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ABSTRACT 

 
 

The Florida Department of Transportation (FDOT) is currently in the process of 

implementing the AASHTO Ware Pontis Bridge Management System (BMS) for 

planning and programming maintenance, repairs, rehabilitation, improvements, and 

replacement for bridges on the state highway network. One important task of BMS is to 

accurately estimate the user costs to help life-cycle planning of bridge investments and 

realize an optimal funding and timing that will keep roads and bridges in service at 

minimum cost.  The user costs primarily include travel time costs, vehicle operating 

costs, and accidents costs.  

Traditionally, travel time costs and vehicle operating costs are greatly influenced by 

detour lengths. This thesis examines the bridges features that would increase travel 

time through bridges without detour, and establishes Microsoft Excel spreadsheet 

templates for calculating travel time costs and vehicle operating costs for 5,219 Florida 

highway bridges based on bridge characteristics, pavement conditions, and level of 

services. These templates are integrated into Florida Pontis system to help better 

decision making. 

At present, the accident cost employed in Pontis BMS is simply projected as a single 

function of the roadway width. However, this is inadequate in predicting bridge accident 

rates because it is widely believed that the rate strongly depends on other 

characteristics of bridges such as bridge length, number of lanes, and roadway 

conditions (Johnston et al, 1994, and Thompson et al, 1999). This thesis formulated 

discriminant functions and established regression models based on 2003-2007 Florida 

crash data at bridge sites in an effort to take the impacts of other bridge characteristics 

on accident costs into accounts. A discriminant function using logistic regression was 

established to determine whether a bridge has safety hazards. The results showed that 
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the number of lanes, ADT, bridge length and urban arterials are key features affect the 

bridge safety.   

To model the accident rates on bridges, three models were investigated, including 

linear regression model, Poisson regression model, and negative binomial regression 

models. Compared to linear regression and Poisson regression, the negative binomial 

model appears to be better in accuracy, especially for predictions within an error of one 

count of accident, performing at above 80% accuracy for observed counts three or less. 
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1 CHAPTER 1 

1 INTRODUCTION 

 
 

1.1 Introduction 

The recent development of bridge management systems (BMS) enables 

transportation agencies to quickly and effectively analyze the costs of different options 

in maintaining, repairing, rehabilitating, or replacing bridge structures or elements. BMS 

relies on cost models to predict, track, and report the costs of policy initiatives and 

projects, and to predict the cost savings to transportation agencies and to road users of 

preventive maintenance and functional improvements. Its effectiveness, however, 

critically depends on the ability to accurately model user costs, for example, to analyze 

the key tradeoffs in bridge policy and program decision making. As transportation 

agencies continue to implement enhanced bridge inspection programs and modern 

computerized decision support software, it is widely believed that the quality of cost data 

is now the greatest determining factor in improving bridge management systems. 

The costs encompassed by bridge management fall into many categories. They not 

only result from the actions of several different functional areas within a DOT (e.g. 

design, construction, and maintenance), but they also represent economic components 

borne by others outside the road agency — in particular, by monitoring public. No 

standard, universally accepted breakdown of bridge management cost components is 

evident in the literature or in the practices of transportation agencies. The cost structure 

is developed in several ways, reflecting the different purposes to which these costs are 

applied in management systems. The overall structure of BMS cost data is illustrated in 

Figure 1.1. 
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Figure 1.1. Structure of BMS cost data 

 

 

1.2 Bridge User Costs 

The reductions in user costs achieved through a project provide a measure of 

benefits of that project. Conversely, incremental user costs caused by a project —

weather in delays due to work zones during maintenance, repair, or rehabilitation, or in 

additional user costs incurred during operation (e.g. delays due to bridge openings or to 

a narrow deck width) — must be added to the agency costs of that project in the 



3 
 

comparison of alternative actions. The role of user costs is increasingly recognized in 

the development of road management systems—for bridges, as well as for pavements 

and for road maintenance. The general categories of user costs associated with bridge 

management are described in the following subsections.  

 
 

1.2.1 Traffic Movements and Delays 

Bridge design and operation affects the quality of traffic movement across it, much 

as would the design features affecting capacity along any other length of the highway. 

These aspects can be analyzed in terms of volumes, speed, and travel times during 

different traffic demand periods --- quantities that are then compared between project 

options in comparing relative costs and benefits. Important factors include the following: 

 Geometric cross-sectional features such as lane width and side friction (e.g., 

location and height of curbs, and location of features such as luminaries, guard rail, and 

sign posts with respect to the edge of the travel way); 

 Bottlenecks due to changes in numbers or widths of lanes (either on the bridge 

itself, or at the transition between the bridge proper and its approaches); 

 Operational features such as quality of lane signals and controls; 

 Frequency and duration of bridge openings, if applicable. 

 
 
1.2.2 Work Zone Restrictions and Detours 

If all or part of a bridge is closed for maintenance or repair, traffic would either 

channel through the work zone or detoured around it. Additional travel time resulted is 

an additional cost incurred by road users that is added to the agency‘s project costs. 

These user costs can be applied, first, as part of the analysis of bridge design 

alternatives (i.e., comparing bridge designs that would require a project in mid-life — 

e.g., for scheduled maintenance or rehabilitation, or for expansion — versus a design 

option that did not entail such a project); and second, to analyze the best work zone and 

closure option itself, assuming that a project is required in any case. 
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1.2.3 Safety 

Safety-related costs are typically measured in terms of accident reduction, for which 

the social costs of accidents are tallied in three categories: Property damage only, 

injury, and fatal. Accident frequencies in each of these categories are related to bridge 

design and operational characteristics, deck condition, traffic volumes, and 

environmental factors to provide a basis to estimate accident rates.  

 
 

1.2.4 Bridge Deck Ride-ability 

When subjected to structural and corrosion-related damage, bridge decks may 

exhibit spalls, delaminations, or joint damages, all of which reduce ride-ability and 

results in speed variations. This may increase the accident risk. Incremental user costs 

can be related to deck condition, much as user costs are related to pavement surface 

riding condition.  

 

 

1.3 User Cost Components 

Narrow bridges reduce freeway capacity; therefore increasing accidents rates, fuel 

consumption, carbon dioxide emission, vehicle maintenance costs, and additional 

congestion and delay. User cost models are used in bridge management systems to 

quantify, in economic terms, the potential safety and mobility benefits of functional 

improvements to bridges 

User impacts that can be monetized include vehicle operating costs, travel time 

costs, and safety costs. There are other impacts that are not easily monetized, 

including, for example, nonuser or community costs (e.g., of air pollution, noise, water 

pollution, community disruption). Both user and community costs are often related 

directly to the physical conditions as well as the performance of a facility. For example, 

when roadways are excessively congested or in poor condition, user costs are higher 

due to safety issues and delay, and as well as high community costs due to noise.  
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1.3.1 Travel Time Costs 

Travel time due to congestion and detours is arguably the best researched 

component of user costs for application in road management systems, — at least in 

terms of the behavioral component of the model. This behavioral component, which 

yields an estimate of speed of the traffic stream for different time periods and road 

conditions, is based on research that has been carried out in many theoretical and 

empirical studies of road operating conditions and the impacts of work zones. The other 

component of this effect, the estimate of the value of time itself as perceived by different 

classes of motorists, has also been researched, but estimated are subject to a wide 

variation. Nevertheless, it is possible to arrive at relative numbers that can serve 

economic analyses of bridge project options. The cost of travel time is calculated as the 

product of the amount of travel time and value of travel time (in minutes, hours, etc.). Its 

monetary value ($ per hour, etc.) are discussed in Chapter 3. 

 
 

1.3.2 Vehicle Operating Costs 

Vehicle operating costs (VOC) include the costs of fuel, oil, and tire consumption, 

plus allowances for incremental wear and tear due to road surfaces in poor condition. 

Costs such as vehicle ownership, insurance, license and registration fees, generally are 

not quantified in road management systems (although they are considered in other 

types of transportation economic analyses), because they don‘t vary with either the 

amount of road usage or roadway condition, — two of the primary variables in road 

management systems. Vehicle operating costs have been quantified with respect to 

road geometry, particularly horizontal curvature and vertical profile (grade). They are 

also dependent on vehicle speed, a function of running conditions. Irrespective of mode, 

the costs of operating transportation vehicles can be substantial. In chapter 3 we 

provide details on VOC components and factors, unit values of VOC, and the 

methodology for evaluating the impact of transportation system improvements on the 

operating costs of transportation vehicles. 
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1.3.3 Safety Costs 

The social benefits of safety, in terms of accident risk reductions, have been 

quantified in three categories of accidents: property damage only, injury producing, and 

fatal accidents. The prediction of accidents in these categories is often based upon 

empirical data, since accidents result from a complicated set of causes involving 

vehicle, driver, road design, current road condition, and ambient conditions (time of day, 

weather, wetness of the pavement or bridge deck  surface, enforcement, distractions, 

etc). The costs of safety can be estimated as either preemptive costs or after-the-fact 

costs. Preemptive safety costs are incurred mostly by the agency in ensuring that 

crashes are minimized and may be considered as agency operating costs; after-the-fact 

safety costs are those incurred by users (through fatality, injury, or vehicle damage), the 

agency (through damaged facilities such as bridge railings or guardrails), or the 

community (through damage to abutting property, pedestrian casualties, for example). 

In chapter 3 we present unit crash costs and a methodology to estimate safety costs 

and incremental safety benefits of transportation projects.  

 
 

1.3.4 Social Impact Costs 

The environmental impact costs (Yu and Lo, 2005) are more difficult to quantify as 

they are relatively subjective losses conceived by the undertakers. People have become 

more environmentally conscious in the past decades. There have been ―the users pay‖ 

and ―the polluters pay‖ concepts accepted by law makers. Assessment of business 

impact costs can be very complicated. For example, delays of transported goods might 

result in loss of business in the future. However, research was seldom found on 

quantifying environmental impact costs and business impact costs, even though these 

costs were considered important by some researcher. Noise, air, and water pollution 

costs can be estimated in terms of preemptive costs or after-the-fact costs. In any case, 

there seems to be no universally adopted method of valuation of these effects. 

Consequently, they are typically not included in economic efficiency analysis of 

transportation projects but are instead considered in cost-effectiveness framework 

without monetization. 
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1.4 Significance of Study 

User cost models are used in bridge management systems to quantify, in economic 

terms, the potential safety and mobility benefits of functional improvements to bridges. 

In one word, the user cost is the price that travelers must pay to travel, including travel 

time costs, vehicle operating costs and accidents costs, and indirect user cost such as 

environmental impacts, effects on urban growth, economic influences. 

The focus on user cost is critical, because most of the economic benefits of Bridge 

improvement come from the reduction in user cost. Reducing user cost makes less the 

perceived cost of travel, and facilitates trip making economic activities. By balancing 

these accompanying user costs against project costs, the optimal level of net benefits 

will be determined to society. 

In previous user cost models, travel time costs and vehicle operating costs are 

greatly influenced by detour lengths, when repair or replacement exists. The thesis 

focus on examining the features would increase travel time through bridges without 

detour, including driver comfort, roadway surface condition, and level-of-service, and 

formulating the calculation of subsequently increased travel time and vehicle operating 

cost.  

Of all three factors, the accident cost accounts for nearly 50% of bridges‘ user costs. 

Researchers have been worked yearly to develop the relationship between highway 

geometrics traffic-related elements and safety issues (Forkenbrock and Foster, 1997, 

Milton and Mannering, 1998, Austin and Carson, 2002, Al-Ghamdi, 2002, Leveson, 

2004, Lord et al, 2005). However, few of them are related to bridge sites and yet found 

an efficient method to estimate highway bridge accident frequency as well as accident 

costs. Some studies were conducted by State Departments of Transportation, such as 

North Carolina, and Colorado. However, it is still important to create the connection 

between accident counts and bridge attributes based on historical records of Florida, 

since the bridge related characteristics are different from region to region. Thompson 

(1999) developed a linear regression method to predict Florida highway bridge safety. 

But this study was carried out based on single year 1996 accident records. This study 

will focus on examining the previous models and establish the method to estimate 
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accident counts on each highway bridge according to Florida annual crash reports from 

2003 to 2007, therefore, to conduct accident cost analysis for Highway bridges. 

 

 

1.5 Objective and Report Organization 

The objectives of this research study were to estimate user costs at bridge sites 

where no detour is considered. It aims to develop a model to qualify the economic 

effects on road users if mobility is restricted by bridge deficiencies, and no detour route 

exists.  

This thesis work is aiming to develop a new accident model that is accustomed to 

the Florida Bridges. Study is based on crash data on Florida bridges from traffic 

accidents data collected by FDOT from 2003 to 2007, and also mapping the crash data 

to location of Florida bridges using Geographic Information System (GIS). This will 

serve two purposes. The first is to correlate bridge characteristics in Florida Road 

Characteristics Inventory (RCI) data to test the accuracy of existing prediction model 

developed for Florida BMS in 1999 by Thompson which is based only on the crash data 

of Florida bridges in 1996.  A second purpose is to analyze the relationships between 

accidents and bridge characteristics and develop a new model that will help agencies to 

meet their objectives, such as building inventories and inspection databases, planning 

for Maintenance, Repair and Rehabilitation interventions in a systematic way, optimizing 

the allocation of financial resources, and increasing the safety of bridge users. 

For the report, an introduction, the background and objectives of this research study 

are presented in this chapter. A literature review of the research related to the study of 

is summarized in Chapter 2. Chapter 3 addresses the details of each of the components 

of user costs estimation methodology. The data preparation procedure and a 

formulation of the accident risk model, as well as the analysis and results are presented 

in Chapter 4. Chapter 5 summarized conclusions and recommendations of this research 

study. 
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2 CHAPTER 2 

2. LITERATURE REVIEW 

 

 

2.1 Overview 

User costs are applied to gauge the impacts of bridge actions on the motoring public 

(Thompson and Markow, 1996), with reductions in user costs often constituting a major 

component of the benefits of an action. Several bridge management systems and other 

cost estimation procedures have been built on the premise of total life-cycle costs, and 

therefore have user costs incorporated directly in their framework. Examples of these 

implementations follow.  

 
 

2.1.1 Pontis BMS 

The Pontis BMS was developed through a federal-state partnership to establish a 

proof-of-concept of a network-level bridge management system. Conceived as a 

response to a series of 47 workshops conducted by the U.S. Federal Highway 

Administration (FHWA) in the mid 1980s, Pontis represented an effort by the FHWA to 

act as a catalyst for a group of states to develop jointly a network-level bridge planning 

model. In its developmental phase, Pontis was overseen by a Technical Advisory 

Committee consisting of representatives of the FHWA, the TRB, and the departments of 

transportation of California (which managed the effort), Minnesota, North Carolina, 

Tennessee, Vermont, and Washington.  

Pontis generates incremental user costs mainly through level-of-service deficiencies, 

such as narrow width, low vertical clearance, poor alignment, and low load capacity 

(FHWA, 1993). User costs are computed as the sum of three components: vehicle 
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operating costs, travel time costs, and accident costs. Incremental vehicle operating 

costs are computed on the percentage of vehicles that must detour around a bridge 

because of weight or height restrictions. The model is based on the posted bridge limits, 

the volume and composition of the traffic stream, and relationships between the weight 

or height limits and the estimated percentage of trucks that will need to detour.  These 

latter relationships are developed for various types of trucks. Travel time is also tallied 

as an incremental cost related to a detour. Accident costs are estimated as function of 

traffic, accident rates for property damage, injury, and fatal accidents, and adjustments 

for bridge deck width and approach alignment. 

 
 

2.1.2 North Carolina BMS 

The North Carolina BMS considers accident costs and vehicle operating costs. 

Accident relationships are derived from experience with bridge-related accidents 

specifically, which are more severe than other accidents. The model predicts directly the 

number of accidents per year, without differentiating among types or severity of 

accident, and uses an average accident cost based on the average distribution of type 

and severity of injuries in bridge-related accidents. The model is a function of the 

average daily traffic (with a separate model to estimate traffic growth rate), the length of 

the bridge, and the difference in width between the ―goal clear deck width‖ for an 

acceptable level of service (a function of the goal number of lanes and lane width) and 

the actual clear deck width. Vehicle operating costs are scaled on a linear curve 

between two extremes: the operating costs for a vehicle weighing the maximum legal 

load; estimated operating costs (dollar per mile) are thus a function of the vehicle 

weight.  

 
 

2.1.3 Texas BMS 

The proposed Texas BMS has procedures to estimate accident costs related to deck 

width and alignment deficiencies, and accident, travel time, and vehicle operating costs 

associated with detours. Accident rates for the three categories of accident severity, 

which are associated specifically with bridge characteristics, are presented as a function 
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of bridge type, number of lanes, bridge width, and shoulder reduction. To these rates 

are applied accident unit costs, stratified by accident severity and urban versus rural 

location. Costs of travel time at detours are based on FHWA recommended values; 

vehicle operating costs are estimated using models developed by (Zaniewski, J.P., et al, 

1982). These latter models represent vehicle operating in a detailed speed profile, 

accounting for idling, speed change cycles, and uniform speed regimes. The frame work 

for accounting for accidents in detours is also presented, including accident unit costs 

by urban and rural highways and type of highway (freeway, divided, and undivided). The 

Texas approach also includes a formula, modified from the Highway Performance 

Monitoring System (HPMS), to account for adjustments in travel speed due to bridge 

deck roughness; separate corrections for operating costs due to deck roughness are 

also included, adapted from Zaniewski‘s models.  

 
 

2.1.4 Strategic Highway Research Program 

Work performed for the Strategic highway Research Program also considered the 

effects of deck condition and construction projects on user costs (Markow et al., 1993). 

Two basic situations were addressed:  

1) increases in user costs due to travel time, vehicle operation, and accident risk with 

worsening deck condition;  

2) delays during deck treatments due to workzone restricitons or detours.  

Regarding the first effect, this study noted that for typical road surface conditions in 

North America, operational characteristics of traffic volume and congestion have a much  

greater effect on user costs than do surface conditons, and that road surface condition 

does not begin to have a major effect on user costs until the condition becomes very 

bad. Thus, bridge deck condition was judged not to have a significant effect on user 

costs unless the deck is allowed to deteriorate to a high degree of spalling (the study 

addressed corrosion-related deterioration of the deck surface).  
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2.1.5 BRIDGIT 

BRIDGIT is bridge management system software that includes cost estimation 

procedures and is intended to meet the needs of state, local, and other bridge agencies 

by providing guidance on network-level management decisions and project-level 

actions. BRIDGIT was developed under the AASHTO-sponsored National Cooperative 

Highway Research Program and is a microcomputer-based system that is easy to use, 

easy to implement, and responsive to all FHWA requirements for BMS. Maine DOT 

currently uses BRIDGIT. 

 
 

2.1.6 Florida Bridge User Costs 

In Florida, a very detailed treatment of user costs in analysis of transportation 

alternative was developed by (McFarland et al., 1987). In looking at bridge widening 

versus replacement as a case study, this approach developed a set of detailed 

calculations developed from data and relationship from multiple sources. For example, 

excess operating and travel time costs are tied to speed changes, reduced speeds, and 

lateral movements that occur on an existing, narrow bridge, in dollars per 1,000 

vehicles. Accident costs were related to bridge width based on separate data from 

(Colorado, 1973) and from another study, conducted by (Roy Jorgenson and 

Associates, and Westat Research Analysts, Inc., 1977). 

Thompson et al, (1999) conducted Florida Pontis user cost study to analyze the 

applicability of the Pontis model to Florida and to customize it as needed so it would 

work effectively in support of FDOT decision-making. It was found that the user costs 

were sensitive to extremes of roadway width, yielding unrealistically high benefit 

estimates. A linear regression model was developed using Florida data on bridge 

characteristics and traffic accidents data observed in 1996. This model had superior 

behavior and statistical characteristics on a full inventory of state highway bridges. 

Since it relies solely on National Bridge Inventory (NBI) data items, the model is readily 

transferable to many different Bridge Management Systems. 
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2.2 Existing Pontis User Cost Model 

A previous pertinent study on user cost on Florida bridges (Thompson 1999) 

suggested that increasing user costs are associated with bridge functional deficiencies 

such as width, clearance, and deck surface condition. Benefits of functional 

improvements in Pontis are also assessed in terms of user cost savings (Golabi et al., 

1992) and (Blundell, 1997). When there is a deficient approach alignment or roadway 

width on a bridge, road users are theoretically subject to higher accident risk. To 

evaluate a functional improvement or replacement, which corrects the deficiency, the 

user cost model predicts a reduction in accident risk, which then is multiplied by an 

accident cost to yield user cost savings. Also, when a bridge has substandard vertical 

clearance or load capacity, certain trucks are unable to pass on or under the bridges 

and must detour, thus incurring higher labor costs and vehicle operating costs. In this 

case, the user cost is a product of the amount of time delay avoided (determined from 

volume of diverted traffic, and expected detour speed and time) and the unit user cost. 

And the user benefit of strengthing is considered only for roadways on top of a bridge 

structure. The total user benefit   , of the functional improvement in a project is 

therefore: 

                                                                  Eq.2.1 

where:         is the weight given to user cost benefits, in percent (Pontis cost matrix) 

                   is the forecast average daily traffic volume for the program year being analyzed 

                 is the annual benefit of widening per unit average daily traffic  

                 is the annual benefit of raising per unit average daily traffic 

                  is the annual benefit of strengthening per unit average daily traffic 

 

The Pontis BMS user cost model estimates the user benefits of bridge replacement 

as the sum of the benefits from three types of functional improvements; bridge raising, 

bridge strengthening and bridge widening, which may be considered in the design of the 

replacement bridge. When a bridge has insufficient load capacity or under clearance 

certain trucks traveling on or under the bridge are forced to detour and thus incurring 

additional operating and travel time costs. For the benefit of strengthening Pontis 
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calculates the savings in terms of vehicle operating and travel time costs resulting from 

a functional improvement action taken to rectify the deficiency of insufficient bridge load 

capacity. For the benefit of raising Pontis calculates the savings in terms of vehicle 

operating and travel time costs resulting from a functional improvement action taken to 

rectify the deficiency of inadequate or low vertical bridge underclearance. To evaluate a 

functional improvement of roadway widening in a bridge replacement project, the user 

cost model estimates the savings in accidents or accident risks that may result from 

wider travel lanes on the replacement bridge. 

Estimate of the user benefits associated with raising and strengthening, and to some 

extent, widening, are primarily based on detour length due to of the bridges‘ functional 

deficiencies. However, in this study, the emphasis is on estimating the aspects of user 

costs or benefits when detour is either not available or not being considered.  
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A. CHAPTER 3 

3. FLORIDA USER COST MODEL 

 

 

User costs in bridge management systems are most often used as a means of 

prioritizing functional improvement actions, but in some cases are also used in choosing 

among project alternatives or implementation strategies. They provide a systematic way 

of weighing the various user benefits — and sometimes non-user social benefits — of a 

project (such as accident reduction, avoidance of the extra travel time and expense of 

detours, risk factors, pollution costs), and of incorporating the severity of functional 

deficiencies and the number of people affected. In practical applications, user costs 

saved by a functional improvement far often much larger than the agency cost of the 

improvement.  

 

 

3.1 Travel Time Costs 

Considering that users on the roadway or bridges need to optimize their valuable 

time, it is important to be able to estimate such travel times on the bridge, especially, in 

evaluating the effects of the bridge and its related attributes. Travel time is one of the 

major issues considered in the evaluation of alternative transportation systems, with the 

cost of travel time calculated as the product of the amount of travel time and the value 

of travel time. But first it is important to find out which factors affect travel time costs, as 

shown in Table 3.1. 
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3.1.1 The amount of travel time  

In certain cases, the approach roadway speed will be reduced to a lower speed on 

the bridge due to the deficiencies of a narrow bridge, including narrowed lane width, 

reduced number of lanes, and narrowed shoulder clearance. The data for approach 

roadway speed is available in the Pontis bridge inventory database. According to 

(Sinha, K.C. and Labi, S., 2007), to estimate the approach roadway to bridge speed 

changes, an equation based on the bridge narrowness is shown as follows, with the 

adjustment factors shown in Tables 3.2 to 3.4. 

                                                               Eq.3.1 

Where:          is estimated bridge speed, in mph         is based free flow speed on the approach roadway 

           is adjustment factor for lane width 

            is adjustment factor for lateral clearance 

            is adjustment factor for number of lanes 

 
 

Table 3.1. Factors affecting value and amount of travel time 

Factors affecting amount of travel time Factors affecting value of travel time 

How long does it take to travel? 
Trip length 
Vehicle speed 
Vehicle occupancy 

Other factors 
Weather 
Security concerns 

What is the dollar value of 1hour of travel? 
Mode and vehicle of travel 
Trip purpose and urgency 
Time of day, day of week, season of year 
Trip location 
Traveler‘s socioeconomic background 
Relationship between amount of time used for trip and 
time  used for waiting 

   Source: Sinha and Labi, 2007 

 
 

Table 3.2. Adjustment for lane width                                     

lane width (ft)  (mph) 

12 0 

11 1.9 

10 6.6 

Source: Sinha and Labi, 2007 
 
 
 

Table 3.3. Adjustment for number of lanes 

Number of lanes   (mph) 

5 0 

4 1.5 

3 3 

2 4.5 

Source: Sinha and Labi, 2007 
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Table 3.4. Adjustment for shoulder lateral clearance 

shoulder lateral clearance (ft) 
  (mph) based on number of lanes 

2 3 4 

≥6 0.0 0.0 0.0 

5 0.6 0.4 0.2 

4 1.2 0.8 0.4 

3 1.8 1.2 0.6 

2 2.4 1.6 0.8 

1 3.0 2.0 1.0 

0 3.6 2.4 1.2 

Source: Sinha and Labi, 2007 

 
 

If the bridge deck surface is rough, a speed reduction may also occur, due to the 

driver‘s discomfort and vehicle maintenance requirements, resulting in travel time delay 

and costs. Paterson and Watanatada, (1985) are known for the initial work on models 

for estimating vehicle speeds based on roadway surface roughness. Archondo-Callao, 

(1999) also reported the variation between maximum speeds and roadway roughness, 

from a HDM-III model based on the Brazil-UNDP Study. Both studies were World Bank-

sponsored research on unpaved roadways related to the on. Table 3.5 shows a 

relationship between a measure of roadway surface roughness (the International 

Roughness Index (IRI)) and the roadway speed, while the trend is shown in Figure 3.1. 

There should be some caution in the direct application of these models to modern 

paved roadways but they are applied here for illustration purposes only, pending the 

availability of the appropriate model. 

 

Table 3.5. Variation in Roadway Speeds Relative to Surface Roughness 

Maximum Speeds (km/h) for Vehicle Types 

Cars Utilities Buses 
Light 

Trucks 
Medium/Heavy 

Trucks 
Articulated 

Trucks 
Roughness (IRI) 

(m/km) 
136 125 111 102 93 68 6 
102 94 84 76 70 51 8 
82 75 67 61 56 41 10 
68 63 56 51 46 34 12 
58 54 48 44 40 29 14 
51 47 42 38 35 26 16 
45 42 37 34 31 23 18 
41 38 33 30 28 21 20 

Source: Archondo-Callao, 1999 
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The fitted equation relating the speed to roughness shown below, is also indicated in 

Figure 3.1 for Medium/Heavy trucks; the applicable unit conversion rates are 1 mph = 

0.621 km/h, for the speed and 1 in/mi = 0.015783 m/km for the IRI. 

                                                            Eq.3.2 

   Where:          is predicted vehicle speed (km/h), assumed as the speed on the bridge 
          is International Roughness Index for the roadway surface (m/km) 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Figure 3.1. Variation in roadway speeds relative to surface  
(Archondo-Callao,1999) 

 
 

Level of service is also an important factor that influences the travel speed. Daniels 

et al. (2000) devised a new speed-volume relationship for urban arterials on the basis of 

the Bureau of Public Roads for speed, flow, and level of service relationship, as seen in 

Table 3.6. 

                                                            Eq.3.3 

Where:  

             is average running speed            is free flow speed          is hourly demand-to-capacity ratio 
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Table 3.6. Speed-Volume relationship for principal arterial in suburban areas 
Hourly Demand-to-Capacity Ratio Free-Flow Speed (mph) Average Running Speed (mph) 

0.0 50 50 
0.2 50 50 
0.4 50 50 
0.6 50 49 
0.8 50 47 
1.0 50 43 
1.2 50 37 
1.6 50 25 
2.0 50 15 

Source: Daniels et al. (2000) 

 
 

Based on these three methods of estimating the speeds on the bridge as shown in 

equations 3.1, 3.2, and 3.3 above, an appropriate bridge speed could be conservatively 

determined as the minimum of the two, i.e., 

        (          )                                                      Eq.3.4 

 

A Microsoft Excel spreadsheet template was developed to compute travel time costs 

based on the three types of bridge speed limits, i.e.      ,     , and   . But since both 

of information on the bridge surface roughness (IRI) and traffic volume capacity ratio is 

not available for Florida bridges at the current time, only       was really considered. 

Based on the results calculated for the bridges from the Florida inventory, the 

distribution is shown as a histogram in Figure 3.2 for the approach roadway speed and 

speed on the bridges. It can be seen that generally, travel through speed on the bridges 

are lower than that of the approach roadways, which introduces extra travel time on 

bridges. 

 
 

3.1.2 The Value of Travel Time (VTT) 

The next important variable in estimating user costs is the value of the user‘s time. 

The value of travel time refers to the cost of time spent on transport, including waiting as 

well as actual travel. It includes costs to consumers of personal (unpaid) time spent on 

travel, and costs to businesses of paid employee time spent in travel.  The value of 
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travel time saving refers to the benefits from reduced travel time.  

 

 

Figure 3.2. Histogram of bridge speeds 

 
 

Travel time costs are highly variable: a small portion of trips have high time values, a 

large number of trips have moderate to low time values, and some travel has zero time 

cost (the travel is enjoyable) (Litman, 2004). 

It is assumed that the value of time is directly proportional to income of road users, 

and hence the attributed values of time change over time are in direct proportion to the 

changes in income (GDP). Also, to account for inflation, using a base-year Consumer 

Price Index (CPI) model, the program year could be simulated as shown in Equation 

3.4. 

                                                                      Eq.3.4 

 

Based on the sources indicated in the Table 3.7,   Table 3.8, and Table 3.9 below, 

information is provided on the distribution of hourly travel time values in 2009 dollars by 

vehicle class, the recommended travel time value based on the percentage of wages, 

and the average vehicle occupancy by vehicle classes. According to the Florida 

Standard Urban Transportation Modeling Structure (FSUTMS), in Florida, over 90% of 

trips are made by drivers alone, thus, 50% of wages is used from  Table 3.8 as the value 

of time. 
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Table 3.7.  Vehicle occupancy by classes 

 Autos Light Truck Heavy Truck 

Average vehicle occupancy 1.22 1.03 1.04 

Source: (AASHTO, 2003) 
 

 

 Table 3.8. Distribution of hourly travel-time values in 2009 dollars by vehicle class  

 Vehicle class 

Category 
Small 
Auto 

Med-
sized 
Auto 

4-Tire 
Truck 

6-Tire 
Truck 

3- or 4- 
Axle 

Truck 

4-Axle 
combination 

Truck 

5-Axle 
combination 

Truck 
Labor/fringe $44.46 $44.46 $30.50 $37.04 $30.84 $37.15 $37.15 

Vehicle 
productivity 

$2.91 $3.42 $3.68 $5.20 $14.88 $12.56 $13.50 

Inventory $0.00 $0.00 $0.00 $0.00 $0.00 $2.79 $2.79 
On-the-
clock 

$47.39 $47.89 $34.18 $42.24 $45.72 $52.50 $53.43 

Off-the-
clock 

$24.21 $24.26 $25.53 $42.24 $45.73 $52.50 $53.45 

Source: Updated from (Forkenbrock and Wisbrod (2001) 

 

 

Table 3.9. Values of travel time for personal and business travel  

Transportation mode and trip purpose   value of time 

AUTO   

Drive alone commute 50% of wages 

Carpool drive commute 60% of wages 

Carpool passenger commute 40% of wages 

Personal (local) 50% of wages 

Personal (intercity) 70% of wages 

Business 100% of total compensation 

TRANSIT BUS   

In vehicle commute 50% of wages 

In vehicle personal 50% of wages 

Excess (waiting) 100% of total compensation 

Business 100% of total compensation 

TRUCK 100% of total compensation 

 Source: ECONorthwest and Parsons (2002) 
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The estimated value of travel time (VTT) can be calculated by vehicle classes (cars, 

trucks), i.e.  

                                                               Eq.3.5 

 
 
3.1.3 Estimate of Current Traffic Volume 

In a multi-year simulation of user cost estimates, the traffic volume variable     is 

forecast by interpolation for the year of the project from Pontis roadway data items as 

follows: 

                                                                                                                                                       Eq.3.6                                                       

Where:        is the most recent actual traffic volume estimate (adttotal in the roadway table)       is the year of most recent traffic volume estimate (adtyear in the roadway table)       is the forecast future traffic volume (adtfuture in the roadway table)      is the year of forecast traffic volume (adtfutyear in the roadway table)        is the current year of the program simulation 

 
 

Equation 3.6 from Thompson (1999) shows that, in most cases, Pontis interpolates 

the traffic volume for the current program simulation year based on a constant growth 

rate between the most recent ADT and the future ADT provided in the roadway table. If 

the most recent ADT is missing or zero, the effect is to turn off the entire user cost 

model. If any other variables needed for the traffic growth calculation are missing, the 

model uses the most recent ADT, adttotal, directly. However, if all variables except 

adtfutyear are present, Pontis estimates adtfutyear as adtyear plus the improvement 

model parameter Default ADT change. However, there were no cases in the Florida 

database where this latter refinement was applicable. 
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3.1.4 Total Travel Time Cost 

Total travel time (delay) cost can be estimated as follows: 

                                                                      Eq.3.7 

 

Based on the 5,219 bridges in the Florida bridge inventory, Figure 3.3 shows the total 

travel time (delay) costs histogram.  

 

 

Figure 3.3. Histogram of estimated travel time cost 
 

 

3.2 Vehicle Operating Costs 

The components of a vehicle operating cost (VOC) are the individual items 

associated with vehicle operation on which expenses are directly incurred. These 

include the costs of energy needed to propel the vehicle, fluids, and other light 

consumables associated with mechanical working of the drive train, occasional 
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replacement of the vehicle‘s contact surfaces with the guide-way, vehicle repair and 

maintenance, and vehicle depreciation. Operating costs for personal vehicles (autos, 

pickups, SUVs, vans) are developed primarily from consumer guides, with an overall 

fleet average cost based on vehicle sales. Operating costs for large commercial trucks 

are based on review of a number of sources of trucking costs. Table 3.10 shows the 

average vehicle operating cost by vehicle classes. 

 

Table 3.10. Average vehicle operating costs (cents/vehicle mile) 

 Fuel and oil Maintenance and repair Tires Mileage-dependent Depreciation Total 

Small autos 7.45 4.83 0.69 19.18 32.15 

Mid-size autos 8.89 5.69 2.18 17.25 34.00 

Large autos 10.35 5.98 2.62 17.25 36.20 

SUVs 11.51 5.98 2.18 16.56 36.23 

Vans 10.35 5.69 2.33 16.56 34.93 

Trucks 29.55 15.30 5.11 14.63 64.58 

Source: costs are updated to 2009 from the following: nontruck fuel, maintenance and repair, and tires, 
AAA (2005); truck fuel, maintenance and repair, and tires, Barnes and Langworthy (2003); and 
depreciation estimations and projections are on the basis of data from FHWA (2002). 

 
 
3.2.1 Fuel Costs 

Fuel is a key component of vehicle operating costs. For highway vehicles, fuel costs 

can account for 50-75% of usage-related costs, and they can be estimated on the basis 

of fuel efficiency and unit fuel price. Generally, very low speeds, steep uphill grades, 

and curves lead to higher fuel consumption rates and hence higher overall fuel costs. In 

Table 3.11, the relationship between speed and fuel consumption is shown for both 

autos and trucks. 

Typically when used for project evaluations, i.e., existing versus alternative 

improvement or replacement project, due to a change in speed resulting from an 

improvement, changes in fuel costs can be calculated with Equation 3.8. In estimating 

such costs for existing bridges, the approach roadway speed will be compared to the 

speed of travel on the bridge.  

           (                   )                                   Eq.3.8 
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Where:                  is change in fuel costs as a function of speed (cents)               is gallons per mile for pre-improvement speed               is gallons per mile for post-improvement speed                    is fuel price per gallon (cents) 

 

Fuel costs can also be expressed as a function of travel time, which could estimate 

operating costs for improvements. Table 3.12 shows the cost of fuel consumption per 

minute as a result of delays. Although these factors are a function of delay, the fuel 

consumption is due primarily to acceleration of vehicles after being delayed, rather than 

fuel consumed idling during delay periods. 

Table 3.11. Fuel consumption for cars and trucks (gallons per mile)  
Speed (mph) Autos Trucks 

5 0.117 0.503 
10 0.075 0.316 
15 0.061 0.254 
20 0.054 0.222 
25 0.050 0.204 
30 0.047 0.191 
35 0.045 0.182 
40 0.044 0.176 
45 0.042 0.170 
50 0.041 0.166 
55 0.041 0.163 
60 0.040 0.160 
65 0.039 0.158 

Source: AASHTO (2003) 

 

 

Table 3.12. Fuel consumption per min of delay (gallon/min)  

Speed (mph) Autos Trucks 

20 0.011 0.102 
25 0.013 0.133 
30 0.015 0.167 
35 0.018 0.203 
40 0.021 0.241 
45 0.025 0.28 
50 0.028 0.321 
55 0.032 0.362 
60 0.037 0.404 
65 0.042 0.447 
70 0.047 0.49 
75 0.053 0.534 

Source: AASHTO (2003) 
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Changes in fuel costs due to delay can be calculated by equation 3.9: 

                                                             Eq.3.9 

 

Where:              is change in fuel costs as a function of delay (cents);                is gallons consumption per minute;                  is average delay before improvement (minute);                  is average delay after improvement (minute); 
                   is fuel price per gallon (cents) 

 
 
3.2.2 Inventory Costs of Cargo 

Inventory costs of cargo are parts of user costs because the shipper is a user of a 

truck shipping service. To calculate inventory costs on a per vehicle-mile basis, an 

hourly interest rate must be computed along with the amount of time it takes for the 

vehicle to travel a mile, using equation 3.10: 

                                                          Eq.3.10 

 

Where:           is inventory costs (cents per vehicle-mile) as a function of speed;            is interest rate, per annum;          is value of the cargo (in dollars);            is speed of the vehicle (mph).  

 

To estimate the change in inventory costs due to travel speed change, equation 3.11 

shows inventory costs per vehicle mile as a function of vehicle speed and cargo value; 

Change in speeds, therefore, will result in a change in operating costs per vehicle mile: 

                                                                  Eq.3.11 

 
Where:          is change in inventory costs (cents per vehicle-mile);           is speed before the improvement (mph);           is speed after the improvement (mph); 
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The estimation of inventory cost associated with a change in delay is relatively 

straightforward. An improvement project that results in delay (rather than a change in 

speed) would have the following effect on inventory costs, as shown in Equation 3.12. 

However, the inventory cargo costs will be ignored in this study because the data is not 

available. 

                                                              Eq.3.12 

 
Where:          is change in inventory costs (cents per minute);           is change in delay (minute) 

 
 
 

3.2.3 Speed-based Changes in Vehicle Operating Costs 

Inventory costs and fuel costs are the two operating cost components that will vary 

with speed and can be used to calculate the change in operating costs. (Cents per 

vehicle-mile) as shown in equation 3.13: 

                                                                Eq.3.13 

 
 
 
3.2.4 Delay-based Changes in Vehicle Operating Costs 

Each of the user cost components that are estimated as a function of time are 

converted to a unit measure of cents per vehicle mile delay, as shown in Equation 3.14. 

                                                               Eq.3.14 

 

 
 
3.2.5 Vehicle’s Other Operating Costs 

Vehicle operating costs mainly include costs for the following: fuel, tire, repair and 

maintenance, and depreciation. The fuel costs are dependent on speed, while other 
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three are not. The value of these other VOCs components can be derived from Table 

3.10. 

 
 
3.2.6 Road Surface Condition 

As mentioned earlier, roadway surface condition can influence the time of travel. To 

some extent, pavement surface roughness, often measured in terms of the present 

serviceability index (PSI) or international roughness index (IRI), can also affect the 

maintenance, tire, repair, and depreciation cost components of VOC.  Error! Reference 

source not found. shows the relation curve between the IRI and VOCs. 

As also reported in Sinha and Labi (2007), Barnes and Langworthy (2004) 

developed adjustment factors for all VOC components combined, as a function of 

pavement surface roughness (Figure 3.5), assuming that: 

 PSI 3.5 or better (IRI of about 80 in./mile) will have no impact on operating costs 

 PSI of 2.0 or worse (IRI of about 170 in./mile) will add an extra cost of 1¢ per mile 

in maintenance and repair costs, or 2.5 ¢ cost per mile if we consider depreciation costs 

as well.    

 

 

 

Figure 3.4. Relationship between IRI and VOC (Labi and Sinha, 2007) 
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3.2.7 Total Vehicle Operating Costs 

The VOCs components have been presented above in various sections and the total 

VOCs can be estimated using equation 16. The road surface roughness can be 

expressed as an adjustment factor, which can be applied to the total Vehicle operating 

costs. 

                                                                  Eq.3.15 

Where:                   is adjustments for pavement roughness levels;              is change in operating costs due to speed change (cents per vehicle mile);              is change in operating costs due to delay (cents);                is total costs of tires, repair and maintenance, and depreciation (cents per vehicle 
mile);                   is length of bridge (mile). 
 

 
 
 

 

Figure 3.5. VOC adjustment with IRI (Sinha and Labi, 2007) 
 

 
 

The result of vehicle operating costs estimated for the Florida bridges data is shown 

in Figure 3.6. 
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Figure 3.6. Histogram of vehicle operating costs on Florida bridges 

 

 

3.3 Accident Costs 

The occurrence of accidents on the transportation network may be characterized by 

operational and safety deficiencies arising from inadequate bridge geometry, the poor 

condition of bridge pavement surfaces. By improvement of bridge of which the safety-

related engineering features, a crash reduction could be achieved and highly reduce the 

accidents user costs. 

 
 
3.3.1 Accident Rates Estimation Methods 

Accident rates are sensitive to the number of lanes, direction of traffic, functional 

classification, speed, approach roadway width, and traffic volume. The accident rate can 

be estimated from actual accident studies when they exist. The following sections 

describe some previous studies related to accident rates on highways in general.  
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 Urban area (AASHTO, 2003) 

Accident frequency is a function of a variety of factors, including highway design 

features, traffic volumes, and congestion levels. In absence of more detailed 

information, accident frequency could be modeled as a function of the volume-capacity 

ratio, as shown in Equation 3.16 for application to urban freeways; this provides an 

approximation of the safety benefits of capacity improvements. 

 

                          
                                                                Eq.3.16 

 
Where:         is proportional change in accident rate;           is flow/capacity ratio for urban freeway segment without improvement;           is flow/capacity ratio for urban freeway segment with improvement. 

 

 

Using Equation 3.16 to estimate accident frequency change has a prerequisite which 

is the historical accident frequency, before the improvement and after the improvement, 

is known. 

 
 

  Rural area (AASHTO, 2003) 

The Interactive Highway Safety Design Model (IHSDM) base model for rural road 

segments predicts the number of accidents based on traffic volumes and roadway 

features. The base model assumes the following features: 

 12 feet lane width; 

 6 feet shoulder width; 

 Roadside hazard rating of three; 

 Driveway density of five driveways per mile; 

 No horizontal and vertical curvature; 

 Level grade. 
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A series of accident reduction factors (Table 3.13) are also been incorporated into 

the model to account for road features that are different from the base model. 

For rural area, the base model is: 

                                                                           Eq.3.17 

 
Where:                  is predicted number of accidents on the bridge;           is annual average daily traffic volume on the bridge;                 is the length of bridge. 

 

 

Table 3.13. Accident reduction factors for bridge improvement (Sinha and Labi, 2007) 
Bridge improvement Accident reduction factors (%) 
Replacement 46 
Widening 48 
Deck repair 14 
Rail upgrade 20 

 
 

  Highway segment based on alignment (Forkenbrock and Foster, 1997) 

Using the Urban and Rural model both has limitations, such as if accident frequency 

is unknown for urban area or if it has curvature for rural road. Third model, highway 

segment could be alternate method (equation 3.18) to estimate the accident rate based 

on the bridge alignment. 

                                                                                              
                      

Eq.3.18 

Where:                    is Accident rate in millions of VMT;                 is present serviceability rating of the pavement surface ranging from 0 (failed) to 
5 (excellent);             is the severity of the worst horizontal curve ranging from 0 (no curve) to 12 
(sharpest curve);             is dummy variable representing the presence/absence of passing restrictions 
(1/0, respectively);           is hourly traffic volume in thousands per lane;            is right shoulder width (ft);               is dummy variable representing the number of lanes (1 for 4 lanes, 0 for 2 lanes); 
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          is measure of the average vertical grade ranging from 0 (no grade) to 12 (severe 
grade).  

 

 Existing Florida Accident (Linear regression) Model (Thompson et al., 1999) 

The most common performance measures for traffic safety at bridges are inventory 

rating and capacity rating, geometric sub-index, deck geometric rating, and geometric 

rating or functional obsolescence (Patidar et al., 2007). 

Bridge geometrics are key determinants of traffic safety and serviceability. National 

Bridge Inventory (NBI) database items that document these parameters are termed 

geometric inventory data or appraisal ratings. An accident risk model was developed by 

Thompson (1999) using statistical data and NBI items, in which crashes at bridge sites 

are mentioned to be strongly affected by narrowness of the bridge (defined as the ratio 

of the number of lanes to the roadway width on the bridge), approach alignment, deck 

condition, functional classification, bridge length, traffic volume and speed. Defining the 

interaction of variables and using the statistics coefficient, the Florida Accident Model 

could be described as a function of bridge length, number of lanes, roadway width, ADT 

and functional classification, which include most of the significant factors with statistics 

results. 

Tables 3.14 to 3.16 describe the data used in Thompson (1999)‘s model and the 

sources of the data, including the relationship between data, and the statistical 

coefficients. The model can be used to estimate the number of accidents per year for a 

particular bridge. 

 

Table 3.14. Data used in the Existing Florida model  

Name Description Pontis Table 
NBI 

Items 
Range in data 

funcclass Functional class of roadway on bridge roadway 26 1 to 19 
lanes Number of lanes on bridge roadway 28A 1 to 12 
length Length of the bridge bridge 49 1.8 to 10887.5 m. 
appralign Approach alignment rating inspevnt 72 2-9 (missing=10) 
roadwidth Width of roadway on the bridge roadway 51 3-58 meters 
adttotal Most recent average daily traffic count roadway 29 1-295,000 
adtyear Year of most recent traffic count roadway 30 1988-1998 
adtfuture Future traffic forecast roadway 114 0-538,375 
adtfutyear Year of forecast roadway 115 2015-2020 
dkrating Condition rating of deck inspevnt 58 1-9 (missing=10) 
Sources: (Thompson 1999) 
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Table 3.15. Intermediate variables 

Name  Formula Range in data set 
UrbanArterial funcclass=14 or 16 true or false 
AlignLE6 appralign<=6 true or false 
Narrowness lanes/roadwidth 0.06-0.36 
ADT See section 2.3 1 to 324,806 
BadDeck dkrating<=6 true or false 
Sources: (Thompson 1999) 

 

Table 3.16. Model statistics 

For bridge where Variable Coefficient Std.Error t value 

UrbanArterial=false Constant -377.3701 66.0689 -5.7118 

UrbanArterial=true Constant 886.0098 109.9613 8.2835 

All bridges lanes*length 0.7323 0.0455 16.1039 

AlignLE6=false and BadDeck=false Narrowness*ADT 0.3904 0.0087 44.9273 

AlignLE6=true and BadDeck=false Narrowness*ADT 0.5031 0.0194 25.8690 

AlignLE6=false and BadDeck=true Narrowness*ADT 0.4531 0.0257 17.6592 

AlignLE6=true and BadDeck=true Narrowness*ADT 0.7899 0.0556 14.2052 

Sources: (Thompson 1999) 

 
If we apply this accident risk model to Florida highway bridges, we could predict the 

accident counts from 2003 t0 2007, that we could access the actual accident counts 

from FDOT Crash Analysis Report (CAR‘s). Figure 3.7 indicates that an average 

30.86% of the bridges had accurate prediction of accident risk, which means the 

difference between actual and predicted is 0; and about 27.82% bridges had prediction 

error in 1 accident. Table 3.17 implies that this linear model is a good model if the actual 

accident counts are less than 2.  If the bridge had observed more than 2 accidents, the 

model will have bigger prediction errors in terms of accident risk, as seen in Figure 3.8.  

 

Table 3.17. Accident prediction accuracy of Thompson‘s linear regression model 

 % of total at observed 2003-2006 count 
Prediction Error 0 1 2 3 4 5 

0 77.27 9.48 9.51 7.46 6.97 5.29 
1 9.53 78.89 15.28 14.63 14.54 11.56 
2 7.59 5.48 69.66 8.05 8.96 7.52 
3 3.15 2.91 2.31 65.91 4.98 6.55 
4 1.14 1.33 0.71 1.32 62.65 3.62 
5 0.65 0.68 0.71 0.73 1.00 64.21 

More 0.67 1.23 1.82 1.90 0.90 1.25 
Total at observed count 13022 4292 2251 1367 1004 718 

Error <= 1 86.8 88.4 24.8 22.1 21.5 16.9 
Error >1 13.2 11.6 75.2 77.9 78.5 83.1 
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Figure 3.7. Thompson linear model accuracy 

 
 

 

Figure 3.8. Accident prediction accuracy of Thompson‘s linear regression models 
 
 

 
3.3.2 Accident Unit Costs and Statistics 

Based on Florida crash data for roadways (including bridges) from 1994 to 2006, 

fatal injuries were approximately 1.12% of all accidents, injuries were 58.93%, and 

‗property damage only‘ or PDO was 39.95% of all accidents (Florida Department of 
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Highway Safety and Motor Vehicles, 1994-2006), as shown in Table 3.18. A more 

detailed data for each year is shown in Table 3.19. 

 

Table 3.18. Accident proportion for Florida crash data  
Accident type   Proportion (%) 
Fatal 1.12 
Injuries 58.93 
Property damage only 39.95 
Source: (Florida Department of Highway Safety and Motor Vehicles, 1994-2006) 
 
 

The unit costs of each crash severity type are available for injury scales such as 

indicated in Table 3.19, showing the KABCO rating scale, an acronym based on the 

code for each severity class of the injury (NSC, 2001). 

 

Table 3.19. Florida accidents statistics  
 Total 

Accidents 
Severity    Proportion 

 Fatal Injury PDO  Fatal Injury PDO 
2006 256,200 3,084 137,282 115,834  1.20% 53.58% 45.21% 
2005 268,605 3,185 147,879 117,541  1.19% 55.05% 43.76% 
2004 252,902 2,936 142,388 107,578  1.16% 56.30% 42.54% 
2003 243,294 2,880 138,891 101,523  1.18% 57.09% 41.73% 
2002 250,470 2,816 142,992 104,662  1.12% 57.09% 41.79% 
2001 256,169 2,717 145,208 108,244  1.06% 56.68% 42.25% 
2000 246,541 2,733 144,096 99,712  1.11% 58.45% 40.44% 
1999 243,409 2,625 143,172 97,612  1.08% 58.82% 40.10% 
1998 245,440 2,605 149,315 93,520  1.06% 60.84% 38.10% 
1997 240,639 2,542 148,305 89,792  1.06% 61.63% 37.31% 
1996 241,377 2,550 149,565 89,262  1.06% 61.96% 36.98% 
1995 228,589 2,586 143,839 82,164  1.13% 62.92% 35.94% 
1994 206,183 2,450 135,187 68,546  1.19% 65.57% 33.25% 
Source: (Florida Department of Highway Safety and Motor Vehicles, 1994-2006) 
 

Table 3.20. Unit crash costs in 2009 dollars on the basis of the KABCO Injury Scale 

Code Severity   Unit Cost  
K Fatal 5,042,933 
A Incapacitating 250,161 
B Injury Evident 64,367 
C Injury Possible 30,637 
O Property Damage Only 2,920 

Source: Updated from NSC (2001) 

 
The unit monetary cost of the risk of death, injury, or property damage resulting from 

accidents, is a function of market or economic costs, which include property damage, 
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insurance and legal costs, medical costs, and lost productivity, and nonmarket costs, 

the emotional and social costs of casualties resulting from road crashes (Lindberg and 

Borlange, 1999; Miller et al., 2000). 

The literature on traffic safety provides two different perspectives on the economic 

consequences of accident: 

 
 The Human Capital method measures only market costs (property damage, 

medical treatment, and lost productivity). This typically places the value of 

saving a human life at $0.5-1 million, with lesser values for injuries. 

 The Comprehensive approach adds non-market costs, including pain, grief, 

suffering, and reduced quality of life, as reflected by people‘s willingness-to-

pay (WTP) for increased safety (i.e., reduced risk of crashes and reduced 

crash damages), or willingness-to-accept increased crash risk and damages.  

 
The WTP approach is a more appropriate measure of the true cost to society of 

crashes, and the appropriate value to use when assessing crash prevention. Using the 

WTP approach, Lindberg and Borlange (1999) concluded that the nonmarket cost 

component was the dominant component and overshadows all other cost components 

of highway crashes: the nonmarket costs account for 90% for fatal, 80% for severe 

injury, and 60% for light injury crash costs.  

The two commonly used sources for the dollar value estimates are the annual 

publication of the National Safety Council Estimates and the 1988 FHWA memorandum. 

Also, the cost of road crashes can be based on a weighted injury scale by using indices 

to the level of severity of the road crash. The unit costs of each crash severity type are 

available for injury scales such as the KABCO rating scale (NSC, 2001). Table 3.21 

shows the unit crash cost values for KABCO crash coding scheme, updated using 

Inflation Factors from FDOT transportation costs reports (FDOT, 2009). Injury costs for 

Florida are based on the work of (Blincoe, 1994), converted to the KABCO injury system 

based on medical descriptions of injuries in Blincoe‘s original data set, and updated to 

2009 dollars using the Consumer Price Index, except property damage only cost, all unit 

costs are listed as Willingness-to-Pay.  Human Capital Costs are calculated based on 

the crash reports from CAR‘s, as shown below.  
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Table 3.21. Unit crash 2009 $costs on the basis of the KABCO Injury Scale 

Code Severity Unit Cost 
(Nationwide)# 

 Unit 
Cost (FL)* 

Human Capital Cost 
(FL)## 

K Fatal 5,042,933 5,215,128 14,268 
A Incapacitating 250,161 365,921 10,825 
B Injury Evident 64,367 79,454 8,430 
C Injury Possible 30,637 51,630 6,006 
O Property Damage Only 2,920 N/A 3,425 

Source: Updated from #NSC (2001), *Thompson (1999), 
##

CAR database (bridge site crashes) 

 

According to CAR ‗s database, there are total 13,422 accidents occurred on Florida 

Highway Bridges in 2003, 14,571 accidents in 2004, 15,600 accidents in 2005, 14,838 

accidents in 2006, and 14,324 accidents in 2007. From these records, human capital 

costs can be estimated for each severity level of roadway accident. 

Table 3.22 shows Property Damage Only accidents‘ statistical data, with high 

skewness and kurtosis, mean value is inappropriate to represent these data but median 

value. Figure 3.9 shows histogram of Florida statistical data comparing to nationwide 

value. 

 

Table 3.22. Injury level 1-None injury, property damage only (in 2009 dollars) 

 2003 2004 2005 2006 2007 Nationwide 

Mean 5544.331 5426.639 5311.438 4978.333 4690.42  

Standard Error 95.96309 84.69335 97.56696 88.36006 90.38822  

Median 3519 3750 3450 3075 3330 2920 

Mode 3060 3000 2760 2460 2220  

Standard Deviation 7506.007 7209.39 8641.151 7767.649 7822.107  

Sample Variance 36823619 34650199 54108321 49053954 55121939  

Kurtosis 181.4941 200.2758 655.9078 780.3871 971.3745  

Skewness 8.966907 9.610414 18.00521 19.60361 23.09288  

Range 229347 227100 398682 371952 396159  

Minimum 153 150 138 123 111  

Maximum 229500 227250 398820 372075 396270  

Sum 33920219 39321425 41662922 38472561 35126553  

Count 6118 7246 7844 7728 7489  

 
 

Table 3.22 shows possible injury accidents‘ statistical data, which is called ―Human 

Capital‖, comparing with ―Willingness to Pay‖ from nationwide and FL. The median 
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value of human capital approach is about $6,000. However, people in FL are willing to 

pay $51,630 to prevent roadway accident, much higher than nationwide. 

 

 
 

Figure 3.9. Histogram of 2003-2007 property damage only Costs (in 2009 dollars) 
 

 

Table 3.23. Injury level 2-possible injury (in 2009 dollars) 

 2003 2004 2005 2006 2007 Nation FL 

Mean 8665.828 8702.918 8185.803 8145.47 7642.176   

Standard 
Error 

161.7992 175.7557 152.8437 147.4194 133.1424   

Median 6120 6000 6210 6150 5550 30,637 51,630 

Mode 7650 7500 6900 6150 5550   

Standard 
Deviation 

9884.326 10732.61 9683.589 8974.438 7923.932   

Sample 
Variance 

63856149 76792662 67950655 65480115 56566401   

Kurtosis 69.03407 146.8504 325.6074 51.3534 50.39268   

Skewness 5.917068 8.755881 11.78779 5.35174 4.941755   

Range 183447 239850 331062 124107 138639   

Minimum 153 150 138 123 111   

Maximum 183600 240000 331200 124230 138750   

Sum 32340871 32453183 32857812 30187111 27068589   

Count 3732 3729 4014 3706 3542   
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Figure 3.10. Histogram of 2003-2007 possible injury costs (in 2009 dollars) 
 
 
 

Table 3.24 shows Non-incapacitating injury accidents‘ statistical data. The median 

value of human capital approach is about $8,000. However, people in FL are willing to 

pay $79,454 to prevent roadway accident, which is $15,000 higher compare to 

nationwide willingness to pay. 

 

Table 3.24. Injury level 3-Non-incapacitating (in 2009 dollars) 

 2003 2004 2005 2006 2007 Nation FL 

Mean 12157.18 11767.49 11901.26 10904.04 10828.38   

Standard 
Error 

342.1193 242.2368 359.3215 280.654 287.597   

Median 8721 9000 8280 7380 7770 64,367 79,454 

Mode 6120 9000 13800 6150 11100   

Standard 
Deviation 

16368.18 11705.33 17868.8 13232.47 13489.49   

Sample 
Variance 

1.75E+08 91343111 2.31E+08 1.42E+08 1.64E+08   

Kurtosis 277.1284 34.45159 361.0539 231.5285 218.7611   

Skewness 12.25051 4.056431 15.28111 10.28428 10.72283   

Range 458847 190350 495282 362727 346209   

Minimum 153 150 138 123 111   

Maximum 459000 190500 495420 362850 346320   

Sum 27827778 27477084 29431812 24239675 23822437   

Count 2289 2335 2473 2223 2200   
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Figure 3.11. Histogram of 2003-2007 non-incapacitating costs (in 2009 dollars) 
 
 

Table 3.25 shows Incapacitating Injury accidents‘ statistical data. The median value 

of human capital approach is about $11,000. However, people in FL are willing to pay 

$365,921 to prevent bridge accident, which is more than 30 times of marketing costs.  

 

Table 3.25. Injury level 4-incapacitating (in 2009 dollars) 

 2003 2004 2005 2006 2007 Nation FL 

Mean 16768.71 15479.28 14868.13 13801.26 13243.66   

Standard 
Error 

881.6894 567.854 427.0371 591.0298 599.5561   

Median 12240 11400 11040 10455 8991 250,161 365,921 

Mode 15300 15000 13800 12300 5550   

Standard 
Deviation 

27839.61 17640.07 13286.28 17897.57 17220.94   

Sample 
Variance 

5.07E+08 2.07E+08 1.28E+08 2.6E+08 2.67E+08   

Kurtosis 245.4035 53.49271 7.951053 91.31598 50.00852   

Skewnes
s 

12.86884 5.436908 2.295289 7.778279 5.904739   

Range 621027 263850 96462 270477 210789   

Minimum 153 150 138 123 111   

Maximum 621180 264000 96600 270600 210900   

Sum 16718406 14937504 14392346 12655753 10926016   

Count 997 965 968 917 825   
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Figure 3.12. Histogram of 2003-2007 incapacitating costs (in 2009 dollars) 

 
 

Table 3.26 shows Incapacitating Injury accidents‘ statistical data. The median value 

of human capital approach is about $14,500. However, people in FL are willing to pay 

$5,215,128 to prevent roadway accident, including pain and suffering, loss of enjoyment 

of life, and the premium associated with risk aversion. Here again, for bridge 

management, where the decision topic is the expenditure of public funds to prevent 

accidents, the WTP approach would seem most suitable. 

  

Figure 3.13. Histogram of 2003-2007 fatal costs (in 2009 dollars) 
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Table 3.26. Injury level 5-fatality (in 2009 dollars) 

 2003 2004 2005 2006 2007 Nation FL 

Mean 23827.97 20546.71 26848.39 23197.46 50912.16   

Standard 
Error 

2248.224 2231.247 3836.32 3017.951 33413.01   

Median 16218 15000 14076 13837.5 12210 5,042,933 5,215,128 

Mode 12240 15000 13800 6150 11100   

Standard 
Deviation 

25435.76 24846.12 46828.26 33606.48 380966.9   

Sample 
Variance 

4.23E+08 4.12E+08 1.59E+09 9.18E+08 1.31E+11   

Kurtosis 10.07104 14.4256 47.29765 21.65891 129.2137   

Skewness 2.814678 3.415 6.076496 4.104343 11.35103   

Range 152235 163050 444222 256332 4354697   

Minimum 153 150 138 123 111   

Maximum 152388 163200 444360 256455 4354808   

Sum 3049980 2547792 4000410 2876485 6618580   

Count 128 124 149 124 130   

 
 
 
 

3.3.3 Estimated Accident User Costs 

Based on the linear regression model discussed above, accident rates were 

calculated as well as accident-related user costs. Figure 3.14 shows the histogram of 

estimated accident counts for the bridge inventory while Figure 3.15 shows the accident 

user costs.  
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Figure 3.14. Histogram of estimated accident counts 
 
 
 

 

Figure 3.15. Histogram of accident costs based on estimated accident counts 
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3.4 Florida Bridge User Costs 

As discussed above, three main components, travel time costs, vehicle operating 

cost, and accident costs, comprise the bridge user cost. Figure 14 shows histogram of 

user costs estimated for the 5,219 Florida bridges, using the existing accident cost 

model. The national cost data was utilized, as it included the willing to pay, and thus 

more realistic. If we look into each component, accident costs make the most 

contribution to user cost, as shown figure 15. Therefore, how to accurately predict the 

bridge accident counts becomes more significant in user cost estimation.  

 

 

Figure 3.16. Histogram of florida state highway bridges user costs (2005$) 
 

 

 

Figure 3.17. Total user costs breakdown 
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3 CHAPTER 4 

4 STUDY OF FLORIDA BRIDGE ACCIDENT MODEL 

 
 
In estimating user costs, it has been seen that accidents‘ costs constitute a 

significant portion, but it is a challenge to accurately predict these costs related to 

potential accident on the bridge. The following section presents the research efforts to 

improve on the existing liner regression model for prediction of accident rates at bridges 

and also estimating the related user costs. 

 
 

4.1 Date Preparation 

According to the 2008 Pontis Database (Bridge, Roadway, and Inspection Tables), 

there are a total of 19,213 structures in Florida, of which 11,802 are bridges carrying 

roadway routes. Further cleanup and refinement of the data was done using roadway 

attributes (roadway width, number of lanes, roadway speed, traffic volume, and bridge 

length), of the remaining 9,448 bridges, the focus was filtered to the state-maintained 

and toll bridges, i.e., with NBI ownership codes 1, 31, and 33, resulting in a final list of 

5,219 bridges. This dataset of bridge inventory and related user cost data were utilized 

in this study.  

The data set was prepared by matching Florida Department of Transportation‘s 

(FDOT) Pontis data with highway crash data, from FDOT Crash Analysis and Reporting 

(CAR) database. Since crash data are available for only 2003 to 2007, these five years 

data was chosen for analysis. The CAR‘s data is primarily based on crash reported by 

police officer. It contains various items of data to identify each accident, including not 

only the date, time and location of crash, but also some information about driver, 

vehicle, weather, injury and other circumstances. However, very little data are provided 

about bridges. It was necessary to introduce the third database, FDOT Geographic 
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Information System (GIS) bridge database, which contains the same bridges as Pontis, 

using the same Bridge IDs; and, meantime, uses the same linear referencing system 

(County, Section, Subsection, and Mile-Post) as CAR‘s database. Consequently, this 

makes it relatively straightforward to develop a process to merge the three data sets. 

Using the GIS data it was possible to precisely locate the beginning and end of each 

bridge along the roadway. Following the recommendation made by (Brinkman and Mak, 

1986), and also followed by (Johnston et al, 1994), all accidents from the HSMV 

database that were located within 500 feet of the beginning or end of a bridge were 

attributed to that bridge.  

The initial matching process showed that many of crashes matched more than one 

bridge. Most of them involved two or more parallel bridges, and the remaining cases are 

bridges in series that are less than 1000 feet (500 feet of the beginning and 500 feet of 

the end of bridge) apart. Thompson (1999) suggested that since the functional 

characteristics of the nearby bridges tend to be identical, it was assumed that each 

bridge was equally likely to be associated with the accident. However, with the heading 

direction of at-fault vehicle, we could identify the correct bridge structure instead of 

adding crash counts to structures that are not related to. According to FDOT‘s direction 

referencing, the roadway mile-post is ascending from South to North, as well as from 

West to East, thus we could make use of this attribute to choose the side of roadway on 

which the bridge structure located. As show in figure 11.(a), when the direction of at-

fault vehicle is west (W) or south (S), crash should happen at left (L) side of roadway, 

which means the road-side attribute should be left in the bridge data, otherwise it should 

happened at right (R) side structures. If the bridge structure is a single structure on 

roadway (figure 11.(b)), the heading direction of at-fault vehicle is not an issue any 

more. 

FDOT Pontis database for 2008 contains 19,213 bridges. As indicated in Thompson 

(1999), only bridges carrying roadways were utilized in the study. This is consistent with 

the Pontis assumptions for widening, since widening usually does not affect the 

characteristics of roadways under bridges. Now, bridges used to model crash risk 

narrowed to 11,802.  

Examining remaining records, it was found that there are some missing values or 
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obvious data errors, include followings: Bridge roadway width is negative; Number of 

lanes is negative; Speed limit is negative or equal to 999; ADT is smaller than 1; and 

bridge length is negative. For this study, the focus was on state-maintained highway 

bridges, i.e., all bridges coded in Pontis with owner as 1, 31, or 33. After the data 

preparation, the estimation data sets contain 5,219 state highway bridges with crashes 

listed below as Table 4.1. 

 

 

                     (a) Two bridge structures                                                   (b) Single bridge (C) 

Figure 4.1. Bridge structure on the side of roadway 

 

Table 4.1. Summary of state highway bridge crashes 

 
Total crash 

Single bridge 
related crash 

Parallel bridges 
related crash 

No. of bridge 
with no crash 

No. of bridge 
with crash 

2003 13422 6032 7390 2761 2458 
2004 14571 6523 8048 2616 2603 
2005 15600 6759 8841 2559 2660 
2006 14838 6288 8550 2561 2658 
2007 14324 6069 8255 2525 2694 

 
 

Following are histogram of months, days, and time recorded for occurrence of the 

accidents. From Figure 4.2-4.4 shown for crashes on bridges in Florida for the year 

2003, the month March seems have more crashes than other months, and the day 

Friday appears to have higher crash risk than other days, but both the monthly and 

weekly histograms give the impression of being a uniform distribution which means 

there is little monthly or daily influence. From the time histogram, it appears that rush 

hour in the afternoon (4-6 PM) has the highest accident risks of occurrence on the 

bridge, with the morning peak hour (6-8 AM) also significant. 
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Figure 4.2. Crash monthly histogram in 2003 
 

 

 

Figure 4.3. Crash weekly histogram in 2003 
 
 

 

Figure 4.4. Crash hourly histogram in 2003 
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4.2 Preliminary Analysis 

 
 

4.2.1 Model Formulation: Dependent variable 

Accident risk in the literature is expressed as accidents per 100 million vehicle miles, 

which assumes that the number of accidents is a direct multiple of traffic volume and 

segment length.  However, Thompson (1999) argued that could be problematic for 

bridges, since the nature of bridge accident, the driver is suddenly presented with a new 

set of fixed obstacles to avoid, or a lack of escape routes to be used in order to avoid a 

collision with another vehicle, is different from roadway. Therefore, Thompson (1999) 

suggested using annual accidents per million ADT to express accident rates, 

abbreviated as ―aamdv‖, means annual accidents per million daily vehicles. 

Figure 4.5 shows for the crash data of years 2003 to 2007, that more than 50% state 

highway bridges have no crash every year, the distribution of accident counts is heavily 

skewed toward zero. Obviously this is not an ideal distribution for regression. If we just 

look into those non-zero data, using log function of annual accidents per million ADT, 

shown in Figure 4.6, we could get a tradition bell normal distribution for regression 

model. However, these distributions just indicate the non-zero records; we need to find 

out how to deal with these records with no crash for each year. Figure 4.7-4.8 show the 

GIS-based locations of Florida State highway bridges and crashes. Apparently, bridges 

in urban areas experience crashes more frequently than rural bridges.  Looking at 

Figure 4.7, the following urban areas can be clearly seen as experience crashes 

through the five year period from 2003 to 2007: Jacksonville, Orlando, Miami-Fort 

Lauderdale, and Tampa-Saint Petersburg areas. 
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Figure 4.5. Frequency distribution of accident counts 2003-2007 
 
 
 
 
 

 
 

Figure 4.6. Frequency distribution of log accident risk 2003-2007 
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Figure 4.7. Florida highway bridges based on accident frequency for 2003 to 2007  
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(Figure 4.8 - continued) 
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(Figure 4.8 - continued) 
 

 
 

Figure 4.8. Distribution of bridge accidents and accident frequency for 2003 to 2007 

 
 
 

4.2.2 Model Formulation: Independent variable 

Following the methodology of Thompson et al, (1999), it is necessary to test 

elements of this intuitive model, using correlation analysis or hypothesis testing, to see if 

they have any statistical significance and to learn more about the relationship. 

 

Narrowness 

Narrowness is expressed as a relationship between roadway width and number of 

lanes. This variable describes the reduced availability of escape paths on a narrow 

bridge, the increased likelihood of side-swiping the guardrail, and the possibility of 

bouncing off the guardrail into another vehicle. A correlation analysis between 

narrowness and accident risk was performed using several definitions of narrowness: 

 Number of lanes divided by roadway width (correlation: 14.6%) 
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 Roadway width divided by number of lanes (correlation: -9.38%) 

 ADT divided by Roadway width (correlation: 1.75%) 

 ADT divided by Lane width (correlation: 1.87%) 

 Number of lanes multiple lengths divided by roadway width (correlation: 

10.5%) 

 

The result showed that narrowness, defined as the number of lanes divided by 

roadway width has the highest correlation coefficient (14.6%) compare to other 

definitions. The values of narrowness according to this definition range from 0.06 to 

0.73. 

Table 4.2 shows the distribution of bridges into narrowness if the data set is divided 

into two roughly equal size samples. This confirms that narrow bridges are twice as 

likely to have accidents as wide bridge. Table 4.3 shows the distribution of bridges 

narrowness in terms of roadway width divided by number of lanes. Unexpectedly, there 

is no such evident data to tell the relation between accident risk and this definition of the 

narrowness variable. 

 

Table 4.2. Summary of bridges categorized by narrowness 

 2003 2004 2005 2006 2007 No. of bridges 
Narrowness < =0.1745 (wide bridges) 54 57 72 57 63 2594 
Narrowness >0.1745 (narrow bridges) 95 107 108 105 103 2625 
 
 

Table 4.3. Summary of bridges categorized by inverse of narrowness (roadway width divided by 
number of lanes) 

Roadway width  
divided by number of lanes 

>=7.5 6.75-7.5 6-6.75 5.25-6 4.5-5.25 3.75-4.5 <3.75 Total 

No. of bridges 368 157 1826 1022 965 706 175 5219 
Average accident risk in 2003 105 42 45 65 85 119 181 75 
Average accident risk in 2004 87 54 51 70 95 134 222 83 
Average accident risk in 2005 116 58 65 75 96 134 212 90 
Average accident risk in 2006 69 60 52 75 93 135 179 81 
Average accident risk in 2007 65 61 59 74 93 124 195 83 
 
 

Funnel 

If the roadway narrows at the entrance to the bridge, then it is ―funnel zone.‖ Funnel 

is defined as approach roadway width divided by roadway width, and the range of 
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funnel is from 0.23 to 3.15 in this data set. Table 4.4 shows the distribution of funnel 

zone accident risk. Correlation analysis indicates funnel has only 0.0442 correlations to 

accident risk, there is no obvious relationship between funnel zone and accident risk. 

 

Table 4.4. Summary of bridges categorized by funnel zone 
 2003 2004 2005 2006 2007 No. of bridges 

Accident risk at funnel zone 93 102 112 99 100 2741 
Accident risk at Non-funnel zone 55 61 66 61 65 2478 

 
 

 

Approach alignment 

Table 4.5 shows the distribution of accident risk based on the approach alignment. 

There is no evident relationship between these data. According to Thompson (1999), an 

approach alignment rating of 6 is the highest rating where safe travel speeds are 

affected. If the data set is separated into two groups (approach alignment rating is larger 

than 6 or not), the average risk in first category is 79 aamdv, and in the second was 152 

aamdv; the difference in mean accident risk was significant at the 95% confidence level. 

 

Table 4.5. Summary of bridges categorized by approach alignment 

Approach alignment 
(NBI) rating 

2 3 4 5 6 7 8 9 10 

No. of bridges 3 3 8 47 167 368 2563 2056 4 
Average accident risk in 2003 57 151 189 287 130 98 73 64 11 
Average accident risk in 2004 152 202 307 121 145 108 76 78 151 
Average accident risk in 2005 38 162 404 328 113 117 87 81 0 
Average accident risk in 2006 196 126 427 92 123 109 81 71 138 
Average accident risk in 2007 114 227 601 121 133 102 80 76 11 
Overall average accident risk 111 174 386 190 129 107 79 74 62 

 

 

Deck condition 

Table 4.6 shows the distribution of accident risk based on the deck rating. It is 

noticed that when deck rating is smaller than 7, accident risk is relatively high. 

According to Thompson (1999), a deck rating of 6 is the first where minor deteriorations 

are evident. If the data set is separated into two groups (bridge deck rating is larger than 
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6 or not), the average risk in first category is 81 aamdv, and in the second was 96 

aamdv; the difference in mean accident risk was significant at the 95% confidence level. 

 

Table 4.6. Summary of bridges categorized by deck rating 
Deck (NBI) rating 1 4 5 6 7 8 9 10 
No. of bridges 1 17 119 466 3636 894 78 18 
Average accident risk in 2003 143 98 110 82 67 96 122 7 
Average accident risk in 2004 143 107 124 92 75 98 151 22 
Average accident risk in 2005 122 112 122 98 82 113 122 15 
Average accident risk in 2006 82 76 110 97 76 88 89 26 
Average accident risk in 2007 41 139 115 84 79 91 98 14 
Overall average accident risk 106 106 116 91 76 97 116 16 

 

 

Functional classification 

Table 4.7 shows the distribution of accident risk based on the functional class. It is 

noticed that functional class could affect accident risk, especially with classes 11, 12, 14 

and 16. 

 

Table 4.7. Summary of bridges categorized by functional class 

Functional class 1 2 6 7 8 9 11 12 14 16 17 19 
No. of bridges 575 827 298 83 58 54 952 1070 795 372 118 17 
Average accident risk in 
2003 

38 49 48 24 0 0 105 61 118 133 37 0 

Average accident risk in 
2004 

42 54 62 11 0 0 114 72 122 148 45 0 

Average accident risk in 
2005 

45 54 64 46 0 0 137 87 120 144 35 0 

Average accident risk in 
2006 

46 47 60 13 0 0 112 75 118 140 55 0 

Average accident risk in 
2007 

50 52 70 11 0 0 112 81 113 132 58 0 

Overall average accident risk 44 51 61 21 0 0 116 75 118 139 46 0 
 

 

 

4.3 Regression Model 

The following sections present the study efforts to revise existing models or develop 

new accident models. 
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4.3.1 Linear regression 

Following Thompson (1999)‘s methodology, the linear regression model was chosen 

as a preliminary model (expressed in thousands for convenient display of coefficients). 

Since the data set did not show strong relationship between approach alignment, deck 

rating and accident risk, it was decided to use NBI definition to separate the data set at 

6.  Also, bridges on functional class 11, 14, and 16 roadways appear to have higher 

accident risks. A separation was also done on bridge data set. Table 32 shows the 

result of regression.  The variables are listed and separated under the following 

scenarios: ‗F0‘: Functional class other than 11, 14, and 16; ‗F1‘: Functional class equal 

to 11, 14, and 16.  The ‗narrowness x ADT‘ variable is applied under the following 

possible scenarios: ‗AppralignLE6=false and DkratingLE6=false‘; ‗AppralignLE6=true 

and DkratingLE6=false‘; ‗AppralignLE6=false and DkratingLE6=true‘; and 

‗AppralignLE6=true and DkratingLE6=true‘. Table 4.8 shows the summary of linear 

model based on statistics for 2003-2006, the detailed regression results is listed as 

Table A.1 in Appendix A.  

 

Table 4.8. Model statistics for 2003-2006 

For bridges where Variable 
Coefficient 

(1000) 
Std.Error t-value p-value 

All Bridges Constant -626.3799 0.0489632 -12.79 0.000 
Urban Arterial=true Constant (x F1) 51.2227 0.0740292  9.15 0.000 
All Bridges Lanes  Length 0.8864 0.0000307  28.91 0.000 
AppralignLE6=false and 
DkratingLE6=false 

Narrowness  ADT 0.516 5.80e-06  88.95 0.000 

AppralignLE6=true and 
DkratingLE6=false 

Narrowness  ADT 0.4533 0.0000308  14.69 0.000 

AppralignLE6=false and 
DkratingLE6=true 

Narrowness  ADT 0.504 0.0000108  46.66 0.000 

AppralignLE6=true and 
DkratingLE6=true 

Narrowness  ADT 1.2977 0.0001109 11.70 0.000 

R-Sq = 36.59% 

 
 

Using this regression model to predict the 2007 accident, the average accident 

frequency is 2.832 compare to the actual value of 2.622, with a range from -0.585 to 
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52.100 compared to actual range of 0 to 112. R-square for this prediction model is 

0.366 and the average residual is -0.210 with a range from -36.1 to 102.5.  

 
 
4.3.2 Logistic regression 

From previous studies, it could be observed that the linear regression model may not 

be the most appropriate for accident prediction on bridges since the statistical 

distribution of the data is not of the normal type. However, taking a logarithm function of 

the accident risk, as shown in figure 16, the distribution now appears to be normal. An 

appropriate model for such data is the logistic regression. The main problem here is 

how to deal with those bridges with no accident recorded on them, i.e., accident 

frequency is 0. A solution is to introduce the binomial logistic regression model. A binary 

(or binomial) logistic regression is recommended when the dependent is a dichotomy 

(an event happened or not) and can be applied to test association between a dependent 

variable and the related potential factors, to rank the relative importance of 

independents, to assess interaction effects. Binary logistic regression is used in this 

study to find out whether bridges have accident or not, hence we could deal with those 

bridges with accidents. If there is no accident on that bridge that year, the new 

dependent variable should be 0, otherwise is 1, no matter how many accidents 

happened. The probability that an accident will occur on a specific bridge is modeled as 

logistic distribution in Eq. 4.1: 

                                                                          Eq. 4.1  

                             
 

The logit of the multiple logistic regression models is given by Eq. 4.2: 
                                                                  Eq. 4.2 

 
where: 

       is conditional probability of a bridge accident; 
        are independent variables; 
        are coefficient for each independent variables. 

 



61 
 

The next step is to prepare significant variables since many variables would relate to 

bridge accident. In previous studies, we considered the functional class, deck rating, 

and approach alignments. So here we create new variables to show the binary 

properties, e.g., ―funcclass_m‖ as modified functional class, ―dkrating_m‖ as modified 

deck rating, and so on. There are two ways to choose the significant variables, one is to 

use correlation analysis, and the other is using stepwise regression. Correlation 

analysis is a statistical technique that describes the degrees of the relationship between 

two variables.  Correlation analysis is not a cause-effect analysis among variables in 

which the effect of one variable over the other is determined. However, knowing the 

degree of association among independent variables is important as it assists in 

eliminating the variables that are co-varying. 

The STATA software package was utilized, starting with 19 variables related to 

bridge accidents. As shown in Appendix Table A.2, some pairs of the variables have 

strong inter-correlation, for example, approach roadway and bridge roadway widths 

(―aroadwidth‖ and ―roadwidth‖); and funnel ratio (the ratio of approach roadway width to 

the bridge roadway width) and a funnel ratio factor (dummy variable to classify values), 

i.e., ―funnel‖ and ―funnel_m‖.  For such highly inter-correlated variables, only one of the 

two can be used, choosing the one with highest correlation with logit dependent 

variable. Thus, for example ―funnel‖ is chosen because it has the higher correlation 

coefficient 0.107.  Based the highest values of correlation coefficients, The following 

nine variables were chosen after the correlation analysis, i.e. Speed; funnel; sumlanes; 

narrowness; curbsw; length; ADT; funcclass_m; and dkrating_m. 

 
 

4.3.2.1 Stepwise regression 

Stepwise regression includes regression models in which the choice of predictive 

variables is carried out by an automatic procedure. Usually, this takes the form of a 

sequence of F-tests, but other techniques are possible, such as t-tests, adjusted R-

square, Akaike information criterion, Bayesian information criterion, Mallows' Cp, or 

false discovery rate.  

The main approaches are: 

http://en.wikipedia.org/wiki/F-test
http://en.wikipedia.org/wiki/T-test
http://en.wikipedia.org/wiki/R-square
http://en.wikipedia.org/wiki/R-square
http://en.wikipedia.org/wiki/Akaike_information_criterion
http://en.wikipedia.org/wiki/Bayesian_information_criterion
http://en.wikipedia.org/wiki/Mallows%27_Cp
http://en.wikipedia.org/wiki/False_discovery_rate
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 Forward selection: starting with no variables in the model, trying out the 

variables one by one and including them if they are 'statistically significant'; 

 Backward elimination: starting with all candidate variables and testing them 

one by one for statistical significance, deleting any that are not significant. 

Methods used in stepwise regression are a combination of the above, testing at 

each stage for variables to be included or excluded. 

Again, using STATA software, results of the stepwise regression analysis are shown 

in Appendix Table A.3, indicating that the selected nine variables are significant in terms 

of bridge accidents. Therefore, these nine variables are the main factors involved in 

logistic regression model. 

 
 

4.3.2.2 Goodness-of-fit measure 

In Ordinary Least Regression (OLR) methods, the coefficient of determination (R-

square) is accepted as a measure of how well the formulated regression models 

represent the data. In the case of Poisson-related regression models, the R-square is 

not appropriate, but instead, as suggested by Adel-Aty and Radwan (2000), Fridstrom 

et al. (1995), and (Agresti, 1990), other measures are recommended, including the 

deviance value, D and the log-likelihood ratio,   .  Both are defined in terms of a 

comparison the log-likelihood of the complete fitted model (with all explanatory 

variables) to that of the model with only the constant (no explanatory variable).   is a    

test statistic for the test that at least one explanatory variable regression coefficient is 

not equal to zero in the model, with the degrees of freedom defined by the number of 

explanatory variables. The measure    is analogous (but not the same as) the R-square 

used in OLS. Specifically, the goodness-of-fit measures D and    are defined as 

follows:  

                                                                Eq. 4.3 

and                                                                       Eq. 4.4 
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where:        is Log-likelihood of the model with only the constant (no explanatory variable)        is Log-likelihood of the full model (with all explanatory variables) 

 

Also computed for D as a test of significance is the p-value, or the probability of 

obtaining a     test statistic if there is actually no effect of the explanatory variables 

(Type I error). This p-value is compared to a specified alpha level, which is typically set 

at 0.05 or 0.01. Small p-values, less than the specified alpha level would indicate that at 

least one of the regression coefficients in the model is not equal to zero.  

Montella et al. (2009) also described the Akaike Information Criteria (AIC) as another 

suitable goodness-of-fit measure. The AIC value is calculated as follows: 

                

 
where:     is Number of parameters in the fitted model 

 

The lower the value of AIC, the better fitting the model is, with the first term 

estimating the bias or how bad the model is, and the second term penalizing the model 

for excessive number of variables. 

 
 

4.3.2.3 Logistic regression model 

Using nine independent variables of bridge as predictive variable, and using 

dichotomy variable (0 indicates no accident and 1 indicates accident) as dependent 

variable, the logistic regression is developed using the STATA software package. First, 

the LOGISTIC command is used to obtain the odds ratios and coefficients. Odds ratio 

here means the probability of the outcome event occurring divided by the probability of 

the event not occurring. The odds ratio that is equal to exp(x ) tells the relative amount 

by which the odds of the outcome increase (or greater than 1.0) or decrease (or less 

than 1.0) when the values of the predictor value is increased by 1.0 units (Hosmer and 

Lemeshow, 1989). Because the output is not directly relevant to the estimate of 

accident probability, the results are shown in Table A.3 of Appendix A. On the other 

hand, the logistic regression model showing the need information on variable 
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coefficients for estimating the probability of accidents is shown below in Table 4.9. 

 

Table 4.9. Logistic regression analysis output showing coefficients  

variable (logit model) Coefficient Std. 
Error 

Z Prob>|Z| 

Constant -3.025499 0.147803 -20.47 0.000 
Speed limit on bridge (mph) 0.006514 0.001568 4.16 0.000 
Funnel (ratio of approach roadway width to bridge 
roadway width) 

0.205753 0.106564 1.93 0.054 

Total number of lanes 0.178024 0.018414 9.67 0.000 
Narrowness (ratio of no. of lanes to bridge 
roadway width) 

2.988808 0.484835 6.16 0.000 

Curb shoulder width (ft) 0.030899 0.012561 2.46 0.014 
Length of bridge (mile) 1.242759 0.103124 12.05 0.000 
Average daily traffic (veh/day) 0.000044 0.000001 37.23 0.000 
Function class factor (dummy variable, 1 if  11,14, 
or 16, 0 otherwise) 

0.629291 0.036408 17.28 0.000 

Deck rating factor (dummy variable, 1 if  less than 
6, 0 otherwise) 

0.468928 0.108347 4.33 0.000 

 
 

4.3.2.4 Discussion of results 

Using four years of accident data (2003 to 2006) the logistic model was established, 

as shown above, as a predictive model for bridge accidents.  

By restricting the accident data to only the 1,500 bridges that had no accident 

consistently during the years 2003 to 2006, the logistic regression model predicts the 

accident probability for 2007 and compares them to actual data (Figure 4.9). It was 

observed that 1,310 bridges of those 1,500 bridges actually had no accident in 2007, 

and only 190 had accident. Of these 1310 bridges, the model prediction was that 

64.07% of them have probability smaller than 0.3 of having accident, and 86.67% of 

them have probability smaller than 0.5.  

There are 1,603 bridges that actually had accidents every year from 2003 to 2006. 

Using these data, we could predict the accident probability in 2007 and compare them 

to actual data, as shown in Figure 4.10. Actually, 1,490 bridges of those 1,603 bridges 

had accident in 2007, only 113 have no accident. Compared to the prediction model, 

68.12% of them have probability greater than 0.7, and 88.40% of them have probability 

greater than 0.5, which means if probability greater than 0.5 indicates accidents 
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occurring, there are 1,310 out of 1,603 records matching, if probability greater than 0.7 

indicates accidents occurring, there are 1,037 out of 1,603 records are matching. 

 

 

Figure 4.9. 2007 logistic model prediction for bridges with no accident from 2003 to 2006 
 

 

As we can see, for those no accidents bridges, the prediction model seems to 

perform better than those bridges that had accidents, whose distribution has an evident 

pattern incline to the left part. On the other hand, the ones with accidents could not 

show any tendency. Let us look at all bridges together to see the all 2007 bridge 

accidents, as shown in Figure 4.11. Again, the distribution of no accident is better than 

accidents. 30.88% bridges have probability smaller than 0.3, and 29.28% of them have 

accident probability greater than 0.7. Next step is to check variable again, for those are 

not match the actual data bridges, we could find that those variables have significant 

influence in prediction model, which is proved that these variables are important in this 

regression model, as shown in Table 4.10. 
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Figure 4.10. 2007 logistic model prediction for bridges with accident from 2003 to 2006 

 

 

 

Figure 4.11. 2007 logistic model prediction for all bridges 

 

 

Table 4.10. Variables differences in prediction model 
 Probability Speed No. of  

lanes 
Curbsw Length ADT Funcclass_m 

No Accident 
bridges 

<0.3 53.174 1.935 0.243 0.046 5207 0.048 
>0.3 51.121 2.713 0.755 0.105 23788 0.502 

Accident bridges 
>0.7 56.022 4.725 1.004 0.150 74748 0.764 
<0.7 51.502 2.736 0.779 0.101 23136 0.490 
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Depending on the threshold probability of classifying the occurrence or non-

occurrence of accidents, the prediction of the logistic regression model can be 

considered reasonable. As we can see, for those no accidents bridges, the prediction 

model seems to perform better than those had accidents bridges, whose distribution 

has an evident pattern incline to the left part. On the other hand, the ones with accidents 

could not show any tendency.  

 
 

4.3.3 Poisson regression 

Numbers of accident per year of highway bridges are count data, in which the 

observations can take only the non-negative integer values (0, 1, 2, 3 ...), and where 

these integers arise from counting rather than ranking. Statistical methods such as least 

squares and analysis of variance are designed to deal with continuous dependent 

variables. These can be adapted to deal with count data by using data transformations 

such as the square root transformation, but such methods have several drawbacks; 

they are approximate at best and estimate parameters that are often hard to interpret. 

The Poisson, binomial and negative binomial distributions are commonly used to 

represent the distributions of count data when these are treated as random variables. 

The Poisson distribution can form the basis for some analyses of count data and in 

this case Poisson regression may be used. This is a special case of the class of 

generalized linear models which also contains specific forms of model capable of using 

the binomial distribution (binomial regression, logistic regression) or the negative 

binomial distribution where the assumptions of the Poisson model are violated, in 

particular when the range of count values is limited or when over-dispersion is present. 

Poisson regression is a form of regression analysis used to model count data and 

contingency tables. Poisson regression assumes the response (dependent) variable Y 

has a Poisson distribution, and assumes the logarithm of its expected value can be 

modeled by a linear combination of unknown parameters and independent variables. In 

the simplest case with a single independent variable x, the model takes the form: 

The Poisson probability distribution 
       |             for  =0,1,2,……                               Eq. 4.5 
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where:   is the mean or expected value of a Poisson distribution   is also the variance of a Poisson distribution 

 
 

The Likelihood function for the Poisson model is    |     ∏       |        ∏                                               Eq. 4.6 

 
where: 

                          |           
 
 

A characteristic of the Poisson distribution is that its mean is equal to its variance. In 

certain circumstances, it will be found that the observed variance is greater than the 

mean, called over-dispersion, which indicates that the model is not appropriate. A 

common reason is the omission of relevant explanatory variables.  

Another common problem with Poisson regression is excess zeros: if there are two 

processes at work, one determining whether there are zero events, and a Poisson 

process determining how many events there are, there will be more zeros than a 

Poisson regression would predict. In these cases, generalized linear models such as 

the negative binomial model are more preferable.  

 
 

4.3.4 Negative binomial regression 

The negative binomial distribution can be used as an alternative to the Poisson 

distribution. It is especially useful for discrete data over an unbounded positive range 

whose sample variance exceeds the sample mean. If a Poisson distribution is used to 

model such data, the model mean and variance are equal. In that case, the 

observations are over-dispersed with respect to the Poisson model. Since the negative 

binomial distribution has one more parameter than the Poisson, the second parameter 

can be used to adjust the variance independently of the mean. 

One formulation of the negative binomial distribution can be used to model count 

data with over-dispersion.  

       |                                                                           Eq. 4.7 

http://en.wikipedia.org/wiki/Poisson_distribution
http://en.wikipedia.org/wiki/Variance
http://en.wikipedia.org/wiki/Overdispersion
http://en.wikipedia.org/wiki/Generalized_linear_model
http://en.wikipedia.org/wiki/Negative_binomial_distribution
http://en.wikipedia.org/wiki/Variance
http://en.wikipedia.org/wiki/Mean
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where:   is the mean or expected value of the distribution   is the over-dispersion parameter 

                   when   =0 the negative binomial distribution is the same as a Poisson distribution 

 

The Likelihood function for the negative binomial model is 

    |     ∏      |    ∏                                                                    Eq. 4.8 

 
where: 

                          |           
 

The next step involves analysis of the simple variable frequency, i.e., the number of 

accidents during every calendar year, to investigate the influence of the bridge 

attributes.  The histogram plot of this variable is shown in Figure 4.12. 

 

 

 Figure 4.12. Histogram plot of the annual frequency of accidents 
 
 

From Figure 4.12 above, we can see the data are strongly skewed to the right; 

clearly OLS regression would be inappropriate. It is suggested that count data follows a 

Poisson distribution. However, there is a prerequisite of Poisson distribution, which is 

that the mean and variance should be the same. The summary statistics of the 

frequency of 21684 observed accidents are as follows: Mean = 2.767; Std. deviation = 

6.523; Variance = 42.549; and Kurtosis = 53.937. It could be seen that the variance of is 

nearly 15 times larger than the mean, which indicates over-dispersion. Let‘s run a 
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Poisson regression though we believe this is not a good choice.  

We learned from the previous study that six independent variables, including speed, 

number of lanes (sumlanes), curb shoulder clearance (curbsw), length (lengthmi), ADT 

(adt2) and functional classes (fc_m), are more responsible to accident frequency than 

other variables. Meantime, there are other factors significantly influence accident 

frequency other than bridges‘ attributes, such as drivers age (age) and crash time 

(ctime). We will add those two variables as second model.  In third model, 5 more 

variables, approach roadway width (aroadwith), funnel (ratio of approach roadway width 

and roadway width), relativewidth (difference between roadway width and approach 

roadway width), narrowness and deck rating (dkrating), would be included to test 

significance level of variables. 

The negative binomial regression model developed can be formally represented as 

follows: 

                                                                           Eq. 4.9 

 
where:                is expected count of accident                     is regression coefficients,   =0 for the constant and  =1,2,… for the explanatory 

variables                is speed limit on bridge (mph)            is total number of lanes              is curb shoulder width (ft)             is Length of bridge (mile)                  is average daily traffic (veh/day)                is function class factor (dummy variable, equal 1 if 11, 14, or 16; equal  0 otherwise) 

 

The output results for the Poisson regression models are also shown in Tables A4 to 

A6 in the Appendix A. Though all three models showed some statistical significance, the 

large values for chi-square in the ―gof test‖ of all three Poisson regressions confirmed 

that Poisson distribution was inappropriate for this data.  

The results of the three negative binomial models (same scenarios as in the Poisson 

regression models) are presented in Table 4.11-Table 4.13. First it should be noted that 

the over dispersion parameter (α) in each model is greater than zero, confirming that the 

negative binomial model is more appropriate than Poisson models for the bridge crash 

data. 
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Table 4.11. Negative binomial regression Model 1  

variable Coefficient Std. Error Z Prob>|Z| 
Constant -0.432151 0.065349 -6.61 0.000 
Speed limit on bridge (mph) -0.013269 0.001060 -12.52 0.000 
Total number of lanes 0.177415 0.009045 19.62 0.000 
Curb shoulder width (ft) 0.108291 0.007305 14.83 0.000 
Length of bridge (mile) 0.963363 0.051232 18.80 0.000 
Average daily traffic (veh/day) 0.000027 0.000001 50.35 0.000 
Function class factor (dummy variable, 1 if  
11,14, or 16, 0 otherwise) 

0.406270 0.023091 17.59 0.000 

 

 

Table 4.12. Negative binomial regression Model 2 

variable (logit model) Coefficient Std. Error Z Prob>|Z| 
Constant -1.824461 0.063893 -28.56 0.000 
Speed limit on bridge (mph) -0.015542 0.000999 -15.56 0.000 
Total number of lanes 0.094532 0.007232 13.07 0.000 
Curb shoulder width (ft) 0.055304 0.006303 8.77 0.000 
Length of bridge (mile) 0.645831 0.035906 17.99 0.000 
Average daily traffic (veh/day) 0.000018 0.000000 45.74 0.000 
Function class factor (dummy variable, 1 if  
11,14, or 16, 0 otherwise) 

0.090620 0.020971 4.32 0.000 

Driver‘s age (at fault) 0.031878 0.000819 38.91 0.000 
Time of crash 3.414460 0.054590 62.55 0.000 
 

 

Table 4.13. Negative binomial regression Model 3 

variable Coefficient Std. Error Z Prob>|Z| 
Constant -1.564787 0.206204 -7.59 0.000 
Speed limit on bridge (mph) -0.011122 0.001060 -10.50 0.000 
Approach roadway width (ft) 0.012685 0.007515 1.69 0.091 
Funnel (ratio of approach roadway width to 
bridge roadway width) 

0.460018 0.176175 2.61 0.009 

Relative width (approach roadway width minus 
bridge roadway width) 

0.004008 0.011569 0.35 0.729 

Total number of lanes 0.089750 0.039058 2.30 0.022 
Narrowness (ratio of no. of lanes to bridge 
roadway width) 

3.546905 0.657943 5.39 0.000 

Curb shoulder width (ft) 0.096693 0.007301 13.24 0.000 
Length of bridge (mile) 0.936793 0.051435 18.21 0.000 
Average daily traffic (veh/day) 0.000025 0.000001 48.32 0.000 
Function class factor (dummy variable, 1 if  
11,14, or 16, 0 otherwise) 

0.397773 0.023080 17.23 0.000 

Deck rating factor (dummy variable, 1 if  less than 
6, 0 otherwise) 

0.129092 0.062565 2.07 0.039 
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Table 4.14. Summary statistics of binomial regression models 

 
Logistic 

Regression 
Negative binomial regression 

Model 1 Model 2 Model 3 
Number of crashes 20876 20876 20876 20876 
Log-likelihood at zero,       -15030.14 -40045.05 -40045.05 -40045.05 
Log-likelihood at convergence,       -11636.20 -35221.91 -29146.11 -35070.24 
Deviance                  6787.89 9408.42 22200.53 9641.37 
Pseudo    or                  0.2258 0.1204 0.2722 0.1242 
AIC 23292.40 74869.52 62081.422 74646.58 
Prob. >    (Deviance) 0.0000 0.0000 0.0000 0.0000 
Over dispersion parameter ( )  1.498 0.771 1.447 

 
 

Looking at the results for model 1 in Table 4.11, all the explanatory variables are 

significant, as indicated by the p-values of the regression coefficients. The length of the 

bridge, measured in miles, has a strong increasing influence on the number of accidents 

on abridge. Increase in number of lanes on the bridge will increase the chances of 

accidents on the bridge. Similarly, wider shoulder on a bridge and longer lengths of the 

bridge will suggest more accidents on the bridge. The more vehicles using the bridge, 

i.e, increase in ADT, the higher the likelihood of accidents. Surprisingly, the regression 

coefficient for speed is negative, implying that accidents are reduced at higher speed. It 

should be noted however that the coefficient is very small, making the decrease very 

negligible; for example, it will take a decrease in speed of about 50 mph to obtain an 

increase of one accident (based on the partial estimate of e(βx)). 

In model 2, as shown in Table 4.12, addition of two more explanatory variables not 

related to bridge or roadway (driver‘s age and time of the crash) seems to improve the 

model as observed in the increase in the pseudo  . All the explanatory variables are 

also statistically significant, as indicated by the p-values of the regression coefficients, 

and the over dispersion parameter (α) is 0.83. In general, the increasing or decreasing 

effects of the bridge-related variables are similar to model 1, except that the regression 

coefficients are different now for some of the variables. It should be noted however that 

in reality, the variables such as the time of accident and a human factor-related 

variables such as driver‘s age cannot be used in a prediction model as desired in this 

study. 

For model 3, more bridge-related variables are added to model 1, resulting in similar 

effects of the explanatory variables on the prediction of crashes (Table 4.13). Judging by 
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the p-value on the regression coefficients in Model 3, all variables are statistically 

significant except for ―relative width.‖ Also, for Model 3, the over dispersion parameter 

(α) is 1.59. But the pseudo R2 is about the same, so the addition of the variables is not 

statistically beneficial. 

Though not shown in the output table for each of the three models, the likelihood 

ratio tests reject the hypotheses that =0, which again confirmed that negative binomial 

regression is more preferable instead of Poisson regression. A frequency plot, shown in 

Figure 4.13, compares, using the same accident data, the observation proportions from 

Poisson and negative binomial distributions. It is evident therefore forms Figure 4.13 that 

negative binomial regression is a better fit for the accident data. Of all three models, 

second model seems more preferable. However, in the real world, driver‘s age and 

crash time of any accident are non-predictable, which will reduce the accuracy of 

prediction.  

 
 

 

Figure 4.13. Distribution of poisson and negative binomial regression 
 
 

Applying model 1 on the accident data from 2003 to 2006, the accidents for 2007 

were predicted and compared to the actual (observed) accident counts.  Figure 29 

shows the comparison in terms of the bridge inventory distribution of accident counts. In 
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2007, no accidents were observed on 2601 bridges or about 48% of the 5219 Florida 

bridges observed, while about 90% of the bridges had accident counts less than 7. 

Model 1 predicts that only about 10% bridges will have no accidents in 2007 but that 

89% bridges would have accidents less than 7. Model 1 also predicts that about 52% of 

the bridges will have one accident, compared to the roughly 17% of bridges observed to 

have had one accident in 2007. But for the larger counts of accidents, the correlation 

between predicted and actual counts appears to be better. With focus on a specific 

count of accident, say, looking at bridges in 2007, with one accident, the distribution of 

prediction errors is as shown in Figure 4.14. 

 
 

 

Figure 4.14. Bridge inventory comparison of prediction and observation for 2007 accidents 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4.15. Accident prediction errors for Model 1 
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4.3.4.1 Zero-Inflated Negative Binomial Regression 
 

In the recent literatures (Shankar et al, 1997, Austin and Carson, 2002, Lord et al, 

2005), it has been suggested that the motor vehicle crash process can successfully be 

modeled by assuming a dual-state data-generating process, which implies that entities 

exist in one of two states—perfectly safe and unsafe. As a result the zero-inflated 

negative binomial regression (ZINB) model has been applied to account for the 

preponderance of ―excess zeros‖ frequently observed in crash count data.  

The intent of ZINB process is to distinguish sections of roadway that truly safe (no 

accidents will ever be observed) from those that are unsafe but happen to have zero 

accident s observed during the period of observation. The ZINB generates two separate 

models and then combines them. First, a logit model is generated for the ―certain zero‖, 

predicting whether or not a bridge would have accident. Then, a negative binomial 

model is generated predicting the counts for those bridges that have accidents. Finally, 

the two models are combined.  

In the ZINB model (with an application to accident frequency analysis), this dual-

state process is handled by letting   be the number of accidents on bridge in some 

specified time period and letting   be the probability that bridge will exist in the zero-

accident state. Thus     is the probability that a zero accident observation actually 

follows a true NB distribution. Given this  

 

                                                                                    Eq. 4.10 

and                                                                                                 Eq. 4.11 

where: 

   is the number of accidents (positive numbers starting from 1)        with   being the dispersion parameter           with   being the mean 

 

Following the results of NB model, a ZINB regression was conducted using STATA 

and shown in Table A.12. The Voung test is a t-statistic-based test with reasonable 

power in count-data application (Greene, 1994). A value > 1.96 (the 95% confidence 
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level for the t-test) for V favors the ZINB while a value < -1.96 favors the parent –NB 

(values in between 1.96 and -1.96 mean that the test is indecisive.  

 

Voung test is computed as     ̅√                                                   Eq. 4.12 

where:  ̅  is the mean with                     (with       being the density function of the 

ZINB distribution and       is the density function of the parent NB distribution)    is the standard deviation     is the sample size 

 

For this model, since the z-value -0.00 was not significant; the Voung test shows that 

the zero-inflated negative binomial regression is not a better fit than the standard 

negative binomial. 

 

 

4.4 Discussion 

Various models were developed in this study to aid in the prediction of annual 

frequency of accidents on Florida bridges. Starting with the existing linear regression 

model, originally developed by Thompson (1999), new coefficients were determined 

using four years of accident data.  Poisson, logistic, and negative binomial regression 

models were also formulated with accident data. As discussed in the report, both the 

linear model and the negative binomial models can be reasonably used to predict bridge 

accidents. A comparison was conducted on the prediction accuracy of these two 

models. At each specific count of accident in the 2007 accident data, the prediction 

error of each model was computed as the error between actual and predicted. The 

results, limited to observed accident counts 5 or less, are summarized in Table 4.15 

Table 4.16, and also illustrated in Figure 4.16. In Table 4.15, it is indicated that there were 

2601 bridges with no accidents in 2007.  

The negative binomial model correctly predicted that about 17% of these bridges 

had no accident and was off by one count on 66% of them. On the same set of bridges, 
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with zero accidents, the linear model predicts that about 32% of them had no accident 

and was off by one count on about 21%. Similar comparison results are shown for the 

other specific observed counts of accidents. The negative binomial model appears to be 

better in accuracy, especially for predictions within an error of one count of accident, 

performing at above 80% accuracy for observed counts three or less. On the other 

hand, for the same range of observed accident counts, the linear model performed at 

between 48% and 66% accuracy for prediction error within one accident count. 

 

Table 4.15. Accident prediction accuracy of linear regression model 

 % of total at observed 2007 count 
Prediction Error 0 1 2 3 4 5 

0 43.52 25.29 25.51 18.18 13.27 11.64 
1 26.42 43.45 35.83 36.36 31.42 22.60 
2 15.29 13.10 18.02 20.73 23.01 17.81 
3 6.81 7.59 8.10 11.64 13.72 27.40 
4 3.05 3.91 5.26 2.18 6.19 10.96 
5 1.78 2.76 2.23 4.00 3.10 5.48 

More 3.13 3.91 5.06 6.91 9.29 4.11 
Total at observed count 2525 870 494 275 226 146 

Error <= 1 69.94 68.74 61.34 54.55 44.69 34.25 
Error >1 30.06 31.26 38.66 45.45 55.31 65.75 

 
 

Table 4.16. Accident prediction accuracy of negative binomial regression model 

 % of total at observed 2007 count 
Prediction Error 0 1 2 3 4 5 

0 16.61 60.62 24.27 11.58 6.06 7.89 
1 66.21 23.89 55.77 26.67 15.58 11.18 
2 8.65 5.09 6.07 45.26 28.57 11.18 
3 2.38 2.54 3.91 4.91 33.33 26.32 
4 1.96 2.32 1.57 2.11 1.30 28.29 
5 0.92 0.55 0.98 0.35 2.16 1.32 

More 1.23 2.10 3.91 5.96 7.79 6.58 
Total at observed count 2525 870 494 275 226 146 

Error <= 1 82.8 84.5 80.0 38.2 21.6 19.1 
Error >1 17.2 15.5 20.0 61.8 78.4 80.9 
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Figure 4.16. Accuracy of negative binomial (NB) and linear (LN) regression models 
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5 CHAPTER 5 

6 CONCLUSIONS AND RECOMMENDATIONS 

 
 

5.1 Conclusions 

The purpose of this study has been to evaluate and establish user cost models for 

Florida bridges and to integrate them into the Florida Pontis bridge management system 

that will help plan and program maintenance, repairs, rehabilitation and replacement on 

state highway network. Each component of bridge user costs has been discussed in 

details. Travel time cost and vehicle operating costs increase as a result of the 

appearances of bridges because travelling speed along roadway becomes inconsistent.  

In this thesis, three methods were applied to calculate the extra travel time on bridges, 

based on bridge characteristics, pavement conditions, and level of services of 5,219 

Florida highway bridges. Without detour, travel time costs could be estimated by the 

extra travel time and calculated for each single bridges recorded in the Pontis table. The 

same is true when discussing the vehicle operation cost. Reduced speed and bad deck 

condition will increase the fuel consumption as well as the maintenance costs. A 

Microsoft Excel spreadsheet template was developed, as the purpose of this research, 

which could be used to make the user cost model operational within FDOT‘s 

implementation of Pontis.  

It is revealed through this report that of all three components of user costs, the 

accident cost is the most significant component, which accounts for nearly 50% of 

bridges‘ user costs. Most bridge management systems currently in operation use an 

accident model developed by North Carolina in the 1980s (Johnston et al, 1994), which 

simply projected the accident rate as a single function of the roadway width. Thompson 

et al, (1999) examined possible explanatory variables that might affect accident counts; 

he developed a linear regression model based on Florida HSMV crash statistics of 
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1996, which suggested that the accident rate was a complex function of bridge length, 

number of lanes, narrowness, ADT, approach alignment, deck condition, and functional 

classes. In this study, we followed Thompson‘s idea and examined this linear model 

with crash statistics from 2003 to 2007, and found that an average 30.86% of the 

bridges had accurate prediction of accident risk. However, we also found besides 

functional class 14 and 16 (Urban Arterials), functional class 11 (Interstate Arterial) is 

also responsible for high accident risk.  

A discriminant function using logistic regression was established to determine 

whether a bridge has safety hazard. The results showed that the number of lanes, ADT, 

bridge length and urban arterials are key features affect the bridge safety.  Negative 

binomial regression was also conducted since the accident rates are count data. Using 

three different models with different variables, it was indicated that negative binomial 

regression was the best method to analyze accident counts. However, we would also 

conclude that some key factors, for example, driver‘s behavior and environmental 

conditions, influenced outcomes greatly are invaluable. The negative binomial model 

correctly predicted that about 17% of these bridges had no accident and was off by one 

count on 66% of them. On the same set of bridges, with zero accidents, the linear 

model predicts that about 32% of them had no accident and was off by one count on 

about 21%. Similar comparison results are shown for the other specific observed counts 

of accidents. The negative binomial model appears to be better in accuracy, especially 

for predictions within an error of one count of accident, performing at above 80% 

accuracy for observed counts three or less.  

 

 

5.2 Recommendations 

Throughout this study, a complete worksheet was developed and can be readily to 

be implemented in the Florida Pontis. However, some of the factors discussed in this 

report are unavailable and can‘t be applied at this time. These features are roadway 

surface roughness, volume-to-capacity ratio, cargo value of truck shipping service, etc. 

Roadway surface roughness will affect driver‘s comfort and hence the vehicle travel 

speed. As we discussed above, rough surface reduces the travel speed and increases 
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travel time as well as vehicle operating cost. Volume-to-capacity ratio is the determinant 

of roadway level of service, which is the determinant of travel speed. Missing these data 

will cause the difficulty to estimate vehicle travel time precisely, and should be 

considered in future user cost model. 
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A. APPENDIX   

 
 

Table A.1 Linear regression results 
 
      Source |       SS       df       MS              Number of obs =   20876 
-------------+------------------------------           F(  6, 20869) = 2007.26 
       Model |  295603.631     6  49267.2718           Prob > F      =  0.0000 
    Residual |  512218.827 20869  24.5444835           R-squared     =  0.3659 
-------------+------------------------------           Adj R-squared =  0.3657 
       Total |  807822.458 20875  38.6980818           Root MSE      =  4.9542 
 
------------------------------------------------------------------------------ 
  _frequency |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
        func |   .6776026   .0740292     9.15   0.000     .5324997    .8227055 
lanes_length |   .0008864   .0000307    28.91   0.000     .0008263    .0009465 
          v1 |    .000516   5.80e-06    88.95   0.000     .0005047    .0005274 
          v2 |   .0004533   .0000308    14.69   0.000     .0003928    .0005137 
          v3 |    .000504   .0000108    46.66   0.000     .0004828    .0005251 
          v4 |   .0012977   .0001109    11.70   0.000     .0010803     .001515 
       _cons |  -.6263799   .0489632   -12.79   0.000    -.7223516   -.5304082 
------------------------------------------------------------------------------ 

 
 
 
 
 

Table A.2. Correlation analysis output prior to logistic regression  
 
             | speedmph aroadw~h roadwi~h   funnel funnel_m funnel~2 relati~h sumlanes narrow~s   curbsw 
-------------+------------------------------------------------------------------------------------------ 
    speedmph |   1.0000 
  aroadwidth |   0.0808   1.0000 
   roadwidth |   0.0780   0.9467   1.0000 
      funnel |  -0.0206   0.2524  -0.0375   1.0000 
    funnel_m |  -0.0328   0.0654  -0.0815   0.5251   1.0000 
   funnel_m2 |   0.1018  -0.2527  -0.1793  -0.2143   0.3475   1.0000 
relativewi~h |   0.0108   0.1896  -0.1367   0.8907   0.4499  -0.2305   1.0000 
    sumlanes |  -0.0199   0.8897   0.9109   0.0565  -0.0256  -0.1978  -0.0405   1.0000 
  narrowness |  -0.2056   0.0843   0.0144   0.2801   0.1799  -0.0652   0.2153   0.3853   1.0000 
      curbsw |  -0.3979   0.1686   0.1716   0.0645   0.0098  -0.0976  -0.0045   0.3070   0.3548   1.0000 
    lengthmi |  -0.0552  -0.0191  -0.0306   0.0376   0.0335  -0.0235   0.0345  -0.0342  -0.0177  -0.0115 
         adt |   0.1674   0.6750   0.6517   0.1305   0.0054  -0.2199   0.0895   0.6577   0.1354  -0.0153 
    truckpct |   0.4099  -0.1928  -0.1648  -0.1082  -0.0451   0.1623  -0.0906  -0.2063  -0.1348  -0.1803 
   funcclass |  -0.4759   0.2447   0.2229   0.1182   0.0267  -0.1892   0.0731   0.2743   0.1689   0.2898 
 funcclass_m |  -0.2535   0.2496   0.2419   0.0690  -0.0332  -0.1974   0.0304   0.3053   0.1736   0.2351 
    dkrating |   0.0189   0.0382   0.0732  -0.1029  -0.1291  -0.0473  -0.1058   0.0104  -0.1690  -0.0549 
  dkrating_m |  -0.0469   0.0049  -0.0119   0.0551   0.0455  -0.0321   0.0515   0.0190   0.0965   0.0478 
   appralign |   0.3333   0.0649   0.0934  -0.0924  -0.0906   0.0378  -0.0851   0.0708  -0.0168  -0.0654 
 appralign_m |  -0.3329  -0.0702  -0.1046   0.1138   0.0785  -0.0660   0.1031  -0.0806   0.0125   0.1000 
   frequency |  -0.0554   0.3984   0.3825   0.0862   0.0114  -0.1771   0.0592   0.4614   0.2393   0.1496 
        risk |  -0.1460   0.0751   0.0653   0.0425   0.0179  -0.0779   0.0320   0.1287   0.1442   0.1460 
         log |  -0.0339   0.3148   0.2941   0.1024   0.0263  -0.1466   0.0716   0.3421   0.1792   0.1433 
       logit |   0.0397   0.3583   0.3369   0.1072   0.0237  -0.1465   0.0750   0.3660   0.1496   0.1049 



83 
 

 
             | lengthmi      adt truckpct funccl~s funccl~m dkrating dkrati~m appral~n appral~m freque~y 
-------------+------------------------------------------------------------------------------------------ 
    lengthmi |   1.0000 
         adt |  -0.0101   1.0000 
    truckpct |  -0.0565  -0.2141   1.0000 
   funcclass |   0.0477   0.2260  -0.5431   1.0000 
 funcclass_m |   0.0679   0.3106  -0.2639   0.5853   1.0000 
    dkrating |  -0.0829  -0.0276  -0.0008  -0.0031  -0.0350   1.0000 
  dkrating_m |   0.0798   0.0605  -0.0340   0.0549   0.0674  -0.5355   1.0000 
   appralign |  -0.0946   0.0354   0.1546  -0.1788  -0.0626   0.0226  -0.0374   1.0000 
 appralign_m |   0.0383  -0.0633  -0.1304   0.1549   0.0428   0.0014   0.0105  -0.7642   1.0000 
   frequency |   0.1180   0.5305  -0.1814   0.1868   0.2371  -0.0164   0.0568  -0.0254   0.0297   1.0000 
        risk |   0.1022   0.0326  -0.0899   0.1126   0.1386   0.0099   0.0243  -0.0725   0.0721   0.5175 
         log |   0.1228   0.3484  -0.1458   0.2198   0.2902  -0.0707   0.0695  -0.0306   0.0149   0.5345 
       logit |   0.0849   0.4211  -0.1430   0.2162   0.2917  -0.0786   0.0683  -0.0003  -0.0210   0.4232 
 
             |     risk      log    logit 
-------------+--------------------------- 
        risk |   1.0000 
         log |   0.5110   1.0000 
       logit |   0.3535   0.9590   1.0000 

 
 
 
 
 

Table A.3. Stepwise regression analysis output prior to logistic regression 
 
                     begin with full model 
p = 0.1554 >= 0.1000  removing appralign_m 
p = 0.1420 >= 0.1000  removing relativewidth 
 
      Source |       SS       df       MS              Number of obs =   20876 
-------------+------------------------------           F(  9, 21674) =  718.42 
       Model |  1245.59331     9  138.399257           Prob > F      =  0.0000 
    Residual |  4175.37786 21674  .192644545           R-squared     =  0.2298 
-------------+------------------------------           Adj R-squared =  0.2295 
       Total |  5420.97118 21683    .2500102           Root MSE      =  .43891 
 
------------------------------------------------------------------------------ 
       logit |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    speedmph |    .002938    .000291    10.09   0.000     .0023675    .0035085 
      funnel |   .1262142   .0200742     6.29   0.000     .0868672    .1655611 
  dkrating_m |    .087709    .018909     4.64   0.000     .0506461     .124772 
    sumlanes |   .0345491   .0029699    11.63   0.000     .0287277    .0403704 
  narrowness |   .2969139   .0854487     3.47   0.001     .1294282    .4643995 
      curbsw |   .0173115    .002334     7.42   0.000     .0127368    .0218863 
    lengthmi |   .1709632   .0126192    13.55   0.000     .1462287    .1956977 
         adt |   4.26e-06   1.35e-07    31.62   0.000     4.00e-06    4.52e-06 
 funcclass_m |    .165526   .0068518    24.16   0.000     .1520959     .178956 
       _cons |  -.1515645   .0270072    -5.61   0.000    -.2045005   -.0986284 
------------------------------------------------------------------------------ 
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Table A.4. Logistic regression analysis output: Odds ratio 
 
Logistic regression                               Number of obs   =      20876 
                                                  LR chi2(9)      =    6787.89 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -11636.199                       Pseudo R2       =     0.2258 
------------------------------------------------------------------------------ 
       logit | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    sumlanes |   1.194854   .0220023     9.67   0.000     1.152499    1.238766 
         adt |   1.000044   1.19e-06    37.23   0.000     1.000042    1.000047 
 funcclass_m |   1.876279   .0683119    17.28   0.000     1.747056    2.015061 
    lengthmi |   3.465159   .3573412    12.05   0.000     2.831026    4.241334 
      funnel |    1.22845   .1309086     1.93   0.054      .996896    1.513787 
    speedmph |   1.006535   .0015778     4.16   0.000     1.003448    1.009633 
      curbsw |   1.031381   .0129551     2.46   0.014       1.0063    1.057088 
  dkrating_m |    1.59828   .1731687     4.33   0.000     1.292491    1.976414 
  narrowness |   19.86199   9.629783     6.16   0.000     7.679464    51.37062 
------------------------------------------------------------------------------ 

 
 
 
 
 
 

Table A.5. Logistic regression results 
 
Logistic regression                               Number of obs   =      20876 
                                                  LR chi2(9)      =    6787.89 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -11636.199                       Pseudo R2       =     0.2258 
------------------------------------------------------------------------------ 
       logit |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    speedmph |   .0065141   .0015675     4.16   0.000     .0034418    .0095864 
      funnel |   .2057529   .1065641     1.93   0.054    -.0031088    .4146146 
    sumlanes |   .1780241   .0184142     9.67   0.000     .1419329    .2141154 
  narrowness |   2.988808   .4848346     6.16   0.000      2.03855    3.939066 
      curbsw |   .0308988   .0125609     2.46   0.014     .0062798    .0555177 
    lengthmi |   1.242759    .103124    12.05   0.000     1.040639    1.444878 
         adt |   .0000442   1.19e-06    37.23   0.000     .0000419    .0000465 
 funcclass_m |   .6292905   .0364082    17.28   0.000     .5579318    .7006493 
  dkrating_m |   .4689277   .1083469     4.33   0.000     .2565716    .6812838 
       _cons |  -3.025499   .1478031   -20.47   0.000    -3.315188    -2.73581 
------------------------------------------------------------------------------ 
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Table A.6. Poisson regression output for model 1.  
 
Poisson regression                                Number of obs   =      20876 
                                                  LR chi2(6)      =   64810.42 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -64215.981                       Pseudo R2       =     0.3354 
------------------------------------------------------------------------------ 
   frequency |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       speed |  -.0113098   .0004415   -25.62   0.000    -.0121752   -.0104445 
    sumlanes |   .1086604   .0027075    40.13   0.000     .1033539    .1139669 
      curbsw |   .1110656   .0024344    45.62   0.000     .1062943    .1158369 
    lengthmi |   .5727457   .0073412    78.02   0.000     .5583573    .5871342 
        adt2 |   .0000129   1.16e-07   111.02   0.000     .0000127    .0000131 
        fc_m |   .4436262   .0096394    46.02   0.000     .4247334     .462519 
       _cons |   .3004421   .0261104    11.51   0.000     .2492667    .3516175 
------------------------------------------------------------------------------ 
. estat gof 
         Goodness-of-fit chi2  =  95637.24 
         Prob > chi2(21677)    =    0.0000 

 
 
 
 
 
 
 

Table A.7. Poisson regression output for model 2  
 
Poisson regression                                Number of obs   =      20876 
                                                  LR chi2(8)      =   93359.05 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -49941.663                       Pseudo R2       =     0.4831 
------------------------------------------------------------------------------ 
   frequency |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       speed |  -.0179876   .0004234   -42.49   0.000    -.0188174   -.0171578 
    sumlanes |   .0758768    .002666    28.46   0.000     .0706516     .081102 
  narrowness |   2.516247   .0727989    34.56   0.000     2.373564     2.65893 
    lengthmi |   .4860147   .0075347    64.50   0.000      .471247    .5007825 
        adt2 |   .0000113   1.10e-07   103.21   0.000     .0000111    .0000115 
        fc_m |   .1786433   .0094761    18.85   0.000     .1600705    .1972161 
         age |   .0160287   .0002894    55.38   0.000     .0154615     .016596 
       ctime |   2.249024   .0217965   103.18   0.000     2.206304    2.291744 
       _cons |   -.781565   .0312003   -25.05   0.000    -.8427164   -.7204135 
------------------------------------------------------------------------------ 
. estat gof 
         Goodness-of-fit chi2  =  67088.61 
         Prob > chi2(21675)    =    0.0000 
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Table A.8. Poisson regression output for model 3 
 
Poisson regression                                Number of obs   =      20876 
                                                  LR chi2(11)     =   66674.99 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -63283.696                       Pseudo R2       =     0.3450 
------------------------------------------------------------------------------ 
   frequency |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    speedmph |  -.0082851   .0004496   -18.43   0.000    -.0091663   -.0074038 
  aroadwidth |   .0315115   .0018623    16.92   0.000     .0278615    .0351614 
      funnel |   .1301254   .0493279     2.64   0.008     .0334446    .2268063 
relativewi~h |  -.0206065   .0029711    -6.94   0.000    -.0264298   -.0147833 
    sumlanes |  -.0629602   .0093891    -6.71   0.000    -.0813625   -.0445578 
  narrowness |   5.262584   .1660435    31.69   0.000     4.937144    5.588023 
      curbsw |   .1003305   .0024812    40.44   0.000     .0954674    .1051937 
    lengthmi |   .5669815   .0073593    77.04   0.000     .5525577    .5814054 
         adt |   .0000119   1.12e-07   106.65   0.000     .0000117    .0000122 
        fc_m |   .4335742   .0096803    44.79   0.000     .4146011    .4525473 
  dkrating_m |    .042421   .0196981     2.15   0.031     .0038134    .0810286 
       _cons |  -.9466258   .0550231   -17.20   0.000    -1.054469   -.8387824 
------------------------------------------------------------------------------ 
. estat gof 
         Goodness-of-fit chi2  =  93772.67 
         Prob > chi2(21672)    =    0.0000 
 
 
 
 
 
 

Table A.9. Negative binomial regression output for model 1. 
 
Negative binomial regression                      Number of obs   =      20876 
                                                  LR chi2(6)      =    9646.29 
Dispersion     = mean                             Prob > chi2     =     0.0000 
Log likelihood = -35221.908                       Pseudo R2       =     0.1204 
 
------------------------------------------------------------------------------ 
   frequency |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    speedmph |  -.0083919   .0010854    -7.73   0.000    -.0105193   -.0062645 
    sumlanes |   .1774668   .0092167    19.25   0.000     .1594024    .1955312 
      curbsw |   .1109344   .0074565    14.88   0.000     .0963199    .1255489 
    lengthmi |   .8798407   .0526281    16.72   0.000     .7766915    .9829899 
        adt2 |   .0000225   5.36e-07    41.96   0.000     .0000214    .0000235 
      func_m |   .8068103   .0275891    29.24   0.000     .7527366    .8608839 
       _cons |  -.9805064   .0699865   -14.01   0.000    -1.117677   -.8433354 
-------------+---------------------------------------------------------------- 
    /lnalpha |   .4043087   .0169191                      .3711479    .4374696 
-------------+---------------------------------------------------------------- 
       alpha |   1.498266   .0253494                      1.449397    1.548783 
------------------------------------------------------------------------------ 
Likelihood-ratio test of alpha=0:  chibar2(01) = 4.2e+04 Prob>=chibar2 = 0.000 
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Table A.10. Negative binomial regression output for model 2 
 
Negative binomial regression                      Number of obs   =      20876 
                                                  LR chi2(8)      =   21797.89 
Dispersion     = mean                             Prob > chi2     =     0.0000 
Log likelihood = -29146.105                       Pseudo R2       =     0.2722 
 
------------------------------------------------------------------------------ 
   frequency |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    speedmph |  -.0106597   .0010241   -10.41   0.000    -.0126669   -.0086524 
    sumlanes |   .0925758   .0073405    12.61   0.000     .0781887    .1069629 
      curbsw |   .0506019   .0064466     7.85   0.000     .0379668     .063237 
    lengthmi |   .5987495   .0363142    16.49   0.000     .5275749    .6699241 
        adt2 |   .0000158   3.99e-07    39.54   0.000      .000015    .0000166 
      func_m |   .5534715   .0274375    20.17   0.000      .499695     .607248 
         age |   .0313301   .0008109    38.64   0.000     .0297407    .0329195 
       ctime |   3.277482   .0543553    60.30   0.000     3.170947    3.384016 
       _cons |  -2.326832   .0700557   -33.21   0.000    -2.464138   -2.189525 
-------------+---------------------------------------------------------------- 
    /lnalpha |  -.2595485   .0172261                      -.293311    -.225786 
-------------+---------------------------------------------------------------- 
       alpha |   .7713998   .0132882                      .7457901    .7978888 
------------------------------------------------------------------------------ 
Likelihood-ratio test of alpha=0:  chibar2(01) = 3.1e+04 Prob>=chibar2 = 0.000 
 
 

Table A.11. Negative binomial regression output for model 3 
 
Negative binomial regression                      Number of obs   =      20876 
                                                  LR chi2(11)     =    9949.62 
Dispersion     = mean                             Prob > chi2     =     0.0000 
Log likelihood = -35070.242                       Pseudo R2       =     0.1242 
 
------------------------------------------------------------------------------ 
   frequency |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    speedmph |  -.0053629   .0010973    -4.89   0.000    -.0075135   -.0032122 
    sumlanes |  -.0270133   .0384659    -0.70   0.483    -.1024051    .0483785 
      curbsw |   .0972457   .0074777    13.00   0.000     .0825896    .1119017 
    lengthmi |   .8850817   .0528065    16.76   0.000     .7815829    .9885804 
  aroadwidth |   .0323453   .0074796     4.32   0.000     .0176857     .047005 
  narrowness |   6.469279   .6578409     9.83   0.000     5.179935    7.758624 
        adt2 |   .0000223   5.43e-07    41.09   0.000     .0000212    .0000234 
relativewi~h |  -.0155785   .0115144    -1.35   0.176    -.0381463    .0069893 
      funnel |    .227289    .172419     1.32   0.187    -.1106461    .5652242 
      func_m |    .818018   .0275596    29.68   0.000     .7640021    .8720338 
    dkrating |    .007595     .01499     0.51   0.612    -.0217849    .0369748 
       _cons |  -2.521505   .2368712   -10.65   0.000    -2.985764   -2.057246 
-------------+---------------------------------------------------------------- 
    /lnalpha |   .3696368   .0171305                      .3360616     .403212 
-------------+---------------------------------------------------------------- 
       alpha |   1.447209   .0247915                      1.399425    1.496624 
------------------------------------------------------------------------------ 
Likelihood-ratio test of alpha=0:  chibar2(01) = 4.1e+04 Prob>=chibar2 = 0.000 
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Table A.12. Zero-Inflated negative binomial regression output 
 
Zero-inflated negative binomial regression        Number of obs   =      20876 
                                                  Nonzero obs     =      10379 
                                                  Zero obs        =      10497 
 
Inflation model = logit                           LR chi2(9)      =   16986.61 
Log likelihood  = -29041.04                       Prob > chi2     =     0.0000 
------------------------------------------------------------------------------ 
             |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
frequency    | 
    speedmph |  -.0125436   .0010164   -12.34   0.000    -.0145358   -.0105514 
relativewi~h |   .0204418   .0035869     5.70   0.000     .0134116    .0274719 
     lanes_m |   .4624234   .0243039    19.03   0.000     .4147886    .5100583 
      curbsw |   .0545329   .0060769     8.97   0.000     .0426225    .0664434 
    lengthmi |   .6059147   .0363481    16.67   0.000     .5346737    .6771557 
        adt2 |   .0000156   3.50e-07    44.76   0.000      .000015    .0000163 
      func_m |   .4705107      .0277    16.99   0.000     .4162196    .5248018 
         age |   .0308466   .0008032    38.40   0.000     .0292723    .0324208 
       ctime |   3.218729   .0539753    59.63   0.000      3.11294    3.324519 
       _cons |  -2.070918   .0682352   -30.35   0.000    -2.204657    -1.93718 
-------------+---------------------------------------------------------------- 
inflate      | 
    sumlanes |  -1.455036   2376.042    -0.00   1.000    -4658.411    4655.501 
    lengthmi |  -7.904969   18603.94    -0.00   1.000    -36470.96    36455.15 
        adt2 |  -.0002051   .2101457    -0.00   0.999    -.4120831     .411673 
      func_m |  -.6954309   2170.095    -0.00   1.000    -4254.004    4252.613 
       _cons |   -15.5421   4842.502    -0.00   0.997    -9506.671    9475.587 
-------------+---------------------------------------------------------------- 
    /lnalpha |  -.2909961   .0174885   -16.64   0.000     -.325273   -.2567193 
-------------+---------------------------------------------------------------- 
       alpha |   .7475186    .013073                      .7223302    .7735853 
------------------------------------------------------------------------------ 
Vuong test of zinb vs. standard negative binomial: z =    -0.00  Pr>z = 0.5007 
 

 

Table A.13. Frequency analyses for poisson and negative binomial probabilities 
 
Obtaining Parameter Estimates 
(64 observations deleted)                    (0 observations deleted) 
Negative Binomial Probabilities               Poisson Probabilities  
with mean = 2.767017 &                        for lambda = 2.767017 
overdispersion = 3.573311 
k nbprob nbcum  k pprob pcum 
0 0.51264183  0.51264185  0 0.06284920  0.06284920 
1 0.13028704  0.64292890  1 0.17390482  0.23675403 
2 0.07571625  0.71864510  2 0.24059880  0.47735283 
3 0.05225557  0.77090067  3 0.22191365  0.69926649 
4 0.03891212  0.80981278  4 0.15350971  0.85277617 
5 0.03024835  0.84006113  5 0.08495279  0.93772900 
6 0.02417298  0.86423415  6 0.03917764  0.97690660 
7 0.01969425  0.88392836  7 0.01548646  0.99239308 
8 0.01627534  0.90020370  8 0.00535641  0.99774945 
9 0.01359778  0.91380149  9 0.00164681  0.99939626 
10 0.01145954  0.92526102  10 0.00045567  0.99985194 
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