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Abstract: Machine learning (ML) is becoming more common in the insurance industry to predict
costs and help set prices. Accurate predictions help insurance companies set fair prices while keeping
insurance affordable for customers. However, many ML models are difficult to understand, making it
unclear how they make decisions. This study focuses on improving prediction accuracy and making
models easier to interpret by using hyperparameter tuning with Optuna and feature importance
analysis with SHAP (SHapley Additive Explanations). Three models—Ridge Regression, Random
Forest, and XGBoost—were optimized and tested. The results show that XGBoost performed the best,
with a median Rsquared of 0.8655 and RMSE of 4136.59. SHAP analysis found that smoking status,
BMI, and age were the most important factors affecting insurance costs. These findings show that
using both model tuning and explainability tools helps improve ML models for insurance pricing.
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1. Introduction

Machine learning (ML) is commonly used in the insurance industry to predict costs and set prices.
Accurate predictions help insurance companies charge fair prices while making sure that policyholders
are not paying too much. By analyzing customer information such as age, health conditions, and
lifestyle choices, ML models can estimate insurance charges more effectively than traditional methods.
However, while ML models can provide accurate predictions, they are often difficult to understand.
Many models function like "black boxes," meaning that even experts struggle to explain how they
make decisions. This has led to an increased focus on explainability in ML, especially for sensitive
applications like healthcare and insurance pricing [1-3].

This lack of transparency creates challenges in the insurance industry. Without clear explanations,
policyholders may find it difficult to understand why they are being charged a certain amount, and
insurers may struggle to justify pricing decisions. This study aims to address this issue by improving
both accuracy and interpretability. To do this, we use Optuna [4], a powerful tool that helps adjust
model settings through hyperparameter tuning, and SHAP (SHapley Additive Explanations) [5],
which helps analyze important features and explain how they affect predictions.

By applying these methods, we can identify the most important factors influencing insurance costs
while improving the accuracy of predictions. This approach ensures that both insurance companies and
customers can see which factors have the biggest impact on pricing. Ultimately, this study demonstrates
how ML models can be optimized to improve transparency, fairness, and decision-making in the
insurance industry.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2. Methodology
2.1. Dataset and Pre-Processing

The dataset which is used for this analysis is sourced from Kaggle. It includes different factors
such as age, BMI, smoking status, and region. The target variable is "Insurance charges". To prepare
the data for analysis the following steps were taken:

e  First, categorical variables like sex, smoker, and region were converted into numerical form using
one-hot encoding.

*  Next, numerical features such as age, BMI and the number of children were standardized to
ensure consistency.

e  Finally, the data set was divided into training, validation, and test sets using five different random
seeds to make the model results more reliable.

2.2. Machine Learning Models

In this study, three different machine learning models were tested to determine which one works
best for predicting insurance costs. Each model has its own way of learning patterns in the data and
making predictions:

* Ridge Regression: This is a simple model that tries to find patterns using a straight-line approach,
also known as a linear regression. However, unlike basic regression models, Ridge Regression
includes a penalty term to prevent overfitting [3]. Overfitting happens when a model memorizes
the training data instead of learning general patterns, which can lead to poor performance on
new data. Ridge Regression helps control this by making sure that the model does not rely too
heavily on any single feature.

e Random Forest: This model is made up of multiple decision trees, which are like flowcharts that
split the data into smaller groups to make predictions. Instead of using just one tree, Random
Forest combines many trees and takes an average of their predictions [6]. This method reduces
errors and makes the model more stable, meaning it performs better on new data. Because
Random Forest uses multiple trees, it is less likely to overfit compared to a single decision tree.

*  XGBoost: This is an advanced model that builds on the idea of decision trees but takes it a
step further. It works by making a series of trees, where each tree learns from the mistakes of
the previous one. This process, called "boosting," allows the model to continuously improve
its predictions by correcting errors along the way. XGBoost is known for being fast and highly
accurate, making it one of the best models for complex datasets like insurance cost prediction.

These models were tested to compare their accuracy and reliability in predicting insurance costs.
By evaluating their performance, we can determine which model provides the most accurate and
useful predictions for real-world applications.

2.3. Hyperparameter Optimization with Optuna

To make these models work better, Optuna [4] was used to fine-tune their settings, also known
as hyperparameters. Hyperparameters are adjustable settings that control how a model learns from
data. Choosing the right hyperparameters is important because it can significantly improve model
performance.

For Ridge Regression, the alpha value was adjusted to control regularization. Regularization helps
prevent overfitting by reducing the impact of less important features, ensuring the model generalizes
well to new data.

For Random Forest, two key parameters were optimized: the number of trees (n_estimators) and
tree depth (max_depth). The number of trees determines how many decision trees are used in the
model, while tree depth controls how many times each tree can split the data. More trees and deeper
splits can lead to better accuracy, but they can also increase complexity and computation time, so
finding the right balance is essential.
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For XGBoost, three important parameters were fine-tuned: learning rate, number of trees, and
tree depth. The learning rate controls how much the model adjusts with each update, with smaller
values leading to slower but more stable learning. The number of trees and tree depth work similarly
to Random Forest, helping the model capture complex relationships in the data.

The best settings for each model were selected based on the lowest Root Mean Squared Error
(RMSE) score in the validation set. By using Optuna, the tuning process was automated, allowing the
model to test different hyperparameter combinations efficiently and find the best configuration for
accurate predictions.[7]

2.4. Model Evaluation Metrics

The performance of the models was measured using three key metrics:

*  Rsquared Score: Shows how well the model explains the variation in insurance charges. A higher
value means better predictions.

*  Root Mean Squared Error (RMSE): Measures how far the predictions are from the actual values.
A lower RMSE means more accurate predictions.

*  Mean Absolute Error (MAE): Tells us the average difference between predicted and actual values.
Lower values mean better accuracy.

2.5. SHAP Explainability and Feature Selection

SHAP was used to explain model predictions and understand feature importance [5,8]. Features
that had least impact on predictions were considered for removal to simplify the model without
significantly reducing accuracy.Feature importance analysis is a critical component in machine learning
applications in healthcare, as it helps in making fair and interpretable decisions [9].

3. Results

Explainability methods, such as SHAP, help in making machine learning models more inter-
pretable for stakeholders in the insurance sector [10].

Table 1 provides a detailed breakdown of model performance across different random seeds.
Evaluating results across multiple seeds ensures the models’ consistency and reliability. XGBoost,
Random Forest, and Ridge Regression were tested, and the performance metrics varied slightly due to
different data splits. The results show that XGBoost consistently achieves the highest R? score and the
lowest RMSE and MAE across multiple seeds, indicating its robustness in predicting insurance costs.

Table 2 summarizes the median performance of each model across different seeds. The XGBoost
model outperforms Ridge Regression and Random Forest, achieving a median R? of 0.8655 and the
lowest RMSE of 4136.59, demonstrating its superior predictive ability. These findings suggest that
tree-based ensemble methods, particularly boosting algorithms, perform best in modeling non-linear
relationships in insurance cost predictions.

Figure 1 presents a boxplot visualization comparing the performance of Ridge Regression,
Random Forest, and XGBoost across R? RMSE, and MAE. The plot confirms that XGBoost consistently
produces better results across different test seeds, reinforcing its effectiveness.

SHAP analysis was conducted to understand which features had the most impact on predicting
insurance costs. Figure 2a shows the SHAP summary plot, which visualizes how different input
features contributed to the model’s predictions. The color gradient indicates whether a feature’s impact
increased or decreased the predicted cost. The analysis confirms that smoking status, BMI, and age
were the most influential factors, with smoking having the largest effect on insurance charges.

Figure 2b further quantifies these findings by ranking the average SHAP values for each feature.
Smoking status contributed the most to higher costs, followed by BMI and age. Other variables, such
as the number of children and region, had a much smaller effect. This analysis provides deeper insights
into the model’s decision-making process, ensuring greater transparency in how insurance prices are

predicted.
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Table 1. Model Performance Across Different Seeds
Model Seed R2Score RMSE MAE
Ridge Regression 313718 0.7132 7108.67 5177.36
Random Forest 313718 0.8198 5635.96 2984.42
XGBoost 313718 0.8147 5714.82 2960.39
Ridge Regression 456789  0.7581  5791.69 4098.25
Random Forest 456789  0.8786  4102.73 2325.73
XGBoost 456789 0.8875 3950.28 2228.08
Ridge Regression 567890 0.7079 6067.57 4326.31
Random Forest 567890 0.8567 424998 2496.16
XGBoost 567890 0.8655  4117.20 2348.43
Ridge Regression 678901  0.7310  6053.31 4508.03
Random Forest 678901 0.8483  4546.45 2534.06
XGBoost 678901 0.8498 452346 2410.98
Ridge Regression 789012 0.7708  5665.55 4009.71
Random Forest 789012 0.8683 429457 2346.07
XGBoost 789012 0.8778  4136.59 2333.88
Table 2. Model Performance Results

Model R2Score RMSE MAE

Ridge Regression  0.7310  6053.31 4326.31

Random Forest 0.8567 429457 2496.16

XGBoost 0.8655 4136.59 2348.43
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Figure 1. Model Performance Comparison Across R?, RMSE, and MAE

SHAP analysis provided deeper insights into feature importance. Figure 2a shows the SHAP
summary plot, while Figure 2b presents the feature importance ranking.
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Figure 2. SHAP analysis showing feature contributions to model predictions.

4. Discussion

The study demonstrated that XGBoost, with optimized hyperparameter’s, is the best model
for predicting insurance costs [1,2]. The results suggest that tree-based models can capture complex
relationships in insurance data better than linear models. The use of SHAP also provided valuable
insights into feature importance, showing that smoking status, BMI, and age are key drivers of
insurance charges. Future work can explore more advanced ensemble techniques or include additional
variables, such as medical history, to improve prediction accuracy [3]. Additionally, integrating deep
learning approaches could further enhance model performance in large-scale insurance datasets [9].
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5. Conclusion

This study shows that improving machine learning models can help make better predictions for
insurance costs. By adjusting model settings with Optuna and using SHAP to understand important
factors, XGBoost was found to be the best model. It had the highest accuracy with a median R? of
0.8655 and an RMSE of 4136.59. The SHAP analysis showed that smoking status, BMI, and age had
the biggest impact on insurance costs.

These results are useful for the insurance industry. More accurate predictions can help companies
set fair prices while making sure customers are not overcharged. Also, SHAP makes the model more
understandable, helping both insurers and policyholders see why certain factors affect pricing.

For future improvements, deep learning methods like neural networks could be tested to find
more complex patterns in the data [9]. Adding more details like medical history, lifestyle, or income
level could also improve predictions. Another idea is to combine different models to make predictions
even stronger and more reliable [6].

Overall, this study highlights the importance of using both model tuning and explainability
tools to improve predictions. Future work can continue improving these methods to make insurance
pricing more accurate, fair, and easy to understand.

6. Code and Data Availability

The code used for this study is available in the following GitHub repository: GitHub Repository
Link.

The dataset used for this study is publicly available on Kaggle: [11] Kaggle Insurance Dataset.
For reproducibility, all scripts and preprocessing steps are documented in the GitHub repository.
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