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Abstract 

Road traffic accidents are among the top leading causes of deaths and injuries of various 

levels. Ethiopia is one of the countries of the world experiencing hi ghest rate of such 

accidents resulting in fatalities and various levels of injuries. Addis Ababa, the capital city of 

Ethiopia, takes the lion 's share of the risk having higher number of vehicles and traffic. And 

the cost of these fatalities and injuries due to such road traffic accidents has a great impact on 

the socio-economic deve lopment of a soc iety. 

This thesis reports on the findings of a research that had the objective to build a decision 

support system to handle road traffic accident analysis, for Addis Ababa City Traffic Offi ce. 

The study focused on injury severity levels resulting from an accident. In doing so the aim of 

thi s research was to assess the potential applic~bility of data mining technology specifically 

decision tree technique to help traffic accident data analysis in decision-making process at the 

traffic office. 

In the thesis, the process of building a model through knowledge discovcry and data mining 

techniques on histori cal accident record data is described. Different tools and techniques are 

also used for the purpose of data analysis. The methodo logy adopted had three basic steps 

namely data co llection, data preparation, and model building and validation. The required data 

was selected and extracted from Addis Ababa Traffic Office. Then, data preparation tasks 

(such as data transformation, deriving of new attributes, and handling of missing values) were 

undertaken. The final step was model building and validation using the selected tools and 

techniques. 

The decision tree KnowiedgeSEEKER algorithm is used in the study. The particular tool used 

for the model building was the decision tree incorporated in KnowledgeSTUDIO. After 

successive experiments, a model that can classify acc idents well with a better accuracy as 

fatal , serious, and slight or property-damage was selected and evaluated. Experiment results 

reveal that the use of decision tree is helpful in detecting dangerous accidents throu gh 

identifying behavioral and roadway accident patterns. The repolted findings are promising, 

making the proposed model a useful" tool in the decision making process. And the whole 

research process can be a good input for further in-depth research. 
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1.1 Background 

Chapter One 

Introduction 

Analyzing, interpreting and making maximum use of the data has been difficult and resource 

demanding due to the exponential growth of many business, governm ental and scientific 

databases. It is estimated that the amount of data stored in the world's database grows every 

twenty months at a rate of 100% (Whitten and Frank, 2000). This fact shows that we are 

getting more and more exploded by data/information and yet ravenous for knowledge. Data 

mining therefore appears as a useful tool to add ress the need for sifting useful information 

such as hidden patterns from databases (Mao, 200 I). 

[n today's world, where the accumulation of data IS increasing III an alarming rate, 

understanding interesting patterns of data is an important issue to be considered to adjust 

strategies, to make maximum use of it, and find new opportunities. Organizations keeping 

data on their domain area takes every record as an 0ppOitunity in learn ing facts. But the 

simple gathering of data is not enough to get maximum knowledge out of it. Thus, for an 

effective learning, data from many sources must first be gathered and organized in a 

consistent and useful manner, data warehousing. Data warehousing allows the enterprise to 

recogni ze what it has noticed about its domain area. The data must also be analyzed, 

understood, and turned into actionable information. This is the po int where the application of 

data mining is needed. 

Although it is difficult to define precisely and delimit the range and limits of such scientific 

disciplines, many scholars try to indicate the basic tasks of data mining. [n line with this, 

Hand, (2005) defines Data mining as the analysis of (often large) observational data sets to 

find unsuspected relationships and to summari ze the data in novel ways that are both 

understandable and useful to the data owner. 

Data mining can also be seen as a combination of too ls, techniques and processes in 

knowledge discovery. [n other words, it uses a variety of tools rangi ng from class ical 

statistical methods to neural networks and other new techniques originating from machine 

learning and art ific ial intelligence in improv ing database promoti on and process optimization . 



According to Berry and Linoff (2000) the six basic functions or act ivities of data mining are 

classified in to directed and undirected data mining. Specifically classification, estimation and 

prediction are directed, where the ava il able data is used to build a model that describes one 

particular variable of interest in terms of the rest of the available data . Affinity grouping or 

association rules, clustering, description and visual ization on the other hand are undirected 

data mining where the goal is to establish some relationship among all variables. And among 

the techniques, the most widely used once are, Artificial Neura l Networks, Decision Tree, 

Nearest Neighbor Method, and Rule Induction (Thearling, 2003) . 

Up to recent time, the only analysis made on data to get meaning out of it, is simple statistical 

manipulation that has no power to show all the necessary in format ion content of a given data. 

But data mining technology, on the other hand has the greatest potential in identifying various 

interesting patterns for enabling organizations to control data resources for strategic planning 

and decision-making in their domain area. 

Road Traffic Control Systems 

Traffic control system is one of the various areas, where critical data about the well-being of 

the society is recorded and kept. Various aspects of a traffic system like vehicle accidents, 

traffic volumes and concentration are recorded at different levels. In connection to this injury 

severities resulted from road traffic accident are one of the areas of concern. 

Traffic accidents are a major cause of severe injuries in most countries. A report from Worl ~ 

Health Organization indicates that the leading injury-re lated cause of death among people 

aged 15-44 years is traffic injuries. Of the 5.8 million people who died of injuries in 1998, 

1,170,694 died as a direct result of injuries sustained in a motor vehicle accident. Worldwide, 

the organization reports that, 38,848,625 injuries (serious and sli ght) were received by people 

involved in motor vehicle accidents in 1998. And in relation to this, on average in the 

industrialized countries, and also in many developing countries, an accident victim occupies 

one hospital bed in ten. As indicated in various literatures, Ethiop ia is one of the countries 

experiencing large number of road traffic accidents in the world. Specifically according to the 

World health Organization, Eth iop ia has the highest rate of fatalities per vehicle in the world. 

Uganda ranks second in road fatality rates in the world behind Ethiopia. Moreover emergency 

medical systems are often poor and injury prevention programs are rarely availab le 

(SafeCarGuide, 2004). 
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Out of all accidents regi stered in Ethiopia, Addis Ababa holds about 60% on average. This is 

partly because the city has great contact through its a ll gates with different regions every day . 

In addition to thi s, of the registered motor vehicles in Ethiop ia, the city takes about 77% of it. 

All these facts reveal that Addis Ababa, having a great deal of concentration of vehi cles and 

traffic, takes the lion 's share in car acc idents also (Abebe, 2004) . In connection to this 

statistical data from the office shows that Add is Ababa is experiencing around 700 accidents 

per month. And the costs of such fata liti es and injuries due to traffic accidents have a great 

impact on various aspects of the soc iety. 

Being one of the various administrative regions of Ethiopia, Addis Ababa City has different 

offices in handling deferent socio-econom ic and political issues. One such office is the Traffic 

Contro l Divis ion of Addis Ababa Po lice Commission. 

The primary functions of the division are: -

• Ensure the safety to the citizen by promoting the safe and orderl y flow of traffic on 

the city ~ s street and highways. 

• Enforce all laws and ordinances as they re late to each of the different forms of 

streets and highway traffic. 

• Reduce the number of vehi cular and pedestrian accidents . 

• Develop and implement strategies that w ill improve the flow of traffic, remove 

obstacles to traffic movement and expedite motor vehicle traffic about the city. 

• Reducing crime by improving the quality of life wh ich is part of the goal of the 

poli ce commission 

Tn managing and controlling the city's traffic system, the Addis Ababa traffic office is 

structurally organ ized under three major departments namely Admini strative support, 

Accident investigation, Securi ty and Control. The office has a total of 2 16 staff including the 

department head and traffic police officers. 

Tn di scharging its task, the office co llects and analyzes data on different aspects of road 

traffic. But most of the data manipulations in the office are more of paper based. Tn 

connection with this, Mekitew (2000) tried to propose an automated traffi c information 

system for Addis Ababa Region Traffic Office with the aim of helping the office in 
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information handling. It has been seen that data especially in some regions where the traffic 

and number of vehicles are huge, dose not get enough attention to use it as a base for 

decision-making. Identifying and knowing a given pattern of data in a given traffic office will 

help the deci sion makers in deciding on the specific future activities. 

Thus, through this research work an attempt has been made to apply data mining tools and 

techniques in analyzing and determining interesting patterns especially with respect to injury 

severity, on road accidents data at Addis Ababa Region Traffic Control System. 

1.2 Statement of the Problem and Justification of the Study 

The underlying research problem that necessitated this research is the existence of high 

vehicle accident at the national level in general and at the city of Addis Ababa in particular. 

Specifically in the region, although data on vehicle accidents is periodically gathered by the 

traffic office, due to lack of appropriate data analysis tools, this data is not practically used to 

alleviate the problems faced by the people, traffic police and policy makers to identify major 

determinants of car accident, to predict the injury severity, to estab li sh the most important 

factors influencing the severity of injury. 

Thus, in order to plan and implement effective strategies in reducing the severity of the injury 

and vehicle accident at large in Eth iopia, there is a need for actionable information which is 

obv ious ly a result of a research work. 

So, in the effort of alleviating the current problem of vehicle accidents, identifying factors 

lead ing to accidents through developing a capacity to design and implement an effective 

traffic information system that can provide timely and accurate traffic information is very 

crucial. [n this connection, timely and reliable data collected about vehicle accidents can be 

used to identify major determinants and risk factors for vehicle accidents, severe injury and 

fatalities and to take preventive measures so that the effort of improving the quality of li fe 

will be ·enhanced. It has been seen that, there have been some research made; however all 

those previous researches \vere conducted by using small proportion of the accumulated data. 

Besides, in those researches data ana lysi s was conducted by using si mple statistica l methods. 

Since the analysis made by using traditional methods focus on problems with much more 

manageable number of variables and cases than may be encountered in real world, they have 
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limited capacity to discover new and unanti cipated patterns and relationships that are hidden 

in conventional databases (Plate et ai, 1997) 

The absence of significant attempt that has been made so far to this level in identifying the 

major determinants of car accidents and establishing the most important factors influencing 

the severity of an injury in Addis Ababa Region justify the importance of this research. This 

research work will be groundwork for the effort of reducing vehicle accident in particular and 

improving the quality of life in general. Moreover it wi ll also be an input for researches in the 

same area. 

Thus, in this study, attempt has been made to investigate how technical, social, economical 

behavioral, environmenta l and case related factors affect traffic system and cause vehicle 

accidents and determine the severity nature of injuries at the Addis Ababa City by applying 

computerized methods of data mining technology. 

1.3 Objectives of the Study 

The general and specific objectives of the proposed study are the following: -

1.3.1 General Objective 

The general objective of the research was to investigate the potential applicability of data 

mining technology in developing a model that can support road traffic accident severity 

analysis in the effort of preventing and controlling vehicle accident at the city of Addis 

Ababa. 

1.3.2 Specific objectives 

In order to achieve the general objective indicated above, the research will have the following 

specific objectives 

• To understand the nature of vehicle accidents and traffic control system 

• To assess the potential of data mining techniques in identifying vehicle accident 

patterns 
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• To explore and choose among the varIOUS data mining software supporting 

different data mining techniques and functionalities that are more appropriate to 

the problem domain. 

• To build and validate models using the selected tools and technologies. 

• To report the result and forward recommendations for further studies. 

1.4 Methodology Adopted 

The techniques used by Two Crows Corporation (1999), which considers different data 

mining steps that need to be carried out to develop a decision support system, was applied for 

thi s research. Accordingly, the following methods were employed in conducting the study. 

That is how the target data set is going to be created, analyzed, and the model will be build 

and evaluation process will be done. 

1.4.1 Literature Review 

Since having a thorough understanding about a given subj ec! and clearl Y.!1otice its application 

is a critical issue to consider, literature review was made to get more insight in to the concept 

of data mining and its application. This also includes having multidimensional view in 

understanding the business problem at hand. Attempt has also been made to understand the 

data set under investigation through detail and intensive discussion with staff and 

management ofthe Traffic Office under study. 

1.4.2 Identifying the Data Source: Data Collection 

The major task at this stage was identitying and co llecting the relevant dataset for the purpose 

of the research work at hand . Since the specific steps and tasks at this stage will determine the 

final result of the research work, much effort was made in creating the right dataset. 

The data at the Addis Ababa Traffic Control Office w,re not combined and kept in a centrally 

organized manner. Hence it was necessary to co llect data from different sources namely 

databases, flat files, and manual formats. The raw data to be used for thi s research work was 
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basically on various aspects of an accident, such as, road condition, weather condition, timing 

and other issues related to that spec ific accident. Apart from accident information, details of 

the car and the driver involved will also be considered. 

1.4.3 Data Making/ Preparation 

This was a step where the collected data was arranged into a form that will be suitab le for the 

particular data-mining tool selected, KnowledgeSTUDICI. [n other words, it is just to prepare 

data for analys is by co llecting it to a new database. At this stage, pre-processing tasks like 

handling noisy data, unknown values, mi ssing values, deriving new fields from the existing 

ones, and summarization of data was done by taking into account the se lected decision tree 

model building techniques. This helps a great deal in effectively applying data mining tools 

and algorithms on the data. 

1.4.4 Model BuildinglData Analysis 

Out of the major data mining technologies, decision tree classification modeling technique 

was used for this research work. Accord ingly different algorithms and measures supported by 

the selected data mining tool have been examined by taking into consideration their 

application to the problem domain. Using such tools and techniques model building and 

training was the next important task done. Evaluation or assessing and interpreting of the 

results followed the model bu ilding task. While evaluating a model, its accuracy, the types of 

errors and the cost associated w ith it has been considered. One of the various approaches that 

employed to deal with such issues was confusion matrix. Finally, based on assessment and 

evaluation of such models, the best model that finds an interesting pattern was se lected. And 

this provides a good ground for result interpretation and recommendation. 

1.5 Scope and Limitation of the Study 

The scope of the research is limited to assessi ng the possib le appl icat ion of data mining 

technology at Addis Ababa Traffic Office; it is limited to injury severities associated with 

road accidents to examine the potenti als of data mining techniques in developing 
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classification model by the use of decision tree technique In support of traffic contro l 

activities. 

The following are some of the limitations noticed during this research undertaking. The 

absence of relevant attributes especially on the early data, forces the researcher to focus on 

relatively recent data which has its own impact on the size of the data set. In addition to the 

above limitation, getting access to resources such as literature related to the study especially 

on Eth iopian case was another limitation. 

1.6 Research Contribution 

[n this research an attempt was made in general to find out the applicability of data mining 

technology in the transport sector and in particular to examine the use of decision tree 

techniques in assessing injury severity. The result of the study shall be used as an input for the 

development of full-fledged data mining application using decision trees in determining the 

primary determ inant factors of car accident and their severity nature. 

Furthermore this research will contribute to the effort of improving the quality of life In 

general and reduce the risk of car accident and injuries in particular. [t will also pave the way 

to develop better parameters in al l aspects of traffic contro l system. Spec ifically it will support 

the Traffic Control Division of the region in taking proper action, like in rev ising the exist ing 

traffic rules, against vehicle accidents. Although the study was aimed at addressing traffic 

problems in particular, the output of the study may be used as a sou rce of methodological 

approach for studies dealing with the application of data mining technology on similar 

problem areas. 

1.7 Thesis Organization 

This thesis report is organized under six chapters. The first chapter deals with the general 

overview of the study including background, statement of the problem, objectives and 

methodology of the research . 

The second chapter is devoted to literature review of data mining technology. Available too ls 

and techn iques in the area are reviewed with the emphasis on the tools and techniques 
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employed in this specific research. Assessment of the application areas of data mining in 

general and in the road transport sector is also part of this chapter. 

Under chapter three an attempt has been made to review literatures and trends in road 

transport, traffic system and road safety. Injury severity levels resu lting from such road traffic 

accidents were also assessed. 

The next section, chapter four, deals with different pre-processing steps. Tasks like data 

collection and cleaning, attribute selection, data formatting and transformation are reported in 

detail. 

Chapter five reports the experiment of the research. The experiment bas icall y comprises 

training; building and validation of the models in addition to analysis and interpretation of the 

results. The last chapter presents conclusions and recommendations of the research. 
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Chapter Two 

Data Mining 

In this chapter an attempt has been made to present a review of literatures on the basic 

concepts of data mining technology, too ls and techniques available and the application area of 

data mining. 

2.1 Overview 

The convenience and easy availabi lity of various technologies in generating collecting, 

manipulating and storin g data led to the today' s level of data exp los ion. Progress in database 

tech nology and other related fields in addition to the explosive growth in data collected from 

applications including business and management, government admini stration, science and 

engineering, and environmental control led to an increasing demand for efficient and effective 

data ana lys is and data understanding tools (Han and Kamber, 200 I). And thi s in turn led to 

another scenario. Among others, it is the increased availability of huge amou nts of data, and 

its complex nature for s imple statistical and manual analysis that necessitate the use of data 

min ing technology. 

As to the hi stori ca l overview of the emerging fi eld data mining, it has some evolutionary 

steps. Data co llection for the purpose of retrospective, static data delivery was the primary 

concern in early 1960s. Late in 1980s data access with the aim of retrospective, dynamic data 

delivery at record level became an issue. Dynamic data delivery at mUltipl e levels was the 

main feature of data warehousing and decision support in 1990s. Now day's data mining with 

the intent of prospective and proactive information delivery is the current trend (Thearling, 

2003). 

Data mining generally is extraction of interesting patterns from a given set of data to facilitate 

decision making in a given business area . Data min ing is a process that uses a variety of data 

analysis tools to discover patterns and re lationships in data that may be used to make va lid 

predictions (Two Crows Corporation, 1999). Moss (2003) on his part define data mining as 

the analysi s of data with the intent to discover gems of hidden in formation in the vast quantity 

of data that has been captured in the normal course of running the business. Data mining is a 
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component of the knowledge discovery in database process concerned with the algorithmic 

means by which patterns are extracted and enumerated from data. (Fayyad, et ai, 19996) 

As indicted by Berry and Linoff (2000), the three core areas of competency that are needed to 

be successful in data mining are data mining techniques, data and the modeling of data. Data 

mining techniques refer to the conceptual approach to extract information from the data. Data 

refers to the collection of daily transaction or any sort of information kept from day to day 

activities. Coming up with a precise formulation of the problem to be solved and usage of the 

right data are the two important keys to success in data mining. Building models is only one 

step in knowledge discovery. It's vital to properly collect and prepare the data and to check 

the models against the real world (Two Crows Corporation, 1999). 

Apart from problem understanding and having right data, selecting an appropriate data mining 

tools is another issue to be considered. Data mining tools predict future trends and behaviors, 

allowing businesses to make proactive, knowledge-driven decisions. This is because the past 

can tell a lot about the future. The automated, prospective analyses offered by data mining 

move beyond the analyses of past events provided by retrospective tools typical of decision 

support systems. Data mining tools can answer business questions that traditionally were too 

time-consuming to resolve. They search databases for hidden patterns, finding predictive 

information that experts may miss because it lies outside their expectations (Thearling, 2003). 

2.2 Data Mining and the KDD Process 

Data mining by it self is a process of finding understanding and interpreting interesting and 

useful knowledge. But still its part of the wider process called knowledge discovery in 

database. Formalized in 1989, knowledge discovery in Data base (KDD) has some basic sub­

process or steps. According to Feyyad, et al (1996) KDD is the process of identifying a valid; 

potentially use full and ultimately understandable structure in data. 

As a wider process it involves identifying the data sources, selecting the data, pre-processing 

it, transforming and/or reducing it, applying a data mining component to produce a structure, 

evaluating and interpreting the derived structure. While knowledge discovery often refers to 

the process of discovering useful knowledge from a data, data mining focuses on the 

app lication of algorithms for extracting patterns from data (Chung, et ai, 1998) 
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Two Crows Corporation, (1999) also identified the basic steps of data mining for knowledge 

discovery as defining business problem, build data mining database, explore data, prepare 

data for modeling, build mode l, evaluate mode l , deploy model and results. A short 

description of these steps follows. 

Define tile business problem: Understanding the data and the business area is a prerequisite 

to knowledge discovery. Without hav ing clear statement of the objective and understanding 

no algorithm will help. 

Build a data mining database: The data to be mined should be co llected in a database. But 

th is does not mean that a database management system must be used. Depending on the 

amount of the data, the complexity of the data, and the uses to wh ich it is to be put, a flat file 

or even a spreadsheet may be adequate. Tasks like data collection, data description , selection, 

data quality assessment and data cleaning, consolidation and integration are part of a process 

of building a data mining database. These data preparation steps may take much of the time 

and effort of the entire knowledge discovery process. 

Explore tile data: It is focused on identitying the most important fields in predicting an 

outcome, and determine which derived values may be useful. In a data set with hundreds or 

even thousands of columns, exp loring the data can be as time consuming and labor-intensive 

as it is illuminating. 

Prepare data for modeling: This is the final data preparation step before building models 

wh ich consists of, selecting variables and rows, construct new variables and transforming 

variables. 

Data mining model building: It is an iterative process employing a certain algorithm to 

explore alternative models in finding the one that is most useful in solving a business problem 

at hand. The "best" model is often found after building models of several different types, or by try ing 

different technologies or algorithms. 

Evaluation and interpretation: validating the model both in its accuracy and consistency on a 

real world data is a task that needs close attention in evaluating the results of the mode l and 

interpretin g their s ignificance. 

Deploy tile model and results. After model building and validation, the selected model can be 

used in one of two main ways. The fi rst way is for an analyst to recommend actions based on 
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simply viewing the model and its results. The second way is to apply the model to different 

data sets. 

Similarly with more or less related approach, after understanding the domain area, the process 

of data mining can also be summarized in to four major activities. In line with this various 

researches such as Fayyad, et al (1996), describe the process of knowledge discovery via data 

mining in to four basic activities: 

• Selection: This involves creating the target dataset, since the data may represent a 

number of different aspects of the domain which may not be directly related . 

• Pre-Preprocessing: This involves preparing the dataset for analysis by the data 

mining software to be used. This may include resolving undesirable data 

characteristics such as missing data (non-complete fields), irrelevant fields, and 

outlying data points. 

• Data mining: Involves subj ecting the cleaned data to analysis by the data mining 

software in an attempt to identity hidden trends or patterns, or to test specific 

hypotheses. 

• Interpretation: Involves the analysis and interpretation ofthe results produced 

2.3 Data Mining and Other Statistical Tools 

So far statistical techniques have been used for centuries to understand various aspects of the 

world. Techniques like regression, sampling methodologies, and experimental designs are 

good examples of such kind. Statistics is one of the major disciplines that have contributed to 

data mining. It is sti ll an important support to the field data mining (Berry and Linoff, 2000) . 

Although they seem to have some commonalties, data mining is different from conventional 

statistical analys is. Various scholars tried to demark clearly where these two fields differ. 

"The general area of exploring massive data sel is referred to as dala 

mining The field of data mining over laps many disciplines, primarily 

slalistics, compuler science, and information systems. Data storage and 

retrieval is generally considered 10 be an information systems issue. 

Algorilhms usefid for extracting information from database are of particular 
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interest in computer science. Statistics is a discipline that studies the best 

way to analyze the data and seek meaningful relationships among sets of 

variables. Existing data mining techniques are usefol for computer assisted 

sifiing through the complexities intenvoven among large number of 

variables. " (Conerly et ai, 2000) 

As to the difference between statistical analysis and data mining Moss (2000) stated that 

statistical analysis uses on ly numerical data while data mining too ls can use di fferent types of 

data not just numerical data. 

Simi larly Whitten and Frank (2000) tried to show the difference and similarities of th e two 

fields-statistics and machine learning (as a data mining technique) . With regard to their 

differences, statistics has been more concerned with testing hypothesis, whereas machine 

learning has been concerned with formulating the process of generalization as a search 

through possible hypothesis. As to the ir sim il arities, very similar schemes have been 

developed in parallel, in both fields. Statisticians published a book on class ification and 

regression trees, wh ile almost at the same time a mach ine learning researcher was developing 

a system for inferring classification trees from examples. These two independent projects 

produced quite similar schemes for generating trees from examples. Another simi larity 

between the two is that the use of nearest-neighbor method for class ification. These are 

standard statistical techniques that have been extensively adopted by machine learning 

researchers. 

Thus data mining does not replace traditional statistical technique; it is rather an extension of 

statist ical methods which is the result of major changes in the statistic community. 

2.4 Data Warehousing and OLAP Technology for Data Mining 

Organizations keep the data in a different form of data base basically for two purposes. One is 

to process large number of transaction very fast and the other is to support decision. As stated 

by Berry and Linoff (2000), decision support system contrast with the on line transaction 

processing systems (OL TP). 
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"Decision support is a broad term for the entire informat ion technology 

infrastructure that companies and other organization use to make informed 

decisions" (Beny and Linoff, 2000). 

An important feature of a Decision Supper System is basically the general focus area that they 

are designed for. In other words it is not common to look at individual instances of the 

database instead are designed to handle and support more general and complex queries. 

A special case of a decision support database, according to Berry and Linoff (2000) is the data 

warehouse. A data warehouse is a large decision support database fed by many operational 

systems. Continuing his discuss ion he stated that, data warehouse is motivated by the need to 

view the entire enterprise from a single point of view instead of as a co llation of narrowly 

defined "silos". Simi larly to help put the flood of data into a format that can be used, more 

and more data is being moved into data warehouse whose purpose is deci sion support. Data 

warehouses helps by having a common format and consistent definition for fields (Grow_e, 

1999) . But a data warehouse is only as good as the business obj ective that led to its creat ion 

(Mangold, 1998). 

Data marts designed for on line analytical process ing (OLAP) is also another common type of 

dec ision support database. Data base management systems (DBMS) also provide good ground 

to data mining as the broader purpose of data mining is to discover knowledge from large 

database. The data about data (Meta data) found in the databases is also valuable fo r data 

mining as the nature of the attributes can be eas ily understood (Berry and Linoff, 2000) 

The use of OLAP tools for the interactive analysis of multidimensional data of different parts, 

which facilitates effective data mining, is provided by data warehouses . In addition to thi s, 

many other data mining functionalities, like classification, prediction, association, and 

clustering, can be integrated with OLAP operation to enhance interactive mining of 

knowledge at multiple levels of abstraction (Han and Kamber, 2001). 

2.5. Data Mining Technologies 

In what ever way described, data mining tasks can be categorized in to either prediction or 

description . In line with this, two styles of data mining are identified by Berry and Linoff, 

(2000). Directed data mining, which is a top-down approach used when the ultimate result is 
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expected. [t is often also called predictive modeling. Undirected data mining, basically used 

to identity patterns in a given data and let the user to determine the interestingness of it. It is 

normally a bottom-up approach of describing the data. 

Thus various literatures agree to classify data mining technology in to either predictive or 

descriptive modeling. These two basic techniques basically differ in their approach in so lving 

problems of various natures. There is usually a particular type of problem to be solved by 

each of the applications. This is to say that there is always a specific algorithm that will be 

used for a problem posed by people who are going to mine the data. 

Different problem types in a data mining process to ultimately solve the business problems 

are often also called data mining tasks. The most widely used tasks are classification, 

assoc iation, clustering, dependency analysis, prediction, segmentation, description (Whitten 

and Frank, 2000). 

2.5.1. Predictive Modeling 

The goal of a predictive modeling is to predict the value of one column based on the value of 

other columns. It refers to the process of building a model that will permits the value of one 

variable to be predicted from the known values of other variables (Hand, 2005). Thus it is also 

called, supervised modeling as a task. In supervised modeling, there is a special attribute 

called the " label" that you intend to predict. By encoding the relation between the label and 

other attributes, the model can make predictions about new data. In addition to this, by 

visualizing the model itself, we can gain insight into the relationship between labels and other 

attributes (Gerritsen, 1999). 

Classification and Regression are the two most common tasks in predictive modeling. [f the 

label is discrete (containing a fi xed set of values), the task is called classifi cation. [fthe label 

is a continuous value, the task is called regression. 

Classification is the task of assigning a di screte label value to an unlabeled record. [n doing 

so, records are divided into predefined groups. It is the process of finding a set of models that 

describe and distinguish data classes or concepts, for the purpose of being able to use the 

model to predict the class of objects whose class label is unknown (Han and Kamber, 200 I). 

For example, as cited by Chong et al (2004) Sohn et al (2003) applied data fusion, ensemble 
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and clustering to improve the accuracy of individual classifiers for two categories of severity 

(bodily injury and property damage) of road traffic accidents. Classifiers can also predict the 

probability that the label will take on a specific value. For example, the probability that an 

accident will result in bodily damage can be seen. Classification as a task frequently employs 

decision tree or neural network-based algorithms (Moxon, 1996). 

Regression on the other hand used to deal with non-discreet that means continuous variable. 

Regression is similar to classification, except that the label is not discrete. For example, 

predicting sa lary or the price of stock is a regression, whereas predicting whether the salary is 

in a given range or whether a stock will go up or down is a classification task. It uses existing 

values to forecast what other values will be. Although at a simplest senses regression uses 

standard statistical techniques such as linear regression, because of the complex nature of the 

real world problems, more complex techniques like deci sion tree and neural networks may be 

necessary to forecast future values (Two Crows Corporation, 1999). 

2.5.2. Descriptive Modeling 

Descriptive modeling on the other hand deals with describing all of the data and discovering 

patterns and segments of the data (Hand, 2005). Thus it is also called unsupervised technique. 
, 

Being unsupervised task it helps us to see patterns and segments that behave similarly. The 

two most common descriptive modeling tasks are association and clustering. 

Association refers to finding the association of two items in certain degree. Thus associations 

are used to find affinity groupings that discover what patterns are usually go together. It 

addresses a class of problems typified by a market-basket analysis (Moxon, 1996). The classic 

affinity grouping is market basket analysis, predicting the frequency with which certain items 

are purchased together. 

Clustering on the other hand, analyze and segment the data into groups of records or clusters 

that have some similar characteristics. Thus it address segmentation problem. This approach 

assigns records with a large number of attributes in to a relatively small set of groups or 

segments. This assignment process is performed automatically by clustering algorithms that 

identity the distinguishing characteristics of the dataset and then partition the dimensional 

space defined by the dataset attr ibutes along natural cleaving boundaries (Moxon, 1996).The 

best clustering shou ld exhibit hi gher inter-class dissimilarity and intra-class simi larity. 
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2.6. Data Mining Techniques 

Data mining may be performed using a variety of techniques. That means in identifying 

interesting patterns, be it predictive or descriptive, employing some sort of technique is a 

must. And the type of technique to be used is determined by the goal of the data-mining task. 

This is because no data mining technique is right for all situations. As stated by to Berson 

(1999), various data mining techniques exist today. And these methods can be broadly 

categori zed in to two groups, classical techniques which include stati stics, neighborhoods and 

clustering and next generation techniques consisting of trees, networks and rules. 

In connection with this, Thearli ng (2003), identify six namely, Artificial Neural Networks, 

Decision Trees, Genet ic algorithms, Nearest Neighbor method and rule induction as the most 

commonly used data mining techniques. Berry and Linoff (2000), on their part, identifies the 

three namely, Artificial Neural Networks, Decision Trees and Automatic Cluster Detection 

techniques implemented in a large number of commercial software applications and cover a 

wide range or data mining situations . Data mining is not a technology that can be appl ied 

without discretion to solve multitude of problems. It requires a thoughtful application of the 

right technique to the right data. As discussed by Coppock (2003) the selection of data mining 

techniques to be used on a given data set and the identification of most useful data patterns 

examined by the data mining algorithms are important points to be considered to get 

maxim um out ofthe data mining technology. 

2.6.1 Decision Tree 

Being one of the most commonly used data mining technique, it is a technique in which tree­

shaped structures that represent sets of decisions can be constructed to generate rules for the 

classification of a dataset. A decision tree is described as a way of representing a series of 

rul es that lead to a class or value. It is a flow-chart like tree structure, where each internal 

node denotes a test on attribute, each branch represents an outcome of the test, and leaf nodes 

represent classes or class distribution (Han and Kamber, 200 I). 

A decision tree is composed of hierarch ically arranged nodes, growin g from the top most 

nodes call ed root node to leaf node. So it can be thought as the tree growing ups ide down, 
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spl itting the data at each level to form new nodes. The resulti ng tree comprises of many nodes 

connected by branches. Nodes that are at the end of branches are ca lled leaf nodes and playa 

special ro le when the tree is used for prediction. That means each node in the tree specifies a 

test of some attribute of the instance, and each branch descending from that node corresponds 

to one of the possible values for this specifi c attribute. 

Through examining the data and inducing the tree and its rules decision tree models are used 

to make predictions. In doing so, there are various algorithms that are supported by different 

data mining tools and being used for decision tree construction like CHAID (Chi-squared 

Automatic Interaction Detection), C4.S/CS.0 , CART (classification and Regress ion) and 

many others which are less familiar (Berry and Linoff, 2000) . 

As stated by Two Crows Corporation (1999), there are two main types of decision trees: 

classification trees, and regression trees . Classification trees are used to pred ict categorical 

variables that label records and assign them to the proper class that can also prov ide the 

confidence that the classification is correct. Regression trees on the other hand are used to 

predict continuous variables that estimate the value of a target variable that takes on numeric 

values . 

Decision tree learning has therefore been app lied to problems such as learn ing to class ify 

medical pati ents by their disease, equi pment malfunctions by their cause and loan applicants 

by their likelihood of defau lting on payments (Brand and Gerritsen, 1998). They are also said 

to be a good choice when the data-min ing task is class ification of records or prediction of 

outcomes. The training process that creates the decis ion tree is usually called induction. 

Constructing decision trees has basicall y two phases: a tree-growing (splitting) phase 

fo ll owed by a pruning phase (Brand and Gerritsen, 1998). The tree-growing phase is an 

iterative process, which involves splitting the data into progress ively smaller subsets. The 

importance of each attribute will be tested to be used as a splitting node. Such a measure is 

referred to as an attribute selecti on measure or a measure of the goodness of split. For 

example an attribute wi th the hi ghest information gain (or greatest entropy reduction) is 

chosen as the test attribute for the current node . 

After growing the tree using the right split node exploring the tree is necessary to find out any 

nodes or sub-trees that are undesirab le because of overfitting, or may contain rules that the 

domain expert feels are inappropriate. Overfitting is a situat ion when a tree that precise ly 
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describes the data from which it was derived is unlikel y to generalize we ll to another sample 

drawn from the same population. Thus pruning is a common technique used to make a tree 

more manageable and usable having the necessary features. Generally, it is an approach to 

so lve overfitting problems by a ll owing the initial dec ision tree to grow quite deep and then 

find ways to prune off the branches that fa il to generali ze. Pruning could be either pre or post. 

Pre-pruning is when a tree is "pruned" by halting its construction early. Upon halting the 

nodes become leafs. Post-pruning removes branches from a " full y grown" tree. Pre-pruning 

and post-pruning may be interleaved for a combined approach . Post-pruning requires more 

computation than pre-pruning, yet generally leads to a more re li able tree. Most decision tree 

a lgorithms stop growing the tree when either the segment contains on ly one record, all the 

records in the segment have identical characteristics or the improvement is not substantial 

enough to warrant making the split (Brand and Gerritsen, 1998). 

2.6.2 Artificial Neural Networks 

They are basically non-linear predictive model s that learn through training and resemble 

biological neural network in structure. Although, artifi cial neurons are much simpler than the 

biological neurons the basic unit of neural networks, the artifici al neurons, simulates the bas ic 

functions of the natural neurons. 

It is the most widely known and the least understood of the major data mining techniques. 

Neural network attempts to simulate within specialized hardware and sophisticated software, 

the multiple layers of simple processing e lements called neurons. Each neuron is linked to 

certain of its neighbors with varying coefficients of its connectivity that represent the 

strengths of these connections. Learning is accompli shed by adjusting these strengths to cause 

the overall network to output appropriate results (K lerfors, 1998) . 

As to th e architecture of neural networks it could be either Feed-forward or Feedback 

networks. Feed forward artificial neural networks all ow signals to travel one way only; from 

input to output. There is no feedback that means, the output of any layer does not affect the 

same layer. Feed forward neural networks tend to be straight forward networks that associate 

inputs with outputs. They are extensively used in pattern recognition. They work with the 

backpropagation algorithm . This model generalizes the network ' of perceptron for the 

arch itecture with hidden layers, so call ed multilayered perceptron (S ima, 1998) 
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Feedback networks on the other hand can have signals traveling in both directions by 

introducing loops in the network. Feedback networks are very powerful and can get extremely 

complicated. They are dynamic; their state is changing continuously until they reach all 

equilibrium point. They remain at the equilibrium point until the input changes and a new 

equilibrium needs to be found (Stergion and Siganos, 1996). 

A neural network my have different layers. It starts with an input layer, where each node 

corresponds to a particular variable. These input nodes are connected to a number of nodes in 

a hidden layer. Each input node is connected to every node in the hidden layer. The nodes in 

the hidden layer may be connected to nodes in another hidden layer, or to an output layer. The 

output layer consists of one or more response variables. After the input layer, each node takes 

in a set of inputs, multiplies them by a connection weight, adds then together, applies a 

function (called activation function) to them, and passes the output to the node(s) in the next 

layer. 

The success of a neural network will basically depend on its training. Training a neural 

network is the process of setting the weights on the inputs of each of the units in such a way 

that the network best approximates the underlying function, or does the job of predicting the 

target variable. Neural networks are sometimes called machine learning algorithms, because 

changing of its connection weights causes the network to learn the solution to a problem. This 

resembles them with the learning process of the brain. The strength of connection between the 

neurons are stored as a weight-value for the specific connection. The system learns new 

knowledge by adjusting these connection weights (Klerfors, 1998) 

Most software packages for building and training neural network models use some variation 

of the algorithm known as backpropagation algorithm which has basically three steps namely 

calculating an out put for a training instance using the existing weights in the network, 

calculating the error by taking the difference between the calculated result and the expected 

result and using the error adjust the weights (Stergion and Siganos, 1996). 

As stated by LIoyd-wiliinams (1997), the main techniques employed by neural networks are 

known as supervised learning and unsupervised learning. Supervised learning is essentially a . 
two stage process; firstly training the neural network to recognize different classes of data by 

exposing it to a series of examples, and secondly, testing how well it has learned from these 

examples by suppl ying it wish a previously unseen set of data. On the other hand, no initial 

information regarding the correct classification of the data it is presented with is required in 
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the case of unsupervi sed learning. Thus neural networks using this technique are able to 

identify their classification schemes based on structure of the data provided, thus reducing its 

dimensionality. 

As to its application, neural networks are good choices for most classification and prediction 

tasks when the results of the model are more important than understanding how the model 

works. Neural Networks actually represent complex mathematical equations with lots of 

summation, exponential functions, and many parameters. Neural networks do not work well if 

there are many hundreds or thousands of input features. Large numbers of features make it 

more difficult for the network to find patterns and can result in long training phases that never 

converge to a good solution (Berry and Linoff, 2000). 

Neural networks have broad applicability to real world business problems. They have already 

been successfully applied in many industries. Since neural networks are best at identifying 

patterns or trends in data, they are well suited for prediction or forecast ing needs including; 

sales forecasting, customer research, data validation, risk management, and target marketing 

(Stergion and Siganos, 1996). 

2.6.3 Other .Data Mining Techniques 

A genetic algorithm is an optimization technique that use processes such as genetic 

combination, mutation, and natural selection in a design based on the concepts of evolution. It 

employs the selection, crossover, and mutation operators to evolve successive generation of 

solutions (Berry and Linoff, 2000). Another technique that classifies each instance in a 

database based on the classes of the k records which are most similar to it in a hi storical 

dataset is referred to as nearest neighbor method (Thearling, 2003).On the basis of the number 

of records (k) it is often known as k-nearest neighbors. It is an instance-based learning in 

which a distance function is used to determine the class of a new instance (Witten and Frank, 

2000). Rule induction, which is basically an extraction of useful if-then rules from database 

based on statistical significance, is also another technique possibly applicable in some domain 

areas (Thearling, 2003). 
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2.7. Application of Data Mining Technologies 

Under thi s section appli cation areas of data mining technology wi ll be presented. This will 

help to better understand the scope or delimitation of the field which wi ll in turn facilitate its 

effective implementation. 

2.7.1. General Applications 

Technological advancement in data generation, collection, organization and storage 

necess itate a more advanced way of extracting meaning full information. One of such 

advanced technologies in identify ing patterns from cumulated data is data mining. Its 

successful application in wider areas make data mining very popular and many organizations 

are benefiting from it. Various literatures showed us that data mining is app li cable in areas 

like business data analysis and decision support, fraud detection, text mining and web mining. 

But successful application of data mining calls fo r large well organized and integrated data in 

addition to enough understanding of the domain knowledge where data mining is to be 

app lied. 

Many organizations are using data mining to help manage their specific tasks. Identi fy ing 

customers who are most likely interested in a new credit product is one instance of data 

mining appl ication. Detecting fraud ulent use of services us ing data mining technologies is 

also another area that interests a credi t card company (Thearling, 2003) . The application of 

data mining in biomedical and DNA data analysis is also discussed by Han and Kamber 

(200 I). [n line with this discovering large-scale sequencing pattern, in identifyi ng and study 

human gene for the development of new pharmaceuticals and cancer in cancer therapies is a 

recent focus of data mining. 

Data mining offers value across a broad spectrum of industries, telecommunicati ons and 

credit card companies to detect fraudulent use of their services, insurance companies and 

stock exchanges to reduce fraud, medical applications to predict the effectiveness of surgical 

procedures, med ical tests or medications. Companies active in the financial markets use also 

data mining to determine market and industry characteristics as we ll as to pred ict individua l 

company and stock performance. Retailers are making more use of data mining to decide 

wh ich products to stock in particular stores (and even how to place them within a store), as 

well as to assess the effectiveness of promotions and coupons. Pharmaceutical firms are 

mining large databases of chemical compounds and of genetic material to discover substances 

23 

) 



that might be candidates for development as agents for the treatments of disease (Two Crows 

Corporation, 1999). 

According to Hong (2000), data mining in genera l and predictive modeling in particular , 

which is perhaps the most-used subfield of data mining, has got great attention in insurance, 

fraud detection and text categorization. In addition, the power of data mining is being used for 

many other purposes, such as analyzing Supreme Court decisions, discovering pattern In 

health care, pulling stories about competitors from newswires, reso lving bottlenecks in 

production process, and analyzing sequences in human genetic makeup. There really is no 

limit to the type of business or area of study where data mining can be beneficial (Tracey 

Dishman, 2000). 

Similarly Mangold, (1998) stated that data mining has proves itself immense ly useful in a 

number of fields, including detecting auto insurance fraud, diagnosing failures in 

manufacturing processes, market- basket analysis, market segmentation and assessing risk 

patterns in consumer credit loans. Health specialist, doctors, may also use the discovery of 

unrecognized patterns in their database to predict which patients are good candidates for a 

surgical procedure disease (Growe, 1999). 

As indicated above a number of researches have been done to show the possible applications 

of data mining techniques in many areas and organizations in different parts of the world. 

Th is also holds true in Ethiopia. With this regard, a number of researches have also been 

conducted at Addis Ababa University, Faculty of Informatics. Just to mention a few of them, 

Henok (2002), Tesfaye (2002) and Shegaw (2002) have tried to show its application in 

different areas in Ethiopian context. More over Leul (2003) has also assessed the potential 

app licability of data mining technology in crime prevention. It is the researcher ' s belief that 

data mining techniques are also applicable to the selected traffic control system, where very 

large data is accumulated, in assessing vehicle accident patterns. 

Thus from the above discussion it is apparent that the application areas of data mining as a 

field of study is growing time to time. And it is getting more and more acceptance in areas 

where the need for important decision is crucial and data is available. 
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2.7.2. Application of Data mining in Road Transport and Accident 

analysis 

As it is apparent from the prev ious discussion, the success of data mining app lication lies 

basically on the availability of enough amounts of data that can speak about itself. In 

addition, identi fying, interesting pattern in a given set of data is a key in decision making. 

With respect to transport in general , and road transpOil in particular, data of various kinds are 

recorded every day. Road traffic accident data is one, among others, which is recorded and 

kept about individual acc idents on the public highway. 

A data mining applicat ion always starts with a prob lem. We can consider the following cases 

'Sadly, there are traffic accidents. On some places there are more than others. What makes 

part of a road dan gerous?' (Siebes, 2000) 

In view of Chong et al (2004), the application of data mining in the area of road transport can 

be classified in to three basic categories namely; 

• Traffic density analysis; measurement and investigation of traffic accident 

volumes. 

• Traffic accident analysis; identifying determinant factors in road traffic accidents 

and other related issues 

• Injury severity analysis; modeling and predicting the severity of injuries resulting 

from traffic accidents. 

With thi s regard, various researchers try to employ different data mining techniques in their 

effort of traffic density, accident and injury severity analysis. In line with this, as cited by 

Chong, et al (2004), Bedard, et al (2002), studied the independent contribution of driver, crash 

and vehicle characteristics to driver 's fatality ri sk . And it was found that the increase use of 

seatbelt and reducing speed might prevent fataliti es. Similarly, Shankar, et al (1996) on his 

part tried to study the accident severity likelihood conditioned on the occurrence of accident. 

It was found that there is a greater probability of evident injury or di sabling injury (fatality) 

relative to no evident injury if at least one driver did not use a restraint. 

25 



2.7.2. Application of Data mining in Road Transport and Accident 

analysis 

As it is apparent from the previous discussion, the success of data mining app lication lies 

basically on the availability of enough amounts of data that can speak about itse lf. In 

addition, identifYing, interesting pattern in a given set of data is a key in decision making. 

With respect to transport in general, and road transport in particular, data of various kinds are 

recorded every day. Road traffic accident data is one, among others, which is recorded and 

kept about individual accidents on the publ ic highway. 

A data mining application always starts with a problem. We can consider the following cases 

'Sad ly, there are traffic accidents. On some places there are more than others. What makes 

part of a road dangerous?' (Siebes, 2000) 

In view of Chong et al (2004), the application of data mining in the area of road transport can 

be classified in to three basic categories namely; 

• Traffic density analysis; measurement and investigation of traffic accident 

volumes. 

• Traffic accident analysis; identifYing determinant factors in road traffic accidents 

and other related issues 

• Injury severity analysis; modeli ng and predicting the severity of injuries resulting 

from traffic accidents. 

With this regard, various researchers try to employ different data mining techniques in their 

effort of traffic density, accident and injury severity analysis. In line with this, as cited by 

Chong, et al (2004), Bedard, et al (2002), studied the independent contribution of driver, crash 

and vehicle characteristics to driver 's fata li ty ri sk. And it was found that the increase use of 

seatbelt and reducing speed might prevent fata lities. Simi larly, Shankar, et al (1996) on his 

part tried to study the accident severity likelihood conditioned on the occurrence of accident. 

It was found that there is a greater probability of evident injury or disabling injury (fatality) 

relative to no evident injury if at least one driver did not use a restraint. 

25 



Yang et a l (1999) also in his part used neural network approach to detect safe driving patterns 

that have less chance of causing death and injury when a car crash occurs. The research 

indicates that by controlling a single variab le (such as the driving speed, or the light 

conditions) they potentially could reduce fatalities and injuries by up to 40%. 

Conerly, et al (2000) examines the Alabama Accident Database using different data mining 

and visualization modeling techniques. The aim of the research was to find useful 

information that might lead to improved highway safety. Particularly they tried to identity 

important determinants of injury and fatalities in traffic accidents using multivariate data 

explorat ion tools like classification and regression trees (CART) and mosaic plats supported 

by SAS software package. Unfortunately due to numerous data entry errors and variable 

definition problems in the Alabama Accident Databases, the research founded out that it was 

not feasible to build a model for the prediction of injuries and fatalities. 

It is apparent that the result of such researches may vary from time to time and lor place to 

place depending on the socio-economic and infrastructure facilities ava ilable at that specific 

situation. As to the knowledge of the researcher no research has conducted so fa r in Ethiopia 

employing data mining technology in support of the decision making in this area. 

So far in this chapter the basic tools and techniques of data mining and its application area 

were discussed. And it revealed that theses data mining tools and techniques can also be 

employed in the specific domain area of this research, road traffic system in Ethiopian 

context. The app lication of data mining in such area in Ethiopian case can also be in the 

analysis of traffic density, accident factors and injury severity, from wh ich the researcher 

picked up the road traffic accident severity analysis. Thi s will be the focus of the subsequent 

chapters. 
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Chapter Three 
Road Traffic Accident and Injury Analysis 

Under this chapter attempt has been made to present review of literatures and trends in road transpOlt, traffic system, road safety and accident injury severity. This will help a great deal in understanding the domain area where data mining technology is going to be used. 

3.1 Introduction 

In the history of mankind human beings use transport of different kinds for a variety of reasons. Citizens use transport to travel for their essential tasks like work, schooling etc and! or for optional purpose like pursuing leisure interests . Transport is an important sector for facilitating different socio-economic activities in the nationa l economy. In early days, horses, mules and carts were used as a means of transport. But with technological development, different kinds of modern transportation ; road, air, rail and marine, came into ex istence. 

Along with the development of modern transportation system, traffic accidents are becoming point of attention. And of the different modern transportation system, road transport which involves peoples with different types of vehicles is the most widely used and the most dangerous. 

Of all the ~ystems that people have to deal with on a daily basis, road 
transport is the most complex and the most dangerous. World wide, the 
number of people killed in road traffic crashes each year is estimated at 
almost 1.2 million, while the number of injured could be as high as 50 
lIIillion- the combined population of jive of the world's large cities. The 
tragedy behind these jigures regularly at/racts less media allention than 
other, less frequent but more unusual type of tragedy (WHO, 2004) 

The term ' traffic ' literally refers to any movement of people and vehicles a long with roads and streets, or aircrafts in the sky (Addis Ababa Transport Authority, 2004). In general, the movement of people along with transportation means is referred to as traffic (Meketew, 2000). For the purpose of this research, the term traffic is used to refer to the movements by road or highway users; people, vehicles and animals along with the road. 
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3.2 Road Traffic Accidents 

In perusing day to day activities human beings face various types of accidents. Among others, 

road traffic accidents also called vehicle accident cause considerable damage to both human 

life and property. A road traffic accident is defined as any vehicle accident occurring on a 

public highway. It includes collisions between vehicles and animals, vehicles and pedestrians, 

or vehicles and fixed obstacles. Single vehicle accidents, which involve a s ingle vehicle, that 

means without other road user, are also included (Safecarguide, 2000). 

At all levels, that is nationally or internationally road traffic accidents continue to be a 

growing problem. In connection with this, accord ing to a World Health organ ization/World 

Bank Report, deaths from non-communicable di seases are expected to grow from 28.1 million 

a year in 1990 to 49.7 million by 2020, which is an increase in absolute number of 77%. 

Traffic accidents are the main cause of this rise. Road traffic injures are expected to take 

higher place in the rank order of disease burden in the near future (Safecarguide, 2004). The 

magnitude of the situation can be seen from the following figure 2.1 projected by World 

Health Organization. 

1990 2020 

/3 ROAD TRAFFIC ACCIDENTS 

//8 WAR 

ROAD lRAFFICACCIDENTS 9/ P VIOLENCE 

WAR 1l L14 SELF·INFLICTED INJURIES 

SELF·INFLICTED INJURIES 171 
VIOLENCE 19 

Figure 2.1: Projected change in the ranking of the 15 leading causes of death and disease 

It is easy to learn from the figure that, road traffic accidents, the 9th leading cause of death 

and disease in 1990, wi ll be the third most dangerous cause of death and disease in 2020. 

Again according to the WHO, the leading injury-related cause of death among productive age 

group is traffic injuries. Of the 5.8 million people who died of injuries in 1998, 1, 170,694 

died as a direct result of injuries sustained in a motor vehicle accident. World wide the WHO 

28 

I 
) 



reports that 38,848,625 injuries were received by people involved in motor vehicle accidents 

in [998. 

The tragedy is more or less similar in Ethiop ia, Addi s Ababa. The rate of traffic accidents in 

Addis Ababa goes up together with the increase of motor vehicl es and population size. The 

rise in automobile ownership together with the poor condition of the roads has resulted in the 

high level of traffic safety and congestion problems. 

At a country level, above 1,800 people died while above 7,000 were crippled or inj ured in 

2003. Moreover the death rate is [36 per 10,000 vehicles and Ethiop ia is loos ing over 400 

million birr yearly as a result of road traffic accidents (A be be, 2004). The share of Addi s 

Ababa city in the total number of accidents was 60 percent in 1989 with annual average traffic 

accident growth 3 1.4 percent (Addis Ababa Transport Authority, AATA, 2004). Nowadays 

Addis Ababa is experiencing around 700 accidents per month resulting in vari ous level of 

injury severity 

As cited by Meketew (2000), Institution of Highways and Transportations (IHT) attributes 

road traffic accidents to numerous factors such as weather, light conditions, fau lty design and 

lor inadequate maintenance of the road infrastructure development, as well as some vehicles 

with mechanical defects and human error. 

As to the cause of road traffic accidents in Ethiopia, the first four leading causes as identified 

by the Road Transport Authority, RTA (2004) are, not respecting speed limi t, driver 

characteristics, not giving priori ty for pedestrian, and vehicle defects. Especia lly with respect 

to the vehicle defect although there is an annual program for technical investigation of 

vehicles, it is not enough when compared to the magnitude of the problem. And consequently 

conducting occasional technical investigation have got due attention now days. 

In connection with this the contribution of respecting speed limit in reducing vehicle accident 

is immense. Different rules and regu lations regarding the speed limits of a given vehicle were 

set up so far in Ethiopia. But due to low level of awareness of drivers and lack of enough 

control , it has been one of the few important factors for accident (RTA, 2004). 

And it is crystal true that loss of human li fe and various level injures along with the extens ive 

property damage creates huge burden on the effort of socio-economic deve lopment of a given 

natio n. Obviously the situation is more severe in developing countries. 
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3.3 Road safety and Accident Injuries Severity 

As it can be seen from various successive reports of WHO and Traffic Control Office at 

Addis Ababa, without increased efforts and new initiatives, the total number of road traffic 

deaths and injuries at all levels are growing at an alarming rate. It should get due attention and 

scale of resources that is currently paid to other health issues, if the problem with its 

devastating human impact and large economic cost to society are to be averted. 

In road traffic, severity is normally a function of three sets of elements. The first set is factors 

to be considered before the crash, pre-crash preventions . The second set of elements is injury 

prevention during the crash and the last one is post crash activities of li fe sustaining. As cited 

by the WHO, Rothe (2002), propose a set of activities in a form of strategy which includes 

interventions to reduce exposure to risk; to prevent road traffic crashes from occurring; to 

reduce the severity of injury in the event of a crash and to reduce the consequence of injury 

through improved post-colli sion care among others. Some of the important points of 

attentions in the new strategy in understanding and dealing with road safety is summarized as 

follows: 

• Crash injury is largely predictable preventable. It is a problem amenable to rational 

analysis and remedy. 

• Road safety policy must be based on a sound analysis and interpretation of data, 

rather than on anecdote. 

• Road safety is a public health issue that intimately involves a range of sectors 

including that of health. All have their responsibilities and all need to be fully 

engaged in injury prevention. 

• Since human error in complex traffic systems cannot be eliminated entirely, 

env ironmental so lutions (including the design of roads and of vehicles) must help 

in making road traffic systems safer. 

• The vu lnerability of the human body should be a limiting design factor for traffic 

systems, i.e. for vehicle and road design, and for setting speed limi ts (WHO, 

2004). 
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Thus it is crystal true that the formidable challenge of reducing the level of human loss on the 

roads requires good deal of cooperation among different sectors increased commitment and 

capacity for research, policy making and creating conducive environment. Having said this, it 

is clear that not all accidents have equal consequences. As reported by WHO injuries 

sustained by victims of a road traffic crash vary in type and severity. While some accidents 

resulted in fatal injuries, serious or s light others end with non-injury damages. Serious injuries 

refer to anyone or combination of problems like fracture, concussion, internal crushing, 

severe cut and laceration, severe general shock requiring medical treatment. Slight injuries on 

the other hand refer to secondary injuries such as sprain, bruises and cuts not judged to be 

severe. 

"The ability oj predicting a Jatal and non-fatal injllly is very important 

since driver's Jatality has the highest cost to society economically and 

socially" (Chong, et ai, 2004). 

Chong et al (2002) tries to model the severity of injury resulting from traffic accidents. They 

have applied artificial neural networks and decision trees on an actual data set obtained from 

the National Automotive Sampling System (NASS) General Estimate System (GES). They 

finally came up with the result of identifying the three must important factors in fatal injury as 

driver's seat belt usage, light condition of the road way and driver's alcohol usage. The result 

of the research revealed also that in all the cases the decision tree out performs the neural 

network. 

Indicating the focus of previous researches as a binary classification of accident results into 

non-injury and injury including fatality, Chong, et al (2004), in their Traffic Accident 

Analysis extend their research to include new categories: passable injury, non-incapacitating 

injury, incapacitating injury and fatal injury. They also indicated that, the light condition of 

the road, driver 's alcohol usage and driver 's seat belt usage were most important factors in 

fatal injury. 

Hallberg (2004) used time dependent modeling in order to analyze traffic accident statistics in 

Nordic countries. The objective of the research was to predict traffic accident levels based on 

an estimate of the future car population. The study revealed that measure reductions in 

accident rates relate to the implementation of major traffic safety. [n addition to this the study 

also indicated that the net increase of the car population is a main factor to consider when 

predicting the number of people that will be killed in future traffic. 
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3.4 Road Traffic Accident at Addis Ababa 

3.4.1 Overview 

In deve loping African nations, an increasingly large proportion of financial resources are 

being diverted to the importation of veh icles and new road construction. The health impact of 

the transition has not been well documented in Africa and motor vehicle injuries have not 

figured prominently in the past as a priority public health problem (Taddele and Larson, 

199 1). 

Apart from being serious health problem, road traffic accidents also create various socio­

economic problems specifically on developing nations like Ethiopia. Especially if these 

accidents are accompanied by a greater volume of traffic system the problem associated with 

them will be more serious . In connection to this, volume and composition of traffic on the 

Ethiopian roads was reviewed by Ethiopian Road Authority, ERA (2002). The study provides 

analysis of traffic information of the year which is a primary input to the maintenance, 

construction, improvement, planning and management needs of Ethiopian Road Authority. 

The report revealed that the need for better traffic system management and maintenance 

capacity strengthening is evident from simple consideration of volume and composition of 

veh icles on the road network of the country. 

The concept of traffic control system in Addis Ababa is dated back around 1900 E.C with the 

introduction of motor vehicles. As the case is in any other areas, regulations and laws also 

govern road traffic. In connection with this, the first cited traffic control rule having 18 

articles was in action in 1918 E.C. This rule was aimed at facilitating the traffic system, wh ich 

involves movement of pedestrians, animals and motor vehicles. It was in 1935 E.C that 

formal and legal driving license become in action and the present driving license issuance rule 

is formal ly implemented since 1960 E.C. With respect to comprehensiveness, it is the 

Transport Act numbered 36111961 E.C, which is more comprehensive in having most of the 

major regulations commonly used. (Addis Transport, 2004) . The road traffic safety regulation 

number 511998 and number 4/2004 are also the recent rules and regulation in use at the City 

of Addis Ababa. 
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3.4.2 Accident Data Analysis at Addis Ababa Traffic Office 

As cited by Mekitew (2000) IHT (1990) li sts the basic data items th at should be included in 

an accident reporting. They are basic accident description , road type, environmental features, 

driver features, causality details and traffic characteristics related to time and location. 

Simil arly, according to the discussion with the traffi c officers, upon receiving a notifi cation 

about an acc ident, Addis Ababa Traffic Police Department assigns an investigator to collect 

the necessary details about a given accident. Notifications are normally reported by the 

drivers or any party being involved or have interest on it because the low requires doing so . 

On site investigation and recordin g is done with the aim of finding detailed and accurate 

information as to its cause, determine whether or not there has been violation of the law and 

ultimately to prevent the re-occurrence of further accidents. But some times as reported by the 

officers, due to time gap between the accident and the arrival of traffic offi cers, some details 

like the severity level and cause of an accident may not be identified effectively. 

This accident record is basically used for various purposes in the office and for other 

stakeholder. National and regional transport offices use the data in directing their focus of 

attention in decision and policymaking's with regard to road safety. Dirferent health offices 

and non-governmental organizations working in thi s area use the data in determining and 

managing health problem in society. 

However as observed by the researcher, with absence of effi cient and effective data 

management system and sufficient research in the area the effort of using this data for 

different problem solving is not that much fruitful. 

Apart from keying some basic attributes in an Excel flat file form , at the office level what 

actually the staff in a statistics section of the office dose is classifYing accident records by 

accident time and date, age and sex of drivers, education level and experience of the driver, 

road and light conditions and by possible cause of accident summary of reports. 

Recognizing the complexity and magnitude of the vehicle accident problem, developed 

nations take necessary measures like putting resource in studying the various aspects of these 

accidents and use the result in decisions making. But thi s is not the case in developing 

countries like Ethiopia. In connection with thi s, safer no comprehensive research work has 

been done specifically with respect to road accident severity in Addis Ababa. 
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However, recently Abebe (2004), tried to assess points that needs immediate attention with 

respect to road safety. He stated that 81 % of the accident all over the county is due to drivers 

fau lt and the other is due to vehic le, pedestrian and road faults. He also listed out that the 

main road safety problems are: 

• Drivers not respecting pedestrian priority 

• Over speeding 

• Unsafe utilization of freight vehicles for passenger transportation . 

• Poor ski ll and undisciplined behavior of drivers 

• Less engineering effort in road design to consider safety 

• Poor vehicle conditions 

• Pedestrian not taking proper precautions 

• Week traffic law enforcement 

• Lack of proper emergency medical services 

Finally he conclude that, road safety publicity, targeted traffic law enforcement, hazardous 

location identification, pedestrian awareness, upgrading drivers ski ll and behavior both 

technically and with respect to keeping rules should get due consideration. 

Wondwossen( 1999) had also tried to study correlates of car accidents in Addis Ababa. He 

used ch i-square test and logistic regression analysis in identifying correlates of car accidents. 

The research indicates that in addition to other variables like light conditi on of the road, ' not 

giving priority to pedestrians' has the highest association with physical damage. 

Taddele and Larson (199 1) on their part studied the occurrence and driver characteristics 

associated with in Addis Ababa. The purpose of the study was to determine the incidence 

density of hospital treated motor vehicle injuries and to identify driver and vehicle 

characteristics placing them at increased ri sk of inflecting injuries . And he comes up with the 

resu lt of finding the incidence density of motor vehicle injuries rate of 279 per 100,000 

person-years exposure. In addition to this he p~int out that drivers involved in a motor vehicle 

injuries are more likely to be male, young and less experienced. With respect to vehicle 
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characteri stics associated with involvement in motor vehicle injuries, elevated odds ratios 

were found for newer and government owned vehicles and for tax is and buses. 

As it is apparent from the above discuss ion the unavailability of comprehensive research, the 

availabi li ty of the accident data and the magnitude of the problem call for some advance 

technology in drawing meaning full information and pattern that wi ll be help full in making 

sound and informed decision in the effort of saving life. 

After clear understanding of the domain area and the data mining technol ogy to be employed 

the next chapters focuses on the actual work of the research in attaining the objectives stated 

earl ier. 
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Chapter Four 

Preparing Data for Analysis 

This chapter details the different steps in data mining that are carried out in preparing data for 

analysis in this particular research . The first part of the chapter explains the general over view 

followed by target data set creation. The next part explains how the coll ected data is cleaned, 

reduced and transformed to a required format. 

4.1 Overview 

It is crystal true that there is no data mining without data. And in order to get maximum out 

of the data using data mining tools and techniques, the data need to be cleaned and organ ized. 

Among others, data collection, data cleaning, attri bute se lection, data formatti ng and 

transformation, and dimensionality reduction are the most important activ iti es under data 

preparation, which fi nally resulted in creating target data set. 

Thus right after data collection, data pre-process ing is a step where the data to be used in 

finding interesti ng pattern and useful data is cleaned, organized, reduced and transformed to a 

suitable format for the data mining tool. 

Since the data set created/selected will determine the final result of the research work, it needs 

much attention and due consideration. Accordingly, being palt of a w ider process of data 

mining activity, pre-processing takes much of the researcher's time and effort. 

4.2 Data Collection 

Collecting, analyzing and understanding the content and structure of the data ava ilable is one 

ofthe most important tasks that need close attention. With respect to thi s specific research the 

sole source of data about an accident is the daily accident report form to be filled and reported 

by the traffic police officers. It cons ists of full details about a given accident. Through 

successive update, the office keeps this data in excel fl at file format. 
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As indicated in the previous, sections a corporate data warehouse is a good source of data for 

a given data mining task (Berry & Linoff, 2000). It is just because data in a data warehouse 

has a common format with consistent definition for fields and their values. But unfortunately, 

some of the avai lable data for this specific research were in a manual file format and some on 

a computer based flat file format. In line with this, the raw data was initially collected 

regarding vehicle accidents from the office's flat database and from daily accident record file . 

After keying the manual format of data, which took considerable time, careful analysis of the 

data and its structure was done together with the domain experts by evaluating the 

relationship of the data with the problem at hand and the particular data mining task to be 

performed. 

This helps a great deal in understanding the data and viewing it from different angle in 

exploring its potential. In the fo llowing section, an attempt has been made to describe the 

nature of the data and its structure. 

As indicated above, thi s study used data from the Addis Ababa Traffic Office (AA TO). The 

init ial data source for the study contained traffic accident records from September, 1995 E.C 

upto March 1997 E.C a total nu mber of 25,560 cases. The first attempt of the office to 

electronically record the accident data in September, 1995 E.C. was limited to some attributes 

like label s of date and time, accident id , driver 's name, driver's age, driver 's gender, driver 's 

license status, relation of the driver and vehicle, driver' s experience, possess ion of the vehi cle, 

veh icle type, accident area, accident road name, road segment separation, road direction, road 

surface type, roadway surface condition, vehicle maneuver, accident type, total vehicles 

involved, total number of victims, accident victi ms category, victims profession, victims 

health condition, pedestrian maneuver, vehicle plate number, cost estimate of the damage and 

injury severi ty. Through time specifically starting from September 2005, attempt has been 

made to incorporate some more attributes li ke, driver ' s educational level, veh icle defect, 

vehicle age, weather condition, li ght condition, cause for accident. The accident record' s 

database AATO is still under revision to incorporate as many attribute as possible so that to 

create a more comprehensive database. 

Because of the unavailability of important attributes in the accident data of the previous years, 

the data set selected fo r this spec ifi c research covers the time from September lIpto March 

2005 , which is a total of5,207 records. Th is data was in an excel file format with 36 attributes 
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a given data mining task (Berry & Linoff, 2000). It is just because data in a data warehouse 

has a common format with consistent definition for fields and their values. But unfortunately, 

some of the available data for this specific research were in a manual file format and some on 

a computer based flat file format. In line with this, the raw data was initially collected 

regarding vehicle accidents fi'om the office ' s flat database and from daily accident record file. 

After keying the manual format of data, which took considerable time, careful analysis of the 

data and its structure was done together with the domain experts by evaluating the 

relationship of the data with the problem at hand and the particular data mining task to be 

performed. 

This helps a great deal in understanding the data and viewing it fi'om different angle in 

exploring its potential. In the following section, an attempt has been made to describe the 

nature of the data and its structure. 

As indicated above, this study used data from the Addis Ababa Traffic Office (AA TO). The 

initial data source for the study contained traffic accident records from September, 1995 E.C 

upto March 1997 E.C a total number of 25,560 cases. The first attempt of the office to 

electronically record the accident data in September, 1995 E.C. was limited to some attributes 

like labels of date and time, accident id , driver 's name, driver' s age, driver ' s gender, driver ' s 

license status, relation of the driver and vehicle, driver' s experience, possess ion of the vehicle, 

vehicle type, accident area, accident road name, road segment separation, road direction, road 

surface type, roadway surface condition, vehicle maneuver, accident type, total vehicles 

involved, total number of victims, accident victims category, victims profession, victims 

health condition, pedestrian maneuver, vehicle plate number, cost estimate of the damage and 

injury severity. Through time specifically starting from September 2005, attempt has been 

made to incorporate some more attributes like, driver's educational level, vehicle defect, 

vehicle age, weather condition, light condition, cause for accident. The accident record ' s 

database AATO is still under revision to incorporate as many attribute as possible so that to 

create a more comprehensive database. 

Because of the unavailability of important attributes in the accident data of the previous years, 

the data set selected for this specific research covers the time from September upto March 

2005, which is a total of 5,207 records. This data was in an excel file format with 36 attributes 
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to describe each record . Familiarization and understanding of thi s data has taken quiet a good 

part of the research time. 

4.2.1 Accident Data Set: Data Understanding 

A good understanding of the data at hand leads to a better success in achieving the data 

mining goal. The success cri terion for this data mining research is the discovery of accident 

severity class ification rules that would find out and differentiate accidents which are serious 

to those which are potentially not serious in different levels. Provided that reasonable accident 

severity classification rules are discovered, the office could device a means to reduce the 

number of fatal and seri ous injuries and be able to recognize the level of severity when an 

accident has occurred. [n short, this can help decision makers to formulate better traffi c safety 

control policies. 

As indicated above the organization keeps detail information about an accident through 

various attributes. Types of information that the office records about an accident includes 

driver and vehicle characteristics. road and weather conditions, date and time ofth ~ accident, 

type, injury severity and possible causes of such acc idents. 

The spec ific attr ibutes by which a given accident can be described are labe ls of date and time, 

accident id , driver's name, vehicle type, driver 's age, driver 's gender, driver 's educational 

level, driver 's li cense status, relation of the driver and veh icle, driver 's experience, possession 

of the vehicle, vehicle defect, vehicle age, accident area, accident road name, road segment 

separation, road direction, road surface type, roadway surface conditi on, light condition, 

weather condition, vehicle maneuver, accident type, total vehicles involved, total number of 

victims, accident victims category, victims profession, victims hea lth condition, pedestrian 

maneuver, vehicle plate number, cost estimate of the damage and cause for accident. [n 

additi on to the input variables mentioned above the output variable for this research that is 

injury severity is also another attribute of a given accident. Attributes with their description 

are presented as follows. 
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S.No Attribute lIame Type 

I Accident_Date Date/time 

2 Accident_Day Text 

3 Accident_Time Date/time 

4 Accident_ID Number 

5 Driv Name Text 

6 Driv FName Text 

7 Driv_Age Number 

8 Driv Sex Text 

9 Driv Edu Lev Text -

10 Driv_Lice_Lev Text 

II Driv Vehic ReI Text - -

12 Driv_Exp Number 

13 Vehic_Age Number 

14 Vehic_Type Text 

15 Vehic Poss Text 

16 Veh ic Defect Text 

17 Acci Area Text -

18 Acci Road Name Text 

19 Road _ Seg_ Sep Text 

20 Road Direc Text 

21 Road _ SurC Type Text 

22 Road Cond Text 

23 Light_Cond Text 

24 Weather _ Cond Text 
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Descriptioll 

Date of an accident 

The day of an accident in week days 

The time of the accident 

A number to identify a given accident 
uniquely 

Name of the driver who cause an 
accident 

Driver' last name 

Age of the driver 

Gender of the driver 

Educational level of the driver 

Status ofthe driver 's license 

The relation of the driver and the 
vehicle 

Driving experience of the driver 

Service year of the vehicle 

The type of the vehicl e 

Possess ion of the vehicle 

Problem or defect of the veh icle 

The area where an accident occurred 

The name of the road where an 
accident occurred 

The road segment separation 

The direction of the road 

The surface type of the road 

Road surface condition at the time of 
accident 

Light cond ition at the time of 
Accident 

The weather cond ition at the time of accident 

I 
I 
} 



25 Vehic Maneuver Text Vehicle maneuver during an 
Accident 

26 Acci_Type Text The type of the accident 

27 Tot Vehic Involved Number Tota l number of vehicles involved in - -
an accident 

28 Tot Acci Vict Number Total number of victims - -

29 Viet Cat Text Whether they are drivers, passengers -
or pedestrians. 

30 Vict Ped Prof Text Profession and/or special ski ll of the 
victims 

31 Vict Health Cond Text Physical and/or mental conditions of - -
the victims 

32 Vict Ped Maneuver Text At the time of accident. 

33 Acci Cause Text Causes for the accident 

34 Vehic Plate Num Text Plate number ofthe vehicle involved - -

35 Damage _ Cost_Est Number Estimation of the cost of propelty 
damaged 

36 Injury_Severity Text The injury severity level due to an 
accident -

Table: 4.1 Attributes with their description and data type 

As it c lear from the above list, the office has been trying to record as much information as 
possible about an accident; however some attributes like vehicle load and driving speed, 
which wi ll be important, are overlooked by the office. In the process of familiarization and 
understanding the dataset, possible values and characteristics of each attributes were also 
explored. Accordingly, just to mention the dependent variable, the target attribute, injury 
severity has four classes: fatal injury, property damage (no injury), serious injury and sl ight 
injury. 

4.2.2. Defining the Data Mining Function 

As researches tried to indicate in the above sections 2.5 and 2.6, there are different data 
mining functiona lit ies or tasks under two categories: descriptive and predictive. The 
researcher's task here was to develop intelligent models that could accurately classify the 
severity of injuries into four categories ; namely fata l , serious, slight and non-injury or 
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5.2. Selection of Modeling Technique 

This is a step where selection of the actual modeling technique that is to be used in the model 
building is done CRISP-DM (2000). In data mining there are various techniques available. 
Based on the goal of the data mining task, the nature of data and results needed etc, one 
technique may prove to be more appropriate than the other. The most w idely used tools 
include decision tree, neural networks and cluster analysis. The modeling technique to be used 
in this research is decision tree. In line with this, the selection of the algorithm and the 
measure that Knowledge tree can use to compute the best split is also another issue to 
consider. 

An important advantage of decision tree models is that they are exp la inab le. It is possib le to 
build them interactively, which allows the researcher to incorporate hi s/her knowledge 
automatically. More over in either way, it is possible to view the tree and see steps to arrive at 
a leaf or terminal node. Decision trees are more suitable than either neural network or 
clustering, when disjunctive descriptions are required. Decision tree methods are a good 
choice when the data mining task is classification of records or prediction of outcomes. 
Decision trees are also a natural choice when the goa l is to generate rules that can be 
understood (CRISP-DM, 2000). 

KnowledgeSTUDlO supports two types of algorithms namely KnowiedgeSEEKER and 
HeatSEEKER. KnowiedgeSEEKER is a fl ex ible algorithm that is especially good for 
exp loration purposes and manual tree building and it can also handle a large amount of 
variables with either a continuous or discrete dependent variable. Unlike 
KnowledgeSEEKER, HeatSEEKER is a fast algorithm that is especially good for 
automatically generating a tree, and even if it can handle a very large number of records, it 
performs better with fewer variables. Since in the present research the number of variables 
considered were many (i.e 36), and there was a need for manually adjusting the tree and to 
explore the results obtained, the algorithm selected m model building was 
knowledgeSEEKER. It works first by identifying relationship between each of the predictor 
variables in the analysis and the dependent variable and then setting the significance of the 
relationship. 

As to the measure used in building the tree is Adjusted- P-value Bonferroni Adjustment 
measure was se lected because it is the most statistically sound approach given that it reduces 
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the possibility of producing chance results and puts all variables on a common statistical 

foot ing. The choice is also based on the fact that unordered grouping variables and variables 

with many values have a biased chance of being selected as branches unless adjusted tests are 

used. 

5.3. The Experiment 

As mentioned earlier the dataset was obtained in Excel flat file format. Know ledgeSTUDIO 

supports the import of data from a large number of data formats . Using the data import w izard 

the data was imported from an Excel to the KnowledgeSTUDlO. Then the dataset was 

partitioned into two separate datasets. Knowledge STUDIO partitioning dialog box, shown in 

figure 5.1 is used to partition the dataset into learning and validation sets. This was done to 

create separate data fo r training and validation. Knowledge studio has the facility to create 

partition in two ways. One is to partition the data randomly. The other is to construct a 

ba lanced partition using some variable of interest. 

Since the dataset of this experiment has an unbalanced dependent class, injury severity, using 

a random sample will most like ly result the minor class belongiflg in only one of the 

partitions. In order to overcome this problem the balanced partitioning option was used. To 

validate model, a dataset is usually divided into two partitions. One is used for training, the 

learn partition, and the other is held back for testing, the validation partition. Consequently 

the dataset was divided into the training and validation set on a 75: 25 ratio. After partition ing 

the training dataset contained 3493 (75% from each class) records and the validation set 

contained 11 65 (25% fro m each class) records. 
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Figure 5.1: The knowledge studio data set partition dialog 
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editors all ow man ipul ation, among other things, of the independent variables and the 

dependent variable used in the analys is, as we ll as grouping type, order display, usage, 

mapping, and miss ing va lue use. 

_ Attribute I dilo.. ~_ X 

.". Va..-tal,... .. arne Include 

., .... cddent.JD yes independent continuo,",s O.OS 
:2 Drlv -Age yes . 
'3 O,.iv~go_Cot yea 
4 Orlv _Sex yO_iS 

5 Orjv_Exp y~.$ . 

6 Oriv_Exp_Ceot yes 
7 Vehlc ,_Age y~$ . 
e Ve'I':llc~A'gB'_CSt yes 

9 Vehlc_ Type yes 
10 ROeld_Sur f _Type yes 

l' Roed_Cono y~s 

12 i..lg"ht":"Conci . ye:s= 
13 \l".leertt-ic;,. _C'ond yes 

1 4 Acci_ TYPI!! yes 
., 5 Accl_CClI,..ISe yes 
16 Inju ry _Se;-'~I'ity yes 
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Figure 5.3: Overv iew of the tree attr ibutes editor 
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The first experiment on the decision tree model bui lding was based on the training set which 

is 75% (i.e.3493) of the data that has been prepared and imported to the KnowledgeSTUDIO 

software. And the variable "Accident-Severi ty" was set as dependent variable and all others 

were set as independent variables. The classifi cat ion tree was bu il t using all the defau lt 

parameters suggested by the software (i.e . KnowledgeSTUDlO) using all the 13 vari ables 

excluding the three namely driver age, driver's experience, and veh icle age, variables from 

which derived attr ibutes are drawn. Figure 5.4 shows the out put of the fi rst decision tree. 
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The first experiment shows that though each record in the dataset included 13 attributes with 

the inclusion of the dependent variable "Accident-Severity", the decision tree constructed had 

only used 10 attributes. These 10 attributes namely accident type, accident cause, accident_Id, 

road surface type, weather cond ition, road condition, light condition, vehicle type, driver' s 

age category and driver sex are selected and ranked as an important attributes in such 

classification task by the software. 

The other attributes namely Vehic_Age_Cat and Driv_Exp_Cat are considered by the 

software as statistically insignifi cant and are not ranked. This indicates that attributes that are 

not considered in the construction of the deci sion tree are not important to di scriminate the 

records into the predefined classes (i.e. Fatal_Injury, Serious_Injury, Sli ght_Injury and 

P _Damage or No_Injury) provided to the model. But this may not be true a lways. 

In addition to that, from the first experiment the validation statistics shown in figure 5.5 that is 

out of 11 65 records of the validation dataset 1009 records were classified correctly, which is 

86 % accuracy. And this accuracy does not necessarily show the adequacy of the model. So 

review of variables used should be considered in the subsequent experiments. 
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Statistics 

ITotal records 1165 

ICorrectly predicted 1009 

IPercentage 186 .61% 
'--------

Figure: 5.5: prediction stati stics of the first experiment 

Thus it may be necessary some times to get confirmation from the domain experts that the 

attributes identified as important are acceptable in classifying potential accidents in the above 

mentioned classes. This is basically based on the suggestions made by StatSoft (2003) on the 

usefulness of combining the automatic methods for building trees with "educated guesses" 

and domain-specific expertise. Thus automatic methods and domain expert's expertise were 

employed in the subsequent tree building, refining and modifying the tree. 

Experiment Two 

Considering the relative importance of each variables for the classification of the accident 

severity, assessing the variables that are used for splitting the tree was the next important task 

done. This is because KnowledgeSTUDIO usually displays the most statistically sign ificant 

variable or split at the root, and they might not be the most important variables to sp lit the tree 

at the root. 

Accordingly, based on experts opinion the second variable, i.e. AccidenUd, used to split the 

tree at the node next to the root was not considered as being the most important variable to 

consider the level of injury severity, hence the next most statistically significant variable was 

taken. By using the 'Next split' command that displays the next most statistically significant 

split, the researcher was able to obtain a tree, which according to the domain experts made use 

of a good variable for splitting the records at the root. The next figure shows the second 

deci sion tree built after the above measures. 
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In this experiment, the number of variables used was reduced to nme by excluding 

accident_ id which is not significant in this specific research. Thus the tree was splited first by 

the variable accident type, having 5(five) distinct values and out of which ' vehicleJled ' and 

' turn over' contribute much for fatality and serious injuries. The next most important variable 

used for split was 'accident cause ' . And as it revealed from the decision tree nodes value, 

' denying pedestrians priority' and ' over speeding' were the most significant cause for such 

fatality and serious injuries. 

Assessment and validation of the result was the next task after ' building the tree. An 

evaluation of the results was made on both the training and testing set. And the validation 

shows good accuracy in general though it is less than the first accuracy which includes 

attributes that does not contribute much to the classification task. The result of the validation 

of the decision tree built given below in form of confusion matrix. 

53 

J 



Confusion Matrix-injury_Severity 

Predicted _ I 
F-Injury P-damage Serious_Injury ls li-Injury 

F-I- n-Cj-u-ry---r 37 31 ,--1 1- 22 

Act, .. , 1 P-damage 

Serious_I njury I 
7 744 2 1 35 

9 11 B 1 67 

S!i-Injury 12 37 1 I 141 

Statistics 

Fr~ecofds 1165 

.. ,C" ,_"_e_ctl-,-y ,-p,_ed_lct_e_d 930 
~ . I 
[Percentage !79. 83\ 

Figure 5.7: Validation results from the second deci sion tree 

The confusion matrix depicts that out of the total records provided to the software tool for 

testing (i.e. 1165), 37, 8, 141and 744 records were classified correctly in the class of fatal 

injury, property damage, serious injury and slight injury respectively. On the other hand, 54 

records were incorrectly classified as serious injury(I), slight injury(22) or property 

damage(3 1) while actually they were supposed to be in the fatal injury class and 44 records 

were classified incorrectly as fatal injury, serious injury, and slight injury whi le actually they 

were in the propel1y damage class. This resu lt reveals that from the total records (i.e. 1165), 

930 were classified correctly while the remaining 235 records were class ified incorrectly. 

Hence this indicates that records whose class is property damage were class ified with a 

minimum error as compared with the records in the class fatal and serious injury. 

A Ithough the performance of this training scheme was not bad in terms of accuracy careful 

consideration of the variables need more attention to get better model that can provide sound 

ru le with better accuracy. Hence, the researcher made use of the above selected variables for 

further tests by bu ilding several decision trees through varying the number and combination 

of the variables. Some of the results obtained from the experiments conducted are presented in 

tale 5.1 

Se.No Number of Accuracy 
Variables utilized 

I 10 (ten) 87.47% 
2 9 (nine) 79.83 % 
3 8 (eight) 84.56% 
4 7(seven) 87.47% 
5 6 (Six) 85.3 7% 

Table 5.1: Results of the Tests Conducted 
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From addit ional experiments conducted, figure 5.8 shows the ' best' dec ision tree obta ined by 

the use of7 (seven) vari ab les out of 13 variables that were cons idered for model building. As 

indicted above with the confirmation of the domain expert and their statistical signifi cance in 

splitting a tree, the seven attributes, namely accident type, accident cause, vehicle type, 

driv_age_cat, road condition, road surface type, and li ght condition are considered to be most 

important in this specific classification task. 
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Figure 5.8: 'Best' decision tree with 7 variables 
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From the above decision tree shown in figure 5.8 out of 3493 training set records, it was classifi ed 

by acc ident type i~to five cataegories of turn over, vehivle _ fi xobj , Vehicle_Vehicle, Others, and 

Vehi chle]ed having 258(7.39%), 690( 19.5%),1,359(38.91 %), 320( 16.24%) and 866(24%) 

respectively. With respect to fata lity and seri ous injuri es the two most important type of accidents 

are vehicleyed and turn_over. To illustrate this, out of 866 veh icl e_ped accidents, F _injury, 

p_damage, Serious_injury, and SIUnjury takes 88(10. 16%), 137( 15.82%), 258(29.79) and 

383(44%) respectively. 
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Simi larly out of 258 turn over accidents, F _ injury, p_damage, Seriousjnjury, and SIUnjury 
shares 61 (23.64%), 143(55.43%), 29( 11.24%) and 25(9.69%) respectively. 

From this we can understand that these two types of accidents namely vehicle_ped and Turn over 
are contributing a lot to fatalities and serious injuri es and this in turn should be considered by the 
traffic office in formulating polices. 

Next to the accident type, Acci_cause was the next important attribute in splitting the tree. Again 
tak ing in to consideration the two important accident types, denying pedestrian priority, driving 
with alcohol and over speeding are determinant cause ofturn over and veh icle-ped accident types. 

To illustrate th is out of 391 vehicleyed accidents caused by denying pedestrians priority, 
208(53%) results in either fatal injury or serious injury. And out of 53 accidents caused by driving 
with alcohol, 45 (85%) results in either fatality or serious injury. The detail rules generated from 
this tree are attached as an annex. 

The decision tree constructed in this manner was validated on the training set and as it showed 
a good result on the dataset that it used to train, it was validated on the testing set and the 
output of confusion matrix (figure 5.9) shows that, out of the total 1165, 1019 (87 %) were 
classified correct and (13 %) 146 were classified incorrectly. 

I 

I iF - Injury 

Confusion Matrix- Injury_Severity 

P'"edlcted 
F-I-;; jury .P- damageseriollB Injury"!sli - Injury 

Actua l 'P-damage 

--1 32 - 1~1- i __ 1~ f--~ 
7 776 I 5 r 0 

serio us In;jury 2 7 39 47 ~S~1~i--~I~n-j~U~ry~~~'--=3---'--7=-- 9 
-~----"-

172 

Statistics 

Total reco.-ds 1165 
Cone ctly Inedi cted ~ 1019 

jPe-;:-centa!le 

Figure 5.9: Validation results from the ' best ' decision tree 

The confusion matrix shown in figure 5.9 shows that out of the total records provided to the 
program, 32, 776, 39, and 172 records were classified correctly in the class fatal , property 
damage, serious injury and s light injury respectively. This shows that the accuracy rate for the 
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prediction of property damage and slight injury records is better than the others. Hence records whose class is either property damage or slight injury were classified with a minimum error as compared with the records in the fatal and serious injury. Although several attempts were made, it was not possible to obtain a good tree with a sound rule and an accuracy of more than 87%. Thus, the decision tree presented in figure 5.9 which is the one selected as a good one for the present research, classified 87% of the records correctly and 13 % of records incorrectly. 

Selection of a good model from subsequent experiments conducted was made by taking into consideration the soundness of rules generated as well as the number of records which are misclassified, as this type of error has to be minimized in a road safety area. Accordingly the above decision tree was found to be the ' best' possible model to be selected from among a number of experiments conducted. 

Generating Rules from Decision Tree 

After successive experiments in building the best decision tree model, the next step is to generate, rules by tracing through the branches up to leafs. A rule is a correlation found between the main variable (dependent) and the others (independent). Thus rules were generated using KnowledgeSTUDIO (i.e. the software used) from the decision tree constructed. The tool also allows the rules to be presented in many types. Some of the types supported are SQL, generic, Java and English. For the purpose of the present research the rules generated are in the generic type as they are found to be easily understandable. Some of the rules extracted from the decision tree are selected and presented as follows while the other rules are attached as an annex. 

Generic Ru l es 

RULE #1 
(Whole Tr e e) 

In jury_Sever ity 
In ju r y_Severit y 
Inju r y_Seve r ity 
Injury_Severity 

RULE #2 
if 

F-Injury 0 . 078 1115879 828 
P-damage 0 . 67639 48 49785 
Se r ious_ I n j u ry 0 . 0815 450643777 Sli - Injury 0 . 1639 48 49785 4 

Acci_Type = Tu rn Ove r 
Acci_Caus e = Denying pede st r ians prio ri t y , Driving with alchoo l , Inappropri a t e Preced i n g and Tu r ning o r OVer Speed i n g then 
Inju r y_ Sever i ty ~ F- I njury 0 . 5357 14 2857 14 
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Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #3 
if 

P-damage 0 . 321428571429 
Serious Injury 0 . 0357142857143 
Sli - Injury 0 .1 07142857143 

Acci Type = vehlcle Peds 
Acci Cause = Denying pedestrians priority or Not keeping appropraite distance 

then 
Injury_Se verity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #4 
if 

F-Injury 0 . 155405405405 
P- damage 0 . 00675675675676 
Serious Injury 0 . 371621621622 
Sli-Injury 0 .4 66216216216 

Acci Type = vehlcle Peds 
ACCl Cause = Drlvlng wlth alchool 

then 
Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #5 
if 

F-Injury 0.333333333333 
P- damage 0 . 0833333333333 
SerlOUS InJury 0.375 
Sli-Injury 0 . 208333333333 

Aeci_Type = vehlcle Peds 
Acei Cause = OVer Speeding 

then 
Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #6 
if 

F- Injury O. l37254901961 
P-damage 0 . 21568627451 
Serious_Injury 0 .1 37254901961 
Sli-Injury 0.509803921569 

Aeci Type = vehlcle Peds 
Aeci_Cause = Denying pedestrians priority or Not keeping appropriate distance 

then 
Road_Cond = Dry 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #7 
if 

F- Injury 0 . 112781954887 
P- damage 0 . 00751879699248 
Serious_Injury 0 . 383458646617 
Sli - Injury 0 . 496240601504 

Acei_Type = vehicle_Peds 
Acel Cause = DenYlng pedestr ians priority or Not keeping appropriate distance 

then 
Road Cond = sllppery 

Injury_Severity 
Injury_Severity 
Injury_Severity 
InJury Severlty 

f - Injury 
P- damage 

0 . 533333333333 
o 

Serlous InJury 0 .266 666666667 
Sli-Injury 0 . 2 
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From the general rule, it is easy to see that, there is a 7.8 % chance that Injury_Severity w ill 
be F-Injury, a 67.63 % chance that Injury_Severity will be P-damage, a 8. 15% chance that 
Injury_Severity will be Serious_Injury and a 16.39% chance that Injury_Severi ty will be Sli­
Inj ury. And this reveals that about 33% of the acc idents, resu lts in injury of different level 
hal f of which is either fatal or serious injury. In addition to this acc ident types involvi ng 
pedestrians and single vehi cle turn over mostly results in either fata l or serious injuries. 
Denying pedestrian priority and over speeding were also the top most determinant factors in 
injury severity. 

It is also apparent from rule four (4) that if accident cause is driving with alcohol and accident 
type is vehicle_peds there is high probabi li ty of an accident resulting in fata lities or injuries. 
Over speed ing is also another important factor especially if associated with veh icleyeds type 
of accidents . 

In general the rules presented above indicate the possible conditions in which an accident w ill 
result in either of the injury severity classes. Moreover, the rules generated have indicated that 
attributes such as 'accident cause', 'accident type', 'driver age',' road surface type', ' road 
condition ' , 'vehicle type' , and 'l ight condition ' are found to be important variables for 
classification of accident severity. They are playing significant role in all experiments being , 
placed at the higher level of the tree wh ich indicates their statistical significance than other 
variables like ' sex ', ' weather condition ' and 'accident_id ' . And this will help the traffic office 
and road authority in focusing their attention on determinant causes of accidents, like denying 
pedestrian priority and over speeding, resulting in fatal and serious injuries while revising 
road traffic rules and regulations and allocating resources in their effort of improving road 
safety. 

Building a Predictive Model 

After identifying important variables and their relation in determining the severity level of a 
given acc ident building and testing predictive model was the next step in this research. A 
predictive model refers to a structure and process for predicting the values of specified 
variables in a dataset. The model was based on the variables identified by the decision tree 
found to be re levant for the classification of injury severity. After assessing the accuracy of 
the model, recommendation was made so as to make more experiments and make use of it to 
classify future data tuples or objects for which the class label is not known. 
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In building a decision tree based predictive model, KnowledgeSEEKER algorithm, Adjusted 

P-value Bonferroni Adjustment measure and reduced error pruning method were used. Since 

the tree algorithms selected will determine how splits are calculated, considering their feature 

KnowledgeSEEKER was selected for its flexibility, powerfulness and ability in handling 

large amount of variables with either a continuous or discrete dependent variable over 

HeatSEEKER algorithm 

As to the measure type the adjusted measure specifically Adjusted P-value Bonferroni 

Adjustment measure is selected for its ability in reducing the possibility of producing chance 

results and puts all variables on a common statistical footing. The reduced error method starts 

with a complete tree and run the test data through it, noting the number occurring in each 

value of the dependent variable at each node. For each non-leaf node, count the number of 

errors if the sub-tree is kept and the number if it becomes a leaf through pruning. The pruned 

node will often make fewer errors on the test data than the sub-tree makes. The difference 

between the numbers of errors (if positive) is a measure of the gain from pruning the sub-tree. 

From all the nodes, the pruning method chooses the one with the larg~st difference as the sub­

tree to prune. 

The description of predictive models build employing the above logic, procedure, algorithm 

and measure is presented as follows. They were built just following the predictive model 

wizard from 'insert menu' of Knowledge STUDIO. 

As it is clearly indicated in KnowledgeSTUDIOS manual, to build a decision tree based 

predictive model it is simply to specify the tree to be used. The tree itself is a training phase 

(Angoss Software Corporation, 200 I). And it is also possible to use validation data set of the 

decision tree for predictive models. This is because predictive modeling based on decision 

tree is basically an extension of selecting the best decision tree. And the best tree is selected 

after several experiments by changing the number and combination of attributes. But again by 

adjusting number of variables and percentage of partitions and different predictive models 

were built and the best one with good accuracy was selected. 
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The first experiment was done using all attributes selected for decision tree experiments, and 

using the test data set partitioned for validating the best deci sion tree. The pruning method 

used was critical value. The accuracy of the resulting model is presented as follows in figure 

5. 10 

D epen dell' V~"I'-Iable: In jury_Severity 

... deve_ldeIIt V OI-lables: 
Orlv...)\ge_Cat, Drlv_Exp_Cat, Vehle_Type, Road_Surf_ Type, Road_Cond. 

LlghLCond, WeathecCond, Ac ci_Type, Accl_Cause 

HhJde n b,..,lInc luts: Disabled 

Tn"ilninu Res .lns: 

Variance I Entropy Explained: 0 .300190 

Records correctly predicted: 1855 
Percentage correctly predicted: 7 5 .87 % 

Aluo.-hhm: KnowledgeSEEKER 

PI"lIning: Enabled 

Classification: critical-value 
Dataset used to p rune : Auto partitioning 

Figure 5.10: Accuracy result of the first experiment on predictive model 

The next experiment wa~ done by selecting only two attributes that are statistically significant 

and located at the top of the decision tree namely accident type, accident cause. And selecting 

the 60:40 partitioning ratio. That means 60% for training and 40 % percent for testi ng. The 

accuracy of the resulting model is presented as fo ll ows in figure 5. 11. 

Oell,e .nde .... 1: V a.-I able: In jury_Severity 

... c.I&I>&",",'l e ... 1: Va.'t a bles: 

Acc l_ TYpe, AccL_C ause 

Hlddell l:I...-ol1l4;:lIe$: Disab l ed 

Training R e suh"s: 

VJiilrlllilnCB I Entropy Explai n ed : 0 . 2901 ' 7 

Reco rd s correctly predicted : 211 B 

Percentage correctly pre dicted : 75.73 % 

AIUQI·hllln: Kno""ledgeSEEKER 

Pruning: E nabled 

C lasslflcatl on : reduced-error 
Dataset used t o prun e: A u to partiti o ning 

Nodes exi sted prior 10 prune : 2 4 

Nodes r e m ai n : B 
N o d es vvere pruned : , e 

Figure 5. 11 : Accuracy resu lt of the second experiment on predictive model 

The third experiment is used seven attributes that are used to bu ild the best decision tree. This 

attributes are top most statisticall y usefu l attr ibutes. And the pruning method used is reduced­

error pruning method . Here follows the resulting pred ictive model accuracy. 
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Dependent Variable: Injury_Severity 

Independent Variables: 
Drlv_Sex, Vehle_Type, Road_Surf_Type, Road_Cond, LighCCond, 

AeeLType, AecLCause 

Hidde ll bn.lllches: Disabled 

Training Results: 

Variance I Entropy Explained : 0 .352823 

Records correctly predicted: 2535 
Percentage correctly predicted: 77.76 % 

Aloortthm: Knowied geSEEKER 

Pnlnlng: Enabled 

Classification : reduced-error 
Dataset used to prune: Auto partitioning 

Nodes existed prior to prune : 59 

Nodes remain : 11 
Nodes were pruned : 48 

Figure 5. 13: Accuracy result of the third experiment on predictive model 

Thus, from the model one can learn lhat if accident type is involving pedestrian, denying 

pedestrians priority, driving with alcohol and over speed ing contribute much than other causes 

for an accident to result in fatality or serious injury. The predictive accuracy of the model 

built using the independent variables identified and the dependent variable ' injury severity ' is 

77.76 %. 

From the previous resu lts it is easy to understand that attributes selected as determinant in 

building the best decision tree with reduced-error pruning method produces better accuracy. 

Thus it is selected as the best predictive model from the experiments conducted. The summary 

of the experiment's accuracy comparison is presented in table 5.2 

Exp.l1o Attributes used Accuracy 

I Driv_Exp_Cat, Driv_sex, Driv_Age_Cat, AccUype, Acci_ cause, 75.87% 

Road_Cond, Road_SurCType, Vehic_type, Light_Cond 

2 AccUype, Acci_cause 75 .73% 

3 Acci_type, Acci_ cause, Road_Cond , Road_Surf_ Type, Driv_sex, 77.76% 

Vehic_type, Light_Cond 
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From the above summary it is easy to learn that the third experiment is better in accuracy 

employing seven attributes, namely Acci_type, Acci_cause, Vehic_type, Road_Cond, 

Driv_age_cat, Road_S urf_Type, and Light_Cond. And identifying these determinant factors 

will help the Addis Ababa Traffic Office in policy making. Specifically it wi ll be used to gear 

the focus and allocation of resources to wards improving road safety and decreasing fata lities 

and severity of injuries resulted from an accident. 

5.4 Evaluation 

Next to building and validating models, assessing the degree to which the model meets the 

business objectives was considered. It is through consultation of domain experts. Moreover, 

the whole process has been reviewed and the next steps were determined. The model-building 

phase was divided into two. An iterative decision tree model building using 

KnowledgeSEEKER algorithm which are used to generate rules was the first phase. The 

variables used for the decision trees constructed were those variables, which described an 

accident. Each of the decision tree constructed were used to generate rules that were analyzed 

in order to establi sh their business worth as meaningful rule sets that discovered information 

to help in the road safety programs. 

The analysis, which was closely undertaken with domain experts, revealed that the variables 

that were used were good attributes to classify injury severity into the predefined classes (i.e. 

fatal, serious, slight, and propelty damage). Each classification decision tree constructed 

under different experiments conducted were validated based on a dataset set aside for' that 

purpose from the original dataset that was collected. That means after partitioning the data set 

in to training and validation, the validation data set was used to validate each tree through 

'validate' command from tools menu of KnowledgeSTUDlO. This validation results were 

obtained in the form of confusion matrix. 

But decision of selecting the best decision tree was based on the soundness of the rules 

generated as we ll as the number of m isclassified records of different levels of injury severi ty. 

The decision tree depicted in figure 5.8 was the 'best' from the others in that it provided rule 

sets that were sounder to the problem domain. That means it prov ides most determinant 

factors in classifying accidents in their results. But the model is by no means the ultimate 

model ; therefore it is the researcher ' s belief that more experimentation could yield more 

meaningful trees that yield more sound. The val idation test conducted on the results of the 
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selected decision tree revealed that the over all accuracy of classifying accidents is 87.47%. 

Once the model that generated the soundest rule to classify accidents in to a predefined class 

was se lected, the next activity was to test the predictive accuracy of the model with the use of 

the independent variables identified as important and 'injury severity' as the dependent 

variable so as to be able to use the model to class ify future data tuples or objects for which the 

class label is not known. 

Training resu lts showed that the most important variables for the problem were accident type, 

cause of an acc ident, driv_age_cat, road condition, vehicle type, and light condition, road 

surface type. The model built in the present research was intended to support an effort in 

improving road safety at Addis Ababa Traffic office. Specifically it will used by the office in 

policy formulations. Therefore as previous researches reviled, the researcher also believes that 

the use of decision tree method is better as it can be easi ly explainable. 

Decision makers at the traffic office can easi ly detect and explain the level of injury severity 

of a given accident with decision trees because all the reasons for the different levels severity 

can be traced back on the decision tree. For example attributes like accident type and accident 

cause are most important in determining the severity of an accident. That means these 

decision trees can provide the possib le combinations of determ inant factors in classifying 

injuries at a different level of injury severity. But further experiments need to be conducted to 

assess if the use of a combination of the techniques could yield better results. However, since 

no analysis technique can replace experience and knowledge of the domain expert 

consideration of such expertise should get due attention. 

As it is apparent from the above discussion application of data mining technology in road 

traffic accident analysis or in modeling traffic data records can help to understand driver ' s 

behavior, roadway conditions, and weather conditions that were causally connected with the 

different injury severity. This can in turn help decision makers to formulate better traffic 

safety control policies. Conclus ions and recommendations drown from the research findings 

are presented in the next chapter. 
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6.1 Conclusion 

Chapter Six 

Conclusion and Recommendation 

Till now the capability to gather, store and manipulate data, accelerated by information 

technology, exceeds the ability to analyze and understand a huge volume of data. But the new 

generation of computerized methods is helping the effort of examining and analyzing very 

large datasets automatically and efficiently, thereby extracting useful information and 

knowledge, which are valuable for decision making. 

The objective of this research undertaking was to explore the possible application of data 

mining technology at Addis Ababa Traffic Office, for developing a classification model. Such 

a classification model could support the traffic officers at Addis Ababa Traffic Office in 

making decisions in traffic control activities. Specifically it helps decision makers to 

understand driver 's behavior, road and weather conditions and other related issues causing 

accidents resulting in fatalities or serious injuries so as to formulate better traffic safety 

control policies. Such a model developed also could help in minimizing accident severities at 

the region, and thereby improve the quality of life. 

Data mining technology basically is an iterative processes consisting offour basic steps; data 

collection, data preparation, model building, and evaluation. Accordingly different problems 

created instance where there was a need to go back and forth between the different steps. 

Addis Ababa traffic control division has a function of reducing accidents as one of its major 

activities. In doing so periodic registration of accidents and a small scale analysis has been 

done so far. But the severity of the case, that is the magnitude of accidents, needs some more 

advanced techniques in order to reach at measurable and actionable recommendations to help 

decision makers in strategic planning and decision-making. Moreover, the identification of 

major determinants of road traffic accident and severity nature and fatality of the injury will 

help save lives and support the effort of National Police Commission in reducing crime and 

improving the quality of life at large. 
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Since this research was intended specifica lly to identifY the possible appl ication of decision 

tree in the transport sector, other techniques like neural network should also be considered. In 

order to support traffic control system of Addis Ababa City, several models were built by 

employing decision tree approaches, and extracting rules. The best performing decision tree 

classifier was chosen taking into account the soundness of the rules it generated and also the 

number of false negatives it reduced, then its predictive accuracy was evaluated and analyzed. 

A dataset having 4658 records of vehicle accidents was used to build and test decision tree 

classification models. The determinant variables for injury severity level of an accident that 

were identifi ed by the present research were: 'accident cause' , 'accident type' , 'road 

condition', 'veh icle type' , ' light condition ' , 'road surface type ' and 'driver age'. The 

classification accuracy of the decision tree was tested, and it showed an accuracy of 87.47%. 

A Although as tried to mention above the classifi cation accuracy of decision tree should be 

compared with other techniques, decision tree was found to be more appropriate to the 

problem area since it provided with an explanation as to the decision it supplied for the 

actions that it recommended. In addition to this further experiments should be made to test ·if 

the combination of the models could result in a better classification performance. 

To conclude, results from the study have shown that the problem of injury severity due to 

vehicle accident could be suppOited by the use of data mining, in particular w ith the use of 

decision trees technique. 

6.2 Recommendations 

Through this research work an attempt has been made to find out the potential applicability of 

data mining technology to support the traffic control activity at Addis Ababa City based on 

historical data accumulated on accidents. Thus, based on the findings of this research work, 

the researcher would like to make the following recommendations particularly in relation to 

the possible appl ication of data mining technology in supporting traffic accident severity 

analysis at Addis Ababa City Traffic Office. 

Even though, this research was conducted as an academic exercise its results are found to be 

promising to be applied in addressi ng practical problems of injury severity analysis resulted 
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from an accident. Hence, based on the findings of this study, the following recommendations 

are forwarded: 

• An efficient data-mining task basically requires an availability of electron ic data. 

This is because it is computer based so lution for a given business problem. Having 

records available in electronic format facilitate the process of updating, reduce the 

time required to key in the records and avo id errors in keying in data. To this end, 

although there is a good start, Addis Ababa Traffic Office shou ld take measures to 

store all its records with all the necessary attributes in an electronic format and to 

make all decis ions based on col lected records. 

• Data mining techniques could contribute a lot in identitying potential accidents 

that will result in fatal and serious injuries. Thus, it could be more important to use 

data mining technique as a tool for the decision making process especially in 

revising the road traffic rules and regu lations and creating awareness for drivers 

and the citizens. In other words, Addis Ababa Traffic office cou ld optimize its 

eff0l1 in improving road safety by employing data mining technology. 

• . In this research, an attempt has been made to assess the applicability of data 

mining technology to support the identifi cation of determinant factors for an 

acc ident and injury severity level resulting from an accident by using some set of 

variables that were considered important by experts. However it is open for 

investigation to consider the effect of other variables towards the issue under 

treatment so as to build models with better performance and accuracy than the 

models built in th is research work. 

• Further experimentation on a larger dataset should also be made in order to derive 

more appropriate rules, which are good classifiers of potential accidents resulting 

as a fatal, serious, and slight or non-injury risk so as to be able to predict the 

outcome of records of accidents. 

• The present experiment provides a way to on ly classity accidents resulting as fatal, 

serious, slight, or non-injury. Further experiments should be able to find out other 

interesting pattern of an accident. 

• . Although in this study encouraging results were obtained, a small number of 

records was used for training and testing classi fiers. Hence, it is appropriate to 
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conduct the experiments with large training and testing datasets as well as making 

a number of trial s to come up with more accurate and better performing classifiers. 

• Further tests by extending this research or viewing it from different angel should 

also be made on the same dataset to see if other techniques like neural network or 

a combination of one or more techniques will result in a better classification 

performance. 

( 
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Appendices 

Annex 1: Rules Generated 

Generic Rules 

RULE il 
(Whole Tree) 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE 12 
if 

F-Injury 0.0781115879828 
P-damage 0 . 676394849785 
Serious_Injury 0 . 0815450643777 
Sli - Injury 0 . 163948497854 

Acei_Type = Turn Over 
then 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury Severlty 

RULE #3 
if 

F-Injury 0 . 3 
P-damage 0.5 
Serl0US Injury 0 . 0714285714286 
Sli-Injury 0 .1 28571428571 

Acci_Type ~ Vehic1e-FixObj 
then 

Injury_Severity 
Injury_Severity 
InJury Severlty 
Injury_Severity 

RULE 14 
if 

F-Injury 0 . 093896713615 
P-damage 0 . 859154929577 
Serious Injury 0 
Sli - In jury 0 . 0469483568075 

Acei Type = Vehlcle-Vehlcle 
then 

InJury Severlty 
InJury Severlty 
Injury_Severity 
Injury Se verlty 

RULE #5 
if 

then 
Acei Type = others 

Injury_Severity 
Injury_Severity 
InJury Severity 
InJury Severity 

RULE #6 
if 

F-Injury 0 . 0152838427948 
P-damage 0.901746724891 
Serl0US Injury 0 . 0218340611354 
Sli-Injury 0 . 061135371179 

F-Injury 0 . 0480769230769 
P- damage 0 .9 51923076923 
Serious InJury 0 
Sli-Injury 0 

Acei Type = vehlcle Peds 
then 

Injury_Severity 
Injury_Severity 
Injury_Severity 
InJury Severity 

RULE #7 

F-Injury 0 . 11875 
P-damage 0 . 18125 
Serious_Injury 0 . 25 
Sli-Injury 0 . 45 
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if 
Acci Type = Turn Over 
Acci_Cause = Denying pedestrians priority, Driving with alchool , Inappropriate Preceding and Turning or Over Speeding then 
Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F- Injury 0.535714285714 
P-damage 0 . 321428571429 
Ser10us InJury 0 . 0357142857143 Sli-Injury 0 . 107142857143 

RULE #8 
if 

rules 
then 

Acci_Type = Turn Over 
Acci Cause = Driving on the left side or Others : Breaking Traffic 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0.1875 
P-damage 0.8125 
Serious_Injury 0 
Sli-Injury 0 

RULE # 9 
if 

then 

Acci_Type = Turn Over 
Acci Cause = Not keeping appropraite distance 

InJury Severity 
InJury Severity 
InJury Severlty 
Injury_Severity 

t'-Injury 0 
P-damage 0 
Serious Injury 0 . 4 
Sli - Injury 0 . 6 

RULE #10 
if 

Acci Type = Turn Over 
Acci_Cause = Denying pedestrians priority , Driving with alchool , Inappropriate Preceding and Turning or Over Speeding 

then 
Vehic_Type = Automobil , Others or Taxi 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F- Injury 0 . 65 
P- damage 0 . 2 
Serlous InJury 0 
Sli-Injury 0 . 15 

RULE # 11 
if 

Acci_Type = Turn Over 
Acci_Cause = Denying pedestrians priority , Driving with alchool , Inappropriate Preceding and Turning or Over Speeding 

then 
Vehic_Type = Bus or Truck 

Injury_Severity 
Injury Severlty 
Injury_Severity 
InJury Severlty 

F-Injury 0 . 25 
P- damage 0 . 625 
SerlOUS Injury 0 . 125 
Sli -In jury 0 

RULE #12 
if 

then 

Acci_Type = Turn Over 
Acci_Cause = Not keeping appropraite distance Vehic_Age_Cat = B or D 
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Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 
P-darnage a 
Serlous InJury O.B 
Sli-Injury 0 . 2 

RULE #13 
if 

then 

Aeei Type = Turn Over 
Aeei_Cause = Not keeping appropraite distance 
Vehie_Age_Cat = C or F 

Injury_Severity 
Injury_Severity 
Injury Severlty 
Injury_Severity 

F- Injury 0 
P- darnage 0 
Serious InJury a 
Sli-Injury 1 

RULE #14 
if 

then 

Aeei_ Type = Vehiele-FixObj 
Aeei_Cause = Denying pedestrians priority or Driving with alehool 

Injury Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 . 322580645161 
P-damage 0 . 483870967742 
Serious InJury 0 
Sli - Injury 0 . 193548387097 

RULE #15 
if 

Acei_Type = Vehiele-FixObj 
Aeei Cause = Drlv~ng on the left side, Inappropriate Preceding and 

Turning , Not keeping approprai t e distance , Others:Breaking Traffic rules or 
Over Speeding 
then 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F- Injury 0.0549450549451 
P- damage 0.923076923077 
Ser~ous Injury 0 
Sli-Injury 0 . 021978021978 

RULE #16 
if 

then 

Aeei_ Type = Vehiele - FixObj 
Aeei Cause = Denying pedestrians priority or Driving with alehool 
Driv_Exp_Cat = B, C or F 

Injury_Severity 
Injury_Severity 
Injury Severity 
Injury_Severity 

F- Injur y 0 . 0555555555556 
P- damage 0 . 666666666667 
Ser~ous InJury 0 
Sli - Injury 0 . 277777777778 

RULE #17 
if 

then 

Acei_Type = Vehiele-FixObj 
Aeei_Cause = Denying pedestrians priority or Driving with alehool 
Dr~v Exp_Cat = D 

Injury_ Severity 
Injury_ Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 . 692307692308 
P- damage 0 . 230769230769 
Serious_ Injury 0 
Sli-Injury 0 . 0769230769231 

RULE #18 
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if 
Acel Type = Vehicle-FlxOb) 
Acel Cause = Drlving on the left side , Inappropriate Preceding and Turning , Not keeping appropraite distance , Others :Breaking Traffic rules or Over Speeding 
Light_Cond = Dark or Day light 

then 
Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE 119 
if 

F-Injury 0.0564971751412 
P- damage 0.926553672316 
Serious_Injury 0 
Sli - Injury 0 . 0169491525424 

Acei_Type = Vehicle -Fi xOb j 
Acei Cause = Drlvlng o n the left side , Inappropriate Preceding and Turning , Not keeping appropraite distance , Others : Breaking Traffic rules or Over Speeding 
Light_Cond ~ Road light 

then 
Injury_Severity 
Injury_Severity 
Injury Severl.ty 
Injury_Severity 

RULE 120 
if 

F- Injury 0 
P- damage 0 . 8 
Serious_Injury 0 
Sli-Injury 0 . 2 

Acei Type = Vehicle-Vehl.c!e 
Acei_Cause = Denying pedestrians priority 

then 
Injury_Severity 
Injury_Severity 
InJury Severlty 
Injury_Severity 

RULE 121 
if 

F-Injury 0 
P- damage 0.754716981132 
Serious_Injury 0 . 0377358490566 
Sli-Injury 0.207547169811 

Acci_Type = Vehicle - Vehicle 
Acci_Cause = Driving on the left side , Inappropriate Preceding and Turning , Not keeping appropraite distance , Others : Breaking Traffic rules or Over Speeding 

then 
Injury_Severit y 
Injury Severity 
Injury_Severit y 
InJury Severity 

RULE #22 
if 

F-Injury 0 . 0102827763496 
P-damage 0 . 928020565553 
Serious Injury 0 . 0179948586118 
Sli - Injury 0 . 0437017994859 

Acci Type = Vehicle - Vehicle 
ACCl Cause = Drivlng wlth alchool 

then 
Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE 123 
if 

F- Injury 0.1875 
P-damage 0 . 75 
SerlOUS InJury 0 . 0625 
Sli - Injury 0 

Acci Type Vehicle-Vehicle 

76 

I 

J 



Acci_Cause = Driving on the left side , Inappropriate Preceding and Turning , Not keeping appropraite distance, Others : Breaking Traffic rules or Over Speeding 
Vehic_Age_Cat = 8, C or D 

then 
InJury Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #24 
if 

f-Injury 0 . 0106761565836 
P-damage 0 . 903914590747 
Serious_Injury 0 . 0249110320285 
Sli-Injury 0.0604982206406 

Acci_Type = Vehicle-Vehicle 
Acci_Cause = Driving on the left side , Inappropriate Preceding and Turning , Not keep ing appropraite distance , Others : Breaking Traffic rules or Over Speeding 

then 
Yehle Age_Cat = F 

Injury_Severity 
I njury Severl t y 
Injury_Severity 
Injury_Severity 

RULE #25 
if 

Acci_Type = others 

f-Injury 0 . 00925925925926 
P- damage 0 . 9907407407 4 1 
SerIOUS Injury 0 
Sli-Injury 0 

Acci_Cause = Denying pedestrians priority, Driving on the left side , Driving with alchool , Inappropriate Preceding and Turning , Not keeping appropraite distance or Others : Breaking Traffic rules 
then 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #26 
if 

f - Injury 0 . 0238095238095 
P- damage 0 . 97619047619 
Serious Injury 0 
Sli - Injury 0 

Acci Type = others 
Acci_Cause = Over Speeding 

then 
Injury_Severi t y 
InJury Severity 
Injury_Severity 
Injury_Severity 

RULE #27 
if 

Acci Type = others 

f - Injury 
P- damage 

0 . 15 
0 . 85 

Serious_Injury 
Sli-Injury a 

o 

Acci_Cause = Denying pedestrians priority , Driving on the left side , Driving with alchool , Inappropriate Preceding and Turning , Not keeping appropraite distance or Others : Breaking Traffic rules 
Vehic_Type = Automobil , Bus , Moter Cycle , Others or Truck then 
Injury_Severity 
Injury Severlty 
Injury_Severity 
Injury Severlty 

RULE #28 
if 

Acc i_Type o thers 

f - Injury 0 
P- damage 1 
SerlOUS Injury a 
Sli-Injury 0 
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Acel Cause = Denying pedestrlans prlorlty , Drivlng on the left slde, 
Driving with alchool , Inappropriate Preceding and Turning , Not keeping 
appropraite distance or Others:Breaking Traffic rules 

then 
Vehlc Type = Taxl 

InJury Severlty 
InJury Severlty 
Injury_Severity 
Injury_Severity 

RULE #29 
if 

F- Injury 0 . 0869565217391 
P- damage 0.913043478261 
Serlous InJury 0 
Sli-Injury 0 

Acci_Type = veh i cle_ Peds 
Acci Cause = Denying pedestrians priority or Not keeping appropraite 

distance 
then 

InJury Severlty 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #30 
if 

F- Injury 0 . 155405405405 
P- damage 0.00675675675676 
Serious InJury 0 . 371621621622 
Sli - Injury 0 . 466216216216 

Acci_Type = v e hicle Pe ds 
Acci_Cause = Driving on the left side or Inappropriate Preceding and 

Turn i ng 
then 

InJury Severity 
Injury_Severity 
InJury Severlty 
Injury_Severity 

RULE #31 
if 

F- Injury 0 
P-damage 0 . 302631578947 
SerlOUS InJury 0.118421052632 
Sli-Injury 0 . 578947368421 

Acci_Type = vehlcle Peds 
Acci_Cause = Driving with alchool 

then 
Injury Severlty 
Injury_Severity 
Injury_Seve r ity 
InJury Severlty 

RULE #32 
if 

F- Injury 0 . 333333333333 
P- damage 0.0833333333333 
Serious_Injury 0 . 375 
Sli-Injury 0 . 208333333333 

Acci_Type = vehicle_ Peds 

then 
Acci_Cause = Others :Breaking Traffic rules 

Injury_Severity 
InJury Severlty 
InJury Severity 
Injury_Severity 

F- Injury 0 
P-darnage 1 
SerlOus InJury 0 
Sli - Injury 0 

RULE #33 
if 

then 

Acci_ Type = vehicle_Peds 
Acci Cause = Over Speeding 

Injury_Severity 
InJury Severity 
Injury_ Severity 
Injury_Severity 

F- Injury 0 . 137 2549 01961 
P- damage 0 . 21568627451 
Serious_Injury 0.137254901961 
Sli - Injury 0 . 509803921569 
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RULE #34 
if 

Acci Type = veh1cle Peds 
Acci Cause = Denying pedestrians priority or Not keeping appropraite 

distance 

then 
Road_Cond = Dry 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

RULE #35 
if 

F-Injury 
P-damage 

0 . 112781954887 
0 . 007518796992 48 

SerlOUS Injury 0 . 383 45864661 7 
Sli-Injury 0 . 496240601504 

Acci Type = vehicle Peds 
Acci_Cause = Denying pedestrians priority or Not keeping appropraite 

distance 

then 
Road_Cond = slippery 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 . 533333333333 
P-damage 0 
Serious_Injury 0 . 266666666667 
Sli- Injury 0 . 2 

RULE #36 
if 

Acci Type = vehlcle Peds 
Acci Cause = Driving on the left side or Inappropriate Preceding and 

Turning 

then 
Driv_Exp_Ca t = B or C 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-I njury 0 
P-damage 0 . 1875 
Serious InJury 0.0625 
Sli-Injury 0 . 75 

RULE #37 
if 

Acci Type = vehicle_Peds 
Acci Cause = Driving on the left side or Inappropriate Preceding and 

Turning 

then 
Driv_Exp_Cat = D or F 

Injury_Severity 
InJury Severlty 
Injury_Severity 
Injury_Severity 

F-Injury 0 
P-damage 0 . 386363636364 
Serious Injury 0 . 159090909091 
Sli - Injury 0 . 454545454545 

RULE #38 
if 

then 

Acci_Type = vehicle Peds 
Acci_Cause = Driving with alchool 
Dr~v Exp_Cat = B or r 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 . 142857142857 
P-damage 0.285714285714 
SerlOUS Injury 0 . 571428571429 
Sli-Injury a 

RULE #39 
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if 

then 

Acel Type = vehlcle Peds 
Acci_Cause = Driving with alchool 
DrlV Exp_Cat = C or D 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 . 411764705882 
P-damage 0 
Serlous Injury 0.294117647059 
Sli-Injury 0 . 294117647059 

RULE #40 
if 

then 

Acci_Type = vehlcle Peds 
Acci_Cause = Over Speeding 
Vehic_Age_Cat = B or D 

Injury_Severity 
Injury_Severity 
Injury_Severity 
Injury_Severity 

F-Injury 0 . l75 
P-damage 0 . 275 
Serious_Injury 0 . 15 
Sli-Injury 0 . 4 

RULE #41 
if 

then 

Acci_Type = vehicle_Peds 
Acci_Cause = Over Speeding 
Vehic_Age_Cat = C or F 

F-Injury 0 
P-darnage 0 

InJury Severl.ty 
Injury_Severity 
Injury_Severity 
Injury_Severity 

Serlous InJury 0 . 0909090909091 
Sli-Injury 0 . 909090909091 
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Annex 2: Accident data recording form 
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