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Quantify characteristics of 
cells substances

THE OMICS FIELD

Proteins

RNA

DNA

Granularity

Bulk studies vs Single-cell studies
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THE SMOOTHIE ANALOGY

From Bulk to Single-Cell

● A blend of various ingredients
● You might detect the stronger 

flavours, but some go unnoticed

● Taste the flavours separately
● You know the exact proportions 

of each fruit
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THE SMOOTHIE ANALOGY

Pseudo-Bulk

● Blends fruits of the same kind
● Taste the flavours separately
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Differential Expression Analysis (DEA) 
between samples with the same cell-type

Unwanted factors such as batches alter the gene 

expression

Mean differences between groups

CONCEPT
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CONCEPT

Removing Unwanted 
Variation (RUV)

error term

Factor of interestHidden
UV factors

Model 
parametersLog transformed 

counts

Intercept

Normalized 
log-counts

Not all samples are 

affected in the same way

Each sample has different 

W values

DEA

Normalization
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CONCEPT

Approaches to 
Pseudo-Bulk data

Type 1

Entire pseudobulk dataset

Type 2

Only samples from the same cell type

Type 3

Unwanted factors at a subject level
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STUDY CASE

● 38 samples from 30 Individuals

● Biological variables: Age, ethnicity

● Technical variables: Laboratory, processing 
cohort

● Technical replicates available

Main source of unwanted variation known: Processing Cohorts

Healthy controls subsample

CD4 T-Cells
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Does not removes the processing cohort effect 

RESULTS

Type 1 approach CD4 T-Cells

Improves the FDR
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Removes processing cohort effect

RESULTS

Type 2 approach CD4 T-Cells

Improves the FDR
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Removes biological information

STUDY CASE

Type 3 approach CD4 T-Cells

Decreases the TPRRemoves the processing cohort effect
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Complementary information
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CONCEPT

Removing Unwanted 
Variation (RUV)

Different batches

plate and time effects

The nuisance technical effects, source of the Unwanted 

Variation (UV)

error term

Factor of interestHidden
UV factors

Model 
parametersLog transformed 

counts

Library preparation

Intercept

Normalized 
log-counts

Not all samples are affected in the same way

Each sample has different W values

DEA

Normalization



Data Science Institute www.UHasselt.be/DSI 18

CONCEPT

The Hidden W factors

Estimation via Exploratory Factor Analysis
Must meet at least one condition

Negative control genes (g)

A set of genes for which the counts are not influenced by the covariates of interest

Residuals (r)

The matrix X of biological covariates is known and is not correlated with the W factors

Negative control samples (s)

A set of replicates for which the biological covariates of interest are constant, and the W factors 

are uncorrelated with the variables of interest.



Data Science Institute www.UHasselt.be/DSI 19

RUV2 RUV4 RUV3 RUVIII

CATE

Log Transformation OLS

GLM

RUVIII
NBRUVg RUVsRUVr

2012 G.B. 2013 G.B 

2014 R. 

2017-2021 G. 

2017 W.&Z.

2019 M.

2022 S.

RUVIII
PRPS

2023 M.

nc genes
residuals
nc samples

RUVSeq 

ruv ruv 

What is the best way to apply RUV methods to Pseudobulk studies? 
data?
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Individual 1

Assay 1

THE DATA

Sc-RNA seq data

Assay 3

Individual 2

Assay: Collection of single-cell measurements from an 

individual

Technical Replicate: Multiple assays may be taken from 

the same individual

`

Assay 2
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Assay 1

THE DATA

ScRNA-seq to Pseudobulk

Cells\Genes G1 G2 G3

C1 y₁₁ y₁₂ y₁₃

C2 y₂₁ y₂₂ y₂₃

Cells\Genes G1 G2 G3

C3 y₃₁ y₃₂ y₃₃

C4 y₄₁ y₄₂ y₄₃

Sample\Genes G1 G2 G3

S1 yₙ₁₁ yₙ₁₂ yₙ₁₃

S2 yₙ₂₁ yₙ₂₂ yₙ₂₃

Sample 1

Sample 2

Sample 1
cells ∈ Assay 1 & Cell type 
1

Sample 2
cells ∈ Assay 1 & Cell type 

2

Pseudobulk Matrix 

S1 y  .₁ y.₂ y.₃ S2 y  .₁ y.₂ y.₃

Pseudobulk sample

Aggregation at Assay x Cell type

Cell type T1 Cell type T2

Individual 1
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THE DATA

Pseudobulk matrices

Sample G1 G2 G3

S1 yₙ₁₁ yₙ₁₂ yₙ₁₃

S2 yₙ₂₁ yₙ₂₂ yₙ₂₃

S3 yₙ₃₁ yₙ₃₂ yₙ₃₃

S4 yₙ₄₁ yₙ₄₂ yₙ₄₃

Pseudobulk counts matrix 

Sample G1 G2 G3

S1 yₙ₁₁ yₙ₁₂ yₙ₁₃

S3 yₙ₂₁ yₙ₂₂ yₙ₂₃

Pseudobulk counts matrix from 
Samples with  cell type t=T1

Sample 1

Sample 3

Assay G1 G2 G3

N1 yₙ₁₁ yₙ₁₂ yₙ₁₃

N2 yₙ₂₁ yₙ₂₂ yₙ₂₃

Pseudobulk counts matrix 
aggregated only by assay
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Finding W in the Pseudobulk context 

Type 1

Using the entire Pseudobulk dataset,  and including the 

interactions between cell types and factors of interest

Type 2

Using only samples from the same cell type t

Type 3

Using the entire dataset aggregated at an assay level. Cell types 

are not considered

CONCEPT

We compare 3 approaches to estimate W

Assumes independence between samples, which is not true.

Does not make use of information available from other samples

Assumes all samples from the same assay have the same W 

values, i.e., there is no cell type specific technical variation.
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OLS methods 

CONCEPT

RUV2 RUV4 RUVIII
nc genes
residuals
nc samples
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Methods with no RUV 
normalisation

CONCEPT

Upper-quartile normalization (UQ)

● X only has the treatment information

UQ Batch

● X has the treatment information and the batch 

information
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STUDY CASE

● 38 scRNA-Seq assays from 30 Individuals

● Ages from 25 to 28

● 2 ethnicities

● 3 laboratories

● Samples processed in 4 cohorts

● 8 cell types

● Technical replicates available
Main source of unwanted variation known: Processing Cohorts

Healthy controls subsample
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STUDY CASE

Assumptions

Negative control genes (g)

Residuals (r)

The factor of interest is a mock treatment, randomly assigned 

and independent from the Processing Cohorts.

Negative control samples (s)

Technical replicates are available, but not present in the 

processing cohort 4

In
di

vi
du

al
s
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Diagnostics over the 
normalized matrices

PCA plot

3 first PCAs colored by the biological 

and technical variables

Relative Log Expression (RLE)

Differences between the log-counts 

and its respective gene median. 

Summarised in a boxplot by sample

Average Silhouette Width (ASW)

Average of the silhouettes of each 

sample using the known biological and 

technical factors as clustering labels.  
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CD4 T-Cells

STUDY CASE

Bigger differences in Processing Cohort 4 High Silhouette widths in the first 3 cohorts
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PCA and ASW
CD4 T-Cells
RUVIII 

T1 T2

T3 UQ-Batch

Only sample from 
laboratory 3



Data Science Institute www.UHasselt.be/DSI 31

RLE Plots
CD4 T-Cells
RUVIII

T1 T2

T3 UQ-Batch
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ASW boxplots
CD4 T-Cells
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Differential Expression 
Analysis: Mock treatment  

STUDY CASE

Design A

Design B

In
di

vi
du

al
s

Treatment randomly assign to Individuals with equal 
probabilities.

35% of Individuals with mock treatment A belong to PC4 
20% of Individuals with mock treatment B belong to PC4 

Increased probability of receiving treatment A (to 90% ) for 
Individuals from Processing Cohort 4.

47% of Individuals with mock treatment A belong to PC4 
13% of Individuals with mock treatment B belong to PC4 
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Differential Gene Expression 
Simulation

SIMULATIONS

Randomly scramble 10% of the features (genes) within one experimental group to generate differential expression. 

 R pkg swapper

Tr. Tr1 Tr2

S1 S2 S3

G1 a b c

G2 d e f

G3 g h i

Tr. Tr1 Tr2

S1 S2 S3

G1 g h c

G2 d e f

G3 a b i
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DEA with 
Limma-Voom

SIMULATIONS

scRNAseq 
count matrix

Preprocessing

Normalization 
Factors

RUV
Create Design

matrix
Voom 

transformation

Aggregation

Pseudobulk 
count matrix

logcpm 
transformation

RUVW factors

Test Differential 
expression

Covariates

Limma

Yes

No
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Diagnostics for the Differential 
Expression Analysis 

P-values histogram

Histogram of p-values under no 

differential expression 

False Discovery Rate vs TPR

Percentage of false positives at 3 FDR 

nominal values: 0.1, 0.05 and 0.01 vs 

the TPR

True Positive Rate TPR

Percentage of true positives at 3 FDR 

nominal values: 0.1, 0.05 and 0.01
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Differential Expression 
Analysis: Mock treatment  

STUDY CASE

Design A

Design B

In
di

vi
du

al
s

Treatment randomly assign to Individuals with equal 
probabilities.

35% of Individuals with mock treatment A belong to PC4 
20% of Individuals with mock treatment B belong to PC4 

Increased probability of receiving treatment A (to 90% ) for 
Individuals from Processing Cohort 4.

47% of Individuals with mock treatment A belong to PC4 
13% of Individuals with mock treatment B belong to PC4 
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FDR vs TPR
CD4 T-Cells

Design A

Design B

III

III



Data Science Institute www.UHasselt.be/DSI 39

Discussion
RUV2 RUVIII RUV4

T1 ASW +
RLE ++
D.A TPR -
D.A FPR
D.B TPR 
D.B FPR ++

ASW 
RLE +
D.A TPR -
D.A FPR
D.B TPR 
D.B FPR -

ASW +
RLE
D.A TPR 
D.A FPR - -
D.B TPR -
D.B FPR -

T2 ASW ++
RLE ++
D.A TPR -
D.A FPR
D.B TPR 
D.B FPR ++

ASW +
RLE -
D.A TPR -
D.A FPR
D.B TPR 
D.B FPR ++

ASW ++
RLE
D.A TPR 
D.A FPR - -
D.B TPR -
D.B FPR -

T3 ASW +
RLE -
D.A TPR -
D.A FPR
D.B TPR 
D.B FPR -

ASW ++
RLE -
D.A TPR -
D.A FPR
D.B TPR 
D.B FPR -

ASW +
RLE -
D.A TPR -
D.A FPR - 
D.B TPR -
D.B FPR -

● RUV2 has its best 
performance using the T2 
Approach on the design A

● RUV4 has an overall poor 
performance.

● Lack of replicates in 
Processing Cohort 4 affects 
the RUVIII results.

D.A: Design A

D.B: Design B

++: Better than UQ+Batch

+: Better than UQ

-: Worse than UQ

- -: Worst 


