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Motivation

The burden and state of Antibiotic Resistance drug pipeline

GLOBAL A failure to address the problem of

antibiotic resistance could result in:

1om Costing
deaths £66
by 2050 trillion

Source: gov.uk
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Motivation

The burden and state of Antibiotic Resistance drug pipeline

Antibiotic class
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Can we develop machine learning method which could help

us e[Ell1leE1 and understand the [yl ElIdnE O ERIE S

leading to antibiotic resistance?
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DNA defines antibiotic resistance levels

Bacterial
strain
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DNA defines antibiotic resistance levels

Bacterial S
strain Bacterial DNA Q@b

—»  TTGACCGATGA GGTT TGGT_(TC..
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DNA defines antibiotic resistance levels

Bacterial S Antibiotic Susceptible
strain Bacterial DNA Q@b

—» _TTGACCGATGA GGTT TGGT CTC. Of % —
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DNA defines antibiotic resistance levels

Bacterial S
strain Bacterial DNA Q@b

—  PTGAR GATGA  SccGGTT TGGT e
1 | \ | | | . !

mutation binding motif
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DNA defines antibiotic resistance levels

Bacterial S Antibiotic Resistant
strain Bacterial DNA ,@E’

i —> TTGAx GATGA  ==cGGTT TGGT Er a7

mutation binding motif
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DNA defines antibiotic resistance levels

Bacterial S Antibiotic Resistant
strain Bacterial DNA ,JQE’

‘ —> TTGAx GATGA cccGGTT TGGT Er =
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DNA is a full of patterns!
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Convolutional Neural Networks
for DNA Sequence learning
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DNA sequence models learn
DNA grammar

What do DNA sequence models learn?

~ Motif specificity
_ .-/\ATTA -

3 /\C T g

Whole motifs 7 Motif associations
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DNA sequence models learn 0
DNA grammar

What do DNA sequence models learn? Some DNA sequence models applications:

Motif specificity e TF-DNA binding discovery and prediction
/\ATTA e} BPNet
\ \ e Gene expression prediction
A[GACCTCA: o> o  Enformer
aCGT
= e Chromatin accessibility prediction
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Graph Neural Network
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Graph Neural Network

/ \ e Accounts for interactions between genes

e Incorporates prior knowledge on
protein-protein interactions

e Learns to weight the interactions between
genes depending on the gene-gene
relationship and the DNA sequence
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Can we predict antibiotic resistance
based on the DNA sequence?
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No of strains

GeneBac predicts antibiotic
resistance

Mycobacterium tuberculosis
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GeneBac predicts antibiotic 0
resistance across distinct drugs

Mycobacterium tuberculosis
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Can we uncover genetic variants
driving the change in antibiotic
resistance level?
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GeneBac predicts variant effect
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GeneBac predicts variant effect
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GeneBac improves variant

Variant effect size
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Can we identify drug resistant
genes?
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Can we leverage modular
architecture of GeneBac to transfer
learn across data modalities?
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GeneBac transfer learns across . 0
modalities

. sanger



e @v 4

GeneBac transfer learns across . 0
modalities

Step 1: Train Gene \‘\ I/, Step 2: Transfer trained \\\
Expression model \ mode I(CNN)w ght
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GeneBac transfer learns across
modalities
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GeneBac transfer learns across
modalities
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Conclusions

GeneBac predicts antibiotic resistance
GeneBac predicts variant effect
GeneBac recovers genes associated with drug resistance

GeneBac transfer learns across modalities
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The Path Ahead for ML for AMR

Where we are Effective clinical &
now drug-discovery use
GeneBac
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The Path Ahead for ML for AMR

Where we are Effective clinical &
now drug-discovery use
GeneBac

We need more high quality and diverse data!
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