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Abstract
Background: Road traffic accidents have been a recurring global problem that cause over 1.3

million lives annually, with a significant impact on the mortality of children and young people.

Effective accident prevention strategies have been required due to the ensuing expenses to

society, the legal system, and the hospital system. The goal of the current work is to create a

safe system that integrates engineering, traffic control, and vehicle standards for accident

predictions to improve road safety.

Method: The algorithms Gradient Boosting Classifier, XGB Classifier, and Random Forest

Classifier were utilized to forecast accident severity and produce an interactive map that

could locate accident hotspots and estimate accident frequencies.

Results: In total 660,679 cases the dataset provided a solid basis for examining trends and

patterns in traffic safety with the Gradient Boosting Classifier accurately predicting the model

with over 85%. A total of 16.74% were classified as serious accidents and 83.26% as slight.

In the validation phase, our final accident prediction model, utilizing Gradient Boosting

Classifier algorithm, showcased outstanding performance metrics. With an accuracy score

of 0.85, it demonstrated exceptional proficiency and was highly likely to be accurate when

predicting a positive instance. However, both its precision stood at 0.71, indicating that while

it was accurate, it was still effective at detecting all positive instances or achieving total

correctness.

Conclusion: The accident severity prediction model demonstrated accuracy and reliability,

as evidenced by its successful external validation using high-quality registry data within the

UK. This model holds significant potential for deployment in improving road safety analytics,

enabling stakeholders to effectively assess and compare accident severity outcomes across

different regions and transportation systems.

KEY WORDS: Road Safety, Machine learning, algorithms, Big Data, Accident Prediction,

Road Safety, Classification Techniques.
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Chapter 1

Introduction

1.1 Background of the study

Road traffic crashes are a continual human problem and a development issue. The World

Health Organization (WHO) (Hua et al., 2023) estimates that over 1.3 million deaths occur

each year from road traffic accidents globally, with road traffic accidents being the top cause

of child and youth mortality (age group of 5-29 years). Besides the human losses, road traffic

accidents are a secondary burden to health services and cause extensive expenditures from

medical bills, court actions, mobilized emergency rescue units, insurance payments, and

workplace absence (Hua et al., 2023).

According to the WHO, (Hua et al., 2023) sub-optimal interaction among elements involving

road traffic systems like vehicles, drivers, and roads is the root of all cases involving road

collisions. Sub-optimal interaction describes a safe system for road safety that includes

interventions of engineering measures (infrastructure designs), traffic operations control

(legislation and enforcement), and motor vehicle standards (Fiorentini and Losa, 2020).

Nevertheless, the sub-optimal development is progressing quickly in most countries with

sound road safety initiatives. The only way to realize substantive leaps in international

road safety is by developing creative means involving modern technologies such as artificial

intelligence and extensive data analysis. As observed, there are various causes of increase in

substantive leaps, such as poor traffic system management, ineffective infrastructure, and

driver’s acts . In addition to these things, people believe that accidents happen every day

while one is going home (Hua et al., 2023) . However, solving such problems necessitates

knowledge of the dimensions of the issue and novel strategies for limiting the frequency and
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intensity of future accidents.

Figure 1.1: Deaths on Roads

Figure 1.1 shows the increase in road accident deaths over the years in different continents

according to (Hua et al., 2023). Road accidents cause severe injuries and property damage,

resulting in the loss of lives of victims that affect their families and entire communities. Acci-

dents cause great human suffering, such as deaths, cases of serious harm, and health expenses

that last longer periods. Road accidents also cause extensive property damage, translating

into huge financial problems for individuals, insurance companies, and the government.

According to (Fiorentini and Losa, 2020), the economics of road accidents goes beyond the

initial medical costs. Accidents lead to disability/injuries that result in long-term loss of

productivity, higher insurance rates, and stress on the health care system. Such conditions are

an economic strain placed on people and the national economy. Socially, road accidents also

go beyond the individuals directly affected. These affect family members and communities

in that they cause emotional stress and, in turn, have long-lasting physical health implications.

These rippling effects affect the community, leading to poor welfare and low living standards.

Developing appropriate intervention programs and prevention strategies relies largely on

understanding these social effects.

Road accidents globally remain a big problem that needs more innovative responses. This

study examined how machine learning and big data can be utilized to foretell national trans-

port system road accidents using the UK as the case study due to challenges of accessing
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local data in Kenya. Analyzing these contributing factors to accidents lead to developing

specific preventative measures and enhancing road safety strategies to reduce the number

of occurrences and the degree of injuries and attendant financial costs to humans and soci-

ety. Legislation was an example of a policy implemented in the UK, such as an amended

Road Traffic Act that requires wearing of seat belts, motorcycle helmets, and child booster

seats. With its subsequent Amendment, the Road Traffic Act 1988 establishes compliance

rules (Gillespie, 2012). Also in the Road Traffic Act, offenders are penalized according to

the provisions as further regulations specifically address vulnerable road users, including

cyclists and pedestrians. (Gillespie, 2012) further highlights safe use of roads include speed

limits, traffic signals, pedestrian crossings, and divided highways. This involved constant

educational campaigns that encouraged safe driving habits. The police enforced violations of

dangerous traffic offenses such as speeding, driving under the influence (DUI), and mobile

phone use as a driver. In addition, technological developments introduced anti-lock brak-

ing systems (ABS), Electronic stability control (ESC), and collision avoidance systems in

vehicles that helped prevent or reduce injury when an accident occurred. This resulted in

a global decline in deaths caused by car accidents. There were still distractions, impaired

behavior, aggression, or ordinary mistakes in human behaviors. Crashes were influenced

by environmental factors such as bad weather, snowy and icy roads, and poor visibility

(Gutierrez-Osorio and Pedraza, 2020). However, emerging revolutionary technologies such

as vehicle-to-vehicle (V2V )communications, autonomous emergency braking, and advanced

driver assistance systems are yet to enter the consumer market in developing countries such

as Kenya.

Big data has led to massive advancements in machine learning for road safety predictions

that could transform road safety into an evidence-based practice informed by data-driven

insights and predictive analytics. Artificial intelligence also includes one field called machine

learning, in which algorithms are developed, through which computers can learn about pat-

terns from vast amounts of data by themselves instead of being specially programmed. With

increasing numbers of weather pattern sensors being included in roads and a large variety of

information being recorded, such as accident rates on each road, congestion levels, driver’s
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behavior, and vehicle maintenance records, the traffic data volume will be huge like never

before. This research dissertation focuses on the road transportation sector whereby big data

is analyzed using various machine learning techniques such as Gradient Boosting Classifier,

random forest, and XGB Classifier to find patterns, interactions, and predictive correlations.

It is possible to detect the most significant risk-related factors in this situation leading to

such accidents. Therefore, relevant measures like modifying streets and highways, setting

up speed limitation signs, warning drivers, etc., and standardizing vehicles may be taken.

Analyzing such transportation systems, big data using machine learning algorithms made it

possible to develop predictive models and thus estimate chances for accidents in forthcoming

conditions (Sangare et al., 2021). These algorithms allowed picking the subtle mix of factors

resulting in severe and slight collisions. One would, for instance, relate the previous crashes

on a particular road by implementing algorithms such as Gradient Boosting and XG Boost

while considering parameters such as traffic density, road geometry, number of casualties,

longitudes, latitudes, time of day, weather events, and driver profiles (Ghandour et al., 2020).

Machine learning combined with big data for improving road safety was demonstrated using

exploratory analysis, identifying risk factors, and modeling. Through a series of supervised

and unsupervised analyses, several different methods that utilized data-driven approaches for

augmenting existing interventions to lower road casualties was tested using datasets obtained

from various sources dealing with transportation.

The findings of these models shed light on areas such as the higher chances of accidents

experienced by motorcyclists riding through rural highways during rainy morning rush hours,

as well as other riders cruising on urban streets under precise conditions. For instance,

there was an increased possibility of death in a crash if the fog is present along the winding

mountainside highway over a clear, straight interstate (Ghandour et al., 2020). Predictions

were also made in real time using new data incorporated within the calibrated models. For

instance, an alert was sent in case of increased risk of multiple pileup accidents on a crowded

motor highway, such as a warning if a driver traveled at excessive speed into a corner or

when the sensor detects possible danger ahead (Formosa et al., 2020). Road accidents,

especially fatalities, can be curtailed using big data and machine learning intelligence for
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deeper analysis, insights, and pre-emptive warnings. Preventive action on accident avoidance

is much better than reacting after a crash occurs. Utilizing machine learning in transport data

analytics leads to life-saving crash prevention systems.

The intended objective of this dissertation was to use machine learning methods such as

Gradient Boosting, XG Boost, and random forest that can discover intricate relationships

between movement data statistics and the possibility of traffic accidents (Fiorentini and Losa,

2020). The strengths of each algorithm suggested its suitability to be applied in this context.

The preferred method for classifying accident versus no accident scenarios was based on

Gradient Boosting. Random Forest algorithm handled missing values, identified the most

likely causes, and accommodated nonlinear interactions among variables. Unlike many

other approaches, the XGB Classifier was good at spotting small patterns in big datasets that

contained many variables and lots of noise. The random forest approached an ensemble of

many decision trees stabilizes forecasts while increasing accuracy (Gan et al., 2020).

Aggregated and anonymized transport information sourced from the UK STATS19 accident

database, Road Safety Data portal, Highways England, and the Department for Transport

was used to train and test these models. Some important input variables included weather

conditions, the nature of roads used, vehicle types, demographic statistics, and prior acci-

dents’ severities available in historical records. Such data was utilized to instill the candidate

models and choose the best predictive accuracy parameters (Gutierrez-Osorio and Pedraza,

2020). Evaluating a model’s performance well against large volumes of transport data in

diverse circumstances was essential. This ensured the predictions were valid for operational

use, predictive alerts, and road safety improvement. Several algorithms were tried and

optimized to obtain the best accuracy and precision, taking advantage of historical accident

patterns in the data. A model would not go live until it demonstrated a reliable performance

only once. The dissertation demonstrated the potentiality of employing Machine Learning

Techniques for predicting and preventing road accidents. The algorithms found connections

between traffic accidents and conditions connected with them, such as weather, traffic density,
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road geometry, vehicle type, demographics, etc, by training the models using historical

transportation data. Tuning the models helped integrate them into real-time systems where

the alerts could be predicted for improved road safety. Nevertheless, it was subjected to

intensive vetting of considerable samples before its implementation for a strong output

(Gan et al., 2020). Machine learning has enormous predictive capacities, but its practical

was carefully prepared and tested. This dissertation aimed to show a proof-of-concept for

a machine learning-based way of avoiding accidents in cities, not creating a commercial

product. Such models needed further work to be implemented, but the methods showed pos-

sible changes that intelligent machines could offer regarding rescue applications for transport.

1.2 Statement of the problem

Road safety remains a critical concern as the increasing number of traffic accidents continues

to impact society and the economy. Despite ongoing interventions, efforts to proactively

mitigate these incidents are often constrained by the lack of effective predictive mechanisms.

In particular, the inability to accurately forecast the severity of road accidents limits the

capacity of stakeholders such as law enforcement, transportation authorities, and the general

public to respond effectively and allocate resources where they are most needed. The

core issue addressed in this study is the absence of robust machine learning and big data

approaches capable of predicting not just the occurrence but also the severity of road traffic

accidents. Developing a reliable predictive model that leverages machine learning and big

data techniques to anticipate the severity of accidents can support targeted interventions,

enhance emergency response, and ultimately reduce the overall impact of road accidents.
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1.3 Research objectives

1.3.1 General objective

The main objective of this study is to develop a machine learning algorithm to predict accident

severity.

1.3.2 Specific objectives

1. To develop and apply machine learning models within the project timeline that accu-

rately predict the severity of road accidents based on historical data and measurable

factors.

2. To design and utilize an interactive geospatial platform that integrates spatial analysis

with machine learning, enabling stakeholders to explore and monitor accident patterns

effectively.

3. To examine how accident occurrences vary across different times of the day, days of

the week, and seasons, in order to uncover critical temporal patterns influencing road

safety.

1.4 Justification of the study

This study was very important since it provided useful insights and workable answers for

the urgent problem of road safety. Multiple stakeholders were served by the creation of

an intelligent geographic visualization tool and the accurate prediction of accident severity.

Above all, preemptive insights helped law enforcement organizations make smart resource

allocation decisions and carry out focused actions. Urban planners were able to optimize road

layouts for increased safety by using this technology to inform infrastructure improvements.

Insurance companies also improved risk assessment models, which will result in more

equitable premiums.
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The dissertation intended to lower accident rates and promote safer roads; therefore, it

had a practical impact on the broader public. Policymakers created evidence-based road

safety plans to save lives and mitigate societal and economic costs by recognizing temporal

patterns and influential expenses related to mishaps. In conclusion, the dissertation tackled a

significant societal issue head-on by offering information and practical solutions to a wide

range of stakeholders, including the public and law enforcement, to build more resilient and

safer communities.

1.5 Significance of the study

The urgent concern of road safety, has been a crucial issue affecting society and the economy,

highlighted the importance of the study. The growing incidence of collisions emphasized

the necessity of effective preventative actions which enhanced traffic safety in a proactive

manner. The goal of the project was to close this gap by creating a dependable machine

learning model that could both anticipate and lessen the chance of accidents. By achieving

its goals, the research made a significant contribution to a number of aspects related to road

safety.

First off, the development of machine learning algorithms to forecast the severity of accidents

based on past data and quantitative metrics was set to provide a proactive element to traffic

safety initiatives. Through timely insights provided by this technique, stakeholders are better

equipped to carry out interventions and preventive measures. Furthermore, the research

endeavors to augment stakeholder involvement by the utilization of interactive mapping,

a concise geospatial instrument that combined spatial analysis and machine learning. It

envisaged that this technology would provide a user-friendly platform for stakeholders to

effectively investigate and understand accident trends, including the general public, law

enforcement, and transportation authorities.
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Moreover, the examination of temporal patterns in accidents, integrated variables like day,

time, and season, aims to enhance comprehension of the dynamics of road safety. With the

help of this temporal analysis, decision-makers were able to make well-informed choices

that resulted in focused interventions and policies that lowered the total number of traffic

accidents. The study’s findings ultimately had the potential to maximize resource allocation

by focusing interventions on accident-prone areas and reducing the financial toll that accidents

take on property damage, medical expenses, and lost productivity. The study’s significance

essentially stemmed from its ability to transform the way we think about road safety and

create a more sustainable and safe transportation environment.

1.6 Research assumptions

Data availability and accuracy: It was assumed that the historical data, which was used

to train machine learning models, was reliable and indicative of the various elements that

contributed to traffic accidents. It is also assumed that the necessary information was

accessible for the designated period of time, including accident reports and pertinent metrics.

Generalizability of the model: The machine learning models created in this work was able

to generalize outside of the training set. It is anticipated that the models would accurately

forecast the degree of accidents in a variety of settings and circumstances, even ones that

aren’t specifically mentioned in the historical data.

Folium tool efficiency: It was anticipated that the geospatial tool created with Folium, which

combines machine learning and geographical analysis, was successful in giving stakeholders

an easy-to-use platform to investigate and examine trends in accidents. It was anticipated

that the tool would operate effectively and add to a thorough comprehension of the dynamics

of road safety.

Representativeness of temporal pattern:It was anticipated that the temporal trends examined-

taking into account the day, time, and seasons-would be indicative of more general trends in
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the dynamics of road safety. It was anticipated that the results would provide trustworthy

insights into how accidents change throughout various time periods.

Engaging stakeholders: It was anticipated that users of the proposed geospatial tool, such

as the general public, law enforcement, and transportation authorities, would interact with it

actively. It was expected that the tool would help these stakeholders identify accident patterns

and meet their information needs.

Effects of interventions: It was anticipated that the severity and frequency of traffic accidents

would decrease when preventive actions based on the insights and predictive models from the

GIS tool were put into practice. The research predicated on the hypothesis that interventions

led to improvements in road safety.
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Chapter 2

Literature Review

2.1 Introduction

Road safety is an urgent issue that has significant effects on the health of society and the

stability of the economy. In addition to endangering lives, the rising number of accidents

places a significant financial strain on local governments. The World Health Organization

(WHO) reported that millions of people have been dying in traffic accidents each year,

making it one of the world’s top causes of death. The effects are not limited to the death toll;

they also have widespread social repercussions that influence public health systems, worker

productivity, and general quality of life.

Road traffic accidents put a strain on economies through direct costs like lost production

and higher insurance premiums, as well as indirect costs like medical bills and property

damage. Proactive efforts to improve road safety have been hampered by insufficiently

effective forecasting tools. This research dissertation explored the creation and evaluation

of a trustworthy machine learning model in an effort to close this important gap. This

model intended to meet the pressing needs of stakeholders, including the general public, law

enforcement, and transportation authorities, by not only accurately predicting accidents but

also considerably lowering their likelihood. By means of this investigation, the study aimed

to offer a targeted remedy customized to the distinct characteristics of accident-prone areas,

thereby reducing the effects of traffic accidents on society and economy.
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2.1.1 Challenges of absent predictive measures for accidents

One of the biggest obstacles to road safety was the lack of effective accident prediction tools,

which made it difficult to take preventative action to lessen the effects of traffic accidents.

Road safety was a dynamic and complicated field, and traditional approaches that depended

solely on historical data and rule-based systems had not been able to adequately capture

this. Recent research, like those by Amiri et al. (2023) and Zhao et al. (2023), indicated that

traditional predictive techniques in use frequently failed to adjust to the dynamic nature of

traffic patterns, meteorological conditions, and driver behavior.

Although data collection technology have advanced, one major obstacle still exists: road

conditions’ inherent unpredictability. According to Amiri et al. (2023), there is absence

of real-time data that can help in early detection of accident occurrences which are not

adequately taken into account by predictive models that rely solely on static data. Further-

more, Zhao et al. (2023) drew attention to the difficulty of combining various datasets into a

coherent forecasting framework, such as those pertaining to weather, vehicle kinds, and road

conditions.

These difficulties highlighted the urgent need for novel strategies, like machine learning, to

get beyond the drawbacks of traditional prediction metrics. A sophisticated machine learning

model has the potential to both predict accidents accurately and dynamically apply to the

many factors influencing road safety, as this research dissertation addressed. This offered a

promising solution to the current problems in accident prediction.
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2.1.2 The need for reliable accident forecasting models to enable tar-

geted prevention

The ongoing high rate of traffic accidents highlighted the need for creative approaches to

improve road safety. The European Commission for Mobility and Transport (ECMT) and

the National Highway Traffic Safety Administration (NHTSA) (Lidbe et al., 2020) claimed

that the present approaches to accident prediction and prevention are insufficient in that they

did not offer precise and prompt solutions. Because they mostly depended on past data and

rule-based systems, conventional methods found it difficult to adjust to the complex and

dynamic character of road settings.

Recent research, such as that by Yamout (2022) and Guo et al. (2021), demonstrated the

urgent need for a paradigm change toward more advanced prediction models, especially

those based on machine learning. According to Yamout (2022), conventional models were

unable to adapt quickly enough to include real-time data streams, which causes delays in the

detection of new accident-prone situations. Guo et al. (2021) expounded upon the constraints

of rule-based systems, highlighting their incapacity to identify intricate patterns amidst the

extensive datasets currently at hand.

In order to solve this pressing issue, a dependable machine learning model specifically

designed for accident prediction and likelihood reduction was developed and evaluated as

part of this research project. Through the utilization of sophisticated algorithms and real-time

data analytics, the suggested model aimed to surpass the constraints of current methodolo-

gies. To usher in a new era of proactive road safety interventions, the objective was to give

stakeholders, including law enforcement and transportation authorities, a tool that not only

accurately forecasts probable accidents but also significantly contributes to preventive efforts.
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2.2 Theoretical literature review on road safety challenges

and predictive measures

The issues surrounding road safety are complex and include a range of elements that have

been affecting how frequently and how seriously accidents occur. Research by Andrey and

Mills (2003) indicated that the effects of accidents go beyond simple harm to people and

property and affect many facets of society welfare. This review emphasized the seriousness

of road safety concerns by examining the literature in order to provide a thorough knowledge.

Starting with foundational studies, McMillen et al. (2002) emphasized how accidents have

repercussions that extended beyond the immediate physical damage, impacting social co-

hesiveness and mental health. As we looked more closely at the research, Bhavan (2019)

highlighted the burden that accidents place on healthcare systems and the overall economy.

The often-ignored hidden costs became important factors to take into account when assessing

the complete impact of road safety issues.

Furthermore, Sangare et al. (2021) research from 2021 highlighted the unequal distribution

of accidents among regions, emphasizing the geographical aspects of road safety concerns.

Their research offered a geographical viewpoint and shows that certain regions have more

difficulties than others because of things like poor infrastructure and high population density.

The research on road safety that used spatial analysis enhanced our knowledge by emphasiz-

ing the necessity of targeted actions.

Theoretical literature unveiled a complex picture of road safety issues that combined spatial,

economic, and human factors. Since the goal of this study project was to improve accident

prediction metrics, a comprehensive grasp of these issues was necessary to create focused

and efficient treatments.
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2.2.1 Predictive measures and their limitations in road safety

A thorough review of the road safety literature illustrated the complex environment in which

existing predictive methods operated as well as the difficulties associated with their imple-

mentation. Zhao et al. (2023) claimed that conventional predictive measures mostly depended

on past data and preset criteria, such as crash frequency analysis and regression-based models.

Even while these techniques were fundamental, they were not very flexible when it came

to changing road conditions. Rule-based systems’ static nature made it difficult for them to

react quickly to changing driving habits and traffic patterns, which could cause delays in

spotting new accident-prone situations.

This investigation began when Zhang et al. (2014) clarified established prediction metrics

by highlighting their dependence on past data and predetermined rules. The study claimed

that these models frequently run into problems when trying to adjust to the dynamic and

ever-changing nature of road surroundings. Rule-based systems’ static nature made it difficult

for them to record fluctuations in traffic patterns and driving behaviors in real time, which

caused delays in the identification of potentially dangerous situations as they emerged (Zhang

et al., 2014).

Building on this foundation, (Abellán et al., 2013) highlighted the complexity of integrating

diverse datasets into predictive modeling frameworks. Although advancements in data

collection technologies have led to an abundance of valuable information, the study noted

that effectively merging data sources such as weather conditions, vehicle types, and road

infrastructure remained a significant challenge. To address this, the authors emphasized the

need for more adaptive and flexible predictive approaches capable of handling heterogeneous

inputs. In response to these challenges, this research dissertation employed advanced machine

learning algorithms designed to effectively manage and integrate multi-source datasets. These

algorithms demonstrated the capacity to dynamically adapt to the intricate patterns within
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road safety data, thereby overcoming the limitations of traditional methods and enhancing

the accuracy of accident severity prediction.

2.2.2 Gaps in road safety predictive measures

While progress had been made in understanding and creating predictive metrics, it is clear

from exploring the topography of road safety literature that significant gaps still existed,

demanding attention and creative solutions. A seminal study by Cai et al. (2022) found that

real-time data stream integration was frequently overlooked in favor of applying standard

prediction models in existing literature. This left a significant gap in the models’ ability to

predict accidents in a timely and accurate manner, as they failed to account for the dynamic

nature of road environments. To address this limitation, the present study incorporated

machine learning techniques capable of handling dynamic, real-time-like features—such as

temporal variations, traffic flow patterns, and environmental factors—thus enhancing the

responsiveness and precision of accident severity predictions.

Moreover, the current corpus of literature often homogenizes issues related to road safety

without paying enough attention to the spatial details that influenced the likelihood of ac-

cidents. Ziakopoulos and Yannis (2020) highlighted the importance of spatial analysis in

recognizing regional patterns and creating focused interventions. A significant gap in the

literature is caused by the paucity of research that included geographical viewpoints, which

made it difficult to gain a thorough understanding of accident dynamics at both the macro

and micro levels.

Furthermore, even if machine learning has become more and more prominent in recent

studies, a thorough analysis of how it integrated with predictive models in the context of road

safety was still in its infancy. According to Xu et al. (2018), machine learning algorithms may

be able to function in concert with conventional models in an as-yet-undiscovered area to

provide a more resilient predictive framework. This gap highlighted the unrealized potential
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for cutting-edge approaches that could adjust to the dynamically changing complexity of

road safety. By combining geospatial analysis, real-time data streams, and the advantages

of machine learning over conventional models, this research dissertation tended to close

these gaps. The goal was to close these gaps and make a substantial contribution to the

development of predictive metrics for road safety that are both adaptable and effective.

2.3 Supervised machine learning models in predicting acci-

dent severity

Because the goal of this dissertation was to use supervised machine learning to transform

road safety, it was critical to conduct a thorough investigation of the effectiveness of particular

algorithms in forecasting the severity of accidents. Gan et al. (2020) claim that the Random

Forest algorithm demonstrated extraordinary promise in this field. Because of its ensemble

design, Random Forest provided robustness against over fitting and improved overall model

accuracy by combining predictions from several decision trees. The adaptability of Random

Forest to many input features, such as weather patterns and road configurations, provided

a thorough comprehension of the factors that influenced accident severity. Visual aids like

decision tree diagrams helped readers better understand Random Forest’s complex decision-

making process by capturing their attention.

There was interest in applying the XGBoost classifier to forecast accident severity. As stated

by Delen et al. (2017), XGBoost gave a potent framework that demonstrated the significance

of several features in assessing accident severity in addition to offering excellent predic-

tive accuracy. Through the use of strategies like feature significance plots, which helped

stakeholders pinpoint the main causes of catastrophic occurrences, the interpretability of this

ensemble method was improved. These graphics, which frequently took the shape of bar

charts or SHAP values, increased reader interest and gave readers a better comprehension of
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the underlying patterns that XGBoost discovered during the predictive modeling phase.

The literature demonstrated the effectiveness of gradient boosting techniques and decision

trees by broadening the scope. Abellán et al. (2013) investigated Random forest and decision

trees, which provide decision-making transparency by allowing stakeholders to understand

the reasoning behind accident severity estimates. Gradient boosting, on the other hand,

worked exceptionally well at enhancing predictive accuracy by iteratively strengthening weak

learners (Jamal et al., 2021). By comparing these supervised algorithms to one another, com-

parative performance graphs was incorporated to better understand the relative advantages

and disadvantages of each method and help anticipate accident severity.

2.3.1 Exploring crucial parameters in accident severity prediction

Comprehending the dynamics of traffic accidents required a thorough investigation of mul-

tiple factors, each of which contributed differently to the total accident scene. Andrey and

Mills (2003) indicated that weather conditions were critical components that impacted the

severity of accidents. According to their research, inclement weather – such as rain and fog

weather strongly corresponded to a higher risk of serious accidents. Bad weather created

complications that influenced driving behavior and accident outcomes by altering vision and

road surface conditions. Such discoveries improved the accuracy of prediction models not

only by incorporating dynamic information, such as real-time weather and traffic data, but

also by enabling the models to learn complex interactions between multiple variables. This

allowed the algorithms to better capture non-linear relationships and context-specific pat-

terns, ultimately enhancing their ability to forecast accident severity under varying conditions.

According to Lobo et al. (2019), a road’s type had a significant impact on the severity of an

accident. Their research showed that there are differences in the patterns of accidents on

roads in rural and urban areas. Highways tend to have greater accident rates due to their
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larger traffic volumes and speeds, which highlighted the importance of road type as a crucial

element in predictive models. Pie charts were used to depict how accidents were distributed

across various road types, serving as a visual summary of the data. While they do not indicate

the statistical importance of this parameter, they help convey the prevalence of accidents

in different road environments and provide context for further analysis of their impact on

accident severity.

Li et al. (2021) stated that vehicle attributes are another component that warranted consid-

eration. Their study highlighted how different vehicle types had differing effects on the

severity of accidents. For example, because of their bulk and structural differences, accidents

involving heavier vehicles, such trucks, had more severe repercussions. This parameter had

the potential to enhance the predictive power of the models by capturing the intricacies associ-

ated with different vehicle types, thereby allowing for more targeted interventions. However,

its contribution should be further substantiated with quantitative evidence to demonstrate

its actual influence on model performance. In order to provide a comprehensive overview

of how different vehicle types were involved in accidents, visual aids such as bar graphs

were used to display the frequency of accidents by vehicle category. While these graphs do

not illustrate causal relationships, they offer valuable context for understanding patterns in

accident involvement, which can be explored further through statistical or machine learning

models. The complex interplay between several factors that affect accident severity, such as

weather, road kinds, and vehicle attributes was highlighted. To contribute to the creation of a

predictive model that took these important factors into account in a comprehensive manner

for improved road safety, this dissertation seek to combine and expand on these insights.
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2.3.2 Strengths and weaknesses of existing models in the context of

road safety

Strengths: The predictive models that are now in use for road safety have demonstrated

excellent strengths, especially with regard to their ability to utilize previous data to provide

intelligent forecasts. An analysis by Wu and Levinson (2021) found that ensemble models

like Gradient Boosting and Random Forests have demonstrated a strong ability to capture

intricate patterns in large data-sets. With its ability to handle a wide range of input features,

such as weather, vehicle characteristics, and types of roads, these models provide a com-

prehensive understanding of the factors impacting the severity of accidents. Additionally,

decision trees-a crucial part of ensemble models-allow stakeholders to understand the reason-

ing behind forecasts, which promotes well-informed decision-making. This is due to their

interpret-ability and transparency. These models’ strengths are that they can be applied to a

variety of data-sets, which gives them a strong basis for predictive accuracy.

Weaknesses: Nevertheless, there are certain shortcomings to the current road safety models.

One significant flaw, as noted by Fiorentini et al. (2023), is the possibility of over-fitting,

especially with ensemble models. These models’ complexities are useful for catching

subtleties, but they can also cause the training data to overemphasize noise, which limits the

models’ applicability to novel and untested settings. Furthermore, complicated ensemble

models can be challenging to interpret, making it harder for non-experts to understand the

underlying decision-making processes. Furthermore, current models frequently ignored the

temporal component of accident data, which included changing traffic patterns and driver

behaviors, which restricted the models’ capacity to dynamically adjust to changing road

settings. In order to improve predictive models, this study addressed these shortcomings.
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2.4 Intelligent machine learning-integrated geo-spatial vi-

sualization tools

Within the ever-evolving realm of modern research, the nascent subject of machine learning

and geographic visualization tools holds great promise for a variety of fields. The integra-

tion of machine learning algorithms with geospatial visualization tools has gone beyond

traditional bounds, allowing a paradigm shift in the study and transmission of geographical

data, according to recent studies by Yuan (2021). This synthesis made it possible to produce

complex visualizations that feature predicted insights from machine learning models in

addition to showcasing spatial patterns. Stakeholders may have discovered hidden trends in

geographical data that traditional methods might miss by combining the power of predictive

analytics with geospatial visualization in a seamless way. This study aimed to investigate this

combination further, investigated new approaches to leverage the complementary strengths

of geospatial visualization and machine learning for improved understanding of intricate

spatial dynamics.

2.4.1 Combining advanced tools with folium library for interactive

geographic visualization

Researchers have been using the Folium library and other state-of-the-art tools more and

more as they embarked on the exciting path of interactive geographic visualization in order to

overcome the constraints of traditional mapping methodologies. Recent research, like that of

Rajamani and Iyer (2023), indicated that Folium is a particularly strong Python module that

easily interfaces with data sources and enables researchers to produce dynamic, interactive

maps. Its intuitive interface made it simple to integrate a variety of data-sets, which improved

the visualization experience. Folium, an essential tool in the geospatial toolbox, has made

it easier to overlay machine learning findings on maps and provided stakeholders with a

user-friendly platform to explore and comprehend intricate spatial patterns. In addition to
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enhancing Folium’s interactive capabilities, the integration of tools such as D3.js and Mapbox

facilitated the creation of visually compelling and informative geographic visualizations.

This approach aimed to explore the underutilized potential of combining spatial analysis with

machine learning techniques to develop interactive tools that support stakeholders—such

as law enforcement and transportation agencies—in identifying and investigating accident

hotspots more effectively. This aligns with the study’s objective to apply interactive geospatial

tools for deeper exploration of accident trends.

2.4.2 Dissecting the road safety quilt

Within the dynamic field of road safety analysis, folium is a useful instrument that provided

a distinct perspective for deciphering the complexities of collisions. The visualization

landscape has undergone a revolution owing to the integration of FOLIUM into road safety

studies, as stated by Rajamani and Iyer (2023). Because of its interactive mapping features,

researchers have analyzed accident data on an easy-to-use platform and gain a thorough grasp

of the contributing causes and spatial patterns. This study applied Folium as an interactive

geospatial tool to combine spatial analysis and machine learning, enabling stakeholders to

explore accident trends and identify high-risk areas. The dynamic mapping capabilities

provided a practical interface for visualizing accident severity patterns and supported data-

driven decision-making. This study project aimed to explore the diverse contributions of

FOLIUM, from its little-known uses to its unexplored potential.

Figure 2.1: Illustration of folium mapping
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2.4.3 Evaluating folium’s potential for analysis of road safety

Benefits uncovered: Folium, a powerful Python interactive mapping package, revealed a

wealth of advantages for road safety study. One of its greatest benefits, according to Jamal

et al. (2021), is the easy integration of various data sources, which made it possible to create

dynamic and eye-catching maps. Through unparalleled depth, stakeholders could examine

spatial trends and accident data thanks to the real-time interactivity. Moreover, Folium made

it easier to overlay machine learning forecasts on maps, which provided a comprehensive

view of regions that are prone to accidents. Its ability to handle a wide range of data types

made it an essential tool for academics trying to glean insights from intricate data-sets on

road safety.

Overcoming obstacles: Nevertheless, there were certain obstacles to overcome when

integrating Folium into analyses of traffic safety. One significant issue was that it could not

handle massive data-sets, which could impair its performance on large accident databases, as

Delen et al. (2017) suggest. The complexity of real-time interaction resulted in computing

overhead, which would affect how responsive the tool was. Furthermore, thorough validation

processes were necessary to guarantee the correctness of prediction models linked with

Folium. Taking care of these issues was essential to maximizing Folium’s potential in road

safety analysis. The objective was to balance these advantages and difficulties to develop a

comprehensive understanding of Folium’s contribution to the advancement of road safety

research.

2.5 Temporal trends in accident incidents and road safety

dynamics

Examining day-to-day dynamics: The temporal nuances of traffic safety accidents provided

an engrossing story that exposed patterns that go beyond randomness. Abellán et al. (2013)

claimed that the day of the week has a significant impact on the frequency of accidents.
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Their research showed that weekends frequently see an increase in accidents, which may be

related to more recreational activities and maybe lax driving practices. On the other hand,

weekdays showed different patterns with more accidents around cities, particularly during

rush hour. Comprehending these daily fluctuations was essential to customizing therapies to

certain temporal settings. This study explored the temporal aspects of road safety with the

goal of synthesizing current knowledge and illuminating the subtleties influencing accident

occurrences on various days of the week.

Handling the hours and seasons: Time is not only woven together by the weekly cycle,

but also by the ebb and flow of the seasons and the passage of time. Theofilatos and Yannis

(2014) provided insight into the effects of the seasons by highlighting how changes in the

weather affect traffic conditions and, in turn, the frequency of accidents. Their study also

explored the temporal aspects of accidents according to the time of day. They discovered

that the risk environment changed during the day, following different patterns. The purpose

of the study was to deepen and broaden this investigation by examining the ways in which

the interaction of hours and seasons affects the temporal fluctuations in traffic accidents.

Deciphering these patterns was essential to creating focused tactics that complement the

dynamic temporal rhythms present in traffic safety.

2.5.1 Methodologies for analyzing road safety trends

Examining the temporal patterns in traffic safety was a complex process requiring advanced

techniques. Yamout (2022) stated that a popular method is time-series analysis, in which

accident data from the past is examined to find recurrent patterns and trends. With the use

of this statistically based approach, researchers identified trends in accident rates over time

and gained understanding of how traffic safety changed over time. Furthermore, spatial-

temporal analysis based on GIS has become more popular. According to Guido et al.

(2022), this methodology combined temporal data with geographic information systems

(GIS) providing a thorough investigation of how accidents occur in both place and time.
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Through the application of temporal patterns over geographic maps, researchers revealed

complex correlations between characteristics specific to a certain period of time and the

incidence of accidents. In order to improve our comprehension of temporal trends in road

safety, this study aimed to expand upon these approaches by investigating novel directions

and honing already-established methods.

Figure 2.2: Time-Series Analysis of Accident over time

2.5.2 Evaluating past contributions and limitations

A wealth of important contributions have embellished the canvas of road safety research,

offering priceless insights into the intricate dynamics at work. Guido et al. (2022) stated that

previous studies made a substantial contribution to our comprehension of the complex vari-

ables affecting road safety. Research utilizing geographic analysis had clarified the regional

differences in accident frequencies, identifying hot spots and facilitating the application of

focused treatments. Furthermore, as Zheng et al. (2014) pointed out, predictive modeling

had provided a proactive lens that enabled stakeholders to foresee possible accident-prone

locations based on past data. The foundation that the proposed research aimed to establish

has been shaped by these contributions taken together. The research endeavors to enhance

current approaches by incorporating and consolidating these insights, thereby exploring the

nuances of road safety dynamics in terms of both space and time.
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Nevertheless, there are still certain limits that road safety research must overcome. Predictive

model comprehension is a major difficulty, as Abellán et al. (2013) pointed out. The

complicated interplay between socioeconomic characteristics, driving patterns, and contextual

changes in road infrastructure necessitated careful analysis. Furthermore, despite much

exploration, the temporal dynamics of road safety frequently fell short of providing a thorough

picture. The goal of the suggested study was to overcome these restrictions by tackling the

problems of temporal nuances and generalizability. Through the integration of advances in

machine learning and spatial-temporal analysis, the project delved to transcend previous

constraints by expanding our understanding of the dynamics of road safety and guiding the

development of more efficacious preventive measures.

2.6 Identification of gaps in the current literature

An overview of the literature on road safety to date showed a situation characterized by

both remarkable advancements and enduring difficulties. While research had significantly

advanced our understanding of the variables affecting road safety, Saifuzzaman and Zheng

(2014) pointed out that there is still a clear void in the thorough integration of spatial and

temporal dynamics. Numerous publications have concentrated on spatial or temporal factors,

which limits the comprehensive understanding needed for proactive accident avoidance.

Furthermore, limits are apparent in the extrapolation of results to various scenarios. Research

frequently lacked the depth required to take socioeconomic circumstances, driver behavior,

and variances in road infrastructure into consideration. The goal was to fill in these gaps and

limitations by critically analyzing the literature.

The examined literature laid the groundwork for the planned research, but it was deficient in

a few crucial areas. Overall, it aligned with the problem statement and research objectives.

Hossain et al. (2019) stated that the constraints noted in the body of current literature were

consistent with the gap in effective predictive measures that had been established. One

enduring difficulty was the lack of comprehensive models capable of reliably predicting and

preventing accidents in real-time. While there was research on predictive modeling, there
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hasn’t been much done to incorporate machine learning into a dynamic, real-time framework.

By creatively fusing machine learning with geographic visualization, this project delved to

close these gaps and give stakeholders a powerful tool for identifying, comprehending, and

reducing the hazards associated with road safety. This idea presented itself as a progressive

step toward filling in the identified gaps and moving road safety research into new areas of

accuracy and efficacy by critically analyzing the body of existing literature.

2.6.1 Bridging the literature gap

It is critical to close the gaps in the literature on road safety in order to propel the field into

previously unexplored areas of accuracy and efficacy. Ang et al. (2022) claimed that the

current drawback of static predictive models was addressed by the combination of machine

learning and geographic visualization. This novel method shifted the paradigm in accident

prediction and prevention by enabling real-time response to changing road conditions. The

research quested to close this gap and advance road safety studies from retrospective analysis

to proactive, predictive actions. A tool that could dynamically modify forecasts based on

changing spatial and temporal elements, in addition to identifying accident-prone regions,

would be beneficial to stakeholders such as law enforcement and transportation authorities.

In addition, the suggested study was in accordance with the perspective given by Mekonnen

et al. (2022), who stressed the significance of context-specific methods in research on road

safety. To bridge the gaps in the existing research, a technique that took into account the

subtle differences in various locations, types of roads, and demographic characteristics must

be developed. By giving stakeholders individualized information, this precision-oriented

strategy hoped to enable more focused and successful responses. This project is important

because it directly tackles the ongoing issues that societies dealing with the social and

economic effects of traffic accidents face. Its importance goes beyond scholarly curiosity.

Essentially, the research delved to provide useful recommendations that could change the

road safety landscape in addition to making a contribution to the scholarly conversation.
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2.7 Literature summary

Important discoveries from the careful analysis of the literature on road safety have high-

lighted the need for a paradigm change in predictive modeling. Theofilatos and Yannis (2014)

have observed that although previous research provided useful understanding of the temporal

and spatial aspects affecting road safety, there was still a discernible lack of integration of

dynamic, real-time predictive models. Traditional methods were not as applicable to the

changing road conditions because of their static character. By presenting a novel combination

of machine learning and geographic visualization, the study quested to close this gap and

promised to move beyond reactive accident analysis to proactive accident avoidance. The

potential for this project to completely change how stakeholders view and handle road safety

issues emphasizes how important it is. This study attempts to skillfully weave together a

narrative that not only captures the essence of our academic pursuits but also heralds in a new

era in the quest for safer roads as we traverse from the familiar realms of current research

findings to uncharted territories of methodology and results.
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Chapter 3

Methodology

3.1 Introduction

The primary goal of the research project was to analyze accident severity by using machine

learning techniques applied to a large dataset downloaded from Kaggle. The dataset offered a

wealth of information for comprehending the variables determining accident severity because

it included a wide range of parameters linked to traffic accidents.

3.2 Overview of the dataset

The dataset was made up of records from different accidents, each identified by an index

or unique identifier. Important details about the accidents included their severity, date,

location (latitude and longitude), illumination, district area, number of victims, number of

cars involved, kind of road, road surface, urban/rural classification, weather, and kind of

vehicle. The 660,679 cases and 14 unique features in the dataset provided a solid basis for

examining trends and patterns in traffic safety. Detailed data preprocessing was the first step,

where redundant features were eliminated and missing values were addressed. This created a

strong basis for the supervised machine learning algorithms that followed. Using information

from a dataset with more than 660,000 entries, these algorithms-which included ensemble

approaches and decision trees-went through a rigorous training and assessment process.

By integrating the Folium library, the approach expanded its use beyond the realm of predic-

tion to the geographical domain. The development of an intelligent geographic visualization

tool that dynamically interfaced with machine learning insights was made easier by this
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connection. This platform was designed to be accessible and interactive, offering the po-

tential for stakeholders to explore traffic safety patterns in real time. Although it was not

formally presented to stakeholders during the study, it serves as a functional prototype

that demonstrates how such tools can support data-driven decision-making in road safety

management.

Figure 3.1: Steps to follow in Machine learning

3.3 Data collection

The CRISP-DM (Cross-Industry Standard Process for Data Mining) framework guided the

methodological approach of this study. The dataset used was obtained from Kaggle, a

reputable platform that hosts a variety of datasets for machine learning and data science

applications. The data was downloaded in CSV format and imported into the Jupyter Note-

book environment for further processing. Comprehensive data preparation was conducted as

a critical step in the CRISP-DM process. This included identifying and handling missing
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values, encoding categorical features, normalizing continuous variables, and resolving class

imbalance. The target variable, Accident Severity, originally consisted of three categories:

Fatal, Serious, and Slight. To improve model performance and reflect the distribution of

classes, Fatal and Serious categories were combined into a single class, resulting in a binary

classification structure. The predictor variables (covariates) used in the study are detailed in

Table 3.1.

Accident severity: representing how accidents were classified into classes like serious, slight,

and fatal. The predictor variables (covariates) are given in Table 3.1

Table 3.1: Description and definition of variables

Variable/Covariate Description

Accident Date Date of the accident, used to identify temporal patterns

and correlations influencing accident severity.

Number of Casualties Total number of people injured or killed in the acci-

dent.

Longitude and Latitude Geographical coordinates of the accident location.

Weather Conditions Weather at the time of the accident (e.g., clear, raining,

foggy).

Road Surface Conditions Condition of the road surface during the accident (e.g.,

ice, wet, dry).

Road Type Type of road where the accident occurred (e.g., high-

way, residential, main road).

Urban or Rural Area Classification of the accident location as urban or rural.

Number of Vehicles Total number of vehicles involved in the accident.
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3.4 Data-preprocessing

3.4.1 Feature inspection

To grasp the breadth of information covered, specific factors were explored, including

vehicle type. Various vehicle categories were delineated using vehicle type and its unique

characteristics. This approach facilitated an understanding of the diverse range of vehicles

implicated in accidents, spanning from standard cars to buses, bicycles, and agricultural

vehicles.

3.4.2 Managing missing values

To address missing data in the dataset, the Multiple Imputation by Chained Equations (MICE)

technique was employed. MICE is a robust statistical method that handles missing data

by creating several different plausible imputed datasets and appropriately combining the

results. It assumes that the data are Missing at Random (MAR) and models each incomplete

variable conditionally on all other variables in an iterative manner. In this study, MICE

was implemented using the Predictive Mean Matching (PMM) method, with 5 imputations

and a maximum of 5 iterations, using a fixed random seed (123) to ensure reproducibil-

ity. PMM was specifically chosen because it retains the observed data’s distribution and

is particularly effective for continuous variables that do not necessarily follow a normal

distribution—making it suitable for variables such as GPS coordinates. Five imputations

were selected to balance computational efficiency with accuracy, while five iterations were

deemed sufficient for the algorithm to converge without overfitting. The application of MICE

enhanced the completeness of key variables, especially spatial coordinates, resulting in a

more comprehensive and reliable representation of the study area. This, in turn, improved

spatial coverage and the number of usable records available for downstream geospatial

analysis.
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3.4.3 Adjustment of class imbalance in accident severity column

The ’Fatal’ class within the ’Accident_Severity’ column was combined with the ’Serious’

category due to the former’s insignificance in the dataset. The ’Fatal’ class accounted for

only 1.1% of the total cases, a proportion that is widely regarded as insufficient to contribute

meaningfully to the model’s predictive power. Combining the Fatal class that represented

less than 5% of the dataset is a recognized practice in machine learning, particularly in the

context of imbalanced datasets (Rubaidi et al., 2022).

This adjustment was necessary to address the issue of sparsity, which could lead to model in-

stability, overfitting, and poor generalization. By merging the ’Fatal’ and ’Serious’ categories

giving 14.7%, the project enhanced the model’s robustness and reliability, allowing for more

meaningful distinctions without the noise or irregularities introduced by an underrepresented

class. Additionally, this approach mitigated the potential bias towards the majority class,

ensuring a more balanced and accurate prediction of severe accidents.

According to Chamseddine et al. (2022), the practice of combining underrepresented classes

is supported by studies that have demonstrated improvements in model performance when

classes representing less than 5% of the data are merged. This technique proved advantageous

in enhancing predictive accuracy and generalizability, both critical for applications in road

safety where the accurate prediction of severe accidents is paramount. Consequently, this

methodological adjustment was integral to improving the efficacy of the model in predicting

significant accident events, thereby contributing to the overarching goal of enhancing road

safety through data-driven insights.

3.5 Feature engineering

Feature engineering involved comprehensive examination and manipulation of key elements

such as weather conditions, road type, and vehicle type to uncover hidden patterns and

correlations. This process included generating new features and altering existing ones, such

as extracting temporal aspects from accident dates and encoding categorical variables for
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compatibility with machine learning methods. Scaling and normalization techniques were

employed to mitigate biases during model training, ensuring numerical features were brought

to a common scale. Setting feature engineering as a top priority made it easier to create a

carefully customized dataset that was suitable for predictive modeling, which in turn made it

possible to create accurate and perceptive machine learning models. A crucial step in the

machine learning process, feature selection, was handled carefully. Categorical variables with

multiple unique values were transformed into a format appropriate for model training using

label encoding. The scikit-learn module’s LabelEncoder function was used to systematically

identify and modify the categorical columns that were intended for label encoding. The

method adopted in this study enhanced the dataset’s prediction capacities and supported data-

driven decision-making in road safety initiatives by optimizing the numerical representation

of categorical variables for machine learning algorithms.

3.6 Model training

The accident severity prediction dataset was split into training and testing sets to provide a

strong model evaluation. The split ratio of 80% training and 20% testing was used to ensure

that there was enough data for model training and still a significant amount for evaluation.

The Gradient Boosting Classifier, XGB Classifier, and Random Forest algorithms were

selected for the model training process because they haspecific benefits in managing intricate

datasets and forecasting the severity of accidents.

3.6.1 Random forest algorithm

To forecast accident severity (Y), the Random Forest model made use of an ensemble of

decision trees in the research project. Every tree in the forest was built using a bootstrap

sample, or sample taken with replacement, from the training set. When a node was split

during the tree-building process, the best split was selected at random from a subset of
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features rather than taking into account every feature. By reducing the connection between

trees, this method lowered the variance of the forest and improved overall forecast accuracy.

The model is given in equation (3.1).

Ŷ =
1
B

B

∑
b=1

Tb(X)+ ε (3.1)

• Ŷ : The predicted accident severity outcome.

• X : The vector of predictor variables (features) used for prediction.

• B: The total number of decision trees in the Random Forest ensemble.

• Tb(X): The prediction from the bth decision tree given the input features X .

• ε: The error term representing noise and unexplained variation.

The Random Forest algorithm constructs B decision trees, each trained on a bootstrap sample

of the dataset. The final prediction Ŷ is obtained by averaging the predictions of all individual

trees (for regression) or by majority voting (for classification). The error term ε accounts for

model uncertainty and residual errors.

3.6.2 Gradient boosting classifier

The Gradient Boosting Classifier was employed to model the probability that an accident had

a particular level of severity, specifically focusing on the two-class outcome after merging

the ’Fatal’ and ’Serious’ categories. Gradient Boosting is an ensemble learning method

that builds a predictive model through an iterative process, where weak learners, typically

decision trees, are sequentially added to correct the errors of the preceding models (Bentéjac

et al., 2021). This approach was particularly effective in handling the imbalanced classes

present in the research project. The model is given in equation (3.2)

P(Y = k|X) =
eFk(X)

∑
K
j=1 eFj(X)

(3.2)
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where:

• Y : The outcome representing Accident Severity in the research project, with k = 1

representing ’Slight’ and k = 2 representing the merged ’serious’ and ’fatal’ class as

’Serious’.

• X : Represents the attributes/features in the dataset.

• Fk(X): The model’s output score for class k, which was computed as the sum of the

predictions from the sequence of decision trees.

• K: The total number of classes, which is 2 in this case.

• e: The base of the natural logarithm.

The model iteratively minimized the loss function by adding trees that correct the residual

errors of the previous models. This method allowed improvement of the model’s performance,

particularly in distinguishing between the ’Slight’ and ’Serious’ accidents, thereby enhancing

the predictive accuracy for road safety analysis.

3.6.3 XGBoost Classifier

Using the two-class outcome, the XGBoost Classifier was used to model the likelihood

that an accident had a specific degree of severity. Extreme Gradient Boosting, according to

Amjad et al. (2022), is a sophisticated and scalable implementation of the Gradient Boosting

framework. It minimizes the loss function by using a gradient descent technique with decision

trees as base learners (Ramraj et al., 2016). The equation (3.2) provides the model.

By employing regularization approaches to prevent overfitting, XGBoost improved the model

and made it capable of managing the dataset’s imbalanced classes. The project improved the

performance of the road safety analysis by utilizing XGBoost’s efficiency and accuracy to

distinguish between the ’Slight’ and ’Serious’ categories.
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3.6.4 Model evaluation

Accuracy assessment: Accuracy involves quantifying the overall correctness of the model’s

perfomance and is defined as:

Accuracy =
Number of Correct Predictions
Total Number of Predictions

.

Thorough performance analysis: A confusion matrix was used in the research endeavor to

give a thorough performance analysis across different accident severity categories.

Table 3.2: Confusion Matrix

Predicted Class
Slight Serious

Actual Class
Slight True Positive False Positive

Serious False Negative True Positive

The confusion matrix is given in ??

Handling Imbalanced Dataset: Precision (P), recall (R), and F1-score (F1) was employed

to rectify imbalances in the dataset. These metrics are defined in equation (3.3):

P =
T P

T P+FP
, R =

T P
T P+FN

, F1 =
2×P×R

P+R
, (3.3)

These measures guaranteed a fair evaluation of the study endeavor by evaluating the model’s

capacity to recognize situations with varying degrees of severity.

Discriminatory power assessment: The area under the ROC curve (AUC-ROC) was used

to assess the discriminatory capacity of the model. This provided a thorough understanding

of the model’s ability to distinguish between different severity classifications. By utilizing

these many metrics, the study aimed to provide comprehensive understanding of the Random

Forest model’s functioning.
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3.7 Model selection and optimization

Several machine learning models were carefully compared during the selection process, with

a focus on giving priority to those that closely matched the distinctive features of accident

severity prediction. The model’s capacity to identify different degrees of severity was taken

into account in addition to performance criteria like accuracy, to make sure that it was in line

with the overall objective of improving road safety. The study fine-tuned the hyperparameters

to increase the predictive power of the models. Hyperparameters were adjusted using random

method and grid search.

3.8 Deployment and spatial visualization

This involves spatial visualization to effectively transform the models’ prediction insights

into practical steps to enhance road safety. The visualization improved accessibility to model

insights and enabled law enforcement and decision-makers to fully recognize and understand

road safety patterns.
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Chapter 4

Results and interpretation

4.1 Introduction

This chapter presents the data analysis process, key findings, and interpretations of the results

obtained from the study. The chapter begins by presenting descriptive statistics to offer

an overview of the data’s main characteristics, followed by a detailed examination of key

variables and their relationships. Subsequent sections focus on the application of machine

learning algorithms used to derive insights from the data.

4.2 Accident severity distribution in UK

Figure 4.1: Accident severity distribution in the UK
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Figure 4.1illustrated how accident severity occurred within the geographical region of the

UK. It is evident that certain areas exhibited geographically concentrated patterns of higher

accident severity. The map depicted the spatial distribution of accidents, revealing distinct

clustering patterns for minor accidents (red) and serious accidents (blue), likely influenced

by factors such as urban density, traffic volume, and road network characteristics. These

clusters were especially prominent in urbanized regions in the south of the UK, particularly

around London, Birmingham, and Manchester—areas known for higher traffic volumes and

population density. Additionally, the proportion of blue dots in the central and northern

regions indicated a relatively higher frequency of serious incidents, which could be attributed

to various factors, including environmental conditions, traffic behavior, and the state of road

infrastructure.

On the other hand, Figure 4.1 there were less accidents reported in rural areas in Scotland,

Wales, and the northern half of the UK, despite the fact that serious accidents seemed to occur

more frequently in these sparserly populated areas. Existing research on rural accident sever-

ity patterns suggested that this could be caused by slower emergency responses in remote

areas, increased speeds on rural roads, and fewer safety precautions (Theofilatos and Yannis,

2014). The distribution was consistent with the theory that less crowded places with fewer

but more hazardous incidents tend to have more serious accidents, whereas metropolitan

areas recorded a larger frequency of accidents, most of which were mild in nature. The

underlying reasons for these regional variations should be further studied in order to generate

customized policy measures meant to increase road safety across various

A strong statistical significance was observed (p < 0.001) for the relationship between [insert

specific variables, e.g., road surface condition and accident severity], indicating that the

association is unlikely to have occurred by chance. From Table 4.1 indicated that with a

p-value less than 0.001, the light condition variable proved to be statistically significant to

accident severity. The road surface conditions demonstrated a statistical significance of (p

> 0.001). In terms of road type, they did portray statistical significance with the predictor

variable of (p < 0.001), The weather showed some effect, however weather conditions such
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Table 4.1: Factors influencing accident severity

Dependent: Accident Serious Slight Total
Severity p
Total N (%) 88217 (13.4) 563801 (85.3) 660679
light condi-
tions

Darkness_lights_off 7968 (9.0) 34273 (6.1) 43921 (6.6) <0.001

Darkness_lights_on 19490 (22.1) 110483 (19.6) 131878 (20.0)
Daylight 60759 (68.9) 419045 (74.3) 484880 (73.4)

road surface Dry 61708 (70.0) 381049 (67.6) 448547 (67.9) <0.001
Snow 2572 (2.9) 21607 (3.8) 24407 (3.7)
Wet/flood 23937 (27.1) 161145 (28.6) 187725 (28.4)

road type Dual carriageway 11746 (13.3) 85863 (15.2) 99424 (15.0) <0.001
Roundabout 3665 (4.2) 40185 (7.1) 43992 (6.7)
Single carriageway 70540 (80.0) 419563 (74.4) 496663 (75.2)
Slip road 2266 (2.6) 18190 (3.2) 20600 (3.1)

weather Rainy 10729 (12.2) 77589 (13.8) 89311 (13.5) <0.001
Snowy 674 (0.8) 6410 (1.1) 7123 (1.1)
Stormy 2284 (2.6) 18147 (3.2) 20678 (3.1)
Sunny 74530 (84.5) 461655 (81.9) 543567 (82.3)

vehicle type Heavy_vehicles 6252 (7.1) 40265 (7.1) 47108 (7.1) 0.526
Light_vehicles 72786 (82.5) 465461 (82.6) 545446 (82.6)
Motorbikes/bicycle 9179 (10.4) 58075 (10.3) 68125 (10.3)

urban or ru-
ral

Rural 37313 (42.3) 196087 (34.8) 239001 (36.2) <0.001

Urban 50904 (57.7) 367714 (65.2) 421678 (63.8)

as wet, stormy, and snowy weather were statistically significant to the accident severity

predictor column with (p < 0.001). P-values above 0.05 showed that the vehicle type did not

significantly affect the severity of the collision. When comparing the severity of accidents,

urban areas and rural areas showed a statistically significant correlation (p < 0.001). These

results revealed that the severity of accidents was greatly influenced by characteristics such

light conditions, road types, surfaces, weather, and urban/rural locations.
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4.3 Model development and evaluation

4.3.1 Random Forest Analysis

The Random Forest model’s accuracy was 0.7467, indicating that approximately 74.67% of

the predictions made by the model were correct. The confusion matrix in Table 4.2 presents

the distribution of predictions.

Table 4.2: Confusion Matrix: Random Forest Model

Predicted
Severe Slight

Actual Severe 5280 14096
Slight 19374 93386

Table 4.2 presents the distribution of predictions. The confusion matrix revealed that the

model correctly classified 5,280 severe accidents and 93,386 slight accidents. However,

it misclassified 14,096 severe accidents as slight and 19,374 slight accidents as severe.

The Random Forest model demonstrated reasonable accuracy, particularly in predicting

slight accidents (93,386 correctly classified) compared to severe ones (52800 correctly

classified). The slightly lower accuracy in severe accident prediction might be attributed to

class imbalance, where the number of slight accidents substantially exceeded that of severe

accidents. The model’s robustness, indicated by its performance across multiple decision

trees, provided a reliable prediction mechanism, albeit with some trade-offs in precision for

less frequent classes. The Random Forest model effectively captured the complexity of the

data, balancing bias and variance while achieving commendable performance in accident

severity prediction. Further tuning and class rebalancing might improve its predictive

accuracy, particularly for severe accidents.

4.3.2 XGBoost Analysis

The XGBoost model achieved an accuracy of 0.8023, indicating that 80.23% of the predic-

tions were correct. The detailed classification metrics and the confusion matrix are presented
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Table 4.3: Classification Report: XGBoost Model

Class Precision Recall F1-Score Support
0 (Slight) 0.26 0.19 0.22 19376
1 (Severe) 0.87 0.91 0.89 112760
Accuracy 0.80
Macro Avg 0.56 0.55 0.55 132136
Weighted Avg 0.78 0.80 0.79 132136

Table 4.4: Confusion Matrix: XGBoost Model

Predicted
Severe Slight

Actual Severe 3651 15725
Slight 10397 102363

in Table 4.3 and Table 4.4 respectively. The confusion matrix indicated that the model

correctly identified 3,651 slight accidents and 102,363 severe accidents. However, 15,725

severe accidents were misclassified as slight, while 10,397 slight accidents were misclassified

as severe. The XGBoost model demonstrated a strong predictive capability for severe acci-

dents, with a precision of 0.87 and recall of 0.91. The F1-score of 0.89 for severe accidents

highlighted the model’s effectiveness in balancing precision and recall. The slightly lower

performance for slight accidents, with a precision of 0.26 and recall of 0.19, was likely due to

the class imbalance, where severe accidents were more prevalent in the dataset. The weighted

average F1-score of 0.79 reflected the overall performance, suggesting that the model was

better suited for predicting severe accidents, which was critical for the task. The XGBoost

model provided robust predictions, particularly for severe accidents, making it a valuable tool

for accident severity prediction. The application of regularization techniques and gradient

boosting contributed to its high accuracy and strong performance metrics.

4.3.3 Gradient Boosting Classifier

The Gradient Boosting Classifier was utilized to predict accident severity due to its strength

in combining weak learners to form a robust predictive model. This approach is well-suited
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for capturing complex, non-linear relationships in the data, making it an ideal choice for the

task at hand.

Model Tuning and Validation

• Hyper-parameter tuning: The hyper-parameters were optimized by assigning class

weights to account for the class imbalance in the data, with weights of 0: 2.5, 1: 1.0.

This adjustment was crucial for improving the model’s performance, particularly in

predicting the minority class (less severe accidents).

• Cross-validation: The model’s generalization capability was assessed using K-fold

cross-validation, ensuring that the evaluation metrics were reliable and not overly

optimistic.

Model Evaluation

• Performance metrics: The model’s predictive accuracy was evaluated using metrics

such as accuracy, precision, recall, and the F1-score. The confusion matrix was also

analyzed to understand the distribution of correctly and incorrectly classified instances.

• Baseline Comparison: The performance of the Gradient Boosting model was com-

pared against other models. The tuning process led to an increase in overall accuracy

and significant improvements in precision and recall for the minority class, as shown

in Table 4.5.

Table 4.5: Optimized Gradient Boosting Model Performance

Metric Value
Accuracy 0.8449
Precision (Class 0) 0.38
Recall (Class 0) 0.09
F1-Score (Class 0) 0.15
Precision (Class 1) 0.86
Recall (Class 1) 0.97
F1-Score (Class 1) 0.91
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The Gradient Boosting model demonstrated improved predictive accuracy, particularly after

the hyper-parameter tuning process. The model achieved an accuracy of 0.8449, with a

significant enhancement in the recall of the minority class (less severe accidents), highlighting

the effectiveness of the class weighting strategy. These results underscore the model’s ability

to generalize well across different classes, making it a reliable choice for predicting accident

severity.

4.4 Model Comparison

Table 4.6: Model Comparison

Metric XGBoost Classifier Gradient Boosting Classifier Random Forest Classifier
Accuracy 0.8023 0.8449 0.7467
Precision (Class 0) 0.26 0.38 0.27
Recall (Class 0) 0.19 0.09 0.27
F1-Score (Class 0) 0.22 0.15 0.27
Precision (Class 1) 0.87 0.86 0.87
Recall (Class 1) 0.91 0.97 0.83
F1-Score (Class 1) 0.89 0.91 0.85

The comparison in Table 4.6 demonstrates that the Gradient Boosting model outperformed

the XGBoost model in terms of overall accuracy and recall for the majority class (Class

1). The Gradient Boosting model with class weights achieved a higher accuracy of 0.8449

compared to 0.8023 for XGBoost. Additionally, the recall for the minority class (Class 0)

improved significantly after tuning, highlighting the effectiveness of class weighting in the

Gradient Boosting model. The decision tree visualized in the provided diagram represents

one of the ensemble trees from the Gradient Boosting model. This model was trained to

predict the target variable based on the features in the dataset. The structure of the tree offers

insights into the significance of different features and their interactions in making predictions.

It reveals that the Number of Vehicles involved in an incident is the most crucial predictor in

this model, forming the root node of the tree. This indicates that the number of vehicles plays

a primary role in distinguishing between different outcomes in the dataset. Specifically, the
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model suggests that incidents involving fewer than two vehicles tend to result in a different

set of outcomes compared to incidents with more vehicles.

Figure 4.2: Feature Importance of GBoosting

Figure 4.2 illustrated the importance of the features used by the model. The decision tree

revealed that the Number of Vehicles involved in an incident was the most crucial predictor

in this model, forming the root node of the tree. This indicated that the number of vehicles

played a primary role in distinguishing between different outcomes in the dataset. Specifically,

the model suggested that incidents involving fewer than two vehicles tended to result in a

different set of outcomes compared to incidents with more vehicles.

• Number of Casualties: The subsequent splits in the tree further emphasized the

importance of the number of casualties. For instances where the number of vehicles

was fewer than 1.5, the model split based on whether the number of casualties was
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less than or equal to 1.5. This split significantly contributed to the model’s ability to

differentiate between outcomes, highlighting the impact of the number of casualties on

the target variable.

• Urban or Rural Area: The tree indicated that whether the incident occurred in an

urban or rural area was another important factor, particularly when the number of

vehicles was greater than 1.5. The model showed that incidents in rural areas (denoted

by values less than or equal to 0.5) led to a distinct set of outcomes compared to urban

incidents. This suggested that the location of the incident affected the likelihood of

certain outcomes.

• Light Conditions: The influence of light conditions was also significant, particularly

when the number of casualties was fewer than or equal to 3.5. The model used this

feature to further refine its predictions, suggesting that poor light conditions (denoted

by values less than or equal to 3.5) contributed to different outcomes.

The decision tree’s splits revealed the hierarchical importance of features in predicting the

target variable. The model’s emphasis on the Number of Vehicles and Number of Casualties

as primary predictors aligned with logical expectations, as these factors were directly related

to the severity and likelihood of certain outcomes.

Compared to other models that might have considered multiple features simultaneously, the

decision tree approach provided a clear, interpretable structure that ranked the importance of

features in a sequential manner. This characteristic was particularly useful in understanding

the complex interactions between variables in predicting outcomes.

However, the decision tree also had limitations in that it might have oversimplified relation-

ships by focusing on sequential splits rather than capturing potential interactions between

multiple variables simultaneously, as methods like SHAP did.

We benchmarked the performance of our models, including Random Forest, XGBoost,

and a tuned Gradient Boosting model with class weights, to evaluate their effectiveness in

predicting accident severity.
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Table 4.7: Comparison of key performance metrics

Model Accuracy Precision (0) Precision (1) Recall (0) Recall (1) F1-Score (0) F1-Score (1)
Random Forest 0.7467 0.27 0.87 0.27 0.83 0.27 0.85
XGBoost 0.8023 0.26 0.87 0.19 0.91 0.22 0.89
Gradient Boosting (Unadjusted) 0.8137 0.62 0.85 0.01 1.00 0.01 0.92
Gradient Boosting (Class Weights) 0.8449 0.38 0.86 0.09 0.97 0.15 0.91

Table 4.7 presents a comparison of key performance metrics, including accuracy, precision,

recall, and F1-score, for each model. The analysis revealed several insights. The Gradient

Boosting model with class weights achieved the highest accuracy of 0.8449, indicating

superior performance compared to the other models. This model demonstrated a precision

of (0.38) for class 0 and class 1 (0.86) compared to both XGBoost and Random Forest.

Additionally, it showed a notably high recall for class 1 (0.97), making it effective in

identifying severe accidents. However, recall for class 0 was relatively low (0.09).

XGBoost achieved an accuracy of 0.8023 and exhibited high recall for class 1 (0.91), sug-

gesting good performance in identifying severe accidents. Despite this, the precision for

class 0 was low (0.26), indicating challenges in correctly classifying less severe accidents.

Random Forest attained an accuracy of 0.7467. Although it demonstrated high precision for

class 1 (0.87), the recall for class 0 (0.27) and precision for class 0 (0.27) were relatively low.

Overall, the Gradient Boosting model with class weights adjustment displayed the best

balance between accuracy, precision, and recall, especially for the severe class. This balance

proved crucial for effective accident severity prediction.
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Chapter 5

Discussions, Conclusions and

Recommendations

5.1 Introduction

An extensive examination of the results obtained by comparing the effectiveness of different

machine learning models used to forecast the severity of accidents is presented in this chapter.

The best performing model was the Gradient Boosting model with class weights, which

showed excellent accuracy and recall for serious accidents and indicated its potential for

use in road safety applications. The chapter goes on to address how these findings could

affect accident prevention tactics and offers suggestions for improving prediction models.

The model’s actual use and its effects on raising traffic safety and lowering accident-related

fatalities are the main topics of the concluding remarks.

5.2 Discussion

This study’s main goal was to create a machine learning model that could forecast the severity

of accidents and pinpoint the critical variables affecting the results of traffic accidents. From

the study comparison analysis revealed that, out of all the classifiers that were assessed,

including Random Forest and XGBoost, the Gradient Boosting model with class weights

performed better. The model’s efficacy in predicting accident severity was highlighted by its

0.8449 accuracy, which was accompanied by enhanced precision and recall for both severe

and less severe accident classes. The results are consistent with other studies, highlighting

49



the effectiveness of ensemble approaches in managing class imbalance and improving

classification task predicting performance (Yamout, 2022).

In important performance criteria, the Gradient Boosting Classifier—optimized with class

weights—performed better than the XGBoost and Random Forest models. It performed better

overall than Random Forest (0.7467) and XGBoost (0.8023), achieving an accuracy of 0.8449.

Gradient Boosting produced an especially noteworthy increased recollection for severe

accidents (Class 1) with a score of 0.97, demonstrating its efficacy in identifying serious

accidents—a critical component for focused interventions. On the other hand, the XGBoost

model performed poorly in classifying less severe accidents (Class 0), despite having a

high recall for severe accidents (0.91). This suggests that the model had trouble accurately

classifying these cases. While Random Forest also demonstrated excellent precision (0.87)

for severe accidents, its overall efficacy was limited by poor memory and precision for less

severe incidents.

The study demonstrated how well the Gradient Boosting model predicted the severity of

accidents, highlighting the potential benefits of adopting advanced machine learning models

in accident prediction. Legislators, insurance providers, and traffic management organizations

should implement sophisticated machine learning algorithms such as Gradient Boosting

to enhance prediction accuracy. This is in line with Poufinas et al. (2023) when he states

that these models can improve real-time decision-making by enabling quicker and more

precise responses to serious incidents, ultimately reducing casualties and increasing overall

traffic safety. Significant determinants of accident severity identified in the study included

the number of cars involved, the number of casualties, weather conditions, and whether the

environment was urban or rural. Policies and procedures related to traffic safety should

incorporate these key predictors. For instance, specific interventions like increased police

presence, better signage, or improved road infrastructure could be targeted at high-risk

areas based on these criteria. Additionally, data-driven public awareness programs could be

developed to target high-risk behaviors, such as speeding and driving in hazardous conditions

(Hughes et al., 2016).
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Several important factors that predict accident severity were identified by the Gradient

Boosting model’s decision tree analysis from our study. The most important predictor was

found to be the quantity of cars involved, which was followed by the number of casualties and

the location of the accident—rural versus urban. These results are consistent with the body of

research that highlights the influence of environmental factors and traffic density on accident

outcomes (Sangare et al., 2021). The results of statistical significance testing showed that

there were significant relationships between accident severity and light conditions, road types,

surfaces, and urban/rural locations (p < 0.001). Severity was also significantly impacted

by weather, especially extreme weather like storms and snow (p < 0.001). These findings

support earlier research by Li et al. (2021)that emphasizes the significance of environmental

and contextual elements in road safety by highlighting their significance in accident severity.

The durability of the Gradient Boosting model in handling imbalanced datasets is demon-

strated by its ability to balance accuracy, precision, and recall—especially for severe incidents.

This is in line with Zhao et al. (2023) findings, which showed how class weighting might

enhance model performance for uncommon events. All things considered, the study’s find-

ings offer insightful information on how well different machine learning algorithms can

anticipate the severity of accidents. Because of its greater performance, the Gradient Boosting

model may be used in actual road safety systems to provide more precise forecasts and more

precisely targeted safety measures. In the future, research could investigate how to improve

forecast accuracy and reliability even further by incorporating new features or using different

models.

5.3 Strengths and limitations of the study

The study offers insightful information about the prediction of accident severity through

machine learning algorithms; its strengths and limitations shed light on the opportunities

and drawbacks of employing these models for road safety. Advances in this subject can

be made possible by improving the resilience of predictive models through a knowledge of

these factors. This study excels in demonstrating the higher predictive performance of the
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Gradient Boosting model, which captures complicated, non-linear correlations within the

data, outperforming traditional models (Ghandour et al., 2020). The ability of sophisticated

machine learning approaches to uncover crucial elements impacting accident severity is

demonstrated by the model’s durability in handling huge datasets with a variety of predictive

features. Additionally, a deeper understanding was made possible by the interpretability that

the application of SHAP analysis offered.

Nonetheless, a number of restrictions must be recognized, chiefly those about the availability

and quality of the data. Critical information, including exact weather data at the moment of

the accident, driver conduct, and real-time traffic circumstances, was frequently missing from

accident databases that were already in existence (Fiorentini and Losa, 2020). This restriction

might have limited the model’s capacity to accurately represent the intricate relationships

affecting the severity of accidents (Hu et al., 2020). In order to improve the data landscape,

future research should strive to gather thorough, high-resolution data using cutting-edge

technology like car sensors, traffic cameras, and Internet of Things devices.

The models’ limited applicability to other contexts with different road conditions, traffic pat-

terns, and regulatory environments stems from their development using data from particular

geographic regions, raising concerns about the generalizability of the findings (Theofilatos

and Yannis, 2014). To understand these models’ broader effectiveness, validation across a

variety of situations that take into account variations in infrastructure, weather, and socioe-

conomic factors is essential. Furthermore, one drawback in reflecting the dynamic nature

of accident occurrence and severity is the study’s use of historical accident data. Creating

real-time prediction frameworks that incorporate live data feeds could enhance the temporal

dynamics and adaptability of the models and allow for proactive interventions like targeted

emergency response based on predicted accident severity or dynamic speed adjustments (Xu

et al., 2018).

When using these models, ethical issues and bias mitigation are especially important because

biased data might result in unfair risk assessments (Mekonnen et al., 2022). Model outputs

may unintentionally be influenced by geography, vehicle type, or socioeconomic status biases.

Future research has to concentrate on locating and reducing these kinds of biases in order
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to guarantee just and equitable forecasts for a variety of demographics. The final major

challenge is incorporating predictive insights into the current policy and decision-making

processes. This is because incorporating predictive models into traffic management systems,

emergency response protocols, and insurance assessments is necessary to turn technical

discoveries into useful applications. In the end, a more data-driven approach to road safety

will be facilitated by addressing these constraints and investigating the recommended areas

of additional research to improve the prediction power, interpretability, and practical value of

machine learning models.

One of the significant limitations of this study was the inability to successfully implement

spatial models for predicting accident severity. Initially, spatial random forest models were

explored to account for the geographic correlation between accident locations and severity

outcomes. However, the results indicated a low accuracy of only 15%, which significantly

underperformed compared to non-spatial models. This poor performance could be attributed

to the lack of meaningful spatial autocorrelation in the data. Upon further investigation,

there appeared to be no statistically significant spatial dependence between the geographic

coordinates and the severity of accidents. According to Wu (2020) and Fotheringham et al.

(2009), spatial models like Geographically Weighted Regression (GWR) are most effective

when there is a clear spatial relationship between variables, which was not observed in this

dataset.

This result disproved the hypothesis that common environmental elements, traffic patterns,

or road conditions may affect accident severity based on geographic proximity. The lack of

geographical correlation reduced the applicability of spatial models in this situation. On the

other hand, without requiring spatial information, conventional machine learning models

like Random Forest and Gradient Boosting showed improved prediction power and accuracy.

Because adding geographical models did not improve the model’s performance, they were

excluded from the final analysis. This restriction emphasized the necessity for more thorough

spatial data or sophisticated methods to identify minute geographic trends that could affect

the severity of an accident.
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5.4 Recommendations

The results of this study on the use of machine learning models to predict accident severity

lead to the following recommendations to improve road safety and direct future research:

5.4.1 Policy recommendations

The results of this study highlight the urgent need for data-driven policy interventions that

use cutting-edge machine learning algorithms, such as gradient boosting, to improve road

safety. The Gradient Boosting model exhibits greater performance in predicting the severity

of accidents, indicating the possibility of incorporating this kind of predictive analytics into

traffic management and public safety plans. Machine learning algorithms should be used

by transportation authorities and policymakers to identify high-risk areas and driver habits.

Peden (2004) supports that this would enable targeted interventions that have the potential to

drastically lower accident rates.

First, implementing predictive models in real-time traffic monitoring systems can provide

actionable insights to prevent severe accidents. Authorities can utilize these models to forecast

accident hotspots and deploy preventive measures, such as enhanced traffic enforcement,

improved road signage, and adaptive speed limits, tailored to specific locations and times

of day. (Kennedy et al., 2018) states that such interventions align with evidence suggesting

that predictive analytics can improve public safety outcomes by preemptively addressing risk

factors .

Secondly, integrating machine learning insights into driver education and licensing programs

could enhance awareness of behaviors associated with severe accidents, such as speeding

and distracted driving. By educating drivers on the predictors of high-risk scenarios, tailored

training programs can be developed to mitigate these behaviors, ultimately leading to safer

driving practices (Cutello et al., 2020). Additionally, Cutello et al. (2020) suggests that

insurance companies could use these insights to adjust premium rates based on predictive

risk assessments, promoting safer driving through financial incentives.
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Furthermore, investment in data infrastructure is crucial to support the continuous collection

and analysis of traffic data. A robust data framework would enable the seamless integration

of machine learning models into daily traffic management operations, enhancing the accuracy

and timeliness of accident severity predictions. Policymakers should prioritize funding for

technologies that facilitate real-time data analytics and model deployment to maximize the

benefits of predictive modeling in public safety (Mbuh et al., 2019).

In conclusion, embracing machine learning technologies for accident severity prediction

offers a transformative approach to road safety management. By integrating predictive

analytics into policy frameworks, transportation authorities can develop more proactive, data-

driven strategies that not only forecast but also prevent severe accidents, thereby safeguarding

public health and reducing economic losses associated with traffic incidents.

5.4.2 Recommendations for further studies

Future research should focus on exploring the integration of more advanced deep learning

techniques, such as neural networks, to enhance the accuracy of accident severity predic-

tions. According to Matos et al. (2024), deep learning models, particularly recurrent and

convolutional neural networks, have shown superior performance in handling complex and

non-linear relationships in traffic data, which traditional machine learning models might

overlook. Additionally, investigating the role of real-time data integration, including weather

conditions, road surface status, and vehicle telemetry data, could provide a more holistic

approach to predicting accident severity Matos et al. (2024).

Furthermore, it is recommended to examine the ethical implications of predictive analytics in

road safety, particularly concerning data privacy and the potential biases in model predictions.

As highlighted by Matos et al. (2024), addressing these biases is critical to ensuring fair and

equitable application of predictive models across diverse populations. Expanding research

in these areas will further advance the field and contribute to safer and more efficient

transportation systems.
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5.5 Conclusion

The study effectively showed how machine learning algorithms can anticipate the severity

of accidents, and the Gradient Boosting model turned out to be the most successful. When

it came to accident severity prediction, the Gradient Boosting model outperformed the

Random Forest and XGBoost models by a considerable margin. It outperformed XGBoost

(0.8023) and Random Forest (0.7467) with an accuracy of 0.8449, demonstrating its superior

ability to handle complicated datasets and produce correct predictions. Important variables

that were found to be significant predictors of accident severity included the number of

cars involved, the number of casualties, and the location of the event—rural versus urban.

These variables play a crucial role in predicting the severity of accidents, and the Gradient

Boosting model effectively used them to improve forecast accuracy. Clear insights into

feature relevance were obtained from the Gradient Boosting model’s decision tree analysis.

This improved interpretability made it easier to understand how different factors affect the

outcome of accidents, which is important for putting targeted safety measures in place. This

was in line with Chamseddine et al. (2022) concept of improving interpretability in machine

learning models. The results highlight how machine learning methods, in particular Gradient

Boosting, might be used to increase traffic safety. Through the use of such cutting-edge

methods, interested parties can create accident response and prevention plans that are more

precise and successful. The model’s capacity to strike a balance between memory and

accuracy, particularly in the case of serious incidents, points to important advantages for both

policy development and traffic safety management. The better performance of the Gradient

Boosting model overall indicates its potential to improve road safety predictions and direct

strategic responses. On the basis of these results, future studies could improve predictive

models and investigate other characteristics that might affect the severity of accidents.
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Appendix C

Codes used in the study

For a detailed view of the code used in the development and testing of the Accident Severity

model, please refer to the following Jupyter Notebook available on my GitHub repository:

• Accident Severity Model Code: https://github.com/kirimi2022/Accident-Severity-model/

blob/main/Accident%20Severity%201.ipynb
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Appendix D

Gradio App Screenshots for Accident Severity Prediction

The following screenshots illustrate the Gradio app designed for predicting accident severity.

This app offers both a single input interface and a bulk upload option for CSV files.

Figure 1: Single Input Interface for Accident Severity Prediction

Figure 2: Bulk Upload Interface for CSV File Predictions
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