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Abstract 

According to the World Health Organization’s 2015 global status report on road safety, nearly 

1.25 million people are killed in road accidents each year, and millions more suffer serious injuries 

with long-term adverse health consequences. In Sri Lanka, road traffic fatalities have increased 

alarmingly from 3.0 to 10.8 deaths per million population per year, from 1938 to 2013.In this 

study, we carried out a micro-level analysis of accidents occurred on two major intercity highways 

(A001 and A004) in Sri Lanka. 

This study was mainly focused on analyzing crash-frequency and crash-injury severities on both 

highways A001 and A004. The traditional negative binomial (NB) regression model was used to 

predict the frequency of crashes of a specific severity level, as a function of explanatory variables 

and, multinomial logistic regression (MLR) was used to analyze the factors that prevailed in a 

specific crash leading to a certain crash severity, including site-specific factors on sections of both 

highways A001 and A004. 

Average daily traffic (ADT) and number of lanes were found as significant contributing factors in 

increasing the crash frequencies on both A001 and A004 highways. Urbanicity, weather and light 

condition, traffic control, casualty gender and age, protection, element type and collision type were 

the most vital ten crash injury severity contributors found on both A001 and A004 highways.  
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CHAPTER 1 : INTRODUCTION 

 

1.1. Background 

 

According to the World Health Organization Global Status 2015 report on road safety, nearly 1.25 

million people are killed in road traffic crashes in each year, and millions more are seriously 

injured, with long-term adverse health consequences. Road traffic injuries are currently estimated 

to be the ninth leading cause of death across all age groups and the leading cause of death among 

young people (ages 15–29) globally. Most of these fatalities are in low and middle-income 

countries, where rapid economic growth is accompanied by increased motorization. However, 

most of these crashes are foreseeable and preventable by accurate identification and pertinent 

interventions (WHO, 2015). 

In Southeast Asia, approximately 316,000 road traffic deaths have been noted each year, 

accounting for approximately 25% of the world’s road traffic fatalities. Sri Lanka is one of 11 

countries in Southeast Asia that is in the lower-middle-income level with a sustainable burden of 

traffic-related fatalities and injuries (Dharmaratne et al., 2015; WHO, 2015; REGION S.E.A., 

2016). In this study, we examine traffic injuries occurring on two major intercity highways in Sri 

Lanka, with a focus on identifying the major contributing factors to vehicle collisions and the 

magnitude of impact on injury severity level, and propose interventions for mitigation and 

prevention. 

 

1.2.Traffic crashes in Sri Lanka 

 

In Sri Lanka, traffic crashes have become a noticeable issue in the past few decades, yet they have 

been neglected due to other critical socioeconomic problems such as unemployment, malnutrition 

and high inflation rates (Kumarage et al., 2002; Dharmaratne et al., 2015). The study done by 

Dharmaratne et al. (2015) showed that road traffic fatalities in Sri Lanka have increased alarmingly 

from 3.0 to 10.8 per 100,000 population from 1938 to 2013, and also noted that the introduction 

of an open door economic policy in 1977, promoting the importation of extremely unsafe vehicles, 
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such as motorbikes and three-wheelers, and the gap between infrastructure development and the 

pace of growth of motorization, has largely contributed to this trend in fatality rates. Further, the 

cost of such road trauma, which is close to 1% of gross domestic product (GDP) and the burden 

imposed on hospital resources, cannot be overlooked in a developing country such as Sri Lanka 

(Kumarage et al., 2002). 

 

1.3. Motivation 

 

Even though it is evident there is a pressing need for extensive studies on Sri Lankan traffic injuries 

and fatalities, only a limited number of studies can be found on this issue, and the shortage of such 

studies has negatively impacted the policy making process, resulting in most road safety issues 

remaining unresolved (Kumarage et al., 2002; Dharmaratne et al., 2015). The remaining Sri 

Lankan literature on this topic is limited and mainly focused on one or a few element types, such 

as motorbikes and three-wheelers or pedestrians, or one severity type such as fatalities. 

Consequently, in this research, we have conducted a comprehensive analysis to determine the 

significant factors contributing to crashes on two major intercity highways in Sri Lanka, which we 

believe will contribute to lessening the knowledge gap and benefit policy makers to understand 

the major safety concerns more precisely.  

 

1.4. Study focus  

 

1.4.1. Focused geographical area  

 

According to the Road Development Authority (RDA), Sri Lanka is comprised of 12,173.19 km 

of "A" and "B" Class highways and 159.78 km of “E” class expressways. However, for the past 

half-decade, approximately 35% of the crashes recorded on "A" and "B" Class highways were 

reported from the Western Province. In the study we analyzed the crashes occurring on highways 

A001 and A004 within the Western Province boundaries. 
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1.4.2. Focused crash contributing factors  

 

In analyzing such crashes on highways A001 and A004, first the available data had to be scanned 

properly. In this study we carried out two key analyses of crash frequencies and crash injury 

severities on both highways A001 and A004 to comprehend the contributing factors (which were 

comprehensively defined and discussed in Chapter 4).  

In order to enable such analysis, independent explanatory variables must initially be identified. 

The finalization of such crash contributing variables (included in the analysis), depends solely on 

the span of the available data. 

In this study, we only used average daily traffic (ADT) and the number of lanes as explanatory 

variables to examine crash frequencies on both highways A001 and A004. The selection of such 

variables was mainly due to the limitation of the highway design data. 

On the other hand, Sri Lankan police records revealed numerous explanatory variable information, 

which influenced crash severities on highways A001 and A004. However, we have confined our 

crash severity contributing factors to the following 17 explanatory variables, mainly due to the 

crash severity modeling constraints. 

 

 Traffic conditions  Casualty age 

 Urbanicity  Protection 

 Day of the week  Element type 

 Weather conditions  Driver gender 

 Light conditions  Driver age 

 Location type  License validity  

 Traffic control  Driver experience 

 Casualty gender  Blood alcohol test results 

 Casualty age  
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1.5. Study objectives  

 

The following list highlights the key four objectives of this study and the statistical tools or 

methods used to achieve such outcomes. 

 Conduct an elementary statistical analysis of crash data on both highways, to comprehend 

the current status of highway safety and to examine the governing characteristics on both 

highways A001 and A004. 

 Identify the correlation between the crash rates (of all severity types) with the traffic 

volume (average daily traffic) and the number of lanes on both highways, by conducting a 

statistical analysis of crash-frequency data (modeling crash-frequencies) using a negative 

binomial regression model on both highways. 

 Identify the top 10 crash severity contributing factors on both highways by conducting a 

statistical analysis of highway crash-injury severity data (modeling crash-injury severities) 

using multinomial logistic regression. 

 Propose short-term and long-term interventions and crash mitigation strategies for the 

identified key crash contributing factors on both highways A001 and A004. 
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CHAPTER 2 : LITERATURE REVIEW  

This section discusses the extant studies on highway crash frequency and crash severity analysis 

processes. The reviewing process of this literature was done according to similar methodological 

approaches used under crash frequency and crash severity modeling in this study, and different 

methodologic approaches were used to model similar types of data. 

In this study, negative binomial (NB) regression was used to analyze the crash frequencies, and 

multinomial logistic (MNL) regression was used to analyze crash severities on both highways 

A001 and A004.  

The coming subsection discusses related studies done on crash frequency analysis. 

2.1. Related studies on crash frequency analysis 

During the last few decades, researchers have been continually involved in understanding the 

factors that affect the likelihood of crashes in order to predict the probability associated with those 

crashes, and offer direction for strategies and countermeasures intended to reduce the number of 

crashes. However, most the time, comprehensive data related to a crash, such as driving 

information (braking, acceleration and steering), vehicle performance, fault, environmental factors 

and driver physiognomy are infrequently found among the records or are unavailable. Lack of this 

type of information has led most researchers to only focus on factors that affect the frequency of 

crashes occurring in a specific geographical region or a specific highway over a definite time 

period, rather than engage in cause and effect relationships with individual vehicle crashes (Lord 

and Mannering, 2010) 

Negative binomial (sometimes referred to as the Poisson-gamma) processes could be named as 

one of the most prevalent models used in analyzing crash frequencies. In this section we wish to 

discuss some of these associated studies, primarily focusing on the type of crash frequencies 

considered, study area, explanatory factors considered, significant findings and key conclusions. 
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Poch and Mannering (1996) conducted a study on estimating a negative binomial model for 

analyzing annual crash frequencies at interaction approaches in Bellevue, Washington. Average 

daily traffic (ADT) values of turning movements and the approaching and opposing speeds of 

vehicles at intersections were taken as the predictor variables. According to the results, higher 

approach speeds contribute to increased crash frequencies at intersections, and intersection 

approaches with a combined through-left lane or with two or more total lanes displayed an increase 

in crash frequencies compared to intersection approaches without such configurations. They also 

noted that their study would be beneficial for intersection designers and researchers who want to 

compare such methodological approaches in crash frequency analysis.  

Abdel-Aty and Radwan (2000) also used the negative binomial modeling approach to study crash 

frequencies in central Florida. Annual Average Daily Traffic (AADT), Urbanicity, degree of 

horizontal curvature, number of lanes, shoulder and median widths and section length were 

considered the predictor variables in their study, which found that crash frequencies tend to 

increase with the increase of AADT values and the number of lanes, a larger degree of horizontal 

curve and narrow lane widths. Also, they found that urban sections of roads have a higher 

likelihood for crash occurrences than rural sections. They also noted that their study confirms the 

superiority of negative binomial formulation compared to restricted Poisson regression. 

In a similar study, conducted by Milton and Mannering (1998) in Washington State, crash 

frequencies were modeled with predictors such as annual average daily traffic (AADT), posted 

speed limits, number of lanes, lane shoulder widths, road horizontal alignment, vertical grade 

indicators and section lengths, with the finding that all of these aspects were significant interpreters 

of crash occurrences. According to their study, crash frequencies tend to increase with an increase 

of AADT values, number of lanes, narrow shoulder widths, larger horizontal curve radiuses, large 

vertical grades and sections lengths more than 0.4 kilometres. In addition, they have provided an 

extensive discussion of each variable and relate some of the findings with past literature. 

Shankar et al. (1995) used a negative binomial modeling approach to identify the relationship 

between crash occurrence, roadway geometries and weather conditions. According to their results, 

maximum rain and snowfall per day were significant predictors of such crash counts, and an 
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increase in either of these weather conditions increased crash frequency, but the type of collision 

was different under each condition. For example, snow tends to increase the incidence of rear-end 

crashes, while the opposite was observed under rainy conditions. In addition, the authors have 

proposed apt countermeasures to overcome the effect of such adverse weather conditions. 

A study done in Auckland by Chengye and Ranjitkar (2013) developed three different crash 

prediction models according to Urbanicity and the availability of ramps, and a model for the entire 

motorway, using a negative binomial modeling approach. In their study, they found that average 

daily traffic (ADT) per lane, the number of lanes and motorway segment length were significant 

predictors of crash frequencies among all three models. Further, validation tools such as mean 

absolute deviance (MAD) and mean-squared predictive error (MSPE) were applied to examine the 

forecasting aptitude of each estimated model. 

In addition to a negative binomial regression approach, many researchers have tried to compare 

the results with other crash frequency modeling approaches to examine the predictability of such 

models. 

Lord et al. (2005) conducted a comprehensive study on how to analyze crash data using the 

Poisson, Poisson-gamma and zero-inflated regression models. The authors used highway crash 

data from the U.S. and illustrated the theoretical modeling process from the first principles. The 

foremost motivation of their study was to establish guidelines when selecting an appropriate model 

for modeling crash frequencies. Miaou (1994) conducted a similar study to appraise the 

performance of Poisson, negative binomial and zero-inflated Poisson models by examining the 

frequency of truck crashes in the U.S. Average daily traffic (ADT) per lane, horizontal curvature 

and section length were some of the predictor variables considered in their analysis. Miaou’s study 

noted that if overdispersion (variance > mean) exists, negative binomial and zero-inflated Poisson 

were the best choice of model to establish the relationship between highway geometrics and crash 

counts, but if overdispersion  is not present then the Poisson regression model was an adequate 

choice. 

As an alternative to negative binomial regression models, an artificial neural network (ANN) 

modeling process was proposed in a study done by Chang (2005). In this study the author has used 
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crash data from the National Freeway in Taiwan and estimated the significant predictors using 

negative binomial modeling and artificial neural network approaches. Average daily traffic (ADT) 

per lane, number of lanes, annual precipitation and truck percentage indicators were some of the 

predictors used in this study, which found that an artificial neural network model was slightly 

better at predicting crash frequencies compared to a negative binomial model. 

However, many studies have tried to predict crash frequencies using methodological approaches 

other than negative binomial regression, and the coming paragraphs discuss some of the methods 

used to model crashes using such models.  

Miaou et al. (1992) used the Poisson regression modeling approach to establish the relationship 

between truck crash frequencies with highway geometric design factors in North Carolina. 

Average annual daily traffic (AADT) per lane, horizontal curvature, and vertical grade were some 

of the significant predictors found during their study. Jones et al. (1991) also used similar Poisson 

process modeling in their study analyzing crash frequencies in Seattle. In their model they have 

included environmental factors, such as weather conditions, seasonal effect according to month, 

and the influence of special events such as planned sporting events to predict the frequency of 

crashes occurring in Seattle. The authors found that seasonal effect and game days had a significant 

impact on crash counts, but only a slight impact was noted under different weather conditions. 

However, most of these Poisson process models assumed that the mean of the crash frequency 

variable was equal to the variance, but most of the time it was not the case (Milton and Mannering, 

1998). To overcome this matter, researchers started using negative binomial regression for crash 

frequency analysis. However, due to extremely low crash rates in some segments of the relevant 

highway, during a particular study period, some might find a high number of zero crash rate 

segments (more zeros compared to non-negative integer counts) among models. This phenomenon 

might generate an estimate bias indicating a safer environment for such highway segments (but 

which might not be true, with more observational time). Therefore, extension models of standard 

Poisson and negative binomial regression such as zero-inflated Poisson (ZIP) and zero-inflated 

negative binomial (ZINB) regression models have gained more recognition among researchers as 

better count models (Shankar et al., 1997; Lee and Mannering, 2002). 
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A study done by Shankar et al. (1997) using both zero-inflated Poisson (ZIP) and zero-inflated 

negative binomial (ZINB) models showed that both of these zero-inflated model structures were 

better fits than the negative binomial processes for predicting crash frequencies of road sections. 

Average annual daily traffic (AADT) per lane, number of lanes, posted speed limit and lane 

shoulder widths were some of the significant predictors used in their study to examine the 

efficiency of such zero-inflated models. 

Lee and Mannering (2002) used a similar zero-inflated negative binomial (ZINB) modeling 

approach to model the crash frequencies of run-off-roadway crashes in Washington State. The 

authors developed two models according to Urbanicity, and found significant differences among 

the predictors, given whether an area was urban or rural. Further, they noted that crash frequencies 

tend to increase with rain and windstorms, high speed limits and the presence of cut-slopes and 

isolated trees, and tend to decrease with large median widths and with longer vertical curve lengths. 

Another application of the zero-inflated negative binomial (ZINB) model is found in the study of 

Yan et al. (2012). In their study, total crash frequencies, injury crash frequencies and fatal crash 

frequencies were modeled to differentiate between the rural and urban road segment safety aspects. 

In their modeling process, they used predictors such as average daily traffic (ADT), number of 

lanes and speed limits. The authors found that urban areas have a higher crash hazard compared to 

rural areas in terms of crash frequencies, and crash frequencies tend to increase with high traffic 

volumes, fewer number of lanes and low free flow speeds. 

Some researchers have used a multivariate Poisson-lognormal (MVPLN) regression approach to 

develop models for crash frequencies, and the use of such a technique is found in the studies of 

El-Basyouny and Sayed (2009) and Zhan et al. (2015).  

In their study, El-Basyouny and Sayed (2009) tried to establish a new multivariate hazardous 

location identification method using crash counts according to the level of crash severity, and Zhan 

et al. (2015) studied the performance of the MVPLN models over univariate Poisson-lognormal 

(PLN), univariate Poisson and negative binomial models, and found that the multivariate Poisson-

lognormal model outperformed all other models while fitting the crash frequency data. Land use 
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attributes such as number of schools, and demographic characteristics such as age and education, 

were some of the explanatory variables used in the crash count modeling process. 

In addition, novel techniques such as Support Vector Machine (SVM) models, Machine Learning 

Techniques and Neural Network models have been used to model crash frequencies in recent years 

(Li et al., 2008; Abdel-Aty and Haleem, 2011; Huang et al., 2016). In the study by Li et al. (2008), 

average daily traffic (ADT), segment length, lane widths and right-shoulder widths were used as 

explanatory variables to develop a Support Vector Machine model to predict crash frequencies. 

They also noted that the Support Vector Machine model works as a black-box, similar to Neural 

Network models, which don’t generate interpretable parameters as in typical count models (such 

as negative binomial) for each explanatory variable. Abdel-Aty and Haleem (2011) used a newly 

established machine learning technique known as multivariate adaptive regression splines 

(MARS), to predict angle crashes at unsignalized intersections in Florida. To compare the results, 

they also developed a negative binomial model to fit the same data. According to their results, 

traffic volume, upstream distance to the nearest signalized intersection, distance between 

successive unsignalized intersections and median type on the major approach were some of the 

variables found to be significant. Also, they noted that treating crash frequencies as a continuous 

variable generated more promising results compared to treating crash frequencies as a discrete 

variable.  

In summary, compared to many modeling approaches, traditional negative binomial regression 

showed promising outcomes when establishing a relationship with crash frequencies and other 

associated predictor variables. Moreover, most of the studies used average daily traffic (ADT) or 

annual average daily traffic (AADT) and the number of lanes as predictors in their models. 

In our study, we used the negative binomial modeling approach to establish the relationship among 

crash frequencies with average daily traffic (ADT) values and number of lanes. 

2.2. Related studies on crash severity analysis 

Extensive methodological techniques have been developed over the years to analyze crash-severity 

data. These methodological approaches tried to establish the relationship between the discrete 
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severity outcomes of a crash with the factors influencing such severity. Typically, these crash 

severity models are classified as either a binary response outcome model (fatal or non-fatal) or a 

multiple response outcome model (fatal, grievous, damage only etc.). If the dependent variables 

were associated with multiple response outcomes, ordered outcome models or unordered outcome 

models were used to analyze crash severities (Savolainen et al., 2011). Among unordered outcome 

models, multinomial logistic (MNL) regression was the most widely used discrete outcome model 

in analyzing crash severities. 

Celik and Oktay (2014) used the multinomial logistic regression approach in their study to explore 

the risk factors affecting the severity of traffic injuries in the Erzurum and Kars provinces of 

Turkey. Driver characteristics such as age, gender and education, environmental characteristics 

such as weather conditions and light, vehicle characteristics such as type of vehicle and purpose 

of use, control characteristics such as traffic lights and pedestrian crosswalks were some of the 

predictor variables included in the modeling process. This study found that the likelihood of fatal 

injuries increased with driver age (>65 years), lower education level, presence of pedestrian 

crosswalks; and the likelihood of a fatal injury decreases with clear weather conditions, 

involvement of cars and the presence of traffic lights.  

Wu et al. (2016) developed two multinomial logit regression models to analyze injury severities 

in teenage and adult drivers in New Mexico. Urbanicity, weather conditions, traffic control, type 

of vehicle, day and the time of crash, driver gender and driving while under the influence of alcohol 

were some of the explanatory variables used in their analysis, with the likelihood of severe injuries 

tending to increase with vehicle types such as motorbikes and trucks, dark lighting conditions, 

female drivers and alcohol impaired driving, and tending to decrease with controlled intersections 

and the use of seatbelts. 

Rifaat et al. (2011) employed multinomial logistic regression to analyze crash severities for 

vulnerable road users in the City of Calgary. The main motivation for their study was to inspect 

the effect of different street patterns on crash severity levels. Street pattern such as grid-iron, 

warped parallel and loops and lollipops, driver characteristics such gender and age, environmental 

characteristics such as light conditions, and control characteristics such as traffic lights and stop 
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signs, were some of the explanatory variables included in the crash severity analysis of pedestrians 

and bicycles. According to their findings, the likelihood of a fatal injury severity outcome 

increased with the winter season, male drivers, alcohol impaired drivers and divided roads with 

barriers, and the likelihood of a fatal injury decreased with traffic signals, daylight and loops and 

lollipop street designs. 

Shankar and Mannering (1996) used multinomial logistic modeling to examine single-vehicle 

motorcycle accident severities in Washington State. They used five levels such as fatality, 

disabling injury, evident injury, possible injury and damage only as the types of injury severity 

outcomes. Rider characteristics such as age, helmet use and alcohol impaired riding, road 

characteristics such as wet surfaces, and other attributes such as speeding and rider inattention 

were included in the model. This study found that injury severities tend to increase with elderly 

riders, less helmet use, alcohol impaired riding, speeding, rider inattention, motorcycle 

displacement and rider ejection. 

A similar methodological approach was employed in the study of Malyshkina and Mannering 

(2010) to explore the severity of highway accidents in Indiana. Their study mainly tried to 

determine the impact on crash severities by the exceptions applied on standardized highway 

designs. According to their findings, female drivers, signal controls and higher posted speed limits 

were all indicators showing a higher likelihood of an injury crash, with crashes that occurred in an 

urban area and not at intersections showing less likelihood of an injury severity outcome. Also, 

they found that the design exceptions on crash severity were insignificant, suggesting that design 

exceptions do not have any impact on severity outcomes. 

Kim et al. (2007) used multinomial logistic modeling to analyze the crash severities of bicyclists 

in bicycle–motor vehicle crashes in North Carolina in the U.S. Their study used four injury severity 

outcome levels, such as fatal, incapacitating, non-incapacitating, and possible or no injury, 

exploring more than 20 variables such as rider age and gender, crash location, type of vehicle 

involved, Urbanicity, and light and weather conditions. According to their results, the probability 

of injury severity increases with bicyclists aged 55 and over, higher speed of the involved vehicle,  

crashes occurring on a weekend, and inadequate lighting, while the likelihood of a more severe 

injury decreased with  the use of helmets. 
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A study done by Carson and Mannering (2001) used a similar methodological approach to 

understand the effectiveness of ice warning signs on crash severities and frequencies in 

Washington State. Under their severity analysis, they found that the effect of ice warning signs 

was insignificant in terms of crash injury severity, and day of the week, alcohol-impaired 

motorists, and the number of vehicles involved were among the significant factors found to 

increase crash injury severity. 

One of the limitations of a multinomial logistic modeling approach was the assumption of the 

independence of irrelevant alternatives, which is known as the IIA property. The effect of 

unobserved elements among some variables when determining crash severities contributes to this 

error. To avoid such errors, some researchers have tried to use the nested logit modeling approach 

instead of multinomial logit modeling when modeling crash severities. (Shankar et al., 1996; 

Washington et al., 2010). 

Shankar et al. (1996) used the nested logit modeling to determine crash injury severity in 

Washington State. Environmental factors, highway design, collision type, driver characteristics 

and vehicle characteristics have been included in the modeling process as predictor variables, with 

the finding that crash injury severities tend to increase with variables such as angle collisions, 

overturn collisions, speeding, occupant ejection, male drivers and night time. 

A study done by Savolainen and Mannering (2007) employed both the nested logit and 

multinomial logistic modeling approaches to examine injury severities in single and multi-vehicle 

crashes of motorbikes in the state of Indiana. Poor visibility, speeding, alcohol use, not wearing a 

helmet, right-angle and head-on collisions, older riders (>60 years) and collisions with fixed 

objects were a few of the explanatory variables that contributed significantly to increasing crash 

severities, and crashes occurring near intersections and under wet pavement conditions contributed 

to lessen the injury severity of a crash according to their findings. However, there were no 

significant suggestions of the model performance or comparisons included in the analysis. 

However, Abdel-Aty (2003) noted that complexity allied with identifying the nesting structure in 

estimating the nested logit model and a lack of favorable results were some of the drawbacks found 

in employing a nested logit modeling approach for modeling crash severities. 

In recent years, ordered discrete outcome models such as ordered probit and ordered logit models 

have become more popular in the analysis of multi-class injury severity data sets. Under ordinal 
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logit models the severity outcomes are treated as discrete outcomes with a hierarchical form in 

injury severities (Kockelman and Kweon, 2002; Quddus et al., 2002; Abdel-Aty, 2003; Savolainen 

et al. 2011). In this form of modeling, issues such as IIA (assumption of independence of irrelevant 

alternatives in multinomial logit models) could be overcome and the progressing nature of the 

severity will be taken into account. 

Kockelman and Kweon (2002) used the ordered probit modeling approach to explore the risk of 

different injury levels sustained under all crash types, two-vehicle crashes, and single-vehicle 

crashes in the U.S. Driver characteristics such as age and gender, vehicle characteristics such as 

vehicle age and type, crash characteristics such as collision type, and other information such as 

light conditions and day and time were some of the explanatory variables used in their crash 

severity modeling process, which found that collision type, alcohol impaired driving, female 

drivers, old vehicles and vehicle type, such as pickups and SUVs, contributed to increase injury 

severities among the victims.  

Quddus et al. (2002) used the ordered probit modeling approach to examine factors contributing 

to motorbike crashes in Singapore. Driver age and gender, vehicle type, traffic and location type, 

presence of a pillion passenger, time of day and seasonal effect were some of the predictor 

variables included in their study, which found that road design such as road bends, early morning 

time frame, presence of a pillion passenger and riders ages 60-69 years old increased the likelihood 

of a more severe injury crash among motorbike users in Singapore. Another study conducted by 

Quddus et al. (2009) also employed a similar modeling approach to explore crash severities on the 

M25 motorway in the United Kingdom, and found that factors such as traffic flow, radius of road 

curvature, darkness and light conditions, wet road surface conditions, and time frame were 

significant in decreasing injury severities, and factors such as three-lanes, single-vehicle crashes, 

and weekdays were significant in increasing the severity of crashes on the M25.  

The study done by Abdel-Aty (2003), a three-modeling approach that includes ordered probit, 

multinomial logit and nested logit model, was used to explore crash severity contributing factors 

on roadway sections, signalized intersections and toll plazas in Central Florida. Driver age and 

gender, seatbelt use, vehicle type, Urbanicity, speed ratio (running speed/post speed) and light-

weather interactions were some of the explanatory variables used in these modeling processes. The 

study found that crash severity tends to increase with the following factors: driver age (older 
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drivers), gender (male drivers), not wearing seatbelts, roadway curves, dark lighting conditions, 

rural areas, higher speeds and vehicles equipped with an electronic toll collection device (E-Pass) 

(a variable specific to toll plazas). Additionally, Abdel-Aty suggested that compared to 

multinomial logit and nested logit models, ordered probit models perform better in terms of 

simplicity and favorable results. 

However, ordinal logistic regression approaches tend to have their own drawbacks. 

Underrepresentation of damage-only or minor injury crashes, constrained to estimate the effects 

in only one direction (ascending or descending in injury severity level) were the two major issues 

encountered when employing such ordinal response models in a crash severity analysis 

(Savolainen and Mannering, 2007; Kim et al. 2007) 

Logistic regression approach was another modeling process used in crash severity analysis studies 

(Ballesteros et al. 2004; Conroy et al. 2008; Tay et al., 2009). In logistic regression modeling the 

severity outcomes take the form of a binary or dichotomous response. Tay et al. (2009) used this 

logistic regression modeling approach to examine the factors contributing to injury severities 

among hit-and-run victims in fatal crashes in California, U.S.A. Day and time of crash, number of 

vehicles, collision type, location, median type, speed limit, light and weather conditions and 

vertical and horizontal alignments of the road were some of the predictor variables employed in 

the analysis. The study found that the likelihood of a fatal injury crash increases with the following 

factors: crashes occurring during weekends, number of vehicles, pedestrian involvement, collision 

type, undivided highways, one-way streets, dawn hour crashes, poor light conditions and straight 

roadway segments. 

A similar logistic regression modeling approach was used in studies conducted by Ballesteros et 

al. (2004) and Conroy et al. (2008). Ballesteros et al. (2004) employed logistic regression to 

examine the association of pedestrian injury severities with crashes involving vehicle type in 

Maryland. The authors found that the likelihood of a fatal injury among pedestrians increases with 

the involvement of SUVs and pickup trucks compared to cars. Further, in the study by Conroy et 

al. (2008) on the influence of vehicle damage on injury severity in head-on crashes in the U.S., it 

was found that intrusion into the occupant compartment at the driver’s seat location and driving a 

passenger car tend to increase the severity, and a wide area of exterior vehicle damage tends to 

decrease crash severity for crash victims. 
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Use of a random parameter ordered probit modeling approach, bivariate ordered probit modeling 

approach and mixed (random parameters) logit modeling approach could be found among some 

crash severity analysis studies (Lapparent, 2008; Milton et al., 2008; Christoforou et al., 2010).  

Christoforou et al. (2010) used the random parameters ordered probit modeling approach to 

examine the influence of speed and traffic volume on the crash injury severity level in Paris, and 

found that higher traffic volume speeds tend to increase injury severity levels. Lapparent (2008) 

employed the bivariate ordered probit modeling approach to understand the decision to use a 

seatbelt in a car and the resulting severity of crashes in France, and found that the use of seatbelts 

significantly reduces crash severity. A mixed (random parameters) logit modeling approach was 

taken in the study conducted by Milton et al. (2008) to explore highway crash severities in 

Washington State, which suggested that mixed logit modeling gives more flexibility to arrest 

segment-specific heterogeneity on highways. 

In addition to these discussed models under crash injury severity analysis, novel modeling 

approaches, such as Artificial Neural Networks (ANN) and Machine Learning Techniques were 

used (Delen et al., 2006; Das, 2009; Zeng and Huang, 2014). Typically, these modeling approaches 

were sophisticated with some working as black boxes, mainly the ANN models. Although these 

techniques were used to intensely analyze crash data, we believe that the use of such advanced 

methods might diverge from the main purpose of the study. 

In summary, employing a multinomial logistic regression modeling process in a crash severity 

analysis seems a more rational approach, compared to many methods discussed under this 

subsection in term of its strength of predictability, simplicity and due to more comprehensible 

estimations compared to other methods.  
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CHAPTER 3 : DATA 

 

This section describes the study area, the method of data acquisition and types of information 

available, the process of data formatting and cleaning, and the data limitations. Further, 

descriptions of each explanatory variable are highlighted.  

3.1. Study area 

This subsection describes the two highways that were considered for this crash study. 

3.1.1. A001 Highway  

 

The A001 Highway was the first modern highway built in Sri Lanka, and is commonly known as 

the Colombo-Kandy Road. This highway carries traffic travelling towards Sri Lanka’s central hills, 

as well as towards the country’s northern and north central areas, and could be considered one of 

the busiest and most commercially significant highways connecting the capital city. According to 

University of Moratuwa 2011 survey database, traffic flow volumes along this highway were very 

heavy during peak hours, with bidirectional average daily traffic (ADT) values reaching as high 

as 52,000 vehicles. The total highway length is 115.85 kilometres; in this study, we only 

considered traffic crashes occurring within 53.1 kilometres of the highway, which was from 

Peliyagoda (Colombo) to Ambepussa (Figure 3.1 /A to B). Data acquisition was carried out in four 

phases as shown in Table 3.1; Highway A001 crash data were collected under the third and fourth 

phases. 

3.1.2. A004 Highway 

 

The A004 Highway is the longest highway in Sri Lanka, connecting the country’s western province 

with its eastern province, and running through more than three provinces of the island nation. 

According to the same traffic flow survey database of University of Moratuwa, bidirectional ADT 

values along this highway range from 46,000 to 20,000 vehicles. The total highway length is 430 

kilometres, and as shown in Figure 3.1 (C to D) we only collected crash data from 52.1 kilometres 

along the highway, from Vilasitha Niwasa (Colombo) to Avissawella under the first two phases of 

the data collection process (Table 3.1).  
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Table 3.1: Data collection phases 

Highway Phase  Start Point End Point Length 

A004 
Phase 1 Vilasitha Niwasa Godagama 20.4 km 

Phase 2 Godagama Avissawella 31.7 km 

A001 
Phase 3 Peliyagoda Nittambuwa 32.6 Km 

Phase 4 Nittambuwa Ambepussa 20.5 Km 

 

 

 

 

 

 

 

 

 

 

 

    

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1:A001 and A001 highway sections 
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3.2. Data acquisition method 

Data collection commenced in 2013; at that time, complete accident records from that year were 

not available for this investigation.  Therefore, accident records from 2010, 2011 and 2012 were 

considered. Before discussing the data acquisition method, we wish to summarize the process of 

recording a crash by the Sri Lankan police.  

 

3.2.1. Recording process of a crash 

  

Figure 3.2 illustrates the reporting process of a crash by the Sri Lankan police, with each stage 

arranged according to the timeline of events. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Once a road crash is reported to the police, it is recorded by the investigating officers attached to 

the respective police area, with the entry made in the accident record book (ARB) of the respective 

Incident of the crash 
Contacting the nearest 

police office
If the casualties severe 

taken to hospital 

Arriving of the police 
officers 

Recording the crash 
according to the driver 

/victims or witnesses and 
the judgment of the 

present police officer

Entry made in the 
accident record book 

(ARB)

Victim’s statement of the 
crash (might take few 
days depending on the 

seriousness of the 
injuries)

Critical information 
transferred from the ARB 

to Form 297 B –
Anatomy of Collision

Transfer the critical 
information to the police 
accident record database 

at the police head 
quarters

Figure 3.2: Recording process of a crash 
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police station. The critical information for each recorded crash is thereafter recorded from the ARB 

to “Form 297B – Anatomy of collision” as depicted in Appendix A. The information transfer from 

ARB to Form 297B is done by a different police officer, and therefore the accuracy of the reporting 

depends exclusively on the clarity of the incident report by the relevant field officers. This 

information in the format of Form 297B is then transferred to the police crash record database at 

police headquarters.  

 

3.2.2.  Data acquisition  

The main source of the crash data for this study was from the Sri Lankan police central crash 

record database. The central database keeps tab on the information on each crash in Microsoft 

Access file format, storing it according to the year. For this study, we acquired accident records 

from 2010, 2011 and 2012, and then filtered these to extract the relevant records along the A001 

and A004 highways. Then the extracted crash records were cross-examined with the respective 

local police station records (ARB) for validation. 

The traffic volume details (ADT: average daily traffic) for each highway section were extracted 

from a field survey report conducted in 2011 by the University of Moratuwa Department of 

Transport and Logistics Management. 
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3.3.  Type of information available  

 

Table 3.2 illustrates the span of information available from the Sri Lankan police database, which 

contains 20 major categories and more than 60 subcategories, with many layers of evidence 

regarding the crash. As an example, location details were comprised of such information as road 

number, street name, exact GPS coordinates of the crash location and nearest kilometer post*.  

 

Table 3.2: Type of information provided in police reports 

 

*  kilometer posts are marked to show the distance relative to some point, and in Sri Lanka the 

Colombo Fort Clock Tower is marked as the zero post; the distance of all major roads is 

calculated from this point. 

 

In this study, we only focused on a few of these categories that were decidedly significant for the 

analysis and will be comprehensively discussed in the upcoming sections. 

 

Accident information Victim’s information 
Vehicle and license 

information 

Date and time Age Vehicle year of make 

Number of vehicles involved  Gender Vehicle registration details 

Number of casualties 
Seat belt and child restraint 

details  
Driver’s license details 

Location details Hospitalization details   

Classification according to 

severity  
    

Collision Type     

Road Surface Condition     

Weather Condition     

Lighting Condition     

Location Type     

Traffic Control Method     

Speed Controls     

Blood alcohol test result     
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3.4.  Data formatting and limitations 

 

3.4.1. Data formatting 

The crash data were treated and formatted in three different ways to enable three different types of 

analysis. Figure 3.3 summarizes the details of each type of analysis, the relevant formatting and 

software used.  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For the crash injury severity analysis, each crash was extracted with selected explanatory variables 

from the police database, and was stored in SPSS file format. For the crash frequency analysis, 

variables such as the number of lanes and ADT values were selected. Thus, to allow these variables 
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Crash injury severity 
analysis

Data were organized according to the severity of
each crash and listed along with the explanatory
variables

IBM SPSS version 22 was used 

Crash frequency analysis 

Each highway was segmented according to crash
density and road features while keeping the mean
and the mode of the segment length to 0.25 km.

Microsoft Excel , Google earth pro
and IBM SPSS vision 22 was used

Descriptive and inferential 
statistics

The crash data were normalized per million vehicle
kilometres per year

Microsoft Excel and IBM SPSS 
version 22 was used 

Figure 3.3: Summary of data formatting 
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to change with distance, we segmented each highway according to crash density and road features, 

while keeping the mean and mode of the segment length to 0.25 kilometres. We also used Google 

maps for the segmentation process to identify the start and end points of each segment.  

For crash descriptive and inferential statistics, the crash data were normalized per million vehicle 

kilometres per year using the following equations (Anon, 2017): 

 

Equation 3.1 

Average annual crashes per million vehicle kilometres =
Crash count per year

Million vehicle kilometres per year
 

   

Equation 3.2 

Million vehicle kilometres per year =
(ADT x 365)

1,000,000
×

Length(m)

1,000
 

    

Equation 3.3 

AACC per MVKM=
Crash Count per Year

(ADT x 365)
1,000,000

×
Length(m)

1,000

 

 

Here, 

 

 Average Annual Crash Count (AACC) is the count of all accidents recorded in that 

segment over the period of three years (2010 to 2012) given as an annual average. 

 ADT is the Average Daily Traffic (daily average over both directions computed as an 

average taken over counts of less than 365 days) 

 Length (m) is interested highway segment length given in metres  

 

ADT is daily volumes in a time period greater than a day, but less than one year, divided by the 

number of days counted AADT is total yearly volume divided by the number of days in the year 
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3.4.1. Data Limitations 

 

In Sri Lanka, most road crashes are not reported to the police if there is no severe impact on either 

people or vehicles.  The drivers thus contact their respective insurance providers seeking 

compensation for damages.  Therefore, reporting of damage-only accidents to police is very rare.  

Police officers in the field also encourage involved parties to settle damages without recording 

these types of accidents. Therefore, the complete crash database would require not only police 

records, but also the records of insurance providers.  Since damage-only accidents are not recorded 

in full, and since there is no proper facility to acquire the required details from insurance 

companies, it was decided to only use police records.  

The accuracy of police records depends solely on the accuracy and clarity of the field police 

officer’s reporting of the crash, and the driver and victim statements. In this study, we assumed 

that all details given under the police crash reports were true and accurate enough to conduct the 

analysis.  

  

3.5.  Explanatory variables  

 

In this study, we have chosen the most suitable 17 explanatory variables from the police database 

for the analysis that elucidates the entire crash details, from severity to victim information. Those 

variables were selected according to the strength of explanation of the crash, and listed only those 

without any correlation with one another.  Each variable is explained as follows: 

 

3.5.1. Crash severity  

In Sri Lankan police reports, crash severity classified under four categories indicates the level of 

damage, from major to minor. Table 3.3 illustrates the descriptions used for each severity type. 

Further, the same classifications were used in this study.  

Table 3.3: Description of severity types 

Severity  Description  

Fatal Person(s) deceased 

Grievous Injury to head or permanent damage to any body part 
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Non-grievous Minor injuries, such as abrasion 

Damage only Only property damage 

 

3.5.2. Traffic conditions  

 

In the original dataset, traffic conditions during the crash were not specified. We used the crash 

time to deduce traffic conditions. The following Table 3.4 shows operating hours according to 

major sectors in Sri Lanka, and Table 3.5 shows the classifications used in our study. 

 

Table 3.4: Hours of operation according to sector 

Sector Start 

a.am.a.am.a..a.am.AM 

End 

State schools 7:30 a.m. 1:30 p.m. 

Private schools 7:30/8:00 a.m. 1:30/2:00 p.m. 

Public sector offices 8:45/9:00 a.m. 4:45/5:00 p.m. 

Private sector offices 9:00 a.m. 5:30 p.m. 

Banking/financial sector 9:00 a.m. 5:30 p.m. 

Retail business 10:00 a.m. 6:30 p.m. 

 

 

Table 3.5: Classification of traffic conditions used in the study 

Classification Time duration Traffic condition 

Morning peak hours /school 

traffic 
7.30 a.m. to 10 a.m. Peak 

Daytime off-peak hours 
6.00 a.m. to 7.30 a.m. /10 a.m. to 1 p.m. 

and 3 p.m. to 5 p.m. 
Off-peak 

Evening school traffic 1 p.m. to 3 p.m. Peak 

Afternoon peak hours 5 p.m. to 7 p.m. Peak 

Night 
12 midnight to 6 a.m. and 7 p.m. to 12 

midnight 
Off-peak 
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3.5.3. Urbanicity 

 

This variable explains the degree to which a given geographical area is urban. This categorization 

depends exclusively on the surrounding physical environment of the crash site, traffic flow and 

the judgment of the police officer who reported the incident. Urban and rural were the 

subcategories noted under this variable. 

 

3.5.4. Day of the week  

 

This variable describes the exact date of the crash, and is further divided into two subgroups, 

according to whether it was a holiday or a normal working day.  

 

3.5.5. Collision type 

 

The following Table 3.6 shows the descriptions of all collision types considered in this study; the 

descriptions were derived according to Sri Lankan police database classifications. 

 

Table 3.6: Collision types and their descriptions 

Collision type Description 

Head-on 
Crash of two vehicles that are moving directly toward each other and 

the front end of each vehicle making the initial contact 

Rear-end 
Crash of two vehicles that are moving in the same direction, with one 

vehicle’s front-end colliding with the rear of the vehicle in front 

Sideswipe 

Crash of two vehicles when driven next to one another in the same 

direction, with the sides of the two vehicles coming into contact with 

each other 

Collisions with stopped 

vehicle 

Crash of two vehicles when one vehicle collides with a stopped (engine 

switched off) vehicle 
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Single Vehicle 

Crash in which only one vehicle is involved. This category is 

comprised of run-off-road crashes, collisions with fallen rocks or 

debris, and rollover crashes within the roadway. 

Pedestrian 

A motor vehicle traffic crash involving a pedestrian, which could 

include any person on foot, who is walking, running, sitting or lying 

down. 

Cyclist A motor vehicle traffic crash involving a cyclist 

Other 
Collisions with animals or any other stationary objects not mentioned 

above, and falling from buses were considered under this category 

 

 

3.5.6. Weather conditions 

 

This variable explains the weather conditions at the time of the crash, such as whether it was rainy 

out or clear. Since road conditions that are wet or dry are decidedly correlated with weather 

conditions, road conditions were excluded from the list of variables.  

 

3.5.7. Light conditions 

 

This variable explains the light conditions at the time of the crash, and Table 3.7 shows the 

classification used by police and the new classification derived for this study. However, the 

accuracy of this condition is solely dependent on the judgment of the police officer at the scene.  

 

Table 3.7: Classification of light conditions 

Light condition New classification 

Daylight 
Adequate lighting  

Night and good street lighting 

Night and no street lighting 

Inadequate lighting  Dusk/dawn 

Night and improper street lighting 
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3.5.8. Traffic control 

 

This variable explains what type of traffic control was available at the scene when the crash 

occurred, and is further divided into two subgroups according to the level of enforcement at the 

crash site, such as controlled by traffic lights, police warden or no control available. 

3.5.9. Protection: seatbelt, helmet and child restraint 

 

This variable explains whether the driver and passengers took appropriate safety precautions 

before the crash. Table 3.8 shows the classification used by the police and the new classification 

derived for this study. 

 

Table 3.8: Safety precautions and the action taken by the driver/passengers 

Safety precautions New classification 

Safety belt  

Safety precautions were taken Helmet (motorbikes) 

Child restraint seat 

Safety belt not worn 

Safety precautions were not taken Helmet not worn 

Child restraint seat was not used 

 

3.5.10. Validity of driver’s license  

 

This variable explains whether the person involved in the crash was carrying a valid driver’s 

license specifically issued for the vehicle type he or she was driving at the time. The Department 

of Motor Traffic in Sri Lanka issues driver’s licenses under 13 vehicle classes, such as Class A1 

for motorbikes, and Class B1 for three-wheelers; a person who has obtained B1 is not legally 

allowed to drive a motorbike, unless that person takes a separate driving exam for motorbikes and 

obtains a Class A1 license. However, crashes involving underage drivers (18 years or younger) are 

not significant in Sri Lanka (Motortraffic.gov.lk.2017).  
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Moreover, the following classification was used by police to categorize the type of driver’s license 

presented at the crash site.  

 Learner permit      

 Probation license 

 International license 

 Valid license for the vehicle type or without valid license for the vehicle type   

Since the first three categories could be defined under the fourth one, in this study we simplified 

the above classification into two subgroups, such as with a valid driver’s license and without a 

valid driver’s license. 

 

3.5.11. Driver experience  

 

This variable describes the experience in years as a driver. The number of years was obtained by 

the time duration between the license issue date and the date of the crash. Since this is a continuous 

variable, it was converted to a nominal variable using the following categorization to aid 

understanding and presentation.  

 Less than 10 years 

 10 to 20 years 

 20 years and more  

 

3.5.12.  Element Type 

 

This variable explains what types of vehicles were involved in a crash, with Table 3.9 providing a 

description of each vehicle category. Articulated vehicles, prime movers, bicycles and tractors 

were defined as “other” because the number of crashes involving these types was very low. 
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Table 3.9: Element type 

Element name  Images  

Cars (including jeeps / 

SUVs) 

 

Dual purpose vehicles 

(including vans) 

Three-wheeler 

Motorcycle moped 

Bus (State and private) 

Lorry 

Pedestrian 

Other (Articulated 

vehicles, bicycles etc.) 

 

 

3.5.13. Blood alcohol content test result 

 

The impaired driving laws in Sri Lanka are extremely firm. The blood alcohol content (BAC) must 

be equal to or less than 0.08% to be eligible for driving (WHO.int, 2017). After a crash, if a police 
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officer suspects the driver was drunk, the officer will take the driver to a medical officer for a 

blood test. However, requesting a blood alcohol content test depends on the severity of the crash 

and the judgment of the police officer at the scene. The following three categories are used by 

police to report the influence of blood alcohol content on a crash, and we used the same 

classifications for our analysis.  

 No alcohol or below the legal limit 

 Over the legal limit 

 Not tested  

 

3.5.14. Location type 

 

This variable describes the crash site, and whether or not a crash occurred at an intersection. If the 

crash occurred at an intersection, it provides further details, such as whether it was a three-leg 

intersection, four-leg intersection, or stretch of road with no intersection within 10 metres. 

 

3.5.15.  Driver gender  

 

This variable describes the gender of the driver involved in the crash. 

 

3.5.16.  Driver age 

 

This variable describes the age of the driver at the time of the crash. Since this is a continuous 

variable, it was converted to a nominal variable using following three age bins: 

 25 and younger 

 26 to 65  

 65 and over  
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3.5.17. Causality gender  

 

This variable describes the gender of the victim/victims who were injured in the crash. 

 

3.5.18. Causality age 

 

This variable explains the age of the victim/victims at the time of the crash. Since this is a 

continuous variable, it was converted to a nominal variable using the following four age bins: 

 25 and younger 

 26 to 65  

 65 and over  

 

In Chapter 5, the elementary statistics of these 18 variables will be discussed extensively. 
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CHAPTER 5 : METHODOLOGY  

 

This section discusses the scientific methods used during crash data analysis, and specifically 

highlights the tools used in crash frequency and severity analysis.  

 

4.1. Statistical test used in comparing mean crash rates on both highways 

 

To compare the mean crash rates (given per MVKM) among the two highways, we used the two-

sample t-test (population variance is unknown and assumed unequal) (Washington et al., 2003). 

In this study, we compared the crash rates of each severity type of both A001 and A004 highway 

records using this methodological approach. Therefore, the null (𝐻0) and the alternative (𝐻1) 

hypothesis were as follows: 

𝐻0: 𝜇1 − 𝜇2 ≤ 0 

𝐻1: 𝜇1 − 𝜇2 = 0 

And the t-test statistics could be written as follows: 

 

 

t =
(X̅1  − X̅2) − (μ1 − μ2 )

√
S1
2

n1
2 +

S2
2

n2
2

 

5.1 

(4. 1) 

Where, 

𝜇1 − 𝜇2  is the mean difference between the two populations 

S1 and S2 are the standard deviations of the two samples 

And n1, n2 are the sample sizes of the two populations. 

With a degree of freedom, 

 
df =

(
S1
2

n1
2 +

S2
2

n2
2)
2

(
S1
2

n1
)
2

n1 − 1
+
(
S2
2

n2
)
2

n2 − 1

 
(4. 2) 
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In this study we used a 95% confidence level (α = 0.05) and with test statistics (p-vales) less than 

0.05, the null hypothesis was accepted. 

 

4.2. Statistical test used in fitting probability distributions  

 

In this study, we fitted all of the distributions associated with the crash frequencies of each severity 

type on both highways, and used the Anderson-Darling test to determine the goodness-of-fit of 

each distribution (Jäntschi and Bolboaca, 2010). This test generally compares and tests the fit of 

an observed cumulative distribution function with an expected cumulative distribution function 

and test hypothesis given as, 

𝐻0  ∶ Data follows a specific distribution 

𝐻1  ∶ Data does not follow a specific distribution 

 

And the test statistics of this test are given by, 

 A2 = −n −
1

n
∑(2i − I)[ln(Pi) + ln(1 − Pn−i+1)]

n

i=1

 (4. 3) 

 

Where, n is the sample size, 𝑃𝑖 is the cumulative distribution function for the interested distribution 

and i = the ith sample when the data is sorted in ascending order. The final test result will be 

obtained after comparing the calculated test values and table values, and if the test statistic was 

greater than the critical (for α = 0.05) from the table, the null hypothesis was rejected. 

 

 

4.3. Crash frequencies modeling using negative binomial (NB) regression 

 

In this study, the negative binomial (NB) regression model was used to predict the frequency of 

crashes of a specific severity level on a specific highway segment for a specific time period, as a 
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function of explanatory variables. However, the simplest approach to analyze such count data is 

to apply a Poisson regression model, assuming that the crash frequencies follow a Poisson 

distribution. The Poisson distribution is generally defined as a discrete probability distribution for 

the count of events that randomly occur during a specified interval of time, so those discrete, 

random non-negative integer distributional characteristics exclusively satisfy count data properties 

such as in crash frequencies (Poch and Mannering, 1996; Chang , 2005; Chengye and Ranjitkar, 

2013). The main constraint of assuming Poisson distribution is that the mean and variance of the 

crash count data necessarily need to be equal. According to past research, evidence shows that it 

is otherwise, and has suggested that such count data are likely to be overdispersed. Overdispersion 

occurs when the variance of crash frequency data is significantly larger than the corresponding 

mean. In negative binomial regression the variance was allowed to vary from the mean, and this 

arrangement allowed the model to accommodate and handle the overdispersion (Miaou, 1994; 

Poch and Mannering, 1996; Milton and Mannering, 1998; Lord, 2006; Chang, 2005). 

In this study, the highway A001 section was divided into 221 subsegments, and highway A004 

was divided into 251 highway subsegments to enable the crash frequency analysis and the crash 

frequencies were derived in terms of crashes per year per subsegment (for the total and for each 

severity type). The Table 4.1 and Table 4.2 illustrates the mean and variance values of crash 

frequencies for each severity type, of both highway A001 and A004 respectively. According to 

Table 4.1 and Table 4.2, non-grievous, damage-only and total crash frequencies of both highways 

showed overdispersion and the mean, and variance values remained similar for fatal crash 

frequencies of both highways A001 and A004.Further, slight underdispersion observed among 

grievous crash frequencies on both highways. Since, NB regression could well account for 

overdispersion and, been able to accommodate equal mean and variance, in crash frequencies, the 

NB modeling approach was selected to analyze crash frequencies of both highways. 

 

Table 5.1: Crash frequency statistics of highway A001 

Crash type Mean Variance 

Fatal 0.2 0.2 

Grievous 0.6 0.5 

Non-grievous 1.5 2.5 

Damage only 3.4 21.7 
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Total 5.8 40.0 

 

Table 5.2: Crash frequency statistics of highway A004 

 

 

 

 

 

 

However, each crash frequency type tends to show more than 10 % of zero-frequency segments, 

the zero-inflated modeling approach was not selected due to the following suggestions by past 

literature (Lord et al, 2005; Lord and Mannering, 2010). 

 High possibility of misinterpretations of safe and unsafe highway segments. 

 Possibility of over-fitting the model while disregarding the focus. 

 Possibility of creating theoretical inconsistencies 

 

4.3.1. Negative binomial model 

 

In this crash frequency study, our main interest was to determine how average daily traffic, 

highway section length and the number of lanes on each of the A001 and A004 highway segments 

were related to the crash frequencies of each severity type. To derive the NB model theoretically, 

let us start with a Poisson model given by the following equation 4.4 (Poch and Mannering, 1996; 

Washington et al., 2003; Chang, 2005; Chengye and Ranjitkar, 2013) 

 

 
P(ni) =

λi
ni exp(−λi)

ni!
 

(4. 4) 

 

Crash type Mean Variance 

Fatal 0.1 0.1 

Grievous 0.5 0.4 

Non-grievous 0.9 1.2 

Damage only 2.3 11.7 

Total 3.8 20.9 



37 

 

Here, 𝑃(𝑛𝑖) is the probability of n crashes occurring on a highway section i over a year and λ𝑖 is 

the expected crash frequency for i th highway section. In applying a Poisson model, the expected 

crash frequency is assumed to be a function of explanatory variables such that 

 

 λi = exp(βXi) 
(4. 5) 

  

Here, 𝑋𝑖 is a vector of explanatory variables, which includes traffic and geometric characteristics 

of the highway section i that determines the crash frequency and 𝛽 is a vector of estimable 

coefficients. 

With this expression of  λ𝑖 , the coefficient vector 𝛽  can be estimated by using the maximum 

likelihood method with the following maximum likelihood function (using equations 1, 2 and the 

product of probabilities). 

 

 L(β) =∏
exp[− exp(βXi)][exp (βXi]

ni

ni!
i

 (4. 6) 

To address the overdispersion problem, an error term (휀𝑖) is introduced to the expected crash 

frequency (λ𝑖) equation and now the equation 2 becomes as follows: 

 

 λi = exp(βXi + εi) 
(4. 7) 

 

Where, exp (휀𝑖) is a gamma-distributed error term with mean one and variance α. This gives the 

following conditional probability: 

 P (
ni
ε
) =  

exp[− exp(εi)][exp(εi)]
ni

ni!
 (4. 8) 

 

Integrating the 휀 out of the above conditional probability expression produces the unconditional 

distribution of  𝑛𝑖 .  The formulation of this distribution is as follows: 

 P(ni) =
г (θ + ni)  

[г (θ) ∙ ni!]
∙ ui

θ(1 − ui)
ni (4. 9) 
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Where, 𝑢𝑖 = 𝜃(𝜃 + λ𝑖)  and  𝜃 =
1

𝛼
 . The corresponding likelihood function is 

 L(λi) =∏
г (θ + ni)

г (θ) ∙ ni!

N

n=1

[
θ

θ + λi
]
θ

[
λi

θ + λi
]
ni

 (4. 10) 

 

Here, N is the total number of highway sections considered for the frequency analysis. This 𝐿(λ𝑖) 

function is maximized to obtain the coefficient estimates for 𝛽 and α. 

Now this model structure permits the crash data variance to be different from the mean such that 

 

 Var[ni] = E[ni][1 + αE[ni]] (4. 11) 

 

Here, α is the variance of the gamma-distributed error term and usually refers to the dispersion 

parameter. Depending on the estimated value of α, the choice of the regression model shifts 

between the negative binomial regression model and the Poisson regression model. If α is 

significantly different from zero, it is described to be underdispersed or overdispersed and the 

negative binomial regression model is taken as the right choice. If α is not significantly different 

from zero, the variance becomes  Var[ni] = E[ni]  and the model simply reduces to a Poisson 

regression model. 

In this study, we used the number of lanes and average daily traffic (ADT) for the frequency 

analysis, and the incident rate ratios (IRR) were used to interpret the impact of change in the 

number of lanes with the crash counts; and we used pseudo-elasticity to determine the incremental 

change in crash frequencies caused by the ADT values along both highways A001 and A004. 

Here, IRR is defined as the exponentiated coefficient values [Exp(𝛽)], which gives us an 

understanding of the number of events per some unit of exposure (Washington et al., 2003; Chang, 

2005, Orme and Combs-Orme, 2009). 

And pseudo-elasticity is defined by the following 4.12 equation: 

 EXij
λi =

EXP(βi) − 1

EXP(βi)
 (4. 12) 

 

Where, E denotes the elasticity, 𝑋𝑖𝑗 is the value of variable j being considered for highway section 

i, and 𝜆𝑖 is the mean of crash frequency on highway section i. 
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4.4. Crash severities modeling using multinomial logistic regression 

In this study, we used multinomial logistic (MNL) regression to analyze the factors that prevailed 

in a specific crash leading to a certain crash severity on sections of both highways A004 and A001. 

Use of logistic regression models has been the most predominant and simplest technique in 

developing injury severity predictions. Binary outcome models, such as bivariate binary probit and 

ordered probit, unordered multinomial discrete outcome models such as multinomial logit, nested 

logit and mixed logit can be described as the most commonly used models in crash-injury severity 

studies (Chang and Mannering, 1999; Washington et al., 2003; Yamamoto and Shankar, 2004; 

Savolainen et al., 2011). 

The use of MNL model in this study was mainly based on three factors: the first was a characteristic 

of the dependent variable (nominal variable with four outcome severity levels such as fatal, 

grievous and non-grievous), the second was to allow the independent variables to have a non-

monotonic effect on the dependent variable (Tay et al., 2011), and the ease of understanding and 

interpreting the results was the third.  

The multinomial logit model was theoretically developed by using the following set of equations 

[eq.4.13-eq.4.20], which were formulated and defined by previous related studies (Chang and 

Mannering, 1999; Washington et al., 2003; Ulfarsson and Mannering, 2004; Savolainen and 

Mannering, 2007; Tay et al., 2011). 

Let Tin be a linear function that determines a discrete outcome i for an observation n and expressed 

as, 

 Tin = βiXin (4. 13) 

   

Where, 𝛽𝑖 is a vector of estimable parameters (coefficients) for discrete outcome i, and 𝑋𝑖𝑛 is a 

vector of exogenous variables (characteristics that govern crash severity) such that determine the 

discrete outcome for observation n.  To convert this function into a statistically estimable 

probabilistic model, an error term 휀𝑖𝑛 is added and now, 

 Tin = βiXin + εin (4. 14) 
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Moreover, 휀𝑖𝑛 is the random component that explains unobserved characteristics or the influence 

on severity outcomes.  

Now consider the probability of a crash ending in a specific injury-severity level and the 

probability is given by,    

 Pn(i) = P(Tin ≫ TIn)    ∀ i ≠ I, i ∈ I (4. 15) 

 

Where, 𝑃𝑛(𝑖) is the probability of observation n being in the discrete outcome (severity) level i  

( 𝑖 ∈ 𝐼) and I denotes all possible severity outcomes (i=1, 2....I) for observation n. 

Now by equation 4.14 and 4.15, 

 Pn(i) = P(βiXin + εin ≫ βIXIn + εIn) , ∀ i ≠ I   (4. 16) 

 Pn(i) = P(βiXin + βIXIn ≫ εin + εIn) , ∀ i ≠ I (4. 17) 

 

With the assumption of  휀𝑖𝑛 error terms distributed with a generalized extreme value (GEV) 

distribution, a simple multinomial logit model could be derived, 

 Pn(i) =
EXP(βiXin)

∑ EXP(βIXIn)∀ I
 (4. 18) 

 

Here 𝛽𝑖 coefficients were estimated using the standard maximum likelihood method and the log-

likelihood function is given as, 

 LL =∑(∑δin

I

i=1

[βiXin − LN∑EXP(βIXIn)

∀ I

])

N

n=1

 (4. 19) 

 

Where 𝛿𝑖𝑛 defined in the equation and being equal to 1 if the observed discrete outcome for 

observation n is i and zero or otherwise expressed as a likelihood function such that, 

 L =∏∏P(i)δin

I

i=1

N

n=1

 (4. 20) 

 

Here, N is the total number of observations, I is the all severity outcomes. 
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In this study, the multinomial regression was conducted using 17 independent nominal predictor 

variables with three severity outcomes (dependent variable) and the odds ratios were used to 

interpret the results (Orme and Combs-Orme, 2009; Tutz , 2011; Hosmer Jr et al., 2013). 

Odds ratios defined as follows, 

 Odds ratio =
Predictor variable incremented by one unit

Predictor variable not incremented
 (4. 21) 

 

In multinomial logistic regression, we use the log odds to compare one predictor with another 

predictor (which is known as the reference predictor) to understand by how many times 

(multiplied) we are more likely to have a certain severity outcome if one predictor was increased 

by one unit compared to the other; and these odds ratios were obtained by exponentiating the 

estimated model coefficients. 

 

4.5. Statistical evaluation of the model 

 

4.5.1. Likelihood ratio test  

 

In this study, the likelihood ratio test was used to evaluate the overall significance of both the 

negative binomial and multinomial logistic regression models, and the test statistic is given by, 

 

 X2 = −2[LL(βR) − LL(βU)] (4. 22) 

 

Where, LL(βR) is the log likelihood at convergence of the restricted model and the LL(βU) is the 

log likelihood at convergence of the unrestricted model. This statistic is 𝜒2distributed with degrees 

of freedom equal to the difference in the numbers of parameters between both restricted and 

unrestricted models. If the obtained chi-square p-value was less than 0.05, we conclude that the 

unrestricted model, or the model containing all predictors, is a significant improvement over the 

restricted model (Washington et al., 2003; Orme and Combs-Orme, 2009; Tutz, 2011; Agresti and 

Kateri, 2011 Hosmer Jr et al., 2013). 
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4.5.2. Wald test 

In this study, we used Wald test statistics to determine the significance of individual predictors 

among a set of predictors, and the test statistics is given by, 

𝐻0: 𝛽𝑖 = 0 

𝐻1: 𝛽𝑖 ≠ 0 

 Wald statistics =
βi
2

SEβi
2  (4.23) 

   

Where 𝛽𝑖 are the estimated coefficients and 𝑆𝐸𝛽𝑖 are the corresponding estimated standard error 

values in the model; and for p-values of less than 0.05 the null hypothesis was rejected (Agresti 

and Kateri, 2011; Hosmer Jr et al., 2013). 

 

4.6. Statistical software  

In this study, both the negative binomial and multinomial logistic regression models, and all related 

model statistics were obtained by using SPSS (version 22) statistical software. Software selection 

was based on software performance when handling, coding and analyzing the data, and the 

convenience of execution of the relevant statistical models. 

EasyFit software was used to estimate the best probability distribution for crash rates on both 

highways. 

Microsoft Excel (version 2016) was used in numerous ways, such as obtaining graphs, testing the 

hypothesis and handling data.  
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CHAPTER 6 : ELEMENTARY STATISTICS 

This chapter discusses the descriptive statistics of all sampled crash records, frequency 

distributions and their associated probability distributions of all injury severity types, hypothesis 

testing for mean crash rates of each injury severity type, and descriptive statistics of contributing 

factors to crash injury severity on both highways. 

 

5.1. Overview of all crashes   

In total, the study found 3,855 crash records from 2010 to 2012 along the A001 highway section 

from Peliyagoda to Ambepussa, and 3,006 crash records along the A004 highway section from 

Vilasitha Niwasa to Avissawella. Table 5.1 illustrates the total number of crash records found 

along the A001 highway section and the percentage values of the total for fatal, grievous, non-

grievous and damage-only crashes, which remain at approximately 5%, 11%, 26% and 59% within 

each year. The breakdown percentages within each year of these crash severity types along the 

A004 highway section were about 4%, 13%, 24% and 59%, respectively (Table 5.2). Yet 

collectively on both highway sections, approximately 4% crashes that occurred were fatal, 12% 

were grievous, 24% non-grievous and around 60% of crashes were damage only .  

Table 6.1: Crash records-A001 highway section 

Year   Fatal Grievous Non Grievous Damage Only Total 

2010 
Count 66 113 351 808 1338 

% within Year 5% 8% 26% 61% 100% 

2011 
Count 58 153 357 774 1342 

% within Year 4% 11% 27% 58% 100% 

2012 
Count 56 156 284 679 1175 

% within Year 5% 13% 24% 58% 100% 

Total 

  

Count 180 422 992 2301 3855 

% within Year 5% 11% 26% 59% 100% 

   

Table 6.2: Crash records-A004 highway section 

Year   Fatal Grievous Non-Grievous Damage Only Total 

2010 

  

Count 51 135 223 531 940 

% within Year 5% 14% 24% 57% 100% 

2011 Count 38 118 237 570 963 



44 

 

  % within Year 4% 12% 25% 59% 100% 

2012 

  

Count 29 140 264 670 1103 

% within Year 3% 13% 24% 61% 100% 

Total 

  

Count 118 393 724 1771 3006 

% within Year 4% 13% 24% 59% 100% 

 

  

 

 

 

 

 

 

 

(a) (b) 

 

 

 

 

 

(c) 

 

Figures 5.1 (a) and (b) illustrate the frequency distributions of each crash severity type according 

to the year and the figure 5.1 (c) illustrates the crash frequency distribution of both highways 

together. The damage-only crashes seemed to decrease slightly on highway A001 during the 

selected three-year period, while the same crash type on highway A004 tended to decrease slightly.    

However, there was no significant trend to be found among the other three crash injury types.  
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Table 5.3 and Table 5.4 show the descriptive statistics of each crash injury severity type on both 

highways. According to those statistics, highway A001 had a mean value of 0.44 fatal, 0.99 

grievous, 2.19 non-grievous and 4.37 damage-only crashes per MVKM per year. On A004, the 

mean fatal crash rate was 0.33 per MVKM per year, followed by 1.10 grievous, 2.07 non-grievous 

and 4.11 damage-only crashes per MVKM per year. The minimum crash rate recorded in each 

severity type on A004 was 0.00 crashes per MVKM per year and on highway A001 it was fewer 

than 0.25 crashes per MVKM per year among all severity types. The maximum fatal and grievous 

crash rates on both highways were fewer than 2.00 and 4.00 crashes per MVKM per year, 

respectively. However, the crash rate for damage-only goes as high as 20.00 crashes per MVKM 

per year on both highways. The standard deviation (SD) values of all severity types on both 

highways seems fairly low compared to their mean values (60% to 90% of the mean value), but 

the SD of damage-only on A004 was higher than the mean rate. 

 

Table 6.3: Descriptive statistics of A001 highway 

Descriptive statistics of A001 highway 

  Fatal Grievous Non-grievous Damage only 

Mean 0.44 0.99 2.19 4.37 

Median 0.41 0.92 1.99 3.29 

Mode 0.20 1.37 1.72 3.78 

Std. Deviation 0.34 0.62 1.39 3.99 

Minimum 0.00 0.11 0.10 0.25 

Maximum 1.72 3.04 7.22 23.88 

 

Table 6.4: Descriptive statistics of A004 highway 

Descriptive statistics of A004 highway 

  Fatal Grievous Non-grievous Damage only 

Mean 0.33 1.10 2.07 4.11 

Median 0.29 0.99 1.81 2.35 

Mode 0.00 0.00 1.65 1.76 

Std. Deviation 0.30 0.64 1.41 4.40 

Minimum 0.00 0.00 0.00 0.00 

Maximum 1.39 2.65 7.49 20.95 
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5.2.  Frequency distributions and probability distributions of each crash injury type on both   

highways. 

5.2.1 Frequency distributions and probability distributions of A001 highway crash rates 

Figure 5.2 illustrates the frequency distribution (FD) diagrams of each injury severity type on 

highway A001. As explained in Chapter 3, the total length surveyed on each highway was divided 

into one-kilometer segments, and the frequency shown in each diagram is the number of one-

kilometer segments associated with specific crash rates per MVKM per year.  

  

 

 

 

 

 

 

 

(a) (b) 

                         

 

  

 

 

 

 
(c) (d) 

Figure 6.2: Frequency distribution diagrams of (a) fatal (b) grievous (c) non-grievous and 

(d) damage-only crashes on A001 highway 
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Figure 5.3 shows the probability density functions (PDF) associated with each injury severity type 

crash rates, per MVKM per year on highway A001. These probability density functions were 

selected according to Anderson-Darling’s goodness-of-fit (GOF) test results (Chapter 4.2) which 

gives more weight to the tails than the Kolmogorov-Smirnov test does. According to findings 

(Figure 5.3), All the A001 highways crash types seem to follow the Gen.logistics1 probability 

distributions. According to those distributions, the probability of having more than one fatal crash 

per MVKM per year on highway A001 was 0.06, the probability of having more than one grievous 

crash per MVKM per year was 0.43, the probability of having more than one non-grievous crash 

per MVKM per year was 0.84, and more than five crashes was 0.042. Also, the probability of 

having more than one damage-only crash per MVKM per year was 0.90, and more than 10 crashes 

in the same severity type was 0.067. 
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Figure 6.3: Probability density functions associated with (a) fatal (b) grievous (c) non-grievous 

and (d) damage-only crashes on A001 highway 
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5.2.2 Frequency distributions and probability distributions of A004 highway crash rates  

 

Figure 5.4 shows the frequency distribution diagrams of each injury severity type on highway 

A004, and the frequencies noted in each diagram is the number of one-kilometer segments 

associated with a specific crash rate per MVKM per year.  
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Figure 5.5 shows the probability density functions (PDF) associated with each injury severity type 

crash rate per MVKM per year on highway A004, and these probability density functions were 

selected according to Anderson-Darling goodness-of-fit (GOF) test results similar to highway 

Figure 6.4: Frequency distribution diagrams of (a) fatal (b) grievous (c) non-grievous and (d) 

damage-only crashes on A004 highway 
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A001. According to Figure 5.5, all the severity types seem to follow Gen.logistics1 distributions 

similarly to the A001 highway. According to those distributions, the probability of having more 

than one fatal crash per MVKM per year on highway A004 was 0.04, the probability of having 

more than one grievous crash per MVKM per year was 0.5, the probability of having more than 

one non-grievous crash per MVKM per year was 0.8, and more than five crashes was 0.04. Also, 

the probability of having more than one damage-only crash per MVKM per year was 0.87, and 

more than 10 crashes in the same severity type was 0.064. 
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1. Note: Details of the generalized logistic probability distribution included in the Appendix B  
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Figure 6.5: Probability density functions associated with (a) fatal (b) grievous (c) non-grievous 

and (d) damage-only crashes on highway A004. 
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5.3. Mean crash rate comparison (hypothesis testing) of each injury severity type on both 

highways  

Table 5.5 shows the hypothesis test results of the mean crash rates (crashes per MVKM) of each 

severity type between both highways. Only the fatal crashes showed a significant difference 

between the means of the two highways, with the mean fatal crash rate on highway A001 higher 

than the fatal mean crash rate on highway A004. Further, the other three severity types failed to 

show significant difference of the mean and were found not to be statistically significant.  

Table 6.5: Hypothesis test results of mean crash rates 

  Highway Mean Variance Observations df t-Stat P-value 

Fatal 
A001 0.441 0.115 54  

104 

  

 

1.817 

  

 

0.036 

  A004 0.328 0.091 53 

Grievous 
A001 0.99 0.38 54  

105 

  

 

-0.84 

  

 

0.202 

  A004 1.1 0.41 53 

Non-Grievous 
A001 2.192 1.94 54  

105 

  

 

0.443 

  

 

0.329 

  A004 2.072 1.984 53 

Damage Only 
A001 4.37 15.90 54 

104 0.324 0.373 
A004 4.11 19.38 53 

 

5.4. Descriptive statistics of crash factors 

5.4.1. Day and time of crash 

 

On both highways, per normal weekday the percentage of total crashes were 14 % and per weekend 

it was only 15 %. Since, the holidays were defined under the weekdays it was hard to estimate the 

actual percentage of crashes per weekend or a holiday, therefore the numbers presented here just 

an approximation. However, the normalized situation will be examined comprehensively under 

crash severity analysis (Chapter 7).  As shown in Figure 5.6, we could clearly observe a trend 

where the crash numbers drop to a minimum during the middle of the week and reach a maximum 

during the weekend. As shown in Figure 5.7, the total number of fatal and injury crashes tends to 

increase throughout the day on both highways starting from 6 a.m., and only drops below 10% 



51 

 

during the period from midnight to 6 a.m. each day. On highway A001 the maximum crash 

frequency percentage was recorded from 3 p.m. to 6 p.m. and on highway A004 it was from 6 p.m. 

to 9 p.m. 
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5.4.2. Traffic conditions  

 

Approximately 70% of total crashes occurred during off-peak traffic hours, and 30% occurred 

under peak-traffic conditions on both highways (Figure 5.8). Moreover, the same percentage 

breakdown could be observed within each severity type with slight fluctuations. However, under 

normalized situation according to the number of peak (6.5 hours) and off-peak hour (17.5 hours), 

the percentages of having any severity type of crash seems similar on both highways. As an 

example, fatal crashes per peak hour was 4%, and it was same with the off-peak hours on A001 

highway. Further, we are going to discuss the normalized detailed inspection of this category under 

the crash severity analysis in Chapter 7.  

 

5.4.3. Urbanicity 

 

According to Table 5.6, 60% of the total crashes on highway A001 were reported from an urban 

setting (near a major city or town), while 40% were reported from less populated regions. On 

highway A004, 81% of the crashes were reported from urban sections along the highway, while 

only 19% were reported from rural sections along the highway. However, 57% and 68% of the 

fatal crashes were from urban sections on A001 and A004 highways, while 43% and 32% were 

from rural sections, respectively. 
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Table 6.6: Crash injury severity according to Urbanicity 

  A001 A004 

Urban Rural Urban Rural 

Fatal 57% 43% 68% 32% 

Grievous 52% 48% 81% 19% 

Non-Grievous 63% 37% 83% 17% 

Total 60% 40% 81% 19% 

 

5.4.4. Collision type 

 

According to Table 5.7, among any severity type, pedestrian crashes were the most frequent and 

the most contributing collision type responsible for 53% of A001 and 44% of A004 fatal crashes. 

Head-on and rear-end were the next top two collision types among all severity types on both 

highways, amounting to 30% to 40% of the total of all collision types. Sideswipes, cyclist and 

single-vehicle crashes seemed to contribute from 1% to 5% of the total, while collisions with 

stopped vehicles were responsible for the lowest number of crashes on both highways. Collisions 

with animals or any other stationary objects not mentioned above, and falling from buses were 

considered under the other category and contributed on average about 7% to 15% of the total.  

Table 6.7: Collision type of fatal and injury crashes on both highways 

Collision Type 
Fatal Grievous Non-Grievous 

A001 A004 A001 A004 A001 A004 

Head-on 26% 27% 27% 29% 16% 24% 

Rear-end 4% 9% 12% 13% 19% 17% 

Sideswipe 4% 1% 4% 5% 6% 6% 

Stopped Vehicles  1% 1% 1% 2% 1% 2% 

Single Vehicle 2% 8% 2% 2% 3% 5% 

Pedestrian 53% 44% 37% 37% 35% 33% 

Cyclist 3% 5% 4% 5% 3% 5% 

Other 9% 5% 13% 8% 17% 9% 

 

For a further understanding of the collision types, hypothesis tests for fatal mean crash rates (fatal 

crashes per MVKM) for both highways were conducted. According to Table 5.8, among all eight 

collision types, only five showed a significant difference in the mean rates between both highways. 
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Mean fatal crash rates of rear-end, single vehicle, pedestrian and crashes involving a cyclist were 

significantly higher on highway A001compared to highway A004, and only side-swipe crashes 

showed an opposite trend. Fatal crash rates of head-ons, collisions with stopped vehicles and other 

types failed to show any significant difference between the two highways. 

Table 6.8: Hypothesis test results of mean fatal crash rates among collisions 

 

 

5.4.5. Weather conditions 

 

More than 90% of the fatal and injury crashes reported occurred in clear weather on both highways 

and less than 10% occurred in rainy weather except the fatal crashes on A004 highway which was 

84 % occurred under clear weather and 13% during rain (Table 5.9). Cloudy or misty weather 

conditions were represented by the other types. 

 

Table 6.9: Weather condition during the crash 

  
Clear weather Rainy Weather Other 

A001 A004 A001 A004 A001 A004 

Fatal 97% 84% 1% 13% 1% 3% 

Grievous 96% 92% 3% 7% 1% 1% 

Non-Grievous 98% 93% 2% 6% 0% 1% 

 

 

Collision category  
A001 A004 

P-value 
Significant 

difference 
Conclusion  

Mean SD Mean SD 

Head-on 0.027 0.038 0.019 0.028 0.11 No  

Rear-end 0.011 0.021 0.004 0.011 0.01 Yes A001 > A004 

Sideswipe 0.001 0.003 0.004 0.012 0.06 Yes A001 < A004 

Stopped Vehicle 0.002 0.008 0.002 0.009 0.48 No  

Single Vehicle 0.008 0.019 0.002 0.010 0.01 Yes A001 > A004 

Pedestrian 0.045 0.051 0.030 0.038 0.03 Yes A001 > A004 

Cyclist 0.007 0.015 0.001 0.007 0.01 Yes A001 > A004 

Other  0.001 0.004 0.002 0.008 0.30 No  
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5.4.6. Light conditions 

 

Table 5.10 shows the details of the light conditions during each crash and its severity. It seems that 

more than 40% of the fatal crashes occurred under inadequate light conditions, and from the total 

number of fatal and injury crashes, around 30% occurred under the same poor light conditions. 

 

Table 6.10: Light conditions during the crash 

  A001 A004 

Adequate 

lighting 

Inadequate 

lighting 

Adequate 

lighting 

Inadequate 

lighting 

Fatal 58.4% 41.6% 56.1% 43.9% 

Grievous 64.7% 35.3% 70.5% 29.5% 

Non-

Grievous 

67.3% 32.7% 72.3% 27.7% 

Total 65.6% 34.4% 70.1% 29.9% 

 

5.4.7. Traffic control 

On highway A001, more than 75% of fatal and injury crashes were at sites without any type of 

traffic enforcement; and that figure was more than 65% on highway A004 (Figure 5.9). Moreover, 

the same percentage breakdown could be observed within each severity type, with slight 

fluctuations on both highways, respectively. 
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5.4.8. Protection: seatbelt, helmet and child restraint 

 

As shown in Table 5.11, on A001 only 2.7% of the fatal crashes reported no safety precautions 

taken before the crash; and it was comparatively high on highway A004 at 7.9%. However, the 

availability of such records seems to be much less on highway A004, where approximately 70% 

of the fatal and injury crash records had no report regarding the use of safety precautions.  

Table 6.11: Use of safety precautions and related crash severity 

  A001 A004 

Not 

available 

Safety 

precautions 

not taken 

Safety 

precautions 

taken 

Safety 

precautions 

taken 

Safety 

precautions 

not taken 

Not 

available 

Fatal 16.7% 2.7% 80.5% 19.3% 7.9% 72.8% 

Total 22.9% 1.1% 76.0% 30.6% 2.7% 66.8% 

 

5.4.9. Validity of driver’s license  

 

Table 5.12 illustrates information on the legitimacy of the driver’s license according to vehicle 

type at the time of the crash. However, approximately 60% to 70% of highway A001 crash records 

and around 20% of highway A004 crash records contain no details on this. Among all incidents, 

approximately 23% drivers involved in fatal crashes on the A001 did not possess a valid license, 

and the corresponding number on the A004 was around 12%. However, by only considering the 

available information, the ratio between valid and non-valid licenses was about 50:50 among all 

severity types on highway A001; and about 15:85 for fatal crashes and 10:90 for all other severity 

types on highway A004. 

Table 6.12: Validity of driver’s license according to injury severity and highway 

   Legitimacy of the license Fatal Grievous Non-Grievous Overall 

A001 

Not available 53.8% 71.6% 69.6% 68.2% 

Without valid license  23.1% 16.5% 16.1% 17.1% 

With valid license  23.1% 11.9% 14.2% 14.8% 

A004 

Not available 21.9% 18.9% 19.6% 19.6% 

Without valid license  12.3% 10.6% 7.3% 8.8% 

With valid license  65.8% 70.5% 73.1% 71.5% 
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5.4.10.  Element (vehicle) Type 

 

Table 5.13 illustrates the percentages of types of vehicles involved in fatal or fatal and injury (total) 

crashes on both highways. Motorcycles were the leading vehicle type involved in fatal and major 

injury crashes, accounting for more than 25% of the total on both highways, followed by buses, 

three-wheelers and dual-purpose vehicles accounting for around 14 to 15% on highway A001 and 

15% to 17% on highway A004, respectively. However, buses accounted for 25% of the fatality-

only crashes on highway A004 and 17% on highway A001. On highway A001, cars accounted for 

only 7% of the fatality-only crashes, and 8% on A004. Lorries accounted for 14% of the fatal 

crashes on highway A001 and 12% on highway A004. Here, other vehicle types include bicycles, 

articulated vehicles, prime movers, land vehicles and tractors, and these types contributed to about 

14% of the total on highway A001, and only 2% on highway A004. 

 

Table 6.13: Type of vehicle involved in fatal crashes and the total 

 

Element type 

A001 A004 

Fatal Total Fatal Total 

Car 7% 3% 8% 13% 

Dual-purpose vehicle 14% 15% 21% 17% 

Three-wheeler 12% 14% 10% 17% 

Motorcycle Moped 23% 27% 20% 28% 

Bus 17% 14% 25% 15% 

Lorry 14% 13% 12% 9% 

Other 12% 14% 4% 2% 

 

Table 5.14 shows the results of the 24-hour classified count done on both highways, and Table 

5.15 shows the location information of these counts. According to these counts, cars were the most 

frequent vehicle type, accounting for 24% and 28% of the traffic flow on the A001 and A004 

highways correspondingly. However, buses and lorries were seen less frequently on both 

highways, at 8% and 3% to 4% on both highways, respectively. Considering the ratios between 

fatal crashes and the classified count percentages (Table 5.16), buses and lorries were the most 

hazardous vehicle types observed on both highways, with the ratios (fatal crashes: number of 

vehicles) as high as 4.7 and 3.0 times on highways A001 and A004, respectively, for lorries, and 
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2.1 and 3.1 times for buses on A001 and A004. Motorbikes also showed a higher ratio on both 

highways, at 1.3 on A001 and 0.9 on A004. On highway A004, dual-purpose vehicles showed a 

ratio of 1.8 between fatal crashes to number of vehicles observed. Cars exhibited the lowest ratio 

among all vehicle types, only 0.3 on both highways. 

 

Table 6.14: Classified count results on both highways 

Element type A001 A004 

Car 24% 28% 

Dual-purpose vehicle 18% 12% 

Three-wheeler 13% 17% 

Motorcycle Moped 18% 22% 

Bus 8% 8% 

Lorry 3% 4% 

Other  18% 12% 

 

Table 6.15: Location of the classified counts on both highways 

  
 

A001 

Direction of the 

classified count 

 

A004 

Direction of the 

classified count 

Location 1 Warakapola Inbound traffic  Nugegoda Inbound traffic 

Location 2 Old Kalani Bridge Inbound traffic Kosgama Outbound traffic 

 

Table 6.16: Ratio between fatal crashes and frequency count 

Element type A001 A004 

Car 0.3 0.3 

Dual-purpose vehicle 0.8 1.8 

Three-wheeler 0.9 0.6 

Motorcycle Moped 1.3 0.9 

Bus 2.1 3.1 

Lorry 4.7 3.0 

Other 0.7 0.3 
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5.4.11. Driver experience  

 

Table 5.17 shows the descriptive statistics of driver experience in years since the license was 

issued. The mean, median, mode and standard deviation for both highways were the same at 6, 2, 

0 and 9 years, respectively. Here, 0 years is defined as ‘less than one year of experience’ and was 

the minimum on both highways. The maximum experience goes up to 54 years on highway A004 

and 52 on highway A001. 

As shown in Table 5.18, drivers who had less than 10 years of driving experience accounted for 

72% of the fatal crashes on highway A001, and 67 % of the fatal crashes on highway A004. 

However, drivers with 10 to 20 years of driving experience tend to be involved in fewer crashes 

among any severity type compared to other experience categories on both highways. 

Table 6.17: Driver experience statistics for both highways (in years) 

 

 

 

 

Table 6.18: Driver experience according to crash severity on both highways 

  Less than 10 years 10 to 20 years 20 years or more 

A001 A004 A001 A004 A001 A004 

Fatal 72% 67% 8% 10% 19% 24% 

Grievous 62% 70% 17% 11% 22% 19% 

Non-Grievous 66% 67% 11% 10% 22% 23% 

 

5.4.12. Blood alcohol content (BAC) test result 

 

As discussed in Chapter 3, the test for blood alcohol content is generally done according to the 

judgment of the police officer at the scene, therefore there is no guarantee of records of the 

influence of alcohol in any crash data. Table 5.19 reflects the same circumstances, and only 16% 

of drivers on A001 and 24% of drivers on A004 were tested for alcohol blood content after a crash. 

Statistics A001 A004 

Mean 6 6 

Median 2 2 

Mode 0 0 

Std. Deviation 9 9 

Minimum 0 0 

Maximum 52 54 
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Among tested results, 13% on A001 and 24% on A004 were found with no BAC or to be below 

the legal limit (0.08% BAC), while only 3% were found to be over the legal limit on both 

highways. 

As shown in Table 5.20, drivers who were tested and found with no BAC or below the legal limit 

were accountable for 22.2% of the fatal crashes on A001 highway and 28.9% of the fatal crashes 

on A004 highway. In contrast, drivers found with higher BAC levels than the legal limit were only 

accountable for 1.8% of the fatal crashes on both highways. This pattern could also be observed 

among all severity types, and compared to those who were found to be driving under the influence 

of alcohol during the time of the crash, drivers with no or lower BAC levels were liable for a more 

than 5 to 10 times higher number of crashes among all severity type on both highways.  

Table 6.19: Alcohol test results on both highways 

  

 

 

 

Table 6.20: Alcohol test results according to crash severity 

 

 

 

 

5.4.13. Location type 

 

As shown in Figure 5.10, 84.5% of the total crashes on highway A001 and 65.9% on highway 

A004 resulting in death or injury occurred on stretches more than 10 meters away from an 

intersection, followed by 10.6% and 14.8% at a three-leg intersection, and 2.5% and 8.1% at a 

four-leg intersection, respectively. Here, other location types represent roundabouts, railroad 

Test results A001 A004 

No alcohol or below legal limit 13% 21% 

Over Legal limit 3% 3% 

Not tested 85% 76% 

  
No or below legal limit Over Legal limit Not tested 

A001 A004 A001 A004 A001 A004 

Fatal 22.2% 28.9% 1.8% 1.8% 76.0% 69.3% 

Grievous 17.0% 21.5% 2.3% 2.6% 80.7% 75.9% 

Non-Grievous 9.2% 19.6% 2.7% 3.1% 88.1% 77.2% 
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crossings and intersections with more than five legs; and 2.4% of the total fatal and major injury 

crashes occurred at such locations on highway A001 and 11.2% on highway A004. 

Among fatality-only crashes, 86% on highway A001 and 75% on A004 occurred on stretches more 

than 10 meters away from an intersection (Table 5.21), 9% and 7% occurred at three-leg 

intersections, and 2% and 7% at four-leg intersections on highways A001 and A004, respectively. 

A similar crash location pattern could also be observed among other severity types. 

 

 

 

 

 

 

 

 

 

 

 

Table 6.21: Crash location according to the severity of the crash on both highways 

  

Stretches of road, no 

intersection within 10 

meters 

4-leg 

intersection 

3-leg 

intersection 
Other  

A001 A004 A001 A004 A001 A004 A001 A004 

Fatal 86% 75% 2% 7% 9% 7% 3% 11% 

Grievous 83% 66% 3% 8% 13% 14% 2% 13% 

Non-

Grievous 
85% 65% 2% 9% 10% 17% 2% 10% 
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2.5 2.4

65.9

14.8
8.1 11.2
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100.0
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3 - leg intersection 4 - leg intersection Other

Location of the crash on both highways
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Figure 6.10: Type of crash location on both highways 
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5.4.14. Driver gender  

 

As shown in Table 5.22, approximately 96% of drivers involved in fatal or injury crashes on 

highway A001 were male drivers and only 0.8% were female. On highway A004, the breakdown 

of percentages was about 86% male drivers and 1.2% female drivers. There were no records of 

driver gender to be found among considerably large number of police reports on A004 highway, 

however, 3.1% crash records on highway A001 and 13% on highway A004 does not have any 

information regarding the driver gender. 

 

Table 6.22: Driver gender statistics in fatal and injury crashes 

Gender A001 A004 

Male 96.1% 85.8% 

Female 0.8% 1.2% 

Not recorded 3.1% 13.0% 

 

5.4.15. Driver age 

 

According to Figure 5.11(a)/(b) and Table 5.23, the mean and standard deviation age of drivers 

involved in fatality and injury crashes on A001 and A004 was similar for both highways, and was 

37 years and 12 years, respectively. The highest frequency age recorded among highway A001 

drivers was 29 years, and it was 31 years among A004 drivers. The youngest driver found among 

crash records was 18 years old and was similar on both highways. The oldest driver found among 

crash reports on A001 was 86 and on A004, 88 years old. 

Table 6.23: Descriptive statistics of driver age on highways A001 and A004 

Statistics A001 A004 

Mean 37 37 

Median 35 35 

Mode 29 31 

Std. Deviation 12 12 

Minimum 18 18 

Maximum 86 88 
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5.4.16. Casualties by gender  

 

On highway A001 among all severity types, 82.9% of victims were male and 17.1% were female 

(Table 5.24). On highway A004, these numbers were 76% and 24%, respectively. On average, it 

is fair to say that the casualty ratio between males and females is around 4:1 for both highways. 

  

Table 6.24: Casualty gender statistics in fatality and injury crashes 

 

 

 

 

5.4.17. Casualty by age 

 

The following figure 5.12 (a)/(b) and Table 5.25 show the descriptive statistics of victim age 

involved in fatality or major injury crashes. On both highways A001 and A004, the mean age and 

the standard deviation was the same, at 36 years and 16 years, respectively. The highest frequency 

age reported among victims was almost the same, at 32 years on highway A001 and 33 years on 

Gender A001 A004 

Male 82.9 % 76.4% 

Female 17.1% 23.6% 
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Figure 6.11: Frequency distribution of the driver age on (a) A001 and (b) A004 
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highway A004. The youngest victim recorded on both highways was one year old, and the oldest 

was 97 years on A001 and 87 years on A004.  

 

 

 

 

 

 

 

 

 

Table 6.25: Descriptive statistics of casualty age on highways A001 and A004 

Statistics A001 A004 

Mean 39 39 

Median 36 36 

Mode 32 33a 

Std. Deviation 16 16 

Minimum 1 1 

Maximum 97 87 

a. Multiple modes exist. The smallest value is shown 

 

Furthermore, detailed and normalized analysis of these discuss factors will be illustrated under the 

crash severity analysis in Chapter 7. 
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65 

 

CHAPTER 7 : CRASH FREQUENCY ANALYSIS 

 

For the crash-frequency analysis, log counts of crash rates of each severity type and the total were 

regressed against average daily traffic (ADT) and the number of lanes on both highways A001 and 

A004. In this study, we used negative binomial regression to explore the relationship between the 

crash count data and explanatory variables.  

To enable the regression analysis, we first divided the studied highway sections on both A001 and 

A004 into subsegments, and derived the crash frequencies in terms of crashes per year per 

subsegment (for the total and for each severity type). Therefore, the highway A001 section was 

divided into 221 subsegments, and highway A004 was divided into 251 highway subsegments. 

Table 6.1 shows the descriptive statistics of the highway subsegments.  

 

Table 7.1: Descriptive statistics of highway subsegments 

  Statistics (in kilometres) 

 A001 A004 

Number of subsegments 221 251 

Mean 0.24 0.21 

Median 0.25 0.23 

Mode 0.25 0.25 

Std. Deviation 0.03 0.04 

Minimum 0.13 0.10 

Maximum 0.38 0.27 

 

6.1. Model fitting information   

6.1.1. Dependent variable 

Here the dependent variable was the crash count, which indicates the number of crashes occurring 

per year in each highway subsegment. In this study, we calculated crash counts for each severity 

type and the total count in each highway subsegment on both highways A001 and A004.   
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6.1.2. Independent variables 

Average daily traffic (ADT) was one of two independent variables included in the crash frequency 

analysis, which indicates the average number of vehicles passing in both directions at a specific 

highway subsegment on highways A001 and A004. Although ADT is a continuous variable, for 

this study we expressed the ADT values as a nominal variable by dividing the vehicle volumes 

into two categories for the convenience of understanding the results. Traffic volume more than or 

equal to 25,000 veh/day was the first category and fewer than 25,000 veh/day was the second.  

The second independent variable was the number of lanes, indicating the number of lanes available 

for traffic in both directions on each subsegment of highways A001 and A004.  

Due to data limitations, we only incorporated these two independent (predictor) variables in the 

modeling process of the crash frequencies of highways A001 and A004.  

 

6.2. Negative binomial model for highway A001 

 

Table 6.2 illustrates the negative binomial model fit results (omnibus test results) for highway 

A001. With the exception of the log count of fatal and grievous crashes, all other severity types, 

including the total crash counts, showed a statistically significant improvement over a model 

without any predictors (<0.05).  

Table 7.2: Negative binomial model fit results of highway A001 

Crash severity type 

Likelihood 

Ratio Chi-

Square 

Degree of 

freedom 
Significance  

Fatal 3.974 2.00 0.13 

Grievous 2.45 2.00 0.29 

Non-grievous 31.84 2.00 0.00 

Damage-only 103.64 2.00 0.00 

Total crashes 64.11 2.00 0.00 
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Table 6.3 illustrates the model estimation results of all significant severity types (non-grievous and 

damage-only) and of the total crash counts. According to Table 6.3, both average daily traffic 

(ADT) and the number of lanes were significant (p-value < 0.05) among all three models. Further, 

Table 6.4 shows the elasticity estimates for the ADT values under each significant crash frequency 

model. 

Table 7.3: NB model parameter estimates for highway A001 

 Severity type Parameter 
Coefficient 

(B) 
Sig. 

Exp(B) 

(IRR) 

95% Wald C.I. 

for Exp(B) 

Lower Upper 

Non-grievous 

ADT ≥ 25,000 veh /day 0.47 0.03 1.60 1.06 2.42 

ADT <25,000 veh /day *      

Number of lanes 0.34 0.00 1.40 1.17 1.69 

Damage-only 

ADT ≥ 25,000 veh /day 0.63 0.00 1.87 1.27 2.76 

ADT <25,000 veh /day *      

Number of lanes 0.58 0.00 1.79 1.51 2.13 

Total 

ADT ≥ 25,000 veh /day 0.45 0.01 1.56 1.11 2.21 

ADT < 25,000 veh /day *      

Number of lanes 0.43 0.00 1.54 1.31 1.80 

 

Table 7.4: Elasticity estimates of ADT values 

Severity type Elasticity values of ADT 

Non-grievous  0.38 

Damage-only 0.55 

Total 0.36 

 

6.2.1. Interpretation of the estimated negative binomial model results of highway A001 

According to Table 6.3, all estimated coefficients were positive and significant (p-value < 0.05). 

These coefficient estimates indicate a positive relationship between the dependent and predictor 

* Set to zero because of the reference category  
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variable, which can further be explained that as the ADT values and number of lanes increase, the 

crash frequency of non-grievous, damage-only and total crashes increases. 

 

Non-grievous crash frequencies  

 

Non-grievous crash frequencies tend to increase by a factor of 1.6 when the ADT values change 

from lower values (< 25,000 veh/day) to higher values (≥25,000 veh/day). In other words, 

compared to lower ADT values (< 25,000 veh/day), the non-grievous crash frequencies on the 

A001 was 1.6 times higher when the ADT values were greater than 25,000 veh/day. Also, 

according to the elasticity values, a 1% increase in the ADT values on highway A001 will result 

in a 0.38 % increase in the non-grievous crash rates. 

Furthermore, when the number of lanes increased by a unit (one lane), the non-grievous crash 

frequencies tend to increase by 40% [(1.40 − 1) × 100] on highway A001. 

 

Damage-only crash frequencies 

 

Compared to lower ADT values (< 25,000 veh/day), the damage-only crash frequencies on the 

A001 were 1.87 times higher when the ADT values were greater than 25,000 veh/day. 

Additionally, according to the elasticity values, a 1% increase in the ADT values on highway A001 

will result in a 0.55 % increase in the damage-only crash rates. 

Here, when the number of lanes increased by a unit (one lane), the damage-only crash frequencies 

tend to increase by a factor of 1.79 (IRR); or it could be stated that this tends to increase the crash 

rates by 79%  [(1.79 − 1) × 100] on highway A001. 

 

Total crash frequencies 

 

The total crash frequencies on highway A001 tend to increase by a factor of 1.56 when the ADT 

values change from lower values (< 25,000 veh/day) to higher values (≥25,000 veh/day); and a 



69 

 

1% increase in the ADT values will result in a 0.36 % increase in the total crash rates on highway 

A001. Further, the one-unit change in the number of lanes tends to increase the total crash counts 

by 54%.  

 

6.3. Negative binomial model for highway A004 

 

Table 6.5 illustrates the negative binomial model fit results (omnibus test results) for highway 

A004, and with the exception of the log count model of the fatal crashes, all other severity types, 

including the total crash counts, showed a statistically significant improvement over a model 

without any predictors (<0.05). Table 6.6 illustrates the model estimation results of all of the 

significant severity types (with the exception of fatal crashes) and the estimation results of the total 

crash rates. Table 6.7 illustrates the estimated elasticity values of ADT for the significant crash 

frequency models and predictors. 

Table 7.5: Negative binomial model fit results of highway A004 

Crash severity type 

Likelihood 

Ratio Chi-

Square 

Degree of 

freedom 
Significance  

Fatal 1.79 2.00 0.41 

Grievous 25.18 2.00 0.00 

Non-grievous 19.62 2.00 0.00 

Damage-only 153.85 2.00 0.00 

Total crashes 96.29 2.00 0.00 

 

Table 7.6: NB model parameter estimates for highway A004 

 Severity type Parameter 
Coefficient 

(B) 
Sig. 

Exp(B) 

(IRR) 

95% Wald C.I. 

for Exp(B) 

Lower Upper 

Grievous ADT ≥ 25,000 veh/day 1.03 0.00 2.80 1.37 5.73 
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ADT <25,000 veh/day *      

Number of lanes 0.07 0.67 1.07 0.78 1.47 

Non-grievous 

ADT ≥ 25,000 veh/day 0.28 0.39 1.32 0.70 2.49 

ADT <25,000 veh/day *      

Number of lanes 0.26 0.07 1.30 0.97 1.72 

Damage-only 

ADT ≥ 25,000 veh/day 1.14 0.00 3.12 1.78 5.46 

ADT < 25,000 veh/day *      

Number of lanes 0.45 0.00 1.56 1.21 2.02 

Total 

ADT ≥ 25,000 veh/day 0.75 0.00 2.11 1.28 3.47 

ADT < 25,000 veh/day *      

Number of lanes 0.34 0.00 1.41 1.11 1.78 

 

Table 7.7: Elasticity estimates of ADT values 

Severity type Elasticity values of ADT 

Grievous 0.64 

Damage-only 0.67 

Total 0.52 

 

6.3.1. Interpretation of the estimated negative binomial model results of highway A004  

According to Table 6.6, both the predictor coefficients of the non-grievous crash frequency model 

and the number of lanes in the grievous crash frequency model were found to be insignificant (p-

value>0.05). However, all other estimated coefficients were positive and significant (p-value < 

0.05). These coefficient estimates indicate a positive relationship with the dependent and predictor 

variables. This can further be explained in that with the increase in ADT values and number of 

lanes, the crash frequencies of grievous, damage-only and total crashes tend to increase on highway 

A004. 

 

 

* Set to zero because of the reference category  
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Grievous crash frequencies  

Grievous crash frequencies tend to increase by a factor of 2.8 when the ADT values change from 

lower values (< 25,000 veh/day) to higher (≥25,000 veh/day). In other words, compared to lower 

ADT values (< 25,000 veh/day), the non-grievous crash frequencies on the A001 were 2.8 times 

higher when the ADT values were greater than 25,000 veh/day. Additionally, according to the 

elasticity values, a 1% increase in the ADT values on highway A004 will result in a 0.64% increase 

in grievous crash frequencies. 

Damage-only crash frequencies 

Damage-only crash frequencies on highway A004 tend to increase by a factor of 3.12 when the 

ADT values change from lower values (< 25,000 veh/day) to higher values (≥25,000 veh/day); 

and a 1% increase in ADT values will result in a 0.67% increase in the damage-only crash rates 

on highway A004. Further, a one-unit change in the number of lanes tends to increase the damage-

only crash counts by 56%[(1.56 − 1) × 100].  

Total crash frequencies 

Total crash frequencies tend to increase by a factor of 2.11 when the ADT values changes from 

lower values (< 25,000 veh/day) to higher (≥25,000 veh/day) on highway A004; and a 1% increase 

in ADT values will result in a 0.52% increase in the total crash rates. Furthermore, when the 

number of lanes increased by a unit (one lane), the total crash frequencies tend to increase by 41% 

on highway A004. 

 

6.4. Key findings and discussion 

In this study, we found that crash frequencies corresponding to non-grievous, damage-only 

crashes, as well as the total crashes on highway A001 tend to increase with the increase in the 

number of lanes and average daily traffic (ADT) volumes. In other words, on highway A001, the 

higher the ADT and number of lanes, the higher such crash frequencies. Similarly, on highway 

A004, grievous crash, damage-only, and total crash frequencies tend to increase with an increase 

in ADT values. However, only the damage-only and total crash frequencies were found to increase 

as the number of lanes increased on highway A004.  
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AADT (annual average daily traffic) is the aspect that is characteristically used to indicate traffic 

volume conditions. Since such long-term traffic data were not available during this study, we used 

the ADT (average daily traffic) values as the traffic characteristic variable. However, most crash 

frequency studies (Anastasopoulos and Mannering, 2009; Milton and Mannering, 1998; Abdel-

Aty and Radwan, 2000; Chang, 2005; Malyshkina and Mannering, 2010; Kononov et al., 2008; 

Chengye and Ranjitkar, 2013) found a similar positive relationship between traffic volume and 

crash counts, in that as the number of vehicles through a section increases, so does the number of 

crashes. The explanation of such a relationship is governed by the rule that the number of vehicles 

increases through a section, resulted in increasing the number of conflicts between vehicles, and 

as a result of such encounters, exposure to a potential crash increases. Highway A004 showed 

higher elasticity values (0.52% to 0.67%) compared to highway A001 (0.36% to 0.52%), which 

indicates that ADT values have a greater impact on highway A004 than on highway A001. Further, 

damage-only crashes had the highest elasticity values for both highways, indicating that higher 

ADT values lead to more damage-only crashes than major injury crashes on both highways, and 

this may be the result of impatient driving behavior in users of both highways. 

The findings related to the number of lanes in this study were consistent with the findings of Chang 

(2005), Milton and Mannering (1998), Carson and Mannering (2001), Poch and Mannering (1996), 

Park and Jeon (2016) and Kononov et al. (2008). All of these studies showed that the number of 

lanes was a significant factor related to crash frequencies, with an increase in the number of lanes 

tending to increase crash frequency. Lane changing behavior could be considered the main reason 

behind such a relationship between the number of lanes and crash frequency, which leads to a 

higher chance of conflict. In addition, with an increased number of lanes, the ability of vehicles to 

maneuver increases, causing a speed differential among lanes and the average speed of the traffic 

to increase, eventually raising the risk of involvement in a crash. According to the findings, 

damage-only crash frequencies demonstrated the highest likelihood of increasing when the number 

of lanes increased by one, which indicates irresponsibility, a lack of lane discipline and impatient 

lane changing behavior among users of both highways A001 and A004. 

It is important to note that the average daily traffic (ADT) and the number of lanes were not found 

to be a significant factor in determining fatal accident frequencies on highways A001 and A004. 
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CHAPTER 8 : CRASH SEVERITY ANALYSIS 

This chapter discusses how crash severities are impacted by the explanatory (predictor) variables, 

and explores the associations between severities with such variables by comparing fatal and 

grievous crashes with non-grievous crashes. Moreover, this chapter discuss significant findings of 

the fatal and grievous crash severity models. Multinomial logistic regression was used to infer 

results in this case, and 17 explanatory variables were included in this study.   

7.1.Model fitting information  

7.1.1. Dependent variable 

Severity outcome of a crash was selected as the dependent variable, and these severity outcomes 

demonstrate a crash as fatal, grievous or non-grievous. 

 

7.1.2. Independent variables  

Table 7.1 illustrates the list of 17 explanatory variables used in this study. Each variable was 

defined in Chapter 3, and the descriptive statistics of each were discussed in Chapter 5. Thirty-odd 

variables were initially considered for the analysis, but approximately 40% of these variables were 

found to be statistically insignificant or to have strong correlation factors with one another. 

Therefore, most such variables were excluded from the analysis, with only the variables with 

significant results, or the ones considered important for the study, retained.   

  

Table 8.1: Explanatory variables in multinomial logistic regression 

Explanatory variable 

Traffic condition Protection 

Urbanicity Element type 

Day of the week Driver gender 

Weather conditions Driver age 

Light conditions License validity  

Location type Driver experience 

Traffic control Blood alcohol test results 

Casualty gender Collision type 

Casualty age  
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All of these explanatory variables are nominal variables and include subcategories. Table 7.2 

illustrates the description of each subcategory and the value label used in the (software) SPSS 

coding.   

Table 8.2: Explanatory variables and descriptions of their subcategories 

Explanatory variables Subcategories (SPSS label) 

Traffic conditions 
Peak (1) 

Off-peak (2)  

Urbanicity 
Urban (1) 

Rural (2) 

Day of the week 
Normal working day (1) 

Weekend or holiday (2) 

Weather conditions 
Clear weather (1) 

Rainy weather (2) 

Light conditions 
Adequate lighting (1) 

Inadequate lighting (2) 

Location type 

Other (1) 

4 - leg intersection (2) 

3 - leg intersection (3) 

Stretch of road, no junction within 10 meters (4) 

Traffic control 
Controlled by traffic lights or police (1) 

No Control (2) 

Casualty gender 
Male (1) 

Female (2) 

Casualty age 

26 and younger (1) 

26-65 (2) 

65 and over (3) 

Protection 

Missing (1) 

Safety precautions not taken (2) 

Safety precautions taken (3) 

Element type 

Other (1) 

Dual-purpose vehicle (2) 

Three-wheeler (3) 

Motorcycle Moped (4) 

Bus (5) 

Lorry (6) 
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Pedestrian (7) 

Car (8) 

Driver gender 

Missing (1) 

Male (2) 

Female (3) 

Driver age 

Missing (1) 

25 and under (2) 

26 to 65 (3)   

65 and over (4) 

License validity  

Missing (1) 

Without valid license for the vehicle type (2) 

Valid license for the vehicle type (3)   

Driver experience 

Less than 10 years (1) 

10 to 20 years (2) 

20 years or more (3)   

Blood alcohol test results 

Not tested (1) 

Over legal limit (2) 

No alcohol or below legal limit (3)   

Collision type 

Other (1) 

Rear-end (2) 

Sideswipe (3) 

Collisions with stopped vehicle (4) 

Single vehicle (4) 

Pedestrian (6) 

Cyclist (7) 

Head-on (8) 

 

7.2. Crash severity analysis of highway A001 

As mentioned earlier in this chapter, the multinomial logistic regression results were obtained by 

comparing fatal and grievous crash severity levels with non–grievous crash severity levels. Table 

7.3 illustrates the summary results of the crash severity analysis of fatal crashes occurring on 

highway A001, followed by the interpretation of results according to each variable. In Table 7.3, 

we have only illustrated explanatory variables that were found to be statistically significant. The 

case processing summary of this analysis, and the results of the insignificant variables, are included 

in Appendix C. 
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7.2.1. Fatal crash severity model on highway A001 

Table 8.3: Multinomial logistic regression estimates for fatal crashes on highway A001 

  
Coefficient 

(B) 

Std. 

Error 
Significance 

Exp(B) 

(Odds 

ratios) 

95% C. I. for 

Exp(B) 

Lower 

Bound 

Upper 

Bound 

Light conditions       

Inadequate lighting  0.33 0.16 0.04 a 1.40 1.01 1.92 

Adequate lighting b  

Casualty age       

26 or younger -1.39 0.32 0.00 a 0.25 0.13 0.46 

26-65 -1.21 0.27 0.00 a 0.30 0.18 0.51 

65 and over b  

Protection       

Missing 0.25 0.24 0.29 1.29 0.81 2.05 

Safety precautions not taken 1.95 0.60 0.00 a 7.06 2.16 23.05 

Safety precautions taken b  

Element type       

Other -1.36 0.42 0.00 a 0.26 0.11 0.59 

Dual-purpose vehicle -1.33 0.42 0.00 a 0.26 0.12 0.60 

Three-wheeler -1.39 0.42 0.00 a 0.25 0.11 0.57 

Motorcycle moped -1.71 0.40 0.00 a 0.18 0.08 0.40 

Bus -0.75 0.42 0.07 0.47 0.21 1.07 

Lorry -0.98 0.42 0.02 a 0.38 0.16 0.86 

Pedestrian -1.27 0.97 0.19 0.28 0.04 1.89 

Car b  

Blood alcohol test results       

Not tested -1.01 0.21 0.00 a 0.36 0.24 0.55 

Over legal limit -1.29 0.58 0.03 a 0.28 0.09 0.87 

No alcohol or below legal 

limit b 
 

Collision type       

Other -0.64 0.36 0.08 0.53 0.26 1.08 

Rear-end -0.63 0.29 0.03 a 0.54 0.31 0.94 

Sideswipe -1.49 0.63 0.02 a 0.23 0.07 0.78 

Collisions with stopped 

vehicle 
-0.27 0.67 0.68 0.76 0.21 2.81 

Single vehicle 0.28 0.33 0.39 1.32 0.69 2.52 

Pedestrian 0.43 0.23 0.06 1.53 0.98 2.38 

Cyclist -0.53 0.42 0.21 0.59 0.26 1.35 

Head-on b  

Note: a. denotes statistical significance at α = 0.05  , b. denotes base (reference) subcategory 
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7.2.2. General interpretation of the model output  

Here the Coefficients (B) are the estimated linear multinomial logit model coefficients (Slopes of 

the regression line), which demonstrate the log odds (or odds ratios) of each explanatory variable 

compared with the specific base. In other words, these coefficients explain how a unit change in 

the explanatory (predictor) variable is expected to change the logit of the outcome relative to the 

reference subcategory, given that the other variables in the model are held constant. 

The variables with positive coefficients indicate an increase in the probability of a specific crash 

category occurrence with the severity level compared to the base, and vice versa. 

Std.Error is the standard error of the coefficient used to obtain Wald test statistic results. 

Significance values are the Wald test statistic p-value for the coefficients, which indicates whether 

the estimated coefficient was significantly different from zero. 

EXP(B) are the exponential values of the estimated coefficients, and the C.I are the 95% 

confidence interval values for such exponentiated odds, which give the range of odds that could 

occur when a 95% confidence level is considered. We used EXP(B) and (or odds ratios) of each 

dependent subcategory to understand likelihoods of a specific severity outcome would occur with 

reference to the base severity level, with a unit change in the independent subcategory compared 

to a base subcategory (Washington et al., 2003; Hosmer Jr. et al., 2013). 

  

7.2.3. Model goodness of fit  

In this study, we used the log likelihood chi square test to determine the goodness of fit of the 

overall model, Pearson chi-square statistics to determine how well the predicted data fit the actual 

data, and the likelihood ratio test to determine the significance of each explanatory variable to the 

model (Washington et al., 2003; Hosmer Jr. et al., 2013). According to Table 7.4, the final overall 

model for fatal and grievous crashes on highway A001, with all of the predictor variables, was a 

better fit for the data than the intercept-only model (p-value < 0.05). Furthermore, the Pearson chi-

square test p-value was 0.232 (> 0.05), which continues to reject the null hypothesis of a significant 

difference among the predicted and actual data. Table 7.5 shows the impact of each and every 

predictor variable in the fitted model, and found that eight of the selected explanatory variables, 

such as urbanicity, casualty age, protection, element type, license validity, driver experience, 
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collision type and blood alcohol test results were significant. The pseudo-R squared of this analysis 

was 0.153 and denoted a fair fit. 

 

Table 8.4:-2log likelihood test statistics of the A001 MNL crash severity model 

Model 
Model Fitting Criteria Likelihood Ratio Tests 

-2 Log Likelihood Chi-Square df Sig. 

Intercept Only 3103.75    

Final (with all predictors) 2856.63 247.11 76 0.000 

 

Table 8.5: Likelihood ratio test results of the A001 MLN crash severity model 

  

Model 

Fitting 

Criteria 

Likelihood Ratio 

Tests 

-2 Log 

Likelihood  

of Reduced 

Model 

Chi-

Square 
df Sig. 

Traffic conditions 2859 2.3 2 0.32 

Urbanicity 2877 20.7 2 0.00a 

Day of the week 2858 1.3 2 0.51 

Weather conditions 2862 5.2 2 0.07 

Light conditions 2861 4.7 2 0.09  

Location type 2862 5.1 6 0.53 

Traffic control 2861 4.1 2 0.13  

Casualty gender 2860 3.3 2 0.20 

Casualty age 2883 26.8 4 0.00 a 

Protection 2875 17.9 4 0.00 a 

Element type 2903 46.5 14 0.00 a 

Driver gender 2858 1.4 4 0.85 

Driver age 2860 3.6 4 0.47 

License validity  2880 23.8 4 0.00 a 

Driver experience 2866 9.3 4 0.05 a  

Blood alcohol test results 2886 29.5 4 0.00 a 

Collision type 2900 43.7 14 0.00 a 

 a. Significant for 𝛼 = 0.05  
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7.2.4. Interpretation of the severity outcome results on highway A001 (fatal crashes 

compared to non-grievous crashes) 

This section interprets the estimated results of the highway A001 MNL crash severity regression 

model (fatal crashes compared to non-grievous crashes) according to each significant explanatory 

variable. 

Light conditions 

The odds of having a fatal crash under inadequate light conditions was 1.4 times higher than under 

adequate lighting conditions (compared to non-grievous crashes) on highway A001. In other 

words, suffering a fatal crash under inadequate light conditions was 40% [= (1.40 − 1) × 100] 

higher compared to adequate lighting conditions (compared to non-grievous crashes). 

Casualty age 

In this analysis, we considered three age groups for the victim age category, and found that victims 

26 years or younger were 75% less likely to be involved in a fatal crash compared to older people 

(> 65 years) according to the odds, and victims aged 26 to 65 were 70% less likely to get into a 

fatal crash compared to people who were 65 years or older. In other words, the 65 years or older 

age group was 4 [=
1

0.25
]   times and 3 [=

1

0.30
] times more likely to be involved in a fatal crash, 

compared to the age groups of 26 and younger, and 26 to 65 respectively (compared to non-

grievous crashes). 

Protection 

Those who had not taken safety precautions, such as wearing a seatbelt or helmet, or using a child 

restraint device, were seven times more likely to end up in a fatal crash, compared to those who 

had taken safety precautions (compared to non-grievous crashes). In other words, the odds of being 

involved a fatal crash increased by seven times for those who had taken no safety precautions, 

compared to those who had. Additionally, these odds could go as high as 23 times and as low as 

two times, according to the confidence interval. 

Element type 

Five vehicle types and pedestrians were compared with cars to obtain odds ratios and to determine 

how much likelier such vehicle types were to be involved in a fatal crash compared to cars. 
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According to Table 7.3, compared to cars, vehicle types such as dual-purpose vehicles, three-

wheelers, motorbikes and lorries were less likely to be involved in a fatal crash (compared to non-

grievous crashes) with a likelihood of 74% [= (1 − 0.26) × 100], 75%, 82% and 62% 

respectively for each type. Pedestrians and buses were not significant in this case. 

  

Impaired driving  

Drivers whose blood alcohol test results were positive, indicating they had been driving over the 

legal limit, showed less likelihood (72% less) of being involved in a fatal crash, compared to those 

who were below the legal limit, in comparison to non-grievous crashes. In other words, drivers 

whose blood alcohol level was tested and who were found to have blood alcohol content (BAC) 

of less than 0.08% were 3.6[=
1

0.28
]  times more likely to end up in a fatal crash, compared to those 

who were tested and found to be driving under the influence of alcohol (BAC>0.08%) (Compared 

to non-grievous crashes).  

Collision type 

Six collision types, such as rear-ending, sideswipes, collisions with stopped and single vehicles, 

and collisions involving pedestrians and cyclists were compared with head-on collisions under this 

category, and only rear-end and sideswipes were found to be significant for fatal crashes. 

According to Table 7.3, rear-end and sideswipes were respectively 46% and 77% less likely to 

have a fatal crash severity outcome, compared to head-on collisions (compared to non-grievous 

crashes). In other words, in a head-on collision, the odds of having a fatal severity outcome 

(compared to a non-grievous severity outcome) increased by two and four times, compared to rear-

end and sideswipe collisions on highway A001 respectively. 

 

 

7.2.5. Grievous crash severity model result on highway A001 

Table 8.6: Multinomial logistic regression estimates for grievous crashes on highway A001 

  
Coefficient 

(B) 

Std. 

Error 
Significance Exp(B) 

95% C. I. for 

Exp(B) 
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Lower 

Bound 

Upper 

Bound 

Urbanicity       

Urban -0.59 0.13 0.00a 0.55 0.43 0.72 

Rural b       

Traffic control       

Controlled by traffic lights 

or police 
0.30 0.15 0.05 a 1.35 1.00 1.81 

No control b        

Casualty age       

26 and younger -0.86 0.28 0.00 a 0.42 0.25 0.73 

26-65 -0.52 0.25 0.04 a 0.60 0.37 0.97 

65 and over b       

Element type       

Other 0.52 0.53 0.33 1.68 0.60 4.71 

Dual-purpose vehicle 0.83 0.52 0.11  2.30 0.83 6.39 

Three-wheeler 0.48 0.53 0.36 1.62 0.57 4.55 

Motorcycle moped 0.57 0.51 0.27 1.76 0.65 4.82 

Bus 1.23 0.52 0.02 a 3.42 1.23 9.56 

Lorry 0.97 0.53 0.06 2.65 0.95 7.41 

Pedestrian 1.55 0.89 0.08  4.72 0.83 26.81 

Car b       

License validity        

Missing 0.31 0.23 0.17 1.36 0.87 2.12 

Without valid license for 

the vehicle type 
0.50 0.25 0.05 a 1.64 1.00 2.70 

Valid license for the 

vehicle type b 
      

Driver experience       

Less than 10 years -0.06 0.17 0.72 0.94 0.67 1.31 

10 to 20 years 0.44 0.20 0.03 a 1.55 1.04 2.31 

20 years and more b       

Collision type       

Other -0.11 0.24 0.66 0.90 0.56 1.44 

Rear-end -0.32 0.20 0.10  0.72 0.49 1.06 

Sideswipe -0.26 0.30 0.38 0.77 0.43 1.38 

Collision with stopped 

vehicle 
0.01 0.46 0.98 1.01 0.41 2.47 

Single vehicle -0.88 0.37 0.02 a 0.42 0.20 0.86 

Pedestrian 0.30 0.18 0.09  1.35 0.96 1.91 

Cyclist 0.12 0.30 0.68 1.13 0.63 2.04 

Head-on b       

Note: a. denotes statistical significance at α = 0.05 , b. denotes base (reference) subcategory 
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7.2.6. Interpretation of the severity outcome results on highway A001 (grievous compared 

to non-grievous crashes) 

This section interprets the estimated results of the highway A001 MNL crash severity regression 

model (grievous crashes compared to non-grievous crashes) according to each significant 

explanatory variable. 

Urbanicity 

The odds of getting into a grievous crash in an urban setting (area) on highway A001 was 45% 

less likely compared to a rural setting (in comparison with non-grievous crashes). In other words, 

drivers were 1.8 times more likely to be involved in a grievous crash (compared to a non-grievous 

crash) in a rural area compared to an urban area along highway A001. 

Traffic control 

According to Table 7.6, the odds of getting into a grievous crash (compared to a non-grievous 

crash) at a location controlled by traffic lights or by a police warden was 1.35 times more likely, 

compared to a location without any type of traffic control available. In other words, getting into a 

grievous crash at a location controlled by traffic lights or by a police warden was 35% more 

probable, compared to a location without any control. However, according to the 95% confidence 

interval, these odds could go low as 1.0 and as high as 1.81. If the odds ratio equals one, it is said 

that both events were equally probable and in this case, there might be an equally likely chance of 

having a grievous crash at both controlled and uncontrolled locations.  

Casualty age 

According to the odds, victims who were 26 years or younger were 58% less likely to be involved 

in a grievous crash compared to older victims (> 65 years), and victims who were between 26 to 

65 years were 40% less likely to be involved in a grievous crash compared to those who were 65 

years or older. In other words, the 65 years or older age group was approximately 2.4 times and 

1.7 times more likely to be involved in a grievous crash compared to the 26 and younger, and 26 

to 65 age groups, respectively (in comparison with non-grievous crashes). 
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Element type 

Five vehicle types, as well as pedestrians, were compared with cars to obtain odds ratios and to 

determine how much more likely such vehicle types were to be involved in a grievous crash, 

compared to cars; only buses were found to be a significant factor compared to cars. According to 

Table 7.6, the odds of being involved in a grievous crash (compared to a non-grievous crash) was 

3.46 times more likely for buses compared to cars, and these odds could go high as 9.5 times (95% 

C.I) compared to cars. 

License validity  

According to Table 7.6, the odds of being involved in a grievous crash (compared to a non-grievous 

crash) for drivers without a valid driver’s license was 1.64 times higher than those possessing a 

valid driver’s license. In other words, the odds of involvement in a grievous crash increased by 

64% for those driving without a valid license compared to those with a valid license. However, 

according to the 95% confidence interval, the odds could be as low as 1.0, which indicates that a 

grievous severity outcome could be equally likely for both types of drivers. 

Driver experience 

Under this category, we considered three experience groups and found that only the group with 10 

to 20 years of experience was significant, compared to the reference category (>20 years). 

According to the odds, drivers with 10 to 20 years of experience were 1.55 times more likely to be 

involved in a grievous crash, compared to more experienced (>20 years) drivers. In other words, 

the odds of getting into a grievous crash increased by 55% for less experienced drivers, compared 

to drivers with more than 20 years of experience (in comparison to a non-grievous crash). 

 

Collision type 

Six collision types, including rear-end, sideswipes, collisions with stopped and single vehicles, 

and collisions involving pedestrians and cyclists were compared with head-on collisions under this 

category, and only single vehicle crashes were found to be significant in terms of grievous crashes. 

According to Table 7.6, we found the odds of getting into a single vehicle crash (compared to a 

non-grievous crash) decreased by 58% compared to head-on crashes. In other words, it was 
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approximately 2.4 [=
1

0.42
]   times more likely that a driver would be involved in a head-on crash 

compared to single vehicle crash on highway A001. 

 

7.3. Crash severity analysis of highway A004 

Similar to the highway A001 severity regression analysis, multinomial logistic regression was used 

to model the highway A004 severity outcomes with the explanatory variables. Results were 

obtained by comparing the fatal and grievous severity levels with non–grievous severity levels. 

Table 7.9 shows the summary results of the crash severity analysis of fatal crashes occurring on 

highway A004, followed by the interpretation of results according to each variable; and here we 

have highlighted only the explanatory variables that were found to be statistically significant. The 

case processing summary of this analysis and the results of the insignificant variables are included 

in Appendix D. 

 

7.3.1. Model goodness of fit  

 

In this study, the log likelihood chi square test was used to determine the goodness of fit of the 

overall model. Pearson chi-square statistics were used to determine how well the predicted data fit 

the actual data, and the likelihood ratio test was used to determine the significance of each 

explanatory variable to the model (Washington et al., 2003; Hosmer Jr. et al., 2013). Furthermore, 

the Pearson chi-square test p-value was 0.40 (> 0.05), which continues to reject the null hypothesis 

of a significant difference between the predicted and actual data. According to Table 7.7, the final 

overall model for fatal and grievous crashes on highway A004, with all of the predictor variables, 

showed a significant improvement over the intercept only model (p-value < 0.05). Table 7.8 shows 

the impact of each predictor variable in the fitted model, and found that seven of the selected 

explanatory variables, such as Urbanicity, casualty age, protection, element type, license validity, 

driver experience, collision type and blood alcohol test results were significant. The pseudo-R 

squared of this analysis was 0.19 and denoted a fair fit. 
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Table 8.7: -2log likelihood test statistics of the A004 MNL crash severity model 

Model 
Model Fitting Criteria Likelihood Ratio Tests 

-2 Log Likelihood Chi-Square df Sig. 

Intercept Only 1988.79    

Final (with all predictors) 1791.63 197.15 72 0.000 

 

Table 8.8: Likelihood ratio test results of the A004 MLN crash severity model 

  

Model 

Fitting 

Criteria 

Likelihood Ratio 

Tests 

-2 Log 

Likelihood  

of Reduced 

Model 

Chi-

Square 
df Sig. 

Traffic conditions 1791.85 0.22 2 0.90 

Urbanicity 1797.26 5.63 2 0.05a 

Day of the week 1794.85 3.22 2 0.20 

Weather conditions 1796.55 4.91 2 0.09  

Light conditions 1797.18 5.54 2 0.05 a 

Location type 1798.49 6.85 6 0.33 

Traffic control 1794.32 2.69 2 0.26 

Casualty gender 1797.10 5.46 2 0.07  

Casualty age 1821.61 29.98 4 0.00a 

Protection 1807.64 16.00 4 0.00 a 

Element type 1829.80 38.17 12 0.00 a 

Driver age 1796.03 4.40 6 0.62 

License validity  1802.13 10.50 4 0.03 a 

Driver experience 1794.56 2.92 4 0.57 

Blood alcohol test results 1793.10 1.46 4 0.83 

Collision type 1842.05 50.42 14 0.00 a 

a. Significant for 𝛼 = 0.05 
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7.3.2. Fatal crash severity model on highway A004 

 

Table 8.9: Multinomial logistic regression estimates for fatal crashes on highway A004 

  
Coefficient 

(B) 

Std. 

Error 
Sig. Exp(B) 

95% Confidence 

Interval for Exp(B) 

Lower 

Bound 

Upper 

Bound 

Urbanicity       

Urban -0.63 0.27 0.02a 0.54 0.32 0.90 

Rural b   

Weather conditions       

Clear weather -0.78 0.35 0.03 a 0.46 0.23 0.91 

Rainy Weather b  

Light conditions       

Inadequate lighting 0.54 0.25 0.03 a 1.72 1.05 2.82 

Adequate lighting b  

Casualty age       

26 and younger -1.83 0.40 0.00 a 0.16 0.07 0.35 

26-65 -1.58 0.33 0.00 a 0.21 0.11 0.39 

65 and over b  

Protection       

Missing 0.42 0.38 0.27 1.52 0.73 3.18 

Safety precautions not taken 1.66 0.59 0.00 a 5.24 1.66 16.54 

Safety precautions taken b  

Element type       

Other 0.84 0.77 0.27 2.33 0.52 10.45 

Dual-purpose vehicle 0.78 0.48 0.10 2.18 0.85 5.58 

Three-wheeler -0.18 0.54 0.74 0.84 0.29 2.42 

Motorcycle Moped -0.05 0.49 0.92 0.95 0.37 2.47 

Bus 1.68 0.49 0.00 a 5.36 2.07 13.88 

Lorry 0.86 0.53 0.11 2.36 0.83 6.71 

Car b  

License validity        

Missing 0.68 0.46 0.14 1.98 0.81 4.86 

Without valid license for the 

vehicle type 1.11 0.40 0.01 a 3.04 1.39 6.65 

Valid license for the vehicle 

type b 
 

Collision type       

Other -0.95 0.44 0.03 a 0.39 0.16 0.92 

Rear-end -2.10 0.57 0.00 a 0.12 0.04 0.38 
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Sideswipe -0.68 0.62 0.27 0.51 0.15 1.69 

Collision with stopped vehicle -0.75 1.11 0.50 0.47 0.05 4.18 

Single vehicle -0.44 0.83 0.59 0.64 0.13 3.24 

Pedestrian 0.30 0.37 0.42 1.35 0.65 2.80 

Cyclist -0.57 0.76 0.45 0.57 0.13 2.50 

Head-on b  

Note: a. denotes statistically significance at α = 0.05, b. denotes base (reference) subcategory 

 

7.3.3. Interpretation of the severity outcome results on highway A004 (fatal crashes 

compared to non-grievous crashes) 

This section interprets the estimated results of the A004 highway MNL crash severity regression 

model (fatal crashes compared to non-grievous crashes) according to each significant explanatory 

variable. 

Urbanicity 

The odds of getting into a fatal crash in an urban area on highway A004 was 46% less likely 

compared to a rural zone along the highway (compared to non-grievous crashes). In other words, 

a driver was 1.8 [=
1

0.54
] times more likely to be involved in a fatal crash (compared to a non-

grievous crash) in a rural area compared to an urban area along highway A004. 

Weather conditions 

The odds having a fatal crash (compared to a non-grievous crash) during clear weather conditions 

were 54% less likely compared to rainy weather conditions. In other words, drivers were about 2 

[=
1

0.46
] times more likely to have a fatal crash during rainy weather compared to clear weather 

conditions on highway A004.  

Light conditions 

The odds of having a fatal crash under inadequate light conditions was 1.72 times higher than 

under adequate lighting conditions (compared to non-grievous crashes) on highway A004. In other 

words, the odds of getting into a fatal crash increases by 72% under inadequate light conditions 

compared to adequate lighting conditions (in comparison to non-grievous crashes).  
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Casualty age 

In this analysis, we considered three age groups for the victims age category, similar to the A001 

severity analysis, and found that victims who were 26 years or younger were 84% less likely to be 

involved in a fatal crash compared to older people (> 65 years) according to the odds, and victims 

aged between 26 to 65 were 79% less likely to get into a fatal crash compared to those who were 

65 years or older. In other words, the 65 years or older age group was six times and five times 

more likely to be involved in a fatal crash, compared to the 26 and younger, and 26 to 65 age 

groups respectively (compared to non-grievous crashes). Further, compared to the youngest group 

(< 25 years), getting into a fatal crash for drivers in the 26 to 65 year age group was 1.2 times more 

likely on highway A004.   

Protection 

Those who had not taken any safety precautions, such as wearing a seatbelt or helmet, or using a 

child restraint, were five times more likely to end up in a fatal crash compared to those who had 

taken safety precautions (compared to non-grievous crashes). In other words, the odds of being 

involved in a fatal crash increased by 424% [= (5.24 − 1) × 100] for those who hadn’t taken any 

safety precautions compared those who had. Also, these odds could go high as 16 times, according 

to the confidence interval. 

Element type 

Similar to the highway A001 severity analysis, five vehicle types and pedestrians were compared 

with cars to obtain odds ratios and to determine how much likely such vehicle types were to get 

into a fatal crash compared to cars; and only buses found to be significant compared to cars. The 

odds of involvement in a fatal crash (compared to a non-grievous crash) was about five times more 

likely for buses compared to cars, and these odds could go high as 13 times (95% C.I.).  

License validity  

The odds of being involved in a fatal crash (compared to a non-grievous crash) for drivers without 

a valid driver’s license was about three times higher compared to those who held a valid driver’s 

license. In other words, the odds of being involved in a fatal crash increased by 204% for those 

driving without a valid license, compared to those possessing a valid driver’s license.  

 



89 

 

Collision type 

As in the highway A001 severity analysis, six collision types were compared with the head-on 

collisions under this category, and only rear-end and other types were found to be significant for 

fatal crashes. These other collision types were mostly comprised of collisions with animals and 

passengers falling from buses.  According to Table 7.9, rear-end and other collision types were 

88% and 61% less likely to have a fatal crash severity outcome compared to head-on collisions 

(compared to non-grievous crashes). The odds of having a fatal severity outcome with a head-on 

collision (compared to non-grievous severity outcome) was eight times and 2.5 times more likely, 

compared to rear-end and other collision types on highway A004 respectively. 

 

7.3.4. Grievous crash severity model on highway A004 

 

Table 8.10: Multinomial logistic regression estimates for grievous crashes on highway A004 

  
Coefficient 

(B) 

Std. 

Error 
Sig. Exp(B) 

95% Confidence 

Interval for Exp(B) 

Lower 

Bound 

Upper 

Bound 

Casualty gender       

Male 0.40 0.18 0.03a 1.49 1.05 2.11 

Female b  

Element type       

Other 0.06 0.43 0.88 1.07 0.46 2.48 

Dual-purpose vehicle 0.30 0.26 0.25 1.36 0.81 2.28 

Three-wheeler -0.42 0.28 0.13 0.66 0.38 1.14 

Motorcycle Moped -0.14 0.25 0.57 0.87 0.53 1.41 

Bus 0.50 0.28 0.06 a 1.65 0.95 2.86 

Lorry 0.21 0.31 0.49 1.24 0.68 2.27 

Car b  

License validity        

Missing -0.10 0.29 0.74 0.91 0.51 1.62 

Without valid license for the 

vehicle type 
0.49 0.26 0.06 a 1.63 0.98 2.72 

Valid license for the vehicle 

type b 
 

Collision type       

Other -0.77 0.25 0.00 a 0.46 0.29 0.75 
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Rear-end -1.03 0.24 0.00 a 0.36 0.23 0.57 

Sideswipe -1.05 0.36 0.00 a 0.35 0.17 0.71 

Collision with stopped vehicle -0.77 0.63 0.22 0.46 0.13 1.59 

Single vehicle -0.68 0.49 0.16 0.51 0.19 1.32 

Pedestrian -0.17 0.24 0.48 0.85 0.53 1.34 

Cyclist -0.12 0.41 0.77 0.89 0.40 1.98 

Head-on b  

Note: a. denotes statistical significance at α = 0.05 , b. denotes base (reference) subcategory 

 

7.3.5. Interpretation of the severity outcome results on highway A004 (grievous crashes 

compared to non-grievous crashes) 

This section interprets the estimated results of the highway A004 MNL crash severity regression 

model (grievous crashes compared to non-grievous crashes) according to each significant 

explanatory variable. 

Casualty gender 

The odds of a male getting into a grievous crash were 1.49 times more likely compared to a female, 

and these odds could rise as high as 2.11 (95% C.I.) times those of a female (compared to non-

grievous crashes). In other words, the odds of getting into a grievous crash on highway A004 

increased by 49% for males compared to females. 

Element type 

Under this category, buses were only found to be marginally significant compared to cars, the odds 

of involvement in a grievous crash (compared to a non-grievous crash) were 1.65 times more likely 

for buses compared to cars. In other words, the odds of getting into a grievous crash on highway 

A004 increased by 65% for buses compared to cars. 

License validity  

The odds of becoming involved in a grievous crash (compared to a non-grievous crash) for drivers 

without a valid driver’s license was approximately 1.63 times higher compared to those who had 

a valid driver’s license. In other words, on highway A004 the odds of involvement in a grievous 

crash increased by 63% for those driving without a valid license, compared to those possessing a 

valid driving license. However, this predictor was marginally significant. 
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Collision type 

Under this category, rear-end, sideswipe collisions and other types were found to be significant for 

fatal crashes. According to the odds, rear-end, sideswipe and other collision types were 64%, 65% 

and 54% less likely to have a fatal crash severity outcome compared to head-on collisions 

(compared to non-grievous crashes). The odds of having a fatal severity outcome in a head-on 

collision (compared to a non-grievous severity outcome) was approximately three times more 

likely compared to rear-end and sideswipe collisions, and about two times more likely compared 

to the other collision type group on highway A004 respectively. 

 

7.4. Summary and discussion of highways A001 and A004 severity MNL regression mode 

findings  

Table 7.11 illustrates the list of explanatory variables found to be significant among the A001 and 

A004 injury severity MNL regression models. Under the A001 highway severity model, we found 

that six variables had a significant impact for fatal crashes, and seven variables showed a 

significant impact on grievous crashes. In the highway A004 severity model, eight variables were 

found to have a significant impact on fatal crashes, and only four were found to be significant for 

grievous crashes. The following section discusses each of these significant variables, 

comprehensively considering past literature results. 

Table 8.11: Significant explanatory variable of both A001 and A004 MNL severity models 

Explanatory variable 
A001 A004 

Fatal Grievous Fatal Grievous 

1 Urbanicity  
  

 

2 Weather conditions   
 

 

3 Light conditions 
 

 
 

 

4 Traffic control  
 

  

5 Casualty gender    
 

6 Casualty age 
   

 

7 Protection 
 

 
 

 

8 Element type 
    

9 License validity  
   

10 Driver experience  
 

  

11 Blood alcohol test results 
 

   

12 Collision type 
    



92 

 

Urbanicity  

In this study we found that rural areas along both highways A001 and A004 experience higher 

severity levels compared to urban areas. This finding was consistent with the findings of Abdel-

Aty (2003), Kmet and MacArthur, (2006), Abdel-Aty (2010) and Hu et al. (2010). The study of 

Kmet and MacArthur (2006) showed that a lack of logistics facilities and financial assistance faced 

by traffic law enforcing agencies, such as local police, contributed to unsafe driving behaviors 

(speeding and the absence of seatbelt use), which eventually leads to more severe crashes in rural 

areas. Zwerling et al. (2005) noted that the absence of, or a fewer number of traffic control devices; 

non-graded curves; and undivided traffic streams increase the likelihood of crash severity, which 

is also true for highways A001 and A004. Further, the same study (Zwerling et al., 2005) stated 

that longer times to access proper emergency care and delayed discovery of crashes also 

contributed to the fact that rural area victims experience more severe injury outcomes compared 

to urban areas. We believe that factors such as a lack of proper traffic controls, undivided traffic 

streams, and delayed access to proper emergency care were among the main contributing factors 

to more severe injury outcomes in rural areas compared to urban areas along both highways. 

 

Weather conditions 

In numerous studies, weather conditions have been found to be a significant factor for an elevated 

risk of crash severity (Andrey and Yagar, 1993; Keay and Simmonds, 2006; Celik and Oktay, 

2014; Abegaz, 2014; Gao et al. 2016). These studies found that rainy weather conditions 

significantly increase the injury severity outcome of a crash, compared to normal weather 

conditions. In this study, we found that on highway A004, rainy weather had a significant impact 

on crash injury severity outcomes, tending to increase compared to clear weather conditions. The 

study done by Gao et al. (2016) noted that the three main contributing aspects behind such a 

consequence were a reduction in tire traction efficiency due to a wet surface, difficulty in 

maneuvering the vehicle, and a reduction in visibility during heavy rain conditions. Further, 

Cho et al. (2006) has shown that braking distance increases by approximately 20% on a wet road 

surface. We also believe that the same factors discussed by Gao et al. (2016) contributed to the 
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increased severity outcome on highway A004 as well. However, highway A001 has not shown 

any significant impact on severity outcomes due to poor weather conditions. 

 

Light conditions 

Proper road visibility of the road could be considered the most fundamental requirement for the 

safety of all highway users. In this study we found that under inadequate light conditions, both 

A001 and A001 highway victims experienced higher crash severity levels compared to under 

adequate light conditions (day or night). Previous studies have evidently proved that inadequate 

light conditions were associated with a significant increase in fatality risk and an increase in 

severity outcomes (Elvik, 1995; Åkerstedt et al., 2001; Keall et al., 2005; Wanvik, 2009; Islam 

and Hernandez, 2013; Wang et al., 2017). Studies by Keall et al. (2005) and Wanvik (2009) found 

that at night, illuminated roads were safer compared to roads without lighting, and Elvik (1995) 

noted that the installation of lighting on previously unlit roads reduced fatal crashes by more than 

60%. Moreover, Åkerstedt et al. (2001) suggested that early morning driving is several times more 

hazardous than driving during the morning, and Lee et al. (2005) noted that injury severity in 

pedestrian collisions was higher under poor light conditions. It is evident that poor light conditions 

reduce driver visibility and the perceptibility of highway surroundings, leaving drivers unaware 

until the last instant, and not permitting enough time to take evasive action to prevent a collision. 

This can result in victims experiencing a fatal or higher severity outcome. We suggest that the 

increase in severity outcomes under inadequate light conditions on both highways A001 and A004 

could be explained by the same dilemmas discussed under this category. 

 

Traffic control 

In this study, we found that the presence of traffic control methods exerts a significant impact on 

crash severity outcomes on highway A001, with locations controlled by traffic lights (signalized 

intersections) or by a police warden experiencing higher severity levels compared to locations 

without any type of traffic control. According to the study done by Obeng (2008) it was suggested 

that head-on, right-turning vehicle collisions, and rear-end and collisions with slow moving 

vehicles were the most frequent types of vehicle-related crashes at signalized intersections; and 
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Lee et al. (2005) noted that at intersections, pedestrian crash severity increases with higher traffic 

volumes. The higher number of conflicts generated due to turning movements, violation of traffic 

controls, failure to yield right-of-way, misjudgment of the speed of approaching vehicles and short 

sightlines could be considered the most typical reasons behind such collisions (Abdel-Aty and 

Keller, 2005; Tay and Rifaat, 2007, Obeng, 2008). In our study, we found that 43% of crashes 

occurring at controlled intersections on highway A001 involved pedestrians (54% with fatal or 

grievous severities), followed by 20% head-on and 12% rear-end collisions, consistent with the 

findings of Obeng (2008) and Lee et al. (2005). We also believe that such crashes on the A001 

were mainly caused by similar factors that were previously discussed, such as conflicts generated 

due to turning movements, traffic control violations, failure to yield right-of-way, misjudging the 

speed of approaching vehicles, and short sightlines. In addition, unpredictable pedestrian 

movements (jaywalking) and impatient driver behavior due to slow moving traffic (tailgating 

without keeping a proper gap, and sudden lane changes) might also have contributed to increased 

crash severity outcomes at controlled locations, compared to uncontrolled locations, on highway 

A001. 

 

Casualty gender 

In this study we found that male victims on highway A004 experience more severe injuries than 

females. Numerous studies have identified a similar trend, with male drivers showing a higher risk 

of being involved in more serious crashes than females (Valent et al., 2002; Yau, 2004; Yau et al., 

2006; Kim et al., 2008; Zhang et al., 2013; Celik and Oktay, 2014; Santamariña-Rubio et al., 

2014). Most of these studies suggested that high rates of risk taking, irresponsible driving behavior 

and a higher probability of committing traffic violations (speeding and violation of traffic controls 

and signs) expose men to higher severity injuries than females. On highway A004, approximately 

40% of casualties were due to collisions with pedestrians and of that total, 65% were males. This 

finding was consistent with studies done by Fernando et al. (2017) and Weerawardena et al. (2013) 

on traffic casualties in Sri Lanka. Moreover, Fernando et al. (2017) noted that a comparatively 

higher number of licensed male drivers in Sri Lanka (male: female= 10: 1), larger annual driving 

mileages and male dominance in public and long-haul transport have contributed to a high injury 

severity propensity for males, as opposed to females. We believe that aspects such as high risk 
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taking, irresponsible and aggressive behavior in males, a higher ratio of male to female licensed 

drivers, and dominance in the public and freight transport sector led to this finding for highway 

A001. However, Santamariña-Rubio et al. (2014) and Factor et al. (2008) noted that individual 

men’s’ risk differs from these findings according to age group, mode of transport, and 

socioeconomic factors such as education and income. 

 

Casualty age 

Casualty age was also found to be a significant factor in this study, with crash injury severities on 

both highways A001 and A004 tending to increase as the victim’s age increases. In this study, we 

classified casualty age into three categories: victims younger than 26 years, middle-aged (25–65 

years) and victims older than 65 years. Middle aged (26-65) and older victims showed a significant 

increase in injury severity compared to younger victims, similar to the findings of Abdel-Aty et 

al. (1998), Bedard et al. (2002), Russo et al. (2014), Edirisinghe et al. (2014) and Fernando et al. 

(2017). Elderly victims’ (> 65 years) propensity for involvement in higher severity crashes might 

be explained as an age-related decline in physical and cognitive abilities (lower perception and 

reaction times and inability to judge speed and gap properly), as well as driving under the influence 

of prescribed medicine (Abdel-Aty et al., 1998; Hu et al. 1998; Zhang et al., 2000; Yan et al., 

2005). Aggressive and impulsive behavior while driving, a high probability of traffic violations, 

fatigue and driving under the influence of alcohol have all been found to be typical cumulative risk 

attributes in middle-aged victims (Fernando et al., 2017; Philip et al., 2001). Further, Russo et al. 

(2014) also suggested that young victims (< 26 years) are less likely to suffer severe injury, which 

may reflect physiological differences compared to older drivers (>26 years). However, in Sri 

Lanka, it appears to be extremely difficult for citizens between ages 18 to 25 to own a vehicle, due 

to high tax rates and comparatively low wages among young workers. This fact might be the reason 

that young people experience less severe crashes. We believe that factors discussed, such as age-

related decline in physical and cognitive abilities in elderly (> 65 years) victims, aggressive and 

impulsive driving behavior, fatigue and driving under the influence of alcohol in middle aged (26 

-65 years) victims, and perceptions of road safety and vehicle ownership among younger (< 26 

years) victims, have led age to progress as a linear relationship between victim age and injury 

severity on both highways A001 and A004. 
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Protection (Seatbelts, helmets or child restraints)   

In this study, we found that people who had not taken any safety precautions - such as wearing 

seatbelts or helmets, or using child restraints - before entering the highway, experienced higher 

crash severity levels compared to those who had, on both highways A001 and A004. This finding 

was consistent with studies done by Krull et al., 2000, Bedard et al. (2002), Hutchings et al. (2003); 

Savolainen and Mannering (2007), Winston et al. (2007), Wang and Abdel-Aty (2008), Obeng 

(2008) and Ma et al. (2012). All of these studies suggest that the use of seatbelts and child restraints 

significantly reduces crash injury severity by reducing a human body’s velocity relative to the 

vehicle’s velocity, as it experiences an unexpected reduction in speed due to a crash. Head trauma 

is the major contributing factor to motorbike user fatalities; the use of helmets prevents such severe 

damage to the head during a motorbike collision (Branas and Knudson, 2001; Savolainen and 

Mannering, 2007; Fernando et al., 2017). Although there is a national law in Sri Lanka for both 

seatbelts and helmets, there is still no national law in place for child restraints, which is a 

worrying factor related to child as well as road safety. Studies by Winston et al. (2007) and Ma et 

al. (2012) suggest that child restraints should be used advisedly according to the age of the child, 

and Kidd and McCartt (2014) have suggested that consistent seatbelt users had a positive attitude 

towards the use of child restraints. Further, three-wheelers play a huge role as a mode of transport 

in Sri Lanka, yet are not equipped with protective devices, exposing passengers to grave danger 

(Kumarage et al., 2002; Fernando et al., 2017). It is evident that for all age groups, failure to use 

proper safety precautions increases the risk of fatal injury. We believe that similar matters 

discussed under this category, such as the lack of a national law on the use of child restraints, high 

exposure to potential injury by not using protection features, such as seatbelts and helmets, and 

vehicles with a fragile frame, have led highway A001 and A004 users to experienced higher crash 

severity levels.  

 

Element type 

In this study, we found that vehicle types such as motorbikes, three-wheelers, buses, lorries and 

dual-purpose vehicles were more hazardous than cars, showing a significant increase in crash 

severity levels on both highways A001 and A004, but with the exception of fatalities on highway 

A001, which cars were more prone to crashes. This finding is consistent with many Sri Lankan 
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studies, including Kumarage et al. (2002), Jayatillek et al. (2009), Jayatilleke et al. (2010), 

Edirisinghe et al. (2014) and Fernando et al. (2017). Motorbikes and three-wheelers could be 

considered the most vulnerable vehicles among these five types, and such vulnerability is 

associated with high exposure of a driver or passenger to potential injury in a crash. Illegal passing, 

traffic control violations including speeding; impatient drivers; driver learning method; carrying 

more passengers than space is available; and the relative smaller size of a vehicle were the foremost 

contributing factors to motorbike and three-wheeler crashes, as well as to the associated crash 

severity (Jayatilleke et al., 2010; Cunningham et al., 2012; Fernando et al., 2017). Another study 

done by Jayatilleke et al., 2010 relating to buses in Sri Lanka, noted that illegal passing, 

overloading, and taking passengers outside of legal bus stops contributed to an increased crash 

risk, and Kumarage et al. (2002) suggested that poor bus condition also contributes to the risk of 

high injury severity.  While lorries and dual-purpose vehicles have been a significant issue related 

to highway safety in Sri Lanka for decades, few studies have been conducted to comprehend the 

key contributing factors to crashes involving lorries and dual-purpose vehicles. Kumarage et al. 

(2002) noted that vulnerable highway users, such as pedestrians, experience more severe crash 

injuries than drivers when collisions occur with large vehicle types such as lorries. However, the 

finding related cars on A001 highway was consistent with he findings of Celik and Oktay (2014) 

and Abdel-Aty (2003) and Kumarage et al.(2002) .Kumarage et al. (2002) suggested that classified 

counts and kilometres driven per day, have to be considered before any conclusion and this 

argument was consistent with our finding of A001 highway, where the ratio between the fatalities 

and classified count was the lowest and was as 0.3 , yet  we believe that traffic control violations, 

aggressive driving and the collision type contribute to this factor. To understand car crashes in Sri 

Lanka, further studies needed. Moreover, we suggest that the injury severities associated with 

lorries and dual-purpose vehicles on highways A001 and A004 were mainly due to the collision 

category (head-on and pedestrians) and the heavy builds of such vehicle types. We believe that 

discussed facts, such as illegal passing, traffic control violations, aggressive driving, driver 

learning method, carrying more passengers than space is available among motorbikes and three-

wheelers, illegal passing, overloading, taking passengers outside of legal bus stops, poor bus 

condition, heavy vehicle build, and collision category among lorries and dual-purpose vehicles 

have all led to these findings for both highways A001 and A004. 
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License validity  

Driving without a valid license for the vehicle type driven has been a major problem in Sri Lanka 

for the past few decades, and this kind of irresponsible driver behavior has commonly been noticed 

on the part of lorry, bus, motorbike and three-wheeler drivers. The fatality rate instigated by these 

unlicensed groups was about 25% of the total crash fatalities reported annually (Kumarage et al., 

2002). In this study, we found that about 50% of unlicensed drivers were motorbike users, followed 

by 15% to 20% of bus and lorry drivers, and another 15% to 20% of three-wheelers on both 

highways A001 and A004. Not having the proper driving skills and knowledge through training 

for a particular vehicle type exposes such unlicensed drivers to experience higher crash severities, 

and makes highways more unsafe for other users as well. Studies done by DeYoung et al. (1997), 

Blows et al. (2005), Hanna et al. (2006), and Hanna et al. (2013) suggest that unlicensed drivers 

increase the risk of fatal crash injuries, as well as the danger of being involved in a potential crash, 

compared to licensed drivers. To date, Sri Lanka has followed the British system of driver’s 

licensing, where the level of compulsory driver education is minimal, and a driving license test is 

the only method of evaluating a driver’s skill and knowledge (Jonsson et al., 2003). Further, novice 

drivers are given the freedom to choose between certified or private education, and most 

motorbike, three-wheeler, lorry and bus drivers tend to learn to drive with a friend (uncertified) or 

on their own, which intensifies the probability of fatal injury crashes. Both highways A001 and 

A004 have shown a similar type of irresponsible driver undertaking, and we believe that drivers 

operating without the proper driving skills and knowledge though training have increased the 

injury severity levels for unlicensed drivers compared to validly licensed drivers. 

  

Driver experience 

Driver experience is an association of attributes, such as how one learns to drive, the number of 

kilometers driven annually, experience with diverse traffic environments, adaptability and attitude 

(Waller et al., 2001; Clarke et al., 2006; McCartt et al., 2009). In this study, we found that driver 

experience was a significant factor among highway A001 users. Waller et al. (2001) suggested 

that serious traffic-related offences tend to decrease by about 8% per year of licensure, and also 

showed that the decline rate for such offences was twice as fast for females compared to males. 
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The study done by McCartt et al. (2009) noted that a steep learning curve benefits novice drivers 

to acquire profound driving skills and knowledge, and contributes to a reduction in the risk of 

crashes, while Elvik (2013) noted that drivers tend to demonstrate overconfidence regarding their 

driving abilities. The study done by Kumarage et al. (2002) also found that less experienced drivers 

(< 3 years) in Sri Lanka, illustrated a higher risk of being involved in a severe injury crash. Further, 

more years of experience might also be an encouraging influence for drivers to avoid hazardous 

behaviors, such as speeding and driving while under the influence of alcohol. We believe that 

driver learning method, training duration, and allowing drivers to accumulate experience through 

a steep learning curve are the key dynamics behind proper driver experience, and we would suggest 

that not having such broad experience has led to the highway A001 findings. 

Blood alcohol test results 

In this study, we obtained a contradictory result regarding driving while under the influence of 

alcohol, compared to past related literature. All past studies have shown the negative effect of 

drunk driving, suggesting that alcohol impaired driving increases the risk of crash injury severity 

by several factors, compared to driving sober, including studies by Shankar and Mannering, 

(1996), Kockelman and Kweon (2002), Bedard et al. (2002), Yamamoto and Shankar (2004) and 

Yan et al. (2005). However, we found that on highway A001, drivers tested for blood alcohol 

content (BAC) who were found to be over the legal limit experienced less severe injuries compared 

to sober drivers. On highway A001, 85% of the data in this category were missing, denoting that 

police hadn’t conducted BAC testing among 85% of drivers. In Sri Lanka, the request for a BAC 

test is typically made by a police officer if he suspects the driver was drunk at the time of the crash, 

and such a request mainly depends on the crash severity and the judgment of the police officer at 

the scene. In that case, this 85% of drivers might be sober. However, to draw a conclusion in this 

category, more studies are required relating to Sri Lanka’s legal background of screening and 

taking actions on alcohol impaired drivers. Further, due to all of these concerns, we suggest that 

this finding from highway A001 might be biased towards drunk drivers. 
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Collision type 

In this study, we found that four collision types, such as rear-end, sideswipes, single vehicle and 

other types (collisions with animals and falling from buses) showed a significant impact on the 

crash injury severity outcome, compared with head-on collisions on both highways A001 and 

A004. Rear-end, sideswipes and other types of collisions showed a decrease in the risk of a fatality 

outcome compared to head-on collisions on both highways; and single-vehicle crashes presented 

a similar decreasing effect on grievous injury outcomes on highway A001 compared to head-on 

collisions. This finding implies that head-on crashes were the most lethal type of collision between 

the two highways, and the higher severity associated with the head-on crashes was mainly due to 

the associated higher speeds vector of the involved vehicles (Prentkovskis et al., 2010). These 

findings were consistent with many studies, including studies by Kumarage et al. (2002), Abdel-

Aty and Keller (2005), Savolainen and Mannering (2007) and Hosseinpour et al. (2014). The study 

done by Kumarage et al. (2002) suggested that the main contributing factor in head-on collisions 

in Sri Lanka was the absence of highway center median marking, or poor center median markings, 

and Prentkovskis et al. (2010) noted that traffic rule violations and losing control also contributed 

to head-on collisions. Although the outcome of injury severity level was less, we found that 

collisions with animals and falling from buses were significant collision types on both highways. 

The study done by Weerawardena et al. (2013) noted that most animal-related collisions in Sri 

Lanka are caused by dogs crossing the highway unexpectedly. Further, falling from buses was 

mainly correlated with overloading (Jayatilleke et al., 2010). However, we believe that the factors 

discussed, such as poorly defined center median markings, or the absence of center median 

markings or physical separators, as well as traffic rule violations, were the main contributors to 

the highway A001 and A004 findings. 

 

CHAPTER 8 : CONCLUSION AND RECOMMENDATIONS 
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8.1. Summary of the findings  

In this study, we examined two major Sri Lankan intercity highways, A001 and A004, and tried to 

understand the impact of traffic volumes and number of lanes on crash frequencies; we also 

determined the top 10 crash injury severity contributing factors on both highways. We used a 

negative binomial regression modeling approach to analyze crash frequencies and employed 

multinomial logistic regression to model crash severities with explanatory factors for both 

highways. 

Frist, we found that the fatal crash frequency rate on highway A001 was higher than on A004 and 

that pedestrian, single-vehicle, cyclist and rear-end collision rates were also higher on highway 

A001 compared to highway A004. Further, on highway A001 the probability of having a fatal 

crash per million vehicle kilometres (MVKM) was 0.06, while on highway A004 it was 0.04.  

Pedestrian-involved collisions, head-on and rear-end collisions accounted for approximately 80% 

of fatalities on both highways A001 and A004. 

According to vehicle type, 80% of fatalities on highways A001 and A004 involved three-wheelers, 

motorbikes, buses, lorries and dual-purpose vehicles; further, buses, and lorries showed alarmingly 

high ratios between the percentage of fatalities and the percentage frequency of vehicles (classified 

count),on both highways. 

On highway A001, approximately 96% of drivers involved in fatal or injury crashes were male 

compared to 86% on highway A004. The mean age of drivers in highway A001 and A004 crash 

records was 37 years, with a standard deviation of 18 years. 

According to the crash frequency analysis, we found that crash frequencies corresponding to non-

grievous, damage-only crashes and the total number of crashes on highway A001 tended to 

increase with an increase in the number of lanes and average daily traffic (ADT) volumes. 

Similarly, on highway A004, grievous crash, damage-only, and total crash frequencies tended to 

increase with an increase in ADT values. However, on highway A004 only the damage-only and 

total crash frequencies increased as the number of lanes increased, and average daily traffic (ADT) 

and the number of lanes were not significant factors in determining fatal accident frequencies on 

either highway A001 or A004. According to the estimated elasticity values, the ADT values had a 

greater impact on highway A004 than on highway A001. 
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According to the crash injury severity analysis, we found that seven contributing factors - 

urbanicity, light conditions, casualty age, protection, element type, license validity and collision 

type - were significant on both highways. In addition, weather conditions and casualty gender were 

only found to be significant on highway A004, while traffic control was a significant crash injury 

severity contributing factor only on highway A001. Further, we believe that the alcohol impaired 

driving result might be biased due to high percentage of missing information. We have listed the 

top 10 crash injury severity contributors, shown below, according to these findings (without 

following any particular rank). 

1. Urbanicity 

2. Weather conditions 

3. Light conditions 

4. Traffic control 

5. Casualty gender 

6. Casualty age 

7. Protection 

8. Element type 

9. License validity 

10. Collision type 

 

Finally, we suggest recommendations to mitigate such crash frequency and severity contributing 

factors on highways A001 and A004. The selection of such crash countermeasures was done 

according to the feasibility of the countermeasures, in compliance with the country’s economic 

status, land use factors, urgency and impact. We also suggest policy and highway design 

interventions for the entire country, considering both highways A001 and A004 to be good 

representative samples for Sri Lanka. 
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8.2. Proposed recommendations  

From the crash frequency analysis, higher traffic volumes (higher ADT values) and a higher 

number of lanes were found to be significant factors influencing the increase in crash frequencies. 

Therefore, the following countermeasures are suggested to minimize such frequencies: 

  

Traffic volume (ADT) 

Implementing suitable traffic calming measures would be a good approach to address this issue 

found on both A0001 and A004 highways. Before strategy implementation, an intensive study 

should be done to identify the worst locations in terms of crash frequencies on both highways. 

Then, one or more of the following traffic calming methods could be used in identified locations 

to address this matter (Shinar, 2017; Council, 2011; Benekohal, 1997; Peden, 2004). 

 Intensive enforcement   

 Implementation of speed humps, speed tables and speed cushions: Speed humps are 

typically used in low speed limit zones (30km/h), while speed tables and speed cushions 

are used to calm traffic in moderate speed zones, (50km/h). 

 Raised crosswalks: Implementation of raised crosswalks tends to create a safer 

environment for pedestrians, and slows traffic. 

 Tight corner curbs: Implementation of tight curbs inhibits the speed of turning vehicles, 

and creates more space and safer crossing distances for pedestrians. 

 Limit your speed (electronic) board: Implementation of such sign boards keeps drivers 

informed about their speed, yet this could also be a distraction as a new experience for 

highway A001 and A004 users. A pilot survey should be done before launching such an 

intervention. 

 Roundabouts, channelization and intersection diverters are some of the most common 

recommendations found in the literature, but due to Sri Lanka’s economic status and 

priorities, these interventions might be unfeasible.   
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Number of lanes 

With a higher number of lanes, higher crash frequencies were detected on highways A001 and 

A004. In a Sri Lankan context, intensive enforcement would be the only solution to prevent 

irresponsible driver behavior. Typically, such reckless behavior was observed among drivers of 

three-wheelers, motorbikes and buses. Therefore, crash countermeasures targeting these vehicle 

types would be an indirect yet effective solution to this problem. However, to address the issue 

properly, more studies need to be done. 

Urbanicity 

Urbanicity was a significant crash severity factor found in our analysis of both highways, with 

injury severities tending to increase in rural sections compared to urban sections. To deal with such 

problems in rural areas, lower speed limits and increased enforcement could be considered typical 

solutions. However, many crashes occurring in rural areas in Sri Lanka are mostly due to illegal 

passing, speeding, and ignoring hazardous locations, such as bends, indistinct intersections and 

culverts. Therefore, proper speed controls and enforcement at identified hazardous locations might 

be a better long-term solution rather than a blanket speed limit reduction on entire highway 

sections. The establishment of elevated center medians would be the best long-term solution for 

illegal passing using opposing lanes, and to reduce head-on crashes on rural sections of highways 

A001 and A004. In Sri Lanka, if a crash occurs in either a rural or urban area, victims are typically 

taken to hospital using a three-wheeler and/or a private vehicle available at the crash scene. Since 

victims are handled by unprofessional parties before proper medical care is received, and with a 

delayed response process, some injuries might end up more severe than they otherwise would have 

been, or even as fatalities. This situation is not confined to highways A001 and A004, but is seen 

throughout the entire country. Therefore, it should be addressed by authorities in the establishment 

of emergency medical service units throughout Sri Lanka, which would eventually enable proper 

medical care at a crash scene (Shinar, 2017; Council, 2011). 

 

Weather conditions 

The impact of weather conditions on increasing crash severity was only significant on highway 

A004, and weather conditions only impacted the grievous injury severity level. In this case very 
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little could be done by authorities, but there are many things to be done from the pedestrian and 

driver point of view. Improving road surface conditions and establishing proper drainage systems 

on highway A004 would be the long-term solution to this problem, but typically such 

improvements take many years or might not be feasible due to the country’s economic issues and 

priorities. Therefore, during adverse weather conditions the following safety measures are 

recommended (Shinar, 2017; Peden, 2004). 

 Pedestrians should always try to use dedicated walking paths, follow traffic controls, dress for 

the weather (rain suits with yellow stripes) and be more conscious of their surroundings. 

 Motorbike riders should always try to dress for the weather with bright yellow rain suits, notice 

and avoid conflicts with larger vehicles, wait for heavy gusty rain to pass or lessen, and be 

equipped with all-weather tires. 

 Drivers should always try to maintain a larger gap between vehicles than when weather 

conditions are good, slow down, ensure that all vehicle lights, especially signal lights, and 

wipers are working, be equipped with all-weather tires, and be more courteous in their 

treatment of other drivers and pedestrians. 

 

Light conditions 

Light conditions on both highways were found to be a significant factor in increasing fatality risk. 

Therefore, this issue should be addressed quickly. Proper street lighting with a suitable frequency 

- narrowing the distance between two light posts in rural areas - supplementary lighting at 

intersections and lit-up pedestrian crossings would be the long-term solution for this problem. 

However, a higher frequency of light poles might become a hazard contributing to more single-

vehicle crashes in rural areas, and should carefully be examined before implementation. Frequent 

maintenance of street lights could be considered both a short-term and long-term solution. 

Additionally, from the road user’s point of view, cyclists should be equipped with reflectors, lights 

and yellow jackets, and pedestrians should wear a reflective jacket or hold a battery-operated torch 

to draw motorists’ attention to their presence. Vehicles should be equipped with proper fog lights 

and headlights. Slowing down in dark locations would help drivers avoid unfortunate events on 

both highways. 
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Traffic control 

The impact of traffic control was found to be significant only on highway A001, and showed an 

influence on increasing grievous crashes only. Implementation of automated enforcement 

technologies, such as traffic violation detection cameras and speed detection cameras, would be a 

better and long-term solution to this problem. Introducing such a random element would be more 

efficient than conservative policing. Nevertheless, without renewed traffic fine laws, such 

automated enforcement will be a waste of resources and time, therefore an appropriate traffic 

violation fine scheme should be introduced in parallel with such systems. However, higher fines 

may adversely affect the lower level income population in Sri Lanka, and this type of scheme 

should be studied intensively before implementation. Marked turn lanes and restricted turning 

movements at identified hazardous locations might be a short-term solution. Moreover, improved 

pedestrian facilities, such as adequate pedestrian crossing lighting facilities, should be 

implemented along highways A001 and A004, since both had a higher percentage of pedestrian 

crashes at traffic controlled sites. 

Further, channelization and the establishment of roundabout intersections are the most well-

known, and expensive, solutions for traffic control issues at intersections. However, with the 

current land use and financial situation in Sri Lanka, these options might not be feasible any time 

soon.   

 

Casualty gender 

Casualty gender was found to be a significant factor in increasing grievous crashes on highway 

A004. However, very limited actions can be taken by the authorities to solve this problem; 

provincial level awareness programs and sponsored media coverage are among the few solutions 

that government could provide. Further, intensive enforcement and penalties might be a short-term 

solution. A higher percentage of accountability lies with highway users, in this case male users, 

who must make responsible and mindful use of highways a priority. 
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Casualty age 

Casualty age was a significant factor on highways A004 and A004, and showed an increase in 

injury severity levels with an increase in age. Older highway users (> 65 years) were the most 

affected group on both highways. A relicensing process equipped with proper medical examination 

procedures on vital health information such as vision, physical limitations and the effects of 

prescription drugs would be a better and more long-term solution to resolve this issue. Designing 

the highway environment to be more elder-friendly, with such things as large signs and 

supplementary street lighting along the highway and at intersections, might be another solution. 

At the same time, understanding self-limitations, adjusting driving habits and restricting lengthy 

trips would the best contribution on the part of older drivers.  

Moreover, fatigue and falling asleep while driving is another common factor in the Sri Lankan 

context, which we believe might be a crash severity contributing factor in middle-aged (26-65 

years) drivers on both highways. The establishment of proper rest areas along the highway would 

be a better solution for this problem. To make proper recommendations on this issue, further study 

is required (Shinar, 2017; Council, 2011; Peden, 2004).  

 

Protection 

Protection was a significant factor on both highways; not using proper safety precautions tends to 

increase the risk of fatalities. In Sri Lanka, seatbelt and helmet laws are in place, but the fines 

associated with such violations are very low compared to the danger created by not using such 

safety precautions. As stated in the Sunday Observer (29 October 2017): “Road rules and traffic 

fines: a law to be honoured more in the breach.” Currently, the maximum helmet fine is about $5 

CAD and the seatbelt fine is about $35 CAD. Therefore, this flags a need for a review of such 

traffic violation fines, coupled with widespread media coverage, which would be a better long-

term solution.  

As discussed in Chapter 7, Sri Lanka does not have a child restraint law. Therefore, this problem 

should be addressed quickly, with the introduction of a policy covering all of the country’s 

provinces, since this is not an issue limited to highways A001 and A004. 
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Element type 

Six vehicle types, three-wheelers, motorbikes, buses, lorries, cars and dual-purpose vehicles, were 

found to be significant crash severity contributors under this category. Such vehicle types were 

found to be involved in increasing crash severities on highways A001 and A004. Among these 

vehicle types, buses and lorries were the most hazardous vehicle types compared to cars. However, 

motorbikes also contributed significantly to increasing the crash fatality risk on both highways.  

Proper driver education and training through experience might be the key to resolving most of 

these vehicle type-related traffic violations and perilous behavior. 

Sri Lanka does not have a Graduated Drivers Licensing (GDL) program in place to give drivers a 

proper learning curve over time. The establishment of a Graduated Drivers Licensing (GDL) 

system and a proper screening process to identify training adequacy would be a better and long-

term solution for this problem. 

In addition, the following crash countermeasures were proposed for buses, lorries and motorbikes: 

 

Buses   

The establishment of a dedicated lane for buses would be a good solution, and the implementation 

of such would discourage bus drivers from suddenly changing lanes, forcing other drivers to avoid 

unofficial ‘competitions’ driving at higher speeds. 

Also, a reduction in legal speed limits, only for buses, in crash-prone zones might be another 

solution. However, to enable such policies requires proper studies to identify such locations. 

 

 Lorries  

With adequate studies, a suggestion of alternative operations hours, such as off-peak hours, might 

be a reasonable solution to address this issue on both highways. A reduction in speed limits for 

lorries would be another answer to this matter. 

 

Motorbikes 

The use of reflective or brightly colored clothing and the use of headlights during the daytime 

would be the solution for the conspicuity issue.  
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Intensive enforcement of illegal passing and speeding, awareness programs to educate riders and 

other highway users, and proper road maintenance such as pothole repair on highways could be 

among the better approaches to reduce more severe motorbike-involved crashes on highways A001 

and A004. 

 

License validity  

License validity was a significant factor on highways A001 and A004 and was found to be an issue 

in increasing fatality risk. Driving without a valid license for the specific vehicle type could be the 

most hazardous decision, in terms of highway safety, for both drivers and other highway users. 

However, unless a driver is involved in a crash or traffic violation, there is no license screening 

system along these highways. Implementing intensive inspection programs and large penalties, 

coupled with widespread media attention, would be a better solution for this problem. In addition, 

more studies should be conducted to understand the motivation behind such potentially lethal 

behavior (this might mean an expensive licencing system) and the decision to drive without a valid 

license. 

 

Collision category  

On highways A001 and A004, head-on crashes were found to be the highest fatality and grievous 

crash collision type. The best long-term solution to address this issue is the establishment of 

elevated center medians on undivided opposing traffic streams. The presence of such separators is 

rare in rural areas on both highways. 

 

Overall, frequent safety audits and government involvement in prioritizing highway 

improvements, according to such audits, would be essential contributions that we anticipate would 

help prevent unforeseen yet mostly preventable crashes. 
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8.3.  Conclusion and future research  

In this study, we used the negative binomial and multinomial logistic regressions approaches to 

model crash frequencies and crash severities while keeping many highway design factors constant. 

Both models performed well. In future research, different modeling approaches, such as a nested 

logit model and ordinal logistic model with more highway design attributes, could be adopted to 

examine similar data. 

Further, we found that highway A001 was slightly more dangerous than highway A004. However, 

to confirm this issue a study should be done covering the entire length of both highways. 

In addition, some factors, such as the number of lanes, gender, and alcohol impaired driving and 

crashes involving lorries, must be studied separately to enable proper understanding of such issues. 

The findings of this study are suggestive but limited in that they are only based on segments of 

highways A001 and A004. Therefore, it is recommended that the highway crash history of Sri 

Lanka as a whole be examined in future research. 
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Appendix A 

Form 297B – Anatomy of collision 
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Appendix B 

Generalized Logistic Distribution 

Parameters 

 𝐾- Continuous shape parameter 

  𝜎- Continuous scale parameter (𝜎 > 0) 

 𝜇- Continuous location parameter 

 

Domain 

1 + k
(𝑥 − 𝜇)

𝜎
> 0            for  k ≠ 0 

−∝< x < +∝                       for   k ≠ 0  

 

Probability Density Function 

 

𝑓(𝑥) =

{
  
 

  
 (1 + 𝑘𝑧)−1−

1
𝑘

𝜎 (1 + (1 + 𝑘𝑧)−
1
𝑘)

2     𝑓𝑜𝑟 𝑘 ≠ 0

exp (−𝑧)

𝜎(1 + 𝑒𝑥𝑝(−𝑧))
2      𝑓𝑜𝑟 𝑘 = 0

 

 

Were, 

𝑧 ≡  
𝑥 − 𝜇

𝜎
 

 

Reference  

[1] Technologies, M. (2017). EasyFit - Generalized Logistic Distribution. 

(Online)Mathwave.com. Available at: 

http://www.mathwave.com/help/easyfit/html/analyses/distributions/gen_logistic.html 

[Accessed 31 October. 2017].  
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Appendix C 

Case processing summary of MNL regression analysis of A001 highway  

  N 
Marginal 

Percentage 

Crash severity 

Fatal 221 12.1% 

Grievous 430 23.6% 

Non-Grievous 1172 64.3% 

Traffic condition 
Peak 529 29.0% 

Off-peak 1294 71.0% 

Urbanicity 
Urban 1090 59.8% 

Rural 733 40.2% 

Day of the week 
Normal working day 1246 68.3% 

Normal weekend or Holyday 577 31.7% 

Weather 

condition 

Clear weather 1786 98.0% 

Rainy Weather 37 2.0% 

Light condition 
Adequate lighting (day or night) 1196 65.6% 

Inadequate lighting (day or night) 627 34.4% 

Location type 

Other 43 2.4% 

4 - leg intersection 46 2.5% 

3 - leg intersection 193 10.6% 

Stretch of road, no junction within 10 meters 1541 84.5% 

Traffic control 
Controlled by traffic lights or Police 382 21.0% 

No Control 1441 79.0% 

Casualty gender 
Male 1512 82.9% 

Female 311 17.1% 

Casualty age 

26 and younger 406 22.3% 

26-65 1305 71.6% 

65 and over 112 6.1% 

Protection 

Not known/NA 418 22.9% 

Safety precautions not taken 20 1.1% 

Safety precautions taken 1385 76.0% 

Element type 

Other 252 13.8% 

Dual purpose vehicle 269 14.8% 

Three-wheeler 251 13.8% 

Motor cycle Moped 480 26.3% 

Bus 251 13.8% 

Lorry 241 13.2% 

Pedestrian 26 1.4% 

Car 53 2.9% 

Driver age 26 to 65 1345 73.8% 
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25 and under 386 21.2% 

65 and over 92 5.0% 

Validity of the 

licence 

Not Known 1243 68.2% 

Without Valid license for the vehicle type 311 17.1% 

Valid license for the vehicle type 269 14.8% 

Driver 

experience 

Less than 10years 1203 66.0% 

10 to 20 years 221 12.1% 

20 years and more 399 21.9% 

Alcohol test 

results 

Not tested 1547 84.9% 

Over Legal limit 46 2.5% 

No alcohol or below legal limit 230 12.6% 

Collision type 

Other 150 8.2% 

Rear-end 270 14.8% 

Sideswipe 89 4.9% 

Collisions with Stopped Vehicle 30 1.6% 

Single Vehicle 88 4.8% 

Pedestrian 635 34.8% 

Cyclist 90 4.9% 

Head-on 471 25.8% 

Valid 1823 100.0% 

Missing 0   

Total 1823   

 

 

Table of Insignificant predictors found under MNL regression on A001 highway (fatal 

compared to non-grievous crashes) 

  
Coefficient 

(B) 

Std. 

Error 
Sig. Exp(B) 

95% Confidence 

Interval for Exp(B) 

Lower 

Bound 

Upper 

Bound 

Traffic condition       

Peak -0.27 0.18 0.14 0.76 0.53 1.09 

Off-peak b  

Urbanicity       

Urban -0.23 0.17 0.18 0.79 0.56 1.12 

Rural b  

Day of the week       

Normal working day 0.16 0.17 0.35 1.17 0.84 1.64 

Normal weekend or Holyday b  
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Weather condition       

Clear weather 0.81 0.71 0.25 2.24 0.56 8.93 

Rainy Weather b  

Location type       

Other -0.19 0.51 0.70 0.82 0.30 2.26 

4 - leg intersection -0.17 0.54 0.76 0.85 0.30 2.42 

3 - leg intersection -0.16 0.28 0.58 0.86 0.49 1.49 

Stretch of road, no junction 

within 10 meters b 
 

Traffic control       

Controlled by traffic lights or 

Police 
0.17 0.21 0.40 1.19 0.79 1.79 

No Control b  

Casualty gender       

Male 0.35 0.23 0.12  1.42 0.91 2.21 

Female b  

Driver gender       

Not recorded 0.25 1.25 0.84 1.29 0.11 15.03 

Male 0.23 1.12 0.83 1.26 0.14 11.35 

Female b  

Driver age       

25 and under 0b      

26 to 65 0.03 0.43 0.95 1.03 0.45 2.37 

65 and over b 0.09 0.47 0.86 1.09 0.44 2.72 

Driver experience       

Less than 10years -0.18 0.23 0.44 0.84 0.53 1.32 

10 to 20 years -0.27 0.32 0.39 0.76 0.41 1.42 

20 years and more b  

b. denotes base (reference) subcategory 

Table of Insignificant predictors found under MNL regression on A001 highway (grievous 

compared to non-grievous crashes) 

  
Coefficient 

(B) 

Std. 

Error 
Significance Exp(B) 

95% C. I. for 

Exp(B) 

Lower 

Bound 

Upper 

Bound 

Traffic condition       

Peak -0.08 0.13 0.52 0.92 0.71 1.19 

Off-peak b       

Day of the week       

Normal working day -0.05 0.13 0.67 0.95 0.74 1.21 

weekend or Holyday b       
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Weather condition       

Clear weather -0.60 0.38 0.11 0.55 0.26 1.15 

Rainy Weather b       

Light condition       

Adequate lighting  -0.16 0.13 0.21 0.85 0.67 1.10 

Inadequate lighting b       

Location type       

Other -0.29 0.40 0.47 0.74 0.34 1.64 

4 - leg intersection 0.24 0.37 0.51 1.27 0.62 2.62 

3 - leg intersection 0.32 0.19 0.09 1.38 0.95 2.00 

Stretch of road, no junction 

within 10 meters b 
      

Casualty gender       

Male 0.19 0.17 0.26 1.21 0.87 1.70 

Female b       

Protection       

Not known/NA 0.51 0.16 0.00 1.66 1.21 2.28 

Safety precautions not taken 0.66 0.61 0.28 1.93 0.59 6.36 

Safety precautions taken b       

Driver age       

25 and under 0.19 0.34 0.57 1.21 0.62 2.36 

26 to 65 0.50 0.37 0.18 1.64 0.79 3.40 

65 and over b       

Alcohol test results*       

Not tested -0.64 0.17 0.00 0.53 0.38 0.74 

Over Legal limit -0.46 0.41 0.26 0.63 0.28 1.41 

No alcohol or below legal 

limit b 
      

b. denotes base (reference) subcategory 
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Appendix D 

Case processing summary of MNL regression analysis of A004 highway 

  N Marginal 

Percentage 

Crash severity Fatal 114 10.1% 

Grievous 349 30.9% 

Non Grievous 668 59.1% 

Traffic 

conditions 

Peak 358 31.7% 

Off-peak 773 68.3% 

Urbanicity Urban 913 80.7% 

Rural 218 19.3% 

Day of the 

week 

Normal working day 766 67.7% 

Normal weekend or Holyday 365 32.3% 

Collision Type Other 166 14.7% 

Rear-end 174 15.4% 

Sideswipe 57 5.0% 

Collisions with Stopped Vehicle 15 1.3% 

Single Vehicle 26 2.3% 

Pedestrian 426 37.7% 

Cyclist 38 3.4% 

Head-on 229 20.2% 

Weather 

conditions 

Clear weather 1036 91.6% 

Rainy Weather 95 8.4% 

Light 

conditions 

Adequate lighting  (day or night) 793 70.1% 

Inadequate lighting  (day or night) 338 29.9% 

Location Type Other 128 11.3% 

4 - leg intersection 92 8.1% 

3 -leg intersection 167 14.8% 

Stretch of road, no junction within 10 meters 744 65.8% 

Traffic 

control 

Controlled by traffic lights or Police 338 29.9% 

No Control 793 70.1% 

Causality 

gender 

Male 864 76.4% 

Female 267 23.6% 

Causality age 26 and younger 279 24.7% 

26-65 770 68.1% 

65 and over 82 7.3% 

Protection Safety precautions taken 346 30.6% 

Safety precautions not taken 30 2.7% 

Not known/NA 755 66.8% 

Driver age 25 and under 153 13.5% 
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26 to 65 787 69.6% 

65 and over 44 3.9% 

Not available 147 13.0% 

Validity of the 

Licence 

Not Known 222 19.6% 

Without Valid license for the vehicle type 100 8.8% 

Valid license for the vehicle type 809 71.5% 

Driver 

experience 

Less than 10years 768 67.9% 

10 to 20 years 116 10.3% 

20 years and more 247 21.8% 

Alcohol test 

results 

Not tested 860 76.0% 

Over Legal limit 32 2.8% 

No alcohol or below legal limit 239 21.1% 

Element Type Other 123 10.9% 

Dual purpose vehicle 169 14.9% 

Three wheeler 171 15.1% 

Motor cycle Moped 285 25.2% 

Bus 151 13.4% 

Lorry 96 8.5% 

Car 136 12.0% 

Valid 1131 100.0% 

Missing 0   

Total 1131   

 

 

Table of Insignificant predictors found under MNL regression on A004 highway (fatal 

compared to non-grievous crashes) 

  
Coefficient 

(B) 

Std. 

Error 
Sig. Exp(B) 

95% Confidence 

Interval for Exp(B) 

Lower 

Bound 

Upper 

Bound 

Traffic condition       

Peak 0.08 0.25 0.75 1.08 0.66 1.78 

Off-peak b  

Day of the week       

Normal working day -0.37 0.24 0.11 0.69 0.43 1.09 

Normal weekend or Holyday b  

Traffic control       

Controlled by traffic lights or 

Police  0.12 0.25 0.63 1.13 0.69 1.85 
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No Control b  

Casualty gender       

Male 0.30 0.28 0.28 1.35 0.78 2.34 

Female b  

Driver age       

25 and under -1.33 0.88 0.13 0.26 0.05 1.48 

26 to 65 -0.13 0.66 0.84 0.88 0.24 3.17 

65 and over b       

Driver experience       

Less than 10years 0.08 0.33 0.81 1.08 0.57 2.08 

10 to 20 years 0.15 0.44 0.73 1.16 0.49 2.78 

20 years and more b  

Alcohol test results       

Not tested -0.22 0.28 0.42 0.80 0.47 1.37 

Over Legal limit -0.64 0.80 0.43 0.53 0.11 2.55 

No alcohol or below legal 

limit b 
 

b. denotes base (reference) subcategory 

Table of Insignificant predictors found under MNL regression on A004 highway (grievous 

compared to non-grievous crashes) 

  
Coefficient 

(B) 

Std. 

Error 
Significance Exp(B) 

95% C. I. for 

Exp(B) 

Lower 

Bound 

Upper 

Bound 

Traffic condition             

Peak -.040 .154 .796 .961 .711 1.299 

Off-peak b             

Urbanicity             

Urban -.028 .186 .879 .972 .676 1.399 

Rural b             

Day of the week             

Normal working day -.183 .148 .216 .833 .623 1.113 

Normal weekend or 

Holyday b 
            

Weather condition             

Clear weather -.052 .276 .850 .949 .553 1.630 

Rainy Weather b             

Light condition             

Adequate lighting  .065 .165 .695 1.067 .772 1.474 
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Inadequate lighting b             

Location type             

Other .149 .226 .510 1.161 .745 1.807 

4 - leg intersection -.209 .261 .423 .811 .486 1.353 

3 - leg intersection -.246 .205 .231 .782 .523 1.169 

No junction within 10 

meters b 
            

Traffic control             

Controlled by traffic lights 

or Police 
.256 .156 .101 1.292 .952 1.755 

No Control b             

Casualty age             

26 and younger -.287 .331 .387 .751 .392 1.437 

26-65 .075 .304 .805 1.078 .595 1.954 

65 and over b             

Protection             

Not known/NA .478 .203 .019 1.613 1.083 2.403 

Safety precautions not 

taken 
-.229 .528 .665 .795 .282 2.240 

Safety precautions taken b             

Driver gender             

Not recorded -0.17 0.8 0.83 0.84 0.18 4.04 

Male -0.54 0.63 0.39 0.58 0.17 2 

Female b             

Driver age             

25 and under -.008 .581 .989 .992 .318 3.097 

26 to 65 .027 .461 .954 1.027 .416 2.537 

65 and over b             

Driver experience             

Less than 10years .333 .201 .098 1.396 .941 2.071 

10 to 20 years .280 .267 .294 1.323 .784 2.231 

20 years and more b             

Alcohol test results             

Not tested .053 .181 .769 1.055 .739 1.505 

Over Legal limit -.151 .447 .735 .859 .358 2.063 

No alcohol or below legal 

limit b 
            

b. denotes base (reference) subcategory 

 


