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Introduction

Background

With the rapid adoption of scRNA-seq technologies, many datasets now measure transcriptional 
profiles across multiple conditions and at single-cell resolution. These datasets are highly 
complex due to the presence of multiple samples.

Purpose

The goal of this study is to build muscat, an integrated framework for scRNA DS analysis and 
systematically evaluate different methods and analytical strategies for detecting differential 
states across a range of realistic scenarios in such complex scRNA-seq datasets.
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The main target of this paper

Differential State Analysis
- Identification of cell state changes within a given 

cell subpopulation across conditions
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They evaluated 16 different methods based on s
ingle-cell level vs. pseudobulk level analyses

within a simulation framework incorporating 6 
distinct scenarios of scRNA seq data

So, in this paper ...

This results can be helpful for CropSeq DEG analy
sis and scMPRA analysis.



Figure 1. Simulation Pipeline
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1. Getting Stat of Reference Data 
a. Dispersion Ratio
b. Library Size (~ Read Depth)

2. Sample Parameters
a. Cluster-wise Feature Parameter
(e.g. Gene Expression parameter per Cell types & Condition)

b. Library Size (~ Read Depth)

3. Sample Counts
Simulation gene counts are generated from the 

given parameter and negative binomial distribution
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Gene Expression Scenario

No difference between the group

Monotone Difference between the group

No-monotone Difference between the group



Gene Expression Scenario

Easiest and Simple Form

Bimodal

cf) Source of Bimodality

Undetected Confounder
Zero Inflation 
(Missing due to lack of measurement power)



Gene Expression Scenario

Clear Separation Form

Bimodal but detectable effect
(Most realistic patterns)

Bimodal but clear spearation



Gene Expression Scenario

Clear Separation but non-linear form
(Group means are the same)



Behavior of scRNA Data sets

e.g) Marker Gene of cell type (cluster or subpopulation)

e.g) Genes that behave differently under the condition

e.g) logFC per conditions
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Models

ScDD   : logcounts, vstresiduals

MAST   : logcounts

AD       : gid.logcounts, gid.vstresiduals, sid.logcounts, sid.vstresiduals

MM  : dream, dream2, nbinom, vstresiduals

EdgeR : sum.counts, sum.scalecpm

Limma  : voom.sum.counts, trend.mean.logcounts, trend.mean.vstresiduals

6 models : 16 variation
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Cell Sample
(Mouse)

Condition Gene A Gene B

1A 1 T - -

1B 1 T - -

1C 1 F - -

2A 2 T - -

2B 2 F - -

2C 2 F - -

Model Approach

-> EdgeR, Limma-voom, Limma-trend
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Models

scDD   

MAST   

AD       

MM  

EdgeR 

Limma  

Cell Condition Gene A
expression

1A T -

1B T -

1C F -

2A T -

2B F -

2C F -

scDD: single cell Differential Distribution (2015)

Dirichlet Process Mixture + Bayes Factor

Distributional Difference
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scDD   

MAST   

AD       

MM  

EdgeR 

Limma  

MAST : Model-based Analysis of Single-cell Transcriptomics (2015)

Regression model with Hurdle Distribution

Hurdle Distribution : Two stage Model to handle the zero-inflated counts 
(could be come from dropout or biological reason)

Evaluating the effect of the condition of interest using LRT test

LRT Test

1. Fitting two model with and without condition information

2. Evaluating each model through Likelihood; Pr(D|P)

3. If the condition affects gene expression, then a model that incorporates the condition should 
explain the data better than the model that does not.

4. Using the theorem that loglikelihood difference follows the chi-square distribution under H0: 
no effect of the condition, we can calculate the p-value of LRT test
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AD : Anderson Darling Test (1952)
- Somewhat advansed version of Kolmogorov Smilnov Test (1930)
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MM : Mixed Model 

Regression Model using Fixed Effect + Random Effect

Fixed effects: coefficients are treated as constant across all observations

Random effects: coefficients are treated as random variables that vary 
across groups or subjects.

Mixed models are commonly used for hierarchical data or repeated-
measures data.
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Models

scDD   

MAST   

AD 

MM  

EdgeR 

Limma  

EdgeR : empirical analysis of DGE in R (2009)

NB GLM + Bayesian Shrinkage + Quasi-Likelihood Test

NB GLM : glm on the negative Binomial Distribution

Bayesian Shrinkage

Getting a general dispersion parameter across the genes
using it as prior for gene specific dispersion parameter

Quasi-Likelihood Test 

Using Quasi-likelihood method and test based on that one. (QL F-test)





Models

scDD   

MAST   

AD 

MM  

EdgeR 

Limma  

EdgeR : empirical analysis of DGE in R (2009)

NB GLM : glm on the negative Binomial Distribution

poisson nb



Models

scDD   

MAST   

AD 

MM  

EdgeR 

Limma  

Limma : linear models for microarray data (2004)

Linear Model + empirical Bayes variance Shrinkage

Limma-voom : Variance modeling at the observational level (2014)

logCPM, Mean-Variance Function, Weighted Least Square

Limma-trend (2017)

logCPM, Mean-Variance Function, eBayes







Models

Single Cell Approach Model Target Kick

scDD Cell Grouped Distribution (GMM) Distribution Difference DPM, Bayes Factor

MAST Cell Grouped NB regression Fittness Difference NB, LRT

AD Cell Grouped & Cell 
Ungrouped

Distribution
(ECDF)

Distribution Difference Tail Behavior,
Nonparametric

MM Cell Ungrouped Linear Mixed Model Expectation Difference Random Effect
Single Cell analysis

EdgeR Pseudo Bulk NB regression Expectation Difference eBayes

Limma Pseudo Bulk Linear Regression Expectation Difference Mean-Variance 
Function, eBayes,WLS



Figure 2. Result Summary



vs

10%90%

TPR : Hitted DS genes/Total DS genes

FDR : False DS genes/Predicted DS genes

1% - 5% - 10% FDR threshold
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Figure 3.



Figure 4. DS analysis of cortex tissue from vehicle- and LPS-treated mice
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Figure 5.
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