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Overview

(1) Introduction: Artificial Intelligence vs. Classical Statistics
(2) Al success stories in recent years

(3) Al in personalized medicine:
- Biomarker discovery
- Drug discovery
- Digital health monitoring

(4) Common pitfalls and challenges

(5) Outlook on new Al strategies to address the challenges
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Al vs. Statistics

Artificial Intelligence
Enabling machines to think like humans

Statistics

Machine Learning Classical
Training machines to learn a task descriptive,
without explicit programming inferential &

exploratory
data analysis

Deep Learning methods

ML using multi-layered
networks without manual
feature encoding
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Al success stories: Image data (1)

 Image classification: unprecedented accuracies using deep learning
(e.g. “AlexNet” approach by Krizevsky et al., 2012)

* Novel techniques: Convolutional Nets / Transformers, Dropout, Data
Augmentation, Rectifier Nonlinearity, Local Response Normalization
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Al success stories: Sequential data (2)

« Speech recognition: 30% less errors with new neural networks
(Huang et al., ACM Communications, 2012)

* Novel techniques: Recurrent Neural Networks (RNNs): Long-
Short-Term Memory Networks (LSTMs), Gated Recurrent Units (GRU), etc.

“How cold is
it outside?”

Acoustic Input Text Output
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Al successes in personalized medicine - Biomarkers

Multiple omics-based Al diagnostic tools already clinically validated:

Test approval (FDA- | Purpose References
cleared and/or LDT)

AlloMap Heart

Prosigna Assay /
PAMS50

Oncotype DX

Decipher
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FDA-cleared, LDT

FDA-cleared, LDT

FDA-cleared, LDT

LDT

LDT

breast cancer risk-of-
recurrence
assessment

identifying heart
transplant recipients
with risk of cellular
rejection

breast cancer risk of
distant recurrence
prediction

breast cancer risk-of-
recurrence
assessment

prostate cancer
metastatic risk
prediction

Van'’t Veer et al.,
Nature, 2002

Yamani et al., J Heart
Lung Transplant, 2007

Nielsen et al., BMC
Cancer, 2014

Kelley et al., Cancer,
2010

Marrone et al., PLoS
Curr., 2015



Al in biomedicine: Covid-19 hospital mortality prediction

* Covid-19:; alterations in
common clinical blood
tests when diagnosed

* Apply ML - 90% accurate
predictions of mortality on
test set of 110 patients
(10 days in advance)
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(source: Yan et al., Nat. Mach. Intell. 2, 2020)



Deep learning for biomedical research: AlphaFold 2

* DeepMind’s AlphaFold 2 - major advance in protein structure prediction
» Scores > 90 in global distance test (GDT) in the CASP competition

a
Sequence

and MSA Deep neural Distance and torsion Gradient descent on
features network distribution predictions protein-specific potential
1 64 bins deep

x 1 1D sequence and profile features

Tiled L

(AlphaFold basic architecture; source: Senior et al., Nature 577, 2020)
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Al in drug development

Common phases in drug development:

disease target target screening/hit

model identification validation identification
L hit hit to lead lead process

validation generation optimization R&D
L preclinical IND clincal e

development phases I-lll

Opportunities for Al approaches highlighted in blue ( )
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Al in drug development

* Question: Which drug-like compounds bind to a particular target protein?

« Example: Active compounds Inactive / low activity compounds
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Application to SARS-CoV-2 compound screening

Al-based screening: Finding new inhibitors of viral proteins 3CLpro and RdRp
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<Inference Sets> = < Gl i)
» FDA (1087)¢ 4
» Antiviral (50K)° Sredict :

» CAS indexed (113K)®

(source: Ivanov et al., ACS Omega, 2020)
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Al for personalized health monitoring / digital biomarkers

Digital biomarkers:

- mobile phone gyrometer & accelerometer

- gait sensors (eGalT system)

Feature extraction & ML pipeline:

Feature Selection

/4

~

o8

B R

Clean Data

Extract features: (filter features, | Stratified split into Boruta RandomForest
Start Wavelets, entropy, impute NaN, train and test
time series features :
low variance) 0.9/041
xB xE
' With different With different !
__________________________________________ R ' thresholds ’,’

| il Get best estimator and hyper-parameters *

.4
#_ Downsample train split to 1:1 ratio *

Choose best from
the 10 estimators
by ROC AUC

Full dataset re-train
(downsampled) and
save to disk

7 Re-Train with downsampled train split

i @ Predict with full test and get ROC AUC score

'
\ 7 Store estimator, score and selected features

Y oo 00 00
eo0oeoco0e0

® ’]’] [N N N NN J

, ee | CSB
UNIVERSITE DU eeo0o0oo0
LUXEMBOURG ee o000 o0



Common challenges for Al in personalized medicine
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Inclusion/exclusion
robustness Clarity of criteria
completeness | Statistical evaluation scope & goals | primary/secondary
multiple testing | | outcomes
underpowered .

. settings &
imbalanced \ Study design ( ] Study parameters
batch effects —2 sample size Al challenges in documentation —— —

; L biomedicine J | reproducibility
biases |
pathway/network . i
knowledge Integration of prior Model , black box vs. white box
- y knowledge interpretability — - ——
multl-omics data | | biological plausibility
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Recommendations from literature

Data pre-processing, filtering & normalization:
—> use cross-validation to check if pre-processing leads to information loss

—> compare or combine multiple pre-processing approaches

Integration of prior knowledge & multi-omics analyses:
- Assess cost/benefit of multi-omics analyses using prior data, or conduct pilot analyses

—> use existing software & frameworks for integrative biological data analysis

Ensuring model interpretability & biological plausibility:
- use dedicated methods to build interpretable models (e.g. rule learning methods)

—> use cellular pathway/network analysis & literature mining to guide modeling
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Outlook: New Al strategies to address the challenges

Increase statistical power
—> Al-based integration of prior knowledge & multi-omics data

—> Algorithmic sample matching & selection, Al for batch adjustment

Increase model robustness
- Al-based integration of models across human & animal model data,

different experimental platforms and cohorts (Transfer learning)

Increase model interpretability
—> Structured and graph-based machine learning

- Al-based literature mining for model interpretation
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Thank you for your attention!

Questions?
Comments?
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