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Abstract: This paper describes a step-by-step process of creating an insurance-based application  12 
that predicts insurance premium using Artificial Intelligence (AI) method of machine learning (ML).  13 
Artificial Intelligence technologies will have a high impact on all aspects of the insurance industry, 14 
from distribution to underwriting and pricing to claims.  Nowadays, AI is being used in insurance 15 
claims processing, underwriting, fraud detection, anomaly detection and customer service.  In this 16 
research paper, we are going to predict a driver's premium charges based on the driver's driving 17 
behavior.  Here, we used telematics, machine learning, and deep learning technologies for 18 
predicting the insurance premium cost in the auto insurance space.  In this research journey, we 19 
propose a hybrid framework architecture with multiple combinations of Supervised Learning (LR, 20 
DS, RFR and SVM) Algorithms and interpretability of AI model. 21 

 22 
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1. Introduction 27 

 28 

Authors in [1] describe that AI is becoming the universal engine of execution. As digital 29 

technology increasingly shapes “all of what we do” and enables a rapidly growing 30 

number of tasks and processes, AI is becoming the new operational foundation of 31 

business—the core of a company’s operating model, defining how the company drives 32 

the execution of tasks. AI is not only displacing human activity; it is changing the very 33 

concept of the firm. To get full potential value from AI, it requires carriers to integrate 34 

skills, technology, and insights from around the organization to deliver unique, holistic 35 

customer experiences.  . 36 

The current machine learning techniques rely on the availability of large, labeled datasets to 37 

achieve state-of-the-art results on tasks such as image classification[2], speech recognition 38 

[3], and machine translation[4] (Wu et al., 2016).   39 

The author, Chip Huyen[5] describe that machine learning is an approach to learn 40 

complex patterns from existing data and use these patterns to make predictions on 41 

unseen data.  In this research work, we used Supervised Learning algorithms for our 42 

prediction.  Supervised Learning is one of the major categories in machine learning.  In 43 

supervised learning, the training set you feed to the algorithm includes desired solution,   44 
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called labels.[6].   45 

The authors in this paper explain that the process of training an ML model involves 46 

providing an ML algorithm with training data to learn from. The most used models are: 47 

binary classification model, multi class classification model, and regression model. For 48 

each of these models there are well-known learning algorithms such as decision trees, 49 

kNN (k-Nearest Neighbors, random forests, neural networks, logistic regression, linear 50 

regression, genetic algorithms, SVM (Support Vector Machine), naive Bayes, and 51 

more.[7] 52 

 53 

2. Telematics: 54 

 55 

According to Wikipedia, Telematics is an interdisciplinary field that encompasses 56 

telecommunications, vehicular technologies, electrical engineering, and computer 57 

science [8].   In this research, we are dealing with vehicular technologies, the insurance 58 

domain, and AI.   59 

  60 

Authors in this paper implemented a prototype of how an end-to-end PayHowYouDrive 61 

(PHYD) solution, offering the power of Apache Spark analytics while protecting the 62 

privacy rights of the data subjects, can be securely implemented on a public cloud [9]. 63 

 64 

Authors in this paper [10] describe that in the insurance industry, the assessor’s role is 65 

essential and requires significant efforts conversing with the claimant. This is a highly 66 

professional process that involves many complex operations to make a final insurance 67 

report. The authors also tried to build an NLP (Natural Language Processing) based 68 

system to help junior assessor.   69 

 70 

The author Tony Boobier appreciates the telematics technology in his book “Analytics 71 

for Insurance”.  He mentioned that since 2010, the use of telematics Author Tony 72 

Boobier narrates that since 2010, the use of telematics in auto insurance has grown and 73 

it is no longer seen as a niche underwriting product for hazardous drivers.  He further 74 

narrates that this technology has evolved beyond ‘Pay as you drive’ to “Pay how you 75 

drive” [11]. 76 

Along with this, other typical indicates might include: 77 

• How you drive 78 

• When you drive 79 

• What you drive 80 

• What color is your car 81 

• Where you drive to 82 

• What else you drive. 83 

He further extends that Telematics is an example of the use of integrated technology at 84 

its best.   85 

 86 
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The below table shows some of the mobile apps being used by top Insurance Companies 87 

in the USA.   88 

 89 

          Table-1 Insurance Apps 90 

 91 

3. Proposed Solution 92 

 93 

The proposed solution will collect the driver’s behavior data in real-time, processed the 94 

data cleaning, train the data for the predictions.  95 

Knowingly or unknowingly, we get an emotional distraction when we drive, maybe because 96 

of talking with peer members, songs we listen to, other driver's rash behavior on roads, high 97 

traffic jams, etc. Authors in [17] describe that driver distraction is estimated to be one of the 98 

leading causes of motor vehicle accidents. However, little is known about the role of emo-99 

tional distraction on driving, despite evidence that attention is highly biased toward emotion. 100 

In their study they used a dual-task paradigm to examine the potential for driver distraction 101 

from emotional information presented on roadside billboards. 102 

 103 

3.a Negative Emotions 104 

 105 

The emotions may be positive or negative, As stated by DMV.org [18] 106 

below are some examples of negative events that may affect your mood and ability to focus 107 

on driving include: 108 

 109 

S.No. Insurance Company Apps Name Tracking Factors 

 

References 

1 Geico DriveEasy 

Speeding, Braking, 

Phone Use, Time of 

day, Distance 

[12] 

2 USAA SafePilot 

Phone Handling and 

hands-free phone 

use, Braking 

[13] 

3 AllState Drivewise 

Safe speed, Braking, 

Time of Day, Mileage 

[14] 

4 StateFarm Drive Safe & Save 

Quick acceleration, 

Hard braking, Fast 

Cornering, Speeding, 

Annual Mileage 

[15] 

5 

American Family 

Insurance KnowYourDrive 

Vehicle usage, 

Braking, 

Acceleration, Speed, 

Time of day, 

Distracted driving 

habits 

[16] 
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• Getting into an argument with your significant other. 110 

• A stressful day at work. 111 

• Another driver on the road cuts you off. 112 

• Receiving sad/distressing news. 113 

• Running late to an important appointment. 114 

 115 

3.b Positive Emotions 116 

 117 

Similar to the effects of negative emotions, positive life events can also leave you just as 118 

distracted on the road. A few examples of positive situations that could result in distracted 119 

driving include: 120 

• Receiving a raise at work. 121 

• Getting good/exciting news. 122 

• Heading to or from a celebration. 123 

• Winning a prize. 124 

• Listening/singing along to a song you like. 125 

Although these situations may not seem problematic at all, getting wrapped up in the emo-126 

tions that come as a result could lead to very negative consequences.  In fact, for some it 127 

might even be harder to let go of positive emotions than negative ones.  128 

The consequences of these emotional distractions may cause accidental damages 129 

to drivers or peer drivers on the road. Some examples may include: 130 

• Drifting into another lane. 131 

• Driving through a red light or stop sign. 132 

• Rear-ending the car ahead of you. 133 

• Hitting a pedestrian. 134 

 135 

Authors in [19] mentioned that in the automotive industry, researcher, AI experts and 136 

developers are pushing deep learning based approaches for in-vehicle safety.  In their 137 

research paper, they propose a hybrid deep learning based visual system for providing 138 

feedback to the driver in a non-intrusive manner.   139 

 140 

4. Results and Discussion: 141 

 142 

For this research work, we implemented a proof of concept with available telematics dataset.   143 

We used “fer2013” training dataset, Angular for Front-end, FastAPI for middleware, 144 

PostgreSQL for backend and Pytest for testing the application.   145 

 146 

The emotional distractions will be analyzed by our supervised learning methodologies. We 147 

mount a camera in front of driver's seat, which observes his facial emotions continuously on 148 

the road and sends data to a customized mobile apps mentioned in Table-1.  The mobile apps 149 

collect the driver’s data continuously and stores them for further analysis.  We divide the data 150 

in different integer values as shown below in Table-2. 151 
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 152 

Emotional Distractions Values assigned 

Normal – there is no distraction 0 

Positive Emotions 1 

Negative Emotions 2 

Texting 3 

                Table-2 Emotional Distractions 153 

 154 

Authors Harpreet Singh, et. al. attempted to review the naturalistic driving studies in 155 

their paper [12].  The paper begins with an overview of different methods for collecting 156 

unobtrusive driver behavior data during their day-to-day trip, followed by a discussion 157 

of various factors affecting driving behavior and their influence on vehicle performance 158 

parameters. The paper also discusses the strategies mentioned in the literature for 159 

improving driving behavior using naturalistic driving studies to enhance road safety.  160 

The paper also discusses the strategies mentioned in the literature for improving 161 

driving behavior using naturalistic driving studies to enhance road safety. Some of the 162 

major findings of this review suggest that i) driver behavior is a major cause in the 163 

majority of the road accidents ii) drivers generally reduce their speed and increases 164 

headway as a compensatory measure to reduce the workload imposed during 165 

distracting activity and adverse weather conditions iii) mobile phone has emerged as a 166 

potential device for collecting naturalistic driving data and, iv) improvement in driving 167 

behavior can be achieved by providing feedback to the drivers about their driving 168 

behavior. 169 

 170 

Texting while driving has been highlighted as a dangerous behavior that leads to 171 

impaired judgement and accidents.   172 

 173 

Dataset Overview: 174 

 175 

The below graphs explain the structure of our sample dataset. 176 

 177 

 178 

           179 

Fig-1. Age, Bmi, Children, Charges                                           Fig-2. Male and Female Count 180 

 181 

 182 

International Journal of Advanced Scientific Discoveries (IJASD)

International Journal of Advanced Scientific Discoveries (IJASD)
Volume 5, Issue 1 (2025)
DOI: 10.66917/ijasd.a000011
https://msis-press.com/journals/ijasd



            183 

            184 

 Fig-3 Smoker’s Count                                Fig-4 Smoker Vs Charges 185 

 186 

 187 

 188 

4.a AI Interpretability in Model Evaluation: 189 

 190 

We further extended our research with Explainability of the model and its performance.  191 

As per [13], Models are interpretable when humans can readily understand the 192 

reasoning behind predictions and decisions made by the model. It further explains that 193 

the more interpretable the models are, the easier it is for someone to comprehend and 194 

trust the model.  As mentioned in the research paper [14], the authors cite that there is 195 

no established consensus on the complete set of factors that makes an AI system explainable, 196 

XAI work commonly shares the goal of making an AI system’s functioning or decisions easy 197 

to understand by people.  We used LIME (Local Interpretable Model-agnostic 198 

Explanations), it is a visualization technique that helps explain individual predictions. 199 

As it is a model agnostic, we used it for our supervised regression model. 200 

 201 

As shown in the visualization, the colors blue and orange, depicting negative and 202 

positive associations of the model. 203 

 204 

Hence, we concluded that, the following features played major contributions in 205 

predicting the insurance charges. 206 

 207 

1. Smoker 208 

2. age 209 

3. bmi 210 

4. drivedata 211 

 212 

The other features like sex and children data did not involve much in this prediction. 213 

 214 

 215 
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  Fig-5 Model Explanations  216 

 217 

 218 

Conclusion: 219 

 220 

The proposed approach is based on the combination of different Supervised Learning (LR, 221 

DS, RFR, SVM) Algorithms. Our Experimental results demonstrate that hybrid approach 222 

gives the overall detection accuracy of 91.98%, better than static and dynamic detection 223 

accuracies of 71.46% and 81.13% respectively.  We also learnt that if we use more data in 224 

our training, the model prediction will be higher and accurate.  Moreover, our Interpretability 225 

technique gives more explainable about the model prediction.   In our future research, we 226 

would be utilizing different types of Explainable AI techniques like, SHAP, GRAD-CAM, 227 

DeepLIFT, etc., for better enhancements of the model accuracy and prediction.   228 

 229 
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