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dimensionality reduction technique. It reduces data complexity while
preserving features in a dataset.
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Literature shows how PCA can be taught using different perspectives: ‘ | Materlals
* Linear algebra and Statistics — Covariance matrices, eigenvalue | -
decomposition, variance decomposition, standardization [1] [2]
* Analogies — Concrete examples and intuitive analogies [3] |
* Visualizations — Interactive visualization tools [4] [5] [6] |
|

Enter: PCA
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Limitations: < Small participant sample size
* Short learning phase time
* Ceiling effect in problem-solving section
* Late expert feedback results

To address the curse of dimensionality, we need a way to reduce the number of features while

keeping the most important information in the data.

Principal Component Analysis (PCA) achieves this by constructing a smaller set of new
features that summarize the original data, allowing us to represent the same information in

Motivation

fewer dimensions without significant loss of information.

Implications for Educators
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