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ABSTRACT 

In this study, a descriptive and spatial analysis was conducted using crash data, 2013-2017, 

for 25- to 44- year-old drivers involved in fatal and serious injury crashes that occurred in the state 

of Kansas. The database integrates crash characteristics, concerning factors like environment, 

human, roadway, socio-demographic, and vehicle data for all the counties in the state to explore 

and understand the relationships between fatal and serious injury crashes and potential contributing 

factors. 

To understand the trend of fatal and serious injury crashes over the study period, a series 

of descriptive analyses were performed, which showed crash characteristics analyzed in this study 

that followed similar trends to most of the past crash studies. This study included 891 fatal and 

2491 serious injury crashes along with 19 potential explanatory variables that were analyzed using 

Ordinary Least Squares (OLS) Regression to identify statistically significant factors, along with 

hotspots and outliers, in various geographical locations. A spatial model was created using two 

statistically significant variables to predict the total number of fatal and serious injury crashes, 

which was validated with the actual 2018 crash data. This spatial analysis and modeling were 

performed using ArcGIS Pro Software. 

Most of the statistically significant fatal and serious injury crash hotspots were located in 

and around Sedgwick county and northeastern Kansas counties like Douglas, Johnson, 

Leavenworth, and Wyandotte. The model validation for the crashes that occurred in 2018 was 

underestimated by eight percent, which is considered an acceptable variance. This study is the 

extension of the previous work that analyzed teenage drivers and also adopted a similar research 

methodology. 
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1. INTRODUCTION 

Each year, nearly 1.25 million people die in road crashes globally, on average 3,287 deaths per 

day, and an additional 20-50 million people are injured or disabled in these road crashes annually 

(ASIRT, 2019). In the United States, over 37,000 people die in road crashes and an additional 2.35 

million are injured or disabled, each year (ASIRT, 2019). Furthermore, road crashes were listed as 

the number one cause of death for people under the age of 44 by the 2007 death and mortality 

statistics in the United States (Miniño, 2013).  

Among many global traffic safety approaches, Vision Zero is one of the successful strategies 

across Europe, which was first implemented in Sweden in the 1990s, and now gaining momentum 

across the globe, including in many U.S. communities. Vision Zero is a strategy to eliminate traffic 

fatalities and serious injuries among all road users and to ensure safe, healthy, equitable mobility 

for all (Vision Zero Network, 2018). The approach of Vision Zero recognizes that road systems 

and related policies should be designed and implemented in such a way that mistakes made by 

people while driving do not result in fatalities or serious injuries. This means that most of the road 

crashes can be prevented by the efforts of professionals like road designers, traffic engineers, and 

policymakers.  

To reduce and/or prevent traffic fatalities and serious injuries, it is necessary to study and 

understand different factors that are leading to many road fatalities and serious injury crashes. It is 

also important to explore, identify, and analyze various contributing factors to these crashes. Crash 

analysis is effective and helpful to make necessary policy recommendations and propose safety 

strategies to all the states and cities to prioritize and improve public and traffic safety.  
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1.1 PROBLEM STATEMENT 

Many researchers have investigated the impacts of growing travel demand on traffic safety 

by predicting the number of crashes based on past crashes. These research studies have developed 

many predictive tools and models that are capable of evaluating road safety at the planning level 

by mostly using non-spatial factors like age, gender, road conditions, and other variables. Besides 

these non-spatial factors, it is also important to investigate and integrate the spatial factors for a 

better understanding of how crashes are spatially related and patterned (Mohammed, 2019).  No 

one model or method can be employed by all agencies to understand, analyze, and predict crashes 

that use both spatial and non-spatial factors. This study integrates and analyzes both non-spatial 

and spatial data of fatal and serious injury crashes involving drivers of 2-44 years old that occurred 

between 2013 and 2017 by mapping crash locations and visualizing their patterns spatially and 

statistically using ArcGIS software. 

1.2 STUDY PURPOSE  

The purpose of this study was to explore and identify trends, factors, and characteristics of 

all fatal and serious injury crashes involving drivers who belong to the 25- to 44- year-old age 

cohort in the state of Kansas from 2013 to 2017. The spatial patterns of the identified crash 

locations were also analyzed using various potential explanatory variables. The identified results 

were used to predict the future patterns of fatal and serious injury crashes using the spatial model 

developed in this study. These crashes were also analyzed concerning their crash contributing 

factors, such as environment, human, roadway, and vehicles associated with the crash location. 

The predicted results were then compared to the existing data of the year 2018 to validate the 

accuracy of the model developed in this study. 
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1.3 STUDY OBJECTIVE 

The main objective of this study was to provide guidance to state and city officials on 

understanding and focusing on spatial crash locations that showed statistical significance using a 

developed model in this study. This study will help transportation safety-related officials to 

prioritize identified statistically significant locations and factors by providing policy 

recommendations that could reduce the number of crashes and their severity. This will be 

accomplished by carrying out the following objectives: 

• Gathering information related to each crash and its level of severity: crash types and 

condition, driver, vehicle, and other characteristics related to crash locations in the state of 

Kansas; 

• Identifying major factors that contributed to the crash: human, vehicle, environmental, and 

road conditions;  

• Performing descriptive, statistical, and spatial analysis with the gathered information on 

various potential contributing factors that led to the crashes; 

• Identifying the trends and patterns of crash contributing factors and highly concentrated 

crash locations using statistical and mapping software tools like ArcGIS; and 

• Finding the most significant factors and locations of crashes that occurred during the study 

period and using those factors to develop a model that can be used to predict the future 

number of crashes at various geographic levels and locations. 

1.4 INSPIRATION 

The inspiration for this study is a 2019 dissertation by Dr. Hemin Jalal Mohammed, at the 

University of Kansas (KU) on the topic titled ‘Spatial Analysis of Teen Driver-Related Crashes 

in Kansas.’ This study explained significant factors and characteristics of total crashes, fatalities 
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and serious injury crashes involving teen-drivers at the state level, county level, and school district 

level. A model was developed to predict future crash locations using significant variables and 

factors that were found in the study analysis. The current study has followed a similar process and 

methodology by focusing on the different age group 25- to 44- year-old to understand the patterns 

and characteristics of the crashes. A new model was developed that predicts the future crashes at 

various locations in the state of Kansas for the drivers who belong to the 25-44 age cohort.  

1.5 ORGANIZATION 

This thesis is organized into six chapters. Chapter 1 introduces the concept of Vision Zero 

in relation to the goal and purpose of this study. Chapter 2 provides a review of the literature, 

which includes the findings of studies about various contributing crash factors and a brief 

discussion on numerous types of statistical models involving spatial properties and correlation, 

and their respective model limitations. Chapter 3 provides the methodology of the overall study 

using flowcharts and introduces the study design. This chapter also details the data collection and 

processing of crash data for this study use. Chapters 4 and 5 include descriptive and spatial 

analyses of the study that includes fatal and serious injury crashes that occurred between 2013 and 

2017, respectively, along with the validation of predicted and real crash data from 2018. Finally, 

Chapter 6 discusses the study findings, recommendations, study limitations, and the scope of future 

work.  
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2. LITERATURE REVIEW 

A literature review was conducted to determine and understand the findings of previous crash-

related studies to provide a better understanding of the crash contributing factors and various 

statistical tools that have been used in many other studies. The review also provided information 

on a particular age cohort for this study and in developing the methodology needed for this study.  

The review of the literature was divided by the type of analysis needed in this study:  

• The first part of the literature review identifies the findings of previous and on-going studies 

and reports on total crashes, fatal and serious injury crashes, and their contributing factors that 

focus on drivers of 25- to 44- year-old to reduce fatality and serious injury crashes. These 

studies provided a better understanding of contributing crash factors related to age, 

environmental, gender, road conditions, social, vehicle, and other location factors. This 

literature review also helped to identify the gaps in safety improvements that were not 

addressed in previous research studies; and 

• The second part was to study and compare past and existing types of analysis and statistical 

models that were used to develop the model to predict future crash patterns. This part 

reinforced the model developed in this research to compare and validate the predicted pattern.  

This literature review was not intended to cover all the crash contributing, non-spatial and 

spatial, factors, but rather, was focused to provide an understanding of the process of the current 

study analysis that can contribute directly to the purpose of this study. The references used in this 

literature review were identified by searching the University of Kansas libraries and other 

university libraries. Other resources include online catalogs such as the ASCE Library, Science 

Direct, Knovel, SAGE, Scientific Research, Research Gate, and Hindawi. Findings from the 
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previous case studies and study reports on Vision Zero conducted in different locations like 

Charlotte, Denver, Minneapolis, New York City, Philadelphia, San Francisco, and others are also 

included in this study’s literature review. 

2.1 DESCRIPTIVE ANALYSIS 

The Highway Safety Manual (HSM, 2010) defines a crash as a set of events that result in injury 

or property damage due to the collision of at least one motorized vehicle and may involve a 

collision with another motorized vehicle, a bicyclist, a pedestrian, or an object. It varies in the level 

of injury or property damage which is usually referred to as “crash severity.” The American 

National Standard Institute (ANSI) defines an injury as “bodily harm to a person” (NSC, 1996). 

Crash severity is often divided into categories based on the KABCO scale. This injury 

determination scale was introduced in the late 1960s by the National Safety Council that codes 

crash injury severity on five levels, where K injuries are fatal, A injuries are incapacitating, B 

injuries are non-incapacitating, C injuries are possible injuries and O injuries are not considered to 

be crash injury (Compton, 2005).  

It is important to note that a crash is a rare and random event. Rare meaning that crashes 

represents only a very small proportion of the total number of events that occur on the 

transportation system and random, implying that crashes occur as a function of a set of events 

influenced by factors, which are partly deterministic (controlled) and partly stochastic (random 

and unpredictable) (HSM, 2010). In reality, it is fundamental to know that the cause of a crash 

cannot usually be related to a singular casual event, instead, a crash is the result of a convergence 

of a series of events that are influenced by a several contributing factors, like time of day, 

attentiveness of the driver, speed, vehicle condition, road design, etc. The HSM (2010) mentions 

the following three general categories of crash contributing factors are: 
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• Human – including age, judgment, driver skill, attention, fatigue, experience, and sobriety; 

• Roadway/Environment – including geometric alignment, cross-section, traffic control 

devices, roadway features, surface friction, grade, signage, weather, and light conditions, and 

visibility; and 

• Vehicle – including design, manufacture, safety equipment, type, and maintenance. 

The occurrence of the crashes and their severity can be reduced by implementing specific 

traffic safety and crash preventive measures only by understanding and analyzing these factors and 

how they might influence the crashes. Figure 1 summarizes the relative proportion of contributing 

factors that were developed in the research conducted by Treat in 1980. The relative proportions 

were more informative than the actual values shown as it was conducted long ago. Past research 

studies have found that interaction between one or more factors like driver, environment, vehicles, 

traffic, and road has resulted in many road crashes (Miaou, 1996; Song et al., 2006).  

To understand the purpose of this study, the following sections detail about these crash 

contributing factors focusing on drivers of 25- to 44- year-old. A study by Clark (2003), which 

performed four-year fatal crash data analysis found that about 60% of fatal collisions have occurred 

Figure 1 - Contributing factors to vehicles crashes (Source adapted - Treat, 1979) 

Human 

Factors 

Vehicle 

Factors 

Roadway 

Factors 

3 

27 57 

3 

6 

3 
1 

93% 

13% 

34% 
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in the same county as the driver’s residence. In terms of age group, young drivers (0-18) and 

elderly drivers (65-85+) were found to be more likely involved in crashes within their residence 

ZIP code, while the young adult (25-34) and middle-aged (35-49) drivers had a higher chance of 

being involved in crashes that occur outside of their residence ZIP code, which was found in a 

study by Ulak et al. (2019). These findings depict the frequent travel patterns of each age group. 

That is, young adults and middle-aged adults are commonly working individuals who travel longer 

distances than the minor and aging age groups do, who are mostly school children and retirees, 

respectively. This, in turn, affects where individuals from different age groups are more likely to 

be involved in crashes.  

Vehicle weight also plays an important role in understanding the severity of the crashes 

because occupant death rates are strongly (and inversely) related to the weight of their vehicles 

(IIHS 1998). To illustrate, if two cars were involved in a crash and one was twice as heavy as the 

other, the driver of the lighter car would 12 times more likely to die than the other driver (Hill, 

2005).   

Most of the traffic studies and researchers have mentioned that the majority of the fatal crashes 

occur on rural roads, but it was not clear if it was residents in rural areas or residents of urban areas 

traveling on rural roads. So, a study (Blatt and Furman, 1998) showed that the majority of the rural 

and small-town residents involved in fatal crashes were traveling on rural roads. In other words, 

drivers residing in more urbanized areas were generally under-involved in fatal crashes. A study 

by Kim and Yamashita (2002) examined the relationship between land use and crashes, using 

descriptive statistics and overlay analysis, which has shown that most crashes occurred in built-up 

urban areas with mixed residential and commercial land use.  

https://www.tandfonline.com/doi/full/10.1080/15389580903531598?scroll=top&needAccess=true
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In addition to land use types, road geometry and characteristics were shown to influence the 

occurrence of crashes and their severity (Noland, 2003). Road characteristics like the number of 

lanes, speed limit, intersection density, and type of road classification were found to be among the 

most common significant factors for the occurrence of crashes between both two or more vehicle 

crashes and vehicle-pedestrians crashes (Ladron de Guevara et al. 2004; Pulugurtha and Sambhara 

2011). Conflicts between two or more vehicles, and between vehicles and pedestrians were 

influenced by road elements like curbs and intersections, which provides land access to roads, are 

the key determinants for crash type, frequency, and severity (Aarts and Van Schagen, 2006).   

A study by Nishida, (2015) explored the relationship among driver attributes like age, gender 

and place of residence, and road traffic crash characteristics, which showed that drivers who 

experience crashes drive more carefully immediately after a crash, revealed high crash rates among 

drivers who have experienced certain violations and also recommended developing more effective 

driver-targeted measures. Conversely, this study also showed that drivers who have a history of 

numerous crashes or apprehensions/violations are more likely to cause crashes when a large 

sample of data was considered.  

Many studies (Wang et al., 2002; Dissanayake, 2004; Yannis et al., 2005; Clarke et al., 2006; 

Lambert-Bélanger et al., 2012; Tractinsky et al., 2013) have been conducted that show crash 

severity mostly depends on: 

• Driving experience; 

• Socio-economic characteristics such as age, daily trips, educational level, gender, income, 

and others; and  

• Driving behavior such as driving speed, past violations, usage of safety equipment, phones, 

and prohibited substances like alcohol and drugs.  
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A study by Rolison et al. (2018) investigated the main causes of road crashes from multiple 

sources that involve police officers, public, and official road crash records. The study found that 

factors such as inexperience, lack of skill, and risk-taking behaviors have been associated with the 

collision of young drivers and visual, cognitive, and mobility impairment have been associated 

with the collision of older drivers. 

McGwin and Brown (1999) suggested that the youngest and the oldest drivers were more likely 

to be involved in most of the crashes than middle-aged drivers. Fatigue was reported to be a less 

common cause of crashes for older drivers, but a major cause among younger drivers. When 

comparing age and fatality rates, it was found that the youngest and older drivers were more 

exposed to crashes than middle-aged drivers which resulted in a U-shaped relationship, as shown 

in Figure 2. In other words, crash rates per person mile of travel (PMT) were elevated for drivers 

aged 15-24 years and then declines until approximately age 66 when that rate begins to increase. 

It was also found that males have higher fatality rates than females. Among all age groups, middle-

aged drivers (24-50) were found to be least likely to be involved in a fatal crash per mile driven 

when compared to younger and older drivers.  

Figure 2 - Traffic crash rate per 1,000,000 PMT (Source - McGwin and Brown, 1999) 
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2.2 SPATIAL ANALYSIS 

Many researchers have investigated the impacts of growing travel demand on traffic safety 

by predicting the number of crashes based on past crashes. These research studies have developed 

many predictive tools and models that are capable of evaluating road safety at the planning level. 

But not one model or method can be employed by all agencies to understand, analyze, and predict 

crashes. Depending on the purpose and needs of the traffic project or study, various statistical 

methods were used to develop predictive models. To create or develop an effective predictive 

model, some prior steps are essential like knowing the relationship between crashes and their 

associated factors. It is necessary to have a better understanding of the relationship between the 

injury severity of traffic crashes and factors such as driver and passenger characteristics, vehicle 

type, and traffic and geometric conditions. Analyzing this relationship with various factors is 

important for improving vehicle and roadway designs such that the severity of the crashes can be 

reduced.  

Spatial variation is known to be an important aspect of traffic safety analysis and particularly 

in crash prediction modeling. The inclusion of spatial variation in traffic safety studies has been 

reported by many researchers (Piradavani et al., 2017). A study that was conducted by LaScala et. 

al (2010) for the City and County of San Francisco, the researchers found that the existence of 

significant spatial relationships between pedestrian injury crashes and specific environmental and 

demographic characteristics of the region. A study was carried out by Moons et al. (2008) that 

involved identifying crash zones by applying Moran’s I. An application of spatial analysis in traffic 

safety that aims to analyze the zones of highest crashes was investigated by Geurts et al. (2005) 

using the clustering phenomenon. Road safety analysis at the county level was performed by 
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Huang et al. (2010) for the state of Florida which identified significant spatial correlations in the 

occurrence of crashes. 

Most of the traffic safety research studies examining crash factors have relied on many 

global statistical models and methods to identify the significant relationship between crashes and 

many variables statistically. The most commonly used global statistical models in traffic safety 

literature are Poisson and negative binomial regression models (Dumbaugh and Li, 2010),  logistic 

regression models (Ossenbruggen et al., 2001), generalized ordered probit models (Clifton et al., 

2009), hierarchical Bayesian models (Li et al., 2007) and multivariate models (Clifton and 

Kreamer-Fults, 2007). These statistical models assume that the relationships between the response 

variable (crash-related variable) and explanatory variable (crash inducing factors) are consistent 

over space (Huang et al. 2018). The relationships among variables were modeled and estimated 

based on the available data of a study area. These global statistical models are powerful and useful 

in identifying the significant relationships between various variables and crashes. However, these 

models are non-spatial that ignore crash location features, and so cannot help identify highly 

concentration crash location spots.  

There is a great scope and need for more spatial modeling analysis and methods that can 

identify and propose traffic safety improvement strategies based on their location issues and 

aspects.  The most common spatial models in use are spatial error, Bayesian hierarchical models, 

geographically weighted error (GWR), and spatial lag (Huang et al. 2018). There were a limited 

number of research studies that examined the relationship between crash factors and the built-

environment (Dumbaugh and Li, 2010). The built environment is often referred to as human-made 

surroundings that provide space for human activity that includes buildings, roadways, parks, 

transportation systems, and other built-in features in any location. Huang et al. (2018) found that 
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the relationship between the built environment and crashes is spatially non-stationary using the 

GWR model which identified that many environmental variables have a relatively stable 

relationship with crashes that include commercial use percentage, intersection density, and local 

road mileage percentage. Using Kernel density estimation and spatial modeling, a study by Ha and 

Thrill (2011) found that vehicle-pedestrian crashes were more common in low-income residential 

neighborhoods and business districts. Xie et al. (2009) conducted research that analyzed the 

driver’s injury severity by comparing ordered probit (OP) model and Bayesian ordered probit 

(BOP) model using the same sample set of large and small data. It was found that the BOP model 

produced more reasonable parameter estimations and better prediction performance than the OP 

model when using a small sample size of data while comparing large sample data, both the models 

produced similar results.  

Most of the spatial studies that involved GWR, Bayesian, Poisson, and other common spatial 

models, have also used Ordinary Least Squares (OLS) as their preliminary tool for spatial 

descriptive analysis. A study by Loukaitou-Sideris et al. (2007) found that higher probability for 

pedestrian crashes existed in areas with high population and employment density, high traffic 

volumes, and a large concentration of commercial/retail and multi-family residential land uses by 

modeling the frequency of pedestrian crashes and socio-demographic and land use characteristics 

in OLS regression. In a study by Huang et al. (2018), OLS was used to model the dependent 

variable as a linear function of multiple predictors before modeling in GWR. 

2.3 CURRENT STUDY 

  One of the studies (Shirley et al. 2018) that explored the crash risk by driver age, gender, 

and time of day found that drivers of age group 40-49 years represented the largest driving age 

group among the total driving population. It was found in the same study that the 30-39 age group 
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had the highest frequency of daytime crashes, and 21-29 age group drivers had the evening and 

night hour crashes. The relative risk for fatal and non-fatal crash involvement is high for drivers 

age 21-29 years for males and at age 30-39 for women. Several other studies have focused to 

understand and analyze the contributing factors of crashes that involved younger and older drivers 

as they share the highest number of driver-involved crashes. But there are only a few studies that 

explored crash characteristics of middle-aged drivers. So, this study mainly focuses on drivers of 

25- to 44- year-old to explore and understand the crash factors that are exhibited by this age group. 
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3. METHODOLOGY 

In the previous chapters, the problem statement and objectives to be achieved through this 

study have been established. A literature review was conducted to understand various crash 

characteristics that include environmental, human, roadway, and vehicle-related factors. Many 

spatial analysis techniques are being used to do more research and understand the relationships 

between crashes and their location of occurrence. This study’s literature review included a detailed 

review of all other spatial analysis techniques that could be useful to study crashes and their 

patterns spatially.  

 

 

In this study, data for fatal and serious crashes that occurred between 2013 and 2017 involving 

drivers of 25- to 44- year-old were collected for two types of analyses, namely descriptive analysis, 

and spatial analysis. A detailed explanation of these two types of analyses is discussed later in the 

next chapter. To perform descriptive and spatial analysis, the crash data for the study area during 

the study period were collected and reduced as required for the analysis which is discussed in the 

following sections. By using the reduced data, a descriptive analysis was conducted with KDOT 

crash data and the results were produced in the form of graphs and figures. This helped to 

understand and identify the trend of fatal and serious injury crashes that occurred between 2013 

and 2017 involving 25- to 44- year-old drivers. Spatial analyses were performed on ArcGIS 

software under Spatial Statistics Tools using reduced demographic data relating to the crashes that 

occurred which were gathered from different sources. This analysis mainly included analyzing 

patterns, mapping clusters, measuring geographic distribution, and modeling spatial relationships 
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by using spatial layers that were created using reduced linear data to create a model that predicted 

the future number of crashes. 
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Further, the model was validated by predicting 2018 crashes and comparing it with the real 

crash data from 2018 that were gathered from KDOT. Based on the results, recommendations were 

made at the end of the study, including findings and limitations of the study. It was also found that 

many good research opportunities could be developed from this study.  

 

 

 

 

 

3.1 STUDY AREA 

Kansas, the 34th state of the United States of America, is bounded by Nebraska to the north, 

Missouri to the east, and Oklahoma to the south, and Colorado to the west. This state is the 15th 

largest in terms of area 82,278 square miles and with a population of 2,911,505 on July 1, 2018, 

an increase of 2.05% since 2010 (Census Bureau QuickFacts, 2018). The Kansas City 

Metropolitan Area and Wichita Area are the two major metropolitan areas and the rest of the state 

are small cities or rural areas. The state of Kansas is divided into six districts, as shown in Figure 

7, and 105 counties, as shown in Figure 6. Topeka is the capital city and Wichita is the largest city, 

with Johnson County as its most populated and largest employment center in the state of Kansas 

(Kansas, Demographics, 2019).  
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Figure 7 - Kansas District Boundaries (Source - KDOT) 

Figure 6 - Kansas Population Density by County, 2018 (persons per square mile) (Source - IPSR, 2018) 
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According to the 2018 Kansas Statistical Abstract, the public road length of Kansas State in 

2017 was 142,054 miles (FHWA, 2019). The state is served by two interstate highways, namely, 

I-70, a major east-west route from Utah to Baltimore, and I-35, a major north-south route from the 

Mexican border near Laredo, Texas to Duluth, Minnesota, along with one beltway, two spur routes, 

and three bypasses, with over 874 Interstate Highway miles in all. The route classification divides 

Kansas highways into five types (Figure 8), based on their priority (KDOT Mileage and Travel), 

• CLASS A includes Interstate Highways, including the Kansas Turnpike, I-70, I-35; 

• CLASS B includes non-interstate routes, most of the important statewide and inter-state 

corridors for travel like US-50, US-36; 

• CLASS C includes arterials that are closely integrated with Class A and B routes and are used 

usually for regional travel like US-77, K-10; 

• CLASS D includes routes that provide access to arterials and serve small urban areas and are 

important for inter-country travel like K-16, K-25; and 

• CLASS E primarily includes routes that are used for local travel that typically carry short trips 

like K-76, K-245. These are frequently used to connect rural residents with other routes. 
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Figure 8 - Kansas Route Classification (Source - KDOT) 
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3.2 DATA PROCESSING 

This study is both descriptive and analytical in terms of its nature and methodology, and its 

application on the overall goal of the study. The results can be used to make policy 

recommendations and programs in traffic safety management. Most of the data that were used in 

this study were collected from different resources: crash data from the KDOT database, 

demographic data from U.S. Census Bureau (USCB) database, and Kansas Statistical Abstract 

(KSA) report.  

3.2.1 KDOT Database 

Crash data unit, a part of the Bureau of Transportation Safety and Technology at KDOT 

headquarters in Topeka, maintains all the motor vehicle crashes that occur on Kansas roadways. 

This unit recorded all the crash information that occurred from 2000 to the time of this study, 2020. 

The data that was obtained from the KDOT database included all the fatal and serious injury 

crashes with detailed information which was helpful for descriptive analysis. 

3.2.2 U.S. Census Bureau Database 

The USCB is the main agency of the US Federal Statistical System and part of the US 

Department of Commerce that is responsible for producing and managing data related to the US 

population and economy which is free and open for public use. The data from the USCB was 

primarily used in understanding the spatial analysis in correlation with the demographics of the 

state during the study period. 

3.2.3 Spatial Analysis database 

Typically, most of the crash data collected from different sources were in Excel format. 

These data were converted to a point shapefile using coordinates (latitude and longitude) of each 

feature in ArcGIS software. For example, the crash data, obtained from the KDOT database 
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includes co-ordinates of the crash location, which were uploaded to the ArcGIS software using 

Display XY data and converted into a point shapefile. This was also represented as a spatial layer 

on the ArcGIS map. A similar process was also applied for all the data that was used for spatial 

analysis. Other spatial data like state and county shapefiles at different levels were collected from 

open resources namely the USCB. 

3.2.4 Data reduction 

The collected data from various sources were evaluated and reduced that were used for the 

descriptive and spatial analysis. The need for data reduction was important in this study due to the 

challenges encountered while trying to use the data that was extracted initially. KDOT measures 

the severity of the crash based on the law enforcement 2019 Crash Report Coding Manual. 

According to the manual, any crash that occurs on or involves a public roadway which results in 

death or injury to a person or total property of $1,000 or more is reported to KDOT within 10 days 

of the crash occurrence (KDOT Crash Report Coding Manual, 2019). All the reported cases were 

categorized by three different levels of crash severity. Fatal, marked as F, is defined as one “that 

causes the death of one or more persons either at the time of the crash or within 30 days of the time 

and date of the crash.” (KDOT Crash Report Coding Manual, 2019). Injury, marked as I, is 

reported based on four levels of injury, as follows: 

• Suspected Serious Injury (D) – Any injury, other than fatal, that results in affecting the person’s 

ability to lead a normal life like broken leg or arm, significant loss of blood or burns, paralysis, 

etc;  

• Suspected Minor Injury (I) – Any injury that is evident at the crash location, other than fatal 

and serious injuries like abrasions, bruises, etc; 
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• Possible Injury (P) – Any injury reported or claimed which is not a fatal, suspected serious, or 

suspected minor injury. Examples include limping, momentary loss of consciousness, the 

complaint of pain, etc; and 

• No Apparent Injury (N) – A situation where there is no physical evidence of injury and the 

person does not report any change in normal function (KDOT Crash Report Coding Manual, 

2019). 

The last type of reportable crash is Property Damage Only (PDO), which includes crashes that are 

reported when the property of cost $1000 or more is damaged.  

In general, there are two major scales to rank the severity of the crashes, the Abbreviated 

Injury Scale or AIS (Hakkert and Braimaister, 2002) and the KABCO scale. The AIS is an 

anatomical scoring system which codes injury of the crashes on a scale of 1 to 6, with one being 

minor and 6 as fatal, and was introduced by the Association for the Advancement of Automotive 

Medicine in 1969 (Wong and Kunz, 2017). After careful examination, KDOT crash severity 

reporting and KABCO scale were considered to be similar in nature of their crash severity 

reporting. So, herein the KABCO scale was adopted in the analysis. For the clear understanding 

throughout the study, K and A injuries are referred to as fatal and serious injury crashes which 

were the only two types of crashes considered for further data reduction. 

Data quality issues, such as inaccurate records and missing data (incomplete recorded crash 

report), have always been of concern in crash data analysis (Ye and Wang, 2018). To have 

consistency and accuracy in the evaluation and analysis of the study area, missing data crash cases 

were removed. Table 1 shows the number of cases that were removed for each specific process of 

analysis, which displays missing data of the removed cases. It is important to remember that the 

number of crash cases considered in each of the descriptive analysis could be different. The total 
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number of fatal crashes used for further analysis that occurred during the study period was 890 

and serious injury crashes were 2491, excluding 114 cases for missing coordinates. Also duplicated 

or repeated cases were removed by comparing the first and last names of drivers, age, and vehicle 

types. 

Table 1 - Number of Crash Cases Reduced from Analysis 

 

3.3 STUDY APPROACH PLAN 

This section includes an overall study flow diagram that was followed during the research 

for the successful completion of the study. Figure 9 represents the overall step-wise plan that was 

carried out during the study process.  

 

 

 

CATEGORY 
FATAL SERIOUS INJURY 

890 crashes 2491 crashes 
 

not used reason used not used reason used 

Time of Crash 9 left blank 881 4 left blank 2487 

Hour of Day 9 left blank 881 4 left blank 2487 

Day of Crash 2 left blank 888 0 - 2491 

Crash Month Name 2 left blank 888 0 - 2491 

Non-State Function Class Description 487 left blank 403 1168 left blank 1323 

Collision with Other Vehicle - First 

Harmful Event (FHE) Description 

373 left blank 517 963 left blank 1528 

Fixed Object Type - First Harmful Event 

(FHE) Description 

692 left blank 198 2032 left blank 459 

Animal Type Description 880 left blank 10 2460 left blank 31 

Intersection Type Description 608 left blank 282 1368 left blank 1123 
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4. DESCRIPTIVE ANALYSIS 

This chapter encompasses a descriptive analysis of this study that describes fatal and serious 

injury crash data of five-years, 2013 to 2017. It is the primary and crucial step before conducting 

any statistical analyses which present an idea of the data distribution that helps to understand the 

trend and pattern of crashes that involve characteristics related to crash, driver and vehicles. In this 

study, this analysis helped to identify and understand the relationship among variables enabling 

them to conduct further statistical analysis. 

In this type of analysis, five years (2013-2017) of reduced crash data involving 25- to 44- year-

old drivers were used to analyze different characteristics associated with these crashes. These 

characteristics were categorized based on the following major crash-related factors: 

• Crash characteristics – This category details of the crash occurrence such as time, day, month, 

KDOT district location, and type of collisions; 

• Driver characteristics – this category contains driver information such as age, gender, alcohol 

and drug influence, use of safety equipment such as airbag and seat belt, and any distracting 

activities that led to the crash; 

• Roadway/Environmental characteristics – this category includes the conditions of the roadway 

and environment during the crash occurrence, such as weather and light conditions, and 

roadway features such as intersection and horizontal curves, and roadway types such as urban 

and rural; and 

• Vehicle characteristics –this category focuses on the type and year of the vehicles involved in 

the crash. 
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The results of the descriptive analysis show the trends of fatal and serious injury crashes that 

occurred between 2013 and 2017 which involved drivers between 25 and 44 years of age. 

Considering only the historical trend and pattern was not enough to predict future crashes and 

make recommendations for the improvement of traffic safety. It was important to consider these 

crash contributing factors for further analysis in terms of spatial factors. This analysis was based 

on the existing crash data collected by the KDOT. The process of the required data collection and 

reduction was explained in Chapter 3. 

4.1 OVERVIEW OF KANSAS TRANSPORTATION (US CENSUS BUREAU) 

Table 2 presents the summary of transportation-related data for the state of Kansas from 

2013 to 2017 that includes total land area, population, and Kansas transportation like the type and 

number of registered vehicles, licensed drivers, annual vehicles miles traveled (VMT) and total 

miles of rural and urban roads.  

 

Table 2 -Kansas Transportation Summary, 2013 – 2017 

CATEGORY 2013 2014 2015 2016 2017 

Land Area (Sq. Miles) 81,759 81,759 81,759 81,823 81,823 

Population 2,868,107 2,882,946 2,892,987 2,898,292 2,903,820 

Registered Vehicles 
     

       Autos 1,683,285 1,627,524 1,526,676 1,559,493 1,628,940 

       Pickups and Trucks 806,907 752,086 716,465 726,781 750,221 

       Trailers 162,235 132,160 126,292 125,887 127,532 

       Motorcycles 99,169 96,055 90,141 90,175 92,235 

       Motorized Bikes 7,073 6,595 5,924 5,503 5,336 

       Motorized RVs 7,495 7,687 7,364 7,548 7,955 

Total 2,766,164 2,622,107 2,472,862 2,515,387 2,612,219 

Licensed Drivers 2,017,759 2,021,271 2,028,660 2,030,028 2,029,874 

Annual VMT (Thousands) 30,207,760 30,709,605 23,787,532 32,014,000 32,210,852 

Public Road Miles 
     

       Rural - 126,884 126,781 127,819 127,793 

       Urban - 13,592 13,873 14,227 14,261 

Total 140,692 140,476 140,654 142,046 142,054 
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The number of registered vehicles decreased from 2013 to 2015 but then started to increase 

from 2016, while there was a steady increase in the total population throughout the study period. 

There was a gradual increase in the number of licensed drivers from 2013 to 2016 but were 

reduced by 154 in 2017.   

4.2 KANSAS POPULATION AND LICENSED DRIVERS 

On average, the study age group (25- to 44- year-old) contributes about 25% of the total 

Kansas population, among different age distributions, between 2013 and 2017, as shown in Table 

3. Though the total population of the state is increasing over the years, the study age group has 

seen a decrease in the year 2014. Both genders share almost an equal proportion of licensed drivers 

of 25- to 44- year-old throughout the study period. From 2013 to 2017, there was a steady increase 

and decrease in the number of male and female licensed drivers, respectively. 

 

Table 4 presents the number of total licensed drivers and licensed driver rate per 100 

residents among the age group 25- to 44- year-old population. It also includes the total number of 

road crashes and crash rates per 100 licensed drivers belonging to the study age group. The highest 

number of crashes and crash rates per 100 licensed drivers were recorded in the year 2016. It can 

be observed that a similar pattern was exhibited by the total road crashes involving drivers of the 

study age group and the number of licensed drivers among the total state population between 2016 

and 2017. 

Table 3 – Proportions of Licensed drivers belonging to the study age group, by Gender and Year 

YEAR 
KS TOTAL 

POP. 
25-44 % 

LICENSED 

DRIVERS 
MALE % FEMALE % 

2013 2,868,107 726,708 25.3% 660,843 331,172 50.1% 329,671 49.9% 

2014 2,882,946 730,859 25.4% 658,982 330,463 50.1% 328,519 49.9% 

2015 2,892,987 730,400 25.2% 659,446 331,446 50.3% 328,000 49.7% 

2016 2,898,292 730,940 25.2% 659,790 331,436 50.2% 328,354 49.8% 

2017 2,903,820 732,331 25.2% 660,400 332,062 50.3% 328,338 49.7% 
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Table 4 - Licensed drivers’ rate per 100 residents and crash rate per 100 licensed drivers belonging to 

the study age group 

 

4.3 CRASHES INVOLVING DRIVERS OF 25- TO 44- YEAR-OLD GROUP 

The total number of crashes involving drivers of 25- to 44- year-old between 2013 and 2017 

is presented in Figure 10, based on the KABCO scale which is similar to KDOT crash severity 

reporting. This scale measures the severity of crashes on five levels, where K represents fatal, A 

as incapacitating, B as capacitating, C as non-capacitating, and O as property damage only. The 

severity of the crash varies in the level of injury.   

YEAR POPULATION LICENSED DRIVERS % TOTAL CRASHES % 

2013 726,708 660,843 90.9% 48,919 7.4% 

2014 730,859 658,982 90.2% 49,039 7.4% 

2015 730,400 659,446 90.3% 51,279 7.8% 

2016 730,940 659,790 90.3% 53,288 8.1% 

2017 732,331 660,400 90.2% 51,511 7.8% 

 Average  730,248 659,892 90.4% 50,807 7.7% 

0
.5

%

0
.6

%

0
.5

%

0
.6

%

0
.7

%

2
.1

%

1
.7

%

1
.6

%

1
.6

%

1
.4

%

9
.5

%

9
.1

%

1
0

.0
%

1
0

.8
%

1
0

.8
%1
4

.9
%

1
4

.9
%

1
5

.1
%

1
5

.7
%

1
5

.1
%

6
9

.8
%

7
1

.0
%

7
3

.9
%

7
5

.6
%

7
3

.3
%

3
.2

% 2
.9

%

3
.7

%

4
.5

%

4
.0

%

0.0%

10.0%

20.0%

30.0%

40.0%

50.0%

60.0%

70.0%

80.0%

2013 2014 2015 2016 2017

K A B C O unknown

Figure 10 - Total crashes based on KABCO scale involving drivers of 25- to 44- year-old age group 
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Figure 10 represents the total percentage of crashes that occurred in Kansas between 2013 

and 2017 involving 25- to 44-year-old drivers. Though property damage only (O) crashes share 

the maximum percentage of total crashes, the fatal (K) and serious injury (A) crashes are more 

costly than all other crashes which include loss of life or serious injury, personal economic costs 

and emotional trauma to those suffering, and significant taxpayer spending on emergency response 

and long-term healthcare costs. As mentioned earlier, this study only focuses on fatal and serious 

injury crashes as they tend to be the most costly to society and the other crash types are more likely 

to be under-reported.  

Figure 11 shows the number of fatal and serious injury crashes, involving 25- to 44- year-

old drivers, that occurred between 2013 and 2017. It identified an increase in fatal crashes during 

this study period while there is a decrease in the number of serious injury crashes.  

Table 5 shows the fatality rate, serious injury rate, and total crash rate per 100,000 licensed 

drivers from 2013 to 2017. Unlike the serious injury rate, which shows a steady decrease, the 
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Figure 11 - Fatal (K) and Serious injury (A) crashes involving 25- to 44- year-old drivers 

between 2013 and 2017 
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fatality rate, and the total crash rate increased from 2013 to 2017 with an exception of the total 

crash rate in 2017. Most of the crashes irrespective of their severity have shown a considerable 

amount of unpredictable fluctuations instead of the hoped-for decline over the study period. 

Table 5 - Fatality rate, Serious Injury rate, and Total crash rate per 100,000 licensed drivers,            

2013 – 2017 

 

4.4 CRASH CHARACTERISTICS 

This section includes all the details of the crashes that occurred between 2013 and 2017 

involving 25- to 44- year-old. It consists of information related to crashes like time, day and month 

of crash occurrence and location details which help officials to understand the trend of crash 

occurrence and to make recommendations by implementing effective measures and strategies for 

the improvement of traffic safety and prioritize in those particular times and locations depending 

on the type of collisions. 

4.4.1 Crashes by Time, Days and Months 

Figure 12 represents the total percentage of fatal and serious crashes that occurred during 

the study period with respect to the time of crash occurrence. Evening peak hour constitutes the 

highest percentage of fatal and serious injury crashes which occurred between 3:00 p.m. and 6:00 

p.m., followed by crashes that occurred mostly during late-evening, between 6:00 p.m. and 9:00 

p.m., and mid-nights, between 12:00 a.m. and 3:00 a.m., which could be due to darkness and 

fatigued driving. 

YEAR Fatality rate  

per 100,000 licensed drivers 

Serious injury rate 

 per 100,000 licensed drivers 

Total crash rate  

per 100,000 licensed drivers 

2013 40.3 154.7 7402.5 

2014 43.9 126.7 7441.6 

2015 34.6 122.1 7776.1 

2016 47.4 115.8 8076.5 

2017 52.7 103.0 7800.0 

Avg. 43.8 124.4 7699.3 
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Figure 13 and 14 shows the distribution of crashes throughout the days of the week and 

months of the year, respectively. Fatal crashes were more likely to occur on Saturdays followed 

by Tuesdays, while serious injury crashes were more likely to occur mostly on Fridays. However, 

mid-working days like Wednesdays and Thursdays were found to have fewer fatal crashes, and 

Sundays and Mondays were found to have fewer serious injury crashes. October was found to have 

the most fatal crashes while the most serious injury crashes were recorded in June. The least 

number of fatal crashes occurred in February while serious injury crashes occurred equally in 

December and January, respectively.  

13.6%

7.7%

10.3%

10.6%

15.3%

19.1%

14.6%

8.7%

7.8%

5.8%

12.1%

13.5%

17.7%

23.4%

14.4%

5.4%

00:00AM - 03:00AM

03:00AM - 06:00AM

06:00AM - 09:00AM

09:00AM - Noon

Noon - 03:00PM

03:00PM - 06:00PM

06:00PM - 09:00PM

09:00PM - 11:59PM

FATAL SERIOUS

Figure 12 - Fatal and Serious Injury crashes by time of the day 
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Figure 14 - Fatal and Serious Injury crashes by months of the year 
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Figure 13 - Fatal and Serious Injury crashes by days of the week 
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4.4.2 Crashes in KDOT Districts and Counties 

The pie diagrams, shown in Figures 15 and 16 indicate the percentage of fatal and serious 

injury crashes in KDOT districts (shown in Fig.3). The highest number of fatal crashes occurred 

almost equally in Districts 1 and 5, while serious crashes were higher in District 1. The highest 

number of fatal crashes, by county, occurred in Sedgwick County followed by Johnson County 

which geographically located in Districts 5 and 1, respectively. The highest number of serious 

injury crashes occurred in Johnson County which is located in District 1. District 3 recorded the 

lowest number of fatal and serious injury crashes during the study period and is geographically 

located in the northwestern part of the Kansas state which has the lowest population density. Table 

6 presents the top ten counties in Kansas state that recorded the highest number of fatal and serious 

injury crashes during the study period. 

 

 

 

Figure 15 - Fatal Crash Locations by KDOT Districts 
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Table 6 - Fatal and Serious Injury Crash locations, by County 

 
County Name Fatal Crashes 

Sedgwick 140 

Johnson 74 

Wyandotte 60 

Shawnee 50 

Butler 23 

Reno 21 

Seward 19 

Leavenworth 17 

Saline 17 

Sumner 17 

County Name Serious Injury Crashes 

Johnson 540 

Sedgwick 387 

Wyandotte 223 

Shawnee 119 

Douglas 76 

Leavenworth 64 

Reno 57 

Saline 57 

Butler 52 

Geary 50 

Figure 16 – Serious Injury Crash Locations by KDOT 
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4.4.3 Types of Collisions 

While categorizing the crash data by the type of collision, it was found that the highest 

number of fatal and serious injury crashes were due to the multi-vehicle crashes, followed by 

collisions with fixed objects, also known as single-vehicle crashes. When two moving vehicles 

collide (head-on or side angle or rear-end), it is more likely to result either in a fatal or serious 

injury crash. On average, 60% of total fatal and serious injury crashes that occurred included 

collision between two or more moving vehicles as shown in Figure 17. 
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About 20% of crashes involved collisions with a fixed object such as a ditch, curb, signpost, 

median, guardrail, etc. Collisions with fixed objects and pedestrians resulted in a high occurrence 

of fatal crashes when compared to other types of collisions. Figure 18 shows different types of 

collisions when two or more vehicles hit each other. Side-impact collision or t-bone collisions 

constitute almost 50% of fatal and serious injury crashes while fatal crashes are more in number 

when the head-on collision occurs which is more likely expected. Serious injury crashes are more 

common in rear-end collisions which mean chances of driver survival are more in head-on and 

rear-end than angle collisions.  

KDOT classifies any crash type under two types of events – First Harmful Event (FHE) and 

Most Harmful Event (MHE). This study considered crashes that were reported as FHE only as it 

is specific and discernible whereas the MHE can be debatable. In general, FHE is a field on the 

crash report which states the event that initially caused the vehicle crash, and MHE is a part of the 

same field which states the event that caused the most serious injuries or damages. 
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4.5 DRIVER CHARACTERISTICS 

This section includes the characteristics of drivers, such as age distribution, gender, and 

involvement of alcohol and/or drugs in both fatal and serious injury crashes that occurred between 

2013 and 2017. The age group considered for this study was evenly distributed into four equal 

subgroups. Each age group spans four years of age and Figure 19 shows that the number of fatal 

and serious injury crashes decreased as age increased which could be due to more driving 

experience, the familiarity of road surroundings, and more sensitivity towards driving safety. It 

was also found that 25- to 44- year-old drivers were more prone to be involved in serious injury 

crashes than other subgroups when compared to be involved in fatal crashes.  

Figure 20 represents the composition of males and females in both fatal and serious injury 

crashes that occurred from 2013 to 2017. In this study, men were more involved in far more fatal 
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Figure 19 - Fatal and Serious Injury crash distribution, by age groups 
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and serious injury crashes than women. Some studies suggest that while women tend to have fewer 

fatal crashes than men do, their risk of injury crashes may be higher (Massie et al., 1995; 

Santamariña-Rubio et al., 2014). In addition to crash involvement, driver age and gender have also 

been shown to affect the severity of crash outcomes (i.e. the risk of fatal injury given a crash). 

Male and elderly drivers are more likely to be fatally injured in a crash than female drivers and 

drivers in younger age ranges (Huang and Lai, 2011; Kim et al., 2013). 

Figure 21 indicates the number of drivers involved in crashes under the influence of alcohol 

and/or drugs. Of all crashes, 25% fatal and 17% serious injury crashes involved the consumption 

of alcohol, whereas drug usage was involved in 23% fatal and 5% serious injury crashes. On 

average, it can be considered the involvement of alcohol, and drugs-related was less than 25% of 

fatal and serious injury crashes. It could be less likely for a 25- to 44- year-old driver to be involved 

in a fatal or serious injury crash when intoxicated. 
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Figure 20 - Fatal and Serious Injury crashes, by gender composition 
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4.6 VEHICLE CHARACTERISTICS 

This section includes the type of vehicle and mode of travel that were involved in fatal and 

serious injury crashes that occurred between 2013 and 2017. Figure 22 shows the number of fatal 

and serious injury crashes categorized into the vehicle type based on the severity of the crash. It 

Figure 21 - Alcohol and Drug-related Fatal and Serious Injury crashes 

Figure 22 - Fatal and Serious Injury crashes, by type of vehicles 
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shows that a high number of fatal and serious injury crashes were registered automobiles, which 

was around 40%, followed by sport utility vehicles and pickup trucks. These percentages seem to 

be consistent with the vehicle fleet composition in Kansas. 

Figure 23 outlines the number of crashes that involved pedestrians, bicyclists, and motorcycles, 

or mopeds. About seven to 15 % of both fatal and serious injury crashes involved non-motorized 

travelers and two-wheeler drivers, respectively.  

4.7 ROADWAY/ENVIRONMENTAL CHARACTERISTICS 

This section comprises all the fatal and serious injury crashes that occurred due to various 

factors related to the roadway and the environment. Crashes were analyzed based on the following 

categories, such as type of roadway and weather and light conditions.   

Figure 24 presents the information on the type of roadways and crashes that occurred. It is 

interesting to note that the highest number of crashes occurred on local roads which add up to a 

total of more than 500 crashes, followed by the minor arterial roads and then principal arterial 
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Figure 23 - Fatal and Serious Injury crashes, by mode of travel 
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roads. Major collector roads registered the lower number of crashes slightly above 300 crashes and 

also a significantly smaller number of crashes on the minor collector roads. 

Figure 24 - Fatal and Serious Injury crashes by roadway type and road hierarchy 

In common, most of the serious injury crashes and the least number of fatal crashes on all 

road types occurred in the urban environment. In general, the local roads equally witnessed both 

fatal and serious rural and urban crashes. Crashes in the rural area occurred more on local and 

major collector roads. 

Figure 25 shows the percentage of crashes that occurred during prevailing light conditions 

throughout the day. 52% of the total fatal and serious injury crashes occurred in daylight 

conditions. It was also worth noticing that 44% of the crashes were recorded in the dark, out of 

which 16% of the crashes occurred in the presence of streetlights and 28% of these crashes with 

no streetlights. Though dawn and dusk hold a minor proportion of total crashes, it is reasonable to 

expect these crashes for a short period of dawn and dusk in a day. 
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Figure 25 - Fatal and Serious Injury Crashes during various light conditions 

Figure 26 depicts how changing weather conditions can affect the severity of the crashes. 

It is interesting to note that a high percentage of crashes took place in clear weather conditions. On 

the contrary, only one percent of the total fatal and serious injury crashes occurred during snow 

conditions. Similarly, a small proportion of crashes were recorded in wind and fog conditions, 

whereas, seven percent of crashes occurred while it was raining. It may be less likely that weather 

and light conditions can affect the severity of the crash occurrence. 
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Figure 26 - Fatal and Serious Injury Crashes during various weather conditions 

Crashes that occurred at various locations are presented in Figure 27. It was found that the 

highest number of crashes took place away from the intersections. About 20% of crashes took 

place at intersections and off the roadway. It is also evident that toll plazas, crossover -on 

roadways, parking lots, and rest area two way off roadways showed almost no crashes, which is 

reasonable given the rarity of these locations compared to the overall road network. Fatal crashes 

were more prevalent than serious injury crashes on the non-intersection areas as well as for 

roadway departure crashes. The reverse is the case at all other locations.  
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In short, this chapter showed the trends of fatal and serious injury crashes that occurred 

between 2013 and 2017 which involved drivers between 25 and 44 of age. These trends were 

analyzed based on the non-spatial crash contributing factors like environment, human, roadway, 

and vehicle-related conditions. For better understanding and predicting future crashes, it is also 

important to identify and analyze spatial factors that have statistical significance by mapping crash 

locations and visualizing their patterns spatially and statistically using ArcGIS software, discussed 

in Chapter 5. 
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5. SPATIAL ANALYSIS 

In this study, the spatial analysis was conducted in a computer software ArcGIS which 

evaluates the crashes to its location of occurrence. This was used to identify the crash patterns that 

exhibit abnormal clusters and model the impacts of factors for which they were associated. This 

analysis was performed using spatial statistics tools in ArcGIS software by utilizing reduced 

demographic data relating to the crashes that occurred which was gathered from different sources 

as explained in previous chapters.  

Using spatial statistics toolbox in ArcGIS, the spatial analysis was performed by using toolsets, 

such as analyzing patterns, mapping clusters, measuring geographic distribution, and modeling 

spatial relationships. These toolsets used spatial layers that were created by reducing linear data to 

create a model that predicts the future number of crashes. Further, the model was validated by 

predicting 2018 crashes and comparing it with the real crash data from 2018 that were collected 

from KDOT. The spatial data processing and addition of layers to the ArcGIS software for this 

study were explained in detail in APPENDIX A.   

5.1 ANALYZING PATTERNS 

The spatial statistics toolbox includes a toolset called Analyzing Patterns that were used in 

this study to understand spatial patterns, such as clustered, dispersed or random, and trends of 

crashes in this study. The common tools in this toolset are Average Nearest Neighbor (ANN), 

High/Low Clustering, and Spatial Autocorrelation which helped to perform and understand 

in-depth spatial analyses of the fatal and serious injury crashes in this study.  
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5.1.1 Average Nearest Neighbors (ANN) 

ANN is the tool that calculates the nearest neighbor index based on the average distance 

from each feature to its nearest neighboring feature (Average Nearest Neighbor, ArcGIS Pro). In 

other words, it measures the distance between each feature centroid and its nearest neighbor's 

centroid location and then averages all these nearest neighbor distances (How Average Nearest 

Neighbor works, ArcGIS Pro). It can also be defined as the ratio between the observed (𝐷𝑜) and 

expected (𝐷𝑒) mean distance between each feature and its nearest neighbor. ANN is expressed in 

the following mathematical equation as shown in Figure 28, 

 

 

The Average Nearest Neighbor ratio is given as: 

𝐴𝑁𝑁 =
�̅�𝑜

�̅�𝑒

 

Where, 

 �̅�𝑜 is the observed mean distance between each feature and its nearest neighbor: 

�̅�𝑜 =  
∑ 𝑑𝑖

𝑛
𝑖=1

𝑛
   ; and 

�̅�𝑒 is the expected mean distance for the features given in a random pattern: 

�̅�𝑒 =  
0.5

√𝑛 𝐴⁄
 

Where, 

𝑑𝑖  is the distance between feature i and its nearest neighboring feature; 

n is the total number of features; and  

A is the area of a minimum enclosing rectangle around all. 

Figure 28 - An Illustration of Dispersed and Clustered features in ANN (Source – ANN, ArcGIS Pro) 
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If the value of the index (ANN) is less than 1, then the spatial pattern exhibits clustering. 

If the value of the index (ANN) is greater than 1, then it is dispersion. And when the value of the 

index is equal to 1, then the pattern is random. In this study, fatal and injury crashes were analyzed 

with ANN to find out if the distribution of these crashes was geographically clustered or not.  

Figure 29 gives the results of the ANN for fatal crashes which indicate that the pattern of 

the crashes in the study is spatially clustered. The Nearest Neighbor ratio for fatal and serious 

injury crashes involving drivers of 25- to 44- year-old was 0.73 and 0.57 (less than 1), respectively. 

Given the z-score of -14.13 and -34.58 for fatal and serious injury crashes, respectively, and with 

the p-value less than 0.0001, there is a less than one in ten thousand likelihood that this clustered 

pattern could be the result of random chance. The Nearest Neighbor ratio and z-score of serious 

Figure 29 - Results of the Average Nearest Neighbor for Fatal crashes 



  

48 
 

injury crashes were less than of the fatal crashes, as shown in Table 7, indicating that serious injury 

crashes were more clustered than the fatal crashes in the study areas.  

The complete report of the ANN results for fatal and serious injury crashes is displayed in 

APPENDIX B, Figures 48 and 49. 

Table 7 - The Average Nearest Neighbor for Fatal and Serious Injury crashes 

 

5.1.2 High-Low Clustering (Getis-Ord General G) 

Getis-Ord General G measures the concentration of features with high or low values in a 

given study area but it does not identify the location of these high or low values. This tool can be 

used to compare the pattern of different types of crashes in a small scale like a city or in a larger 

size like a county, a district, or a state to find out whether areas with high crash numbers or low 

crash numbers are clustered or dispersed (Mohammed, 2019). The observed General G ratio and 

expected General G ratio can be calculated by the following equations:      

𝐺𝑜 (𝑑) =  
∑ ∑ 𝑤𝑖𝑗(𝑥𝑖.𝑥𝑗)𝑗𝑖

∑ ∑ (𝑥𝑖.𝑥𝑗)𝑗𝑖
, Ɐ j ≠ i  and   𝐺𝑒 (𝑑) =  

∑ ∑ 𝑤𝑖𝑗𝑗𝑖

𝑛(𝑛−1)
, Ɐ j ≠ i 

Where, 

 𝑥𝑖 and 𝑥𝑗are attribute values for features i and j; 

 𝑤𝑖𝑗is the spatial weight between feature i and j; 

 n is the total number of features; and  

Ɐ j ≠ i indicates that feature i and j cannot be the same feature. 

Results Fatal crashes Serious Injury crashes 

Nearest Neighbor Ratio 0.73 0.57 

z-score -14.13 -34.58 

p-value  < 0.0001 < 0.0001 
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The High/Low Clustering (Getis-Ord General G) statistic is an inferential statistic, which 

means that the results of this tool are interpreted within the context of the null hypothesis. For this 

tool, the null and alternative hypothesis for both fatal and serious injury crashes was stated as: 

𝐻𝑜 – the crashes were randomly distributed among the counties, indicating no spatial 

cluster; and  

𝐻𝐴 – the crashes were spatially clustered. 

Figure 30 presents the results of the General G statistic for fatal crashes. If the z-score is 

positive, it means that the observed General G value is larger than the expected General G value 

indicating that high values for the attribute were clustered in the study area and vice versa. It was 

Figure 30 - Results of the General G statistic for Fatal and Serious Injury crashes 
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found in this study that both fatal and serious injury crashes have statistically significant z-scores 

at a 0.01 level of significance because they were greater than 2.58 and the p-value was less than 

0.01. The null hypothesis can be rejected as the p-value is small and statistically significant.  

The z-score resulted in the positive value for fatal and serious injury crashes, as shown in 

Table 8, indicating the clustering of high values in the study area. The complete report of the High-

Low Clustering results for fatal and serious injury crashes is displayed in APPENDIX C, Figures 

50 and 51.  

 Table 8 - Results of High-Low Clustering for Fatal and Serious Injury crashes 

 

5.1.3 Spatial Autocorrelation (Global Moran’s I) 

Moran’s I utilizes the magnitude of feature values to identify and measure the strength of 

spatial patterns.  This tool measures spatial autocorrelation based on both feature locations and 

feature values simultaneously (How Spatial Autocorrelation (Global Moran's I) Works—ArcGIS 

Pro). In other words, this tool measures spatially clustered and dispersed patterns by calculating 

the differences between the target feature and the mean on the one hand, and between each feature 

and the mean on the other hand, and then both differences are multiplied to get a “cross-product” 

value.  

A high cross-product indicates that nearby features have similar values and the pattern is 

considered to be clustered. Similarly, a low cross-product indicates that nearby features have 

dissimilar values and the pattern is considered to be dispersed. Numerically, Moran’s I value range 

Results Fatal crashes Serious Injury crashes 

Observed General G values 0.08 0.17 

Expected General G values 0.07 0.13 

z-score 3.28 12.48 

p-value 0.0010 < 0.0001 
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between -1 and 1, indicating positive values as clustered and negative values as dispersed patterns. 

To evaluate the significance of the Global Moran’s 1 index, it is necessary to have the values of z-

score is calculated by the following equation: 

𝑍𝐼 =  
𝐼𝑂 − 𝐼𝐸

𝑆𝐷𝐼𝐸

 

𝐼𝑜 =  
𝑛 ∑ ∑ 𝑤𝑖𝑗(𝑥𝑖−�̅�)(𝑥𝑗−�̅�)𝑗𝑖

∑ ∑ 𝑤𝑖𝑗 ∑ (𝑥𝑖−�̅�)2
𝑖𝑗𝑖

    and     𝐼𝐸 =  
−1

𝑛−1
 

Where, 

 𝑥𝑖 is an attribute value for features i; 

 𝑤𝑖𝑗is the spatial weight between feature i and j; 

 n is the total number of features; and  

�̅� is the mean of the corresponding attribute. 

Spatial Autocorrelation (Global Moran’s I) tool is also an inferential statistic, which means 

that the results of this tool are interpreted within the context of the null hypothesis. For this tool, 

the null and alternative hypothesis can be stated as: 

𝐻𝑜 -  the crashes were randomly distributed among the counties, indicating not spatially 

clustered; and  

𝐻𝐴 – the crashes were spatially clustered. 

Figure 31 presents the results of the Global Moran’s I for fatal crashes. If the z-score is 

greater than zero, it means that the observed Global Moran’s I value was greater than the expected 

Global Moran’s I value, indicating that the crashes were clustered in the study area. From the study 

results, it was found that these crashes have statistically significant z-scores at a 0.01 level of 

significance because they were greater than 2.58 and the p-value was less than 0.01. The null 

hypothesis can be rejected as the p-value was less than 0.01which is statistically significant, which 

means that the spatial distribution of high/low values in the data set was more spatially clustered. 
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Then the sign of the z-score becomes important because if the z-score value is positive then the 

spatial distribution of high values and/or low values in the dataset is more spatially clustered than 

would be expected if underlying spatial processes were random. And if the z-score is negative then 

the spatial distribution of high values and low values in the dataset is more spatially dispersed than 

would be expected if underlying spatial processes were random. 

 In this study, the sign of the z-score is positive which means that the spatial distribution 

of high values and/or low values in the dataset is more spatially clustered. The results of Global 

Figure 31 - Results of the Global Moran's I for Fatal crashes 
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Moran’s I for fatal and serious injury crashes are presented in Table 9. These results indicate that 

there is a need for further investigation of spatial contributing factors in the clustering locations. 

The complete report of the Global Moran’s I for fatal and serious injury crashes is displayed in 

APPENDIX D, Figures 52 and 53. 

Table 9 - Results of Global Moran's I for Fatal and Serious Injury crashes 

 

5.2 MAPPING CLUSTERS 

The tools in the Mapping Cluster toolset identify statistically significant locations which are 

hot spots, cold spots, outliers, and similar or dissimilar features. This toolset is used after analyzing 

patterns that help to visualize the spatial pattern of features as clustered, dispersed, or random. 

Once this step is performed, it is essential to understand the characteristics of these identified 

spatial patterns by mapping clusters. This toolset is used when the action is needed based on the 

location of one or more clusters and allows to visualize the location and extent of these clusters 

(An Overview of The Mapping Clusters Toolset, ArcGIS Pro). This toolset includes mainly two 

types of tools that identify locations that exhibit spatial clustering and spatial outliers in the given 

study area.  

The most commonly used tools are Hot-Spot Analysis (Getis-Ord Gi*), Cluster and Outlier 

Analysis, Optimized Hot Spot Analysis, Optimized Outlier Analysis, and Grouping Analysis. In 

this study, only two tools, Optimized Hot Spot Analysis and Optimized Outlier Analysis, from the 

Results Fatal crashes Serious Injury crashes 

Moran’s Index 0.015 0.081 

Expected Index -0.001 -0.0005 

z-score 2.72 46.79 

p-value < 0.0001 < 0.0001 
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Mapping Clusters toolset were used to further identify locations of hot spots, cold spots, and 

outliers in the Kansas study area.  

5.2.1 Optimized Hot Spot Analysis 

Optimized Hot Spot Analysis is a tool that uses Getis-Ord Gi* statistic which identifies the 

clusters of high values (hot spots) and the clusters of low values (cold spots) for given weighted 

features within a specified distance (Fischer and Getis, 2010). Unlike Hot Spot Analysis, this tool 

automatically aggregates crash data, identifies an appropriate scale of analysis, and corrects for 

both multiple testing and spatial dependence (Optimized Hot Spot Analysis, ArcGIS Pro). Besides 

the hotspots and cold spots, the Optimized Hot Spot Analysis tool calculates that distance by 

utilizing its component, the Incremental Spatial Autocorrelation tool.  

The outputs of the Optimized Hot Spot Analysis tool are z-scores and p-values in different 

levels of significance, which represent the determination of what is a hotspot and what is a cold 

spot. High z-scores indicate statistically significant spatial hotspots, and low z-scores indicate cold 

spots. With p-values smaller than the required level of significance, the null hypothesis, which is 

complete spatial randomness, could be rejected as Gi* is an inferential statistic.  

In this study, the Optimized Hot Spot Analysis tool was used to identify hot and cold spots 

in the study area because of its efficiency and comprehensiveness in comparison to the Hot Spot 

Analysis tool. Any geographic area is not identical in sizes and shapes, or areas, so the study area 

was divided into identical polygons to avoid size variations and other considerations. So the 

crashes were aggregated within a hexagonal grid, which created an appropriate hexagonal polygon 

mesh that counts crashes in each hexagon of similar sizes.  
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Figures 32 and 33 show the results of the Optimized Hot Spot Analysis for fatal and serious 

injury crashes involving drivers of 25- to 44- year-old, respectively. The map (Fig 32) that shows 

fatal crashes were clustered with hot spots in two different locations. One hotspot was located in 

the northeastern part of Kansas that includes most of the Douglas, Jefferson, Johnson, Shawnee, 

and Wyandotte counties. Another hot spot was located mostly in and around Sedgwick County. 

The remaining counties of the study area were shown as ‘Not Significant,’ indicating that there 

were no significant spatial patterns among the crashes that occurred in these counties and are 

randomly distributed spatially. 

For serious injury crashes (Fig. 33), the Optimized Hot Spot Analysis for serious injury 

crashes shows that the hot spots were clustered in three different locations of the study, in addition 

to the identified fatal crash locations. The new third hot spot location for serious injury crashes 

Figure 32 - Optimized Hot Spot Analysis for Fatal Crashes 
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include the counties of Riley and Geary. It is reasonable to find a hotspot in these counties as the 

City of Manhattan and the Fort Riley Army Base are in Riley County which can be expected to 

include a higher number of young and middle-aged drivers. The other two hot spot locations are 

similar to the results of hot spots of fatal crashes, which is located in the northeastern part of Kansas 

which includes Douglas, Jefferson, Johnson, Leavenworth, Shawnee, and Wyandotte counties, and 

Sedgwick County along with Butler County in the south.  

 

 

 

 

Figure 33 - Optimized Hot Spot Analysis for Serious Injury Crashes 
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5.2.2 Optimized Outlier Analysis 

Optimized Outlier analysis is a tool that creates maps of identified statistically significant hot 

spots, cold spots, and spatial outliers using the Anselin Local Moran’s I statistic. This tool 

examines and compares each value in the pair features (target feature and neighboring feature) to 

the mean value for all-inclusive features in the study area. In other words, the Optimized Outlier 

analysis tool separates the neighborhood of each feature (excluding the feature itself) from the 

study area and determines if the value of this neighborhood based on this feature is significantly 

different from the value of other neighborhoods, and is the value of the feature different from other 

features in the study area (Mohammed, 2019). Similar to Optimized Hot Spot analysis, z-scores 

were used to test the significance of each value of Local Moran’s I in different confidence levels. 

If the Moran’s I index is positive and z-score is positive, then the targeted feature is bordered by 

similar values, either high or low values, whereas if the Moran’s I index is negative and z-score is 

negative, then the targeted feature is bordered by dissimilar values (Mitchell, 2005). The output of 

the Optimized Outlier analysis can be categorized into four significant levels (Mohammed, 2019): 

• High-High (HH) Cluster: This occurs when a feature value is significantly higher than other 

features, and its neighborhood value is also significantly higher than other neighborhood 

values, which represent a hot spot.  

• Low-Low (LL) Clusters: This occurs when a feature value is significantly lower than other 

features, and its neighborhood value is also significantly lower than other neighborhood 

values, which represent a cold spot.  

• High-Low (HL) Outlier: This occurs when a feature value is significantly higher than other 

features, but its neighborhood value is significantly lower than other neighborhood values.  
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• Low-High (LH) Outliers: This occurs when a feature value is significantly lower than other 

features, but its neighborhood value is significantly higher than other neighborhood values.  

In this study, the Optimized Outlier analysis has identified clusters of high or low values 

crashes and spatial outliers of weighted features like counties in the hexagonal polygons, as 

shown in Figures 34 and 35 for fatal and serious injury crashes, respectively.  

High-low outliers, found in dark-red, were mostly located in the western part of Kansas, 

such as Cheyenne, Hamilton, Norton, Rawlins, and few other counties, showing that fatal 

crashes were high but the surrounding counties had low or a not statistically significant number 

of crashes as shown in Figure 34. This indicates that these counties had an unexpected number 

of crashes compared to their neighboring counties. Low-High outliers, found in dark-blue, 

Figure 34 - Optimized Outlier analysis for Fatal Crashes 
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were mostly concentrated in Sedgwick and counties in the northeastern part of the state.  This 

indicates that these counties had fewer crashes than their neighboring counties.  

High-high cluster locations were found in Johnson, Leavenworth, Sedgwick, and 

Wyandotte counties indicating that these counties had a high number of fatal crashes and their 

surrounding counties who also had a statistically significant high number of fatal crashes. 

Whereas, low-low clusters for fatal crashes were found mostly in northwestern counties, 

indicating that these features experienced the least number of crashes than their surrounding 

features which can be expected due to the less population density. 

High-low outliers, found in dark-red, were mostly located in the western and southeastern 

part of Kansas, showing that serious injury crashes were higher in these counties than the 

surrounding counties. Low-High outliers, found in dark-blue, were mostly concentrated in 

Figure 35 - Optimized Outlier analysis for Serious Injury Crashes 
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Geary, Riley, Sedgwick, and counties in the north-eastern part of the state indicating that these 

counties had fewer crashes than their neighboring counties. 

High-high cluster locations for serious injury crashes counties were found in the same 

locations as identified in the Optimized Hot Spot Analysis. This indicates that these counties 

had a high number of fatal crashes and their surrounding counties who also had a statistically 

significant high number of fatal crashes. Whereas, low-low clusters for fatal crashes were 

mostly located in the western part of Kansas. This indicates that these counties experienced 

the least number of crashes along with their surrounding counties.   

5.3  MEASURING GEOGRAPHIC DISTRIBUTION 

The tools in the Measuring Geographic Distribution toolset measures the distribution of a 

set of features by calculating values that represent various characteristics of the distribution like 

mean center, median center, direction distribution, standard distance, and central feature. These 

tools are further discussed in the following sections. 
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5.3.1 Mean Center 

Mean Center is the tool that identifies the geographic center for a set of features. In this 

study, the center of concentration or mean center for fatal and serious injury crashes are denoted 

by red and green dots, respectively, as shown in Figure 36. The geographic centers for fatal and 

serious injury crashes are located in Marion and Chase counties, respectively.  

  

Figure 36 - Mean Centers for Fatal and Serious Injury crashes 
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5.3.2 Median Center 

The Median Center tool is a measure of central tendency that identifies the location that 

minimizes the distance from it to all other features in the dataset (How Median Center works, 

ArcGIS Pro). In this study, the median center for fatal and serious injury crashes are denoted by 

red and green dots, respectively, as shown in Figure 37, and are located on the border of Marion 

and Chase counties and Lyon County. 

Figure 37 - Median Centers for Fatal and Serious Injury crashes 

5.3.3 Directional Distribution 

This tool measures how features are geographically distributed by creating a standard 

deviational ellipse, which is calculated as the standard deviation of both the co-ordinates from the 

mean center to define the axes of the ellipse. This ellipse will help to identify if the distribution 

features are elongated and have a particular orientation (central tendency, dispersion, and 

orientation). 
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In this study, the standard deviational ellipse was used to compare the distributions of fatal 

and serious injury crashes involving 25- to 44- year-old drivers. Figure 38 represents that both 

crash severities have similar distributions focusing on a highly concentrated crash zone area of the 

state. It was also observed that the orientation of the fatal crashes ellipse is larger and more 

dispersed than the ellipse of serious injury crashes. This means that fatal crashes were more 

dispersed than serious injury crashes and were oriented in the direction of the northeast to the 

southwest.  

It is necessary to identify and measure the relationships between various potential factors 

using modeling spatial relationships in ArcGIS, in addition to analyzing the distribution, pattern, 

and clustering of geographic features. 

 

Figure 38 - Directional Distribution of Fatal and Serious Injury crashes 
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5.4 MODELING SPATIAL RELATIONSHIPS 

Using the Modeling Spatial relationships toolset in ArcGIS, it is possible to identify, analyze, 

and measure the relationships between considered potential variables or factors and crash 

locations. This toolset helps to understand the contributing factors of the crashes to the geographic 

location and also to predict the number of crashes.  

The most important functions of this toolset are modeling, examining, and exploring spatial 

relationships among features using regression analysis to determine the contributed factors behind 

the observed spatial patterns or to predict spatial outcomes (Fischer and Getis, 2010). Tools that 

are included in this toolset are Ordinary Least Squares (OLS) regression and Geographically 

Weighted Regression (GWR).  

Among all the regression tools in ArcGIS, OLS is the most used and best-known regression 

techniques. It serves as the starting point for all spatial regression analyses. It provides a global 

regression model of the identified variables to understand and make predictions by creating a 

single linear regression equation to represent the dependent variable. Whereas, GWR provides a 

local regression model of the identified variables to understand and make predictions by fitting a 

linear regression equation to every variable considered in the study. When used properly, these 

methods provide powerful and reliable statistics for examining and estimating linear relationships 

(Regression Analysis Basics, ArcGIS Pro). In this study, the final model was created by using OLS 

Figure 39 - Elements of an OLS Regression Equation (Source – ESRI, 2018) 
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regression. A linear regression equation, used in both OLS and GWR, is mathematically 

represented as, 

Dependent Variable (Y) – the variable that the model is trying to predict or understand. Also 

known as observed values or Y-variable. In this study, Y-variable was the total number of fatal 

and serious injury crashes (LN_CRASH). 

Independent/Explanatory variables (X): These are the explanatory variables used to model or to 

predict the dependent variable values. In this study, all the X-variables were listed in Table 10.  

Regression coefficients (β): Coefficients are computed by the regression tool. They are values, one 

for each explanatory variable, that represents the strength and the type of relationship the 

explanatory variable has to the dependent variable. 

Residuals: These are the unexplained portion of the dependent variable, represented in the 

regression equation as the random error term ε. The difference between the observed y-values and 

the predicted y-values are called the residuals. The magnitude of the residuals from a regression 

equation is one measure of model fit. Large residuals indicate poor model fit. 

5.4.1 Exploratory regression 

To perform OLS, an exploratory regression analysis was performed first to summarize and 

determine any combination of candidate explanatory variables that satisfied all of the requirements 

of the OLS method. This tool specifically identifies the models that meet all the requirements and 

assumptions of the OLS method. When there are many potential explanatory variables, it is often 

difficult to find a proper OLS model. During such situations, the exploratory regression tool in 

ArcGIS can help with such difficulty.  



  

66 
 

In this study, there were 23 potential explanatory variables identified as the contributing 

factors of road crashes in the reviewed literature. Due to the lack of data availability and reliability, 

only 18 variables were considered for building a model that can predict and validate the future 

number of fatal and serious injury crashes occurring in Kansas involving 25- to 44- year-old 

drivers.  

Table 10 - Potential Explanatory variables and their transformations for the OLS model 

 

Explanatory Variables Transformed Variables Transformations 

D
ep

en
d

e
n

t 

Total number of fatal and serious 

injury crashes 
LN_CRASH Natural logarithm 

E
x

p
la

n
a

to
ry

 

Average Daily Vehicle Miles 

Traveled (DVMT) on all roads 
LN_ALLDVMT Natural logarithm 

Average Daily Vehicle Miles 

Traveled (DVMT) on non-state rural 

roads 

LN_RURALDVMT Natural logarithm 

Average precipitation LN_PRECIP  Natural logarithm 

Average number of passenger cars LOGLN_CARS Natural logarithm 

The average number of non-

commercial trucks 
LOGLN_TRUCKS Natural logarithm 

Number of occupied housing units LN_HH Natural logarithm 

Number of 0-vehicles housing units LN_0HH Natural logarithm 

Number of 1-vehicle housing units LN_1HH Natural logarithm 

Number of 2-vehicles housing units LN_2HH Natural logarithm 

Number of 3 or more vehicles 

housing units 
LN_3PLUSHH Natural logarithm 

Total number of miles on all roads ALLMILES original 

Total number of miles on non-state 

rural roads 
RURALMILES Square root and Natural log 

Average median household income SQRT_INCOME Square root 

Average number of total population LN_TOTPOP Natural logarithm 

Average number of 25-44 population LN_STUDYPOP Natural logarithm 

Average number of 25-44 population 

who are in the labor force 
LN_LABOR Natural logarithm 

Average number of 25-44 population 

who commute to work by vehicle 
LN_WORKCOMMUTE Natural logarithm 

Average number of populations 

below the poverty line 
LN_BELOWPOV Natural logarithm 
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Since OLS is a linear regression method, the relationship between the dependent and 

explanatory variables must be linear. An additional step in this research study was to transform the 

potential variables to arrive at linear trends. All the potential explanatory variables and their 

transformations, that were used in exploratory regression are presented in Table 10. 

All the 19 transformed variables were run using exploratory regression to test for 

multicollinearity. When two or more variables show the same trend in explaining the performance 

of the model, one of them may be eliminated to improve the model performance. The explanatory 

variables that have VIF values over 7.5 show redundancy problems which were eliminated to 

reduce the processing time. Having found high multicollinearity among all explanatory variables 

in the initial run of the modeling process in the exploratory regression analysis, as shown in Table 

11, only seven explanatory variables were considered for further analysis. 

Table 11 - Summary of Multicollinearity 

Variable VIF Covariates 

LN_ALLDVMT 11.39 LOGLN_CARS (98.95) 

LN_RURALDVMT 6.45 x 

LN_PRECIP 2.03 x 

LOGLN_CARS* 58.82 Explains all other variables 

LOGLN_TRUCKS 1.14 x 

LN_HH 930.8 LOGLN_CARS (95.42) 

LN_0HH 14.78 LOGLN_CARS (99.28) 

LN_1HH 154.96 LOGLN_CARS (98.85) 

LN_2HH 298.07 LOGLN_CARS (98.71) 

LN_3PLUS 111.3 LOGLN_CARS (99.14) 

ALLMILES 4.33 x 

RURALMILES 3.8 x 

SQRT_INCOME 3.41 x 

LN_TOTPOP 999.17 LOGLN_CARS (95.56) 

LN_STUDYPOP 808.51 LOGLN_CARS (95.56) 

LN_LABOR 999.18 LOGLN_CARS (92.98) 

LN_WORKCOMMUTE 948.36 LOGLN_CARS (92.98) 

LN_BELOWPOV 49.93 LOGLN_CARS (99.00) 
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X – indicates that those potential variables did not show multicollinearity with any other considered explanatory variables. 

*The average number of passenger cars was found to share the same characteristics as most of the other variables to explain the 

dependent variable. 

The following are the variables that were considered for the second run of the modeling process 

in the exploratory regression analysis: 

• Total number of miles of all roads (ALLMILES); 

• Total number of miles on non-state rural roads (RURALMILES); 

• Average Daily Vehicle Miles Traveled (DVMT) on non-state rural roads 

(LN_RURALDVMT); 

• Average precipitation (LN_PRECIP); 

• Average household income (SQRT_INCOME); 

• Average number of commercial trucks (LOGLN_TRUCKS); and 

• Average number of passenger cars (LOGLN_CARS). 

The final run was conducted in the exploratory regression to check for any multicollinearity 

and variable significance that is most influencing the dependent variable, the total number of fatal 

and serious injury crashes. The result was satisfactory and then the same variables were considered 

for further modeling processes in the OLS. 

5.4.2 Ordinary Least Squares (OLS) 

OLS is a global linear regression tool that is used to model a dependent variable with its 

explanatory variables and/or to generate predictions. It is the most used and best known of all the 

regression techniques and serving as a starting point for all spatial regression analyses. The 

relationship between the dependent and explanatory variables in the study area is described by the 

single equation given by the OLS.  
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The output generated from the OLS tools in ArcGIS includes statistical results and diagnostics 

which helps to understand the statistical significance between dependent and explanatory 

variables. This OLS tool assesses each explanatory variable statistical properties, model 

performance, model significance, model bias, spatial correlation, and stationarity. Each of these 

performances is explained based on the following statistics results:  

• Model performance - Multiple R-squared and Adjusted R-squared values; 

• Each model explanatory variable - Coefficient, probability or robust probability values; 

• Model significance – Joint F-statistic and Joint Wald Statistic values; 

• Variable redundancy – Variance Inflation Factor (VIF) values; 

• Model Stationarity – Koenker (BP) Statistic values; 

• Model Bias – Jarque-Bera Statistic values; and 

Each of these statistical tests was explained in the later sections in relation to the current study. 

After performing the check for multicollinearity in the exploratory regression, the next step was 

carried out using the OLS tool to identify statistically significant factors and to form an OLS model 

that meets all the criteria needed for a meaningful OLS regression model. 

Figure 40 shows the OLS results of the initial run. In this step, it was found that when the 

probability is smaller than 0.05, an asterisk next to the probability on the OLS result report 

indicates that the associated explanatory variable is statistically significant in the model, and only 

those explanatory variables are considered for the remainder of the modeling process. If the 

Koenker (BP) statistic is statistically significant, then the robust probabilities are assessed to check 

the statistical significance of the explanatory variables. The following statistically significant 

variables were identified concerning robust probability, as shown in Figure 41. 
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• Average number of passenger cars (LOGLN_CARS); 

• Average precipitation (LN_PRECIP); 

• Total number of miles on all roads (ALLMILES); and 

• Total number of miles on non-state rural roads (RURALMILES). 

 

The second run was made with the four identified statistically significant explanatory variables 

for further analysis of OLS diagnostics. Figure 42 shows the OLS model results in only 

explanatory variables - the average number of passenger cars (LOGLN_CARS), and the total 

number of miles on non-state rural roads (RURALMILES) showed high statistical significance for 

robust probability and probability. Though all four explanatory variables are statistically 

Figure 41 - Summary of OLS Results of Model Variables in the Initial Run 

Figure 40 - Results of OLS Diagnostics of the Initial Run 
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significant, only two with the most significant were considered for this step to simply the OLS 

model.  

The two highest statistically significant explanatory variables were considered to check with 

other OLS diagnostics, the average number of passenger cars (LNLOG_CARS) and the total 

number of miles on non-state rural roads (RURALMILES). The resultant statistical report of two 

significant explanatory variables in the final OLS run is presented in Figures 43 and 44. 

 

Figure 44 - Summary of OLS Results of Model Variables in the Final Run 

 

Figure 43 - Results of OLS Diagnostics of the Final Run 

Figure 42 - Summary of OLS Results of Model Variables in the Second Run 
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Assessing the model performance (Adjusted R-Squared)  

The resultant report of the statistically significant explanatory variables shows both the 

adjusted R-squared and multiple R-squared which are the measures of model performance. The 

adjusted R-squared value of 0.8338 indicates that the model explains 83 percent of the variation 

in the dependent variable.  

Assessing the coefficient, probability or robust probability of each explanatory variables 

The coefficient of each explanatory variable shows both the strength and relationship type 

with the dependent variable. When the sign of the coefficient is negative then the relationship is 

negative and when the co-efficient is positive then the relationship is positive. In this study model, 

it can be considered that when the total number of miles on non-state rural roads increases then 

the total number of fatal and serious injury crashes decreases. This holds true to the locations 

mostly in the western part of Kansas which has larger county areas with  more rural roads and less 

population density, shown in Fig. 6. When the average number of passenger cars increases then 

the total number of fatal and serious injury crashes increases. 

Variance Inflation Factor (VIF) 

  VIF value is a measure of variable redundancy that helps to decide which variables can be 

removed from the model without losing explanatory power. As a general rule, an explanatory 

variable is considered problematic if the VIF value is above 7.5. This step was already taken care 

of through exploratory regression in the first step. All the redundant variables have been excluded 

in the first step itself to simply the model.  

Assessing the model significance (Joint F-statistic and Joint Wald Statistic) 
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Both the Joint F-statistic and Joint Wald Statistic are measures of overall model statistical 

significance. The Joint F-statistic is useful only when the Koenker (BP) statistic is not statistically 

significant. If the Koenker (BP) statistic is significant, the Joint Wald Statistic is used to determine 

overall model significance. For a p-value smaller than 0.05, this indicates a statistically significant 

model.  

Assessing the model Bias (Jarque-Bera Statistic) 

The Jarque-Bera statistic indicates whether the residuals (the observed or known 

dependent variable values minus the predicted or estimated values) are normally distributed. 

When the p-value for this test is small (smaller than 0.05, for example) the residuals are not 

normally distributed, indicating that the model is biased. This bias could be the result of model 

misspecification of a key variable or due to nonlinear relationships which includes influential 

outliers. 

 

Figure 45 - The OLS Mapped Residuals 

 

https://pro.arcgis.com/en/pro-app/tool-reference/spatial-statistics/regression-analysis-basics.htm#GUID-A90B0519-36FF-42AF-A6BF-D09E2C9C317C
https://pro.arcgis.com/en/pro-app/tool-reference/spatial-statistics/regression-analysis-basics.htm#GUID-9916D83D-2334-499B-87A6-FA9F697DFD5D
https://pro.arcgis.com/en/pro-app/tool-reference/spatial-statistics/regression-analysis-basics.htm#GUID-9916D83D-2334-499B-87A6-FA9F697DFD5D
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In this model, the Jarque-Bera statistic was statistically significant indicating that the 

model is biased and can show under-prediction and over-prediction values of the dependent 

variable. The red and blue colored counties in Figure 45 indicate under-predicted and over-

predicted the total number of fatal and serious crashes among the Kansas counties. 

When the relationship between the dependent and explanatory variables is found to be 

heterogeneous and nonstationary over the study area, the developed OLS regression equation 

creates an average of the multiple relationships present. To deal with and eliminate the regional 

variation, dominant methods like GWR should be used after the OLS regression. Due to the 

limitations of this study, only OLS regression was used to develop the model.  

OLS model equation 

The resultant model from the OLS regression could take the form as shown: 

Figure 46 - The OLS Residual vs. the Predicted Dependent Variable 

Chase 

Sedgwick Russell 

Smith 
Jewel 
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LN_crashes = (-13.64) + (18.3) * (LOGLN_cars) + (-0.2) * (Rural miles) + Model Residuals 

The model was then transformed back to predict the expected total number of fatal and injury 

crashes takes the form below: 

𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 𝒄𝒓𝒂𝒔𝒉𝒆𝒔 =  𝒆
−𝟏𝟑.𝟔𝟒+𝟏𝟖.𝟑 [𝒍𝒐𝒈(𝒍𝒏(𝒙𝟏)]+(−𝟎.𝟐)( √𝒙𝟐

𝒍𝒏 (𝒙𝟐)
)
 

Table 18 in APPENDIX E shows the intercept, statistically significant explanatory variables and 

their coefficient, and residuals for all the counties in the state of Kansas that were generated from 

the developed OLS model for this study. 

5.4.3 Prediction and Validation of the Model 

The last step in a statistical analysis is prediction and validation to test the accuracy of the 

OLS model.  The model includes the dependent variable as the total number of fatal and serious 

injury crashes and the explanatory variables were the average number of passenger cars and the 

total number of non-state rural miles. 2018 actual data for explanatory variables were used in the 

model to predict the total number of fatal and serious injury crashes. Accordingly, the predicted 

numbers were compared to the actual number of crashes from 2018 and the findings are discussed 

later in this chapter. 

The OLS model, generated for the study area, was used to predict the total number of fatal 

and serious injury crashes for the year 2018. The coefficient of the average number of passenger 

cars and non-state rural miles for all the counties in the OLS model was fixed and the values were 

18.3 and -0.2, respectively, and each of the county residuals were different. According to the OLS 

model, the number of expected fatal and serious crashes was 3,405 in the year 2018. All the 

predicted numbers of total fatal and serious injury crashes for each county are presented in 
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APPENDIX F, Table 19. This prediction assumes that the model variables, the average number of 

cars and a total number of rural miles, follow the same trends in 2018 as they did between 2013 

and 2017.  

  Validation of the model was performed by comparing actual and predicted data of 2018 

total fatal and serious injury crashes. The actual crashes from 2013 to 2018 were 3,727, whereas, 

the predicted crashes were 3,405. That means the model underestimated crashes by 8.5% 

statewide. In other words, the OLS model underestimated the total number of crashes in 2018 by 

322 crashes. Table 17 shows that the prediction for 2018 crash data was underestimated by less 

than five percent for 34 counties and no county was under- or over-predicted more than 50%.  

Table 12 - Number of Kansas Counties - Underestimated or Overestimated by the developed model 

Percentage Underestimated no. of counties Overestimated no. of counties 

<1% 30 0 

1% - 4.9% 4 0 

5.0% - 9.9% 15 0 

10.0% - 24.9% 44 0 

25.0% - 50.0% 12 0 

>50% 0 0 

 

For the prediction, the 2018 total number of miles on non-state rural roads was unavailable, 

so instead 2017 data were used. This could be one of the reasons for the difference between actual 

and predicted values. Some other factors for underpredicted crashes include biased model and non-

stationary relationship and heterogeneous nature between dependent and explanatory variables that 

were found in assessing the OLS model bias and spatial autocorrelation using Jarque- Bera statistic 

and Koenker (BP) statistic. 
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Figure 47 shows the trend of actual numbers of total fatal and serious injury crashes from 2013 

to 2018. It can be observed from this real trend that there is a decrease in the number of fatal and 

serious injury crashes between 2017 and 2018. Therefore, the current study OLS model can be 

justified for its underestimated values for the validation of the year 2018 crash values. 
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Figure 47 - Graph showing the actual number of Fatal and Serious Injury crashes 



  

78 
 

6. CONCLUSION 

This chapter includes a discussion on the findings found through the descriptive and statistical 

analysis of this study. It also includes the benefits of using spatial statistical tools to make decisions 

and recommendations that could improve traffic safety at the identified crash in hot spot locations. 

In addition to the findings and discussion, this chapter also includes the limitations of the current 

study that were encountered during the study process.  

6.1 FINDINGS AND DISCUSSION 

This section includes the findings along with a discussion found through the descriptive and 

statistical analysis of this study that includes data from 2013 to 2017 involving the drivers of age 

25- to 44- year-old in the state of Kansas.  

• All the characteristics of crash contributing factors, such as driver, environmental, vehicle, 

and roadway were discussed with the exhibited trend of fatal and serious injury crashes.  

• The fatal crashes that involved drivers of age 25- to 44- year-old showed an increasing 

trend from 266 crashes in 2013 to 348 crashes in 2017, whereas, serious injury crashes 

showed a declining trend from 1022 crashes in 2013 to 680 crashes in 2017. However, the 

total crash rate per 100,000 licensed drivers for the study age group follows a similar trend 

to the decreasing number of licensed numbers from 2016 to 2017. 

• Most of the fatal crashes occurred during the peak hours, i.e., between 3:00 PM and 6:00 

PM, and Saturday had the highest number among all other days of the week.  

• Similar to fatal crashes, the serious injury crashes mostly occurred during the peak hours 

and were more likely on Fridays.  
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• In terms of the crash location, most of the fatal and serious injury crashes occurred in 

Sedgwick and Johnson counties, followed by Wyandotte and Shawnee. This implies that 

traffic improvement strategies and resources should be prioritized in the locations in 

Districts 1 and 5 of Kansas. 

• Multi-vehicle crashes resulted in the maximum number of fatal and serious injury crashes, 

among which 47% of crashes were due to side-angle collision or T-bone collision. 

Collision with fixed objects, such as a ditch, curb, signpost, and collision with pedestrians 

resulted in more fatal crashes than serious injury crashes. These results would help to 

develop more effective driver-targeted measures and specific driver education programs 

based on the most frequent type of collision experienced by most of the drivers of the 25- 

to 44- year-old age group. 

• This study also found that fatal crashes were more frequent among males and the elderly 

age group. Male and elderly drivers are more likely to be fatally injured in a crash than 

female drivers and drivers in the younger age ranges (Huang and Lai, 2011, Kim et al., 

2013). 

• This study also found that most of the crashes occurred, involved automobiles like 

passenger cars, which did not show any major influence of drugs and/or alcohol-related 

drivers. 

• The majority of the fatal and serious injury crashes happened during daylight with clear 

conditions - in urban areas, these crashes mostly occurred on minor arterial roads and in 

rural areas on local roads. Most of these crashes took place on non-intersection roadway 

locations.  
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• Spatial analysis was conducted using ArcGIS to evaluate the location of crash occurrences. 

Using spatial statistic toolset, it was found that the pattern of the total fatal and serious 

injury crashes that were significantly clustered spatially at the state level. It was confirmed 

that the high values of clustering existed by using the General G tool.  

• Several counties in the northeastern part of the state, such as Douglas, Jefferson, Johnson, 

Leavenworth, Shawnee, and Wyandotte counties, and Sedgwick County in the south were 

found to be statistically significant locations for fatal crashes of high-value clusters by 

using optimized hot spot analysis.  Whereas, serious injury crash locations of high-value 

clusters were found in the counties of Geary and Riley.  

• Exploratory regression and OLS regression tools were used to identify the contributing 

factors for the observed spatial pattern of both the fatal and serious injury crash in the study 

area and to predict the future number of crashes in each county of Kansas. Among 23 

potential contributing factors, 18 explanatory variables were analyzed using the regression 

tools in the modeling process. Only two, the total number of miles of non-state rural roads 

and the average number of passenger cars, were found to be statistically significant 

contributing factors. These variables were used to create a predictive OLS model that 

predicts crashes in each county of the state.  

• The OLS model created in this study predicted that the total number of fatal and serious 

injury crashes from 2013 to 2018 were 3,405. This model was validated by using the actual 

crash data of the year 2018. It was found that the model underestimated by 8.5% when 

compared to the actual crash data. Most of the counties were underestimated by less than 

5% and none of the counties were overestimated.  
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6.2 RECOMMENDATIONS 

This section provides a list of the recommendations that were based on the conducted literature 

review and the findings of the descriptive and spatial analysis of the current study.  

• The methodology and process of this study analysis and similar studies can be incorporated 

at various government and transportation agencies to identify potential statistically 

significant crash locations. It will also help decision-makers to allot state funds at the 

locations which require immediate attention.  

• It is important to include new and developing techniques, like spatial analysis tools, that 

offer better alternative options to investigate and understand the pattern of crash locations 

statistically. This will also help state officials by providing additional information and helps 

to make better decisions in mitigating these crashes by considering both spatial and non-

spatial factors.  

• To gain safety improvements based on the results, it is recommended to implement human-

targeted measures, particularly driver-targeted measures, such as safety educational 

programs, and enforcement initiatives in the identified hot spot locations. 

6.3 LIMITATIONS 

During this study, several limitations were encountered. If the following limitations could be 

addressed, the current study methodology can be improved.  

• The current study focused only on fatal and serious injury crashes excluding minor injury 

crashes, possible injury crashes, and property damage only crashes.  

• Data like the number of miles driven by the drivers belonging to this study age group, 

percentage of the commercial and residential area in the state, percentage of roads 

hierarchy, daily vehicle miles traveled on urban and rural roads, number of registered 
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passenger cars by county and licensed drivers by county was not available. If such data 

were available, the analysis and developed models in this study could be improved. 

• Wyandotte County had only six miles recorded for the total number of non-state rural miles 

though many that are in an incorporated area. 

6.4 AREAS OF FUTURE STUDY 

The current study was the extension to the study conducted by Dr. Mohammed which focused on 

teenage drivers for the period of 2010-2016. There is potential for several other future studies with 

the applications of the current methodology in the efforts of improving traffic safety throughout 

the state.  

• Similar to the current study, further studies can be conducted by applying this methodology 

focusing on different age groups and categories such as 20-24, 45-60, 60-70, and 70+ aged 

drivers, truck drivers, crashes only in urban or rural areas, seasonal crash patterns, and road 

classifications. 

• Most of the crash characteristics that differ by age group recommend that traffic safety 

countermeasures should be applied to a variety of approaches and not the same concepts 

across all the age groups. 

• The current study found that the developed model is biased concerning the Jarque-Bera 

statistic which can be improved with the availability of more reliable data. 

• The predictive model developed in this study underestimated the total number of fatal and 

serious injury crashes in a few of the counties for the year 2018 which could be due to the 

unavailability of 2018 data for non-state rural miles. Instead, 2017 non-state rural miles 

were used.  
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• Other ArcGIS toolsets that comprise of spatial statistical tools like Ripley’s K-function, 

Geographically Weighted Regression can be used to develop a better model in addition to 

the OLS model. 
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APPENDIX A 

The following steps were carried out that includes setting up and processing spatial data by 

adding Excel data as layers to the ArcGIS software. 

Step1: Downloaded Kansas counties’ spatial data layer from the USCB. 

Step 2: Projected the county and state layers and crash data using Projected Coordinated System to 

minimize the distortion of the distance calculations which was used in performing spatial statistics. The 

following sequence of steps was performed in ArcGIS: 

• Kansas state and county shapefiles were added in ArcGIS; 

• Projected these shapefiles using Data management tools> Projections and transformations > 

Project 

• These shapefiles existed in GCS_WGS_1984 and was projected to NAD_1983_UTM_Zone_13N 

• Added reduced crash data as XY data (X-longitude and Y-latitude) and projected to 

NAD_1983_UTM_Zone_13N 

Step 3: Projected fatal and serious injury crash data were integrated with the Integrate tool to snap 

features within a specified distance of each other and create a new feature class containing a point at each 

unique location with an associated count attribute to indicate the number of snapped crash points. It was 

recommended to copy the projected crash layer before using the Integrate tool as the integrate tool 

modifies the input dataset by changing the locations of the input features. 

• Created a copy layer of projected both crash types data using Data management 

tools>Features>Copy feature 

• Integrated the features of a copied layer of projected crash data using Data management 

tools>Feature class>Integrate 

Step 4: Collect events tool is used to join multiple integrated crash points into one and its size reflects the 

number of crashes at a location using Spatial Statistics Tools>Utilities>Collect events. For example, if 

Integrate snaps 4 nearby features together, Collect Events will combine those 4 points into a single point 

with a count of 4. 

 The output from the Collect event was rendered with the graduated circles indicating the number 

of crashes at each point. This crash data were next used to perform hot spot analysis. 
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APPENDIX B 

Figure 48 – Summary of ANN results for Fatal crashes 
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Figure 49 - Summary of ANN results for Serious Injury crashes 
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APPENDIX C 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 50 – Summary of High/Low Clustering for Fatal crashes 
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Figure 51 – Summary of High/Low Clustering for Serious Injury crashes 
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APPENDIX D 

 

Figure 52 – Summary of Global Moran’s I for Fatal crashes 
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Figure 53 – Summary of Global Moran’s I for Serious Injury Crashes 
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APPENDIX E 

Table 13 presents the results of the predicted crash values for 2018 from the resultant of 

the OLS model equation as: 

LN_crashes = (-13.64) + (18.3) * (LOGLN_cars) + (-0.2) * (Rural miles) + Model Residuals 

Table 13 - Developed OLS Regression Model values for all the counties 

Counties 
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_
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Allen -13.64 18.3 0.951 7612 -0.2 4.424 908 -0.03 2.85 

Anderson -13.64 18.3 0.933 5230 -0.2 4.558 988 0.26 2.78 

Atchison -13.64 18.3 0.965 10135 -0.2 4.100 731 -0.35 2.85 

Barber -13.64 18.3 0.895 2568 -0.2 4.368 876 -0.35 1.51 

Barton -13.64 18.3 0.986 15928 -0.2 5.438 1613 0.27 3.58 

Bourbon -13.64 18.3 0.954 8124 -0.2 4.591 1008 -0.32 2.58 

Brown -13.64 18.3 0.942 6325 -0.2 4.644 1041 0.12 2.79 

Butler -13.64 18.3 1.027 41425 -0.2 5.955 2066 0.38 4.33 

Chase -13.64 18.3 0.872 1709 -0.2 3.675 532 1.05 2.63 

Chatauqua -13.64 18.3 0.858 1366 -0.2 3.951 657 0.15 1.43 

Cherokee -13.64 18.3 0.966 10357 -0.2 4.642 1040 -0.11 3.00 

Cheyenne -13.64 18.3 0.876 1845 -0.2 4.810 1149 -0.13 1.31 

Clark -13.64 18.3 0.846 1121 -0.2 3.864 616 -0.10 0.97 

Clay -13.64 18.3 0.934 5384 -0.2 4.733 1098 -0.47 2.04 

Cloud -13.64 18.3 0.935 5508 -0.2 4.883 1198 -0.48 2.02 

Coffey -13.64 18.3 0.941 6144 -0.2 4.744 1105 -0.24 2.38 

Comanche -13.64 18.3 0.840 1017 -0.2 3.838 604 -0.37 0.60 

Cowley -13.64 18.3 0.996 20090 -0.2 5.262 1474 0.05 3.58 

Crawford -13.64 18.3 1.001 22409 -0.2 4.660 1051 -0.12 3.62 

Decatur -13.64 18.3 0.880 1977 -0.2 4.851 1176 -0.87 0.63 

Dickinson -13.64 18.3 0.975 12615 -0.2 5.296 1500 -0.32 2.82 

Doniphan -13.64 18.3 0.929 4829 -0.2 3.776 576 -1.00 1.60 

Douglas -13.64 18.3 1.052 79473 -0.2 4.242 806 -0.21 4.56 

Edwards -13.64 18.3 0.880 1963 -0.2 4.537 975 0.72 2.27 

Elk -13.64 18.3 0.865 1513 -0.2 4.067 714 -0.32 1.05 

Ellis -13.64 18.3 0.989 17290 -0.2 5.095 1348 -0.02 3.43 

Ellsworth -13.64 18.3 0.916 3787 -0.2 4.607 1018 0.56 2.76 

Finney -13.64 18.3 1.004 24003 -0.2 5.034 1304 -0.33 3.39 

Ford -13.64 18.3 0.994 19123 -0.2 5.312 1513 0.03 3.51 

Franklin -13.64 18.3 0.991 17770 -0.2 4.584 1004 -0.18 3.39 

Geary -13.64 18.3 1.007 26007 -0.2 3.714 549 0.09 4.14 

Gove -13.64 18.3 0.875 1803 -0.2 4.767 1120 1.08 2.50 

Graham -13.64 18.3 0.864 1507 -0.2 4.858 1181 -0.22 0.99 

Grant -13.64 18.3 0.924 4463 -0.2 4.192 779 -0.38 2.06 

Gray -13.64 18.3 0.909 3330 -0.2 4.874 1192 0.35 2.37 

Greeley -13.64 18.3 0.827 825 -0.2 4.303 839 0.40 1.04 
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Greenwood -13.64 18.3 0.918 3921 -0.2 5.095 1348 0.60 2.74 

Hamilton -13.64 18.3 0.866 1559 -0.2 4.286 830 0.25 1.61 

Harper -13.64 18.3 0.906 3131 -0.2 4.952 1246 -0.42 1.52 

Harvey -13.64 18.3 1.004 23888 -0.2 4.558 988 -0.31 3.50 

Haskell -13.64 18.3 0.895 2578 -0.2 4.268 820 -0.12 1.77 

Hodgeman -13.64 18.3 0.843 1058 -0.2 4.612 1021 -0.29 0.57 

Jackson -13.64 18.3 0.957 8634 -0.2 4.745 1106 -0.10 2.83 

Jefferson -13.64 18.3 0.979 13764 -0.2 4.650 1045 0.22 3.57 

Jewell -13.64 18.3 0.882 2028 -0.2 5.288 1494 -1.53 -0.09 

Johnson -13.64 18.3 1.117 481263 -0.2 3.544 478 0.37 6.45 

Kearny -13.64 18.3 0.894 2543 -0.2 4.173 769 0.58 2.47 

Kingman -13.64 18.3 0.931 5058 -0.2 5.052 1317 -0.82 1.56 

Kiowa -13.64 18.3 0.865 1525 -0.2 4.244 807 0.46 1.80 

Labette -13.64 18.3 0.974 12251 -0.2 4.724 1092 -0.49 2.74 

Lane -13.64 18.3 0.839 987 -0.2 3.992 677 0.26 1.17 

Leavenworth -13.64 18.3 1.036 51906 -0.2 4.192 779 -0.05 4.42 

Lincoln -13.64 18.3 0.880 1953 -0.2 4.652 1046 0.50 2.02 

Linn -13.64 18.3 0.950 7387 -0.2 4.565 992 -0.28 2.55 

Logan -13.64 18.3 0.877 1871 -0.2 4.310 843 0.62 2.17 

Lyon -13.64 18.3 0.995 19545 -0.2 5.111 1360 -0.32 3.22 

Marion -13.64 18.3 0.954 8046 -0.2 5.485 1652 0.24 2.96 

Marshall -13.64 18.3 0.945 6692 -0.2 5.251 1465 -0.35 2.25 

McPherson -13.64 18.3 0.995 19629 -0.2 5.420 1599 -0.03 3.45 

Meade -13.64 18.3 0.894 2511 -0.2 4.534 973 0.59 2.40 

Miami -13.64 18.3 1.005 24731 -0.2 4.705 1080 -0.41 3.40 

Mitchell -13.64 18.3 0.921 4155 -0.2 4.810 1149 -0.35 1.90 

Montgomery -13.64 18.3 0.991 17979 -0.2 4.777 1127 0.03 3.57 

Morris -13.64 18.3 0.914 3646 -0.2 4.602 1015 0.01 2.17 

Morton -13.64 18.3 0.869 1633 -0.2 3.930 647 0.02 1.50 

Nemaha -13.64 18.3 0.947 6928 -0.2 4.985 1269 -0.22 2.47 

Neosho -13.64 18.3 0.960 9048 -0.2 4.542 978 0.29 3.30 

Ness -13.64 18.3 0.875 1811 -0.2 5.008 1285 0.71 2.08 

Norton -13.64 18.3 0.909 3330 -0.2 4.975 1262 0.05 2.05 

Osage -13.64 18.3 0.970 11254 -0.2 4.871 1190 0.19 3.32 

Osborne -13.64 18.3 0.891 2408 -0.2 4.827 1160 -0.17 1.53 

Ottawa -13.64 18.3 0.919 3998 -0.2 4.762 1117 -0.32 1.90 

Pawnee -13.64 18.3 0.911 3452 -0.2 4.995 1276 0.08 2.11 

Phillips -13.64 18.3 0.913 3586 -0.2 5.134 1377 -0.14 1.90 

Pottawatomie -13.64 18.3 0.988 16606 -0.2 4.929 1230 0.35 3.80 

Pratt -13.64 18.3 0.934 5432 -0.2 4.886 1200 0.23 2.72 

Rawlins -13.64 18.3 0.859 1382 -0.2 4.883 1198 0.07 1.18 

Reno -13.64 18.3 1.025 39369 -0.2 6.144 2249 0.45 4.33 

Republic -13.64 18.3 0.907 3208 -0.2 5.012 1288 -0.60 1.36 

Rice -13.64 18.3 0.938 5870 -0.2 4.975 1262 -0.50 2.04 

Riley -13.64 18.3 1.018 33879 -0.2 4.284 829 -0.27 3.87 

Rooks -13.64 18.3 0.911 3432 -0.2 5.078 1336 -0.25 1.76 

Rush -13.64 18.3 0.888 2284 -0.2 4.915 1220 -0.56 1.08 

Russell -13.64 18.3 0.926 4596 -0.2 5.033 1303 0.87 3.17 

Saline -13.64 18.3 1.023 37800 -0.2 4.730 1096 0.16 4.30 

Scott -13.64 18.3 0.909 3318 -0.2 4.186 776 -0.37 1.78 

Sedgwick -13.64 18.3 1.106 352905 -0.2 5.568 1721 0.77 6.26 

Seward -13.64 18.3 0.973 11975 -0.2 4.082 722 0.03 3.37 

Shawnee -13.64 18.3 1.071 128542 -0.2 4.597 1012 0.12 5.15 
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Sheridan -13.64 18.3 0.871 1694 -0.2 4.954 1247 0.91 2.22 

Sherman -13.64 18.3 0.904 3059 -0.2 4.890 1203 -0.10 1.84 

Smith -13.64 18.3 0.888 2254 -0.2 5.189 1418 -1.66 -0.09 

Stafford -13.64 18.3 0.895 2585 -0.2 5.111 1360 0.72 2.44 

Stanton -13.64 18.3 0.847 1124 -0.2 4.203 785 -0.07 0.94 

Stevens -13.64 18.3 0.908 3274 -0.2 4.633 1034 -0.07 1.98 

Sumner -13.64 18.3 0.983 14967 -0.2 5.936 2049 0.59 3.75 

Thomas -13.64 18.3 0.929 4830 -0.2 5.282 1489 0.17 2.47 

Trego -13.64 18.3 0.883 2060 -0.2 4.825 1159 0.48 2.02 

Wabaunsee -13.64 18.3 0.927 4701 -0.2 4.417 904 -0.07 2.38 

Wallace -13.64 18.3 0.832 891 -0.2 3.875 621 -0.23 0.58 

Washington -13.64 18.3 0.917 3894 -0.2 5.351 1543 0.20 2.28 

Wichita -13.64 18.3 0.850 1196 -0.2 4.284 829 1.00 2.07 

Wilson -13.64 18.3 0.931 5052 -0.2 4.463 931 0.04 2.54 

Woodson -13.64 18.3 0.878 1887 -0.2 4.135 749 -0.53 1.07 

Wyandotte -13.64 18.3 1.064 106812 -0.2 1.367 6 0.16 5.71 
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APPENDIX F 

Table 14 presents the difference between the predicted and actual crash values for 2018 

from the resultant of the OLS model. 

Table 14 - Predicted and Actual Crash values 

County 

Predicted crash 

values (2013-

2018) 

Actual crash 

values (2013-

2018) 

Over- or Under- 

predicted 

Percentage of over- 

or under- prediction 

Allen 17 21 -4 -17.6% 

Anderson 16 16 0 0.4% 

Atchison 17 20 -3 -13.9% 

Barber 5 5 0 -9.6% 

Barton 36 39 -3 -7.6% 

Bourbon 13 17 -4 -22.0% 

Brown 16 23 -7 -29.1% 

Butler 76 87 -11 -12.4% 

Chase 14 14 0 -0.7% 

Chatauqua 4 6 -2 -30.4% 

Cherokee 20 24 -4 -16.3% 

Cheyenne 4 4 0 -7.6% 

Clark 3 3 0 -11.7% 

Clay 8 9 -1 -14.9% 

Cloud 8 8 0 -5.9% 

Coffey 11 11 0 -1.4% 

Comanche 2 2 0 -8.5% 

Cowley 36 41 -5 -12.3% 

Crawford 37 39 -2 -4.4% 

Decatur 2 2 0 -5.9% 

Dickinson 17 24 -7 -29.8% 

Doniphan 5 5 0 -1.2% 

Douglas 96 97 -1 -1.5% 

Edwards 10 10 0 -2.9% 

Elk 3 4 -1 -28.6% 

Ellis 31 34 -3 -9.4% 

Ellsworth 16 21 -5 -24.5% 

Finney 30 34 -4 -12.7% 

Ford 34 34 0 -1.4% 

Franklin 30 33 -3 -10.1% 

Geary 63 68 -5 -7.4% 

Gove 12 16 -4 -23.9% 

Graham 3 3 0 -10.6% 
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Grant 8 10 -2 -21.2% 

Gray 11 13 -2 -17.6% 

Greeley 3 3 0 -6.0% 

Greenwood 15 21 -6 -26.3% 

Hamilton 5 6 -1 -16.7% 

Harper 5 5 0 -8.4% 

Harvey 33 35 -2 -5.3% 

Haskell 6 7 -1 -16.1% 

Hodgeman 2 2 0 -11.4% 

Jackson 17 20 -3 -15.2% 

Jefferson 35 42 -7 -15.6% 

Jewell 1 1 0 -8.7% 

Johnson 636 645 -9 -1.4% 

Kearny 12 13 -1 -9.3% 

Kingman 5 8 -3 -40.5% 

Kiowa 6 7 -1 -13.2% 

Labette 16 17 -1 -8.6% 

Lane 3 4 -1 -19.4% 

Leavenworth 83 92 -9 -9.4% 

Lincoln 8 8 0 -5.3% 

Linn 13 16 -3 -20.2% 

Logan 9 9 0 -2.4% 

Lyon 25 30 -5 -16.2% 

Marion 19 22 -3 -11.9% 

Marshall 10 15 -5 -36.5% 

McPherson 32 36 -4 -12.1% 

Meade 11 14 -3 -21.4% 

Miami 30 33 -3 -9.4% 

Mitchell 7 7 0 -4.9% 

Montgomery 35 42 -7 -15.5% 

Morris 9 9 0 -2.8% 

Morton 4 5 -1 -10.7% 

Nemaha 12 15 -3 -21.3% 

Neosho 27 30 -3 -9.7% 

Ness 8 10 -2 -20.0% 

Norton 8 9 -1 -13.5% 

Osage 28 31 -3 -10.7% 

Osborne 5 5 0 -7.4% 

Ottawa 7 8 -1 -16.7% 

Pawnee 8 10 -2 -17.2% 

Phillips 7 8 -1 -16.5% 

Pottawatomie 45 45 0 -0.7% 

Pratt 15 18 -3 -15.8% 
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Rawlins 3 5 -2 -35.0% 

Reno 76 85 -9 -10.3% 

Republic 4 5 -1 -22.2% 

Rice 8 8 0 -3.8% 

Riley 48 54 -6 -11.0% 

Rooks 6 6 0 -3.4% 

Rush 3 3 0 -2.1% 

Russell 24 26 -2 -8.6% 

Saline 73 85 -12 -13.7% 

Scott 6 7 -1 -14.9% 

Sedgwick 525 582 -57 -9.7% 

Seward 29 32 -3 -9.1% 

Shawnee 173 181 -8 -4.3% 

Sheridan 9 10 -1 -7.6% 

Sherman 6 8 -2 -21.6% 

Smith 1 1 0 -8.7% 

Stafford 12 13 -1 -11.5% 

Stanton 3 3 0 -14.8% 

Stevens 7 9 -2 -19.3% 

Sumner 42 49 -7 -13.6% 

Thomas 12 15 -3 -21.6% 

Trego 8 10 -2 -24.3% 

Wabaunsee 11 13 -2 -17.2% 

Wallace 2 2 0 -10.8% 

Washington 10 13 -3 -24.8% 

Wichita 8 9 -1 -12.0% 

Wilson 13 18 -5 -29.7% 

Woodson 3 3 0 -3.2% 

Wyandotte 301 312 -11 -3.5% 

 

 

 

 

 


