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Graphical Abstract  
 

 

Abstract.   

In this study, three Perturbation Theory Machine 

Learning (PTML) models were created to optimize 

preclinical assays on antimalarial compounds of the 

parasitic species of the genus Plasmodium 

falciparum. Between General Discriminant Analysis 

(GDA), Classification Tree with Univariate Splits 

(CTUS) and Classification Tree with Linear 

Combinations (CTLC). The PTML-CTLC presented 

the best performance with a Sensitivity percentage 
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equal to 83.6 for the training data set and 85.1 for 

validation; for specificity with a percentage of 89.8 

for training and 89.7 for validation. The PTML-

CTLC model has significant variables that could be a 

good option for pharmaceutical companies to 

optimize preclinical testing processes. 
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