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The machine learning model predicts student adaptability levels as 'Moderate' and 'Low', with 'High' adaptability highly unlikely.

The model's weighted impact on prediction decisions 1s significant, with features like 'Class Duration' and 'Institution Type'
contributing to 'Not Low' adaptability. Conversely, 'Device' and 'IT Student' status have a negative impact. This visualization helps
understand local behaviour and offers insights for educators and policymakers to improve student adaptability and emphasizes the

complexity of educational outcomes.

The Anchor algorithm predicts a moderate level
of adaptability 1n students based on specific
features. Network Type greater than 1.00
indicates reliable internet access, while age less
than or equal to 1.00 indicates late adolescence.
Gender greater than 0.00 suggests female
students have moderate adaptability, while
institution type greater than 0.00 indicates non-
government 1nstitutions with different resource
levels or pedagogical approaches. Financial
condition less than or equal to 1.00 indicates
middle or poor economic backgrounds.
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