Are statistical methods developed for bulk RNAseq data appropriate for single cell datasets? | JSM | Denver, 1 August 2019

Universitat URPP P
Zurich™ Evolution é

Swiss Institute of

i N H C tl on _Bi)informatics

T—

Statistical methods for flexible differential analysis
of cross-sample single-cell RNA-seq datasets

Mark D. Robinson /| @markrobinsonca
Statistical Bioinformatics Group, IMLS@UZH+SIB

https://robinsonlabuzh.github.io/

Pierre-Luc Germain



https://robinsonlabuzh.github.io/

Quick talking points

® Are statistical methods developed for bulk RNAseq data
appropriate for single cell datasets? —> Most definitely yes, but
‘It depends”

® A plea: when you talk about DE in scRNA-seq, specity what you
mean, because | see at least 3 separate but related DE analyses:

- marker gene DE (associate DE to trajectory)
- differential abundance analysis
- differential state analysis
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On the discovery of population-specific state transitions from

multi-sample multi-condition single-cell RNA sequencing data
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Postdoc position available: develop data
science tools for (single-cell) -omics data

https://www.travelanddestinations.com/most-beautiful-places-to-visit-switzerland/

http://bit.ly/2K4iKzK
or Google: “crowell biorxiv muscat”
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Revealing the vectors of cellular identity with single-cell

ge nom i CS Perspective
Allon Wagner!, Aviv Regev?35 & Nir Yosefl:45 Defining cell types and states with single-cell genomics
Cole Trapnell ‘ o . .
Box 1 The many facets of a cell’s identity Differential
We define a cell’s identity as the outcome of the instantaneous state analysis
intersection of all factors that affect it. We refer to the more
permanent aspects in a cell’s identity as its type (e.g., a hepatocyte 8 D
typically cannot turn into a neuron) and to the more transient
elements as its state. Cell types are often organized in a hierarchical Com,o, o ’ @ \ ; ?er;at?g:g:‘
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o "We view a cell state as a secondary
A periodic table of cell types module operating in addition to the
Bo Xia® and Itai Yanai'2* general cell type regulatory program.”

The evolving concept of cell identity in the single cell era

Samantha A. Morris’2:3.*

“‘how can we be confident that a novel transcriptional
signature represents a new cell type rather than a known cell
type in an unrecognized state?
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Plea: test your new method on these
(and other) benchmark datasets
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Figure 2. (A) Normalized run times, using RtsneKmeans as the reference method, across all data set instances and number of clusters.

(B) Run time versus performance (ARI) for a subset of data sets and filterings, for the true number of clusters.




We know a bit about
marker gene DE

Several methods work well, including single-cell-
specific and bulk methods

t-test and Wilcoxon perform surprisingly well

“we found that bulk RNA-seq analysis methods do

not generally perform worse than those developed
specifically for scRNA-seq”

(Plea: test your new method on these (and other)
benchmark datasets)

Bias, robustness and scalability in single-cell
differential expression analysis

Charlotte Soneson:2® & Mark D Robinson!:2®

Methods
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Two types of differential expression:
marker gene DE, differential state analysis
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4503 LNA1 24mg

20 10 0 10 2

Focus: Marker gene DE

Focus: cross-sample DE

repeat for each
population ..



Various ways to frame the inference
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Some precedent, but different contexts

‘Batch effects and the effective
_design of single-cell gene

Multi-sample

Multi-condition

.~ expression studies
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mixed models

“A solution is
proposed whereby
counts are summed
from all cells in each
plate and the count
sums for all plates
are used in the DE
analysis.”



Limited “off-the-shelf”
options for comparison
of distributions

CDF
00 02 04 06 08 1.0

* k-sample Anderson-Darling test
(Scholz and Stephens, 1987). Null
distribution: all distributions are
the same.

density
00 01 02 03 04

e functional data analysis?

e aggregate over cells?

CDF
00 02 04 06 08 1.0

 differential variability?
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Simulation: multi-sample, multi-
subpopulation, multi-condition

Equivalent Expression

Equivalent Proportions

Differential Expression

Differential Proportions

, Differential Modality
...Idea adapted from Korthauer et al., 2016

Korthauer et al. Genome Biology (2016) 17:222
DOI10.1186/513059-016-1077-y

Genome Biology
Both, Differential modality
& component means

Mark

A statistical approach for identifying @
differential distributions in single-cell RNA-seq
experiments

Keegan D. Korthauer'#, Li-Fang Chu?, Michael A. Newton®?, Yuan Li°, James Thomson®®’, Ron Stewart

and Christina Kendziorski*>*
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Flexibility of
simulation

» knobs for: sample size, # of cells,
changes in abundance, subpopulation-
specific state changes

» batch effects?
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countsimQC

countsimQC: comparing simulated and real data

cell-level properties - -
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Aggregation works well, mixed models
work well. DB especially difficult to detect

DE/\
p_adj.loc, DE p_adj.loc, DP p_adj.loc, DM p_adj.loc, DB
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Multiple testing correction should be done locally

(separate for each cluster/population)
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estimated log-fold-change

Pick your data to model wisely

edgeR.sum(counts)

edgeR.sum(scalecpm)

limma-voom.sum(counts)
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Current rating
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Application to LPS dataset: clustering +
annotation subpopulations

Data from:
4 mice treated with vehicle
4 mice treated with LPS

frontal cortex

single nuclei RNA-seq (10x)
usual preprocessing:
filtering, doublet removal,

Seurat integration,
clustering
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Application to LPS dataset:
subpopulation-level visualization
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Application to LPS dataset: go back to cell-level
response (discovery based on pseudobulk)
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Application to LPS dataset: look at genes (genesets)
changing {within specific, common across} subpopulations

DE genes related to chemokine receptor binding
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LPS dataset: interplay of cell type and cell state

_ ® Astrocytes @ Oligodendrocytes @® Excit. Neuron _ o WT
cluster id © Endothelial ® OPC Inhib. Neuron group_id o |pg
- ® Microglia ® CPEcells -




There Is still a lot to say

multi-sample multi-condition multi-subpopulation datasets —> in silico sorting +
differential state analysis

Aggregation (e.g., pseudobulk counts) works well, is fast, flexible and modular
software: https://github.com/HelenalLC/muscat

Are we getting deep enough (per cell, per subpopulation)? —> Power differs by
cell type

Interplay between definition of type and state
Can we get everything from aggregates?

Should we fit separate models for each subpopulation (what we do now) or one
model over all subpopulations?

How to best use batch correction methods, cell type assignment methods
Extensions to trajectories?


https://github.com/HelenaLC/muscat
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