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The good: drug development works for society

FDA approved therapies for lung cancer over time
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Five-year cancer survival rates by sex and race, 1963 to 2013

Percentage of cancer patients surviving at least five years following diagnosis of any cancer type. This is shown by
sex and race in the United States.
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Innovative medicines play a crucial role in enabling humans to live longer, healthier lives.




The bad: we are doing less, with (exponentially) more

Number of New Molecular Entities (NMEs)

per billion USS R&D spending
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100 Science Is Getting Less Bang for Its
Buck

Despite vast increases in the time and money spent on research,

progress is barely keeping pace with the past. What went wrong?

By Patrick Collison and Michael Nielsen
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“Eroom’s law”:
Exponential drop in R&D productivity.

Failure is the norm: Probability of success

for a new medicine is ~5.5%
Median cost of a new drug is $1.1 billion

Trend stable for decades with recent
reversal (potentially) due to increasing
personalization and molecular/genetic

evidence.

Ringel, Michael S., et al. "Breaking Eroom's Law." Nature reviews. Drug discovery (2020).
Wouters et al. “Estimated Research and Development Investment Needed to Bring a New Medicine to Market, 2009-2018". JAMA (2020)
Ringel et al. “Breaking Eroom’s law.” Nature reviews Drug Discovery (2020)



What do we know works?

Targeted Biomarkers supporting Therapy
2x (immune) to 8x (oncology) higher probability of trial success

Population-scale Biobanks —
Variation in Genetic Background
(>100°000 people)

S iobank’

FINNGEN
Higher probability of approval (EU/US) R NN ’ Social graph
. , R R R Biosensors
— Imaging
Target x OMIM gene ———
Target x OMIM or GWASdb top gene —_— o
Target x GWASdb top gene — &
Target x GWASdb any gene ——@—— :g’
Target x RVIS quartile — A causal & targeted link between disease of
! I . o interest and a molecular mechanism substantially
Odds ratio (log scale) improves our chances of successful translation.

Wong et al. “Estimation of clinical trial success rates and related parameters “ Biostatistics (2018)
Topol, Eric J. "Individualized medicine from prewomb to tomb." Cell 157.1 (2014): 241-253.

Nelson, Matthew R., et al. "The support of human genetic evidence for approved drug indications." Nature genetics 47.8 (2015): 856-860.

Ringel, Michael S., et al. "Breaking Eroom's Law." Nature reviews. Drug discovery (2020).



How can we utilise machine learning and
experimentation to bring targeted medicines with strong
causal evidence to patients faster?
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Drug development process
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Cook, David, et al. "Lessons learned from the fate of AstraZeneca's drug pipeline: a five-dimensional framework." Nature reviews Drug discovery 13.6 (2014): 419-431. §



Drug development process
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Drug discovery is an information science mainly concerned with making

optimal decisions under uncertainty at every step of the development process.

Possibly the most
complex human
endeavor.

Cook, David, et al. "Lessons learned from the fate of AstraZeneca's drug pipeline: a five-dimensional framework." Nature reviews Drug discovery 13.6 (2014): 419-431. ()



An Al-driven stack for biological discovery

How can we accelerate biological discovery with modern machine learning tools?

Experimental

Design
Generate Hypotheses Run Experiments
“Gene X contributes to disease Y” “Test interventions on Gene X in system Z”

4
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Causal\ Experimental
Understanding Data

Synthesize Data




An Al-driven stack for biological discovery

How can we accelerate biological discovery with modern machine learning tools?

Expg””)e”ta' 2 Run experiments that yield more
esign

R Optimal experimental design
Generate Hypotheses Run Experiments
“Gene X contributes to disease Y” “Test interventions on Gene X in system Z”

= 4

) Run faster experimental cycles
4 Make more of experiments >,
In-silico experimentation

Multimodal learning
Causal Experimental
Understanding Data

Synthesize Data

3 Distill robust causal relationships from data

Causal discovery




Decoding the Language of the Cell with Perturbation Experiments

MLC2A MLC2V

culture
cells
treated I‘
control (retinoic acid) i
&=
apply
perturbation
untreated ((iRISTR'
control Molecule, ...)
cardiomyocytes
(heart muscle cells)
Comparison between experimental readouts in control and é -ié-
intervention settings enables us to understand causal effects of High content
cellular perturbations. imaging
Analysis

1 Cyganek, Lukas, et al. "Deep phenotyping of human induced pluripotent stem cell-derived atrial and ventricular cardiomyocytes." JCl insight 3.12 (2018).

Run faster experimental cycles In-silico experimentation



Large Datasets

Decoding the Language of the Cell with Perturbation Experiments

MLC2A MLC2V

unhealthy Small
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What perturbations move the molecular phenotype towards the

healthy state? Effective perturbations could be attractive
treatments for further development.

Cyganek, Lukas, et al. "Deep phenotyping of human induced pluripotent stem cell-derived atrial and ventricular cardiomyocytes." JCl insight 3.12 (2018).

1 Run faster experimental cycles In-silico experimentation



In-silico experimental perturbation models

Observed conformation change in causal generative process (CGP)!

Control Intervention

Gene A Gene A

Gene B ‘ Gene C

Expected number of nodes ~10°000
for a given cell system.

Note: acyclicity can generally not
be assumed.

. Counterfactual prediction:
Readouty Readouty “What if I conducted

/\\ A[\ experiment...?”

e.g., markers, imaging, omics

1 Run faster experimental cycles In-silico experimentation



The problem: supervised learning methods assume smoothness

Supervised learning methods Need conditional plasticity
assume smoothly interpolate- to model conformational change in
able generative process generative process

Gene B Qv Gene C

Arms correspond to different CGPs %

Control L shared layers L head layers / o~
A AY

Gene A _ t=0 A
- - I yl
f=k2_ i x~
MLP X H} = x
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| Ver 8
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jystem. t= k— ] HpEEN

Readout y

J[\L

Schwab et al. “Perfect Match: A Simple Method for Learning Representations For Counterfactual Inference With Neural Networks” arXiv preprint arXiv:1810.00656 (2018)
Parbhoo et al. “NCoRE: Neural Counterfactual Representation Learning for Combinations of Treatments” arXiv preprint arXiv:2103.11175 (2021)
Schwab et al. “Learning Counterfactual Representations for Estimating Individual Dose-Response Curves” AAAI 2020

1 Run faster experimental cycles In-silico experimentation



Different settings of interest require different levels of conditional plasticity

Multi-treatment with dosages
Dose-response Networks (DRNet)

input model output

-
[

response ¥,

L, base layers L, treatment layers L, head layers

q/(v-q)

covariates X

§ 9sop

treatment 7

t=k-1

dosage §

Schwab et al. “Perfect Match: A Simple Method for Learning Representations For Counterfactual Inference With Neural Networks” arXiv preprint arXiv:1810.00656 (2018)
Parbhoo et al. “NCoRE: Neural Counterfactual Representation Learning for Combinations of Treatments” arXiv preprint arXiv:2103.11175 (2021)
Schwab et al. “Learning Counterfactual Representations for Estimating Individual Dose-Response Curves” AAAI 2020

x x

1 Run faster experimental cycles In-silico experimentation



Different settings of interest require different levels of conditional plasticity

Multi treatment & combinations
Neural Counterfactual Relation Estimation (NCoRE)

input model output

base layers treatment layers merge layer

T X,
P in
. é Yr

legend: feedforward layer |:| interaction subnetwork

covariates X

treatments 7"

Conditional plasticity in models enables flexibility to accurately reflect conformation changes

in the underlying causal generative process.

Schwab et al. “Perfect Match: A Simple Method for Learning Representations For Counterfactual Inference With Neural Networks” arXiv preprint arXiv:1810.00656 (2018)
Parbhoo et al. “NCoRE: Neural Counterfactual Representation Learning for Combinations of Treatments” arXiv preprint arXiv:2103.11175 (2021)
Schwab et al. “Learning Counterfactual Representations for Estimating Individual Dose-Response Curves” AAAI 2020

1 Run faster experimental cycles In-silico experimentation



Integrating in-silico experimentation into exploration campaigns

Insert in-silico counterfactuals into
experimentation campaigns

Counterfactual Experimental
Predictions Design
Build .
Generate Hypotheses Run Experiments

Counterfactual Estimators

: T
covariates x Experimental Qq !
do(t=T) outcome y intervention control &
At =

Experimental
Data

Mehrjou et al GeneDisco: A benchmark for experimental design in drug discovery. ICLR 2022

1 Run faster experimental cycles In-silico experimentation



Results on counterfactual prediction

Model inputs: patient covariates, gene embeddings, output: counterfactuals under intervention

Known graph HIV combination therapy HIV combination therapy 3-way CRISPR KO

CRISPR Three-way Knockout
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Improving models’ ability to address loss of smoothness in the causal generative process leads to better

performance in estimating “what if..?” outcomes.

Schwab et al. “Perfect Match: A Simple Method for Learning Representations For Counterfactual Inference With Neural Networks” arXiv preprint arXiv:1810.00656 (2018)
Parbhoo et al. “NCoRE: Neural Counterfactual Representation Learning for Combinations of Treatments” arXiv preprint arXiv:2103.11175 (2021)
Schwab et al. “Learning Counterfactual Representations for Estimating Individual Dose-Response Curves” AAAI 2020

1 Run faster experimental cycles In-silico experimentation



Future challenge: Experimental context matters!

Patient derived In-vitro Animal
organoid cell cultures model

The same stimulus can elicit very different responses depending on context.

Context matters when simulating experiments.

PATIENT-DERIVED ORGANOIDS CAN PREDICT RESPONSE TO CHEMOTHERAPY IN METASTATIC COLORECTAL CANCER PATIENTS. Science Translational Medicine (2019)

1 Run faster experimental cycles In-silico experimentation



An Al-driven stack for biological discovery

How can we accelerate biological discovery with modern machine learning tools?

Expg””)e”ta' 2 Run experiments that yield more
esign

/7 N\ Optimal experimental design

Generate Hypotheses Run Experiments
“Gene X contributes to disease Y” “Test interventions on Gene X in system Z”

T4

1
4 Make more of experiments &=
In-silico experimentation

Multimodal learning

)

Causal Experimental

Understanding Synthesize Data Data

3 Distill robust causal relationships from data

Causal discovery




Now that we have tools to predict what results may be
surfaced in genetic experiments, how do we choose the

optimal set under a given capacity budget?

DISCOBAX: DISCOVERY OF OPTIMAL INTERVENTION GENEDISCO: A BENCHMARK FOR EXPERIMENTAL

SETS IN GENOMIC EXPERIMENT DESIGN DESIGN IN DRUG DISCOVERY
Clare Lyle?, Arash Mehrjou', Andrew Jesson®, Pascal Notin®, Arash Mehrjou', Ashkan Soleymani?, Andrew Jesson?, Pascal Notin®,
Stefan Bauer!:3, Yarin Gal?, Patrick Schwab! Yarin Gal3, Stefan Bauer! 4:5, Patrick Schwab!
'GlaxoSmithKline, Artificial Intelligence & Machine Learning !GlaxoSmithKline, Artificial Intelligence & Machine Learning
2 Department of Computer Science, University of Oxford, 3 KTH Stockholm 2 MIT, 3 Department of Computer Science, University of Oxford

4 CIFAR Azrieli Global Scholar,  KTH Stockholm

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

2 Run experiments that yield more Optimal experimental design



The problem: traditional active learning methods seek data value or diversity

In genetic experiments, we most often want to maximize coverage of all potential mechanisms

high
®

So

se

S &

i o

* DiscoBax ge

® Diversity-seeking ® number of samples

Value-seeking

4 uonouny Jo uonNquUIsIp anJj Jo anjeA

% of modes
covered

a

number of samples

. (-

Biological model systems are imperfect models for humans and covering the potential mechanisms
could help maximize the coverage of mechanisms that may translate to downstream experiments.

low

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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How do we measure our ability to improve experimental design in genetic experiments?
Setting overview

Counterfactual Experimental
Predictions Design
Build .
Counterfactual Estimators Generate Hypotheses Run Experiments
: N
covariates x Experimental Qq !
do(t=T) outcome y intervention control R

A\
S~ -

Experimental
Data

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

2 Run experiments that yield more Optimal experimental design



How do we measure our ability to improve experimental design in genetic experiments?
Range of experimental configurations

Optimal experimental design

T-cell Proliferation Random CCLE Random Forest
32 IL-2 Top-uncertain STRING Bayesian NN
64 IFNy Soft-uncertain
128 NK Cell Cytotoxicity  K-means (data)
256 Tau Modulation K-means (embedding)
SARS-Cov-2 Margin
Endosomal Entry
We tested a total of 5x6x9x2x2 = 1080
Colizsz. configurations using a total of >20 000 CPU
BADGE hours of compute (5 random seeds each).

Adversarial BIM

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

2 Run experiments that yield more Optimal experimental design



GeneDisco: Results from simulated iterative campaigns using state-of-the-art methods

We observe settings in which we find up to 4x more significant movers than baselines with the same
capacity (more data across screens available in reference)

CRISPRi T-cell IL-2 production screen
(IL-2 readout, primary T-cells)

Comparison of Acquisition Functions (Schmidt et al. 2021 (IL-2))

0.16
—e— random

—=— topuncertain - L.
Gl —*— softuncertain ..al. Optimized
0.12 ~ —*— kmeansdata Exploration

+— kmeansembed ~16% discovered
0.10 —— margin
coreset

Discovered Top Targets
[ratio of total] higher = better

0.08

0.06

Naive

0.04 Exploration

002 - AR g ~4% discovered

0.00 . WSS

Promising early results with state-of-the-
c data boint ~—\ Number of Samples (N) art methods — but can we do better?
very data point =

experimental cycle 4\ L) Experimental Cycles -

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

2 Run experiments that yield more Optimal experimental design



DiscoBAX (Bayesian Algorithm Execution) for optimal intervention set selection

Uncertainty-aware models: Gaussian processes, Bayesian neural networks with Monte Carlo dropout

DiscoBAX consists of two stages:

e Subset maximization (Alg. 1): Identify an uncorrelated subset S of interventions that maximizes
expected value over the unmeasured downstream phenotype (e.g., ground truth unobserved
phenotype) using submodularity (diminishing returns) for an approximate solution.

Assumption: f out and f ip are connected via Bernoulli multiplicative and additive Gaussian noise.

« Active sampling (Alg. 2): Optimize set expected information gain (EIG) out of subset S.

Choosing x; and x2
=y ~ Py T
#:max(yi,y2) =y2~ Pp |

* : max(y1, y3)

Small average l

® O

%

Large values
Y2

o
X2

small values

Y3

Algorithm 1 SubsetSelect (Multiplicative Noise) Algorithm 2 DiscoBAX

Require: integer k& > 0, set X, distribution Require: finite sample set X', budget 7', Monte

P(n), sampled flp X —->R
Jout(x5m) = fip(x)n(x)
fori < kdo

Choosing x; and x3
*: max(y1,ys) =y1 ~ P 1

+:max(y1,y3) =ys ~ P 1

S  SU{argmaxE,| max fout(x m]}

Large average T

end for
return S

Lyle et al. DiscoBAX - Discover

2 Run experiments that yield more

Carlo parameter ¢/ € N

D+ 0

fori < T do__
sample {flp}] 1™ P(f1p|D)
S; <+ SubsetSelect(flpJ) Vi=1,...,¢
X; ¢ argmax, y EIG"(x, S_ 1)
query fip(x;)
D =D U{(xi, fip(xi)}

end for

return D

y of optimal intervention

sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

Optimal experimental design



Simulation results (DiscoBAX)

Setting: Mixture of Gaussians, 30 iterations, batch size 1

Mixture of Gaussians lllustration

Active Sampling Thompson Sampling UCB DiscoBax (ours)
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Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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Benchmark results (DiscoBAX)

Setting: GeneDisco Leukemia/IFNg assays
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Active learning cycles
(Leukemia/NK cells = cytotoxic sensitivity assay of
K562 to primary NK cells; Zhuang et al 2019)

2 Run experiments that yield more

20

20

Method Category Top-K recall  Diversity score  Overall score
Random - 29.3% (1.4%) 4.9% (0.3%) 12.0% (0.6%)
Thompson Sampling  Bandits 27.5% (1.5%) 4.8% (0.4%) 11.5% (0.7%)
UCB Bayesian Optim.  33.5% (2.0%) 5.9% (0.5%) 14.1% (1.0%)
Coreset Active learning 39.3% (1.9%) 5.5% (0.3%) 14.7% (0.8%)
Levelset Bax BAX 35.4% (2.2%) 6.3% (0.4%) 15.0% (0.9%)
Top-K Bax BAX 38.8% (2.3%) 6.8% (0.6%) 16.2% (1.2%)
DiscoBax (ours) BAX 44.1% (2.2%) 7.8% (0.5%) 18.6% (1.1%)

Acquisition methods

25 |[— DiscoBAX

25

—— Top-K BAX

—— Levelset BAX

— UCB

—— Thompson sampling
—— Coreset

—— Random

We observe a ~doubling of the significant findings with

phenotypes of interest over random selection with a more

diverse coverage of mechanisms than baselines.

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

Optimal experimental design



An Al-driven stack for biological discovery

How can we accelerate biological discovery with modern machine learning tools?

2 Run experiments that yield more

Experimental

Design
R Optimal experimental design
Generate Hypotheses Run Experiments
“Gene X contributes to disease Y” “Test interventions on Gene X in system Z”

= 4

4 Make more of experiments *\% =

Multimodal learning
Causal Experimental
Understanding Data

Synthesize Data

3 Distill robust causal relationships from data

Causal discovery

Run faster experimental cycles

@)
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Now that we are confronted with more data being
generated faster: How do we distill the wealth of
information into causal relationships?

CAUSALBENCH: A LARGE-SCALE BENCHMARK FOR
NETWORK INFERENCE FROM SINGLE-CELL PERTUR-
BATION DATA

THE CAUSALBENCH CHALLENGE: A MACHINE
LEARNING CONTEST FOR GENE NETWORK INFERENCE

FROM SINGLE-CELL PERTURBATION DATA

Mathieu Chevalley!, Yusuf H Roohanil-2, Arash Mehrjou!, Jure Leskovec?, Patrick Schwab!

1 GSK plc, Artificial Intelligence & Machine Learning, Zug, Switzerland Organizers:

2 Department of Computer Science, Stanford University, Stanford, CA, USA
Mathieu Chevalley®”  Jacob Sackett-Sanders”  Yusuf Roohani”® Pascal Notin®'°
Arash Mehrjou’"  Patrick Schwab’!

Participants:
Deriving Causal Order from Single-Variable _ ) o . . .
Artemy Bakulin? Dariusz Brzezinski’ Kaiwen Deng® Yuanfang Guan?

Interventions: Guarantees & Algorithm Justin Hong* Michael Ibrahim! Wojciech Kotlowski' Marcin Kowiel®

Panagiotis Misiakos®  Achille Nazaret* Markus Piischel® Chris Wendler®

1Poznan University of Technology 2 Lomonosov Moscow State University 3University of Michigan
4Columbia University °ETH Ziirich SRyvu Therapeutics “GSK.ai 8Stanford University
9Harvard Medical School '°University of Oxford

Mathieu Chevalley’:?  Patrick Schwab!  Arash Mehrjou!

1GSK.ai 2ETH Ziirich

3 Distill robust causal relationships from data Causal discovery



The problem: Network inference from large-scale perturbational single-cell data

A new at-scale challenge for causal discovery

Observational Interventional

10 000+ samples 100 000+ samples, 500+ interventions
Gene A Gene A Gene A
Gene B Gene C Gene BQV Gene C ; Gene C
Xp
Gene B
0
Gene D Gene D Gene D

L

Reconstructed Causal Graph
10 000+ edges”

Gene A

Gene C

Gene B

Gene D

f

Network Inference
Algorithms

observational samples interventional samples

v

Perturbational single-cell datasets with transcriptome-wide readouts (e.g., PerturbSeq) generate interventional

experimental data of unprecedented size also compared to other scientific disciplines.

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6

3 Distill robust causal relationships from data

Causal discovery



Challenges in causal discovery from observational and interventional data

Core issues known since decades - slides repurposed from Spirtes (NeurIPS 2022)

3 Kinds of Problems

® Identifiability

® s the answer to our question recoverable from the probability

distribution and the assumptions?

®  “Correlation is not causation”

® Statistical
® Is the sample size reasonable for inferring true network?
® Can tell how probable it is that my answer is close to correct for a
given sample size?
® Computational

® Do (or could I) have the computational power to search for (calculate)
the output?

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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Related works

PC algorithm (Spirtes & Glymour 2000) -
Based on conditional independence tests.

Greedy Equivalence Search (Chickering 2002) -
Score-based method for equivalence classes.

Co-expression based methods (observational only, e.g., GRNBoost/SCENIC) -
Best method in observational benchmarks, fundamentally cannot distinguish Equivalence Classes.

Methods combining deep learning / causal discovery (e.g., ENCO, DCDI, NOTEARS)—
Recent developments promising to be more scalable and flexible than alternatives with potential
to integrate perturbational data. (DCDI-DSF - normalizing flows, DCDI-G - Gaussian c. distr.)

Common limitations include underlying acyclicity assumptions, SUTVA, time-dependence/cell-cycle not considered,

scalability. Results are often overstated and based only on simulation studies (lack of real world data).

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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Benchmarking network inference from mixed observational and interventional data at single-cell scale

No ground truth. Approach: Compare networks against (i) biological plausibility and (ii) statistical evidence.

Evaluating gene-gene networks’ biological plausibility:

 Physical interactions (STRING physical layer)
 Protein-protein interactions (STRING network layer)
* Protein complexes (CORUM database)

« CHIP-Seq (in same cell line or cell-type)

Evaluating against statistical evidence:
» For edge A->B, compare observational distribution of B with interventional

distribution when A is targeted - test for equal central tendencies (MWW test).
« Threshold free: Continuous distribution distance (e.g., Wasserstein)

Challenges: Cell-type specificity and time-dependence/cell-cycle dependence for biological plausibility.

Precision is difficult to estimate given it is possible that links are substantiated by other biological evidence.

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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Benchmarking network inference from mixed observational and interventional data at single-cell scale
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Equal weight precision/recall.

Overall, while NOTEARS performs the best out of the network inference methods, no method that utilizes

erturbational data consistently outperforms GRNBoost that only uses observational data.

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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Performance when varying the number of perturbational data points available
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Besides DCDI-DSF, no method is able to translate additional perturbational data into better performance.

Our benchmarking results highlight the need for new methods that better integrate observational and
interventional data and the non-representative nature of simulation studies that algorithms are typically tested on.

Lyle et al. DiscoBAX - Discovery of optimal intervention sets in genomic experiment design https://openreview.net/forum?id=mBkUeW8rpD6
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In search of causal discovery that scales with more perturbation data
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Successful methods rely on significant distribution shifts for downstream interactors..

e.g. BetterBoost (Nazaret & Hong, 2023)

eps-interventional faithfulness

We here introduce a new concept that we name interventional faithfulness. Akin to the common
assumption of faithfulness of a joint distribution with respect to the true graph, which assumes that
all d-separations in the graph are reflected by conditional independences in the entailed distribu-
tion, e-interventional faithfulness assumes that all paths in the graphs are revealed by changes in
distribution under intervention above a significance threshold €. This assumption is also similar
to how Mooij et al. (2016) define causality as the existence of interventions inducing a change in
distribution. We formalize our assumption as follows: )

Definition 1. Given the distributions P)C(’(m) and P)C(’do(x’“:N’“),‘v’k € Z, we say that the tuple
(N, C) is e-interventionally faithful to the graph G associated to C if for all ¢ # j,i € Z,5 € V,

D (P)C("(m , P;’,do(x“zm)) > ¢ if and only if there is a directed path from i to j in G.
J J

an optimal score for causal order

Given an observational distribution P)i’(@) and a set of interventional distributions

Pint = {Pf{do(xk:zﬁ’“),k € I}, T C V, we define the following score for a permutation
m, for some statistical distance D : P(M) x P(M) — [0, 00), € > 0:

S(m,€,D,T, PE(’(Q),Pint) - Z (D (Pfc;(@),Pf(;do(Xi::Ni)) _ 6) 1)
m(i)<m(j),i€L,jEV

In fully intervened case, we are guaranteed to recover

correct causal order.

3 Distill robust causal relationships from data

Successful methods in CausalBench leveraged

comparison between interventional distribution vs
unperturbed distribution — why does this work?

N .. Set of interventional variables

C .. Structural causal model (SCM)

P .. Distribution (interventional or obs)

D_top .. Top order divergence (b/w graph & order)

Chevalley et al. Deriving Causal Order from Single-Variable Interventions: Guarantees & Algorithma. arXiv 2024
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Intersort: an approximate algorithm for deriving causal order from perturbation data

Gene variable
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Figure 1: Simulation and comparison between the two bounds, and between Intersort and the exact I
Topt- FOI €ach setting, we draw 20 graphs per setting, where a setting is the tuple (p;n¢, pe). Then,

for each graph, we run the algorithm on 10 configurations, where each configuration corresponds Intersort
to a draw of the targeted variables following p;,:. For both 5 and 30 variables, we have p;,; €
{0.25,0.33,0.5,0.66,0.75}. In the 5 variables setting on the left, we have p. € {0.5,0.66,0.75}. l

In the 30 variables settings on the right, we have p. € {0.05,0.1,0.2}. The settings are ordered on
the x-axis following what we call the effective intervention ratio i’/i—;_:. We observe that the error is

approximately monotonic when ordered by the effective intervention ratio.

Inferred causal order

We find an approximate algorithm using eps-interventional faithfulness consistently

(& more than existing methods) benefits from more perturbations with guarantees.

Chevalley et al. Deriving Causal Order from Single-Variable Interventions: Guarantees & Algorithma. arXiv 2024

3 Distill robust causal relationships from data Causal discovery



An Al-driven stack for biological discovery

How can we accelerate biological discovery with modern machine learning tools?

2 Run experiments that yield more

Experimental

Design
R Optimal experimental design
Generate Hypotheses Run Experiments
“Gene X contributes to disease Y” “Test interventions on Gene X in system Z”

= 4

4 Make more of experiments *\% =

Multimodal learning
Causal Experimental
Understanding Data

Synthesize Data

Run faster experimental cycles

@)

In-silico experimentation

Distill robust causal relationships from data

Causal discovery




Bonus section: Making more of experimental data

Multi-omics Prediction from High-content Cellular
Imaging with Deep Learning

Rahil Mehrizi’®, Arash Mehrjou!®, Maryana Alegro®, Yi Zhao!,
Benedetta Carbone!, Carl Fishwick!, Johanna Vappiani!, Jing Bi!,
Siobhan Sanford!, Hakan Keles!, Erin Edwards!, Guillaume Heger!,

Mathias Kalxdorf!, Marcus Bantscheff!, Cuong Nguyen!, and
Patrick Schwab’”

LGSK plc, United Kingdom
& Joint first authors
* Corresponding author

1 Mebhrizi & Mehrjou et al. Multi-omics Prediction from High-content Cellular Imaging with Deep Learning. arXiv 2023
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The challenge: Connect high-throughput experiments across biological modalities

CRISPR fast & Cheap

2,

— 4 @ —
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Cellular System
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High-throughput Transcriptomics
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slow & expensive
Mebhrizi & Mehrjou et al. Multi-omics Prediction from High-content Cellular Imaging with Deep Learning. arXiv 2023
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Image20mics predicts omics-measurements from high content imaging

Actin Mitochondria Nuclei Overlay

&
5 A

Image Preprocessing *
Shading - Backbone ) . Multi-omics Predicted Multi-omics
— A Tiling —> —> . —> 5 — . ) —>
Correction Pre-training - Fine-tuning Measurements

1 Mebhrizi & Mehrjou et al. Multi-omics Prediction from High-content Cellular Imaging with Deep Learning. arXiv 2023
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8 to 19% of transcriptome / proteome are significantlys predictable from imaging

Transcriptomics (M1) [n=26317] Transcriptomics (M2) [n=26317]
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1 Mebhrizi & Mehrjou et al. Multi-omics Prediction from High-content Cellular Imaging with Deep Learning. arXiv 2023



More abundant products and certain pathways are more highly predictable

Vesicle-mediated transport

Translesion synthesis by REV1

Telomere C-strand (Lagging Strand) Synthesis

Translation of Replicase and Assembly of the Replication Transcription Complex_9679504
Formation of a pool of free 40S subunits

Translesion synthesis by POLK

Regulation of activated PAK-2p34 by proteasome mediated degradation
L13a-mediated translational silencing of Ceruloplasmin expression
Binding and Uptake of Ligands by Scavenger Receptors

Membrane Trafficking

Cell Junctions

Mean abundance

Transcriptomics (M1)
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4 Make more of experimental data

Mebhrizi & Mehrjou et al. Multi-omics Prediction from High-content Cellular Imaging with Deep Learning. arXiv 2023
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Image2omics learns map of cellular states to predict omics markers
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An Al-driven stack for biological discovery

How can we accelerate biological discovery with modern machine learning tools?

Experimental 2
Design V

/7 N\ Optimal experimental design
Generate Hypotheses Run Experiments
“Gene X contributes to disease Y” “Test interventions on Gene X in system Z”

i

4 é Y
\V
Multimodal learning
Causal Experimental
Understanding Data

Synthesize Data

In-silico experimentation

Causal discovery




In-silico biological discovery complements wetlab discovery
and has the potential to accelerate therapeutic discovery

Generate Hypotheses Run Experiments
“Gene X contributes to dis “Test interventions on Gene X in system Z”
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Summary and conclusion GCSK
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development.

Source: Pharmaprojects®, January 2019

e Advancing the probability of success of drug

An increase of the probability of success by just one percent discovery is expected to accelerate development

would lead to the discovery of 80 potentially life-changing of new innovative medicines for patients.
medicines for patients — an increase of almost 20%.

1 Lloyd, lan, Alexandra Shimmings, and Pink Sheet Scrip. "Pharma R&D annual review 2019." London: Pharma Intelligence (2019).
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