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Background

Immune repertoire 

(TCR/BCR-seq)

Genome

(Whole-genome/exome sequencing)

Epigenome

(Bisulfite Sequencing/ChIP-seq)

Single cell technologies

Spatial omicsRegulome

(ATAC-seq/DNase-seq/ChIP-seq)

Transcriptome

(RNA-seq)

Multicolor flow cytometry



• Artifacts are common in data generated by high-
throughput technologies 

• Why do we care? 

• Identifying and preventing artifacts will help better discover 

true signals 

Background



• It is not our objective to provide an exhaustive list of 
all possible artifacts

Instead, we will

• Discuss common sources of artifacts

• Discuss some general principles and methods for 
identifying and preventing artifacts

Goal



Data analysis

• Improper normalization

• Failure to control confounders

• Wrong models, assumptions or 

methods

Common sources of artifacts

Study design

• Lack of proper control or 

randomization

Data generation

• Bias and noise in technology

• Bias in experimental procedure

Image from Caushi et al.  Nature. 596: 126–132, 2021



Data analysis

Artifacts due to study design

Study design

• Lack of proper control or 

randomization

Data generation



Example: Batch effects



Example: Batch effects

Batch 16



Batch effects: differential expression

A differential gene

Ignore batchSeparate by batch

Lose 

power



Batch effects: differential expression

Separate by batch

A non-differential gene

Treatment confounded with batch

Artifact



Batch effects



• Proper control and randomization

• For those who run experiments

Team up with a statistician or experiment design expert before 

your study

Make sure everyone is on the same page

• For those who analyze data

Talk to your wet lab collaborators before they generate data

How to prevent artifacts due to batches?

T1 T2 C1 C2

Batch1 √ √

Batch2 √ √

T1 T2 C1 C2

Batch1 √ √

Batch2 √ √



• Review the study design

• Exploratory plots

• Compare results from orthogonal datasets

How to identify batch artifacts?



• With proper design: regress out confounders

How to correct for batch effects?

Before batch correction

After batch correction



• With proper design: regress out confounders

• ComBat (Johnson et al. Biostatistics, 8:118-127, 2007)

• Surrogate variable analysis (Leek & Storey, PLoS Genet. 3:e161, 2007)

• Remove unwanted variation (Gagnon-Bartsch & Speed, 

Biostatistics, 13:539-52, 2012)

• A good review (Leek et al. Nat Rev Genet. 11: 733-739, 2010)

• With perfect confounding: profile new samples

• Include samples to be compared in the same batch

• Generate multiple batches to estimate batch variance

How to correct for batch effects?



• Batch effect is just one example of unwanted 
variation that may cause artifacts

• Other confounders may also create artifacts

• They often can be dealt with by following the same 
principles

Remarks



Data analysis

Artifacts created during data generation

Study design

Data generation

• Bias and noise in technology

• Bias in experimental procedure



Example 1: Doublets in single-cell RNA-seq

McGinnis et al. Cell Systems. 8: 329–337, 2019



Example 1: Doublets in single-cell RNA-seq

Xi & Li. Cell Systems. 12: 176–194, 2021



Example 2: Artifacts due to tissue dissociation



Example 2: Artifacts due to tissue dissociation

Dissociation using collagenase at 37°C 

results in a stress response as compared 

to dissociation using a cold active 

protease at 6°C.



Example 2: Artifacts due to tissue dissociation

HSPA1A expression

The correlation is absent in 

immunohistochemistry staining

Zhang, Caushi, Pardoll, Smith, et al.



Example 2: Artifacts due to tissue dissociation

HSPA1A only expresses in solid tissue samples but not in PBMC

(PBMC is handled without using dissociation enzyme)

Zhang, Caushi, Pardoll, Smith, et al.



Build knowledge

• Understand the data generation process 

• Compare results from orthogonal data

• Analyze many datasets and find recurring patterns

Develop solution

• Improve experimental technologies

• Develop computational algorithms for artifact detection 

and removal

• Spike-in experiments for benchmark

Importantly, wet lab and dry lab investigators need to 
closely work together!

How to deal with artifacts due to data 

generation?



Artifacts due to data analysis

Study design

Data generation

Data analysis

• Improper normalization

• Failure to control confounders

• Wrong models, assumptions or 

methods



Example 1: scRNA-seq differential expression

Wilcoxon test ignores sample variability. 

When there are multiple samples, it will create false discoveries. 



Example 1: scRNA-seq differential expression



Example 1: scRNA-seq differential 

pseudotemporal expression

Hou et al. bioRxiv preprint, https://doi.org/10.1101/2021.07.10.451910



Example 1: scRNA-seq differential 

pseudotemporal expression

Hou et al. bioRxiv preprint, https://doi.org/10.1101/2021.07.10.451910



Example 2: Chromatin accessibility locus effects

GM12878 scATAC-seq vs. 
GM12878 bulk DNase-seq

GM12878 scATAC-seq vs. 
ENCODE average bulk DNase-seq

Ji et al. Genome Biology. 21: 161, 2020



Example 2: Chromatin accessibility locus effects

Zhou et al. Nature Communications. 8: 1038, 2017

Zhou et al. Nucleic Acids Res. 47: e121, 2019



• Build good understanding of your data

• Choose appropriate models and assumptions

• Use proper controls

• Learn from analyzing many datasets

• Compare results from orthogonal data

• Benchmark using spike-in experiments

• Again, wet lab and dry lab investigators should work 
closely together

How to prevent and identify artifacts due 

to data analysis?



Data analysis

• Improper normalization

• Failure to control confounders

• Wrong models, assumptions or 

methods

Summary: common sources of artifacts

Study design

• Lack of proper control or 

randomization

Data generation

• Bias and noise in technology

• Bias in experimental procedure



• Wet lab and dry lab investigators work closely 
together from day one

• Use proper control and randomization

• Validate findings using orthogonal data

• Learn from analyzing many datasets

• Use appropriate models, assumptions, and analysis 
methods

• Benchmark using spike-ins

General principles and common methods for 

preventing, identifying and removing artifacts
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