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Al vs Machine learning

Artificial Intelligence

Symbolic Al Machine learning

Deep Learning Classical ML
Recurrent neural networks Linear/logistic regression
Convolutional neural networks Tree-based models (GBM)
Transformer (base of LLMs) k-nearest neighbours

Graph based neural networks Support vector machines



What is machine learning?  mappinginputstooutputs

Phase 1: Training

v

Update parameters Check prediction

Algorithm

: Prediction Ground truth
with tunable parameters

Phase 2: Testing

Algorithm Prediction Ground truth

with tuned parameters




Graph neural networks

Initial representation
of each node

from towardsdatascience.com

Graphs = (Nodes, Edges)

Output
representations of
each node

Compute task
specific loss and
backpropagate



The use of Al in medicine/drug discovery
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Cell

A generative deep leaming approach
to de novo antibiotic design
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Synthesis and validation of generated compounds
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De novo molecules

[Compound] N. gonorrhoeae S. aureus




Training the GNN
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( Synthesis and validation of generated oompounds
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Generative ML algorithms

Genetic algorithm
based on F-CReM

Starting fragment
‘and compound

Modify
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Chemprop score

Fragment-based
variational autoencoder (F-VAE)

F-VAE generated
compounds

F-CReM F-VAE
518,203 molecules 6,937,677 molecules

Predicted antibiotic activity
Predicted low cytotoxicity
Predicted synthesizability

Structurally dissimilar

285 molecules 678 molecules

Highest scoring molecules PS > 0.7
Dissimilar between each other

40 molecules 40 molecules

De novo molecules
synthesized in two reaction steps

2 molecules
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Synthesis and experimental validation of
fragment- based desighed compounds
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Design of compounds with activity against

S. aureus

Fragment F2
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Generation, synthesis, and experimental
validation of de novo desighed compounds
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Explainable Al

nature protocols

https://doi.org/101038/s41596-024-01084-x

Protocol ™ Check for updates

Anexplainable deep learning
platformfor molecular discovery

Felix Wong'??, Satotaka Omori'?, Alicia Li®, Aarti Krishnan @ *%, Ryan S. Lach®, Joseph Rufo®*%’, Maxwell Z. Wilson®*557
& James J. Collins ®'2®

Obtain predicted hits
and add to cells

Standardized high-throughput screen of ~10% compounds

Add library compounds to cells

Incubate

Measure bacterial
growth inhibition or cell viability

Key output: training data

Representation and feature
computation
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Training set (103-10*molecules)
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Filtering, graph search and structural analysis with rationale explanations

2P

Filtered hit of interest
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Model

Hit filtering based
on desirable properties

Incubate

MCTS

Measure bacterial

Chemical landscape

Upper limit of deep
neural network predictions

Number of molecules in
large compound database

Number of molecules in
purchasable database

Typical number of strong
predicted hits

Typical number of model
predictions for screening

Stage 1, steps 1-20:
data generation
1dto1week

Stage 2, steps 21-35:
model training and benchmarking
1hto1week

Key output: trained Chemprop models and predictions

explanation

Stage 3, steps 36-44:
rationale analysis and filtering
Thto2d

Key output: chemical structure rationales and filtered predictions

Additional validation
experiments

growth inhibition or cell viability

Stage 4, steps 45 and 46:
——— prediction testing
1d to 1week



Not without concerns

Technical & Model-Related

Data driven Concerns Concerns
“Garbage in garbage out” Generalization, overfitting, black box
problem

Biological & Clinical Reality
Concerns
Oversimplification of biology, Al is
trained on what is known, making
finding truly novel targets difficult

Practical & Operational Concerns
Experimental validation must follow,
efforts must be made to integrate into
traditional workflows

Ethical, Legal, and Regulatory
Concerns
Regulatory scrutiny, reproducibility,
biosafety & biosecurity
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