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Neural Networks: The Basic Building Block of Al

Process input features to identify
patterns and capture relevant
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HOW A DEEP NEURAL NETWORK SEES

Raw Data Edges (Low Level High Level Features
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Graphs Are Everywhere

Nodes represent entities, edges represent
connections or interactions. No spatial order
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What are GNNs?
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2. Message passing: Nodes exchange L
information with neighbours. \\ , | o

3. Aggregation: Combining information S

from neighbours. + o
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4.Pooling: Using the aggregated info we can

perf()rm tasks like node / edge prediction. from acfacent nodes. information o nfomation

Zeng, Y.; Tang, J. RLC-GNN: An Improved Deep Architecture for Spatial-
Based Graph Neural Network with Application to Fraud Detection. Appl. 6
Sci. 2021, 11, 5656. https://doi.org/10.3390/app11125656



What Problems Can They Solve?

Graph Level Tasks Node Level Tasks Edge Level Tasks
Given some real molecular graphs Aot el Bl RNA
4 Inactive protein function V Dions
o
\ // related
Generate a synthetic molecular graph * or not
/ %r) or
RNA-Disease association network
Predicting properties or Predicting properties or Predicting properties or
labels for entire graphs. labels for nodes. labels for edges.

Zhang XM, Liang L, Liu L, Tang MJ. Graph Neural Networks and Their Current Applications in Bioinformatics. Front Genet. 2021 Jul 29;12:690049. doi:
10.3389/fgene.2021.690049. PMID: 34394185; PMCID: PMC8360394. 7



Risk Prediction For Clinical Trials Based On

Protocol Design

e Clinical Trials have high failure rate

e GNN can predict outcome of CT from
historic changes to Protocol.

e 135,940 unique CT protocols from
ClinicalTrials.gov.

e CTslabelled as low, medium, or high
risk based on Protocol features.

e AUROC of 0.8453 for 3 tertiary
classification and 0.92 for binary.
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Ferdowsi S, Knafou J, Borissov N, Vicente Alvarez D, Mishra R, Amini P, Teodoro D. Deep learning-based risk prediction for interventional clinical trials based on
protocol design: A retrospective study. Patterns (N Y). 2023 Feb 10;4(3):100689. doi: 10.1016/j.patter.2023.100689. PMID: 36960445; PMCID: PMC10028430. 8



:
Drug Repurposing For COVID-19

C Olle Cted 3635 drugs related to @ sARS-CoV-2 baiti';nd h.ostpr:ys Anti-viral, anti-inflammatory drugs ~ Anti-inflammatory, immunosuppressive drugs
COVID-19 treatment. JA o el [
Built COVID-19 knowledge graph with ¢ ¢ <ol - 0% =
virus-host interactions. - S 5
GNN used to analyze drug @& . w%r.;
interactions. Y o Yy /) g
Prioritized drugs based on clinical . 3 ;:,.,&:s,. '
trial history. s ' 4’“4\*
Identified drug combinations with 2 ety
potential synergistic effects.
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Hsieh, K., Wang, Y., Chen, L. et al. Drug repurposing for COVID-19 using graph neural network and harmonizing multiple evidence. Sci Rep 11, 23179 (2021).
https://doi.org/10.1038/s41598-021-02353-5



Thinking With Graphs
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Hurdles To Overcome

Practical implementation of GNNsstill =
inits early stages in pharma.

Data needs to be reprocessed as
graphs.

Ethical questions and security issues
with GNNs?

Value of Al solution outweigh the cost
of production? n  ANND g
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Key Takeaways

“The journey e Tobegin to apply Al innovatively, we need a
basic knowledge of Al solutions available.

e GNNs are great predictive models.

e Candata used withinyourrolesfitintoa
graph model?

e Could a GNN solution be usefulin your role?

of a thousand
miles begins
with a single

step.”

Lao Tzu
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To Learn More..

Practical Deep Learning
A free course designed for people with some coding experience, who want to learn how to apply deep
learning and machine learning to practical problems.

Q New!

e just launched a new 30 hour video course for more experienced students

Practical Deep Learning for Coders part 2: Deep

Learning Foundations to Sta

This free course is designed for people (and bunnies!) with some
coding experience who want to learn how to apply deep learning and “

machine learning to practical problems.

Deep learning can do all kinds of amazing things. For instance, all

illustrations throughout this website are made with deep learning,
using DALLE 2 “

OPEN GRAPH BENCHMARK

Welcome!

Practical Deep Learning for Coders 2022 part 1, recorded at the University of Queensland, covers topics
such as how to:

Build and train deep learning models for computer vision, natural
U i 1 t

language processing, tabular analysis, and collaborative filtering
problems

Create random forests and regression models
Deploy models

Use PyTorch, the world's fastest growing deep learning software,
plus popular libraries like fastai and Hugging Face

m Stanford University m Practical Deep Learning for m  Open Graph Benchmark
Machine Learning Coders (Hands on Deep
with Graphs Course Learning Challenges)



Thank You For Listening!

Contact: jun_se.kim@roche.com



Doing now what patients need next



