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Liberalism in scientific research

Object Fundamentalism Object New

What is Physics?
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Genomics is a “liberal” discipline

1. Interdisciplinary nature |

2. Data-driven focus

3. Rapid evolution of methods 1
4. Flexible analytical approaches ;

We currently track 1837 tools...

N\
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Statistics ensures rigor in data analysis

Guinness Brewery

Dublin, Ireland

N\



mcerLab Lilibil;

JToairnal of the American Statistical Association »
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How to permute data?

Supervised learning Unsupervised learning
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Teaser: bulk RNA-seq DE analysas @

Genome Biology I

Yumei Li
(Wei Li Lab—

Soochow U)

coss  Published: 15 Me

Exaggerate false positives by popular differential
expression methods when analyzing human population
samples

X/Twitter: @jsb_ucla (UC Irvine)
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Teaser: bulk RNA-seq DE analysis

GO0

400
# of identified DEGs
from permuted data

200

X
» [Li*, Ge* et al.,
Genome Biology, 2022]
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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.
MXD1 expression

Pre-therapy On-therapy

/X
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Teaser: bulk RNA-seq DE analysis

False discoveries may mislead scientific conclusions
DESeq2

hormoene meatabolic process -

1I|Z| 5
=log 10( puadjust) -

edgeR

10 15 20
=log 10({p.adjust)

[Li et al., Genome Biology, 2022
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Teaser: bulk RNA-seq DE analysis

GO0

400
# of identified DEGs
from permuted data

200

g [Li*, Ge* et al.,
+ # of identified DEGs from the original data Genome Biology, 2022)
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How to permute data?

Supervised learning Unsupervised learning

X X

features features
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Teaser: bulk RNA-seq DE analysis

False discoveries may mislead scientific conclusions
DESeq2

hormone metaboic procass 1

1IIZI i-E-
=l 10( puadjust) -
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Teaser: bulk RNA-seq DE analysis

Q: Why are many genes identified as DE genes from permuted data?

600

400
# of identified DEGs
from permuted data

! [Li*, Ge* et al.,
+ # of identified DEGs from the original data Genome Biology, 2022]
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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.
MXD1 expression

Pre-therapy On=-therapy
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Teaser: bulk RNA-seq DE analysis

False discoveries may mislead scientific conclusions
DESeq2

hormone metaboic process

Cornific ian 4

sterckd metabolic process 4

hurmoral immisng fesponse 4
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[Li et al., Genome Biology, 2022)
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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.
MXD1 expression
Pre-therapy On=-therapy
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Teaser: bulk RNA-seq DE analysis

R
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Teaser: bulk RNA-seq DE analysm

Genome Biology ]

Exaggerated false FGSII-’I:I.;"ES by popular differential
expression methods when analyzing human population
samples

XMwitter: @jsb_ucla
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/A



mcerLab Lilibil;

Teaser: bulk RNA-seq DE analysis

GO0

400
# of identified DEGs
from permuted data

200

[Li*, Ge* et al.,
+ # of identified DEGs from the original data Genome Biology, 2022]
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Teaser: bulk RNA-seq DE analysis

False discoveries may mislead scientific conclusions
DESeq2

I
hormone metabolic process
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How to permute data?

Supervised learning Unsupervised learning

X X

features features

Y
Bl
e
o}
=
B
=
|
B
B

Bulk RNA-seq: Single-cell RNA-seq:
features = genes samples = cells;
Y = sample condition labels features = genes
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Two examples where permutation helps

1. Single-cell data visualization
Statistical method scDEED for detecting dubious 2D
single-cell embeddings and optimizing t-SNE and
UMAP hyperparameters

wiipns 15, Articl

2. Aggregating single cells into metacells

mcRigor: a statistical method to enhance the rigor of
metacell partitioning in single-cell data analysis

N\
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Example 1: dubious t-SNE/UMAP embeddings?
How to Use t-SNE Effectively

* Hyperparameters really matter

* Distances between clusters might not mean anything

N
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Example 1: dubious t-SNE/UMAP embeddings?

nature methods

Explore content +  About the journal »  Publish with us ~

5 » article

Seeing data as t-SNEand UMAPdo

15 21, 930-933 (2024) | Cite 1his article

18k Accesses Citations | 45 Altmatric | Matrics

Dimension reduction helps to visualize high-dimensional datasets.
These tools should be used thoughtfully and with tuned parameters.
Sometimes, these methods take a second thought.

(A
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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

nature communications

il ~  Aboul ke jeurnal v Publish with i -
bl

S't-atis'r..ical. met hod scDE EDfnr detecting dubious 2D
« single-cell embeddings and optimizing t-SNE and
UMAP hyperparameters

a3

u ia Christy Lee
(HKUST) (JSB)

N\



mcerLab Lilibil;

Example 1: dubious t-SNE/UMAP embeddings?

scDEED intuition

A trustworthy cell embedding

2D-embedding neighbors

pre-embedding neighbors

pre-embedding
neighbors

defined in the PC space

neighborhood size
= half of all cells
“mid-range distances”

/A
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Example 1: dubious t-SNE/UMAP embeddings?

Permuted cells are exchangeable — A cell’'s neighbors are random

permuted data

|III I s ‘ | MOous |'|:a||a|:.|||1-,- i rustw
&

ilily score = cor|

() oo ]
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Example 1: dubious t-SNE/UMAP embeddings?

scDEED detects dubious embeddings

Original (perplexity 40) e
- & Jubious

f!'ilta!a germding o : S embeddings al
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Example 1: dubious t-SNE/UMAP embeddings?

scDEED optimizes hyperparameters by minimizing dubious embeddings

Original scDEED optimized
(perplexity 40) (perplexity 230)

nauron ecl
Neurcn ec3
sgcEP_sc
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Example 1: dubious t-SNE/UMAP embeddings?

scDEED enhances the consistency between t-SNE and UMAP

R
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Two examples where permutation helps

1. Single-cell data visualization
Statistical method scDEED for detecting dubious 2D
single-cell embeddings and optimizing t-SNE and
UMAP hyperparameters

mrvcaiens 18, Articl

2. Aggregating single cells into metacells

mcRigor: a statistical method to enhance the rigor of
metacell partitioning in single-cell data analysis

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

Single-cedl profiles Meincell profiles

~ B0% zeros

(A
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Example 1: dubious t-SNE/UMAP embeddings?

Q: What is preserved by within-gene permutation?
A: Every gene’s distribution.

genes

w0
8
]
[
=
g
1
2

within-gene parmutation
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Example 1: dubious t-SNE/UMAP embeddings?

scDEED intuition
A trustworthy cell embedding

2D-embedding neighbors pre-embedding neighbors
in the

| pre-embedding
neighbors

defined in the PC space

neighborhood size
= half of all cells

- - - : el “mid-range distances”

/A
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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.

genes

permuted calls

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

Singlo-cedl prodiles Metncell profiles

~ B0% zeros

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

ell profiles that could have been resampled from the

j Cell (observat
Two-layer observation model; _
Feature j = 1,...,p

Expression model: >

Measurement model:

L1

Statistical definition: A metacell is a group of single cells that share

Satisf his definition?

Yes: trustworthy metacells Mo: dubious metacells

A statistical problem

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

Goals: istical crit
¢ |dentify dubious s consisting of single
o cells from different cell states
l‘ « MNominate the ming r

2 and optimize its
granularity level

way

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

genes

L.
o
3]
T
&
-
E
E
]
o

within-gene permutation
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Example 2: aggregating single cells into metacells
Our proposal: mcRigor

o

* Nominate the

and optimize its |

granularity level - -

ina Wy

Intuition:

s Wi worthy metacell, features are

d

Pan Liu
(JSB)

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

“A hom f - ell profiles that could have been resampled from the

inal

within a metacell is attributed

Two-layer observation model:
eature j

Expression model:
Measurement model:

LY
istical definition: A E is a gro f single cells that share tl
Statistical definition: A metacell is a group of single cells that sk
||
Satisfying this definition?

Yes: trustworthy metacells Mo: dubious metacells

A statistical problem

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

k=]
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and optimize its |

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

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

genes genes

[75)
o
5]
=
&
=
E
=
@
(=3

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

Double permutation e
ganas
Within-gene g genes
permutation: i _
« preserves genes }
marginal
distributions

TE

E -
x szl,

53

Erm

rmuted cells

* removes gene
correlations

« removes cell

library sizes mcDijynul

2

Pan Liu
(JSB)

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

i
)

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

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

m#ra:-'-'ll detec l| in

ey
2)
function = 85th quantile function

« permuted metacell

metacell size m

R



mcerLab Lilibil;

Summary

1. condition-label permutation Bulk DE 3. double permutation McRigor




mcerLab Lilibil;

Acknowledgements O
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More generally,

Synthetic null data
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ClusterDE: a post-clustering DE method for
single-cell and spatial transcriptomics data

Synthetic control removes spurious discoveries from double dipping in
single-cell and spatial transcriptomics data analyses

Dongyuan Song, Sigi Chen, Christy Lee, 2 Kexin Li, '2 Xinzhou Ge, "2 Jingyi |essica Li

TEE:

Deongyuan Song Kexin Li Christy Lee  Sigi Chen

doi: https:/idei.org/ 10,1 10172023.07 21550107

N
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Single-cell post-clustering DE analysis
Q: How to control false discoveries using synthetic null data?

(1) Synthetic {2) Clustering (3) DE analysis {4) FDR control
null generation T'-]rgpl DE »rr;ry 5 Contrast scores

o N -
1

Mull DE scores

8
e.g., DE score DE genes n _

UMAP 1 = -log(p-value) W &
_ Analysis pipeline (e.g., Seurat) Clipper N

Dongyuan Song Kexin Li
g o Clu5te rDE (JSB—Microsoft)

R
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Single-cell post-clustering DE analysis

Expectation 1: Cell-type marker genes should be found as top DE genes.

Expectation 2: Housekeeping genes should NOT be found as top DE genes.

R

PERRELAE . e E2aE EREL ek Si e e E R e 3 BE Rl B3 i e e e T iR
| Wilcowon ] t-test ] NB-GLM |
[
|
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Single-cell post-clustering DE analysis
Q: Why does ClusterDE NOT identify housekeeping genes as top DE genes?

A: ClusterDE uses contrast scores (= target DE score — null DE score).

/X
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Single-cell post-clustering DE analysis

ClusterDE guides the merging of spurious clusters.

Drosophila
visual system
developmental
atlas

Ozel et al.
Nature (2021)

/A
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Single-cell post-clustering DE analysis

ClusterDE identifies cell- t},rpe markers in a cell cluster hierarchy.

d  Low resoultion (0.2) Bl 2 b High resoultion {1.0)
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Spatial post-clustering DE analysis

Source: https://www.nature.com/articles/s41587-021-00935-2

/R
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Spatial post-clustering DE analysis

(1) Synthetic (2) Clustering (3) DE analysis (4) FDR control
Cluster 1 Clusters 1 vs. 2 Contrast scores
| b T E
Target DE scores c=5-5 Q1

Mull DE scores DE genes

o "
5 '
=
W
©
s
c
I:_.I ‘
=
]
=
E
\..jj

~scDesign3 | Spatial analysis pipeline ~ Clipper

N
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Spatial post-clustering DE analysis

(1) Synthetic (2) Clustering (3) DE analysis (4) FDR control
null generation Clusters 1 vs. 2 Contrast scores

Chuster 1
ol 555 CCC

Gena m

= _ | H R
48]

o ; Target DE scores
’I._'EI

: 8 ;

2| | 3
Null DE scores DE genes

o
L] B
g= v
=

=

— i

[a¥]

i ey

i
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w

~scDesign3 Spatial analysis pipeline [ Clipper
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Spatial post-clustering DE analysis

(1) Synthetic (2) Clustering (3) DE analysis (4) FDR control

_null generation iy Clusters 1vs. 2 Contrast scores

DE genes

scDesign3 | Clipper
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Spatial pust-clustering DE analysis
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ClusterDE: a synthetic control method for
removing clustering-induced bias

Synthetic control removes spurious discoveries from double dipping in

single-cell and spatial transcriptomics data analyses

Dongyuan Seng, Sigi Chen, Christy Lee, 0 Kexin Li, ' Xinzhou Ge, 2 Jingyi Jessica Li

doi: hteps://doi.org/ 10,1 10172023.07.21,550107
6 a g :

Dongyuan Song Kexin Li Christy Lee Sigi Chen

R



mcerLab Lilibil;

Chrstéidlieralgynthétic control method for
remeving clustering-induced bias

SYIEHEEL ContiaT PEFRBVEE SPITHBLR HisColEr e BN dbtibladippingin

single=cell and spatial transcriptomics data analyses

/R
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More Generally: Nullstrap
» A general framework for statistical inference that:
» Constructs synthetic null data using a model trained under the null

* Applies the same selection and inference procedure to both the observed
and synthetic null datasets

» Calibrates the results from the two datasets to control the FDR

» Avoids data alteration and preserves power

=iy {1‘# > stat = ardiv:2501.05012

Methodology

Nullstrap: A Simple, High-Power, and Fast Framework for FOR Control in Variable
Selection for Diverse High-Dimensional Models

Changhu Wang, Zihkeng Thang, lingyi Jessica Li

]
% @B 0

/R



mcerLab Lilibil;

Real data application: the triple-omic dataset (n = 150, p = 6331)

Multiple Data hodel-X Mullstrap Multiple Data Model-X Mullstrap
Splitling Knockoff Splitting Knockof

/X
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An independent benchmark: performance comparison result

httpa: S dod.org/10. 11012025, 06.09. 675248

/X
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An independent benchmark: runtime comparison result

Method

Mutual Information

Nullstrap

= 1000 p = 3000 p = 10000

+ 7.78

t 151.70

/R
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Summary: Toward Principled Inference After
Unsupervised Learning

* Inference Target:

« Challenge: Selective inference is method-specific and requires
— Complex derivations (feasible for few algorithms)
— Or strong assumptions (e.g., data splitting),

or 1clit inference?

making it difficult to apply broadly in unsupervised learning.

* Nullstrap:
A numerical analog of the
— Avoids analytical derivation
— Uses synthetic null data to calibrate inference

, akin to

* Qutlook: More theoretical development and applications

O @S0

/A
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D

mcRigor: a statistical method to enhance the of

metacell (mc) partitioning in single-cell data analysis

Pan Liu

Postdoctoral researcher

Biostatistics Program, Fred Hutchinson Cancer Center

with Prof.
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Metacell: a heuristic solution to the sparsity issue in single-cell data

Single-cell profiles Metacell profiles

~ 50% zeros

Group simiar cells
inle metacels
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Bilous, M., et al. "Building and analyzing metacells in single-cell genomics data.” Maolecular Systems Biology (2024): 1-23
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Metacell: a heuristic solution to the sparsity issue in single-cell data

Single-cell profiles Malacell profiles

S
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Metacell methods and applications

EHE-ug o
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Questions we wish to answer

@: How to define a "metacell”?
) How to detect dubious metacells?

Q: How to optimize metacell partitioning?

Article Openaccess Published: 29 September

mcRigor:a statlstlcal methud to enhance therigor of
metacell partitioning in single-cell data analysis

5 18, Article number: B602

%
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How to define a “metacell”?

The first publication that proposed the “metacell” concept
.

MetaCell: analysis of single-cell RNA-seq data using K-

nn graph partitions

i

7, Akhigd Bercavech, Arnp Se

foichman, fdvigrer Lifshitz & Amds Tanay =
¢ 20, Artiche numioe:

183 Citatio 48 Alme

inal cefl.”

S
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How to define "measurement error” in single-cell sequencing data?

Separating measurement and expression models
clarifies confusion in single-cell RNA sequencing
analysis

Sarkar & & Matthew Stephens &

re Genetics 53, 770-777 (2021) | Cite this artic

68 Citations | 82 Allmetric

Expression model: distribution of

Measurement model: distribution of

S
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w i i istical way?
How to define "metacell” in a statistical way?
cell prof

within a metacell is attributed exclusi
Two-layer observation model:
Expression model:

Measurement model:

Cell {observation) i = 1.....

7. the covariates

ampled from the

<
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Dubious metacells can bias analysis
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Dubious metacells introduce bias and artifacts

tion

ous metacells

S
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Our proposal: mcRigor

Goals: a statistical criterion to

e |dentify dubious me onsisting of single

cells from different cell states
+ MNominate the

and optimize its

granularity

S
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Double permutation for null construction

Within-gene permutation:
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Our proposal: mcRigor
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Our proposal: mcRigor

Goals: a statistical criterion to
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How to define “metacell” in a statistical way?

within a metacell is attributed exclusi
Two-layer observation model:
Expression model:

Measurement model:

Statistical definition: A metacell is 2 group of singl
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Yes: trustworthy metacells

A statistical problem
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Metacell: a heuristic solution to the sparsity issue in single-cell data

el profiles Matscell profiles
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mcRigor method—mcDiv and mcDiv™"
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Double permutation for null construction

Within-gene permutation:
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mcRigor method—mcDiv and mcDiv™"
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mcRigor method
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mcRigor effectively detects dubious metacells with high accuracy
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Test of mcRigor on barcode multiplets

Barcode multiplet: a set of cell-l tions in which h ohservation is as

unigue cell barc but actually nates from the same physical cell.

Test result of mcRigor

retacel e

S



mcerLab Lilibil;

mcRigor enhances gene co-expression analysis

Gene-gene correlaticn matrix
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mcRigor improves the reliability of gene regulatory inference

single-cell level
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mcRigor optimizes hyperparameter + by balancing sparsity and dubiousness

mcRigor oplimized hyperparameter
with the hig Score

hyperparameter v, ol

UMAPR1

Score = 1 - DubRale » w - Z

hyperparametan i, g
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mcRigor helps distinguish biological zeros from technical zeros

KDL
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mcRigor selects optimal metacell method and + for DEG detection

Optimal method-hyparamater
conliguration:
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Q: How could dubious metacells be handled appropriately?

mcRigor two-step: an extension of mcRigor

Step 1: A method-hyperparameter configuration (i.e.. :

ified by the use

ells within the partition, it is re-applied to the same partition usi
divergence score threshold (as below) to label more metacells as dubious,
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as dubious. This yields a refined metacell
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mcRigor two-step effectively resolves rare cell types
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mcRigor two-step effectively resolves rare cell types
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Conclusion

give a statisical definition of "metacell” based on the tw

A: We optimize metacell partitioning by balancing sparsity and dubiousness.

Article Open access Published: 29 September

mchgor' a statlstlcal lﬂEthﬂd to enhance the rigor of
metacell partitioning in single-cell data analysis
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R package and tutorial on Github
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