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ABSTRACT

This thesis aims to promote voluntary motor insurance using machine learning techniques
prioritize provincial clusters based on similar insurance patterns and claims applying Clustering combined
with Time-Series Forecasting. The study utilizes data on voluntary car insurance and insurance claims,
incorporating various factors: (1) the total number of registered vehicles, (2) the proportion of uninsured
vehicles, (3) the claim rate per policy, and (4) the average claim value per incident. The clustering results
divided the provinces into eight groups and identified two priority groups for promoting insurance. Priority1
consists of provinces with a moderate number of vehicles, a high proportion of uninsured vehicles, and a
high average claim amount per incident. Priority2 consists of provinces with a large number of vehicles,
over half of which are uninsured, but with lower risk levels. Considering the forecasted growth trends, these

insights can guide the planning and promotion of motor insurance in each group effectively.

Keywords: Voluntary Motor Insurance, Promoting Insurance, Machine Learning Techniques, Clustering,

Time-Series Forecasting
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