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Introduction

¢ Drug-drug interaction (DDI) may result in toxicity or treatment failure of antiretroviral therapy

¢ Liverpool HIV Drug Interaction [4]

(ARV) or comedications [1]. Despite the high number of possible drug combinations in clinical . Primary ARVs: 42 drugs (single and combination)
use, only a limited number of clinical DDI studies are conducted before and after marketing . Comedication: 687 drugs
approval. » Total: 28,026 drug pairs
¢ The cutting-edge approach is via deep learning [2], a sub-field of machine learning which is Colour  DDI label
inspired by the human neural network. Transfomer-based model is a type of neural network o o _ ,
: D , o , o Green No clinically significant interaction

architecture that learns context and semantic information within sequential data, gaining
significant popularity for its effectiveness in capturing complex patterns/relationships. Yellow Potential interaction likely to be of weak
¢ Designed for applications in cheminformatics, ChemBERTa [3], pre-trained on 10 million interaction

compounds from PubChem, holds potential for further refinement for DDI prediction tasks. Am- Potential interaction that may require
¢ Aims: to build and assess the potential of our deep learning approach, called DeepARV- ber close monitoring

ChemBERT3, to predict DDIs of clinical relevance between ARVs and comedications. Red Drugs should not be co-administered

Methods

A) Fine-tune the advanced transformer-based model, ChemBERTa-2 as a B) Employ downsampling and algorithmic adjusted weight techniques during training to
molecular feature extractor for the prediction of clinical DDI risks. address the imbalance challenge formed by the skewed distribution of DDI risks.
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- Performance of DeepARV-ChemBERTa on the independent test . DeepARV-ChemBERTa predicted clinically relevant
o — | e i ot = i , DDI between ARVs and comedications with a
S 0.8 _— ] | | —r i i - weighted mean accuracy of 0.837 + 0.008 and bal-
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H | | — i | | . | anced accuracy (trade-off between sensitivity and
E 0-6 = - Ei | specificity) of 0.776 + 0.011.
T o i - i = i : . DeepARV-ChemBERTa represents opportunities for a
g = . . . i . strategical integration of Al approaches during devel-
£ 0.2 opment of novel therapies as well as the identifica-
tion and design of clinical DDI studies.
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