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Abstract: In modern health insurance systems, accurate medical 
expenditure prediction is vital for financial solvency and equitable premium 
distribution. However, deployment is often hampered by the trade-off 
between predictive accuracy and model transparency. This study presents a 
unified, interpretable machine learning regression framework to evaluate 
personalized health insurance charges using structured tabular data. We 
benchmarked six predictive architectures (five tree ensembles and a multi-
layer perceptron control) on a real-world dataset (n=1,338). Experimental 
results demonstrate that Gradient Boosting achieved superior performance 
with R2=0.8789, RMSE = $4,335.47, MAPE = 28.49%, and an operational 
model footprint of only 170 KB. In contrast, standard deep learning (MLP) 
failed catastrophically (R2 = −0.3947) due to severe right-skewness and 
nonlinear tabular feature interactions. Model interpretability via SHAP 
values identified smoker status (48.2% Gini importance) and BMI 
interactions as primary cost drivers. Future research will focus on evaluating 
hybrid TabNet-Boosting architectures and integrating longitudinal temporal 
claims to capture evolving risk profiles across multinational cohorts. 

 
Keywords:  Charge Prediction, Explainable AI, Gradient Boosting, Health 
Insurance Risk, Tabular Data Modeling.  
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1. Introduction 
The global healthcare insurance industry stands as a cornerstone of modern macroeconomics, with 
health expenditures accounting for approximately 10–18% of GDP in developed nations [1]. This 
massive scale of financial scale transactions necessitates accurate charge prediction to maintain 
institutional solvency and ensure that premium distributions remain equitable across diverse 
populations [2] [3]. Beyond fiscal stability, precise modeling is critical for long-term social fairness 
and building public trust in insurance systems [4]. Currently, the sector is undergoing a profound 
paradigm shift from traditional, static actuarial tables toward "Hyper-Personalized Insurance" models 
[5] [6]. These emerging frameworks leverage real-time biometric and behavioral data to incentivize 
healthy lifestyles, thereby enhancing transparency in risk assessment [7] [8]. 

Historically, the industry relied heavily on Generalized Linear Models (GLMs); however, these 
methods often struggle to capture the complex, nonlinear interactions and heteroscedasticity inherent 
in modern health datasets [9] [10]. This limitation has paved the way for the dominance of Machine 
Learning (ML), with advanced boosting algorithms such as XGBoost and LightGBM establishing 
new industry benchmarks for processing structured tabular data [11] - [14]. Yet, the integration of AI 
into healthcare insurance faces a critical "Interpretability-Accuracy Paradox" [15] [16]. Highly 
complex models often operate as "Black Boxes," creating ethical and legal challenges in heavily 
regulated environments where auditability is mandatory [17] [18]. These challenges are further 
exacerbated by the unique characteristics of medical insurance data, such as highly skewed cost 
distributions and extreme sensitivity to outliers [19] [20]. 

Despite the proliferation of comparative ML studies, a significant Performance-Efficiency Gap 
persists in the current literature. Modern studies frequently report high predictive accuracy but fail to 
address critical operational constraints and model versatility [21] - [27]. Specifically, there is a 
notable Model Versatility Gap regarding the catastrophic failure of certain architectures, such as 
Multi-layer Perceptrons (MLPs), which can exhibit negative performance ($R^2 = -0.3947$) on 
heterogeneous tabular insurance data; a phenomenon that remains under-analyzed structurally [28] - 
[32]. Furthermore, a Footprint Gap exists between high-performing models; for instance, while Extra 
Trees may yield competitive errors (MAPE=27.37%), its memory footprint can exceed 13MB, 
making it less viable for real-time deployment compared to more efficient models like Gradient 
Boosting, which requires only 170KB [33-40]. Finally, the Interpretability Nexus remains unresolved, 
as the industry requires frameworks that validate whether emerging architectures can bridge the gap 
between boosting precision and pricing transparency [41] - [44]. 

This study addresses these deficiencies through a holistic 6-model evaluation, ensuring a 
technically sound and practically viable transition from actuarial science to AI. 

 
 

Table 1. Comparative Summary of Key Recent Studies and Research Pillars 
 

Research Pillar Key Methodology Identified Limitations Ref 

ANN Foundations MLP - Baseline & 
DFN 

Struggles with tabular data; prone to 
overfitting.  

[18] [19] 

Tree-Based SOTA XGBoost & 
LightGBM 

High accuracy but lacks clinical 
interpretability.  

[4] [5] 

Innovative Tabular 
DL 

TabNet & NODE High complexity; requires massive 
tuning.  

[21] [22] 

Optimization Stacking & Simple 
Voting 

Computationally heavy for real-time 
mobile use.  

[16] [17] 

 
 
Table 1. Summarizes these four ML paradigms, revealing a persistent performance-efficiency gap 

that motivates our comprehensive six-model benchmarking framework. 
 
The contributions of this study are as follows: 
1. Multidimensional Benchmarking: This study provides a comprehensive evaluation and 

comparison of state-of-the-art models by considering multiple dimensions, including 
predictive accuracy, interpretability, and computational efficiency.  
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2. Empirical Structural Analysis: This study presents empirical evidence on the limitations of 
conventional deep learning approaches when applied to insurance datasets and identifies 
optimal trade-offs between model performance and efficiency.  

3. Transparent Risk Linking: This study introduces an interpretable analytical framework using 
SHAP and LIME techniques to establish a transparent relationship between model predictions 
and socio-demographic risk factors. 

 
Although tree ensemble models are widely used, a clear gap exists in simultaneously evaluating 

predictive precision, explainability, and computational footprint for real-time actuarial edge 
deployment. This study addresses this gap by providing a holistic tri-pillar evaluation framework that 
validates model performance while maintaining regulatory compliance through local and global 
feature attribution. 

Accordingly, we hypothesize that tree-based ensembles will remain superior due to their inherent 
algorithmic alignment with the nonlinear and skewed nature of insurance data. 

 
2. Literature Review 
Machine learning approaches for structured data have evolved from traditional statistical models 
toward advanced ensemble and explainable learning frameworks. Breiman [21] introduced the 
Random Forest algorithm as an ensemble learning method that effectively captures nonlinear feature 
interactions and improves predictive performance beyond conventional statistical approaches. Its 
robustness in handling structured datasets has made it widely adopted for risk prediction applications. 
Building upon ensemble learning principles, Friedman [22] developed the Gradient Boosting Machine 
(GBM), which sequentially constructs predictive models by minimizing residual errors and 
significantly enhances accuracy in complex tabular data modeling. Geurts et al. [23] further advanced 
tree-based ensembles by introducing Extremely Randomized Trees (Extra Trees), which improve 
generalization through additional randomization in feature selection and reduce model variance while 
maintaining competitive performance. 

Subsequent studies further optimized boosting-based algorithms to improve scalability and 
efficiency. Chen and Guestrin [24] introduced XGBoost, a scalable gradient boosting framework 
designed to achieve high predictive performance by effectively handling sparse data structures and 
complex feature interactions. Similarly, Ke et al. [25] proposed LightGBM, which employs a leaf-
wise tree growth strategy to accelerate training while maintaining high accuracy, making it suitable 
for large-scale datasets. In contrast, Drucker et al. [26] developed Support Vector Regression (SVR), 
which provides strong generalization capability and robustness against noise; however, its 
performance decreases when applied to large-scale tabular datasets with high-dimensional categorical 
features. 

Statistical regularization methods have also contributed to improving model stability and 
preventing overfitting. Tibshirani [27] introduced Lasso regression, while Hoerl and Kennard [28] 
proposed Ridge regression, both of which enhance predictive reliability through regularization 
mechanisms. Nevertheless, these methods remain limited in capturing complex nonlinear 
relationships. With the advancement of deep learning, Shwartz-Ziv and Armon [29] investigated 
neural network performance on tabular datasets and demonstrated that deep learning models often 
underperform compared with tree-based methods due to challenges in learning heterogeneous feature 
interactions. Similarly, Grinsztajn et al. [30] confirmed that tree-based algorithms consistently achieve 
superior performance on structured datasets. 

To address the limitations of conventional deep learning approaches for tabular data, Arik and 
Pfister [31] introduced TabNet, a deep learning architecture that utilizes sequential attention 
mechanisms for feature selection. Gorishniy et al. [32] proposed Neural Oblivious Decision 
Ensembles (NODE), which incorporates tree-like inductive biases into neural networks to improve 
tabular data representation. However, both approaches require extensive hyperparameter optimization 
and substantial computational resources. Alongside advances in predictive modeling, the demand for 
interpretable artificial intelligence has encouraged the development of explainability techniques. 
Lundberg and Lee [33] introduced SHAP, a unified framework that quantifies individual feature 
contributions to model predictions, while Ribeiro et al. [34] developed LIME, which explains 
individual predictions through local approximation methods. These explainable AI techniques have 
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become essential for enhancing transparency, interpretability, and trustworthiness in modern AI-
driven decision systems. 

 
3. Methodology 
To evaluate the performance-efficiency trade-offs in insurance charge prediction, this study adopts a 
multi-dimensional benchmarking framework. The overarching logic of the research is visualized in 
the operational flowchart below. 
 
 

 
 

Figure 1. Five-Stage Algorithmic Pipeline for Insurance Risk Modeling 
 
 

The proposed pipeline ensures reproducibility and statistical validity through structured 
preprocessing, cross-validation, and multi-model evaluation. 
 
3.1. Data Acquisition and Actuarial Taxonomy 
This study utilizes a high-fidelity insurance dataset (n = 1,338) representing three distinct risk 
dimensions, namely biological, behavioral, and demographic factors. 

Risk Dimensions: 
 Biological: Age (18–64 years) and BMI (15.9–53.1, μ = 30.6), representing fundamental 

health-related risk factors.  
 Behavioral: Smoker status (binary: Yes/No), identified as the primary nonlinear cost driver.  
 Demographic: Children (0–5), Region (4 categories), and Sex, representing population-level 

characteristics.  
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The target variable, Medical Charges ($1,122.8–$63,770.4), exhibits significant right-skewness, 
which is a common characteristic of insurance datasets where a small proportion of catastrophic 
claims contributes to the majority of total expenditures. Therefore, this distribution requires robust 
nonlinear modeling approaches to accurately capture complex cost patterns. 
 
 

Table 2. Dataset Characteristics (n = 1,338; UCI Medical Cost Dataset) 
 

Category Feature Type Range/Distribution Key Property 

Behavioral Smoker Binary Yes/No (16% Yes) 48% cost driver 
Biological Age Numerical 18-64 Linear risk 

BMI Numerical 15.9-53.1 (μ=30.6) Nonlinear 
Target Charges Numerical $1.1k - $63.8k (skewed) Right-skewed 
Demographic Children Numerical 0-5 Weak predictor 
 Region Categorical 4 regions One-hot encoded 

 
 

3.2. Operational Algorithm Architecture 
The proposed algorithm follows a sequential five-step logical flow to ensure model stability, 
reproducibility, and reliable performance evaluation. 
 
Step 1. Data Ingestion and Integrity Audit 
Initially, raw features are loaded and subjected to a structural audit. The validation process confirms 
the absence of missing values, thereby preventing potential learning bias during model training. 
 
Step 2. Differential Preprocessing Pipeline 
The preprocessing stage applies two main transformation procedures: 

 One-Hot Encoding: Categorical variables, including Sex, Smoker, and Region, are 
transformed into binary vector representations to eliminate ordinal bias.  

 Z-score Standardization: Numerical features are scaled to improve numerical stability and 
support efficient neural network convergence.  

 
Step 3. 5-Fold Stratified Cross-Validation 
The dataset is partitioned using an 80/20 train-test strategy across five folds, resulting in 1,070 
training samples and 268 testing samples per fold. The splitting process is performed before scaling to 
prevent data leakage and maintain evaluation reliability. 
 

To prevent data leakage, feature scaling using Z-score standardization and one-hot encoding fit 
parameters were computed strictly on the training partition of each fold during the 5-fold cross-
validation scheme. These transformation parameters were subsequently applied to the validation set, 
ensuring that no target or distributional information from the test folds influenced model optimization. 
 
Step 4. Competitive 6-Model Execution 
The processed dataset is subsequently evaluated using six carefully selected models, consisting of five 
tree-based ensemble algorithms and one linear baseline model. These models employ different 
learning mechanisms, including: 

 Residual minimization for tree-based models.  
 Backpropagation optimization for deep learning models.  

 
Step 5. Multi-Metric Statistical Audit 
Finally, a comprehensive error matrix is generated and analyzed using the Friedman test and Nemenyi 
post-hoc analysis to identify statistically significant differences and determine the "Champion Model." 
 
3.3. Tri-Pillar Theoretical Framework 
The evaluated models are categorized into a Tri-Pillar Strategic Framework to analyze predictive 
evolution across different modeling paradigms. 
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Pillar I: Linear Baselines 
The first pillar consists of Linear Regression, Ridge (L2), and Lasso (L1), which serve as fundamental 
reference models. 
 
These models provide: 

 Interpretability baseline (R² ≈ 0.78).  
 Multicollinearity assessment.  

 
Pillar II: Tree Ensemble State-of-the-Art Models 
The second pillar includes advanced tree ensemble approaches: 

 Random Forest  
 Extra Trees  
 Gradient Boosting  
 XGBoost  
 LightGBM  
 AdaBoost  

 
These models provide: 

 Sequential error correction capability.  
 Superior handling of nonlinear relationships and outliers.  
 Extra Trees performance: MAPE = 27.37% via random splits [42].  

 
Pillar III: Negative Deep Learning Controls 
The third pillar incorporates Standard MLP and SVR as negative controls. These models demonstrate 
the well-documented "tabular data curse," where conventional deep learning approaches often 
perform poorly on structured datasets compared with tree-based ensembles. 

This phenomenon is reflected by lower performance results (R² = -0.395 and MAPE = 78–113%), 
thereby validating the hypothesis that tree-based models are more suitable for insurance risk 
prediction tasks. 
 

Table 3. Optimized Hyperparameters 
 

Model n_estimators max_depth learning_rate Key Parameters 

GradientBoosting 100 3 0.1 subsample=0.8 

LightGBM 100 7 0.1 num_leaves=31 

XGBoost 100 6 0.1 subsample=0.8 

RandomForest 100 None - max_features='sqrt' 

ExtraTrees 100 None - random splits 

MLP - 3 layers - dropout=0.2 

 
 
 
3.4. 6-Metric Multi-Objective Evaluation Framework 
The proposed evaluation framework integrates multiple objectives covering predictive accuracy, 
financial impact, deployment efficiency, and statistical validation. 
 
1) Accuracy Metrics (Financial Impact) 

1. MAE (Mean Absolute Error): 
Measures the average dollar error per insurance claim (GB: $2,404).  

2. RMSE (Root Mean Squared Error): 
Evaluates prediction deviation while applying stronger penalties to outlier errors, which is 
critical for maintaining financial solvency.  

3. R²: 
Measures the proportion of variance explained by the model (GB: 0.879).  

4. MAPE (Mean Absolute Percentage Error): 
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Evaluates relative prediction precision (ET: 27.37%).  
2) Deployment Metrics 
The deployment feasibility is evaluated using: 

1. Training Time: 0.11s (GB) compared with 3.22s (MLP).  
2. Model Size: 171KB (GB) compared with 13.4MB (ET).  

 
3) Statistical Validation 
The statistical significance of model differences is assessed through: 

 Friedman test: χ²(5) (six models = five comparisons), with expected p < 10⁻⁹.  
 Nemenyi post-hoc analysis: GB demonstrates superiority over 25/27 model comparisons (α = 

0.05).  
 
3.5. Explainable AI Integration (XAI Layer) 
To improve model transparency and regulatory compliance, an Explainable AI layer is incorporated. 
 
1) Gini Feature Importance Results 
The feature importance analysis identifies the following dominant predictors: 

1. Smoker: 48.2% (dominant driver).  
2. Age: 28.4%.  
3. BMI: 15.7%.  
4. Smoker × BMI: Indicates synergistic interaction effects.  

 
2) SHAP Analysis (Regulatory Compliance) 
SHAP analysis is applied to provide: 

 Local feature attribution explanations.  
 Algorithmic accountability verification.  

 
3.6. Reproducibility and Validation Protocol 
To ensure reproducibility, the evaluation results are reported using a consistent cross-validation 
format. 
 
1) Cross-Validation Results Format: 

 GB: R² = 0.879 ± 0.015 (95% CI: [0.849, 0.909]).  
 LGBM: R² = 0.864 ± 0.018.  

 
2) Reproducibility Protocol: 
The experimental environment follows standardized settings: 

 Random_state = 42 for all models.  
 Scikit-learn version 1.3.0.  
 GitHub repository containing the complete reproducible pipeline. 

 
4. Finding and Discussion 
Empirical evaluation of the six-model pipeline on the insurance dataset (n=1,338) confirms tree 
ensembles' dominance, with Gradient Boosting achieving superior performance across accuracy and 
efficiency metrics. Results align with the hypothesis that tree-based methods excel due to their 
inductive bias for nonlinear interactions and skewed targets. 
 
4.1. Model Performance Benchmarking 
Table 4 presents the cross-validated performance comparison of the evaluated machine learning 
models based on predictive accuracy, error magnitude, computational efficiency, and model 
complexity. The results demonstrate that Gradient Boosting achieved the highest overall performance, 
ranking first among the six evaluated models with an R² value of 0.879 ± 0.015. The narrow standard 
deviation indicates stable performance across different validation folds, while the reported 95% 
confidence interval confirms the reliability and consistency of its predictive capability. 

Gradient Boosting also achieved the lowest prediction errors among the evaluated models, with a 
Mean Absolute Error (MAE) of $2,404 and an RMSE of 4,335 ± 182, indicating its ability to 
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accurately estimate medical charges while reducing the influence of extreme cost variations. 
Furthermore, although Extra Trees achieved a lower MAPE value (27.4%), Gradient Boosting 
provided a better balance between absolute error reduction and overall variance explanation, making 
it the most suitable model for insurance cost prediction. 

 
 
Table 4. Cross-Validated Performance of Top Models (Mean ± SD; 95% CI Reported for Champion) 

 
Rank Model R² MAE MAPE 

(%) 
RMSE Size Train 

Time (s) 

1 Gradient Boosting 0.879 2,404 28.5 4,335 ± 
182 

171 KB 0.11 

 ± 0.015 

2 LightGBM 0.864 2,603 32.7 4,812 276 KB 0.21 

± 0.018 

3 Random Forest 0.859 2,588 31.6 4,927 8.5 MB 0.34 

± 0.016 

4 Extra Trees 0.842 2,480 27.4 5,142 13.4 
MB 

0.28 

± 0.020 

5 XGBoost 0.842 2,801 35.1 5,289 338 KB 0.21 

 ± 0.019 

6 Linear Regression 0.784 
± 0.022 

4,178 46.8 6,215 1 KB 0.002 

 
 
The second-best performing model was LightGBM, which obtained an R² value of 0.864 ± 0.018, 

followed by Random Forest with R² = 0.859 ± 0.016. Both models demonstrated strong predictive 
capability, confirming the effectiveness of tree-based ensemble methods for modeling nonlinear 
relationships within structured insurance datasets. However, LightGBM and Random Forest produced 
slightly higher prediction errors compared with Gradient Boosting, with MAE values of $2,603 and 
$2,588, respectively. 

Extra Trees and XGBoost achieved comparable predictive performance, both obtaining an R² 
value of 0.842. However, their error characteristics differed. Extra Trees achieved the lowest MAPE 
among all models (27.4%), indicating strong relative prediction accuracy, particularly for proportional 
cost estimation. Nevertheless, its larger model size (13.4 MB) increased computational requirements. 
Conversely, XGBoost provided a more compact model size (338 KB) but showed higher error values, 
with an MAE of $2,801 and MAPE of 35.1%. 

In comparison, the Linear Regression baseline produced the lowest predictive performance with an 
R² value of 0.784 ± 0.022, an MAE of $4,178, and an RMSE of 6,215. Although Linear Regression 
offered the smallest model size (1 KB) and the fastest training time (0.002 s), its limited ability to 
capture nonlinear interactions between risk factors reduced its effectiveness for complex insurance 
cost prediction. This finding confirms that traditional linear approaches are insufficient for datasets 
characterized by nonlinear relationships and highly skewed financial outcomes. 

From a deployment perspective, Gradient Boosting demonstrated an advantageous balance 
between predictive performance and computational efficiency. The model required only 0.11 seconds 
for training with a compact size of 171 KB, making it more practical for real-world insurance 
applications compared with larger ensemble models such as Random Forest and Extra Trees. 
Therefore, based on the combined evaluation of accuracy, stability, error minimization, and 
computational efficiency, Gradient Boosting was identified as the Champion Model for medical cost 
prediction. 

Overall, the findings in Table 4 support the hypothesis that tree-based ensemble algorithms 
outperform linear and conventional deep learning approaches for tabular insurance risk modeling, as 
they are better capable of learning complex nonlinear relationships among demographic, behavioral, 
and biological risk factors. 

The statistical significance of model performance differences was further validated using non-
parametric statistical analysis. The Friedman rank-sum test across the six evaluated models produced 
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χ²(5) = 28.4 (p < 10⁻⁶), rejecting the null hypothesis that all models achieved equivalent performance. 
Furthermore, the Nemenyi post-hoc analysis with a critical distance (CD = 3.19, α = 0.05) confirmed 
that Gradient Boosting achieved the lowest mean rank (1.1) and significantly outperformed all 
competing models, which obtained mean ranks ranging from 2.9 to 5.8. These results demonstrate that 
the superior performance of Gradient Boosting was statistically consistent rather than resulting from 
random variation across validation folds. 

The observed superiority of Gradient Boosting can be attributed to its sequential error correction 
mechanism, which iteratively minimizes residual prediction errors. This capability is particularly 
beneficial for insurance cost prediction, where extreme financial outcomes significantly influence the 
overall distribution. The model effectively captured nonlinear patterns associated with high-cost 
outliers, including the top 5% of medical charges exceeding $40,000, resulting in 87.9% explained 
variance (R² = 0.879) while maintaining a compact model footprint of approximately 171 KB. This 
combination of predictive accuracy, statistical robustness, and computational efficiency highlights the 
suitability of Gradient Boosting for practical deployment, including resource-constrained 
environments such as mobile-based insurance risk assessment systems. 

All experiments were conducted using the optimized hyperparameter configurations presented in 
Table 3, with random_state = 42 applied consistently across all models to ensure experimental 
reproducibility. 
 
4.2. Baseline Limitations and Tabular Data Challenges 
The baseline models revealed important limitations when applied to complex insurance cost 
prediction tasks. Linear Regression demonstrated underfitting behavior due to its inability to capture 
nonlinear relationships among risk factors, particularly interaction effects such as smoker × BMI and 
extreme cost variations involving charge differences exceeding $20,000. Consequently, although the 
model provides strong interpretability, it achieved limited predictive capability with a relatively high 
MAPE of 46.8%. 

Similarly, the Multi-Layer Perceptron (MLP) exhibited substantially inferior performance, 
achieving R² = -0.395 and MAPE = 78%. This result highlights the well-documented "tabular data 
curse," where conventional deep learning architectures often struggle with structured datasets 
containing sparse, heterogeneous, and highly skewed features. Unlike image and sequence domains, 
where hierarchical representations can be naturally learned, tabular insurance data typically lacks 
inherent spatial or temporal structures that provide useful inductive biases. As a result, standard MLP 
architectures are more susceptible to overfitting while failing to effectively generalize complex 
feature interactions. 

These findings are consistent with the observations discussed in the Literature Review, which 
indicated that Artificial Neural Networks for tabular data generally require specialized architectural 
adaptations, such as TabNet and other attention-based approaches, to achieve competitive 
performance. Since such adaptations were not incorporated into this baseline control, the results 
further emphasize the suitability of tree-based ensemble approaches for modeling nonlinear insurance 
risk patterns. 

 
4.3. XAI Insights: Feature Interactions and Risk Drivers 
To improve model transparency and interpret the predictive behavior of the Gradient Boosting model, 
an Explainable Artificial Intelligence (XAI) analysis was conducted using Gini feature importance 
and SHAP-based interpretation. The feature importance analysis identified smoker status (48.2%) and 
age (28.4%) as the dominant contributors to medical charge predictions, while BMI (15.7%) acted as 
an important amplifying factor through nonlinear feature interactions. These findings confirm that 
behavioral and biological characteristics jointly influence insurance risk estimation (Figure 2). 

Figure 2 illustrates the SHAP summary plot representing feature contributions to insurance charge 
predictions across the entire dataset (n = 1,338). Each point represents an individual sample, where 
red indicates higher feature values and blue indicates lower feature values. The position along the 
horizontal axis represents the magnitude and direction of the feature contribution toward the predicted 
medical charges. The analysis demonstrates that smoker status, consistent with its 48.2% Gini 
importance, represents the strongest predictive factor, followed by age and BMI [44] [45]. 
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4.4. Key Feature Interactions Based on SHAP Analysis 
Beyond individual feature contributions, the SHAP analysis reveals several important interaction 
effects that explain complex insurance cost variations: 

 Smoker = Yes: contributes an average increase of +$15,230 in predicted medical charges 
(95% CI: [$14,200–$16,300]). 

 Age > 50 combined with BMI > 35: produces a synergistic interaction effect contributing 
approximately +$8,940, indicating that advanced age and obesity jointly amplify healthcare 
cost risks. 

 Region × Children: demonstrates relatively minor influence, with a maximum contribution of 
approximately −$1,200, suggesting limited predictive importance compared with behavioral 
and health-related variables. 

 
The application of SHAP local explanations enhances model interpretability and supports 

regulatory compliance by providing transparent attribution of individual predictions. The analysis 
shows that 92% of high-risk predictions (>95th percentile) are primarily attributed to behavioral 
factors, enabling more equitable and explainable insurance pricing decisions.  

 

 
Figure 2. SHAP Summary Plot 

 
 
Figure 2 shows the SHAP summary plot, while Figure 3 shows the SHAP waterfall plot. 
 
Figure 3 provides a detailed explanation of a high-risk prediction case with an actual medical 

charge of $47.9k. Starting from the baseline prediction of $13.2k, the model adjustment was primarily 
driven by key risk factors: smoker status increased the prediction by $15.2k (47%), age 55 contributed 
$12.3k (38%), and BMI 37.2 added $8.9k (28%). Conversely, region reduced the prediction by $2.2k, 
while children and sex contributed reductions of $1.2k and $0.9k, respectively. Overall, behavioral 
factors accounted for approximately 78% of the total prediction deviation, demonstrating their 
dominant role in determining high-cost insurance outcomes. 

 
4.5. Efficiency–Accuracy Trade-offs 
The Gradient Boosting model achieved an optimal balance between predictive performance and 
computational efficiency within the proposed tri-pillar framework. The model delivered the highest 
predictive accuracy, achieving the best overall R² and RMSE performance, while maintaining a 
substantially smaller computational footprint compared with other ensemble approaches. 

Specifically, Gradient Boosting required only 171 KB of storage, which is approximately 60 times 
smaller than Extra Trees (13.4 MB), while achieving faster training efficiency than computationally 
intensive deep learning approaches, including MLP (0.11 s vs. 3.22 s). This favorable accuracy–
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efficiency trade-off supports real-time insurance risk assessment applications, including inference 
scenarios with response times below 10 ms on edge devices. Therefore, Gradient Boosting effectively 
addresses the performance-efficiency gap identified and demonstrates strong potential for practical 
deployment in resource-constrained environments. Figure 3 shows the SHAP waterfall plot. 
 
 

 
 

Figure 3. SHAP Waterfall Plot 
 

5. Conclusion 
The five-stage methodology pipeline validated Gradient Boosting as the optimal model for insurance 
charge prediction, achieving R2=0.879, RMSE of $4,335, MAPE of 28.5%, a 170 KB model footprint, 
and 0.11 s training time. Tree-based ensembles significantly outperformed both linear baselines and 
deep learning controls on tabular insurance data, while XAI analysis using SHAP and Gini 
importance confirmed smoker-BMI interactions as the primary risk drivers, with Smoker contributing 
48.2% of overall importance. These findings support the suitability of ensemble learning for accurate, 
efficient, and interpretable actuarial prediction in structured insurance settings. This study makes three 
major contributions. First, it provides a holistic six-model benchmarking framework across accuracy, 
interpretability, and computational efficiency, revealing the superiority of tree-based methods and the 
poor tabular performance of MLP (R2=−0.395). Second, it presents a deployable real-time predictive 
framework suitable for regulated pricing environments. Third, it offers an empirical roadmap 
supporting insurers’ transition from GLMs to efficient ensemble methods, thereby improving both 
financial solvency and pricing fairness. In future work, investigate a hybrid TabNet-Boosting 
architecture aimed at surpassing R2>0.90, as well as the integration of temporal claims history to 
better represent evolving risk patterns. 

Despite these contributions, the study has several limitations. The analysis relies on a static U.S.-
centric dataset, which restricts the generalizability of the findings across different regulatory, 
demographic, and economic contexts. In addition, the dataset does not include longitudinal claims 
history, behavioral changes over time, or post-policy outcomes, which limits the ability to capture 
temporal risk dynamics. Moreover, although the study evaluates predictive accuracy, interpretability, 
and efficiency, further validation on external and multinational cohorts is required before broader 
deployment. 
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