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This thesis aims to develop and extend the concept of mathematical modeling for
prediction toward the Double Generalized Additive Model (DGAM) framework. The thesis
presents a range of predictive models, including linear models, generalized linear models,
double generalized linear models, and generalized additive models (GAM), together with
methods for parameter estimation in model construction.

The results demonstrate the mathematical structure of the DGAM, which com-
prises the random component, mean structure, dispersion structure, link functions, and
parameter estimation procedures. Parameter estimation is carried out using classical
spline-based techniques as well as four machine learning approaches: Explainable Boost-
ing Machine, Extreme Gradient Boosting, Random Forest, and Support Vector Regression.
The findings indicate that the DGAM differs fundamentally from the GAM in that it does
not solely model the mean structure but additionally incorporates a dispersion model.

To evaluate the predictive performance of the proposed models, experiments are
conducted on four datasets: the Fetal Health Monitoring Dataset, Life Style Data, Health
Checkup Result Dataset, and the Life Expectancy (WHO) Fixed Dataset. For each dataset,
the data are partitioned into training, validation, and testing sets using three split ratios:
60:20:20, 70:15:15, and 80:10:10. The predictive performance of the proposed models is
compared with that of the generalized additive model using multiple evaluation metrics,
including the Akaike Information Criterion (AIC), negative log-likelihood, mean absolute
error, root mean squared error, coefficient of determination (R?), Continuous Ranked
Probability Score (CRPS), and 95% Prediction Interval Coverage Probability (PICP95). For
each dataset, four different feature variables are predicted, resulting in a total of 240 GAM
models and 240 DGAM models.

The calculation results clearly show that, when evaluated using likelihood-based



and probabilistic performance measures, the Double Generalized Additive Model consis-
tently outperforms the Generalized Additive Model, demonstrating substantially superior

predictive performance.
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