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Explain the concept of overfitting in machine learning to a first-

year undergraduate student and give one real-world example.

) Overfitting is a problem that can occur when a machine learning
algorithm is trained on a dataset that is too small or too specific.
This means that the algorithm may learn the patterns in the data

too well and may not generalize well to new data.

For example, if we were trying to train an algorithm to predict the
price of a house based on its size, we might end up overfitting if
we only used data from a small sample of houses.

This would mean that the algorithm would learn the patterns in
the data too well and would not be able to accurately predict the
price of a house that was not in the original dataset.

# Machine Learning # Data Science # Artificial Intelligence
<|endoftext|>
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