2023- Al - 634-3A1- Impactof DataQuality andDataPreprocessingn ML Model Fairness kotha8@ purdue.eduSathvikaKotha

CERIAS

The Center for Education and Research in Information Assurance and Security

Impact of Data Quality and Data Preprocessing on ML Model Fairness
Sathvika Kotha, Mentor: Romila Pradhan ?

Computer and
Information Technology

Motivation:

The Iincreasing adoption of machine learning (ML) techniques has shown us that the more data a model contains, the more accurate
it will be. However, the quality of the data may be more significant than the quantity. Before being fed into an ML model, training
data undergoes a number of preprocessing steps. Prior work has considered the effect of data cleaning on ML classification tasks
without any consideration to fairness of downstream model bias. In this study, we systematically examine the effects of data quality
ISsues and data preprocessing techniques on model fairness.
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Performance evaluation metrics:

* Accuracy
« Fairness metrics e.d., statistical parity difference, predictive
parity difference, equalized odds [3] C
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* MaxAbx scaler - Experiments were carried out in 1. Dirty test data (with no preprocessing) 2. Clean
e MinMax - test data (sample preprocessing applied to test data as well)
Normalization . Dirty test data Is represented as D whereas clean test data Is represented as C in the
Encoding Categorical Variables + Label Encoding output charts.
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Conclusions And Future Work:

w « Different data preprocessing steps impact downstream machine learning model
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