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[bookmark: _Toc196873817]Research Background
The traffic accidents are a critical public safety problem worldwide, causing heavy fatalities, injuries, and a huge economic loss. The World Health Organization (WHO) estimates that road traffic crashes take the lives of around 1.3 million people each year and cause many more people to suffer nonfatal injuries [1]. Traffic management and accident mitigation have become sufficiently crucial as urbanization, higher and per capita population density, and motor vehicle usage are ever-increasing, especially in developing countries.
Traffic accidents are also one of the most important factors to take care of road safety by understanding and predicting the severity of traffic accidents [2]. There is a wide range of factors regarding the accident severity with the condition of the road, the weather, the driver behaviour, the type of vehicle, the time of day and the traffic volume. Purposive usage of traffic accident data by traditional statistical models, such as logistic regression or time series forecast, can be found. However, such models usually fail to account for the many, nonlinear relationships between a number of those variables and the accident severity.
The field of computational transportation safety evolved to apply ML to predictive modelling, which with the advancement of data science enabled robustness. Since machine learning algorithms can work with a huge volume of traffic data, they capping out inherent patterns, and for the input features you can see accurate predictions. Amongst other techniques like Decision or Random Forest, Support Vector Machines (SVM), Gradient Boosting and Neural Classification techniques Decision Trees, Random Forests, Gradient Boosting, and Neural Networks have demonstrated greater capability of accident severity level classification with a greater accuracy than traditional means [3].
Many practical applications follow from the ability to predict accident severity. By aiding traffic authorities to identify either high-risk areas or difficult exits, traffic authorities can allocate emergency response resources more effectively, and take effective measures such as dynamic speed limits or better signage. Among these, the use of ML-based severity prediction systems embedded in intelligent transportation systems (ITS) as well as vehicle safety features to effect real-time alerts and augmented risk prediction is also possible [4].
These recent studies indicate the use of machine learning in predicting the severity of traffic accidents. Data about severity outcomes can be classified using existing research, such as research based on data from a national road safety agency or a platform like Kaggle [5]. Such studies typically take up a large number of features such as weather conditions, road types, vehicle characteristics, time, and location. However, there are many challenges, like data imbalance (fewer fatal cases), missing or noisy data and the need for interpretability of ML models in real-world applications.
Therefore, the current research attempts to enhance prior work by implementing and comparing different machine-learning algorithms for the prediction of traffic accident severity. Performances of the model will be optimized, feature importance will be evaluated, and various challenges like class imbalance will also be addressed in the study. This research attempts to achieve this enhancement for predictive accuracy and interpretability, to help data-driven decision-making for road safety management and accident prevention.
[bookmark: _Toc196873818]Problem Statement
Traffic accidents in all their forms — crossing signals, creating traffic jams, and collisions — are one of the leading causes of fatalities and injuries in the world, and as such represent a major obstacle to public safety and urban planning. The number of cars and motorcycles moving in India along with non-compliant traffic rules and the absence of a proper road network have caused accidents resulting in loss of lives, draining the economy, and the emotional distress of families and communities. Due to the time-consuming, reactive and error-prone nature of manual reporting and post-accident analysis, traditional methods of assessing accident severity rely on heavily [6].
A critical problem is to develop an efficient, data-driven methodology for the prediction of traffic accident severity in real time to help authorities take action to prevent accidents and allocate resources effectively. Under the previous data sets, we apply those machine learning algorithms to analyze various factors like weather constraints, road conditions, traffic quantities, and driver behaviour to map the probability of an accident occurring on a high note. A predictive model of this kind can improve road safety management; fewer, less severe accidents impacting a greater number of people on the roads; and safer transportation systems.


[bookmark: _Toc196873819]Research Aim and Objectives
[bookmark: _Toc196873820]Research Aim
The research aims to investigate traffic accident severity prediction using machine learning. 
[bookmark: _Toc196873821]Research Objectives
· To develop and compare the performance of at least four machine learning algorithms.
· To collect and preprocess a dataset of at least 10,000 traffic accident records.
· To identify and rank the top 10 most influential features.
[bookmark: _Toc196873822]Research Questions
1. What machine learning algorithm out of the four we select is the most accurate and reliable model to predict traffic accident severity?
2. What is the most effective way to collect and preprocess a dataset of at least 10,000 traffic accident records, to ensure data quality as well as suitability for machine learning analysis?
3. What are the top 10 most influential features based on them that lead to the prediction of the severity of traffic accidents using machine learning models?
[bookmark: _Toc196873823]Research Significance
This research's importance lies in the possibility of making road safety better and using machine learning (ML) in predicting traffic accident severity. With traditional methods of accident, may times fall short in describing complex nonlinear relationships among contributing factors like weather, road conditions, driver behaviour, and times of occurrence. This study uses ML algorithms to predict more accurately and timely, which will be helpful for such proactive measures in traffic management and emergency response planning.
To prepare for such future conflict, resources can be better allocated, thereby leading to more efficient use of medical and enforcement resources as well as more targeted preventive strategies, if an ability to predict the severity of traffic accidents can be developed. In addition, knowing the most significant features that influence determining the severity of accidents can help in determining improvements in infrastructure and campaigns to raise awareness [7].
Another contribution to the intelligence growing area of intelligent transportation systems (ITS) is the predictive analytics integration, which can deliver safer and smarter roads [8]. Additionally, in the comparative analysis of the various machine learning models, the results obtained will help foresee their effectiveness and their future research and application in real-world traffic systems. In general, the study seeks to fill in the missing link between data science and public safety to enhance the safety of travel for all road users.
[bookmark: _Toc196873824]Research Gap
Despite the growing body of research on traffic accident analysis, neither the existing literature nor ML techniques can predict traffic accident severity with sufficient accuracy. Designate studies of accidents have largely concentrated on accident frequency or area, while classification of severity was not being watched. Moreover, some of the research employs small semantics or regional data sets that do not contribute to the generalizability or robustness of the findings. Additionally, typical statistical models inaccurately predict the nonlinearity between two or more variables that characterize weather, road surface, lighting, vehicle types, etc. and accident severity, which are all significant variables determining accident severity.
One notable gap is the little consideration paid to imbalanced datasets: imbalanced traffic data means that a small fraction of data (such as fatal or serious accidents) comprises most of it, which makes the models biased. In addition, many studies rely on ML algorithms, and many do not provide comprehensive comparisons of models or assess feature importance, generally preventing interpretation of results and use in policy or practice.
This gap is addressed in this study by using a large database of merged records (n = 10,000+), comparing multiple ML algorithms, handling the data imbalance, and revealing the most important predictors of accident severity. The study first does this so that it can improve predictive performance, attempt to enhance model interpretability, and ultimately contribute to more effective traffic safety interventions.

Literature Review
[bookmark: _Toc196873825]Traditional Methods vs Machine Learning
Over the years, traffic accident severity analysis has been conducted by employing traditional statistical methods like logistic regression and Poisson regression which are simple and interpretable. These models are very useful if relationships between the variables are approximated to be linear and the size of the datasets is small. Nevertheless, they depend on very strong assumptions (e.g. normality, independence, and linearity) which reduces their flexibility to model non-linear, complex interactions among features, such as weather, driver behaviour or road conditions [9]. In addition, real-world traffic accident dataset frequently has high dimensional or imbalanced data and traditional models are difficult to scale there. Therefore, they can underperform in terms of predicting rare but critical outcomes such as fatal crashes. On the other hand, data-driven algorithms offered by machine learning (ML) enable the overcoming of these limitations through the use of data-driven algorithms that can model complex patterns without assumptions being defined upfront. Using ML such as decision trees, random forests, and neural networks can easily process large datasets, can easily take care of any non-linearity, and can inherently adapt to varied feature distribution resulting in better predictive performance.
[bookmark: _Toc196873826]Data Sources and Feature Engineering
Research on traffic accident severity prediction often relies on the use of the well-known and globally recognized UK Road Safety Data and the US Fatality Analysis Reporting System (FARS) [10]. The datasets contain detailed records of traffic incidents including crash location, time, severity level, type of the vehicles involved, as well as the conditions currently present around the crash. Commonly extracted key predictive features are weather conditions (rain, fog), time of day, road surface condition, vehicle make, type and driver behaviour (speeding, distraction), and demographic data such as age or gender. Precisely, preprocessing consists of dealing with the missing data, encoding categorical variables, and normalizing continuous variables for the stability of the model. Dimensionality reduction using such feature selection methods as correlation analysis and Principal Component Analysis (PCA) is usually done since researcher can have a large number of features and these methods help to remove redundant or irrelevant features [11]. These steps are necessary to decrease the time required for the training process which means that for training machine learning algorithms only the most informative variables are kept.
[bookmark: _Toc196873827]Machine Learning Algorithms Used in Literature
A lot of machine learning techniques have been applied to predicting the severity of traffic accidents, and quite a few have shown promising results. Random Forest (RF) is one of the most robust and accurate methods deployed on an ensemble basis using decision trees [12]. RF combines multiple trees and aggregates their outputs so that overfitting and generalization are reduced. Rich studies have demonstrated that RF can outperform in accident severity prediction because it can deal with high dimensional data and deliver feature importance rankings as an added interpretability mechanism.
In Gradient boosting, XGboost is an algorithm which builds sequential trees where each tree is inclined to correct the regression error of its predecessors. It has good performance in imbalance data sets, which is common in accident data. Additionally, it has more ability to regularize and thus further improve performance and prevent overfitting. XGBoost is the second option for studying, which is often reported by literature to outperform traditional methods and ML models concerning prediction accuracy as well as training time.
In the case of non-linear data, Support Vector Machines (SVM) handle (the kernel trick) this by projecting the data into higher dimensions and then finding the best-separating hyperplane. While SVMs have achieved competitive results, their performance is highly sensitive to parameter tuning as well as kernel selection, so they produce inconsistent ways depending on the datasets.
Deep Learning approaches using Neural Networks particularly Multilayer Perceptrons (MLPs), are used to model complex non-linear relationships between inputs and outputs [13]. However, they have shown strong predictive power in traffic severity tasks while usually requiring the usage of large datasets and great parameter tuning. In recent times, Convolutional Neural Networks (CNNs) for spatial data and Recurrent Neural Networks (RNNs) for temporal sequences have emerged as a means of modelling accident trends over time. However, these models require a lot of computational resources as well as careful architecture design.
[bookmark: _Toc196873828]Handling Data Imbalance
Traffic accident severity prediction is a difficult problem leading to data imbalance caused by the fact that fatal accidents are much fewer than minor or serious cases due to the underrepresentation of fatal accidents. Such an imbalance can corrupt machine learning models such that the majority class can learn at the expense of rare but crucial deadly cases leading to poor predictive performance for such fatal cases. This is addressed by using different resampling and algorithmic techniques. Instead, SMOTE (Synthetic Minority Oversampling Technique) generates synthetic examples for the minority class without duplication, to improve (class) balance. Finally, ADASYN, like TADASYN, also attempts to minimize more difficult-to-learn minority samples enhancing the model’s ability to learn rare events [14]. Cost-sensitive learning is another approach, where more is being penalized for misclassifying the minority class samples and therefore the model should focus on these samples. These techniques indeed significantly improve recall and precision over minority classes, and as a result, models are more reliable in real-world safety applications where accurate fatality prediction is key to targeted interventions.
[bookmark: _Toc196873829]Methodology
[bookmark: _Toc196873830]Research Philosophy
This research is founded on the standard positivist philosophy of objectivity, empiricism, and measurable results. Positivism maintains that knowledge is produced deducing from the method of logical and scientific ones, and thinks that reality is stable, observable, and because of universal laws. This study aims to predict the severity of traffic accidents by objectively taking quantifiable data, like weather conditions, road types, time of day, and vehicle information, to train machine learning algorithms.
The purpose of this philosophy is to stay neutral and detached and use only observable patterns, a pattern in the very large data set and not influenced by personal beliefs or any subjective interpretation. Structuring the methodology includes statistical analysis and model performance metrics (accuracy, precision, recall and F1 score) are used for the effectiveness test of different algorithms. This corresponds to what the positivist focus on replicability, reliability, and statistical validation would expect.
The choice of positivist philosophy was to produce objective generalizable knowledge to facilitate real-world applications in the management of road safety and prevention of traffic accidents. Thus it supports the notion that objectivity can (and should) be achieved in predicting accident severity by systematic analysis of empirical data with the objective test and reliability in the practical contexts.

[bookmark: _Toc196873831]Research Approach 
The research approach used for this study is a deductive approach which is built on a general theory/hypothesis that is then empirically tested utilizing observation and analysis. In particular, this method is suitable for this quantitative study because it aims to validate or refute assumptions that are explicitly defined and make use of statistical and computational techniques to prove or disprove [15].
Specifically in this research context, the hypothesis is that machine learning algorithms can successfully predict the severity of traffic accidents given particular input variables like weather conditions, road type, vehicle type and time of day, among others. According to this hypothesis, the study specifies objectives, develops predictive models based on different algorithms (Random Forest, XGBoost, SVM, and MLP) and quantify their performance through measurable outputs such as accuracy, precision, recall, and F1-score.
This is an approach by which the researcher can take from theory to observation and determine if machine learning models can effectively classify accident severity. If the results confirm the original hypothesis, if not then the original hypothesis and how it relates to road safety initiatives would be better understood by how data-driven methods can support road safety initiatives. However, the deductive approach allows the research to remain well structured, objective, and concentrated towards validating specific, testable propositions.
[bookmark: _Toc196873832]Research design
This study devises an exploratory research design to explore the feasibility of machine learning algorithms in predicting traffic accident severity [16]. Studies where the problem is not clearly understood, where the aim is rather to gain deeper insights and find out patterns or relations that might not be apparent at first glance, are particularly suited to exploratory research. Since traffic accidents are so complex and their occurrence is so variable, it permits a free and flexible investigation.
The research tries to identify which are the most influential factors for the accident severity by applying multiple machine learning models to a large dataset, and how well different algorithms do in this context. The design helps to identify new insights, especially in dealing with data imbalances, feature importance interpretation and model predictive performance. Additionally, it facilitates the comparison of model effectiveness that may guide the design of future, more structured, e.g. explanatory or experimental, research.
Importantly, the exploratory design contributes to identifying meaningful patterns of traffic accidents and exploring the feasibility of using machine learning as a predictive tool for traffic management and safety planning.
[bookmark: _Toc196873833]Research Sampling
In this research, a quantitative approach is used, employing machine learning (ML) to predict traffic accident severity from structured data. Supervised learning models will be used for accident severity level classification (i.e. minor, serious or fatal) using historical accident data.
The UK Department for Transport published a recommended dataset that has over 100,000 records per year, called the ‘UK Road Safety Data’. This dataset contains certain details such as weather conditions, road surface, vehicle types, speed limits, time of day, and casualty severity which is suitable for such predictive analysis [17].
The sampling will be stratified random sampling with proportionate representation for each of the severity classes. Therefore, since the number of accidents is likely to be out of proportion with the number of fatal accidents, SMOTE (Synthetic Minority Oversampling Technique) type class balancing techniques will be used.
Regarding model architecture, four machine learning algorithms will be compared in the research:
1. Random Forest
2. XGBoost
3. Support Vector Machine (SVM)
4. Multilayer Perceptron (MLP) – a type of neural network
For MLP, a 3-layer architecture will be used:
· Input Layer: Number of neurons equal to input features (e.g., ~20)
· Hidden Layer: Two hidden layers with 64 and 32 neurons respectively
· Output Layer: 3 neurons representing severity classes (with softmax activation)
Using cross-validation, we will evaluate each model, and metrics such as accuracy, precision, recall, F1 score and AUC ROC will be used.
Since the nature of the dataset and the prediction task, researcher may find it highly appropriate to use stratified random sampling in this research. Usually, the traffic accident data is imbalanced with more occurrences of minor accidents than of severe or fatal ones. Now, using simple random sampling for our training data, the training data could be biased toward the majority class, causing the model predictions to be biased and lacking in generalization for rare but important outcomes such as deaths.
This issue is solved by stratified sampling that guarantees the proportional representation of each severity class (minor, serious, and fatal) in the sample. Machine learning models are thus improved in their fairness, as each class now supplies a suitable contribution to the learning process [18]. Given that misclassifying minority classes (e.g., fatal accidents) in classification tasks is often undesirable, this is particularly important.
Furthermore, synthetically oversampling the SMOTE (Synthetic Minority Oversampling Technique) of the underrepresented classes improves this even more. Stratified sampling and SMOTE are combined to obtain a more balanced and representative dataset; this type of dataset is more accurate and reliable for predictive models.
[bookmark: _Toc196873834]Data collection process
The process of secondary quantitative data collection used in this research was using structured numerical data derived from publicly available traffic accident records [19]. The UK Department for Transport publishes the UK Road Safety Data which will become the primary data source. It consists of ‘year by year’ recorded road traffic accidents with detailed attributes including, weather conditions, time of day, road surface type, lighting conditions, vehicle type, speed limits, and accident severity. The anonymized and standardized records are suitable for statistical analysis and machine learning applications.
Several key reasons allow the use of secondary data. First, the dataset is of ample volume and reliability for ML research. With over 100,000 entries per year, the dataset consists of a huge and high-quality structured data set that is large scale. This data has been cleaned and validated thus reducing the overall cost of gathering primary data to get the data, in addition secondly the data is already being collected through standardized reporting mechanisms therefore making it more credible.
Third, the dataset is suited to a quantitative research approach for investigation of the relationship between accident severity and different variables used in a supervised learning experiment aiming at predicting accident severity. Secondary quantitative data is used since the focus is on numerical data and statistical modelling which makes the process more consistent and objective.
Secondly, secondary data use is ethical and efficient since it prevents the legal and privacy violations that occur when gathering sensitive information such as incident reports or health status. In general, this is a practical, ethical and scientifically solid basis for research.

[bookmark: _Toc196873835]Data Analytics
In this research, using Python as one of the most broadly used programming languages for data science and machine learning, data analytics will be conducted. Python’s extensive ecosystem of libraries is very good for large datasets, for doing exploratory data analysis, preprocessing, and for building predictive models. One of the driver analytics process goals is to use machine learning models to predict the seriousness of a traffic accident.
Data preprocessing will be done at first; specifically, we will handle and encode categorical variables, normalize numerical features, and balance class distributions with SMOTE (Synthetic Minority Oversampling Technique). These tasks will utilize Pandas, NumPy, and Scikit-learn libraries among others.
Next, exploratory data analysis (EDA) is used to find out how the features are distributed, how they are related, and if there are any possible trends in the data. Visual tools like Seaborn and Matplotlib can help you find trends and outliers.
Random Forest, XGBoost, Support Vector Machine (SVM), and Multilayer Perceptron (MLP) are four guided machine learning methods that will be used to build models. Libraries like Scikit-learn, XGBoost, and TensorFlow/Keras (for MLP) will be used to build these models. Stratified cross-validation will be used to train each model so that evaluations are fair for all intensity groups.
Standard classification measures, such as accuracy, precision, recall, F1-score, and AUC-ROC, will be used to judge the model's success. The researcher will also use feature importance and SHAP (Shapley Additive Explanations) numbers to figure out what the model means and how each feature affects the intensity rating.
Overall, using Python for data analysis creates a scalable, adaptable, and repeatable method for applying machine learning to predict the severity of traffic accidents. This allows for both high-performance modelling and results that are easy to understand.
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    Figure 1: Project Timeline

(Source: Self Developed)
[bookmark: _Hlk196439735]The 14-week project plan lists the main study tasks and gives a clear due date. Weeks 1–3 are for planning the study and figuring out what its goals are. Weeks 3–6 are for reviewing the literature and coming up with a method. Beginning in Week 6, data collection lasts until Week 8. From Weeks 8 to 10, secondary data analysis takes place. The results will be talked about and improved from Weeks 10 to 13, and then the final decisions will be made in Weeks 13 and 14. The due date is at the end of Week 14. This organised schedule makes sure that the job is finished successfully by allowing for organised work and good time management.
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