From Complexity to Clarity: Evaluating Explainability
of Biomedical Machine Learning Models
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/By providing transparent and interpretable insights, explainable artificial intelligence (XAl) methods enable better understanding and trust in the predictions made\
by complex machine learning (ML) models. In the context of the Horizon Europe project EVENFLOW (GA 101070430), we conducted an evaluative study to assess

the explanations offered by a number of popular XAl methods. We implemented an evaluation framework that facilitates a deeper understanding of the factors

\influencing the decisions made by complex ML models, while also assessing and contrasting various XAl methods based on recommendations that we provide. Yy,
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[1] https://www.cancer.gov/tcga [4] Lundberg et al. (2020) Nat Mach Intell.
Table 1. Evaluated XAl methods. Global attribution determines feature contributions across the dataset, while local attributions focus on individual predictions. [2] Wang et al. (2021) JMLR:v22:20-1061 (5 https://reactome.org/
[3] Lundberg & Lee (2017) NIPS:30 [6] Menche et al. (2015) Science
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e DO USEA SLEDGEHAMMER TO CRACK A NUT - Choose a model appropriate for the task's complexity.
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j:;;;;;HHHHH;HHHHH;;HH;;;‘_“{L;H;HH;H o ALL THAT GLITTERS IS NOT GOLD - Avoid hastily selecting the first XAl method you come across.
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O RZE SR NEE xR RasnnXE 2RI T8 dRTE05KE e THE DEVIL IS IN THE DETAILS - Scrutinize outcomes and algorithmic intricacies of different XAl methods.
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gggggggggggggggggéggggggggggggggggg e LOOK BEFORE YOU LEAP - Employ comprehensive quality metrics to thoroughly assess the explanations.
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{MEASURE TWICE, CUT ONCE - Rely on expert guidance and accumulated knowledge for validation. /




