual records of accidents were used for severity modeling. This 

resulted in one of the most comprehensive pedestrian safety modeling studies 

performed in terms of its level of detail and comprehensiveness of the data used. The 

findings can be applied to analyze pedestrian accident risk in New York City and 

lessons can be learned for similar metropolitan areas. 

The model building effort was an exceptional approach that proved to improve 

the safety modeling process in terms of statistical validity and model 

comprehensiveness. For the frequency model the process required breaking down the 

variables into subsets that have variables lacking high correlation and measuring 

independent characteristics. Two subsets were created for each spatial aggregation 

level. Three different modeling methodologies were applied – the negative binomial 

model, negative binomial model with heterogeneity in dispersion parameter, and the 

zero-inflated negative binomial model. The aggregation level played an important 

role in the modeling results. A finer aggregation level (census tract) provided richer 

resolution and more data variability and therefore greater explanatory power for 

variations in accident frequencies. These findings presented a novel approach for 

addressing accident frequency models. 

Additionally, the development of severity models provided a rich source of data 

comprising socio-demographic, land use, and road and travel characteristics that 

enabled the creation of site-specific countermeasures and policy recommendations. 

The simplistic binary logit model provided a sufficient model effort to identify the 

primary factors affecting accident severity. This reduced the computational burden of 

performing crash-cause modeling that difficult modeling process in practical 

applications. Therefore, the development of advanced crash-cause models 
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demonstrated to be an efficient and important approach in determining accurate 

estimates for pedestrian safety analysis. 

Moreover, reviewing previous studies and countermeasures the appropriate 

recommendations were presented. The insights obtained from the modeling efforts 

helped identify the historic causes that influence frequency and severity of pedestrian 

accidents. The list of recommendations serves as a reference guide for the 

implementation of safety measures in New York City and similar metropolitan areas. 

Additionally, the measures identified policy recommendations that are sensitive to 

the socio-demographic characteristics of the area, providing insights in educational 

and outreach programs that reduced the risk of pedestrians in a target community. 

The work presented some limitations in terms of the data and modeling 

assumptions. The study is exceptionally comprehensive and the results were proven 

to be of statistical significance at different levels of confidence. However, the models 

are based on crash data that was compiled from multiple sources, which will 

inevitably result in reconciliation issues. Moreover, the use of secondary source 

introduces some bias caused by man-made errors and missing records. Furthermore, 

the model assumptions should be considered when using the analysis tools presented 

in this thesis. Future work could involve testing more advanced modeling techniques 

such as latent class models and zero-inflated with heterogeneity assumption for 

frequency of accidents, and ordered probit models of multiple injury levels for 

severity of pedestrian accidents.  

The presented thesis is of primary importance for large metropolitan areas, 

particularly for New York City. The model implications and recommendations are an 

excellent guide for safety improvements in New York City and similar metropolitan 

areas. The methodology applied can also be imitated and expanded for safety 

improvement programs of other study regions. Pedestrian safety modeling 

importance is increasing as safety investments increase and crash causes become less 

obvious than not. Therefore, the development of safety improvement programs will 

require the estimation of crash-cause models, such as the ones presented in this 

thesis, to reduce pedestrian risk and improve safety in the urban and suburban 

transportation systems. 



78 

8. BIBLIOGRAPHY  

A. Loukaitou-Sideris, R. Liggett, et al. (2007). "Death on the crosswalk: A study of 

pedestrian-automobile collisions in Los Angeles." Journal of Planning and 

Research 26(3): 338-351. 

A. Moudon, P. Hess, et al. (2004). "Pedestrian Safety and Transit Corridors." Journal of 

Public Transportation 7(2): 73-93. 

A.V. Moudon, L. Lin, et al. (2007). Managing Pedestrian Safety I: Injury Severity. W. S. 

D. o. Transportation. Washington State, Washington State Department of 

Transportation Center: 1-55. 

B. Bowman, R. Vecellio, et al. (1994). "Vehicle and pedestrian accident models for 

median locations." Journal of Transportation Engineering 121(6): 531-537. 

B. Persaud, C. Lyon, et al. (1999). "Empirical bayes procedure for ranking sites for 

safety investigation by potential for safety improvement." Transportation 

Research Record 1665: 7-12. 

B.J. Campbell, C. V. Z., H.H. Huang, and M.J. Cynecki (2004). A Review of Pedestrian 

Safety Research in the United States and Abroad. O. o. S. R. a. D. FHWA, U.S. 

DOT. 

B.S. Roudsari, C.N. Mock, et al. (2004). "Pedestrian Crashes: Higher Injury Severity and 

Mortality Rate for Light Truck Vehicles Compared with Passenger Vehicles." 

Injury Prevention 10: 154-158. 

C. Lee, M. A.-A. (2005). "Comprehensive analysis of vehicle-pedestrian crashes at 

intersections in Florida." Accident Analysis & Prevention 37: 775-786. 

C. Lee, M. A.-A. (2005). "Comprehensive analysis of vehicle-pedestrian crashes at 

intersections in Florida." Accident Analysis & Prevention 37(775-786). 

C. Manski (1973). The Analysis of Qualitative Choice. . Department of Economics. 

Massachussets, Massachussets Institute of Technology. Doctor of Philosophy. 

C. Manski (1977). "The Structure of Random Utility Models. ." Theory and Decision 8: 

229-254. 

C. Oh, Y.S. Kang, et al. (2008). "Development of Probabilistic Pedestrian Fatality 

Model for Characterizing Pedestrian-Vehicle Collisions." International Journal of 

Automotive Technology 9(2): 191-196. 

C. Zegeer (2002 ). Pedstrian Facilities Users Guide - Providing Safety and Mobility. US 

Department of Transportation. F. H. Administration. McLean, VA, Federal 

Highway Administration. 

C.V. Zegeer, J. R. S., H. Huang, P. Lagerwey (2001). " Safety Effects of Marked Versus 

Unmarked Crosswalks at Uncontrolled Locations: Analysis of Pedestrian 

Crashes in 30 Cities " Transportation Research Record 1773(1773): 56-68. 

D. Campos-Outcalt, C. Bay, et al. (2003). "Motor vehicle crash fatalities by 

racce/ethnicity in Arizona, 1990-96." Injury Prevention 9: 251-256. 

D. Graham and S. Glaister (2003). "Spatial Variation in Road Pedestrian Casualties: The 

Role of Urban Scale, Density and Land-Use Mix." Urban Studies 40(8): 1591-

1607. 

D. Harkey and C. Zegeer (2004). PEDSAFE: Pedestrian Safety Guide and 

Countermeasures Selection System FHWA-SA-04-003. Pedestrian Safety. F. H. 

Administration. Washington, DC, US Department of Transportation. 



79 

D. Lord (1996). "Analysis of Pedestrian Conflicts with Left-Turning Traffic." 

Transportation Research Record: Journal of the Transportation Research Board 

1538: 61-67. 

D. Lord, S. Washington, et al. (2005). "Poisson-Gamma and Zero-Inflated Regression 

Models of Motor Vehicle Crashes: Balancing Statistical and Theory." Accident 

Analysis & Prevention 27(35-46). 

D.E. Lefler and H.C. Gabler (2004). "The fatality and injury risk of light truck impacts 

with pedestrians in the United States " Accident Analysis & Prevention 36(2): 

295-304. 

E. Dalere (1993). The Traffic Safety Toolbox: A Primer on Traffic Safety. Washington, 

DC, Institute of Transportation Engineers. 

E.A. LaScala, D. G., P.J. Gruenewald (2000). "Demographic and environmental 

correlates of pedestrian injury collisions: a spatial analysis." Accident Analysis & 

Prevention 32(5): 651-658. 

F. Saccomanno, L. Miranda-Moreno, et al. (2004). "Risk-based model for identifying 

highway-rail grade crossing blackspots. ." Transportation Research Record 1862: 

127-135. 

Federal Highway Administration. (2009). "Pedestrian & Bicycle Safety." FHWA Safety  

Retrieved October 07, 2009, from http://safety.fhwa.dot.gov/ped_bike/. 

G. Yannis, G. Kanellaidis, et al. (2007). "Assessment of Pedestrian Safety Measures in 

Europe." Institute of Transportation Engineers Journal. 

G.E. Ryb, P. C. D., J.A. Kufera, and C.A. Soderstrom (2007). "Social, Behavioral, and 

Driving Characteristics of Injured Pedestrians: A Comparison with Other 

Unintentional Trauma Patients." Accident Analysis & Prevention 39(2): 313-318. 

Garder, P. E. (2004). "The Impact of Speed and Other Variables on Pedestrian Safety in 

Maine." Accident Analysis & Prevention 36(4): 533-542. 

Governor's Traffic Safety Committee. (2006). "Traffic Safety Data Reports for 2006 by 

County." Retreived October 08, 2009 from 

http://www.nysgtsc.state.ny.us/06data/datapack06.htm. 

H. Huang, C.H. Chor, et al. (2008). "Severity of driver injury and vehicle damage in 

traffic crashes at intersections: A Bayesian hierarchical analysis." Accident 

Analysis & Prevention 40: 45-54. 

J. Assailly (1997). "Characterization and Prevention of Child Pedestrian Accidents: An 

Overview." Journal of Applied Developmental Psychology 18: 257-262. 

J. Oxley, M. C., M. Whelan, and J. Charlton (2005). "Crossing Roads Safely: An 

Experimental Study of Age Differences in Gap Selection by Pedestrians." 

Accident Analysis & Prevention 37(5): 962-971. 

J. Pucher and J. Renne (2001). "Socioeconomics of Urban Travel: Evidence from the 

2001 NHTS." Transportation Quaterly 57(3): 49-77. 

J.A. Langlois, P. M. K., J.M. Guralnik, D.J. Foley, R.A. Marottoli, and R.B. Wallace 

(1997). "Characteristics of Older Pedestrians Who Have Difficulty Crossing the 

Street." American Journal of Public Health 87(3): 393-397. 

J.P. Pucher and L. Dijkstra (2000). "Making Walking and Cycling Safer: Lessons from 

Europe." Transportation Quaterly 54(3). 

K. Lancaster (1966). "A new approach to consumer theory." Journal of Political 

Economy 14: 132-157. 



80 

K. Vasin, A. Chatterjee, et al. (2008). "Planning Level Regression Models for Prediction 

of Crashes on Interchange and Noninterchange Segments of urban Freeways. ." 

Transportation Engineering 134: 111-117. 

K.J. Clifton, C.V. Burnier, et al. (2009). "Severity of injury resulting from pedestrian-

vehicle crashes: What can we learn from examining the built environment." 

Transportation Research Part D: Transport and Environment 14(6): 425-436. 

K.J. Clifton and K. Kreamer-Fults (2007). "An Examination of the Environmental 

Attributes Associated with Pedestrian-Vehicular Crashes near Public Schools." 

Accident Analysis & Prevention 39(4): 708-715. 

L. Chang (2005). "Analysis of freeway accidents frequencies: Negative binomial 

regression versus artificial neural networks." Safety Science 43: 541-557. 

L. Miranda-Moreno, P. Morency, et al. (2009). How does built environment influence 

pedestrian activity and pedestrian collisions at intersections?. , 89th Annual 

meeting of the Transportation Research Board 2010. 

L. Thurstone (1927). "A law of comparative judgment." The University of Chicago 

Press. 

M. Ben-Akiva and S. Lerman (1985). Discrete Choice Analysis: Theory and 

Application. Massachussets, The MIT Press. 

M. Haque (2009). Road Safety: Data Collection, Analysis Monitoring, and 

Countermeasure Evaluations with Cases. University Press of America. United 

Kingdom. 

M. Wier, J. Weintraub, et al. (2009). "An area-level model of vehicle-pedestrian injury 

collisions with implications for land use and transportation planning. ." Accident 

Analysis & Prevention 41: 137-145. 

M.F. Ballesteros, P.C. Dischinger, et al. (2004). "Pedestrian injuries and vehicle type in 

Maryland." Accident Analysis & Prevention 36: 73-81. 

N. Levine and K. Kim (1998). "Spatial Analysis of Honolulu motor vehicle crashes: a 

methodology for geocoding intersections." Computers, Environment and Urban 

Systems 22(6): 557-576. 

N. Malyshkina, F. Mannering, et al. (2008). "Markov switching negative binomial 

models: An application to vehicle accident frequencies." Accident Analysis & 

Prevention 41: 217-226. 

N.N. Sze and S.C. Wong (2007). "Diagnostic analysis of the logistic model for 

pedestrian injury severity in traffic crashes." Accident Analysis & Prevention 

39(6): 1267-1278. 

National Highway Traffic Safety Administration (2004). Traffic Safety Facts Nevada 

2004-2008. N. H. T. S. Administration. Las Vegas, Nevada, National Highway 

Traffic Safety Administration: 1-23. 

National Highway Traffic Safety Administration (2008). Alcohol-Impared Driving. 

Traffic Safety Facts - 2008 Data. N. H. T. S. Administration, U.S. Department of 

Transportation. 

National Highway Traffic Safety Administration (2008). Traffic Safety Facts. Traffic 

Safety Facts - 2008 Data, National Highway Traffic Safety Administration 

(NHTSA). 



81 

New York City Department of Transportation. (2009). "Current Projects." Complete 

Streets  Retrieved November 11th, 2009, from 

http://www.nyc.gov/html/dot/html/about/currentproj.shtml. 

P. Anastopoulos, A.P. Tarko, et al. (2008). "Tobit analysis of vehicle accident rates on 

interstate highways. ." Accident Analysis & Prevention 40: 768-775. 

P. Anastopoulos and F. Mannering (2009). "A note on modeling vehicle accident 

frequencies with random-parameters. ." Accident Analysis & Prevention 41: 153-

159. 

Q. Vuong (1989). "Likelihood Ratio Tests for Model Selection and NOn-Nested 

Hypotheses." Econometrica 57(2): 307-333. 

Quddus, M. A. (2008). "Time series count data models: An empirical application to 

traffic accidents. ." Time series count data models: An empirical application to 

traffic accidents. 40: 1732-1741. 

R. Greene-Roesel, M. Diogenes, et al. (2007). Estimating Pedestrian Accident Exposure: 

Protocol Report. Berkeley, Institute of Transportation Studies and UC Berkeley 

Traffic Safety Center. 

R. Knoblauch, B. Tustin, et al. (1998). Investigation of Exposure-Based pedestrian 

Accident Areas: Crosswalks, Sidewalks, Local Streets, and Major Arterials. US 

Department of Transportation. F. H. Administration. 

R. Lobjois and V. Cavallo (2007). "Age-Related Differences in Street-crossing 

Decisions: The Effects of Vehicle Speed and Time Constraints on Gap Selection 

in an Estimation Task." Accident Analysis & Prevention 39: 934-943. 

R. Lucce and P. Suppes (1965). Handbook of Mathematical Psychology. New York, 

John Wiley & Songs. 

R. Roess, E. Prassas, et al. (2004). Traffic Engineering, Pearson Prentice Hall. 

R. Schneider and A. Khattak (2002). "An accident waiting to happen: a spatial approach 

to proactive pedestrian planning." Accident Analysis & Prevention 36: 193-211. 

R. Voas and D. Fisher (2000). "Ethnicity and Alcohol-Related Fatalities: 1990 to 1994." 

National Traffic Safety Administration. 

R.D. Austin and J. L. Carson (2002). "An alternative accident prediction model for 

highway-rail interfaces." Accident Analysis & Prevention 34: 31-42. 

S. Mitra and S. Washington (2007). "On the Nature of Over-Dispersion in Motor 

Vehicle Crash Prediction Models." Accident Analysis & Prevention 39: 459-468. 

S. Washington, M. Karlaftis, et al. (2003). Statistical and Econometric Methods for 

Transportation Data Analysis, Chapman and Hall. 

S.U. Jensen (2007). "Pedestrian Safety in Denmark." Transportation Research Record: 

Journal of the Transportation Research Board 1674: 61-69. 

T. Domencich and D. McFadden (1975). Urban Travel Demand: A Behavioral Analysis. 

. Amsterdam. 

Transportation, N. Y. C. D. o. (2007). Safe Streets NYC. 2007 Safe Streets NYC: Traffic 

Safety Improvements in New York City. NYCDOT. New York, New York City 

Department of Transportation. 

U.S. Census Bureau (2004). Census 2000 Brief. Journey to Work: 2000. U. S. C. 

Bureau, U.S. Department of Commerce. 

U.S. Department of Commerce. (2008). "2008 American Community Survey 1-Year 

Estimates." American Community Survey, Retreived September 10, 2008 from 



82 

http://factfinder.census.gov/servlet/DatasetMainPageServlet?_program=ACS&_s

ubmenuld=downloadcenter_0&_lang=en&_ts=. 

U.S. Department of Transportation (2006). Traffic Safety Facts 2005. Traffic Safety 

Facts 2005. N. H. T. S. Administration, National Highway Traffic Safety 

Administration. 

US Department of Transportation (2008). Las Vegas Pedestrian Safety Project: Phase 2 

Final Technical Report Implementation Report and Executive Summary. N. H. T. 

S. Administration, US Department of Transportation. 

US Department of Transportation (2008). Miami-Dade Pedestrian Safety Project: Phase 

II Final Implementation Report and Executive Summary. . N. H. T. S. 

Administration, US Department of Transportation. 

US Department of Transportation (2008). San Francisco PedSafe Phase II: Final 

Implementation Report and Executive Summary. N. H. T. S. Administration, US 

Department of Transportation. 

V. Shankar and F. Mannering (1996). "An Exploratory Multinomial Logit Analysis of 

Single-Vehicle Motorcycle Accident Severity." Journal of Safety Research 27(3): 

183-194. 

V. Shankar, G. Ulfarsson, et al. (2003). "Modeling crash involving pedestrian and 

motorized traffic." Safety Science 41: 627-640. 

V.N. Shankar, S. Sittikariya, et al. (2006). "Some Insights on Roadway Infrastructure 

Design for Safe Elderly Pedestrian Travel." IATSS Research 30(1): 21-26. 

W. Greene (2003). Econometric Analysis, Pearsons Education  

W. Leaf and D. Preusser (1999). Literature Review on Vehicle Travel Speeds and 

Pedestrian Injuries. National Highway Traffic Safety Administration. F. H. 

Administration. Washington, DC, US Department of Transportation. 

Y. Freemark. (2009). "What's Wrong With SAFETEA-LU - and Why the Next Bill Must 

be Better."   Retrieved November 11th 2009, from 

http://www.streetsblog.org/2009/04/27/whats-wrong-with-safetea-lu-and-why-

the-next-bill-must-be-better/. 

 

 

 

 

 

 

 

 

 

 



83 

APPENDIX A 

A.1 Frequency Models Preliminary Analyses 

Table 9 Fatal Crashes Controlled by Various Exposure Measures at Census Tract Level 

Variable Mean St. Dev COV 

FC 0.2893 0.6105 2.11 

FC/SQML 3.854 9.095 2.36 

FC/POP2000 0.00102 0.02595 25.44 

FC/POP_25T 0.000757 0.02175 28.73 

FC/WRKRS_NAH 0.000463 0.005807 12.54 

FC/TotalInter 0.017641 0.044574 2.53 

FC/SIG 0.05525 0.15142 2.74 

FC/Length 0.12742 0.33729 2.65 

** FC stands for fatal crashes. 

    SQML is square miles in tract. 
    POP2000 is total population in tract in the year 2000. 

    POP_25T is total population over 25 years of age in the tract. 

    WRKRS_NAH is workers not working at home. 
    TotalInter is total intersections. 

     SIG stands for signalized intersections in the tract. 

     Length is total length in miles within the tract. 

Table 10 Fatal Crashes Controlled by Various Exposure Measures at Zip Code Level 

Variable Mean St. Dev. COV 

FC 3.561  3.210  0.90 

FC/SQML 3.243 3.855 1.19 

FC/POP2000 0.000279 0.002658 9.53 

FC/POP_25T 0.000303 0.002479 8.18 

FC/WRKRS_NAH 0.00051 0.004131 8.10 

FC/TOT_INTER 0.01548 0.01734 1.12 

FC/SIG 0.04862 0.03744 0.77 

FC/LENGTH 0.09889 0.11418 1.15 

FC/PAS 0.000453 0.000517 1.14 

FC/pas+omt+com 0.000405 0.000423 1.04 

**  PAS is total passenger cars registered in the zip code. 
     OMT is total taxis registered at the zip code. 

     COM is total commercial vehicles registered at the zip code. 

                                Other variables are as previously defined. 
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Table 11 Severe Crashes Controlled by Various Exposure Measures at Census Tract Level 

Variable Mean Std.Dev. COV 

SC 2.6286 3.1922 1.21 

SC/SQML 37.05 49.94 1.35 

SC/POP2000 0.00414 0.05101 12.32 

SC/POP_25T 0.00516 0.08382 16.24 

SC/WRKRS_NAH 0.00579 0.05364 9.26 

SC/TotalInter 0.17128 0.24437 1.43 

SC/SIG 0.4777 0.569 1.19 

SC/Length 1.2615 2.18 1.73 
** SC stands for severe crashes. 

      Other variables are as previously defined. 

 

Table 12 Severe Crashes Controlled by Various Exposure Measures at Zip Code Level 

Variable Mean St.Dev. COV 

SC 32.36 26.02 0.8 

SC/SQML 32.16 35.53 1.1 

SC/POP2000 0.000786 0.001022 1.3 

SC/POP_25T 0.001151 0.00136 1.18 

SC/WRKRS_NAH 0.001972 0.002087 1.06 

SC/TotalInter 0.1503 0.1705 1.13 

SC/SIG 0.4255 0.2432 0.57 

SC/Length 0.9731 1.095 1.13 

SC/PAS 0.004588 0.005123 1.12 

SC/pas+omt+com 0.00127 0.004283 1.04 
**Variables are as previously defined. 

Table 13 Intersection Types at Census Tract Level 

Variable Mean St. Dev COV 

AWS 1.5113 2.6328 1.74 

SOM 16.75 21.352 1.27 

SIG 5.586 4.758 0.85 

3WAY_INT 12.355 16.166 1.31 

4WAY_INT 10.769 8.539 0.79 

5WAY_INT 0.3488 0.734 2.10 

** AWS All way stop intersections 

    SOM Stop on minor intersections 
    3WAY_INT 3 approach intersections 

    4WAY_INT 4 approach intersections 

    5WAY_INT 5 approach intersections 
    Other variables are as previously defined. 
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Table 14 Roadway Types at Census Tract Level 

Variable Mean St. Dev COV 

Length 3.895 5.695 1.46 

TRAV_1 1.7983 2.1205 1.18 

TRAV_2 0.9925 1.6742 1.69 

TRAV_3 0.2358 0.7556 3.20 

TRAV_4 0.1892 0.37982 2.01 

TRAV_5 0.01591 0.07101 4.46 

PRK_1 0.344 0.5803 1.69 

PRK_2 2.1552 1.8075 0.84 

** TRAV_1 Roadways with 1 travel lane. 

    TRAV_2 Roadways with 2 travel lanes. 

    TRAV_3 Roadways with 3 travel lanes. 
    TRAV_4 Roadways with 4 travel lanes. 

    TRAV_5 Roadways with 5 travel lanes. 

    PRK_1 Roadways with one parking lane. 
    PRK_2 Roadways with two parking lanes. 

      Other variables are as previously defined. 
    (All values in miles) 

 

 

Table 15 Intersection Types at Zip Code Level 

Variable Mean St. Dev COV 

AWS 18.61 18.5 0.99 

SOM 206.2 195.5 0.95 

SIG 68.77 44.44 0.65 

3WAY_INT 152.1 131.14 0.86 

4WAY_INT 132.57 83.71 0.63 

5MWAY_INT 4.294 3.692 0.86 

                                                       **Variables are as previously defined. 
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Table 16 Roadway Type at Zip Code Level 

Variable Mean St. Dev COV 

Length 47.95 35.58 0.74 

TRAV_1 22.14 16.1 0.73 

TRAV_2 12.218 11.122 0.91 

TRAV_3 2.903 2.993 1.03 

TRAV_4 2.329 2.21 0.95 

TRAV_5 0.1959 0.3624 1.85 

PRK_1 4.235 3.662 0.86 

PRK_2M 26.53 18.17 0.68 

                                                      **Other variables are as previously defined. 

 

Table 17 Transit Density at Census Tract Level 

Variable Mean St. Dev. COV 

Sub_St 0.2207 0.538 2.44 

Sub_Rdr 996798 5656165 5.67 

Bus_Rts 8.493 12.195 1.44 

Bus_AMcap 331.6 734.6 2.22 

Bus_Stops 7.114 5.922 0.83 

** Sub_St Number of Subway Stations in tract 

    Sub_Rdr Yearly Subway ridership in tract 
    Bus_Rts Miles of bus routes in tract 

    Bus_AMcap AM capacity per hour in tract 

    Bus_Stops Number of bus stops in tract 

 

Table 18 Transit Density at Zip Code Level 

Variable Mean St. Dev. COV 

Sub_St 2.717 2.66 0.98 

Sub_Rdr 12271685 24823320 2.02 

Bus_Rts 104.56 84.44 0.81 

Bus_AMcap 4083 4861 1.19 

Bus_Stops 87.58 51.73 0.59 

**Variables are as previously defined. 
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Table 19 Correlation Matrix for Subset #1 of Zip Code Data 

POP2000 BL_POP FCC_A2 FCC_A1 SUM_OFFI W_LT_30 W_40_49 W_50_59 COM MED_AGE PARKS

POP2000 1.00 0.16 -0.02 -0.12 -0.24 -0.31 0.32 0.02 0.10 -0.16 0.36

BL_POP 0.16 1.00 -0.05 -0.12 -0.13 -0.19 0.13 -0.09 -0.17 -0.07 0.18

FCC_A2 -0.02 -0.05 1.00 0.27 0.27 -0.02 0.05 0.15 0.02 -0.06 -0.06

FCC_A1 -0.11 -0.04 0.00 1.00 -0.07 0.21 0.06 0.17 -0.05 0.05 0.01

SUM_OFFI -0.23 -0.13 0.27 -0.07 1.00 0.27 -0.11 0.00 -0.06 -0.01 -0.17

W_LT_30 -0.30 -0.19 -0.02 0.22 0.27 1.00 -0.16 -0.05 -0.04 0.14 0.06

W_40_49 0.32 0.13 0.05 0.06 -0.12 -0.16 1.00 0.04 0.14 -0.01 0.01

W_50_59 0.01 -0.09 0.16 0.16 -0.01 -0.05 0.04 1.00 0.01 -0.01 0.02

COM 0.09 -0.16 0.02 -0.04 -0.06 -0.03 0.14 0.01 1.00 -0.01 0.23

MED_AGE -0.16 -0.07 -0.05 0.05 0.00 0.14 0.00 -0.01 -0.02 1.00 -0.12

PARKS 0.36 0.18 -0.07 0.01 -0.17 0.06 0.01 0.03 0.24 -0.12 1.00

Subset 1 - Variable Subset for Zip Code Aggregation Level

 

 

 

 

Table 20 Correlation Matrix for Subset #2 of Zip Code Data 

POP2000 NS25_POP BL_POP INT_5W TRAV_1 TRAV_2 SUBRDR SIG_DEN BUS_RTS

POP2000 1.00 0.33 0.16 0.19 0.13 0.05 -0.28 0.29 0.35

NS25_POP 0.33 1.00 0.02 0.19 0.04 0.15 -0.10 0.24 0.06

BL_POP 0.16 0.02 1.00 0.06 0.10 0.14 -0.11 0.02 -0.07

INT_5W 0.19 0.19 0.06 1.00 0.07 0.22 -0.13 -0.10 0.27

TRAV_1 0.13 0.04 0.10 0.07 1.00 0.02 -0.11 -0.22 0.04

TRAV_2 0.05 0.14 0.14 0.22 0.02 1.00 0.27 -0.01 0.13

SUBRDR -0.28 -0.10 -0.11 -0.13 -0.11 0.27 1.00 0.17 -0.03

SIG_DEN 0.28 0.24 0.02 -0.10 -0.22 -0.02 0.17 1.00 0.01

BUS_RTS 0.35 0.06 -0.07 0.27 0.42 0.13 -0.03 0.02 1.00

Subset 2 - Variable Subset for Zip Code Aggregation Level



88 

 

 



89 

 



90 

APPENDIX B 

B.1 Frequency Modeling Results 

Table 21 Final Variable Subset for Zip Code Level Models 

Variable  Description 

Variable Subset #1 

POP2000 Population 2000 

BL_POP Black Population/Total Population 

FCC_A2 Primary Road/Total Road Length 

FCC_A1 Primary Highway/Total Road Length 

SUM_OFFI Office Area/Total Area 

W_LT_30 Less 30ft Width Road /Total Road Length 

W_40_49 40 to 49ft Width Road / Total Road Length 

W_50_59 50 to 59ft Width Road / Total Road Length 

COM Commercial Vehicles 

MED_AGE Median Age Pedestrians/Drivers 

PARKS Total Number of Parks 

Variable Subset #2 

POP2000 Population 2000 

NS25_POP No Education Population/Total Population 

BL_POP Black Population/Total Population 

INT_5W 5-Way Intersections 

TRAV_1 One Lane Roads/Total Road Length 

TRAV_2 Two Lane Roads/Total Road Length 

SUBRDR Subway Ridership/Total Population 

SIG_DEN Signalized Intersections/Total Intersections 

BUS_RTS Total Bus Routes Length 

 

Table 22 Final Variable Subset for Census Tract Level Models 

Variable  Description 

Variable Subset #1 

POP2000 Population 2000 

BL_POP Black Population/Total Population 

HIS_POP Hispanic Population/Total Population 

MED_AGE Median Age Pedestrians/Drivers 

NS25_POP No Education Population/Total Population 

HSG_POP High School Grad Population/Total Population 

RES_LU Residential Land Use/ Total Land Use 

IND_LU Industrial Land Use/ Total Land Use 

OPEN_LU Open Land Use/ Total Land Use 

SCHOOLS Total Number of Schools 



91 

PRK_ACRE Total Acres of Parks 

AWS Total Number of All Way Stop Intersections 

SIG Total Number of Signalized intersections 

INT_3W Total Number of 3-Way Intersections 

INT_5W Total Number of 5-Way Intersections 

FCC_A1 Primary Highway/Total Road Length 

FCC_A2 Primary Road/Total Road Length 

FCC_A4 Local Rural Roads/Total Road Length 

FCC_A7 Other thoroughfare/Total Road Length 

TRAV_2 Two Lane Roads/Total Road Length 

TRAV_4 Four Lane Roads/Total Road Length 

TRAV_5 Five Lane Roads/Total Road Length 

PRK_1 One Parking Lane Roads/Total Road Length 

SUBRDR Subway Ridership/Total Population 

BUS_LENG Bus Route Length/Total Road Length 

Variable Subset #2 

POP2000 Population 2000 

BL_POP Black Population/Total Population 

HIS_POP Hispanic Population/Total Population 

MED_AGE Median Age Pedestrians/Drivers 

NS25_POP No Education Population/Total Population 

HSG_POP High School Grad Population/Total Population 

RES_LU Residential Land Use/ Total Land Use 

COM_LU Commercial Land Use/ Total Land Use 

SUM_OFFI Total Office Area/Total Area 

SUM_RETA Total Retail Area/Total Area 

PARKS Total Number of Parks 

SCHOOLS Total Number of Schools 

W_LT_30 Less 30ft Width Road /Total Road Length 

W_50_59 50 to 59ft Width Road / Total Road Length 

SUBRDR Subway Ridership/Total Population 

INT_5W Total Number of 5-Way Intersections 

FCC_A4 Local Rural Roads/Total Road Length 

FCC_A7 Other thoroughfare/Total Road Length 

AWS Total Number of All Way Stop Intersections 

SIG Total Number of Signalized intersections 
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Table 23 Descriptive Statistics for Selected Model Variables 

Mean Std. Dev. Mean Std. Dev.

FATALCRA Severe Accidents Number of Crashses 3.443 3.278 0.289 0.611

SEVERECRA Fatal Accidents Number of Crashses 30.198 25.704 2.628 3.192

TOTALCRA Total Accidents Number of Crashses 33.642 28.138 0.917 3.454

POP2000 Population of 2000 Total Population 41882.100 26410.400 3613.840 2462.590

SIG Signalized Intersections Total Signalized Intersections 62.991 40.943 5.586 4.758

BL_POP Black/Population Ratio Total Black Pop./Total Population 0.240 0.277 0.278 0.322

HIS_POP Hispanic/Population Ratio Total Hipanic Pop./Total Population 0.217 0.194 0.247 0.225

NS25_POP No Education/Population Non Educated Pop./Total Population 0.017 0.012 0.019 0.023

HSG_POP High School Grad/Population High School Grad Pop./Total Pop. 0.301 0.116 0.322 0.108

MED_AGE Median Age Median Age Population 0.023 0.133 0.109 1.187

RES_LU Residential Land Use/ Total Land Use Square Foot of Land Use 0.247 0.183 0.326 0.207

COMOF_LU Commercial Land Use/Total Land Use Square Foot of Land Use 0.035 0.049 0.040 0.017

IND_LU Industrial Land Use/ Total Land Use Square Foot of Land Use 0.044 0.068 0.039 0.065

OPEN_LU Open Land Use/Total Land Use Square Foot of Land Use 0.034 0.050 0.026 0.082

SUM_OFFI Office Space/Total Area Square Foot of Area 0.296 1.258 0.135 0.691

SUM_RETA Retail Space/Total Area Square Foot of Area 0.051 0.016 0.058 0.281

SCHOOLS Total Number of Schools Number of Schools 12.311 9.004 1.062 1.405

PARKS Total Number of Parks Number of Parks 19.736 14.700 1.662 2.724

PRK_ACRE Total Acres of Parks Total Number of Acres of Parks 140.138 394.071 13.683 105.872

FCC_A1 Primary Hgwy/Total Length Length of Roadways in Miles 0.052 0.061 0.032 0.089

FCC_A2 Primary Road/Total Length Length of Roadways in Miles 0.036 0.054 0.030 0.117

FCC_A4 Local-Rural Road/Length Length of Roadways in Miles 0.756 0.261 1.081 1.294

FCC_A7 Other Throughfare/Length Length of Roadways in Miles 0.038 0.041 0.042 0.084

TRAV_1 One Lane/Length Length of Roadways in Miles 0.465 0.147 0.517 0.201

TRAV_2 Two Lanes/Length Length of Roadways in Miles 0.239 0.091 0.256 0.152

TRAV_4 Four Lanes/Length Length of Roadways in Miles 0.057 0.054 0.063 0.096

TRAV_5 Five Lanes/Length Length of Roadways in Miles 0.065 0.014 0.049 0.023

PRK_1 One Parking Lane/Length Length of Roadways in Miles 0.100 0.067 0.085 0.102

W_LT_30 Less 30ft Width/Length Length of Roadways in Miles 0.299 0.165 0.238 0.214

W_40_49 40 to 49ft Width/Length Length of Roadways in Miles 0.113 0.065 0.141 0.124

W_50_59 50 to 59ft Width/Length Length of Roadways in Miles 0.047 0.036 0.043 0.070

INT_3W 3Way Intersections Number of 3 Approach Intersections 149.736 122.589 12.355 16.167

INT_5W 5Way Intersections Number of 5 Approach Intersections 4.255 3.074 0.349 0.734

AWS All Way Stop Number of All Way Stop Intersections 17.142 16.698 1.511 2.633

SIG_DEN Signalized Intersections/Total Inter Number of Signalized/Total Intersection 0.318 0.282

BUS_LENG Bus Length/Length Length of Bus Routes in Miles/Total Miles 2.617 2.565 2.979 5.102

BUS_RTS Total Bus Stops Length of Bus Routes in Miles 0.734 0.213 8.493 12.195

SBRDR Subway Ridership/Population Yearly Subway Ridership 1077.300 4970.110 2133.190 12.195

COM Commercial Vehicles Total Number of Commercial Vehicles 369.104 503.024

Socio-demographic Variables

Land Use Variables

Road Netowrk and Travel Characteristics

Vehicle Variables

Zip Code Level Census Tract Level
Variable Description Units

Exposure Variables

Dependent Variables
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APPENDIX C 

C.1 Severity Models Preliminary Analysis 

Table 24 Fatal Crashes for Bronx Borough 

Fatal Accidents vs Bronx 

  

Accidents in Bronx 
Total 

No Yes 

F
at

al
 C

ra
sh

 
Yes 324 43 367 

No 2788 522 3310 

Total 3112 565 3677 

 

Table 25 Fatal Crashes Brooklyn Borough 

Fatal Accidents vs Brooklyn 

  

Accidents in Brooklyn 
Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 240 127 367 

No 2233 1077 3310 

Total 2473 1204 3677 
 

Table 26 Fatal Crashes for Manhattan Borough 

Fatal Accidents vs Manhattan 

  

Accidents in 

Manhattan Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 272 95 367 

No 2364 946 3310 

Total 2636 1041 3677 
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Table 27 Fatal Crashes for Queens Borough 

Fatal Accidents vs Queens 

  

Accidents in Queens 
Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 283 84 367 

No 2661 649 3310 

Total 2944 733 3677 
 

Table 28 Fatal Crashes for Staten Island Borough 

Fatal Accidents vs Staten Island 

  

Accidents in Staten 

Island Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 349 18 367 

No 3194 116 3310 

Total 3543 134 3677 
 

Table 29 Fatal Crashes versus Intersections. 

Fatal Accidents vs Intersection 

  

Accident on 

Intersection Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 146 221 367 

No 968 2342 3310 

Total 1114 2563 3677 
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Table 30 Fatal Crashes versus Different Types of Controls 

Fatal Accidents vs Traffic Control Type 

  

Control Type 
Total 

No Signal Traffic light Stop Yield Other 

F
at

al
 C

ra
sh

 

Yes 159 178 12 1 7 357 

No 1332 1652 96 1 49 3130 

Total 1491 1830 108 2 56 3487 
 

 

Table 31 Fatal Crashes versus Different Ranges of Roadway Width 

Fatal Accidents vs Roadway Width 

  

Width Range (feet) 
Total 

0/30 31/59 60 and up 

F
at

al
 C

ra
sh

 

Yes 130 147 90 367 

No 1241 1396 644 3281 

Total 1371 1543 734 3648 
 

 

Table 32 Fatal Crashes versus Different Types of Land Use 

Fatal Accidents vs Land Use 

  

Land Use Type Total 

RES COM IND OTHER   

F
at

al
 C

ra
sh

 

Yes 98 57 79 130 364 

No 813 597 684 1991 4085 

Total 911 654 763 2121 4449 
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Table 33 Fatal Crashes On/Off Truck Routes 

Fatal Accidents vs Truck Routes 

  

Accident on Truck 

Routes Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 193 174 367 

No 1826 1484 3310 

Total 2019 1658 3677 

 

Table 34 Fatal Crashes with Passenger-Car Vehicles 

Fatal Accidents vs Passenger Vehicle 

  

Passenger Vehicle 
Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 134 233 367 

No 975 2335 3310 

Total 1109 2568 3677 

 

Table 35 Fatal Crashes with Buses 

Fatal Accidents vs Bus Vehicle 

  

Bus 
Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 349 18 367 

No 3250 60 3310 

Total 3599 78 3677 
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Table 36 Fatal Crashes and Driver/Pedestrians Under Influence (DUI) 

Fatal Accidents vs Driver Under Influence (DUI) 

  

Driver on DUI 
Total 

No Yes 

F
at

al
 C

ra
sh

 

Yes 355 12 367 

No 3272 38 3310 

Total 3627 50 3677 
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APPENDIX D 

D.1 Severity Modeling Results 

Table 37 Final Preliminary model for Phase I of Severity Modeling Process 

Dependent Variable: Severe (injury) Accidents 

    

Variable Description Coefficient Significance 

Constant Severity Model Constant 5.02 3.49 

BRONX Bronx x Intersections 0.39 2.28 

INTER_ST Manhattan x Intersections -1.58 -3.25 

ON_INTER Winter Season 0.61 5.04 

SNOW_RD Autumn Season -0.59 -1.41 

BEH_PR City Streets 0.34 1.34 

ON_VEH Children x Signalized Inter. 1.25 1.33 

PLAY_RD Playing on Road 1.69 1.67 

STR_GR Grade Streets -0.62 -2.98 

CUR_GR Dark Lighted Street -0.84 -1.49 

DARK_LGT Dark Unlighted Street -0.31 -2.69 

DARK_UN Dawn -1.18 -3.42 

BUS_RT Average Speed -0.19 -1.56 

SPD_SPDL Speed Above -0.09 -2.06 

 

Table 38 Final Preliminary model for Phase II of Severity Modeling Process 

Dependent Variable: Severe Accidents 

Variable Description Constant Significance 

Constant Severity Model Constant 2.89 7.166 

BRONX Accident at Bronx Borough 1.75 3.421 

INTER_ST Accident at Interstate Road -2.71 3.582 

ON_INTER Accident on Intersection 4.86 -2.206 

AG_SIG Pedestrian Crossing Against Signal -2.21 -2.226 

BEH_PR Ped. Coming behind parked vehicle 1.15 3.428 

ON_VEH Ped. Getting on/off vehicle 1.43 -2.145 

PLAY_RD Pedestrian playing on road 1.47 1.327 

STR_GR Straight maneuver on at grade street -2.65 -2.781 

CUR_GR Curve maneuver on at grade street -1.71 -2.725 

STOP Stop sign at intersection -1.34 -2.753 

DARK_LGT Dark street with lighting -3.32 -2.057 

DARK_UN Dark street unlighted -3.35 -2.206 

MULT_LN Multilane Roadway -2.67 2.031 

SPD_SPDL Driving at speeds above limit -1.51 -6.61 

WHITE White pedestrian/driver -0.45 1.684 

HISPANI Hispanic pedestrian/driver 1.82 -1.82 
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SUBWAY_S Near subway station 1.39 -1.316 

BIKE_ONS Bike on street 2.05 1.331 

COM_LU Commercial Land Use 0.86 2.182 

TRUCK  Crash with truck vehicle -6.56 -2.517 

BUS Crash with bus  -4.05 -2.513 

 

Table 39 Final Preliminary model for Phase III of Severity Modeling Process 

Dependent Variable: Severe Accidents 

Variable Description Coefficient Significance 

Constant Severity Model Constant 2.35 6.31 

BRONX Bronx Borough 0.53 2.85 

MANHAT Manhattan Borough 0.38 2.58 

WINTER Winter Season -0.36 -2.54 

AUTUMN Autumn Season -0.34 -2.53 

CT_STRT City Streets 0.98 3.37 

INTER_ST Interstate Road -0.66 -1.19 

ON_INTER Crash on Intersection 0.73 5.46 

ON_ROAD Accident on/off road -1.09 -3.53 

AG_SIG Pedestrian crossing against signal -0.49 -3.19 

BEH_PR Ped. Coming behind parked vehicle 0.31 1.21 

ON_VEH Ped. Getting on/off vehicle 1.26 1.22 

PLAY_RD Pedestrian playing on road 1.43 1.41 

STR_GR Straight maneuver on at grade street -0.59 -2.73 

CUR_GR curve maneuver on at grade street -0.92 -1.59 

STOP stop sign at intersection -0.28 -1.15 

DARK_UN dark street with illumination -1.01 -2.84 

MULT_LN multilane road -0.51 -3.91 

AVE_SPD average speed -0.23 -1.09 

TRUCK crash with truck vehicle -1.43 -6.71 

BUS crash with bus -0.72 -1.63 

SUBWAY_S crash near subway station 0.52 1.08 

BIKE_ONS bike on street bike lane 0.51 1.82 

LTURN driver performing left turn maneuver -0.22 -1.35 

RTURN driver performing right turn maneuver -0.15 -0.56 

ELDER pedestrian over 65 years of age -0.4 -1.68 

OLD_SIG elder pedestrian x crossing against signal 1.37 2.11 

OLD_MULT 

elder pedestrian x crossing multilane 

road 1.22 2.12 

BRX_BUS Bronx borough x bus accidents -1.18 -1.37 

MAN_BUS Manhattan borough x bus accidents -0.72 -1.15 

BK_RLAN bike lane x residential area -0.67 -1.09 
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APPENDIX E  

E.1 Comprehensive Review of Pedestrian Safety Countermeasures  

 

Table 40 Pedestrian Safety Countermeasures Targeting Pedestrians and Vehicle Drivers 

Final Objectives Safety Strategies or Programs 

Ensuring driver competency 

Implement graduated licensing system 

Increase effectiveness of license suspension and revocation 

Points demerit systems for infraction follow-up 

Permits for learner drivers 

Reducing impaired driving 

Implement stronger legislation to reduce drinking and driving 

Develop sobriety checkpoints and saturation enforcement blitzes 

Develop and implement comprehensive public awareness 

campaign 

Zero BAC for novice drivers and public transportation drivers 

Implement aged driver licensing programs for elders 

Keeping drivers alert 

Retrofit rural and other fatigue-prone facilities  

Provide 24-hour "coffee stops" along fatigue-prone facilities 

Exposure Control: Reducing road traffic 

Urban and transport policies, pricing, and regulation 

Urban renewal (increased density, short distances) 

Telecommunications (tele-working, tele-shopping) 

Informatics for pre-trip and on-board information 

TDM, mobility management (car pools, ride-sharing) 

Logistics (rail, efficient use of transport fleets) 

Exposure control: promoting safe walking 

Area wide pedestrian and bike networks 

Land use integrated with public transport 

Efficient and safe public transport  

Segregation of pedestrian road networks 

  Reduction of Walking distances 
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Table 41 Pedestrian Safety Countermeasures Targeting Roadway Characteristics 

Final Objectives Safety Strategies or Programs 

Keeping vehicles on the roadway 

Improve driver guidance through installation of better pavement markings 

Implement a targeted rumble-strip program for high speed roads 

Improve highway and arterial maintenance 

Improve guidance to control speed variance through design, control and 

enforcement. 

Reducing the risk of pedestrians near roadways 

Provide adequate roadway lighting 

Install illuminated street name sign 

In-pavement crosswalk lights 

Provide adequate drainage 

Remove hazardous trees or other natural vision barriers 

Install breakaway sign and lighting posts. 

Provide "slippery when wet" sign 

Improve visibility/communication between pedestrians and drivers 

Geometric Design 

Create Cul-de-Sac 

Add Lane to roadway 

Provide adequate channelization of right and left turn maneuvers 

Increase curb radii 

Overlay pavement 

Implement safer walking facilities in school zones 

Install missing sidewalk links 

Groove pavement 

Install pedestrian refuge island 

Shorten lane width 

Close curb lane 

Install guard rail and/or pedestrian barriers and curb barriers 

Upgrade roadway shoulder 

Repair road surface 

Increase grades for intersections 

Grade separation of streets and crosswalks 

At-grade separation of traffic (traffic signals and roundabouts) 

Advanced Stop Lines and red Visibility Curb Zones 

ADA Curb Ramps 

Distribution of Retro-Reflective Materials 

Recessed or offset stop lines for intersections with traffic signals 

Pedestrian Channelization 

Raised medians in multilane roads 

  Implement more effective access control strategies with a safety perspective 
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Table 42 Pedestrian Safety Countermeasures Targeting Traffic Control and Management 

Final Objectives Safety Strategies or Programs 

Traffic Control and Management  

Provide left-turn signal phase 

Prohibit left and/or right turn movement 

Reroute left-turn traffic 

"Pedestrian Head Start" 

In-Street Pedestrian Crossing (Implacable "Yield to Pedestrians" Signs) 

Install stop sign 

Revise signal-phase sequence 

Provide turning guidelines for multiple left-turn lanes 

Provide traffic signal 

Retime Signal 

Remove Signal 

Install or improve warning signal 

Reduce speed limit 

Adjust amber phase 

Provide all-red phase 

Install or improve pedestrian crosswalk Traffic Control Devices 

Install overhead signal 

Install 12-inch signal lenses 

Install signal visors 

Install signal back plates 

Relocate signals 

Provide progression through a set of signalized intersections 

Provide markings to supplement signs 

Install multi-dial signal controller 

Install limit lines 

Install yield signs 

Reroute through traffic 

Install thermoplastic markings 

Create off-street parking 

Pedestrian Countdown Signals 

Accessible  (audible) pedestrian signals 

Reduction of minimum green time at mid-block crosswalks  

Advance yield markings at crosswalks with an uncontrolled approach 

"Turning Vehicles yield to Pedestrians" symbol signs for drivers 

Leading pedestrian intervals (LPI) 

Eliminate permissive left turns at signalized intersections  

Midblock traffic signal 

In-Roadway Knockdown Signs  

Warning sign for motorists 
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Pedestrian Scramble (Exclusive Pedestrian Phase) 

Restrict parking near corner/crosswalk/driveway 

Create one-way street 

Traffic management, pedestrian zones and auto restrictions 

Traffic Calming, speed management 

Create bike lanes 

  Travel time distribution (staggered hours and holidays) 

 

 

 

 

Table 43 Pedestrian Safety Countermeasures Targeting ITS Improvements 

Final Objectives Safety Strategies or Programs 

Intelligent Transportation System Technology Improvements 

Flashing beacons (both automated detection and push button-actuated) 

Portable changeable message speed limit sign 

Automated (Video) detection of pedestrians to extend crossing time 

Changeable message speed limit (fixed) 

Rectangular LED rapid flash beacons for uncontrolled multilane crosswalks 

ITS smart lighting at crosswalks with nighttime crashes 

ITS "No Right Turn on Red" (NRTOR) Signs 

Speed trailers 

Advance warning for motorists (Roving Eyes) 

Pedestrian activated flashing yellow 

Danish Offset 

Red light cameras 

  Install and use of automated methods to monitor  intersection traffic 
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Table 44 Pedestrian Safety Countermeasures Targeting Education, Outreach and Enforcement 

Final Objectives Safety Strategies or Programs 

Outreach and Education Programs (Examples) 

Annual traffic calming/pedestrian safety media campaigns  (San Francisco) 

Annual pedestrian safety summit for city neighborhood organization (San Francisco) 

Walk San Francisco : Media and public events to call attention (San Francisco) 

Flyer distribution on traffic devices explanation ( San Francisco) 

Development/distribution of video public services announcements (Miami) 

Presentation to schools and senior citizen facilities (Miami) 

Distribution of retro-reflective materials at presentations and independently (Miami) 

WalkSafe Educational Program to reduce the incidence of children struck by vehicles  

Pedestrian educational safety message mounted in bus and Metrorail train posters 

Walk to School Day Campaign to promote safety for children pedestrian (Miami) 

Traffic safety presentations in schools with safety booklets and materials 

Haitian Creole Elementary School safety programs, cultural outreach (Miami) 

Safety Advertisement Brochures with Safety Tips for Different Languages 

Safety Campaign to provide safety for parents in English and Spanish (Miami) 

Pedestrian Safety Workshops for older population 

Safety Campaigns for Intercultural Outreach 

Nighttime Conspicuity Enhancement related to pedestrian safety advertisement  

Pedestrian Safety Campaign, using TV, radio, cinema, and print advertisement 

Hispanic Pedestrian Education Center, outreach program 

Alcohol Education Mandatory Course 

Implement educational programs on the use of anti-lock brake systems 

Enforcement  

Enforcement of driver yielding behavior 

Police pedestrian safety training programs 

Increase "cell-phone" while driving surveillance 

  Provide additional patrols to capture driver awareness 

 

 

 

 

 

 

 


