
Chapter 1: Introduction

1.1 Background of the Study

Road traffic accidents are one of the biggest public safety problems in the world. Every day, thousands of people are injured or lose their lives because of road accidents. These accidents not only cause the loss of human life but also create financial burdens for families and governments.
According to the World Health Organization (WHO), approximately 1.19 million people die every year in road traffic accidents. In addition, between 20 and 50 million people suffer non-fatal injuries, and many of them become permanently disabled.
Road accidents happen for many reasons, such as:
i)Over-speeding
ii)Drunk driving
iii)Poor road conditions
iv)Bad weather
v)Driver negligence
vi)Vehicle defects
vii)Traffic rule violations
Many accidents can become more dangerous depending on the weather, road condition, vehicle type, and driver's experience.
Because of this, predicting the severity of an accident before emergency services arrive can help authorities respond more effectively.

1.2 Problem Statement

Road accidents occur every day, but it is difficult to quickly estimate how serious an accident will be immediately after it happens.
Emergency responders often receive only limited information, such as:
.)Vehicle type
.)Weather condition
.)Road condition
.)Number of vehicles involved
.)Number of casualties
Based on these details, it is challenging to determine whether the accident is likely to result in a slight injury, serious injury, or fatal injury.
Without a prediction system:
i.Emergency resources may not be dispatched efficiently.
ii.Hospitals may not be prepared for severe cases.
iii.Valuable response time may be lost.
Therefore, a machine learning-based prediction system can assist emergency responders by providing an early estimate of accident severity.

1.3 Proposed Solution

To solve this problem, we developed a Road Accident Severity Prediction System.

The system is a web-based application developed using:
Python
Flask
HTML
CSS
Scikit-learn
Pandas
NumPy.
It uses a Random Forest Classifier trained on the Road Traffic Accidents Dataset from Kaggle.
When a user enters accident-related information, the system predicts one of three outcomes:

Slight Injury
Serious Injury
Fatal Injury
The prediction is generated within a few seconds.
1.4 Project Objectives
Main Objective
To develop a machine learning-based web application that predicts the severity of road accidents using historical accident data.
Specific Objectives
To collect accident data from a reliable dataset.
To preprocess and clean the dataset.
To train a Random Forest machine learning model.
To build a user-friendly web application using Flask.
To predict accident severity based on user inputs.
To display prediction results clearly.
To help improve decision-making for emergency response.
1.5 Scope of the Project
This project focuses on predicting accident severity using machine learning.
The system includes:
Loading accident data

Cleaning missing values:
Encoding categorical variables
Training the Random Forest model
Saving the trained model
Accepting user input through a web form
Predicting accident severity
Displaying the prediction result
The prediction classes are:
Slight Injury
Serious Injury
Fatal Injury
1.6 Limitations:
Although the system works well, it has some limitations:
The dataset comes from Ethiopia, so the predictions may not perfectly represent road conditions in other countries.
The system predicts only accident severity, not the exact cause of the accident.
It does not provide emergency response recommendations.
It does not store previous prediction records.
There is no login or user authentication.
1.7 Significance of the Project
This project is useful for several groups:
Traffic Police: They can estimate accident severity quickly and prioritize their response.
Hospitals: Hospitals can prepare doctors, nurses, and emergency equipment before patients arrive.
Government: Governments can identify accident-prone conditions and improve road safety policies.

Researchers: Researchers can study accident patterns and develop better prediction models.
Students: The project demonstrates how machine learning and web development can be combined to solve a real-world problem.
1.8 Why Did We Choose Random Forest
We selected the Random Forest Classifier because:

It performs well on large datasets.
It can handle both numerical and categorical features.
It is less likely to overfit than a single Decision Tree.
It provides high prediction accuracy.
It works well even when some data are missing.
It is widely used in classification problems.
1.9 Expected Output:
After entering accident details into the web application, the system predicts one of the following:
	Prediction
	Severity Level
	Meaning

	Slight Injury
	Low
	Minor injuries; normal emergency response may be sufficient.

	Serious Injury
	Medium	
	Significant injuries; prompt medical attention is required.


	Fatal Injury
	High
	Life-threatening outcome; immediate emergency response is


		
2. Project Objectives
Main Objective
The main objective of this project is to develop a web-based machine learning system that can predict the severity of road accidents based on accident-related information provided by the user.The prediction helps classify the accident into one of three categories:
Slight Injury
Serious Injury
Fatal Injury
The system aims to assist in understanding accident severity before emergency services arrive.
Explanation
Instead of waiting for a full accident investigation, the system analyzes factors such as weather, road conditions, vehicle type, and the number of casualties to estimate how severe the accident is likely to be
Specific Objectives
1. Collect a reliable road accident dataset from Kaggle.
2. Clean and preprocess the dataset.
3. Handle missing values.
4. Convert categorical data into numerical format using One-Hot Encoding.
5. Train a Random Forest classification model.
6. Develop a user-friendly web application using Flask.
7. Predict accident severity based on user inputs.
8. Display the prediction result clearly.
9. Improve awareness and support decision-making in road safety.

2. Methodology
Methodology describes the complete process followed in developing the system.
Step 1: Data Collection
The first step was collecting accident data.
Dataset Source:
Kaggle
Road Traffic Accidents Dataset
Your project combines two CSV files: RTA_Dataset.csv, RTADatasetE1.csv
These two datasets are merged into one larger dataset before training the model. 
Step 2: Data Cleaning

Real-world datasets contain many problems, such as:
Missing values
Empty cells
Inconsistent data
Duplicate records
Your code handles these by:
Removing unnecessary columns.
Removing rows with missing target values.
Filling missing categorical values with the most frequent value.
Filling missing numerical values with the mean.
This improves data quality before model training.
Step 3: Feature Selection
The original dataset contains many features.
However, not all features are useful for prediction.
Your project removes several columns that are less relevant, such as:
Driver's sex
Educational level
Vehicle owner
Vehicle service year
Casualty age
Defect of vehicle
After removing unnecessary columns, the model uses 16 important features for prediction. Examples include:
Driving experience:
Vehicle type
Road condition
Weather
Number of vehicles
Number of casualties
Cause of accident
Step 4: Data Preprocessing
Machine learning models cannot directly understand text.
For example:
Weather = Rainy
The computer cannot process the word "Rainy."
Therefore, preprocessing is required.
Your project uses:
One-Hot Encoding
It converts text categories into binary numerical columns.
Example:
Vehicle Type
Car,Bus,Bike becomes
	Car
	Bus
	Bike

	1
	0
	0



StandardScaler
Numerical values have different ranges.
Example:Vehicles = 2,Casualties = 20 StandardScaler scales numerical features so they have similar ranges, helping the model process them consistently.
SimpleImputer
Missing values are replaced automatically.
Categorical values → Most frequent value
Numerical values → Mean value
Step 5: Model Training
The processed data is divided into:
Training Data → 80%
Testing Data → 20%
The Random Forest algorithm learns patterns from the training data and predicts accident severity.
The testing data is then used to evaluate model performance.
Step 6: Prediction
When the user fills out the web form:
1. User enters accident information.
2. Flask receives the input.
3. Input is converted into a DataFrame.
4. The saved preprocessor transforms the data.
5. The Random Forest model predicts accident severity.
6. The result is displayed on the webpage.

 Dataset Analysis
Dataset analysis explains the data used in the project.
Dataset Source
Kaggle
Road Traffic Accidents Dataset
The dataset contains over 15,000 accident records after combining the two CSV files. 

Target Variable
The target variable is
accident_severity
This is the value the model predicts.
Possible classes:
Slight Injury
Serious Injury
Fatal Injury
Input Features
The system uses 16 input features.
Some important features include:
Driving experience
Type of vehicle
Area of accident
Road alignment
Weather condition
Light condition
Number of vehicles
Number of casualties
Vehicle movement
Cause of accident
Each feature influences the prediction differently. 
Types of Data
The dataset contains two types of data.
Numerical Data
Examples:Number of vehicles involved
Number of casualties
Categorical Data
Examples:
Weather
Vehicle type
Junction type
Road condition
Missing Values
The original dataset contains missing values.
These missing values are handled using:
Mean imputation for numerical features.
Most frequent value for categorical features.
Why Were Some Columns Removed
Some columns were removed because:
They contribute little to prediction.
They contain too many missing values.
They increase model complexity.
Removing irrelevant features improves model performance and reduces training time.
4. Output Analysis
Output analysis explains how the system presents predictions.
After clicking Predict, the system produces one of three outputs.
Output 1
Slight Injury
Meaning:
The accident is predicted to result in only minor injuries.
Emergency response is still needed but the situation is less severe.
Severity Level:
Low
Output 2
Serious Injury
Meaning:
The accident is expected to cause significant injuries.
Victims require immediate medical attention.
Severity Level:
Medium
Output 3
Fatal Injury
Meaning:
The accident has a very high probability of causing death or life-threatening injuries.
Immediate emergency services and advanced medical support are required.
Severity Level:
High
Example Prediction
Suppose the user enters:
Weather = Rainy
Road = Wet
Vehicles = 3
Casualties = 5
Collision = Vehicle with Vehicle
Cause = Driving at High Speed
The model may predict:
Prediction:
Fatal Injury
Severity Level:
High
Importance of the Output
The output can help:
Traffic police prioritize accident scenes.
Hospitals prepare emergency teams.
Researchers study accident patterns.
Government agencies improve road safety policies.
Drivers become more aware of risky conditions.
Dashboard Layout

-------------------------------------------------------
          Road Accident Severity Prediction Dashboard
-------------------------------------------------------
Total Records | Model Accuracy | Total Features | Last Training
-------------------------------------------------------
Dataset Analysis
[Pie Chart]       [Bar Chart]
Severity          Accident Causes
-------------------------------------------------------
[Bar Chart]
Weather Condition vs Accidents
-------------------------------------------------------
[Bar Chart]
Vehicle Type vs Accidents
-------------------------------------------------------

[Bar Chart]
Road Surface Condition
-------------------------------------------------------
Prediction Analysis
Prediction Result
Confidence Score
Risk Level
-------------------------------------------------------
Model Performance
Confusion Matrix
Accuracy
Precision
Recall
F1 Score

1. Dataset Overview Cards
Display four cards at the top.
Card	Example
Total Records	15,123
Features Used	16
Model Accuracy	89.4%
Prediction Classes	3

These give users a quick overview of the dataset and model.
2. Accident Severity Distribution (Pie Chart)
This chart shows the proportion of accidents by severity.
Example:
Severity	Count
Slight Injury	10,200
Serious Injury	3,800
Fatal Injury	1,100
Content: This chart illustrates how accident records are distributed across the three severity classes. A larger "Slight Injury" section indicates that most recorded accidents resulted in minor injuries, while "Fatal Injury" cases are fewer but more critical.

3. Cause of Accident (Horizontal Bar Chart)
Cause	Number of Accidents
Driving Carelessly	3,250
High Speed	2,840
No Priority to Vehicle	2,100
Overloading	1,450
Drunk Driving	800
Content: This visualization highlights the most common causes of road accidents. Driving carelessly and speeding typically contribute the highest number of accidents, indicating that driver behavior is a major factor.
4. Weather Condition Analysis (Bar Chart)
Weather	Number
Normal	7,500
Rain	4,200
Cloudy	1,800
Fog	700
Windy	400
Content: This chart compares accident frequency under different weather conditions. Although most accidents occur during normal weather because more people are on the road, rainy and foggy conditions significantly increase driving risk.
5. Vehicle Type Analysis (Bar Chart)
Vehicle	Count
Automobile	4,800
Motorcycle	3,900
Taxi	2,200
Public Bus	1,900
Lorry	1,600
Content: This chart shows which types of vehicles are most frequently involved in road accidents. Private automobiles and motorcycles often account for the largest share of reported cases.
6. Road Surface Condition (Pie Chart)

Condition	Percentage

Dry	68%
Wet	27%
Flooded	5%


Content: Road surface conditions affect vehicle control and braking distance. Wet or flooded roads increase the likelihood of severe accidents compared with dry roads.


---

7. Light Condition Analysis (Bar Chart)

Light Condition	Accidents

Daylight	7,800
Darkness (Lights Lit)	3,000
Darkness (No Lighting)	2,400
Darkness (Lights Unlit)	900
Content: Lighting conditions influence driver visibility. Accidents occurring in darkness, especially where there is no road lighting, tend to be more severe due to reduced visibility.
8. Driving Experience Analysis
Experience	Accidents
Below 1 Year	2,600
1–2 Years	2,200
2–5 Years	3,100
Above 10 Years	1,800
Content: This analysis examines accident frequency by driving experience. Less experienced drivers generally show higher accident involvement due to limited road experience and decision-making skills.
9. Accident Area Analysis
Area	Number
Residential	3,200
Market	2,500
School	1,900
Office	1,700
Rural	2,100
Content: This chart identifies where accidents occur most frequently. Residential and market areas usually experience higher accident counts because of dense traffic and pedestrian activity.
10. Number of Casualties
Casualties	Number of Accidents
1	6,500
2	4,200
3	2,100
4+	800
Content: This visualization shows how many casualties are associated with each accident. Most accidents involve one or two casualties, while accidents with four or more casualties are less common but often more severe.
11. Model Performance Table
Metric	Value
Accuracy	89.4%
Precision	88.9%
Recall	87.8%
F1 Score	88.3%
Content: These evaluation metrics measure the predictive performance of the Random Forest model. Higher values indicate better classification accuracy and reliability.
12. Prediction Result Card
Prediction
Fatal Injury
Risk Level
HIGH
Confidence
94.7%

Recommendation
Call emergency medical services immediately
13. Feature Importance (Top 10)
Feature	Importance (%)
Cause of Accident	18
Weather Condition	15
Road Surface	13
Number of Casualties	12
Number of Vehicles	10
Type of Collision	9
Vehicle Movement	7
Light Condition	6
Road Alignment	5
Driving Experience	5


Content: Feature importance shows which input variables have the greatest influence on the model's prediction. In this example, the cause of the accident and weather conditions contribute most to the prediction outcome.
Research Statistics Panel (Optional)
To strengthen your dashboard, you can also display global road safety facts alongside your dataset analysis:
Indicator	Value
Global Road Deaths (Annual)	~1.19 Million
Non-Fatal Injuries (Annual)	20–50 Million
Leading Death Cause (Age 5–29)	Road Traffic Injuries
Vulnerable Road User Deaths	More than 50% of Total
Countries Most Affected	Low- and Middle-Income Countries
This provides real-world context and demonstrates why accident severity prediction is important.
Recommended Dashboard Sections

1. Summary Cards (Records, Accuracy, Features, Classes)

2. Dataset Analysis (Severity, Weather, Vehicle Type, Road Condition)

3. Accident Pattern Analysis (Cause, Area, Driver Experience, Casualties)


4. Machine Learning Analysis (Feature Importance, Model Metrics, Confusion Matrix)

5. Prediction Result (Severity, Risk Level, Confidence, Recommendation)

6. Global Road Safety Statistics (WHO facts)
A dashboard with these components will look professional and clearly demonstrate both the data analysis and the machine learning capabilities of your Road Accident Severity Prediction System.
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Abstract
Road accidents are a serious problem all over the world. Every year, millions of people are injured or killed because of road mishaps. One of the biggest challenges for emergency responders and road authorities is not knowing right away how serious an accident is. This delay can make it harder to send the right help at the right time.

This research paper presents the design, development, and evaluation of a Road Accident Severity Prediction System — a web-based application that uses machine learning to predict whether a road accident will result in a Slight Injury, Serious Injury, or Fatal Injury. The system was built using Python and Flask, and uses a Random Forest classification model trained on over 15,000 real accident records from the Kaggle Road Traffic Accidents (RTA) Dataset.

The application takes in 16 different accident-related inputs such as weather conditions, road type, cause of accident, vehicle type, and light conditions. It then processes these inputs and gives a prediction along with a severity level. Results showed that the trained model achieved a reliable accuracy score, making it a potentially useful tool for traffic management offices, road safety researchers, and local government units.

Keywords: road accident severity, machine learning, random forest, Flask web application, accident prediction, road safety.
1. Introduction
Road accidents are one of the biggest causes of death and serious injury around the world. According to the World Health Organization (WHO), approximately 1.19 million people die each year from road traffic accidents. Many more suffer serious injuries that affect them for life. In countries like the Philippines, road accidents happen every single day, and the number continues to grow as more vehicles appear on the roads.

One of the major problems in road accident response is the lack of quick information. When an accident happens, emergency teams need to know fast how serious it is — but this information is often not available right away. If authorities knew in advance that a certain type of accident tends to result in fatal or serious injuries, they could prepare better, respond faster, and potentially save more lives.

This is the problem that this project aims to solve. By using machine learning — specifically, a method called Random Forest classification — the system can look at the details of an accident situation and predict how serious the outcome is likely to be. The prediction can help emergency responders, traffic officers, and road safety planners make better decisions.

This paper explains how the system was built, what technology was used, how the machine learning model was trained, and what results were achieved. The goal is to show that a practical, working system can be developed even with limited resources, and that data science tools can be applied to real-world safety problems.
2. Review of Related Literature
Many researchers around the world have studied the use of machine learning in predicting road accident severity. Their findings provide a strong foundation for this project.

2.1 Machine Learning in Road Safety
Studies have shown that machine learning algorithms are very effective at classifying road accident severity. Algorithms like Decision Trees, Support Vector Machines (SVM), Logistic Regression, and Random Forests have been tested on different accident datasets. Among these, Random Forest is frequently found to perform better than the others because it combines the results of many decision trees, which helps reduce errors and overfitting (Breiman, 2001).

A study by Delen et al. (2006) used different machine learning techniques to classify accident injury severity and found that ensemble methods like Random Forest gave more accurate results than single models. Similar findings were reported by Shanthi and Ramani (2011), who showed that combining multiple features like road type, weather, and driver behavior significantly improves prediction accuracy.

2.2 Accident Datasets and Features
The Road Traffic Accidents (RTA) Dataset from Kaggle, originally from Ethiopia, is one of the commonly used datasets for road accident research. It contains detailed records of thousands of accidents including information about vehicle types, driver experience, road conditions, weather, and injury outcomes. Researchers like Shahane (n.d.) have made this dataset available publicly for training and testing machine learning models.

Studies also consistently show that certain features are strong predictors of accident severity. These include road surface conditions, light conditions, cause of the accident, type of junction, and the type of vehicles involved. This aligns with the 16 features used in the current project.

2.3 Web-Based Prediction Systems
The idea of combining machine learning models with web applications is not new, but it is increasingly popular. Flask, a lightweight Python web framework, has been widely used in academic and commercial projects to deploy machine learning models. Research by Grinberg (2018) and others shows that Flask is easy to set up and works well for serving prediction models through simple HTML forms, which is exactly how this project works.
3. Methodology
This section explains how the system was designed and built, step by step.

3.1 Dataset Collection
The project uses the Road Traffic Accidents (RTA) Dataset from Kaggle, contributed by Saurabhshahane. The dataset contains records of road accidents that happened in Ethiopia and includes information about driver details, road conditions, vehicle types, collision types, and accident severity. Two CSV files were combined for a total of over 15,000 records.

The target variable — what the model tries to predict — is Accident Severity, which has three possible values:
1. Slight Injury — minor injuries, less urgent response needed
1. Serious Injury — significant injuries, prompt medical attention required
1. Fatal Injury — life-threatening, immediate emergency response needed

3.2 Data Preprocessing
Raw data is rarely perfect. The dataset had missing values and non-numeric (text) columns that needed to be handled before training. The preprocessing steps were:
1. Missing numerical values were filled in with the average (mean) of that column.
1. Missing text values were filled with the most common (mode) value in that column.
1. Text columns were converted to numbers using One-Hot Encoding so the machine learning model could understand them.
1. Numerical columns were scaled using Standard Scaler to make sure no single number dominates the model.
1. Irrelevant columns — such as driver age, driver sex, and vehicle defect — were removed to keep the model focused on the most relevant accident features.

3.3 Model Training
After preprocessing, the data was split into a training set (80%) and a testing set (20%) using a random split with a fixed seed (random_state=42) to make results reproducible. The Random Forest Classifier from the scikit-learn library was used with 100 decision trees (n_estimators=100).

The model was trained on the training set and then tested on the testing set. The accuracy score was calculated to measure how well the model performs. The trained model and preprocessor were saved as .pkl files (using Python's pickle module) so they can be loaded and reused without retraining.

3.4 Web Application Development
The web application was built using Flask, a Python web framework. The application has two main routes:
1. The home page (/) displays a form where users can fill in accident details using dropdown menus.
1. The prediction route (/predict) receives the form data, runs it through the model, and returns a prediction result.

The frontend (user interface) was built using HTML and CSS through Jinja2 templates. The design is clean and simple, showing the prediction result clearly along with a color-coded severity level indicator. The app also displays information about the dataset such as the total number of records loaded and the model accuracy.

3.5 System Architecture

	Layer
	Technology Used
	Purpose

	Frontend
	HTML, CSS, Jinja2
	User interface — form and result display

	Backend
	Python, Flask
	Web server and request handling

	ML Model
	scikit-learn RandomForestClassifier
	Accident severity prediction

	Data Handling
	Pandas, NumPy
	Loading and processing CSV data

	Preprocessing
	OneHotEncoder, StandardScaler, SimpleImputer
	Cleaning and transforming input data

	Model Storage
	Python pickle (.pkl)
	Saving and loading trained model


4. Results and Discussion

4.1 Dataset Overview
After loading and combining the two CSV files (RTA_Dataset.csv and RTADatasetE1.csv), the system worked with over 15,000 accident records. Rows with missing target values were removed to ensure clean training data. Below is a summary of the dataset characteristics:

	Feature
	Detail

	Total Records (after cleaning)
	~12,000 – 15,000

	Number of Input Features Used
	16

	Target Variable
	Accident Severity

	Target Classes
	Slight Injury, Serious Injury, Fatal Injury

	Train/Test Split
	80% training, 20% testing

	Dataset Source
	Kaggle — RTA Dataset (Ethiopia)



4.2 Model Performance
The Random Forest model was evaluated using accuracy score, which measures how many predictions the model got right out of all the predictions it made. The model achieved a strong accuracy score during testing, which shows it can reliably predict accident severity based on the given features.

The model performs best when the input features clearly indicate the severity level. For example, accidents involving multiple vehicles, wet or flooded road conditions, poor lighting, and high-speed driving tend to be correctly predicted as serious or fatal. On the other hand, single-vehicle incidents under normal conditions are more often correctly predicted as slight.

4.3 Input Features and Their Importance
The following 16 features were used as inputs to the model. Based on how Random Forest works, some features naturally have more influence on the prediction than others:

	Feature
	Type
	Why It Matters

	Driving Experience
	Categorical
	Less experienced drivers are linked to more severe accidents

	Type of Vehicle
	Categorical
	Heavier vehicles tend to cause more serious accidents

	Area Accident Occurred
	Categorical
	Urban vs rural affects accident type and severity

	Lanes or Medians
	Categorical
	Road design affects collision type

	Road Alignment
	Categorical
	Curves and escarpments increase accident risk

	Type of Junction
	Categorical
	Junctions are high-risk collision points

	Road Surface Conditions
	Categorical
	Wet or flooded roads increase accident severity

	Light Conditions
	Categorical
	Darkness increases accident severity risk

	Weather Conditions
	Categorical
	Rain, fog, and wind affect driving safety

	Type of Collision
	Categorical
	Rollovers and pedestrian hits are often more fatal

	Number of Vehicles Involved
	Numerical
	More vehicles usually means more severe accidents

	Number of Casualties
	Numerical
	Directly linked to severity outcome

	Vehicle Movement
	Categorical
	Overtaking and U-turns increase crash risk

	Casualty Class
	Categorical
	Pedestrians are more vulnerable than vehicle occupants

	Pedestrian Movement
	Categorical
	Crossing roads creates higher-risk scenarios

	Cause of Accident
	Categorical
	Drunk driving, speeding linked to fatal outcomes



4.4 System Output
When a user fills in the form and clicks submit, the system returns one of three prediction results, shown with a color-coded severity level:

	Prediction
	Severity Level
	Color Indicator
	Meaning

	Slight Injury
	Low
	Green
	Minor injuries expected; standard response may be enough

	Serious Injury
	Medium
	Orange
	Significant injuries likely; needs prompt medical attention

	Fatal Injury
	High
	Red
	Life-threatening outcome; immediate emergency response needed



4.5 Discussion
The results show that a Random Forest classifier, when trained on a properly preprocessed accident dataset, can produce reliable severity predictions. The model handles the mix of categorical and numerical features well, which is one of the reasons Random Forest was chosen over simpler algorithms like Logistic Regression.

One important thing to note is that the dataset comes from Ethiopia, which means the accident patterns might be slightly different from countries like the Philippines. However, the core risk factors — such as road conditions, weather, cause of accident, and vehicle type — are largely universal. The system can still serve as a useful reference tool even in different geographic contexts.

The system also has a limitation: it retrains the model every time the application starts, which takes around 30 seconds. In a real production environment, the model would be pre-trained and loaded instantly. This is already handled by the pickle save-and-load mechanism in the current code, though the default behavior currently retrains on startup when the CSV files are present.
5. Conclusion
This research paper presented the development of a Road Accident Severity Prediction System — a web-based application that uses machine learning to predict accident outcomes based on real-world road and environmental conditions. The system was built using Python, Flask, and scikit-learn, and was trained on the publicly available Kaggle RTA Dataset containing over 15,000 accident records.

The project successfully achieved all of its objectives: the dataset was properly loaded and preprocessed, a Random Forest model was trained and evaluated, and a functional web application was built around the model. The system is easy to use, even for people with no technical background, and gives clear prediction results.

The study demonstrates that machine learning tools — which were once only available to large research organizations — can now be applied by students and small teams to build practical, real-world solutions. By combining data science with web development, it is possible to create systems that can support road safety awareness, emergency response planning, and traffic management decisions.

For future improvements, the system could be enhanced by using a locally collected dataset (such as Philippine road accident data), adding a database to store past predictions, including real-time weather and traffic data through APIs, and deploying the system online so it is accessible to more users.

In conclusion, the Road Accident Severity Prediction System is a meaningful and practical project that shows how academic learning in programming and data science can be applied to solve real-world problems. The team is confident that with continued development, this kind of tool can contribute — even in a small way — to reducing the impact of road accidents.
6. Recommendations
Based on the findings and experience gained from this project, the following recommendations are made for future development:

1. Use a local dataset: Collecting road accident data from the Philippines or the local area would make the model's predictions more accurate and relevant.
1. Add a database: Storing user inputs and past predictions in a database like SQLite or MySQL would allow for trend analysis over time.
1. Deploy online: Hosting the system on a cloud platform like Heroku, Render, or Google Cloud would make it accessible to more users.
1. Add more models: Trying other algorithms like XGBoost or Neural Networks and comparing results could improve prediction accuracy.
1. Include real-time data: Connecting to weather APIs and live traffic data would make predictions more dynamic and accurate.
1. Add user login: Implementing authentication would allow personalized experiences and better data tracking.
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