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Genomics is a “liberal” discipline

1. Interdisciplinary nature

2. Data-driven focus

3. Rapid evolution of methods

4. Flexible analytical approaches

https://www.scrna-tools.org/ 

Single-cell methods

https://www.scrna-tools.org/
https://www.scrna-tools.org/
https://www.scrna-tools.org/


Statistics ensures rigor in data analysis

Guinness Brewery

Dublin, Ireland



Bootstrapping and Simulation-Based Inference
“In permutation testing, resampled datasets are generated by 
breaking the (possible) dependency between the predictors and 
target by randomly shuffling the target values.” 

https://medium.com/bitgrit-data-science-publication/the-8-most-important-statistical-

ideas-of-the-past-50-years-11220e46736f 
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How to permute data?

Bulk RNA-seq: 

features = genes 

Y = sample condition labels

Single-cell RNA-seq: 

samples = cells; 

features = genes



Teaser: bulk RNA-seq DE analysis

Yumei Li

(Wei Li Lab→

Soochow U)

Wei Li

(UC Irvine)
X/Twitter: @jsb_ucla

Xinzhou Ge

(JSB→

OregonState)



Teaser: bulk RNA-seq DE analysis
Q: Why are many genes identified as DE genes from permuted data?

51 pre-nivolumab 

vs. 

58 on-nivolumab 

anti-PD-1 therapy patients

[Riaz et al., Cell, 2017] [Li*, Ge* et al., 

Genome Biology, 2022]



Teaser: bulk RNA-seq DE analysis
Q: Why are many genes identified as DE genes from permuted data?

A: The negative binomial assumption does not hold on this dataset.



Teaser: bulk RNA-seq DE analysis
Q: Why are many genes identified as DE genes from permuted data?

A: The negative binomial assumption does not hold on this dataset.



Teaser: bulk RNA-seq DE analysis
False discoveries may mislead scientific conclusions 



How to permute data?

Bulk RNA-seq: 

features = genes 

Y = sample condition labels

Single-cell RNA-seq: 

samples = cells; 

features = genes



Two examples where permutation helps

1. Single-cell data visualization

2. Aggregating single cells into metacells



Example 1: dubious t-SNE/UMAP embeddings?

Source: https://distill.pub/2016/misread-tsne/

• Hyperparameters really matter

• Distances between clusters might not mean anything

• …

https://distill.pub/2016/misread-tsne/
https://distill.pub/2016/misread-tsne/
https://distill.pub/2016/misread-tsne/


Example 1: dubious t-SNE/UMAP embeddings?



Example 1: dubious t-SNE/UMAP embeddings?

Q: Is a cell’s embedding dubious or trustworthy?

A: Examine the cell’s neighbors before and after embedding

Christy Lee

(JSB)

Lucy Xia

(HKUST)



Example 1: dubious t-SNE/UMAP embeddings?

scDEED intuition

A trustworthy cell embedding

neighborhood size 

= half of all cells

“mid-range distances”

pre-embedding 

neighbors

defined in the PC space



Example 1: dubious t-SNE/UMAP embeddings?

scDEED intuition

A dubious cell embedding



Example 1: dubious t-SNE/UMAP embeddings?

Q: What is the null hypothesis?

A: A cell’s neighbors are random after embedding.

Q: How to obtain such a case?

A: Permutation.



Q: What is preserved by within-gene permutation?

A: Every gene’s distribution.

Q: What is not preserved?

A: Gene-gene correlations and cell-cell relationships.

Example 1: dubious t-SNE/UMAP embeddings?



Permuted cells are exchangeable → A cell’s neighbors are random

Example 1: dubious t-SNE/UMAP embeddings?



Example 1: dubious t-SNE/UMAP embeddings?

scDEED detects dubious embeddings

Hydra single-cell RNA-seq data [Siebert et al., Science, 2019]

tSNE_1 tSNE_1

Original (perplexity 40)



Example 1: dubious t-SNE/UMAP embeddings?

scDEED optimizes hyperparameters by minimizing dubious embeddings

Original

(perplexity 40)

scDEED optimized

(perplexity 230)

tSNE_1 tSNE_1



Example 1: dubious t-SNE/UMAP embeddings?
scDEED enhances the consistency between t-SNE and UMAP



Two examples where permutation helps

1. Single-cell data visualization

2. Aggregating single cells into metacells



Example 2: aggregating single cells into metacells
Metacell: a heuristic solution to the sparsity issue in single-cell data 



Example 2: aggregating single cells into metacells
Metacell: a heuristic solution to the sparsity issue in single-cell data 



Example 2: aggregating single cells into metacells
Metacell methods and applications



Example 2: aggregating single cells into metacells
Metacell methods and applications



Example 2: aggregating single cells into metacells
Q: How to define a “metacell”?

Q: How to detect dubious metacells?

Q: How to optimize metacell partitioning?

Pan Liu

(JSB)Accepted by RECOMB 2025



Example 2: aggregating single cells into metacells
Q: How to define a “metacell”?



Example 2: aggregating single cells into metacells
Q: How to define a “metacell”?



Example 2: aggregating single cells into metacells
Q: How to define “measurement error”?



Example 2: aggregating single cells into metacells
A statistical definition of “metacell”



Example 2: aggregating single cells into metacells
A statistical definition of “metacell”



Example 2: aggregating single cells into metacells
Dubious metacells can bias analysis



Pan Liu

(JSB)

Example 2: aggregating single cells into metacells
Our proposal: mcRigor



Example 2: aggregating single cells into metacells
Our proposal: mcRigor

Pan Liu

(JSB)



Pan Liu

(JSB)

Example 2: aggregating single cells into metacells
Our proposal: mcRigor

“mcDiv”



Example 2: aggregating single cells into metacells
Q: Is within-gene permutation enough?

A: Genes become uncorrelated, but cell library sizes are gone.



Example 2: aggregating single cells into metacells
Double permutation

Pan Liu

(JSB)

mcDiv

Within-gene 

permutation:

• preserves genes’ 

marginal 

distributions

• removes gene 

correlations

• removes cell 

library sizes mcDivnull

X



Example 2: aggregating single cells into metacells
Double permutation

Pan Liu

(JSB)

mcDiv

mcDivnull

Within-gene 

permutation:

• preserves genes’ 

marginal 

distributions

• removes gene 

correlations

• removes cell 

library sizes

Within-cell 

permutation:

• preserves cell 

library sizes

• removes genes’ 

marginal 

distributions

However, the 

genes are now 

different …



Example 2: aggregating single cells into metacells
Double permutation

Pan Liu

(JSB)

mcDiv

mcDivnull

Within-gene 

permutation:

• preserves genes’ 

marginal 

distributions

• removes gene 

correlations

• removes cell 

library sizes

Within-cell 

permutation:

• preserves cell 

library sizes

• removes genes’ 

marginal 

distributions

Normalization



Example 2: aggregating single cells into metacells
mcRigor function 1: detecting dubious metacells



Example 2: aggregating single cells into metacells
mcRigor function 1: detecting dubious metacells



Example 2: aggregating single cells into metacells
mcRigor function 1: detecting dubious metacells



Example 2: aggregating single cells into metacells
Double permutation vs. within-gene permutation



Example 2: aggregating single cells into metacells
Test of mcRigor on barcode multiplets



Example 2: aggregating single cells into metacells
mcRigor improves co-expression by removing dubious metacells



Example 2: aggregating single cells into metacells
mcRigor improves the reliability of gene regulatory inference 



Example 2: aggregating single cells into metacells
mcRigor function 2: optimizing granularity level γ (hyperparameter)



smFISH data: Torre, E., H. et al. “Rare cell detection by single-cell RNA sequencing as guided by single-molecule RNA 

FISH.” Cell Systems 6 (2), 171–179 (2018).

Example 2: aggregating single cells into metacells
mcRigor helps distinguish biological zeros from technical zeros



MetaCell: Baran, Y., et al. "MetaCell: analysis of single-cell RNA-seq data using K-nn graph partitions." Genome Biology (2019).

Data: Stuart, T., et al. "Comprehensive integration of single-cell data." Cell (2019).

Example 2: aggregating single cells into metacells
mcRigor two-step better preserves and reveals rare cell types



Summary



Acknowledgements

Wei Li

(UC Irvine)

Bulk DE analysis scDEED

Lucy Xia

(HKUST)

Christy LeeYumei Li

(Wei Li Lab→

Soochow U)

Xinzhou Ge

(JSB→

OregonState)

mcRigor

Pan Liu

https://jsb-lab.org/


	Slide 1
	Slide 2: Liberalism in scientific research
	Slide 3: Genomics is a “liberal” discipline
	Slide 4: Statistics ensures rigor in data analysis
	Slide 5
	Slide 6: How to permute data?
	Slide 7: Teaser: bulk RNA-seq DE analysis
	Slide 8: Teaser: bulk RNA-seq DE analysis
	Slide 9: Teaser: bulk RNA-seq DE analysis
	Slide 10: Teaser: bulk RNA-seq DE analysis
	Slide 11: Teaser: bulk RNA-seq DE analysis
	Slide 12: How to permute data?
	Slide 13: Two examples where permutation helps
	Slide 14: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 15: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 16: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 17: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 18: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 19: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 20: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 21: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 22: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 23: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 24: Example 1: dubious t-SNE/UMAP embeddings?
	Slide 25: Two examples where permutation helps
	Slide 26: Example 2: aggregating single cells into metacells
	Slide 27: Example 2: aggregating single cells into metacells
	Slide 28: Example 2: aggregating single cells into metacells
	Slide 29: Example 2: aggregating single cells into metacells
	Slide 30: Example 2: aggregating single cells into metacells
	Slide 31: Example 2: aggregating single cells into metacells
	Slide 32: Example 2: aggregating single cells into metacells
	Slide 33: Example 2: aggregating single cells into metacells
	Slide 34: Example 2: aggregating single cells into metacells
	Slide 35: Example 2: aggregating single cells into metacells
	Slide 36: Example 2: aggregating single cells into metacells
	Slide 37: Example 2: aggregating single cells into metacells
	Slide 38: Example 2: aggregating single cells into metacells
	Slide 39: Example 2: aggregating single cells into metacells
	Slide 40: Example 2: aggregating single cells into metacells
	Slide 41: Example 2: aggregating single cells into metacells
	Slide 42: Example 2: aggregating single cells into metacells
	Slide 43: Example 2: aggregating single cells into metacells
	Slide 44: Example 2: aggregating single cells into metacells
	Slide 45: Example 2: aggregating single cells into metacells
	Slide 46: Example 2: aggregating single cells into metacells
	Slide 47: Example 2: aggregating single cells into metacells
	Slide 48: Example 2: aggregating single cells into metacells
	Slide 49: Example 2: aggregating single cells into metacells
	Slide 50: Example 2: aggregating single cells into metacells
	Slide 51: Example 2: aggregating single cells into metacells
	Slide 52: Example 2: aggregating single cells into metacells
	Slide 53: Example 2: aggregating single cells into metacells
	Slide 54: Summary
	Slide 55: Acknowledgements

