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ABSTRACT 

According to the annual report by WHO, the increase in population, urban 

expansion, and the rapid growth of motorized transportation have made traffic 

accidents a critical global problem. Currently road fatalities are 1.35 million 

annually. In Ethiopia, traffic accidents death rate is 26.7 per 100,000 

populations. In Addis Ababa 403 fatal crashes were registered in 2022/23. This 

study aimed to use machine learning techniques to predict the severity of traffic 

accidents in Addis Ababa by developing a predictive model. Ten machine-

learning algorithms were selected and tested using historical traffic accident 

data from Addis Ababa Traffic Management Agency. The dataset contains 9532 

instances with 19 variables, from these 80% are used for training and 20% for 

testing. Association rule mining reveals that less severe traffic accidents are 

frequently associated with dry road conditions, with a confidence value of 

13.56% and a lift value of 1.066. Severe accidents are commonly linked to the 

absence of road junctions, with a confidence value of 78.97% and a lift value of 

1.004. Fatal accidents are strongly associated with poor lighting conditions, 

with a confidence value of 20.41% and a lift value of 1.456. This analysis 

highlights the significant impact of these factors on accident severity, providing 

valuable insights for developing targeted prevention and mitigation strategies. 

Model experimentation shows that the XGBoost model achieved the highest 

accuracy at 84%. Decision Trees had the lowest accuracy of 72% while 

Bagging with SVM improved to 76% accuracy. Random Forests achieved 79% 

accuracy, and Ada Boost and Naïve Bayes also reached 79%. SVM, KNN, 

Logistic Regression, and RNN all achieved an accuracy of 80%. Despite the 

strong performance of several models, XGBoost remains the best performing 

model with the highest accuracy, underscoring its capability to make accurate 

predictions based on this study. 

Keyword: Naive Bayes, K-Nearest Neighbors, Logistic Regression, Decision 

Trees, Recurrent Neural Network, Random Forest, AdaBoost, Extreme 

Gradient Boosting, Bagging, Support Vector Machine, traffic accident severity 

predication



1 
 

CHAPTER ONE 

1 INTRODUCTION 
1.1 Background of the Study  

As populations increase, cities expand rapidly, and motorized transportation 

explodes, ensuring road safety becomes paramount in building a society that is 

sustainable, inclusive, and prioritizes safety for everyone. The UN's 2030 

Agenda for Sustainable Development has a crucial target: to cut the number of 

global road fatalities in half. Currently, this number stands at a staggering 1.35 

million annually. This translates to a life lost every 24 seconds or roughly 3,700 

deaths each day. Among these deaths, a shocking 1,000 occur daily among 

young people. In fact, road traffic injuries are the leading cause of death for 

young people between the ages of 5 and 29. It's important to note that over 90% 

of these fatalities happen in low- and middle-income countries. (UN Road 

Safety Fund Brochure 2021) 

According to data found from WHO, traffic accident death rate in Ethiopia is 

26.7 per 100,000 populations one of the highest in the world.  The numbers of 

reported fatal crash victims are 408 in 2022/23. Pedestrians accounted for 86% 

of the reported deaths. Males made up 77% of the reported fatalities, 41% of the 

reported deaths were among those aged 20-39 years.   Deaths were frequently 

reported following crashes which occurred between 6 and 8 p.m. 50% of deaths 

occurred from crashes on weekends (Fridays to Sundays). (Addis Ababa Road 

Safety Report 2022-2023).    

Traffic Management Agency of Addis Ababa is responsible for ensuring 

peaceful and convenient traffic flow in the city, for awareness creation and 

traffic enforcement. Generally, TMA is given mission of determining, 

informing, improving, implementing and controlling appropriate road use in the 

city of Addis Ababa. (TMA Strategic Plan, 2020 - 2029). 

On the other hand Traffic Police Commission is responsible for traffic 

enforcement and controlling activity throughout the city. TMA and Addis 

Ababa Police commission has implemented different kinds of traffic accident 
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prevention in the city. Moreover; several researches have been done on traffic 

accident situation by government agencies and different scholars all of these 

researches has proposed a number of solution in order to minimize and prevent 

traffic accident. However; traffic accident is still a major concern that take live 

of hundreds annually, brings minor to serious injuries of thousands, extreme 

property damage. This research aimed to provide its own contribution to 

suggest and show machine learning based traffic accident prevention method 

towards the ongoing struggle of traffic accident prevention in Capital City 

Addis Ababa. 

1.2 Motivation of the Study 

As described in the background section traffic accident is major issue in the 

world as well in Ethiopia Addis Ababa. Awareness Creation and enforcement 

measures are not made based of scientific analysis of past accidents and 

contributing factors. Unless effective awareness creation is made and efficient 

intervention is taken the death of productive man power and other innocent 

lives from small hopefully growing youngsters to honored elderly person will 

continue seriously. Moreover; the number of vehicle and pedestrians in Addis 

Ababa is increasing highly. Whereas the safest road network expansion and 

prevention mechanism implementation compared to the growth of vehicles and 

pedestrians is low. 

This motivated us to analyze the traffic accident and develop a model that 

predict level of accident based on registered contributing factors, in order to 

support the struggle against the death of thousands of innocent people from 

accident. Based on this, awareness creations are made and other interventions 

mechanisms can be performed.  

1.3 Statement of the Problem 

Efforts by the Traffic Management Agency (TMA) and the Addis Ababa Police 

Commission to enforce traffic laws and create public awareness have not 

significantly reduced the high accident rates. This ongoing issue indicates that 



3 
 

current measures are insufficient, primarily due to a lack of comprehensive 

scientific analysis of past accidents and their contributing factors. 

The rapid increase in both vehicular traffic and pedestrian movement in Addis 

Ababa further aggravates the situation. The growth in road users has not been 

matched by an expansion in safe road networks and effective prevention 

mechanisms. This imbalance highlights the urgent need for innovative and 

effective strategies to reduce traffic accidents. 

To address this critical issue, this research aims to analyze traffic accident data 

and develop a predictive model to identify risk factors and predict the severity 

of accidents. By using machine learning techniques, the model will be based on 

an analysis of historical data, providing a scientific foundation for targeted 

interventions and awareness programs. This approach seeks to support ongoing 

efforts to reduce traffic accidents, thereby saving lives and reducing injuries and 

property damage. 

1.4 Research Questions  

This research is dedicated to replay the subsequent research questions: 

1. How can machine learning techniques be used to identify the most 

significant contributing factors and their co-occurring patterns 

associated with traffic accident severity in Addis Ababa? 

2. How can insights gained from machine learning models be used to 

develop targeted interventions for reducing traffic accidents in Addis 

Ababa?  

3. Which machine learning algorithms are most effective in predicting 

traffic accident severity in Addis Ababa? 

1.5 Objectives of the study 

1.5.1 General Objective  

To develop a machine learning model to predict the severity of traffic accidents 

in Addis Ababa, improving prevention mechanisms and safety measures.  
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1.5.2 Specific Objectives  

Specific objectives of this research include;  

 To utilize machine learning techniques to identify the most significant 

factors contributing to traffic accident severity in Addis Ababa. 

 To implement association rule mining to discover co-occurring patterns 

of factors associated with high accident severity. 

 To analyze the relationships between identified factors and accident 

severity based on the model's results. 

 To suggest targeted interventions based on the model's insights focusing 

on high-impact factors or frequently occurring patterns linked to severe 

accidents. 

 To compare the effectiveness of different machine learning algorithms 

in predicting traffic accident severity in Addis Ababa. 

 To select the most effective algorithm based on performance metrics 

like accuracy, precision, and recall. 

1.6 Scope and limitation of the study  

1.6.1 Scope of the Study 

This research is on traffic accidents within Addis Ababa city. The research 

utilizes the historical traffic accidents data obtained from AAPC and TMA. And 

the research will define and categorize the different levels of accidents and 

contributing factors. Experiment with various algorithms suitable for 

classification tasks, considering factors. Then assess model performance using 

appropriate metrics. Finally, explore the potential implications of using such a 

model, including benefits for accident prevention, and resource allocation for 

traffic safety interventions. 

1.6.2 Limitation of the Study 

This study has used three years traffic accident, hence limitation on not using 

more historical accident data and quality of data used. Moreover, inconsistent 

missing data on accidents or contributing factors can affect the model's 



5 
 

performance. And it is also impossible or difficult to use personal data 

associated with accidents because of ethical considerations and permissions.   

The research may also have a limitation from algorithm selection and 

performance choosing the best machine learning algorithm for the data and 

problem might involve experimentation and potential suboptimal outcomes. 

The model developed may inherit biases from the data they are trained on, 

potentially leading to unfair predictions for certain driver groups or accident 

types. On the other hand depending on the chosen algorithm, understanding 

how the model makes predictions might be challenging, limiting its practical 

application.  

The model's predictions might be less accurate for future accidents due to 

changing traffic patterns, regulations, or vehicle technologies. The model works 

only for Addis Ababa not for other cities or regions with different traffic 

characteristics and regulations. The model might not account for all factors 

contributing to accident factors, such as driver intent, witness testimonies, or 

legal interpretations. 

1.7 Significance of the Study  

As discussed in the background section of this study road traffic accident is a 

great challenging issue in Addis Ababa. The data used in this study indicates 

almost all groups of the society if a victim of RTA. This study gives additional 

methods of accident prevention to Addis Ababa traffic management agency. 

Association rule mining show which factors contribute most to or happen 

frequently in causing RTA. Machin learning models give better understanding 

of RTA categories like sever, less severe and fatal.  Machine learning models 

shows which are the most happening categories of RTA. Based on this 

organized results responsible bodies like Addis Ababa Traffic Management 

Agency and Addis Ababa Traffic Police Commission can implement different 

prevention methods like targeted intervention, resource allocation, awareness 

creation and improved decision making.  This study will help Addis Ababa by 

providing valuable insights for various stakeholders to develop and implement 

effective interventions. 
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1.8 Organization of the Thesis  

In this section, we presented a summary of the chapters covered in this thesis 

report.  

Chapter One deals with the background of the study, the motivation behind the 

study, statement of the problem, research question, general and specific 

objective of the study, scope and limitations and significance of the stud.  

Chapter two presents the literature review and related works on traffic accident 

predication, the overview of road traffic accident, global facts about RTA, 

methods of RTA prevention including machine learning and related work are 

briefly seated.  

Chapter three presents materials and methods. In this section, we mentioned 

research design, data collection, data preprocessing, association rule mining, 

machine algorithm selection, libraries used in model development and model 

evaluation that we used in our study.  

Chapter four, in this chapter we have, discussed the proposed model 

architecture, dataset pre-processing, feature selection, proposed machine 

learning algorithms, model evaluation and proposed model prototype 

architecture.  

Chapter five describes the experimentation and implementation of the proposed 

solution and also includes some sample. 

Lastly, in chapter six, we have discussed results from experimentation and 

implementation. We have also included conclusion, recommendation and future 

works in this chapter. 
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CHAPTER TWO 

2 LITERATURE REVIEW 

2.1 Introduction  

Traffic accidents are a significant public health concern globally as well as 

in Ethiopia specifically in Addis Ababa, causing fatalities, injuries, and 

economic losses. Traditional methods of traffic accident analysis often rely 

on statistical techniques and may not fully capture the complex relationships 

between various contributing factors. Machine learning (ML) offers a 

promising approach to analyze vast amounts of traffic accident data and 

identify patterns that can be used to predict future accidents and improve 

road safety. This thesis explores the application of ML techniques predict 

traffic accidents in Addis Ababa. (World Health Organization, 2023; Addis 

Ababa Traffic Management Agency Report, 2023), 

This literature review explores the scientific background of road traffic 

accident, different researches as well as reports on road traffic accident and 

the existing researches on applying machine learning predict traffic 

accidents in order to reduce the consequence of vehicle traffic accident, 

with a specific focus on studies conducted in Addis Ababa or similar urban 

environments in developing countries. The review examines the types of 

data employed, the machine learning algorithms used, and the key findings 

regarding accident analysis and prediction. 

2.2 Road Traffic Accident 

2.2.1 What is Road Traffic Accident? 

Getting people and things from point A to point B is what transportation is 

all about. We achieve this by using a complex network of roads, railways, 

waterways, and airways, along with various vehicles that travel on them. It's 

not just about the technology – cars, fuel, and infrastructure – it also involves 

people's time and energy. While transportation delivers the goods, it can also 
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bring unwanted baggage: dirty air, noise, traffic jams, accidents, and even 

deaths. (D. Levinson et al., 2009).   

Getting around safely is a major part of our daily routines. Whether on foot 

or behind the wheel, we all rely on roads and sidewalks to navigate our 

lives. From workplaces and schools to shops and back home, these paths 

connect us to our destinations. While authorities strive to keep these routes 

free from trouble, accidents unfortunately happen. These crashes involving 

vehicles cause a lot of harm and injuries, posing a serious threat to public 

health.  (D. Gelinne et al., 2017). Any mishap on a public roadway, or even 

a private one that's open to everyone, that involves a moving vehicle and 

leaves someone hurt or dead is considered a traffic accident. (United 

Nations, European Union and the International Transport Forum at the 

OECD, 2019).   

To ensure everyone's on the same page, this is what we consider a road 

transport accident (United Nations, European Union and the International 

Transport Forum at the OECD, 2019):  

Crash with Injuries: This refers to any incident involving a moving 

vehicle on a public or accessible private road, where at least one person is 

hurt or killed. This can involve collisions between vehicles, pedestrians, 

animals, or stationary objects. Even single-vehicle crashes count if there are 

injuries. It's important to note that accidents involving only property 

damage and terrorist attacks are excluded. 

 Fatal Crash: When a crash with injuries results in death. 

 Non-fatal Crash: Any crash with injuries that doesn't result in death. 

 Casualty: Anyone injured or killed in a crash. 

 Fatality: A person who dies immediately or within 30 days of a crash, 

excluding suicides. 
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 Injury: When someone is hurt in a crash but doesn't die within 30 

days. These injuries typically require medical attention and exclude 

attempted suicides. 

 Serious Injury: Injuries that require hospitalization for more than 24 

hours. 

 Minor Injury: Any injury that doesn't fall under the categories of 

fatality or serious injury. 

 Driver in a Crash: The person operating a vehicle during the crash. 

 Passenger in a Crash: Anyone other than the driver who is in, on, or 

getting in/out of a vehicle during the crash. 

 Pedestrian in a Crash: Someone involved in a crash who isn't a 

driver or passenger (as defined above). 

 Vehicle-Pedestrian Crash: Any crash involving one or more vehicles 

and one or more pedestrians. 

 Single-Vehicle Crash: A crash involving only one vehicle. 

 Multi-Vehicle Crash: A crash involving two or more vehicles. This 

includes: 

 Rear-End Collision: Crashing into a vehicle in front of you, 

traveling in the same direction. 

 Head-On Collision: Crashing into a vehicle traveling in the 

opposite direction, in the same lane. 

 Turning or Crossing Collision: Crashing into a vehicle 

moving laterally while crossing, entering, or leaving a road. 

2.2.2 Global Facts about Road Traffic Accident 

Every year, approximately 1.2 million lives are tragically lost on the world's 

roads. These accidents leave a devastating mark, causing injuries to an 

estimated 20 to 50 million people. Pedestrians, cyclists, and motorcyclists 

are particularly vulnerable to these crashes. Alarmingly, road traffic injuries 

are the leading cause of death for young people aged 5 to 29. While low- 

and middle-income countries account for only 60% of the world's vehicles, 



10 
 

a shocking 90% of road traffic fatalities occur in these regions.  The human 

cost is immense, but the economic burden is significant as well.  These 

crashes place a heavy financial strain on victims' families due to medical 

bills and lost wages.  In addition, entire countries lose an estimated 3% of 

their GDP annually as a result of these tragedies. Fortunately, solutions 

exist to prevent these devastating accidents. The global community has set 

an ambitious goal: to halve road traffic deaths and injuries by 2030. (World 

Health Organization, 2023)  

2.2.3 Facts in Addis Ababa about Road Traffic 

Accident 

Addis Ababa found in the central part at an elevation of around 2400 meters 

(7874 feet) above sea level with a population of nearly 4 million people 

(Central Statistics Agency, 2013). There are about 727,651 registered 

vehicles in the city (DVCA, 2023). RTA accidents are concerning issue in 

the city, with a high number of accidents and fatalities every year. Between 

2017 and 2022 there where over 140,000 accident reported in Addis Ababa, 

with over 16,000 injury and fatal. Several factors contribute to the 

accidents, like driver behavior, pedestrian behavior and vehicle age. The 

city has implemented strategies to improve traffic safety, but challenges 

remain (TMA five years report). 

2.3 Factors Contributing to Road Traffic Accident 

Risk is like betting on the future. It's the possibility of things going wrong 

when you take an action. The unsure you are of what will happen, the 

higher the risk. For example, driving involves navigating a web of 

uncertainties. Risk management in this situation is about balancing the 

potential dangers with the expected benefits, all while considering your own 

comfort level with risk. (L. Crane, 2013).  
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Car accidents are complex and can be caused by many things, like the 

design of roads, the condition of vehicles, the behavior of drivers, and even 

the weather. Some of these factors cause the accident itself, while others 

make the injuries worse. Not all factors are obvious, and some causes 

happen right before the crash, while others have been building up for a long 

time. To prevent these accidents, we need to identify the risks involved. 

Traditionally, people have blamed drivers, cars, or the road itself, but a 

better approach is to look at how all these things work together. This way, 

we can find ways to fix the system to make roads safer for everyone. Traffic 

accidents are a big problem, and to solve them, we need to consider 

everything that plays a role, from the design of roads to the way people 

behave behind the wheel. By understanding how these things interact, we 

can make our roads safer. (D. Mohan et al., 2006) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-1: System Approach (Source: World Health Organization. (2006). Road traffic injury 

prevention) 
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According to World Health Organization December, 2023 report causes of 

vehicle crashes are:  

 Careless speeding 

 Drinking and driving and other drags  

 Without helmets,  

 Not using car seat-belts and child restraints 

 Confused driving 

 Risky roads  

 Risky vehicles 

 Poor law enforcement of traffic laws 

2.4  Methods of Traffic Accident Prevention  

One-size-fits-all solutions for road safety don't exist. Programs that work in 

one place might need tweaking to succeed elsewhere. Careful adjustments 

and testing are crucial. In areas where effective strategies are missing 

entirely, research is needed to create and assess new approaches. But some 

key principles apply everywhere, from wealthy nations to developing 

countries: reducing risk through transportation and land-use planning, 

designing safer roads, improving user visibility, pushing for crash-resistant 

vehicle designs, enforcing clear road rules, and ensuring compliance. (D. 

Mohan et al., 2006).  

Road safety isn't a one-man job! Different specialists work together to make 

our travels safer. This team effort, sometimes called the "Four E's," includes 

engineers who design safe roads, educators who teach safe driving habits, 

law enforcement who keep the roads orderly, and emergency responders 

who help in case of accidents. Sometimes, a fifth "E" for evaluation is 

added to track what works and what doesn't. This highlights the importance 

of good data in making our roads even safer. (D. Gelinne et al., 2017). 

Traffic flow can be controlled with signs or by physically shaping the road 

itself. Signs like "stop" or "one way" tell drivers what to do. Road design 
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can also achieve this. For example, a road can be narrowed to slow drivers 

down, or a roundabout can be built to reduce accidents. These design 

features are especially useful in areas with a lot of pedestrians or homes. (K. 

Weerasekera, 2019) 

2.5 ML Based Traffic Accident Prevention 

Machine learning is like a code-cracker that automatically discovers hidden 

rules in data. These rules are then used to build a system, like a crystal ball, 

that predicts what will happen next.  Supervised learning is a special 

technique where the system is trained on past examples, allowing it to learn 

the connections between different pieces of information and predict what 

value will appear for a missing piece. (D. Kellerher et al., 2015).   

With all the advanced tech around us, we're drowning in data, both 

organized and not. In the late 1900s, a new field called machine learning 

emerged from artificial intelligence. It uses special algorithms to learn from 

this data and make predictions. Instead of us writing out rules by hand, 

machine learning can find patterns in the data itself, getting better and better 

at making predictions as it goes. This lets us ditch the guesswork and rely 

on data to make smarter decisions. (S. Raschka, et al., 2022) 

Traditional data analysis follows a set recipe to get an answer, while 

machine learning (ML) explores data to uncover hidden patterns. In other 

words, traditional methods use general rules to reach conclusions 

(deduction), whereas ML learns from examples to make predictions 

(induction). Traditional analysis also needs some understanding of the 

problem beforehand, and needs to be adjusted if things change. On the other 

hand, ML can automatically adapt to new situations because it learns from 

the data it's given. This makes ML a good choice for complex problems 

with unclear relationships, especially when dealing with non-standard data 

like images or text. However, both traditional and ML methods can work 

together, and traditional analysis remains useful for simpler problems. (H. 

Nyman, 2019).  
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2.5.1 Machine Learning Algorithms  

Machine learning algorithm can be understood as a computational 

procedure encapsulated within a black box that takes input data and 

produces outputs. The distinguishing factor between different machine 

learning algorithms lies in the assumptions embedded within them. These 

assumptions dictate how the algorithm processes data to generate 

predictions or classifications. Unlike algorithms, which implicitly hold 

these assumptions, models in machine learning explicitly define these 

assumptions about the problem domain. Models represent a structured 

framework that combines these assumptions with inference methods, which 

are generic techniques used to compute variables of interest from the data. 

This model-based approach allows for flexibility in applying various 

inference methods across different models. For instance, deep learning 

exemplifies model-based machine learning where neural networks serve as 

the model, encoding assumptions through network architecture and 

activation functions. This model-based view not only clarifies the 

assumptions driving predictions but also facilitates improvements and 

extensions to tasks such as classification and clustering by modifying the 

underlying model, thereby enhancing accuracy and interpretability in 

machine learning applications. (D Barber, 2012) 

Random Forest 

Random Forest is a powerful machine learning algorithm that aggregates 

predictions from multiple decision trees to generate a final output. 

Renowned for its simplicity and versatility, Random Forest excels in both 

classification and regression tasks by leveraging the collective wisdom of 

diverse decision trees. Its robustness lies in mitigating overfitting and 

handling complex datasets comprising both continuous and categorical 

variables. This algorithm's popularity stems from its ability to deliver 

reliable performance across various predictive tasks in machine learning, 
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making it a preferred choice for data scientists and researchers alike. 

(Breiman, L. 2001) 

Extreme Gradient Boosting (XGBoost) 

XGBoost, short for Extreme Gradient Boosting, is an advanced 

implementation of gradient boosting algorithms designed for efficiency and 

performance in supervised learning tasks. XGBoost employs a gradient 

boosting framework to sequentially train ensemble models, iteratively 

improving predictive accuracy by minimizing the errors of previous models. 

It integrates techniques like regularization and parallel processing to handle 

large datasets efficiently while preventing overfitting. XGBoost's key 

strengths lie in its ability to handle diverse data types, its robustness against 

outliers, and its versatility in both regression and classification tasks. It has 

become a popular choice in competitions and real-world applications due to 

its superior performance and ease of use, making it a cornerstone in modern 

machine learning pipelines. (Chen, T. & Guestrin, C.2016) 

Decision Tree (DT) 

Decision Tree (DT) is a statistical model used for classification that 

organizes data into classes and represents the results in a tree-like flowchart 

structure. The model classifies data by flowing through a sequence of 

queries from the root node, which represents the most significant attribute, 

to the leaf nodes, which represent the classes. The classification process 

involves placing all training examples at the root, dividing them based on 

selected attributes, and recursively partitioning the data until no training 

examples or attributes remain, or the remaining examples belong to the 

same class. This method, known as Top-Down Induction of Decision Trees 

(TDIDTs), is the most common strategy for learning DTs from data. 

(Mohammed, Khan, & Bashier, 2017) 
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K-Nearest Neighbors Algorithm (k-NN)  

The k-nearest neighbors algorithm (k-NN) is a nonparametric method used 

for classification and regression, where the input consists of the k closest 

training examples in the feature space. For classification, k-NN assigns a 

class based on a majority vote of its neighbors, while for regression, it 

predicts a value by averaging the values of its neighbors. It is an instance-

based, or lazy learning algorithm, meaning computations are deferred until 

classification. Neighbors can be weighted based on their distance, with 

nearer neighbors contributing more. The k-NN algorithm is simple but 

sensitive to the local structure of the data, and it should not be confused 

with k-means clustering. (Mohammed, Khan, & Bashier, 2017) 

 Naïve Bayesian Algorithm 

Naïve Bayesian classifiers are simple probabilistic classifiers based on 

Bayes' theorem, assuming strong independence among features. Bayes' 

theorem calculates the probability of an event given the occurrence of 

another event, where P (A|B) is the posterior probability, P (A) and P(B) are 

the prior probabilities, and P(B|A) is the likelihood. In classification, given 

a vector of features X and a class cj, the classifier calculates the posterior 

probability P (cj|X) from the prior probabilities P (cj) and P(X), and the 

likelihood P(X|cj). The naïve assumption, known as class conditional 

independence, posits that the effect of one predictor on a given class is 

independent of other predictors. An instance X is classified into the class 

with the highest posterior probability P (cj|X).  

Support Vector Machine (SVM)  

A Support Vector Machine (SVM) is a powerful and versatile machine 

learning model used for linear or nonlinear classification, regression, and 

outlier detection. It is particularly effective for classifying complex but 

small- to medium-sized datasets. The fundamental idea behind SVMs is to 

find a decision boundary that not only separates different classes but also 
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maximizes the margin between the closest training instances from each 

class. This approach, known as large margin classification, ensures the 

model performs well on new instances by fitting the widest possible margin 

(or "street") between the classes. (A. Géron, 2019) 

Bootstrap Aggregation (Bagging) 

Bagging, short for bootstrap aggregating, is an ensemble technique where 

multiple predictors are trained on different random subsets of the training 

set. When sampling is performed with replacement, it's called bagging; 

without replacement, it's called pasting. Both methods allow training 

instances to be sampled multiple times across different predictors, but only 

bagging permits multiple samplings of the same instance for a single 

predictor. 

After training, the ensemble makes a prediction by aggregating the 

predictions of all predictors, typically using the statistical mode for 

classification or the average for regression. This aggregation reduces both 

bias and variance compared to a single predictor, leading to better 

generalization. Bagging can be efficiently implemented in parallel, 

leveraging multiple CPU cores or servers for training and prediction. This 

parallelism, combined with its ability to reduce variance while maintaining 

bias, makes bagging a popular and scalable method in machine learning. (A. 

Géron, 2019) 

 Adaptive Boosting (AdaBoost) 

AdaBoost (Adaptive Boosting) is an ensemble learning method that 

combines multiple weak classifiers to create a strong classifier. It works by 

sequentially building models from the training data, where each subsequent 

model focuses on correcting the errors of its predecessor. Initially 

developed for binary classification, AdaBoost aims to improve the overall 

accuracy of learning algorithms. It is particularly effective when used with 

weak learners—models that perform slightly better than random chance, 
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such as decision trees with very shallow depth (often just one level). 

AdaBoost iteratively adjusts the weights of misclassified instances, 

prioritizing those that were harder to classify correctly in previous 

iterations. This method enhances the predictive power of the final ensemble 

model by emphasizing instances that are more challenging to classify 

correctly, thus improving overall accuracy on the training set. (J. Brownlee 

2016) 

Recurrent Neural Networks (RNNs) 

Recurrent Neural Networks (RNNs) is a specialized class of neural 

networks designed for processing sequential data. Analogous to how 

convolutional networks excel in processing grid-like data such as images, 

RNNs are optimized for sequences of values they can efficiently handle 

sequences of varying lengths, a capability essential for tasks where 

sequence length may vary, unlike fixed-length feedforward networks. This 

flexibility is enabled by parameter sharing across different parts of the 

model, a concept fundamental to RNN architecture since the 1980s. 

Parameter sharing allows RNNs to generalize across different sequence 

lengths and positions in time, crucial for tasks like language processing 

where the same information can appear at different positions within the 

sequence. This contrasts with traditional feedforward networks that require 

separate parameters for each input feature, limiting their ability to recognize 

patterns across different parts of the sequence. RNNs, thus, offer significant 

advantages in capturing temporal dependencies and handling variable-

length sequential data effectively. (Christopher M. Bishop, 2016) 

Logistic Regression  

Logistic regression is a supervised machine learning algorithm designed for 

binary classification tasks, where its objective is to predict the probability 

that an instance belongs to a specific class. Unlike linear regression, logistic 

regression employs a sigmoid function to map input variables to a 

probability value between 0 and 1, determining class membership based on 
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a specified threshold (typically 0.5). This statistical approach analyzes the 

relationship between independent variables and the likelihood of belonging 

to a particular class, making it a fundamental tool in predictive modeling, 

especially when dealing with categorical outcomes in various fields of study 

and application. (Cox, D. R. 1958) 

2.6 Related Works on Traffic Accident  

Some related works have been reviewed in this study. The detail is 

summarized Table2.1. 

Table 2-1 Summary of Related Works 

S. 

No. 
Author and Title  

Algorithm 

/Method 
Gap 

1 
Deme D. (2019) Road 

Traffic Accident in Ethiopia 

from 2007/08-2017/18 

Descriptive and 

inferential 

statistical 

analysis 

approach 

This study focused solely on 

analyzing the connection 

between the growth rate of 

road traffic accidents, road 

network coverage, and the 

number of motorized 

vehicles.  

It did not explore solutions to 

address the ongoing or 

increasing problem of traffic 

accidents. 

 

2 

. 

Beshah, T., Ejigu, D., 

Abraham, A., Snášel, V., & 

Krömer, P. (2012, January) 
Knowledge discovery from 

road traffic accident data in 

Ethiopia: Data quality, 

ensembling and trend analysis 

for improving road safety 

TreeNet, 

Classification 

and Adaptive 

Regression 

Trees (CART), 

Random Forest 

(RF) and 

hybrid 

ensemble 

approach 

The research prioritizes 

ensuring the data used is 

reliable and accurate.  

The data used in the research 

over four years old and 

potentially not relevant to 

current traffic accident trends. 

  

3 

Mosisa, G. L. (2018, 

October) Analysis Of Road 

Traffic Violations In Addis 

Ababa City (The Case Of 

Arada Sub-City) 

Excel and 

SPSS; 

Independent t-

test, one-way 

ANOVA test, 

Chi-square, 

Descriptive and 

frequencies 

The study's analysis of past data 

may not be relevant to 

preventing future accidents 

The research may be 

geographically limited.  

The data is four years ago, it 

may not reflect current traffic 

patterns and accident risks. 
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S. 

No. 
Author and Title  

Algorithm 

/Method 
Gap 

4 

Beyene Gerbi, H. (2020) 
Statistical Analysis of Road 

Traffic Accident in Addis 

Ababa: Application of  

SARIMA and SETAR model 

SARIMA and 

SETAR 

The study employed traditional 

data analysis but suggests using 

Artificial Neural Networks 

(ANN) and Multinomial Logit 

models for potentially improved 

future research. 

Data older than five years may 

not accurately reflect current 

situations. 

5 

Deneke, S. S., & 

Endalkachew, A. A. (2020) 

Predicting Factors 

Contributing to Road Traffic 

Accident and Implying 

Driver’s Driving Behavior in 

Addis Ababa City 

data mining, 

priori 

algorithm 

This study employed data 

mining techniques on 4,285 data 

points. While it highlights the 

importance of driver sex, 

vehicle status, and road type in 

various weather conditions, the 

authors recommend using more 

recent data for drawing 

conclusions about current traffic 

accident scenarios. 

6 

Endalie, D., & Abebe, W. 

T. (2023) Analysis and 

Detection of Road Traffic 

Accident Severity via Data 

Mining Techniques: Case 

Study Addis Ababa, Ethiopia 

Apriori 

algorithm, 

support vector 

machine, K-

nearest 

neighbors, 

decision trees, 

and random 

forests 

More similar research relatively 

more recent historical data is 

used and other types of 

algorithm used. 
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CHAPTER THREE 

3 Materials and Methods 

3.1 Introduction 

To address research problems require a systematic approach, and this is where 

research methodology comes in. It's the science behind conducting research, 

guiding the selection of techniques and methods for a thorough investigation.  

These techniques and methods themselves are the building blocks, forming the 

vast toolbox of research methods. (Dr. Mishra, Dr. Alok, 2017). This research 

utilizes a machine learning approach to predict traffic accidents in Addis 

Ababa. To achieve this, the chapter delves into the various methods and 

materials employed. Firstly, it explores the techniques used to preprocess the 

acquired data. Subsequently, it details the process of data acquisition itself. 

Finally, the chapter culminates in a discussion of the different machine learning 

algorithms used for the analysis. 

3.2 Research Design 

To clarify the research question involves a strategic steps, each informing the 

next in a dynamic choreography. (Dr. Mishra, Dr. Alok, 2017). The design of 

Research Area 

Identification 

Literature 

Review 

Gap 

Identification 

Formulation 

of RQ 

Data 

Acquisition 

Data 

Processing 

Model 

Selection 

Model 

Building 

Variable 

Selection 

Training the 

Model 

Result and 

Discussion 

Conclusion and 

Recommendation 

Figure 3-1: Research Design Flow Chart 
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this research is shown as follows in Figure 3.1. This research is a model 

development because of this quantitative method specifically experimental 

model will be used for model development in order to answer research question 

and successfully meet objectives of the research.  

3.3 Data Collection 

This section outlines the data collection methods to apply machine learning 

techniques accident predication model development. Understanding the 

contributing factors to the accident is essential to achieving the overall research 

goals of accident predication.  The specific data collection procedures will be 

addressed in the following sections. 

This research will cover traffic accidents registered in AAPC and TMA in 

conjunction perform the control and the enforcement task in the City regarding 

vehicle traffic. Those drivers who offend the traffic rules associated with 

accident and obliged to registered and enforced to practice complement 

measures from fines to sanctions even criminal prison.   Traffic accident data is 

stored in a web based system that can be accessed in those eleven sub cities.  

The data is mainly owned by AAPC with controlled permission to TMA and 

FTA. This research has used three years accident data. 

This data is obtained through official letter written from ASTU to both TMA 

and AAPC. The data is obtained from TMA. This data is three years data from 

2019 to 2021 extracted from the web based traffic accident registration system. 

The data is categorized as minor injury, serious injury and death victims. It is 

raw data not processed and cleaned. While collecting the data some personal 

data features were removed by TMA experts because of ethical consideration. 

For the rest of the data features full privilege is given to the researcher for this 

academic model development.  
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3.4 Data Pre-processing 

The raw data which was collected is in an excel format. The data is organized in 

different excel sheets by year and accident type. Traffic accidents that are minor 

and serious injury are grouped together in same sheet and death accidents are 

grouped in separate sheet for each year. The original raw and uncleaned data 

has 9,678 vehicle traffic accident data of the year 2019 to 2021.  

Unprocessed  data has about thirty five variables like Accident Id Number, Sub 

City, Age, Gender, Latitude, Longitude , Level of Accident, Accident Location, 

Date, Accident Road, Crash Area, Accident Time, Day, Road Condition, Road 

Junction Type, Road Pavement Type, Road Lay Out, Road Division, Light 

Condition, Specific Type of Accident, Weather Condition, Pedestrian 

Movement, Pedestrian fitness and health, On site traffic Control, Vehicle Name, 

Driver Type, Vehicle Plate Number, Vehicle Driver Relationship, Vehicle 

Movement, type of Crash, Vehicle age, Ownership, Type of Vehicle, Driver 

Experience and Accident Cause (offence type).  However; due to ethical 

consideration and permission instances of some variables have been removed 

from the data by TMA experts.  

Finally nineteen(19) variables where approved to the final dataset and these are: 

Sub City, Age, Gender, Date, Road Condition, Road Junction Type, Road 

Pavement Type, Road Lay Out, Road Division, Light Condition, Type of 

Accident, Weather Condition, Pedestrian Movement, Vehicle Name, Vehicle 

Plate Number, Vehicle Movement, Driver Experience and Accident Cause 

(offence type), Level of Accident. 

Feature Engineering, transforms raw observations into powerful ingredients. 

This process involves sifting for the most impactful elements, conjuring new 

features by fusing existing ones, and extracting hidden insights from the raw 

data cauldron. pen_spark (Russell, 2018). There were totally 9,678 instances for 

those select variables. A data cleaning task has been performed on this dataset. 

Some of the tasks performed are: finding missing values: some of them that 
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were missing entirely and not crucial have been removed and the others are 

estimated based on available data by averaging surrounding values. Detecting 

duplicates: some duplicates that can skew analysis were removed. Inconsistent 

formats: some distorted values such as spelling error, special characters, and 

data point outside the expected range for a particular variable have been 

corrected. Some error outliers and some values that range out of the logical 

range have been also removed. After these entire cleaning task a total of 9,532 

instance were selected. 

 From those nineteen (19) variables eighteen (18) are independent variables and 

one of the nineteen variable namely Level of Accident is an output or 

dependent variable. This variable has three output categories:  

3.5 Association Rule Mining 

To identify the most frequent factors contributing to the severity of traffic 

accidents we explore apply Association Rule Mining (ARM). ARM is a 

powerful data mining technique widely used for discovering interesting 

relationships or associations between variables in large datasets. By analyzing 

the patterns and correlations among different attributes of traffic accident data, 

ARM helps to uncover hidden insights and frequent item sets that contribute to 

varying levels of accident severity. This method allows us to understand the 

complex interplay between multiple factors such as road conditions, weather, 

driver behavior, and vehicle types. By identifying these key contributing 

factors, we can better inform traffic management and policy decisions aimed at 

reducing the severity and frequency of accidents. In our study, ARM serves as a 

crucial step towards building a comprehensive predictive model for traffic 

accident severity, providing a foundation for targeted interventions and 

improved road safety measures in Addis Ababa. 

3.6 Machine Learning Algorithm Selection  

For our research on traffic accident prediction, we have carefully selected ten 

machine learning algorithms: Adaptive Boosting (AdaBoost), Bootstrap 
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Aggregation (Bagging), Naive Bayes, K-Nearest Neighbors (KNN), Logistic 

Regression, Decision Trees, Recurrent Neural Network, Random Forest, 

Extreme Gradient Boosting (XGBoost), and Support Vector Machine (SVM). 

Each of these algorithms offers unique strengths and characteristics that 

contribute to creating a robust predictive model. AdaBoost and Bagging are 

ensemble methods that enhance predictive performance by combining the 

outputs of multiple weak learners, thereby improving accuracy and reducing 

variance. Naive Bayes, known for its simplicity and effectiveness, is 

particularly suitable for handling categorical data and provides probabilistic 

interpretations of predictions. KNN is a non-parametric method that leverages 

proximity-based predictions, making it effective for capturing local data 

patterns. Logistic Regression, a widely-used linear model, excels in binary 

classification tasks and provides interpretable coefficients for each feature. 

Decision Trees offer intuitive and easy-to-understand decision-making 

processes, making them valuable for understanding the underlying factors in 

accident occurrences. Random Forest, an extension of decision trees, mitigates 

overfitting and improves generalization by averaging the results of multiple 

trees. XGBoost is a powerful gradient boosting algorithm that enhances 

prediction accuracy by optimizing performance through regularization 

techniques and handling missing data effectively. SVM is known for its 

robustness in high-dimensional spaces and effectiveness in non-linear 

classification problems. Finally, Recurrent Neural Networks (RNNs), despite 

being more commonly used for sequential data, are included to explore 

potential benefits in capturing temporal dependencies within the dataset. By 

utilizing this diverse set of algorithms, we aim to comprehensively evaluate 

different approaches and identify the most effective methods for accurately 

predicting traffic accidents, ultimately enhancing road safety in Addis Ababa. 

3.7 Libraries Used in the model development  

While developing a machine learning model the research has used some basic 

libraries. Here are some popular Python libraries the research can leverage to 
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implement these algorithms for the traffic accident data analysis predication 

model development: 

 Scikit-learn: This versatile library provides implementations for all the 

algorithms selected (SVM, Random Forest, and Decision Tree). It's a 

user-friendly option with extensive documentation and tutorials, 

making it a great choice for beginners. 

 General-Purpose Libraries like  

o Pandas: A high-level data analysis and manipulation library 

offering data structures like DataFrames for easy handling of 

tabular data. 

o Matplotlib: A comprehensive library for creating various 

visualizations like static, animated, and interactive plots. 

 Other libraries like: seaborn. Statsmodel,etc 

3.8 Development Environment 

3.8.1.1 Hardware Tools  

To implement this research, a personal computer equipped with the following 

hardware specifications has been used. The system with an internal hard disk 

capacity of 1TB, 16GB of physical memory, 11th Gen Intel(R) CPU processor 

operating at 2.40GHz, Windows 10 Pro as the operating system, and a 64-bit 

operating system architecture on an x64-based processor. 

3.8.1.2 Software Tools 

For model development Anaconda Platform with Jupyter Notebook that is a 

web-based interactive environment for coding, data analysis, and visualization, 

popular for data exploration and creating reports. In addition to this google 

colab environment is used. As programming language python 3 is used.  

3.9 Model Evaluation  

Checking how good our model is at predicting accident severity isn't enough. 

We need to dig deeper and use different fancy score things (metrics) besides 
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just "how many got it right?"  These score things will tell us how good the 

model is at finding certain types of accidents, like ones with bad injuries. They 

will also show us where the model might struggle. By looking at these scores, 

we will get a much clearer picture of what the model does well and where it 

needs improvement. (Kelleher, Mac Namee, and D’Arcy (2018)) 

Accuracy = (True Positives + True Negatives) / Total Samples 

High accuracy indicates the model performs well on average across all severity 

categories (low, medium, high). However, it doesn't reveal details about specific 

categories. An imbalanced dataset (more minor-injury accidents) can lead to 

high overall accuracy even if the model performs poorly on less frequent 

categories (serious injury). 

Precision: focuses on the positive predictions (e.g., accidents classified as 

serious injury). It measures the proportion of accidents identified as serious 

injury that are truly serious injury. 

  Precision (Serious Injury) = True Positives (Serious Injury) / (True 

Positives + False Positives) 

High precision for serious injury signifies it better result for ignoring false 

alarms it identifies most accidents classified as serious injury as genuinely 

serious. This is crucial if the cost of misclassifying a minor-injury accident as 

serious or death is significant.  

Recall: how good the model is at finding all the important injury accidents, tells 

us what percent of real bad accidents the model actually spotted. It measures the 

proportion of actual serious injury accidents that the model correctly classified 

as serious injury. 

Recall (serious injury) = True Positives (serious injury) / (True Positives 

+ False Negatives) 
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High recall for serious level indicates the model excels at identifying most 

serious injury accidents. This is important if missing a serious injury accident 

has severe consequences.  

F1-Score: is a harmonic mean that provides an average between precision and 

recall. It considers two how precise the model is for the serious injury class and 

how well it captures all serious injury accidents. 

F1-score = 2 * (Precision * Recall) / (Precision + Recall) 
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CHAPTER FOUR 

4 Proposed Solution  

4.1 General  

Chapter four will describe about a proposed machine learning-based method to 

tackle traffic accidents that are a significant concern in Addis Ababa, leading to 

injuries, fatalities, and economic losses. Addressing this issue requires a 

proactive approach that can identify potential accident zones by predicting 

accident severity. It also details the proposed process of acquiring, cleaning, 

and transforming traffic accident data into a best format for machine learning 

algorithms. It also explores proposed techniques to select finest features from 

the data that might improve the model's predictive capacity. The selection of 

appropriate machine learning algorithms based on the nature of the data and the 

expected outcomes is also done in this section. Finally, model training and 

evaluation has been detailed.  

4.2 Proposed Model Architecture  

The aim of this research is mainly to build a predication model to predict 

severity of vehicle traffic accident in Addis Ababa City using Machine learning 

algorithms. The model uses historic traffic accident data collected in Addis 

Ababa City and utilize those patterns to predict future accident severity. By 

understanding the contributing factors to accidents, it is possible to develop 

plan and controlling to improve traffic road safety in Addis Ababa. This 

proposed model architecture can be divided into several key stages and they are 

described below and summarized as in figure--. 

Data Preprocessing: This initial stage involves preparing the raw accident 

data. Tasks like cleaning the data to check and remove inconsistencies or 

missing values, integrating data from various sources, and encoding categorical 

features into numerical representations.   
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Machine Learning Model Training:  once data cleaning finalized the research 

has utilized the chosen ML algorithms to train from the preprocessed data. This 

research has explored ten algorithms.  

Model Selection and Evaluation:  the research has train the model using 80% 

of the preprocessed data. Since evaluating a model's performance on unseen 

data is crucial 20% is used for test.  

The research has used various evaluation techniques like accuracy, precision, 

recall, and F1 score for checking model performance and also confusion matrix. 

The model with the best overall performance on the validation set has been 

chosen as the final model for accident severity prediction. 

The proposed model architecture provides a robust framework for harnessing 

the power of machine learning predict traffic accidents in Addis Ababa. By 

understanding the factors contributing to accidents, we can develop targeted 

interventions and improve road safety for all citizens. 

 

Figure 4-1: Accident Severity Predication Model 

4.3  Traffic Accident Dataset 

This research targets to develop a traffic accident prediction model using ML. 

Therefore, for this new dataset is compiled. Currently, there is a scarcity of 

published or readily available datasets for traffic accident prediction in Addis 



31 
 

Ababa. The process of constructing the dataset for traffic accident prediction 

involves several key steps, including data collection from the Traffic 

Management Agency (TMA) and the Addis Ababa Police Commission 

(AAPC), followed by data preparation to ensure suitability for model 

development. 

To build the traffic accident dataset, the researcher gathered relevant data from 

TMA and AAPC databases, focusing specifically on records pertaining to 

traffic accidents within Addis Ababa. Due to constraints such as incomplete 

information and time limitations, only a subset of the available data was 

utilized. Primarily, data related to traffic accidents resulting in severe injuries or 

fatalities were selected for inclusion in the dataset. Information such as accident 

location, time, weather conditions, and vehicle types involved, and severity of 

injuries were collected and organized in a structured format suitable for model 

training and evaluation. 

4.3.1 Dataset Pre-processing  

This section describes the process of identifying and addressing missing values, 

inconsistencies, and errors within the data. One of the critical stages in developing a 

robust traffic accident prediction model is the preprocessing of the collected data. The 

dataset obtained from the Traffic Management Agency (TMA) and the Addis Ababa 

Police Commission (AAPC) contains inconsistencies and lots of missing values that 

could affect the operation of the ML model. Therefore, it has been cleaned before 

proceeding with model training and evaluation. 

4.3.1.1 Data Cleaning 

Data cleaning ensures that the dataset is steady, reliable, and suitable for machine 

learning. Among the common techniques the research has employed during data 

cleaning include handling missing values and addressing outliers. Regarding the 

missing values, all records with missing values were dropped based on a specified 

threshold, and the remaining missing values were handled manually through 

imputation methods such as mean, median, or mode replacement depending on the 
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nature of the feature. Outliers were identified using statistical methods like Z-score 

analysis or visualization techniques such as box plots. They were subsequently 

handled by either removing them if they were deemed anomalies due to data entry 

errors or correcting them through transformations or adjustments to ensure they do not 

unduly influence model training.   

4.3.2 Feature Selection 

This section is like figuring out the most important ingredients in a technique for 

predicting accidents. We have a bunch of data points about past accidents, but not all 

of them are equally helpful. Here, we'll explore different ways to pick the most 

important clues from this data. Imagine checking each clue one by one to see how 

well it helps predict accidents. We can also try different combinations of clues to see 

which ones work best together. There's even a way to let the computer program itself 

figure out the best clues while it's learning embedded methods. By finding the best 

clues, we can make our accident prediction program more accurate and easier to 

understand. This will help people make better decisions about road safety. 

4.3.3 Proposed Machine Learning Algorithm 

The focus of this research is to build a predictive model for accident severity 

(fatal, severe, less severe) using historical data from traffic accidents registered 

in Addis Ababa City. Given the dataset's characteristics, the selection of 

appropriate machine learning algorithms suited for classification tasks is 

crucial. This section explores ten machine learning algorithms known for their 

effectiveness in predictive modeling of traffic accidents: Adaptive Boosting 

(AdaBoost), Bootstrap Aggregation (Bagging), Naive Bayes, K-Nearest 

Neighbors (KNN), Logistic Regression, Decision Trees, Recurrent Neural 

Network (RNN), Random Forest, Extreme Gradient Boosting (XGBoost), and 

Support Vector Machines (SVM). 

4.3.4 Proposed Model Evaluation 

After building our awesome accident prediction model, it's time to test it out. 

This section dives into how we will check how well the model in predicting 

accident severity. We will feed it some information it hasn't seen before and see 
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Source: Aboulola, O. I. (2024) 

how close its guesses are to real-life accidents. This will help us understand 

how well our model works and if there's room for improvement. This is done 

using classification metrics like precision, recall and F1 score. 

4.3.5 Proposed Model Prototype Architecture 

In this section of the research present detailed overview of the architecture and 

design principles underlying the proposed traffic accident severity prediction 

model. This section serves as a foundational framework for understanding the 

structural components and computational mechanisms employed in our model's 

development. By delineating the key architectural elements, including data 

preprocessing pipelines, feature extraction modules, model architectures, and 

inference mechanisms, we aim to provide clarity on the structural organization 

and functional capabilities of our proposed prototype.  

Through a holistic examination of the model architecture, the study gives 

insights into the underlying methodologies and computational strategies driving 

the approach towards accurate and reliable accident severity prediction. 

 

 

 

 

 

 

 

 

 

 

 

Figure 4-2: Proposed Model Architecture  
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CHAPTER FIVE 

5 EXPERIMEMTATION AND 

IMPLEMENTAION  

5.1 Introduction  

This chapter is the core of the research, where ideas from earlier chapters are 

applied and experimented. Here, the research uses machine learning algorithms 

to predict accident severity. Through rigorous experimentation and evaluation, 

the research aims to identify the most effective algorithm(s) capable of 

accurately predicting traffic accidents in Addis Ababa.  

5.2 Deployment environment  

In this section, the research has detailed the deployment environment utilized 

for conducting experimentation and implementing machine learning algorithms. 

The choice of implementation environment is vital, as it directly influences the 

efficiency, scalability, and reproducibility of the research efforts. Similar to the 

experimentation setup, the selection of tools and technologies is based on 

robustness, versatility, and ease of use, ensuring that implementation activities 

are conducted with precision and efficacy. 

The implementation environment is Anaconda based Jupyter Notebook, a 

powerful interactive computing platform. Using Jupyter Notebook's interactive 

nature, the research seamlessly combines code execution, visualization, and 

narrative documentation, facilitating a cohesive and transparent approach to the 

implementation activities. In addition two this google colab is also used to run 

some experiments. 

Python programming language is used with Jupyter Notebook, a ubiquitous 

choice in the field of machine learning due to its rich ecosystem of libraries, 

extensive community support, and readability. Python serves as the backbone of 

the implementation efforts, providing a versatile and expressive framework for 

developing, testing, and deploying models with ease. 
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5.3 Libraries used  

This section presents the process of importing necessary libraries from the 

Anaconda distribution. These libraries provide a rich set of functionalities that 

will be instrumental throughout the research experimentation. Libraries 

imported can be generalize in three section as: Data manipulation: Libraries like 

pandas will enable us to work with data frames, perform cleaning operations, 

and explore data characteristics. And finally, Data visualization: Libraries like 

matplotlib and seaborn provide helpful tools to create informative visualizations 

that enhance understanding of the data and model performance. 

5.4 Starting with Dataset 

This section shows the gate to introduce with dataset world used. The dataset 

serves as the foundational building block upon which the entire analysis and 

modeling efforts are based. As such, it is essential to approach its exploration, 

preprocessing, and understanding with particular attention to detail and working 

accuracy. The research has used the following python code snippet to call the 

dataset prepared for machine learning based analysis and predication modeling.  

 

Figure 5-2: Code Snippet for Loading the Dataset in Anaconda and Colab  

Figure 5-1: Code Snippet showing imported libraries and modules 
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5.5 Data Processing Deployment  

Raw data often contains inconsistencies, missing values, and irrelevant 

information that can hinder the performance of machine learning models. To 

ensure our model can effectively learn patterns and relationships within the 

data, a crucial step is data preprocessing. This section will detail the process of 

cleaning, transforming, and preparing our dataset. The dataset is loaded to the 

development environment and displayed using the code snippet shown. 

5.5.1 Deployment of Data Cleaning  

After loading the data set to the development environment data cleaning has 

been executed. So as to make the source dataset suitable or ready for machine 

learning model deployment, first missing values were addressed using dropna 

function of python.     

In the data preprocessing phase, missing values are a critical consideration for 

ensuring the integrity and reliability of the dataset. Firstly, the extent of missing 

ness in each attribute using the isnull().sum() function performed. Subsequently, 

to maintain data quality and consistency, a threshold-based approach is 

implemented to drop rows with a substantial number of missing values. 

Specifically, rows containing at least nine (9) missing values are eliminated 

from the dataset using the dropna() function with the thresh parameter. The 

original dataset is retained for reference, while the processed dataset, empty of 

rows surpassing the designated threshold, is stored in a new CSV file. This 

particular data cleaning procedure ensures the reliability and accuracy of the 

subsequent modeling tasks. 

For the remaining missing value has been filled manually based on a technique 

called domain based knowledge, by discussing with experts of TMA. Moreover 

detailed visual inspection and correction has been done to avoid and correct any 

deviation of every single values of the dataset.  
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Figure 5-3: Code Snippet for handling missing records 

5.5.2 Deployment of Missing Value Removal 

The raw dataset contains a lot of missing values in each instance under all 

variables. Instance with more than 9 missing variables were removed.  

 

5.5.3 Deployment of Removal of Outliers 

The dataset contains outliers in order to make the dataset suitable for model 

development the outliers were removed using IQR function. 

5.5.4 Deployment of Data Encoding 

The original dataset contains almost all string values. As shown in figure 5-6 

below. 

Figure 5-4: Figure Showing dropping missing values 

Figure 5-5: Removal of Outliers 
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Figure 5-6: original dataset before encoding 

In order to make the model development possible this string data should be 

encoded to integer values using the following code snippets: 

 

Figure 5-7: Code Snippet to encode the dataset 

The encoded dataset is shown in the following figure 5-6 bellow: 

 

Figure 5-8: Few Sample of encoded dataset 
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5.5.5 Deployment of Data Correlation 

 To know the connection between variables of the dataset correlation matrix is 

done and show in figure 5-7 bellow. This will help us to understand the 

tendency of for the values of two features to move together in a linear fashion.   

Figure 5-9: Correlation matrix of the dataset 

5.5.6 Deployment of Feature Selection  

This section talks about choosing the best features for a machine learning 

model. It's like picking the most important ingredients in a recipe. Here, the chi-

squared test is used to see how much each feature is related to the final outcome 

we're trying to predict. Features that are strongly connected are more likely to 

be useful for the model. The scikit-learn library provides a tool called 

SelectKBest that picks the top k features based on their chi-squared scores. In 
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short, this helps us focus on the most relevant information and build a more 

efficient model. 

The SelectKBest object with chi2 as the scoring function and specifies k=50, 

indicating that the top 50 features with the highest chi-squared scores will be 

selected. The encoded_df represents the input features in encoded format in 

one-hot encoding, and y_en represents the target variable (output) encoded into 

numerical labels. After fitting the SelectKBest object to the data, the X_new 

variable holds the transformed dataset containing only the selected features. 

Additionally, the cols variable stores the names of the selected features, 

obtained using the get_feature_names_out method. 

Figure 5-10: Code Snippet for Selecting Features 

5.5.7 Deployment of Association Rule Mining 

Association rule mining is a powerful data mining technique used to discover 

interesting relationships and hidden patterns within large datasets. In the 

context our traffic accident analysis, this method can be particularly valuable 

for identifying frequent factors and their combinations that contribute to the 

severity of accidents. By analyzing historical traffic accident data, association 

rule mining helps to reveal associations between various attributes such as 

weather conditions, road types, time of day, vehicle types, and more. 

In traffic accident datasets, numerous variables interact in complex ways, 

making it challenging to pinpoint the key contributors to accident severity. 

Association rule mining addresses this challenge by systematically evaluating 

the data to find rules that describe how combinations of factors are related to 
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different levels of accident severity. For example, a rule might indicate that 

accidents occurring at night and involving heavy vehicles on wet roads have a 

higher likelihood of being severe. 

The primary objective of using association rule mining in this research is to 

discover the most frequent factors that contribute to different levels of accident 

severity fatal, severe, and less severe. This process involves generating a set of 

association rules from the dataset and evaluating their significance and strength 

using metrics like support, confidence, and lift. Support measures the frequency 

of occurrence of a rule in the dataset, confidence indicates the likelihood of the 

rule's consequence given its antecedent, and lift provides a measure of how 

much more likely the rule's consequence is compared to a random occurrence. 

By identifying these key associations, the research aims to provide insights that 

can inform traffic safety measures, policy decisions, and targeted interventions 

to reduce the severity and frequency of traffic accidents in Addis Ababa City. 

The findings from association rule mining will complement the predictive 

modeling efforts, enhancing the overall understanding of traffic accident 

dynamics and contributing to more effective road safety strategies. 

 

5.6 Deployment Training and Test Sets Classification  

In this research we have used twenty (20) to eighty (80) ration train test split. 

This means twenty percent (20%) of the dataset is used for test and the other 

Figure 5-11: Association Rule Mining 
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eighty percent (80%) of the data set is used for training the machine learning 

model. The following figure shows the distribution of the three classes  

 

 

 

 

 

 

Figure 5-12: Class Distribution in Training and Test Sets 

5.7 Deployment of Machine Learning Model  

5.7.1 Deployment of Random Forest (RF) 

To implement the Random Forest classifier for predicting vehicle traffic 

accidents, we followed a systematic approach. First, necessary libraries such as 

pandas, numpy, sklearn, and seaborn were imported into the development 

environment. The cleaned dataset, saved as “Accident_Dataset.csv,” was then 

loaded. A Random Forest Classifier object was created, specifying the number 

Table 5-1 Train Test Distribution: 
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of decision trees (n_estimators=100) to construct the forest. This ensemble 

approach ensures more robust predictions by leveraging the diversity of 

multiple decision-making trees. A random_state was set to ensure consistent 

results across multiple runs. The model was trained using the fit method, where 

training features and corresponding target labels were provided to learn their 

relationships. The trained model then generated predictions for accident 

severity levels on unseen test data points using the predict method. Finally, the 

predicted numerical labels were converted back to their original categorical 

form using the inverse_transform method of the label encoder, enhancing the 

interpretability of the results. 

Figure 5-13: Implementing Random Forest Model 

5.7.2 Deployment of Extreme Gradient Boost (XGBoost) 

Implementation of XGBoost classifier to predict accident severity levels has 

been done as shown in figure 5-11. It starts by gathering necessary libraries for 

data manipulation, model building, evaluation, and visualization. The accident 

data is loaded and prepared, separating the target variable from the features. 

Categorical labels are transformed into numerical values for XGBoost 

compatibility. 

Next, the data is split into training and testing sets. The training data is 

converted into a format suitable for XGBoost and used to train the model with 

specified parameters. These parameters define the classification problem type 

(multi-class with softmax activation), the number of classes to predict based on 

severity levels. 

After training, the model predicts accident severity levels for unseen data points 

in the testing set. The predicted numerical labels are then converted back to 

their original categories for easier interpretation.  
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Figure 5-14: Implementing XGBoost Model 

5.7.3 Deployment of Support Vector Machine (SVM) 

This section outlines the process of implementing and assessing an SVM 

model. After all the necessary libraries were imported and the dataset is loaded 

to identify the most relevant features from the input data and improve model 

performance and reduce training time feature selection performed. Categorical 

features are converted into numerical representations suitable for SVM 

processing. The target variable is also transformed numerically. Then model 

implementation was done as shown in figure 5-12 bellow. 

5.7.4 D

eployment of Adaptive Boosting (AdaBoost) 

Adaptive Boosting (AdaBoost) is implemented to enhance the prediction 

accuracy by combining multiple weak classifiers. Libraries such as pandas, 

numpy, and sklearn were imported. The cleaned dataset was loaded, and 

AdaBoostClassifier was initialized with a base estimator and a specified 

number of estimators. The model was trained using the fit method, and 

predictions were made on the test set. The results were then evaluated and 

interpreted. 

 

 

 

 

Figure 5-16: SVM Model Implementation (part of the code) Figure 5-15: Implementing SVM Model 

Figure 5-17: Implementing AdaBoost 
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5.7.5 Deployment of Bootstrap Aggregation (Bagging) 

The Bagging classifier aggregates the predictions of multiple base learners to 

improve stability and accuracy. Necessary libraries were imported, and the 

dataset was loaded. A BaggingClassifier was initialized with a base estimator 

and a specified number of estimators. The model was trained and used to make 

predictions on the test set. The aggregated predictions were then evaluated for 

accuracy. 

 

Figure 5-18: Implementing Bagging 

5.7.6 Deployment of Naive Bayes 

Naive Bayes classifier, known for its simplicity and effectiveness, was 

implemented by importing the necessary libraries and loading the dataset. The 

data was preprocessed, and the GaussianNB classifier was initialized. The 

model was trained on the training set and used to predict the test set. The 

predictions were evaluated to determine the model's performance. 

 

 

5.7.7 Deployment of K-Nearest Neighbors (KNN) 

The KNN classifier was implemented to leverage proximity-based predictions. 

Necessary libraries were imported, and the dataset was loaded. The data was 

scaled, and the KNeighborsClassifier was initialized with a specified number of 

neighbors. The model was trained and used to make predictions on the test set, 

which were then evaluated for accuracy. 

 

Figure 5-19: Implementing Naive Bayes 
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Figure 5-20: Implementing KNN 

5.7.8 Deployment of Logistic Regression 

Logistic Regression was implemented for its ability to handle binary 

classification tasks. Libraries were imported, and the dataset was loaded. The 

LogisticRegression classifier was initialized, trained on the training set, and 

used to predict the test set. The predictions were evaluated for accuracy and 

interpretability. 

 

 

5.7.9 Deployment of Decision Trees 

Decision Trees were implemented for their intuitive decision-making process. 

Necessary libraries were imported, and the dataset was loaded. A 

DecisionTreeClassifier was initialized, trained on the training set, and used to 

predict the test set. The tree's structure was analyzed for interpretability. 

 

5.7.10  Deployment of Recurrent Neural Networks 

(RNNs) 

RNNs were implemented to explore potential benefits in capturing temporal 

dependencies. Libraries such as TensorFlow and Keras were imported. The dataset was 

preprocessed, and the RNN model was built and trained on the training set. Predictions 

were made on the test set, and the model's performance was evaluated. 

Figure 5-21: Implementing Logistic Regression 

Figure 5-22: Implementing Decision Trees 



47 
 

5.8 Deployment of Model Evaluation  

To evaluate the model's performance we have used two key metrics: a 

classification report and a confusion matrix. The classification report, generated 

by classification_report, provides a detailed breakdown of the model's accuracy 

for each predicted accident severity level. It includes metrics like precision 

(percentage of correctly predicted positives), recall (percentage of actual 

positives the model identified), and F1-score (harmonic mean of precision and 

recall). The confusion matrix, generated by confusion_matrix, visualizes the 

number of correct (predicted correctly) and incorrect (predicted incorrectly) 

classifications for each possible combination of true and predicted labels. 

Seaborn's heatmap function creates a color-coded representation of the matrix, 

making it easier to interpret the model's performance across different accident 

severity levels. These evaluation methods provide valuable insights into the 

strengths and weaknesses of the models for predicting accident severity. Figure 

5-24 below shows model evaluation for Random Forest Model. Model 

evaluations for the other models were done in similar way. We have done 

evaluation of the other models using similar code and replacing the specific 

name of the model to be evaluated.  

 

 

Figure 5-23: Implementing RNN 
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Figure 5-24: Model Evaluation for Random Forest Model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



49 
 

 

CHAPTER SIX 

6 RESULTS, EVALUATION AND DISCUSSIONS 

6.1 Introduction 

The previous chapters built a machine learning model to predict severity of 

vehicle traffic accidents in Addis Ababa. This chapter explores into how well it 

works. Researchers will use different measurements to see how accurate the 

model is at predicting accidents. By carefully looking at the results, they hope 

to understand what causes these accidents better. This will help them develop 

better ways to manage traffic and create policies to keep the roads safer. 

Finally, the chapter will discuss what the findings mean, what the study's 

limitations are, and what future research could look at. It will then conclude 

with recommendations to improve traffic safety in Addis Ababa. 

6.2 Source Dataset Target Class Distribution Result  

The source dataset used in this research after cleaning has nineteen feature these 

are: Sub City, Age, Gender, Date, Road Condition, Road Junction Type, Road 

Pavement Type, Road Lay Out, Road Division, Light Condition, Type of 

Accident, Weather Condition, Pedestrian Movement, Vehicle Name, Vehicle 

Plate Number, Vehicle Movement, Driver Experience and Accident Cause 

(offence type) and Level of Accident. The features can be categorized as   road 

related feature, driver related features, pedestrians related features and vehicle 

related feature. The data set contain a total of 9532 features. The nineteenth 

Level of Accident is a target variable categorized into "Severe," "Less Severe," 

and "Fatal." There are 7493 instances classified as "Severe," making it the most 

frequent category and suggesting that a large proportion of recorded traffic 

accidents are severe. The "Less Severe" category has 1212 instances, which, 

while less frequent than "Severe," still represents a significant number of 

accidents with less severe consequences. The "Fatal" category, with 827 
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instances, is the least frequent, indicating the number of accidents that resulted 

in fatalities. This distribution provides valuable insight into the severity of 

traffic accidents, highlighting that "Severe" accidents are the most common, 

followed by "Less Severe" and "Fatal" accidents.  

 

 

 

 

 

 

 

The target class distribution appears to be imbalanced. This means that the 

number of accidents across different severity levels is not uniform.  

 

 

 

 

 

 

 

Figure 6-1: Class Distribution of Level of Accident 

Figure 6-2: Distribution of Level of Accident after Resample 
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The dataset shows a significant skew towards 'Sever' accidents, with 7493 

records, which constitutes approximately 78.61% of the data. 'Less Sever' 

accidents come in second at 12.72% (1212 records), followed by 'Fatal' 

accidents, the least frequent category, at 8.68% (827 records). This class 

imbalance can potentially affect the performance of machine learning models 

trained on this data, as they might be biased towards the majority class. In order 

to address this major issue one of the imbalance management technique 

resample has been used by the research and the result is shown in figure 6-2.  

6.1 Association Rule Mining Result 

Association rule mining is a crucial data mining technique used to uncover 

interesting relationships hidden in large datasets. In the context of traffic 

accidents, understanding the factors contributing to different severity levels of 

accidents can help in developing effective strategies for prevention and 

mitigation. This analysis explores the association rules extracted from traffic 

accident data, focusing on three levels of accident severity: less severe 

(Level_of_Accident_0), severe (Level_of_Accident_1) and fatal 

(Level_of_Accident_2). 

Using the Apriori algorithm, we generated association rules with a minimum 

support threshold of 0.1 and a minimum confidence threshold of 0.5. The 

analysis focused on rules where the consequent was one of the accident severity 

levels (Level_of_Accident_0, Level_of_Accident_1, 

Level_of_Accident_2).Less severe accidents (Level_of_Accident_0) are 

frequently associated with dry road conditions. Specifically, if the road 

condition is dry (Road Condition Dry), the likelihood of the accident being less 

severe (Level_of_Accident_0) increases. This is supported by a support value 

of 0.101762, a confidence value of 13.56%, and a lift value of 1.066510. The 

analysis indicates that dry road conditions correlate with a higher probability of 

less severe accidents, as suggested by the confidence value. A lift value greater 
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than 1 implies a positive correlation between dry road conditions and less 

severe accidents. 

Severe accidents (Level_of_Accident_1) are commonly associated with the 

absence of road junctions. For example, if the road junction type is no junction 

(Road Junction Type No Junction), the probability of the accident being severe 

(Level_of_Accident_1) is high. This is reflected in a support value of 0.524864, 

a confidence value of 78.97%, and a lift value of 1.004644. The analysis 

highlights that accidents occurring at locations with no road junctions tend to be 

severe, with a high confidence value indicating a significant likelihood of 

severe accidents in such scenarios. The lift value close to 1 suggests this is a 

common pattern in the dataset. 

Fatal accidents (Level of Accident 2) are strongly associated with poor lighting 

conditions. Specifically, if the light condition is poor (Light Condition Poor), 

the likelihood of the accident being fatal (Level_of_Accident_2) increases. This 

is supported by a support value of 0.067564, a confidence value of 20.41%, and 

a lift value of 1.455678. The analysis shows that poor lighting conditions have a 

strong association with fatal accidents. The confidence value indicates that 

20.41% of accidents under poor lighting conditions result in fatalities, and the 

lift value significantly greater than one underscore the strong impact of poor 

lighting on the severity of accidents. 

6.2 Accident Severity Predication Model Evaluation Result 

This section analyzes how well different models predict accident severity. The 

research used machine learning algorithms like Random Forest, Support Vector 

Machine, and Extreme Gradient Boosting (mentioned in section 3.5) because 

they're successful for classifying data and use different methods. To assess each 

model, standard metrics like precision, recall, F1-score, and accuracy were 

used. Additionally, confusion matrices were created to see how the models 

performed for various accident severity categories. These matrices provide a 

detailed picture of the models' strengths and weaknesses, including their ability 
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to correctly identify different severities. This detailed examination allows us to 

understand not only the overall performance of the models but also their 

specific strengths and weaknesses in predicting accident severity. 

6.3 Model Evaluation Using Classification Matrix 

6.3.1 Result of Classification Metrics for RF  

Vehicle traffic accident predictive model using Random Forest has been 

implemented and executed. Its performance was evaluated using classification 

matrix and gave the following result. As shown in Table 6.1 below, random 

forest performed to the aggregate accuracy of 79.02% in predicating the 

severity of vehicle traffic accident. Regarding the individual categories of the 

severity level it shown 39% precision, 11% recall and 17% f1-force for 

category ‘0’ which is fatal. Similarly, 81% precision, 96% recall and 88% f1-

force for category ‘1’ which is less severe accident. And also 56% precision, 

19% recall and 28% f1-force for category ‘2’ which are severe vehicle traffic 

accident. The weighted average of RF model is 74% precision, 79% recall and 

74% f1-force. This result of RF is shown in Figure 6.3 

 

 

 

 

 

 

 

 

Table 6-1: Classification Report for Random Forest Model 
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6.3.2 Result of Classification Metrics for XGBoost 

XGBoost Predictive model has been implemented and executed. Its 

performance was evaluated using classification matrix and gave the following 

result. As shown in Table 6.2 below, XGBoost performed to the aggregate 

accuracy of 84.48% in predicating the severity of vehicle traffic accident. 

Regarding the individual categories of the severity level it shown 0.80 

precision, 0.35 recall and 0.49 f1-force for category ‘0’ which is fatal.  

 

 

 

 

Figure 6-3: Classification Report of RF Model 

Table 6-2 Classification Report for XGBoost Model: 
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Similarly, 0.85 precision, 0.98 recall and 0.91 f1-force for category ‘1’ which is 

less sever accident. And also 0.75 precision, 0.32 recall and 0.45 f1-force for 

category ‘2’ which is sever vehicle traffic accident. The weighted average of 

XGBoost model is 84% precision, 84% recall and 72% f1-force. This result of 

XGBoost is shown in Figure 6-4. 

 

 

 

 

 

 

 

6.3.3 Result of Classification Metrics for SVM  

Predication model using SVM has been implemented and executed. Its 

performance was evaluated using classification matrix and gave the following 

result. As shown in Table 6.2 below, SVM performed to the aggregate accuracy 

of 80% in predicating the severity of vehicle traffic accident. Regarding the 

Table 6-3: Classification Report for SVM 

Figure 6-4: Classification Result of XGBoost Model 
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individual categories of the severity level it shown 0.59 precision, 0.09 recall 

and 0.16 f1-force for category ‘0’ which is fatal. Similarly, 0.8 precision, 0.99 

recall and 0.89 f1-force for category ‘1’ which is less sever accident. And also 

1.00 precision, 0.07 recall and 0.13 f1-force for category ‘2’ which is sever 

vehicle traffic accident. The weighted average of SVM model is 80% precision, 

80% recall and 74% F1-force. This result of SVM is shown in Figure 6-3. 

 

 

6.3.4 Result of Classification Metrics for Ada Boost 

A prediction model using Adaboost has been implemented and executed, with 

its performance evaluated using a classification matrix. The results are 

presented in Table 6.4. Adaboost achieved an overall accuracy of 80% in 

predicting the severity of vehicle traffic accidents. For the individual severity 

categories, the model showed varying performance metrics. In category '0' 

(fatal accidents), Adaboost achieved a precision of 0.42, a recall of 0.09, and an 

F1-score of 0.14. For category '1' (less severe accidents), the model exhibited a 

Figure 6-5: Classification Report of SVM Model 
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precision of 0.80, a recall of 0.98, and an F1-score of 0.88. In category '2' 

(severe accidents), Adaboost attained a precision of 0.78, a recall of 0.10, and 

an F1-score of 0.18. The weighted average performance of the Adaboost model 

resulted in a precision of 0.76, a recall of 0.80, and an F1-score of 0.73. The 

macro average, which accounts for each category equally, showed a precision 

of 0.67, a recall of 0.39, and an F1-score of 0.40. These results are depicted in 

Figure 6-6 

 

 

 

 

 

 

 

 

Table 6-4: Classification Report for Ada Boost 

Figure 6-6: Classification Report for Ada Boost 
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6.3.5 Result of Classification Metrics for Bagging 

A prediction model using Bagging with Support Vector Machine (SVM) has 

been implemented and executed. Its performance was evaluated using a 

classification matrix and yielded the following results. As shown in Table 6.5, 

the Bagging SVM model achieved an overall accuracy of 76% in predicting the 

severity of vehicle traffic accidents. For the individual categories of severity, 

the model demonstrated varied performance. For category '0', which represents 

fatal accidents, the precision was 0.31, recall was 0.22, and the F1-score was 

0.26, with a support of 223 instances. For category '1', indicating less severe 

accidents, the model showed a precision of 0.82, recall of 0.89, and an F1-score 

of 0.86, with 1511 instances. For category '2', representing severe vehicle traffic 

accidents, the precision was 0.43, recall was 0.27, and the F1-score was 0.33, 

with a support of 173 instances. The weighted averages for the Bagging SVM 

model are 0.73 for precision, 0.76 for recall, and 0.74 for the F1-score, as 

depicted in Figure 6-7. The macro average across all categories is 0.52 for 

precision, 0.46 for recall, and 0.48 for the F1-score. This indicates that while 

the model performs well in predicting less severe accidents, there is room for 

improvement in accurately predicting fatal and severe accidents. 

 

 

 

 

 

 

 

 

Table 6-5: Classification Report for Bagging 
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6.3.6 Result of Classification Metrics for Naïve Bayes 

A prediction model using Naïve Bayes has been implemented and executed. Its 

performance was evaluated using a classification matrix, yielding the following 

results. As shown in Table 6.6 below, Naïve Bayes achieved an aggregate 

accuracy of 79% in predicting the severity of vehicle traffic accidents. For the 

individual categories of severity, the model demonstrated a precision of 0.39, a 

recall of 0.25, and an F1-score of 0.30 for category ‘0’, which represents fatal 

accidents. For category ‘1’, representing less severe accidents, the model 

achieved a precision of 0.82, a recall of 0.95, and an F1-score of 0.88. For 

category ‘2’, representing severe vehicle traffic accidents, the model showed a 

precision of 0.95, a recall of 0.10, and an F1-score of 0.19. The weighted 

average precision, recall, and F1-score for the Naïve Bayes model are 0.78, 

0.79, and 0.75, respectively. These results are illustrated in Figure 6-8. 

 

 

 

Figure 6-7: Classification Report for Bagging 
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6.3.7 Result of Classification Metrics for KNN  

The prediction model using K-Nearest Neighbors (KNN) has been implemented 

and executed. Its performance was evaluated using a classification matrix and 

yielded the following results. As shown in Table 6.7 below, KNN achieved an 

overall accuracy of 80% in predicting the severity of vehicle traffic accidents. 

For the individual categories of severity levels, it demonstrated a precision of 

0.52, a recall of 0.13, and an F1-score of 0.21 for category '0', which represents 

fatal accidents. Similarly, for category '1', representing less severe accidents, it 

showed a precision of 0.81, a recall of 0.98, and an F1-score of 0.89. For 

Table 6-6 Classification Report for Naïve Bayes 

Figure 6-8: Classification Report for Naïve Bayes 
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category '2', which corresponds to severe vehicle traffic accidents, KNN 

achieved a precision of 0.76, a recall of 0.08, and an F1-score of 0.14.  

The weighted average of the KNN model was 77% precision, 80% recall, and 

74% F1-score. These results are illustrated in Figure 6-9.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6-7: Classification Report for KNN 

Figure 6-9: Classification Report for KNN 
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6.3.8 Result of Classification Metrics for Logistic 

Regression 

The prediction model using logistic regression has been implemented and 

executed. Its performance was evaluated using a classification matrix and 

yielded the following results. As shown in Table 6.8 below, logistic regression 

achieved an overall accuracy of 80% in predicting the severity of vehicle traffic 

accidents.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6-8: Classification Report for Logistic Regression  

Figure 6-10: Classification Report for Logistic Regression 
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For the individual categories of severity, the model showed a precision of 0.52, 

a recall of 0.13, and an F1-score of 0.21 for category '0', which represents fatal 

accidents. For category '1', which corresponds to less severe accidents, the 

precision was 0.81, the recall was 0.98, and the F1-score was 0.89. Lastly, for 

category '2', indicating severe vehicle traffic accidents, the precision was 0.76, 

the recall was 0.08, and the F1-score was 0.14. The weighted averages for the 

logistic regression model were 0.77 for precision, 0.80 for recall, and 0.74 for 

the F1-score. These results are depicted in Figure 6-10. 

6.3.9 Result of Classification Metrics for Decision Trees 

The prediction model using Decision Trees has been implemented and 

executed. Its performance was evaluated using a classification matrix and 

yielded the following results. As shown in Table 6.9 below, the Decision Trees 

model achieved an overall accuracy of 72% in predicting the severity of vehicle 

traffic accidents. For the individual categories of severity levels, the model 

demonstrated a precision of 0.24, a recall of 0.26, and an F1-score of 0.25 for 

category '0', which corresponds to fatal accidents. For category '1', which 

represents less severe accidents, the model showed a precision of 0.82, a recall 

of 0.85, and an F1-score of 0.83. For category '2', representing severe vehicle 

traffic accidents, the model achieved a precision of 0.40, a recall of 0.25, and an 

F1-score of 0.31. The weighted averages for the Decision Trees model are 71% 

precision, 72% recall, and 72% F1-score. This performance of the Decision 

Trees model is illustrated in Figure 6-11. 

 

 

 

Table 6-9: Classification Report for Decision Trees 
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6.3.10  Result of Classification Metrics for RNN 

The evaluation metrics from the Recurrent Neural Network (RNN) model 

showcase varying performance across different accident severity levels. 

Notably, for Level 0 (less severe accidents), the precision is 0.50, indicating 

that when the model predicts this category, it is correct 50% of the time. 

However, the recall is low at 0.05, suggesting that the model fails to capture a 

significant portion of actual Level 0 accidents. The F1-score of 0.09 for this 

category underscores the difficulty in accurately identifying less severe 

accidents.  Conversely, for Level 1 (severe accidents), the model performs 

robustly with a precision of 0.80 and a high recall of 0.99, indicating that it 

effectively identifies and recalls a large majority of severe accidents. The F1- 

score of 0.89 for Level 1 underscores the model's strong performance in this 

category. For Level 2 (fatal accidents), the precision is 0.84, indicating a good 

ability to correctly identify fatal accidents when predicting this category. 

Figure 6-11: Classification Report for Decision Trees 
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However, the recall is lower at 0.12, suggesting that the model misses a 

significant number of actual fatal accidents. The F1-score of 0.21 for Level 2 

indicates moderate performance in accurately predicting fatal accidents. 

Overall, the weighted average F1-score of 0.73 across all categories signifies 

decent overall model performance. However, the macro average F1-score of 

0.40 indicates disparities in performance across different severity levels, with 

the model excelling in identifying severe accidents but struggling with less 

severe and fatal accidents. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6-10: Classification Report for RNN 

Figure 6-12: Classification Report for RNN 
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6.3.11  Summary of Classification Result for All Models 

In this section, the research presents a comparative analysis of the performance 

of the three machine learning models utilized in predicting accident severity. 

Each metric provides a different perspective on the model's performance, 

offering a comprehensive view of their strengths and weaknesses. The results 

are summarized in the Table 6.11.  

Table 6-11: Model Performance Result 

Model 
Evaluation Metrics 

Accuracy Precision Recall F1 Score 

  RF 79 74 79 74 

  XGBoost 84 84 84 82 

  SVM 80 80 80 73 

  Ada Boost  79 78 79 75 

 Bagging with SVM 76 73 76 74 

 Naïve Bayes 79 78 78 75 

 KNN 80 77 80 74 

 Logistic Regression  80 78 80 75 

 Decision Trees 72 71 72 72 

 RNN 80 77 80 73 

 

6.4 Evaluation on Confusion Matrix 

In this section, the research explores the detailed performance analysis of the 

models using the confusion matrix. The confusion matrix is a powerful tool that 

provides comprehensive insights into the classification performance by 

displaying the true positives, true negatives, false positives, and false negatives. 

By evaluating these metrics, we can better understand the accuracy, precision, 

recall, and F1 score of each model, highlighting their strengths and weaknesses 

in various scenarios. This analysis will guide us in identifying the most reliable 

model for our application and uncover areas where improvements are 

necessary. 
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6.4.1 Evaluation XGBoost on Confusion Matrix 

Figure 6-13: shows, the confusion matrix for the XGBoost model shown in the 

image categorizes the predictions into three classes: Fatal (2), Less Severe (0), 

and Severe (1). The matrix is divided into three rows and three columns, 

representing the actual and predicted classifications respectively. The numbers 

in diagonal line 78, 1477 and 56 shows the correct predication of the mode each 

time. The numbers off the diagonal line shows the how much time wrong 

predication is made. In this case the XGBoost model predict sever accident 

1477 time out of 1499, less sever accident 78 times out of 223 and fatal 

accidents 56 times out of 165. This shows the model has good predication 

power on sever accidents.  On the other hand less predication on less sever and 

fatal accidents.  

6.4.2 Evaluation of RF on Confusion Matrix 

Figure 6.14: shows, the confusion matrix for the Random Forest model it 

categorizes the predictions into three classes: Fatal (2), Less Severe (0), and 

Severe (1). 

Figure 6-13: Confusion Matrix Result for XGBoost Model 
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The matrix is divided into three rows and three columns, representing the actual 

and predicted classifications respectively. Here's a breakdown of the matrix: 

The numbers in diagonal line 25, 1449 and 33 shows the correct predication of 

the model each time. The numbers off the diagonal line shows the how much 

time wrong predication is made. In this case the RF model predicts sever 

accident 1449 time out of 1499; less sever accident 25 times out of 223 and 

fatal accidents 33 times out of 173. This shows the model has good predication 

power on sever accidents.  On the other hand poor predication on less sever and 

fatal accidents. The overall performance of RF shows even less than XGBoost 

Model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

6.4.3 Evaluation of SVM on Confusion Matrix 

Figure 6-15: shows, the confusion matrix for the SVM model shown in the 

image categorizes the predictions into three classes: Fatal (2), Less Severe (0), 

and Severe (1). 

Figure 6-14: Confusion Matrix for RF Model 
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The matrix is divided into three rows and three columns, representing the actual 

and predicted classifications respectively. The numbers off the diagonal line 

shows the how much time wrong predication is made. In this case the SVM 

model predict sever accident 1497 time out of 1499, less sever accident 20 

times out of 223 and fatal accidents 12 times out of 173. This shows the model 

has good predication power on sever accidents than even XGBoost.  On the 

other hand poor predication on less sever and fatal accidents. The overall 

performance of SVM shows even mixed behavior predication. 

Figure 6-15: Confusion Matrix for SVM Model 

6.4.4 Evaluation of Ada Boost on Confusion Matrix 

Figure 6-16: shows, the confusion matrix for the Ada Boost model. In this case 

the Ada Boost model predict sever accident 1430 time out of 1511, less sever 

accident 55 times out of 223 and fatal accidents 18 times out of 173. 

On the other hand it wrongly predicate 168 less sever accidents as sever and 

148 fatal accidents as sever. The model has good predication on sever accident.  
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6.4.5 Evaluation of Bagging with SVM on Confusion 

Matrix 

Figure 6-17 shows, the confusion matrix for the Bagging with SVM model. In 

this case the model predicts sever accident 1348 time out of 1511; less sever 

accident 49 times out of 223 and fatal accidents 46 times out of 173. On the 

other hand it wrongly predicate 170 less sever accidents as sever and 124 fatal 

accidents as sever. This model also has relatively good predication on sever 

accident. 

Figure 6-16: Confusion Matrix for Ada Boost Model 
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6.4.6 Evaluation of Naïve Bayes on Confusion Matrix 

Figure 6-18: shows, the confusion matrix for Naïve Bayes model. In this case 

the Naïve Bayes model predict sever accident 1430 time out of 1511, less sever 

accident 55 times out of 223 and fatal accidents 18 times out of 173. On the 

other hand it wrongly predicate 168 less sever accidents as sever and 148 fatal 

accidents as sever.  

Figure 6-17: Confusion Matrix for Bagging with SVM Model 
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Figure 6-18: Confusion Matrix for Naïve Bayes Model 

6.4.7 Evaluation of KNN on Confusion Matrix 

Figure 6-19: shows, the confusion matrix for the KNN model. In this case the 

KNN model predict sever accident 1481 time out of 1511, less sever accident 

30 times out of 223 and fatal accidents 13 times out of 173. On the other hand it 

wrongly predicate 192 less sever accidents as sever and 159 fatal accidents as 

sever. This model has poor predication on less sever accident and fatal 

accidents even if the overall performance is 80% accuracy. 
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Figure 6-19: Confusion Matrix for KNN Model 

6.4.8 Evaluation of Logistic Regression on Confusion 

Matrix 

Figure 6-20 shows, the confusion matrix for the Logistic Regression model. In 

this case the Logistic Regression model predict sever accident 1484 time out of 

1511, less sever accident 24 times out of 223 and fatal accidents 23 times out of 

199. On the other hand it wrongly predicate 170 less sever accidents as sever 

and 148 fatal accidents as sever. This model also has good predication on sever 

accident 
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Figure 6-20: Confusion Matrix for Logistic Regression Model 

6.4.9 Evaluation of Decision Trees on Confusion 

Matrix 

Figure 6-21 shows, the confusion matrix for the Decision Trees model. In this 

case the model predicts sever accident 1277 time out of 1511; less sever 

accident 59 times out of 223 and fatal accidents 43 times out of 173. On the 

other hand it wrongly predicate 161 less sever accidents as sever and 119 fatal 

accidents as sever. This model also has poor in predication of sever accidents 

unlike all other models, however it is similar in predication of less sever and 

fatal accidents with the other models. 
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Figure 6-21: Confusion Matrix for Decision Trees Model 

6.4.10  Evaluation of RNN on Confusion Matrix 

Figure 6-22 shows, the confusion matrix for the RNN model. In this case RNN 

model predict sever accident 1496 time out of 1511, less sever accident 11 

times out of 223 and fatal accidents 21 times out of 173. On the other hand it 

wrongly predicate 212 less sever accidents as sever and 152 fatal accidents as 

sever. This model also has very good predication on sever accident. But very 

poor predication on less sever and fatal accidents unlike all other models. 

Figure 6-22: Confusion Matrix for RNN Model 
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6.5 Discussion 

Analyzing the performance metrics across various machine learning models 

reveals valuable insights into their effectiveness for predicting and preventing 

traffic accidents. Among the ensemble methods, Random Forest (RF) and 

XGBoost demonstrate the highest overall performance with accuracies of 79% 

and 84%, respectively. These models excel in balancing accuracy, precision, 

recall, and F1 score, indicating their robustness in identifying both positive 

(accident-prone) and negative (non-accident-prone) instances. This capability is 

crucial for traffic accident prevention systems, where the ability to correctly 

identify potential risk factors and mitigate them early is vital. Models like 

AdaBoost and Bagging with SVM, although slightly lower in performance 

metrics, still show competitive results, emphasizing their utility as 

supplementary tools in comprehensive accident prediction frameworks. 

Beyond machine learning metrics, the integration of these models into real-

world traffic accident prevention strategies is essential. For instance, SVM and 

Naïve Bayes models, while showing good precision and recall, could be 

particularly useful in scenarios where identifying specific risk factors or 

anomalies in traffic patterns is critical. Logistic Regression and Decision Trees 

offer interpretable insights into the factors contributing to accidents, aiding 

policymakers and urban planners in implementing targeted interventions such 

as improved signage or traffic flow management. Moreover, the adaptability of 

models like Recurrent Neural Networks (RNNs) highlights their potential for 

capturing temporal dependencies in accident data, facilitating dynamic 

predictive capabilities that adjust to changing traffic conditions and behaviors. 

In practical terms, the effectiveness of these models extends beyond their 

individual metrics. Their collective ability to analyze vast datasets, including 

historical accident records, weather conditions, and traffic volume, enables a 

proactive approach to accident prevention. By leveraging machine learning 

outputs, traffic authorities can prioritize high-risk areas for infrastructure 
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improvements, allocate resources more efficiently during peak accident periods, 

and implement targeted awareness campaigns for drivers. Ultimately, the 

synergy between advanced predictive models and traditional traffic 

management strategies not only enhances safety measures but also fosters a 

data-driven approach to reducing accidents and improving overall road safety 

for communities worldwide. 

In addition this section will also address research results with research 

questions and objective drawn at the beginning of this research specifically in 

section 1.3 and 1.4 respectively.  

RQ1: How can machine learning techniques be used to identify the most 

significant contributing factors and their co-occurring patterns associated with 

traffic accident severity in Addis Ababa? 

Machine learning techniques can play a pivotal role in identifying the 

significant contributing factors and their co-occurring patterns associated with 

traffic accident severity in Addis Ababa. By leveraging large datasets, these 

techniques can uncover hidden relationships that are not immediately obvious 

through traditional analysis methods. For instance, algorithms like used in this 

research can be trained on historical traffic accident data to predict the severity 

of accidents based on various factors like road conditions, weather, pedestrian 

movement and vehicle types. These models can help identify which variables 

have the most substantial impact on accident outcomes, thereby providing 

insights into the primary risk factors. 

In the context of traffic accident severity, association rule mining, such as the 

Apriori algorithm, can be particularly useful for discovering frequent patterns 

and co-occurring factors in the data. This method identifies rules that explain 

the likelihood of certain outcomes given specific conditions. For example, it 

can reveal that accidents are more likely to be severe when occurring at 

locations without road junctions or during poor lighting conditions. By setting 

minimum thresholds for support and confidence, the analysis can focus on the 
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most relevant and impactful rules, helping to prioritize factors that contribute 

significantly to accident severity. 

Combining these approaches, machine learning not only helps in predictive 

modeling but also in deriving actionable insights from the data. The 

identification of significant factors and patterns can inform policy-making and 

strategic interventions aimed at reducing traffic accidents and mitigating their 

severity. For instance, improving lighting conditions in certain areas or 

redesigning road layouts could be targeted interventions based on the findings. 

Ultimately, machine learning techniques provide a data-driven foundation for 

developing more effective traffic safety measures, leading to safer roads in 

Addis Ababa. 

RQ2: How can insights gained from machine learning models be used to 

develop targeted interventions for reducing traffic accidents in Addis Ababa?   

Insights gained from machine learning models can be instrumental in 

developing targeted interventions for reducing traffic accidents in Addis Ababa. 

By identifying the most significant contributing factors to traffic accidents, 

policymakers and urban planners can design specific strategies to mitigate these 

risks. For instance, if models indicate that poor lighting conditions are strongly 

associated with fatal accidents; interventions such as improving street lighting 

in high-risk areas can be prioritized. Similarly, if certain road conditions or 

layouts are found to contribute to higher accident rates, infrastructure 

improvements like resurfacing roads or redesigning intersections can be 

implemented to enhance safety. 

Furthermore, machine learning models can help in the allocation of resources 

and efforts towards the most impactful interventions. For example, if the 

analysis reveals that accidents are more frequent during certain times of the day 

or under specific weather conditions, targeted campaigns can be launched to 

raise awareness among drivers during these periods. Law enforcement can also 

be strategically deployed to monitor high-risk areas and times, thereby 
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preventing accidents through increased vigilance and rapid response. By 

focusing on the identified hotspots and high-risk scenarios, the overall 

effectiveness of safety measures can be maximized. 

Additionally, continuous monitoring and updating of machine learning models 

with new data allow for the dynamic adjustment of interventions. As traffic 

patterns and urban landscapes evolve, these models can provide up-to-date 

insights, ensuring that safety measures remain relevant and effective. For 

example, if new construction or changes in traffic flow are observed, the 

models can help predict potential new risk factors, allowing for preemptive 

actions. This adaptive approach ensures that the strategies for reducing traffic 

accidents are not only based on historical data but are also responsive to current 

and emerging trends, leading to sustained improvements in road safety in Addis 

Ababa. 

RQ3: Which machine learning algorithms are most effective in predicting 

traffic accident severity in Addis Ababa? 

Based on the evaluation metrics of all the models trained, XGBoost is relatively 

better across all key performance indicators, achieving the highest accuracy, 

precision, recall, and F1 score among the evaluated models. With an accuracy 

of 84%, precision and recall both at 84%, and an F1 score of 82. This suggests 

that XGBoost's gradient boosting framework, which combines the strengths of 

multiple weak learners to enhance predictive accuracy, is particularly well-

suited for handling the complexities of traffic accident data according to this 

research. 

Support Vector Machine (SVM) and Logistic Regression also show good 

performance, making them effective alternatives for this prediction task. SVM 

achieves an accuracy, precision, and recall of 80%, with an F1 score of 73, 

indicating it is also usable in classifying accident severity. Logistic Regression, 

with similar metrics (80% accuracy, 78% precision, 80% recall, and an F1 score 

of 75), highlights its effectiveness as a linear model for binary classification 
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tasks. Both SVM and Logistic Regression offer high recall rates, which are 

crucial for ensuring that severe accidents are correctly identified, thereby 

enhancing the overall safety measures based on these predictions. 

Other models like RNN, Ada Boost, Naïve Bayes, and KNN also show 

commendable performance, with accuracies around 79-80% and balanced 

precision and recall metrics. While Random Forest provides reliable results, 

Decision Trees fall short with the lowest accuracy and F1 score, indicating that 

more sophisticated ensemble methods like XGBoost and Ada Boost are better 

suited for this dataset.  

6.6 Conclusion, Recommendations and Future Work  

6.6.1 Conclusion 

This research has explored the application of machine learning techniques to 

address the critical issue of traffic accidents in Addis Ababa, motivated by the 

alarming global and local statistics of traffic-related fatalities and injuries. 

Through comprehensive data collection, preprocessing, and analysis guided by 

specific research questions and objectives, this study has yielded several 

important insights. By leveraging machine learning algorithms, notably through 

the collection, preprocessing, and analysis of historical accident data, this 

research has demonstrated the potential for predicting the level of accidents 

with relatively high degree of accuracy and reliability. 

Among the evaluated models, XGBoost relatively better achieving an accuracy 

of 84% in predicting accident severity. This model's relatively greater 

performance underscores its potential for improving traffic safety in Addis 

Ababa. Support Vector Machine (SVM) and Logistic Regression also showed 

strong predictive capabilities, with both models achieving an accuracy of 80%. 

These findings highlight the robustness of these algorithms in handling traffic 

accident data and their utility in developing reliable predictive systems for 

accident severity. 
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The significance of this study lies in its potential to inform targeted 

interventions by stakeholders such as the Addis Ababa Traffic Management 

Agency, Addis Ababa Police Commission, and the general public. By providing 

actionable insights into the factors contributing to accidents and the 

effectiveness of preventive measures, this research can guide resource 

allocation, policy formulation, and public awareness campaigns aimed at 

improving road safety. For instance, the model can help the Traffic 

Management Agency identify high-risk factors and locations, guiding targeted 

interventions like stricter enforcement, improved driver education, or 

infrastructure modifications. The Police Commission can use the model's risk 

predictions to inform resource allocation, allowing for more effective 

deployment of traffic police and CCTV cameras. Increased public awareness 

about high-risk factors can encourage safer driving practices, potentially 

reducing accident rates. Ultimately, this research paves the way for continued 

exploration and implementation of data-driven solutions, emphasizing the 

importance of interdisciplinary collaboration and ethical decision-making in 

addressing complex challenges, leading towards a future with fewer traffic 

accidents and their devastating consequences. 

6.6.2 Recommendations 

It is essential to establish a robust system for continuous and comprehensive 

data collection on traffic accidents. Collaboration between the Addis Ababa 

Traffic Management Agency (TMA) and Addis Ababa Police Commission 

(AAPC) should be strengthened to ensure the timely and accurate recording of 

accident data.  

Continued efforts should be made to optimize the hyper parameters of machine 

learning models to achieve the best possible performance. It is highly 

recommended to develop and deploy real-time traffic management systems that 

utilize the predictive models to generate instant accident risk alerts. These 

systems can assist in proactive traffic management and timely intervention. 
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Integrating these real-time systems with existing traffic management 

infrastructure, such as traffic signals and electronic signage, can dynamically 

adjust traffic flow and reduce accident risks. 

The insights gained from the predictive models can be used to design and 

implement targeted public awareness campaigns focused on the most 

significant risk factors identified, such as speeding and pedestrian safety. It is 

advisable to monitor and address any biases in the predictive models to ensure 

fair and equitable treatment of all demographic groups. Implement techniques 

such as fairness-aware learning algorithms to mitigate bias. Stringent data 

privacy standards should be maintained to protect personal information by 

anonymizing data where necessary and ensuring compliance with ethical 

guidelines and legal requirements. The research findings should be utilized to 

inform policy formulation aimed at improving road safety. Policies should 

address key factors contributing to accidents and prioritize interventions based 

on data-driven insights. Additionally, investing in infrastructure improvements 

such as better road signage, pedestrian crossings, and traffic calming measures 

in high-risk areas identified by the study should be prioritized. 

Improving road lighting in poorly lit areas could significantly reduce the 

incidence of fatal accidents. Re-evaluating the design of roads and junctions to 

minimize the likelihood of severe accidents is crucial. Driver awareness 

programs should be implemented to educate drivers about the risks associated 

with specific conditions, such as driving in poorly lit areas or on roads without 

junctions. By implementing these measures, it is possible to mitigate the 

severity of traffic accidents and enhance overall road safety in Addis Ababa. 

6.6.3 Future Work 

While this research has made significant contributions to understanding and 

predicting traffic accidents in Addis Ababa using machine learning, there are 
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several areas where future research can build on these findings to further 

enhance road safety and traffic management. 

One potential area of exploration is the extension of data analysis to incorporate 

a longer historical period, which could provide a more comprehensive 

understanding of traffic accident trends and improve the robustness of 

predictive models. Additionally, integrating a wider range of data sources, such 

as real-time traffic flow, weather conditions, and socio-economic factors, can 

enhance model accuracy and provide deeper insights into the complex interplay 

of variables contributing to accidents.  

Cross-regional studies comparing traffic accident patterns and model 

performance in different cities or regions would be valuable in validating the 

generalizability of the models developed and adapting them to diverse contexts. 

Finally, exploring the practical implementation of real-time accident risk alert 

systems and their integration with existing traffic management infrastructure 

could provide tangible benefits in reducing accident rates and enhancing road 

safety. These future directions underscore the importance of continuous 

innovation and interdisciplinary collaboration in the mission to create safer and 

more efficient transportation systems. 
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APPENDICES 

Appendix A: Code for RF Model 
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Appendix B: Code for XGBoost Model 
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Appendix C:  Code for SVM Model 
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Appendix D:  Code for Ada Boost Model 
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Appendix E:  Code for Bagging with SVM Model 
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Appendix F:  Code for Naïve Bayes Model 

Note: Evaluation part of the code is same as other models. 
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Appendix G:  Code for KNN Model 

Note: Evaluation part of the code is same as other models. 
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Appendix H:  Code for Logistic Regression Model 

Note: Evaluation part of the code is same as other models. 
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Appendix I:  Code for Decision Trees Model 

Note: Evaluation part of the code is same as other models. 
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Appendix J:  Code for RNN Model 

Note: Evaluation part of the code is same as other models. 

 

 

 

 

 


