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Prior work' tells us random forest43 will find
this feature more predictive than this feature

even if both features are created to be equally

Institute

Let's try it ourselves!

Our data

Distributions of each continuous factor in the model
N=1000 50/50 outcome case

Distributions of each factor in the model:
N=1000 50/50 outcome case
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Lower-imbalance features rank higher than
higher-imbalance features for identical OR.

Logistic regression also has an imbalance bias.
« Confidence intervals can span orders of magnitude for

imbalanced features.
* Problem is worse for highly imbalanced outcomes.
« Penalized regression methods such as Firth> and Logf® can
nelp for smaller samples sizes.

» Results independent of sample size and outcome imbalance

« Feature selection approaches for imbalanced data don't
offer an improvement over standard approaches.

« Many predictive features aren't detected for N < 1000.
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importance.

We might be introducing false negatives into our results due to our data.
Therefore, researchers should report feature and outcome imbalance in their publications.
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