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Research on Insurance Claim Prediction Using Ensemble
Learning-Based Dynamic Weighted Allocation Model

Jong-Seok Choi*
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Abstract Predicting insurance claims is a key task for insurance companies to manage risks
and maintain financial stability. Accurate insurance claim predictions enable insurers to set
appropriate premiums, reduce unexpected losses, and improve the quality of customer service.
This study aims to enhance the performance of insurance claim prediction models by applying
ensemble learning techniques. The predictive performance of models such as Random Forest,
Gradient Boosting Machine (GBM), XGBoost, Stacking, and the proposed Dynamic Weighted
Ensemble (DWE) model were compared and analyzed. Model performance was evaluated using
Mean Absolute Error (MAE), Mean Squared Error (MSE), and the Coefficient of Determination
(R*). Experimental results showed that the DWE model outperformed others in terms of
evaluation metrics, achieving optimal predictive performance by combining the prediction
results of Random Forest, XGBoost, LR, and LightGBM. This study demonstrates that ensemble
learning techniques are effective in improving the accuracy of insurance claim predictions and
suggests the potential utilization of Al-based predictive models in the insurance industry.
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2.1.2 Boosting

AH 07 BES SFAI7| L, o) HElY] 0RE
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H 1. Comparison of bagging algorithms
Table 1. Comparison of bagging algorithms

Algorithms Advantages Disadvantages
High prediction . _
Random | accuracy, effectively | DUt 1O interpret,

can be slow with

Forest handles various
; large datasets
variables
Easy to understand | Prone to overfitting,
Decision and interpret, may have lower
Tree handles non-linear predictive
; ; :

) Prevents overfitting,
Bagging

. Difficult to interpret,
> effectively handles
Decision - . slower compared to a
various variables .
Tree single tree

and interactions
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H 2. Comparison of Boosting algorithms
Table 2. Comparison of Boosting algorithms

Algorithms Advantages Disadvantages
High predictive
performance, Slow training
GBM  |allows for extensive speed,
hyperparameter | high memory usage
tuning_
Fast training Complex hyperparam
XGBoost speed,include eter tuning, high me

regularization to
prevent overfittina
Simple and easy to
implement, improves
performance by
weighting classified
samples
Very fast training
speed, suitable for
large dataseis

mory usage

Sensitive to noise,
difficult to achieve
high accuracy

AdaBoost

difficult hyperparamet

LightGBM er tuning
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H 3. Comparison of Stacking algorithms
Table 3. Comparison of Stacking algorithms

Algorithms Advantages Disadvantages
High predictive
performance, Difficult to interpret,
Random . .
effectively handles | can be slow with
Forest . :
arious variables and large datasets
nteractions
Fast training speed, h
igh predictive perfor|Complex hyperparam
XGBoost | mance, includes eter tuning,
regularization to | high memory usage
prevent overfittina
Does not handle non
Linear Simple and fast, | -linear relationships
Regression| easy to interpret |well, difficult to mode
| complex interactions
- Easy to_ understand Prone to overfitting,
Decision and interpret, .
; may have lower predi
Tree handles non-linear .
. ; ctive performance
Support ngI;f predictive g . .
Vector p?f orman}c(:e, h‘O\}/1v training speed,
Machine ia_ ective for igh memory usage
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Table 5. Dynamic Weighted Ensemble Model Steps

Step Operation details

1 Basic Model Training: Train the Random Forest,
XGBoost, and LightGBM models.

Prediction Performance Evaluation: Evaluate the pr

2 |ediction results of each base modelzand calculate

Dynamic Weight Calculation: Calculate weights
3 [pased on the performance metrics of each base
model. Assign higher weights to models with

eighted Prediction Combination: Multiply the
4 |prediction results of each base model by their

Meta Model Training: Use a linear regression
5 metla—model to combine the weighted prediction r
sults
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Table 5. Experiments and Results 1

Algorithms MAE MSE R?
R;‘:r‘i‘;rt” 0.26 0.13 0.93
XGBoost 0.24 0.1 0.95
LightGBM 0.22 0.09 0.97
Stacking 0.20 0.08 0.97
DWE 0.20 0.07 0.97
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Table 6. Experiments and Results 2

Algorithms MAPE EVS MedAE
Random 125 0.92 35
Forest
XGBoost 11.0 0.94 34
LightGBM 10.5 0.95 28
Stacking 9.3 0.95 26
DWE 9.3 0.94 25
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