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1. Antimicrobial fungal effectors 2. Predicting antimicrobial activity of proteins with 3. Assembling a training dataset by manual curation
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proteins, typically referred to as effectors, to support their colonization of host tissues Positive training set: 152 proteins demonstrated to have antimicrobial activity in vitro, manually curated based on literature.
by targeting plant and/or microbial components. Effectors with antimicrobial activities Aim: Yo Antimicrobial Negative training set: 304 proteins expected not to havg any antir_n_icrobial activity according to their functional annotation
were demonstrated to play a key role in both disease development and suppression. (1) Training a model to classify proteins into y (same lengths and organisms as in the positive set).
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and by mycobiota members to restrain pathogen colonization [4]. However, their structural properties (X, Y, Z,...). o Non- .ﬁecreted | nima ( ) Reported antimicrobial activities
occurence and conservation throughout the fungal kingdom remain enigmatic. (2) Use this model to discover new candidate antimicrobial Ot secrete In the positive set
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4. Training pipeline 5. Classifier quality control 6. Prediction of antimicrobial activities /. Screening the AlphaFold database to discover novel
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