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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 
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.
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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.

  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.

HIGHLIGHTS

STEPS:

•KEGG database (DB) for the information of each 
disease map. 

•Construction of the disease map by extracting all 
the circuits* containing the genes responsible for 
each  ra re  neopla s t i c  d i sease  accord ing  to 
ORPHANET DB. 

•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.

•Implementation 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 
activity of the argets over the Disease Map circuit activation values.
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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.

CONTACT US ! 


