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Cancer Cell Transcriptome from GDSC [6] Algorithm

We propose a novel machine learning architecture and
technique for de novo drug discovery of anti-cancer drugs by QED
using discrete representations of drugs’ chemical
compositions and the transcriptomics of targets. In particular,
we generate novel compounds optimized for high efficacy
against specific types of cancerous cells.
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QED- Quantitative Estimation of Drug-likeness or QED is a score
used to evaluate a drug-like compound’s favourability.
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SAS- Synthetic Accessibility Score measures the ease of
synthesizing a particular compound.
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IC50- The half-maximal inhibitory concentration or IC50 is a
measure of a drug’s efficacy. It measures how much of a drug is
needed to inhibit a biological process by 50%
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VAE: Modelling Compounds

We use SMILES [1], DeepSMILES [2], and SELFIES [3] to
represent compounds
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Standardized RMSE: 0.0615 effective. We managed to elicit QED and SA scores implicitly in
RMSE: 1.2695 efe o .
R2: 0.7100 - our latent space from compounds by utilizing cyclical

:*f-‘a;i;:lg-am ) annealing. We see we can shape our latent space using the

transcriptomics of cells; we can also effectively predict IC50
using these latent vectors. We finally see that our approach
can generate a host of unigue compounds that are tailored for
specific cell lines and types of cancer.

We use a Variational Autoencoder with cyclical annealing to
model chemical compounds in a continuous latent space.
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