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Abstract 
Road traffic accidents (RT As) are now becoming one of the leading public health 

problems in Ethiopia. Due to accidents people are dying and getting di sabled further 

resulting in property losses. It is more severe in the capital city of Ethiopia, Addis Ababa 

where most cars in the country are bustling. Most accidents in the capital are due to 

driver problems. And most of the fatalities are attributed to the accident type pedestrian 

hit by car. 

In this research an attempt has been made to apply the detIsion tree and multilayer 

perceptron (MLP) neural network data mining techniques to analyse the accident data . 

The research focuses on predicting the degree of dri ver' s· responsibility for car acc idents 

and identifying the important factors influencing the different levels of responsibility by 

using the RTA dataset of Addis Ababa Traffic control and investigation department 

(AARTCIO). 

In the research undertaking standard data m1l1111g methodology has been employed. 

Accordingly, the domain area; in this case the traffic control system is carefully studied , 

the accident dataset is carefully investigated to have a clear picture and verification of the 

data. Preprocess ing the data by performing data cleaning, data se lection, data 

transformation and replacing miss ing value activities are al so among the crucial activities 

that have been carried out in thi s research. 
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Exploratory data analysis (EDA), descriptive modeling, predicti ve modeling 

(c lassification and regression), discovering patterns and rules and retrieva l by content. 

In accomplishing the data mining task a number of standard techniques and tools can be 

employed. The major data mining teclmiques according to Berry and Linoff (2004), are 

dec ision trees, neural networks, cluster Analysis and Statistical methods li ke, Bayesian 

inference, logistic regression, log-linear models, the common techniques of cluster 

analysis are :which are divi sible algoritlu11S, agglomerati ve algorithms, partitional 

clustering, and incremental clustering. Association Rules, genetic algorithms and fuzzy 

inference systems are al so worth mentioning. 

1.2 Road Traffic Control System 

Addis Ababa is the capital of the Federal Democratic Republic of Ethiopia (FDRE). It is 

also home to the African Union, the Economic Commission for Africa and other 

international organizations. Hence, it is a city with a number of offices playing various 

roles in economic, social and political sector development of the country. Traffic 

Control and investigation Department of Addis Ababa' Police Commission which is 

located in Bole sub city is one of such offices with the following fundamental 

responsi bi I ities: -

./ Ensure the safety to the citizen by promoting the safe and orderly flow of traffic 

on the city 's street and highways . 

./ Enforce al l laws and ordinances as they relate to each of the different fo rms of 

streets and highway traffic. 

- 2 -
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,/ Reduce the number of vehicular and pedestrian accidents. 

,/ Develop and implement strategies that will improve the fl ow of traffic, remove 

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

,/ Reducing crime by improving the quality of life which is part of the goal of the 

pol ice commission 

To di scharge these responsibilities the office has staffs mainly traffic police officers and 

various equipments such as Motor Bicycles and different Automobi les. 

1.3 RTA 

RTA is an accident that occurred on a way or street open to public traffic ; resulted in one 

or more persons being killed or injured, and at least one moving vehicle was involved. 

Thus, RTA is colli sions between vehicles; between vehicles and pedestrians; between 

vehicles and animals ; or between vehicles and fixed obstacles (A. Persson, 2008). Every 

year about 1.2 million people are killed and more than 20 million are injured or di sab led 

globall y due to car accidents. A report by WHO (2004) estimated that wo rldwide over 

one million people are reportedly ki lled each year in road crashes , equi va lent to three 

deaths every minute. Moreover, by the year 2020 road accidents will be the third leading 

cause of death. This puts road safety well ahead of wars HIV/AIDS, malaria and (other) 

'acts of violence' as world health problem. 

Among both children aged 5-14years, and young people aged 15-29 years, road traffic 

injuries are the second-leading cause of death woridwide(WHO,2004). 
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The cause of injuries worldwide is dominated by those incurred in road crashes. 

According to WHO (2005), deaths from road traffic injuries account for aro und 25% of 

all deaths from injury. The annual number of road deaths varies from around 750,000 --

1,180,000- representing over 3,000 lives lost daily. 

In low income countries and regions-in Africa, Asia, the Caribbean and Latin America­

the majority of road deaths are among pedestrians, passengers, cyclists, users of 

motorized two wheelers, and occupants of buses and minibuses (WHO, 2004). Globally, 

the ri sk of dying in a road crash is far higher for vulnerable road users-pedestrians, 

cyc li sts and motorcyclists-than for car occupants. Africa has 4 percent of the world 's cars 

but accounts for more than II percent of the world's traffic casualties and that is 

probably conservative. The WHO figures that road casualties in Africa are under reported 

by as much as twelve fold , and it predicts the death toll wi ll ri se an additional 80 percent 

by 2020, as the population grows and becomes morc motorized. 

1.4 Statement of the Problem and Justification ofthe study 

The fundamental motivation for this research work is the prevalence of high road 

accident rate experienced by the nation and the capital , Addis Ababa, in particular. 

According to a report by WHO(2004), around 85% of all global road deaths and 96% of 

all chi ldren killed worldwide as a result of road traffic injuries occur in low- income and 

middle- income countries. Tn developing countries traffic accidents make up a very high 

proportion of the people being treated at accident and emergency departments and 

occupyi ng hospital beds. Needless to mention the severe loss of property; people have 

been dying and injured due to car accidents. The capital shares 65% of the total accident 
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in the country. Pedestrians are the most vulnerable ones in Addis Ababa; above 81 % of 

accident fata lities are of accident type "car hit pedestrian". Moreove r, more than 80% of 

the accident factors are attributed to dri vers' problem including, among other things, over 

speeding, di sobeying traffic rules, driving with alcohol and selfi sh attitudes( 

NRSO,2008).The key determinants of the problem as identified by A. Persson (2008) are 

poor road network; absence of knowledge on road traffic safety; mixed traffi c flow 

system; poor legislation and fai lure of enforcement; poor conditions of vehicles; poor 

emergency medical services; and absence of traffi c accident compulsory insurance law. 

f
The primary stakeho lder in road safety problems of the city is AARTCID. As part of its 

" daily activity the department co llects and records road accidents occurring in the city to 

fac ili tate decision making. 

In order to implement road safety policy effecti ve ly it is essential to have suitable data 

sources for monitoring and analyzing progress and eva luating the effects on safety of the 

measures taken. Analys is of thi s data may allow incident clusters and incident causes to 

be identified (www.wikipedia.com). According to WHO(2004) the loss due to road 

accidents is not affordable, especia ll y in developing countri es where resources are scarce 

and cannot be wasted on preventable 'accidents'. In an attempt to prevent road accidents 

one role that can be played is researching the causes of traffic crashes and injuries and in 

do ing so trying to determine: causes and corre lates of r oad crash injury, factors that 

increase or decrease ri sk and factors that might be ,;,odifiable through interventions. To 

carry out such researches on vo luminous, multi featured and hi stori ca l accident data it 

requires some state of the art tool and techn ique; One such technology is data mining. 
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A number of researches have been undertaken in analyzing acc ident data with different 

objectives using data mining technology at local level and internationall y. One such 

research is that of Tibebe Besha (2005). He studied the accident data and proved the 

application of data mining in determining acc ident severity. He al so recommended that 

other data mining techniques with better performance could be employed to come up 

with other important hidden patterns in the accident dataset. 

Hence. in thi s research an attempt has been made to pred ict dri ver's degree of 

responsibility using deci sion tree and MLP techniques. It has also been tried to identify 

hidden patterns in the accident caus ing dri vers behavior such as; the relationship between 

demographical, environmental and other attributes of the driver. 

1.5 Objective of the study 

The general and specific objectives of the proposed research are described as follows: 

1.5.1 General Objectives 

The general objective of the research is to build predictive data mining models to predict 

driver's degree of responsibi lity for an acc,ident using RTA data and in doing so identify 

the hidden patterns in the data that influence the driver' s degree of responsibility. 

1.5.2 Specific objectives 

The followin g are specific objective of the study so as to realize the above mentioned 
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general objective:-

~ Investigate the traffic control system and identify the attributes that influence 

dri ver's responsibility for an accident. 

~ Predict the driver 's degree of responsibility usmg the decision tree and MLP 

predictive techniques. 

~ Compare and suggest the best model for prediction. 

1. 6 Research Methodology 

In this research The WEKA data mining tool has been employed to implement most of 

the technical aspects of the CRISP-OM standard data mining methodology has been 

adopted. Based on the adopted methodology the important iterative activities that are 

undertaken in this research are: business understanding, data understanding, data 

preprocessmg, and selection of modeling technique, model bui lding and model 

evaluation. WEKA is the preferred too l fo r this research undertaking. The reason is that, 

it is extensively documented and it is equipped with multiple features to handle almost all 

activities performed in any data mining method . Last but not least it is public source 

software. 

1.6.1 Literature Review 

Different literatures on road safe ty and data mining have been reviewed. These include 

articles, magazines and other publications in the area of road safety to have a clear picture 

of the business and to understand the severity of road accidents. Data mining and 

machine learning literatures have also been extensive ly reviewed in an attempt to 
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discover the methods, tools and techniques that can be appl ied to achieve the data mining 

goal. 

1.6.2 Data Collection/Creating Dataset 

The accident data was obtained from the AARTICD. Some portion of the data is 

computerized in an excel fil e format in Amharic font and others are available in ledgers. 

The data was manually converted to English and completely described . The accident data 

was explored and re-explored using WEKA's data exploration faci lity. This was done to 

understand the accident data and to verify the quality of the data. 

1.6.3 Data Preprocessing 

At this stage different data preprocessing activities have been carried out based on the 

resu lt of the data exploration resu lt. Missing values were well attended by data cleaning 

process and some minor data transformation is also done. In addition data se lection has 

been undertaken by selecting the appropriate records and attributes for the data mining. 

The creation of the class label for the driver' s degree of responsib ility which is required 

for supervised learning is another major activity that has been carried out in this paper. 

Clustering technique which is an unsupervised learning technique is employed to 

determine the class label. As a result three classes 'S light ', ' Moderate ' and 'Extreme ' 

va lues are ass igned based on expert judgment and used for prediction. 

1.6.4 Experimentation and Result Analysis 

In this research an attempt has been made to implement the most popular classification 

modeling techniques namely deci sion trees and neural networks (MLP).The !l10dels have 
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been bui lt on different attribute subsets of the accident data. In all the experiments ten 

fold cross validation has been employed for training and testing the models. It is a model 

traing and testing method recommended by the WEKA developers. The performance of 

the di fferent decision tree models has been studied and the one which is believed to be 

the best has been used for rule extraction and the rul es where judged by the experts. 

Evaluations of the models have been carri ed automatically to select the best model for 

prediction. In evaluating the models ten fold cross validation which is recommended by 

the WEKA developers has been used for training and testing. Three two models for 

decision tree and one for the MLP have been compared based on performance measures 

such as percent accuracy, true positive rate, precision , recall and others. And the one 

with the best score is selected. 

1. 7 Scope and Limitation of the Study 

The scope of thi s research is limited to analysis of the accident data of the AARTCID of 

the years 2005-08 by employing decision tree and MLP techniques of classification for 

predicti ve data mining. 

In conducting thi s research, the major limitations faced is that the data at the traffic offi ce 

is not full y computerized and thi s research based on the partially computerized one. In 

addition, some important attributes are severely miss ing, inconsistent and incomplete. 

The absence of exp lic it information on level of responsibility of the driver for the 

accident can also be considered as a significant limitation. 

1.8 Significance of the Research 
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[t is the researcher's be lief that the result of thi s research has a significant contribution in 

helping to improve the performance of the current traffic system to reduce car accidents 

especiall y by understanding important patterns in factors contributing to drivers ' high 

level of responsibility for accidents. This could be achieved through enhancing the 

enforcement of traffic rules, awareness of the officials, the soc iety and persuading policy 

makers and decision makers. 

1.9 Research Organization 

This research has 7 chapters. Chapter one is an introductory chapter. It presents the 

background of the study, statement of the problem, objective of the study and the 

methodology adopted in the research. 

The second chapter is a discuss ion made on the data mlI1Jng concept, importance, 

methods and techniques as described in different literatures. 

In chapter three vanous literatures are summarized in an attempt understand the road 

traffic control business. 

Chapter fo ur is a report on the major activities performed during the accident data 

understanding and preprocessing phase of the data mining process. These are acc ident 

data co llection, verification, data cleaning, data selection and data construction in data 

preprocesslI1g. 

The fifth chapter is a di scussion made on the experimentation and resu lt analys is phase of 

data mining process in which classification models are built and their performance is 

evaluated. The techniques used for model ing, the evaluation methods and the analysis of 
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the results are di scussed in detail in thi s chapter. 
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Chapter Two 

Data Mining Technology 

2.1 Introduction 

This chapter is about the essence of data mining, how it is important, how it is different 

from and similar to other related fields such as statistics, and the basic conceptual 

background of the methods and teclmiques of data mining as discussed in various data 

mining literatures by different authors. 

2.1.1 Overview 

We are li ving in a time where data is co llected and stored in unprecedented volumes. 

Large and small enterprises co llect data about their businesses, their customers, thei r 

human resources, their products, their manufacturing processes, their suppliers, their 

business partners, their local and international markets and thei r competitors. Turn ing this 

data into information and that information into knowledge has become a key component 

of the success of a business. Data contains valuable information that can support 

managers in their business decisions in effectively and efficiently mrming a business. 

Information is the basis fo r identifying new opportunities. Knowledge is the linchpin of 

society. (Graham Williams, 2004-08). 

According Mehmed Kantardzic (2003), trad itionall y, ana lysts have performed the task of 

extracting useful information from recorded data . But, tlie increasing vo lume of data in 

modern business and science call s for computer-based approaches. As data sets have 

grown in size and complexity, there has been an inevi tab le shift away from direct hands­

on data anal ys is toward indirect, automatic data analysis using more complex and 
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sophisticated too ls. The modern technologies of computers, networks, and sensors have 

made data col lection and organ ization an almost effortless task. However, the captured 

data needs to be converted into information and knowledge from recorded data to become 

useful. 

In recent years there has been an explosive growth of methods fo r di scovering new 

knowledge from raw data (Mehmed Kantardzic , 2003). He adds that, in response to this, 

a new discipline of data mining has been specially developed to extract valuable 

information from such huge data sets. Given the proliferation of low-cost computers (for 

software implementation), low-cost sensors, communications, database technology (to 

co llect and store data), and computer-literature application experts who can pose 

"interesting" and "useful" application problems, this is not surpri sing. 

Different versions of definition for data mining exist in the data mining literatures. Some 

of them are: Han and Kamber (200 1) defined data mining as the task of discovering 

interesting patterns from large amounts of data where the data can be stored in databases, 

data warehouses, or other information repositories. Data mining is the extraction of 

implicit, previously unknown, and potentiall y useful information from data (Whitten and 

Frank, 2005). While, according to D. Hand et al (2001) it is " the analysis of (o ften large) 

observational data sets to find unsuspected relationships and to sununarize the data in 

novel ways that are both understandable and useful to the data owner" . 

2.2 Data Mining and Statistics 

According to Berry and Linoff (2005), many of the data mining techniques were invented 

by stati sticians or have now been integrated into statistical software; they are ex tensions 
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of standard statistics. They argue that although data miners and statisticians use similar 

techniques to so lve similar problems, the data mining approach differs from the standard 

statistical approach in several areas: 

.:. Data miners tend to ignore measurement error in raw data . 

• :. Data miners assume that there is more than enough data and processing power. 

.:. Data mining assumes dependency on time everywhere . 

• :. It can be hard to design experiments in the business world . 

• :. Data is truncated and censored. 

They also generalize; the differences are differences of approach, rather than opposites. 

As such, they shed some light on how the business problems addressed by data miners 

differ from the scientific problems that spurred the development of statisti cs. 

A. Ekhaus (2003) argued that data mining is useful for di scovering rel ationships and 

Statistics is useful fo r anal yzing relationships. The two disciplines need to coexist and 

methods that bridge the gap between the two are needed. Moreover, merging the two 

di sciplines will develop approaches which discover "actionable decisions" with 

confidence that the deci sions are actually "good". 

The field of data mll1l11g, like statisti cs, concerns itself wi th "learning from data" or 

"turning data into information". Instead of trying to make a distinction between the two 

fi elds, it is rather important to note that data mining can learn from statistics- that, to a 

large extent, stati stics is fundamental to what data mining is really trying to achieve. 

There is the opportunity for an immensely rewarding syilergy between data miners and 
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statisti cians. Data mining and statistics will inevitably grow toward each other in the near 

future because data mining wi ll not become knowledge discovery without statistical 

thinking, stati stics wi ll not be able to succeed on massive and complex datasets without 

data mining approaches (Diego Kuonen, 2004). 

2.3 Data Mining Methodology 
In the business environment, complex data mining projects may require the coordinate 

efforts of various experts, stakeholders, or departments throughout an entire organization. 

In the data mining literature, various "general frameworks" have been proposed to serve 

as blueprints for how to organize the process of gathering data, analyzing data, 

disseminating results, implementing results, and monitoring improvements. One such 

model , CRISP (Cross-Industry Standard Process for data mining) was proposed in the 

mid-1990s by a European consortium of companies to serve as a non-proprietary standard 

process model for data mining (StatSoft, Inc, 2008). 

2.3.1 The CRISP-OM Methodology 

The CRISP-DM data mining methodology is described in terms of a hierarchical process 

model as shown in figure 2.1. It consists sets of tasks described at four levels of 

abstraction (from general to specific): phase, generic task, specialized task and process 

instance (The CRISP-DM consortium, August 2000). 

At the top level , the data mining process is organized into a number of phases; each phase 

consists of several second-level generic tasks. Thi s second level is called generic, because 

it is intended to be general enough to cover all possible data mining situations. The 
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generic tasks are intended to be as complete and stable as possible. Complete means 

covering both the whole process of data mining and all possible data mining app licat ions. 

Stable means that the model should be valid for yet unforeseen deve lopments like new 

modeling techniques. The third level, the specialized task level, is the place to describe 

how actions in the generic tasks should be carried out in certa in specific situations. For 

example, at the second level there might be a generic task called clean data. 

The fourth level, the process instance, is a reco rd of the actions, decisions and results of 

an actual data mining engagement. A process instance is organized according to the tasks 

defined at the higher levels, but represents what actuall y happened in a par1icular 

engagement, rather than what happens in general. 
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Figure 2. 1: Four level breakdown of the CRISP-DM methodo logy (Adapted fro m: The 

CRISP-DM consortium, 2000) 
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In CRISP-DM a concept called data mining context dri ves mapping between the generic 

and the speciali zed level discussed above. The methodology distinguished between four 

different dimensions of data mining: application domain, data mining problem type, 

technical aspect and tool and technique (The CRISP-DM consorti um, August 2000) . 

• :. The application domain is the specific area in which the data mining project takes 

place . 

• :. The data mining problem type describes the specific class (es) of objective(s) that the 

data mining project deals with . 

• :. The technical aspect covers specific Issues 111 data mining that describe different 

(technical) challenges that usually occur during data mining . 

• :. The tool and technique dimension specifies which data mll1ll1g tool(s) and/or 

techniques are applied during the data mining project. 

2.3.2 The Data mining Process Model 

A data mining model is concerned with the process of how to integrate data mining 

methodology into an organization, how to convert data into information, how to involve 

important stake-holders, and how to di sseminate the information in a form that can easily 

be converted by stake-holders into resources for strategic decision making (StatSoft, Inc. , 

2008). 

According to (The CRISP-DM consortium, August 2000), the life cycle of any data 

mining project consists of six phases (see Figure 2.2). They briefly outlined each phase as 

fo llows: 
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Business understanding: This initial phase focuses on understanding the project 

objectives and requirements from a business perspective, then converting this knowledge 

into a data mining problem definition and a preliminary plan designed to achieve the 

objectives. 

Data understanding: The data understanding phase starts with an initial data collection 

and proceeds with activities in order to get famili ar with the data, to identify data quality 

problems, to di scover first insights into the data or to detect interesting subsets to form 

hypotheses for hidden information. 

Data preparation: The data preparation phase covers all activities to construct the final 

dataset (data that will be fed into the modeli ng tool(s» from the initial raw data. Data 

preparation tasks are likely to be performed mUltiple times and not in any prescribed 

order. Tasks include tab le, record and attribute se lection as well as transformation and 

cleaning of data for modeling tool s. 

Modeling: In this phase, various modeling teclmiques are selected and applied and their 

parameters are calibrated to optimal values. Typica ll y, there are several techniques for the 

same data mining problem type. Some techniques have specific requirements on the form 

of data . Therefore, stepping back to the data preparation phase is often necessary. 

Evaluation : At thi s stage in the project you have built a n10del (or models) that appear to 

have high quality from a data analysis perspective . Before proceeding to final 

deployment of the model, it is important to more thoroughl y evaluate the model and 

rev iew the steps executed to construct the model to be certain it properly achieves the 

- 18 -



business obj ecti ves. A key objective is to determine if there is some important business 

issue that has not been suffic iently considered . At the end of this phase, a dec is ion on the 

use of the data mining results should be reached (The CRISP-DM conso rtium, August 

2000). 

Deployment: Creation of the model is generall y not the end of the project. Even if the purpose of the 

model is to increase knowledge of the data, the knowledge gai ned will need to be organized and 

presented in a way that the customer can use it. It often invo lves apply ing live models wi thin an 

organization 's decision maki ng processes (The CRISP-OM consorti um , August 2000). 
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Figure 2.2: Phases of the CRISP-DM reference model (adapted from the CRISP-DM 
consortium, August 2000) 
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2.4 Data Mining Task 

The two high-level primary goals of data mining in practice tend to be prediction and 

description. Prediction involves using some variables or fields in the database to predict 

unknown or future values of other variables of interest, and description focuses on 

finding human-interpretable patterns describing the data. Although the boundaries 

between prediction and description are not sharp (some of the predictive models can be 

descriptive, to the degree that they are understandable, and vice versa), the distinction is 

useful for understanding the overall discovery goal. The relative importance of prediction 

and description for particular data-mining applications can vary considerably. The goa ls 

of prediction and description can be achieved using a variety of particular data-mining 

methods (Usama Fayyad et ai, 1996). 

While, Berry and Linoff (2005) described data mining as having two general form s; 

directed and undirected data mining. Directed data mining involves searching through 

hi storical records to find patterns that explain a particular ' outcome. Directed data mining 

includes the tasks of class ification, estimation, prediction, and profiling. Undirected data 

mining searches through the same records for interesti ng patterns. It includes the tasks of 

clustering, find ing association rules, and description. 

According to Mehmed Kantardzic (2003) the pnmary data-mining tasks are: 

Classification, Regression, Clustering, Summarization, Dependency Modeling and 

Change and Deviation Detection. 

Accord ing to a publication by the CRISP-OM consortium (Augest, 2000), the data 

mining project involves a combination of different problem types, which together so lve 
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the business problem. More over they have examined the basic concept of these methods 

and their inter connection as presented in the discussion that follows. 

Data desCI"iption and summarization : This allns at the concIse description of 

characteri stics of the data, typicall y in elementary and aggregated form. It prov ides an 

overview of the structure of the data. Sometimes, data description and summarization 

alone can be an objective of a data mining project. 

Segmentation or clustering: This data mining prob lem type aims at the separation of the 

data into interesti ng and meaningful subgroups or classes. All members of a subgroup 

share common characteri sti cs . Often, however, very often segmentation is a step towards 

so lving other problem types. Then, the purpose can be to keep the size of the data 

manageable or to find homogeneous data subsets that are easier to analyze. Typically, in 

large datasets various influences overlay each other and obscure the interesting patterns. 

Then, appropriate segmentation makes the task easier. 

Concept descriptions : It aims at an understandable description of concepts or classes. 

The purpose is not to develop complete models with high prediction accuracy, but to gain 

insights. Concept description has a close connection to both segmentation and 

classification. Segmentation may lead to an enumeration of objects belonging to a 

concept or class without any understandable description. Typically, there is segmentation 

before concept description is performed. 

Classification : Classification assumes that there is a set of objects characterized by some 

attri butes or features which belong to diffe rent classes. The class labe l is a discrete 
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(symbolic) value and is known for each object. The objective is to build classification 

models (sometimes called classifiers), which assign the correct class label to prev iously 

unseen and unlabe led objects. Classification models are mostl y used for predictive 

modeling. The class labels can be given in advance, for instance defined by the user or 

deri ved from segmentation. Classification is one of the most important data mlI1lng 

problem types that occur in a wide range of various applications. Many data mll1ll1g 

problems can be transformed to classification problems. 

Class ification has connections to almost all other problem types. Prediction problems can 

be transformed to class ification problems by birming ·continuous class labels, since 

birming techniques allow transforming continuous ranges into discrete intervals. These 

discrete interva ls are then used as class labels rather than the exact numerical values and 

hence lead to a class ification problem. Some classificat ion techniques produce 

understandable class or concept descriptions. There is also a connection to dependency 

analysis because classification models typically exploit and elucidate dependencies 

between attributes. 

Segmentation can either provide the class labels or restrict the dataset such that good 

classification models can be built. It is useful to analyze deviations befo re a classification 

model is buil t. Deviations and outliers can obscure the patterns that wo uld allow a good 

classification model. On the other hand, a classification model can also be used to 

identi fy deviations and other problems with the data. 

Prediction: Prediction is very similar to classification. The onl y difference is that in 

pred iction the target attribute (class) is not a qualitative discrete attribute but a continuous 
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one. The aim of prediction is to find the numerical value of the target attribute for unseen 

objects. In the literature, thi s problem type is sometimes called regression. If prediction 

deals with time series data then it is often called forecasting. 

Dependency analysis : Dependency analysis consists of finding a model that describes 

significant dependencies (or associations) between data items or events. Dependencies 

can be used to predict the value of a data item given information on other data items. 

Assoc iations are a special case of dependencies, which have recently become very 

popular. Associations describe affinities of data items (i.e. , data items or events which 

freq uently occur together). A typical appli cation scenario for associations is the anal ysis 

of shopping baskets . 

Dependency analysis has close connections to prediction and classification, where 

dependencies are implicitly used for the formu lation of predictive models. There is also a 

connection to concept descriptions, which often highlight dependencies. In applications, 

dependency analysis often co-occurs with segmentation. 

2.5 Data Mining Technique 

In the data mining literature several data mining tecl1l1iques are di scussed that can be 

employed to accompli sh the various data mining tasks described in the previous section. 

Berry and Linoff (2005) argues that no single data mining tool or teclulique is equally 

applicable to a ll data mining tasks. The choice of a particular data mining technique 

depend on the business problems to be so lved Graham Williams (2008). Some of the 

most important teclul iques as described in the literature are presented as follo ws. 
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In the mach ine learning literature, directed data mining is call ed supervised learning and 

undirected data mining is called unsupervised learning (Berry and Linoff, 2005). 

2.5.1 Decision Tree 

Vari ous li teratures described decision trees as a teclmique fo r classification in a number 

of ways. According to Mehmed Kantardzic (2003), decision trees and deci sion rules are 

data-mining methodologies applied in many real-world applications as a powerful 

so lution to classification problems. 

According to Han and Kamber (200 1), a deci sion tree is a fl ow-chart-li ke tree structure, 

where each internal node denotes a test on an attri bute, each branch represents an 

outcome of the test, and leaf nodes represent classes or class distributions (Hand). The 

topmost node in a tree is the root node. Internal nodes are· denoted by rectangles, and leaf 

nodes are denoted by ovals. In order to classify an unknown sample, the attribute values 

of the sample are tested against the decision tree. A path is traced from the root to a leaf 

node which holds the class prediction for that sample. A typical decision tree for 

classification of samples with two input attributes X and Y is given Figure 2. 1. All 

samples with feature va lues X>O and Y=B belong to Class2, while the samples with 

va lues X>O belong to Class3, whatever the value for feature Y. 
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Yes 

No 
Y? 

Y=A Y=B 

Class3 Class I Class2 

Figure 2.3: A simple deci sion tree with the tests on attributes X and Y 

2.5.1.1 Decision Tree Algorithm 

In the data mining and machine learning literatures decision trees are implemented using 

some common algori thms. A well-known tree-growing algo rithm for generating decision 

trees based on univariate spl its is Quinlan's rD3 with an extended version called C4.S. 

Greedy search methods, which involve growing and pruning deci sion-tree structures, are 

typically employed in these algorithms to explore the exponential space of possible 

models (Mehmed Kantardzic, 2003). 

The 1D3 algorithm starts with all the training samples at the root node of the tree. An 

attribute is selected to partition these samples. For each value of the attribute a branch is 

created, and the corresponding subset of samples that have the attribute value specified 

by the branch is moved to the newly created child node. The algorithm is appl ied 

recursively to each child node until all samples at a node are of one class. Every path to 

the leaf in the decis ion tree represents a classification rule. Attribute selection at a node in 
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10 3 and C4.S algorithms are based on minimizing an information entropy measure 

applied to the examples at a node (Mehmed Kantardzic, 2003). 

The original ID3 algorithm used a criterion called gain to select the attribute to be tested 

which is based on the information theory concept: entropy. The attribute-se lection part of 

103 is based on the assumption that the complexity of the decision tree is stro ngly related 

to the amount of information conveyed by the vahie of the given attribute. An 

information-based heuri stic se lects the attribute providing the highest information gain, 

i.e., the attribute that minimizes the information needed in the resulting subtree to classify 

the sample. An extension of ID3 is the C4. S algorithm, which extends the domain of 

classification from categorica l attributes to numeric ones. The measure favors attributes 

that result in partitioning the data into subsets that have low class entropy, i.e., when the 

majority of examples in it belong to a single class. The algorithm bas ically chooses the 

attribute that provides the maximum degree of discrimination between classes locall y. 

The general algorithm fo r a decision tree learner can be fo und at Appendix I 

2.5.3 Neural Network 

An artificial neural network is an abstract computational model of the human brain. 

Similar to the brain, an ANN is composed of artificial neurons (or process ing units) and 

interconnections. Although the term artifi cial neural network is most commonly used, 

other names include "neural network" , parallel di stributed-process ing system (PDP), 

connectionist model, and di stributed adaptive system. ANNs are a lso referred to in the 

literature as neurocomputers (Mehmed Kantardzic, 2003) 
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A neural network, as the name indicates, is a network structure consisting of a number of 

nodes connected through directional links. Each node represents a process ing unit, and 

the links between nodes specify the causal relat ionship between connected nodes. All 

nodes are adaptive, which means that the outputs of these nodes depend on modifiable 

parameters pertaining to these nodes. 

An artificial neural network is a massive parallel distributed processor made up of simple 

processing units. It has the ability to learn from experiential knowledge expressed 

through interunit connection strengths, and can make such knowledge available for use 

(Mehmed Kantardzic, 2003). 

The use of artificial neural networks offers several useful properties and capabilities such 

as: Nonlinearity, Learning from examples, Adaptivity, Evidential Response, Fault 

Tolerance, Uniformity of Analysis and Design. 

2.5.3.1 Model of an Artificial Neuron 

An artificial neuron is an information-process ing unit that is fundamental to the operation 

of an ANN (k). The block diagram (Figure 2.2), which is a model of an artificial neuron 

shows that it consists of three basic elements (Mehmed Kantardzic, 2003): 

I. A set of connecting links from different inputs X; (or synapses), each of which is 

characterized by a weight or strength Wk;. The first index refers to the neuron in 

question and the second index refers to the input of the synapse to which the 

weight refers. In general , the weights of an artificial neuron may lie in a range that 

includes negative as well as positive values. 
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2. An adder for summing the input signals Xi weighted by the respective synaptic 

strengths Wki. The operation described here constitutes a linear combiner. 

3. An activation function ffor limiting the amplitude of the output Yk ofa neuron. 

Xm 

Klh artificial neuron 

, t , , , 
: bk 
-------------- -------------------

Figure 2.4: Model of an artificial neuron 

The model of the neuron given in Figure 2.2 also includes an externally app lied bias, 

denoted by bk. The bias has the effect of increasing or lowering the net input of the 

activation function, depending on whether it is positive or negative. 

A neuron's common acti vation functions are Hard Li mit, Symmetrical I-lard 

Limit,Linear, ,Sataurating Linear,Symmetric Saturating Linear, Log-Sigmoid, Hyperbolic 

Tangent Sigmoid . The description of the activation funct ion is found at appendex2. 

2.5.3.2 Architectures of Artificial Neural Networks 

The architecture of an artificial neural network is defined by the characteri stics of a node 

and the characteri stics of the node 's connectivity in the network (Mehmed Kantardzic, 

2003). Typically, network architecture is specified. by the number of inputs to the 
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network, the number of outputs, the total number of elementary nodes that are usuall y 

equal processing elements for the entire network, and their organization and 

intercollnections. Neural networks are generall y classified into two categories on the 

basis of the type of interconnections: feed forward and recurrent. 

The network is feedforward if the processing propagates from the input side to the output 

side unanimolls ly, without any loops or feedbacks. In a layered representation of the 

feed forward neural network , there are no links between nodes in the same layer; outputs 

of nodes in a speci fic layer are always connected as inputs to nodes in succeeding layers. 

If there is a feedback link that forms a circular path in a network then the network is 

recurrent. 

There are different types of Neural Networks di scussed in the literature. According to 

DERG (2008) when used without qual ification, the terms "Neural Network" (NN) and 

"Artificial Neural Network" (ANN) usually refer to a Multi layer Perceptron Network. 

However, there are many other types of neural networks including Probabilistic Neural 

Networks, General Regression Neural Networks, Radial Basi s Function Networks, 

Cascade Correlation, Functional Link Networks, Kohonen networks, Gram-Charlier 

networks, Learning Vector Quantization , Hebb networks, Ada line networks, 

Heteroassociative networks, Recurrent Networks and Hybrid Networks. 

2.5.3.3 The MLP Model 

Multilayer feedforward networks are one of the most important and most popular classes 

of ANNs in real-world applications (Mehmed Kantardzic, 2003). Typical ly, the network 

consists of a set of inputs that constitute the input layer of the network, one or more 
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hidden layers of computationa l nodes, and finall y an output layer of computational nodes. 

The processing is in a forward direction on a layer-by- layer basis. This type o f artific ial 

neural networks is commonly referred to as multilayer perceptrons (MLPs). 

A multilayer perceptron has three di stinctive characteristics: 

1. The model of each neuron in the network includes usually a nonlinear acti vation 

function , sigmoidal or hyperbolic. 

2. The network contains one or more layers of hidden neurons that are not a part of 

the input or output of the network. These hidden nodes enable the network to 

learn complex and highl y nonlinear tasks by extracting progressively more 

meaningful features from the input patterns. 

3. The network exhibits a high degree of connectivity from one layer to the next one. 
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The following diagram illustrates a perceptron network with three layers (OTREG, 

2003): 

\ = = .\" 

~ \ . I. 

Inp\lt LOYer \1' " Ourput LaYC'l 

Figure 2.5: A model for MLP 

This network has an input layer (on the left) with three neurons, one hidden layer (in the 

middle) with three neurons and an output layer (on the right) with three neurons. There is 

one neuron in the input layer for each predictor variable. 

MLP has been applied successfi.dl y to solve some difficult and diverse problems by 

training them in supervised or unsupervised manner with a highly popular algorithm 

known as error back-propagation algorithm. 

2.5.3.3 Back-propagation Algorithm 

Training a neural network is the process of setting the weight on the inputs of each of the 

units in such a way that the network best approximates the underlying function . Back-

propagation is the most commonly used method for training multilayer feed forward 

neural network. Thi s training scheme is used for adjusting the connection weight of each 

unit in such a way that the error between the desired output and the actual output is 
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reduced. The role of a training algorithm is to set the network's weight and threshold so 

as to minimize predictive error by the network. The error of a particu lar configuration of 

the network can be determined by running all the training cases tlu·ough network, 

comparing the actual output of generated with the desired or targeted output. The 

difference is combined together by an error function to give the network error. The most 

common error function is the sum squared error, where ina ividual error of output on each 

case squared and summed together. The back-propagation algorithm can be referred at 

Appendix 2. 

2.5.4 Other Data Mining Techniques 

There are also other learning techniques described in the data mllllllg and machine 

learning literatures. Some of them are sited by (K) as: Statistical Methods where the 

typical techniques are Bayesian inference, logistic regression, ANOV A analysis, and log­

linear models. Cluster Analysis, the common teclmiques of which are divisible 

algorithms, agglomerative algorithms, partitional clustering, and incremental clustering. 

Association Rules represent a set of relatively new methodologies that include algorithms 

such as market basket analysis, apriori algoritlml, and WWW path-traversal patterns. 

Genetic Algoritlu11S are very usefu l as a methodology for solving hard optimization 

problems. Fuzzy Inference Systems are based on the theory of fuzzy sets and fuzzy log ic. 

Fuzzy modeling and fuzzy decision making are steps very often included in the data­

mining process. N-dimensional Visualization Method: Typical data-mining vi sualization 

teclmiques are geometric, icon-based, pixel-oriented, and hierarchical techniques. 
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These techniques have been proved to be applicable to sol ving different types of real 

world problems, some of which are described in the section that follows. 

2.6 Data Mining Applications 

Han and Kamber ( 200 I) suggests that since data mining is a yo ung discipline with wide 

and diverse applications, there is still a nontri vial gap between general principles of data 

mining and domain specific , effecti ve data mining tools for particular app li cations. 

Moreover they examined a few application domains which are summarized as follows. 

Data tntl11ng for biomedical and DNA data analysis has become a powerful tool by 

enabling semantic integration of heterogeneous and di stributed genome databases, 

similarity search and comparison among DNA sequences, identification of co-occurring 

gene sequences (association analysis), linking genes to different stages of di seases (path 

analysis) and etc. 

Financial data analys is: Here data mtntng can be used to design and construct data 

warehouses for multidimensional data analysis, loan payment and customer credi t policy 

analys is, classification and clustering of customers for target marketing and detection of 

money laundering and other financial crimes. 

Data mining for retail industry: Multidimensional analys is of sales, customers, products, 

time, and region, analysis of effectiveness of sales campaigns, analysis of customer 

loyalty and purchase recommendation and cross-reference of items. 

Data mtntng for Telecommunication industry: Multidimensional analysis of 

telecommunication data, fraudul ent pattern analys is and the identifi cation of unusual 
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patterns, multidimensional assoc iation and sequential pattern analys is and use of 

visualization tools in telecommunication data analysis. 

According to Usama Fayyad et al (J 996), the main data mining application in business 

areas includes marketing, finance (especially investment), fraud detection, 

manufacturing, telecommunications, and Internet agents while in SCIence, one of the 

primary application areas is astronomy. 

A survey by Two Crows Consulting (Two Crows, 2001 ) found these applications of data 

mining: Ad revenue forecasting , Churn (turnover) management, Claims processing, 

Credit risk analys is, Cross-marketing, Customer profiling, Customer retention, Electronic 

commerce, Exception reports, Food-service menu analys is, Fraud detection, Government 

policy setting, Hiring profiles, Market basket analysis, Medical management, Member 

enrollment, New product development, Pharmaceutical research, Process control , Quality 

control , Shelf management/store management, Student recruiting and retention, Targeted 

marketing and Warranty analysis. 

2.6.1 Data Mining Application for RTA Data analysis 

A number of data mining application researches has been undertaken for the analysis of 

RTA data at locall y and globally. Some of the most impOltant works are summarized and 

presented as follows. 

In their paper on the analys is of the GES automobile accident data from 1995 to 2000 

using machine learning paradigms, Miao Chong et al (2001) investigated the performance 

of neural network, decision tree, support vector machines and a hybrid decision tree -
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neural network based approaches to predicting dri vers' injury severity during traffi c 

accidents in head on front impact point colli sions. In their report they revealed that the 

c lassification accuracy obtained for the non-incapacitating injury, the incapacitating 

injury, and the fatal injury classes, the hybrid approach performed better than neural 

network, dec ision trees and support vector machines. For the no injury and the possible 

injury classes, the hybrid approach performed better than neural network. They also 

found out that the no injury and the possible injury classes could be best modeled directl y 

by decision trees. In their past research they focused mainly on di stingui shing between 

no-injury and injury (including fatali ty) classes. They extended the research to possible 

injury, non-incapacitating inj ury, incapacitating injury, and fatal injury classes and 

showed that the model for fa tal and non-fatal injury performed better than other classes. 

They also underlined the importance of the ability of predicting fatal and non-fatal inj ury, 

since dri vers' fatali ty has the highest cost to society economica ll y and sociall y. 

According to them the very important factors causing different injury level is the actual 

speed that the vehicle was going when the accident happened. Unfortunately, their dataset 

didn ' t provide enough information on the actual speed since speed for 67.68% of the data 

records' was unknown. They believed that If the speed ",as available, it was extremel y 

likely that it could have he lped to improve the performance of models studied in their 

paper. 

Tibebe Beshah (2005) conducted a research on hi stori cal RTA data compri sing a dataset 

of 4,658 accident records at Addi s Ababa Traffic Office to investi gate the application of 

data mining technology for the analysis accident severity . In thi s thesis he built vari ous 

class ifi cation models using the decision tree technique by applying KnowiedgeSEEKER 
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algorithm of the KnowiedgeSTU DlO data mining tool to help in decision-making process 

at the traffic office. The methodology he adopted had three basic steps namely data 

co ll ection, data preparation, and model building and validation. 

The model classifies accident severity into four classes, fatal injury, serious injury, slight 

injury and property-damage. [-Ie identified ' accident cause ', 'accident type', ' road 

condition ', ' vehicle type ', ' light condition', ' road surface type ' and ' driver age ' as the 

basic determinant vari ables for injury severity level. Finally, he reported classification 

accuracy of the decision tree classifier to be 87.47%. 

In this chapter the bas ic concept of data min ing, the problems it hand les and how it is 

important, the techniques that can be employed and the methodology it adopts have been 

discussed as described by different data mining literatures. Some important related 

li teratures in the application of data mining have also been reviewed. 
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3.lIntroduction 

Chapter Three 

Road Traffic Accidents 

Throughout the world, roads are bustling with cars, buses, trucks, motorcycles, mopeds 

and other types of two- and three-wheelers. By making the transportation of goods and 

people faster and more efficient, these vehicles support economic and social development 

in many countries. But while motorized travel provides many benefits, it can also do 

serious harm unless safety is made a priority. Pedestrians and cyclists using roads are 

particularly at ri sk. Crashes are frequent. Deaths and injuries are common (WHO, 2004). 

Traffic on roads may consist of pedestrians, ridden or herded animals, vehicles, streetcars 

and other conveyances, either singly or together, while using the public way for purposes 

of travel. Traffic laws m'e the laws which govern traffic and regulate vehicles, while rules 

of the road are both the laws and the informal rules that may have developed over time to 

facilitate the orderl y and timely flow of traffi c. 

Traffic is formally organized in many jurisdictions, with marked lanes, junctions, 

intersections, interchanges, traffic signals, or signs. Traffi c is often classified by type: 

heavy motor vehicle (e .g. , car, truck); other vehicle (e.g., moped, bicycle); and pedestri an 

(www.wikipedia.com). 

A car accident is a road traffic incident which usually invo lves at least one road vehicle 

being in co lli sion with, another vehicle, another road user, or a stationary roadside object, 

and which may result in injury or property damage. Phrases used to describe accidents 
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include : auto accident, car crash, car smash, car wreck, fender bender, motor vehicle 

accident (MV A) , personal injury co ll ision (PIC), road accident, RT A, road traffic 

co lli sion (RTC), road traffi c incident (RTl), and traffi c collision (www.wikiped ia.com). 

3.1.2 Road Traffic Accidents 

Road crashes, causing death, inj ury, and damage have always happened. History tell s of 

many notable historic personalities who were the victim of such incidents. Louis IV of 

France died in 954 after fa lling from his horse, as did at least two kings of England : 

Will iam I in 1087 and Will iam III in 1702(www.wikipedia.com). 

RTAs are a major pub lic health concern causing thousands of inj uries and premature 

deaths each year. Globally, RTAs result in an estimated 1.2 million deaths and a fu rther 

50 million inj uries per year (World Health Organization, 2004). In 1990, RTAs were the 

ninth leading cause of the global burden of disease 1 and they are predicted to rise to the 

thi rd leading cause by 2020.This fig ure is set to increase by 83% in low and middle­

income countries which already shoulder 90% of the global road traffic death toll (World 

Health Organization, 2004), warns a new report launched in Paris on World Health Day, 

7 April 2004. Road traffi c crashes cost the world US$ 5 18 billion every year, says the 

World report on road traffi c injury prevention, the first ever joint report on the subject 

released by WHO and the World Bank. It also adds that the bul k of the global burden of 

road traffi c-related deaths occur in low and middle-income countries, with countri es in 

South-East Asia and the Western Pacifi c regions accounting fo r more than half of all road 

traffi c deaths. The repol1 says the economic implications of thi s for developing countri es 

are grave since more than half of all road traffi c deaths occur among young ad ults 
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between 15 and 44 years of age. According to th is report, the annual bill foo ted by such 

countries for road traffi c crashes stands at an estimated US$ 65 bill ion nlore than the total 

amount recei ved by these same countries in development assistance and representing 

between 1 % and 2% of their gross national product. 

The global burden of disease report by (Harvard University, 2005) establishes RTAs as a 

health problem, especia ll y in terms of years of li fe lost. The report states that for men 

aged 15 -44, RTAs are the biggest cause of ill-health and premature death worldwide, and 

the second biggest in the developing regions, surpassed only by depression". The authors 

also suggest that "the high toll of RTAs in developing regions has received litt le attention 

from publ ic health specialists in the past" . In projections made fo r 2020, they expect 

RTAs to rise accordingly and could rise to third place from ninth worldwide (in terms of 

lost years of life) . 

In Ethiopia over the last ten years RTAs claimed over 3,065 lives every year and the 

damage to property caused by these accidents is estimated to be more than Birr 500 

million and road accidents in the capita l account fo r 65% of the total accidents occurred 

in the country (National Road Safety Coordination Office, 2008). 

3.1.2 Road Traffic Safety, Accident Types and Accident Factors 

Road traffi c safety aims to reduce the harm (deaths, injuries, and property damage) 

resulting from crashes o f road vehicles. Harm from road traffic crashes is greater than 

that from all other transportation modes (a ir, sea. space, off-te rrain, etc.) combined. It 

deals exclusively with road traffi c crashes, how to reduce their number and thei r 

consequences. 
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Strictly speaking, most accidents are not accidents at all : they are colli sions that coul d 

and should have been avoided (smartmotorist.com).They identified fo ur fac tors that 

contribute to the vast majority of co lli sions. In ascending order they are: equipment 

fai lure, roadway design, poor roadway maintenance, and dri ver behavior. Thei r research 

also indicated that, over 95% of motor vehicle accidents (MY As, in the USA, or RTAs" 

in Europe) invo lve some degree of driver behavior combined with one of the other three 

factors. Most are caused by excessive speed or aggress ive dri ver behavio r. Driving 

behav ior is aggressive if it is deliberate, likely to increase the risk of co lli sion and is 

motivated by impatience, annoyance, hostility and/or an attempt to save time. The New 

York State Police characterize aggressive driving by different traffic violations such as, 

excess ive speed, freq uent or unsafe lane changes, fai lure to signal, tailgating, and fai lure 

to yield the ri ght of way, disregarding traffic contro ls and impai red driving. 

The report by the National Road Accident Bureau of Ireland (2000) noted, amongst other 

things, that : 

.:. Compared to older drivers, young dri vers were deemed to be to a large extent 

responsible for a higher proportion of the fatal / injury accidents in which they were 

involved . 

• :. Compared to yo ung female dri vers, young male dri vers were deemed to be to a large 

extent responsible for a higher proportion of accidents in which they were invo lved . 

• :. The responsibi lity rate was higher for yo ung drivers with provisional li censes than 

fo r young drivers with full licenses. 
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.:. Young Dri ver Accidents (YDAs) tend to be mqre severe than accidents not 

involving young dri vers. 

3.2 RTA data Analysis at Addis Ababa 

In order to implement road safety policy effecti vely it is essential to have suitable data 

sources for monitoring and analyzing progress and evaluating the effects on safety of the 

measures taken. Many jurisdictions require the collection and reporting of road traffic 

incident statistics. Such data enables figures for deaths, personal injuries, and possibly 

property damage to be produced, and correlated against a range of circumstances. 

Analysis of thi s data may allow incident clusters and incident causes to be identified 

(www.wikipedia.com). 

RTA information is the interest various stakeholders. The primary data source for the 

analysis of RTA's occurring at Addis Ababa is the accident data kept at the Traffic 

Office. The accident detail is recorded by the investigators at the place of the accident. 

The office has been undertaking some simple and manual stati stical analys is on the 

accident data. It is mainly analys is of accident severity rates such as the rate of fatalities, 

serious injury, simple injury and property loss per week, per month and per-year. The 

analysis result is visuali zed in histograms. More over traffi c accident data in various 

sections of the country and including those at the capital has been analyzed and reported 

by different researchers and stakeholders. 

Tibebe Besha (2005) , stud ied the 2000-04 accident data with 4,658 records at AARTCID 

and classified accident severity in to four classes fatal injury, serious injury, simple injury 
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and property damage using decision tree . In his research he identified 'accident cause ', 

' accident type· , . road condition ·, ' vehicle type· , ' light condition ', ' road surface type· and 

' dri ver age' as the most important determinant variables for level of injury severity of an 

accident. More over he recommended the possibility to consider other accident variables 

and appl y different techniques like neural networks in order to come up with better model 

and dig out other important patterns hidden in the accident dataset. He also added that 

more number of experiments and testing techniques seem appropriate. 

The National Road Safety office has also analyzed the accident data throughout the 

country for the years 2002-2007. The anal ys is was made to find out the most important 

accident factors based on accident information in order to take safety measures to reduce 

the accident severity in the country. To this end the office has carried out the following 

major activities: 

.:. Extensively studied the road accident data and came up with impoltant accident 

factors . 

• :. Identified actions to be taken before, during and after an accident occurs . 

• :. Identified important safety measures that are believed to be fruitful and feasible and 

planed a safety project for their implementation. 

According to the office the basic accident factors are road and its environment, 

pedestrian, vehicle, driver and combination of two or more of them (NRSCO, 2008). 

Driver behavior, vehicle problem, pedestrian fault, road design and others contribute 

81 %, 5%, 4%, I % and 9% for the occurrence of RTA 's across the country. As it can be 

seen clearly from the figures accidents are highly attributed to dri ver cause. The major 
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dri ver problems are denyi ng priority for pedestrian, over speeding, over loading, breaking 

traffic rules and other aggressive and selfi sh behav iors . Hence the driver 's level of 

education, age, experience skill , and their connection to the vehicle needs a critical 

investigat ion. 

Table 3. 1: Percentage fatality by accident factor across the nation for years 2002-2007 

S.No Accident Factor Fatality and injury 

1 Driver behavior 81 % 

2 Equipment failure 5% 
, 

Pedestrian failure 4% ) 

4 Road design 1% 

5 Others 9% 

Considering the accident types, the report indicted that pedestrian collision is the leading 

accident type contributing 68% of fatalit ies while roll over, fe lling from car, collision 

with animals and others contribute 13%, 6%, 3% and 10% respectively. In the capital 

82% of the road accident fata lity is due to vehicle hitting pedestrian. 

T bl 3 2 F )' a e ata Ity percentage b RTA y type across t 1e coun try for years 2002-2007 
S.no Accident Type Fatality 

1 Hit pedestrian 68% 

2 Ro ll over 13% 
, 

Fell from car 65% ~ 

4 Colli sion with animal 3% 

5 Others 10% 
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In general , the above di scussions show that various impOitant analyses can be performed 

on the acci dent data and the high ri sk on roads and the causes are also identified . 

. Accordingly, the focus of this study is to investigate driver's behaviors and other related 

variables of the accident data that influence the different level of dr iver 's responsibi lity 

for RTA' s in Addis Ababa. The researcher believes that it helps to bring attention and to 

spotlight one of the most dangerous dilemmas threatening the traveling public which is 

well recognized by the public. 
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4.1 Introduction 

Chapter Four 

Analysis and Design 

In chapter three, the data mining task has been determined by carefull y investigating the 

business area which is the RTA. This chapter exp lai ns the important acti viti es carried out 

in achieving the classification task by applying a standard data mining methodology. 

In this research the iterati ve CRISP data mining methodology is adopted. Fi rstl y, the 

traffic control system and road safety is studied which is reported in chapter three of thi s 

paper. Next, data understanding activiti es such as ; data collection, data description and 

data verification have been undertaken. Secondly, the data has been pre-processed by 

employing data cleaning and data selection techniques. At the third step, modeling 

teclmiques have been selected. Next, different models hav:e been built on the dataset with 

the selected attributes. Finall y, the models are eval uated based on standard data mining 

model evaluation techniques. The method is schematically shown in Figure 4.1 below. 

4.2 Data understanding 

4.2.1 Overview 

The data understanding phase starts with an initial data collection and proceeds with 

activities in order to get familiar with the data, to identify data quality problems, to 

di scover first insights into the data or to detect interesting subsets to form hypotheses for 

hidden information (The CRISP-OM consortium, August 2000). 
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4.2.2 Data Collection 

The fi st step in defining a data mining task is the specification of the task relevant data, 

that is, the data on which mining is to be performed (Han and Kamber, 2005). Frequentl y, 

the data to be mined is first ex tracted from an enterpri se data warehouse into a data 

mining database or data mart (The CRI SP-OM consortium, August 2000). There is some 

real benefit if the data is a lready part of a data warehouse. If the data has alread y been 

cleansed for a data warehouse, then it most likely will not need further cleaning in order 

to be mined. Furthermore, many of the problems of data consolidation have already been 

addressed and maintenance procedures have been put in place. However, a data 

warehouse is not a requirement for data mining. Setting up a large data warehouse that 

consolidates data from multiple sources, resolves data integrity problems, and loads the 

data into a query database can be an enormous task, sometimes taking years and costi ng 

millions of dollars. Data mining can be performed on data from one or more operational 

or transactional databases by s imply ex tracting it into a read-onl y database (The CRI SP­

OM consortium, August 2000). 

The data source for thi s research consumption is the traffic accident data kept at 

AARTCIO. The data storage is partiall y automated in an Excel fil e format. It stores 

partial road accident records of years 2005-07 that occurred in the city. The tota l accident 

dataset obtained is around 8,345. The painstaking conversion of the Amharic data to 

Engli sh happened to be time consuming because of the large data vo lume and the search 

fo r equi valent and well expressive English term. 
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4.2.3 Formatting the Data 

Formatting transformations refer to primarily syntactic modifications made to the data 

that do not change its meaning, but might be required by the modeling tool. Some tool s 

have requirements on the order of the attributes, such as the first field being a unique 

identifier for each record or the last field being the outcome field the model is to predict. 

It might be important to change the order of the records in the dataset. Perhaps the 

modeling tool requires that the records be sorted according to the va lue of the outcome 

attribute (The CRISP-OM consortium, August 2000). 

The WEKA data mining tool requires the dataset to be in a comma separated fil e format 

called the Attribute Relation File Format (ARFF) fil e format. The ARFF file format is the 

standard way of representing data sets that consist of independent, unordered instances 

and does not invo lve relationships between instances (Whitten and Frank, 2005). Hence, 

the accident data set which was originally in an Excel fil e format was converted to an 

ARFF fil e fo rmat. 

4.2.4 Data Description 

The acc ident record has forty columns or attributes of text, number, and date and time 

format. Among these attributes the car plate number and the dri ver' s name have been 

kept secrete by the office for the sake of keeping the privacy of the accused. Table 4.1 

shows the complete description of the attribute names and data types or format and what 

they store. 
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Table 4. 1: Description of the accident dataset 

S.No Attribute Name Data Type Description 

I RegNo Number 
A key that ident ifies an accident un iquely. 

The exact date on which an accident 

2 Date Date happened. 

3 T ime Tim e 
The time at which an accident happened 

The week day on which an accident 

4 Day Text happened . 

5 DriverSex Text 
The sex of the acc ident causi ng dri ver. 

6 DriverAge Number 
The Age of the accident causi ng dr iver 

The level of education of the accident 

7 LevelOfEducational Text causing driver 

Whether the driver is an owner or a 

8 DriversCarCollnection Text professiona l driver. or other. 

The driving experience of the accident 

9 DrivingExprience Number causing driver 

10 VehicleType Text 
The type veh icle 

The owner of the veh icle 
I I Vehic leOwnership Text 

12 Veh icle PeriodOfService Number 
The year of service of vehicle 

The status of the vehicle 
13 VehcleStatus Text 

The name of subc ity where accident 

14 Subcity Text occurred. 

The convcllsional name given to places in 

15 Part icular Place Text the city li ke Olompia. 

Whether the accident occurred in school or 

16 Area Text market areas. 

17 RoadSeparation Text 
How road segments are separated 

How the road is oriented 

18 RoadOrientation Text 

19 RoadJunction Text 
The type of road j unction 
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attribute values at the time of data entry are recorded as "not known" and for those 

records the attribute is irrelevant they simply left it as a blank assuming that it would be 

obvious. To fi x these problems some 50 records with missing or unknown values fo r 

signifi cant number of attributes were removed from the datasets. Around 157 of the 

reco rds with huge amount attributes with missing values have been deleted from the 

datasets while some of the crucial ones have been replaced by the appropriate values. In 

replacing missing values, the ReplaceMissingValues data filtering method of WEKA is 

used. It replaces miss ing values with mean and modal va lues for numeri c and nominal 

values respecti ve ly. Since all the attributes are nominal their corresponding miss ing 

values were replaced by modal values. 

4.3.2 Construct data 

This task includes constructive data preparation operations such as the production of 

deri ved attributes, entire new records or transformed values for existing attributes (The 

CRISP-OM consortium, August 2000). 

The categorical attributes, 'Driver Age' , ' Driving Experience' , 'Vehicle Period Of 

Service', 'No Of Vehicles Invo lved ', 'License Grade' and ' Victim Age ' have been 

transformed to letter codes to enhance clarity as indicated in the Table 4.3. 
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Table 4.3: Attribute Construction. 

S.NO. Attribute Value Code 
J DrivelAge Below-IS, IS-30, 3 1- A, B,C,D & E 

50, Above-50 years respect ively 
2 Dri vingExperience Below-I , 1-2,2-5, 5-10 A, B, C, D, & E 

& Above J 0 years respecti vel y 
3 Veh iciePeri odOfService Below 2, 2-5, 5-10 and A, B, C & D 

Above 10 years respecti vely 
4 NoOfVehicles lnvo lved 1, 2, & 3 One, Two 

--c-
and 

Three 
5 VictmAge Below 7, 7- IS , IS-30, A, B, C, D & E 

30-50 & Above 50 respectivel y 
years 

4.3.4 Clustering for Classification 

The WEKA data mining tool implements various supervised and unsupervised filtering 

algorithms that transform the input dataset in some way. The AddCluster filtering 

algori thm is one such algorithm which is an unsupervised filtering algori thm that assigns 

a new nominal attribute (a cluster number like cluster I , c1uster2 ... ) re presenti ng the 

cluster assigned to each instance by a selected clustering algorithm. Certain attri butes can 

be ignored when clustering (Whitten, 2005). 

Hence, the accident dataset was fed to the WEKA data mining tool. The three co lumns or 

att ri butes accident type, accident severity and accident cause which are used by domain 

experts to identi fy the level of driver's respons ibili ty were selected . Figure 4. J shows the 

WEKA 's explorer window after the data is fed and the 'AddCluster ' with the k means 

clustering algorithm with k=5 is selected. 
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Figure 4. 1: WEKA's explorer window. 
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The Addcluster filtering algorithm with the k-means clustering algorithm was run on the 

whole dataset for different number of clusters unti l the difference between clusters 

became insignificant. The hi stogram below shows the distribution of the dataset into the 

fi ve clusters. 
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Figure 4.2: WEKA 's data visua lization output. 

The output was fo rwarded to the domain experts to assign dri ver 's responsibility based 

on how the clusters are related to the three attributes. ·They suggested that assigning 

responsibili ty to those accidents involving the ' car to car co lli sion' is so complex and 

subj ective. Moreover, they give special attention to accidents involving pedestri ans. In 

addi tion, the fatality rate of RTA' s highly sever for the accident type ' hit pedestrian' , 

contributing more that 82%, (National Road Safety Coordination Offi ce, 2008). As a 

result, onl y 3,373 accidents with the ' hit pedestrian ' accident types which are dri ver 

caused are selected and others are considered as outli ers and omitted. The new dataset 

no w has a nominal attribute named cluster which replaces the accident type, accident 

severity and accident cause co lumns. It has three values namely; cluster! , cluster2 and 

cluster3. The class label cluster is renamed to ' Dri verDegreeOfResponsibility' and based 

on domain expert opinion the cluster values clusrer I, cluster2 and cluster3 are renamed as 

"moderate", "ex treme" and "s light" respectively. Hence the attributes 'accident type' , 
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' accident severi ty' and ' accident factor ' are now replaced by the new class label attribute 

. DriverDegreeOfResponsi bi lity ' . 

5.3.5 Data selection 

[n se lecting data which covers selection of attributes as well as se lection o f records to be 

used for analys is the researcher applied different criteria including, rel evance to the data 

mining goals, quality and technical constraints such as limits on data vo lume or data 

types, data min ing principles fo r data selection, domain knowledge expertise and results 

from the exploration task reported in the previous section. 

Attribute selection invo lves searching through all poss ible combinations of attributes in 

the data to find which subset of attributes works best for prediction. The best way to 

select relevant attributes is manuall y, based on a deep understanding of the learning 

problem and what the attributes actually mean (Whitten and Frank, 2005). However, 

automatic methods are also useful. There are two fundamentall y different approaches for 

the automatic method, the filter method and the wrapper method. The filter method 

makes an independent assessment based on the general characteristics of the data; wh ile 

the wrapper methods eva luates the subset using the machine learn ing algorithm that will 

ultimately be employed for learning. In WEKA ClassifierSubsetEval is a method used to 

select attribute subset by using a class ifier to evaluate attribute set while, 

WrapperSubsetEval uses a classifier plus cross-validati<;>n to evaluate attribute subset, 

(Whitten and Frank, 2005). WEKA 's Single attribute evaluators are 

ChiSquaredAttributeEval, GainRatioAttributeEval and InfoGainA ttributeEval. The wOl1h 

of the attribute subset is determined using the full set of training data or a process of 
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cross-validation. In this research both methods, manual and automatic methods for 

attribute selection have been employed.Manually, 16 attributes which are believed by the 

domain experts to have significant contribution in the assessing driver's level of 

responsibi lity, which is the focus of this research , have been selected. And they are: 

DriverAge, EducationalLevel, DrivingExprience, LicenceGrade, VehicleType, 

VehiciePeriodOfService, V ehcieS tatus, RoadSeparation, RoadOrientation, RoadJ unction, 

RoadSurfaceType, RoadSurfCondition , WeatherCond ition, LightCondition, 

VehicieMovemet and DegreeOfResponsibility. However, the significance of these 

attributes is to be tested during experimentation and different attribute selection 

mechanism would be employed due to the iterative nature of data mining process. 

The automatic attribute selection methods such as ; WEKA's attribute subset evaluators 

Classi fierSubsetEval , WrapperSubsetEval and single attribute evaluators 

GainRatioAttri buteEval and InfoGainAttributeEval can be employed during 

experimentation. In thi s case, the attribute subset evaluator "WrapperSubsetEval" 

selected the 13 attributes as shown in the Figure 4.3 
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=== Attri bute Selection on all inpul data === 

Search Method : 
Best fi rst. 
Start set: no attributes 
Search direction: forward 
Stale search after 5 node expans ions 
Tota l number of subsets evaluated: 168 
Merit of bes t subset fo und : 0.514 

Attr ibute Subset Evaluator (supervised, C lass (nominal): 16 Acc identFactor): 
Class ifier Subset Eva luator 
Learn ing scheme: .class ifiers.trees.J48 
Scheme options : -C 0.25 -M 2 
Ho ld out/test set: Tra ining data 
Accuracy estimation: classifi cation error 

Se lected attributes: 1,3,4,5,6,7,8,9, 10,11,12, 14, 16,: 13 
DriverAge 
Educationalbackground 
Driv ingExprience 
LicenceGrade 
Vehic1eType 
Veh iclePeriodOfService 
RoadSeparation 
RoadOrientation 
,RoadJul1ction 
RoadSurfaceType 
RoadSurfCond ition 
LightCondition 
VehicleMovemet 

Figure 4.3 : WEKA 's attribute selector output. 

In thi s chapter all the important works undertaken in understanding and preprocessing the 

RTA dataset has been reported. The accident dataset is now we ll qualified to be mined to 

identify factors influencing driver's different leve l of responsibility for car accident and 

predict the degree of responsibility. 
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Chapter Five 

Experimentation and Analysis of Results 
As clearly presented in the previous chapter the data is now well understood, explored, 

selected and is clean enough to be used for model building. This chapter presents the 

detailed acti vities carri ed out in selecting a modeling technique, implementation of the 

technique selected using the most appropriate algoritIu11S and evaluation of the models in 

order to select one for prediction. 

5.1 Introduction 

The study focuses on determining the degree of dri ver' s responsibility for car accidents. 

[n do ing so, an attempt has also been made to identify the behavioral and environmental 

facto rs contributing to the different dri vers degrees of responsibility. 

[n thi s research undertaking, various classification models have been built by usi ng 

decision tree and neural network teclmiques. The models have been tested on different 

num ber of the se lected attributes and the significance of the outputs of the most important 

model was presented fo r analys is to the domain experts. Fina lly, the mode l with the best 

performance is selected. 

5.2 Selecting a Modeling Technique 
Data mining is abo ut bui lding models from data. We build models to ga in insights into 

the world and how the world works. A data miner, in building models, deploys many 

different data ana lys is and model building techniques. Our choices depend on the 

business problems to be so lved (Graham Williams, 2008). According to the CRISP data 
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mining standard methodology employed in thi s research, selecting the actual modeling 

technique to be used is the first step in modeling (The CRISP-DM consorti um, August 

2000). Many techniques have been de veloped for class ification or predicti ve modeling, 

and there is an art to selecting and applying the best method fo r a parti cular situation 

(DETERG, 2008). The most powerful predicti ve modeling methods include decision tree 

, Neural Networks, Support Vector Machine, Gene Expression Programming and 

Symbolic Regression, K-Means Clustering, Linear Discriminant Anal ysis, Linear 

Regression models and Logistic Regression models. In conducting thi s research, decision 

tree and neural network techniques have been used. Each of these teclmiques has many 

attractive features. 

Decision trees a re easy to build and are easy to understand. They can handle both 

continuous and categori cal variables and can perform class ification as well as regression . 

They automati call y handle interactions betwcen variables and they identi fy important 

vari ables. Neural networks on the other hand, have wide applicabili ty. They have been 

successfull y applied to a wide variety of classification and regression problems. Neural 

networks have the theoretical capability of modeling any type of function and they have 

tremendous accuracy (DETERG, 2008). 

The WEKA data mll1l11g tool implements decision trees by uSll1g ADT ree, 

DecisionStump, ID3 and J48 algorithms. The J48 algorithm is WEKA 's version of the 

C4. S decision tree algorithm developed by Whitten and Frank . While the MLP is 

implemented using the backprpagation algorithm (Whitten and Frank. 2005). 
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The back propagation algorithm measures the overall error of the network by comparing 

the va lues produced on each training example to the actual va lue. It then adjusts the 

weights of the output layer to reduce, but not el iminate, the error. it then assigns the error 

to earli er nodes of the network and adjusts the weights by connecting those nodes, hll'lher 

reducing overall error. This technique for adjusting the weights is called the generali zed 

delta rul e. There are two important parameters assoc iated with using the generalized delta 

rule. The first is momentum, which refers to the tendency of the weights inside each unit 

to change the "direction" they are heading in . That is, each weight remembers if it has 

been getting bigger or smaller, and momentum tries to keep it go ing in the same 

direction. The learning rate controls how quickly the weights change. The best approach 

for the learning rate is to start big and decrease it slowly .as the network is being trained 

(Berry and Linofr, 2005) 

5.3 Techniques for Data Mining Model Evaluation 

Evaluation is the key to making real progress in data mining (Whitten and Frank, 2005). 

According to Han and Kamber (2000), estimating classifier accuracy is important in that 

it allows one to evaluate how accurately a given classier will correctly label future data, 

i. e., data on which the classifier has not been trained. Accuracy estimates also help in the 

comparison of different class ifiers. Holdout and cross-validation are two common 

techniques for assessing classifier accuracy, based on randomly-sampled partitions of the 

given data. In the holdout method, the given data are randoml y partitioned into two 

independent sets, a training set and a test set. Typically, two thirds of the data are 

allocated to the training set, and the remaining one third is allocated to the test set. The 

trai ning set is used to derive the class ifier, whose accuracy is estimated with the test set. 
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The standard way of predicting the error rate of a learning teclmique given a single, fixed 

sample of data is to use stratified 1 O-fold cross-va lidation (Whitten and Frank, 2005). The 

data is di vided randomly into 10 parts in which the class is represented in approximately 

the same proportions as in the full dataset. Each part is held out in turn and the learning 

scheme trained on the remaining nine-tenths; then its error rate is calculated on the 

holdout set. Thus the learning procedure is executed a total of 10 times on different 

training sets. Finally, the 10 error estimates are averaged to yield an overall error 

estimate. 

5.4 Experimentation 

As a result of the extensive data pre-processing activities that have been done the 3373 

accident dataset chosen for thi s purpose is clean, it has no missing value, there is a wel l 

identified class label which is "DriverDegreeOfResponsibili ty", with three nominal 

values: "Extreme", "Moderate" and "Slight" and it is in an ARFF file fo rmat. During 

data exploration, different number of attributes has been selected by different selection 

techniques. Now the data can be fed to the modeling tool WEKA to build and test the 

various models using the methods that have been chosen. 

One way of using WEKA is to apply a learning method to a dataset and analyze its output 

to learn more about the data. Another is to use learned mode ls to generate predictions on 

new instances. A third is to apply several different learners and compare their 

performance in order to choose one for prediction. Many classifiers have tunable 

parameters, which can be accessed through a property sheet or object editor. A common 

evaluation module is used to measure the performance of all classifiers (Whitten , 2005). 
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5.4.1 Building a decision tree 

In building the various decision tree models the lD3 and J48 algorithms have been 
utili zed with different parameters and number of attributes. As mentioned earli er J48 is 
WEKA's version of the popular C4.5 decision tree learner. 

5.4.2 The Experiment 

In the first experiment, the 3,373 accident dataset having 14 attributes, 13 of them 
independent variab les and the 14th one the "DriverDegreeOfresponsibility" being the 
dependent or the class label attribute has been fed to the WEKA' s explorer. Since the 
explorer generall y chooses sensible defaults (Whitten, 2000) the J48 dec ision tree 
algorithm with all its defau lt parameters was run on the dataset. The default va lues for 
some of the parameters are: 0.25 for the confidence interval, pruning is allowed, the 
minimum number of objects for a leaf is 3. The training and testing is done using ten fo ld 
cross validation. Figure 5. 1, shows the WEKA explorer wi ndow after the classifier is run. 
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Figure 5. 1 : The explorer window with the 148 output. 

The detai led o ut put of the 148 decision tree learner shows the decision tree graphicall y 

and textuall y in add ition the detailed accuracy and the confusiun matrix. Figure 5.2 

shows the detai led output consisting paI1 of the generated decision tree, the accuracy and 

the confusion matrix. 

J48 pru ned tree 

LicenceGrade = Fifth 
I Drivi ngExpri ence = D 
I I VehiciePeriodOfService = E: Slight (56.0/9.0) 
I I Vehicie PeriodOfService = D 
I I I DriverAge = B: Extreme (14.0) 
I I I Dri verAge = C: Moderate (39.0/5.0) 
I I I DriverAge = A 
I I I I Vehic leMovemet = MovingStraight: Moderate (5.0) 
I I I I Vehic leMovemet = Turning: Extreme (5.011.0) 
I I I I Vehic leMovemet = Enter ingJ unction : Moderate (2.0) 
I I I DriverAge = D 
I I I I Educati onalbackground = SSS 
I I I I I RoadJunction = No_Junct ion: Extreme (3.0/ 1.0) 
I I I I I RoadJunction = Cross Road: Sl ight (0.0) 
I I I I Educationalbackground = Elementary: Moderate (7.011 .0) 
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I I I I Educalionalbackground - Junior: Moderale (3.0) 
I I VehiciePeri odOfService ~ C 
I I I DriverAge ~ B: Slight (2.0) 
I I I Dri verAge ~ C: Moderate (8.0) 
=== Stratified cross-validati on === 
=== Summary === 

Correctly Class ified Instances 2930 
Incorrectly C lass ified Instances 443 
Kappa slalistic 0.80 I 7 
ReIali ve abso lule error 25.6598 % 
Rool re lative squared error 56.9004 % 
Total Number of Instances 3373 
~~~ Deta iled Accuracy By Class ~~~ 

86.8663 % 
13 . 1337 % 

TP Rate 
0.863 
0.907 
0.827 

FP Rate Precis ion Recall F-M easure Class 
0.063 0.858 0.863 0.86 I Slight 
0.08 0.874 0.907 0.89 Moderate 
0.055 0.873 0.827 0.849 Exlreme 

=== Confusion Matrix === 

abc <-- class i tied as 
889 68 73 I a ~ Slight 
64 I 165 55 I b ~ Moderate 
83 100 876 I c ~ Extreme 

Figure 5.2: Output from the 14.8 decision tree learner. 

5.4.3 Result Analysis 

Figme 5.2 above, shows the full output of the J48 learner. At the beginning is a summary 

of the dataset, and the fac t that the default tenfold cross-validation was used to eva luate 

it. Then comes a pruned deci sion tree in textual form. The first split is on the 

"LicenseGrade" attribute, and then, at the second level, the split is on "RoadSeparation" 

and it goes on splitting on the most important attributes based on the measure of purity 

the algorithm uses until there is no more attribute left to split on or the data is completely 

classified. In the tree structure, a colon introduces the class label that has been assigned to 

a particular leaf, followed by the number of instances that reach that leaf, expressed as a 

decimal number because of the way the algorithm uses frac tional instances to handle 

mt sslt1g val ues. For example, the expression (56.0/9.0) from the first leaf node in 
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figure ... means that a total of 56 instances reached that leaf node out of which 9 are 

classified incorrectly. Beneath the tree structure the number of leaves is printed; then the 

total number of nodes (S ize of the tree). The next part of the output gives estimates of the 

tree 's predictive performance. In this case they are obtained using stratified cross 

validation with 10 fo lds. It can also be seen, that out of the 3,373 instances, 2,930 

(86.87 I %) are correctly classified and 443(13. I 39%) are incorrectly classified in the 

cross-validation. As well as the classification error, the evaluation module also outputs 

the Kappa stati sti c, the mean abso lute error, and the root mean-squared error of the class 

probability estimates ass igned by the tree. The root mean squared error is the square root 

of the average quadratic loss. The mean abso lute error is calculated in a similar way using 

the absolute instead of the squared difference. Finally, the confusion matrix at the bottom 

of the output indicates that out of the 2,930 correctly classified instances, 889 are 

correctly classified as "Slight", 11 65 as "Moderate" and 876 as "Extreme" Driver's 

degree of responsibility. Regarding the misc lassified instances; of the 141 class "slight" 

miss classified instances 68 are misclassified as class "moderate" and 73 as class 

"Extreme" , of the 119 misclassified class "Moderate" instances, 64 are gone to class 

"Sl ight" and 55 to class "Extreme" . While 83 and 100 instances of class "Extreme" 

instances are wrongly class ified as "Slight" & "Moderate" respectively. Another unique 

output from the 14.8 decision tree learner is the graphical output it produces fo r the tree it 

builds. 
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abc <-- classified as 
939 38 53 1 a = Sl ight 
34 120 I 49 1 b = Moderate 
41 58 960 1 c = Extreme 

Figure 5.3: Detailed accuracy of the MLP model. 

As can be seen from the out put in fi gure the accuracy of the MLP model is 9 1.9 I %. The 

confusion matrix at the bottom of the figure detail s the accuracy. 

Other MLP models have also been trained using 10 fold cross validation and the result is 

summari zed in Table 5.2. 

Table 5.2: Performance of the MLP model on different attribute subsets 

S.No attributes N umber of epoch Momentum Learning rate Accuracy 
I 14 300 0.25 0.3 91.00 
2 12 300 0.25 OJ 9 1.40 
3 10 300 0.25 0.3 9 1.84 

-~-

As it can be seen from the tab le the MLP model performed almost the same. It must be 

noted that the parameters are all the same all the three cases and the recommended 

default parameters are used for the momentum and training time. 

5.5 Knowledge Representation 
According to Whitten and Frank (2005) , many learning techniques look for structural 

descri ptions of what is learned, descriptions that can become fairly complex and are 

typica ll y expressed as sets of rules. Because they can be understood by people, these 

descriptions serve to explain what has been learned and explain the bas is for new 

predictions. Classification rules are a popular alternative to decision trees in representing 
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the structures that learning methods produce. The antecedent, or precond ition, of a rule is 

a seri es of tests just like the tests at nodes in decision trees, and the consequent, or 

conclusion, gives the class or classes that apply to instances covered by that rule, or 

perhaps gives a probability distribution over the classes. Generally, the preconditions are 

logicall y ANDed together, and all the tests must succeed if the rule is to work. It is also 

easy to read a set of rules directl y off a decision tree . One rule is generated for each leaf. 

The antecedent of the rule includes a condition fo r every node on the path from the root 

to that leaf, and the consequent of the rule is the class assigned by the leaf. One reason 

why rules are popular is that each rule seems to represent an independent "nugget" of 

knowledge. 

PART is a class for generating decision list in WEKA. It builds a partial C4.5 decision 

tree in each iteration and makes the best leaf into a rule. In an attempt to come up with 

significant rules, PART was run on the accident dataset with different number of 

attribu tes. Ten fold cross validation has been used for testing and the minimum number 

of objects in a leaf is set to twenty. Domain experts have been consulted intensively in 

eva luating the significance of the rules. As a result the rules generated based on the ten 

attributes: DriverAge, Educationa lbackground, DrivingExprience, LicenceGrade, 

Veh icleType, VehiclePeriodOfService, WeatherCondition, LightCondition, 

VehicleMovemet and Dri verDegreeOfResponsibility(dependent). The performance of the 

algorithm in generating the rules is 88.45% of accuracy. Figure 5.4 below, shows some of 

the one hundred seventy ru les generated by the PART algorithm. The rest can be found at 

Appendix 3. 
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PART dec ision li st 

LicenceG rade = Third AN D 
DriverAge = BAND 
VehicleType = Taxi&MiniBus: Extreme (22 1.0) 

LicenceGrade = Second AN D 
Veh ic lePeriodOfService = E AND 
Dri verAge = D: Slight (89.0/ 1.0) 

LicenceGrade = Fourth AND 
DriverAge = C: Moderate (253 .0116.0) 

Dri vingExprience = E AND 
VehiclePeriodOfService = D: Moderate (327 .0/29.0) 

DriverAge = B AND 
VehiclePeriodOfService = D AND 
LicenceGrade = Third: Extreme (42 .0) 

VehiclePeriodOfService = D AND 
DriverAge = C AN D 
LicenceGrade = Second: Moderate (98.019.0) 

DrivingExpriellce = E AND 
DriverAge = C: Moderate (2 13.0/29.0) 

VehiclcType = Automobi l AND 
VehiclcPeriodOfService = E: Sl ight ( 161.011 5.0) 
Figure 5.4: Partial oUlput from PART rule generator. 

The rules above indicate that driver' s degree of responsibility varies with the different 

possible combination of their experience, age, educatkmal level, li cense grade, and 

envirolUllental conditions. For instance, it can be seen from the rules that there are more \ 
r enarios for most taxi drivers to be extremely responsible for accidents than other 

drivers in the same age and experience categories. 

In the prevIOus research by Tibebe Beshah (2005), RTA severity was classified as 

' Property Damage' , ' Fatal Injury', ' Serious Injury ' and ' Simple Injury' using the data 

mining software KnowledeStudio and its dec ision tree algorithm KnowledgeSeeker. He 

obtained an accuracy of around 87%. In doing so he also extracted hidden patterns in the 
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RTA data which are mainly composed of different accident causes and environmental facto rs that influence accident severity for the whole accident type. The work did not attempt to significantly investigate the dri ver properties. However, as it was well explained in Chapter I , section 1.4 of this paper, dri vers contribute to above 80% RTA in the capital Add is Ababa and around 81 % of which is 'Car-Hit-Pedestrain ' accident type. Hence, the current research further investi gates the RT A dataset with the objecti ve to predict dri ver's responsibility for an accident in which pedestrians are involved. As it can be seen · from the extracted rules more driver attributes are incorporated in the current study than the previous one. [t is the researcher 's belief that the various stake-holders and experts in the area can make significant use of the rul es in making appropriate decisions to reduce accidents that occur due to dri ver's fault. To achieve this intensive investi gation of the rules by the domain experts is mandatory . 

5.6 Model Evaluation 
So far, different models have been built to determine the dri ver 's degree of responsibility and identi fy impOltant factors influencing the different degrees of responsib ility. Significant rules have also been extracted from the best decision tree as discussed above . Evaluating the different models in order to select one for prediction is also another crucial step in data mining methodology. As it has been described in the previous section evaluation of models can be done by applying different measure of performance. 

As indicated at the beginning of thi s chapter one of the ways to use the WEKA data mining tool is to apply several different learners and compare their performance in order to choose one for prediction. To this end, WEKA' s experimenter has been util ized to 
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implement 1D3 and j48 decision tree learners and the back propagation a lgorithm for the 
MLP and to automaticall y ana lyze the models. The experiment type is a ten fo ld cross­
validation and model parameters have been set as follows. 

5.6.1 Setting modeling parameters 

In setting parameters for the J48 decision tree algorithm the default confidence factor of 
0.25 was used, tree pruning was allowed; the number of folds was set to ten and the 
minimum number of instances to twenty. In training the MLP the auto build parameter 
has been set to add and connect up hidden layers in the network. The number of hidden 
layer nodes is set according to the formula: (number of attributes + number of classes)/2, 
where the number of classes is 3 in all the experi ments and the number of attributes 
varies from 10 to 13 .. The learn ing rate and momentum are the recommended defau lts 0.3 
and 0.2 respectively. The "nominaltobinary" parameter is set to automatically convert the 
nominal attributes to binary. The training which is the number of epochs to train through 
is set 300. Other less important default parameters are left unchanged. In the case of the 
103 algorithm there is no parameter to be set by the user. The parameters are customized 
by using WEKA' s generic object ed itor window which can be referred to at Appendix 4 
and Appendix 5 for the J48 and MLP respectively. 

Figure 5.5 below, shows the WEKA 's experiment enviro,nment window after the data is 
fed and the three algo ritlu11S 1D3, j48 and MLP have been selected. 
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Figure 5.5 : WEKA 's Experi ment EnvirolU11ent. 

... 

After choosing the aigoritlU11s and setting parameters the accident data set with ten 
attri butes (used already for rule extraction) has been fed to the experi menter. The 
experiment has been run on the data to bui ld the three models all at once. 

Then the three models have been analyzed by the experimenter automaticall y. The MLP 
has been used as a base model to compare the other two against. The performance tests 
have been based on different performance measures and are discussed as fo llows: 

The first analys is was performed by testing the models based on the percent-correct 
stati stic and the following result output has been obtained. 
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Analysing: Percent_ correcl 

Dalasets: I 

Resultsets: 3 

Confidence: 0.05 (two tailed) 

Date: 1/8/098 : IOAM 

Dataset (3) fu nction 1 ( I) trees (2) trees 

Dataset-I O-attr ibutes-wek(1 00) 91.84 1 87.11' 88.24' 

(vII') 1 (0 /011) (0 /011) 

Ski pped: 

Key: 

(I) trees.J48 '-C 0.25 -M 2' -217733168393644444 

(2) trees.ld3 " -2693678647096322561 

(3) functions.Multi layerPerceptron '-L 0.3 -M 0.2 -N 300 -v 0 -S 0 -E 20 -H a' 572250905027665169 
Figure 5.6: WEKA ' s percent-correct test output 

The three models are compared based on the percent correct stati stic: thi s is selected by 

default. The three methods are di splayed horizontally, numbered ( I), (2), and (3), as the 

heading of the table. The labels for the columns are repeated at the bottom, ID3 , J48 and 

function for the MLP. The value in parentheses at the beginning of the dataset row (100) 

is the number of experimental runs: 10 times 10-fold cross-validation. The percentage 

correct for the three schemes is shown in Figure 87. 11 % for method I, 88.24% for 

method 2, and 91.84% for method 3(the base method) . The symbol placed beside a result 

indicates that it is stati stically better (v) or worse (*) than the baseline scheme; in thi s 

case the function (MLP) at the specified significance level (0.05, or 5%). Here, method I 

and method 2 are significantly worse than method I , because its success rate is followed 
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Appendices 

Appendix 1: Decision Tree Algorithm 
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Appendix 2: The Backpropagation Algorithm 
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Appendix 3: PART Extracted Rules 

VehiclePeri odOfService = D AND 

Dri verAge = C AND 

Vehic leType = Alltomobi l AND 

LicenceG rade = Second: Moderate (96,013.0) 

Veh iclePeriodOfService = E AND 

LicenceGrade = Second AND 

DriverA ge = D: Slight (89, 011 ,0) 

Dri verAge = C AN D 
Vehi cleType = Tax i&Mi niBlIs AND 

LicenceG rade = Th ird AN D 

Driv ingExprience = D: Extreme (28,0) 

Dri verAge = C AND 

Vehi clePeriodOfService = D AN D 

Drivi ngExpr ience = E AND 

Vehic leType = StationW: Moderate (24,0) 

DriverAge = C AN D 

Vehi cle Peri odOfService = D AND 

Vehi cleMovemet = MovingStraight AND 

LicenceG rade = FOlllt h: Moderate (39,0/4.0) 

Dri verAge = C AN D 

Veh iciePeri odOfService = D AND 

Dri v ingExprience = E AND 

Veh icleType = Alltomo bi l: Moderate (1 6,0) 

Dri verAge = BAND 

Vehicle Peri odOfServ ice = D AND 

DrivingExprience = C: Extreme (52,0) 

Li cenceG rade = Specia l AN D 

VehicleMovemet = MovingStra ight: Moderate (9,011 ,0) 

LicenceG rade = Second AND 

Dri vi ngExprience = D AND 

Vehi cleType = Alltomobil : S li ght (I 0 1,0) 

VehiciePeriodO fService = D AND 

LicenceG rade = Th ird AND 

Dri vingExprience = B: Extreme (26,0) 

Vehic lePeri odOfServ ice ~ D AND 

Dri v in gExprience = E AND 

LicenceG rade = Fifth AND 

WeatherCo ndit ion = GoodAir: Moderate (43,0) 

Veh icie Peri odOfService = D AND 
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LicenceGrade = Thi rd AND 
Drivi ngExprience = D AND 
Dri verAge = B: Extreme (24.0) 

Veh ic lePeriodOfServ ice = D AND 
LicenceGrade = Third AND 
DriverAge = A: Extreme (3 1.0/6.0) 

Vehi clePeriodOfService = D AND 
Drivi ngExpr ience = E AND 
Vehi cleType = Automob il : Moderate (60.011.0) 

DriverAge = C AND 
Vehi clePer iodOfServ ice = D AND 
Vehi cleMovemet = Turning: Moderate (27.0/ 1.0) 

DriverAge = C AND 
Veh iclePeriodOfService = D AND 
LicenceGrade = Second AND 
Driv in gExprience = D: Moderate (14.012.0) 

DrivelAge = C AND 
VehiclePeriodOfServ ice = D AND 
LicenceGrade = Second AND 
DrivingExprience = E: Moderate (7.0) 

Dri verAge = C AN D 
Vehi clePer iodOfService = D AND 
WeatherCond ition = GoodAi r AND 
LicenceG rade = Third AND 
Ed ucationa lbackground = SSS: Extreme (17.0/3 .0) 

DriverAge = C AND 
Vehi cleType = Automobi l AND 
Vehi clePeriodOfServ ice = C AND 
Driv ing Exprience = E: Moderate (27.0) 

DriverAge = C AND 
Vehi cleType = Automobil AND 
Vehi clePer iodOfService = A: Moderate (24.011.0) 

VehiclePeriodOfServ ice = E AND 
Dri verAge = BAND 
VehicleType = Automobi l: S li ght (33.0/ 1.0) 

LicenceGrade = Second AND 
Dri vingExprience = D AND 
VehicleType = Picku p I OQu: S li ght (IS.O) 

Vehic lePeriodOfService = D AND 
VehicleType = Tax i&Mi niBus AND 
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Ed ucationalbackground = SSS: Extreme ( 18.015.0) 

VehiciePeri odOfServ ice = D AND 

Vehic leType = Tax i&MiniBus AND 

Ed ucationalbackground = Juni or: Extreme (13.0) 

LicenceG rade = Second AND 

DrivingExpri ence = D AN D 

Vehic leMovemet = MovingStraight AND 

Vehi clePeriodOfServ ice = E: S light (10.0) 

LicenceG rade = Second AN D 

Dri vi ngEx prience = D AND 

Veh icleMovemet = Turn ing: Slight (7.0) 

Veh iclePeriodOfServ ice = D AND 

Veh ic leType = Taxi&M ini Bus AND 

Ed ucationa lbackground = Elementary: Extreme (12.0) 

Dri verAge = C AND 
Veh ic lePeriodOfServ ice = D AND 

Dri v in gEx pri ence = D: Moderate (23.0/4.0) 

LicenceGrade = Second AND 

Ed ucati ona lbackground = SSS AND 

Vehi clePeriodOfService = E: Slight (74.0/3.0) 

Dri verAge = C AND 

Dri vin gExprience = E AND 

LicenceGrade = Fifth: Moderate (4 1.0) 

DriverAge = C AND 

Vehi cleType = Automobil AND 

Veh iclePeri odOfServ ice = C AND 

Vehi cleMovemet = Movi ngStrai ght AND 

Ed ucati onalbackground = Above _ SSS: Moderate (10.0) 

Dri verAge = C AND 

VehicieType = Automobi l AND 

Driv ingExprience = E: Moderate (38.0/3.0) 

Li cenceG rade = Foulth AN D 

Dri verA ge = C AND 
Vehic leType = Bus: Moderate (23.0/ 1.0) 

Vehic lePeri odOfService = D AND 

Vehic leType = Truck AN D 

Li cenceGrade = FOUlth: Moderate (34.0) 

Dri verAge = BAN D 

Vehic lePeri odOfService = BAND 
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VehicleMovemet = Mov ingStra ight: Extreme (10.0/2.0) 

DriverAge = BAND 
Vehi clePeriodOfService = D AND 
Vehi cleType = Truck: Extreme (8.0) 

Dri verAge = BAND 
Vehi clePeriodOfService = E AND 
Veh icleType = Bus: Sli ght (23.0) 

Vehi cleType = Taxi&Mi ni Bus AND 
DriverAge = A AND 
LicenceGrade = Third: Extreme (16.0) 

Dri verAge = BAND 
Vehi clePer iodOfServ ice = D AND 
Vehi cleType = Picku p I OQu: Extreme (7.0) 

LicenceGrade = Second AND 
Driv ingExpri ence = D AND 
Veh iclePeriodOfService = C: Slight (7.0) 

Vehici ePer iodOfServ ice = D AND 
Veh icleTy pe = Bus AND 
WeatherCond ition = Hot: Moderate ( 10.0) 

Veh ic lePeriodOfService = E AND 
Veh icleType = Automobi l AND 
LicenceGrade = Th ird AND 
Drivi ngExprience = D: Slight (30.0) 

LicenceG rade = Th ird AND 
Vehi clePeriodOfServ ice = D AND 
Driv ingExpri ence = D: Extreme (1 1.0) 

DriverAge = BAND 
VehiciePeriodOfServ ice = E AND 
VehicieMovemet = Turn ing AND 
Driv ingExprience = D: Slight (6.0) 

Dri verAge = BAND 
LicenceG rade = Third AND 
VehicleMovemet = Mov ingS traight AND 
VehiciePeriodOfServ ice = C: Extreme (20.011.0) 

DriverAge = BAND 
Veh iclePeriodOfService = E AND 
Veh icieMovemet = Turni ng AND 
Dri v ingExprience = C: Slight (5 .0) 
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Dri verAge = BAND 
DrivillgExpriellce = No Licellce AN D 
Ed ucatioilai backgroulld = SSS: S light (10.0/2.0) 

VehicleType = Taxi&Mill iBus AND 
Drivill gExpri ellce = C: Extreme (22.0) 

Li cellceG rade = Fourth AND 
Dri verAge = C: Moderate (59 .0/3 .0) 

DrivillgExpriell ce = C AN D 
Vehic leType = Automobil AND 
Educati olla lbackground = SSS: S li ght (27.013.0) 

Vehic lePeriodOfService = D AN D 
Vehic1eType = Truck: Moderate (21.014.0) 

VehiclePeriodOfService = D AND 
VehicleType = Bus AND 
Driv ill gExpri ellce = D: Moderate ( 11 .0/ 1.0) 

Vehic1ePeriodOfService = D AND 
Vehic leType = Bus AND 
WeatherCo llditi oll = GoodAir AND 
Drivill gExpri ellce = E: Moderate (4.0/ 1.0) 

Vehi c lePeri odOfServ ice = D AND 
Vehic leType = Bus: Extreme (16.0/5.0) 

Drivi llgExpriellce = C AND 
Vehi clePeri odOfServ ice = E AN D 
DriverAge = C: Sl ight (13.0/1 .0) 

DrivillgExpriellce = C AND 
Vehi clePeri odOfService = E AND 
DriverAge = A AND 
Educati ollalbackgro ulld = Above_SSS: S li ght (7.0) 

DrivillgExpriellce = C AND 
Veh iclePer iodOfService = A AND 
Veh icleType = Truck: Extreme (5.0) 

DrivillgExpriellce = C AND 
VehiclePeriodOfServ ice = A AND 
VehicleTy pe = Automob il : Slight (4.0) 

Driv illgExpriellce = C AND 
VehiclePeriodOfService = A AND 
VehicleType = Pickup I OQu: S li ght (3. 0/ 1.0) 

Driv illgExpri ellce = C AND 
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YehiclePeriodOfService = E AND 
DriverAge = BAND 
LicenceGrade = Fourth: Slight ( 18.012.0) 

Dr ivi ngExprience = E AND 
LicenceG rade = Fourth AND 
LightCond ition = DayLight AND 
DriverAge = A: Moderate (30.0) 

YehiclePeriodOfService = E AND 
YehicleType = Automob il AND 
Dri vingExprience = E AND 
WeatherCondition = GoodA ir: S li ght (28.0/ 1.0) 

Dri v ingExpri ence = E AND 
LicenceG rade = Fifth AND 
YehicJeType = Truck: Moderate (31.0/3.0) 

Yehic lePeriodOfService = E AND 
LicenceGrade = Second AND 
Drivi ngExpr ience = B: Slight (18.0/ 1.0) 

Dri verAge = BAND 
YehiclePeriodOfServ ice = D AND 
YehicJeMovemel = Mov ingStra ight AND 
Drivi ngExprience = D AND 
LicenceGrade = Fifth: Extreme (5.0) 

Appendix 4: WEKA's object editor window (J48) 
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Appendix 5: WEKA's object editor window (MLP) 
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