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Scientific discovery in the age of AI, Nature 2023

Biomedical research in the age of AI

Accelerated discovery & 
hypothesis generation

Experiments and 
simulation

Data acquisition and 
measurements at scale

https://zitniklab.hms.harvard.edu
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Scientific discovery in the age of AI, Nature 2023

Biomedical research in the age of AI

Generative AI is changing the 
way science is done

AI

Generative AI to
design biomolecules

AI is used to augment research, providing insights that might 
not have been possible using traditional methods alone

Therapeutic matching

Binding of candidate 
drugs to protein targets 

AI

NeurIPS 2023; NeurIPS 2022; Nature Methods 2024

Nature Chemical Biology 2022

medRxiv 2023 

AI

https://zitniklab.hms.harvard.edu
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Potential for AI in drug design 

Inside the nascent industry of AI-designed drugs, Nature Medicine 2023

https://zitniklab.hms.harvard.edu
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AI in drug design: Key innovations 
Geometric learning Self-supervised learning Generative AI

Atom-level molecular 
prediction, real-world 
evidence knowledge 

graphs

Target discovery, 
genotype-phenotype 
modeling, DNA, RNA, 

AA sequence 
modeling

chatbots, copilots, molecular 
and drug design

Scientific discovery in the age of AI, Nature 2023

https://zitniklab.hms.harvard.edu
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Our vision: Lay the foundations for AI to enhance the understanding of 
medicine and drug design, eventually enabling AI to learn on its own

AI-Driven Drug 
Discovery 

Engie

Predict and 
optimize protein 

targets

Generate, and 
refine therapeutic 

candidates 

Find relevant 
disease, patient 

and cell type 
contexts

Match therapies to 
patient benefits

https://zitniklab.hms.harvard.edu
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Rank-ordered lists of molecules 
to modulate disease circuitry in a 

cell-type specific manner

H
it 
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te

 @
 5

Cell Type Context

Oligodendrocytes

Astrocytes

Current AI models

Non-contextualized AI 
models

Pericytes

Microglia

LSSHMGCR…FDGKDGLLAHAFPP… Full-atom 
structure

Epithelial context

Stromal context

Endothelial context

Immune context

Immune-Stromal context

Stromal-Epithelial context

Disease circuitry across diseases 
and individuals

Key disease mechanisms, shared 
effects, interaction effects 

Chemistry optimization, 
synthesis, automation

Multimodal 
representation learning models

PINNACLE, PDGrapher

Generative geometric 
deep learning models 
PocketGen, FAIR, and 

TxPLM

Predict and optimize 
protein targets

Generate, and refine 
therapeutic candidates 

https://zitniklab.hms.harvard.edu
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Scientific discovery in the age of AI, Nature 2023

• Multimodal LLMs to leverage multimodal biological 
sequences and scientific knowledge

• Knowledge-graph based models that train self-supervised 
models on broad data at scale without pre-defined labels 

• Geometric and generative AI models that create action 
plans for experiments and produce new designs such as 
small molecule drugs and proteins from experimental data

Generative AI: Better drug design, molecule optimization, 
guiding high-throughput perturbation & interaction screening

Methods: Geometric deep learning, LLMs + graphs, transfer learning

Li et al., Nature Methods 2024; Extefaie et al., Nature Mach Intel 2023; McDermott et al., Nature Mach 
Intel 2023; Li et al., Nature Biomed Eng 2022; Zhang et al., ICLR 2022; Zhang et al. NeurIPS 2022; Agarwal 
et al., NeurIPS 2022; Huang et al., NeurIPS 2021; Alsentzer et al., NeurIPS 2020; Zhang et al., NeurIPS 2020; 
Huang et al., NeurIPS 2020; Queen et al., NeurIPS 2023; He et al.; ICML 2023; Jiali et al.; ICLR 2023; Zhang 
et al., NeurIPS 2023; Scott et al., Nature Mach Intell 2023; Sanders et al., Nature Mach Intell 2023; 
Agarwal et al., AISTATS 2022; Zhong et al., CVPR 2024

LLMs LLMs + Graphs Transfer learning Geometric deep learning

https://zitniklab.hms.harvard.edu
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Rank-ordered lists of molecules 
to modulate disease circuitry in a 

cell-type specific manner

H
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Cell Type Context

Oligodendrocytes

Astrocytes

Current AI models

Non-contextualized AI 
models

Pericytes

Microglia

LSSHMGCR…FDGKDGLLAHAFPP… Full-atom 
structure

Epithelial context

Stromal context

Endothelial context

Immune context

Immune-Stromal context

Stromal-Epithelial context

Disease circuitry across diseases 
and individuals

Key disease mechanisms, shared 
effects, interaction effects 

Chemistry optimization, 
synthesis, automation

Multimodal 
representation learning models

PINNACLE, PDGrapher

Generative geometric 
deep learning models 
PocketGen, FAIR, and 

TxPLM

Predict and optimize 
protein targets

Generate, and refine 
therapeutic candidates 

https://zitniklab.hms.harvard.edu
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“apple” is a polysemic word…

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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… whose particular meaning is resolved via sentence context

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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H2AFX is a pleiotropic gene…

DNA

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)
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Homologous
Recombination

Olaparib

P

Doxorubicin

End Joining

P

… whose particular function is resolved via cell context

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)
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Homologous
Recombination

Olaparib

P

Doxorubicin

End Joining

P

… whose particular function is resolved via cell context

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

Can we develop models that dynamically 
adjust their outputs to biological 
contexts in which they operate?

14



PINNACLE AI 
Precise and cell-type 
specific protein 
representation learning
Providing outputs tailored to biological contexts is essential for broad use of 
foundation models in biology

PINNACLE models support a broad array of tasks:
🧪 Enhance 3D structural protein representations
💊 Study effects of drugs across cell-type contexts
🎯 Nominate therapeutic targets in cell-type specific manner
🌲 Zero-shot retrieval of tissue hierarchy

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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Data: Protein networks and 
single-cell transcriptomic data

Model: Self-supervised contextual GNN

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

1 Protein-level attention with 
cell type specificity

2 Meta-graph level attention on cellular 
interactions and tissue hierarchy

3 Attention bridge between protein and 
cell type representations

PINNACLE: Geometric deep learning for precise protein representation 
learning and cell type- and state-specific prediction

https://zitniklab.hms.harvard.edu
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PINNACLE: Building our intuition

Contextual AI Models for Single-cell Protein Biology, Nature Methods (in press), 2024

Self-supervised learning to learn a general encoder 
of protein embeddings tailored to cellular contexts

Protein networks across 156 cell type 
contexts spanning 62 tissues of 

varying hierarchical scales

T1

P3
P1

P2

P4

P5 C3

C1

T2

T3

Protein 
embedding 
region of C1Protein 

embedding 
region of C2

C2

Unified embedding space

https://zitniklab.hms.harvard.edu
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Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

500,000 protein latent representations 
contextualized to 156 cross-organ cell types

Self-supervised learning to learn a general encoder 
of protein embeddings tailored to cellular contexts

PINNACLE

PINNACLE produces context-specific protein representations 
that are tailored to biological contexts, cell types and cell states

https://zitniklab.hms.harvard.edu
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PINNACLE enables contextualized, precise predictions of 
drug effects across cell types and cell states

Cell type 
context 

Cell type 
context

Cell type 
context

Multi-modal deep learning to identify 
changes at the single-cell level predictive of 

cognitive and behavioral phenotypes 

Protein Cell type

Functions: synaptic signaling, lipid metabolism, 
mitochondrial function, lipid and cholesterol biosynthesis 

Transfer learning across cellular 
contexts to predict if candidate drugs 

affect disease-relevant cell types

Effective

Unsafe

Identify molecules that are most 
effective at modulating astrocytes

Prior work:PINNACLE:

Cell type contexts 
(e.g., astrocytes, subsets of 

inhibitory neurons)
Not available

Major cell types Not available

Protein representations P3P2P1

C1 C2 C3 C156…

T1 T2 T3 T64…

P3P2P1
P3P2P1

P3P2P1
P3P2P1…

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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Contextualized prediction: Setup

Positive training examples

Proteins from clinical trials 
>= phase 2 in PPIN

Druggable proteins in PPIN

Proteins studied in a 
therapeutic area

Proteins investigated 
in clinical trials

Proteins from clinical 
trials >= phase 2

Druggable proteins in PPIN not 
studied in a therapeutic area
Negative training examples

Effective & 
Safe

Ineffective & 
unsafe

Downstream task: Is a given 
protein a strong candidate for 
a therapeutic area of interest?

Protein 1
Protein 2

…
Protein M

1 2 N…

0.9 0.5 0.7…
0.3 0.4 0.1…

0.6 0.8 0.2…

Cell Type

… … ……

Additional insights: Which 
cell type is highly predictive to 
examine therapeutic targets?

Pr
et
ra
in

Fi
ne

tu
ne

0.9 0.5 0.7

Predictor Module

PINNACLE

Pr
ot

ei
n 

1

Pr
ot

ei
n 

1

Protein 1

Cell Type 1 Cell Type 2 Cell Type N

Output: Predicted probability 
of Protein 1 in Cell Types 1, 2, 
…, N being a target for the 
therapeutic area of interest?

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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1. Specify therapeutic area
(seed disease and its descendants 

in a disease ontology)

2. Curate clinical trials for diseases 
(at least one completed clinical 

phase II or more)

Rheumatoid 
arthritis (RA)

Ankylosing 
spondylitis

Psoriatic arthritis

Inflammatory bowel 
disease (IBD)

Ulcerative 
colitis

Proctitis

Crohn’s 
colitis

Microscopic 
colitis

Crohn’s 
disease

Lymphocytic 
colitis

Appendicitis

Ulcerative 
proctosigmoiditis

Small bowel 
Crohn’s disease

Colitis

Collagenous 
colitis

Clinical 
phase

Unique 
drugs

Unique 
proteins

2 41 67
3 21 26
4 59 46

Clinical 
phase

Unique 
drugs

Unique 
proteins

2 81 110
3 27 26
4 94 49

Dataset & experimental setup

3. Curate list of candidate targets 
(proteins targeted by a drug in a 

clinical trials)

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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PINNACLE accurately nominates therapeutic targets for RA and IBD in a 
cell-type specific manner, whereas existing data integration models 
conflate cell-type specific information, leading to poor performance

PINNACLE’s representations predict drug targets for RA and IBD significantly better than context-free 
methods. PINNACLE also finds most predictive cell type contexts for investigating protein targets. PINNACLE 

supports the study of drug effects across cell type contexts.
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

https://zitniklab.hms.harvard.edu
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AP
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 5

Cell Type Context

CD4+ helper T cell

CD4+ alpha-beta 
memory T cell

Mature NK 
T cell

B cell

Pancreatic 
alpha cell

Pancreatic 
acinar cell

Regulatory T cell

Gut endothelial cell

CD8+ alpha-beta 
cytotoxic T cell

Epithelial cell 
of uterus

Fibroblast

CD141+ myeloid 
dendritic cell

Artery 
endothelial cell

Duodenum 
glandular cell

CD1c+ myeloid 
dendritic cell

Naïve regulatory 
T cell

Type I NK 
T cell

DN3 
thymocyte

Endothelial cell of 
hepatic sinusoid

Hepatocyte

Myometrial cell How many of the top 
k predictions are 

relevant?

Is the kth 
prediction 
relevant?

Total number of 
relevant items in 

the top K

PINNACLE considers core disease processes in rheumatoid 
arthritis to identify candidate targets in cell type-specific manner

Brigham and Women’s Hospital

PI
NN

AC
LE

BIONIC

GAT on global PPI networkEpithelial context

Stromal context

Endothelial context

Immune context

Immune-Stromal context

Stromal-Epithelial context

Germ line context

https://zitniklab.hms.harvard.edu
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AP
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Cell Type Context

CD4+ alpha-beta 
memory T cell

Goblet cell

CD141+ myeloid 
dendritic cell

Large intestine goblet cell

Myeloid dendritic cell

Type I NK 
T cell

Limbal 
stem cell

Transit amplifying cell 
of large intestine

Intestinal crypt stem cell 
of small intestine

Melanocyte
Radial 

glial cell

Fibroblast of 
cardiac tissue

B cell Intestinal tuft cell

T follicular 
helper cell

Enterocyte of epithelium 
of large intestine

Plasmablast

Regulatory 
T cell

Myofibroblast cell

CD4+ helper 
T cell

Naïve regulatory 
T cell

How many of the top 
k predictions are 

relevant?

Is the kth 
prediction 
relevant?

Total number of 
relevant items in 

the top K

PINNACLE considers core disease processes in inflammatory bowel disease
to nominate candidate targets in cell type-specific manner

Mass General Hospital

PI
NN

AC
LE

BIONIC

GAT on global PPI networkEpithelial context

Stromal context

Endothelial context

Immune context

Immune-Stromal context

Stromal-Epithelial context

Germ line context

https://zitniklab.hms.harvard.edu
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Contextualized predictions by integrating 
PINNACLE with 3D structures

Contextual AI Models for Single-cell Protein Biology, Nature Methods (in press), 2024

PINNACLE’s representations enhance 3D structure-based protein representations for important protein 
interactions in immuno-oncology (PD-1/PD-L1 and B7-1/CTLA-4)

https://zitniklab.hms.harvard.edu
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Rank-ordered lists of molecules 
to modulate disease circuitry in a 

cell-type specific manner

H
it 

ra
te

 @
 5

Cell Type Context

Oligodendrocytes

Astrocytes

Current AI models

Non-contextualized AI 
models

Pericytes

Microglia

LSSHMGCR…FDGKDGLLAHAFPP… Full-atom 
structure

Epithelial context

Stromal context

Endothelial context

Immune context

Immune-Stromal context

Stromal-Epithelial context

Disease circuitry across diseases 
and individuals

Key disease mechanisms, shared 
effects, interaction effects 

Chemistry optimization, 
synthesis, automation

Multimodal 
representation learning models

PINNACLE, PDGrapher

Generative geometric 
deep learning models 
PocketGen, FAIR, and 

TxPLM

Predict and optimize 
protein targets

Generate, and refine 
therapeutic candidates 

https://zitniklab.hms.harvard.edu
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Generative models:
• co-design of protein pocket sequence 

and 3D structure
• selective small molecule ligands 
• optimized PPI interfaces

Generative sequence-structure models enable atom-level 
predictions of ligands binding to biological targets

10x faster than current AI, 
15% better accuracy (AAR, 
RMSE, docking score)

45% better hit rate than 
current AI, need to generate 
fewer molecules to find a hit

Iterative refinement based on side-
chain effects, ligand flexibility, and 
sequence-structure consistency

…Pr
ed

ic
tio

ns

Gysi et al., PNAS 2021; Ruiz et al., Nature Communications 2021; Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023; 
PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024

Molecular property
predictors

LSS-MSMO1 binding
HMGCR-targeted 
PROTAC comprising 
a VHL ligand

Key disease mechanisms, shared 
effects, interaction effects 

Generative sequence-structure 
models

Priority lists of generated 
molecular structures

https://zitniklab.hms.harvard.edu
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Sequence-structure co-generation of protein pockets

§ Generating high-fidelity protein 
pockets—an area where a protein 
interacts with a ligand molecule
§ Complex interactions between ligand 

molecules and proteins
§ Flexibility of ligands and AA side 

chains
§ Complex sequence-structure 

dependencies
§ PocketGen generates residue 

sequence and full-atom structure 
within protein pocket region

Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024 28

https://zitniklab.hms.harvard.edu



Residue/ligand-level 
Interaction

Atom-level 
Interaction

Feature and Coordinate UpdateBilevel Attention

atom p Updated Features

Bilevel Graph 
Transformer

Unified Representation

i

j

Pocket

Ligand Protein
Molecule

…FDGKDGLLAHAFPP…

Structural 
Initialization

Bilevel Graph 
Transformer

…

…FDGK???????FPP……FDGK???????FPP…

Sequence 
Refinement

…

Iterative refinement of both sequence and structure in the protein pocket 
to maximize binding affinity with small molecule ligand

Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024

https://zitniklab.hms.harvard.edu
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Transformer Layer

Multi-head ATTN+FFN

Structural Adapter Layer

Multi-head ATTN+FFN

✖

N

…FDGKDGLLAHAFPP…

Sequence Decoder

Sequence Features

Sequence 
Refinement

Multi-head ATTN+ROPE

Down Project

Bottlenecked FFN

Up Project

Non-linear

Multi-Channel 
Transformer

Structure Features

…FDGK???????FPP…

Iterative refinement of both sequence and structure in the protein pocket 
to maximize binding affinity with small molecule ligand

Pocket

Ligand Protein
Molecule

…FDGKDGLLAHAFPP…

Structural 
Initialization

Bilevel Graph 
Transformer

…

…FDGK???????FPP……FDGK???????FPP…

Sequence 
Refinement

…

Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024

https://zitniklab.hms.harvard.edu
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PocketGen generates protein pockets with higher binding affinity 
and structural validity than existing models

Better generation
efficiency

Performance wrt 
protein LM size

Improved structural validity, amino 
acid sequence recovery, and affinity 

with target ligands

Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024

https://zitniklab.hms.harvard.edu
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Apixaban (APX) Fentanyl 7V7)Cortisol (HCY)

Original 
(HP 12, HB 3)

PocketGen 
(HP 12, HB 5)

PocketGen 
(HP 9, HB 5, π 2)

Original
(HP 7, HB 4, π 1)

PocketGen 
(HP 9, HB 1, π 2)

Original
(HP 7, HB 0, π 1)

Protein
Ligand
Aromatic Ring Center
Hydrophobic
Interaction
Hydrogen Bond
π-Stacking (parallel)
π-Stacking
(perpendicular)
π-Cation Interaction

Original

Better

Original

Better

Original

Better

…FVWAWYWAY… …FVRAWYWEW……WFRYYDTMY… …WFRYVYSFY… …YREFQVWGG… …YRTFKVPGY…

PocketGen can redesign pockets of antibodies, enzymes, 
and biosensors for target ligand molecules

Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024

https://zitniklab.hms.harvard.edu
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Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurIPS ‘21; Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical 
Biology ‘22; Ektefaie et al., Nature Machine Intelligence ‘23; McDermott et al., Nature Machine Intelligence ‘23; Li et al., Nature Biomedical Engineering ‘22

Biomedical 
scientists

AI
scientists

Algorithmic innovation and advances in therapeutic science

Global initiative to access and evaluate AI across therapeutic modalities and stages of drug discovery
270,000 active use cases of AI for drug design and therapeutic use prediction / 90,000 users worldwide

Ongoing collaborations with drug designers in immuno-oncology, rare genetic diseases and neurodegenerative diseases

Data AI Scientific hypotheses

https://tdcommons.aihttps://zitniklab.hms.harvard.edu
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We develop Therapeutics Commons, a data and AI model hub across 
therapeutics modalities and stages of discovery

270,000 active use cases of AI for drug design and therapeutic use prediction / 90,000 users worldwide
Partners validating AI models for immuno-oncology, rare genetic diseases and neurodegenerative diseases

• Molecular property prediction and optimization
• Binding of novel drugs to candidate therapeutic targets
• Molecule generation and AI-driven drug design
• Therapeutic use prediction, manufacturing, efficacy & safety
• AI models cover small molecules, proteins, peptides, miRNAs, and gene editing

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurIPS 2021; Artificial Intelligence 
Foundation for Therapeutic Science, Nature Chemical Biology 2022; Scientific discovery in the age of AI, Nature 2023

https://tdcommons.aihttps://zitniklab.hms.harvard.edu
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Capabilities of the Commons

Predictive AI:
§ Biological target nomination
§ Target validation
§ Molecular interaction screening

Generative AI:
§ Mutation effect prediction
§ Binding of ligands to targets
§ Molecular design and optimization

https://tdcommons.ai

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, 
NeurIPS 2022; Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical 
Biology 2022; Full-Atom Protein Pocket Design via Iterative Refinement, NeurIPS 2023

https://zitniklab.hms.harvard.edu
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AI tasks and curated 
benchmarks

a b

c

Team 1

TDC leaderboards compare and 
contrast AI methods

Team N

.

.

.

TDC dataset TDC split TDC evaluator

Synthesizability
Diversity

Molecular novelty
Docking score

AUPRC
MSE

…

TDC benchmarks provide datasets, dataset splits, 
and performance metrics to evaluate AI methods

Dataset Dataset name

AI/ML problem AI/ML task

Training

Validation

Testing

Single-instance
prediction

Multi-instance
prediction

Generation

Y

Y

Problem

Task

Dataset

Leaderboards with best-in-class 
methods for therapeutic tasks

Interactive human-AI design
to close the feedback loop

Pre-trained language models
for key therapeutic tasks

Propose a compound with similar 
properties to the drug Dasatinib. 
Find a few compounds with the 
same MOA/target, and modify 

them to make a novel (not 
patented) compound

One compound with a similar 
MOA/target as Dasatinib is 

AZD0530, which also inhibits Fyn 
kinase …

Large AI
model

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

Scientific discovery in the age of AI, Nature 2023

Therapeutics Commons is a hub of unified datasets, AI models, and 
benchmarks across therapeutic modalities

https://tdcommons.aihttps://zitniklab.hms.harvard.edu
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AI models, datasets and papers
zitniklab.hms.harvard.edu

Therapeutics Commons
tdcommons.ai

Opinions, findings, conclusions or recommendations expressed here do not necessarily reflect the views of the funders.

marinka@hms.harvard.eduhttps://zitniklab.hms.harvard.edu
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