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Why to remove technical variation?

In order to facilitate discovering biological signal

Batch-effects:
1) dates of sequencing
2) people done sequencing
3) flow-cells / plates
4) chemistry / protocol
5) lanes
6) read length
7) labs produced data
8) organisms
9) etc.

100% confounding: put cases
and 

controls on different flow-cells

Normalization: correct for systematic variation in sequencing experiment
1) between samples (e.g. sequencing depth bias)
2) between features (e.g. gene length or GC content)



  

How to detect technical variation?
Difference in sequencing depth:

Genome-Wide Batch-effects: Per-Gene Batch-effects:

Genome-Wide Batch-effects:



  

How to correct for technical variation?

Normalization: normalize by library size (other choices: RPKM, TMM, DESeq, Deconvolution)

Batch-effects: ComBat (supervised), SVA (unsupervised) etc.

Before ComBat After ComBat

I do not recommend unsupervised batch-effects correction for scRNAseq data

I do not recommend library size normalization for any type of data
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Generate Gene Expression with Batch

expr<-matrix(c(200,201,180,85,99,87,150,180,190,81,93,89),
ncol=6,byrow=TRUE)

colnames(expr)<-paste0("S",seq(1:dim(expr)[2]))
rownames(expr)<-paste0("G",seq(1:dim(expr)[1]))
expr

## S1 S2 S3 S4 S5 S6
## G1 200 201 180 85 99 87
## G2 150 180 190 81 93 89

Batch coding:

batch<-c(1,1,1,0,0,0)
batch

## [1] 1 1 1 0 0 0



Visualize the Batch
plot(expr[1,]~c(1,1,1,0,0,0),col="blue",xlab="Batch",ylab="Gene Expr")
abline(lm(expr[1,]~c(1,1,1,0,0,0)),col="blue")
points(expr[2,]~c(1,1,1,0,0,0),col="red")
abline(lm(expr[2,]~c(1,1,1,0,0,0)),col="red")
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Why not to Regress Out?
summary(lm(expr[1,]~batch))

##
## Call:
## lm(formula = expr[1, ] ~ batch)
##
## Residuals:
## S1 S2 S3 S4 S5 S6
## 6.333 7.333 -13.667 -5.333 8.667 -3.333
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) 90.333 5.740 15.74 9.52e-05 ***
## batch 103.333 8.117 12.73 0.000219 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Residual standard error: 9.941 on 4 degrees of freedom
## Multiple R-squared: 0.9759, Adjusted R-squared: 0.9699
## F-statistic: 162.1 on 1 and 4 DF, p-value: 0.0002194



Why not to Regress Out?

We can just work with residuals:

residuals(lm(expr[1,]~batch))

## S1 S2 S3 S4 S5 S6
## 6.333333 7.333333 -13.666667 -5.333333 8.666667 -3.333333

which is equivalent to mean-centering within each batch:

c(c(200,201,180)-mean(c(200,201,180)),c(85,99,87)-mean(c(85,99,87)))

## [1] 6.333333 7.333333 -13.666667 -5.333333 8.666667 -3.333333



Correct with Limma

library("limma")
removeBatchEffect(expr,batch)

## S1 S2 S3 S4 S5 S6
## G1 148.3333 149.3333 128.3333 136.6667 150.6667 138.6667
## G2 107.1667 137.1667 147.1667 123.8333 135.8333 131.8333

Why is the result of “removeBatchEffect” so different from the residuals?

residuals(lm(c(200,201,180,85,99,87)~c(1,1,1,0,0,0))) +
(mean(c(85,99,87)) + mean(c(200,201,180))) / 2

## 1 2 3 4 5 6
## 148.3333 149.3333 128.3333 136.6667 150.6667 138.6667



Correct with Combat

library("sva")
ComBat(expr,batch)

## Standardizing Data across genes

## S1 S2 S3 S4 S5 S6
## G1 147.2891 147.9344 134.3816 134.2436 152.8668 136.9041
## G2 113.6427 132.9256 139.3532 120.9387 139.7290 133.4656



How does Combat work? Idea of Frequentist Fitting

Combat uses Bayesian fitting of linear model.

In contrast, Limma uses Frequentist fitting which is based on
Maximum Likelihood principle:

y = α+ βx

L(y) ∼ e− (y−α−βx)2

2σ2

max
α,β,σ

L(y) =⇒ α̂, β̂, σ̂



How does Combat work? Idea of Bayesian Fitting

Bayesian fitting is based on Maximum Posterior Probability principle:

y ∼ N(µ, σ) - Likelihood L(y)

µ = α+ βx

α ∼ N(µα, σα) - Prior on α

β ∼ N(µβ, σβ) - Prior on β

P(µα, σα, µβ, σβ, σ) ∼ L(y) ∗ N(µα, σα) ∗ N(µβ, σβ)

max
µα,σα,µβ ,σβ ,σ

P(µα, σα, µβ, σβ, σ) =⇒ µ̂α, σ̂α, µ̂β, σ̂β, σ̂

All genes “know” about each other, CIs are smaller than by one-by-one fitting -
Bayesian shrinkage toward the mean (Random Effects modeling in Frequentist).



How does Combat work? Bayesian Fitting
join<-data.frame(Expr=c(expr["G1",],expr["G2",]),Batch=c(batch,batch),

Gene_ID=c(rep(1,6),rep(2,6)))
library("brms")
brmfit <- brm(Expr ~ Batch + (Batch | Gene_ID), data = join)

newvary <- expand.grid(Batch = 0:1, Gene_ID = 1:2)
par(mfrow=c(1,2))
plot(G1~batch,data=df); abline(lm(G1~batch,data=df))
lines(predict(brmfit, newvary)[1:2]~c(0,1),col="blue")
plot(G2~batch,data=df); abline(lm(G2~batch,data=df))
lines(predict(brmfit, newvary)[3:4]~c(0,1),col="red")
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Bayesian Variance Stabilization
newvary <- expand.grid(Gene_ID=1:2,Batch=seq(from=0,by=0.1,to=1))
fitvary <- cbind(newvary, fitted(brmfit, newdata = newvary)[,-2])
names(fitvary) <- c("Gene_ID", "Batch", "Expr", "lower", "upper")
p<-ggplot(join,aes(x=Batch,y=Expr))+geom_point()+

geom_smooth(method="lm")
p_sep <- p + facet_wrap(~Gene_ID, nrow = 1)
p_sep + geom_line(data = fitvary, aes(y = Expr), size = 1) +

geom_line(data = fitvary, aes(y = lower), lty = 2) +
geom_line(data = fitvary, aes(y = upper), lty = 2)
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Other Methods for Batch Effects Corrections
MNN

SCMAP

SEURAT



  

Other Methods: Do They Work?

UNCORRECTED

MNN

COMBAT

SEURAT



  

SCMAP



  

Brief Overview of Bulk RNAseq 
Normalization Methods:

RPKM, DESeq / TMM



  

RPKM normalization is an extension of so-called library size normalization

Library size normalization: scaling such that library size is equal between all libraries

Disadvantage: forced equalizing library sizes might eliminate true biological variation
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Generate Gene Expression

We draw two vectors (genes) from normal distributions with
different means and sds

gene1<-rnorm(100,mean=10,sd=1)
gene2<-rnorm(100,mean=100,sd=5)



The Genes are Uncorrelated (Pearson)
We make sure that the two genes are not correlated

cor.test(gene1,gene2,method="pearson")

##
## Pearson's product-moment correlation
##
## data: gene1 and gene2
## t = -0.0058837, df = 98, p-value = 0.9953
## alternative hypothesis: true correlation is not equal to 0
## 95 percent confidence interval:
## -0.1969895 0.1958466
## sample estimates:
## cor
## -0.000594346

Pearson correlation coefficient is close to 0



Library Size Normalization
We create an expression data frame with 100 samples and 2 genes

expr<-as.data.frame(t(data.frame(gene1=gene1,gene2=gene2)))
colnames(expr)<-paste0("sample",seq(1:100))
expr[1:2,1:4]

## sample1 sample2 sample3 sample4
## gene1 8.969518 11.07167 8.189429 9.838804
## gene2 96.493377 107.67880 102.187541 107.134326

We calculate library size normalized expression data frame

expr_sim<-apply(expr,2,function(x) x/sum(x))
expr_sim[1:2,1:4]

## sample1 sample2 sample3 sample4
## gene1 0.08504904 0.09323475 0.07419508 0.08411165
## gene2 0.91495096 0.90676525 0.92580492 0.91588835



Spurious Pearson Correlation After Normalization
We prove that before library size normalization, the genes were
uncorrelated but after the normalization they become 100%
negatively correlated

cor.test(as.numeric(expr_sim["gene1",]),
as.numeric(expr_sim["gene2",]),method="pearson")

##
## Pearson's product-moment correlation
##
## data: as.numeric(expr_sim["gene1", ]) and as.numeric(expr_sim["gene2", ])
## t = -664340000, df = 98, p-value < 2.2e-16
## alternative hypothesis: true correlation is not equal to 0
## 95 percent confidence interval:
## -1 -1
## sample estimates:
## cor
## -1



Plot Genes Before Normalization

plot(as.numeric(expr["gene1",]),as.numeric(expr["gene2",]))

7 8 9 10 11 12

90
95

10
0

10
5

11
0

as.numeric(expr["gene1", ])

as
.n

um
er

ic
(e

xp
r[

"g
en

e2
",

 ])



Plot Genes After Normalization

plot(as.numeric(expr_sim["gene1",]),as.numeric(expr_sim["gene2",]))
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DESeq: create reference library based on geometric mean of all 
libraries, calculate size factors as ratios against the reference library

Disadvantage: DESeq is based on ratio construction



  

scRNAseq – Specific Normalization Methods:

Deconvolution (Pooling-Across-Cells-Method)



  

scRNAseq expression counts have typically ~80% of zero-counts

This is due to: 1) low amounts of RNA per cell, 2) RNA capture efficiency

Lots of zero-counts is main challenge in scRNAseq

We want to correct for sequencing depth and cell-to-cell difference in RNA capture efficiency

3 common normalization methods used for bulk RNAseq: 1) TMM, 2) DESeq, 3) RPKM

Main assumption of all 3 methods: most of the genes are not differentially expressed

TMM and DESeq rely on ratios of counts, therefore diverge when lots of zero-counts 



  

Deconvolution Normalization Method



  

Benchmarking: Deconvolution Method Performs Best

Deconvolution



  

Deconvolution vs TMM vs DESeq vs RPKM: Size Factors

For other data sets it might not look as good as for ILC!



  

How does deconvolution normalization method
compare with RPKM and normalizations

by using spike-ins?



  

CV^2 vs. Mean Expression Plot 



  

PCA Plot 



  

tSNE Plot 



  

Cell Cycle Phase Assignment 

Pre-trained classifier looks at pairs of genes having difference in expression 
that changes sign from phase to phase of cell cycle



  

Methods for Testing for Differential 
Expression without Normalization:

SCDE



  

Single-Cell Differential Expression (SCDE)



  

Single-Cell Differential Expression (SCDE) Method 


