Accelerating drug repositioning
with interpretable machine learning
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ABSTRACT

The development of new therapies can be a slow and expensive process, particularly when it comes to rare or arising diseases, ieither because thery are consider a less tractive
market or because of the lack of knowledge on the disease. Drug repositioning emerges as a quick and effective way to obtain treatments that have been already approved for
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clinical use. Merging the knowledge about mechanisms of disease and drug action together with the arising machine learning methodologies, here we present DRExM3L, a
rational data-driven approach to drug repositioning that utilizes explainable machine learning and mechanistic models of signal transduction to predict potentially causal
relationships between proteins of interest, in this case targets of known drugs, (KDTS) and the disease mechanisms identified in the “Disease Map”. These data-driven approaches
are a great promise in accelerating the generation of knowledge, particularly in fields where little is known, such as rare or emerging diseases.

MATERIALS & METHODS
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*Information about the approved drug targets from
DrugBank.

*Using GTEx expression data, we obtained circuits activity from Hipathia method
and associated Gene Ontology and Uniprot functions.

*mplementation of Multi-Output Random Forest (MORF) regression, with
repeated cross-validation and unbiased SHAP (SHapley Additive exPlanations)
values.

*Infering the effect of the approved drug targets from DrugBank DB over the

hiPathia
HiPathia takes gene expresion data and KEGG pathway DB and
calculates cell functional activity by decomposing the pathway
networks into circuits which are associated to cell functions.
The level of activity of each circuit is estimated by using gene
expression, to calculate the activation of each node, and an
initial signal of 1 that is passed to the receptor nodes.
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1. Optimization of hyperparameters: Search for the best model.
2. Obtain model performance: Check the model works fine
3. Compute relevance distributions of all trained models.
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1. Training the model from
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Bemiparin n= 1347 ALHR pval <0.001 ALCP pval <0.001-
Enoxaparin n= 3237 ALHR pval <0.001 ALCP pval <0.001 -
Dexamethasone n= 2469 ALHR pval <0.001 ALCP pval <0.001- —a—
lbuprofen n = 519 ALHR pval 0.0015 ALCP pval 0.0296 -
Empagliflozin n = 239 ALHR pval 0.0210 ALCP pval 0.0243-
Gliclazide n= 322 ALHR pval 0.0057 ALCP pval 0.0065-
Diazepam n = 641 ALHR pval <0.001 ALCP pval 0.0308 -
Calcifediol n= 530 ALHR pval 0.0080 ALCP pval <0.001 -
Simvastatin n= 1588 ALHR pval <0.001 ALCP pval <0.001-
Formoterol n= 1380 ALHR pval <0.001 ALCP pval <0.001-
Beclomethasone dipropionate n= 792 ALHR pval 0.0011 ALCP pval <0.001-
Olmesartan n= 413 ALHR pval 0.0045 ALCP pval 0.0179-
Sitagliptin n = 448 ALHR pval 0.0035 ALCP pval 0.0108-
Prednisone n= 1818 ALHR pval <0.001 ALCP pval <0.001 -
Metformin n= 1896 ALHR pval <0.001 ALCP pval <0.001 -
Hydrochlorothiazide n= 2197 ALHR pval <0.001 ALCP pval <0.001-
Ascorbic acid n = 840 ALHR pval 0.0018 ALCP pval <0.001 -
Calcium n = 641 ALHR pval 0.0048 ALCP pval <0.001 -

Aspartic acid n= 648 ALHR pval 0.0231 ALCP pval <0.001-
Codeine n= 1019 ALHR pval 0.0020 ALCP pval <0.001-
Cholecalciferol n= 725 ALHR pval 0.0075 ALCP pval <0.001 -
Acetaminophen n= 7258 ALHR pval <0.001 ALCP pval <0.001 -
Ramipril n= 509 ALHR pval 0.0232 ALCP pval 0.0222 -

Budesonide n= 1047 ALHR pval 0.0041 ALCP pval 0.0011 -
Fluticasone furoate n= 662 ALHR pval 0.0438 ALCP pval <0.001 -
Omeprazole n= 5173 ALHR pval <0.001 ALCP pval <0.001-
Enalapril n= 1598 ALHR pval 0.0030 ALCP pval <0.001 -

Tramadol n= 949 ALHR pval 0.0421 ALCP pval 0.0016~-
Azithromycin n= 2465 ALHR pval 0.0050 ALCP pval <0.001-
Furosemide n= 1920 ALHR pval <0.001 ALCP pval <0.001- —h—
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HIGHLIGHTS

The integration of information from different databases and resources enable us to create Disease Maps where little to nothing is known such as in rare or arising diseases.

The automatization of the expansion process used in the construction of the Disease Maps of action, enables the extension of its use to any disease with associated genes affected.
Relevance evaluation of drug targets from approved drugs over the Disease Map revealed top gene-targets for the prediction of the disease actionable pathways as well as functional modules.
The integration of RWD for the in-silico validation of promising drugs accurately predicted the protective effect, accelerating the selection and experimental validation of promising candidates.
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