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The operating room is a data-rich environment
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= Over 200 million surgeries every year nature
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" Hypoxemia (i.e., low arterial blood oxygen tension)

= The drop in Sp0O,, i.e., arterial blood oxygen saturation as
measured by pulse oximetry, to 92% or lower

= Predicting hypoxemia events in advance would allow
proactive intervention.

= We developed the Prescience system that can predict

Explainable Al predicts blood-oxyg
levels during anaesthesia

hypoxemia in the next 5 minutes in real time.
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Eliminating the accuracy vs. interpretability tradeoff
= Broader applicability of ML to medicine

= Accuracy vs. interpretabilit
= Simple models often lead to lower performance.

* Complex models are often considered to be a black box.
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X: Features Y: Outcome Black Box For a particular prediction

= SHAP can estimate feature importance for a particular prediction for any model.

Scott Lundberg and Su-In Lee. A Unified Approach to Interpreting Model Predictions. NeurlPS (Dec, 2017) Oral presentation (top 1%);
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The order matters!

SHAP values result from averaging over all N! possible orderings

They are the only solution that satisfies three important properties
We need to develop efficient methods to estimate or compute exact SHAP values.
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* We replayed prerecorded surgery data in a
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by the learned marker potential o

3 negative association (high expression <> sensitive)
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Experimental validation — SMARCA4 over-expression
drives sensitivity to etoposide & mitoxantrone
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Experimental validation — SMARCA4 over-expression
drives sensitivity to etoposide & mitoxantrone

= \We considered an AML cell line
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Experimental validation — SMARCA4 over-expression
drives sensitivity to etoposide & mitoxantrone

= We considered an AML cell line — Mitoxantmne
= KG-1: IOW SMARCA4 (a) Cell treated with etoposide for 72 hours (b) ith mitoxantrone for 72 hours
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Hematology
Dr. Pamela Becket

Experimental validation — SMARCA4 over-expression
drives sensitivity to etoposide & mitoxantrone

= \We considered an AML cell line

Etoposide Mitoxantrone
s KG-1: low SMARCA4 (a) Cell treated with etoposide for 72 hours (b) with mitoxantrone for 72 hours
150 150
" &KG
= Transfected KG-1: high rav
10 & %10
£ =
32 50 X 5
% 7 B Yo 9 8 7
Log 10 of concentration (M) Log 10 of concentration (M)
- :
A n Ot h e r A M L Ce I I l In e (C) Cell treated with etoposide for 72 hours (d) Cell treated with mitoxantrone for 72 hours
> 150 150
= U937: high SMARCA4 aus37 auss7
= Transfected U937: high 2" 2%
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Interpretable ML can transform important
areas of medicine

Cancer precision medicine

= Learn interpretable feature
representations.

General ML techniques
ML model




Interpretable ML can transform important
areas of medicine

Alzheimer’s disease
therapeutic target discovery

" |ntegrate data sets for statistical
power and interpretability.

General ML techniques
Data integration

Basic science
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= 6" most common cause of death in the US
= No effective therapy exists to delay or prevent onset of progression

= Only disease that cannot be cured or even slowed down among the top 10 deadly
diseases in the US
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What do we need to identify the molecular basis of
AB or tau level?

= \We need expression and
phenotype data.
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What do we need to identify the molecular basis of
AB or tau level?

e e " We need expression and
phenotype data.
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25 B S = We need expression and
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What do we need to identify the molecular basis of
AB or tau level?

= \We need expression and

| Phenotype phenotype data.
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What do we need to identify the molecular basis of
AB or tau level?
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What do we need to identify the molecular basis of
AB or tau level?

expression level

o o o ey s » = We need expression and
i Phenotype E phenotype data.
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What do we need to identify the molecular basis of
AB or tau level?

25 I A = We need expression and
E Phenotype phenotype data.
1 (AB level)
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= Statistical association
between the phenotype
and each gene
expression level
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AD expression data is limited and discrepancies
across studies post challenges

Safiye

= Expression and neuropathology measured in 1,742 samples from 9 brain regions.

ROSMAP-DPFCx

Dorsolateral prefrontal cortex

aiffri:;'rr'n Brain region Sasrir;zle
ACT-TCx Temporal cortex 85
ACT-PCx Parietal cortex 79
ACT-HIP Hippocampus 80
ACT-FWM Forebrain white matter 81

—

538

_

MSBB-BM10 Brodmann area 10 (frontopolar cortex) 244

MSBB-BM36 Brodmann area 36 (ectorhinal cortex) 200

MSBB-BM44 Brodmann area 44 (opercular part of the 208
inferior frontal gyrus)

MSBB-BM22 Brodmann area 22 (posterior part of the 227

ﬁirst temeoral Exrus]

Neuropathology
Internal Medicine
AD Research Center

Dirk Keene

Paul Crane Joey Mukherjee
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= Expression and neuropathology measured in 1,742 samples from 9 brain regions.
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= Different brain regions have different cell type
compositions, functions, and relevance to AD.
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AD expression data is limited and discrepancies @

across studies post challenges Safiye

= Expression and neuropathology measured in 1,742 samples from 9 brain regions.

ROSMAP-DPFCx

Dorsolateral prefrontal cortex

a'::fri:;rr'n Brain region Sasrir;zle
ACT-TCx Temporal cortex 85
ACT-PCx Parietal cortex 79
ACT-HIP Hippocampus 80
ACT-FWM Forebrain white matter 81

—

538

ﬁ I

MSBB-BM10 Brodmann area 10 (frontopolar cortex) 244

MSBB-BM36 Brodmann area 36 (ectorhinal cortex) 200

MSBB-BM44 Brodmann area 44 (opercular part of the 208
inferior frontal gyrus)

MSBB-BM22 Brodmann area 22 (posterior part of the 227

Eirst temeoral Exrusz

= Different brain regions have different cell type
compositions, functions, and relevance to AD.

= Different tools and methods are used to quantify
heuropathology

= Different subject compositions or experimental
procedures (batch effects, and confounders)

We need a powerful ML algorithm that can
incorporate reliable prior knowledge to help us
focus on true signals.
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EMBARKER (EMpowering Big datA with prioR Knowledge
for Expression markeR discovery)

674 REACTOME pathways from
the current version of MSigDB C2
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EMBARKER: A hierarchical Bayesian approach empowering big data with prior knowledge for expression marker discovery and its application to AD. Under Review
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In vivo validation — Inhibition of mitochondrial complex |
subunit NDUFA9 leads to tolerance to AP toxicity

1€

Josh Russell Matt
Kaeberlein

= |f we knock down the worm homolog of NDUFA9, would we
see delay in paralysis?

= Paralysis assay using the WormBot in Kaeberlein lab

Con_trol Treatment

= 144 experiments per run

= Automated software

= Time-lapse movies

= Efficiency (2 min vs. 3.5 hr)

> 4 P 00064 B <)




20100 "-Y“\_ NDUFA9 homolog L .
E Control drial complex |
S \ o
g >0 - toxicity .
S Josh Russell  Matt
= S - Kaeberlein
X 0 n —
0 10 20 30
Days

Control Treatment

- .

= 144 experiments per run

= Automated software

= Time-lapse movies

= Efficiency (2 min vs. 3.5 hr)
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Knockdown of 12 other Complex | genes also
robustly protected against AB toxicity
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Bedside applications

Basic science
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