Machine Learning can Detect Faking on Self-Reports
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patterns are better than scores as input data for machine learning
in faking detection? For IATs, can we extend previous knowledge by
showing that the use of empirically supported faking indices as
input outperforms the use of response patterns and scores?

7. Can we replicate the finding that logistic regressions are better than
other approaches for detecting faking on IATs, whereas XGBoost is
better for self-reports?
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We used logistic regression, random forest, and XGBoost (Boldt et al., 2018; Calanna et al., 2020)

We ran a five-fold cross-validation to tune the algorithms and additionally ran another 10-fold cross-validation to
estimate their performance (see also Cawley & Talbot, 2010)

We used the random search to find the best set of hyperparameters relative to the F1 score in order to maximize
the tradeoff between Precision and Recall (e.g., Calanna et al., 2020)

XGBoost. Colors code the kind of input data: Yellow represents response patterns, red represents scores,
and blue represents faking indices.
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CONCLUSION AND IMPLICATIONS

Our research supports the assumption that there are different faking processes and showcases how machine learning has the potential to

outperform human efforts in detecting faking. It also demonstrates that the circumstances that affect faking have to be taken into account.
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