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Supplementary Table 1. Key single-cell genomic technology applications to cell 

engineering  

Approach Overview Input Reprogramming 

applications 

Example 

insights 

Single-cell profiling  

scRNA-seq1 Profiling 

transcriptomes 

at the single-

cell level to 

study cellular 

heterogeneity 

and gene 

regulation 

Dissociated 

cells or nuclei 

iPSC 

reprogramming2–4; 

iN reprogramming5; 

iCM 

reprogramming 6,7; 

iEP reprogramming 

8; Myogenic 

reprogramming9,10 

Treutlein et al. 

used scRNA-seq 

to dissect 

fibroblast-to-

neuron 

conversion, 

revealing a 

continuous 

reprogramming 

trajectory with a 

transient 

intermediate 

state distinct from 

both starting 

fibroblasts and 

resulting 

neurons5. 

scATAC-

seq11,12 

Profiling 

chromatin 

accessibility at 

the single-cell 

level to study 

regulatory 

elements and 

gene regulation 

Dissociated 

nuclei 

iPSC 

reprogramming 

13,14; iEP 

reprogramming8;; 

Bidirectional XEN-

iPSC 

reprogramming15 

Chronis et al. 

applied scATAC-

seq in early iPSC 

induction and 

found that OSK 

factors 

cooperatively 

bind active 

somatic 

enhancers and 

initiate their 

inactivation, 



thereby 

reshaping the 

chromatin 

landscape to 

facilitate 

pluripotency 

establishment13. 

Multiomics/Joint 

profiling 

methods16–21 

Joint 

measurement 

of chromatin 

accessibility 

and gene 

expression in 

single cells, 

often extended 

to include DNA 

methylation 

and histone 

modifications 

Dissociated 

nuclei 

Astrocyte-to-

neuron 

reprogramming22; 

Fibroblast-to-

pancreatic 

reprogramming23; 

iCM 

reprogramming24 

Joint scRNA-seq 

and scATAC-seq 

revealed a two-

step fibroblast-to-

pancreatic 

trajectory via 

endoderm-like 

intermediates, 

identifying 

GATA4-driven 

maturation as 

essential for 

efficient lineage 

conversion23. 

Spatial 

methods25–27 

Technology 

measuring 

gene 

expression 

within intact 

tissue sections, 

preserving 

spatial context 

to map cellular 

Sectioned 

tissue; cells 

fixed on slides 

iPSC 

reprogramming; 

ESC 

differentiation27; 

Fibroblast-to-

cardiomyocyte 

reprogramming28 

Yamada et al. 

applied spatial 

transcriptomics to 

reveal localized 

transcriptional 

signatures and 

distinct fibroblast 

subpopulations 

during direct 



heterogeneity 

and gene 

activity across 

tissue 

architecture 

fibroblast-to-

cardiomyocyte 

reprogramming in 

mouse hearts28 

Cell type classification  

Garnett29; 

ScPred30; 

SingleCellNet31; 

CellTypist32; 

GPTCelltype33 

Computational 

tools that use 

supervised 

learning, 

marker genes, 

and gene 

expression 

profiles to 

classify and 

annotate cell 

identities 

scRNA-seq; 

scATAC-seq 

data 

Fibroblast-to-

dendritic cell 

reprogramming34 

Rosa et al. 

applied 

CellTypist to 

annotate single-

cell identities, 

uncovering 

dynamic 

transitions and 

intermediate 

populations in 

human fibroblast-

to-dendritic cell 

reprogramming34. 

Quadratic 

Programming5; 

Capybara35 

Mathematical 

optimization to 

assign cell 

states by 

minimizing 

deviations from 

predefined 

gene 

expression 

profiles of 

reference cell 

types 

scRNA-seq iN reprogramming5; 

iEP 

reprogramming; 

iCM 

reprogramming, 

iMN programming35 

Kong et al. 

introduced 

Capybara, a 

quadratic 

programming-

based tool that 

classifies discrete 

and “hybrid” cell 

states from 

scRNA-seq data, 

enabling 

quantitative 

tracking of 

intermediate cell 

identities and fate 



transitions during 

direct lineage 

reprogramming35 

scBERT 36 A transformer-

based model 

for scRNA-seq 

cell type 

annotation 

scRNA-seq n/d n/d 

Cell signaling inference  

CellPhoneDB37, 

NicheNet38, and 

CellChat39 

Inference of 

autocrine, 

paracrine, and 

juxtacrine 

signaling via 

integration of 

scRNA-seq 

data with 

protein-protein 

interaction 

databases 

scRNA-seq n/d n/d 

Spectra40 Decomposes 

gene 

expression into 

functional 

programs, 

maps ligand-

receptor 

interactions 

and quantifies 

cell-cell 

signaling 

networks to 

scRNA-seq iEP 

reprogramming8 

Spectra inferred 

TGF-β signals 

promoting off-

target 

mesenchymal 

fates in 

fibroblast-to-iEP 

reprogramming8. 



predict pathway 

activity 

Trajectory inference  

*Monocle9,10; 

Slingshot41; 

Wanderlust42; 

Wishbone 43 

Arranging cells 

along a 

trajectory that 

reflects their 

transcriptional 

progression 

rather than the 

time of 

collection 

scRNA-seq; 

scATAC-seq 

Myogenic 

reprogramming 9,10; 

Fibroblast-to-

cardiomyocyte 

reprogramming44 

Cacchiarelli et al. 

applied 

pseudotemporal 

ordering 

(Monocle) to 

MyoD-induced 

myogenic 

reprogramming, 

revealing that 

aberrant insulin 

and BMP 

signaling underlie 

unsuccessful 

conversions to 

muscle fate9. 

WaddingtonOT3 An optimal 

transport-based 

method for 

inferring 

probabilistic 

cell fate 

trajectories 

from single-cell 

transcriptomic 

data 

scRNA-seq iPSC 

reprogramming3 

Schiebinger et al. 

leveraged an 

optimal transport 

framework 

(Waddington-OT) 

on time-series 

scRNA-seq data 

of OSKM-

induced 

reprogramming, 

reconstructing 

probabilistic cell-

fate trajectories 

and successfully 

predicting 

molecular 



interventions that 

improved 

reprogramming 

efficiency3. 

SPRING45 Embedding 

single-cell data 

into force-

directed 

graphs, 

preserving the 

continuum of 

transcriptional 

states for 

interactive 

exploration 

scRNA-seq MN differentiation 

and programming46 

Briggs et al. used 

the SPRING 

single-cell graph 

visualization to 

show that 

pluripotent stem 

cells can 

differentiate via 

multiple distinct 

paths to the 

same terminal 

state, 

demonstrating 

convergence of 

divergent lineage 

trajectories 

during 

differentiation46. 

Lineage tracing  

CellTagging8,47; 

Rewind48 

Lentiviral 

integration of 

random 

barcodes into 

cells. Barcodes 

are expressed 

and captured 

as part of the 

single-cell 

transcriptome, 

allowing 

scRNA-seq 

and scATAC-

seq of 

barcoded cells 

iEP 

reprogramming8,47; 

iPSC 

reprogramming48 

Biddy et al. 

developed high-

throughput 

CellTagging 

barcodes to trace 

clonal lineages in 

fibroblast-to-iEP 

reprogramming, 

uncovering two 

early-diverging 

cell trajectories 



clonally related 

cells to be 

identified 

through shared 

barcodes. 

(productive vs. 

dead-end) and 

identifying 

Mettl7a1 as a 

marker and 

enhancer of 

successful 

reprogramming 

when added to 

the TF cocktail47. 

GRN Inference  

Single-cell GRN 

inference: 

Pando49, 

SCENIC50, 

SCENIC+51 

Incorporation of 

single-cell 

expression 

information to 

infer GRNs and 

nominate TF 

regulators 

scRNA-seq 

and scATAC-

seq 

iPSC 

reprogramming14,52; 

iEP 

reprogramming53 

Tran et al. 

combined single-

cell 

transcriptomics 

with network 

analysis to define 

checkpoints in 

OSKM-driven 

reprogramming, 

showing that 

continued 

mesenchymal 

gene expression 

hinders 

pluripotency and 

that 2i plus 

epigenetic 

modulators 

synergistically 

repress somatic 

programs while 

activating 



pluripotency 

networks 52. 

Experimental perturbation  

Reprogram-

seq54; Human 

TFome55 

Systematic 

assessments of 

transcriptional 

responses to 

combinatorial 

TF 

perturbations in 

reprogramming 

and 

differentiation 

scRNA-seq of 

cells 

overexpressing 

TFs 

Epicardial-like 

reprogramming54; 

Human ESC 

differentiation55 

Duan et al. used 

Reprogram-seq – 

single-cell RNA-

seq coupled with 

pooled TF 

overexpression – 

to systematically 

evaluate 

transcription 

factor 

combinations, 

identifying an 

optimal cocktail 

that efficiently 

reprograms 

fibroblasts into 

epicardial-like 

cells54. 

Single-cell 

CRISPR-based 

perturbation56,57 

A high-

throughput 

technique that 

perturbs 

multiple genes 

simultaneously 

in a population 

of cells 

Single-cell 

profiling of 

CRISPR-

perturbed cells 

ESC and fibroblast-

to-neuron58; iPSC 

reprogramming59; 

iEP 

reprogramming53 

Nourreddine et 

al. (preprint) 

performed 

genome-scale 

single-cell 

CRISPRi in 

human iPSCs, 

identifying novel 

regulators that 

modulate 

pluripotency and 

cell identity 



transitions during 

reprogramming59. 

In silico perturbation analysis  

CellOracle60; 

SCENIC+51 

Computational 

tools that infer 

GRNs from 

single-cell data 

and predict cell 

identity 

changes 

following TF 

perturbations 

scRNA-seq 

and ATAC-seq 

iEP 

reprogramming53 

Kamimoto et al. 

developed 

CellOracle, which 

infers single-cell 

gene regulatory 

networks and 

simulates TF 

perturbations in 

silico, allowing 

the prediction of 

factors that drive 

cell identity shifts 

(as validated in 

iEP 

reprogramming 

to identify key 

pro- and anti-

reprogramming 

TFs)53. 

GEARS61 A graph-based 

computational 

framework that 

predicts 

transcriptional 

outcomes of 

novel multi-

gene 

perturbations 

using gene 

regulatory 

interactions 

scRNA-seq n/d n/d 



Geneformer62; 

scGPT 

Transformer-

based deep 

learning 

models trained 

on large-scale 

single-cell data 

to predict gene 

expression 

patterns and 

transcriptional 

responses to 

perturbations 

scRNA-seq iPSC 

reprogramming62 

Theodoris et al. 

trained a large-

scale transformer 

model 

(Geneformer) on 

~30 million 

single-cell 

profiles to enable 

context-aware 

predictions of 

gene expression 

and perturbation 

responses, which 

they showed can 

forecast 

transcriptional 

changes during 

human iPSC 

reprogramming 

and identify 

influential 

regulators62. 

Molecular 

recording 

    

CAMERA63; 

DOMINO64 

 

CRISPR-based 

genome editing 

to record 

biological 

signals 

CRISPR-

edited cells 

(signal 

records) 

n/d n/d 

DNA 

Typewriter65; 

ENGRAM66 

CRISPR-Cas9-

based genome 

editing to 

sequentially 

record events 

CRISPR-

edited cells 

(signal 

records) 

Mouse embryonic 

stem cell 

differentiation into 

gastruloids66. 

Chen et al. 

developed 

ENGRAM, a 

CRISPR-

mediated “DNA 



into cellular 

DNA 

typewriter” that 

sequentially 

writes cellular 

signaling events 

into the genome, 

which they used 

to reconstruct the 

timing of 

differentiation 

cues during 

embryoid body 

formation from 

stem cells66. 

Calling Cards67 PiggyBac 

Transposase-

based system 

to record TF 

binding 

PiggyBac 

Transposase-

TF fusion 

(Calling Card) 

marked cells 

n/d n/d 

uLIPSTIC68 Sortase A-

mediated 

substrate 

transfer to mark 

cell-cell 

interactions 

Sortase A-

mediated-

labeled cells 

n/d n/d 

Synthetic biology  

Synthetic gene 

circuits69 

Cooperative TF 

assemblies for 

highly tunable 

gene regulation 

Engineered 

cells 

n/d n/d 

CRISPR-based 

synthetic 

transcription70 

Modular and 

combinatorial 

control of TF 

activity with 

CRISPR-

edited cells 

n/d n/d 



engineered 

dCas9-fusion 

proteins 

Engineered 

synthetic 

matrices and 

cell-mimetic 

scaffolds71,72 

Engineering 

strategies to 

recapitulate the 

niche 

Cells and 

supporting 

materials 

Organoid 

culture71,72 

Cruz-Acuña et al. 

showed synthetic 

hydrogels 

enhance human 

intestinal 

organoid 

differentiation 

and colonic 

regeneration71 

Synthetic 

signaling 

systems73 

Optogenetic 

and chemical-

inducible 

pathways to 

allow real-time 

control of 

extrinsic 

signals 

 Human embryonic 

stem cells 

differentiation to 

mesendoderm73. 

Repina et al. 

demonstrated 

that optogenetic 

activation of Wnt 

signaling 

precisely directs 

human 

pluripotent stem 

cell fate73 

 

n/d: not yet documented in a reprogramming context. This table is not exhaustive and is primarily intended to highlight 

the examples discussed in this Review. *Trajectory inference has been broadly applied across many reprogramming 

strategies. 
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