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Single-cell CRISPR screen with CROP-seq
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Datlinger, et al. (2017). Pooled CRISPR screening with single-cell
transcriptome readout. Nature Methods
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Cell therapy
Lentiviral CRISPR mRNA
Tcell delivery of delivery by Selection of
expansion CAR and gRNA electroporation edited cells
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Datlinger, Pankevich, Arnold, et al. (2025). Systematic
discovery of CRISPR-boosted CAR T cellimmunotherapies.
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Bednarsky, Ladstatter, ter Horst, Yu, Reichl, Pourfarzad, et al.
(2026) (in revision)
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Machine Learning
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Reichl, Bednarsky, et al. (2026) (in preparation)
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Generative Al
a) Train conditional discrete diffusion model b) Condtional Monte Carlo tree guidance
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Awasthi, et al. (2026). Conditional Monte Carlo tree diffusion for designing cell-type-specific and biologically faithful regulatory
DNA. International Conference on Learning Representations (ICLR) MLGenX & GEM workshops.
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Generative Al
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Schaefer, Peneder, et al. (2025). Multimodal learning enables chat-based exploration of single-cell data. Nature Biotechnology
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