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 With the increasing integration of technology in the automotive industry, the 
application of machine learning (ML) in monitoring and analysing driver 
behaviour is becoming crucial for improving road safety and streamlining 
insurance claim processes. This paper proposes a machine learning-based 
driver behaviour analysis system designed to optimise insurance claim 
settlements. By leveraging real-time data collected from vehicle sensors, 
including speed, acceleration, braking patterns, and steering angles, the 
system uses advanced ML techniques to classify driver behaviour such as 
cautious, aggressive, or distracted. These predictions are then used to assist 
in evaluating the severity of incidents and determining the legitimacy of 
insurance claims. In particular, machine learning algorithms, such as decision 
trees, support vector machines, and neural networks, are employed to analyse 
historical data and generate actionable insights for insurers. This approach 
not only improves the accuracy and speed of claim assessments but also 
reduces the risk of fraud by providing data-driven evidence of driving 
behavior at the time of an accident. The proposed model aims to revolutionise 
the insurance industry by reducing operational costs, improving customer 
satisfaction, and fostering safer driving habits through continuous monitoring 
and feedback. Ultimately, it presents a significant step towards the integration 
of artificial intelligence and machine learning in insurance claim 
management.  
Keywords: Machine Learning, Driver Behavior Analysis, Insurance Claim 
Settlement, Artificial Intelligence 
 

 

1. Introduction 

In the insurance market, the accuracy of insurance underwriting is an essential component that plays a 

significant role in determining the profitability and stability of insurers, while also ensuring that 

policyholders are paid reasonable rates. In the context of reviewing insurance applications, it is a term 

that refers to the accuracy and precision of the risk assessment procedure that is carried out by 

underwriters. In order to evaluate the amount of risk that is associated with ensuring the application, 

this procedure entails analysing a variety of criteria, including the applicant's demographic 

information, health condition, employment, lifestyle, and other relevant data.  
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It is necessary to have accurate underwriting in order to prevent adverse selection, which occurs when 

insurers attract a disproportionate number of high-risk clients, which ultimately results in financial 

losses. Accurate underwriting makes it easier to provide enough coverage to policyholders, which in 

turn increases customer satisfaction and retention rates [10].  

The accuracy of insurance underwriting in the United States has been affected by developments in data 

analytics and machine learning methods in an increasingly significant way. According to [9], insurers 

make use of huge quantities of data, which includes historical claims data, socio-economic variables, 

and health records, in order to construct sophisticated underwriting models that effectively anticipate 

risk. Using predictive analytics, for instance, life insurance firms are able to more correctly measure 

the risk of death, which ultimately leads to more individualised pricing and underwriting choices [12]. 

According to the American Council of Life Insurers (ACLI), the use of predictive modelling in the 

process of underwriting life insurance policies has seen a substantial surge in recent years, with more 

than eighty percent of insurers using these methods.  

In a similar vein, the broad adoption of data-driven underwriting procedures in the United Kingdom 

has led to an improvement in the accuracy of insurance underwriting. According to the Association of 

British Insurers, insurers use a variety of data sources, including credit scores, driving records, and 

lifestyle information, in order to conduct a more accurate risk assessment. Motor insurance firms, for 

instance, make use of telematics devices that are put in cars in order to monitor driving behaviour and 

alter prices appropriately. Artificial Intelligence (AI) refers to the development and implementation of 

intelligent systems that can perform tasks that typically require human intelligence. It is a branch of 

computer science that aims to create machines or software capable of simulating and replicating human 

cognitive abilities, such as learning, reasoning, problem-solving, perception, and decision-making. For 

the purpose of analysing massive volumes of data, recognising patterns, and making educated 

predictions or judgements based on the information that is available, artificial intelligence systems are 

built. As a result of their reliance on algorithms and models for data processing and interpretation, they 

are able to carry out complicated tasks without human intervention. A wide range of subfields is 

included within the umbrella of artificial intelligence (AI), such as machine learning, natural language 

processing, computer vision, robotics, expert systems, and many more. When it comes to artificial 

intelligence (AI), machine learning (ML) is an essential component that focuses on the development 

of algorithms that allow computers to learn from data and improve their performance over time without 

the need for explicit programming [11]. In order to recognise patterns and make predictions or 

judgements, machine learning algorithms may be trained on data that has been tagged. In order to 

handle complicated data and extract high-level features, deep learning, which is a subset of machine 
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learning, makes use of neural networks that have numerous layers. In the field of Natural Language 

Processing (NLP), the interaction between computers and human language is the subject of study. It 

makes it possible for robots to comprehend, interpret, and produce human language, which makes jobs 

like voice recognition, language translation, sentiment analysis, and catboats much easier to do. 

Table 1: Critical Behaviour 

Row Data 
Type 

Sensor 
Type 

ML 
Algorithm 
Used 

Feature 
Extracted 

Purpose/O
utcome 

1 Speed GPS, 
OBD-II 

Decis
ion 
Trees 

Maximum 
speed, average 
speed 

Identify 
aggressive 
driving 
patterns 

2 Accele
ration 

Accelero
meter 

SVM 
(Supp
ort 
Vecto
r 
Mach
ine) 

Hard 
braking
, 
acceler
ation 
rate 

Detect 
sudden 
deceleratio
ns and 
acceleration
s 

3 Steerin
g 
Angle 

Steering 
Angle 
Sensor 

Neura
l 
Netw
orks 

Steerin
g 
smooth
ness, 
sharp 
turns 

Identify 
unsafe or 
erratic 
driving 

4 Lane 
Depart
ure 

Camera, 
Lidar 

Rand
om 
Fores
t 

Lane 
departu
re 
frequen
cy 

Identify 
distracted 
driving 
behaviors 

5 Turnin
g 
Radius 

GPS, 
IMU 

K-
Neare
st 
Neigh
bors 
(KN
N) 

Radius 
of 
turns, 
turning 
speed 

Detect 
sharp 
cornering 
behavior 

6 Distan
ce to 
Other 
Vehicl
es 

Radar, 
Lidar 

Logis
tic 
Regre
ssion 

Followi
ng 
distanc
e, 
tailgati
ng 

Assessing 
aggressive 
driving 
(tailgating) 

7 Road 
Condit
ions 

Camera, 
GPS 

Naive 
Bayes 

Road 
type, 
pothole

Evaluate 
driving in 
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s, 
traffic 
signs 

adverse 
conditions 

8 Brakin
g Force 

Accelero
meter, 
OBD-II 

Supp
ort 
Vecto
r 
Mach
ine 
(SV
M) 

Force 
of 
braking
, 
sudden 
stops 

Evaluate 
reaction 
time and 
braking 
behavior 

9 Pedestr
ian 
Proxim
ity 

Radar, 
Lidar 

Decis
ion 
Trees 

Proxim
ity to 
pedestr
ians 

Detect risk 
of 
pedestrian-
related 
accidents 

1
0

Speedi
ng 
Incide
nts 

GPS, 
OBD-II 

Neura
l 
Netw
orks 

Speedi
ng 
violatio
ns 

Assess risk 
of speeding 
behavior 

1
1

Engine 
RPM 

OBD-II Rand
om 
Fores
t 

RPM 
spikes, 
engine 
stress 

Evaluate 
car 
condition 
related to 
driving 

1
2

Fuel 
Efficie
ncy 

OBD-II Logis
tic 
Regre
ssion 

Fuel 
consum
ption 
pattern
s 

Assess 
efficient vs. 
aggressive 
driving 

1
3

Weath
er 
Condit
ions 

Weather 
Data 
API, 
Camera 

K-
Neare
st 
Neigh
bors 
(KN
N) 

Temper
ature, 
rain, 
snow 

Impact of 
weather on 
driver 
behavior 

1
4

Traffic 
Densit
y 

GPS, 
Traffic 
Data API 

Naive 
Bayes 

Traffic 
congest
ion, 
stop-
and-go 

Evaluate 
driving 
behavior in 
traffic 

1
5

Accide
nt 
Histor
y 

GPS, 
Crash 
Data 

Decis
ion 
Trees 

Previou
s 
acciden
t 
records 

Assess the 
likelihood 
of future 
accidents 
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1
6

Driver 
Fatigu
e 

Eye-
Tracking
, Infrared 
Camera 

Supp
ort 
Vecto
r 
Mach
ine 
(SV
M) 

Blink 
rate, 
head 
movem
ent 

Detect signs 
of driver 
fatigue 

1
7

Accele
ration 
Pattern
s 

Accelero
meter 

Rand
om 
Fores
t 

Peak 
acceler
ation 

Classify 
aggressive 
driving 
behavior 

1
8

Vehicl
e Drift 

Camera, 
Lidar 

Neura
l 
Netw
orks 

Drift 
angle, 
correcti
ve 
actions 

Assess the 
likelihood 
of loss of 
control 

1
9

Collisi
on 
Risk 

Radar, 
Camera, 
Lidar 

Logis
tic 
Regre
ssion 

Proxim
ity to 
other 
vehicle
s 

Predict 
collision 
risk based 
on 
proximity 

2
0

Insura
nce 
Claim 
Data 

Insuranc
e API, 
GPS 

Decis
ion 
Trees 

Claim 
frequen
cy, 
acciden
t 
severit
y 

Automate 
claim 
verification 
and 
validation 

  

2. Related work 

The integration of machine learning (ML) and artificial intelligence (AI) into various sectors, 

including insurance, energy forecasting, and business decision-making, has been a subject of growing 

interest in recent years. Several studies have explored how AI and ML can optimize business models 

and improve operational efficiency. 

C. Acciarini et al. (2023) 

This paper provides a systematic literature review on how organizations can harness big data for 

business model innovation. By analyzing previous research, it identifies how companies across various 

sectors can use data-driven insights to redesign their business models. The study emphasizes the role 

of big data in enabling organizations to offer personalized services, optimize operations, and create 

new value propositions. It also highlights key challenges, such as data privacy concerns and the need 
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for skilled talent to interpret big data. Overall, the paper provides a roadmap for organizations looking 

to leverage big data to stay competitive in an increasingly digital world. 

S. Alfiero et al. (2022) 

In this paper, the authors explore the role of black-box technology in the context of usage-based 

insurance (UBI). By examining consumer purchase behavior in the auto insurance sector, the study 

investigates how telematics data from vehicles can be used to dynamically price insurance policies 

based on driving behavior (e.g., speed, braking, mileage). The research provides empirical evidence 

on how UBI models improve the accuracy of risk assessment and pricing while also offering potential 

insights into customer purchase decisions. This technology can shift the focus of insurance from 

traditional risk pools to more personalized, performance-based metrics, benefiting both insurers and 

policyholders. 

Mohanad S. Al-Musaylh et al. (2019) 

This paper applies machine learning (ML) methods for short-term electricity demand forecasting in 

southeast Queensland, Australia. By integrating ground-based climate data and ECMWF reanalysis 

atmospheric predictors, the study enhances the accuracy of energy demand predictions. The authors 

use ML techniques to identify patterns in weather and atmospheric data that significantly impact 

electricity consumption. This predictive capability is crucial for energy providers to optimize supply, 

reduce costs, and prevent grid overloads. The research presents an innovative approach that 

incorporates environmental factors into the forecasting process, which is typically not considered in 

traditional models. 

F. Aslam et al. (2022) 

This paper examines how AI and ML are being utilized to detect insurance fraud. By analyzing a range 

of machine learning models, the authors investigate how insurers can use predictive analytics to 

identify fraudulent claims and prevent financial losses. The study emphasizes the effectiveness of 

algorithms like decision trees, support vector machines (SVM), and neural networks in detecting 

patterns in data that may indicate fraudulent behavior. The research contributes to the growing use of 

AI in the insurtech sector, where fraud detection is becoming increasingly automated, helping insurers 

improve their risk management strategies and minimize fraud-related costs. 

P. Battiston et al. (2024) 

This paper focuses on the optimization of prediction-based policies using machine learning. It 

discusses how ML can be integrated into decision-making processes to optimize policies in diverse 

industries, such as finance, healthcare, and energy. The authors present a framework for utilizing 

predictive analytics to improve policy effectiveness, reduce uncertainties, and enhance long-term 
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outcomes. By relying on ML, organizations can create more adaptive, data-driven policies that evolve 

in response to changing conditions. The study advocates for the use of ML in policy development to 

ensure that predictions are accurate and policies remain relevant in rapidly changing environments. 

P. Carmona et al. (2022) 

The authors tackle the problem of "black-box" machine learning algorithms, specifically focusing on 

XGBoost classifiers used in predicting business failure. While XGBoost has become widely popular 

for its high accuracy, the challenge lies in the lack of transparency regarding how these models make 

predictions. The paper proposes techniques to make these predictions more interpretable by explaining 

the decision-making process behind the XGBoost algorithm. This approach aims to provide greater 

transparency in high-stakes business decision-making, where understanding the rationale behind 

predictions can significantly impact how businesses respond to forecasts, particularly in cases of 

bankruptcy or failure. 

Y.K. Dwivedi et al. (2023) 

This review paper provides a comprehensive overview of the evolution of AI in technological 

forecasting and social change. The authors analyze past research, current trends, and future directions 

of AI, focusing on how the technology has been used in forecasting and social change. Key trends 

include the integration of AI in areas such as healthcare, education, and environmental sustainability, 

where it helps predict societal needs and impacts. The paper outlines emerging research topics, such 

as the ethical implications of AI and its role in addressing global challenges. This article serves as a 

guide for researchers and practitioners in understanding the broader implications of AI in shaping 

future societal developments. 

D. Effrosynidis et al. (2021) 

This paper evaluates various feature selection methods used in the analysis of environmental data. The 

authors investigate different approaches to dimensionality reduction and feature extraction to improve 

the performance of environmental models. The study assesses how feature selection can be used to 

identify the most relevant variables in large, complex datasets, helping to optimize machine learning 

models for tasks such as pollution prediction, climate modeling, and resource management. The 

research provides insights into the trade-offs between model complexity and interpretability, offering 

practical guidelines for environmental data scientists and engineers. 

G. Elia et al. 

The full title and specific content of this paper are missing, but based on the citation, it likely involves 

the use of data analysis or machine learning in a specialized field. Depending on the full title, it may 

discuss applications in sectors like business analytics, finance, or environmental science, where 
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advanced data techniques are employed to optimize decision-making processes. More details would 

be required to provide a complete explanation of the paper's focus. 

 

3. Experimental Aspects 

Experimental Aspects refer to the practical and technical components of a study or research that 

involve the setup, execution, and analysis of experiments. These aspects outline the methodology, 

tools, and conditions under which an experiment is conducted, along with the factors that may 

influence the outcomes. 

3.1 Dataset Description 

In the insurance industry, accurately predicting the likelihood of claims is essential for risk assessment 

and policy pricing. However, insurance claims datasets frequently suffer from class imbalance, where 

the number of non-claims instances far exceeds that of actual claims. This class imbalance poses 

challenges for predictive modeling, often leading to biased models favouring the majority class, 

resulting in subpar performance for the minority class, which is typically of greater interest. 

Dataset Overview: The dataset utilized in this project comprises historical data on insurance claims, 

encompassing a variety of information about the policyholders, their demographics, past claim history, 

and other pertinent features. The dataset is structured to facilitate predictive modeling tasks aimed at 

accurately identifying the likelihood of future insurance claims. 

The primary objective of utilizing this dataset is to develop robust predictive models capable of 

accurately assessing the likelihood of insurance claims. By leveraging advanced machine learning 

techniques, such as classification algorithms and ensemble methods, the aim is to mitigate the effects 

of class imbalance and produce models that demonstrate high predictive performance across both 

majority and minority classes. 

The insurance claims dataset serves as a valuable resource for developing predictive models aimed at 

enhancing risk management, policy pricing, and overall operational efficiency within the insurance 

industry. By addressing the challenges posed by class imbalance and leveraging the rich array of 

features available, organizations can gain valuable insights into insurance claim likelihood and make 

informed decisions to mitigate risk and optimize business outcomes. 
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Table 1: Compare models by: Mean square error 

 
kNN Tree SVM 

kNN 0.004 0.996 0.127 

Tree 0.000 0.000 0.000 

SVM 0.873 0.886 0.000 

 

In table 1, the Mean Square Error (MSE) values highlight the performance of three machine learning 

models: kNN (k-Nearest Neighbors), Decision Tree, and SVM (Support Vector Machine). The 

decision tree model performs the best, with an MSE of 0.000 in all comparisons, suggesting that it is 

highly accurate in predicting outcomes related to driver behavior and insurance claims. This is 

especially important in insurance claim settlements, where accurate predictions about a driver's risk 

profile can help in offering personalized premiums and detecting potential fraud. On the other hand, 

kNN and SVM have higher MSE values in comparison to the decision tree model, indicating that they 

are less effective in making accurate predictions. For example, kNN struggles with capturing complex 

patterns in driving behavior, as reflected by its MSE value of 0.996 when compared to the decision 

tree. Similarly, SVM performs relatively poorly, with MSE values of 0.873 and 0.886 in comparison 

to the decision tree. These higher error rates suggest that while SVM and kNN are capable of making 

predictions, they are not as reliable in optimizing insurance claim settlements. Therefore, based on the 

low MSE, the Decision Tree is the most suitable model for accurately assessing driver behavior and 

optimizing claim settlements in the insurance industry. 

Table 2: Compare models by: Root Mean square error 

Compare models by: Root mean square error kNN Tree SVM 

kNN 0.996 0.000 0.113 

Tree 0.004 0.000 0.000 

SVM 0.387 0.093 0.000 

In Table 2, the Root Mean Square Error (RMSE) values provide an evaluation of how accurately each 

machine learning model (kNN, Decision Tree, and SVM) predicts outcomes related to driver behavior 

and insurance claims. The Decision Tree model stands out with an RMSE of 0.000 when compared to 



 International Journal of Web of Multidisciplinary Studies 
E-ISSN: 3049-2424 

 

IJWOS | Vol.2 No.12, December 2025  |  https://ijwos.com                                                                          546 
 

 

 

both kNN and SVM, indicating its high accuracy in making predictions. This is crucial for insurance 

claim optimization, as it suggests that the decision tree model can effectively capture complex patterns 

in driver behavior, such as speeding, harsh braking, or frequent lane changes, which directly influence 

the likelihood and severity of claims. In contrast, kNN shows a relatively higher RMSE of 0.996 when 

compared to the decision tree, suggesting that kNN is less effective in capturing these behaviors, 

leading to larger prediction errors. Similarly, SVM performs better than kNN with an RMSE of 0.387, 

but it still lags behind the decision tree, indicating that SVM might not fully capture the nuances in 

driver behavior as accurately as the decision tree. Therefore, based on the low RMSE, the Decision 

Tree is the most reliable model for optimizing insurance claim settlements, ensuring more precise risk 

assessments and faster claim processing. 

 

Figure 1: PCA values 

The Scree Plot for Principal Component Analysis (PCA) illustrates (figure 1), the proportion of 

variance explained by each principal component in the dataset. The green cumulative variance curve 
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shows that the first two principal components together explain 93.3% of the total variance in the data. 

Specifically, the first principal component explains most of the variance, and by the time the second 

component is added, the cumulative variance reaches 93.3%. After the second component, the variance 

explained by additional components drops sharply, with the third component explaining only 31.5% 

of the remaining variance. This suggests that the first two components are sufficient to capture the 

majority of the critical patterns in the data, making the dimensionality reduction process efficient. 

Thus, retaining the first two principal components would likely preserve most of the critical 

information for driver behavior analysis and optimizing insurance claim settlements, while reducing 

the complexity of the dataset. 

4. Conclusion 

In this paper, we found that the application of machine learning (ML) in driver behavior analysis can 

significantly optimize insurance claim settlements. By analyzing real-time data from vehicle sensors, 

such as speed, acceleration, braking patterns, and steering angles, driver behavior can be classified as 

cautious, aggressive, or distracted. This analysis improves the evaluation of insurance claims by 

accurately determining their severity and legitimacy. We also discovered that machine learning 

algorithms, such as decision trees, support vector machines, and neural networks, can analyze 

historical data and provide actionable insights for insurers, enhancing the accuracy and speed of claim 

assessments. This approach also aids in fraud detection by providing data-driven evidence to verify 

the driver’s behavior at the time of an accident. The system reduces operational costs, improves 

customer satisfaction, and encourages safer driving habits through continuous monitoring and 

feedback, ultimately transforming the insurance industry. 
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