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Normalisr: Inferring single-cell differential
and co-expression

1. Schematic overview
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ScRNA-seq may provide unprecedented statistical
power and cell-type specificity for the interrogation of

molecular pathways at individual gene or whole-
transcriptome levels. We present Normalisr, a two-step
normalization-association
unifies single-cell differential and co-expression with

inferential

framework that

linear association testing. With posterior mRNA
abundances, nonlinear cellular summary covariates,

and mean and variance normalization,
outperforms existing methods and recovers biological

insights.
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Linear association model:
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For co-expression:
e Normalized expression

Normalisr

X: For differential expression:

Differential expression 12

Specificity: Uniform null P-
values on random cell splits
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2. Normalisr has optimal sensitivity, specificity, scalability, and reproducibility [1]

Time consumption

3. Co-expression in dysfunctional T cells iIn melanoma [2]
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5. Conclusion

Normalisr unified single-cell differential expression and co-expression with
linear association testing with optimal sensitivity, specificity, and speed.
Normalisr reliably revealed co-regulations and functional roles in high-
quality, gene-level co-expression networks and inferred gene regulations in
CRISPRI screen of single-cell differential expression. High-MOI CRISPRI
screens suffer from false positives from gRNA competition that can be
statistically accounted for. SCRNA-seq has the potential to become a
partial but better substitute for bulk RNA-seq from in vitro to cohort levels.
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4. Gene regulations from high-MOI CRISPRi scRNA-seq [3]
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