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Phases of drug discovery from initial stage
(target-to-hit) to final stage (launch)

Target-to-hit Lead
Ry T optimization  pre |injcal

Phase | Phase I Phase Il Submission
to launch
— — — —- D—)D—)D—PD Launch

=
pITS) (8% | [z | [ew ] [le

WIP needed for 1 launch Bl Bf EBeisd B2l B Bl Bl B (-
Cost per WIP per Phase ‘ S1 ‘ ‘ $2.5 ‘ ‘ $10 ‘ ‘ S5 ‘ S150

Cycle time (years) | 1.0J l 5 | ‘ 2.0 | | 1.0 ‘

Costper launch foutof pocket) | $24 | | $49 | | $46 | | s62 | | $128 | | ¢185 | | $235 | | s44 || d8m3 |
% Total cost per NME Bl B2 EBZ2ZE B2 2 BE: | 21% s B A

Cost of capital

Cost per launch (capitalized) | $94 ‘ ’ $166 ‘ ’ $414 ‘ ‘ $150 l ’ $273 ’ ‘ $319 ‘ ‘ $314 l \ $48 H $1,778 ‘

[l Discovery [ Development

p(TS) — probability of successful transition from one stage to the next; NME - new
molecular entity; WIP — work in process
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Drug-like chemical space
1060

FDA-approved treatments
available today
10° @

There are 1090 drug-like compounds.
Scientists have synthesized only a
fraction of those in the lab and
transition them into therapies (10°) —
Can advanced computation and Al take
us where no human has gone before?
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Step 5: Post-Market and
Safety Monitoring

y 1 compound
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Step 1: Design and Support decision-making for a new
Discovery drug in the laboratory

Step 2:#eclinical

Research

A

Step 3: Clinical
Resgarch

4

Step 4: FDA
Reiiew

¥

Step 5: Post-Market and Detect adverse and safety issues in
Safety Monitoring real time using electronic health data
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Examples of success

What's the best drug for disease

/@ with no known treatments?
‘ ' @Q@:@ Q&) Geometric

deep learning

(& @)D = [ = 2
‘ @ @@ o }o& —)

‘_® 108 molecular graphs Halicin, new antibiotic
Predictions

Huang et al., Zero-shot prediction of therapeutic Stokes et al., A Deep Learning Approach to
use with geometric deep learning and clinician Antibiotic Discovery, 2020
centered design, 2023

T No

‘l“ 7] effect :

= nuclei
'_,E”e“ Grereos
e‘; infection | - nuclei

- Amino acid sequence
infection | - nich

Gysi et al., Network medicine framework for Jumper et al., Highly accurate protein structure
identifying drug-repurposing opportunities for prediction with AlphaFold, 2021
COVID-19, 2021

AlphaFold2

Predictions

3D coordinates of
amino acids in the protein




Marinka Zitnik - marinka@hms.harvard.edu -- BMI 702: Biomedical Al

https://tdcommons.ai
|dentify meaningful

Design
tasks and datasets Al/ML methods
o3 =~ nl s THERAPEZUTICS ol
' L/QNJ/{I} DATA COMMONS
B;zir::t?:t::' » [ Data <=Al models 4= Scientific hypotheses ] « scieﬂists

\ 4

Make drug discovery and development more efficient

Global initiative to access and evaluate Al across therapeutic modalities and stages of drug discovery

210,000 active use cases of Al for therapy design / 90,000 users worldwide

pVERRI Tl

€y HARVARD H]jI~ Caltech ggrowx

@ DeepMind Carnegie Mellon |

PRINCETON UNIVERSITY OF N .
UNIVERSITY I | LL|NO|S Gr Georgia Institute

of Technology
™ Stanford @ =
p® University MVIDIA.

I Microsoft [ D Cornell University, el UNIVERSITY OF
 Research &34 ¥ ¥ CAMBRIDGE

Wang et al., Nature ‘23; Ektefaie et al., Nature Machine Intelligence 23; McDermott et al., Nature Machine Intelligence 23;
Li et al., Nature Biomedical Engineering 22
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Therapeutlcs Commons:
How it works”?

Al and ML [

Biomedical Biomedical
scientists scientists
&;{ O o ﬂ " - Ll A
A - bge o0E - 3l - B (24
THERAPEZUTICS
DATA COMMONS




®

22\ Therapeutics ML Tasks

Formulating Meaningful

!

7

Sourcing & Processing
Biomedical Datasets

o

N

\. J
( )
Developing Powerful
@3 Machine Learning
Models
. J

l

Evaluating Realistic
Model Performance

11
xx<<

!

Comparing with the
State-of-the-art

Fe
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https://tdcommons.ai

Al workflows in drug discovery

TDC supports the development of novel ML
theory and methods, with a strong bent towards

¢ coe

developing the mathematical foundations of which
ML algorithms are most suitable for drug
discovery applications and why

\ -1

¢ o
¢ coe

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS, 2021
Avrtificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022 9



What tasks can we address with
these workflows?

= Target discovery
= |dentify candidate drug targets

B2,
= Activity modeling
= Screenand generate individual or S o
combinatorial therapies with high ¢ /' |~ ) edeton
binding activity towards targets )@JH T 'g’gé,
= Efficacy and safety -\
= Optimize therapeutic signatures @ <& [E 4
predictive of safety & efficacy ouioy Doy Tra M

Development Pipelines

= Manufacturing
= Synthesis of therapeutics

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022



Outline for today’s class

= Optimization & generation  [iwswervesumyesemonome.|
of small molecules |

l S -UTS SEIVE-S > leamin g Psflﬂlﬁtlfd

u Binding Of drugs tO [Iwanttoknowthebindingaffinity]

of Ritonavir to 3CL protease.

. L
therapeutic targets
| |8 =0 > o,
3CL pi itonavir

= High-throughput genetic &
chemical perturbations

| want to generate a highly potent compound that
effectively binds a therapeutic target.

lnput ~ Answer
Machine . jrm]:)

ﬁl = learning = LYY L
( model Al-generated

Therap target compound




High throughput screening (HTS)

» Jest thousands to hundreds of thousands of
compounds In ONe Or More assays

= Biochemical, genetic, and pharmacological assays
» |ntegrate with robotics for self-driving lab

= Goal: Rapidly identify novel modulators of
biological systems

= Cellular basis of diseases
= Therapeutic agents ]
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» Rapidly screen large collections
of compounds (chemical libraries) |

= Efficiently identify active |
compounds

= Jest them in slower, accurate,
expensive screens

» Use the data to learn what types
of compounds tend to be active

300K

1000

Cherry
Picks

Number of Molecules

<]

300



Response
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HTS data types

= Categorical: active/inactive or toxic/nontoxic
= Continuous: single-point or dose-response

= Multiple readouts:

= Might read at different wavelengths or time points
= More complex when dealing with images

PhenoVue
@ - Hoechst 33342 Fluor 488 -
nuclear stain Concanavalin A acid stain

pon

9.75 10.00 10.25 50 0.01 1.0
Concentration log10 Concentration

Single-point vs. dose-response readouts Cell painting for phenotypic drug discovery

14



HTS: Machine learning setup

= HTS tests the activity of molecules:

Activity = f (Structure)

* \We need to describe the molecular structure
= Various discrete or real-valued descriptors
= Surfaces (3D)
= Binary fingerprints
= | earned molecular embeddings



In-silico screening and optimization
of molecular structure

Use computational models to suggest
what compounds to screen

E “ HH.gher

2 5
% k| >

K

P
2

Decoder
Togy
%
x

Lower

SSL pre-training Chemical landscape

!

[ Fine-tuning ]

|

Validation and
uncertainty calibration

( Score and selection) —>

>

Iterative refining

(e )

----» Exploration route * Objective



OH OH

Chemical
library
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Molecular property prediction

Latent representation
space

Fine-tuned
predictor

Fine-tuned
predictor

Fine-tuned
predictor

Fine-tuned
predictor

Fine-tuned
predictor

| \
i i 6

Self-supervised learning: Molecules with similar molecular

structure get embedded close together. Various

representations: Neural fingerprints, Attentive fingerprints,
SMILES descriptors, Graphormer, Transformer-M, and others

—  Absorption

Distribution

—p Metabolism

—>  EXxcretion
—>  Toxicity
ADMET
endpoints



What can we use molecular
representations for”

= Search

= Given a potent active molecule, find similar ones (or
dissimilar but also potent)

= Prediction of various endpoints

= (Given a set of active and inactive molecules, build a
model to predict which members from a chemical
library will be active

» Clustering

= Given a set of molecules, do they cluster into
structurally different groups”?
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Iwo strategies for producing
Mmolecular representations

Traditional approach

N = machine learning
l/o p €T : model
e convert  molecular vector input

molecule (fingerprint, descriptor) MM, Relnde Eorest LighteBil. .

Graph convolutional network (GCN) approach

represent a molecule as a graph;
atoms — nodes, bonds — edges

feature vector

\\,/Q
NH /
~

molecule

convert

molecular graph




Fingerprint representations

______

7

ol
0

Lots of types of fingerprints

Keyed fingerprints indicate the presence or
absence of a structural feature

Length can vary from 166 to 4096 bits or more

Fingerprints usually compared to each other using
the Tanimoto metric

11011 O [eee/ O |10
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Towards neural fingerprints

Algorithm 1 Circular fingerprints Algorithm 2 Neural graph fingerprints

1: Input: molecule, radius R, fingerprint 1: Input: molecule, radius R, hidden weights
length S Hi ... H3, output weights Wi ... Wg
Initialize: fingerprint vector f < Og 2: Initialize: fingerprint vector f < Og
for each atom a in molecule 3: for each atom a in molecule

r, < g(a) > lookup atom features r, < g(a) > lookup atom features

for L=1to R > for each layer 5: for L=1to R > for each layer
for each atom a in molecule for each atom a in molecule
r;...ry = neighbors(a) r;...ry = neighbors(a)

V < [rg,r1,...,ry] D concatenate VéeTeg+ ) T > sum

9: r, < hash(v) > hash function o: r, < o(vHY) b smooth function

10: 1 mod(ra, S) > convert to index 10: 1« Softmax(ra WL) > Sparsify

11: f: <1 > Write 1 at index 171: f—f+i > add to fingerprint

12: Return: binary vector f 12: Return: real-valued vector f

98 o SviiA Pels) A9
98 ot iAo

Figure 2: Pseudocode of circular fingerprints (left) and neural graph fingerprints (right). Differences
are highlighted in blue. Every non-differentiable operation is replaced with a differentiable analog.

Duvenaud et al., NeurlPS 2015

21
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Neural fingerprint representations

1) Neural graph fingerprints
» (Generate molecular fingerprints with
a neural network

» Update atom features using only
adjacent atoms

= Use different weights for node
degrees
2) Molecular graphs

» Update atom features by
convolutional and pooling layers
using adjacent atoms

éf‘ * They did not consider property of edges (bonds)
* They did not consider atoms other than 1-neighbor

Duvenaud et al., NeurlPS 2015; Altae Tran et al., ACS Central Science 2017

22
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Graphs vs. 3D structures

N o

Q"
Molecular Graph 3D Structure

The distance on the graph does not necessarily correlate with the
Euclidean distance between atoms in the 3D structure

Need to consider modifying the definition
of graph distance
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Datasets

22 datasets with ADMET endpoints

A: Absorption
Caco?2 (Cell Permeability)
HIA (Intestinal Absorption)

Pgp (P-glycoprotein) E: Excretion
Bioavailability Half Life

Lipophilicity Clearance (Hepatocyte)
Solubility Clearance (Microsome)
D: Distribution T: Toxicity

BBB (Blood-Brain Barrier) LD30 (Acute Toxicity)
PPBR (Plasma Protein Binding) NERG blocker
VDss (Volume of Distribution) Ames Mutagenicity

_ Drug Induced Liver Injury
M: Metabolism

CYP2C9/2D6/3A4 Inhibition
CYP2C9/2D6/3A4 Substrate

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022 24



Experimental setup

training
dataset ' prediction
— model
S oo »  validation : o
O~ O o ce\ect
\i\/i’ 7 \ _@ )-(‘K\ mOde\
Ay eat e
test il
predict

= Demonstrate that fingerprints are interpretable

= Show substructures which most activate individual features
In a fingerprint vector

* Fingerprint features can each only be activated by a single
fragment of a single radius, except for accidental collisions

* |n contrast, neural fingerprint features can be activated by
variations of the same structure, making them more
interpretable, and allowing shorter feature vectors.
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Results: Examining neural fingerprints
Fragments most O 4 O
activated. b.y NH
Al N BH

Fragments most 6

activated by O O O OQ
anti-solubility . . QQ
= O

Figure 4: Examining fingerprints optimized for predicting solubility. Shown here are representative
examples of molecular fragments (highlighted in blue) which most activate different features of the
fingerprint. Top row: The feature most predictive of solubility. Bottom row: The feature most
predictive of insolubility.

Duvenaud et al., NeurlPS 2015

26



Fragments most
activated by
toxicity feature
on SR-MMP
dataset
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Results:

—xamining neural fingerprints

(@)
p JL 0
0 SF
FF

Fragments most
activated by
toxicity feature
on NR-AHR
dataset

Co™ OO0

Figure 5: Visualizing fingerprints optimized for predicting toxicity. Shown here are representative
samples of molecular fragments (highlighted in red) which most activate the feature most predictive
of toxicity. Top row: the most predictive feature identifies groups containing a sulphur atom attached
to an aromatic ring. Bottom row: the most predictive feature identifies fused aromatic rings, also
known as polycyclic aromatic hydrocarbons, a well-known carcinogen.

Duvenaud et al., NeurlPS 2015

27
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Results: Molecular property prediction

Raw Feature Type Expert-Curated Methods ’ SMILES ‘ Molecular Graph-Based Methods (state-of-the-Art in ML)
Dataset | Metric | Morgan RDKit2D ‘ CNN | NeuralFP GCN AttentiveFP  AttrMasking ContextPred
| # Params. ’ 1477K 633K ‘ 227K ‘ 480K 192K 301K 2067K 2067K

TDC.Cacoz () MAE 0.908+0060  0.393+0.024 | 0.446+0036 | 0.530+o0102  0.599+0i04  0.401+o.03 0.546+0.052 0.502+0.036
TDC.HIA (1) AUROC 0.80740.072  0.97240008 | 0.869+0.026 | 0.943+o04 0.936+0024  0.974+0007  0.978+0.006 0.975+0.004
TDC.Pgp (1) AUROC 0.880+0.006  0.918+0.007 0.908+0012 | 0.902+0020 0.895+00n  0.892+o00n 0.929:+0.006 0.923+0.005
TDC.Bioav (1) AUROC 0.581+0086  0.672+c.0m | 0.613tooy | 0.632+0036  0.566+ons  0.632:+0.039 0.577-+0.087 0.67140.026
TDCLipO (\L) MAE 0.701=+0.009 0.574%+o0.017 0.743+0.020 0.563+0.023 0.541+0.0n 0.572+0.007 0.547+0.024 0.535+0.012
TDC.AqgSol () MAE 1.203+0.019 0.827+0.047 1.023+0.023 | 0.947+0.016 0.907#0.020 0.776+0.008  1.026+0.020 1.0400.045
TDC.BBB (1) AUROC 0.823+0.015 0.889+0.016 0.78140.030 | 0.836+oc009 0.842+0.016  0.855+o.0n 0.892+0.012 0.897+0.004
TDC.PPBR (}) MAE 12.848+0362  9.99440.319 1110640358 | 9.292+0384 10.194+0373  9.373+0.335 10.075+0.202 9.445+0.224
TDCVD (1) Spearman | 0.493+o0u 0.561-+0.025 0.226+o0m4 | 0.25840162  0.457+oo0s0  0.2414o.s 0.559-t0.019 0.485-+0.092

TDC.CYP2D6-1 (T) AUPRC 0.58740.0n 0.616+0.007 0.5444+0.053 0.62740.009  0.616+0.020 0.646+0.014 0.721+0.009 0.739=+0.005
TDC.CYP3A4-1(1) | AUPRC 0.82740.009  0.829-+0.007 0.821+0.003 | 0.84940.004 0.840+0010  0.851+0.006 0.902:+0.002 0.904+0.002
TDC.CYP2Co-1(1) | AUPRC 0.715+0004  O.742#0.006 | 0.713+0.006 | 0.739+o0010  0.735+0004  O.749+0.004 0.829+0.003 0.839:+0.003
TDC.CYP2D6-S (1) | AUPRC 0.671+0066  0.677+0.047 0.485+0037 | 0.57240.062  0.617+003  0.574+0.030 0.704+0.028 0.736:0.024
TDCCYP3A4-S (T) AUROC 0.633+0.013 0.639+0.012 O.662:l:o.o31 0.578+0.020 0.590+0.023 0.576+0.025 0.582+0.021 0.609-+0.025
TDC.CYP2Co-S (1) | AUPRC 0.380+0015  0.360%o0040 | 0.3674o0.059 | 0.359+0.0s9  0.344+o00s1  0.375+0.03 0.381+0.045 0.392-+0.026

TDC.Half_Life () | Spearman | 0.329+0.083 0.184+0m 0.038+0138 | O.177+0165  0.239+0100  0.085+0.068 0.15140.068 0.129+0.114
TDC.CL-Micro (1) | Spearman | 0.492+o020  0.586+0.014 0.252+0m6 | 0.529+o0.015  0.53240.033 0.3650.055 0.585:+0.034 0.578+0.007
TDC.CL-Hepa (1) Spearman | 0.272+0.068 0.382+0.007 0.235+0.0z1 | 0.401+003;  0.366+0.063  0.289+0.022 0.41340.028 0.439+0.026
TDC.hERG (1) AUROC 073640023  0.841+0.020 | 0.754+0.037 | 0.722+0.034 0.738+0038  0.825+0.007 0.7780.046 0.756-+0.023
TDC.AMES (1) AUROC 0.794+0.008 0.823+0.0n 0.77640.015 | 0.823+0.006 0.818+0010  0.814+0.008 0.842+0.008 0.837+0.009
TDC.DILI (1) AUROC 0.832:+0.01 0.875+0.019 0.792+0016 | 0.851+0026  0.859+003  0.886+0.015 0.919-+0.008 0.861+0.018
TDC.LDSO (J,) MAE 0.649-+0.019 0.678+0.003 0.675+0.0n 0.667+0.020  0.649+0.026 0.678+0.012 0.685:{:0.025 0.669+0.030

* No single method performs the best across all scenarios
* Pre-training boost performance
* Pre-trained graph models yield strongest predictors overall

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022 28



Outline for today’s class

= Optimization & generation  [iwswervesumyesemonome.|
of small molecules |

l S -UTS SEIVE-S > leamin g Psflﬂlﬁtlfd

u Binding Of drugs tO [Iwanttoknowthebindingaffinity]

of Ritonavir to 3CL protease.

. L
therapeutic targets
| |8 =0 > o,
3CL pi itonavir

= High-throughput genetic &
chemical perturbations

| want to generate a highly potent compound that
effectively binds a therapeutic target.

lnput ~ Answer
Machine . jrm]:)

ﬁl = learning = LYY L
( model Al-generated

Therap target compound




Molecular graph generation
)LQ
o Q

N (\ Oy O
LA TRy O~

Details and description of other models at https://zitniklab.hms.harvard.edu/drugml



Molecular graph generation

Foant 80 s R A2 93 !COH < © &

Generate molecules with high potency
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Modify molecules to increase potency
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Molecular variational autoencoder

Encoder

(e000000000)

Cl

OO0

Gradient ascent over
(OOC)

latent space

<

Make “better” drugs

Bayesian optimization over
latent space

<L

Find “best” drugs Potency Prediction

[1] Gomez-Bombarelli et al.,Automatic chemical design using a data-driven continuous representation of
molecules, 2016

33
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How to generate graphs?

Node by Node
O O ‘7

k‘/ Valid X Invalid X Invalid X Invalid v/ Valid )

Not every graphs is chemically valid
Invalid intermediate states — hard to validate

Very long intermediate steps — difficult to train (Li et al., 2018)

[2] Li et al., Learning Deep Generative Models of Graphs, 2018

34



Functional groups

Functional Groups

romatic rings



How to generate graphs?

( @) @) @) @) @) M )
i I i O | _ ore

N N N NoB N S steps

L Valid Invalid Invalid Invalid Valid J

Group by Group
O O O 3 - Shorter action sequence
> Q- -Q0

N s N . Easy to check validity
| v/ Valic v/ Valid v/ vald )




Marinka Zitnik - marinka@hms.harvard.edu -- BMI 702: Biomedical Al

Tree decomposition

Molecule Q Junction tree
I ‘
S N J é
N , o
4\
Clusters
Cl w

N
Cluster label N N N N O O ¢Cl s
Vocabulary EC_DJ @ @ D O k/)\] s g I |

- Generate junction tree ==» Generate graph group by group

- Vocabulary size: less than 800 given 250K molecules

Jin et al., ICML 2018

37



Approach: Junction-tree variational
autoencoder

Molecule 9 Molecular
Graph G

: N | Encode i : N/
Ol * — (] — i — U
RS

Cl
G
l Decode T
Tree o Junction |
Decomposition Tree T C; |
> v C N Encode Decode N/
@ '_\H — ] ' g
@ ', Clusters
- ZT

Jin et al., ICML 2018



Graph and tree encoders

Neural Message Passing Network (MPN)

Jinetal., ICML 2018



Graph encoding

X Node feature

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016



Graph encoding
®
o’

¢ o .
1-hop neighborhood

graph

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016
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Graph encoding

\F

2-hop neighborhood graph

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

42
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Graph encoding

t t—1
v\ = 7(Wix, + Wixy, + WY v -1y
Messages Node feature Edge feature

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

43



Marinka Zitnik - marinka@hms.harvard.edu -- BMI 702: Biomedical Al

Graph encoding

h,

by =7(Ufx, +3,  Uv(D)

[3] Dai et al.,

Discriminative embeddings of latent variable models for structured data, 2016

44



Jinetal., ICML 2018
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Tree encoding

1111/”
\ /

my;

m;; = GRU(x;, {myi}ren(iy;)

To capture long range interactions

45



Graph and tree encoders

* average-pooling

B B BN |
ZG ZT

* root node

T NN .

Jinetal., ICML 2018



Approach: Junction-tree variational
autoencoder

Molecule 9 Molecular
Graph G

> N | Encode i : N/
Ol " — (] — i — ~0U
RS

Cl
G
l Decode T
Tree o Junction |
Decomposition Tree T C; |
- ) . d \'C. N~ Encode Decode '/ N\
H . J
@ '_\ -_— —_—
Clusters
- ZT

Jin et al., ICML 2018



Tree decoder

O

|
= N\
AN

Cl

/H

ZT

Jin et al., ICML 2018



Tree decoder

Label Prediction @

/\@/ o

[4] Alvarez-Melis & Jaakkola, Tree-structured decoding with doubly-recurrent neural networks



Tree decoder

1. Topological Prediction @
Message vector I W \
S

2. Label Prediction

PN

Topological Prediction: Whether to expand a child or backtrack?

Label Prediction: What is the label of a node?



Tree decoder

A

\

Topological Prediction e

Backtrack

Topological Prediction: Whether to expand a node or backtrack?

Label Prediction: What is the label of a node?
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Tree decoder

Label Prediction

\ ENEEEE EBEEEE
Feedforward
NN

SN
E

h;; = GRUX;, {hritionei)y) h; ZT

\—f Encodes the entire subtree of current state




Graph decoder

|
SN\

S\CI

Predicted Junction Tree

—

S

@

Cl

Molecular Graph

Ir=z
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Graph decoder

S
O - E ;"""Enumerate how clusters
-are merged together

Cl

Cl
Enumerated G, \_,

subgraphs

Lq(G) =) |F(Gi) —log ) exp(f4(G))| (16)

i G.egG;

Graph encoder

- 54



Recap: Junction-tree variational
autoencoder

Molecule 9 Molecular
Graph G
Encode

Decode T
Tree o Junction |
Decomposition Tree T C; |
- ) . d \'C. N~ Encode Decode '/ N\
H . J
@ '_\ -_— —_—
Clusters
- ZT

Jin et al., ICML 2018



Experiments

Data: 250K compounds from ZINC dataset

Molecule Generation: How many molecules are valid when
sampled from Gaussian prior?

Molecule Optimization
Global: Find the best molecule in the entire latent space.

Local: Modify a molecule to increase its potency

Jin et al., ICML 2018



Baselines

SMILES string based:

1. Grammar VAE (GVAE) (Kusner et al., 2017);

2. Syntax-directed VAE (SD-VAE) (Dai et al., 2018)
Graph based:

1. Graph VAE (Simonovsky & Komodakis, 2018)

2. DeepGMG (Li et al., 2018)

[2] Li et al., Learning Deep Generative Models of Graphs, 2018
5 Kusner et al., Grammar Variational Autoencoder, 2017
6 Dai et al., Syntax-directed Variational Autoencoder for structured data, 2018

7 Simonovsky & Komodakis, GraphVAE: Towards generation of small graphs using variational
autoencoders



Molecule generation (Validity)

GVAE GraphVAE  SD-VAE  DeepGMG JT-VAE (w/o JT-VAE
checking)
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Molecule optimization (Global)

Property Score of the Best Molecule
Property Prediction

Bayesian I

Optimization Gatiaslan

(0000000000) ——>

CVAE GVAE SD-VAE JT-VAE

Encoder Decoder

Property: Solubility + Ease of Synthesis

Jinetal., ICML 2018
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Molecule optimization (Global)
0 0 Property Score of the Best Molecule
] /@u*u B

5.30
O O J?
QL
H H
NH S NH
oWae
Cl 5

5 4.93 1 90 B :
20O xx_ O :
N @ hig @ F CVAE GVAE SD-VAE JT-VAE
O 4.49

Property: Solubility + Ease of Synthesis

Jinetal., ICML 2018
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Molecule optimization (Local)

Property Prediction Average Improvement

Gradient I

Ascent N@tial
Network

O l
O H
. H
2 :
O o
Encoder Decoder 0 0.2 0.4 0.6

Preservation of the original
structure

Jinetal., ICML 2018
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Molecule optimization (Local)

o Average Improvement

O\'/H
‘ _N
0 N
07 o
J N

Preservation = 0.6

0 0.2 0.4 0.6

Preservation of the original
structure

Jinetal., ICML 2018



Molecule optimization (Local)

Average Improvement

0
O
.
N
Hoo S ©)LH
N % /SN
- N’&O

0 0.2 0.4 0.6

Preservation = 0.4 . .
Preservation of the original

structure
Jinetal., ICML 2018



Outline for today’s class

= Optimization & generation  [iwswervesumyesemonome|
of small molecules T .

l Yo j %5 . SO :> learning Q Psl;elﬂlﬁtltled

u Binding Of drugs tO [Iwanttoknowthebindingaffinity]

of Ritonavir to 3CL protease.

. L
therapeutic targets
| |8 =0 > o,
3CL pi itonavir

= High-throughput genetic &
chemical perturbations

| want to generate a highly potent compound that
effectively binds a therapeutic target.

lnput ~ Answer
Machine . jrm]:)

ﬁl = learning = LYY L
( model Al-generated

Therap target compound
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Geometric modeling of binding

CH,

HN

HO,,,

Binding affinity

. LN, :
° : s ({
£

’-\4 |

- g

/

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS, 2021
Avrtificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022 66
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Results: Binding affinity prediction

vl 0.747 | 0.711 | 0.727 | 0.718 | 0.675 | 0.677 . EECE 0.0609 0.7
MMD o 745 | 0 705 o 725 o 714 o 674 o 673 -0.05 0.6
0.5
el 0.749 | 0.711 | 0.726 | 0.719 | 0.676 | 0.678 EYER 0.0701
Q
048
'0.3%
et 0.683 | 0.717 | 0.732 | 0.722 0.729 0.0134
-0.2
Wl 0.729 | 0.691 | 0.714 | 0.703 | 0.661 | 0.649 .- 0.0262 o
2013 2014 2015 2016 2017 2018 2019 2020 2021
\ J \ J
Y f

In-Distribution Out-of-Distribution

ERM is a standard strategy to minimize errors across all domains

MMD minimizes maximum mean discrepancy across domains

CORAL matches mean and covariance of features across domains

IRM optimizes features using a cross-domain optimized linear classifier
GroupDRO optimizes ERM and adjusts weights of domains with larger errors
Marginal transfer learning augments features with marginal distributions
ANDMask masks gradients that have inconsistent signs in the corresponding
weights across domains

AMINO ACID SEQUENCE

MEVRPKESWNHADFVHCEDTESVPGKPSVNADEEVGGPQICRVCGDKATGYHFNVMTCEGC! RLRCPF EITRKTRR
QCOACRLRKCLESGMKKEMI! LI )PLGVQGLTEEQRMMIRELMDAQMKTFDTTF SHFKNFRLPGVLSSGCEL
PESLQAPSREEAAKWSQVRKDLCSLKVSLOLRGEDGSVWNYKPPADSGGKEIFSLLPHMADMSTYMFKGIISFAKVISYFRDLPIEDQISLL

MOLECULE

A oW -~ -0 % B & Q
o
5
/ o S o

H
C N /”\ N : J\ s
NT N \/Y\N o

@ | w L H )
% s o) OH N
.
B

TR 4 Gl8E Q Q
AFFINITY PREDICTION MODEL TYPE
Daylight-AAC
ADMET PREDICTION MODEL TYPE
MPNN

CANONICAL SMILES
cc(C)clne(csl)CN(C)C(=0)N[CRRH] (C(C)C)C(=0)N[C@RH] (Cc2cccec2)C[CRH] (0) [CRH]
(Cc4cceecc4 )NC(=0)0Cc3scenc3
BINDING AFFINITY (IC50)

624.84 nM

BINDING AFFINITY (PIC50)
6.20

PREDICTED ADMET PROPERTY

value

-4.07 log mol/L
2.62 (log-ratio)
-5.05 cm/s
86.09 %

Property

Solubility
Lipophilicity
(Absorption) Caco-2
(Absorption) HIA
(Absorption) Pgp
(Absorption) Bioavailability F20
(Distribution) BBB
(Distribution) PPBR
(Metabolism) CYP2C19
(Metabolism) CYP2D6
(Metabolism) CYP3A4
(Metabolism) CYP1A2

20.73 %
75.41 %
41.67 %
50.20 %
74.68 %
44.95 %
86.54 %
11.20 %

Modern data
management Human-Al
collaboration

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS, 2021
Avrtificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022 67
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Quick Check

https://forms.gle/4DJYidWsL4KkDau57

BMI 702: Biomedical Artificial Intelligence

Foundations of Biomedical Informatics Il, Spring 2024

Quick check quiz for lecture 13: Al-guided drug design, small-molecule generation,
molecule optimization, identification and characterization of therapeutic targets, design of
chemical and genetic perturbations

Course website and slides: https:/zitniklab.hms.harvard.edu/BMI702
Sign in to Google to save your progress. Learn more

* Indicates required question

First and last name *

Your answer

Harvard email address *

Your answer

Describe two challenges that models for generating molecular graphs need to *
address.

Your answer

What is the difference between traditional vs. neural fingerprint representations? *

Your answer

68
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Outline for today’s class

= Optimization & generation  [iwswervesumyesemonome|
of small molecules T .

l Yo j %5 . SO :> learning Q Psl;elﬂlﬁtltled

u Binding Of drugs tO [Iwanttoknowthebindingaffinity]

of Ritonavir to 3CL protease.

. L
therapeutic targets
| |8 =0 > o,
3CL pi itonavir

= High-throughput genetic &
@Chemical perturbations

| want to generate a highly potent compound that
effectively binds a therapeutic target.

lnput ~ Answer
Machine . jrm]:)

ﬁl = learning = LYY L
model Al-generated

Therapeutic target compound




>~

Words and genes share a correspondence:
their meanings arise from their context.

Gene perturbation measurements across diverse cell contexts
Induce semantics for genes

(under the right approach)



“apple” is a polysemic word...

Google

Q. grow an apple Q. buy an apple|

—



... whose particular meaning is resolved via sentence context.

Jo

/O /O /O /O

grow an apple

grow an apple tree
grow an apple tree from seed
grow an apple tree in a pot

grow an apple tree indoors

Google

buy an apple|

buy an apple watch
buy an apple gift card
buy an apple tv

i



H2AFX is a pleiotropic gene...




... whose particular function is resolved via cell context.

Olaparib Doxorubicin
peSersh: soso g

Homolqgogs . e— End Joining o
Recombination T
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While unsupervised learning of
word polysemy is common...

corpus

Data: of sentence contexts

Approach: word embeddings
w/ linear semantics

kKing - man + woman = queen

unsupervised learning of
gene pleiotropy is unsolved

Data: ?

Approach: ?

geneA - func1 + func2 =~ geneB

75



Our goal for today

Unsupervised learning of gene pleiotropy with
applications to therapeutic science

Data: ?

Approach: ?
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Data

Use gene perturbation effect measurements for
inferring biological functions

.. 33 CRISPR @ Genes |
.. St 1+gRNA : I 1 Context 1
\i‘ /' Fitness effect
Ce" I|ne Measure

.‘ fitness effect
e
@9

Gene knockouts

Genes

Repeat over many contexts

(cell lines, chemical insults etc.) Fitness data

—— SIX8)u0) —

Why perturbation datasets? Alternative data types:
» Transcriptomics: gene co-expression is necessary but not sufficient for co-function

* Protein-protein interactions: direct interactions are not necessary for co-function

7



—— Contexts ——

Marinka Zitnik - marinka@hms.harvard.edu -- BMI 702: Biomedical Al

Approach: Webster

» | ow-dimensional vector embeddings that satisfy

three criteria:
= Sparse
= | atents are biologically meaningful
= Account for redundancy between cell contexts

mxn mx k kxn
—Functions — Genes
——— Genes T - O :-_:.._.
‘[ g .l... " .-.. /_\.. '....-- "
Fiagd jﬁ x § I l:..-l. l%....l:.. l..l.
Fithess data =~ § ik BRI AL B L L
|
[|ziflo < ¢
Dictionary matrix Sparse gene-to-function

loadings

78



—— Contexts ——
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Approach: Welbster

Webster learns a dictionary matrix that sparsely
approximates gene effects...

mxn

——— Genes

ll

Fitness data

... While preserving
interpretable relationships
between genes

... and accounting for
redundancies between cell
contexts

mx k

—Functions —

kxn

Genes
L] L L]

;’l— :': :-.'::. - l-.. :.':-..Il
T é -..l.. -..-l- /_\'- -I'.... -l
8 LS é“ SR
5 1 . R T
O
|

[lzillo < ¢

Dictionary matrix Sparse gene-to-function

loadings

+— Contexts ——

+— Contexts ——

—F

Gene co-fitness graph

—Functions —

Genes -

texts ——

—— 8
TN~ :
Fitness data \ ’ g £
el / _ 8

Dictionary matrix
Cell context similarity graph

\ \
\\‘ > o ...::.. -.. ,,,T .:: :.._::: :.._::: T :._:.-_
° .:-. P lo. o D, . [T L T T LT
AR Nl LA Bh e Tt e et
Fitness data = AR S S ST N T T T
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Overview of Webster

Preprocessing Graph-regularized dictionary learning Output
Objectives
k

Raw fitness data Reduce dimensionality — Function —

, x X T
Standardize cell lines Yj % D
Center gene effects §
Filter genes by variance HY _ DX H2 |
F
: : Dictionary matrix
High-variance =) e
—————— genes —————— reserve gene similarity ones
T ::.:.':;.':'.' . T W :- -'. -. :.. .-. . ':--.1
g RN B T Le AV
é Fitness data TN T 5 ::._X: SEPCIEL R
CI Y . T l L ]
TT(X L ¢ X ) Gene-to-function loadings
Preserve cell context similarity || mzH 0 < t
] b7
e
= ~N
ir (DT LD) = key hyperparameters

80
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ts key parameters are dictionary
size (K) and sparsity on loadings (T)

Input Graph regularized dictionary learning K Output

—Functions —

 w

Dictionary matrix

Reduce dimensionality

Gene peturbation Preserve gene similarity
Measure fitness changes __/ S

Distinct cell contexts

—— Contexts ——

RS
K

'..--.'.o.. :-'. At igy SPu
VN R ’ Genes
. e . . ¥ 'R

———————— Genes —————————— éT’ . . .E . E'.- _
l Preserve cell context similarity Eﬁ R o .
g Fitness data '0\ /F:,) ! — } ~
| : \i ®) Gene-to-function loadings ;
- S.TL. ‘ & ‘ ) T

81
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Model optimization

Graph-regularized dictionary learning Output

Preprocessing o
jectives

Reduce dimensionality T —

i w

Raw fitness data

X ;:
Standardize cell lines Y 1 - @

Filter genes by variance

—— Cells ——

%
Y — DX||%
. . Dictionary matrix
High-variance P d d ifold
, genes , reserve gene dependency manifo : —_
‘{ .‘: :f‘.. J :‘:. . l-E- E 1) IE. E l.:E: E L :_:. '--
N Fitness data 3t S| mg =0a g nte?tyintanis anta
S e W Foon "gy"g 0 5"y 0 "pgn = =, .1
J Y T l " - ] - ] un ./\
TT(XLCX ) Gene-to-funciton loadings > ‘
Preserve cell state manifold
Py ,.CZ:’II\ L S.L. H.’Z?;‘HU S T
I\ /“,
Il
m,. i
Tr(DTLD)
Parameters
arg g]l){l ||Y — DX H% + (YT'I“(DT LD) K  =latent dimension size Q  =weight of cell Laplacian
L =cell Laplacian (num neighbors, metric) B =weight of gene Laplacian

+BTr(XL.XT) st |zilo <T Vi
e =gene Laplacian (num neighbors, metric) T =sparsity
82



Applications to three screens of
gene perturbation effects

1) Genotoxic screens
2) Cancer fithess screens

3) Compound sensitivity screens
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Part 1: Genotoxic screens

Olivieri et al. 2020: fitness effect of gene knockout in presence of genotoxins

Perform genome- E ‘.' CRISPR-Cas9

scale knockout A4 {2 lentiviral library
Genotoxic treatments .|.‘ IGenes -. - :
- . Tl Fitness

¥ & 0 | il W effect

M ‘g} 8 OIaparib E 1 L wlllil | 3

305:30 QE) . 1 HH i I' LII" I ;2

+ f\}:‘ Cisplatin © e ] R N , '

= I " e | -

J_ I 1] ] . i_z

+ UV light ' ' -
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Webster approximates the input
data matrix...

: Genes
-|— I I VTI\IVII
2 | . ! WL Q
S e ! " Q
E n " 1 |I —
E g |i If F 1 8
D " F . —
= T | i |'
1 .
Webster
'|' H C:DU
@ | | & Q
: o Tm 2 k=10
o - i = t=2
I_ I| mm 1] 1 " Q
J_ . 1 ] m m 8-
Fitness effect W -

4 -2 0 2 4
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... as a product between a
dictionary matrix and a loadings

Dictionary matrix

MN
Formaldehyde
Cisplatin—1
Cisplatin—2
Cl%)latln—_S
laparib
Camptothecin-1
Camptothecin-2
KBrO3

IR

Bleomycin
HU-chronjc
Pyridostatin
toposide
Doxorubicin
AZD6738
PladB
ICRF-187
Gemcitabine
HU-acute
MLN4924
CD437
Duocarmycin
Trabectedin
Calicheamicin

H202
PhenDC3

+—— Functions —

12345678910

] %)
c
()
£
5
- =
|
| |
.?..

mautrix

Gene-to-function loadings

|
LU
1] 1

——Functions —
QOWOONODOUTPA~AWN=

—

Genes

WIN Nuc. excision repair |
Fanconi anemia |
Homologous recomb.
End joining |

||| Fork quality control |
ATRIi vulnerability [
Nedd. resistance [
Polyamine [
Common Essential [
Common TSG —I

Loadings I I}
-1.75 0 1.75

Fitness

effect ) )

! 0.6 Literature annotations
T 04

. I
0.2 (i

0
-0.2 i
-0.4

i -06 | [

Wil Nuc. excision repair

Il | | Fanconi anemia

| End joining

[
[
| Homologous recomb. [
[
| Fork quality control |

Learned gene-to-function loadings recover

biological genesets hidden during model training

86
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Latents inferred by the model
recapitulate pleiotropy without prior
knowledge

H2AFX fitness effect
) Homologous recomb.
Measured Approximated fitness effect fitness effect
— Homologous — —]
— recomb. — —]
— loading . : —
: — Olaparib._ loadin —
Fitness 2} = fé’ Camptothé‘&ﬁﬂ AN g — Fitness
effect o —o) Camptothecin-2—5 - & KBrOS < @ effect
= ~ - £ = 1.4 - E 4+ m X Bleomycin— £
w3 © . © - Pyridostatin——— © Fos
o ® o —r toposide~ " O © 04
1 (= i — - Doxorubicin” ——| |~ 0.2
0 — — — 0
-1 — —] ] -0.2
L -2 — — — . -04
=3 —] —] —] i 06

l

Pearson cor =0.76

Homologous -

=

«—

(hidden during model training!)
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Latents are biologically meaningful

H2AFX - End Joining + Fanconi Anemia = RAD51B

ni Ane

d H2AFX - End Joining + Fanco

= cell context (treatment)

Measure

-10 5
Measure d RAD51B fitness



Cancer cell lines with
diverse fitness
adaptations

®
@

—— Cell lines ——
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Part 2: Cancer fithess screens

CRISPR-Cas9
lentiviral library

Genes —

Fitness data

191sgsM\

—— Cell lines ——

—Functions —

— Functions —

Gene to function loadings
220 functions x 2,921 genes, T =4

Dictionary matrix
675 cell lines x 220 functions
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Pleiotropic genes obey linear
semantics In the latent space

SHOC2 = Activated KRAS + Activated NRAS +
EGFR Signaling + FGFR Signaling

Fitness effect Activated KRAS Activated NRAS EGFR signaling FGFR signaling
Measured Approximated Fitness effect Fitness effect Fitness effect Fitness effect
KRAS mut. NRAS mut. =
= = p.G12D m P-GI3V —
p = p.Q61K p.Q61L
p.Q61K p-Q61L
p.G60G . p.Q61K ) '
8 3 D(zp Loading 3 p.Q61H Loading 3 p.Q61R Loading 3 Loading 3
= £ R _ £ p.G12D £ p.Q61H = =
3 = F= 2 = X 3 pG12D 4 E X = p.Q61K + X 3 + X3
(&} O (&} p.G12D (&} p.Q61K O (&}
0 p.G12C p.Q61L
‘ ‘ , l p.G12D ‘ p.Q61K ‘ ‘
4 Dep.
[ 1) il |

-0.15 0 0.15

Pearson cor =0.85
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Joint embedding space It captures interpretable
of genes and functions Processes in cancer

— Genes — | Functions

A - Ufmylation
EMSY/NuA4 complexes A
MLL complex, /[ ncBAF complex
Rolycombl, “/
A A faA

o
A
an AAAAA R | A
A
A, A A A A AA:AAA‘

— Contexts —

— Contexts —

»» UMAP2

A A AAA e > h@r, M
VSR W e SN —Kinetochore
A 2 &A A2 . ]
a A a— 4 _Actin/dynactin

+ az—»—Prefoldin/tubulin

UMAP A

i 5 N WRAP73 centriolar module
Function s *  INOBO complex4  sa’>C210r2-NEKT
Centromere Centriole/TEDC

A A

e Gene

Mitochondrial nucleotide modification .
Mito. Complex V A Function
Mito. tRNA ligase

/ Gene

Mito. Complex |

, ¢
= Mito. ATP synthase\‘ Mito. ribosome UMAP1
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Part 3: Compound sensitivity screens

Query: Drug Repurposing dataset Reference:
CRISPR dictionary
191 annotated compounds
Barcoded
cancer cell lines — Compounds — ~Functions - +— Compounds —
T e g ® "6 _ 5 &
> l l S
\- i RF‘BD“!{U!I_’LléROM GEJ Compound GCJ 8 .-.-l " ---.I "
‘ “ = sensitivity ~ = X S = tam "stan,
Y data @ W e o "8 0 ")
O .L ) = =
Corsello et al. 2020 Q ‘ _ _
l J_ - Cmpd. to function loadings

220 fns. x 191 cmpds, T =4

Modeling compound sensitivity profiles as
mixtures of functions learned from CRISPR
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Modeling compounds as mixtures
of latent functions

Reference-query projection

Fn.3A A Fn1  Fn3A Function
Fn 2 Reference Fn 2 ]

Compound

Function

A Fn.1

Gene

Q ¢
uery ¢ Cmpd. B
Cmpd. A

Webster learns from CRISPR data

* Modeling compounds as mixtures of functions learned from CRISPR signatures with
high similarity represent useful and previously unrecognized connections
* between two proteins operating in the same pathway
* between a small-molecule and its protein target
* between two small-molecules of similar function but structural dissimilarity

» Such a catalog of connections can serve as a functional look-up table of compounds
to predict sensitivity and genotoxic profiles and to inform therapeutic use

93



Marinka Zitnik - marinka@hms.harvard.edu -- BMI 702: Biomedical Al

Compounds’ mechanisms of action

Compounds are embedded nearby gene functions,
reflecting their mechanism of action

~ Projecting compound sensitivity into gene fn. map ~ BRAF signaling H2A.Z maintenance Mevalonate synthesis
Loadings Loadings Loadings
Al
o A A
< a
= . St
- a A A‘A‘A‘AA‘A o :AA‘ s
N ::;‘M. ::: wiRaw Modeling compounds as mixtures of functions learned
;~ Ry Torees oW from CRISPR signatures with high similarity represent
‘ a Goi*a ‘AA AA p~ I i i
55 « b “‘A.A‘A; .4 useful and previously unrecognized connections
o ?ff:‘ NN between two proteins operating in the same pathway
. : O K between a compound and its protein target
+ AKT inhibitor between two compounds of similar function but
¢ bromodomain inhibito - N0 .
+ EGFR inhibitor structural dissimilarity
¢ HDAC inhibitor
HMGCR inhibit B
. mgaﬂ.inr?il?{ttl)rl > + dabrafenib . Sk UBIAD-~ 5
4 Function s o s :?AF.ilr?hilbilt(())rr - PD-318088 " " scriptaid " A=A
. Sj:::)ound . : : \?gg;gr?ﬁg?t;?olrn orer BRAF/oseluTenmb bromospo’rme & atorvastatin
UMAP1 MEK162¢ lovastatin

*
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Key takeaways

= Analogously to word semantics, genes can be
modeled as distributions over latent bio functions

= Sparse learning is an effective strategy for learning bio

functions from high-dimensional chemical and genetic
perturbations

= New perturbations can be projected into learned space

Data:  hjgh-dimensional gene
perturbation measurements

Approach: sparse approximation
embeddings
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https://depmap.org/webster

® Webster x 4+ v
¢« c 0 (ﬁ depmap.org/webster/#/ Q \:}) e Qs =0 ﬂ
er at Cell Systems O Code for paper O Dictionary learning code 3 Figshare data
Ip
Explore relationships between genes and biological functions
learned from CRISPR fitness screens using Webster.
Read The Paper: “Sparse Dictionary Learning Recovers Pleiotropy From Human Cell Fitness Screens” &z For More Details
+ About this tool
Genotoxic v
~ 2d 3d @ Q |resetview | | clear selection
Select function group v
Selected function:
ATRi vulnerability (V3) ATRI vulnerability (V3) @ highlighted in plot
Gene
DHX35
. 1.08
P A\)’skl vulnerability
Nedd. resistance (V5) WEY
1.00
Fork quality
- P o V9
« Approximation
Ap quality (Pearson)
OR Y 074
Polyamine (V1) t .
- - .
1
Q Q
® Functions Genes @ Gene positive association @ Gene negative association

Native mouse controls: € »=panright left A«=zoom
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Outline for today’s class

= Optimization & generation  [iwswervesumyesemonome|
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= High-throughput genetic &
chemical perturbations

| want to generate a highly potent compound that
effectively binds a therapeutic target.
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