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Figure S1. Seaborn pairplot correlation analysis of input variables with the outcome.
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Figure S2. Batch/experimental effect in modelling training. Each experiment signifies one study. The x axis demonstrates
the data points that each study provided. The y axis demonstrates the actual and predicted zone of inhibition values.
Experiment with Data points >10.
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Figure S3. Batch/experimental effect in modelling training. Each experiment signifies one study. The x axis demonstrates
the data points that each study provided. The y axis demonstrates the actual and predicted zone of inhibition values.
Experiment with Data points <10.

It is evident from Figure S2 and Figure S3 that experiments (studies) that provided
few instances (data points <10) are not captured well by the random forest model. How-
ever, this demonstartes a realistic scenario where instances are taken as in the case of in-
tegrated databases. We did not stratified the dataset artificially in order to demonstrate
the importance of the data volume provided by individual studies. However, we could
have include datapoints from each experiment into the training model to generalize it.



