
AI4DD4Future:
Emerging therapeutic 

modalities



Outline

1. Targeting “undruggable” proteins
• PROTACs
• Molecular Glues

2. When drugs are peptides and proteins
• AI for biologics and bioengineering

3. When drugs are genes
• Gene therapy and CRISPR therapy



1. Targeting the “undruggable”:
Moving beyond traditionally-druggable proteins
• Recall: only 25% of proteome considered “druggable”
• Yet protein-protein interactions (often undruggable due to large 

protein surface interfaces) are highly disease-relevant

• Enter therapeutic modalities based on induced proximity
• Bifunctional compounds (PROTACS, bispecific antibodies)
• Molecular glues

• Considerations for ternary complex:



Harnessing the cell’s recycling system 
(proteasome) to degrade proteins

For “undruggable” 
proteins, instead of 

inhibiting them, try to 
target them for 

degradation

Zhao et al., 2022, Signal Transduction and Targeted Therapy



Schematic of PROTAC action

Circle = PROTAC. Blue = ubiquitin ligase, green = target protein. PROTACs bring the ligase and target close 
together (“induced proximity”). The ligase activity joins ubiquitin (pink/purple) to the target, which 
destines it for recycling. 

Bekes et al., 2022. Nat Rev Drug Discovery



PROTACS – Proteolysis targeting chimeras

• “3-body problem” drugs
• Bulky linker
• In vivo efficacy needs in 

vivo degradation
• Cell permeability
• Enzymatic degradation 

in cells

Gharbi Y et al., Digital Discovery, 2024



Newer therapeutic strategy:
Discover small molecules to rewire cellular 
circuits via creation of “neoproteins”

Schreiber Cell Chemical Biology 2024



Molecular glues to degrade specific disease-
relevant proteins

Garber, Nat Biotechnol 2024

• Small molecules that 
promote protein 
degradation by:

• Stabilizing an existing 
protein-protein 
interaction or create a 
new PPI

• Glues are monovalent 
(compared to bivalent 
PROTACS) and much 
smaller than PROTACs

• Found through 
phenotypic screening

• Low hit rate



Molecular glues: Approved clinical drugs as 
stabilizers of variant proteins
• Drugs to treat cystic fibrosis

Images: Thoracic Key, Schreiber Cell Chemical Biology 2024

Chloride channel: Cystic Fibrosis 
Transmembrane Conductance Receptor



Example: “correcting” phenotypic consequences 
of proteins encoded by DNA variants (mutations)

Schreiber Cell Chemical Biology 2024



Chemical space for seeking these kinds of drugs?

DNA-encoded libraries
For high-throughput 
screening

Add geometric and spatial diversity in the DEL →
In order to find drugs that induce proximity or create neoproteins

Our drugs should “do” different things than traditional drugs
→ Explore different regions of chemical space

Schreiber Cell Chemical Biology 2024



Screening Strategies
• Analyze the enrichment of DNA barcodes 

• in DNA-Encoded Library screening

• Implied mechanisms based on co-operativity (alpha) score



Issues for therapeutic modalities of induced proximity 

• Structural moieties involve multiple proteins (complexity)
• The drug has a complex mode of action (not just simply “inhibit”)
• The chemical space is more complex
• Screening using DNA-encoded libraries (DNA as data)
• Consequence (“success”) involves attention to interactome, rather 

than single readout
• Clinically – a chance for much more selectivity and conditional 

interactions
• → personalized medicine
• 15 molecular glues are FDA-approved drugs (although not originally 

“discovered” as molecular glues)



Molecular glue database to explore

Opportunities for AI co-folding models to improve molecular glue discovery

Zhu et al., NAR 2026



Molecular glue database to explore

https://mgtbind.pkumdl.cn/

Multiple datasets combined

Zhu et al., NAR 2026

https://mgtbind.pkumdl.cn/


Implications for AI/ML
• PROTAC = engineered bifunctional

Glue = emergent interface stabilization

• Ternary complex modeling 
• (eg E3 Ubiquitin ligase + PROTAC + target protein)

• How do we represent three-body interactions?
• Can we predict cooperativity (α factor)?

• Data is:
• Very sparse
• Biased (abundance, positive result publication bias) for just a few E3 ubiquitin 
ligases. Serendipity for molecular glues

• Modeling tasks:
• Survival models (half-life of protein)
• Geometry?
• Drugs need to enter cells to work. What do we want to optimize ? Discuss…



2. When drugs are peptides and proteins: 
AI for peptide and protein design



Generating artificial proteins with LLMs e.g. 
(ProGen models)

“ProGen samples protein sequences one amino acid at a time; the probability of each amino acid is influenced by the prefix of the sequence generated so far 
and a set of control tags that specify a desired protein function. Given the same prefix but different control tags, the resulting distribution may be quite 
different (orange vs. blue histograms).”

Belanger and Colwell, 2023 Nat Biotech (commentary)



Generating artificial proteins 
with LLMs (ProGen models)

Madani et al., 2023 Nat Biotech



Novel artificial antibacterial proteins

Madani et al., 2023 Nat Biotech



Artificial proteins are functional, with as low 
as 31% similarity to human proteins

Madani et al., 2023 Nat Biotech



Overview: Algorithms and applications of de novo protein design and 
engineering.

(A) De novo biologic drug design pipeline and (B) main therapeutic application scenarios.

Tang et al., Acta Pharmaceutica Sinica 2026



Algorithms and applications of de novo protein design and engineering

C, D) Zero-shot protein engineering workflow and interchangeable protein base models, and (E) low-N lightweight supervised fine-tuning 
directed evolution methods

Tang et al., Acta Pharmaceutica Sinica 2026



• Designing protein binders 



Overview and evaluation of the PepMLM model (review 
this after the Genome Language Module)

Chen et al., 2025



Degradation of disease-related Huntington 
proteins by PepMLM-designed binders

Chen et al., 2025

C,d = 
switchable 

system



Protein binders and artificial proteins: 
Implications for AI/ML

• Instead of small molecule drug discovery 
• small graphs, 30–80 heavy atoms

• We now have:
• Sequences of 10–1500 amino acids
• 3D structures with long-range constraints
• Evolutionary priors
• Functional surfaces instead of binding pockets

• How do we represent proteins in a way that captures structure and 
function?
• Sequence-only models? Structural models? Combination?

• Drug discovery is shifting from predicting binding of fixed molecules to 
designing dynamic biological systems.



Discussion

• How might you adapt your current AI/ML knowledge to the context 
of peptide and protein design?



3. When drugs are gene therapy and genetic editing



Gene therapy in the clinic

• Decades of toxicity in clinical trials
• Delivery challenges
• A few approved gene therapy drugs, lots of phase 1 clinical trials
• Dec 2023: first CRISPR gene therapy approved
• CRISPR: gene editing

• FDA called for long-term studies of off-target gene editing



Gene editing therapies: CRISPR

Basic CRISPR Workflow
• Guide RNA(gRNA) binds DNA
• Cas nuclease cuts

Images: ThermoFisher Scientific



Human DNA repair pathways determine 
outcome of gene editing

Images: ThermoFisher Scientific



Casgevy clinical trial data: Efficacy

Frangoul et al., 2024 NEJM



Gene editing therapies: Problems relevant for AI/ML

• gRNA efficiency prediction
• Off-target prediction
• Base editing outcome modeling
• Prime editing outcome modeling
• DNA repair outcome distribution modeling

• Gene editing outcome is probabilistic, not deterministic.

More precise and “corrective” types of gene edits



Active ML contributions 
in this space



Performance of CRISPR-GPT
relative to general-purpose LLMs



Discussion:

• How do subject matter expertise and AI/ML combine in drug 
discovery projects involving emerging drug modalities?

• What top 3 questions do you as AI/ML students have for biologists 
in this space?



Supplementary Slides



Review paper: Algorithm development and application for sequence and 
structural biological data

(A) The Transformer architecture serves as the foundational backbone, utilizing attention mechanisms to decipher biological 
sequence patterns. (B) Biological language models have advanced from analyzing protein sequences (ESM2) to integrating 
multimodal data (ESM3) and genomic contexts (Evo). (C) Structure prediction models like AlphaFold2 leverage evolutionary 
information from MSAs to accurately generate 3D protein conformations.

Tang et al., Acta Pharmaceutica Sinica 2026





Architecture of XPert





Drug embeddings by chemical space c) or 
pretrained biological / MoA space c)
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