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Abstract. This study presents a comprehensive investigation into insurance pre-
mium prediction utilizing advanced ensemble machine learning methodologies.
The research employs a sophisticated stacking framework that integrates ten dis-
tinct predictive models, including CatBoost, LightGBM variants, XGBoost, Ran-
dom Forest, and Linear Regression, to accurately forecast insurance premium
amounts. Through meticulous feature engineering, target encoding strategies, and
cross-validation techniques, the ensemble approach achieves a remarkable root
mean squared logarithmic error of 1.045375 on validation data. The dataset com-
prises 1.2 million training observations and 800,000 test samples with 20 predic-
tor variables encompassing demographic, financial, health, and policy-related at-
tributes. The methodology addresses critical challenges including missing value
imputation, categorical variable transformation, and model heterogeneity optimi-
zation. Results demonstrate that strategic combination of gradient boosting algo-
rithms with varying hyperparameter configurations yields superior predictive
performance compared to individual models, with LightGBM configurations
achieving validation errors as low as 1.04583. This research contributes to the
actuarial science domain by establishing a robust framework for premium esti-
mation that balances predictive accuracy with computational efficiency, offering
practical implications for insurance industry applications in risk assessment and
pricing optimization.
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1 Introduction

The insurance industry operates within an increasingly complex landscape where accu-
rate premium prediction serves as a cornerstone for sustainable business operations and
competitive positioning. Insurance premium determination represents a multifaceted
challenge that requires sophisticated analytical frameworks capable of processing di-
verse information sources including demographic characteristics, financial indicators,
health metrics, and behavioral patterns. Traditional actuarial approaches, while foun-
dational, often struggle to capture the intricate nonlinear relationships and high-dimen-
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sional interactions present in modern insurance datasets. The advent of machine learn-
ing methodologies has revolutionized predictive analytics across numerous domains,
and the insurance sector stands to benefit substantially from these technological ad-
vancements.

This investigation focuses on developing an ensemble machine learning framework
specifically designed for insurance premium prediction, leveraging a comprehensive
dataset generated through deep learning synthesis from authentic insurance records.
The primary objective centers on constructing a predictive system that accurately esti-
mates premium amounts by exploiting the complementary strengths of multiple algo-
rithmic approaches. The research addresses several critical challenges inherent to in-
surance analytics, including handling substantial missing data patterns, transforming
categorical variables into meaningful numerical representations, engineering informa-
tive features that capture domain-specific relationships, and optimizing model architec-
tures for both accuracy and generalizability.

The dataset under examination comprises two million observations split between
training and testing subsets, featuring twenty predictor variables spanning age de-
mographics, income levels, marital status, dependent counts, education attainment, oc-
cupational categories, health assessments, geographic locations, policy specifications,
claims history, vehicle characteristics, credit scores, insurance duration, policy initia-
tion dates, customer satisfaction indicators, smoking behaviors, exercise frequencies,
and property classifications. This rich information landscape presents both opportuni-
ties and challenges, as the heterogeneous nature of variables demands careful prepro-
cessing and transformation strategies to maximize predictive utility.

The methodological framework employs a hierarchical ensemble architecture that
begins with individual model development across diverse algorithmic families, fol-
lowed by strategic integration through stacking techniques. Ten distinct models consti-
tute the base layer, including CatBoost regressors optimized for categorical variable
handling, three LightGBM variants configured with different depth parameters to cap-
ture varying complexity levels, XGBoost regressors leveraging gradient boosting opti-
mization, Random Forest ensembles providing decorrelated predictions, and Linear Re-
gression models establishing baseline linear relationships. Additionally, classification
models targeting binary outcomes supplement the regression framework by identifying
extreme premium cases, thereby enriching the predictive information available for final
ensemble integration.

Feature engineering represents a crucial component of the analytical pipeline, incor-
porating domain knowledge to construct derived variables that enhance model perfor-
mance. The research implements sophisticated target encoding procedures using k-fold
cross-validation to generate category-specific premium estimates while mitigating
overfitting risks. Furthermore, the investigation develops composite features through
mathematical transformations and ratio calculations, capturing interactions between nu-
merical variables and encoded categorical representations. These engineered features
enable models to learn complex patterns that might remain obscured in raw data repre-
sentations.
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Missing data management constitutes another critical preprocessing consideration,
as substantial proportions of observations contain incomplete information across mul-
tiple variables. The research adopts a nuanced imputation strategy that combines do-
main-informed rules with statistical approaches, creating binary indicators to preserve
missingness information as potentially predictive signals while filling absent values
through median imputation for numerical variables and designated unknown categories
for categorical attributes. This comprehensive treatment ensures that valuable infor-
mation embedded in missingness patterns contributes to predictive accuracy rather than
being discarded through listwise deletion.

The evaluation framework emphasizes root mean squared logarithmic error as the
primary performance metric, aligning with competition standards while providing in-
terpretable measures of prediction accuracy across the premium distribution range.
Cross-validation procedures with five-fold partitioning ensure robust performance es-
timation and guard against overfitting, while systematic tracking of individual model
contributions facilitates informed ensemble design decisions. The stacking meta-
learner, implemented through LightGBM with carefully tuned hyperparameters, learns
optimal weighting schemes that leverage each base model's predictive strengths while
compensating for individual weaknesses.

This research makes several significant contributions to insurance analytics method-
ology. First, it demonstrates the substantial performance gains achievable through sys-
tematic ensemble construction compared to individual model deployment. Second, it
establishes effective feature engineering protocols specifically tailored to insurance do-
main characteristics. Third, it provides empirical evidence regarding optimal hyperpa-
rameter configurations for gradient boosting algorithms in premium prediction con-
texts. Fourth, it validates the utility of incorporating both regression and classification
perspectives within unified ensemble frameworks. Finally, it offers practical guidance
for implementing sophisticated machine learning pipelines in production insurance en-
vironments where accuracy, interpretability, and computational efficiency must be
carefully balanced.

The subsequent sections present detailed descriptions of data preprocessing proce-
dures, feature engineering strategies, individual model architectures and configurations,
ensemble construction methodology, experimental results with comprehensive perfor-
mance analysis, and concluding remarks synthesizing key findings with directions for
future research. Through this systematic investigation, the study aims to advance both
theoretical understanding and practical application of machine learning methodologies
in insurance premium prediction contexts.

2 Related Work

The application of machine learning to insurance premium prediction has attracted in-
creasing attention at the intersection of actuarial science, financial economics, and com-
putational intelligence. Traditional actuarial pricing methods based on predefined loss
distributions and expert-driven risk grouping have gradually been complemented or re-
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placed by data-driven predictive frameworks capable of modeling nonlinear relation-
ships and high-dimensional interactions. This transition mirrors broader developments
in financial services, where algorithmic decision-making enables more granular risk
differentiation and personalized pricing strategies consistent with modern risk quanti-
fication principles.

Existing studies have extensively explored machine learning approaches for insur-
ance pricing and risk assessment. Orji and Ukwandu emphasized the importance of
explainable machine learning for medical insurance cost prediction, highlighting the
need to balance predictive accuracy with interpretability under regulatory constraints
[1]. Kaushik et al. conducted systematic comparisons across multiple machine learning
algorithms for health insurance premium prediction and demonstrated the consistent
superiority of ensemble methods over individual learners [2]. Related work by Johnson
et al. further underscored ethical and regulatory considerations in insurance analytics,
emphasizing fairness, accountability, and transparency in algorithmic decision systems
[3]. Kumar et al. proposed personalized premium pricing frameworks combining ma-
chine learning with explainable Al, addressing adverse selection and information asym-
metry issues in insurance markets [4], while Patil et al. empirically confirmed the ef-
fectiveness of nonlinear models in capturing complex demographic and health-related
relationships influencing premiums [5].

Adaptive and dynamic modeling strategies have also been investigated. Singh et al.
proposed machine learning frameworks capable of adjusting to evolving data distribu-
tions, linking insurance analytics to financial econometrics research on non-stationarity
and structural change [6]. These findings reinforce the necessity of flexible modeling
approaches in insurance environments characterized by regulatory shifts and demo-
graphic evolution.

Ensemble learning has emerged as a dominant paradigm in financial prediction
tasks, grounded in principles analogous to portfolio diversification. By combining mod-
els with imperfectly correlated errors, ensemble methods reduce variance and improve
generalization. Kim et al. demonstrated the effectiveness of heterogeneous ensemble
frameworks combining gradient boosting and deep learning architectures [7], while
Hassan et al. extended stacking methodologies through evolutionary optimization of
ensemble weights [8]. Konstantinov and Utkin provided theoretical foundations for
stacking ensembles, deriving generalization bounds particularly relevant for gradient
boosting systems [9]. Werner de Vargas et al. further validated stacked ensemble effec-
tiveness through rigorous cross-validation protocols and leakage prevention strategies
[10], offering best practices transferable to insurance premium prediction.

Gradient boosting algorithms, particularly XGBoost, LightGBM, and CatBoost,
have become industry standards for structured financial data modeling due to their flex-
ibility, scalability, and strong empirical performance. Comparative studies by Lee et al.
demonstrated that algorithm performance varies with dataset characteristics, with Cat-
Boost excelling in categorical-heavy insurance data and LightGBM offering superior
efficiency for large-scale numerical datasets [11]. Similar conclusions were drawn by
Hassan et al. in banking applications, highlighting LightGBM’s favorable balance be-
tween speed and accuracy and CatBoost’s strength in categorical feature handling [12].
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Ongoing innovations in gradient boosting, including histogram-based splitting, gradi-
ent-based sampling, and advanced regularization, have enabled effective modeling of
large insurance datasets with manageable computational cost.

Feature engineering remains a critical factor in financial machine learning perfor-
mance. High-cardinality categorical variables common in insurance data pose signifi-
cant challenges for traditional encoding methods. Pargent et al. demonstrated the effec-
tiveness of regularized target encoding for such variables, outperforming one-hot and
ordinal encodings while controlling overfitting [13]. Zhang et al. further refined target
encoding by incorporating statistical significance testing to suppress spurious correla-
tions [14]. Theoretical connections between target encoding and Bayesian hierarchical
modeling provide additional justification for its effectiveness. Beyond categorical en-
coding, financial feature engineering frequently employs logarithmic transformations,
interaction terms, ratio features, and temporal decompositions to expose domain-rele-
vant relationships influencing premium determination.

Positioned within this literature, the present study advances insurance premium pre-
diction methodology by integrating a diverse set of regression and classification models
within a rigorous stacking ensemble framework. Unlike prior studies that focus primar-
ily on single-model optimization or limited ensembles, this research systematically
combines ten heterogeneous algorithms and incorporates both regression and classifi-
cation perspectives to enhance robustness, particularly in extreme premium ranges. The
study further contributes empirical insights into gradient boosting hyperparameter con-
figurations specific to insurance data and emphasizes practical deployment considera-
tions including missing data handling, computational efficiency, and validation rigor.
By addressing both methodological and operational challenges, this work bridges the
gap between academic machine learning research and real-world insurance analytics
applications.

The insurance industry increasingly relies on accurate premium prediction to main-
tain sustainability and competitiveness in complex data environments. Traditional ac-
tuarial methods often struggle to model the nonlinear and high-dimensional relation-
ships present in modern insurance data, motivating the adoption of machine learning
approaches. This study proposes an ensemble learning framework for insurance pre-
mium prediction based on a large-scale synthetic dataset derived from real insurance
records.

The dataset contains two million samples with twenty heterogencous features cov-
ering demographic, financial, health, behavioral, and policy-related attributes. Compre-
hensive preprocessing strategies are applied, including categorical encoding, feature
engineering, and robust missing value handling. Domain-informed imputation com-
bined with missingness indicators preserves predictive information while ensuring data
completeness.

The proposed framework integrates multiple base learners, including CatBoost,
LightGBM, XGBoost, Random Forest, and Linear Regression models, capturing com-
plementary predictive patterns. Feature engineering incorporates target encoding and
composite feature construction to enhance nonlinear representation. A stacking ensem-
ble with a LightGBM meta-learner is employed to optimally combine base model out-
puts.
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Model performance is evaluated using root mean squared logarithmic error with
five-fold cross-validation. Experimental results demonstrate that the ensemble signifi-
cantly outperforms individual models, highlighting the effectiveness of combining re-
gression and classification perspectives within a unified framework. The study provides
practical insights into ensemble design, feature engineering, and model optimization
for insurance premium prediction, offering a scalable and accurate solution for real-
world insurance applications.

3 Methods

3.1 Data Preprocessing

This study constructs a robust data preprocessing and feature engineering pipeline to
address the complexity of large-scale insurance premium data. The dataset exhibits sub-
stantial missing values, heterogeneous variable types, and scale disparities, necessitat-
ing careful treatment to ensure model reliability. Missing values are handled through a
combination of domain-informed imputation and missingness indicators, allowing the
model to exploit informative absence patterns rather than discarding incomplete rec-
ords. Categorical variables are assigned explicit “unknown” categories, while numeri-
cal variables are imputed using medians, with special handling for claims history where
missingness plausibly indicates zero claims.

Temporal features are transformed by decomposing policy start dates into year,
month, and day components, enabling models to capture seasonal and longitudinal ef-
fects. Feature engineering further enhances predictive capacity through k-fold target
encoding of categorical variables, producing leakage-resistant numerical representa-
tions aligned with premium distributions. Additional composite and interaction features
are constructed using logarithmic transformations, ratios, and encoded feature interac-
tions, capturing domain-relevant nonlinear relationships. The final feature space ex-
pands from 20 to 38 variables, with multiple dataset variants tailored to different model
families to balance expressiveness and overfitting risk.

3.2 Model Architecture

The modeling framework consists of ten diverse base learners spanning multiple algo-
rithmic families to maximize ensemble diversity. Gradient boosting methods form the
core predictive engines, including CatBoost with native categorical handling, multiple
LightGBM configurations with varying depth to explore complexity tradeoffs, and
XGBoost models emphasizing regularization-driven optimization. Random Forest re-
gressors provide decorrelated tree-based predictions, while Linear Regression models
offer complementary linear perspectives on standardized features.

Both regression and classification models are employed, with classifiers identifying
extreme premium categories to supplement regression outputs. All regression models
operate on log-transformed premiums to address distribution skewness and align with
evaluation metrics. Five-fold cross-validation ensures robust performance estimation
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and produces out-of-fold predictions for ensemble integration. Hyperparameters are se-
lected through empirical tuning to balance accuracy, generalization, and computational
efficiency.

3.3 Ensemble and Stacking Methodlogy

A two-layer stacking ensemble integrates all base model predictions using a LightGBM
meta-learner. Base models generate out-of-fold predictions via cross-validation, form-
ing unbiased training inputs for the meta-model, while test predictions are averaged
across folds. The meta-learner learns optimal, data-driven combination weights, ex-
ploiting complementary strengths across diverse models and feature representations.
This stacking approach outperforms simple averaging by enabling nonlinear and con-
ditional weighting of base predictions while maintaining manageable complexity and
training cost.

4 Results

Top 10 Feature Importance (LightGBM)
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Fig. 1. A figure illustrates the top ten feature importances derived from the LightGBM model,
showing that age and annual income contribute most strongly to insurance premium prediction,
followed by health score and credit score. Variables such as previous claims, vehicle age, and
insurance duration have moderate influence, while customer feedback, policy type, and location
exhibit comparatively smaller but non-negligible contributions, indicating that both demo-
graphic and behavioral factors jointly shape the model’s predictive decisions.

Experimental results demonstrate that gradient boosting models dominate individual
performance, with deep LightGBM configurations achieving the lowest standalone er-
ror. The stacked ensemble further improves performance, achieving the best overall
root mean squared logarithmic error and outperforming all individual models. While
feature engineering yields modest gains for strong tree-based learners, it contributes
valuable diversity that enhances ensemble effectiveness. Diagnostic analyses confirm
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stable prediction distributions, robustness across premium ranges, and suitability for
large-scale deployment with acceptable computational overhead. Following Fig.1. il-
lustrates the top ten feature importances derived from the LightGBM model. Fig. 2.
compares model accuracy across different premium ranges using MAPE, showing that
the stacking ensemble consistently achieves the lowest error across all ranges.

Model Accuracy Across Premium Ranges
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Fig. 2. The figure compares model accuracy across different premium ranges using MAPE,
showing that the stacking ensemble consistently achieves the lowest error across all ranges,
outperforming both LightGBM and linear regression. LightGBM maintains moderate and rela-
tively stable accuracy, while linear regression exhibits substantially higher errors, particularly
in mid-to-high premium ranges, indicating its limited ability to capture nonlinear relationships
in premium prediction.

5 Conclusion

This research presents a practical and high-performing ensemble framework for insur-
ance premium prediction, combining rigorous preprocessing, domain-informed feature
engineering, diverse model architectures, and stacking-based integration. Results con-
firm that two-layer stacking effectively leverages model diversity to achieve consistent
performance gains over individual learners. The framework balances accuracy, scala-
bility, and robustness, offering actionable guidance for real-world insurance analytics
applications. Future work may explore interpretability enhancements, automated hy-
perparameter optimization, richer data sources, and extensions to related insurance pre-
diction tasks.
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